
 

 

Population genomics of lifestyle and virulence evolution in 

the fungal wheat pathogen Zymoseptoria tritici 

 
A thesis submitted to the  

UNIVERSITY OF NEUCHÂTEL 
 

For the degree of  
DOCTOR OF SCIENCE 

 

Presented by  

Nikhil Kumar Singh 

Master of Technology in Biotechnology,  
Kalinga Institute of Industrial technology  

Bhubaneswar, India 
 

 
 

Born on 31.10.1993 
Citizen of India 

 
 

 
 

Accepted on the recommendation of  
 

Prof. Dr. Daniel Croll 
Prof. Dr. Pilar Junior 

Dr. Remco Stam 
 
 

Defended on 15.10.2021 

FACULTÈ DES SCIENCES 
INSTITUTE DE BIOLOGIE 
 



 



 

Imprimatur pour thèse de doctorat                                                         www.unine.ch/sciences  
 

Faculté des Sciences 
Secrétariat-décanat de Faculté 

Rue Emile-Argand 11 
2000 Neuchâtel – Suisse 

Tél : + 41 (0)32 718 21 00 
E-mail : secretariat.sciences@unine.ch  

 

IMPRIMATUR POUR THESE DE DOCTORAT 
 

 
La Faculté des sciences de l'Université de Neuchâtel 

autorise l'impression de la présente thèse soutenue par 
 
 

 

Monsieur Nikhil Kumar SINGH 
 
 
 

Titre: 
 

“Population genomics of lifestyle and 
virulence evolution in the fungal wheat 

pathogen Zymoseptoria tritici” 
 
 

sur le rapport des membres du jury composé comme suit: 
 
 
 
 

• Prof. ass. Daniel Croll, directeur de thèse, Université de Neuchâtel, Suisse 
• Prof. Pilar Junier, Université de Neuchâtel, Suisse 
• Dr Remco Stam, Technische Universität München, Allemagne 

 
 
 
 
Neuchâtel, le 7 octobre 2021  Le Doyen, Prof. A. Bangerter 

    



 



Table of Content 
 
Résumé 
 
Summary 
 

i-ii 
 
iii-iv 

Scientific output v-vi 
 

General Introduction 1-23 
 

Chapter 1 
 
Population-level deep sequencing reveals the interplay of clonal and sexual 
reproduction in the fungal wheat pathogen Zymoseptoria tritici 
 
Abstract 
Introduction 
Results 
Discussion 
Materials and methods 
Acknowledgement 
References 
Supplementary information 

25-60 
 
 
 
 
26 
27 
31 
43 
47 
51 
52 
57 
 

Chapter 2 
 
Rapid sequence evolution driven by transposable elements at a virulence 
locus in a fungal wheat pathogen 
 
Abstract 
Introduction 
Results 
Discussion 
Materials and methods 
Acknowledgement 
References 
Supplementary information 
 

61-101 
 
 
 
 
62 
63 
67 
79 
82 
88 
89 
96 

Chapter 3 
 
Genome-wide association mapping to identify genes underlying population-
level metabolome diversity in a fungal crop pathogen 
 
Abstract 
Introduction 
Results 
Discussion 
Materials and methods 
Acknowledgement 

103-131 
 
 
 
 
104 
105 
108 
119 
123 
126 



References 
Supplementary information 
 

127 
131 

Chapter 4 
 
Tackling microbial threats in agriculture with integrative imaging and 
computational approaches 
 
Abstract 
Introduction 
Knowing the enemy: How pathogens interact with plants to cause disease 
High-throughput plant health assessment under field conditions 
Proximal plant phenotyping  
Pathogen screenings to improve the durability of plant resistance 
Deciphering complex host-pathogen interactions – a way forward 
Exploiting pathogen weakness driven by trade-offs 
Summary and outlook 
Acknowledgement 
References 
 

131-170 
 
 
 
 
134 
135 
137 
143 
144 
147 
151 
153 
155 
156 
157 

General Discussion and Perspectives 
 
Recombination as a weapon stay ahead in the fight with host defences 
Studying the spatial and temporal changes in pathogen population 
New insight into the genetic architecture for virulence 
References 
 

171-178 
 
172 
173 
174 
178 

Acknowledgement 179 
 



RÉSUMÉ 

i 
 

Résumé 
 
 
Les agents pathogènes des plantes sont à l'origine d'importantes réductions de la productivité 

agricole dans le monde entier, et les stratégies de lutte restent inefficaces pour de nombreux 

agents pathogènes. Les agents pathogènes fongiques des plantes surmontent souvent 

rapidement l'immunité médiée par les gènes de résistance, mettant ainsi en échec les efforts de 

sélection coûteux. De même, le déploiement de produits chimiques de synthèse est souvent 

suivi de l'apparition de populations de pathogènes résistants. Cependant, nous ne comprenons 

toujours pas comment les différentes forces évolutives façonnent la composition génétique des 

populations d'agents pathogènes. De plus, la manière dont la virulence évolue au fil du temps 

et sa base génétique restent largement inconnues. Cette thèse de doctorat visait à étudier le 

mode de vie et l'évolution de la virulence chez le champignon pathogène du blé Zymoseptoria 

tritici en utilisant la génomique des populations, la cartographie d'association et l'analyse des 

métabolites. Nous avons séquencé en profondeur un large ensemble d'isolats de Zymoseptoria 

tritici prélevés sur de multiples cultivars de blé génétiquement distincts et répliqués dans 

l'espace à trois moments de la saison de croissance. L'analyse génomique des populations a 

révélé un niveau étonnant de diversité génétique dans un seul champ, dépassant les niveaux de 

diversité globale pour de nombreux autres agents pathogènes. L'étude établit le rôle de la 

reproduction sexuée et asexuée dans l'adaptation à court terme, car la recombinaison permet le 

remaniement de la variation allélique. Dans le deuxième chapitre, j'ai utilisé la cartographie 

d'association à l'échelle du génome pour étudier la base génétique de la virulence fongique de 

Z. tritici sur un cultivar de blé couramment utilisé. L'association la plus forte était intergénique 

et flanquée de gènes codant pour un effecteur prédit et une protéase de type sérine. Le locus de 

virulence était très dynamique, composé de plusieurs familles d'éléments transposables et de 

fortes signatures de mutation ponctuelle induite par répétition (RIP), contribuant à la 

diversification rapide du locus. Dans le troisième chapitre, nous avons étudié la base génétique 
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de la variation de la production de métabolites dans une seule population de Z. tritici sur le 

terrain. En utilisant un profil métabolique non ciblé et une GWAS, nous avons trouvé de fortes 

associations dans les gènes de proximité codant pour des fonctions liées aux fonctions 

endosomales et aux transporteurs. Dans l'ensemble, cette thèse de doctorat souligne le potentiel 

du séquençage du génome entier d'une seule population de terrain pour comprendre le mode 

de vie et l'évolution de la virulence d'un important phytopathogène. L'établissement d'une 

image complète de la base génomique de l'adaptation dans une population de pathogènes aidera 

à concevoir efficacement des stratégies de gestion des maladies des plantes. 

 

Mots-clés : Génomique des populations, études d'association à l'échelle du génome (GWAS) , 

Zymoseptoria tritici, Métabolite secondaire 
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Summary 
 
 
Plant pathogens cause significant reductions in agricultural productivity worldwide, and 

control strategies remain ineffective for many pathogens. Fungal plant pathogens often rapidly 

overcome resistance gene mediated immunity defeating expensive breeding efforts. Similarly, 

the deployment of synthetic chemicals is often followed by the rise of resistant pathogen 

populations. However, we still lack basic understanding how different evolutionary forces 

shape the genetic composition of pathogen populations. Additionally, how virulence evolves 

over time and its genetic basis remains largely unknown. In this PhD thesis was to study the 

lifestyle and virulence evolution in the fungal wheat pathogen Zymoseptoria tritici using 

population genomics, association mapping and metabolite analysis. We deep sequenced a large 

set of isolates of Zymoseptoria tritici sampled from multiple genetically distinct wheat cultivars 

replicated in space at three time points of the growing season. Population genomic analysis 

revealed an astonishing level of genetic diversity in a single field exceeding global diversity 

levels for many other pathogens. The study establishes the role of sexual and asexual 

reproduction in short-term adaptation, as recombination enables the reshuffling of allelic 

variation. In the second chapter, I used genome-wide association mapping to investigate 

genetic basis of fungal virulence of Z. tritici on a commonly used wheat cultivar. The strongest 

association was intergenic and flanked by genes encoding a predicted effector and a serine-

type protease. The virulence loci was highly dynamic, consisting of multiple families of 

transposable elements and strong signatures of repeat-induced point mutation (RIP), 

contributing to the locus's rapid diversification. In the third chapter investigated the genetic 

basis of metabolites production variation in a single field Z. tritici population. Using untargeted 

metabolic profile and GWAS we found strong associations in proximity genes encoding 

functions related to endosomal functions and transporters. Overall this PhD thesis highlights 

the potential of whole genome sequencing of a single field population in understanding the 
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lifestyle and evolution of virulence for an important plant pathogen. Establishing a complete 

picture of the genomic basis of adaptation in a pathogen population will help in efficient 

designing of plant disease management strategies 

 

Keywords: Fungal pathogen, Population Genomics, Genome Wide Association studies 

(GWAS), Zymoseptoria tritici, Secondary Metabolites 
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General Introduction 
 
 
Plant diseases cause significant reductions in agricultural productivity worldwide. Among the 

most devastating plant pathogens are fungi that use their respective hosts for reproduction and 

dispersal (Fisher et al. 2012). Despite the use of control methods such as the deployment of 

resistant cultivars and the application of chemical compounds (e.g. fungicides, insecticides) 

fungal pathogens can account for at least a 10% reduction in global yields (Strange and Scott 

2005; Petit-Houdenot and Fudal 2017; Rohr et al. 2017; He, Zhan, and Xie 2016). The present 

practice agricultural provides homogeneous genetic host environments at large regional, 

making it conducive for the rapid evolution and dispersal of pathogens (Möller and 

Stukenbrock 2017). The disastrous consequence of the rapid breakdown of resistance was 

evident in recent outbreaks of Magnaporthe oryzae and Puccinia graminis f. sp. tritici in 

Bangladesh and Italy, respectively (Bhattacharya 2017; Islam et al. 2016). The speed with 

which a fungal pathogen population responds to an altered host population or fungicide is 

determined by evolutionary forces such as mutation, gene flow, genetic drift and selection (B. 

A. McDonald and Linde 2002). Hence, to sustainably control fungal diseases, it becomes 

important to understand the evolutionary process of the pathogens. 
 

Plant-pathogen interactions and its genetic basis 

Plant pathogens have emerged as a major threat to the agricultural system causing enormous 

economic losses annually (Fisher et al. 2012). Fungal pathogens are amongst the most 

devastating plant pathogens that use plant tissues for their reproduction and dispersal. The 

fungal pathogens have evolved mechanisms to evade the host defence system, including 

physical and chemical barriers (Cook, Mesarich, and Thomma 2015). Plants can also produce 

specific resistance proteins targeted towards pathogen produced molecules. To avoid 
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recognition or suppress the plant immune system, fungi secrete small proteins called 'effectors' 

that act in apoplastic or symplastic spaces (Jones and Dangl 2006; Martin and Kamoun 2012). 

Some effectors are translocated to cellular compartments (for example, chloroplasts or nuclei), 

manipulating host transcription to favour pathogen invasion (Weiberg et al. 2013). Other 

effectors manipulate host defences by interfering with plant metabolism or hormone 

homeostasis (Cook, Mesarich, and Thomma 2015). To counteract pathogen invasion, plants 

have evolved the ability to produce resistance proteins to detect the effectors; these proteins 

are activated by effector-mediated signals and are responsible for signal-transduction events 

that activate effector-triggered immunity and block pathogen growth (Martin and Kamoun 

2012). Ultimately, the infection success is determined by the pathogen's ability to overcome 

the immune system of the host and the ability of the plant to block pathogen invasion 

 

Plants and their surrounding pathogens have been in a co-evolutionary arms race for millions 

of years. The plant immune response is mainly controlled by resistance (R) genes. The gene-

for-gene (GFG) hypothesis suggests that for every host resistance gene (R-gene), there would 

be a corresponding avirulence (Avr) gene in the pathogen. The protein encoded by the Avr 

gene is recognized directly or indirectly by the product of the host R gene. Directly recognizing 

the Avr gene in the pathogen by the host’s R gene will trigger resistance and an “arms race” 

between the host and pathogen. The notion that virulence is not fixed but evolves can be traced 

to Pasteur and Koch in the 19th century (Smith 1904; Alizon et al. 2009). The arms race 

coevolution model explains the continuous evolution of host-pathogen interactions. According 

to the model, disease pressure will favour changes in host proteins that are a target for fungal 

attack. In contrast, the pathogen will be pressured to evolve its virulence factors to continue to 

be able to attack the modified targets. In this context, virulence (at the population level) can be 

defined as the average ability of a pathogen population to overcome the diversity of resistance 
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genes present in the corresponding host population (Thrall and Burdon 2003; Hartmann et al. 

2017). The interactions models have been validated in several plant-pathogen system and since 

then numerous Avr genes have been cloned (Palloix, Ayme, and Moury 2009; Thrall and 

Burdon 2003). However, a large number of Avr genes remains to be identified. 

 

Different host genotypes vary in their composition of resistance genes, hence the selection 

pressure on the pathogen would also be highly heterogeneous. Studies have shown that virulent 

pathogens were found more frequently on highly resistant host populations, whereas avirulent 

pathogens dominated susceptible populations therefore, it can be inferred that evolution of 

pathogenicity is directly influenced by host diversity (Thrall and Burdon 2003). 

Nonetheless, the general influence of host diversity on the direction of selection on pathogen 

genes and the population structure is largely unknown. 

 

Drivers of population structure of fungal pathogens 

All living acquire resources from their surroundings throughout life and allocate them to 

maintain different life-cycle stages, e.g. development, survival, reproduction, and dispersal 

(Barrett et al. 2008). In plant pathogens these life cycle-cycle stages determine spatial and 

temporal dynamics of disease, thus influencing the genetic diversity and population structure 

(Kingsolver and Pfennig 2007). Hence pathogens would have to allot molecular machinery to 

express specialized traits at a specific time point of their life cycle to survive. These traits can 

be divided into the epidemic phase, where the pathogen has to survive within the host, and later 

on the survival phase, mostly outside the host. Pathogens having a narrow range of hosts are 

likely to be more locally adapted than their generalist counterparts (Lajeunesse and Forbes 

2002). Moreover, an obligate pathogen specialised on single host is more susceptible to 

experience local bottleneck and recolonisation event (Lajeunesse and Forbes 2002). For 
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example, the obligate rust pathogen Melampsora lini infecting wild Australian flax Linum 

marginale follows a typical “boom-and-bust” epidemics. In a “boom-and-bust cycle” the 

widespread use of a single resistance gene protects multiple varieties of a grain from a disease 

(boom). When the pathogen overcomes this resistance gene many varieties simultaneously 

become susceptible (bust). Meanwhile, Colletotrichum gloeosporioides, a wide host range 

pathogen, show a clonal population structure with a slow migration rate but has evolved 

different genetic background for each of its host cultivars (Frézal, Jacqua, and Neema 2018; 

Cruz-Lagunas et al. 2020; Zhang et al. 2016).  

 

The mode of reproduction also plays an important part in crucial the genetic structure of the 

pathogen population. Reproduction can be sexual, asexual, or mixed. Recent findings indicate 

that many fungal species known to be asexual have retained the ability to reproduce sexually 

and possess mixed reproduction (Nieuwenhuis and James 2016). In a mixed reproduction 

model, many new combinations of alleles are created through recombination during the sexual 

cycle, thus producing many genotypes. The most “fit” genotypes can then propagate by asexual 

reproduction Puccinia graminis f.sp. tritici, which causes wheat stripe rust, can perform sexual 

reproduction, thus generating a higher genetic and phenotypic diversity than a more common 

asexual reproduction in its original host (Leonard and Szabo 2005). The difference in the 

frequency of sexual and asexual reproduction may impact the genetic structure and adaptation 

of a pathogen population is still unclear.  

 

It is also essential to understand the mode of transmission for correctly interpreting the genetic 

diversity of the pathogen population. For example, species propagating through soil or rain-

splash faces a decline in the dispersal distance while wind dispersing species can propagate 

further (Karisto, Suffert, and Mikaberidze 2019; Barrett et al. 2008). However, in extreme 
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cases, it has been seen that very large distance  dispersal can only occur if there is a susceptible 

host in the new location.  In case Puccinia graminis f.sp. tritici spores dispersed from South 

Africa to Australia in a jet stream (Leonard and Szabo 2005). In such cases, the new population 

would suffer a loss in genetic diversity due to population bottleneck, drastically reducing the 

size of a population and reducing overall genetic diversity. 

 

Role of secondary metabolites fungal plant pathogens 

In their natural environment, fungal pathogens are challenged by multiple biotic and abiotic 

stress conditions. These range from host-pathogen interactions to nutrient deprivation to pH 

and temperature. As one of the responses, pathogens produce a vast number of low molecular 

weight compounds called secondary metabolites (SMs). SMs (except siderophores) are non-

essential for growth of fungi but are involved in biological signalling and interactions (Calvo 

et al. 2002). SMs play vital role in the highly complex interactions of fungal plant pathogens 

with their respective hosts. SMs of plant pathogens often alter host cell structures and functions 

through different modes of action. For instance, the HC-toxin produced by the fungal pathogen 

of maize Cochliobolus carbonum inhibits histone deacetylases of both plants and mammals, 

disrupting gene expression (Ahn, Cheng, and Walton 2002). Genes required produce SMs are 

arranged in a physically linked contiguous fashion and are known as biosynthetic gene clusters 

(BGCs)(Keller, Turner, and Bennett 2005). According to their ecological functions, these gene 

clusters are co-regulated to encode the secondary metabolite (Keller, Turner, and Bennett 

2005). Each BGC contains a core/backbone gene that codes for an enzyme which polymerises 

primary metabolites. The resulting metabolite is then further modified by the enzyme products 

of additional tailoring genes of the BGC to produce a final bioactive secondary metabolite. For 

example, polyketide synthase (PKS), a core gene, produces polyketides from acyl-CoAs 

(Keller, Turner, and Bennett 2005).  
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SMs are sub-grouped into four groups according to the precursors used by the core biosynthetic 

gene for their synthesis (Keller, Turner, and Bennett 2005). The two major groups are 

polyketides and non-ribosomal peptides (NRP). Acyl-CoAs units are converted to polyketides 

by polyketide synthetase enzyme (PKS). The other two groups are terpenes and alkaloids are 

more abundant in plants rather than fungi. Both these SMs are produced from isoprene units 

by terpene cyclase and dimethylallyl tryptophan synthases respectively (Pusztahelyi, Holb, and 

PÃ3csi 2015; Collemare and Lebrun 2011). Remarkably, each key core biosynthetic gene 

produces a different metabolite from similar precursors, leading to diversity in SMs (Collemare 

and Lebrun 2011). For example, Gibberella fujikuroi fumonisin biosynthetic pathway can 

produce four different fumonisins (FB1–FB4) (Bojja et al. 2004). 

 

Fungal SMs can be broadly classified as host-specific or non-host-specific (Pusztahelyi, Holb, 

and PÃ3csi 2015; Collemare and Lebrun 2011). Host specific fungal SMs usually behave as 

effectors during plant-pathogen interactions. Resistance of plants to host specific SMs mainly 

relies on the absence of the susceptibility target protein or its modification in the host. However, 

the non-host specific SMs contribute to the aggressiveness of the pathogen (Collemare and 

Lebrun 2011). Many non-host specific SMs can induce necrosis or chlorosis on an array of 

plant species and provide substantial benefits to the disease progression of necrotrophic fungi. 

For example, the mycotoxin deoxynivalenol (DON) produced by a plant pathogen Gibberella 

zeae. Mutants defective in DON biosynthesis retained the ability to infect wheat but exhibited 

decreased pathogenicity (Mitchell 1984).  

 

Even though it is understood that SMs play an important role in host pathogen interactions, 

very few of these SMs are fully characterized in terms of their function and mode of action. 
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Recent advances in chromatography techniques and genomics data availability have 

accelerated the prediction and validation of previously uncharacterised secondary metabolites 

BGCs (Keller 2019). It has been reported in many comparative genomics studies that individual 

BGCs are segregating distinctively in specific species or dispersed within a limited number of 

species (Keller 2019, 2015). Hence, the total SM gene cluster distribution and the coded 

metabolite can vary significantly in closely related species and even within the same species 

(Tralamazza et al. 2019; Lind et al. 2015). The genetic basis of the evolution of SM gene 

clusters are still not fully explored. In plant models genetic variations responsible for 

controlling natural variation in accumulation of metabolites have been studied (Jacobowitz and 

Weng 2020; Peng et al. 2017; Strauch et al. 2015). Exploring whole genome data of pathogen 

populations would help in identification of the genetic architecture related to metabolite gene 

clusters and resultant variation in metabolite accumulation (Pais, Li, and Xiang 2018; Firn and 

Jones 2000). 

 

Genome wide association study  

Association mapping aims at identifying genomic loci that mediate heritable phenotypic trait 

variation in natural populations. The statistical significance of the associations between 

phenotype and genotype variation is calculated in a group of individuals, also called a mapping 

population (Bergelson and Roux 2010). A genome wide association study (GWAS) is an 

approach that involves scanning genetic markers, specifically single nucleotide polymorphisms 

(SNPs), across the genome of many individuals of a species to find loci associated with a 

particular phenotype (Bush et al. 2012). Among various types of sequence variants, SNPs are 

by far the most abundant in the genome of many of the organisms (Huang and Han 2014). 

Moreover, they can have functional consequences, like causing amino acid changes, changes 
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to mRNA transcript stability, and changes to transcription factor binding affinity(Randles et al. 

2013).  

 

In GWAS, a mapping population can include individuals from one or multiple natural 

populations(s) and, therefore, screen for a broader range of phenotypes and genotypes 

(Bergelson and Roux 2010). To correct for population structure, mixed linear model are 

commonly used which corrects for the relatedness of the individuals (Korte and Farlow 2013). 

Although GWAS performs poorly in detecting genetic variants with low effect size, this issue 

is compensated by the advantage of fine mapping down to gene level. Additionally, the power 

of finding robust genotype-phenotype association depends on the level of recombination in the 

mapping population (Sánchez-Vallet et al. 2018; Korte and Farlow 2013). Decay of linkage 

disequilibrium (LD), which is the non-random association of allele, gives a strong indication 

of the mapping power of GWAS (Korte and Farlow 2013). GWAS has been extensively used 

to map the genetic basis of human diseases. Researchers have successfully identified genetic 

variations that contribute to risk of type 2 diabetes, Parkinson's disease, heart disorders, obesity, 

Crohn's disease and prostate cancer, as well as genetic variations that influence response to 

anti-depressant medications (Bush et al. 2012; Norrgard 2008). The recent availability of high-

resolution sequence information has also made GWAS possible for many other species, 

including maize, rice, Drosophila melanogaster, Plasmodium falciparum, Arabidopsis 

thaliana, Rhynchosporium commune etc. (Magwire et al. 2012; Mohd-Assaad, McDonald, and 

Croll 2016).  

 

The GWAS approach is still poorly used in fungal pathogens but was a powerful method to 

identify genetic variation underlying phenotypic variation in other systems (Bartoli and Roux 

2017). Genomic region linked to virulence was identified in hundreds of isolates of a wheat 
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pathogen F. graminarium (Talas et al. 2016). GWAS on mapping population consisting of 

individuals from multiple population allowed to identify genetic variation associated with 

fungicide resistance in  Rhynchosporium commune and Parastagonospora nodorum (Mohd-

Assaad, McDonald, and Croll 2016; Pereira, McDonald, and Croll 2020). High throughput 

phenotyping platform and availability of whole genome sequence application of GWAS on 

fungal pathogen remains scarce (Singh, Dutta, et al. 2021; Bartoli and Roux 2017). The reason 

could be population structure and lack of recombination due to clonal reproduction, common 

in many fungal pathogens. Since the application of GWAS depends on factors like heritable 

phenotypic variation, weak population structure and rapid decay in linkage disequilibrium. 

Z.tritici satisfies all these conditions, and a recent study has shown the successful application 

of GWAS to identify a candidate effector gene related to the pathogen's virulence (Plissonneau 

et al. 2017; Hartmann et al. 2017; Singh, Badet, et al. 2021; Zhong et al. 2017). 

 

The fungal wheat pathogen Zymoseptoria tritici 

Zymoseptora tritici, also known as Mycosphaerella graminicola or Septoria tritici (anamorph), 

is a haploid, heterothallic ascomycete and one of the most destructive pathogens of wheat (M. 

C. McDonald, McDonald, and Solomon 2015). The pathogen emerged from the fertile crescent 

during the domestication of wheat about ~9,000 BC and is specific to wheat as a host 

(Stukenbrock et al. 2007). The pathogen has a biphasic life cycle. At the onset of the biotrophic 

phase (also denoted as non-symptomatic or latent phase) ascospores or pycnidiospores land on 

the wheat leaf epidermis, where they germinate, and the hyphae invades the sub-stomatal cavity 

via the stomatal opening. This non-symptomatic phase lasts for around 7-14 days. About 5-9 

days post infection (dpi) pre-pycnidia are formed and a switch to the necrotic phase is observed. 

