
Adaptive evolution of
Annual ryegrass (Lolium rigidum, L.)

to herbicides in agroecosystems

Jefferson Paril

ORCID: 0000-0002-5693-4123

Submitted in total fulfilment of the requirements of the degree of

Doctor of Philosophy

December 2020

Faculty of Science

School of BioSciences

The University of Melbourne

1



Abstract

Abstract

Significance: The rapid evolution of herbicide resistance in weeds provides a tractable system to
study adaptive evolution. Investigations into the dynamics of herbicide resistance development
in agroecosystems will advance our understanding of evolutionary biology, as well as guide the
formulation of recommendations to control herbicide-resistant weeds.

Materials  and Methods:  Accurate  and efficient  strategies  to  characterise  and  monitor  weed
populations are required. Populations can be monitored directly by gathering phenotype and
genotype data; as well as indirectly by predicting phenotypes using genomic prediction. This
thesis investigated the adaptive evolution of weed populations with respect to herbicides. We
used Lolium rigidum (rigid/annual ryegrass) as the model weed species because of its ability to
evolve resistance to many herbicides with different modes of action. The herbicides used were
clethodim  (fatty  acid  biosynthesis  inhibitor),  glyphosate  (aromatic  amino  acid  biosynthesis
inhibitor),  sulfometuron  (branched-chain  amino  acid  biosynthesis  inhibitor),  terbuthylazine
(photosystem II disruptor), and trifluralin (tubulin disruptor).

Results: The results of this research can be summarised as:
1. Characterising a landscape by sampling more populations using low-resolution low-cost

pool  sequencing  (Pool-seq)  will  yield  better  QTL  detection  and  genomic  prediction
accuracies  than  sampling  less  populations  with  high-resolution  high-cost  individual
sequencing.

2. L. rigidum populations were collected across South-East Australia, and a colorimetric
phenotyping  method  (instaGraminoid)  was  developed  to  cost-effectively  quantify
herbicide resistance using photographs.

3. Pool-sequencing  coupled  with  genome  complexity  reduction  (Pool-ddRADseq)  with
MseI  and  NsiI  restriction  enzymes,  followed  by  filtering  at  99% read  and  mapping
accuracies, 227X minimum depth, and 0.001 minor allele frequency were predicted to
result in accurate allele frequency estimates while retaining 600,000 SNPs.

4. Genome-wide association experiments using instaGraminoid-derived phenotype data
and  Pool-seq-derived  genotype  data  show  evidence  of  highly  polygenic  herbicide
resistance traits and the genetic basis of cross-resistance.

5. The putative resistance alleles are more likely to have originated from standing genetic
variation than from de novo mutations.

6. Genomic prediction using population-level data can be useful in herbicide resistance
monitoring and management by identifying potentially resistant populations at the early
stages of resistance evolution.

Conclusion  and  recommendations:  Herbicide  resistance  is  a  polygenic  trait  with  many  loci
conferring cross-resistance.  It  is  rapidly evolving from the rich reservoir  of  standing genetic
variation. Herbicide application remains to be a cost-effective approach to control weeds, but it
will  inevitably  become  ineffective  with  the  evolution  of  cross-resistance.  I  propose  a
genomically-informed rotation of chemical  and non-chemical  control strategies. This involves
using  genomic  prediction  to  cost-effectively  and  rapidly  monitor  herbicide  resistances.
Depending on the predicted levels of resistance, different herbicide mixtures or non-chemical
weed control methods can be recommended.
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In accordance to the tradition for dissertations concerning evolutionary biology, I present an apt

quote from the field’s founder:

“In Staffordshire, on the estate of a relation where I had ample means of investigation, there

was a large and extremely barren heath, which had never been touched by the hand of man;

but several hundred acres of exactly the same nature had been enclosed twenty-five years

previously and planted with Scotch fir. The change in the native vegetation of the planted part of

the heath was most remarkable, more than is generally seen in passing from quite different soil

to another: not only the proportional numbers of the heath plants were wholly changed, but

twelve species of plants (not counting grasses and carices) flourished in the plantations, which

could not be found on the heath.”

- Darwin 1859, p69

In the face of anthropogenic environmental changes, may it be the establishment of a farm or

the application of herbicides, nature will adapt and variability is the key to success.
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Introduction

1. Introduction
The  remarkable  propensity  of  life  to  survive  is  arguably  best  appreciated  in  terms  of  the
evolution of xenobiotic resistance. Xenobiotics are any foreign substance capable of entering an
organism (Mason et al. 1965), but most contemporary definitions restrict this to toxic substances
(Schwass and Finley 1985; Juchau and Chen 1998; Croom 2012; Evans 2013), these include
antibiotics  and pesticides.  Xenobiotic  resistance is  one of  the most  tractable  and important
systems to study quantitative trait evolution. Xenobiotic resistance is increasingly found to be
polygenic and measured quantitatively (Tabashnik and Cushing 1989; Humphry et al.  2002;
Busi  et  al  2013;  Frey  et  al.  2015;  Najarro  et  al.  2015;  Cui  et  al.  2015;  Lukačišinová  and
Bollenbach 2017). The intense selection pressures imposed by xenobiotics coupled with the
large population sizes and short-generation times of the pests and pathogens they target, drive
evolution at an accelerated rate (Neve and Powles 2005; Hermsen et al. 2012; Fardisi et al.
2019).

The  overuse  and  misuse  of  antibiotics  in  clinical  and  agricultural  settings  have  led  to  the
evolution of superbugs (Lindsay and Holden 2004; Häusler 2006; Ashworth et al. 2014). These
are strains  of  bacteria  that  cannot  be controlled by  most  or  even all  of  the currently  used
antibiotics (Davies and Davies 2010; Adegoke et al. 2016). The same trend is happening with
insecticide resistance (Lemon 1994; Battlay et al. 2016; South and Hastings 2018; Dusfour et al.
2019)  and  herbicide  resistance  (Beckie  and  Tardif  2012;  Beckie  et  al.  2019;  Heap  2020).
Although this  seemingly  perpetual  race  between humanity  developing  new xenobiotics  and
pathogens and  pests  evolving  resistance  to  them,  is  a  sustainable  business  model  for  the
entities developing these xenobiotics, the limited availability of new antibiotics to fight diseases
and  new  pesticides  to  control  pests  can  be  catastrophic.  Therefore,  there  is  a  need  to
understand the genetic basis of xenobiotic resistance and the evolutionary processes that lead
to it, so that strategies can be developed to delay resistance evolution.

Among all  the pesticides,  herbicides are the most intensively and extensively used globally
(Lichtfouse 2015; FAO 2020; Roser 2020). Weeds can cause as much as 50% crop yield losses
(Yaduraju  and Rao 2013;  Peter  2016),  and in  Australia,  weeds cause $708 million  loss  in
revenue  per  year  (Llewellyn  et  al.  2016).  The  intense  selection  pressure  weeds  face  in
agroecosystems, their large effective population sizes and high genetic variability, enable the
rapid and repeated evolution of  herbicide resistance (Manalil  2014;  Baucom 2016;  Baucom
2019). Elucidating the genetic bases of and the evolutionary mechanisms leading to herbicide
resistance will  aid the development of improved strategies to control and mitigate crop yield
loss.

Before we can start discussing the approaches available to dissect the genetic basis and the
evolutionary mechanisms involved in the development of herbicide resistance, it is valuable to
discuss the history of evolution and quantitative genetics. An in-depth analysis of this history
until  the 1970s was provided  by  Provine  in  his  book “The  origins  of  theoretical  population
genetics”  (Provine  2001).  A  continuation  of  this  history  was provided  by  Charlesworth  and
Charlesworth in their review entitled “Population genetics from 1966 to 2016” (Charlesworth and
Charlesworth 2017). Various other historical accounts and reviews are mentioned below.

Emergence of the evolutionary theories: from Darwin to Fisher and Wright

Among  the  evolutionary  theories  in  the  19th century,  the  Lamarckian  evolution  of  heritable
somatic variations in response to the environment, was the most attractive even decades after
Darwin published his book “On the origin of species by natural selection or the preservation of
favoured races in the struggle for life” (Darwin 1859). However, after years of genetics research,
the  Lamarckian  view  as  the  general  phenomenon  to  explain  evolution  was  eventually
superseded by Darwin’s theory of evolution through natural  selection (Wright 1931). Darwin
recognised  the  stochastic  nature  of  heritable  variation  on  which  selection  acts  on  in  a
continuous and gradual manner.

After  the  rediscovery  of  Mendel’s  work  in  1900,  the  conflict  between  Biometricians  and
Mendelians  arose.  Biometricians  have  been  firm  advocates  of  continuous  evolution.  They
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supported Darwin’s theory of gradual continuous evolutionary change (Provine 2001). On the
other hand, Mendelians were advocates of discontinuous or discrete evolution. In 1918, Fisher
merged these two schools of thought with his paper “The Correlation between Relatives on the
Supposition  of  Mendelian  Inheritance”  (Fisher  1918).  He  rigorously  demonstrated  that
Mendelism and Darwinian selection on small continuous variation were complementary. This
was followed by the corroboration of the work by Haldane in his 1924 paper: “A Mathematical
Theory of Natural and Artificial Selection-I” (Haldane 1924), and culminating with Wrights’ 1931
paper:  “Evolution  in  Mendelian  populations”  (Wright  1931).  These  works  have  laid  the
Mendelian basis of quantitative variation and the mutation-selection model of evolution. By the
middle of the 20th century, the theoretical body of knowledge on population genetics stemming
from  Fisher,  Wright  and  Haldane  continued  to  expand  building  on  empirical  data  using
quantitative traits and fitness measures, together with the discovery of the chromosomal and
biochemical basis of genetic variation (Charlesworth and Charlesworth 2017).

The 1950’s saw the debate between the “classical” and the “balance” view of variability, where
Muller and Dobzhansky, respectively were the most well-known proponents of (Charlesworth
and Charlesworth 2017). The classical view postulates that functional wild type alleles dominate
populations  and  deleterious  mutant  alleles  are  at  low frequencies.  On the  other  hand,  the
balance  view posits  that  many genes have  multiple  functional  alternative  alleles  which  are
maintained at intermediate frequencies by balancing selection. Before nucleotide sequencing,
electrophoretic variants, i.e. proteins with varying mobility on agarose gel under an electric field,
were shown to be abundant and the balance view was thought to have prevailed. However,
Lewontin and Hubby (1966) pointed out that this does not necessarily imply balancing selection,
it can also indicate neutral or nearly neutral variants.

Selectionists and neutralists

Wright  in  the  1930s recognised  the  importance  of  random genetic  drift  in  shaping  genetic
variation  within  populations  (Wright  1931;  Wright  1938),  but  it  was  overshadowed  by  the
“selectionist” view of the predominance of loci under selection. The 1960s to the 1980s saw the
resurgence of the “neutralist” view, which posits that most of the molecular variation is neutral or
nearly neutral such that the difference between and within species are under the control of drift
and mutation rather than selection (Kimura 1968; Kern and Hahn 2018; Jensen et al. 2019;
Kimura 2020). The utility of the neutralist view was demonstrated by Kimura in 1968 with his use
of the “molecular clock” where the rate of sequence substitution between species is equivalent
to the neutral mutation rate (Kimura 1968).

The neutral theory of evolution was rigorously formulated by Kimura and Ohta in the early 1970s
(Ohta and Kimura 1971; Kimura and Ohta 1974). The first methods of interrogating nucleotide
sequence variation developed in the 1970s were instrumental in revealing the abundance of
neutral variants and the rarity of nonsynonymous variation in Drosophila melanogaster (Langley
et al. 1982; Aquadro et al. 1986). This was confirmed in 1983 by the ground-breaking work of
Kreitman  using  the  Maxam–Gilbert  technique  (differential  purine-pyrimidine  cleavage)  to
sequence 11 copies of the alcohol dehydrogenase locus of Drosophila melanogaster (Kreitman
1983). Powerful tests to study the molecular evolution of natural populations were developed,
including  tests  of  departure  from  neutrality,  stemming  from  Ewen’s  concept  of  the  scaled
mutation rate, θ=4N e μ, where N e is the effective population size (i.e. the size of an idealised
panmictic  population  with  the same inbreeding  rate  as the observed  population (Crow and
Kimura 1970)) and  μ is the mutation rate. Watterson, Nei and Tajima developed methods to
estimate this parameter and applied them on empirical sequence data (Watterson 1975; 1978;
Nei and Tajima 1981; Tajima 1983; Tajima 1989). The neutral theory opened the door for a
better appreciation of the role of drift in natural populations of finite size (Jensen et al. 2019),
which  is  particularly  relevant  in  ecology  where  endangered  species  are  expected  to  have
reduced effective population sizes. From the backdrop of neutral theory came the coalescent
theory (Kingman 1982).  It  simplified the analysis  of  neutral  sequence variation by enabling
backward-in-time  simulations  instead  of  forward-in-time  simulations,  with  the  subsequent
incorporation of the effects of linkage disequilibrium (LD), selection, migration, and demographic
factors (Wakeley 2009).

Neutral  theory has not  been without  opposition.  Gillespie  argued that  the effects of  neutral
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evolution can also be explained by models  of  selection in  spatially  and temporally  variable
environments (Gillespie 1994). Kern and Hahn in 2018 have concluded that a large body of
work using genomic sequence data rejects the neutral  theory since genomes appear to be
largely  shaped  directly  and  indirectly  by  selection.  However,  Jensen  et  al  in  2019  heavily
criticised the narrow definition of neutral theory and the weak and flawed empirical evidence
presented by Kern and Hahn (2018). They argue that current empirical data are evidence of the
straightforward extension of Kimura’s neutral theory, demonstrating its continued importance
rather than rejecting it.

Dissecting the genetic basis of quantitative traits

Parallel  to  developments  in  population  genetics  is  the  rapid  advancement  of  quantitative
genetics.  Galton,  Weldon  and  Pearson  were  the  pioneers  of  quantitative  genetics  prior  to
Fisher’s  synthesis  (Provine  2001;  Benirschke  2004).  Fisher’s  1918  paper  “The  Correlation
between Relatives on the Supposition of Mendelian Inheritance” is not only the landmark paper
which established evolution in the light of Mendelian genetics but it is also the seminal paper on
modern quantitative genetics.

Before genotyping technologies could be used to characterise genomic variants, the classical
approaches  to  quantitative  genetics  analysis  consisted  of  estimating  the  number  of  loci
controlling the trait (Castle 1921; Wright 1984), and performing variance components analysis to
estimate  heritability.  Total  phenotypic  variance  can  be  partitioned  into  its  various  genetic,
environmental,  and  residual  components  by  exploiting  the  relationships  between  parents,
offsprings, and siblings, usually generated from artificial crosses in plants and animals (Roff
1997; Hallauer 2007).

Linkage disequlibrium (LD) mapping, first performed by Sturtevant in 1913 on the 6 sex-linked
qualitative traits of Drosophila melanogaster (Sturtevant 1913), was the precursor to quantitative
trait  loci  (QTL)  mapping  using  genome-wide  markers.  The  advent  of  next  generation  of
sequencing (NGS) technologies in the 21st century saw a huge leap in genotyping throughput.
This paved the way for the elucidation of the genetic basis of quantitative traits using QTL
mapping and genome-wide association studies (GWAS). QTL mapping exploits the variation
derived from synthetic  crosses,  i.e.  biparental  populations,  and multi-parental  population,  to
detect major QTL controlling quantitative traits (Zeng 2005). GWAS, on the other hand, uses the
natural variation found in wild and domesticated populations, and even advanced generational
synthetic populations. Tanaka’s group in 2002 reported the first genome-wide association study,
where they identified a candidate locus associated with susceptibility to myocardial infarction in
humans (Ozaki et al. 2002; Ikegawa 2012).

Despite having resolved the problem of missing heritability by recognising the small effects of
numerous loci below stringent significance thresholds (Manolio et al.  2009; Jian Yang et al.
2010; Shi et al.  2016),  our understanding of the genetic basis of quantitative traits remains
largely incomplete (Visscher et al. 2012; Callaway 2017; Boyle et al. 2017). In response to this,
an “omnigenic” view of complex traits was put forward by Boyle et al in 2017. This view posits
that the gene regulatory networks controlling a trait must be sufficiently interconnected such that
most of the heritability can be explained by mechanisms outside the core pathways. This is
supported  by  the  observations  that  association  signals  for  most  complex  traits  are  spread
across the genome and unbiased towards known trait associated-genes.

Alongside  GWAS,  methods  for  predicting  quantitative  traits  without  the  need  to  perform
significance tests, i.e. genomic prediction (GP) or genomic selection, were conceived. At the
beginning of the 21st century, Whittaker et al (2000), and Meuwissen et al (2001) in response to
the inefficient use of dense genomic data in QTL mapping experiments, proposed an approach
which circumvents candidate loci detection to directly predict genotypic values using genome-
wide marker data. In contrast to QTL mapping and GWAS, GP aims to predict quantitative traits
without the need to further identify and characterise the genes and the molecular mechanisms
involved in the expression of the phenotype.
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1.1. Aims and scope

This research project is an attempt at improving our understanding of the adaptive evolution of
weeds  in  agroecosystems  by  elucidating  the  genetic  and  evolutionary  bases  of  herbicide
resistance. We have chosen Lolium rigidum (rigid/annual ryegrass) populations across South-
East  (SE)  Australia  as the species and landscape to  study.  L.  rigidum is  the world’s  most
successful herbicide-resistant weed species having evolved resistance to the highest number of
herbicides with different  modes of  action,  and it  is  particularly  problematic in  SE Australian
cropping systems.  Arable  land in  this  region  is  very  prone to  soil  erosion particularly  wind
erosion  (Terry  1945).   Because  of  this,  low  to  no  tillage  practices  are  preferred,  which
incentivises the use of herbicides even more as a convenient and cost-effective weed control
method. This has led to multiple herbicide-resistant L. rigidum populations and has contributed
to  ranking  Australia  as  the  country  with  the  second  highest  number  of  reported  cases  of
herbicide resistance after the United States of America (Heap 2020).

Adaptive  evolution  can  be  studied  in  real-time through experimental  evolution  coupled  with
sequencing (evolve-and-resequence experiments) (Garland and Rose 2010; Schlötterer et al.
2015). This approach to study evolution is unarguably the gold standard in terms of generating
repeatable and verifiable scientific hypotheses for basic research. However, it is not amenable
to species or  traits  that  are  not  adaptable to controlled laboratory conditions such as large
organisms with long generation time, endangered species or humans. An alternative approach
is to infer the most likely models of adaptive evolution using genomic information from present-
day populations which holds the signature of their evolutionary histories (Boake et al. 2002;
Kelley et al. 2006). The limitations of this approach are the absence of perfect replications, and
the very limited, if any, time resolution. Despite these limitations, analysing genomic signatures
of evolutionary and demographic histories has been fruitful (Kelley et al. 2006; Duforet-Frebourg
et al. 2016; Nielsen et al. 2018; Cammen et al. 2018; Pankin et al. 2018; Greenbury et al. 2020).

GWAS and genomic scans for signatures of selection are complementary approaches to detect
putative QTL controlling fitness-related quantitative traits (You et al. 2018; Igoshin et al. 2019;
Yasumizu et al. 2020). Usually it is difficult to untangle demographic and selective effects in
genomic  data  (Li  et  al.  2012).  Performing  independent  experiments  across  populations
exhibiting  variation  for  the  trait  of  interest  to  detect  the  underlying  QTL  is  needed.  These
putative QTL are then used to infer likely evolutionary models that are expected to differ from
those explaining the variation of the genomic background, i.e. not implicated in the trait. Since
control or ancestral population data are rarely available, the neutral expectations are generated
through numeric simulations. Deviations from these neutral or null expectations relative to the
empirical  data  provides the information to estimate the likelihood of  the different  models  of
evolution.

What are the genetic bases of and the evolutionary mechanisms leading to herbicide resistance
in agroecosystems? This is the question we answered with this research project. This can be
broken down into three research questions:

1. How do we construct efficient sampling, phenotyping, genotyping, association analysis,
and genomic prediction frameworks?

2. What are the genetic bases of herbicide resistance traits?
3. How does herbicide resistance evolve in agroecosystems?
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1.2. Herbicide resistance evolution in weeds

Among all the pests and diseases of crop plants, weeds can generate the highest potential loss
in crop productivity (Oerke 2006). This is because weeds are on the same trophic level as the
crop  plants  they  outcompete  and  have  been  evolving  with  since  the  dawn  of  agriculture
approximately 12,000 years ago. In addition to the direct impact  of weeds on crops due to
competition, weeds can also harbour other crop pests and diseases (Capinera 2005; Linde et al.
2016). Weeds can cause as much as 34% to 50% crop yield reduction (Oerke 2006; Yaduraju
and  Rao 2013;  Peter  2016).  However,  this  is  often  under-appreciated,  because  unlike  the
conspicuous physical damage caused by insect pests and diseases, the visual manifestation of
weed damage is subtle. Additionally, there are many ways to control weeds effectively, ranging
from mechanical and chemical to biological strategies. However, this is starting to change due
to the over-reliance on chemical control over the past several decades resulting in the evolution
of herbicide-resistant weeds.

1.2.1. Weed biology

A weed is generally defined as any plant growing in an unwanted area (Monaco et al. 2002).
The term “weed” does not have any botanical meaning. It is a social construct where classifying
a plant as weed is dependent upon the situation and the people involved (Monaco et al. 2002;
Jussaume et  al.  2019).  However,  it  is  advantageous to  restrict  this  definition in agricultural
context, i.e. a weed species is any plant species growing on agricultural land that is not a crop.
Weed scientists have devised weed classification systems which are useful in the context of
weed  management.  These  include  classifications  based  on  lifespan  and  leaf  morphology.
Based on lifespan, weeds can be classified as annual,  biennial  or perennial  (Monaco et  al.
2002). Annuals senesce and die after flowering. Similarly, biennials die after flowering but with
an intermediate period of quiescence. Perennials are capable of flowering multiple times and
continue to grow vegetatively for years. Based on leaf morphology, weeds can be classified as
monocots  or  dicots.  Monocot  weeds,  e.g.  grasses  and  sedges have  smaller  and  narrower
leaves than dicots, also referred to as broadleaf weeds (Monaco, et al. 2002).

Weeds compete for the same resources crops need, i.e. light, water, carbon dioxide and soil
nutrients. Weeds possess characteristics that enable them to outcompete crops. Baker in 1965
listed 14 characteristics that the “ideal” weed possesses (Baker 1965). These characteristics
can  be  summarised  as  seed  longevity,  dormancy  and  robust  germination  characteristics
(corresponds to items 1 to 3 in Baker’s list);  quick and efficient vegetative growth and early
flowering (corresponds to the 4th in the list); robust sexual or asexual reproduction (corresponds
to items 5 to 13); and the ability to monopolise resources by rosette formation and allelopathy
(corresponds to Baker’s last item on the list).

Their  robust  seed  characteristics  enable  weeds  to  persist  in  the  field  after  every  cropping
season.  Seed  dormancy  is  the  inability  of  a  viable  seed  to  germinate  under  favourable
conditions  (Finch-Savage  and  Leubner-Metzger  2006).  Weed  seeds  can  be  dormant  for  a
period of time, resulting in staggered germination and a continual replenishment of the weed
seedbank  in  the  soil.  Weed  seeds  can  remain  viable  for  years,  which  is  attributable  to
dormancy,  hardseededness,  and  the  presence  of  secondary  metabolites  which  defer
decomposition by microorganisms and herbivory by insects (Roberts 1964; Egley and Chandler
1983; Hendry et al. 1994).

Once  germinated,  weeds  grow  quickly,  such  that  the  early  stages  of  crop  and  weed
development are the most important period in determining the magnitude of  crop yield loss
(Bridges 1992; Martin et al. 2001; Monaco et al. 2002). Weeds can flower earlier than crops to
avoid their seeds being harvested together with crops, thereby replenishing the soil seedbank
(Zhao et al. 2018). Early flowering and maturation can also allow weeds to escape unfavourable
conditions that may come later in the cropping season.

The fecundity and flexible reproductive strategies of weeds allow them to spread quickly and
persist in agricultural fields despite aggressive control measures. Each individual weed plant
can produce hundreds to hundreds of thousands of viable seeds (Stevens 1932; Monaco et al
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2002). Some weeds can reproduce by both sexual and asexual means. Sexual reproduction via
cross-pollination  is  favoured  when  adapting  to  changing  or  stressful  environments,  while,
asexual reproduction and self-pollination are favoured under stable favourable conditions (Yang
and Kim 2016).

Weeds can outcompete crops by effectively monopolising access to sunlight and nutrients or at
the very least by reducing the amount of light and nutrients the crops uptake. Weeds do this by
occupying the same area as crops, thereby sharing the same rhizosphere and atmosphere, by
out-growing the crops to shade them from direct sunlight (Liu et al. 2009), and by generating an
unfavourable  soil  environment  for  crop  seed  germination  and  growth  through  allelopathy
(Monaco et al. 2002).

In  addition to  Baker’s  list  of  “ideal”  weed characteristics  is  the ability  of  weeds to  develop
resistance to biotic and abiotic stresses. This characteristic not only enables weeds to survive
and reproduce under unfavourable conditions, but also gives them the ability to harbour other
crop pests and diseases (Capinera 2005; Zimdahl 2007).

1.2.2. Weed control

Weeds can be controlled with mechanical, physical, chemical, biological, and cultural strategies.
Integrated weed management (IWM) brings these strategies together for a holistic approach to
weed control which optimises crop yield while minimising the negative impacts on human health
and the environment (Swanton and Murphy 1996).

Mechanical weed control involves the physical removal or displacement of weeds from the field.
This is the oldest method of weed control which includes hand-weeding, hoeing, and ploughing.
It also includes the newest methods, i.e. automated robotic weed control systems to selectively
remove weeds (Slaughter et al. 2008). This can be very effective in removing established weeds
and exhausting the weed seedbank with recurrent ploughing prior to planting to induce repeated
weed seed germination. However, it is the most labour-intensive method and its application can
be limited in areas prone to soil erosion.

Physical  weed  control  involves  physical  barriers  including  non-chemical  and  non-biological
strategies to kill weeds and their seeds or to render the environment unsuitable for germination
and growth. This includes mulching the soil with plastic sheets (Bennett et al. 1966) or with dead
plant material (Crutchfield et al. 1986), soil sterilisation (Horowitz et al. 1983), high temperature
treatment with flame (Carter  et al.  1960; Parish 1990) or steam and hot  water  (Banks and
Sandral  2007),  and high frequency  electromagnetic  radiation (Menges and  Wayland  1974).
Flame and radiation treatments are not popular, while hot water or steam treatments are gaining
traction in Australia as an alternative to chemical control. This approach can be very effective in
high-value horticultural cropping systems like orchards; however its application to large-scale
agronomy can be very costly.

Chemical weed control involves the use of synthetic chemical compounds or herbicides to kill
weeds by disrupting integral biological processes. Herbicides can be classified in a number of
ways including by chemical family, mode of action, specificity (i.e. broad-spectrum or selective),
and by timing of application (i.e. pre-emergence or post-emergence). Herbicides can inhibit the
function of key enzymes in amino acid synthesis (e.g. sulfonylureas and glycines) and fatty acid
biosynthesis  (e.g.  cyclohexanedione  and  thiocarbamates).  Others  cause  disruption  in
photosynthesis  (e.g.  triazines  and  diphenylethers),  cell  division  (e.g.  dinitroanilines  and
tetrazolinone) and auxin response (e.g.  benzoic acids and pthalamates).  While others have
unclear and probably multiple target sites (e.g. organic arsenicals). Some herbicides selectively
target  specific  weeds leaving certain  crops unharmed (e.g.  2,4-D to kill  broadleaf  weeds in
cereal crops); while others are non-selective or broad-spectrum which indiscriminately can kill
both weeds and crops (e.g. glyphosate). Herbicides can be applied pre-emergence, i.e. before
the weeds germinate (e.g. trifluralin) and post-emergence, i.e. after germination or once the
weeds  have  been  established  (e.g.  terbuthylazine).  Herbicide  application  is  the  most
convenient,  flexible,  and  cost-effective  method  of  weed  control.  However,  the  efficacy  of
herbicides has been eroding due to the evolution of herbicide-resistant weeds (Heap 2020), and
the over-reliance on herbicides have contributed significantly to environmental degradation and
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water pollution (Nitschke and Schüssler 1998).

Biological  weed  control  involves  the  use  of  insects,  livestocks,  aquatic  animals,  and  plant
pathogens to selectively eliminate weeds and leave the crops unaffected. This also includes
crop  allelopathy  against  weeds  and  the  breeding  of  more  competitive  crops.  Herbivory  by
insects, grazing/browsing livestock, and fishes are routinely used to control weeds (Willis and
Memmott 2005; Schaffner et al. 2020; Silvestri et al. 2020). The idea of using pathogens to
control weeds have been around for a long time (Wilson 1969; Harding and Raizada 2015), but
has not gained much traction primarily due to the inability to mass-produce the inocula for large-
scale use (Charudattan and Dinoor 2000). Crops breeders are developing new cultivars with
improved  competitiveness  and  allelopathic  effects  against  weeds  (Bertholdsson  2005;  Belz
2007;  Worthington  and  Reberg-Horton  2013).  These  cultivars  are  designed  to  outcompete
weeds by having more vigorous growth and allelopathy which suppresses weed growth.

Finally, cultural strategies of weed control are combinations of the methods mentioned above
but  excluding chemical  control  (Monaco et  al.  2002).  These include crop rotation,  flooding,
increased crop density, shallow sowing depth, optimal fertiliser application, exclusion of weed
seeds from crop seed stocks, and the use of competitive or better adapted cultivars (Gunsolus
1990; Upadhyaya and Blackshaw 2007).

1.2.3. Herbicides

The first herbicides include sodium chloride, copper sulfate, iron sulfate, sulfuric acid, sodium
arsenite,  carbon  bisulfide,  petroleum,  sodium  chlorate,  borates,  and  dinitrophenol  salts
(Timmons 1970; Zimdahl 2007; Lichtfouse 2015). Large scale adoption of herbicides started
with the discovery of 2,4-D (2,4-dichlorophenoxyacetic acid) during the 1942-1944 period, and
the use of herbicides has increased ever since (Timmons 1970). A significant contributor to this
wide adoption was the development of herbicide-resistant crops which greatly simplify weed
management, e.g. triazine-resistant canola and most notably glyphosate-resistant or Roundup
ready™ maize, cotton and soybean (Reddy and Nandula 2012).

Herbicide  discovery  and  commercialisation  is  a  long  and  resource-intensive  process.  New
herbicides  can  be  developed  through  random screening  for  herbicidal  activity  and  through
targeted screening (Kudsk and Streibig  2003).  Weed scientists and biochemists  have been
developing herbicides  with  the recent  additional  consideration  for  health  and environmental
safety  (Edwards  and  Hannah  2014).  In  2020,  nine  new  herbicides  have  recently  been
developed, one of which is a new mode of action (Condon 2020).

One of the most widely adopted herbicide classification systems is the classification based on
mode of action or target site; however there are variations in the grouping and naming schemes
(Table 1.1). The Herbicide Resistance Action Committee (HRAC) grouping is the most widely
used worldwide. The Weed Science Society of America (WSSA) grouping is used only in the
United States and Canada. The Australian classification system (AUS) is used only in Australia.
Classification based on timing of  application,  i.e.  pre-emergence or post-emergence is  also
widely adopted because of its practical utility.
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Table 1.1. Herbicides classifications based on mode of action.

HRAC
Group*

WSSA
Group**

AUS
Group†

Mode of Action Target Pathway Examples

A
17, 25,

26
A

Acetyl CoA carboxylase 
(ACCase) inhibition

Fatty acid biosynthesis
Cyclohexanedione and 
phenylpyrazole (e.g. 
Clethodim)

B 2 B

Acetolactate synthase 
(ALS) of Acetohydroxy 
acid synthase (AHAS) 
inhibition

Branched amino acid 
biosynthesis

Imidazolinones and 
sulfonylureas (e.g. 
Sulfometuron)

C1, C2,
C3

5, 6, 7 C
Photosystem II (PSII) 
inhibition

Photosynthetic electron 
transport chain

Phenyl Carbamates and
triazine (e.g. 
Terbuthylazine)

D 22 L
Photosystem I (PSI) 
inhibition

Photosynthetic electron 
transport chain

Bipyridyliums

E 14 G
Protoporphyrinogen 
oxygenase (PPO) 
inhibition

Chlorophyll and heme 
biosynthesis

Diphenylethers and 
triazolinones

F1, F2, F3
11, 12,
13, 27

F, H, Q

Phytoene desaturase, 4-
hydroxyphenylpyruvate 
dioxygenase or unknown 
protein inhibition

Carotenoid biosynthesis
Amitrole, pyrazoles and 
triketones

G 9 M
5-enolpyruvylshikimate-
3-phosphate synthase 
(EPSPS) inhibition

Aromatic amino acid 
biosynthesis

Glycines (i.e. 
Glyphosate)

H 10 N
Glutamine synthase 
inhibition

Glutamine biosynthesis Phosphinic acids

I 18 R
Dihydropteroate 
synthase inhibition

Folic acid and purine 
biosynthesis

Carbamates

K1, K2,
K3

3, 15, 23 D, E, K

Tubulin depolymerisation
enhancement or very 
long chain fatty acid 
synthase (VLCFAS) 
inhibition

Cell division

Benzamides, 
tetrazolinone and 
dinitroanilines (e.g. 
Trifluralin)

L 20, 21 I, O, Z
Cellulose synthase 
inhibition

Cell wall biosynthesis Benzamides and nitriles

M 24 Z
Oxidative 
phosphorylation 
uncoupling

ATP Dinitrophenols

N 8, 16 J
Fatty acid elongase 
inhibition

Fatty acid biosynthesis
Benzofuranes, 
phosphorodithioates 
and thiocarbamates

O 4 I
Transport inhibitor 
response protein 1 
stimulation

Auxin response
Benzoic acids and 
quinoline carboxylic 
acids (e.g. 2,4-D)

P 19 P Auxin transport inhibition Auxin response
Pthalamates and 
semicarbazones

Z
17,  25,

26
Z

Unknown or poorly 
understood mechanisms

Unknown or poorly 
understood 
mechanisms

Organic arsenicals and 
arylaminopropionic 
acids

* HRAC: Herbicide Resistance Action Committee;  **  WSSA: Weed Science Society of  America; † AUS: Australian
herbicide classification system
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Herbicides are applied in the field in a variety of ways which aim to optimise efficacy, cost-
efficiency, and minimise the negative impacts on the environment and non-target organisms.
Chemical  companies  in  collaboration  with  academic  institutions  empirically  determine  the
optimal dosage of herbicides for commercial use (Wolf et al. 2000). These recommended doses
vary  for  different  crops,  target  weeds,  and  location.  Herbicide  application  dose  is  usually
expressed in terms of active ingredient (a.i.) per hectare, e.g. 720 g a.i./ha of glyphosate.

Commercially available herbicides come in a variety of forms including powder, granules, and
concentrates which can be water-soluble,  emulsifiable, or may require adjuvants to improve
homogeneity, adherence to plant tissues and plant absorption. Some herbicides can be mixed
with  other  herbicides  and  pesticides  for  more  cost-efficient  field  application.  These  can  be
applied in the field using sprayers or by soil incorporation. Sprayers can be as simple as hand-
held  or  knapsack  sprayers  or  as sophisticated  as  tractors  with  boom sprayers and aircraft
sprayers. Soil incorporation is critical for herbicides which easily volatilise and photodegrade.
Personal protective equipment is required to protect the personnel involved.

Herbicides  can  be  pre-emergent,  post-emergent,  or  both.  Pre-emergence  herbicides  (e.g.
trifluralin) are applied prior to weed seed germination to inhibit seedling growth. Post-emergence
herbicides (e.g. clethodim, glyphosate, & terbuthylazine) are applied to the field with established
or growing weeds to be absorbed by the roots and/or leaves. Some herbicides can be used as
both  pre-  and  post-emergence  herbicides  (e.g.  sulfometuron).  Herbicide  manufacturers  can
specify the optimal time of the day to apply herbicides which can be early morning, midday, late
afternoon or  other  times in  between.  The rule  of  thumb is  to  apply  herbicides early  in  the
morning or late afternoon to minimise degradation and volatilisation which can reduce efficacy.
However, a 2013 study on common post-emergence herbicides concluded that midday rather
than early morning or late evening is the optimal time of application (Stopps et al. 2013). The
high temperature and high light stresses during midday probably compounded on the adverse
effects of herbicides following successful herbicide absorption.

Herbicides have contributed greatly to the ability of agricultural production to feed the ever-
increasing world population. Together with mechanisation, herbicides helped lift many people
out of the drudgery of manual labour in the field (Monaco et al. 2002). Additionally, herbicides
have simplified and reduced the cost of weed management which is especially advantageous in
low to no tillage cropping systems where soil erosion is a big problem, e.g. dry arid plains like in
Australia,  and mountainous or sloping areas (Weston 1990; D’Emden et  al.  2006; Ito et  al.
2007).

Despite these positive outcomes, over-reliance on herbicides in the past several decades have
resulted in adverse biological and environmental effects. Herbicide run-off contributes to water
pollution (Nitschke and Schüssler 1998). Commercially available herbicides are considered to
be non-toxic to humans but  can be toxic to other non-target  organisms (Prado et al.  2009;
Hasenbein et al. 2017). Additionally, herbicide application in agroecosystems imposes extreme
selective  pressure  on  weed  populations  resulting  in  the  evolution  of  herbicide  resistance
(Jasieniuk et al. 1996; Délye 2013; Délye et al. 2013; Baucom 2016; Baucom 2019).

1.2.4. Herbicide resistance

Herbicide resistance has exacerbated weed-induced crop yield losses (Orson 1999; Llewellyn et
al. 2016). Herbicide-resistant weeds are recalcitrant to herbicide treatment at the recommended
or  historical  field  application  rates.  They  have  evolved  in  response  to  the  repeated  and
sustained selection pressures from herbicides (Jasieniuk et al. 1996; Powles and Yu 2010). The
first report of herbicide resistance in a weed species was recorded in 1957, i.e. 2,4-D resistance
in spreading dayflower (Commelina diffusa) (Hilton 1957). However, the first confirmed report
was recorded in 1968, i.e. simazine resistance in common groundsel (Senecio vulgaris) (Ryan
1970; Monaco et al. 2002). As of the year 2020, there has been a total of 515 unique cases of
weed herbicide resistance globally (Figure 1.1) (Heap 2020). This list spans 263 weed species
and resistance 23 out of the 26 known herbicide modes of action (Heap 2020).
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Figure 1.1. The number of unique cases of herbicide resistance identified globally from 1945 to
2019 (adapted from Heap, 2020).

The molecular bases of herbicide resistance in weeds need to be elucidated in order to develop
strategies to control this problem. Herbicide resistance mechanisms can be broadly categorised
as target site resistance (TSR) and non-target site resistance (NTSR). TSR involves target site
alterations, and over-expression, while NTSR includes all the other mechanisms (Délye et al.
2013).

TSR conferred by mutations in the target protein inhibits herbicide molecules from binding while
maintaining  protein  functions.  On the  other  hand,  TSR due to  the  overexpression  or  over-
production of target proteins compensates for the detrimental effects of the herbicide. Most TSR
are monogenic and dominant to semi-dominant (Délye et al. 2013), since the presence of at
least  one  TSR allele  or  herbicide-incompatible  target  site  can  at  least  partially  restore  the
inhibited biochemical pathways.

NTSR  involves  reduction  in  herbicide  penetration  and  translocation,  enhanced  herbicide
metabolism,  reactive  oxygen species  neutralisation,  and  all  other  mechanisms  that  are  not
under TSR (Délye 2013). NTSR are therefore likely to be complex and polygenic. This is the
dominant type of resistance to HRAC Groups A and G, and the only type of resistance identified
for HRAC Groups D, N, O and Z (Beckie and Tardif 2012; Délye 2013). A cytochrome P450
gene, CYP81A10v7 was found to endow Lolium rigidum resistance to multiple herbicides with
different  modes  of  action  (Han  et  al.  2020).  Together  with  cytochrome  P450  gene  family,
glutathione  S-transferase  and  glycosyltransferase  gene  families  induce  the  breakdown  of
herbicide molecules (Yuan et al. 2007). These NTSR mechanisms can affect a broader range of
herbicides with different modes of action and therefore can promote cross-resistance.

Some of the identified genetic bases of herbicide resistance in weeds are listed in  Table 1.2.
These  include  the  bases  of  TSR  and  NTSR  for  ACCase-,  ALS-,  PSII-,  PPO-,  carotenoid
biosynthesis-,  EPSPS-,  and  cell  division-inhibiting  herbicides.  Most  TSR  are  conferred  by
single-base mutations (mostly substitution) that reduce the ability of the herbicide molecules to
bind to the altered target sites. The exact mutations that confer NTSR are usually harder to
identify than those conferring TSR.
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Table 1.2. List of some of the known genetic bases of herbicide resistance.

Gene
HRAC
Group

Weed species Description

Acetyl-CoA 
carboxylase 
(ACCase)

A

Avena fatua,
Alopecurus 
myosuroides,
Lolium rigidum,
Lolium multiflorum, 
and 
Phalaris paradoxa 

Target site resistance (TSR) conferred by amino acid 
substitutions: Ile-541-Leu, & Ile-1769-Leu (Christoffers et 
al. 2002); Ile-1781-Leu, Asp-2078-Gly, & Cys-2088-Arg 
(Yu et al. 2013); Trp-2027-Cys, Ile-2041-Asn, Asp-2078-
Gly, & Gly-2096-Ala (Délye et al. 2008); Non-
synonymous substitutions at Leu-1781, Gly-2078, Cys-
2027, & Asn-2041 (Petit et al. 2010); Ile-1781-Leu, Trp-
2027-Cys, Ile-2041-Asn, Asp-2078-Gly, & Cys-2088-Arg 
(Yu et al. 2007); Ile-1781-Leu, & Gln-1756-Glu (Zhang 
and Powles 2006); Ile-418-Leu (White et al. 2005); Asp-
2078-Gly, & Ile-2041-Asn (Hochberg et al. 2009); and 
Asp-2078-Gly (Kaundun 2010).

Acetolactate 
synthase
(ALS) or 
acetohydroxy 
acid synthase 
(AHAS)

B

L. rigidum,
Descurainia sophia,
Amaranthus 
tuberculatus, and 
Setaria viridis

TSR: Pro-197-Ala, Pro-197-Arg, Pro-197-Gln, Pro-197-
Leu, Pro-197-Ser, & Trp-574-Leu (Yu et al. 2008); Pro-
197-Thr (Yang et al. 2016); Ser-653-Asp, Ser-653-Thr, & 
Trp-574-Leu (Patzoldt and Tranel 2007); and Ser-653-
Asn, Ser-653-Thr, Ser-653-Ile, Gly-654-Asp (Laplante et 
al. 2009).

Photosystem II 
protein D1-
encoding gene 
(psbA)

C

Amaranthus hybridus,
Portulaca oleracea, 
Poa annua, 
Kochia scoparia, 
Senecio vulgaris, 
Chenopodium album, 
and
Capsella bursa-
pastoris

TSR: Ser-228-Gly (Hirschberg and McIntosh 1983); Ser-
264-Thr (Masabni et al. 1999); Val-219-Ile (Mengistu et 
al. 2000); Ile-219-Val, & Gly-264-Ser (Mengistu et al. 
2005); Asn-266-Thr (Park and Mallory-Smith 2006); Ala-
251-Val (Mechant et al. 2008); and Phe-255-Ile (Perez-
Jones et al. 2009).

Protoporphyrinog
en oxidase 
(PPX2L)

E
Amaranthus 
tuberculatus

TSR: Gly-210 deletion (Patzoldt et al. 2006).

5-
enolpyruvylshiki
mate-3-
phosphate 
synthase
(EPSPS)

G

Eleusine indica, 
Amaranthus palmeri, 
Amaranthus hybridus,
and Euphorbia 
heterophylla

TSR: Pro-106-Ser (Baerson 2002); EPSP gene 
amplification (Gaines et al. 2010); Thr-102-Ile, Ala-103-
Val & Pro-106-Ser (Garcia et al. 2019); and double 
mutations: Thr102Ile + Pro106Thr (Mendes et al. 2020)

α-tubulin K
Eleusine indica, and 
Setaria viridis

TSR: Thr-239-Ile (Anthony et al. 1998); Thr-239-Ile, & 
Leu-136-Phe (Délye et al. 2004); and Thr-239-Ile, & Met-
268-Thr (Yamamoto 1998).

Cytochrome 
P450 mono-
oxygenases
(P450s)

A, B,
C

Alopecurus 
myosuroides, and L. 
rigidum

Non-target site resistance (NTSR) by enhanced 
detoxification/metabolism of herbicides (De Prado et al. 
1997; Hall et al. 1995; Gaines et al. 2014; Duhoux et al. 
2017).

Glutathione S-
transferases 
(GST)

C
Abutilon theophrasti, 
and L. rigidum

NTSR: increased GST activities (Anderson and Gronwald
1991; Gaines et al. 2014; Duhoux et al. 2017).

P450s, ABC 
transporter, and 
glycosyl-
transferase

B
Descurainia sophia, 
and L. rigidum

NTSR: upregulation of 4 P450s, 3 ABC transporters, & 1 
glycosyltransferase genes (Yang et al. 2016; Gaines et 
al. 2014; Duhoux et al. 2017).

Unknown F, G
A. tuberculatus,
L. rigidum, and
Conyza bonariensis

NTSR: enhanced metabolic breakdown of mesotrione 
(Kaundun et al. 2017); increased expression of EPSPS 
gene (Baerson et al. 2002); and reduced glyphosate 
translocation, & elevated constitutive EPSPS transcript 
level (Dinelli et al. 2008).
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Most of the studies cited in Table 1.2 focused on specific genes, with effects assumed a priori,
i.e.TSR genes and well-known detoxifying genes such as cytochrome P450 and GST.  The
exceptions are the transcriptomic analyses in Descurainia sophia (Yang et al. 2016), and Lolium
rigidum (Duhoux et al. 2017; Gaines et al. 2014) which identified putative NTSR genes involved
in resistance to ALS- and ACCase-inhibitors. The genetic bases of TSR listed in Table 1.2 can
explain a significant portion of the herbicide resistance variation in some populations. However,
these have been insufficient to explain the vast majority of the observed variation in herbicide
resistance in many weed species and populations (Beckie and Tardif 2012; Délye et al. 2013;
Délye 2013; Shaner and Beckie 2014). For example, target-site EPSPS Pro-106 mutations were
insufficient to induce glyphosate resistance in Echinochloa colona (Han et al. 2016), and many
experiments have failed to recapture known TSR mutations or have shown evidence for the
abundance of NTSR genes (Yu et al. 2009; Délye et al. 2011; Yu et al. 2013; Scarabel et al.
2015; Rey-Caballero et al. 2017; Bai et al. 2019). Most of these previous studies on uncovering
the genetic basis of herbicide resistance are under-powered because these involved only two
groups, the susceptible and the resistant without consideration for the intermediate phenotypes.

