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Kurzfassung

Seit den Anfängen der Landwirtschaft wird der Nutzpflanzenanbau durch schädliche Organismen
– insbesondere Unkräuter, Schädlinge und Krankheitserreger – beeinträchtigt, die das Überleben
der Pflanzen sowie die Menge und Qualität der erntefähigen Erzeugnisse mindern. Unkräuter
sind die Organismen, welche die höchsten potenziellen Ertragsverluste verursachen. Seit jeher
haben Landwirte nach Strategien zum Schutz ihrer Nutzpflanzen gesucht, wie das Unkrautjäten
von Hand und später mechanische Bekämpfungsmaßnahmen. Die Kommerzialisierung selektiver
Herbizide nach dem Zweiten Weltkrieg hat den Nutzpflanzenanbau revolutioniert, da sie eine
einfache und hocheffiziente Lösung für die Unkrautbekämpfung boten und die maschinelle Ernte
ermöglichten. Heute bedrohen weitverbreitete Resistenzen die Nachhaltigkeit von Herbiziden und
Anbausystemen. Herbizidresistenz ist ein häufig vorkommendes Beispiel für eine rasche Anpassung
an menschenvermittelte Selektion, das seit mehr als 60 Jahren extensiv untersucht wird, vor allem
im Hinblick auf Methoden zur Begrenzung. Die genauen Determinanten von Geschwindigkeit
und Art der Herbizidresistenzentwicklung und die Art und Weise, wie Bekämpfungsmethoden die
zugrundeliegenden öko-evolutionären Prozesse verändern, sind jedoch nach wie vor kaum bekannt –
insbesondere bei mehrjährigen Arten. In dieser Arbeit setze ich populationsdynamische Modelle
ein, um kritische Faktoren zu identifizieren, die die Wahrscheinlichkeit, den Zeitpunkt und die
Quelle der Resistenzanpassung bei einem mehrjährigen Unkraut bestimmen, und um Strategien zur
Begrenzung der Herbizidresistenzentwicklung zu evaluieren.

Die in den einzelnen Kapiteln entwickelten Methoden sind auf spezifische Aspekte der Herbi-
zidresistenzentwicklung und des Managements von sich über Samen und Rhizomen ausbreitenden
mehrjährigen Pflanzen zugeschnitten. Im Kern analysiere ich, wie sich bestimmte Merkmale des
Lebenszyklus – wie die Art der Reproduktion – und Details des Resistenzmechanismus – wie damit
verbundenen Fitnesskosten – auf die Anpassung auswirken und bewerte die Nachhaltigkeit von
Bekämpfungsmaßnahmen. Durch die Erfassung der Dynamik in der aktiven Unkrautpopulation
und der inaktiven Samenbank auf Populationsebene ermöglichen mir die Modelle, die doppelte
Wirkung einer Samenbank auf die Herbizidresistenzentwicklung zu untersuchen. Diese Arbeit zielt
darauf ab, mechanistische Einblicke in die öko-evolutionären Prozesse zu liefern, die die Herbi-
zidresistenzanpassung vorantreiben, und hebt den Wert populationsdynamischer Modelle für das
Erlangen eines umfassenden Verständnisses dieser Dynamiken hervor.

Kapitel 2 konzentriert sich auf die Demographie einer mehrjährigen Unkrautpopulation und darauf,
wie inhärente Unkrautmerkmale und -management ihre Dynamik bestimmen. In Kapitel 3 wende ich
Konzepte der Theorie evolutionärer Rettung an, um Fragen nach dem Ursprung adaptiver Variation
und der Wahrscheinlichkeit und dem Zeitpunkt des Behandlungsversagens durch herbizidresistente
Unkräuter zu beantworten.

Ich stelle fest, dass die Integration von Bodenbearbeitung bei Herbizideinsatz das Risiko eines
Bekämpfungsversagens durch Minderung der Unkrautdichte wirksam verringert und dass Mix-
turen verschiedener Herbizidklassen Rotationen und Einzelanwendungen bei der Kontrolle des
mehrjährigen Unkrauts und der Resistenzentwicklung überlegen sind. Unter Verwendung einer
Matrixapproximation des Lebenszyklusmodells leite ich Schätzungen der vorhandenen genetischen
Variation für Herbizidresistenz ab, die durch genetische Details des Resistenzmechanismus reguliert
wird, wobei die assoziierten Fitnesskosten als primäre Determinante identifiziert werden. Durch die
Erhöhung der Homozygotie beschleunigt Selbstbestäubung die Entwicklung von Wirkortresistenzen



bei deren Auftreten, verringert jedoch die Anpassung ausgehend von bestehenden Varianten, wenn
die Resistenz (unvollständig) dominant vererbt wird. Die Dominanz eines Resistenzallels bestimmt,
wie stark es der Selektion ausgesetzt ist; eine hohe Dominanz beschleunigt die initiale Ausbreitung,
verzögert aber die Fixierung aufgrund der Maskierung sensitiver Allele bei Heterozygoten. Samen-
banken bewahren genetische Informationen vorangegangener Selektion, was eine schnelle Reaktion
auf wiederkehrende Selektionsregime ermöglicht, und verlängern die Zeit für Anpassung, da sie
durch Unkrautmanagement verursachte Änderungen der Populationsgröße abpuffern. Indem sie
einen wesentlichen Teil der Population vor den Selektionskräften schützen, verzögern Samenbanken
die Fixierung von Allelen und erhalten die genetische Variation.

Zusammenfassend wird in dieser Arbeit untersucht, welche Faktoren für Entstehung von Herbizid-
resistenzen in mehrjährigen Unkräutern entscheidend sind. Sie schlägt zwei unterschiedliche Metho-
den vor, welche entworfen wurden, um verschiedene Aspekte dieses öko-evolutionären Prozesses zu
studieren und Kommunikation über wissenschaftliche Disziplinen hinweg zu fördern.



Abstract

Since the dawn of agriculture, crop production has been challenged by pests – especially weeds,
animal pests and pathogens – reducing crop survival and the amount and quality of harvestable
produce. Weeds are the organisms causing the highest potential yield losses. Ever since, farmers
have been searching for strategies to protect their crops, such as hand weeding and later mechanical
control measures. The commercialisation of selective herbicides after the Second World War has
revolutionised crop production, providing an easy and highly effective solution to weed management
and enabling machine harvesting. Today, widespread resistance threatens the sustainability of
herbicides and cropping systems. Herbicide resistance is a highly replicated example of rapid
adaptation to human-mediated selection, extensively studied for more than 60 years, primarily in
terms of mitigation practices. Yet, the precise determinants of the rate and nature of herbicide
resistance evolution and how management practices alter the underlying eco-evolutionary processes
remain poorly understood – especially in perennial species. In this thesis, I employ population
dynamic models to identify critical factors defining the probability, timing, and source of resistance
adaptation in a perennial weed and evaluate strategies to limit herbicide resistance evolution.

The approaches developed in the individual chapters are tailored to address specific aspects of
herbicide resistance evolution and the management of seed- and rhizome-propagated perennials. In
essence, I analyse how specific life history traits – like the mode of reproduction – and details of
the resistance mechanism – like an associated fitness cost – affect the adaptation and assess the
sustainability of management interventions. Capturing population-level dynamics in the active
weed population and the dormant seed bank, the models allow me to study the twofold effect of a
seed bank in herbicide resistance evolution. This work aims to provide mechanistic insights into
the eco-evolutionary processes driving herbicide resistance adaptation, highlighting the value of
weed population dynamic models for gaining a holistic understanding of these dynamics.

Chapter 2 focuses on the demography of a perennial weed population and how inherent weed
characteristics and management govern its dynamics. In Chapter 3, I employ concepts of rescue
theory to address questions concerning the source of adaptive variation and the probability and
timing of treatment failure resulting from herbicide-resistant weeds.

I find that the integration of tillage with herbicide applications effectively reduces the risk of
control failure by lowering weed densities and that mixtures of different herbicide classes are superior
to rotations and mono-treatment in controlling the perennial weed and resistance evolution. Using
a matrix approximation of the life cycle model, I derive estimates of the standing genetic variation
for herbicide resistance modulated by the genetic details of the resistance mechanism, identifying
the associated fitness cost as the primary determinant. Increasing the level of homozygosity, self-
pollination accelerates target-site resistance evolution upon occurrence but diminishes adaptation
from standing variants if resistance inheritance is (incompletely) dominant. The dominance of a
resistance allele determines its exposure to selection; high dominance hastens the initial spread but
delays fixation due to the masking of sensitive alleles in heterozygotes. Seed banks preserve genetic
information of forgone selection, allowing fast responses to recurrent selection regimes, and prolong
the time for adaptation by buffering changes in population size induced by weed management.
Sheltering a substantial part of the population from the selective force, seed banks delay allele
fixation and maintain genetic variation.

In summary, this thesis investigates pivotal factors determining herbicide resistance adaptation



in perennial weeds. It proposes two distinct approaches designed to study different aspects of the
eco-evolutionary process and facilitate communication across scientific fields.
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CHAPTER 1
Introduction

Pests – mainly weeds, animal pests, and pathogens – have challenged crop production since
agriculture’s origins nearly 10,000 years ago. These harmful organisms reduce crop survival and
the amount and quality of harvestable produce, leading to economic losses for the farmers and
potentially threatening global food security. Farmers have always been searching for strategies to
protect their crops. First, they relied solely on manual and mechanical measures for controlling weed
populations and animal pests, while diseases caused by pathogens were essentially unidentifiable,
with no effective treatments available (Oerke, 2006). The introduction of synthetic crop protection
chemicals, specifically herbicides, insecticides and fungicides, has vastly improved pest control and
enabled intense farming (Carvalho, 2017; Oerke, 2006; Tudi et al., 2021). In combination with
other factors, like high-yielding crop varieties and the use of fertilisers, chemical pest control has
contributed to more than doubling food production during the last century (Carvalho, 2017;
Oerke, 2006). The global population growth, involving an increase in food demand – predicted to
range between 35 and 56 % from 2010 to 2050 (Dijk et al., 2021) – necessitates further enhancement
of crop production. However, the overreliance of modern agriculture on pesticides has caused the
evolution of resistance in various pest species globally (Hawkins et al., 2019; Heap, 2024). The
potential loss of pesticide efficacy imposes a significant challenge to agriculture and threatens food
security (Hawkins et al., 2019).

Weeds are the organisms causing the highest potential yield losses in crop production systems,
followed by animal pests and pathogens (Oerke, 2006). While inorganic copper salts were used
as the first chemicals for weed control as early as the beginning of the 20th century, it was not
until the Second World War that the first selective herbicide was synthesised (Hamill et al., 2004;
Oerke, 2006). Subsequently, numerous herbicides targeting specific plant proteins – involved in
vital processes like photosynthesis, cell growth and division, and cellular metabolism – have been
developed (Duke, 2012; Qu et al., 2021). Simplifying weed control tremendously and enabling
machine harvesting of crops, target-based herbicides have replaced labour-intensive mechanical
weed control and become the primary – often exclusive – tool for weed management within less than
30 years (Perotti et al., 2020; Powles et al., 2010). This development towards cropping systems
relying heavily on herbicides was even enhanced with the introduction of transgenic herbicide-
resistant crops in the 1990s (Duke, 2012; Oerke, 2006; Qu et al., 2021). Herbicides are marketed
together with resistant crops, providing a simple weed management system with high crop safety
(Powles et al., 2010; Qu et al., 2021).

Although their commercialisation has vastly improved weed management and considerably
contributed to the increases in food productivity, herbicides have not resulted in a reduction of the
weed burden (Oerke, 2006; Powles et al., 2010). Natural selection acting on genetic diversity
enables biological organisms to adapt to unfavourable conditions and facilitates their persistence
under changing circumstances (Orr, 2005). While environmental conditions often change gradually
over long periods, catastrophic events might result in abrupt alterations. Human interventions
are characterised by sudden and drastic shifts in the environmental conditions of affected species
(Palumbi, 2001). Frequent herbicide application in agricultural fields – removing up to 99 % of
sensitive weeds – exerts strong selection on weed populations, forcing the weeds to adapt rapidly,
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Figure 1.1 | Timeline showing the introduction and first case of resistance for the most
important herbicide groups. The thresholds of 10, 100 and 500 distinct cases of herbicide
resistance (by herbicide group and weed species) are marked on the timeline in red. Additionally, the
first prediction of herbicide resistance and the introduction of non-transgenic and transgenic
herbicide-resistant crops (HR crops) are depicted. The data was taken from Baucom (2019), Heap
(2024), and Reddy et al. (2012).

racing against extinction (Baucom, 2016; Délye, 2013; Johnson et al., 2014; Kreiner et al.,
2017). The ecologist J.L. Harper was the first one to predict the evolution of resistance in response
to the application of herbicides in 1956, verified just one year later by case reports of herbicide
resistance in two weed species (Baucom, 2019; Heap, 2024; Perotti et al., 2020). Since this
first incidence, herbicide resistance has evolved multiple times in a variety of plants. Currently,
272 weed species are known to exhibit resistance against at least one of 168 affected herbicides
(Heap, 2024), and these numbers continue to increase steadily. Over the last decades, barely any
new herbicides with novel sites of action have been released, primarily due to several economic
reasons and high regulatory safety standards (Duke, 2012; Qu et al., 2021; Selby et al., 2023).
The overdue supply of novel herbicides aggravates the threat ever-increasing cases of herbicide
resistance pose to the sustainability of chemical weed management. The history of herbicides is
illustrated briefly in Figure 1.1.

Herbicide-resistance genes are able to migrate between weed populations via pollen, seed or
vegetative propagule dispersal, facilitating a fast spread and rapid increase in the frequency of
herbicide resistance traits among weed populations once they arise (Beckie et al., 2019; Maity
et al., 2022). Owing to the herbicide resistance gene flow, herbicide sensitivity is a common resource
shared among farmers and societies that we need to preserve in a collective attempt. Within the
last 60 years, researchers have investigated herbicide resistance at the phenotypic, physiological,
and genetic levels to ascertain the extent of resistance and mitigate its spread and further resistance
evolution (Baucom, 2019). The integration of mathematical models in studies of population
dynamics in arable weeds was initiated in the 1970s with the seminal work of Sager et al. (1976),
building the framework for many subsequent models to this day (Holst et al., 2007). Mathematical
and computer simulation modelling are nowadays essential tools in weed science and management
for predicting long-term responses of weed populations to different management regimes – more
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general, changes in their environment – and identifying key factors affecting evolutionary and
population dynamics of herbicide resistance (Bagavathiannan et al., 2020; Freckleton et al.,
2009; Holst et al., 2007; Renton et al., 2014).

Where field and greenhouse experiments are limited in time, space and management scenarios
that can be explored, mathematical models allow the in silico study of long-term weed population
dynamics under various management scenarios (Bagavathiannan et al., 2020; Holst et al., 2007;
Renton et al., 2014). This is particularly helpful for first predictions of the outcome of novel weed
management strategies yet to be implemented, where a high number of different options is to be
compared or in cases where field studies would produce a substantial quantity of resistant weeds
(Freckleton et al., 2009; Renton et al., 2014). However, even if the management options can
be readily tested in the field, the ecological and evolutionary processes proceed over several years,
involving very high numbers of individuals and potentially spanning large areas. Long-term and
large-scale evolutionary and population dynamics in weeds are impractical to be fully captured in
an experimental setup, necessitating a model description that provides a fast and safe framework
for their investigation (Bagavathiannan et al., 2020; Holst et al., 2007; Renton et al., 2014).
Further, modelling advances our understanding of the ecological, evolutionary and anthropogenic
drivers of herbicide resistance adaption and their interplay (Bagavathiannan et al., 2020; Renton
et al., 2014). Mathematical models allow the manipulation of individual factors and interactions,
providing insights into specific life history processes – including their effect on resistance evolution
– and revealing causal relationships. The seeds of most weed species get preserved in a persistent
seed bank, enabling populations to survive periods of unfavourable conditions – like the presence of
herbicides (Maqsood et al., 2020). This dormancy causes a considerable time lag in the response
of such weed populations to alterations in the environment and management regime, impeding the
assessment of weed dynamics by field experiments (Storkey et al., 2022). Mathematical models
can capture this usually hidden aspect of the weed life cycle. Capturing the change in seed bank
composition over time, models thus yield information about how management strategies affect
the weed seed bank and how the seed bank interacts with ecological factors to impact population
dynamics and resistance evolution (Storkey et al., 2022).

Compared to the emergence of resistance in cancer therapy and bacterial resistance to antibiotics,
the evolution of herbicide resistance received little attention among theoretical biologists and,
more generally, in broader ecology and evolution (Baucom, 2019). Mathematical and simulation
modelling approaches dealing with dynamics of herbicide resistance adaption are typically found
within the weed science literature (Baucom, 2019; Holst et al., 2007). Nevertheless, as weed
science benefits from ecological and evolutionary models and insights, the fields of ecology and
evolution can profit from the discoveries made in herbicide resistance research (Baucom, 2019;
Kreiner et al., 2017). The largely replicated evolution of herbicide resistance in weeds presents an
excellent model for studying phenomena at the heart of evolutionary biology, like rapid adaption to
anthropogenic selection regimes – characterised by extreme selective pressure – and phenotypic
convergence – the independent evolution of one trait in several distinct evolutionary lineages
(Baucom, 2016; Baucom, 2019; Kreiner et al., 2017).

In this thesis, I employ population dynamical models to study the factors determining the
probability and timing of herbicide resistance evolution in a perennial weed species and strategies to
mitigate or delay its occurrence. In the following, I will briefly describe the concepts and methods
used in this thesis and outline the structure.
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Complex life cycle. The life history of an organism plays an integral role in shaping evolutionary
and population dynamics. Dormant life history stages like weed seed banks are expected to
slow evolution by shielding a substantial proportion of the population from the impact of the
selective force (Hairston et al., 1988; Lennon et al., 2021). Under unfavourable or fluctuating
environmental conditions, seed banking – a bet-hedging strategy – decreases the probability of
population extinction and prolongs the time until extinction (Evans et al., 2007; Kalisz et al., 1993;
Lennon et al., 2021). Theoretical results suggest that asexual reproduction generally slows the
evolution towards an optimum but potentially leads to higher survival after a sudden environmental
change (Orive et al., 2017).

Past modelling studies of herbicide resistance have mainly dealt with annual weeds (Holst
et al., 2007, but see Liu et al., 2019; Holmes et al., 2022) while a substantial fraction of the most
problematic arable weed species is rhizomatous perennials (Holm et al., 1977). The work in this
thesis focuses on the dynamics of herbicide resistance evolution in seed- and rhizome-propagated
weeds with a persistent seed bank. Being one of the world’s most destructive and economically
important perennial weed species, Sorghum halepense (Johnsongrass) and its management in an
agricultural setting serves us as a model system (Klein et al., 2021). In Chapter 2, I present a
population-based model of Johnsongrass comprising the whole perennial life cycle. Capturing the
genetics of herbicide resistance, the model allows me to forecast the weed population dynamics and
evolution of herbicide resistance as governed by different management strategies and influenced by
specific life history traits and genetic details of the resistance mechanism.

Sorghum halepense (Johsongrass). Johnsongrass is a highly competitive and invasive perennial,
capable of sexual reproduction via seeds and asexual propagation through rhizomes (Klein et al.,
2021; Peerzada et al., 2023; Schwinning et al., 2017). The grassy weed – classified as such
in 53 countries – out-competes native grasses and causes significant yield losses in essential food
and fodder crops (Klein et al., 2021; Schwinning et al., 2017). During winter, Johnsongrass
enters dormancy, surviving as seeds and rhizomes underground (Warwick et al., 1983). In spring,
seeds germinate into seedlings and shoots sprout from buds on the rhizomes (Peerzada et al.,
2023). Maturing over the season, the plants compete for resources to survive and to produce new
rhizomes and seeds (Schwinning et al., 2017; Warwick et al., 1983; Williams et al., 1977). In
the monoecious species, sexual reproduction is ensured even at very low densities by a high level of
self-pollination (Warwick et al., 1983). While rhizomes only give rise to shoots in the first spring
after their production, the seeds of Johnsongrass are able to stay viable in a dormant state for
several years, forming a seed bank in the soil (Peerzada et al., 2023; Warwick et al., 1986). I
illustrate this cyclical life pattern of Johnsongrass and its life stages in Figure 1.2 a and b.

In cropped areas, Johnsongrass is typically controlled by post-emergence herbicide application
(Klein et al., 2021; Peerzada et al., 2023). Acetyl-coenzyme-A carboxylase (ACCase)-inhibitors
target the biosynthesis of fatty acid (Délye et al., 2013b; Peerzada et al., 2023). Glyphosate and
acetolactate synthase (ALS)-inhibitors both target amino acid biosynthesis (Délye et al., 2013b;
Klein et al., 2021). The continuous use of such herbicides has caused Johnsongrass to develop
resistance mechanisms against herbicides of all the three classes in use (Lorentz, 2014; Peerzada
et al., 2023; Vila-Aiub et al., 2007).

Herbicide resistance. On the molecular level, herbicide resistance can be categorised into two mech-
anisms – target-site resistance and non-target-site resistance. Target-site resistance is characterised
by alterations of the target site limiting the effect of a herbicide, even though it is reaching the target
site at a normally lethal dose (Perotti et al., 2020; Powles et al., 2010). Common are amino-acid
substitutions in the targeted protein conferring changes in the 3-dimensional structure that prevent
conformational binding of the inhibiting herbicide; less often, target-site resistance results from
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Figure 1.2 | Schematic illustration of Johnsongrass’ life history stages and life cycle.
a, Life history stages of Johnsongrass. Shown is an adult weed plant, which produced fresh seeds and
a rhizome, next to a seedling and two shoots emerging from a rhizome. b, Life cycle of Johnsongrass.
Johnsongrass reproduces sexually via seeds (inner ring) and asexually through rhizomes (outer ring).
Seeds can stay dormant in the ground for several years, forming a seed bank (central circle). New
seeds and seeds from the seed bank might germinate in spring or stay dormant as part of the seed
bank (expressed by the dashed line). Rhizomes give rise to shoots in the first spring after their
production. Herbicide application (red dashed line) can kill susceptible seedlings and shoots. The
plants that survive then compete for resources as they mature. The aboveground plant material dies
in winter, and Johnsongrass overwinters as seeds and rhizomes in the ground.

the overexpression of the target proteins (Délye et al., 2013b; Powles et al., 2010; Qu et al.,
2021). Target-site mutations confer resistance to herbicides targeting the protein concerned; the
efficacy of herbicides with a different mode of action is not impacted (Délye, 2013; Qu et al., 2021).
The inheritance is monogenic, with most cases of target-site resistance conferred by dominant or
semi-dominant alleles (Délye et al., 2013b). Non-target-site resistance, on the contrary, is conferred
by mechanisms that minimise the exposure of target proteins to active herbicidal ingredients –
including the overexpression of transporter proteins, an increase in metabolism or a reduction in
herbicide penetration or translocation (Powles et al., 2010; Qu et al., 2021). Cross-resistance is not
restricted to herbicides sharing the same mode of action and can even include herbicides yet to be
introduced (Délye et al., 2013b). While rare cases of monogenic inheritance exist, non-target-site
resistance is typically a complex polygenic trait (Délye et al., 2013b). The reported cases of
herbicide resistance in Johnsongrass biotypes include target-site resistance towards various ACCase-
and ALS-inhibitors (Lorentz, 2014; Peerzada et al., 2023) and non-target-site resistance to
glyphosate (Vila-Aiub et al., 2007). In this thesis, I cover target-site resistance in Johnsongrass.

Resistance mechanisms confer a fitness advantage in the presence of herbicide, but weeds might
suffer adverse effects on fitness in its absence (Purrington, 2000). These resistance costs control
the rate of resistance evolution under heterogeneous selection regimes as constituted by herbicide
rotations, catalyse the loss of resistance alleles in the absence of the herbicide and moderate the
role of preexisting variation (Neve et al., 2014; Vigueira et al., 2013). However, while some
resistance-endowing mutations are associated with deleterious pleiotropic effects resulting in fitness
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costs for the plant, others have no detectable effect on fitness or are even beneficial in the absence
of herbicides (Délye et al., 2013b; Vila‐Aiub et al., 2009). Fitness costs related to target-site
alterations are a consequence of impaired enzyme functionality, whereas altered metabolic pathways
might cause a shift in resource allocation from plant growth and reproduction to defence (Powles
et al., 2010; Vila‐Aiub et al., 2009). In Johnsongrass, a target-site mutation conferring resistance
to ACCase-inhibitors has been linked to a fitness cost on seed production (Panozzo et al., 2021);
I study its impact on the dynamics of herbicide resistance evolution and the primary source of
adaptive variation.

Evolutionary rescue and source of adaptive variation. Populations confronted with a drastic
environmental change that causes maladaptation and population decline might escape extinction
through evolutionary adaptation occurring on the same time scale (Alexander et al., 2014; Bell,
2017; Carlson et al., 2014). This phenomenon – termed evolutionary rescue – has been studied
in the past 30 years mainly in the context of conservation biology and medicine (Alexander
et al., 2014; Bell, 2017; Gomulkiewicz et al., 1995). The rapid adaptation of arable weeds
to the strong selection induced by herbicide application constitutes an example of evolutionary
rescue (Bell, 2017), which has – despite calls from the weed research community – not previously
been treated in the rescue literature (Kreiner et al., 2017; Neve et al., 2014). Weeds exhibit
an astonishing variation and complexity in their reproductive system. A few studies investigated
in a general context how the mode of reproduction – outcrossing versus selfing and sexual versus
asexual reproduction – influences fast adaptation (Glémin et al., 2013; Orive et al., 2017; Uecker,
2017). Yet another critical factor shaping eco-evolutionary dynamics in weed populations is their
persistent seed bank, providing “migration from the past” (Yamamichi et al., 2019). To the best
of my knowledge, a comprehensive analysis of how the seed bank and the mode of reproduction
interact to shape the dynamics of herbicide resistance evolution is missing in the literature (but see
Neve, 2008 for a simulation study considering selfing and varying seed germination rates under
constant seed bank mortality).

