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Zusammenfassung

Nekrotrophe Pathogene wie der Generalist Sclerotinia sclerotiorum stellen weltweit eine
Bedrohung fiir zahlreiche Nutzpflanzen dar. Durch das Fehlen vollstdndiger Resistenzen sind
Zuchter auf quantitative Krankheitsresistenz (QDR) angewiesen. Dabei handelt es sich um eine
unvollstandige, aber breit wirksame Krankheits-Toleranz. Jedoch ist die QDR-Zucht nicht
immer hinreichend erfolgreich u.a. aufgrund unbekannter regulatorische Faktoren auf Seiten
der Wirtspflanze. Entsprechend ist es von grol3er Bedeutung, die Regulation von QDR sowie

deren Evolution zu verstehen um Ziuchtungsstrategien zu verbessern.

In dieser Arbeit habe ich die QDR-Diversitit wilder Tomatenpopulationen gegeniber
S. sclerotiorum charakterisiert. Dabei habe ich eine erstaunliche Vielfalt an QDR-
Mechanismen, darunter Infektionshaufigkeit, Verzdgerungsphase und
Lasionsverdopplungszeit (LDT) beobachtet, sowohl zwischen als auch innerhalb der Arten.
Mittels Hochdurchsatz-Phéanotypisierung konnte ich zudem nachweisen, dass diese drei
Parameter unabhédngig voneinander sind. Dies konnte darauf hindeuten, dass QDR von

unabh&ngigen biologischen Prozesse beeinflusst wird.

Durch differentielle Genexpressionsanalysen und verschiedene Netzwerkanalysen konnte ich
zeigen, dass basale und stark artspezifische genregulatorische Netzwerke (GRNs) die LDT-
vermittelte QDR  kontrollieren. Dabei beobachtete ich, dass der konservierte
Transkriptionsfaktor NAC29 in Solanum pennellii eine neue Rolle in der QDR spielt. Obwohl
NAC29 in allen funf untersuchten Arten vorhanden ist, wird dessen Expression nur in
S. pennellii nach einer Infektion induziert und geht ,,neue* Interaktionen mit abwehrrelevanten

Zielgenen ein.

Zudem konnte ich zeigen, dass die verlangerte Latenzphase eines resistenten S. pennellii-
Genotyps durch eine erhohte basale Genexpression eines WRKY 6-assoziierten GRNs sowie
von Rezeptorgenen bestimmt wird. Diese erhdhte basale Expression konnte eine frihere und

gezieltere Abwehrreaktion ermdglichen und so die Infektion verzdgern.

Diese Studie zeigt, dass komplexe regulatorische Umstrukturierungen QDR zugrunde liegen,
wobei die Dauer der Verzogerungsphase und LDT unabhéngig durch den Wirt kontrolliert

werden. Evolutionsanalysen verdeutlichen die Rolle von Paralog-Diversifikation in QDR. Es



ist daher naheliegend, dass &hnliche QDR-Niveaus durch die konvergente Evolution solcher
Netzwerke entstehen kdnnen, vermutlich getrieben durch genetische Drift. Die Einblicke dieser
Thesis verbessern unser Verstandnis dartber, wie QDR-Mechanismen reguliert werden und

unterstitzt dabei die Entwicklung von Zucht-Strategien fir eine effektivere QDR-Ziichtung.



Summary

Generalist necrotrophic pathogens like Sclerotinia sclerotiorum threaten many crops
worldwide. The absence of complete resistance has driven breeders to rely on quantitative
disease resistance (QDR), an incomplete yet broad-range plant defence. However, challenges
in linking QDR loci to phenotypes highlight how poorly host regulatory factors are understood.
Unravelling the evolution and complexity of QDR networks is crucial for improving resistance
breeding strategies. In this thesis, | characterised the QDR diversity of wild tomato populations
against S. sclerotiorum. | observed an astonishing diversity of the QDR mechanisms, including
infection frequency, lag phase duration, and lesion doubling time (LDT), among and within
different species. Using high-throughput phenotyping, | found no correlation between either of
the three mechanisms, suggesting the existence of independent biological processes
determining QDR.

| investigated the shifts in gene expression of genotypes spanning an LDT gradient. Using
differential gene expression analysis and different types of network analysis, | observed that
basal and highly species-specific gene regulatory networks (GRN) determine LDT-driven
QDR. I showed that the conserved NAC29 transcription factor co-opted a role in QDR in
Solanum pennellii. Although NAC29 is conserved across all five species, it is only induced
upon infection in S. pennellii and is linked to defence-related downstream genes, indicating

GRN rewiring.

Using longitudinal gene expression profiling, | observed prolonged lag-phase duration in an
S. pennellii genotype which is most likely driven by elevated basal gene expression of a
WRKY6-associated GRN and receptor genes. Elevated basal expression might facilitate an
earlier and more targeted defence response, delaying fungal infection.

This study demonstrates that complex regulatory rewiring underlies QDR, with lag-phase
duration and lesion doubling time (LDT) controlled independently by the host. Evolutionary
analysis highlights the role of paralog diversification, followed by lineage-specific co-option
into QDR-related gene regulatory networks. | propose that similar levels of QDR may arise
through the convergent evolution of these networks, likely driven by genetic drift. These
insights improve our understanding of how QDR mechanisms are regulated and evolve, thereby
supporting the development of pre-breeding strategies for more effective QDR-focused

breeding programs.
Il
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Introduction

The domestication of crop plants is a central component of human development and is widely
considered a cultural achievement (Purugganan and Fuller 2009). Ever since, the optimisation
of crop properties has been the main goal of plant breeders, aiming to increase productivity,
flavour, shelf life, nutritional value, or suitability in production systems (such as synchronous
ripening or inhibition of seed shattering, Purugganan and Fuller 2009). One major aspect of
plant breeding is the development of germplasm that resists many environmental stresses, like
abiotic stresses (e.g., drought or salt stress), but also against biotic stresses: plant diseases.

Wild Germplasm as a Source of New Breeding Material

Agricultural and horticultural production systems typically consist of genetically uniform plant
populations, ensuring homogenous development and uniform plant traits, both of which are
vital for large-scale production. Although all modern crops are initially derived from wild
species, domestication followed by intensive selection poses strong bottlenecks in genetic
diversity (Tanksley and McCouch 1997). The use of crop wild relatives (CWRs), therefore,
depicts a valuable resource for introducing genomic novelty and valuable traits into modern
elite cultivars (Bohra et al. 2022; Krug et al. 2023). McCouch (2004) argued that plant breeding
(and ultimately the world's food supply) heavily relies on an equilibrium of new ideas
(originated from wild germplasm) and high-performing, field-proven resources. Accordingly,
McCouch points out that the potential in CRWs does not just lie in genes, providing new traits.
Besides the reintroduction of alleles lost due to domestication, the overall context determining
phenotypic plasticity responding to different environmental characteristics (specifically
pointing at biological redundancy and pleiotropy) illustrates the relevance of CWRs in modern
breeding (Tanksley and McCouch 1997). Recent studies showed that increasing crop diversity
and genomic asynchrony stabilise agricultural systems and increase tolerance to sharp harvest
losses (Renard and Tilman 2019; Egli et al. 2020). Indeed, modelling indicates that
compensatory effects from diverse crop plants account for one-third of global yield, a

contribution on par with irrigation-driven yield variability (Ray et al. 2015).

Wild Solanum Species

To facilitate the implementation of beneficial traits from CWRs, breeders and researchers need

to infer the phenotypic and genomic trait diversity of wild ecosystems. Mapping phenotypic



plasticity to genomic features has been a major focus of pre-breeding programs and crop
improvement in general. In tomatoes, this field of research was pioneered by Charles M. Rick,
who was the first to sample, document and breed with wild populations (Rick and Butler, 1956).
The growing availability of high-throughput sequencing technology has accelerated research
on CWRs, in particular on wild tomato species (e.g., S. lycopersicoides, S. chilense, S. pennellii,
or S. habrochaites, Bolger et al. 2014; Powell et al. 2022; Munir et al. 2016; Silva-Avrias et al.
2025; Alonge et al. 2020; Bohra et al. 2022; Krug et al. 2023). As one of the most species-rich
angiosperm genera, wild tomatoes exhibit remarkable morphological diversity and extensive
genetic variation, comprising valuable resources among wild relatives for plant breeding and
evolutionary studies (fig. 1, Peralta et al. 2008). The high Andes region, the primary centre of
origin for Solanum species, is recognised as one of the world's biodiversity hotspots, exhibiting
among the highest rates of species diversification ever recorded (Schluter and Pennell 2017).
Studies have shown that the net diversification rate in this region exceeds that of other
evolutionary hotspots, likely driven by the harsh environmental conditions that necessitate rapid
habitat adaptation (Madrifian et al. 2013). Population genomic studies have characterised the
role of habitat adaptation in Solanum divergence. Despite having similar genetic backgrounds,
closely related Solanum species can exhibit different variances in the fitness effects of
deleterious mutations, indicating that environmental conditions significantly shape their genetic
diversity (Tellier et al. 2011). This is further supported by findings describing that
environmental variables might determine the divergence or specification of wild Solanum

species (Nakazato et al. 2010).

The Solanum Species Selected for Analysis

Building on these reports, | will focus on five tomato CWRs: Solanum chilense, S. habrochaites,
S. lycopersicoides, S. pimpinellifolium and S. pennellii. These CWRs exhibit substantial
morphological and genomic diversity and were subject to research on stress tolerance before
(fig. 1, Peralta et al. 2008; Li et al. 2023; Alonge et al. 2020). Generally, all wild tomatoes in
this study originate in western South America, with S. pennellii, S. chilense, and S.
lycopersicoides primarily found in high-elevation desert regions with extreme aridity. Within
these habitats, the plants are typically found in small islands of vegetation, known as lomas,
which mainly capture humidity from sea air (Peralta et al. 2008). The repertoire of stress
tolerance varies between the species and their respective accessions/populations. For example,
S. chilense and S. habrochaites show increased abiotic stress tolerance against drought or low

temperatures/freezing (Nosenko et al. 2016; Munir et al. 2016). In contrast, several salt and
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drought tolerance quantitative trait loci (QTLs) were found in S. pennellii introgression lines
(ILs), like the ILs 2-5, 7-4-1 or 9-1 (Bolger et al. 2014). Despite showing considerable abiotic
stress tolerance, the focal CWRs harbour significant variability against biotic stresses. This is
illustrated by previous research on S. chilense, showing significant phenotypic variation in
resistance against multiple pathogenic fungi, including Phytophthora infestans, Alternaria
solani, and Fusarium spp. (Stam et al. 2017). This is further supported by findings illustrating
strong genotype-to-genotype interactions between Alternaria spp. and Solanum genotypes
(Schmey et al. 2023). Other studies have highlighted significant phenotypic variability in
S. habrochaites and S. lycopersicoides accessions regarding their degree of resistance to
B. cinerea (Finkers et al. 2007; Miao et al. 2022; Chen et al. 2015; Davis et al. 2009). This
facilitated the identification of B. cinerea resistance QTLsS, such as the S. habrochaites loci
Rbcgl, Rbcg2 or Rbegda, and first gene-level characterisations including the S. habrochaites
OSCA gene family (Finkers et al. 2007; Davis et al. 2009). However, the best-documented
examples of resistance introduced from CWRs into domestic tomato cultivars involve major
resistance genes (R-genes). One prominent example is the I-3 resistance gene from S. pennellii,
which confers monogenic resistance against F. oxysporium f. sp. lycopersici (Scott and Jones
1989). The major resistance genes Cf-2 and Cf-9, originally from S. pimpinellifolium, provide
full resistance against the biotrophic pathogen Cladosporium fulvum and have been successfully
introgressed into domestic tomato germplasm (Thomas et al. 1997; Thomas et al. 1998; Jones
et al. 1994). Another major C. fulvum resistance gene, Cf-4, was introgressed from S.
habrochaites (Thomas et al. 1997). Kahlon et al. (2020) observed significant intraspecific
variation in S. chilense’s ability to recognise the C. fulvum avirulence effectors Avr4 and Avr9.
The authors conclude that major R-gene-mediated resistance exhibits significant diversity,

likely driven by a complex genetic interplay shaping resistance polymorphism.

Although an increasing number of alleles and QTLs originating from CWRs have been
characterised and introduced into elite cultivars, breeders and researchers have criticised their
underperformance. Generally, phenotypic stability and genotype-to-phenotype translation are
impeded, possibly due to epistatic effects, hence underestimating the genomic background of
individuals in diverse populations (Sackton and Hartl 2016; Alonge et al. 2020; Bedinger et al.
2011). The underlying mechanisms will be part of this investigation.



Figure 1: The wild tomato species used in this study exhibit significant morphological diversity. A) Solanum
chilense, B) S. habrochaites, C) S. lycopersicoides, D) S. pennellii, and E) S. pimpinellifolium. The top panels
show juvenile plants and the lower panels show representative leaves of each species.

Necrotrophic Pathogens Pose a Threat to the Global Food Production

Infection with plant pathogenic organisms like fungi or oomycetes leads to various plant
diseases (Oliver et al. 2024). Although there is increasing evidence for more complexity, plant
pathogens are commonly divided into three groups based on their lifestyle: necrotrophs,
hemibiotrophs and biotrophs. Necrotrophic organisms feed from dead plant tissue and actively
kill the plant cells to acquire nutrients. In contrast, biotrophic pathogens rely on living host
cells. They are mostly obligately dependent on the host organism, keeping the host alive by the
secretion of effectors to trigger a feed exchange (Liao et al. 2022; Oliver et al. 2024). The
pathogen lifestyle is a consequence of its strategy for infection, as necrotrophs use molecules
like cell wall degrading enzymes or oxalic acid to manipulate its host or induce cell death (Rowe
et al. 2010). Against the common assumption that necrotrophic pathogens follow a simplistic
strategy of killing cells, it is clear that those organisms face multiple challenges during
colonisation and evolved distinct mechanisms to escape host defence (Doehlemann et al. 2017).
While some necrotrophic pathogens, such as Alternaria spp. secrete host-specific toxins
conferring host-specificity; generalist pathogens developed mechanisms to facilitate the
colonisation of a wide array of host plants. The most commonly known generalist necrotrophs
are Sclerotinia sclerotiorum and Botrytis cinerea, both being pathogenic on more than 400
documented hosts (Derbyshire et al. 2022; Newman and Derbyshire 2020). Recent research
indicates that generalist pathogens maintain this generalism by high functional redundancy and

degeneracy, reducing selective pressure on individual pathways. Despite a considerable fitness
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cost, functional redundancies, possibly underlying diversifying selection, enable necrotrophic
pathogens to infect a wide diversity of host species effectively (Derbyshire and Raffaele 2023;
Stukenbrock and McDonald 2009; Rowe and Kliebenstein 2007).

Sclerotinia sclerotiorum as a Model for Research

S. sclerotiorum is a cosmopolitan necrotrophic fungal pathogen causing devastating plant
diseases on more than 400 host plants, including the destructive disease Sclerotinia stem rot on
oilseed rape (Boland and Hall 1994). In oilseed rape, the estimated yearly yield loss is about
10-20%, while reports from tomatoes documented yield losses of up to 50% (Mazumdar 2021).
Infection begins with the germination of sexual ascospores or mycelial growth, both originating
from long-lived sclerotia (Mazumdar 2021; Oliver et al. 2024). The fungus penetrates host
tissues using appressoria and employs a highly coordinated infection strategy involving the
secretion of cell wall-degrading enzymes, small proteins (so-called effectors) and oxalic acid
to manipulate host defences (Williams et al. 2011; Doehlemann et al. 2017). During the early
phase of infection (< 24 hpi), S. sclerotiorum secretes effector proteins, like ITL, which
dampens ethylene and salicylic acid-mediated defence responses, as well as oxalic acid to
weaken the host's pathogen recognition and reactive oxygen species (ROS) homeostasis (Ding
et al. 2021; Seifbarghi et al. 2017; Derbyshire et al. 2019; Derbyshire et al. 2022). After the
initial phase of infection, S. sclerotiorum changes towards a necrotrophic lifestyle, releasing
toxins and hydrolytic enzymes (e.g., cellulases, proteases, pectinases), and cell-death inducing
effectors, like NEP1, or NEP2 to facilitate colonisation, often triggering programmed cell death
(Mbengue et al. 2016; Williams et al. 2011). Ultimately, S. sclerotiorum Kkills the host and
completes its disease cycle by forming new sclerotia within dead plant tissues. The new

sclerotia then remain dormant in the soil.

Quantitative Disease Resistance Against Generalist Pathogens

To date, no complete form of resistance against generalist necrotrophic pathogens like
B. cinerea or S. sclerotiorum has been found. This is in contrast to the broad availability of
dominant R-genes against biotrophic pathogens, which confer complete resistance by triggering
a hypersensitive response (Wang et al. 2019; Mbengue et al. 2016; Oliver et al. 2024).
Consequently, resistance breeding heavily relies on quantitative disease resistance (QDR).
QDR is defined as a partial, non-complete form of resistance. The degree of resistance follows
a continuous distribution over a polymorph population from susceptible to mostly resistant

genotypes, which contrasts the binomial distribution found for R-gene-mediated resistance

8



phenotypes. Accordingly, QDR is controlled by many small-effect loci, possibly via a highly
interlinked gene network (Corwin and Kliebenstein 2017; Roux et al. 2014; Derbyshire et al.
2022). The nuanced nature of QDR phenotypes and QDR loci adds significant complexity to
the functional and genomic characterisation of QDR. It has been hypothesised that the
interconnected structure of QDR likely arises from multiple independent genetic properties of
QDR loci, including pleiotropic effects on morphology, roles in signal integration, involvement
in metabolic pathways, and the modulation of weak or partial resistance genes (Poland et al.
2009). It was further proposed that the continuous distribution of heritable phenotypes might
result from the interaction of genetic loci (Wang et al. 2019). QDR is commonly used in
breeding and traced to QTLs (St.Clair 2010). Also, genome-wide association studies can be
useful in characterising potential candidate loci. In a recent study, Lin et al. (2024) screened
322 oilseed rape accessions and identified a mitogen-activated kinase (BnaA07.MKK?9)
conferring an advantage of 30 % increased QDR. Yet this study reflects one of the strongest
QDR loci as most QTLs are observed, with less than 10 % explaining observed phenotypic
variance (Wang et al. 2019). Although the underlying genomic features appear highly complex,
evolutionary analysis showed that the most durable resistance relies on many minor genes
(Brown 2015; Poland et al. 2009). Using a network-based approach in wild pathosystems,
Barrett et al. (2015) demonstrated that broad-spectrum resistance typically arises through partial
rather than complete resistance. The authors hypothesised that this phenomenon reflects
evolutionary trade-offs between resistance breadth and intensity. Yet, targeted breeding for

QDR displays a valuable tool for resistance breeding.

Gene Network Evolution

Single gene-for-gene interactions alone cannot fully explain the phenotypic complexity
underlying QDR, underscoring the importance of investigating broader gene regulatory
networks (GRNSs) and their evolution (Kahlon and Stam 2021; McDonald and Reed 2023).
Recent studies highlight how network approaches can effectively capture the polymorphic
nature and evolutionary dynamics of complex traits. For example, Kahlon et al. (2020)
demonstrated how complex receptor polymorphisms determine QDR diversity in S. chilense
against C. fulvum. However, missing genotype-to-phenotype links can be explained by shifts in

gene regulatory networks.



Gene Regulatory Networks: Mapping the Blueprint of Regulatory Complexity

Regulatory variation is a major driver of phenotypic diversity (Thompson et al. 2015).
Hierarchical regulatory interactions mostly depend on the interaction of a transcription factor
(TF) and its target genes. Because regulatory genes control and are controlled by many other
genes, their interactions form a complex, interconnected network called gene regulatory
networks (GRNs, Erwin and Davidson 2009). It is known that most GRNs approximate a scale-
free topology, meaning that most genes have only a few connections, while a small number of
key genes act as central “hubs” or “kernels” with many connections (fig. 2, Broido and Clauset
2019; Nicolau and Schoenauer 2009; Babu et al. 2004; Ouma et al. 2018). Another fundamental
property of GRNs is their modularity, which reflects self-contained entities of interacting
components (sub-networks) rather than all interactions of all genes (Thompson et al. 2015).
GRNs can be further broken down into sub-modules, which are determined by cis- or trans-

regulatory elements and provide a more granular dependency structure (Hatleberg and Hinman
2021).

Random, Non-Hierarchical Network Topology Modular scale-free Network Topology

—

Z_Tl\f/\

- A
v ®
e E = N\
L3 3\ ANy
|
Edges per Gene > Edges per Gene >

Figure 2: Exemplary structure of a random network and a modular scale-free network topology as models
for gene regulatory networks. The density plots show the distribution of edge counts per gene for each network.
Node colours indicate module membership, while larger nodes represent hub genes. Adapted from Petit (2024).
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Mechanisms of Gene Regulatory Network Rewiring

Due to their multi-layered architecture, GRN topology can be altered by multiple processes.
Small changes to genomic DNA, like mutations of single base pairs, single nucleotide
polymorphism (SNP), and insertion or deletion of sequences, can change the regulatory
landscape (Erwin and Davidson 2009). The impact of these mutations depends on their genomic
context: cis-regulatory changes (e.g., promotor mutations) mostly affect single genes, while
trans-regulatory changes (e.g., mutations in transcription factors) can influence all downstream
targets (Hatleberg and Hinman 2021). Such modifications typically alter the network topology
of sub-networks by changing specific gene-to-gene relationships. In contrast, large-scale events
like gene or genome duplication or rearrangements can reshape the GRN landscape.
Duplications, in particular, may lead to functional redundancy, neofunctionalisation (co-
optation) or subfunctionalisation with potentially strong phenotypic effects (Conant and Wolfe
2008). It is important to note that the impact of DNA sequence changes on GRNs depends
heavily on their genomic location and the context of other genetic changes within the genome
and network (Erwin and Davidson 2009). While the mechanisms driving GRN rewiring are
relatively well understood, predicting how specific genomic alterations affect the regulatory
landscape and resulting phenotypes remains a major challenge. This might originate from the
pleiotropic and epistatic effects inherent to GRNSs, reflecting their highly interconnected and
quantitative nature (Mackay and Anholt 2024).

The Evolution of GRNs Underlying Complex Traits

Regulatory divergence is often a critical first step towards phenotypic change and the evolution
of new traits/adaptation. For instance, despite no detectable genomic changes, Ralstonia
solanacearum clones exhibited significant regulatory rewiring and enhanced adaptation to the
resistant host after 300 serial host passages (Gopalan-Nair et al. 2021). Similarly, Szymanski et
al. (2020) demonstrated that regulatory plasticity, rather than genomic sequence variation, plays
a major role in B. cinerea resistance of tomato ILs. Yet it is unclear how complex regulatory
networks evolve, as exemplified by the ongoing debate about the role of adaptive selection vs.
genetic drift in GRN evolution (Lynch 2007; Thompson et al. 2015; Hill et al. 2021; Houle and
Rossoni 2022). Since Wilkins® (2007) initial observations of gene network diversification in
morphological evolution, the relationship between network position and evolutionary pressure
has been the subject of fundamental research in model organisms. However, many studies

focussed on the role of mutation on cis- or trans sequences in adaptive evolution (Stern and

11



Orgogozo 2009). Phenotypic variability may arise from divergent regulatory networks, where
different nodes and edges evolve at varying rates across GRNs and sub-networks or modules
(Kahlon and Stam 2021; Davidson and Erwin 2006). This is especially evident when comparing
hub genes to peripheral genes. While GRNs often exhibit a bow-tie structure (few hub genes
integrate many inputs and control downstream targets), these hubs are highly vulnerable to
genetic changes (McDonald and Reed 2023). Although major sub-modules (kernels, hubs) are
thought to be under evolutionary constraint, recent evidence indicates that regulatory shifts
within these hubs may facilitate more rapid adaptation (Erwin and Davidson 2009; Wei et al.
2024).

The modularity of GRNs may allow phenotypic changes without disrupting the remaining
system (Espinosa-Soto 2018). It is unclear how pleiotropic modules (like potential QDR
modules) with overlapping/redundant functions evolve; perhaps one might compensate for
another’s specialisation. Due to experimental and analytical complexity, research on GRN
evolution of complex quantitative phenotypes remains sparse (McDonald and Reed 2023,;
Mackay and Anholt 2024). The low number of scientific reports on GRN-based analysis of
QDR-evolution also illustrates this. Recent findings illustrate that phenotypic plasticity (hence
pleiotropy) underlies a species-specific connectivity landscape in GRNs and their subnetworks
(Ouma et al. 2018). As shown by the , a comprehensive understanding of QDR-GRN evolution
is missing, yet it will significantly influence breeding for QDR and, ultimately, management of

disease epidemics (Barrett et al. 2015).
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Aim of this Study

Research in plant-parasite interaction aims to identify and characterise mechanisms driving host
resistance or pathogen virulence. The new conceptual understanding will be used to develop
future elite cultivars. In this dissertation, | will focus on the quantitative disease resistance of
wild tomato species against Sclerotinia sclerotiorum. This research primarily aims to explore

the mechanisms that influence the diversity and evolution of QDR in this model system.

The main objective of this research is to compare the regulatory responses to necrotrophic fungi
in five different Solanum species. Through this comparison, | aim to uncover general principles
that govern the diversification of these responses across multiple evolutionary scales,
encompassing both intraspecific and interspecific variation. This will enable me to gain insights
into the mechanistic fundament of QDR. Based on this, | defined three key research questions

to guide our experimental investigation.

1) QDR-Phenotyping
Do wild tomato species exhibit distinct QDR phenotypes, and do divergent or shared
defence strategies drive these?

Hypothesis: Wild tomato species exhibit distinct QDR phenotypes, each employing species-

specific defence strategies shaped by unique phenotypic mechanisms.

Methodology: To address the research question, | used a camera-based high-resolution
phenotyping system. | screened up to ten accessions of four wild tomato species infected with
S. sclerotiorum, with a temporal resolution of 10 min. This enabled me to characterise the QDR

of the tested plant accession and define distinct mechanisms driving QDR.

2) Evolution of QDR
Are the gene networks underpinning QDR evolutionarily diversified across
evolutionary scales?

Hypothesis: Enhanced QDR phenotypes arise from complex gene networks shaped by lineage-

specific network evolution.

Methodology: | identified genotypes of contrasting LDT-mediated QDR of five host species
based on the findings of publication 1. Then, I conducted an RNAseq experiment to unravel the

regulatory response during the lesion growth phase. I then performed different network analysis
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methods (weighted gene coregulation and regulatory network analyses). | applied
phylotranscriptomics to unravel the evolutionary mechanisms driving QDR among five

Solanum species.

3) Longitudinal regulation of QDR
How does the temporal (longitudinal) variation in gene expression influence the
degree of QDR?
Hypothesis: Longitudinal variation in gene expression can alter the degree of QDR, indicating

that timing and preformation of regulatory elements are crucial determinants of resistance.

Methodology: Similar to the previous research question, | identified candidate genotypes based
on publication 1. | then performed a time-series experiment to characterise regulatory changes
over time. Here, | used a hyperspectral camera system to identify photosynthetic stress
alongside. | further applied differential gene expression analysis and gene regulatory network

analysis to identify regulatory patterns.
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Besides the well-understood qualitative disease resistance, plants possess a more complex quantitative
form of resistance: quantitative disease resistance (QDR). QDR is commonly defined as a partial but more
durable form of resistance and, therefore, might display a valuable target for resistance breeding. The
characterization of QDR phenotypes, especially of wild crop relatives, displays a bottleneck in deciphering
QDR’s genomic and regulatory background. Moreover, the relationship between QDR parameters, such
as infection frequency, lag-phase duration, and lesion growth rate, remains elusive. High hurdles for
applying modern phenotyping technology, such as the low availability of phenotyping facilities or complex
data analysis, further dampen progress in understanding QDR. Here, we applied a low-cost (<1.000 €)
phenotyping system to measure lesion growth dynamics of wild tomato species (e.g., Solanum pennellii
or Solanum pimpinellifolium). We provide insight into QDR diversity of wild populations and derive specific
QDR mechanisms and their cross-talk. We show how temporally continuous observations are required
to dissect end-point severity into functional resistance mechanisms. The results of our study show how
QDR can be maintained by facilitating different defense mechanisms during host—parasite interaction and
that the capacity of the QDR toolbox highly depends on the host's genetic context. We anticipate that the
present findings display a valuable resource for more targeted functional characterization of the processes
involved in QDR. Moreover, we show how modest phenotyping technology can be leveraged to help answer
highly relevant biological questions.
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Introduction

Quantitative disease resistance in plants

Plant resistance is commonly divided into 2 concepts with
fundamental differences: qualitative and quantitative resis-
tance [1,2]. While qualitative disease resistance provides a
highly effective race-specific resistance, quantitative disease
resistance (QDR) is a broad-range yet incomplete resistance
[2,3]. Qualitative resistance is driven by major race-specific
resistance genes (R-genes). They often lead to complete and
easily observable resistance and were the dominant research
focus for disease resistance breeding programs. However,
reports of R-genes losing their efficacy against pathogens
have increased recently, and major resistance genes have not
been identified for many so-called necrotrophic plant patho-
gens, like Botrytis cinerea or Sclerotinia sclerotiorum [3-7].
Commonly, degrees of QDR cannot be divided into discrete

Einspanier et al. 2024 | https://doi.org/10.34133/plantphenomics.0214

classes. Quantitative resistance phenotypes are continuously
distributed and can only be explained by highly integrated,
polygenic regulatory mechanisms [8]. Moreover, QDR can
manifest itself in several ways, ranging from differences in
infection frequency (IF) on the leaf or delayed onset of infec-
tion to stalled lesion growth. Numerous studies documented
wide distributions of QDR phenotypes against necrotrophic
pathogens in both natural and domesticated plant popula-
tions, yet the relations of different QDR phenotypes have not
yet been studied in detail [1-3,8-12]. Recent reports sum-
marized the diversity in functional QDR, arguing that QDR
might be influenced by many independent components such
as regulation as a pleiotropic side effect, weak R-genes, involve-
ment in defense signal transduction, or cis/trans-regulatory
mechanisms [1,2]. Indeed, many QTLs that influence some
degree of QDR have been identified [8,13,14]. Linkage of
such QTLs or the underlying loci to exact resistance features,
like the lag-phase duration, will be one of the future challenges
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that would allow understanding and utilizing QDR in patho-
gen resistance breeding.