The  narrow focus  on  TSR genes is  insufficient  to  control  herbicide  resistance  evolution  in
weeds. This probably resulted in the misguided early recommendation to reduce herbicide dose
(Gorddard et al. 1995). This misconception that low herbicide application rates or doses that
result in low weed mortality can delay herbicide resistance evolution has been proven wrong by
numerous low-dose selection experiments (Yu et al. 2013; Busi et al. 2013; Lagator et al. 2013;
Busi et al. 2016). These suboptimal doses result in NTSR (Yu et al. 2013). Resistance to a
single herbicide is likely a complex combination of TSR and NTSR mechanisms and requires
mutations in many different loci.  This results in polygenic resistance traits as in the case of
diclofop-methyl  resistance  in  Lolium  rigidum (Gaines  et  al.  2014);  and  tribenuron-methyl
resistance in flixweed (Yang et al. 2016).

The evolution of both TSR and NTSR mechanisms need to be elucidated in order to generate
science-based, theoretically-  and empirically-informed herbicide resistance control  strategies.
Genetic studies without prior assumptions of which genetic elements confer resistance are rare.
Therefore there is a need for a genome-wide approach to detect resistance-associated genomic
variation  to  improve  our  understanding  of  herbicide  resistance  beyond  TSR  and  well-
characterised NTSR genes. At the population and landscape levels, there is a need to study
how herbicide resistance evolves.

1.2.5. Lolium rigidum: the world’s most herbicide resistant weed 
species

Lolium rigidum, commonly known as annual ryegrass or rigid ryegrass or Wimmera grass is an
agriculturally-relevant weed species to study the evolutionary quantitative genetics of herbicide
resistance. L. rigidum is considered as the world’s most herbicide-resistant weed (Heap 2014).
It has developed resistance to the highest number of herbicides with different modes of action
(i.e. 13 modes of action as of 2020) (Heap 2020). It is the first weed species reported to have
evolved resistance to glyphosate (Powles et al.  1998). The combination of its fecundity and
cross-pollinated nature resulting in large genetically diverse populations gives this weed species
a high adaptive potential.

Lolium rigidum (Gaudin, 1811) belongs to the grass family Poaceae. Growth habits range from
prostrate to erect, with erect being the dominant type (Figure 1.2). It can grow up to 1 meter in
height. Leaf blades are 5-25 cm long, 3-5 mm wide, green and glabrous (CABI 2017). Auricles
are small and narrow, while ligules are short and white to translucent. Leaf sheaths are glabrous
which can have purple colouration at the base. Roots are extensive and fibrous. Inflorescence is
a spike (length ≤ 30 cm) with 10-12 florets (10-25 mm long) in each spikelet (CABI 2017). Each
floret is generally awnless with equally-sized palea and lemma, and three yellow anthers (Kloot
1983). It is a diploid with chromosome number 2n=2x=14 (Terrell 1966; Monaghan 1980). It has
an estimated  genome size of  2Gb similar  to  that  of  the closely-related forage crop  Lolium
perenne (Byrne et al. 2015). It is cross-compatible with other members of the Lolium genus, i.e.
L.  multiflorum and  L.  perenne (Kloot  1983).  This  genus  is  a  complex  of  cross-compatible
species which can produce fertile hybrids and the distinction between species is often blurred
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(Naylor 1960; Terrell 1966; Kloot 1983).

It  is  a  highly-competitive,  self-incompatible,  wind-pollinated,  annual,  C3  weed  species
(Monaghan 1980; McCraw et al. 1983; CABI 2017). It can produce up to 45,000 seeds m -2 in
infested wheat fields (Gill 1996). These seeds can have varying levels of dormancy ensuring the
sustained germination in the field and the replenishment of the soil seedbank (Goggin et al.
2012). A density of 300 L. rigidum plants m-2 can cause significant reduction in rapeseed and
cereal crop yields from below 10% to more than 50% (Lemerle et al. 1995). Additionally, its
seeds  can  be  infected  by  Clavibacter  toxicus which  causes livestock  poisoning  (Riley  and
McKay 1991; Ophel et al. 1993).

It is native to the Mediterranean region, i.e. Europe and northern Africa. It has spread across the
temperate  crop-growing  regions around the world.  In  the 19 th century,  it  was introduced to
Australia as a forage crop (Kloot 1983). After years of artificial and natural selection, it  has
adapted to local conditions and has become the major weed in the wheat-growing regions of
Australia (Reeves 1976; Medd et al. 1985; Powles and Matthews 1992).

Figure 1.2. Lolium  rigidum specimen  collected  from  Murrumbidgee,  New  South  Wales,
Australia in 2018 (Scale bar 10 cm).
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1.3. Quantitative herbicide resistance

How do we cost-effectively measure herbicide resistance of weeds in a manner which reflect the
polygenic nature of these traits? The identification and measurement of herbicide resistance is
the first  step towards improving our understanding of the genetic and evolutionary bases of
herbicide resistance in weeds. We have established in the previous section the importance of
broadening the search space for the genetic basis of herbicide resistance to accommodate the
likely polygenic nature of these traits. Weeds may die or survive after herbicide application.
Measuring the survival rate of a population after a period of time following the application of
herbicide at some relevant dose is the most basic way of quantifying these traits. However, the
cascade of biochemical reactions within the plant prior to death or survival are complex rather
than binary. This is the challenge that needs to be overcome, i.e. to measure the complex and
polygenic nature of herbicide resistance traits for each individual plant.

1.3.1. Herbicide resistance as a quantitative trait

Despite the fact that many herbicides were developed to target a specific protein to disrupt a
specific  biochemical  pathway,  the  cascade  of  biochemical  reactions  leading  to  plant  death
involves more than that one target protein and pathway. It follows that the assumption that TSR
is  the  only  major  mechanism of  herbicide  resistance  is  naive.  Biochemical  processes  are
sufficiently interconnected such that functional mutations in genes outside the target pathway
can have significant effects on the eventual death or survival of plants. All biotic and abiotic
stresses  including  herbicides,  induce  stress  responses  which  involve  the  metabolism  of
carbohydrates, proteins and lipids, as well as the detoxification of reactive oxygen species (Liu
et al.  2007; Garg and Manchanda 2009; Rojas et al. 2014). This means that the numerous
genes and pathways involved in resistance are expected to produce a quantitative phenotype.
This  is  illustrated  in  Figure  1.3,  as  the  number  of  biallelic  loci  with  equal  additive  effects
increases, the range of phenotypic values becomes continuous rather than discrete. Therefore
binary phenotype, i.e. death or survival after herbicide treatment, is insufficient to express the
complex  nature  of  herbicide  resistance.  We  need  to  measure  herbicide  resistance  as  a
quantitative trait.

Figure 1.3. Distribution of phenotypic values resembles continuous quantitative variation as the
number  of  loci  controlling  the  trait  increases  (illustration  idea  came  from Roff
(1997); but the assumptions here are biallelic loci with equal additive effects and
generated by randomly sampling 10,000 individuals).
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The quantitative measurement of herbicide resistance needs to be an unbiased representation
of the plant’s ability to survive the abiotic stress brought about by herbicide treatment. The
concentrations of the enzymes and metabolites involved can be measured; however, a priori
knowledge of the pathways involved is assumed which can bias the measurement and may not
be  available.  The  concentration  of  the  herbicide  can  also  be  measured  but  this  will  only
measure the rate of its breakdown and absorption, while other mechanisms are unaccounted
for, e.g. target-site incompatibility, over-expression of target enzyme, and reduced translocation.
Various  plant  health-related  quantitative  traits  can  be  measured  ranging  from  destructive
biomass assessment to sophisticated remote-sensing.

1.3.2. High-throughput phenomics

Exploiting high-throughput phenotyping technologies will  allow us to determine suitable traits
which reflect the level  of herbicide resistance of individual plants. Logistic modelling can be
used to assess the suitability  of  different  quantitative plant  health-related traits (Figure 1.4).
These traits can have variable ranges and the point of maximum slope can deviate from the
median depending on the underlying relationship.  Multi-dimensional  phenotype data can be
used to build this logistic model.  These data can be measured at multiple scales from cell,
tissue, organ, to whole plant levels, as well as at a single to multiple time points.

Figure 1.4. Modelling individual plant survival as a function of continuous quantitative health
traits.

Various  high-throughput  plant  phenotyping  platforms  generate  data  at  different  spatial  and
temporal  resolutions to  cater  to  a  wide variety  of  applications.  Cell  and tissue phenotyping
produce high-resolution data but usually at lower throughput (i.e. more measurements per plant
but less plants) and involve destructive sampling (Zhao et al. 2019). On the other hand, organ
and  whole  plant  level  phenotyping  generate  lower  resolution  data  but  usually  at  higher
throughput (i.e. less measurements per plant but more plants) and involve both destructive and
non-destructive sampling (Zhao et al. 2019; Yang et al. 2020). Traits can be measured at a
specific time point of interest (e.g. 2-leaf stage or flowering stage), and at multiple time points
which  may  span  multiple  stages  of  development.  Measurements  can  be  taken  directly  or
manually from the plants and indirectly or in an automated manner with imaging techniques.

The classical trait used to measure plant health is the growth rate (Smythies 1834; Liggett et al.
1893). This can be in terms of changes in plant height, leaf dimensions, canopy density, and
biomass per unit time, among many others. Direct or manual measurement of these growth
rates is the most straightforward strategy, e.g. collecting whole plant samples followed by oven-
drying and weighing, as well as using measuring tapes, rulers or callipers to measure plant
height and leaf dimensions. However, these are resource- and labour-intensive. Additionally, the
destructive nature of biomass measurements is undesirable when resources are limiting and
replicating  entries  are  difficult  or  impractical.  To address  these  issues,  automated  to  semi-
automated phenotyping strategies through plant imaging are being developed. For example, it
has been demonstrated that plant biomass can be accurately predicted from plant photographs
(Tackenberg 2007).

Imaging techniques allow high-throughput non-destructive phenotyping at the organ and whole
plant levels; while cell and tissue trait measurements are destructive at the sample preparation
step (Zhao et  al.  2019). Morphological  and physiological  changes can reveal the state of  a
plant’s health. Healthy plants exhibit a sigmoidal growth pattern which reaches some genotype-
specific  maximum trait  value under a specific environment.  For  most plants,  healthy leaves
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appear dark green indicating high chlorophyll  content.  Actively dividing and growing cells of
healthy plants are turgid with water  (Taiz and Zeiger  2002).  On the other hand, unhealthy,
diseased or stressed plants deviate from these states. These plants exhibit growth retardation
which  may  eventually  lead  to  death.  The  plant  may  senesce  which  visually  manifests  as
chlorosis and necrosis of leaves and other photosynthetic tissues as chlorophyll gets broken
down (Hörtensteiner 2006; Christ and Hörtensteiner 2014; Wang and Blumwald 2014). Heat,
light,  and osmotic stresses result  in wilting (Taiz and Zeiger 2002). Lesions, and spots may
appear as signs and symptoms of insect damage or pathogen infection. Various stresses can
induce early flowering in some plant species (Takeno 2016; Kazan and Lyons 2016). All forms
of plant stresses induce the over-production of reactive oxygen species which inflict oxidative
damage on cell and organelle membranes as well as nucleic acids (Turrens 2003; Bailey-Serres
and Mittler 2006; Huang et al. 2019).

These health-related morphological and physiological responses to stress can be accurately
and cost-effectively captured with plant imaging instruments. These instruments measure light
reflectance, absorption, and emittance at different wavelengths. The types of information they
generate  can  be  broadly  categorised  as  colorimetric  and  spatio-tomographic.  Colorimetric
information  are  predictors  of  the  concentrations  or  densities  of  various  plant-associated
substances, e.g. water, chlorophyll, and starch. Spatio-tomographic information describes the
external  and  internal  morphologies  of  plant  cells,  tissues,  organs and whole  plants.  These
instruments  can  use  a  few  specific  wavelengths  or  a  wide  range  of  the  electromagnetic
spectrum  (EMS).  Figure  1.5 shows  the  different  imaging  techniques  and  their  operating
wavelength range.

Figure 1.5. Imaging  techniques  and  their  respective  operating  electromagnetic  wavelength
range. The sine wave of varying wavelength depicts the electromagnetic spectrum.

Instruments which primarily capture colorimetric data include the visible light camera (red-green-
blue or RGB camera), soil plant analysis development (SPAD) chlorophyll meter, hyperspectral
imaging instruments, and chlorophyll fluorescence sensors. RGB cameras measure the visible
light reflecting off of plant tissues and generate quantitative representations of what the human
eyes generally perceive. SPAD chlorophyll meter, on the other hand, is a low cost hand-held
instrument which measures the transmittance of two wavelengths of light at the red (650 nm)
and  infrared  (940  nm)  range  through  leaves  (Yuan  et  al.  2016).  The  difference  in  the
transmittance of these wavelengths is proportional to the chlorophyll content. Measuring a wider
range of the EMS through hyperspectral imaging (400-2500 nm) can yield more information on
plant  health  (Mishra  et  al.  2017;  Ge  et  al.  2019).  At  the  visible  range  (400-700  nm),
photosynthetic pigments are the dominant sink. At near-infrared wavelengths (700-1100 nm),
light absorption by plant dry matter dominates; while at short-wave infrared wavelengths (1100-
2500 nm), water inside plant tissues absorb the light (Mishra et al. 2017). Hyperspectral imaging
has been shown to yield reliable measures of plant health and other physiological traits (Bock et
al.  2010;  Mishra  et  al.  2017;  García-Sánchez  et  al.  2017;  Ge  et  al.  2019).  Chlorophyll
fluorescence  imaging,  e.g.  pulse  amplitude  modulation  imaging  (Imaging-PAM)  induces
chlorophyll fluorescence by emitting 460 nm blue light, and then measures the red fluorescence
at 620 nm (Wang P et al. 2017). It has been demonstrated that Imaging-PAM can reliably and
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rapidly  distinguish  herbicide  resistant  and  susceptible  plants  under  greenhouse  and  field
conditions (Wang P et al. 2017). This imaging technique requires a period of dark-adaptation
prior to chlorophyll  excitation and fluorescence measurements, which can be a challenge to
implement for high-throughput applications (Schneider et al. 2019).

Instruments which primarily capture spatio-tomographic data include light detection and ranging
(Lidar),  magnetic resonance imaging (MRI),  X-ray computed tomography (CT),  and positron
emission  tomography  (PET)  scanners.  Lidar  uses  a  laser  at  some  specific  wavelength  to
measure distances based on the time it takes for the light to get reflected back and the variation
in the wavelength of the reflected light (Wandinger 2005). Lidar-based phenotyping platforms
have been shown to accurately measure leaf area, leaf orientation, and canopy volume (Wang
H et  al.  2017;  Thapa et  al.  2018;  Panjvani  et  al.  2019;  Jin  et  al.  2020).  MRI  uses  strong
magnetic fields and pulses of different radio frequencies to induce discriminating radio wave
emittance to reveal internal structures within an opaque material (Berger 2002). MRI scanners
can be used for non-destructive root trait measurements without the need to uproot the plant
(Pflugfelder et al. 2017). CT uses multiple X-ray images of a material to build a 3D model and
elucidate  its  internal  structures  (Kalender  2011).  PET  senses  the  internal  structures  of  a
material  by measuring the attenuation of  photons produced by the annihilation of  positrons
emitted by a radioactive material with very short half-lives, e.g. carbon-11, nitrogen-13, oxygen-
15,  and  fluorine-18  (Bailey  et  al.  2005).  Garbout  el  at  (2012)  and  Lafond  et  al  (2015)
demonstrated that CT and PET scanners can be used to accurately measure root and shoot
morphologies.

These imaging instruments vary considerably in terms of procurement and operating costs, as
well as portability. Colorimetric instruments are simpler and therefore more portable than spatio-
tomographic instruments. Spatio-tomographic instruments are sophisticated and usually bulky
pieces of equipment and incur not only high procurement costs but also high operating and
maintenance costs.  Despite the advantages and the state-of-the-art  technologies offered by
spatio-tomographic  instruments,  as  well  as  hyperspectral  and  fluorescence  imaging
instruments, the investments to acquire and maintain them can be financially prohibitive. On the
other hand, SPAD meters are cheap but the light spectrum they capture is very narrow and
small leaves especially narrow grass leaves are hard to reliably measure. The accessibility and
simplicity of taking RGB photographs of plants, as well as the density of information that can be
extracted  from these  photographs make  RBG cameras  one  of  the  most  attractive  imaging
instruments to measure plant health and more specifically the herbicide resistance of individual
plants.

1.3.3. Quantifying herbicide resistance from RGB photographs

Bioassays to  measure resistance should  be simple,  utilising basic  and low-cost  equipment,
while maximising reliability (R4P Network 2016). Among the imaging instruments described,
RGB cameras are the most cost-effective. RGB cameras have become ubiquitous and powerful
yet low-cost. Precise measurements can be made from photographs taken using standardised
lighting and the same backdrop across plants and herbicide treatments. Temporal information
can be extracted by taking pictures at multiple time-points before and after herbicide application.

The resulting images need to be processed and analysed to yield accurate information. Colour
constancy  within  and  among  photographs  need  to  be  guaranteed.  The  plants  need  to  be
accurately distinguished from the background, and the image artefacts removed. There are a
number of free and open-source computer vision libraries for image processing and analysis,
one of the most popular is OpenCV (OpenCV 2017). It can be used to yield multidimensional
data of colour-based metrics across spatial and temporal dimensions.

Variation  in  illumination  within  and  among  photographs  is  rectified  by  performing  colour
correction. Various colour correction algorithms exist, where some perform better than others
under different spatial and spectral image characteristics (Gijsenij and Gevers 2011). Reference
white-coloured objects photographed together with the plants can be used to colour-correct the
images by simple RGB scaling (Sharma and Bala 2017):
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X correc t ed=
255 X
xwhite

,

where X corrected and Xare the corrected and uncorrected matrices of pixel values in one of the

channels in the RGB colour space (i.e. red, green or blue), respectively, while xwh ite is the mean
pixel value of the white reference on the same channel. Other scaling methods exist which use
different colour spaces, one of which is based on the LMS (long, medium, short) colour space
which represents the sensing ability of the long, medium and short cone cells of the human eyes
(Sharma and Bala 2017).

Discriminating  between  the  plant,  and  other  objects  in  the  photograph  involves  image
segmentation. This involves partitioning the image into homogeneous regions punctuated by
areas of discontinuity separating each region (Cheng et al. 2001). This can be performed on
monochromatic and coloured representation of images using histogram thresholding, feature
clustering, fuzzy techniques and neural networks (Pal and Pal 1993; Cheng et al. 2001). The
most  straightforward  and  least  computationally  expensive  is  monochromatic  histogram
thresholding.  This  uses  a  monochromatic  representation  of  the  image  and  one  to  multiple
threshold  pixel  values to  partition  the image (Pal  and  Pal  1993;  Chao et  al.  2009).  These
thresholds can be set manually based on a few image segmentation tests or heuristically using
clustering algorithms (Nakib et al. 2007; Chao et al. 2009; Tan and Isa 2011).

Various  features  or  metrics  can  be  extracted  from  the  colour-corrected,  background-  and
artefact-subtracted plant images. These include statistical features, global transformation and
series expansion features, as well as geometrical and topological features (Kumar and Bhatia
2014). Many of these are hard to interpret or may not have any biological interpretations. Using
colour-based metrics,  notably those that  potentially  measure the degree and progression of
chlorosis and necrosis are preferable.

To  generate  a  single  quantitative  measure  of  herbicide  resistance,  these  image-derived
multidimensional data need to be mapped to the observed mortality data (Figure 1.6). This can
be achieved with logistic regression modelling:

ybinary=(1+e−Xβ )
−1

,

where  ybinary is  the binary  plant  mortality  data,  e is  Euler’s  number or  the base of  natural

logarithm,  X  is  the  matrix  of  image-derived  metrics  including  the  intercept,  and  β is  the
corresponding  vector  of  effects.  The  quantitative  herbicide  resistance  trait  estimate  can  be
defined as:

yquantitative=X β̂,
which expands to:

y i=b̂0+x i1 b̂1+xi2b̂2+...+x im b̂m,

where β̂ is the vector of estimated effects, y i is the quantitative herbicide resistance phenotype

of the ith plant, b̂0 is the estimated intercept or the risk threshold value beyond which the plant is

classified as resistant,  b̂ j is the estimated effect of the j th metric, and x ij is the value of the jth

metric of the ith plant. This logistic model can be solved using elastic-net regularisation, which
can perform simultaneous effect estimation and variable selection (Friedman et al. 2010).
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Figure 1.6. Simulated logistic model describing the relationship between the binary mortality
data and the quantitative herbicide resistance values computed from the various
image-derived metrics and their corresponding estimated effects.
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1.4. Genomic characterisation of a non-model species

How do  we  accurately  and  cost-effectively  characterise  the  large  genome of  a  non-model
species for  quantitative and population genetics studies? Specifically,  how do we efficiently
extract  accurate  genomic information from the large and complex  Lolium rigidum genome?
Genomic characterisation is the next logical step after phenotypic characterisation on the road
to uncovering the genetic and evolutionary bases of herbicide resistance in weeds.

Various  molecular  markers  have  been  developed  over  the  past  three  decades  to  assess
diversity, to study population and landscape dynamics, to build linkage maps, and ultimately to
link  them with  observable  phenotypes  (Schlötterer  2004).  Accurate  genome-wide  molecular
marker information is fundamental in building genotype-to-phenotype maps (e.g. QTL mapping,
GWAS, and genomic prediction models), and models of evolution (e.g. selective sweep scans
and coalescent models).  Extracting this information from large (≥1×109 bases) and complex
(chromosomal  rearrangements  and  abundant  repetitive  elements)  genomes  is  challenging
(Lynch  and  Conery  2003;  Peterson  et  al.  2012;  Andrews  et  al.  2016).  Next-generation
sequencing technologies offer cost-effective strategies to do this. Their high-throughput allows
us to characterise genomes of multiple individuals in parallel. Accuracy of the resulting data is
dependent upon the depth or coverage of sequencing, i.e. the number of times a nucleotide
base is read, such that higher depth means more replication to ascertain the validity of the
sequence (Anand et al. 2016; Song et al. 2016; Kishikawa et al. 2019; Tilk et al. 2019). The
breadth of coverage or the fraction of the genome characterised is dependent upon how much
of  the  genome  was  represented  in  the  sample.  Whole-genome  sequencing  is  ideal  but
financially prohibitive for species with large genomes and resource-limited projects (Futschik
and Schlötterer 2010).

1.4.1. Sequencing-based genomic characterisation

Pioneering works on nucleic  acid sequencing occurred during the 1970s (Griffin  and Griffin
1993; Sanger 1998; Heather and Chain 2016). The first genome sequencing was performed by
Sanger and Coulson in 1975 on the bacteriophage φX174 (or PhiX, the positive control genome
as it  is  now commonly known) using the “plus and minus”  technique (Sanger and Coulson
1975). The first generation sequencing methods were published in 1977. Sanger, Nicklen and
Coulson developed the “chain termination method” of DNA sequencing (Sanger et al 1977);
while Maxam and Gilbert  developed the “chemical method” (Maxam and Gilbert  1977).  The
chemical  method  was  the  first  widely  adopted  DNA sequencing  technique  but  quickly  lost
popularity as the advantages of the chain termination method or Sanger sequencing became
more  apparent  (Heather  and  Chain  2016).  Sanger  sequencing  has  gone  through  several
changes which improved reliability and safety, including the replacement of radiolabelling with
fluorescence-based detection (Smith et al. 1985; Ansorge et al. 1986; Ansorge et al. 1987), and
the use capillary-based electrophoresis (Swerdlow and Gesteland 1990; Luckey et al. 1990).
Sanger sequencing has proven itself over the years as a robust and accurate method so much
so that it has become the gold standard in nucleotide sequencing.

The  next  generation  of  sequencing  technologies  include  454  Roche  pyrosequencing,
Solexa/Illumina cluster sequencing, sequencing by oligonucleotide ligation and detection (ABI
SOLiD) system, Ion torrent semiconductor-based sequencing, PacBio single molecule real time
(SMRT) sequencing and Oxford nanopore sequencing (Heather and Chain 2016; Mardis 2017).
These platforms enable massively parallel sequencing, real-time sequence output, and single
molecule  sequencing.  Among these,  Illumina’s  sequencing  technologies  dominate  at  ~75%
market share as of 2020 (Truong 2020).

Illumina sequencing platforms provide massively  parallel  sequencing-by-synthesis  via  bridge
amplification  on  a  lawn  of  oligonucleotides  using  fluorescent  reversible  terminator
deoxyribonucleotides (Figure 1.7). Target DNA molecules are ligated with barcode sequences
and sequences complementary to the oligonucleotides bound to the surface of the flow cell
(Fedurco et al. 2006; Heather and Chain 2016). The barcode sequences allow for multiplexing,
i.e. samples from multiple individuals are pooled, then sequenced in parallel, and afterwards the
resulting  sequences  are  separated.  The  ligated  DNA  molecules  attach  to  the  lawn  of
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oligonucleotides and are sequenced with fluorescent reversible terminator dNTPs (each of the
four nucleotide bases fluoresce with a specific colour) (Bentley et al.  2008). DNA sequence
information  is  extracted  from the  series  of  flow  cell  images.  Each  DNA sequence  read  is
currently  limited  to  300  bp  and  600  bp  for  single-end  and  paired-end  reads,  respectively
(Illumina Inc. 2020). As of 2020, Illumina sequencing platforms have run times ranging from 7 to
84 hours, generating 4 million to 20 billion reads or 0.2 to 3000 Gigabases of output (Kumar et
al. 2019).

Figure 1.7. Illumina  sequencing-by-synthesis  via  bridge  amplification  on  a  lawn  of
oligonucleotides  using  fluorescent  reversible  terminator  dNTPs.  Panel  A:
attachment of the adapter ligated DNA into the surface of the flow cell. Panel B:
bridge  amplification.  Panel  C:  clusters  of  clonal  DNA.  Panel  D:  fluorescence
emission in a cluster following laser excitation after DNA polymerase activity using
primers and four reversible terminator dNTPs. Panel E: simultaneous fluorescence
emissions from multiple clusters. Panel F: fluorescence image across the whole
flow cell is captured for every cycle.

Innovations in sequencing technology have boosted throughput and dramatically reduced cost
(Figure 1.8). These innovations can be summarised as the elimination of bacterial cloning steps,
and the processing of millions of cyclical sequencing reactions in parallel (Park and Kim 2016).
These have enabled the assembly of  reference genomes of  many species,  whole-genome,
transcriptome and exome sequencing, as well as population and landscape genomics (Park and
Kim 2016). A reference genome or genome assembly is a reconstruction of the linear sequence
of  nucleotides  of  an  organism’s  genome from fragments  of  sequenced  DNA.  This  can  be
constructed using  de novo (i.e. from scratch) and comparative (i.e. aligning sequences to the
reference genome of a related species) approaches (Pop 2009). Whole-genome, transcriptome
and exome sequencing refer  to the characterisation of  the entire  nuclear  DNA,  transcribed
ribonucleic acid (RNA), and messenger RNA (mRNA), respectively.
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Figure 1.8. Sequencing costs per megabase from 2001 to 2020 (data from the US National
Human Genome Research Institute; Wetterstrand 2020).

1.4.2. Reduced-representation and pool sequencing

The advent of next generation sequencing technologies has enabled cost-effective acquisition
of  accurate  genome-wide  molecular  marker  data  for  quantitative  and  population  genetics
studies (Ekblom and Galindo 2011; Li et al. 2017; Wordsworth et al. 2018). The entire genome
can be sequenced (i.e. whole-genome sequencing) or only a fraction of it but with the aim of
having  an  unbiased  genome-wide  representation  (i.e.  reduced-representation  sequencing).
Reducing the breadth of genome coverage with reduced-representation sequencing increases
the depth of coverage per locus thereby increasing the accuracy of the sequence information,
but at the cost of an incomplete representation of the genome (Elshire et al. 2011; Poland and
Rife  2012).  In  characterising  populations,  individuals  can  be  sequenced independently  (i.e.
individual sequencing; Indi-seq) or groups of individuals can be pooled and sequenced as a
single sample (i.e. pool sequencing; Pool-seq). Reducing the resolution of the genomic data
with Pool-seq will increase the number of individuals that can be represented which improves
allele  frequency  estimates  but  at  the  cost  of  losing  haplotype  information  (Futschik  and
Schlötterer 2010; Fariello et al. 2017). The choice of the appropriate genomic breadth and data
resolution  depends  on  genome size  and  accessibility,  the  target  samples  size,  number  of
populations, sequencing depth required to achieve accurate genotype data, and the resulting
costs.

Whole-genome sequencing  generates  a  complete  or  nearly  complete  representation  of  the
genome. There is little chance of missing nucleotide variation with this approach. Its feasibility
for  genomic  characterisation  for  various  applications  including  genome-wide  association,
genomic prediction, evolutionary and population genetics studies, predominantly depends on
the genome size (Scheben et al. 2017; Li et al. 2017). In species with small genomes such as
Arabidopsis thaliana (135Mb), whole-genome sequencing can be used to characterise multiple
individuals  at  high depth,  but  with  considerable  investment  from a global  consortium (1001
Genomes Consortium et al. 2016). Acquiring whole-genome information from large and complex
genomes for multiple individuals is challenging and costly.  Sequencing cost is the limiting factor
as the genome size, sample size and sequencing depth required increase.

Reduced-representation sequencing offers an alternative to whole-genome sequencing for large
complex genomes and large sample sizes. Specific subsets of the genome can be targeted
through exome capture,  transcriptome sequencing (RNAseq),  and restriction site-associated
DNA sequencing (RADseq). Exome capture reduces genome complexity by sequencing only
the  protein-coding  regions  (Albert  et  al.  2007;  Warr  et  al.  2015).  Although exome capture-
derived genomic information is highly reproducible, the initial investment in developing probes
can be financially straining and the variation in non-coding regions is not represented (Hirsch et
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al. 2014). Additionally, exome libraries constructed from different probe capture platforms vary
considerably in coding sequence coverage (Barbitoff et al. 2020). Similarly, RNAseq represents
only the transcribed genomic regions and under-represents regulatory sequences (Zhao et al.
2019).  In  addition,  RNAseq  data  is  tissue-specific  and  highly  sensitive  to  environmental
conditions (Hirsch et  al.  2014;  Lopez-Maestre  et  al.  2016).  Restriction site-associated DNA
sequencing  (RADseq)  represents  genomic  regions  flanked  by  restriction  sites  (Baird  et  al.
2008). One or more restriction enzymes can be used to digest the genomic DNA, followed by
size selection,  and high-throughput multiplex sequencing (Baird  et  al.  2008; Peterson et  al.
2012). Among these genome complexity reduction methods, RADseq is the most attractive due
to the lower investment required and lower bias in genome representation compared to exome
capture and RNAseq (Andrews et al. 2016).

Individual  sequencing (Indi-seq) can generate high-resolution population-level  genomic data.
This  is  a  common  strategy  for  quantitative  and  population  genetics  studies  in  natural
populations (Holliday et al. 2010; Willing et al. 2010; Cappa et al. 2013; Pallares et al. 2014;
Johnston and Schoen 2017;  Perrier  et  al.  2018;  Hansson et  al.  2018).  Depth of  sequence
coverage per individual needs to be sufficiently high to allow accurate variant-calling which limits
the number of individuals that can be included. As a consequence, most of the raw sequence
data provide redundant information. Sacrificing sample size over variant-calling accuracy can
result  in  under-powered analyses.  Accurate population-level  genomic information entail  high
sequencing depth per individual and large sample sizes which necessitate high costs. The high
level of detail captured with Indi-seq is often not cost-effective for the genomic characterisation
of large groups of individuals.

Pool sequencing (Pool-seq) is a cost-effective alternative to Indi-seq (Futschik and Schlötterer
2010; Schlötterer et al.  2014; Anand et al.  2016). It  captures low resolution information, i.e.
allele frequency information from groups of individuals instead of allelic identities per individual.
It sacrifices sequence information redundancy per individual in favour of large sample sizes. As
a consequence, haplotype information is absent in Pool-seq data, which makes the estimation
of linkage disequilibrium (LD) and recombination rates challenging. The discrete sequencing
reads can be used to estimate LD information and recombination rates, hence the range is
limited by the read length of the sequencing platform used (Feder et al. 2012). Pool-seq can
generate more accurate allele frequency estimates than Indi-seq because of the larger sample
sizes that can be sequenced for the same cost (Futschik and Schlötterer 2010). To maximise
the  accuracy  of  variant  calling  and  allele  frequency  estimation,  Pool-seq  guidelines  and
recommendations have been proposed (Schlötterer et al. 2014; Fracassetti et al. 2015; Anand
et al. 2016). Among these guidelines, large pool size and high sequencing coverage appear to
be the most important factors. Pool sizes of at least 25 (Gautier et al. 2013; Fracassetti et al.
2015) or 40 individuals (Schlötterer et al. 2014); and depths greater than 50X (Zhu et al. 2012)
to 65X (Gautier et al. 2013) have been recommended. Pool-seq has been used successfully in
ecology (Boitard et al. 2012; Cheng et al. 2012; Bastide et al. 2013; Nielsen et al. 2018), crop
breeding  (Beissinger  et  al.  2014;  Bélanger  et  al.  2016)  and  quantitative  genetics  studies
(Macgregor et al. 2006; Knight et al. 2009; Jinliang Yang et al. 2015; Fournier-Level et al. 2017;
Micheletti and Narum 2018; Guo et al. 2018). The cost-effectiveness of Pool-seq will have the
highest impact on poorly funded research involving non-model species (Schlötterer et al. 2014).

1.4.3. Application in Lolium rigidum

The combination  of  reduced-representation sequencing and Pool-seq offers  a  cost-effective
approach to the genomic characterisation of  Lolium rigidum populations.  L. rigidum is a non-
model yet agriculturally-important plant species with a large genome (~2 Gb) and large effective
population  sizes  due  its  high  fecundity  and  self-incompatibility.  Its  large  genome  can  be
rendered tractable with RADseq-based genome complexity reduction; while its large populations
can be represented effectively with Pool-seq. The resulting sequencing information needs to be
aligned or mapped to a reference genome. This is to put each read in the right context or to
append positional information so that valid statistics can be estimated between reads and pools.

L. rigidum does not currently have a published reference genome. However, the genome of a
closely  related  species,  Lolium  perenne a  forage  crop,  has  been  assembled  with  some
preliminary  gene  annotations  (Byrne  et  al.  2015).  The  summary  statistics  of  this genome
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assembly is presented in  Figure 1.9. Given that these two species are cross-compatible and
capable of producing fertile offsprings (Terrell 1966; Kloot 1983), this genome assembly can be
used to align the L. rigidum sequencing reads.

Figure 1.9. Summary statistics of the Lolium perenne genome assembly (adapted from Byrne,
2015).
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1.5. Genome-wide association and genomic prediction of 
herbicide resistance in weeds

How do we bring together phenotype and genotype information to gain insights into the genetic
bases of herbicide resistance in weeds? Are herbicide resistance traits in weeds truly polygenic
or do major genes which confer target-site resistance dominate? What are the genetic bases of
herbicide  cross-resistance?  Weeds  have  come up  with  adaptive  solutions  to  the  recurrent
application  of  herbicides  through  the  evolution  of  herbicide  resistance.  To  understand  the
mechanisms through which these adaptive solutions have emerged, the genetic bases of these
adaptations need to be identified first. Given the random process through which new mutations
arise and the massive search space to perform this random walk as well as the interconnected
nature of biochemical processes, these adaptive solutions are likely to be numerous and highly
variable.

Our understanding of the genetic bases of herbicide resistances in weeds is largely incomplete.
Most of the previous studies are under-powered due to small sample sizes which involved only
two  groups,  the  susceptible  and  the  resistant  without  consideration  for  the  intermediate
phenotypes.  The  explanatory  power  of  previously  discovered genetic  variants  is  insufficient
(White et al. 2005; Délye et al. 2009; Délye 2013; Kumar et al. 2015). These variants were
found through experiments with the assumption that  herbicide resistance is  a qualitative or
binary trait controlled by one to a few loci, which includes the known target protein and a few
well-characterised  detoxification  genes.  To  improve  the  explanatory  power  of  genotype-to-
phenotype maps, a genome-wide approach coupled with a quantitative treatment of resistance
traits is needed.

Bringing  together  genomic  and  quantitative  phenotype  data  to  build  genotype-to-phenotype
maps of herbicide resistance involves using the de facto methods of genome-wide association
study (GWAS) and genomic prediction (GP) (Gondro et al. 2013). GWAS is a population-level
experiment, designed to search across the genome for markers that are significantly associated
with  phenotypes  of  interest.  GP  is  the  prediction  of  phenotypic  values  using  genome-wide
marker data and a genotype-to-phenotype model. The objective of GWAS is to identify putative
quantitative trait loci (QTL), while GP is to predict phenotypes. Despite different objectives, the
underlying  models  for  both  methods are  the same.  Predictions  can  be  made with  GWAS-
derived allelic effects and QTL can be detected using GP-derived allelic effects.

1.5.1. History and theory of GWAS and GP

In  the  early  20th century,  Fisher  laid  the  foundation  of  quantitative  genetics  (Fisher  1918),
Morgan,  Sturtevant,  and  Muller  deduced  that  mechanisms  of  linkage  and  recombination
(Sturtevant 1913; Morgan et al. 1915; Muller 1916); and in the 1950s, Henderson developed the
mixed model equations (Henderson et al. 1959). Their work constitutes the theoretical basis of
GWAS and GP. However it was only at the beginning of the 21st century that GWAS and GP
became feasible owing to the advent of cost-effective genotyping technologies. The first GWAS
was reported  in  2002 by  Tanaka’s  group  (Ozaki  et  al.  2002;  Ikegawa 2012),  and GP was
conceived independently by Whittaker et al in 2000 and Meuwissen et al in 2001.

Fisher introduced the concept of variance and pioneered its use to deconstruct the phenotype
into its various components. In his seminal paper (Fisher 1918), Fisher showed that phenotypic
variation can be expressed as the sum of the additive genetic variance and non-additive genetic
variance or dominance deviations as a consequence of heterozygosity. This has been extended
to  include  environmental  effects  as  well  as  the  interaction  between  the  genotype  and
environment  (GxE)  and interactions between loci  (epistasis)  (Roff  1997;  Walsh 2006).  This
variance decomposition of the phenotype, y can be expressed as:

y = G+E+(G×E) = A+D+ I+E+(G× E),

where  G is  the  genotype  effect,  E is  the  environmental  effect,  (G×E) is  the  interaction
between genotype and environment, A is the additive effect, D is the dominance effect, and I
is the epistatic effect. This has enabled the estimation of heritability beyond phenotype means
between relatives. Specifically, heritability (h2) can be defined as:

44



Introduction

hbroad−sense
2

=
σG
2

σP
2 , and hnarrow−sense

2
=
σ A

2

σ P
2 ,

where  σ G
2  ,  σ P

2 ,  and  σ A
2  are  the  genotype,  phenotype  and  additive  genetic  variances,

respectively.  The  confirmation  of  the  chromosomal  theory  of  inheritance  (Morgan  1910;
Sturtevant 1913), and DNA as its molecular basis (Avery et al. 1944; Khanna 2010), as well as
the discovery of the structure of DNA (Watson and Crick 1953) have enabled the elucidation of
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Linkage analysis is the estimation of the relative distances of genetic markers from one another
to build a linkage map using pedigree information (Dexter 1914; March 1999; Ott et al. 2015).
Genetic markers can be phenotype- or DNA-based. The linkage or association between a pair
of  genetic  markers  decreases  as  a  result  of  eukaryotic  recombination  during  meiosis  via
chromosomal  crossover events (Morgan et  al.  1915).  It  follows that  more crossover events
between two loci implies greater physical distance between them. Initially, phenotype markers
were used to build linkage maps (Taylor 1970; Friend and Hopwood 1971). Sturtevant used 6
sex-linked  qualitative  traits  in  Drosophila  melanogaster to  generate  the  first  linkage  map
(Sturtevant 1913). Restriction enzymes and polymerase chain reaction among other innovations
in  molecular  biology,  have  enabled  the  construction  of  DNA  marker-based  linkage  maps
(Botstein et al. 1980; Rollini et al. 1985; Lander and Botstein 1986). These maps have been
useful for breeders aiming to reduce linkage drag (i.e. favourable loci linked to unfavourable
ones) by providing estimates of the minimum population size to generate enough recombination
events to result in favourable linkage breaks (Brown et al. 1989; Tanksley et al. 1989).

Linkage  maps  have  enabled  quantitative  trait  loci  (QTL)  mapping,  i.e.  the  identification  of
genetic markers linked or associated with quantitative traits using pedigree information (Sax
1923; Lander and Botstein 1986; Lander and Botstein 1989). The resulting QTL map resolutions
have  been low,  despite  the increase  in  the  number  of  genetic  markers  from thousands to
hundreds of thousands from the late 20th to the early 21st century (Hästbacka et al. 1992; Talbot
et al.  1999; Meuwissen and Goddard 2000; Fan and Xiong 2002). This is due to the large
linkage blocks present  in genealogically  shallow populations,  e.g.  synthetic  populations and
pedigree data dating back to only a few generations, used in QTL mapping (Meuwissen and
Goddard  2000).  Linkage blocks  are  large  in  these  populations  as  a  consequence  of  small
population sizes and limited recombination events. Increasing the number of generations prior
to mapping will reduce the linkage block size and improve mapping resolution.

Linkage disequilibrium mapping (Hästbacka et al. 1992; Meuwissen and Goddard 2000) or it’s
contemporary iteration the genome-wide association study (GWAS) (Kruglyak 1999; Ozaki et al.
2002;  Hirschhorn  and  Daly  2005;  Ikegawa  2012),  exploits  the  large  number  of  historical
recombinations that have occurred in natural populations to generate high resolution QTL maps.
While  QTL  mapping  assumes  relatedness  in  its  family-based  experimental  design,  GWAS
assumes  unrelated  individuals  in  its  population-based  design  (Lippert  2003).  Since  a  truly
panmictic population does not exist in nature because some individuals are more likely to mate
than others as a consequence of spatial and temporal distributions, and selective forces. Hence,
with natural  population comes the problem of  population structure which results in spurious
associations (Sul et al. 2018). These associations are caused by relatedness rather than linkage
with the true causal variants (Pritchard and Rosenberg 1999). Clustering individuals based on
relatedness followed by intra-cluster GWAS can alleviate this problem but reduces power.

A statistical approach using linear mixed modelling developed by Henderson from 1959 to 1975
can  effectively  control  for  population  structure  while  retaining  high  QTL  detection  power.
Random parameters which are associated with a probability distribution are “mixed” with fixed
parameters without an associated probability distribution into a single linear model. The linear
mixed model can be expressed as:

y=Xβ+Zu+ε ,
where  y is the vector of trait  values,  X  is the incidence matrix of fixed effects  β,  Z is the
incidence matrix of the random effects u which accounts for population structure, ε  is the vector
of residual effects, u∼N (0 ,G), ε∼N (0 ,R), and Cov (u , ε )=0. Maximising the joint density
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function  of  y and  u,  with  respect  to  β and  u yields  Henderson’s  mixed  model  equations
(Henderson et al. 1959; Henderson 1975):

[X
T R−1 X XT R−1Z

ZT R−1 X ZT R−1Z+G−1] [β̂û ]=[X
T R−1 y

ZT R−1 y ] .

The  variance  components  as  well  as  the  fixed  and  random  effects  are  estimated  using
maximum likelihood or Bayesian methods.

GWAS is the genome-wide interrogation of  genetic variants for significant  associations with
phenotypes using dense molecular markers. Presently, SNPs using SNP chips or genotyping-
by-sequencing are the most widely used type of molecular markers owing to their abundance,
relatively uniform distribution across genomes and co-dominant nature (Vignal et al. 2002; Li et
al. 2008; Yu et al. 2014). In the context of elucidating the genetic basis of quantitative traits or
the detection of QTL, the associations between SNPs and phenotype are usually quantified
using  linear  mixed  models.  The significance  of  SNP associations  are calculated and  some
threshold value is set to qualify which SNPs are likely to be true QTL through various multiple
comparison methods (Fadista et al. 2016; Kaler and Purcell 2019). These threshold values aim
to minimise false positive rate by transforming the desired significance level as a function of the
number of independent multiple comparisons being tested, which in the case of GWAS, involves
testing tens of thousands to millions of SNP associations.

GP  is  the  prediction  of  phenotypic  values  using  genomic  information  and  a  pre-trained
genotype-to-phenotype model. The same linear models are used in GWAS and GP; however
GP circumvents significance testing and proceeds directly to phenotype prediction assuming at
least one of the SNPs is linked to each of the causal genetic variants (Meuwissen et al. 2001).
GP was in part born out of the frustration of Meuwissen, Hayes and Goddard on the suboptimal
use of genomic information to predict quantitative traits as a consequence of using only the
statistically significant QTL. They have pioneered the use of linear mixed models and Bayesian
approach to estimate all SNP effects across the genome simultaneously. GP has proven itself
instrumental in increasing the genetic gain per year in plant and animal breeding (Crossa et al.
2017; Moeinizade et al. 2019; Voss-Fels et al. 2019; Georges et al. 2019).

1.5.2. Phenotype and genotype data acquisition for GWAS and GP

The  sample  size,  number  of  SNPs,  the  types,  accuracy  and  structure  of  phenotype  and
genotype data need to be considered to plan successful  and cost-effective GWAS and GP
experiments. The power to detect QTL and the accuracy of phenotype prediction both increase
with increasing sample size and SNP density (Long and Langley 1999; de Roos et al. 2009).
Phenotype and genotype data can be at the individual or group (pool or population) levels,
where the former provides high resolution information at the cost of high resource requirements,
and the latter provides low-cost low-resolution data (Cutler and Jensen 2010; Schlötterer et al.
2014).  Accurate  phenotype  and  genomic  information  are  achieved  with  high  number  of
replications and high sequencing depth (Giovagnoli and Sebastiani 1989; Es and Es 1993; Sims
et  al.  2014).  Population structure adds confounding effects  on the data,  which can lead to
spurious results (Pereira et al. 2018; Sul et al. 2018).

How many samples per population do we need and which populations do we select to achieve
high QTL detection power and genomic prediction accuracy? Larger sample size and denser
marker information improve the genetic and phenotypic variation captured to accurately identify
loci  linked  to  causal  genomic  variation,  and  to  construct  more  general  genomic  prediction
models.  In  GWAS,  the  number  of  samples  to  detect  a  QTL  with  a  specific  effect  and/or
heritability  can be estimated with  power  analysis;  while  in  GP,  the variation in  the  training
population needs to be representative of the variation present in populations whose phenotypes
need to be predicted (Asoro et al. 2011).

Power in GWAS is defined as the probability of detecting true QTL, i.e. loci linked to the causal
variants, with a specific criterion. In other words, power is the probability of identifying an effect
β with false positive rate (Type I error rate) less than α  (P<α ) (Ball 2013). A simple generic
illustration is presented in Figure 1.10.
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Figure 1.10. An  illustration  of  power  analysis.  H0  and  Ha are  the  null  and  alternative
hypotheses, respectively, defined by specific probability density functions, with
the latter having a non-centrality parameter proportional to the effect size, β≠0
and sample size. The quantile value, q is the minimum effect size at the false
positive rate threshold, α.