During the necrotic phase, also known as the symptomatic phase of the infection, plant cells 

undergo programmed cell death and the dying cells provide the fungus with the necessary 
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nutrients for rapid proliferation and pycnidia maturation. As a result, mature pycnidia become 

visible as black dots on the leaf surface (M. C. McDonald, McDonald, and Solomon 2015; 

Kettles and Kanyuka 2016; Steinberg 2015; Sánchez-Vallet et al. 2015). An essential aspect of 

Z. tritici is the sequential sexual and asexual reproduction cycle regime over the 

epidemic. During the sexual stage, the pathogen produces genetically distinct  ascospores, 

which are thought to be the source of primary infection in the field and can disperse over long 

distances (R.-S. Chen and Mcdonald 1996; Kema et al. 1996). Once infections are established 

in a field, Z. tritici produces asexual fruiting body called pycnidiospores, which can disperse 

with rain splash and initiate secondary infections. The spread within fields during the epidemic 

is thought to be predominantly clonal (R.-S. Chen and Mcdonald 1996). 

 

Studies have shown that the rapid switch from the biotrophic phase to the necrotrophic phase 

is accompanied by increased expression of genes coding for small secreted proteins (SSP). 

Genes like MAPK-ZtHog1, Mg3LysM and Zt80707, AvrStb6 have been shown to play an 

important role during the infection (Kettles and Kanyuka 2016; Testa, Oliver, and Hane 2015; 

Hartmann et al. 2017; Zhong et al. 2017). There are tools available to determine the protein 

products of these genes and predict their possible role during the infection, for e.g. Mg3LysM 

encodes a protein that prevents chitin binding and protects against defence responses triggered 

by the host. (Hartmann et al. 2017) found genes coding for different enzymes like a beta-

galactosidase, a major facilitator superfamily transporter and a pectinase. Most importantly 

identified a previously uncharacterized gene that encodes an SSP likely acting as an effector 

during wheat infection.  

 

In agricultural systems, a large number of wheat cultivars are used and thus present a diverse 

complement in R-genes to the pathogen. For Z. tritici to remain successful in infecting the host, 
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the pathogen needs to evolve virulence towards novel R gene products deployed with novel 

cultivars (Hartmann et al. 2017). There is strong evidence that host resistance can be broken 

down rapidly, which is demonstrated in a case study of the wheat cultivar Gene. Gene is a F4-

derived selection from a cross involving the resistant cultivar Cleo, which is believed to carry 

the Septoria tritici blotch resistance gene Stb4. This cultivar was resistant to Z. tritici when it 

was introduced in 1992 but in just five years the pathogen adapted to become virulent towards 

Gene (Cowger, Hoffer, and Mundt 2000). Research from (Zhong et al. 2017) demonstrates the 

precise gene in the pathogen that evolved virulence to a different wheat resistance gene product 

(Stb6) thus pointing towards the rapid evolution of pathogenicity of Z. tritici. Taken together, 

this demonstrates that there are multiple pathogen loci, each of which having evolved to cause 

disease on a specific subset of hosts. Hence, it becomes important to understand the molecular 

mechanism of infections and the factors favouring rapid evolution in the pathogen. 

 

The availability of high quality and fully assembled genomes has enabled a thorough 

investigation of adaptive process of the devastating pathogen (Goodwin et al. 2011; Badet et 

al. 2020). Z. tritici populations have been characterized by large effective population size, 

significant gene flow and high recombination rates (R. S. Chen and McDonald 1996; Zhan, 

Mundt, and Mcdonald 1998; Croll et al. 2015; Singh, Chanclud, and Croll 2020). Combined 

with mixed reproduction cycle these characteristics confer a highly adaptive potential to the 

fungus. Several traits like virulence, melanisation, temperature sensitivity and fungicide 

resistance were shown to be under selection due to local adaptation (Zhan et al. 2005). More 

specifically, virulence phenotype has been observed to quantitative in field population  

indicating that genetic basis is complex (Brown et al. 2015; E. L. Stewart and McDonald 2014). 

Study of secretome and differential expression of genes in-planta identified multiple effector 

gene which play an important role in virulence (Rudd et al. 2015; Palma-Guerrero et al. 2017). 
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Quantitative trait loci (QTL) mapping in four independent Z. tritici crosses identified genes 

related to virulence (E. L. Stewart et al. 2016; Gohari et al. 2015). Genome-wide association 

study (GWAS) and analyses of progeny populations revealed multiple effectors of Z.tritici 

(Hartmann et al. 2017; Zhong et al. 2017; Gohari et al. 2015; Meile et al. 2018; E. l. Stewart et 

al. 2018). Multiple studies have also explored the genes related to morphological and lifestyle 

switch which also regulates virulence (Francisco et al. 2019; Habig et al. 2020). However, 

studies describing the genetic basis of virulence evolution in a population is still lacking.  

 

Evolutionary processes in fungal pathogens are also driven by features of the chromosomal 

sequence surrounding genes associated to adaptation to stress (Coghlan et al. 2005). Recent 

analysis of high quality global pangenomes found highly diverse chromosomal structure which 

was strongly associated with repeat rich region (Badet et al. 2020; Plissonneau, Hartmann, and 

Croll 2018). The vicinity of genes to repetitive regions, particularly transposable elements 

(TEs), increases the likelihood of sequence rearrangements (Plissonneau, Hartmann, and Croll 

2018; Plissonneau et al. 2016; Badet et al. 2020; Hartmann et al. 2017). On chromosomal level, 

Z. tritici has eight non-essential chromosomes that is present in only in few isolates (Habig, 

Quade, and Stukenbrock 2017; Badet et al. 2020). Genome-wide expansion of TE families was 

also found in the pathogen’s genome where the burst of TEs was observed in more recent 

population (Oggenfuss et al. 2020; Lorrain et al. 2020). This suggests that population 

bottlenecks played a major role in shaping TE content of the genome. The distance of genes 

from TEs was also differentially expressed under varying stress conditions (Fouché et al. 2020). 

The organisation of Z. tritici genome is consistent with the “two-speed genome” model with 

compartments of transposable element rich region and accessory chromosomes evolving faster 

and is suggested to be the drivers of adaptive processes (Croll and McDonald 2012; Dong, 

Raffaele, and Kamoun 2015; Stukenbrock et al. 2010). Life history traits in Z. tritici were 
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recently demonstrated to be governed by pleiotropic effects. (Dutta et al. 2021) found that traits 

related to host colonization were negatively corelated to pathogen’s ability to survive in 

different abiotic stress. We still lack knowledge on how genetic variation in populations 

impacts the evolutionary trajectory and adaptation of this major wheat pathogen. 
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Main objective of this thesis 

Despite a substantial body of research on Z. tritici we still lack basic understanding how 

different evolutionary forces shape the genetic composition of pathogen populations. 

Additionally, how virulence evolves over time and its genetic basis remains largely unknown. 

The main aim of this thesis was to improve our understanding of lifestyle and virulence 

evolution in the fungal wheat pathogen Zymoseptoria tritici in an annual epidemic season. For 

this I will be using population genomics, association mapping and metabolite analysis.  

 

Chapter 1: Population-level deep sequencing reveals the interplay of clonal and sexual 
reproduction in the fungal wheat pathogen Zymoseptoria tritici. 
 
The role of spatial and temporal variation in pathogen genetic diversity remains poorly 

understood (Barrett et al. 2008) and we still have few empirical data concerning the ways in 

which interactions between epidemiological and evolutionary processes influence the 

generation and maintenance of such variation in host– pathogen interactions (Tack et al. 2012). 

In this chapter I investigated the diversity in a single field population and how mixed 

reproduction strategies shape the population structure.  

 
 
Chapter 2: Rapid sequence evolution driven by transposable elements at a virulence locus in 
a fungal wheat pathogen. 
 
The rise of new virulence mechanism pathogens or the gain in resistance against chemical 

control is a significant challenge to agriculture (Strange and Scott 2005; McCann 2020; 

Subbarao, Sundin, and Klosterman 2015). The identification of the genetic basis of virulence 

in fungal pathogens is challenging due to the large number of many genomic features e.g 

presence of repeat regions or presence absence polymorphism of virulence related genes. In 

this chapter I performed Genome wide association study on various virulence phenotype to 
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map the associated loci in a single field population. I further investigated the major effect loci 

in global population 

 
Chapter 3: Genome-wide association mapping to identify genes underlying population-level 
metabolome diversity in a fungal crop pathogen. 
 
Fungal specialized metabolites (SMs) are involved in virulence and other biotic interactions. 

Structural variation related SM gene clusters can result in significant variation in metabolome 

production. In this chapter, I performed untargeted metabolite profile of a single field 

population. Using GWAS on the untargeted metabolite profile the study explored associated 

loci and gene functions.  

 
 
Chapter 4: 
 
Published review: Tackling microbial threats in agriculture with integrative imaging and 
computational approaches  
 
Given the focus on plant pathogens in this thesis, I wanted to provide a broader context on the 

importance and recent developments in the high throughput phenotyping (HTP) platform. I in 

this short review I discussed the HTP for agricultural fields as well laboratory-based monitoring 

of pathogens. Later we argue how screening phenotype variation of large scale can yield 

fundamental insights into how pathogens face trade-offs in the adaptation to resistant crop 

varieties. 

 

General discussion and perspectives: Here, I am summarizing the key insights of my thesis 

and highlight future directions.  
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Data summary 
All Illumina sequence data is available from the NCBI SRA BioProject number PRJNA596434 

(https://www.ncbi.nlm.nih.gov/bioproject/PRJNA596434). The Supplementary Tables S1-S3 

list the exact strain names, collection location, genotype and genetic diversity indices.  
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Abstract 
 
 
Pathogens cause significant challenges to global food security. On annual crops, pathogens 

must re-infect from environmental sources at every growing season. Fungal pathogens evolved 

mixed reproductive strategies to cope with the distinct challenges of colonizing growing plants. 

However, how pathogen diversity evolves during growing seasons remains largely unknown. 

Here, we performed a deep hierarchical sampling in a single experimental wheat field infected 

by the major fungal pathogen Zymoseptoria tritici. We analyzed whole genome sequences of 

177 isolates collected from twelve distinct cultivars replicated in space at three time points of 

the growing season to maximize capturing genetic diversity. The field population was highly 

diverse with 37 SNPs per kilobase and a linkage disequilibrium decay within 200-700 bp. 

Using experimental infections, we tested a subset of the collected isolates on the dominant 

cultivar planted in the field. However, we found no significant difference in virulence of 

isolates collected from the same cultivar compared to isolates collected on other cultivars. 

About 20% of the isolate genotypes were grouping into 15 clonal groups. Pairs of clones were 

disproportionally found at short distances (<5m) consistent experimental estimates for per-

generation dispersal distances performed in the same field. This confirms a predominant leaf-

to-leaf transmission during the growing season. Surprisingly, levels of clonality did not 

increase over time in the field although reproduction is thought to be exclusively asexual during 

the growing season. Our study shows that the pathogen establishes vast and stable gene pools 

in single fields. Monitoring short-term evolutionary changes in crop pathogens will inform 

more durable strategies to contain diseases. 
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Introduction 
 
 

Infectious diseases have a major impact on plant and animal populations including humans. 

Designing effective strategies for disease prevention requires knowledge of the evolutionary 

dynamics of pathogens. The evolutionary response of pathogen populations to novel resistance 

factors and changing environmental conditions are critical (Gandon et al., 2013). Responses 

are often a function of genetic diversity in pathogens with consequences for disease severity 

and the spread in heterogeneous host populations (Read & Taylor, 2001; Thrall & Burdon, 

2003; Vignuzzi et al., 2006). Highly resistant host populations tend to harbour the most virulent 

pathogens, whereas less virulent pathogens dominate susceptible populations (Thrall & 

Burdon, 2003). In addition to selection by host genotypes, pathogen populations are subject to 

selection at life cycle stages outside of the host (Walther & Ewald, 2004; Linde, 2010; Hamelin 

et al., 2011) and other environmental factors including the application of chemical compounds 

such as fungicides (He et al., 2016; Sundin et al., 2016). Pathogens of annual plants must 

survive periods of time in the absence of a host and succeed in re-infecting new plants (Laine 

& Barrès, 2013; Mariette et al., 2016). During the growing season of the host, pathogens are 

selected to colonize additional plants. Hence, evolutionary trajectories are expected to vary in 

space and time depending on selective pressures imposed by both the host and the environment 

(Tack et al., 2012; Becheler et al., 2016). Beyond selection, small pathogen populations are 

likely experiencing genetic bottlenecks or gene flow. Hence, it remains largely unknown how 

pathogen populations evolve over short time periods (Barrett et al., 2008). 

 

In agricultural crop-pathogen systems, infections begin with the exposure of a susceptible host 

to pathogen strains at the beginning of the growing season. The intensity of an infection 

depends on the level of host resistance, the amount of pathogen inoculum and environmental 
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factors (Burdon et al., 2016; Suffert et al., 2019). If the infection is successful, pathogens 

complete their life cycle within the host and then transmit to another host. The genetic 

architecture of traits to successfully passage between infection stages is likely distinct (Jones 

& Dangl, 2006; Dodds & Thrall, 2009). Entering a host plant requires the manipulation of the 

host immune system (De Torres et al., 2006; Sun et al., 2006; Nomura et al., 2006). 

Proliferation and reproduction inside the plant depends likely on optimal resource exploitation 

and continued suppression of immunity (Chisholm et al., 2006; Steinberg, 2015). Dispersal 

between hosts is governed by propagule properties (Peay & Bruns, 2014; Parratt et al., 2016). 

As a consequence, pathogen populations likely experience complex selection pressures over 

the life cycle. Depending on the mode of between-season transmission and environmental 

conditions, plant pathogen populations experience severe demographic bottlenecks during the 

off-season restricting the transmission of genetic variation between growing seasons (Barrett 

et al., 2008; Susi et al., 2020). After a filtering of genotypes for persistence in the off-season 

environment, the surviving genotypes undergo selection for infectivity and spread among hosts 

during the subsequent epidemic phase. In any such scenario, pathogens must re-infect crops 

annually and successfully spread among plants in a field. Therefore, considering the time-scale 

of pathogen population turnover and demographic effects is important.  

 

The mode of dispersal is often tightly associated with specific reproductive modes. Pathogens 

often have mixed reproductive strategies meaning that sexual and asexual reproduction can 

alternate over the course of the life cycle adding to the complexity of recognizing species and 

challenging genetic diversity analyses (McDonald, 1997; Billiard et al., 2012). Fungal crop 

pathogens often reproduce asexually during the growing season to maximize dispersal at low 

population density. In turn, the asexual reproduction during the epidemic phase has likely a 

strong influence on genetic structure of pathogen populations (Barrett et al., 2008). On 
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senescent plants, sexual reproduction can lead to favourable allele combinations for long-

distance dispersal and survival (McDonald & Linde, 2002). An important pathogen with a 

mixed reproductive strategy is the fungal wheat pathogen Zymoseptoria tritici. The fungus is a 

haploid ascomycete and one of the most destructive pathogens of wheat with yield losses of 5–

30% (Fones & Gurr, 2015). Populations worldwide harbour significant variation in 

pathogenicity and diversity at loci underlying host specificity (Zhong et al., 2017; Hartmann 

et al., 2017; Hartmann & Croll, 2017; Krishnan et al., 2018). The pathogen follows typically a 

sequential regime of sexual and asexual reproduction cycles over the growing season. During 

the sexual stage, the pathogen produces asci containing four pairs of genetically distinct  

ascospores, which are thought to be the source of primary infection in the field and can disperse 

over long distances (Chen & Mcdonald, 1996; Kema et al., 1996). Once infections are 

established in a field, Z. tritici produces asexual pycnidiospores, which can disperse with rain 

splash and initiate secondary infections nearby. The spread within fields during the growing 

season is thought to be predominantly clonal (Chen & Mcdonald, 1996). Population genomics 

analyses of worldwide pathogen samples showed high genetic diversity within fields and 

extensive gene flow (Hartmann et al., 2017, 2018; McDonald et al., 2019). Multi-year studies 

of Z. tritici populations revealed trade-offs between the intra- and interannual scales in the 

evolution of aggressiveness (Suffert et al., 2018) with re-infections at the beginning of the 

growing season imposing no detectable genetic bottleneck (Morais et al., 2019). Consistent 

with the maintenance of high levels of diversity, individual wheat leaves are frequently infected 

by multiple different genotypes (Linde et al., 2002). However, whole genome analyses of 

hierarchical field collections to resolve the spatial and temporal changes in genotypic diversity 

have been lacking. 
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In this study, we have whole-genome sequenced 177 distinct isolates of Z. tritici from a single 

wheat field covering three time points over the growing season. We analyzed twelve distinct 

cultivars replicated in space to maximize capturing genetic diversity. Based on genome-wide 

polymorphisms, we reconstructed how different chromosomal compartments contributed to 

overall diversity. Using information about the spatial organization in the field and experimental 

assessments of dispersal distances, we quantified the extent of clonal spread in space and time. 
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Results 
 
 
Pathogen field population shows extensive sequence variation 

A total of 177 isolates of Z. tritici were collected from an experimental wheat field in 

Switzerland planted with 335 wheat cultivars in 1.2-by-1.7m plots (Supplementary Table S1; 

Karisto et al., 2018). We collected isolates at three time points during the wheat growing season 

representing different phases in the infection life cycle of the pathogen (Fig 1A; Karisto et al., 

2018). The isolates from the first collection (C1) were exposed to the application of 

demethylation inhibitor (DMI) fungicides. Isolates from the second and third collection were 

exposed additionally to a succinate dehydrogenase inhibitor (SDHI) and additional DMIs (Fig 

1A).  We collected isolates from 12 winter wheat cultivars (n = 1-43 isolates per cultivar) which 

were planted in two replicate plots separated by ~100 m (Fig 1B-C). The cultivar Claro was 

sampled on two additional plots. The collection was performed when the wheat plants were in 

growth stages GS 41 (C1), GS 75 (C2) and GS 85 (C3), respectively (Meier, 2001; Karisto et 

al., 2018). We Illumina sequenced whole genomes for all 177 isolates producing 0.8-15 million 

reads per isolate with an average read count of 4.2 million (Fig 1D). The isolates were 

sequenced to a depth of 5-77 X and a mean coverage of 21.4 X. We detected a total of 

1’496’037 high-confidence SNPs. The average genotyping rate was 97.85 % across loci (Fig 

1E). We detected on average 37 SNPs per kb showing that the field population is highly 

polymorphic. In line with this, we found that the minor allele (i.e. the less frequent allele at a 

locus) frequency spectrum showed a strong skew towards rare alleles in the population, which 

suggests that the population did not experience any recent bottlenecks (Fig 1F). Population 

bottlenecks are expected to generate an excess of high-frequency alleles. Based on the finding 

that our population shows substantial genetic variation, we aimed to estimate the total genetic 

diversity in the field. For this, we performed random down-sampling analysis and we found 

that subsets of 10% and 50% of the population harboured on average 763'765 and 1'234'846 
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segregating SNPs representing 51% and 82.5% of the total detected SNPs, respectively (Fig. 

1G). We observed only a weak plateau effect for subsets close to 100% indicating that the total 

polymorphism in the field population is likely substantially higher. 

 

Figure 1: Genome sequencing of 177 Zymoseptoria tritici isolates from a single field. A) 
Time scale showing the three collection points from May to July. The experimental field was 
treated with fungicides thrice (see Methods for details). B) Graphical representation of the 
experimental wheat field showing the sampled cultivars (colored background). Each number 
indicates a plot of 1.2-by-1.7 meters. Wheat cultivar color codes are maintained throughout the 
manuscript. Sampled cultivar numbers are also shown in Supplementary Table S4. C) Number 
of isolates collected from each of the 12 cultivars at each collection time point. D) Trimmed 
read count for each isolate. Lines represent the mean (blue) and median (red) read counts. E) 
Genotyping rate of all the 177 isolates (% loci genotyped). The blue line represents the mean 
genotyping rate. F) Minor allele frequency (frequency at which the second most common allele 
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occurs in a given population) spectrum of 1’496’037 SNPs genotyped in 177 isolates. G) 
Boxplot showing the number of segregating SNPs in subsets of the 177 isolates. Error bars 
show 10 replicates of resampled isolates. 
 
 
Accessory chromosome polymorphism 

Z. tritici harbours the most extensive set of accessory chromosomes known for plant pathogens 

(Croll & McDonald, 2012). We analyzed chromosome-wide read coverage to identify 

chromosomal presence-absence variation. All core chromosomes (1-13) were consistently 

detected in all isolates as expected. In contrast, we found 139 isolates (~79%) missing one or 

more accessory chromosomes (Fig 2A). We found no isolate that lacked all accessory 

chromosomes, but we identified two isolates with only a single accessory chromosome out of 

eight. Accessory chromosome 16 was the most frequent (174/177 isolates) and chromosome 

18 was the rarest being present in less than half of the isolates (Fig 2B). We identified several 

accessory chromosomes showing evidence for partial deletions or duplications based on 

normalized read coverage (Supplementary Figure S1). Specifically, we identified two partial 

deletions of chromosome 17 and 20 (Fig 2C), as well as chromosomal duplications of 

chromosome 17, 18 19 and 21 (Fig 2C). In a next step, we analyzed how polymorphism was 

structured among core and accessory chromosomes. We found that the accessory chromosomes 

show higher SNP densities, but lower total SNP counts compared to core chromosomes (Fig 

2D-E). Overall, smaller chromosomes tend to have higher SNP densities (Fig 2F). This is 

consistent with relaxed selection leading to accumulation of mutations on these chromosomes 

(Stukenbrock et al., 2010). It is important to note though that short read-based SNP calling is 

not feasible in highly repetitive chromosomal regions. Consistent with this, we found gaps in 

high-confidence SNP calls along all chromosomes but the effect was particularly pronounced 

on accessory chromosomes (Supplementary Figure S2). Hence, our polymorphism analyses 

likely underestimate SNP densities in particular on accessory chromosomes. 
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Figure 2: Genome-wide polymorphism and accessory chromosomes. A) Total number of 
accessory chromosomes per isolate. The numbers above the bars indicate the isolates missing 
at least one accessory chromosome or carry all chromosomes. B) Percentage presence of all 
the accessory chromosomes within the population calculated on the basis of normalized 
chromosome coverage. C) Heat map showing the presence-absence variation in accessory 
chromosomes across isolates assessed by normalized read depth. D) SNP count and E) SNP 
density per chromosome. F) Correlation plot of SNP density and chromosome size. G) Pairwise 
linkage disequilibrium decay among all pairs of SNPs within a fixed window size of 10'000 bp 



  CHAPTER 1 

35 
 

for each chromosome. A non-linear model was fitted using the equation of Ingvarsson (2005). 
The grey shading indicates the maximum distance needed for all chromosomes to reach r2 = 
0.2. H) Linkage disequilibrium r2 for each chromosome at 500 bp. Light shade: chromosome 
14 was omitted from per chromosome genetic diversity analyses due to the heterogeneous 
distribution of regions with robust SNP calls.  
 

Another important component of genetic variation is the extent of linkage disequilibrium. We 

estimated linkage disequilibrium decays for each chromosome separately and found that most 

accessory chromosomes showed a faster decay compared to core chromosomes (r2 = 0.2 within 

100 bp, Fig 2G), with the exception of chromosome 16 and 18 showing a decay of r2 to 0.2 

within 300 and 900 bp. Interestingly, chromosome 7 showed the slowest decay of all core 

chromosomes (r2 = 0.2 at ~700 bp, Fig 2H). This chromosome was proposed to have originated 

at least partially from an accessory chromosome (Schotanus et al., 2015). Chromosome 18 

shows a particularly low degree of collinearity among genomes of the same species (Badet et 

al., 2020a). (Supplementary Figure S3). It remains to be investigated whether structural 

variation had an impact on linkage disequilibrium assessments, in particular on accessory 

chromosomes. Taken together, we show that the accessory chromosomes accumulated more 

sequence variation compared to core chromosome, but the level of conservation varies 

substantially among accessory chromosomes. 
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Figure 3: Genetic differentiation and clonality within the field. A) Phylogenetic network 
constructed using SplitsTree. Groups of clonal genotypes are marked with highlights 
identifying the collection of origin. B) The first two principal components (PC) from a PC 
analysis. Isolates are color coded by the cultivar of origin. C) Histograms showing the 
distribution of pairwise genetic distances among genotypes. A distance of 1 corresponds to the 
total number of SNPs. D) Histogram of pairwise genetic distances < 0.01. 
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Population clonality in space and time 

To track the evolution of genotypic diversity in space and time, we first constructed an unrooted 

phylogenetic network based on SplitsTree and found that most pairs of genotypes are at a 

similar genetic distance (Fig 3A). The star-like structure of the network is consistent with 

frequent recombination. A subset of genotypes showed much shorter genetic distances 

suggesting recent ancestry or clonal reproduction. We also performed a PCA to determine the 

degree of differentiation in the population (Fig 3B). We detected no meaningful population 

subdivision except for seven isolates, which clustered into 3 groups (Fig 3B). Interestingly, all 

seven isolates were collected from cultivar CH Combin (arrows in Fig 3B). To clarify how 

clonal reproduction impacts the genetic structure within the field, we identified groups of clonal 

genotypes based on pairwise genetic distances. We found that most isolates were at a relative 

pairwise distance of more than 0.15 where a value of 1 corresponds a genetic difference at 

every analyzed SNP position (Fig 3C). We defined isolate pairs with a genetic distance of  

<0.01 as being clones (Fig 3D). We assigned groups of clones into four categories according 

to the distance between field plots and collection time point: Clones originating from the same 

plot and same collection time point (category A), different plot but same collection time point 

(category B), same plot but different collection time point (category C) and different plot and 

different collection time point (category D; Fig 4A, Supplementary table S2). 
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Figure 4: Genetic diversity through space and time. A) Schematic representation of 
different clone categories with pairs identified from the same or different plots and time points. 
B) Pie chart showing the change in clonality over time. The dotted line indicates the average 
clonality of the whole population. C) Number of clone groups categorized based on differences 
in space and time. The numbers indicate the clone groups in each category. D) Analyses of all 
possible pairwise comparisons of isolates with the distance between collection points shown 
as a histogram. The proportion of clone pairs is shown as a proportion of the total number of 
isolate pairs. E) Simpson diversity index between collections C1-C3, F) between cultivars and 
G) plots. 
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We identified a total of 15 distinct groups of clones (~8.5% of the isolates; Fig 4B; 

Supplementary table S2). The proportion of clones ranged 8.9% in first collection to 12.1% in 

third collection but the difference was not statistically significant (Fisher exact test, p-value = 

0.244; Fig 4B). The majority of the clone groups (n =  9) were sampled from the same plot and 

same collection time point (category A; Fig 4C; Supplementary Table S2). Interestingly, 

isolates collected from the cultivar CH Combin showed a high degree of clonality 

(Supplementary Table S2). We also found that 3 clonal groups each were either collected from 

the same plot at different time points or different plots at the same time point (category B and 

C; Fig 4C). The maximum distance at which we identified clonal pairs was 20 meters 

(Supplementary Table S2) although distances between plots ranged up to 120 m (Fig 5A).  