Phenotyping technology and approaches

to quantify QDR

The functional characterization of QDR highly depends on
precisely measured phenotypes [2,15]. However, the experi-
mental design required to assess QDR phenotypes over entire
plant or pathogen populations quickly exceeds the limits of
traditional, manual scoring methods and calls for more sophis-
ticated phenotyping technology. The increasing availability of
sensor technology (e.g., RGB, multi- or hyperspectral sensors)
and analytical methods (e.g., deep-learning or artificial intel-
ligence algorithms) recently have strengthened the attention to
plant phenotyping [16]. Many studies have shown how imaging
technology can be used not only to determine plant phenotypes
like plant height, nutritional status, or water-use efficiency but
also to assist breeder’s decisions [14,17,18]. Moreover, several
reviews recently summarized the potential of modern sensor
technology and related software in quantifying phenotypes of
host-parasite interactions on multiple levels [19-24]. Even
advanced applications, like in-field phenotyping or assess-
ing complex features in non-standardized conditions, are pos-
sible due to deep-learning models like “PLPNet” or “ResNet-9”
[25-27]. However, large phenotyping platforms also have limita-
tions. High-end systems often collect a multitude of 3D scanning
images or images in multiple spectral wavelengths. Analysis of
these data is computationally intensive and often requires very
specific knowledge. Thus, such technologies might over-
whelm (non-data-science) researchers with high amounts of
complex datasets as substantial skills are required to derive
easy-to-interpret insights relevant to answering biological
research questions [28]. A second challenge lies in adapting
an established phenotyping system for various pathosystems,
i.e., different crops or pathogens [22,29]. Lastly, most high-end
phenotyping systems have very high investment and running
costs and thus are less available. Combined with the aforemen-
tioned low flexibility, this further limits their use and applica-
tion in the broad spectrum of plant pathology, where quick and
easy screening of QDR in a large panel of plants is one of the
main objectives. Recent developments, however, enable researchers
to use the generally available consumer-level technology and
build low-cost phenotyping platforms like the “Navautron”
[30]. In this study, we show the usefulness of such systems in
unraveling QDR dynamics in crop wild relatives.

Wild tomato populations as a reservoir of potential

QDR loci against major pathogens

The domestic tomato (Solanum lycopersicum) is a major food
crop of global importance [31]. However, plant pathogens,
including the necrotroph S. sclerotiorum or species from the
genus Alternaria, commonly threaten tomato production world-
wide [32-35]. Host resistance and fungicides are the standard
tools to protect tomatoes against these pathogens. However,
strong selection pressure caused by R-genes or fungicides and
higher-than-expected pathogen diversity in the field result in
losing fungicide efficacy or plant resistance against such species
[36-40]. Therefore, highly diverse wild populations are an invalu-
able source of desirable alleles in breeding, as crosses between wild
and domestic can lead to increased performance and stress
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tolerance [41]. Integrating phenotyping with screening of geneti-
cally highly diverse wild resources will help characterize novel
alleles for QDR breeding [42].

Wild tomato species originated from several radiation events
and can generally be classified into 4 groups within the so-called
section Lycopersicon, containing a total of 15 species and 2
species in the section Lycopersicoides [43]. All species have
adapted to specific habitats ranging from the edge of the Atacama
desert to the Andes, where they withstand diverse (a)biotic
stresses. Evolutionary analyses show that different species
and populations have evolved drought or salt stress tolerance,
as well as adaptation to cold stress [44-48]. Previous studies
have also shown substantial variation in susceptibility and resis-
tance of wild Solanum spp. against various pathogens but often
relied on manual or single time-point disease assessments, thus
lacking the temporal resolution and statistical power to describe
QDR mechanisms confidently [38,49,50]. In light of the varia-
tion of QDR already shown, wild tomato species are perfectly
suited for quantification of QDR mechanisms as proof of prin-
ciple. Moreover, defining whether specific QDR mechanisms
play major roles in resistance will generate much-needed insights
into the biology of QDR to help design future durable resistance
breeding projects against major pathogens.

S. sclerotiorum is a necrotrophic pathogen that can infect
hundreds of host species, including important crops such
as rapeseed and tomato [30,51,52]. On vegetables, including
tomatoes, infection with S. sclerotiorum can cause tremendous
yield loss due to collapsing stems or damaged fruits [53,54].
Infection in the field can happen through air-dispersed asco-
spores or via myceliogenic germination of its overwintering
structures in the soil, the so-called sclerotia [32,52]. In experi-
mental conditions, mycelial inoculation procedures are com-
monly used, as the preparation of ascospores can display a
major challenge [55-59]. No complete form of resistance
against the generalist S. sclerotiorum has been characterized;
therefore, resistance breeding relies on QDR as the source of
new alleles [32,52,55,57,60].

In the present work, we build on a low-budget image-
based phenotyping system [30] to derive high-resolution
time-resolved disease phenotypes and dissect them into 3
distinct QDR mechanisms. We show the potential of this
system by characterizing the natural diversity of QDR phe-
notypes of wild Solanum species and, therefore, provide
insights into the mechanisms underlying QDR against the
generalist pathogen S. sclerotiorum. We use this system as a
model to address whether QDR is always represented by a
similar mechanism, i.e., IF or lag-phase duration, and show
that the orchestration of different QDR mechanisms affects
the overall QDR on a genotype-specific basis. Accordingly,
we argue that the different host species have evolved specific
mechanisms to maintain a defined degree of QDR.

Materials and Methods

Experimental design

We screened multiple accessions of 4 wild tomato species
(S. pennellii, S. lycopersicoides, S. habrochaites, and S. lycopersicoides)
with a detached-leaf assay. All accessions of the same species
were tested as one batch for up to 5 independent repetitions.
To facilitate comparability between batches, S. lycopersicum cv. C32
was used as a control in every experiment. A schematic of the
experimental procedures is displayed in Fig. 1.
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S. sclerotiorum inoculum preparation

For inoculation experiments, the S. sclerotiorum isolate 1980 or
the OAH1:GFP (green fluorescent protein) isolate (for micro-
scopic analysis only, [61]) was used. The fungus was alternat-
ingly cultivated on potato dextrose agar (Sigma-Aldrich)
and solid malic acid medium [62] at approximately 25 °C in the
dark. Four 1-cm pieces of S. sclerotiorum inoculum were used
to inoculate 100 ml of potato dextrose broth. After 4 days of
incubation on a rotary shaker (24 °C, 120 rpm), a fungal myce-
lium suspension was generated: for this, the medium was
mixed 2 times using a dispenser (IKA T25) for 10 s at 24,000 rpm.
The mixture was then vacuum-filtrated through cheesecloth,
and the remaining liquid was concentrated to an optical density
(OD) of 1. For the negative control, fungal tissue was removed
from the solution by centrifugation, and the supernatant was
autoclaved. Tween 20 was used as a surfactant. Per leaf, one drop
(10 pl) of inoculum was used.

Plant growing conditions

Wild tomato germplasm was obtained from the C. M. Rick
Tomato Genetics Resource Center of the University of California,
Davis (TGRC UC-Davis, http://tgrc.ucdavis.edu/) (see Table
S5). The species were selected to include genetically diverse spe-
cies within the section Lycopersicon and a species from the
section Lycopersicoides (Fig. 2). All plants were grown at the
greenhouse facility of the Department of Phytopathology
and Crop Protection, Institute of Phytopathology, Faculty

S. pennellii S. lycopersicoides
Plant cultivation . pimpineltifolium

S. lycopersicum cv. C32

Sampling of leaves,
inoculation

Image acquisition @

Image analysis

Data analysis

Fig. 1. Overview of the high-throughput phenotyping assay. We cultivated 36 accessions
from 4 wild tomato species (S. pennellii, S. habrochaites, S, pimpinellifolium, and
S. lycopersicoides) and the domestic tomato cultivar “C32" in a greenhouse for
detached-leaf assays. We harvested single leaves, inoculated using a Sclerotinia
sclerotiorum mycelial suspension and placed them in the phenotyping boxes. Every
10 min, we captured images of the leaves for the duration of 1 week. We then manually
defined regions of interest for each leaf and set thresholds for the feature classes
“leaf”, “background”, and “lesion” in the HSV color scheme. Finally, we performed
image analysis on all images, collected and filtered the data, and conducted further
analytical steps to quantify the lesion development over time.
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of Agricultural and Nutritional Sciences, Christian Albrechts
University, Kiel, Germany. Following seed surface sterilization
using 2.75% hypochlorite (15 min incubation followed by
washing twice with dH,0), seeds were sown in the substrate
(STENDER C700, Germany) and cultivated in a growth chamber
(21 °C, 65% rH, 16 h of 450 photosynthetically active radiation
[PAR]). From the 3-leaf stage on, plants were cultivated in stan-
dard greenhouse conditions with supplement light (approxi-
mately 16 h/day, 15 to 25 °C at 50% to 70% rH). Plants were
fertilized via the irrigation system (monthly, 1% Sagaphos Blue,
Germany). Plants were propagated using cuttings (Chryzotop
Griin 0.25%) and regularly screened for virus infection.

Detached leaf assay

Detached leaf assays were conducted to measure QDR of a
diverse panel of wild Solanaceae plants. A custom phenotyping
system was adapted [30]. A 50 cm X 70 cm PMMA tray was
filled with 8 layers of blue tissue paper and flooded with 700 ml
of sterile dH,O. Plant leaves were placed abaxial side up onto

Colombia

Species

S. habrochaites
S. lycopersicoides
S. pennellii

S. pimpinellifolium

Fig.2.Sampling localities of wild tomato accessions used in this study. Seed material
of all wild tomato accessions was provided from C. M. Rick Tomato Genetics Resource
Center of the University of California, Davis (TGRC UC-Davis, http://tgrc.ucdavis.
edu/). Individual dots represent the geographical origin of each accession.
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the tissue and inoculated with 10 pl of mock/S. sclerotiorum
suspension. Next, the tray is covered with a custom hood. The
boxes were placed inside a growth chamber (24 °C) and incu-
bated for 7 days. The assay was independently repeated 5 times.
We used a representative set of 3 experiments for all further
analysis. We tested potential border effects on the resistance
parameters and found no statistically significant impact of leaf
position on the measured parameters. Consequently, the leaves
were not spatially randomized on the tray.

Phenotyping platform

High-resolution images were acquired using RGB cameras
(Yealink UVC30) mounted on the box. Cameras were controlled
using Raspberry Pi microcomputers or desktop PCs running head-
less Ubuntu22. A cron daemon launched the image-acquisition
script every 10 min. Plant lights also briefly (1 s) illuminate dur-
ing nighttime for image capture to enable images in the dark
while maintaining circadian rhythm. This was achieved by using
the “Shelly Plus Plug S” wifi plug (Fig. S1).

Image analysis

We adapted the “navautron” software package (https://github.
com/A02101/Navautron). The image analysis involved manu-
ally defining regions of interest (ROIs) using Image] (Image]J
Version 1.530). Further, HSV thresholds were optimized indi-
vidually per box. For this, “assess_noChl.py” was used, and an
overlay was generated in Gimp (Version 2.10). Once binary
masks represented the respective feature classes (leaf_healthy,
leaf_diseased, and background), the whole dataset was evalu-
ated using the “infest.py” script. Segmentation was iterated and
classified pixel was counted. The analysis includes functions
from the python3 (Version 3.11.4) libraries “numpy” (Version
1.25.2), “opency” (Version 4.8.1.78), “plantcv” (Version 4.0.1),
and “scikit-image” (Version 0.22.0). The plantcv function
“dilate” was used to remove leaf edges containing shadows with
ksize =9, i = 1 [63]. To improve thresholding accuracy (e.g.,
filling holes) on the lesion, an index filter was applied [ndimage.
generic_filter(mask, threshold, size = 3, mode = “constant”)]
with a condition to overwrite pixels deviating from the value
of the majority of the surrounding pixels. np.sum(mask) was
used to quantify the number of pixels in each feature class
(lesion and leaf). Code and scripts can be found at https://
github.com/seveein/QDR_Wild_Tomatoes.

Microscopy analysis

Plant leaves were harvested and inoculated under standard
conditions as described before but with either a GFP-expressing
S. sclerotiorum strain, the S. sclerotiorum wild-type 1980, or the
mock suspension. The leaves were evaluated at 12-h intervals
using a Zeiss Discovery V20 stereomicroscope under bright
light and fluorescent illumination (Zeiss HXP120). Images were
taken using an AxioCam MRc¢ camera.

Statistical analysis

An interactive R-script (R-Version 4.3.2, R-Studio 2023.12.14+402)
was utilized to extract lag-phase duration and lesion doubling
time (LDT) to quantify resistance characteristics [30]. Each
leaf’s lesion size over time was fitted against a 4-degree poly-
nomial regression. The fit to the measured data point was
reviewed for each sample. LDT and lag phase were determined
based on a segmented regression analysis, expecting 2 linear
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phases: first, a linear phase during the lag period (no symp-
tom development), and second, a linear log growth (symp-
tom) during the exponential growth phase. The period prior
to the lesion growth (LDT) is considered the lag phase, while
the LDT represents the log(slope) of the linear growing curve
in this area.

A 2-tier filtering pipeline was developed to increase accu-
racy and remove artifacts from the dataset. First, time points
with leaf-size outliers were trimmed by removing 2.5% of the
individual reads. Next, individual leaves with unexpectedly
high variability in leaf area were excluded from the dataset.
Therefore, samples with sd(leaf) > 10% of the mean(leaf) were
removed from the dataset using a simple tidyverse (v. 2.0.0)
pipeline.

As a measure of symptom development over time, the area
under the disease progress curve (AUDPC) was calculated using
the R-package agricolae (v. 1.3-6). General statistical analysis
and visualization were conducted in RStudio (R-Version 4.3.2,
R-Studio 2023.12.14+402 [64]) and the packages tidyverse [65],
ggplot2 [66], ggpubr [67], and agricolae [68]. AUDPC is defined
with i = time and y, = symptom severity at time = 7 as [68]:

(7i+yi1) X (= 1)
2

AUDPC =

N
_ M)

i=1

For continuous variables (lag-phase duration, LDT, AUDPC,
and tt100), a statistical model based on a generalized least
squares model was defined [69]. In contrast, a generalized lin-
ear model was defined for binomial values (IF, 100%/f) [70].
These models included genotype and start date (without inter-
action effect).

The residuals corresponding to the continuous values were
assumed to be approximately normally distributed and het-
eroscedastic concerning the different genotypes. These assump-
tions are based on a graphical residual analysis (Figs. S8 and
S9). Based on these models, a pseudo R? was calculated [71],
and an analysis of variance (ANOVA) was conducted, followed
by multiple contrast tests [72,73]. User-defined contrast matri-
ces were used (a) to compare the species’ means with each other
and (b) to compare the population means within their specific
species with the corresponding species’ mean. The individual
leaf area was previously found to have no significant influence
on lesion area; therefore, it was not included in our statistical
model [74]. A linear mixed-effects model was used to deter-
mine the relationship between AUDPC and predictors such as
genotype, lag-phase duration, and LDT. Random intercepts
were specified per start date to account for experimental
repetitions.

Based on this model, fixed-effect values were extracted and
used to predict AUDPC per genotype;_, , ; in relation to varying
lag and LDT values.

AUDPC,; =Intercept; + Coefficient;,, xlag+
Coefficient; pr, X LDT+ )
Coeﬁ‘icientlagiwai xlagxLDT

The associated R-codes can be found at https://github.com/
seveein/phenotyping QDR_Wild_Tomatoes.
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Results

Wild tomato species carry different levels of
quantitative resistance against S. sclerotiorum

depending on defense parameters

We investigated the phenotypic diversity in QDR in 4 wild
tomato species (S. habrochaites, S. lycopersicoides, S. pennellii,
and S. pimpinellifolium) against the S. sclerotiorum isolate 1980
[13]. We used the “Navautron” automated phenotyping system
for continuous image acquisition and applied a threshold-based
segmentation algorithm to extract phenotypic data (Fig. SI1).
Hence, we calculated different QDR parameters such as IF,
lag-phase duration, LDT, or AUDPC to quantify temporal
dynamics of infection (Fig. 3). High variability between experi-
mental runs with wild tomatoes has been described before
[6,49,74]. To account for this, we applied a generalized least
squares model (gls, continuous variables) and a generalized
linear model (glm, discrete variables) for statistical analysis
[69]. Overall, we discovered a great diversity of resistance phe-
notypes among the tested plant species. We found no 100%
resistant accessions (Fig. S4). We observed a significant dif-
ference in lag-phase duration among plant species, which we
define as the time from infection until the first symptoms appear
(see Fig. 3A, C, and D). For instance, S. pimpinellifolium showed
the shortest time from inoculation until lesion development
(adjusted mean = 36.2 h). In contrast, S. habrochaites and
S. pennellii displayed a significantly prolonged lag phase
(both approximately 59 h) (see Table S1). Using segmented
regression analysis, we determined the speed of lesion growth
on individual leaves of the panel. The fastest-growing lesions
were found on the species S. pimpinellifolium and S. pennellii.
Lesions on S. pennellii and S. pimpinellifolium leaves doubled
in size within approximately 11 h [6.56 log(LDT) and 6.55
log(LDT), respectively], while lesions on S. habrochaites and
S. lycopersicoides spread significantly slower. Those lesions
expanded with an average rate of approximately 7.7 log(LDT),
corresponding to roughly 36 h (S. habrochaites) and 41 h
(S. lycopersicoides) (see Table S2). Moreover, we observed that
the success of disease establishment (IF) depends highly on
the host species. We identified a significantly lower infection
rate on S. habrochaites (corrected IF estimate 80 %), whereas
S. lycopersicoides and S. pennellii displayed significantly higher
IF (~93% and 95%, respectively) (Fig. 3B).

Individual QDR measures show different levels
of intraspecific variation and conservation on

S. pennellii and S. lycopersicoides accessions

To assess the within-species diversity of QDR phenotypes, we
tested different accessions of each represented species. We col-
lected phenotypic data from 7 S. lycopersicoides and 9 S. pennellii
populations (Fig. 4), as well as 8 populations of S. habrochaites
and 10 populations of the species S. pimpinellifolium (Figs. S2
and §3). In particular, the comparison of S. lycopersicoides and
S. pennellii highlights that QDR diversity differs between spe-
cies. We observed that the (adjusted) mean duration of the lag
phase on different S. pennellii accessions ranged from 1.59 days
(38 h, LA1809) to 2.86 days (68 h, LA1303) (Fig. 4A and C).
Using a generalized least squares model, we identified acces-
sions with a significantly shorter lag phase than the grand mean
of the species (LA1809 and LA2657). In contrast, the accessions
LA1656 and LA1303 displayed a significantly longer lag phase

Einspanier et al. 2024 | https://doi.org/10.34133/plantphenomics.0214

(2.75 days [66 h] and 2.86 days [68 h], respectively) (Fig. 4A
and C). Next, we observed a significantly shorter overall lag-
phase duration of S. lycopersicoides accessions than S. pennellii.
Accordingly, the first symptoms appeared after 1.3 days (31 h,
LA2772) and the latest appeared at 1.83 days after inoculation
(43 h, LA1966). The overall time till initial symptom develop-
ment was more conserved; only 2 S. lycopersicoides accessions
deviated significantly from the grand mean, being more sus-
ceptible than the overall species level (LA2776 and LA2772)
(Fig. 4B and D). Similarly, we found a lack of variation in
lag-phase duration in the populations of S. pimpinellifolium. At
the same time, S. habrochaites accessions displayed a wider vari-
ability of lag-phase phenotypes (Fig. S2 and Table S3).

Next, we analyzed the variability of the lesion growth rate
between accessions of each species using the logarithmic LDT.
We observed that all tested S. pennellii accessions displayed an aver-
age LDT ranging from 5.84 h (LA1303) to 13.07 h (LA2963). Five
accessions (LA1809, LA1282,LA2719,1.A2657,and LA1303) have
a significantly faster lesion development than the grand mean
(LDT < 11 h). The populations LA2963 and LA1941 displayed a
significantly longer LDT (13.07 and 9.8 h, respectively) (Fig. 4E
and G). Generally, we found that symptoms of S. lycopersicoides
grew significantly slower (observed range: 14.9 h to 40 h).
However, we still observed a significant within-species variability.
For instance, symptoms on leaves of the accession LA2951 doubled
within Ismean = 7.88 log(LDT) (approximately 44 h), while
lesions of LA2777 expanded much faster at lsmean = 6.8 log(LDT)
(15 h, Fig. 4F and H). We observed a high variability among the
accessions for S. pennellii and S. lycopersicoides, mostly deviating
from the species mean in LDT with high significance. Interestingly;
the LDT on S. habrochaites and S. pimpinellifolium appeared much
more conserved between the accessions, as only a few samples
significantly differed from the grand mean (Fig. S3 and Table $4).

Disease resistance measures are not linked and

characterize distinct components of QDR

To test whether fungal infection is directly linked to delayed
lesion growth, we conducted microscopy assays using a GFP-
tagged S. sclerotiorum mutant of the S. sclerotiorum isolate 1980
[75]. We selected 2 accessions from S. pennellii with signifi-
cantly altered lag-phase duration. At 72 h past inoculation
(hpi), freshly developed mycelium was observed on leaves of
the S. pennellii accession with the shortest lag-phase duration
(LA1809). In contrast, on the less susceptible accession LA1303,
the first fungal structures started growing at 96 hpi (Fig. S7).
Fluorescent microscopy imaging showed that fungal mycelial
structures were always accompanied by clear formation of
necrotic lesions but cannot be observed prior to visual lesion
development (Fig. 5C and Fig. S7). Thus, this shows that a
longer lag phase does not represent any latent or biotrophic
infection and that IF and lag-phase duration are likely uncou-
pled phenomena.

We performed a correlation analysis to consolidate the rela-
tionship between the QDR parameters further. First, we tested
the overall relation of Ismean LDT and Ismean lag-phase dura-
tion by pooling all accessions of all species. We found that LDT
and lag phase were independent (R = 0.14), with no significant
relationship (P = 0.42) (Fig. S5). We also tested the correlation
between QDR mechanisms at the species level. We found only
minor linear relationships between LDT and lag phase for the
4 tested species. However, we found a weak, significant negative
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Fig. 3. Wild tomato species possess a broad diversity of resistance against S. sclerotiorum. (A) Exemplary illustration of different QDR parameters used in this study. The
infection frequency is defined as the percentage of leaves showing a lesion after 7 days of incubation. The lag phase is defined as the time till first visual symptoms appear.
We used a segmented regression analysis to determine the lag phase’s end mathematically. The absolute lesion size is represented as pixel counts, whereas normalization
against leaf area results in symptom severity. The area under the disease progress curve (AUDPC) is defined as the integral area under the severity curve, which depicts the
severity over time. As a measure of the lesion spread, the lesion doubling time (LDT) describes the time till a lesion doubles its size. The time till a lesion covers 100% of a
leaf is described by tt100%. (B) The infection frequency of S. sclerotiorum inoculum differs significantly between the host species. The table shows a meta-analysis of pooled
accessions collected from 3 independent experiments. (C) Time till lesion formation (in days). The number on the x-axis indicates the count of individual leaves tested.
(D) Statistical analysis of pairwise differences in lag-phase duration between the tested wild tomato species. Values are displayed in days and derived from a generalized least
squares model. (E) Lesion growth rate during the exponential growth phase hours, plotted on a log scale. The number on the x-axis indicates the count of individual leaves
tested. Raw values are plotted. (F) Statistical analysis of pairwise differences between the tested wild tomato species regarding lesion doubling time. Values are displayed as
log(LDT[h]). Levels of significance are displayed as *##P < 0.001, **P < 0.01. *P < 0.05, P < 0.1.
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Fig.4.QDR parameters show different levels of variation depending on the host species (S. pennellii and S. lycopersicoides). (A) The lag-phase duration (in days after infection)
of S. sclerotiorum infection on S. pennellii accessions displays a higher level of intraspecific diversity than on accessions of S. lycopersicoides (B). (C and D) Variation statistics
of the lag-phase duration contrasting each accession with the grand mean per species [S. pennellii (C); S. lycopersicoides (D)]. Estimates are displayed in days after
inoculation. (E and F) The lesion doubling time (in hours) of S. sclerotiorum infection on S. pennellii accessions is lower than on S. lycopersicoides. (G) Variation statistics of LDT
on S. pennellii and (H) S. lycopersicoides. Ismean values and SE indicate the adjusted mean and SE per population. Estimate comp., SE comp, and P values describe pairwise
statistics of each accession against the grand mean. The numbers on the x-axis in panels A, B, E, and F indicate the count of individual leaves tested. Levels of significance are
displayed as ***P < 0.001, **P < 0.0L. *P < 0.05,P < 0.1.
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Fig. 5. Different QDR parameters are independent from each other. (A) Pearson correlation analysis of LDT and lag-phase duration. Dots represent the least squares of each

accession. (B) Pearson correlation analysis between the infection frequency and lag-

phase duration. Dots represent infection frequency adjusted per-accession estimates

from glm/gls. (C) The lag-phase duration of Ss1980:GFP infection on S. pennellii genotypes is reflected in fungal growth dynamics. Images show a representative selection

of 10 biological replicates. The scale bar indicates 500 pm.

correlation between IF and the duration of the lag phase (Ismean)
in S. habrochaites (R = —0.64, p = 0.086) (Fig. 5A and B). For
the remaining species, no significant correlation was found. We
did not find a single host accession with high levels of resistance
in both LDT and lag-phase duration.

Severity analysis reveals distinct resistance phenotypes
against S. sclerotiorum within a single species

For an in-depth analysis of disease severity, we selected 3 S. pennellii
accessions with similar leaf sizes: LA1282, LA1809, and LA1941
(Fig. 6A). While symptoms developed on most of the leaves, the
impact of infection is highly dependent on the respective acces-
sion (see Fig. 6B). Accession LA1941 shows a significantly lower
IF (~51%) and a significantly lower rate of fully infected leaves
than LA1809 (approximately 11% vs. approximately 41%) or
LA1282 (approximately 33%, Fig. 6C).

Einspanier et al. 2024 | https://doi.org/10.34133/plantphenomics.0214

We further found differences regarding the speed of lesion
growth over time between the genotypes. While lesions on
LA1282 and LA1941 reached 100% severity within 6.5 to 7 days,
we observed that symptoms on LA1809 reached the point of
saturation significantly faster (after approximately 5 days, Fig. 7).
This is also reflected by significantly increased AUDPC values
of LA1809 (AUDPC approximately 250). In LA1282, we mea-
sured not only alower AUDPC compared to LA1809 (Fig. 6E),
but also an insignificant difference in the rate of fully infected
leaves (Fig. 6C). This could hint toward a delayed but explosive
lesion growth on LA1282 (Fig. 7).