Power analysis can be analytical or simulation-based (Ball 2013; Wang and Xu 2019). In QTL
mapping and non-mixed model  GWAS, the  standard  approach  for  power analysis  is  used.
Power  is  calculated  as  the  area  under  the  non-central  chi-square  distribution  (alternative
hypothesis,  i.e  QTL has an effect,  df=1)  to the right  of  the quantile  defined by the p-value
threshold on the chi-square distribution (null hypothesis, i.e. QTL has no effect, df=1). The non-
centrality parameter is proportional to the QTL effect we wish to detect and the sample size. The
non-centrality parameter can be computed as:

NCP=
nr2h2

1−r2h2 ,

where n is the sample size, r2 is the LD correlation between the SNP and the causal variant,

and h2
 is heritability of the QTL, i.e. the proportion of the phenotypic variance explained by the

causal variant. Also, if Hardy-Weinberg equilibrium is assumed then,

h2
=2q(1−q)β2

,

where  q is  the  minor  allele  frequency  and  β is  the  standardised  effect  size  of  the  allele
(Visscher et al. 2017). The expected QTL detection power is computed for a number of QTL
effect sizes and sample sizes. The cost of phenotype and genotype characterisation for a given
sample size is weighted against the expected power and a compromise is sought.

In  GWAS  using  linear  mixed  models  to  control  for  population  structure,  the  non-centrality
parameter is difficult to define. An analytical approach has been developed but Monte Carlo
simulation-based power analyses are usually performed (Feng et al. 2011; Visscher et al. 2017;
Shin and Lee 2015; Wang and Xu 2019). Simulation-based power analysis involves simulating
multiple populations for a range of QTL effects. GWAS are then performed on these populations
under various sample sizes. Power is defined as the frequency of detecting the simulated QTL
at a specified α .

Genomic prediction accuracy increases as the training population size, marker density, and the
relatedness between the training and validation sets increase (Jannink et al. 2010; Asoro et al.
2011). The number of SNPs need to be proportional to the effective population size (N e) of the
training  population  and  the  genome  size  of  the  species.  It  has  been  demonstrated  in  a
simulation study that a training population size of N e L, where L is the genome size in Morgans,
is required to yield accurate genomic prediction accuracies (Meuwissen 2009). Additionally, it
has  been  recommended  that  8N e L SNPs  are  needed  for  an  optimal  prediction  accuracy
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(Solberg et al. 2008). Finally, accuracy is maximised when the training population represents
the overall diversity of the species (de Roos et al. 2009).

Once the appropriate number of populations have been collected, the phenotyping approach
needs  to  be  robust  and  reliable  to  generate  accurate  phenotype  information.  Appropriate
replications and controls should be included. Linear mixed models or hierarchical models can be
used to control for confounding effects such as temporal and spatial heterogeneity. Outliers can
be removed, the data transformed or heavy-tailed error distribution used to accommodate them
(West  1984;  Dai  et  al.  2016).  Unbalanced  datasets  can  be  fit  using  linear  mixed  models
(Schielzeth and Nakagawa 2013; Schielzeth et al. 2020) or the missing data can be imputed
using various imputation methods (Nakagawa and Freckleton 2008; Penone et al. 2014).

Once the appropriate marker density has been used to characterise the samples, the resulting
genotype information needs to be processed to filter-out low quality reads and/or impute missing
information. Genotyping-by-sequencing approach enables cost-effective acquisition of genome-
wide and potentially dense genotype data. Inherent to this approach are low quality sequencing
reads and reads that map poorly to the reference genome. These data are filtered out using
minimum quality score thresholds usually expressed in terms of “phred scores” (Q),

Q=−10 log10( p),
where  p is  the  probability  of  incorrect  base  call  (Ewing  and  Green  1998).  Similar  to  the
treatment of  missing phenotype data,  missing genotype data can be imputed.  The simplest
approach is the major allele method where each missing data point is replaced with the major
allele  of  the  locus  (Jung  et  al.  2007).  More  sophisticated  methods  such  as  haplotype
reconstruction (Jung et al. 2007) and neural networks (Chen and Shi 2019; Kojima et al. 2020)
can perform more reliable imputation.

1.5.3. Population structure

Accounting for structure in the data can improve the power of GWAS and accuracy of  GP.
Merging multiple populations have the potential to improve power as some populations may
have polymorphic causal variants that are fixed in others. However, structure in the data can
result  in  spurious  associations  which  are  due  to  relatedness  rather  than  the  underlying
functional  molecular  basis  (Yu  et  al.  2006).  Hence,  GWAS  and  GP models  are  generally
constructed  on  a  per  population  basis.  And  even  with  intra-population  datasets,  population
structure may exist  which needs to  be accounted for.  Fitting relatedness factors  into  linear
mixed models in GWAS and GP is a well-established approach to do this (Devlin and Roeder
1999; Yu et al. 2006; Kang et al. 2010; Zhou and Stephens 2012; Sul et al. 2018).

Various  relatedness  factors  or  relatedness  matrices  exist.  The  most  fundamental  of  which
derives from pedigree or coancestry information, i.e. a square matrix is constructed where each
element,  rij corresponds  to  the  degree  of  relationship  between  individuals  i and  j.  This

coancestry is the probability that at a locus a randomly drawn allele in individual i is identical-by-
descent to a randomly drawn allele in individual j (Wright 1921; Malecot 1948). This means that
½ refers to parent-offspring and full-sib relationships, ¼ to half-sibs, ⅛ to first cousins, and so
on. Inbreeding coefficient, F may also be used. F is the probability that at a random locus, the
alleles from parents i and j are identical-by-descent (Wright 1921). To illustrate, if individual k  is

the progeny of individuals i and j, then the inbreeding coefficient of individual k, F k=rij (Figure
1.11).

48



Introduction

Figure 1.11. Illustration of the relationships between individuals i, j, and k.

The fixation index,  FST which measures heterozygosity,  can be used to define relatedness
between groups of individuals within populations or between populations in a landscape (Wright
1949). An  FST=0 describes an unstructured population undergoing random mating; while an

FST=1 describes  a  completely  structured  population  where  each  population  is  completely
different from the one another. Another approach to describe population structure is through the
realised relationship matrix, 

GGT
,

where G is the n x m matrix of genotype data with n individuals and m loci, can also be used.
Different  variations  of  this  realised  relationship  matrix  exist  such  as  the  standardised
relationship matrix (Zhou and Stephens 2012) and sparse genetic relationship matrix  where
elements below some threshold value, e.g. 0.01 are shrunk to zero for computational efficiency
(Yang et al. 2010; Zaitlen et al. 2013; Jiang et al. 2019).

1.5.4. GWAS models

Simple linear model

In GWAS, the magnitude and direction of association between a SNP and a phenotype are
estimated using statistical models. Generally, these models are built and assessed one locus or
one SNP at a time. Most GWAS models are parametric and linear. A simple linear regression
model for GWAS can be expressed as,

y i=β0+(xi , j ∙ β j)+ϵ i,
with 

y i∼Normal (μi=∑
j=1

m

(x i , j ∙ β j) , σ
2) or ϵ i∼Normal (0 , σ2

),

where  y i is the phenotype of the ith individual which is normally distributed with mean μi and

variance  σ 2,  β0 is the y-intercept or the bias in  μ.,  x i , j is the dosage of the jth SNP in the ith

individual, β j is the effect of the jth SNP, and ϵ i is the random residual effect associated with the

ith individual and normally distributed with mean 0 and variance σ 2. In matrix notation this is,

y=Xβ+ε,
with

y∼Normal (Xβ ,σ 2 I ) or ε∼Normal(0 ,σ 2 I),

where y is the vector of phenotype values,  X  is an (n+1)×m matrix of SNP dosages for  n
individuals and  m SNPs preceded by a vector of ones,  β is the vector of the bias and SNP
effects,  and  ε  is  the vector  or  random residual effects.  The vector  of  phenotype values,  y
follows a multivariate normal distribution with the vector of means equal to  Xβ  and variance-

covariance matrix equal to σ 2 I  where I  is an n×n identity matrix, i.e. diagonal elements are
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ones  and  off-diagonal  elements  are  zeros.  The  vector  of  residual  effects  also  follow  a
multivariate normal distribution with a vector of zero means and the same variance covariance
matrix as y.

The  aim is  to  estimate  the  parameters  of  the  model,  i.e.  the  SNP effects,  β and  residual

variance,  σ 2.  The  estimates  of  these  parameters  are  usually  written  with  a  hat  symbol  to

distinguish them from the actual parameters of the model, i.e. β̂ , σ̂2. The probability density of y
or the likelihood of the parameters given y is defined as,

f ( yi)=
1

√2πσ 2
e

−( y i−μ)2

2σ 2

,

or

f ( y )=L(β ,σ 2
∣y )=2π−n /2det(σ2 I )−1/2 e(−1/2)( y−Xβ)T (σ 2 I )−1

( y−Xβ)
,

following the probability density function of the normal distribution. This likelihood function is
usually  log-transformed  since  it  is  easier  to  work  with  sums  than  products.  Thus,  the  log-
likelihood of the parameters (β ,σ2) can be expressed as,

logL(β ,σ2
∣y)=

−n
2

log(2π σ2
)+

1

2σ2
( y−Xβ)T( y−Xβ).

Linear mixed model

To control for population structure and other structures in the data, linear mixed models (LMM)
(also referred to as mixed linear models (MLM) or hierarchical models) are used. The basic form
of LMM in GWAS is,

y=Xβ+g+ε,
with

y∼Normal (μ=Xβ ,V θ=σ g
2 K+σ2 I ),

g∼Normal(0 , σ g
2 K ),

and

ε∼Normal(0 ,σ 2 I),

where y is the vector of phenotype values, X=[1G ] is the (n+1)×m matrix of SNP dosages (

G) preceded by a vector of ones,  β is the vector of the bias and fixed SNP effects,  g is the
vector of random genetic effects,  ε  is the vector of random residual effects. The phenotype
values follow a multivariate normal distribution with vector of means μ and variance-covariance

matrix V θ. The random genetic effects also follow a multivariate normal distribution with a vector
of zero means and variance-covariance matrix equivalent to the product of the genetic variance,

σ g
2 and the  n×n population structure matrix,  K  which is usually proportional to  GGT

.  The

random residual effects also follow a multivariate normal distribution with a vector of zero means
and  variance-covariance  matrix  σ 2 I .  The  probability  density  of  y or  the  likelihood  of  the

parameters β  and θ={σ g
2 , σ2

} given y is,

f ( y )=L(β ,θ∣y )=2π−n /2det (V θ)
−1 /2 e(−1 /2)( y−Xβ )

T
(σ2 I)−1( y−Xβ )

,

following the probability density function of the normal distribution. Therefore the log-likelihood 
is,

logL(β ,θ∣y)=
−n
2

log(2 π )−
1
2
log(det(V θ))−

1
2
( y−Xβ)

T

V θ
−1

( y−Xβ).

Alternatively,  if  we  define  γ=σg
2
/σ2,  and  H γ=I +γK  we  can  simplify  maximum likelihood
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estimation (Hartley and Rao 1967) and define the log-likelihood function as,

logL(β , γ , σ2
∣y )=

−n
2

log(2π σ 2
)−

1
2
log(det (H γ))−

1
2σ2 ( y−Xβ)

T

H γ
−1

( y−Xβ).

These  parameters  can  be  estimated  using  the  frequentist  method  of  maximum  likelihood
estimation, and Bayesian methods of accounting for prior beliefs.

Maximum likelihood estimation for the simple linear model

Maximum likelihood estimation (MLE) for the simple linear regression model is as follows,

β̂ , σ̂2
=argmax

( β̂ ,σ̂ 2)
logL (β ,σ 2

∣y ),

which is read as:  find the arguments  β̂ , σ̂2 which maximise the log-likelihood function.  The

derivative of the log-likelihood function with respect to β is,

∇ logL(β ,σ2
)

∇β
=

1
σ

2 X
T y −

1
σ

2 X
T Xβ ,

And the partial derivative with respect to σ 2 is,

∂ logL(β ,σ2
)

∂ σ
2 =

n
2σ

2 +
1

2σ 4 ( y−Xβ)
T
( y−Xβ) .

These are equated to zero and solved for the parameters,

β̂=( XT X )
−1
XT y=XT ( XXT )

−1
y, 

and

σ̂ 2
=
1
n

( y−X β̂ )
T

( y−X β̂ ).

These are the maximum likelihood estimates of the SNP effects and residual variance. 

Maximum likelihood estimation for the linear mixed model

MLE for the linear mixed model is similar,

β̂ ,θ̂=argmax
(β̂ , θ̂) logL(β ,θ∣y ),
or

β̂ , γ̂ , σ̂2
=argmax

( β̂ , γ̂ , σ̂2)
logL(β , γ ,σ 2

∣y ),

where θ={σ g
2 , σ2

} and γ=σg
2
/σ2

. The derivative of the log-likelihood function with respect to β
is,

∇ logL(β ,θ)

∇ β
= XTV θ

−1 y − XTV θ
−1 Xβ ,

or

∇ logL(β ,γ ,σ2
)

∇β
= −

1
σ

2 X
T H γ

−1 y −
1
σ

2 X
T H γ

−1 Xβ

where V θ=σg
2 K+σ2 I  and H γ=I+γK . And the partial derivative of logL(β ,θ∨ y ) with 

respect to θ is,

∂ logL(β ,θ)

∂θi
= −

1
2
trace (V θ

−1 ∂V θ
−1

∂θi
) +

1
2
( y−Xβ)

TV θ
−1 ∂V θ

−1

∂θi
( y−Xβ) ,
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where

∂V θ
−1

∂θi
= { I , if θi=σ

2

K , if θi=σg
2 } ;

while the partial derivative of logL(β , γ , σ2
∨ y ) with respect to σ 2 is,

∂ logL(β ,γ ,σ2
)

∂σ
2 =

n

2σ
2 +

1

2σ
4 ( y−X β)

T H γ
−1

( y−X β) .

The derivatives of the alternative log-likelihood logL(β , γ , σ2
∨ y ) with respect to β and σ 2 are 

usually used,

β̂=(XT H γ
−1 X )

−1
X T H γ

−1 y ,

and

σ̂ 2
=
1
n

( y−Xβ )
T H γ

−1
( y−Xβ ).

These parameter estimates cannot be solved analytically because they require γ, i.e. the ratio
of  genetic  variance  over  residual  variance.  The  maximum likelihood  estimate  of  γ can  be
obtained with optimisation algorithms including gradient descent and derivative-free methods.
This  generally  works by systematically  choosing values for  γ̂ from some predefined search

space (i.e. the set of all values γ̂ can be), use this to compute H γ , β̂ and σ̂ 2, then evaluate the

log-likelihood function, logL(β , γ , σ2
∨ y ) for multiple iterations until convergence, i.e. the log-

likelihood function is maximised. Thus the likelihood function essentially becomes a function of
γ alone.

ML estimation results in negatively biased variance components, i.e. underestimated variances
because of their dependence on the distribution of the fixed effects (β),

E ( σ̂2 )=n−1
n

σ 2
.

Experiments with small sample sizes will suffer from larger bias than experiments with more
samples.  Restricted  maximum  likelihood  (REML)  estimation  generates  unbiased  variance
estimates by estimating them from the residual effects of the model, i.e. after accounting for the
fixed effects (Patterson and Thompson 1971). To illustrate with the simple linear model, let

y=Xβ+ε, with

y∼Normal (Xβ ,σ 2 I).

We need to find K , such that,

KT y=KT Xβ+K T ϵ ,

KT X=0, and

KT y∼Normal(0 , KT σ2 IK ),

then σ̂ 2 does not depend on β.

Bayesian linear regression

Bayesian inference is based on Bayes’ theorem (Bayes and Price 1763),

P(θ∣y )=
P ( y∣θ)P(θ)

P( y)
,

where  P(θ∣y ) is referred to as the posterior probability which in the context of GWAS is the

probability of the SNP effects and variance components given the phenotype data,  P( y∣θ) is
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the  likelihood  function,  P(θ) is  referred  to  as  the  prior  probability  which  is  the  assumed

distribution of the parameters being estimated, and P( y ) is referred to as the evidence which is

the probability of the phenotypes. Since the  P( y ) is a fixed term, i.e. the given data do not
change, then the Bayes’ theorem can be expressed simply as,

P(θ∣y ) ∝ P( y∣θ)P(θ) .

The prior distribution,  P(θ) is first defined. This can be uninformative uniform distribution or
informative based on the expectation that for example the SNP effects are normally distributed
with most SNPs having small to no effect. Different prior distributions may be used for each of
the parameters being estimated, i.e. different search spaces and their  respective probability
distributions for  the SNP effects,  population  structure effects,  and variance components.  In
cases  where  no analytical  solution  for  the posterior  distribution  is  available  given  the  prior
distribution,  a conjugate prior  distribution is  used instead.  A conjugate prior  is  in the same
probability distribution family as the posterior distribution (Murphy 2007).

The same likelihood function is used as in MLE. The parameters are then drawn from the prior
distribution  and  plugged  into  Bayes’  formula  to  generate  a  posterior  distribution.  The  prior
distribution is then updated based on how well the parameters fit the given data. These series of
steps are repeated multiple times until  convergence or until  some criteria are met,  e.g.  the
maximum number of iterations is reached, using various Markov Chain Monte Carlo (MCMC)
algorithms such as the Gibbs sampler  (Geman and Geman 1984),  and Metropolis-Hastings
algorithm (Metropolis et al. 1953; Hastings 1970). The first several posterior distribution results
are usually excluded because these are usually outliers especially when uninformative priors
are used. This is called the burn-in step.

Statistical significance tests

The statistical significance of SNP-to-phenotype associations, i.e. the estimated SNP effects, β̂ j

can  be  assessed  using  t-tests,  and  likelihood-ratio  tests  (LRT)  with  correction  for  multiple
testing, among many other tests. These tests compare the null hypothesis H 0, i.e. the SNP has

no effect on the phenotype, and the alternative hypothesis H a, i.e. the SNP has an effect on the

phenotype. Generally, the distribution of  β̂ j per se is not used as the null distribution, instead

the distribution of the t-statistic or the likelihood-ratio test statistic is used. The H 0 distributions
of these test statistics are used to generate p-values, i.e. the probability of rejecting the null
hypothesis given the null hypothesis is true, also known as the family-wise error rate (FWER), or
type I error rate, or false positive rate. A SNP is significantly associated with the phenotype if its
corresponding  p-value  is  equal  to  or  lower  than  some  significance  level  threshold  usually
denoted  by  α .  The  significance  threshold  or  p-values  need  to  be  corrected  since  GWAS
involves tens of thousands to millions of SNPs. Using the usual significance thresholds of 1%
and 5% are too lenient, e.g. at α=1% for a GWAS with 1 million SNPs this equates to 10,000
spurious associations.

The t-statistic is computed as,

t=
β̂ j

σ̂ βj

, and t∼T df=n−2 or t 2∼ χdf =1
2

,

where  β̂ j is  the  estimated  effect  of  the  j th SNP,  and  σ̂ βj=√σ̂ 2 (X T X ) jj
−1

  is  the  estimated

standard error of jth SNP effect. This test statistic follows Student’s t distribution with n-2 degrees

of freedom, alternatively its square is χ2
-distributed with one degree of freedom.

The likelihood-ratio test statistic is expressed as,

LRT=2(
max(L(θ∣H a))

max(L(θ∣H 0)) ), and LRT∼ χdf=1
2 ,
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where the null hypothesis, H 0 assumes the effect of the SNP in the phenotype is zero, β j=0;

while the alternative hypothesis, H a assumes a non-zero effect, β j≠0, and this test statistic is

χ2
-distributed with one degree of freedom (Hartley and Rao 1967).

The  corrected  genome-wide  significance  level  threshold  can  be  defined  with  Bonferroni
correction,  Benjamini-Hochberg  false  discovery  rate,  and  permutation  tests.  Bonferroni
correction calculates the p-value threshold as,

α /m,
where  α  is  usually  5%  and  m is  the  number  of  SNPs  (Bonferroni  1936).  This  assumes
independence between SNPs, however because of linkage, Bonferroni correction is often too
stringent which can result in elevated false negative rate (Marees et al. 2018). The Benjamini-
Hochberg  false  discovery  rate  (FDR)  is  a  less  conservative  method  of  controlling  for  false
positives. The FDR procedure is as follows, let  p1≤ p2≤ ... pm be the ordered p-values for  m
SNPs, find the largest k , such that,

pk ≤
k
m
α ,

and  reject  the  null  hypothesis  for  SNPs  with  pi where  i={1,2,3 ,... , k } (Benjamini  and
Hochberg 1995). Permutation method generates a realised distribution of the p-values given the
empirical  data  where phenotype and genotype  data  are permuted  thousands to  millions  of
times, which effectively removes real associations. The percentile corresponding to  α , on this
realised p-value distribution defines the significance threshold (Gao et al. 2008).

Pool GWAS: genome-wide association using pool data

So far all the models and tests described above assume individual genotype data. Similar linear
models  can be used on pooled genotype data,  however this  is uncommon in pool GWAS.
Contingency tests using two extreme pools are commonly practised. These include Fisher’s
exact  test  and  Cochran-Mantel-Haenszel  test.  Contingency  tests  involve  calculating  the
probability of  the frequency distribution described by a contingency table given its marginal
probabilities.  The  null  hypothesis  is  the  absence  of  association  between  two  categorical
variables which in terms of GWAS means there is no association between the alleles at a locus
and the categorical phenotypes. To illustrate, consider the 2×2 contingency table below (Table
1.3).

Table 1.3. A contingency table for  genome wide association study using pooled genotype
data describing the number of alleles under different categories.

Allele A1 Allele A2 Total allele counts per pool

Positive Pool a b R1=a+b

Negative Pool c d R2=c+d

Total counts
per allele

C1=a+c C2=b+d n=a+b+c+d

Fisher’s exact test (Fisher 1922), calculates a conditional probability of obtaining this matrix
given the marginal sums,

P=
R1 !R2!C 1!C2!

a !b !c !d ! n!
.

This probability is then computed for all possible values of a, b, c, and d given constant R 1, R2,
C1, and C2 marginal sums. Finally, the probabilities equal to or lower than that of the original
data are added up to generate the p-value, i.e. the probability of obtaining this contingency table
given the marginal sums purely by chance.

Cochran-Mantel-Haenszel test (Cochran 1954; Mantel and Haenszel 1959) can be used, if the
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observed contingency table is replicated such that a i, bi, ci, di are the allele counts, R1i, R2i, C1i,
C2i are the marginal sums, and ni is the total allele count for the ith replication. The odds of
individuals  in  the  “Positive  Pool”  having  allele  A1  is  (a /R1)/(b/R1),  while  the  odds  of

individuals in the “Negative Pool” having allele A1 is  (c /R2)/(d /R2). The ratio of these odds

across k  replicates is,

R=(∑i=1

k

ai d i

n i
)÷(∑i=1

k

bi c i

ni
).

The null hypothesis is that the two odds are equal, i.e. R=1, while the alternative hypothesis is
R≠1. The test statistic to compute the p-value is,

Q=(∑i=1

k

(ai−
R1 iC1 i

ni
))

2

÷(∑i=1

k

R1 iC1 iR2iC2 i

ni
2
(ni−1 ) ),

where Q∼ χdf=1
2  (Kuritz, Landis, and Koch 1988).

More recently a parametric test for more than two extreme pools, GWAlpha (Fournier-Level et
al. 2017) has been developed. GWAlpha models the distribution of allele frequencies across
pools sorted by mean phenotype values as a Beta distribution. The shape parameters of this
distribution,  θ1 and  θ2, where each distribution corresponds to the frequency of an allele per
locus across pools, are estimated using least squares or maximum likelihood methods. The test
statistic of the ith allele in a locus is computed as,

α̂ i=2√ pi(1−pi) ( μ̂i− ν̂ i )/σ y,

where pi is the frequency of the ith allele, μ̂i is the mean of the Beta distribution of the ith allele

across the k  pools, i.e. μi=θ̂1/(θ̂1+θ̂2),  ν̂i is the mean of the Beta distribution of the additive

inverse of the ith allele frequency, i.e. 1−pi, across the pools. This test statistic follows a normal
distribution with parameters estimated using maximum likelihood, and from which empirical p-
values are computed.

Missing heritability

The significance level thresholds in GWAS are usually very stringent to minimise false positives
at the cost of elevated false negative rate. This resulted in the problem of missing heritability,
where only a small fraction of the phenotypic variability can be explained by the QTL that were
identified (Manolio et al. 2009; Zuk et al. 2012). This has been resolved by recognising the small
effects of numerous loci below stringent significance thresholds (Manolio et al. 2009; Yang et al.
2010; Shi et al. 2016). In response to the poor explanatory power or the poor predictive ability of
models  built  using these GWAS-detected QTL and the suboptimal  use of  dense molecular
marker information, a phenotype prediction approach using all marker information, i.e. genomic
prediction was developed.

1.5.5. Genomic prediction models

Models for genomic prediction are similar to that of GWAS, with some key differences. The
effects of all SNPs included in the study are estimated simultaneously instead of one at a time.
And since there are more SNP effects  ( p)  that  need to  be estimated  than  the  number  of
individuals or observations (n), then a simple linear model is insufficient. Ordinary least squares
regression or maximum likelihood estimation for a simple linear model does not have enough
degrees of freedom to estimate the full model, i.e. there are insufficient observations to estimate
all  the effects. Multicollinearity often exists among the SNPs, i.e. SNPs in the  X  matrix are

55



Introduction

correlated, which results in singular XT X  which means it cannot be inverted and β cannot be

estimated.  Various  approaches  have  been  developed  to  circumvent  this  n≪ p problem,
including  ridge  regression  (RR),  least  absolute  shrinkage  and  selection  operator  (LASSO)
regression,  elastic-net  regularisation,  linear  mixed  modelling  with  ML  or  REML  estimation,
Bayesian  linear  regression,  and  machine  learning  approaches  such  as  random forest  and
neural networks.

Ridge regression

Ridge regression  (RR)  attempts  to  generate  a  parsimonious  linear  model  by  shrinking  the
estimated effects,  β̂ towards zero using a shrinkage or tuning parameter  λ≥0, which can be

thought of as λ=σ 2
/σg

2 (Whittaker et al. 2000; Searle et al. 2009; Endelman 2011). The linear

model is a fully random model which can be expressed as,
y=Xβ+ϵ,

with

β∼Normal(0 , σg
2 I ), and ϵ∼Normal(0 , σ2 I ),

where y is the vector of phenotype values, X  is the n× p matrix of SNP data which is centred,
i.e. coded as -1, 0, 1 or dosage based 0, 1, 2 if y is standardised, since the vector of normally

distributed SNP effects (β) are centred on zero with common variance  σ g
2,  ϵ  is the vector of

normally distributed residual effects with mean zero and variance σ 2, and I  is an identity matrix.
The aim is to minimise the cost function defined as the residual sum of squares with Lagrangian
penalty  on the  values of  β̂ .  This  penalty  is  called L2 since the Lagrangian multiplier,  λ is

multiplied with the Euclidean norm or the square of SNP effects,  ‖β‖2
2
 , i.e.  λ (βT β ), which is

why RR is also called the L2 regularised regression,

β̂=argmin
(β̂ )

( y−Xβ )
T

( y−Xβ )+ λ‖β‖2
2
.

The estimates of the SNP effects or the best linear unbiased predictors (BLUP; since these are
random effects), β̂  are computed as,

β̂=( XT X−λI )
−1

XT y.

Various optimisation algorithms can be used to find the optimal  λ which minimises the cost
function.

LASSO regression

Least absolute shrinkage and selection operator (LASSO) regression attempts to generate an
even more parsimonious model  than RR by allowing some effects to be exactly  zero.  The
LASSO model is similar to that of RR. The cost function for LASSO uses the L1 penalty λ‖β‖1,
i.e. the Lagrangian multiplier is multiplied to the absolute value of the SNP effects (Tibshirani
1996),  instead  of  the  L2  penalty  in  RR.  LASSO  regression  or  L1  regularisation  can  be
expressed as,

β̂=argmin
(β̂ )

( y−Xβ )
T

( y−Xβ )+ λ‖β‖1.

If  λ=0, then none of the estimated SNP effects are zero. More effects are set to zero as  λ
increases,  and as  λ→∞ all  the  effects  becomes zero.  In  terms  of  variance  components  (

λ=σ 2
/σg

2), as residual variance increases or as genetic variance decreases, λ increases and

less SNPs contribute to the phenotype. The  β̂  and  λ which minimise the cost  function are
determined  using  various  quadratic  optimisation algorithms.  LASSO regression generates  a
sparse β̂ which can improve the interpretability of the model.
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Elastic-net regression

Elastic-net  regression  combines  the  L1  and  L2  penalties  of  RR  and  LASSO into  a  single
framework (Friedman et al. 2010). Elastic-net regularisation can be expressed as,

β̂=argmin
(β̂ )

( y−Xβ )
T

( y−Xβ )+ λ((1−α )
1
2
‖β‖2

2
+α‖β‖1),

where  α∈[0,1] is the compromise between RR and LASSO. An  α=0 corresponds to a L2
penalty or RR, while  α=1 corresponds to L1 penalty or LASSO regression. The estimates of

the SNP effects  β̂ are solved using various quadratic optimisation algorithms for a range of

decreasing λ starting from λmax where all SNP effects are zero. The λ which minimises the cost

function and the corresponding β̂ are determined.

Linear mixed modelling with maximum likelihood estimation

Another approach to circumvent this  n≪ p problem in GP is to use linear mixed models and
maximum likelihood estimation of the random SNP effects. This linear mixed model can be
expressed as,

y=Xβ+Zu+ϵ ,
with

y∼Normal (μ=Xβ ,V θ=σ g
2 K+σ2 I ),

u∼Normal(0 , σ g
2 K ),

and

ε∼Normal(0 ,σ 2 I),

where y is the vector of n phenotype values, X  is the design matrix for the fixed effects β which
in this case is just the phenotype mean and therefore  X  is simply a vector of ones,  Z is the
n× p matrix of SNP data, u is the vector of random SNP effects, and ϵ  is the vector of random
residual effects. The phenotype values follow a multivariate normal distribution with vector of
means μ and variance-covariance matrix V θ. The random SNP effects also follow a multivariate
normal distribution with a vector of zero means and variance-covariance matrix equivalent to the

product of the genetic variance, σ g
2 and the n×n population structure matrix, K  which is usually

proportional to ZZT . The random residual effects also follow a multivariate normal distribution

with a vector of zero means and variance-covariance matrix  σ 2 I , where I  is an n×n identity
matrix.  The  log-likelihood  function  is  defined  differently  than  previously  shown  for  LMM in
GWAS,

logL(β ,σ g
2 ,σ 2

∨ y )=
−n
2

log(2π σ g
2
)−

1
2
log(det (H ))−

1
2σ g

2 ( y−Xβ )
T

H 2
( y−Xβ),

where γ=σ2
/σ g

2, H=K+γI , the fixed and random effects are estimated as,

[β̂û]=[X
T X XT Z

ZT X ZT Z+γK−1]
−1

[X
T y

ZT y ] .

The variance components σ g
2 and σ 2 which maximise this log-likelihood function are determined

using optimisation algorithms, and in the process the fixed effects (also called the best linear
unbiased estimators, BLUE) and random effects (also called the best linear unbiased predictors,
BLUP) are estimated (Wang et al. 2018). This is the maximum likelihood estimation approach.
Restricted maximum likelihood estimation can also be performed.

Bayesian linear regression

The SNP effects and variance components can be estimated using Bayesian approach under
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the same linear model specifications as described above. For RR, the prior of the SNP effects,
β is normally distributed with mean zero and the probability of SNPs having exactly zero is
infinitesimally small. For LASSO, the prior of the SNP effects, β  follows the Laplace distribution
where many SNP effects are close to zero such that some are approximately zero. For LMM,
the SNP effects u, can assume various prior distributions, e.g. inverted chi-square distribution
as in  Bayes A,  mixture  of  0  (with  probability  π)  and  inverted chi-square distribution (with
probability 1−π ) as in Bayes B, mixture of 0 (with probability π) and  normal distribution (with
probability 1−π) as in Bayes C, and similar to Bayes C but π is another parameter that needs
to be estimated with a uniformly distributed prior as in Bayes Cπ (Wang et al. 2018).

The SNP effects  and variance components are estimated using various MCMC algorithms.
Briefly,  using  these  priors,  a  set  of  parameters  are  proposed,  i.e.  sampled  from the  prior
distribution.  The  posterior  distribution,  i.e.  the  probability  of  the  SNP  effects  and  variance
components being estimated given the phenotype data, is calculated and used to update the
prior for the next iteration. These steps are repeated multiple times until some criteria are met
and the best parameter values are selected.

Machine learning methods

All the linear models described so far, accounts for the additive genetic effects of the SNPs and
allocates the non-additive genetic effects, i.e. dominance and epistatic effects into the error
term. Incorporating these non-additive genetic effects into a linear model is intractable, i.e. the
2-way,  3-way,  and  so  on  SNP  interaction  matrix  will  be  massive  and  likely  to  be  highly
multicollinear,  thereby  exacerbating  the  n≪ p problem.  Non-parametric  machine  learning
methods have  the  potential  to  solve  this  problem without  the  need to  explicitly  define  the
genotype-to-phenotype  model  while  having  the  ability  to  quantify  additive,  dominance  and
epistatic genetic effects as well as SNP-covariate interactions, e.g. genotype-environment (GxE)
interactions (Lubke et al. 2013; Li et al. 2018).

Exploiting  the  rapidly  accumulating  phenomics  and  genomics  information  driven  by  the
increasing  accessibility  to  massively  high-throughput  phenotyping  and  genotyping  platforms
(Reuter et al.  2015; Yang et al. 2020), machine learning methods can elucidate the genetic
basis of traits beyond additive effects. Hence, these model-free non-parametric methods have
the  potential  to  improve  the  explanatory  power  of  genotype-to-phenotype  maps.  Machine
learning methods applied to genomic prediction include random forest (Ogutu et al. 2011; Li et
al. 2018; Abdollahi-Arpanahi et al. 2020), and deep learning (González-Camacho et al. 2012;
Montesinos-López et al. 2018; Waldmann 2018; Ma et al. 2018; Abdollahi-Arpanahi et al. 2020;
Zingaretti et al. 2020).

Polygenic Scores

Alternatively, genomic predictions can be made using allele effects derived from one SNP at a
time GWAS experiments.  This  is  known as polygenic  risk  score analysis  (Torkamani  et  al.
2018). This was the first form of genomic prediction in humans (International Schizophrenia
Consortium 2009). The canonical procedure to predict these polygenic risk scores is to only use
the disease-associated loci (Dudbridge 2013). The polygenic score is computed as,

s=Gβ,
where G is the n× p matrix of genotype information, and β is the vector of p allele effects of
the significantly associated loci. More contemporary methods of estimating polygenic risk scores
or  polygenic  scores  in  general,  are  the  same  as  the  GP  methods  discussed  above,  i.e.
employing trait  and genome-wide marker regression, where the allelic effects are estimated
using various methods from penalised regression to Bayesian estimation (Abraham and Inouye
2015).

Prediction accuracy assessment

Prediction accuracy or  predictive  ability  can be quantified using Pearson’s  product  moment
correlation,  mean  absolute  error  and  root  mean  square  error.  Pearson’s  product  moment
correlation (r) is defined as,
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r=
Cov ( y , ŷ )

σ y σ ŷ

=

∑
i=1

n

( yi−μy )( ŷi−μ ŷ )

√∑
i=1

n

( y i−μ y)
2∑
i=1

n

( ŷ i−μ ŷ)
2

,

where y and ŷ are the vectors of observed and predicted phenotype values, respectively,  y i

and ŷ i are the observed and predicted phenotype value, respectively of the i th individual, μy is

the mean of y, μ ŷ is the mean of ŷ, and n is the number of individuals or observations. Mean
absolute error (MAE) is defined as,

MAE=
1
n
∑
i=1

n

‖y− ŷ‖1.

Root mean square deviation (RMSE) is defined as,

RMSE=√ 1n∑i=1

n

( y− ŷ )
2
.

Pearson’s correlation coefficient is the common metric used in animal and plant breeding since
ranking the breeding lines is  more important  than predicting close to the actual  phenotypic
values. Large errors have more weight in RMSE than MAE. In this sense, RMSE is stricter than
MAE.

Cross-validation is needed to assess the genomic prediction accuracy or the predictive ability of
a genomic prediction model. Cross-validation assesses how models generalise to independent
data sets (Stone 1974). This involves dividing the data (simulated or empirical) into two mutually
exclusive sets, i.e. the training set and the validation or testing set.  The genomic prediction
model is built or trained using the phenotype and genotype data of the training set. This model
is  then used to predict  the phenotypes of  the validation set.  To quantify  the uncertainty  of
prediction  accuracies,  multiple  iterations  of  cross-validation  are  performed  using  different
training and validation sets. Prediction accuracy is measured for each training-validation set
pair,  and  the  accuracies  are  summarised  across  iterations,  e.g.  the  mean  and  standard
deviation are calculated.

There are various ways to divide the dataset to train the model and predict the phenotypes.
Some of the commonly used ones in genomic prediction are the k-fold cross-validation where k
is usually 10, and leave-p-out cross-validation where p is usually 1. In 10-fold cross-validation,
the dataset is randomly partitioned into 10 equally-sized mutually exclusive sets (Wong 2015).
The model is trained on the 9 sets and validated on the remaining set, for all set combinations.
This is repeated multiple times to generate different set compositions for every replication. In
leave-one-out cross-validation, each individual is used as the validation set for the model trained
on the rest of the data for each iteration (Wong 2015).
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1.6. Evolutionary paths towards herbicide resistance in L. 
rigidum populations across SE Australia

The shared ancestry of all life on earth implies a common set of evolutionary constraints tied to
the molecular basis of life which results in convergent solutions to many evolutionary problems.
These convergent evolutionary solutions are exemplified by the adaptive evolution of weeds in
agroecosystems, specifically in the evolution of herbicide resistance (Baucom 2019). Herbicide
resistance evolution is  a tractable  system to  study adaptive evolution in  real-time (Baucom
2016). Herbicide resistance-conferring alleles arose from standing genetic variation, and/or de
novo mutations, which may have been distributed across the landscape through gene flow, and
pushed towards fixation by selection pressure from herbicides and random genetic drift. These
evolutionary forces leave behind genomic signatures which can be detected and analysed to
infer  the likely  evolutionary  paths towards  herbicide resistance.  Insights  that  will  be gained
attempting  to  answer  the  following  questions  will  improve  our  understanding  of  adaptive
evolution in general, as well as aid in the development of better weed and herbicide resistance
control  strategies.  What  is  the predominant  source of  herbicide resistance alleles,  standing
genetic  variation  or  de novo mutations?  How much is  the contribution  of  gene flow to  the
observed  variation,  specifically  are  resistance  alleles  appearing  independently  in  each
population or do they originate from one or a few source populations?

1.6.1. Effective population size

Identifying standing genetic variation or de novo mutations as the source of favourable alleles
requires  estimates  of  the  initial  frequency  of  favourable  alleles  at  the  start  of  selection,  q 0

(Olson-Manning et al. 2012). If q0 is sufficiently higher than the expected frequency of a new
mutation,  1/2N e, then favourable alleles are more likely to have come from standing genetic

variation rather than from de novo mutations. The effective population size, N e is the size of an
idealised panmictic population with the same inbreeding rate as the observed population (Crow
and Kimura 1970).

Estimates of  N e rely on the scaled mutation rate,  θ=4N e μ, where  μ is mutation rate. This

scaled mutation rate can be estimated in two ways: first as the sequence diversity (Tajima’s π̂)

and second as the number of polymorphic sites (Watterson’s estimator  θ̂) (Xu and Fu 2004).
These estimators can be calculated from Pool-seq data corrected for pool sizes and sequencing
coverage (Kofler et al. 2011). Large sample sizes estimate present-day  N e better than small
sample sizes because of the higher probability of sampling new and therefore rare variants
(Tennessen and Akey 2011; Keinan and Clark 2012; Nelson et al. 2012). Small sample sizes,
on the other hand, estimate historical  N e better, since older and more common variants are
predominantly detected (Olson-Manning et al. 2012).

1.6.2. Mutation rate and fitness cost

The ultimate  source  of  all  genetic  variation is  stochastic,  i.e.  random mutations (Nei  1980;
Barton 2010). These mutations may confer beneficial, detrimental, or neutral effects on fitness
as well as various pleiotropic effects on multiple traits. The resulting mutation-selection balance
is the mechanism which maintains quantitative trait  variability even under constant selection
pressures (Zhang and Hill 2005).

Mutation rate (μ) can be defined as the average number of new random single-base mutations
per individual genome per generation (Crow and Kimura 1970; Crow 1997). It can be estimated
by counting the number of mutant individuals, or the number of distinct mutation events in multi-
generation experiments (Drummond et al.  2002; Fu and Huai 2003). In plants, estimates of
mutation rates range from 1.0 x 10-9 to 1.0 x 10-7 (Kovalchuk et al. 2000; Wang et al. 2019).

Genetic variants which confer resistance to an herbicide can exhibit pleiotropic effects which
can have beneficial, detrimental or neutral effects on fitness. There is an increased chance of
losing a potentially favourable allele if its fitness cost is high (Ralph and Coop 2015). It follows
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that alleles conferring resistance to multiple herbicides which also positively affects fitness in
herbicide-free environments are highly favourable.

1.6.3. Genomic signatures of selection

The effects of selection can be detected as regions in the genome where variations significantly
deviate from neutral expectations. Neutral polymorphisms around a beneficial allele are lower if
it originated from de novo mutation than if it originated from standing genetic variation.  Figure
1.12 depicts  this  hitchhiking  of  neutral  polymorphisms  linked  to  the  beneficial  allele  under
selection.  The  extent  of  the  valley  of  low  neutral  allelic  variation  around  the  selected  site
decreases as the age of the beneficial allele increases, since a beneficial allele present in the
ancestral population has been exposed to more recombination events than a new mutation.

Figure 1.12. Expected genomic signatures of selection around a beneficial allele found at the
central  position when this allele originated from  de novo  mutation (red dashed
line), or standing genetic variation (green dash-dotted line), or multiple beneficial
alleles from different genetic backgrounds (blue solid line) (adapted from Barrett
and Schluter 2008).

These genomic signatures of selection can be a highly pronounced reduction in allelic variation
around the causal allele referred to as hard sweep (Maynard and Haigh 2007), or alternatively a
soft  sweep (Hermisson  and  Pennings  2005),  where  this  reduction  is  less  pronounced and
harder to detect  (Olson-Manning et al.  2012).  These sweeps can inform us of  the origin of
favourable  alleles  as  shown  in  Table  1.4.  Detecting  these  signatures  of  selection  requires
estimates of recombination rate across the genome.

Table 1.4. The types of selective sweeps expected under the different origins of favourable
alleles (adapted from Olson-Manning et  al.  2012 and Hermisson and Pennings
2005).

Standing genetic variation New recent mutation

Single Origin Soft sweep Hard sweep

Multiple origins / Independent
parallel mutation events

Soft sweep Soft sweep

Recombination  rate  (r)  can  be  defined  as  “the  probability  that  a  transmitted  haplotype
constitutes a new combination of alleles different from that of either parental haplotype” (Clarke
and Cardon 2005). Low recombination rate around a new beneficial mutation can hinder fixation
in  the  presence  of  tightly  linked  unfavourable  mutations  (genetic  load  or  linkage  drag)
(Charlesworth et  al.  1990; Schoen et  al.  1998; Charlesworth 2012).  It  follows that  selection
favours genomic regions of high recombination (Charlesworth 2012). High recombination can
also be unfavourable if it promotes breaking the linkage between favourable alleles, however
this  is  less  common  than  the  previous  case  (Kirkpatrick  and  Barton  2006;  Hoffmann  and
Rieseberg  2008).  Recombination  rate  can  be  estimated  from  linkage  disequilibrium  (LD)
information (Clarke and Cardon 2005) by maximising the likelihood function:

L(r )=( p̂ab−D̂ r )nab( p̂aB+ D̂ r)naB( p̂Ab+D̂ r)n Ab( p̂ AB−D̂ r )nAB ,
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where p̂ijand nijare the frequency and number of haplotype ij, respectively, and D̂= p̂ ij− p̂ i p̂ j.

LD information can be extracted from Pool-seq data using sequencing read information since
haplotype information is unavailable (Kofler et al.  2011). It follows that long-range LD is not
captured with Pool-seq using short-read sequencing.

1.6.4. Genetic differentiation and gene flow

Genetic differentiation among and within resistant and susceptible populations as affected by
gene  flow  are  critical  in  identifying  the  likely  origin  of  herbicide  resistance  alleles.  Highly
differentiated resistant  populations suggest  independent mutations.  On the other hand,  less
differentiated  resistant  populations  suggest  standing  genetic  variation  as  the  origin  of  the
resistance allele or the spread of the resistance allele through gene flow.

Genetic differentiation or the genetic distance between groups of individuals can be estimated
using Nei’s genetic distance (D), and the commonly used fixation index (FST sometimes referred
to as GST). Nei’s genetic distance is defined as D=−lo ge I , where I  is the normalized identity
of  genes between two populations (Nei 1972).  FST is  a measure of  heterozygosity which is
adapted to  define relatedness between groups of  individuals  within and among populations
(Wright 1949). However, equating heterozygosity to relatedness can yield misleading results
(Jost 2008). These genetic differentiations between populations are highly affected by gene
flow.

Gene flow influences herbicide resistance evolution across a landscape by decreasing genetic
differentiation  between  populations,  the  magnitude  of  which  depends  on  local  selection
pressures  and population  sizes  (García-Ramos and  Kirkpatrick  1997;  Olson-Manning  et  al.
2012; Santangelo et al. 2018). High gene flow decreases differentiation between populations;
however sufficiently high local selection pressures and/or small population sizes can increase
differentiation between populations even in the presence of high gene flow (Jain and Bradshaw
1966). Therefore the strength of gene flow can be inferred by assessing differentiation within
and among resistant and susceptible populations in the context of estimated N e and selection
pressure. In addition, maladaptive gene flow originating from populations free from the selection
pressure, i.e. border and feral populations, can selectively favour gene duplication which can
mask the effects of the maladaptive immigrant alleles (Olson-Manning et al. 2012; Yanchukov
and Proulx 2012).

1.6.5. Inferring likely models of herbicide resistance evolution

Elucidating the most likely evolutionary paths taken by herbicide-resistant populations requires
estimates of the genetic differentiation within and among resistant and susceptible populations,
and  the  assessment  of  the  genomic  signatures  of  selection.  Resistance  alleles  may  have
originated  from  standing  genetic  variation  or  de  novo mutations  and  spread  across  the
landscape through migration via seeds or pollen.

If standing genetic variation was the origin of the resistance alleles, then we expect to observe
the  following.  Genetic  differentiation  is  low among  resistant  populations;  but  high  between
resistant and susceptible populations. Fitness costs of the resistance alleles are low. In terms of
genomic signature per population, soft sweeps are expected, i.e. the region of reduced genetic
variation surrounding the resistance allele occurs on multiple different backgrounds. These are
indicators of a common ancestral population harbouring the resistance alleles prior to selection
pressure from herbicides. This origin of resistance alleles facilitates rapid adaptive evolution
(Busi et al. 2013).

If resistance-conferring mutations arose independently across populations and in parallel with
the selection pressure from herbicides, we expect the following. Estimates of  N e and genetic
differentiation between resistant populations are expected to be high; while gene flow is low. In
terms of genomic signature per population, hard sweeps are expected, since the background
surrounding the resistance allele is likely to have come from a single individual. Furthermore, if
gene flow is high then there is an increased chance of a single or few source populations from
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which the resistance alleles originated. However, it should be noted that resistance alleles may
originate from standing genetic variation in some populations and from new mutations in others
in the same landscape.

