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Abstract

Evolution of resistance to fungicides threatens control of plant pathogens.
Resistance management tactics such as application of fungicides with different
modes of action (MoA) in mixture or alternation can slow selection for resistance,
but it is unclear which strategies work against resistance evolving concurrently to
two or more MoA. In this thesis, mathematical epidemiological models of polycyclic
fungal foliar diseases were used to investigate potential resistance management

tactics.

Use of integrated pest management (IPM) can reduce the fungicide intensity
required for disease control, but resistance management benefits of cultural control
methods are rarely quantified. | developed a model to estimate the resistance
management benefits of a phytosanitary cultural control measure, the ‘soybean-
free period’, used in Brazil to delay infection of soybean crops by Phakopsora
pachyrhizi (Asian soybean rust). | considered interactions with use of fungicide

mixtures and varying dose, application rates and timings.

Mixing two MoAs may require splitting the total dose of each MoA across more
applications, increasing exposure time. Using a model of Zymoseptoria tritici
(septoria ftritici blotch), | showed that dose splitting of a solo MoA increases
selection, but the effect varies with fungicide properties and the type and
magnitude of resistance. | then compared alternation with ‘splitting and mixing’ as
tactics against concurrent evolution of resistance to two MoA, modelling a sexually
reproducing Z. tritici population. The best strategy varied with fungicide and

resistant strain properties.

Incomplete cross-resistance between active substances with the same MoA could
be utilised for resistance management. | used a novel modelling approach to
investigate the resistance management benefits of within-MoA mixtures with
incomplete cross-resistance. Resistance management benefits were greatest
when the level of cross-resistance between active substances was low or negative;
the rate of selection was also dependent on the variation in the fitness of pathogen

strains against individual mixture components.
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Chapter 1

Introduction

1.1  Why does resistance to fungicides matter?

The global human population surpassed 8 billion people in 2022, and is projected
to reach nearly 10 billion people by 2050 (UN, 2024). This poses enormous
challenges to safeguard food security whilst adapting food production to a
changing climate and minimising loss of natural ecosystems to land-use for
agricultural production (Searchinger et al., 2019). Fungal plant pathogens are
associated with substantial yield losses in key food and cash crops globally.
Average yield losses from fungal plant pathogens have been estimated as 10-23%,
but vary between pathosystems, and are typically highest in areas in food-deficit
with fast-growing populations. Yield losses are currently limited in many cases by
the application of fungicides (Fisher et al., 2012; Oerke, 2006; Savary et al., 2019;
Steinberg & Gurr, 2020). Climate change is likely to increase the rate of fungal
infection and to drive emergence of new plant pathogens and shifts in the
geographic ranges of existing pathogens (Chaloner et al., 2021; Fones et al.,
2020). Maintaining control of fungal plant pathogens is therefore a vital component

of food security.

‘Integrated Pest Management’ (IPM) approaches advocate combining multiple
options for disease control, including use of crop cultivars with resistance to
pathogens and cultural control methods, to reduce yield losses from disease.
However, fungicides remain the cornerstone of disease control in many instances,
and are an important part of the grower’s IPM toolbox. In particular, fungicides play
a vital role in maintaining disease control in years when disease pressure is high
(te Beest et al., 2013), and for use in reducing selection for increased pathogen
virulence against cultivar host resistance genes (Carolan et al., 2017; Taylor &
Cunniffe, 2023a). However, the use of fungicides to control plant pathogens is
threatened by the emergence of pathogen strains with resistance to fungicides
(Corkley et al., 2022; Lucas et al., 2015).

The risk of evolution of resistance is particularly high in polycyclic foliar fungal
pathogens which have large population sizes and many generations per year

(Grimmer et al., 2015). These economically damaging pathogens include potato

1
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late blight (Phytophthora infestans), Asian soybean rust (Phakopsora pachyrhizi),
grey mould (Botrytis cinerea) in many crops, barley net blotch (Pyrenophora teres),
apple scab (Venturia inaequalis), Cercospora leaf spot (Cercospora beticola) in
sugar beet, and septoria tritici blotch (STB) (Zymoseptoria tritici) in wheat.
Increasing levels of resistance to multiple fungicide modes of action (MoAs) have
been reported in these pathogens, with a corresponding decline in the level of
disease control provided by the affected fungicides (Abuley et al., 2023; Blake et
al., 2018; Hellin et al., 2021; Ivanov et al., 2021; Jargensen et al., 2022; Mair et al.,
2020, 2023; Mdller et al., 2021; Nasonov & Yakuba, 2024; Pltsepp et al., 2024;
Rangel et al., 2020; Rosenzweig et al., 2020; Rupp et al., 2017; Sofianos et al.,
2023). The pipeline for introduction of new MoAs to the market is limited due to
rapid increases in the costs and time taken to develop and register new active
substances. An increasing level of effort is required to find new compounds that
combine the required level of field efficacy with an acceptable environmental and
toxicity profile (Bryson, 2022). Fungicide resistance management strategies are
therefore needed to reduce selection for resistance to fungicides and safeguard

future yields.

1.2 How does resistance evolve?

Resistance may arise through mechanisms that are specific to an individual mode
of action (MoA), usually involving mutations in the pathogen target-site (target-site
resistance) or target-site overexpression. In contrast, generalist, non-target-site
resistance mechanisms such as enhanced efflux and detoxification can affect
multiple MoAs (Dorigan et al., 2023; Hawkins et al., 2019). Fungicides with a
mode of action (MoA) affecting a single pathogen target site, such as quinone
outside inhibitor (Qol), succinate dehydrogenase inhibitor (SDHI) and
demethylation inhibitor (DMI) fungicides, are at a higher risk of resistance
development than multi-site fungicides, as a single mutation is more likely to result

in a moderate or high level of resistance to the fungicide (Hollomon & Brent, 2009).

The driving force for the spread of any resistance allele in a pathogen population
is natural selection (Hollomon & Brent, 2009): pathogen strains with a heritable
increase in resistance to the action of a fungicide have greater fitness in the
presence of that fungicide than strains that are sensitive to the fungicide. Over time
and with repeated applications of the fungicide, resistant strains outcompete
sensitive strains and increase in proportion in the pathogen population, replacing

the sensitive strains (Figure 1.1). As the frequency of resistant strains increases,
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the overall sensitivity of the pathogen population to the fungicide decreases (van
den Bosch et al., 2011).

Within a single season, the epidemic of many polycyclic fungal foliar pathogens
increases primarily through asexual reproduction producing haploid
pycnidiospores (Eriksen & Munk, 2003), with overlapping generations consistently
reproducing the same allele combinations and resistance phenotype. To
understand evolutionary processes within a season, it is therefore helpful to
consider the epidemic in terms of the per capita rate of increase, or ‘growth rate’
(r) of each strain: a number which combines the repeating stages of lesion
establishment, growth and sporulation into a single measure of the success of a
strain at a given point in time. The rate of selection for a resistant strain is
determined by the difference in growth rates between the resistant strain and the
more sensitive strains in the population (van den Bosch et al., 2014a). The greater

the difference in growth rates, the faster the rate of selection for the resistant strain.
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Figure 1.1: When fungicide is applied, resistant strains grow at a faster rate than
sensitive strains, leading to an increase in the proportion of the pathogen

population that is resistant.

Resistance mutations in a pathogen’s genome may already be present at low
levels as ‘standing genetic variation’, or new (‘de novo’) mutations may occur by
chance (Hawkins et al., 2019). If no fungicide is applied, strains with these
mutations do not have a fithess advantage, and the frequency of resistance genes

is likely to remain low. Resistant lineages at low frequencies may die out due to

3
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chance (a stochastic process known as ‘genetic drift’). When a fungicide is applied,
the strong fitness advantage conferred by resistance mutations means that these
genes are likely to increase in frequency and become fixed in the population. The
time taken for de novo mutations to become fixed in the population is known as the
‘emergence phase’ of resistance development. The emergence phase is followed
by a ‘selection phase’ once a resistance gene becomes sufficiently common that it
is unlikely to be lost from the population by genetic drift (van den Bosch et al., 2011;
Hobbelen et al., 2014).

1.3 What is a resistance management strategy?

A successful resistance management strategy should delay the build-up of
resistance to fungicides in pathogen populations for as long as possible, whilst
maintaining adequate disease control (Corkley et al., 2022; van den Bosch et al.,
2014a; van den Bosch & Gilligan, 2008). A tactic that only accomplishes one of
these goals without the other is not a successful resistance management strategy.
For example, stopping application of fungicides would delay the build-up of
resistance to fungicides indefinitely, but disease control would be inadequate
without fungicide in many years (Steinberg & Gurr, 2020), so this would not be an
acceptable resistance management strategy. Conversely, increasing fungicide
dose in order to compensate for a decline in fungicide efficacy is a short-term tactic
to maintain adequate disease control (Shaw, 2006; van den Bosch et al., 2014a,
2018), but it is likely to accelerate selection for resistance to the fungicide, so this
should not be viewed as a resistance management strategy (van den Bosch et al.,
2011).

Previous modelling and experimental studies have considered a range of potential
changes to fungicide programmes which could form part of a fungicide resistance
management strategy, as reviewed by van den Bosch et al. (2014a) and Corkley
et al. (2022). Depending on the change made, and variation in the biology of
different pathogens, such changes could either increase or decrease selection for
resistance (Birch & Shaw, 1997; Elderfield et al., 2018; Hobbelen et al., 2011b;
Shaw, 2006; Taylor & Cunniffe, 2023b; van den Berg et al., 2013; van den Bosch
et al., 2011, 2014b):

e Change the fungicide dose at each application

e Change the number of fungicide applications

e Change the timings of fungicide applications.
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¢ Apply two or more different fungicidal modes of action in mosaic within a
landscape.
e Apply two or more different fungicidal modes of action in mixture or

alternation.

Van den Bosch et al. (2014a) consider each of these strategies in terms of
‘governing principles of selection for resistant strains’, building on work by
Milgroom & Fry (1988). They conclude that the cumulative difference in growth
rates of the resistant and sensitive strains, and therefore selection for resistance,
can be reduced in three ways (or a combination of the three), as follows.

1. Reduce the growth rates of both the sensitive and resistant strains.

2. Reduce the growth rate of the resistant strain relative to that of the sensitive
strain.

3. Reduce the time span over which selection takes place (exposure time).

Van den Bosch et al. (2014a) summarise these principles using the following

equation:
ST = (rg —15)T (D

where s is the selection coefficient, ry is the growth rate of the resistant strain, r
is the growth rate of the sensitive strain, and T is the exposure time of the pathogen
population to a fungicide. Reducing sT therefore reduces the rate of increase of
resistant strains in the population. For example, increasing the number of
applications of a fungicide increases exposure time, and has been shown to
increase selection for resistance (Hobbelen et al., 2011a; van den Bosch et al.,
2014a). Increasing the dose rate of a fungicide application is predicted to increase
the cumulative difference in the growth rates of resistant and sensitive strains, and
so increase selection for resistance (van den Bosch et al., 2011). Conversely,
modelling and experimental evidence suggest that resistance development can be
slowed by applying at-risk fungicides in mixture with a fungicide with a different
MoA that the resistant strains are sensitive to (Hobbelen et al., 2011b; van den
Bosch et al., 2014a, 2014b), as this reduces the difference in the growth rates of

resistant and sensitive strains.

In practice, the effect of fungicide on strain growth rates varies over time as the
foliar concentration of the fungicide decreases due to the effects of plant
metabolism and the abiotic environment including solar radiation and rainfall
(Fantke & Juraske, 2013; van den Bosch et al., 2014a). Pathogen growth rates
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may also become limited by density dependence towards the end of the growing
season, if there is limited healthy leaf area left for infection due to crop senescence
and existing infection (van den Bosch & Gilligan, 2008). The growth rate of strain
‘R’ at time t can be denoted as 1 (t). Equation (1) can then be adapted to represent

total selection over time T with time-varying pathogen growth rates:

T

s(My= | (=@ —rs(0))dt (2)

t=0

There is an important distinction between strategies aiming to prevent emergence
of resistance alleles in the first place, and those aiming to slow the selection phase.
As the selection phase may be rapid (Deising et al., 2008) even with the use of
resistance management tactics, the greatest gains in the number of seasons for
which fungicides are effective may be achieved by delaying emergence. Ideally, a
resistance management strategy should balance both aims, but this is not
straightforward. If the mutation rate is constant, then keeping pathogen populations
small should reduce the chance of a mutation conferring resistance to fungicides
occurring (Milgroom, 1990). Emergence of resistance can therefore be slowed by
larger doses in limited circumstances if they reduce the pathogen population
sufficiently to restrict mutational supply (Mikaberidze et al., 2017). However, this
might occur only at dose rates in excess of the maximum label dose, and also
conflicts with increased selection for resistance alleles affecting the same mode of
action that are in the selection phase (Mikaberidze et al., 2017; van den Bosch et
al., 2011, 2014a). Mikaberidze et al. (2017) concluded that larger doses would
accelerate emergence in most biologically plausible scenarios: even following
fungicide treatment, the population size (and corresponding number of cell
divisions) and genetic diversity of fungal foliar pathogen populations can be so
large that the rate of evolution of resistance is unlikely to be limited by mutational
supply (McDonald et al., 2022; Mikaberidze et al., 2017).

Resistance management strategies should also make use of resistant cultivars and
other IPM measures (Jargensen et al., 2014; Taylor & Cunniffe, 2023a) to reduce
the growth rate of the pathogen and therefore minimise differences in growth rates
between sensitive and resistant strains. There is a risk of evolution of virulence to
resistant cultivars; the risk is lower for host resistance that is due to a combination
of many quantitative resistance genes, each with a small effect, than host
resistance that relies on a few major genes (Brown, 2015). Cultural control

measures are often aimed at reducing pathogen inoculum. For example, burning,
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burial or covering of wheat stubble and potato discard piles can be effective
strategies to reduce Z. tritici and P. infestans inoculum, and leaf shredding is a
useful strategy for control of V. inaequalis (Cooke et al., 2011; McDonald & Mundt,
2016; Meitz-Hopkins et al., 2023; Vincent et al., 2004). Strategies also include
elimination of weeds and volunteer crops that can act as ‘green bridges’ for
pathogen survival after harvest, or that play an important role in the pathogen life
cycle. For example, barberry (Berberis spp.) is an important host for the pathogen
wheat stem rust (Puccinia gramini f. sp. tritici) for sexual reproduction to produce
overwintering teliospores. Control of barberry can therefore be a very effective
control strategy in areas with cold winter weather (Barnes et al., 2020; Peterson,
2018). A soybean-free period has been introduced in parts of Brazil with the aim of
minimising green bridges and reducing P. pachyrhizi inoculum (Godoy et al., 2016;
Yorinori, 2021). Use of cultivar mixtures to reduce disease pressure (Kristoffersen
et al., 2020) and choice of tolerant cultivars which yield well even under high
disease pressure (Jargensen et al., 2014; van den Bosch et al., 2022) can also be
useful as they enable a reduction in fungicide dose rates, reducing selection for

resistance.

In general, stacking disease control measures reduces the potential fitness
advantage for the pathogen of evolving resistance to any individual measure
(Corkley et al., 2022); a diverse disease control strategy that relies most heavily
on measures at lower risk of evolution of resistance will therefore be more resilient
to evolution of resistance (Figure 1.2). However, the fungicide resistance

management benefits of many IPM measures are currently unquantified.
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Fungicide
programme
choice

Cultivar
resistance

Cultural control

Figure 1.2: IPM pyramid for disease control and resistance management. Disease
control should rely most heavily on measures at lower risk of resistance evolution,
likely to include many cultural control measures and use of tolerant crop cultivars
(bottom segment of the pyramid). Cultivar resistance can provide durable disease
control, especially if many quantitative host resistance genes are stacked together,
but there is a risk that pathogens might evolve virulence (middle segment of the
pyramid). Although any application of fungicides will increase selection for
fungicide resistance, choice of fungicide programme can be used to diminish the

rate of selection for resistance (top segment of the pyramid).

1.4 Additional challenges for resistance management
when resistance is evolving concurrently to two or more
fungicides

Strains with multi-fungicide resistance have been observed in multiple fungal
pathogens, including B. cinerea, V. inaequalis, C. beticola, P. pachyrhizi and Z.
tritici (Chapman et al., 2011; Chatzidimopoulos et al., 2022; Garnault et al., 2019;
Mdller et al., 2021; Omrane et al., 2017; Rupp et al., 2017; Trkulja et al., 2017).
Both generalist resistance mechanisms such as enhanced efflux and strains
combining target-site mutations to multiple MoAs are of concern (Ballu et al.,

2024). The availability of low-risk multisite fungicides is increasingly restricted
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through regulation, and the rate of development of new MoAs has slowed, resulting
in less flexibility for disease control and resistance management. It is not clear what
the best strategies are for managing resistance evolving to two or more fungicidal
modes of action (MoA) at the same time (‘concurrent evolution of resistance’): this
situation introduces complex trade-offs. The best strategy for one MoA might not
represent the optimal strategy for a second MoA. For example, Dooley et al. (2016)
showed that mixtures of a DMI fungicide and a SDHI fungicide reduced selection
for resistance against the DMI fungicide, but that the selection for the SDHI

fungicide was not reduced by mixture with the DMI fungicide.

The use of mixture introduces trade-offs if resistance is evolving concurrently to
both MoA (Figure 1.3). In many years, multiple fungicide applications are required
to keep Z. tritici below damaging levels of severity, so use of mixture would require
splitting the total dose of a fungicide across two or more applications: ‘splitting and
mixing’. Dose-splitting reduces the dose of each MoA per application but increases
the exposure time of the pathogen to the fungicide, with counteracting effects on
selection. Modelling studies predict that the effect of additional exposure time on
selection will generally outweigh the effect of reduced dose and this is supported
by some experimental evidence (van den Bosch et al., 2014a). However, the
effects of dose-splitting on selection for partial fungicide resistance mechanisms
that are effective only at smaller fungicide concentrations have not been modelled.
In addition, recent experimental evidence did not show an effect of dose splitting
on selection (Young et al., 2021). There is therefore a need to better understand
how fungicide properties (efficacy and decay rate) and the type and
magnitude of resistance determine the effect of dose splitting on selection,
to help identify cases where, overall, the use of dose-splitting to enable mixture

would be beneficial.

There is also a need to understand how strategies such as alternation and
‘splitting and mixing’ of two MoA compare in terms of the rate of selection
for double-resistant strains when resistance is evolving concurrently to both
MoA. Many fungal foliar pathogens undergo sexual reproduction at some point in
their life cycle. Sexual reproduction will produce new combinations of resistance
alleles through reassortment and crossing over, maintaining high levels of genetic
diversity and potentially producing new pathogen strains or boosting the frequency
of rarer strains (Chen & McDonald, 1996; McDonald et al., 2022; Zhan et al., 2003),
or potentially diluting double-resistant strains if there is population mixing with

untreated, more sensitive populations (Helps et al., 2020). It is therefore important

9



Chapter 1 Introduction

to investigate the effects of sexual reproduction on the concurrent evolution

of resistance to two or more MoA (Taylor & Cunniffe, 2023b).

+ X No mixture effect
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Figure 1.3: A balancing act: trade-offs of alternating or ‘splitting & mixing’ two at-

risk fungicidal modes of action.

1.5 Models of the evolution of fungicide resistance

Models of plant disease epidemiology attempt to capture the fundamental
processes in complex systems encompassing the effects and interactions of
pathogen life cycles, crop development, the action of fungicides, and human and
physical geography (Cunniffe et al., 2015). Model simulations that combine the
governing principles of evolutionary biology with the specific effects of fungicide
programmes, resistance genes, and pathogen biology can be used to predict the
effects of different resistance management strategies (van den Bosch et al.,
2014a). Field experiments can be costly to run, and repetition over multiple sites
and years is usually required to understand biological processes that can be highly
variable. Modelling enables exploration of many possible strategies and scenarios

that it may be impractical, expensive or unethical to investigate using field trials.

As noted by the statistician George Box, “All models are wrong, but some models

are useful” (Box, 1976). A balance between model realism and model parsimony
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is required. One benefit of using models is the ability to simplify very complex
systems, to better understand the effects of a subset of factors. Conversely,
simplifying model assumptions excluding important processes might lead to
different model results and conclusions. For example, the inclusion of density
dependence and competition for limited host resources can have a substantial
effect on model results (van den Bosch & Gilligan, 2008). The inclusion, or
otherwise, of stochasticity (Shaw, 1994) and levels of spatial heterogeneity
(Cunniffe et al., 2015; Parnell et al., 2006; Shaw, 2000) should also be considered.
However, it must be recognised that model parameter values for aspects of the
system that are currently poorly understood can be very uncertain (Cunniffe et al.,
2015; Shaw, 1994), but could still have a large impact on model results. Wherever
possible, models should be parameterised and validated against experimental
data, including data from field trials, to enable greater confidence in the model

results.

The representation of the action of fungicides against the pathogen has an
important influence on the conclusions of modelling studies (van den Bosch &
Gilligan, 2008). Some models represent the average effect of a fungicide on
pathogen severity or growth rate (Shaw, 1989), which can be directly calculated
from experimental data if one assumes that the effect of the fungicide is constant
over the period between application and measurement of fungicide efficacy.
Models that explicitly represent fungicide dose decay and the resultant variation in
the effect of the fungicide on the pathogen over time are more suitable for
modelling cases where there is time-dependent interaction between factors
affecting selection for resistance (for example Hobbelen et al., 2011a; Milne et al.,
2007; van den Berg et al., 2013). The effect of a fungicide on the pathogen growth
rate is a result of the combined effects of the fungicide on various pathogen life
cycle processes, such as germination rate, sporulation rate and the length of the
latent phase, which protectant and systemic fungicides may affect differently; this
is represented explicitly in some modelling studies (e.g. Hobbelen et al., 2011b;
Milne et al., 2007; van den Berg et al., 2013). The representation of the effect of
fungicides in mixtures also affects model conclusions: for example whether the
effect of two fungicides is additive or multiplicative (Morse, 1978; Paveley et al.,
2003), and whether there is any synergy or antagonism (Shaw, 1989) between the
fungicides. Joint action of fungicides with incomplete cross-resistance within

a MoA is not adequately represented by either the additive or multiplicative
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models, but is relevant for some important MoA groups including DMIs and
SDHiIs.

1.6 Project aims

The aim of my research is to investigate which strategies are likely to provide both
effective resistance management and robust disease control in cases where
resistance is evolving to two or more fungicides at the same time, both for
fungicides with different modes of action (MoA) and in cases where there is
variable resistance to fungicides with the same MoA (‘incomplete cross-
resistance’). | aim to use model simulations of the evolution of resistance for a wide
range of scenarios to improve understanding of the trade-offs involved in managing

concurrent evolution of resistance and inform strategies for current and future MoA.

1.7 Modelling approach

In this thesis, | use models derived from the approach of Hobbelen et al. (2011a,
2011b) to investigate the effects of different resistance management strategies on
the rate of selection for resistance. These models were parameterised and
validated with data on disease epidemic progress from multiple sites and years,
and have subsequently been applied or adapted in a number of modelling studies
(Elderfield et al., 2018; Hobbelen et al., 2013; Taylor & Cunniffe, 2023; van den
Berg et al., 2013, 2016). The modelling approach describes the fungicide dose
response curve as a combination of the foliar fungicide decay rate, which is used
to track the ‘effective dose’ remaining at any point in time D(t), and the effect of
that dose on pathogen life cycle parameters such as transmission rate and latent
period, measured as a fractional reduction, f(t). The impact of the fungicide on
the pathogen life cycle is greatest at large effective doses, where the maximum
effect is defined by an ‘asymptote parameter’, and the rate at which the effect
decreases with reducing fungicide doses is defined by a ‘curvature parameter’. The
type and magnitude of fungicide resistance is defined by its effect on the dose
response of pathogen strains to the fungicide, reducing the asymptote or curvature
parameters (Figure 1.4). Complete resistance means that the fungicide does not
have any effect on the growth rate of the pathogen at any legal dose rate. Partial
resistance might take the form of a reduction in the maximum effect of the fungicide
on the pathogen growth rate even at large effective doses, or a reduction in the
effect of smaller effective doses. | refer to these cases as ‘asymptote shifts’ and
‘curvature shifts’ respectively, representing their impacts on the dose response

curve.
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Figure 1.4: Fungicide dose response: effect of asymptote, curvature, and fungicide
concentration, D(t), on the fractional reduction f(t) of pathogen life cycle
parameters. D(t) is expressed as a proportion of the maximum permitted individual

dose (as defined on the product label).

I model two economically damaging foliar fungal pathogens in this thesis: P.
pachyrhizi and Z. tritici. These pathogens are important case studies in their own
right for management of fungicide resistance, but many of the evolutionary drivers
| consider in my thesis are also generalisable to other fungal pathogens with similar
life cycles. Phakopsora pachyrhizi is an obligate biotrophic foliar fungal pathogen
of soybean crops, of concern in many soybean-producing regions including in
Brazil (Godoy et al., 2016). It has a rapid population growth rate through asexual
reproduction and can cause severe defoliation with yield losses of up to 80% when
untreated, especially if infection occurs early in plant development (Dalla Lana et
al., 2015; Hartman et al., 1991; Kumudini et al., 2008). Fungicides are a vital part
of disease control in Brazil; due to the rapid development of epidemics, calendar-
based application of two to five fungicide sprays per growing season is common
(Beruski et al., 2020; Yorinori, 2021). However, this reliance on fungicides has led
to rapid evolution of fungicide resistance (Dalla Lana et al., 2018; Godoy et al.,

2016; Muller et al., 2021). Zymoseptoria tritici is one of the most common,
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widespread and damaging pathogens affecting winter wheat crops in the UK,
Ireland and Europe. When uncontrolled, it is associated with a reduction in crop
quality and yield losses of 20-50% (Burke & Dunne, 2008; Fones & Gurr, 2015;
Steinberg & Gurr, 2020), due to a reduction in the green leaf area of the crop
available for photosynthesis. Zymoseptoria tritici infection of the upper leaf canopy
proceeds mostly through asexual pycnidiospores, but it forms overwintering
ascospores through sexual reproduction (Eriksen & Munk, 2003; Shaw & Royle,
1989). Zymoseptoria tritici is a highly adaptable pathogen (McDonald & Mundt,
2016) and has evolved varying levels of resistance to multiple MoAs, including Qol,
DMI and SDHI fungicides, with impacts on disease control (Blake et al., 2018;
Cools & Fraaije, 2013; Hellin et al., 2021; Jgrgensen et al., 2022; Torriani et al.,
2009; van den Bosch et al., 2020).

1.8 Key research questions
In this thesis, | address the following research questions:

1.a. What information does existing research provide to support choice of
fungicide resistance management strategies, and what barriers prevent
uptake of fungicide resistance management strategies?

These questions are addressed in a review paper (Chapter 2), summarising
existing experimental and modelling evidence on the effect of fungicide dose rates,
application timing, mixture and alternation strategies on selection for resistance.
There is abundant evidence to support resistance management strategies against
evolution of resistance to a single at-risk fungicide, but little evidence on which
strategies are likely to work against concurrent evolution of resistance. Social,
economic and information barriers preventing full uptake of fungicide resistance

management strategies are reviewed in the section ‘Principle versus practice’.

2. What is the value of phytosanitary cultural control for fungicide resistance
management?

IPM measures have value for disease control and are typically at lower risk than
fungicides from evolution of resistance or pathogen adaptation. IPM measures that
directly suppress pathogen growth rates will minimise the difference between the
growth rates of sensitive and resistant strains, directly reducing the fitness
advantage of resistant strains and therefore contributing to fungicide resistance
management. The fungicide resistance management value of phytosanitary
cultural control methods that do not suppress pathogen growth rates after the onset

of infection is less clear. However, delaying the onset of disease has the potential
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to reduce the maximum severity of the epidemic and to reduce the level of chemical
control required for adequate disease control. In Chapter 3, | explore the value of
phytosanitary cultural control methods in the asexual pathogen Phakopsora
pachyrhizi (Asian soybean rust) for resistance management of a strain with
resistance to an SDHI fungicide, in combination with mixtures of different MoAs
with varying dose rates, number and timing of applications. | describe the
development and parameterisation of a compartment epidemiological model of P,
pachyrhizi, including parameterisation and validation of fungicide dose response

parameters from commercial field trial data.

3. How does the impact of dose splitting vary with fungicide properties and
the type and magnitude of resistance?

Dose splitting is a key trade-off for management of concurrent evolution of
resistance, as if multiple applications are needed to control disease, use of mixture
would require splitting the total dose of a fungicide across two or more applications.
The drivers of variation in the effects of dose splitting are not well understood.
Previous modelling studies have predicted that dose splitting without a mixture
partner will increase selection for strains with an asymptote shift, because
increased exposure time increases selection more than halving the dose at each
application timing reduces selection. However, variable effects of dose splitting on
selection for resistance have been observed in field experiments, and the effect of
dose splitting on selection for partially resistant strains with a curvature shift is not
known. In Chapter 4, | use a compartmental epidemiological model of Z. tritici to
investigate how the effect of dose splitting on selection for resistance to a single
fungicide varies with fungicide properties and the type and magnitude of

resistance.

4. Which is the better strategy against concurrent evolution of resistance:
alternation or splitting and mixing?

To address this question, | use Z. tritici as a case study to investigate the rate of
selection for double-resistant strains when two at-risk MoA are either mixed (with
dose-splitting) or alternated (without dose-splitting). In Chapter 5, | extend the
model developed in Chapter 4 to include the effects of sexual reproduction on the
frequencies of sensitive, single-resistant and double-resistant strains. Since the
results reported in Chapter 4 show that the effect of dose splitting on selection for
resistance varies with fungicide properties and the type and magnitude of

resistance, | model scenarios of concurrent evolution of resistance across a large
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range of combinations of fungicide dose response parameters, asymptote and

curvature shifts.

5. Can incomplete cross-resistance within a fungicidal mode of action be

useful for resistance management?

The success of mixture between fungicides with different MoA relies on the general
absence of cross-resistance between MoAs. Mixtures of fungicides with the same
MoA and complete cross-resistance do not contribute to resistance management.
Existing models of the joint action in mixture of two or more fungicides on pathogen
growth rates typically use either an additive dose model (ADM) or a multiplicative
survival model (MSM), assuming complete cross-resistance or the complete
absence of cross-resistance respectively. However, in some cases cross-
resistance is only partial within a MoA, for example azole fungicides in the
demethylation inhibitor (DMI) group. In Chapter 6, | describe the development of a
mathematical population genetic model to explore possible resistance
management benefits of mixtures of fungicides with the same MoA with incomplete
cross-resistance. | investigate how the resistance management benefits of mixture
of fungicides with the same MoA but incomplete cross-resistance vary with the
number of fungicides and the degree of cross-resistance between fungicides
included in the mixture. | compare the performance of programmes utilising

mixture, alternation or mosaic within a MoA with incomplete cross-resistance.
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Fungicide resistance management:
Maximising the effective life of plant
protection products
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The following review paper was published in Plant Pathology 71(1):150-169 in
September 2021. | summarise existing research on resistance management
strategies, covering the effects of dose rates, application timing, and use of

mixtures or alternations of different fungicides.

The review highlights the fundamental role of IPM as part of fungicide
resistance management, including cultural control and use of resistant crop
cultivars, to reduce pathogen growth rates and the intensity of fungicide application

required, thereby reducing selection for resistant pathogen strains.

Information gaps for the management of concurrent evolution of resistance
are identified, including variability in the benefits of mixture depending on
mixture components, and a lack of modelling evidence on the relative
benefits of mixture and alternation as resistance management strategies in

fungal pathogens with a life cycle including a sexual reproduction stage.

The potential for mixtures of fungicides with partial cross-resistance to
contribute to resistance management is introduced and experimental evidence

reviewed; no modelling evidence was found.

| also consider barriers to uptake of resistance management strategies in the
section ‘Principle Versus Practice’. For successful uptake, tactics must be

economic, practically achievable and clearly and consistently communicated.

2.1 Abstract

Effective crop protection is vital to safeguard food security, but growers are reliant

on a limited toolbox in the face of diverse and evolving pathogens. New crop
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protection methods need to be developed, but it is also important to prolong the

effective life of existing products through resistance management.

Some core principles in fungicide resistance management, such as using different
modes of action and limiting repeat applications of any single mode of action, are
long established. However, other aspects have been long debated, such as using
higher or lower dose rates, mixtures or alternations, and whether to spray

protectively or only if a disease threshold is reached.

Continuing research into these questions uses a range of approaches, including
modelling, experimental trials, and ongoing monitoring of pathogen populations.
Molecular diagnostics allow higher-throughput monitoring and earlier detection of
emerging resistance. Resistance management guidelines must also be continually

updated as new fungicides, and other crop protection measures, are introduced.

However, designing optimal resistance management strategies is only half of the
story, because a strategy will only be effective if growers follow it in practice. This
is more difficult where there are hard trade-offs between reducing selection for
resistance in the future and achieving greater disease control in the present, or
where there is a choice between a strategy that would be optimal on average or
one that minimises the risk of control failure in any year. Therefore, communication

with farmers is an aspect of resistance management that must not be overlooked.

2.2 Introduction

Over a third of potential crop production worldwide is lost pre-harvest to pests and
diseases (Oerke and Dehne, 2004), with pathogen-related spoilage also
contributing to post-harvest food waste. Without effective crop protection, it has

been estimated that pre-harvest losses would double (Popp et al., 2013).

Crop protection against plant pathogens relies heavily on fungicide use in addition
to varietal resistance. However, repeated use of single-site fungicides with the
same mode of action (MoA) can lead to the evolution of resistance. The total
economic cost of resistance against all pesticides in the US was calculated at $1.5
billion USD in 2005, primarily due to additional pesticide use in order to control

pests resistant to previously-effective treatments (Pimentel, 2005).

The first site-specific fungicides were the methyl benzimidazole carbamates
(MBCs), and in their 50 years of use, resistance has been reported in almost 100
plant pathogen species (Hawkins and Fraaije, 2016; FRAC, 2020b). In some

pathogens, resistance emerged after just two years of fungicide use (Grimmer et
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al., 2015). Azole resistance has been reported in 30 plant pathogens (FRAC,
2020b), in over 60 countries (Fisher et al., 2018). Quinone outside inhibitor (Qol)
resistance has been reported in almost 50 species (FRAC, 2020b) after two
decades of use, but in one pathogen, resistance emerged after just one year of
use (Grimmer et al., 2015). Resistance has evolved against all major single-site
fungicide classes, and in the case of the grey mould pathogen Botrytis cinerea,
resistance against 15 different fungicide classes has been reported in a single
pathogen species (FRAC, 2020b; Hahn, 2014) and resistance to seven modes of

action in single isolates (Fernandez Ortuno et al., 2014).

With the loss of effective fungicides due to resistance, as well as public concerns
about potential environmental and health impacts of agrochemicals, there is an
increasing focus on developing non-chemical control measures and using
integrated pest management (IPM) strategies (Birch et al., 2011; Pertot et al.,
2017). However, for many crops, chemical control is still likely to be a necessary
part of crop protection for the foreseeable future (Popp, 2011), so fungicide
resistance management strategies must be deployed in order to extend the

effective lifespan of available products.

Concerns about resistance, and the need to develop consistent guidelines for
resistance management, led to the formation of the Fungicide Resistance Action
Committee (FRAC) by CroplLife International, a consortium of agrochemical
companies, because multiple companies produce fungicides with the same mode
of action and so coordinated guidelines are needed (Brent and Hollomon, 2007).
In addition, regional groups, such as FRAG-UK in the United Kingdom (Burnett,
2011) and NORBARAG (Kudsk, 2010) in the Nordic-Baltic region, include
researchers and regulators as well as industry, and produce local guidelines.
Regional Plant Protection Organisations (RPPOs), such as the European and
Mediterranean Plant Protection Organisation (EPPO), are intergovernmental
organisations producing guidelines and regulatory frameworks for plant health,

including resistance management (EPPO, 2015).

The major classes of fungicides are listed in Table 2.1, along with their target sites
and reported resistance mechanisms. In most cases, cross-resistance applies
across fungicides within a single mode of action (Heaney et al., 2000), but there
are some exceptions. For azoles and succinate dehydrogenase (sdh) inhibitors
(SDHIs), some target site mutations confer incomplete cross-resistance across the

group, with some mutations conferring higher levels of resistance against some
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compounds but lesser or even negative cross-resistance to others (Leroux et al.,
2000, Sierotzki and Scalliet, 2013). Conversely, some efflux pumps confer a multi-

drug resistant phenotype, or MDR (Omrane et al., 2015).

The term “fungicides” is used throughout, but similar resistance problems and
management strategies apply for compounds used to control oomycete pathogens
such as powdery mildews and potato blight, including phenylamides (PAs),
carboxylic acid amides (CAAs) and first-generation quinone inside inhibitors (Qils)
(FRAC, 2020a, FRAC, 2020b), and some fungicides such as Qols and some
multisite inhibitors are active against oomycetes as well as fungi. In the grapevine
downy mildew Plasmopara viticola, resistance has been reported against five
fungicide classes including phenylamides, CAAs and Qols (FRAC, 2020b). More

broadly, similar principles apply for all pesticides.

2.3 The “One Health” Context

The “One Health” framework recognises that human, animal and environmental
health are inextricably linked, in areas including antimicrobial resistance (Robinson
et al.,, 2016), and it is now increasingly recognised that plant health should be
included too (van Bruggen et al., 2019), since plants are essential both in healthy

ecosystems and for human nutrition.

Antimicrobial resistance is a universal problem across human, animal and plant
health, including antibiotic resistance in livestock, human disease and plant
pathogens (Robinson et al., 2016; Sundin and Wang, 2018), and fungicide
resistance in fungal pathogens of humans and plants (Fisher et al., 2018).
Pesticide resistance can affect insecticides, nematicides, rodenticides and
herbicides as well as fungicides (Jutsum et al., 1998). Similar evolutionary drivers
(Allen et al., 2017; Hawkins et al., 2019), and similar options for resistance
management in practice, apply across the different pests and pathosystems
(Beckie et al., 2021; Jutsum et al., 1998; Raymond, 2019).

Crop protection also directly affects human health and nutrition (Swanton et al.,
2011). Crop diseases threaten food security, reducing food availability through yield
losses, and reducing food access, safety and nutritional quality due to food
spoilage and mycotoxin production (Savary et al., 2017). Therefore, pathogen
control failure due to the evolution of fungicide resistance or the breakdown of host
plant resistance will exacerbate these problems (McDonald and Stukenbrock,
2016).
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Table 2.1: Major classes of fungicides

Fungicide group

Benzimidazoles / MBCs (methyl
benzimidazole carbamates)

Azoles / DMIs (demethylation
inhibitors)

Strobilurins / Qols (Quinone
outside inhibitors)

SDHIs (succinate
dehydrogenase inhibitors)

Qils (Quinone inside inhibitors)

Dicarboximides

Morpholines / amines

Multisite inhibitors
CAAs (carboxylic acid amides)

PAs (phenylamides)

Examples?

Benomyl,
carbendazim
Tebuconazole,

Epoxiconazole,
Prothioconazole

Azoxystrobin,
Picoxystrobin

Bixafen,
fluxapyroxam,
fluopyram

Fenpicoxamid;
Amisulbrom

Iprodione,
vinclozolin

Fenpropimorph,
spiroxamine

Chlorothalonil,
Folpet

Dimethomorph,
Mandipropamid

Metalaxyl,
benalaxyl

Chapter 2 Literature Review: Fungicide Resistance Management

Target site
B-Tubulin

CYP51 (sterol
demethylase)

Cytochrome b (quinone
outside binding site)

Succinate
dehydrogenase
(subunits B, C, D)

Cytochrome b (quinone
inside binding site)

os-1 (histidine kinase:
signal transduction in
osmoregulation)

erg2 and erg24 (sterol
reductase and
isomerase)

Multiple
Cellulose synthase

RNA polymerase |

Resistance mechanisms
Target site mutations

Target site mutations, target site overexpression,
efflux, paralogue number variants

Target-site mutations, AOX overexpression (not
confirmed in planta), efflux

Target-site mutations, efflux,
paralogue number variants

No field resistance in fungi yet (possible cross-
resistance in efflux pump over-expressing
strains); target site mutations in oomycetes

Target site, efflux

Unknown (very rare)

Unknown (very rare)
Target site

Unknown (polygenic)

allustrative examples only; comprehensive list available in (FRAC, 2020a) or subsequent updates.
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However, there have also been concerns about negative effects of plant protection
products on human health (Swanton et al., 2011). Research is ongoing into the
potential role of agricultural use of azole fungicides in the selection of resistance
to clinical antifungal drugs in Aspergillus fumigatus (Verweij et al., 2013), especially
in heavily-treated cropping systems such as flower bulb production (Dunne et al.,
2017) or the associated composting of fungicide-containing residues (Verweij et
al., 2020), so improving resistance management and IPM in these systems would
have benefits beyond plant health. Concerns about the toxicological effects of
pesticides on humans and the environment (Lamichhane et al., 2015b) have
resulted in some active substances being lost due to regulatory changes, reducing
the chemical diversity available and increasing both the importance and the
difficulty of resistance management for the remaining modes of action (AHDB,
2020). Conversely, the loss of highly target-specific compounds due to resistance
would only leave compounds with wider off-target effects. A broader toolbox of crop
protection options is needed to safeguard food security in a way that is both
sustainable environmentally and durable in the face of evolving pathogen

populations (Birch et al., 2011).

2.4 Resistance Risk

The evolution of resistance is a potential risk for all fungicides, but the risk of
resistance and the speed at which resistance is likely to evolve varies between
fungicide classes. Resistance risk also varies between pathogens, and between
agronomic systems due to differing intensity of fungicide use and other practices
affecting disease pressure (Brent and Hollomon, 2007b; EPPO, 2015). The black
Sigatoka pathogen Pseudocercospora fijiensis has rapidly evolved resistance to
several fungicide classes, as its host crop, banana, is typically treated with
fungicides up to 50 times per year. However, different pathogens on the same crop
may have different levels of resistance risk: for example, the barley pathogen
Ramularia collo-cygni has rapidly evolved resistance against multiple fungicide
groups (Rehfus et al., 2019) whereas Rhynchosporium commune has only medium
resistance risk. Cereal powdery mildews have higher resistance risk than cereal
rusts (Brent and Hollomon, 2007b), although rust fungi may not be low risk for all
fungicides (Oliver, 2014). Resistance tends to evolve more rapidly in host-
specialist, polycyclic pathogens, and in pathogens of crops grown in protected

rather than outdoor systems (Grimmer et al., 2015).
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Resistance risk is far higher for site-specific than multisite fungicides, but
differences in resistance risk between the site-specific fungicide classes have been
harder to predict (Grimmer et al., 2014). Fungicides with higher molecular
complexity, or higher molecular weight as a surrogate measure, may have higher
resistance risk due to higher specificity in target site binding, for which small
changes in the target site can cause a drastic reduction in fungicide binding
(Grimmer et al., 2015).

Experimental methods for predicting the resistance risk of a new fungicide class
include in vitro selection, often with ultraviolet light (UV) mutagenesis. This
generates a range of potential mutations; readily generating one or more mutations
with very high resistance factors can be indicative of high resistance risk, although
not all mutations identified in laboratory mutants will go on to emerge in the field
(Hawkins and Fraaije, 2016). Mutagenesis is generally more relevant than baseline
screening in the case of fungicides, since fungicide resistance and especially target
site resistance has been found, in most cases investigated so far, to evolve from
de novo mutations rather than selection from standing variation (Hawkins et al.,

2019), with very few known exceptions (Steinhauer et al., 2019).

In the case of the SDHI fungicides, mutagenesis studies identified several target
site mutations in sdh-B, C and D that subsequently emerged in the field, although
some highly resistant mutations, notably sdhC-H152R, did not rapidly reach high
frequencies in the field. Experimental evolution, in which resistant mutants evolved
within a competing population, demonstrated that this is likely to be due to fitness
penalties: H152R was only selected at high fungicide concentrations, at which
other mutants, with intermediate resistance but higher competitive fitness, could
not survive (Gutiérrez-Alonso et al., 2017). Laléve et al. (2014) used a functional
genetics approach to demonstrate fitness penalties associated with several sdhB
mutations, most strongly for sdhB-H272R, but they also found some evidence of
compensatory mechanisms so fitness penalties will not always prevent a mutation
from emerging. However, the relative fitness of different pathogen genotypes may
depend on environmental conditions, varying between different field sites and
years, as shown by Hagerty et al. (2017) for CYP51 alleles in the septoria tritici
blotch pathogen Zymoseptoria tritici, as well as between laboratory and field

conditions.

Once the first case of resistance has emerged against a fungicide class, usually in

a high-risk pathogen, the time from introduction of the fungicide class to
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emergence of resistance, and the level of resistance involved, can give a clearer
indication of the resistance risk for further pathogen species. Of the major fungicide
classes, the MBCs and Qols are considered high risk; the SDHIs and
dicarboximides, and predictions for new Qils, are medium-high risk; azoles
medium risk; morpholines medium-low risk; and multisite inhibitors low risk (FRAC,
2020a). A high resistance risk means effective resistance management is
essential, otherwise loss of control will occur very rapidly, but even lower risk
fungicides can lose effectiveness over time so continued monitoring is needed. In
Europe, the European and Mediterranean Plant Protection Organization (EPPO)
Standard for Resistance risk analysis comprises assessment of the resistance risk
that would be posed by “unrestricted use”, which then determines what “modifiers”,
such as limited numbers of applications per season or use only in mixtures, are
needed to reduce the risk to an acceptable level (EPPO, 2015). Furthermore, the
resistance factors, cross-resistance patterns, and fitness costs (or absence
thereof) associated with the most likely resistance mechanisms against a fungicide
class are all important in determining the most appropriate resistance management

strategies.

2.5 Resistance Management

The ideal resistance management strategy would entirely prevent the emergence
and spread of resistance, while maintaining effective disease control. Although
theoretically achievable in limited circumstances: aided by fithess costs of
resistance (Hawkins and Fraaije, 2018; Mikaberidze et al., 2014), or negative
cross-resistance between different fungicides (Brent and Hollomon, 2007a): in
many cases these dual aims result in an irreconcilable trade-off. Even in relatively
favourable circumstances for resistance management, fungal plant pathogens
have proven to be immensely adaptable, developing compensatory mutations to
overcome fitness costs (Hawkins and Fraaije, 2018), or overcoming negative
cross-resistance through alternative mechanisms (Hahn, 2014; Leroux et al.,
2002). Large population sizes and numbers of generations in each growing season
provide an ample supply of mutations (Mikaberidze et al., 2017). A more pragmatic
aim for fungicide resistance management, therefore, is to slow down the
emergence and spread of resistance for as long as possible, while maintaining the
necessary level of disease control (Shaw, 2006; van den Bosch et al., 2014a). The
effective life of a fungicide against a pathogen in this context is the number of
seasons for which it continues to provide control of the pathogen, or at least

continues to contribute to control in combination with other measures.
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Effective fungicide resistance management is often a battle against an invisible
enemy, with the greatest gains in effective life to be made during emergence of
resistance while the frequency of the resistance gene is very low. By the time that
a resistance gene is sufficiently common to be detected in population sampling and
data on its sensitivity phenotype and fithess costs collected, further selection can
rapidly select for high frequencies of the resistance gene (Milgroom and Fry, 1988;
van den Bosch et al., 2014a). However, advances in molecular diagnostics are
lowering the detection limits, enabling earlier warnings of emerging resistance
alleles (Dodhia et al., 2021).

A set of general resistance management practices, based on governing principles
of evolution and tested against experimental evidence, have proven useful across
a wide range of pathosystems (van den Bosch et al., 2014a). Modelling studies
demonstrate that strategies that minimise the total difference in the population
growth rates of resistant and sensitive strains over the course of the growing
season thereby minimise selection for resistant strains (Milgroom and Fry, 1988;
van den Bosch and Gilligan, 2008). This can be achieved by reducing the growth
rates of both sensitive and resistant strains; by reducing the growth rate of the
resistant strain relative to that of the sensitive strain; and by minimising exposure
of the pathogen to the fungicide, thereby reducing the length of time for which a
difference in population growth rates exists (van den Bosch et al., 2014a) (Figure
2.1).

The first pillar of fungicide resistance management is to use non-chemical control
methods, such as resistant crop cultivars, to reduce pathogen growth rates and the
need for use of fungicides, and therefore reduce selection for resistant strains
(Jargensen et al., 2014). However, in many cases fungicides may still be required
for disease control, particularly in high pressure seasons (Jgrgensen et al., 2017),
and also to reduce selection for pathogen strains with increased virulence against
resistant cultivars (Carolan et al., 2017). In designing a fungicide programme with
resistance management in mind, decisions include the total number of fungicide
applications required, the timing and dose rate of those applications, which MoAs
to use and whether different MoA will be mixed or alternated (Brent and Hollomon,
2007a). The evidence available to support each of these decisions is reviewed in
the following sections, and the main components of resistance management

programmes are summarised in Figure 2.2.
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Differences in resistant & sensitive
epidemic growth rates drive selection
for resistance

The greater the difference in the growth
rates of resistant (R) and sensitive (S)
strains, the faster selection for the
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Figure 2.1: General principles of fungicide resistance management: reducing the rate of selection of resistant strains
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Figure 2.2: Key elements of fungicide resistance management strategies

2.5.1 Dose rates

A consensus has not yet been reached regarding the impact of dose rates on the
evolution of fungicide resistance. Theoretically, high dose rates can keep pathogen
populations small, reducing the supply of new mutations and thereby slowing the
emergence of resistance (Hobbelen et al., 2014; Milgroom, 1990; van den Bosch
et al., 2011). Sublethal doses could also increase the risk of resistance emergence
due to stress-induced mutagenesis (Amaradasa and Everhart, 2016). In addition,
higher dose rates could reduce the risk of polygenic resistance evolution (Brent
and Hollomon, 2007a), where the accumulation of multiple minor genes causes a
gradual increase in resistance; this could be prevented by dose rates sufficiently
high to eliminate partially-resistant pathogen strains. Evidence from a range of
other systems supports these principles, in particular clinical and modelling studies
of cancer (Foo and Michor, 2010) and of antibiotic resistance (Opatowski et al.,
2010; Roberts et al., 2008; Schrag et al., 2001), where high-dose, short regimens
have been shown to reduce the risk of resistance. Reduced herbicide rates
enabled development of increasing levels of resistance in Lolium rigidum in pot

experiments, whereas higher herbicide doses would have been lethal to individuals
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carrying each single resistance gene before multiple genes could accumulate
(Manalil et al., 2011).

However, there is limited evidence in support of these principles in agricultural field
settings. It has been demonstrated in vitro, but not confirmed in planta, that
sublethal doses of some fungicides can increase rates of stress-induced
mutagenesis in fungal pathogens (Amaradasa and Everhart, 2016; Schnabel and
Chen, 2013). A reduced dose rate of herbicide was shown to select for resistance
in a field experiment (Amaradasa and Everhart, 2016), but the full label rate was
not used for comparison. Use of high doses to kill heterozygotes with intermediate
resistance, in combination with non-treated refugia as a source of susceptible
homozygote immigrants, has been credited with delaying resistance to Bt crops in
insect pests (Tabashnik et al., 2013). However, for many fungal pathogens,
fungicide treatments predominantly take place during haploid stages of the life
cycle, so intermediate sensitivity in heterozygotes is not relevant (van den Bosch
et al., 2011). A modelling study showed that high insecticide dose rates could
supress major-gene resistance in cases where there is a high rate of immigration
into the population, but that in most cases the effective life of insecticides would
instead be increased by reducing doses where major gene resistance is the main
threat (Helps et al., 2017). Experimental evolution in vitro of Z. tritici showed that
higher dose rates selected for mutations conferring higher levels of resistance
(Gutiérrez-Alonso et al., 2017). Manufacturers’ recommended dose rates are
generally set at a level that ensures disease control in high pressure seasons
(Jorgensen et al., 2017), but complete population kill cannot be achieved in field
conditions, so these dose rates may be equivalent to the ‘intermediate’ dose in

some clinical or in vitro studies.

There are also mechanisms by which higher dose rates could increase selection
for resistance. For highly resistant strains able to survive even high doses,
increasing the dose will increase the difference in growth rate between the resistant
and sensitive strains, leading to faster evolution of resistance (van den Bosch et
al., 2011). In addition, many pathogen population growth rates are limited by the
supply of host tissue for infection, so higher doses can increase the growth rate of
resistant strains by reducing competition from fungicide-sensitive strains,
hastening both emergence of, and selection for, resistance (Hobbelen et al., 2014;
van den Bosch and Gilligan, 2008). Even for strains considered only partially
resistant, the doses required to achieve full control may be higher than current

recommended full label rates, so overall, selection for resistance would be reduced

38



Chapter 2 Literature Review: Fungicide Resistance Management

by using lower dose rates (Mikaberidze et al., 2017). A model of polygenically-
controlled fungicide resistance predicted that shifts in sensitivity would proceed
approximately independently of fungicide concentration so long as fungicide doses
are high enough to exert some selection pressure, but this was based on an
assumption that the proportional difference in the growth rates of strains in the
presence of fungicide is independent of fungicide concentration (Shaw, 1989a).
Furthermore, resistance against site-specific fungicides is commonly due to target-
site mutations with high resistance factors, in contrast to herbicide resistance
where polygenic metabolic resistance appears to be more common (Hawkins et
al., 2019). In addition, population size may be so large for some fungal pathogens,
such as Z. tritici, that mutational supply is not limiting for resistance evolution
(Mikaberidze et al., 2017), especially given extensive gene flow at regional and

wider scales (Garnault et al., 2021).

The majority of experimental evidence, including in-field studies, suggests that
higher fungicide doses increase selection for resistance (van den Bosch et al;
2011, van den Bosch et al., 2014a). Such experimental evidence is mostly limited
to the selection phase, tracking known mutations, rather than the initial emergence
of resistance mutations (Blanquart, 2019). Comparison of the speed of emergence
and spread of resistance in different regions and countries indicates that resistance
evolution has progressed faster where higher fungicide rates are applied (Garnault
et al., 2021; Jergensen et al., 2017). However, the effect of dose rate is potentially
confounded with disease pressure, as higher rates of fungicide may be applied in

response to higher disease levels.

Although the choice of dose rate per application remains a contentious topic in
fungicide resistance management, advice that the total number of applications of
an at-risk fungicide should be minimised (whilst maintaining disease control) is less
controversial and is supported by evidence from field and modelling studies
(Hobbelen et al., 2014; van den Berg et al., 2016; van den Bosch et al., 2014a).
Each application increases the exposure time of the pathogen to the fungicide, and
therefore increases overall selection during a growing season. Even if the total
dose of a single application is ‘split’ into two applications at half the dose rate, in
most cases the effect of increased exposure time outweighs the effect of reduced
dose (van den Bosch et al., 2014a): considering typical dose response curves,

halving the dose usually less than halves the fungicide efficacy.
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There is a need for improved understanding of how pathogen life history traits
determine whether higher or lower dose rates are likely to improve management
of both major-gene and polygenic resistance for each fungal pathogen. Pathogens
for which a sufficiently high dose to keep the population size extremely small can
be achieved in-field, without incurring unacceptable levels of phytotoxicity and
environmental and economic costs, are the best candidates for high-dose
strategies. However, this is rarely the case in practice, especially where target site
mutations are associated with high resistance factors. In the absence of
pathosystem-specific evidence on the relative risks of high and low dose rates, the
weight of experimental and modelling evidence to date suggests that, in general,
higher fungicide dose rates increase the speed of selection for resistant strains in-
field, and that the use of the lowest dose required to achieve acceptable control is
unlikely to be detrimental and may be beneficial to fungicide resistance
management, even if it is lower than the manufacturer-recommended dose

(Jargensen et al., 2017).

2.5.2 Timing

Fungicides can be applied as a prophylactic, protectant treatment to prevent the
establishment of infection, or as a curative treatment when the crop is infected.
Whilst unnecessary fungicide applications can be avoided by only spraying when
a disease is present or once a certain damage threshold is reached, this means
that when treatments are needed, they will be applied at a curative rather than a
preventative timepoint. Applying fungicides curatively may have negative
consequences for both disease control (Angelotti et al., 2014; Blake et al., 2018;
Sanatkar et al., 2015) and resistance management, and FRAC guidance for
resistance management recommends avoiding curative applications wherever
possible (Brent and Hollomon, 2007a). In a curative situation, higher doses may
be required to achieve disease control (Blake et al., 2018; Cohen et al., 2018),
increasing selection for resistance, and some mixing partners such as multisite
fungicides may only have protectant activity, reducing the resistance management
benefits of mixtures. In addition, a larger population size will have been reached
before the treatment is applied, increasing the potential for new mutations and
therefore the speed of resistance emergence (van den Bosch et al., 2014a). In the
case of the azole fungicides, increasing levels of resistance are removing the
option of curative treatment, with long-term monitoring showing a steeper decline
in curative activity compared to protectant activity of azoles against Z. tritici as less-

sensitive genotypes accumulate in the population (Blake et al., 2018).
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There is limited experimental evidence to validate the theoretical principle of
minimising curative applications. A review found that early spray timings increased
selection in some experimental trials but decreased selection in others: the effects
appear to depend on the characteristics of individual pathosystems (van den Bosch
et al., 2014a). For some fungal pathogens, including Z. tritici, a spray timing that is
protectant for newly emerging leaves will be curative on older leaves, blurring the
distinction between prophylactic and curative applications. Modelling the effect of
spray timings on selection for resistance in Z. tritici indicated that earlier spraying
reduced selection, but at the cost of reduced efficacy (van den Berg et al., 2016).
The authors concluded that optimizing the spray timing for disease control could

help resistance management by achieving control at a lower dose rate.

The optimal spray timing for disease control will fluctuate from season to season,
depending on the environmental factors affecting the timing of infection. Decision-
support systems have been developed for a number of fungal pathogens to inform
application timing and/or dose (Gent et al., 2013), with thresholds for treatment
relying on an estimate of weather-related risk (Jargensen et al., 2020a; te Beest et
al., 2009), spore-trapping (Rogers et al., 2009, West and Kimber, 2015), or a
combination of agronomic, weather and other risk factors (Fernando et al, 2021;
Main et al., 2001). Thresholds for treatment must be carefully set; an inappropriate
indication of ‘high’ risk can lead to unnecessary fungicide applications (Gent et al.,
2013), but a high threshold for treatment may increase the proportion of curative
applications, a factor which may have contributed to the development of fungicide
resistance in Venturia inaequalis (apple scab) (Beckerman et al., 2015). Reliable
disease forecasting would aid disease control and resistance management,
enabling fungicides to be applied only when likely to be needed but still at
protectant timing. However, with a changing climate, the accuracy of predictive
models will need to be evaluated on an ongoing basis to ensure that recommended

application timings remain optimal (Sanatkar et al., 2015).

2.5.3 Mixtures or alternations

Repeated use of a single mode of action (MoA) should be avoided, either through
use of mixture of two or more MoAs, or alternation between them (Brent and
Hollomon, 2007a). Mixture offers dual benefits for resistance management (van
den Bosch et al., 2014b). Firstly, when strains with resistance to one MoA are
sensitive to the second, the difference in the growth rates of resistant and sensitive

strains is reduced, therefore reducing selection for resistance. Secondly, the dose
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rate of each mixing partner may be reduced without sacrificing treatment efficacy,
further reducing selection for resistance. Mixtures can also provide some insurance
against loss of disease control if resistance to one fungicide is present at a higher
level than anticipated (Shaw, 2006), but the other mixing partner will then be the
sole effective product in use, increasing the risk of resistance evolving against that
fungicide too. Mixtures are also used to give broad spectrum control of multiple
pathogens, but for resistance management purposes it is important that more than

one mixing partner is effective against the pathogen in question.

Introducing alternations as additional applications in between an unchanged
number of sprays of the at-risk MoA will not reduce selection for resistant strains if
there is no overlap in the time of efficacy of each spray, as there will be no change
in the difference between the growth rates of the resistant and sensitive strains
during the period that the at-risk MoA is exerting selection (van den Bosch et al.,
2014a). The only potential benefit of such an alternation strategy would be to exert
additional disease control, reducing the overall population size and therefore the
initial risk of resistance mutations occurring. However, as discussed in section
2.5.1, reducing the population size also reduces competition between strains, so
the implications for resistance management are not straightforward. In contrast, if
alternation is implemented by replacing an application of an at-risk MoA, this will
reduce the number of applications and therefore the exposure time during which
selection for resistance occurs. Evidence from experimental studies supports the
distinction between these two types of alternation strategy (van den Bosch et al.,
2014a).

Whether mixture or alternation is optimal will vary from case to case. If achieving
mixture requires splitting the dose of a high-risk fungicide across more
applications, the increased exposure time may outweigh the benefit of mixture and
the reduced dose per application, so alternations may be more effective (van den
Bosch et al., 2014a). A modelling study of Z. tritici and Erysiphe necator comparing
the relative success of mixture and alternation programmes for resistance
management showed that mixture rather than alternation maximised lifetime yield,
if the dose of each mixing partner was optimised according to resistance risk
(Elderfield et al., 2018).

The mixture partner may either be a multisite fungicide or another single-site
fungicide. A multisite fungicide is at lower risk of itself succumbing to resistance,

but a fungicide with higher efficacy in disease control will also be more effective in
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reducing the selection pressure exerted by others in the mixture. Programmes that
minimise the dose of a high-risk fungicide, applying only as much as required for
disease control, whilst applying a maximum dose of low-risk fungicide, provide the
longest effective life for the high-risk fungicide (Elderfield et al., 2018; Fernando et
al,, 2021). Modelling has shown that if there are fithess costs of resistance,
mixtures of high-risk and low-risk fungicides in an optimal ratio could potentially
achieve disease control whilst avoiding selection for resistance altogether
(Mikaberidze et al., 2014).

If both mixing partners are single-site fungicides, there is a risk of resistance
evolving concurrently to both fungicides, introducing potential trade-offs as the
optimal strategy for one may not be optimal for the other. For example, in field
trials, applying a mixture of the DMI fungicide epoxiconazole and the SDHI
fungicide isopyrazam slowed selection for Z. tritici resistance to epoxiconazole but
did not slow selection for resistance to isopyrazam, relative to solo applications of
the mixture components (Dooley et al., 2016). In such cases, setting the doses
such that the level of control provided by each fungicide is approximately equal

may help to balance resistance management for both (FRAG-UK, 2020).

Whether mixture or alternation is preferable for management of concurrent
resistance also depends on the relative efficacy and persistence of the fungicidal
mixture partners. A modelling study tracked selection for resistance in a Z. fritici
population containing a strain sensitive to both fungicides, two single-resistant
strains each resistant to one or the other, and a double-resistant strain. It concluded
that use of a mixture would result in a longer effective life than alternation, partly
through better control of single-resistant strains, but both mixture and alternation
would achieve a longer effective life than a spatial mosaic of solo fungicides
(Hobbelen et al., 2013). However, this study did not consider the effects of sexual
reproduction, which may hasten the emergence of double-resistant strains through
recombination (Chen and McDonald, 1996; Zhan et al., 2003). Management of the
concurrent evolution of resistance to multiple modes of action is becoming
increasingly important as multisite fungicide use is restricted by regulatory

changes.