The moderation of QDR parameters

is genotype-dependent

Next, we used a linear mixed-effect model (Ime) to test which
of the factors have the strongest effects on disease severity on
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Fig.6.S. pennellii accession LA1941 harbors a significantly elevated level of quantitative resistance against S. sclerotiorum. (A) Mean leaf area of S. pennellii accessions quantified
during infection experiments. The data of 3 independent experiments are shown. HSD test was performed to identify cluster with similar leaf size. Selected plants with similar
leaf size are indicated by the box. (B) Exemplary images of S. sclerotiorum infections on the S. pennellii populations LA1282, LA1809, and LA1941 at 7 days post-inoculation.
(C) Statistical analysis of infection frequency (IF) and frequency of fully infected leaves at the end of experiment. “Ismean” represents the estimate as logits, while “estimate”
represents the estimated probability. (D) Comparison of time till lesion saturation of S. sclerotiorum on S. pennellii genotypes. (E) Area under disease progress curve (AUDPC)
of 3 S. pennellii populations with similar leaf size. Wilcoxon test was performed for levels of significance. Time series data from previous experiments was used. (F) Pearson
correlation analysis of tt100 vs. AUDPC. The numbers at the base of all boxplots represent individual leaves tested. All statistics were calculated using a glm/gls with custom
contrast matrizes. Compact letter displays were determined using the package “multcompLetters” with a threshold of P < 0.05.

those accessions (S. pennellii LA1282, LA1809, and LA1941).
Following the ANOVA, we found a significant influence of most
tested variables (genotype, lag phase, and LDT) on the AUDPC
(Table). Strikingly, we found that the genomic background of
the tested plants is insufficient to explain the observed diversity
in AUDPC. In other words, we observe a significant relation-
ship between lag, LDT, and their interaction with the genotype.
Because of this, we extracted the fixed-effect estimates from
the Ime and generated predictor functions for the AUDPC of
each genotype. Then, we modeled the AUDPC using high-
confidence lag and LDT values from previous observations (see
Fig. 3C and D). We observed the highly variable influence of
lag-phase duration, LDT, and their interaction on the AUDPC

Einspanier et al. 2024 | https://doi.org/10.34133/plantphenomics.0214

(Fig. 8). Strikingly, we found that variation of the LDT has almost
no influence on the AUDPC of LA1809 besides the generally
elevated severity level (Fig. 8). Further, we found that only a
prolonged lag-phase duration might contribute to an increased
potential for lower severity in LA1809 (Fig. 8). However, the
influence of longer lag phase is reduced with increasing LDT.
For leaves of the accessions LA1282 and LA1941, we found a
stronger combined effect of lag-phase and LDT on the severity.
More specifically, a prolonged lag phase might lead to a small
reduction of the symptom severity on LA1282 while reducing
the AUDPC on LA1941 more rapidly. Further, we observe that
a prolonged LDT reduced symptom severity in both LA1282
and LA1941.
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Fig.7.Exemplary growth curve of 3 S. pennellii accessions with different resistance
levels against S. sclerotiorum. Shown is the mean symptom severity of each accession
as share of leaf area over the period of 7 days. The experiment was independently
repeated 3 times. 1 125, = 205, N 1509 = 148, N 4oa1 = 98.

Table. Statistical analysis of the effects of genotype, lag-phase
duration, LDT, and their interactions on disease severity (AUD-
PC) of the S. pennellii accessions LA1282, LA1809, and LA1941.
Results of an analysis of variance (ANOVA) based on a linear
mixed-effects model are shown.

Discussion

QDR against S. sclerotiorum is highly diverse

in Solanum spp.

Wild tomato species have been screened for quantitative resis-
tance phenotypes against many diseases, including Tomato
brown rugose fruit virus, Phytophthora infestans, Alternaria
solani, Fusarium spp., or B. cinerea [8,49,50,74,76-79]. However,
high hurdles in characterizing QDR on a phenotypic level limit
detailed insights into the functional role of QDR against necro-
trophic pathogens. This was mostly due to the lack of affordable
high-throughput phenotyping facilities [1,2,5,8,80]. Here, we
present a unique dataset of high-resolution QDR phenotypes
against S. sclerotiorum on a diverse set of wild Solanum species
derived from a low-budget phenotyping setup, using detached
leaf infections. There are potential disadvantages to using detached
leaf assays, i.e., the lack of feedback mechanisms between leaf
and root/shoot, which could make plants more susceptible if
this feedback plays a role in amplifying the defense signal, or
more susceptible if this feedback provides susceptibility factors
or nutrients for the pathogen. The immense gain in efficiency
in both experimental setup and data analysis, together with the
fact that detached leaf assays have been used successfully in
tomato and with S. sclerotiorum and other necrotrophic leaf
pathogens, justifies the decision to develop our methods for
detached leaves [30,49,50,74,78]. In total, we tested almost
7,000 leaves over the duration of 7 days with approximately

numDF__ denDF_ Fvalue P value 1,000 measurements each, resulting in approximately 7 million
Intercept 1 437 1368  <0.001 data points. We used this unique dataset to characterize the
Genotype 2 437 21134 <0001 lesi(.m. development of infected leaves and apglied advz}nced
05 1 437 25168 <0001 statistical analysis methods to extract more specific descriptors
8 ’ ' for QDR, such as lag phase, LDT, or AUDPC [30]. Because of
LDT 1 437 9041 <0.001 this system’s scale and temporal resolution, we generated novel
Genotype:Lag 2 437 854  <0.001 insights into the phenomena contributing to QDR.
Genotype:LDT 2 437 2.32 0.099
Lag:.LDT 1 437 2191 <0001 Interspecific QDR phenotypes follow
Genotype:Lag:LDT 2 437 33 0.038 a wide distribution
As expected, we observed a diverse range of disease phenotypes,
as demonstrated in previous studies [6,49,78]. None of the tested
LA1282 LA1809 LA1941
7.0
AUDPC
400
6.5
e 300
a
—16.0 200
100
55 0
5.0 ;
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Fig. 8. The crosstalk of lag-phase duration and LDT is highly genotype-dependent and specifically determines the symptom severity. We used the S. pennellii accessions
LA1282, LA1809, and LA1941 to test for the genotype-dependent relationship between lag and LDT. Therefore, we extracted the estimates for the factors LDT and lag per each
genotype from an ANOVA based on a generalized least square model (Table 1). The per-genotype AUDPC was modeled using the extracted estimates over a range of values
representing the plausible range of lag/LDT values. Crosses represent the observed mean AUDPC (Fig. 6E).
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accessions carried complete resistance against S. sclerotiorum,
although we found a wide distribution of infection phenotypes.
Also, no high “universal” level of partial resistance or tolerance
among multiple QDR parameters was found, as none of the spe-
cies harbors significant advantages in multiple measures (IF, lag
phase, or LDT). Complete resistance against S. sclerotiorum is
rarely found in cultivated crops [32,52,60,81]. We provide evi-
dence that the time till the emergence of the first lesions (lag
phase) is highly variable within and between host species, with
only S. lycopersicoides showing a rather conserved lag-phase dura-
tion (Fig. 4B). Interestingly, Barbacci et al. [30] reported that in
Arabidopsis thaliana, the lag-phase duration is mostly influenced
by the S. sclerotiorum isolate rather than the host accession. The
comparably low genetic diversity of the host may have influenced
the observed range of QDRs. Standing genetic variation is con-
sidered much higher in (predominantly) outcrossing Solanum
species than in inbreeding A. thaliana accessions [82]. Accordingly,
we assume that the influence of genetic features on the lag-phase
duration depends on the specific genomic background of the host
plant species. However, fungal influences on pathogenesis cannot
be ignored, as the concept of the “extended phenotype’, describing
the interaction of both genomes, i.e., a genotype X genotype (G
X G) interaction for host and pathogen, for one phenotype, is well
established [37,83]. Furthermore, quantitative host resistance
features have been described to interact with the pathogen’s geno-
type as described for camalexin-associated resistance [50,84].

QDR phenotypes also differ on the intraspecific level
but at varying degrees

High variability of QDR phenotypes among genotypes of the
same plant species has been reported on multiple hosts before
[6,30,49,74,85,86]. We show that the degree of variability depends
on the host species and the respective resistance parameter.
Whereas LDT is rather stable among S. pimpinellifolium acces-
sions, it is highly variable on S. lycopersicoides accessions (see
Fig. 4 and Fig. S3). The specific forms of QDR phenotypes might
hint at independent regulatory mechanisms and different evo-
lutionary backgrounds with relatively recent developments,
leading to genetic variation, rather than conserved QDR mecha-
nisms. Host adaptation to natural habitats and its influence on
disease resistance has been studied before [87,88]. Adaptation
might explain disease phenotypes as most S. Iycopersicoides
accessions show significantly prolonged LDT. The habitat of
S. lycopersicoides faces much more rain than the other species,
leading to higher chances of successful infection events than in
relatively dry habitats, thus requiring mechanisms to fight estab-
lished infections. In contrast, drought-resistant S. pennellii has
high capabilities in delaying infection events, while it lacks
defense efficacy once an infection is established (Fig. 3), similar
to the S. chilense desert population losing resistance against the
fungus Passalora fulva [46,87,89]. However, to truly test these
hypotheses, significantly higher sample sizes and infections
under natural conditions would be required, possibly paired
with screenings of the morphological properties of the species
to assess the pleiotropic influence of habitat adaptation on QDR,
e.g., via cuticle thickness or stomata density.

QDR and genotype x genotype x environment

interactions
S. pennellii accession LA0716 was characterized as relatively
resistant against B. cinerea, while this genotype is highly susceptible
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to S. sclerotiorum (Fig. S6) [6]. Also in S. chilense, QDR pheno-
types vary between the pathogen, suggesting the presence of
pathogen-specific regulatory mechanisms [78]. However, the
pathogen diversity tested in such studies might greatly affect
the observed degree of resistance. A study with Phytophthora
infestans on 85 S. chilense accessions showed that the relative
differences in resistance phenotypes between individuals were
mainly determined by the plant genotype, with modest effects
of pathogen isolate used [49]. In contrast, large-scale screenings
of infections with different B. cinerea isolates showed a clear
genotype X genotype (G X G) effect both on panels of wild and
domesticated tomatoes and on A. thaliana [37,50,74,90,91]. In
addition, we have shown in S. chilense that QDR phenotypes,
like the IF, can be correlated with the phytohormone ethylene
[92]. Knowing that such phytohormonal regulation is also
affected by abiotic, environmental (E) factors like temperature,
humidity, and light availability, we propose that QDR polymor-
phism is implemented in a complex signaling network affected
by G X G X E interactions [1,5,93,94].

QDR is determined by the interplay of QDR
mechanisms

QDR is commonly defined as a highly interconnected regula-
tory network with an integrated, pleiotropic role in general
plant metabolism [1]. Therefore, the linkage of different defense
mechanisms, like IF and lag-phase duration, could be a good
perspective for resistance breeding. However, we did not observe
strong correlations between QDR parameters and did not find
a species or accession with a universal high resistance level for
all tested parameters. Disconnected QDR parameters have been
reported before: Xanthomonas axanopodis mutants showed
increased IF but a reduced lesion growth rate on cassava and
B. cinerea showed unconnected IF and lesion expansion rates
on wild tomatoes [6,95]. We used the presented phenotyping
platform to show that the moderation or cross-talk between
defense mechanisms is genotype-specific and differs even
between accessions of the same species (Fig. 8). Based on these
findings, we propose a model for QDR against necrotrophic
pathogens involving 3 genetically distinct mechanisms: (a)
prohibition of initial infection, (b) retardation of disease out-
breaks, and (c) deceleration of ongoing infections.

Disease severity is specifically determined

by genotype-dependent moderation of QDR
mechanisms

We used 3 differently severely infected S. pennellii genotypes to
describe the influence of 2 of the QDR mechanisms (retardation
and deceleration of symptom development) on overall symptom
severity. Interestingly, the different accessions possess diverse
capabilities in moderating the QDR mechanisms, as our model-
based approach indicates contrasting roles of LDT and lag-phase
duration. In A. thaliana, it was shown that lesion traits, like lesion
size or shape, are also controlled by genetically distinct mechanisms
[90]. Previous work showed that defense-associated hormone
responses greatly differ between different wild tomato accessions
and even within the same population. In S. chilense, ethylene
responses could only be linked to IF in one population but not
in others [92]. Therefore, we argue that the orchestration of QDR
measures highly depends on the specific genetic background,
and future studies should determine the complex interplay between
various QDR-regulating mechanisms [94].
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In this study, we used a new phenotyping platform to derive
different QDR-related phenotypes. The low cost and high flexibil-
ity of the system allowed us to screen a big set of diverse plants
relatively fast, and therefore, we identified new genotypes with
distinct QDR properties. Accordingly, we characterized accessions
and species with beneficial properties as significantly longer
lag-phase duration (S. pennellii, LA1303 and LA1656) or pro-
longed LDT (S. lycopersicoides, LA2951 and LA1964). Accordingly,
we suggest that S. pennellii accessions are specialized in delaying
lesion development, whereas S. Iycopersicoides accessions are
more capable of slowing down the spread of established lesions.
Follow-up research is needed to identify the genes underlying
these differences. Moreover, the influence of increasing lack of
nutrition during the time of the experiment must be critically
evaluated to exclude starvation-induced loss of resistance. The
resolution of the present dataset will enhance the ability to predict
distinct defense phases, facilitating more targeted sampling mech-
anisms for transcriptomic or metabolomic analysis. This can help
breed durable resistance in tomato crops with delayed and less
severe symptoms without inducing strong evolutionary pressure.
The sustainability of major R-gene-mediated resistance (including
pyramiding of such) has regularly been questioned [4,96].
Facilitating the concept of QDR is proposed to thwart the arms
race between plant hosts and pathogens. QDR phenotypes spe-
cifically tolerate disease to a certain extent without applying a
strong bottleneck onto the pathogen population [14]. Our find-
ings provide major insights into the architecture of QDR mecha-
nisms and will help in the targeted functional characterization of
QDR. By disentangling end-point QDR phenotypes into discrete
resistance mechanisms, the functional characterization of genetic
features controlling QDR will become much more targeted. Based
on this study, the factors influencing the level of QDR can be
explained in much more detail.
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Tables

Suppl. Table 1: Estimate Means lag-phase duration per species.

Species Lag estimate [h] std.error [h]
S. habrochaites 59.74 3.10
8. lycopersicoides 43.32 2.71
S. pennellii 59.87 2.71
S. pimpinellifolium  36.22 0.89

Suppl. Table 2: Estimate Means LDT

Species LDT-estimate [h] std.error [h]
S. habrochaites 36.85 0.02
S. lycopersicoides  41.13 0.02
S. pennellii 11.80 0.02
S. pimpinellifolium 11.77 0.02

Plant Phenomics Page 3 of 11



Suppl. Table 3: Grand Mean contrasts lag

Species Accession estimate (h) std.error statistic adj.p.value signif
S. habrochaites LA1721  -13.9805 3.2319 -0.0721 0.0006 R
S. habrochaites LA2167  -12.0752 3.2768 -0.0614 0.0078 *E
S. habrochaites LA1559  -8.2475 2.3949 -0.0574 0.0191 N
S. habrochaites LA1731  -5.0888 3.3181 -0.0256 0.9840 ns
S. habrochaites LA2128  -0.1378 5.7960 -0.0004 1.0000 ns
S. habrochaites LA2409  -0.0536 2.5831 -0.0003 1.0000 ns
S. habrochaites LA1753  15.8582 5.5225 0.0479 0.1275 ns
S. habrochaites LA2864  23.7252 6.5906 0.0600 0.0107 *
S. pennellii LA1809  -17.0236 1.6687 -0.1700 0.0000 i
S. pennellii LA2657  -6.3068 1.3466 -0.0781 0.0001 s
S. pennellii LA1941  -5.4652 1.7853 -0.0510 0.0713

S. pennellii LA2963  -3.1692 3.2787 -0.0161 1.0000 ns
S. pennellii LA2719  -0.3337 1.5238 -0.0036 1.0000 ns
S. pennellii LA1282  1.5361 1.3216 0.0194 0.9998 ns
S. pennellii LA0716  6.5780 1.8289 0.0599 0.0108 o
S. pennellii LA1656  10.7843 1.8850 0.0954 0.0000 il
S. pennellii LA1303  13.4000 1.9487 0.1146 0.0000 xS
8. Iycopersicoides LA2772  -7.6031 1.5262 -0.0830 0.0000 i
8. lycopersicoides LA2776  -5.5762 1.2054 -0.0771 0.0001 i
8. lycopersicoides LA4130  -2.4261 1.5880 -0.0255 0.9847 ns
S. lycopersicoides LA2777  1.4128 1.5828 0.0149 1.0000 ns
S. lycopersicoides LA1964  4.4474 1.4488 0.0512 0.0693

S. lycopersicoides LA4123  4.6261 1.4813 0.0520 0.0584

S. lycopersicoides LA2951  5.1190 1.9937 0.0428 0.2865 ns
S. pimpinellifolium LA1593  -7.8207 0.8582 -0.1519 0.0000 ok
S. pimpinellifolium LA2853  -6.1720 1.5283 -0.0673 0.0018 ok
S. pimpinellifolium LA1374  -6.0821 1.1340 -0.0894 0.0000 ok
S. pimpinellifolium LA1332  -5.4925 1.1039 -0.0829 0.0000 ok
S. pimpinellifolium LA1261  -3.5010 1.6940 -0.0344 0.7161 ns
S. pimpinellifolium LA1659  -0.5469 0.8171 -0.0112 1.0000 ns
S. pimpinellifolium LA4713  4.6669 4.1684 0.0187 0.9999 ns
S. pimpinellifolium LA2347  5.5052 1.0240 0.0896 0.0000 ok
S. pimpinellifolium LA1348  9.0943 1.1659 0.1300 0.0000 ok
S. pimpinellifolium LA2983  10.3488 1.5771 0.1094 0.0000 ok
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Suppl. Table 4: Grand Mean contrasts LDT

Species Accession  Estimate Std.Error Statistic Adj.p.value signif.
S. habrochaites LA2128 -0.3450 0.0984 -3.5052 0.0154 *
S. habrochaites LA2167 -0.1418 0.0797 -1.7798 0.9157 ns
S. habrochaites LA2409 -0.1036 0.0609 -1.7024 0.9466 ns
S. habrochaites LA1731 -0.0322 0.0661 -0.4866 1.0000 ns
S. habrochaites LA1753 0.0102 0.0890 0.1143 1.0000 ns
S. habrochaites LA1559 0.0349 0.0619 0.5633 1.0000 ns
S. habrochaites LA1721 0.1810 0.0837 2.1633 0.6332 ns
S. habrochaites LA2864 0.3965 0.1654 2.3970 0.4207 ns
S. lycopersicoides LA2777 -0.5631 0.0319 -17.6649 0.0000 HEX
S. lycopersicoides LA4130 -0.3304 0.0469 -7.0464 0.0000 *EX
S. lycopersicoides LA2776 -0.1336 0.0311 -4.2920 0.0006 HEX
S. lycopersicoides LA4123 -0.1313 0.0450 -2.9176 0.1119 ns
S. lycopersicoides LA2772 0.1880 0.0298 6.3131 0.0000 HEX
S. lycopersicoides LA1964 0.4522 0.0423 10.6881 0.0000 HEX,
S. lycopersicoides LA2951 0.5182 0.0463 11.2031 0.0000 BN
S. pennellii LA1303 -0.2561 0.0324 -7.9098 0.0000 AR
S. pennellii LA2657 -0.1336 0.0229 -5.8337 0.0000 HEX
S. pennellii LA1656 -0.1202 0.0396 -3.0352 0.0779
S. pennellii LA1282 -0.0897 0.0230 -3.8936 0.0033 i
S. pennellii LA1809 -0.0774 0.0267 -2.8946 0.1202 ns
S. pennellii LA2719 -0.0714 0.0271 -2.6405 0.2405 ns
S. pennellii LAO716 -0.0397 0.0288 -1.3792 0.9967 ns
S. pennellii LA1941 0.2596 0.0501 5.1787 0.0000 XX
S. pennellii LA2963 0.5285 0.0445 11.8656 0.0000 AXE
S. pimpinellifolium LA2983 -0.2359 0.0571 -4.1295 0.0013 e
S. pimpinellifolium LA4713 -0.1162 0.0878 -1.3232 0.9983 ns
S. pimpinellifolium LA1374 -0.0457 0.0302 -1.5143 0.9871 ns
S. pimpinellifolium LA2853 -0.0209 0.0555 -0.3770 1.0000 ns
S. pimpinellifolium LA2347 -0.0174 0.0356 -0.4882 1.0000 ns
S. pimpinellifolium LA1659 -0.0172 0.0294 -0.5839 1.0000 ns
S. pimpinellifolium LA1593 0.0622 0.0307 2.0227 0.7566 ns
S. pimpinellifolium LA1332 0.0895 0.0302 2.9637 0.0972 .
S. pimpinellifolium LA1348 0.1126 0.0319 3.5288 0.0142 *
S. pimpinellifolium LA1261 0.1890 0.0741 2.5516 0.2996 ns
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Suppl. Table 5 Solanum accessions used in this study

Accession Solanum species
LAO716 pennellii
LA1261 pimpinellifolium
LA1282 pennellii
LA1303 pennellii
LA1332 pimpinellifolium
LA1348 pimpinellifolium
LA1374 pimpinellifolium
LA1559 habrochaites
LA1593 pimpinellifolium
LA1656 pennellii
LA1659 pimpinellifolium
LA1721 habrochaites
LA1731 habrochaites
LA1753 habrochaites
LA1809 pennellii
LA1941 pennellii
LA1964 lycopersicoides
LA2128 habrochaites
LA2167 habrochaites
LA2347 pimpinellifolium
LA2409 habrochaites
LA2657 pennellii
LA2719 pennellii
LA2772 lycopersicoides
LA2776 lycopersicoides
LA2777 lycopersicoides
LA2853 pimpinellifolium
LA2864 habrochaites
LA2951 lycopersicoides
LA2963 pennellii
LA2983 pimpinellifolium
LA4123 lycopersicoides
LA4130 lycopersicoides
LA4713 pimpinellifolium
C32 lycopersicum
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Figures

Suppl. figure 1: Exemplary schematic of the “navautron” phenotyping platform. The phenotyping system
consists of a Poly(methyl methacrylate) box with custom fittings (D), LED growth lights, WiFi-smart plugs (B), and
a 4k camera (C). A Raspberry Pi micro-computer controls the lights and the image acquisition (C). The raw images
are stored on a separate file server. The PMMA-box can be customized to fit individual needs.
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Suppl. Figure 2: Lag-phase duration shows different levels of variation depending on the host species. A) The
lag phase duration (in days after infection) of S. sclerotiorum infection on S. pennellii, S. lycopersicoides, S.
pimpinellifolium and S. habrochaites accessions. (B)Lag-phase duration of S. habrochaites accessions and C) S.
pimpinellifolium accessions. The number on the x-axis indicates the count of individual leaves tested.
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Suppl. Figure 3: LDT shows different levels of variation depending on the host species. A) The LDT (in hours) of
S. sclerotiorum infection on S. pennellii, S. lycopersicoides, S. pimpinellifolium and S. habrochaites accessions. (B)
LDT of S. habrochaites accessions and C) S. pimpinellifolium accessions. The number on the x-axis indicates the
count of individual leaves tested.
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Suppl. Figure 7: Bright light microscopy images of S. sclerotiorum infections on two S. pennellii accessions with
different lag phase durations.
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Suppl. Figure 8: Residual plot of lag-phase duration values.
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Suppl. Figure 9: Residual plot of LDT values.
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Abstract

Wild relatives of crop species possess diverse levels of quantitative disease resistance (QDR)
to biotic stresses, yet the genomic and regulatory mechanisms underlying these differences are
poorly understood. In particular, how QDR against a generalist necrotrophic pathogen evolved
and whether it is driven by conserved or species-specific regulatory networks remains unclear.
Here, we examined the transcriptomic responses of five diverse wild tomato species that span
a gradient of QDR. We initially hypothesised that conserved regulatory modules might control
QDR. Instead, we use differential gene expression analysis and weighted gene co-expression
network analysis (WGCNA) to find that species-specific regulatory features, encompassing
both infection-induced and constitutively expressed genes, predominantly shape QDR levels.
Although we identified an ethylene response factor among candidate genes for QDR-regulation,
it did not fully account for the phenotypic variation. To further dissect the evolutionary basis of
these regulatory patterns, we performed phylotranscriptomic analyses on gene regulatory
networks. Notably, our findings reveal that the conserved NAC transcription factor 29 is pivotal
in developing disease resistance only in S. pennellii. The differential regulation and altered
downstream signalling pathways of NAC29 provide evidence for its co-option in the resistance
mechanisms of S. pennellii. This finding highlights the species-specific rewiring of gene
regulatory networks by repurposing a conserved regulatory element to enhance resistance
against pathogens effectively. These results offer new insights into the evolutionary and
regulatory complexity underlying QDR and emphasise the significance of species-specific gene
regulation in shaping resistance against a cosmopolitan necrotrophic pathogen.
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Introduction

Developing or engineering durable resistance against necrotrophic pathogens in crop plants
displays a major bottleneck in modern plant breeding. Although the scientific community
gained a comprehensive understanding of dominant R-gene-mediated resistance, especially
against biotrophic pathogens, an R-gene-mediated resistance against necrotrophic generalist
pathogens like Sclerotinia sclerotiorum or Botrytis cinerea has not yet been described
(Mbengue et al. 2016; Wang et al. 2019). Accordingly, the primary goal of resistance breeding
against necrotrophic pathogens is to enhance quantitative disease resistance (QDR), where
many independent loci contribute marginally to a continuous pattern of resistance (Caseys et
al. 2021). The current state of knowledge about mechanisms involved in QDR has been
reviewed by (Corwin and Kliebenstein 2017; Poland et al. 2009; Roux et al. 2014; Gou et al.
2023).

Natural or wild plant pathosystems are a valuable tool for unravelling the complexity of the
QDR mechanisms and their evolution, especially when looking into crop wild relatives (Kahlon
and Stam 2021). Crop wild relatives harbour a wide diversity of morphological properties and
represent a common source of novel traits in modern crops (Szymanski et al. 2020; Albaladejo
et al. 2017; Nosenko et al. 2016). Adapting to diverse habitats is accompanied by the evolution
of resistance or tolerance against numerous stresses, including drought, temperature, and
disease (Wei et al. 2024; Bolger et al. 2014). For instance, previous studies have demonstrated
that accessions of the crop wild relative Solanum chilense exhibit a wide inter- and
intrapopulation diversity in resistance response against pathogens like Phytophthora infestans,
Fusarium oxysporum and Alternaria spp. (Kahlon et al. 2021; Stam et al. 2017; Schmey et al.
2023). Several wild tomato species also show distinct patterns of presence-absence variation,
copy number variation, and specific patterns of selection on pathogen resistance genes within
and between populations or species (Stam et al. 2019; Seong et al. 2020; Silva-Arias et al.
2025). We have previously shown that wild tomato species employ distinct mechanisms to
achieve QDR against S. sclerotiorum, particularly by modulating the duration of the
asymptomatic phase (lag phase) and the speed of lesion growth (lesion doubling time, LDT).
These measures appear not correlated and exhibit significant host and population specificity.
Thus, species or populations might have adapted specific strategies to regulate QDR. l.e.
prolonging the lag phase in one case or increasing the pathogen’s LDT in another (Einspanier
etal. 2024). The possibility of such differentiation is supported by population genomic analyses,

showing distinct genomic separation and differentiation among S. chilense populations, which
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also exhibit diversifying elicitor responses and phytohormonal regulation (Kahlon et al. 2023;
Stam et al. 2017; Bondel et al. 2015). Interestingly, a previous study investigating S. pennellii
introgression lines described that genomic variation did not explain the phenotypic variability
and ranked regulatory variability as the main determinant of B. cinerea resistance on fruits,

highlighting how regulatory plasticity can enable new resistance traits (Szymanski et al. 2020).

The underlying regulatory interplay governing QDR remains elusive. Although recent studies
identified QDR-associated quantitative trait loci, the explained phenotypic variation remains
relatively low (Thomas et al. 2024; Pink et al. 2022). While the genomic characterisation of
QDR requires many resources (such as mapping populations, multiparent advanced generation
intercross populations or introgression lines of sufficient size, (Corwin and Kliebenstein 2017;
Thomas et al. 2024), RNA sequencing is suitable for determining QDR regulation, leveraging
high throughput and decreasing costs to support large-scale sampling. This enables researchers
to investigate complex regulatory networks, thereby identifying and characterising nuanced
shifts in gene expression and their evolution (Gomez-Picos and Eames 2015; Delplace et al.
2020).