Five  models  of  herbicide  resistance  evolution  are  illustrated  in  Figure  1.13.  These  depict
different  scenarios  for  the  convergent  evolution  of  herbicide  resistance  across  multiple
populations. In the independent mutations model, the resistance allele independently appeared
via  de novo mutation in each of the populations. In the migration model, the resistance allele
appeared via de novo mutation in one population and spread to the other populations through
migration.  In the standing variant  model,  the resistance allele  was present  in  the ancestral
population.  The  last  two  models  are  combinations  of  migration  and  mutation  models;  and
standing variant and mutation models.

Figure 1.13. Models of convergent herbicide resistance evolution. The red line represents
the allele frequency of the resistance allele (qi), where qa is the frequency in the
ancestral  population  and  qpop1,  qpop2,  and  qpop3 are  the  frequencies  in  the  3
resistant populations. The red triangle represents the onset of selection from an
herbicide. The red x mark represents a mutation event. The blue dashed line
represents migration.

The probability of various evolutionary models can be estimated using likelihood maximisation
and likelihood-free approaches. The dmc method is a likelihood maximisation approach which
uses the coalescent framework to yield insights into the demographic and selective forces which
have shaped the observed signatures of selection (Lee and Coop 2017). Approximate Bayesian
Computation (ABC) (Pritchard et al. 1999; Beaumont et al. 2002) is a likelihood-free approach
which uses summary statistics and extensive simulations coupled with an acceptance-rejection
algorithm to  assign  probabilities  to  the  different  models  of  evolution.  As  the  complexity  of
evolutionary  models  increases,  explicit  likelihood  functions  become inaccessible  (Beaumont
2019). Hence, likelihood-free approaches like ABC offer the only tractable solution. However, as
model complexity, sample sizes and sites involved increase, the simulation step becomes more
computationally intensive.
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2. Optimising sampling design and sequencing
strategy for the genomic analysis of 
quantitative traits in natural populations

This chapter was submitted to the scientific journal Molecular Ecology Resources in October
2020.  The  preprint  version  is  at   https://doi.org/10.22541/au.161429335.52330927/v1  . The
authors are Jefferson F. Paril (PhD candidate),  David J. Balding (co-supervisor), and Alexandre
Fournier-Level (main supervisor). The aim of this study is to provide recommendations on the
optimal  sampling  strategies  to  use  under  different  landscape  scenarios  for  genome-wide
association and genomic prediction experiments. Specifically, we addressed the following three
questions. How many populations do we need to sample to yield optimal QTL detection and
genomic prediction accuracies? Under which landscape-specific circumstances should we use
Indi-seq or Pool-seq? And which populations to select under different landscape scenarios?

2.1. Abstract

Mapping the genes underlying ecologically-relevant traits in natural populations is fundamental
to develop a molecular understanding of species adaptation. Current sequencing technologies
enable the characterisation of a species’ genetic diversity across the landscape or even over its
whole range. The relevant capture of the genetic diversity across the landscape is critical for a
successful genetic mapping of traits and there are no clear guidelines on how to achieve an
optimal  sampling and which sequencing strategy to implement.  Here we determine through
simulation,  the  sampling scheme that  maximises  the power  to  map the genetic  basis  of  a
complex  trait  in  an  outbreeding species  across  an  idealised  landscape and  draw genomic
predictions for the trait, comparing individual and pool sequencing strategies. Our results show
that QTL detection power and prediction accuracy are higher when more populations over the
landscape are sampled and this is more cost-effectively done with pool sequencing than with
individual sequencing.  Additionally, we recommend sampling populations from areas of high
genetic diversity. As progress in sequencing enables the integration of trait-based functional
ecology into landscape genomics studies, these findings will guide study designs allowing direct
measures of genetic effects in natural populations across the environment.

2.2. Introduction

Understanding how the molecular variation within species supports the evolution of functional
traits is a central goal in ecology through the determination of so-called genotype-to-phenotype
map. Genomic information for a species can then be leveraged to understand and eventually
predict  population  fitness  under  a  range  of  eco-evolutionary  scenarios.  Unfortunately,  this
genotype-to-phenotype map is  only  available  for  a  handful  of  traits,  and primarily  in  model
organisms.  With  the  improved  accessibility  of  sequencing  technologies,  genome-wide
association  studies  (GWAS)  and  genomic  prediction  (GP)  are  becoming  straightforward
approaches to understand and predict complex traits (Gondro et al. 2013). We thus coined the
term GPAS (Genomic Prediction and Association Studies) to denote genome-wide association
studies designed to both identify quantitative trait loci (QTL) and predict traits from genomic
data.  These studies rely on cost-effective,  high-throughput sequencing and share the same
well-established linear modelling framework. However, how to sample natural populations to
train accurate GPAS models that are representative of the genetic diversity of a species is far
from obvious. More insights are needed to develop an optimal strategy and move away from ad
hoc field sampling.

Research in ecological genomics deals with the challenge of characterising the genetic basis of
traits  across  multiple  natural  populations.  This  requires  collecting  sufficient  genotype  and
experimental  phenotype  data  to  represent  the  species’  diversity,  which  in  practice  is  often
performed with limited resources. This raises the problem of how to sample across a landscape
to capture representative  genetic  variation while  constrained  by  the  total  sequencing depth
attainable  for  a  given  budget.  Here,  we  address the  question:  how do we allocate  a  fixed
sequencing capacity so that the genetic information captured over the landscape leads to an
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optimal GPAS performance?

It is becoming easier to genotype genome-wide markers for large numbers of individuals, either
through whole-genome sequencing or complexity reduction approaches such as restriction site-
associated DNA sequencing (RADseq)  (Baird et al.  2008) in the case of large and complex
genomes. Increasing the density and number of markers for GPAS has the potential to increase
QTL detection power and prediction accuracy  (de Roos et al. 2009; Long & Langley, 1999).
Despite  the  declining  costs  of  sequencing,  genotyping  every  individual  of  every  population
across a landscape is usually not feasible, and phenotyping remains resource-consuming. As a
cost-effective alternative to sequencing individuals (Indi-seq), sequencing pools of individuals
(Pool-seq) (Schlötterer et al. 2014) has gained popularity in ecology (Bastide et al. 2013; Cheng
et al.  2012; Nielsen et  al.  2018),  evolution  (Boitard  et  al.  2012; Fournier-Level  et  al.  2019;
Fracassetti et al. 2015), and breeding (Beissinger et al. 2014; Bélanger et al. 2016) supported
by developments in quantitative genetics  (Fournier-Level et al. 2017; Guo et al. 2018; Knight,
Saccone et al. 2009; Macgregor et al. 2006; Micheletti  & Narum, 2018; Jinliang Yang et al.
2015).

Indi-seq generates high-resolution genomic data of a population;  while Pool-seq yields low-
resolution data  in  favour  of  cost  reduction.  Indi-seq yields individual  allele  information after
variant calling, while Pool-seq generates allele frequency estimates for a group of individuals.
Identifying when best to use one over the other is important. Pool-seq was shown to be at least
as accurate as Indi-seq in estimating genome-wide allele frequencies (Fracassetti et al. 2015;
Gautier et  al.  2013; Rellstab et al.  2013; Zhu et al.  2012),  but it  is  also prone to biases in
genome representation (i.e. unequal representation of different genomic regions) when sample
size and depth of coverage are low (i.e. <40 individuals per pool and <50X depth)  (Cutler &
Jensen, 2010; Schlötterer et al. 2014). Pool-seq also loses haplotype and linkage disequilibrium
(LD) information  (Fariello et al. 2017) which limits the number of quantitative and population
genetics models that can be used and requires the design of novel analysis methods (Cutler &
Jensen, 2010). Pool-seq is more cost-effective than Indi-seq since it requires less sequencing
effort to generate the same genome-wide allele frequency data (Futschik & Schlötterer, 2010;
Gautier  et  al.  2013),  particularly  for  non-model  organisms  where  individuals  cannot  be
maintained indefinitely  and used in  multiple  experiments.  Additionally,  Pool-seq can include
more individuals, grouped into one or a few pools and sequenced at a high depth.

There is no research on the optimal sampling strategy across a landscape for GPAS, comparing
Indi-seq and Pool-seq. Quantitative genetics studies have established that large sample sizes
and diverse mapping  and training populations improve the power of  GWAS (Visscher et  al.
2012; Visscher et al. 2017; Gurdasani et al. 2019; Wojcik et al. 2019) and the accuracy of GP
(Asoro et al. 2011; Bernal-Vasquez et al. 2014; Bustos-Korts et al. 2016; Rincent et al. 2017;
Akdemir  & Isidro-Sánchez,  2019; Edwards et  al.  2019).  However,  the spatial  component of
sampling across the landscape is lacking in these studies. In landscape genomics, in addition to
the recommendation to sample as many populations as possible (Santos & Gaiotto, 2020), the
spatial  extent  of  the  species’  dispersal  should  be  accounted  for  (Riginos  et  al.  2016)  and
stratified sampling is commonly performed to represent the different environmental clines (Hoel,
1943; Li et al. 2017; Williams & Brown, 2019; Pais et al. 2020). Landscape genomics associates
genotype  with  the  environment  (Li  et  al.  2017);  while  GPAS  associates  genotype  with
phenotype (Gondro et al. 2013). It follows that in GPAS, sampling every environmental cline
may  not  be  needed  as  long  as  the  genetic  diversity  is  well-represented  in the  samples.
Additionally,  landscapes  and  populations  with  low differentiation  or  structure  allow for  less
samples to represent the total diversity sufficiently. Finally, it is not known whether the cost-
effectiveness of Pool-seq, being the preferred genotyping approach in landscape genomics over
Indi-seq  (Santos  &  Gaiotto,  2020),  retains the  same  cost-effectiveness  in  landscape-wide
GPAS.

Field researchers often adapt techniques initially developed for model organisms or crops in
highly  controlled environments;  however,  with  natural  populations having evolved in  natural
environments, devising the optimal sampling strategy becomes non-trivial. Individuals and pools
can be sampled from one to a few populations or from a large number of populations. Identifying
which populations warrant higher resolution (i.e. individual-resolution genotype data with Indi-
seq instead of group-resolution genotype data with Pool-seq), requires some prior knowledge of
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the spatial distribution of genetic variability across the landscape. To address this question, we
simulated landscapes under different trait architectures and population genetics scenarios with
the aim of providing recommendations on the optimal sampling strategies. Specifically, we aim
to answer the following three questions. How many populations do we need to sample to yield
optimal  GPAS performance? Under  which  landscape-specific  circumstances should  we use
Indi-seq or Pool-seq? And which populations to select under different landscape scenarios?

2.3. Materials and methods

2.3.1. Workflow overview

We first simulated landscapes inhabited by multiple populations of an outbreeding  species. For
every simulated landscape, migration between adjacent pairs of populations is uniform, and
there is one trait of interest which is positively correlated with fitness. This trait is controlled by
QTL with purely additive effects. The distribution across the landscape of the corresponding
favourable alleles is affected by their population of origin, selection intensity and migration rate.
We then simulated a stratified sampling strategy and performed Indi-seq and Pool-seq. Next,
GPAS models  were built  to identify the QTL and predict  the phenotypes of  individuals and
pools. Finally, we assessed how the number of populations sampled, the genotyping strategy
(Indi-seq and Pool-seq), selection intensity, migration rate, and the distribution of the favourable
alleles across the landscape in relation to the sampled populations affected QTL detection and
genomic prediction accuracies.

2.3.2. Landscape simulations

The  landscapes  were  simulated  using  quantiNemo2  (Neuenschwander  et  al.  2018),  the
variables are listed in Table 2.1,  and the fixed parameters are listed in Appendix T  able S  2.  1  .
We simulated the simple and common mating system consisting of a hermaphrodite species
capable of both  self- and  cross-fertilisation  (1/n  and 1-1/n probabilities, respectively; n is the
population  size) with  discrete  non-overlapping  generations.  This  sufficiently  represents
allogamous and mixed mating systems, including that of plants with considerable outcrossing,
and  many  animals  species. Variation  for  a  quantitative  phenotype  over  a  landscape  was
simulated as a function of  migration rate,  number of  QTL controlling the trait,  causal  allele
diffusion gradient (the distribution of the favourable alleles across the landscape as it migrates
from the populations of origin), and selection intensity with 3 levels for each of these variables
(Table 2.1).

Table 2.1. List of variables used in landscape simulations.

Parameter Levels

Number of populations per landscape 100

Number of hermaphroditic individuals per population 1,000

Number of loci per individual 10,000

Number of generations 200

Number of loci controlling the trait 10, 50, and 100

Migration rate per population per generation 0.0001, 0.001, and 0.01

Causal allele diffusion gradient Uniform, unidirectional, and 
bidirectional

Selection intensity 0.50, 0.90, and 0.95

Number of replicates per landscape 5
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Each  landscape  consisted  of  100  populations  arrayed  in  a  uniform  square  lattice  without
barriers. Migration was modelled using a 2-dimensional stepping-stone model with bidirectional
gene flow with a uniform rate into the 8 adjacent populations and absorbing boundaries.

The quantitative trait was determined by additive QTL with effects sampled from a χ2 distribution
with 1 degree of freedom to generate a cumulative heritability of 0.5. At the initial step of the
simulation, all the causal alleles had a frequency (q0) of 0.01 in the populations of origin and 0
elsewhere.  Under the uniform allele diffusion gradient, all populations had q0=0.01. Under the
unidirectional gradient, one boundary row had q0=0.01 for all 10 populations in that row and 0
elsewhere. Under the bidirectional gradient, two opposite boundary rows had q0=0.01 in each of
the  populations  and  0  elsewhere.  For  clarity,  these  causal  allele  diffusion  gradients  are
illustrated in Figure 2.1 Panel A.

Figure 2.1. Panel A: Causal allele diffusion gradients across the simulated landscape. Panel B:
Systematic  sampling  strategy  across  the  simulated  landscape  (red  circles
represent sampled populations, while the other colours represent variability in the
different populations). Note: For one population sampling, all  populations across
the landscape were sampled independently.

Selection was simulated using a generalised logistic model (Richards 1959) as 

1/w=1+e yc− y, 
where w is fitness, y is the quantitative trait ( y∈R), yc = ymin + s(ymax-ymin), with ymax and ymin  the
maximum and minimum possible trait  values, and  s is the selection intensity. This selection
intensity  variable is  the minimum relative  phenotype value (ranging from 0 to  1)  for  which
survival rate is at least 50%, assuming that the phenotype is positively correlated with fitness. It
follows that a selection intensity of 0.50 or 0.95 means that individuals at the top 50 th or 95th

percentile, respectively, contribute more to the next generation than those below. We used high
selection  intensities,  i.e. s {0.5,  0.90,  0.95},  to  simulate  pressing  anthropogenic  selection∈
pressures, e.g. herbicide or insecticide pressure.
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The 10,000 biallelic loci were randomly distributed across a large genome with 7 chromosomes
and a total length of 2 10✕ 9  base-pairs and 750 centimorgans.  Two hundred generations were
simulated to allow the causal alleles to migrate across the landscape and generate the allele
frequency distributions specific to each of the three causal allele diffusion gradients. Phenotype
values  in  the  final  generation  were  scaled  in  the  0  to  1  interval  and  used  for  the  GPAS
experiments.

2.3.3. Genome-wide association and trait prediction based on 
polygenic scores

GPAS was performed on all the populations. Indi-seq and Pool-seq data were assumed to have
been generated without  genotyping error.  We used established tools  for  Indi-seq data,  and
developed a suite of tools for Pool-seq data. For Indi-seq data, 384 individuals were sampled
per population, simulating four 96-well sample plates or a single 384-well plate commonly used
in high-throughput molecular biology workflows. For Pool-seq data, 5 pools per population were
sampled,  where  each pool  consisted  of  100 individuals.  This  corresponds to  a  high  power
design that was shown to be optimal to capture QTL association (Fournier-Level et al. 2017).
GPAS models were trained within each population sampled and cross-validated on all  other
populations to assess prediction accuracies. For each population, 384 individuals and 5 pools
were used to train and validate the models. This corresponds to an external  cross-validation
with equally-sized mutually exclusive training and validation sets.

Allele effects were estimated using 6 Indi-seq-based GPAS (Indi-GPAS) and 3 Pool-seq-based
GPAS  (Pool-GPAS)  models.  The  6  Indi-GPAS  models  consisted  of:  efficient  mixed-model
association expedited model (EMMAX; Kang et al. 2010), genome-wide complex trait analysis
(GCTA; Jiang et al. 2019), and genome-wide efficient mixed-model analysis (GEMMA; Zhou &
Stephens, 2012), in combination with 2 types of genetic relationship matrices: GCTA-derived
sparse genetic relationship matrix (GRM; off diagonals <0.05 were set to zero;  Zaitlen et al.
2013) and GEMMA-derived standardised relatedness matrix (STD;  Zhou & Stephens, 2012)
(i.e. EMMAX(GRM),  EMMAX(STD),  GCTA(GRM),  GCTA(STD),  GEMMA(GRM),  and
GEMMA(STD)). The 3 Pool-GPAS models consisted of the genome-wide estimation of additive
effects based on trait quantile distribution from Pool-seq data (GWAlpha; Fournier-Level et al.
2017),  and  linear  mixed  models  (LMM)  with  random  pairwise  genetic  covariance  matrix
determined by FST derived using either Hivert’s  (Hivert et al. 2018) or Weir and Cockerham’s
method  (Weir & Cockerham, 1984)  (i.e. GWAlpha, LMM (Fst Hivert), and LMM (Fst Weir &
Cockerham)). The variance components of the LMM were estimated using restricted maximum
likelihood.

Phenotype predictions were  derived from polygenic  scores,  i.e.  the sum of  the products  of
estimated allele effects and allele dosages for Indi-GPAS or allele frequencies for Pool-GPAS.
For the Indi-GPAS models and GWAlpha, this involved a two-step approach. For each training
set, the polygenic scores of the training set (s train) were calculated as:

s train=Xtrain β,

where  X train is the dosage or frequency of alleles in the training set, and  β is the vector of
estimated  SNP  effects.  The  polygenic  scores  and  actual  phenotype  values  have  a  linear
relationship (Figure S1; mean adjusted R2=0.97±0.0031 with 1,000 individuals per population for
Indi-seq  and  mean  adjusted  R2=0.99±0.0006  with 5  pools  per  population  for  Pool-seq)  as
expected under the additive model used to simulate the phenotypes. These polygenic scores

were regressed against the actual phenotype values of the training set ( y train ),
y train=α0+α1 s train,

where  α 0 is  the  intercept,  and  α 1is  the  slope.  The  polygenic  scores  of  the  validation  set,

svalid=Xvalid β , were transformed into the predicted phenotype values ( ypredicted) using 

ypredicted=α0+α1 svalid.

For the Pool-GPAS linear mixed models, the predicted phenotypes ( ypredicted) were calculated
as:

69



eq. 5

eq. 6

Optimising sampling design and sequencing strategy for the genomic analysis of quantitative traits in
natural populations

ypredicted=Xvalid β,

where X valid is the matrix of allele frequencies of the validation set, and β is the estimated allelic
effects from the GPAS model built using the training set. The trained models were validated on
all populations in the landscape.

GPAS performance was measured using three GWAS metrics, and one phenotype prediction
metric.  The GWAS metrics were:

1. area under the receiver operating curve (AUC) (Fawcett, 2006), 
2. true  positive  rate  (TPR)  which  was  defined  as  the  fraction  of  causal  QTL  with  a

significantly associated  SNP within 1 kbp, and
3. false  positive  rate  (FPR)  which  was  defined  as  the  fraction  of  the  significantly

associated  SNPs with no causal QTL within 1 kbp, unless it tags a true QTL through a
chain of associated SNPs each less than 1kb apart; multiple associated SNPs within
1kbp were counted as one.

The family-wise type I error rate was set at α=0.05. The metric for phenotype prediction is the
root mean square error (RMSE) between actual and predicted phenotype values:

RMSE= √∑ ( y − ŷ )
2

n
,

where  y is  the actual  phenotypes,  ŷ is  the predicted phenotypes and  n is  the number  of
observations.

2.3.4. Sampling strategy optimisation

A total of 405 landscapes were simulated using all combinations of the 4 landscape parameters
allowed to vary with 3 levels each and 5 replicates (Table 2.1). For each landscape, Indi-GPAS
and  Pool-GPAS  experiments  were  performed  for  each  population  independently.  This
constitutes  the  intra-population  dataset.  The landscape  was  divided  into  equally  sized
rectangular regions, and the approximately central population was selected from each
region to simulate a stratified sampling strategy. This is illustrated in Figure 2.1 Panel B.
This  constitutes  the  inter-population  dataset.  AUC  and  RMSE  were  averaged  across  the
populations sampled. TPR and FPR were calculated using the cumulative number of true and
false positive candidate loci across the populations sampled. AUC was used to measure the
accuracy of QTL detection per population, while TPR and FPR were used to measure QTL
detection accuracy of multiple populations.

The single best performing modelling framework was identified for each genotyping scheme
(Indi-GPAS and Pool-GPAS) based on AUC and RMSE for independent populations tests using
Tukey’s honest significant difference (HSD mean comparison) at α=0.05. 

How many populations do we need to sample to yield optimal GPAS performance?

To determine how many populations to sample to yield optimal GPAS performance, we used
the inter-population dataset. We assessed the suitability of the four metrics (i.e. mean AUC,
mean RMSE, TPR and FPR) to address this question by visualising their relationships with the
number of populations sampled. Additionally, we compared the expected performance of Indi-
GPAS  and  Pool-GPAS  under  the  same  sequencing  capacity  constraint.  The  Indi-GPAS
experiments we simulated included 384 individuals per population, while Pool-GPAS included
only  5  pools  per  population.  Assuming  a  5X  sequencing  depth  per  individual  for  Indi-seq
(Brouard et al. 2017) and the recommended 50X depth per pool for Pool-seq (Schlötterer et al.
2014), these equate to a sequencing depth of 1,920X per base per population for Indi-seq and
only 250X for Pool-seq. This means that for the sequencing capacity required to characterise
one  population  through  Indi-seq,  approximately  7  populations  ( 1920/250 )  could  be⌊ ⌋
characterised through Pool-seq.

Under which landscape-specific circumstances should we use Indi-seq or Pool-seq?

The second main question we addressed was which landscape-specific circumstances warrant
Indi-GPAS or Pool-GPAS? Specifically, if we were to perform GPAS on one population, which
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sequencing strategy (Indi-seq or Pool-seq) is better, and how does the optimal choice vary with
the polygenicity of the trait, selection intensity, and gene flow? The intra-population dataset was
used together with AUC and RMSE as the GPAS performance metrics.

Which populations to select under different landscape scenarios?

To determine which populations to select to best capture the genetic basis of a trait and yield
accurate  trait  predictions,  we  used  AUC  and  RMSE  as  the  GPAS  metrics  and  the  intra-
population  dataset  to  test  the  effect  of   the  three  causal  allele  diffusion  gradients.  The
populations were classified into 10 groups, where each group represents a row perpendicular to
the causal allele diffusion gradient. The top row refers to populations 1 to 10, the second row to
populations 11 to 20, and so on. The general trends and landscape parameter-specific trends in
GPAS  performance  across  the  landscape  were  visualised  using  violin  plots  and  means
compared  using  Tukey’s  HSD  (α=0.05).  Linear  mixed  models  fitted  linear  and  quadratic
relationships (using second degree polynomial  fit) between GPAS performance and the row
groups. The row group was treated as a numeric variable, and nested within each level of the
parameters: number of QTL, selection intensity, migration rate, and GPAS model.

2.3.5. Implementation

The  landscapes  were  simulated  using  quantiNemo2  (Neuenschwander  et  al.  2018).  The
genome and QTL information  were  simulated  in  R (R Core Team 2018).  The quantiNemo
outputs  were  parsed  using  R  and  Julia  (Zappa  Nardelli  et  al.  2018).  GEMMA  (Zhou  and
Stephens 2012), EMMAX (Kang et al. 2010), GCTA (Jiang et al. 2019), and Plink (Purcell et al.
2007)  were  used  for  Indi-GPAS.  GWAlpha.jl was  used  for  Pool-GPAS.  The  R  package
violinplotter was used to generate violin plots with HSD mean comparison grouping. The GNU
shell (Free Software Foundation 2016), Spartan (Lafayette and Wiebelt 2017), Slurm (Yoo et al.
2003), and GNU parallel (Tange 2011) were used extensively. The workflow is available in the
gitlab repository: https://github.com/jeffersonfparil/GPAS-landscape-simulation.git.

2.4. Results

2.4.1. GPAS model representatives and the relationships of GPAS 
performance with landscape and sampling parameters

GEMMA (STD)  and GWAlpha showed the best  GPAS performances,  with  >79% AUC and
<5.9% RMSE (Appendix Table S2.  2  ). Therefore, these two frameworks were selected as the
representatives  of  Indi-GPAS  and  Pool-GPAS  models,  respectively.  Overall,  Indi-GPAS
performed better than Pool-GPAS.

Factors  increasing  statistical  power  to  identify  causal  loci  through  GPAS included  a  lower
number of QTL controlling the trait, more intense selection, higher migration among populations,
and  more  populations  sampled  (Appendix  Figure  S2.2).  Accuracy  in  phenotype  predictions
improved as the number of QTL controlling the trait increases, as selection intensity decreases,
and as migration rate increases (Appendix Figure S2.3). Accuracy was unaffected by increasing
the  number  of  populations  sampled  since  each  model  was  trained  independently  for  each
population. In addition, power and accuracy are high when QTL diffuses across the landscape
uniformly.
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Figure 2.2. Relationships  between  the  proportion  of  the  landscape  sampled  and  GPAS
performance. Dots represent means and whiskers indicate ±1 standard deviation
from the mean.

2.4.2. How many populations to sample and when to use Indi-seq or
Pool-seq?

TPR and FPR increase logarithmically as the number of populations sampled increases (Figure
2.2), so there is no optimum based on these metrics.

Indi-GPAS achieves greater power than Pool-GPAS at the cost of a higher false positive rate
(Figure 2.2).  However, Pool-GPAS can outperform Indi-GPAS under the assumptions detailed
in the materials and methods section, where for every population characterised with Indi-seq,
approximately  7  populations can be characterised with  Pool-seq.  Under  this  1:7  ratio,  Indi-
GPAS on 10 populations yield an average TPR of 0.388 and FPR of 0.0150; for the same
sequencing capacity Pool-GPAS can be performed on 70 populations, yielding an average TPR
of 0.418 and FPR of 0.0115. We explored a range of ratios deviating from this 1:7 ratio. This is
because  the  5X depth  requirement  for  variant  calling  in  Indi-seq  and  50X  depth  for  allele
frequency estimation in Pool-seq depend on the species of interest and the resources available.
Lower ratios, e.g. 1:8 to 1:10, mean even more populations can be characterised with Pool-seq
for every population characterised with Indi-seq. Using our simulated data to explore various
ratios, we find that there exists a range where Pool-GPAS can outperform Indi-GPAS, i.e. TPR
is  higher  and  FPR is  lower  for  Pool-GPAS  than  Indi-GPAS  (Figure  2.3).  This  shows  that
characterising more of the landscape at low resolution can be better than characterising a small
portion of the landscape at high resolution.
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Figure 2.3. Pool-GPAS  can  outperform  Indi-GPAS  under  the  same  sequencing  capacity.
Panel A: Difference in true positive rate (TPR) between Indi-GPAS and Pool-GPAS
models as the ratio between the number of populations characterised through Indi-
seq  and  Pool-seq  increases.  Panel  B: Difference  in  false  positive  rate  (FPR)
between Indi-GPAS and Pool-GPAS models as the ratio between the number of
populations characterised through Indi-seq and Pool-seq increases.  Vertical red
lines: The range of ratios between the two vertical red lines correspond to cases
where Pool-GPAS can outperform Indi-GPAS in  our  study,  i.e.  Pool-GPAS has
higher TPR (points below the dashed line in panel A) and lower FPR than Indi-
GPAS (points above the dashed line in panel B). Moving along the x-axis involves
modifying the sequencing depths for Indi-seq or Pool-seq and not the number of
individuals or pools sampled per population, since 384 individuals per population
and 5 pools per population were kept constant in the simulations.

If we were to perform GPAS on one population, Indi-GPAS is better than Pool-GPAS. However
in cases where selection intensity is high (i.e. 0.90 to 0.95) or migration rate is high (i.e. 0.01)
Pool-GPAS performance is  not  significantly  different  from Indi-GPAS in  terms  of  prediction
accuracy (Figure 2.4).
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Figure 2.4. Differences in QTL detection and polygenic score prediction accuracies between
Indi-GPAS and Pool-GPAS per population.  AUC = Area under the ROC curve.
RMSE = root mean square error of the polygenic score prediction. The term “ns”
beside the bars indicates non-significant differences based on HSD at p<0.05.

2.4.3. Which populations to select under different landscape 
scenarios?

GPAS  performance  is  maximised  in  populations  with  high  genetic  variability  which  at  the
landscape level, means sampled close to the place of origin of the causal allele (Figure 2.5).
This area of high genetic variability is characterised by intermediate causal allele frequencies
which translate into populations with high phenotypic variability.  In the absence of  a causal
allele diffusion gradient (i.e. uniform causal allele distribution), no row seems to be optimal for
sampling,  except  for some slightly  better performance from populations in  the middle  rows.
Under  unidirectional  gradient  (i.e.  causal  alleles  originated  from  the  top  row  and  diffused
downwards hence a single diffusion front) and in terms of QTL detection accuracy, sampling the
populations  from  the  top  row  is  optimal;  however,  in  terms  of  prediction  accuracy,  the
populations in the middle rows appear to be better.  Under bidirectional gradient (i.e. causal
alleles originated from the top and bottom rows hence two diffusion fronts) both QTL detection
and prediction accuracies are optimal in the populations from the top and bottom rows. These
trends across the landscape coincide with the trends in the mean number of polymorphic QTL
per population and causal allele frequencies.
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Figure 2.5. Violin plots of the area under the receiver operating curve (AUC; measure of QTL
detection accuracy), root mean square error (RMSE; measure of polygenic score
prediction accuracy), mean number of polymorphic causal loci per population, and
causal allele frequencies across the landscape divided into 10 rows under uniform,
unidirectional, and bidirectional causal allele diffusion. Each row is perpendicular to
the causal allele diffusion gradient. Black dots represent the mean, black whiskers
show ±1 standard deviation, red whiskers are the 95% confidence interval, and the
letters on top of each plot are Tukey’s honest significant difference (HSD)-based
grouping  (i.e.  row groups  with  the  same letter  are  not  significantly  different  at
p<0.05).

In the presence of causal allele diffusion gradients, the relationships between QTL detection or
prediction accuracies and the sampling location (defined as rows perpendicular to the diffusion
gradient) appear to be quadratic, except for QTL detection accuracy under unidirectional causal
allele diffusion, for which the relationship is linear (Figure 2.5). In terms of GWAS accuracy as
measured by AUC, sampling near the diffusion fronts becomes less important (i.e. slope under
unidirectional gradient and curvature under bidirectional gradient are reduced) as the number of
QTL increases, as selection intensity decreases, and as migration rate increases (Figure 2.6
columns 1-3). In addition, sampling near the diffusion fronts is more important for Pool-GPAS
than Indi-GPAS (Figure 2.6 column 4), in other words, power diminishes quicker for Pool-GPAS
than Indi-GPAS as we move away from areas of high diversity.
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Figure 2.6. Effects of sampling across the landscape on QTL detection accuracy under varying
number of simulated QTL, selection intensities, migration rates, and GPAS models
for  unidirectional  (top  graphs)  and  bidirectional  (bottom  graphs)  causal  allele
diffusion gradients. QTL detection accuracy was measured using the area under
the curve which describes the relationship between power and false positive rate,
where high values mean high QTL detection accuracies.

In terms of prediction accuracy as measured by RMSE, the degree to which the middle rows
(i.e. areas of high genetic and phenotypic variability) are the optimal sampling locations under
unidirectional diffusion decreases (i.e. curvature becomes less severe) as the number of QTL
increases, as selection intensity decreases, and as migration rate increases (Figure 2.7 top
graphs).  Also, sampling from the middle rows under a single diffusion front is slightly more
important for Indi-GPAS than Pool-GPAS. On the other hand, the degree to which the top and
bottom rows are optimal under bidirectional diffusion decreases (i.e. curvature becomes less
severe)  as the number of  QTL,  selection intensity,  and migration rate  increase (Figure 2.7
bottom graphs). Also, sampling from the top and bottom rows under two diffusion fronts is more
important for Pool-GPAS than Indi-GPAS, in other words, similar to that of power, accuracy
diminishes  quicker  for  Pool-GPAS  than  Indi-GPAS  as  we  move  away  from areas  of  high
diversity.

Figure 2.7. Effects of sampling across the landscape on prediction accuracy under varying
number of simulated QTL, selection intensities, migration rates, and GPAS models
for  unidirectional  (top  graphs)  and  bidirectional  (bottom  graphs)  causal  allele
diffusion gradients. Polygenic score prediction accuracy was measured using root
mean square error where low values mean high accuracies.

The trends in GPAS performance across the landscape correlate with the trends in genetic
variability (expressed in terms of causal allele frequency, i.e. frequencies closer to 0.5 indicates
higher diversity;  Appendix Figures  S2.4 to  S2.9).  Opposite trends are observed between
causal allele diffusion gradients for RMSE as selection intensity increases,  i.e. in the
middle  of  the landscape,  RMSE is  minimised for  unidirectional  causal  diffusion but
maximised for bidirectional causal allele diffusion (Appendix Figure S2.5 and S2.8).
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2.5. Discussion

GPAS has the  potential  to  extend  the  scope  of  genomic  studies  in  ecology  and  evolution
beyond environment association and niche modelling (Dormann et al. 2012; Exposito-Alonso et
al. 2018; Fournier-Level et al. 2011). The predicted environmental range of individual genotypes
determined  through  genome-environment  associations  (Manel  et  al.  2018) can  be
complemented  by  the  phenotype  predictions  of  GPAS  (Cotto  et  al.  2017).  This  can  be
transformational for the way we monitor invasive species or assess the adaptive potential of
endangered  ones.  We  provide  recommendations  for  optimising  the  sampling  strategy  to
maximise the power to detect QTL and the accuracy of quantitative phenotype prediction in
natural populations of any outbreeding species. We stress the importance of capturing sufficient
representation of the genetic variability present over the landscape by sampling populations
from areas of high genetic diversity. On a per population basis or if only one population were to
be  sampled,  we  recommend  using  Indi-seq  over  Pool-seq.  We  have  not  considered
phenotyping costs here, but if it is high, then it would increase the attractiveness of Indi-seq to
maximise information per unit cost. However, similar to a study on the estimation of population
differentiation (Goudet  & Büchi,  2006) and a meta analysis of  several  landscape genomics
studies (Santos & Gaiotto, 2020), w demonstrated the value of shallow but extensive genotyping
with  Pool-seq  in  maximising  the  number  of  populations  that  can  be  analysed  without
compromising power. This is especially true if the aim is to predict phenotypes of some future
populations for the rapid and timely monitoring of invasive and threatened species.

2.5.1. How many populations to sample?

Our results emphasise the need to sample as many populations as possible from regions of
high  genetic  diversity.  The  power  to  detect  QTL is  maximised  if  all  the  populations  in  the
landscape were included in the study. This is possible for endangered species with a small
number of populations in the wild.  However this is not  feasible for  species with a healthier
number of populations. The best populations to sample are located in areas of high genetic
diversity  which manifests  as areas with high trait  variability  where the causal  alleles are at
intermediate frequencies.

Our results show a diminishing return in terms of GPAS power when increasing the number of
populations sampled.  This  is  consistent  with a study by  Selmoni  et  al.  (2020) on sampling
strategy  optimisation  for  landscape  genomics  which  found  that  sampling  an  intermediate
number of sites can perform as well as maximising the number of sites sampled. This study only
considered  Indi-seq  and tested  different  sample  sizes  per  population,  and our  approach  is
comparable  because  using  Indi-seq  equates  to  a  high-resolution  characterisation  of  the
landscape  and  Pool-seq  to  a  low-resolution  one.  Our  analysis  extends  this  result  further
because  it  is  independent  of  the  number  of  individuals  sampled  per  population.  The  cost-
effectiveness of Pool-seq allows for more populations to be sampled and included in the study
than Indi-seq.

2.5.2. When to use Indi-seq or Pool-seq?

The  number  of  individuals  per  population  selected  for  our  Indi-GPAS  simulations  (384
individuals)  exceeds  the  sample  size  of  most  ecological  studies  (e.g.  100-200  individual
samples per population in birds  (Hansson et al. 2018; Perrier et al. 2018), <100 samples per
population in trees (Cappa et al. 2013; Holliday et al. 2010),  ~100 samples per population in
mammals (Johnston et al. 2011; Pallares et al. 2014), and <20 samples per population in fish
(Willing et al. 2010)). Thus for most experiments, the power of Indi-GPAS is expected to be
lower than in our simulations. On the contrary, the power of Pool-GPAS is expected to remain
the same since five pools per population was found to be optimal  (Fournier-Level et al. 2017)
and  each  pool  can  include  a  non-limiting  number  of  individuals.  The  sequencing  capacity
required  for  Indi-seq  is  always  higher  than  for  Pool-seq,  and  more  populations  can  be
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characterised  with  Pool-seq  than  with  Indi-seq  under  the  same  budgetary  constraints
(Schlötterer et al.  2014). Therefore, the range of the number of populations sampled where
Pool-GPAS outperforms Indi-GPAS is likely to be even broader than reported here, as long as
the genomic characterisation approach yields accurate genomic data.

Sufficient depth of coverage is required to correct for sequencing errors inherent to current high-
throughput sequencing technologies. Indi-seq can provide high-resolution genomic information
for a population, but comes at a high cost. A given genomic region needs to be sequenced at
least 5 times for each individual to correct for sequencing errors and yield accurate basecalling
information  (Brouard  et  al.  2017).  Additionally,  many  individuals  are  required  to  accurately
represent  a  population.  This  is  only  resource-effective  when the  individuals  are  part  of  an
association  panel  and  the  genomic  information  can  be  leveraged  across several  research
projects  (Robin et al.  2019). On the other hand, Pool-seq generates low-resolution genomic
information on a population that is cost-effective while maintaining high power. To maximise the
accuracy of allele frequency estimation (i.e. to correct  for sequencing errors and sufficiently
represent  the  pool),  Pool-seq  guidelines  and  recommendations  have  been  proposed
(Schlötterer et al. 2014; Fracassetti et al. 2015; Anand et al. 2016). Pool sizes of at least 25
(Gautier et al.  2013; Fracassetti  et al.  2015)  to 40 individuals (Schlötterer et al.  2014), and
depths  greater  than  50X  (Zhu  et  al.  2012)  to  65X  (Gautier  et  al.  2013)  have  been
recommended.  Hundreds of individuals can be pooled to yield accurate allele frequency data
(Schlötterer et al. 2014). This means that in an outbreeding species, a few pools consisting of
hundreds of individuals each can represent a population better than a few individuals.

Pool-seq is more widely used than Indi-seq in ecological and evolutionary studies because the
focus is generally on populations rather than individuals, and because of its cost-effectiveness
(Futschik & Schlötterer, 2010). In contrast, Cutler and Jensen (2010) concluded that Indi-seq
should be preferred over Pool-seq for many applications due to the loss of haplotype and LD
information. They focused on applications in human and model organisms, whereas Pool-seq
has  its  highest  impact  for  high-throughput  data  acquisition  in  non-model  species  of  critical
ecological and economical importance.

2.5.3. Which populations to select under different landscape 
scenarios?

We  have  shown  that  sampling  from  genetically  diverse  populations  maximises  GPAS
performance. Capturing greater genetic diversity was shown to increase the power to detect
causal  loci  (Alqudah  et  al.  2020;  Rosenberg  et  al.  2010;  Wojcik  et  al.  2019).  Similarly,
populations which represent the overall diversity found in the landscape or are similar to the
validation populations, improve prediction accuracies (Akdemir & Isidro-Sánchez, 2019; Asoro
et al. 2011; Edwards et al. 2019). Populations with high genetic diversity were found along the
diffusion fronts, i.e. the areas where the causal alleles migrate from their site of origin into the
neighbouring  populations.  The  rate  at  which  GPAS performance  decreases  as  we  sample
farther away from the diffusion fronts correlates with the decrease in genetic diversity at the
causal loci.  In the absence of prior genomic information, the areas of high genetic diversity
coincide with regions of high phenotypic diversity. Gaining prior information on the location of
these areas of  high genetic  diversity  and causal  allele  diffusion fronts  or  more broadly  the
landscape of adaptive genetic diversity (Eckert & Dyer, 2012) is key to an optimal sampling
strategy.

When the causal allele diffusion gradient is unknown and a uniform causal allele distribution is
assumed, there is a small advantage in choosing populations in the middle of the landscape.
This can be explained by the absorbing boundaries used in the migration model which simulates
a  restricted  range  whereby  alleles  going  beyond  the  border  are  lost.  This  reflects  the
phenomenon in  fringe  populations  where  migration  regularly  occurs  beyond  the  suitable
environmental niche of the species and the migrants fail to survive (Sexton et al. 2009). This is
expected to apply to organisms with restricted range such as corals (Guan et al. 2015), 24% of
coral reef fish species (Hawkins et al. 2006), and organisms in hydrothermal vents (Mullineaux
et al. 2018).  However, in cases where non-uniform causal allele distribution is assumed (e.g.
temperature  response  in  lodgepole  pine  and  interior  spruce  (Liepe  et  al.  2015);  and  white
spruce (Hornoy et al.  2015)),  these populations along the borders of the species range are
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important to sample  because they  may carry unique advantageous variants, especially in the
context of climate change adaptation (Geber & Eckhart, 2005; Bridle & Vines, 2007; le Roux ,
2009; Pais et al. 2020).

When considering the genetic architecture of a trait, there is less power to detect QTL but higher
prediction  accuracy  for highly  polygenic  traits  than  for  traits  controlled  by  fewer  loci.  As  a
consequence, if we expect the polygenic trait to be controlled by relatively few loci, and we are
more focused on mapping its genetic basis than on phenotype prediction, then sufficient power
to detect QTL can be achieved with less populations sampled.  Biotic stress resistance traits
were  often  shown  to  be  oligogenic,  for  example  resistance  to  Pseudomonas  syringae in
Arabidopsis thaliana (Atwell et al. 2010), and resistance to  Cronartium ribicola in sugar pine
(Weiss et al. 2020). On the other hand, if we expect the trait to be highly polygenic, and we are
more focused on phenotype prediction for monitoring purposes, then we have to sample as
many populations as possible to sufficiently represent the variation across the landscape and
maximise prediction accuracy. This is typically the case for abiotic stress resistance traits such
as aluminium and proton tolerance in  Arabidopsis thaliana (Nakano, et  al.  2020), and coral
bleaching resistance in Acropora millepora (Fuller et al. 2020) As the number of loci controlling
the trait  increases, the selection pressure acting on each locus decreases  (Walsh & Lynch,
2018). This  reduces the power to detect  QTL since the individual contribution of each QTL
decreases as more loci control the trait (Wang & Xu, 2019). This in turn reduces the proportion
of polymorphic QTL within populations: if the majority of the QTL have small effects, they have a
higher  chance  of  getting  lost  due  to  drift  than  QTL with  large  effects.  On the  other  hand,
prediction  accuracy  increases  since  the  rate  at  which  genetic  variance  decreases  due  to
directional  selection  is  reduced  as  the  number  of  QTL  increases.  Genetic  variance  should
eventually become zero under constant stabilising or directional selection, but the rate of this
reduction becomes slower with an increased number of loci controlling the trait (Crow & Kimura,
1970). Hence, GWAS and GP complement each other to achieve high QTL detection accuracy
or high prediction accuracy for quantitative traits controlled by any number of loci.

When considering selection intensity, there is higher power to detect QTL but lower prediction
accuracy in populations under intense selection. As a consequence,  populations under high
selection pressure can be selected for high-power GWAS: for example, weed and insect pest
populations  in  agricultural  areas  including  herbicide-resistant  Lolium rigidum (Powles  et  al.
1998), and Bt-resistant Helicoverpa armigera (Jin et al. 2018). On the other hand, populations
under  low selection  pressure can  be  selected  for  GP. For  example,  non-target  organisms
including  Drosophila melanogaster  populations which are resistant to Bt  toxins (Babin et al.
2020) and imidacloprid (Fournier-Level et al. 2019) Increasing the selection intensity increases
QTL detection power, since the effect of individual QTL becomes greater within each population
(Wang & Xu, 2019) and less QTL alleles are lost due to drift. However, the predictive ability will
be  reduced  by  the  Bulmer  effect  (Bulmer,  1971),  where  covariance  between  loci  (partially
explained  by  linkage  disequilibrium  (Walsh  &  Lynch,  2018))  is  reduced  after  selection.
Increasing selection intensity magnifies this reduction resulting in diminished additive genetic
variance and less predictive models. This further solidifies the complementary nature of GWAS
and GP and the utility of performing both with GPAS.

When considering migration rate, there is more power to detect QTL and greater prediction
accuracy in populations experiencing high migration than in reproductively isolated ones. As a
consequence, if  gene flow is high,  then less populations need to be sampled to sufficiently
represent  the variation across the landscape.  This  is  the case for highly  mobile  organisms
including birds (Pulido, 2007); and fishes (Brodersen et al. 2008),  On the other hand, if gene
flow is low  which results in highly structured landscapes, then more populations need to be
sampled to sufficiently represent the landscape variation.  This can be the case in  landscapes
with  considerable  natural  or  artificial  barriers  to migration,  and in  species with  reproductive
structures  impeding  outbreeding,  e.g.  cleistogamous  plants  including  Crotalaria  micans
(Etcheverry et al. 2003) and Vigna caracalla (Etcheverry et al. 2008). Increasing migration rate
decreases differentiation between populations allowing for more causal alleles to be shared This
leads to higher additive genetic variance per population, resulting in higher power and more
accurate predictions (Liu et al. 2020).
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2.6. Conclusion

Genome-wide association studies and genomic prediction (GPAS) are poised to complement
existing methodologies in ecology in evolution. GPAS provides powerful tools to dissect the
genetic basis of ecologically important quantitative traits including fitness and to rapidly monitor
natural populations including invasive and threatened species. Understanding how the number
of population samples and the different landscape properties affect the QTL detection power
and phenotype prediction accuracies is integral  to planning population collections for GPAS
experiments. We recommend sampling as many populations as possible from areas of high
genetic diversity. We also recommend Pool-seq whenever Indi-seq is too costly; since sampling
more  populations at  the cost  of  lower resolution can  be better  than  characterising a  small
number of populations at high resolution. The complementary nature of GWAS and GP allows
good  QTL  detection  power  or  prediction  accuracy  under  low to  high  trait  polygenicity  and
selection intensity. In the absence of prior information on the areas of high genetic diversity, we
recommend against sampling populations at the border of the species’ range.
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3. Quantitative measures of herbicide 
resistance in weeds

3.1. Introduction

Phenotyping strategies need to be deployed with the capacity to assess herbicide resistance of
weed populations in high detail,  quickly and accurately. The most popular way of assessing
herbicide resistance is through assays which involve sowing seeds and applying herbicides at
specific stages of development under varying doses ranging below and above recommended
field application rates (Burgos 2015). These assays usually yield binary (dead/alive) survival
data. However, herbicide resistance is increasingly found to be polygenic since combinations of
multiple  target-site  resistance  (TSR)  mechanisms  and  non-target-site  resistance  (NTSR)
mechanisms contribute to resistance traits (Powles and Yu 2010; Délye et al. 2013; Délye 2013;
Baucom 2016). Measuring individual plant resistance as a continuous quantitative trait allows
for more sensitive  and potentially  more informative assessment  of  resistance variation than
canonical survival assays. These quantitative measurements will  enable the use of powerful
statistical approaches to dissect the genetic architecture of herbicide resistance.