 

 

Figure 5. Estimation of dispersal distances. A) Observed distribution of distances between 
all isolates (grey) and the expected distribution assuming a uniform sampling (orange). The 
bimodal distribution results from the two-block design of the experiment. B) Experimental 
assessment of dispersal distances based on data generated by Karisto et al. 2021 (DOI pending) 
showing the observed primary disease gradient from an infected source (orange) to 
measurement lines (red) at specific distances from the source. C) Spatial distribution of clonal 



CHAPTER 1 

40 
 

pairs (grey) compared to distributions of the expected dispersal distances after successive 
generations. 
 

Estimating dispersal distances of clonal genotypes 

We analyzed all pairwise distances of isolate sampling locations across the field. Given the 

spatial arrangement of the analyzed plots, we found a bimodal distribution of pairwise distances 

(Fig 5A). Next, we used data collected from an asexual spore dispersal experiment conducted 

in the same field (Karisto et al. 2021, bioRxiv DOI pending). In this experiment, a focal 

infection with a known genotype was established and the radiation of the infection focus was 

monitored. Disease intensity substantially decreased already at the scale of a meter (Fig 5C). 

Based on this information, we compared the distribution of the detected clonal pairs against 

the experimentally estimated dispersal distances in successive generations of asexual 

propagation (Karisto et al. 2021, DOI pending; Fig 5B). We could not re-estimate the dispersal 

kernel of the pathogen due to low number of clonal isolates and low spatial resolution of the 

sampling. Comparing the distances between the observed clonal isolates to the expected 

dispersal distance distributions suggests that most clonal pairs are likely originating from recent 

asexual dispersal. However, the longest distance of 20 m between clones is very unlikely to 

have occurred by splash dispersal. Human or animal movements within the field are the most 

likely explanations.  
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Figure 6: Experimental assessment of virulence on the wheat cultivar CH Claro. 
Percentage of leaf area covered by lesions (PLACL) and pycnidia counts are show. A-B) 
Isolates from different collection time points. C-D) Isolates originally collected from the wheat 
cultivar CH Combin compared to isolates collected from other cultivars. E-F) Isolates 
originating the from wheat cultivar CH Claro compared to isolates collected from other 
cultivars. G-H) Isolates with a genotype grouped into a clone group compared to other isolates. 
 

Genotypic diversity assessments 

We analyzed the genotypic diversity in the field across time points using diversity indices. 

Overall, we found less diversity in the third collection compared to the first collection (Fig 4E 

Supplementary Table S3). The second collection contains too few isolates for comparison. The 

genotypic diversity was highest for cultivar Claro (0.97, Fig 4F) constituting also the best 

sampled cultivar in the field. Isolates from cultivar Combin had the lowest diversity (0.86, Fig 

4F) due to the fact that almost all recovered genotypes were clones. Both field plots cultivar 

Combin showed low diversity with a Simpson index of 0.78 and 0.66, respectively (Fig 4G). 

We did not consider the wheat cultivar Aubusson due to low sampling size (n = 1). Overall, 

clonal genotypes are an important constituent of the genetic structure in the field. However, the 

exclusive asexual reproduction during the growing season does not meaningfully affect the 

trajectory of genetic diversity. 
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Experimental analyses of virulence on cultivar Claro 

We tested using greenhouse assays whether isolates sampled from different time points or 

cultivars showed differences in virulence on the most frequent cultivar (CH Claro) planted in 

the field. For this, we analyzed data generated for a genome-wide association study from a 

subset (n = 120) of the isolates (Singh et al. 2021, DOI pending; Supplementary Table S5). We 

found that isolates from the third collection to produce significantly more pycnidia (a proxy 

for pathogen reproduction) compared to earlier collection (one-way ANOVA, p-value = 0.002) 

(Figure 6A-B). Clonal isolates recovered from the cultivar CH Combin were found to be 

causing significantly less lesion damage (i.e. percent leaf area covered by lesions; one-way 

ANOVA, p-value = 0.003) and produced less pycnidia (one-way ANOVA, p-value = 0.046; 

Figure 6C-D). However, we found no significant difference in virulence traits between isolates 

sampled from CH Claro compared to other wheat cultivars (Figure 6E-F). We found no 

significant difference in virulence traits between isolates found in clone groups or not (Figure 

6G-H) 
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Discussion 
 
 
The mode of reproduction and levels of genetic diversity play an important role in the rapid 

evolution of plant pathogens. We analyzed a large collection of Z. tritici genomes obtained 

from a single wheat field and found that the population was highly diverse with a rapid decay 

in linkage disequilibrium. We found also a minor degree of clonal structure most likely driven 

by splash dispersal among neighbouring wheat plants.  

 

Genome-wide levels of genetic diversity in a single field 

The analyzed field population shows a dominant sexual reproduction regime and is highly 

polymorphic. Using hierarchical sampling from the same field plots and wheat cultivars across 

different time points, we found that ~80% of the isolates were genetically distinct. The allele 

frequency spectrum and the rapid decay in linkage disequilibrium suggest that there has been 

no obvious recent population bottleneck. Linkage disequilibrium decayed to r2 < 0.2 within 

1.5 kb across all chromosomes and often at a much shorter distance. Since the average distance 

between genes in the genome of Z. tritici is approximately 1 kb (Goodwin et al., 2011), 

polymorphism in any gene is expected to evolve largely independently. Hence, polymorphism 

in genes playing roles in adaptation to either host resistance or environmental adaptation should 

respond independently to selection pressures allowing the population to adapt very rapidly 

(Slatkin, 2008; Barton, 2010). We have also shown that the rate of linkage disequilibrium decay 

is not the same in all chromosomes with accessory chromosomes showing faster decays. In 

Z. tritici, accessory chromosomes are small, low in G/C and gene content and have higher 

degrees of repetitive DNA (Goodwin et al., 2011). In line with this, accessory chromosomes 

have been shown to have higher recombination rates than core chromosomes (Croll et al., 

2015). Analyses of polymorphism and linkage disequilibria may have been affected by the low 

degree of synteny (or collinearity) among accessory chromosomes and the high repetitive 
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sequence content (Badet et al., 2020a,b). Genotyping using short read data is generally only 

possible in the least repetitive sections of accessory chromosomes. Substantial insertion and 

deletion polymorphism changes the physical distances among SNP loci, which could also have 

affected estimates of linkage disequilibrium. Rapid decay in linkage disequilibrium is an 

important property also in other rapidly evolving pathogens such as Leptosphaeria maculans 

causing blackleg disease in oilseed rape. Rapid allelic diversification of avirulence genes 

driven by sexual reproduction can lead to resistance breakdowns of the host (Daverdin et al., 

2012). Similarly, the poplar rust Melampsora larici-populina shows signs of rapid sweeps of 

virulent alleles associated with population replacements (Persoons et al., 2017).  

 

Clonal genotype contributions in space and time 

Sexual ascospores originating from crop residues of the previous cropping season are thought 

to be the source of primary infections in the field (Chen & Mcdonald, 1996; Kerdraon et al., 

2019). As a result of this, a wheat field infected by Z. tritici is expected to carry essentially no 

clonal genotypes at its initial colonization stage. Clonal genotypes are expected to increase in 

frequency as a result of splash-dispersed asexual pycnidiospores. However, we found no 

significant increase in clonality despite the fact that asexual reproduction should dominate over 

the course of a growing season. In addition to the sampling period, we found that the likelihood 

to observe clonal genotypes did not meaningfully change with the cultivar or physical distance. 

This means that even at the level of individual plots of ~2 m2, wheat was colonised nearly 

entirely by genetically distinct isolates. The pairs of clonal isolates found at the shortest 

distance (0 and 2-3m distance classes) are most likely the result of splash dispersal. This was 

supported by the experimental assessment of splash dispersal distances in the same field 

showing a per generation dispersal distance of well under a meter. Notable exceptions included 

the clonal genotypes associated with the cultivar CH Combin and clonal genotypes on different 
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cultivars physically separated by as much as 20 meters. Given our estimates of splash dispersal 

distances, human (or animal) movement within the field is a more plausible explanation for 

these unusual dispersal event. We also identified clone groups with isolates collected in the 

same plot but from different collection time points. Hence, successful genotypes are able to 

persist in individual field plots at high enough levels through time to be resampled.  

 

It is currently unknown how adaptation to environmental factors (including host genotypes) 

influences the evolution of genetic diversity in infected fields. Selection due to seasonal 

changes can lead to short-term increases in aggressiveness at the annual scale (Suffert et al., 

2015), however this effect can disappear at the interannual scale (Suffert et al., 2018). 

Genotypes carrying beneficial alleles to overcome host immunity should increase in frequency. 

However, evolutionary constraints may slow down the rise of such beneficial alleles (Dutta et 

al. 2020). In the absence of sexual recombination during the growing season, this should lead 

to the expansion of successful clonal genotypes. We found overall no signature of clonal 

expansion except for clones associated with cultivar CH Combin. The expansion of clones on 

CH Combin may indeed be the result of highly successful genotypes rising in frequency. Host 

damage (lesions) caused by these isolates is however lower compared to other isolates when 

tested on a different cultivar. Neutral processes such as population bottlenecks could well 

underlie the observed clonal expansion associated with the cultivar CH Combin. Consistent 

with selection on (asexual) pathogen reproduction over the course of the growing season is the 

significantly increased pycnidia production of isolates collected at C3 compared to C1. 

Matching changes in genotype frequencies with changes in frequencies of beneficial alleles for 

host colonization over the course of a growing season will help to disentangle neutral from 

selective processes.  
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The high degree of genotypic diversity originating from sexual reproduction is consistent with 

recent studies based on microsatellite markers showing spatial genetic structure but no 

meaningful loss in diversity over consecutive growing seasons (Siah et al., 2018; Hassine et 

al., 2019). Uniformity in host genotypes in agricultural ecosystems enables clonal pathogen 

populations to establish infections (Drenth et al., 2019). However, the introduction of new host 

resistance genes can trigger the local extinction of such pathogen populations (Möller & 

Stukenbrock, 2017). Similarly, the application of fungicides can lead to local extinctions of 

clonal populations if populations lack resistance mutations. In contrast, in sexually reproducing 

populations recombination produces a multitude of new genotypes increasing the likelihood 

for adaptive traits to evolve (Burdon & Silk, 1997). Managing virulence and fungicide 

resistance emergence in pathogens has become a pressing issue to ensure sustainable 

agricultural production (Fisher et al., 2012). Hence, understanding how pathogen populations 

respond in the short term (i.e. over the scale of weeks during the growing season) to challenges 

becomes a critical area of investigation. Detecting changes in pathogen populations in situ may 

become a powerful approach to identify the emergence of previously unknown adaptive 

mutations, changes in reproductive modes or the introduction of foreign genotypes. Deep 

population sequencing approaches revealing rapid changes in allele frequencies and population 

structure will become key tools in such endeavours. 
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Materials and methods 
 
 
Field collection and storage 

Z. tritici isolates were collected from the Field Phenotyping Platform (FIP) site of the ETH 

Zurich, Switzerland (coordinates 47.449°N, 198 8.682°E) (Kirchgessner et al., 2017). A total 

of 335 European winter wheat varieties were grown in two replicates (Fig 1B) during the 2015–

16 growing season separated each by approximately 100 m. During the collection season in 

2016 the following fungicide applications were made: 4-8 April (300 g/l Spiroxamin, 160 g/l 

Prothioconazole), 25 May (Aviator Xpro with 75 g/l Bixafen + 150 g/l Prothioconazol), 6 June 

(Osiris with 56.25 g/l epoxiconazole and 41.25 g/l metconazole). Wheat was also subjected to 

regular applications of fertilizers and herbicides. A total of 177 isolates of  Z. tritici were 

isolated from 12 winter wheat cultivars that are commonly grown in Switzerland (Levy et al., 

2017) over three collection time points (fig 1A). To isolate strains, individual cirri from 

pycnidia identified on infected leaves were streak-plated on a yeast sucrose broth (YSB) solid 

media plate and incubated at 18° C for a week. Media were supplemented with 50 µg/ml 

kanamycin to prevent bacterial growth.  After the incubation period, a single colony from the 

media plate was inoculated into 35 ml YSB liquid media and incubated on a shaking incubator 

at 18OC for 8 days (140-180 rpm). After the incubation period, a dense culture of blastospores 

was obtained. The culture was washed twice with sterile distilled water. The spores were stored 

as both glycerol or silica stock for future use. For the preparation of glycerol stocks, equal 

amounts of washed blastospores and sterile glycerol were mixed in a cryotube and stored at -

80 OC for future use. For the preparation of silica stocks, 200 µl of washed blastospores were 

poured onto 1 ml of sterile silica powder in a cryotube. Silica stocks were stored at 80 OC. 

 

Culture preparation and seedling infection assay 
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Isolates were revived from glycerol stock by adding 50 µl stock solution to a 50 ml conical 

flask containing 35 ml liquid YSB medium. The inoculated flasks were incubated in the dark 

at 18° C and 140-180 rpm. After 8 days of incubation, the cultures were passed through four 

layers of meshed cheesecloth and washed twice with sterile water to remove media traces. The 

filtering step also largely eliminated hyphal biomass but retained spores. We analyzed 

pathogenicity profiles for a subset of 120 isolates out of the total number of isolates analyzed 

in this study. The pathogenicity assay dataset was generated in order to perform genome-wide 

association studies (Singh et al. 2021, bioRxiv DOI pending). In summary, seedlings of the 

cultivar Claro  were grown under controlled conditions as follows: 16/8 hours day/night periods 

at 18°C throughout the experiment. The growth chamber was maintained at 70% humidity. 

Plants were grown for three weeks before infection with Z. tritici. To establish infections, 

washed spores were diluted to 2 x 105 spores/ml in 15 ml of sterile water containing 0.1% 

TWEEN20. Twenty-one days post inoculation (dpi), the second leaf of each plant was cut and 

fixed on a barcoded white paper. Leaves were scanned immediately using a flatbed scanner at 

1200 dpi. The scanned images were batch-processed using automated image analysis  (Karisto 

et al., 2018). We recorded the percent leaf area covered by lesions and pycnidia counts. 

  

Whole-genome sequencing and variant calling 

Approximately 100 mg of lyophilized spores were used to extract high-quality genomic DNA 

using the Qiagen DNeasy Plant Mini Kit according to the manufacturer’s protocol. We 

sequenced paired-end reads of 100 bp each with an insert size of ~550 bp on the Illumina HiSeq 

4000 platform. Raw reads are available on NCBI Short Read Archive under the BioProject 

PRJNA596434 (Oggenfuss et al., 2020). We performed sequencing quality checks using 

FastQC v. 0.11.9. (Andrews S., 2010. www.bioinformatics.babraham.ac.uk/projects/fastqc) 

and extracted read counts. Sequencing reads were then trimmed for adapter sequences and 
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sequencing quality using Trimmomatic v0.39 (Bolger et al., 2014) using the following settings: 

illuminaclip=TruSeq3-PE.fa:2:30:10, leading=10, trailing = 10, sliding-window = 5:10 and 

minlen = 50. Trimmed sequencing reads were aligned to the reference genome IPO323 

(Goodwin et al., 2011) using Bowtie2 v. 2.4.1 (Langmead & Salzberg, 2012). Multi-sample 

joint variant calling was performed using the HaplotypeCaller and GenotypeGVCF tools of the 

GATK package version 4.0.1.2 (McKenna et al., 2010). We retained only SNP variants 

(excluding indels) and proceeded to hard filtered using the GATK VariantFiltration tool based 

on the following cutoffs: QD < 5.0; QUAL < 1000.0; MQ < 20.0; -2 > ReadPosRankSum > 

2.0;  -2 > MQRankSum > 2.0;  -2 > BaseQRankSum > 2.0. After filtering for locus level 

genotyping rate (>80%) and minor allele count (MAC) of 1 using VCFtools v. 0.1.15  (Danecek 

et al., 2011). We analyzed genotyping rate at the isolate level using the --missing function of 

PLINK version 1.07 (Purcell et al., 2007). PLINK analyses were possible only for bi-allelic 

sites. 

 

Population genetic analyses 

We performed a down-sampling analysis to estimate the effect of sample size on the total 

number of segregating SNPs in the population. We randomly created subsets of 177 isolates 

from the population and counted the number of segregating SNPs in the subset. Presence-

absence polymorphism of accessory chromosomes was analyzed based on chromosome-level 

coverage using BAMstats v. 1.25 (https://sourceforge.net/projects/bamstats/). We calculated 

the standardized coverage of all chromosomes by normalizing to the mean coverage of the core 

chromosomes. We categorized a chromosome as present in an isolate if the standardized 

coverage was within the range of 0.625-1.5. Otherwise, the chromosome was categorized as 

partially deleted (coverage of 0.25-0.625), absent (coverage <0.25) or duplicated (coverage 

>1.5). We estimated SNP density on each accessory chromosome by adjusting the "--max-



CHAPTER 1 

50 
 

missing" filter for SNPs to 80% of the total number of observed chromosomes. We used the 

loess model implemented in the geom_smooth function from the R package ggplot2 

(Wickham, 2016). 

 

Linkage disequilibrium and population structure analyses 

We analyzed the decay in linkage disequilibrium for each chromosome separately. For this, we 

used all SNPs with a minor allele frequency >5% in the population. We calculated the linkage 

disequilibrium r2 between marker pairs using the option–hap-r2 in VCFtools v. 0.1.15 

(Danecek et al., 2011) with --ld-window-bp of 10000. The decay of linkage disequilibrium 

with physical distance was estimated using a nonlinear regression model (Remington et al., 

2001; Ingvarsson, 2005). We performed and visualised principal component analyses (PCA) 

using the R packages vcfR v. 1.8.0 (Knaus & Grünwald, 2017), adegenet v. 2.1.1 (Jombart & 

Ahmed, 2011), and ggplot2 v. 3.1.0 (Wickham, 2016). We generated an unrooted phylogenetic 

network using SplitsTree v4.14.6 (Huson, 1998). File format conversions were performed 

using PGDSpider v2.1.1.5 (Lischer & Excoffier, 2011). To identify groups of clonal genotypes, 

we calculated the pairwise genetic distances between all genotypes using the function dist.dna() 

included in the R package ape v. 5.3 (Paradis & Schliep, 2019). Isolate pairs with a pairwise 

genetic distance below 0.01 were considered as clones for further analyses. The Simpson 

diversity index was calculated using the R package vegan v. 2.5 (Oksanen et al., 2019). 

 

Spatial analyses and dispersal kernel estimation 

The spatial coverage of isolate sampling and distances between the observed clonal isolate 

pairs were analysed. First, distances between all possible isolate pairs were calculated based 

on distance between plots: 2m along the columns and 1.5m along the rows (plot dimensions 

plus gaps between plots). The expected distribution of distances between isolates was 
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calculated assuming balanced sampling of isolates from each plot. The distribution of detected 

clonal pairs was compared to expected dispersal distances in successive generations of asexual 

propagation. The dispersal distance distribution was calculated assuming an exponential 

dispersal location kernel parametrized with dispersal kernel estimate from Karisto et al (2021, 

DOI pending). In brief, the dispersal kernel estimate were obtained by analyzing an 

experimentally set up infection focus in the same experimental wheat field at the beginning of 

the growing season. The infection was started from a previously genotyped isolate. Over the 

course of the growing season, infected leaves in immediate proximity (meter scale) of the 

infection focus were genotyped to determine the presence of the isolate introduced during the 

experiment. The shape parameter of the exponential dispersal location kernel was estimated to 

be α=13.5cm. The expected total dispersal distance distribution was calculated as convolutions 

of the dispersal distance kernel neglecting dispersal direction. The analyses were implemented 

in Python 3.7, using packages NumPy v1.17.3 (Harris et al., 2020), SciPy v1.3.1 (Virtanen et 

al., 2020), pandas v0.25.3  (Mckinney, 2010) and Matplotlib v.3.2.1 (Hunter, 2007). 
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Supplementary information 
 
 
Supplementary Figures  

 
Supplementary Figure S1: Normalized chromosome coverage of core and accessory 
chromosomes. The colored bars indicate normalized coverage cutoffs for defining the 
presence, absence, partial deletion and duplication state of individual chromosomes. 
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Supplementary Figure S2: Distribution of SNP density per kb across each chromosome. 
Non-overlapping sliding windows of 10 kb were analyzed for the total number of detected 
SNPs. The blue line represents a loess smooth function with standard error (grey shade). 
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Supplementary Figure S3: Chromosomal synteny plot of full-length chromosome 18 
assembly. Based analyses by Badet et al. (2020a), seven isolates of Zymoseptoria tritici have 
fully assembled genomes and carry the accessory chromosome 18. The yellow and red 
segments along chromosomes represent genes and transposable elements, respectively. Red 
segments of variable intensity connecting chromosomes represent homologous segments 
identified by BLASTN (minimum identity of 90%). Blue segments represent inverted 
segments. See Badet et al. (2020a) for further details. 
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Supplementary Tables 
 
 
Separate excel file available at https://doi.org/10.1101/2020.07.07.191510 
 
Supplementary Table S1: Zymoseptoria tritici field collection information including 
collection time point (C1-3), cultivar of origin, field plot and assigned genotype. 
 
Supplementary Table S2: Analyses of clonal groups identified in the field population. "Isolate 
1" and "isolate 2" refer to pairwise comparisons of genotypes. Clone groups identify groups of 
isolates with identical genotypes. 
 
Supplementary Table S3: Clonal diversity analyses (Simpson index) among collection 
time points (C1-3), cultivars and field plot. 
 
Supplementary Table S4: Field plots number sown with specific wheat cultivars. Numbers 

refer to the graphic shown on Figure 1. 

 
Supplementary Table S5: Experimental analyses of virulence on cultivar Claro. PLACL: 
Percent leaf area covered by lesions. 
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Abstract 
 
 
Background: Plant pathogens cause substantial crop losses in agriculture production and 

threaten food security. Plants evolved the ability to recognize virulence factors and pathogens 

have repeatedly escaped recognition due rapid evolutionary change at pathogen virulence loci 

(i.e. effector genes). The presence of transposable elements (TEs) in close physical proximity 

of effector genes can have important consequences for gene regulation and sequence evolution. 

Species-wide investigations of effector gene loci remain rare hindering our ability to predict 

pathogen evolvability.  

Results: Here, we performed genome-wide association studies (GWAS) on a highly 

polymorphic mapping population of 120 isolates of Zymoseptoria tritici, the most damaging 

pathogen of wheat in Europe. We identified a major locus underlying significant variation in 

reproductive success of the pathogen and damage caused on the wheat cultivar Claro. The most 

strongly associated locus is intergenic and flanked by genes encoding a predicted effector and 

a serine type protease, respectively. The center of the locus contained a highly dynamic region 

consisting of multiple families of TEs. Based on a large global collection of assembled 

genomes, we show that the virulence locus has undergone substantial recent sequence 

evolution. Large insertion and deletion events generated length variation between the flanking 

genes by a factor of seven (5-35 kb). The locus showed also strong signatures of genomic 

defenses against TEs (i.e. RIP) contributing to the rapid diversification of the locus.  

Conclusions: In conjunction, our work highlights the power of combining GWAS and 

population-scale genome analyses to investigate major effect loci in pathogens. 

 

Keywords: Pathogen evolution, crops, genome-wide association mapping, transposable 

elements, genome assembly, population genomics  
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Background 
 
 
Plant pathogens are a major threat to food security and cause annual losses of 20-30% of global 

harvest due to the lack of durable control strategies (Strange & Scott, 2005; Chakraborty & 

Newton, 2011; Savary, 2020). The emergence of new pathogens, the rise of new virulence in 

resident pathogens or the gain in resistance against chemical control agents create significant 

challenges (Strange & Scott, 2005; Subbarao et al., 2015; McCann, 2020). To design effective 

disease control strategies, understanding the molecular interaction between plants and 

pathogens is critical. The virulence of plant pathogens is largely determined by their repertoire 

of secreted proteins known as effectors (Rovenich et al., 2014; Depotter & Doehlemann, 2020). 

Effectors target a variety of different plant proteins and metabolic pathways to manipulate the 

immune response and physiological state of the host (Selin et al., 2016). Plants evolved a large 

array of receptors often organized in networks that can directly or indirectly recognize the 

presence of effectors (Wu et al., 2017; van der Burgh & Joosten, 2019; Depotter & 

Doehlemann, 2020). Detection of effectors triggers a variety of defense responses preventing 

the spread of pathogens across plant tissues. The identification of resistance genes encoding 

receptors has provided key tools for the rapid breeding of resistant crop varieties 

(Vleeshouwers & Oliver, 2014; Lo Presti et al., 2015a). The identification of effectors in plant 

pathogens is challenging due to the large number of genes encoding effector-like proteins. The 

repertoire sizes of such candidate effectors varies between filamentous pathogens (Białas et 

al., 2018; Depotter & Doehlemann, 2020). The potato light blight pathogen Phytophthora 

infestans has 1249 predicted effector candidates, whereas the white rust pathogen of 

Arabidopsis thaliana, Albugo laibachii, has only 143 predicted effector candidates (Mcgowan 

& Fitzpatrick, 2017). The frequent birth and death of genes encoding effectors is underpinning 

at least part of the variation in candidate effector repertoires among species and underlies also 

variation within the same species (Fouché et al., 2018). Identifying functional effectors 
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providing an advantage for a pathogen on a specific host remains challenging (Selin et al., 

2016).  