The probability and rate of a population successfully adapting to environmental stress and
avoiding extinction depend on the origin of the adaptive type – which might have been already
present in the population as part of the standing genetic variation or might arise subsequently by de
novo mutations (Bell, 2017; Kreiner et al., 2017). Adaptation is typically faster from standing
variants available in the population at higher copy numbers with the onset of stress (Barrett
et al., 2008). Whether evolutionary rescue is more likely to result from preexisting variants or novel
mutations is determined by their absolute frequencies and can affect the suitability of measures
aiming to mitigate undesired adaptation, like the evolution of herbicide and antibiotic resistance
(Bell, 2017; Kreiner et al., 2017). There are theoretical arguments suggesting that the selection
of mechanisms conferring high levels of resistance – like target-site mutations – proceeds mainly
from novel mutation (Hawkins et al., 2019; Neve et al., 2014). While genomic data of several
waterhemp (Amaranthus tuberculatus) populations support a prevailing role of de novo mutations
in this species (Kreiner et al., 2022), genomic analysis and simulations identified a prevalent role
of standing genetic variation in target-site resistance adaptation of the annual weed blackgrass
(Alopecurus myosuroides) (Kersten et al., 2023). The precise determinants of the primary source
of adaptive variation in herbicide resistance remain poorly understood. In Chapter 3, I present a
branching process model of rapid adaptation in response to strong selection, capturing complex life
cycles of sexual and asexual reproduction and dormancy in a perennial weed. Using rescue and
branching process theory, I study the probability of herbicide resistance adaptation and the waiting
time distribution until the first appearance of resistant plants as determined by seed bank dynamics
and details of the reproductive system. I analyse key factors – including the cost of resistance and
mode of pollination – determining the primary source of adaptive variation.
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Figure 1.3 | Realisation of a multitype Galton-Watson process with subcritical and
supercritical types. The genealogy of the process is illustrated, and below is the development of the
population size shown – the total population size (dashed line) and the size of the subpopulations
(solid lines). A grey individual’s expected number of offspring is lower than one; we denote this type
by subcritical type. Orange individuals have, on average, more than one offspring, enabling positive
population growth; we term this a supercritical type. A population of subcritical individuals (grey) is
doomed to extinction unless a type with higher fitness (orange) appears.

Branching processes. Branching processes are well-established in biological studies for modelling
population dynamics, often concerned with the probability of ultimate extinction (Athreya et
al., 1972; Harris, 1963; Kimmel et al., 2002; Santer et al., 2020). They have been used to
model populations at risk of extinction due to low reproduction rates after an environmental
change, investigating how the emergence of an adapted mutant – arising de novo or as part of
the preexisting variation – could prevent population extinction via evolutionary rescue (Azevedo
et al., 2021; Orr et al., 2008; Uecker et al., 2014). The declining maladapted population is
often treated deterministically while a single-type branching process captures the stochasticity in
the number of adapted mutants (Orr et al., 2008; Uecker et al., 2016; Uecker et al., 2014).
However, multitype branching processes, jointly describing the dynamics of maladapted and adapted
types, can yield further information about the waiting time until such an adapted mutant appears
(Alexander, 2016; Azevedo et al., 2021; Serra et al., 2007). In Chapter 3, I use a multitype
discrete-time branching process model, precisely a multitype Galton-Watson process model, to
study the probability and timing of herbicide resistance adaptation from novel mutations and
standing variation in Johnsongrass. Homogeneous subpopulations that produce on average less
than one offspring – termed subcritical types and said to have negative fitness – are doomed to
extinction, while lineages of types yielding an expected number of offspring greater than one –
termed supercritical types and said to have positive fitness – have a positive survival probability.
Upon appearance, an adapted type with positive fitness potentially restores positive growth in a
population declining in response to an environmental change, as illustrated in Figure 1.3.



8 Chapter 1 Introduction

This thesis aims to show how modelling the complex system of agricultural weed management
facilitates a more complete understanding of underlying mechanisms and exposes open questions in
ecology and evolution. Mathematical and computer simulation modelling provide a means to inform
the development of management strategies with an understanding of the ecologic and evolutionary
processes driving the evolution of herbicide resistance in weed populations. Herbicide-resistant
weeds, at the same time, constitute uniquely suited models for studying rapid adaptation to
human-mediated regimes of strong selection.



CHAPTER 2
Theoretical assessment of persistence and adaptation in weeds with
complex life cycles

This chapter is published in a peer-reviewed journal. Lauenroth, D., and Gokhale, C.S. Theoretical
assessment of persistence and adaptation in weeds with complex life cycles. Nature Plants 9,
1267–1279 (2023). DOI: 10.1038/s41477-023-01482-1.

Abstract
Herbicide-resistant weeds pose a significant threat to global food security. Perennial weed species
are particularly troublesome. Such perennials as Sorghum halepense spread quickly and are difficult
to manage due to their ability to reproduce sexually via seeds and asexually through rhizomes. Our
theoretical study of Sorghum halepense incorporates this complex life cycle with control measures
of herbicide application and tillage. Rooted in the biology and experimental data of Sorghum
halepense, our population-based model predicts population dynamics and target-site resistance
evolution in this perennial weed. We found that the resistance cost determines the standing genetic
variation for herbicide resistance. The sexual phase of the life cycle, including self-pollination and
seed bank dynamics, contributes substantially to the persistence and rapid adaptation of Sorghum
halepense. While self-pollination accelerates target-site resistance evolution, seed banks significantly
increase the probability of escape from control strategies and maintain genetic variation. Combining
tillage and herbicide application effectively reduces weed densities and the risk of control failure
without delaying resistance adaptation. We also show how mixtures of different herbicide classes are
superior to rotations and mono-treatment in controlling perennial weeds and resistance evolution.
Thus, by integrating experimental data and agronomic views, our theoretical study synergistically
contributes to understanding and tackling the global threat to food security from resistant weeds.

Introduction
Sorghum halepense (Johnsongrass) is infamous for being “a threat to native grasslands and agri-
culture” (Klein et al., 2021, p. 413). Johnsongrass is classified as a weed in 53 countries (Klein
et al., 2021), and Holm et al. (1977) ranked it as the world’s sixth-worst weed. It causes significant
yield losses in 30 different crops, including essential cash crops such as corn, cotton, sugarcane
and soybean (Klein et al., 2021). The grassy weed out-competes native grasses like big bluestem
(Andropogon gerardii), little bluestem (Schizachyrium scoparius) and switchgrass (Panicum virga-
tum) in grasslands (Schwinning et al., 2017). Johnsongrass is a highly competitive and invasive
perennial, capable of sexual reproduction via seeds and asexual propagation through rhizomes
(Peerzada et al., 2023; Schwinning et al., 2017; Warwick et al., 1983). In addition to resource
competition, Johnsongrass affects crop production by serving as an alternative host for various
agricultural pests (Klein et al., 2021; Peerzada et al., 2023).

In cropped areas, typical control of Johnsongrass is by a post-emergence application of herbicides,
particularly glyphosate, acetyl-coenzyme-A carboxylase (ACCase)- and acetolactate synthase (ALS)-
inhibitors (Klein et al., 2021; Peerzada et al., 2023). However, the continuous use of such
herbicides has caused Johnsongrass to develop resistances, including target-site resistance towards
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various ACCase- and ALS-inhibitors (Lorentz, 2014; Peerzada et al., 2023) and non-target-site
resistance to glyphosate (Vila-Aiub et al., 2007). Herbicide resistance imposes a considerable
challenge on weed management. There is an urgent need for weed management strategies that reduce
herbicide resistance risk while effectively controlling the weed population. Integrated approaches,
combining herbicide application with mechanical measures, such as tillage, and potentially crop
rotations, are reported to provide efficient control of Johnsongrass, including its rhizomes (Peerzada
et al., 2023; Warwick et al., 1983). Mixtures and rotations of herbicides with different sites of
action reportedly reduce weed densities more efficiently than recurrent use of one herbicide class
and delay resistance evolution (Busi et al., 2020; Diggle et al., 2003; Zeller et al., 2021).

To develop and select sustainable control strategies, we must improve our understanding of eco-
evolutionary processes underlying the population dynamics and how inherent plant characteristics
shape the evolution of herbicide resistance in perennial weeds. Mathematical modelling has proven
valuable in studying long-term population dynamics and herbicide resistance evolution in weeds
(Freckleton et al., 2009; Holst et al., 2007). However, the majority of existing models deal
with annual weeds; the complex life cycle of perennial species has been addressed to a lesser extent
(Holst et al., 2007, but see Liu et al., 2019; Holmes et al., 2022). To our knowledge, only two
population dynamical models exist for Johnsongrass, and more general for perennials comprising the
whole life cycle (Holmes et al., 2022; Liu et al., 2019). Liu et al. (2019) presented an individual-
based model, which captures self-pollination but lacks a seed bank. The stage-structured model
of Holmes et al. (2022) comprises both a seed bank and a bank of rhizome buds. However, the
model lacks the possibility of de novo resistance evolution, and pure cross-pollination is assumed.

The goals of this study are (i) to explore how the resistance cost and its dominance affect the
standing genetic variation for target-site resistance; (ii) to study how genetic details, like the
dominance of resistance and the associated fitness cost, impact population dynamics and target-site
resistance evolution in herbicide-treated weeds; (iii) to examine the effects of self-pollination and
seed bank formation on genetic diversity, target-site resistance evolution, and risk of control failure
in perennial species; (iv) to determine the potential of tillage, herbicide mixtures and rotations for
controlling resistance evolution and weed control failure. To this aim, we implemented the life cycle
of Johnsongrass, both mathematically and computationally. The sexual and asexual phases are
incorporated differentially since the spread of resistance is explicitly genetic.

Even though the model is presented in the context of Johnsongrass, it can capture the population
dynamics and herbicide resistance adaptation of general perennial weeds. More generally, our
population-based approach can be adapted to any species that comprise sexual reproduction in the
continuum of selfing and outcrossing, asexual propagation, and potentially a seed bank component.

Model summary
The seminal work by Sager et al. (1976) has inspired several models of weed life cycles. The
population dynamic is typically captured deterministically using several discrete-time equations,
each corresponding to the included life stages (Holst et al., 2007). Often the population is
assumed to be even-aged, with the system time-steps of one-year increments (Holst et al., 2007).
We introduce a detailed population-based model describing the dynamics of seed- and rhizome-
propagated Johnsongrass. Our deterministic model with an annual time step comprises the whole
perennial life cycle. We then use the model to forecast population dynamics and the evolution of
target-site resistance. In this section, we summarise the main features of our theoretical model: life
history stages and eco-biology, control measures and resistance, and stochastic simulations. For a
detailed exposition, we refer to the Methods. We inferred all model parameters carefully from field
trials in the literature. In the Supplementary Information, we provide Table B.1 with all parameter
values and the derivation.
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Life cycle
Johnsongrass is dormant throughout the winter, overwintering as seeds or rhizomes in the ground
(Warwick et al., 1983). At the beginning of a growing season, seeds germinate to produce seedlings,
and shoots emerge from nodes on the rhizomes (Peerzada et al., 2023). Mature plants produce
new rhizomes and, after flowering, viable seeds (Peerzada et al., 2023; Warwick et al., 1983).

Figure 2.1 outlines the life cycle of Johnsongrass with both reproduction pathways, sexual via
seeds and asexual through rhizomes (a) and its representation in our model (b). The figure further
illustrates the implementation of self-thinning and density-dependent reproduction resulting from
intraspecific competition (c). Only rhizomes and seeds are present in early spring. Axillary buds
formed on the nodes of rhizomes can develop as shoots or secondary rhizomes (Paterson et al.,
2020). However, the apex of a rhizome exerts apical dominance over axillary buds, inhibiting their
growth (Beasley, 1970). The number of shoots in any given season can be determined from the
number of rhizomes, the number of nodes on rhizomes and the proportion of nodes producing
shoots.

Freshly produced Johnsongrass seeds are highly dormant throughout the season (Warwick et al.,
1983). They germinate in the subsequent seasons and can stay viable in the ground for several
years (Peerzada et al., 2023; Warwick et al., 1983). New seeds enter the seed bank but are
subject to post-dispersal predation and might lose viability or decay until the beginning of the next
season (Bagavathiannan et al., 2013). Each spring, only a certain proportion of seeds in the seed
bank germinates to produce seedlings (Leguizamón, 1986). Non-germinated seeds may either be
lost due to decay and viability loss or stay dormant (Bagavathiannan et al., 2013). At all times,
the seed bank consists of non-germinated seeds from the previous seed bank and seeds produced in
the preceding season.

Seedlings and shoots grow into adult plants. Even though rhizome shoots might emerge earlier
than seedlings due to a lower temperature requirement for germination, similar growth and
development were observed for Johnsongrass originating from seeds and rhizomes (Horowitz,
1972; McWhorter, 1961). Hence, we do not distinguish the adult plants by their origin. The
cycle continues as the adult plants produce new seeds and rhizomes, of which only a certain amount
survive the winter.

Intraspecific competition
Johnsongrass is more strongly affected by intraspecific competition than by competition from other
perennial grasses, like big bluestem, little bluestem and switchgrass (Schwinning et al., 2017).
In addition, since the crop density is assumed to remain constant throughout the seasons, we do
not explicitly model competition from the crop and other weeds. We implement the hyperbolic
self-thinning function introduced by Yoda et al. (1963) to model early plant survival (illustrated in
Figure 2.1 c).

Moreover, Williams et al. (1977) reported a significant impact of intraspecific competition on
the formation of reproductive structures in Johnsongrass. In their greenhouse experiment, high
stand densities delayed or even prevented tillering and delayed the formation of rhizomes and
panicles. Also, the final dry weight of reproductive structures was reduced in crowded stands. Due
to a lack of data, we assume that the total seed and rhizome yield per square meter approaches a
constant value at moderate to high densities (Firbank et al., 1985) (the density-dependent fertility
is illustrated in Figure 2.1 c).

Control and resistance
Numerous control strategies exist for managing weed populations. They are typically classified
according to their primary mode of action: chemical, mechanical, biological, cultural or allelopathic
(Peerzada et al., 2023). We focus on tillage (mechanical control) and post-emergence herbicide
application (chemical control).
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Figure 2.1 | Schematic illustration of Johnsongrass’ life cycle and its representation in
our model. a, Diagram of Johnsongrass’ life cycle. Johnsongrass reproduces sexually via seeds (inner
ring) and asexually through rhizomes (outer ring). Seeds can stay dormant in the ground for several
years, forming a seed bank (central circle). New seeds and seeds from the seed bank might germinate
in spring or stay dormant as part of the seed bank (expressed by the dashed line). Rhizomes give rise
to shoots in the first spring after their production. Herbicide application (red dashed line) can kill
susceptible seedlings and shoots. The plants that survive then compete for resources as they mature.
The aboveground plant material dies in winter, and Johnsongrass overwinters as seeds and rhizomes in
the ground. b, Schematic representation of our model. The left part of (b) corresponds to the sexual
reproduction of Johnsongrass, and the right part represents the asexual propagation. Solid arrows
depict within-season dynamics, and dashed arrows show dynamics between seasons. Survival
probabilities and fecundity are shown in grey next to the corresponding arrows. c, Intraspecific
competition. Intraspecific resource competition leads to self-thinning and density-dependent fecundity
reduction. The left panel displays the probability of intraspecific competition survival in young plants
(𝑃) as a function of their density. The density-dependent reduction in fecundity, i.e. the number of
seeds (𝑓) and rhizome buds (𝑏) produced by mature plants, is illustrated on the right.

As for target-site resistance, e.g. against ACCase- or ALS-inhibitors, we consider a single allele R
associated with herbicide resistance (Hernndez et al., 2015; Kreiner et al., 2017; Scarabel et al.,
2014). We assume a diploid genome, but the model can be extended to reflect higher ploidy levels
(see Holmes et al. (2022) for a comparison of the rate of herbicide resistance evolution in diploid
and tetraploid weeds). The susceptible phenotype results from the homozygous genotype WW, and
genotype RR plants are resistant. The factor 0 ≤ 𝑘ℎ ≤ 1 captures the variability in the dominance
of resistance such that we can account for recessivity (𝑘ℎ = 0), partial dominance (0 < 𝑘ℎ < 1) and
complete dominance (𝑘ℎ = 1) of the resistance trait. Spontaneous mutations to the resistance allele
R can occur during sexual reproduction. We do not consider back mutations as they do not change
the dynamics relevantly. Johnsongrass is primarily self-pollinated, leading to higher homozygosity
and reduced genetic diversity in the produced seeds compared to cross-fertilization (Warwick
et al., 1983). The sexual reproduction in our model follows Mendelian inheritance and includes
spontaneous mutations to the resistance allele R occurring with probability 𝜇 (see Supplementary
Information).
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Standing genetic variation. Indeed, while mutations can emerge due to the selection pressure of
the herbicides, resistance may already exist in the natural variation in a population. Standing
genetic variation for herbicide resistance has been found in plant populations never exposed to
herbicides, among others, target-site resistance against ACCase-inhibitors (Délye et al., 2013a).
Moreover, herbicide resistance adaptation may primarily proceed from standing genetic variants as
the initial frequency of resistant individuals may be much higher than the spontaneous mutation
rate of resistance alleles (Délye et al., 2013a; Kreiner et al., 2017). Thus we also include standing
genetic variation in our model and derive an analytic approximation of the expected variation (v)
in an untreated field.

Resistance cost. Herbicide resistance can be associated with a fitness cost (Baucom, 2019). In
particular, a fitness cost on seed production associated with a mutation conferring resistance against
ACCase-inhibitors has been reported in Johnsongrass (Panozzo et al., 2021). As for the herbicide
resistance, the model allows for dominance variability regarding the fitness cost, implemented by
a dominance factor 0 ≤ 𝑘𝑐 ≤ 1. Hence, for type RR and RW plants, a reduction in the average
number of seeds produced by 𝑐 and 𝑘𝑐𝑐, respectively, is considered compared to the fecundity of
susceptible plants. The resistance cost is always relevant, irrespective of the control regime.

Herbicide efficacy. In our model, herbicide resistance is complete for homozygous-resistant plants.
Herbicide application can kill susceptible plants and partly resistant heterozygotes with an efficacyℎ and (1 − 𝑘ℎ) ℎ, respectively. Due to inadequate translocation of herbicides into the rhizomes
and dormant buds, their control is only partial (Beasley, 1970; Tuesca et al., 1999). Thus
even when the herbicide kills shoots, new shoots may eventually resprout from the parent rhizome
(Beasley, 1970; Tuesca et al., 1999). This resprouting reduces the herbicide efficacy on rhizome
shoots compared to seedlings (Vidrine, 1989). Johnsongrass rhizomes are cut into pieces during
tillage and partly turned to the soil surface (Warwick et al., 1983). The fragmented rhizomes in
shallow layers are exposed to low temperatures during winter, leading to increased mortality (Hull,
1970; Warwick et al., 1983). Additionally, rhizome fragmentation can maximize bud sprouting
(McWhorter et al., 1965), allowing for enhanced control of Johnsongrass plants originating from
rhizomes by the herbicide (Hull, 1970; Tuesca et al., 1999).

Second herbicide. To study the effect of binary herbicide mixtures and rotations, we consider
two classes of herbicides used for Johnsongrass control, ACCase- and ALS-inhibitors (Peerzada
et al., 2023). Due to the different sites of action, target-site resistance against herbicides of
one class is uncorrelated with resistance against the other. However, in annual ryegrass (Lolium
rigidum), multiple and cross-resistance to ACCase- and ALS-inhibitors has been reported (Torra
et al., 2021) due to a combination of target-site and non-target-site resistance (Torra et al.,
2021). Since we do not consider non-target-site resistance, we omit cross-resistance. The combined
efficacy of the two herbicides applied as a mixture is calculated as ℎ𝑚𝑖𝑥 = 1 − (1 − ℎ1)(1 − ℎ2) =ℎ1 + ℎ2 − ℎ1ℎ2, where ℎ1 and ℎ2 are the efficacies of the herbicides in mono-treatment (Bliss,
1939). Likewise, suppose the effects of the fitness costs associated with the respective target-site
resistance are independent. Then the fitness cost of a plant fully resistant against both herbicides
is 𝑐double resistant = 1 − (1 − 𝑐1)(1 − 𝑐2) = 𝑐1 + 𝑐2 − 𝑐1𝑐2. Here 𝑐1 and 𝑐2 are the fitness costs of
resistance towards the individual herbicides.

Stochastic simulations
Deterministic models capture selection as an evolutionary force, particularly for large populations.
However, for small populations, strong selection may lead to the extinction of non-favoured types.
Moreover, genetic drift acquires more relevance in small populations. We implemented stochastic
simulations of our population-based model to account for such natural stochasticity. This approach
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Figure 2.2 | Variation of the approximated standing genetic variation for target-site
resistance with the resistance cost. The genetic composition of untreated Johnsongrass
populations is approximated on the basis of Eq. (2.22) and shown for different degrees of dominance
(𝑘𝑐) of the resistance cost. Dashed lines correspond to a recessive resistance cost (𝑘𝑐 = 0), solid lines
indicate partial dominance (𝑘𝑐 = 0.5) and dotted lines complete dominance(𝑘𝑐 = 1). The grey line
marks the spontaneous mutation rate of resistance alleles (𝜇 = 10−8). a, Expected frequency of the
resistance allele R in an untreated population depending on the resistance cost (𝑐). b, Expected
frequencies of the resistant genotypes in an untreated population as a function of the resistance cost
(𝑐). The frequency of resistant heterozygotes (RW) is shown in yellow and resistant homozygotes (RR)
are represented in red.

allows for random shifts in allele frequencies and extinction. We provide the details of the algorithm
in the Methods section, and the complete code is available on GitHub for reproducibility.

Results
Genetic complexities
Standing genetic variation. We estimate the standing genetic variation for target-site resistance
in untreated Johnsongrass by vector v in Equation (2.22). The obtained population composition
provided the initial seed bank and rhizomes composition for our deterministic population dynamics
and corresponding stochastic simulations. We explore how the standing genetic variation for
target-site resistance depends on the associated fitness cost (𝑐) and its dominance (𝑘𝑐).

The frequency of resistance alleles R is controlled by the fitness cost on seed production (Fig-
ure 2.2 a). It decreases with an increasing fitness cost. For fecundity reductions in resistant
homozygotes exceeding 12 %, we expect a resistance allele frequency in the order of the considered
de novo mutation rate 𝜇 = 10−8 (Harms et al., 1991; Haughn et al., 1987); indicating that
competition with the sensitive type prevents the establishment of the resistant mutants. A higher
degree of dominance regarding the fitness cost decreases the R allele fraction slightly, which is less
visible for small fitness costs. Likewise, the frequency of both resistant types is slightly reduced
by a higher dominance of the fitness cost (Figure 2.2 b). Remarkably, the expected frequency
of heterozygotes shows little variation with the fitness cost. However, the expected frequency of
resistant homozygotes increases with a decreasing fitness cost, most extreme for minimal fitness costs.
This differential behaviour is because Johnsongrass is predominantly self-pollinated. Self-fertilised
heterozygous plants (95 %) produce only one-half of heterozygous seeds and one-quarter of each
homozygote. Therefore, we see an increased level of homozygosity under low resistance costs. For
costs lower than 20−25 % (depending on the degree of dominance), we expect homozygous resistant
plants to be more abundant than heterozygotes.

In natural populations of annual ryegrass, plants with target-site resistance against an ALS-
inhibitor were found at a frequency ranging from 1 ⋅ 10−5 to 1.2 ⋅ 10−4 (Preston et al., 2002).
Délye et al. (2013a) detected one individual carrying a specific ACCase target-site resistance in a

https://github.com/tecoevo/JohnsongrassDynamics
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sample of 685 blackgrass (Alopecurus myosuroides) specimens collected prior to the introduction
of ACCase-inhibiting herbicides. This abundance corresponds to a resistance allele frequency of7.3 ⋅10−4. According to our model, we expect resistance alleles and resistant individuals in untreated
fields at a frequency of 1 ⋅ 10−5 for a 0.1 % fitness cost on seed production (Data available on
GitHub). Such a low fitness cost might not be detectable. Indeed, no associated fitness cost was
detected for two out of three mutant ACCase alleles investigated by Menchari et al. (2008) in
blackgrass. However, for a fitness cost on seed production of 30 %, reported for a mutant ACCase
allele endowing herbicide resistance in Johnsongrass (Panozzo et al., 2021), the expected resistance
allele frequency and cumulative frequency of resistant types range from 3.3 ⋅ 10−8 to 5.3 ⋅ 10−8 and4.9 ⋅ 10−8 to 7.3 ⋅ 10−8, respectively, depending on the dominance of this fitness cost. This initial
prevalence of target-site resistance is in the order of the spontaneous mutation rate (Harms et al.,
1991; Haughn et al., 1987) and considerably lower than what is reported in the literature (Délye
et al., 2013a; Preston et al., 2002).

Resistance allele dominance and fitness cost dominance. An increase in the dominance of the
resistance cost leads to a relatively small reduction in the overall fitness of heterozygotes, resulting in
a minor decrease in the eventual abundance of heterozygotes and sensitive homozygotes (Figure A.1).
Sensitive plants decrease in abundance with heterozygous plants due to the prevalence of self-
pollination. Reduced resistance dominance drastically lowers heterozygotes’ fitness under herbicide
application. The reduced survival strongly decreases the number of heterozygous and homozygous
sensitive plants in the population.