In  this  chapter,  we  developed  instaGraminoid,  a  novel  colorimetric  method  to  assess  the
quantitative herbicide resistance of individual plants using cheap ubiquitous RGB cameras (Paril
and Fournier-Level 2019). We then used this method to describe the landscape of herbicide
resistances across SE Australia.

3.2. instaGraminoid, a novel colorimetric method to 
assess herbicide resistance, identifies patterns of 
cross-resistance in annual ryegrass

3.2.1. Abstract

Herbicide resistance in agricultural weeds is a global problem with an increasing understanding
that it is caused by multiple genes leading to quantitative resistance. These quantitative patterns
of resistance are not easy to decipher with mortality assays alone, and there is a need for
straightforward and unbiased protocols to accurately assess quantitative herbicide resistance.
instaGraminoid -  a  computer  vision  and  statistical  analysis  package  was  developed  as  an
automated and scalable method for quantifying herbicide resistance.   The package was tested
in rigid ryegrass (Lolium rigidum), the most noxious and highly resistant weed in Australia and
the  Mediterranean  region.  This  method  provides  quantitative  measures  of  the  degree  of
chlorosis  and necrosis  of  individual  plants  which  was shown to  accurately  reflect  herbicide
resistance. We were able to reliably characterise resistance to four herbicides with different
sites  of  action  (glyphosate,  sulfometuron,  terbuthylazine  and  trifluralin)  in  two  L.  rigidum
populations from South-East Australia. Cross-validation of the method across populations and
herbicide  treatments  showed  high  repeatability  and  transferability.  Significant  positive
correlations in resistance of individual plants were observed across herbicides, which suggest
either  the accumulation of  herbicide-specific  resistance alleles in  single  genotypes (multiple
stacked  resistance)  or  the  presence  of  general  broad-effects  resistance  alleles  (cross-
resistance).  We  used  these  quantitative  estimates  of  cross-resistance  to  simulate  how
resistance development under an herbicide rotation strategy is likely to be higher than expected.
The  software  package,  instaGraminoid is  freely  available  at
https://gitlab.com/jeffersonfparil/instaGraminoid.git and
https://gitlab.com/jeffersonfparil/instaGraminoid_executables.git.

3.2.2. Introduction

Weeds are  a  major  issue  in  modern  cropping  systems with  yield  losses due to  infestation
ranging from 7.5% to 10.5% in important crops i.e. wheat, rice, maize, potato, soybean and
cotton (Oerke 2006; Villalobos and Fereres 2016). This typically represents a revenue loss of
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$708 million per year in Australia alone (Llewellyn et al. 2016). Herbicide application is the most
effective  means  to  control  weeds  in  broad-acre  cropping  (Amare  2014) and  the  intense
selection pressure imposed by herbicides has driven the evolution of  resistance in  multiple
weed species. According to the International Survey of Herbicide Resistant Weeds as of 2018,
there are 495 unique reported cases of herbicide resistance spanning 254 species (Heap 2018).
This  trend  shows  that  herbicide  application  strategies  over  the  past  four  decades  is  not
sustainable and will eventually result in the complete loss of herbicide efficacy.

Maintaining  the  efficacy  of  herbicides  requires  active  management  of  resistance  in  weed
populations. The emergence of herbicide resistance in the field must be detected early and its
development monitored. This is particularly critical as early detection of resistance can trigger
the deployment of efficient pre-emptive strategies instead of reactive ones. The most widely
adopted resistance assays measure mortality by scoring the number of  dead and surviving
plants after herbicide application. These methods generate useful and unambiguous binary data
characterising levels of resistance; however, mortality assays may not be sensitive enough to
reveal early signs of resistance that could be helpful for pre-emptive strategies.  Resistance is
increasingly found to be polygenic (Powles and Yu 2010), due to the combination of multiple
target-site resistance (TSR) mechanisms (e.g. mutation or over-expression of the target protein)
together  with  non-target-site  resistance  (NTSR)  mechanisms  (e.g.  detoxification  and
sequestration mechanisms) (Délye 2013; Délye et al.  2013; Baucom 2016;  Babineau 2017).
Thus, measuring herbicide resistance of individual plants on a quantitative scale can provide the
precision needed to finely monitor the development of resistance. This also enables a better
capture of  the underlying genetic  nature of  resistance by increasing the statistical  power to
detect small effects and eventually a better prediction of resistance in field populations.

Quantifying herbicide resistance and overall plant health can be approached in different ways,
e.g. visual inspection, visible light imaging, chlorophyll fluorescence imaging and hyperspectral
imaging (Bock et al. 2010; Mutka and Bart 2014). Visual inspection is the least costly but can be
highly  biased,  inaccurate  and  low  throughput.  Image-based  approaches  are  objective  and
therefore more accurate and potentially high-throughput.

Visual inspection at the population-level described in Powles et al (1998), Neve and Powles
(2005), Kaiser et al (2013), Han et al (2016), Yang et al (2016), Babineau (2017), and Wang et
al (2017) do not generate the level of precision required to monitor individual plant resistance.
Furthermore, these require considerably larger areas to replicate whole populations compared
with  individual  plant  assays.  In  addition,  using  heterogeneous  groups of  individuals  as  the
experimental  unit  does  not  allow  for  one-to-one  genotype  comparisons.  Individual-level
phenotyping  through  visual  inspection  (Liu  et  al.  2014)  can  be  highly  subjective  and  non-
transferable. Assays performed ex situ i.e. in agar (Kaundun et al. 2011; Brosnan et al. 2017)
and excised leaf assays (Shaner et al. 2005; Ma et al. 2015) minimise the confounding effects
of environmental factors and reduces the amount of space required but at the expense of not
accounting for the effects of edaphic factors and whole plant response in the case of excised
leaf assays.

Hyperspectral  imaging  techniques  (e.g.  normalised  difference  vegetation  index  (NDVI),
chlorophyll  fluorescence  and  thermal  imaging,  as  well  as  near-infrared  (NIR)  and  Raman
spectroscopy (Bock et  al.  2010;  Kaiser  et  al.  2013;  Walter  et  al.  2015;  Zhang et  al.  2016;
Altangerel 2017; Jin et al. 2017; Wang et al. 2017; Wang et al. 2017a) are capable of highly
objective and transferable characterisation of individual plants. Raman spectroscopy has been
used  to  distinguish  abiotic  stresses  in  plants  (Altangerel  2017).  Imaging  pulse  amplitude
modulated (PAM) fluorometry with the purposely built Weed PAM (Kaiser et al. 2013; Zhang et
al.  2116;  Wang P et  al.  2017;  Wang P et  al.  2017a)  have  been used  to  asses  herbicide
resistance of weed seedlings in greenhouse conditions (Wang et al.  2018),  and in the field
(Wang  P  et  al.  2017).  However,  hyperspectral  imaging  techniques  require  substantial
investment to purchase highly specialised equipment which may not be economical for small
laboratories and farmers interested in simple fine-level monitoring of herbicide resistance.

The scale and magnitude of the herbicide resistance crisis motivate the need for accurate and
repeatable  bioassays  with  high  accuracy  and  repeatability,  yet  relying  on  basic  equipment
available to the broadest possible user base (R4P Network 2016). Hence, visible light imaging
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can  provide  a  balance  between  cost,  accuracy  and  throughput.  The  xenobiotic  effects  of
herbicides  cause  leaf  senescence  which  progresses  from chlorosis  to  necrosis,  as  well  as
growth stunting and eventually death of susceptible plants, while resistant plants remain green,
growing, and healthy (Sass et al. 2012; Hörtensteiner 2014). These effects can be captured
simply and objectively using digital imaging in the visible light spectrum.  Leaf senescence and
overall plant health have been accurately measured and monitored in real-time using coloured
images of plant leaves under the visible light spectrum (Contreras-Medina et al. 2012; Cai et al.
2016). This implies it  is  possible to assess plant  health from coloured photographs through
colour correction, deblurring for low resolution images (Cai et al. 2016), and followed by image
segmentation to isolate the leaves from the background. Morphological  characterisation and
colour-based metrics can then be calculated using either RGB (red, green, blue) or HSV (hue,
saturation, value) colour models (Bock et al. 2010; Sass et al. 2012;  Contreras-Medina et al.
2012; Cai et al. 2016).

Here  we develop  a  novel  RGB-based colorimetric  method  to  compute  multiple  quantitative
measures of herbicide resistance for individual plants. Photographs taken at discrete time points
and the rates of change over time were used to perform optimal feature selection using elastic-
net to train a model for predicting individual plant mortality to herbicides. We highlight a potential
application of the quantitative resistance estimates by generating predictions about resistance
development under four herbicide rotation strategies.

3.2.3. Materials and Methods

Plant materials and herbicide application

Ryegrass population samples were collected from two cropping areas located 369 km apart in
South-East Australia. The first population was sampled from different field crops (canola, wheat
and barley) on a single farm in Inverleigh, Victoria; while the second population was from a
barley field in Urana, New South Wales. Seeds were stored at room temperature for six months
to release dormancy and germinated in 0.8% agar at 15°C/25°C night/day temperatures with
12-hour photoperiod and 50% relative humidity. Each seedling was transferred to individual pots
with soil media composed of 55% peat moss, 15% perlite, 5% vermiculite and 25% sand (dry
volume).  For  each population,  approximately  500 plants  were  maintained.  Thirty  days after
transplanting, each plant was cloned by separating four tillers, taking care to include roots or
root primordia during transplanting. Fourteen days after cloning through tiller separation, each
set of clones was exposed to one of the four herbicides (Table 3.1). Herbicides were applied at
the recommended field rates for a total  volume corresponding to 200L∙ha -1 to simulate field
application.

Table 3.1. List of herbicides used to characterise herbicide resistance in two Lolium rigidum
populations.

HRAC
Group

Commercial Product Name Active Ingredient (a.i.)
Recommended Field

Rate (g a.i. ha-1)
B Apparent Sulfometuron 750WG Sulfometuron 400
C Nufarm Terbazine 875WG Terbuthylazine 1,050
G Yates Weedkiller 490SC Glyphosate 720
K1 Nufarm TriflurX 480EC Trifluralin 816

Phenotype acquisition and image analysis

For each individual plant, above-ground plant tissues were photographed 0, 7, and 14 days after
herbicide  application  from  4  perpendicular  angles  (each  angle  was  treated  as  a  technical
replicate) under well and uniformly lit condition in a light box (dimensions: 61×61×61 cm; 2 light
bands with 30 light emitting diodes each for a total of 13,000 lumens) with a fixed reference
white background using a Nikon D7000 camera at 4,928 × 3,264 pixels resolution in “Auto”
mode  without  camera-flash.  Survival  was  scored  21  days  after  herbicide  application.  The
photographs  were  colour-corrected  by  scaling  the  pixel  values  in  the  red,  green  and  blue
channels with the correction factor,  w0/μi where w0 is  the expected pixel  value of  the white
background and μi is the observed mean pixel value of the white background in the ith colour
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channel. The colour-corrected images were transformed into grayscale and then into a binary
image  using  the  user-defined  threshold  value  (threshold  value  was  set  at  75%  of  w0).
Morphological transformations with a 5x5 kernel were used to improve the detection of the thin
leaves. Object detection using topological structural analysis35 was used to isolate the above-
ground plant tissues from the background. Leaf area, 15 leaf colour-based metrics, and change
over pairs of measurements or deltas (Table 3.2) were calculated from pixel information of the
colour-corrected and background-subtracted photographs. This workflow is depicted in  Figure
3.1.

Figure 3.1. Workflow using instaGraminoid to extract the quantitative herbicide resistance 
estimates from plant photographs

Model construction and statistical analysis

To  estimate  herbicide  resistance  quantitatively,  a  logistic  regression  model  for  herbicide
mortality  was built  on the 102 features (51 individual time points plus 51 deltas)  using the
R/glmnet package. The binary survival data, yi {0,1} was modelled using a logistic function,∈

p ( y i )=
1

1+e−(β0+x 'i β)
 ,

where  xi are  the  metrics  extracted  from  the  plant  photographs  and  β are  the  regression
coefficient associated with each metric. This logistic regression model was fitted to the mortality
data using elastic-net penalisation (Friedman et al. 2010),

−[ 1N ∑
i=1

N

y i(β0+x
'
i β )−log(1+e(β 0+ xi

' β)
)]+λ ( 1−α

2
‖ β ‖2

2
+α ‖ β ‖1),

where the first term is the loss function of the logistic model given the observed mortality data,
y; while the second term is the elastic-net penalty controlled by α and the tuning parameter λ.
The α value was set to 0.5. The λ value was selected from a range of 100 values with  λmin =
0.0001 λmax at all coefficients equal zero, by minimising the residual variance in the training set.
The quantitative resistance, ŷi was computed as the standardised negative exponent of e, β0 +
β’xi from the logistic equation. Metrics that were given non-zero  β coefficients are hereafter
termed features, consistent with the machine learning literature.

The performance of the instaGraminoid method in assessing plant resistance was measured as
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the proportion of correctly classified individuals as resistant if 
1

1+e− ŷ i
≥0.5 or as susceptible if

1

1+e− ŷ i
<0.5. Transferability across populations and herbicide was assessed through 10-fold

cross-validation by training the logistic model on a subset of the data (i.e. one population across
herbicides, one herbicide across populations and one population for one herbicide) and testing
the  predictive  ability  of  the  model  on  a  different  subset.  Each validation  set  was randomly
divided into 10 subsets and the predictive ability of the trained model was estimated on each of
these subsets. This was repeated for 10 iterations to get 100 performance estimations for each
training-validation  set  pair.  Correlations  between  resistances  to  herbicide  treatments  using
Pearson’s correlation coefficient (ρ) were calculated for each pair of herbicides. The receiver
operating curve (ROC) plot was used to visualise the true positive discovery rate as the false
positive rate increases.

Table 3.2. Plant health metrics derived from photographs of above-ground tissues of  Lolium
rigidum plants.

Metric Description
a leaf area visible from one angle (1 angle: 1 technical replicate)
µB mean pixel value in the blue channel (range 0-255)
µG mean pixel value in the green channel (range 0-255)
µR mean pixel value in the red channel (range 0-255)
mB median pixel value in the blue channel
mG median pixel value in the green channel
mR median pixel value in the red channel

GREEN_INDEX [(1+ μG−μR

μG+μR
)+(1−

μB+μG+μR

3×255 )]
GREEN_FRACTION

μG

μB+μG+μR

P(HB) density-derived frequency of blue pixel values between 0 to 25
P(HG) density-derived frequency of green pixel values between 100 to 125
P(HR) density-derived frequency of red pixel values between 66 to 80
TG1 proportion of green pixel values greater than 100

TG2
number of green pixel values greater than 100 divided by the number of green 
pixel values less than 100

TR1 proportion of red pixel values greater than 150

TR2
number of red pixel values greater than 150 divided by the number of green 
pixel values less than 150

Δi
change in the above metric values between two measurement times i.e. 
Day14-Day7, Day14-Day0, and Day7-Day0

The  resistance  characterisation  workflow  (Figure  3.1),  including  the  software  (Figure  3.2)
designed to extract the quantitative herbicide resistance trait are packaged into an open source
project  called  instaGraminoid (https://gitlab.com/jeffersonfparil/instaGraminoid.git.  Standalone
executables for Mac OS (tested in OS X High Sierra), Microsoft Windows (tested in Windows
10),  and  Linux  (tested  in  Ubuntu  18.04)  can  be  found  in
https://gitlab.com/jeffersonfparil/instaGraminoid_executables.git).  These programs were written
in Bash 4.3 (Free Software Foundation 2016) using GNU-parallel version 2016 (Tange 2011),
Python  2.7  (Python  Software  Foundation  2018)  using  the  Open  Source  Computer  Vision
(OpenCV 3.4) (OpenCV 2017) and Scientific Python libraries (numpy 1.14 and scipy 1.0) (Jones
et al. 2018), R 3.4 (R Core Team 2018) using the glmnet 2.0 (Friedman et al. 2010) and ROCR
1.0 (Sing et al. 2005) packages.
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Figure 3.2. Architecture of the instaGraminoid package.

Herbicide resistance development simulation based on resistance correlation

The development of herbicide resistance under different scenarios was simulated based on the
observed resistance levels and the correlations in resistance between the different herbicides
using  a  quantitative  genetics  framework.  The  quantitative  resistance  estimates  determined
experimentally  were  scaled  to  range  from 0  for  maximum susceptibility  to  1  for  maximum
resistance. Additive genetic variance (σ2

a) was modelled as a parabolic function of resistance
level, with maximum variance at the intermediate resistance level of 0.5 and minimum at the
extreme resistance levels  of  0 and 1.  The evolution of  resistance was simulated based on
phenotypic variance (σ2

p), additive genetic variance with the resulting heritability (σ2
a/σ2

p) set to
a maximum of 80% and assuming an infinite population size. Selection for herbicide resistance
was  applied  every  generation  for  12  generations  using  the  multivariate  breeder’s  equation
(Lande and Arnold 1983):

Δz=Gβ, 

where  Δz  is  the  vector  of  response  to  selection;  G is  the  variance-covariance  matrix  of

resistance between any pair  (i,j)  of  herbicide  treatments,  
σ (ij )

σ ( i )σ ( j )
 based  on the observed

correlations,  and  β is  the vector of  selection differentials imposed by a herbicide treatment
(μselected - μ). Truncating selection was applied by selecting individuals with resistance value one
unit  of  standard  deviation  greater  than  the  mean.  The  mean  resistance  level  of  selected
individuals was defined as:

μselected=
f (a )−f (b)

∫
a

b

f ( x )dx

,

where f is the probability density function of the standard normal distribution, a is the phenotypic
value at +1σp from the mean (corresponding to the truncating selection threshold) and  b is
100% resistance. Three herbicide application scenarios were simulated: (1) continuous single
herbicide,  (2)  herbicide  rotation  (sulfometuron  -  terbuthylazine  -  glyphosate  -  trifluralin)
assuming no correlations between herbicide responses, and (3) herbicide rotation using the
observed herbicide response correlations.
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Resistance development was expressed as percent change in resistance from the initial 
resistance level,

Δϕ=
ϕ t−ϕ0

ϕ0

×100,

where Φt is the level of resistance at time t. The resulting resistance development curves were
modelled using the logarithmic function,

ϕ t=a (t), 

The scaling parameter, a was transformed from logarithmic scale back into linear scale so that
the unit becomes change in resistance per unit time,

Δ ϕ
t

=
a

exp (1)
. 

This transformed metric was used to compare the rates of resistance development under the
three different herbicide application scenarios.

3.2.4. Results

Herbicide resistance based on binary dead/alive data

Based on binary survival data, the survival rates to the different herbicides differed significantly
between populations (Table 3.3). All the plants were resistant to trifluralin. All the plants were
susceptible to glyphosate except for a single plant in the Urana population. Both populations
showed variation in resistance to sulfometuron and terbuthylazine with the Inverleigh population
being significantly more resistant.

Table 3.3. Proportion of  resistant  plants to the four herbicides.  Chi-square test  (df=1) was
applied to test for independence between the two populations.

Herbicide INVERLEIGH URANA χ2 test p-value
Trifluralin 1.0000 1.0000 NA

Sulfometuron 0.1826 0.0567 9.21 × 10-9

Terbuthylazine 0.1585 0.0452 3.13 × 10-8

Glyphosate 0.0000 0.0023 9.65 × 10-1

Performance of the colorimetric method, instaGraminoid

The run time for image processing and image-based metrics extraction from 1,000 jpeg images 
(3,264 × 4,928 pixels for a total size of 4GB) on a computer using 12 cores at 2.3GHz each, and
47GB of random access memory was ~3 hours with parallelisation and ~7 hours without 
parallelisation.

Qualitative assessment of the image processing showed that colour-correction and background
subtraction using OpenCV functions were effective at detecting the above-ground plant tissues
and removing the background (Figure 3.3). A threshold value of 75% w0 (75% of expected white
background pixel  value) enabled effective background subtraction while minimizing artefacts
compared with lower (50%) and higher (95%) threshold values.
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Figure 3.3. Image  processing  results  for  four  sample  plant  photographs.  (w0 refers  to  the
expected white background pixel value, and KP refers to ×1000 pixels).

All  the metrics extracted from the photographs were highly repeatable (low variation among
technical  replicates  taken  from different  angles,  ANOVA F-test  p-values  ≤  7.67×10 -23).  The
effects of most metrics were centred on zero and only a few metrics had large effects which
indicates an efficient sparse feature selection using elastic-net penalisation (Figure 3.4).

Figure 3.4. Histogram of the metric effects used for measuring the quantitative resistance of
individual plants. (Top 2 metrics are labelled: ΔGREEN_FRACTION14-07 - change in
green fraction from day 14 to day 7, and ΔGREEN_FRACTION14-00 - change in
green fraction from day 14 to  day 0;  and uninformative features with  standard
deviations < 0.02 were omitted).

The  instaGraminoid method correctly classified 95% of the plants as resistant or susceptible
(Figure 3.5). The transferability of the phenotyping method was at least 92% across populations
for a given herbicide (Table 3.4) and ranged from 23% to 100% across herbicide treatments
(Table 3.5). This shows that  a model trained in a single population and potentially a single
herbicide  can  be  transferred  across  different  populations  and  different  herbicide  treatments
despite different modes of action. However, models trained using glyphosate treatment data
performed poorly in predicting trifluralin resistance. 
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Table 3.4. Proportion  of  plants  correctly  classified  using  the  instaGraminoid  colorimetric
models trained on the populations in the row and validated in populations in the
column (all  these correlations are different  based on Tukey’s  honest  significant
difference grouping at α=0.05).

Training Population
Validation Population

Inverleigh Urana
Inverleigh 0.9347 0.9700

Urana 0.9201 0.9732

Table 3.5. Fraction of entries correctly classified using the instaGraminoid colorimetric models
trained on herbicide treatments in the row and validated in herbicide treatments in
the column (Letters correspond to Tukey’s honest significant difference grouping at
α=0.05).

Training Herbicide
Treatment

Validation Herbicide Treatment
Trifluralin Sulfometuron Terbuthylazine Glyphosate

Trifluralin* - - - -
Sulfometuron 0.8732e 0.9378b 0.8755e 0.9989a

Terbuthylazine 0.8892d 0.9016c 0.9082c 0.9989a

Glyphosate 0.2314g 0.8665f 0.8858d 1.0000a

* Model training using response variable data without any variation is not possible i.e. all the 
plants were unaffected by the trifluralin treatment.

Figure 3.5. Capacity  of  the  colorimetric  model  to  determine  resistance  using  logistic
regression.  (The histograms show the distribution of  the quantitative  resistance
estimates in the susceptible [bottom] and resistant [top] plants. The red line is the
logistic  regression  function  relating  the  quantitative  herbicide  resistance  to  the
observed survival data).

Correlated resistance to herbicides

Measuring  herbicide  resistance  as  a  quantitative  trait  increased the  sensitivity  of  detecting
patterns of cross-resistance. Relationships of the herbicide resistance traits were assessed as
percentage of overlap using the binary survival data, as well as correlation coefficients which
can  be  more  powerfully  tested  (Figure  3.6).  A  number  of  small  yet  significant  positive
correlations  were  identified  between herbicide  pairs:  trifluralin-terbuthylazine,  terbuthylazine-
glyphosate,  glyphosate-sulfometuron,  and  sulfometuron-terbuthylazine,  with  Pearson’s
correlation  coefficients  0.11  (p-value=0.8%),  0.19  (<0.001%),  0.18  (0.001%)  and  0.15
(<0.001%), respectively. 
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Figure 3.6. Patterns of herbicide resistance based on (A) binary survival data and (B) 
quantitative resistance estimates showing the significant correlations.

The  consequence  of  these  subtle  positive  correlations  in  herbicide  resistance  on  the
development of resistance was simulated using a response to selection model under different
herbicide  rotation  strategies  (Figure  3.7).  The  level  of  resistance  to  a  specific  herbicide  is
predicted to increase faster  under continuous application of  a single herbicide compared to
herbicide rotation. Resistance could fixate as early as 3 generations of continuous herbicide
application for populations with high initial resistance levels as in the trifluralin treatment or as
late  as 7 generations for  populations with  low initial  resistance levels  as in  the glyphosate
treatment. The rotation strategy is predicted to be less effective in the presence of correlated
resistance, with the percent change in resistance per generation (Δφ/t) ranging from 1.30% to
11.87% in absence of correlation and from 1.35% to 15.34% in the presence of these subtle
positive correlations. For a population with high initial level of resistance, there is only 0.05%
difference  in  the  change in  resistance  per  generation  between correlated  and  uncorrelated
resistance traits (i.e. trifluralin treatment); for a population with a low starting resistance level,
there is 3.47% difference in the change in resistance per generation between correlated and
uncorrelated resistance traits (i.e. glyphosate treatment).
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Figure 3.7. Simulated change in  herbicide resistance as affected by herbicide rotation and
resistance  correlations.  (Herbicide  rotation:  sulfometuron,  terbuthylazine,
glyphosate and trifluralin).

3.2.5. Discussion

Colorimetry as a robust approach to measure plant health

The instaGraminoid method accurately  reflects  plant  survival  after  herbicide application and
expresses herbicide resistance as a quantitative trait.  It  captures the essential  image-based
metrics  explaining  plant  resistance  and  susceptibility  to  herbicides.  Under  stress  and
senescence,  plants  remobilise  nitrogen  from  the  photosynthetic  tissues  which  results  in
chlorophyll  breakdown (Hörtensteiner 2006; Hörtensteiner 2014; Wang and Blumwald 2014).
More  susceptible  plants  undergo  greater  stress  and  experience  more  rapid  chlorosis  and
necrosis. This physiological change was captured in photographs and quantified as colorimetric
features or metrics. The changes in green fraction from day 7 to 14 (ΔGREEN_FRACTION14-07)
and day 0 to 14 (ΔGREEN_FRACTION14-00) are the most informative metrics after excluding the
metrics with very low variances.  In more complex context,  deep learning could  be used to
expand the set of features from the photographs (Pound et a. 2017; Taghavi et al. 2018) used in
the machine learning (glmnet) algorithm to predict resistance. However,  this might generate
biologically  uninterpretable  metrics  and  may  result  in  parameter  overfitting  thus  decreasing
transferability  (Taghavi  et  al.  2018).  In  addition,  we aimed to  select  as model  features the
metrics that capture the progression of chlorosis and necrosis over time.
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The rate at which chlorosis, necrosis and eventual plant death progressed differed not only
between resistant and susceptible plants but also within each of these groups. This provides a
strong  justification  for  our  colorimetric  approach  capable  of  measuring  quantitatively  these
subtle yet significant differences in resistance. This was accomplished in a resource-effective,
accurate and straightforward framework. However, when dealing with hundreds to thousands of
plants,  the  task  of  photographing  each  individual  plant  is  time  consuming.  Thus  the  next
challenge is to extend the capability of instaGraminoid to identify and analyse photographs with
multiple plants. In addition to the currently built-in functionalities and metrics, users can add their
own metrics and use their own data to calibrate the model to specific weed species, populations
and herbicides. The script “openCV_plant_colorimetric.py” can be modified to add new metrics
and the script “cross_validation.r” can be used to build, train and test models using new input
data. While the present study aimed to identify the most informative and biologically relevant
metrics,  user-specified  metrics  can  be  extracted  to  explain  the  traits  of  interest  instead  of
applying the machine-learning procedure for  feature selection to  explain  a target  trait.  This
default  model  is  nonetheless  highly  efficient  for  the  current  application  of  the  method  and
successful at defining a quantitative resistance estimate by optimising the fit to the experimental
data.

We showed through cross-validation that a model trained for one herbicide is highly transferable
to other herbicide treatments with different modes of action. This demonstrates that the rates of
chlorosis and necrosis are generally good indicators of plant health regardless of the type of
herbicide used and possibly  regardless of  the type of  stress,  biotic  or  abiotic.  However we
observed poor transferability when the model was trained on a dataset with low phenotypic
variation, i.e. glyphosate treatment where most plants were susceptible. This suggests that high
levels of phenotype variability in the training dataset is critical for accurate prediction. Optimal
transferability of the model can be achieved by training on a dataset representing the maximum
range of phenotypic variation (Yates et al.  2018) – this applies to both the metrics and the
response variable, be it herbicide resistance or any other plant health-related trait. The main
recommendation for accurate prediction and early plant health assessment is to ensure that
maximally variable populations are sampled for model training.

Relevance of the method to identify the molecular basis of herbicide resistance

Expressing  herbicide  resistance  of  individual  plants  as  a  quantitative  trait  using  predictive
models  will  enable  fine-level  and  near  real-time  monitoring  of  plant  health.  Using  our
colorimetric  method  instaGraminoid  and  pre-trained  glmnet  predictive  models,  herbicide
resistance of individual plants can be detected early using photographs.

Of the four herbicides used in this study, two resulted in low resistance variability in the two
populations tested. These are glyphosate and trifluralin. Most of the plants did not survive 21
days after glyphosate application, most likely due to the low frequency of resistance-conferring
alleles in the two populations. In comparison, all the plants survived trifluralin application. This
apparent  resistance of  all  the plants to trifluralin may be attributed to insufficient  dose and
application  via  spraying  instead  of  the  recommended  soil-incorporation  method  (Epp et  al.
2018).  This  probably  resulted  into  high  volatilisation  of  the  herbicide  and  low  absorption
efficiency by the root and shoot apical meristems (Congreve and Cameron 2014). Trifluralin is
used as a pre-emergence soil-incorporated herbicide and the recommended dosage used was
optimised for germinating seeds not plants at mid-vegetative or tillering stage used in this study.
However, the use of mid-vegetative plants was imperative to compare clones and test cross-
and multiple resistance and similar post-emergence application of trifluralin has been shown to
cause growth retardation in cotton plants when the terminal buds were exposed (Fischer 1966).
An alternative would be to use families (half-sibs, full-sibs, early selfed or populations) but the
one-to-one correspondence will  be confounded by the heterogeneity  of  genotypes sampled
across  replications  and  treatments  thus  requiring  larger  sample  sizes  to  minimise  variance
within group.

The quantitative herbicide resistance estimates will enable the application of powerful statistical
analysis  of  the  genetic  basis  of  resistance,  the  accurate  modelling  of  herbicide  resistance
evolution  in  agroecosystems  and  ultimately  the  improvement  of  herbicide  resistance
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management strategies. Binary survival data has been sufficient for studying the genetic basis
of  target  site  mutations  and  has  been  done  extensively  for  many  species  and  herbicides
(Anderson and Gronwald 1991; Baerson 2002; Patzoldt et al. 2006; Yu et al. 2008; Hashim et
al.  2012;  Yang et  al.  216).  However,  the search space for  the causal genetic  variants has
typically  been  limited  to  the  target  site  genes  and  well  known  detoxifying  genes  such  as
cytochrome  P450  monooxygenases  and  glutathione  S-transferases.  Direct  genetic  studies
without prior assumptions of the genetic elements conferring resistance such as genome-wide
association  studies are  yet  to  be implemented  in  weeds.  Our approach paves  the way for
harnessing high-throughput phenomics to next generation genomics in weeds. 

Applications to field management of resistant weeds

The colorimetric method for herbicide resistance estimation presented here is more resource-
effective compared to existing alternatives. A simple RGB camera using visible light sensors
with resolutions of at least 5 megapixels can be used. In its current implementation, the method
has limited portability; however it can be used in the field with pictures of the plants taken in situ
by adapting the background subtraction function to isolate the plant tissues from the complex
background. Any plant stage should be amenable to our protocol as long as the plants are not
yet senescent as a result of natural aging and the level of stress is enough to induce a response
in susceptible plants (e.g. the herbicide can be absorbed by the plant and the dosage is enough
to induce plant stress responses).  However hyperspectral imaging may out-perform our method
because of the massive amounts of predictors that can be acquired, but the initial investment for
acquiring the equipment is high. These can be used in a wide range of applications requiring
non-invasive  and  non-destructive  measurements.  Abiotic  and biotic  stresses  in  plants  have
been measured using NIR spectroscopy (Jin et al. 2017). Furthermore, because of the massive
amount of data that can be gathered with the different imaging techniques and the availability of
easily  accessible tools,  deep learning techniques are becoming popular  in  plant  phenomics
(Ubbens et al. 2017; Singh et al. 2018). Deep learning techniques are being used to improve the
performance of high-throughput image-based phenotyping workflows (Pound et al. 2017), for
example in plant disease diagnosis (Ghosal et al. 2018; Toda and Okura 2019).

Nonetheless, the instaGraminoid machine-learning method enabled a direct estimation of cross-
resistance.  Pairwise  resistance  correlations  between  trifluralin-terbuthylazine,  terbuthylazine-
glyphosate,  glyphosate-sulfometuron,  and  sulfometuron-terbuthylazine  treatments  were
observed. These significant positive correlations in herbicide resistance are indicative of the
absence  of  trade-offs  in  resistance  across  herbicides  with  different  modes  of  action.  The
correlated resistance development shown by the herbicide rotation simulations depends on the
assumption that  the major genetic basis of resistance is NTSR. This needs to be validated
through  GWAS  and  functional  genetics  studies  to  confirm  the  genes/regulatory  elements
controlling resistance.

Heterogeneous herbicide applications across time and space (i.e. combination and rotation of
different herbicides) is recommended to delay or manage the evolution of herbicide resistance
(REX Consortium 2013; Hicks et al. 2018;  Kreiner et al. 2018). However, the effectiveness of
this  strategy  assumes  independent,  herbicide-specific  TSR  genes.  In  the  presence  and
predominance of cross-herbicide NTSR genes, this strategy may be ineffective or even counter-
productive. Under this strategy, the development of target site resistance would be delayed but
the development of non-target site resistance that can induce resistance to multiple herbicides
may be hastened which will be more problematic. Weed populations may develop resistance to
herbicides they have not been previously exposed to. Integrated Weed Management (IWM) has
been designed as a systems approach to minimise not only yield losses but also the negative
impacts on the environment and health by managing weed populations (Swanton and Murphy
1996). IWM promotes the heterogeneity of weed control strategies, not just chemical control but
also,  mechanical,  physical  and  biological  weed  control  methods.  The  over-reliance  on
herbicides  has  promoted  the  evolution  of  herbicide  resistant  weed  populations;  however
herbicides  remain  to  be  the  cornerstone  of  modern  weed  control.  In  this  context,  timely
monitoring of resistance levels through phenomics assays or genomic prediction (i.e. prediction
of resistance levels based on genomic information) will boost the effectiveness, efficiency and
sustainability of integrated weed control strategies.
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3.2.6. Conclusion

The  instaGraminoid method  (https://gitlab.com/jeffersonfparil/instaGraminoid.git and
https://gitlab.com/jeffersonfparil/instaGraminoid_executables.git),  will  provide end-users with a
new, accurate, repeatable and transferable herbicide resistance assay that can be generalised
for other types of plant health assessment. This method is able to quantify herbicide resistance
of individual plants efficiently and accurately using visible light imaging and image analysis. Leaf
greenness metrics were the most informative colorimetric features across the four herbicide
treatments. The calibration of the model using  elastic-net  penalisation in a generalised linear
model  framework  enables  high  transferability  across  populations  and  herbicide  treatments.
Using  the  quantitative  herbicide  resistance  estimates,  significant  positive  correlations  were
observed across herbicide treatments which may exacerbate the evolution of cross-resistance.
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3.3. Materials and Methods

3.3.1. Weed populations and herbicides

Lolium rigidum populations were collected across SE Australia from crop and pasture fields
(field populations) and from roads, lake sides, and an airstrip (feral populations) in 2016 and
2018 (Table 3.6). In 2016, two field populations from Inverleigh, Victoria and Urana, New South
Wales were collected. In September 2018, five field populations were collected as live plants
from Lexton, Rokewood and Skipton, Victoria. In November 2018, 60 field and feral populations
were collected across Victoria, New South Wales and South Australia.

Table 3.6. List of the 67  Lolium rigidum populations sampled from South-East  Australia in
2016 and 2018.

Dataset* Name Location Type Dataset* Name Location Type
Intra-

population
Inverleigh Inverleigh Field

Inter-
population

ACC33 Dimboola Field
Urana Urana Field ACC34 Dimboola Field

Live
collection

Lexton Lexton Field ACC35 Pimpinio Field
Rokewood1 Rokewood Field ACC36 Pimpinio Field
Rokewood2 Rokewood Field ACC37 Dimboola Field

Skipton1 Skipton Field ACC38 Wilkur Field
Skipton2 Skipton Field ACC39 St. Arnaud Field

Inter-
population

ACC01 Glenrowan Feral ACC40 St. Arnaud Field
ACC02 Urana Field ACC41 Gringegalgona Field
ACC03 Lockhart Field ACC42 Gatum Field
ACC04 Lockhart Field ACC43 Gatum Field
ACC05 Lockhart Field ACC44 Gatum Field
ACC06 Lockhart Field ACC45 Cavendish Field
ACC07 Wagga wagga Field ACC46 Lake Bolac Field
ACC08 Wagga wagga Field ACC47 Moorlort Field
ACC10 Glenalla Field ACC48 Moorlort Field
ACC12 Glenalla Field ACC50 Moorlort Field
ACC14 Marrar Field ACC51 Moorlort Field
ACC15 Morongla Field ACC52 Elmore Field
ACC16 Morongla Field ACC53 Elmore Field
ACC17 Murrumbidgee Field ACC55 Cornella Field
ACC18 Waddi Field ACC57 Lang Lang Feral
ACC19 Hay Feral ACC58 Koo Wee Rup Feral
ACC20 Mildura Feral ACC60 Lake Bolac Field
ACC21 Cullulleraine Feral ACC61 Lake Bolac Field
ACC22 Hanson Feral

Intra-
&

Inter-
population

ACC09 Wagga wagga Feral
ACC23 Hart Field ACC11 Glenalla Field
ACC24 Hart Field ACC13 Glenalla Field
ACC26 Auburn Field ACC31 Kaniva Field
ACC27 Roseworhy Field ACC49 Moorlort Field
ACC28 Palmer Field ACC54 Cornella Field
ACC29 Coomandook Field ACC59 Lake Bolac Field
ACC30 Keith Field ACC62 Lake Bolac Field
ACC32 Dimboola Feral - - - -

* - Intra-population dataset includes populations divided into 5 pools each using instaGraminoid; Inter-
population dataset includes whole population data without subdivisions.

A  total  of  five  herbicide  resistance  traits  were  measured.  The  herbicides  used  and  the
respective dosages are listed in  Table 3.7. The recommended application rates for Victoria,
Australia were used. Clethodim is an acetyl-CoA carboxylase (ACCase) inhibitor, which disrupts
fatty  acid  biosynthesis  (Rendina and Felts 1988).  Sulfometuron is  an acetolactate synthase
(ALS) or acetohydroxy acid synthase (AHAS) inhibitor, which disrupts the synthesis of branched
amino acids - valine, leucine and isoleucine (Brown 1990). Terbuthylazine is a photosystem II
(PSII)  inhibitor  (Simoneaux  and  Gould  2008).  Glyphosate  is  a  5-enolpyruvylshikimate-3-
phosphate synthase (EPSPS) inhibitor, which disrupts the synthesis of aromatic amino acids -
tyrosine,  tryptophan  and  phenylalanine  (Steinrücken  and  Amrhein  1984).  Trifluralin  induces
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tubulin depolymerisation, which inhibits cell division (Parka and Soper 1977). These are post-
emergent  herbicides  except  for  trifluralin  which  is  a  strictly  pre-emergent  and  sulfometuron
which can be used as a pre- and post-emergent herbicide.

Table 3.7. List  of  herbicides  used  to  characterise  herbicide  resistance  in  Lolium  rigidum
populations.

HRAC
Group

Product Name Active Ingredient (a.i.)
Recommended Field

Rate (g a.i. ha-1)

A Status Clethodim Clethodim 120

B Apparent Sulfometuron Sulfometuron 400

C Nufarm Terbazine Terbuthylazine 1,050

G Yates Weedkiller Glyphosate 720

K1 Nufarm TriflurX Trifluralin 816

3.3.2. Validation of instaGraminoid on field populations collected as
live plants

To  assess  the  viability  of  instaGraminoid  as  an  easily  accessible  near-real-time  herbicide
resistance assessment,  live  plants  collected from the field  were used.  L.  rigidum weeds at
varying vegetative stages from five field populations in Lexton (1 population with 220 plants),
Rokewood (2 populations with 204 and 240 plants), and Skipton (2 populations with 330 and
191 plants) were collected in September 2018. The plants were transplanted from the field into
trays with soil media described in Paril and Fournier-Level (2019). Sulfometuron was applied 14
days after collection. Binary and quantitative herbicide resistance data for each individual plant
were collected following the instaGraminoid workflow.

3.3.3. South-East Australian populations characterisation

The distribution of  herbicide resistances across the SE Australian landscape was assessed
using the inter-population dataset, i.e. 60 populations  which consisted of 51 field and 9 feral
populations  (refer  to  Table  3.6).  Seed  germination,  growing  condition  and  tiller  separation
methods  were  described  in  Paril  and  Fournier-Level  (2019).  At  least  42  seeds  from each
population were sowed. Two replicates were made. Each population occupied at least one tray
with a capacity for 42 individual plants. As dictated by the availability and viability of the seeds,
as well as by the tillering capacity of the plants, some of the populations were phenotyped for up
to 4 herbicide resistance traits. This resulted in an unbalanced experimental design where some
populations were replicated more and tested under more herbicides than others. For clethodim
and  glyphosate  resistances,  all  60  populations  were  phenotyped.  For  sulfometuron  and
terbuthylazine,  47  and  26  populations  were  phenotyped,  respectively.  Trifluralin  was  not
included because the pre-emergent nature of this herbicide resulted in suboptimal phenotypic
variation as observed in the Inverleigh and Urana populations. Binary and quantitative herbicide
resistance  traits  were  measured  at  the  population  level.  The  instaGraminoid  workflow was
adapted  for  tray-  or  population-level  measurements.  The  image  cropping  parameters  were
modified to include whole trays, and the survival rates per population were used instead of the
individual plant survival data. Finally, the correlations between herbicide resistance traits at the
population level were calculated.

3.3.4. Intra-population characterisation of 8 SE Australian 
populations

Eight populations observed to be maximally variable (≥10% and ≤75% survival rates) to at least
one  of  the  four  herbicides  (clethodim,  glyphosate,  sulfometuron,  and  terbuthylazine),  were
further characterised (refer to the intra- & inter-population dataset or the bottom-right rows of
Table  3.6).  For  each herbicide resistance trait,  two populations were selected:  ACC13 and
ACC49 for clethodim resistance, ACC31 and ACC62 for glyphosate resistance, ACC11 and
ACC59  for  sulfometuron  resistance,  and  ACC09  and  ACC54  for  terbuthylazine  resistance.
Approximately 500 individual plants were individually characterised per population following the
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instaGraminoid workflow.

3.4. Results

3.4.1. Validation of instaGraminoid on field populations collected as
live plants

The quantitative herbicide resistance of individual plants from standing weed populations in the
field  were  accurately  measured  with  instaGraminoid.  The  population  from  Lexton,  two
populations  from Rokewood,  and  two  populations  from Skipton  exhibited  78.18%,  52.94%,
38.33%, 80.61% and 77.49% survival after sulfometuron application, respectively. The logistic
function  was 90% accurate  in  relating  the  instaGraminoid-derived  quantitative  sulfometuron
resistance to the observed survival data (Figure 3.8).

Figure 3.8. Logistic regression model for sulfometuron resistance of live plants collected from
Lexton,  Rokewood,  and  Skipton.  (The  histograms  show  the  distribution  of  the
quantitative  sulfometuron  resistance  estimates  in  the  susceptible  [bottom]  and
resistant [top] plants. The red line is the logistic function relating the quantitative
herbicide resistance to the observed survival data).

3.4.2. South-East Australian populations characterisation

Variations in resistance to clethodim, glyphosate, sulfometuron, and terbuthylazine exist across
the SE Australian landscape (Figure 3.9). There are more populations with low resistances than
highly  resistant  populations.  All  feral  populations  exhibited  low resistances,  except  for  one
population  collected  from  an  agricultural  airstrip  that  has  been  constantly  sprayed  with
herbicides. Across all four herbicide resistance traits the feral populations had significantly lower
resistances than field populations (based on Tukey’s honest significant difference at α=5%),
where 10.17% and 24.30% mean survival rates were observed for feral and field populations,
respectively.
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Figure 3.9. Herbicide  resistance  variation  in  Lolium rigidum populations  across  South-East
Australia collected in November 2018. Herbicide resistances were measured as
whole population survival rates. The points are the phenotyped populations. The
histogram on  the  bottom left  of  every  map  shows  the  distribution  of  herbicide
resistance based on the survival rate 28 days after herbicide application.

In  terms  of  the  population  or  tray  level  colorimetric  measurements,  the  use  of  elastic-net
penalisation under the generalised linear model framework allowed the straightforward use of
the continuous percent survival data instead of binary survival data. This resulted in a maximum
mean deviance ratio (explained deviance over total observed deviance) of only 29% with an
elastic-net penalty parameter of zero or ridge regression penalty.

Using the survival rates of these populations, significant positive correlations between herbicide
resistance traits were detected (Figure 3.10). These corroborate the previous findings using the
quantitative herbicide resistances of Inverleigh and Urana populations (see Figure 3.6 Panel B).
These significant  positive correlations imply either the stacking of  multiple herbicide-specific
resistance alleles or the presence of broad-effect cross-resistance genes.
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Figure 3.10. Correlations between herbicide resistance traits. The term “ns” refers to non-
significant correlation at p<0.05.

3.4.3. Intra-population characterisation of 8 SE Australian 
populations

Among the 60 SE Australian populations characterised at the population level, 8 populations
were further characterised at the individual plant level. The survival rates were 54% (ACC13)
and 10% (ACC49) for clethodim, 26% (ACC31) and 75% (ACC62) for glyphosate, 46% (ACC11)
and 41% (ACC59) for sulfometuron, and 50% (ACC09) and 32% (ACC54) for terbuthylazine.
Seven  of  which  were  field  populations  and  one  was  a  feral  population  (ACC09)  the  one
collected from an agricultural  airstrip.  All  eight  populations exhibited variations for  herbicide
resistance as measured by instaGraminoid  (Figure 3.11).
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Figure 3.11. Intra-population  quantitative  herbicide  resistance  variations  in  8  South-East
Australian Lolium rigidum populations. Letters above each population-herbicide
class refer to Tukey’s honest significant grouping at α=0.05 (CLETH, GLYPH,
SULFO  and  TERBU  refers  to  clethodim,  glyphosate,  sulfometuron  and
terbuthylazine resistances, respectively).