 

Effector gene polymorphism can be a major factor driving host-pathogen interactions (Lo 

Presti et al., 2015b; Fouché et al., 2018). The analyses of complete fungal genomes in 

combination with mapping analyses significantly expanded our knowledge of effectors across 

major filamentous pathogens. Genome-wide association study (GWAS) and analyses of 

progeny populations revealed three effectors of the fungal wheat pathogen Zymoseptoria tritici 

(Gohari et al., 2015; Zhong et al., 2017; Hartmann et al., 2017; Stewart et al., 2018; Meile et 

al., 2018). The analyses of multiple completely assembled genomes revealed effector genes 

missing among individual isolates of the species (Plissonneau et al., 2016, 2018; Badet et al., 

2020). Hence, pangenome analyses are crucial to establish the full extent of effector candidates 

within species (Badet & Croll, 2020). Such effector polymorphism is thought to be at the origin 

of rapid gains in virulence (Dong et al., 2009, 2015; Fouché et al., 2018; Asai et al., 2018). 

Breakdown in host resistance can be observed within few years following the deployment of a 

crop cultivar (Cowger et al., 2000; Islam et al., 2016; Longya et al., 2019; Cowger & Brown, 

2019). Effector gene evolution can be driven by the complete deletion of coding sequence, as 

well as the accumulation of point and frameshift mutations (Rouxel & Balesdent, 2017; 

Hartmann et al., 2017; Fouché et al., 2018; Frantzeskakis et al., 2020).  

 

The rapid evolution of effector gene sequences is often driven by features of the chromosomal 

sequence in which the effector genes are embedded. Effector genes can be located on lineage-

specific accessory chromosomes (Ma et al., 2010; Croll & McDonald, 2012; Manning et al., 

2013). Such accessory chromosomes are enriched in repetitive sequences (Ma et al., 2010). 

Effector genes located on core chromosomes are often located in the most repetitive regions of 
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the chromosome (Wang et al., 2017; Torres et al., 2020). The proximity to repetitive regions, 

in particular transposable elements (TEs), increases the likelihood for sequence rearrangements 

to occur. The localization of effectors in highly repetitive sub-telomeric regions contributed to 

rapid virulence evolution of the rice pathogen Magnaporthe oryzae (Xue et al., 2012; Yoshida 

et al., 2016). The AVR-Pita effector gene has been shown to undergo multiple translocations 

in the genome contributing to the evolution of virulence on specific hosts (Chuma et al., 2011). 

The insertion of a Mg-SINE TE in the effector gene AvrPi9 led to a loss-of-function mutation 

enabling M. oryzae to escape host resistance (Wu et al., 2015). The transposition of TEs can 

disrupt coding sequences or change the regulation of effector genes (Sánchez-Vallet et al., 

2018; Meile et al., 2018; Fouché et al., 2020). Additionally, repetitive sequences can lead to 

higher mutation rates through a mechanism known as repeat induced point (RIP) mutation 

(Gladyshev, 2017; Gardiner et al., 2020; Wang et al., 2020). Brassica napus (canola) carrying 

the Rlm1 resistance gene suffered a breakdown of resistance against the fungal pathogen 

Leptosphaeria maculans (Van de Wouw et al., 2010). The breakdown was associated with a 

rise in virulence alleles at the AvrLm1 locus (Van de Wouw et al., 2010). Sequence analyses 

revealed that the gain in virulence was driven by RIP mutations rendering the locus non-

functional. Highly similar sequences nearby effector genes can also trigger ectopic 

recombination and, by this, the deletion or duplication of the effector gene. Consequently, the 

genomic context of effector genes provides critical information about effector evolvability. 

Hence, within-species analyses of effector gene diversification and TE dynamics of the 

surrounding regions have become key tools to retrace the evolution of virulence. 

 

The haploid ascomycete Zymoseptoria tritici is one of the most destructive pathogens of wheat 

leading to yield losses of ~ 5–30% depending on climatic conditions (Jørgensen et al., 2014; 

Fones & Gurr, 2015). Pathogen populations across the wheat-producing areas of the world 
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harbor significant variation in pathogenicity and genetic diversity (Zhong et al., 2017; 

Hartmann et al., 2017; Hartmann & Croll, 2017b; Krishnan et al., 2018a; Singh et al., 2020). 

GWAS were successfully used to identify the genetic basis of virulence on two distinct wheat 

cultivars (Zhong et al., 2017; Hartmann et al., 2017). In addition, analyses of progeny 

populations revealed a third effector gene related to a resistance breakdown (Stewart et al., 

2018; Meile et al., 2018). GWAS was also successfully used to map the genetic architecture of 

a broad range of phenotypic traits related to abiotic stress tolerance (Dutta et al., 2020b). TE 

dynamics are playing a key role in influencing the sequence dynamics at effector gene loci 

(Hartmann et al., 2017; Meile et al., 2018; Fouché et al., 2020). Gene gain and loss dynamics 

are accelerated in proximity to TEs (Hartmann & Croll, 2017b). TEs shape also the epigenetic 

landscape in proximity to effectors (Fouché et al., 2020; Meile et al., 2020). Phenotypic traits 

expressed across the life cycle of the pathogen show extensive trade-offs possibly constraining 

the evolution of virulence (Dutta et al., 2020b,a). Identifying additional loci underlying 

pathogenicity on specific hosts remains a priority as for most wheat resistance (i.e. Stb) genes, 

the matching effector remains unknown (Brown et al., 2015).  

 

In this study, we aimed to identify the genetic basis of virulence on the wheat cultivar Claro 

using GWAS performed on a genetically highly diverse mapping population established from 

a single wheat field. We analyzed the expression patterns of genes in proximity to the top 

associated SNP, the presence of TEs and genetic variation at the locus in populations across 

the world to build a comprehensive picture of sequence dynamics at the newly identified 

virulence locus.  
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Results 
 
 
Genome sequencing of a highly polymorphic pathogen field population 

In order to build a mapping population for GWAS, we obtained total of 120 isolates of Z. tritici 

collected from a multi-year experimental wheat field in Switzerland planted with 335 wheat 

cultivars (Karisto et al., 2017; Singh et al., 2020) (Supplementary Table S1). The isolates were 

collected from a subset of 10 genetically different winter wheats (7-20 isolates per cultivar) 

from two different time points during a single growing season. We analyzed whole-genome 

sequencing datasets of each isolate constituting an average coverage of 21X as previously 

described (Singh et al., 2020). After quality filtering, we obtained 788’313 high-confidence 

SNPs. We constructed an unrooted phylogenetic network using SplitsTree to visualize the 

genotypic differentiation within the population (Fig 1A). Compared to the broader field 

population analyzed previously, our GWAS mapping population contained 10 clonal groups 

comprising a total of 21 isolates (Singh et al., 2020) (Supplementary Table S2). A principal 

component analysis confirmed the overall genetic differentiation within the population 

(Supplementary Fig 1). Nearly all genotypes were at similar genetic distances to each other 

with the exception of five genotypes with significantly larger genetic distances to the main 

cluster of genotypes (Singh et al., 2020) (Supplementary Fig 1). Interestingly, the five isolates 

were all collected from cultivar CH Combin, which is susceptible to Z. tritici (Courvoisier et 

al., 2016).  
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Figure 1 : Genetic and phenotypic diversity in a single field population of Zymoseptoria 
tritici. A) Phylogenetic network of 120 isolates constructed using SplitsTree B) Photographs 
showing the difference between a mock treated and infected leaf. C) Trait distribution of 
pycnidia counts in lesions and the percentage of leaf area covered by lesion (PLACL). D) SNP 
based heritability (h2 SNP) of the virulence phenotypes estimated following a GREML 
approach. Error bars indicate standard errors. E) Mean allelic effect (i.e. genetic) correlation 
and phenotypic correlation coefficients for all measured virulence phenotypes. F) Number of 
significantly associated SNPs (5% FDR threshold) exclusive to an individual virulence trait or 
shared among traits. 
 

Heritability and correlations among pathogenicity traits 

We experimentally assessed the expression of pathogenicity traits of each individual isolate on 

the winter cultivar Claro using a greenhouse assay. The cultivar Claro was among the cultivars 

used in the multi-year experimental wheat field from which the isolates were sampled from 

(Karisto et al., 2017). The cultivar is widely planted in Switzerland and is generally mildly 
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susceptible to Z. tritici (Courvoisier et al., 2016). We obtained quantitative data on symptom 

development from a total of 1’800 inoculated leaves using automated image analysis (Karisto 

et al., 2017). The image analyses pipeline was previously optimized to detect symptoms caused 

by Z. tritici under greenhouse conditions and uses a series of contrast analyses to obtain 

estimates of the surface covered by symptoms. For each leaf, we recorded the counts of 

pycnidia (structures containing asexual spores) and the percentage of leaf area covered by 

lesion (PLACL) (Fig 1B). We considered the pycnidia count as a proxy for reproductive 

success of the pathogen on the host and PLACL as an indication of host damage due to 

pathogen infection. From these measurements, we derived three quantitative resistance 

measures: rleaf is the pycnidia count per cm2 of leaf area, rlesion is defined as the total number 

of pycnidia divided by per cm2 lesion area, and tolerance is expressed as the pycnidia count 

divided by PLACL. rleaf represents the overall reproductive success per area while rlesion 

focuses on the reproductive success within the lesion area. Tolerance indicates the ability of 

the host to tolerate pathogen reproduction while limiting damage by lesions (Mikaberidze & 

McDonald, 2020). We found that the mean pycnidia count ranged from 0-20 (mean 7, median 

6.3) among isolates and PLACP ranged from 2-97 % (mean 56%, median 57.7%) (Fig 1C, 

Supplementary table S1, Supplementary Fig 2). rleaf values ranged from 0.04-7.2 (mean 2.4, 

median 2.15); rlesion ranged from 0-13.8 ( mean 3.6, median 3.3) and tolerance ranged from 

0.15-0.3 (mean 0.12, median 0.17) (Supplementary table S1, Supplementary fig 2). 
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Figure 2: Genome-wide association mapping for virulence. Manhattan plots showing SNP 
marker association p-values for A) pycnidia count and B) rleaf (pycnidia count per cm2 of leaf 
area). The blue and red lines indicate the significance thresholds for Bonferroni (a = 0.05) and 
false discovery rate (FDR) at 5%, respectively. The dotted line represents the most significant 
association on chromosome 1 (snp_chr1_4521202). C) Boxplot showing the pycnidia counts 
of isolates carrying the reference allele G or alternative allele T at the top significant SNP. D) 
Zommed in Manhattan plot for association p-values of SNPs in a ~25 kb region centered on 
the top SNP snp_chr1_452120. Horizontal lines represent the Bonferroni threshold (a = 0.05). 
E) Genotyping rates of SNPs in the mapping population. F) Linkage disequilibrium r2 heatmap. 
G-H) Correlation plot of pycnidia count with gene expression of the flanking effector candidate 
gene (Zt09_1_01590) and the serine-type endopeptidase gene (Zt09_1_01591). 
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We estimated SNP-based heritability (h2snp) for each trait using a genomic-relatedness-based 

restricted maximum-likelihood approach to partition the observed phenotypic variation (Fig 

1D). The h2snp ranged from 0.08 – 0.23 among different phenotypes (Fig 1D). Heritability for 

pycnidia counts and PLACL was 0.17 (SE = 0.14) and 0.15 (SE = 0.16), respectively. We 

found the highest h2snp for rleaf (0.24, SE=0.15) exceeding h2snp for rlesion (0.19, SE=0.16). 

Pathogenicity-related traits have overlapping genetic architectures leading to phenotypic and 

genetic correlations (Dutta et al., 2020b). To identify potential trade-offs among traits, we 

analyzed correlations among all pairs of traits (Fig 1E). We found overall positive phenotypic 

trait correlations except for PLACL and tolerance (rp = -0.08; Fig 1E). To assess genetic 

correlations among traits, we performed GWAS on each trait. To avoid p-value inflation due 

to non-random degrees of relatedness among genotypes, we used a mixed linear model that 

included a kinship matrix. We assessed the allelic effects across all SNPs for all traits to 

estimate the degree of genetic correlation among trait pairs. We found the genetic correlations 

(rp) to vary from -0.1 to 0.98 (Fig 1E). Pycnidia counts and rleaf showed the highest degree of 

genetic correlation. PLACL and tolerance showed the lowest degree of genetic correlation. 

Overall, phenotypic and genetic correlations among pairs of traits were highly similar. 

 

Major effect locus for pathogen reproduction on the cultivar Claro 

We used the GWAS on each trait to identify the most significantly associated SNPs in the 

genome. We focused on association p-values passing the 5% false discovery rate threshold for 

all the phenotypes except for PLACL where we found no significant associations 

(Supplementary Fig 3). All significantly associated SNPs for pycnidia count were overlapping 

with significantly associated SNPs for rleaf and rlesion (Fig 1F). The traits rleaf, rlesion and 

tolerance had 58, 9 and 11 associated SNPs, respectively, which were uniquely associated with 

the specific trait and not overlapping with any other trait (Fig 1F). We then focused our 



CHAPTER 2 

72 
 

investigation on the most significantly associated SNPs passing the Bonferroni threshold (⍺ = 

0.05). We found a single locus on chromosome 1 with significantly associated SNPs for 

pycnidia count, rleaf and rlesion (Fig 2A-B, Supplementary Fig 3C,E). The top SNP 

(chr1_4521202) showed an association of isolates carrying the non-reference allele T with 

higher pycnidia production compared isolates with reference allele G (Fig 2C). The non-

reference allele was less frequent in the population (10%) and nearly half (48%) of all isolates 

were not assigned a SNP genotype at the locus.  

 

We analyzed sequence characteristics of the chromosomal region surrounding the top locus. 

The SNP chr1_4521202 is located in an intergenic region rich in TEs (Fig 2D-E). The closest 

identified genes include a gene encoding a putative effector (Zt09_1_01590) and a gene 

encoding a serine-type endopeptidase (Zt09_1_01591). The genes were at a distance of ~8 kb 

and ~4.5 kb, respectively, from the SNP chr1_4521202 (Supplementary Table S3). The low 

genotyping rate at the SNP suggests that segmental deletions are present. The genotyping rate 

was 58%, which is consistent with the SNP genotyping rate for nearby SNPs (within ~5 kb; 

Fig 2E). We recovered no SNPs in the immediate vicinity (at around 4.25 Mb). The genotyping 

rate increases to close to 100% at a further distance of the top SNP (> 10 kb; Fig 2E. The 

segmental pattern in the reduced genotyping rate close to the most significant SNP suggests 

that a substantial fraction of the isolates harbor deletions. We analyzed patterns of linkage 

disequilibrium among pairs of SNPs (Fig 2F). We found that the decay in linkage 

disequilibrium generally occurred at short distance (~1-2 kb) with the exception of the region 

surrounding the top SNP chr1_4521202 (Fig 2F). The increased linkage disequilibrium 

suggests that the physical distance among SNPs in the analyzed isolates is shorter consistent 

with the detection of deletions.  

 



CHAPTER 2 

73 
 

We analyzed transcription levels of the two closest genes using RNA-seq data generated under 

culture conditions simulating starvation (minimal medium) for all isolates of the GWAS panel. 

Both genes were conserved in all the isolates and appear transcriptionally active with variable 

expression levels among the isolates. The candidate effector gene was transcribed between 12-

14’750 RPKM (Fig 2H, Supplementary Fig 4). The serine-type endopeptidase gene showed 

much lower transcription ranging from 1.6-33.4 RPKM (Fig 2G, Supplementary Fig 4). We 

found that transcription levels of the gene encoding the endopeptidase was positively correlated 

with the amount of pycnidia produced (r = 0.3, p = 0.0021). We found no significant correlation 

with the expression of the effector candidate gene (Fig 2H). 

 

Transposable element dynamics and sequence rearrangements 

Given the indications for segmental deletions at the virulence locus, we analyzed multiple 

completely assembled genomes of the species. We included genomes from isolates from 

Switzerland, United States, Australia and Israel covering the global distribution range of the 

pathogen (Badet et al., 2020). The locus showed a highly variable content in TEs underlying 

significant length variation. The distance by the two flanking genes is 20.2 kb in the reference 

genome IPO323 used for mapping (Fig 3A-B). However, this distance varies from 4.8–35.3 kb 

between the genes depending on the genome for an average distance of ~17 kb (Fig 3B). The 

longest distance between genes was found in the genome of the Swiss strain CH99_1A5 and 

the shortest distance was found in the genome of the Israeli strain ISY92. 
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Figure 3: TE content variation at the virulence locus. A) Synteny plot of the top locus 
analyzed in seven completely assembled genomes. The red gradient segments represent the 
percentage of sequence identity from BLASTN alignments. Darker colors indicate higher 
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identity. B) Distance variation between the two genes surrounding the top locus (Zt09_1_01590 
and Zt09_1_01591). C) The number of different TE families found at least once per isolate at 
the top locus. D) Repeat induced point (RIP) mutation signatures in the topic locus. The Large 
RIP Affected Regions (LRARs) composite index was calculated using The RIPper tool (van 
Wyk et al., 2019). 
 

We identified five different TE families in the reference genome IPO323 covering a segment 

of ~20 kb (Fig 3C). We detected additional TE families in two of the three genomes from 

Switzerland (CH99_1A5 and CH99_3D7). The genomes carry multiple copies of a total of 

seven different TE families. Meanwhile, the two genomes from Israel and the United States 

showed a reduction in TEs with the region carrying only single copies of two and three different 

TE families, respectively (Fig 3A-C). The presence of TEs in fungal genomes can trigger RIP 

mutations. We found consistent signatures of RIP between the two flanking genes but we found 

no indications for RIP leakage into the flanking genes (Fig 3D, Supplementary Fig 5). 

 

Transposable element insertion dynamics across populations 

The small set of completely assembled genomes provides only a partial view on the sequence 

rearrangement dynamics within the species. Hence, we generated draft genome assemblies for 

432 isolates from previously analyzed field populations in the United States (n = 56 + 97), 

Switzerland (n = 37 + 185), Israel (n = 30) and Australia (n = 27; Supplementary table S4). 

The two population from United States and Switzerland were collected at an interval of 25 and 

20 years, respectively, from the same field (Supplementary table S4). Illumina sequencing 

datasets for fungi with compact genomes produce reasonably accurate draft assemblies 

(Torriani et al., 2011; Mohd‐Assaad et al., 2019; Stauber et al., 2020). We used BLASTN 

(Altschul et al., 1990) to locate the two genes Zt09_1_01590 and Zt09_1_01591 adjacent to 

the top SNP across all assemblies. We retained only draft assemblies for which both genes 

were located on the same scaffold. Hence, these scaffolds provide a contiguous view on the 

sequences located between the two adjacent genes. With this filtering step, we retained 122 
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isolates from all four different locations including the United States (n=49), Israel (n=17) and 

Switzerland (n =6 and 50) (Fig. 4A; Supplementary table S4). The distance between the two 

genes ranged from 5-35 kb, which is highly consistent with the gene distances observed in the 

completely assembled genomes (Fig 4B). The isolates from Israel and Switzerland (collection 

2016) showed shorter distance ranging from 5-15 kb. The United States population and the 

older Switzerland population (collection 1999) showed a range of 6.8-35 kb between the genes 

(Fig 4B).  
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Figure 4: Analysis of transposable element dynamics across continents. A) Analysis of 122 
Zymoseptoria tritici isolates for which a draft genome assembly produced a scaffold containing 
both genes Zt09_1_01590 and Zt09_1_01591. B) Boxplot showing variation in the distance 
between the two genes per population. C) TE content variation of the sequence flanked by the 
two genes. D) Total TE copies in the sequence flanked by the two genes. E) Frequency of the 
TE families in the sequence flanked by the two genes as a percentage of the population. F) 
Frequency of TE families among the isolates from the GWAS mapping population (n = 50 with 
a scaffold spanning both genes) G-H) Boxplots showing the expression of the genes 
Zt09_1_01590 and Zt09_1_01591, and pycnidia counts for isolates carrying or not specific TEs 
at the top locus. 
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We annotated the scaffolds matching the top GWAS locus using consensus sequences of 

known TE families. Overall, the TEs between the two adjacent genes grouped into 11 

superfamilies and 25 families (Fig 4D). The two most frequent TEs included both 

retrotransposons and miniature-inverted repeat transposable elements. We found that genomes 

from the United States and the earlier Switzerland population (collection 1999) had higher TE 

copy numbers compared to other genomes from the other populations (2-13 TE copies; Fig 

4C). The locus contains overall 16 different TE families in the United States population (Fig 

4D-E). The locus contained 3, 11 and 16 different TE families in the Israel, and the Switzerland 

1999 and 2016 populations, respectively (Fig 4D-E). The TEs RSX_SINE_Reikon and 

DTX_MITES_Addanc were found in all analyzed populations population while other TE 

families were segregated in populations in different proportions (Fig 4E). To test for potential 

associations of TE presence and pathogenicity traits, we focused on the complete scaffolds 

retrieved from 50 different isolates of the GWAS population. We found segregating presence-

absence polymorphism for the four TE families RII_Philae and RLX_LARD_Gridr 

(retrotransposons), as well as DTX_MITES_Wolpertinger and DTC_Jamila (DNA 

transposons; Fig 4F). None of the TE presence-absence polymorphism showed a significant 

association with the transcription of adjacent genes (effector candidate Zt09_1_01590: 

Student’s t-test, p > 0.15; serine-type endopeptidase Zt09_1_01591: Student’s t-test, p > 0.05). 

We also found no significant association with the TE presence-absence polymorphism and any 

of the pathogenicity traits (Student’s t-test, p > 0.2). 
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Discussion 
 
 
We used whole-genome sequencing data and association mapping to unravel the genetic 

architecture of pathogenicity of Z. tritici on the wheat cultivar Claro. The identified locus is 

rich in TEs and is flanked by genes encoding an effector candidate and a serine type protease. 

We analyzed a worldwide set of populations to analyze sequence variation at the pathogenicity 

locus. We found significant length variation caused by the insertion of a diverse set of TEs.  

 

Variation in pathogenicity on the wheat cultivar Claro was largely quantitative. We found that 

heritability was higher for pathogen virulence (damage to host) than pathogen reproduction 

(production of pycnidia). This is in contrast to analyses of heritability across 12 different wheat 

cultivars where heritability for pathogen reproduction was typically higher compared to lesion 

damage (Dutta et al., 2020b). However, virulence and reproduction were overall positively 

correlated in both studies. We also found a high degree of phenotypic and genetic correlation 

with tolerance (i.e. preventing lesion damage despite high reproduction of the pathogen). Using 

GWAS, we identified several loci significantly associated with different pathogenicity traits. 

The most significant associations were found for pycnidia counts and rleaf both related to 

reproductive success of the pathogen. Pathogen reproduction showed a strong single locus 

association while host damage (i.e. lesions) revealed no single gene effects. The difference 

between traits may be due to the fact that the genetics underlying host damage is more complex. 

Lesions are caused by host cell death triggered as a response to pathogen attack (Coll et al., 

2011; Dickman & de Figueiredo, 2013). Hence, variation in lesion development among isolates 

could be due to the host's ability to perceive specific molecules produced only by a subset of 

the isolates. Furthermore, variation in the pathogen's ability to spread across tissue and 

manipulate host immune responses could also lead to variation in overall lesion development. 

Interestingly, extensive lesion development is not necessarily related to pycnidia production 
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by the pathogen across cultivars (Karisto et al., 2018; Mikaberidze & McDonald, 2020). This 

suggests that despite damage to the leaf, the host immune system can efficiently repress the 

pathogen from acquiring nutrients to reproduce. In contrast, the strong single locus association 

for pycnidia production on the cultivar Claro suggests a rather simple genetic architecture. 

Hence, the action of a single pathogen factor (e.g. an effector) may be largely sufficient to 

determine variation in host exploitation and reproduction.  

 

We identified a highly polymorphic chromosomal locus associated with pathogenicity on the 

cultivar Claro. The most significant SNPs mapped in an intergenic region flanked by a large 

cluster of diverse TEs. We found no clear evidence for a coding sequence in immediate 

proximity of the most significantly associated SNPs. The closest genes encode functions, which 

may be relevant for host infection though. Serine-type endopeptidases play pivotal roles in 

nutrient degradation and subsequent assimilation, as well as protection from the host immune 

system (Muszewska et al., 2017). Serine proteases can also help the pathogen to escape the 

host’s immune system by degrading chitinases targeted at the fungal cell wall (Langner & 

Göhre, 2016). Furthermore, serine proteases play a role in the nutrient acquisition from plant 

tissue (Jashni et al., 2015) and potentially during the initiation of necrosis (Palma-Guerrero et 

al., 2016). The second gene encodes a putative effector, which is a category of genes showing 

frequent presence-absence polymorphism within the species (Hartmann & Croll, 2017a; Badet 

& Croll, 2020). Our analyses of linkage disequilibrium decay suggest that neither of the two 

adjacent genes play a causal role in pathogenicity on Claro. The most dramatic changes 

occurred due to the insertion and deletion of TEs next to the most significantly associated 

SNPs. The TE dynamics diversified the locus to the extent that the distance between the 

adjacent genes varies by a factor of seven (5-35 kb). The insertion and deletion of TEs can have 

both an impact on gene regulation by inducing epigenetic silencing or upregulation. Both 
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mechanisms are well established in Z. tritici and underlie variation in melanin production, 

virulence and fungicide resistance (Omrane et al., 2017; Meile et al., 2018; Krishnan et al., 

2018b). The locus flanked by the two genes showed strong signatures of RIP. The elevated 

mutation rates triggered by this genomic defense mechanism against TEs likely contributed to 

the rapid diversification of the locus. Yet, we could not establish any direct association between 

the insertion of individual TEs and the expression of pathogenicity. Targeted deletion assays 

focusing on individual sequence segments may provide experimental evidence for the sequence 

variation underlying pathogenicity on the wheat cultivar. 

