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Abstract: The management of weeds is often described in military terms, such as ‘winning the war
against weeds' or ‘fighting the green invaders’, with weeds described as a ‘ green menace’ or ‘alien invaders
and those trying to manage them as ‘weed warriors'. Is this a war that the humans can win? Weeds are
evolving to be resistant to the herbicides on which world agricultural production relies. The problem appears
to be being exacerbated by the wide spread adoption of genetically modified herbicide resistant crops. Weeds
are even becoming resistant to herbicides that were previously thought to be difficult to evolve resistance to,
such as the world’' s most important herbicide: glyphosate.

It is difficult to fully understand how weeds evolve resistance in field situations and thus determine optimal
strategies for avoiding, minimising or delaying the development of resistance in these situations. To
investigate these questions through realistic field trials would require huge experimental areas and long time
frames — by the time the answers had been found, it is likely they might no longer be useful as the weeds
could already be resistant. Simulation modelling provides atool for predicting how resistance evolvesin field
situations and thus for finding optimal control strategies.

In this paper, a modelling approach for predicting the possibility and rate of weeds developing polygenic
resistance is presented. The approach taken is a stochastic individual-based approach that explicitly takes into
account the fact that weed populations consist of individual organisms each of a particular genotype, and that
some genotypes may be very rare or absent in a particular population. The overall model dynamics
(illustrated in Figure 1) are discussed, followed by explanations of the way the model represents genotype
and resistance status, and how it determines death or survival of individual plants, total seed set, and the
genotype of new seeds.
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resistance in weeds? A description of how the polygenic herbicide resistance model was used to analyse this
problem is provided, together with some preliminary results.

The paper finishes with some concluding remarks including a list of possible future extensions and additions
to the model that would increase the range of questions and situations to which the model could be applied. A
list of interesting and important issues and questions that this model of polygenic herbicide resistance could
be used to address in future is also provided.

Keywords: population dynamics, management, herbicide resistance, simulation model, low rates

574



Renton, Simulating Evolution of Polygenic Resistance to Herbicides

1. INTRODUCTION

Herbicide resistant weeds are a growing problem in Australian cropping systems and across the globe (Heap
2009 Owen et al. 2007). The wide-spread use of herbicide resistant crops appears to be exacerbating this
problem (Owen and Zelaya 2005, Service 2007, Powles 2008). Management strategies for avoiding, delaying
or minimising herbicide resistance are needed. There is some uncertainty about which strategies are realy
effective and it is difficult or impossible to test many strategies experimentally (Friesen et al. 2000).
Simulation modelling provides a useful tool for testing different management strategies.

Simulation modelling of weed population dynamics has previously been used to predict how different
management strategies will influence the rate at which herbicide resistance evolves in the field (eg Maxwell
et al. 1990, Diggle et al. 2003, Neve et a. 2003, Roux and Reboud 2007). However, this modelling has
mostly focused on monogenic resistance, where a high degree of resistance is conferred by the presence of a
single alele of asingle gene. It islikely that herbicide resistance is often actually polygenic, where resistance
is the result of the additive or multiplicative effect of a number of minor aleles that each individually have
relatively minor effects, but in combination can confer effective resistance (Neve and Powles 2005).

In this paper a modelling approach for predicting the possibility and rate of development of polygenic
resistance in weeds is presented. Firstly, the overall model dynamics are discussed followed by explanations
of how the model represents genotype and resistance status, and how it determines death or survival of
individual plants, total seed set, and the genotype of new seeds. Two alternative approaches for representing
populations and implementing simulation processes are described and compared. An example related to
polygenic herbicide resistance is presented with a description of how the polygenic herbicide resistance
model was used to analyse this problem. The concluding remarks include a list of possible future extensions
to the model and applications it could be used to explore and analyse. Validation of the model is not
discussed in this paper but the issue of validating models such as thisis discussed in detail in another paper in
these proceedings (Thornby et al. 2009).