3.5. Discussion

3.5.1. Quantitative herbicide resistance measurement using 
instaGraminoid

We  developed  an  accessible  and  reliable  method  of  measuring  herbicide  resistance  of
individual  plants  as a continuous quantitative  trait,  instaGraminoid  (Paril  and Fournier-Level
2019). The ubiquity of cameras and their low cost make instaGraminoid easily accessible to any
laboratory requiring quantitative measures of herbicide resistance of individual plants and plant
health  in  general.  It  is  an  unbiased  alternative  to  manual  visual  rating  of  the  degree  of
greenness  and  brownness  of  plant  tissues.  Plants  remobilise  nitrogen  from photosynthetic
tissues when under stress which results in chlorophyll breakdown or chlorosis (Hörtensteiner
2006;  Christ  and  Hörtensteiner  2014;  Wang  and  Blumwald  2014).  As  the  plant’s  health
deteriorates necrosis or the death of tissues occurs. The rate at which chlorosis, necrosis and
eventual plant death progress vary not only between resistant and susceptible plants but also
among resistant plants and among susceptible plants. The instaGraminoid method was able to
capture  these  variations.  This  enabled  the  elucidation  of  small  but  significant  positive
correlations between herbicide resistance traits, indicative of either multiple- or cross-resistance.

The use of  the recommended herbicide application rates,  instead of  performing a series of
dose-response experiments was sufficient in characterising the  L. rigidum populations across
SE  Australia.  Dose-response  experiments  are  resource-intensive  and  impractical  for  large
sample sizes (Beckie et al. 2000).  Using a single dose, specifically the recommended field dose
for each herbicide, is valid since herbicide resistance as we’ve defined it is the ability of weeds
to survive application rates at the recommended or commercial doses.

Binary survival data has been sufficient in studying the genetic basis of target site herbicide
resistances (Anderson and Gronwald 1991; Baerson 2002; Patzoldt et al. 2006; Yu et al. 2008;
Hashim et al. 2012; Délye 2013). However, genetic studies which do not assume target-site
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resistance such as genome-wide association studies are lacking.  Our phenotyping method,
instaGraminoid paves the way for this by enabling the use of more powerful statistical analyses
to associate genetic variants with quantitative herbicide resistance traits.

In  terms  of  adapting  instaGraminoid  for  population-  or  tray-level  herbicide  resistance
measurements, it did not perform well (i.e. low deviance ratio) most probably because the plants
at the centre of the tray were not well-represented since they were constantly blocked by the
plants  in  front.  This  could  be  remedied  by  taking  overhead  photos  in  addition  to  the  4
perpendicular  angles.  However,  this  will  require  an image segmentation  approach  that  can
reliably distinguish between necrotic plant tissues and the soil.

3.5.2. Intra-population herbicide resistance

Using instaGraminoid for intra-population herbicide resistance assays, we observed variations
in individual plant response, even when there was very low to no variation in the binary survival
data. These quantitative measurements of individual plant resistance will enable fine-level and
near real-time monitoring of herbicide resistance in the field. This will  also allow the use of
powerful statistical techniques to dissect the genetic basis of herbicide resistance beyond tests
on contingency tables. However, one issue with the experimental design for the intra-population
herbicide  resistance  assays  was  the  absence  of  replicates.  Replications  will  improve  the
precision of herbicide resistance estimates. Our approach is nonetheless valid as some plants
may not be replicable due to intrinsic and resource limitations (Oksanen 2001), and replication
studies can be performed in the future when more resources become available.

3.5.3. Herbicide resistance in SE Australia

Similar  to  a  survey  of  herbicide  resistance  in  annual  ryegrass  across  Southeast  Australia
(Boutsalis et al. 2012), we found several herbicide-resistant populations across this landscape.
The  hotspots  of  highly  resistant  populations  qualitatively  coincide  with  regions  of  intense
cultivation. Feral populations that are far away from intense agricultural activities and herbicide
treatments  exhibited  significantly  lower  herbicide  resistance  than  field  populations.  The
variations  within  and  between these  populations  can  be  exploited  to  infer  likely  models  of
herbicide resistance evolution.

3.6. Conclusion

The  instaGraminoid  method  of  expressing  herbicide  resistance  of  individual  plants  as  a
quantitative trait  is  highly  accessible and reliable.  This  method can be used with seeds as
starting material or with live plants collected from the field, and for individual plant and whole
population  characterisations.  The  resulting  quantitative  herbicide  resistance  measurements
enable  the  use  of  powerful  statistical  techniques  which  would  not  be  possible  with  binary
survival data. Herbicide resistance variation across SE Australia is informative of the suitability
of  the  sampled  populations  for  quantitative  and  population  genetics  studies  to  dissect  the
genetic architecture of herbicide resistance and to infer the likely evolutionary paths towards
herbicide resistance.
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4. Accurate Allele Frequencies from Pool-
ddRADseq

4.1. Introduction

High-quality marker data is fundamental to quantitative trait loci (QTL) mapping, genome-wide
association (GWAS), genomic prediction (GP), and population genetics inferences. Gathering
genome-wide marker data from large (≥1×109 bases) and complex (large introns and abundant
repetitive elements (Lynch and Conery 2003))  genomes is  challenging.  Genome complexity
reduction techniques offer ways to tackle this problem. Specific subsets of large and complex
genomes can be targeted through exome capture, transcriptome sequencing (RNAseq), and
restriction  site-associated  DNA  (RAD)  characterisation.  Exome  capture  reduces  genome
complexity by sequencing only the protein-coding regions (Albert et al. 2007; Warr et al. 2015).
Although  exome  capture-derived  genomic  information  is  highly  reproducible,  the  initial
investment  in  developing the probes is  high and the variation in  non-coding regions is  not
represented (Hirsch et al. 2014). Similarly, RNAseq represents only the transcribed genomic
regions and under-represents regulatory sequences (Zhao et al.  2019). In addition, RNAseq
data  is  tissue-specific  and  highly  affected  by  environmental  conditions  (Hirsch  et  al.  2014;
Lopez-Maestre  et  al.  2016).  Restriction  site-associated  DNA characterisation  can  be  array-
based, e.g. diversity arrays technology (DArT; Wenzl et al.  2004), or sequencing-based, i.e.
restriction site-associated DNA sequencing (RADseq; Baird et al. 2008). Among these genome
complexity  reduction  methods,  RADseq  is  the  most  attractive  due  to  the  lower  investment
required and lower bias in genome representation (Andrews et al. 2016).

RADseq  is  a  family  of  reduced-representation  genome  sequencing  techniques  for  single
nucleotide polymorphism (SNP) discovery and genotyping which includes the original RADseq
protocol (Baird et al.  2008), and genotyping-by-sequencing (GBS; Elshire et al. 2011). They
both use a single restriction enzyme with the latter involving indirect fragment size selection
through multiplex PCR. Double digest RADseq (ddRADseq) improves the original RADseq by
using a pair of restriction enzymes followed by direct fragment size selection which improves
coverage and reduces the variance in coverage (Peterson et al. 2012; Toonen et al. 2013).

At the population level, RADseq techniques in tandem with pool sequencing (Pool-seq) have
enabled  the  use  of  next-generation  sequencing  technologies  for  high-throughput  landscape
genomics studies in large groups of individuals and populations (Baird et al. 2008; Davey et al.
2011; Elshire et al. 2011; Andrews et al. 2016). The high level of detail captured by individual
genotyping is not always biologically relevant or cost-effective for the genomic characterisation
of  large groups of  individuals as commonly performed in ecological  research.  Pool-seq can
generate more accurate allele frequency estimates than individual sequencing because of the
larger sample sizes that can be sequenced for the same cost (Futschik and Schlötterer 2010).
However, there are several issues with Pool-seq coupled with genome complexity reduction via
RADseq,  GBS or  ddRADseq.  The  coverage  may  be  insufficient  to  saturate  large  complex
genomes with  enough markers  to  capture all  important  loci  (Lowry  et  al.  2017),  and allele
frequency estimates can be inaccurate for small  pool sizes (Bansal 2010; Schlötterer et al.
2014). To maximise the accuracy of variant calling and allele frequency estimation, Pool-seq
guidelines and recommendations have been proposed (Schlötterer et al. 2014; Fracassetti et al.
2015;  Anand  et  al.  2016).  Among  these  guidelines,  large  pool  size  and  high  sequencing
coverage appear to be the most important factors. Pool sizes of at least 25 (Fracassetti et al.
2015; Gautier et al. 2013) or 40 individuals (Schlötterer et al. 2014); and sequencing depths
greater than 50X (Zhu et al. 2012) and 65X (Gautier et al. 2013) have been recommended.

Despite  these  issues,  the  popularity  of  Pool-ddRADseq  and  similar  Pool-seq  coupled  with
reduced representation techniques is increasing (Pukk et al. 2015; Bélanger et al. 2016; Jiang
et  al.  2016;  Kahnt  et  al.  2018;  Nielsen  et  al.  2018).  This  family  of  techniques  is  used  to
characterise the genomic diversity of populations for studying adaptive evolution (Ellegren 2014;
Storfer et al. 2018).  It has also been used for QTL mapping using bulk segregant analysis in
controlled crosses (Magwene et al. 2011; Dong et al. 2018) and GWAS in natural populations
(Gaj et al. 2012; Yang and Kim 2015; Endler et al. 2016; Fournier-Level et al. 2017). However,
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this has not yet been applied to non-model plant species with large complex genomes. Lolium
rigidum is an important weed species with a large complex genome (2n=14 and an assumed
genome size of 2Gb similar to Lolium perenne a closely related species (Byrne et al. 2015)) and
a  remarkable  capacity  to  evolve  resistance  to  many  different  herbicides.  The  evolution  of
resistance in this weed species can be studied using allele frequency data generated from Pool-
ddRADseq.

In this chapter, we investigated the power of Pool-ddRADseq to accurately capture genome-
wide  allele  frequency  data  in  L.  rigidum populations.  The  challenge  is  two-fold:   how can
ddRADseq  reduce  genome  complexity  while  generating  an  unbiased  representation  of  the
genome? And how can Pool-seq yield accurate allele frequency estimates? Specifically,  this
chapter aims to:

• select the most appropriate restriction enzyme pair and fragment sizes to maximise the
breadth and depth of coverage of ddRADseq;

• demonstrate an effective genome complexity reduction resulting in low heterogeneity of
depth and breadth of sequencing coverage across the genome; and

• generate  an  optimal  set  of  SNP filtering  parameters  to  retain  a  genome-saturating
number of SNPs with accurate allele frequency estimates from Pool-ddRADseq.

4.2. Materials and Methods

4.2.1. Genetic materials and pooling

Plant  materials,  growing  conditions  and  experimental  design  were  described  in  Chapter  3
Section  3.2  or  in  Paril  and Fournier-Level  (2019).  Briefly,  two  L.  rigidum populations  were
collected in Inverleigh, Victoria and Urana, New South Wales. Seeds were sown in Petri-dishes
with 0.8% agar and germinated for 14 days inside a plant growth chamber set at 15°C/25°C
night/day temperatures with a 12-hour photoperiod and 50% relative humidity. Seedlings were
transplanted into 42-cell trays (4.5×4.5×4.5 cm cell dimensions) with soil media composed of
55% peat moss, 15% perlite, 5% vermiculite, and 25% sand by dry volume. 

In each population, individual plants were arranged in order of increasing resistance levels and
equally divided into 5 pools, where pool 1 has the lowest resistance and pool 5 has the highest,
in preparation for genome-wide association studies. In cases where the population sizes do not
equally divide by five, the remaining one to four individuals were allocated to the middle pool,
i.e.  pool  3.  However,  for  the  Pool-ddRADseq SNP filtering optimisation  in  this  chapter,  we
disregard the pooling per population. Instead, we used each herbicide treatment as replication.
Hence, the populations were replicated 4 times, each representing an herbicide treatment.

4.2.2. DNA extraction and sequencing

Leaf  tissues  were  sampled  prior  to  herbicide  application  and  stored  at  -80°C.  DNA  was
extracted from each pool. Approximately 100 mg of leaf tissue per plant were pooled and CTAB
(cetyltrimethyl ammonium bromide) protocol (Clarke 2009) was used to extract the DNA. DNA
was  digested  by  pairs  of  restriction  enzymes.  DNA  fragments  were  size-selected  using
magnetic bead-based kit (NucleoMagTM NGS Clean-up and Size Select).

For  MinION nanopore-based nucleic  acid  sequencing  (Oxford  Nanopore  Technologies  Ltd.;
ONT),  the DNA fragments were end-repaired,  A-tailed,  barcoded per  pool  and ligated with
MinION-specific adapters using ONT Ligation Sequencing Kit 1D (SQK-LSK109), ONT Native
Barcoding Expansion 1-12 Kit (EXP-NBD103), NEB Blunt/TA Ligase Master Mix (M0367S), and
NEBNext Quick Ligation Module (E6056). The quality and concentration of the resulting libraries
were assessed using NanoDrop 1000 spectrophotometer and Qubit Fluorometer. The libraries
were pooled and sequenced using the portable MinION device with the FLO-MIN106D flow cell.

For Illumina sequencing, a modified version of the ezRAD protocol of Toonen et al (2013) was
used. The DNA fragments were size-selected (200-700 bp), end-repaired, A-tailed, barcoded
per  pool,  ligated  with  Illumina-specific  adapters,  and  PCR-enriched  following  the  Illumina
TruSeq DNA Kit protocol but modified for 1/3 reactions. The quality and concentration of each
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library were assessed using Agilent 2200 TapeStation system. The DNA libraries were pooled
and sequenced using one lane of the Illumina HiSeq X platform in 150 bp paired-end reads
mode. The sequencing service was provided by GENEWIZ, Suzhou, China.

4.2.3. Reference genome and sequence alignment

In the absence of a Lolium rigidum genome assembly, we used as reference the genome of a
closely related species,  Lolium perenne. This draft genome (version 1.0; Byrne et al. (2015);
Figure   1  .  9  ) with an assembly size of 1.128 Gb for an estimated whole genome size of 2.068 Gb,
was  used  as  reference  genome  for  aligning  L.  rigidum sequencing  reads.  This  has  been
successfully used as a reference genome in a pilot study for  L. rigidum sequence alignment
(Camm 2018).

For MinION sequence data, basecalling or translating the raw fast5 electrical signals into fastq
sequence files was performed using albacore (Wick et al. 2019). The reads were aligned to the
reference genome using minimap2 -ax map-ont (Li 2018) with default parameters.

For Illumina sequence data, the  fastq sequence files were aligned to the reference genome
using bwa mem (Li 2013) with the default parameters listed in Appendix Table S4.1. Read pairs
with  mapping quality  less than 20 phred score,  i.e.  >1% error rate,  were filtered out.  Base
qualities  were  assessed  with  fastQC (Andrews  2010).  Mapping  summary  statistics  were
computed using samtools stats (Li 2011).

4.2.4. Unbiased reduced-representation of the Lolium genome 
through ddRADseq

Genome  complexity  reduction  experiments  through  ddRADseq  were  simulated  in  silico;
validated using MinION sequencing for rapid quality assessment and protocol optimisation; and
applied  to  the  main  sequencing  experiment  using  the  Illumina  HiSeq  X  platform.  The
parameters tested were the restriction enzyme pairs and fragment sizes. The metrics used to
assess the performance of ddRADseq were the breadth and depth of sequencing coverage.
These  metrics  were  calculated  using  non-overlapping  sliding  windows  of  7Mbp,  where  the
48,415 scaffolds of the  L. perenne reference genome were concatenated into a single linear
sequence and divided into equally-sized non-overlapping windows, with each window covering
at least 14 scaffolds. Depth of coverage per window was calculated as the sum of depths across
all positions divided by the window size:

DEPTH=
1
w
∑
i=1

w

d i ,

where  w  is the window size in base pairs, and  d i is the depth at the  it h position. Breadth of
coverage per window was calculated as the number of bases that was covered at least once
divided by the window size:

BREADTH=
1
w
∑
i=1

w

c i ,

where c i=1, if d i≥1 and c i=0, otherwise. Breadth and depth of coverage were calculated from
the  aligned,  compressed  and  sorted  bam  files  using  samtools  depth  -aa (Li  2011).  Two
summary statistics,  D50 and  B50 were formulated to describe coverage as a function of the

number of sequencing reads.  D50 is the 50th percentile of  DEPTH across windows. Similarly,

B50 is  the  50th percentile  of  the  BREADTH across  windows.  The  behaviour  of  these  two
summary statistics in response to the number of sequencing reads was used as an index of
coverage saturation.

ddRADseq simulation

DDRADSEQTOOLS (Mora-Márquez et al.  2017) was used to simulate ddRADseq on the  L.
perenne genome. A set of 50 restriction enzymes equating to 1,225 enzyme pairs was tested in
silico on approximately 10% of the genome composed of randomly selected scaffolds. The top
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nine performing enzymes based on breadth and depth of coverage were identified. These top
nine enzymes in tandem with 16 fragment size ranges (from 50bp to 400bp) were used to
simulate ddRADseq on the whole  L. perenne genome. The enzyme pairs and fragment sizes
that resulted in the highest breadth and depth of coverage were identified.

ddRADseq MinION validation

The simulation results were experimentally validated using MinION sequencing on a test DNA
sample. The predicted top-performing enzyme pair MseI-NsiI was compared to pairs with the
commonly used enzyme PstI (Byrne et al. 2013; Gautier et al. 2013; Pukk et al. 2015; Ruttink et
al. 2018), i.e. PstI-MseI and PstI-NsiI. Fragments between 200 and 700 bp long were selected
during library preparation. Breadth and depth of coverage were averaged across the genome.
Bootstrapping with 10 pseudo-replicates was performed to allow for analysis of variance and
mean comparison using Tukey’s honest significant difference (HSD).

Pool-ddRADseq on Illumina platform

After validation with MinION sequencing, the pooled DNA samples of the two populations were
sequenced  on  Illumina  HiSeq  X  platform  in  150bp  paired-end  reads  mode.  The  validated
restriction enzyme pair MseI-NsiI and the Illumina-recommended fragment sizes ranging from
200 to 700 bp were used. Mean breadth and mean depth per window as well as D50 and B50

were calculated.

4.2.5. Accurate allele frequency estimation from Pool-ddRADseq

The effects of the SNP filtering parameters: sequencing depth, allele frequency, and basecalling
quality  on  the  accuracy  of  allele  frequency  estimates  were  assessed  using  simulated  and
empirical Pool-ddRADseq data. 

Pool-ddRADseq simulation

The aim of  simulating  Pool-seq allele  frequency estimation  is  to  determine the  relationship
between  depth  of  coverage  and  allele  frequency  on  the  accuracy  of  the  estimated  allele
frequencies. It involved sampling biallelic genotypes from a binomial distribution with trial size of
one and probability of success corresponding to a range of expected allele frequencies from 0
to 1. The number of samples represent the sequencing depth. Accuracy was measured as the
absolute difference between expected and observed allele frequencies.

Pool-ddRADseq empirical data

Simulation results were validated using the empirical Illumina sequence data, SNP data subsets
were generated using every combination of the three filtering parameters:

- minimum SNP depth (1X, 5X 10X, 20X, 30X, 50X, 75X, 100X and 1000X)
- minimum SNP quality score (Phred; 10, 15, 20, 30, and 40)
- minimum allele frequency (MAF; 0.1, 0.05, 0.01, and 0.001)

Sequencing read alignments were piled-up for each genomic position using samtools mpileup
(Li 2011), and the number of SNP alleles were summarised into a synchronised pileup file using
mpileup2sync.jar script of the Popoolation2 package (Kofler et al. 2011).

SNPs were filtered by minimum read depth and minimum allele frequency (MAF) with the aim of
retaining a genome-saturating number of SNPs with accurate allele frequency estimates. To
obtain empirical-based threshold values for the SNP filtering parameters, the number of SNPs
(SNP count)  and allele  frequency  accuracy  (accuracy)  were  modelled  as  functions  of  the
minimum  depth  threshold.  Second  degree  polynomial  regression  models  which  explain  a
significant fraction of the variation without overfitting were developed. Accuracy per locus was
expressed as the absolute pairwise difference in allele frequency estimates across replications.
Since this accuracy ranged from 0 to 1, its distribution was modelled using a Beta distribution [
β (α 1 , α 2)].  The  two  shape  parameters  of  the  distribution  were  estimated  using  maximum
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likelihood, and the resulting mean of the distribution, μβ=α1/(α1+α 2) was used to describe the
overall  allele  frequency  difference  across  the  genome.  SNP count  was rescaled  using  the
function:

C ' i=((ci−minC)×CF)+minA

where C ' i is the transformed SNP count, c i is the observed SNP count, CF=
maxA−minA

maxC−minC

 is

the correction factor, ma xC, minC , ma xA , and minA  are the maximum and minimum observed
values of SNP count (C subscript) and accuracy (A subscript),  respectively. Since minimum
depth is inversely proportional to SNP count but proportional to accuracy, the minimum depth
that defines a compromise between SNP count and accuracy was analytically calculated. The
point of intersection between the accuracy and SNP count curves defines this analytical point of
compromise.  Using the expected number of SNPs defined at  this point,  the MAF threshold
expected to pass the Bonferroni threshold with a risk α=5% for a causal loci when performing
Pool-GWAS was calculated as:

MAF=
xopt

2 sp
where:

xopt=minimum (x ∣ (1/ p)xi < 0.05 /l ; for x∈[1 ,2 s ]),

xopt is the minimum number of copies of an allele in a pool required to pass the Bonferroni

threshold, x is a vector containing different numbers of copies of an allele in a pool, s is the pool

size, p is the number of pools, (1/ p)x i is the probability that x i copies of an allele is found in a

pool by chance, and l is the expected number of SNPs retained.

Additionally,  for  purposes  other  than  Pool-GWAS  (e.g.  population  genetics  studies),  the
accuracy of allele frequency estimates are of prime importance. Accuracy and SNP count were
simultaneously  modelled  as  functions  of  depth  and  MAF  (the  two  most  important  filtering
parameters). The surfaces of the accuracy and SNP count models across the minimum depth
and MAF axes were plotted. Three methods to find the optimum depth and MAF were used. The
observed point of compromise is the highest point where the observed accuracy and the SNP

count are least different, which was calculated as argmaxmin .depth ,MAF(
μ Accuracy ,SNP count

σ Accuracy, SNP count
). On the

other hand, the analytical point of compromise is defined as the point along the intersection of
the two surfaces that maximised both accuracy and SNP count. Finally, the  line segment of
weighted  optimisation is  defined  as  the  line  segment  intersecting  the  two  surfaces  where
accuracy  has  80% of  the  weight  and  SNP count  has  the  remaining  20%,  optimised  using
bounded limited-memory Broyden–Fletcher–Goldfarb–Shanno algorithm (L-BFGS-B; (Byrd et
al. 1995)).
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4.3. Results

4.3.1. Reference genome and sequence alignment

The proportions of MinION and Illumina sequences that mapped to the  L. perenne reference
genome were assessed to validate the suitability of  this genome assembly.  The ddRADseq
experiment using MinION sequencing produced a total of 910,604 sequences. Approximately
69% to  83% of  these sequences mapped to the  L.  perenne reference genome.  The Pool-
ddRADseq experiment using the MseI-NsiI restriction enzyme pair under the Illumina HiSeq X
sequencing platform generated ~798 million reads where 95% to 98% of which mapped to the
L.  perenne reference  genome (Appendix  Figure  S4.  1  ).  This  confirmed  that  the  L.  perenne
genome  assembly  can  be  used  effectively  as  reference  genome  for  aligning  L.  rigidum
sequences.

4.3.2. Unbiased reduced representation of the Lolium genome 
through ddRADseq

In order to generate an unbiased reduced representation of the L. rigidum genome, ddRADseq
was simulated  in  silico using  different  restriction  enzyme pairs  and fragment  size selection
schemes.  The results  were validated with  MinION sequencing and applied to  the full-scale
Illumina sequencing experiment.

ddRADseq simulation

In silico ddRADseq simulations showed that among the 50 restriction enzymes tested on 10% of
the genome, AseI, BclI, BglII, MseI, NcoI, NdeI, NsiI, PciI and PstI were the nine enzymes that
maximised breadth and depth of coverage. Among these top nine enzymes tested on the whole
reference genome, the pair MseI-NsiI maximised the breadth and depth of coverage (Figure 4.1
Panels A and B) and MseI generally resulted in high sequencing depth (Appendix Figure S4.  2  ).
For fragment size selection, the top three longest fragment sizes, 50-400 bp, 100-400 bp and
50-300 bp maximised the depth of sequencing (Figure 4.1 Panel C). Hence, MseI and NsiI in
tandem  with  large  fragments  sizes  are  expected  to  maximise  the  breadth  and  depth  of
coverage.
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Figure 4.1. Breadth and depth of sequencing across the Lolium perenne genome based on
simulated ddRADseq using different enzyme pairs (only a small subset is shown)
and at  varying  fragment  size  ranges (letters  refer  to  Tukey’s  HSD grouping  at
α=0.05).

ddRADseq MinION validation

The in silico results were validated empirically using MinION sequencing. Genome complexity
reduction using the MseI-NsiI enzyme pair out-performed PstI-NsiI and PstI-MseI pairs in terms
of breadth and depth of sequencing coverage (Figure 4.2).

Figure 4.2. Breadth and depth of MinIon sequencing coverage using MseI-NsiI, PstI-NsiI and
MseI-PstI  restriction  enzyme  pairs  (letters  refer  to  Tukey’s  HSD  grouping  at
α=0.05).
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Pool-ddRADseq on Illumina platform

The results of the in silico simulation and MinION sequencing validation were applied to the high
throughput Illumina sequencing experiment. On average 16% to 19% of the reference genome
was covered with genome-wide depths ranging from 1.16X to 2.63X. This means that for the
17.5% of the genome that was actually covered by sequencing reads, the average depth was

effectively 
1.895 X
17.5%

≈11X . The distributions of breadth and depth across the genome averaged

across the libraries sequenced are shown in Appendix Figures S4.  3   and S4.  4  , respectively. The
variation in breadth was uniform although the standard deviations are substantial. One region
exhibited greater variation in depth than other regions. D50 increased linearly as the number of

reads increases while B50 showed a sign of possible plateauing (Figure 4.3).

Figure 4.3. Breadth and depth of sequencing coverage as the number of reads increases.

4.3.3. Accurate allele frequency estimated from Pool-ddRADseq

To retain high quality SNPs which generate accurate allele frequency estimates, the search
space for the optimum SNP filtering parameter thresholds (minimum depth and minimum allele
frequency) was explored using simulated and observed Pool-ddRADseq data.

Pool-ddRADseq simulation

Pool-ddRADseq simulation showed that read depths of at least 100X will result in accurate and
precise estimates of  allele frequencies (Figure 4.4).  The squared deviation of estimated vs.
expected allele frequencies and the corresponding variance approached zero as read depth
increases.  On  the  other  hand,  this  square  deviation  is  maximised  at  intermediate  allele
frequency.
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Figure 4.4. Allele frequency accuracy and precision simulations.

Given the empirically observed LD block sizes in L. perenne ranging from 0.5kb to 3kb (r2 dips
below 0.2) (Ponting et al. 2007), and assuming a genome size of 2Gb, the theoretical minimum
number of SNPs required to saturate the genome as a function of LD block size as shown in
Appendix Figure S4.  5  , ranged from 700,000 to 4 million SNPs.

Pool-ddRADseq empirical data

To validate the Pool-ddRADseq simulation result and the recommendations of Pool-seq review
papers (Schlötterer et al. 2014; Fracassetti et al. 2015; Anand et al. 2016), the effects of the
three SNP filtering parameters (minimum depth,  minimum base quality  and minimum allele
frequency) on allele frequency accuracy and SNP count were investigated using empirical Pool-
ddRADseq data.

The number of SNPs retained was reduced by a factor of 10 when the minimum depth cut-off
was increased by a factor of 10 from 10X to 100X, and 100X to 1000X (Appendix Figure S4.  6  ).
The behaviours of allele frequency accuracy and SNP count in response to filtering for minimum
SNP depth, minimum SNP quality, and minimum allele frequency using the Illumina sequence
data are presented in  Appendix  Figure S4.  7  .  Allele  frequency accuracy improved as depth
increased  while  the  number  of  SNPs  retained  decreased.  Both  accuracy  and  SNP  count
decreased as the minimum allele frequency increased. Interestingly, accuracy and SNP count
were unaffected by base quality since the quality of basecalling was already very high with
expected  error  rates  ranging  from  0.014%  to  0.028%  (Appendix  Figure  S4.  8  ).  Under  the
assumption that basecalling quality remains in this range, it is justifiable to exclude base quality
from the parameters that need to be optimised.

Accuracy and SNP count responded to MAF in the same direction but had opposite responses
to  minimum  sequencing  depth  (Appendix  Figure  S4.  7  ).  The  relationship  between  allele
frequency accuracy and SNP count in the sets of SNPs filtered with varying levels of minimum
depths and MAF are shown in Figure 4.5. We aimed to find a combination of minimum depth
and MAF that minimises the error in allele frequency estimation and maximises the number of
SNPs (a point in the upper left  quadrant in  Figure 4.5). As minimum depth increases, MAF
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decreases in importance in terms of SNP count. This is shown by the decrease in the slope of
the regression lines as minimum depth increases.

Figure 4.5. Effect  of  different  sequencing  depth  and  minimum  allele  frequency  filtering
parameters  on  allele  frequency  estimation  accuracy  and  the  number  of  SNPs
retained.

The regression model that best explained the accuracy and SNP count as functions of depth
and MAF appears to be the polynomial model of the 2nd degree (Appendix Figure S4.  9  ). Model
fit improved as complexity increased from linear to 4th degree polynomial. However, increasing
model complexity from the 3rd to the 4th polynomial degree failed to shrink the residual variance,
AIC, and BIC considerably. The residual variance is essentially zero at the 3 rd and 4th degrees
which suggest over-fitting above the 2nd degree polynomial model. Therefore, the polynomial
model of the 2rd degree was used to model both accuracy and SNP count.

The minimum depth threshold of 8X defined the analytical point of compromise between the
mean allele frequency accuracy and mean SNP count. At this point of intersection, the expected
allele frequency deviance is at 0.07 and the expected number of SNPs retained is at 1.2 million
(Figure 4.6).
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Figure 4.6. Optimising  the  compromise  between  allele  frequency  accuracy  and  number  of
SNPs as functions of minimum depth alone (E[Freq. Dev.]: expected deviation from
actual allele frequency, SNP count: number of SNPs).

Using the 1.2 million SNPs expected to be retained, the Bonferroni  threshold at α=5% was
calculated to be 4.17 x 10-8. Assuming that 5 pools will be used in Pool-GWAS, one random
copy of an allele has a probability of being sampled in a particular pool by chance equal to ,⅕
and the probability of  x copies of this allele to be sampled in this pool by chance is equal to
( )⅕ x. The minimum number of copies of an allele to pass the Bonferroni threshold is xopt = 11,
that is ( )⅕ 11 = 2.05 x 10-8. Given this minimum of 11 copies of a causal allele, and assuming that
1.2 million SNPs, 100 individuals per pool and 5 pools will be used in Pool-GWAS, then the

minimum allele frequency threshold was calculated to be MAF=
11

2×100×5
= 0.011.

For  purposes  other  than  Pool-GWAS,  the  accuracy  and  SNP  count  surfaces  across  the
minimum depth and MAF axes were plotted (Figure 4.7). The  observed point of compromise
was found to be at 5X depth, and 0.001 MAF resulting in a deviance of 0.06 for allele frequency
and in 3.69 million SNPs retained. On the other hand, the analytical point of compromise was
determined to be at 3X depth and 0.001 MAF with expected deviance of allele frequency of
0.0706 and 2.81 million SNPs retained. In addition, the line segment of weighted optimisation
intersects the two surfaces at 227X depth and 0.001 MAF with the lowest expected deviance of
allele frequency of 0.01 and 600,000 SNPs retained.
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Figure 4.7. Optimising  the  compromise  between  allele  frequency  accuracy  and  number  of
SNPs  as  functions  of  minimum depth  and  minimum allele  frequency  (DEPTH:
minimum  sequence  depth,  MAF:  minimum  allele  frequency,  E[Freq.  Dev.]:
expected deviation from actual allele frequency, SNP count: number of SNPs).

The minimum depth of 227X and 0.001 MAF which resulted in the highest  allele frequency
accuracy  while  retaining  600,000  SNPs,  were  selected  as  the  filtering  parameter  threshold
values.
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4.4. Discussion

To map the genetic basis of herbicide resistance using cost-effective Pool-GWAS in natural
populations,  and  study  the  development  of  herbicide  resistance  in  vivo using  landscape
genomics; we studied pool sequencing in tandem with double digest restriction site-associated
DNA  complexity  reduction  or  Pool-ddRADseq.  We  have  investigated  the  power  of  Pool-
ddRADseq  to  capture  accurate  and  genome-wide  allele  frequency  data  in  L.  rigidum
populations. Allele frequency accuracy is affected by depth of coverage, and minimum allele
frequency (MAF) thresholds. On the other hand, the number of SNPs required to saturate the
genome is not only affected by depth, and MAF thresholds; but also by the breadth of coverage,
genome size and linkage disequilibrium (LD) block size. The resulting large genome-wide SNP
dataset was filtered using minimum depth, and minimum allele frequency thresholds in order to
retain  only  the  SNPs  which  were  predicted  to  generate  highly  accurate  allele  frequency
estimates while retaining enough SNPs to saturate the genome.

4.4.1. Genome complexity reduction for high and unbiased 
genome coverage

Genome  complexity  reduction  through  ddRADseq  aims  to  find  the  best  pair  of  restriction
enzymes  and  fragment  sizes  to  maximise  genome  coverage  and  minimise  coverage
heterogeneity. L. rigidum added an additional layer of complexity to this problem, because of the
absence of a reference genome. However, the L. perenne draft genome (Byrne et al. 2015) was
shown to be suitable as a reference genome for genotyping  L. rigidum populations through
Pool-ddRADseq, enabling the alignment of at least 95% of the L. rigidum sequences generated
using Illumina technology. This is because these two  Lolium species are closely related, are
cross-compatible (Naylor 1960; Terrell  1966; Kloot 1983), and have a low degree of genetic
differentiation based on Nei’s genetic distance and FST (Guan et al. 2017). However, for more
fine-detailed  genomic  characterisation  i.e. comparative  genomic  and  structural  variation
analyses of the Lolium genus, a species-specific reference genome would be required.

In terms of restriction enzyme pairs, results from ddRADseq simulations were consistent with
the results from previous empirical and simulation studies. MseI is a frequent cutter, while NsiI,
PciI and BclI are rare cutters. Previous studies have shown that pairs of restriction enzymes
composed of  a  rare  cutter  in  ddRADseq  (e.g. EcoRI-G*AATTC and PstI-CTGCA*G)  and  a
frequent cutter (e.g. MseI-T*TAA and MspI-C*CGG) resulted in high genome coverage across
many different plant species (Peterson et al. 2012; Yang et al. 2016). Comparisons between
ddRADseq and RNAseq for genome complexity reduction in a relatively recent study showed
that in bees, ddRADseq generated to 3×107 reads and ~25,000 SNPs (15X depth threshold)
which may be insufficiently dense for mapping large outbreeding populations; while RNAseq
generated 3.6 times more SNPs (2×108 and ~90,000 SNPs) and better depth (66X) (Lozier et
al.  2016).  However,  their  methodology did  not  account for  the suitability  of  other restriction
enzyme  pairs  and  the  inflated  bias  and  under-representation  of  non-transcribed  genomic
regions from RNAseq.

In terms of DNA fragment size selection, high sequencing coverage was observed by selecting
the largest range of fragment sizes. This suggests that there may be no need for size selection
as performed in the original RAD. However, the absence of size selection can also increase the
heterogeneity in sequencing coverage (Lowry et al. 2017) and negatively affect the accuracy of
allele  frequency  estimates.  In  addition,  library  preparation  for  the  Illumina  HiSeq X  system
recommends median fragment insert size range of 350 to 450 bp for 150 bp paired-end reads
for efficient library clustering and sequencing (Illumina 2016).

We  have  validated  the  performance  of  MseI-NsiI  restriction  enzyme  pair  to  generate  high
sequencing coverage using MinION nanopore sequencing.  The MinION sequencing system
enabled  in-house  sequencing  experiments  for  rapid  sequence  returns,  analyses  and
optimisations. The considerably higher sequencing error rate of 5% to 15% (Rang et al. 2018)
compared with short-read Illumina sequencing of 0.24% (Pfeiffer et al. 2018) did not affect the
accuracy of assessing the breadth and depth of coverage as functions of the restriction enzyme
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pairs tested. This however prevented testing the accuracy of allele frequency estimates.

Applying the results of the ddRADseq simulation and MinION sequencing to the full-scale Pool-
ddRADseq Illumina sequencing experiment, showed plateauing of B50 (50th percentile of mean
breadth of coverage). This means that increasing the number of reads does not further increase
the fraction of  the genome covered.  This  confirms that  ddRADseq using the MseI-NsiI  pair
followed by fragment size selection is effective at reducing the complexity of the genome. Also,
D50 (50th percentile of mean depth of coverage) increased linearly as the number of sequencing
reads increased. This is because additional reads simply pile-up to sites previously covered.
The observed high variability in breadth and depth of coverage may be due to technical issues
during library preparation. This includes variation in starting DNA quantity (Cumer et al. 2018),
DNA fragment length distribution (Peterson et  al.  2012),  and amplification bias during PCR
enrichment (Cumer et al. 2018; Davey et al. 2013). This variability in coverage can be reduced
by performing more precise size selection and bead purification, which should also reduce PCR
enrichment bias for smaller fragments. In addition, this variability is tolerable as long as it is
possible to extract a genome-saturating number of loci with acceptable depths, base qualities
and minimum allele frequencies to estimate accurate allele frequencies.

4.4.2. SNP filtering to retain a genome-saturating number of SNPs 
with accurate allele frequency estimates

The minimum SNP depth should be low enough to retain a large number of SNPs to saturate
the genome evenly, but not too low so that allele frequency estimates are accurate. On the
other  hand,  the  MAF  threshold  should  be  high  enough  to  retain  loci  with  accurate  allele
frequencies, but not too high so that enough SNPs are retained to saturate the genome.

Biased representation of individuals, sequencing error rate, and the sequencing depth are the
factors affecting the accuracy of allele frequency estimates. It is adversely affected by unequal
representation of individual genotypes in Pool-seq experiments when pool sizes are small. But
this is negligible for large pool sizes (Futschik and Schlötterer 2010; Zhu et al. 2012; Gautier et
al. 2013), e.g. at least 25 individuals as suggested by Gautier et al (2013) and Fracassetti et al
(2015) or at least 40 individuals as suggested by Schlötterer et al (2014). In addition, a recent
study showed that  estimating allele  frequency without  individual  genotype calling,  improved
allele frequency accuracy (Warmuth and Ellegren 2019). These justified our method by which
DNA samples were extracted from pools where pool sizes ranged from 66 to 95 individual
plants. Although Illumina sequencing errors rates are typically below 0.001 (Kwon et al. 2013;
Goodwin et al. 2016) read quality decreases towards the 3’ end (Dohm et al. 2008) and for
paired-end  sequencing,  the  second  read  has  lower  than  average  quality  with  error  rates
increasing as fragment length increases (Tan et al. 2019). The low quality reads can be filtered
out immediately after sequencing.

Genome and LD block sizes dictate the minimum number of DNA markers required to saturate
the genome. We have approximated that a range of 0.7M to 4M SNPs is required to saturate
the L. rigidum genome. A relatively recent study concluded that, given that LD block sizes for
many species are orders of magnitude less than the typical density of RADseq markers, it is
likely that many relevant loci may be missed (Lowry et al. 2017). However, this study failed to
account for improvements in the breadth of coverage when using the best enzyme pair  for
ddRADseq. In addition, the breadth of coverage of Pool-ddRADseq can be improved by using
more than one pair of RE and merging the sequencing results. The resulting redundant SNPs
can  be  used  as  technical  replicates  to  assess  allele  frequency  accuracy  while  the  non-
redundant set of SNPs will improve the breadth of coverage.

Maximising  the  accuracy  of  allele  frequency  estimates  and  the  number  of  available  SNPs
simultaneously  is  non-trivial.  The  depth  and  MAF  filtering  parameters  as  well  as  the
corresponding expected accuracy and SNP count were different depending on which of the
three optimisation methods was used. The observed point of compromise does not rely on any
analytical model. This method accepts that the observed data perfectly captures the underlying
relationships between accuracy,  SNP count,  depth and MAF and requires  no interpolation.
Filtering SNPs on other datasets using the depth and MAF defined by this point may not result
in the expected accuracy and SNP count. On the other hand, the analytical point of compromise
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can be thought of as assigning equal weights to both accuracy and SNP counts as a result of
the direct superimposition of the accuracy and SNP count axes onto each other. Whereas, the
line segment of weighted optimisation assigned more weight to accuracy compared with SNP
count in order to have better allele frequency estimates. This increased the minimum depth by
orders of magnitude but shrunk SNP count considerably. The set of parameters resulting from
the  weighted  optimisation  is  preferred  because  it  generated  the  lowest  expected  allele
frequency deviation; however this frequency deviation (E[Freq. Dev.]=0.01) is 10 times larger
than MAF (MAF=0.001). In addition, the number of SNPs retained is just below the theoretical
genome-saturating  SNP  count  which  ranges  from  0.7M  to  4M SNPs.  The  simulation  and
empirical Pool-ddRADseq results showed that the MAF threshold was inversely proportional to

accuracy, which suggests that the MAF threshold can go as low as 
1

2× poolsize
pending that

base calling accuracy remains high. Also, increasing the number of sequencing reads should
increase depth and boost the number of SNPs available after filtering using a 227X minimum
depth and 0.001 MAF thresholds. This can be accomplished by reducing the number of libraries
pooled for each sequencing experiment or by using higher throughput sequencers, e.g. Illumina
Novaseq 6000 system.

SNP filtering aims to retain informative loci at sufficiently high density to represent the genome.
For the specific application of Pool-ddRADseq on Pool-GWAS with 5 pools, 100 individuals per
pool and Bonferroni threshold at 5%; the optimum point of compromise at a minimum depth of
8X and the separately calculated MAF of 0.011 are preferred. This high MAF threshold should
exclude loci with insufficient power to detect QTL and make the association analysis more time-
efficient. In Pool-GWAS, the focus is to filter-out loci with allele frequencies below the theoretical
minimum number  of  copies  of  a  causal  allele  in  a  pool  to  pass  the  Bonferroni  threshold.
Alternatively,  for  population  genetics  studies,  we  recommend  filtering  the  SNPs  by  227X
minimum depth and 0.001 MAF to maximise allele frequency accuracy. In population genetics
studies, e.g. landscape genomics, allele frequency accuracy is of main importance. The validity
of interpretations of population genetics summary statistics e.g. Fst, Watterson’s estimator, and
Tajima’s D, rely on accurate estimates of allele frequency.

4.5. Conclusion

In  conclusion,  a  genome  complexity  reduction-based  pool  sequencing  (Pool-ddRADseq)
methodology was developed to generate high quality allele frequency data that saturates the
Lolium rigidum genome. The restriction enzyme pair  MseI-NsiI  was shown to result  in  high
sequencing breadth and depth of coverage in silico, confirmed with nanopore sequencing and
applied in Illumina high-throughput sequencing. The Lolium perenne draft genome proved to be
a satisfactory reference genome for mapping L. rigidum sequences. The substantial variation in
breadth and depth of sequencing coverage across the genome and across samples were offset
by SNP filtering. SNP filtering parameter thresholds of 227X minimum depth and 0.001 MAF
were predicted to result in accurate allele frequency estimates and a genome-saturating number
of 600,000 SNPs amenable to quantitative and population genetics studies.
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5. Evolutionary quantitative genetics of 
herbicide resistance in weeds

5.1. Introduction

Convergent evolution in response to the same environmental challenges implies either a shared
ancestry or a constrained evolutionary response due to the narrow biochemical basis of fitness.
The repeated rapid evolution of herbicide resistance in weeds is an exemplary illustration of
convergent  evolution (Baucom 2019)  but  it  is  not  clear  whether  this  proceeds from shared
standing genetic variation between populations, or from the limited mutational possibilities to
endow  resistance.  Are  herbicide  resistance  traits  controlled  by  a  few  large-effect  loci
(monogenic  or  oligogenic)  or  by  many  loci  with  small  effects  (polygenic)?  And  are  the
corresponding  resistance-conferring  alleles  present  prior  to  the  selection  pressure  from
herbicide as standing genetic variation or are these the product of recent de novo mutations?

Addressing these questions is the key to understanding the evolution of herbicide resistance at
the whole species level. Many herbicides are designed to target a specific biochemical pathway
shared  by  most  plant  species.  Additionally,  stress  response  pathways like  reactive  oxygen
species scavenging are shared across all plant species (Breusegem et al. 2008). Due to these
commonalities, the solution to the stress induced by an herbicide is likely to be similar across
different species. The genetic bases of herbicide resistance can be elucidated using genome-
wide  association  studies  (GWAS),  a  powerful  gene  mapping  approach  to  detect  putative
quantitative  trait  loci  (QTL).  Herbicide  resistance  QTL can  then  be  tracked  across  multiple
populations with varying levels of resistance to infer the most likely evolutionary path taken by
the  different  weed  populations.  Improved  understanding  of  the  genetic  basis  of  herbicide
resistance will also enable rapid monitoring of resistance in the field using genomic prediction
(GP). Together with the knowledge of how herbicide resistance evolves, GWAS and GP will
pave the way towards improved herbicide resistance control strategies.

Most studies which aimed to elucidate the genetic basis of herbicide resistance focused on
target-site resistance (TSR) genes, whose effects are assumed a priori. However, TSR genes
have  been  insufficient  to  explain  the  vast  majority  of  the  observed  variation  in  herbicide
resistance (Beckie and Tardif 2012; Délye et al. 2013; Délye 2013; Shaner and Beckie 2014).
Many experiments have failed to recapture known TSR mutations and have in turn revealed an
abundance of non-target-site resistance (NTSR) genes (Yu et al. 2009; Délye et al. 2011; Yu et
al. 2013; Scarabel et al. 2015; Han et al. 2016; Rey-Caballero et al. 2017; Bai et al. 2019).
NTSR genes include cytochrome P450, glutathione S-transferase, and glycosyltransferase gene
families which are integral to the breakdown of herbicide molecules (Yuan et al. 2007). These
NTSR genes can affect a broad range of herbicides with different modes of action and therefore
can promote cross-resistance, i.e. cytochrome P450 conferring resistance to multiple modes of
action (Han et al. 2020). Additionally, most of the previous studies on uncovering the genetic
basis  of  herbicide resistance are under-powered because only  two phenotype groups were
involved,  the  susceptible  and  the  resistant  without  consideration  for  the  intermediate
phenotypes. Therefore there is a need to perform a quantitative, genome-wide approach without
assuming TSR. Knowledge of the genetic architecture of herbicide resistance traits and the
identity of the resistance-associated loci can be used to infer the likely evolutionary path to
herbicide resistance.

Herbicide resistance-conferring alleles may arise from standing genetic variation, or from  de
novo mutations, and may have been distributed across the landscape through gene flow, and
pushed towards fixation by selection pressure from herbicides and random genetic drift. These
evolutionary forces leave behind genomic signatures which can be detected. The coalescent
theory  (Kingman  1982)  offers  a  coherent  statistical  framework  to  analyse  these  genomic
signatures (Rosenberg and Nordborg 2002; Lee and Coop 2017). Variation in neutral  allele
frequency decreases as we get  closer to the beneficial  allele,  this loss in variation is more
pronounced  if  the  beneficial  allele  is  recent  (i.e.  product  of  new  mutation)  since  less
recombinations have the chance to occur compared with older alleles (Hermisson and Pennings
2005; Maynard and Haigh 2007; Boitard et al. 2009; Pritchard et al. 2010). If standing genetic
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variation was the origin of the resistance alleles, then we expect soft sweeps and low fitness
cost  of  the  resistance  alleles.  If  on  the  other  hand,  resistance-conferring  mutations  arose
independently across populations and in parallel with the selection pressure from herbicides, we
expect  high  effective  population  sizes  and  high  genetic  differentiation  between  resistant
populations, low gene flow and hard sweeps. Furthermore, if gene flow is high then there is an
increased chance of a single or few source populations from which resistance alleles originated.