There may be further benefits to mixture if the combined efficacy of fungicides is
multiplicative rather than additive (Shaw, 1989b). Under the additive dose model,
the effects of the doses of each fungicide on pathogen growth are added together

such that, on a normalised scale of fungicide efficacy, the dose of one fungicide
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could be substituted for the other and the same level of control achieved; this is
thought to apply for mixtures of fungicides with a shared mode of action (Morse,
1978). The multiplicative survival model instead implies that the proportional
reductions in pathogen growth should be multiplied together to predict the effect of
the mixture (Paveley et al., 2003); this is thought to apply to mixtures of different
modes of action, especially if they affect different aspects of the pathogen’s biology
or life cycle (Shaw, 1989b). The more multiplicative the joint action, the more likely
mixture will be preferable to alternation for resistance management, as lower doses
can be used. Experimental work to measure the effects of fungicides on individual
aspects of pathogen biology, such as germination, infection, growth or sporulation,
combined with an exploration of the sensitivity of model conclusions to
assumptions about which aspects are affected by each fungicide in the mixture,

could improve choice of optimal mixture partners for resistance management.

Both additive and multiplicative models describe non-interacting effects, but
interacting effects are also possible. The interaction may either be synergistic
(achieving greater control than expected when considering the individual effects of
each mixture component) or antagonistic (control is less than expected) (Kosman
and Cohen, 1996). In cases of complete resistance, synergism will increase control
of the sensitive strain but not the resistant strain, and so increase selection for
resistance (Mikaberidze et al., 2014; Shaw, 1993). However, synergism may also
enable control with lower doses (Shaw, 1993). Conversely, antagonism between
mixture partners reduces the difference in resistant and sensitive strain growth
rates and therefore reduces selection for resistance, but may compromise disease
control and is unlikely to be economically attractive for growers (Mikaberidze et al.,
2014; Shaw, 1993). These theoretical conclusions have been demonstrated
experimentally for antibiotic resistance (Chait et al., 2007). The effects of
synergistic or antagonistic interaction in the case of partial resistance may be more
complex, depending on the nature of the change in the fungicide dose response

curve.

A major factor in the choice of mixing partners is whether pathogens show cross-
resistance to the different fungicides. If there is positive cross-resistance between
two fungicides, then strains that are more resistant to one fungicide are also more
resistant to the other. Positive cross-resistance is most common for fungicides with
the same mode of action and therefore the same target site (Heaney et al., 2000),
but resistance mechanisms such as enhanced efflux can affect fungicides across

different classes (Omrane et al., 2015). Fungicides with positive cross-resistance
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are not suitable for mixture or alternation with each other because they will both
select for the same resistance mechanism, whereas fungicides without cross-
resistance (sometimes referred to as neutral cross-resistance) are more suitable
(Oliver, 2016). Negative cross-resistance, in which the strains that are more
resistant to one fungicide are more sensitive to the other, is theoretically ideal for
resistance management, but rarely found in practice. The grey mould pathogen B.
cinerea initially showed negative cross-resistance between N-phenylcarbamates
and benzimidazole fungicides (Elad et al., 1988). However, when a mixture of the
fungicides was used, the F200Y substitution conferring resistance to both fungicide

classes was rapidly selected instead (Yarden and Katan, 1993).

Positive cross-resistance may be complete, meaning that there is very strong
correlation between resistance factors against two fungicides, or partial if the
correlation is weaker or less consistent between strains. For example, Z. tritici
shows a pattern of partial cross-resistance against azole fungicides among strains
with different sterol 14a-demethylase (CYP51) haplotypes (Fraaije et al., 2007,
Jargensen et al., 2020b; Leroux et al., 2007). If the number of modes of action
available for use in fungicide programmes against a pathogen are very limited, then
partial cross-resistance may also be of some benefit for resistance management.
Mixtures of azoles improved control of Z. tritici compared to solo azole application
in field trials carried out across several European countries (Jgrgensen et al.,
2018). However, levels of Z. tritici resistance to all azole fungicides are increasing,
with some strains combining several target-site mutations in combination with
target-site overexpression and enhanced efflux (Huf et al., 2018; Kildea et al.,
2019). Therefore, even when fungicides individually select for mutations with
partial or negative cross-resistance, their combined use may instead select for

generalised resistance mechanisms.

In addition, resistance to additional fungicide classes has been shown to develop
more quickly in strains of V. inaequalis (Koller and Wilcox, 2001) and Monilinia
fructicola (Luo and Schnabel, 2008) that have already developed resistance to an
unrelated mode of action, despite similar initial sensitivity to the newer fungicide,
suggesting selection for increased mutability that enables faster evolution of
resistance to additional fungicides. This could be due to increased individual
mutation rate, or life cycle characteristics such as shorter generation time or
increased sporulation that increase the total speed of mutational supply in the
population. The potential for this mechanism to increase the speed of resistance

evolution should be further investigated in modelling, laboratory and field studies
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to understand how widespread this is and how resistance management strategies

are affected.

The effects of timing on fungicide efficacy should be accounted for when choosing
mixture partners, ensuring that all are effective at the time they are applied. For
example, some multisite fungicides are only effective at protectant timings.
Fungicide persistence is also an important consideration in choosing mixture
partners: if the mixture partners have very different decay rates, or the efficacy of
one mixture partner is sustained at lower concentrations, then one mixture partner
will be left acting effectively solo once the effect of the other mixture partner has
decayed. Therefore, mixture partners with similar persistence should be chosen
(FRAG-UK, 2020). This is especially important if both mixture partners are at high
risk of resistance development. If only one mixture partner is high-risk, the low-risk
mixture partner should have similar or longer persistence (Shaw, 1989b), but
similar persistence is preferable since it is still prudent to practice resistance

management for lower risk fungicides.

2.5.4 Combining control measures

In addition to mixing or alternating multiple fungicides, fungicides should be
combined with other control measures including resistant crop varieties. The same
principles apply as when combining two non-cross-resistant fungicides; the
additional control measure decreases growth of both sensitive and resistant
strains, so resistance selection is slowed, as well as reducing the population size
in which mutations can arise (Carolan et al., 2017). The heavy reliance on
fungicides and consequent resistance problems in black Sigatoka
Pseudocercospora fijiensis has been attributed, in part, to the low genetic diversity

and lack of effective host resistance in banana (Isaza et al., 2016).

As with fungicide mixtures where concurrent resistance is a risk, combining
fungicides with resistant crop cultivars risks the selection of pathogen strains with
both fungicide resistance and host virulence. Selective sweeps of both fungicide
resistance and virulence alleles have been detected in plant pathogens including
Z. tritici (Hartmann et al., 2018) and Pyrenophora teres (Ellwood et al., 2019). In Z.
tritici isolates from Denmark, differences in fungicide resistance allele frequencies
were seen between two different wheat varieties, but there was also evidence of
pathogen adaptation to wheat variety over time (Vagndorf et al., 2018). Asian
soybean rust Phakopsora pachyrhizi has evolved virulence against available host

resistance genes, and resistance to multiple fungicides (Langenbach et al., 2016).
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Use of resistant varieties means effective control can be achieved with lower
fungicide doses or fewer fungicide treatments, but reduced use of fungicides will
increase the selection pressure for virulent strains to emerge (Carolan et al., 2017).
Therefore, the optimal combination should be designed to maximise the effective
life of both components, and monitoring programmes should cover both virulence
and fungicide resistance in the pathogen population. Once concurrent resistance
and virulence has emerged, the combination of fungicide and variety will then
select for those strains, and so both alternative fungicides and varieties with a
different genetic basis of resistance would be needed to restore effective control

with resistance/virulence management.

When combining multiple control measures, cross resistance must be considered.
Host resistance has a very different mode of action from fungicides but interacting
effects of resistance mechanisms are possible in some cases. Some efflux pumps
have been shown to contribute both to reduced fungicide sensitivity and to
virulence, likely due to efflux of substrates including both fungicides and plant
defence compounds. Transporter genes associated with both fungicide resistance
and virulence include PdMFS1 in the citrus post-harvest pathogen Penicillium
digitatum (de Ramon-Carbonell et al., 2019); AaMFS54 in Alternaria alternata (Lin
et al., 2018); and BcatrB in B. cinerea, for which virulence effects may be mediated

by efflux of the phytoalexin resveratrol (Schoonbeek et al., 2001).

Other mechanisms contributing both to virulence and fungicide resistance include
generalised stress response pathways, such as melanisation in the barley
pathogen R. commune (Zhu et al., 2018). In B. cinerea, genes in the HOG signal
transduction pathway are involved in responses to various osmotic and cell wall
stresses; the target sites of both the phenylpyrrole and dicarboximide fungicides
are involved in osmotic signal transduction; and the pathway is involved in both
fungicide stress responses and pathogenicity (Yang et al., 2020). However, it is not
clear whether such responses would be differentially selected by resistant varieties

or if they are involved in a more general host infection pathway.

Negative trade-offs are also possible, for example if fungicide resistance is
associated with fithess costs including reduced virulence. Reduced virulence has
been reported in fungicide-resistant isolates in some cases (Hagerty and Mundt,
2016), but this is likely to be a general reduction in pathogenic fitness or

aggressiveness rather than the loss of cultivar-specific compatibility.
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The most durable crop protection strategy combines multiple modes of action
within as well as between each type of control measure (Bourguet et al., 2016).
Resistant cultivars should still be treated with fungicide mixtures, and varietal
resistance should be based on more than one resistance gene. This can be
achieved by pyramiding of resistance within varieties, and minor resistance genes
are often more durable (Mundt, 2018). Multiple resistance genes can also be
deployed through cultivar mixtures, although so far this has been less popular in
practice due to agronomic and market requirements for uniform crop structure,
phenology and produce quality. Mixing varieties has been shown to reduce
selection for fungicide resistance (Kristoffersen et al., 2020), demonstrating that
increased diversity across all control measures can increase the effective life of

each component.

Integrated pest management is widely promoted as key to durable crop protection,
although definitions vary as to what precisely this involves. Threshold-based
spraying is not always beneficial for resistance management since it may result in
more curative applications, as discussed in section 2.5.2; whereas combining a
wider range of control measures, including cultural control, will reduce the selection
exerted by each single measure. Cultural control, such as wheat stubble
management to remove Z. tritici (McDonald and Mundt, 2016), removing volunteer
plants, or covering potato discard piles with plastic to contain P. infestans (Cooke
et al., 2011), can reduce primary inoculum. Disease pressure can also be reduced
by changes to sowing date, cropping density, crop rotations, fertiliser inputs and

tillage (Jargensen et al., 2014), although there will be some trade-offs with yield.

2.6 Measuring Effectiveness

Resistance management strategies can be designed based on general principles,
but they must be tested in the field for each pathosystem and fungicide group.
Empirical evidence of the effectiveness of resistance management practices can
come from field trials of different disease control programs, as well as wider

monitoring of resistance levels in pathogen populations.

Previously, testing for resistance has been a reactive step after control failure, but
now more pre-emptive screening programmes are in place (Massi et al., 2021),
carried out by the fungicide industry and reported to the Fungicide Resistance
Action Committee, by national bodies such as the UK’s Agriculture and Horticulture

Development Board (AHDB), by agronomy companies or extension organisations.
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Different monitoring strategies are needed to detect the early emergence of

resistance or to monitor further selection to higher frequencies (Massi et al., 2021).

Resistance can be detected by phenotypic testing of isolates, or molecular
diagnostics. Phenotypic testing can detect sensitivity shifts regardless of the
mechanisms involved, but testing individual isolates limits the numbers that can be
screened, and to go from plant material, to bulked single-spore inoculum, to final
assay result, can take considerable time, especially for slow growing or obligately
biotrophic pathogens. Standard assay methods and reference isolates ensure that
resistance factors from different labs are comparable (FRAC, 2021). Even in
pathogens that are amendable to higher throughput in vitro testing, some in planta
confirmation is needed so resistance factors measured in laboratory assays can
be correlated with impacts on disease control levels in the field. For Z. tritici, shifts
in azole ECso values measured in laboratory assays were correlated with decline
in control in the field, whereas all Qol-resistant isolates were highly resistant in all
sensitivity assays but the severity of control loss in the field depended on the

frequency of resistant isolates in the population (Blake et al., 2018).

Molecular assays can be used for bulk population screening, so may allow earlier
detection (while still at lower frequency), but until now this has only been possible
once the likely mutations are already known, having been predicted in lab or having
already emerged in other pathogen species or other geographical regions (Barres
et al., 2016). Newer methods include high-throughput next-generation amplicon
sequencing (Pieczul and Wasowska, 2017), digital PCR (Zulak et al., 2018), and
isothermal amplification such as loop-mediated isothermal amplification (LAMP)
(Duan et al., 2015; Fraaije and Cools, 2013). Each has different advantages,
suiting it to different applications. LAMP is faster and potentially portable depending
on DNA purification requirements, and rapid in-field allele-specific gPCR has been
developed (Dodhia et al., 2021); digital PCR and amplicon sequencing have lower
detection limits. Amplicon sequencing can be used for multiple and unexpected
SNPs within the sequenced gene, but some phenotypic monitoring will still be
needed for less predictable, non-target-site resistance mechanisms, and
phenotypic confirmation of resistance levels will be needed for any mutations

initially detected through molecular methods.

Resistance monitoring in the general pathogen population can indicate whether
prevalent management practices, over the spatial scale at which fungal

populations mix, are selecting for resistance, and whether resistance has reached
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a level likely to affect disease control (Jgrgensen et al., 2020b). However, to assess
the impact of specific treatments on selection for resistance, or to compare different
management practices, requires experimental testing in field trials, comparing the

levels of resistance selected under each treatment.

A multi-year trial of B. cinerea in vineyards compared treated and untreated areas.
Increased frequencies of resistance against the fungicide used were selected in
the treated plots. In this case, an observable decrease in resistance frequency took
place in untreated plots, indicating fitness penalties associated with the resource
cost of MDR efflux pump overexpression (Matusinsky et al., 2017; Walker et al.,
2017).

A Z. tritici field trial compared various different spray programmes, assessing
disease control and selection of resistance. Treatments included different numbers
of fungicide doses, and mixtures or alternations of different modes of actions. The
number of sprays gave a trade-off between reduced selection for resistance with
fewer sprays and more effective disease control with more sprays. However,
diversified spray programmes, both mixing and alternating different products,
reduced the selection of any one resistance mutation whilst maintaining good

levels of disease control (Heick et al., 2017).

Inoculated field trials could be used to look at selection from a specific starting pool
of isolates rather than the naturally occurring population. This approach has been
used to test selection for host specialisation in Z. tritici, Parastagonospora nodorum
and R. commune on susceptible, partially resistant and mixed host cultivars (Zhan
and McDonald, 2013). A similar approach could be used to test selection of specific

fungicide resistance alleles under different management strategies.

Experimental evolution has been used to investigate antibiotic resistance
strategies such as mixtures (combination therapy) or alternations (cycling) (Nichol
et al., 2019). In vitro selection experiments for fungicide resistance so far have
focused on potential resistance mechanisms (Gutiérrez-Alonso et al., 2017), but
there is also potential for testing fundamental principles of resistance management,
such as fitness costs and compensatory mechanisms, or the effects of mixing or
alternating under different cross-resistance scenarios (Ballu et al., 2021), in plant

pathogenic fungi.
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2.7 Principle Versus Practice

Any strategy for resistance management can only be successful if growers put it
into practice. Numerous stumbling blocks, in the form of practical realities,
imperfect understanding and conflicting priorities, may prevent full implementation

on farm.

Such obstacles include market and regulatory conditions. For example, fungicide
seed treatments can contribute to selection for resistance (Brent et al., 1989; Porter
et al., 2009) and therefore count as an additional fungicide application for
resistance management purposes (Kitchen et al., 2016), and so like any other
fungicide treatment they should be applied only where the disease pressure
necessitates their use (Lamichhane et al., 2019). However, farmers may not have
the choice to use non-treated seeds, for example in Australia where some imported
seeds must be fungicide-treated as a biosecurity measure (Van de Wouw et al.,
2021). Regulations also restrict the range of fungicides available, such that the
recommended degree of mixture and alternation may not be possible. The number
of fungicides registered for use on minor crops is often particularly limited
(Lamichhane et al., 2015a), and this may become more common even for major
crops as compounds are withdrawn due to new regulations (Hillocks, 2012;
Nishimoto, 2019) especially affecting lower resistance risk multi-site inhibitors
(Anastassiadou et al., 2020), and as rising costs and regulatory hurdles limit the

pipeline of new fungicides (Bryson and Brix, 2019).

The number of available effective fungicide classes is also limited as resistance
evolves against ever more fungicides. Pathogens for which multiple resistance is
a particular concern include B. cinerea (Kretschmer et al., 2009), Z. tritici (Omrane
et al., 2015), Sclerotinia homeocarpa (Sang et al., 2019), R. collo-cygni (Rehfus et
al., 2019), P. teres (Rehfus et al., 2016) and P. fiiiensis (Aguilar-Barragan et al.,
2014). This can leave too few effective MoAs for an optimal programme of mixing
and alternating. For higher-risk fungicide groups, the number of applications
permitted per season is limited in order to reduce the resistance risk for that MoA
(EPPO, 2015), further limiting options for mixtures and alternations with other
fungicide classes. Furthermore, fungicide programmes in practice are of course
limited to those fungicides that are available: whilst the ideal mixing partner would
be highly effective at any required timing but also at very low risk of resistance
itself, nearly all site-specific fungicides have medium or high resistance risk,

whereas low-risk multisite fungicides are often limited to protectant activity.
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Therefore, practical guidelines must be developed based on available, licensed,
effective products, and updated as available products and resistance levels

change.

Similarly, recommendations to reduce overall fungicide use through IPM
approaches favouring resistant varieties, cultural control and other non-chemical
measures can only be followed when such alternative control measures are
available, practicable and sufficiently effective; otherwise the ‘last resort’ of

chemical control will still be the default (Lamichhane et al., 2015b).

Recommendations must also be updated to reflect new knowledge. For example,
Qol fungicides were initially predicted to be at moderate risk of resistance, but in
fact resistance developed very quickly (Lucas, 2003), and uptake by growers of
voluntary resistance management guidelines was slow (Burnett, 2011). Any
change in guidance around dose rates would require careful communication, as a
recommendation to use the lowest necessary dose would directly contradict the
widespread recommendation, and in some countries a legal requirement, to
adhere to full label rates. Use of dose rates lower than the manufacturer-
recommended dose is already widespread (Jgrgensen et al., 2017), but this choice
is likely driven mostly by cost saving rather than resistance management decisions.
In addition, increasing dose rates is a common adaptive measure used by growers
to maintain control in the presence of partial resistance (van den Bosch et al.,
2020), but this ‘adaptation phase’ (van den Bosch et al., 2011) is a matter of

resistance mitigation rather than resistance management.

Some positive progress towards uptake of resistance management principles has
been made. In a survey of 590 grain farmers in Norway, 89% of farmers responded
that they combined different modes of action with the aim of preventing resistance
development (Steiro et al., 2020). The high level of uptake may be partially
explained by the benefits mixtures can offer besides resistance management,
including risk management against the failure of any one component (Shaw, 2006)
and broad-spectrum control against multiple pathogens (Brent and Hollomon,
2007a). In a smaller survey of Scottish barley growers and agronomists, a majority
of respondents indicated that they were concerned about fungicide use leading to
resistance (Stetkiewicz et al., 2018). A survey of 252 members of the USA grape
industry revealed a high level of understanding of several resistance management
principles and awareness of FRAC MoA codes amongst a majority of respondents
(Oliver et al., 2021).
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However, implementing resistance management may involve increased
management complexity with associated time costs, identified as a barrier to
uptake of herbicide resistance management in a survey of German farmers (Ulber
and Rissel, 2018). This complexity is increased where the optimal strategy for one
pathogen is not suitable for another. Qol fungicides are an effective mixing partner
for brown rust control, but not for Z. tritici control in the UK (FRAG-UK, 2020). Late
sowing of winter wheat decreases the risk of a severe Z. tritici epidemic, but can
increase the risk of powdery mildew and yellow rust (Jergensen et al., 2014).
Removal of crop debris can reduce the inoculum of pathogens including Z. tritici in
wheat (McDonald and Mundt, 2016) and Leptosphaeria maculans in oilseed rape
(Van de Wouw et al.,, 2021), whereas minimum tilage may be better for
suppression of the wheat diseases spot blotch Bipolaris sorokiniana and take-all
Gaeumannomyces tritici (Montanari et al., 2006). Biosecurity measures to prevent
the spread of invasive diseases may also contradict resistance management
guidelines if the aim is elimination rather than minimal treatment, for example

requiring treatment of all imported seed (Van de Wouw et al., 2021).

Furthermore, when disease levels and forecasts indicate that a fungicide treatment
is not necessary for a particular pathogen, it may still be necessary for the control
of other diseases, and so all pathogens present in the field will still be exposed to
the same fungicide selection. This incidental exposure has resulted in some cases
of resistance in pathogens that were not the original intended target of the
fungicides. The emerging barley pathogen R. collo-cygni has become a major
pathogen in recent years, but as it rose to prominence it was found to be already
resistant to multiple fungicide groups, having already been present at lower levels
when those fungicides were applied mainly to treat other barley diseases such as
Rhynchosporium or net blotch (Fountaine et al., 2014). The selection of resistance
in non-target pathogens is likely to be under-reported, since resistance monitoring

programmes tend to focus on key target pathogens.

Conversely, in some cases the same pathogen species occurs on multiple different
crops. For example, B. cinerea is a pathogen of vineyards, various soft fruits, some
vegetables and ornamental plants, and there is evidence of multiple-fungicide-
resistant strains moving between different host crops (Rupp et al., 2017). Brassica
pathogens such as Pyrenopeziza brassicae can infect both oilseed rape (a broad
acre arable crop) and vegetable brassicas, and Sclerotinia sclerotiorum can infect
oilseed rape, soya and a range of vegetable crops across multiple plant families.

This presents challenges in applying resistance management across the whole
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pathogen population. For example, minor crops may have fewer plant protection
products authorised, increasing pressure on those that are available, and high-
value and ornamental crops may be treated more intensively as even superficial
cosmetic damage could cause major financial losses, whereas broad-acre crops
are likely to comprise the vast majority of host plant and active-substance-treated
area. The availability of resistant cultivars and other non-chemical control

measures will also differ between crops.

It is also important to acknowledge that resistance management is only one factor
in growers’ decision-making, which is likely to be weighted towards profitability,
business viability and risk-aversion in protecting valuable crops against disease.
Effective mixtures and alternations may require the use of more expensive
fungicides within a programme. As resistance develops, short-term profitability may
be maximised by maintaining or even increasing fungicide dose and number of
applications (Burnett, 2011; van den Bosch et al., 2020), especially in cases where
the quality and value of the crop is strongly affected by disease severity, for
example powdery mildew (Erysiphe necator) of wine grapevines (van den Bosch
et al., 2020), or turfgrass diseases on golf courses with expectations of blemish-
free turf (Stowell and Gelernter, 2003), but this will increase further selection for
resistance. Additionally, the ongoing viability of a farm business could be
threatened by heavy crop losses in a single year, so risk-averse farmers may opt
to apply higher fungicide doses than the long-term economic optimum, to insure
against years in which disease severity is much higher than average (te Beest et
al., 2013). Crop insurance schemes would need to be redesigned to overcome this:
they currently require farmers to show that all possible crop protection measures
have been used, rather than reasonable measures within sustainable use and
resistance management guidelines (Lefebvre et al., 2015). Risk aversion could
also be mitigated by improved disease forecasting (te Beest et al., 2013), and risks

reduced by the use of other control measures including resistant varieties.

Some growers and advisors may underestimate the threat to farm business
profitability posed by resistance development, due to a belief that new pesticides
will be developed to replace those lost to resistance (Dentzman et al., 2016). This
belief may only change once farmers have experienced a crisis point in pest
control: for example, following control failures of insecticide-resistant cotton
bollworm (Helicoverpa armigera) in Australia, farmers’ perceptions and uptake of
IPM strategies have improved (Wilson et al.,, 2018). Farmers may also

overestimate the financial benefit of fungicide applications: the measured long-
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term average effect of fungicide treatment on Scottish spring barley yields was
lower than the expected yield response indicated by a survey of farmers and

agronomists (Stetkiewicz et al., 2018, 2019).

Furthermore, some farmers may believe that they are following resistance
management and IPM guidelines, but their actions do not match the claimed level
of uptake. In a survey of Scottish spring barley growers, a high proportion of
farmers reported selecting highly resistant varieties, but in fact the varieties chosen
were mostly not highly resistant. In the same survey, the vast majority of farmers
stated that they used crop rotations, but two thirds of farmers reported that they
often or always sow barley in the same field for two or more consecutive seasons
(Stetkiewicz et al., 2018). In another survey, onion farmers reported they were
using action thresholds to determine treatment timings for onion thrip control, but
their application timings appeared to follow a standard insecticide programme
(Leach et al., 2019). Inconsistent guidance can leave growers unsure of what
resistance management guidelines are: for example, where product labels state a
permitted number of applications per growing season, but some local guidelines or
even legal limits in some countries specify a lower number. Growers may also have
difficulty in identifying mixing partners with different modes of action amidst a
plethora of product names, especially in countries where literacy rates are low, so
members of the industry body CropLife International have undertaken to include
MoA information (icons and FRAC group numbers) on product labels by 2023.
Ongoing communication, education and engagement with growers, including use
of communication technology such as smartphone apps (Schnabel et al., 2018), is
likely to improve implementation of IPM and resistance management (Leach et al.,
2019; Pacilly et al., 2019).

Farmers’ motivation may also be undermined by the belief or knowledge that
neighbouring growers are not following good resistance management practices:
an individual farmer bearing economic costs of resistance management in the short
term may not benefit in the longer term if resistance evolves due to other farmers’
poorer practices. A lack of cooperation and trust between farmers can therefore
lead to a ‘tragedy of the commons’ where each farmer chooses to maximise their
own short-term profits at the cost of faster evolution of resistance (Evans et al.,
2018; Llewellyn and Allen, 2006). Some pests, such as black-grass (Alopecurus
myosuroides), have limited dispersal between fields, so resistance status of fields
is correlated with historical pesticide applications (Hicks et al., 2018) and farmers

can expect to see a direct impact of resistance management on their own land. In
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contrast, resistance in pathogens with airborne spores can only be effectively
managed at a landscape scale. A modelling study showed that selection for
fungicide resistance in pathogens with a large dispersal distance occurs on a
regional scale, commensurate with the fraction of crop area sprayed with fungicide
(Parnell et al., 2006). A statistical model fitted to regional Z. tritici resistance
monitoring data from France showed that the main driver of resistance was the
intensity of fungicide use over a regional scale, whilst smaller unsprayed areas

were insufficient to noticeably delay resistance (Garnault et al., 2021).

A co-ordinated approach across government, industry and researchers is needed
to support adoption of best practice and to increase co-operation between farmers
on this ‘common resource pool’ problem (Barrett et al., 2016; Ervin et al., 2019).
Successful co-operation between farmers may be best achieved by promoting
local grower networks, with support from extension services (Gould et al., 2018).
This may be more challenging for broad host range pathogens, requiring
coordination across different agricultural sectors. Legislation could include taxes
or subsidies (Barrett et al., 2016), or changes to fungicide label requirements so
recommendations become mandatory (Burnett, 2011). Deploying resistance
management strategies over wider spatial scales may also increase their
effectiveness: a modelling study concluded that if a sufficient area at a landscape
scale is not treated with fungicide but managed with other IPM measures, the
evolution of resistant strains could be slowed or prevented altogether (Parnell et
al., 2006).

Farmers’ decisions on pesticide applications are influenced by sources of
information and advice including other farmers, public or private extension
services, online information and specialist publications, and decision support
systems. A survey of Swiss fruit growers found that growers who were influenced
by advice from public extension sources were more likely to use non-chemical
preventative measures, and less likely to use synthetic insecticides, against the
invasive pest Drosophila suzukii, than growers influenced by advice from private
extension services affiliated with pesticide suppliers (Wuepper et al., 2021), and a
survey of Danish agronomic advisors found that independent advisors were more
likely to recommend lower dose rates than supplier-affiliated advisors (Pedersen
et al., 2019). However, even where they do not earn direct commission from
pesticide sales, advisors employed directly by farmers are likely to show similar

risk aversion, and pride in producing a “clean’ crop”, to the farmers themselves.
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Therefore, as resistance management is a public good, independent sources of

advice are essential.

Decision support systems are often developed with an aim of avoiding
unnecessary fungicide applications, for cost savings, as well as any environmental
or resistance management benefits. However, analysis of fungicide use under
different decision support systems has revealed very variable results between
systems, depending partly on whether they are aiming to optimise for yield, costs
or margin. In a study comparing five systems for Z. tritici, some resulted in reduced
fungicide use compared to standard programme, but others led to increases (Burke
and Dunne, 2008).

There is also a need to ensure that advice to growers is kept up to date, not only
based on new knowledge but also due to changes to target pathogens. For
example, climate change may result in the need for more or earlier fungicide sprays
(Kaczmarek et al., 2016; Kremer et al., 2016), so optimal spray number and timing
to balance resistance management and disease control must be reconsidered.
Emerging pathogens may take over as the main targets of control programmes
(Fones et al., 2017), so new advice will need to reflect the resistance risk and
general biology of these pathogen species. However, alongside the emergence of
new threats, new control measures are also being developed, so new resistance
management guidelines will need to be developed for these new control measures

in order to maximise their effective life.

2.8 New Crop Protection Methods

As new crop protection methods are developed, they are often promoted as a
solution to the loss of fungicide to resistance. However, the principles of resistance
management apply to any crop protection measure. For example, in resistant
cultivars, single major resistance genes are vulnerable to rapid breakdown by
evolving pathogens just as single site-specific fungicides are high risk. A high-
profile case of the breakdown of a disease resistance gene due to the evolution of
virulence in the pathogen population is the Ug99 race of stem rust of wheat
Puccinia graminis f. sp. tritici, affecting all wheat varieties reliant on the Sr31 gene
for stem rust resistance (Wanyera et al., 2006). Earlier in the twentieth century,
other stem rust resistance genes had been broken down after being deployed as
the only effective resistance gene in widely grown varieties (Ellis et al., 2014). The
key resistance gene overcome by Ug99, Sr31, had actually been deployed in

combination within other resistance genes, but over time, the other resistance
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genes in the stack had broken down, with Sr31 the latest of many virulence alleles
in the Ug99 rust lineage (Jin et al., 2007).

Similarly, soybean rust P. pachyrrhizi populations in South America include strains
with virulence against all current major resistance genes in commercial soybean
varieties, but pyramiding multiple resistance genes conferred effective resistance
(Yamanaka et al., 2015). This effectiveness will only be durable if multiple
resistance genes within the pyramid are effective against each pathotype, so
differential sets of soybean genotypes have been developed (Kashiwa et al.,
2020): as with fungicide mixtures, it is important that multiple mixing partners are
effective, and monitoring programmes must check whether the breakdown of one

component is being masked in the field by the continued effectiveness of another.

These previous experiences of varietal resistance breakdown have shown that
combining multiple effective resistance genes, akin to mixtures of fungicides, is
necessary for durable resistance. However, just as there has been debate over the
relative merits of mixing or alternating fungicide modes of action, research is
ongoing into the best way to deploy multiple resistance genes: whether through
stacking (or pyramiding) multiple genes in a single variety, or deploying multiple
varieties with different resistance genes in temporal rotations, spatial mosaics, or
within-field varietal mixtures of different compositions (Bourguet et al., 2016;
Mikaberidze et al., 2015).

The need for durable deployment will continue to apply to novel resistance genes,
whether they are introduced through new crosses with crop wild relatives (Chen et
al., 2018), or through transgenic (Zhu et al., 2012) or gene editing technologies
(Langner et al., 2018). Precision breeding can rapidly introduce a single resistance
gene into the desired genetic background, but can also be used to pyramid multiple

resistance genes in a single variety to increase durability (Jones et al., 2014).

Genetic control of plant pathogens through gene drives has also been proposed,
for example by releasing a gene drive element that spreads through pathogen
populations in place of a gene necessary for pathogenicity (Gardiner et al., 2020).
However, resistance to gene drives may emerge either through naturally-occurring
mismatch mutations in the target region in the non-modified pathogen population,
or by non-homologous end-joining (NHEJ) of DNA cleaved during the gene drive
process itself (Unckless et al., 2017). The risk of mismatch mutations may be
reduced by selecting more conserved targets, whereas NHEJ-derived resistance

would need to be managed in the same way as any other resistance: by using in
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combination with other effective control measures, thereby reducing the
reproductive rate of gene-drive resistant as well as susceptible or modified
individuals. A mixture-type strategy, multiplexing guide RNAs with different targets,
may also be possible (Champer et al., 2018). Furthermore, gene drives spread

through sexual crosses, so clonal pathogen populations are not susceptible.

Another potential future control method is RNAI, either spray-based (Koch et al.,
2016) or through host-induced gene silencing (HIGS) by transgenic plants (Koch
et al., 2013). Koch et al. (2013, 2016) used a double-stranded (ds) RNA construct
comprising stacked fragments of three target genes, but in this case the target
genes were paralogues with some functional redundancy, so this was not
necessarily designed as an anti-resistance strategy. More work is needed to
quantify the number of mutations that would be needed to confer target-site
resistance, and to understand the intrinsic non-susceptibility of some pathogen
species (Kettles et al., 2019) and whether initially susceptible species could evolve

similar mechanisms for non-target-site resistance.

Whichever crop protection measures are developed in future, the same core
principles of resistance management will apply: assume any control measure will
exert a selection pressure for resistance, avoid over-reliance on any single

measure, and use within an IPM strategy.
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A cornerstone principle of fungicide resistance management is to use IPM methods
that can reduce disease pressure and so the intensity of fungicide application
required. However, the resistance management benefits of cultural control
methods are not well-quantified. In this chapter, | investigate the resistance
management value of a phytosanitary cultural control method, the ‘soybean-free

period’, in the asexual pathogen P. pachyrhizi.

The soybean-free period aims to remove local sources of inoculum to delay
infection of soybean crops by P. pachyrhizi and so reduce yield losses. Using
evolution of resistance to an SDHI fungicide as an example, | investigate the
resistance management value of a delay in infection timing, exploring interactions
with use of mixtures of different MoA, varying dose rates and number and timings
of applications. | describe the development of a novel model of P. pachyrhizi
infection of soybean crops, and the parameterisation and validation of fungicide

dose response curves from efficacy data collected as part of commercial field trials.

The following manuscript was published in Plant Pathology 74(4):1078-1096 in
March 2025.
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3.1 Abstract

Fungicide resistance threatens control of Asian soybean rust (Phakopsora
pachyrhizi) in Brazilian soybean crops: deployment of sound resistance
management tactics is crucial to prolong the effective life of new fungicides. A key
integrated pest management (IPM) strategy in Brazil is the delay of P. pachyrhizi
inoculum influx through soybean-free periods, mandated through restrictions on
sowing dates. We developed an epidemiological model of fungicide resistance
evolution in P. pachyrhizi to explore the impact of delayed inoculum influx on
selection for resistance to a succinate dehydrogenase inhibitor (SDHI) fungicide,
and to compare the relative benefits of alternative mixture partners. We fitted model
parameters describing the efficacy of fungicides using disease severity data from
field trials and validated our approach using a separate dataset from trials of solo
and mixture products. Our results suggest that mixture with a multi-site acting
fungicide such as mancozeb or chlorothalonil could slow the rate of selection for
resistant strains and more than double the number of years for which effective
disease control can be maintained. We show how cultural control measures to
delay inoculum arrival contribute to resistance management. Delaying infection
timing relative to crop emergence reduced selection for fungicide-resistant strains
and increased fungicide effective life, through a reduction in the length of time of
pathogen exposure to the fungicide and decreased disease pressure. The
fungicide resistance management benefits of IPM strategies will be highest in
cases where these keep to a minimum the level of fungicide treatment required to

maintain effective disease control.

3.2 Introduction

Brazil is the world’s largest producer of soybean (Glycine max (L.) Merrill).
Production has expanded rapidly over the past 25 years and soybean is now
Brazi's main crop (FAOSTAT, 2023). This increase in production has been
achieved despite the arrival of a highly damaging pathogen, Asian soybean rust
(Phakopsora pachyrhizi). An obligate biotrophic fungus with rapid asexual
reproduction, P. pachyrhizi can cause yield losses of up to 80% when untreated
(Dalla Lana et al., 2015; Hartman et al., 1991; Kumudini et al., 2008). Since the
disease was first recorded in Brazil in 2001, soybean management has been
adjusted to aid control of the disease through a variety of methods, including
adoption of resistant cultivars, implementation of 90-day soybean-free periods

(‘vazio sanitario’) (Godoy et al., 2016; Yorinori, 2021a) and an increased reliance
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on fungicides. Calendar-based application of two to five fungicide sprays per
growing season is widespread (Beruski et al., 2020, Yorinori, 2021a). However,
increasing fungicide resistance in P. pachyrhizi threatens the sustainability of the
current crop system (Barro et al., 2021; Dalla Lana et al., 2018). Sound fungicide
resistance management tactics are needed, integrated effectively with other
measures for disease control such as soybean-free periods, to safeguard

fungicides as a tool for disease management.

The successful introduction and enforcement of the soybean-free period is
estimated to have saved US$1.0 billion in the Mato Grosso region of Brazil in a
single season alone through reduced yield losses and reduction in fungicide
application requirements (Yorinori, 2021a), although this estimate did not account
for the cost of implementation or yield variability. It is enforced through regulatory
restrictions on the sowing date of soybean crops, with the aim of delaying and
limiting infection of the next season’s soybean crop by eliminating soybean ‘green
bridges’ that enable survival of P. pachyrhizi inoculum in the off-season. This
approach has successfully reduced, but not eliminated, the need for fungicide
application, and is estimated to delay the first onset of infection by a month on
average (Godoy et al., 2016; Yorinori, 2021a). The effectiveness of the soybean-
free period is currently limited by imperfect control of volunteer soybean weeds in
cotton crops, fallow fields and along roadsides, and by a lack of coordination
between Brazilian states, and with neighbouring South American countries in
controlling long-range inoculum sources, both from soybean crops and the
perennial weed kudzu (Pueraria montana) (Reis et al., 2021; Yorinori, 2021b).
Addressing these issues where feasible would potentially increase use of
herbicides and require significant monetary and political investment. We aim to
provide additional information for cost-benefit assessments by quantifying the
potential resistance management benefits of delaying inoculum arrival through the

soybean-free period.

Fungicides with modes of action (MoA) that target a single biochemical site are at
a higher risk of fungicide resistance development than multi-site acting fungicides
such as mancozeb. One mutation at the target site can lead to full or partial
resistance to a single-site fungicide (Brent & Hollomon, 2007). Phakopsora
pachyrhizi strains carrying resistance mutations reducing the efficacy of quinone
outside inhibitor (Qol) and demethylation inhibitor (DMI) fungicides have become
widespread (Dalla Lana et al., 2018; Muller et al., 2021). Succinate dehydrogenase

inhibitor (SDHI) fungicides were introduced for P. pachyrhizi control in Brazil in
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2012, with a strong level of efficacy relative to other products available at the time
(Barro et al., 2021; Godoy et al., 2016; Machado et al., 2022). However, a decline
in efficacy of commercial Qol and SDHI premixes has since been reported (Barro
et al.,, 2021), likely associated with the increasingly widespread SdhC-I86F
mutation (de Mello et al., 2021, Simdes et al., 2018), which affects SDHI fungicides
with resistance factors ranging from 4 to 26 (Miller et al., 2021). Resistance factors
are defined as the ECs of the resistant strain divided by the ECsy dose required to

inhibit the growth rate of sensitive strains by 50%.

Many studies have explored strategies that can slow selection for fungicide
resistance. One way to manage fungicide resistance is to combine fungicides with
other control measures that reduce the growth rate of both fungicide-resistant and
fungicide-sensitive pathogen subpopulations (van den Bosch et al., 2014).
Reducing the growth rate of the pathogen population as a whole reduces the
difference in growth rates between resistant and sensitive strains when a fungicide
is applied, slowing selection. For example, the use of disease-resistant cultivars
and cultivar mixtures can limit epidemic growth rates and delay the development
of fungicide resistance (Kristoffersen et al., 2020; Taylor & Cunniffe, 2023a).
Reducing the exposure time of the pathogen population to the fungicide also
reduces selection for resistance (van den Bosch et al., 2014). Integrated pest
management (IPM) involves the combination of a wide range of control methods,
minimising reliance on any single control measure and therefore limiting the
potential of the pathogen population to adapt (Corkley et al.,, 2022). We
hypothesise that phytosanitary cultural control methods that delay the onset of
disease, such as the soybean-free period, can contribute to fungicide resistance
management by limiting the exposure time of the pathogen population to the
fungicide and by keeping to a minimum the fungicide input required for disease
control. Our analysis focuses on minimising selection for fungicide resistance
within the constraint of maintaining effective disease control against P. pachyrhizi.
The minimum fungicide input required will also be determined by the economics of
disease control (te Beest et al., 2013; van den Bosch et al., 2018, 2020) and the

need to control other damaging pathogens and disease complexes.

A number of existing statistical and epidemiological models have been developed
for prediction of P. pachyrhizi disease risk, infection efficiency and disease severity
(Del Ponte et al., 2006a), including epidemiological models parameterised for
Taiwan (Yang et al., 1991) and Brazil (Kassie et al., 2023; Rodrigues et al., 2012;

Tabonglek et al., 2019), but none of these models simulate the effect of fungicides
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or the evolution of resistance. To represent the effect of fungicides on the pathogen
growth rate, a quantitative method is needed to describe the relative effectiveness
and activity of different fungicides. Epidemiological models that simulate the effect
of fungicides on pathogen growth rates or life cycle parameters can be used to
compare alternative resistance management strategies, such as options for mixing
the at-risk fungicide with a different fungicidal mode of action, and choice of
fungicide dose rates (van den Bosch et al.,, 2014). This approach has been
previously applied in several pathosystems including potato blight (Phytophthora
infestans) (Carolan et al., 2017; Levy et al.,, 1991), powdery mildew (Blumeria.
graminis f. sp. hordei) in barley (Hobbelen et al., 2011a), grapevine powdery
mildew (Erysiphe nectator) (Elderfield et al., 2018) and most extensively in septoria
leaf blotch (Zymoseptoria tritici) of wheat (Elderfield et al., 2018; Hobbelen et al.,
2011b; Hobbelen et al., 2013; Kitchen et al., 2016; Mikaberidze et al., 2017; Taylor
& Cunniffe, 2023b; van den Berg et al., 2016), but not in P. pachyrhizi.

To derive most benefit for resistance management from epidemiological models,
they must be used as early as possible to guide tactics before fungicide resistance
spreads (Corkley et al., 2022), but often there is limited data available for model
parameterisation when a new fungicide product first enters the market. Field
efficacy trials conducted by fungicide manufacturers are usually the earliest source
of information on the effects of new fungicides on pathogens, so utilising this data
source can provide more timely guidance for resistance management tactics, even
though there can be challenges in estimating parameters for a model using data
collected for other purposes. For example, data for different fungicides may have
been collected in different years and locations, meaning that environmental factors
affecting the severity of the epidemic may vary. The dose rates and timing of
fungicide sprays relative to the arrival of pathogen inoculum may also vary between
trials. This presents a challenge to ensure a fair comparison of fungicide efficacy.
Methods are therefore needed to extract information on the relative effectiveness

of fungicides even when data is limited and comes from disparate sources.

We developed an epidemiological compartmental ‘Susceptible-Exposed-
Infectious-Removed’ ‘SEIR’ model of P. pachyrhizi epidemics in Brazil, modelling
the spread of a pathogen strain with resistance to an SDHI fungicide
(benzovindiflupyr (Guicherit et al., 2014)), and the effect of mixture with different
fungicidal modes of action (MoA). We focus on resistance management for SDHI

fungicides because they play an important role in fungicide programmes for control
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of P. pachyrhizi, but are at risk from the evolution of resistance. Our approach can

be summarised as the following series of steps:

1. Build and parameterise a model describing the growth of the soybean leaf
canopy and the life cycle of P. pachyrhizi.

2. Fit model parameters describing the efficacy of fungicides, using examples
from several MoA: an SDHI fungicide (benzovindiflupyr), a Qol fungicide
(azoxystrobin), a DMI fungicide (cyproconazole) and two multi-site acting
fungicides, a dithiocarbamate fungicide (mancozeb) and a chloronitrile
fungicide (chlorothalonil), using data from field trials.

3. Validate the fitted fungicide dose response using disease severity data from
field trials of solo and mixture products.

4. Run model simulations to compare the efficacy and resistance management
benefits of alternative fungicide programmes under a range of potential

scenarios.

We use the model to compare the relative resistance management benefits of
alternative mixture partners, considering the balance between effective disease
control and minimising selection for resistance to maximise effective life. We
explore the impact of the timing of first infection on effective life and the interaction
with spray timing, spray number and fungicide dose, to quantify the value for
fungicide resistance management of delaying disease inoculum through soybean-

free periods.

3.3 Materials and methods

3.3.1 The soybean rust model

Phakopsora pachyrhizhi infection is initiated by urediniospores which germinate on
host leaves in warm, moist conditions and penetrate the leaf cuticle using an
appressorial peg structure. Following a mostly cryptic latent period, visible uredinia
form and erupt into sporulating pustules on the leaf surface (Marchetti et al., 1975).

Dispersal of the urediniospores completes the cycle of infection.

We developed a model of P. pachyrhizi infection of soybean, describing the effect
of fungicides on the growth rate of the pathogen through a series of ordinary
differential equations (‘ODEs’). The model describes a system with two asexual
haploid P. pachyrhizi strains: the wildtype ‘sensitive’ strain (denoted ‘s’) and a
‘resistant’ strain (denoted ‘r’) that has a degree of resistance to one fungicide mode

of action. We describe results for the spread of a strain with a degree of insensitivity
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to an SDHI fungicide. We do not represent demographic or environmental
stochasticity within the model, which was calibrated for ‘typical’ growing conditions
in Brazil, using crop growth, disease severity and fungicide dose response data
collected in Brazil over multiple years. The model was implemented in MATLAB
R2022b (The MathWorks Inc., 2022) using built-in function ‘ode45’ for the solution
of the ODEs.

The model outputs two measures of success for resistance management: ‘T50’,
the number of growing seasons a treatment programme can be used until the
frequency of the resistant strain exceeds 50%, and ‘effective life’, the number of
growing seasons for which a fungicide programme was predicted to maintain
effective disease control. In consultation with local agronomists, we defined
‘effective control’ as a 65% or greater reduction of the area under the disease
progress curve (AUDPC), relative to the AUDPC in untreated crops in an average
epidemic, i.e. with the mean inoculum influx timing). An ‘effective dose’ is a
fungicide dose that achieves an equal or greater level of disease control than this
threshold. The choice of threshold is flexible, but affects which fungicide
programmes and dose rate combinations are considered to provide an acceptable
level of control throughout the period of the simulation. The effective control
threshold we used (65% disease control), has been shown to correspond to a yield
gain of approximately 33% over untreated soybean crops (Alves et al., 2021;
Hikishima et al., 2010).

3.3.1.1 State equations

The soybean crop total leaf area index (LAI), denoted as A in our equations, is the
total planar leaf area of the crop per unit ground area. The equations track the
growth of A from an initial LAI, A,, on the day of emergence (assumed to be 10
days after planting), to a maximum LAI, Ay, at a rate controlled by the soybean
growth rate, r (rate of increase of LAl per unit time):

dA_ A(l
dc |

- 1

The healthy (uninfected and not senesced) LAI, H, increases as the crop grows,
and decreases due to senescence and infection by P. pachyrhizi spores. The rate
of senescence is defined by a constant y and the time remaining until complete
senescence at time t,.. 6 is the proportion of primary inoculum that is resistant,
0(t) is the primary inoculum release rate attime ¢, I and I are the leaf area indices

of infectious host tissue infected by P. pachyrhizi strains that are sensitive and
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resistant to the SDHI respectively, and ys(t) and ,(t) are the transmission rate

of the sensitive and resistant P. pachyrhizi strains respectively at time t:

A

AMax

The area indices of host tissue latently infected by P. pachyrhizi strains that are
sensitive and resistant to the SDHI, Lg and Lp respectively, increase as P
pachyrhizi spores infect healthy crop area, and decrease as latently infected host
tissue senesces, or transitions to infectious tissue at a rate determined by the latent
period (in days) at time t, ps(t) and pg(t) for the sensitive and resistant P,

pachyrhizi strains respectively:

dLs H L

d_ts = —[(1 =)0 + IsTs(6) - ps (St) — Lg[er(t-1)] (3)
dL, H L
Tt = 71000 + la(©) — s = Ly[er)] )

The area indices of infectious host tissue, I and I, increase as latently infected
host tissue transitions to infectious tissue, and decrease as infectious host tissue
senesces, or reaches the end of the infectious sporulation period at a rate
determined by the infectious period (in days), w, which we assume is unaffected

by the application of fungicide:

als Ly I (t-ty)
= 0w IS[eV 14 ] (5)
dlp _ Lp _Ir_ Ig[er(t=5)] (6)

dt  p() w

The dose of fungicide i, D; is expressed as a proportion of the maximum permitted
individual dose (‘full label dose’, as defined on the product label), D;,,.  , and is

assumed to decay over time at rate v;:

dD;
@ - P (7)
3.3.1.2 Primary inoculum arrival

The primary inoculum release rate at time ¢, 2(t), is 0 when t < ty,4c, Where tinoc
is the time at which the first P. pachyrhizi spores (primary inoculum) arrive. We

therefore assume that P. pachyrhizi inoculum is completely absent until the influx
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of spores that initiates the epidemic arrives at ty,,.. After ty,oc, @ constant rate of
spore influx is assumed, 2(t) = Q,:

0,t< tinoc
-QOJ t= tinoc

Q) = { (®)

3.3.1.3 Transmission rate and latent period

The transmission rate, i, is the conversion rate of inoculum load (measured by the
LAI of infectious host tissue in combination with primary inoculum) into latently
infected LAI; i, is the transmission rate in the absence of fungicides. The
transmission rate is reduced by the action of fungicides. The effect of a fungicide,
Fi, is described by a dose-response function, with asymptote parameters g5, and

qr, Which define the maximum fractional reduction of the transmission rate (i.e. at
infinite dose) of the sensitive and the resistant strain respectively, and the curvature
parameters for the sensitive and the resistant strain respectively, ks, and kg,
defining how quickly the fractional reduction declines from the asymptote as the

dose of the fungicide decreases:
lps(t) = lpO [1 — qSi(l _ e_kSiDi)] (9)

Ya(t) = Po 1 - qp (1 — e7ul)] (10)

When a fungicide application consists of more than one mode of action being
applied simultaneously in a mixture, we assume that the joint action of the
fungicides is described by a multiplicative survival model (Bliss, 1939; Paveley et
al., 2003) based on the efficacy of each of the active substances on the
transmission rate of the pathogen. The equation below shows how the
transmission rate is calculated for the sensitive strain when a fungicide application

consists of two active substances, Fungicide 1 (F1) and Fungicide 2 (F>):
Ps(6) = o [1— g (1—eiP)|[1-qg (1—eTP2)|  (11)

The latent period, p, is increased from the default latent period, p,, by the
application of a systemic fungicide. The single-site SDHI, DMI and Qol fungicides
are assumed to act systemically, whereas the protectant multi-site dithiocarbamate
and chloronitrile fungicides are assumed to have no effect on the P. pachyrhizi
latent period. The action of fungicides on the latent period is described as for the

transmission rate, using parameters qs,, qg,, ks, and kg, (ideally individual values

of g and k would be fitted for each of the transmission rate and latent period, but

86



Chapter 3 Resistance management benefits of phytosanitary cultural control

there is a lack of data on the effects of individual fungicides on particular life cycle

parameters that could inform such an approach):

_ Po
pS(t) - [1 _ qsi(l _ e_kSiDi)] (12)
pr(t) = Po (13)

[1— gr, (1 = e™*)]

3.3.1.4 Disease severity

Disease severity at time t, Z(t), is calculated as the proportion of the non-senesced
LAl that is infectious (latent host tissue does not show visible signs of infection until
shortly before the end of the latent period (Danelli & Reis, 2016), so latent tissue

is unlikely to be included in field assessments of P. pachyrhizi severity):

Is + Iy
Z(t) = 14
© H+Ls+Lg+Ig+ 15 14

3.3.1.5 Change in frequency of the resistant strain

Atthe end (t = t, ) of each growing season, the proportion of primary inoculum that
is resistant, 6, is updated to the proportion of infected LAl that is resistant at ¢, . It
is assumed that the pathogen overwinters (or infects the next crop in areas where
there are two growing seasons in one year) without further change in the fraction
6. The fraction of the primary inoculum that is resistant in the following year, 6,,.4,

is therefore calculated as:

k()
Ir(ty) +1s(ty)

(15)

n+1

3.3.2 Data and parameterisation

Four datasets were sourced from various experimental field trials to fit parameters
and validate the model (Table 3.1). Dataset A, comprising LAl measurements from
planting to senescence of early-, midseason- and late-maturing soybean cultivars
(Moreira et al., 2015), was used to fit the soybean crop growth parameters A,
Amax, 7, v and t,. Datasets B, C and D included measurements from multiple
assessment dates of P. pachyrhizi disease severity, assessed based on a
diagrammatic scale (Godoy et al., 2006). Dataset B, comprising P. pachyrhizi
disease severity progress in field trials of susceptible soybean cultivars in the

absence of fungicides, was used to fit P. pachyrhizi life-cycle parameters ti,oc, 2o
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and . Dataset C was used to fit fungicide parameters g, and k for examples of
several fungicide MoAs: an SDHI (benzovindiflupyr), a Qol (azoxystrobin), a DMI
(cyproconazole), a chloronitrile (chlorothalonil) and a dithiocarbamate (mancozeb).
Dataset D was used for validation (see Section 3.3.2.1). The values of the decay
rate, v, for each fungicide and the length of the default latent period, p,, and

infectious period, w, were based on a literature search (Table 3.2).

Dataset C comprised all available trials with measurements of P. pachyrhizi
disease severity following applications of three or more non-zero solo fungicide
dose rates and an untreated control, as required to fit the dose response
parameters. Dataset D consisted of trial data that did not meet the criteria for
inclusion in Dataset C (so the validation did not reduce the size of the dataset
available for parameterisation): measurements of P. pachyrhizi disease severity
following applications of one or two non-zero dose rates of a solo fungicide, or trials
where the treatment programme involved two or more fungicides, and disease
severity in the untreated control. Trial data was not included in Datasets C or D if
a fungicide other than benzovindiflupyr, azoxystrobin, cyproconazole,

chlorothalonil and/or mancozeb had been applied.

Parameters were fitted to the data using least squares optimisation. For the crop
growth model, maturity-group-specific values of Ay,x and t,, and values of Ay, r
and y common to all maturity groups were fitted simultaneously using function
‘nis.Im’ (Elzhov et al., 2016) in R 3.4.4 (R Core Team, 2018), with package ‘deSolve’
(Soetaert et al.,, 2010) used for the solution of the ODEs. We assumed that
soybean emergence occurred ten days after planting for all cultivars, based on the
timing of the first non-zero measurements of LAI collected by Moreira et al. (2015).
The parameter values for the mid-maturing cultivar were used to fit the P.
pachyrhizi life cycle and fungicide parameters, and as the model default for
simulations. The P. pachyrhizi life cycle and fungicide parameters were fitted using
the function ‘Isqcurvefit’ in MATLAB. Detailed descriptions of how data was used

in the parameterisation process are provided in Appendix 3.A.
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Table 3.1: Datasets used in model fitting and validation of fungicide parameterisation. Dataset A consists of soybean leaf area index
measurements from planting to senescence. Datasets B, C and D comprise measurements of P. pachyrhizi disease severity

progress over time.

Number Number of unique  Number of

Dataset Source Use of dataset

of trials site/years datapoints
Mato Grosso, Brazil,
A 2009-2011. Crops planted in 2 5 60 Parameterisation of soybean crop
October and November. model: Ag, Amax, 7, ¥ @nd ¢,.

(Moreira et al., 2015).

Parameterisation of infection of the crop
B Syngenta, Brazil, 2012—-2016. 146 68 994 by P. pachyrhizi:
tinocs {20 and .

Parameterisation of the effect of
C Syngenta, Brazil, 2015-2017. 20 17 820 fungicides on P. pachyrhizi life cycle:
parameters g, and k for each fungicide.

Validation of fungicide

D Syngenta, Brazil, 2015-2016. 31 19 1219 N
parameterisation.
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We used R? and root mean squared error (RMSE) as a measure of the overall
model fit to the LAI data in Dataset A and the disease severity data in Dataset B.
The fit to individual trials in Dataset B was also checked through comparison of the
observed and fitted AUDPC, and comparison of the observed and fitted severity
(%) at around soybean growth stage R6 (Fehr et al., 1971) which has been shown
to be a good predictor of yield loss due to P. pachyrhizi (Dalla Lana et al., 2015).
Since Dataset B did not include observed growth stages, the first disease
assessment on or after 80 days after emergence (DAE), up to a maximum of 89
DAE, was used as an estimate of R6 timing. We compared the fit for trials in the
north and south of Brazil, with ‘north’ comprising trials from states Minas Gerais,
Mato Grosso, Goias and Tocantins, and ‘south’ comprising trials from states Rio

Grande Do Sul, Parana and Sao Paulo.

The model fit for the fungicide dose response was assessed using R2and RMSE
for the disease severity values in Dataset C, and through comparison of the overall
observed and fitted fungicide efficacy for each trial, where fungicide efficacy was
expressed as the proportional reduction in the area under the disease progress

curve (rAUDPC) in fungicide-treated plots relative to the untreated plots.

3.3.2.1 Validation of model parameterisation of fungicide efficacy

Dataset D (Table 3.1) was used to validate the parameterisation of fungicide
efficacy. Individual values of t,,. and ¥, were estimated for each trial, using the
disease severity data from the untreated control plots (as described in Appendix
3.A (Section 3.A.2)). These trial-specific parameter values were then used in
combination with the fitted fungicide efficacy parameters (Table 3.2) to produce
model predictions of the disease severity on the disease assessment dates for
each trial and fungicide programme. Observed and predicted fungicide efficacy
was compared, with fungicide efficacy expressed as rAUDPC (as defined in section
3.3.2).

3.3.3 Modelled scenarios

The model was used to explore the consequences of the choice of fungicide
programme and inoculum arrival times on the efficacy of disease control and the
evolution of resistance to the SDHI over up to 20 growing seasons, for a mid-
maturing cultivar. The initial proportion of primary inoculum resistant to the SDHI
at the beginning of the first growing season, 6,, was set at 1x10®. The asymptote

parameter for the efficacy of the SDHI against the resistant strain was set as gz, =
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0.5q5,, a 50% ‘sensitivity shift'. The comparisons tested are described in the

following sections.

3.3.3.1 Comparison of resistance management benefits of alternative mixture

partners

The resistance management benefits of using the multi-site chloronitrile or
dithiocarbamate fungicides or the DMI fungicide as mixture partners with an SDHI
+ Qol formulated mixture (‘Elatus’ is a formulated mixture of benzovindiflupyr and
azoxystrobin in a 1:2 ratio of grams active ingredient (g.a.i.), Syngenta) were
compared for programmes with two fungicide applications at 32 and 47 DAE, for
the ‘Medium’ inoculum arrival timing t;,,. = 44 DAE. The effect of varying the dose
of the SDHI + Qol formulated mixture and the mixture partner in increments of 10%
of full label dose from zero dose to a full dose was simulated, for all combinations
of the SDHI + Qol formulated mixture and the mixture partner dose rate, with the

same combination of dose rates used in each application.

3.3.3.2 Impact of the timing of rust inoculum arrival on resistance management

The interaction of the timing of rust inoculum arrival (t;,0c), spray timing and
fungicide dose was explored for mixtures of the SDHI + Qol formulated mixture
and the dithiocarbamate at three dose rate combinations, corresponding to the
minimum label dose (‘minimum recommended dose’) and full label dose rates of
each product:

a. SDHI + Qol formulated mixture at full dose rate and the dithiocarbamate at full
dose rate.

b. SDHI + Qol formulated mixture at 67% of full dose rate and the dithiocarbamate
at full dose rate.

c. SDHI + Qol formulated mixture at 67% of full dose rate and the dithiocarbamate
at 50% of full dose rate.

Each dose rate combination was simulated for fungicide programmes with a single
application in a season and programmes with two applications (both applications

at the same dose rate).

Values of tj,,. between 32 DAE and 52 DAE were simulated in two-day
increments, and the date of the first fungicide application was also varied in two-
day increments between 32 DAE and 52 DAE, for all combinations of t;,,. and first
fungicide application. For programmes with two applications, the second fungicide

application was 15 days after the first application.
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3.3.3.3 Sensitivity to model parameters
Level of sensitivity shift to the SDHI

The effect of a range of sensitivity shifts was simulated for a mixture of the SDHI +
Qol formulated mixture and the dithiocarbamate, for sensitivity shifts of 25%, 50%,
75% and 100%, where a 100% sensitivity shift would result in a strain completely
resistant to the SDHI.

Reduced mixture partner efficacy

Due to covariance between the fungicide dose response parameters, the standard
error (S.E.) for these parameters can be relatively large. The effect of the
uncertainty in the fungicide efficacy parameterisation of k and g for the DMI,
chloronitrile and dithiocarbamate fungicides for their potential performance as
mixture partners was explored for a conservative scenario in which the efficacy of
each fungicide was the minimum of the likely range indicated by the available data.
In this scenario, for each fungicide, the shape parameter k was fixed at 1 S.E.
below the mean fitted value, and the asymptote parameter q was refitted given the
fixed value of k, with the refitted value of ¢ — 1S. E. used for the sensitivity analysis

for reduced mixture partner efficacy.

SDHI decay rate

Fungicide decay rates, v;, were parameterised using an average based on a
literature review of measured foliar half-lives. However, the foliar concentration
half-life of a fungicide can be very variable depending on the crop and
environmental conditions (Fantke et al., 2014), and there is usually limited
information on the foliar decay rate of new fungicides when a product first becomes
available. Therefore, we explored the effect of parameterising the dose response
parameters for the SDHI using one of the longest (16.1 days: Chang et al., 2023)
and shortest (4 days: ECHA, 2014) foliar half-life values reported in literature for

benzovindiflupyr.

3.4 Results

3.4.1 Model parameterisation and validation

The fitted model parameters describing soybean crop growth and infection by P.
pachyrhizi are summarised in Table 3.2. The fitted parameters for model simulation
of crop growth and senescence achieved a close fit to the LAl data in Dataset A
(R?=95.1%, RMSE=0.321; Figure A.1). The combination of model parameters
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describing P. pachyrhizi disease progress in the absence of fungicides also
achieved an excellent fit to observed disease severity (R?=95.3%, RMSE=8.61%)
and AUDPC (Figure 3.1a, R?=98.6%, RMSE=98.8%-days). Overall, model fit to
disease severity at R6 was very good (Figure 3.1b, R?=93.7%, RMSE=8.78%),
although there was slight overestimation of observed severities in the approximate
range 25%-40% and slight underestimation of observed severities in the
approximate range 80%-100%. Disease levels were higher on average in trials in
the south of Brazil, compared to the north; the model fit was good for trials in both

regions.