2. MODELLING APPROACH

The model isimplemented in the Python programming language (http://www.python.org). It is an individual-
based simulation model where the current state is two lists, one representing the population of weed seeds
and one representing the population of weed plants. The model runs on an annual time step, and the dynamics
of the system are represented using a series of functions that act upon these two lists in a set sequence each
year. Most of these functions (such as the functions for germination or death due to herbicide) simply iterate
across the list of individual seeds and determine the fate of each individual seed stochastically. Other
functions also extract global information from the whole list; for example the competition function calculates
the total plant population size and returns the total number of seed set. There is also a function that creates
the initial weed seed population. This section aims to present a general overview of the modelling approach
and structure, rather than a particular parameterisation of the model.

The overall model dynamics areillustrated in Figure 1. At the beginning of a model run an initial population
of weed seeds is created using specified initial gene frequencies, while in subsequent years the weed seed
population carries over from the previous year. In either case, thereis alist representing a collection of weed
seeds existing in a dormant weed seedbank at the start of each season. A small number of extra weed seeds
are then added to the seedbank. Each seed in the weed seedbank then has a certain chance of germinating and
becoming established, otherwise it remains dormant. Each of these established weed seedlings then has a
certain chance of surviving pre-emergent management. A post-emergent herbicide is then applied. The
chance of a weed seedling surviving this spray depends on the spray rate and on the resistance status of the
seedling, which in turn depends on its genotype. Seedlings that survive are assumed to reach maturity and set
seed. The number of seeds set depends on the density of both the weeds and the crop. The genotype of each
of the seeds set depends on the relative proportions of weed genotypes setting seed. Set seed is added to the
pool of dormant seeds to create the seedbank for the start of the next season.

Genotype and resistance status are represented individually for each weed seed or plant. There are several
options for specifying the relationship between genotype and resistance status. The number of genes involved
in resistance can be set as one (monogenic) or any number greater than one (polygenic). A particular
individual can then have zero, one or two ‘resistance’ alleles present at each gene (locus). The gene effect at
each locus can be set as dominant (one allele has the same effect as two), recessive (one allele has no effect)
or intermediate (one alele has a partial effect). The gene effects from each locus can combine either
additively (linearly) or multiplicatively (non-linearly), to give R, a number that represents the resistance
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status of that genotype. The maximum strength of resistance (the R value for individuals with all possible
resistance alleles) must also be specified.

The chance of a weed surviving the post-emergent herbicide application depends on the spray rate and the
resistance status (R) of the individual weed, according to a family of logistic dose response curves, as
illustrated in Figure 2. Note that the R value thus corresponds to the ratio between the L D50 (dose needed for
50% kill rate) for the individual’ s genotype and the LD50 (a commonly used measure of resistance status) for
the completely susceptible genotype.

The amount of seed set is calculated using the hyperbolic competition function (Firbank and Watkinson
1985) commonly used in weed population
models (eg. Diggle et al. 2003), and depends 1.0
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3. ALTERNATIVE SSMULATION
APPROACHES

Taking an individual-based approach of representing the genotype of every individual weed and seed with its
genetics resulted in significant computational demands. For this reason, two aternative simulation
approaches were implemented for the model: the PopSum approach and the PopList approach. These two
approaches involve different representations of the weed populations and different implementations of the
model processes described above. The PopList approach represents the population as a list of individuals
genotypes, with one list element for every individual in the population. The PopSum approach represents the
population as a list of total numbers of individuals with each genotype, with one list element for each
genotype.

3.1. Comparison of approaches

For larger simulated areas, as resistance starts to develop and weed populations increase, the number of
individual weeds becomes very large. Implementations of model processes developed for the PopList
approach, such as generating the population of new seeds from an existing population of plants, require
multiple iterations across the list of individua plant genotypes, as well as large numbers of random selections
from these lists. This means that simulations using the PopL st approach became time-consuming when large
areas were simulated. The PopList approach is also necessarily stochastic — giving slightly different results
each time the model is run. The algorithms involved are generally conceptually simpler than the PopSum
approach, as they involve iterating over the list of individual plants or seeds and applying a ssimple rule to
each.