Gene networks are a powerful tool for characterising relationships or interactions among genes
and help understand the underlying molecular mechanisms of various phenotypes (Delplace et
al. 2022; Ovens et al. 2021). Typically, gene network analyses are separated into undirected
coexpression networks (like weighted gene correlation network analysis, WGCNA) and
directed gene regulatory networks (GRNSs, (Li et al. 2015; Langfelder and Horvath 2008). Albeit
fundamentally different in the underlying statistical concepts, both GRNs and WGCNAs can
be used to characterise complex regulatory networks, as previously shown in cultivated
tomatoes. Tominello-Ramirez et al. (2024) integrated WGCNA and GRN to characterise a
specific class of ethylene response factors involved in defence against necrotrophic fungi of the
genus Alternaria, illustrating how a system approach can be facilitated to describe QDR
networks and their moderators. Although certain gene networks appear to be highly conserved
(with some predating the existence of land plants), there is increasing evidence that gene
regulation network evolution can be a relatively quick response to different stresses (Curci et
al. 2022; Wu et al. 2021; Obertello et al. 2015; Crow et al. 2022; Wei et al. 2024). Accordingly,
evolutionary flexibility was hypothesised to enhance QDR robustness (Derbyshire and Raffaele
2023). However, it remains unclear how network evolution drives QDR and how phylogenic

relationships determine the degree of QDR. This is mostly due to the high analytical
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complexity, challenging construction of cross-species networks and multidimensional
comparative analysis on non-model organisms exhibiting a wide range of complex phenotypes
(Schoenrock et al. 2017).

This also involves the development of QDR against the generalist pathogen S. sclerotiorum,
which infects a broad range of hosts, including agronomically relevant crops such as oilseed
rape, sunflower, and tomatoes (Derbyshire et al. 2022; Derbyshire and Raffaele 2023).
Although Sucher et al. (2020) showed signs of recent gene expression acquisition and
exaptation in a group of ATP Binding Cassette type G transporters responding to S.
sclerotiorum infection; the regulatory cues driving enhanced resistance through network
reconfiguration against this pathogen remain unknown.

Here, we examine transcriptome dynamics and plasticity to identify both conserved and newly
recruited regulators of QDR-level. We employ a novel approach integrating
phylotranscriptomic analysis and network inference to elucidate gene network evolution and
unravel the regulatory cues driving QDR. Specifically, we investigate the regulatory
architecture underlying QDR against a generalist necrotrophic pathogen, comparing the
rewiring of gene regulatory networks in resistant versus susceptible genotypes across five
tomato species (S. chilense, S. habrochaites, S. lycopersicoides, S. pennellii, and S.
pimpinellifolium). We test the hypothesis that shared regulatory networks drive QDR while
downstream mechanisms fine-tune species-specific regulatory responses. By integrating
phylogenetic insights with transcriptomic data, we uncover patterns of gene family expansion,
functional divergence, and regulatory remodelling that collectively enhance QDR. This
evolutionary approach helps pinpoint the “ancient core” of plant immune systems shared across
species and novel, rapidly evolving genes that can contribute to the partial, durable form of
resistance in wild tomato relatives. Our findings offer a valuable resource that contrasts
regulatory responses among genotypes with varying QDR levels, laying the groundwork for
further exploration of the functional mechanisms shaping QDR.
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Materials and Methods

Plant growth conditions

We obtained germplasm from the C. M. Rick Tomato Genetics Resource Center at UC Davis
(see suppl. tab. 1, TGRC UC-Dauvis, https://tgrc.ucdavis.edu/) and cultivated the plants in the
greenhouse of the Phytopathology Department at Christian Albrechts University Kiel,
Germany. We surface-sterilized the seeds with a 2.75% hypochlorite solution. We propagated
mature plants through cuttings using Chryzotop Griin 0.25% in Stender C700 substrate. We
maintained the growing environment at approximately 21 °C (£10 °C), 65% relative humidity,
and a 16-hour photoperiod. We fertilised the plants monthly using a drip irrigation system with
a 1% Sagaphos Blue solution. For further methodological details, please refer to (Einspanier et
al. 2024; Tominello-Ramirez et al. 2024).

Fungal growth conditions

We freshly grew the fungus Sclerotinia sclerotiorum (1980) on potato dextrose agar (Sigma-
Aldrich) at 25 °C in the dark. We performed the inoculation using a liquid mycelium macerate,
following the method described in Einspanier et al. (2024). Briefly, we incubated 100 mL of
potato dextrose broth with four 1 cm pieces of fully overgrown PDA on a rotary shaker
(120 rpm, 24 °C) for four days. After incubation, we mixed the culture using a dispenser and
vacuum-filtered it through cheesecloth. We then concentrated the filtrate to an optical density
at 600nm (ODe0o) of 1 using the clear supernatant as dilution. We used fresh potato dextrose

broth as a negative control and added Tween80 as a surfactant.

Experimental conditions

The experimental conditions of the sequencing experiment were identical to previous
experiments conducted to measure LDT (Einspanier et al. 2024). In short, we placed detached
leaflets on wet tissue papers in a tray with the adaxial side up. Then, the leaves were inoculated
with 10 pL of fungal mycelial mixture (ODsoo =1) or empty PDB. The hood was covered and
incubated at 23 °C. LED lights were used to continue the 16-h photoperiod. We sampled relative
to the lesion development in the middle of lesion spread, but always at the same daytime,
minimising the influence of the circadian rhythm on gene expression. A sterile scalpel was used
to sample a 2cm x 2cm big piece covering the lesion and the surrounding tissue. Two leaf

segments were pooled into one sample. We sampled four biological replicates per condition
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and genotype. The leaf segments were submerged in 750 uL DNA/RNA shield (Zymo
Research) in ZR BashingBead Lysis Tubes (2 mm). We used the Zymo Research Quick-RNA
Plant Kit for total RNA isolation following the manufacturer's protocol. We used a NanoDrop
One (ThermoFisher) and agarose gels to determine RNA quality and integrity. For RNA yield

quantification, we used a Fluorometer (Promega Quantus).

Sequencing and library preparation

We in-house prepped a Lexogen QuantSeq 3> mRNA-Seq V2 (Lexogen, Vienna, Austria)
library, following the manufacturer's guidelines. Spike-RNA was added for quality assessment,
as was the PCR Add-on Kit, to determine the correct number of PCR cycles required to amplify
MRNA sequences. The library was sequenced at the Competence Centre for Genomic Analysis
Kiel (CCGA) on an Illumina NovaSeq 600 (Illumina, San Diego, CA, USA) with 2 x 100 bp

aiming for five mio. reads per sample.

Bioinformatic preprocessing

We performed a quality assessment on the raw reads using FastQC/MultiQC (Simon Andrews
2010; Ewels et al. 2016). Then, we used Cutadapt v4.8 for initial filtering and adapter trimming
following recommendations from the library manufacturer (Martin 2011). This included the
settings -a "polyA=A{20}" -a "QUALITY=G{20}" and custom options for adapter removal
(see online resources). Subsequently, we depleted ribosomal RNA bioinformatically using a
custom pipeline (see online resources). For this, we generated reference-rRNA sequences for
all five species based on 45S rDNA-sequences of the 5.8S, 18S and 25S subunits from the A.
thaliana quality reference genome (GeneBanklIDs: 5.8S: AB373816.1, 25S: OK073662.1 18S:
OKO073663.1, (Rabanal et al. 2017) and the chloroplast/mitochondrial rRNA of S. lycopersicum
(GenelDs: 34678306, 3950431, 3950467, 3950435, 3950433, 34678288, 34678318,
34678306). We then extracted species-specific rRNA sequences using Blast v2.13 (Camacho
et al. 2009). We inflated the flanking sequences by 100 bp and extracted the final sequences
using bedtools v2.31.1 ‘getfasta’ (Quinlan and Hall 2010). We used the following reference
genomes: S. lycopersicoides (BioProject PRINA727176, (Powell et al. 2022), S. chilense
(BioProject: PRINA1210999), S. pennellii (BioProject: PRJIEB5809, (Bolger et al. 2014), S.
habrochaites (BioProject: PRICA008297,(Yu et al. 2022), and S. pimpinellifolium (BioProject:
PRINAG607731, (Wang et al. 2020b). Trimmed reads of each species were mapped on the

respective rRNA reference using the STAR-aligner v2.7.9 with custom settings retaining only
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non-mapping reads (see online resources, (Dobin et al. 2013). Then, we mapped the rRNA-
depleted reads against the respective reference genome using the STAR aligner with settings,
following the library manufacturer's recommendations (see mapping statistics in suppl. tab. 2).

We used the RNAseq read-assisted tool GeneExt (https://github.com/sebepedroslab/GeneExt,
last accessed Oct. 2024) to extend or predict missing UTR regions in our genome annotations.
By using the options --peak perc 10 --orphan -j 16 -v 1 -m 5000, we enhanced the
annotation completeness significantly. (Zolotarov et al. 2023). Next, we quantified aligned
sequencing reads with featureCounts v2.0.6 using custom options -s 1 -T 16 -M -t exon -
g gene_id as this sequencing library allows only the quantification of expression on gene-level
(Liao et al. 2014).

Annotation and Proteome

We developed a custom pipeline to improve the proteome of the five host plant species. First,
we utilised per-species GeneExt-curated genome annotations to extract transcripts using gffread
v0.12.7 and extracted protein sequences based on the longest open reading frames (ORF) with
TransDecoder v5.7.1 (Pertea and Pertea 2020; Haas 2024a, 2024b). To retain proteins with
functional significance, we employed BLASTp to identify homologous proteins in the UniProt
database using the parameters -max target segs 1 -evalue 1le-5. (Camacho et al. 2009;
UniProt Consortium 2017). We kept only those proteins with significant UniProt matches for
downstream analysis. For protein sequences that did not achieve a sufficient match in UniProt,
we further assessed their homology to the ITAG4 proteome of S. lycopersicum
(https://solgenomics.net/organism/Solanum_lycopersicum/genome/) using Orthofinder to
retain tomato-specific proteins. Next, we evaluated sequences with low identity to the tomato
proteome by assigning functional annotations using PANNZER2 (T6ronen and Holm 2022).
We retained all sequences with a PANNZER?2 positive predictive value (PPV) score greater
than 40%, ensuring that only confidently annotated proteins were included. Finally, we
removed duplicated sequences from the proteome FASTA files using segkit’s v0.10.0.1
rmdedub command (Shen et al. 2024). For more information on the number of filtered proteins,

please see suppl. table 3.

Differential gene expression analysis

52



We conducted a quality assessment of the expression data (see suppl. fig. 2) and performed
differential gene expression analysis using DESeq2 v1.46.0, analysing each species separately
(Love et al. 2014). Count tables were loaded, and a DESegDataSet object was created with a
design formula including genotype-treatment interaction. After setting the treatment reference
level and prefiltering genes with low counts, we defined contrast matrices for comparisons such
as infected vs. mock across all genotypes, within susceptible or resistant genotypes, and
between resistant vs. susceptible genotypes under infected conditions. The 1 fcsnrink function
was applied to stabilise log fold changes, and DEGs were identified based on an absolute log2
fold change >1 and adjusted p-value <0.05.

Phylogenomics and Orthology

We performed a BUSCO analysis v5.7.0 on the curated proteomes (custom options: -m
protein -1 solanales odbl10) for phylogenetic tree construction (Manni et al. 2021).
Subsequently, we used the busco_phylogenomics pipeline to construct species phylogenies,
which we visualised with Accurate Species Tree EstimatoR (ASTER*, v1.16). We used
Orthofinder v2.5.5 to derive insight into orthologue genes among the different species. We built
a central Orthofinder project incorporating the curated proteomes of the five core Solanum
species and six more distantly related pentapetalae plant species using the same proteome
versions as in Sucher et al. (2020). We then used the R package UpsetR v1.4.0 to visualise
intersections of shared/unique orthogroups across different scales. In cases where multiple
DEGs (e.g., isoforms) were detected per species and orthogroup, we selected those with the
most significant and strongest differential expression.

Co-expression networks (WGCNA)

We constructed weighted gene correlation networks with the R-package WGCNA v1.73
(Langfelder and Horvath 2008). We generated multiple independent networks at the single-
copy orthogroup and species levels. To generate the OG network, we first selected all genes of
all five species, which were assigned to single-copy orthogroups and renamed them with the
respective OG-ID. Then, we generated regularised log-transformed (r10g) expression values
per sample and merged the per OG expression values of all species into one consensus file,
which we used as a starting point for the WGCNA. We analysed both species- and OG-level

networks as follows.
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First, the data set was inspected for potential outliers by hierarchical clustering using the
hclust () function v3.6.2 (see suppl. fig. 4A). To derive a soft threshold, we used the
pickSoftThreshold () function. We evaluated the fit of the scale-free topology model and the
mean connectivity (e.g., see suppl. fig. 4B). We then used a custom wrapper of the
blockwiseModules () function to optimise the settings for each network separately (see suppl.

tab. 4, and online resources). Additionally, we used the following custom options:
maxBlockSize=nrow (datExpr), networkType="signed hybrid”, TOMType="signed”,

minModuleSize=30, reassignThreshold=0, checkMissingData=F,
replaceMissingAdjacencies=T. We assessed the module assignment using
plotDendroAndColors () and tested its robustness by preservation testing (see online

resources, and suppl. fig. 4C and suppl. fig. 5).

We investigated per-species module-trait relationships for n modules using linear models
accounting for the fixed binomial effects of genotype (hence, resistance phenotype) and
infection. We excluded the random effect repetition to reduce the risk of overfitting the model,
as the covariable repetition variance approached zero.

ME, = Genotype + Infection + Genotype: Infection

We ranked the plant genotypes according to their LDT values to infer ordinal phenotypic data
with the OG network and set the most resistant genotype as a contrast reference.

ME, = Infection + Rank

We extracted the model estimates to visualise the OG-module-trait relationships for easier
interpretation. Accordingly, we calculated partial- and non-partial n2 -values for single-species
networks and corrected the p-values with Benjamin-Hochberg correction (Yekutieli and
Benjamini 1999).

772 - SSeffect
partial SSeffect + SSerror
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We used a custom script to define hub genes based on eigengene centrality and a dynamic
thresholding method which identifies inflexion points of the weight distribution (Tominello-
Ramirez et al. 2024). The hub-gene assignment was visually inspected and adjusted if needed

(see online resources).

Gene Regulatory Network Analysis

We conducted a gene regulatory analysis to uncover causal regulatory relationships among the
coregulatory genes identified by WGCNA. Accordingly, we discretely predicted transcription
factors for all species using the Transcription Factor Prediction Tool Of the Plant
Transcription Factor Database (Jin et al. 2017). Then, we used the R-package GENIE3 v3.20
to construct the Gene Regulatory Network (GRN) using standard settings. We used the same
custom script as before to filter low-weight edges and define GRN-hub genes based on

eigenvector centrality.

GO-Term enrichment

To gain insights into the functional framework of the various sets of genes, we performed a
gene ontology (GO) analysis on both species-level and cross-species levels. We derived GO
terms using PANNZER2 for species-level analysis and converted the results into a BINGO-
compatible format with a custom R-script. We extracted the overlapping genes and GO terms
from all species for cross-species analysis. Those were collected in a consensus orthogroup-
based BiNGO file. Finally, we performed GO-term enrichment using the Cytoscape v3.10.3
application BINGO v3.0.5 to interpret the functional implications of defined gene sets.

Phylostratum analysis

We employed a robust phylostratigraphic approach to classify all transcripts according to their
phylogenetic origin, carefully addressing potential biases such as homology detection failure.
We used the software GenEra v1.4.2, which uses the DIAMOND algorithm v2.0.14 to align the
sequences of protein-coding genes of all five Solanum species against the NCBI non-redundant
database (as of Sept. 2024). The most distant taxonomic node is considered as the age of this
gene family (Barrera-Redondo et al. 2023; Buchfink et al. 2021; Lotharukpong et al. 2024;
Schoch et al. 2020; Sayers et al. 2020).
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Transcript Age Index

Following the association of genes with their putative age, we used the R-Package myTAl
v0.9.3 to quantify shifts in the transcript age index (TAI) (Drost et al. 2018). TAI is defined by
the number of treatments (s), the relative gene age of n genes i (ps;) and the expression level

of e;,, As:

n

S; X e;
TAl, = Z<—p — lS)

=1 > =TS
We used normalised log2-transformed read counts (DESeq2 r1og ()) as input-expression data.

Transcript Divergence Index

We employed a dN/dS-based approach to assess evolutionary divergence at the transcript level.
After extracting the longest ORFs with TransDecoder v5.7.1, we applied
divergence_stratigraphy() from orthologr v0.4.2 (Drost et al. 2015). This method identifies
best reciprocal hits via BLASTp, aligns them pairwise with Needleman—Wunsch (Needleman
and Wunsch 1970), and converts the protein alignments to codons in PAL2NAL for dN/dS
calculations (Suyama et al. 2006; Comeron 1995), using Solanum melongena as an outgroup
(Wei et al. 2020). The resulting dN/dS values were grouped into deciles (“divergence strata”)
to facilitate comparisons with phylostratigraphic data. We used these strata to compute the
Transcript Divergence Index (TDI) with myTAIl, where TDI; depends on each gene’s

divergence stratum (ds;) and the expression level (e;s) as:
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Statistics and visualisation

We used the programming language R v4.4.0 in RStudio for statistical analysis. In particular,
we used packages of the tidyverse v2.0.0, such as tidyr v1.3.1, stringr v1.5.1 and dplyr v1.1.4.
All figures were prepared using ggplot2 v3.5.1 and curated for publishing in Inkscape.

Online resources

Detailed code, including all scripts, documentation and environment information, are available
at the following GitHub repository:
github.com/PHY TOPatCAU/SolanumPhylotranscriptomics

Data availability

Sequence data and processed read counts from this article are available in the NCBI GEO
repository under accession number GSE288242 (see suppl. tab. 14).
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Results

Wild tomatoes show signs of multiple transcriptome differentiation events.

We performed a phylogenomic analysis using curated proteome sequences to corroborate the
understanding of the phylogenic relationships between the five tomato species (Solanum -
sections Lycopersicon and Lycopersicoides): S. chilense, S. lycopersicoides, S. habrochaites,
S. pennellii, and S. pimpinellifolium (fig. 1A). We found that most protein sequences (13,280
orthogroups of 26,249 total) were shared among all five species, highlighting a strong core
proteomic foundation (fig. 1B). In contrast, species-specific unique protein sequences were
relatively low, e.g., with S. pennellii carrying 2,028 unique proteins and S. lycopersicoides
1,795. This pattern underscores the evolutionary conservation within the sections while still
allowing room for species-specific adaptations. To further characterise the proteomic
landscape's evolutionary history, we employed phylostratigraphy to map the age of genes across

all tested species.

By constructing phylostratigraphic maps, we can visualise the age of the genes and when key
gene families emerged. This allows for assessing whether genes are conserved or have
diversified across lineages. As anticipated, all five species exhibit a strongly conserved
progression in the number of genes with a certain age (fig. 1C) and the number of associated
gene family founder events (fig. 1D). Most genes trace their origins back to the emergence of
cellular organisms (e.g., 18,056 S. chilense genes from 3,346 gene family founder events
[GFFE]), with a marked decline in new gene origins over time. However, notable spikes occur
during key evolutionary milestones: the development of land plants (Embryophyta, 290 GFFE,
1,362 new genes in S. chilense) and the rise of flowering plants (from Spermatophyta to
Mesangiospermae, in sum 2,371 new genes and 637 GFFE in S. chilense). Following these
periods, gene assignments gradually decrease until the clade Solanaceae, where there is a
renewed burst of new gene families (S. chilense: 144 GFFEs). All species harbour a modest
number of phylostratigraphically young genes (S. chilense: 210 GFFE), which may indicate
ongoing species-specific differentiation or bursts of gene family innovation since the
emergence of Solanaceae. However, these putatively young genes must be critically assessed,
as they may partly reflect technical artefacts (such as reference genome annotation quality or

analytical issues like homology detection failure).
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The high number of shared orthogroups and remarkably similar age estimates for gene family

founder events until the clade of Solanum illustrate the strongly conserved evolutionary history

of the five wild tomato species. This conservation suggests that, despite species-specific

innovations, their core genomic and evolutionary trajectories have remained remarkably stable.

A) . o C) Species
S. pimpinellifolium s S. habrochaites
1 10,000 ® S. lycopersicoides
° g pennelluw i
H @® . pimpineliiolium
S. chilense ) 0 A S. Ghilense o
sect. Lycopersicon g 1,000 R ¢
i 5 o
) S. pennellii 8 3
) 100
S. habrochaites
S. chopersicoides| sect. Lycopersicoides 101
3280
B) 13,28( D) 1000 go
c
s®
a3
o®
=T
me
8 s3
N 10,000+ 8
0 o s
c £
o o
s
o 2
e O 5,000+
et
=
Yo}
(o)

S. lycopersicoides .

S. habrochaites L
S. chilense °

Il il

Figure 1: Phylogenomic Analysis Reveals a Highly Conserved Proteome and Recent Differentiation Among

o O N~ O W

SNSRI

S. pimpinellifolium - ° I
S. pennellii I [ l ] [

Five Solanum Species. A) Representative phylogenetic tree of the five tomato species based on BUSCO genes.

Numbers represent branch support values based on quadripartition, considering the four clusters surrounding

a

branch. B) Orthofinder-based Upset plot of the proteomes, indicating that a large fraction of proteins is shared

among species (in red), with only a small subset unique to individual species. Phylostratigraphic maps display the

number of genes (C) and gene family founder events (D) across the tree of life. Shaded regions highlight

phylostrata corresponding to the peaks of genetic innovation during the development of land plants and within the

Solanaceae. Counts correspond to the number of genes or gene family founder events, respectively.
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Sclerotinia sclerotiorum tolerance is highly diverse among and within wild
tomato species.

We previously performed a study to identify genotypes differing in disease resistance against
the fungal generalist-pathogen S. sclerotiorum (Einspanier et al. 2024). Generally, we observed
a wide diversity in QDR phenotypes with strong species- and accession-specific patterns.
Accordingly, we observed that the lesion growth rate (denominated Lesion Doubling Time,
LDT) was generally shorter on S. pennellii and S. pimpinellifolium genotypes (i.e., pathogen
growth is faster). At the same time, S. lycopersicoides accessions appeared relatively resistant
(fig. 2A). We found the biggest quantitative differences between genotypes of the same species
for S. lycopersicoides (Ismeansusceptible = 6.80 h vs. Ismeanresisant= 7.88) and S. pennellii
(Ismeansysceptible = 5.86 h vs. Ismeanresistant = 6.65h, see suppl. tab. 1).

S. sclerotiorum infection-induced shift in gene expression underlies genotype
specificity.

We then conducted gene expression profiling on detached leaves during the lesion growth
phase, contrasting accessions with different LDT. An average of 4.3 mio. reads mapped to the
respective reference genomes, with a mean mapping rate between 74% and 89% (mapping
statistics in suppl. tab. 2). We performed differential gene expression analysis by genotype
comparing infected versus control conditions. Interestingly, we observed strong variation in
differential (infection-induced) gene expression levels between the species. We observed few
weakly differentially expressed genes for both S. chilense (sus. genotype: 2,104 DEGs, res.
genotype 194 DEGs, fig. 2B). and S. habrochaites genotypes (sus. genotype: 1,058 DEGs, res.
genotype 65 DEGS) and a stronger regulatory response by the other host species (S. pennellii:
sus. genotype: 4,808 DEGs, res. genotype 9,685 DEGs; S. lycopersicoides: sus. genotype: 3,627
DEGs, res. genotype 9,635 DEGs; and S. pimpinellifolium: sus. genotype: 9,007 DEGs, res.
genotype 8,007 DEGs, see suppl. tab. 5). We performed a Pearson correlation analysis to test
the relationship between the level of QDR and the absolute number of differentially expressed
genes and observed a non-significant, negative association between the two parameters
(p=0.087, R2=0.32, fig. 2C). However, nested species effects with contrasting trends might not
be reflected sufficiently by this analysis, as we measured a lower number of DEGs on the
resistant S. lycopersicoides genotype vs. the susceptible genotype and the opposite trend for S.

pennellii. These findings suggest that the absolute number of genes reprogrammed during
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infection alone does not explain QDR variability at this level. We also found no relationship

between sequencing/mapping depth and the number of DEGs (see suppl. fig. 1).
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Figure 2: The inoculation with S. sclerotiorum
leads to different levels of susceptibility and
heterogeneous transcriptomic responses. A)
Lesion Doubling Time (LDT) values in hours for
five host species (two genotypes each) serve as a
guantitative measure of the level of quantitative
disease resistance (QDR). Data adapted from
Einspanier et al. (2024).
B) Density plot of log.FoldChange in gene
expression across all accessions following
infection with S. sclerotiorum compared to mock
treatment, illustrating the overall transcriptomic
response to infection. Dots represent the mean
log-FoldChange. C) Pearson correlation analysis
testing the interaction between the number of
differentially expressed genes by genotype
(induced by infection) and levels of resistance

(LDT). The shadow represents the SD.
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Genotypes of the same species show strong regulatory plasticity.

Seeing the results above and knowing that constitutively expressed defence-associated genes
might also govern QDR, we performed a differential gene expression analysis contrasting the
resistant vs. the susceptible genotype by species in infected conditions. This allows the
identification of infection-induced regulatory features and the expression of non-induced genes
alike. Interestingly, the number of differentially expressed genes between the two genotypes
varies strongly between the species (1,438 DEGs up and 1,644 DEGs down in S. habrochaites
versus 5,855 DEGs up and 4,962 DEGs down in S. lycopersicoides). While we found strong
alterations in the magnitude of differential gene expression between two S. lycopersicoides
genotypes (5,855 sign. up-regulated genes in the resistant genotype, 4,962 downregulated,
respectively), S. pimpinellifolium genotypes differed on a much smaller scale (1,483 up-
regulated DEGs, 1,644 downregulated DEGS). Intermediate levels of differential expression
between S. pennellii genotypes, in contrast to strong differences in S. lycopersicoides, clearly
illustrate that the order of magnitude in gene expression does not explain the level of resistance

or susceptibility (fig. 3A).

Next, we tested whether resistance- or susceptibility-DEGs are unique or shared among species.
For this, we selected all DEGs between resistant and susceptible accessions within a species
and conducted a membership analysis based on gene orthologs to classify differentially
expressed orthologs (DEOGs). We observed that most DEOGs were unique to the respective
species. Accordingly, we measured 2,607 specific DEOGs (sDEOGS) for S. lycopersicoides,
1,194 sDEOGs for S. chilense and 903 sDEOGs from S. pennellii. However, we also identified
239 core DEOGs (cDEOGSs) shared among all five tomato species, indicating that those genes
are differentially expressed between the two genotypes of all species. Interestingly, we could
show that the majority of those cDEOGs is differentially expressed upon S. sclerotiorum
inoculation in six further related pentapetalae plants: 62 of the cDEOGs are induced in all tested
plant species (Ricinus communis, Arabidopsis thaliana, Beta vulgaris, Phaseolus vulgaris,
Helianthus annuus and S. lycopersicum), and 94 cDEOGs are infection-induced in all plants of
this set excluding R. communis. We further identified 19 cDEOGs, which might be specific to
the genus Solanum (fig. 3C). These findings illustrate that only a small proportion of all DEOGs
show a conserved expression pattern over pentapetalae plants. At the same time, regulatory
differentiation between genotypes with contrasting QDR appears to be mostly specific to the

nested species.
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In the pentapetalae plant set, most conserved differentially expressed orthologous genes
(cDEOGS) are significantly induced by infection. However, within our wild tomato dataset,
only a small fraction of these genes (n=16) is both infection-induced and vary significantly
between genotypes of differing QDR. Notably, most cDEOGs exhibited pronounced presence-
absence patterns in their infection response (see suppl. fig. 3), suggesting that their regulation
is highly variable across species. Species-specific DEOGs also display differing regulatory
profiles: While ~60% of S. pimpinellifolium, S. pennellii, and S. lycopersicoides SDEOGs are
induced by infection, only a marginal fraction of SDEOGs in S. chilense or S. habrochaites is
induced (suppl. fig. 3). This pattern underscores the regulatory flexibility and diversity among
wild tomato species in their response to pathogenic infection, likely reflecting a wide range of

adaptive strategies in their defence mechanisms.
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Figure 3: Species-Specific Differential Gene Expression Related to Varying QDR Levels. A) Pie charts
showing the number of genes differentially regulated between genotypes with varying levels of quantitative disease
resistance (QDR) within each species. DEGs were defined between genotypes with differing levels of QDR in
infected conditions. B) Upset plot illustrating the overlap of between-genotype differentially expressed
orthogroups across the five tomato species. This intersection distinguishes species-specific differentially expressed
orthogroups (SDEOGs) from a set of shared core differentially expressed orthogroups (cDEOGs). C) Upset plot
presenting the number of differentially expressed core DEOGs (cDEOGS) observed in other Pentapetalae species
upon S. sclerotiorum infection, highlighting the conservation and variability of these core genes across a broader
phylogenetic context. Data adapted from Sucher et al. (2020).
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The regulation of induced cDEOGs is diversifying among Solanum species.

We characterised the function of the 16 infection-induced cDEOGs (see suppl. tab. 6).
Interestingly, we identified two genes (OG0006904 and OG0018399) matching transcription
factors of the AP2/ERF family. One of them, OG0018399, was previously characterised as an
S. lycopersicum ERF-D6 transcription factor (Tominello-Ramirez et al. 2024). Furthermore, we
found a putative chitinase/cell-wall degrading enzyme (OG0005084) and a putative UDP-
glycosyltransferase (OG0000514) among oxidative stress regulation (fig. 4).

