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(Vigouroux et al., 2002a; Tenaillon et al., 2004). A more recent study explored the 

evolution of organophosphorus insecticide resistance in the Australian sheep blowfly, 

Lucilia cuprina (Diptera: Calliphoridae), which provided a useful model to test predictions 

of the impact of natural selection on the patterns of variation at linked loci. Responses 

to insecticides are convenient to study as selection is typically strong and relatively 

recent, permitting the study of sweeps before population recovery (Rose et al., 2011). 

In another study, Mathew et al. (2015) investigated the date palm (Phoenix dactylifera 

L.), which is one of the oldest cultivated trees. They suggested that the origin of date 

palm domestication was in North Africa and the Arabian Gulf. They concluded this on 

the basis of genomic regions with high densities of geographically-segregating single 

nucleotide polymorphisms (SNPs) identified using genotyping by sequencing (GBS) 

analyses. They observed higher levels of allele fixation on the X-chromosome than on 

the autosomes. One explanation for this observation is the existence of selective 

sweeps that preserved domesticated alleles on the X chromosome. Mathew et al. (2015) 

suggested that these alleles were adapted to the geographic regions of cultivation. Many 

other recent studies have investigated selective sweeps as a consequence of artificial 

selection in plant species such as rice (Oryza sativa ssp. japonica and Oryza sativa ssp. 

Indica) (Yuan et al., 2017), wild cabbage (Brassica oleracea) (Purugganan, Boyles & 

Suddith, 2000), wheat (Triticum aestivum L.) (Raquin et al., 2008), as well as the sheep 

(Ovis aries) breeds: Zel and Lori-Bakhtiari (Moradi et al., 2012). 

As described earlier, the theory of genetic hitchhiking predicts that the level of 

genetic variation is greatly reduced at the site of strong directional selection and 

increases as the recombinational distance from the site of selection increases (Kim & 

Stephan, 2002). This characteristic pattern can be used to detect recent selection from 

DNA polymorphism data. Numerous methods have been developed for detecting 

signatures of natural selection (Oleksyk, Smith & O'Brien, 2010), and in the last decade 

there has been a shift from the analysis of a limited number of anonymous markers or 

candidate genes to genome-wide studies that encompass thousands of SNPs or entire 

genomes (Andrew et al., 2013). These genomic analyses have been assisted by 

advances in next-generation sequencing technology, which allows for the extension of 

genomic analyses to organisms with no reference genome (Catchen et al., 2011; Lu et 

al., 2013). One of the major difficulties associated with this technology is that population 

genetic approaches typically require sampling from many individuals from multiple 

populations. A cost-effective way to estimate genomic diversity at the population level is 

to pool multiple individuals per population. It should also be suitable for the identification 

of candidate genes through approaches such as genome-wide environmental 







 

21 

1.2.2 Identifying genes under artificial selection 

The phenotype of an organism is an observable characteristic or trait, including its 

morphological, biochemical or physiological properties, metabolism, and behaviour and 

has been the main driver of conventional breeding. An observed phenotype depends on 

environmental factors and the interactions between genotype and environment. Genetic 

diversity is positively associated with phenotypic variation and may be derived from 

naturally occurring or artificially-selected breeding populations (Moose & Mumm, 2008).  

Discovering the genes and genetic mechanisms that contribute to phenotypic 

changes associated with selective breeding and natural selection is of considerable 

importance. This is because their identification has the potential to make breeding more 

efficient and enable novel breeding strategies that include techniques of biotechnology 

and genetic engineering, as well as marker-assisted selection. Furthermore, such 

studies highlight the importance of incorporating natural genetic variation found in wild 

species and early landrace varieties (earliest form of cultivars and the first step in the 

process of domestication). These genetic resources can help expand the genetic base 

of crop plants and provide greater genetic flexibility for the future (McCouch, 2004). 

There are two main approaches to achieve this goal, starting at opposing ends of the 

phenotype-genotype ladder (Figure 1.2). To elucidate this variation, the majority of 

research to date has adopted a top-down approach, which begins with a trait of interest 

and uses genetic analyses such as association mapping (also known as genome-wide 

association study, GWAS) and quantitative trait loci (QTL) analysis to identify causative 

genomic regions. Alternatively, a bottom-up approach might be used, which starts with 

genetic signatures of adaptation observed in genomic, transcriptomic or proteomic data 

and then aims to infer a phenotype (Figure 1.2). In this latter approach, population 

genetic and phylogenetic methods can be used to identify signatures of selection across 

the genome, transcriptome and proteome. Such patterns of variation can help identify 

candidate genes for target breeding. Ontology analyses can also be used to infer the 

phenotypes and cryptic physiologies of species (Ross-Ibarra, Morrell & Gaut, 2007; 

Voelckel, Gruenheit & Lockhart, 2017). 
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Figure 1.2 Overview of common approaches to detect genes and environmental factors 
involved in local adaptation using environmental, genotypic and phenotypic data. The 
simplified diagram is modified from Sork et al. (2013) and Rellstab et al. (2015) and 
includes top-down and bottom-up approaches of the phenotype-genotype hierarchy 
(Ross-Ibarra et al., 2007). 
a Environmental association analyses aim to correlate environmental data and genotypic 
data and is the main analytical method for landscape genomics. 
b Analyses identify loci under selection through a bottom-up approach but rely only on 
genetic data. 
c Genome-wide association studies (GWAS) and quantitative trait locus (QTL) mapping 
identify loci underlying phenotypic traits through a top-down approach. 
d Reciprocal transplant and common garden experiments explore the phenotypic 
differences of individuals living in different environments. 

 

Identifying genes underlying adaptive changes as a consequence of artificial 

selection has been most successful via top-down approaches, beginning with the 

phenotype and using genetic analyses to discover genomic regions and ultimately 

candidate genes responsible for the phenotype of interest. One of the most successful 

methods for identifying these genes has been QTL mapping, but association (or LD) 

methods are becoming more popular in the plant genomics community. QTL mapping 

was the first method available for localising the genetic basis of a trait of interest (Sax, 

1923). Biparental QTL mapping was a widely used method and led to the successful 

identification and cloning of genes underlying domestication traits (Paterson et al., 

1988). Some well-known examples of QTL location and subsequent mapping include: 

Arabidopsis flowering time (El-Din El-Assal et al., 2001; Werner et al., 2005) and root 

morphology (Mouchel, Briggs & Hardtke, 2004); maize plant architecture (Doebley, Stec 

& Gustus, 1995; Doebley, Stec & Hubbard, 1997); rice heading date (Yano et al., 2000; 

Takahashi et al., 2001; Kojima et al., 2002; Doi et al., 2004); tomato fruit sugar content 

(Fridman, Pleban & Zamir, 2000; Fridman et al., 2004), fruit shape (Liu et al., 2002) and 
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fruit weight (Frary et al., 2000; Cong, Liu & Tanksley, 2002); and white clover seed 

production (Barrett, Baird & Woodfield, 2005) and salt stress tolerance (Wang et al., 

2010). However due to the rise of reduced representation sequencing technologies, 

association mapping has become more prevalent in recent studies, particularly for those 

species with moderate or no genomic resources. 

Association mapping is an alternative method to identify genomic regions that 

contribute to phenotypes, and can be separated into two types that focus on different 

levels of genetic analysis. The first type of association analysis aims to identify genome-

wide variation that affiliates with phenotypic trait variation (e.g. GWAS). These studies 

measure the genetic variability of markers that represent the majority of the genome and 

test the phenotype-genotype association of each marker. The other type attempts to 

determine the causative genetic mutation(s) that effect phenotype, which typically focus 

on variation in a few candidate genes rather than the whole genome. The main 

advantage of association mapping is that there is no need for crosses and producing 

large numbers of progeny as it can rely on unstructured population samples. This is 

beneficial for long-lived perennial species and allows studies to proceed rapidly. 

However, distinguishing true associations from statistical noise due to population and 

geographic structure can be a challenge. This is because false associations between 

genotype and population structure/geographic region, instead of genotype and 

phenotype, can occur. Therefore identifying true associations from statistical noise 

requires large sample sizes for increased statistical power and to correct multiple tests 

(Long & Langley, 1999; Macdonald & Long, 2004).  

GWAS is widely used in diploid species to study complex traits in breeding 

populations, but is considered to have limited application for highly heterozygous 

outcrossing and polyploid species, such as white clover, due to the necessity for 

developing a very high number of SNP markers because of their large genome sizes. 

The number of markers required is dependent on the rate of LD decay, which in turn 

depends on the material used. In natural populations of outcrossing species, LD decays 

very quickly so there are a very high number of small LD blocks. For this reason, it has 

been suggested that several million markers will be required for GWAS analyses of white 

clover (Hayes et al., 2013). Currently such data are unavailable, but with the 

developments in next generation sequencing technology and numerous promising 

reports in polyploid species such as cocksfoot, potato, sugar cane, sunflower and wheat 

(Rosyara et al., 2016; Berdugo-Cely et al., 2017; Zhao et al., 2017; Bock et al., 2018; 

Phan et al., 2018), GWAS analyses of polyploid species such as white clover have the 
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potential to be realised in the near future (Brazauskas et al., 2011). Furthermore, 

numerous GWAS studies have reported significant associations in outcrossing species 

obtained with just thousands of markers (Arojju et al., 2016; Biazzi et al., 2017; Sakiroglu 

& Brummer, 2017). Breeding populations derived from a relatively small number of 

founders can aid QTL and LD mapping in a single population whilst minimising spurious 

associations due to population structure (Flint-Garcia et al., 2005; Breseghello & 

Sorrells, 2006; Yu & Buckler, 2006). 

Bottom-up approaches start by identifying signatures of adaptation, either 

genomic or transcriptomic variation, and then use genetic tools (including outlier loci 

tests and PCA based tests) to identify differentiating SNP loci. This approach is relatively 

new, with many methodologies still being developed. The ability to detect the signal of 

adaptation depends critically on the history and strength of selection, the demographic 

history of the population, and the analysis method. The largest disadvantage of bottom-

up approaches is that genetic variation of candidate genes may not be easy to associate 

with a phenotypic trait in non-model species. This is in contrast to the situation for many 

model species for which many genetic tools and databases for gene expression data; 

genetic maps; and partial or complete genome sequences to connect candidate genes 

to a phenotype are available (Ross-Ibarra et al., 2007). The link from gene to phenotype 

for non-model species poses some challenges but with the cost of de novo genome 

sequencing decreasing with time, there is increasing availability of genome resources 

for non-model species, thus making bottom-up approaches more attainable (Ellegren, 

2014; Unamba, Nag & Sharma, 2015). Other limitations for bottom-up approaches 

include levels of genetic diversity, polyploidy and population structure. Polyploidy makes 

population genetic analysis difficult, requiring careful separation of homoeologues and 

their independent histories, however the white clover parental subgenomes are well-

defined, thus avoiding this problem (Griffiths et al., 2013).  

Each of these different methods to identify candidate genes or regions requires 

verification by additional functional characterization (Weigel & Nordborg, 2005). In many 

cases, this last step, to connect a candidate gene to a phenotype via functional studies, 

is often not much easier for top-down approaches than for candidate genes identifying 

signatures of adaptation. There is an important and pressing need for a broad-based 

initiative to implement bottom-up approaches in important crop and agricultural species 

as new sequencing technologies make such an initiative relatively inexpensive. 
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selection pressure. Outlier detection methods are popular and powerful and can identify 

loci or regions with extreme differentiation, but they do not include the actual driver of 

selection (the environment) in the analysis. Hence, for landscape genomics studies, 

environmental association analyses are used to correlate abiotic/biotic data with 

genomic data to identify environmental factors and loci that are putatively involved in 

this process (Rellstab et al., 2015). 

1.3 Research question, aims and objectives 

The question of which genomic regions are most responsible for foliar WSC 

accumulation and soil moisture deficit (SMD) tolerance in white clover motivated the 

work undertaken in this thesis. This question was addressed with two specific aims. The 

first aim was to identify regions of the white clover genome associated with foliar WSC 

accumulation, while the second aim was to identify regions linked to SMD tolerance. To 

achieve these aims the following four objectives were identified: 

1. Phenotype 25 white clover populations for WSC content using near infra-red 

reflectance spectroscopy that have been selectively bred for divergent WSC 

levels. In addition, leaf area will be measured as it is a potential confounding 

factor. 

2. Use genotyping by sequencing (GBS) technology and appropriate genetic 

analyses to identify genomic regions associated with WSC accumulation. 

3. Examine expressed transcripts and proteins in a subset of the white clover 

population material to identify genes important for foliar WSC accumulation. 

4. Investigate naturalised white clover populations from contrasting environmental 

habitats, using genotyping by sequencing data, to assess genetic variation and 

identify genomic regions associated with local adaptation. 

The structure of the thesis is shown in Figure 1.3 and these objectives are addressed 

in the following four chapters: 

Chapter 2 describes the phenotypic assessment of 25 white clover populations for WSC 

and leaf area using near-infrared spectroscopy (NIRS) and image analysis, respectively. 

This chapter addresses the first objective. As a significant portion of this thesis is 

focused on the genetic analysis of white clover populations bred for differing levels of 

foliar-expressed WSC, it was critical to confirm that divergently selected populations 

within each of the five pools examined did indeed have significantly different foliar WSC 

levels. 
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Chapter 3 identifies genomic regions associated with WSC accumulation using SNPs 

generated from a double restriction enzyme GBS protocol. The same white clover 

populations as described in Chapter 2 are utilised, which also allows for a small genome-

wise association study (GWAS) to be implemented. Outlier detection approaches are 

used for identification of loci putatively associated with WSC accumulation. 

Chapter 4 identifies expressed transcripts and proteins related to WSC accumulation in 

a subset of four of the white clover populations used in Chapters 2 and 3. This chapter 

is complimentary to Chapter 3 and uses standard pairwise comparisons of differentially 

expressed transcripts and proteins between a subset of high and low WSC populations 

to identify genes important for foliar WSC accumulation. Concurrence between the three 

analyses (genomics, transcriptomics and proteomics) is assessed to provide evidence 

for genomic regions and genes involved in WSC accumulation. In this chapter the third 

objective was addressed and it provided insight into whether similar selection pressure 

on the two pools resulted in a convergent phenotypic outcome (i.e., high or low WSC) 

through selection for allelic variants. 

Chapter 5 investigates local adaptation of white clover populations in the South 

Island/Te Waipounamu of New Zealand/Aotearoa from contrasting SMD locations. 

Naturalised populations from 17 sites were used to identify genetic signatures 

associated with drought tolerance through persistence of populations in high SMD 

areas. 
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Figure 1.3 Thesis structure with selection type and trait investigated highlighted. 
  



 

29 

 

 

 

 

 

 

 

 

 

 

CHAPTER 2 

Phenotypic validation of white clover (Trifolium repens L.) populations 

divergently selected for foliar water-soluble carbohydrate levels 
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2.1 Abstract 

White clover is an economically important forage legume in New Zealand/Aotearoa (NZ) 

due to its nitrogen-fixing ability. Improving water-soluble carbohydrate (WSC) content in 

white clover is important for nutritional quality and reducing environmental impacts of 

dairy farms. Previous NZ breeding efforts have resulted in five breeding pools, each 

selectively bred for divergent (low or high) WSC content. These pools were utilised to 

identify genomic regions and genes underpinning the trait but before any genetic work 

could be performed, phenotyping was required to ensure that truly divergent phenotypes 

were used in the analysis. Therefore, WSC and leaf size, a potential factor influencing 

WSC, were evaluated in a subset of the divergent material from each pool. Significantly 

different (p < 0.05) WSC levels were observed when comparing low and high WSC 

populations in all five pools (mean difference of 78.3 g kg-1 dry matter). This confirms 

that divergent selection was successful in altering WSC levels in each of the five 

breeding pools. Although leaf size varied amongst the divergent populations in three of 

the pools, there was no statistically significant relationship observed between the two 

variables. The results from this chapter underpin the genetic, transcriptomic and 

proteomic analyses in Chapters 3 and 4. 
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most abundant soluble sugar in white clover foliage is sucrose but glucose and fructose 

are also found (Ruckle et al., 2018). Breeding and selection for higher sugar levels has 

been applied in a range of different plant species such as peach (Cirilli, Bassi & 

Ciacciulli, 2016), corn (Lertrat & Pulam, 2007), perennial ryegrass (Easton et al., 2009) 

and sugarcane (Huang et al., 2010).  

White clover foliage has a high concentration of crude protein but a relatively low 

concentration of WSC (Cosgrove et al., 2006). Foliar WSC is important because it 

provides readily available energy to the rumen microbiome which improves the 

efficiency of crude protein utilisation (Woodfield et al., 2001). Higher levels of WSC 

available for consumption by ruminant microbes enables a shift in the partitioning of 

digested nitrogen, with less excreted as urea and more going to animal growth and 

production (Easton et al., 2009). Breeding for increased foliar WSC can therefore have 

beneficial effects for the environment as less nitrogen is lost via urine and dung (Luo et 

al., 2015; Selbie, Buckthought & Shepherd, 2015). In addition to the potential for 

increased WSC levels to improve nutritional quality and positively affect environmental 

outcomes, WSC has been found to be important in conferring cold tolerance and drought 

resistance in plants due to its role in osmotic adjustment (Kerepesi & Galiba, 2000; 

Dalmannsdóttir, Helgadóttir & Gudleifsson, 2001; Livingston, Hincha & Heyer, 2009). 

Quantification of WSC content in white clover plants has been extensively researched 

(Michell, 1973; Ruckle et al., 2018; Kagan et al., 2020). However, little is known about 

the genetic control of foliar WSC accumulation in white clover. Understanding the 

genetic control is important so breeding tools such as marker-assisted selection and 

genomic selection can be developed for the trait. Previous research has focused more 

on WSC in stolons and their role in cold tolerance (Dalmannsdóttir et al., 2001; Inostroza 

et al., 2018), and only one study has addressed genetic control of WSC accumulation 

(Inostroza et al., 2018). Recent breeding programmes have generated white clover 

populations with improved foliar WSC concentrations compared to commercial varieties 

(Widdup et al., 2010). Selective breeding to create divergent levels of WSC in white 

clover foliage has been undertaken in five discrete breeding pools, three from Widdup 

et al. (2010) and two from an unpublished study (Mr John Ford, pers comm). These 

were utilised for this study and are described below. 