The PopSum approach was developed to help address this problem. Implementations of model processes
developed for the PopSum approach are based on calculating expected proportions. For example, when
generating the population of new seeds from an existing population of plants, large pre-calculated ‘ mating
table’ matrices are used to determine the expected proportion of new seeds of each possible genotype based
on the lists of totals of each genotype of parent plants. This means that the PopSum approach can be used
deterministically, when the expected proportions are used as the actual proportions, or stochastically, when
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actual numbers are generated as random binomial variables based on the expected proportions and the total
number of seeds. When the number of genes is relatively small (less than 7 or 8) and thus the number of
possible genotypes is relatively small (less than about 5000) it is feasible to pre-calculate these mating table
matrices. In this case, simulating even huge areas is relatively fast. For example, with a typical simulation of
resistance evolution involving three genes, the PopList approach was found to take approximately 0.5
seconds while the PopSum approach took approximately 25 seconds. For large virtual experiments involving
hundreds or thousands of individua runs, these differences become very significant. However, when the
number of genes is greater than 7 or 8 then it becomes impossible to calculate these mating table matrices
due to computer memory constraints. In this case, the PopList approach must be used and simulations are
very time-consuming.

When used stochastically, the two approaches are exactly equivalent and produce the same results (apart
from stochastic variation). To illustrate this, consider the example of the death due to herbicide function. In
the PopL.ist approach, this function iterates across the list of individual plants, calculates the probability of
death for a plant of that genotype, and then determines stochastically whether that individual survives or not.
The function is thus applied once for each individual in the population. In the PopSum approach, the
equivalent function takes the total number of individuals of a given genotype, calculates the probability of
death for a plant of that genotype, and then uses an in-built random binomial function to determine the total
number of plants of that genotype surviving. The function is thus applied once for each genotype in the
population. In this simple example, it is clear that the results of the two functions representing the same
processin the two different approaches will give the same probability distribution of results.

A second illustration of the points mentioned above is provided by the function that determines the new seed
produced by the weeds at the end of the year. After the hyperbolic function has been used to determine nt, the
total number of weed seeds produced, this seed set function actually determines what genotypes these seeds
will be. In the PopList approach, this function is a loop repeated nt times. Each iteration randomly selects a
mother and a father from the population of all possible parent plants, and then at each locus (gene) randomly
selects an alele from the mother and another from the mother to determine the genotype of the seed. The
result is the required nt seed genotypes. In the PopSum approach, the equivalent function uses an array A,
known as the Probability Baby Array, which is pre-calculated once at the beginning of the model run. This
array A is athree-dimensional array where the element ay is the probability of choosing getting offspring of
genotype k if the mother is of genotype i and the father of genotype j. The function first calculates a two-
dimensional array B, where the element by; = pim,, where in turn p; is the proportion of the paternal population
that is of genotype i and m, is the proportion of the maternal population that is of genotype j. For each
genotype gt, the two-dimensional matrix C that is the slice of A where i=gt is extracted, another two-
dimensional matrix D is calculated as D=CB and then al the elements of D are summed to give the expected
proportion of seeds of genotype gt. This can then be multiplied to by the total number of seeds, to give an
exact number of seeds of this genotype, or passed to a random binomial function if the stochastic version of
the model is required. This is a good example of how the PopList approach results in algorithms that are
conceptualy much simpler than the PopSum approach. In this example, it is probably much less clear that the
results of the two functions representing the same process in the two different approaches will give the same
probability distribution of results, but careful testing confirms that they do. In fact, it has been tested that this
istruefor all the functions used in the model.

4. AN EXAMPLE ISSUE: LOW HERBICIDE RATES

An example problem involving herbicide rates will now be presented, together with a description of how the
polygenic herbicide resistance model described above was used to analyse it.