We hypothesised that the expression pattern of those infection-induced cDEOGs might be
mostly uniform, as they are induced by infection and differentially regulated between
susceptible and resistant genotypes. However, we observed a diversified regulatory pattern
among all induced cDEOGs with contradictory regulation. Most interesting, the putative ERF
D6 (0G0018399) is significantly upregulated in the resistant genotypes of S. habrochaites, S.
pennellii and S. chilense. Yet, it is downregulated in the resistant genotypes of S.
pimpinellifolium and S. lycopersicoides (indicating a higher induction in the susceptible
genotypes, fig. 4). Interestingly, except for OG0004836, all induced cDEOGs share an
evolutionary origin predating the emergence of flowering plants, suggesting that these highly
conserved genes remain subject to differential regulation (suppl. tab. 6). Concluding, our
differential gene expression (DEG) analysis gained initial insights into the regulatory dynamics
driven by contrasting infection conditions and/or genotypes and shows that rewiring of
expression pattern of shared infection-induced DEOGs may be source of QDR adaptation at the

species level.
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0G0000288 Beta-galactosidase
0G0002720 Cytokinin phosphoribohydrolase
0G0005084 GH18 domain-containing protein
0G0018321 Inositol-tetrakisphosphate 1-kinase
0G0000473 I.: PCMH-type FAD-binding protein
0G0000514 UDP-GT domain protein
0G0000665 Branched-chain-amino-acid aminotransferase
0G0003589 Bl | PcmH-type FAD-binding protein
0G0001394 Asparagine synthetase
0G0005750 Nodulin-like domain-containing protein
0G0004836 Uncharacterized protein
0G0018399 AP2/ERF domain-containing protein
0G0003439 Mitochondrial arginine transporter BAC2
0G0004168 tRNA-specific adenosine deaminase
0G0002830 Aspartate aminotransferase
0G0006904 AP2/ERF domain-containing protein
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Figure 4: Differential Expression of 16 core infection-induced DEOGs. The heatmap illustrates the differential
expression levels of 16 core infection-induced differentially expressed orthologous genes (DEOGS) across the five
tomato species. Each row represents a gene, and columns correspond to comparisons between resistant and
susceptible genotypes within each species. The colors indicate the magnitude and direction of expression
differences in infected conditions, showing inconsistent gene regulation patterns associated with resistance and
susceptibility to infection.

Weighted Gene Correlation Network Analysis reveals evidence of transcriptome
specification.

While informative, DEG analysis alone cannot fully capture the complexity of the underlying
regulatory pathways and networks. Thus, to further investigate global transcriptional rewiring
of QDR responses in our five species and to achieve a more comprehensive understanding of
QDR across species, we employed multiple Weighted Gene Correlation Network Analyses
(WGCNA).

First, we constructed an orthology-based pan-species network. We hypothesised that the
overarching gain of QDR might be correlated with the module eigengenes. To test this, we
constructed a gene-correlation network based on 7,419 single-copy orthogroups, which were
grouped into eleven distinct coregulatory modules, with a total of 462 hub genes (fig. 5A&B,
suppl. fig. 4). Following network construction, we examined both inter- and intramodular
edges. We validated the biological relevance of module assignments through functional
assignments using Gene Ontology terms. We used a linear model to infer QDR-phenotypes as

ranks with the module eigengenes (MEs).
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Interestingly, we found no significant and biologically meaningful association of module
eigengene expression with the LDT. While certain modules (e.g., blue, yellow, turquoise)
showed a strong association with the infection as such, there was no clear gradient in module
eigengene estimates from the most susceptible to the most resistant genotype. Moreover, despite
having similar LDT (Rank7/Rank8, suppl. tab 1), these two genotypes show notably contrasting
module eigengenes in infection-associated modules (for instance, Rank7 blue = -1.86 versus
Rank8 blue = 0.41). At the same time, the strongest associations in the module-trait
relationships emerge between genotypes within the same species (such as Rank2 and Rank3 or
Rank1 and Rank4), suggesting that QDR regulation could be tightly integrated into genotype-
or species-specific regulatory frameworks.
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Figure 5: Weighted Gene Correlation Analysis of a single-copy orthogroup across five tomato species.
A) Dendrogram illustrating the clustering of single-copy orthogroups into modules, with each module assigned a
unique color. B) Network visualization of the orthogroup-based modules, where large nodes represent highly
connected hub genes. C) Module-trait relationships derived from a linear model using module eigengenes as the
response and infection state plus resistance rank as predictors. Resistance rank is relative to the most resistant
genotype (S. lycopersicoides, LA2951), and infection status is compared to mock conditions (see suppl. tab. 1).
The coefficients shown represent effect size estimates from ANOVA, while the accompanying p-values indicate
significance after FDR correction.
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Accordingly, we hypothesise that the OG-based network (based on two genotypes per species)
may lack the statistical power to link regulatory patterns to cross-species phenotypes
confidently or that phenotypic resistance is achieved through interlinked, species-specific

pathways (fig. 5C, suppl. tab. 7).

Species-specific network topology is linked to QDR variation.

We, therefore, performed per-species regulatory network analyses to gain higher-resolution
insights into QDR regulation. Specifically, we compared S. lycopersicoides and S. pennellii -
the two species that displayed the most pronounced differences in resistance phenotypes across
the tested genotypes. In S. pennellii, 16,577 genes were clustered into eight co-expression
modules, while 18,558 S. lycopersicoides genes were grouped into nine modules (fig. 6A&B).
For both species, we identified modules with predominant genotype association (exhibiting no
significant interaction with infection), thus reflecting basal, genotype-specific alteration of gene
expression (e.g., black and green modules in S. pennellii and the brown and yellow modules in
S. lycopersicoides, fig. 6C&D). Conversely, we detected six S. pennellii and seven S.
lycopersicoides modules significantly associated with infection (estimate > 0.2). The modules
showing a significant association with the infection:genotype interaction are particularly
interesting, as these are likely the strongest candidates for explaining the differential QDR
phenotypes. Complementary to the statistical analysis, we evaluated the module eigengenes
(MEs) visually and used functional annotation to identify modules with a putative role in
resistance (suppl. fig. 6&7, suppl. tab. 8&9). Accordingly, we identified three modules in S.
pennellii (‘red,” ‘pink,” and ‘blue’) and three S. lycopersicoides modules (‘pink,” ‘green,” and
‘turquoise’) with a putative role in resistance. Next, we combined both datasets using
orthogroups to quantify the extent of overlap between resistance modules of the respective
species. We assessed the robustness of this overlap using Fisher’s exact test with FDR-corrected
p-values. 2,264 of 3,683 orthologous S. pennellii resistance genes were significantly enriched
in the S. lycopersicoides resistance modules (suppl. tab. 10&11, fig. 6E&F). However, a
significant number of S. pennellii genes did not cluster in S. lycopersicoides resistance modules:
386 genes were assigned to the yellow module and 240 to the green module. Interestingly, 1,277
genes from the S. pennellii resistance modules could not be assigned to a specific S.
lycopersiocides module and were assigned to the grey module. We observed a similar pattern
when projecting genes from the S. lycopersicoides resistance modules onto the S. pennellii gene
regulatory network. In this case, 1,918 of the 3,702 orthologous genes were located in the S.

pennellii resistance-associated blue module.
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Figure 6: Weighted Gene Correlation Network Analysis of A) S. pennellii and B) S. lycopersicoides RNAseq
data. Module eigengenes were correlated with the traits "Infection", "Genotype", and the interaction "Genotype x
Infection" using a linear model. The effect size is provided as n?, and FDR-corrected p-values are provided for C)
S. pennellii and D) S. lycopersicoides. Resistance-associated modules were marked. The module preservation of
E) S. pennellii resistance genes in S. lycopersicoides modules and F) S. lycopersicoides resistance genes in S.
pennellii modules were tested using orthogroup-based inference and a Fisher’s exact test. The dot size indicates
the number of overlapping genes, while the blue colour indicates a significant enrichment.

In comparison, a significant number of genes (1,101 genes) was assigned to the brown
module, which is specific to infection response rather than resistance. These findings indicate
that although several QDR-related genes might be shared across species, a significant subset
of QDR genes remains associated with distinct non-resistance modules reflecting species-
specific regulatory fine-tuning.

Functional enrichment reveals a broad core functional set and specific species
functions.

We then performed a GO-term enrichment analysis on both species' shared and unique QDR-
module gene sets to assess whether those harboured specific functional traits. Among the 2,264
overlapping genes, we identified a diverse array of significantly enriched GO-terms clustered
into six groups: primary/secondary metabolism, localisation, developmental processes, protein
metabolism, signalling, and response to stimulus. Within these clusters, we found enrichment
of protein transport and localisation, lipid and carbohydrate metabolism, and cinnamic acid
synthesis involving processes. Notably, we did not observe a clear enrichment for hormone
homeostasis (fig. 7A). In contrast, the S. pennellii-specific genes were clustered into four
functional groups: biosynthesis (including macromolecule/protein glycosylation), positive
regulation of cellular/biological processes, stress response, and catabolism, with modest

enrichment for signalling functions (fig. 7B).
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Figure 7: Gene Ontology (GO) Enrichment Analysis of Resistance Coexpression Modules. A) Core genes
shared across the resistance modules of S. pennellii and S. lycopersicoides. B) S. pennellii -specific genes, C) S.
lycopersicoides-specific genes. In each panel, the size of a dot corresponds to the number of genes associated with
a GO term, while the fill colour indicates the FDR-corrected significance level of the enrichment. This
visualisation highlights key functional categories enriched in core and species-specific resistance responses.

For S. lycopersicoides, we identified nine differentially regulated functional clusters, with a
particular emphasis on transport, amino acid metabolism, general metabolism, and defence
signalling (fig. 7C). These findings support a two-tier model of QDR regulation between
species: a broad, shared set of genes provides general disease resistance, while host-specific
mechanisms offer more targeted functions. For example, S. pennellii may rely on detoxification
via glycosylation, whereas S. lycopersicoides could depend more on specialised transport
processes. This model underscores how an equilibrium of shared and species-specific strategies

may shape effective defence responses across different Solanum species.

Shared QDR regulation comprises evolutionarily conserved genes.

To test the hypothesis that the specification of QDR signalling may be subject to diversifying
selection, we calculated the Transcript Age Index (TAI) and Transcript Divergence Index (TDI)
for both shared and species-specific gene sets. Our analysis revealed that species-specific genes
are evolutionarily younger, as suggested by increased TAI (e.g., S. pennellii: overlap TAI =
1.69 vs. unique TAI = 1.92; S. lycopersicoides: overlap TAI = 1.73 vs. unique TAI = 2.4, see
table 1). Additionally, shared genes from resistance modules showed lower TDI values,
indicating signs of stronger purifying selection than observed on the unique sub-modules (S.
pennellii: 4.3 vs 4.7; S. lycopersicoides: 4.3 vs 4.9, see suppl. tab. 12). This is further supported
by significantly elevated ratio of nonsynonymous mutations to synonymous mutations (dNdS)
in each species’ uniquely regulated gene set compared to the whole resistance modules (suppl.
fig. 8). Accordingly, we hypothesise that both species share a conserved, ancestral suite of genes
that presumably form the “backbone” of the quantitative defence network regulation, while
younger, less strongly conserved genes underlie specification. This balance between
conservation and innovation might be critical for the dynamic fine-tuning of defence responses

against generalist pathogens over evolutionary timescales.
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Table 1: Per-Species Transcript Age Index (TAI) of Resistance-Modules covering shared and
unique gene sets. Mean TAI values are provided with +/- SD.

Speci Whole Resistance ~ Overlap Unique
pecies
Modules
s pennellii 1.77319975 + 1.6909445 + 1.922385 +
P 0.006335785 0.00817666 0.007211685
S. Ivcopersicoides 1.981305 + 1.7368255 + 2.4065145 +
- yeop 0.019387067 0.009673017 0.035387022

QDR in S. pennellii genotype LA2963 may have evolved by co-optation of a
transcription factor.

To test the above hypothesis whether regulatory hubs or the periphery drive the evolutionary
signature of the network, we integrated gene-regulatory network analysis with dN/dS analysis
across multiple species. We extracted potentially interesting transcription factors according to
the following criteria: a) hub in the WGCNA network (high connectivity), b) gene in the
resistance module, ¢) hub in the gene regulatory network and identified highly connected
transcription factors for both focal species (18 in S. lycopersicoides and 10 in S. pennellii). We
then focussed on TFs exhibiting differential expression patterns in response to infection and
between genotypes with varying resistance levels and compared their subnetworks across

multiple species.

In S. pennellii, this subset includes a putative Trihelix transcription factor GT-3b
(Sopen09g001470, OG0007365), a MADS-box domain containing-protein (Sopen10g006210,
0G0015518) and NAC transcription factor 29 (Sopen05¢g003630, OG0005445, fig. 8A). In S.
lycopersicoides, we observed an ethylene-response transcription factor 14 (Solyd03g050610,
0G0003738), and two HSF-type DNA-binding domain-containing proteins (Solyd02g064330,
0G0000116, Solyd09g071070, OG0009560) with a strong association with the resistant
genotype (fig. 8C). Generally, these TFs were more strongly induced in the resistant genotype

and are part of a resistance-associated coregulatory module.

We then examined whether the orthologues of these putative resistance-related transcription
factors (TFs) showed similar patterns in the other species. We discovered a wide diversity in
TF expression among all members of the same orthogroup. For example, the TF
Sopen05g003630 (OG0005445) was strongly induced only in the resistant genotype of S.

pennellii, although this gene is present and expressed in other species. Moreover, 0G0005445

74



is not specifically induced in resistant genotypes nor assigned to a resistance module of the
other species. This suggests that the regulation of Sopen05g003630 (OG0005445) might
represent a resistance mechanism unique to the S. pennellii — S. sclerotiorum interaction. So,
the regulation and the downstream processes of this TF might have shifted in S. pennellii
compared to the other species (fig. 8A&B). The genes Sopen10g006210 (OG0015518) and
Sopen09g001470 (OG0007365) show an elevated expression pattern specific to the resistant S.
pennellii genotype. While we could not detect a strong expression of Sopen10g006210 in the
other species, the expression pattern of Sopen09g001470 is not linked to the QDR phenotypes
(suppl. fig. 9). We observed a similar pattern of diversifying regulation on the S. lycopersicoides
genes Solyd03g05610 (OGO0003738) and Solyd09g071070 (OGO0009560), with no clear
interspecific QDR-regulation (suppl. fig. 9).

In contrast, the S. lycopersicoides gene Solyd029g064330 (OG0000116) appeared highly
conserved across species with high similarity in expression pattern among the other species
(orthologues also belong to resistance modules and are more highly expressed in resistant
genotypes). Even so, we found strong differential regulation depending on the individual
paralog (fig. 8D). Interestingly, low dN/dS ratios suggest that both, Sopen05g003630 and
Solyd02g064330, transcription factors are under purifying selection (Solyd029g064330
dN/dS=0.4539 and Sopen05g003630 dN/dS=0.1884) (suppl. tab. 13). Additionally, the
GRNs of all resistance TFs are enriched for younger genes that emerged with the flowering
plants and show a significant under-representation of older genes compared to the entire
transcriptome (suppl. fig. 10). These younger genes and the low dN/dS ratios do not fully
explain the novel regulatory functions. Therefore, we propose that regulatory evolution, rather
than changes in nucleotide sequences, drives the evolution and short-term adaptation of these
TFs.
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Figure 8: Gene Regulatory Network Analysis Reveals a Shared Transcription Factor Co-opted for
Divergent Regulation and Coexpression. The heatmaps in panels A) and B) illustrate transcription factor (TF)
regulation in susceptible and resistant genotypes of S. pennellii and S. lycopersicoides, respectively. Each TF is a
hub gene in the GRN and WGCNA and is located in a resistance module. Each heatmap row corresponds to a TF,
with the 'ModuleColor' column indicating its assignment to a specific WGCNA resistance module. Differential
expression analysis of relevant contrasts is also displayed, with the three most strongly regulated TFs highlighted
along with their corresponding orthogroups. For these key TFs, summarized GO terms for their downstream
coexpressed genes are provided, offering insights into their functional roles in resistance pathways. The regulation
of these resistance-associated TFs ((C) S. pennellii: Sopen05g003630-OG0005445, (D) S. lycopersicoides:
Solyd02g064330-0G0000116) was then compared across species using orthogroups. The expression of each gene
within the respective orthogroup was visualised across varying levels of QDR (susceptible | resistant), with colour
coding indicating the respective species and the assignment of each TF to its species-specific resistance module.
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Discussion

In this study, we asked whether variance in observed quantitative disease resistance phenotypes
against generalist pathogens in closely related yet diverse species is governed by one or multiple
mechanisms and how such variance can evolve. Singular studies on gene or gene family
evolution alone cannot fully capture this complexity (Kahlon and Stam 2021). Therefore, we
performed integrated transcriptomics across five wild tomato species infected with S.
sclerotiorum. By combining differential expression, WGCNA, GRN, and deeper evolutionary
analysis, we uncover both conserved and species-specific QDR strategies, highlighting a

complex interplay between core and adaptive regulatory mechanisms.

Resistance against S. sclerotiorum underlies a complex regulatory interplay.

Studies on diverse crops and model plants (e.g., soybean, rapeseed, sunflower, bean, pepper,
tomato, A. thaliana) reveal broad variation in QDR against S. sclerotiorum (Boland and Hall
1994; Boudhrioua et al. 2020; Chauhan et al. 2020; Ding et al. 2021; Fusari et al. 2012;
Mazumdar 2021; Mei et al. 2012; Musa-Khalifani et al. 2021; Sucher et al. 2020; Uloth et al.
2013; Yanar and Miller 2003; Einspanier et al. 2024). Accordingly, QDR may be governed by
a complex array of regulatory and genomic features, as suggested by the large variation in
differentially expressed genes (DEGSs), ranging from a few dozen to over 20,000, observed
under diverse experimental conditions (Fass et al. 2020; Joshi et al. 2016; Tang et al. 2023; Wu
et al. 2016; Sucher et al. 2020; Chen et al. 2022). However, our findings highlight that the
number of DEGs following S. sclerotiorum infection is not directly linked to QDR levels within
or between species. In a broad-scale study, Sucher et al. (2020) proposed that regulatory
flexibility and specificity of gene expression changes are essential for QDR. We show that the
differential expression of resistance-associated genes is highly diverging between the species,
and shared genes show contrasting regulatory patterns among the species. The wide variability
of DEG counts and -regulation, as well as the dominance of species-specific patterns,
underscores the complexity of plant-pathogen interactions and suggests the role of distinct

molecular strategies.

QDR-Regulation is based on both host-specific and conserved genes.

We examined both interspecific and intraspecific regulatory responses to infection. Comparing

gene regulatory and co-expression networks across species remains challenging, and cross-
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species mapping doesn’t allow the identification of species-specific genes. Therefore, we
directly compared differentially expressed genes (DEGs) and network topologies by focusing
on orthologous genes (Kilahoglu et al. 2014; Langfelder et al. 2011; Ovens et al. 2021; Hu et
al. 2016). This approach preserves a larger number of species-specific transcripts and facilitates
the projection of findings onto more distantly related plant species. Furthermore, leveraging
orthologs maintains the integrity of each species’ unique transcriptome and enhances our ability
to uncover both conserved and unique regulatory mechanisms that underpin similar phenotypic

outcomes.

Although the tested genotypes share notable genome/proteome similarity, the regulatory
networks remain highly species-specific, suggesting that fine-scale shifts in gene regulation
may drive the emergence of unique traits (Halfon 2017; Smith et al. 2014). In some cases,
genotype effects surpass those induced by infection, suggesting genotype-specific signalling
dominates in certain backgrounds. This aligns with our WGCNA-based observation that
regulatory patterns correlate more strongly with species identity than any uniform resistance
gradient. Nevertheless, each species possesses co-regulatory modules linked to resistance.
Focusing on the overlap between S. pennellii and S. lycopersicoides, we found that shared
modules appear involved in common defence responses. In contrast, unique sub-modules focus
on specialised traits (e.g., signalling or detoxification). This suggests that GRNs are finetuned
on a species level, also when it comes to defence against broad-host-range necrotrophic
pathogens (Smith et al. 2014). Other indications of GRN specialisation for supposedly generic
tasks exist: only a minority of S. lycopersicum cis-regulatory elements controlling wound
response overlap with S. pennellii (Liu et al. 2018; Jones and Vandepoele 2020).

Rewiring Gene Networks as an Adaptive Strategy.

The pattern of gene expression can change faster than the divergence of nucleotides. This may
be due to the modification of transcription factor binding sites or the emergence of cis-
regulatory elements leading to new TF expression profiles (Winkelmuller et al. 2021).
Accordingly, shifts in gene regulation provide a more flexible means of adapting to changing
environmental conditions and finetuning genomic predisposition (Koenig et al. 2013). The
evolution of gene regulatory networks has been subject to intensive debates, with two main
hypotheses proposed to explain regulatory diversity: hub conservation, where downstream
differentiation occurs, versus hub divergence, where central regulatory genes shift in function.

Some studies suggest that regulatory hub genes might remain conserved (Masalia et al. 2017).
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However, Wei et al. (2024) emphasised the importance of hub gene divergence and subsequent
network topology shifts as the key driver of S. chilense adaptation to drought stress. Indeed,
network re-wiring, potentially via modifying a single core gene, can significantly affect
phenotypic plasticity (Koubkova-Yu et al. 2018). This may lead to highly specific responses,
such as detoxification or enhanced protein localisation processes, as observed in this study. A
recent study by Dong et al. (2024) found evidence for GRN-rewiring by reimplementing an
ancient transcription factor, which altered the response to nutrient status in Marchantia
polymorpha. Here, we present the first evidence of gene regulatory network rewiring leading
to increased levels of QDR against a necrotrophic pathogen. Interestingly, both conserved and
shared QDR-GRNs significantly enrich evolutionary younger genes dating back to
Mesangiospermae-Solanales and discriminate older genes. Accordingly, we speculate that the
adaptation to biotic stresses is modulated via shifts in the regulation and not adaptation via gene
family founder events. Following this, core genes might be subject to negative selection, but
regulating core TFs and the periphery might facilitate nuanced adaptation (Fagny and Austerlitz
2021).

Co-optation of a TF might govern QDR in S. pennellii LA2963.

Co-optation/exaptation or gene duplication followed by divergence are two potential
mechanisms driving neofunctionalisation in plant-parasite interactions (Macquet et al. 2022;
Plachetzki and Oakley 2007). Especially, the co-optation of transcription factors might display
a major source of new regulatory patterns in GRNs (Artur and Kajala 2021). We identified a
NAC?29 transcription factor as a key modulator of QDR in S. pennellii. NAC transcription
factors govern a wide array of developmental processes (e.g. flowering, cell cycle progression,
and cell division) and may play a role in abiotic stress resistance (Zhang et al. 2018b;
Nakashima et al. 2012; Kim et al. 2006; Ueda et al. 2020; Gonzalez-Bayon et al. 2019).
Although some members of the NAP subgroup of NAC TFs might be involved in biotic stress
response, only a few studies have linked them to resistance against necrotrophic pathogens (Lu
et al. 2024; Tominello-Ramirez et al. 2024; Ma et al. 2021; Zhang et al. 2018a; Wang et al.
2020a; Masri and Kiss 2023). However, their role in promoting ROS tolerance could bolster
disease resistance against S. sclerotiorum (Liu et al. 2014; Kabbage et al. 2015). The potential
of NAC TFs in regulating diverse, species-specific processes highlights their evolutionary
plasticity and adaptability. Interestingly, we observed differential regulation of NAC29 and
changes in the downstream targets. However, the identification of co-optation events can be

challenging.
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By studying the phylotranscriptomics signature of resistance-associated GRNs, we can
significantly enrich our understanding of QDR by integrating gene expression data with gene
age (phylostratigraphy). By classifying genes into evolutionary “strata” and evaluating their
expression profiles during pathogen challenge, we can assess whether older, highly conserved
defence mechanisms or younger, lineage-specific expansions (perhaps newly co-opted for
defence) drive quantitative resistance. We identified peaks in gene-family founder events that
we can link to predicted genome expansions, such as a putative whole-genome triplication
before solanales divergence. (Clark and Donoghue 2018; Huang et al. 2023; Maheepala et al.
2019). Subsequent expansions in angiosperms (Magnoliopsida) correlate with the reported
emergence of flowering-specific genes, phytohormone signalling, pathogen defence, and
secondary metabolism, underscoring genome duplication’s role in trait diversification (Huang
et al. 2023; Maheepala et al. 2019; Clark and Donoghue 2018; Chanderbali et al. 2016; Bowles
et al. 2020). Furthermore, the subsequent rise in taxonomically restricted genes within the
Solanaceae may be attributed to the same genome triplication event, suggesting that such
duplications drive species-specific adaptations and innovations (Clark and Donoghue 2018).
Although we found evidence for species-specific gene-family expansion, we did not observe a

link between taxonomically restricted genes on species level with QDR.

Conclusion

Based on the phylotranscriptomic signature (i.e., shared copy numbers across Solanum species,
broad basal expression patterns, and an ancient origin dating back to cellular organisms) and its
unique functional role in S. pennellii LA2963, we propose that NAC29 has been co-opted for
resistance-related functions against a necrotrophic pathogen. The parallel shifts in TF
expression and downstream genes suggest that different mechanisms determine NAC29 co-
optation. Possibly, altered TF regulation and differentiation of TF targets might underlie strong
species-specific variability (e.g., cis-/trans-regulation and/or chromatin modifications, Jones
and Vandepoele 2020). Possibly, the combination of trans- and cis-regulation might influence
the equilibrium between conserved and specified QDR responses, as cis-regulation might
underlie stronger differentiation (Wu et al. 2021). However, further research is needed to clarify
the mechanisms underlying the co-optation of transcription factors driving resistance (Yuan et
al. 2019). Additionally, it remains unclear how many ‘silent’ regulatory changes without a
phenotypic effect (so-called developmental system drift) might influence the capacity to

respond to environmental stress (Halfon 2017). Overall, NAC29 may serve as a prime example
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of how transcription factors can be repurposed for QDR, illustrating the broader role of TF co-

optation in plant adaptation.
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Suppl. Figure 1: Relationship of read count and number of assigned DEGs. We calculated the ratio based on

the number of DEGs (contrast: infection vs. mock) per genotype and normalised it against the individual reads per
sample (as represented by the dots).
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Suppl. Figure 2: Basic Differential Gene Expression Analysis of all five tomato species. The volcano plots
show log2 foldchange against the pvalue of all five tomato species (contrast: Infected conditions res.-sus.
genotype). Upregulated genes (red) are compared with downregulated genes (blue). The principal component
analysis shows a clear separation of genotypes and treatments. Dots represent individual samples, with the colour
defining the experimental treatment (1-susceptible, 2-resistant, mock and infected).

92



A
) 100+
0
8
>S5 75'
§e]
E
<
9w
83
gul
= 0
o w
O]
@ 251
L
0
) 2
2@ & .
&
o & ¥
N\
P & &
%‘
B)
Infection-induced in| Number of cDEOGs
no species 1
one species 11
two species 50
three species 96
four species 65
five species 16

Suppl. Figure 3: Amount of infection-induced differentially expressed orthogroups.
A) species-specific SDEOGs and B) cDEOGs.



A)

100

|
! g M w%\

B)

m

Suppl. Figure 4: Sample evaluation for the OG-based WGCNA.

A) Hierarchical clustering of all samples used in the study. B) Selection of the Soft power threshold for WGCNA
network construction on the OG-data set. The red line indicates the signed R2 threshold of 0.85. The SFT
threshold was selected based on the scale-free topology model's plateau and mean connectivity.
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Abstract

Resistance breeding against generalist necrotrophic pathogens heavily relies on quantitative
disease resistance (QDR). Lesion growth dynamics involve distinct phases (e.g., lag phase
duration or lesion doubling time), each independently affecting the overall symptom severity.
While the genetic and regulatory basis of lesion growth rate has been studied, the host-derived

regulation of the lag-phase duration remains largely uncharacterised.

In this study, we tested the regulatory response of Solanum pennellii genotypes exhibiting
different lag-phase durations. We conducted a time-series gene expression profiling experiment
dissecting genotype-specific regulatory responses to Sclerotinia sclerotiorum inoculation. We
observed genotype-specific regulatory trajectories, with resistant plants displaying early
activation of defence-related genes during the asymptomatic phase. These genes, regulated by
a WRKYG6-centered gene regulatory network, exhibited elevated basal expression in resistant
genotypes and a fine-tuned longitudinal expression with induction before lesion onset. In
contrast, susceptible genotypes lacked this early response, showing gene induction only post-
infection.