The rapid evolution of herbicide resistance is more consistent with standing genetic variation as
the source of resistance alleles rather than  de novo mutations. Resistance to the first widely
used herbicide 2,4-D, took 13 years to evolve (Hilton 1957). Triazine resistance in common
groundsel (Senecio vulgaris) evolved within 10 years (Ryan 1970). Glyphosate resistance in L.
rigidum evolved within 15 years (Powles et al. 1998). Assuming a high mutation rate of 1x10 -7

per genome per generation with a high probability of 1% of all mutations will confer resistance,
and a large effective population size of 5x105; then at least 2000 generations are required to
give rise to one resistance mutation (1/2000 chance that a population will acquire a resistance
allele per generation). This is far from the observed 10 to 15 years it took to evolve herbicide
resistance  in  the  field.  Empirical  evidence  for  standing  genetic  variation  as  the  source  of
resistance  alleles  in  field  populations  is  scant.  In  field  populations  of  the  weed,  Ipomoea
purpurea and  the  fruit  fly,  Drosophila  melanogaster,  herbicide  and  insecticide  resistances,
respectively, were found to be polygenic (Fournier-Level et al. 2019; Etten et al. 2020). These
polygenic  resistance  traits  support  standing  genetic  variation  as  the  primary  source  of
resistance alleles. This is because adaptive evolution from standing genetic variation leads to
the fixation of more alleles with small effects, i.e. polygenic adaptive traits (Barrett and Schluter
2008).  In  Canadian  populations  of  the  broadleaf  weed,  Amaranthus  tuberculatus,  standing
genetic variation was the source of resistance alleles in introduced populations from the US;
while in recently established agricultural populations new mutations are the source of resistance
(Kreiner et al. 2018).

Insights that will be gained attempting to answer the following questions will improve our basic
understanding  of  adaptive  evolution,  and  guide  the  development  of  sustainable  weed  and
herbicide resistance management strategies. What are the genetic and evolutionary bases of
herbicide resistance in Lolium rigidum from South-East Australia? Are the genetic architectures
truly  polygenic  or  do  major  genes  dominate?  Are  the  resistance  alleles  shared  across
populations? What is the predominant source of herbicide resistance alleles, standing genetic
variation or de novo mutations?

5.2. Materials and Methods

5.2.1. Plant material

We used the 67  L. rigidum populations sampled across SE Australia listed in  Table 5.1 (see
Chapter 3, Sub-section 3.3.1, Table 3.6 for details). The intra-population datasets were used in
genome-wide association studies using GWAlpha (Fournier-Level, Robin, and Balding 2017).
This included the Inverleigh and Urana populations, as well as the eight maximally variable
populations with survival rates of 54% (ACC13) and 10% (ACC49) for clethodim, 26% (ACC31)
and 75% (ACC62) for glyphosate, 46% (ACC11) and 41% (ACC59) for sulfometuron, and 50%
(ACC09) and 32% (ACC54) for terbuthylazine. The merged intra- and inter-population datasets
were used to build the genomic prediction and association studies (GPAS) models. Specific
subsets of  the November  2018 collection were used to  infer  the likely  models  of  herbicide
resistance evolution (Table 5.2).
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Table 5.1. List populations used in the genomic analysis of herbicide resistance of  Lolium
rigidum across South-East Australia, and the corresponding herbicide resistance
traits measured (details of the populations are found in Chapter 3 Table 3.6).

Dataset Populations

Herbicide Resistance
Traits*

C G S T F

Intra-population Inverleigh G S T F

Intra-population Urana G S T F

Intra-population ACC09 T

Intra-population ACC11 S

Intra-population ACC13 C

Intra-population ACC31 G

Intra-population ACC49 C

Intra-population ACC54 T

Intra-population ACC59 S

Intra-population ACC62 G

Merged-
Clethodim

60 SE Australian populations (November 2018 collection),
including 5 pools each from ACC13, and ACC49 C

Merged-
Glyphosate

60 SE Australian populations (November 2018 collection),
including 5 pools each from ACC31, and ACC62 G

Merged-
Sulfometuron

47 SE Australian populations (November 2018 collection),
including 5 pools each from ACC11, and ACC59 S

Merged-
Terbuthylazine

26 SE Australian populations (November 2018 collection),
including 5 pools each from ACC09, and ACC54 T

Live collection Lexton, Rokewood, and Skipton S

* - Resistance to C for clethodim, G for glyphosate, S for sulfometuron, T for terbuthylazine,
and F for trifluralin

5.2.2. Phenotyping and genotyping

Two  types  of  continuous  quantitative  phenotype  data  were  measured.  The  first  was  the
instaGraminoid-derived individual plant resistance for the intra-population datasets. The second
was  the  population  or  pool  survival  rate.  For  the  intra-population  datasets,  unreplicated
individual-level  resistances  were  measured  following  the  procedure  described  in  Paril  and
Fournier-Level (2019) or in Chapter 3 Section 3.2. For the inter-population datasets, population-
level survival rates were measured, and the experimental designs were unbalanced with some
populations replicated more than others.

Genome-wide  allele  frequency  data  were  obtained  using  Pool-ddRADseq  as  described  in
Chapter 4; however, DNeasy® Plant Mini Kit was used to conveniently extract the DNA instead
of the CTAB protocol.  Additionally,  the minimum read depth was relaxed from 227X to the
published  recommendation  of  50X (Schlötterer  et  al.  2014).  Read depth  was very  variable
across libraries and resulted in very low numbers of loci under the very stringent threshold of
227X determined in Chapter 4. Genotype data were extracted from at least 72 individuals per
pool per population for the intra-population dataset and at least 21 individuals per population for
the inter-population dataset. For the intra-population dataset, each population was divided into 5
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pools arranged in order of increasing individual quantitative herbicide resistance levels, where
pool 1 has the lowest resistance and pool 5 has the highest resistance.

5.2.3. GWAS

GWAS or QTL detection experiments were performed using univariate (iterative or one SNP at
a  time)  model,  and  multiple  regression  (simultaneous  allelic  effects  estimation)  models.
GWAlpha  (Fournier-Level  et  al.  2017)  was  used  to  fit  the  univariate  models.  Elastic-net
regularisation (Friedman et al. 2010) and linear mixed modelling (Henderson 1953; Henderson
1975) were used in multiple regression. We used the glmnet package for elastic-net regularised
regression (Friedman et al. 2010), where the elastic-net penalty was set to 0 and 1, for ridge
regression  (RR)  and  least  absolute  shrinkage  and  selection  operator  (LASSO)  models,
respectively. The tuning parameter, λ was heuristically determined as the value that minimized
the cross-validation error. The mixed model (MIXED-REML) can be expressed as,

y=Xβ+Zμ+ε ,
with

μ∼N (0 , σ μ
2 I ) and ε∼N (0 ,σ ε

2 I),

where X  is the n× p matrix of allele frequencies for n pools and p predictor alleles across loci,
β is the corresponding vector of fixed effects of the alleles, Z is the n×n matrix of pairwise FST

computed using the method-of-moments estimation from Pool-seq data described by Hivert et al
(2018),  μ is the vector of random effects of FST,  ε  is the vector of random residual effects,  μ
follows a multivariate normal distribution with a vector of zero means and a variance-covariance

matrix σ μ
2 I , and ε  also follows a multivariate normal distribution with a vector of zero means and

a  variance-covariance  matrix  σ ε
2 I .  The  fixed  effects  were  estimated  using  the  less

computationally  taxing  least  squares  solution,  β̂=XT (X XT )
−1

y instead  of  the  usual

β̂=( XT X )
−1
XT y.  The  variances  (σ μ

2 and  σ ε
2)  were  estimated  using  restricted  maximum

likelihood (REML). Computations were performed using R statistical software (R Core Team
2018) and Julia (Zappa Nardelli et al. 2018).

GWAS were performed using intra-population datasets and merged intra- and inter-population
datasets. Intra-population datasets were used in the univariate model: GWAlpha. Merged intra-
and  inter-population  datasets  were  used  in  the  linear-mixed  model:  MIXED-REML.  The
Bonferroni threshold was set at α=0.01/p. Manhattan plots were generated and GWAS peaks or
the herbicide resistance QTL were identified.

5.2.4. Gene ontology analysis

Genes based on the Lolium perenne draft genome (Byrne et al. 2015) within ±1kb of the Pool-
ddRADseq-captured loci and GWAS-detected QTL were mined for functional annotations based
on orthology to the  Oryza sativa gene  sets (ENSEMBLE Oryza_sativa.IRGSP-1.0). Orthology
was  determined  using  BLAST (McGinnis  and  Madden  2004).  BLAST hits  with  a  minimum
identity  of  90%,  and  minimum query  coverage  of  1% were  retained.  The  O.  sativa genes
corresponding to these BLAST hits were used in gene ontology (GO) term enrichment analysis.
The web application,  ShinyGO (Ge et al. 2020) was used to extract the GO terms and Oryza
sativa Japonica group was the species selected. Using the GO terms from the Pool-ddRADseq
loci as the null expectations, the GO terms associated with the GWAS peaks were tested for
significant enrichment using Fisher’s exact test (Fisher 1922).

Additionally, the candidate genes were used to identify the shared genetic bases of herbicide
resistance between populations. The genes shared between at least two herbicide resistance
traits were identified as candidate cross-resistance genes. Gene list overlaps were visualised
using  Venn diagrams implemented  using  the  R package VennDiagram (Chen and Boutros
2011).
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5.2.5. Composite likelihood of convergent evolutionary models

To test if the source of favourable alleles was primarily standing genetic variation or  de novo
mutations,  we used the inference method of  Lee and Coop (2017) based on a coalescent
framework. This required estimates of the effective population sizes and recombination rates.
The  effective  population  sizes  (Ne)  were  estimated  using  Tajima’s  π,  where  π=4N e μ.

Poopolation (Kofler et al.  2011) was used to compute Tajima’s  π using a set of  16 neutral
scaffolds with maximum -log10(p-value) < 1, across loci and herbicide resistance traits (Appendix
Table S5.1). The mutation rate μ, was assumed to be a conservative 1.0 x 10-9  mutations per
individual genome per generation (Kovalchuk et al. 2000; Wang et al. 2019). This mutation rate
was used only in estimating the effective population size. The scaffold-specific recombination
rates were estimated using the putatively non-neutral herbicide resistance-associated scaffolds
in Table 5.2. Linkage disequilibrium (LD) was computed using LDx (Feder et al. 2012) based on
individual  sequencing  read  through the maximum likelihood  approach  (Clarke  and Cardon
2005):

argmaxr [∏
i=1

2

∏
j=1

2

( p̂ij−D̂ r )
nij],

where r is the recombination rate between two biallelic loci, p̂ijis the estimated frequency of the

ij read-haplotype,  nijis  the observed number of  ij read-haplotypes,  and  D̂= p̂11 p̂22− p̂12 p̂21.

The per base-pair recombination rate is estimated as rbp=r / l, where l is the distance in base-
pairs between the two loci.

The composite likelihoods of the following models were calculated:
- model  1  (independent  mutation  model)  :  the  resistant  populations  acquired  the

resistance allele through independent  de novo mutations after the onset of herbicide
application,

- model 2 (gene flow model)  : the resistant populations share the resistance allele through
gene flow,

- model 3 (standing variation model)  :  the resistant populations share the resistance allele
from a common ancestor,

- model 4 (gene flow and independent mutation model)  : some of the resistant populations
share the resistance allele through gene flow; while the other population independently
acquired the resistance allele through mutation, and

- model 5 (standing variation and independent mutation model)  :  some of the resistant
populations  share  the  resistance  allele  from  a  common  ancestor;  while  the  other
population independently acquired the resistance allele through mutation.

The probabilities of these evolutionary models were assessed using a coalescence framework
implemented in R which is available in the github repository, dmc (https://github.com/kristinmlee/
dmc/) (Lee and Coop 2017).  The null  hypothesis or the neutral  expectations which the five
models  described  above were compared with,  were simulated using  Hudson’s  program for
generating samples under neutral models, ms (Hudson 2002). The selection coefficient, age of
standing  genetic  variant,  initial  allele  frequency,  and  migration  rate  were  determined  using
maximum likelihood estimation. The search space for selection coefficient ranged from 0.0001
to 0.6. The search space for the age of the standing genetic variant, i.e. favourable allele was
composed of 0, 5, 25, 100, 500, 1000, 1x104, and 1x106 generations. The search space for the
initial frequency of this allele consisted of 1/2Ne, 1x10-5, 1x10-4, 1x10-3, and 1x10-2. Finally, the
search space for migration rate was composed of 1x10-5, 1x10-3, 1x10-1, 0.5, and 1 migrants per
generation.

Under the dmc analysis framework, we assume that the resistance alleles were recently fixed in
the resistant populations. Additionally, we assume that only the resistant populations are under
herbicide selective pressure. For each herbicide resistance trait, two sets of populations (each
set is composed of 3 susceptible and 3 resistant populations), and one scaffold with at least one
herbicide resistance QTL were selected for dmc analysis (Table 5.2). We selected the scaffolds
where the QTL were identified in both GWAS and dmc analysis. Since most of the resistant
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populations we included in  Table 5.2 were not completely resistant or completely susceptible,
then  the  dmc  models  were  under-powered.  Despite  this,  the  control  of  false  positive  rate
remained high which effectively ruled-out the possibility of increased type I error stemming from
an under-powered design.

Table 5.2. List of putatively non-neutral scaffolds for each herbicide resistance trait and the
sets of populations used to estimate the likelihoods of different coalescent models
of convergent evolution.

Herbicide Scaffold
Susceptible Populations

(Resistance)
Resistant Populationsc

(Resistance)

Clethodim scaffold_3626|ref0003919

ACC01,ACC05,ACC06
(0%,0%,0%)

[ACC27,ACC34] & ACC36
(65%,61%,73%)

ACC06,ACC38,ACC50
(0%,0%,0%)

[ACC08,ACC09],ACC11
(97%,59%,100%)

Glyphosate scaffold_198|ref0030880a

ACC01,ACC02,ACC15
(0%,7%,1%)

ACC18,[ACC47,ACC50]
(81%,90%,84%)

ACC38,ACC39,ACC55
(0%,0%,0%)

[ACC04,ACC09],ACC24
(88%,93%,94%)

Sulfometuron scaffold_6912|ref0027973b

ACC01,ACC19,ACC21
(0%,0%,0%)

ACC14,[ACC51,ACC53]
(52%,56%,52%)

ACC03,ACC20,ACC57
(0%,0%,0%)

[ACC11,ACC12],ACC53
(46%,81%,52%)

Terbuthylazine scaffold_6912|ref0027973b

ACC07,ACC21,ACC26
(2%,0%,5%)

[ACC04,ACC06],ACC55
(45%,65%,86%)

ACC07,ACC21,ACC26
(2%,0%,5%)

ACC09,[ACC60,ACC62]
(50%,92%,42%)

a Associated with Os04g0115650 or Bph33 - brown planthopper resistance gene
b Associated with Os10g0480500 or DRB6 - double-stranded RNA-binding protein 6
c Populations inside the brackets share the resistance alleles through gene flow or through a
common ancestor depending on the model being tested.

The scripts used in the composite likelihood estimation, as well as the log-likelihood profiles and
maximum likelihood estimates of  the population genetics parameters for other  scaffolds not
listed in Table 5.2 are available in https://gitlab.com/jeffersonfparil/popgen-models.

5.2.6. GP accuracy

The  insights  into  how  herbicide  resistance  evolves  across  the  landscape  need  to  be
complemented with efficient and timely monitoring techniques to effectively manage its negative
impacts  on  agriculture.  Genomic  prediction  (GP)  using  the  same  statistical  framework  as
GWAS, can be used to rapidly monitor herbicide resistance without  the need for time- and
resource-intensive herbicide resistance assays.

GP models  were  built  using  merged intra-  and inter-population datasets.   There  were  four
models used. The first one is the univariate model, i.e. GWAlpha (Fournier-Level et al. 2017).
The next  three are multiple  linear  regression models:  RR,  LASSO, and MIXED-REML. The
model fitting procedure for GWAlpha was the same as in GWAS and described in detail  in
Fournier-Level et al. (2017). The estimation of the predicted phenotypes for this model is two-
fold. First, the polygenic scores of the training set (strain) were calculated as:
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strain=X trainβ ,

where X train is the n× p matrix of allele frequencies for n pools and p predictor alleles across

loci, β is the vector of GWApha-derived allele effects, both are from the training dataset. These

polygenic scores were regressed against the observed phenotypes of the training set ( y train),

y train=α0+α 1 strain,
where α 0 is the intercept, and α 1is the slope. Finally, the polygenic scores of the validation set,

svalid=X valid β,

were transformed into the predicted phenotype values ( y predicted) using the linear function,

y predicted=α 0+α1 svalid.

The  model  fitting  procedures  for  the  RR,  LASSO  and  MIXED-REML  were  the  same  as
described for GWAS. Phenotype predictions ( y predicted) were computed as, 

y predicted=X valid β,

where X valid is the matrix of allele frequencies of the validation set, and β is the vector of allele
effects estimated using the training set.

Genomic  prediction  accuracy  was  measured  using  the  root  mean  square  error  between
observed and predicted phenotype values,

RMSE=√∑( yobserved− y predicted)
2

n
,

where  yobserved is  the  observed  herbicide  resistance,  y predicted is  the  predicted  herbicide

resistance, and n is the number of pools or populations.

To assess the prediction accuracies of RR, LASSO and MIXED-REML, we used the merged
inter- and intra-population datasets. The phenotype data used were the survival rates instead of
the  instaGraminoid-derived  phenotype  data.  Leave-one-out  cross-validation  was  performed
instead of  10-fold cross validation due to the small  number of  observations available which
ranged from 46 to 77 populations and pools.

To assess the feasibility of GP for the rapid monitoring of herbicide resistance in the field, we
predicted the sulfometuron resistance of five populations collected as live plants from Lexton,
Rokewood and Skipton in Victoria. We used the instaGraminoid-derived phenotype data and the
GWAlpha-derived allele effects. We trained the Pool-GPAS models on the populations from
Inverleigh, Victoria and Urana, New South Wales.

5.3. Results

5.3.1. GWAS and gene ontology enrichment analysis

GWAS identified a total of 2,763 SNPs associated with the four herbicides tested (Appendix
Figures S  5.1   to S5.18). For each herbicide resistance trait, the number of associations above
the Bonferroni threshold ranged from 482 to 1,011, suggesting the predominance of loci of small
effects and only a few loci with large effects as illustrated in  Figure 5.1.  There is no explicit
approach to compute the amount of variance explained by each QTL detected by GWAlpha;
however, the top 10% of the identified QTL accounted for 10% to 18% of the cumulative QTL
effects.
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Figure 5.1. Distributions of the absolute values of the allele effects of loci above the Bonferroni
threshold from 8 intra-population GWAS experiments.

Candidate gene lists were significantly enriched for stress-related response genes (Table 5.3).
However,  none of  the resistance-associated loci  were linked to target-site resistance (TSR)
genes since our Pool-ddRADseq genotyping did not capture any of the TSR genes (i.e. ACCase
gene for  clethodim, EPSPS gene for  glyphosate,  ALS gene for sulfometuron,  and psbA for
terbuthylazine). Additionally, some of the significantly enriched GO terms are broad in scope,
e.g. biological regulation and regulation of metabolic processes. Nonetheless, the total number
of associated SNP loci outnumbered the set of linked and confidently annotated genes that
were used in the analysis. Hence, there are potentially more genes that have not been included
in the GO term enrichment analysis.
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Table 5.3. Summary of GWAS results and gene ontology enrichment analysis.

Herbicide
resistance trait

Population
Number of
loci tested

Number of loci (and
scaffolds) above the

Bonferroni threshold at
α=0.01/p**

Significantly enriched gene
ontology terms (Fisher’s exact

test p-values and the total
number of genes used in the

analysis)

Clethodim 
Resistance

Merged* 46,408 605 (398)

1,011
(600)

Anatomical structure 
morphogenesis (0.0153), 
biosynthetic process (0.0680), 
& response to abiotic stimulus 
(0.0010) across 59 genes

ACC13 115,141 160 (124)

ACC49 245,705 257 (144)

Glyphosate 
Resistance

Merged* 11,765 57 (51)

482
(320)

Biological regulation (0.0275), 
regulation of growth (0.0191), 
response to stimulus (0.0598), 
& signalling (0.0527) across 25 
genes

ACC31 154,233 153 (112)

ACC62 118,129 212 (121)

Inverleigh 46,092 55 (47)

Urana 21,765 8 (8)

Sulfometuron 
Resistance

Merged* 23,591 108 (79)

778
(424)

Cellular localisation (0.0560), &
regulation of metabolic process
(0.0958) across 28 genes

ACC11 84,199 383 (195)

ACC59 95,001 106 (77)

Inverleigh 263,794 154 (94)

Urana 58,752 31 (24)

Terbuthylazine 
Resistance

Merged* 20,174 261 (180)

602
(379)

Biological regulation (0.0377), 
cell wall organisation (0.0582), 
regulation of cellular process 
(0.0411), & regulation of 
metabolic process (0.0231) 
across 23 genes

ACC09 124,778 63 (48)

ACC54 139,037 104 (74)

Inverleigh 33,759 104 (45)

Urana 107,323 83 (68)

*  - Merged  intra-  and  inter-population  datasets  resulted  in  lower  numbers  of  loci  tested
because each genotype data was a consensus across multiple datasets.

** - p is the number of loci

For each herbicide resistance trait,  there were more genes specific to each population than
shared between populations (Appendix Figures S5.19 to S5.22). We identified candidate cross-
resistance genes (Figure 5.2 and Table 5.4). The candidate gene common to all four herbicide
resistance traits was the double-stranded RNA-binding protein 6 (DRB6). It is involved in gene
and  chromatin  silencing.  Many  of  these  candidate  cross-resistance  genes  are  poorly
characterised  and  often  not  directly  related  to  response  to  xenobiotics  with  the  noticeable
exception of 15 detoxification genes.
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Figure 5.2. Overlap  between  candidate  gene  lists  and  scaffolds  containing  at  least  one
herbicide  resistance-associated  locus.  The  number  of  genes  are  outside
parenthesis and the number of scaffolds are inside parenthesis.

129



Evolutionary quantitative genetics of herbicide resistance in weeds

Table 5.4. List  of  candidate  cross-resistance  genes  with  descriptions  obtained  from  The
UniProt Consortium (2019) (continued in the next two pages).

Herbicide
Resistance Trait

Combinations

L. perenne annotations
(scaffold: positions)

O. sativa gene
name

Description*

Clethodim - 
Glyphosate - 
Sulfometuron - 
Terbuthylazine

6912: 32663-38188
DRB6 
(Os10g0480500)

Double-stranded RNA-binding 
protein 6

Clethodim - 
Glyphosate - 
Sulfometuron

11087: 10146-21116 Os03g0112101 Intracellular protein transport

Clethodim - 
Sulfometuron - 
Terbuthylazine

210: 221558-223725
ENSRNA049446
581

-

2843: 54929-58509 Os01g0340801 -

210: 221558-223725 Os02g0810900 Transcription regulation

2843: 60055-81855 Os03g0102333 Negative regulation of translation

210: 221558-223725 Os04g0619000 Transcription regulation

210: 221558-223725 Os08g0200600 Transcription regulation

210: 221558-223725 Os08g0200750 -

2843: 54929-58509 Os10g0415600
Acylamino-acid-releasing enzyme 1
(serine-type endopeptidase activity)

210: 221558-223725 Os12g0610600 Transcription regulation

Clethodim - 
Glyphosate

1520: 122398-125786 Os02g0280400 Peptidyl-serine phosphorylation

1573: 83618-95551
RAD54 
(Os02g0762800)

DNA repair and recombination 
protein

324: 64991-70219 Os03g0239000
Xyloglucan 
endotransglucosylase/hydrolase 
(cell wall organization)

198: 98183-98971 Os04g0115600 -

198: 98183-98971 Os04g0115650 -

198: 98183-98971 Os04g0115800 -

2865: 87064-89686
RER1 
(Os06g0708300)

Retrograde vesicle-mediated 
transport, Golgi to endoplasmic 
reticulum

Clethodim - 
Sulfometuron

820: 71681-77293 Os02g0266100
U1 small nuclear ribonucleoprotein 
C

820: 71681-77293 Os05g0466900
Protein serine/threonine kinase 
activity

2721: 63509-64198 Os07g0493800
Protein serine/threonine kinase 
activity

* - The absence of information regarding gene function is encoded as “-”.
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Table 5.4. (continuation: 2 of 3).

Herbicide
Resistance Trait

Combinations

L. perenne annotations
(scaffold: positions)

O. sativa gene
name

Description*

Clethodim - 
Sulfometuron

1952: 41723-46059 Os07g0544900 Structural constituent of ribosome

820: 71681-77293 Os12g0517800 -

820: 71681-77293 Os12g0518000 Integral component of membrane

Clethodim - 
Terbuthylazine

4210: 66918-69208 Os03g0273800
Haloacid dehalogenase-like 
hydrolase family protein

4210: 33363-36260 Os03g0372650 Integral component of membrane

580: 129058-136122 Os03g0747800
Cysteine synthase (cysteine 
biosynthetic process from serine)

185: 177310-179822 Os04g0581100 Dioxygenase activity

580: 129058-136122 Os06g0602900 Oxidoreductase activity

580: 129058-136122 Os06g0602950 -

580: 129058-136122 Os11g0644000 ATP-binding

Glyphosate - 
Sulfometuron

167: 212566-229006 Os02g0224400
Aminopeptidase activity and 
manganese ion binding

167: 175374-180716 Os02g0224800 Integral component of membrane

167: 175374-180716 Os02g0224850 -

348: 106683-111913 Os05g0196500 Lysine-specific demethylase

1148: 71299-75643 Os05g0378800 Integral component of membrane

167: 175374-180716 Os06g0563000 Methyltransferase (methylation)

167: 175374-180716 Os06g0563125 -

140: 211839-220334 Os10g0188100
Transcription initiation factor IIF 
subunit alpha

Glyphosate - 
Terbuthylazine

1711: 94584-96380 Os03g0332500 Structural constituent of ribosome

4788: 59083-65420
HMA5 
(Os04g0556000)

Copper-transporting ATPase 
(detoxification of copper ion)

4788: 71909-74014 Os04g0556300
Glutathione peroxidase (response 
to oxidative stress)

123: 204712-214195 Os06g0707100
Xenobiotic transmembrane 
transporter activity

123: 27495-32392 Os06g0708000
Mitogen-activated protein kinase 12
(defence response)

* - The absence of information regarding gene function is encoded as “-”.
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Table 5.4. (continuation: 3 of 3).

Herbicide
Resistance Trait

Combinations

L. perenne annotations
(scaffold: positions)

O. sativa gene
name

Description*

Glyphosate - 
Terbuthylazine

123: 27495-32392 Os06g0708075 -

123: 198627-200788
CYP71P1 
(Os12g0268000)

Tryptamine 5-hydroxylase (heme 
binding defence response)

123: 198627-200788 Os12g0268100 -

Sulfometuron - 
Terbuthylazine

7864: 37646-40326 Os05g0553800
Chromatin assembly or 
disassembly

* - The absence of information regarding gene function is encoded as “-”.

5.3.2. Composite likelihood of convergent evolutionary models

The analysis of the composite likelihoods suggested that standing genetic variation is the more
likely source of resistance alleles than de novo mutations emerging independently in different
populations (Figure 5.3). The most likely models for the two sets of resistant and susceptible
populations were generally consistent across all herbicide resistance traits.

For  clethodim,  the  observed  variation  in  frequency  for  the  resistance  allele  and  for  the
resistance trait at the landscape-level were better explained by standing genetic variation than
independent mutations as the source of the resistance alleles (Figure 5.3, Clethodim resistance
panel).  The standing genetic variation model (model 3) exhibited the highest  peak near the
resistance QTL for the first set of populations (Figure 5.3, Clethodim resistance panel, left plot).
On  the  other  hand,  the  standing  genetic  variation  with  an  independent  mutation  in  one
population model (model 5) showed the highest peak near the putative QTL for the other set of
populations (Figure 5.3, Clethodim resistance panel, right plot). These two models exhibited the
highest mean composite log-likelihoods for both sets of populations. Additionally, despite having
the estimated age of the standing genetic variant at zero generations for model 3 in Appendix
T  able S5.2   and models 3 and 5 in  Appendix T  able S5.3  , the initial allele frequencies are too
high, i.e. 0.01 and 0.1, to overlap with the mutation model (model 1).

For  glyphosate,  the relative  composite  log-likelihood profile  was similar  to that  of  clethodim
(Figure 5.3, Glyphosate resistance panel). Standing genetic variation was the most likely source
of the resistance allele. For the first set of populations, the age of the resistance allele was zero
generation with an initial frequency of 0.1 which rules out model 1 (Appendix   Table S5.4  ). For
the other set of populations, the resistance allele was estimated to be 25 or 50 generations old
for model 3 and model 5, respectively (Appendix   Table S5.5  ).

For sulfometuron and terbuthylazine using scaffold_6912|ref0027973 harbouring the putative
cross-resistance gene, DRB6, standing genetic variation was found to be the most likely source
of  the  resistance  alleles  (Figure  5.3,  Sulfometuron  and  Terbuthylazine  resistance  panels).
Similar to the findings for clethodim and glyphosate, the zero generation-old resistance alleles at
0.1 initial frequencies ruled out model 1 (Appendix Tables S5.6 to S5.9).
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Figure 5.3. Relative composite likelihood profile across scaffolds per herbicide resistance trait
where the strongest genetic effects were mapped.  Model 1 (black): all selected
populations have independent mutations of the beneficial allele. Model 2 (blue): all
selected populations share the beneficial allele via migration.  Model 3 (red): the
beneficial allele was standing in the ancestor of all selected populations. Model 4
(green): the two resistant populations inside the parenthesis share beneficial allele
via migration, while the other population has an independent mutation at the same
locus.  Model 5 (yellow): the beneficial allele was standing in the ancestor of the
two resistant populations inside the parenthesis, while the other population has an
independent mutation at the same locus. Gray vertical line marks the position of
the resistance QTL.
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5.3.3. GP accuracy

Genomic predictions using the merged intra- and inter-population datasets resulted in ±20.11%
to ±26.21% deviations from the observed resistances across the four herbicide resistance traits
(Figure  5.4).  In  terms  of  RMSE,  MIXED-REML performed  better  than  RR and  LASSO for
glyphosate and terbuthylazine resistance traits; while LASSO performed better for clethodim
and sulfometuron resistances. The highest prediction accuracy was achieved for terbuthylazine
resistance using MIXED-REML.

Figure 5.4. Genomic prediction accuracies per herbicide resistance trait using leave-one-out
cross-validation. The models tested are RIDGE for ridge regression, LASSO for
least  absolute shrinkage and selection operator  regression,  and MIXED_FST is
linear mixed model regression using FST as the random covariate and restricted
maximum  likelihood  estimation  of  variance  components.  R2  is  the  adjusted
coefficient of determination, and RMSE is the root mean square deviation of the
prediction from the observation.

The  accurate  genomic  predictions  of  sulfometuron  resistances  using  the  five  populations
collected as live plants demonstrated the feasibility of GP for the rapid monitoring of herbicide
resistance  in  the  field  (Figure  5.5).  However,  the  range  of  observed  mean  quantitative
resistances (57.3% to 60.6%) were narrow.
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Figure 5.5. Accuracy of predicting the mean quantitative sulfometuron resistance of Lexton,
Rokewood, and Skipton populations using the GWAlpha-derived allelic effects from
Inverleigh and Urana populations.  RMSE is the root mean square error between
predicted and observed values and n is the number of populations: one for Lexton
and two each for Rokewood and Skipton.

5.4. Discussion

5.4.1. Polygenicity of herbicide resistance traits and the genetic 
basis of cross-resistance

We have performed the first GWAS experiments on weed herbicide resistance. The genome-
wide approach and the use of multiple populations in GWAS are in sharp contrast with the
majority of previous studies which focused narrowly on target site resistance (TSR) mechanisms
using a few contrasting populations. A small number of non-TSR-centric approaches have been
performed in the past, including artificial selection, bulk-segregant analysis of parental, F1, F2
and backcross families and population genomic screening (Busi and Powles 2009; Busi et al
2011; Busi et al. 2013; Etten et al. 2020). The lack of consideration for polygenic resistance and
the narrow focus on TSR in past studies has been detrimental to controlling herbicide resistance
in weeds (Manalil 2015). Indeed, TSR genes can have large effects and induce rapid evolution
as a consequence of high selection pressure in the form of high herbicide dosage (Preston et al.
2009;  Powles  and  Yu 2010),  but  lowering  herbicide  dose  to  reduce  the  evolution  of  TSR
(Gorddard et al. 1995) is inappropriate. It does not take into account polygenic resistance which
can be more robust and can induce cross-resistance.

The predominance of small effect QTL implies that selection pressure imposed by herbicides
acts on multiple loci simultaneously and low dose or lower selection pressure experienced by
populations at field margins can exacerbate resistance development. A similar result was found
in a study exposing L. rigidum populations to low dose of herbicide, i.e. sub-optimal herbicide
application rates can induce the rapid adaptation to multiple herbicides by the accumulation of
adaptive alleles with small effects (Busi et al. 2013). Therefore, resistance monitoring should not
only include samples within the field but also along the borders and neighbouring weed patches.

The  majority  of  the  herbicide  resistance-associated  loci  were  not  close  to  known  genes.
Additionally, these candidate loci do not include any of the expected TSR genes, i.e. ACCase
EPSPS,  ALS,  and  pbsA  genes  for  clethodim,  glyphosate,  sulfometuron  and  terbuthylazine
resistances, respectively. We suggest four reasons to explain this. First is the failure to include
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scaffolds containing the TSR during Pool-ddRADseq; second is the poor and fragmented state
of the reference genome; third is the suboptimal genome annotations; and fourth is the possible
absence of TSR variants in the populations used. Our Pool-ddRADseq protocol may or may not
have included SNP markers linked to putative TSR genes, but the fragmented nature of the
reference genome used (N50=70kb) prevented us from recognising the linkage when markers
and the TSR genes are located in different scaffolds. The genome annotations of the  Lolium
perenne genome assembly available to us is rudimentary. Finally, the TSR variants may simply
have been absent in the populations we used. However, there are certainly many more genes
yet to be characterised that would have small but significant effects on resistance.

The candidate genes for herbicide resistance include stress response and detoxification genes,
as well  as  many poorly  characterised genes.  This  is  in  line  with  the  results  from a recent
population genomics screen of glyphosate-resistant  Ipomoea purpurea  populations where the
expected  target-site  resistance  variants  (i.e.  over-expression)  were  not  found;  instead
detoxification genes were identified (Etten et al. 2020). We found that the significantly enriched
functions among our clethodim and glyphosate resistance genes were abiotic and chemical
stress response. The same cannot be said for sulfometuron or terbuthylazine resistance, where
the significantly enriched GO terms are more general, i.e. regulation of cellular and metabolic
processes. This supports the omnigenic hypothesis of polygenic traits, which states that most of
the genetic effects reside outside the genes directly related to the core pathways controlling the
trait - this include regulatory pathways and seemingly unrelated genes (Boyle et al. 2017).

We showed evidence of cross-resistance genes (Figure 5.2 and Appendix Figures  S5.19 to
S  5.22  ), and population-specific herbicide resistance-associated loci. The presence of common
loci and genes between at least two herbicide resistance traits is evidence for cross-resistance.
These are the putative genetic  bases of  the correlated resistance traits we  reported in  the
instaGraminoid article (Paril and Fournier-Level 2019; i.e.  Figure 3.6) and Figure 3.  10  . DRB6,
the  candidate  gene  common  to  the  four  herbicide  resistance  traits  (clethodim,  glyphosate,
sulfometuron, and terbuthylazine resistances), is poorly characterised. Experimental evidence at
the  transcript  level  suggests  it  belongs  to  the group  of  plant  double-stranded RNA binding
proteins (DRBs). This family of proteins is a key factor involved in the biogenesis and function of
small  RNAs  (Clavel  et  al.  2016).  Furthermore,  the  population-specific  herbicide  resistance-
associated loci and candidate genes highlight the need for characterising multiple populations to
improve QTL detection power, which supports findings from previous multi-population GWAS
studies on plants (J. Yu et al. 2008; Bouchet et al. 2017), cattle (Gebreyesus et al. 2019) and
humans  (Wijmenga  and  Zhernakova  2018).  Additionally,  the  relatively  small  number  of
associated SNPs shared among populations (Appendix Figures S5.19 to  S  5.22  ) is in contrast
with the results of Duhoux et al (2017) where a common set of  NTSR genes were significantly
upregulated in geographically distinct populations. This suggests that different populations may
exploit different regulatory pathways to control the same herbicide.

Potentially more genes underlie the resistance-associated loci, however due to the poor state of
annotations and the fragmented state of the reference genome, most of the associated loci did
not collocate near annotated genes. GWAS are nonetheless powerful hypothesis generators
ultimately  requiring  cross-validation.  The  herbicide  resistance  QTL  detected  need  to  be
functionally validated in future experiments. Nonetheless, our results can be directly used in
genomic prediction for rapid monitoring and effective management of herbicide resistance.

5.4.2. Herbicide resistance evolution in Lolium rigidum across 
South-East Australia

Herbicide resistance evolution in L. rigidum populations across SE Australia is more likely the
result  of co-opting existing variation to confer resistance rather than the emergence of  new
mutations.  This  is  despite  their  similar  selection  signatures  in  large  populations  under  the
classical view of genetic variation (Barton 2010).  Standing genetic variation as the more likely
origin of resistance alleles is further supported by our observations that herbicide resistance
traits are highly polygenic. A recent mutational origin for these hundreds of resistance-conferring
alleles is unlikely given the rarity of favourable mutations (Elena et al. 1996; Orr 2010) and the
rapid rate at which herbicide resistances have been evolving (Baucom 2016). Standing genetic
variation  facilitates  rapid  adaptive  evolution  since  existing  favourable  alleles  have  higher
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frequency before selection than new mutations (Colosimo et  al.  2005;  Barrett  and Schluter
2008; Domingues et al. 2012).

Pre-existing  alleles  prior  to  being  selected  for  by  herbicide  application  may have  been (1)
neutral and maintained in the population by chance, (2) favourable, or (3) slightly deleterious but
cryptically  by  recessiveness  (Yanchukov  and  Proulx  2012)  or  hitch-hiking  when  linked  to
favourable  alleles (Hill  and Robertson 1966;  Brown et  al.  1989;  McVean and Charlesworth
2000;  Loewe  and  Hill  2010).  These  pre-existing  alleles  endow  weed  populations  with  the
inherent capacity to rapidly overcome herbicide exposure.

There  are  fundamental  biochemical  and  physiological  constraints  to  the  fixation  or  loss  of
adaptive alleles (Olson-Manning et al. 2012). These constraints imply the existence of optimal
phenotypes, and a limit to evolution (Stern 2013; Stayton 2015; Sackton and Clark 2019). The
search space for biological solutions to survive herbicide application is likely to be large and
riddled with local optima and potentially a narrow global optimum. Historical mutations observed
as standing genetic variation and new mutations represent a random-walk across such space.
Suboptimal  solutions  typically  include  resistance  alleles  which  incur  fitness  costs.  Better
solutions are cross-resistances with  or  without  fitness  costs.  The  optimal  solution  is  cross-
resistance which improves fitness even in the absence of herbicides. This was observed in an
experimental  evolution  of  herbicide  resistance  in  Chlamydomonas  reinhardtii,  i.e.  the  most
resistant  populations  were  not  only  cross-resistant  but  were  also  more  fit  in  the  ancestral
herbicide-free environment (Vogwill et al. 2012).

The rapid evolution of herbicide resistance from standing genetic variation stresses the fact that
resistance evolution in weeds is inevitable. Hence, this evolution can only be slowed-down to a
manageable pace, allowing for new herbicides to be developed and more sustainable solutions
such as integrated weed management or transformational technologies such as gene drives to
be adopted (Hamilton 1967; Curtis 1968; Champer et al. 2016). Due to the lack of appreciation
for  standing  genetic  variation  as  a  source  of  resistance,  early  recommendations  to  reduce
herbicide dosage (Gorddard et al. 1995) may have accelerated resistance evolution instead of
slowing it. Under low selection intensities it has been predicted that adaptations from standing
genetic  variation  is  more  likely  than  new  mutations  (Hermisson  and  Pennings  2005).  A
promising strategy to  slow this  evolution is  to use a mixture of  different  herbicides at  high
enough doses to be inhibitory (Lagator et al. 2013).

Our findings using a coalescent-based composite likelihood approach can be complemented by
analysing the full  extent  of  resistance variation at  the genome and landscape levels.  More
general  approaches without  the  assumptions  of  recent  sweeps and  complete  resistance or
susceptibility of populations, while accounting for the whole resistance landscape and multiple
resistance  loci  simultaneously,  are  needed  to  corroborate  or  invalidate  our  findings.
Approximate Bayesian computation (ABC; (Beaumont et al. 2002) is one such approach. ABC
generates likelihood-free posterior  probability distributions of  population genetics parameters
using Markov Chain Monte Carlo simulations contingent upon the complex observed datasets
consisting of phenomic and genomic data distilled into informative summary statistics (Pritchard
et al. 1999; Beaumont et al. 2002; Beaumont 2019).

5.4.3. Genomic prediction using Pool-seq data for rapid and cost-
effective herbicide resistance assessment

A linear-mixed modelling approach was integrated into the GWAlpha package for GWAS and
GP using Pool-seq data. This approach accounts for population structure and enables multi-
population  Pool-GWAS,  where  each  pool  represents  a  population.  A  linear-mixed  model
accounting  for  multiple  sources  of  variation  in  Lolium  perenne F2  families  has  been
demonstrated  to  yield  predictive  abilities  ranging  from  0.34  to  0.77  correlation  between
observed and predicted phenotypes (Guo et  al.  2018). Thus genomic prediction (GP) using
population- and pool-level genotype data to predict phenotype has the potential to improve the
management  of  herbicide-resistant  weeds by identifying  likely  resistant  populations  at  early
stages of resistance evolution. The utility of GP lies in its exclusive reliance on genotype data
over time-consuming and resource-intensive phenotyping assays. In plant and animal breeding,
it  was also shown to yield higher genetic gain per year compared to conventional breeding
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methods (Hickey et al. 2017).

At  the  whole  population  scale,  measuring  the  population-level  proportion  of  resistance  is
informative enough without the need for individual plant-level quantitative herbicide resistance
estimates. Additionally, farmers are more interested in the state of resistance of populations
rather than individual plants.  Accurate genomic predictions were made using the GWAlpha-
inferred allelic effects and the mean instaGraminoid-derived individual plant herbicide resistance
in  the Lexton,  Rokewood and Skipton populations.  However,  the range of  values for  these
populations is very narrow and the prediction accuracies may change drastically at the extreme
values we failed to observe using these populations. In addition, the tray-level instaGraminoid
protocol requires further development to improve reliability, despite the high accuracy of the
individual-level phenotyping protocol.
 
The prediction accuracies presented here are similar to those of previous genomic prediction
and selection  experiments on plants  and animals (Technow et  al.  2013;  Zhao et  al.  2013;
Cerrudo et al. 2018). In the closely-related  L. perenne whose genome we used as reference,
the genomic prediction for crown rust resistance yielded a maximum predictive ability measured
as Pearson’s correlation coefficient of 52% (Arojju et al. 2018). GP accuracies greater than 0.90
adjusted R2 are rare. Accuracies ranging from 0.79 to 0.92 R2 have been obtained on wood
phenotypes  of  Douglas-fir  trees  using  exome capture  but  the  authors  attribute  these  high
accuracies to pedigree effects rather than individual causal QTL (Thistlethwaite et al. 2017).

Our approach to GP using Pool-seq data on the non-model, poorly genomically characterised,
yet agroecologically important weed species Lolium rigidum has a lot of room for improvement.
To improve GP accuracy, the number of training populations, replications, and consensus SNPs
across populations need to increase, and the control of population structure needs to improve.
Better prediction accuracy is expected with more populations used for model training (Asoro et
al. 2011; Lorenz et al. 2011; Akdemir and Isidro-Sánchez 2019). The intra-population datasets
are unreplicated, while the inter-population datasets are unbalanced where some populations
have been replicated more than others. More reliable phenotype data generated from replicated
and balanced experimental designs is straightforward to attain.

Inconsistent Pool-ddRADseq genome coverage resulted in a reduced number of consensus loci
genotyped across populations and pools. Improving coverage consistency will boost the number
of SNPs by capturing genomic regions more closely linked to causal variants. There are two
ways of achieving this with Pool-ddRADseq: protocol optimisation, and missing data imputation.
Optimising the Pool-ddRADseq protocol involves finding better restriction enzyme pairs which
will improve genome coverage, and better DNA fragment selection which will boost the number
of consensus loci through size selection and adapter design. Adapters designed to be specific
to each one of the enzyme cut sites (Peterson et al. 2012) may be used instead of non-specific
Illumina  adapters  (Toonen  et  al.  2013).  Imputing  missing  genotype  data  requires  linkage
disequilibrium (LD) information (Li et al. 2009; Schurz et al. 2019). Since individual haplotype
data  are  not  available  with  Pool-seq,  LD  information  can  be  extracted  from  individual
sequencing reads instead of individual genotypes (Feder et al. 2012). Long-read sequencing
technologies like MinION can overcome the limits imposed by short-read sequencing thereby
allowing the estimation of long-range LD.

Finally, accounting for population structure can remove nuisance or non-causal genetic effects,
i.e.  pedigree/relatedness effects  and improve the transferability  of  GP models.  This  is  very
challenging with Pool-seq data since individual genotypes are unavailable. To circumvent this
problem, training datasets can be designed to better represent the validation or test datasets
(Hoffstetter et al. 2016; Akdemir and Isidro-Sánchez 2019; Edwards et al. 2019). Additionally,
further development toward controlling for population structure like genetic similarity matrices
adapted to pool-seq should be considered.

5.5. Conclusion

The  herbicide  resistance  traits  studied,  i.e.  clethodim,  glyphosate,  sulfometuron,  and
terbuthylazine resistances are polygenic with the predominance of associated SNPs with small
effects. In each herbicide resistance trait, different sets of candidate QTL and genes contribute
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to resistance in different  populations,  however some QTL and candidate genes are shared
between  populations.  Evidence  of  cross-resistance  QTL  and  genes  were  found.  These
herbicide resistance alleles are more likely to have originated from standing genetic variation
than from de novo mutations. Genomic prediction using population-level data can be useful in
herbicide resistance monitoring and management by identifying potentially resistant populations
at the early stages of resistance evolution.
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General discussion and the evolution of herbicide resistance in SE Australian Lolium rigidum populations

6. General discussion and the evolution of 
herbicide resistance in SE Australian Lolium 
rigidum populations

The  remarkable  propensity  of  life  to  adapt  to  challenging  conditions  is  fueled  by  genetic
variation. The mechanism through which these variations originate through random mutations is
fundamentally stochastic (Nei 1980; Barton 2010). The forces of selection determine which of
these genetic variants increase increase in frequency (Darwin 1859). There are fundamental
biochemical  and  physiological  constraints  to  the  fixation  or  loss  of  adaptive  alleles  (Olson-
Manning et al. 2012). These constraints imply the existence of optimal phenotypes, and a limit
to evolution (Stayton 2015; Stern 2013; Sackton and Clark 2019).