The fitted fungicide dose response parameters (Table 3.2) successfully
represented the rank order of fungicide efficacy (Figure 3.2). Overall the
parameters, fitted as an average across all trials for each fungicide, achieved a
good fit to Dataset C on disease severity following fungicide application
(R?=80.6%, RMSE=13.0%). The closest fits were achieved for the single-site
fungicides: R? and RMSE values for individual fungicide fits are provided in
Appendix 3.A (Table 3.A.5). The validation using Dataset D confirmed that the fitted
fungicide dose response parameters gave a good prediction of average fungicide

efficacy in solo and mixture programmes (Figure 3.3).
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Table 3.2: Fitted model parameters describing the growth of soybean leaf area index (LAIl), infection by P. pachyrhizi and the effect of
fungicides on P. pachyrhizi. 'S.E. given in parentheses for those parameters fitted as a mean based on Datasets A, B and C. Variance-

covariance matrices included in Appendix 3.A. ?Ap,x and t, parameters for midseason-maturing cultivar used for parameterisation of

P. pachyrhizi infection and fungicide efficacy, and model simulations.

Parameter Description Value (S.E.") Dataset/citation
Growth of soybean LAI?
A, Initial LAl on day of emergence 0.0894 (0.0374) A
Rate of increase of LAI (days™) 0.134 (0.017)
Coefficient controlling rate of 0.0891 (0.0141)
senescence of LAl (days™)
Mid- Apax  Maximum LAl 3.76 (0.17)
season t,  Time of complete senescence (days) 121 (5.2)
maturing
Early-  Apmax Maximum LAl 3.18 (0.20)
season ¢ Time of complete senescence (days) 109 (5.2)
maturing
Late- Amax  Maximum LAI 3.99 (0.12)
season t,  Time of complete senescence (days) 139 (6.4)
maturing
Infection of crop by P. pachyrhizi
Po Latent period (days) 9 Danelli & Reis, 2016; Marchetti et al., 1975; Melching et
al., 1979; Pivonia & Yang, 2006; Vittal et al., 2014; Yeh
et al., 1982
w Infectious period (days) 28 Marchetti et al., 1975; Pivonia & Yang, 2006; Yeh et al.,
1982
Early timoc Time at which the first P. pachyrhizi 32
Medium ¢, SPOres (primary inoculum) arrive 44
(days)
Late tinoc 52 B
0, Primary inoculum release rate 4.6x10°
Y, Transmission rate 2.78 (0.77)
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0, Initial proportion of primary inoculum  1x10° Not applicable
that is insensitive
Effect of fungicides on P. pachyrhizi
D Full label dose rate (in SDHI + Qol 45
IMax formulated mixture) (g.a.i.)
— v,  Decay rate (days™) 0.0745 Chang et al., 2023; ECHA, 2014; He et al., 2016;
a Katagi, 2016
n qs, Dose-response asymptote for the 0.2634 (0.0194)
sensitive strain C
k;  Dose-response curvature 16.51 (6.07)
D Full label dose rate (in SDHI + Qol 9
ZMax formulated mixture) (g.a.i.)
S v,  Decay rate (days™) 0.1980 Chen et al., 2004; Fantke et al., 2014; Hobbelen et al.,
g 2011a; Hou et al., 2016
q, Dose-response asymptote 0.0534 (0.0634) c
k,  Dose-response curvature 10.05 (39.67)
D3\.x Full label dose rate (g.a.i) 45
_ vy  Decay rate (days™) 0.1540 Fantke et al., 2014; Papadopoulou-Mourkidou et al.,
% 1995; Wu et al., 2015
qs Dose-response asymptote 0.3092 (0.1148) c
k;  Dose-response curvature 2.36 (1.71)
%) Dyyax Full label dose rate (g.a.i) 1500
= v, Decay rate (days™) 0.0990 Fantke et al., 2014; Hobbelen et al., 2011b
g q,  Dose-response asymptote 0.4761 (0.0632)
) k, Dose-response curvature 6.22 (2.86) c
S Ds .« Full label dose rate (g.a.i) 2250
g vs  Decay rate (days™) 0.1333 Fantke et al., 2014; Hughes & Tate, 1982; Kumar &
IS Agarwal, 1992; Sarkar et al., 2005; Sharma et al., 1994
§ qs Dose-response asymptote 0.4751 (0.0433)
o
< ks  Dose-response curvature 17.24 (6.43) C
=)
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Figure 3.1: Scatter plots of fitted vs. observed a. AUDPC (%-days) and b. severity
(%) at R6, for trials in Dataset B. Trials carried out in north Brazil plotted as green

‘X', trials in south Brazil plotted as black ‘+’, solid grey line denotes 1:1 line.
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Figure 3.2: Scatter plot of fitted vs. observed proportional reduction in AUDPC
relative to untreated trials (rAUDPC) for fungicide trials in Dataset C. R?=63.1%,
RMSE=0.138.
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Figure 3.3: Scatter plot of predicted versus observed proportional reduction in AUDPC relative to untreated trials (rAUDPC) for
fungicide trials in validation Dataset D. R?=61.2%, RMSE=0.194.
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3.4.2 Model simulations

3.4.2.1 Notes on interpretation of simulation results

We report the model output as number of years of effective life (the number of
growing seasons for which a fungicide programme is predicted to maintain
‘effective control’) or T50 (time until 50% of the population is resistant), up to a
maximum of 20 growing seasons. However, the absolute number of years
predicted by the model depends on model assumptions about the initial proportion
of primary inoculum resistant to the SDHI at the beginning of the first growing
season, 6,, the type and level of resistance modelled (a 50% ‘asymptote shift') and
the use of average values for P. pachyrhizi life cycle parameters, in addition to the
effects of the alternative fungicide programmes and timing of rust inoculum arrival
considered in the modelled scenarios. The results should therefore be interpreted
as the relative effects of different fungicide programmes and inoculum arrival timing

on selection for resistance.

We assumed a low starting frequency of resistance to the single-site SDHI
fungicide, as is expected to be the case when resistance management strategies
are used at an early stage following release of a new MoA. Our results show that
using a multi-site mixture partner and reducing disease pressure through soybean-
free periods can enable use of the SDHI fungicide to be kept to the minimum
necessary for effective control, reducing selection pressure for resistance to the
SDHI and therefore maximising resistance management benefits. However, SDH-
mutant P. pachyrhizi strains conferring partial resistance to SDHI fungicides are
now widespread in Brazil (FRAC, 2024). The fungicide dose rates required to
maintain effective control following the spread of a partially resistant strain will
depend on the level of resistance (see Section 3.4.2.4 and Appendix 3.B (Figure
3.B.1)). Control of other diseases is also an important factor in choosing fungicide
dose rates and timing. We highlight results within the range of dose rates specified
on the current product label for the SDHI + Qol mixture (Syngenta, 2024): 67%-

100% of full label dose rate; a maximum of two applications per crop.
3.4.2.2 Comparison of resistance management benefits of alternative mixture
partners

The use of a mixture partner slowed selection for the resistant strain, increasing
both T50 and effective life (Figure 3.4). The mixture partner supresses the growth

rates of both the resistant and sensitive pathogen strains. Assuming the

98



Chapter 3 Resistance management benefits of phytosanitary cultural control

multiplicative survival model applies (Equation 11), the mixture partner reduces the
difference in the growth rates of the resistant and sensitive strains, and therefore
reduces selection for the resistant strain (van den Bosch et al., 2014). T50 was
shorter for higher doses of the SDHI, due to stronger selection pressure for the
resistant strain: the higher the SDHI dose, the larger the cumulative difference in
the growth rates of the resistant and sensitive strains. Whilst avoiding the use of
the SDHI altogether maximised T50, this is not a practical solution: use of the SDHI
was required to maintain effective control in all of the programmes modelled for an
average disease pressure season (‘Medium’ inoculum arrival timing). Overall,
within the range of doses and spray programmes that provided effective control in
the first season, use of the minimum effective dose of the SDHI with a higher dose

of the mixture partner maximised both effective life and T50.

Based on the fungicide efficacy levels parameterised from the 2015-2017 field
experiments, the dithiocarbamate and the chloronitrile were better mixture partners
for resistance management than the DMI (Figure 3.4). Comparing programmes
that provided effective control in the first season, mixture with the chloronitrile or
the dithiocarbamate increased effective life by up to 186%, and T50 by up to 129%
or 143% respectively at the ‘Medium’ inoculum arrival timing. The increase in T50
is due to a combination of the mixture effect and the potential to use the disease
control offered by the mixture partner to maintain effective control with the minimum
recommended dose of the SDHI + Qol formulated mixture, reducing selection for
strains resistant to the SDHI. For a two-spray programme of the SDHI + Qol
formulated mixture at the lowest recommended application rate (67% of full label
dose), addition of the dithiocarbamate at 50-100% of full dose rate increased T50
by approximately 14%. A mixture of the SDHI + Qol formulated mixture with either
the chloronitrile or the dithiocarbamate could maintain effective control in an
average disease pressure season even when the resistant strain simulated here

(50% sensitivity shift) had exceeded 50% of the population.

The effective life represents the balance between selection rate and disease
control. For some lower doses of the DMI, effective life was longer for higher doses
of the SDHI + Qol formulated mixture, due to improved control of both the sensitive
and partially resistant strains by a higher dose of the SDHI, despite the increased
rate of selection. However, the effective life of mixtures of the DMI with the SDHI +
Qol formulated mixture was longest for combinations using the DMI at or just below
full dose rate with the minimum effective dose of the SDHI + Qol formulated

mixture.
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Effective life T50

DMI dose (grams a.s./ha)

Chloronitrile dose (grams a.s./ha)

Dithiocarbamate dose (grams a.s./ha)
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Figure 3.4: Effective life (years/number of growing seasons) and time until 50% of
the population is insensitive to the SDHI (T50, years) for two-application
programmes of the SDHI + Qol formulated mixture with a mixture partner (DMI,
chloronitrile or dithiocarbamate) at varying dose rates (expressed as grams of
active substance/ha).The x-axis label shows the dose of the SDHI with the dose of
the Qol in brackets (the SDHI and the Qol are in a 1:2 ratio). Inoculum arrival timing
tmoc = 44 DAE. An effective life of 20 years indicates that effective control was
maintained throughout the period simulated. A T50 of 20 years indicates that the
population did not reach 50% frequency of the insensitive strain in the period
simulated.
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3.4.2.3 Impact of the timing of rust inoculum arrival on resistance management

Effective life and T50 was prolonged by delayed P. pachyrhizi inoculum arrival
(Figure 3.5). Later inoculum arrival reduced the exposure time of the pathogen to
the fungicide, reducing the length of time for which the resistant strain had a fitness
advantage compared to the sensitive strain and therefore reducing selection for
resistance. In addition, disease pressure was lower when inoculum arrival was
later in the season, enabling effective control to be maintained with the minimum
recommended application rate of the SDHI + Qol formulated mixture, potentially
even with a single fungicide application (Figure 3.6). Keeping the SDHI dose and
number of sprays to a minimum reduced the strength of selection for resistance to
the SDHI and increased T50 values. Prompt fungicide application was particularly
important for disease control when inoculum arrived early in the growing season,

with slightly greater flexibility when inoculum arrival was delayed.

For a two-spray programme of the SDHI + Qol formulated mixture at the lowest
recommended application rate (67% of full label dose) and the dithiocarbamate at
50-100% of full dose rate, with the first application made at 32 DAE, ‘Medium’
timing for inoculum arrival (44 DAE) increased T50 by approximately 14% relative
to ‘Early’ inoculum arrival, for approximately a 10—12 day delay in inoculum arrival.
An additional delay of approximately 8 days to ‘Late’ inoculum arrival (52 DAE)

increased T50 by 29% relative to ‘Early’ inoculum arrival.

For a one-spray programme of the SDHI + Qol formulated mixture at the lowest
recommended application rate and the dithiocarbamate at 50-100% of full dose
rate, with a choice of spray timing that provided effective control for the full 20
seasons simulated by the model, ‘Medium’ inoculum arrival timing increased T50
between 14-43%, and ‘Late’ inoculum arrival by between 29-71%, relative to the
two-spray programmes required to provide effective control for ‘Early’ inoculum

arrival.

Selection for resistance was increased, and T50 reduced, when the timing of the
first application in a two-spray programme, or the timing of the single application in
a one-spray programme, more closely matched inoculum arrival (Figure 5, Figure
6), as this meant that the fungicide dose was highest at the time when the pathogen
population was growing most rapidly due to a lack of density dependence effects.
However, closely matching the spray timing to inoculum arrival also improved
disease control and therefore increased effective life overall, and the increase in

selection was offset in some cases where an optimal spray timing for disease
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control made it possible to reduce the dose rate or number of applications of the
SDHI + Qol formulated mixture. These results are in agreement with the
conclusions of van den Berg et al. (2013). Overall the resistance management
benefits of delaying inoculum arrival were maximised by using a one-spray

programme with spray timing approximately matching ‘Medium’ inoculum arrival,

enabling effective control with shorter exposure time and a lower total fungicide

dose.

Effective life

Timing of first fungicide spray (days after soybean emergence)

Rust amval time ( days after soybean emergence)

Figure 3.5: Effective life (years/number of growing seasons) and time until 50% of

the population is insensitive to the SDHI (T50, years) for two-application mixture
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programmes and with varying rust inoculum arrival time (t;,,.) and timing of the
first fungicide application (second application made 15 days after the first).
Applications of SDHI + Qol formulated mixture with the dithiocarbamate at a. 100%
SDHI + Qol and 100% dithiocarbamate full dose rate; b. 67% SDHI + Qol and
100% dithiocarbamate full dose rate; c. 67% SDHI + Qol and 50% dithiocarbamate
full dose rate. An effective life of 20 years indicates that effective control was
maintained throughout the period simulated. A T50 of 20 years indicates that the
population did not reach 50% frequency of the insensitive strain in the period

simulated.

Effective life T50

Timing of fungicide spray (days after soybean emergence)

L . L L L L L
34 36 38 40 42 44 46 48 50 52 32 34 36 38 40 42 44 48 48 50 52

Rust arrival time (days after soybean emergence)

L
32

Figure 3.6: Effective life (years/number of growing seasons) and time until 50%

of the population is insensitive to the SDHI (T50, years) for one-application

103



Chapter 3 Resistance management benefits of phytosanitary cultural control

mixture programmes, with varying rust inoculum arrival time (t;,,.) and timing of
the fungicide application. SDHI + Qol formulated mixture applied with the
dithiocarbamate at a. 100% SDHI + Qol and 100% dithiocarbamate full dose rate;
b. 67% SDHI + Qol and 100% dithiocarbamate full dose rate; c. 67% SDHI + Qol
and 50% dithiocarbamate full dose rate. An effective life of 20 years indicates that
effective control was maintained throughout the period simulated. A T50 of 20
years indicates that the population did not reach 50% frequency of the insensitive

strain in the period simulated.
3.4.2.4 Sensitivity to model parameters
Level of sensitivity shift to the SDHI

The greater the sensitivity shift, the stronger the selective advantage of the
resistant strain. Therefore, relative to a sensitivity shift of 50%, T50 was shorter for
sensitivity shifts of 75% and 100%, and longer for a sensitivity shift of 25%. The
greater the sensitivity shift, the higher the doses of the SDHI + Qol formulated
mixture and the mixture partner required to maintain effective control once the
resistant strain has become the dominant strain in the population. Additional details
in Appendix 3.B (Figure 3.B.1).

Reduced mixture partner efficacy

In a scenario in which the efficacy of each fungicide was the minimum of the likely
range indicated by the available data, the resistance management benefits of
mixture partners and delaying inoculum arrival were very similar to the results
reported in sections 3.4.2.2 and 3.4.2.3, albeit with a slightly reduced range of dose
rates and spray timings that provided effective control. There was less change in
the results for the dithiocarbamate than for the chloronitrile. Compared to the
chloronitrile, a greater range of dose rates of the dithiocarbamate were predicted
to maintain effective control for all growing seasons simulated. Additional details in
Appendix 3.B (Figures 3.B.2-3.B.4).

SDHI decay rate
The predicted T50 was slightly increased by using a short SDHI half-life value and
re-fitting parameters qs and k;, but in this scenario the range of dose rate and

spray timing combinations that were predicted to provide effective control was
slightly reduced. Using a longer SDHI half-life had the opposite effect. Additional
details in Appendix 3.B (Figures 3.B.5-3.B.10).
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3.5 Discussion

3.5.1 Model parameterisation and use to compare the benefits of
alternative mixture partners

We presented and validated a method for extracting information on the
effectiveness of fungicides from disease severity data. Our method is generic and
achievable for other new-to-market products, including in other pathosystems. Our
approach models both fungicide efficacy and selection for fungicide resistance to
predict which fungicide programmes are likely to be optimum in the longer-term by
comparing the effective life and T50 of programmes relative to one another. We
showed that P. pachyrhizi evolution of resistance to a single-site fungicide could be
slowed, and fungicide programme effective life increased substantially, through

mixture of the single-site fungicide with other effective fungicides.

Model validation is important to increase confidence in model scenario predictions.
Our validation dataset consisted of data that was not suitable for parameterisation
of fungicide efficacy, avoiding a trade-off between reserving data for validation and
maximising the size of the training dataset for robust parameterisation. Overall, the
validation showed that our fitted fungicide dose response parameters gave a good
prediction of average fungicide efficacy in solo and mixture programmes. The
model fit to disease progress curves was excellent and compares well to similar
models (Batchelor et al., 1997; Del Ponte et al., 2006b; Kassie et al., 2023; Kim et
al., 2005; Yang et al., 1991), albeit with slight underestimation of the highest
severity values >70% for both treated and untreated trials. This may be partially
attributable to measurement errors in the assessed values at high levels of severity.
Godoy et al. (2006) note a tendency for overestimation of severity through visual
assessment, even with use of the diagrammatic scale by experienced raters, which
represents a maximum severity of 78.5%. Values above this are likely to be difficult
to distinguish: Franceschi et al. (2020) showed that severity values above 80%
were nearly all overestimated by visual assessment. In addition, disease severity
on an almost completely defoliated plant would often be recorded as 100%,

whereas the model estimates the severity on any remaining leaves.

The crop growth model was parameterised using data from crops that had been
infected by P. pachyrhizi which were likely to have experienced early defoliation
and senescence as a result. This may cause the model to underestimate total

healthy area duration (HAD) loss compared to a completely healthy crop canopy.
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Ideally, the model of canopy growth would be parameterised using data on LAl
over the course of the growing season in the absence of disease, where a suitable
dataset is available. A mechanistic representation of defoliation as a result of P,
pachyrhizi infection could improve model predictions but would require increased

model complexity and additional data for parameterisation.

Our comparison of the likely disease control and resistance management benefits
of alternative mixture partners and dose rates shows that when the SDHI fungicide
is used in mixture with another effective fungicide, it should be possible to maintain
effective control in an average season using the mixture even if the P. pachyrhizi
population has evolved partial resistance to the SDHI. However, resistance
management is still crucial to reduce selection for any new highly resistant strains
which may emerge and to minimise the level of resistance to single-site fungicides
for as long as possible, enabling control to be maintained in high-pressure seasons
and cases where curative control is required. The best resistance management
strategies may not be the most profitable option in the short term, but the longer-
term costs of rapid development of resistance should also be considered. A model
of profitability considering multiple disease pressure scenarios (Alves et al., 2021)
highlighted the benefits for long-term profitability of limiting the rate of decline of

fungicide efficacy.

Our results show that it is a good resistance management tactic to use the
maximum dose of a low-risk mixture partner with the minimum effective dose of
the at-risk fungicide required for disease control, which is consistent with previous
studies (Hobbelen et al., 2011b). However, this tactic needs to be tailored to
specific pathosystem requirements, in particular balancing resistance
management with the costs of control (Alves et al., 2021; Machado et al., 2022).
The economically optimum dose (‘EcOptD’) varies with the sensitivity of the
pathogen population: a higher dose will generally give better disease control if
partial resistance develops, driving an increase in the EcOptD, whereas if highly
resistant strains are present the EcOptD may decrease (van den Bosch et al.,
2018, 2020). High or unpredictable disease pressure also increase the EcOptD (te
Beest et al., 2013; van den Bosch et al., 2018). In addition, dose rates need to take
into account the potential need for curative control, environmental concerns
relating to the use of high doses of multi-site fungicides (Ayer et al., 2021; Yang et
al., 2011), and requirements for control of other crop diseases targeted by the same

fungicide applications.
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Our comparison of alternative mixture partners did not include the potential for
concurrent resistance evolution, but the risk of this occurring is greater for the
single-site DMI fungicide than for the two multi-site fungicides. On the basis of
current efficacy alone, our results suggest that the dithiocarbamate or the
chloronitrile are stronger mixture partner choices for resistance management than
the DMI fungicide. Cyproconazole, tebuconazole and epoxiconazole were among
the earliest fungicide active ingredients to be deployed against soybean rust in
Brazil. A substantial population sensitivity shift to DMI fungicides occurred over the
first decade of use (Dalla Lana et al., 2018), but average control efficacy for
mixtures containing DMI fungicides has been stable for several years following this
sensitivity shift (Barro et al., 2021). If using our method to model newer DMI and
quinone inside inhibitor (Qil) fungicides as potential mixture partners, it would be
prudent to simulate concurrent resistance evolution. The model structure used
here can be extended for application to systems with several insensitive strains,
including systems where competing strains are each insensitive to a single
fungicide, and/or where a strain is insensitive to multiple fungicides (Taylor &
Cunniffe, 2023b). The model could also be expanded to represent the effect of
cultivar resistance and the evolution of virulence, but care and ample data would
be needed to represent suitably the effect of cultivar resistance on the P. pachyrhizi
life cycle, especially considering any role of crop architecture (Negrisoli et al., 2022)

and maturity group (Moreira et al., 2015).

3.5.2 Resistance management benefits of delaying infection

The value of sanitation practices for disease control is theoretically low if they are
used alone to control polycyclic pathogens such as P. pachyrhizi, which have a
high epidemic growth rate and a short latent period (Zadoks & Schein, 1979; Nutter,
2007). However, the soybean-free period has proved very successful in reducing
the impact of P. pachyrhizi on soybean yields in Brazil (Godoy et al., 2016; Yorinori,
2021a). Sanitation does not need to be complete to be useful, especially when
used in combination with fungicides and cultivar resistance. Early onset of P.
pachyrhizi in vegetative or early reproductive stages of growth is particularly
damaging to yield (Dalla Lana et al., 2015; Kumudini et al., 2008), so a delay in
infection is economically useful. Importantly, our model results demonstrate the
additional value of non-fungicide-based sanitation practices such as the soybean-
free period for fungicide resistance management. For a two-spray programme of
the SDHI + Qol formulated mixture at the lowest recommended application rate
and the dithiocarbamate at 50—-100% of full dose rate, the impact on T50 of a 10-
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day delay in inoculum arrival after the R1 growth stage was approximately equal

to the impact on T50 of using the dithiocarbamate as a mixture partner.

Selection for resistance was reduced by later inoculum arrival due to a shorter
exposure time of the pathogen to the fungicide. In addition, disease pressure was
lower when inoculum arrival was delayed, enabling effective control to be
maintained with lower fungicide intensity and substantially increasing the range of
programmes that provided effective control for the full 20 seasons simulated. Our
modelling results are supported by recent experimental evidence that orchard
sanitation practices such as leaf shredding can reduce selection for resistance to

DMI fungicides in apple scab (Venturia inaequalis) (Meitz-Hopkins et al., 2023).

The length of the delay in inoculum arrival due to the soybean-free period cannot
be measured precisely, as the timing of the epidemic onset will be determined by
a combination of weather conditions and phytosanitary efforts. Godoy et al. (2016)
compared reports of P. pachyrhizi incidence in growing seasons before and after
the introduction of the soybean-free period, illustrating an average delay in the first
onset of infection of approximately a month. The range of infection timings we
simulated correspond roughly to growth stages R1 to R4, based on the interquartile
range of approximate inoculum arrival timing in the years 2012-2016 (after the
introduction of the soybean-free period). Avoiding infection in the vegetative stage
of growth before R1 is known to be important to minimise yield losses. Our results
show that delaying infection onset after R1 offers benefits for fungicide resistance
management. This evidence supports efforts to maintain and improve the soybean-
free period, for example through improved management of volunteer soybean. Our
results also indicate that the sowing-date limit imposed in some states of Brazil to
minimise early infection of late-sown crops by high densities of inoculum is likely

to be of value for resistance management.

We assumed that P. pachyrhizi inoculum is completely absent until the influx of
spores that initiates the epidemic arrives at t;,oc. If a low level of P. pachyrhizi
infection is present prior to t;,.., prophylactic sprays would exert more selection
pressure than estimated by our model results. We assumed a constant rate of
spore influx from outside the crop canopy following t,.; this rate is likely to vary
with meteorological conditions (Andrade et al., 2009; Wen et al., 2017), but
following initial infection the epidemic is largely driven by secondary infection from
within the crop. We also assumed a constant transmission rate in the absence of

fungicides, ¥, whereas this will in fact vary with plant and leaf age (Xavier et al.,
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2017) and with weather conditions such as temperature and dew period (Yang et
al.,, 1991), and could interact with inoculum arrival timing. Factors affecting the
transmission rate could also impact on fungicide decay rate and efficacy. Additional
experimental data would be needed to support further model exploration of these

complex interactions.

The resistance management benefits of delaying P. pachyrhizi infection were
maximised by using the minimum number of fungicide applications required for
effective control. Enabling a reduction in pesticide applications whilst retaining
control through use of alternative control strategies is a core aim of IPM, with
sanitary practices playing an important role. For example, a two-year or longer crop
rotation can reduce the number of fungicide applications required to control leaf
blight in carrot (Gugino et al., 2007). On average, growers are estimated to make
one less fungicide application per season as a result of the soybean-free period,
leaving an average of 2.5 applications per season (Yorinori, 2021a). Our results
suggest that a well-timed single fungicide application could provide effective
control in combination with the delay of P. pachyrhizi inoculum arrival through the
soybean-free period. However, as P. pachyrhizi can be a devastating pathogen and
prompt application is needed to maintain control when inoculum arrives early, many
growers take a risk-averse approach (Yorinori, 2021a). Improving growers’
confidence to keep the number of fungicide applications to the minimum necessary
for effective control is therefore crucial. A combination of field monitoring of P.
pachyrhizi and other diseases of soybean (Yorinori, 2021a) and improved disease
forecasting through models (Del Ponte et al., 2006a) could be used to help growers
to minimise fungicide intensity and maximise the resistance management benefits

of the soybean-free period.

3.6 Supporting Information

Appendix 3.A: Further details on model parameterisation

Appendix 3.B: Further details on sensitivity of model results to parameter values
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Dose splitting may be required to enable use of mixtures of different MoA due to
increasing limitation of the number of MoA available for use due to regulation and
existing resistance. Previous modelling studies have predicted that dose splitting
will increase selection for resistance, but did not show how the effect of dose
splitting varies with fungicide properties and the type and magnitude of resistance.
The balance between the effects on selection of increased exposure time due to
dose splitting, the reduced dose rate of each fungicide at each application timing
and the effect of mixing different MoA will determine whether splitting and mixing
is beneficial for management of concurrent evolution of resistance. In this chapter,
| investigate variability in the effects of dose-splitting, to improve understanding of
this key trade-off for management of concurrent evolution of resistance. The
following manuscript was published in Plant Pathology 74(4):1152-1167 in March
2025.

4.1 Abstract

Fungicide resistance management principles recommend that farmers avoid
splitting the total dose applied of a fungicidal mode of action (MoA) across multiple
applications per season (‘dose splitting’). However, dose splitting may sometimes

be needed to make another proven resistance management tactic - application in

120



Chapter 4 Effect of dose splitting on selection for resistance

mixture with a different MoA - practically achievable, especially in cases where
there are limited MoAs available for disease control. Variable effects of dose
splitting on selection for resistance have been observed in field experiments, and
its effect on selection for partial resistance in fungal pathogens is not well studied.
An improved understanding of whether the effect of dose splitting depends on
fungicide properties and type of fungicide resistance is required. We developed a
compartmental epidemiological model of septoria leaf blotch (STB) (Zymoseptoria
tritici) to investigate the effect of dose splitting on selection for both complete and
partial target-site and non-target-site resistance. To measure solely the effects of
dose splitting, we restricted the analysis to solo fungicide application (solo use is
not recommended in practice). Our results show variable effects of dose splitting:
in general, it increased selection for both target-site and non-target-site resistance.
Within the range of dose response parameters expected for commercial
fungicides, dose splitting increased selection most for partial resistance
mechanisms that result in a reduction in fungicide efficacy at low fungicide
concentrations but not at high concentrations. We predict that dose splitting of a
succinate dehydrogenase inhibitor (SDHI) fungicide (solo) will increase selection

for target-site and non-target-site resistance by between 20-35%.

4.2 Introduction

The effectiveness of fungicides for control of plant diseases is threatened by the
evolution of resistance (Corkley et al., 2022). The risk of resistance is particularly
high for polycyclic foliar fungal pathogens, such as septoria tritici blotch (STB)
(Zymoseptoria tritici) in wheat, grey mould (Botrytis cinerea) in many hosts, potato
late blight (Phytophthora infestans), and net blotch (Pyrenophora teres) and
powdery mildew (Blumeria hordei) diseases of barley. These pathogens have large
population sizes and many generations per year, enabling rapid evolution of
resistance (Grimmer et al., 2015; McDonald et al., 2022), and have the potential to
cause large economic losses. Fungicide resistance management tactics include
minimising the dose and number of applications, and applying in mixture with a
different mode of action (MoA) (Corkley et al., 2022; Elderfield et al., 2018;
Mikaberidze et al., 2017; van den Berg et al., 2016; van den Bosch et al., 20143,
2014b). However, the number of effective MoA available for use is increasingly
restricted by regulation (especially of multi-site fungicides) and resistance which
has already evolved. This poses challenges for implementation of current

resistance management strategies.
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Fungicides with a MoA affecting a single pathogen target site are at particular risk
of resistance development because a single point mutation affecting the target site
gene (‘target-site resistance’) may confer a large fithess advantage. Target-site
mutations may confer either complete or partial resistance. If a target-site mutation
substantially prevents fungicide binding, for example through a change in the
shape of the fungicide binding site, this can fully restore cellular or enzyme function
and result in a high level of complete resistance. For example, the G143A mutation
prevents quinone outside inhibitor (Qol) fungicides from binding to the cytochrome
b mitochondrial protein, restoring its function in respiration (Dorigan et al., 2023).
Target-site resistance may involve a single point mutation, or a combination of
multiple mutations on the target gene, each conferring partial resistance, but
potentially leading to highly resistant phenotypes in combination. For example, Z.
tritici has accumulated multiple mutations in the CYP51 gene, leading to gradually
increasing levels of resistance to demethylation inhibitor (DMI) fungicides (Cools &
Fraaije, 2013; Hawkins & Fraaije, 2021; Leroux & Walker, 2011). In addition to
target-site mutations, other mechanisms of fungicide resistance in pathogens
include target-site overexpression, and non-target-site resistance such as
increased efflux, detoxification and alternative metabolism (Dorigan et al., 2023;
Hawkins & Fraaije, 2021; Hu & Chen, 2021). These mechanisms may cause
partially or highly resistant strains, especially in combination with one another or
with target-site resistance. Metabolic resistance pathways such as efflux pumps
are also implicated in multi-drug resistant fungal strains (Kretschmer et al., 2009;
Omrane et al., 2017; Patry-Leclaire et al., 2023).

To predict the impact of fungicide resistance management tactics on selection, it is
helpful to consider pathogen epidemics in terms of the per capita rate of increase
or ‘growth rate’ (r) of each strain: a number which combines the repeating stages
of lesion establishment, growth and sporulation into a single measure of the
success of a strain at a given point in time. Pathogen strains with resistance to the
action of a fungicide have higher growth rates in the presence of that fungicide
than strains that are sensitive to the fungicide. The greater the difference in the per
capita growth rates of resistant and sensitive strains, the faster the rate of selection
for resistance (van den Bosch et al., 2014a). The impact of any given fungicide
dose on the per capita growth rate of a pathogen strain can be represented in
models by its effect on important parts of the pathogen life cycle, such as a
reduction in the pathogen transmission rate. Assuming that the applied dose

decays exponentially over time, it is possible to track the ‘effective dose’ remaining
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at any point in time. The impact of the fungicide on the pathogen life cycle is
greatest at high effective doses, where the maximum effect is defined by an
‘asymptote parameter’, and the rate at which the effect decreases with reducing
fungicide doses is defined by a ‘curvature parameter’. The effect of resistance on
the dose response to a fungicide may be observed either as a complete or partial
reduction in the maximum effect of the fungicide on the pathogen growth rate even
at very high effective doses, or as a reduction in the efficacy of lower effective
doses of the fungicide. We will refer to these types of resistance as ‘asymptote
shift’ and ‘curvature shift’ respectively, to reflect their effect on the fungicide dose
response (Figure 4.1(a), 4.1(b)). Resistance resulting from an asymptote shift is
sometimes referred to as ‘type I’ resistance, and resistance resulting from a
curvature shift as ‘type II’ resistance (Elderfield, 2018; Mikaberidze et al., 2017;
Taylor & Cunniffe, 2023a).

Let us consider which resistance mechanisms are likely to lead to either a partial
asymptote shift or a curvature shift. Some fungicides bind competitively directly to
the enzyme active site: for example, DMI fungicides bind competitively to the
CYP51 protein which catalyses a step in ergosterol biosynthesis (Hargrove et al.,
2015), occupying the P450 active site and preventing substrate binding. A target-
site mutation that causes a small to moderate reduction in the affinity of the enzyme
for the fungicide will reduce fungicide efficacy at low fungicide concentrations, but
not at high fungicide concentrations. This case is therefore best represented by a
curvature shift. A curvature shift will also be representative of other resistance
mechanisms that reduce fungicide efficacy at low fungicide concentrations but are
overwhelmed by high fungicide concentrations. These may include target-site
overexpression and non-target-site, metabolic resistance mechanisms such as
increased expression of efflux pumps and detoxification. A partial asymptote shift
could result from a target-site mutation that reduces the maximum effect at any
dose rate of fungicides which bind allosterically and non-competitively to an
enzyme. These fungicides change the structure of the enzyme in a way that inhibits
enzyme function or reduces access or binding of the substrate to the enzyme active
site. An example is the cyanoacrylate phenamacril which is used against a number
of Fusarium species (Wollenberg et al., 2020). The maximum effect of these
fungicides could be partially reduced by a target-site mutation which changes the

shape of the enzyme-fungicide complex, partially restoring enzyme function.

Multiple fungicide applications per year are often useful to avoid economically

damaging epidemics of polycyclic foliar fungal pathogens such as Z. tritici. If the

123



Chapter 4 Effect of dose splitting on selection for resistance

number of MoA available for programmes is limited, use of mixtures may require
splitting the total dose of a fungicide across two or more applications, reducing the
dose of each MoA per application but increasing the exposure time of the pathogen
to each fungicide, with counteracting (but not necessarily equal) effects on
selection for resistance. If resistance is evolving ‘concurrently’ to two or more MoA
at the same time, this situation introduces complex trade-offs for resistance
management. Whether ‘splitting and mixing’ is a good or a poor choice of strategy
for management of concurrent evolution of resistance will depend on the balance
between the effects of mixture and dose splitting on selection. However, variation
in the effects of dose splitting is not well understood. van den Bosch et al. (2014a)
hypothesise that dose splitting will, overall, increase selection for strains with an
asymptote shift against a fungicide. They highlight several experimental studies
that support this theory, but the effect of dose splitting on selection for partially
resistant strains with a curvature shift has not been explicitly considered in previous
modelling studies, to our knowledge. Field trials carried out between 2018 and
2020 to measure the effect of dose splitting on selection for SDH-mutants showed
variable results (Paveley et al., 2020; Young et al., 2021). An improved
understanding of how fungicide properties and type of resistance determine the
effect of dose splitting on selection for resistant pathogen strains is needed to

inform tactics for management of concurrent evolution of resistance.

To investigate the effect of dose splitting on selection, we developed a model of
fungicide resistance evolution in Z. tritici. Zymoseptoria tritici is one of the most
common, widespread and damaging pathogens affecting winter wheat crops in the
UK and worldwide. It has evolved resistance to Qols, DMIs and SDHIs (Cools &
Fraaije, 2013; Dooley et al., 2016; Huf et al., 2018; Rehfus et al., 2018; Torriani et
al., 2009), with a corresponding decline in disease control (Blake et al., 2018). The
model simulates a typical UK epidemic of STB, describing the seasonal growth and
senescence of the upper crop canopy of winter wheat under average temperature
conditions in the UK, key processes in the pathogen life cycle (sporulation,
infection and growth) and their interaction with fungicides. In the UK initial infection
of wheat crops by Z. tritici occurs in autumn or spring through airborne ascospores
or by splash-dispersed conidia from wheat stubble. After penetrating the leaf
stomata, the fungus develops slowly during a symptomless latent period, following
which necrotic lesions form on the leaf surface. These produce asexual haploid
pycnidiospores which spread to the upper leaf canopy through contact and rain

splash, driving the majority of secondary infections within the growing season with
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the potential for rapid increases in disease severity (Ponomarenko et al., 2011;
Suffert et al., 2011). STB is associated with a reduction in crop quality and yield

losses of up to 50% if uncontrolled (Fones and Gurr, 2015).

Through model simulations, we compared the effects on selection for a resistant
Z. tritici strain of applying a fungicide solo in either a single application at full label
rate or in two applications, each at half the full label rate. It should be noted that
use of solo MoA is not recommended in practice. However, restricting the analysis
to dose splitting of a solo fungicide enabled us to measure solely the effects of
dose splitting, rather than the combined effects of ‘splitting and mixing’, giving a
clearer picture of the drivers in variation of the effects of dose splitting. We used
the model to investigate how the effect of dose splitting on selection for resistance
depends on: (a) fungicide properties (foliar concentration half-life; asymptote and
curvature dose response parameters for the sensitive strain); (b) the type of
resistance (asymptote shift or curvature shift); and (c) the magnitude of the

asymptote or curvature shift.

4.3 Materials and Methods

4.3.1 Model background and approach

Our model has the same functional form as one developed by Hobbelen et al.
(2011a, b). However, the rate of crop senescence in that model was parameterised
using data on spring barley (Hordeum vulgare) (Hobbelen et al., 2011a), and the
simulated timing of senescence could impact on model predictions of the effects of
dose splitting on selection for resistant strains. We therefore re-parameterised the
model (see Section 4.3.3) using a dataset of green leaf area index (GLAI) and Z.
tritici infection of the top three leaves of wheat crops from 14 site-years (Milne et
al., 2003, described as ‘Data set 1’; te Beest et al., 2009).

We follow the approach of (Hobbelen et al., 2011b), modelling the leaf area index
(LAI; a dimensionless measure of leaf density, defined as the total amount of one-
sided leaf area of the canopy (m?) per unit ground area (m?)) and infection by Z.
tritici pycnidiospores on the top three leaves of the wheat canopy only. Yield loss
due to Z. tritici occurs due to a reduction in healthy leaf area duration (HAD) and
the resulting loss of interception of photosynthetically active radiation (PAR) on the
upper three leaves during grain-filling: the level of disease on the upper canopy is
a good predictor of yield loss (Parker et al., 2004; Shaw & Royle, 1989). Fungicide

applications targeted against Z. tritici are therefore mostly applied to the upper leaf

125



Chapter 4 Effect of dose splitting on selection for resistance

canopy. Although there will be some fungicide exposure on lower leaves, previous
modelling results suggest that it is on the upper leaf canopy that selection for

resistance primarily occurs (van den Berg et al., 2013).

The dynamics of the epidemic in the model are driven by the growth and
senescence of the crop, which determines the leaf area available for infection, and
the effect of a fungicide on the pathogen life cycle over time. The leaf area can
pass sequentially through healthy, latent (infected but not yet sporulating),
infectious (sporulating) and post-infectious stages; healthy and latent leaf area may
also senesce due to leaf age. The infectious leaf area generates new infections on
healthy leaf area. The model simulates the LAl of both the latent and infectious

stages of a sensitive strain and a resistant strain of Z. tritici.

4.3.2 Model equations

4.3.2.1 Growth and senescence of wheat leaf canopy

It is assumed that the growth rate of the total leaf area of the upper canopy is not
affected by Z. tritici severity, so the total leaf area index (LAl) and uninfected
healthy green leaf area index (GLAI) are tracked separately (Hobbelen et al.,

2011b). In the absence of disease the rates of change of the total LAl (A) and the
total healthy GLAI (H) are given by:

dA 0, t <ty
a_ { (1)
dt V(AMaX - A)' t >t
dH
T =y(Amax — 4) — B()H (2)
0, t < tﬁo
where (t) = . t—tp, + (pew(tﬁr_t), tg, St <tg (3)
tpr — tg, i '

where ¢, is the time at which leaf 3 emerges and growth of the upper canopy
commences, Apay is the maximum LAl y is the growth rate of the leaf area, B (t)
is the rate of senescence at time t, tg, is the time of onset of senescence, tp, is
the time at which the canopy has fully senesced, and 7, ¢ and w are coefficients
controlling the rate at which senescence occurs in relation to the length of time

after the onset of senescence. Time is measured in degree days (base 0°C), ‘zero-

degree days’ (see Section 4.3.3).
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4.3.2.2 Infection of crop by Zymoseptoria tritici

The development of the STB epidemic is described in the model by tracking the

LAl of latent and infectious lesions of the resistant and sensitive strains.

It is assumed that the epidemic on the upper leaves is initiated by an influx of
spores from infectious lesions on lower leaves. The density of infectious lesions on
lower leaves, C, diminishes over time at rate A, as lower leaves senesce and
infectious lesions on the lower leaves reach the end of the infectious period. The

LAl of infectious lesions on lower leaves at time t, C(t), is calculated as:
C(t) = Coe™ 4)

A fraction, HP of the initial influx C from lower leaves is assumed to be spores

Start’

=1-6

of the resistant strain, with the sensitive strain fraction 8 ostart - It is

OStart

assumed that 6 and 6

Dstart are not affected by fungicide application after the

OStart

start of the model simulation at GS31. The initial influx is denoted as C,; and C,, for

the sensitive and resistant strains respectively.

The influx of spores, C, and infectious LAl on the upper canopy, I, are converted
into new latent lesions on the upper canopy, at transmission rate ¢, i.e. the overall
rate at which infectious lesion density is converted into new latent lesions on a
given density of healthy leaf area. Latent lesions mature into infectious, sporulating
lesions, at a rate §, where 1/ § is the average latent period. Infectious lesions die
at a rate u, where 1/u is the average infectious period. Leaf senescence affects
latent LAI, but not infectious LAI as the leaf tissue is already killed by the necrotic
process of lesions becoming infectious (Hobbelen et al., 2011b; Kema et al., 1996).
The following set of equations track the area index of healthy (H), latently infected

(L) and infectious (I) leaf area over time, with L, and L, denoting the area index
of latent lesions and I, and I; the infectious area index of the resistant and

sensitive strains respectively:

dH

FT Y (Amax —A) — B(O)H — S(H/A)(CG +C+ Io+1p) ®)
dL,
= eo(1/)(Co + 1) = 6L = B(O)L, (6)
dL
d_tp = &,(H/)(C, +1,) = 6L, = BO)L, ™
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dl,
E = 60'L0' - .UIG (8)
dl,
ar pLp — 1y 9)
The final fraction of the resistant strain in the population at crop senescence, HpEnd,
is calculated as:
I)(t

Pnd IP(tﬁT) + Id(tﬁT)

4.3.2.3 The effect of the fungicide on pathogen growth rate

Fungicide effects on the two strains of Z. tritici are simulated in the model through
a dose-dependent reduction of pathogen life cycle parameters ¢ (transmission
rate, Equations 6 and 7) and § (the rate at which latent lesions are converted to
sporulating lesions, Equations 8 and 9), slowing the rate of increase of the
pathogen population. Single-site fungicides are assumed to reduce both the
transmission rate and the rate of conversion of latent infections to sporulating
lesions. The infectious period of sporulating lesions is assumed to be unaffected

by fungicides.
The fungicide dose at time t, D(t), decays exponentially over time at rate v:

Doe—v(t—t*)’ t 2 t*

11
0, t< t* 1D

D(t) ={

where D, is the applied dose, expressed as a proportion of the maximum permitted
individual dose (as defined on the product label), Dy.x, and t* is the time of the
first application. D(t) is the ‘effective dose’ referred to in Section 4.2. If an additional
application is made at t**, the remaining dose from the application at t* is added

to the newly applied dose to calculate a total value for D, at t**.

The fungicide reduces the pathogen life cycle parameters € and § by a fraction
f(t), which changes over time depending on the remaining fungicide dose, D(t).
The dose response of f(t) to D(t) (Figure 4.1(a), 4.1(b)) is described by a
combination of an asymptote parameter, g, which is the maximum fractional
reduction of the pathogen life cycle parameter (i.e. at infinite fungicide dose), and
a curvature parameter, k, which defines how quickly the fractional reduction

declines from the asymptote as D(t) decreases:

128



Chapter 4 Effect of dose splitting on selection for resistance

fo(® = q,(1 — e7keP®) (12)
fo(t) = q,(1—e~*ePD) (13)

The asymptote parameters are denoted as g, and q,, the curvature parameters
as k; and k,, and the fractional reductions as f(t) and f, (t) for the sensitive and
resistant strains respectively. Each pathogen life cycle parameter affected by the
fungicide is multiplied by (1 - f(t)) to represent the effect of the fungicide on the

growth rate of the pathogen population. For example, the transmission rate of the

sensitive strain at time t, £,(t), is calculated as:

ex(t) = &o(1 — £(8)) = & (1= g, (1 — e74oP©®)) (14)

where ¢, is the transmission rate in the absence of fungicides. It is assumed that
there are no fitness costs of resistance. If f;(t) > f,(t), the density of the resistant

strain will increase faster than the density of the sensitive strain, leading to an

increase in the resistant strain fraction of the Z. tritici population.

4.3.2.4 Types of fungicide resistance

We simulate two types of fungicide resistance based on the nature of the shift in

sensitivity to the fungicide (‘sensitivity shift’):

e Asymptote shift, {,: parameter g is reduced relative to the sensitive strain.

e Curvature shift, {;: parameter k is reduced relative to the sensitive strain.

We describe the level of sensitivity shift as a percentage. For example, a 50%

asymptote shift means that q, = 0.5q,. Partial resistance could take the form of

either an asymptote shift or a curvature shift, or a combination of both. An
asymptote shift means that the effect of any dose D(t) against the resistant strain
of the pathogen is reduced (Figure 4.1(a)). For a curvature shift, the instantaneous
effect of a high dose of the fungicide may still be as potent, but at lower doses it is
less effective against the resistant strain than against the sensitive strain (Figure
4.1(b)). The biological significance of asymptote and curvature shifts is discussed

in Section 4.2.
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Figure 4.1: Effect of asymptote shift, {,, and curvature shift, {;, on the dose
response to fungicide dose, D(t). (a) and (b) show the fractional reduction, f(t),
of pathogen life cycle parameters for different levels of asymptote shift and
curvature shift respectively. (c) and (d) show f,(t) — f,(t), the resulting difference
in f(t) of the sensitive strain compared to a resistant strain with an asymptote
shift or a curvature shift respectively. Dose response shown for a fungicide with
qs = 0.75,k, = 10. Solid black line: dose response of sensitive strain. Dashed
orange line: {; = 50%. Dotted purple line: {, = 90%. Solid orange line: {; = 50%.
Dashed purple line: {; = 90%.

A 100% asymptote and a 100% curvature shift are functionally identical: both
represent strains that are completely resistant to the fungicide at any dose D(t).
Otherwise, for a given percentage sensitivity shift, an asymptote shift will result in

a more highly resistant strain than the same level of curvature shift (as can be seen
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by comparing Figures 4.1(a) and 4.1(b)). The difference in the fractional reduction
of the sensitive strain compared to the resistant strain, f;(t) — fp (t), is greatest at
high fungicide dose D(t) for asymptote shifts, and greatest at intermediate

fungicide dose D(t) for partial (<100%) curvature shifts (Figures 4.1(c), 4.1(d)).

4 .3.2.5 Calculation of the selection coefficient

We used the selection coefficient, s, to compare the rate of selection for the
resistant strain in each scenario simulated (Milgroom & Fry, 1988; van den Bosch
et al.,, 2014a). The selection coefficient is defined as the difference in fitness
between the resistant and sensitive strains due to the application of the fungicide,

where fitness is measured by the per capita rate of increase, r, of a population:
S=T, — 1 (15)

where 7, and 7, are the average per capita rates of increase of the resistant and
sensitive strains respectively over the course of the growing season. We calculate
total selection between the start of the simulation, t,, and crop senescence, time
tp,, denoting the total length of time simulated as T. Assuming exponential growth
of the sensitive and resistant strains (in the absence of density dependence), the

density of the sensitive strain and resistant strain at time tg,., denoted as Pa(tﬁr)

and P, (tg, ) respectively, can be calculated as:
P,(tg,) = P;(0)e™" (16)

Py (tg,) = F,(0)e™" (17)

where P;(0) and P, (0) are the initial densities of the sensitive and resistant strain

respectively at the start of the simulation.

Rearrangement of equations (16) and (17) for r; and r,,, and substitution of

equation (15) gives:

L1 (L)) .

T\ \B PR (t,)

This can also be expressed in terms of the population fractions of the resistant and

sensitive strains, Hp and 6, at the beginning of the simulation and the end of the

growing season:
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s = l(ln (M)) (19)
T BPStartHUEnd
4.3.3 Model implementation and parameterisation

The model was implemented in MATLAB R2022b (The MathWorks Inc., 2022)

using built-in function ‘ode45’ for the solution of the ordinary differential equations.

The model was parameterised using data on GLAI and Z. fritici infection over time
from field trials of wheat crops grown with and without fungicide application,
recorded over 14 site-years between 1993 and 1995 in England, United Kingdom,
and corresponding daily weather data from meteorological stations within one
kilometre of the site (Milne et al., 2003, described as ‘Data set 1’; te Beest et al.,
2009). We refer to data from these trials as ‘Dataset 1'. For each site-year, Dataset
1 includes data on four cultivars (Riband, Apollo, Slejpner and Haven), with four

replicates per cultivar.

We chose to follow previous models (Elderfield et al. 2018; Hobbelen et al. 2011b;
van den Berg et al. 2013) in parameterising the model on a zero-degree days scale.
Weather data for the sites was used to calculate both the thermal time (degree
days base 0°C) and photo-vernal-thermal time (base 1°C) since sowing (Milne et
al., 2003; Weir et al., 1984) corresponding to each observation date. The photo-
thermal-vernal time gave a more consistent profile for the timings of the upper
canopy growth and senescence than thermal time (see Figure 4.A.2 in Appendix
4 A for further details). Using linear regression, we derived a relationship between

thermal time and photo-thermal-vernal time, t,,,;, and used this to convert t,,,,; to

the average thermal time in zero-degree days, t:
t = 1.204t,,, + 778.6 (20)

Dataset 1 was used to estimate the average number of zero-degree days per day,

Z.

We assumed that data from field plots that received a fungicide programme
designed to provide full protection against disease (Milne et al., 2003) are
representative of canopy growth in the absence of disease. We used these data to
estimate the parameters controlling the growth and senescence of the wheat
canopy: to, tg,, tg; Amaxs ¥V, T, @ and w (defined in Section 4.3.2.1). The mean
GLAI of the top three leaves at each observation time point was calculated for each

site-year from data from all four cultivars and replicates in Dataset 1. The
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parameters were fitted to data pooled from six site-years with maximum observed
GLAI ranging from 3.76 to 4.90 (Cambridgeshire-1994, Devon-1994, Devon-1995,
Kent-1995, Norfolk-1994, Norfolk-1995), using least squares optimisation
(Isqcurvefit, MATLAB R2022b; further details in Appendix 4.A). Model zero-degree
days were mapped to growth stages on Zadoks’ scale (Zadoks et al., 1974), based

on the fitted values of t,, tg,, tg, and the estimated phyllochron length (see

Appendix 4.A for further details).

We estimated Z. tritici life cycle parameters &, u and A (defined in Section 4.3.2.2)
based on data from a literature search (Table 4.2). In combination with €, (Equation
4) and ¢, (Equations 6, 7, 14), these parameters describe the infection of crop by
Z. tritici in the absence of a fungicide. We estimated values for C, and ¢, using
data on STB epidemic progress (% severity) (Dataset 1) on untreated plots on
which the maximum severity of the STB epidemic exceeded 5% and the maximum
cumulative severity of yellow rust, brown rust and powdery mildew did not exceed
15%. Data from cultivars that were considered moderately resistant at the time the
trials were carried out were used to estimate ¢,. Data from six site-years (Devon-
1994, Devon-1995, Hampshire-1995, Herefordshire-1994, Herefordshire-1995,
Kent-1994) fitted these criteria. We fitted separate values of C, and g, for each
site-year-cultivar combination using least squares optimisation and calculated the

average of these values (further details in Appendix A.1).

We used data from AHDB Fungicide Performance trials (AHDB, 2024a) on the
observed dose response of STB severity to fluxapyroxad and isopyrazam from
2011-2012 (Dataset 2) to estimate indicative values of g, and k, for SDHI
fungicides (see Appendix 4.A for further details), using an estimate of v based on

a literature search (Table 4.2).

4.3.4 Model simulations of dose splitting

We investigated the impact of dose splitting on selection for resistant strains with
either an asymptote shift or a curvature shift (either partial or complete resistance),
for a range of values of the fungicide parameters q,, k, and v (Table 4.1). We
compared selection for the resistant strain following a single application of the
fungicide at full label rate, Dy.x, at either growth stage 32 (GS32) or GS39, to

selection for the resistant strain following a ‘split dose’ application of 0.5Dy;,x at
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both GS32 and GS39. In all simulations, the total dose applied to the upper leaf

canopy, Dryta1, Was equal to Dy

The foliar concentration half-lives of fungicide products can be very variable
depending on the crop and environmental conditions (Fantke et al., 2014). We
simulated three values of v (Table 4.1), equivalent to foliar half-lives of 3 days, 6
days and 12 days; SDHI fungicides such as fluxapyroxad, penthiopyrad and
fluopyram have an average half-life of approximately 6 days (Fantke et al., 2014;
He et al., 2016; Noh et al., 2019). Figure 4.2 illustrates the effect of the decay rate
on the simulated fungicide dose D(t) and fractional reduction f(t) over time

following single and split dose applications.

half-life half-life half-life
3 days 6 days 12 days
o
Q 1.00 - 1.00 - b 1.00 -
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Figure 4.2: Effect of decay rate v on the simulated fungicide dose, D(t), and
fractional reduction, f(t), over time following single (solid black line) and split dose
(blue dashed line) applications of a fungicide with ¢ = 0.75,k = 10. (a), (b) and (c)
show D(t) for v = 0.016 t!, v= 0.008 t~! and v = 0.004 t~! respectively,
corresponding to foliar half-lives of 3, 6 and 12 days respectively. (d), (e) and (f)
show f(¢t) forv =0.016 t™1, v = 0.008 t~! and v = 0.004 ¢t~ respectively.
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Table 4.1: List of parameter values simulated. All combinations of q,, k, and v

values simulated for each value of {, and ¢ listed.

Parameter Description Values simulated
D Total fungicide dose applied to 1ie D
Total upper leaf canopy » ¥ P Max
0, !nltlal_fractlon of inoculum C that 0.01
Stast is resistant
Asymptote of fungicide dose 0.05, 0.1, 0.25, 0.5, 0.75, 0.8,
o response (sensitive strain) 0.95,1
k Curvature of fungicide dose 0, 0.25,0.5,0.75,1, 1.5, 2, 4,
Y response (sensitive strain) 5,7.5, 10, 15, 20, 30
v Decay rate (t71) 0.01605, 0.00802, 0.00401
¢ Asymptote shift of resistant 0,1, 5, 10, 25, 50, 75, 90,
4 strain 100
Ok Curvature shift of resistant strain ?08 5,10, 25, 50, 75, 90,
GS32 Timing of GS32 application 1495
(zero-degree days)
GS39 Timing of GS39 applications 1653

(zero-degree days)

We included very low and high values of parameters g, and k, in the analysis to
understand the extremes of the range of possible effects of dose-splitting. In
practice, these parameter values are unlikely in a commercially available fungicide:
fungicides with very low values of g, or k, would not be effective, whilst very high
values are more likely to be associated with an unacceptable toxicity profile. We
compared our results to those obtained using our fitted parameter values for SDHI
fungicides to understand the most likely range of effects of dose splitting on

selection for resistance to commercial fungicides.

We assumed that 6, (0) =0.01, i.e. 1% of the inoculum initiating the epidemic was
the resistant Z. tritici strain, whilst the remaining 99% of the population was
sensitive to the fungicide. The simulations were run for a single growing season
from the start of the leaf growth of the upper canopy, t,, to complete canopy
senescence, tg.. For each combination of parameter values simulated, the
selection coefficient for the resistant strain, s, was calculated (Equation 19). The
percentage change in the selection coefficient due to dose splitting, 7, was then

calculated as:
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(SSplit - SSingle)

n = 100 X (21)

SSingle

where Ssingle is the selection coefficient for a single application at Drqa @nd Sspie

is the selection coefficient for the resistant strain for a split dose application.

4.4 Results

4.4 1 Model parameterisation

The fitted model parameters are summarised in Table 4.2. The model fit to
observed GLAI in the absence of disease was good (Figure 4.3(a); n=76, R =
76.9%, RMSE = 0.76). For the cultivar-site-year combinations used to fit &, the
transmission rate in the absence of fungicide, the overall fit to observed disease
severity progress was excellent (=293, R?= 88.4%, RMSE = 2.8%); fitted values
of & ranged from 0.0136 to 0.0364, with a mean value of 0.0211. In the absence
of a fungicide, the model predicts STB severity of 9.5% (Figure 4.3(b)) at GS75
(medium milk), which is approximately equivalent to the expected average severity
on a cultivar with an AHDB resistance rating of 6 (AHDB, 2024b).
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©
£
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» Observed GLAlI —Healthy LAl in absence of disease
—Healthy LAl in presence of Z. tritici - Latent Infectious

Figure 4.3: Model simulation of the growth, senescence and infection by Z. tritici
of the upper wheat canopy. (a) Model simulation of healthy LAl in the absence of
disease (solid line) and observed green leaf area index (GLAI) measurements
used for parameterisation of wheat canopy (points) (n=76, from 6 sites from
Dataset 1). The simulated timings of growth stages 32, 37, 39, 61 and 75 are
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indicated (blue arrows). (b) Model simulation of healthy (not latently infected) LAI

in the presence of Z. tritici, latently infected LAl and infectious LAl for an average

untreated epidemic of STB in the UK.

Table 4.2: Fitted parameter values. Time, t is measured in degree days (base 0°C)

after sowing. 2Estimate based on ‘Data set 1’ from Milne et al., 2003; *Shaw, 1990;
Suffert et al., 2013; °Boixel, 2020; Eyal, 1971; “Hobbelen et al., 2011b; °Estimate
based on data from AHDB Fungicide Performance field trials; 'Fantke et al., 2014;
He et al., 2016; Noh et al., 2019.

Parameter
to, GS31
GS32

GS37
GS39

tﬁo’ GS61

tg,, GS87

Definition

Timing of start of growth of leaf 3

Timing of GS32: leaf 3 fully
emerged

Timing of GS37: leaf 2 fully
emerged

Timing of GS39: flag leaf fully
emerged

Timing of anthesis & start of leaf 3
senescence

Timing of end of grainfill &
complete senescence of wheat
canopy

Maximum leaf area index of top
three leaves of the wheat canopy

Growth rate of leaf area

Coefficients controlling the rate of
senescence over time, in relation
to the length of time after the
onset of senescence

Average latent period
Average infectious period

Initial density of infectious lesions
on the lower leaves

Rate at which C(t) decreases
Transmission rate

Number of zero-degree days per
day

Asymptote parameter for an SDHI
fungicide (against sensitive strain)

Curvature parameter for an SDHI
fungicide (against sensitive strain)

Decay rate for an SDHI fungicide

Units

t

t

t_l

Fitted
value

1396
1495

1574

1653

1891

2567

4.438

0.0082
0.0028
0.704
0.314
350
600

0.0144

0.00897
0.0211

14.4

0.569

9.9
0.00802

Source

a

a

O T O 0 o0 O

o

—h

137



Chapter 4 Effect of dose splitting on selection for resistance

4.4.2 Effect of dose splitting on selection for fungicide resistance

For the range of parameter values simulated (Table 4.1), we show results for both
the overall magnitude of selection, measured by the selection coefficient s (Section
4.3.2.5), and the percentage change in selection due to dose splitting, n (Equation
21). When describing the baseline level of efficacy of a fungicide in Sections 4.4.2.1
and 0, we refer to the dose response against the sensitive strain, notated as g,
and k, for the asymptote and curvature parameter respectively. For a resistant

strain with an asymptote shift, {, > 0 but no curvature shift i.e. {; = 0, note that

k, = k. For a resistant strain with a curvature shift {;, > 0 but no asymptote shift,
dp = Yqo-

4.4.2.1 Magnitude of selection

The magnitude of selection for fungicide resistance, measured by the selection
coefficient s, increased for both single and split dose fungicide applications with
increasing values of the asymptote parameter, q,, curvature parameter, k,,
asymptote shift, {, or curvature shift, {;, and with decreasing values of the decay
rate, v (Figure 4.4). This means that a strain with resistance against a highly
effective fungicide (with high values of g, k, and a relatively low value of v) would
spread more quickly if the fungicide was applied, compared to a strain with
resistance against a fungicide with lower efficacy. The greater the effect of a
fungicide on the growth rate of the sensitive strain, the greater the maximum
magnitude of the cumulative difference in growth rates between the resistant and
sensitive strains when the fungicide is applied. More highly resistant strains (higher
values of {, or {; ) will also spread more quickly, as they have higher growth rates

in the presence of a fungicide relative to the sensitive strain.

As noted in Section 4.3.2.4, either a 100% asymptote shift or 100% curvature shift
leads to a strain that is completely resistant to the fungicide at any dose D(t), and
an identical value of s for a given combination of g,, k, and v. For a given
sensitivity shift percentage less than 100% (e.g. 50% or 90%), s is higher for an
asymptote shift than for the same level of curvature shift, as the asymptote shift
corresponds to a more highly resistant strain, leading to a greater cumulative
difference in growth rates between the resistant and sensitive strain when fungicide

is applied.
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For partial and complete asymptote shifts, s was consistently higher for split dose

applications than for single applications.
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Figure 4.4: Effect of fungicide properties and resistance type on magnitude of
selection for a resistant strain. Variation in selection coefficient, s with (a)
asymptote parameter, q,; (b) curvature parameter, k; (c) decay rate, v; (d)
asymptote shift, {,; and (e) curvature shift, ¢;. Only one parameter varied at a time:
v =0.008 t~1 for (a), (b), (d) and (e); g, = 0.75 for (b)—(e); k, = 10 for (a) and (c)—
(e); {q = 100% for (a)—(c) and 0% for (e); {, = 0% for (a)—(d). s measures the

magnitude of selection for a resistant strain.