2.2.3 Breeding programmes utilised for the current study 

Widdup et al. (2010) describe the use of the conventional plant breeding practice of 

recurrent selection to develop divergent white clover lines with modified (low or high) 
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Table 2.1 Correlation statistics amongst total water-soluble carbohydrates (total WSC), 
low molecular weight (LMW) and high molecular weight (HMW) WSC measured by 
anthrone (ANTH) determination; and soluble sugars and starches (SSS), total WSC, 
HMW and LMW WSC determined by near infra-red reflectance spectroscopy (NIRS) in 
white clover leaves. A subset of samples was taken from across the five pools (32 
samples per pool, 160 samples in total) for comparisons between the two WSC 
determination methods. 

Response 
variable Predictor variable 

Pearson 
correlation 

coefficient (r) 

Coefficient of 
determination (r2) 

p-value 

ANTH-Total ANTH-LMW 1.00 1.00 <0.00001* 
NIRS-SSS NIRS-Total 0.96 0.92 <0.00001* 
NIRS-SSS ANTH-Total 0.56 0.31 <0.00001* 
NIRS-Total ANTH-Total 0.48 0.23 <0.00001* 
NIRS-LMW ANTH-LMW 0.62 0.38 <0.00001* 
NIRS-HMW ANTH-HMW 0.09 0.008 0.24 
NIRS-LMW ANTH-HMW 0.33 0.11 <0.00001* 
NIRS-LMW ANTH-HMW 0.43 0.18 <0.00001* 

Note: Total = total WSC, NIRS- = determined by near infra-red reflectance 
spectroscopy, ANTH- = determined by the anthrone method, LMW = low molecular 
weight WSC, and HMW = high molecular weight WSC. 
* p < 0.05 significance threshold 
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Figure 2.3 Pearson correlation matrix for NIRS and ANTH water-soluble carbohydrate 
(WSC) determination based on data from 160 white clover leaf samples. Ellipses show 
the strength of the correlation of two variables by the width (thinner ellipses indicate very 
strong correlations and wider, more circular shapes indicate very weak correlations) and 
colour (dark blue represents positive correlation of 1 and dark red represents a negative 
correlation of -1). Numerical values in the bottom left triangle are p-values associated 
with the correlation. Variable names are located along the diagonal. Note: SSS = soluble 
sugars and starches, NIRS = near infra-red reflectance spectroscopy, ANTH = WSC 
determined by the anthrone method, Total = total WSC, LMW = low molecular weight 
WSC, and HMW = high molecular weight WSC.  
p-value of 0 = <0.00001. 
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Although high and low WSC populations did not always differ significantly from the 

Parent population in most of the pools, there were consistently distinct and significant (p 

< 0.05) differences when comparing just the Low-End and High-End populations (mean 

difference of 78.3 g kg-1 DM) for all five pools when the Low-End populations were used 

as the baseline (Table 2.2). These results confirm that breeding for divergent WSC in 

these pools was successful and resulted in a mean 76.9% increase in WSC from the 

Low-End to High-End populations (Table S2.4, Appendix 1). 
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Figure 2.5 Correlation scatterplots between water-soluble carbohydrate (WSC) and leaf 
area for each pool and combined datasets. Raw data was used in plots A to F and log 
and square root transformed leaf area is presented in plots G to I. A) WSC and leaf area 
correlation for WNZLL pool, n = 60. B) WSC and leaf area correlation for WNZSL pool, 
n = 60. C) WSC and leaf area correlation for WUSLL pool, n = 57. D) WSC and leaf area 
correlation for FNZLL pool, n = 60. E) WSC and leaf area correlation for FNZSL pool, n 
= 60. F) WSC and leaf area for all data, n = 297. G) WSC and log10 leaf area correlation 
for WNZSL pool, n = 60. H) WSC and log10 leaf area correlation for FNZSL pool, n = 60. 
I) WSC and square root leaf area for all data, n = 297. Adjusted r2 values and p-values 
for lines of best fit are shown. 
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Figure 2.6 Regression scatterplots for water-soluble carbohydrate (WSC) and leaf area 
(LA) broken down to populations for each pool. A) WNZLL pool, n = 60, B) WNZSL pool, 
n = 60, C) WUSLL pool, n = 57, D) FNZLL pool, n = 60, E) FNZSL pool, n = 60. Line of 
best fit equations for each population can be found in Table S2.10, Appendix 1. Overall 
adjusted r2 values and p-values for lines of best fit for each pool are shown in Figure 
2.5. 

 

2.5 Discussion 

A significant portion of this thesis is focused on genetic analysis of white clover 

populations differing in levels of foliar-expressed water-soluble carbohydrate (WSC), 

with the goal of identifying genomic regions and genes associated with WSC 
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practice, whereby cows would be returning to pastures after morning milking and 

consuming forage. Furthermore, this was also the time of day used by the breeders to 

sample for the purposes of selection, therefore sampling at the same timepoint would 

most likely capture any differences in WSC content due to the breeding process. 

Because the WSC measures were made early in the day they do not reflect the 

maximum levels of foliar WSC, which would peak in the afternoon of sunny days (Boller 

& Nösberger, 1983; Ruckle et al., 2017). 

Age of leaves 

Carbohydrates, mainly sucrose, are the major constituent in phloem sap. Translocation 

of phloem sap occurs from sources (areas of supply) to sinks (areas of metabolism and 

storage). Sources are typically mature leaves that are capable of producing excess 

products of photosynthesis, whereas sinks are organs that are not photosynthetic or 

cannot produce enough photosynthate to support their own growth or storage needs, 

for example developing leaves. Sucrose accumulates in leaves where there is a sink 

demand, therefore the age of the leaves sampled can affect the WSC levels observed. 

There are no existing data on white clover WSC variation due to leaf maturity but there 

are such data for starch (Ruckle et al., 2018). Glucose and sucrose production are tightly 

linked to starch levels, therefore WSC levels in the mature leaves may co-vary with 

starch. Ruckle et al. (2018) assessed areas of starch deposition in white clover by 

staining whole plants in iodine. As expected, starch content was found to be higher in 

adult tissue than in young juvenile tissue. Although the starch deposition pattern at the 

leaf level did not affect the total starch content of the plant (Ruckle et al., 2018), it 

highlighted the importance, when taking multiple leaf measurements across a number 

of plants, of sampling leaves of the same age to obtain consistent information. 

Therefore, to account for the differences in source/sink status, leaves of approximately 

the same age (fully opened and close to the stolon tip), and therefore source status, 

were used for the analysis in this study. 

2.5.2 Total water-soluble carbohydrate determined from a perennial ryegrass near 

infra-red reflectance spectroscopy calibration is inaccurate in white clover  

All available NIRS WSC calibrations were used to ensure the most accurate analysis 

was applied in the WSC validation experiment. Validation of a subset of soluble sugars 

and starch (SSS) and WSC data obtained via NIRS from white clover leaves was 

achieved using the anthrone (ANTH) wet chemistry method for quantification of WSC. 

Moderate correlations were found between the ANTH and NIRS data for total WSC 
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important to align the current experimental approach with theirs to enable comparisons 

of WSC content (section 2.5.3). 

As there were distinct differences between the High-End and Low-End 

populations for all pools (mean difference of 78.3 g kg-1 dry matter), there is confidence 

that divergent phenotypes have been developed. However, the moderate correlation 

observed between the NIRS and ANTH data may have downstream ramifications on 

identifying genes underpinning the trait, which is discussed further in Chapter 6. It also 

raises the question: would greater progress be made by breeders if an alternative 

phenotyping methodology was used? Wet chemistry is an accurate although time- and 

labour-intensive way of predicting WSC content. NIRS does not require the use of 

chemicals (post calibration construction) and significantly reduces the test time and 

costs, which makes it superior over traditional chemical methods especially when a large 

number of samples need to be measured. Furthermore, multiple parameter estimates 

(e.g., crude protein, WSC, lipid and metabolizable energy) can be obtained 

simultaneously (Lister & Dhanoa, 1998). Finally, analyses using NIRS produce no 

chemical waste which reduces the costs of reagents, waste disposal and increases 

environmental friendliness (Yang et al., 2017). However, as observed in the current 

study, an accurate NIRS calibration is required for the species and traits studied, which 

can be an issue for species that are not commonly analysed. For example, perennial 

ryegrass is frequently analysed for nutritional quality assessment and so many 

calibrations have been designed at different institutions around the world (Jafari et al., 

2003; Cogan et al., 2005; Cosgrove et al., 2009; Shetty et al., 2012). White clover on 

the other hand has few studies assessing nutritional quality for the species using NIRS 

on its own (Berardo, 1997; Inostroza et al., 2017). Another disadvantage of NIRS is that, 

although it is more cost-efficient than wet chemistry approaches, it is still a destructive 

assay and so requires considerable time spent in sample processing (i.e., harvest, 

drying, grinding then analysing). Alternative methods such as hyperspectral imaging 

(HSI) are showing promise for high-throughput and accurate predictions of pasture 

quality (Pittman et al., 2016; Shorten et al., 2019; Zhou et al., 2019) and WSC 

concentration in a range of species including wheat (Dreccer, Barnes & Meder, 2014), 

maize (Hetta et al., 2017) and perennial ryegrass (Shorten et al., 2019; Smith et al., 

2020). Furthermore this technique is non-destructive, meaning that once the calibration 

is constructed, scanning and measuring plants in situ is rapid and accurate, with the only 

limitations of cost and large file sizes, which can slow image capturing and processing, 

presently known (Bock et al., 2010). Furthermore, aerial HSI has been successful at 

determining nutritional traits, such as crude protein, spatially at the farm scale 
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Sample drying and storage procedures are unlikely to explain the differences in 

the observed WSC content between the original study and the current study. In the 

original study, samples were frozen in liquid nitrogen (N), freeze-dried, and ground prior 

to WSC determination via NIRS (Widdup et al., 2010). In the current study, samples 

were frozen in liquid N, freeze-dried, ground, stored for three weeks, then oven dried at 

60°C for three hours prior to WSC determination via NIRS. Sample grinding was 

completed at the end of December 2017 but NIRS was not performed until mid-January 

2018. The length of time the samples were stored before NIRS analysis would not have 

contributed to the differences in WSC content observed. The evidence for this is outlined 

below. Changes in WSC content can occur because drying samples at lower 

temperatures, for example freeze drying, does not denature proteins; therefore 

enzymatic conversions and respiratory losses can occur when moisture is present 

(Smith, 1973). Couchman (1959) and Greenhill, Couchman, and De Freitas (1961) 

demonstrated that dry matter WSC losses in white clover, alfalfa and ryegrass herbage 

increase with increased storage time, increased storage temperature and increased 

tissue moisture, however only a small 8% DM loss occurred after 9 months stored at 

36°C and 17% moisture. As only three weeks separated sample drying and analysing; 

and samples were stored in capped vials in air tight polystyrene containers containing 

silica gel, WSC concentrations should not have decreased due to the lack of moisture 

and short duration of storage.  

Although samples were stored in a sealed polystyrene box with silica gel, 

samples may have absorbed atmospheric water within the sealed vial as most freeze-

dried materials are hygroscopic (Baker, 1997). As small variations in moisture content 

in samples has been shown to produce large prediction errors of NIRS calibrations 

(Baker, Givens & Deaville, 1994), the additional oven drying procedure was 

implemented to minimise water content in the NIRS vials. It has been shown that WSC 

degradation post freeze drying is minimal (Pelletier et al., 2010), and sample drying at 

60°C has not shown a marked decrease in WSC content post pre-treatment in forage 

species (Deinum & Maassen, 1994; Pelletier et al., 2010). Furthermore, Corson et al. 

(1999) suggest that samples should be dried at 60°C to minimise alteration in chemical 

composition. Therefore, sample drying procedure is also unlikely to contribute to the 

large differences observed between the original and current studies.  

WSC is influenced heavily by the environment, therefore selection for the trait 

can be elusive as the temperature and sunlight need to remain consistent between 

sampling days and preferably over years as well. Boller and Nösberger (1983) 
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From the data presented here, we can conclude that the breeding programmes 

successfully produced populations with divergent WSC phenotypes and although there 

was variation in leaf size in some of the breeding pools, changes in leaf WSC did not 

occur as a consequence of indirect selection for LA. This highlights the importance of 

identifying genes underpinning WSC accumulation as once identified, more efficient 

breeding programmes can be developed to increase WSC content without changing leaf 

size class. After phenotype validation, investigation into the genetics underpinning the 

trait could begin, which is discussed in Chapter 3. 

2.6 Conclusions 

Two of the available near infra-red reflectance spectroscopy (NIRS) calibrations for 

water-soluble carbohydrate (WSC) were sufficiently accurate, when compared to the 

anthrone method, to use for phenotyping WSC in white clover. For future studies 

investigating WSC in white clover, an alternative phenotyping methodology is 

recommended or a more accurate NIRS calibration should be developed. For all five 

pools, breeding for divergent foliar WSC was successful, based on significant difference 

in WSC observed between the two populations at the divergent end time points. WSC 

content in the End populations sampled here contained similar, although slightly lower 

WSC content to values observed in Widdup et al. (2010). Estimation of mean leaf size 

in white clover can be reliably achieved by sampling four leaves per plant at the same 

phenological stage. Once population structure was accounted for, there was no strong 

relationship between WSC and LA. Clear divergent WSC phenotypes were confirmed 

for all five pools, thus investigation into genetics underpinning the WSC trait could be 

reliably explored in Chapters 3 and 4, without a confounding contribution from leaf area.  
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CHAPTER 3 

Single nucleotide polymorphism (SNP) markers associated with foliar water-

soluble carbohydrate accumulation in white clover (Trifolium repens L.) using a 

genome-wide association study and outlier SNP detection approaches based on 

genotyping by sequencing data 
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3.1 Abstract 

Breeding for divergent water-soluble carbohydrate (WSC) levels has been successful in 

five white clover breeding pools, but the genetic loci responsible for the observed 

phenotypic variation in this trait is unknown. High-throughput sequencing using 

genotyping by sequencing (GBS) is a cost-effective method to generate sufficient data 

for aligning genotype and phenotype data to uncover genomic regions under selection 

in non-model species. GBS single nucleotide polymorphism (SNP) data were obtained 

from 1,113 white clover individuals from the 25 white clover populations utilised in 

Chapter 2. Both outlier detection and genome-wide association study (GWAS) 

approaches require a preliminary assessment of population structure as it can be a 

confounding factor in the analysis. Population structure was assessed using 

discriminant analysis of principal components (DAPC) and assigned individuals into 11 

genetic clusters. Little genetic differentiation was observed between generations within 

the low WSC and high WSC divergent selections, respectively, and Parent individuals 

were assigned to one cluster. A genotype-phenotype association study using a subset 

of 605 white clover individuals, consisting of 25 individuals from 24 populations, was 

conducted and identified a single SNP associated with a starch biosynthesis gene, glgC. 

Outlier detection approaches using PCAdapt, BayeScan and KGD-FST were 

implemented to identify SNPs that were responsible for discriminating between high and 

low WSC populations. These analyses identified 33 SNPs that were under selection. 

One of these SNPs was located in the intron of ERD6-like 4, a gene coding for a sugar 

transporter located on the vacuole membrane. The remainder of the outlier SNPs were 

associated with a wide range of functions, some of which may be associated with WSC 

accumulation. While this study was unable to identify a universal set of SNPs that could 

be applied as a selection tool in all white clover populations; it was able to provide a 

starting point in identifying the genes underpinning foliar WSC accumulation in white 

clover. 
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increased levels of WSC, while maintaining genetic diversity, through the application of 

molecular breeding techniques such as marker-assisted selection (MAS) or genomic 

selection (GS).  

3.2.2 Genomic approaches to identify loci linked to water-soluble carbohydrate 

Molecular marker technologies have led to breeding strategies (e.g., MAS and GS) that 

can increase the precision of selection and reduce the generation interval, leading to 

increased genetic gain in forages (Faville et al., 2012; Resende, Casler & de Resende, 

2014; Faville et al., 2020a). In general, MAS uses individual molecular markers in 

linkage disequilibrium (LD) with genes from the trait of interest. GS is a form of MAS, 

but integrates the effects of many thousands of markers, without necessarily knowing 

what they are linked to (Meuwissen, Hayes & Goddard, 2001). Both approaches make 

breeding a more reliable and cost-effective process as the selection accuracy can be 

increased with limited phenotype data (Lorenz, 2013). Reduced representation 

sequencing is a popular method of obtaining genotype data as single nucleotide 

polymorphisms (SNPs), particularly for non-model organisms lacking genomic 

resources. Reduced representation sequencing methods are based on restriction 

enzyme digestion of DNA to reduce genome complexity, allowing for a small percentage 

of the genome of a sample to be sequenced. There are several reduced representation 

sequencing methodologies, including 2b-RAD (Wang et al., 2012), ddRAD (Peterson et 

al., 2012), ezRAD (Toonen et al., 2013), genotyping by sequencing (GBS) (Elshire et 

al., 2011; Poland et al., 2012b), RADseq (Baird et al., 2008) and SLAF-seq (Sun et al., 

2013). GBS has been implemented in numerous forage species (Pembleton et al., 2016; 

Biazzi et al., 2017; Sakiroglu & Brummer, 2017; Faville et al., 2018; Guo et al., 2018), 

including white clover (Wright et al., 2017; Griffiths et al., 2019), and simultaneously 

discovers and calls genotypes for genome-wide SNPs in a cost-effective manner 

(Elshire et al., 2011; Poland et al., 2012b). Most next-generation sequencing platforms 

require optimisation of library preparation and SNP calling (Syed, Grunenwald & 

Caruccio, 2009). For example, the ideal ratio of adapters to genomic DNA for each 

species needs to be optimised prior to library construction (Elshire et al., 2011). As 

AgResearch has developed GBS workflows for white clover using multiple restriction 

enzyme combinations, based on modified Elshire et al. (2011) and Poland et al. (2012b) 

protocols, pre-library optimisation was not required for the current research. A reference 

genome is not necessary as tools have been developed and optimised for de novo 

analysis of the sequencing (Catchen et al., 2011; Glaubitz et al., 2014), however a 

reference genome or genome of a closely related species will improve the quality of 
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SNPs generated and allow for gene identification (Shafer et al., 2017). The white clover 

reference genome is currently resolved at the pseudomolecule level with genome 

annotations available so SNP positions can be linked to inferred genetic functions 

(Griffiths et al., 2019).  