A high dominance of resistance accelerates target-site resistance evolution when resistance is rare
while hindering fixation of the resistance allele (Figure A.3 a). At low frequencies of target-site
resistance, it is advantageous if heterozygotes have a high fitness and produce many offspring, of
which most are resistant again. This, in turn, is a disadvantage for allele fixation since the sensitive
allele is masked in heterozygotes.

Fitness cost. Using stochastic simulations, we investigate the impact of resistance cost on target-
site resistance evolution and resulting population regrowth in herbicide-treated Johnsongrass. It is
worth noting that the fitness cost determines the frequency of standing genetic variants, substantially
affecting the probability of Johnsongrass escaping from control and regrowing.

Presumed that the resistant types manage to establish, the change in population composition is
slightly faster under a low resistance cost on seed production (𝑐 = 0.001) compared to a high cost
(𝑐 = 0.3) (Figure 2.3 a). The resistant homozygotes outcompete other types more easily (see also
Figure A.3 b). Moreover, with a low fitness cost of 0.1 %, the population escapes control by the
herbicide in over half of the simulation runs (Figure 2.3 b). Most of these simulated populations
start to grow again within the first years (78.5 % within the first three years and 84.4 % within six
years), where the year of escape from control and the start of regrowth is defined as the year in
which the first homozygous resistant plants survive till reproduction. This resurgence is due to a
high initial resistance allele frequency under low fitness costs (compare Figure 2.2). Thus, resistant
individuals will likely be in the field at the start of treatment. The impact of the fitness cost itself
is comparably low. Under herbicide application, resistant plants have a major selective advantage
over sensitive plants, even with a high fitness cost on seed production. For a higher fitness cost of30 %, less than a quarter of simulated populations escape from control by the herbicide and regrow
within 30 years (Figure 2.3 b). The distribution of escapes from control is less skewed and more
uniform, with almost no escapes in the first two years. Due to a low initial frequency of resistant
types (compare Figure 2.2), the population rescue depends on the probability of a new mutation
arising or resistant seeds in the seed bank germinating.

https://github.com/tecoevo/JohnsongrassDynamics/tree/main/Fig2/data
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Figure 2.3 | Simulated target-site resistance evolution and resulting population regrowth
in herbicide-treated Johnsongrass for low and high resistance cost. Shown are the results of
1000 simulation runs obtained for a partially dominant resistance allele (𝑘ℎ = 0.5) and fitness cost
(𝑘𝑐 = 0.5). The initial genotype composition differs between the low (𝑐 = 0.001) and high (𝑐 = 0.3)
fitness cost (compare Figure 2.2 b). a, Changes in genotype composition of plants ( ̃𝑃) over 30 years of
herbicide application for low and high resistance cost. The frequency of sensitive plants (WW) is
shown in blue, resistant heterozygotes (RW) in yellow and resistant homozygotes (RR) are represented
in red. The thick lines with closed circles correspond to the average of all simulation runs, and the
thin lines represent the individual realisations. b, Distribution of escapes from control over 30 years of
herbicide application for low and high resistance cost. Weed populations can regrow under herbicide
treatment if a resistant plant establishes on the field and reproduces. The year of escape from control
is the year in which the first homozygous resistant plant survives till reproduction. The pie charts
display the proportion of simulation runs where the weed population escapes from control and regrows.

Sexual reproduction
Genetic diversity mainly results from sexual reproduction, while perennials of a well-adapted
type rapidly spread through asexual propagation. Two characteristics of Johnsongrass’ sexual
reproduction, namely self-pollination and seed bank formation, seem particularly relevant for the
population dynamics and target-site resistance evolution.

Self-pollination. Selfing increases the level of homozygosity in the population. Hence, the heterozy-
gotes are significantly less abundant compared to a solely cross-pollinated population (Figure A.2),
and the proportion of resistance alleles R increases faster under self-pollination (Figure 2.4 b). The
interplay of a higher generation of homozygous-resistant individuals and the selective pressure
exerted by the herbicide causes the accelerated target-site resistance evolution in self-pollinated
weed populations. It might seem surprising that our model predicts an initial decline in homozygous-
resistant seeds under herbicide application if the weed population is cross-pollinating. This decline
is because, in our model, the initial population composition derives under the assumption of no
cross-pollination. The sensitive type dominates over the first years, producing a high fraction of
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Figure 2.4 | Predicted target-site resistance evolution in herbicide-treated Johnsongrass
depending on seed bank formation and self-pollination. The results are obtained for a
partially dominant resistance allele (𝑘ℎ = 0.5) and fitness cost (𝑘𝑐 = 0.5). a, Simulated changes in
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the resistance allele R in Johnsongrass plants ( ̃𝑃) under herbicide application for pure
cross-pollination and 95 % self-pollination. Shown are predictions of our deterministic model.
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sensitive pollen. Therefore, in a solely cross-pollinated population, pollination with sensitive pollen
prevails.

Seed bank. Most simulated populations that lack a seed bank go extinct within 30 years under
herbicide application and tillage (Figure 2.4 a). At the same time, we see no extinctions within this
period for simulated populations that include a seed bank. In the latter case, some resistant seeds
might be left in the seed bank, even if the resistant types do not establish during the early years of
herbicide application. The weed population thus has the potential to escape from control even after
being controlled at very low densities for many years. Moreover, since populations with a seed bank
are larger, the probability of mutations arising increases. Therefore, the distribution of escapes from
control over time, observed in the stochastic simulations, is very wide for populations containing a
seed bank. The escapes aggregate to 7.6 % of the realisations. In contrast, in simulations without a
seed bank, populations started regrowing solely in the first nine years, accounting for 3 % of the
runs.

Without a seed bank, the sensitive type disappears from almost all simulated populations, while
most seed banks still contain some sensitive seeds after 30 years of recurrent herbicide application
and tillage. The seed bank composition changes more slowly than the genotype composition of
plants on the field, preserving genetic variation (see also Figure A.2). The seed bank only slightly
delays the rise of resistance alleles in plants over several years of herbicide treatment (Figure A.3 c).

Control strategies
Combined control regimes. We examined the impact of a binary herbicide mixture and the
integration of soil tillage on population dynamics and target-site resistance evolution in Johnsongrass.
The integration of tillage with herbicide application significantly reduces the weed population size
(Figure 2.5 a). This control improvement is caused by increased winter mortality of rhizomes and
enhanced herbicide efficacy on rhizome shoots. Therefore, mutations are less likely to arise, and
the proportion of simulation runs where the weed population regrows from resistant individuals
also reduces. Nevertheless, the increased selective pressure with tillage causes the frequency of
resistance alleles in the population to increase slightly faster than under herbicide application alone
(Figure 2.5 b). Our result contradicts the finding of Liu et al. (2019) that tillage delays the evolution
of target-site resistance. However, we could qualitatively reproduce their result using a similar
parameter set (see Figure A.4). Therefore, we acknowledge the deviation due to the significantly
lower reproductive capacity implemented by Liu et al. (2019). The limited propagation increases
the effect of higher rhizome mortality, overcoming the increased selective pressure on shoots under
low frequencies of the resistance allele.

Adding a second herbicide with a reduced efficacy makes the simulated populations go extinct
within 15 years and escapes very unlikely (Figure 2.5 a). Furthermore, the second herbicide delays
the resistance evolution against the first herbicide (Figure 2.5 b). The reason is Johnsongrasses’
inherent ecology. As the herbicide efficacy is higher on seedlings than on rhizome shoots, the
proportion of surviving plants originating from rhizomes increases when a second herbicide with
a different mode of action is added. The selective pressure on these rhizome plants is lower than
on plants that emerge from seeds. This effect is even more substantial for higher efficacies of the
second herbicide. However, suppose a herbicide with reduced efficacy is applied individually. In
that case, Johnsongrass’ exceptionally high reproductive capacity still allows the population to grow
(Figure A.5). The high density, in turn, leads to de novo mutations conferring herbicide resistance.
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Figure 2.5 | Predicted population dynamics and target-site resistance evolution in
Johnsongrass under different control regimes. The results are obtained for a partially dominant
resistance allele (𝑘ℎ = 0.5) and fitness cost (𝑘𝑐 = 0.5). a, Simulated changes in Johnsongrass density
( ̃𝑃 /𝐴) and proportion of populations escaping from control over 30 years of different control regimes.
Shown are the results of 1000 simulation runs. The thick lines with closed circles correspond to the
average of all simulation runs, and the thin lines represent the individual realisations. The pie charts
display the proportion of simulation runs in which the weed population escapes from control and
regrows due to herbicide resistance evolution. The distinct control strategies are from left to right, top
to bottom: ACCase-inhibitor application, ACCase-inhibitor application combined with tillage,
application of ACCase-inhibitor and ALS-inhibitor with low efficacy, application of ACCase-inhibitor
and ALS-inhibitor with low efficacy combined with tillage. b, Predicted changes in the frequency of
the ACCase resistance allele R in Johnsongrass plants ( ̃𝑃) under different control regimes. Shown are
predictions of our deterministic model. The distinct control strategies are: ACCase-inhibitor (light
grey line with closed circles) or ACCase-inhibitor and ALS-inhibitor with low (dark grey line with
closed squares) or high (black line with closed triangles) efficacy applied solely (solid line) or combined
with tillage (dashed line).
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Figure 2.6 | Simulated evolution of target-site resistance in Johnsongrass under binary
herbicide rotations and mono-treatment. Shown are results of 105 simulation runs obtained for
a partially dominant resistance allele (𝑘ℎ = 0.5) and fitness cost (𝑘𝑐 = 0.5). Considered are rotations
of two herbicides with distinct target sites, ACCase- and ALS-inhibitors, Johnsongrass is known to
develop target-site resistance towards. We assume equal efficacy here. The cycle length refers to the
number of years one herbicide is recurrently applied before the treatment switches to the other
herbicide. a, Proportion of simulated populations with resistant plants establishing on the field within
30 years of binary herbicide rotations depending on the cycle length and compared to mono-treatment.
Bars show the percentage of simulation runs in which the plants ( ̃𝑃) evolve resistance, with the light
grey part referring to the population with single resistance, i.e. target-site resistance against only one
of the herbicides, and the dark grey part reflecting double resistance. b, Average year of resistant
plants establishing on the field within 30 years of binary herbicide rotations depending on the cycle
length and compared to mono-treatment. The light grey line with closed circles displays the average
year the first resistant plant survives till reproduction, and the dark grey line with closed squares
depicts the average year of double resistant plants establishing on the field. The dashed lines show the
reflective year of resistance occurrence under mono-treatment.

Herbicide rotation. We further investigated the effect of the cycle length in binary herbicide
rotations on the establishment of resistant plants on the field (Figure 2.6). We consider rotations of
two herbicides with different target sites and equal efficacies, where mixture and mono-treatment
can be viewed as the two extremes. Cycle length refers to the number of years one herbicide is
applied recurrently before treatment switches to the other herbicide.

Herbicide rotations fail to reduce the probability of resistant plants establishing on the field.
Varying slightly around 29.3 % observed in mono-treatment, the proportion of simulated populations
with resistant plants is not dependent on the cycle length (Figure 2.6 a). Due to the rapid population
decrease, resistance evolves only in 0.02 % of the plants treated with a mixture of the two herbicides.
In contrast, the emergence of double resistance decreases with increasing cycle length from 24 % in
annual to 19.4 % in decennial rotation. In mono-treatment, we observe double resistant plants in16.7 % of the simulated populations and none under the application of herbicide mixture. Resistance
against one of the herbicides in a binary rotation is sufficient for the weed population to grow in the
long run (compare Figure A.6). Further, herbicide rotations control sensitive plants with the same
efficacy as a mono-treatment, leading to a similar probability of resistance adaptation. However,
double resistance is costly for the plants, increasing the fitness cost on seed production in our
model to 51 % compared to 30 % in single-resistant plants. When a herbicide is not applied, plants
sensitive to this herbicide have a higher reproductive capacity. Therefore less frequent switching of
herbicides reduces the risk of double resistance.
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In our simulations, plants with single resistance established before the potential occurrence of
double resistance. On average, the first resistant plants establish on the field after about 23 years
of herbicide application, unaffected by cycling (Figure 2.6 b). Under herbicide mixtures, double
resistance occurs on average six to seven years afterwards, about two years earlier than under
mono-treatment. Nevertheless, rotations of the herbicides can delay the resistance allele fixation
due to the alternating selective pressure and the fitness cost associated with resistance (compare
Figure A.7). Moreover, herbicide rotations delay weed population regrowth as compared to the
application of a single herbicide (compare Figure 2.5 b and Figure A.6). The average density
reached by resistant populations after 50 years is 124 to 174 plants per m2 for herbicide rotations,
considerably lower than 203 plants per m2 for mono-treatment.

Discussion
Through developing a comprehensive life cycle model of Johnsongrass, we have addressed the goals
set out in the Introduction: we showed, (i) that standing genetic variation for target-site resistance is
determined by the resistance cost, while its dominance has a minor impact; (ii) how high resistance
dominance hastens the initial spread of resistance alleles but delays fixation due to the masking of
sensitive alleles in heterozygotes; and the resistance cost affects probability and time of control
escapes mainly by determining the standing genetic variation, with little effect of its dominance;
(iii) that target-site resistance evolution is faster under self-pollination, and a seed bank can increase
the probability of escape from control while maintaining genetic variation; (iv) that the integration
of tillage with herbicide applications effectively reduces weed density and, thereby, the probability
of escape from the control without delaying resistance evolution; how herbicide mixtures not only
control Johnsongrass more effectively but also delay target-site resistance evolution due to the
weeds inherent ecology; and that herbicide rotations do not delay the onset of resistance, but can
slow resistance evolution and delay weed population regrowth. Beyond the specific implications for
Johnsongrass control, our results have significance in the broader context of the essential concepts
in controlling weeds: life cycle details, chemical and physical control methods, resistance evolution
and the prospects of ensuring food security. Below we draw out these conclusions.

Our analysis suggests that target-site resistance is associated with a meagre, probably undetectable,
fitness cost when found in untreated populations at frequencies two orders of magnitude higher
than the spontaneous mutation rate. For fitness costs exceeding 12 % on seed production, the
resistance allele frequency in populations that never encountered the herbicide before is expected
to be similar in magnitude to the mutation rate. Not all mutations endowing target-site resistance
in weeds are known to involve a fitness cost (Menchari et al., 2008). Furthermore, target-site
resistance against ALS- and ACCase-inhibitors were found with a natural frequency in the order of10−5 to 10−4 (Délye et al., 2013a; Preston et al., 2002). According to our results, this would
correspond to a meagre fitness cost. These findings coincide with the conclusions of Preston et al.
(2002). It is, therefore, likely that in Johnsongrass, target-site mutations exist with very low or even
no fitness cost. In this case, our simulations may underestimate the speed of resistance evolution
and the risk of weed control failure.

We show a more than doubled probability of weed populations escaping herbicide control under
a low fitness cost of 0.1 % compared to a fitness cost of 30 % on seed production. The latter cost
was reported for a mutant ACCase allele endowing resistance in Johnsongrass (Panozzo et al.,
2021). The expected change in population composition is faster under low resistance costs, and
resistant plants establish earlier on the field, leading to population recovery. Thus, if the fitness
cost of target-site resistance is low, control of the weed population with a single herbicide might
fail quickly and should be avoided. Applying herbicide mixtures might be a good strategy in such a
case, and integrating other control measures like tillage (Diggle et al., 2003; Peerzada et al.,
2023).

Our results suggest that the fitness cost dominance has a minor impact on the prevalence of
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resistance and population dynamics under control. Unlike the fitness cost of resistance, herbicide
resistance itself has no effect on the weed population in the absence of herbicides. The dominance
of resistance, therefore, does not affect the standing genetic variation. However, it determines
the fitness of heterozygotes under herbicide application, their abundance, and the sensitive type’s
abundance. A high dominance of resistance initially increases the speed of resistance evolution.
However, later the effect reverses due to the masking of sensitive alleles in heterozygotes, delaying
resistance evolution. This effect is observed for diploids and tetraploid perennials (Holmes et al.,
2022).

Especially, Holmes et al. (2022) found that target-site resistance alleles spread faster in diploids
than in tetraploids since tetraploid plants need to acquire twice as many mutations to reach the
same proportion of resistance alleles. However, in Johnsongrass, the W2027C target-site mutation
was not found to be present on more than two ACCase alleles (Lorentz, 2014). The cause might be
a fitness penalty or the absence of homologous recombination between Johnsongrass’ two genomes
(Lorentz, 2014).

Our results indicate that target-site resistance evolution is faster in self-pollinating weed pop-
ulations than in cross-pollinating populations. The increased homozygosity, combined with the
herbicide’s selective pressure, causes a more rapid increase in the relative frequency of resistance
alleles given resistant plants established. The higher number of homozygous-resistant individuals
in the standing genetic variation of self-pollinated weeds comes at the cost of a lower number of
resistance-carrying individuals, decreasing the probability of resistance adaptation for dominant
target-site resistance. In another simulation study, populations of seed-propagated annual weeds
needed to be larger for evolving resistance if they were self-pollinated compared to purely cross-
pollinated populations (Diggle et al., 2003). However, the opposite is true for recessive target-site
resistance. As heterozygotes are fully susceptible recessive target-site resistance is more likely to
establish in a herbicide-treated field if the weed is self-pollinated. We derived our initial composition
of seeds and rhizomes from Equation (2.22) under the assumption of pure self-pollination. This
genotype composition was used to calculate the population dynamics in an out-crossing population.
However, we obtained similar results with a control-free initialisation phase of 30 years, allowing
the population composition to stabilise under the assumed level of self-pollination.

Our simulations show that a seed bank significantly delays the extinction of a weed population
under control. A seed bank preserves genetic variation and considerably increases the establishment
probability of resistant mutants, leading to population regrowth. Therefore, we emphasise the
necessity of considering the details of sexual reproduction and seed bank during risk assessment
of control measures. It has been argued that herbicide resistance spreads mainly through asexual
propagation (Liu et al., 2019). Once resistant plants have established, more resistant offspring
might be generated via asexual propagation than seed production, considering the resistance cost
on seed production and the possibility that produced seeds are not resistant. Resistance, however,
generally originates in the seeds since mutations are most likely to arise during sexual reproduction.
Even if standing genetic variants are present in the population, the number of seeds is considerably
higher than that of rhizomes. Therefore, resistant individuals are more likely to be in the seed
bank. Moreover, sexual reproduction is needed to generate homozygous-resistant offspring from
heterozygous plants. We conclude that controlling the seed bank is essential in managing seed- and
rhizome-propagated perennial weeds like Johnsongrass.

Integrating soil tillage with herbicide application further reduces Johnsongrass populations. We
see no delay in the expected evolution of target-site resistance, as observed by Liu et al. (2019).
Nevertheless, the probability of Johnsongrass regrowth is more than halved by the reduction in
population size. This result agrees with field studies of Johnsongrass (McWhorter et al., 1965)
and blackgrass (Zeller et al., 2021). However, tillage increases the risk of soil erosion (Skøien
et al., 2012) and diminishes soil water (Bescansa et al., 2006). Our study does not consider the
risk of spreading resistant rhizomes and seeds with contaminated machinery.
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Our results show herbicide mixtures control Johnsongrass most effectively, with minimal risk
of weed populations escaping control. Including a second herbicide delays resistance evolution,
with an increased effect for higher herbicide efficacies. These results agree with other simulation
studies, demonstrating that herbicide mixtures effectively control resistance evolution and are
superior to rotations (Busi et al., 2020; Diggle et al., 2003). These conclusions were derived
assuming independent action of the herbicides, no cross-resistance and full application rates.
Applying two herbicides at full rates includes a higher economic cost than a mono-treatment and
increases the environmental impact. Also, possible mechanisms of cross-resistance and synergistic
or antagonistic interactions of the respective herbicides need to be explicitly considered. A
comprehensive understanding of the effect of herbicide mixtures could be attained by incorporating
herbicide interactions and cross-resistance into the present model and investigating different
application rates and ratios.

In our simulations, binary herbicide rotations failed to reduce the risk of target-site resistance
compared to mono-treatments. Frequent herbicide switching even favours the evolution of double
resistance. Due to the tremendous reproductive capacity of Johnsongrass, subpopulations resistant
to only one of the herbicides will, in our model, still grow over a rotation period with equal
application of both herbicides. Though not delaying the onset of resistance, herbicide mixtures can
slow resistance adaptation. This aspect, however, only takes effect if a relevant cost of resistance
induces a selective disadvantage of the resistant types in seasons the respective herbicide is not
applied. Our findings agree with a simulation study of Busi et al. (2020), which found that binary
rotations only delay resistance evolution if a fitness cost is assumed. However, they found more
complex rotations, including four herbicides, to be more effective. Also, target-site resistance is
not necessarily associated with a considerable fitness cost (Menchari et al., 2008). Moreover,
rotations of two herbicides delay weed population regrowth. A field experiment on blackgrass found
an average reduction in density of 59 % after seven years for yearly rotation of herbicide site of
action compared to mono-treatment (Zeller et al., 2021). Our results show agreement with a
simulation study by Diggle et al. (2003), in which rotations of herbicides were by far inferior to
mixtures in controlling regrowth and herbicide resistance evolution. Overall our results promise an
advantage of herbicide rotations over mono-treatment in terms of slowing population regrowth and
target-site resistance evolution, presuming a fitness penalty, with no consistent advantage of fast or
slow rotation. However, rotations do not reduce the resistance risk. Fast rotations even favour the
occurrence of double resistance. In general, combinations of herbicides are far more effective in
reducing herbicide resistance evolution and control failure.

Crop rotations, especially when they incorporate highly competitive crops like maize, can further
reduce the population size of Johnsongrass (Scopel et al., 1988; Weisberger et al., 2019; Zeller
et al., 2021). Holmes et al. (2022) studied the effect of crop rotations along with rotations of
herbicides in a theoretical attempt. They highlight the effectiveness of a combination of crop rotation
and rotation of herbicide classes in controlling Johnsongrass and delaying the evolution of herbicide
resistance. However, they included resistance against only one of the herbicides, resulting from
gene flow between resistant cultivated Sorghum and its wild relative. Our model can be extended
to study the effect of crop rotations in terms of competition with the crop (Bargués-Ribera
et al., 2020). This extension can be achieved by adding the corresponding competition terms in the
equations for density-dependant mortality (Eq. (2.9)) and reproduction (Eqs. (2.11) and (2.12)).

Besides standing genetic variation and de novo mutations, resistance can also arise from pollen-
mediated gene flow from neighbouring resistant populations or closely related resistant crops and
the introduction of herbicide-resistant rhizomes and seeds via contaminated equipment (Beckie
et al., 2019; Vrbničanin et al., 2017). Maxwell et al. (1990) included seed immigration and gene
flow from pollen in their population model of annual weeds, while Holmes et al. (2022) modelled
resistance evolution in Johnsongrass with gene flow from resistant Sorghum. Extending our model
to a landscape scale with intra- and inter-specific gene flow will comprehensively assess resistance
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evolution in herbicide-treated perennial weeds.
Overall, we have presented a theoretical framework capable of capturing the complex life cycle

of perennial plants. The framework can be modified to model specific cases, as we have shown
for Johnsongrass, and extended to answer pertinent questions from the points of view of different
stakeholders in sustainable agriculture. For example, weed control measures always come with
economic and socioecological facets. Thus, combining weed control and the associated socioeconomics
in a single theoretical framework would be a fully functional tool built on our current model’s
foundation.

Methods
Routed in the biology of Johnsongrass or model describes the dynamics of a weed population
growing in one field. We capture the perennial life cycle by considering five life-history stages: seeds,
seedlings, rhizomes, shoots and adult plants. One time step of the model corresponds to one year.
We implement stochastic simulations of this population-based model capturing the stochastic nature
of mutations, genetic drift and extinctions. In this section, we describe the equations reflecting
the plant reproduction and management interventions, as well as the stochastic simulations. We
provide the derivation of the model parameters in the Supplementary Information with Table B.1
showing all parameter values.

Life cycle
Johnsongrass plants are dormant throughout the winter, overwintering as seeds or rhizomes in the
ground (Warwick et al., 1983). At the beginning of a growing season, seeds germinate to produce
seedlings, and shoots emerge from nodes on the rhizomes (Peerzada et al., 2023). Mature plants
produce new rhizomes and, after flowering, viable seeds (Peerzada et al., 2023; Warwick et al.,
1983). Figure 2.1 illustrates the life cycle of Johnsongrass and its implementation in the model
with both reproduction pathways, sexual via seeds and asexual through rhizomes.