4422 Effect of dose splitting on selection for resistance, n

The values of the asymptote parameter, q,, and asymptote shift, {;, have very
little impact on the percentage change in the selection coefficient s (n in Equation
21) as a result of dose splitting (Figure 4.5). q,; also has very little impact on n for
a curvature shift (Figure 4.B.1, Appendix 4.B). This is because g, and ¢, do not
affect the length of time for which there is a difference in the level of control
exerted by single and split dose applications. The curvature parameter, k,, and
the decay rate, v, together control the value of n, in combination with the

curvature shift, ¢, where relevant (Figure 4.6).
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on 1, the percentage change in selection due to dose splitting. Variation in n with
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Figure 4.6: Percentage change in selection, n, as a result of dose splitting for a
range of parameter values: curvature parameter, k,, decay rate, v, and levels of
sensitivity shift, {, and ;. Dose splitting simulated as two applications of 0.5Dyjax
at GS32 and GS39, compared to a single application of Dy, at GS32. (a), (b)
and (c) show the effect of k, on n for a resistant strain with an asymptote shift,
{4, for fungicide decay rates v = 0.01605 ¢t~!, v =0.008 t~*, and v = 0.004 ¢!
respectively, corresponding to foliar half-lives of 3, 6 and 12 days respectively.
(d), (e) and (f) show the effect of k, on n for a resistant strain with a curvature
shift, ¢, for fungicide decay rates v = 0.016 t=%, v = 0.008 t !, and v = 0.004
t~* respectively. Results shown for asymptote parameter g, = 0.5; the effect of

g, On n is very small (see Figure 4.5).

For any asymptote shift, dose splitting increased selection for resistance. The
value of n for an asymptote shift varied from <5% to 40%, depending on the

values of k, and v (Figure 4.6(a)-(c)). Our results suggest that splitting the dose
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of a solo SDHI across two applications rather than making a single application at
full dose rate could increase selection for a strain with an asymptote shift to the
SDHI by approximately 20%.

For curvature shifts, n varied from -20% to 80% (Figure 4.6(d)-(f)), indicating that
dose splitting can reduce selection for partially resistant strains in some cases,
but in other cases it may lead to a large increase in selection for resistance,
dependent on the values of k, v and {j. The value of n increased with the
curvature parameter, k, reaching an asymptote at high values of k, when the
fungicide half-life was short (Figure 4.6(d)). For longer fungicide half-lives, the
value of ) initially increased with k, to a maximum, then decreased at very large
values of k, (Figure 4.6(f)). For larger curvature shifts, {, the n-values approach
the curves for asymptote shifts (Figure 4.6(a)-(c)). For smaller curvature shifts, ¢,
<50%, 7 initially increased with k,, to a maximum at approximately 5 < k. < 10,
and then decreased again for larger values of k. For small curvature shifts, {j,
large curvature parameters, k, and longer fungicide half-lives, n approached
Zero or even became negative. Our results suggest that dose splitting of a solo
SDHI application would increase selection for a strain with a curvature shift to the
SDHI by approximately 20-35%, with smaller curvature shifts falling towards the

upper end of this range.

Dose splitting will increase selection for resistance if it leads to a larger difference
in the growth rates of the sensitive strain and resistant strain for a longer time

than a single application, i.e. if it increases the overall sum of the differences in
fractional reduction, ¥.7_, ( fo(©) — [, (t)). For an asymptote shift, the maximum

difference in the growth rates of the sensitive strain and the resistant strain
occurs at high fungicide doses, D(t), for which the fractional reduction f;(t) is
close to the maximum (as defined by the asymptote q,) (Figure 4.1(c)). For a
curvature shift, dose response curves for sensitive and resistant strains converge
at high values of D(t). The maximum difference in the fractional reduction and
resulting growth rates of the sensitive strain and a resistant strain with a
curvature shift occurs at intermediate fungicide dose D (t) (Figure 4.1(d)). As
discussed by Taylor & Cunniffe (2023b), the effect of dose-response
convergence on selection must be considered not only at the applied dose, but
across the full time span of fungicide decay. Dose splitting increases the length of

time that the pathogen is exposed to intermediate fungicide doses, which
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therefore increases Y.7_, ( fo(®) — 1o (t)). The results in Figure 4.6 can be

understood by considering how the values of k,, v and ;. affect the size and
duration of the difference in the growth rates of the sensitive and resistant strain,

for single and split dose applications.

Effect of decay rate, v

For both asymptote shifts and curvature shifts, n was higher for larger values of v
(Figure 4.6). If the decay rate is high, the effect of a single application dissipates
quickly, so a split dose application is likely to double the exposure time. If the decay
rate is low, the effect of a single application at full dose rate will last for longer, so

there is less difference in exposure time compared to the split dose application.

Why does 7 increase with k, for asymptote shifts?

For small values of the curvature parameter k, (approx. <4), the maximum
reduction of the sensitive strain life cycle parameters is only achieved at a high
fungicide dose, D(t), and the fractional reduction reduces quickly as D(t)
decreases (Figure 4.B.2(a), Appendix 4.B). Therefore, the higher maximum dose
applied in the single application initially achieves a much higher fractional reduction
than the split dose application. Larger corresponding differences in the growth
rates of the resistant and sensitive strain partially counterbalance the increased
selection from the increased exposure time in the split dose application. The rate
of selection from either a single or split dose application is therefore relatively

similar for small values of k., resulting in small values of 7.

As k, increases, the fractional reduction remains close to the maximum fractional
reduction even at lower fungicide doses < 0.5 Dy,4, SO at lower values of D(t),
differences in the growth rates of the resistant and sensitive strain are similar to
the difference at the full dose rate (Figure 4.B.2(b), Appendix 4.B). The effect of
the increased exposure time from the split dose therefore dominates at higher

values of k, resulting in higher values of 7.

Why does 1 exhibit a maximum vs. k, for asymptote shifts when v is low?

If k, is large and v is low, the effect of a single application persists close to the
maximum fractional reduction for a long time (Figure 4.2(f); Figure 4.B.2(c),
Appendix 4.B), which shifts the point at which there is a large difference in the

fractional reduction from the single application and the split dose application later
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in the season. Since canopy senescence begins to restrict the growth rates of both
the resistant and sensitive strains later in the season, the value of n is reduced
relative to the maximum at intermediate values of k, and lower values of v.

However, the effect of dose splitting may still be larger than for small values of k.

Why does 7 increase with k, more for curvature shifts than for asymptote shifts?

As k, increases, the dose response curve for the sensitive strain becomes more
steeply curved, resulting in a decrease in the fungicide dose D(t) at which the
difference f5(t) — f,(t) is maximised for a curvature shift. The larger the value of
k, and the smaller the value of {, the lower the dose D (t) at which the difference
fo (&) — f,(t) is maximised (Figure 4.1; 4.B.2(d)-(f), Appendix 4.B), as resistant

strains with a small curvature shift are still well controlled at high fungicide doses.

For very small values of k., the maximum difference in growth rates occurs at
higher values of D(t) > 0.5Dy,x, Which may not be reached using a split dose
application. The maximum difference in growth rates is reached by the higher dose
rate of the single application, partially counterbalancing the increased exposure
time from the split dose application. Therefore 7 is small for small values of k, for
a curvature shift. For larger values of k,, the maximum difference in growth rates
occurs at values of D(t) < 0.5Dy.«. A split dose application keeps D(t) close to
the level that maximises f,(t) — f,(t) for longer. In combination with the effect of

increased exposure time, a split dose application increases selection more for

strains with a curvature shift than for strains with an asymptote shift for intermediate

values of k,;.

Why does 1 become negative for small curvature shifts, large values of k, and

small values of v?

If k; is large and {} is small, the maximum difference in growth rates occurs at
very small values of D(t) < 0.1Dy,x (Figure 4.B.2(f), Appendix 4.B). If the decay
rate, v, is also small, low values of D (t) are not reached for a split dose application
until late in the season, when canopy senescence restricts the growth rates of both
the resistant and sensitive strains, leading to low or even negative values of n for

large values of k, combined with small values of v and small values of {j,.

It is important to note that our results do not suggest that there would be no

selection for resistance in cases where n was close to 0 or even negative: on the
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contrary, selection for resistance will usually be strong in cases with large values
of k, and small values of v (Figure 4.4), as resistance against a very effective
fungicide gives a strong fithess advantage. However, in these cases dose splitting
may have little effect on the strength of selection for resistance, or may even

slightly decrease selection relative to a single application.

4.5 Discussion

Dose splitting is likely to increase selection for both target-site and non-target-site
resistance. Our results suggest that the percentage increase in selection due to
dose splitting, 7, is likely to be particularly large for resistance mechanisms that
cause a curvature shift, where the effect of the fungicide is reduced at lower
concentrations but not at high concentrations. These mechanisms could include
non-target-site resistance, target-site overexpression, and target-site mutations
that affect fungicide competitive binding rates. Our results also support the
hypothesis of van den Bosch et al. (2014a) that dose splitting will increase selection

for target-site mutations that cause an asymptote shift.

We show that the effects of dose splitting can be very variable for both target-site
and non-target-site resistance. The largest increases in selection due to dose
splitting are likely to occur for fungicides with a steeply curved dose response curve
(i.e. high values of k) and a relatively short half-life (i.e. high values of the decay
rate, v). In these cases, dose splitting should be considered high-risk for both
target-site and non-target-site resistance. Our analysis focused on dose splitting of
a solo MoA, whereas resistance management guidelines recommend application
in mixture with other MoA; mixture may reduce selection for resistance and change
the measured effects of dose splitting (Young et al., 2021). Where use of mixture
requires ‘splitting and mixing’ due to limited numbers of effective MoAs for use in
disease control, careful choice of mixture partners will be needed for fungicides for

which dose splitting is high-risk for resistance evolution.

We found a small range of parameter values — fungicides with a large curvature
parameter and a low decay rate — for which dose splitting could reduce selection
for a resistant strain with a small curvature shift. However, these parameter values
are relatively unlikely for a commercial fungicide, unless a high level of persistence
could be achieved without associated environmental toxicity that would prevent

regulatory approval. We used SDHI fungicides as an example of a commercial
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MoA currently available to growers. Our results suggest that dose splitting of an

SDHI fungicide applied solo will increase selection for resistance by 20-35%.

Our results suggest that variability in fungicide decay rates between years and
sites due to differing environmental conditions is likely to contribute to the variable
selection for SDH-mutants observed in field experiments on dose splitting (Paveley
et al. 2020; Young et al. 2021). We modelled the effect of a 4-fold change in
fungicide half-life, which is well within the maximum range observed in field
conditions (Fantke et al., 2014). Our results suggest that for a fungicide with k, =
10, the variation in decay rates could account for the variation in the percentage
effect of dose splitting on selection, 7, in the range 10-40% for an asymptote shift,
or 0-70% for a curvature shift (Figures 4.6(b), 4.6(e)). The statistical power or field
trials to detect the lower end of this range may be limited due to experimental noise,

but our results confirm that dose splitting tends to increase selection for resistance.

There is a strong covariance between the fitted values of k,, q,, and v for the
SDHI fungicide, increasing uncertainty in the estimation of these parameters and
the consequences of dose splitting. We also assumed that k, and g, were the
same for the fractional reduction of the transmission rate and the rate of conversion
from latent to infectious leaf tissue. Measures of fungicide foliar half-life for each
trial, and laboratory investigation of the effects of different fungicide dose rates on
life cycle parameters such as latent period, could provide valuable additional

evidence to inform these parameter values.

In our study we assumed negligible fitness costs of fungicide resistance, which is
often the case (Hawkins & Fraaije, 2018; Mikaberidze & McDonald, 2015).
However, fithess costs may sometimes suppress the growth rate of the resistant
strain to a level below the growth rate of the sensitive strain. This can occur in the
absence of fungicide, at low fungicide doses for an asymptote shift (Mikaberidze
et al., 2017), or at high fungicide doses for resistant strains with a small curvature
shift. Fitness costs have been reported for some target-site and non-target-site
mutations; conversely, resistant strains can also have increased virulence relative

to wild-type strains (Dorigan et al., 2023).

We did not explicitly model polygenic resistance, where resistance is conferred by
multiple genes and the degree of resistance can build up gradually over time as
resistance mutations accumulate. At the population level, this process leads to a

continuous distribution of resistance phenotypes across strains, with the average
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levels of resistance increasing over time as selection for resistance continues
(Shaw, 1989; Taylor & Cunniffe, 2023a). The difference between the dose
response curves of partially-resistant strains may be analogous to a small
curvature shift in our model, meaning that dose splitting could strongly increase

the rate of selection for polygenic resistance.

The variable effect of dose splitting complicates management of resistance
evolving ‘concurrently’ to two or more MoA at the same time. Use of mixtures may
require splitting the total dose of a fungicide across two or more applications, due
to a limited number of MoA available. The balance between the effects of mixture
and dose splitting on selection for resistance will change depending on fungicide
properties and resistance type and strength, and the optimal strategy to slow
evolution of resistance to one fungicide may not be the optimal strategy for another
fungicide. The efficacy of the fungicide programme also needs to be considered

and, where relevant, the effects of sexual reproduction of the pathogen.

Previous modelling studies found that if it is necessary to combine two high-risk
fungicides in a programme, mixture rather than alternation or concurrent use will
generally present the best strategy to maximise the length of time that effective
disease control can be maintained (Elderfield, 2018; Hobbelen et al., 2013).
However, Eldferfield (2018) found that alternation may be a better strategy against
strains with a small curvature shift. Experimental evolution in vitro on sensitive
isolates of Z. tritici using mixtures of high-risk fungicides showed that the success
of mixture in delaying resistance depended strongly on the mixture components,
and some reduced-dose mixtures selected for generalist, multi-drug resistance
(Ballu et al., 2021). These results may be explained by our finding that dose
splitting increases selection more for strains with a small curvature shift —
representative of non-target-site resistance — than for strains with an asymptote
shift.

Since the balance between the effects of mixture and dose splitting on selection
for resistance will differ for asymptote and curvature shifts, this could introduce
trade-offs between tactics to reduce selection for large, target-site, asymptote
shifts and alternative tactics to limit incrementally increasing levels of resistance
due to mechanisms that cause a curvature shift. These trade-offs appear to occur
in weed management, where use of herbicide mixtures is associated with lower
prevalence of target-site resistance, but higher prevalence of metabolic resistance

(Comont et al., 2020). Fungicide resistance management strategies have tended
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to focus on large asymptote shifts associated with target-site mutations, as these
can lead to a rapid loss of fungicide efficacy, for example as experienced in Qol
fungicides for multiple pathogens (Grimmer et al., 2015). Due to their large effects,
target-site mutations that result in an asymptote shift are more likely to be quickly
identified and studied than individual non-target-site resistance mechanisms which
may be overlooked due to the small effects of each gene (Hu and Chen, 2021).
However, in combination with target-site resistance, non-target-site mechanisms
may contribute to highly resistant MDR strains (Omrane et al., 2017). Synergistic
interactions between resistance mechanisms could enhance the overall impact of
non-target site resistance: for example, increased efflux reduces the cellular
fungicide concentration and could therefore increase the effect of a target-site
mutation that causes a partial curvature shift. Wherever possible, tactics should be
chosen for their effectiveness against both target-site and non-target-site

resistance.

4.6 Supporting Information

Appendix 4.A: Further details on model parameterisation

Appendix 4.B: Further details on model results
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The results in Chapter 4 showed that the effect of dose-splitting of a single mode
of action (‘MoA’) without a mixture partner varied with fungicide properties and the
type and magnitude of resistance. In general, dose-splitting increased selection for
both asymptote shift and curvature shift types of resistance. These results provide
insight into one key trade-off that will influence the balance between alternation or
‘splitting and mixing’ strategies for resistance management. | define ‘splitting and
mixing’ as dose-splitting of the total dose of each of two MoA over multiple
applications, enabling application of the MoA in mixture with one another at each
application timing (the analysis presented in this chapter assumes a maximum of
two applications). Alternation is defined as using one solo application of each MoA

at the same total dose rate (the maximum permitted individual dose).

A potential resistance management benefit of splitting and mixing is that using
another MoA as a mixture partner can improve control of strains with resistance to
a single MoA (‘single-resistant strains’), reducing the difference in growth rates
between sensitive and resistant strains. This may therefore counterbalance the
increase in selection from dose-splitting described in Chapter 4. In this chapter, |

consider mixtures of two fungicides, ‘A’ and ‘B’, with different MoAs.

However, if resistance is evolving to both MoAs at the same time, there is the
potential for selection for double-resistant strains that have reduced sensitivity to

both MoAs. A double-resistant strain may have particularly high fitness against
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mixtures of the two MoAs, relative to single-resistant strains and sensitive strains,
but alternation may also select for double-resistant strains (Ballu et al., 2024).
Sexual reproduction can generate double-resistant strains through sexual
recombination of single-resistant strains with resistance to fungicide A and
fungicide B respectively. If fungicide programmes select for both single-resistant
strains, this will therefore also increase the rate at which the frequency of double-
resistant strains increases. It is not clear whether alternation or splitting and mixing
is a better strategy to minimise increases in the frequency of the double-resistant

strain.

In this chapter, | adapt the model described in Chapter 4 to simulate alternation
and ‘splitting and mixing’ programmes of two MoAs, ‘A’ and ‘B’, to which resistance
is evolving concurrently. The model tracks changes in the frequency of sensitive,
single-resistant and double-resistant strains, including the effects of sexual
reproduction at the end of the growing season. Following the results of Chapter 4,
| simulated a wide area of parameter space of fungicide efficacy and persistence
(asymptote, curvature and decay rate parameters) and different magnitudes of

asymptote shift or curvature shift to each MoA.

5.1 Abstract

The best strategies for managing resistance evolving ‘concurrently’ to two or more
MoA at the same time are unclear, due to complex trade-offs. For crop pathogens
such as Zymoseptoria tritici, multiple fungicide applications per year are often
required to keep infection below damaging levels of severity, whilst the number of
MoA available for disease control is increasingly limited by regulation and existing
resistance. Use of mixtures may therefore require splitting the total dose of a
fungicide across two or more applications, reducing the dose of each MoA per
application but increasing the exposure time of the pathogen to the fungicide. We
used a model of the effect of fungicides on Z. tritici infection of the upper leaves of
winter wheat crops to explore the effect of varying fungicide properties and the
magnitude and type of resistance on the rate of selection for double-resistant
strains when two at-risk MoA are either mixed (with dose-splitting) or alternated
(without dose-splitting). We compared results for ‘asymptote shifts’, where the
maximum effect of the fungicide is reduced even at high fungicide concentrations
(e.g. some target-site resistance), and ‘curvature shifts’, where efficacy is reduced
only at lower fungicide concentrations (e.g. non-target-site resistance). We show

that whether ‘splitting or mixing’ or alternation is the better strategy depends on
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fungicide efficacy and decay rate and the type and magnitude of resistance.
Splitting and mixing the total dose of two at-risk fungicides is most likely to be
beneficial against strains with an asymptote shift, or in cases where both fungicides
have strong efficacy and a high decay rate; alternation is more likely to minimise
selection for strains with a curvature shift, or in cases where both fungicides are

weakly or moderately effective.

5.2 Introduction

Fungicidal modes of action (MoA) with a single pathogen target site (‘single-site
fungicides’) are at a high-risk of target-site resistance, as a single point mutation
can produce pathogen strains with large resistance factors (Hollomon & Brent,
2009). Modelling and experimental evidence suggests that resistance
development can be slowed by applying at-risk fungicides in mixture with a
fungicide with a different MoA that the resistant strains are sensitive to: this reduces
the fitness advantage of resistant strains (van den Bosch et al., 2014a, 2014b).
Mixing high-risk MoAs with lower-risk (multi-site) MoAs has been recommended
as an effective resistance management strategy, supported by both modelling and
experimental evidence (Hobbelen et al., 2011; van den Bosch, Oliver, et al., 2014;
van den Bosch, Paveley, et al., 2014). Multi-site fungicides target multiple aspects
of the pathogen biology, so a single mutation is unlikely to have a large effect on
growth rate and they are at lower-risk from resistance evolution, but these
fungicides often lack curative action against established infections and may not be
sufficiently effective on their own to maintain disease control throughout the season
without the inclusion of a systemic high-risk MoA in the fungicide programme
(Deising et al., 2008; van den Berg et al., 2013). However, the use of multi-site
fungicides is increasingly restricted by regulation, affecting both major and minor
crops. This limits options to use multi-site MoAs in mixture with high-risk MoAs as

a resistance management tactic.

Strains with fungicide resistance against two or more single-site MoAs have been
observed in several fungal pathogens including Botrytis cinerea (the cause of grey
mould in multiple crops), Cercospora beticola (the cause of Cercospora leaf spot
in sugar beet), Venturia inaequalis (apple scab), Phakopsora pachyrhizi (Asian
soybean rust) and Zymoseptoria tritici (the causal pathogen of septoria tritici blotch
(STB)) (Chapman et al., 2011; Chatzidimopoulos et al., 2022; Garnault et al., 2019;
Muiller et al., 2021; Omrane et al., 2017; Rupp et al., 2017; Trkulja et al., 2017).

Evidence is needed for resistance management strategies for cases where low-
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risk fungicides are not available and resistance is evolving concurrently to two or
more MoA: what is the best way to combine two high-risk MoA in a fungicide

programme?

Concurrent evolution of resistance introduces complex trade-offs for resistance
management. The best strategy for one MoA may not represent the optimal
strategy for a second MoA. In field trials, mixtures of a demethylation inhibitor (DMI)
fungicide and a succinate dehydrogenase inhibitor (SDHI) fungicide reduced
selection for resistance against the DMI fungicide, but selection for the SDHI
fungicide was not reduced by mixture with the DMI fungicide (Dooley et al., 2016b).
One modelling study comparing mixture and alternation tactics against complete
resistance evolving to two high-risk fungicides found that the optimal tactic varied
depending on the relative effectiveness and doses of the two fungicides (Elderfield,
2018); whilst another study which accounted for the effect of sexual reproduction
found that mixtures would outperform alternation in the case of complete
resistance (Taylor & Cunniffe, 2023). Another modelling study predicted that
mixture tactics would outperform alternation across a range of scenarios of
complete and partial resistance and varying fungicide efficacy (Hobbelen et al.,
2013). However, in experimental evolution in vitro, both mixture and alternation
only delayed resistance for some MoA combinations, and in some cases increased
selection for generalist, multi-drug resistance (Ballu et al., 2021, 2023). It is
therefore important to understand how fungicide and system properties may
determine whether mixture of at-risk fungicides is a good strategy for resistance

management.

Zymoseptoria tritici, one of the most common, widespread and damaging
pathogens affecting winter wheat crops in the UK, Ireland and Europe (Fones &
Gurr, 2015), is an important example of a fungal pathogen in which concurrent
evolution of resistance to multiple MoAs is a current and increasing challenge for
disease control. In most years in the UK, multiple fungicide applications are
required to keep Z. tritici below damaging levels of severity, so use of mixture would
require splitting the total dose of a fungicide across two or more applications: a
‘splitting and mixing’ tactic. Dose-splitting reduces the dose of each MoA per
application but increases the exposure time of the pathogen to the fungicide, with
counteracting effects on selection (van den Bosch et al., 2014a). The results
presented in Chapter 4 (Corkley et al., 2025a) showed that dose splitting of a solo
fungicide is likely to increase selection for both target-site and non-target-site

resistance, but the increase in selection varies depending on fungicide dose
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response properties and foliar half-life, and the type and magnitude of resistance.
The effect of a mixture partner on sensitive and resistant strain growth rates will
also vary with the same parameters. In which cases will the benefits of mixture

outweigh the disadvantages of dose splitting?

The model described in Chapter 4 (Corkley et al., 2025a) represents the effect of
fungicides on the per capita growth rate of sensitive and resistant pathogen strains
through parameters defining the effect of the fungicide on important aspects of the
pathogen life cycle, such as a reduction in pathogen transmission rate. The
fungicide dose response is defined by a combination of an ‘asymptote parameter’,
the maximum effect on the life cycle parameter at high fungicide doses, the
‘curvature parameter’, the rate at which this effect decreases with reducing
fungicide dose, and the foliar dissipation half-life of the fungicide. The sensitivity
shift as a result of the impact of resistance mutations on the fungicide dose
response is represented by a reduction in either the asymptote parameter
(‘asymptote shift’) or the curvature parameter (‘curvature shift’); in Chapter 4
(Corkley et al., 2025a) we argue that an asymptote shift can be considered as
broadly representative of target-site mutation that reduces the maximum effect at
any dose rate of fungicides which bind allosterically and non-competitively to an
enzyme. A partial curvature shift is broadly representative of target-site resistance
to competitive inhibitors causing a partial reduction in binding affinity, target-site

overexpression and non-target-site resistance mechanisms.

Within a single season and crop, Z. tritici epidemics increase primarily through
asexual reproduction and the production of pycnidiospores (Eriksen & Munk,
2003), with overlapping generations consistently reproducing the same allele
combinations and resistance phenotype. Sexual reproduction in Z. tritici occurs
predominantly towards the end of the growing season, producing ascospores that
disperse and infect the next season’s wheat crop (Eriksen & Munk, 2003; Hunter
et al.,, 1999; Shaw & Royle, 1989; Suffert et al., 2019). Sexual reproduction will
produce new combinations of resistance alleles through reassortment and crossing
over, potentially producing new multi-fungicide resistant pathogen strains or
boosting the frequency of rarer strains (Chen & McDonald, 1996; Zhan et al.,
2003). This is particularly relevant for concurrent evolution of resistance to two or
more MoA, as the relevant alleles conferring resistance are more likely to be on
separate chromosomes, or at a sufficient distance apart on the same chromosome

that crossing over is likely (Lobo and Shaw, 2008; Morgan, 1911).
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We extended the model described in Chapter 4 (Corkley et al., 2025a) to include
sexual reproduction at the end of the growing season and to track four Z. tritici
strains defined by their sensitivity to two fungicides ‘A’ and ‘B’: a strain sensitive to
both fungicides, strains sensitive to only one fungicide (‘A’ and ‘B’ respectively) and
a double-resistant strain. We used the model to investigate in which cases ‘splitting
and mixing’ is a good or poor resistance management strategy compared to
alternation (solo) at full label dose, when there is concurrent evolution of
resistance. Each option introduces trade-offs, and so could either increase or
reduce selection (Chapter 1 — Figure 1.4). To constrain the number of treatment
combinations, we restricted our analysis to a fixed total dose of the maximum
permitted individual dose for a single application for each fungicide ‘A’ and ‘B’: dose
rates are partially determined by control requirements for pathogens other than Z.
tritici. We compared the rate of selection for the double-resistant strain and the rate
of erosion of disease control for each programme over a large range of foliar
dissipation half-lives, asymptote and curvature parameter values and sensitivity
shifts (asymptote and curvature), including parameter values representative of the
activity of SDHI fungicides against Z. fritici. We considered the following cases of
concurrent resistance evolution: (a) varying levels of asymptote shift to both
fungicides ‘A’ and ‘B’. (b) varying levels of curvature shift to both fungicides ‘A’ and
‘B’. (c) varying levels of asymptote shift to fungicide ‘A" and varying levels of

curvature shift to fungicide ‘B’.

5.3 Materials and Methods

5.3.1 Model of Zymoseptoria tritici life cycle

We used the model and parameter values described in Chapter 4 (Corkley et al.,
2025a). The compartmental epidemiological model tracks the growth and
senescence of the leaf area index (LAI) of the top three leaves of a wheat canopy,
infection of healthy leaf area by haploid pycnidiospores, the progress of the
disease through latent and infectious (sporulating) periods, and the increase in
severity of the polycyclic epidemic over time. The latent and infectious areas of
each pathogen strain are tracked throughout the period simulated by the model.
We extended the model to track four pathogen strains defined by their sensitivity
to two fungicides ‘A’and ‘B’:

(a) ‘SS’ — sensitive to both fungicides

(b) ‘RS’ — resistant to fungicide A, sensitive to fungicide B

(c) ‘SR’ — sensitive to fungicide A, resistant to fungicide B
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(d) ‘RR’ — resistant to both fungicides.

It is assumed that the epidemic on the upper leaves is initiated by an influx of
spores from infectious lesions on lower leaves. The density of infectious lesions on
lower leaves, C, diminishes over time at rate A, as lower leaves senesce and
infectious lesions on the lower leaves reach the end of the infectious period. The

LAI of infectious lesions on lower leaves at time t, C(t), is calculated as:
C(t) = Coe™ €Y)

Fractions Ogs,,. . and 8gg, . of the initial influx C from lower leaves are assumed

to be spores of the single-strains resistant to fungicide A and fungicide B
respectively, with the double-resistant strain fraction calculated as Ogg,,. . =
ORSgeart Osrsrare @NA  the sensitive strain fraction calculated as g, =1-
(GRSStm + Osrgpare T HRRStart)' It is assumed that these fractions are not affected by
fungicide application after the start of the model simulation at growth stage 31
(GS31) (Zadoks et al., 1974), as they represent influx from elsewhere. The initial
influx is denoted as Cgs, Crs Csg and Cgg for the sensitive, single-resistant and

double-resistant strains respectively.

The influx of spores, C, and infectious LAl on the upper canopy, |, are converted
into new latent lesions on the upper canopy, at transmission rate ¢, i.e. the overall
rate at which infectious lesion density is converted into new latent lesions on a
given density of healthy leaf area. Latent lesions mature into infectious, sporulating
lesions, at a rate § , where 1/§ is the average latent period. The transmission rate
¢ and maturation rate § are affected by the action of fungicides, so ¢; and §; are
calculated for each strain i. Infectious lesions die at a rate u, where 1/u is the
average infectious period. The area index of healthy (H), latently infected (L) and

infectious (I) leaf area over time are tracked using the following set of equations:

dH
7 = Y Myiax = M) = BOH — (/) (Z & (Ci+ m) ©)
L, oy
€T &("/p)(Ci + 1) = 8;L; — B(B)L; (3)
Vi _ 5L, — i 4
g = Ok —m; (4)

where M is the total LAl (M = H + S + >.(L; + I;), where S is LAl removed by either

senescence or the end of the infectious period), My« is the maximum LA, y is
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the growth rate of the leaf area, and S(t) is the rate of senescence of healthy and
latently infected LAI at time ¢, as detailed in Chapter 4 (Section 4.3.2.1) (Corkley
et al., 2025a).

The fungicide dose of fungicide j at time ¢, D;(t), decays exponentially over time at

rate 4T

D, e vt t=>t*
o (5)

0, t< t*

Dj(t) = {
where Dfo is the applied dose, expressed as a proportion of the maximum
permitted individual dose (as defined on the product label), DJ'Max
time of the first application of fungicide j. If an additional application of fungicide j

, and t* is the

is made at t**, the remaining dose from the application at t* is added to the newly

applied dose to calculate a total value for D;, at ™.

The action of systemic fungicides reduces the pathogen life cycle parameters ¢
and & by a fraction f(t), which changes over time depending on the remaining
fungicide dose, Dj(t). The dose response of the fractional reduction of strain j, f;(t),
to D;(t) is described by a combination of an asymptote parameter, g;;, which is the
maximum fractional reduction of the pathogen life cycle parameter (i.e. at infinite

fungicide dose), and a curvature parameter, k;

j» which defines how quickly the

fractional reduction declines from the asymptote as D;(t) decreases:

fi®) = qi, (1- 79" ©)

The fractional reduction as a result of the joint action of the two fungicides ‘A’ and
‘B’ is described by a multiplicative survival model (Bliss, 1939; Paveley et al.,
2003). For example, the transmission rate ¢; when fungicides A and B are applied

in mixture is calculated as:
gi(t) = g[1 — q;, (1 — e F1aPa®)][1 — q; (1 — e 1805 D)) )

A shift in sensitivity to the fungicide is defined as either an asymptote shift, {,, or a

curvature shift, {;, denoted as a percentage reduction in the fungicide parameter
relative to the sensitive strain. For example, a 60% asymptote shift to fungicide A

means that qgs, = 0.4qss,. We assume that there are no fitness costs of

resistance.
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The infectious area of each strain at GS87 is used to calculate the population
fraction of each strain at the time of complete senescence of the wheat canopy,
denoted as Oss, ., Orsy, s Osrp,q @Nd Orr,, respectively. The starting population
fractions of each strain in the following growing season (year n+17) following sexual
reproduction on wheat stubble are calculated assuming Mendelian inheritance
(Miko, 2008; Taylor and Cunniffe, 2023b), assuming that the alleles for resistance
to fungicide A and fungicide B are on the chromosomal genome and that they are

unlinked, and so are inherited independently:

Orsgare M + 1) = 9RsEnd2 + Os55naORsEna T 0-50Rs50aOsRena T ORSEna ORREng T 0-5055g04 ORRER (B)

OsRiare M+ 1) = Osryy” + Oy Osruna + 0-50RSenqOspna T OsRuna ORRna T 0-50555,q ORRgnq (9)

ORRgpa (M + 1) = QRREndZ + 0.5055;.4ORREna T 0-50Rs50qO5Rena T ORSEnaORREna T OSREna ORRERG (10)
Ossgre M+ 1) =1 — [Ops. (M + 1) +0sp, (4 1) +0pp, (n+ D]  (11)

5.3.2 Fungicide programme scenarios

Three potential fungicide programmes combining the same total dose of two
systemic fungicides A and B were simulated, across multiple scenarios covering a
wide range of parameter values (Table 5.1) representing variation in fungicide
efficacy and longevity, and the type and magnitude of the shift in sensitivity of
resistant strains:

(a). ‘Alternate Fungicide A first’: Fungicide A applied at full label dose rate at GS32,
Fungicide B applied at full label dose rate at GS39.

(b). ‘Alternate Fungicide B first’: Fungicide B applied at full label dose rate at GS32,
Fungicide A applied at full label dose rate at GS39.

(c). ‘Split and mix’: A mixture of fungicides A and B in a 50:50 ratio, each at half of
full label dose, applied twice, at GS32 and GS39.
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Table 5.1: List of parameter values simulated. All combinations of q,, k4, {; and

i values simulated for fungicides A and B, for each value of the decay rate v.

Parameter Description Values simulated
D, Total fungicide dose of each
/Total fungicide applied

0 Initial fraction of inoculum C that 0.01
RSstart is resistant to fungicide A '

0 Initial fraction of inoculum C that 0.01
SRstart is resistant to fungicide B '

Initial fraction of inoculum C that

1, l.e. DjMaX

OrRstar is resistant to fungicides A and B LR
Asymptote of fungicide dose 0.2845, 0.4268, 0.5690,
ss response (sensitive strain) 0.7113, 0.8535
k Curvature of fungicide dose 2.475, 4.950, 9.900, 14.850,
S response (sensitive strain) 29.700
v Decay rate (t™1) 0.01605, 0.00802, 0.00401
Sa Asymptote shift of resistant strain 1, 10, 50, 75, 100
Ok Curvature shift of resistant strain 1, 10, 50, 75, 100
GS31 Timing of start of growth of leaf 3 1396
Timing of GS32 application
GS32 (zero-degree days) 1495
GS39 Timing of GS39 applications 1653

(zero-degree days)
GS61 Timing of anthesis 1891

Timing of end of grainfill &

GS87
complete senescence of canopy

2567

The decay rates, v = 0.01605 t~!, v = 0.00802 t~! and v = 0.00401 t~!
correspond to foliar concentration half-lives of 3, 6 and 12 days respectively. For
an SDHI fungicide, we previously estimated v = 0.00802 t~1, g5 = 0.569 and
k¢s = 9.9 (Chapter 4 — Table 4.2 (Corkley et al., 2025a)).

5.3.3 Metrics used to compare resistance management
strategies

5.3.3.1 Effective disease control threshold

Fungicide programmes that do not provide effective disease control are not
suitable for use as part of a resistance management strategy. We follow (Hobbelen
et al., 2011) in defining effective disease control as limiting the loss of healthy area
duration (‘HAD’) to less than 5% of the HAD predicted for a healthy crop in the

complete absence of disease. HAD is calculated as the area under the curve of
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green leaf area index (GLAI) over time (in zero-degree-days) between GS61 and
GS87; GLAI during this period is strongly correlated with yield (Bryson et al., 1997).
GLAI was defined as LAl in the healthy (H) and latently-infected (L) compartments.

5.3.3.2 Rate of selection for double-resistant strain

We used the rate of selection for the double-resistant strain, ‘RR’, over a single
growing season, as measured by the selection coefficient, s (Milgroom & Fry, 1988;
van den Bosch et al., 2014a), to compare the success of each programme for
managing concurrent evolution of resistance. Since sexual reproduction between
single-resistant strains can boost the frequency of the double-resistant strain, we

used Ogrg,, . (n+1) following sexual reproduction to calculate the selection

coefficient, compared to the starting population fraction of ‘RR’ at the beginning of

the first growing season, Ogg,,. . (n):

s = 1 ln <9RRStart (Tl + 1)[1 B BRRStart (n)]> (12)

B T QRRStart (n)[l - QRRStart (Tl + 1)]

where T is the length of time simulated over a single growing season between
GS31 and GS87 (Chapter 4 — Section 4.3.2.5 (Corkley et al., 2025a)). The smaller
the value of s, the more successful the programme is at managing concurrent
evolution of resistance, providing it meets the minimum threshold for effective

disease control.

SSplitMix

The ratio , Where SAlternate is the minimum of SAlternateAFirst and

SAlternate

SalternateBFirst: Provides a measure of the relative rate of selection for ‘RR’ in

splitting and mixing and alternation programmes. A value of —2MMX - { indicates

SAlternate

that splitting and mixing reduces selection for ‘RR’ relative to alternation, and a

value > 1 indicates the reverse.

5.3.3.3 Rate of increase in HAD loss

In some cases, the rate of selection for a single-resistant strain may be more
important for the overall level of programme control than selection for the double-
resistant strain, such as a case where the shift in sensitivity to one fungicide has a
much larger effect on programme efficacy than the shift in sensitivity to the other
fungicide. We therefore compared the rate of decrease in HAD, AHAD, between
the first growing season n and the following growing season n+1, for all fungicide

programmes that met the effective control threshold in the first growing season:
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HAD(n + 1) — HAD(n)
AHAD = 100 x HAD(D (13)

The more negative the value of AHAD, the faster the rate of loss of disease control.
Using this metric, programmes can be ranked according to the stability of the level

of disease control provided.

5.4 Results

The programmes which minimised selection for the double-resistant strain in
different scenarios are summarised in Figure 5.1. Each scenario is described in
further detail in sections 5.4.1 to 5.4.3, and full tables of results are provided in

Supplementary Materials.

For all combinations of type of sensitivity shift (asymptote shift to both, curvature
shift to both, asymptote shift to Fungicide A and curvature shift to Fungicide B),
splitting and mixing minimised selection for the double-resistant strain ‘RR’ for
some fungicide dose response parameter values, and alternation minimised
selection in other cases. Overall, splitting and mixing minimised selection for ‘RR’
most frequently when there was an asymptote shift to both fungicides, and least
frequently when there was a curvature shift to both fungicides. Table 5.2 shows the

SSplitMix

distribution of the ratio (Section 5.3.3.2) across all parameter values

SAlternate
simulated. For each combination of type of sensitivity shift, there were cases where
splitting and mixing strongly reduced selection for ‘RR’ relative to alternation, as
well as cases where the reverse was true. Not all combinations of parameter values

f SSplitMix

are equally likely, so the mean value o over all parameter values is not

SAlternate

necessarily indicative of the most likely outcome in each scenario, but provides a
comparison of the tendency for splitting and mixing or alternation to be optimal in
each scenario. It is important to note that over a large area of parameter space,
the difference in selection for ‘RR’ between splitting and mixing and alternation was

small, as indicated by the interquartile range.
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Figure 5.1: Cases where alternation or splitting and mixing tended to minimise

selection for the double-resistant strain, depending on fungicide efficacy and the

type and level of sensitivity shift. (a) Asymptote shifts to fungicides A and B; (b)

Curvature shifts to fungicides A and B; (c) Asymptote shift to fungicide A and

curvature shift to fungicide B. A ‘small’ sensitivity shift corresponds to 1 < { < 50

%); for a ‘large’ sensitivity shift, 50 < ¢ < 100 (%); a ‘strong’ fungicide has a large
(%); g y shift, { (%); g’ fung g
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asymptote parameter, qss = 0.569 approximately; ‘short-lived’ and ‘long-lasting’
fungicides have small/ large values respectively of curvature parameter, kg, and/
or high/ low values respectively of the decay rate, v. The effects of k¢s and v
interact to define a ‘short-lived’ or ‘long-lasting’ effect: for example, a fungicide with
v =0.00802 t~! and kg5 < 5 has a short-lived effect, but if v > 0.00802 t~1, larger
values of ks¢ would also define a short-lived effect.

Table 5.2: Distribution of ratio =22 across all parameter values for scenarios

SAlternate

with (a) an asymptote shift, {,, to both fungicides, (b) a curvature shift, ¢, to both

fungicides, or (c) an asymptote shift to Fungicide A and a curvature shift to

FungiCide B; SAlternate is the minimum of SAlternateAFirst and SAlternateBFirst- The ratio

ZselitMix i 5 measure of the relative rate of selection for ‘RR'’ in splitting and mixing

SAlternate

SSplitMix

and alternation programmes. A value of < 1 indicates that splitting and

SAlternate

mixing reduces selection for ‘RR’ relative to alternation, and a value > 1 indicates

the reverse.

Type of Type of Decay

shiftto  shiftto rateofA& Mean Minimum Maximum WSIERELEE
A B B, v (t™1) range
{q {q 1.070 0.509 1.404 0.975-1.195
{k ' 0.01605 1.215 0.496 2.030 1.086 - 1.358
{q Cx 1.132 0.496 2.004 1.020 - 1.260
{q {q 1.052 0.686 1.220 0.995 - 1.133
G 7, 0.00802 1.138  0.682 1.643 1.065 - 1.221
{q (i 1.091 0.682 1.591 1.027 - 1.166
' ' 1.049  0.783 1.180 1.013 - 1.095
{k ' 0.00401 1.085 0.841 1.256 1.049 - 1.130
{q Uk 1.064 0.841 1.248 1.029 - 1.110

5.4.1 Concurrent evolution of complete resistance to both
fungicides

For most parameter value combinations considered, splitting and mixing increased
selection for the double-resistant strain relative to alternation, as measured by the
selection coefficient s (Equation 12). When there is concurrent evolution of
complete resistance to both fungicides, splitting and mixing increases the fractional

reduction of the sensitive (‘SS’) strain relative to alternation, but the growth rate of
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the double-resistant (‘RR’) strain is completely unaffected, leading to a larger
difference in growth rates (Figure 5.2(a)). Although control of single-resistant (‘RS’
and ‘SR’) strains is improved by splitting and mixing relative to alternation, overall
the cumulative difference in control of sensitive and single-resistant strains is small
relative to the cumulative difference in control of the sensitive and double-resistant
strains, due to the effect of increased exposure time from splitting and mixing
(Figure 5.2(c)). In a small number of cases, where both fungicides had a large
asymptote parameter, ggg, in combination with a low curvature parameter, kg, or
a high decay rate, v, splitting and mixing strongly reduced selection for single-
resistant strains, outweighing the effect of increased exposure time, whilst only
slightly increasing selection for the double-resistant strain during the growing
season (Figure 5.2(b), 5.2(d)). For this limited set of parameter values, reduced
selection for single-resistant strains ‘RS’ and ‘SR’ reduced the rate of increase in
the double-resistant strain ‘RR’ following sexual reproduction for ‘split & mix’

programmes compared to alternation programmes.

In cases where alternation minimised s, if the decay rate of both fungicides was
either low or high (v =0.00401 t~* and v = 0.01605 t~! respectively), alternating
the more effective fungicide second minimised s. The growth rate of the pathogen
population is highest prior to GS39, when the canopy LAl is expanding rapidly so
pathogen growth rates are not limited by density dependence, meaning the
maximum difference in resistant and sensitive strain growth rates is also larger
prior to GS39. However, if both fungicides had an intermediate half-life (i.e. v =
0.00802 t~1, representative of an SDHI fungicide), alternating the fungicide with
the smaller curvature parameter second minimised s: the lower part of the dose
response curve of the fungicide with the larger as an overlapping effect with the
fungicide alternated first reduced the difference in the growth rates of the sensitive

strain and the single-resistant strains following the second application.

In a few cases, splitting and mixing provided effective disease control when
alternation did not, for example cases where the fungicides had a high decay rate
and where the curvature and asymptote parameters of at least one of the
fungicides were relatively low. Additionally, in cases where both fungicides had
moderate to high asymptote parameters in combination with a moderate to high
decay rate or low curvature parameter, the rate of loss of disease control, AHAD,
was generally smaller for ‘split & mix’ programmes than for alternation programmes
despite higher values of s relative to alternation, due to a higher level of control of

single-resistant strains.
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Figure 5.2: Comparison of the effect of ‘splitting & mixing’ and alternation on
selection for double-resistant and single-resistant strains when there is concurrent
evolution of complete resistance to both fungicides A and B. (a) and (b) show
differences in the dose response curve of the fractional reduction, f;(t), of strains
‘SS’, ‘RS’ and ‘RR’ for solo fungicide A and a 50:50 mixture of fungicides A and B.
(c) and (d) show the cumulative differences Y qs,(fos(t) — frs(t)) and
Ytesa(fss () — frr(t)) for alternation and ‘split & mix’ programmes. In the cases
shown here, both fungicides A and B have the same asymptote, curvature and
decay rate parameters, so the results for strain ‘SR’ would be identical if fungicide
B was alternated first. (a) and (c) are plotted for a pair of fungicides with parameter
values representative of an SDHI fungicide (g5s=0.569, kss=9.9, v=0.00802 t~1);

(b) and (d) are plotted for a pair of fungicides with a high asymptote parameter in
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combination with a low curvature parameter (q5s=0.8535, kss=2.475, v=0.00802
t1).

5.4.2 Concurrent evolution of partial resistance to both
fungicides
5.4.2.1 Asymptote shift to both fungicides

For weak to moderately effective fungicides with relatively small values of the
asymptote parameter g, alternation minimised selection for the double-resistant
strain (Figure 5.1(a): both fungicides weak to moderately effective) when there was
a partial asymptote shift to both fungicides A and B. Splitting and mixing improves
control of the sensitive strain, the single-resistant strains and the double-resistant
strain. However, overall the difference in the growth rates of ‘RR’ and ‘SS’ is
increased by splitting and mixing in this case, because the increase in control of
the double-resistant strain is small relative to the level of control of the sensitive
strain achieved by the mixture (Figure 5.3(a): compare the difference in control of
strains ‘SS’ and ‘RR’ by solo fungicide A and 50:50 mixture). The difference in the
growth rates of ‘RS’ and ‘SS’ is decreased by the 50:50 mixture relative to solo
application of fungicide A, but the decrease is too small to outweigh the effect of
increased exposure time from splitting and mixing. Therefore splitting and mixing
two weak to moderately effective fungicides increases both Y%, (fss(t) — frr (1))
and YL, (fos(t) — frs(t)) (Figure 5.3(c)), and therefore increases the rate of

selection for the double-resistant strain.

When both fungicides were strongly effective, with a large asymptote parameter,
qss, splitting and mixing reduced s for strain ‘RR’ relative to alternation in many
cases (Figure 5.1(a)). In this case, the cumulative differences Y qz,(fss(t) —
frs(®) and XLz, (fss(t) — frr(t)) are both smaller for the ‘split & mix’ programme
compared to the alternation programme (Figure 5.3(b), 5.3(d)): the increase in
control of the double-resistant strain by splitting and mixing is large enough relative
to the increase in control of the sensitive strain that fg¢ — frr decreases overall,
and the increase in control of single-resistant strains decreases fss — frs and fos —
fsr sufficiently to outweigh the effect of increased exposure time. The smaller the
asymptote shift, {,, the wider the range of parameter values over which this result
applies. Table 3 shows the results for different levels of asymptote shift to two

fungicides with parameter values representative of an SDHI fungicide.
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Figure 5.3: Comparison of the effect of ‘splitting & mixing’ and alternation on
selection for double-resistant and single-resistant strains when there is concurrent
evolution of a partial asymptote shift to both fungicides A and B. (a) and (b) show
differences in the dose response curve of the fractional reduction, f;(t), of strains
‘SS’, ‘RS’ and ‘RR’ for solo fungicide A and a 50:50 mixture of fungicides A and B.
(c) and (d) show the cumulative differences Y o3,(fss(t) — frs(t)) and
Ytesa(fss () — frr(t)) for alternation and ‘split & mix’ programmes. In the cases
shown here, both fungicides A and B have the same asymptote, curvature and
decay rate parameters, and the resistant strains have the same level of asymptote
shift {; = 75%, so the results for strain ‘SR’ would be identical if fungicide B was
alternated first. (a) and (c) are plotted for a pair of weakly to moderately effective
fungicides (qgs = 0.2845, kss = 9.9, v = 0.00802 t~1); (b) and (d) are plotted for a
pair of strongly effective fungicides (qss = 0.8535, kgs = 9.9, v = 0.00802 ¢t~ 1).
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Table 5.3: Fungicide programmes that minimised selection, s, for the double-
resistant strain for different levels of asymptote shift to two fungicides ‘A’ and ‘B’
with parameter values representative of an SDHI fungicide (gs¢ = 0.569, k¢s = 9.9,
v = 0.00802 t~1). Where an alternation programme minimised s, the order of

alternation that minimised s is indicated.

Asymptote shift to Fungicide A (%)

1 10 50 75 100
1 Split & Split & Split & Split & Split &
Mix Mix Mix Mix Mix
10 Split & Split & Split & Alternate  Alternate
Asymptote Mix Mix Mix (B first) (B first)
shift to 50 Split & Split & Alternate  Alternate  Alternate
Fungicide B Mix Mix (Either) (B first) (B first)
(%) 75 Split& Alternate Alternate  Alternate  Alternate
Mix (Afirst) (Afirst) (Either) (B first)
100 Split & Alternate Alternate  Alternate  Alternate

Mix (A first) (A first) (A first) (Either)

When the efficacy and level of asymptote shift to fungicides A and B differed, the
outcome depended on the relative level of efficacy and resistance to each fungicide
(Figure 5.1(a)). If there was a large asymptote shift to the weaker fungicide (strains
‘RR’ and ‘RS’ and a small asymptote shift to the stronger fungicide (strains ‘RR’
and ‘SR’), splitting and mixing reduced s for strains ‘RR’ and ‘RS’ relative to
alternation (Figure 5.4(a)) because ‘RR’ and ‘RS’ are well-controlled by the mixture,
but have high fithess when the weak fungicide is applied solo, whereas the fitness
advantage of strain ‘SR’ is relatively small. Conversely, if there was a small
asymptote shift to the weaker fungicide (strains ‘RR’ and ‘RS’) and a large
asymptote shift to the stronger fungicide (‘SR’), s for strain ‘RR’ was lower for
alternation relative to splitting and mixing (Figure 5.4(b)): in this case the weaker
fungicide is not a strong enough mixture partner to reduce the growth rates of ‘RR’
and ‘SR’ relative to ‘SS’.

In a substantial number of cases where alternation minimised s, the rate of loss of
disease control, AHAD was lower for splitting and mixing: in particular, cases where
the asymptote shift to both fungicides was small, or where both fungicides had
moderate to high asymptote parameters in combination with a moderate to high

decay rate, v, or low curvature parameter, kgs.
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Figure 5.4: Comparison of the effect of ‘splitting & mixing’ and alternation on
selection for double-resistant and single-resistant strains when there is concurrent
evolution of a partial asymptote shift to both fungicides A and B, and the efficacy of
the fungicides and level of asymptote shift to each fungicide differs. The cumulative
differences  YGs32(fss(t) — frs()), XGss2(fss(t) — fsr(®)) and  Xgssa(fss(t) —
frr(t)) are shown. (a) Large shift to a weakly effective fungicide A and small shift
to a strongly effective fungicide B (qss, = 0.2845, {,, = 75%, kss, = 9.9, v4 =
0.00802 t7*; gss, = 0.8535, ;, = 10%, ks, = 9.9, vy = 0.00802 t~1). (b) Small
shift to a weakly effective fungicide A and large shift to a strongly effective fungicide
B (gss, = 0.2845, {;, = 10%, kss, = 9.9, v4 = 0.00802 t™; qs5, = 0.8535, {,, =
75%, kss, = 9.9, vg =0.00802 t ™).

5.4.2.2 Curvature shift to both fungicides

In most cases where resistance to both fungicides A and B took the form of a
curvature shift, {;, alternation programmes selected less for the double-resistant
strain compared to splitting and mixing (Figure 5.1(b)). Due to converging dose
response curves when (. is small (Figure 5.5(a)), the effect of ) is largest at

intermediate fungicide dose D;(t), so splitting and mixing tends to increase

Gs32(fss(©) = frs(®), Xls32(fss() — for(®)) and Yisza(fss(t) — frr(t)) (Figure

5.5(c)). For two fungicides with parameter values representative of an SDHI
fungicide, alternation reduced selection for all combinations of partial curvature
shift considered (Table 5.4).
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Figure 5.5: Comparison of the effect of ‘splitting & mixing’ and alternation on
selection for double-resistant and single-resistant strains when there is concurrent
evolution of a partial curvature shift to both fungicides A and B. (a) and (b) show
differences in the dose response curve of the fractional reduction, f;(t), of strains
‘SS’, ‘RS’, ‘SR’ and ‘RR’ for solo fungicides A and B and a 50:50 mixture of
fungicides A and B. (c) and (d) show the cumulative differences Y&ez,(fss(t) —
frs@®), Zss2(fss(®) — fsr(t)) and Tsz2(fss(t) — frr(t)) for alternation and ‘split
& mix’ programmes. For the case shown in (a) and (c), both fungicides A and B
have the same asymptote, curvature and decay rate parameters representative of
an SDHI fungicide (qgs = 0.2845, ks = 9.9, v = 0.00802 t~1), and the resistant
strains have the same level of curvature shift {, = 50%, so the results for strain

‘SR’ would be identical if fungicide B was alternated first. For the case shown in (b)
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and (d), the efficacy of and level of curvature shift to fungicides A and B varies:
there is a large shift to a short-lived fungicide A and a small shift to a strong, long-
lasting fungicide B (qss, = 0.5609, kgs, = 4.95, (i ,= 75%, v, = 0.00802 t~1; Issp =
0.8535, kg, = 14.85, {;, = 10%, vz = 0.00802 t ™).

Table 5.4: Fungicide programmes that minimised selection, s, for the double-
resistant strain for different levels of curvature shift to two fungicides ‘A’ and ‘B’ with
parameter values representative of an SDHI fungicide (gss = 0.569, kg¢ = 9.9,v =
0.00802 t~1). Where an alternation programme minimised s, the order of

alternation that minimised s is indicated.

Curvature shift to Fungicide A (%)

1 10 50 75 100
1 Alternate Alternate Alternate Alternate Split &
(Either) (A first) (Afirst) (Afirst) Mix
10 Alternate Alternate Alternate Alternate Alternate
CUTETE (B first) (Either) (Afirst) (Afirst) (B first)
shift to 50 Alternate  Alternate Alternate Alternate Alternate
Fungicide B (B first) (B first) (Either) (A first) (B first)
(%) 75 Alternate  Alternate Alternate Alternate Alternate
(B first) (B first) (B first) (Either) (B first)
100 Split & Alternate Alternate Alternate Alternate

Mix (A first) (A first) (A first) (Either)

In general, alternating the fungicide with the larger curvature shift ({},) or the larger
curvature parameter (kgs) first minimised s: if the lower part of the dose response
curve for the first fungicide overlaps with the effect of the second application, there
is improved control of strains resistant to the first fungicide at a point where the
difference in growth rates would otherwise be at a maximum due to the converging

dose response curve.

Splitting and mixing reduced s relative to alternation in cases where there was a
large curvature shift to a weakly/ moderately effective or short-lived fungicide and
a small curvature shift to a strongly effective, longer-lived fungicide (Figure 5.1(b);
Figure 5.5(b); 5.5(d)). In addition, AHAD was lower for splitting and mixing in a
substantial number of cases where alternation minimised s, in particular cases

where the curvature shift to both fungicides was small.
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5.4.2.3 Asymptote shift to fungicide A and curvature shift to fungicide B

When there was concurrent evolution of an asymptote shift to fungicide A, {;, and
a curvature shift to fungicide B, {y,, there were fewer cases where splitting and
mixing was beneficial compared to concurrent evolution of an asymptote shift to
both fungicides, but more cases than for concurrent evolution of a curvature shift
to both fungicides (Figure 5.1(c)). Splitting and mixing generally minimised s in
cases where (a) fungicide B had a large asymptote parameter and a small
curvature shift and fungicide A had a small asymptote shift, or (b) fungicide B had
a large curvature shift and fungicide A had a large asymptote parameter, a small
asymptote shift, and large curvature parameter relative to fungicide B. For cases
where alternation minimised s, it was generally better to alternate fungicide A
second, unless fungicide A had a very large curvature parameter and fungicide B
had a very small curvature parameter. Table 5.5 shows the results for different
levels of asymptote shift to fungicide ‘A’ and curvature shift to fungicide ‘B’ for two

fungicides with parameter values representative of an SDHI fungicide.

Table 5.5: Fungicide programmes that minimised selection, s, for the double-
resistant strain for different levels of asymptote shift to fungicide ‘A’ and different
levels of curvature shift to fungicide ‘B’, each with parameter values representative
of an SDHI fungicide (gss=0.569, kss=9.9, v=0.00802 t~1). Where an alternation

programme minimised s, the order of alternation that minimised s is indicated.

Asymptote shift to Fungicide A (%)

1 10 50 75 100
1 Alternate  Alternate Split & Split & Split &
(B first) (B first) Mix Mix Mix

Alternate Alternate Alternate Alternate Alternate

10 . . . . .
CLTvEE (B first) (B first) (B first) (B first) (B first)
shift to 50 Alternate Alternate Alternate Alternate  Alternate
Fungicide B (B first) (B first) (B first) (B first) (B first)
(%) 75 Alternate Alternate Alternate Alternate Alternate
(B first) (B first) (B first) (B first) (B first)
100 Split & Alternate  Alternate Alternate Alternate

Mix (A first) (A first) (A first) (A first)

5.4.3 Concurrent evolution of complete resistance to fungicide A
and partial resistance to fungicide B

When there was concurrent evolution of complete resistance to fungicide A and

partial resistance to fungicide B, splitting and mixing generally minimised selection
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for the double-resistant strain ‘RR’ in cases where fungicide B was reasonably
effective (i.e. with a moderate to large asymptote parameter and curvature
parameter), and the level of sensitivity shift to fungicide B ({,, or {,) was small. If
fungicide B was weakly effective or there was a large sensitivity shift to fungicide

B, alternation generally minimised s.

5.5 Discussion

Our results reveal differences between which strategies are best for management
of resistance mechanisms that result in an asymptote shift and resistance
mechanisms that result in a curvature shift. Splitting and mixing the total dose of
two at-risk fungicides is more likely to be beneficial against strains with an
asymptote shift, whereas alternation is more likely to minimise selection for strains
with a curvature shift. However, in both cases there was variability in which tactic
was better for managing concurrent evolution of resistance, with dependency on
fungicide properties and the magnitude of the sensitivity shift. This fits with our
previous findings that dose splitting can increase selection more for partial
curvature shifts than for asymptote shifts, but that the effects of dose splitting are
variable (Chapter 4 (Corkley et al., 2025a)). Across all combinations of types of
sensitivity shift (complete; partial asymptote shift or partial curvature shift), splitting
and mixing was more likely to be beneficial when both fungicides had strong but
short-lived efficacy (i.e. a combination of a high asymptote parameter with a high
decay rate and/or a low curvature parameter), and the size of the sensitivity shifts
to each fungicide was unequal. Alternation was more likely to minimise selection
for double-resistant strains when both fungicides were weakly or moderately

effective.

Our finding that the optimal strategy for combining two at-risk fungicides in a
programme varies depending on fungicide efficacy, longevity and the type and
magnitude of resistance underlines the value of experimental work to understand
fungicide properties and likely resistance mechanisms as early as possible
following development of new MoAs. This information can be used to identify pairs
of fungicides for which formulation in mixture is more likely to be beneficial for
resistance management, and fungicides for which alternation is likely to be a better
strategy. However, this may be challenging in practice. Fungicide foliar decay rates
can be measured experimentally or estimated using models (Fantke et al., 2014),
but are affected by environmental factors and can be highly variable. Asymptote

and curvature parameters can be estimated from field trials where the response of
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disease severity to at least three dose rates of a solo fungicide and an untreated
control has been measured (Chapter 3 — Section 3.3.2 (Corkley et al., 2025b)); the
level of uncertainty in the estimated parameter values depends on the quantity and
quality of data available. Mutagenesis studies in vitro and experimental evolution
can be used to predict likely resistance mechanisms for any given fungicide and
the relative fitness of strains with different mutations (Hawkins, 2024), whilst data
gathered to fit ECso dose rates (the dose that inhibits the in vitro growth of the
pathogen by 50%) could indicate whether a resistance mechanism causes an
asymptote shift or a curvature shift. The predictability of mutations varies between
fungicide groups (Hawkins, 2024; Hawkins & Fraaije, 2021), but it may also be
possible to predict the type and magnitude of resistance that is likely by considering
fungicide binding mechanisms (Chapter 4 — Section 4.2 (Corkley et al., 2025a);
Grimmer et al., 2015).

It should be noted that the difference in selection between splitting and mixing and
alternation was relatively small across a substantial area of parameter space. Field
trials comparing splitting and mixing with alternation of SDHI and DMI fungicides
found no significant difference in selection for SDH-mutations across a range of
SDHI and DMI dose rates (Young et al., 2021); any difference was small relative
to experimental variability. Experimental evolution in vitro using SDHI and DMI
fungicides found that mixtures performed moderately better than alternation
against single-resistant strains, but that there was very little difference in the
performance of the strategies against double-resistant strains once the ‘RR’ strain
reached a population frequency of 5% (Ballu et al., 2024). Where differences in
selection are small, and there is economic or environmental justification, there is
likely to be room for flexibility in the choice of resistance management tactics, as
proposed by Paveley et al. (2023), especially if additional IPM measures can be

utilised to contribute to resistance management.