4.1. Thelssue

Using lower herbicide doses in cropping systems has been suggested as an attractive economic option and it
has been suggested that lower herbicide rates could lead to slower rates of development of herbicide
resistance, due to decreased selection pressure (Blackshaw et al. 2006, Doyle and Stypa 2004). However,
glasshouse experiments have shown that using lower-than-recommended rates of diclofop-methyl can
actually result in development of resistance to that herbicide in annual ryegrass (Lolium rigidum Gaudin)
while higher rates lead to extinction in these small experimental populations (Neve and Powles 2005). The
resistance that evolved in the studies of Neve and Powles (2005) is almost certainly polygenic resistance,
where significant resistance is the result of the additive or multiplicative effects of a number of minor aleles
that individually have relatively minor effects. Isit possible that low rates of herbicide application in the field
could also increase the chance of developing herbicide resistance and the rate at which it is developed?
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4.2. Parameterisation

Before the model could be used to address this question regarding low rates, it had to be parameterised. It
was decided to parameterise the model to represent the evolution of resistance in the weed annual ryegrassin
a Southern Australian farming system. This weed is probably the most significant weed in these systems, and
is certainly the most prone to developing resistance (Owen et al. 2007). The herbicide was assumed to be a
grass-selective ‘in-crop’ herbicide, such as diclofop-methyl, that affects grass weeds like ryegrass but not the
crop, and can thus be used after the crop has been sown. For simplicity, it was assumed that wheat was the
crop grown every year and that the same management was applied every year. This management included
pre-sowing management, which was assumed to kill 80% of emerging ryegrass, and post-emergent
application of the grass-selective herbicide. The possibility of evolving resistance to the pre-emergent
management was ignored for the purpose of this study

Values of parameters describing the competitiveness of the weed and crop, the maximum seed set and
dormancy of the weed were based on parameters taken from other models of ryegrass population dynamics
(Neve et a. 2003, Pannell et al. 2004). For example, the chance of a seed germinating in a given year was
80%. Other model parameters were assigned realistic values after consultation with weed scientists and
experts. For example, the chance of a weed surviving pre-emergent herbicide treatment was set to be 20%. It
was decided to simulate an area of 10000m? and the initial ryegrass seedbank density was assumed to be
100/?, so the initial seedbank population was always one million seeds. The initial resistance alele
frequency for each gene (locus) related to resistance and other genetic parameters were varied as described
below.

43. Analyss Ta_ble 1. Summary of the 18 virtual experiments incl uding _

) experiment number, number of genes assumed to beinvolved in
The model shows that in the absence resistance, the maximum level of resistance, gene effect
of herbicide resistance post-emergent  (dominant, co-dominant or recessive), gene combination (combine
kill rates greater than 88% lead to a linearly or multiplicatively) and initial allele frequency (IAF).
sustainable system where ryegrass i _
numbers decline each year. Thiskill |Exp. Genes MaxR Dominance =~ Combination IAF
rate can be achieved by spray rates 1 1 20 Dominant - 10°
as low as 70% of the recommended _ .
rate. Even spray rates as low as 65% 2 1 215  Dominant - 10
of the recommended rate control ; ; -5