Initially, we neglect herbicide resistance and its genetics and concentrate solely on the plant life
cycle. Rhizomes in the ground at the beginning of season 𝑡 are denoted by 𝑍(𝑡). Not all axillary
buds formed on the nodes of a rhizome develop as shoots; some develop into secondary rhizomes or
stay dormant (Beasley, 1970; Paterson et al., 2020). Let 𝑏 be the number of nodes on a rhizome
and 𝑔𝑍 the proportion of nodes producing shoots during a season. Then the number of shoots
(𝑇 (𝑡)) at time 𝑡 is given by,𝑇 (𝑡) = 𝑔𝑍 𝑏 𝑍(𝑡) . (2.1)

To begin with, we assume a constant seed bank 𝐵 present in each season. Within a season 𝑡,
only a certain proportion 𝑔 of the seeds in the seed bank germinates to produce seedlings (𝐿(𝑡))
(Leguizamón, 1986),𝐿(𝑡) = 𝑔 𝐵 . (2.2)

Seedlings and shoots grow up to adult plants (𝑃). We do not distinguish adult plants by their origin
from seeds or rhizomes as they show similar growth characteristics (Horowitz, 1972; McWhorter,
1961). Therefore,𝑃(𝑡) = 𝐿(𝑡) + 𝑇 (𝑡) , (2.3)

gives the number of adult plants (𝑃(𝑡)) present in season 𝑡. Plants form new rhizomes of which
only a certain amount (1 − 𝑑𝑍) survives the winter to become the rhizomes of the next season 𝑡 + 1,𝑍(𝑡 + 1) = (1 − 𝑑𝑍) 𝑃 (𝑡) . (2.4)
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Control and resistance
Our model includes herbicide application and soil tillage as weed management techniques. We
consider target-site resistance endowed by a single resistance allele R in a diploid genome. We include
spontaneous mutations to the resistance allele R in sexual reproduction but no back mutations. We
assume the homozygous resistant genotype confers complete resistance against the herbicide. The
factor 0 ≤ 𝑘ℎ ≤ 1 captures the dominance of resistance such that the herbicide controls WW plants
with efficacy ℎ and RW plants with efficacy (1−𝑘ℎ) ℎ. Due to incomplete control of the rhizomes by
herbicides and resprouting from dormant rhizome buds, the herbicide efficacy on rhizome shoots ℎ𝑇
is reduced compared to the herbicide efficacy on seedlings ℎ𝐿 (Vidrine, 1989). Soil tillage controls
Johnsongrass rhizomes by exposing the fragments to low temperatures during winter, increasing
mortality 𝑑∗𝑍 (Warwick et al., 1983), and enhances herbicide control of rhizome shoots ℎ∗𝑇 (Hull,
1970; Tuesca et al., 1999).

Let T(𝑡) = (𝑇WW(𝑡), 𝑇RW(𝑡), 𝑇RR(𝑡)) , L(𝑡) = (𝐿WW(𝑡), 𝐿RW(𝑡), 𝐿RR(𝑡)),
P(𝑡) = (𝑃WW(𝑡), 𝑃RW(𝑡), 𝑃RR(𝑡)) and Z(𝑡) = (𝑍WW(𝑡), 𝑍RW(𝑡), 𝑍RR(𝑡)) be the vectors of shoot,
seedling, plant and rhizome numbers in growing season 𝑡, respectively, and B = (𝐵WW, 𝐵RW, 𝐵RR)
the vector describing the composition of the seed bank. The population dynamics under herbicide
application are then described by,

T(𝑡) = 𝑔𝑍 𝑏Z(𝑡) , (2.5)
L(𝑡) = 𝑔B , (2.6)

P(𝑡) = L(𝑡) ⎛⎜⎝1 − ℎ𝐿 0 00 1 − (1 − 𝑘ℎ) ℎ𝐿 00 0 1⎞⎟⎠ + T(𝑡) ⎛⎜⎝1 − ℎ𝑇 0 00 1 − (1 − 𝑘ℎ) ℎ𝑇 00 0 1⎞⎟⎠ , (2.7)

Z(𝑡 + 1) = (1 − 𝑑𝑍)P(𝑡) . (2.8)

The herbicide efficiencies ℎ𝐿 and ℎ𝑇 are zero in a herbicide-free scenario. Enhanced winter mortality
of rhizomes 𝑑∗𝑍 depicts the use of mechanical control. For the case of the combined treatment, the
herbicide efficacy on rhizome shoots ℎ∗𝑇 is additionally increased.

Intraspecific competition
Intraspecific competition affects the survival and the formation of reproductive structures in
Johnsongrass (Schwinning et al., 2017; Williams et al., 1977). We describe the density-dependent
mortality of Johnsongrass, resulting from intraspecific competition, by the hyperbolic self-thinning
function

P̃(𝑡) = P(𝑡) (1 + 𝑚 𝑛𝑃(𝑡)𝐴 )−1 , (2.9)

where P̃(𝑡) is the vector of plants surviving till the end of season 𝑡, 𝐴 the field size, 𝑛𝑃(𝑡) =∑𝑖∈{WW, RW, RR} 𝑃𝑖(𝑡) the total number of plants in the field without self-thinning (might be
interpreted as young plants about to experience competition) and 𝑚−1 gives the highest possible
density of Johnsongrass after self-thinning (Yoda et al., 1963). Therefore,

Z(𝑡 + 1) = (1 − 𝑑𝑍) P̃(𝑡) , (2.10)

gives now the vector of rhizomes present at the start of season 𝑡 + 1.
Comprehensive competition experiments in Johnsongrass are missing. Therefore, we base the

fertility functions on the assumption that the total seed and rhizome yield per square meter
approaches a constant value at moderate to high densities (Firbank et al., 1985). Then the
mean seed production (𝑓(𝑡)) and mean rhizome bud production (𝑏(𝑡)) per plant in season 𝑡 can be
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described by𝑓(𝑡) = 𝑓 (1 + 𝑎 𝑛𝑃(𝑡)𝐴 )−1 , (2.11)𝑏(𝑡) = 𝑏 (1 + 𝑎 𝑛𝑃(𝑡)𝐴 )−1 , (2.12)

respectively, where 𝑓 and 𝑏 are the mean yields of an isolated plant, 𝑎 is the area required by a
plant to produce 𝑓 seeds and 𝑏 rhizome buds and 𝑛𝑃(𝑡) = ∑𝑖∈{WW, RW, RR} ̃𝑃𝑖(𝑡) gives the total
number of plants at the end of season 𝑡 (after self-thinning) (Watkinson, 1980). As the number of
buds produced on a rhizome determines the number of shoots that can emerge from this rhizome in
the next growing season,

T(𝑡) = 𝑔𝑍 𝑏(𝑡 − 1)Z(𝑡) , (2.13)

gives the shoots emerging in season 𝑡.
Pollination and seed bank dynamics
We consider a fitness cost 𝑐 on seed production associated with herbicide resistance (Panozzo
et al., 2021). A dominance factor 0 ≤ 𝑘𝑐 ≤ 1 controls the dominance of this fitness cost, such that
the fecundity of RR and RS plants is reduced by 𝑐 and 𝑘𝑐𝑐, respectively, compared to the fecundity𝑓 of susceptible plants. Johnsongrass is primarily self-pollinated (Warwick et al., 1983). Let 𝑝𝑠𝑒𝑙𝑓
denote the proportion of self-pollination. Then the number of seeds with genotype 𝑖 (𝑆𝑠𝑒𝑙𝑓𝑖 (𝑡))
produced during season 𝑡 by self-pollinated plants can be calculated as,

𝑆𝑠𝑒𝑙𝑓𝑖 (𝑡) = 𝑝𝑠𝑒𝑙𝑓 𝑓(𝑡) P̃(𝑡)m𝑖 ⎛⎜⎝1 0 00 1 − 𝑘𝑐 𝑐 00 0 1 − 𝑐⎞⎟⎠ , (2.14)

with

m𝑖 = (𝑀 𝑖
WW WW, 𝑀 𝑖

RW RW, 𝑀 𝑖
RR RR)𝑇 , (2.15)

where 𝑀 𝑖𝑗𝑘 gives the proportion of type 𝑖 seeds produced by a plant of genotype 𝑗 pollinated by type𝑘 pollen. The seed production follows Mendelian inheritance and includes spontaneous mutations
to the resistance allele R occurring with probability 𝜇 (see Supplementary Information). However,
up to 5 % of cross-pollination has been observed in fields with Johnsongrass plants growing at
sufficiently small distances (Warwick et al., 1983). Over the 𝑡th season a number of

𝑆𝑐𝑟𝑜𝑠𝑠𝑖 (𝑡) = (1 − 𝑝𝑠𝑒𝑙𝑓) 𝑓(𝑡)𝑛𝑃(𝑡) P̃(𝑡)M𝑖 P̃(𝑡)𝑇 ⎛⎜⎝1 0 00 1 − 𝑘𝑐 𝑐 00 0 1 − 𝑐⎞⎟⎠ (2.16)

type 𝑖 seeds (𝑆𝑐𝑟𝑜𝑠𝑠𝑖 (𝑡)) are produced by cross-pollinated plants, where

M𝑖 = ⎛⎜⎝𝑀 𝑖
WW WW 𝑀 𝑖

WW RW 𝑀 𝑖
WW RR𝑀 𝑖

RW WW 𝑀 𝑖
RW RW 𝑀 𝑖

RW RR𝑀 𝑖
RR WW 𝑀 𝑖

RR RW 𝑀 𝑖
RR RR

⎞⎟⎠ , (2.17)

contains the proportions of type 𝑖 seeds produced by the different matings, 𝑀 𝑖𝑗𝑘, 𝑗, 𝑘 ∈ {WW, RW, RR}.
Adding up the seeds produced by self- and cross-pollinated plants gives the total number of genotype
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𝑖 seeds (𝑆𝑖(𝑡)) produced in season 𝑡,𝑆𝑖(𝑡) = 𝑆𝑠𝑒𝑙𝑓𝑖 (𝑡) + 𝑆𝑐𝑟𝑜𝑠𝑠𝑖 (𝑡)= 𝑓(𝑡) P̃(𝑡) ⎛⎜⎝1 0 00 1 − 𝑘𝑐 𝑐 00 0 1 − 𝑐⎞⎟⎠ [1 − 𝑝𝑠𝑒𝑙𝑓𝑛𝑃(𝑡) M𝑖 P̃(𝑡)𝑇 + 𝑝𝑠𝑒𝑙𝑓 m𝑖] . (2.18)

Johnsongrass seeds are dormant and form a seed bank in the ground (Peerzada et al., 2023;
Warwick et al., 1983). Before new seeds enter the seed bank 𝐵, they are subject to post-dispersal
predation and might lose viability or decay till the beginning of the next season with probability𝑑𝑆 (Bagavathiannan et al., 2013). Within a season 𝑡, only a certain proportion 𝑔 of seeds in the
seed bank (𝐵(𝑡)) germinates to produce seedlings (𝐿(𝑡)),

L(𝑡) = 𝑔B(𝑡) , (2.19)

while non-germinated seeds may either be lost, due to decay and viability loss, with a probability𝑑𝐵 or survive to be part of next season’s seed bank (Bagavathiannan et al., 2013). Therefore,
the seed bank of season 𝑡 + 1 consists of non-germinated seeds from the previous seed bank and the
seeds produced during season 𝑡,

B(𝑡 + 1) = (1 − 𝑑𝐵) (1 − 𝑔)B(𝑡) + (1 − 𝑑𝑆)S(𝑡) . (2.20)

Standing genetic variation
The natural frequency of target-site resistance exceeds the rate at which these mutations sponta-
neously occur, suggesting that herbicide resistance adaptation primarily proceeds from standing
genetic variants (Kreiner et al., 2017). We derive a matrix model approximation of the entire life
cycle dynamics. We use this matrix model to calculate the expected standing genetic variation for
target-site resistance depending on the fitness cost associated with resistance and its dominance.

Let P(𝑡) = (𝑃WW(𝑡), 𝑃RW(𝑡), 𝑃RR(𝑡)) and B(𝑡) = (𝐵WW(𝑡), 𝐵RW(𝑡), 𝐵RR(𝑡)) be the vectors of
plant and seed numbers in season 𝑡, respectively, and let (P(𝑡),B(𝑡)) be the population vector
containing plant and seed numbers of all genotypes. We assume an infinite density limit (no
self-thinning) and maximum reproduction (𝑓(𝑡) = 𝑓, 𝑏(𝑡) = 𝑏, ∀𝑡 ≥ 0). Further, we neglect cross-
pollination (𝑝𝑠𝑒𝑙𝑓 = 1) here. Under these assumptions, the population dynamics of Johnsongrass
can be approximated by(P(𝑡 + 1),B(𝑡 + 1))= (P(𝑡),B(𝑡)) (𝑔𝑍 (1 − 𝑑𝑍) 𝑏 I + 𝑔 (1 − 𝑑𝑆) 𝑓DM̃ (1 − 𝑑𝑆) 𝑓DM̃𝑔 (1 − 𝑑𝐵) (1 − 𝑔) I (1 − 𝑑𝐵) (1 − 𝑔) I)⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟=∶E , (2.21)

where I is the identity matrix of size 3,

D = ⎛⎜⎝1 0 00 1 − 𝑘𝑐 𝑐 00 0 1 − 𝑐⎞⎟⎠ ,
is the diagonal matrix incorporating the resistance cost on seed production and

M̃ = ⎛⎜⎝ (1 − 𝜇)2 2 𝜇 (1 − 𝜇) 𝜇214 (1 − 𝜇)2 12 (1 − 𝜇2) 14 (1 + 𝜇)20 0 1 ⎞⎟⎠ ,
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is the inheritance matrix, assuming simple Mendelian inheritance.
We use the Perron-Frobenius Theorem 1 (see Supplementary Information) to derive the long-term

population dynamicslim𝑡→∞ (P(𝑡 + 1),B(𝑡 + 1))𝜌𝑡 = (P(1),B(1)) u𝑇v , (2.22)

where 𝜌 is the positive and simple eigenvalue of E, that is in absolute value the largest eigenvalue,
and u and v are the corresponding positive right and left eigenvectors (Harris, 1963). Thus, in the
long run, the population composition is approximately a real multiply of v, regardless of the initial
population. Therefore v gives us a rough estimate of the expected standing genetic variation for
target-site resistance in a Johnsongrass population never exposed to the herbicide (see Figure 2.2).

Stochastic simulations
As in the underlying deterministic model, we model the population dynamics in discrete time
steps of one growing season. The numbers of rhizome buds and seeds produced in season 𝑡 by
plants of a specific genotype 𝑖 are drawn from Poisson distributions with mean 𝑃𝑖(𝑡) 𝑏(𝑡) and𝑃𝑖(𝑡) 𝑓(𝑡), respectively. Probabilities, such as germination probability, death probabilities, and
herbicide efficacy, are realised on the population level for the different genotypes using binomial
distributed random numbers. The number of sensitive seeds germinating in season 𝑡 is, for example,
given by a binomial random number with parameters 𝐵WW(𝑡) and 𝑔. We use multinomial random
numbers to derive the initial seeds and rhizomes and to model fertilisation and mutation. Seeds
resulting from self-pollination in heterozygous plants, for instance, are obtained from the multinomial
distribution with the total number of seeds produced via self-pollination by heterozygous plants and
the inheritance vector ( 14 , 12 , 14 ) as parameters. For further details, we refer to the code available on
GitHub.

Data Availability. All data and plots are available on GitHub.

Code Availability. All code is available on GitHub.
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CHAPTER 3
Assessing the probability and time of weed control failure due to herbicide
resistance evolution

This chapter is currently under review and published as a preprint. Lauenroth, D., and Gokhale,
C.S. Assessing the probability and time of weed control failure due to herbicide resistance evolution.
bioRxiv (2024). DOI: 10.1101/2024.04.26.591266.

Abstract
The recurrent exposure to herbicides in agricultural landscapes forces weeds to adapt in a race
against extinction. What role newly arising mutations and pre-existing variation play in this
evolution of herbicide resistance is critical for developing management strategies. Here, we present
a model of rapid adaptation in response to strong selection, capturing complex life cycles of sexual
and asexual reproduction and dormancy in a perennial weed. Using a multitype Galton-Watson
process, we derive the probability of herbicide resistance evolution and the waiting time distribution
until resistant plants appear in the field. We analyse the effect of seed bank dynamics and details
of the reproductive system in defining the probability and timing of resistance adaptation in
Sorghum halepense. Further, we investigate key factors determining the primary source of adaptive
variation. We find that even small fitness costs associated with resistance reduce adaptation from
standing genetic variation. For herbicide resistance inherited in a (incompletely) dominant fashion,
self-pollination also diminishes standing variation for herbicide resistance by increasing the homozy-
gosity. Our study highlights the importance of seed banks for weeds’ adaptive potential, preserving
genetic information of forgone selection and prolonging the period in which the population can adapt.

Introduction
‘The assurance of global food security via agricultural yields is […] in need of a highly integrative
management approach, in which population geneticists, evolutionary biologists, and weed scientists
investigate the nature of resistance adaptation and the factors that affect it to both predict and
prevent the evolution of herbicide-resistant weeds.’ Kreiner et al., 2017, p. 612 The commercialisa-
tion of herbicides during and after the Second World War has vastly improved weed management
compared to labour- and cost-intensive mechanical weed control, enabling the intense farming we
see nowadays (Oerke, 2006; Tudi et al., 2021). However, analogous to the antibiotic crisis, we
ran into a situation where the global presence of resistance towards most known herbicide modes
of action threatens the efficacy of chemical weed management (Perotti et al., 2020; Powles
et al., 2010). The evolution of herbicide resistance is an example of repeated rapid adaptation
under human-induced strong selection (Baucom, 2016). It is possible via mutations in genes
encoding the targeted protein (target-site resistance) or through nontarget-site alterations like
changes in metabolic pathways, reducing the exposure of target proteins to herbicides (Baucom,
2016). Without gene flow from other populations, adaptation can result from standing genetic
variation and de novo mutations, with existing variation leading to more rapid adaptation in
novel environments (Barrett et al., 2008). Identifying the source of adaptive variation is critical
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to developing strategies to manage herbicide resistance (Kreiner et al., 2017). In weeds with
substantial standing variation for herbicide resistance, managing the seed bank, for example with
stale seedbed preparation, might be vital (Benvenuti et al., 2021). Contrastingly, if de novo
mutations serve as the primary source of adaptation, preventing weed seed set by panicle removal
or selective herbicide crop topping applications can be a useful (Tidemann et al., 2021).

Standing variation for herbicide resistance was present in populations of weeds such as annual
ryegrass (Lolium rigidum) and blackgrass (Alopecurus myosuroides) that were never exposed to
herbicides, even predating their introduction in blackgrass (Délye et al., 2013a; Preston et al.,
2002). Recent genomic analysis and simulations by Kersten et al. (2023) highlight the prevalent
role of standing genetic variation in target-site resistance adaptation of the annual weed blackgrass.
Conversely, in species like common waterhemp (Amaranthus tuberculatus) and foxtail millet (Setaria
italica), high resistance costs might diminish standing variation, making novel mutations a more
likely source of adaptation (Vigueira et al., 2013). Genomic data of several waterhemp populations
supports a prevailing role of de novo mutations in target-site resistance of this species (Kreiner
et al., 2022). Yet, the precise determinants of the primary source of adaptive variation in herbicide
resistance remain unclear.

Branching processes are well-established in biological studies for modelling population evolution
(Athreya et al., 1972; Harris, 1963; Kimmel et al., 2002; Santer et al., 2020). They have been
used to model populations at risk of extinction due to low reproduction rates after an environmental
change, investigating how the emergence of an adapted mutant could prevent population extinction
via evolutionary rescue (Azevedo et al., 2021; Orr et al., 2008; Uecker et al., 2014). Multitype
branching processes can yield further information about the waiting time until such a mutant
appears (Alexander, 2016; Serra et al., 2007). Despite recognition of the value of concepts
from evolutionary rescue for understanding population genetics of herbicide resistance evolution
(Kreiner et al., 2017; Neve et al., 2014), this approach is lacking in weed science literature. Our
work addresses this gap.

Using multitype Galton-Watson processes, we analyse the probability and timing of herbicide
resistance evolution in perennial weeds causing treatment failure. In this context, our study focuses
on the influence of specific weed traits – asexual propagation, self-pollination and seed dormancy.
We emphasise the role of the seed bank in the evolution of herbicide resistance, preserving genetic
information of forgone selection and prolonging the time for adaptation. Further, we study critical
ecological and evolutionary factors that modify the role of de novo mutations and standing genetic
variation in the evolution of herbicide resistance. The seed bank size determines the absolute
frequency of pre-existing variants for target-site resistance, and the seed production capacity of
the weed defines the number of newly arising mutations, affecting their relative contribution to
resistance adaptation. Self-pollination and fitness costs associated with resistance both reduce
adaptation from the standing genetic variation. Our theoretical results explain the variation in
primary sources of adaptive variation observed in different weed species, determining effective
strategies for herbicide resistance management.

Methods
We explore the dynamics of rare beneficial alleles within large populations facing sudden environ-
mental shifts, like herbicide application. In particular, we model the appearance and spread of
target-site mutations, conferring resistance to the herbicide, in a primarily sensitive weed population
declining in response to the treatment.

We illustrate our modelling framework on the example of a perennial weed, Sorghum halepense
(Johnsongrass), which reproduces sexually via seeds and asexually through rhizomes (Peerzada
et al., 2023; Warwick et al., 1983). The weed enters dormancy during winter, surviving as seeds
and rhizomes underground until new young plants emerge in spring and mature over the season to
produce new rhizomes and seeds (Peerzada et al., 2023; Warwick et al., 1983). These seeds,
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known for their high dormancy, contribute to forming a seed bank, ensuring the species’ viability in
the soil (Peerzada et al., 2023; Warwick et al., 1983). We illustrate this cyclical life pattern of
Johnsongrass along with the further plant stages and herbicide application in Figure 3.1 a. The
mathematical representation of the model is shown in Figure 3.1 b.

In Lauenroth et al. (2023), we presented a deterministic model of Johnsongrass’ life cycle
capturing all life-history stages and intraspecific competition between the plants, allowing the
prediction of long-term population dynamics ( Figure 3.1 a). In the present study, we are interested
in the probability and timing of herbicide resistance evolution. With herbicide exposure, the common
sensitive allele, carried homozygously by the majority of the population, becomes maladaptive.
Target-site mutations, in particular, can endow a high level of resistance (Scarabel et al.,
2014), warranting that the first resistant plant surviving till reproduction almost certainly ensures
population survival. We, therefore, concentrate on adult plants and seeds within the seed bank,
counted at the end of each season before the newly produced seeds enter the seed bank. Focussing
on the invasion dynamics, our branching process model captures the early phase of adaptation in
which the resistance allele is rare.

Branching process model
We consider a total of 𝑚 genotypes, which may correspond to different mutations at one locus or
several loci or take different levels of ploidy into account, denoted by {1, 2, … , 𝑚}, where genotype
1 is the prevailing sensitive type, and the rest are rare. This setup leads to tracking 2𝑚 types{1, 2, … , 2𝑚}, with the first 𝑚 being plants and the latter half representing seed genotypes. We
define 𝐶 ⊂ {1, 2, … , 𝑚} as the set of plant types expected to grow positively, termed supercritical
types, while the remainder, {1, 2, … , 𝑚}\𝐶, are subcritical, facing extinction unless a successful
mutant arises. Producing at most one offspring, seed types {𝑚 + 1, 𝑚 + 2, … , 2𝑚} are as well
subcritical.

We formally assume all individuals – seeds and plants – perish at the end of the season and
produce offspring independently, constituting the following season’s population. A seed that stays
dormant and part of the seed bank thus has one identical offspring – itself – in the next season.
While seeds have at most one offspring in the next season, plants can generate multiple offspring,
either as new plants or seeds (illustrated in Figure 3.1 c). The population in season 𝑛 is represented
by the random vector Z𝑛 = (𝑍𝑛, 1, 𝑍𝑛, 2, … , 𝑍𝑛, 2𝑚), where the first 𝑚 entries count the different
plant types and the second half contains absolute genotype frequencies in the seed bank. The
offspring of type 𝑖 individuals are described by independent and identical distributed random vectors
X(𝑙)𝑖 , taking values in ℕ2𝑚0 , where the entries 𝑋(𝑙)𝑖𝑗 give the number of type 𝑗 offspring produced by
the 𝑙-th type 𝑖 individual. The population vector Z𝑛 is then for 𝑛 ∈ ℕ0 recursively defined by a
given initial population Z0 ∈ ℕ2𝑚0 and

Z𝑛+1 = 2𝑚∑𝑖=1
𝑍𝑛, 𝑖∑𝑙=1 X(𝑙)𝑖 . (3.1)

The time discrete homogeneous Markov chain (Z𝑛)𝑛∈ℕ0 with state space ℕ2𝑚0 is a multitype Galton-
Watson process modelling the weed population dynamics over time. We show a realisation of a
simplified process in Figure 3.1 c.