The measure of success for fungicide resistance management can affect which
tactic appears to be optimal (Elderfield et al., 2018). We focused on the rate of
selection for the double-resistant strain, for programmes that kept HAD loss below
a maximum threshold, over a simulated period of two growing seasons chosen to
keep model runtime tractable over the large area of parameter space explored.
However, splitting and mixing tends to provide improved disease control, and in
many cases the rate of loss of HAD was lower using splitting and mixing tactics
even when selection for the double-resistant strain was increased compared to

alternation tactics. If the choice of tactic is rigid over time, splitting and mixing may
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be the pragmatic choice in general to maximise lifetime yield, lifetime profitability
or effective life, as concluded by previous studies (Elderfield et al., 2018; Hobbelen
et al., 2013; Taylor & Cunniffe, 2023b). However, if there is flexibility in the choice
of tactics and alternation of the high-risk fungicides initially provides sufficient
disease control, in some cases choosing alternation initially could delay concurrent
evolution of resistance for longer, with the option to later switch to splitting and
mixing as necessary for disease control. To explore these effects, it would be
necessary to run the model for a larger number of seasons to estimate the length
of time until breakdown of effective control. Additionally, whilst our comparison of
selection rates used a single scenario of starting frequencies of the single- and
double-resistant strains, these starting frequencies will vary depending on the
evolutionary history of the pathogen population and can affect which strategy is
optimal for maximising effective life or lifetime yield (Ballu et al., 2024; Hobbelen et
al., 2013; Taylor & Cunniffe, 2023b). The existing frequencies of resistant strains
would therefore need to be considered when choosing an optimal strategy for

maximising effective life.

We restricted the analysis to a fixed dose rate of each high-risk fungicide: varying
the dose rate of each fungicide could increase the range of scenarios in which
splitting and mixing is optimal (Taylor & Cunniffe, 2023b), but dose rates can be
partially determined by control requirements for pathogens other than Z. tritici, and
risk-averse growers and fungicide manufacturers are sometimes reluctant to
reduce dose rates beneath a minimum recommended dose (te Beest et al., 2013;
van den Bosch et al., 2018). We also restricted our analysis to cases where the
initial frequencies of the single-resistant strains were equal, and the initial
frequency of the double-resistant strain was low. If the initial frequency of
resistance to one fungicide is substantially higher, this may affect which strategies
are optimal (Taylor & Cunniffe, 2023b) or may mean that the fungicide is a poor
choice of mixture partner. If the double-resistant strain is already common, neither
alternation or mixture of the high-risk fungicides is likely to extend effective life
materially. If available, the introduction of a third novel or low-risk fungicide in
alternation or mixture would be needed to provide control of the double-resistant
strain (Ballu et al., 2024).

Our analysis used the simplifying assumption that both fungicides were systemic,
affecting both the latent period and the transmission rate, and that the fractional

reduction fl-]. (t) for each strain and fungicide combination was the same for both

pathogen life cycle parameters. The reality is likely to be more complex, but there
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is scant data to support parameterisation of individual effects for each combination.
The impact on our qualitative conclusions of differing dose response curves for the
latent period and transmission rates is likely to be small for a given level of

fungicide efficacy, which is defined by the overall effect on fungicide growth rate.

We also assumed that sexual reproduction only occurs at the end of the growing
season, and that all infections at the start of the second growing season originated
from ascospores following sexual reproduction. Some sexual reproduction also
occurs in Z. tritici during the growing season and could accelerate concurrent
evolution of resistance. The impact of ascospores on epidemic development on
the upper leaf canopy is thought to be small (Eriksen et al., 2001), although
ascospores may account for a greater proportion of disease on resistant cultivars
where a larger area of healthy leaf area is available for infection late in the growing
season (Duvivier, 2015). The impact of any sexual reproduction during the growing
season will depend on the timing and the level of fungicide exposure prior to the
formation of pseudothecia, but the effect on the qualitative results is likely to be
small: in the cases where splitting and mixing was most beneficial, the mixture
reduced the difference in the growth rates of both the single-resistant and double-
resistant strains relative to the sensitive strain. Taylor & Cunniffe (2023b) explored
the impact of different levels of sexual reproduction between growing seasons,
showing modest differences in effective life (but not optimal strategy), between
sexual proportions of 50% and 100%. The survival of pycnidiospores on surface
debris left following harvest varies with climate, but infection by splash dispersal of
pycnidiospores is a plausible scenario for second wheat crops sown into wheat
stubble. However, it is likely that ascospores form the majority of inoculum of the
new season’s crop (Suffert et al., 2011), and the impact on our qualitative
comparisons between splitting and mixing and alternation programmes is likely to

be small.

Any application of fungicide exerts selection pressure for evolution of resistance:
programmes relying solely on at-risk fungicides will be at high risk of concurrent
evolution of resistance, regardless of the choice of splitting and mixing or
alternation strategy. Steps should be taken to avoid relying only on programmes of
at-risk fungicides for disease control wherever possible. Stacking disease control
measures reduces the potential fitness advantage for the pathogen of evolving
resistance to any individual measure (Corkley et al., 2022). High-risk MoA should
be used in mixture or alternation with multi-sites where available (Ballu et al., 2024;

Hobbelen et al., 2011). Choice of cultivars should prioritise disease resistance,
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which can contribute to fungicide resistance management by reducing pathogen
growth rates, reducing the fitness advantage of fungicide-resistant strains, whilst
both resistant and disease-tolerant cultivars which maintain yield in the presence
of diseases can reduce the intensity of chemical control required for effective
disease control (Taylor & Cunniffe, 2023; van den Bosch et al., 2022). Cultural
control methods should also be adopted as relevant for each crop and pathogen
as part of integrated pest management (‘IPM’). For Z. tritici, cultural control
measures include delayed sowing (Morgan et al., 2021; Shaw and Royle, 1993),
use of cultivar mixtures (Kristoffersen et al., 2020) and improved management of
stubble to reduce inoculum survival and spread (McDonald & Mundt, 2016). Non-
chemical IPM methods resulting in lower disease pressure can reduce the rate and
number of fungicide applications needed for disease control, contributing to
fungicide resistance management (Chapter 3 (Corkley et al., 2025b). Use of a
diverse range of disease control measures is key to the generation of an
evolutionary landscape that will improve the resilience of tactics against concurrent

evolution of resistance.
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The level of cross-resistance in a pathogen population to two fungicides is
measured by the correlation of the sensitivity of pathogen strains to each fungicide.
Strong positive cross-resistance implies that pathogen strains that are sensitive to
one fungicide are also sensitive to the second fungicide, pathogen strains that are
moderately resistant to the first fungicide are also moderately resistant to the
second, and pathogen strains that are highly resistant to one fungicide are also
highly resistant to the second fungicide. Low cross-resistance implies that there is

little to no correlation between the sensitivity of pathogen strains to each fungicide.

Most existing modelling studies of the evolution of resistance assume that there is
complete cross-resistance between fungicides with the same MoA, and a complete
lack of cross-resistance between fungicides with different MoA, in the case of
single-resistant strains, with these cases modelled using an additive dose model
(ADM) or a multiplicative survival model (MSM) respectively. In Chapter 5, |
modelled strains that had resistance to two MoA due to a combination of two

resistance genes with independent inheritance: the MSM modelling approach was
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suitable for this case. However, there are important examples of incomplete cross-
resistance within a MoA, including azole fungicides in the demethylation inhibitor
(DMI) group: a large number of combinations of target-site mutations in the target
CYP51 enzyme have led to pathogen strains with variable resistance profiles
against different azoles. Neither the ADM or MSM modelling approaches are

appropriate for this case.

There is some limited experimental evidence that using azole programmes with a
diverse range of active substances with the same MoA but incomplete cross-
resistance could contribute to fungicide resistance management (Heick et al.,
2017), but it is unclear how these benefits vary with the choice of azole fungicide,
the level of incomplete cross-resistance between azoles, the number of azole
active substances available, or the way that active substance diversity is deployed

(mixture, alternation within-year or between years, or mosaic at a landscape level).

In this chapter, | describe the development of a mathematical population genetic
model that represents the joint target-site action of fungicides with the same MoA
but incomplete cross-resistance. | investigate how the resistance management
benefits of mixtures of fungicides with the same MoA but incomplete cross-
resistance vary with the number of active substances and the degree of cross-
resistance between fungicides included in the mixture. In the supporting
information, | compare the performance of programmes utilising mixture,
alternation or mosaic within a MoA with incomplete cross-resistance. The
supporting information was published as a short paper, ‘Modelling resistance
management benefits of diversity with a fungicidal mode of action with incomplete
cross-resistance: the azoles example’ has been published in “Modern Fungicides
and Antifungal Compounds”, Vol. X (2023), the Proceedings Volume of the 20™
International Reinhardsbrunn Symposium on Modern Fungicides and Antifungal
Compounds, held in April 2023.

6.1 Abstract

Mixing fungicides with different modes of action (MoA) is a well-established
resistance management tactic which relies on the general absence of cross-
resistance between MoAs. Mixtures of fungicides with the same MoA and complete
cross-resistance do not contribute to resistance management. However, in some
cases cross-resistance is only partial within a MoA, for example azole fungicides
in the demethylation inhibitor (DMI) group (FRAC Code 3). We developed and used

a mathematical population genetic model to explore possible resistance
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management benefits of mixtures of fungicides with the same MoA with incomplete
cross-resistance. An important example in agriculture is the deployment of DMIs
against the wheat pathogen Zymoseptoria tritici. We modelled selection for known
Z. tritici CYP51 haplotypes following application of solo azoles or two, three or four-
way mixtures of epoxiconazole, prothioconazole, prochloraz and tebuconazole (all
programmes having the same total dose as a proportion of full label rate). We
measured the rate of resistance development as the resulting rate of change in the
pathogen population growth rate, A7, and compared disease control against a
minimum threshold. We focused on within-MoA programmes to investigate
resistance management benefits of within-MoA active substance diversity; in
practice azoles should be used in combination with other MoA wherever possible.
Our results show that mixtures of fungicides with incomplete cross-resistance
within a MoA can contribute to resistance management, achieving greater stability
in disease control over time. Increasing the number of azole active substances in
a mixture reduced Ar on average, but with diminishing returns. A generalised linear
model fitted to the population genetic model results showed that Ar increased with
the average level of disease control and with the maximum variance in haplotype
sensitivity to an individual azole component. Azole combinations with low or
negative cross-resistance maximised resistance management benefits, but any

degree of incomplete cross-resistance was useful.

6.2 Introduction

Azoles, part of the demethylation inhibitor (DMI) group of fungicides (FRAC Code
3), have played an important role in crop protection since their introduction in the
1970s. Over time, increasing levels of partially resistant pathogen strains have
reduced the efficacy of some azole fungicides, but modern azole compounds are
still an important component of fungicide programmes for a wide variety of crops
and plant diseases (Cools et al., 2013; Jgrgensen and Heick, 2021). It has been
hypothesized that azole mixtures could contribute to fungicide resistance
management (Dooley et al., 2016b; EPPO Workshop, 2010), because of
incomplete cross-resistance between some azole fungicides. Use of azole
mixtures has been shown to improve disease control compared to use of a single
azole and to provide a more consistent level of disease control across different
locations (Jgrgensen et al., 2018), and azole mixtures may also be chosen by
commercial growers to improve broad-spectrum control against a range of plant
pathogens (Dooley et al., 2016). However, all azoles share the same mode of

action (MoA) with a single target-site: inhibition of the sterol 14a-demethylase
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(CYP51) enzyme which catalyses the conversion of lanosterol into ergosterol, an
essential component of fungal cell membranes (Rodrigues, 2018). Mixture of active
substances within a MoA is not usually recommended for resistance management,
as there is typically strong positive cross-resistance of pathogen strain sensitivity
between active substances in the same MoA: isolates that are resistant to one
active substance in the MoA tend to be resistant to other active substances in the

same MoA, and vice versa.

Use of mixtures of fungicides with different MoAs is a proven resistance
management tactic to slow the rate of pathogen evolution (Corkley et al., 2022;
van den Bosch et al., 2014a, 2014b). This tactic works because there is generally
a lack of cross-resistance between MoA. Strains with a high resistance factor to
one MoA are therefore controlled by the other MoA, resulting in similar population
growth rates for both resistant and sensitive strains and reducing the strength of
selection for resistance. This holds particularly if resistance occurs primarily by
target-site mutations or overexpression of the fungicide target gene. Efflux
mechanisms create a degree of cross-resistance between single-site acting MoA,
but the resistance factors in fungal pathogens resulting from efflux mechanisms
have been low thus far, as high resistance factors have occurred only where efflux
has combined with target-site alterations or upregulation of the fungicide target
protein (Leroux & Walker, 2013; Omrane et al., 2015).

Patterns of cross-resistance between fungicides in the demethylation inhibitor
(DMI) group include both cases described above — an absence of cross-resistance
and strong positive cross-resistance — in addition to weak positive cross-resistance
and negative cross-resistance (Dooley et al., 2016; Fraaije et al., 2007; Jargensen
et al., 2021; Leroux et al., 2000; Leroux and Walker, 2011). The primary cause of
azole resistance in many pathogens is CYP51 target-site alternation, although
target-site overexpression and increased non-target-site efflux pump activity are
also implicated (Cools et al., 2013; Cools & Fraaije, 2013). The effects of these
target-site mutations vary between azole fungicides due to structural differences at
a molecular level and variation in the binding activity of different azole ligands with
regions involved in or bordering the CYP51 enzyme active site (Mullins et al., 2011;
Xiao et al., 2004); in some cases, a mutation that increases resistance to some
azoles increases sensitivity to others. For example, the alteration 1381V decreases
pathogen sensitivity to tebuconazole, but has little effect on sensitivity to
epoxiconazole, and increases sensitivity to prochloraz (Fraaije et al., 2007; Mullins

etal., 2011; Stammler et al., 2008). Interactions between multiple CYP51 mutations
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can also affect the sensitivity phenotype. Zymoseptoria tritici, a polycyclic foliar
fungal pathogen which causes septoria leaf blotch (STB) in wheat, has
accumulated large numbers of target-site alterations of the CYP51 protein. The Z
tritici population is composed of multiple strains, each with different combinations
of these target-site mutations and differing levels of sensitivity to each azole active

substance.

Differential effects of azoles on selection for strains with different CYP51
combinations have been observed in Z. tritici, Phakopsora pachyrhizi (the cause
of Asian soybean rust) and Cercospora beticola (the cause of Cercospora leaf spot
of sugar beet) (Heick et al., 2017; Kayamori et al., 2021; Stammler et al., 2008;
Stilgenbauer et al., 2023). It has therefore been hypothesised that azole mixtures
could contribute to resistance management. However, there is limited existing
evidence to show whether mixtures of active substances with incomplete cross-
resistance within a MoA can provide resistance management benefits, or how
within-MoA mixtures could best be deployed to maximise any such benefits.
Mixtures of epoxiconazole and metconazole did not reduce selection for Z. tritici
strains with reduced sensitivity when compared to solo application (at the same
total azole dose) of either fungicide (Dooley et al., 2016), but increased diversity of
azole active substances in application programmes has been shown to reduce
selection overall for CYP51 alterations (Heick et al., 2017). There are no previous
modelling studies of the effect on selection for resistance of within-MoA mixtures

with incomplete cross-resistance.

To model the resistance management benefit of a fungicide mixture, an estimate
of the effect of the mixture on pathogen growth rates is needed, as the difference
in the growth rates of resistant and sensitive strains determines the strength of
selection for resistance (van den Bosch et al., 2014a). Existing models of the joint
action in mixture of two or more fungicides on pathogen growth rates typically use
either an additive dose model (ADM) or a multiplicative survival model (MSM).
These describe alternative methods of combining the dose-response curves of the
fungicides (when applied solo) to estimate the effect of the mixture. In ADMs, the
effects of the doses of each fungicide in the mixture are added together. Dose rates
of each fungicide calculated from the solo dose-response curves as giving
equivalent levels of control could be substituted for each other with no change in
the overall level of control of the mixture. In the MSM, the effects of each fungicide
on the pathogen growth rate are multiplied together. The ADM is typically applied

to mixtures within a MoA, and the MSM to mixtures of different MoA (Corkley et al.,
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2022; Morse, 1978; Paveley et al., 2003). If cross-resistance within a MoA is close
to complete, then the additive dose model is appropriate: i.e. mixtures within the
MoA are the equivalent of mixing the same product with itself and so do not
contribute to resistance management (Oliver, 2016). If cross-resistance is weak,
then the benefits of active substance diversity within a MoA would be close to the
benefits of diversity between MoA, as described by the MSM. The joint target-site
action of fungicides within a MoA with incomplete cross-resistance, as observed

for azole fungicides, cannot be adequately described by either the ADM or MSM.

Of the many pathogens targeted by azole programmes, Z. tritici is one of the most
common and economically damaging disease of winter wheat crops in Europe and
worldwide, associated with reduced crop quality and yield losses of up to 50% in
severe epidemics (Fones & Gurr, 2015). Due to its importance and proven potential
for rapid evolution of fungicide resistance (Cools & Fraaije, 2013; Dooley et al.,
2016a; McDonald et al., 2022, 2019; Rehfus et al., 2018; Torriani et al., 2009), it is
also one of the most intensively studied crop pathogens. The datasets generated
through sampling and study of Z. tritici isolates make this pathogen an excellent
case study for parameterisation of a model of the effects of within-MoA mixtures.
Zymoseptoria tritici has both sexual and asexual reproductive cycles, but the
majority of infection during the growing season is driven by asexual haploid
pychidiospores, spread between leaves by contact and rain splash (Ponomarenko
et al.,, 2011; Shaw & Royle, 1993). We can therefore consider the effect of the
haploid CYP51 genotype (‘haplotype’) on the growth rate of strains in the presence
of fungicides — i.e. the effect of singular chromosomes rather than pairs of
chromosomes. We refer to singular CYP51 variants as ‘haplotypes’. A few key
CYP51 haplotypes typically comprise a high proportion of the Z. tritici population
in any season (Glaab et al., 2024; Kildea et al., 2023). The laboratory sensitivities
of these key haplotypes to contrasting azoles have been determined (Cools et al.,
2011; Huf et al., 2018; Kildea et al., 2019, 2023; Kirikyali et al., 2017), and recent
analysis of long-term datasets has related laboratory to field sensitivities (Blake et
al., 2018), enabling parameterisation of the field sensitivities of haplotypes for a

population genetic approach.

We introduce a population genetic model that tracks CYP51 haplotype frequencies
in the pathogen population under a range of azole fungicide treatment
programmes. This model was developed from known population genetic theory
(Crow & Kimura, 1977), with a sub-model introduced to account for the joint target-

site action of multiple azoles. Our approach explicitly models the growth of
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individual haplotypes and fungicide dose decay, enabling modelling of a wide

range of fungicide programmes. The model and its application to simulate azole

mixture, alternation and mosaic programmes were described in brief in Corkley et

al. (2023) (see Appendix 6.E). Here we describe the model derivation and

parameterisation for Z. tritici CYP51 haplotypes in full, and use the model to

investigate resistance management benefits of mixtures within a MoA with

incomplete cross-resistance, aiming to answer the following questions:

(a) Are there resistance management benefits of mixture within the same mode
of action?

(b) Are there resistance management benefits of additional active substances
within a mode of action (‘azole diversity’)?

(c) How do resistance management benefits vary with the degree of cross-

resistance between active substances?

6.3 Materials and Methods

6.3.1 Measuring resistance management benefits

6.3.1.1 Selection for fungicide resistance: rate of change in epidemic growth rate

Each CYP51 haplotype has its own population growth rate, r;, under an azole
fungicide treatment regime (Figure 6.1a). These differences in population growth
rate cause the frequencies of the haplotypes in the pathogen population to change.
A haplotype that has a larger growth rate than the average of the entire population
will increase in frequency, whilst a haplotype that has a lower growth rate will
decrease in frequency. Haplotypes with lower sensitivity to a fungicide will have

the highest growth rates in the present of fungicide.

The population growth of each haplotype can be calculated and the frequency of it
in the total pathogen population tracked through time. Such ensembles of
haplotypes and their population dynamics are of interest to plant pathologists and
theoretical biologists. However, growers are interested in the growth rate of the
entire pathogen population, 7, since this determines the level of damage to the crop
(Figure 6.1b). 7 is the average population growth rate of the pathogen including all

pathogen strains.

Since fungicide applications select for the strains that are less sensitive to
fungicide, over time they select for an increase in the average epidemic growth
rate, 7. Resistance management aims to minimise this increase. We therefore use

the rate of change in 7 from one year to the next, Ar, as a measure of selection for
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fungicide resistance. Denoting the growth rate of the pathogen population in year

n as 1, the rate of resistance development is measured as:

T -1,
A7 = n+1 n (1)
™

a. What the plant pathologist sees b. What the grower sees

Pathogen density

Time (days)

Figure 6.1: Epidemic growth rates: what a plant pathologist sees versus what a
grower sees. (a). Sub-populations of seven pathogen haplotypes (H1 to H7), each
with a different initial density and a different sub-population growth rate, r;, are
shown. (b). The epidemic the grower observes in the field is the sum of the

densities of all haplotypes, with average growth rate 7.

6.3.1.2 Threshold for effective disease control

An effective fungicide programme is one that prevents economically damaging
levels of disease. We follow previous studies (Gladders et al., 2001; Pietravalle et
al., 2003; te Beest et al., 2009) in defining a damaging epidemic as one where Z.
tritici severity on the upper three leaves exceeds 5% at growth stage 75 (GS75) on
Zadok’s scale (Zadoks et al., 1974). We therefore use 5% severity at GS75 as a
threshold value, Sy.x, to measure whether a fungicide programme provides

adequate disease control.

6.3.2 The population genetic model

6.3.2.1 CYP51 and the azole dose-response curve

The CYP51 enzyme takes part in the conversion of lanosterol into ergosterol by

removal of the 14a-methyl group from sterol substrates (Zhang et al., 2019).
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Ergosterol is an essential building block of cell membranes and acts to maintain
membrane integrity (Rodrigues, 2018). Azole fungicides affect pathogen fitness by
targeting the CYP51 enzyme. We assume that azole fungicides act as competitive
CYP51 inhibitors which bind to the enzyme and occupy the P450 active site,
preventing binding of lanosterol and its conversion into ergosterol (Hargrove et al.,
2015, 2018). The resulting reduction in ergosterol production reduces the fungal

growth rate.

Lanosterol binds to the enzyme at rate k,, and either unbinds from the enzyme at
rate k_,, or is converted to ergosterol at rate k,. The binding of an azole molecule
to the enzyme at rate k; is reversible, so the azole molecule can unbind at rate k_;
(Figure 6.A.1, Appendix 6.A). Assuming this process is in steady-state (Michaelis
& Menten, 1913; Murray, 1991), we can calculate the rate of ergosterol production,
V, from Hill's equation (Hill, 1913) as used in enzyme kinetics studies and as a

dose-response curve in fungicide resistance models (Mikaberidze et al., 2017):

14 - (2)
14+ BD
_ k4LE, kg k_itksy . .
where 4 = PR and B = P where L is the concentration of

lanosterol, E; is the total concentration of CYP51 enzyme (free and bound), B is

the dose-response parameter for the azole fungicide and D is the fungicide dose.

Assuming competitive binding of azole molecules, meaning that when an azole
molecule is bound to the CYP51 enzyme, other azole molecules cannot bind to
that CYP51 molecule, we generalise equation (2) for the rate of ergosterol
production, V, to mixtures of azoles:

B A
~ 1+ B;D; +B,D,

1% 3)

where B; and B, are the dose-response parameters for azole 1 and azole 2
respectively and D; and D, are the doses of azole 1 and azole 2 respectively. An
illustration of the dose-response curve of the ergosterol production rate, V, to a
mixture of two azoles for varying values of B; and B, = 1 is shown in Figure 6.A.2
in Appendix 6.A. Note that although we show here the derivation of the dose-
response curve for competitive inhibition, the form of the dose-response curve is

the same for non-competitive inhibition (see Section 6.A.1 in Appendix 6.A).

We generalise equation (3) to include more than two azoles and multiple pathogen

haplotypes:
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A

v, = :
C1+ 3Ty,

(4)

where V; is the rate of ergosterol production of pathogen haplotype i, the subscript
j denotes each azole fungicide, and the number of azoles used is jmax. For
haplotypes with one or more mutations in the gene coding for the CYP51 enzyme,
binding of the azole to CYP51 will be more difficult, and/or make unbinding easier,

equating to a smaller value of B;; (i.e. less inhibition of the enzyme function).

For the purpose of modelling the application of azole fungicides, we assume that
the only process varying between haplotypes is the ergosterol production rate. We
can therefore describe the fungal population growth rate as affected by azole
fungicides:

To

- (5)
Jjmax
i=1 BijDj

T
where r; is the population growth rate of fungal haplotype i, r, is the growth rate of
the pathogen when no fungicide is applied, D; is the dose of azole ; and
B;; describes the effect of azole j on the growth rate of haplotype i. We assume
that that there is no fithess cost due to the development of resistance, so r; is the
same for all haplotypes: i.e. when no fungicide is present, all pathogen haplotypes
have the same population growth rate. Equation (5) thus defines the dose-
response curve for the growth rate of all pathogen haplotypes and all azole

treatments.

6.3.2.2 The growth rate of the sub-population of a haplotype following azole

application

The model defines the fungicide dose as a function of time, so that applications
can be simulated at several points during the crop growing season. We assume
that the concentration of the fungicide immediately following application is the
applied dose, or the applied dose plus any residual concentration from the previous
application. After the spray we assume that the fungicide decays exponentially due

to processes such as plant metabolism and UV degradation:

D; e~ (=t t>t"
D;(t) = { J0 (6)

0, t< t*

where D;(t) is the dose of azole j at time £, t* is the time of the first application of

azole j, Dj, is the application dose of azole j, expressed as a proportion of the
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maximum permitted individual dose (as defined on the product label), and « is the
decay rate of the fungicide. If an additional application of fungicide j is made at t**,
the remaining dose from the application at t* is added to the dose from t** to

calculate the total remaining dose.

In field experiments, dose-response curves are usually plotted as the severity of
the epidemic (after an interval of time following fungicide application) as a function
of fungicide dose. Assuming that the pathogen population grows exponentially in
time (i.e. that density dependence does not limit growth during the period relevant
for fungicide activity), we can calculate the severity of the epidemic at any point in
time, t. The fungicide dose determines the pathogen sub-population growth rate,
r;, which in turn determines the population size/severity of the epidemic (Figure
6.1).

6.3.2.2.1 Haplotype severity following application of a single azole
From equation (5), the growth rate of haplotype i as affected by fungicide dose
D;(t) is:

T (Dj (t)) = W]Dj(t) (7

The dynamics of the pathogen sub-population of haplotype i is given by:

d S;(t)
dt

where S;(t) is the disease severity caused by haplotype i at time t.

This model can be solved (see Section 6.A.2 in Appendix 6.A) to calculate the

severity at the end of the growing season, t =T.

For one fungicide application at dose Dj, at time t*, the disease severity caused

by haplotype i at the end of the growing season, S;(T), is given by:

To
B;Djo + e*T-t)\ @
]7] (9)

SA(T) = S;(0)eot™ [ =

where S;(0) is the severity of haplotype i at the start of the simulation. For two

applications at dose Dj,, one at t*, the second at t**:

7‘_0 sk * Kok T_O
B;iDjo + et )>“ <Biij0(1 + 7ot 0)) 4 gt )>“ (10)

S:(T) = S:(0)e™ot" e
(1) = Si(0e ( B;jDjo + 1 BijDjo(1 + e~o(t7"=tD) + 1
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6.3.2.2.2 Haplotype severity following application of multiple azoles

The equations in Section 6.3.2.2.1 can be generalised to include more than one
azole. In the case of mixing azoles, equation (7), combined with equation (6) for
fungicide dose decay, becomes:

To

(D1 (8), D, (1)) = (11)

If ay#a,, it is not straightforward to solve the model equation (8), and recourse to
numerical solutions is required. In the case that the fungicide decay rates are

equal, a;=a,, the model is solved with a generalisation of equations (9) and (10)

jmax B

using the term X;_,~ B;;D; as in equation (5):

One application of an azole mixture at time t*:

) To
S p Iy 4 peT-t\ @
_ e [ &j=1 Pijtj
Si(T) = S;(0)e™ < ijax B::D;: +1
j=1 PijYj

(12)

Two applications of an azole mixture, one at t*, the second at t**:

To

j:l L

Zf:nlax BUD] (1 + e‘“(t**‘t*)) +1

Ym* ByiD; + e“(t**‘t*)>7( Imax g D (1+ et =tY) 4 gaT=t™)

S,(T) = S;(0)emot" [ 2=
l l Y ByD; +1

6.3.2.3 Growth rate of the overall pathogen population

The total pathogen population growth rate, r, is calculated as the average growth

rate over all the haplotypes in the population:

In(6,e™7T + 6,em" + -+ + Oye™7
. (64 2 g me™") (14)

where 6; is the frequency of haplotype i, r; is the sub-population growth rate of
haplotype i, M is the total number of haplotypes in the population and T is the
length of time simulated (see section 6.3.3.1). The larger the difference between
the sub-population growth rate of a haplotype, r;, and the mean total pathogen
population growth rate, 7, the greater the rate of selection for or against that

haplotype.

The sub-population growth rate of a haplotype is interpreted as the mean growth
rate over the cropping season, 7; . As the sub-population growth rate of a haplotype
varies during the growing season, due to the application and subsequent decay of

the fungicide, we calculate the mean haplotype growth rate using the expressions:
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S;(T) = $;(0)e™" and S$;(T) = S;(0)G; (15)

Where the term G; can be derived from equation (12) or (13) depending on the
number of azole applications. The severity of haplotype i at the start of the
simulation, S;(0), can be calculated from the initial severity of the overall pathogen

population at t = 0, I, and the proportion of haplotype i in the initial infection of

the crop, 6; .,
Si(0) = Iobigp (16)
It follows that:
7= 1 <Sim> = l1n(c;i) (17)
T \S;(0)) T

The mean total population growth rate/fitness in the first growing season is given

by:
1 M -
. 7
H=7 In (2i=1 O grart® ) (18)

At the end of the first growing season, the haplotype frequencies are:

i srart Ui
0. _ start (19)
fend Zi‘il gistart Gi

The mean population growth rate in the second year is therefore:

1 m _
T2 = ?ln <zi=1 HienderlT) (20)

Our measure of selection for fungicide resistance, the rate of increase in total
population growth rate, A7, can therefore be calculated by substituting equations
(18) and (20) into equation (1).

The overall disease severity at time T, S(T), our measure of disease control for
comparison to the threshold value for effective disease control (see Section

6.3.1.2) is calculated as:
M
S(T) = S;(T 21
(M=) s 1)

6.3.3 Model parameterisation

The model was implemented in R version 4.2.0 (R Core Team, 2022) and
parameterised for Zymoseptoria tritici on wheat, an important pathogen for which

the epidemiology and haplotype composition of the population have been
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extensively studied. We used a literature search to estimate values of ry, T, I,
(Section 6.3.3.1) and a (Section 6.3.3.2). We used a dataset of CYP51 haplotype
frequencies over time and the sensitivity of each haplotype to four azoles
(epoxiconazole, prothioconazole, tebuconazole and prochloraz) (Tables 6.B.2,

6.B.3 and 6.B.4 in Appendix 6.B) to estimate values of 6 and the dose-

istart

response parameters for each haplotype-azole combination, B;;.

6.3.3.1 Parameterisation of 1y, T and I,

Pathogen population growth rate when no fungicide is applied, ro

Epidemic growth rates in the absence of fungicide vary from year to year,
depending on weather conditions amongst other factors (Gladders et al., 2001).
We used an estimate of the average growth rate, r, = 0.1173 t~1, that was
calculated from a dataset of disease severity on untreated plots from multiple sites
and years (Hobbelen et al., 2011; te Beest et al., 2009).

Timing of fungicide applications and end of the growing season, T

We set the start of the simulation, t = 0, to correspond to GS32. We estimate T =
53 days, approximately corresponding to the timing of GS75 relative to GS32
(Chapter 4 - Table 4.2; Chapter 4 - Appendix 4.A (Corkley et al., 2025)). We assume
that the haplotype composition at GS75 will be representative of the haplotype
frequencies at the start of the following growing season, as the wheat leaf canopy
rapidly senesces after GS75, limiting epidemic growth rate due to density

dependence and a lack of green leaf area.
Initial severity of the overall pathogen population, I,

The mean untreated disease severity at GS75 was estimated as 25.0% by van den
Bosch et al. (2020), from a dataset of UK field trials covering 21 years and 80 site-
years. We used this estimate in combination with the values of r, and T to estimate
a value for the initial severity of the overall pathogen population, I,:

0.25
0= e ToT

(22)

6.3.3.2 Fungicide decay rate, a

The fungicide decay rate, «a, is calculated from the foliar dissipation half-life
(‘DT50’) of the fungicide, which we estimated from information available in public
domain sources, from a range of crops for tebuconazole, epoxiconazole,

prochloraz and the active metabolite of prothioconazole, prothioconazole-desthio
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(Table 6.1). There is large variability in the DT50 values estimated in experimental
studies. However, the mean values are quite similar for all azoles considered in
this study, between 7.09 and 7.93 days, with an overall average of 7.5 days. We
therefore used an estimate of 7.5 days for all azoles in this study. The decay rate,
a, is then calculated as:

_ —In(0.5)

— -1
S7og = 0-0924¢ (23)

Table 6.1: Foliar dissipation half-life (‘DT50’) of the azoles considered in this study.

Foliar half-life (days):
values in published sources

Tebuconazole 6.42 7.7° 7.75° 7.769 7.83° 10.12F 7.93
Epoxiconazole 3.19 5.25" 5.3 9.84 13.31¢ 7.36
Prochloraz 3.4k 3.5 6.85" 10.2" 11.5° 7.09

Fungicide Mean

Prothioconazole-

© p q
desthio 2.9 6.7 12.21 7.27

Published sources indicated by letter superscripts. 2Dong & Hu, 2014; °Lin et al.,
2014; °Lehoczki-Krjak et al., 2012; 9Fantke et al., 2014; °Feng et al., 2020; He et
al., 2008; 9Rao et al., 2013; "Wu et al., 2017; 'Yan et al., 2015; iLiu et al., 2007;
kHan et al., 2005. 'Liu et al., 2009; ™Feng et al., 2019; "Yuan et al., 2016.
°Anonymous, 1983. PDong et al., 2019. 9Lin et al., 2017.

6.3.3.3 Initial haplotype frequencies, 6;

lstart

As shown by equations (17) to (19), we can calculate the selection rate, A7, when
the initial haplotype composition of the pathogen population is known. The initial

frequency, 6 of each Z. tritici haplotype, i, was estimated from a dataset of

Istart’
isolates sampled in fields around Rothamsted Research, UK in each of the years
2003 and 2010-2019 (Figure 6.2; Tables 6.B.2 and 6.B.4 in Appendix 6.B). We ran
simulations using each year’s estimated relative haplotype frequencies for all
haplotypes for which in vitro ECso dose-response measurements were available,

with the aim of representing realistic starting haplotype compositions.
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L50S-S188N-A379G-1381V-DEL-N513K

0.6 - L508-D134G-V136A-1381V-Y461H
' l L50S-S188N-1381V-DEL-N513K

0.4 -

| LoUS-3BIV-1A61H L508-V136C-S188N-A379G-1381V-DEL-S524T

0.2 1 [ 150S-D134G-V136A-1381V-Y461H-8524T

Relative frequency of haplotype

s #— L505-V136C-5188N-1381V-Y461H-5524T

~

O ¥ T ¥ ¥ T T T T
2010 2012 2014 2016 2018

Year

Figure 6.2: Relative frequencies of CYP51 haplotype frequencies for which in vitro
ECso dose-response measurements were available, as sampled from the
Zymoseptoria tritici population in fields around Rothamsted Research, Harpenden,
UK, in 2010 to 2019. Haplotypes that reached a minimum frequency of 0.15 in one

or more years from 2010 to 2019 shown.

6.3.3.4 Fungicide dose-response of each haplotype, B;;

We used in vitro ECso dose-response measurements (Table 6.B.3 in Appendix 6.B)

to parameterise the fungicide dose-response parameter, B;;, for each of 116

T
haplotype-azole combinations (29 haplotypes and 4 azoles). To calculate B;;, a
measure of the field dose-response is needed. Blake et al. (2018) developed log-
log relationships between lab-ECsy and field-EDso values for epoxiconazole and
prothioconazole-desthio. We used these relationships to convert lab-ECs, values
into field-EDsy values for each haplotype. The relationship developed for
epoxiconazole was used for tebuconazole and prochloraz (see Section 6.A.3 in

Appendix 6.A).

ECso data for all four azole fungicides modelled were available for the majority of
the haplotypes found in the sample, although there was insufficient data to include
a haplotype commonly found with variable numbers of promoter insertions
associated with CYP51 overexpression, L50S-1381V-S188N-DEL-N513K-CYP7,
which reached high frequencies >30% in a number of later years included in the
analysis. A small number of other haplotypes with frequencies <15% in any single
year were also excluded from the analysis due to insufficient ECso data (Table 6.B.2
in Appendix 6.B).
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The EDso measure of field dose-response represents the applied fungicide dose,

Djy, that would, on average, reduce the disease severity by 50% relative to an
untreated (D, = 0) epidemic. B;; can be calculated from these field-EDso values in
combination with equation (9), defining dose Dj, as a proportion of the full label
field dose. For the calculation of the B;; values, we set T to equal the duration

between treatment and assessment of the field experiments, estimated as 31.5
days, the average of the two assessment timings at three and six weeks post-

application (Blake et al., 2018). Since field-EDsg is the dose, Dl’fso’ at which
S;(T) = 0.55;pe™7, it follows that:

T

To
BUDU +€aT a
0.55;0e™T = S;, <$ (24)
which gives:
a —eT
B (25)

v Dij.,(1—a)

a
where a = (0.5e™7T)7o.

6.3.4 Fungicide application scenarios

For this study we simulated a maximum of two applications of azole fungicides per
growing season, in solo or mixture application. We set the timing of the first
fungicide application to GS32, i.e. t* = 0, and of the second application as t** = 20
days, approximately corresponding to GS39. We modelled solo application and
two-way, three-way and four-way azole mixtures, with the total azole dose kept
constant across all scenarios (Table 6.2). All possible combinations of the four
azoles tebuconazole, epoxiconazole, prochloraz and prothioconazole were
modelled. We modelled additional application rates for a case study of two-way
mixtures of epoxiconazole and prochloraz (using starting haplotype frequencies
from 2015), changing the proportion of each azole in the mixture in 0.05 increments
between 0.05 j; + 0.95 j, to 0.95 j; + 0.05 j,.. We measured the rate of increase in
in

the epidemic growth rate, A7, over two years, with the assumption that 6;

year 2 =6, , in year 1 (Equation 20).
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Table 6.2: Example fungicide application scenarios (except for the case study, all
possible combinations of the four azoles at the dose rates presented in this table

were simulated). 1.0 j: denotes a full label dose of azole 1.

Application Spray 1 Spray 2
scenario

Solo 1.0 j]_ 1.0 j1
Two-way mixture 051 +05) 05j:+05]).

Three-way mixture 0.33j: + 0.33 ).+ 0.33 3 0.33j1 +0.33 >+ 0.33 3
Four-way mixture 0.25j; +0.25j,+0.25 3 0.25j1 +0.25j,+0.25 |3

+0.25 4 +0.25 s
Case study Xj1+ (1 -X)ja Xji+ (1 -X)j2
0.05<x<0.95

6.3.5 Estimating the impact of the degree of cross-resistance
on resistance management benefits of azole mixtures

To investigate to what extent the model predictions of Ar for each fungicide
programme and starting haplotype frequency (year) scenario can be explained by
the degree of cross-resistance and other explanatory variables, we fitted
generalised linear models (‘GLMs’) with a log link function using Genstat statistical
software (VSN International, 2024). We chose explanatory variables that can be
calculated directly from model inputs without a need to run the full model

simulation.

The explanatory variables considered were three alternative measures of the
degree of cross-resistance (Section 6.3.5.1), a measure of average programme
efficacy (Section 6.3.5.2), and a measure of the maximum variance in haplotype
sensitivity to any azole component of each mixture (Section 6.3.5.3). We fitted
separate GLMs for each measure of cross-resistance to determine which was most
informative. The measure of cross-resistance was the first explanatory variable
term included in each model, with the order of other terms determined through
forward stepwise regression. In addition, we fitted individual GLMs for each
explanatory variable, and checked the level of correlation between explanatory

variables.

We checked for significant interactions between each of the explanatory variables
and the number of azoles included in each programme, to determine whether
separate GLMs should be fitted for solo azoles, two-way, three-way and four-way

mixtures.
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6.3.5.1 Measuring the degree of cross-resistance

We measured cross-resistance in a group of haplotypes to two azole fungicides as
the frequency-weighted correlation coefficient of the EDso values expressed as a

proportion of the full label field dose, Difso' We denote the weighted correlation

coefficient as cc,,.

Zgl Oisrart (Pi1so=—m1) (Pizso—m2) (26)

ccy =
M M
\/Zi=1 Oistarc(Pi1so=M1)% Xiz1 Oigrart (Pizgo—M2)?

where m; =YM". 6, D

—_ \'M
istarti150 and m; = Y-, 0

istartPizgo: 1-€- the frequency-

weighted mean EDs, for each azole.

Levels of cross-resistance between fungicide active substances are typically
measured using the unweighted Pearson’s correlation coefficient or Spearman’s
rank correlation coefficient, for example as used in (Jgrgensen et al., 2021; Kiiker
et al., 2021; Kildea et al., 2024, 2023). We denote these measures as cc,, and cc,
respectively. We tested these measures of correlation between the EDsp values of

each azole as alternative inputs to the generalised linear model.

In addition to two-azole cases (Figure 6.3), we modelled programmes with three
and four azoles, for which there are multiple correlation coefficients, one for each
combination pair of azoles (e.g. for four azoles there are 6 combination pairs of
azoles and thus 6 correlation coefficients). As a simple measure of overall cross-
resistance in the pathogen population to the azoles used in each programme, we

used the average of the relevant correlation coefficients.
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a. cc,=0.657 b. cc., = -0.199

N
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N
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Prochloraz EDg,

(proportion of full dose rate)

o
n
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Prothioconazole EDg,
(proportion of full dose rate)
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[=]
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Epoxiconazole EDg, Epoxiconazole EDs,
(proportion of full dose rate) {proportion of full dose rate)

Sampled frequency

of haplotype (%) ® 30-40 @ 510 ¢ <5

Figure 6.3: Examples of patterns of cross-resistance between two azoles, as
measured by the weighted correlation coefficient, cc,,, of the EDsq values of CYP51
haplotypes, based on sampled haplotype frequencies in 2015 (n=37). (a). Positive
cross-resistance between epoxiconazole and prothioconazole: cc, = 0.657.
(b). Weak negative cross-resistance between epoxiconazole and prochloraz:
ccy,, =-0.199. Each point on the graph represents a unique CYP51 haplotype. The
width of each point represents the initial frequency of the haplotype; note that the
displayed widths are not strictly proportional to frequency, to ensure visibility of all
points. The sampled frequencies represented are as follows: large points: 30-40%;

medium points 5-10%; small points: <5%.

6.3.5.2 Average programme efficacy

The rate of selection will be greatest when applying the fungicide results in a large
difference in the growth rates of highly/moderately resistant strains and more
sensitive strains. The more effective the fungicide programme against sensitive
haplotypes, the larger the potential difference in haplotype growth rates. Therefore,
the average efficacy of the azole programme can affect the strength of selection.
We measured the average efficacy of each programme as f..., the average
fractional reduction of the pathogen growth rate at the applied dose rate, weighted

by the initial haplotype frequencies:

_ M 1
fstart = 1_2, 19 (27)
i=

istart jmax
=1 BiiD; +1
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6.3.5.3 Variance in haplotype sensitivity

The larger the genetic variance in the EDsp values of the haplotypes, the greater
the potential shift in resistance following application of the azole fungicide (Fisher,
1930; Lande, 1979; see Appendix 6.C). For each starting haplotype composition

scenario (year), we calculated the variance, Var;, in the relative growth rates of

each haplotype i at the full label field dose of each solo azole j, DJ'Max = 1. Relative

growth rates were calculated by setting r, = 1 t™1. Var; is then calculated for a

population of M haplotypes as:

o1 \?
M 1 _ L=1Bij+1
=1\ B, +1 M

Var; = (28)

M

We used Var;, , the maximum value of Var; for any azole component in the

mixture, as a potential explanatory variable in the generalised linear model.

It should be noted that the variance of the relative growth rates of each haplotype

under each mixture application scenario, Var,p,, could be calculated by replacing

1 .
51 terms with ST

the . Var,p,, is likely to be a useful variable for predicting

BijDj+1
Ar, but it is partially dependent on the level of cross-resistance between azole
mixture components. Since the purpose of fitting the generalised linear model was
to determine the impact of the degree of cross-resistance on resistance
management benefits of azole mixtures, we chose not to include Vary,, as a

potential explanatory variable.

6.4 Results

Table 6.3 summarises the definitions and values of the fitted model parameters,
model variables and generalised linear model variables. Model results and
generalized linear model inputs for each starting haplotype composition scenario
and application scenario (excluding the case study) and are given in Table 6.D.1
(Appendix 6.D).
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Table 6.3: Definitions of model parameters, model variables and GLM variables.

Definition
Parameter
Average pathogen growth rate

To without fungicide

. Time: t = 0 corresponds to
GS32.

£ Timing of first azole application
(GS32)

o Timing of first azole application
(GS39)

T Timing of GS75

Dose-response of haplotype i
to azole j

Djo Applied dose of azole j

a Decay rate of azole fungicides
M Total number of haplotypes in
the population
Oigare  Proportion of haplotype i
att=0
S Initial severity of the total
0 pathogen population att = 0
S Threshold value of S(T) for
Max  effective disease control
Variable
= Average growth rate of the
n pathogen population in year n
_ Rate of resistance
Ar

development

T Growth rate of haplotype i

Dose of azole j remaining at

D;(®) time ¢
6., Eropoﬁion of haplotype i at
n time T
S(T) Disease severity at GS75
GLM variable

Average level of cross-

cCy resistance of haplotypes to two
or more azoles
Initial (frequency-weighted)

fstare  Programme efficacy at applied
dose rate
Maximum variance of
Var;,,.. haplotype sensitivity to a single

component of mixture
'Table 6.B.4 (Appendix 6.B).
Table 6.D.1 (Appendix 6.D).

Units

-1
days
days
days

days

Proportion
of full label
rate

t_l

Proportion
of leaf area
Proportion
of leaf area

t—l

t—l

Proportion
of full label
rate

Proportion
of leaf area

Fractional
reduction in
growth rate

t—2

Details

Equation 5

Section
6.3.3.1
Section
6.3.4
Section
6.3.4
Section
2.3.1
Equation 5;
Section
6.3.2.1

Equation 6

Equation 6;
Section
6.3.3.2

Equation 14

Equation 17;
Section
6.3.3.3

Equation 22
Section
6.3.1.2

Equation 1;
Section
6.3.2.3

Equation 1

Equation 5;
Equation 16

Equation 6

Equation 19

Equation 21

Equation 26;
Section
6.3.5.1

Equation 27

Section
6.3.5.3

Value/s

0.1173

0
20
53

See Table
6.B.41

See Table
6.2

0.0924

See Table
6.B.41

See Table
6.B.41

4.989 x 104

0.05

See Table
6.D.12

See Table
6.D.12

See Table
6.D.12

See Table
6.D.12

See Table
6.D.12
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6.4.1 Case study: resistance management benefit of mixture
within the same mode of action

A case-study of two-way mixtures of epoxiconazole and prochloraz, with starting
haplotype frequencies based on a sample taken in 2015 from Harpenden, UK,
demonstrates the potential resistance management benefits of mixture within the
same mode of action when there is incomplete or negative cross-resistance. In this
scenario, there was negative cross-resistance between epoxiconazole and
prochloraz, as cc,, =-0.199 (Equation 26, Figure 6.3). Some haplotypes that were
among the most resistant to epoxiconazole were well-controlled by prochloraz, and
vice-versa (Figure 6.4, Table 6.4): for example, haplotype L50S-V136C-S188N-
A379G-1381V-DEL-S524T was resistant to epoxiconazole but was well-controlled
by prochloraz, and L50S-V136A-S188N-DEL-S524T was the least sensitive to
prochloraz of the haplotypes present, but among the most sensitive to
epoxiconazole. Therefore, the use of a 50:50 mixture of epoxiconazole and
prochloraz reduced the differences in the relative growth rates of the haplotypes,
compared with applying epoxiconazole or prochloraz solo (Figure 6.4), so the
selective advantage of the fittest haplotypes was smaller for the mixture. This led
to a smaller rate of selection for the mixture (A7 = 0.0071) than for application of

solo epoxiconazole (A7 = 0.0148) or solo prochloraz (A7 = 0.0182) (Table 6.4).

In this scenario, either prochloraz (solo) or the 50:50 mixture of prochloraz and
epoxiconazole were predicted to provide an adequate level of disease control over
the full two-year simulation period, but epoxiconazole (solo) was not. Out of the
three fungicide programmes, prochloraz (solo) gave the highest level of control,
both against the initial haplotype composition and after two years of selection.
However, erosion of the level of control was also fastest for prochloraz (solo). The
level of control achieved with the mixture programme was slightly lower, but more

stable.

The values of f.4, the average fractional reduction of the pathogen growth rate at
the applied dose rate weighted by the final haplotype frequencies at the end of two
years of selection, are shown for each for each fungicide programme (Table 6.4).
A higher level of control would be obtainable with prochloraz (solo) following two
years of use of the mixture programme compared to following two years’ use of
prochloraz (solo). In contrast, there would be little difference in the level of control
obtainable with the mixture following two years’ use of mixture versus two years’

use of prochloraz (solo). These results suggest that use of azole mixtures can help
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-------- L508-V136C-5188N-A379G-I1381V-DEL-S524T

Figure 6.4: Dose-responses of individual CYP51 haplotypes to (a) epoxiconazole; (b) prochloraz and (c) a 50:50 mixture of

epoxiconazole and prochloraz, and the resulting changes in haplotype frequency over 2 years for (d)-(f) epoxiconazole, prochloraz

and the 50:50 mixture respectively. We plot relative growth rates by setting r, = 1 t~1. Fungicide dose is expressed as a proportion

of the full label field dose DjMax’ where the full label field dose for the 50:50 mixture is equal to 0.5D,,,  + 0.5D,,,. . Haplotypes

shown are those present in 2015 scenario (based on the sampled population from Harpenden, UK).
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Table 6.4: Comparison of the effects of two years of application of epoxiconazole (solo), prochloraz (solo) or a 50:50 mixture of

epoxiconazole and prochloraz on selection of individual CYP51 haplotypes, and the overall resulting change in fungicide programme

efficacy, for initial haplotype frequencies based on a sample from 2015 from Harpenden, UK. fi.., is @ measure of average programme

efficacy weighted by the initial haplotype frequencies: the average fractional reduction of the pathogen growth rate at the applied dose

rate (Equation 27). A7 measures the rate of change of the pathogen population growth rate for each programme (Equation 1). fanq is

the average programme efficacy weighted by the final haplotype frequencies following two years of fungicide application.

Initial EDs, Fungicide programme
Haplotype frequency Epoxiconazole Prochloraz Mixture
(%) Epoxiconazole Prochloraz Percentage change in frequency
L50S-V136A-Y461S 3.16 0.579 0.799 -66.5 +74.7 -18.3
L50S-D134G-V136G-Y461S 3.16 0.782 0.642 -33.2 +6.7 -8.7

L50S-D134G-V136A-1381V-Y461H 33.68 0.823 0.580 -25.5 -16.2 -15.9
L50S-S188N-1381V-DEL-N513K 36.84 0.974 0.634 +5.5 +3.7 +10.4
L50S-S188N-A379G-1381V-DEL-N513K 3.16 0.755 0.293 -38.3 -85.6 -73.9
L50S-V136A-S188N-DEL-S524T 3.16 0.784 0.990 -32.9 +171.9 +45.9
L50S-V136A-1381V-Y461H-S524T 5.26 1.122 0.686 +38.3 +24.4 +37.8
L50S-D134G-V136A-1381V-Y461H-S524T 5.26 1.281 0.675 +75.6 +19.7 +49.0
L50S-V136C-S188N-1381V-Y461H-S524T 3.16 1.170 0.494 +49.4 -43.3 -11.6
L50S-V136C-S188N-A379G-1381V-DEL-S524T 3.16 1.550 0.394 +140.2 -68.2 -29.9
f start for fungicide programme 0.466 0.570 0.526

7 for fungicide programme at start of year 1 (t°1) 0.0900 0.0813 0.0850

7 for fungicide programme at end of year 2 (¢t1) 0.0913 0.0828 0.0856

Ar 0.0148 0.0182 0.0071
fena for epoxiconazole (solo) 0.448 0.470 0.461
fena for prochloraz (solo) 0.573 0.553 0.562
fena fOr mixture 0.522 0.517 0.518
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Chapter 6 Modelling incomplete cross-resistance within a MoA
to protect the efficacy of the individual components of the mixture.

For this case study the proportion of each azole j in the mixture was simulated in
0.05 increments between 0.05 j; + 0.95 j>t0 0.95 j; + 0.05 j> (Figure 6.5). The lowest
rate of selection, measured by Ar, was achieved with mixtures between a 50:50
prochloraz to epoxiconazole ratio and a 25:75 prochloraz to epoxiconazole ratio;
the 50:50 ratio provided better disease control than a 25:75 ratio. A 75:25
prochloraz to epoxiconazole ratio improved disease control, but at the cost of a

higher rate of selection.

0.020 -
®
0.015 A
. A
1
<1 0.010 - &
@ .
0.005 A
0 T T 1 T 1
3.5 4 45 5 5.5 6
Severity at GS75 (%)
® Prochloraz Epoxiconazole @ Mixture

----- > Increasing proportion of epoxiconazole in mixture

Figure 6.5: Variation in the rate of resistance development, A7, and epidemic
severity with the ratio of two azoles in a mixture: prochloraz and epoxiconazole, for
a Z. tritici population with the CYP51 haplotype frequencies sampled in 2015 in
Harpenden, UK. Points are plotted as pie charts indicating the ratio of prochloraz
and epoxiconazole in the mixture: prochloraz — purple; epoxiconazole — orange. In
addition to solo prochloraz and solo epoxiconazole, the proportion of each azole j
in the mixture was simulated in 0.05 increments between 0.05 j; + 0.95 j> to 0.95 j;

+ 0.05 j2; points shown here are for 0.25 increments for visual clarity.
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6.4.2 Resistance management benefit of additional active
substances within a mode of action

Disease control

In most years, there were several azole mixture programmes incorporating two,
three or four azoles that kept disease severity below the 5% threshold for effective
control, in addition to some solo azole programmes (Figure 6.6a). From 2016 to
2019, when the average level of azole resistance of the pathogen population was
higher, the four-way mixture did not provide effective disease control, and in 2018
there were no three-way mixtures that provided effective disease control. In all year
scenarios simulated, there were at least 2 two-way mixtures and at least 1 solo

azole programme that achieved effective control.

Selection for fungicide resistance

The greater the number of azole active substances included in the mixture, the
lower the rate of selection for resistance, as measured by the average Ar of
programmes meeting the threshold for effective disease control (Figure 6.6b).
Although there were some solo and two-way mixture programmes for which A7
was very low, the values of A7 were more variable for solo and two-way mixtures,
whereas Ar was consistently relatively low for three-way and four-way mixtures
(Figure 6.6a, 6b). On average, having a diversity of azole active substances
available enables mixture programmes that can lower selection, but there are
diminishing returns of additional active substances, as a well-chosen combination

of two azoles can provide the same benefit.

A7 was highest in the earlier years simulated (Figure 6.6b), when there were large
differences in growth rates between sensitive and resistant haplotypes. The
average level of azole resistance of the population was higher in later years and
the differences in growth rates between different resistant haplotypes was smaller,

leading to a slower rate of selection for further increases in resistance.
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Figure 6.6: Variation in the rate of resistance development, Ar, with the number of
azoles included in the mixture (‘within-MoA diversity’). (a). A over 2 years of
application and level of disease control, measured as severity (%) at GS75 in the
first year of application, in the first year of application, for all azole mixture
programmes and initial haplotype frequency scenarios (years) modelled. The
target for resistance management is programmes that combine effective disease
control and a low rate of resistance development, A7. Number of azoles in each
programme indicated by: 1 azole: black circle; 2 azoles: purple cross; 3 azoles:
blue triangle; 4 azoles: orange diamond. The 5% severity threshold for effective
disease control is indicated by the grey dotted line. (b). Variation with number of

azoles and time of the average Ar of programmes meeting the threshold for
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effective disease control (<5% severity at GS75). Results grouped together for
years (initial haplotype frequency scenarios), indicated as follows: 2003: orange
solid line; 2010-2012: black dashed line; 2013-2016: purple dotted line; 2016-2019:
black solid line. Error bars show +1 standard error of the mean; in cases where
only one azole programme in the category met the threshold for effective disease
control, these are plotted as points without an error bar. Averages are joined by

point-to-point lines to aid interpretation.

6.4.3 Impact of the degree of cross-resistance on resistance
management benefits of azole mixtures

Generalised linear models (‘GLMs’) of the rate of selection for resistance, Ar,
showed that there were significant interactions between the number of azoles and
the fitted coefficients (see Tables 6.D.2 and 6.D.3 in Appendix 6.D). We therefore
fitted individual GLMs of A7 for solo azoles, two-way, three-way and four-way
mixtures (Table 6.5; full ANOVA results in Tables 6.D.5 to 6.D.8, Appendix 6.D).

Out of the three measures of cross-resistance, cc,, the frequency-weighted
correlation coefficient of the EDsp values (defined in Equation 26), was the best
predictor for Ar (Table 6.5). The GLMs using cc,, as the measure of cross-
resistance achieved adjusted R? values of 83.0%, 84.0% and 88.2% respectively
for 2-, 3- and 4-azole programmes (Figure 6.7a, Table 6.5). The degree of cross-
resistance, cc,, explained 36.6%, 38.6% and 36.0% of the variance in Ar
respectively for 2-, 3- and 4-azole programmes (Table 6.5). The cross-resistance
of an azole with itself is always equal to 1: a GLM fitted for solo azole programmes

only, using Var;  and fetare @s explanatory variables, achieved an adjusted R? of

80.1% (Figure 6.D.1, Appendix 6.D).
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Table 6.5: Percentage variance in A7 explained by individual variates included in
generalised linear models (GLMs) with a log link function for 1, 2, 3 and 4-azole
programmes. Explanatory variables are listed in the order that terms were added
to each GLM: cross-resistance was always included first, whilst the inclusion and

order of other terms was determined by forwards stepwise regression.

Number of Explanatory % variance explained by variate in GLM
azoles In variable "Measure of cross-resistance
programme
cCw cCy cc;
Cross-resistance “N/A ‘N/A ‘N/A
1 Varj,, 44.6
2f art 36.4
Cross-resistance 36.6 22.9 11.3
2 2f ot 35.0 38.5 46.6
Varj, 12.1 14.0 13.5
Cross-resistance 38.6 25.6 7.8
3 fetart 40.2 46.2 61.9
Varj,, 6.4 6.6 5.7
Cross-resistance 36.0 42.4 1.6 (°NS)
4 fetart 48.7 421 85.5
Varj,, 7.1 0.0 (°NS) 0.6 (°NS)

"Measures of cross-resistance calculated using EDsofield doses are the frequency-
weighted correlation coefficient, unweighted Pearson’s correlation coefficient and
the Spearman’s rank correlation coefficient, denoted as ccw, cc, and cc;
respectively (see Section 6.3.5.1).

2Average programme efficacy measured as f;..r¢, the average fractional reduction
of the pathogen growth rate at the applied dose rate, weighted by the initial
haplotype frequencies (see Section 6.3.5.2).

3Maximum variance in haplotype sensitivity for a single azole component of the
mixture, measured as Var; _(see Section 6.3.5.3).

4Cross-resistance is not an informative term for 1-azole programmes, as the cross-
resistance of an azole with itself is always equal to 1.

’NS denotes terms that were not significant (F-test). All other terms shown were

significant.
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Ar was predicted to increase with increasing levels of cross-resistance, cc,,,
average programme efficacy, fert, and maximum variance in haplotype sensitivity
to a single azole component of the mixture, Var;  (Table 6.6, Figure 6.7b). Figure
6.7b shows the variation in Ar predicted by the general linear model for 2-azole
mixtures with varying levels of cross-resistance, programme efficacy and
maximum variance in haplotype sensitivity. For programmes with a combination of
high programme efficacy and high Var;,_, there is a steep decrease in Ar as the
degree of cross-resistance between azoles in the mixture decreases, although in
these cases Ar is still relatively high even for mixtures of azoles with negative
cross-resistance. Relatively low values of fy,« and Var;, —are associated with

lower values of A7, but in these cases there is a shallower gradient between cc,,
and Ar: the rate of selection is still minimised by low or negative cross-resistance,

but the predicted change in Ar is smaller.

Several combinations of azole active substances consistently minimised or
maximised Ar for several years in a row, in addition to meeting the threshold for
effective disease control (Table 6.7). This suggests that some azole mixtures can
provide stable resistance management benefits, despite variation in the values of
cCy, fstart @nd Var;,  for each azole programme between each starting year
scenario due to differences in haplotype composition. On average, azole mixtures
that consistently minimised Ar had negative or low levels of positive cross-
resistance between azole components, and relatively low levels of programme

efficacy close to the threshold for effective disease control.
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Figure 6.7: Generalised linear model (GLM) predictions of A7 for azole mixtures
based on the degree of cross-resistance between azole components, ccy, average
programme efficacy, fyare, and the maximum variance in haplotype sensitivity for
a single azole component of the mixture, Var;, . (a). Comparison of
epidemiological model values vs. GLM fitted values of Ar for 2-, 3- and 4-azole
mixtures (denoted as purple cross, blue triangle and orange diamond respectively);
solid black line denotes 1:1 line. (b). Variation in A7 of 2-azole mixtures with the

degree of cross-resistance, ccw, and high and low values of fg,« and Var;,_ . The

higher and lower values of f,,¢ correspond to final disease severity at GS75 of 2-
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3.5% and 4.5-5.5% respectively. GLM predictions are denoted as follows for the
different levels of fy..re (higher = 0.62; lower = 0.51) and Varj, (high=0.019 ¢t72;
low = 0.0075 t~2): high efficacy and high Var;,__: solid black line; high efficacy and
low Var;,  : dashed black line; lower efficacy and high Var;_: solid orange line;
lower efficacy and low Var;, . Epidemiological model results for similar categories
of fitart (higher: 0.585 < f..c < 0.687; lower: 0.485 < fy .. < 0.526) and Var;,,
(high: 0.0165 ¢t=2 < Var;,, < 0.0275 t~2; low: 0.0021 ¢t~ < Var;, < 0.0118 ¢t7?)
are denoted as follows: high efficacy and high Var; _: black circle; high efficacy
and low Var;,__: black square; low efficacy and high Var;,,_: pink circle; low efficacy

and low Var;, _: pink square.

Table 6.6: Fitted parameter values for generalised linear models with a log link

function for 1, 2, 3 and 4-azole programmes.