3 2 20 Dominant Linear 10

weeds adequately for 20 years. So
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more money to spray the full RS -2
recommended rate, when these lower ° 2 20 co Multiplicative 10
rates appear to be effective? Does the 6 2 15 Co Linear 102
possibility of herbicide resistance 7 2 20  Recessve Multiplicative 107
make a difference? ,
To consider this question a series of 8 3 20 Dominant  Multiplicative 10
18 virtual experiments using the 9 3 20 Co Multiplicative 107
model descrlb_ed above were run. For 10 3 15 Co Linear 0015
each experiment a particular
relationship between genotype and 11 3 2 Co Linear 10°
resistance status and a particular .
initial  alledle frequency were 12 3 2 Co Linear 0.05
assumed. For each experiment five 13 3 20 Recessive Linear 0.1
spray rates (70, 80, 90, 100, 110 and . .
120% of the recommended rate) 14 3 20 Recessive Linear 0.2
were considered with each rate 15 5* 4 Dom/ Co Linear 10°/10?
replicated four times. With each of . . o
these repetitions the smulation was | 16 O 4 Do/ Co Linear 107710
run over twenty years, and a number 17 5 4 Dom/ Co Linear 10°/10°3
of output variables were recorded for . i P
each year. These included the weed 18 4 4 Dom/ Co Linear 107710
density at h'ar vest, the' crop yield, ar]d *One major dominant gene that gives full resistance and three or four co-
the proportion of resistant weeds in dominant genes where alleles can combine additively to give full
the population. resistance when all are present. IAF is for major/minor genes.
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The genetics considered in the 18 experiments included weak and strong dominant monogenic resistance.
Weak and strong polygenic (two, three or five genes) resistance, including recessive, co-dominant and
dominant effects, and both linear and multiplicative gene interactions were considered. Finally, cases where
full resistance could be conferred by either a single major gene or a combination of minor genes were also
considered. A summary of the 18 experimentsisgivenin Table 1.

In each experiment results were considered to determine whether there was a clear distinction between lower
and higher spray rates in terms of the number of years before significant levels of resistance developed. This
was defined to be when weed densities at harvest were above 200/m?

4.4, Resultsof Analysis

Figure 3 shows results from Virtual Experiment 16, where resistance depends on one very rare dominant
major gene and four relatively common co-
dominant minor genes. It is clear in this
example that the lower the spray rate, the
faster the weed density at harvest rises above roor
200/m?. The result that lower rates lead to less
sustainable systems in terms of herbicide
resistance was found clearly in 13 of the 18
experiments. In another two, Experiments 7
and 9, there was some complexity or
variability, but on average higher rates were
still  significantly  better. In  another,
Experiment 8, results were not clear, but
indicated higher rates could be better. The 200}
only experiments where weed populations did
not reach uneconomic levels faster for lower 100}
application rates were Experiment 1 (strong
monogenic resistance) and Experiment 5 (two 05 ¥ = z 7 = .
dominant genes combining linearly to give year

strong resistance), where there was no
difference.
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Figure 3. Experiment 16 results: weed densitiesincreasing over
time for different spray rates (as percentage of recommended

The results from the virtual experiments rate: 70, 80, 90, 100, 110, 120% - repetitions are barely
indicate that low rates tend to cause faster distinguisnable).

development of herbicide resistance. However, further modelling work needs to be done to clearly identify
the range of situations where thisistrue.

5. CONCLUDING REMARKS

This paper presented a modelling approach for predicting the development of polygenic herbicide resistance
in weeds in the field. This stochastic individual-based approach explicitly takes into account the fact that
weed populations consist of individual organisms each of a particular genotype, and that some genotypes
may be very rare or absent in a particular population.

This model describing the evolution of polygenic herbicide resistance evolution has been designed in a
modular way to facilitate future developments, extensions and applications. There are a range of possible
extensions that would increase the range of questions and situations to which the model could be applied.
These include developing the model to account for

. possible fithess penalties when resistance genes are present;

death of seedsin the seedbank;

ongoing mutation rates;

different weed emergence times;

phytotoxicity effects of herbicides on crops;

herbicides causing reduced seed set in weeds instead of or in addition to weed desath;

resistance to multiple herbicides, including pre-, with- and post-emergent herbicides, which include
cross-resistance (where genes conferring resistance to one herbicide also confer resistance to another
herbicide) or specific-resistance (where genes confer resistance to one specific herbicide);

. spatia variability and spread of pollen and seeds; and

. temporal variability across different years.