This study is the first to link host regulatory dynamics to lag-phase duration, suggesting that
elevated basal expression of receptor genes and a WRKY6-mediated gene regulatory network
may enhance QDR. These findings provide insights into the regulatory foundation of QDR and
establish a functional basis for more focused breeding of QDR traits.
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Introduction

Inoculating plant leaves with a necrotrophic pathogen, like Sclerotinia sclerotiorum, does not
always cause instant lesion onset. This phase, marked by the absence of symptoms and fungal
growth, is commonly referred to as the lag phase. Originally, the lag phase was mostly studied
in human medicine, focussing on bacterial infectious diseases such as Streptococcus
pneumoniae or Escherichia coli. This research lead to the identification of microbial
mechanisms determining the lag phase duration, such as microbial promotor activity or the
structure of the polysaccharide capsule protecting bacteria (Madar et al. 2013; Hathaway et al.
2012). Although well understood in microbiology, modern plant pathology lacks a fundamental
understanding of the processes determining this complex phenotype. Yet, the lag phase has

recently gained some attention in the light of quantitative disease resistance (QDR).

During the last decades, the research on resistance breeding has mostly focused on investigating
R-gene-mediated qualitative disease resistance (Chen et al. 2024; Kaur et al. 2021). Prominent
examples like the tomato R gene Pto, which confers complete race-specific resistance against
the bacterial pathogen Pseudomonas syringae pv tomato, show the powerful capabilities of R-
genes and led to wide use in crops (Tang et al. 1999). However, R-genes against major
necrotrophic pathogens like the cosmopolitan ascomycetes Botrytis cinerea and S. sclerotiorum
are yet to be found (Bi et al. 2023; Derbyshire et al. 2022). Additionally, R-genes (even as
pyramids) display a major bottleneck on the pathogen populations, leading to rapid pathogen
adaptation and the loss of efficacy (Stam and McDonald 2018). Thus, the polygenic QDR serves
as an essential source of resistance traits (Roux et al. 2014; Poland et al. 2009; Corwin and
Kliebenstein 2017).

QDR is a non-complete form of resistance (sometimes called disease tolerance) underlying
complex polymorphic control (regulatorily and genomically). Targeted breeding for QDR
presents major challenges because of the complexity of linking nuanced phenotypes with
interconnected regulatory and genomic determinants (Roux et al. 2014; Derbyshire et al. 2022).
Most QDR studies rely on single-timepoint measurements of severity, which is often estimated
by lesion size or AUDPC as the primary resistance phenotype. However, focusing solely on
lesion severity might undervalue temporal components of disease progression, such as lag phase
duration and lesion doubling time (LDT), which can be crucial elements of a plant’s successful
QDR, as delayed infection of reduced growth speed might allow the host plant to complete its

life cycle without large fitness costs.
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We recently hypothesised that distinct parameters of the lesion growth dynamics, including the
lag phase duration and LDT, are host-dependent QDR phenotypes, each contributing
independently to symptom severity in a genotype-specific manner (Einspanier et al. 2024).
Defining these two metrics as separate drivers of QDR allows for the functional characterisation
of independent resistance mechanisms. Here, we focus on lag phase duration, investigating its

role in shaping quantitative resistance and its potential as a tool in breeding for QDR.

Most research in both humans and plants indicates that the duration of the lag phase is primarily
influenced by the pathogen's genotype (Barbacci et al. 2020; Hamill et al. 2020). Accordingly,
several reports indicated that infection delays caused by necrotrophic pathogens are primarily
associated with fungal characteristics like secreted proteins (effectors) and phytotoxins (Leisen
et al. 2022; Denton-Giles et al. 2020). However, Hamill et al. (2020) demonstrated that cellular
stress in microbial model organisms can significantly alter lag phase duration, which, in turn,
may be influenced by the host genotype. Similarly, in a previous study on tomato crop wild
relatives, we found that lag-phase duration varies significantly across different host genotypes
(Einspanier et al. 2024). This observation aligns with recent reports by Sperfeld et al. (2024),
who showed that methylated compounds secreted by photosynthetic organisms can alter the lag
phase duration of the bacteria Phaeobacter inhibens. It is crucial to emphasise that we have
shown a strong connection between delayed lesion onset of S. sclerotiorum infection and fungal
development, distinguishing it from an asymptomsatic growth phase, often referred to as the

latency phase (Einspanier et al. 2024).

Building on recent insights, we hypothesise that host-specific regulatory mechanisms, besides
pre-formed morphological properties, influence the lag-phase-mediated level of QDR against
S. sclerotiorum. We speculate that early host-parasite interactions play a critical role in disease
progression, possibly involving a complex network of genes responsible for detoxification,
phytoalexin transport, and stress response. To assess early stress responses, we use the

maximum quantum efficiency of PSII (Fv/Fm) as a key physiological marker.

We further hypothesise that the lag phase duration is controlled by a host-specific regulatory
pattern, where gene expression composition, orchestration, and magnitude ultimately determine
the disease outcome. To test this, we conducted RNA sequencing on a time-series experiment

integrated with high-resolution phenotyping. By linking RGB-imagery and Fv/Fm
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measurements to longitudinal gene regulatory clusters and gene regulatory networks, we

provide new insights into the determinants of lag-phase duration as key factor of QDR.

The findings of this study leverage our understanding of QDR and its pleiotropic regulation,

with clear applications in crop improvement for durable disease resistance.
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Materials and Methods

Plant growth conditions

To characterise the regulation of lag phase duration, we selected three S. pennellii accessions
(LA1282, LA1809, LA1941) with contrasting lag-phase duration based on findings of an earlier
study (Einspanier et al. 2024). We initially acquired seed material from the C. M. Rick tomato
Genetics Resource Center of the University of California, Davis (TGRC UC-Dauvis,
https://tgrc.ucdavis.edu/). After the germination, each plant was routinely grown in the
greenhouse facility of the Department of Phytopathology and Crop Protection, Faculty of
Agricultural and Nutritional Sciences of the Christian Albrechts University Kiel, Germany. We
maintained adult plants via cuttings (Chryzotop Griin 0.25 %) on Stender C700 substrate. Plants
were cultivated in a controlled environment with a temperature of 21°C + 10°C, 65% relative
humidity, and a 16-hour light cycle. We applied 1% Sagaphos Blue to fertilise the plants
monthly using the drip irrigation system. For the experiment, we grew 20 plants per accession

from cuttings and harvested the first fully matured leaves.

Fungal growth conditions

For our infection experiments, we utilised the generalist plant pathogen Sclerotinia
sclerotiorum isolate 1980. We freshly cultivated the fungus from sclerotia on potato dextrose
agar (PDA) at 25°C in dark conditions. To create the inoculum, we incubated four 1 cm
diameter agar plugs in 100 mL of potato dextrose broth (PDB). After incubating for four days
on a rotating shaker at 24°C, we mixed the suspension and vacuum-filtered it through
cheesecloth. We then concentrated the resulting filtrate with empty PDB to achieve an optical
density (OD) at 600 nm of ODsoo=1, using empty PDB as a mock treatment. Lastly, Tween80

was added as a surfactant to enhance the dispersion of the fungal material.

Lag-phase duration measurement

The lag-phase duration estimates for the respective S. pennellii accessions were reported earlier.
In short, camera-monitored detached-leaf assays were carried out in a custom-built phenotyping
system called navautron (Einspanier et al. 2024; Barbacci et al. 2020). Following thresholding-
based image analysis, the per-leaf lesion progression was subjected to segmented regression
analysis to determine the inflexion point that marks the start of lesion growth. The time until

this point defines the lag-phase duration. We repeated the experiment using multispectral
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imaging with the PlantExplorer Pro phenotyping platform (PhenoVation, The Netherlands) to
further validate our findings. The experimental setup mirrored previous studies, except that
leaves were placed on custom 3D-printed trays to facilitate transfer from Navautron conditions
to the PE chamber. A 12-hour time series was conducted, and the experiment was repeated
twice independently, using 18 leaves per genotype and condition. Each repetition was based on

an independent plant stock.

Measurement of Fv/Fm

We used the PlantExplorer platform to measure the maximum photochemical quantum yield of
photosystem Il. The measure is calculated as the ratio of the variable to the maximum
chlorophyll a fluorescence (Murchie and Lawson 2013; Xia et al. 2023). This was facilitated
following a 20 min dark-adaptation of the leaves. Categorical per-leaf Fv/Fm was later

determined using the PhenoVation DataAnalysis software v5.8.4-64b.

Sequencing experiment

To capture the transcriptomic profile over the gradient of lag-phase duration, we conducted an
independent navautron-like infection experiment on detached leaves. Samples were collected
at 24-hour intervals (24-96 hours post-inoculation), pooling two leaves per biological replicate.
We obtained four independent replicates for each time point and genotype, which were then

sequenced.

We transferred the leaf samples directly into a lysis-tube containing 750 uL RNA/DNA-shield
(ZymoResearch, Germany). Then, full RNA isolation was performed using the Quick-RNA
Plant Miniprep kit (ZymoResearch). We measured RNA integrity and quality using gel-
electrophoresis and a nanodrop one (ThermoFisher); RNA quantity was measured using a
fluorometer (Promega Quantus) and a 5300 Fragment Analyzer System (Agilent). Lexogen
NGS Services (Vienna, Austria) performed the library preparation and sequencing using the

QuantSeq Fwd V2 UID library kit with additional unique molecular identifiers (UMIs).

Bioinformatic processing

We assessed raw-read quality using MultiQC/FastQC, then processed the reads using the
RNAseq-pipeline v3.17.0 from the Nextflow-based nf-core v24.04.2 framework. In short, reads
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are checked for sequencing quality and unique molecular identifiers (UMIs) extracted using
UMI-tools v1.1.5. Then, adapter sequences and low-quality reads were removed with cutadapt
v4.9 and trimgalore v0.6.10. rRNA depletion was skipped as no overrepresented sequences
were detected. Next, the trimmed reads were aligned against the reference genome using STAR
v2.7.11b followed by SALMON v1.10.3 quantification. Reads were then deduplicated using
UMI-tools. We did not assemble isoforms; only gene-level expression was quantified. To

accommodate 3’UTR sequencings, we executed the pipeline with custom settings:

--with umi --—umitools extract method "regex" --umitools bc pattern
"A(?P<umi 1>.{6}) (?P<discard 1>.{4}).*", --extra star align args "--
alignIntronMax 1000000 --alignIntronMin 20 --alignMatesGapMax 1000000 --
alignSJoverhangMin 8 --outFilterMismatchNmax 999 --outFilterMultimapNmax 20
--outFilterType BySJout --outFilterMismatchNoverlmax 0.1 --clip3pAdapterSeq
AAAAAAAA"

We mapped the reads against the S. pennellii reference genome (GenBank
assembly GCA 001406875.2, updated Version of (Bolger et al. 2014) and used a
curated genome annotation (Einspanier et al. 2025, in preparation). During
the same pipeline, we concatenated the S. sclerotiorum 1980 reference genome
to the S. pennellii reference, allowing us to measure fungal gene expression

(GenBank assembly GCA 001857865.1, (Derbyshire et al. 2017).

We listed detailed execution reports, QOC metrics and software versions in the

digital resources.

Differential Gene Expression Analysis

We used the R-package DESeq2 v1.46.0 to identify differential gene expression between the
treatments or genotypes (Love et al. 2014). For the treatment effects, we converted each
genotype’s count matrix into a DESeqDataSet using the DEsegDataSetFromMatrix ()

function, applying the following model:

design = ~ inoculum + timepoint

To test genotype effects, we converted the consensus count matrix into the DESeqDataSet while

accounting for the genotype effect:
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design = ~ accession + inoculum + timepoint

We filtered out low-variance and low-expression genes before performing posthoc tests, which
were based on manually defined contrast matrixes (e.g., infected vs mock at each time point).
We stabilised the variance using the DESeq2-function 1fcshrink (type="ashr”) to account
for noise and outlier effects. Genes with an absolute log2 fold-change greater than one and an

adjusted p-value below 0.05 were designated as differentially expressed.

Time course analysis

We performed time course clustering on focal DEGs for each genotype separately, using a
Dirichlet process Gaussian process model (McDowell et al. 2018). This approach addresses
three major challenges in RNAseq time-series analysis: selection of the optimal number of
clusters, accurate modelling of temporal trajectories and handling uncertainty. Accordingly, a
Dirichlet Process is facilitated to dynamically determine the number of clusters based on the
input data. Following this, a Gaussian process is used to model non-random changes in gene
expression over time by fitting smooth trajectories for each cluster. Bayesian inference is then
used to quantify uncertainty and estimates probabilities of cluster membership. We selected
clusters using a Maximum a Posteriori (MAP) approach, which accounts for missing or noisy
data. This model is implemented in the DP_GP software
(https://github.com/PrincetonUniversity/DP_GP_cluster?tab=readme-ov-file, last accessed
Feb. 2025).

Gene Ontology Analysis

To characterise the putative function of gene sets, we extracted gene ontology-terms (GO-
terms) using the tool PANNZER?2 and filtered for a reliability estimate (positive predictive
value, PPV) greater 0.4 (TOr6nen and Holm 2022). Redundant or outdated GO-terms were
filtered using REVIGO v1.8.1 implemented in a custom script (Supek et al. 2011). We then
performed Gene Set Enrichment Analysis (GSEA) for each genotype at defined timepoints
using the clusterprofiler v4.14.4 package with the options pvalueCutoff=0.05,
exponent=0.5, pAdjustMethod="BH”, by="fgsea” (XU et al. 2024). We conducted the
analysis of the REVIGO annotations discretely for molecular functions and biological
processes. Putative protein IDs of candidate genes were identified using the blastp function of
the UniProt database (The UniProt Consortium 2025).
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Functional Characterization

We performed an OrthoFinder v2.5.5 analysis comparing the S. pennellii proteome with A.
thaliana and S. lycopersicum to infer putative gene functions based on sequence homology.
Protein names were assigned according to their homology with A. thaliana for broadly
conserved genes and with S. lycopersicum for Solanum-specific genes. Additionally, using a
custom pipeline, we previously identified putative receptor-like proteins and receptor-like

kinases specifically for S. pennellii (Rangegowda, unpublished).

Gene-Regulatory-Network

We used the Plant Transcription Factor Database to predict S. pennellii transcription factors
based on the proteome sequences (Jin et al. 2017). We then generated a directed gene regulatory
network based on variance-stabilized read counts of all inoculated samples using the R-package
GENIE3 v1.28.0. For this, we used the cen1e3 () function. We edge-weight-filtered the
network using a ranked inflexion point thresholding approach developed by previous studies
(Tominello-Ramirez et al. 2024). We used the same thresholding method to determine hub

genes based on eigencentrality (see digital resources.).

Statistical analysis, Visualization and basic programming

Most analyses were conducted in the R programming environment v4.4.1 within RStudio
v2024.12.0. The tidyverse package v2.0.0 was used for data manipulation dplyr v1.1.4,
visualisation ggplot2 v3.5.1, and string processing stringr v1.5.1. Principal component analysis
was performed using the pcatools v2.18.0 package, while ComplexHeatmap v2.22.0 was used
for heatmap visualisation. All other plots were generated with ggplot2. Vectorised graphics
were refined in Inkscape to create multi-panel figures and ensure consistent aesthetics, while
GIMP was used for exemplary overlays. For more details about the software versions, please

refer to the session info in the digital appendix.
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Data availability

All raw files and the final count matrices are publicly available at the NCBI Gene Expression
Omnibus (GEO) under the accession GSE292483.

Online resources

The scripts and pipelines used in this study are publicly available at
github.com/PHYTOPatCAU/Spen_lag_phase RNAseq.
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Results

S. pennellii genotypes harbour significant QDR diversity.

In a previous study, we performed a high-resolution phenotyping experiment to characterise the
lag phase duration on different Solanum species using commonly available RGB cameras
(Einspanier et al. 2024). We observed significant differences in the lag phase duration between
the S. pennellii accessions LA1809, LA1941 and LA1282. We measured the shortest lag phase
duration on the genotype LA1809 (Ismean 1.59d, 38.16 h), an intermediary lag phase duration
of 2.08d (49.92 h) on LA1941, and a significantly increased lag phase duration on LA1282
(Ismean 2.37 d, 56.88h, fig. 1A).

To validate these findings and deepen their biological significance, we assessed photosynthetic
stress by measuring the ratio of variable to maximum chlorophyll a fluorescence (Fv/Fm). We
hypothesised that early photosynthetic stress could indicate the plant's defence capacity and, in
turn, affect the duration of the lag phase. To test this, we conducted a phenotyping experiment
using detached leaves, monitoring Fv/Fm at 12-hour intervals to capture dynamic changes in
photosynthetic efficiency over time. The most pronounced differences in photosynthetic stress
among the genotypes emerged 48 hours post-inoculation (hpi). In LA1282, Fv/Fm remained
largely unaffected, whereas LA1809 and LA1941 exhibited distinct regions of reduced
fluorescence (fig. 1B). Interestingly, we observed a halo with intermediate Fv/Fm values (0.48
- 0.64) surrounding areas of high photosynthetic stress (Fv/Fm < 0.48). This suggests a narrow
intersection of intermediate photosynthetic stress between healthy and diseased tissues, marked
by slightly reduced photosynthetic stress levels. We further assessed the proportions of Fv/Fm
categories per genotype to quantify the extent of photosynthetic stress, independent of leaf size
effects. While we observed genotype-dependent temporal dynamics of the Fv/Fm classes, we
found the first changes in the Fv/Fm approximately at the same time as the lesion appeared. In
LA1809 first stress was measured at 36 hpi (Ismean lag phase: 38.16 h). We observed the first
drops in Fv/Fm on LA1941 at 40hpi (lag phase duration 49 h), while photosynthetic stress
appeared the latest in LA1282 at 60 hpi (lag phase duration 56.88h). Accordingly, we conclude
that S. sclerotiorum inoculation leads to photosynthetic stress, which is mostly associated with
lesion formation. Consequently, Fv/Fm reflects the visual phenotypes if measured on 12 h
rhythms (see fig. 1C).
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We observed that the proportion of transient Fv/Fm categories (i.e., categories I, 111, or 1V)
remains stable throughout the infection process across all genotypes. Notably, the intermediate
stress zone (class V) was relatively narrow, with a transition to severe stress and eventual total
loss of chlorophyll fluorescence. Over time, the ‘dead’ class (class I, Fv/Fm < 0.160)
progressively expanded, while transient classes remained localized at the advancing lesion
edge. Contrary to our expectations, we did not measure photosynthetic stress on infected yet
asymptomatic areas of the leaf. This observation is persistent even during the lesion growth
phase, suggesting that the photosynthetic stress response to S. sclerotiorum inoculation is

spatially restricted to regions of direct pathogen interaction.
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Figure 1: Genotypic Variation in Lag-Phase Duration and Photosynthetic Stress Response. The time until
lesion onset varies significantly among the three S. pennellii genotypes: LA1282 (n = 205), LA1809 (n = 148),
and LA1941 (n = 98). We previously assessed lag-phase duration in a screening study of Solanum accessions and
now present the duration for these three focal genotypes. The y-axis indicates the asymptomatic phase (in hours
after infection). Stars denote statistical significance from pairwise Wilcoxon tests: ***p < 0.001, **p <0.0001 (A,
data adapted from Einspanier et al. 2024). We reproduced the lag-phase phenotype using the “PlantExplorer Pro”
phenotyping platform, measuring dark-adapted chlorophyll fluorescence (Fv/Fm) every 12 hours.
(B) A representative 48 hpi overlay visualises photosynthetic stress areas, where non-stressed regions appear in
standard RGB, while regions with reduced Fv/Fm are highlighted in yellow-to-red overlay according to stress
severity. (C) Stacked bar plots show the mean categorical distribution of Fv/Fm values in a time series experiment
across the three genotypes. We performed two independent experiments, each with 18 leaflets per genotype and
treatment.
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Transcriptomic response to infection underlies genotype-dependent longitudinal
dynamics.

We then performed an RNA sequencing experiment to investigate how longitudinal infection-
induced gene expression dynamics influence the lag phase duration. First, we mapped 3’UTR
sequencing reads to the S. pennellii reference genome, resulting in consistently high mapping
rates in mock samples (85% - 97.81%, fig. 2A). The mapping rates in infected conditions
gradually declined over time (70% - 97% fig. 2A), likely due to the increasing number of fungal
reads reflecting the pathogen proliferation during pathogenesis (see suppl. fig 1). We conducted
a principal components analysis (PCA) on the mapped reads to assess the overall data structure
concerning plant genotype and inoculum (suppl. fig. 2). In the PC1 vs PC2 projection, we
observed a clear separation between later-stage infected samples and the other samples,
indicating a strong infection-driven effect. Moreover, LA1282 and LA1809 clustered more
closely together, suggesting a higher degree of transcriptome similarity between these
genotypes. In the PC2 vs PC3 space, the three genotypes were more distinctly differentiated,
appearing approximately equidistant. These patterns indicate that the dataset captures
biologically meaningful variation, with PC1 distinguishing time-dependent inoculation effects
and PC2&3 genotype-specific transcriptomic differences.

We then performed a differential gene expression analysis, extracting the number of
differentially expressed genes upon fungal infection (DEGs, defined as padj. < 0.05,
llog2FoldChange| > 1) on each time point for all genotypes. Overall, we observed that the
number of DEGs (contrast infection vs mock) increased for all genotypes over time. At 24 hpi,
LA1941 showed 29 upregulated and 48 downregulated genes, while LA1809 exhibited only 8
downregulated DEGs. Interestingly, we found no DEGs at 24 hpi on the most resistant genotype
LA1282. By 48hpi we measured 71 upregulated DEGs on the genotype LA1282, while we
found 11 DEGs on LA1941 (9 up-, 2 downregulated). Interestingly, at this time point, we did
not detect any DEGs on the most susceptible genotype LA1809.

We observed a stronger regulatory response once the lag phase passed, during progressing
lesion formation. Accordingly, all genotypes displayed a considerable number of DEGs at 72
hpi (LA1282 1,191 up- and 627 downregulated, LA1809 2,177 up- and 1,803 downregulated,
and LA1941 1,785 up- and 498 downregulated) and 96 hpi (LA1282 2,290 up- and 1,652
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downregulated, LA1809 2,122 up- and 1,834 downregulated, and LA1941 1,536 up- and 1,209
downregulated). However, we could not establish a connection between the late regulatory
response (72 hpi and later) and the level of lag-phase-mediated QDR. Therefore, we
hypothesise that late regulatory adjustments triggered by infection may impact other QDR
phenotypes, such as the lesion growth rate or result from plant tissue degradation. Still, we
observed a weak yet genotype-dependent differential response in early time points after S.
sclerotiorum inoculation, with the most pronounced regulatory shift in LA1282 shortly before

the lag phase ends.
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Figure 2: S. sclerotiorum infection induces gene expression shifts in all S. pennellii genotypes.
(A) Mapping rates of all samples to the S. pennellii reference genome. The gradual decline in inoculated samples
over time reflects the increasing number of fungal reads during infection. The whiskers represent the standard
deviation, while diamonds indicate the mean. (B, C) Principal Component Analyses (PC1 vs. PC2 and PC2 vs.
PC3) show clear treatment-dependent expression shifts over time (B), and genotype separation (C). (D)
Differential gene expression analysis (infection vs. mock, at each time point) reveals distinct longitudinal
regulation patterns. The x-axis corresponds to the respective time points (24-, 48-, 72-, and 96-hours past
inoculation), and the colour indicates the genotype. The y-axis defines the number of differentially expressed genes
(log2FC| > 1 and p. adj < 0.05) of up- (top panel) and downregulated genes (bottom panel). The solid arrow
indicates the approx. mean lag phase duration of each genotype. If no dot/number is shown, no DEGs were found
for that genotype at that particular time point.
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LA1282 shows significant transcriptomic reprogramming before lesion onset.

Next, we focused on the 48 hpi time point, hypothesising that regulatory shifts during the lag
phase could determine its duration. Notably, inoculated LA1282 leaves remain asymptomatic

at this stage, whereas LA1809 leaves already show visible symptoms (fig. 1).

In total, we found 71 differentially expressed genes in LA1282 (fig. 2D). Among these DEGs
we found mostly defence-associated genes, including several pathogenesis-related (PR) genes
such as PR-4 (two paralogs: Sopen01g040940, log2FC=1.5, and Sopen01g040950,
log2FC=1.17), PR-1 protein 38 (two paralogs: Sopen01g026170, log2FC=1.43, and
Sopen01g048970, log2FC=1.21) and the strongly infection-induced protein LOX1
(log2FC=4.3). We also identified proteins involved in the protection against oxidative stress
(DOX1, log2FC=3.95), interaction with fungal pathogens (e.g., chitinases, and p-1,3-
endoglucanases), and detoxification (glycosyltransferases, cytochrome p450). Among those
DEGs were several transcription factors, such as WRKY45 and WRKY51, as well as ethylene-
response factors, illustrating a broad regulatory response to the inoculum. In addition to those
well-characterized defence genes, we found several proteins of unknown function, including
Sopen08g008720, Sopen129g023430, and Sopen03g007540. Interestingly, we did not detect any
genes with negative (i.e., down-) regulated at this genotype 48 hpi (suppl. tab. 1, fig. 3A).

Although the average lag phase duration of LA1809 ends prior to 48hpi, we did not detect any
statistically significant regulatory reprogramming. This finding suggests an incomplete, or
delayed response that lags behind the infection process (fig. 2D, fig. 3B).

In contrast, we identified two downregulated and nine upregulated DEGs at 48 hpi in the
intermediate-resistant genotype LA1941. Among these, we detected MYB (log2FC=1.8), and
ERF (log2FC=1.05) transcription factors as well as genes directly linked to pathogenesis. These
include a putative lipoxygenase (PLAT3, log2FC=1.15) and a putative PR-5 family protein
(thaumatin-like protein 1, log2FC=1.8). Interestingly, we found that OXIDATIVE STRESS 3,
a key regulator of ROS homeostasis and stress resilience, was significantly downregulated
(log2FC = -1.5) at this time point (suppl. tab. 2, Fig. 3C).
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Figure 3: LA1282 exhibits distinct regulatory reprogramming at 48 hpi. The volcano plots display differential
gene expression analysis results comparing infected vs mock conditions at 48 hpi. We tested the genotypes LA1282
(A), LA1809 (B), and LA1941 (C). Each dot represents a single gene. The y-axis shows the -log10 of the FDR-
corrected p-value, while the x-axis represents the log2 fold-change. The dotted lines mark the thresholds for DEG
assignment (|log2 fold-change| > 1 and p.adj. < 0.05). Genes meetings these criteria are considered differentially
expressed. Red dots indicate downregulated DEGs, while blue dots highlight genes with increased expression in
infected conditions. Labelled genes indicated transcripts of interest.
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Gene Set Enrichment Analysis on LA1282 at 48hpi reveals clear defence
responses.

To further validate the early transcriptomic reprogramming in the resistant genotypes, we
performed a gene set enrichment analysis (GSEA). This approach allows for a functional
interpretation of subtle regulatory changes by analysing ranked gene expression patterns across

the entire transcriptome rather than focusing solely on DEGs.

We observed that the LA1809 transcriptome is largely dominated by basal homeostasis
processes at 48hpi. This includes the processes “translation” (G0:0006412, NES=4.05),
“ribosomal small subunit assembly” (GO:0000028, NES=3.79), and “energy reserve metabolic
processes” (GO:0006112, NES=2.88, suppl. tab. 3). This pattern is further reinforced by the
absence of defence-related processes in the LA1809 GSEA analysis 24hpi. These insights
further highlight how LA1809 cannot mount a robust defence response both before and after

lesion onset.

In accordance with our previous findings, we observed a significant enrichment of defence-
related processes in LA1282 48hpi. This set includes “response to fungus” (G0O:0009620,
NES=2.9), “ethylene metabolic process” (GO:0009692, NES=2.79), and the jasmonic acid-
associated “oxylipin biosynthetic process” (G0O:0031408, NES=2.83). We also identified a
more general “defence response” (GO:0006952, NES=2.09, set size=151). We found evidence
for secondary defence-related processes, such as “lipid biosynthetic processes” (GO:0008610,
NES=2.85) and “carbohydrate metabolic processes” (GO:0005975, NES=2.38), which might
reflect the plant's ability to recognise and metabolise fungal structures such as chitin or glucans.
Interestingly, we detected no defence-related enriched gene sets at 24 hpi. Although these
enrichments largely mirror the DEGs observed in this genotype, we argue that the significantly
expanded defence-associated gene set indicates a broad transcriptomic reprogramming,
involving a larger number of genes under nuanced regulatory control (tab.1).
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Table 1: Gene Set Enrichment Analysis (GSEA) of ranked log2FC gene expression data in LA1282 at 48hpi.
All genes were ranked according to their differential expression, and significant enrichments (padj. < 0.05) GO
terms (biological process) were identified. The normalised enrichment score (NES) measures the magnitude of
enrichment of a given gene set relative to its size and compares enrichment across different gene sets. P-values
were FDR-corrected using the Benjamini-Hochberg procedure.