Number
1 2 3 4
of azoles
Parameter Estimate (S.E)
Intercept  -6.545 (0.384) -7.213(0.280) -8.702 (0.440) -9.799 (0.943)
CCw N/A 0.697 (0.084) 0.774 (0.125) 1.769 (0.689)

Fovart 5.353 (0.602) 5.835(0.456) 8.137 (0.720)  9.32 (1.49)
Varj, 63.96 (5.43)  28.00 (4.03)  22.86 (5.27) 31.3 (11.8)
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Table 6.7: Azole programmes meeting the threshold for effective control that tended to minimise or maximise A7 most frequently for
the scenarios modelled (i.e. sampled haplotype starting frequencies by year), and range of values of cross-resistance (ccy),
programme efficacy (firqre) @nd maximum variance in haplotype sensitivity (Varj,,. ) over the years relevant for each programme.
'Programmes were defined as maximising or minimising A7 in a year if they had one of the highest 3 or lowest 3 A7 values respectively
within the year of programmes meeting the threshold for effective control. In years when fewer than 6 programmes met threshold for
effective control (2016, 2018, 2019), programmes with the highest/lowest 1 or 2 A7 values were considered to maximise/minimise Ar

respectively. 2Prochloraz minimised A7 in 2016.

Fungicide programme 'Years minimised / cCyw fstart Var;,
maximised A7 (t72)

Programmes that tended to minimise Ar

Prochloraz, Epoxiconazole & Tebuconazole 2003, 2010-2014 -0.241-0.169 0.514-0.578 0.0087 - 0.0167
Prochloraz & Epoxiconazole 2003, 2014-2019 -0.601-0.309 0.513-0.598 0.0021-0.0070
Four-way mixture 2012-2015 0.114-0.204 0.507-0.564 0.0101-0.0274
Programmes that tended to maximise Ar

Prothioconazole (solo) 2003, 2010-2015, 2017 1 0.516-0.692 0.0036 - 0.0274
Prothioconazole & Prochloraz 2010-2019 -0.061-0.656 0.522-0.687 0.0101 - 0.0274
2Prochloraz (solo) 2010-2014, 2017, 2019 1 0.590 - 0.689 0.0038 - 0.0107
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6.5 Discussion

We have described a novel method for modelling the joint action of active
substances within a MoA with incomplete cross-resistance, where the dose
response can be parameterised based on measured lab ECs, values. We applied
this method to the case of CYP51 haplotypes, where the resistance phenotype can
be estimated from combination of mutations on a single gene. Our results show
that there can be resistance management benefits of mixture within a MoA, which
are maximised by low or negative cross-resistance between the active substances
in the mixture. We show that use of azole mixtures can help to protect the efficacy
of the individual components of the mixture and provide a more stable level of
control than solo application. We focused on within-MoA programmes for the
purpose of investigating the benefit of azole diversity, but it is important to note that

in practice azoles should be used in combination with other MoAs when possible.

Our analysis focused on azole products with a long history of use, but our findings
are of relevance for the newer azole product mefentrifluconazole which has low
cross-resistance with prothioconazole (Heick et al., 2020; Kildea et al., 2024). The
method we introduce for modelling the joint target-site action of multiple active
substances within a MoA is also likely to be applicable to other MoA, although the
model may require adaptation for cases other than azole fungicides. For example,
there are varying levels of positive cross-resistance between SDHI fungicides
(Alzohairy et al., 2023; Veloukas et al., 2013; Zhu et al., 2022). Resistance to
succinate dehydrogenase inhibitor (SDHI) fungicides can occur due to target-site
mutations on the sdhb, sdhc, and sdhd genes which code for subunits of the
succinate dehydrogenase enzyme. Some isolates can also carry an additional
sdhc paralog, named alt-SDHC, conferring high levels of insensitivity to stretched
heterocycle amide SDHIs (SHA-SDHIs), a subclass of chemically-related SDHIs
(Steinhauer et al., 2019; Yamashita & Fraaije, 2018). To model resistance evolution
following application of SDHI mixtures in pathogens with a sexual stage, it would
be necessary to include the effect of sexual reproduction, with phenotype
depending on the combination of mutations on more than one SDH- subunit and/or
presence of additional SDHC paralogs (Gutiérrez-Alonso et al., 2017; Sun et al.,
2022). It would also be necessary to account for the effects of sexual reproduction
if extending the model to account for the combined effects of target-site mutations

and non-target-site resistance mechanisms such as efflux pumps.
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We show that greater diversity of active substances is helpful to enable use of
mixtures that reduce selection, but with diminishing returns as some two-way
mixtures minimized selection (but some did not). Our results are consistent with
the findings of both Dooley et al. (2016b), where no resistance management
benefits were seen from mixture of two azoles with relatively strong positive cross-
resistance were seen, and those of Heick et al. (2017), who showed that more
diverse azole programmes reduced selection overall for CYP51 alterations. The
resistance management benefits of additional active substances within a MoA are
likely to be greater for fungicides with low cross-resistance with other active
substances and a similar level of efficacy. It should be noted that one of the active
substances included in our analysis, tebuconazole, provided relatively poor
disease control of Z. fritici compared to the other azoles in our analysis. The
resistance management benefits of additional active substances that are newer to
market may be greater if they offer improved disease control and have low cross-

resistance with other azoles.

We used sampled haplotype frequencies to inform the starting points for population
composition in the scenarios modelled. Some individual haplotype ECso values
were larger than the average population ECs used by Blake et al. (2018) to
calculate ECso to EDsp values, requiring some extrapolation beyond the fitted
relationship. Our estimates of B;; are therefore more uncertain for some highly
resistant haplotypes present in the later years simulated. A small number of
haplotypes that appeared in the samples could not be included in the analysis due
to insufficient ECso data; most of these were only found at very low frequencies and
so would have minimal impact on the overall value of Ar calculated for the two-
year period simulated. One haplotype which could not be included in the analysis,
L50S-1381V-S188N-DEL-N513K-CYP1, was associated with variable levels of
CYP51 overexpression and sensitivity. This haplotype reached frequencies >25%
of the population from 2014 onwards, so could have had a larger impact on the
outcomes for years in which it was present. We restricted our analysis to the effect
of selection on haplotypes that were already present, and did not estimate the
likelihood of the emergence of novel haplotypes over the course of the two-year
period simulated. The repeatability of CYP51 mutations in the field is low (Hawkins
& Fraaije, 2021), soitis very difficult to predict which new haplotypes might emerge
in response to different azole programmes. However, selective pressures on
emerging strains could be affected by the use of azole mixtures, potentially

selecting for different haplotypes that were not seen in the sampled dataset.
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Overreliance on within-MoA diversity and incomplete cross-resistance for
resistance management could increase selection for generalized mechanisms of
azole resistance, as noted by Dooley et al. (2016b). For example, target-site
overexpression can reduce sensitivity to all azole fungicides; some non-target-site
resistance mechanisms, such as overexpression of efflux pumps, are also
associated with an increased risk of multi-drug-resistance (Omrane et al., 2015).
Data on the frequency and heritability of different levels of CYP51 overexpression
and efflux mechanisms in combination with CYP51 haplotype could enable
exploration of the effects of target-site overexpression and non-target-site

resistance in combination with the target-site mutations modelled in this analysis.

Our results show a trade-off between efficacy and selection: the rate of selection
is increased by higher programme efficacy and higher variability in the fitness of
haplotypes against mixture components. If azole fungicides are being used in
mixture with other single-site/at-risk MoA, it may be necessary to choose azole
active substances which do not minimise A7 for azole programmes alone, to ensure
that the efficacy of both mixture partners is balanced. Out of all azole mixture
programmes that we predicted to provide effective disease control, our results
suggest that some azole combinations would have consistently minimised
selection for a minimum of 4-5 years, despite some fluctuation in the level of cross-
resistance between azoles over time. Our approach could therefore be useful to
identify combinations of azole active substances that can provide resistance
management benefits over multiple growing seasons. Overall, choosing azole
mixture partners with low or negative cross-resistance, only aiming for the
minimum level of disease control required to protect yield and profitability, and
where possible avoiding use of active substances for which there is a large
variance in haplotype sensitivity will help to maximise the resistance management

benefits of within-MoA diversity and keep azole fungicides effective for longer.

6.6 Supporting Information

Appendix 6.A: Further details on the population genetic model

Appendix 6.B: CYP51 haplotype frequencies and sensitivity to four azole active
substances

Appendix 6.C: Lande’s model of the effect of genetic variance on the rate of
selection

Appendix 6.D: Further details on model results

Appendix 6.E: Offprint of Corkley et al. (2023)
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Chapter 7
Discussion

This thesis describes the use of epidemiological modelling to investigate which
strategies are likely to provide both good resistance management and robust
disease control in cases where there is concurrent evolution of resistance to two
or more fungicides. The thesis starts with a review of existing evidence (Chapter
2), which mostly relates to strategies against resistance evolving to a single mode
of action (MoA) at any given time. In this discussion, | summarise the main findings
of my research, discuss their implications for design of resistance management
strategies for current and future MoA and identify potential areas for further

research.

7.1 What is the value of phytosanitary cultural control for
fungicide resistance management?

Any application of fungicide will exert selection pressure for resistance. Integrated
Pest Management (‘IPM’) methods that can reduce disease pressure and the
intensity of fungicide application required are therefore key to fungicide resistance
management, but the value of these methods for resistance management is rarely
quantified and may be overlooked or underestimated. In Chapter 3, | considered
the value of a phytosanitary cultural control method, the ‘soybean-free period’ for
fungicide resistance management for a succinate dehydrogenase inhibitor (SDHI)

fungicide used to control Phakopsora pachyrhizi (Asian soybean rust).

My results show that phytosanitary cultural control can contribute to fungicide
resistance management. Delaying infection timing relative to crop emergence both
reduced selection for fungicide-resistant P. pachyrhizi strains and increased
fungicide effective life, for two reasons:

(a) There was a reduction in the length of exposure time of the pathogen to
fungicide.

(b) There was a reduction in the total disease pressure over time. This enabled
effective control to be maintained with lower fungicide inputs, reducing the
difference between the growth rates of resistant and sensitive strains. In addition,

since the level of fungicide efficacy needed to maintain effective control was
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reduced, a wider range of fungicide programmes provided effective control even

after increases in frequency of partially resistant strains.

The value for resistance management of IPM measures that reduce the rate of
growth of pathogens is already recognised. For example, some disease-resistance
genes have been shown to enable the plant to actively combat infection by a
pathogen and so reduce the growth rate of avirulent pathogen strains (Saintenac
etal., 2018). These resistant cultivars can effectively act ‘in mixture’ with fungicides
and reduce the difference in growth rates between fungicide-sensitive and resistant
strains (Taylor & Cunniffe, 2023b). The results presented in Chapter 3 show that
delaying disease onset can also have substantial benefits for resistance
management, even if the growth rate of the pathogen is not affected. In model
simulations, delay in inoculum arrival due to phytosanitary cultural control
increased the time until 50% of the population was resistant (‘T50’) by between
14—71%. For a 10-day delay in inoculum arrival, the increase in ‘T50° was
approximately equal to the increase in “T50° resulting from use of a multi-site

(dithiocarbamate) mixture partner.

The magnitude of the resistance management benefit of the soybean-free period
was somewhat surprising: in theory, the value of sanitation practices for disease
control of polycyclic foliar pathogens such as P. pachyrhizi with high epidemic
growth rates and short latent periods is expected to be low, as the epidemic quickly
builds to damaging levels (Nutter, 2007; Zadoks & Schein, 1979). However, it
appears that for P. pachyrhizi, even a relatively modest delay in the onset of
infection can be useful for resistance management and disease control, especially
when used in combination with fungicides. The introduction of the soybean-free
period in Brazil has indeed proved valuable, reducing the loss of soybean yields to
P. pachyrhizi and reducing the average number of fungicide applications required

for disease control (Yorinori, 2021).

These findings are applicable in other systems where IPM methods reduce disease
pressure through delaying disease onset. For example, covering potato discard
heaps limits sources of Phytophthora infestans (late blight) inoculum (Cooke et al.,
2011). Wheat stubble management such as straw removal, burning or burial can
be useful to reduce Zymoseptoria tritici (septoria tritici blotch) inoculum, or an
autumn-sown cover crop can trap ascospores and prevent infection of
neighbouring fields (McDonald & Mundt, 2016). In addition, plant defence is not

always attributable to genetic mechanisms that reduce pathogen growth rates:
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measured differences in disease severity can also be due to differences in the crop
architecture of different cultivars that affect the timing of infection (disease escape).
For example, the location of different leaf layers affects the risk of infection by Z.
tritici and Mycosphaerella pinodes (ascochyta blight) in wheat and pea cultivars
respectively (Le May et al., 2009; Lovell et al., 2004).

Use of tolerant cultivars that maintain yield levels at higher levels of disease (van
den Bosch et al., 2022) neither reduces pathogen growth rates nor delays disease
onset, but does reduce the required level of disease control, acting in a similar way
to the reduction in disease pressure noted as the second mechanism by which the
soybean-free period contributed to increased T50 and effective life. For this reason,

cultivar tolerance is also likely to contribute to resistance management.

The resistance management benefits of delaying P. pachyrhizi infection were
maximised by using the minimum number of fungicide applications required for
effective control after taking into account the reduction in disease levels due to the
soybean-free period. Resistance management benefits therefore rely on growers
adapting their fungicide application practices based on the reduced disease risk,
but in some years the risk may still be high if weather conditions are favourable for
inoculum dispersal and pathogen growth. If the disease risk is unknown, growers
may choose not to reduce fungicide applications to avoid the risk of heavy yield
losses in years with high disease pressure (te Beest et al., 2013). Decision support
systems (DSS) that incorporate information on the dependence of infection risk on
weather can provide guidance about cases where a reduction in fungicide input
can be achieved with limited increased risk of yield loss to disease (Lazaro et al.,
2021). Some models and DSS already include the effects of cultivar resistance and
tolerance on the fungicide dose required for effective disease control (e.g. Grimmer
etal., 2024; Prahl et al., 2022; Small et al., 2015; Taylor & Cunniffe, 2023b; te Beest
et al., 2009). Our results suggest that to maximise the resistance management
benefits of IPM, there is a need for DSS with the flexibility to account for a wider
range of IPM measures taken by growers, such as choice of sowing date and

phytosanitary cultural control.
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7.2 How does the impact of dose splitting vary with
fungicide properties and the type and magnitude of
resistance?

Dose splitting presents a key trade-off for management of the concurrent evolution
of resistance to two different fungicidal modes of action (MoA), since use of two
fungicides in mixture may require splitting the total dose of each fungicide across
multiple applications, increasing the exposure time to each fungicide. In Chapter
4, | used a compartmental epidemiological model of Z. tritici to explore variation in
the effect of dose-splitting with fungicide efficacy, persistence and the type and
magnitude of resistance. | found that dose-splitting increased selection for both
target-site and non-target-site resistance, but the effect of dose-splitting was
variable and depended on the combination of fungicide and resistant strain

properties.

Fungicide efficacy and persistence were defined by the combination of an
asymptote parameter (the maximum effect of the fungicide at high dose rates), a
curvature parameter (defining the rate of decrease in efficacy from the asymptote
with decreasing dose) and the foliar concentration decay rate of the fungicide.
Resistance mechanisms were defined as causing either an ‘asymptote shift’ or a
or a ‘curvature shift’, a reduction in the asymptote or curvature parameter
respectively. My results show that the percentage increase in selection due to dose
splitting is likely to be particularly large for ‘curvature shift’ resistance mechanisms,
and highest for small curvature shifts. Mechanisms likely to result in a partial
curvature shift include target-site mutations that reduce fungicide competitive
binding rates, target-site overexpression and generalist non-target-site resistance

mechanisms such as enhanced efflux activity.

The effects of dose splitting also depend on fungicide properties: the largest
increases in selection due to dose splitting were predicted for fungicides with a
steeply curved dose response curve and a relatively short foliar concentration half-
life. SDHI fungicides were used as an example of a commercial MoA currently
available to growers: the results show that dose splitting of an SDHI fungicide
applied solo is likely to increase selection for resistance by approximately 20-35%.
However, accounting for potential variability in decay rates suggests a wider range
of 10—40% for an asymptote shift, or 0—70% for a curvature shift. Variability in
fungicide decay rates between years and sites due to differing environmental

conditions may therefore explain the variable rate of selection for SDH-mutants
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reported from field experiments on dose splitting (Paveley et al. 2020; Young et al.
2021).

The results from Chapter 4 provide insights for the modelling analysis presented
in Chapter 5, where | investigated how the balance between increased selection
from dose splitting and the benefits of mixture varies with fungicide properties and
the type and magnitude of resistance. In cases where dose splitting increases
selection for resistance most strongly, this trade-off may outweigh the benefits of

mixture.

7.3 Which is the better strategy against concurrent

evolution of resistance: alternation or splitting and mixing?

In Chapter 5, | used a model of Z. tritici to investigate how interactions between the
effects of fungicide efficacy, persistence and the type and magnitude of resistance
determine whether alternation or splitting and mixing is a better strategy against
concurrent evolution of resistance to two at-risk MoAs. The model included the
effects of sexual reproduction on the frequencies of single- and double-resistant
strains. Fungicide properties and types of resistance were defined in the same way
as described in Chapter 4. | considered the rate of selection for a strain with
resistance to both MoAs for scenarios where there was (a) an asymptote shift to
both MoAs; (b) a curvature shift to both MoAs; or (c) an asymptote shift to fungicide

A and a curvature shift to fungicide B.

| found that splitting and mixing the total dose of two at-risk fungicides minimised
selection for the double-resistant strain more often when there was an asymptote
shift to both MoAs, whereas if there was a curvature shift to both MoAs, alternation
was more likely to minimise selection. These results are partially explained by the
findings presented in Chapter 4, which showed that dose splitting can increase

selection more for partial curvature shifts than for asymptote shifts.

However, for all scenarios of resistance type considered, the tactic that minimised
selection for the double-resistant strain varied with fungicide properties (asymptote
parameter, curvature parameter and decay rate) and the magnitude of the
sensitivity shift: neither splitting and mixing nor alternation was consistently better.
In addition, across much of the parameter space explored, the difference in
selection between splitting and mixing and alternation was small. Overall, for all
resistance type scenarios, splitting and mixing was more likely to outperform

alternation for resistance management when both fungicides had strong efficacy
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with a high decay rate and/or a low curvature parameter, and the magnitude of
resistance differed between MoAs. Alternation was more likely to minimise
selection for double-resistant strains when both fungicides were weakly or

moderately effective.

The variability in which strategy minimised selection for double-resistant strains
poses a challenge for management of the concurrent evolution of resistance.
Fungicide and resistant strain properties are often uncertain or unknown,
especially when a new MoA is first released to the market. Whilst experimental
data can be used to estimate fungicide foliar decay rates and dose-response
parameters, the level of uncertainty in the estimated parameter values can be high,
as discussed in Chapter 3. Mutagenesis studies in vitro and experimental evolution
can be used to predict likely resistance mechanisms for any given fungicide and
the relative fitness of strains with different mutations, but do not always closely
predict which mutations emerge and spread through pathogen populations

following the release of a new MoA (Hawkins, 2024).

Splitting and mixing generally gave improved disease control initially relative to
alternation, and often minimised the rate of loss of healthy leaf area index duration
(HAD) between the first and second year of the fungicide programme. Splitting and
mixing may therefore maintain effective disease control for longer, despite higher
rates of selection for double-resistant strains compared to alternation tactics.
However, effective control could potentially be maintained for longer by initially
minimising selection using alternation tactics (which also provide sufficient disease
control initially), and then switching to splitting and mixing when necessary to
maintain disease control. The modelling analysis could be extended to compare
longer-term strategies to maximise effective life or lifetime yield. If the choice of
tactic is not flexible over time, splitting and mixing may be the better choice to
maximise lifetime yield, lifetime profitability or effective life, as found in previous
studies (Elderfield et al., 2018; Hobbelen et al., 2013; Taylor & Cunniffe, 2023c).

My analysis considered pathogen strains with either an asymptote or a curvature
shift. However, the potential for target-site resistance to evolve to a MoA does not
preclude the possibility of non-target-site resistance evolving to the same MoA.
Focusing on minimising selection for strains with asymptote shifts may come at the
expense of an increased risk of selection for generalist resistance. For example, in
weed management, use of herbicide mixtures is associated with lower prevalence

of target-site resistance but higher prevalence of metabolic resistance (Comont et
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al., 2020). Selection for generalist resistance mechanisms by use of mixtures has
also been demonstrated in Z. tritici and the bacterium Pseudomonas aeruginosa
(Ballu et al., 2021; Vestergaard et al., 2016). A pragmatic choice of resistance
management tactics may require weighing ‘the lesser of two evils’: an asymptote
shift due to target-site resistance is more likely to cause a large, rapid loss in
efficacy, whereas it may initially be possible to control generalist resistance by
increasing fungicide dose rates as resistance develops (Taylor & Cunniffe, 2023a;
van den Bosch et al., 2020). Since the pipeline of future MoAs is limited, there are
clear economic benefits to prolonging the effective life of current MoAs. However,
efflux and other non-target-site mechanisms can contribute to multi-drug-resistant
(MDR) strains and could reduce the baseline sensitivity of the pathogen to novel

MoA, making future disease control more difficult.

7.4 Can incomplete cross-resistance within a fungicidal
mode of action be useful for resistance management?

As the number of MoAs available for disease control is becoming increasingly
limited due to regulation and existing resistance, the use of mixtures or alternations
of fungicides with the same MoA but incomplete cross-resistance has been
proposed as a potential resistance management strategy. For example, patterns
of partial cross-resistance have been observed for azole fungicides in the
demethylation inhibitor (DMI) group (FRAC Code 3) (Dooley et al., 2016; Fraaije et
al., 2007; Leroux & Walker, 2011; Sykes et al., 2017), and use of azole mixtures
has been shown to improve disease control compared to single azoles (Heick et
al., 2017). However, the resistance management value of within-MoA mixtures with
incomplete cross-resistance was unclear, and previous modelling approaches
representing the joint action of fungicides (multiplicative survival model and
additive dose model) had not adequately represented this case. In Chapter 6, |
used a novel model of the joint target-site action of multiple azole fungicides group
to investigate how the resistance management benefits of within-MoA mixtures
vary with the degree of incomplete cross-resistance and the number of active

substances available within a MoA.

The growth rates and changes in population fraction of multiple pathogen strains
with different CYP51 haploid genotypes (‘haplotypes’) were simulated for
scenarios where fungicide applications comprised single azoles or two-, three- or
four-way azole mixtures. The model was parameterised for the sensitivity of known

Z. tritici CYP51 haplotypes to the DMI fungicides epoxiconazole, prothioconazole,
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prochloraz and tebuconazole. Scenarios of initial haplotype population
compositions were estimated from a dataset of isolates sampled from the Z. tritici
populations in fields around Rothamsted Research, UK in 2003 and each year from
2010-2019. It was assumed that the entire CYP51 haplotype was inherited from
one generation to the next: the potential for intragenic recombination (Brunner et
al., 2008) was not included in the model. The epidemic growth rate of the pathogen
was calculated as the frequency-weighted average growth rate of all haplotypes,
7. The rate of selection for fungicide resistance was measured by the rate of
change of ¥ from one year to the next, Ar. Programmes that had low values of A7
and provided effective disease control (total severity <5% on the upper leaf canopy
at growth stage 75) were considered to have the greatest resistance management

benefits.

My results show that there are resistance management benefits of using mixtures,
alternation or mosaics of azole active substances with incomplete cross-
resistance. The best method of deployment (mixture, alternation or mosaic) varied
between years and depended on exact product combinations and pathogen
population haplotype composition. However, the disease control provided by
mixtures and within-year alternation was more resilient than mosaics and between-
year alternation to declines in fungicide efficacy as resistant strain frequencies

increased.

On average, across all scenarios simulated, programmes with more azole active
substances resulted in a lower rate of selection for resistance, although there were
diminishing returns as additional azoles were added to the programme, and some
two-way azole combinations had the same or lower A as three- or four-way
combinations. My analysis showed that fungicide programmes with stronger
efficacy selected more strongly for resistance. In addition, A7 was higher for azole
combinations for which there was and higher variability in the fitness of haplotypes
against individual mixture components. Mixtures of azoles with low or negative
cross-resistance maximised resistance management benefits, but any degree of
incomplete cross-resistance was useful. If the approximate CYP51 haplotype
composition of a population is known prior to fungicide application, these principles
can guide choice of which combinations of azoles could usefully contribute to

fungicide resistance management as part of a fungicide programme.

Although my analysis focused on the example of azole fungicides, a similar

approach could be used to model varying levels of cross-resistance within other
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MoA groups. For example, varying levels of positive cross-resistance have been
reported for SDHI fungicides in the pathogens Botrytis cinerea (grey mould),
Alternaria alternata (Alternaria leaf spot), pathogens of cucumber Corynespora
cassiicola (Corynespora leaf spot) and Podosphaera xanthii (powdery mildew),
and Z. tritici ((Alzohairy et al., 2023; Forster et al., 2022; Ishii et al., 2011; Miyamoto
et al., 2020; Veloukas et al., 2013; Yamashita & Fraaije, 2018; Zhu et al., 2022).
However, it may be necessary to account for the effects of sexual reproduction if
the sensitivity phenotype is determined by mutations on multiple genes or
intragenic recombination. Cross-resistance patterns to SDHI fungicides depend on
which target-site mutations are present on three genes (sdhb, sdhc and sdhd)
coding for subunits of the succinate dehydrogenase enzyme, and the presence or
absence of an additional sdhc paralog (Scalliet et al., 2012; Steinhauer et al., 2019;
Yamashita & Fraaije, 2018). The approach could also be adapted to model cases
of incomplete cross-resistance within MoA groups in other biological systems, such
as pyrethroid insecticides (Moyes et al., 2021), and in antibiotic, antiviral and
cancer treatments (Butaye et al., 2000; Hazuda et al., 2004; Sonpavde et al.,
2015).

My analysis focused on within-MoA programmes, but in practice azoles should be
used in mixture or alternation with other MoA wherever possible, as relying on
fungicides within a single MoA group will select strongly for strains with low
sensitivity to all active substances within the MoA group and lead to increasing
levels of positive cross-resistance within the MoA. This effect has been observed
in Z. tritici for both DMI and SDHI fungicides (Dooley et al., 2016; Hagerty et al.,
2021; Kildea et al., 2024; Rehfus et al., 2018). The mutation S524T is particularly
implicated in increasing levels of positive cross-resistance between azole
fungicides, in combination with generalised resistance resulting from inserts in the
MFS1 region (Kildea et al., 2023; Omrane et al., 2017), whilst the C-H152R
mutation results in strains with high resistance factors to many SDHI fungicides
(Rehfus et al., 2018). However, options to maintain diversity between MoA in a
programme are becoming increasingly limited; my results demonstrate that
incomplete cross-resistance within a MoA can offer additional options for

resistance management.

The model could be extended to investigate the effect of mixture programmes of
multiple fungicides with incomplete cross-resistance within a MoA in addition to a
fungicide from a different MoA. It would be valuable to investigate to what extent

incomplete cross-resistance between two mixture components with the same MoA
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could contribute to reduced selection for resistance to a third mixture component
with a different MoA. There may be differences in which azole active substances
and dose rates are optimal in a three-way mixture including a different MoA. There
was often higher variance in haplotype sensitivity to azole fungicides with higher
average efficacy, so A7 was higher for these azoles. However, azole fungicides
with higher average efficacy may nevertheless be better mixture partners for a
fungicide with a different MoA, due to a closer balance in the disease control

provided by each mixture component.

7.5 Recommendations for Further Research

7.5.1 Emergence of resistance

My thesis focuses on the effects of resistance management strategies on the
‘selection phase’, for cases in which resistance mutations were already present at
high enough frequencies that they were unlikely to be lost from the population
through chance. However, prior to the selection phase there is an ‘emergence
phase’, in which the frequency of strains with the resistance mutation is so small
that it may become extinct due to the stochastic chances of survival of small
numbers of resistant lesions (Mikaberidze et al., 2017). Strategies that increase
the time to emergence of resistance will extend the effective life of fungicides,
potentially for longer than attempts to reduce selection once resistant strains have
emerged, as the selection phase can be very rapid (Deising et al., 2008). It would
therefore be useful to extend the analysis presented in Chapter 5 to consider the
relative effects of alternation and splitting and mixing on the risk of concurrent

emergence of resistance to two MoA.

Previous modelling studies of resistance evolving to a single MoA have considered
the emergence phase for strains with asymptote or curvature shifts, incorporating
stochastic sub-models for the dynamics of a resistant strain in the emergence
phase. Hobbelen et al. (2014) showed that mixtures of a high-risk and low-risk
fungicide delayed the emergence phase as well as the selection phase for a strain
with resistance to the high-risk fungicide. Mikaberidze et al. (2017) showed that
high fungicide doses generally accelerate the emergence phase; although their
analysis shows that high doses could theoretically delay the emergence phase for
some mutations causing a curvature shift. However, they argue that the Z. tritici
populations are typically very large even after fungicide application, and that it is
therefore unlikely that even the highest field dose rates will reduce the population

sufficiently that mutational supply limits the rate of emergence. Taylor & Cunniffe
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(2023b) developed a model of quantitative fungicide resistance (analogous to a
curvature shift) incorporating the effect of mutation on a continuous distribution of
resistance phenotypes over time, and additionally considered concurrent evolution
of virulence to resistant host cultivars, although demographic stochasticity in the
emergence phase was not considered. Their results showed that using fewer
fungicide applications per year (minimising pathogen exposure time) maximised
yield over longer-term timescales. The results of these studies show that strategies
that prolong the selection phase will also often prolong the emergence phase,

increasing fungicide effective lives.

The emergence of new resistant strains is also relevant to the analysis presented
in Chapter 6. It would be interesting to investigate how different azole combinations
and programme type (mixture; alternation within-years; alternation between-years;
mosaic) influence the rate of emergence of different CYP51 haplotypes. In Chapter
6, | considered selection only for haplotypes present in population samples taken
in individual years. An extended analysis could consider the presence of additional
known CYP51 haplotypes at low frequencies, or allow for new CYP51 haplotypes
to emerge through mutation or intragenic recombination. However, the level of
predictability of individual CYP51 mutations in the field is low: 75% of CYP51
mutations found in the field have been reported only in a single species (Hawkins
& Fraaije, 2021). The existence of a given mutation may increase or decrease the
likelihood of particular CYP51 mutations arising in the same strain, due to
interactions in the effects of individual CYP51 mutations on enzyme structure
conferring fitness advantages or penalties (Hawkins & Fraaije, 2018; Mullins et al.,
2011). The likelihood of intragenic recombination will vary between CYP51
mutations depending on their proximity on the gene. The likelihood of new CYP51
mutations or haplotypes arising may therefore depend on genetic background
(Hawkins & Fraaije, 2018), so previous selection for particular haplotypes could
influence the future course of evolution. Arealistic representation of the emergence

of new CYP51 haplotypes would therefore be highly complex.

The length of time for resistance to emerge is likely to be reduced in a genetic
background with a higher mutation rate. Fungicide applications could therefore
indirectly select for an increase in pathogen mutation rates over time, or an
increased frequency of hypermutator strains (Gambhir et al., 2022). Although there
are often fithess costs of a higher mutation rate due to increased numbers of
deleterious mutations, the fithess advantage of fungicide resistance is also large.

Additionally, in a sexually reproducing population, beneficial resistance alleles

246



Chapter 7 Discussion

generated by hypermutator strains present at a low frequency could quickly
recombine into a genetic background without deleterious mutations. Hypermutator
strains have been found in several fungal pathogens of humans, including

Aspergillus fumigatus (dos Reis et al., 2019; Gambhir et al., 2022).

It would be useful to model the effect of different fungicide programmes on
selection for increased mutation rates in plant pathogens. The use of more diverse
fungicide programmes such as mixtures or alternation generates a more
challenging adaptive landscape for pathogens, which could increase selection for
hypermutator strains. For example, a modelling study of the bacteria Escherichia
coli showed that the likelihood of fixation of mutator alleles increasing the mutation
rate by 10- to 100-fold increased as the number of mutations required for
adaptation increased, although this analysis assumed equal fitness gain with each
mutation (Tenaillon et al., 1999). Hypermutator strains have been shown to
increase the risk of multi-drug resistance to antibiotics in E. coli, both following
combination (mixture) and single-drug treatment, with increased expression of

multi-drug efflux pumps (Gifford et al., 2023).

An increase in mutation rates could occur across the whole pathogen genome, or
could be localised to areas of the genome that are under directional selection from
fungicide application, minimising deleterious mutations in other areas of the
genome. Epigenetic modifications have been shown to affect local mutation rates
and gene duplication rates in Z. tritici, whilst mutation rates were found to be higher
on accessory chromosomes (Habig et al., 2021). Gene duplication could directly
increase resistance levels through target-site or efflux-pump overexpression, or
could increase the likelihood of adaptive mutations and reduce purifying selection
on deleterious mutations due to redundancy (Pegueroles et al., 2013). These
mechanisms for localised increases in mutation rate would be of relevance for
modelling the effect of fungicide programmes on mutation rates. Collections of Z.
tritici isolates with different CYP51 haplotypes now span decades: it would be
informative to compare the mutation rates of these isolates of different areas of the

genome, to test for changes over time and with CYP51 haplotype.

7.5.2 Timing and proportion of sexual reproduction

In Chapter 5, | used the simplifying assumption that the epidemic proceeded
through asexual reproduction throughout the growing season, with sexual
reproduction and formation of ascospores occurring only at the end of the growing

season. However, there is evidence from spore trapping, field observations and
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molecular markers that sexual recombination occurs at a low level in Z. tritici
throughout the growing season, followed by a strong increase in the rate of sexual
reproduction towards the end of the growing season (Chen & McDonald, 1996;
Duvivier, 2015; Eriksen & Munk, 2003; Hassine et al., 2019; Hunter et al., 1999;
Zhan et al.,, 1998). Sexual reproduction in Z. ftritici is density-dependent, with
ascospore production reaching a maximum at a disease severity of 30 to 45%
(Suffert et al., 2019).

Eriksen et al. (2001) modelled the relative contribution of pycnidiospores and
ascospores to epidemics of septoria tritici blotch, and concluded that most of the
increase in disease severity is attributable to infection by asexual pycnidiospores.
They note that the number of pycnidiospores produced by a single lesion is orders
of magnitude larger than the number of ascospores contained in a single
pseudothecium. The latent periods for the development of pseudothecia and for
the establishment of infection following infection with ascospores are also longer
compared to pycnidia and pycnidiospores (Eriksen et al., 2001; Morais et al.,
2015). However, Eriksen et al. (2001) also showed that sexual recombination
within the season could affect the genetic composition of the population during the
season, with larger effects if the pathogen population experienced dry weather that
reduced the rate of infection by pycnidiospores due to decreased dispersal rates.
This model could be adapted to investigate whether accounting for sexual
reproduction prior to the end of the growing season affects the comparison of
alternation and splitting and mixing as strategies against concurrent evolution of

resistance to two MoA.

A model comparing the contribution of ascospores to epidemic growth on
susceptible and resistant crop cultivars predicted that ascospores may account for
a greater proportion of infections on resistant cultivars (Duvivier, 2015). This was
explained by the escape of resistant cultivars from infection earlier in the growing
season, leaving a greater area of healthy leaf area available for new infection by
ascospores late in the growing season (when ascospore numbers are highest)
compared to susceptible cultivars. If resistant cultivars are more likely to be
infected by ascospores released from another crop that was treated with
fungicides, there may be an increased frequency of double-resistant strains on
resistant cultivars, with potential implications for resistance management. For
example, this may affect the choice of fungicide programme for applications to the
upper leaf canopy of resistant cultivars. This phenomenon may also be of

relevance for management of cultivar mixtures within the same field.
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| also assumed that all between-season reproduction was sexual, and only
considered a single scenario of the starting frequencies of the single- and double-
resistant strains. The impact of different levels of sexual reproduction between
seasons could be explored in more detail: a study by Taylor & Cunniffe (2023c)
showed that a higher rate of sexual reproduction increased the rate of production
of double-resistant strains when the frequency of the double-resistant strain was
low, but subsequently suppressed higher frequencies of the double-resistant strain.
Ascospores are thought to contribute the majority of initial infections in the next
season’s crops (Suffert et al.,, 2011), and the effect on qualitative comparisons
between splitting and mixing and alternation is likely to be minimal (as discussed
in Section 5.5). However, consideration of potential variation in the level of sexual
reproduction between seasons in combination with multiple scenarios of the
starting frequencies of single- and double-resistant strains would be informative for
estimates of programme effective life or lifetime yield. Such estimates would also
require running the model for a larger number of growing seasons to estimate the

length of time before disease control breaks down.

7.5.3 Representation of the dose response to fungicides

In Chapters 3-5, the effect of fungicide application on the pathogen was described
in terms of changes to the pathogen transmission rate and latent period. These life
cycle parameters affect the overall growth rate of the pathogen population. The
fungicide dose response is described by a combination of an asymptote parameter,
q, a curvature parameter, k, and the fungicide decay rate (Figure 4.1). This
approach is compatible with the use of compartmental epidemiological models,
with healthy, latently infected, infectious and senesced leaf area index tracked
separately. Fungicide decay rates were estimated from values available in
published literature, whilst disease progress data from multiple field trials provided
sufficient degrees of freedom to fit the two dose response parameter values g and
k. However, there is strong covariance between the values of g and k (for example,
see Section 3.A.3), which can increase the standard error for these parameter

values.

A different approach was used in Chapter 6, where the dose response to mixtures
of azole fungicides with the same mode of action is described in terms of a direct
effect on the pathogen population growth rate, as it is derived by considering the
mode of action of azole fungicides as CYP51 inhibitors reducing the rate of

production of ergosterol, and thereby limiting the population growth rate (Section

249



Chapter 7 Discussion

6.3.2.1). The fungicide dose response for each haplotype i and azole j is described
by a combination of parameter B;; and the fungicide decay rate. A simplifying
assumption of exponential pathogen population growth was used, with no
representation of density dependence, in contrast to the more detailed
compartmental models used in Chapters 3-5. Data on the mean ECs of isolates of
each haplotype was used to fit the dose response parameter B;;. It should be noted
that there was limited data available for parameterisation for a number of
haplotypes and azoles (in some cases only a single isolate), so there would be
insufficient degrees of freedom to parameterise two dose response parameters as

used in Chapters 3-5.

Cunniffe et al. (2012) demonstrate how compartmental models with multiple latent
and infectious compartments can be linearised around the pathogen-free
equilibrium to obtain an expression for the pathogen growth rate, r. This approach
could potentially be exploited to map the effect of azole mixtures on the pathogen
growth rate to an effect on an individual pathogen life cycle parameter (latent period
or transmission rate), or multiple parameters subject to assumptions on the relative

effects of the fungicides on each of these life cycle parameters.

In Chapters 3-5, | used the simplifying assumption that the fungicide dose
response parameters for a systemic fungicide would be the same for their effect
on the transmission rate and the latent period, and additionally | assumed that
multisite fungicides affect only the transmission rate. The reality is likely to be more
complex, butitis not possible to accurately parameterise this from field data alone,
and there is also a lack of suitable laboratory data. It would be interesting to explore
the impact of these assumptions on the modelling results. However, a previous
modelling analysis suggests that these assumptions may have little impact on

qualitative model results (Mikaberidze et al., 2014).

7.5.4 Variation in pathogen life cycle parameters

In this thesis, | used modelling approaches that assumed a constant average latent
period, infectious period and transmission rate over time (before accounting for the
effects of density dependence and fungicide application). However, there is strong
empirical evidence that these pathogen life cycle parameters are not constant over
time. For example, spore dispersal and germination rates in many pathogens
depend on weather conditions including rainfall, wind, humidity and temperature.
Latent periods can also vary, even when measured over thermal time, depending

on optimum temperatures for pathogen growth, fluctuating leaf temperature and
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host growth stage and leaf age (Bernard et al.,, 2013; Shaw, 1990; Suffert &
Thompson, 2018). The rate of release of spores is not constant over the infectious
period of a lesion (Cunniffe et al., 2012; Eyal, 1971).

Variability in pathogen life cycle parameters is relevant to all of the pathosystems
modelled in this thesis. However, it would be particularly useful to explore the effect
of variable pathogen life cycle parameters on the results presented in Chapter 3,
which showed that there were resistance management benefits of delaying
inoculum arrival using a phytosanitary ‘soybean-free period’. There could be
potential interactions of the effects of delaying infection with variation in pathogen

life cycle parameters due to weather conditions.

Decision-support systems often use weather data as inputs to provide predictions
of disease risk and severity (Gonzalez-Dominguez et al., 2023). Many decision-
support systems provide threshold-based assessments of risk, such as the ‘Irish
Rules’ and ‘Neerstad’ models of P. infestans (Cucak et al., 2019; Hjelkrem et al.,
2021). More complex epidemiological models that incorporate the effect of
environmental variables on pathogen development can provide good predictions
of disease progress over time, for example as implemented in models of Z. tritici,
P. pachyrhizi, Puccinia striiformis (yellow rust), and Fusicladium eriobotryae (loquat
scab) (Audsley et al., 2005; Chaloner et al., 2019; Gonzalez-Dominguez et al.,
2014; Kassie et al., 2023; Savary et al., 2015).

Many biological processes are inherently variable even after accounting for large
numbers of explanatory factors, so pathogen life cycle parameter values may be
best represented by a frequency distribution. Cunniffe et al. (2012) proposed a
method to extend basic susceptible, exposed infection and removed (SEIR)
compartmental models by increasing the number of latent and infectious
compartments included in the model, enabling improved simulation of empirically-

observed frequency distributions.

The approaches described above could be incorporated into the modelling
approaches described in this thesis to provide a better simulation of disease
severity progress. High-quality data would be required to parameterise and run the
model, and to check for the effects of environmental variability on model outcomes.
Improved simulation of disease progress in the absence of fungicide could reduce
the uncertainty in the parameterisation of the fungicide dose-response curve, as a
lack of fit to disease progress curves may account for some apparent differences

in fungicide efficacy between trials. If modelling effects of environmental variability
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on pathogen life cycle parameters, the effect of these factors on fungicide foliar
decay rate should also be modelled, but data availability is currently limited (Fantke
et al., 2014). If weather data or parameter values for the effects of environmental
variables are uncertain, there is a risk that the added model complexity will simply
add another source of uncertainty, or cause unexpected and misleading model

behaviour that may be difficult to detect.

| did not consider the effect of fitness costs of resistance, which can be represented
by their effects on pathogen life cycle parameters. Resistant strains with a fitness
cost will have slower population growth rates than sensitive strains in the absence
of fungicide (and possibly at low fungicide effective doses, depending on the
fungicide dose response curve and the type and magnitude of sensitivity shift).
This can affect which fungicide programmes are optimal (Mikaberidze et al., 2014,
2017), at least in the short term. However, fithess costs can be transient due to
compensatory mutations, so resistance management strategies cannot rely on

fitness costs of resistance (Hawkins & Fraaije, 2018).

7.5.5 Modelling the effect of efflux mechanisms and incomplete
cross-resistance between MoA

The modelling approach in Chapter 6 accounted implicitly for interactions between
different target-site mutations, based on the laboratory-measured ECs, sensitivities
of different CYP51 haplotypes. However, the dataset did not allow for
parameterisation of the effect of enhanced efflux in combination with target-site
mutations. It would be interesting to extend the analysis in Chapters 4, 5 and 6 to
investigate interactions between enhanced efflux and other resistance
mechanisms, if suitable data were available for model parameterisation.
Genotyping of multi-drug resistant (MDR) isolates suggests that there are multiple
genes responsible for enhanced efflux (Omrane et al., 2015; Patry-Leclaire et al.,
2023) which may be inherited independently of target-site mutations and one

another, so it would be necessary to account for the effects of sexual reproduction.

Membrane transporters actively reduce the pathogen’s cellular concentration of
fungicide through drug efflux, reducing the effective dose. This could interact with
changes in the dose response curve due to an asymptote or curvature shift arising
through a target-site mutation. Figure 7.1 shows theoretical dose response curves
for strains with enhanced efflux in combination with a target-site mutation causing
an asymptote shift or a curvature shift respectively, assuming that efflux reduces

the intracellular fungicide concentration up to a fixed percentage of a full label dose
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rate. The combination would lead to a more highly resistant strain in both cases,
but the decrease in sensitivity is more dramatic for the strain with a target-site
mutation causing a curvature shift. There is experimental evidence that
combinations of target-site mutations with enhanced efflux mechanisms can lead
to more highly resistant phenotypes in B. cinerea and Z. tritici (Kildea et al., 2019;
Sofianos et al., 2023), and synergistic effects between efflux mechanisms and
permeability barriers have been observed in Gram-negative bacteria
(Krishnamoorthy et al., 2017; Li et al., 2015).

In the modelling analysis presented in Chapter 5, | assumed that the resistance
mechanism causing a sensitivity shift to one MoA (‘Fungicide A’) did not affect
sensitivity to the second MoA (‘Fungicide B’), and vice versa, i.e. that there was a
complete absence of cross-resistance between the single-resistant strains.
However, generalist resistance mechanisms including enhanced drug efflux can
cause cross-resistance to multiple MoA (Omrane et al., 2015, 2017; Patry-Leclaire
et al., 2023). It would therefore be useful to extend the model to represent the effect
of efflux mechanisms on the dose response to mixtures of different MoAs, to
understand whether this affects the comparison between splitting and mixing and
alternation strategies. However, additional data would be needed to parameterise
the effect of efflux mechanisms on a fungicide mixture. The effects vary between
MoAs (Omrane et al.,, 2015), potentially because of differences in fungicide
molecular size or the binding affinity of membrane transporters to different
fungicides. If fungicide concentrations overwhelm the capacity of membrane
transporters, it is not clear whether there would be preferential efflux of one
fungicide in a mixture, or whether the rate of efflux of each fungicide would be
mostly determined by their relative intracellular concentrations. Molecular
modelling or direct measurements of efflux rates would therefore be useful to
inform parameterisation of a model of the effect of MDR efflux mechanisms on

fungicide mixtures.
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Figure 7.1: Theoretical dose response curves of (a) the fractional reduction in
pathogen life cycle parameters, f(t), and (b) the difference in the fractional
reduction of sensitive and resistant strains, fs(t) — fz(t), for strains with
enhanced efflux in combination with a target-site mutation causing a 50%
asymptote shift or 50% curvature shift. The dose response is compared with a
sensitive strain and strains with a target-site mutation with no enhanced efflux. It
is assumed that efflux reduces intracellular fungicide concentrations by up to a

maximum of 10% of a full label dose rate.

7.6 Are there any universal strategies against concurrent
evolution of resistance?

Successful implementation of resistance management strategies requires
consistent, clear messaging on which tactics work, to build industry consensus and
enable growers to integrate these strategies into decision-making on-farm
(Chapter 2 — Section 2.7). Unfortunately, my results have identified variation in the
best way to combine fungicidal MoAs in fungicide programmes when resistance is
evolving concurrently to both MoAs, which increases the complexity of the
message to be communicated, making it more difficult to build consensus. There
may be no universal tactic for how to combine MoAs in a fungicide programme in
this case. My results suggest that the suitability of resistance management tactics
may need to be assessed for individual fungicide active substances and MoAs,
taking into consideration fungicide properties, likely resistance risks, and the

dynamics of individual pathosystems.
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The results of this thesis add to evidence from previous studies that the optimal
fungicide resistance strategy can depend on the choice of fungicide active
substances and the frequency of strains with resistance to one or both active
substances (Ballu et al., 2024; Taylor & Cunniffe, 2023c). A comparison with other
biological systems is also informative. Helps et al. (2020) compared the effective
lives of reduced-dose mixtures, label-dose mixtures, alternation and sequential
application of two insecticides in a modelling study covering a wide range of life-
history traits and parameter values. They showed that reduced dose mixture was
optimal in the maijority of cases with sexual reproduction, and second to sequential
application for asexual insects, but the optimal strategy was variable in all cases,
and the relative efficacies of each insecticide were important. Trade-offs between
selection for target-site resistance and generalist resistance to antibiotics have
been demonstrated in the bacterium P. aeruginosa (Vestergaard et al., 2016). Non-
target-site, metabolic resistance is particularly common in weeds (Hawkins et al.,
2019). There is evidence that use of reduced-rate herbicide mixtures is a poor
strategy for herbicide resistance management, and that mixtures can increase
selection for generalist resistance (Comont et al., 2020; Lagator et al., 2013).
However, a recent modelling study suggests that full-label rate herbicide mixtures
can be more effective than alternation, even against generalist non-target-site

resistance (Renton et al., 2024).

Overall, the most universal resistance management strategy is to reduce reliance
on chemical control. This can be achieved through use of IPM strategies including
cultural control measures and use of resistant and tolerant cultivars. However,
individual IPM measures may not be universal: a measure that reduces the risk of
some pests and diseases may increase the risk of others, and agronomic factors
can affect whether a measure is viable on a particular farm. For example, delayed
sowing can help with Z. tritici and Alopecurus myosuroides (black-grass) control
(Morgan et al., 2021; Neale, 2012; Vandersteen et al., 2011), but may increase the
risk of P. striiformis in susceptible cultivars (Gladders et al., 2007) and make the
crop less resilient to attack by wheat bulb fly (AHDB, 2024). On wet soils, delayed
drilling may not be a practical option: it can negatively impact crop establishment,
with the potential to reduce yields or require increased nitrogen application, with
associated increases in cost, potential water quality impacts and greenhouse gas
emissions (AHDB, 2023; Jarecki, 2024; Menegat et al., 2022). A holistic approach
is therefore needed to assess the costs and benefits of IPM measures at a local

scale. Where there are economic costs associated with increased use of non-
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chemical IPM, there may be a role for the use of economic incentives and
regulation to counteract ‘future discounting’. Since the rate of development and
approval of new MoAs is limited, swift adoption of a diverse range of IPM strategies
is vital to aid fungicide resistance management, improve the resilience of the

farming system and safeguard future food security.
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Supplementary Material: Chapter 3

Delaying infection through phytosanitary
soybean-free periods contributes to fungicide
resistance management in Phakopsora
pachyrhizi: A modelling analysis

Appendix 3.A: Further details on model parameterisation

Sections 3.A.1, 3.A.2 and 3.A.3 include further information on the data used in the
parameterisation process, and in addition provide summary statistics describing
the distribution of the fitted P. pachyrhizi life cycle parameter values and variance-
covariance matrices for the fitted crop growth and fungicide parameters. These can
be used to generate stochastic combinations of parameters within a realistic range.
The variance-covariance matrices are colour-coded to indicate the degree of
correlation between parameter values (Table 3.A.1). Please refer to Table 3.2 and

Sections 843.3.1.1 — 3.3.1.3 for full parameter definitions.

Table 3.A.1: Colour-coding key for variance-covariance matrices.

Correlation between parameters (range)

-0.50 < p <-0.25
-0.25 < p < 0.00
0.00<p<0.25
0.25<p<0.50

3.A.1 Parameterisation of the soybean crop growth model

Ideally, the values of the crop growth parameters, A, (initial LAl), Apax (maximum
LAI), r (rate of increase of LAI), y (rate of senescence of LAI) and ¢, (time of
complete crop senescence), would be fitted using time series data on the leaf area
index (LAI) of healthy crops not infected by P. pachyrhizi or any other diseases (for
example, crops fully protected from disease by fungicide applications). To our

knowledge, there was no such dataset available for soybean growth in Brazil
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covering the full time series from sowing date to senescence. The crop model was
therefore parameterised using data on the LAl of three soybean cultivars of
different maturity groups (early-, mid- and late-maturing), sourced from a study
carried out in Mato Grosso, Brazil (Table 3.1 - ‘Dataset A’ (Moreira et al., 2015)), in
which P. pachyrhizi infection did occur (the implications of this are addressed in
Section 3.5.1). The data came from experiments carried out during the 2009/2010
and 2010/2011 growing seasons, where LAl was measured at intervals ranging
from 5 to 21 days. Data for the mean LAl averaged across four blocks for each
cultivar in each experiment were available; data from crops planted in October and
November in each season were used to fit the soybean crop growth model (Figure
3.A.1, Table 3.A.2).
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Figure 3.A.1: Dataset A of observed soybean leaf area index (LAI) over time
(Moreira et al., 2015), and model simulation of LAI for a. Early-maturing, b. Mid-
maturing and c. Late-maturing cultivars. Dataset A datapoints shown as black X’

and fitted model shown as black lines.
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Table 3.A.2: Variance-covariance matrix for fitted crop growth model parameters.

A A A t t t
P A Max Max Max Y Y Y
arameter 0 r Y (Ealy) (Mid) (Late) (Eary) (Mid) (Late)
0.0407 0.0425 0.0518

-0.0219

Ao 0.0014

T

)4
AMax (Early)
Amax (Mid)
Apax (Late)
t, (Early)  0.0407
t, (Mid) 0.0425
t, (Late) 0.0518
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3.A.2 Parameterisation of the soybean crop growth model

The life cycle parameters p, (latent period) and w (infectious period) were
estimated based on a literature review of the biology of soybean rust in Brazil
(Table 3.2). The parameters ty,o. (time of arrival of the first P. pachyrhizi spores
causing primary infection), 2, (primary inoculum release rate) and uy,
(transmission rate) were fitted using data on soybean rust disease severity on

susceptible soybean cultivars in the absence of fungicides (Table 3.1— Dataset ‘B’).

The trials in Dataset B were carried out between 2012 and 2016 in Minas Gerais,
Mato Grosso, Goias, Tocantins, Rio Grande Do Sul, Parana and Sao Paulo states
(Table 3.A.2). The disease severity measured was an average value based on
assessments of multiple leaves in the plant canopy, measured as the percentage
of leaf area infected by P. pachyrhizi. Trials were included in the dataset if they met
all of the following criteria designed to ensure that the progress of the epidemic
had been captured in sufficient detail to enable parameterisation: data on disease
severity was available for at least five separate dates; the earliest disease
assessment had a severity <5%, the trial had assessments on at least three dates
where the severity was between (not including) 0% and 100%, at least one date
where the severity was <50%, and at least one date where the severity was >50%

(indicating moderate or high disease pressure seasons (Dalla Lana et al., 2015).

The parameters t;,oc, 20 and Y, were fitted individually for each trial. The value of
tinoc for each trial was estimated based on the assessment day in which soybean
rust was first observed in each ftrial. If a severity of 0% had been observed, ti,c
was estimated as nine days prior to the latest assessment date with an observed
severity of 0%, based on the estimated latent period of the disease. If disease had
been observed on all assessment dates, but the earliest assessment date had a
severity <5%, t;,oc Was estimated as sixteen days prior to the earliest assessment
date. The lower quartile (‘Early’), median (‘Medium’) and upper quartile (‘Late’)
values of t;,,. were used for model simulations to represent a range of P.

pachyrhizi inoculum arrival timings.

There is an interaction between the values of 2, or 4 which makes a simultaneous
fitting process unstable: an increase in the value of either 2, or i, increases the
rate at which the rust severity increases, so an increase in one parameter can be
counteracted by a decrease in the other. Therefore a two-stage fitting process was
used. Firstly, 2, and ¥, were fitted simultaneously for each trial using the function

‘Isqcurvefit’ in MATLAB, using the value of t;,,. estimated for the individual trial. In
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the second stage, the value of 0, was fixed at the median value from the
simultaneous fitting process, and Y, was then fitted for each individual trial given
the fixed value of £2,. The value of i, used for model simulations was fitted as the

mean value of Y, for trials within the interquartile range of t;,,. (Table 3.A.4).

Figure 3.A.2a. shows the fit to all disease severity data in Dataset B, whilst Figures
3.A.2b. — d. illustrate model fits to disease progress curves for selected individual
trials. Figure 3.1a. shows the model fit to the observed area under the disease
progress curve (AUDPC) for all 146 trials.
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Figure 3.A.2: a. Scatter plot of fitted vs. observed P. pachyrhizi severity (%) at all
assessment timings. b. — d. lllustration of model fits to disease severity progress
data from individual trials. Points indicate observed severity data at each
assessment timing (number of days after soybean emergence), and lines indicate
model fitted values. Colours are used within each plot to distinguish individual
trials. b. Trials for which the closest fit was obtained (based on sum of squares of
differences of all observed severity (%) values for the trial). c. Trials with the
poorest model fit obtained. d. Trials with maximum severity >90% for which the

closest fit was obtained.
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Table 3.A.3: Dataset B: Year and location within Brazil of trials used for parameterisation of P. pachyrhizi life cycle. ‘North’ comprises

states Minas Gerais, Mato Grosso, Goias and Tocantins; ‘South’ comprises states Rio Grande Do Sul, Parana and Sao Paulo.

Number of trials Number of sites

vear Total North South Total North South
2012 23 21 2 10 9 1
2013 13 8 5 10 5 5
2014 10 9 1 8 7 1
2015 32 24 8 15 9 6
2016 68 27 41 25 13 12

All 146 89 57 68 43 25

Table 3.A.4: Distribution of fitted P. pachyrhizi life cycle parameter values across 146 trials.

Parameter
Summary tinoc 0y: Y- all trials, Yo:
statistic (DAE) simultaneous (0, =4.6 x 10® trials in ty,, interquartile range,
fitting 0y =4.6 x 10
Mean 43.4 2.5x103 2.94 2.78
Median 44.0 46x10° 2.79 2.78
Lower quartile 32.0 2.8x 108 1.90 2.26
Upper quartile  52.0 2.5x10% 3.55 3.23
Minimum 0.0 4.0x10° 0.99 1.32
Maximum 79.0 7.9x10? 8.12 5.82
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3.A.3 Parameterisation of the effect of fungicides on P. pachyrhizi

The model was parameterised to describe the efficacy of fungicides, using
examples from several MoA: an SDHI fungicide (benzovindiflupyr), a Qol fungicide
(azoxystrobin), a DMI fungicide (cyproconazole) and two multi-site acting
fungicides, a dithiocarbamate fungicide (mancozeb) and a chloronitrile fungicide
(chlorothalonil). The average fungicide decay rates, v;, for each fungicide F;, were
estimated through a literature review of foliar concentration half-lives (Table 3.2).

The decay rate is calculated from the half-life assuming first-order kinetics: v =

-1n(0.5)
half-life

. The asymptote, g5, and shape parameter kg, for each fungicide F;, were

fitted using data from field trials of fungicide efficacy (Table 3.1 — ‘Dataset C’),
carried across north and south Brazil in 2015, 2016 and 2017 (Table 3.A.5). In all
trials included in Dataset C, disease progress was measured as the observed P.
pachyrhizi severity (measured as the percentage of leaf area infected) at several
time points following applications of three or more non-zero dose rates of the solo
fungicide, and disease progress in the untreated control. The severity data for
benzovindiflupyr, azoxystrobin, cyproconazole and chlorothalonil were averages
across all replicates. Data for mancozeb included replicates from three blocks at

each site.

Individual values of t;,,. were estimated for each trial as described in Section
3.A.2. Then, for each fungicide F;, individual values of i, for each trial and average
values of g5, and ks, common to all trials were fitted in MATLAB simultaneously,

using the function ‘Isqcurvefit’. Most trials provided data for one fungicide and data
on disease progress in the absence of fungicidal control. The field trials of solo
azoxystrobin efficacy also included data on the efficacy of solo cyproconazole
applications, with a common trial ID and dataset for severity in the absence of
fungicide applications. Therefore, a single value of y, was fitted for each trial
consisting of both azoxystrobin and cyproconazole dose response data, and the
Qol and DMI dose response parameters were fitted simultaneously. The variance-
covariance matrices are shown in Tables 3.A.6 to 3.A.9. Figure 3.A.3 gives an

example of the estimated dose response curve for each fungicide.
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Table 3.A.5: Year and location within Brazil of trials used for parameterisation of the effect of fungicides on P. pachyrhizi life cycle,

and the model fit to the data for each fungicide. "North’ comprises states Minas Gerais, Mato Grosso and Goids; ‘South’ comprises

states Rio Grande Do Sul, Parana and S&o Paulo. 2Number of datapoints for the dithiocarbamate includes replicates from three blocks

at each site. *Qol and DMI dose responses were fitted simultaneously, so a joint R?and RMSE and number of datapoints for untreated

plots is reported for these fungicides.

. Fungicide

Number of trials T o
SDHI Qol DMI Chloronitrile Dithiocarbamate

North' 2 1 3 2 2
South’ 3 2 3 2 3
2015 0 0 3 0 0
2016 5 3 3 4 0
2017 0 0 0 0 5
Total 5 3 6 4 5
Number of
datapoints?
Fungicide 102 54 112 112 261
Untreated plots® 35 29 28 87
Model fit®
R? (%) 88.5 93.8 77.9 73.7
RMSE 8.96 8.46 12.55 16.13

(% severity)
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Table 3.A.6: Variance-covariance matrix for fitted SDHI dose response parameters. ¥, ... 1, denotes the transmission rate (in the

absence of fungicides) in each of the trials used to fit the SDHI dose response.

Parameter q1
o) 0.0004
kq
Yo,
Yo, 0.0004
Yo, 0.0006
Yo, 0.0005
Yo, 0.0004

ky

0.0437

0.0490
0.0600
0.0203

l/JOi

0.0038
0.0054
0.0046
0.0034

lljoii lpoiii ll)oiv ll)ov
0.0004 0.0006 0.0005 0.0004
0.0437 0.0490 0.0600 0.0203
0.0038 0.0054 0.0046 0.0034
0.0112 0.0014 0.0013 0.0009
0.0014 0.0038 0.0018 | 00013
0.0013 0.0018 0.0070 0.0011
0.0009 [110:0028° o0.0011 0.0017
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Table 3.A.7: Variance-covariance matrix for fitted Qol and DMI dose response parameters. g, and k, are the dose response

parameters for the Qol, and g; and k; are the dose response parameters for the DMI. ¢, ...

the absence of fungicides) in each of the trials used to fit the Qol and DMI dose responses.

Yy, denotes the transmission rate (in

Parameter q2 q3 k ks Yo, Yoy Yoy Yoy, Yo, Yo,
% 0.0132  0.0002 02792 -0.0017 -0.0010 2x10° -0.0017  0.0006  -0.0051
as 0.0002  0.0040 h 0.0008 2x10°  0.0006 00007 00003  0.0009
ks 0.0014 29119  6.3947  0.0582 00316 00106 00613  0.0040 0.1229
ks h 6.3947  1537.6  0.7566 ~ 0.6950  0.0448  0.4634  0.1412  0.6917
o, 00017 00008 ~ 0.0582 07566  0.0125 0.0062 00021  0.0089
Yoy 00010 2x105 00316  0.6950 0.0031  0.0010  0.0045

o, ~ 2x105 00006 00106  0.0448 0.0019  0.0007  0.0026
o,  -0.0017 00007 00613 04634 = 00062 00031 00019 00357 00023  0.0095
o, 0.0006 00003 00040 01412 = 00021 00010 00007 00023 00021  0.0030
o, ~ -0.0051 00009 = 01229 06917 = 00089 00045 00026 00095 0.0030  0.0269
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Table 3.A.8: Variance-covariance matrix for fitted chloronitrile dose response parameters. i, ... 1o, denotes the transmission rate

(in the absence of fungicides) in each of the trials used to fit the chloronitrile dose response.