 

Conclusions 

The effects of gene-TE proximity have been studied mainly in animal (Rebollo et al., 2012; 

Cowley & Oakey, 2013) or plant models (Bennetzen & Wang, 2014). Only a handful studies 

are focused on fungi. Some fungal pathogens have genomes with a clearly compartmentalized 

architecture described by the two-speed model (Dong et al., 2015). The core genome encodes 

all essential genes while niche- or host-specific genes (e.g. effectors) are typically encoded in 

the repeat-rich genome compartment. Such genome architectures have been identified in 

Mycosphaerella fijiensis (Santana et al., 2012), Cochliobolus heterostrophus (Santana et al., 

2014), Fusarium species (Sperschneider et al., 2015), Leptosphaeria maculans (Rouxel & 

Balesdent, 2017) and Verticillium species (Faino et al., 2016). However, systematic 

investigation of TEs and co-localizing genes have rarely been extended to the within species 

level. Our study shows that a combination of genome-wide association mapping, complete and 

draft genome assemblies can provide a comprehensive insight into the evolutionary dynamics 

of virulence loci. Hence, even in absence of experimentally validated effectors, the 

evolutionary trajectory of virulence loci becomes tractable. Our approach should be broadly 

applicable to many fungal pathogen system.  
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Methods 
 
 
Field collection and storage 

Z. tritici isolates were collected from the Field Phenotyping Platform (FIP) site of the ETH 

Zürich, Switzerland (Eschikon, coordinates 47.449°N, 8.682°E). We analyzed a total of 120 

isolates collected during the 2015/2016 growing season from 10 winter wheat cultivars, which 

are commonly grown in Switzerland (Levy et al., 2017). We analyzed isolates originating from 

two collection time points over the season (Table S1). Isolates from the first collection (n = 62) 

were collected when wheat plants were in Growth stage (GS) 41 while the second collection 

(n = 58) was performed when the plants were in GS 85 stage. After sampling, spores of each 

isolate were stored in either 50% glycerol or anhydrous silica gel at −80 °C. Additional 

information regarding sampling schemes and genetic diversity is available (Singh et al., 2020) 

 

Culture preparation and seedling infection assay 

Isolates were revived from glycerol stock by adding 50 µl fungal stock solution to a 50 ml 

conical flask containing 35 ml liquid YSB (yeast-sucrose broth) medium. The inoculated flasks 

were incubated in the dark at 18° C and 140-180 rpm on a shaker-incubator. After 8 days of 

incubation, the cultures were passed through four layers of meshed cheesecloth and washed 

twice with sterile water to remove media traces. The filtering step also largely eliminated 

hyphal biomass but retained spores. The Swiss winter wheat cultivar Claro was used for 

virulence assays (provided by DSP Delley, Inc.). Four seeds were sown in pots with 

commercial compost soil in triplicates. The pots were frequently in the growth chamber. The 

plants were grown under controlled conditions as follows: 16/8 hours day/night periods at 18°C 

throughout the experiment. The growth chamber was maintained at 70% humidity. Plants were 

grown for three weeks before infection with Z. tritici. To initiate infections, washed spores 

were diluted to 2 x 105 spores/ml in 15 ml of sterile water containing 0.1% TWEEN20. For 
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each isolate, plants from three pots were infected using spray bottles. After spray inoculation, 

the plants were allowed to dry before sealing them in clear plastic bags to maintain 100% 

humidity for 48 hours. Plastic bags were removed after 48 hours and conditions were kept as 

described above. 

 

Automated image-based evaluation of infection 

Twenty-one days post inoculation (dpi), the second leaf of each plant was cut and fixed on a 

barcoded white paper. Leaves were scanned immediately using a flatbed scanner at 1200 dpi. 

The scanned images were batch-processed using a macro (Stewart et al., 2016; Karisto et al., 

2017) based on routines implemented in the image analysis software ImageJ (Rasband, W.S., 

ImageJ; U. S. National Institutes of Health, http://imagej.nih.gov/ij/, 1997–2012). Briefly, the 

macro recorded the total leaf area, total lesion area, the number of pycnidia, mean size of 

pycnidia and pycnidia grey value. The percent leaf area covered by lesions (PLACL) was 

calculated as the ratio of the total lesion area and total leaf area (Karisto et al., 2018).  

 

Whole-genome sequencing, variant calling and RNA-seq analyses 

Approximately 100 mg of lyophilized spores were used to extract high-quality genomic DNA 

using the Qiagen DNeasy Plant Mini Kit according to the manufacturer’s protocol. We 

sequenced paired-end reads of 100 bp each with an insert size of ~550 bp on the Illumina HiSeq 

4000 platform. Raw reads are available on the NCBI Sequence Read Archive under the 

BioProject PRJNA596434 (Oggenfuss et al., 2020). For RNA sequencing, the same isolates 

were cultured in a Vogel Minimal N Medium (Vogel, 1956) where ammonium nitrate was 

replaced with potassium nitrate and ammonium phosphate (Metzenberg, 2003). The medium 

contained no sucrose and agarose in order to induce hyphal growth. Total RNA was isolated 

from the filtered mycelium after 10-15 days using the NucleoSpin® RNA Plant and Fungi kit. 
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The RNA concentration and integrity were checked using a Qubit 2.0 Fluorometer and an 

Agilent 4200 TapeStation System, respectively. Only high-quality RNA (RIN>8) was used to 

prepare TruSeq stranded mRNA libraries with a 150 bp insert size and sequenced on an 

Illumina HiSeq 4000 in the single-end mode for 100 bp. 

 

Sequencing filtering and analysis 

We performed sequencing quality checks using FastQC v. 0.11.9. (Andrews S., 2010) and 

extracted read counts. Sequencing reads were then trimmed for adapter sequences and 

sequencing quality using Trimmomatic v. 0.39 (Bolger et al., 2014) using the following 

settings: illuminaclip=TruSeq3-PE.fa:2:30:10, leading=10, trailing=10, sliding-window=5:10 

and minlen=50. Trimmed sequencing reads were aligned to the reference genome IPO323 

(Goodwin et al., 2011); accessible from 

https://fungi.ensembl.org/Zymoseptoria_tritici/Info/Index) and the mitochondrial sequence 

(European Nucleotide Archive EU090238.1) using Bowtie2 v. 2.4.1 (Langmead & Salzberg, 

2012). Multi-sample joint variant calling was performed using the HaplotypeCaller and 

GenotypeGVCF tools of the GATK package v. 4.0.1.2 (McKenna et al., 2010). We retained 

only SNP variants (excluding indels) and proceeded to hard filtering using the GATK 

VariantFiltration tool based on the following cutoffs: QD < 5.0; QUAL < 1000.0; MQ < 20.0; 

-2 > ReadPosRankSum > 2.0; -2 > MQRankSum > 2.0; -2 > BaseQRankSum > 2.0. After 

filtering for locus level genotyping rate (>50%) and minor allele count (MAC) of 1 using 

VCFtools v. 0.1.15 (Danecek et al., 2011). Similarly, RNA sequences were checked for quality 

using FastQC v. 0.11.9. and trimmed with Trimmomatic v0.39 to remove adapter sequences 

and low-quality reads with parameters: illuminaclip:TruSeq3-SE.fa:2:30:10 leading=3, 

trailing=3, sliding-window=4:15 and minlen=36. Trimmed sequences were aligned to the 
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reference genome IPO323 using HISAT2 v. 2.1.0 (source?) with the parameter “--RNA-

strandedness reverse”. 

 

Population genetic analyses 

Population structure and relatedness among individuals in the mapping population may be a 

source of p-value inflation due to non-random phenotype-genotype associations (Bergelson & 

Roux, 2010; Korte & Farlow, 2013). To account for this, we analyzed the population structure 

and genetic relatedness of all isolates by performing a principal component analysis (PCA). 

We performed and visualized the PCA using the R packages vcfR v. 1.8.0 (Knaus & Grünwald, 

2017), adegenet v. 2.1.1 (Jombart & Ahmed, 2011), and ggplot2 v. 3.1.0 (Wickham, 2016). 

We also generated an unrooted phylogenetic network using SplitsTree v4.14.6 (Huson, 1998). 

File format conversions were performed using PGDSpider v2.1.1.5 (Lischer & Excoffier, 

2012). To identify groups of clonal genotypes, we calculated the pairwise genetic distances 

between all genotypes using the function “dist.dna” included in the R package ape v. 5.3 

(Paradis & Schliep, 2019). Isolate pairs with a pairwise genetic distance below 0.01 were 

considered as clones for further analyses (see (Singh et al., 2020) for more details). The SNP-

based heritability (h2snp; equivalent to narrow-sense heritability) for each trait was estimated 

using the genome-wide complex trait analysis (GCTA) tool v.1.93.0 (Yang et al., 2011). The 

h2snp was estimated using a genome-based restricted maximum likelihood (GREML) approach 

using the phenotypic values of each trait and considering the additive effect of all the SNPs 

represented by the GRM.  

 

Genome-wide association mapping and linkage disequilibrium analyses 

We performed GWAS based on mixed linear models accounting for kinship (MLM K). We 

first estimated relatedness among genotypes by computing a kinship matrix using the scaled 
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identity by state (IBS) algorithm implemented in TASSEL v. 20201110 (Bradbury et al., 2007). 

We included the kinship matrix as a random effect in the mixed linear models for association 

mapping using TASSEL. We used the allelic effect output of TASSEL to compute the pairwise 

genetic correlation (Spearman’s correlation) values using complete observations (use = 

pairwise.complete.obs) and visualized the values using the ggcorr function from the GGally R 

package (source). Similarly, we used the Spearman's correlation to compute pairwise 

phenotypic trait correlations. Association mapping outcomes were visualized using the R 

package qqman v 0.1.4 (Turner, 2014). We considered associations to be significant when p-

values were smaller than the Bonferroni threshold at a = 0.05 (p < 1.1e-07). False discovery 

rate (FDR) thresholds of 5% were determined using the p.adjust function in the stat package in 

R. We explored the genomic regions containing significantly associated loci using the “closest” 

command in bedtools v. 2.29.0 (Quinlan & Hall, 2010). Regions in the genome spanning the 

most significant associations were investigated for linkage disequilibrium patterns. We 

calculated the linkage disequilibrium r2 between marker pairs using the “option–hap-r2” in 

VCFtools v. 0.1.15 (Danecek et al., 2011) with “--ld-window-bp” of 10000. A heatmap was 

generated based on the r2 values with the R package LDheatmap v 0.99-7 (Shin et al., 2006). 

 

De novo genome assemblies, TE annotation, synteny analyses 

We analyzed the locus surrounding the genes Zt09_1_01590 and Zt09_1_01591 in multiple 

completely assembled genomes of isolates collected in Switzerland, the United States, 

Australia and Israel covering the global distribution range of the pathogen (Badet et al., 2020). 

For synteny plots, the available repeat-masked chromosome-scale assemblies were analyzed 

using pairwise BLASTN. Information on BLAST hits among homologous chromosomes was 

visualized in R using the genoplotR package (Guy et al., 2010). We analyzed signatures of 
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repeat induced point mutations (RIP) using The RIPper online tool available at 

https://theripper.hawk.rocks/ (van Wyk et al., 2019). 

 

To analyze sequence polymorphism at the locus, we used draft genome assemblies of 432 

isolates from previously analyzed field populations in the United States, Switzerland, Israel 

and Australia (Hartmann et al., 2017; Oggenfuss et al., 2020). Illumina short read data 

was obtained from the NCBI Sequence Read Archive under the BioProject PRJNA327615 

(Hartmann et al., 2017) and PRJNA596434 (Oggenfuss et al., 2020). We used SPAdes version 

3.14.0 to produce draft assemblies for each isolate (Bankevich et al., 2012). We ran the tool 

with the following settings: -k 21,33,55,75,95 --careful. De novo assemblies were annotated 

for TEs using the TE consensus sequences (https://github.com/crolllab/datasets) generated for 

the species (Badet et al., 2020). Consensus sequences were previously manually curated and 

renamed based on the three-letter classification system (Wicker et al., 2007; Bao et al., 2015). 

The curated consensus sequences were used for annotation of each individual de novo 

assembly using RepeatMasker version 4.0.8 with a cut-off value set to 250 (Smit & Hubley, 

2015), ignoring simple repeats and low complexity regions. Further filtering of the TE 

annotation included: (1) removal of element annotations shorter than 100 bp, (2) merging of 

identical adjacent TE families overlapping by more than 100 bp, (3) renaming of overlapping 

TE families overlapping by more than 100 bp as nested insertions, and (4) grouping of 

interrupted elements separated by less than 200 bp into a single element using a minimal 

distance between start and end positions.  
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Supplementary Information 
 
 
Supplementary Figures 
 

 
 
Supplementary Figure 1 : The first two principal components (PC) from a PC analysis of 
788’313 genome-wide SNPs. Isolates are color-coded by the cultivar of the origin. 
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Supplementary Figure 2 : Phenotypic trait values. Red and blue lines represent the mean and 
median, respectively. A) The percentage of leaf area covered by lesion (PLACL). B) pycnidia 
count. C) Tolerance expressed as the pycnidia count divided by PLACL. D) rleaf is the pycnidia 
count per cm2 of leaf area and E) rlesion is defined as the total number of pycnidia divided by 
per cm2 lesion area. 
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Supplementary Figure 3 : Manhattan and QQ-plot representing of the genome-wide 
association mapping analyses. The blue line corresponds to the Bonferroni threshod (alpha = 
0.05) and the red line corresponds to the 5% FDR. A-B) Percentage of leaf area covered by 
lesions (PLACL), C-D) tolerance E-F) rlesion  
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Supplementary Figure 4 : Gene expression in reads per kilobase of transcript, per million 
mapped reads (RPKM) for genes closest to the top-associated SNP. A) Putative effector gene 
(Zt09_1_01590) and B) serine-type endopeptidase gene (Zt09_1_01591). 
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Supplementary Figure 5 : The Large RIP Affected Regions (LRARs) composite index was 
calculated using The RIPer tool (van Wyk et al., 2019) and shown in black. The region flanked 
by the genes Zt09_1_01590 and Zt09_1_01591 is shown in complete genome assemblies of 
seven isolates from global population.  
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Supplementary Tables 
 
 
separate excel file available at https://doi.org/10.1101/2021.02.16.431386 
 
Supplementary Table S1: Phenotypic trait values used for GWAS. The percentage of leaf 
area covered by lesion (PLACL); rleaf is the pycnidia count per cm2 of leaf area; rlesion is defined 
as the total number of pycnidia divided by per cm2 lesion area. Tolerance is expressed as the 
pycnidia count divided by PLACL 
 
Supplementary Table S2: Groups of clonal genotypes identified in the GWAS population 
with information about the collection time point and cultivar of origin. The clonal genotype 
columns provides a unique identifier. See Singh et al. (2020) for more detailed analyses. 
 
Supplementary Table S3: List of significantly associated SNPs above 5% FDR for pycnidia 
counts . 
 
Supplementary Table S4: Number of isolates from populations on different continents 
analyzed for transposable element content. Total assembled genomes and total of isolates per 
population where a scaffold was retrieved containing both genes Zt09_1_01590 and 
Zt09_1_01591. 
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Abstract 
 
 
Fungi produce a wide range of specialized metabolites (SMs) involved in biotic interactions. 

Pathways for the production of SMs are often encoded in clusters of tightly arranged genes. 

Such gene clusters can undergo horizontal gene transfers between species and rapid 

evolutionary change within species. The acquisition, rearrangement and deletion of gene 

clusters can generate significant metabolome diversity. However, the genetic basis underlying 

variation in SM production remains poorly understood. Here, we analyzed metabolite 

production of a large population of the fungal pathogen of wheat, Zymoseptoria tritici. The 

pathogen causes major yield losses and likely utilizes SM to manipulate the host and to interact 

with the leaf microbiome during infection. The species shows substantial variation in gene 

clusters encoding SMs. We cultured 102 isolates obtained from a single wheat field under 

standardized conditions to extract metabolites produced by the cells. Then, we performed 

untargeted ultra-high performance liquid chromatography to profile the diversity in the 

produced metabolites. We found that the majority of the detected metabolites are unlikely to 

be shared or produced in similar quantities across the population suggesting substantial 

metabolome diversity. Integrating whole-genome sequencing data for all isolates, we 

performed metabolite genome-wide association mapping to identify loci underlying variation 

in metabolite production. Associated genes encode three main functional categories including 

transporters, enzymes related to metabolic pathways and regulators of cellular structures. Gene 

ontology enrichment analyses revealed an over-representation of endosome functions, which 

are typically involved in cellular homeostasis of metabolites. Our study highlights the power 

of association mapping to identify candidate loci underlying metabolite diversity. Integrating 

metabolome screens should be feasible for a range of different plant pathogens and help 

prioritize molecular studies.  
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Introduction 
 
 
Fungi are capable of synthesizing a wide range of compounds including amino acids, pigments, 

antibiotics and toxins (Vining, 1990; Hoffmeister & Keller, 2007; Bouws et al., 2008). Such 

metabolites are typically classified as primary and specialized (or secondary) metabolites. 

Primary metabolites are essential for growth, development and reproduction and tend to be 

conserved across the phylogeny of fungi. Specialized metabolites (SM) confer benefits in 

specific ecological niches but are not essential for cell survival (Keller et al., 2005). The 

production of primary metabolites is encoded by a vast array of enzymes involved in metabolic 

reactions. In contrast, the production of SMs in fungi is often encoded by a small set of enzymes 

establishing a minimal metabolic pathway. The underlying genes tend to be arranged in close 

proximity forming a biosynthetic gene cluster (BCGs) including tight regulatory control 

(Keller, 2015). SMs play an important role in shaping species interactions with the microbiome. 

For example, the production of the antibacterial bikaverin is induced specifically upon contact 

with the bacterium Ralstonia solanacearum in conserved in distant fungal pathogens (Spraker 

et al., 2018). Besides, SMs are essential for regulating fungal pathogenicity by acting as 

virulence factors against animal and plant hosts (Fox & Howlett, 2008). In the case of Fusarium 

graminearum, the BGC encoding the pathway for the production of the mycotoxin 

trichothecene is specifically upregulated during colonization of wheat (Lysøe et al., 2011). SM 

can also act as messengers in inter and intra-species communications between fungi (Yim et 

al., 2007; Netzker et al., 2015). The high degree of niche specificity of SMs generates diversity 

in BGCs among closely related species and even within some species (Keller, 2015, 2019). 

BGCs are also among the most mobile elements in fungal genomes with extensive evidence 

for horizontal gene transfer and turnover within species (Lind et al., 2015).  
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Large-scale fungal genome analyses have revolutionized the discovery of genes underlying the 

specialized metabolism and rapidly evolving BGCs transferred among species (Keller, 2019; 

Gil-Serna et al., 2020; Naranjo‐Ortiz & Gabaldón, 2020). Genetic changes underlying the 

production of SM can be pinned down to single nucleotide variation as shown for fumonisin 

production in Fusarium fungi (Proctor et al., 2008). The evolution of BGCs often involves 

larger changes including the gain and loss of individual genes or entire clusters (Carbone et al., 

2007; Tralamazza et al., 2019). BGCs are often located in more repetitive regions of the 

genome including subtelomeres (Palmer & Keller, 2010). Furthermore, BGCs in some groups 

of fungi are mainly regulated by epigenetic changes including chromatin modification 

(Collemare & Seidl, 2019). The fact that BGCs encode entire pathways for the production of 

SM, horizontal gene transfers effective means for species to acquire novel ecological functions 

(Cornell et al., 2007; Marcet-Houben & Gabaldón, 2010; Wisecaver et al., 2014). Horizontal 

gene transfers and rearrangements have led to substantial differences within and among closely 

related species in the content of BGCs and the potential to produce SMs. Among Aspergillus 

fungi, BGCs contribute to shared virulence profiles based on gliotoxin and fumitremorgin 

production and species-specific virulence e.g. due to fumagillin (Steenwyk et al., 2020). 

Genetic differences in qualitative and quantitative variation of SM production are hence likely 

under strong selection. Variation in metabolite production among conspecific isolates can be 

used for association mapping. Identifying associations between genetic variants in populations 

with relative levels of metabolite production is performed as metabolite genome-wide 

association studies (mGWAS) with a primary focus on the plant model Arabidopsis thaliana 

(Strauch et al., 2015). Recent applications on rice cultivars identified genes 

underlying flavonoid production (Peng et al., 2017) and contributions to the phenol-amides 

metabolic pathway (Dong et al., 2015). Metabolite variation was often mapped to a small 

number of major effect loci (Chen et al., 2014; Jacobowitz & Weng, 2020). The intra-specific 
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variation in metabolite profiles, high-quality genomic resources and experimental tractability 

make fungi attractive models for genome-wide association mapping approaches. 

 

The ascomycete Zymoseptoria tritici is a highly polymorphic fungal pathogen of wheat and 

shows a marked variability in BGCs among members of the species (Plissonneau et al., 2016, 

2018; Badet et al., 2020). The pathogen causes yield losses of ~ 5–30% depending on 

environmental conditions (Jørgensen et al., 2014; Fones & Gurr, 2015). Populations sampled 

across the world show evidence for the gain and loss of genes constituting BGCs (Hartmann & 

Croll, 2017). Comparisons of complete genome assemblies confirmed that BGCs are partly or 

entirely missing in some isolates (Badet et al., 2020) raising questions about the functional 

relevance of the encoded SMs. However, the role of SM in the lifecycle of Z. tritici remains 

poorly understood. A metabolome analysis of the wheat infection process showed that lipid 

metabolism is the initial energy source during leaf colonization prior to the induction of host 

cell death (Rudd et al., 2015). The pathogen upregulates BGCs mostly during the same 

transition to feeding from dead plant material (i.e. necrotrophic lifestyle) ~10 days after 

infection (Rudd et al., 2015; Palma-Guerrero et al., 2016). Precursors of melanin were also 

found in the metabolite profile at this stage (Rudd et al., 2015). Melanin, which plays an 

important role in virulence, ultraviolet protection and anti-microbial resistance in fungi, is one 

of the best studied SM of Z. tritici. The locus underlying variation in melanin production was 

first identified using quantitative trait mapping and then confirmed to be a polyketide synthase 

gene cluster (Lendenmann et al., 2014; Krishnan et al., 2018). Among individual variation in 

melanin accumulation is governed by the insertion of a transposable element, which impacts 

the regulation of the BGC (Krishnan et al., 2018). Beyond melanin production, the 

metabolomic diversity within the species and the underlying genetic basis remains unknown.  
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Here, we take advantage of genome-wide association (GWA) mapping using the production of 

individual metabolites under standardized conditions as trait values. GWA mapping in Z. tritici 

has been used successfully to identify the genetic basis underlying virulence on different wheat 

cultivars, resistance to fungicides and temperature adaptation (Hartmann et al., 2017, 2020; 

Singh et al., 2021; Dutta et al., 2021). We focused on a single wheat field to establish a panel 

of 102 isolates showing considerable genetic diversity (Singh et al., 2020). We performed 

untargeted ultra-high performance liquid chromatography tandem mass spectrometry on 

individual fungal cultures growing under sterile conditions. We found considerable variation 

in metabolite profiles with the majority of metabolites showing abundance variation among 

isolates. GWA mapping revealed significantly associated loci in proximity to genes encoding 

functions related to endosomal functions and transporters. Taken together, our study provides 

a significant resource to unravel polymorphism underlying metabolome diversity within a 

species. 

 

 

Results 

Species-wide polymorphism in specialized metabolite gene clusters 

A pangenome based on 19 completely assembled genomes of Z. tritici isolates collected from 

six continents and 13 different countries is available for the species (Badet et al., 2020). We 

retrieved available gene annotation data and identified 29-33 BGCs per genome (Fig 1A). Non-

ribosomal peptide synthetase (NRPS) and type 1-polyketide synthase are the most abundant 

gene clusters. Approximately 72% of the predicted core biosynthetic genes are conserved 

among isolates and ~24% are accessory (present in 2-18 isolates) (Fig 1B). We also retrieved 

a singleton core biosynthetic gene found only in an isolate sampled in Tunisia. We found 

similar proportions for additional biosynthetic genes with ~60% and 30% core and accessory 
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genes, respectively (Fig 1B). Regulatory genes of gene clusters were all conserved, but only 

90% of the transporter genes were conserved (Fig 1B). BGCs show polymorphism also at the 

level of single fields. Focusing on BGCs encoded in the genomes of four isolates collected in 

the same year from nearby wheat field in central Europe, seven clusters showed 

presence/absence variation (Badet et al., 2020) (Fig 1C).  