579



Renton, Simulating Evolution of Polygenic Resistance to Herbicides

There are many questions and issues related to evolution of herbicide resistance that would require a model

that accounts for polygenic herbicide resistance. Planned future applications of the model include:

. simulating polygenic resistance to pre-emergent herbicides, including glyphosate, which is probably
the most important herbicide in the world (Powles 2008);

o finding optimal strategies and farming systems for avoiding, minimising, or delaying the development
of polygenic herbicide resistance;

o investigating whether strategies for minimising the development of polygenic herbicide resistance are
also likely to minimise the development of monogenic herbicide resistance;

3 predicting whether weed biology factors such as breeding system (cross-pollinated or self-pollinated),
dormancy, competitiveness, longevity, fecundity or dispersal mechanisms will make some species
develop resistance faster or more often than other species, and determine if this depends on whether
the resistance is monogenic or polygenic;

. simulating controlled experiments that have selected for herbicide resistance in weeds at relatively
low rates over severa generations, with the aim of determining what resistance genetics could
possibly have lead to the observed results.

ACKNOWLEDGMENTS

The author acknowledges Art Diggle and Steve Powles — for the origina heated discussion on the low rates
issue that inspired this modelling to begin — and for much valuable discussion and input since. Thanks also to
the helpful comments of the two anonymous reviewers.

REFERENCES

Blackshaw, R., O'Donovan, J., Harker, K., Clayton, G. and Stougaard, R. (2006), Reduced herbicide doses in
field crops: A review. Weed Biology and Management, 610.

Diggle, A., Neve, P. and Smith, F. (2003), Herbicides used in combination can reduce the probability of
herbicide resistance in finite weed populations. Weed Research, 43(5), 371-382.

Doyle, P. and Stypa, M. (2004), Reduced herbicide rates - A Canadian perspective. Weed Technology, 18(4),
1157-1165.

Firbank, L.G. and Watkinson, A.R. (1985), On the analysis of competition within two-species mixtures of
plants. The Journal of Applied Ecology, 22(2), 503-517.

Friesen, S.L.J., Ferguson, G.M. and Christopher Hall, J. (2000), Management strategies for attenuating
herbicide resistance: untoward consequences of their promotion. Crop Protection, 19(8-10), 891-895.

Heap, 1. (2009), The International Survey of Herbicide Resistant Weeds. www.weedscience.com Accessed
1/3/09.

Maxwell, B., Roush, M. and Radosevich, S. (1990), Predicting the evolution and dynamics of herbicide
resistance in weed populations. Weed Technology, 4(1), 2-13.

Neve, P., Diggle, A., Smith, F. and Powles, S. (2003), Simulating evolution of glyphosate resistance in
Lolium rigidum | population biology of arare resistance trait. Weed Research, 43(6), 404-417.

Neve, P. and Powles, S. (2005), Recurrent selection with reduced herbicide rates results in the rapid
evolution of herbicide resistance in Lolium rigidum. Theoretical and Applied Genetics, 110(6), 1154-
1166.

Owen, M.D. and Zelaya, 1.A. (2005), Herbicide-resistant crops and weed resistance to herbicides. Pest
Management Science, 61(3), 301-311.

Owen, M., Wash, M., Llewellyn, R. and Powles, S. (2007), Widespread occurrence of multiple herbicide
resistance in Western Australian annual ryegrass (Lolium rigidum) populations. Australian Journal of
Agricultural Research, 58(7), 711-718.

Pannell, D., Stewart, V., Bennett, A., Monjardino, M., Schmidt, C. and Powles, S. (2004), RIM: a
bioeconomic model for integrated weed management of Lolium rigidum in Western Australia
Agricultural Systems, 79(3), 305-325.

Powles, S. (2008), Evolved glyphosate-resistant weeds around the world: lessons to be learnt. Pest
Management Science, 64(4), 360-365.

Roux, F. and Reboud, X. (2007), Herbicide resistance dynamics in a spatialy heterogeneous environment.
Crop Protection, 26(3), 335-341.

Service, R. (2007), Agbiotech: A growing threat down on the farm. Science, 316(5828), 1114-1117.

Thornby, D., Diggle, A. J. and Walker, SR. (2009), Real-world recommendations: Do limits to validation
constrain model usefulness?, paper presented at the 18th International Association for Mathematics and
Computer in Simulation World congress, MODSIM 09, Cairns, Austraia, July 13-17.

580