Identification of markers associated with a trait can be achieved by several 

methods. There are three major genomic approaches that are used as a first step to 

identify loci linked to trait phenotypic variation. The first is a candidate gene approach 

that utilises information from theoretical and experimentally reported links between pre-

specified genes of interest that underpin a given phenotype. For non-model organisms, 

such as perennial ryegrass (Dracatos et al., 2009; Yu et al., 2013; Yu et al., 2015) or 

white clover, this method often involves the use of gene information from related model 

organisms such as Arabidopsis thaliana L., alfalfa/lucerne (Medicago sativa L.), barrel 

clover (M. truncatula Gaertn.) and rice (Oryza spp.). The second approach is a genome-

wide association study (GWAS), which utilises markers across the entire genome and 

investigates the association of phenotypic variation with genotypic variation in complex 

traits. This method can be used in both model and non-model organisms and has 

successfully pinpointed genes underlying numerous traits in forage species (Arojju et 

al., 2016; Biazzi et al., 2017; Sakiroglu & Brummer, 2017). The third approach is an 

outlier analysis that identifies SNPs that differentiate populations based on phenotype. 

These approaches typically include FST-based tests and principal component analyses 

(PCA) to identify loci that are distinct from those under neutral expectations. 

A candidate gene approach is efficient when candidate genes have a well 

described function linked to the phenotype of interest. In addition, there is a lower cost 

as effort is focused on a set of promising genes, which is an advantage for reducing the 

cost as fewer markers are required (Amos, Driscoll & Hoffman, 2011). However, these 

studies are incapable of discovering new genes or combinations of genes that influence 

a given trait. The major advantage of GWAS is the ability to pinpoint genes irrespective 

of whether their function was previously determined (Amos et al., 2011). However, 

GWAS experiments are often costly as both genotype and phenotype information are 

required for hundreds to thousands of individuals (Frayling, 2014). Outlier analyses on 

the other hand, do not require phenotypic information and therefore numerous markers 

can be screened to identify candidate genes. As no investigation into the genetic control 

of foliar WSC in white clover has been undertaken, an outlier analysis approach is most 

suitable. However, as phenotypic information was obtained (Chapter 2) for a subset of 

the individuals, a GWAS could also be performed. Both outlier and GWAS approaches 
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require a preliminary assessment of population structure as it can be a confounding 

factor in the analysis. When individuals are genetically related, standard association 

studies can identify incorrect causal variants and instead false positive associations are 

detected. Population structure causes a form of relatedness in the sample which can 

cause the statistical methodology applied to association studies to assign strong signals 

to SNPs that are not actually associated with the trait of interest (Sul, Martin & Eskin, 

2018). Hence, failure to account for population structure can reduce power and produce 

false positive associations. The rate of false-positive discovery is influenced by the 

number of genes under selection, genetic differentiation of populations and the strength 

of selection (Pérez-Figueroa et al., 2010). Hierarchical genetic structure can result in 

false positive loci (type 1 errors) in outlier analyses (Excoffier et al., 2009) because a 

hierarchical structure of populations leads to a narrow null distribution of FST values, 

which in turn, leads to an excess of false significant loci (Excoffier et al., 2009). One way 

to mitigate false discovery is to only consider SNPs detected by at least two independent 

outlier detection tests. Those SNPs identified as in common among the two tests should 

be true positives. 

3.2.3 Population structure determination to reduce false positive associations 

Methods for clustering individuals into populations can be divided into two categories: 

distance-based approaches and model-based approaches. Distance-based approaches 

are model-free and aim to identify clusters by analysing matrices describing genetic 

distances between individuals or populations derived from genotypic data. Distance-

based clusters are often then identified by visualisation using a graphing methodology 

such as multidimensional scaling, for example, PCA. By contrast, model-based 

approaches are more common and assess the likelihood of multiple models from the 

data but have prior assumptions of the model, for example that the populations are in 

Hardy-Weinberg equilibrium (HWE) (Pritchard, Stephens & Donnelly, 2000). HWE is a 

specific assumption as it requires the population to have: a static allele frequency 

through infinite size; random mating; and no mutation, gene flow, nor selection 

occurring. Bayesian clustering and maximum-likelihood techniques are used in 

programmes such as ADMIXTURE (Alexander, Novembre & Lange, 2009), BAPS 

(Corander, Waldmann & Sillanpää, 2003) and STRUCTURE (Pritchard et al., 2000). 

When underpinning assumptions such as that populations are in HWE, and that marker 

loci are unlinked and at linkage equilibrium with one another in populations, are not met, 

then distance-based measures are more suitable for statistical inference about 

population structure. For example, a discriminant analysis of principal components 
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investigation into the different filtering thresholds for maximum missing data was 

conducted using two white clover pools (WNZLL and FNZSL) and a range of 10, 30, 50, 

70 and 90% missing genotype calls. Filtering to 10% missing samples per SNP retained 

60% of the SNPs, 20% missing halved the number of surviving SNPs, and 90% missing 

left only 10% of the original 191,484 SNPs (Figure S3.3, Appendix 2). When using 

methods such as GBS there is a trade-off between the number of SNPs and the quality 

of SNPs. Enough SNPs need to be retained so more regions of the genome can be 

sampled, but the SNPs also need to meet quality requirements for downstream 

analyses. Analysis packages used in the current study require datasets with low levels 

of missing data. Therefore, only SNPs that had < 20% missing samples per SNP were 

retained for analysis (i.e., 80% genotyping rate), as this reduced the dataset by only half 

compared to more stringent filtering for missing values (Figure S3.3, Appendix 2). This 

threshold is similar to those applied in previous studies using GBS data, generally 

ranging from 10 to 50% missing samples per SNP (Mascher et al., 2013; Alipour et al., 

2017; Eltaher et al., 2018). Sequencing errors and low frequency SNPs are hard to 

distinguish, however false positives can be reduced by filtering for minor allele frequency 

(MAF) (Lu et al., 2013). SNPs with a MAF of < 0.03 were therefore also excluded from 

further analysis. After filtering for depth, multiallelic, missing and MAF, a total of 14,743 

SNPs were retained for 1,113 samples. 

A total of 109 samples were removed across all populations. Fifteen samples 

were removed due to high missing data (> 80%) and one population (WNZSL-Parent) 

was removed completely due to a high proportion of missing data for all samples (> 

80%). Positive control samples, a single genotype repeated in all 13 GBS libraries, were 

at first retained and checked for consistency across GBS libraries using a principal 

component analysis (PCA). Duplicated GBS data from 47 individuals were removed as 

they arose from duplicated technical replicates included for quality control and were not 

required for subsequent analysis. These duplicate DNA samples, within each library, 

were assessed prior to removal to assess consistency among replicated GBS libraries. 

Two examples (one DNA sample from FNZSL-Low-Mid was repeated in GBS library 10 

i.e., Control 2; and one DNA sample from FNZSL-Low-End was repeated in GBS library 

11, i.e., Control 3) were used to show the typical within-GBS library variation observed. 

The control samples were plotted as part of a large dataset and were found to cluster in 

close proximity (Figure S3.4, Appendix 2). The two samples repeated within the same 

library (Control 2 and Control 3) demonstrated that the same DNA within a GBS library 

produced minimal variation. The S9 controls (Control 1) were found to cluster together 

near the centre of the plot, therefore confirming GBS consistency across all 13 libraries 
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(Figure S3.4, Appendix 2). Having confirmed consistency of the GBS approach used, 

the S9 positive controls and the 47 duplicates of individuals were subsequently removed 

from further analyses. 

3.4.2 Single nucleotide polymorphism distribution and density 

The number of SNPs found on each pseudomolecule and the SNP density across the 

white clover reference genome was investigated using the 14,743 SNPs from 1,113 

samples identified above. The relationship between the number of SNPs and 

pseudomolecule length (in Mbp) was examined. Pseudomolecules had been assigned 

to their relevant subgenomes, where pseudomolecules 1 to 8 belong to the T. 

occidentale-derived (TrTo) subgenome, and pseudomolecules 9 to 16 belong to the T. 

pallescens-derived (TrTp) subgenome (Griffiths et al., 2019). The number of SNPs per 

pseudomolecule was strongly correlated to pseudomolecule length (coefficient of 

determination [r2] = 0.96, Figure S3.5, Appendix 2), with higher numbers of SNPs on 

the longer pseudomolecules demonstrating that the SNPs are evenly distributed across 

the genome. The density of SNPs per Mbp and the distribution of SNPs across the 

genome was also recorded. A mean value of 16.1 (± 1.6 standard deviation) SNPs per 

Mbp was found across all pseudomolecules. The lowest SNP density was found on 

pseudomolecules 14, 10 and 6 with 12.5, 13.9 and 14.5 SNPs per Mbp, respectively. 

The highest densities were on pseudomolecules 5, 3 and 4 with 19.1, 18.0 and 17.7 

SNPs per Mbp, respectively. 

3.4.3 Population structure 

Having generated the SNP dataset across the white clover populations selected for 

divergent WSC content, the next step was to use this resource to identify genomic 

regions or SNP loci that had been co-selected with the trait. This required determination 

of structure within and among the populations as a precursor to applying analyses to 

identify markers under selection. 

3.4.3.1 Discriminant analysis of principal components 

A preliminary assessment of population structure was undertaken using a discriminant 

analysis of principal components (DAPC) to determine how many clusters were 

described by the data and to validate the pre-defined genetic clusters (i.e., populations 

within pools). DAPC analysis was therefore made without any prior group assignment 

based on the known populations. Data were first transformed by PCA to speed up the 

subsequent clustering algorithm (K-means). To minimise the loss of information, 800 
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principal components (PCs) were retained, accounting for approximately 90% of the 

total genetic variation (Figure S3.6, Appendix 2). The find.clusters() function was then 

used to determine the number of clusters that best describe the data by maximising 

variation between clusters. The Bayesian information criterion (BIC) was used to identify 

the optimal number of clusters from a range of 1 to 40. The lowest BIC value (6538.781) 

corresponded to K = 11 (Figure S3.7, Appendix 2), therefore, this value was chosen. 

The assignment of individuals to the 11 clusters was compared with the a priori 

population grouping (Figure 3.2). The names of the 11 clusters were subsequently 

italicised for easy comparison with the a priori population names (non-italicised). There 

was a clear trend for the individuals in the high WSC populations within a pool to group 

together to form a high WSC cluster, e.g., WNZLL-High-Mid and WNZLL-High-End 

comprised the WNZLL-H cluster. The individuals from the low WSC a priori populations 

within a pool also grouped together to form a low WSC cluster, e.g., WNZLL-Low-Mid 

and WNZLL-Low-End comprised the WNZLL-L cluster. Interestingly, the individuals 

from all the Parent populations grouped in one cluster (PARENT), except for nine 

individuals from the WUSLL-Parent population that grouped with WUSLL-H. One to two 

samples from the FNZLL-Low-End, WUSLL-High-Mid and WUSLL-Low-End also 

clustered with the PARENT cluster. Aside from these few individuals, there was clear 

assignment of the two high WSC populations in each pool to one group, and the two low 

WSC populations in each pool to one group, with all the Parent populations grouping 

into one PARENT cluster. In addition to the assignment of individuals into clusters, 

DAPC can be used to provide a graphical representation of the relationship between the 

inferred clusters, which is described in the following paragraphs. 

 



 

93 

 

Figure 3.2 Group assignment based on the find.cluster function prior to discriminant 
analysis of principal components for 24 populations. Original populations are positioned 
horizontally and K-means determined clusters are positioned vertically. Size of black 
boxes represent the number of individuals assigned to the K-means determined cluster 
from the original population, with the scale presented in the bottom left-hand corner. 
Note: High = high water-soluble carbohydrate (WSC), Low = low WSC, Parent = Parent 
generation, E = End generation, and M = Middle generation. 
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DAPC is typically implemented using the function dapc(), which performs a linear 

discriminant analysis (LDA) on retained PCs. However, retaining too many PCs can lead 

to overfitting issues and retaining too few leads to losing too much genetic information 

and poor discrimination. Therefore, the function xvalDapc() was used as a cross 

validation method to identify the optimal number of PCs to retain. The optimal number 

of PCs to retain corresponds with the maximum mean successful assignment (MSA), 

i.e., predictive success, and an associated root mean square error (RMSE). However, it 

is recommended that the optimal number of PCs to be used in the DAPC analysis should 

be chosen based on the lowest RMSE as sometimes the highest MSA and lowest RMSE 

do not correspond to the same number of optimal PCs (Jombart et al., 2010). The 

xvalDapc() function determined the optimal number of PCs to retain was 43 (RMSE = 

0.0033). However, both the RMSE and MSA plateaued at 6 PCs (RMSE = 0.0107 and 

MSA = 0.9928) with very little change thereafter (Figure S3.8, Appendix 2), therefore 

dapc() was run with 6 PCs retained. As part of the dapc() function, the number of 

discriminant functions (DFs) need to be specified. If some eigenvalues are much larger 

than others, it is recommended that only the DFs with the highest eigenvalues should 

be retained as they contain more information about the genetic structure of the data 

(Jombart et al., 2010). The eigenvalues resulting from the LDA indicated that all 6 DFs 

captured the majority of genetic structure among the white clover populations (Figure 

3.3, inset), therefore all six DFs were retained. 

A scatter plot was drawn using the 11 clusters inferred by K-means, 6 PCs 

obtained by xvalDapc(), and the two axes represent the first two DFs of the DAPC 

analysis (Figure 3.3). The first DF showed a general separation of high WSC and low 

WSC populations with High clusters centred to the right of the plot, Low clusters centred 

to the left, and the PARENT plants clustering in the middle of the plot. The WNZLL-H 

and FNZSL-L clusters were clearly isolated from the bulk of the clusters. With respect 

to their counterpart populations (WNZLL-L and FNZSL-H), separation occurred on both 

the first and second DF. For WNZSL and WUSLL, Low and High population clusters 

showed very little separation on the first two DF and in fact clear separation was not 

observed on any DF (data not presented). The FNZLL-L and FNZLL-H clusters only 

showed clear separation on the fifth DF (Figure S3.9, Appendix 2). 
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Figure 3.5 Score plots from PCAdapt analysis using the first two principal components 
(PC) for all five pools. Each dot represents a single individual and the colour corresponds 
to individuals from the same population. Each pool has four populations as the Parent 
populations were excluded from the analysis. Population information is displayed in the 
key in the bottom right corner. 
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random genetic drift, generational changes in genotype and allele frequencies was 

investigated for the 33 candidates. 

The vast majority of SNPs identified as outliers demonstrated a complete sweep 

where fixation of one allele occurred in the high WSC populations while the alternate 

allele became fixed in the low WSC populations within the first few generations (Table 

3.5). This was observed for all 33 SNPs in two or more pools. Because these shifts were 

observed in two or more independent pools, it is less likely that the changes are due to 

random genetic drift than due to directional selection for WSC. Therefore, all changes 

in genotype frequency at all 33 SNPs were deemed to be due to selection rather than 

random genetic drift. There were examples where fixation was not achieved but 

genotype frequencies did shift across generations, for example in the WUSLL and 

FNZLL pools at SNP 2_6673787. Allele frequencies were fixed for the low WSC 

populations but there was a transition from Low-End and Low-Mid to the Parent 

populations and then to the High-Mid and the High-End populations whereby the 

alternate allele increased in frequency over the successive generations. In this case 

there was consistency between two different pools (WUSLL and FNZLL), indicating that 

selection rather than random genetic drift was the cause of the shift in allele frequencies 

(Table 3.5). 
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Table 3.5 Genotype percentages for 33 outlier SNPs detected by more than one analysis method (PCAdapt, BayeScan and KGD-FST) in 24 
populations from five pools. Genotypes are presented as AA, Aa and aa, where AA = homozygote for reference allele, Aa = heterozygote, aa = 
homozygote for alternate allele. Genotypes are colour coded on a continuum where a higher percentage (100%) corresponds to blue and a lower 
percentage corresponds to green (0%), with intermediate percentages (50%) as white. SNPs that were not identified as outliers in specific pools 
are coloured in grey. Detection method used to identify the SNP as an outlier is presented under the SNP name in parentheses. 