Offspring generating function. We assume plants produce a Poisson-distributed number of seeds and
rhizome buds, which might die over winter before they potentially develop into plants. A herbicide
application can kill sensitive plants, while dormant seeds are unaffected. The processes, including
survival and development, are considered independent among units, leading to offspring numbers
that follow independent Poisson distributions (Acharya et al., 2014). We assume vegetative
propagation produces genetically identical offspring, neglecting somatic mutations. Seeds can differ
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Figure 3.1 | Schematic illustration of Johnsongrass’ life cycle and its representation in
our model. a, Diagram of Johnsongrass’ life cycle. Johnsongrass reproduces sexually via seeds (inner
ring) and asexually through rhizomes (outer ring). Seeds can stay dormant in the ground for several
years, forming a seed bank (central circle). New seeds and seeds from the seed bank might germinate
in spring or stay dormant as part of the seed bank (expressed by the dashed line). Rhizomes give rise
to shoots in the first spring after their production. Herbicide application (red dashed line) can kill
susceptible seedlings and shoots. Surviving plants compete for resources as they mature. The
aboveground plant material dies in winter, and Johnsongrass overwinters as seeds and rhizomes in the
ground (adapted from Lauenroth et al. (2023)). b, Representation of the life cycle in our model.
The left part of (b) corresponds to the sexual reproduction of Johnsongrass, and the right part
represents the asexual propagation. Our model tracks the seed bank and reproducing plants; the other
life history stages depicted transparently are not explicitly modelled. Solid arrows depict
within-season dynamics, and dashed arrows show dynamics between seasons. Survival probabilities
and fecundity are shown in grey next to the corresponding arrows: number of seeds 𝑓 and buds on the
rhizome 𝑏; winter survival of fresh seeds 1 − 𝑑𝑆, seeds in the seed bank 1 − 𝑑𝐵 and rhizome buds1 − 𝑑𝑍; probability of seed germination 𝑔 and rhizome bud sprouting 𝑔𝑍; herbicide survival of seedlings1 − ℎ𝐿 and shoots 1 − ℎ𝑇. c, Illustration of a realisation of our multitype Galton-Watson process.
Shown is the phylogeny of a branching process resembling a herbicide-treated weed population over
six seasons. Open circles depict plants, and dashed circles represent dormant seeds in the seed bank;
sensitive individuals are white, and grey are individuals resistant to the herbicide.

genetically from the parent plants due to Mendelian inheritance and mutations – mutations and
back mutations at a given rate 𝜇. Johnsongrass primarily self-pollinates, but since cross-pollination
is possible at sufficiently high densities (Warwick et al., 1983), our model captures a continuum,
presuming abundant pollen results in complete ovule fertilisation. Our focus is on the proliferation
of rare alleles, positing that a prevalent homozygous genotype, labelled genotype 1, predominates
while alternative allele carriers are rare. We simplify by assuming these rare types do not engage
in cross-pollination with each other, but type 1 plants can cross-pollinate with all genotypes.
Let 𝜒𝑆 and 𝜒𝑅 denote the absolute frequency of the sensitive type 1 and rare resistant plants,
respectively. The fraction of sensitive plants pollinated by resistant plants’ pollen is 𝜒𝑆 𝜒𝑅𝜒𝑆+𝜒𝑅 ≈ 𝜒𝑅
and the fraction cross-pollinated by pollen from sensitive plants is 𝜒𝑆 𝜒𝑆𝜒𝑆+𝜒𝑅 ≈ 𝜒𝑆. It is, hence,
natural to count all offspring produced by matings between type 1 and rare type plants as the
rare type’s offspring. Since the inheritance does not depend on which mating partner contributes
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the male or female gametes, this altered offspring assignment does not constitute a deviation
from Mendelian inheritance. These approximations of the cross-pollination allow us to capture
sexual reproduction in the asexual Galton-Watson process. Taken together, the genotype 𝑗 plants
and dormant seeds produced by a plant of genotype 𝑖 are independent and Poisson distributed,
with means 𝜆𝑖𝑗 and 𝜆𝑖 𝑚+𝑗 respectively, with Johnsongrass-specific parameters detailed in the
Supplementary Information.

Seeds in the seed bank face three possible outcomes: germination into a plant of the same
genotype 𝑖 with probability 𝛼𝑖, remaining dormant with probability 𝛽, or disappearing without
offspring with probability 𝛾𝑖.

This defines the offspring distributions 𝑝1, … , 𝑝2𝑚 of the branching process, where 𝑝𝑗(r) specifies
the probability of a type 𝑗 individual leaving offspring vector r in the following season. For plants
of genotype 𝑖, the generating function of their offspring is then given by𝑓 𝑖(s) = ∑

r∈ℕ2𝑚0 𝑝𝑖(r) 2𝑚∏𝑙=1 𝑠𝑟𝑙𝑙 = ∑
r∈ℕ2𝑚0

2𝑚∏𝑙=1 𝑝𝑖(𝑟𝑙) 𝑠𝑟𝑙𝑙= 2𝑚∏𝑙=1
∞∑𝑟𝑙=0 𝜆𝑟𝑙𝑖𝑙𝑟𝑙! 𝑒−𝜆𝑖𝑙 𝑠𝑟𝑙𝑙 = 2𝑚∏𝑙=1 𝑒𝜆𝑖𝑙 (𝑠𝑙−1) = exp ( 2𝑚∑𝑙=1 𝜆𝑖𝑙 (𝑠𝑙 − 1)) , (3.2)

where the second equality holds because we have independent Poisson distributions resulting from
Poisson sampling (Acharya et al., 2014). The order of summation can be changed to reach the
third equality due to the absolute convergence of the series on [−1,1]. For seeds of genotype 𝑖,𝑓𝑚+𝑖(s) = 𝛼𝑖 𝑠𝑖 + 𝛽 𝑠𝑚+𝑖 + 𝛾𝑖 , (3.3)

is the offspring-generating function. The offspring generating functions for the different genotypes
of plants and seeds will be combined in the vector f(s) ∶= (𝑓1(s), 𝑓2(s), … , 𝑓2𝑚(s)).

Extinction probabilities. A branching process ultimately either becomes extinct or grows without
bounds. The interest lies in the extinction and survival probabilities, which reflect the chance of
treatment success (weed eradication) or failure (weed proliferation). We denote the probability that
a process started by one type 𝑖 individual becomes extinct with 𝑞𝑖. We summarise the type-specific
extinction probabilities in a vector q = (𝑞1, 𝑞2, … , 𝑞2𝑚). The extinction probability vector q is the
solution of

q = f(q) , (3.4)

in the cube [0, 1]2𝑚 closest to 0 (Sewastjanov, 1974, p.115). The vector 1 invariably satisfies
Equation (3.4), indicating that in the absence of any other solutions within [0, 1]2𝑚, the associated
branching process is sure to become extinct, with a probability of 1, regardless of the initial
population.

The first 𝑚 equations in (3.4) stem from the offspring-distributions of the plants, yielding
extinction probabilities of processes initialised by a plant; the second half corresponds to processes
starting with a single seed. Rearranging the bottom half of the equations in (3.4),𝑞𝑚+𝑖 = 𝑓𝑚+𝑖(q) = 𝛼𝑖 𝑞𝑖 + 𝛽 𝑞𝑚+𝑖 + 𝛾𝑖 , (3.5)

we can express the extinction probabilities of processes starting with a single seed in terms of the
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extinction probabilities when starting with a plant of the same genotype,𝑞𝑚+𝑖 = 𝛼𝑖1 − 𝛽 𝑞𝑖 + 𝛾𝑖1 − 𝛽 . (3.6)

Substituting this relation into the top half of the equations in (3.4),𝑞𝑖 = 𝑓 𝑖(q) = exp ( 𝑚∑𝑗=1 (𝜆𝑖𝑗 + 𝛼𝑗1 − 𝛽 𝜆𝑖 𝑚+𝑗) 𝑞𝑗) exp ( 𝑚∑𝑗=1 𝜆𝑖 𝑚+𝑗( 𝛾𝑗1 − 𝛽 − 1) − 𝜆𝑖𝑗)= ̃𝛾𝑖 exp ( 𝑚∑𝑗=1 𝜆̃𝑖𝑗 𝑞𝑗) , (3.7)

where 𝜆̃𝑖𝑗 = 𝜆𝑖𝑗 + 𝛼𝑗1−𝛽 𝜆𝑖 𝑚+𝑗 , ̃𝛾𝑖 = exp ( ∑𝑚𝑗=1 𝜆𝑖 𝑚+𝑗( 𝛾𝑗1−𝛽 − 1) − 𝜆𝑖𝑗) , 𝑖, 𝑗 ∈ {1, 2, … , 𝑚}, we can
effectively halve the dimension of the equation system.

Probability of treatment failure. The extinction probabilities, q, for processes starting with one
individual enable us to determine the probability of extinction or survival for a process initiated
with any initial population z0, corresponding to weed treatment success or failure.ℙ (‘treatment failure’ ∣ Z0 = z0) = 1 − ℙ (‘treatment success’ ∣ Z0 = z0)= 1 − 2𝑚∏𝑖=1 𝑞𝑧0, 𝑖𝑖 . (3.8)

The initial population distribution influences the extinction probability. Assuming Poisson dis-
tributed plant and seed numbers, with means 𝑛𝑃 and 𝑛𝐵, the initial counts of each type are
independent and Poisson distributed, with means 𝑛𝑃 𝑣𝑖 and 𝑛𝐵 𝑣𝑖, for seeds and plants respectively,
where 𝑣𝑖 denotes the frequency of genotype 𝑖 in the pre-existing variation (Acharya et al., 2014).
The probability of treatment failure is then analogue to (3.2) given by,ℙ (‘treatment failure’) = 1 − ∑

z0∈ℕ2𝑚0 ℙ (Z0 = z0) 2𝑚∏𝑖=1 𝑞𝑧0, 𝑖𝑖= 1 − exp (𝑛𝑃 𝑚∑𝑖=1 𝑣𝑖 (𝑞𝑖 − 1) + 𝑛𝐵 𝑚∑𝑖=1 𝑣𝑖 (𝑞𝑚+𝑖 − 1)) . (3.9)

We can use Equation (3.9) to analyse the role standing genetic variation and de novo mutations
play in herbicide resistance adaptation. By setting 𝑣1 = 1 and 𝑣𝑖 = 0 for 𝑖 > 1, corresponding to
the start population consisting of only sensitive homozygotes, we get the probability of treatment
failure through de novo mutationsℙ (‘treatment failure through de novo mutation’)= 1 − exp (𝑛𝑃 (𝑞1 − 1) + 𝑛𝐵 (𝑞𝑚+1 − 1)) . (3.10)

Excluding mutations, we get the offspring generating function without mutation ̃f and corresponding
mutation free extinction probabilities as ̃q. To calculate the probability of treatment failure through
standing genetic variation, we insert ̃q in Equation (3.9),ℙ (‘treatment failure through standing variation’)= 1 − exp (𝑛𝑃 𝑚∑𝑖=1 𝑣𝑖 ( ̃𝑞𝑖 − 1) + 𝑛𝐵 𝑚∑𝑖=1 𝑣𝑖 ( ̃𝑞𝑚+𝑖 − 1)) . (3.11)
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Adaptation through de novo mutations and pre-existing genetic variation are intertwined, potentially
contributing to population survival. Unlike the approach of Hermisson et al. (2005) for adaptation
from pre-existing variation and new mutations, our model does not separate the total adaptation
probability into contributions from standing variation and de novo mutations as we have also
included back mutations. Thus, Eqs. (3.10) and (3.11) represent the adaptation probabilities in
populations without pre-existing target-site resistance or those that cannot mutate, relying solely
on existing variation, respectively.

Waiting times. The time until resistant plants establish, allowing for the survival of the weed
population against herbicide control, is critical. We apply findings from Alexander (2016)
to calculate the probability that resistant plant types have not appeared and to determine the
distribution of waiting time for their emergence.𝐶 denotes the set of supercritical types corresponding to resistant plants. We calculate the
probability of 𝐶 not appearing by a specific time. A particular type has yet to emerge by generation𝑛 if it did not appear by generation 𝑛−1 and no generation 𝑛−1 individual produced such offspring.
Therefore, the probability Π𝑖(𝑛) that resistant plants have not appeared in a type 𝑖 individual’s
lineage by generation 𝑛 is given by𝚷(𝑛) ∶= (Π1(𝑛), Π2(𝑛), … , Π2𝑚(𝑛)) = f (𝑛)∗ (1∗) , (3.12)

where f (𝑛)∗ denotes the 𝑛-th iteration of the offspring generating function f with the components
corresponding to the resistant plants 𝐶 fixed at zero, i.e. 𝑓𝑗∗ = 𝑓𝑗 unless 𝑗 ∈ 𝐶 when it is 0. 1∗
is the vector of length 2𝑚 where all entries are 1 except for the entries of the resistant plants 𝐶,
which are again 0.

The random variable 𝑁 denotes the time until the first appearance of a resistant plant (first
resistant plant establishes and sets seed). The probability of a resistant plant appearing until a
given generation 𝑛 is the complementary probability of no such plant appearing until generation 𝑛.
Hence, we can derive the cumulative distribution of 𝑁 from the probabilities Π𝑖(𝑛) in (3.12) that
no resistant plant has appeared in the lineage of a type 𝑖 individual by generation 𝑛. If the process
starts with just one individual of type 𝑖,ℙ (𝑁 ≤ 𝑛 ∣ Z0 = e𝑖) = 1 − Π𝑖(𝑛) . (3.13)

No resistant plants arise in the branching process until some time, if and only if no such individuals
appear in any of the independent lines. Thus, we can express the cumulative function of 𝑁 analogue
to the treatment failure probability in (3.9) asℙ (𝑁 ≤ 𝑛) = 1 − ∑

z0∈ℕ2𝑚0 ℙ (Z0 = z0) 2𝑚∏𝑖=1 Π𝑖(𝑛)𝑧0, 𝑖
= 1 − exp ( 𝑚∑𝑖=1 𝑣𝑖 (𝑛𝑃 (Π𝑖(𝑛) − 1) + 𝑛𝐵 (Π𝑚+𝑖(𝑛) − 1)) ) . (3.14)

Since the process is time discrete, the probability mass function of the waiting time 𝑁 until the
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appearance of a resistant plant is given byℙ (𝑁 = 𝑛) = ℙ (𝑁 ≤ 𝑛) − ℙ (𝑁 ≤ 𝑛 − 1)= exp ( − 𝑛𝑃 ∑𝑗∈𝐶 𝑣𝑗)⋅ ( exp (𝑛𝑃 ∑𝑖∈{1,…,𝑚}\𝐶 𝑣𝑖 (Π𝑖(𝑛 − 1) − 1) + 𝑛𝐵 𝑚∑𝑖=1 𝑣𝑖 (Π𝑚+𝑖(𝑛 − 1) − 1))
− exp (𝑛𝑃 ∑𝑖∈{1,…,𝑚}\𝐶 𝑣𝑖 (Π𝑖(𝑛) − 1) + 𝑛𝐵 𝑚∑𝑖=1 𝑣𝑖 (Π𝑚+𝑖(𝑛) − 1))) ,

(3.15)

for 𝑛 ∈ ℕ and ℙ (𝑁 = 0) = 1 − exp (−𝑛𝑃 ∑𝑗∈𝐶 𝑣𝑗). Since the population might go extinct without
any resistant plant appearing, ℙ (𝑁 = ∞) > 0. Even if a resistant plant exists at some time in the
population, it might still face extinction, 0 < ℙ (𝑁 = ∞) < ℙ (‘treatment success’).

In the following, we assume a diploid genetic architecture with one allele conferring herbicide
resistance at a single biallelic locus (Lauenroth et al., 2023). We consider the case of incomplete
dominance of resistance, with homozygous resistant plants not affected by the herbicide and
heterozygous plants being killed with an efficacy half as high as for sensitive homozygotes. We
implement an incompletely dominant fitness cost 𝑐 on seed production associated with resistance,
such that heterozygotes suffer half the reduction in seed production capacity as plants carrying the
resistance allele homozygously.

Computer simulations
We simulated our branching process model to observe the dynamics of reproducing plants and the
seed bank in a Johnsongrass population (implemented in MATLAB version 9.14.0 (R2023a)). Initial
populations of plants and seeds were based on independent Poisson distributions, using the product
of expected gene frequencies in untreated populations 𝑣𝑖 and the number of plants 𝑛𝑃 or seeds 𝑛𝐵
as means. We estimated the standing variation for target-site resistance v = (𝑣1, 𝑣2, … , 𝑣𝑚) using
a deterministic density-dependent model (Lauenroth et al., 2023), simulating over 1000 years
without management to achieve mutation-selection balance (Figure B.1 a). The plant and seed
offspring of type 𝑖 plants followed independent Poisson distributions with means 𝜆̂𝑖𝑗 and 𝜆̂𝑖 𝑚+𝑗,
respectively, allowing for cross-pollination between all possible genotypes. Simulations included
density-dependent reproduction effects, modifying fecundity based on high population density as per
Eqs. (11) and (12) in Lauenroth et al. (2023). The genotype 𝑖 seeds had multinomially distributed
plant and seed offspring of the same genotype – seeds germinating and remaining dormant. The
process was deemed extinct if no plants or seeds remained, and treatment was considered failed once
resistant plants were present (yielding a weed extinction probability of less than 10−65 under the
standard parameter set in Table B.1). We recorded the proportions of extinctions and treatment
failures, extinction times and time of appearance of the first resistant plant. The code is available
on GitHub. We provide separate folders for generating all figures in the manuscript with subfolders
Simulations containing the Matlab files Dynamics.m that generates the population dynamics where
relevant.

Results
The survival of a weed population under herbicide treatment is tied to the establishment of resistant
plants on the field. For our standard parameter set given in Table B.1, lineages of sensitive plants and
seeds face extinction with a probability close to one. With at most one successor in the next season,
heterozygous and homozygous resistant seeds also have high extinction probabilities of around 0.88
and 0.75. Plants tracked by our model are the successful plants that reproduce. The high level of

https://github.com/tecoevo/JohnsongrassBranchingProcess
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Figure 3.2 | Importance of de novo mutations and standing genetic variation for
herbicide resistance adaptation depending on the associated resistance cost and
self-pollination. We show the probabilities of treatment failure through standing genetic variants
derived from Equation (3.11) under fitness costs on seed production between 0.1 and 30 %. Darker
shades indicate higher costs of resistance. The dashed lines show the probability of treatment failure
due to de novo mutations obtained from Equation (3.10). The left side reflects a fully
cross-pollinating population, and the right represents a self-pollinated population.
a, Probabilities of treatment failure in a field of 105 square metres. b, Treatment failure probabilities
as a function of field size. The figures use the default parameter set as defined in Table B.1 except
when specified otherwise.

resistance endowed by the target-site mutation and the high fecundity of Johnsongrass cause the
extinction probabilities of lineages started by a resistant plant to be close to zero, with 8.6 ⋅ 10−66
for heterozygotes and 1.3 ⋅ 10−109 for homozygotes. Hence, once a resistant plant appears on the
field and survives until reproduction, its lineage is extremely unlikely to go extinct (Figure B.3 a).

Source of adaptive variation
Considering self-pollination. Herbicide resistance in weeds can arise from standing genetic variation
and de novo mutations, determining the probability and rate of adaptation. The source of adaptative
variation is thus relevant for the success of management strategies. We define the establishment of
resistant plants under herbicide leading to population regrowth as treatment failure, corresponding
to the evolutionary rescue of a population through successful mutants (Bell, 2017; Gomulkiewicz
et al., 1995; Kreiner et al., 2017; Neve et al., 2014). By calculating probabilities of treatment
failure through standing variants (Eq. (3.11)) or de novo mutations (Eq. (3.10)), we assess their
impact on adaptation. A fitness cost 𝑐 associated with resistance considerably lowers the probability
of adaptation from standing variants by decreasing resistant plants’ relative fitness in the absence of
herbicides, lowering their abundance (Figure 3.2 a) (see Lauenroth et al. (2023) for more details).
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probabilities of treatment failure through standing genetic variants derived from Equation (3.11)
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resistance. The lines show the probability of treatment failure due to de novo mutations obtained
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seed bank density of 10 seeds per square metre, and the right panel reflects 100 seeds per square metre.
The figures use the default parameter set as defined in Table B.1 except when specified otherwise.

The probability of treatment failure, influenced by field size, follows a sigmoidal curve, with larger
fields or higher initial densities (effectively larger population sizes) increasing treatment failure
probabilities (Figure 3.2 b). Self-pollination reduces adaptation from standing genetic variation
caused by the increased homozygosity, decreasing the frequency of resistant individuals. However,
the higher number of resistant homozygotes in the standing variation of self-pollinated weeds
is advantageous if the mutation is highly recessive. In contrast, we expect the same number of
de novo mutations regardless of the type of pollination (see Appendix B and Figure B.4 for more
detail), causing treatment failure with similar probabilities if heterozygotes have high fitness. If
heterozygous plants can not restore positive population growth, selfing again facilitates adaptation
by efficiently generating resistant homozygotes. For self-pollinating species like Johnsongrass,
considerable resistance costs make de novo mutations a likely source of target-site resistance.

Considering seed bank density and fecundity. The seed bank acts as a reservoir for genetic variation,
with a larger seed bank increasing the chances of resistant plant emergence and treatment failure
(Figure 3.3). The probability of new resistant mutations is tied to plant fecundity; thus, any
decrease in seed production substantially lowers the probability of treatment failure through de
novo mutations (lines in Figure 3.3). Besides affecting the overall probability of control failure,
the initial seed bank size and fecundity considerably impact the relative importance of standing
variation and de novo mutations as a source of adaptation, highlighting the necessity of considering
the weeds ecology and infestation history in the design of resistance management.

Probability and time of control failure
Considering asexual propagation. The control of rhizomes is only partial as the herbicide active
ingredients are not fully translocated into the rhizomes (Beasley, 1970; Tuesca et al., 1999).
Potential resprouting from surviving rhizomes reduces the herbicide efficacy on rhizome shoots
compared to seedlings (Vidrine, 1989). We varied the weed’s investment in sexual and asexual
reproduction to analyse vegetative proliferation as a strategy to overcome control. Specifically, we
fixed the total expected number of direct plant offspring one plant has in the following seasons
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a, Variation of the treatment failure probability with the proportion of asexually generated offspring.
The grey lines show the probability of treatment failure derived analytically from Equation (3.9); as a
solid line under reduced herbicide efficacy on rhizome shoots (see Table B.1) and as a dashed line for
the herbicide efficacy on rhizome shoots equal to the efficacy on seedlings (ℎ𝑇 = ℎ𝐿). The closed
orange circles are estimates from 103 simulation runs with 102 replicates each. b, Distribution of time
until the appearance of the first resistant plant for different proportions of asexually generated
offspring. The violin plots show smoothed probability density estimates of the season where the first
resistant plant is established on the field. The density estimates were generated from 105 simulation
runs for the proportions of asexually generated offspring marked in (a). The maximum, median and
minimum are displayed on the violin plots. The figures use the default parameter set as defined in
Table B.1 except when specified otherwise.

without control measures and varied the proportion of asexually generated offspring, implicitly
assuming that surviving sexual and vegetative offspring are equally costly. Though the mutational
influx is less, since we do not consider mutations in vegetative growth, plants that invest more
in asexual reproduction are more likely to escape control (Figure 3.4 a). Vegetative proliferation
potentially improves population survival under herbicide treatment if standing variation for target-
site resistance exists since the offspring of herbicide-resistant individuals are themselves resistant.
Not all sexually generated offspring will be resistant, especially for heterozygous mother plants or
due to cross-pollination in predominantly susceptible populations. However, clonal reproduction
per se is not beneficial here (dashed line in Figure 3.4 a), likely due to the omission of somatic
mutations and the high fitness of heterozygotes. Nevertheless, rhizomes as an organ of vegetative
reproduction increase the persistence as a result of reduced control by the herbicide, buying the
weed population time to generate a successful mutant (Figure 3.4 b). Thus, we expect control
failure by herbicides to be likelier and to occur later in weeds investing more in asexual propagation
(Figure 3.4).

Considering the seed bank. A seed bank stores genetic information from several past generations,
preserving adaptation to previous herbicide applications. Further, seed banks buffer changes in
population size induced by the herbicide. How long seeds stay in the seed bank and how many of
them ultimately germinate is determined by the germination probability 𝑔 and the seed mortality𝑑𝑍. High germination leads to a fast turnover – weak seed bank – and low germination causes
a slow turnover – strong seed bank. To analyse the effect of seed bank strength, we varied the
germination probability of weed seeds and the seed bank mortality while maintaining the total
number of sexually generated offspring per plant constant. We simulated an earlier treatment with
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Figure 3.5 | Impact of the seed bank on herbicide resistance adaptation. We show the
germination probability’s effect, determining the seed bank’s strength, on control failure. The seed
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a plant constant. We simulated a previous herbicide treatment followed by ten years without any
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treatment failure derived analytically from Equation (3.9). The closed orange circles are estimates
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default parameter set as defined in Table B.1 except when specified otherwise.

the herbicide followed by ten seasons without control measures, yielding the composition of the
start population (Figure B.1 b). Populations with a stronger seed bank have a higher probability of
escaping from following herbicide applications (Figure 3.5 a) with higher probabilities of resistant
plants establishing early on (Figure 3.5 b) since the change in allele frequencies induced by the
previous application is preserved in the seed bank. Weaker seed banks with higher germination, in
turn, slow the population decline after treatment onset, enabling the later appearance of herbicide-
resistant plants due to de novo mutations (Figure 3.5 b). After several seasons of herbicide
application, the weaker seed bank is depleted, and resistant plants are again slightly more likely to
emerge in populations with seeds still preserved in a strong seed bank.

Considering self-pollination. Self-pollination increases the level of homozygosity in a population
and reduces target-site resistance adaptation from standing variation (as in Subsection Source of
adaptive variation). In the early seasons of treatment, resistant plants are more likely to appear
in cross-pollinating than in self-pollinating populations (Figure 3.6 a and Figure B.2 a). This is
caused by the reduced frequency of resistant individuals in the standing variation of self-pollinating
weed populations. Resistance alleles cluster in homozygotes, decreasing the number of individuals
resistant towards the herbicide unless the mutation is highly recessive. A recessive resistance cost
further decreases the number of offspring a homozygous resistant plant generates compared to
a heterozygote, diminishing standing variation for target site resistance. In later seasons, where
adaptation likely results from de novo mutations, no notable effect of the mating system exists
on the waiting time distributions for resistant plants (Figure 3.6 a and Figure B.2 a). Under
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cross-pollination, it is unlikely that the first mutant plant to establish is homozygous, while
for self-pollinating populations, there might be resistant homozygotes in the standing variation
able to rescue the population (Figure 3.6 b). However, mutations arising de novo usually occur
heterozygously. Resistant homozygotes generally only appear as the first resistant plant on a field
in the first seasons of treatment; otherwise, they emerge as offspring of established heterozygotes.