-0.0729 0.0259

Parameter qa kg
qa 0.0040
ky -0.0729 8.2023
Yo, 0.2877
Yoy 0.3541
Yo, 0.1793
Yo,, 0.0259 0.6338

l/)()i

0.2877

0.1023

Table 3.A.9: Variance-covariance matrix for fitted dithiocarbamate dose response parameters. ¥, .
rate (in the absence of fungicides) in each of the trials used to fit the dithiocarbamate dose response.

lljoii

0.3541

lljoiii

0.1793

ll)oiv

0.6338

Parameter qs ks Yo, Yo, Yoy Yo, Yo,
as 0.0019 -00651 | 0.0085 00146 00053 00180  0.0019
ks -0.0651 41.405 03889  0.8241  0.3745 0.9783  0.0819
o, 0.3889  0.0961 0.1100  0.0111

o, 0.8241 0.1948  0.0197
Yoy 0.3745 0.0074
Yo, 0.9783 = 0.1100  0.1948 0.5975 | 0.0240
o, 0.0019 00819 00111  0.0179 0.0074 00240  0.0079

.. Yo, denotes the transmission
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—— Chloronitrile
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Figure 3.A.3: Dose response curve of proportional reduction in AUDPC relative to
untreated crop (rAUDPC) for each fungicide, for a single application of the
fungicide at t = 47 DAE, for an epidemic with t;,,. = 44 DAE.
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Appendix 3.B: Further details on sensitivity of model

results to parameter values

3.B.1 Level of sensitivity shift to the SDHI

The effect of varying levels of sensitivity shift to the SDHI on effective life and T50
is illustrated in Figure 3.B.1. The greater the level of sensitivity shift, the greater
the selection for resistance and the less control the SDHI would contribute
following selection for the resistant strain. Therefore, as the level of sensitivity shift
increases, T50 and effective life values decrease for most dose rates. Note that
the model predicts that, when t;,,. = 44 DAE, effective control will be maintained
for a mixture of the dithiocarbamate at the full dose rate and a high dose rate of
the SDHI + Qol formulated mixture even when the P. pachyrhizi population has
become completely insensitive to the SDHI. This is because of the combined
efficacy of the dithiocarbamate and the Qol component of the SDHI + Qol
formulated mixture. A mixture of the dithiocarbamate and the SDHI would not
provide effective control after the spread of a P. pachyrhizi strain with a 100%
sensitivity shift to the SDHI.

Figure 3.B.1 (Figure on page 276): Effective life (years/number of growing
seasons) and time until 50% of the population is insensitive to the SDHI (T50,
years) for two-application programmes of the SDHI + Qol formulated mixture with
the dithiocarbamate at varying dose rates, for resistant strains with varying levels
of sensitivity shift to the SDHI (25%, 50%, 75% and 100%, where 100% indicates
completely insensitivity). The x-axis label shows the dose of the SDHI with the dose
of the Qol in brackets (the SDHI and the Qol are in a 1:2 ratio). Inoculum arrival
timing ty,,c = 44 DAE. Note that a high dose of the Qol is contributing to disease
control, which is the reason that the SDHI + Qol formulated mixture continues to
contribute to disease control even in a case where a 100% sensitivity shift has

occurred.
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Figure 3.B.1: Figure legend on page 275.
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3.B.2 Reduced mixture partner efficacy

The fungicide parameter values used to represent a conservative scenario in which
the efficacy of the mixture partner was the minimum of the likely range indicated
by the data are given in Table 3.B.1. The effective life and T50 predicted in this
scenario for two-application programmes of the SDHI + Qol formulated mixture
with a mixture partner at a range of dose rates are shown in Figure 3.B.2. This
shows a reduced range of dose rate combinations that maximise effective life and
T50, requiring higher mixture partner doses to achieve this in comparison to a
scenario based on the average mixture partner efficacy (Figure 3.4). Similarly,
considering the combination of rust inoculum arrival time and fungicide spray
timing in this scenario (Figures 3.B.3 to 3.B.4), a smaller range of combinations
maximise effective life and T50, and a greater delay in inoculum arrival is needed
to maximise effective life or enable control with one application compared to the

scenario with average mixture partner efficacy (Figure 3.5 and 3.6).

Table 3.B.1: Fungicide parameter values fitted for scenario in which mixture

partner efficacy is the minimum of the likely range indicated by available data.

Fungicide Qrow Kiow
DMI 0.6177 0.66
Chloronitrile 0.4572 3.35
Dithiocarbamate 0.4340 10.81

Figure 3.B.2 (figure on page 278): Effective life (years/number of growing
seasons) and time until 50% of the population is insensitive to the SDHI (T50,
years) for two-application programmes of the SDHI + Qol formulated mixture with
a mixture partner (DMI, chloronitrile or dithiocarbamate) at varying dose rates, for
a scenario in which the mixture partner efficacy is the minimum of the likely range
indicated by available data. The x-axis label shows the dose of the SDHI with the
dose of the Qol in brackets (the SDHI and the Qol are in a 1:2 ratio). Inoculum

arrival timing t;,.c = 44 DAE, sensitivity shift =50%.
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Effective life T50

DMI dose (grams a.s/ha)

Chloronitrile dose (grams a.s./ha)

2250

2025
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© (¢ (18) (27) (36) @45 (54 (B3 (72) (81) (9O  (0) (9) (18) (27) (36) (45 (84) (63) (72) (81) (90)

Formulated mixture dose: SDHI and (Qol) grams a.s/ha

Figure 3.B.2: Figure legend on page 277.
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Effective life T50

Timing of fungicide spray (days after soybean emergence)

32 34 36 38 40 42 44 46 48 50 52 38 40 42 44

Rust arrival time (days after soybean emergence)

Figure 3.B.3: Figure legend on page 281.
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Effective life T50

Timing of fungicide spray (days after soybean emergence)

L L

46 48 50 52 32 34 36 38 40 42 44

Rust arrival time (days after soybean emergence)

Figure 3.B.4: Figure legend on page 281.
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Figure 3.B.3 (figure on page 279): Effective life (years/number of growing
seasons) and time until 50% of the population is insensitive to the SDHI (T50,
years) for two-application programmes of the SDHI + Qol formulated mixture with
the dithiocarbamate at a. 100% SDHI + Qol and 100% dithiocarbamate full dose
rate; b. 67% SDHI + Qol and 100% dithiocarbamate full dose rate; c. 67% SDHI +
Qol and 50% dithiocarbamate full dose rate, for a scenario in which
dithiocarbamate efficacy is the minimum of the likely range indicated by available
data, and for varying rust inoculum arrival time (tj,o.) and timing of the first

fungicide application (second application made 15 days after the first).

Figure 3.B.4 (figure on page 280): Effective life (years/number of growing
seasons) and time until 50% of the population is insensitive to the SDHI (T50,
years) for one-application programmes of the SDHI + Qol formulated mixture with
the dithiocarbamate at a. 100% SDHI + Qol and 100% dithiocarbamate full dose
rate; b. 67% SDHI + Qol and 100% dithiocarbamate full dose rate; c. 67% SDHI +
Qol and 50% dithiocarbamate full dose rate, for a scenario in which
dithiocarbamate efficacy is the minimum of the likely range indicated by available
data, and for varying rust inoculum arrival time (t;,,c) and timing of the fungicide

application.
3.B.3 SDHI decay rate

The parameter values fitted for the SDHI assuming a long, average or short foliar
half-life (based on the range reported in literature) are shown in Table 3.B.2. In this
scenario we used the average fungicide efficacy parameterisation for mixture
partners, as given in Chapter 3, and modelled selection for a partially resistant
strain (50% sensitivity shift). The effective life and T50 predicted for two-application
programmes of the SDHI + Qol formulated mixture with a mixture partner at a range
of dose rates for scenarios where the SDHI has a long / short half-life are illustrated
in Figures 3.B.5 and 3.B.6 respectively. T50 is generally longer in the short half-life
scenario, but a smaller range of dose rate combinations provide a long effective
life, as the overall efficacy of the SDHI against sensitive and resistant strains is
lower in this scenario. The opposite effect is observed for the long half-life scenario,
whilst the average half-life scenario (Figure 3.4) is intermediate. A similar effect is
observed on effective life and T50 for the results showing the impact of rust

inoculum arrival time and fungicide spray timing (Figures 3.B.7-3.B.10).
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Table 3.B.2: Fungicide parameter values fitted for a range of SDHI foliar
concentration half-life values.

Foliar half-life (days) v (days™) q k
16.1 0.0431 0.2542 11.34
9.3 0.0745 0.2634 16.51
4.0 0.1733 0.3139 44.16

Figure 3.B.5 (figure on page 284): Effective life (years/number of growing
seasons) and time until 50% of the population is insensitive to the SDHI (T50,
years) for two-application programmes of the SDHI + Qol formulated mixture with
a mixture partner (DMI, chloronitrile or dithiocarbamate) at varying dose rates, for
a scenario where the foliar half-life of the SDHI is one of the highest values reported
in literature for benzovindiflupyr (16.1 days). The x-axis label shows the dose of
the SDHI with the dose of the Qol in brackets (the SDHI and the Qol are in a 1:2

ratio). Inoculum arrival timing t;,,. = 44 DAE, sensitivity shift=50%.

Figure 3.B.6 (Figure on page 285): Effective life (years/number of growing
seasons) and time until 50% of the population is insensitive to the SDHI (T50,
years) for two-application programmes of the SDHI + Qol formulated mixture with
a mixture partner (DMI, chloronitrile or dithiocarbamate) at varying dose rates, for
a scenario where the foliar half-life of the SDHI is one of the lowest values reported
in literature for benzovindiflupyr (4 days). The x-axis label shows the dose of the
SDHI with the dose of the Qol in brackets (the SDHI and the Qol are in a 1:2 ratio).

Inoculum arrival timing t;,c = 44 DAE, sensitivity shift=50%.

Figure 3.B.7 (figure on page 286): Effective life (years/number of growing
seasons) and time until 50% of the population is insensitive to the SDHI (T50,
years) for two-application programmes of the SDHI + Qol formulated mixture with
the dithiocarbamate at a. 100% SDHI + Qol and 100% dithiocarbamate full dose
rate; b. 67% SDHI + Qol and 100% dithiocarbamate full dose rate; c. 67% SDHI +
Qol and 50% dithiocarbamate full dose rate, for a scenario where the foliar half-life
of the SDHI is one of the highest values reported in literature for benzovindiflupyr
(16.1 days), and for varying rust inoculum arrival time (t;,,c) and timing of the first

fungicide application (second application made 15 days after the first).

Figure 3.B.8 (figure on page 287): Effective life (years/number of growing
seasons) and time until 50% of the population is insensitive to the SDHI (T50,
years) for two-application programmes of the SDHI + Qol formulated mixture with
the dithiocarbamate at a. 100% SDHI + Qol and 100% dithiocarbamate full dose
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rate; b. 67% SDHI + Qol and 100% dithiocarbamate full dose rate; c. 67% SDHI +
Qol and 50% dithiocarbamate full dose rate, for a scenario where the foliar half-life
of the SDHI is one of the lowest values reported in literature for benzovindiflupyr
(4 days), and for varying rust inoculum arrival time (ty,oc) and timing of the first

fungicide application (second application made 15 days after the first).

Figure 3.B.9 (figure on page 288): Effective life (years/number of growing
seasons) and time until 50% of the population is insensitive to the SDHI (T50,
years) for one-application programmes of the SDHI + Qol formulated mixture with
the dithiocarbamate at a. 100% SDHI + Qol and 100% dithiocarbamate full dose
rate; b. 67% SDHI + Qol and 100% dithiocarbamate full dose rate; c. 67% SDHI +
Qol and 50% dithiocarbamate full dose rate, for a scenario where the foliar half-life
of the SDHI is one of the highest values reported in literature for benzovindiflupyr
(16.1 days), and for varying rust inoculum arrival time (t;oc) and timing of the

fungicide application.

Figure 3.B.10 (figure on page 289): Effective life (years/number of growing
seasons) and time until 50% of the population is insensitive to the SDHI (T50,
years) for one-application programmes of the SDHI + Qol formulated mixture with
the dithiocarbamate at a. 100% SDHI + Qol and 100% dithiocarbamate full dose
rate; b. 67% SDHI + Qol and 100% dithiocarbamate full dose rate; c. 67% SDHI +
Qol and 50% dithiocarbamate full dose rate, for a scenario where the foliar half-life
of the SDHI is one of the lowest values reported in literature for benzovindiflupyr
(4 days), and for varying rust inoculum arrival time (t;,,.) and timing of the fungicide

application.
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Figure 3.B.5: Figure legend on page 282.
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Figure 3.B.6: Figure legend on page 282.
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Effective life T50

Timing of fungicide spray (days after soybean emergence)

32 34 36 38 40 42 44 46 48 50 52 32 34 36 38 40 42 44 46 48 50 52

Rust arrival time (days after soybean emergence)

Figure 3.B.7: Figure legend on page 282.
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Effective life T50

Timing of fungicide spray (days after soybean emergence)

40 42 44 46 48 50 52 32 34 36 38 40 42 44

Rust arrival time (days after soybean emergence)

Figure 3.B.8: Figure legend on page 282.
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Effective life T50

Timing of fungicide spray (days after soybean emergence)

32 34 36 38 40 42 44 46 48 50 52 32 34 36 38 40 42 44 46 48 50 52

Rust arrival time (days after soybean emergence)

Figure 3.B.9: Figure legend on page 283.
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Effective life T50

Timing of fungicide spray (days after soybean emergence)

32 34 36 38 40 42 i 46 48 50 52 32 34 36 38 40 42 44 46 48 50 52

Rust arrival time (days after soybean emergence)

Figure 3.B.10: Figure legend on page 283.
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Supplementary Material: Chapter 4

Dose splitting increases selection for both
target-site and non-target-site fungicide

resistance — a modelling analysis

Appendix 4.A: Further details on model parameterisation

Model parameterisation is described in brief in Sections 1324.3.3 and 4.4.1.
Sections 4.A.1 to 4.A.4 give further details on the data and methods used to
parameterise the model.

4.A.1 Parameterisation of wheat canopy growth and senescence

Figure 4.A.1 shows the relationship between thermal time (base 0°C) and photo-
thermal-vernal time (base 1°C), t,,,,.. The fitted regression was used to convert ¢,
to the average thermal time in zero-degree days, t, for each observed time point.
The observed green leaf area index (GLAI) over time was compared for 12 site-
years. The average thermal time estimated from ¢, gave a more consistent profile
for the timings of upper canopy growth and senescence than the thermal time
(base 0°C) calculated without adjusting for the effects of daylength and

vernalisation (Figure 4.A.2).

The starting values used for fitting parameter values for to, ¢z, tg,, Amax, V> T, @
and w were based on values used in previous models and averages derived from
the experimental dataset (Table 4.A.1). The fits to individual site-year data are
shown in Table 4.A.2.

Table 4.A.1: Initial values used in parameterisation of wheat canopy growth and

senescence.
Parameter to tg, tg, AmMax Y T (0] w
Units t t t - t~1 t1 t~1 t1

Initial value 1380 2066 2500 4.1 0.0126 0.005 0.1 0.02
Source a,b,c c b a, b a a a a

aHobbelen et al., 2011; PEstimate based on ‘Data set 1’ from Milne et al., 2003;

‘van den Berg et al., 2013
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The average number of zero-degree days per day was estimated by using the fitted
model values of t, (leaf 3 emergence) and tz. (complete senescence of upper
canopy) (Table 4.2) and the dates of the corresponding observed photo-thermal-
vernal time to estimate the number of days between emergence and senescence
for each site-year (Table 4.A.3). The model estimate of the total number of zero-
degree days between upper canopy emergence and senescence was adjusted for

any mismatch between t,, tg. and the observed photo-thermal-vernal time at the

start and end of the emergence and senescence dates respectively (to account for
‘overshooting’ the required photo-thermal-vernal time due to using daily average
weather data). Then the estimated total number of zero-degree days between
upper canopy emergence and senescence was divided by the total number of
days, to estimate z for each site-year. The mean value of z was calculated across

eleven site-years, excluding one site-year for which the model fit was relatively

poor.
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Figure 4.A.1: Linear regression between photo-thermal-vernal time (base 1°C),
tyve, and thermal time (base 0°C), t. Round black points show the time points used

to fit the regression, corresponding to time points at which observations of wheat
green leaf area index (GLAI) were made for 12 site-years. Dashed line shows the
fitted regression line: t = 1.204 t,,, + 778.6. n=179, R*> = 84.8%, RMSE = 149

degree days (base 0°C).
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Figure 4.A.2: Comparison between the profile of the Green Leaf Area Index growth and senescence of upper wheat canopy for (a)
thermal time (base 0°C) calculated without adjusting for daylength and vernalisation, and (b) thermal time (base 0°C) calculated from
photo-thermal-vernal time, t,,;, using the equation derived through simple linear regression (Equation 20, Chapter 4). Using the
average thermal time calculated from t,,, gives more consistent timings of upper canopy growth and senescence for use in model
parameterisation. Round points (black) show data from the six sites included in the pooled dataset used for parameterisation of the

model. Square points (red) show data from the eight sites not included in the pooled dataset.

299



Table 4.A.2: Fitted parameter values for the wheat canopy model for individual site-years, number of observation time points for each
site-year (n), and R?for the model fit to each site-year. Data used to fit the model comprised the mean GLAI of the top three leaves at
each observation time point, averaged all four cultivars and replicates in Dataset 1. The values used for model simulations (Table 4.2)

were fitted to the ‘Pooled’ dataset, comprised of the first six site-years listed below.

Maximum Parameter (Units) )
Site and year Obéf;"ded to tg, tp,  Amax % T o ® n (I;)
®» o © O ¢H  eH  whH @ ’

Pooled dataset (6 sites) 4.898 1396 1891 2567 4438 0.0082 0.0028 0.704 0.314 76 76.9
Devon, 1995 3.758 1413 1947 2482 3.704 0.0096 0.0070 0.251 0.017 13 98.8
Boxworth, Cambridgeshire, 4.270 1454 1645 2461 4166 0.0167 0.0016 0.326 0.056 10 98.9
1994

Kent, 1995 4.351 1357 2074 2617 4440 0.0067 0.0036 0.076 0.748 14 96.8
Devon, 1994 4.615 1460 1709 2537 4535 0.0154 0.0017 0.157 0.024 12 94.8
Norfolk, 1995 4.733 1334 2022 2748 4793 0.0080 0.0012 0.060 0.810 14 97.2
Norfolk, 1994 4.898 1364 2040 2608 5.183 0.0047 0.0042 0.085 0.251 13  96.1
Ely, Cambridgeshire, 1995 1.706 1437 1864 2543 1556 0.0309 0.0065 0.642 0.013 11 66.7
Boxworth, Cambridgeshire, 2.668 1479 1500 2631 2.622 0.0191 0.0004 0.054 0.010 13 996
1995

Hampshire, 1995 2.761 1424 1931 2655 2.744 0.0076 0.0046 0.073 0.847 14 945
Yorkshire, 1995 2.882 1426 1868 2491 2.709 0.0218 0.0061 0.266 0.023 13 94.2
Herefordshire, 1995 3.558 1456 1803 2686 3.368 0.0108 0.0062 0.103 1.205 11 95.8
Ely, Cambridgeshire, 1994 5.137 1449 1888 2510 4.621 0.0119 0.0026 0.235 0.362 10 81.8
Herefordshire, 1994 6.080 1433 1912 2532 5814 0.0130 0.0036 0.065 0.973 13 97.2
Kent, 1994 7.773 1425 1736 2535 7.764 0.0124 0.0024 0.207 0.230 14 98.7
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Table 4.A.3: Comparison of model estimation of dates of leaf 3 emergence and complete senescence of upper canopy with recorded
dates for 12 site-years (Dataset 1), and estimation of the average number of zero-degree days per day, z, based on model estimates
of the number of days between emergence and senescence at each site. ®Model estimates for each site based on the dates of

observed photo-thermal-vernal time corresponding to the fitted parameter values of t, (leaf 3 emergence) and tg,. (complete

senescence of upper canopy) (Table 4.2). ®Data from Ely, Cambridgeshire, 1995 were not used in the final estimate of z.

Site and year?® Date leaf 3 Date of final Model estimate Model estimate = Model estimate of Model estimate:
emergence observation of leaf 3 of date of number of days Average number
recorded emergence date complete between upper of zero-degree

senescence canopy emergence days per day, z
and senescence

Devon, 1995 20/04/95 12/07/95 23/04/95 17/07/95 86 13.7
Boxworth,

Combrideeshire, 1004 14105194 13/07/94 06/05/94 21/07/94 77 15.4
Kent, 1995 25/04/95 17/07/95 26/04/95 19/07/95 85 13.8
Devon, 1994 10/05/94 20/07/94 01/05/94 21/07/94 82 14.4
Norfolk, 1995 01/05/95 17/07/95 20/04/95 21/07/95 84 14.1
Norfolk, 1994 17/05/94 19/07/94 12/05/94 25/07/94 75 15.7
Boxworth,

Combideeshire, 1005 03/05/95 19/07/95 01/05/95 20/07/95 81 14.7
Hampshire, 1995 28/04/95 18/07/95 24/04/95 19/07/95 87 13.7
Yorkshire, 1995 20/05/95 26/07/95 09/05/95 03/08/95 87 13.5
Herefordshire, 1995 28/04/95 14/07/95 24/04/95 19/07/95 87 13.5
Herefordshire, 1994 13/05/94 29/07/94 10/05/94 27/07/94 79 15.0
Kent, 1994 12/05/94 21/07/94 06/05/94 23/07/94 79 14.9
Eggfamb”dgesr‘"e’ 10/05/94  07/07/94 02/05/94 21/07/94 81 14.7
%ggamb”dges“'re’ 11/05/95 20/07/95 09/05/95 19/08/95 103 15
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Model zero-degree days were mapped to growth stages on Zadoks’ scale (AHDB,
2023; Zadoks et al., 1974).The fitted values of t,, tg , tg,. indicate the timings of
GS31 (start of growth of leaf 3), GS61 (anthesis) and GS87 (end of grainfill)
respectively. We estimated the timing of GS39 (flag leaf fully emerged) as 1653
zero-degree days, the median time at which the flag leaf was first observed to have
reached at least 90% of its maximum observed size, for the six site-years included
in the pooled dataset from Dataset 1 (Table 4.A.4).

We followed the approach of Milne et al. (2003) in using phyllochron length, [, to
estimate the timings of other growth stages before GS39. The phyllochron is the
accumulated thermal time between the emergence of consecutive leaves. There
is approximately one phyllochron between GS32 (leaf 3 fully emerged) and GS37
(leaf 2 fully emerged), and between GS37 and GS39, so the timing of GS37 can
be estimated as GS39 — [, and the timing of GS32 as GS39 —2I. There are
approximately three phyllochrons between GS39 and GS61 (Milne et al., 2003), so

[ can be estimated as:
[ = (GS61 — GS39)/3 (4.A.1)

Our estimated value of [ was 79.3 zero-degree days. We assumed that the timings
(in zero-degree days) of growth stages could be linearly interpolated between
GS32 and GS37, GS37 and GS39, GS39 and GS61, and GS61 and GS87.The
estimated timings of GS32 (1495 zero-degree days) and GS37 (1574 zero-degree
days) were very similar to the average observed timings of leaf 3 and leaf 2 full
emergence across the twelve site-years in Dataset 1 (Table 4.A.4). The mapped
growth stages were used to determine the timing of fungicide applications in model

simulations (Section 4.3.4).
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Table 4.A.4: Observed timing (in zero-degree days, converted from t,,,) of leaf

emergence across 12 site-years.

Site and vear Leaf 3 Leaf 2 Leaf 1
y >90% emerged >90% emerged >90% emerged

Devon, 1995 1483 1558 1669
Boxworth,

Cambridgeshire, 1994 1528 1528 1667
Kent, 1995 1527 1574 1639
Devon, 1994 1488 1633 1633
Norfolk, 1995 1418 1511 1714
Norfolk, 1994 1529 1529 1605
Boxworth,

Cambridgeshire, 1995 (el 1892 LY
Hampshire, 1995 1542 1589 1751
Yorkshire, 1995 1431 1564 1564
Herefordshire, 1995 1493 1552 1675
Herefordshire, 1994 1495 1559 1639
Kent, 1994 1457 1527 1600
Ely, Cambridgeshire,

1994 1479 1623 1623
Ely, Cambridgeshire,

1995 1460 1633 1719

4.A.2 Contribution of individual leaves to total upper canopy area

In addition to the overall model fit described in Section 4.A.1, which describes the
total GLAI of the upper canopy (top three leaves), we also fitted the growth and
senescence model parameters individually for each leaf 1-3. This was necessary
to obtain an estimate of the proportional contribution of each leaf to the overall non-
senesced LAl of the upper wheat canopy, which is useful for the parameterisation
of fungicide dose response parameters, as it can be used to weight estimates of
average disease severity (Section 4.A.4). Fungicide dose response data on
disease severity does not always include data on the LAI of each leaf, and an
unweighted average of disease severity on each leaf 1-3 may give a biased
estimate of the overall percentage severity on the upper canopy: for example, Z.
tritici severity is often higher on leaf 3 than on leaf 1 and 2, whilst the LAI of leaf 3

is typically smaller than leaves 1 and 2 (van den Berg et al., 2013).
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We assumed that the values of ¢, and ¢ for Leaf 3 and ¢z for Leaf 1 corresponded
to the fitted values of ¢,, tg and tg,. for the entire upper canopy (Table 4.2: Fitted
parameter values) respectively. We assumed that the growth rate, y, was the same

for all leaves (Milne et al., 2003), and so could be estimated from the timings of
GS31 and GS32 in degree days:

2In3

~ GS32 — GS31 (4.4.2)

14

The values of t, for leaf 2 and leaf 1 were estimated as GS37 - % and GS39

2In3

respectively. The onset of senescence, tg,» of leaves 2 and 1 was assumed

to occur 71 and 6! after GS37 and GS39 respectively, based on their relative leaf

area (van den Berg 2013).

Data on the GLAI of each of leaves 3, 2 and 1 at the six site-years included in the
‘pooled’ dataset (Table 4.A.2) were used to fit individual values of Ay, for each

leaf, tg,. for leaves 3 and 2, and values of 7, ¢ and w common to all leaves.

The fitted parameter values for leaves 1, 2 and 3 are shown in Table 4.A.5. The
fitted and observed proportional contribution of each leaf to the total GLAI of the
upper canopy is compared in Figure 4.A.3. The sum of the simulated GLAI of all
three leaves was very similar to the GLAI simulated by the fit to the total GLAI of

the upper canopy (Figure 4.A.4).

Table 4.A.5: Fitted parameter values for growth and senescence of individual

leaves in the upper wheat canopy.

Parameter
to tg, tg, Aprax Y T ® w
3 1396 1891 2443 1.350
2 1475 2127 2534 1555 0.2219 0.0038 0.0909 1.466
1554 2127 2567 1.410

Leaf
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Leaf 3 Leaf 2 Leaf 1
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Figure 4.A.3: Observed (black points) and fitted (purple lines) proportional
contribution of each leaf 1-3 to the overall green leaf area index (GLAI) of the upper
wheat canopy. Observed data (black points) from six site-years included in the
‘pooled’ dataset (Table 4.A.2).

Green Leaf Area Index

0 <

1200 1600 2000 2400

Degree days (base 0°C) after sowing

Figure 4.A.4: Model simulation of the overall upper wheat canopy green leaf area
index (GLAI) in the absence of disease, comparing the model fitted to total upper
canopy GLAI (solid black line) with the model simulation summing the fitted GLAI
of individual leaves 1-3 (dashed purple line), and with observed total GLAI
measurements used for parameterisation of wheat canopy (points) (n=76, from 6

sites from Dataset 1).
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4.A.3 Parameterisation of Zymoseptoria tritici life cycle parameters

The value of 1 (Equation 4, Chapter 4) estimated by Hobbelen et al. (2011) was

recalculated based on the fitted value of z.

We estimated values for C, and ¢, using data on Z. tritici epidemic progress (%
severity) (Dataset 1) on untreated plots on which the maximum severity of the Z.
tritici epidemic exceeded 5% and the maximum cumulative severity of yellow rust,
brown rust and powdery mildew did not exceed 15% (Table 4.A.6). Data on Z. tritici
severity and LAl for each leaf 1-3 were available, so the average severity over all

three leaves was calculated using the LAl of each leaf as a weighting factor.

As an increase in the value of either C, or ¢, can increase disease severity, an
increase in one parameter can be counteracted by a decrease in the other, so a
two-stage fitting process was used. Firstly, C, and g, were fitted simultaneously for
each site-year-cultivar combination using least squares optimisation (Isqcurvefit,
MATLAB 2022), assuming canopy growth and senescence as fitted to the ‘pooled’
dataset (parameters shown in Table 4.2). The median value of C, was calculated
across all site-year-cultivar combinations, and g, refitted for each site-year-cultivar
using the fixed value of C,. The mean value of g, from cultivars that were
considered moderately resistant at the time the trials were carried out was used for

model simulations.

In the absence of a fungicide, using the fitted values of C, and ¢, (Table 4.2) the
model predicts septoria severity of 9.5% at GS75, which is approximately
equivalent to the expected average severity on a cultivar with an AHDB resistance
rating of 6 (AHDB, 2024Db).

Riband at the time of the trials was highly susceptible to septoria. We fitted a
separate value of g, for Riband: this could be used to represent susceptible
cultivars in future model simulations. For the susceptible cultivar (Riband), values
of ¢, ranged from 0.0183 to 0.0800, with a mean value of 0.0357, corresponding
to a prediction of 24.1% septoria severity at GS75, equivalent to an AHDB
resistance rating of approximately 3—4 (AHDB, 2024Db).
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Table 4.A.6: Site-year-cultivar combinations used (v') and excluded (%) from
parameterisation of septoria infection model, and reasons for exclusion where
relevant ('LS’ denotes exclusion because the maximum severity of the septoria
epidemic was <5%; ‘OD’ denotes exclusion because the maximum cumulative
severity of diseases other than Z. tritici exceeded 15%. All 4 replicates were used
for each site-year-cultivar combination, unless one replicate did not meet the
criteria for inclusion (these cases are noted as ‘3 reps’, indicating data from 3
replicates was used). The value of g, used for model simulations was fitted to data

from cultivars Apollo, Slejpner and Haven.

. Cultivar

Site and year . .

Riband Apollo Slejpner Haven
Devon, 1994 v x LS v (3 reps) v
Devon, 1995 v x LS v (3 reps) x LS
Hampshire, 1995 v v x OD v
Herefordshire, 1994 v x LS v v (3 reps)
Herefordshire, 1995 v x LS v v
Kent, 1994 v x0OD x0OD v
Kent, 1995 v (3 reps) x LS x LS x LS
(Blg)r(nvz)c;:’(t:lg’eshire, 1994 *LS *LS *LS *LS
(%Z)r(n\,\é)?irég,eshire, 1995 sl SLE SLE o
Ely, Cambridgeshire, 1994 xS xS x LS x LS
Ely, Cambridgeshire, 1995 xOD xOD x OD x LS
Norfolk, 1994 x LS x LS x LS x LS
Norfolk, 1995 x LS x LS x LS x LS
Yorkshire, 1995 x LS x LS x LS x LS

4.A.4 Parameterisation of fungicide dose response parameters for SDHI
fungicides

We used a literature search to estimate an average decay rate, v, for SDHI
fungicides, and data from AHDB Fungicide Performance Trials (AHDB, 2024a) on
the observed dose response of Z. tritici severity to fluxapyroxad and isopyrazam
from 2011-2012 to fit indicative values of g, and k, (Section 4.3.2.3). The dose
response data consisted of the Z. tritici severity, averaged over three replicates for
each site-year, on leaves 1, 2 and 3 following a single application of fluxapyroxad
or isopyrazam at 0.25, 0.5, 1 or 2 times the full label dose, and on untreated plots

(note that applying more than the full label dose is not recommended in practice,
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but is included in the experimental protocol for the AHDB Fungicide Performance

trials to enable a better estimation of the fungicide dose response).

We sourced gridded weather data were sourced via the Agri4cast Resources
Portal (JRC, 2024) to estimate the thermal time (base 0°C) between treatment and
assessment timings. We calculated the average severity over all three leaves,
weighted by the average contribution of each leaf to the overall canopy at the
assessment timing. Data were included in the parameterisation if the average
severity on the corresponding untreated plots was >5% and <70% (Table 4.A.7).

Table 4.A.7: Data used in parameterisation of SDHI fungicide dose response
parameters.

Number of sites Number of datapoints
Fungicide
2011 2012 Total 2011 2012 Total
Isopyrazam 3 3 6 17 18 35
Fluxapyroxad 0 3 3 0 18 18
Both 3 3 6 17 36 53

An individual value of ¢, was fitted for each site-year based on the severity on the
untreated plots. Cross-site values of g, and k, for each SDHI fungicide (Table
4.A.8) were then fitted to the observed severity data for fluxapyroxad (n=18) and
isopyrazam (n=35) using least-squares optimisation (Isqcurvefit, MATLAB 2022).
The model achieved a very good fit to the observed disease severity data (n=53,
R? = 91.3%, RMSE = 5.6 % severity). The cross-site observed and fitted dose
response for fluxapyroxad in 2012 is shown in Figure 4.A.5. The averages of the
fitted values of q, and k, for fluxapyroxad and isopyrazam were used as indicative
parameter values for an SDHI fungicide for the purpose of interpreting model

simulation results (Table 4.2).

As an additional check to ensure that the parameterisation was robust to our
assumptions around the average contribution of each leaf to the overall canopy
over time, we also fitted q, and k, using the unweighted average severity over all
three leaves. The results were similar, but with slightly lower values of g, and
slightly higher values of k, (Table 4.A.8).
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Table 4.A.8: Fitted dose response parameters q, and k, for SDHI fungicides.

Fungicide Fitted parameters: Fitted parameters:
weighted average severity unweighted average severity

4o ko P ks

Isopyrazam 0.5280 10.0 0.5076 10.9

Fluxapyroxad 0.6091 9.7 0.5804 10.5

Average 0.5686 9.9 0.5440 10.7

0.2 1

Disease severity (proportion of untreated severity)

o o5 1 15 2
Fungicide dose applied (proportion of full label dose)

= Fluxapyroxad: Observed - - Fluxapyroxad: Fitted
* Isopyrazam: Observed —Isopyrazam: Fitted

Figure 4.A.5: Observed and fitted fungicide dose response for fluxapyroxad and
Isopyrazam. Average disease severity for each fungicide dose rate expressed as
a proportion of the untreated severity. Points (isopyrazam - black, round;
fluxapyroxad — red, square) show the average observed dose response in 2012
(n=36 across 3 sites). Lines show the average fitted dose response at the same

three (2012) sites for isopyrazam (black solid line, parameters fitted to 6 site-years,
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2011-2012) and fluxapyroxad (red dashed line, parameters fitted to 3 site-years,
2012). Note that applying more than the full label dose is not recommended in
practice, but a higher dose rate is included in the experimental protocol for the
AHDB Fungicide Performance trials to enable a better estimation of the fungicide

dose response.
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Appendix 4.B: Further details on model results

This section provides further illustration of some of the results described in Section
4.4.2.2. Figure 4.B.1 shows that the asymptote parameter, q,, has very little impact
on n for a curvature shift. Figure 4.B.2 shows how curvature parameter, k,,
asymptote shift, {,;, and curvature shift, {;, affect the fungicide concentration, D(t),
that maximises the difference in growth rates of the sensitive and resistant strain,
demonstrating the driver of the results shown in Figure 4.6.

40

35 r—————— - ———————— - e ——— - -0

30 -
25
20  mmeeeeeemeniinnnnn. .
15 -
10 - ’
5 .
0 — . ——

0 025 05 0.75 1

Asymptote parameter, g,

due to splitting dose, n

% chanae in selection

Figure 4.B.1: Negligible variation in n, the percentage change in selection due to
dose splitting with asymptote parameter g, for strains with a curvature shift, {; (see
Section 4.4.2.2). For the example shown here, {;, = 50% and v = 0.008 ¢t~ 1.
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Figure 4.B.2: Effect of curvature parameter, k;, and sensitivity shift, {; or {;, on
the fungicide concentration D(t) that maximises f;(t) — f,(t), the difference in the

fractional reduction f(t) of pathogen life cycle parameters of the sensitive strain
compared to a resistant strain. (a), (b) and (c) show f;(¢t) — f,(t) for different levels
of asymptote shift, {,, for k, = 2, 10 and 20 respectively. (d), (e) and (f) show
fo (&) — f,(t) for different levels of curvature shift, {;, for k, = 2, 10 and 20
respectively. For a curvature shift, the smaller the value of ¢; and the larger the
value of k,, the smaller the concentration D(t) at which f;(t) —f,(t) is at a

maximum. Dashed black line: sensitivity shift = 90%. Dashed purple line: sensitivity

shift = 50%. Solid orange line: sensitivity shift = 10%.

312



Supplementary Material: Chapter 5

Which resistance management strategies work
against concurrent evolution of resistance to
fungicides?

Tables of modelling results are available at Corkley, |. (2024). Supplementary
Information to Chapter 5 of the PhD thesis entitled "Managing concurrent evolution
of resistance to fungicides". (Version v1) [Data set].

Zenodo. https://doi.org/10.5281/zenodo.14424058

List of Supplementary Tables:

Table S.1: Modelling results for scenarios with asymptote shifts to both fungicide
A and fungicide B, where fungicides A and B have a foliar concentration half-life of
3 days (v = 0.01605 ¢t~ 1).

Table S.2: Modelling results for scenarios with curvature shifts to both fungicide A
and fungicide B, where fungicides A and B have a foliar concentration half-life of 3
days (v = 0.01605 ¢t~ 1).

Table S.3: Modelling results for scenarios with an asymptote shift to fungicide A
and a curvature shift to fungicide B, where fungicides A and B have a foliar

concentration half-life of 3 days (v = 0.01605 t™1).

Table S.4: Modelling results for scenarios with asymptote shifts to both fungicide
A and fungicide B, where fungicides A and B have a foliar concentration half-life of
6 days (v = 0.00802 ¢t~ 1).

Table S.5: Modelling results for scenarios with curvature shifts to both fungicide A
and fungicide B, where fungicides A and B have a foliar concentration half-life of 6
days (v = 0.00802 t1).

Table S.6: Modelling results for scenarios with an asymptote shift to fungicide A
and a curvature shift to fungicide B, where fungicides A and B have a foliar
concentration half-life of 6 days (v = 0.00802 t~1).
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Table S.7: Modelling results for scenarios with asymptote shifts to both fungicide
A and fungicide B, where fungicides A and B have a foliar concentration half-life of
12 days (v = 0.00401 t™1).

Table S.8: Modelling results for scenarios with curvature shifts to both fungicide A
and fungicide B, where fungicides A and B have a foliar concentration half-life of
12 days (v = 0.00401 t™1).

Table S.9: Modelling results for scenarios with an asymptote shift to fungicide A
and a curvature shift to fungicide B, where fungicides A and B have a foliar
concentration half-life of 12 days (v = 0.00401 ¢~1).
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Supplementary Material: Chapter 6

Azole mixtures: Modelling resistance
management benefits of incomplete cross-

resistance within a fungicide mode of action
group

Appendix 6.A: Further details on the population genetic

model

6.A.1 Further details on modelling the azole dose-response curve

Figure 6.A.1: The process of converting lanosterol into ergosterol, top row, and
competitive binding and release of two azole fungicides to the CYP51 enzyme.
Enzyme, E, blue. Lanosterol molecule, L, yellow. Ergosterol molecule, Er, green.
Azole 1 molecule, F1 red. Azole 2 molecule, F2 purple. ks is the rate of binding and
k.ais the unbinding rate for each process. Rate k. denotes the combined rate of
conversion of lanosterol to ergosterol and unbinding of the product from the

enzyme.
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Figure 6.A.2: Ergosterol production rate, V, as a function of the total azole dose,
D, of two azoles in a 1:1 ratio (D, = D,), for a range of values of dose response
parameter B, and B, = 1. We plot relative rates by setting A =1 t~1. See Equation
3, Section 6.3.2.1.

Assumption that azoles bind competitively to the CYP51 enzyme

In the derivation of the dose-response curve we have assumed that azole
molecules bind competitively to the CYP51 enzyme. There is an ongoing debate
about the binding dynamics of azoles to the CYP51 molecule. We thank Dr Marcus
Fehr for his insights into the debate. Several authors say that azoles bind non-
competitively to the CYP51 molecule (e.g. Parker et al., 2011). They make this
claim because of the observed effect of the substrate concentration on the rate of
product development. This is however an indirect observation. Direct observations
on the binding dynamics, such as those carried out by Hargrove et al. (2018),

suggest that binding is of the competitive type.

Using competitive inhibition or non-competitive inhibition does affect the rate of
product formation as dependent on the substrate concentration. However, to model
the dose-response the substrate concentration is not relevant, only the effect of

inhibitor concentration.
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Wang (2014) derived both cases step by step and the reader is referred to those
lecture notes. In his notation, which is slightly different from ours, Wang shows that

the rate of product formation for the case of competitive binding is given by:

KBS
V= ; (4.1)
K (1+ E) +S

And in the case of non-competitive binding by:

kyEyS
V= 270 (A.2)

(1 +KLI) (K +S)

where S is the substrate concentration and I is the inhibitor concentration, and the
rest of the symbols are other parameters. It is clear from Equations (A.1) and (A.2)
that the effect of substrate concentration on product formation is different, but also

that the effect of the inhibition concentration on product formation is the same as
both equations can be written as V = %, which is the form of our dose-response

curve (Equation 2, Chapter 6).

6.A.2 Solving the model for S;(T)

The dose dynamics of a fungicide spray, dose response curve, and dynamics of
disease severity (lesion density) are described by Equations (6), (7) and (6) and
(8), and the season length is defined as T. (Section 6.3.2.2; Section 6.3.2.2.1). We
can use these to derive equations for the severity of haplotype i at time T, S;(T),

after one or two applications of fungicide j.
Consider one application of dose Dj, att = 0:

dSl(t) _ o 1 dSL(t) _ o

= S:(t = A.3
dt 1+ Biijoe‘“t l( ) - Sl(t) dt 1+ BiijOe‘“t ( )
Integrating with respect to time fromt =0tot =T:
T 1 (T 70 (T 7 _
0 50950 = [ Trmppedt ™ In(S;(®)) — In(5;(0)) = [, Wojoe_atdt =
1o (T ae® (4.4)

a ’0 Biij0+e“f

To solve the integral at the right-hand side, we define u = B;;D;, + e**. Then u’ =

ae®t.
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TO ae _ o T
o Byt et f a=lt _d”_aln(”)|0
o T
= Eln(Bl]DJO + e“t) |0 (A 5)
Therefore:
T at
To ae Ty ¢ To
E , Wdt = Eln(Bl]DJO +e® ) _Eln(BiijO + 1) (A 6)

Substituting S;(t) into equation (A.6) gives:

In(5:(6)) = In(5:(0)) = ~In(By;Djo + ) —In(By;Dyo + 1) (A.7)
UD]-O +e™\

If there is a time period t* between t = 0 and the spray application, and the season

lengthis t =T, then:

B;;Djo + e*T~t)\ 1,
it L )7“ (A.9)

S0 = Si(t*)( B;Dip + 1
=]

Since S;(t*) = S;(0)e™t", we find Equation 9 (Chapter 6):

N B D + ea(T_t*) To
Si(T) = S;(0)e"ot” (=2 @
(T) = Si(0)e ( DT )

Consider two applications, one at t* and one at t**. First it is necessary to calculate
what dose remains at time t** from the first application at time t*, following dose
decay over the time period t* — t*; this dose is added to the application dose at

t**, DjO:
D(t**) = Djpe *¢"=t) + Dy (A.10)

Therefore for a two-spray programme, we find Equation 10 (Chapter 6):

r_o *k * - r_O
S.(T) = S;(0)e"ot" B;jDjo + et —tI\ @ Biijo(1 + gmalt™=t )) 4 eaT—t"N
L 3 Bl]DJO + 1 D]O(l + e_a(t**—t*)) + 1
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6.A.3 Relationships between lab-ECso and field-EDso values

We used relationships between lab-ECso and field-EDso, developed by Blake et al.
(2018), to convert lab-ECso measurements of haplotype sensitivity (in (ug/ml)) to
each azole into the field-EDso values used for parameterisation of the B;; dose-
response parameters for each haplotype-azole combination. For epoxiconazole
y=0.3128x-0.007, where y=log(EDs;) and x=log(ECs¢). For prothioconazole,
y=3.812x+0.246 with y=log(prothioconazole EDsy) and x=log(prothioconazole-
desthio ECsp). We used these relationships to calculate epoxiconazole and
prothioconazole EDsy values respectively for each haplotype-azole combination.
The fitted relationships differ between epoxiconazole and prothioconazole. We
therefore assessed which, if any relationship was likely to be appropriate for

converting tebuconazole and prochloraz ECsg values to EDsp values.

The antifungal action from an applied dose of prothioconazole is caused by its
active metabolite prothioconazole-desthio (Parker et al., 2013). We compared the
results of studies that measured the proportion of the applied dose of
prothioconazole, epoxiconazole and tebuconazole that is successfully transferred
onto or into plant leaves: the relevant comparison for prothioconazole is the
proportion of applied prothioconazole that is transferred onto or into plant leaves
as prothioconazole-desthio. When tebuconazole and prothioconazole were
applied at the same rate, approximately 3.5g tebuconazole was measured on/in
the flag leaf for every 1g of prothioconazole-desthio, a ratio of 3.5:1 (Lehoczki-
Krsjak et al., 2013, 2015). From similar studies, we estimated this ratio as 4.7:1 for
epoxiconazole vs. prothioconazole-desthio (Lichiheb et al., 2015; Lin et al., 2017;
Zhang et al., 2018). Applying this ratio as a correction factor explains the
differences between epoxiconazole and prothioconazole in the observed
relationships between ECs, and EDso. We therefore assumed that the relationship
between ECso and EDsp is consistent for other azole fungicides, and used the
relationship between ECso and EDsg for epoxiconazole as an estimate for the

relationship between ECso and EDso for tebuconazole and prochloraz.

For any haplotypes which had a direct measurement of lab-ECso for
prothioconazole-desthio, we used the mean value of prothioconazole-desthio ECso
measurements across all isolates with that haplotype. However, seven haplotypes
included in the analysis did not have ECso measurements for prothioconazole-

desthio, but did have ECsy measurements for prothioconazole (Table 6.B.4). For
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some isolates ECso measurements were available for both prothioconazole-desthio
and prothioconazole (Table 6.B.3). We fitted a relationship between the lab-ECso
measurements of prothioconazole-desthio and prothioconazole (Figure 6.A.3) and
used this to estimate prothioconazole-desthio ECsy from prothioconazole ECso
measurements in cases where there were no ECso measurements for
prothioconazole-desthio. For prothioconazole-desthio, y=0.7152x-4.3645, where

y=log(prothioconazole-desthio ECsg) and x=log(prothioconazole ECsy).

X
T
]
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o
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U '
(1]
©
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w '
i
B
o
£ -
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e

log Prothioconazole EC50

Figure 6.A.3: Fitted relationship between log(prothioconazole ECs) (log (ug/ml))
and log(prothioconazole-desthio ECso) (log (ug/ml)). Adjusted R? = 63.95%.
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Appendix 6.B: CYP51 haplotype frequencies and sensitivity to four azole active substances

Table 6.B.1: Dataset metadata for Tables 6.B.2, 6.B.3 and 6.B.4.

People & Organisations
List of people involved with the dataset generation

Name Affiliation Email ORCID Role
. Wageningen University . https://orcid.org/0000-0001- Principal
Bart Fraaije & Research bart.fraaije@wur.nl 8176-2258 Investigator
Nichola Hawkins  NIAB nichola.hawkins@niab.com hitps:/jorcid.org/0000-0003- 1,4 clector
3389-0436
Rothamsted Research, . https://orcid.org/0000-0003-
Isabel Corkley RSK ADAS Lid isabel.corkley@rothamsted.ac.uk 3783-3180 Data Curator
Funder & Project information
Funder name Award (Grant) code Award title Project name
BBSRC BBS/OS/CP/000001 Smart Crop Protection
BB/X010953/1; :
BBSRC BBS/E/RH/230003C Growing Health
BBSRC BB/S018867/2 BBRSC-FAPESP AMR and Insecticide Pest Resistance in Livestock and Agriculture
AHDB 21120062 AHDB PhD Studentship Man.agmg concurrent evolution of resistance to
fungicides
BASF plc 1020280 Assessing the benefits of azole diversity to

resistance management

Understanding evolution and selection of azole
AHDB PR475 AHDB project grant resistance mechanisms in UK populations of
Mycosphaerella graminicola

Azole and SDHI fungicide sensitivity monitoring of
septoria populations (2011-19) and development of
tools to rationalise fungicide programmes to control
cereal diseases

AHDB PR619 AHDB project grant
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Table 6.B.2: Relative haplotype frequencies as sampled in Harpenden, UK in the years 2003 and 2010-2019.

Haplotype
ID

3
4
6
7

9
10
12
14
15
20
22
24
26

27

28

CYP51 Haplotype

L50S-Y461S
L50S-Y461H

Y137F-S524T
L50S-V136A-
Y461S
L50S-V136A-
Y461H
V136A-S188N-
DEL
L50S-1381V-
Y459D
L50S-1381V-
Y459S
L50S-1381V-
Y461H
L50S-S188N-DEL-
N513K
D134G-V136A-
S188N-DEL
L50S-D134G-
V136G-Y461S
D107V-1381V-
N513K-S524T
L50S-S188N-
1381V-DEL-N513K
L50S-V136A-
S188N-DEL-
N513K

2003
0.0270
0.0541
0.0541

0.0000

0.2162

0.0270

0.0541

0.0000

0.1892

0.0811

0.0000

0.0000

0.0000

0.0811

0.0270

2010
0.0000
0.0000
0.0000

0.0000

0.0000

0.0000

0.2000

0.0250

0.2000

0.0250

0.0000

0.0000

0.0000

0.0250

0.0250

2011
0.0000
0.0000
0.0000

0.0244

0.0000

0.0000

0.0000

0.0000

0.1951

0.0000

0.0244

0.0000

0.0244

0.0000

0.0000

2012
0.0000
0.0000
0.0000

0.0000

0.0222

0.0000

0.0000

0.0000

0.0667

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

Sampled frequency by year

2013
0.0000
0.0000
0.0000

0.0000

0.0263

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

2014
0.0000
0.0000
0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0250

0.0000

0.0000

2015
0.0000
0.0000
0.0000

0.0270

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0270

0.0000

0.0000

0.0000

2016
0.0000
0.0000
0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

2017
0.0000
0.0000
0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

2018
0.0000
0.0000
0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

2019
0.0000
0.0000
0.0000

0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000

0.0000

0.0000
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29

32

33

34

35

37

40

42

44

45

46

L50S-V136C-
S188N-DEL-
N513K
L50S-S188N-
A379G-1381V-
DEL-N513K
L50S-S188N-
A379G-1381V-
DEL-S524T
L50S-S188N-
A379G-1381V-
Y459D-S524T
L50S-V136A-
S188N-1381V-
DEL-N513K
L50S-V136A-
S188N-DEL-
S524T1
L50S-V136A-
1381V-Y461H-
S524T1
L50S-D134G-
V136A-1381V-
Y461H
L50S-D134G-
V136A-1381V-
Y461H-S524T
L50S-V136C-
S188N-1381V-
Y461H-S524T
L50S-S188N-
A379G-1381V-
DEL-N513K-
S524T1

0.0000

0.0270

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.4250

0.0000

0.0000

0.0250

0.0000

0.0000

0.0250

0.0000

0.0000

0.0000

0.0244

0.5366

0.0000

0.0000

0.0000

0.0000

0.0000

0.1220

0.0244

0.0000

0.0000

0.0000

0.4222

0.0000

0.0000

0.0000

0.0667

0.0222

0.2667

0.0000

0.0000

0.0000

0.0000

0.2632

0.0000

0.0000

0.0000

0.0263

0.0526

0.5000

0.0000

0.0000

0.0263

0.0000

0.1750

0.0000

0.0000

0.0000

0.0750

0.0500

0.3750

0.0000

0.0250

0.0000

0.0000

0.0270

0.0000

0.0000

0.0000

0.0270

0.0541

0.3243

0.0541

0.0270

0.0000

0.0000

0.0294

0.0000

0.0000

0.0000

0.0000

0.0294

0.2059

0.0000

0.0000

0.0000

0.0000

0.0313

0.0313

0.0000

0.0000

0.0000

0.0000

0.2500

0.0313

0.1563

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

0.0227

0.0455

0.1136

0.0455

0.0000

0.0000

0.0213

0.0000

0.0213

0.0000

0.0000

0.0000

0.2340

0.1489

0.0000

0.0000
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L50S-V136C-

49 S188N-A379G-
I1381V-DEL-S524T
L50S-V136A-

50 S188N-A379G-
I1381V-DEL-S524T
L50S-V136A-
S188N-A379G-
1381V-DEL-
N513K-S524T

Total frequency of haplotypes
included in model:

51

CYP51 haplotypes not included in model analysis:

Y459D

V136C-I1381V-Y461H-S524T
L50S-1381V-S188N-DEL-
N513K-CYP1
L50S-V136C-S188N-A379G-
1381V-Y461H-S524T
L50S-D134G-V136A-A379G-
I1381V-DEL-N513K-S524T
Other CYP51 haplotypes,
individually <5% frequency in
any year

TOTAL FREQUENCY:

n (number of isolates in
sample)

0.0000

0.0000

0.0000

0.8378

0.0541
0.0000

0.0000

0.0000

0.0000

0.1081

1.0000
37

0.0000

0.0000

0.0000

0.9750

0.0000
0.0000

0.0000

0.0000

0.0000

0.0250

1.0000
40

0.0000

0.0000

0.0000

0.9756

0.0000 0.0000 0.0000

0.0000 0.0000 0.0000

0.0222

0.8889

0.0000

0.8947

0.0000

0.7250

missing required EC50 data

0.0000
0.0000

0.0000

0.0000

0.0000

0.0244

1.0000
41

0.0000
0.0000

0.1111

0.0000

0.0000

0.0000

1.0000
45

0.0000
0.0000

0.1053

0.0000

0.0000

0.0000

1.0000
38

0.0000
0.0000

0.2750

0.0000

0.0000

0.0000

1.0000
40

0.0270

0.0000

0.0000

0.5946

0.0000
0.0270

0.3514

0.0000

0.0000

0.0270

1.0000
37

0.0000

0.0882

0.0000

0.3529

0.0000
0.0000

0.4412

0.1471

0.0294

0.0294

1.0000
34

0.0625

0.0313

0.0000

0.5938

0.0000
0.0000

0.3750

0.0000

0.0313

0.0000

1.0000
32

0.0909

0.1136

0.0455

0.4773

0.0000
0.0682

0.3182

0.0000

0.0909

0.0455

1.0000
44

0.1702

0.0213

0.0213

0.6383

0.0000
0.0213

0.2128

0.0851

0.0000

0.0426

1.0000
47
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Table 6.B.3: Isolates of each haplotype used to estimate mean EC50 values for each haplotype-azole combination. 2Epoxiconazole;

bProthioconazole; °Prochloraz; Tebuconazole.