 

 

Figure 1: Genetic diversity of specialized metabolite gene clusters in Zymoseptoria tritici. 
A) Detected gene clusters in 19 genomes constituting the species pangenome (Badet et al., 
2020). Colors indicate different categories of specialized metabolite gene clusters depending 
on the metabolite compound or the core biosynthetic gene: indoles, non-ribosomal peptide 
synthetase (NRPS), siderophores, polyketide synthase (PKS) and terpenes. B) The proportions 
of core, accessory and singletons specialized metabolite gene clusters in the species 
pangenome. C) Presence-absence variation of 39 gene clusters in genomes of four isolates 
collected in Switzerland. 
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Genetic diversity in a single-field mapping population 

To identify whether individuals differ in the production of metabolites and show heritable 

genetic variation, we performed mGWAS. We analyzed whole genome sequences of 102 

isolates isolated from a single wheat field. The mapping population was previously shown to 

be well-suited for GWAS (Singh et al., 2021). The isolates were collected from 11 genetically 

different winter wheat cultivars (1-9 isolates per cultivar) from three collection time points (Fig 

2A, Supplementary Table S1). At the first collection time point, the wheat seedling was at 

growth stage (GS) 41 where flag leaves start extending. At the second (GS 75) and third 

collection (GS 85) time point, plants were fully developed and grains were reaching maturity 

(Meier, 2001). The average Illumina sequencing coverage was 21X as previously described 

(Singh et al., 2020). After quality filtering, we retained 788,312 high-confidence single 

nucleotide polymorphisms (SNPs). We constructed an unrooted phylogenetic network using 

Splitstree and we found isolates to be at similar genetic distance (Fig 2B). The mapping 

population also included eight clonal groups for a total of 19 isolates. We used relatedness as 

a random factor in association mapping to account for the uneven relatedness. A principal 

component analysis (Fig 2C) identified a small group of outlier isolates. No genetic structure 

was found among collection time points or cultivars (Singh et al., 2020).   
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Figure 2: Whole-genome sequence analyses of 102 Zymoseptoria tritici isolates collected 
from a single field. A) Number of isolates collected from each of the eleven cultivars at each 
collection time point (C1-3; early, middle and late in the season; see also (Singh et al., 2020). 
B) A SplitsTree phylogenetic network constructed from genome-wide single nucleotide 
polymorphism (SNP) data. C) The first two principal components (PC) from a PC analysis of 
genome-wide SNPs. Isolates are color coded by the collection time point. 
 

Untargeted metabolite profiling at the population level 

We performed an untargeted metabolite profiling of all 102 isolates using ultra-high 

performance liquid chromatography tandem mass chromatography (UHPLC-QTOF-MS). The 

analyzed metabolites were extracted from blastospores after washing. Hence, the process 

should largely recover intracellular or not yet secreted metabolites. We focused on retention 

times excluding heavy molecules (e.g. phospholipids). We retained 2633 metabolite marker 

peaks (Supplementary table S2). Using relative abundance across all peaks, we performed a 

principal component analysis (Fig 3A). Interestingly, the metabolite profiles of different 
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isolates clustered based on their collection time point (Fig 3A). This is in contrast to the 

genome-wide differentiation at neutral markers (Fig 2C). We identified the top metabolite 

markers contributing to the clustering of the isolate metabolite profiles (Fig 3B). The top two 

markers had mass-to-charge (m/z) ratios of 183.99 and 344.243, respectively. None of the two 

markers showed reliable hits in databases. The marker 219_1345 was predicted to be 

dinitrophenol. UHPLC-QTOF-MS–based profiling often detects fragmented peak profiles for 

individual metabolites. For 79 out of 2633 metabolite markers, a signal was detected in every 

analyzed isolates. For the remaining 2554 (~96%) metabolite markers, we detected no reliable 

signal in one or more isolates, which may be due to secondary peaks or represent true 

differences in metabolic diversity. We performed a down sampling analysis to identify the 

proportion of metabolite markers detected in isolates. We found that approximately equal 

proportions of metabolite markers detected in 75%, 50% and 25% of the total isolates (Fig 

2C).   
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Figure 3: Untargeted metabolite profiling of 102 isolates using ultra-high performance 
liquid chromatography tandem mass chromatography (UHPLC-QTOF-MS). A) The first 
two principal components (PC) from a PC analysis of 2633 metabolite markers. Isolates are 
colour coded by the collection time point. B) Bi-plot of 2633 metabolite markers showing the 
contribution of the ten metabolite markers contribution most to differentiation of metabolite 
profiles. Metabolite markers are labelled using their respective m/z values. C) Down sampling 
analysis to identify the proportion of 2633 metabolite markers detected in mapping population 
 

Metabolite-GWAS based on variation in metabolite abundance 

Variation in relative abundance among isolates may have a genetic basis (Fig 4A). We 

performed mGWAS on relative metabolite marker intensities based on mixed linear models 

taking genetic relatedness into account. We first evaluated top association p-values for 2633 

metabolite markers. We evaluate evidence for p-value inflation and high coefficients of 

variation were associated with excessively low p-values compared to expectations given the 

size of the mapping population and previous phenotype-genotype association mapping (Fig 
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4B-C, Supplementary Fig 1) (Hartmann et al., 2017; Dutta et al., 2021). To reduce the risk of 

p-value inflation, we removed all metabolite markers with a relative maximum intensity <100 

(Fig 4D). The reduced dataset included 62 metabolite markers and association p-value ranging 

from 1.28e-74 – 1.89e-06 (Fig 4E, Supplementary Table S3). Among the retained metabolite 

markers, the maximum relative intensity and standard deviation among isolates are positively 

correlated (r = 0.96, p < 2.2e-16; Fig 4F).  
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Figure 4: Metabolite abundance variation and metabolite genome wide association 
studies (mGWAS). A) Maximum relative intensity of 2633 metabolite markers compared to 
the co-efficient of variation among isolates. B) Histogram showing the distribution of 
−log10(p) values of the most significantly associated single nucleotide polymorphisms (SNP) 
for each independent mGWAS. C) Distribution of −log10(p) values of top associated SNPs 
against the co-efficient of variation of relative intensities. D) Metabolite markers filtered for a 
relative intensity >100 (n = 62) with the dot size representing the co-efficient of variation. E) 
Standard deviation of relative intensities compared to the −log10(p) values of the top associated 
SNP for each mGWAS. F) Correlation of standard deviation of relative intensities and 
maximum relative intensities. 
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For each of the 62 high abundance metabolites, we analyzed the closest gene to most 

significantly associated SNP (Supplementary Table S3; Fig 5A). We found very few associated 

SNPs on accessory chromosomes (Fig 5A). Linkage disequilibrium on chromosomes decays 

to r2 < 0.2 within 500-1500 bp (Singh et al., 2020). This range matches also the average gene 

distance in the Z. tritici genome  (Goodwin et al., 2011). We found that the most significantly 

associated SNP for each metabolite marker was at a distance of 0-19.5 kb to the closest gene 

(mean = 5 kb, median = 3 kb; Fig 5B). For the remainder, we focused only on the most 

significantly associated SNPs for each metabolite marker falling within 2 kb of a gene (Table 

1).  

 

Table 1: List of significantly associated single nucleotide polymorphisms (SNPs) from the 
metabolite genome-wide association study. Only SNPs within 2 kb of a coding sequence are 
reported. Markers of interest were characterized using the mass spectrometry reference spectra 
database MassBank (https://massbank.eu). 
 

Mass-
to-

charge 
ratio 
(m/z) 

Putative 
metabolite Gene_id chromoso

me 

SNP 
positio

n 
p value 

Distanc
e to 
gene 

Predicted function encoded 
by gene 

136.063  Zt09_model_17_000
44 17 261587 1.28E-

74 0  

436.211
4 Artocaprin  Zt09_model_11_000

05 11 19156 2.50E-
29 0 

Permease for 
cytosine/purines, uracil, 

thiamine, allantoin 

206.139
8 Thioctic acid Zt09_model_9_0000

7 9 36871 2.49E-
19 0 

Uncharacterized alpha/beta 
hydrolase domain 

(DUF2235) 
466.194

1 T-2 mycotoxin Zt09_model_8_0066
7 8 198399

3 
1.98E-

17 0 Transcription elongation 
factor Elf1 like 

158.118
9 Pelargonic acid  Zt09_model_12_000

99 12 348419 3.98E-
11 0 Dynamin family, Dynamin 

central region 
167.994

9 
Phosphoenolpyruv

ic acid 
Zt09_model_2_0092

8 2 277487
6 

2.74E-
08 0 Amidase 

295.227
4 Butralin  Zt09_model_2_0008

3 2 320647 5.81E-
08 0 Vacuolar protein sorting-

associated protein 35 
182.082

4 
 Zt09_model_2_0008

3 2 320647 5.81E-
08 0 Vacuolar protein sorting-

associated protein 35 
211.087

7 
 Zt09_model_2_0115

8 2 349749
9 

2.10E-
07 0  

205.098
5 Phosphocreatine Zt09_model_9_0031

4 9 102390
9 

1.89E-
06 0 

Enoyl-CoA 
hydratase/isomerase, 

Metallopeptidase family 
M24, Putative cyclase 

129.019
8 indoleacetic acid Zt09_model_4_0068

8 4 224429
7 

9.25E-
07 102 Vacuolar protein sorting 36 

NZF-N zinc-finger domain,  

136.067
1 Pipecolic acid    Zt09_model_4_0019

2 4 726826 6.15E-
07 156 

Telomere stability and 
silencing, Hsp20/alpha 

crystallin family 
387.193

4 
 Zt09_model_10_001

38 10 392483 1.22E-
07 171  
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231.171
1 Hydroxytamoxifen Zt09_model_1_0142

2 1 406962
6 

4.90E-
15 635 Major Facilitator 

Superfamily 
116.054

3 aminophenazone   Zt09_model_4_0059
9 4 201711

3 
7.06E-

09 692 Flavin-binding 
monooxygenase-like 

232.155
3 

 Zt09_model_13_000
09 13 58225 5.51E-

16 709  

190.090
8 acetylcytisine  Zt09_model_11_003

28 11 101379
1 

9.17E-
12 955 linker histone H1 and H5 

family 
204.106

4 
 Zt09_model_7_0003

8 7 138324 3.50E-
08 975  

176.075 Tryptophan  Zt09_model_8_0067
4 8 200317

1 
1.48E-

11 1091 Zinc finger, C2H2 type 

384.115
1 Allantoic acid  Zt09_model_7_0057

5 7 186415
4 

8.66E-
10 1102 Glycosyl hydrolase family 

36 N-terminal domain,  

86.0979  Zt09_model_21_000
36 21 235144 2.17E-

09 1496  

169.077
1 Piperazine  Zt09_model_3_0031

7 3 114697
2 

3.62E-
12 1549 PP-loop family, Zinc-ribbon 

268.105
1 Methylhistidine  Zt09_model_4_0003

1 4 113041 2.94E-
11 1705 Glycerophosphoryl diester 

phosphodiesterase family 

136.063  Zt09_model_19_000
73 19 443326 3.16E-

08 1854  

 

We used metabolite marker signature look-ups in databases to identify putative metabolite 

structures based on m/z values and profiles (Table 1). We found seven SNPs within the coding 

sequences of genes. One of these seven SNPs (chr8_ 1983993) falls within a gene encoding a 

homolog to an enzyme involved in T2 mycotoxin production found in Fusarium species (Table 

1). The SNP chr11_ 19156 was located in the coding sequence of a permease related to 

nucleotide transport. Other SNPs in coding sequences were chr9_ 36871, chr12_348419, chr2_ 

2774876, chr2_ 320647 and chr9_ 1023909, which encode a hydrolase domain protein, a 

dynamin-like protein, an amidase, a vacuolar protein sorting protein and a metallopeptidase, 

respectively (Table 1). Furthermore, we found SNPs nearby genes encoding a major facilitator 

super family up-regulated during late infection stages (i.e. necrotrophic stage) and encoding a 

flavin-dependent monooxygenase. We also found SNPs nearby genes encoding hydrolases and 

histone linker proteins, which maintain chromatin structure (Table 1). We used gene ontology 

(GO) term enrichment analyses of the protein functions encoded nearby the most significantly 

associated SNPs for each metabolite marker. We found the strongest enrichment for endosome 

transport functions (Fig 5D). Endosomes play key roles in cell homeostasis and metabolite 

regulation. 
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Figure 5: Metabolite genome wide association studies (mGWAS) and candidate gene 
functions. A) Number of the most significantly associated single nucleotide polymorphisms 
(SNP) across chromosomes for each of the metabolite markers with a relative intensity >100 
(n = 62). B) Distance of the most significantly associated SNP for each metabolite marker to 
the closest gene. C)  −log10(p) values of most significantly associated SNPs compared to the 
distance of the closest gene. The red line indicates the threshold of 2 kb used for investigations 
of the encoded gene functions. D) Gene ontology term enrichment analysis of functions 
encoded by the closest genes. 
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Discussion 
 
 
We used untargeted metabolite profile and genome-wide association mapping to identify 

candidate loci underlying the production of metabolites. We found that a single, highly diverse 

field population of Z. tritici likely harbors substantial variation in the production of individual 

compounds. We performed association mapping based on standardized metabolite peak 

intensities as a phenotypic trait and identified significantly associated loci in close proximity 

to genes encoding membrane transporters and hydrolases. Functions related to endosomes were 

enriched suggesting an involvement of cellular homeostasis in determining the levels of the 

quantified metabolites. 

 

The study species harbors a significant diversity in BGC with likely consequences for the 

production of SM. Consistent with the high degrees of genetic diversity detected at the local 

scale (Hartmann & Croll, 2017), BGC show presence/absence variation even among isolates 

from the same field. We found that the local isolates were missing a cluster from every major 

category of BGC with the exception of the rarer type 3-PKS and terpene types. To what extent 

the dispensability of individual BGCs relates to ecological functions and niche adaptation 

remains unknown. An understanding of the metabolites produced by the encoded pathways 

will help clarify the evolutionary significance of individual BGC polymorphisms. Standing 

variation for the production of SM elevates the evolutionary potential of Z. tritici, because 

populations could respond rapidly to selection for or against the production of specific 

metabolites. Intra-species variation in BGCs and SM production have been observed in a range 

of fungi including the rice blast pathogen Magnaporthe oryzae, where a gain of virulence was 

linked to the duplication of a hybrid PKS‐NRPS cluster (Zhong et al., 2020). Aspergillus 

species show also significant intra- and interspecific variation in BGCs and the potential to 

produce specific SM with consequences for niche adaptation (Theobald et al.). Members of the 
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F. graminearum species complex carries clearly distinct sets of BGCs depending on the 

evolutionary conservation of the cluster (Tralamazza et al., 2019). In most species, including 

Z. tritici, it remains however unclear whether BGCs presence/absence variation is directly 

associated to niche and host adaptation. 

 

The production of many metabolites, including SMs, is tightly regulated over the life cycle 

stages of fungal pathogens (Calvo et al., 2002; Keller, 2019). Using untargeted metabolite 

screening, we identified highly variable metabolite profiles among isolates of a single field 

population. Given our approach, the detected metabolites are produced under nutrient-rich 

culture conditions. To assess metabolite production of Z. tritici in more complex environments 

(e.g. on the host) will require targeted approaches and high sensitivity. Focused analyses on 

identifying individual chemical structures are required to resolve the significance of metabolite 

peak profiles. Nevertheless, our analyses have established that metabolite production is a 

highly variable trait within pathogen populations. Given the standardized conditions, we 

expected significant genetic contributions to the observed metabolome diversity. The analyzed 

population is genetically highly diverse with a small degree of genetic substructure (Singh et 

al., 2020) and the metabolome differentiation largely reflects this genetic diversity. 

Surprisingly, we found that the metabolite profiles clustered according to the isolate collection 

time point over the growing season (i.e. C1-C3). This is in contrast to the genetic differentiation 

of the same isolates where no clustering is evident based on collection time points (Singh et 

al., 2020). The metabolome profile clustering is also robust to the relative abundance levels, as 

a more selective filtering did not meaningfully impact the outcome. A possible explanation for 

the consistent shifts of the metabolome over the course of the growing season is selection for 

isolates expressing a specific set of metabolites. Temporal shifts in phenotypic traits were also 

apparent for pathogen reproduction (i.e. pycnidia formation) on wheat leaves where isolates 
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collected later in the season showed higher reproductive output (Singh et al., 2020, 2021). 

Shifts in aggressiveness were also previously observed in multi-year studies of Z. tritici over 

years, cultivars and leaves on individual plants (Suffert et al., 2018). Identifying the chemical 

structure of the compounds contributing most strongly to shifts in the metabolome over the 

course of the growing season will provide insights into the adaptive nature of such changes. 

 

Variation in metabolite abundance among individuals can be used to identify candidate genes 

involved in differential regulation. Based on mGWAS, we identified genetic polymorphisms 

close to genes encoding a broad range of functions. However, we have also encountered 

substantial p-value inflation for association mapping on low intensity peaks highlighting the 

challenge to improve the signal-to-noise ratio in large metabolomics datasets without manually 

curated markers. Promising candidate genes encode transporter proteins including a permease 

related to purine–pyrimidine transport. Such permeases play an important role in nucleic acid 

biosynthesis and other roles related to cellular nutrition, communication, and defense 

mechanisms in filamentous fungi (Prather et al., 2005). Major facilitator superfamily (MFS) 

transporters are known to underlie fungicide and stress tolerance (Roohparvar et al., 2007; 

Omrane et al., 2017; Zhong et al., 2020). MFS transporters are also involved in the secretion 

of phytotoxins during infection and, hence, can contribute to virulence  (Zwiers et al., 2003; 

Vela-Corcía et al., 2019). Interestingly we found an association for variation in a putative 

amino-phenazone, which can act as an anti-bacterial compound (Asiri & Khan, 2010). The 

associated SNP was close to a gene encoding a flavin-containing mono-oxygenases. In 

Aspergillus, flavin-containing monooxygenases contribute to the biosynthesis of an antimitotic 

tetrapeptide ustiloxin B (Ye et al., 2016). Ustiloxins are toxic cyclic peptides first identified in 

the rice pathogen Ustilaginoidea virens (Tsukui et al., 2015). Gene ontology enrichment 
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analyses revealed an over-representation of endosome functions, which are typically involved 

in cellular homeostasis of metabolites. 

 

In conclusion, our study highlights the power of association mapping to identify candidate loci 

underlying metabolite diversity in fungi. Previously, mGWAS was limited to plant models, but 

our findings illustrate how applications to plant pathogenic fungi can efficiently produce 

candidate lists. A key requirement is access to large, experimentally tractable isolate 

collections. High degrees of recombination and rapid decay of linkage disequilibrium are 

further requirements for the successful application of association mapping approaches 

(Sánchez-Vallet et al., 2018). Establishing metabolome-wide profiles for a range of pathogens 

under variable conditions will complement analyses focusing on proteaceous effectors.  
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Material and Methods 
 
 
Field collection and storage 

We collected Z. tritici isolates from the Field Phenotyping Platform (FIP) site of the ETH 

Zürich, Switzerland (Eschikon, coordinates 47.449°N, 8.682°E) (Kirchgessner et al., 2017). 

We analyzed a total of 102 isolates collected during the 2016 growing season from 11 winter 

wheat cultivars, which are commonly grown in Switzerland (Levy et al., 2017). We analyzed 

isolates originating from three collection time points over the season (Supplementary Table 

S1). The first collection (n = 48) was established in May when wheat plants were in growth 

stage (GS) 41. The second (n = 7) and third collection (n = 47) was established when the plants 

were in GS 75 and GS 85, respectively. After sampling, spores of each isolate were stored in 

either 50% glycerol or anhydrous silica gel at −80 °C. Additional information regarding the 

sampling scheme and genetic diversity of the collection is described in Singh et al. (2020) 

 

Culture preparation and metabolite extraction 

Isolates were revived from glycerol stock by adding 50 µl fungal stock solution to a 50 ml 

conical flask containing 35 ml liquid YSB (yeast-sucrose broth) medium. The inoculated flasks 

were incubated in the dark at 18° C and 160 rpm on a shaker-incubator. After 8 days of 

incubation, the cultures were passed through four layers of meshed cheesecloth and washed 

thrice with sterile milli-Q water to remove media traces. Spores were then lyophilised and 

metabolites extracted by resuspending the spores (~80 mg) in 1 ml of HPLC-grade methanol. 

The extract was centrifuged at 15,000 rpm for 5 minutes to pellet down debris before retrieving 

the supernatant. The last step was repeated until a clear supernatant was recovered. 
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Whole-genome sequencing and variant calling 

Approximately 100 mg of lyophilized spores were used to extract high-quality genomic DNA 

with the Qiagen DNeasy Plant Mini Kit according to the manufacturer’s protocol. We 

sequenced paired-end reads of 100 bp each with an insert size of ~550 bp on the Illumina HiSeq 

4000 platform. Raw reads are available on the NCBI Sequence Read Archive under the 

BioProject PRJNA596434 (Oggenfuss et al., 2020). Illumina sequences were quality checksed 

using FastQC v. 0.11.9. (Andrews, 2010). Sequencing reads were then screened for adapter 

sequences and quality trimmed using Trimmomatic v. 0.39 (Bolger et al., 2014) using the 

following settings: illuminaclip=TruSeq3-PE.fa:2:30:10, leading=10, trailing=10, sliding-

window=5:10 and minlen=50. Trimmed sequencing reads were aligned to the reference 

genome IPO323 (Goodwin et al., 2011) available from Ensembl Fungi 

(https://fungi.ensembl.org/Zymoseptoria_tritici/Info/Index) and the mitochondrial genome 

(European Nucleotide Archive accession EU090238.1) using Bowtie2 v. 2.4.1 (Langmead & 

Salzberg, 2012). Multi-sample joint variant calling was performed using the HaplotypeCaller 

and GenotypeGVCF tools of the GATK package v. 4.0.1.2 (McKenna et al., 2010). We retained 

only SNP variants (excluding indels) and proceeded to hard filtering using the GATK 

VariantFiltration tool based on the following cutoffs: QD < 5.0; QUAL < 1000.0; MQ < 20.0; 

-2 > ReadPosRankSum > 2.0; -2 > MQRankSum > 2.0; -2 > BaseQRankSum > 2.0. After 

filtering for locus level genotyping rate (>50%) and minor allele count (MAC) of 1 using 

VCFtools v. 0.1.15 (Danecek et al., 2011). Additional sequencing and variant call statistics are 

available from Singh et al. (2000). 

 

Untargeted metabolite profiling using UPLC-Q-TOF-MS 

Metabolome analyses were carried out by UHPLC-QTOF-MS using an Acquity UPLC coupled 

to a Synapt G2 QTOF mass spectrometer (Waters). An Acquity UPLC HSS T3 column 
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(100x2.1mm, 1.8 μm; Waters) was employed at a flow rate of 500 μl/min and maintained at a 

temperature of 40°C. The following gradient with 0.05% formic acid in water as mobile phase 

A and 0.05% formic acid in acetonitrile as mobile phase B was applied: 0-100 % B in 10 min, 

holding at 100% B for 2.0 min, re-equilibration at 0% B for 3.0 min. The injection volume was 

2.5 μl. The QTOF was operated in electrospray negative mode using the so-called MSE 

acquisition mode which alternates between two acquisitions functions, one at low and another 

at high fragmentation energies. Mass spectrometric parameters were as follows: mass range 

50-1200 Da, scan time 0.2 s, source temperature 120°C, capillary voltage -2.5 kV, cone voltage 

-25V, desolvation gas flow and temperature 900 L/h and 400°C, respectively, cone gas flow 

20 L/h, collision energy 4 eV (low energy acquisition function) or 15-50 eV (high energy 

acquisition function). A 500 ng/ml solution of the synthetic peptide leucine-enkephaline in 

water:acetonitrile:formic acid (50:50:0.1) was infused constantly into the mass spectrometer as 

internal reference to ensure accurate mass measurements (<2ppm). Data was recorded by 

Masslynx v.4.1. Marker detection was performed using Markerlynx XS (Waters) with the 

following parameters: initial and final retention time 1.5 and 10.0 min, mass range 85-1200 

Da, mass window 0.02 Da, retention time window 0.08 min, intensity threshold 500 counts, 

automatic peak width and peak-to-peak baseline noise calculation, deisotoping applied. Data 

was mean-centered and Pareto scaled before applying multivariate analysis. Markers of interest 

were characterized using the mass spectrometry reference spectra database MassBank 

(https://massbank.eu). We selected the metabolite hit which was +/- 0.05 m/z value to the query 

metabolite m/z value  

 

Genome-wide association mapping and linkage disequilibrium analyses 

We performed GWAS based on mixed linear models accounting for degrees of kinship among 

genotypes (MLM+K). The kinship matrix was computed using the scaled identity-by-state 
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(IBS) algorithm implemented in TASSEL v. 20201114 (Bradbury et al., 2007). We included 

the kinship matrix as a random effect in the mixed linear models for association mapping using 

TASSEL. Accounting for kinship performs sufficiently well to control for genetic substructure 

in the mapping population (Singh et al. 2021). Untransformed relative abundance values for 

each peak were used as trait values for association mapping. Outcomes were visualized using 

the R package qqman v. 0.1.4 (Turner, 2014). We filtered association p-values based on the 

Bonferroni threshold at a = 0.05. The closest gene for each associated SNP was identified using 

the “closest” command in bedtools v. 2.29.0  (Quinlan & Hall, 2010).  
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Supplementary Figures 
 

 
Supplementary Figure S1: Distribution of −log10(p) values of the most significantly 
associated SNP for each of the 2633 metabolite markers against the mean and median relative 
intensity. 
 
 
 

 
 

Supplementary Figure S2: Biplot and the first two principal components (PC) from a PC 
analysis of 62 metabolite markers retained after filtering for a maximum intensity >100. 
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Abstract 
 
 
Pathogens and pests are one of the major threats to agricultural productivity worldwide. For 

decades, targeted resistance breeding was used to create crop cultivars that resist pathogens 

and environmental stress while retaining yields. The often decade-long process of crossing, 

selection, and field trials to create a new cultivar is challenged by the rapid rise of pathogens 

overcoming resistance. Similarly, antimicrobial compounds can rapidly lose efficacy due to 

resistance evolution. Here, we review three major areas where computational, imaging and 

experimental approaches are revolutionizing the management of pathogen damage on crops. 