The search space for biological solutions to challenging conditions is likely to be very large, with
multiple local optima. The accumulation of beneficial genetic mutations represent a random-
walk  across  this  search  space.  Suboptimal  solutions  may  incur  fitness  costs;  while  better
solutions  have  positive  pleiotropic  effects,  improving  fitness  across  multiple  environmental
conditions. A parsimonious genetic basis for the phenotypes resulting in an optimal fitness is
more likely to originate from the rich reservoir of standing genetic variation rather than from new
mutations with low likelihoods of conferring parallel benefits to multiple traits. Standing genetic
variation presents a large reservoir  of  potentially  beneficial  variants across many loci  which
selective forces can readily act on. This is what we have inferred and observed as the more
likely source for the adaptive evolution of  Lolium rigidum across South-East Australia to four
different herbicides, clethodim, glyphosate, sulfometuron and terbuthylazine. We observed that
herbicide resistance traits were highly polygenic and we identified numerous putative cross-
resistance loci.  We also inferred that  the causal  alleles were likely to have originated from
standing genetic variation rather than from new mutations.

6.1. A model of herbicide resistance evolution in Lolium 
rigidum across SE Australia

The observed polygenicity of the herbicide resistance traits is more consistent with standing
genetic variation as the origin of resistance alleles than new mutations. This is because at the
start  of  selection  from herbicides,  the  initial  frequencies  of  beneficial  alleles  from standing
genetic variation are higher than from new mutations allowing for the observed rapid evolution
(Baucom 2016; Baucom 2019) to be more likely. Additionally, this origin explains the abundance
of putative cross-resistance loci, since even before the onset of selection from herbicides, these
loci  may have general  beneficial  effects  on fitness.  If  we assume a pleiotropic allele  which
positively affects multiple traits is more favourable than an allele which only affects a single trait,
then  cross-resistance  alleles  are  more  beneficial  than  herbicide-specific  resistance  alleles.
Hence, it  is  within our expectations to observe polygenic herbicide resistance traits with an
abundance of cross-resistance loci.

Variability is the fuel through which evolution proceeds. Standing genetic variation represents
historical mutations that have accumulated and maintained in populations due to chance (drift),
selective advantage, or linkage with beneficial variants. This variability is positively correlated
with effective population size (Ne) (Kimura 1991; Hague and Routman 2016), and widespread
distribution (Caley and Schluter 1997) which are hallmarks of outcrossing species (Holsinger
2000;  Pannell  and  Labouche  2013)  such  as  L.  rigidum.  The  L.  rigidum  populations  in  SE
Australia  descended  from  multiple  populations  introduced  directly  or  indirectly  from  the
Mediterranean, which explains the abundant standing genetic variation through shared ancestry
(Kloot 1983).

141



General discussion and the evolution of herbicide resistance in SE Australian Lolium rigidum populations

Figure 6.1. Model of the adaptive evolution of weeds to herbicides in agroecosystems.

My model for resistance evolution is depicted in  Figure 6.1.  Succinctly, this model states that
adaptive evolution favours parsimony through pleiotropy. Recruiting existing favourable variants
to  achieve  a  co-adaptation  to  multiple  challenging  conditions  is  a  parsimonious  solution.
Sustained  intense  selection  pressure  on  populations  with  large  Ne will  favour  monogenic
resistance  evolution;  however,  neighbouring  populations  may  be  inadvertently  exposed  to
suboptimal or low herbicide dose and hence to less intense selection which favours polygenic
resistance evolution. This is an extension and application of the findings in  Chlamydomonas
reinhardtii,  L. rigidum,  and is emphasised in some of the reviews of herbicide resistance in
weeds (Vogwill et al. 2012; Lagator et al. 2013; Busi et al. 2013; Délye et al. 2013). Gene flow
between these  populations  is  likely,  thereby  exacerbating  herbicide  resistance  evolution  by
generating  more  robust  genetic  bases.  The  resulting  polygenic  resistance,  controlled  by  a
mixture of  large and small  effects loci,  is  robust  since the loss of  one to a few resistance-
conferring alleles will not lead to a complete breakdown of resistance. These resistance alleles
are driven towards fixation with sustained selection pressure from herbicides. Fitness costs and
linkage drag can slow down this process. Application of different herbicides with different modes
of  action  repeats  this  cycle,  where  pleiotropic  alleles  which  confer  resistance  to  multiple
herbicides  and  even  improved  fitness  in  the  absence  of  herbicides  have  the  most  fitness
advantage. Parsimony through pleiotropy is supported by the omnigenic view of complex traits,
i.e. gene networks must be sufficiently interconnected such that a single gene affects multiple
traits (Boyle et al. 2017). Hence, alternating and/or mixing herbicides with different modes of
action has the potential to accelerate the evolution of super-resistant weed populations.

This stresses the importance of using a variety of non-chemical weed control strategies, i.e.
mechanical, physical, and biological methods, in tandem with herbicides. This is to keep weed
population sizes small to reduce the chances of selecting for cross-resistant individuals. This
can slow down the evolution of both monogenic (as expected for TSR) and polygenic (when
both NTSR and TSR are involved) herbicide resistance traits.
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To  test  this  model  of  parsimonious  adaptive  evolution  through  pleiotropy,  I  propose  two
research approaches. The first one is to perform multivariate or multi-trait GWAS to dissect the
genetic bases of multiple correlated traits within a single framework. In addition to mapping the
genetic  basis  of  herbicide  cross-resistance,  the  correlation  between  resistance  and  other
fitness-related traits should also be mapped, e.g. other abiotic and biotic stress resistances. The
abundance of detected cross-resistance QTL from these multi-trait GWAS will provide support
for this model of adaptive evolution. The second one is to study the correlation between genome
complexity including the number of genes and organism complexity. The motivating argument is
that  genome  complexity  based  on  the  number  of  genes  in  the  genome  is  not  positively
correlated  with  species  complexity,  e.g.  the  single-celled  human  pathogen  Trichomonas
vaginalis has more than twice the number of protein-coding genes than humans despite being
biologically simpler  (Van Straalen and Roelofs 2006).  I  recommend seeking answers to the
following questions. Does adaptation to many varied conditions favour large complex genomes
and more genes? An affirmative answer would imply the stacking of environment- or condition-
specific genes. On the other hand, a negative answer implies the co-adaptation of genes or the
predominance of pleiotropic genes.

6.2. Polygenic herbicide resistance

How  does  the  observation  of  putatively  polygenic  herbicide  resistance  traits  support  the
herbicide resistance evolution model of parsimony through pleiotropy? The rate at which weed
populations have been evolving resistance to herbicide is too fast to be compatible with a model
where new mutations are the primary source of resistance-conferring alleles. Standing genetic
variation  is  the  more  likely  source.  Evolution  of  resistance  from standing  genetic  variation
favours polygenic resistance traits because of the abundance of historical mutations which may
have pre-existing positive  effects  on fitness and stress-response.  These beneficial  standing
genetic variants may be adapted to confer herbicide resistance as well. Therefore polygenicity is
likely to further favour pleiotropic alleles.

The speed at which resistance to different herbicides has evolved in multiple weed species has
been  striking.  2,4-D  (2,4-dichlorophenoxyacetic  acid)  started  being  used  extensively  as  a
herbicide to control broadleaf weeds in 1944 (Peterson 1967). Within 13 years, in 1957, the first
report  of  2,4-D resistance in spreading dayflower (Commelina diffusa)  was recorded (Hilton
1957). Triazine resistance in common groundsel (Senecio vulgaris) evolved within 10 years of
applying  simazine  and  atrazine  once  or  twice  annually  from  1958  to  1968  (Ryan  1970).
Glyphosate  resistance  in  L.  rigidum  evolved within  15  years  of  extensive  and  recurrent
glyphosate application in Australia from 1981 to 1996 (Powles et al. 1998). Adaptive evolution
from standing genetic variation is faster than from de novo mutations, and it leads to the fixation
of more alleles with small effects (i.e. polygenic adaptive traits) (Barrett  and Schluter 2008).
Polygenic resistance can be argued to be more stable, i.e. the multitude of loci involved acts as
a buffer for when one or several alleles fail to confer resistance, overall resistance does not
totally breakdown with them.

The  agroecosystems  these  weed  populations  occupy  are  spatially  and  temporally
heterogeneous in terms of the selection pressure imposed, i.e. different herbicides singly or in
combination may be used in different areas and times, and fallow periods may occur where
herbicides are not applied at all. Hence, alleles which confer resistance to multiple herbicides as
well as contribute to improved fitness in the absence of herbicides are the most favourable. A
multitude of these cross-resistance, pleiotropic alleles may exist as standing genetic variation,
ready  for  selective  forces  to  act  upon.  An  experimental  evolution  study  in  2012  of
Chlamydomonas reinhardtii showed that  a  mixture of  different  herbicides  works  on slowing
down resistance evolution if the doses are high enough to be inhibitory; however if doses were
suboptimal, it resulted in the evolution of cross-resistance (Vogwill et al. 2012). A year later in
2013,  a different  experimental  evolution of  C. reinhardtii from the same group showed that
pleiotropic  effects  of  NTSR genes  can  improve  resistance  to  multiple  herbicides  and  even
improve fitness in herbicide-free environments (Lagator et al. 2013).
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6.3. Rapid monitoring of herbicide resistance with 
genomic prediction and Pool-seq

Assuming  herbicide  resistance  traits  are  polygenic  and  are  evolving  under  the  principle  of
parsimony through pleiotropy, how do we rapidly and accurately monitor the adaptive evolution
of weeds to herbicides across agroecosystems? Tracking the causal loci across a landscape is
more challenging for polygenic traits than for monogenic and oligogenic traits. Polymerase chain
reaction genotyping experiments can suffice for mono- and oligogenic traits, while a genome-
wide approach is required for polygenic traits. We used Pool-seq in tandem with a genome
complexity reduction technique, Pool-ddRADseq, to characterise L. rigidum populations across
SE  Australia.  We  have  shown  the  potential  of  using  these  genome-wide  Pool-seq  allele
frequency  data  to  rapidly  monitor  the  levels  of  resistance  of  populations  through  genomic
prediction.

We demonstrated through a simulation experiment that Pool-seq is more cost-effective than
individual sequencing (Indi-seq). For the same budgetary constraint, more populations can be
characterised with Pool-seq than with Indi-seq. Since sample sizes should be sufficiently large
to accurately represent a population, this can be prohibitively expensive with Indi-seq. On the
other hand, this does not limit the number of individuals that can be included in each pool with
Pool-seq.  In  fact,  increasing  the number  of  individuals  included  in  each  pool  improves  the
accuracy of allele frequency estimates (Ferretti et al. 2013). Pool-seq can accurately capture
genome-wide allele frequency information (Zhu et al. 2012; Gautier et al. 2013; Rellstab et al.
2013; Fracassetti et al. 2015). It is more cost-effective than Indi-seq, and it can include more
individuals,  grouped  into  one  or  a  few  pools  and  sequenced  at  high  depth  (Futschik  and
Schlötterer 2010; Gautier et al. 2013). However, it is prone to biases in genome representation
when sample size is below 40 individuals and depth of coverage is below 50X (Cutler and
Jensen 2010; Schlötterer et al. 2014). It also loses linkage disequilibrium information (Fariello et
al. 2017); however this presents an opportunity to develop novel analysis methods (Cutler and
Jensen 2010).

Using Pool-seq data to build genomic prediction (GP) models at the population level has the
potential  to  improve  the  management  of  herbicide-resistant  weeds  by  identifying  resistant
populations at early stages of their evolution. The success of an intervention strategy to reduce
the spread and development of resistance is more effective when executed earlier rather than
later (Tomson and Vlad 2014; Derde et al. 2014; Baquero et al. 2015). The advantage of GP
over conventional phenotyping is not its accuracy (at least not yet) but the speed at which it can
provide estimates of the phenotype value. Additionally, there is potential for cost reduction with
GP  where  a  single  genotyping  experiment  can  yield  predictions  for  multiple  herbicides,
simultaneously.  In plant and animal breeding, this translates to higher genetic gain per unit of
time compared with conventional breeding methods (Hickey et al. 2017).

We can  extend  the  scope of  the  GP models  investigated  in  this  thesis  to  account  for  the
specificity of the adaptive evolution of weeds. Weediness characteristics (e.g. seed dormancy
and prolificacy) can be monitored in addition to multiple herbicide resistance traits. Multivariate
GP models can be used to predict resistance to multiple herbicides and other fitness-related
traits, simultaneously. This can be effectively realised with a training dataset that is larger and
more  representative  than  the  one  we  currently  have  for  L.  rigidum populations  from  SE
Australia. Amassing these data will involve sampling and characterising more populations, and
improving the Pool-ddRADseq protocol to yield more consistent genomic data.

6.4. Recommendations to improve GWAS power and GP 
accuracy

Populations need to be collected from more locations and characterised more effectively to
improve the power of GWAS and the accuracy of GP. Larger sample sizes, more replications
and more balanced experimental designs during phenotyping will improve the accuracy of the
measured resistance levels. Technical improvements in Pool-ddRADseq for better consistency
of genome coverage across samples, coupled with imputation techniques will boost the number
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of informative SNPs that can be used in GWAS and GP.

6.4.1. Improvements in phenotyping

The  first  step  of  improvement  that  can  be  proposed  in  L.  rigidum herbicide  resistance
phenotyping is to increase the level of replication. Given more resources to work with, each
plant can be replicated at least three times using clonal propagation through tiller separation. At
the  population  level,  replicating  and  representing  each  population  equally  will  balance  the
experimental  design.  This  will  result  in  higher  statistical  power  and  less  susceptibility  to
departures from the assumption of error homoscedasticity than unbalanced designs (Shaw and
Mitchell-Olds 1993).

The  cost-effective  colorimetric  phenotyping  method  we  developed  (instaGraminoid)  was
sufficient for the GWAS and GP experiments performed. However, there is room to improve this
method with more sophisticated imaging instruments like hyperspectral imagers. Hyperspectral
imaging will provide high-dimensional data which can be used to model not only the physical
and  colorimetric  plant  responses  to  herbicides  but  also  their  internal  physiological  and
biochemical  responses.  Hyperspectral  imaging will  enable  non-destructive measurements of
plant biomass as well as water and protein contents (Mishra et al. 2017).

6.4.2. Improvements in genotyping

Improving the consistency of Pool-ddRADseq genome coverage will boost the number of SNPs
by capturing genomic regions more closely linked to causal variants. Better restriction enzyme
pairs can help improve genome coverage. Adapters can be designed to be specific to each of
the enzyme cut  sites as in the original  ddRADseq protocol (Peterson et  al.  2012). This will
improve  the  consistency  of  the  genomic  data  but  at  the  cost  of  reducing  the  breadth  of
coverage.  Missing  data  can  also  be  imputed.  This  requires  linkage  disequilibrium  (LD)
information (Li et al. 2009; Schurz et al. 2019) which is not straightforward to obtain from Pool-
seq data. LD information can be extracted from individual sequencing reads instead of individual
genotypes (Feder et al. 2012). Additionally, long-read sequencing technologies like MinION can
overcome the limits imposed by short-read sequencing thereby allowing the estimation of long-
range LD.

Despite mapping at least 95% of the Pool-ddRADseq (Illumina reads) to the L. perenne genome
assembly (Byrne et al. 2015), the highly fragmented nature and suboptimal state of the genome
annotations  made it  difficult  to  analyse  the  GWAS results.  Drafting  a  L.  rigidum reference
genome and developing a good annotation will allow us to better identify herbicide resistance-
associated loci and test their validity.

6.4.3. Improvements in sampling and genotype-to-phenotype 
mapping

Expanding the training data will improve the representation of the landscape which in turn will
increase GP accuracy (Akdemir and Isidro-Sánchez 2019; Edwards et al. 2019; Hoffstetter et al.
2016). This will  also increase the chances of detecting QTL that were missed in our current
collection but present in other populations over the landscape.

As the amount  of  “omics”  data  available  increases (Yang et  al.  2020;  Reuter  et  al.  2015),
machine learning techniques such as neural networks are becoming more feasible options to
generate genotype-to-phenotype maps for GWAS and GP. These model-free non-parametric or
black box approaches can effectively estimate genetic effects beyond additive effects to include
non-additive effects most notably epistasis. The linear models we used, only accounted for the
additive genetic effects of the SNPs, while the dominance and epistatic effects were lumped
together in the error term. Incorporating these non-additive genetic effects into a linear model is
intractable  because  the  SNP  interaction  matrix  will  be  massive  and  likely  to  be  highly
multicollinear. Random forest (Li et al. 2018; Abdollahi-Arpanahi et al. 2020; Ogutu et al. 2011),
and  deep  learning  (Abdollahi-Arpanahi  et  al.  2020;  Ma  et  al.  2018;  Zingaretti  et  al.  2020;
González-Camacho et al.  2012; Montesinos-López et al.  2018; Waldmann 2018) have been
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used to perform GWAS and GP.

6.5. Recommendation to control herbicide resistance in 
weeds

Under our adaptive evolution model, over-reliance on herbicide will lead to super-resistant weed
populations  regardless  of  the  herbicide  application  strategies  we  employ.  Continuous
application of an herbicide with a single mode of action will likely results in the rapid evolution of
resistance to that specific herbicide (Jasieniuk et al. 1996) forcing the use of another mode of
action which repeats the cycle. Mixing and rotating herbicides with different modes of action will
likely  slow down the evolution of  resistance but  at  the cost  of  eventually  generating cross-
resistant  superweeds  (Vogwill  et  al.  2012;  Lagator  et  al.  2013).  Hence,  recalcitrance  to
diversifying  weed control  methods beyond herbicide  application  entails  a  trade-off  between
speed of  resistance  evolution  and  resistance  severity  until  ultimately  super-resistant  weeds
evolve.  My data validate  the recommendation of  intensifying non-chemical  weed control  as
proposed since Gorddard et al in 1995 but with the major amendment of not reducing herbicide
doses.

I propose a genomically-informed rotation of chemical and non-chemical weed control strategies
(Figure 6.2). Economically-detrimental, crop- and weed-specific herbicide resistance levels will
be determined. These are the levels of resistance above which weeds incur significant crop
yield losses. Resistance of weed populations will be regularly and rapidly monitored using GP.
The most variable populations or the best representatives of  the landscape will  need to be
phenotypically and genotypically characterised regularly to re-train or update the GP models.
Levels of resistance in the other populations will be predicted using these updated GP models.
In addition, weed populations on the margin of agroecosystems may be developing resistances
and have the potential to migrate to field populations, and need to be included. Paddock-specific
herbicide  mixtures  will  be  recommended.  The  recommendation  will  be  based  on  which
herbicides the weed populations in the paddocks are susceptible to. The herbicide mixtures will
be applied until the resistance threshold is reached. At that point, non-chemical methods will be
recommended until resistance levels go below the threshold again. The cycle is repeated and
other or new herbicides may be recommended.

Figure 6.2. Genomically-informed rotation of chemical and non-chemical control strategies.

I am proposing a weed control rotation strategy that I hope will ease farmers into transitioning
towards more integrated weed management (IWM). The reluctance of farmers to practise more
IWM strategies  is  due to  the convenience  and maintained cost-effectiveness of  herbicides.
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Farmers and agronomists are aware and concerned about the increasing problem of herbicide
resistance in weeds (Llewellyn et al. 2007; Wilson et al. 2016; Moss 2018). However, they are
constantly  confronted with  relatively  short-term business decisions to  maximise  output,  and
herbicide  application  remains  to  be  the  easily  accessible  and  cost-effective  approach
(Jussaume  and  Dentzman  2016).  Moss  (2018)  alluded  to  the  possibility  of  government
intervention to improve the adoption of IWM.
      
In SE Australia, sheep grazing is usually practised in combination with crop cutting for silage
before weed seed set  and cutting low for  hay.  Hot  water  or  steam treatments are  gaining
traction  in  Australia  as  an  alternative  to  chemical  control  (Banks  and  Sandral  2007).  This
approach  can  be  very  effective  in  high-value  horticultural  cropping  systems  like  orchards;
however its large-scale applications can be very costly. Therefore, there is a need to further
develop non-chemical weed control methods for cost-effective broad-acre applications.

6.6. Conclusion

Herbicide resistance in weeds is an outstanding example of  rapid adaptive and convergent
evolution. My research into this phenomenon have yielded insights into the genetic basis of
herbicide  resistance,  how adaptive  evolution proceeds,  and  helped  us  build  a  genomically-
informed herbicide resistance management strategy. Herbicide resistance in weeds is likely to
be  polygenic.  Cross-resistances were observed  and  evidence  of  pleiotropic  genetic
architectures were found. The origin of these resistance-conferring alleles are more likely to be
standing genetic variation (i.e. historical mutations maintained in the populations via chance,
selection, or linkage with favourable alleles) than new mutations. This line of evidence supports
our adaptive evolution model of parsimony through pleiotropy, i.e. alleles favourably affecting
resistance to multiple herbicides as well as fitness in herbicide-free environments are the most
favourable.  With  these  findings,  we  have  demonstrated  that  big  funding  is  not  required  to
generate meaningful and insightful results using the increasingly accessible genomics tools and
powerful statistical frameworks. Cost-effective and accurate phenotyping and population-level
genotyping methods (i.e.  instaGraminoid and Pool-ddRADseq, respectively)  can be used to
build  genomic  prediction  models.  This  has the  potential  to  improve  herbicide  resistance
management  with  the  rapid  and  accurate  monitoring  of  resistance  evolution  in  multiple
agroecosystems across vast areas. Furthermore, these genomics and statistical tools can help
wean farmers from the over-reliance on herbicides and ease them into more integrated weed
management for more sustainable agricultural production.
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8. Appendices

Chapter 2 Appendix

Table S2.1. List of parameters used in Quantinemo2 simulations.

Parameters Value Description

mating_system 0 random mating & hermaphrodite

patch_number 100 100 populations

generations 200 200 generations

patch_capacity 1000 carrying capacity for 1000 individuals per population

regulation_model_offspring 1
regulation of population size to carrying capacity via 
random culling of offspring

regulation_model_adults 1
regulation of population size to carrying capacity via 
random culling of adults

mating_nb_offspring_model 0 total number of offspring is set to carrying capacity

mean_fecundity 1 constant population size

dispersal_model 3 2-dimensional stepping-stone model

dispersal_lattice_range 1
dispersal range of 8 adjacent patches: vertical, 
horizontal and diagonal

dispersal_border_model 2
absorbing boundaries: migration beyond the border is 
lost

quanti_genome 1 – 7 7 chromosomes

quanti_all 2 biallelic loci

quanti_mutation_rate 0 no mutations

quanti_environmental_model 0 environmental variance constant

quanti_heritability 0.50 narrow-sense heritability set to 50%

quanti_selection_model 2 directional selection

quanti_dir_sel_min 0.0 minimum fitness

quanti_dir_sel_max 1.0 maximum fitness
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Figure S2.1. Representative  plots  showing  the  linear  relationships  between  the  actual
phenotypic  values  and  the  polygenic  scores  computed  from  single-SNP
estimates using Indi-GPAS and Pool-GPAS models.

Table S2.2. Mean comparison using Tukey’s honest significant differences, and the linear
(full-factorial) model-derived adjusted coefficients of the GPAS models.

Genotyping
Scheme

Model
AUC (GWAS performance) RMSE (1 - GP performance)

Mean Coefficient Mean Coefficient

Individual EMMAX (GRM) 0.8578 b 0.82 0.0573 b 0.0411

Individual EMMAX (STD) 0.8658 b 0.80 0.0570 b 0.0414

Individual GCTA (GRM) 0.8521 d 0.91 0.0568 b 0.0472

Individual GCTA (STD) 0.8649 bc 0.88 0.0596 a 0.0106

Individual GEMMA (GRM) 0.8723 a 0.89 0.0547 c 0.0523

Individual GEMMA (STD) 0.8724 a 0.89 0.0545 c 0.0519

Pool
LMM (Fst 
Hivert)

0.7269 f 0.94 0.0568 b 0.0469

Pool
LMM (Fst Weir 
& Cockerham)

0.7269 f 0.94 0.0569 b 0.0468

Pool GWAlpha 0.7936 e 1.17 0.0588 a 0.0591
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Figure S2.2. Violin plots of the true positive rate (TPR) for the landscape parameters, GPAS
models  and  the  number  of  populations  sampled.  Black  dots  represent  the
mean, black whiskers show ±1 standard deviation, red whiskers are the 95%
confidence  interval,  and  the  letters  on  top  of  each  plot  are  Tukey’s  honest
significant difference (HSD)-based grouping (i.e. levels with the same letter are
not significantly different at p<0.05).
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Figure S2.3. Violin  plots  of  the  root  mean  square  error  (RMSE)  for  the  landscape
parameters, GPAS models and the number of populations sampled. Black dots
represent the mean, black whiskers show ±1 standard deviation, red whiskers
are the 95% confidence interval, and the letters on top of each plot are Tukey’s
honest significant difference (HSD)-based grouping (i.e. levels with the same
letter are not significantly different at p<0.05).
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Figure S2.4. Violin plots of GPAS performances across the landscape under unidirectional
causal allele diffusion gradient for 10, 50 and 100 simulated QTL. Black dots
represent the mean, black whiskers show ±1 standard deviation, red whiskers
are the 95% confidence interval, and the letters on top of each plot are Tukey’s
honest  significant  difference (HSD)-based grouping (i.e.  row groups with the
same letter are not significantly different at p<0.05).

Figure S2.5. Violin plots of GPAS performances across the landscape under unidirectional
causal  allele  diffusion  gradient  for  each  level  of  the  simulated  selection
intensities. Black dots represent the mean, black whiskers show ±1 standard
deviation, red whiskers are the 95% confidence interval, and the letters on top
of  each plot  are Tukey’s honest  significant  difference (HSD)-based grouping
(i.e. row groups with the same letter are not significantly different at p<0.05).
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Figure S2.6. Violin plots of GPAS performances across the landscape under unidirectional
causal allele diffusion gradient for each level of the simulated migration rates.
Black dots represent the mean, black whiskers show ±1 standard deviation, red
whiskers are the 95% confidence interval, and the letters on top of each plot are
Tukey’s  honest  significant  difference  (HSD)-based grouping  (i.e.  row groups
with the same letter are not significantly different at p<0.05).

Figure S2.7. Violin plots of GPAS performances across the landscape under bidirectional
causal allele diffusion gradient for 10, 50 and 100 simulated QTL. Black dots
represent the mean, black whiskers show ±1 standard deviation, red whiskers
are the 95% confidence interval, and the letters on top of each plot are Tukey’s
honest  significant  difference (HSD)-based grouping (i.e.  row groups with the
same letter are not significantly different at p<0.05).
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Figure S2.8. Violin plots of GPAS performances across the landscape under bidirectional
causal  allele  diffusion  gradient  for  each  level  of  the  simulated  selection
intensities. Black dots represent the mean, black whiskers show ±1 standard
deviation, red whiskers are the 95% confidence interval, and the letters on top
of  each plot  are Tukey’s honest  significant  difference (HSD)-based grouping
(i.e. row groups with the same letter are not significantly different at p<0.05).

Figure S2.9. Violin plots of GPAS performances across the landscape under bidirectional
causal allele diffusion gradient for each level of the simulated migration rates.
Black dots represent the mean, black whiskers show ±1 standard deviation, red
whiskers are the 95% confidence interval, and the letters on top of each plot are
Tukey’s  honest  significant  difference  (HSD)-based grouping  (i.e.  row groups
with the same letter are not significantly different at p<0.05).
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Chapter 4 Appendix

Table S4.1. Parameters used in bwa mem for the alignment of Illumina DNA sequencing
reads.

Parameter Value
Minimum seed length 19
Maximum band (gap) length 100
Off-diagonal drop-off (max. extension score difference to stop extension) 100
Trigger re-seeding (decrease for accuracy and increase for speed) 1.5
Maximum MEM (maximal exact match) otherwise discard 500
Minimum chain length fraction with longest overlapping chain otherwise drop 0.5
Minimum chain length 0
Matching score 1
Mismatch penalty 4
Gap open penalty 6
Gap extension penalty Illumina HiSeq X platform in 150bp paired-end reads mode 1
Clipping penalty 5
Penalty for unpaired read pair 17

Figure S4.1. Distribution of the proportions of Illumina reads mapped to the Lolium perenne
draft reference genome.
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Figure S4.2. Simulated depth of RADseq across the Lolium perenne genome using pair-wise
combinations of 8 restriction enzymes (letters refer to Tukey’s HSD grouping at
α=0.05).

Figure S4.3. Breadth of sequencing coverage across the genome.
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Figure S4.4. Depth of sequencing coverage across the genome.

Figure S4.5. Theoretical minimum number of SNPs required to saturate the  Lolium rigidum
genome assuming a genome size of 2Gb as a function of linkage block size
(purple area under the curve and dashed lines indicate the range of SNP counts
required based on empirical  Lolium perenne linkage block sizes ranging from
0.5-3kb.
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Figure S4.6. Number of SNPs with at least 10X, 100X and 1000X depths as functions of the
number of sequencing reads.

Figure S4.7. Responses  of  allele  frequency  accuracy  and  number  of  SNPs  to  varying
stringency  of  the  SNP  filtering  parameters:  minimum  sequencing  depth,
minimum base quality, and minimum allele frequency (MAF).
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Figure S4.8. Distribution of base calling qualities of the Illumina sequencing data.

Figure S4.9. Model comparisons between linear and polynomial models of 1st, 2nd, 3rd and 4th

degrees  using  F-test  (RSS:  residual  sum  of  squares),  Akaike  information
criterion (AIC) and Bayesian information criterion (BIC).
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Chapter 5 Appendix

Table S5.1. List  of  neutral  scaffold  used  in  the  estimation  of  likelihoods  of  various
convergent evolutionary models.

Scaffold Name
Maximum -log(p-

value)

scaffold_4013|ref0041948 0.30

scaffold_197|ref0030887 0.55

scaffold_37347|ref0031916 0.56

scaffold_44379|ref0025591 0.60

scaffold_1160|ref0004473 0.76

scaffold_21888|ref0019008 0.78

scaffold_359|ref0027898 0.80

scaffold_2421|ref0036714 0.81

scaffold_11246|ref0048313 0.81

scaffold_13444|ref0044543 0.82

scaffold_15405|ref0015202 0.83

scaffold_35844|ref0030074 0.85

scaffold_24983|ref0011970 0.91

scaffold_1078|ref0045090 0.91

scaffold_8396|ref0012761 0.95

scaffold_9549|ref0015617 0.97
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Figure S5.1. Manhattan  plots  for  clethodim  resistance  using  the  merged  Lolium  ridum
dataset and the linear mixed model with FST as random covariate (Top: plot
across the entire genome; Middle: plot  per scaffold using maximum -log10(p-
value)  per  scaffold;  Bottom:  plot  of  scaffolds  with  at  least  one  peak;  Red
horizontal  dash line: Bonferroni threshold at  1% alpha; Gray thick vertical lines:
top 5% of the peaks; Yellow vertical lines: location of predicted gene sequences
with blast hits).

200



Appendices

Figure S5.2. Manhattan  plots  for  clethodim  resistance  using  ACC13  Lolium  rigidum
population and univariate GWAlpha model (Top: plot across the entire genome;
Middle: plot per scaffold using maximum -log10(p-value) per scaffold; Bottom:
plot of scaffolds with at least one peak; Red horizontal  dash line: Bonferroni
threshold at  1% alpha; Gray thick vertical lines: top 5% of the peaks; Yellow
vertical lines: location of predicted gene sequences with blast hits).
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Figure S5.3. Manhattan  plots  for  clethodim  resistance  using  ACC49  Lolium  rigidum
population and univariate GWAlpha model (Top: plot across the entire genome;
Middle: plot per scaffold using maximum -log10(p-value) per scaffold; Bottom:
plot of scaffolds with at least one peak; Red horizontal  dash line: Bonferroni
threshold at  1% alpha; Gray thick vertical lines: top 5% of the peaks; Yellow
vertical lines: location of predicted gene sequences with blast hits).
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Figure S5.4. Manhattan  plots  for  glyphosate  resistance  using  the  merged  Lolium  ridum
dataset and the linear mixed model with FST as random covariate (Top: plot
across the entire genome; Middle: plot  per scaffold using maximum -log10(p-
value)  per  scaffold;  Bottom:  plot  of  scaffolds  with  at  least  one  peak;  Red
horizontal  dash line: Bonferroni threshold at  1% alpha; Gray thick vertical lines:
top 5% of the peaks; Yellow vertical lines: location of predicted gene sequences
with blast hits).
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Figure S5.5. Manhattan  plots  for  glyphosate  resistance  using  ACC31  Lolium  rigidum
population and univariate GWAlpha model (Top: plot across the entire genome;
Middle: plot per scaffold using maximum -log10(p-value) per scaffold; Bottom:
plot of scaffolds with at least one peak; Red horizontal  dash line: Bonferroni
threshold at  1% alpha; Gray thick vertical lines: top 5% of the peaks; Yellow
vertical lines: location of predicted gene sequences with blast hits).
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Figure S5.6. Manhattan  plots  for  glyphosate  resistance  using  ACC62  Lolium  rigidum
population and univariate GWAlpha model (Top: plot across the entire genome;
Middle: plot per scaffold using maximum -log10(p-value) per scaffold; Bottom:
plot of scaffolds with at least one peak; Red horizontal  dash line: Bonferroni
threshold at  1% alpha; Gray thick vertical lines: top 5% of the peaks; Yellow
vertical lines: location of predicted gene sequences with blast hits).
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Figure S5.7. Manhattan  plots  for  glyphosate  resistance  using  Inverleigh  Lolium  rigidum
population and univariate GWAlpha model (Top: plot across the entire genome;
Middle: plot per scaffold using maximum -log10(p-value) per scaffold; Bottom:
plot of scaffolds with at least one peak; Red horizontal  dash line: Bonferroni
threshold at  1% alpha; Gray thick vertical lines: top 5% of the peaks; Yellow
vertical lines: location of predicted gene sequences with blast hits).
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Figure S5.8. Manhattan  plots  for  glyphosate  resistance  using  Urana  Lolium  rigidum
population and univariate GWAlpha model (Top: plot across the entire genome;
Middle: plot per scaffold using maximum -log10(p-value) per scaffold; Bottom:
plot of scaffolds with at least one peak; Red horizontal  dash line: Bonferroni
threshold at  1% alpha; Gray thick vertical lines: top 5% of the peaks; Yellow
vertical lines: location of predicted gene sequences with blast hits).
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Figure S5.9. Manhattan plots  for  sulfometuron resistance using the merged  Lolium ridum
dataset and the linear mixed model with FST as random covariate (Top: plot
across the entire genome; Middle: plot  per scaffold using maximum -log10(p-
value)  per  scaffold;  Bottom:  plot  of  scaffolds  with  at  least  one  peak;  Red
horizontal  dash line: Bonferroni threshold at  1% alpha; Gray thick vertical lines:
top 5% of the peaks; Yellow vertical lines: location of predicted gene sequences
with blast hits).
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Figure S5.10. Manhattan  plots  for  sulfometuron  resistance  using  ACC11  Lolium  rigidum
population and univariate GWAlpha model (Top: plot across the entire genome;
Middle: plot per scaffold using maximum -log10(p-value) per scaffold; Bottom:
plot of scaffolds with at least one peak; Red horizontal  dash line: Bonferroni
threshold at  1% alpha; Gray thick vertical lines: top 5% of the peaks; Yellow
vertical lines: location of predicted gene sequences with blast hits).
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Figure S5.11. Manhattan  plots  for  sulfometuron  resistance  using  ACC59  Lolium  rigidum
population and univariate GWAlpha model (Top: plot across the entire genome;
Middle: plot per scaffold using maximum -log10(p-value) per scaffold; Bottom:
plot of scaffolds with at least one peak; Red horizontal  dash line: Bonferroni
threshold at  1% alpha; Gray thick vertical lines: top 5% of the peaks; Yellow
vertical lines: location of predicted gene sequences with blast hits).
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Figure S5.12. Manhattan  plots  for  sulfometuron  resistance  using  Inverleigh  Lolium rigidum
population and univariate GWAlpha model (Top: plot across the entire genome;
Middle: plot per scaffold using maximum -log10(p-value) per scaffold; Bottom:
plot of scaffolds with at least one peak; Red horizontal  dash line: Bonferroni
threshold at  1% alpha; Gray thick vertical lines: top 5% of the peaks; Yellow
vertical lines: location of predicted gene sequences with blast hits).
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Figure S5.13. Manhattan  plots  for  sulfometuron  resistance  using  Urana  Lolium  rigidum
population and univariate GWAlpha model (Top: plot across the entire genome;
Middle: plot per scaffold using maximum -log10(p-value) per scaffold; Bottom:
plot of scaffolds with at least one peak; Red horizontal  dash line: Bonferroni
threshold at  1% alpha; Gray thick vertical lines: top 5% of the peaks; Yellow
vertical lines: location of predicted gene sequences with blast hits).
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Figure S5.14. Manhattan plots for terbuthylazine resistance using the merged  Lolium ridum
dataset and the linear mixed model with FST as random covariate (Top: plot
across the entire genome; Middle: plot  per scaffold using maximum -log10(p-
value)  per  scaffold;  Bottom:  plot  of  scaffolds  with  at  least  one  peak;  Red
horizontal  dash line: Bonferroni threshold at  1% alpha; Gray thick vertical lines:
top 5% of the peaks; Yellow vertical lines: location of predicted gene sequences
with blast hits).
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Figure S5.15. Manhattan  plots  for  terbuthylazine  resistance  using  ACC09  Lolium  rigidum
population and univariate GWAlpha model (Top: plot across the entire genome;
Middle: plot per scaffold using maximum -log10(p-value) per scaffold; Bottom:
plot of scaffolds with at least one peak; Red horizontal  dash line: Bonferroni
threshold at  1% alpha; Gray thick vertical lines: top 5% of the peaks; Yellow
vertical lines: location of predicted gene sequences with blast hits).
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Figure S5.16. Manhattan  plots  for  terbuthylazine  resistance  using  ACC54  Lolium  rigidum
population and univariate GWAlpha model (Top: plot across the entire genome;
Middle: plot per scaffold using maximum -log10(p-value) per scaffold; Bottom:
plot of scaffolds with at least one peak; Red horizontal  dash line: Bonferroni
threshold at  1% alpha; Gray thick vertical lines: top 5% of the peaks; Yellow
vertical lines: location of predicted gene sequences with blast hits).
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Figure S5.17. Manhattan plots for terbuthylazine resistance using Inverleigh  Lolium rigidum
population and univariate GWAlpha model (Top: plot across the entire genome;
Middle: plot per scaffold using maximum -log10(p-value) per scaffold; Bottom:
plot of scaffolds with at least one peak; Red horizontal  dash line: Bonferroni
threshold at  1% alpha; Gray thick vertical lines: top 5% of the peaks; Yellow
vertical lines: location of predicted gene sequences with blast hits).
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Figure S5.18. Manhattan  plots  for  terbuthylazine  resistance  using  Urana  Lolium  rigidum
population and univariate GWAlpha model (Top: plot across the entire genome;
Middle: plot per scaffold using maximum -log10(p-value) per scaffold; Bottom:
plot of scaffolds with at least one peak; Red horizontal  dash line: Bonferroni
threshold at  1% alpha; Gray thick vertical lines: top 5% of the peaks; Yellow
vertical lines: location of predicted gene sequences with blast hits).
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Figure S5.19. Venn diagram of candidate clethodim resistance genes and scaffolds containing
the candidate loci across Pool-GWAS experiments. The number of genes are
outside parenthesis and the number of scaffolds are inside parenthesis.
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Figure S5.20. Venn  diagram  of  candidate  glyphosate  resistance  genes  and  scaffolds
containing the candidate loci across Pool-GWAS experiments. The number of
genes  are  outside  parenthesis  and  the  number  of  scaffolds  are  inside
parenthesis.
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Figure S5.21. Venn  diagram  of  candidate  sulfometuron  resistance  genes  and  scaffolds
containing the candidate loci across Pool-GWAS experiments. The number of
genes  are  outside  parenthesis  and  the  number  of  scaffolds  are  inside
parenthesis.
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Figure S5.22. Venn  diagram  of  candidate  terbuthylazine  resistance  genes  and  scaffolds
containing the candidate loci across Pool-GWAS experiments. The number of
genes  are  outside  parenthesis  and  the  number  of  scaffolds  are  inside
parenthesis.
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Table S5.2. Maximum likelihood estimates of the site of selection, selection coefficient, initial
frequency  of  favourable  allele,  age  of  this  standing  favourable  allele,  and
migration rate for clethodim resistance using scaffold_3626|ref0003919 and the
following  populations:  Susceptibles:  ACC01,ACC05,ACC06  and  Resistants:
[ACC27,ACC34] & ACC36.

Model
Mean Relative
Composite -
logLikelihood

Site (bp)
Selection

Coefficient
Initial frequency of
resistance allele

Age of
resistance

allele

Migration
rate

MODEL1 0.60 35642 0.6 NA NA NA

MODEL2 0.63 35642 0.6 NA NA 1x10-5

MODEL3 1.60 35642 0.6 0.01 0 NA

MODEL4 0.56 35642 0.6 NA NA 1x10-5

MODEL5 1.15 35642 0.6 7.55x10-7 25 NA

Table S5.3. Maximum likelihood estimates of the site of selection, selection coefficient, initial
frequency  of  favourable  allele,  age  of  this  standing  favourable  allele,  and
migration rate for clethodim resistance using scaffold_3626|ref0003919 and the
following  populations:  Susceptibles:  ACC06,ACC38,ACC50  and  Resistants:
[ACC08,ACC09],ACC11.

Model
Mean Relative
Composite -
logLikelihood

Site (bp)
Selection

Coefficient
Initial frequency of
resistance allele

Age of
resistance

allele

Migration
rate

MODEL1 0.02 35642 0.4 NA NA NA

MODEL2 0.11 35642 0.6 NA NA 0.001

MODEL3 0.49 35642 0.6 0.1 0 NA

MODEL4 0.10 35642 0.6 NA NA 1x10-5

MODEL5 0.35 35642 0.6 0.01 0 NA
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Table S5.4. Maximum likelihood estimates of the site of selection, selection coefficient, initial
frequency  of  favourable  allele,  age  of  this  standing  favourable  allele,  and
migration rate for glyphosate resistance using scaffold_198|ref0030880 and the
following  populations:  Susceptibles:  ACC01,ACC02,ACC15  and  Resistants:
ACC18,[ACC47,ACC50].

Model
Mean Relative
Composite -
logLikelihood

Site (bp)
Selection

Coefficient
Initial frequency of
resistance allele

Age of
resistance

allele

Migration
rate

MODEL1 1.75x10-11 7918 0.6 NA NA NA

MODEL2 5.37x10-7 7918 0.6 NA NA 1

MODEL3 0.01 7918 0.6 0.1 0 NA

MODEL4 1.75x10-11 7918 0.6 NA NA 1x10-5

MODEL5 9.25x10-4 7918 0.3 0.1 0 NA

Table S5.5. Maximum likelihood estimates of the site of selection, selection coefficient, initial
frequency  of  favourable  allele,  age  of  this  standing  favourable  allele,  and
migration rate for glyphosate resistance using scaffold_198|ref0030880 and the
following  populations:  Susceptibles:  ACC38,ACC39,ACC55  and  Resistants:
[ACC04,ACC09],ACC24.

Model
Mean Relative
Composite -
logLikelihood

Site (bp)
Selection

Coefficient
Initial frequency of
resistance allele

Age of
resistance

allele

Migration
rate

MODEL1 0 7918 0.0001 NA NA NA

MODEL2 0 7918 0.0001 NA NA 1x10-5

MODEL3 7.42x10-15 7918 0.2 0.001 25 NA

MODEL4 0 7918 0.0001 NA NA 1x10-5

MODEL5 7.11x10-16 7918 0.2 0.001 50 NA
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Table S5.6. Maximum likelihood estimates of the site of selection, selection coefficient, initial
frequency  of  favourable  allele,  age  of  this  standing  favourable  allele,  and
migration rate for sulfometuron resistance using scaffold_6912|ref0027973 and
the following populations: Susceptibles: ACC01,ACC19,ACC21 and Resistants:
ACC14,[ACC51,ACC53].

Model
Mean Relative
Composite -
logLikelihood

Site (bp)
Selection

Coefficient
Initial frequency of
resistance allele

Age of
resistance

allele

Migration
rate

MODEL1 8.45 22922 0.6 NA NA NA

MODEL2 11.98 22922 0.6 NA NA 1

MODEL3 59.62 22922 0.5 0.1 0 NA

MODEL4 8.54 22922 0.6 NA NA 1x10-5

MODEL5 37.00 22922 0.6 0.1 0 NA

Table S5.7. Maximum likelihood estimates of the site of selection, selection coefficient, initial
frequency  of  favourable  allele,  age  of  this  standing  favourable  allele,  and
migration rate for sulfometuron resistance using scaffold_6912|ref0027973 and
the following populations: Susceptibles: ACC03,ACC20,ACC57 and Resistants:
[ACC11,ACC12],ACC53.

Model
Mean Relative
Composite -
logLikelihood

Site (bp)
Selection

Coefficient
Initial frequency of
resistance allele

Age of
resistance

allele

Migration
rate

MODEL1 0.40 22366 0.60 NA NA NA

MODEL2 0.51 22366 0.60 NA NA 1x10-5

MODEL3 1.68 22366 0.40 0.1 0 NA

MODEL4 0.37 22366 0.40 NA NA 1x10-5

MODEL5 1.02 22366 0.25 0.1 0 NA
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Table S5.8. Maximum likelihood estimates of the site of selection, selection coefficient, initial
frequency  of  favourable  allele,  age  of  this  standing  favourable  allele,  and
migration rate for terbuthylazine resistance using scaffold_6912|ref0027973 and
the following populations: Susceptibles: ACC07,ACC21,ACC26 and Resistants:
[ACC04,ACC06],ACC55.

Model
Mean Relative
Composite -
logLikelihood

Site (bp)
Selection

Coefficient
Initial frequency of
resistance allele

Age of
resistance

allele

Migration
rate

MODEL1 15.94 22442 0.6 NA NA NA

MODEL2 20.08 22442 0.6 NA NA 1

MODEL3 80.27 22442 0.4 0.1 0 NA

MODEL4 18.00 22442 0.6 NA NA 1

MODEL5 24.69 22442 0.6 9.58x10-7 0 NA

Table S5.9. Maximum likelihood estimates of the site of selection, selection coefficient, initial
frequency  of  favourable  allele,  age  of  this  standing  favourable  allele,  and
migration rate for terbuthylazine resistance using scaffold_6912|ref0027973 and
the following populations: Susceptibles: ACC07,ACC21,ACC26 and Resistants:
ACC09,[ACC60,ACC62].

Model
Mean Relative
Composite -
logLikelihood

Site (bp)
Selection

Coefficient
Initial frequency of
resistance allele

Age of
resistance

allele

Migration
rate

MODEL1 23.20 22442 0.6 NA NA NA

MODEL2 28.47 22442 0.6 NA NA 1

MODEL3 76.57 22442 0.6 0.1 0 NA

MODEL4 23.20 22442 0.6 NA NA 1x10-5

MODEL5 67.59 22442 0.6 0.1 0 NA
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