Discussion
Various factors influence the primary source of adaptive variation. Using a haploid model focused
on adaptation via a single beneficial allele, Orr et al. (2014) demonstrated that the probability of
adaptation from de novo mutations versus standing variation is influenced by the frequency of the
beneficial allele and mutation rate and also by the rate of population decline. Faster population
declines enhance the role of standing variants, underscoring the potential significance of standing
genetic variation for rapid adaptation following abrupt environmental shifts. Hawkins et al. (2019)
emphasise the role of the selection coefficient for the source of adaptation, arguing that, in the
context of herbicide resistance, mechanisms conferring high levels of resistance, like target-site
resistance, can emerge de novo. Genomic studies in blackgrass and waterhemp reveal different
primary sources of target-site resistance in these two annual weeds (Kersten et al., 2023; Kreiner
et al., 2022). We find that fitness costs associated with resistance, the type of pollination, and the
weed’s fecundity and seed bank size are other key factors determining the relevance of de novo
mutations and standing genetic variation for the evolution of herbicide resistance. Thus, we stress
the necessity of ecological and evolutionary details in the assessment of strategies for resistance
management. The high fecundity of Johnsongrass and the high level of resistance conferred by
target-site mutation seem to fuel adaptation from de novo mutations. Simultaneously, resistance-
related fitness costs and the prevalence of self-pollination reduce the frequency of pre-existing
resistant variants.
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The probability of a weed population successfully adapting to herbicide treatment is determined
by the absolute number of the resistance allele, not its relative frequency. A larger seed bank,
potentially containing more resistant seeds, boosts the probability of adaptation from pre-existing
variation. The mutational influx increases with increasing fecundity of a weed, amplifying resistance
evolution through de novo mutations. This accounts for the strong positive effect of seed production
on the risk of resistance described by Neve (2008). Resistance costs depleting the standing
variation for target-site resistance reduce adaptation from pre-existing variation substantially (see
Lauenroth et al. (2023) for a detailed analysis of the standing variation for target-site resistance
concerning the associated fitness cost). This result aligns with the theoretical predictions of Neve
(2008) for the total herbicide resistance probability. However, not all mutations endowing target-
site resistance are known to involve a fitness cost (Menchari et al., 2008). Our finding that
self-pollination diminishes the adaptation of target-site resistance from standing genetic variation
in a perennial weed aligns with predictions from a fundamental single-locus model by Glémin et al.
(2013). However, the substantial contribution of new mutations might lead to similar probabilities
of treatment failure for different pollination types. Neve (2008) likewise predict little difference in
the probability of herbicide resistance in cross- and self-pollinated populations when resistance is
incompletely dominant, as in our study. Despite this, self-pollinating populations, especially where
heterozygotes have low fitness, may have a higher chance of mutant allele establishment (Uecker,
2017). This suggests that under certain conditions, the effective generation of mutant homozygotes
in selfing populations, increasing the efficacy of selection, could enhance the likelihood of successful
adaptation. Apart from the pollination type, the reproduction type is another detail of a weed’s
reproductive system that influences adaptation.

Considering a quantitative trait with gametic and somatic mutations, Orive et al. (2017)
demonstrated that clonal reproduction increases population survival after a sudden environmental
shift if the standing variation allows for persistence. However, for a slightly beneficial allele with
unfit heterozygotes, Uecker (2017) showed that whether asexual reproduction is advantageous
depends on its dominance. For recessive target-site mutations, sexual reproduction generating fit
homozygotes is vital. Our model captures mutations occurring during sexual reproduction but
not somatic mutations. Genome-wide mutation rates (per nucleotide per generation) observed in
a vegetatively propagated grass species are similar to those in germ cells (Caetano‐Anollés,
1999). Thus, our model underestimates the number of de novo resistance mutations that arise
and, with that, the probability of control failure, especially in populations with high proportions of
asexual reproduction. Together with the incomplete dominance of resistance, this might be why we
find no direct positive effect of clonal reproduction based on the resistance heredity. Rhizomatous
Johnsongrass is, however, less susceptible towards herbicides (Beasley, 1970; Tuesca et al., 1999;
Vidrine, 1989), increasing persistence and buying, similar to a seed bank, time for the weed
population to adapt. The improved persistence under herbicide treatment is, besides the resistance
heredity, a second mechanism by which vegetative propagation functions as a strategy to overcome
control in weeds.

Seed banks preserve genetic information of forgone selection for resistance and prolong the period
in which a weed can adapt towards a herbicide, emphasising the complications seed banks impose on
managing herbicide resistance. A previous study showed that a seed bank substantially delays the
extinction of a herbicide-treated weed population and increases the risk of resistance (Lauenroth
et al., 2023). Further, a seed bank buffers the genetic effects of selection, slowing resistance evolution
if it occurs. Under a constant seed bank mortality, an increase in the germination probability of
seeds increases the risk of resistant types in the seed bank establishing as resistant plants on the
field (Neve, 2008). We compensated the increase in germination by the seed bank mortality so that
it did not result in a rise in germinated seeds and simulated a forgone treatment with the herbicide.
Under these conditions, lower germination helps preserve resistant types in the seed bank, allowing
the weed population to adapt readily to subsequent herbicide applications and increasing the risk
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of treatment failure.
Our model ignores density dependence or resource competition between the plants. This simpli-

fying assumption is reasonable for low initial plant densities but might systematically overestimate
treatment failure probabilities if start densities are high (Figure B.3). Agronomically, manage a weed
infestation before densities become high and a substantial seed bank builds up in the soil. In general,
population density affects the growth of a mutant lineage, determining its establishment probability
(Wilson et al., 2017). However, the herbicide drastically reduces the wild-type weed density
from the first application onwards, and competition from the surviving susceptible plants against
resistant mutants is neglectable. Precisely, the majority of weeds sensitive towards the herbicide
are killed by its application when still in an early growth stage (Dogan et al., 2005; Johnson
et al., 2014), such that the population gets reduced before competition from maturing susceptible
plants becomes substantial (Schwinning et al., 2017; Williams et al., 1977). Further, branching
processes that survive grow to infinity. Though biologically unrealistic, this is no limitation to the
results since resistant subpopulations that reached a sufficient size ensure population survival almost
certainly (Harris, 1963, pp. 10-11). Therefore, competition between plants of one or more resistant
lineages does not influence the results. Density effects in seed production reduce the generation of
mutants in the first seasons of herbicide treatment, lowering the probability of resistant plants first
appearing in these seasons slightly compared to analytical results from Equation (3.14) (Figure B.2).
Estimates from simulations implementing density-dependent reproduction match well with the
probability of treatment failure derived analytically from Equation (3.9) for an initial weed density
of one plant per square metre (Figure 3.4 a and Figure 3.5 a). However, for higher weed densities
in season 0, the analytical results systematically deviate from the density-dependent simulations,
overestimating the probability of treatment failure (Figure B.3 b). Since, in our model, the start
population is untreated, population density affects the number of offspring generated by these
initial plants, determining the rescue probability.

Most mathematical models of resistance evolution implement a single biallelic locus in a haploid or
diploid population (but see Santer et al. (2020) Holmes et al. (2022) and Garoña et al. (2023)).
The results presented in this manuscript are for a single locus in a diploid genome. Though we did
not show it here, our flexible model can explicitly capture several loci with epistatic interactions and
any ploidy level. The higher number of genotypes results in a larger type space of the branching
process, increasing the computational complexity. A broad mutational target size increases the
probability of treatment failure. Orr et al. (2008) observed an effect similar to an increase in
population size when there are no epistatic interactions. Furthermore, our model can describe
quantitative genetic scenarios often observed for non-target-site resistance, though the type space
will become rather large. It would be interesting to study the differences between monogenic and
polygenic resistance mechanisms and the factors shaping their role in the evolution of herbicide
resistance.

Mathematical models of evolutionary rescue, e.g. Orr et al. (2008), Orr et al. (2014), and
Tomasini et al. (2020), commonly use Haldane’s (1927) classic approximation of the probability
that a unique beneficial mutation escapes stochastic loss in order to obtain analytical results.
It assumes the mutant’s absolute fitness to be greater than but close to one. The evolution of
resistances in herbicide-treated weed populations is an example of rapid adaptation under strong
selection (Kreiner et al., 2017). Target-site resistance typically endows a high fitness, not captured
by Haldane’s (1927) approximation. Our approach allows for mutants with absolute fitness
considerably larger than one, with the drawback that we do not obtain analytical solutions for all
considered probabilities. The probabilities calculated in Paragraph Waiting times are analytically
exact results, while the extinction and rescue probabilities presented in Paragraph Probability
of treatment failure are numerical results. The 𝑚-dimensional equation system (3.7) is solved
numerically, using Newton methods, to derive the type-specific extinction probabilities q (FindRoot
in Mathematica version 13.1).
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We demonstrated how concepts of rescue theory help to understand the factors determining the
probability and timing of treatment failure resulting from the establishment of herbicide-resistant
weeds. The methods can be employed to identify weedy traits that favour adaptation from de novo
mutations or standing genetic variation. Sustainable weed management strategies comprise diverse
control measures, including crop and herbicide rotations. Studying the evolution of resistance and
risk of treatment failure in these fluctuating environments will be of added practical relevance. In
addition to new mutations or pre-existing variation, herbicide resistance might also result from
gene flow from resistant neighbouring fields. As herbicide susceptibility is a shared resource among
farmers, a metapopulation model allowing for pollen, seed and rhizome migration between fields
could be an exciting extension of our approach.
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CHAPTER 4
Summary and Outlook

Summary
First predicted in the 1950s, herbicide resistance now threatens the sustainability of global food
production (Baucom, 2019; Heap, 2024). The development of management strategies mitigating
resistance evolution must be informed by a comprehensive understanding of the eco-evolutionary
processes driving herbicide resistance adaptation in weeds (Neve et al., 2014). At the same time,
herbicide-resistant weeds pose uniquely suited models for studying rapid evolution in the face of
human-mediated sudden environmental change (Baucom, 2019; Neve et al., 2014). I emphasise
that mathematical modelling, integrating knowledge, concepts, and hypotheses from different
disciplines, can facilitate the conjunction of ecology, evolution, and weed science. In the following, I
highlight how the approaches developed in this thesis contribute valuable insights into the ecological
and evolutionary drivers of herbicide resistance adaptation and address fundamental questions
concerning adaptation to anthropogenic regimes of strong selection. I further discuss limitations
and possible extensions of this work and end with some concluding remarks.

Life cycle model. Weed population dynamic models commonly implement the weed life cycle at
varying levels of detail and temporal resolution (Evans et al., 2018; Holmes et al., 2022; Holst
et al., 2007; Liu et al., 2019). These models have been used to study weed shifts in response to weed
management and farming regimes and are an integral component of models of herbicide resistance
evolution. However, the vast majority of studies deal with annual species (Holst et al., 2007, but
see Liu et al., 2019; Holmes et al., 2022). The life cycle model presented in Chapter 2 captures the
demography of seed- and rhizome-propagated perennials with a persistent seed bank, inheritance
of target-site resistance, and weed management strategies. A set of discrete-time equations, each
corresponding to the included life stages, describes the dynamics deterministically, accounting for
consequences of intraspecific competition on two levels – survival and reproduction. Manipulation of
genetic details and life history traits unveils their impact on the rate of herbicide resistance evolution,
stressing the importance of these characteristics in the assessment. A matrix approximation yields
the mutation-selection balance in untreated populations, indicating that the associated fitness cost
modulates the frequency of standing variants for target-site resistance. The model further allows in
silico comparison of weed and resistance control provided by different herbicide regimes, revealing
that mixtures are superior to rotations as they induce higher heterogeneity in selection pressure
over timescales critical for herbicide resistance evolution.

Mathematical formulations of population dynamic models generally do not account for the
stochastic nature of herbicide resistance evolution and weed eradication. The initial decline of the
sensitive weed population in response to herbicide treatment is well reflected by the deterministic
time-recursive equations. However, small populations are prone to stochastic extinction, yet the
model populations decline to abundances below one but never actually reach zero. The model
weed populations do not go extinct and can effectively regrow from numbers close to zero. New
mutants appear by chance, and while at low frequencies, even target-site mutations providing a high
fitness advantage in the presence of herbicide are subject to stochastic loss. The life cycle models
implement mutations deterministically, causing the model populations to evolve resistance towards
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the herbicide with certainty. The population dynamical model in Chapter 2 is complemented by
stochastic simulations yielding estimates of the probability for evolved herbicide resistance and weed
population regrowth. Simulation models can reflect the stochastic nature of mutations and also
demographic stochasticity and environmental fluctuations but lack analysability (Bagavathiannan
et al., 2020; Evans et al., 2018; Holmes et al., 2022; Liu et al., 2019).

Stochastic processes like branching processes account for the stochastic nature of herbicide
resistance evolution and weed population extinction and provide a rich body of mathematical theory
for their analysis (Athreya et al., 1972; Harris, 1963). Branching processes have been used
to model populations at risk of extinction due to low reproduction rates after an environmental
change, investigating how the emergence of an adapted mutant could prevent population extinction
via evolutionary rescue (Azevedo et al., 2021; Orr et al., 2008; Uecker et al., 2014). While
processes with a single type are used to derive the probability of this phenomenon, multitype
branching processes can yield further information about the waiting time until such a mutant
appears (Alexander, 2016; Azevedo et al., 2021; Serra et al., 2007). The value of concepts from
evolutionary rescue theory for understanding population genetics of herbicide resistance evolution
has been recognised (Kreiner et al., 2017; Neve et al., 2014); nevertheless, to the best of my
knowledge, no study has developed a relevant model before.

Branching process model. Chapter 2 focussed on weed population dynamics, the outcomes of
management regimes and how specific weed characteristics impact these outcomes. Chapter 3 is
concerned with the relative importance of de novo mutations and standing variation in herbicide
resistance evolution and its timing. The presented multitype Galton-Watson process model captures
the appearance and spread of target-site mutations, conferring resistance to the herbicide, in a
primarily sensitive weed population declining in response to the treatment. Concepts from rescue
and branching process theory help to understand how seed bank dynamics and details of the
reproductive system modulate the probability and timing of treatment failure resulting from the
establishment of herbicide-resistant weeds. The efficacy of management strategies for herbicide
resistance is tied to the primary source of adaptive variation. Analysis of the evolutionary pathways
in isolation identifies weedy traits and genetic factors that favour adaptation from de novo mutations
or standing genetic variation, explaining the variation observed in different weed species.

The branching process model accounts for the stochastic nature of resistance evolution at the cost
of less realism concerning weed ecology. It neglects density effects and matings between resistant
individuals and is thus inadequate for evaluating population and evolutionary dynamics beyond
the establishment of resistant mutants and weed population rescue. Simulations show that the
branching process model accurately captures the early phase of herbicide resistance adaptation, in
which the resistance allele is still rare and weed density low, owing to the application of herbicides.
A drawback of the mathematical framework developed in Chapter 3 is that heterogeneous selection
regimes posed by herbicide and crop rotations cannot be included straightforwardly; however, they
can be readily investigated through corresponding simulations.

The two approaches introduced in this thesis are each uniquely designed for studying different
aspects of herbicide resistance adaptation and management of a perennial weed species. These
models do not aim to make realistic predictions but rather provide a mechanistic understanding
of the processes that drive herbicide resistance evolution and the factors determining its rate,
probability and primary source. Their simple design, with a good representation of the weed life
cycle and the resistance mechanism, assures interpretability and improves communication. While
presented in the context of Johnsongrass, the models can capture the population and evolutionary
dynamics of herbicide resistance adaptation in other perennial weed species. More generally, the
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approaches may be adapted to any species comprising sexual reproduction in the continuum of
selfing and outcrossing, asexual propagation, and potentially a seed bank component. Especially
the branching process model in Chapter 3, describing the dynamics of rare beneficial alleles within
large populations facing extinction due to a sudden environmental change, is also flexible to account
for different genetic architectures.

Outlook
Spatial structure. The herbicide resistance models introduced in this thesis capture the dynamics
of a spatially homogeneous and panmictic weed population infesting a single field. However, spatial
structure affects the rates of resistance evolution and population growth. Resistance mutations
might arise de novo in a population or be part of the standing genetic variation. Gene flow
from resistant weed populations in neighbouring fields – via pollen, seed or vegetative propagule
dispersal – facilitates the spread of resistance traits in agricultural landscapes, suggesting herbicide
susceptibility is a shared resource among farmers (Beckie et al., 2019; Maity et al., 2022). A
spatial simulation study concluded that best herbicide management practices reduce herbicide
resistance evolution most effectively when aggregated at a landscape scale (Evans et al., 2018).
Field data from farms in Argentina showed a positive relation between field size and abundance
of herbicide-resistant weeds; smaller fields had a lower density of resistant weeds (Garibaldi
et al., 2023). These observations align with the theoretical results for panmictic populations in
Chapter 3. Spatial structure within local weed populations and dispersal limitations influence
evolutionary and population dynamics within individual fields. Weed distributions in agricultural
fields are not uniform but exhibit local variations in density and resistance gene frequency. Limited
pollen dispersal causes cross-pollination to occur primarily between neighbouring plants (Evans
et al., 2018). Seeds mainly end up close to the mother plant, although agricultural practice might
disperse some seeds and rhizome pieces further (Evans et al., 2018). In a herbicide-managed field,
this localised dispersal results in spatial aggregation of herbicide-resistant weeds and, ultimately,
a reduction in effective outcrossing and localised competition within the weed patches limiting
reproduction (Neve, 2008; Somerville et al., 2017). The patchy growth pattern of weeds slows
population growth and resistance evolution (Somerville et al., 2017). An extension of the presented
approaches to a metapopulation model that describes spatial structure at field and landscape scale
– accounting for spatial aggregation and gene flow within and between weed populations – would
provide a well-suited framework for studying the impact of different management strategies and
their aggregation at the landscape scale more realistically.

Integrated weed management. Weed management systems relying solely on herbicides are not
sustainable and will ultimately fail due to resistance development (Perotti et al., 2020). The
sustainability of cropping systems and herbicides can only be achieved by the diverse integration
of non-herbicide practices for weed management, such as crop rotations including competitive
cultivars or cover crops, higher seeding rates of the crop intensifying competition and mechanical
weed control measures (Perotti et al., 2020; Shaner et al., 2014). Diversified weed management
strategies aim at minimising the survival and reproduction of herbicide-resistant weeds, mitigating
the evolution of resistance and limiting its spread. Ideally, future weed and herbicide resistance
modelling approaches should consider integrated weed management practices as they have proven
to slow the evolution of herbicide resistance.

Human behaviour and cooperation. Herbicide sensitivity is a common resource shared among
farmers and societies. The number of known herbicide modes of action is limited, and the reported
cases of resistance are ever-increasing, while new herbicides are missing (Heap, 2024; Qu et al.,
2021; Selby et al., 2023). Agricultural crop production relies almost exclusively on herbicides as



48 Chapter 4 Summary and Outlook

an easy and cost-effective solution to weed management; if rendered ineffective owing to herbicide
resistance, global food production will suffer severe cascading consequences (Perotti et al., 2020;
Powles et al., 2010) Despite clear evidence for its capability to slow herbicide resistance adaptation
– from theoretical models and field data – and awareness among farmers, true integrated weed
management has been poorly adopted (Moss, 2019; Shaner et al., 2014). The architecture
of agricultural landscapes controls the spread of resistance traits, with smaller crop fields with
more edges and an increased number of natural habitats functioning as a barrier to the spread of
herbicide-resistant weeds (Garibaldi et al., 2023). Nevertheless, in practice, we often perceive
an opposing development (Ramankutty et al., 2018). Further, herbicide management strategies
are less effective in mitigating resistance evolution when implemented at the farm scale than best
practices aggregated at a landscape scale, necessitating cooperation and coordination between
farms (Evans et al., 2018). Overall, an improved understanding of the human component in weed
management would benefit the resolution of this multifaceted issue of preserving herbicide efficacy
and achieving sustainability of weed management. Game theoretical approaches might be used to
model farmers’ behaviour and identify factors promoting cooperation, similar to approaches aiming
at limiting antibiotic resistance evolution in medicine(Porco et al., 2012; Colman et al., 2019;
and see Morison et al., 2024 for a comprehensive review on evolutionary game theory in disease
evolution and spread).

Economics of weed management. An assessment of the economic consequences needs to forego
the implementation of novel weed control measures or management systems. Where field studies
are limited in time, models integrating weed population dynamics with economic evaluation can
yield long-term predictions (Freckleton et al., 2009). Linking the weed demographic model
from Chapter 2 with predictions of yield loss based on weed density and the costs of applying
control measures will provide a holistic framework for evaluating the economic costs and benefits
of different weed and resistance management options. Maximising the present value of a farmer’s
profit, discounted at a rate relevant to agricultural time scales, will help identify the best practice
over long timescales. This research endeavour has started in collaboration with Martin Quaas and
Hanna Schenk from the iDiv in Leipzig.

Conclusions
The ultimate aim of weed population dynamical modelling is to inform the development and selection
of sustainable weed management regimes. Models promote a comprehensive understanding of the
eco-evolutionary processes underlying the dynamics of herbicide resistance adaptation in weeds
(Bagavathiannan et al., 2020; Renton et al., 2014). Where field experiments face limitations,
modelling approaches allow the comparison of weed management outcomes at large time and spatial
scales (Freckleton et al., 2009; Holst et al., 2007). Models can never capture these agricultural
systems in all their complexity and should not attempt to, but rather be understood as tools
yielding qualitative, not quantitative, predictions (Bagavathiannan et al., 2020). We designed the
models in this thesis to capture all necessary detail yet strive for simplicity and accessibility. In this
way, our approaches allow the identification of pivotal factors influencing the evolution of herbicide
resistance and general conclusions about the potential of management strategies for mitigating
resistance. The inherent simplicity and flexibility further facilitate communication and adaptation
across disciplines.

While pesticides were once perceived as a “silver bullet”, their efficacy is nowadays threatened by
widespread resistance (Hawkins et al., 2019; Landau et al., 2023). We know that, by means of
evolution, nature will sooner or later overcome any strategy we implement for managing harmful
organisms (e.g. crop mimicry in weeds (Barrett, 1983; Coleman et al., 2023)). The ubiquity of
resistance in agriculture and medicine and the ever-increasing threat posed, increased the awareness
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of human-mediated selection regimes rapidly altering the environment (Palumbi, 2001). However, a
comprehensive understanding of the ecological, evolutionary and anthropogenic drivers of resistance
evolution can inform the development of mitigation strategies. Modelling studies integrating our
current knowledge and hypothesis provide a means to grasp the complex nature of eco-evolutionary
dynamics of resistance adaptation of pests and to reveal directions for further research. Moreover,
pesticide resistance is a highly repeated example of rapid evolution in action, posing a unique model
for studying fundamental questions concerning adaptation to human-mediated regimes of strong
selection, sources of adaptive variation and evolutionary rescue (Hawkins et al., 2019). I hope to
have demonstrated this mutual benefit provided by pesticide resistance modelling here, assessing
herbicide resistance evolution in a perennial weed – Sorghum halepense.
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A Appendix—Theoretical assessment of persistence and adaptation in
weeds with complex life cycles

This chapter is the appendix of Chapter 2 and published as such in a peer-reviewed journal.
Lauenroth, D., and Gokhale, C.S. Theoretical assessment of persistence and adaptation in weeds
with complex life cycles. Nature Plants 9, 1267–1279 (2023). DOI: 10.1038/s41477-023-01482-1.

Model parameters

Table A.1 | Model parameters, values and references.

Model parameters Value Comments References
Sprouting probability influenced by apical dominance and

temperature; wide variation in
reported values (Horowitz, 1972;
Hull, 1970; Keeley et al., 1979)

without tillage 𝑔𝑍 = 0.2 Loddo et al. (2012)after tillage 𝑔∗𝑍 = 0.3
Germination probability 𝑔 = 0.3 influenced by environmental factors

not considered in the model, e.g.
temperature, light and burial depth
(Horowitz, 1972; Krenchinski et
al., 2015; Tóth et al., 2006)

Egley et al. (1978),
Leguizamón (1986),
and Warwick et al.
(1983)

Fitness cost on seed produc-
tion

𝑐 = 0.3 in blackgrass, only one mutation
conferring resistance to ACCase-
inhibitors was found to be associated
with a fitness cost (Menchari et al.,
2008)

Panozzo et al. (2021)

Proportion of self-
pollination

𝑝𝑠𝑒𝑙𝑓 = 0.95 there are arguments for higher lev-
els of cross-pollination (Ohadi et al.,
2018)

Warwick et al. (1983)

Mutation rate 𝜇 = 10−8 estimates of spontaneous mutation
rates of ALS resistance alleles in thale
cress (Arabidopsis thaliana) and cul-
tivated tobacco (Nicotiana tabacum)

Harms et al. (1991) and
Haughn et al. (1987)

Possible highest limit of
plant density (m−2)

𝑚−1 = 220 a lower ceiling density is reached for
populations growing from low densi-
ties

Landry et al. (2016),
McWhorter (1971),
and Williams et al.
(1977)

(continues)
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Table A.1 | (continued)

Model parameters Value Comments References
Herbicide efficacy
ACCase-inhibitor (high ef-
ficacy ALS-inhibitor)

on seedlings ℎ𝐿 = 0.998 influenced by environmental factors
and application timing (Dogan
et al., 2005; Johnson et al., 2014;
Tuesca et al., 1999); wide variation
in reported regrowth (Johnson
et al., 1991; Vidrine, 1989)

Vidrine (1989)on shoots ℎ𝑇 = 0.985
on shoots after tillage ℎ∗𝑇 = 0.992

ALS-inhibitor (low effi-
cacy)

on seedlings ℎ𝐿 = 0.92
Johnson et al. (2003)on shoots ℎ𝑇 = 0.90

on shoots after tillage ℎ∗𝑇 = 0.91
Number of rhizome buds
produced per isolated plant

𝑏 = 140 wide variation in reported numbers
(Acciaresi et al., 2005; Anderson
et al., 1960; Hartzler et al., 1991)

Keeley et al. (1979)

Rhizome loss influenced by climatic conditions and
burial depth not considered in the
model (Hartzler et al., 1991;
Stoller, 1977; Warwick et al.,
1986)

winter mortality
without tillage 𝑑𝑍 = 0.35 Hartzler et al. (1991)after tillage 𝑑∗𝑍 = 0.6

Number of viable seeds pro-
duced per isolated plant

𝑓 = 13,000 wide variation between ecotypes and
in reported numbers (Acciaresi et
al., 2005; Ghersa et al., 1985;
McWhorter, 1971)

Keeley et al. (1979)

Seed loss conflicting information on the impact
of burial depth and wide variation in
reported values (Bagavathiannan
et al., 2013; Egley et al., 1978;
Leguizamón, 1986)

fresh seeds 𝑑𝑆 = 0.94 Bagavathiannan et al.
(2013)old seeds in seed bank 𝑑𝐵 = 0.48

area (m2) required by a
plant to produce 𝑓 seeds
and 𝑏 rhizome buds

𝑎 = 0.1 assuming intraspecific competition be-
comes appreciable at a density of 10
plants m−2

Keeley et al. (1979)

Initial density (m−2)
seeds 10 Liu et al. (2019)rhizomes 1

Field size (m2) 𝐴 = 10,000 Liu et al. (2019)

Seed germination. Germination of Johnsongrass seeds is significantly influenced by temperature,
light and burial depth (Horowitz, 1972; Krenchinski et al., 2015; Tóth et al., 2006). Keeley
et al. (1979) observed germination frequencies in the range of 24 to 91.5 % within three weeks for
monthly sowing from March to October. In another study, no seed germination was documented at
temperatures under 19°C and a maximum of 64 % germination within 15 days was found at 39°C
(Horowitz, 1972). However, Krenchinski et al. (2015) reported considerably lower germination
frequencies, lower optimal germination temperature and reduced germination in the absence of
light. They documented maximum germination at 30°C of 18.50 and 13.75 % in the presence and
absence of light, respectively. Seed germination of Johnsongrass decreases with increasing burial
depth from reported 64 % germination from 1 cm depth to 6 % from a sowing depth of 25 cm
(Tóth et al., 2006).