SNP ID 
(Analysis) 

Pool __________WNZLL__________ __________WNZSL__________ __________WUSLL__________ __________FNZLL__________ __________FNZSL__________ 

Pop LE LM P HM HE LE LM P HM HE LE LM P HM HE LE LM P HM HE LE LM P HM HE 

1_3522737 
 

(BS + KGD) 

AA 100 100 75 0 16.7 100 100 ND 100 100 ND 100 100 100 100 ND 0 100 100 100 ND 100 88.9 100 100 

Aa 0 0 25 16.7 0 0 0 ND 0 0 ND 0 0 0 0 ND 0 0 0 0 ND 0 0 0 0 

aa 0 0 0 83.3 83.3 0 0 ND 0 0 ND 0 0 0 0 ND 100 0 0 0 ND 0 11.1 0 0 

n 16 26 8 6 12 11 15 ND 9 11 ND 1 14 8 6 ND 4 11 12 18 ND 9 18 12 1 

2_6673787 
 

(PCA + KGD) 

AA 100 100 54.2 90 100 84 74.1 ND 52.9 50 100 100 48.1 28.6 26.5 100 100 81 26.1 14.8 100 100 66.7 100 100 

Aa 0 0 8.3 5 0 3.1 11.1 ND 20.6 26.5 0 0 25.9 28.6 17.6 0 0 14.3 21.7 11.1 0 0 6.7 0 0 

aa 0 0 37.5 5 0 13 14.8 ND 26.5 23.5 0 0 25.9 42.9 55.9 0 0 4.8 52.2 74.1 0 0 26.7 0 0 

n 30 33 24 20 16 32 27 ND 34 34 30 30 27 28 34 27 26 21 23 27 28 22 15 9 16 

2_14186624 
2_14186629 

 
(BS + KGD) 

AA 8.3 4.8 60 0 0 100 100 ND 41.7 50 0 6.7 44.4 100 100 100 100 42.9 0 0 28.6 45.5 80 100 100 

Aa 19.4 19 10 0 0 0 0 ND 8.3 10 21 6.7 0 0 0 0 0 14.3 0 0 21.4 27.3 10 0 0 

aa 72.2 76.2 30 100 100 0 0 ND 50 40 79 86.7 55.6 0 0 0 0 42.9 100 100 50 27.3 10 0 0 

n 36 21 10 6 4 3 1 ND 12 10 28 15 9 16 10 10 9 14 1 3 14 22 10 13 14 

2_23112313 
 

(BS + KGD) 

AA 100 100 60 0 0 100 100 ND 65.2 100 100 100 ND 87.5 78.9 ND ND ND 100 100 100 100 0 0 0 

Aa 0 0 0 0 0 0 0 ND 0 0 0 0 ND 0 0 ND ND ND 0 0 0 0 0 0 0 

aa 0 0 40 100 100 0 0 ND 34.8 0 0 0 ND 12.5 21.1 ND ND ND 0 0 0 0 100 100 100 

n 16 6 10 16 11 14 9 ND 23 3 24 12 ND 16 19 ND ND ND 4 1 7 4 1 20 16 

3_28211144 
 

(PCA + KGD) 

AA 100 100 75.9 10.3 2.2 58 60 ND 100 100 86 50 97.1 84.4 97.9 5.6 12.1 0 97.1 100 34.1 46.7 9.5 41.2 65 

Aa 0 0 3.4 20.5 13.3 35 17.1 ND 0 0 2.8 0 2.9 11.1 2.1 16.7 9.1 0 2.9 0 27.3 33.3 0 32.4 20 

aa 0 0 20.7 69.2 84.4 7.5 22.9 ND 0 0 11 50 0 4.4 0 77.8 78.8 100 0 0 38.6 20 90.5 26.5 15 

n 17 31 29 39 45 40 35 ND 37 42 36 14 34 45 47 36 33 7 35 41 44 45 21 34 40 
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Table 3.5 (continued) 

SNP ID 
(Analysis) 

Pool __________WNZLL__________ __________WNZSL__________ __________WUSLL__________ __________FNZLL__________ __________FNZSL__________ 

Pop LE LM P HM HE LE LM P HM HE LE LM P HM HE LE LM P HM HE LE LM P HM HE 

4_9733285 
 

(PCA + KGD) 

AA 44.2 30.4 71.4 45.7 80.9 100 92.9 ND 48.9 68.4 100 88.9 67.9 14.3 22.7 71.4 62.5 64.3 7 0 38.9 36.7 40.9 69.2 85 

Aa 34.9 50 16.7 47.8 19.1 0 0 ND 24.4 18.4 0 0 10.7 2.9 13.6 11.4 21.9 19 9.3 2.2 25 13.3 34.1 25.6 10 

aa 20.9 19.6 11.9 6.5 0 0 7.1 ND 26.7 13.2 0 11.1 21.4 82.9 63.6 17.1 15.6 16.7 83.7 97.8 36.1 50 25 5.1 5 

n 43 46 42 46 47 10 14 ND 45 38 31 27 28 35 22 35 32 42 43 45 36 30 44 39 40 

4_13559491 
 

(BS + KGD) 

AA 0 4.8 90.9 100 100 100 100 ND 0 0 100 100 46.7 8.7 0 100 100 60 27.3 20 100 100 50 100 100 

Aa 0 0 0 0 0 0 0 ND 0 0 0 0 6.7 8.7 0 0 0 20 0 0 0 0 16.7 0 0 

aa 100 95.2 9.1 0 0 0 0 ND 100 100 0 0 46.7 82.6 100 0 0 20 72.7 80 0 0 33.3 0 0 

n 21 21 11 5 9 14 9 ND 2 9 33 33 15 23 19 2 15 15 11 5 6 3 6 5 3 

4_71509072 
 

(BS + KGD) 

AA ND 0 81.8 100 ND 100 84.6 ND 0 0 100 100 100 94.7 84 100 100 88.9 0 3.7 0 53.3 73.3 ND ND 

Aa ND 0 0 0 ND 0 0 ND 0 0 0 0 0 0 0 0 0 0 0 0 0 13.3 13.3 ND ND 

aa ND 100 18.2 0 ND 0 15.4 ND 100 100 0 0 0 5.3 16 0 0 11.1 100 96.3 100 33.3 13.3 ND ND 

n ND 5 11 3 ND 13 13 ND 11 14 16 10 14 19 25 5 10 9 9 27 3 15 15 ND ND 

6_31429353 
 

(PCA + KGD) 

AA 16.7 31.3 40.7 47.4 45.5 81 35 ND 32.4 27.8 81 90.3 25 21.1 7.7 0 12.5 73.7 83.3 100 100 100 46.2 0 ND 

Aa 19 12.5 18.5 5.3 0 0 10 ND 8.1 13.9 0 6.5 15 10.5 2.6 0 6.3 5.3 0 0 0 0 26.9 0 ND 

aa 64.3 56.3 40.7 47.4 54.5 19 55 ND 59.5 58.3 19 3.2 60 68.4 89.7 100 81.3 21.1 16.7 0 0 0 26.9 100 ND 

n 42 32 27 19 22 21 20 ND 37 36 16 31 20 38 39 14 16 19 18 22 23 34 26 2 ND 

6_31429365 
 

(PCA + KGD) 

AA 16.7 31.3 85.2 63.2 45.5 81 40 ND 83.8 52.8 81 90.3 30 28.9 7.7 0 12.5 94.7 83.3 100 100 100 76.9 100 ND 

Aa 19 12.5 7.4 5.3 0 0 10 ND 5.4 33.3 0 6.5 20 13.2 2.6 0 6.3 5.3 0 0 0 0 11.5 0 ND 

aa 64.3 56.3 7.4 31.6 54.5 19 50 ND 10.8 13.9 19 3.2 50 57.9 89.7 100 81.3 0 16.7 0 0 0 11.5 0 ND 

n 42 32 27 19 22 21 20 ND 37 36 16 31 20 38 39 14 16 19 18 22 23 34 26 2 ND 

8_40904996 
8_40905002 
8_40905003 

 
(BS + KGD) 

AA 100 100 73.3 8.3 0 100 100 ND 0 0 88 90.9 8.3 100 100 100 100 100 100 ND ND 100 72.7 100 100 

Aa 0 0 0 0 0 0 0 ND 7.7 0 4 0 0 0 0 0 0 0 0 ND ND 0 0 0 0 

aa 0 0 26.7 91.7 100 0 0 ND 92.3 100 8 9.1 91.7 0 0 0 0 0 0 ND ND 0 27.3 0 0 

n 8 3 15 12 11 30 29 ND 13 7 25 22 12 5 11 2 9 8 5 ND ND 3 11 11 32 
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Table 3.5 (continued) 

SNP ID 
(Analysis) 

Pool __________WNZLL__________ __________WNZSL__________ __________WUSLL__________ __________FNZLL__________ __________FNZSL__________ 

Pop LE LM P HM HE LE LM P HM HE LE LM P HM HE LE LM P HM HE LE LM P HM HE 

9_1044750 
 

(BS + KGD) 

AA 0 0 38.7 100 100 85 100 ND 33.3 9.7 0 0 66.7 95.8 100 10.5 15.4 36.7 75.9 88.5 56.5 21.4 52.2 19 63.6 

Aa 0 0 6.5 0 0 5 0 ND 11.1 9.7 0 0 0 0 0 10.5 0 13.3 17.2 7.7 13 10.7 4.3 14.3 4.5 

aa 100 100 54.8 0 0 10 0 ND 55.6 80.6 100 100 33.3 4.2 0 78.9 84.6 50 6.9 3.8 30.4 67.9 43.5 66.7 31.8 

n 32 17 31 28 34 20 13 ND 27 31 4 4 12 24 21 19 13 30 29 26 23 28 23 21 22 

11_4462899 
 

(BS + KGD) 

AA 100 100 100 100 100 100 100 ND 100 100 0 13.3 85.7 100 ND 0 0 100 100 100 28.6 55.6 100 100 100 

Aa 0 0 0 0 0 0 0 ND 0 0 0 0 0 0 ND 0 0 0 0 0 0 0 0 0 0 

aa 0 0 0 0 0 0 0 ND 0 0 100 86.7 14.3 0 ND 100 100 0 0 0 71.4 44.4 0 0 0 

n 10 16 19 19 16 9 2 ND 7 14 11 15 7 13 ND 12 5 19 26 24 7 9 12 12 10 

11_9345053 
11_9345077 

 
(PCA + KGD) 

AA 100 100 85.7 33.3 21.1 0 0 ND 100 100 100 100 88.5 100 100 100 100 77.3 3.6 16.7 100 100 95.7 100 100 

Aa 0 0 4.8 6.7 10.5 0 0 ND 0 0 0 0 0 0 0 0 0 4.5 14.3 23.3 0 0 0 0 0 

aa 0 0 9.5 60 68.4 100 100 ND 0 0 0 0 11.5 0 0 0 0 18.2 82.1 60 0 0 4.3 0 0 

n 5 10 21 15 19 19 9 ND 31 18 4 11 26 36 30 29 19 22 28 30 1 11 23 29 14 

11_17480539 
 

(BS + KGD) 

AA 12.5 61.5 92.9 ND 0 100 100 ND 15.8 0 100 100 100 100 ND 0 21.1 100 100 100 100 100 72.7 ND ND 

Aa 0 7.7 0 ND 0 0 0 ND 0 0 0 0 0 0 ND 0 0 0 0 0 0 0 0 ND ND 

aa 87.5 30.8 7.1 ND 100 0 0 ND 84.2 100 0 0 0 0 ND 100 78.9 0 0 0 0 0 27.3 ND ND 

n 8 13 14 ND 3 17 15 ND 19 8 5 19 8 3 ND 27 19 9 20 8 7 5 11 ND ND 

11_21109404 
11_21109408 

 
(BS + KGD) 

AA 100 100 75 100 100 68 66.7 ND 7.7 0 100 100 0 0 0 87.5 15.4 66.7 ND ND ND 0 100 100 100 

Aa 0 0 0 0 0 12 4.2 ND 0 0 0 0 0 0 0 0 0 0 ND ND ND 0 0 0 0 

aa 0 0 25 0 0 21 29.2 ND 92.3 100 0 0 100 100 100 12.5 84.6 33.3 ND ND ND 100 0 0 0 

n 18 18 16 13 21 34 24 ND 13 2 9 3 4 3 3 8 13 3 ND ND ND 2 10 13 15 

11_46932936 
 

(BS + KGD) 

AA 0 0 68.4 100 100 67 34.8 ND ND ND 0 0 83.3 33.3 42.9 100 100 21.4 0 0 ND ND 84.6 100 100 

Aa 0 0 0 0 0 6.1 8.7 ND ND ND 0 0 0 0 0 0 0 7.1 0 0 ND ND 3.8 0 0 

aa 100 100 31.6 0 0 27 56.5 ND ND ND 100 100 16.7 66.7 57.1 0 0 71.4 100 100 ND ND 11.5 0 0 

n 1 6 19 29 22 33 23 ND ND ND 2 8 6 9 7 3 6 14 16 12 ND ND 26 25 19 
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Table 3.5 (continued) 

SNP ID 
(Analysis) 

Pool __________WNZLL__________ __________WNZSL__________ __________WUSLL__________ __________FNZLL__________ __________FNZSL__________ 

Pop LE LM P HM HE LE LM P HM HE LE LM P HM HE LE LM P HM HE LE LM P HM HE 

11_63153863 
 

(BS + KGD) 

AA 0 0 67.9 100 100 89 73.9 ND 100 100 100 ND 33.3 100 100 100 100 28.6 0 0 57.1 80 57.9 90.9 66.7 

Aa 0 0 3.6 0 0 0 4.3 ND 0 0 0 ND 0 0 0 0 0 0 0 0 4.8 0 21.1 0 0 

aa 100 100 28.6 0 0 11 21.7 ND 0 0 0 ND 66.7 0 0 0 0 71.4 100 100 38.1 20 21.1 9.1 33.3 

n 2 6 28 15 4 18 23 ND 20 10 1 ND 6 18 18 6 8 7 13 9 21 10 19 22 18 

12_3437942 
 

(PCA + KGD) 

AA 11.1 50 16.7 0 0 33 64.7 ND 81.3 75 64 55.6 50 56.3 70.6 86.2 33.3 30 4 9.5 100 89.3 25 11.1 20 

Aa 0 8.3 0 0 0 0 0 ND 0 0 7.1 0 0 0 17.6 13.8 0 15 0 0 0 7.1 6.3 11.1 0 

aa 88.9 41.7 83.3 100 100 67 35.3 ND 18.8 25 29 44.4 50 43.8 11.8 0 66.7 55 96 90.5 0 3.6 68.8 77.8 80 

n 27 24 24 14 10 3 17 ND 16 16 14 18 2 16 17 29 6 20 25 21 35 28 16 18 10 

12_16032423 
 

(PCA + BS + 
KGD) 

AA 90.9 95 83.3 93.2 100 4 66.7 ND 100 100 88 92.1 83.9 71 100 2.3 5.7 96.6 100 100 ND 44.4 73.1 66.7 96.7 

Aa 4.5 2.5 5.6 6.8 0 4 4.2 ND 0 0 9.4 5.3 6.5 12.9 0 6.8 8.6 0 0 0 ND 0 11.5 9.5 0 

aa 4.5 2.5 11.1 0 0 92 29.2 ND 0 0 3.1 2.6 9.7 16.1 0 90.9 85.7 3.4 0 0 ND 55.6 15.4 23.8 3.3 

n 44 40 36 44 44 25 24 ND 31 40 32 38 31 31 28 44 35 29 20 30 ND 9 26 21 30 

13_4850703 
 

(PCA + BS + 
KGD) 

AA 100 100 56.3 0 0 0 23.5 ND 33.3 80 100 ND 60 0 0 100 100 53.8 60.7 78.6 100 100 35.3 0 0 

Aa 0 0 0 0 0 0 0 ND 0 20 0 ND 0 0 0 0 0 15.4 10.7 3.6 0 0 0 0 0 

aa 0 0 43.8 100 100 100 76.5 ND 66.7 0 0 ND 40 100 100 0 0 30.8 28.6 17.9 0 0 64.7 100 100 

n 30 24 16 12 9 3 17 ND 3 5 2 ND 10 13 23 12 6 13 28 28 28 15 17 12 11 

13_23675463 
 

(BS + KGD) 

AA 61.5 61.9 55.6 ND 100 100 100 ND 86.7 88.9 100 100 81.3 11.1 11.1 100 ND 50 0 0 100 100 66.7 100 100 

Aa 7.7 9.5 11.1 ND 0 0 0 ND 6.7 11.1 0 0 0 0 0 0 ND 0 0 0 0 0 0 0 0 

aa 30.8 28.6 33.3 ND 0 0 0 ND 6.7 0 0 0 18.8 88.9 88.9 0 ND 50 100 100 0 0 33.3 0 0 

n 13 21 9 ND 5 4 5 ND 15 27 17 3 16 9 9 2 ND 8 6 26 17 14 6 2 1 

13_23675501 
 

(BS + KGD) 

AA 0 0 33.3 ND 100 100 20 ND 60 63 53 0 75 0 0 100 ND 50 0 0 82.4 100 50 0 100 

Aa 0 0 0 ND 0 0 20 ND 26.7 22.2 0 33.3 6.3 0 0 0 ND 0 0 0 5.9 0 0 0 0 

aa 100 100 66.7 ND 0 0 60 ND 13.3 14.8 47 66.7 18.8 100 100 0 ND 50 100 100 11.8 0 50 100 0 

n 13 21 9 ND 5 4 5 ND 15 27 17 3 16 9 9 2 ND 8 6 26 17 14 6 2 1 
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Table 3.5 (continued) 

SNP ID 
(Analysis) 

Pool __________WNZLL__________ __________WNZSL__________ __________WUSLL__________ __________FNZLL__________ __________FNZSL__________ 

Pop LE LM P HM HE LE LM P HM HE LE LM P HM HE LE LM P HM HE LE LM P HM HE 

14_7499208 
 

(BS + KGD) 

AA 100 100 59.1 0 0 32 20 ND 40.9 0 71 73 50 63.6 44.4 ND 0 78.6 100 100 100 100 66.7 100 100 

Aa 0 0 13.6 0 0 11 10 ND 13.6 0 0 13.5 0 13.6 0 ND 0 14.3 0 0 0 0 7.4 0 0 

aa 0 0 27.3 100 100 58 70 ND 45.5 100 29 13.5 50 22.7 55.6 ND 100 7.1 0 0 0 0 25.9 0 0 

n 6 15 22 23 16 19 10 ND 22 2 24 37 12 22 18 ND 3 14 13 20 14 21 27 24 19 

15_6515376 
15_6515380 

 
(PCA + KGD) 