Isolate
strain

Bd12
IC6
R2003-6

R2003-51

R2003-5

CTRL1-
01

4362
R2003-25

R2003-45

R2006-31

ST12/16-
2

ST12/12-
1

SAC56.1
IRE30

R2003-27

CYP51 Haplotype

L50S-Y461S
L50S-Y461S
L50S-Y461S

L50S-Y461H
L50S-Y461H

Y137F-S524T
Y137F-S524T
Y137F-S524T

Y137F-S524T

Y137F-S524T

Y137F-S524T

Y137F-S524T

L50S-V136A-Y461S
L50S-V136A-Y461S

L50S-V136A-Y461H

Haplotype
ID

© NN o

Collection
year

2006
2009
2003

2003

2003

2001
2007
2003

2003

2006

2012

2012

2007
2003

2003

Location &
Country

Berdun, Aragon,
Spain
Ireland

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Denmark

Harpenden,
England

Harpenden,
England

Harpenden,
England
Fielding
Manawatu, New
Zealand

Methven, New
Zealand

Scotland
Carlow, Ireland

Harpenden,
England

Epoxi2

0.0404
0.0814
0.0401

0.032
0.064

0.093
0.145
0.205

0.0583

0.0668

0.0112

0.0561

0.239
0.36

0.147

ECso (ug/ml)

Prothio
Desthio

0.314
0.553
0.556

1.25

0.554

0.0626
0.298
0.322

0.284

0.238

0.0014

0.00361

1.39
0.0093

411

Prothio®

Prochle

0.134
0.118
0.212

0.063

0.077

0.629
0.451
0.682

0.49

0.433

0.0446

0.147

0.103
0.742

0.261

Tebucod

1.47
1.28
1.68

111

1.26

0.736
1.01
1.47

0.379

0.842

0.179

0.492

1
1.68

0.075
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R2003-28
R2003-31
R2003-37
R2003-39
R2003-40
R2003-42

R2006-43
SAC15
RBay1

RBay9

R2003-36

V108-6
V212-2
V308-4

R2003-23
R2003-35
R2010-7

R2010-11

L50S-V136A-Y461H

L50S-V136A-Y461H

L50S-V136A-Y461H

L50S-V136A-Y461H

L50S-V136A-Y461H

L50S-V136A-Y461H

L50S-V136A-Y461H
L50S-V136A-Y461H
L50S-V136A-Y461H

L50S-V136A-Y461H

V136A-S188N-DEL

V136A-S188N-DEL
V136A-S188N-DEL
V136A-S188N-DEL

L50S-1381V-Y459D

L50S-1381V-Y459D

L50S-1381V-Y459D

L50S-1381V-Y459D

10

10
10
10

12

12

12

12

2003

2003

2003

2003

2003

2003

2006
2011
2011

2011

2003

2007
2007
2007

2003

2003

2010

2010

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Scotland

Harpenden,
England

Harpenden,
England

Harpenden,
England

Kent, England
Kent, England
Kent, England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England

0.188

0.339

0.227

0.277

0.061

0.174

0.224
0.024
0.0167

0.0592

0.14

0.124
0.121
0.073

0.052

0.398

0.185

0.232

0.00951

0.0149

1.44

16.8

8.96

6.96

2.3

5.32

151
0.577
0.295

1.18

1.32

1.45
1.86
0.876

0.988

1.17

2.24

0.853

0.351

0.822

0.381

0.677

0.2

0.366

0.581
0.0651
0.155

0.359

0.78

0.212
0.419
0.237

0.01

0.16

0.036

0.013

1.02

0.12

0.088

0.146

1.43

0.071

0.133
0.0169
0.011

0.032

0.1

0.107
0.064
0.068

1.4

3.76

2.38

3.43
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R2010-18
R2010-24
R2010-29
R2010-32
R2010-39
R2010-40
RProl12
RProl14
R2010-1
RBay10
R2003-2
R2003-8
R2003-10
R2003-33
R2003-38

R2003-41

L50S-1381V-Y459D

L50S-1381V-Y459D

L50S-1381V-Y459D

L50S-1381V-Y459D

L50S-1381V-Y459D

L50S-1381V-Y459D

L50S-1381V-Y459D

L50S-1381V-Y459D

L50S-1381V-Y459S

L50S-1381V-Y459S

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

12

12

12

14

14

15

15

15

15

15

15

2010

2010

2010

2010

2010

2010

2011

2011

2010

2011

2003

2003

2003

2003

2003

2003

Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England

0.109

0.2

0.08

0.236

0.105

0.108

0.09

0.144

0.1

0.069

0.239

0.176

0.157

0.247

0.15

0.153

0.00917

0.00941

0.00642

0.603

0.639

0.51

0.355

0.891

1.26

0.528

0.741

0.651

0.701

1.6

1.44

1.33

2.27

3.03

3.29

0.019

0.031

0.015

0.0699

0.015

0.016

0.0007

0.0296

0.0124

0.00054

0.052

0.041

0.023

0.052

0.024

0.066

2.95

3.53

2.71

412

2.08

2.9

1.09

0.898

2.09

0.619

3.45

3.33

2.69

2.09

2.52

6.07
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R2003-43
R2006-8

R2010-4

R2010-14
R2010-15
R2010-22
R2010-23
R2010-27

R2010-31

ROS75-
2(2009)
ROS75-
10(2009)

RBay12
RBay14
RBay2
RBay6

ROpus10

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

L50S-1381V-Y461H

15

15

15

15

15

15

15

15

15

15

15

15

15

15

15

15

2003

2006

2010

2010

2010

2010

2010

2010

2010

2009

2009

2011

2011

2011

2011

2011

Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Rosemaund,
England
Rosemaund,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England

0.336

0.459

0.348

0.084

0.171

0.274

0.136

0.378

0.336

0.462

0.124

0.253

0.148

0.109

0.232

0.152

0.0272

0.026

0.0163

0.0233

0.0133

4.68

3.06

4.82

0.708

0.799

2.81

1.33

1.62

5.09

4.42

2.66

4.32

2.68

1.51

3.91

1.07

0.065

0.23

0.0039

0.0159

0.0232

0.043

0.032

0.052

0.1

0.43

0.0855

0.0363

0.0547

0.0322

0.103

0.0232

3.71

4.87

4.23

2.15

3.42

6.69

5.42

5.22

3.59

3.43

3.11

0.755

1.57

1.2

1.63

1.21
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Harpenden,

ROpusl2  L50S-I1381V-Y461H 15 2011 gt 0.098  0.0262 1.74 0.0265 1.23
ROpusl5 L50S-1381V-Y461H 15 2011 Eggl’aer?ge”' 0.086 0.0259 1.62 0.103 1.27
RProl2 L50S-1381V-Y461H 15 2011 Eggl’aer?ge”' 0.104 00139  0.865  0.00154  0.905
RProl5 L50S-1381V-Y461H 15 2011 E'r"’]‘gl’aer?ge”' 0.139  0.0092 1.04  0.00008 1.15
RProl6 L50S-1381V-Y461H 15 2011 E'ﬁg‘l’::ge”' 0.228 0.0375 1.38 0.093 1.61
RProl8 L50S-1381V-Y461H 15 2011 Eﬁé‘l’ae:ge”' 0.342 0.0173 2.64 0.0635 1.4

RProl9  L50S-1381V-Y461H 15 2011 Eﬁg‘l’ae:ge”' 0.084 00096 0982 00133  0.656
RTrac27  L50S-1381V-Y461H 15 2011 E'r"’]‘gl’aer?ge”' 0.298  0.0255 3.35 0.0252 1.75
RTrac28  L50S-1381V-Y461H 15 2011 E'r"’]‘gl’:r’]‘ge”' 0.201  0.0258 7.15 0.0575 1.39
RTrac29  L50S-1381V-Y461H 15 2011 E';‘gl’:r’]‘ge”' 0.141  0.0102 3.23 0.0155 1.26
RTrac30  L50S-1381V-Y461H 15 2011 Eﬁéﬁ’::ge”' 0.1 0.0094 3.31 0.0006 1.28
RTrac31  L50S-1381V-Y461H 15 2011 E'ﬁéﬁ’ae:ge”' 0.271 0.0089 4.32 0.022 0.958
RTrac35  L50S-1381V-Y461H 15 2011 Eﬁéﬁ’::ge”' 1.15 0.696 15.6 4.26
R2011-23 L50S-1381V-Y461H 15 2011 E'sgl’aer’]‘ge”' 0.0544  0.00897 0.00452  0.741
R2003-34 kl‘réolz'}fle'DEL' 20 2003 E'ﬁéﬁ’:r?ge”' 0.062 1.72 0.071 1.01
R2003-44 kl‘réolz'}fle'DEL' 20 2003 E'ﬁgﬁ’:r?ge”' 0.073 2.79 0.128 2.26
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R2003-46
R2010-52
R2011-28
B1-3 (11)

T2

TAG74-
11

R2011-16
R2014-31
R2003-29
R2003-54
RBay15
ROpus6
TAG1-18
TAG74-3

V18 (09)

ROpus7
(10)

L50S-S188N-DEL-
N513K
L50S-S188N-DEL-
N513K
D134G-V136A-S188N-
DEL
L50S-D134G-V136G-
Y461S
D107V-1381V-N513K-
S524T
D107V-1381V-N513K-
S524T
D107V-1381V-N513K-
S524T
D107V-1381V-N513K-
S524T
L50S-S188N-1381V-
DEL-N513K
L50S-S188N-1381V-
DEL-N513K
L50S-S188N-1381V-
DEL-N513K
L50S-S188N-1381V-
DEL-N513K
L50S-S188N-1381V-
DEL-N513K
L50S-S188N-1381V-
DEL-N513K
L50S-S188N-1381V-
DEL-N513K
L50S-S188N-1381V-
DEL-N513K

20

20

22

24

26

26

26

26

27

27

27

27

27

27

27

27

2003

2010

2011

2012

2008

2010

2011

2014

2003

2003

2011

2011

2010

2010

2009

2010

Harpenden,
England
Harpenden,
England
Harpenden,
England

Crotelles, Tours,

France
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

England
England

England

Harpenden,
England

0.035

0.181

0.0266

0.48

0.309

1.25

0.307

0.0543

0.364

0.092

0.482

0.055

1.17

0.997

0.723

0.917

0.0186

0.0176

0.0063

0.0376

0.013

0.0282

0.0127

0.11

1.05

1.81

0.462

19.4

22.2

1.55

4.14

0.462

18.6

16.2

11

16.6

0.044

0.034

0.1

0.255

0.0219

0.203

0.0332

0.0122

0.128

0.025

0.0495

0.0105

0.382

0.656

0.148

0.253

0.735

4.85

0.015

0.062

3.58

2.55

0.646

0.756

4.1

15

1.63

0.868

7.23

225

21.3

5.13
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L50S-S188N-1381V-

RProl13  pe| Ns13K
ROS13-  L50S-S188N-I1381V-
126-3 DEL-N513K

L50S-S188N-1381V-
e DEL-N513K

011226  L50S-S188N-1381V-
(LA12) DEL-N513K

105-9 L50S-S188N-1381V-
(VL12) DEL-N513K
115-5 L50S-S188N-1381V-
(VL12) DEL-N513K
34- L50S-S188N-1381V-
07(FA12) DEL-N513K
60- L50S-S188N-1381V-
02(FA12) DEL-N513K
61- L50S-S188N-1381V-

04(FA12) DEL-N513K
L50S-S188N-1381V-

R DEL-N513K
ROS18-1 L50S-S188N-1381V-
(11) DEL-N513K
210-6 L50S-S188N-1381V-

(LV12) DEL-N513K

L50S-S188N-1381V-
DEL-N513K

118-7 L50S-S188N-1381V-
(FN12) DEL-N513K

L50S-S188N-1381V-

A2 (V12)

Sl DEL-N513K
L50S-V136A-S188N-
BC11 DEL-N513K

27

27

27

27

27

27

27

27

27

27

27

27

27

27

27

28

2011

2010

2009

2012

2012

2012

2012

2012

2012

2012

2011

2012

2012

2012

2012

2009

Harpenden,
England

Rosemaund,
England

England
England
England

England

Rosemaund,
England

Rosemaund,
England

Rosemaund,
England

Harpenden,
England

Rosemaund,
England

England

England

Sutton Scotney,
England

England

England

1.39

1.04

0.914

1.05

1.27

2.38

0.874

0.607

0.705

0.788

0.621

0.526

1.28

2.02

0.208

0.119

0.0935

0.169

0.229

0.0749

0.0779

0.0518

0.0915

0.133

0.287

0.111

0.159

0.0846

10.8

17.7

13.7

3.59

0.0843

0.258

1.02

0.133

0.331

0.526

0.206

0.104

0.136

0.284

0.106

0.354

0.0925

0.204

0.15

0.602

7.16

11.8

31.2

18.9

26.1

30.5

7.51

10.7

9.82

19

11.7

35

13.8

20.8

111

0.123
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SAC1-35
(10)
SACT73-
16

RProl10

RTrac32

RBay13
(10)

RTrac26
R2011-20
R2003-14
V201-1
R2010-5
R2010-6
R2010-8
R2010-19
R2010-21
R2010-26

R2010-28

L50S-V136A-S188N-
DEL-N513K
L50S-V136A-S188N-
DEL-N513K
L50S-V136A-S188N-
DEL-N513K
L50S-V136A-S188N-
DEL-N513K
L50S-V136C-S188N-
DEL-N513K
L50S-V136C-S188N-
DEL-N513K
L50S-V136C-S188N-
DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K

28

28

28

28

29

29

29

32

32

32

32

32

32

32

32

32

2010

2010

2011

2011

2010

2011

2011

2003

2007

2010

2010

2010

2010

2010

2010

2010

Scotland

Scotland

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Kent, England

Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England

0.18

0.171

0.084

0.138

0.251

0.196

0.0939

0.156

0.385

1.29

0.292

0.21

0.736

0.181

0.218

0.327

0.0076

0.0235

0.0174

0.0106

0.0204

0.0136

9.06

1.9

1.66

3.89

3.93

1.9

2.36

2.75

2.66

7.43

0.961

2.16

0.752

0.906

1.62

0.857

0.136

0.136

0.253

0.327

0.296

0.0369

0.001

0.026

0.026

0.045

0.0036

0.013

0.0014

0.0015

0.0058

0.239

0.139

0.0331

0.0349

0.968

0.689

0.553

4.35

3.38

21.7

14.6

7.12

15.2

5.83

6.45

7.69
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R2010-30
R2010-33
R2010-36
R2010-37

R2010-38

SAC45-
37(2009)

ROS69-
16(2009)

SAC17

TAG74-
10

TAG74-6
RBayl11l
RBay4
ROpusl
ROpus2
ROpus4

ROpus5

L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
I1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
I1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
I1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K

32

32

32

32

32

32

32

32

32

32

32

32

32

32

32

32

2010

2010

2010

2010

2010

2009

2009

2011

2010

2010

2011

2011

2011

2011

2011

2011

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Scotland

Rosemaund,
England

Scotland
England

England

Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England
Harpenden,
England

0.983

0.613

0.329

0.348

0.465

0.224

0.394

0.861

1.22

1.46

0.197

0.215

0.425

0.563

0.315

0.11

0.016

0.0284

0.027

0.0204

0.0192

0.0263

3.08

5.59

0.809

2.6

3.93

1.08

3.84

2.57

18.6

195

2.17

2.34

0.804

3.87

0.832

0.95

0.011

0.0113

0.001

0.0036

0.0061

0.0094

0.031

0.0019

0.0621

0.0812

0.000246

0.00115

0.00333

0.0303

0.00134

0.00215

17.6

10.9

8.29

8.75

125

2.72

3.94

7.31

10

17.1

2.79

3.27

2.13

3.38

2.68

2.79
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ROpus8
ROpus9
ROpus13
ROpus16
RProll
RProl3
RProl11
RTrac21
RTrac22
RTrac23

RTrac33

B11-1
(11)
B13-6
(11)
B31-2
(11)
B31-6
(11)
B36-3
(11)

L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K
L50S-S188N-A379G-
1381V-DEL-N513K

32

32

32

32

32

32

32

32

32

32

32

32

32

32

32

32

2011

2011

2011

2011

2011

2011

2011

2011

2011

2011

2011

2011

2011

2011

2011

2011

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

England
England
England
England

England

0.16

0.462

0.259

0.526

0.243

0.208

0.241

0.166

0.479

0.874

0.347

0.149

0.123

0.0265

0.0973

0.708

0.0273

0.0195

0.0402

0.0327

0.0331

0.0153

0.0165

0.0126

0.018

0.0288

0.015

0.0275

0.00875

0.0169

0.0185

0.123

1.19

1.66

2.94

3.66

0.9

1.19

1.19

4.29

6.16

2.76

1.98

0.000377

0.0048

0.0129

0.00077

0.00064

0.00153

0.000409

0.00275

0.00249

0.0398

0.0019

0.00129

0.00022

0.000243

0.00296

0.386

2.54

2.18

2.68

3.11

2.81

2.09

1.78

1.88

1.75

2.72

2.5

3.45

3.16

2.79

3.73

0.908
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B36-9
(11)
SAC16-
36 (11)
TAG48
(11)
ROS49-
11(11)

B1-5 (11)

B5-1 (11)

60-7
(FA12)

TAG1-35

ROS13-
150-1

R2010-53
V10

V12
TAG1-16
RBay7

RTrac25

ROS33-
11 (11)

L50S-S188N-A379G-
1381V-DEL-N513K

L50S-S188N-A379G-
1381V-DEL-N513K

L50S-S188N-A379G-
1381V-DEL-N513K

L50S-S188N-A379G-
1381V-DEL-N513K

L50S-S188N-A379G-
1381V-DEL-N513K

L50S-S188N-A379G-
1381V-DEL-N513K

L50S-S188N-A379G-
1381V-DEL-N513K

L50S-S188N-A379G-
I381V-DEL-S524T

L50S-S188N-A379G-
1381V-Y459D-S524T

L50S-V136A-S188N-
1381V-DEL-N513K

L50S-V136A-S188N-

DEL-S524T

L50S-V136A-S188N-

DEL-S524T

L50S-V136A-S188N-

DEL-S524T

L50S-V136A-S188N-

DEL-S524T

L50S-V136A-S188N-

DEL-S524T

L50S-V136A-S188N-

DEL-S524T

32

32

32

32

32

32

32

33

35

37

37

37

37

37

37

2011

2011

2011

2011

2011

2011

2012

2010

2010

2010

2009

2009

2010

2011

2011

2011

England
England

England

Rosemaund,
England

England

England

Rosemaund,
England

England

Rosemaund,
England

Harpenden,
England

England
England

England

Harpenden,
England
Harpenden,
England
Rosemaund,
England

0.238

0.426

0.436

1.52

0.128

0.0833

0.129

1.31

1.61

0.778

0.551

0.377

0.424

0.624

0.374

0.55

0.0148

0.0239

0.027

0.146

0.00929

0.0062

0.0115

0.189

0.0988

0.0667

0.101

21.6

19

20.4

5.93

421

18.4

17.4

14.4

0.00199

0.0499

0.019

0.0756

0.00187

0.00422

0.00097

0.0542

0.0569

0.969

1.9

1.21

0.747

0.56

0.383

1.32

3.72

6.53

3.5

17.3

3.4

2.6

4.47

19.6

15

0.391

0.391

1.18

0.311

0.166

0.0667

0.368
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TAG1-9
(10)
ROS41-
42 (11)
ROS65-
06(11)
ROS53-
18 (11)
29-6
(FN12)
34-10
(FA12)

B12 (V12)
4418
R2010-9
BAY2

BAY6

ROS9-
142-3
TAG74-
17

RBay16
ROpus11

RProl4

L50S-V136A-1381V-
Y461H-S524T
L50S-V136A-1381V-
Y461H-S524T
L50S-V136A-1381V-
Y461H-S524T
L50S-V136A-1381V-
Y461H-S524T
L50S-V136A-1381V-
Y461H-S524T
L50S-V136A-1381V-
Y461H-S524T
L50S-V136A-1381V-
Y461H-S524T
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H

40

40

40

40

40

40

40

42

42

42

42

42

42

42

42

42

2010

2011

2011

2011

2012

2012

2012

2007

2010

2010

2010

2010

2010

2011

2011

2011

England

Rosemaund,
England
Rosemaund,
England
Rosemaund,
England

Sutton Scotney,

England

Rosemaund,
England

England

UK

Harpenden,
England

England

England

Rosemaund,
England

England

Harpenden,
England
Harpenden,
England
Harpenden,
England

1.47

1.59

1.68

1.35

1.63

1.54

1.38

0.603

0.91

1.17

0.611

1.26

0.902

1.36

0.0847

0.397

0.299

0.192

0.285

0.239

0.103

0.272

0.373

0.132

0.206

0.0852

0.0828

19.1

8.21

9.89

23.1

28.6

20.1

19.3

18.4

21.8

10.8

0.71

0.178

0.553

0.163

0.132

0.219

0.253

0.257

0.263

0.581

0.571

0.132

0.584

0.417

0.0907

0.193

1.02

0.87

0.824

0.397

5.47

0.476

0.788

0.492

1.13

0.819

0.467

0.544

0.858

0.326

0.226

0.181
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RProl7
RProl15
RTrac24
R2011-1
R2011-3
R2011-6
R2011-37

R2011-46

B11-4
(11)
B11-6
(11)
B11-7
(11)
B11-8
(11)
B23-3
(11)
B23-5
(11)
B31-8
(11)
TAG33
(11)

L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H

42

42

42

42

42

42

42

42

42

42

42

42

42

42

42

42

2011

2011

2011

2011

2011

2011

2011

2011

2011

2011

2011

2011

2011

2011

2011

2011

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

Harpenden,
England

England
England
England
England
England
England
England

England

0.269

0.586

0.185

0.36

0.319

0.286

0.322

0.467

0.261

0.266

0.475

0.373

0.332

0.334

0.277

0.97

0.202

0.118

0.0751

0.147

0.141

0.0994

0.184

0.143

0.123

0.125

0.164

0.11

0.21

0.0876

0.17

0.29

9.17

7.09

7.18

0.158

0.193

0.0211

0.1

0.0658

0.0508

0.0503

0.0476

0.115

0.05

0.142

0.0603

0.113

0.111

0.0687

0.243

0.176

0.287

0.112

0.116

0.0404

0.0726

0.115

0.164

0.229

0.194

0.346

0.242

0.301

0.247

0.205

0.56
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ROS50(1
1)

SAC7(11)

ROSU37
(11)

B1-1(11)
B1-2 (11)
B5-3 (11)

B5-5 (11)

61-9
(FA12)
75-8

(FN12)

B1 (V12)

R2011-43

118-5
(FN12)
87-7
(FA12)
89-1
(FA12)
75-10
(FN12)
96-4
(FN12)

L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H
L50S-D134G-V136A-
1381V-Y461H-S524T
L50S-D134G-V136A-
1381V-Y461H-S524T
L50S-D134G-V136A-
1381V-Y461H-S524T
L50S-D134G-V136A-
1381V-Y461H-S524T
L50S-D134G-V136A-
1381V-Y461H-S524T
L50S-D134G-V136A-
1381V-Y461H-S524T

42

42

42

42

42

42

42

42

42

42

44

44

44

44

44

44

2011

2011

2011

2011

2011

2011

2011

2012

2012

2012

2011

2012

2012

2012

2012

2012

Rosemaund,
England

Scotland

Rosemaund,
England

England
England
England

England

Rosemaund,
England

Sutton Scotney,
England

England

Harpenden,
England

Sutton Scotney,
England
Rosemaund,
England
Rosemaund,
England

Sutton Scotney,
England

Sutton Scotney,
England

0.622

0.942

0.947

0.633

0.545

0.588

0.519

0.411

0.411

0.744

2.2

1.66

4.14

2.21

1.83

1.91

0.152

0.222

0.119

0.0941

0.0956

0.114

0.131

0.133

0.139

0.271

0.479

0.539

0.423

0.512

0.575

0.206

0.466

0.216

0.125

0.105

0.117

0.132

0.101

0.136

0.163

0.212

0.515

0.271

0.223

0.288

0.285

0.433

0.486

0.375

0.486

0.293

0.332

0.327

0.338

0.483

0.562

0.363

1.06

0.695

0.971

0.736

0.92
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19-2
(FN12)
16-10
(FN12)
29-6
(FN12)

R2014-5

TAG10(1
1)

44-15
(BR12)

87-6
(FA12)

B23 (V12)

T560.11

ROS33-
21 (11)

34-1
(FA12)

50-3
(FN12)

L50S-V136C-S188N-
1381V-Y461H-S524T

L50S-V136C-S188N-
1381V-Y461H-S524T

L50S-V136C-S188N-
1381V-Y461H-S524T

L50S-V136C-S188N-
1381V-Y461H-S524T

L50S-S188N-A379G-
1381V-DEL-N513K-
S524T
L50S-V136C-S188N-
A379G-I1381V-DEL-
S524T
L50S-V136C-S188N-
A379G-I1381V-DEL-
S524T
L50S-V136C-S188N-
A379G-I1381V-DEL-
S524T
L50S-V136C-S188N-
A379G-I1381V-DEL-
S524T
L50S-V136A-S188N-
A379G-I1381V-DEL-
S524T
L50S-V136A-S188N-
A379G-I1381V-DEL-
S524T
L50S-V136A-S188N-
A379G-1381V-DEL-
S524T

46

49

49

49

49

50

50

50

2012

2012

2012

2014

2011

2012

2012

2012

2012

2011

2012

2012

Sutton Scotney,
England

Sutton Scotney,
England

Sutton Scotney,
England
Harpenden,
England

England

Harpenden,
England

Rosemaund,
England

England

Rosemaund,
England

Rosemaund,
England

Sutton Scotney,
England
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2.18

1.63

0.634

1.37

6.32

2.73

2.78

5.26

5.1

1.63

1.56

0.147

0.103

0.103

0.0448

0.113

0.263

0.137

0.209

0.294

0.791

0.339

0.314

0.12

0.138

0.132

0.0529

0.074

0.0498

0.0484

0.035

0.0818

0.31

0.138

0.0466

4.72

4.68

5.47

3.08

5.55

14.1

15.4

11.8

28.4

1.79

11

0.645
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B22 (V12)

105-3
(LV12)

44-19
(BR12)

306-7
(LV12)

Al (V12)

A3 (V12)

A13 (V12)

L50S-V136A-S188N-
A379G-I1381V-DEL-
S524T
L50S-V136A-S188N-
A379G-1381V-DEL-
S524T

L50S-V136A-S188N-
A379G-1381V-DEL-
S524T

L50S-V136A-S188N-
A379G-1381V-DEL-
N513K-S524T

L50S-V136A-S188N-
A379G-1381V-DEL-
N513K-S524T

L50S-V136A-S188N-
A379G-1381V-DEL-
N513K-S524T
L50S-V136A-S188N-
A379G-1381V-DEL-
N513K-S524T

50

50

50

51

51

51

51

2012

2012

2012

2012

2012

2012

2012

England

England

Harpenden,
England

England

England

England

England

1.58

1.9

5.47

4.02

1.87

2.7

2.03

0.387

0.67

0.983

1.09

0.521

0.933

0.92

0.0592

0.133

0.484

0.142

0.0969

0.158

0.105

1.23

1.44

2.7

1.8

1.34

1.73

1.54
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Table 6.B.4: Relative haplotype frequencies and dose response parameters B;; used in modelling scenarios, and the mean ECso

values for each haplotype used to derive the field dose D;;  and dose response parameters. *Epoxiconazole; ®Prothioconazole;

°Prochloraz; “Tebuconazole. ®Prothio-desthio ECs estimated from prothioconazole ECs, for haplotypes for which there was no data

for prothio-desthio (highlighted in red text). "Prothioconazole D; i, €stimated from prothio-desthio ECso.

Haplotype

ID

2003
0.03571
0.05952
0.05952

0

0.2619

0.03571
0.05952

0
0.22619
0.09524

0

0

0
0.09524
0.03571

0
0.03571

0

0

2010

o O O O o

0
0.19802
0.0297
0.19802
0.0297
0
0
0
0.0297
0.0297
0
0.42574
0
0

2011

0

0

0
0.02083

0

0

0

0
0.20833

0
0.02083

0
0.02083

0

0
0.02083

0.5625
0
0

Frequencies used in modelling - year scenarios

2012
0
0
0
0
0.02

2013 2014 2015

0 0 0

0 0 0

0 0 0

0 0 0.03158
0.0297 0 0

0 0 0

0 0 0

0 0 0

0 0 0

0 0 0

0 0 0

0 0 0.03158

0 0.02913 0
0.10891 0.27184 0.36842

0 0 0

0 0 0
0.25743 0.17476 0.03158

0 0 0

0 0 0

2016

o

5

o

0.0375
0
0

2017

O O OO OO0 o o o o o o

0
0.39175
0
0
0.03093
0.03093
0

2018
0

O O O O O OO O o o o o

0.4

2019

o

o

0.02381
0
0.02381
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35
37
40
42
44
45
46
49
50
51

Haplotype
ID

O O O OO O o o o o

Epoxi®

0.054
0.048
0.091
0.184
0.158
0.115
0.162
0.085
0.234
0.088
0.027
0.480

0.0297 0 0
0 0 0.07
0 0 0.02

0.0297 0.125 0.27
0 0.02083 0
0 0 0
0 0 0
0 0 0
0 0 0
0 0 0.02

Mean ECs (ug/ml)
Prothio

Desthio® Prochl*
0.007 0.155
0.012 0.070
0.003 0.411
0.019 0.515
0.012 0.383
0.016 0.412
0.009 0.035
0.006 0.006
0.054 0.058
0.020 0.069
0.019 0.100
0.018 0.255

0
0.0297
0.0495

0.49505

Tebucod

1.477
1.185
0.730
0.136
0.286
0.085
2.604
1.355
2.562
2.214
0.015
0.062

0
0.07767
0.04854
0.36893

0
0.02913

0

0
0
0

Total

3
2
7
2
11
4
12
2
36
4
1
1

0
0.03158
0.05263
0.33684
0.05263
0.03158

0
0.03158

0

0

Epoxi?

3
2
7
2
11
4
12
2
36
4
1

0 0 0 0

0 0 0 0
0.0375 0 0.025 0
0.2625 0.25773 0.0625 0.27381

0 0.03093 0.1375 0.17857

0 0.16495 0.0625 0

0 0 0 0

0 0.06186 0.1125 0.20238
0.1125 0.03093 0.1375 0.02381

0 0 0.0625 0.02381

No. of isolates included in ECsp mean value

I;rgtt;l;ge Prothio®  Prochl®  Tebuco®

0 3 3 3

0 2 2 2

2 5 7 7

0 2 2 2

2 11 11 11

0 4 4 4

2 12 12 12

1 2 2 2

19 35 35 36

0 4 4 4

1 0 1 1

1 0 1 1

1
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26 0.480 0.019 0.068 1.883 4 4 3 2 4 4

27 0.968 0.115 0.245 14.319 23 23 16 11 23 23
28 0.156 0.016 0.397 0.114 5 5 3 5 5 5
29 0.180 0.015 0.220 0.737 3 3 3 2 3
32 0.428 0.029 0.021 5.918 48 48 29 36 48 48
33 1.310 0.115 0.054 19.600 1 1 0 1 1 1
34 1.610 0.189 0.057 15.000 1 1 1 1 1 1
35 0.778 0.110 0.969 0.391 1 1 0 1 1 1
37 0.483 0.089 1.020 0.414 6 6 3 5 6 6
40 1.520 0.252 0.315 1.406 7 7 7 1 7 7
42 0.564 0.141 0.184 0.359 35 35 29 12 35 35
44 2.325 0.467 0.299 0.791 6 6 6 0 6 6
45 1.739 0.099 0.111 4.488 4 4 4 0 4 4
46 1.370 0.113 0.074 5.550 1 1 1 0 1 1
49 4.273 0.226 0.054 17.425 4 4 4 0 4 4
50 2.873 0.581 0.195 1.484 6 6 6 0 6 6
51 2.655 0.866 0.125 1.603 4 4 4 0 4 4
Haplotype B Dy,
ID Epoxi@ Prothio® Prochl Tebuco? Epoxi@ Prothio® Prochlc Tebuco?®
3 2.036 2.929 1.464 0.723 0.395 0.272 0.549 1.112
4 2.112 2.762 1.877 0.775 0.381 0.325 0.428 1.038
6 1.730 3.145 1.079 0.901 0.465 0.180 0.745 0.892
7 1.388 2.520 1.006 1.525 0.579 0.390 0.799 0.527
9 1.455 2.748 1.102 1.209 0.552 0.329 0.729 0.665
10 1.609 2.619 1.078 1.768 0.500 0.364 0.746 0.455
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12
14
15
20
22
24
26
27
28
29
32
33
34
35
37
40
42
44
45
46
49
50
51

1.445
1.769
1.287
1.748
2.540
1.028
1.028
0.825
1.460
1.396
1.065
0.751
0.704
0.884
1.025
0.717
0.977
0.627
0.687
0.740
0.519
0.587
0.602

2.856
2972
1.775
2.503
2.536
2.567
2.525
1.178
2.613
2.655
2.264
1.178
0.832
1.208
1.375
0.666
1.025
0.397
1.286
1.188
0.726
0.327
0.227

2.339
3.952
1.995
1.883
1.678
1.252
1.897
1.268
1.091
1.312
2.748
2.033
2.002
0.825
0.812
1.172
1.387
1.192
1.626
1.844
2.038
1.362
1.563

0.605
0.743
0.609
0.637
3.038
1.949
0.670
0.355
1.612
0.899
0.468
0.322
0.350
1.096
1.076
0.734
1.125
0.879
0.511
0.478
0.334
0.722
0.705

0.556
0.454
0.625
0.460
0.316
0.782
0.782
0.974
0.551
0.576
0.755
1.071
1.142
0.910
0.784
1.122
0.823
1.281
1.170
1.086
1.550
1.369
1.336

0.296
0.257
0.580
0.394
0.386
0.378
0.389
0.771
0.366
0.354
0.455
0.771
0.934
0.759
0.700
1.042
0.835
1.318
0.731
0.767
0.999
1.432
1.668

0.344
0.203
0.403
0.427
0.479
0.642
0.424
0.634
0.737
0.613
0.293
0.395
0.401
0.974
0.990
0.686
0.580
0.675
0.494
0.436
0.394
0.590
0.514

1.327
1.082
1.321
1.262
0.265
0.412
1.199
2.262
0.499
0.894
1.716
2.496
2.296
0.734
0.747
1.095
0.714
0.914
1.574
1.682
2.406
1.113
1.140
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Appendix 6.C: Lande’s model of the effect of genetic
variance on the rate of selection

Lande (1975, 1976, 1979) developed a model for the selection of a phenotypic
character of individuals of a population that is under the control of a large number
of genes. This model can also apply to a character, Z, that is the result of a large
number of changes in one gene, as is the case for azole resistance. The model
shows that the change in the numerical value of the character, AZ, over one

generation is the product of the genetic variance, G, and the selection gradient, Vr:
AZ =GVr (6.C.1)

For the case described here, Z is the average EDsg of the pathogen population to
an azole fungicide, which changes over time due to selection through application
of the azole. Vr, the selection gradient, is the change in the average population

growth rate caused by a change in the EDso of the population.

Although Lande’s model can be applied to the evolution of azole resistance, it does
not explicitly account for the effects of dose decay on differences in haplotype
growth rates over time. The population genetic model that we have introduced here
models dose decay explicitly, giving greater flexibility to model a wide range of
azole programmes. However, in combination with Fisher’s (1930) classic text,
Lande’s model provides a useful insight of the role of genetic variance in driving

the rate of selection.
References

Fisher, R.A. (1930). The genetical theory of natural selection. Clarendon
Press. https://doi.org/10.5962/bhl.title.27468

Lande, R. (1975). The maintenance of genetic variability by mutation in a
polygenic character with linked loci. Genetic Research 26: 221-235.
Lande, R. (1976). Natural selection and random genetic drift in phenotypic
evolution. Evolution 30: 314-334.

Lande, R. (1979). Quantitative genetic analysis of a multivariate evolution,
applied to brain: body size allometry. Evolution 33: 402-416.

346



Appendix 6.D: Further details on model results

Table 6.D.1: Model results and generalized linear model inputs for each combination of solo or mixture application scenario and

starting haplotype composition scenario.

Year

2003
2003
2003
2003
2003
2003
2003
2003
2003
2003
2003
2003
2003
2003
2003
2010
2010
2010
2010
2010
2010
2010
2010

Fungicide programme

Epoxiconazole
Prochloraz
Prothioconazole
Tebuconazole
EpoxiProchlMix
EpoxiProthioMix
EpoxiTebucoMix
ProchITebucoMix
ProthioProchIMix
ProthioTebucoMix
EpoxiProchlTebucoMix
EpoxiProthioProchIMix
EpoxiProthioTebucoMix
ProthioProchlTebucoMix
FourWayMix
Epoxiconazole
Prochloraz
Prothioconazole
Tebuconazole
EpoxiProchIMix
EpoxiProthioMix
EpoxiTebucoMix
ProchlTebucoMix

Number
of azoles
1

NNNNRFPRPRPPEPPREOWWWWDNDNDNDNDNDDNDLERELPRELEPER

Ar

0.0421
0.0467
0.0975
0.0488
0.0253
0.0706
0.0462
0.0383
0.0771
0.0186
0.0227
0.0389
0.0650
0.0399
0.0400
0.0169
0.1379
0.0853
0.0140
0.0533
0.0408
0.0134
0.0925

S(T)

0.0349
0.0329
0.0197
0.0681
0.0325
0.0253
0.0462
0.0416
0.0232
0.0322
0.0387
0.0262
0.0328
0.0304
0.0313
0.0416
0.0203
0.0209
0.0864
0.0269
0.0280
0.0571
0.0334

CCy

1.0000
1.0000
1.0000
1.0000
-0.0086
0.8909
0.7522
-0.5027
-0.1874
0.8375
0.0803
0.2316
0.8269
0.0492
0.2970
1.0000
1.0000
1.0000
1.0000
0.2538
0.6094
0.4694
-0.5644

ccy

1.0000
1.0000
1.0000
1.0000
-0.0766
0.8693
0.7331
-0.5407
-0.0397
0.7508
0.0386
0.2510
0.7844
0.0568
0.2827
1.0000
1.0000
1.0000
1.0000
0.5871
0.8632
0.3027
-0.3694

cc,

1.0000
1.0000
1.0000
1.0000
-0.2909
0.6545
0.5545
-0.7727
-0.2818
0.4455
-0.1697
0.0273
0.5515
-0.2030
0.0515
1.0000
1.0000
1.0000
1.0000
0.5167
0.8667
0.2833
-0.4167

fstart

0.5850
0.5994
0.6923
0.4388
0.5976
0.6477
0.5262
0.5453
0.6594
0.6045
0.5610
0.6383
0.5994
0.6108
0.6051
0.5456
0.6887
0.6809
0.3670
0.6346
0.6268
0.4730
0.5913



2010
2010
2010
2010
2010
2010
2010

2011
2011
2011
2011
2011
2011
2011
2011
2011
2011
2011
2011
2011
2011
2011
2012
2012
2012
2012
2012

ProthioProchIMix
ProthioTebucoMix
EpoxiProchlTebucoMix
EpoxiProthioProchIMix
EpoxiProthioTebucoMix
ProthioProchlTebucoMix
FourWayMix

Epoxiconazole
Prochloraz
Prothioconazole
Tebuconazole
EpoxiProchlMix
EpoxiProthioMix
EpoxiTebucoMix
ProchlTebucoMix
ProthioProchIMix
ProthioTebucoMix
EpoxiProchlTebucoMix
EpoxiProthioProchIMix
EpoxiProthioTebucoMix
ProthioProchlTebucoMix
FourWayMix
Epoxiconazole
Prochloraz
Prothioconazole
Tebuconazole
EpoxiProchIMix

NFPPFRPPFPPEREOWWWWNDNDNMNDNDNNREPRPRPEPEP PARWWWWDNDN

0.0263
0.0266
0.0186
0.0586
0.0202
0.0396
0.0303
0.0137
0.0927
0.2016
0.0218
0.0391
0.0792
0.0108
0.1062
0.0248
0.0138
0.0096
0.0698
0.0192
0.0372
0.0288
0.0116
0.0987
0.1788
0.0387
0.0429

0.0201
0.0353
0.0355
0.0244
0.0370
0.0278
0.0303

0.0452
0.0207
0.0256
0.0837
0.0281
0.0320
0.0587
0.0328
0.0223
0.0378
0.0360
0.0267
0.0399
0.0292
0.0320
0.0502
0.0279
0.0347
0.0798
0.0349

0.6557
-0.1559
0.0529
0.5063
0.3077
-0.0215
0.2113

1.0000
1.0000
1.0000
1.0000
0.0718
0.6909
0.1308
-0.9262
0.5964
-0.4874
-0.2412
0.4530
0.1114
-0.2724
0.0127
1.0000
1.0000
1.0000
1.0000
0.3154

0.6017
0.0302
0.1735
0.6840
0.3987
0.0875
0.3359

1.0000
1.0000
1.0000
1.0000
0.1693
0.8661
0.3403
-0.6690
0.3449
-0.0400
-0.0531
0.4601
0.3888
-0.1213
0.1686
1.0000
1.0000
1.0000
1.0000
-0.0120

0.5500
0.0500
0.1278
0.6444
0.4000
0.0611
0.3083

1.0000
1.0000
1.0000
1.0000
0.0000
0.8095
0.4286
-0.6667
0.0238
0.3095
-0.0794
0.2778
0.5159
-0.1111
0.1508
1.0000
1.0000
1.0000
1.0000
0.0000

0.6869
0.5808
0.5784
0.6524
0.5702
0.6276
0.6109

0.5269
0.6841
0.6525
0.3806
0.6259
0.6030
0.4669
0.5937
0.6713
0.5663
0.5747
0.6366
0.5545
0.6179
0.5996
0.5023
0.6378
0.5991
0.3962
0.5863

0.0107
0.0112
0.0112
0.0107
0.0112
0.0112
0.0112

0.0079
0.0049
0.0213
0.0167
0.0079
0.0213
0.0167
0.0167
0.0213
0.0213
0.0167
0.0213
0.0213
0.0213
0.0213
0.0046
0.0068
0.0274
0.0093
0.0068
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2012
2012
2012
2012
2012
2012
2012
2012
2012
2012
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2014
2014

EpoxiProthioMix
EpoxiTebucoMix
ProchITebucoMix
ProthioProchIMix
ProthioTebucoMix
EpoxiProchlTebucoMix
EpoxiProthioProchlMix
EpoxiProthioTebucoMix
ProthioProchlTebucoMix
FourWayMix
Epoxiconazole
Prochloraz
Prothioconazole
Tebuconazole
EpoxiProchIMix
EpoxiProthioMix
EpoxiTebucoMix
ProchlTebucoMix
ProthioProchIMix
ProthioTebucoMix
EpoxiProchlTebucoMix
EpoxiProthioProchlMix
EpoxiProthioTebucoMix
ProthioProchlTebucoMix
FourWayMix
Epoxiconazole
Prochloraz

P P A WWWWDNDNDNDNDNMNNPEPPRPEPEPREROWWWWDNMDNDNDNDNDNDDN

0.0690
0.0161
0.0705
0.0434
0.0368
0.0239
0.0521
0.0300
0.0423
0.0340
0.0082
0.0503
0.0515
0.0603
0.0244
0.0288
0.0217
0.0405
0.0254
0.0281
0.0185
0.0305
0.0187
0.0278
0.0225
0.0075
0.0485

0.0398
0.0605
0.0387
0.0298
0.0443
0.0417
0.0341
0.0459
0.0361
0.0387
0.0523
0.0311
0.0401
0.0697
0.0385
0.0445
0.0581
0.0403
0.0345
0.0465
0.0435
0.0386
0.0482
0.0394
0.0419
0.0547
0.0342

0.7907
0.1048
-0.5166
0.3046
-0.2813
-0.0321
0.4702
0.2047
-0.1644
0.1196
1.0000
1.0000
1.0000
1.0000
0.2995
0.6820
0.2464
-0.4652
0.6337
-0.4916
0.0269
0.5384
0.1456
-0.1077
0.1508
1.0000
1.0000

0.8605
0.1970
-0.4669
-0.0963
-0.0570
-0.0940
0.2507
0.3335
-0.2067
0.0709
1.0000
1.0000
1.0000
1.0000
-0.1804
0.8084
0.4768
-0.5496
0.1492
-0.0087
-0.0844
0.2590
0.4255
-0.1364
0.1159
1.0000
1.0000

0.9524
0.2381
-0.5952
0.0000
0.0714
-0.1190
0.3175
0.4206
-0.1746
0.1111
1.0000
1.0000
1.0000
1.0000
-0.1429
0.8571
0.3929
-0.5357
-0.0714
0.1786
-0.0952
0.2143
0.4762
-0.1429
0.1131
1.0000
1.0000

0.5606
0.4591
0.5632
0.6228
0.5346
0.5458
0.5927
0.5248
0.5795
0.5635
0.4926
0.6121
0.5629
0.4350
0.5644
0.5341
0.4701
0.5536
0.5912
0.5223
0.5357
0.5653
0.5131
0.5598
0.5454
0.4816
0.5925

0.0274
0.0093
0.0093
0.0274
0.0274
0.0093
0.0274
0.0274
0.0274
0.0274
0.0032
0.0072
0.0109
0.0118
0.0072
0.0109
0.0118
0.0118
0.0109
0.0118
0.0118
0.0109
0.0118
0.0118
0.0118
0.0018
0.0070
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2014
2014
2014
2014
2014
2014
2014
2014
2014
2014
2014
2014
2014
2015
2015
2015
2015
2015
2015
2015
2015
2015
2015
2015
2015
2015
2015

Prothioconazole
Tebuconazole
EpoxiProchlMix
EpoxiProthioMix
EpoxiTebucoMix
ProchlTebucoMix
ProthioProchIMix
ProthioTebucoMix
EpoxiProchlTebucoMix
EpoxiProthioProchlMix
EpoxiProthioTebucoMix
ProthioProchlTebucoMix
FourWayMix
Epoxiconazole
Prochloraz
Prothioconazole
Tebuconazole
EpoxiProchlMix
EpoxiProthioMix
EpoxiTebucoMix
ProchlTebucoMix
ProthioProchIMix
ProthioTebucoMix
EpoxiProchlTebucoMix
EpoxiProthioProchIMix
EpoxiProthioTebucoMix
ProthioProchlTebucoMix

W WWWMNDNDNNDNNPEPRPRPPPEPPARWOWWWWDNDNDNDNDNDDNDDNLERELPRE

0.0421
0.0532
0.0199
0.0218
0.0224
0.0295
0.0246
0.0290
0.0194
0.0220
0.0177
0.0232
0.0190
0.0148
0.0182
0.0711
0.0614
0.0071
0.0330
0.0302
0.0202
0.0276
0.0217
0.0145
0.0156
0.0234
0.0157

0.0407
0.0784
0.0416
0.0460
0.0631
0.0456
0.0366
0.0504
0.0481
0.0409
0.0516
0.0430
0.0453
0.0588
0.0371
0.0479
0.0792
0.0452
0.0520
0.0656
0.0490
0.0405
0.0562
0.0515
0.0451
0.0568
0.0472

1.0000
1.0000
0.2866
0.5475
0.4441
-0.2224
0.5118
-0.3423
0.1695
0.4486
0.2164
-0.0176
0.2042
1.0000
1.0000
1.0000
1.0000
-0.1991
0.6567
0.4665
-0.1606
0.0536
-0.1330
0.0356
0.1704
0.3301
-0.0800

1.0000
1.0000
0.0707
0.6406
0.2711
-0.4365
0.4352
-0.2226
-0.0316
0.3822
0.2297
-0.0747
0.1264
1.0000
1.0000
1.0000
1.0000
-0.3712
0.7134
0.5928
-0.6145
0.0153
0.1089
-0.1310
0.1192
0.4717
-0.1634

1.0000
1.0000
0.4286
0.7143
0.0000
-0.4286
0.5714
-0.2857
0.0000
0.5714
0.1429
-0.0476
0.1667
1.0000
1.0000
1.0000
1.0000
-0.2485
0.8303
0.5636
-0.6000
-0.0545
0.4424
-0.0949
0.1758
0.6121
-0.0707

0.5566
0.4047
0.5472
0.5250
0.4503
0.5277
0.5773
0.5044
0.5142
0.5516
0.4975
0.5405
0.5278
0.4656
0.5701
0.5223
0.4068
0.5260
0.4981
0.4429
0.5104
0.5523
0.4811
0.4974
0.5277
0.4769
0.5185

0.0101
0.0087
0.0070
0.0101
0.0087
0.0087
0.0101
0.0101
0.0087
0.0101
0.0101
0.0101
0.0101
0.0048
0.0061
0.0189
0.0183
0.0061
0.0189
0.0183
0.0183
0.0189
0.0189
0.0183
0.0189
0.0189
0.0189
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2015
2016
2016
2016
2016
2016
2016
2016
2016
2016
2016
2016
2016
2016
2016
2016
2017
2017
2017
2017
2017
2017
2017
2017
2017
2017
2017

FourWayMix
Epoxiconazole
Prochloraz
Prothioconazole
Tebuconazole
EpoxiProchlMix
EpoxiProthioMix
EpoxiTebucoMix
ProchlTebucoMix
ProthioProchIMix
ProthioTebucoMix
EpoxiProchlTebucoMix
EpoxiProthioProchlMix
EpoxiProthioTebucoMix
ProthioProchlTebucoMix
FourWayMix
Epoxiconazole
Prochloraz
Prothioconazole
Tebuconazole
EpoxiProchIMix
EpoxiProthioMix
EpoxiTebucoMix
ProchlTebucoMix
ProthioProchIMix
ProthioTebucoMix
EpoxiProchlTebucoMix

W NDNDNDNNNPEPPRPPEPREWOWWWWDNDNMNMNMNMDNDNNERPPREPES

0.0141
0.0107
0.0060
0.1034
0.0372
0.0055
0.0435
0.0150
0.0165
0.0198
0.0165
0.0106
0.0146
0.0166
0.0103
0.0101
0.0139
0.0144
0.0809
0.0347
0.0065
0.0304
0.0188
0.0180
0.0197
0.0182
0.0101

0.0496
0.0612
0.0364
0.0537
0.0921
0.0460
0.0561
0.0721
0.0531
0.0423
0.0629
0.0552
0.0473
0.0622
0.0510
0.0533
0.0638
0.0335
0.0489
0.0928
0.0441
0.0546
0.0745
0.0500
0.0391
0.0612
0.0535

0.1140
1.0000
1.0000
1.0000
1.0000
0.3087
0.8777
0.0866
0.3086
0.0537
-0.3763
0.2346
0.4134
0.1960
-0.0047
0.2099
1.0000
1.0000
1.0000
1.0000
-0.3435
0.5075
0.3586
-0.0321
0.1522
-0.2544
-0.0057

0.0741
1.0000
1.0000
1.0000
1.0000
0.5745
0.9457
-0.2002
-0.2182
0.4306
-0.4007
0.0520
0.6502
0.1149
-0.0628
0.1886
1.0000
1.0000
1.0000
1.0000
0.1645
0.6392
0.1447
-0.5343
0.5698
-0.4751
-0.0750

0.1556
1.0000
1.0000
1.0000
1.0000
0.7000
0.9000
-0.1000
0.0000
0.5000
-0.5000
0.2000
0.7000
0.1000
0.0000
0.2500
1.0000
1.0000
1.0000
1.0000
0.1905
0.7143
0.0952
-0.5238
0.5000
-0.3333
-0.0794

0.5068
0.4550
0.5726
0.4990
0.3582
0.5218
0.4805
0.4152
0.4914
0.5423
0.4504
0.4808
0.5170
0.4522
0.4992
0.4891
0.4454
0.5904
0.5157
0.3552
0.5314
0.4853
0.4075
0.5050
0.5591
0.4568
0.4880

0.0189
0.0028
0.0048
0.0222
0.0086
0.0048
0.0222
0.0086
0.0086
0.0222
0.0222
0.0086
0.0222
0.0222
0.0222
0.0222
0.0032
0.0039
0.0196
0.0101
0.0039
0.0196
0.0101
0.0101
0.0196
0.0196
0.0101
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2017
2017
2017
2017
2018
2018
2018
2018
2018
2018
2018
2018
2018
2018
2018
2018
2018
2018
2018
2019
2019
2019
2019
2019
2019
2019
2019

EpoxiProthioProchlMix
EpoxiProthioTebucoMix
ProthioProchlTebucoMix
FourWayMix
Epoxiconazole
Prochloraz
Prothioconazole
Tebuconazole
EpoxiProchlMix
EpoxiProthioMix
EpoxiTebucoMix
ProchlTebucoMix
ProthioProchIMix
ProthioTebucoMix
EpoxiProchlTebucoMix
EpoxiProthioProchlMix
EpoxiProthioTebucoMix
ProthioProchlTebucoMix
FourWayMix
Epoxiconazole
Prochloraz
Prothioconazole
Tebuconazole
EpoxiProchlMix
EpoxiProthioMix
EpoxiTebucoMix
ProchlTebucoMix

N NMNNNRFPPFRPPPPROWWWDNDNDMNMNDMNMNDNDNREPRPRERPPRPEPRAEWWOW

0.0119
0.0166
0.0101
0.0084
0.0113
0.0119
0.0814
0.0292
0.0048
0.0369
0.0105
0.0232
0.0145
0.0113
0.0034
0.0161
0.0127
0.0055
0.0051
0.0198
0.0211
0.0729
0.0490
0.0101
0.0342
0.0280
0.0279

0.0449
0.0619
0.0481
0.0512
0.0721
0.0353
0.0743
0.0946
0.0478
0.0710
0.0799
0.0524
0.0465
0.0746
0.0571
0.0528
0.0736
0.0549
0.0584
0.0692
0.0333
0.0666
0.0865
0.0448
0.0665
0.0750
0.0473

0.1054
0.2039
-0.0448
0.0647
1.0000
1.0000
1.0000
1.0000
-0.6009
0.6119
-0.1840
-0.2254
-0.0613
-0.6543
-0.3368
-0.0167
-0.0755
-0.3137
-0.1857
1.0000
1.0000
1.0000
1.0000
-0.4388
0.5267
0.4439
-0.4528

0.4578
0.1029
-0.1466
0.0848
1.0000
1.0000
1.0000
1.0000
-0.5103
0.5027
0.3069
-0.5047
0.0019
-0.3817
-0.2361
-0.0019
0.1426
-0.2948
-0.0975
1.0000
1.0000
1.0000
1.0000
0.1358
0.6228
0.1211
-0.5085

0.4683
0.1587
-0.1190
0.1071
1.0000
1.0000
1.0000
1.0000
-0.4286
0.5476
0.4286
-0.5476
0.2143
-0.2857
-0.1825
0.1111
0.2302
-0.2063
-0.0119
1.0000
1.0000
1.0000
1.0000
0.0952
0.8095
0.2381
-0.5476

0.5281
0.4534
0.5123
0.4978
0.4134
0.5797
0.4249
0.3456
0.5130
0.4238
0.3862
0.4928
0.5218
0.4055
0.4709
0.4916
0.4084
0.4806
0.4659
0.4262
0.5933
0.4473
0.3783
0.5282
0.4398
0.4077
0.5174

0.0196
0.0196
0.0196
0.0196
0.0021
0.0017
0.0176
0.0083
0.0021
0.0176
0.0083
0.0083
0.0176
0.0176
0.0083
0.0176
0.0176
0.0176
0.0176
0.0034
0.0038
0.0252
0.0100
0.0038
0.0252
0.0100
0.0100
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2019 ProthioProchIMix 2 0.0239 0.0436 0.1819 0.3639 0.2857 0.5368 0.0252
2019 ProthioTebucoMix 2 0.0177 0.0691 -0.3078  -0.4782  -0.2143 0.4284 0.0252
2019 EpoxiProchlTebucoMix 3 0.0090 0.0524  -0.1492  -0.0839  -0.0714  0.4923 0.0100
2019 EpoxiProthioProchIMix 3 0.0191 0.0496 0.0899 0.3742 0.3968 0.5069 0.0252
2019 EpoxiProthioTebucoMix 3 0.0222 0.0690 0.2209 0.0886 0.2778 0.4278 0.0252
2019 ProthioProchlTebucoMix 3 0.0107 0.0505 -0.1929  -0.2076  -0.1587 0.5013 0.0252
2019 FourWayMix 4 0.0100 0.0541 -0.0078 0.0428 0.1111 0.4851 0.0252
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6.D.1 Further details on generalised linear models of Ar

There were significant interactions between the number of azoles and the fitted
generalised linear model (GLM) coefficients for fi,« and Var;,  (Tables 6.D.2,
6.D.3). The percentage of the variance in A7 explained by fe.+ a@s an individual
variable increased with the number of azoles included in the mixture (Table 6.D.4).
For 2-azole programmes, there was no significant correlation between the
explanatory variables, but for 4-azole programmes, f;..r« Was positively correlated

with cc,, (Spearman’s correlation, rs (9) = 0.63, p=0.039).

Table 6.D.2: Accumulated analysis of variance for a generalised linear model of A7

with a log link function for two and three-azole mixture programmes.

Variable df. s.s. m.s. V.I. F pr.
CCw 1 0.01483 0.01483 253.08 <.001
fetart 1 0.01367 0.01367 233.26 <.001
Varj, 1 0.00346 0.00346 59.04 <.001
2vs.3azoles 1 0.00092 0.00092 15.64 <.001

—_—

3 azoles * fiart 0.00047 0.00047 7.96  0.031
Residual 104  0.00609  0.00006
Total 109 0.03943  0.00036

Table 6.D.3: Accumulated analysis of variance for a generalised linear model of A7

with a log link function for 2-azole mixture programmes and solo azole

programmes.
Variable df. s.s. m.s. V.I. F pr.
CCw 1 0.01983 0.01983 99.82 <.001
fetart 1 0.03340 0.03340 168.15 <.001
Var;, 1 0.04274  0.04274 215.16 <.001
2 azoles vs. solo 1 0.00219  0.00219 11.00 0.001
Solo * Var;,, 1 0.00460 0.00460 23.17 <.001
Residual 104 0.02066 0.00020
Total 109 0.12343 0.00113
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Table 6.D.4: Percentage variance in Ar of 1, 2, 3 and 4-azole programmes

explained by individual variables in generalised linear models (GLMs) with a log-

link function, with only one explanatory variable per GLM. 'Cross-resistance is not

an informative term for 1-azole programmes, as the cross-resistance of an azole

with itself is always equal to 1. 2NS denotes variables for which there was no

significant correlation (F-test). All other variables shown were significant.

Number of azoles Explanatory
in programme variable

CCw
3
1 Va rj Max

2fstart

CCw

o7
2 fstart
3 ,
Var-]Max

CCw

4 fstart
VarjMax

% variance explained as

IN/A
43.3
24.8
35.7
48.2
7.6
37.1
65.1
0.0 (®NS)

single variate

28.9 (°NS: p=0.051)

80.1
0.0 (®NS)

The accumulated analysis of variance tables for GLMs of A7 for solo azoles, two-

way, three-way and four-way mixtures are shown in Tables 6.D.5, 6.D.6, 6.D.7 and

6.D.8 respectively, and a comparison of the GLM fitted values and simulation

model values of Ar for solo azoles is shown in Figure 6.D.1.

Table 6.D.5: Accumulated analysis of variance for a generalised linear model of A7
with a log link function for solo azole programmes.

Variable d.f. S.S.

Var;, 1 0.03771
fetart 1 0.03083
Residual 41 0.01607
Total 43 0.08460

m.s.

0.03771
0.03083
0.00039
0.00197

V.I.
96.24

78.67

F pr.
<.001
<.001
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Table 6.D.6: Accumulated analysis of variance for a generalised linear model of A7

with a log link function for two-azole mixture programmes.

Variable
CCw
fstart
VarjMax

Residual
Total

d.f.

1
1
1
62
65

S.S.

0.01025
0.00980
0.00338
0.00454
0.02797

m.s.

0.01025
0.00980
0.00338
0.00007
0.00043

V.I.
139.96
133.74
46.19

F pr.
<.001
<.001
<.001

Table 6.D.7: Accumulated analysis of variance for a generalised linear model of A7

with a log link function for three-azole mixture programmes.

Variable
CCw
fstart
Varj Max
Residual
Total

d.f.

S.S.

0.00393
0.00409
0.00065
0.00152
0.01019

m.s.

0.00393
0.00409
0.00065
0.00004
0.00024

V.I.
103.77
108.09
17.24

F pr.
<.001
<.001
<.001

Table 6.D.8: Accumulated analysis of variance for a generalised linear model of A7

with a log link function for four-azole mixture programmes.

Variable
CCw
fstart
Varj Max
Residual
Total

d.f.

1
1

S.S.
0.00050
0.00067
0.00010
0.00011
0.00138

m.s.

0.00050
0.00067
0.00010
0.00002
0.00014

V.I.
30.59
41.43
6.00

F pr.
<.001
0.006
0.044
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Figure 6.D.1: Comparison of epidemiological model values vs. GLM fitted values
of Ar for solo azole applications (denoted as black circle); solid black line denotes

1:1 line.

The cross-resistance of an azole with itself is always equal to 1. Using a value of
ccw=1, the fitted parameter values for 2-azole mixtures (Table 6.6) were a
moderately good predictor for the rank order of the Ar values of solo azole
programmes (Spearman’s correlation, rs (42) = 0.57, p<.001), but there was a
tendency to underpredict the highest Ar values. The GLM fitted for solo azole
programmes was a better predictor of the rank order of the Ar values of solo azole

programmes (Spearman’s correlation, rs (42) = 0.71, p<.001).
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Appendix 6.E: Offprint of Corkley et al. (2023)

In the following short paper, | describe a modelling comparison of the use of
alternations, mixtures and mosaics of azole active substances with incomplete
cross-resistance, using the model described in Chapter 6. This paper was
published in the Proceedings of the Reinhardsbrunn Symposium: In: Deising HB;
Fraaije B; Mehl A; Oerke EC; Sierotzki H; Stammler G (Eds), "Modern Fungicides
and Antifungal Compounds", Vol. X, pp. 291-296. © 2023. Deutsche
Phytomedizinische Gesellschaft, Braunschweig, ISBN: 978-3-941261-17-4.

Modelling resistance management benefits of diversity within a
fungicidal mode of action with incomplete cross-resistance: the azoles

example

Corkley I**®, van den Bosch F?, Fraaije BA3, Shaw MW*, Helps J°, Mikaberidze
A% Milne AE®, Paveley ND?

LADAS Wolverhampton, Unit 14 Newton Court, Wolverhampton, WV9 5HB, UK.
2ADAS High Mowthorpe, Duggleby, Malton, North Yorkshire, YO17 8BP, UK. *BU
Biointeractions and Plant Health, Wageningen Plant Research, Wageningen
University and Research, Wageningen, The Netherlands. *School of Agriculture,
Policy and Development, University of Reading, Reading, UK. °Rothamsted
Research, Harpenden, Hertfordshire, AL5 2JQ, UK

6.E.1 Introduction

The resistance management benefits of having multiple fungicidal modes-of-action
(MoA) available for disease control are well established. These include enabling
the use of mixtures and alternation of fungicides with different MoA, and
overcoming practical disease control constraints caused by limiting the number of
applications of each MoA, which are proven tactics for slowing pathogen evolution
(van den Bosch et al., 2014; Corkley et al., 2022). Resistance management tactics
employing more than one MoA work as there is generally little cross-resistance
between MOA, i.e. a high resistance factor to one MoA is not usually correlated
with a high level of resistance to a second MoA. Strains with a high resistance
factor to one MoA are therefore controlled by the other MoA, resulting in similar
population growth rates for both resistant and sensitive strains, reducing the

strength of selection for resistance and providing effective disease control.

358



The resistance management benefits of having a range of active substances within
a MoA are not known. The benefits will depend on the degree of cross-resistance.
If cross-resistance is close to complete, then mixtures and alternation are the
equivalent of mixing the same product with itself and thus confer no benefit to
resistance management (Oliver, 2016). If cross-resistance is weak, then the
benefits of active substance diversity within a MoA would be close to the benefits
of diversity between MoA. Azole fungicides in the demethylation inhibitor (DMI)

group present a case between these extremes: incomplete cross-resistance.

Azole fungicides inhibit the activity of sterol 14a-demethylase (CYP51). A diverse
range of CYP51 mutations associated with resistance to azole fungicides have
been recorded, with resistance factors varying between azole compounds (Cools
et al., 2013; Fraaije et al., 2007; Leroux et al., 2007). Differential control and shifts
in the frequency of CYP51 mutations and azole sensitivity have been observed
depending on which azole(s) are applied (Fraaije et al., 2007; Stilgenbauer et al.,
2023; Dooley et al., 2015; Jgrgensen et al., 2018).

Many CYP51 variants are now known, each with different combinations of CYP51
mutations. We refer to the haploid genotype of singular CYP51 variants as the
‘haplotype’. A few key CYP51 haplotypes typically make up a high proportion of
the Z. tritici population in any season (Huf et al., 2018). The laboratory sensitivities
of these key haplotypes to contrasting azoles are known (Cools et al., 2011; Huf
et al., 2018), and recent analysis of long-term datasets has related laboratory to
field sensitivities (Blake et al., 2018), enabling parameterisation of the field

sensitivities of haplotypes for a population genetic approach.

Applying a population genetic approach to azole fungicides and CYP51 haplotypes

as a case study, we investigate:

¢ What is the resistance management benefit of mixture, mosaic or alternation
within the same mode of action?

e What is the benefit of additional active substances within a mode of action
(‘azole diversity’)?

6.E.2 Methods

We developed a population genetic model that explicitly models the growth of

individual haplotypes and fungicide dose decay, enabling simulation of a wide
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range of fungicide programmes, including mixture, alternation and mosaic

programmes using two or more azoles.

Each haplotype has its own population growth rate under an azole fungicide
treatment regime, leading to changes in the frequencies of haplotypes when an
azole is applied, with selection for haplotypes that have a larger growth rate than
the population average. Considering the growth rate and frequency of all
haplotypes over time enables calculation of changes to the average epidemic
growth rate of the entire pathogen population, r, a value with greater relevance to
the grower than individual haplotype dynamics, since the total pathogen population

determines the level of damage to the crop.

Since fungicide applications select for strains with the highest growth rates, over
time they will lead to an increase in the total pathogen population’s growth rate.
Resistance management will therefore aim at minimising the increase in the total
pathogen population’s growth rate, . We calculate the change in ¥ from one year
to the next as a measure of selection for fungicide resistance. Denoting the growth

rate of the pathogen population in year n by 7, the rate of resistance development

is measured as A7 = r"*;—_r" (D).
n

Azole fungicides affect pathogen fitness by targeting the CYP51 enzyme, binding
to it and inhibiting conversion of lanosterol to ergosterol, reducing the ergosterol
production rate, therefore lowering the fungal population growth rate. For the
purpose of modelling the application of azole fungicides, we assume that the only
process varying between CYP51 haplotypes is the ergosterol production rate. We
can therefore calculate a haplotype’s population growth rate as affected by azole
fungicides at any point in time from Hill's equation (Hill, 1913) as used in enzyme
kinetics studies and as a dose response curve in fungicide resistance models
(Mikaberidze et al., 2017), generalised here to mixtures of azoles:
To

- (2)
Jjmax
i=1 BijDj

T, =

o1+
where 1; is the population growth rate of fungal haplotype j, 1, is the growth rate
of all haplotypes when no fungicide is applied, D; is the dose of azole j and B;;
describes the effect of azole j on the growth rate of haplotype i. The dose D; follows

first-order dissipation kinetics.
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The value of B;; was parameterised for each of 116 haplotype-azole combinations
(29 haplotypes and 4 azoles: epoxiconazole, prothioconazole, prochloraz and
tebuconazole) using in vitro ECsy dose response measurements (Bart Fraaije,
pers. comm.), converted to field-EDso values using the relationships reported in
Blake et al. (2018). We estimated foliar half-life as 7.5 days for all azole fungicides,
and ry as 0.1173 (Hobbelen et al., 2011; te Beest et al., 2009).

The initial frequency of each Z. tritici haplotype was estimated from isolates
sampled in fields around Rothamsted Research, UK in each of the years 2003 and
2010-2019 (Bart Fraaije, pers. comm.). Simulations were run for a two-year period
using the starting haplotype compositions from each year, to represent realistic
scenarios. Five azole application scenarios were modelled (Table 6.E.1): solo
application, mosaics, mixtures, alternation within a growing season and alternation
between years, with multiple combinations of up to four azoles and total azole dose
kept constant across all scenarios. Ascospores were assumed to mix fully at the

end of the season.

Table 6.E.1: Application scenarios for two-azole programmes. 1.0 j; denotes a full

label dose of azole 1. Area is split equally between each azole in mosaic

programmes.

Application scenario Spray 1 Spray 2
Mixture 05j1+05)2 05j1+0.5]);
Alternation (within-year) 10 1.0}
Alternation (betweenyears) Yearl 1.0j: 1.0jx

Year2 1.0}, 1.0}
Mosaic Areal 1.0j; 1.0jx

Area2 1.0} 1.0}

6.E.3 Results and Discussion

The model showed that within-MoA active substance diversity benefits resistance
management for azole fungicides. Mixtures, alternations and mosaics are all useful
ways to deploy within-MoA diversity (Figure 6.E.1). The optimal method of
deployment of partial cross-resistance varied between years, depending on exact
product combinations, pathogen haplotype frequencies and the required level of
disease control. Combinations of products with low or negative cross-resistance

provided the greatest resistance management benefits. For disease control,
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mixtures and within-year alternation were most resilient to declines in fungicide

efficacy.
0.08 -
.
006 4 °*
' ® Solo
A Mosaic
I
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[]
t:§ .
; A - ! + Alternation
0.02 4 [ I : : A
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1 2 3 4

Number of azoles in programme

Figure 6.E.1: Rate of selection for resistance (Ar) for solo and 2-, 3- and 4-azole
mosaic, mixture and alternation programmes, for 2015 CYP51 haplotype starting

frequencies.

On average, across all years and application scenarios, having more azole active
substances available enables programmes with lower selection for resistance,
although the resistance management benefit varies between years, as illustrated
here for mixture programmes (Figure 6.E.2). There are diminishing returns as
additional azoles are added to the programme, although it should be noted that our
analysis did not include mefentrifluconazole. A well-chosen combination of two
azoles can provide the same resistance management benefit as a programme with
more azoles, but may be less resilient to changing patterns of cross-resistance as

new CYP51 mutations emerge.

In practice, azoles will and should be used in combination with other MoA, this
study focused on within-MoA programmes for the purpose of investigating the
benefit of azole diversity. Further analysis of the model simulations reported here
will focus on how the resistance management benefit varies with the degree of

cross-resistance between active substances.
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This novel method enables us to model the efficacy of mixtures of active
substances within the same MoA with incomplete cross-resistance, and therefore
to model evolution of resistance in these cases to inform resistance management
strategies. We applied this method to the important example of azole fungicides
used to control Z. tritici, with scope to extend the approach to other pathosystems
and MoA.

0.10 -
....... 2011
0.08 - —2015
---2019
0.06 -

0.04

Average Ar

0.02

0.00 T T T
1 2 3 4

Number of azoles

Figure 6.E.2: Average rate of selection for resistance (Ar) for solo and 2-, 3- and
4-azole mixture programmes, for starting CYP51 haplotype frequencies as
sampled in years 2011, 2015 and 2019.
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