However, the population-level model does not account for these environmental factors. Warwick
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et al. (1983) found a mean seed germination frequency of 38 % in overwintering populations of
Johnsongrass. This observation agrees with a study by Leguizamón (1986). Therein, 37 % of
seeds left on the soil surface germinated within the first year and 25 % of seeds transferred from
the surface to 15 cm depth in autumn, simulating tillage practice. Our germination probability𝑔 = 0.3 is between these values to account for seed burial due to natural causes or tillage. It is also
consistent with the mean germination frequency documented by Egley et al. (1978).

Rhizome bud sprouting. In Johnsongrass, the development of rhizome buds is markedly controlled
by apical dominance (Beasley, 1970; Hull, 1970). Rhizome apexes and emerged shoots partially
suppress growth from adjacent buds (Beasley, 1970; Hull, 1970). Moreover, on branched rhizomes,
secondary rhizomes influence the sprouting of axillary buds on the primary rhizome in an inverse
manner (Beasley, 1970). Bud sprouting and shoot growth in Johnsongrass are reported to be
highly temperature dependant (Horowitz, 1972; Hull, 1970), with a threshold temperature of10°C, and to vary between populations (Loddo et al., 2012). In a study of Loddo et al. (2012)
with 4-node rhizome segments, shoot emergence was highest at 16°C, with a between population
average of 48 %. Over the temperature range of 10 − 24°C, a total of 26 and 39 % of the rhizome
nodes developed sprouts in the two studied populations. Hull (1970) documented an average bud
germination on one-node rhizome pieces of 14 and 92 % at 15 and 30°C, respectively. However,
Keeley et al. (1979) detected no relevant influence of temperature on rhizome bud sprouting (56 %
at 18 − 35°C) in their experiments, but a significant impact on shoot development. Shoots emerged
from 13 and 88 % of the sprouted buds at 18 and 24 − 35°C, respectively.

Our sprouting probability for buds on fragmented rhizomes in a tillage regime is 30 %, in
agreement with the data of Loddo et al. (2012). Apical meristems, emerged shoots and lateral
rhizomes can inhibit axillary bud development on branched rhizomes (Hull, 1970). Therefore, we
assume a reduced sprouting probability of 20 % for no-tillage regimes.

Maximum plant density. Johnsongrass produces tufts as a result of tillering, i.e. the development
of secondary shoots from the crown area of existing plants (Horowitz, 1972; McWhorter, 1971).
We do not explicitly model the production of tillers. However, the process of tillering is reflected in
density-dependent reproduction. Lolas et al. (1980) reported a considerable variation between
different growing seasons in the number of tillers produced by a plant, ranging between 5 and 30
tillers per plant 60 days after planting, with an average of 19 tillers per plant grown from long
rhizome pieces. Keeley et al. (1979) on average counted 5 to 20 tillers per plant, depending on the
planting date. We assume that a plant not affected by intraspecific competition can, on average,
produce 20 tillers.

In their experiments McWhorter (1971) observed an extreme variation between different
Johnsongrass ecotypes in the number of culms growing in an area of one square meter, ranging from
65 up to 226 culms m−2. In another study, 200 Johnsongrass culms were, on average, counted per
m2 in an untreated soybean field (Landry et al., 2016). Therefore we assume a possible highest
density of 220 plants per m2 after self-thinning from very high densities. However, the ceiling
density reached in populations growing from low densities is lower.

Tillers contribute to the total culm density on the field. However, high densities delay or even
inhibit tillering in Johnsongrass (Williams et al., 1977). We assume that intraspecific competition
becomes appreciable at a density of 10 plants per m2, i.e. 200 culms m−2 under maximum tillering.
In the study of Keeley et al. (1979) Johnsongrass was planted at this density, meaning each plant
had an area of 0.1 m2 to produce the reported yields.

Seed survival. Egley et al. (1978) documented no significant impact of the burial depth on seed
longevity and an average of 62 % of seeds that were still viable after burial for 2.5 years. However,
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seeds were placed in polypropylene screen envelopes which prevented animal predation. It was not
recorded if unrecovered seeds decayed or germinated. In another study, likewise excluding predation
and not tracking germination, more prolonged seed survival in deep layers (15 and 22.5 cm) as
compared to seeds in shallow layers (soil surface and 7.5 cm) was noticed (Leguizamón, 1986).
After three years, they recovered less than 15 % of viable seeds from the shallow layers, while 34.5
to 53.8 % of seeds in the deeper layers were still viable. Nevertheless, regardless of the burial depth,
virtually no viable seeds were found in their experiments after six years. Moreover, Leguizamón
(1986) carried out one experiment in bare soil with different treatments. Some treatments comprised
regular changes between the soil surface and 15 cm depth to examine the effect of cultivation
on seed longevity. They found maximum seed survival to be less than 2.5 years. However, they
discussed that the absence of vegetation in that experiment might have contributed to a faster loss
of viable seeds. Bagavathiannan et al. (2013) reported 64 to 75 % of seed loss due to predation,
from dispersal in autumn till next spring, when seeds were left on the soil surface (no-tillage). Most
recovered seeds (78 − 91 %) were buried in the soil. In the same period, they documented 6 to17 % seed decay. Also, a loss in viability of 23 % was observed that increased to 52 % (including
germination) till the subsequent autumn. Overall the mean proportion of active seed bank still
present in spring, after seed loss due to predation, decay and loss in viability, was 10 to 11 % and
reduced to 7 to 8 % in autumn, after subsequent seed loss through decay, loss in viability and
germination (Bagavathiannan et al., 2013). They documented no significant impact of residue
cover or burial depth on seed decay and viability loss.

We consider only post-dispersal seed predation, as most surviving seeds are then buried in the soil
and therefore subsequently inaccessible for predators, at a proportion of 75 % (Bagavathiannan
et al., 2013). Our model includes 17 % seed decay and 23 % loss in viability from the time of
seed dispersal in autumn till next spring. We choose 24 % and 31 % yearly seed loss due to decay
and loss in viability, respectively. With that, seed loss in our model is in the range reported
by Bagavathiannan et al. (2013), but higher than found in the undisturbed experiments of
Egley et al. (1978) and Leguizamón (1986). However, our parameters are in good agreement
with the simulated cultivation experiments conducted by Leguizamón (1986). Bagavathiannan
et al. (2013) calculated the proportion of predation, correcting for the proportion of decayed seeds.
Following this, viable freshly produced seeds are lost to 0.94 % (1−(1−0.75−0.17)(1−0.23) ≈ 0.94) in
our model, and the yearly loss of viable seeds in the seed bank is 48 % (1−(1−0.24)(1−0.31) ≈ 0.48).

Rhizome survival. Winter mortality of Johnsongrass rhizomes is highly dependent on the soil
temperature, determined by climatic conditions and burial depth (Hartzler et al., 1991; Stoller,
1977; Warwick et al., 1986). Stoller (1977) documented about 5 % of rhizomes surviving at a
burial depth of 20 cm and no survival above 20 cm depth in the first winter with a temperature
record of −9°C at 20 cm. In the second milder winter, more than 60 % of the rhizomes survived
at 20 cm and rhizome survival increased with increasing depth in soil up to over 90 %. For
overwintering populations, Warwick et al. (1986) reported a dramatic reduction of rhizome
survival at 20 cm depth to 20 % in a more northern climate compared to 97 % survival under
milder climatic conditions. They also recorded a survival dependency on burial depth, with only
one out of 16 rhizomes surviving at a burial depth of 10 cm and 87.5 % winter survival at 30 and
50 cm. Hartzler et al. (1991) also found rhizome survival directly related to burial depth. With 5
and 25 % survival of 7.5 and 15 cm long rhizome pieces buried in soil 6 cm deep, survival of longer
rhizome pieces was higher. Simultaneously, they did not notice a significant difference at 25 cm
depth, where survival ranged between 85 and 87 %. Most rhizome biomass and nodes are found in
the upper 30 cm, with the highest amount between 7.5 and 15 cm (Hartzler et al., 1991).

Our model does not account for the depth of rhizome burial or climatic conditions. We use the
rhizome survival and distribution data published by Hartzler et al. (1991) to calculate the average
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winter mortality of long rhizome segments 𝑑𝑍 = 0.35, used in our model as the winter mortality in
no-tillage regimes. Tillage cuts Johnsongrass rhizomes into smaller pieces and partly transports
them to the soil surface. We assume that under control regimes comprising tillage, the share of
rhizome pieces in the shallow layer is increased by 10 %. Together with the rhizome fragmentation,
this leads to higher average winter mortality of 𝑑𝑍 = 0.6.

All non-germinated rhizomes rotted in the experiments of Warwick et al. (1986). Furthermore,
after sprouting, the rhizomes of Johnsongrass disintegrate within 19 to 24 days (McWhorter,
1961). Therefore we only consider winter survival and assume that rhizomes can only give rise to
shoots in the subsequent growing season.

Herbicide efficacy. The herbicide efficacy on Johnsongrass aboveground material depends on the
developmental stage of the plants, with small young plants killed with higher efficacy than larger
older plants (Dogan et al., 2005; Johnson et al., 2014; Tuesca et al., 1999). The efficacy also
varies between years due to environmental factors and application timing (Tuesca et al., 1999;
Vidrine, 1989).

Johnson et al. (2003) and Johnson et al. (2014) report the investigated ACCase-inhibitors
to have a higher efficacy on Johnsongrass than ALS-inhibitors included in their studies. A single
application of the ACCase-inhibitor Quizalofop led to a 97 % reduction in Johnsgrass biomass
three weeks after treatment. In contrast, single applications of the ALS-inhibitors Nicosulfuron and
Primisulfuron reduced fresh weight biomass by only 88 % (Johnson et al., 2003). In the second
study, a higher rate of the ACCase-inhibitor Clethodim controlled small plants (15 and 30 cm) at97 % two weeks after treatment while Nicosulfuron provided 90 % control of 15 cm Johnsongrass and
only 74 % control of 30 cm plants (Johnson et al., 2014). Even though they noticed Johnsongrass
regrowth after two weeks, stand reduction four weeks after treatment, compared to an untreated
control, was similar to the initial weed control.

Due to insufficient translocation of active ingredients and the inactive state of rhizome nodes,
rhizomes are controlled inadequately (Beasley, 1970). Regrowth from the latter may occur,
resulting in a reduced herbicide efficacy on rhizome shoots (Beasley, 1970; Tuesca et al., 1999).
In a study of Vidrine (1989), the average control of Johnsongrass seedlings provided by different
ACCase-inhibiting herbicides was 99 % three weeks after treatment and 95 % for rhizome shoots.
Sethoxidim failed to control Johnsongrass shoots effectively in one year of the experiment. Excluding
sethoxydim, the other three ACCase-inhibitors controlled seedlings and shoots at 99.8 and 98.5 %,
respectively. Johnsongrass control was reduced 12 weeks after treatment. Nevertheless, with
one exception, control was still at least 86 % and, in most cases, even above 90 %. Winton-
Daniels et al. (1990) reported that regrowth occurred after all treatments with ACCase-inhibitors
but that sequential treatments typically control Johnsongrass better than single applications. A
second herbicide application later in the season reduces the time for Johnsongrass plants to regrow.
Therefore, regrown plants might be unable to produce new rhizomes and viable seeds until the end
of the growing season.

Given the above points, it is reasonable to assume that the final control provided by a sequential
treatment is similar to the initial control a single application gives. As per Vidrine (1989), we
choose the efficacy of ACCase-inhibiting herbicides to be 99.8 % on seedlings and to be reduced
on shoots with 98.5 %. In some parts of our manuscript, this efficacy is also assumed for the
ALS-inhibitor to secure effective weed reduction, for example, in herbicide rotations, and is denoted
by ’high efficacy’. As ALS-inhibiting herbicides are reported to control Johnsongrass with a lower
efficacy (Johnson et al., 2014; Johnson et al., 2003), we also investigate a low ALS-inhibitor
efficacy of 92 and 90 % on seedlings and rhizome shoots, respectively, denoted by ’low efficacy’.
Mechanical practices inducing increased bud activity as a response to rhizome fragmentation allow
for improved control of rhizomes and shoots by herbicide application (Hull, 1970; Tuesca et al.,
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1999). Therefore herbicide efficacy on shoots of fragmented rhizomes is assumed to be intermediate
between seedlings and shoots on intact rhizomes.

Inheritance. We suppose simple Mendelian inheritance. Mutations to the resistance allele R are
assumed to arise with probability 𝜇 = 10−8, but back mutations are not considered (Harms et al.,
1991; Haughn et al., 1987). Therefore the inheritance matrices (2.17) used to calculate the number
of seeds arising from cross-pollination (2.16) are given by,

MWW = (1 − 𝜇)2 ⎛⎜⎝ 1 0.5 00.5 0.25 00 0 0⎞⎟⎠ , (A.1)

MRW = 2 𝜇 (1 − 𝜇) ⎛⎜⎝ 1 0.5 00.5 0.25 00 0 0⎞⎟⎠ + (1 − 𝜇) ⎛⎜⎝ 0 0.5 10.5 0.5 0.51 0.5 0 ⎞⎟⎠ , (A.2)

MRR = 𝜇2 ⎛⎜⎝ 1 0.5 00.5 0.25 00 0 0⎞⎟⎠ + 𝜇 ⎛⎜⎝ 0 0.5 10.5 0.5 0.51 0.5 0 ⎞⎟⎠ + ⎛⎜⎝0 0 00 0.25 0.50 0.5 1 ⎞⎟⎠ . (A.3)

Matrix theory
We make use of a well-known result from the theory of matrices.

Theorem 1 (Perron-Frobenius (Harris, 1963)) Let A be a nonnegative 𝑘 x 𝑘 matrix, such
that A𝑁 is positive for some 𝑁 ∈ ℕ. Then A has a positive and simple eigenvalue 𝜌 that is in
absolute value greater than any other eigenvalue of A. 𝜌 corresponds to positive right and left
eigenvectors u and v, which are the only nonnegative eigenvectors of A. Moreover, for 𝑛 ∈ ℕ we
have

A𝑛 = 𝜌𝑛 u𝑇v + R𝑛 , (A.4)

with the normalisation uv𝑇 = 1. Furthermore, |R𝑛| ∶= ∑𝑘𝑖,𝑗=1(𝑅𝑛)𝑖𝑗 = 𝒪(𝛼𝑛) for some 𝛼,0 < 𝛼 < 𝜌.

From Eq. (A.4) it follows that in the limitlim𝑛→∞ A𝑛𝜌𝑛 = u𝑇v , (A.5)

holds, i.e. A𝑛 is dominated by 𝜌𝑛 for 𝑛 → ∞.
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Figure A.1 | Predicted target-site resistance evolution in herbicide-treated Johnsongrass
depending on the resistance and cost dominance. Shown are predictions of our deterministic
model for the genotype composition of Johnsongrass plants ( ̃𝑃) over 30 years of herbicide application
for different degrees of dominance regarding resistance (𝑘ℎ) and the fitness cost associated with
resistance (𝑘𝑐). (𝑘 = 0) corresponds to recessivity, (𝑘 = 0.5) indicates partial dominance and (𝑘 = 1)
complete dominance. The frequency of sensitive plants (WW) is shown in blue, resistant
heterozygotes (RW) in yellow and resistant homozygotes (RR) are represented in red. The initial
genotype composition differs with the dominance of resistance and fitness cost.
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Figure A.2 | Predicted target-site resistance evolution in herbicide-treated Johnsongrass
depending on self-pollination. The results are obtained for a partially dominant resistance allele
(𝑘ℎ = 0.5) and fitness cost (𝑘𝑐 = 0.5). Shown are predictions of our deterministic model for the
genotype composition of Johnsongrass plants ( ̃𝑃) and seeds (𝐵) over 30 years of herbicide application
for pure cross-pollination and 95 % self-pollination. The frequency of sensitive plants (WW) is shown
in blue, resistant heterozygotes (RW) in yellow and resistant homozygotes (RR) are represented in red.
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Figure A.3 | Predicted target-site resistance evolution in herbicide-treated Johnsongrass
for different degrees of resistance dominance, low and high resistance cost and
depending on seed bank formation. Shown are predictions of our deterministic model obtained
for a partially dominant resistance allele (𝑘ℎ = 0.5) (varies in a) and fitness cost (𝑘𝑐 = 0.5).
a, Changes in frequency of the resistance allele R in Johnsongrass plants ( ̃𝑃) under herbicide
application for different degrees of resistance dominance (𝑘ℎ). Where recessive corresponds to 𝑘ℎ = 0
(light grey line with closed circles), partially dominant to 𝑘ℎ = 0.5 (dark grey line with closed squares)
and dominant to 𝑘ℎ = 1 (black line with closed triangles). b, Changes in frequency of the resistance
allele R in Johnsongrass plants ( ̃𝑃) under herbicide application for low (𝑐 = 0.001) and high (𝑐 = 0.3)
resistance cost. The initial genotype composition differs between the low (light grey line with closed
circles) and high (dark grey line with closed squares) fitness cost (compare Fig. 2.2 b). c, Changes in
frequency of the resistance allele R in Johnsongrass plants ( ̃𝑃) under herbicide application depending
on the formation of a seed bank. The light grey line with closed circles corresponds to a population
with a seed bank and the dark grey line with closed squares to a population without a seed bank.
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Figure A.4 | Predicted target-site resistance evolution in herbicide-treated Johnsongrass
for different control regimes. Shown are deterministic predictions for the changes in the frequency
of the resistance allele R in Johnsongrass plants ( ̃𝑃) under different control strategies. The distinct
control strategies are: ACCase-inhibitor (light grey line with closed circles) or ACCase-inhibitor and
ALS-inhibitor with equal efficacy (dark grey line with closed squares) applied solely (solid line) or
combined with tillage (dashed line). These dynamics where obtained with a different version of our
population-based model. Compared to the model presented in this manuscript, this model does not
include density dependence in reproduction and no mortality of seeds before entering the seed bank.
Furthermore, the parameter set is based on the one used by Liu et al. (2019) along with a yearly seed
bank mortality of 20 %. The implementation with all parameter values is available on GitHub.
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Figure A.5 | Simulated population dynamics and target-site resistance evolution in
Johnsongrass treated with low efficacy ALS-inhibitor. Shown are changes in Johnsongrass
density ( ̃𝑃 /𝐴) and genotype composition of plants ( ̃𝑃) over 30 years of ALS-inhibitor application with
low efficacy of 1000 simulation runs obtained for a partially dominant resistance allele (𝑘ℎ = 0.5) and
fitness cost (𝑘𝑐 = 0.5). The thick lines with closed circles correspond to the average of all simulation
runs, and the thin lines represent the individual realisations. The frequency of sensitive seeds (WW)
is shown in blue, resistant heterozygotes (RW) in yellow and resistant homozygotes (RR) are
represented in red. The pie charts display the proportion of simulation runs where the weed
population escapes from control and regrows due to herbicide resistance evolution.

https://github.com/tecoevo/JohnsongrassDynamics
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density ( ̃𝑃 /𝐴) over 30 years for a yearly rotation of ACCase- and ALS-inhibitor combined with soil
tillage. Population dynamics under a rotation of the same herbicides with a cycle length of three years
combined with tillage are displayed in the right panel.

Resistance against the second 
herbicide in the rotation

1 2 3 4 5 6 7

Cycle length

15

10

0

20

Ye
ar

 o
f R

 a
lle

le
 fi

xa
tio

n

Resistance against 
the first herbicide 

in the rotation
5

With tillage
Without tillage

1 2 3 4 5 6 7
0

5

10

15

20

Figure A.7 | Predicted fixation time of target-site resistance in Johnsongrass under
binary herbicide rotations. The results are obtained for a partially dominant resistance allele
(𝑘ℎ = 0.5) and fitness cost (𝑘𝑐 = 0.5). Considered are rotations of two herbicides with distinct target
sites, ACCase- and ALS-inhibitors, Johnsongrass is known to develop target-site resistance towards.
We assume equal efficacy here. The cycle length refers to the number of years one herbicide is
recurrently applied before the treatment switches to the other herbicide. The year of resistance allele
fixation is when the resistance allele frequency in plants ( ̃𝑃), obtained from the deterministic model,
reaches 99.5 %. The black lines with closed circles show the fixation of target-site resistance against
the first herbicide in the rotation, and the grey line with closed rectangles resistance fixation against
the second herbicide applied, where the herbicides are applied without mechanical control (solid line)
or combined with tillage (dashed line).





B Appendix—Assessing the probability and time of weed control failure
due to herbicide resistance evolution

This chapter is the appendix of Chapter 3 and published as such in the preprint. Lauenroth, D., and
Gokhale, C.S. Assessing the probability and time of weed control failure due to herbicide resistance
evolution. bioRxiv (2024). DOI: 10.1101/2024.04.26.591266.

Supplementary figures

0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40

0

5.×10-7

1.×10-6

1.5×10-6

0

G
en

ot
yp

e 
fre

qu
en

cy

Resistance cost c
0.05 0.10 0.20 0.400.25

heterozygotes
resistant homozygotes

a

self-pollination
cross-pollination

Standing variation in untreated weed population

1·10-6

5·10-7

1.5·10-6

0

G
en

ot
yp

e 
fre

qu
en

cy

Germination probability g
0 0.1 0.2 0.40.3

b Seed bank composition in pretreated weed population

4·10-7

2·10-7

6·10-7

0.0 0.1 0.2 0.3 0.4
0

2.×10-7

4.×10-7

6.×10-7

8.×10-78·10-7

95 % self-pollination

heterozygotes
resistant homozygotes

0.350.15 0.30

Figure B.1 | Standing genetic variation for target-site resistance. We used a deterministic
density-dependent model (Lauenroth et al., 2023) to estimate the standing variation for target-site
resistance. The relative frequency of heterozygotes is displayed in orange and the relative frequency of
resistant homozygotes is shown in red. a, Standing variation in weed populations never exposed to the
herbicide before. We simulated over 1000 years without management interventions to achieve
mutation-selection balance. The equilibrium frequencies are shown for fully self-pollinating
populations as solid lines and for cross-pollinating populations as dashed lines. b, Seed bank
composition of a weed population previously treated with the herbicide. We simulated one year with
herbicide application followed by ten years without any control measures, reporting the final seed
bank composition. The figures use the default parameter set as defined in Table B.1 except when
specified otherwise.
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populations with varyingly strong seed banks. We simulated a previous herbicide treatment followed
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under a weaker seed bank with a germination probability of 𝑔 = 0.4, and the light grey line with
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with a germination probability of 𝑔 = 0.2. The seed bank mortality was adapted to maintain the total
expected number of sexually generated offspring, which one plant has, constant. The figures use the
default parameter set as defined in Table B.1 except when specified otherwise.
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Figure B.3 | Impact of density-dependence and mating between resistant plants on the
probability of treatment failure. We display the variation of the rescue probability with the
initial population density. The grey lines show the probability of treatment failure derived analytically
from Equation (3.9), not considering any density effects on reproduction and matings between
resistant plants. The closed orange circles are estimates from 103 simulation runs with 102 replicates
each. The initial seed density was 80 times the initial plant density. a, Impact of cross-pollination
between resistant plant types on the probability of treatment failure. We show estimates from
simulations comprising cross-pollination between all genotypes. b, Impact of density-dependent
reproduction on the probability of treatment failure. We show estimates from simulations comprising
density-dependent reproduction. The figures use the default parameter set as defined in Table B.1
except when specified otherwise.
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Supplementary methods
Branching process model
Offspring generating function for Sorghum halepense. We illustrate our modelling framework
here on the example of Sorghum halepense (Johnsongrass). The perennial weed Johnsongrass is
a highly competitive invasive species, able to reproduce sexually via seeds and asexually through
rhizomes (Peerzada et al., 2023; Schwinning et al., 2017; Warwick et al., 1983). The plants
are dormant throughout the winter, overwintering as seeds and rhizomes in the ground (Warwick
et al., 1983). At the beginning of a growing season, seeds germinate to produce seedlings, and buds
on the rhizomes sprout to generate shoots (Peerzada et al., 2023). Mature plants produce new
rhizomes and fresh seeds (Peerzada et al., 2023; Warwick et al., 1983). We illustrate the life
cycle of Johnsongrass in Figure 3.1 a.