Recognizing and scoring plant diseases have dramatically improved through high-throughput 

imaging techniques applicable both under well-controlled greenhouse conditions and directly 

in the field. However, computer vision of complex disease phenotypes will require significant 

improvements. In parallel, experimental setups similar to high-throughput drug discovery 

screens make it possible to screen thousands of pathogen strains for variation in resistance and 

other relevant phenotypic traits. Confocal microscopy and fluorescence can capture rich 

phenotypic information across pathogen genotypes. Through genome-wide association 

mapping approaches, phenotypic data helps to unravel the genetic architecture of stress- and 

virulence-related traits accelerating resistance breeding. Finally, joint, large-scale screenings 

of trait variation in crops and pathogens can yield fundamental insights into how pathogens 

face trade-offs in the adaptation to resistant crop varieties. We discuss how future 

implementations of such innovative approaches in breeding and pathogen screening can lead 

to more durable disease control. 

 

Keywords: Agriculture, plant pathogens, high-throughput phenotyping, image analysis, 

genome-wide association mapping, sustainability 
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Introduction 
 
 
Feeding the world population requires a stable production of safe food, which is threatened by 

factors such as climate change, land degradation and diseases. Pathogens and pests cause 

significant reductions in agricultural productivity worldwide, and control strategies remain 

ineffective for many pathogens (Strange and Scott 2005; Chakraborty and Newton 2011; Islam 

et al. 2016). Around 20-30% of the global harvest is lost to plant diseases with additional post-

harvest losses of up to 12% (Fao 2017). The two main approaches to protect crops from 

diseases are the deployment of resistant cultivars often carrying specific loci conferring 

resistance (i.e. R genes) (Petit-Houdenot and Fudal 2017) and the application of chemical 

compounds (e.g. fungicides, insecticides) (D.-C. He, Zhan, and Xie 2016; Sundin et al. 2016; 

Rohr et al. 2017). Targeted resistance breeding has been practiced for decades to create 

cultivars that resist pathogens but retain desirable agricultural traits. Yet even modern 

molecular breeding techniques often involve multiple years of crossing, selection, and testing 

to create a new cultivar (Ahmar et al. 2020). At the same time, plant pathogens often rapidly 

overcome resistance gene mediated immunity defeating expensive breeding efforts (Palloix, 

Ayme, and Moury 2009; Mutka et al. 2016). Similarly, the deployment of synthetic chemicals 

is often followed by the rise of resistant pathogen populations (Kitchen et al. 2016; Van de 

Wouw et al. 2017). Tackling food security risks posed by pathogens will require bringing 

together fundamental insights into the biology of diseases, advancements in high-throughput 

approaches and innovations in computational tools. 

 

Sustainable agricultural management practices critically rely on an understanding of the 

biology and evolutionary potential of the major crop pathogens. Emerging or re-emerging 

pathogens can only be contained by investigating their origins and migration routes, as well as 

their potential to counter-adapt to deployed control measures. Advancements in genomics, 
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transcriptomics and proteomics have been instrumental to elucidate these questions and 

unravelled a broad range of molecular mechanisms governing host-pathogen interactions 

leading to more effective control strategies (Mwadzingeni et al. 2016; Berkman et al. 2012; 

Andargie and Li 2016; Rustagi et al. 2018). Gene editing and breeding focused on the 

exploitation of natural genetic variability provide critical resources for introducing novel alleles 

into crop improvement efforts (Varshney, Hoisington, and Tyagi 2006; Majid et al. 2017). 

Genetic crop improvement requires though large-scale screening of thousands of lines grown 

under different environmental conditions (Shakoor, Lee, and Mockler 2017; Bevan et al. 2017). 

On the pathogen side, the rapid identification of emerging resistance against chemicals or 

virulence on previously resistant crops is of utmost importance (Corredor-Moreno and 

Saunders 2020; Islam et al. 2016). Genotyping of plants and pathogens has reached impressive 

throughput at low cost, yet equivalent improvements in high-throughput screening of 

phenotypic information are largely lagging behind (Mutka and Bart 2014; Shakoor, Lee, and 

Mockler 2017). This in turn has created a bottleneck for speed breeding efforts and automated 

monitoring of the plant health status during agricultural production. To highlight recent 

developments that have the potential to remedy these shortcomings, we first discuss crucial 

components of host-pathogen interactions that can be targeted. We then review recent 

developments in disease-focused plant phenomics enabled by high-throughput phenotyping 

platforms. Finally, we highlight advances in the screening of pathogen populations to detect 

early signs of resistance evolution or increased virulence. We argue that combining the above-

mentioned approaches has yielded impressive insights into the genetic architecture of crop 

diseases. Finally, we discuss how innovative approaches can lead to more durable disease 

control. 
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Figure 1: The biology of plant-pathogens interactions. A)  A wide range of insects feed on 
leaves as herbivores. B) Longitudinal root section and rhizosphere. Underground interactions 
can have significant effects on the stem phenotype and on the entire plant. Filamentous fungi 
and bacteria can have beneficial effects on the plant by facilitating the acquisition of 
phosphorus and nitrogen or detrimental effects when confronted by root pathogens. C) 
Dorsiventral section of a leaf colonized by different pathogenic filamentous fungi. From the 
left: fungi of the Fusarium, Aspergillus, Magnaporthe and Podosphaera genus. D) Filamentous 
fungi and oomycetes causing leaf infections. Filamentous pathogens can penetrate into the 
mesophyll through stomata. Once inside the mesophyll, pathogens colonize the entire tissue 
within days or weeks. Depending on the lifestyle (biotrophic or necrotrophic), pathogens 
secrete small proteins (called effectors) to manipulate plant cells. Plants detecting effectors 
(blue receptors) can mount a hypersensitive response (HR) leading to an autophagy-like cell 
death prevents the spread of the pathogen. 
 
 
Knowing the enemy: How pathogens interact with plants to cause disease  

Major crop diseases are caused by pathogens including fungi, bacteria and viruses (Fig 1). In 

addition, insect pests also cause substantial losses in agricultural production (Horrocks, Ward, 

and Suckling 2020; Wilkinson et al. 2019). Spores of fungi and bacteria can be transmitted by 

wind, rain splash and animals including humans and insects (Leach and Cowen 2014; Perilla-

Henao and Casteel 2016). Some pathogens penetrate plant tissues (Fig 1B) with the help of 

vectors and then are surrounded by cytoplasm, cell membrane, or cell walls (J. D. G. Jones and 

A B

C D

Insect pest diversity Fungal pathogen leaf infection strategies

Root-level interactions including
fungi and bacteria

Recognition of fungal effectors triggers 
immune responses and host cell death



CHAPTER 4 

138 
 

Dangl 2006; Abdulkhair and Alghuthaymi 2016). In other cases, the pathogen makes contact 

with the external surface of the plant, and then deploys a penetration mechanism which can 

include highly specialized structures (e.g. appressoria) (Köhl, Kolnaar, and Ravensberg 2019). 

After invasion of the host tissue, the success of a pathogen on a specific host is largely 

explained by an interaction of gene products encoded in the host and pathogen genomes (Crute 

1994; Alizon et al. 2009). Resistance (R) genes in plants encode proteins to directly or 

indirectly detect the presence of pathogen effectors (also known as avirulence factors or Avr) 

and trigger strong immune responses (Fig 1B-D).  Pathogens can escape recognition through 

sequence diversification or deletion of effector genes (Schmidt et al. 2016). Despite the 

importance of single loci controlling the infection outcome, pathogenicity can have a complex 

and largely quantitative genetic basis (Lambrechts 2010; Brown et al. 2015; J. Zhang et al. 

2015; Chakravarti and Turner 2016; Hartmann et al. 2017; Bettgenhaeuser et al. 2018). To 

successfully infect plants, pathogens also need to tolerate a series of abiotic stress factors (Fig 

1C). Since pathogen species have an optimal range of environmental conditions (i.e. 

temperature, pH, humidity) to thrive, changes in the environment can alter the pathogen's 

ability to cause damage (van der Does and Rep 2007). Environmental factors such as annual 

temperature fluctuations, the quantity and pattern of precipitation, levels of CO2 and ozone can 

affect plant disease severity (Chakraborty and Newton 2011; Suffert, Ravigné, and Sachec 

2015). Furthermore, the efficacy of pesticides can be significantly altered by weather 

conditions (e.g. wash-off of fungicides following strong rainfall). Hence, the challenge to 

contain pathogen damage in agriculture is to predict the emergence of virulent strains and the 

rise of fungicide resistance.  



  CHAPTER 4 

139 
 

 

Figure 2: High-throughput phenotyping platforms for plants and pathogens. A) Light in 
the visible spectrum can be used to detect changes in color and morphology of infected plant 
tissue. Infrared and short-wave infrared enable to record changes in water content, leaf 
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thickness and photosynthetic efficiency. Long-wave infrared allows assessments of plant 
surface temperatures. Hyperspectral sensors capture multiple images across the range of 300-
2500 nm. B) Imaging systems assess absorption, transmission, or reflectance characteristics of 
the incident electromagnetic radiation interacting with the plant surface. Diseased plant tissue 
often differs in reflectance compared to healthy tissue. Image analysis algorithms define 
contrasts between diseased and non-diseased leaf areas. C) Disease phenotyping  approaches 
from the leaf to the field scale. D) Screening of pathogen populations can be performed in 
liquid cultures or on solid media. The most common experiments monitor growth rates by 
assessing culture densities over time or estimate the dose-response curves when exposed to 
antimicrobial compounds. Co-cultures of multiple microbes may be analyzed using two distinct 
emission/excitation pairs specific for each the co-cultured species. 
 

Given the possibly severe consequences, the early detection of resistance breakdowns in crops 

or loss of sensitivity to pesticides is critical. Detection early in the growing season and 

identifying previously uncharacterized pathogens remain major challenges. Classic plant 

disease diagnostics usually relies on visual symptom scoring by trained individuals 

categorizing disease severity on linear scales (J. Wang et al. 2019). However, classic 

diagnostics is obviously only possible once symptoms have appeared (Bock et al. 2010). Some 

pathogens (i.e. biotrophs) can feed on plant nutrients for a long period without causing apparent 

infection symptoms (Spanu and Panstruga 2017). Pathogens killing plant cells to obtain 

nutrients are more obvious to detect (Shaw et al. 2016). Adding to the complexity of pathogen 

detection, many pathogens can undergo temporal shifts in infection lifestyles (Vleeshouwers 

and Oliver 2014). Plant infections often occur in patches with large areas of the field free of 

disease at an early stage of infestation. This is due to the short-distance dispersal of pathogens 

around the original disease foci (McCartney and Fitt 1998; Bravo et al. 2003). Hence, efficient, 

large-scale disease scoring is necessary to detect infections at early stages before the symptoms 

even become visible. Remote imaging and advanced data analysis can be used to identify 

disease foci and inform smart applications of chemical control agents (Fig 2). The agricultural 

environment presents many complexities that are often poorly captured in greenhouse 

experiments. In fields, plants face fluctuating environmental conditions and are competing for 
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light, water and nutrients. Hence, high-throughput phenotyping and analytical tools are largely 

subdivided into field-applicable approaches and laboratory/greenhouse setups. 

 

Disease symptoms may include any range of changes in the color, shape or functioning of the 

plant as it responds to a pathogen and can be visualized at specific wavelengths (Fig 2A). 

Depending on the pathogen, the disease symptoms can range from leaf spots, chlorosis, 

necrosis, wilting or overgrowth (Kado 2016; Jain et al. 2019). However, plant stress beyond 

infections can activate protective mechanisms leading to suboptimal growth, chlorophyll loss 

or changes in surface temperatures (Kuska et al. 2015; Baker 2008). Such changes produce 

detectable shifts in the spectral signature compared to a healthy plant and can be measured by 

different methods (Fig 2A-B, Table 1) (Martinelli et al. 2015). Imaging systems rely on the 

quantification of absorption, transmission, or reflectance characteristics of the electromagnetic 

radiation interacting with the plant surface (Fig 2A-B) (Mulla 2013). We provide a set of 

specific disease-related phenotypes, which can be captured by different camera sensors across 

the wavelength spectrum in Table 1. For example, in the shortwave infrared spectrum (1000-

3000 nm) water and biomolecules show characteristic reflectance patterns (Fig 2A). A 

shortwave infrared sensor can detect an infected region based on differences in water content 

due to the disease (Fig 2B). Computational algorithms can then highlight contrasts between 

infected and healthy areas to estimate disease severity at the leaf level (Fig 2B). The various 

algorithms available for plant phenotype assessments have recently been reviewed in more 

detail (Z. Li et al. 2020). Disease phenotype scoring is also largely dependent on the 

experimental setup. Plant disease phenotyping under greenhouse or growth chamber conditions 

largely eliminates fluctuations due to the environment and experiments can easily be replicated 

for the same genotypes. Such end-point experiments also allow invasive assessments of 

pathogen colonization on the surface and inside plant tissues using cross-section imaging of 
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entire organs (e.g. leaves, Fig 2C), wide-field and confocal microscopy (Fig 2C), as well as 

various polymerase chain reaction (PCR) and sequencing-based methods to estimate 

abundance. Such well-controlled measurements from mostly greenhouse experiments have 

been used to perform QTL mapping and genome-wide association studies (GWAS) to detect 

markers associated with resistance and inform breeding programs.  

 

Table 1: Disease assessments enabled by high throughput sensors 

Image sensor 
type 

Examples of measurable 
phenotypes  

Disease / pathogens Reference 

RGB ● Color 
● Morphology 
● Biomass 
● Physiology 
● Disease symptoms 
● Germination rate  

● Potato late blight 
● Citrus canker 
● Cercospora leaf spot 
● Sugarbeet rust 
● Anthracnose 
● Septoria tritici blotch 

(Tisné et al. 2013; X. Zhang, Hause, and 
Borevitz 2012; Campbell et al. 2017; S. L. Kim 
et al. 2020; Raza et al. 2015; Sugiura et al. 2016; 
Bock et al. 2008; D. Chen et al. 2014; Neumann 
et al. 2014; Wijekoon, Goodwin, and Hsiang 
2008; Stewart and Mcdonald 2014) 

Multispectral and 
hyperspectral 
sensors  

● Nutrient status, 
● Water content 
● Senescence  
● Photosynthetic efficiency 

● Laurel wilt 
● Powdery mildew 
● Cercospora leaf spot 
● Rusts 
● Fusarium Head blight 

(Abdulridha, Ehsani, and De Castro 2016; L. He 
et al. 2020; Wahabzada et al. 2015; Leucker et 
al. 2016; A-K Mahlein et al. 2010; Elke 
Bauriegel, Giebel, and Herppich 2011; Thomas 
et al. 2018; Rumpf et al. 2010) 

Thermal sensors  ● Transpiration 
● Heat stress 
● Senescence 
● Leaf/canopy temperature 

 
● Downy mildew 
● Wilt 
● Scab disease 

(Oerke et al. 2006; Oerke, Fröhling, and Steiner 
2011; Calderón, Navas-Cortés, and Zarco-Tejada 
2015) 

Infrared sensors ● Phenotypes measured 
with thermal and 
hyperspectral sensors 

● Leaf water content 
● Photosynthetic efficiency 

 

● Powdery mildew 
● Net blotch  
● Brown rust  
● Fusarium Head blight 

(Kuska et al. 2015; Wahabzada et al. 2015; Apan 
et al. 2004; E. Bauriegel et al. 2011; Shahin and 
Symons 2012; Spinelli, Noferini, and Costa 
2004) 
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High-throughput plant health assessment under field conditions 

Technologies suitable for screening plant diseases even in early infection stages have become 

widely deployed (Shakoor, Lee, and Mockler 2017). Phenotyping platforms integrating such 

technology allow both proximal and remote monitoring of single plant leaves (or other organs), 

individual plants as well as entire fields (Fig 2C). Capturing plant phenotypes under field 

conditions consists either of measurements from space or the air with cameras mounted on 

satellites (WorldView-3, www.digitalglobe.com), unmanned aerial vehicles (UAVs), 

parachutes, blimps, manned or unmanned (i.e. drones) rotocopters or fixed-wing systems 

(Sankaran et al. 2015; Shakoor, Lee, and Mockler 2017; Chawade et al. 2019). Satellite 

imaging can provide multi-spectral images with a resolution ranging from meters to hundreds 

of meters (Chawade et al. 2019). However, there are major limitations due to weather 

conditions, the frequency of image capture, and overall costs. Satellite imaging is also most 

useful for regional or continental scale assessments of vegetation cover rather than crop 

breeding trials in individual fields. Recent improvements in high-resolution satellite imagery, 

e.g. GF-1 from China or European satellites such as SPOT, can provide time-resolved 

phenotyping of individual fields at the meter scale (Zhou et al. 2017; M. C. Hansen and 

Loveland 2012). Such resolution is able to capture transitions in reflectance due to senescence 

or pathogen outbreaks.  Unmanned aerial vehicles (UAV) have become popular in recent years 

because of the ease of deployment and possibilities to mount high-resolution image capture 

systems (Sugiura et al. 2016; Sankaran et al. 2015). A range of sensors can be installed on 

UAVs depending on the payload capacity and type of data required. These sensors can be based 

on spectral interactions such as visible light imaging (RGB) (Camargo and Smith 2009; Guo, 

Fukatsu, and Ninomiya 2015; Klodt et al. 2015), infrared and hyperspectral imaging (M. and 

Kulkarni 2015; Arens et al. 2016; D. Zhang et al. 2018; Thomas et al. 2018), thermal infrared 

(H. G. Jones et al. 2009; Costa, Grant, and Chaves 2013) and 3D laser (Koenig et al. 2015; 
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Müller-Linow et al. 2015).  A hexacopter mounted with RGB cameras enabled wheat plant 

height measurements matching well manual and ground-based LiDAR sensor measurements 

(Madec et al. 2017). Monitoring the progression of late blight disease in a potato field was 

possible using an aerial RGB camera (Sugiura et al. 2016). Thermal infrared sensors have also 

been successfully used to quantify plant responses towards drought stress in Black Poplar 

(Ludovisi et al. 2017), ground cover in sorghum, canopy temperature in sugarcane and crop 

lodging in wheat (Chapman et al. 2014). A major limitation of aerial camera based phenotyping 

is errors introduced while generating orthomosaics, which are composite images of stitched 

and geometrically corrected photographs (Maleki et al. 2020; Chawade et al. 2019). 

Inaccuracies in orthomosaics can be introduced by low camera sensor resolution, altitude and 

how the camera positioning was determined during capture (Liu et al. 2018). However, 

improvements in rectification algorithms and drone technologies have reduced orthomosaic 

errors significantly (T. Li et al. 2020). Orthomosaic inaccuracies can also be remedied by 

supplementing imagery captured by proximal phenotyping platforms (Xu, Li, and Paterson 

2019; Kefauver et al. 2017). 

 

Proximal plant phenotyping 

Proximal phenotyping is mostly deployed in greenhouse experiments or in well-controlled field 

experiments. Sensors covering a broad range of spectra can be mounted on stationary platforms 

or, for outdoor use, on suspension cables, robots and tractors  (Fahlgren, Gehan, and Baxter 

2015; Shakoor, Lee, and Mockler 2017; Mutka and Bart 2014; Young, Kayacan, and Peschel 

2019; Walter et al. 2019; Salas Fernandez et al. 2017; Kirchgessner et al. 2017). A fixed 

framework over a large field has advantages over both vehicle- and UAV-based phenotyping 

and is not limited by sensor payloads and battery capacity (Yang et al. 2020). For example, the 

Field Phenotyping Platform (FIP) established at the ETH Zurich uses a suspended cable setup 
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to move sensors over a large experimental field site (Kirchgessner et al. 2017). Similar setups 

exist at the University of Nebraska to phenotype maize and soybean cultures (Bai et al. 2019). 

These proximal phenotyping platforms benefit from having multiple mounted sensors 

capturing phenotypic trait information over a wide range of wavelengths. Imaging based on 

fluorescence is often used for proximal phenotyping to quantify phenotypic changes related to 

photosynthesis, nitrogen content and diseases like Septoria tritici blotch (Fig 2A-B) (Odilbekov 

et al. 2019; McAusland et al. 2019; J. Wang et al. 2019; S. L. Kim et al. 2020). Proximal 

phenotyping platforms can measure canopy temperature, nitrogen content, as well as 

phenotypic traits including leaf area and plant height (Yang et al. 2014). Such efficient, whole-

plant phenotyping helped accelerate the selection of drought-resistant rice plants (S. L. Kim et 

al. 2020). The platform was designed for imaging in the visible spectrum to record 

morphological features. The system also included infrared and near-infrared imaging to 

quantify water content, as well as temperature and fluorescence measures to quantify 

photosynthesis efficiency (S. L. Kim et al. 2020). The platform could accurately distinguish 

tolerant and susceptible plants and thus enabling rapid selection for speed breeding. 

Downstream applications included functional genetic studies for drought tolerance and GWAS 

applications, which in turn can feed into marker-assisted breeding efforts. In a different 

application, chlorophyll fluorescence and thermal (infrared) phenotyping of ~300 Iranian 

wheat cultivars combined with GWAS revealed adaptive alleles for drought stress useful for 

marker-assisted selection (Rahimi et al. 2019). 

 

Current plant phenotyping technologies and image processing algorithms struggle to reliably 

differentiate disease symptoms originating from multiple or unknown pathogens (Anne-Katrin 

Mahlein et al. 2012; Rumpf et al. 2010). This is partially due to the complexity of fungal and 

bacterial disease symptoms on crops, but is also due to the fact that disease symptoms during 
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early infection stages are hardly diagnostic for specific pathogens. Nutrient or water 

deficiencies (in the absence of pathogens) can produce symptoms that are difficult to 

differentiate from disease phenotypes. Molecular detection methods (i.e. qPCR) are often 

required to clearly establish what is likely to cause a disease. Interesting developments to 

overcome these limitations are e.g. the differential reflectance spectra (400–1050 nm) of sugar 

beet leaves, which helps distinguish three different fungal pathogens including Cercospora 

beticola, Erysiphe betae, and Uromyces betae (A-K Mahlein et al. 2010). Combined thermal 

and visible light image data was fed to a machine-learning algorithm to differentiate infections 

by the tomato powdery mildew fungus Oidium neolycopersici (Raza et al. 2015). One major 

limitation of plant disease high-throughput phenotyping is the timeframe of disease detection. 

Imaging which relies on reduced photosynthesis as a proxy for disease progression can only 

detect symptoms once the pathogen invades the plant tissue and reduces chlorophyll activity 

(Fig. 1, 2). Hyperspectral or multispectral sensors can distinguish diseased leaves from healthy 

ones much earlier than imaging in the visible spectrum only. Abdulridha et al. (Abdulridha et 

al. 2020) were able to detect and distinguish the onset of target spot caused by the fungus 

Corynespora cassicola and bacterial spot caused by Xanthomonas perforans on tomato in the 

asymptomatic phase. The multi-spectral imaging approach was successful both under 

laboratory and field conditions. Such robust phenotyping methods could make it possible to 

detect infection foci in the field. Emerging infections could then be isolated and treated 

individually by the deployment of specific fungicides. 

 

Plant phenotyping technologies have generated data to populate public image databases 

(summarized in (Cobb et al. 2013)). Such data can be used for machine learning and shows 

promising results in predicting disease onsets and identifying the pathogen species (Raza et al. 

2015; Ashourloo et al. 2016; Mohanty, Hughes, and Salathé 2016). Using a public dataset of 
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54,306 images of healthy and diseased plant leaves, a deep learning network could identify 26 

different diseases with 99.35% accuracy (Mohanty, Hughes, and Salathé 2016). The 

advancement of machine learning applied to the problem of plant phenotyping has been limited 

mostly by two factors: i) the limitation of publicly available image databases of crop disease 

phenotypes under a variety of environmental conditions and ii) poor annotation of image data 

and the captured symptoms (Jayme G. A. Barbedo 2018; Arsenovic et al. 2019). The lack of 

robust training datasets has forced researchers to use suboptimal databases leading to ambiguity 

in distinguishing disease phenotypes from senescence or other environmental factors (Jayme 

Garcia Arnal Barbedo 2016; Jayme G. A. Barbedo 2018; Mohanty, Hughes, and Salathé 2016). 

Thus, despite the enormous potential of machine learning for plant disease scoring, the current 

implementations will need to be improved with large reference datasets.  

 

Pathogen screenings to improve the durability of plant resistance 

Plant-microbe interactions are often subject to rapid co-evolutionary dynamics altering the 

genetic make-up of both the host and the pathogen (Frantzeskakis et al. 2020a). Evolving 

pathogens make breeding for resistance obviously challenging. In addition, outbreaks of new 

pathogens have significantly increased (Fisher et al. 2018) including e.g. recent outbreaks of 

Magnaporthe oryzae and Puccinia graminis f. sp. tritici in Bangladesh and Italy, respectively, 

endanger wheat production (Bhattacharya 2017; Inoue et al. 2017; Fisher et al. 2018; Torriani 

et al. 2015). Rapid change in crop pathogen populations is most evident through the rise of 

fungicide resistance (McDonald and Stukenbrock 2016; Blake et al. 2018) but many other 

phenotypes show high variability as well (Möller et al. 2018; Schröter and Dersch 2019). Some 

pathogens gained virulence traits by acquiring genetic material through horizontal transfer. A 

striking example includes the gain of virulence on wheat by transferring a key toxin-encoding 

gene between fungal species (Friesen et al. 2006). Among the most diverse pathogens is the 
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cosmopolitan fungus Zymoseptoria tritici attacking wheat. Cultivar resistance has been largely 

broken down and some new virulence arose within the span of a few years (Cowger, Hoffer, 

and Mundt 2000; Brown et al. 2015). Z. tritici populations are genetically and phenotypically 

highly diverse with intra-field diversity approaching levels of diversity at the continental or 

global scale (Croll and McDonald 2017; Zhan, Pettway, and McDonald 2003; Singh, Chanclud, 

and Croll, n.d.). To counter highly diverse and rapidly evolving pathogens, breeding programs 

often attempt to prevent resistance breakdowns by combining (‘pyramiding’) several resistance 

genes (Saintenac et al. 2018; Brown et al. 2015). 