AA 27.5 25.6 52.5 100 100 94 63 ND 8.5 6.4 50 30.2 24.2 29.7 33.3 32.4 21.6 36.8 11.9 0 66.7 73 41 61.8 27.8 

Aa 35 38.5 17.5 0 0 0 7.4 ND 25.5 14.9 20 34.9 33.3 27 16.7 35.3 48.6 21.1 9.5 4.5 24.2 10.8 25.6 29.4 30.6 

aa 37.5 35.9 30 0 0 5.7 29.6 ND 66 78.7 30 34.9 42.4 43.2 50 32.4 29.7 42.1 78.6 95.5 9.1 16.2 33.3 8.8 41.7 

n 40 39 40 33 33 35 27 ND 47 47 40 43 33 37 36 34 37 38 42 44 33 37 39 34 36 

15_17315253 
 

(PCA + KGD) 

AA 29 19.4 51.6 20.7 41.4 26 65.5 ND 74.2 67.7 27 35.5 36 42.4 31 0 13.8 53.3 54.8 64.5 9.7 3.3 51.6 66.7 100 

Aa 54.8 38.7 35.5 55.2 41.4 41 31 ND 19.4 32.3 58 48.4 32 51.5 44.8 3.2 37.9 30 38.7 35.5 32.3 30 38.7 29.2 0 

aa 16.1 41.9 12.9 24.1 17.2 33 3.4 ND 6.5 0 15 16.1 32 6.1 24.1 96.8 48.3 16.7 6.5 0 58.1 66.7 9.7 4.2 0 

n 31 31 31 29 29 27 29 ND 31 31 33 31 25 33 29 31 29 30 31 31 31 30 31 24 31 

16_32428574 
 

(BS + KGD) 

AA 0 0 90.9 100 100 ND 100 ND 100 100 0 0 27.3 0 0 ND 0 44.4 7.1 11.5 100 100 100 0 0 

Aa 0 0 0 0 0 ND 0 ND 0 0 0 0 18.2 0 0 ND 100 0 14.3 11.5 0 0 0 0 0 

aa 100 100 9.1 0 0 ND 0 ND 0 0 100 100 54.5 100 100 ND 0 55.6 78.6 76.9 0 0 0 100 100 

n 4 1 11 21 17 ND 7 ND 13 13 1 8 11 22 26 ND 1 9 28 26 33 29 11 15 1 

Note: Pop = Population, LE = Low-End, LM = Low-Mid, P = Parent, HM = High-Mid, HE = High-End, SNP ID = pseudomolecule number and 
bp position of the SNP, PCA = PCAdapt, BS = BayeScan, KGD = KGD-FST, n = number of individuals with data that were used to calculate 
genotype percentages, ND = No Data. 
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3.4.6 Linkage disequilibrium analysis and linked genes 

After completing the outlier detection analyses, linkage disequilibrium (LD) analysis was 

performed to identify potential candidate genes. After applying criteria (section 3.3.8) for 

calculating LD for the 13 intergenic outlier SNPs (ioSNPs), LD could only be successfully 

calculated for four of the ioSNPs. This was not due to SNP density, as the nine remaining 

ioSNPs did have neighbouring SNPs within 100,000 bp, rather it was due to SNP allele 

frequencies in the populations under selection. Because LD is calculated based on allele 

frequency, LD cannot be calculated for SNPs that are homozygous in the population 

(allele frequency = 0 or 1). Because many of these ioSNPs exhibited complete sweeps, 

and therefore showed allelic fixation, LD could not be calculated. However, from the four 

ioSNPs where LD could be calculated, the maximum distance at which LD did not decay 

past r2 = 0.25, was 10,303 bp (10 Kbp) (Table S3.5, Appendix 2). Therefore, for all 

ioSNPs, genes within a maximum distance of 10 Kbp either side of each ioSNP were 

recorded. When considering potential candidate genes, the upstream and downstream 

regulatory elements of the gene, including the promoter region, were also considered. 

This is because regulatory proteins (repressors and activators) can bind to distal 

regulatory sequences that are usually located within 1 Kbp of the transcription initiation 

site (Taiz & Zeiger, 2010a). If ioSNPs were located less than 1 Kbp away from the start 

codon of a gene, they were also classified as putatively in LD with the gene due to the 

proximity to promoter. The validity of the ioSNP was further demonstrated by observing 

the -log10(p-values) obtained in the PCAdapt analysis and comparing them to the LD 

measurements for neighbouring SNPs. This showed a common peak for the ioSNPs 

with both the LD and p-values but no peaks for the neighbouring SNPs that were not 

identified as outliers (an example is presented in Figure S3.19, Appendix 2). A total of 

13 candidate genes were identified for 12 of the ioSNPs. One ioSNP (2_23112313) had 

two genes on either side but they were greater than 10 Kbp away (Table 3.4). 

3.5 Discussion 

3.5.1. Single nucleotide polymorphism discovery workflow from genotyping by 

sequencing data 

Multiple factors influence the single nucleotide polymorphisms (SNPs) detected in 

genotyping by sequencing (GBS) data. These include enzyme choice, laboratory 

processes, GBS data analysis workflow and SNP caller which all affect the SNPs 

detected in a given sequence dataset. SNP-calling workflow and SNP distribution are 

discussed in greater detail below. 
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to the emergence of reduced representation sequencing methods such as GBS, 

increased emphasis has been placed on developing methodologies to address this 

challenge, with LD and genomic relationship analyses developed specifically for low-

depth sequencing data (Dodds et al., 2015; Bilton et al., 2018). However, more analyses 

that accommodate missing data and focus on detecting selection need to be developed. 

Despite some limitations of GBS datasets, they are time and cost-efficient compared to 

existing marker platforms. For example, a white clover microsatellite (SSR) marker 

resource of approximately 1,000 SSRs is available (Griffiths et al., 2013), but the marker 

density is insufficient for the purposes of the current study, and the time and effort to 

generate SSR genotype data on over 1,000 individuals with 1,000 SSRs is significant. 

Another common marker platform is a SNP chip, a resource that has yet to be developed 

for white clover. SNP chips array development requires sequencing and SNP calling 

using a large number of individuals and populations to produce a panel of SNPs, which 

is a large upfront development cost. Additionally, SNP chip data suffer from 

ascertainment bias due to the SNP panel of individuals used to select the SNPs (Heslot 

et al., 2013). This ascertainment bias causes a bias towards common alleles in the data 

which can skew measures of population structure and relatedness among individuals 

(Nielsen, Hubisz & Clark, 2004; Albrechtsen, Nielsen & Nielsen, 2010). The GBS 

platform, therefore, is the marker of choice available to white clover that provides 

sufficient density across a range of populations for the analyses utilised in the current 

study. 

3.5.1.1 Single nucleotide polymorphism distribution using the white clover reference 

genome 

It has been shown that using a high-quality reference genome can provide numerous 

benefits to downstream genetic analyses (Benevenuto et al., 2019). The current white 

clover genome assembly is fragmented with an N50 (length of the contig, when ordered 

from largest to smallest, at the point where 50% of the sequence data have been 

accounted) of 122 Kbp and 22,100 scaffolds aligned into pseudomolecules based on 

linkage mapping data (Griffiths et al., 2019). Further data are required, including from 

long-read sequencing technologies, to fill the gaps and refine the assembly, and resolve 

any potential misplacement of scaffolds within sub-genomes. The data presented in the 

current study showed the fewest SNPs were observed on the smallest pseudomolecule 

(TrTp 6 is 32.3 Mbp; 404 SNPs identified), while the largest pseudomolecule had the 

most SNPs (TrTo 1 is 95.9 Mbp; 1,549 SNPs identified). A highly positive correlation was 

observed between the number of SNPs found on a pseudomolecule and the size of the 
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indicate very great genetic differentiation, the type of selection they are under can be 

determined from the alpha value. BayeScan calculates q-values for each locus, which 

is a test statistic directly related to the false discovery rate (FDR) and should be used to 

make decisions (Foll & Gaggiotti, 2008). Therefore, the FST values calculated by 

BayeScan and presented in this study should be disregarded and focus should instead 

be placed on the alpha values of SNPs above the FDR threshold as indicated by the q-

value, which was implemented in the current study. 

3.5.2.2 Mitigation of confounding population structure in outlier detection analyses and 

genome-wide association studies. 

In outlier detection analyses, population structure can be controlled by a covariance 

matrix (Günther & Coop, 2013) or latent factors (Frichot et al., 2013; Duforet-Frebourg, 

Bazin & Blum, 2014). When using PCAdapt, individuals are not sorted into predefined 

populations, instead population structure is ascertained using principal component 

analysis (PCA), which is similar to latent factors (Lotterhos & Whitlock, 2015), and 

determines population structure and outlier loci concurrently (Duforet-Frebourg et al., 

2014). Population structure in GWAS analysis methods are often controlled for by PCA 

(Price et al., 2006), genomic control (Devlin & Roeder, 1999) or linear mixed models 

(Kang et al., 2010). Methods based on linear mixed models that incorporate pairwise 

relatedness between individuals have been shown to capture population structure more 

effectively than other methods (Kang et al., 2010; Sul & Eskin, 2013). For example, 

rrBLUP controls for population structure using a kinship matrix based on genetic 

diversity parameters from molecular markers, which avoids spurious associations 

arising by precisely modelling genetic relatedness among individuals (Endelman, 2011). 

To confirm population structure adjustment was successful in the GWAS, the distribution 

of -log10(p-values) from the association between each genotyped SNP and the 

phenotype of interest were assessed on the Q-Q plots. If population structure is 

successfully controlled, the -log10(p-values) will lie on the diagonal line which is the 

expected distribution under a model of no association (null hypothesis). As the -log10(p-

values) did not deviate from the expected distribution (Figure S3.10, Appendix 2), 

population structure was appropriately controlled for in the GWAS. As mentioned above 

(section 3.5.2.1), population structure in the BayeScan analysis inflated FST values due 

to violated assumptions of evolutionary independence, however SNPs under selection 

were still successfully identified due to testing for local adaptation, i.e., locus q-values 

were used to determine whether a locus is under selection (Storey & Tibshirani, 2003). 

In the current study, additional criteria were imposed to reduce the number of outlier 
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observed: AB = 0.3, aB = 0, Ab = 0.7 and ab = 0. Using the equations in Figure S3.22 

(Appendix 2), calculation of r2 results in an error (Hill & Robertson, 1968). Hence, SNPs 

with fixed genotypes within a population cannot be used to calculate LD and detect 

linked loci. 

Three of the four remaining ioSNPs exhibited incomplete sweeps, with non-fixed 

allele frequencies at the end point generations, and LD was able to be calculated in the 

pools where the SNP was shown under selection. By contrast, LD estimation for the 

fourth ioSNP, 13_4850703 required the use of data from pools in which the SNP was 

not under selection. The estimated rate of LD decay shown here is likely to be an under 

estimate of the actual LD decay in white clover due to the low number of SNPs used to 

calculate LD but a greater SNP density dataset would need to be used to investigate 

this further. 

3.5.6 One single nucleotide polymorphism associated with water-soluble 

carbohydrate accumulation identified by outlier detection methodology 

Sugars in plants play important roles as nutrients, signal molecules and solutes during 

stress. The vacuole is an organelle that stores solutes as nutrient reservoirs and also 

plays an important role in adaptation to salt stress and drought (Rizhsky et al., 2004), 

as well as cold stress (Wormit et al., 2006; Schulze et al., 2012). Various abiotic stresses 

lead to the accumulation of sugars, in particular glucose and fructose (Wormit et al., 

2006), thus suggesting that vacuole sugar transporters play a role in these situations 

(Pertl-Obermeyer et al., 2016). 

In the past two decades, vacuole sugar transporters have been characterised in 

detail and are mainly membrane proteins that belong to the major facilitator superfamily 

(MFS), which has two subfamilies known as sucrose transporters (SUTs) and 

monosaccharide transporters (MSTs) (Pertl-Obermeyer et al., 2016). Within the 

monosaccharide transporters, there is a family of vacuolar sugar transporters called 

early responsive to dehydration (ERD) which contain importers and exporters of 

vacuolar sugars (Büttner, 2007). ERD six-like transporters are involved in energy-

independent sugar efflux from the vacuole (Wei et al., 2014) and are induced by 

dehydration and cold treatment (Kiyosue et al., 1998). There are 19 known ERD6-like 

genes in Arabidopsis and expression has been shown to vary from homologue to 

homologue in A. thaliana (Büttner, 2007). For example, expression of ERD6 in A. 

thaliana has been shown to decrease in leaves after exposure to high salinity and ABA 
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of the gene the SNP is located near should also be investigated (Zhang, 2016). As 

previously mentioned, the Q-Q plots produced from the GWAS in this study indicated 

population structure was successfully controlled as most p-values were similar to the 

expected p-values, with a few SNPs in both the SSS and WSC plots exhibiting deviation 

from the line with -log10(p-values) > 3.0. Candidate genes in close proximity to SNPs 

that were in common to both traits (WSC and SSS) and highly ranked were investigated. 

The first SNP 1_2338028 was in the exon of VPS35B, which plays a role in vesicular 

protein sorting (Yamazaki et al., 2008) and is involved in plant growth and leaf 

senescence.  

Another SNP (5_47903593) may be important for WSC accumulation based on 

the gene annotation. This SNP was located 855 bp away (upstream of the promoter 

region) from the start codon of glgC (glucose-1-phosphate adenylyltransferase) which 

encodes the small subunit of ADP-glucose pyrophosphorylase (ADPG-Ppase) (Weber 

et al., 1998). This subunit is involved in starch biosynthesis, which in turn may affect 

glucose and sucrose concentrations (Burgess et al., 1997). As the SNP was located in 

the promoter region, we cannot determine whether glgC transcription is initiated, 

reduced or inhibited; nor if the SNP is linked to a functional part of the gene. However, 

there is an expectation that higher glgC activity confers greater levels of starch 

(Ballicora, Iglesias & Preiss, 2004). It is speculated that increased levels of sucrose may 

be responsible for inducing expression of this gene as expression was highest in tissues 

with a high carbohydrate content, e.g., seeds in Pisum sativum (Muller-Rober et al., 

1990; Burgess et al., 1997). Two transcripts encode the small subunit of ADPG-Ppase 

in both Vicia faba (Weber et al., 1995) and P. sativum (Burgess et al., 1997) and based 

on genome annotations (Griffiths et al., 2019), this is also the case in white clover. Other 

dicots such as Arabidopsis, potato, spinach and sugar beet have only one small subunit, 

suggesting that the duplication occurred after legumes diverged from other dicots 

(Morell et al., 1987; Muller-Rober et al., 1990; Nakata et al., 1991; Villand, Olsen & 

Kleczkowski, 1993; Müller-Röber, Nast & Willmitzer, 1995; Burgess et al., 1997). 

Psagps2 in P. sativum, the orthologue of white clover glgC, had variable expression 

across a range of tissues, with the highest expression levels observed in seeds (Burgess 

et al., 1997). VfAGPC in V. faba is expressed only in the cotyledons, with no transcripts 

detected in leaves or flowers (Weber et al., 1995). Given the lack of VfAGPC expression 

in leaves in these species, expression of glgC in white clover leaves may be hard to 

detect. This may impact the ability to detect this protein in the transcriptomic and 

proteomic study presented in Chapter 4. Another study (Zhang et al., 2015) found the 

large subunit of glgC (Glucose-1-phosphate adenylyltransferase large subunit) to be 
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associated with drought resistance in Medicago sativa. This suggests that glgC may 

also play a role in osmotic adjustment or osmoprotection, as osmotic adjustment is the 

capacity of cells to accumulate solutes and use them to lower water potential during 

periods of osmotic stress. Low molecular weight sugars are often involved in osmotic 

adjustment which adds to the confidence of associating glgC to WSC accumulation in 

white clover. 

The last SNP (9_23070656) was associated with the UPL6 gene, which is 

involved in protein post-translational modification, mediating the addition of ubiquitin 

groups to target proteins and the proteasomal degradation of target proteins. Increased 

protein degradation due to environmental stress has been observed in plants as a way 

to mobilize nitrogen or eliminate damaged proteins (Eckert et al., 2010a). This may have 

a role in the concentration of protein to sugars in the cells as other studies have found 

evidence of induced protein turnover (enhancement of ubiquitin ligase) in response to 

water deficit and cold stress (Kiyosue et al., 1996; Abernethy & McManus, 1999; Schulze 

et al., 2003; Kim & Kim, 2013; Patel et al., 2015). However, expression of these genes 

will need to be investigated further to identify their role in WSC accumulation in white 

clover. 

Only one study has investigated the genetic control of WSC in white clover and 

revealed that there were four candidate genes that control stolon WSC (Inostroza et al., 

2018). However there are stark differences between the findings in Inostroza et al. 

(2018) and the current study. Firstly, their experimental unit was the stolon, typically a 

carbon sink (importers of assimilates), whereas leaves, assayed in the current study, 

are carbon sources (exporters of assimilates) and the control of WSC in both tissues 

are likely to be under different mechanisms (Ballicora et al., 2004). Secondly, the 

degradation of WSC was investigated in Inostroza et al. (2018), whereas in the current 

study WSC accumulation was the focus. Additionally, identification of genes involved in 

stolon WSC degradation was via GWAS using a dataset of a greater SNP density (16.6 

SNPs per Mbp) compared to the current study (6 SNPs per Mbp as 5,757 SNPs were 

used for the GWAS), so all the genes important for WSC accumulation may not have 

been detected. Inostroza et al. (2018) identified four candidate genes associated with 

WSC degradation rate, including a prolyl 4-hydroxylase alpha-like protein, a putative 

RING-finger E3 ubiquitin ligase, plant invertase/pectin methylesterase inhibitor and 

peptide/nitrate transporter. None of these genes were in common with the genes 

associated with outlier SNPs or detected by GWAS. The genetic control of foliar WSC 

accumulation requires further elucidation and is investigated further in Chapter 4. 
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3.6 Conclusions 

Past research has investigated the genetics of WSC in white clover stolons in response 

to cold-stress but no studies have examined the genetics underpinning increased foliar 

WSC in white clover. In this study, five breeding pools that had undergone selection for 

divergent foliar WSC were utilised to identify candidate genes associated with this trait. 