The numbers of rhizome buds and seeds produced by a plant of genotype 𝑖 are assumed to be
Poisson distributed with mean 𝑏 and (1 − 𝑐𝑖) 𝑓, respectively. Seeds might die over the winter with
a given probability 𝑑𝑆. In contrast to Lauenroth et al. (2023), here we assume that buds on a
rhizome survive the winter independently of each other with a probability (1 − 𝑑𝑍). Therefore,
the numbers of surviving rhizome buds and seeds produced by a plant of genotype 𝑖 follow again
Poisson distributions with means (1 − 𝑑𝑍) 𝑏 and (1 − 𝑑𝑆) (1 − 𝑐𝑖) 𝑓 (Acharya et al., 2014). The
seeds germinate in the subsequent spring independently of each other to produce seedlings with
probability 𝑔 and similarly shoots sprout from the buds on a rhizome with probability 𝑔𝑍. Non-
germinated seeds stay in the seed bank, unaffected by potential herbicide application. Seedlings and
shoots can die due to herbicide application before reaching reproductive age at given efficiencies ℎ𝐿
and ℎ𝑇, respectively. We illustrate this representation of Johnsongrass’ life cycle in our model in
Figure 3.1 b. The numbers of plants reaching the reproductive stage that originated from a single
plant of genotype 𝑖 through asexual propagation and sexual reproduction are consequently Poisson
distributed with means 𝑏 (1 − 𝑑𝑍) 𝑔𝑍 (1 − ℎ𝑇 𝑗) and (1 − 𝑐𝑖) 𝑓 (1 − 𝑑𝑆) 𝑔 (1 − ℎ𝐿𝑗) and independent
of each other (Acharya et al., 2014). As the herbicide efficiency might differ between different
genotypes, the type-specific efficiencies on seedlings and shoots are denoted by ℎ𝐿𝑗 and ℎ𝑇 𝑗.

Likewise, the number of seeds in the next season’s seed bank generated by a type 𝑖 plant is
independent of its plant offspring and follows a Poisson distribution with mean (1−𝑐𝑖) 𝑓 (1−𝑑𝑆) (1−𝑔).
While we assume plants only produce rhizome buds of their genotype, seeds might have a different
genotype following simple Mendelian inheritance and could include mutations. Let M(𝑗), 𝑗 ∈{1, 2, … , 𝑚}, be the set of inheritance matrices, where the entries 𝑀𝑖𝑘(𝑗) give the proportions of
type 𝑗 seeds produced by a plant of genotype 𝑖 pollinated by type 𝑘 pollen. Plants self-pollinate
at a proportion 𝑝self, corresponding to the pollen-producing plant being of the same genotype as
the mother plant (𝑘 = 𝑖). We assume that pollen is abundant enough that pollination results in
complete ovule fertilisation, neglecting a selective advantage of self-pollination here.

With interest in the establishment of rare alleles, we assume that the sensitive homozygous
type, referred to as genotype 1, is abundant, while the types carrying the resistance allele are rare.
Therefore, we assume resistant plants do not cross-pollinate with other plants of these types. For type
1 plants, we consider cross-pollination by plants of all possible genotypes. The fraction of sensitive
plants pollinated by pollen from a resistant plant type 𝑖 ≠ 1 in a season 𝑛 is 𝑍𝑛, 1 𝑍𝑛, 𝑖𝑍𝑛, 1+∑𝑚𝑙=2 𝑍𝑛, 𝑙 ≈𝑍𝑛, 𝑖 and the fraction cross-pollinated by pollen from sensitive plants is 𝑍𝑛, 1 𝑍𝑛, 1𝑍𝑛, 1+∑𝑚𝑙=2 𝑍𝑛, 𝑙 ≈ 𝑍𝑛, 1.
It is, hence, natural to count all offspring from matings between type 1 and rare type plants as the
rare type’s offspring. Since the inheritance does not depend on which mating partner contributes the
male and which the female gametes, this altered offspring assignment does not constitute a deviation
from Mendelian inheritance. Hence, the numbers of genotype 𝑗 plants and dormant seeds produced
through sexual reproduction by a resistant plant of genotype 𝑖 ≠ 1 are mutually independent and
Poisson distributed with mean 𝑓 ((1 − 𝑐𝑖) (𝑀𝑖𝑖(𝑗) 𝑝self + 𝑀𝑖1(𝑗) (1 − 𝑝self)) + (1 − 𝑐1) 𝑀1𝑖(𝑗) (1 −
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𝑝self)) (1−𝑑𝑆) 𝑔 (1−ℎ𝐿𝑗) and 𝑓 ((1−𝑐𝑖) (𝑀𝑖𝑖(𝑗) 𝑝self+𝑀𝑖1(𝑗) (1−𝑝self))+(1−𝑐1) 𝑀1𝑖(𝑗) (1−𝑝self)) (1−𝑑𝑆) (1−𝑔), respectively. Since we consider simple Mendelian inheritance, M(𝑗) is symmetric and the
respective means reduce to 𝑓 (𝑀𝑖𝑖(𝑗) (1 − 𝑐𝑖) 𝑝self + 𝑀𝑖1(𝑗) (2 − 𝑐1 − 𝑐𝑖) (1 − 𝑝self)) (1 − 𝑑𝑆) 𝑔 (1 − ℎ𝐿𝑗)
and 𝑓 (𝑀𝑖𝑖(𝑗) (1 − 𝑐𝑖) 𝑝self + 𝑀𝑖1(𝑗) (2 − 𝑐1 − 𝑐𝑖) (1 − 𝑝self)) (1 − 𝑑𝑆) (1 − 𝑔). The numbers of type 𝑗
plants and dormant seeds a type 1 plant has as sexually generated offspring in the next generation
are independent and follow Poisson distributions with means 𝑀11(𝑗) 𝑓 (1 − 𝑑𝑆) 𝑔 (1 − ℎ𝐿𝑗) and𝑀11(𝑗) 𝑓 (1 − 𝑑𝑆) (1 − 𝑔).

These approximations of the cross-pollination allow us to capture sexual reproduction in the
asexual Galton-Watson process and to obtain analytical and numerical results. Since the extinction
probabilities of processes starting with a resistant plant type are very close to zero, the survival
of a weed population under herbicide control depends almost exclusively on the establishment of
resistant plants (see Section Results). The weed survival probability is not notably affected by
cross-pollination between resistant types (Figure B.3 a). For the sexual multitype Galton-Watson
process, all theoretical results were derived exclusively for superadditive mating functions (Fritsch
et al., 2022; Hull, 1998). However, random mating in a population of several types results in a
non-superadditive mating function, not allowing any analysis of the process but solely simulations.

Seeds that did not readily germinate in the first spring after their production die before the
following spring with probability 𝑑𝐵. Those seeds that stayed in the seed bank germinate in spring
with probability 𝑔. Accordingly, a seed in the seed bank that is of genotype 𝑖 produces one type 𝑖
plant in the next season with the probability (1 − 𝑑𝐵) 𝑔 (1 − ℎ𝐿𝑖) and by staying dormant one seed
of genotype 𝑖 – itself – with probability (1 − 𝑑𝐵) (1 − 𝑔). (𝑑𝐵 + (1 − 𝑑𝐵) 𝑔 ℎ𝐿𝑖) gives the probability
of a seed disappearing from the seed bank without having any offspring in the next generation.

Knowing the offspring distributions, we can now specify the parameters of the offspring-generating
functions for Johnsongrass. For𝑓 𝑖(s) = exp ( 2𝑚∑𝑙=1 𝜆𝑖𝑙 (𝑠𝑙 − 1)) , 𝑖 ∈ {1, 2, … , 𝑚},
the generating functions of the plant’s offspring,𝜆𝑖𝑗 = (𝑀𝑖𝑖(𝑗) 𝑝self 𝑆𝑖 + 𝑀𝑖1(𝑗) (1 − 𝑝self) (𝑆𝑖 + (1 − 𝛿1𝑖) 𝑆1)) 𝑔 (1 − ℎ𝐿𝑗) + 𝛿𝑖𝑗 𝑇 (1 − ℎ𝑇 𝑗) ,𝜆𝑖𝑚+𝑗 = (𝑀𝑖𝑖(𝑗) 𝑝self 𝑆𝑖 + 𝑀𝑖1(𝑗) (1 − 𝑝self) (𝑆𝑖 + (1 − 𝛿1𝑖) 𝑆1)) (1 − 𝑔) , 𝑖, 𝑗 ∈ {1, 2, … , 𝑚},
are the parameters of the respective Poisson distributions with 𝑇 = 𝑏 (1 − 𝑑𝑍) 𝑔𝑍 and 𝑆𝑖 =(1 − 𝑐𝑖) 𝑓 (1 − 𝑑𝑆). For the offspring-generating functions of seeds,𝑓𝑚+𝑖(s) = 𝛼𝑖 𝑠𝑖 + 𝛽 𝑠𝑚+𝑖 + 𝛾𝑖 , 𝑖 ∈ {1, 2, … , 𝑚},
the parameters are given by 𝛼𝑖 = (1 − 𝑑𝐵) 𝑔 (1 − ℎ𝐿𝑖) , 𝛾𝑖 = 𝑑𝐵 + (1 − 𝑑𝐵) 𝑔 ℎ𝐿𝑖 , 𝑖 ∈ {1, … ,𝑚}, and𝛽 = (1 − 𝑑𝐵) (1 − 𝑔).
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Expected population over time. The offspring generating function f(s) = (𝑓1(s), 𝑓2(s), … , 𝑓2𝑚(s))
can be used to derive the matrix of first-order moments A with entries𝑎𝑖𝑗 = 𝔼 (𝑍1, 𝑗 ∣ Z0 = e𝑖) = 𝔼 (𝑋𝑖𝑗) = lim

s↑1 𝜕𝑓 𝑖(s)𝜕𝑠𝑗 = 𝜆𝑖𝑗 ,
𝑎𝑚+𝑖 𝑗 = 𝔼 (𝑍1, 𝑗 ∣ Z0 = e𝑚+𝑖) = 𝔼 (𝑋𝑚+𝑖 𝑗) = lim

s↑1 𝜕𝑓𝑚+𝑖(s)𝜕𝑠𝑗 = ⎧{⎨{⎩
𝛼𝑖 𝑗 = 𝑖 ,𝛽 𝑗 = 𝑚 + 𝑖 ,0 otherwise,𝑖 ∈ {1, 2, … , 𝑚}, 𝑗 ∈ {1, 2, … , 2𝑚}.

For given genotypes 𝑖, 𝑗 ∈ {1, 2, … , 𝑚} the entries 𝑎𝑖𝑗 and 𝑎𝑖 𝑚+𝑗 correspond to the expected
numbers of genotype 𝑗 plants and seeds a single plant of genotype 𝑖 leaves in the subsequent season.
Likewise, 𝑎𝑚+𝑖 𝑗 and 𝑎𝑚+𝑖 𝑚+𝑗 give the expected counts for genotype 𝑗 plants and seeds originating
from one genotype 𝑖 seed in the preceding season, where 𝑎𝑖𝑗, 𝑎𝑖 𝑚+𝑗 ≤ 1.

Obviously 𝔼 (Z1 ∣ Z0 = e𝑖) = e𝑖 A holds. Using (3.1) we can more generally express the expecta-
tion of Z𝑛+1, the population in season 𝑛 + 1, conditioned on the population of the previous season
Z𝑛 as

𝔼(Z𝑛+1 ∣ Z𝑛) = 𝔼( 𝑘∑𝑖=1
𝑍𝑛, 𝑖∑𝑙=1 X(𝑙)𝑖 ∣ Z𝑛)

= 𝑘∑𝑖=1
𝑍𝑛, 𝑖∑𝑙=1 𝔼(X(𝑙)𝑖 )= 𝑘∑𝑖=1 𝑍𝑛, 𝑖 𝔼(X𝑖) = Z𝑛 A , 𝑛 ∈ ℕ0.

Taking the expectation with respect to Z𝑛 yields a recurrence formula for the expected population
in season 𝑛 + 1 when the initial population is given by Z0,𝔼 (Z𝑛+1) = 𝔼 (Z𝑛) A = … = Z0 A𝑛+1 , 𝑛 ∈ ℕ0. (B.1)

Number of mutations. We can derive the number of new mutants in a similar way as Azevedo
et al. (2021). Let the random variable 𝐾 ∈ ℕ0 describe the total number of distinct resistant
plant lineages generated by de novo mutation in the lineage of a sensitive plant (type 1). Further,
let 𝜈 denote the expectation of 𝐾. We first need to show that 𝜈 < ∞. Consider a two-type
Galton-Watson process (Z̃𝑛)𝑛∈ℕ0 of sensitive plants and seeds, starting with a single plant. The
matrix of first-order moments is given by

Ã = (𝑆1 𝑔 (1 − ℎ𝐿1) + 𝑇 (1 − ℎ𝑇 1) 𝑆1 (1 − 𝑔)𝛼1 𝛽 ) ,
with spectral radius 𝜌 < 1 (for the parameter set given in Table B.1, 𝜌 ≈ 0.935). Let 𝑌𝑡𝑜𝑡𝑎𝑙 denote
the total number of seeds produced in the lineage of a sensitive plant and 𝑌𝑛 the number of seeds
produced in season 𝑛. Since we only consider mutations occurring in seed production, the total
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number of new mutants arising is lower than the total number of produced seeds𝜈 < 𝔼 (𝑌𝑡𝑜𝑡𝑎𝑙) = ∞∑𝑛=0 𝔼 (𝑌𝑛)= ∞∑𝑛=0 𝔼(𝑍𝑛,1)𝑆1= 𝑆1 ∞∑𝑛=0 (𝐴𝑛)11 < 𝑆1 ∞∑𝑛=0 2 𝜌𝑛 = 2 𝑆1 11 − 𝜌 ,
where the third equality follows from Equation (B.1) and the last inequality is a consequence of the
Perron-Frobenius Theorem (Harris, 1963, pp. 37-38).

Let us return to our usual branching process with 2𝑚 types. Conditioning 𝜈 on the offspring
generated by a sensitive plant, we get the relation𝜈 = 𝔼 (𝐾) = ∑

x∈ℕ2𝑚0 𝔼 (𝐾 ∣ X1 = x) ℙ (X1 = x)
= ∑

x∈ℕ2𝑚0 (𝜈 𝑥1 + ̃𝑜1 𝜈 𝑥𝑚 + 1 + 𝑚∑𝑖=2 𝑥𝑖 + ̃𝑜𝑖 𝑥𝑚+𝑖) 2𝑚∏𝑗=1 ℙ (𝑋𝑖𝑗 = 𝑥𝑗)= 𝜈 𝔼 (𝑋11) + ̃𝑜1 𝜈 𝔼 (𝑋1 𝑚+1) + 𝑚∑𝑖=2 𝔼 (𝑋1𝑖) + ̃𝑜𝑖 𝔼 (𝑋1 𝑚+1)= 𝜈 𝜆11 + ̃𝑜1 𝜈 𝜆1 𝑚+1 + 𝑚∑𝑖=2 𝜆1𝑖 + ̃𝑜𝑖 𝜆1 𝑚+𝑖 ,
where ̃𝑜𝑖 = (1 − 𝑑𝐵) 𝑜𝑖 with 𝑜𝑖 = 𝑔 (1 − ℎ𝐿𝑖) ∑∞𝑘=0 ((1 − 𝑑𝐵) (1 − 𝑔))𝑘 = 𝑔 (1−ℎ𝐿𝑖)1− (1−𝑑𝐵) (1−𝑔) being the
proportion of genotype 𝑖 seeds that successfully establish a plant on the field. The third equality
follows from the independence of the Poisson distributed offspring, and the fourth equality holds
because of the absolute convergence of the series (𝜈 < ∞). The expected number of new mutants
generated in the lineage of a sensitive individual is then given by𝜈 = 𝑆1 ∑𝑚𝑖=2 𝑀11(𝑖) 𝑜𝑖1 − 𝑆1 𝑀11(1) 𝑜1 − 𝑇 (1 − ℎ𝑇 1) .
The total number of resistant plants generated by de novo mutation in a process starting with
Poisson distributed numbers of seeds and plants equals𝜈𝑡𝑜𝑡𝑎𝑙 = 𝔼(𝑍0, 1 𝜈) + 𝔼(𝑍0, 𝑚+1 ̃𝑜1 𝜈)= 𝜈 𝑣1 (𝑛𝑃 + ̃𝑜1 𝑛𝐵) . (B.2)

On the other hand, the total contribution of the standing genetic variation to resistant plant
lineages appearing on the field is𝜔 = 𝑚∑𝑖=2 𝑣𝑖 (𝑛𝑃 + ̃𝑜𝑖 𝑛𝐵) . (B.3)

Since ̃𝑜𝑖 < ̃𝑜𝑖+1 for 𝑖 ∈ {1, 2, … , 𝑚 − 1}, we can derive an upper bound for the ratio of resistant
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Figure B.4 | Origin of resistant lineages. We show the effect of self-pollination on the
contributions of de novo mutations 𝜈𝑡𝑜𝑡𝑎𝑙 (light grey line) and standing genetic variation 𝜔 (dark grey
line) to the resistant plant lineages appearing on the field. The expected numbers of distinct resistant
lineages were derived analytically from Equations (B.2) and (B.3). The figures use the default
parameter set as defined in Table B.1 except when specified otherwise.

plant lineages emerging in the field that results from de novo mutation vs. standing genetic variation𝜈𝑡𝑜𝑡𝑎𝑙𝜔 = 𝜈 𝑣1 (𝑛𝑃 + ̃𝑜1 𝑛𝐵)∑𝑚𝑖=2 𝑣𝑖 (𝑛𝑃 + ̃𝑜𝑖 𝑛𝐵) < 𝜈 𝑣1 (𝑛𝑃 + ̃𝑜1 𝑛𝐵)∑𝑚𝑖=2 𝑣𝑖 (𝑛𝑃 + ̃𝑜1 𝑛𝐵) = 𝜈 𝑣1∑𝑚𝑖=2 𝑣𝑖 .
With the parameter set given in Table B.1, de novo mutations contribute approximately 22

times more resistant plant lineages than the standing genetic variation. However, mutants from the
standing variation typically establish earlier, providing an advantage compared to resistant lineages
resulting from mutations that appear later in the declining population. Generally, evolutionary
rescue from standing variation is faster and requires a smaller population size than rescue from
de novo mutations (Orr et al., 2014). While the expected number of resistant lineages resulting
from de novo mutations 𝜈𝑡𝑜𝑡𝑎𝑙 is primarily independent of the level of self-pollination (𝜈𝑡𝑜𝑡𝑎𝑙 ≈ 0.388),
the contribution of the standing variation 𝜔 is determined by the pollination mode (𝜔 ≈ 0.016 in a
purely self-pollinating population and 𝜔 ≈ 0.053 in a fully cross-pollinated population) (Figure B.4).
While new mutations arise unaffected by the source of pollen, self-pollination increases the level of
homozygosity in a population, reducing the frequency of standing variants for target-site resistance
as resistance alleles cluster in homozygotes. If the mutation is highly recessive, the increased
homozygosity, however, yields more resistant individuals compared to outcrossing populations.

Computer simulations
We used simulations to analyse the impact of density effects and cross-pollination between resistant
plants on the obtained probability and time of herbicide resistance evolution. We implemented
our Galton-Watson model with modifications in the sexual reproduction. Our simulations allowed
cross-pollination between all possible genotypes and included density-dependent fecundity (as per
Eqs. (11) and (12) in Lauenroth et al. (2023)). The plant and seed offspring of type 𝑖 plants
followed Poisson distributions with population-dependent means𝜆̂𝑖𝑗(𝑛) = (𝑀𝑖𝑖(𝑗) 𝑝self + (1 − 𝑝self) 𝑚∑𝑙=1 𝑍𝑛, 𝑙∑𝑚𝑟=1 𝑍𝑛, 𝑟 𝑀𝑖𝑙(𝑗)) ̂𝑆𝑖 𝑔 (1 − ℎ𝐿𝑗) + 𝛿𝑖𝑗 ̂𝑇 (1 − ℎ𝑇 𝑗) ,𝜆̂𝑖 𝑚+𝑗(𝑛) = (𝑀𝑖𝑖(𝑗) 𝑝self + (1 − 𝑝self) 𝑚∑𝑙=1 𝑍𝑛, 𝑙∑𝑚𝑟=1 𝑍𝑛, 𝑟 𝑀𝑖𝑙(𝑗)) ̂𝑆𝑖 (1 − 𝑔) , 𝑖, 𝑗 ∈ {1, 2, … , 𝑚},



80 B Appendix—Weed control failure due to herbicide resistance evolution

with ̂𝑇 = 0.93 𝑏max(1 + 0.1𝐴 ∑𝑚𝑟=1 𝑍𝑛, 𝑟)−1 (1 − 𝑑𝑍) 𝑔𝑍 and̂𝑆𝑖 = (1 − 𝑐𝑖) 0.93 𝑓max(1 + 0.1𝐴 ∑𝑚𝑟=1 𝑍𝑛, 𝑟)−1 (1 − 𝑑𝑆).
Parameterisation
The results presented in this study are for a single locus in a diploid genome with two alleles – a
sensitive allele and an allele conferring herbicide resistance. The sensitive genotype corresponds to
genotype 1, the heterozygotes are referred to as genotype 2, and genotype 3 is the homozygous
resistant genotype.

Standard parameter set
Table B.1 shows the parameter set of our model with the standard values used for this study. We
fixed the parameters displayed in black throughout the whole study. The grey parameters varied in
some figures, but take the values indicated here if we do not state them explicitly. We considered
incomplete dominance of resistance and the associated fitness cost, such that the type-specific
herbicide efficacy and fitness costs are 𝑐1 = 0, 𝑐2 = 0.5 𝑐, 𝑐3 = 𝑐 and ℎ∗1 = ℎ∗, ℎ∗2 = 0.5 ℎ∗, ℎ∗3 = 0.

Inheritance matrices. We suppose simple Mendelian inheritance with mutations in both directions
occurring with probability 𝜇. The inheritance matrices in the sexual reproduction of plants are
then given by,

M(1) = (1 − 𝜇)2 ⎛⎜⎝ 1 0.5 00.5 0.25 00 0 0⎞⎟⎠ + 𝜇 (1 − 𝜇) ⎛⎜⎝ 0 0.5 10.5 0.5 0.51 0.5 0 ⎞⎟⎠ + 𝜇2 ⎛⎜⎝0 0 00 0.25 0.50 0.5 1 ⎞⎟⎠ ,
M(2) = 2 𝜇 (1 − 𝜇) ⎛⎜⎝ 1 0.5 00.5 0.25 00 0 0⎞⎟⎠ + ((1 − 𝜇)2 + 𝜇2) ⎛⎜⎝ 0 0.5 10.5 0.5 0.51 0.5 0 ⎞⎟⎠+ 2 𝜇 (1 − 𝜇) ⎛⎜⎝0 0 00 0.25 0.50 0.5 1 ⎞⎟⎠ ,
M(3) = 𝜇2 ⎛⎜⎝ 1 0.5 00.5 0.25 00 0 0⎞⎟⎠ + 𝜇 (1 − 𝜇) ⎛⎜⎝ 0 0.5 10.5 0.5 0.51 0.5 0 ⎞⎟⎠ + (1 − 𝜇)2 ⎛⎜⎝0 0 00 0.25 0.50 0.5 1 ⎞⎟⎠ ,

where the entries 𝑀𝑖𝑘(𝑗) give the proportions of type 𝑗 seeds produced by a plant of genotype 𝑖
pollinated by type 𝑘 pollen.
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Table B.1 | Model parameters and their values. Parameters in black are fixed in all
calculations and simulations. The parameters displayed in grey are varied in some parts and take the
values given here if not stated differently. Detailed explanations and references are given in the
Supplementary Information of Lauenroth et al. (2023).

Model parameter Symbol Value
Sprouting probability 𝑔𝑍 0.2
Germination probability 𝑔 0.3
Fitness cost on seed production 𝑐 0.3
Proportion of self-pollination 𝑝self 0.95
Mutation rate 𝜇 10−8
Herbicide efficacy

on seedlings ℎ𝐿 0.998
on shoots ℎ𝑇 0.985

Maximum rhizome bud number produced per plant 𝑏max 140
rhizome bud number produced per plant𝑎 𝑏 0.9 𝑏max

Maximum viable seed number produced per plant 𝑓max 13,000
viable seed number produced per plant𝑎 𝑓 0.9 𝑓max

Rhizome winter mortality 𝑑𝑍 0.35
Seed loss

fresh seeds 𝑑𝑆 0.94
old seeds in seed bank 𝑑𝐵 0.48

Initial density (m−2)
seeds 80
plants 1

Field size (m2) 𝐴 10,000𝑎 In the simulations, the limits of seed and rhizome bud numbers produced per plant are0.93 𝑓max and 0.93 𝑏max to compensate for the fecundity reduction by (1 + 0.1𝐴 ∑𝑚𝑖=1 𝑍𝑛, 𝑖)−1
apparent even at extremely low densities (Lauenroth et al., 2023).
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