 

Despite the challenges associated with rapidly evolving pathogen species, heritable trait 

variation can be exploited to identify mechanisms underlying virulence (Hartmann et al. 2017; 

Martin et al. 2020). A number of major crop pathogens are readily culturable under sterile 

laboratory conditions allowing reproducible assessments of trait expression. The clonal 

propagation in sterile medium allows the efficient replication of phenotypes expressed by 

different genotypes. A major application of high-throughput pathogen screenings are 

measurements of fungicide sensitivity, which is relevant for the early detection of resistance 

mutations at the regional or continental scale (Berman and Krysan 2020). More broadly, stress 

response assessments of fungal and bacterial pathogens can provide important clues about the 

expression of virulence factors, multi-drug resistance, biofilm formation, and antimicrobial 

resistance (Saintenac et al. 2018; Nagar et al. 2016). This is because stress induced in in vitro 

setups can share similarities with infection stress conditions. During infection stages, 

pathogens have to cope with various host defense responses including nutrient deprivation, pH 

variation, etc. Hence, in vitro conditions can be useful triggers to express virulence-related 

proteins. Beyond measuring growth rates as a proxy for the physiological state, phenotypic 

screens can be extended to measurements of spore shape heterogeneity (Holland et al. 2014), 
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cell viability, as the percentage live cells, or cell vitality, defined as the physiological 

capabilities of a cell (Kwolek-Mirek and Zadrag-Tecza 2014; Guyot et al. 2015) and can be 

assessed with flow cytometry and fluorescence readouts. More detailed analyses focus on 

variation in the infection life cycle on the host (Haueisen et al. 2019). Finally, assessing 

temperature adaptation can provide important clues about the adaptive potential and the ability 

of pathogens to cope with future climates (Haueisen et al. 2019; F. Chen et al. 2017). However, 

manual handling procedures will need to be replaced by robotization to improve throughput.  

 

High-throughput phenotyping platforms for microbial organisms have dramatically advanced 

in automating cell culturing, liquid handling, spotting on culture medium as dense arrays and 

integration of fluorescence measurements and microscopy (Levin-Reisman, Fridman, and 

Balaban 2014; Cox et al. 2009; Cairns et al. 2015; Fernandes et al. 2009). Such technologies 

were often first applied for active compound screens in drug discovery programs of the 

pharmaceutical industry (Szymański, Markowicz, and Mikiciuk-Olasik 2012).  In the last 

years, several pipelines have been developed for high-throughput in vitro screening to 

investigate drug tolerance genes and to elucidate aspects of pathogenicity (Cairns et al. 2015; 

Fernandes et al. 2009). High-throughput pipelines benefit from robotics, such as Rotor-HDA, 

which can duplicate and back up large strain libraries in solid or liquid media in the format of 

96-6144 isolates per plate. Growth and fungicide susceptibility can be assessed using optical 

density (OD), colony size, or the fluorescence of liquid cultures (Figure 1D) (Monteiro et al. 

2012). Moreover, culture colors are powerful proxies for the production of melanin or other 

secondary metabolites (Asker 2018). Other high-throughput platforms incorporate multiplexed 

microfluidic cell culture, automated programmable fluid handling for cell perturbation, 

quantitative time-lapse microscopy, and computational analysis of time-lapse movies (A. S. 

Hansen, Hao, and O’Shea 2015). Such platforms are most useful for perturbation experiments 
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(e.g. osmotic shock or exposure to a drug) with a fluorescent readout sensitive to changes in 

gene expression or subcellular localization. The main goal of the technology is to accelerate 

drug discovery by screening large antimicrobial compound libraries at a rate of thousands of 

compounds per week. Efforts are as well made in the development of high-throughput 

approaches to generate mutated versions of drug targets (Cairns et al. 2015). High-throughput 

screening methods are further used to characterize metabolic, pharmacokinetic and 

toxicological data about new drugs and reduce the costs of antimicrobial compound 

development (Fernandes et al. 2009; Clark et al. 2010).  During the development of a new 

pesticide, field trials can be extremely costly. Therefore, high-throughput in vitro screening of 

diverse pathogen population scans is very informative about possible standing resistance, 

which can prevent rapid efficacy failures under field conditions (Steinhauer et al. 2019). 

 

The wealth of information on phenotypic trait variation in pathogen species combined with 

low-cost sequencing can be exploited for GWAS (Sánchez-Vallet et al. 2018). Since the debut 

of the technique in 2005, GWAS revealed hundreds of thousands of single nucleotide 

polymorphisms (SNPs) and structural variants associated with thousands of different 

phenotypes mainly focused on humans (Sánchez-Vallet et al. 2018; Aranzana et al. 2005; 

Hindorff et al. 2009). Plant pathogens populations often harbor both virulent and avirulent 

strains. Hence, with reliable and robust phenotyping, GWAS analyses can identify genes 

underlying specific gains in virulence. Mapping populations of ~100 strains were sufficient to 

identify key virulence factors (Zhong et al. 2017; Mohd-Assaad, McDonald, and Croll 2019; 

Richards et al. 2019) and fungicide resistance loci in fungal pathogens (Zhong et al. 2017; 

Mohd-Assaad, McDonald, and Croll 2019; Steinhauer et al. 2019; Hartmann et al., n.d.; Pereira 

et al. 2020). Genetic mapping studies can also inform the development process of new 

fungicides by the early identification of resistance “hotspot” genes (Steinhauer et al. 2019). A 
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critical factor for successful GWAS applications is the availability of high-quality genomic 

resources representing the genetic diversity of the pathogen species. Recent pangenome 

analyses of plant pathogens have laid the foundation for such work (Badet and Croll 2020). 

 

Deciphering complex host-pathogen interactions – a way forward 

The application of imaging combined with computational techniques enabled enormous 

progress in breeding resistant crops and detecting the emergence of new pathogen threats. To 

reduce complexity, most studies until now focused either on variation on the plant or the 

pathogen side. However, the nature of host-pathogen interactions can vary across space and 

time (Frantzeskakis et al. 2020b; de Vries, Stukenbrock, and Rose 2020). In addition to such 

genotype-by-genotype interactions, environmental conditions (humidity, temperature, 

competing microbes, etc.) influence the outcome of infections. The complexity arises in part 

from complex pathogen infection cycles starting from initial host contact to transmission to 

new hosts (Lievens et al. 2018; Hall, Bento, and Ebert 2017). Each infection stage is likely 

governed, to some extent, by distinct genes. Improving our abilities to predict infection 

outcomes across many different plant-by-pathogen interactions and environments is therefore 

a critical step in improving crop resistance and controlling disease outbreaks in the long term.  

 

Integration of different omics datasets to build biological networks (e.g. gene co-expression or 

protein-protein interaction networks) has become a powerful approach to unravel genetic 

factors controlling biological interactions (Peyraud et al. 2017; Mishra, Kumar, and Mukhtar 

2019; Castro-Moretti et al. 2020). Beyond this, innovative applications of GWAS can help to 

identify causal genes by studying host and pathogen genotypes simultaneously in an infection 

matrix (M. Wang et al. 2018; MacPherson, Otto, and Nuismer 2018) (Fig 3). Applying such an 

approach to the Arabidopsis thaliana - Xanthomonas arboricola interaction, Wang et al. (M. 
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Wang et al. 2018) identified specific genes for quantitative disease resistance in the host that 

are effective only against a specific set of pathogen strains. Studying crop diseases as an 

infection matrix can help to identify genomic regions underlying host-pathogen co-evolution 

and genes responsible for specific phenotypes (Zaidem, Groen, and Purugganan 2019; 

Beilsmith et al. 2019; Märkle and Tellier 2020). However, applications in the agricultural 

context are largely missing for now as such approaches are experimentally demanding and 

costly. Improved pathogen inoculation techniques such as detached leaf assays (Mulema and 

Denby 2012; El-Mor et al. 2018; Barbacci et al. 2020) or head assays (Goddard et al. 2020) 

combined with automated image analysis (Karisto et al. 2018) will reduce the experimental 

burden. Consequently, collecting precise phenotypic data from a large infection matrix of hosts 

and pathogens has become increasingly accessible (Mulema and Denby 2012). Beyond 

increased sample sizes of the analyzed host and pathogen genotypes, special care is required to 

adequately cover host and pathogen genetic diversity. Using a global set of populations of the 

major wheat pathogen Z. tritici, a large set of loci associated with pathogen virulence and 

reproduction on different hosts were identified (Hartmann et al. 2017; A. Dutta et al. 2020). A 

large infection matrix of 98 strains of Botrytis cinerea and 90 plant genotypes of eight species 

revealed a highly polygenic architecture of pathogen virulence and host specialization (Caseys 

et al. 2020). Hence, simultaneously extending genetic diversity screens of the host and 

pathogen provides a powerful approach to comprehensively map the genetic architecture of 

virulence and resistance. Particularly relevant pathogens to investigate are the ones capable of 

infecting multiple plant organs (e.g. blackleg in canola) or at different growth stages. Bigger 

sample sizes in both host and pathogen will also improve heritability estimates (e.g. as shown 

in human studies (H. Kim et al. 2017)). Overall, expanding the breadth of host and pathogen 

genetic diversity in screenings will help to identify previously unknown 

resistances/susceptibilities in crop germplasm. 
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Figure 3: A comprehensive framework for determining the genetic basis of crop-
pathogen interactions. Genetically diverse pathogen populations and  crop cultivars from 
different geographies form the basis of the screening. Genome sequencing enables to conduct 
joint genome-wide association studies (GWAS) to determine the genetic architecture of 
virulence (in pathogens) and resistance (in crops). Global populations of both pathogen and 
crop will capture most  relevant genetic variation. Beyond virulence, pathogen populations can 
be screened for loci underlying pesticide resistance, thermal adaptation and metabolite 
production (e.g. melanin). Identifying genetic correlations among pathogen traits facilitates the 
identification of pleiotropic genes governing trade-offs. Some illustrations were provided by 
biorender.com according to their usage conditions. 
 

Exploiting pathogen weakness driven by trade-offs 

How successful pathogens cope in diverse environments depends on life-history trade-offs, 

which arise from resource allocation dilemmas and antagonistic gene actions. A trade-off 
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indicates that an increase in one trait is associated with a decrease in another trait. Such trade-

offs are typically dependent on the host genetic background and abiotic conditions. Some 

pathogen strains have evolved specialization on certain hosts or climatic conditions to 

maximize their performance. Classic examples include the wild pathosystem of Plantago 

lanceolata-Podosphaera plantaginis interactions (A-L Laine 2007; Anna-Liisa Laine 2008). 

Trade-offs are likely a key factor maintaining polymorphisms in pathogen populations 

(Agrawal 2020; Anik Dutta et al. 2020). Studies have already identified trade-offs between 

foliar damage and asexual transmission (Pasco et al. 2016), sporangia size and number 

(Mariette et al. 2018), latency in spore production, size and sporulation rates (Delmas et al. 

2016). Analyses of demethylation inhibitors (DMI) fungicide-sensitive and resistant isolates of 

the sugar beet pathogen C. beticola have shown that resistant isolates have significantly lower 

virulence and spore production than sensitive isolates (Karaoglanidis, Thanassoulopoulos, and 

Ioannidis 2001). No differences were found for incubation periods, mycelial growth, 

germination of conidia and germ tube length. Similarly, in the bacterial pathogen Ralstonia 

solanacearum mutants lacking the gene for synthesizing an exopolysaccharide virulence factor 

show increased growth rates compared to the wild-type strain (Peeters et al. 2013; Peyraud et 

al. 2016). Besides, agricultural pathogens likely face many additional, yet unknown trade-offs 

because pathogens must also survive outside of annual crop hosts (Fones et al. 2020; 

Velásquez, Castroverde, and He 2018). The genetic basis of trade-offs remains largely 

unknown hindering the exploitation of inherent pathogen weaknesses. This is partly because 

trade-offs are generally expressed by phenotypic trait correlations, which are often confounded 

by environmental variation and genetic substructure. Identifying genetic correlations among 

traits can circumvent the above challenges as it reflects the direct effect of genetic factors 

controlling trade-offs and are robust to confounding factors (van Rheenen et al. 2019). A recent 

study investigated genetic trade-offs based on genetic correlations in the wheat fungal pathogen 
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Z. tritici. Performance of a global strain collection on twelve wheat varieties and in various 

abiotic conditions revealed a broad pleiotropic control of pathogen performance on and off the 

host (A. Dutta et al. 2020). Weaknesses of pathogens in specific environments will inform more 

efficient designs of disease control and prevent future resistance breakdowns. Hence, 

comprehensive maps of genetic trade-offs will possibly enable innovative disease control 

strategies (Fig 3). Beyond revealing trade-offs, correlated traits can be combined to perform 

multi-trait GWAS to pinpoint pleiotropic genes and determine causality among traits in specific 

environments (Porter and O’Reilly 2017; Chhetri et al. 2019) (Fig 3). 

 

Summary and outlook 

Technological progress in assessing susceptibility of large collections of crop plants to 

pathogen damage is crucial for modern resistance breeding efforts. A variety of image capture 

techniques allow to monitor plant damage at the cellular, leaf, whole plant or field level. Most 

applications focus on the visible spectrum but hyperspectral imaging platforms have recently 

gained the ability to detect pathogen infestation even before the appearance of symptoms. A 

major area of going research is to improve image analyses algorithms to detect and classify 

pathogen damage. Variation within individual pathogen species can be highly informative 

about the rise of new virulence or pesticide resistance. Robotics applied to automate the 

culturing of thousands of pathogen strains enables screening for metabolic variation, drug 

susceptibility and production of secondary metabolites improving our understanding how 

pathogens cope with the agricultural environment. Both high-throughput plant and pathogen 

phenotyping efforts can be combined with genome sequencing and GWAS applications. 

Unraveling the genetic basis of host resistance helps to speed up breeding efforts through 

marker-assisted selection. Analysis of pathogen populations can be informative about possible 

trade-offs in the emergence of virulence or pesticide resistance. 



CHAPTER 4 

156 
 

 

Future directions of research should focus on a set of complementary research areas.  

- Create efficient pipelines merging imaging and molecular assays for pathogen detection. Such 

integrated systems could help farmers deploy appropriate counter-measures in the field prior 

to widespread damage and reduce overall pesticide application. 

- The susceptibility of crop cultivars to major pathogens should be re-assessed continuously to 

detect changes in the virulence profile of the prevalent pathogens. Rapid evolution in pathogens 

can lead to catastrophic resistance breakdowns and must be detected early enough. High-

throughput imaging systems capturing disease symptoms should be combined with machine 

learning to effectively recognize changes in virulence profiles. The lack of curated and open 

access disease image databases is currently slowing progress. 

- Regional monitoring efforts of resistance breakdowns or the loss of pesticide efficacy can be 

achieved by high-throughput genomic screening of infected leaf material. Efficient genotyping 

assays focusing on major genes are likely to scale well to broad applications. Bioinformatic 

procedures for such genomic data analyses are largely in place. A successful implementation 

of such genomic monitoring will also help to detect the arrival of new pathogens early enough 

to deploy resistant cultivars or implement changes in pesticide application regimes. 

- The systematic identification of trade-offs faced by pathogens adapting to pesticides and 

resistant crop cultivars could lead to more durable control measures. 
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General Discussion and perspective 
 
  
In this doctoral thesis, I used population genomics to study the lifestyle and evolution of 

virulence in Zymoseptoria tritici (syn Mycosphaerella graminicola), the most damaging fungal 

pathogen of wheat in Europe. I first analyzed whole genome sequences of a large set of Z. tritici 

sampled from multiple genetically distinct wheat cultivars replicated in space at three time 

points of the growing season (chapter 1). Population genomic analysis revealed a high genetic 

diversity at a single field level with a rapid decay in linkage disequilibrium. In approximately 

80% of the population, found one or more accessory chromosome to be missing. The 

population diversity resulted from sexual recombination and a minor degree of clonality was 

most likely driven by splash dispersal of spores among adjacent wheat plants. The majority of 

clonal genotypes were associated with a specific cultivar CH Combin indicating a successful 

genotype rising in frequency. This chapter retraced the impact of sexual and asexual 

reproduction on genetic diversity in a single field.  

 

The interplay of sexual and asexual reproduction has important consequences for short-term 

adaptation, as recombination enables the reshuffling of allelic variation. In chapter 2, I used 

genome-wide association mapping to identify genetic variation linked to virulence of Z. tritici 

on a commonly used wheat cultivar Claro. The genetic basis of virulence was complex, with 

the strongest association being intergenic and flanked by genes encoding a predicted effector 

and a serine-type protease. The intergenic region was highly dynamic, consisting of multiple 

families of transposable elements. Large insertion and deletion events likely driven by TEs 

generated length variation between the flanking genes by a factor of seven. The TE dynamics 

also extended in the previously established global collection of Z. tritici. The associated locus 

also showed strong signatures of repeat-induced point mutation (RIP), contributing to the 
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locus's rapid diversification. This chapter highlights the power of combining GWAS and 

population-scale genome analyses to investigate major effect loci in pathogens. 

 

Chapter 3 looks at genetic basis of metabolites production variation in Z. tritici population. I 

focused on a panel of 102 isolates showing considerable genetic diversity. GWA mapping of 

untargeted metabolite profile revealed significantly associated loci in proximity to genes 

encoding functions related to endosomal functions and transporters. This study provides a 

significant resource to unravel polymorphism underlying metabolome diversity within a 

species. 

 

Recombination as a weapon stay ahead in the fight with host defences  

Meiotic recombination is an essential process in sexual fungal pathogen that shapes the genetic 

variation in populations and direct adaptive evolution. Genome plasticity and standing genetic 

variations generated by recombination allow the pathogen to adapt to selection pressure 

introduced by changes in the host resistance and artificial or natural environmental change 

(McDonald & Linde, 2002). Studies have shown that recombination plays a critical role in 

defining genomic architecture such as nucleotide variations, GC content or transposable 

element distribution (Muszewska et al., 2017, 2019). Only recently, population genomics 

facilitated by whole-genome data has been able to correlate the history of recombination to the 

emergence of new pathogens and adaptive mechanism in many species (Burdon et al., 2016). 

It has indeed been shown in a previous study on Z. tritici that elimination of the sexual stage 

(recombination) can reduce the effective population size (McDonald & Mundt, 2016). 

Recombination also breaks up the linkage between alleles, aiding the pathogen to create novel 

genotypes (Chapter 1) and phenotypic diversity (Chapter 2-3). However, the recombination 

rate can be varying across the genome (Croll et al., 2015), as we observe in our study and can 
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lead to loss or duplication of non-essential chromosomes (Chapter 1). Our association 

mapping study on virulence and specialized metabolites exploited the genetic diversity and 

rapid decay in linkage to detect the genetic basis of phenotypic variations (Chapter 2-3). 

Combining single field population genomics and association mapping using whole-genome 

sequencing in this PhD thesis is a unique approach. The population genomics approach helps 

to understand the genome-wide contribution to diversity and predict evolutionary responses to 

changing environmental conditions. 

 

Studying the spatial and temporal changes in pathogen population 

Most of the population genomics studies of fungal plant pathogen have sampling across large 

geographical scale (across countries and continents), considering space as a reasonable proxy 

for variation through time. However, short-term response to biotic and abiotic factors likely 

involves adaptive changes at the scale of agricultural fields and throughout crop growing 

seasons. Additionally, global population analysis can suffer from biased sample selection or 

low sample numbers (within each sub-population). Population genomic analyses with 

samplings on large spatial scales can only provide details about the evolution of pathogen 

lineages and evolutionary events from the distant past. However, deeply sampling a single field 

population can additionally help understand “evolution in action” of genetic and phenotypic 

diversity on a much finer scale. Population genomic analysis of a single field population of Z. 

tritici revealed genetic diversity in a single field exceeding global diversity levels for many 

other pathogens. The population maintains a vast genetic pool by sexual reproduction 

throughout the epidemic (Chapter 1). It is evident that even at a smaller spatio-temporal scale 

the pathogen is generating a repository of standing genetic variations which could fuel rapid 

evolution. Exact contributions of sexual and asexual cycles towards standing genetic variation 

individually still need to be explored though. 
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Fungi use both clonal and sexual reproduction depending on life stage, environmental 

conditions, substrate, and nutrient availability (Drenth et al., 2019). Although microsatellite-

based study is a reliable to detect reproduction mechanism, whole genome enables to explore 

the degree of genetic difference in a population. In my theis, we found that non-clonal isolates 

were genetically different in > 15% of the analysed whole genome SNPs (Chapter 1). The 

mixture of reproduction mode seems also be the deciding factor in producing spore structure 

optimal for distribution on spatial scale at different time point of the epidemic (Philibert et al., 

2011; Drenth et al., 2019). Hence, maintaining a mixed reproduction during the epidemic 

constitutes an important predictor of future epidemic and possible emerging adaptations to new 

environmental conditions. Sexual recombination in the pathogen plays a significant role in the 

purging of deleterious mutations. But this raises the question that weather sexual reproduction 

facilitates specific genetic architecture for different phenotypic traits and whether these genetic 

architectures are population specific.  

 

New insight into the genetic architecture for virulence 

Genome-wide association studies allows to map heritable genetic variation for a specific 

phenotype. However, it does not test whether the associated genetic variation is under selection 

in populations (Pino Del Carpio et al., 2018). The result of mapping study on virulence 

identified locus rich in transposable elements and is flanked by genes encoding an effector 

candidate and a serine type protease (chapter 2). Analysis of the same locus on global 

population showed that dynamics of TEs at the virulence loci found in a single field population 

also expanded to worldwide population. Effector genes and specialized metabolite gene 

clusters are often located in the most repetitive regions of the chromosome (Wang et al., 2017; 

Torres et al., 2020). The proximity to repetitive regions, in particular transposable elements 

(TEs), increases the likelihood for sequence rearrangements to occur. Indeed, it has been 
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demonstrated that TEs are de-repressed under stress conditions and in turn upregulate 

expression of effector genes (Fouché et al., 2020). The de-repressed TEs can also expand the 

copy numbers in other de-repressed regions during infection cycle of the pathogen. This 

phenomenon could be one of drivers of genome compartmentalization also known as “two-

speed genome” where genes necessary for virulence or specialized metabolites always cluster 

in close proximity to transposable elements. However, it is still unknown if the TE dynamics 

in the genome is regulated to counter selection pressure or it is just a random process. 

 

The repeat rich loci associated with virulence revealed presence-absence variation at the TE 

family level (Chapter 2). The specific TE families present in all isolates (e.g. 

DTX_MITES_Addanc and RSX_SINE_Reikon) could have been fixed in the region and 

facilitate further accumulation of TEs in the region. These nested repeat regions may act as a 

‘breeding ground’ where new pathogenicity associated variations can emerge. Another 

important factor to consider in the TE mediated genome compartmentalization is the role of 

reproduction mode. Sexual reproduction and hence resultant recombination events have an 

impact the genomic accumulation of TEs (Kent et al., 2017). Recombination events can 

facilitate accumulation of highly active TEs or even purge the deleterious ones (Arkhipova & 

Meselson, 2005). However, studies on Saccharomyces cerevisiae the impact of sexual or 

asexual reproduction has been very contradicting (Ågren et al., 2015; Bast et al., 2019; Chen 

& Zhang, 2021). It is still unknow how recombination and TE dynamics in fungal pathogens 

are corelated. Additionally, repeat induced point (RIP) mutations, a mechanism to control the 

invasion of TEs, is highly active during sexual reproduction stage (Gardiner et al., 2020). 

Presence of TEs close to virulence related genes can impact sequence composition through RIP 

or transcriptional regulation (Fouché et al., 2018). Similar possibilities could be a reason for 

retaining only the beneficial TEs and gene mutations leading to overall gain in fitness. 
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Identifying the causality of neutral versus adaptive effect of repeat rich region could be 

achieved with in future with analysis of whole genome analysis.  

 

This thesis highlights the potential of whole genome sequencing of a single field population in 

understanding the lifestyle and evolution of virulence for an important plant pathogen. 

Establishing a complete picture of the genomic basis of adaptation in a pathogen population is 

key to disease management. Most population genomics studies attempt to infer evolutionary 

dynamics via distant spatial sampling strategies. This strategy, however, does not allow to 

understand the diversity and evolutionary potential at a local scale. This thesis using deep 

sequencing of a single field establishes that the pathogen is evolving also at a shorter time scale. 

In the future, multi-year whole genome analyses will reveal the genotype turnover and change 

in population structure from one epidemic season to the other, thus helping in the timely 

application of protective measures. Such sampling strategies could also be useful for testing 

more specific hypotheses of pathogen adaptation, e.g. adaptation to specific wheat cultivars or 

fungicides. The method could also provide essential insights into the genomic and eco-

evolutionary processes underlying the emergence and adaptation mechanism of obligate clonal 

pathogens.   

 

Association mapping, similar to pathogen population genomic studies, also focused on 

collections across a large geographical scale (across countries and continents) and, therefore, 

looked at evolutionary dynamics from ancient times. However, fungal pathogens adapt to new 

selection pressures within single seasons. In this thesis, we set out to analyze these short-term 

dynamics systematically. Specifically, we demonstrate that genomic and metabolomic GWAS 

of a single field can be used to identify candidate loci for virulence traits. Transcriptional results 
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from a previous study encourage to further investigate the effector candidate found at the 

virulence locus.  

 

We also established one of the first studies to standardize metabolic GWAS for a fungal plant 

pathogen. A more systematic analysis and functional validation of the associated loci would 

reveal the actual genetic mechanism of the metabolite variations. This can be exploited to 

design synthetic compounds to specifically target the metabolic pathways essential for 

pathogen growth. Including virulence phenotypes and metabolome profiles from different 

conditions will help to identify more potential effectors.  

 

Our study system validates that monitoring of short-term evolutionary changes, as shown here, 

will become powerful tools to design more durable strategies against crop diseases.  
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