GBS SNP markers from outlier analyses or GWAS were found to differentiate low and 

high WSC populations, and from this, two candidate genes were identified: ERD6-like 4 

and glgC. SNPs associated with a range of other candidate genes were also identified, 

with involvement in numerous aspects of plant development, membrane transport, post-

translational processing, cell division and pathogen response. LD analysis showed 

relatively rapid LD decay in these populations, which is not uncommon in outcrossing 

species. It demonstrated that the marker density was insufficient to confidently link 

candidate genes to intergenic SNPs more than 10,000 bp away. However, clear 

phenotypic separation of the high and low WSC populations provide a platform for 

further genetic investigation through the use of transcriptomics and proteomics.  
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CHAPTER 4 

Transcriptomic and proteomic analysis of foliar water-soluble carbohydrate 

accumulation in white clover (Trifolium repens L.) 
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4.1 Abstract 

Mitigating the environmental impact of pastoral agriculture systems in New 

Zealand/Aotearoa is required to improve the quality of waterways. Increasing water-

soluble carbohydrate (WSC) levels in white clover leaves is one way to reduce nitrogen 

produced by ruminants. Determining the genetic control of foliar WSC is important to 

enable efficient breeding for high WSC white clover cultivars. Variation in genes can 

provide insight into the genetic changes that underlie artificial selection for phenotypes. 

Four populations from two pools previously used in the phenotyping and genotyping 

chapters (Chapters 2 and 3) were utilised for transcriptomic and proteomic analyses. 

The aims of the present study were to identify carbohydrate pathway genes involved in 

WSC accumulation and determine whether convergent evolution in WSC levels was 

achieved through artificial selection sorting the same allelic variants of pathway genes 

into high and low WSC populations. Fourteen gene models from seven gene families of 

carbohydrate genes (glgC, WAXY, glgA, glgB, BAM, AMY and ISA3) were identified as 

being under selection. Three gene families (glgC, WAXY and BAM) in the starch 

synthesis and degradation pathway were found to be under selection in both high WSC 

populations, while an additional four gene families were under selection in at least one 

of the high WSC populations. Patterns of single nucleotide polymorphism (SNP) 

variation in chr8.jg3312.t1 (AMY), chr5.jg7106.t1 (glgC) and chr3.jg7615.t1 (WAXY) 

separated low and high WSC individuals. Sequencing of additional individuals is needed 

to determine whether allelic variants for the other 11 gene models contribute significantly 

to WSC levels, and whether allelic variation of these genes is important in breeding high 

WSC white clover individuals. Allelic variation of carbohydrate pathway genes may be 

necessary but insufficient to fully understand WSC accumulation as a genome-wide 

association study (GWAS) identified a transcription factor (GTE9) linked to WSC levels, 

suggesting the potential contribution of cis-acting regulation in WSC accumulation. 

 

  





 

135 

of different experimental approaches for identifying candidate genes responding to 

artificial selection. It also allowed me to test a prediction from the hypothesis that 

standing genetic variation provides a means for adaptation and rapid 

morphological/physiological evolution (Lai et al., 2019). More specifically, I investigated 

whether the same artificial selection regimes for high and low levels of WSC applied to 

different genetic pools of white clover would select the same allelic variants controlling 

expression levels of carbohydrate pathway genes and in so, doing alter levels of WSC 

produced in the leaves of the plant. If so, this would provide a model system for 

investigating physiological and biochemical processes of convergent evolution (Sackton 

& Clark, 2019). In any event, the experiment had the potential to identify candidate gene 

targets for selection in future breeding programmes that seek to increase WSC content 

in white clover populations.  

One weakness of comparative transcriptome and proteome profiling is that 

underlying population structure and possible underlying confounders, such as stochastic 

and systematic errors, can contribute to long lists of differential expression where only 

some will be informative. In the current study, the historic relationships of four 

populations of white clover was reconstructed to provide a phylogenetic framework for 

studying differential expression patterns that could be linked to artificial selection for 

foliar WSC levels. GBS-derived SNP data for these four populations were obtained in 

Chapter 3 and were used to reconstruct the evolutionary relationship of the four 

populations using Neighbour Net analyses (Bryant & Moulton, 2004). Phylogenetic 

relationships of the four populations using 183 individuals and 222 high quality filtered 

GBS SNPs were reconstructed to produce a phylogenetic tree that reflected the known 

breeding pedigree of the four populations. Patterns of transcript expression and protein 

abundance were superimposed onto this phylogeny (Figure 4.1). Of most interest were 

patterns of differential expression that could and could not be mapped to branches of 

the phylogenetic tree and in particular, patterns of expression that appeared to be 

convergent between populations from different pools subjected to the same direction of 

artificial selection. SNP variation from non-coding and coding regions of 14 of the 

candidate carbohydrate metabolism gene model IDs identified as responding to 

selection were examined. Doing this allowed the question to be asked: whether 

convergent phenotypes (high or low levels of WSC) might have arisen from similar 

sorting of ancestral allelic variation or whether different physiological or metabolic 

processes generated similar phenotypes in the two pools? This study was motivated by 

a recent discussion of whether phylogenetic modelling of expression data may provide 

a more efficient means of identifying candidate genes under selection than standard 
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approaches of pairwise comparison (Voelckel et al., 2017). Although, phylogenetic 

modelling was not undertaken in the present work, the implications of my findings for 

this approach have been discussed, as is evidence for the sorting of allelic variation that 

may have significance for rapid morphological evolution. 

 

Figure 4.1 Experimental design as a four-taxon tree. The tree on the left depicts a rooted 
four-taxon tree and the figure on the right depicts an unrooted taxon tree. FH = FNZLL-
High-End, FL = FNZLL-Low-End, WH = WNZLL-High-End, WL = WNZLL-Low-End; 
where: F = Ford, NZ = New Zealand/Aotearoa, LL = large leaf, High = high water-soluble 
carbohydrate (WSC), Low = low WSC, End = End generation, W = Widdup. 

4.3 Materials and methods 

4.3.1 Experimental design 

Four populations from two pools used in Chapters 2 and 3 were utilised for 

transcriptomic and proteomic analyses. These populations were: WNZLL-High-End, 

WNZLL-Low-End, FNZLL-High-End and FNZLL-Low-End; hereafter referred to as WH, 

WL, FH and FL, respectively. Five individuals from each population were used for 

transcriptomic analysis and six individuals from each population were used for proteomic 

analysis (Table S4.1, Appendix 3). Three samples per population were common 

between two analyses. 







https://hylite.sourceforge.io/tutorial.html#tutorial
https://github.com/MarniTausen/CloverAnalysisPipeline




http://systemsbiology.cau.edu.cn/agriGOv2/c_SEA.php
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plots were then created using the function scatter() for each candidate gene. A loading 

plot was generated for each gene model ID to identify which SNPs differentiate the High 

and Low individuals using the function loadingplot(). SNPs with loadings above 0.03 

were selected as contributing the most to the observed separation of individuals on the 

first discriminant function. Genotype calls for each SNP were extracted using VCFtools 

--extract-FORMAT-info GT and converted to binary: 0/0 = 0, 0/1 = 1, 1/1 = 2. Where: 0 

= homozygous for the reference allele, 1 = heterozygous, and 2 = homozygous for the 

alternate allele. A trend where all the individuals from the high WSC populations have 

the same genotype would suggest there is evidence that a particular SNP is potentially 

functionally associated with higher WSC content. A summary of the analysis workflow 

is presented in Figure 4.2, including the populations used, the transcriptomic and 

proteomic workflow and SNP variation.
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4.4 Results 

4.4.1 Water-soluble carbohydrate content of individuals used in transcriptomic 

and proteomic analyses  

Water-soluble carbohydrate (WSC) content of individuals for each population was 

plotted and statistically significantly differences were observed between the high and 

low WSC populations (Figure 4.3). A greater difference in the mean WSC content was 

observed between the WH and WL populations (approximately 100 grams per kilogram 

dry matter, g kg-1 DM) than between the FH and FL populations (approximately 75 g kg-

1 DM). As will be discussed, this is an observation perhaps relevant for understanding 

the significance of differences in patterns of differential expression for carbohydrate 

metabolism genes observed for the WNZLL and FNZLL pools. 

 

Figure 4.3 Boxplots of water-soluble carbohydrate (WSC) content (g kg-1 dry matter) 
grouped by population. Data points used to construct boxplots are displayed and shape 
coded to represent which analysis (SWATH proteomics, RNA transcriptomics or both) 
the samples were used in. WSC was measured by near infra-red spectroscopy. 
Note: FH = FNZLL-High-End, FL = FNZLL-Low-End, WH = WNZLL-High-End, WL = 
WNZLL-Low-End; where: F = Ford, NZ = New Zealand/Aotearoa, LL = large leaf, High 
= high water-soluble carbohydrate (WSC), Low = low WSC, End = End generation, W = 
Widdup. 
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Figure 4.4 Phylogenetic tree of 183 samples from four populations created using 222 genotyping by sequencing SNP markers with maximum 
missing data of 5%. FH individuals are surrounded by dark blue box, FL individuals are surrounded by light blue box, WH individuals are 
surrounded by dark green boxes, WL individuals are surrounded by light green box. Height is Euclidean distance.  
Note: FH = FNZLL-High-End, FL = FNZLL-Low-End, WH = WNZLL-High-End, WL = WNZLL-Low-End; where: F = Ford, NZ = New 
Zealand/Aotearoa, LL = large leaf, High = high water-soluble carbohydrate (WSC), Low = low WSC, End = End generation, W = Widdup. 
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Table 4.1 Gene ontology (GO) enrichment for differentially expressed transcripts with GO information available in six pairwise comparisons using 
transcriptomic data. Differentially expressed transcripts were significant at a Benjamini-Hochberg adjusted p-value of less than 0.05 for each 
pairwise comparison. GO terms enriched for biological processes and biological functions are reported, with important GO terms related to water-
soluble carbohydrate accumulation underlined and in bold. 

PWC n DET n REF n GO 
terms 

GO 
category GO term Description n in DET n in REF p-value 

WH-WL  2326  29639  32  

P GO:0009875 pollen-pistil interaction 19 139 0.013 
P GO:0005975 carbohydrate metabolic process 151 1603 0.015 
P GO:0006412 translation 103 1056 0.016 
P GO:0007049 cell cycle 101 1037 0.017 
P GO:0051704 multi-organism process 184 2003 0.019 
P GO:0009790 embryo development 65 645 0.026 
P GO:0010467 gene expression 463 5370 0.03 
P GO:0022414 reproductive process 196 2212 0.05 
F GO:0005198 structural molecule activity 79 612 1.40e-05 
F GO:0030246 carbohydrate binding 85 520 0.0051 
F GO:0003682 chromatin binding 33 290 0.021 
F GO:0000166 nucleotide binding 404 4679 0.035 

FH-FL 1126 29639 5 

P GO:0006259 DNA metabolic process 118 2451 0.0086 
P GO:0007049 cell cycle 52 1037 0.031 
F GO:0000166 nucleotide binding 227 4679 0.00046 
F GO:0003774 motor activity 11 154 0.034 

WH-FL 986 29639 1 P GO:0006259 DNA metabolic process 139 2451 1.20e-08 

FH-WL 1212 29639 10 
P GO:0006259 DNA metabolic process 128 2451 0.0051 
P GO:0019725 cellular homeostasis 30 469 0.012 
P GO:0065008 regulation of biological quality 97 1873 0.015 
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Table 4.1 (continued) 

PWC n DET n REF n GO 
terms 

GO 
category GO term Description n in DET n in REF p-value 

FH-WL 1212 29639 10 

P GO:0008361 regulation of cell size 5 40 0.023 
P GO:0042592 homeostatic process 52 979 0.039 
F GO:0016787 hydrolase activity 356 7074 0.0003 
F GO:0000166 nucleotide binding 238 4679 0.0012 
F GO:0030246 carbohydrate binding 36 520 0.002 
F GO:0016788 hydrolase activity, acting on ester bonds 145 2819 0.0053 
F GO:0003824 catalytic activity 723 16198 0.03 

WH-FH 879 29639 5 

P GO:0006259 DNA metabolic process 89 2451 0.039 
P GO:0042592 homeostatic process 39 979 0.045 
F GO:0000166 nucleotide binding 165 4679 0.023 
F GO:0030246 carbohydrate binding 23 520 0.042 
F GO:0003677 DNA binding 110 3106 0.044 

WL-FL 2191 29639 20 

P GO:0019748 secondary metabolic process 64 508 3.00e-05 
P GO:0008219 cell death 46 366 0.00036 
P GO:0009607 response to biotic stimulus 138 1456 0.0024 
P GO:0006950 response to stress 384 4559 0.0083 
P GO:0009605 response to external stimulus 175 1971 0.0097 
P GO:0051704 multi-organism process 177 2003 0.011 
F GO:0030246 carbohydrate binding 59 520 0.00088 
F GO:0000166 nucleotide binding 401 4679 0.0029 
F GO:0003824 catalytic activity 1290 16198 0.014 
F GO:0016301 kinase activity 244 2853 0.015 
F GO:0016740 transferase activity 581 7216 0.031 
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Table 4.1 (continued) 

PWC n DET n REF 
n GO 
terms 

GO 
category GO term Description n in DET n in REF p-value 

WL-FL 2191 29639 20 
F GO:0060089 molecular transducer activity 46 480 0.046 
F GO:0004872 receptor activity 46 480 0.046 

Note: PWC = Pairwise comparison, n DET = number of differentially expressed transcripts, n REF = number of transcripts in the reference 
list, n GO terms = number of GO terms enriched, GO category = either biological process (P) or molecular function (F), n in DET = number of 
transcripts in the GO category that were differentially expressed, n in REF = number of transcripts in the GO category that were in the 
reference list, p-value = p-value for the GO enrichment analysis for the GO term, FH = FNZLL-High-End, FL = FNZLL-Low-End, WH = 
WNZLL-High-End, WL = WNZLL-Low-End; where: F = Ford, NZ = New Zealand/Aotearoa, LL = large leaf, High = high water-soluble 
carbohydrate (WSC), Low = low WSC, End = End generation, W = Widdup. 
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Table 4.2 Gene ontology (GO) enrichment for differentially abundant proteins with GO information available in six pairwise comparisons using 
proteomic data. Differentially abundant proteins were significant at a p-value of less than 0.05 for each pairwise comparison. GO terms enriched 
for biological processes and biological functions are reported, with important GO terms related to water-soluble carbohydrate accumulation 
underlined and in bold. 

PWC n DAP n REF n GO 
terms 

GO 
category GO term Description n in DAP n in REF p-value 

WH-WL 289 6424 3 
P GO:0005975 Carbohydrate metabolic process 42 612 0.0076 
P GO:0009991 Response to extracellular stimulus 11 111 0.013 
F GO:0016787 Hydrolase activity 95 1703 0.038 

FH-FL 663 6424 21 

P GO:0006950 Response to stress 2204 1394 4.00e-06 

P GO:0009607 Response to biotic stimulus 81 461 4.00e-06 

P GO:0051704 Multi-organism process 92 547 6.40e-06 

P GO:0009605 Response to external stimulus 94 573 1.40e-06 

P GO:0019725 Cellular homeostasis 32 175 0.0012 

P GO:0050896 Response to stimulus 270 2159 0.0030 

P GO:0009719 Response to endogenous stimulus 82 577 0.0031 

P GO:0009628 Response to abiotic stimulus 114 851 0.0046 

P GO:0065008 Regulation of biological quality 68 485 0.0082 

P GO:0006091 
Generation of precursor metabolites 
and energy 57 398 0.0093 

P GO:0009056 Catabolic process 123 952 0.0100 

P GO:0042592 Homeostatic process 37 243 0.0120 

P GO:0040029 Regulation of gene expression, 
epigenetic 12 62 0.0240 

F GO:0003824 Catalytic activity 510 4256 0.004 
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Table 4.2 (continued) 

PWC n DAP n REF n GO 
terms 

GO 
category GO term Description n in DAP n in REF p-value 

WH-FL 523 6424 24 

P GO:0051704 Multi-organism process 72 547 9.40e-05 
P GO:0009607 Response to biotic stimulus 60 461 0.00041 
P GO:0009605 Response to external stimulus 71 573 0.00056 
P GO:0006810 Transport 106 931 0.00085 
P GO:0051234 Establishment of localization 106 945 0.0013 
P GO:0051179 Localization 110 992 0.0016 
P GO:0030154 Cell differentiation 26 182 0.0042 
P GO:0050896 Response to stimulus 212 2159 0.0096 
P GO:0048869 Cellular developmental process 32 253 0.01 
P GO:0065008 Regulation of biological quality 54 485 0.016 
P GO:0019725 Cellular homeostasis 23 175 0.017 
P GO:0040007 Growth 23 179 0.022 
P GO:0007154 Cell communication 55 512 0.028 
P GO:0042592 Homeostatic process 29 243 0.028 
P GO:0007165 Signal transduction 45 145 0.036 

F GO:0008289 Lipid binding 16 99 0.0068 
F GO:0004871 Signal transducer activity 12 80 0.029 

FH-WL 459 6424 9 

P GO:0019725 Cellular homeostasis 28 175 7.00e-05 
P GO:0042592 Homeostatic process 34 243 0.0002 
P GO:0050896 Response to stimulus 183 2159 0.025 
P GO:0006950 Response to stress 119 1394 0.042 

P GO:0006091 Generation of precursor metabolites 
and energy 38 398 0.049 
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Table 4.2 (continued) 

PWC n DAP n REF n GO 
terms 

GO 
category GO term Description n in DAP n in REF p-value 

FH-WL 459 6424 9 F GO:0008289 Lipid binding 13 99 0.025 

WH-FH 373 6424 9 

P GO:0006950 Response to stress 102 1394 0.021 
P GO:0009605 Response to external stimulus 44 573 0.046 
P GO:0051704 Multi-organism process 42 547 0.05 