ID Description NES p.adjust setSize
GO:0009620 | response to fungus 2.906 0.0048 15
G0:0008610 | lipid biosynthetic process 2.851 0.0015 24
G0:0031408 | oxylipin biosynthetic process 2.838 0.0079 12
G0:0009692 | ethylene metabolic process 2.795 0.0137 10
GO0:0006044 | N-acetylglucosamine metabolic process | 2.749 0.0048 18
G0:0032787 | monocarboxylic acid metabolic process | 2.710 0.0079 24
G0O:0009806 | lignan metabolic process 2.659 0.0140 20
G0:0048544 | recognition of pollen 2.659 0.0426 14
G0:0006629 | lipid metabolic process 2.641 0.0014 46
G0:0034440 | lipid oxidation 2.481 0.0140 32
GO:0005975 | carbohydrate metabolic process 2.388 0.0014 95
G0:0009395 | phospholipid catabolic process 2.238 0.0079 71
G0:0006952 | defence response 2.090 0.0015 151

At 24 hpi, we observed a significant enrichment of “response to fungus” (GO:0009620, NES =
3.05, set size = 11) and “cellular detoxification of aldehyde” (GO:0110095, NES = 2.87) in the
LA1941 transcriptome (tab. 2). However, by 48 hpi, only three processes remained significantly
enriched: “defence response” (GO:0006952, NES = 2.92), “cytoplasmic translation”
(GO:0002181, NES = 3.24), and “microtubule-based movement” (GO:0007018, NES = 3.1;
suppl. tab. 4). These findings suggest an early activation of pathogen recognition and
detoxification mechanisms, followed by a later shift toward defence activation, protein
synthesis, and cytoskeletal rearrangements.

These findings suggest that the high-QDR genotypes LA1282 and LA1941 mount infection-
induced regulatory changes towards defence processes. Notably, there is little overlap between
the two genotypes: LA1941 initiates a subtle yet earlier characterised by a small set size and
weakly differentially expressed genes. In contrast, LA1282 initiates a later but more robust
defence response, with a larger set size and a greater number of strongly regulated DEGs,
particularly at 48 hpi. The lack of overlap between these responses suggests that each genotype
employs independent regulatory mechanisms to achieve quantitative disease resistance (QDR).
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Meanwhile, LA1809 fails to mount any detectable response during early pathogenesis, further

underscoring its susceptibility.

Table 2: Gene Set Enrichment Analysis (GSEA) of ranked log2FC gene expression data in LA1941 at 24hpi.
All genes were ranked according to their differential expression, and significant enrichments (padj. < 0.05) GO
terms (biological process) were identified. The normalised enrichment score (NES) measures the magnitude of
enrichment of a given gene set relative to its size and compares enrichment across different gene sets. P-values

were FDR-corrected using the Benjamini-Hochberg procedure.

ID Description NES p.adjust setSize

G0:0006457 protein folding 3.388 0.00014 82
G0:0006412 translation 3.095 0.00014 98
G0:0009620 response to fungus 3.055 0.02500 11
G0:0006730 one-carbon metabolic process 3.005 0.03705 10
G0:0009813 flavonoid biosynthetic process 2.900 0.02500 23
G0:0110095 cellular detoxification of aldehyde 2.879 0.00563 54
GO0:0006516 glycoprotein catabolic process 2.579 0.03705 51
G0:0000028 ribosomal small subunit assembly 2.311 0.01930 121
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The resistant accession LA1282 shows distinct regulation of putative resistance-
associated genes

We hypothesised that the early induction of pathogenesis-related genes might confer a QDR
advantage to LA1282. Based on our previous findings, we selected the 71 DEGs identified in
LA1282 at 48 hpi for further analysis, hereafter referred to as “focal DEGS” (see fig. 3A).
Following this, we expect increased susceptibility associated with altered temporal
orchestration, such as delayed or absent expression of the focal DEGs. To test this hypothesis,
we examined the longitudinal (temporal) trajectories of the focal genes across the three

genotypes.

Firstly, we performed a PCA on the per-genotype log2 fold-change (infected vs mock) across
all time points for each focal DEG, revealing a clear separation among the genotypes. Each dot
in the PCA represents a single focal DEG in a specific genotype, covering its regulation across
all four time points. Notably, LA1809 and LA1941 cluster more closely, with some trajectories
overlapping, whereas LA1282 trajectories were more separated (fig. 4A).

We performed a temporal clustering analysis to describe the regulatory dynamics among the
three genotypes. For this, we analysed the longitudinal expression pattern of the 71 focal DEGs
per genotype (3 x 71 focal DEGs). All focal DEGs show clear evidence of expression in each
genotype at least once during our timeseries experiment. Using a Dirichlet Process Gaussian
Process Model (DP_GP), we grouped trajectories into clusters based on their shared temporal
expression profiles, allowing us to determine whether the same genes followed similar or

divergent regulatory patterns across genotypes.

Through this analysis, we identified five distinct expression patterns. Cluster 1 includes 56
genes with a continuous increase in expression from 24hpi to 96hpi. In contrast, the 12
trajectories in cluster 2 followed a zigzag pattern with expression peaks at 48hpi and 96hpi.
Cluster 3, containing only six genes, shows a modest rise at 48hpi followed by a stronger
increase till 96hpi. The remaining gene trajectories fell into Cluster 4 (n=67) and Cluster 5
(n=70). Both clusters show increased expression after 48 hpi, but Cluster 5 peaks sharply at

72hpi, while Cluster 4 plateaus at its maximum.
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Consequently, we grouped the gene trajectories of the focal genes into three major regulatory

categories:

1. Early-response genes (clusters 1-3)
2. Late-expression trajectories with sustained expression (cluster 4)
3. Late-expression gene trajectories with transient expression peaking at 72hpi before

declining (cluster 5).

We performed a membership analysis of cluster assignment to test whether LA1282 trajectories
exhibit an early increase while those of LA1941 and LA1809 are expressed late. Strikingly, all
but one of the LA1282 trajectories clustered within the early response group (Clusters 1-3). In
contrast, most focal DEG trajectories of LA1809 and LA1941 fell into the late-responding
Clusters 4 and 5.

Interestingly, most LA1941 trajectories showed clear downregulation at 96 hpi, whereas those
genes remained highly upregulated in LA1809. We observed very little overlap between the
genotypes, strengthening the hypothesis that the longitudinal expression dynamics are highly
genotype-specific. Although LA1282 trajectories were distributed across multiple clusters,
LA1809 genes predominantly grouped in Cluster 4, while LA1941 genes primarily fell into
Cluster 5, suggesting distinct regulatory strategies.

In conclusion, all focal DEGs show infection-induced regulation in all genotypes, highlighting
that LA1809 susceptibility is not due to the absence of the focal DEGs from its regulatory
repertoire. Moreover, we observed that the focal DEGs underlie clear genotype-dependent and
infection-induced temporal dynamics in the tested genotypes. Building on these results, we
hypothesise that the resistance of LA1282 is determined by the distinct regulatory trajectory of
focal DEGs (zig-zag pattern), characterised by subtle early induction followed by deregulation.
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Figure 4: LA1282-specific early response DEGs underlie divergent temporal trajectories in more susceptible
genotypes. A) Principal component analysis (PCA) of the 71 focal gene trajectories across the three genotypes.
Each dot represents the temporal trajectory of a single focal DEG (incorporating the four time points). Colours
represent the genotype identity, while the ellipses denote each genotype's 95 % confidence interval.
B) Clustering analysis of the genotype-dependent trajectories of the 71 focal genes. A Dirichlet Process Gaussian
Process model was used to determine the ideal number of clusters and model the individual gene trajectories over
time. The algorithm identified five clusters. The y-axis defines the scaled gene expression, while the x-axis denotes
the time. The blue line represents the mean trajectory of each cluster, while the red lines show individual gene
trajectories. The shaded regions represent two standard deviations (2x SD). deviation. The number of genes
assigned to each cluster is indicated by n. C) Cluster membership analysis of the focal gene trajectories per
genotype. The y-axis represents the per-genotype proportion of focal DEGs assigned to each cluster. The colour
and x-axis define the different genotypes Clusters correspond to those defined in (B).
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Basal expression of a WRKY transcription factor might determine the level of
QDR.

Building on the high genotypic specificity of focal DEG trajectories, we hypothesised that these
genes might be regulated by a shared transcription factor (TF). We performed a directed gene
regulatory network analysis to test this, identifying 28 potential regulatory hub genes. We
identified one transcription factor (Sopen02g011350) with regulatory connections to all 71

focal genes. Notably, this TF is not part of the focal DEGs.

Interestingly, Sopen02g011350 is an ortholog of the A. thaliana WRKY®6, a TF with a
documented role in resistance, primarily against abiotic stresses (Chen et al. 2009; Huang et al.
2016; Niu et al. 2024). We found that Sopen029g011350 had a significantly elevated
eigencentrality in the GRN, indicating a key role in network regulation. Additionally, this TF
displayed a high edge weight to all focal DEGs, supporting a potential function as a central

regulator of the focal DEGs.

Next, we analysed the expression pattern of this TF in both mock and infected conditions across
three genotypes to verify its role in genotype-dependent longitudinal regulation. Compared to
LA1809 and LA1941, LA1282 exhibited consistently higher expression of Sopen02g011350,
a trend observed in both infected and non-infected conditions, independent of time. Notably,
under mock conditions at 24 hpi, LA1282 expressed Sopen02g011350 significantly higher than
the other genotypes. Upon infection, Sopen02g011350 expression increased in all genotypes,
though its basal expression level in LA1282 remained consistently elevated (fig. 5, suppl. table
10).
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Figure 5: The gene regulatory network hub Sopen02g011350 (WRKY®6 ortholog), exhibits high basal and
induced expression in the resistant genotype LA1282. We identified Sopen02g011350, a putative WRKY6
ortholog, as a gene regulatory network (GRN) hub based on high eigencentrality and connectivity to all focal
DEGs. We analysed its expression using mean variance-stabilized of absolute (deduplicated) read counts. The
heatmap displays Sopen02g011350 expression levels, where red indicates high expression and blue represents low
expression. We compared four time points (24-96 hpi) under infected and mock conditions across the three
genotypes: LA1282, LA1809, and LA1941.
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Basal expression of focal DEGs is significantly elevated in LA1282.

Following the observation that the putative core regulator of the focal DEGs (Sopen02g011350)
exhibited significantly higher basal expression in LA1282, we next investigated whether the

focal DEGs also show constitutively elevated expression in this genotype.

Strikingly, most focal DEGs (56 out of 71, suppl. tab. 9) are significantly more expressed in
LA1282 mock conditions than the susceptible genotype LA1809. In particular, pathogenesis-
related genes PR-1, PR-4, and B-1,3-endoglucanases displayed stronger basal expression (fig.
6, suppl. tab. 9). This further provides evidence that basal or preformed defence mechanisms
contribute to QDR in LA1282. Since LA1282 exhibits elevated basal expression of both the
core regulator Sopen02g011350 and its downstream focal DEGs, we next asked whether
pathogen perception might contribute to QDR in this genotype. To explore this, we analysed
the basal expression of key pathogen recognition proteins, including BAK1, SOBIR1, CERK1,
receptor-like proteins (RLPs), and receptor-like kinases (RLKS).

Interestingly, we found eight RLKs with significantly elevated basal expression in LA1282
compared to LA1809. Moreover, we identified seven differentially expressed RLPs, including
three upregulated in LA1282 and one allele each of CERK1 and BAK1 (see suppl. tables 5-8).
These findings illustrate first evidence of how the basal expression of key defence genes and
the pre-activation of immune receptors might facilitate an earlier and more rapid defence

response in LA1282, resulting in enhanced QDR.

However, a more detailed pathway analysis, along with molecular characterisation assays (such
as ROS burst measurements, MAPK-phosphorylation or phytohormone measurements), is
required to determine the functional link between basal RLK/RLP expression and the regulation
of focal DEGs.
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Figure 6: LA1282 Exhibits Higher Basal Expression of Focal DEGs. We analysed the basal expression of the
71 focal genes (identified in LA1282 at 48 hpi) by comparing their expression under mock conditions across the
three genotypes. We used variance-stabilized mean expression values, which were min-max normalised to the
highest and lowest observed values. The heatmap visualises gene expression levels, where red indicates the highest
expression and dark blue denotes the lowest. The expression values represent measurements at 24 hpi under mock
conditions across four independent biological replicates. Rows and columns were clustered using Euclidean
distance.
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Discussion

We performed a longitudinal transcriptome analysis to identify regulatory factors driving the
lag phase duration on S. pennellii upon S. sclerotiorum inoculation. Our goal was to characterise
the composition and temporal dynamics of the regulatory response in high-QDR genotypes.
Specifically, we tested whether QDR is driven by induced or basal expression.

The lag phase duration is determined by common defence genes.

In the high-QDR genotype LA1282, we identified a set of focal DEGs which we associated
with resistance. These genes show evidence for late infection-induced expression (72 — 96hpi)
in more susceptible genotypes yet lack the longitudinal pattern found in LA1282. In particular,
the genotype LA1282 facilitates early defence gene expression at 48hpi, before lesion onset.
Many of these focal DEGs, including glutathione S-transferases, ABC-transporters, p450
cytochromes, receptor-like kinases/proteins and PR-genes, have been previously linked to S.
sclerotiorum-induced defence responses across multiple hosts (Xue et al. 2024; Seifbarghi et
al. 2017; Sucher et al. 2020; Wei et al. 2016; Gullner et al. 2018). These genes contribute to
necrotrophic pathogen defence by regulating detoxification, reactive oxygen species

homeostasis, transport and cell death (Xue et al. 2024).

While general defence responses to S. sclerotiorum inoculation are well understood,
comparative studies examining multiple genotypes with varying levels of QDR remain scarce.
Little is known about how temporal regulation influences QDR phenotypes. However, some
reports have linked early gene expression patterns to QDR against S. sclerotiorum on Brassica
juncea or soybean (Que et al. 2014; Ranjan et al. 2019; Yang et al. 2025). Ranjan et al. (2019)
observed that early jasmonate (JA) accumulation enhances ROS scavenging capacity in a
resistant genotype, which aligns with our observation of increased DOX1 expression in
LA1282. The role of JA in conferring resistance to S. sclerotiorum has been demonstrated,
although the significance of longitudinal JA regulation remains inconclusive (Wei et al. 2016).
While some studies do not establish a direct link between temporal gene regulation and
resistance (Seifbarghi et al. 2017) or remain inconclusive (Chang et al. 2018), our findings align
with prior work indicating that focal gene activity is crucial for lag-phase-mediated resistance
(Westrick et al. 2019). We observed that a distinct regulatory shift at 48hpi is required to delay
lesion onset on a high-QDR genotype.
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Studies on S. sclerotiorum point to a distinct regulatory shift between the early
(presymptomatic, 24-48hpi) and late (symptomatic, 96hpi) stages of infection, potentially
marking the transition from biotrophy to necrotrophy (Seifbarghi et al. 2017; Westrick et al.
2019; Kabbage et al. 2015). These presymptomatic gene-expression changes align closely with
our observation that a high-QDR genotype (LA1282) initiates an early regulatory response
before lesion onset. Further research is needed to determine whether high-QDR genotypes

actively counter the pathogen’s shift in infection strategy.

A WRKY Transcription Factor might control quick QDR response to S.
sclerotiorum inoculation.

The role of WRKY TFs in oxalic acid and S. sclerotiorum resistance is well documented.
Multiple WRKY TFs have been identified across multiple hosts like A. thaliana, oil seed rape,
or Brassica juncea, including AtWRKY28, AtWRKY75, BnWRKY8, BnWRKY33,
BnWRKY61 or the WRKY25 BjuA016484 (Chen et al. 2013; Wei et al. 2016; Yang et al. 2025;
Zhao et al. 2024; Wang et al. 2014). In this study, gene regulatory network and differential gene
expression analysis revealed WRKY6 (Sopen02g011350) as a putative regulator of QDR-
related genes. Interestingly, WRKY6 has been characterised in A. thaliana for its role in abiotic
stress resistance, particularly in response to phosphorus or potassium limitation (Chen et al.
2009; Niu et al. 2024). However, some studies have reported its differential expression upon S.
sclerotiorum infection in A. thaliana and oil seed rape (Zhang et al. 2022; Wu et al. 2016). We
speculate that the association of WRKY6 with abscisic acid (ABA) homeostasis might enable

its role in defence via plant hormone signalling (Huang et al. 2016).

In tomato (S. lycopersicum), WRKY®6 (Solyc02g080890) is linked to pathogen resistance, with
elevated expression reported in genotypes resistant against Ralstonia solanacearum and
Fusarium oxysporum f. sp. lycopersici (Zhang et al. 2020; Lépez et al. 2021). In contrast, in S.
pennellii, however, WRKY 6 has been only associated with leaf thickness development (Coneva
etal. 2017).

Given its role in multiple stress responses and pathogen interactions, WRKY6 may serve as a
key factor in resistance to diverse pathogens, following the observations of the typical
pleiotropic nature of QDR-loci (Roux et al. 2014). We demonstrate that basal WRKY6
regulation influences complex QDR phenotypes, such as lag-phase duration, without conferring

full resistance. Since WRKY®6 exhibits strong regulatory connectivity to all focal genes and
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shows significantly elevated basal expression in the resistant genotype, similar to the focal
genes, we propose that WRKY®6 is a promising candidate for further investigation within the
genetic regulatory network governing QDR-associated genes.

Following the canonical model of defence response to most pathogens, TFs, like WRKYs and
ERFs, act downstream of key components in the pattern-triggered immunity (PTI) signalling
cascade. This includes early-response elements such as mitogen-activated protein kinases
(MAPKS), as well as ROS bursts and Ca?* signalling, which can contribute to QDR against S.
sclerotiorum (Li et al. 2016; Lewis et al. 2015; Wei et al. 2016; Zhang and Klessig 2001; Lin
et al. 2024; Wu et al. 2016). Unfortunately, the resolution of our time-series experiment does
not capture the earliest events in the host-parasite interaction. Nevertheless, we observed clear
differential regulation of several potentially PTI-associated genes in the resistant genotypes,

supporting their role in QDR-associated transcriptional reprogramming.

QDR is determined by basal gene expression and defence priming.

Based on our observations, we propose that elevated basal expression of focal genes, possibly
through a primed defence state, and altered pathogen perception through receptor-like proteins
and -kinases determine QDR in conjunction. Consistent with this hypothesis, some of our
candidate genes exhibit increased basal expression in resistant oilseed rape genotypes, resulting
in stronger induction compared to susceptible backgrounds (Wu et al. 2016). We found
significant variation in the basal RLK and RLP regulation across genotypes with varying QDR
levels. Notably, the high-QDR genotype LA1282 shows a strong basal expression of the
receptor-like kinase LIK1 (Sopen02¢g020810). In A. thaliana, LIK1 is phosphorylated by
CERK1 and has been shown to enhance resistance against S. sclerotiorum while acting as a
susceptibility factor for biotrophic pathogens (Le et al. 2014). LIK1 plays a role in chitin
perception, potentially interacting with FLS2, PEPR1, and PEPR2. Interestingly, LIK1 mutants
show increased sensitivity to chitin (Le et al. 2014), but fail to respond to glycans, suggesting
that LIK1 mediates the recognition of carbohydrate-based elicitors, particularly mixed-link
glucans (Martin-Dacal et al. 2023). Beyond RLKs, RLPs also contribute to QDR, as
demonstrated by AtRLP30, AtRLP42 and AtRLP23, which mediate fungal elicitor perception
(e.g., SCFEL or nlp20), increasing QDR against multiple pathogens (Mbengue et al. 2016;
Albert et al. 2015). Yet, most of the receptors identified here remain uncharacterised and appear

unique to wild tomatoes. Based on our results, we raise the question of whether the QDR
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phenotypes reported in most receptor-based studies are primarily attributed to delayed lesion

onset.

Conclusion

In this study, we observed that subtle shifts in gene expression can significantly extend the lag-
phase duration. We speculate that the fungus may be particularly vulnerable during the early
stages of infection, making basal expression and fine-tuned longitudinal gene expression

changes essential components of QDR.

Based on the elevated abundance of focal DEGs and PRRs, we hypothesize that LA1282 might
benefit from a prime state of physiological awareness. Previously, it was shown that AtWRKY 6
and PR1 are subject to trans-generational defence priming, linking transgenerational systemic
acquired resistance with histone modification (Conrath et al. 2015; Luna et al. 2012). The
constitutively elevated defence gene expression during the primed state might enhance QDR
with a relatively low fitness cost (Ahmad et al. 2010; Li et al. 2016; Conrath et al. 2006). This
study demonstrates that basal gene regulation can shape QDR by modulating the temporal
dynamics of a key set of defence genes, ultimately enhancing the plant’s ability to delay
pathogen invasion.
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Suppl. fig. 1: Mapping rate of fungal reads. Diamonds indicate the mean mapping rate per time point and

treatment. Dots represent individual samples, and whiskers depict the standard deviation.
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Suppl. Table 1 DEGs 48 hpi, LA1282 inf-mock

GenelD L2FC | padj Putative Function

Sopen08g009740 4.296 0.0004 | LOX1

Sopen08g008720 4.276 0.0007 | Sopen08g008720

Sopen08g008720 4.276 0.0007 | Sopen08g008720

Sopen01g001520 4.228 0.0039 | NAD(P)-binding Rossmann-fold superfamily protein

Sopen02g031830 3.959 0.0046 | DOX1

Sopen12g023430 3.601 0.0007 | Sopen12g023430

Sopen10g033140 3.365 0.0046 | CytochromeP450 (Sopen10g033140)

Sopen04g012680 3.146 0.0123 | Glutamatedecarboxylase

Sopen09g028060 3.115 0.0123 | ERF

Sopen04g026840 3.044 0.0136 | Pathogen-related protein

Sopen06g011740 3.028 0.0080 | Oxalate--CoAligase

Sopen01g051340 2.927 0.0139 | divinylether synthase

Sopen09g036010 2.868 0.0146 | Glycosyltransferase

Sopen02g037820 2.709 0.0122 | CCoAOMT1 (Sopen02g037820)

g.plus_peak 18795 2.656 0.0175 | g.plus_peak 18795

Sopen01g026150 2.647 0.0080 | beta-1,3-endoglucanase (Sopen01g026150)

Sopen10g028890 2.614 0.0185 | CytochromeP450 (Sopen10g028890)

Sopen04g029490 2.546 0.0099 | DAHPsynthase 2 precursor

Sopen03g007540 2.509 0.0122 | no symbol available (Sopen03g007540)

Sopen03g007540 2.509 0.0122 | no symbol available (Sopen03g007540)

Sopen12g023420 2.446 0.0080 | Sopen12g023420

Sopen02g031030 2.432 0.0139 | Sopen02g031030

Sopen02g031030 2.432 0.0139 | Sopen02g031030

Sopen11g027650 2.373 0.0221 | PUB24

Sopen10g028130 2.337 0.0122 | Ammoniumtransporter

Sopen07g024910 2.305 0.0038 | EF501822(Sopen079024910)

Sopen01g002940 2.292 0.0122 | syntaxin-121-like

Sopen03g029450 2.262 0.0185 | Bioticcell death-associated protein

Sopen08g023280 2.227 0.0221 | Polyphenoloxidase

Sopen03g041120 2.117 0.0207 | CytochromeP450 (Sopen03g041120)

Sopen09g033940 2.040 0.0139 | Majorallergen Pru ar.1 (Sopen09g033940)

Sopen12g034850 2.020 0.0267 | Fattyacid desaturase

Sopen04g025580 2.002 0.0080 | Sopen04g025580

Sopen01g026160 1.994 0.0080 | Sopen01g026160

Sopen12g021540 1.909 0.0164 | Sopen12g021540

Sopen03g033590 1.859 0.0221 | ENO1

Sopen12g032770 1.858 0.0292 | Majorallergen Pru ar.1 (Sopen12g032770)

Sopen10g032770 1.818 0.0330 | AtCWIN2, AtcwINV2, CWINV2

Sopen01g046060 1.817 0.0221 | Alpha/beta-Hydrolasessuperfamily protein

Sopen03g033250 1.814 0.0122 | Sopen03g033250

Sopen11g009900 1.807 0.0252 | Peroxidase

Sopen07g024490 1.800 0.0221 | Cytochromeb5.1

Sopen04g028240 1.703 0.0340 | WRKY51

Sopen10g034420 1.686 0.0102 | GlutathioneS-transferase

Sopen08g028940 1.683 0.0207 | Serineprotease inhibitor, potato inhibitor I-type family
protein

Sopen08g022430 1.682 0.0340 | aromaticamino acid decarboxylase 2

Sopen08g028950 1.675 0.0090 | OSM34

Sopen08g023580 1.631 0.0340 | UDP-Glycosyltransferasesuperfamily protein

Sopen05¢g011470 1.630 0.0292 | WRKY45

Sopen05g004840 1.547 0.0221 | Glycosyl transferase, family 14

Sopen01g033730 1.542 0.0357 | Probable magnesium transporter

Sopen03g041450 1.541 0.0355 | RING/U-boxsuperfamily protein

Sopen12g034880 1.540 0.0368 | CER1-L1

Sopen01g048960 1.529 0.0340 | PR-1 protein 38 (Sopen01g048960)
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Sopen08g025910
Sopen01g040940
Sopen03g029570
Sopen05g029280
Sopen01g026170
Sopen09g034580
Sopen08g022500
Sopen03g028580
Sopen02g037830
Sopen10g034470
Sopen10g034470
Sopen01g044660
Sopen12g029340
Sopen01g048970
Sopen059g004580
Sopen05¢g004580
Sopen01g034780
Sopen01g040950
Sopen01g040950
Sopen07g001220
Sopen09g006690
Sopen07g024880
Sopen11g001970

Suppl. Tab. 2: DEGs LA1941, 48 hpi inf vs mock

1.514 0.0207 | Sopen08g025910

1.497 0.0080 | PR4 (Sopen01g040940)

1.465 0.0389 | Proteinase inhibitor Il

1.457 0.0292 | Phosphoglyceratemutase family protein
1.433 0.0102 | beta-1,3-endoglucanase (Sopen01g026170)
1.415 0.0262 | ABCG39

1.366 0.0221 | Tyraminen-hydroxycinnamoyl transferase
1.348 0.0340 | Phosphatecarrier protein, mitochondrial
1.331 0.0340 | CCoOAOMT1 (Sopen02g037830)

1.310 0.0357 | no symbol available (Sopen10g034470)
1.310 0.0357 | no symbol available (Sopen10g034470)
1.279 0.0340 | TPS20

1.227 0.0500 | Alpha/beta-hydrolasessuperfamily protein
1.211 0.0162 | PR-1 protein 38 (Sopen01g048970)
1.210 0.0207 | Lipidphosphate phosphatase.1

1.210 0.0207 | Lipidphosphate phosphatase.1

1.190 0.0364 | Subtilisin-likeprotease

1.168 0.0137 | PR4 (Sopen01g040950)

1.168 0.0137 | PR4 (Sopen01g040950)

1.123 0.0448 | Chitinase

1.103 0.0500 | Sopen09g006690

1.031 0.0221 | EF501822(Sopen07g024880)

1.006 0.0500 | CMPG1, ATCMPG1

GenelD L2FC padj funct_unique
Sopen03g039350 1.43 0.003 | Sopen03g039350
Sopen03g040350 -1.25 0.002 | beta-galactosidase3
Sopen04g001120 1.81 0.000 | MYBD
Sopen04g024830 1.15 0.003 | PLAT3
Sopen04g027010 2.02 0.001 | EXT3

Sopen04g035160 1.81 0.001 | Thaumatin-likeprotein.1
Sopen06g024710 -1.58 0.000 | OXS3

Sopen08g022270 1.03 0.005 | MFP-a
Sopen09g004270 1.21 0.002 | Alpha/beta-Hydrolasessuperfamily protein
Sopen09g032860 1.05 0.003 | ERF1B
Sopen10g001910 1.22 0.001 | FLA2
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Suppl. Tab. 3: GSEA LA1809, 48hpi

ID Description NES p.adjust setSize
G0:0006412 | translation 4.050 0.0001 113
G0:0002181 | cytoplasmic translation 4.033 0.0001 24
G0:0002191 | cap-dependent translational initiation 3.821 0.0001 25
G0:0000028 | ribosomal small subunit assembly 3.799 0.0001 161
G0:0016226 | iron-sulfur cluster assembly 3.492 0.0002 22
G0:0006520 | amino acid metabolic process 3.246 0.0010 13
GO0:0006570 | tyrosine metabolic process 3.009 0.0003 52
G0:0006414 | translational elongation 2.976 0.0022 32
GO0:0006112 | energy reserve metabolic process 2.888 0.0016 41
GO0:0006734 | NADH metabolic process 2.842 0.0160 17
G0:0006457 | protein folding 2.823 0.0001 103
G0:0042254 | ribosome biogenesis 2.809 0.0019 60
G0:1900864 | mitochondrial RNA modification 2.792 0.0207 21
GO0:0006760 | folic acid-containing compound 2.676 0.0083 45
metabolic process
G0:0032988 | protein-RNA complex disassembly 2.596 0.0307 29
GO0:0006913 | nucleocytoplasmic transport 2.438 0.0092 74
G0:0006227 | dUDP biosynthetic process 2.324 0.0470 60
Suppl. Tab. 4: GSEA LA1941, 48hpi
ID Description NES p.adjust setSize
G0:0002181 | cytoplasmic translation 3.238 0.026 21
GO0:0007018 | microtubule-based movement 3.104 0.026 16
GO0:0006952 | defense response 2.928 0.008 83

Suppl. Tab. 5: cRLP-Genes with differential expression between LA1282 and LA1809 in basal conditions

(24hpi mock).