F GO:0003824 Catalytic activity 282 4256 0.046 

WL-FL 435 6424 12 

P GO:0009056 Catabolic process 94 952 0.00054 
P GO:0005975 Carbohydrate metabolic process 59 612 0.0066 
P GO:0051704 Multi-organism process 53 547 0.0085 
P GO:0019748 Secondary metabolic process 19 156 0.011 
P GO:0009607 Response to biotic stimulus 43 461 0.027 

F GO:0003824 Catalytic activity 334 4256 0.02 
F GO:0016740 Transferase activity 111 1358 0.039 

Note: PWC = Pairwise comparison, n DAP = number of differentially abundant proteins, n REF = number of proteins in the reference list, n 
GO terms = number of GO terms enriched, GO category = either biological process (P) or molecular function (F), n in DAP = number of 
proteins in the GO category that were differentially abundant, n in REF = number of proteins in the GO category that were in the reference list, 
p-value = p-value for the GO enrichment analysis for the GO term, FH = FNZLL-High-End, FL = FNZLL-Low-End, WH = WNZLL-High-End, 
WL = WNZLL-Low-End; where: F = Ford, NZ = New Zealand/Aotearoa, LL = large leaf, High = high water-soluble carbohydrate (WSC), Low = 
low WSC, End = End generation, W = Widdup. 
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Figure 4.5 (Figure legend on next page)
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Figure 4.5 Boxplots of 49 transcripts linked to carbohydrate metabolic process using normalised transcript expression values for each population. 
Data points are overlaid on the boxplots for each population. Transcripts have gene names assigned, which are alphabetically ordered and 
transcripts coloured in light green represent the 26 candidate transcripts under selection as identified in the correlation analysis. See Table S4.4 
(Appendix 3) for corresponding fold changes and p-values for the 26 candidate transcripts. Note that the y-axis scale is different between 
transcripts. ACP1 = acyl carrier protein 1, ARL2 = ADP-ribosylation factor-like protein 2, BAM = beta-amylase, BFRUCT = beta-fructofuranosidase, 
BGAL = beta-galactosidase, Bgluc = glucan endo-1,3-beta-glucosidase-like, CESA4 = cellulose synthase A catalytic subunit 4, CHIB1 = acidic 
endochitinase, CHR12 = probable ATP-dependent DNA helicase CHR12 isoform X1, COBL4 = COBRA-like protein 4, CSLH1 = cellulose 
synthase, FAM135B = protein FAM135B isoform X1, FRK = probable fructokinase-6, GALM = aldose 1-epimerase, GCST = 
aminomethyltransferase, glgC = glucose-1-phosphate adenylyltransferase large subunit 1, IPPK = inositol-pentakisphosphate 2-kinase, IRE1 = 
serine/threonine-protein kinase/endoribonuclease IRE1a-like isoform X1, LI = cyanogenic beta-glucosidase, MAC12.5 = probable alpha-
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mannosidase At5g13980, MDH = malate dehydrogenase, MYH11 = myosin-11 isoform X1, PGL1 = probable 6-phosphogluconolactonase 4, 
PGL2 = probable 6-phosphogluconolactonase 2, PME = pectin methylesterase, PME22 =putative pectinesterase/pectinesterase inhibitor 22, 
PPE8B = pectinesterase/pectinesterase inhibitor, rham = probable rhamnogalacturonate lyase B isoform X1, RRT1 = rhamnogalacturonan I 
rhamnosyltransferase 1-like, TRA2 = AES90954.1 Transaldolase 2, UXS = UDP-glucuronic acid decarboxylase 2-like, VIP2 = inositol 
hexakisphosphate and diphosphoinositol-pentakisphosphate kinase VIP2 isoform X2, WAXY = granule-bound starch synthase 1, XK2 = xylulose 
kinase 2, XTH1 =xyloglucan endotransglucosylase/hydrolase 1, XYL1 = alpha-xylosidase 1.  
Note: FH = FNZLL-High-End, FL = FNZLL-Low-End, WH = WNZLL-High-End, WL = WNZLL-Low-End; where: F = Ford, NZ = New 
Zealand/Aotearoa, LL = large leaf, High = high water-soluble carbohydrate (WSC), Low = low WSC, End = End generation, W = Widdup.
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Figure 4.6 Boxplots of 13 proteins linked to carbohydrate metabolic process using normalised protein expression values for each population. 
Data points are overlaid on the boxplots for each population. Proteins have gene names assigned, which are alphabetically ordered and proteins 
coloured in light green represent the 13 candidate proteins under selection as identified in the correlation analysis. See Table S4.5 (Appendix 3) 
for corresponding fold changes and p-values for all 13 candidate proteins. Note that the y-axis scale is different between proteins. AMY = alpha-
amylase 3, BAM = beta-amylase, BGAL = beta-galactosidase 1, DBR = 2-alkenal reductase (NADP(+)-dependent), glgA = starch synthase, glgB 
= 1,4-alpha-glucan-branching enzyme 1, glgC = glucose-1-phosphate adenylyltransferase small subunit 2, GWD2 = alpha-glucan water dikinase, 
ISA3 = isoamylase 3.  
Note: FH = FNZLL-High-End, FL = FNZLL-Low-End, WH = WNZLL-High-End, WL = WNZLL-Low-End; where: F = Ford, NZ = New 
Zealand/Aotearoa, LL = large leaf, High = high water-soluble carbohydrate (WSC), Low = low WSC, End = End generation, W = Widdup. 
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only one correlation (the LFC using the transcriptomic dataset) that had a slightly lower 

r value of 0.74 (p = 1.655e-05), suggesting a slightly weaker (although still high) 

relationship between the LFC of the two PWC. This relationship was weakened due to 

a large LFC between WH and WL, while the LFC between FH and FL was substantially 

smaller. As will be discussed, this observation reflects the observed phenotypes. The 

strong and highly significant relationships indicated that selection had similar effect on 

transcript and protein expression in the two pools. All 26 transcripts and 13 proteins 

were therefore identified as candidate genes that had responded to selection in the two 

pools (Table S4.4, Appendix 3 and Table S4.5, Appendix 3). 

4.4.5 Kyoto Encyclopedia of Genes and Genomes analysis of transcriptome and 

proteome data 

Kyoto Encyclopedia of Genes and Genomes (KEGG) identifiers (IDs) were assigned to 

1,230 transcripts (out of 2,646) for the WH-WL PWC and 584 transcripts (out of 1,354) 

for the FH-FL PWC. These transcripts had a Benjamini-Hochberg adjusted p-value less 

than 0.05 but there was no LFC threshold applied. KEGG-IDs were also assigned to 

200 proteins (out of 294) for the WH-WL PWC and 476 (out of 676) proteins for the FH-

FL PWC. These proteins had a p-value less than 0.05 but there was no LFC threshold 

applied. A total of 44 maps were enriched for genes and proteins to 17 KEGG pathways 

with a hit of more than five genes or proteins (Table S4.8, Appendix 3). A KEGG 

pathway map is a molecular interaction network diagram that uses experimental 

evidence from well-studied organisms to represent the current knowledge of molecular 

interactions, reaction and relation networks. One map in the carbohydrate metabolism 

pathway, starch and sucrose metabolism, was identified as having more than five genes 

and proteins for each PWC. Maps were visualised for each PWC and dataset 

(transcriptomic and proteomic) with transcripts and proteins assigned a colour based on 

the LFC. For the transcriptomic and proteomic data, the right-hand side of the pathway 

was highlighted as up-regulated for the WH-WL PWC (Figure S4.3, Appendix 3 and 

Figure S4.4, Appendix 3), while the left-hand side of the pathway was highlighted as 

up-regulated for the FH-FL PWC (Figure S4.5, Appendix 3 and Figure S4.6, Appendix 

3). This analysis appears to suggest that different parts of the starch and sucrose 

metabolism reference pathway are active in WH and FH populations. 
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SNP. The other 11 gene model IDs did not show distinct differences like the above-

mentioned example (Figure S4.7, Appendix 3).
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Figure 4.7 (Figure legend on next page)
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datasets, and the GO enrichment and KEGG analyses did not identify many 

carbohydrate-related transcripts and proteins as under selection. Furthermore, different 

parts of the starch and sucrose metabolism pathway were highlighted. When 

significance criteria are relaxed or ANOVA and correlation are used, there are 

similarities between the two pools.  

4.5.4 Developing a metabolic model for carbohydrate metabolism in white clover 

Developing a metabolic model for carbohydrate metabolism in white clover would likely 

be of great value in achieving more sustainable agriculture with white clover (Cañas et 

al., 2017; Fang, Luo & Wang, 2019). Such a model would require understanding the 

contribution of different regulatory processes that determine flux through the sucrose 

synthesis/degradation pathway. With my work to date, some progress has been made 

towards understanding the metabolic process that contribute to the WSC phenotypes. 

However, more detailed studies are needed to evaluate the relative contribution of cis- 

and trans-acting transcriptional, and post-translational modification in determining this 

metabolic flux. 

4.6 Conclusions 

Transcriptome sequencing and proteomics are often undertaken in parallel with 

genomics to add an additional layer of evidence to the genomic data. Standard pairwise 

comparison (PWC) analyses for differential transcript expression and protein abundance 

was able to identify significant changes in expression of genes related to carbohydrate 

metabolism for the WNZLL pool. However, PWC analysis for the FNZLL pool failed to 

show the same enrichment for carbohydrate metabolism genes. This is correlated to an 

apparently weaker selection response in the FNZLL populations, with a lower level of 

phenotypic divergence observed between low and high populations. Using PWC we 

were not able to identify a convergent expression response in WNZLL and FNZLL high 

water-soluble carbohydrate (WSC) populations. However, by accounting for 

phylogenetic relationships I was able to identify expression patterns most 

parsimoniously explained as a response to artificial selection. Fourteen carbohydrate 

genes were shown by analysis of variance (ANOVA) and correlation analysis to have 

similar patterns of expression in response to selection. Increasing WSC content in white 

clover leaves appears to be strongly affected by regulation of genes involved in the 

starch biosynthetic and degradation pathways. There was strong evidence that sorting 

of allelic variants for gene model IDs belonging to glgC, WAXY and AMY gene families 

correlated to the high WSC phenotype. There was strong evidence for an additional 11 
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gene model IDs responding to selection, but the significance of the observed single 

nucleotide polymorphism (SNP) variation is unclear. Future work involving sequencing 

the 14 gene regions in more population samples may help to identify allelic variants that 

can be used to efficiently breed for high WSC white clover individuals. 
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CHAPTER 5 

Local adaptation in white clover (Trifolium repens L.) populations associated 

with climate variation  
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genetic diversity as the sample size was increased in increments of 10. This study found 

that a minimum of 30 individuals were required to represent the genetic variation within 

a cultivar. Therefore, a sample of 50 individuals from each pasture population was 

considered sufficient and provided for additional samples to be available in case DNA 

extraction failed. Forty samples per population were subsequently genotyped (section 

5.3.2), to allow for samples with poor quality GBS data to be excluded. Allowing for 

redundancy at DNA extraction and genotyping stages meant that a minimum of 30 

samples should be available for subsequent analyses. 
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Figure 5.1 Geographic locations of 17 white clover populations sampled in the South Island/Te Waipounamu of New Zealand/Aotearoa. Global 
aridity index (A) and annual precipitation (B) were strongly correlated with principal component 1, which explains 47.6% of the climatic variation 
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across the 17 populations. Maps were created in QGIS v 2.18.28 and are shaded according to the climatic variables downloaded from the 
WorldClim Global Climate Data (http://WorldClim.org). The colour scale in A represents the global aridity index (AI). Lower AI values and red 
colours indicate areas are more arid, while higher AI values and blue colours indicate areas are more humid. The colour scale in B represents 
the annual precipitation (AP). Lower AP and green colours represent less rainfall, and higher AP and blue represent more rainfall. AT = Arrowtown, 
AV = Awatere Valley, CF = Cape Foulwind, CL = Clarence, FL = Fruitlands, HA = Haast, KJ = Kumara Junction, KK = Kaikoura, LT = Lower 
Takaka, MM = Middlemarch, MR = Makarora, OM = Omarama, RS = Rahu Saddle, RV = Rai Valley, SB = Southbridge, WP = Waipara and WR 
= Whataroa. Waikuku (WK) is removed from maps as it was not used in analyses.  

http://worldclim.org/
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visualised by electrophoresis to assess quality, and quantified using the methodology 

outlined in Chapter 3 (section 3.3.2). Samples that did not produce a single clear high 

molecular weight band on an electrophoresis gel were re-extracted. If the second 

extraction did not yield good quality DNA, then another individual was chosen for 

extraction. 

From the sampled 900 individuals, a total of 720 were chosen for GBS, and 

consisted of 40 individuals from each of the 18 populations. Each GBS library can 

contain a maximum of 96 individuals, but one negative and one positive control was 

included for each library, leaving 94 positions for samples. The negative control (a water 

control) was used to assess cross contamination in the libraries and the positive control 

(inbred white clover S9 individual (Cousins & Woodfield, 2006; Griffiths et al., 2019)) was 

used to confirm consistency of GBS and single nucleotide polymorphism (SNP) capture 

across all libraries. Eight libraries were generated and 32 spare wells were filled with 

duplicated DNA samples chosen at random from across all populations. The duplicated 

samples included duplication of samples within a GBS library and duplication of samples 

among GBS libraries. The duplicated DNA samples within a GBS library and the positive 

S9 control samples were used to confirm consistency both within and between all GBS 

libraries, as explained in Chapter 3, section 3.3.4.3. Eight GBS libraries were 

constructed following the protocol of Poland et al. (2012b) with some modifications. See 

Chapter 3, section 3.3.3 for details of GBS library construction. 

5.3.3 Single nucleotide polymorphism calling, filtering and genotyping by 

sequencing library control 

5.3.3.1 Single nucleotide polymorphism calling 

After sequencing (two lanes of data per plate), raw data FASTQ files containing 

sequence reads were processed for SNP identification using the GBS analysis work 

flow implemented in Trait Analysis by aSSociation, Evolution and Linkage (TASSEL) v 

5.0 (Glaubitz et al., 2014) using default parameters except minor allele frequency (MAF) 

was set to 0.01. An AgResearch white clover genome assembly was used as the 

reference genome (Griffiths et al., 2019). Raw sequence data of 752 samples, 8 positive 

controls and 8 negative samples were analysed together. The purpose of performing 

the combined analysis of all populations together was for commonality and consistency 

of SNP nomenclature across all populations. A summary of the bioinformatics workflow 

is presented in Figure S3.1 (Appendix 2). Sequence reads were first trimmed to 64 bp 

and identical reads were grouped into sequence tags. The sequence tags were then 





https://roymf.shinyapps.io/structure/
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contribution to the first PC and were of strong interest in this study. These four 

environmental variables were utilised for the subsequent environmental association 

analyses, reported in the following section (5.4.6). 
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of 375 adaptive SNPs were identified as being significantly associated with at least one 

of the four environmental variables using the LEA method. These environmental 

variables comprised the aridity index (AI), soil moisture deficit (SMD), potential 

evapotranspiration (PET) and the PC1 co-ordinates from PCA analysis of environmental 

variables including SMD, AI, PET and the standard 19 bioclimatic variables described 

above (section 5.4.4) Of these 375 SNPs, 106 (28%) were common to between more 

than one of the environmental variables (Figure S5.8, Appendix 4). Similarly, using the 

lfmm method, a total of 342 adaptive SNPs were determined as being significantly 

associated with at least one of the environmental variables described above. Of these, 

201 (59%) were common to more than one of the environmental variables (Figure S5.8, 

Appendix 4). By contrast, the FST-based BayeScEnv method identified 101 adaptive 

SNPs significantly associated with at least one of the environmental variables described 

above. Of these 101 SNPs, however, none were associated with AI or PET and only 9 

(9%) were common to multiple environmental variables, in this case PC1 and SMD 

(Figure S5.8, Appendix 4). All putative adaptive SNPs identified by LEA, lfmm and 

BayeScEnv, regardless of which environmental variable they were significant for, were 

compared with the outlier SNPs detected by OutFLANK. 

5.4.7 Candidate loci and functional annotation of gene model IDs 

To identify candidate loci under selection and associated with soil moisture deficit stress, 

the commonality of outlier and adaptive SNPs was determined. SNPs identified by 

multiple methods provide confidence that these SNPs are likely positives. A total of 64 

SNPs were found in common between at least two of the OutFLANK, LEA, lfmm and 

BayeScEnv methods, with only one common to three methodologies and none to all four 

(Figure 5.5). Of these 64 candidate SNPs, 17 were found in exons, 13 in introns and 

the remainder were either intergenic or found < 2,000 bp away from gene model IDs. A 

total of 46 gene model IDs were identified as associated with 49 SNPs, based on 

physical position and proximity to genes (Table 5.2). There was an element of 

redundancy as in some cases multiple SNPs were located in the same gene model ID 

(hence 46 gene model IDs from 49 SNPs). 
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CHAPTER 6 

General discussion 
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between SNP markers distributed across the genome and WSC content, detailed in 

Chapter 3, identified glgC (gene model ID chr5.jg7106.t1, glucose-1-phosphate 

adenylyltransferase small subunit 2) as highly ranked with -log10(p-values) greater than 

3 for both the WSC and soluble sugars and starches (SSS) traits. Similarly, gene model 

IDs for glgC were also differentially expressed in the transcriptome and proteome 

analyses reported in Chapter 4. For example, this same glgC gene model ID described 

above was also found to be significantly upregulated in the proteome dataset for both 

the Widdup New Zealand large leaf (WNZLL) High WSC-End generation (WH) and Ford 

New Zealand large leaf (FNZLL) High WSC-End generation (FH) populations (Chapter 

4). Interestingly, SNP variation from RNA-Seq data for this gene model ID identified 

eight SNPs discriminating between high and low WSC individuals. Two other gene 

model IDs for glgC (both glucose-1-phosphate adenylyltransferase large subunit 1) were 

identified as being significantly upregulated in the WH and FH populations: one 

(jg5855.t1) was significantly upregulated in the transcriptome dataset for both 

populations; and the other (chr4.jg5408.t1) was significantly upregulated in both the 

transcriptome and proteome datasets for both WH and FH populations. Overall, multiple 

lines of evidence corroborate the importance of glgC for increasing foliar WSC 

accumulation in white clover. 

Gene model IDs from six additional gene families (AMY, BAM, glgA, glgB, ISA3 

and WAXY) in the starch biosynthesis and degradation pathway showed significant 

upregulation in both the WH and FH (high WSC) populations for at least one of the 

transcriptome or proteome datasets. Interestingly, SNP variation from RNA-Seq data for 

two of these gene model IDs (AMY and WAXY) identified one and two SNPs, 

respectively, discriminating between high and low WSC individuals in the form of distinct 

genotype differences.  

The outlier analyses described in Chapter 3 identified a large number of genes 

as potentially under selection during breeding for divergent foliar WSC. For the most 

part, the transcripts and proteins of these genes were not investigated as there was little 

overall corroboration between the genome, transcriptome and proteome. In the one 

case where the transcripts and proteins for a gene (chr16.jg4564.t1, At1g19450 Sugar 

transporter ERD6-like 4) identified in Chapter 3 were briefly investigated. The gene was 

not identified by sequential window acquisition of all theoretical fragment ion spectra 

mass spectrometry (SWATH MS) proteomics, and the closest match in the T. 

occidentale genome for transcriptomics (jg42295.t1 [83.9% IDM]) had very low transcript 

counts (min = 0 and max = 8.8 read counts) and was not significantly differentially 































 

249 

6.4 Potential impact to industry 

Progress has been made in the current study to identify gene targets that impact levels 

of WSC in white clover. A large number of putative trait-associated SNPs were identified 

from outlier analyses; however, transcriptome and proteome analyses suggest that the 

genetic control of this trait is influenced by a small number of genes. Increasing WSC 

content in white clover leaves appears to be strongly affected by regulation of genes 

involved in the starch biosynthetic and degradation pathways. This is relevant to the 

forage breeding industry because it means that breeding for increased WSC might be 

made more efficient through leveraging specific SNP variants in carbohydrate 

metabolism genes such as AMY (chr8.jg3312.t1), glgC (chr5.jg7106.t1) and WAXY 

(chr3.jg7615.t1), for marker-assisted breeding for elevated foliar WSC.  

These findings suggest that future work should seek to investigate allelic variants 

of both trans- and cis-acting carbohydrate metabolism genes, understand how broadly 

effective the gene variants are, i.e., are they effective in different genetic backgrounds, 

and their contribution to altering flux through the starch biosynthesis and degradation 

pathway. A further consideration will also be the potential role of epigenetics in 

influencing WSC phenotypes. This has not been investigated in the present work. The 

phenomenon of epigenetic regulation affects plant development and growth, and is of 

increasing interest to plant breeders (Gallusci et al., 2017; Banta & Richards, 2018). 

Such further studies can be expected to create knowledge that will allow manipulation 

of WSC levels through targeted breeding programmes. These would be significant for 

reducing the environmental impact of the pastoral farming industry in New Zealand. 

The genetic control of SMD tolerance in white clover requires further 

investigation before its potential impact on industry can be ascertained. The results from 

the current study suggest future investigation into carbohydrates metabolism and root 

system characteristic genes is warranted to elucidate the control of SMD locally adapted 

naturalised populations. Further studies are required to validate and specify gene 

targets for future breeding programmes. 
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Table S2.1 (continued) 
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Table S2.6 Variance of population means for a subset of 11 white clover populations 
calculated from 15 samples for each population for each measurement. Calculations are 
based on logged data and variance is reported to 3 significant figures. 

Population Lw Ll LA Pl 
WNZLL-Parent 0.00232 0.00237 0.00548 0.0224 
WUSLL- Parent 0.00752 0.0220 0.0539 0.0184 
WNZSL- Parent 0.00255 0.00428 0.0118 0.0165 
FNZLL- Parent 0.00301 0.000949 0.00531 0.0176 
FNZSL- Parent 0.00652 0.0101 0.0290 0.00933 

WUSLL-Low-Mid 0.00693 0.00640 0.0257 0.0524 
WUSLL-High-Mid 0.00115 0.00249 0.00550 0.0150 
WNZSL-Low-End 0.00321 0.00908 0.0195 0.0377 
FNZSL-High-End 0.00949 0.0109 0.0362 0.0152 
FNZLL-Low-End 0.00944 0.0125 0.0423 0.0159 
FNZLL-High-End 0.00597 0.0153 0.0392 0.0233 

Mean 0.00528 0.00876 0.0249 0.0222 
Note: Lw = leaf width, Ll = leaf length, LA = leaf area, Pl = petiole length, W = 
Widdup, F = Ford, NZ = New Zealand/Aotearoa, US = United States of America, LL 
= large leaf, SL = small leaf, Parent = Parent generation, Mid = Middle generation, 
End = End generation, Low = low water-soluble carbohydrate (WSC), and High = 
high WSC. 
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Table S2.7 Variance of individual means for a subset of 11 white clover populations 
calculated from five replicates from each individual for each measurement. Calculations 
are based on logged data and variance is reported to a maximum of 3 significant figures. 

Population Individual Lw Ll LA Pl 
WNZLL-Parent 1 0.00204 0.00149 0.00597 0.0338 
WNZLL- Parent 2 0.00298 0.00219 0.00856 0.00989 
WNZLL- Parent 3 0.00109 0.00116 0.00442 0.00341 
WUSLL- Parent 1 0.00117 0.00147 0.00486 0.00219 
WUSLL- Parent 2 0.00175 0.00632 0.0141 0.00577 
WUSLL- Parent 3 0.000801 0.00464 0.00777 0.00211 
WNZSL- Parent 1 0.00146 0.00245 0.00721 0.00421 
WNZSL- Parent 2 0.00180 0.00298 0.00730 0.00582 
WNZSL- Parent 3 0.000578 0.00376 0.00715 0.00950 
FNZLL- Parent 1 0.00104 0.000932 0.00240 0.00874 
FNZLL- Parent 2 0.00222 0.000717 0.00374 0.0121 
FNZLL- Parent 3 0.00143 0.000534 0.000835 0.0171 
FNZSL- Parent 1 0.00196 0.00567 0.0132 0.0147 
FNZSL- Parent 2 0.000364 0.000327 0.00128 0.00706 
FNZSL- Parent 3 0.00750 0.00788 0.0303 0.00597 

WUSLL-Low-Mid 1 0.0000898 0.000514 0.000779 0.00326 
WUSLL- Low-Mid 2 0.000450 0.000735 0.00102 0.00322 
WUSLL- Low-Mid 3 0.00172 0.000808 0.00411 0.00421 
WUSLL-High-Mid 1 0.00118 0.000484 0.00282 0.0101 
WUSLL- High-Mid 2 0.000940 0.00116 0.00339 0.000192 
WUSLL- High-Mid 3 0.00148 0.00190 0.00646 0.0172 
WNZSL-Low-End 1 0.00157 0.000312 0.00291 0.00548 
WNZSL-Low-End 2 0.000583 0.00403 0.00661 0.0130 
WNZSL-Low-End 3 0.00364 0.0115 0.0259 0.00409 
FNZSL-High-End 1 0.00401 0.00240 0.0125 0.00554 
FNZSL- High-End 2 0.00889 0.00308 0.0212 0.00487 
FNZSL- High-End 3 0.00255 0.00205 0.00599 0.00527 
FNZLL-Low-End 1 0.00112 0.00136 0.00410 0.00393 
FNZLL- Low-End 2 0.00536 0.00242 0.0140 0.00284 
FNZLL- Low-End 3 0.00132 0.00176 0.00535 0.0138 
FNZLL-High-End 1 0.00189 0.000614 0.00350 0.0229 
FNZLL- High-End 2 0.000883 0.00112 0.00326 0.00710 
FNZLL- High-End 3 0.00433 0.00823 0.0242 0.00145 

Mean  0.00213 0.00264 0.00810 0.0082 

Note: Lw = leaf width, Ll = leaf length, LA = leaf area, Pl = petiole length, W = 
Widdup, F = Ford, NZ = New Zealand/Aotearoa, US = United States of America, LL 
= large leaf, SL = small leaf, Parent = Parent generation, Mid = Middle generation, 
End = End generation, Low = low water-soluble carbohydrate (WSC), and High = 
high WSC. 
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Table S2.8 Population fitted values for leaf area after spatial and treatment effects are 
taken into account. Standard error and confidence intervals are presented. 

Pool Population n Mean SE lower CI upper CI 

WNZLL 

Low-End 15 12.32 1.02 9.2 15.9 
Low-Mid 15 13.75 1.07 10.4 17.5 
Parent 30 13.15 0.82 10.3 16.4 

High-Mid 15 15.89 1.15 12.3 19.9 
High-End 15 16.07 1.16 12.5 20.1 

WNZSL 

Low-End 15 11.50 0.98 8.5 15.0 
Low-Mid 15 12.75 1.03 9.6 16.4 
Parent 30 10.94 0.75 8.4 13.9 

High-Mid 15 16.83 1.19 13.1 21.0 
High-End 15 16.42 1.17 12.8 20.5 

WUSLL 

Low-End 13 12.66 1.09 9.4 16.5 
Low-Mid 14 15.42 1.17 11.8 19.5 
Parent 30 17.07 0.94 13.8 20.7 

High-Mid 15 18.21 1.24 14.4 22.5 
High-End 15 16.20 1.17 12.6 20.3 

FNZLL 

Low-End 15 13.21 1.05 10.0 16.9 
Low-Mid 15 15.09 1.13 11.6 19.0 
Parent 30 18.58 0.98 15.2 22.3 

High-Mid 15 19.30 1.27 15.3 23.7 
High-End 15 19.77 1.29 15.8 24.3 

FNZSL 

Low-End 15 9.77 0.91 7.0 13.0 
Low-Mid 15 11.27 0.97 8.3 14.7 
Parent 30 11.27 0.76 8.6 14.3 

High-Mid 15 10.52 0.94 7.7 13.9 
High-End 15 9.50 0.89 6.8 12.7 

Note: n = number of individuals per population used in analysis, SE = standard 
error, CI = 95% confidence interval of the population mean, W = Widdup, F = Ford, 
NZ = New Zealand/Aotearoa, US = United States of America, LL = large leaf, SL = 
small leaf, Low = low water-soluble carbohydrate (WSC), High = high WSC, Parent 
= Parent generation, Mid = Middle generation, and End = End generation. Mean leaf 
area is in cm2. 
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Table S2.10 Linear regression results for water-soluble carbohydrate and leaf area interaction for each population in each pool. 
Pool Model Adj r2 F-value p-value Random effect Coefficient SE t-value p-value Equation 

WNZLL 

W
S

C
 ~

 0
 +

 P
op

ul
at

io
n 

* 
LA

 0.97 215.3 <2.2e-16 Low-End 15.38 6.45 2.39 0.021 * WSC = 15.38 - 0.5 x LA 
   Low-Mid 7.65 3.96 1.93 0.059  WSC = 7.65 + 0.34 x LA 
   Parent 16.12 2.46 6.56 2.98e-08 *** WSC = 16.12 - 0.19 x LA 
   High-Mid 12.16 4.26 2.85 0.0063 ** WSC = 12.16 + 0.26 x LA 
   High-End 21.81 4.24 5.15 4.49e-06 *** WSC = 21.81 - 0.105 x LA 
   LA -0.19 0.17 -1.13 0.27   

   Low-End : LA -0.31 0.55 -0.56 0.58   
   Low-Mid : LA 0.53 0.35 1.51 0.14   
   High-Mid : LA 0.45 0.29 1.54 0.13   
   High-End : LA 0.085 0.31 0.27 0.79   

WNZSL 

W
S

C
 ~

 0
 +

 P
op

ul
at

io
n 

* 
LA

 0.97 213.2 <2.2e-16 Low-End 9.35 2.80 3.34 0.0016 ** WSC = 9.35 + 0.206 x LA 
   Low-Mid 4.51 2.83 1.59 0.12  WSC = 4.51 + 0.6 x LA 
   Parent 10.23 1.67 6.13 1.36e-07 *** WSC = 10.23 + 0.16 x LA 
   High-Mid 12.57 2.21 5.68 6.94e-07 *** WSC = 12.57 + 0.196 x LA 
   High-End 18.17 4.86 3.74 0.00047 *** WSC = 18.17 + 0.35 x LA 
   LA 0.16 0.13 1.18 0.24   

   Low-End : LA 0.046 0.26 0.18 0.86   
   Low-Mid : LA 0.44 0.26 1.73 0.089   
   High-Mid : LA 0.036 0.17 0.20 0.84   
   High-End : LA 0.19 0.31 0.59 0.56   

WUSLL 

W
S

C
 ~

 0
 +

 P
op

ul
at

io
n 

* 
LA

 

0.95 100.2 <2.2e-16 Low-End 2.52 3.30 0.76 0.45  WSC = 2.52 + 0.56 x LA 

   Low-Mid 6.01 4.03 1.49 0.14  WSC = 6.01 + 0.29 x LA 

   Parent 6.84 2.25 3.04 0.0039 ** WSC = 6.84 + 0.37 x LA 

   High-Mid 14.35 3.81 3.76 0.00047 *** WSC = 14.35 + 0.03 x LA 

   High-End 10.04 3.39 2.96 0.0048 ** WSC = 10.04 + 0.32 x LA 

   LA 0.37 0.12 3.03 0.004 **  

   Low-End : LA 0.19 0.26 0.76 0.45   

   Low-Mid : LA -0.079 0.26 -0.30 0.77   

   High-Mid : LA -0.34 0.22 -1.50 0.14   

   High-End : LA -0.051 0.22 -0.23 0.82   
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Table S2.13 Number of individuals infected by downy mildew per population prior to leaf 
area and water-soluble carbohydrate determination in November 2017. Counts of 
number of individuals infected were determined by a presence/absence score for each 
of the 900 individuals in the white clover plot. 

Population Number of individuals infected n % infected 
WNZLL-Low-End 1 30 3.3 
WNZLL-Low-Mid 1 30 3.3 
WNZLL-Parent 0 60 0.0 

WNZLL-High-Mid 0 30 0.0 
WNZLL-High-End 2 30 6.7 
WNZSL-Low-End 1 30 3.3 
WNZSL-Low-Mid 1 30 3.3 
WNZSL-Parent 4 60 6.7 

WNZSL-High-Mid 9 30 30 
WNZSL-High-End 2 30 6.7 
WUSLL-Low-End 15 30 50 
WUSLL-Low-Mid 6 30 20 
WUSLL-Parent 5 60 8.3 

WUSLL-High-Mid 3 30 10 
WUSLL-High-End 15 30 50 

FNZLL-Low-End 0 30 0.0 
FNZLL-Low-Mid 0 30 0.0 
FNZLL-Parent 2 60 3.3 

FNZLL-High-Mid 0 30 0.0 
FNZLL-High-End 1 30 3.3 

FNZSL-Low-End 0 30 0.0 
FNZSL-Low-Mid 0 30 0.0 
FNZSL-Parent 2 60 3.3 

FNZSL-High-Mid 0 30 0.0 
FNZSL-High-End 0 30 0.0 

Note: W = Widdup, F = Ford, NZ = New Zealand/Aotearoa, US = United States of 
America, LL = large leaf, SL = small leaf, Low = low water-soluble carbohydrate 
(WSC), High = high WSC, Parent = Parent generation, Mid = Middle generation, 
End = End generation, n = number of individuals in the white clover plot for each 
population, and % infected = percentage of individuals infected by downy mildew per 
population. 
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SUPPLEMENTARY FIGURES 

 

Figure S2.1 The white clover trial block at AgResearch Grasslands Research Centre, 
Palmerston North, New Zealand/Aotearoa in early October 2017. 
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Figure S2.2 Leaf shape and size variation examples of one trifoliate leaf from five white 
clover populations. A) FNZLL-High-Mid. B) WNZSL-Low-End. C) WUSLL-Low-Mid. D) 
WNZSL-High-End. E) WUSLL-High-Mid.  
Note: W = Widdup, F = Ford, NZ = New Zealand/Aotearoa, US = United States of 
America, LL = large leaf, SL = small leaf, Low = low water-soluble carbohydrate (WSC), 
High = high WSC, Mid = Middle generation, and End = End generation. Black arrows 
indicate 1 cm for each photo. 
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Figure S2.3 Locations of where leaf measurements were taken. A) Petiole length of first 
opened leaf of a stolon. B) Middle leaflet length. C) Middle leaflet width at widest point. 
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Figure S2.4 Residual plots for water-soluble carbohydrate (WSC) values by treatments (left) and square root leaf area values by treatment (right). 
Individuals were categorised into: A) Treatment = None (i.e., Parent), Low and High, B) Generation = Parent, Mid and End, C) Pool = FNZLL, 
FNZSL, WNZLL, WNZSL and WUSLL, D) Treatment and Generation combination = combination of treatment and generation. Note: Low = low 
WSC, High = high WSC, Trt = treatment, and Gen = generation.



 

 

306 

 

Figure S2.5 Variance explained by random effects for 600 individuals assessed for water-soluble carbohydrate (left) and 447 individuals assessed 
for leaf area (right). A) Variance explained by block, B) column variance effects nested within each block, C) row variance effects nested within 
each block, D) block, column and row random effects combined. Colour scale represents positive Pearson residuals (dark blue) to negative 
residuals (dark red).
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Figure S2.6 Spatial residual plot for individual water-soluble carbohydrate (left) and individual leaf area (right) after accounting for spatial and 
treatment effects. Colour scale represents positive Pearson residuals (dark blue) to negative residuals (dark red). 
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Figure S2.7 Power plots of A) leaf width, B) leaf length, C) leaf area and D) petiole 
length for number of individuals required for each population. Calculations are based on 
log-transformed data. 
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Figure S2.8 Power plots of A) leaf width, B) leaf length, C) leaf area and D) petiole 
length for number of leaves required per individual. Calculations are based on log-
transformed data. 

 

  
























































































































































































