GenelD log2FoldChange padj

Sopen01g002540 2.425 0.0110
Sopen06g003150 2.095 0.0002
Sopen01g001720 1.466 0.0180
Sopen05g005800 -1.113 0.0135
Sopen01g001870 -1.266 0.0247
Sopen01g042220 -2.552 0.0103
Sopen06g014090 -4.597 0.0000
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Suppl. Tab. 6: RLK-Genes with differential expression between LA1282 and LA1809 in basal conditions

(24hpi mock).

GenelD baseMean log2FoldChange padj

Sopen02g020810 17.1486 3.8109 0.0000
Sopen06g002020 9.8637 2.4009 0.0000
Sopen01g048860 19.3616 2.2068 0.0010
Sopen12g032540 9.8612 1.8516 0.0017
Sopen01g028710 9.1444 1.7339 0.0076
Sopen08g019890 69.3694 1.5467 0.0002
Sopen01g047490 94.4411 1.1532 0.0002
Sopen03g030900 32.0974 1.0801 0.0128
Sopen05g009260 10.0071 -1.0246 0.0073
Sopen05g030910 9.1162 -1.1905 0.0042
Sopen02g036420 67.9849 -1.2143 0.0000
Sopen06g030490 4.3565 -1.3392 0.0249
Sopen08g020310 27.3608 -1.3694 0.0003
Sopen10g029820 3.9187 -1.5135 0.0135
Sopen02g037670 1.9612 -1.5981 0.0368
Sopen04g003810 3.5426 -1.6662 0.0184
Sopen03g001960 5.2876 -1.9929 0.0078
Sopen08g017000 10.9703 -2.3844 0.0002
Sopen11g001980 13.4983 -2.5488 0.0001
Sopen08g020090 3.0906 -2.6146 0.0079

Suppl. Tab. 7: PTI-Genes with differential expression between LA1282 and LA1809 in basal conditions

(24hpi mock).

gene | genelD | baseMean | L2FC | padj
cerkl.3 Sopen07g025160 62.3909767014575 1.091 0.000
bak.1 Sopen01g047490 94.4411297319458 1.153 0.000
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Suppl. Tab. 8: Edgeweight between all focal DEGs and the GRN hub WRKY®6

regulatoryGene targetGene weight

Sopen02g011350 Sopen08g009740 0.028360696
Sopen02g011350 Sopen01g026150 0.028051527
Sopen02g011350 Sopen08g023280 0.026719102
Sopen02g011350 Sopen02g031830 0.02569113
Sopen02g011350 Sopen129021540 0.025036
Sopen02g011350 Sopen01g044660 0.023434218
Sopen02g011350 Sopen08g023580 0.023399628
Sopen02g011350 Sopen01g046060 0.022046422
Sopen02g011350 Sopen07g024910 0.021682299
Sopen02g011350 Sopen04g025580 0.021600303
Sopen02g011350 Sopen05¢029280 0.021274326
Sopen02g011350 Sopen03g033250 0.020913354
Sopen02g011350 Sopen03g041450 0.020645404
Sopen02g011350 Sopen10g034420 0.019906255
Sopen02g011350 Sopen04g029490 0.019795622
Sopen02g011350 Sopen12g034850 0.019026858
Sopen02g011350 Sopen07g024880 0.018282362
Sopen02g011350 Sopen03g028580 0.01742883
Sopen02g011350 Sopen09g036010 0.017111209
Sopen02g011350 Sopen12g032770 0.016996095
Sopen02g011350 Sopen03g029570 0.016597635
Sopen02g011350 Sopen01g040950 0.016414153
Sopen02g011350 Sopen01g001520 0.016053445
Sopen02g011350 Sopen08g008720 0.015724586
Sopen02g011350 Sopen01g048960 0.015687376
Sopen02g011350 Sopen01g040940 0.015633476
Sopen02g011350 Sopen05g004840 0.015351446
Sopen02g011350 Sopen01g034780 0.014946166
Sopen02g011350 Sopen08g022500 0.014828637
Sopen02g011350 Sopen01g033730 0.014503793
Sopen02g011350 Sopen04g012680 0.013928743
Sopen02g011350 Sopen03g007540 0.013856238
Sopen02g011350 Sopen09g028060 0.013665484
Sopen02g011350 Sopen01g026170 0.0136052
Sopen02g011350 Sopen01g026160 0.01340945
Sopen02g011350 Sopen08g028950 0.013371735
Sopen02g011350 Sopen07g024490 0.012750647
Sopen02g011350 Sopen04g026840 0.012431308
Sopen02g011350 Sopen02g031030 0.012424489
Sopen02g011350 Sopen04g028240 0.012364526
Sopen02g011350 Sopen01g048970 0.012256411
Sopen02g011350 Sopen07g001220 0.012173157
Sopen02g011350 Sopen01g002940 0.012161811
Sopen02g011350 Sopen08g025910 0.012129958
Sopen02g011350 Sopen11g027650 0.012106668
Sopen02g011350 Sopen05g011470 0.011980095
Sopen02g011350 Sopen03g033590 0.011918254
Sopen02g011350 Sopen12g034880 0.011818788
Sopen02g011350 Sopen02g037830 0.011766374
Sopen02g011350 Sopen10g028130 0.011642719
Sopen02g011350 Sopen02g037820 0.011336435
Sopen02g011350 Sopen01g051340 0.0109734
Sopen02g011350 Sopen10g033140 0.010961717
Sopen02g011350 Sopen10g032770 0.010744659

144



Sopen02g011350
Sopen02g011350
Sopen02g011350
Sopen02¢011350
Sopen02g011350
Sopen02g011350
Sopen02g011350
Sopen02g011350
Sopen02g011350
Sopen02g011350
Sopen02g011350
Sopen02g011350
Sopen02g011350
Sopen02g011350
Sopen029011350
Sopen02g011350

Sopen09g034580
Sopen06g011740
g.plus_peak_18795
Sopen11g009900
Sopen09g033940
Sopen08g022430
Sopen03g029450
Sopen12g029340
Sopen12g023430
Sopen10g028890
Sopen12g023420
Sopen05g004580
Sopen11g001970
Sopen03g041120
Sopen08g028940
Sopen10g034470

0.010057291
0.010051028
0.009756631
0.009656683
0.008887826
0.008757446
0.008587933
0.008311617
0.008074835
0.007815482
0.007661805
0.007359228
0.006641716
0.006346855
0.005798289
0.005191843

Suppl. Tab. 9: Focal Degs basal Expression 24 hpi mock, LA1282 vs. LA1809

GenelD L2FC | padj DEG funct_unique

Sopen01g048970 7.285 | 2.848E-31 | DEG PR-1 protein 38 (Sopen01g048970)

Sopen03g029570 7.154 | 1.463E-11 | DEG Proteinase inhibitor 11

Sopen08g028950 6.800 | 1.443E-19 | DEG OSM34

Sopen01g026150 5.878 | 3.160E-07 | DEG beta-1,3-endoglucanase
(Sopen01g026150)

Sopen01g026170 5.835 | 1.093E-20 | DEG beta-1,3-endoglucanase
(Sopen01g026170)

Sopen01g048960 5.388 | 1.213E-05 | DEG PR-1 protein 38 (Sopen01g048960)

Sopen08g009740 5.324 | 4.281E-06 | DEG LOX1

Sopen01g026160 5.253 | 8.686E-12 | DEG Sopen01g026160

Sopen12g034850 5.250 | 3.094E-05 | DEG Fattyacid desaturase

Sopen08g023280 5.203 | 1.094E-05 | DEG Polyphenoloxidase

Sopen03g033250 5.034 | 2.125E-11 | DEG Sopen03g033250

Sopen02g031830 4.470 | 9.971E-05 | DEG DOX1

Sopen04g025580 4.386 | 4.013E-08 | DEG Sopen04g025580

Sopen10g028890 4.361 | 1.105E-04 | DEG CytochromeP450 (Sopen10g028890)

Sopen08g028940 4.248 | 2.884E-06 | DEG Serineprotease inhibitor, potato inhibitor
I-type family protein

Sopen01g040940 4.049 | 6.416E-13 | DEG PR4 (Sopen01g040940)

Sopen07g024490 3.691 | 7.150E-05 | DEG Cytochromeb5.1

Sopen09g034580 3.608 | 1.487E-06 | DEG ABCG39

Sopen03g028580 3.591 | 1.924E-05 | DEG Phosphatecarrier protein, mitochondrial

Sopen02g031030 3.439 | 8.870E-04 | DEG Sopen02g031030

Sopen10g034420 3.423 | 6.974E-09 | DEG GlutathioneS-transferase

Sopen01g034780 3.376 | 5.176E-07 | DEG Subtilisin-likeprotease

Sopen01g040950 3.276 | 8.685E-13 | DEG PR4 (Sopen01g040950)

Sopen01g051340 3.123 | 5.724E-03 | DEG divinylether synthase

Sopen09g028060 3.104 | 4.198E-03 | DEG ERF

Sopen12g029340 3.090 | 9.639E-04 | DEG Alpha/beta-hydrolasessuperfamily
protein

Sopen03g029450 3.030 | 1.547E-03 | DEG Bioticcell death-associated protein

Sopen05¢g011470 3.013 | 2.269E-04 | DEG WRKY45

Sopen12g034880 2.956 | 2.449E-03 | DEG CER1-L1

Sopen10g032770 2.791 | 2.245E-03 | DEG AtCWIN2, AtcwINV2, CWINV2

Sopen08g008720 2.696 | 1.478E-03 | DEG Sopen08g008720

Sopen01g046060 2.692 | 1.659E-04 | DEG Alpha/beta-Hydrolasessuperfamily
protein

Sopen04g026840 2.656 | 5.135E-03 | DEG Pathogen-relatedprotein

Sopen08g022430 2.564 | 6.495E-03 | DEG aromaticamino acid decarboxylase 2



Sopen11g009900
Sopen02g037830
Sopen01g002940
Sopen09g036010
Sopen04g012680
Sopen10g033140
Sopen069011740
Sopen10g028130
Sopen05¢g004580
Sopen03g041450
Sopen03g007540
Sopen12g032770

Sopen08g022500

Sopen029037820
Sopen11g001970
Sopen12g021540
Sopen01g044660
Sopen07g001220
Sopen12g023420
Sopen09g006690
Sopen049029490
Sopen07g024880
Sopen11g027650
Sopen04g028240
Sopen03g041120
Sopen10g034470
Sopen05g004840
Sopen01g033730
g.plus_peak 18795
Sopen09g033940

Sopen08g025910
Sopen12g023430
Sopen01g001520

Sopen07g024910
Sopen08g023580

Sopen03g033590
Sopen05¢029280

2.518
2.410
2.301
2.281
2.205
2.193
2.179
2.160
2.160
2.101
1.859
1.799

1.782

1.769
1.723
1.604
1.589
1.513
1.437
1.420
1.343
1.266
1.185
1.166
1.001
0.998
0.912
0.854
0.845
0.825

0.745
0.667
0.660

0.570
0.569

0421
0.025

1.355E-03
7.291E-04
2.944E-03
1.074E-02
7.548E-03
7.211E-03
4.220E-03
2.367E-03
7.142E-07
1.167E-02
1.741E-02
1.221E-02

6.362E-03

1.656E-02
1.792E-02
7.014E-03
4.343E-02
2.222E-02
1.756E-02
2.016E-02
1.350E-02
1.743E-03
5.776E-02
6.052E-02
5.923E-02
4.959E-02
8.509E-02
1.083E-01
1.553E-01
9.174E-02

8.043E-02
1.580E-01
2.302E-01

2.105E-01
2.232E-01

3.939E-01
1.000E+00

DEG
DEG
DEG
DEG
DEG
DEG
DEG
DEG
DEG
DEG
DEG
DEG

DEG

DEG
DEG
DEG
DEG
DEG
DEG
DEG
DEG
DEG
Not DEG
Not DEG
Not DEG
Not DEG
Not DEG
Not DEG
Not DEG
Not DEG

Not DEG
Not DEG
Not DEG

Not DEG
Not DEG

Not DEG
Not DEG

Peroxidase

CCoAOMT1 (Sopen02g037830)
syntaxin-121-like
Glycosyltransferase
Glutamatedecarboxylase
CytochromeP450 (Sopen10g033140)
Oxalate--CoAligase
Ammoniumtransporter
Lipidphosphate phosphatase.1
RING/U-boxsuperfamily protein

no symbol available (Sopen03g007540)
Majorallergen Pru ar.1
(Sopen12g032770)
Tyraminen-hydroxycinnamoyl
transferase

CCoAOMT1 (Sopen02g037820)
CMPG1, ATCMPG1
Sopen12g021540

TPS20

Chitinase

NA

Sopen09g006690

DAHPsynthase 2 precursor
EF501822(Sopen07g024880)

PUB24

WRKY51

CytochromeP450 (Sopen03g041120)
no symbol available (Sopen10g034470)
Glycosyl transferase, family 14
Probable magnesium transporter
g.plus_peak 18795

Majorallergen Pru ar.1
(Sopen09g033940)

Sopen08g025910

NA

NAD(P)-bindingRossmann-fold
superfamily protein
EF501822(Sopen07g024910)
UDP-Glycosyltransferasesuperfamily
protein

ENO1

Phosphoglyceratemutase family protein
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General Discussion and Outlook

The goal of this dissertation is to unravel the regulatory backbone of QDR and characterise its
evolution. To achieve this, | tested three core hypotheses: a) QDR in wild tomato species
emerges from species-specific defence strategies governed by independent biological
mechanisms; b) high-level QDR is driven by complex gene networks subjected to lineage-
specific evolutionary processes; and (c) temporal (longitudinal) variation in gene expression
modulates QDR, highlighting the importance of both timing and the preformation of regulatory
elements. These hypotheses were addressed through three analytical approaches, encompassing

high-resolution phenotyping, gene expression profiling, and evolutionary network analyses.

QDR Diversity in Wild Pathosystems

Early modelling in plant disease epidemiology generally assumed that lesion development
followed sigmoidal growth dynamics with constant expansion rates (Berger et al. 1997,
Waggoner and Rich 1981; Berger and Jones 1985). Since then, most subsequent research has
prioritised incidence or severity as the principal phenotypic metric in QDR. However, the
increased availability of (cost-effective) high throughput phenotyping technology led to an in-
depth evaluation of lesion growth dynamics or disease progression, revealing high variability
in factors like expansion rates (Anderegg et al. 2024; Barbacci et al. 2020; Einspanier et al.
2024; Navarro et al. 2024). In publication 1, I studied QDR severity as the correlation of
independent phenotypes: infection frequency, lag-phase duration, and lesion doubling time. |
observed a wide diversity of all QDR phenotypes across the panel, with no species particularly
resistant in all tested parameters. While the overarching phenotypic diversity of the wild
accessions was to be expected (see previous research on similar pathosystems in Stam et al.
2017; Kahlon et al. 2021; Schmey et al. 2023), | showed that QDR parameters might function
independently of each other. Moreover, | used a model-based approach to illustrate that the
severity of a lesion is dependent on the interaction between lag phase duration and LDT.
Accordingly, | proposed that the orchestration of both underlies significant genotype

specificity.

An Extended Model of QDR

Based on those findings, | define a refined model that separates QDR into discrete functional

mechanisms whose interaction determines symptom severity. These mechanisms exceed the
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simplistic one- or two-step infection models commonly derived from molecular studies, often
leading to imprecise QDR estimations. Specifically, QDR can be divided into three major
processes: (1) inhibition of initial infection (infection frequency, IF), (2) delay of disease onset
(lag-phase duration), and (3) control over lesion expansion rate (lesion doubling time, LDT).
Each step likely represents distinct molecular mechanisms derived through different
evolutionary trajectories driven by modular genetic factors. It is, therefore, essential to study
each infection stage independently to disentangle their underlying gene clusters, elucidate
temporal interactions between host and pathogen, and better understand environmental

influences, ultimately offering deeper insights into host-pathogen coevolution (Hall et al. 2017).

Infection frequency

A low infection frequency is one of the most widely recognised indicators of plant resistance
IF quantifies the ratio of successful infection events and depicts a binary trait. In my analysis. I
observed substantial variation in IF across all tested species, which is similar to findings on
S. chilense resistance to P. infestans, Fusarium spp., or A. solani (Stam et al. 2017; Schmey et
al. 2023; Kahlon et al. 2021). | did not investigate the functional basis of IF variation in this
study. However, it is known that infections often fail because structural and chemical barriers
effectively block the penetration of non-pathogenic fungi (Yeats and Rose 2013). Moreover,
the cuticle plays an important active role in the early host-parasite interaction, as shown for
A. thaliana CUTE plants, which exhibit complete resistance to B. cinerea because of increased
cuticle permeability that facilitates the release of fungitoxic compounds (Chassot et al. 2007;
Reina-Pinto and Yephremov 2009; Serrano et al. 2014). The composition of secondary
metabolites in the wax layer, including flavonoids and triterpenoids, varies among plant species
and could explain the QDR diversity in our data (Serrano et al. 2014). Notably, the antifungal
alkaloid trigonelline and its precursor nicotinic acid rapidly accumulate within hours of
A. alternata infection in a resistant tomato cultivar (S. lycopersicum cv. Heinz, Mufioz Hoyos
et al. 2024). These structural hurdles might be involved in the interaction with appressorium
formation during early pathogenesis. Since no full R-gene-mediated resistance is recorded for

S. sclerotiorum, I will not address the function of R-genes in IF.

Lag Phase Duration

Little is known about the genetic factors controlling lag-phase duration during necrotrophic

infections, partly due to analytical challenges in distinguishing long lag phases from failed
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infections. Unlike IF, which is a binary measure (infected vs. non-infected), lag-phase duration
assumes that infection eventually occurs but is delayed. Supporting this distinction, my results
(publication 1) showed no correlation between IF and lag-phase duration. While Barbacci et al.
(2020) emphasised pathogen effects on lag duration, my study provides the first functional
evidence that host genotype significantly influences this phenotype. | showed that a high-QDR
host controls the lag-phase duration via a WRKY6-centered gene regulatory network. | also
found elevated basal expression of receptor-like proteins and kinases, potentially enabling
earlier pathogen perception (fig. 3, publication 3). In contrast, susceptible genotypes display
delayed longitudinal gene expression changes. | speculate that those genotypes lack the
necessary receptors to detect S. sclerotiorum-derived molecules. The later expression of
defence genes may result from secondary signalling by the perception of damage-associated
molecular patterns (DAMPSs). Consequently, | argue that heightened basal expression of a
WRKY6-centered GRN and receptor proteins, akin to a primed state, is decisive in determining

lag-phase duration (fig. 3).

| propose that additional factors, such as the S. sclerotiorum virulence factor OA, influence lag-
phase duration. OA plays a central role during early pathogenesis by initially suppressing early
plant defences like ROS bursts and later promoting cell death through increased ROS
production (Cessna et al. 2000; Williams et al. 2011). Numerous reports describe the relevance
of OA metabolism in S. sclerotiorum resistance: OA-deficient fungal strains exhibit severely
reduced virulence, and enhanced resistance to S. sclerotiorum is achieved by introducing
oxalate oxidases or by overexpressing AtWRKY28 and AtWRKY 75, both known to confer OA
tolerance (Kabbage et al. 2013; Williams et al. 2011; Walz et al. 2008; Chen et al. 2013).
Moreover, fungal genes regulating OA homeostasis underlie finetuned longitudinal regulation
(Seifbarghi et al. 2017; Liang et al. 2015). In line with these findings, rapid regulatory responses
in the resistant genotype LA1282 (publication 3) correlate with enhanced OA tolerance (see
suppl. fig. 1). Hence, I conclude that lag phase duration is determined by processes involving

pathogen recognition, swift defence response and possibly detoxification of OA.

Lesion Growth Rate

Once the fungus successfully establishes infection (i.e., infecting a sufficient number of host
cells), rapid fungal biomass accumulation begins. Previous studies have demonstrated that the
host genotype significantly influences lesion expansion rates (Barbacci et al., 2020; Eizner et
al., 2017; Leclerc et al., 2023). For instance, the TIR-NBS-LRR family gene LAZ5 was recently
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identified as an S. sclerotiorum susceptibility factor affecting LDT (Barbacci et al., 2020). As
the LAZ5 knockout explained only about 30% of the phenotypic variation, the authors proposed
that additional genetic or regulatory factors likely contribute to the slower lesion progression.
My findings in publication 2 support this hypothesis, demonstrating that highly interconnected
regulatory networks govern LDT. Specifically, | identified NAC29 as a central regulator of
LDT in a high-QDR S. pennellii genotype. This TF is not QDR-associated in any other species.
Changes in TF regulation and downstream signalling determine this unique role in QDR,
confirming the hypothesis of divergent GRN rewiring. Indeed, network rewiring is increasingly
recognised as a crucial component of QDR development (fig. 3, Didelon et al. 2024; Delplace

et al. 2024; Delplace et al. 2020).

A Basal Expression:
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Figure 3: Overview of the main findings of this thesis. | performed gene expression profiling on genotypes
with contrasting lag phase duration and LDT. A genotype characterised by a prolonged lag phase (R) shows a
basal expression of key defence genes and rapidly induces those upon infection. These include the WRKY6
transcription factor, potentially acting as a core regulator controlling multiple defence genes. Moreover, the R-
genotype is associated with basal expression of certain receptor-like proteins and kinases (RLPs and RLKs) and
co-receptors. In this model, specific receptors detect pathogen-associated molecular patterns (PAMPS), triggering
a finetuned defence response. By contrast, susceptible genotypes (S) lack specific receptors and basal expression
of the core genes, leading to delayed activation of defensive pathways. This delayed activation may depend on
pathways responding to damage-associated molecular patterns (DAMPSs). Dashed arrows represent uncertain or
hypothetical interactions. The degree of LDT-determined QDR is controlled by a complex GRN mediated by the
NAC29 TF (grey shades). While susceptible genotypes (S) integrate the same genes into alternative network
structures, resulting in neutral QDR, resistant genotypes (R) underwent network rewiring. Such topological
changes introduce novel functional roles to the central transcription factors, exemplified by NAC29, and change
the modularity of the GRN.
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Implications of the QDR Model

In this study, | investigated host-plant-derived factors determining distinct QDR components.
Previous research has demonstrated significant genotype-by-genotype interaction in host-
pathogen dynamics (Soltis et al. 2020; Soltis et al. 2019; Caseys et al. 2021). Barbacci et al.
(2020) further proved that fungus-derived QDR plasticity can surpass host diversity,
particularly in lag-phase duration on A. thaliana and S. sclerotiorum. The importance of fungal
diversity in shaping disease outcomes has also been emphasised in other studies (Rowe et al.
2010). Based on these findings, | propose that the discrete interaction of IF, lag, and LDT is
shaped by the interaction of host genotype, pathogen genotype and environmental conditions.
A systematic approach that integrates both host and pathogen diversity is needed to evaluate
the stability of QDR mechanisms across different conditions and genotypes (fig. 4).

Infection Frequency Symptom attenuation
structural defence,
Wax-layer components

Sec. metabolites
Lag Phase Duration
Detoxification of fungal >
virulence factors (OA), s Lesion Doubling Time
ROS homeostasis, E AtLAZS expression
PRRs like RLPs/RLKs, n complex network rewiring
finetuned (constitutive) regulation of TFs:
regulation of defence genes e.g.,.SpNAC29
(WRKY6, PR4, PR5-like) :

Time >

Symptom Severity o« (IF x Lag x LDT) x (Host x Pathogen x Environment)

Figure 4: Extended model on factors determining QDR. The findings of this study demonstrate that lesion
severity is influenced by three interacting biological parameters: infection frequency (IF), lag-phase duration,
and lesion doubling time (LDT). Potentially underlying biological processes are added to each mechanism.
Mechanisms found in this study are indicated with bold characters. Ultimately, | propose that QDR severity is
governed by the combined effects of IF, lag-phase duration, and LDT, each shaped by the interplay of host
genotype, pathogen genotype, and environmental conditions.
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The Evolution of QDR-Networks

The preceding results raise important questions regarding the evolution of network rewiring
and neofunctionalisation associated with QDR. Specifically, it remains unclear which factors
govern the regulatory plasticity that enables the evolution of QDR. What roles do modularity
and redundancy play in enabling this plasticity? How do selection and genetic drift shape these
processes, and are hub genes subject to stronger evolutionary constraints due to pleiotropy?
While the evolutionary dynamics between hosts and specialist necrotrophic pathogens are
increasingly well understood, comparatively little is known about how QDR evolves in
response to generalist pathogens, which may exert different and more diffuse selective

pressures.

Regulatory Divergence Drives Functional Convergence

In publication 1, | found that QDR phenotypes do not reflect the genomic phylogeny of the
tested Solanum species and accessions. This observation aligns with earlier reports in
A. thaliana and Brassica napus, where phenotypes show minimal correlation with phylogenetic
distance and regulatory divergence (Winkelmiller et al. 2021). More recently, Benoit et al.
(2025) also highlighted the lack of a direct genotype-phenotype relationship in the context of
introgression traits from wild germplasm into breeding material. This highlights that apart from
single genes, even the introgression of complex polygenic loci like QTLs or complex genomic
analysis cannot fully capture the regulatory network plasticity that shapes divergent
phenotypes. Moreover, signs of rapid adaptation and the role of pleiotropy remain elusive
(Kahlon and Stam 2021). In my study, GRNs underlie significant species-specificity
(publication 2, Einspanier et al. 2025). Since NAC29 is genomically highly conserved, |
proposed that S. pennellii has co-opted a novel function for this gene and its GRN. This finding
aligns with Sucher, who showed that multiple genes, including the transporter ABCG40, have
been recruited into QDR through regulatory variation (Sucher et al. 2020).

Paralog Divergence as a Driver of Convergent Evolution

Consequently, neofunctionalisation might be a central element in developing QDR against
S. sclerotiorum. Generally, gene duplication is the primary mechanism by which novel protein
functions emerge. Duplications (so the emergence of paralogs) initially lead to genomic
redundancy. However, the gradual accumulation of mutations in coding or cis-regulatory
regions of paralogous genes can ultimately erode redundancy through genetic drift or selection
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(Gossmann and Schmid 2011; Lynch 2007). This process can lead to three distinct evolutionary
outcomes: gene loss, subfunctionalisation, or neofunctionalisation (co-optation, Benoit et al.
2025; Birchler and Yang 2022; Conant and Wolfe 2008). While whole-genome duplication is
the most prevalent cause of gene duplication, single-gene duplication may also occur via
recombination of repetitive sequences or alternative transposition (Birchler and Yang 2022;
Wang et al. 2015; Gout et al. 2023). It is important to note that most duplications are lost during
speciation, and the destiny of a duplicated gene highly depends on its unique mutations and
selection. Interestingly, Panchy et al. (2019) experimentally demonstrated that TF duplications
can result in asymmetrical gene expression and regulation patterns, where one copy
accumulates novel mutations in cis-regulatory regions or DNA-binding sites. At the same time,
the other retains the ancestral function. Natural selection can accelerate the regulatory and
functional divergence of paralogs (Lian et al. 2020; Gossmann and Schmid 2011). In
publication 2, | linked a whole-genome duplication event to the duplication of NAC29, which
later diverged into an S. pennellii-specific role in QDR. Recent examples illustrate how paralog
divergence determines a wide range of agronomically relevant traits, as presented for regulating
fruit size by CLAVATA3 (Benoit et al. 2025). It was shown that tandem gene duplication can
lead to altered epistatic effects, removing a breeding barrier in tomatoes (Soyk et al. 2019).
However, some authors mention that gene duplication might also lead to allele
incompatibilities, potentially leading to loss of function (Jiao et al. 2021). In a recent study,
Satterlee et al. (2024) showed how paralog diversification in Solanum species led to the
convergent evolution of prickle-less morphology. The recent reports illustrate that paralog
divergence (including their cis-/trans-sites) is a mechanism to facilitate relatively quick
adaptation on a genomic and regulatory level. I, therefore, propose that regulatory
polymorphism due to paralog divergence may drive phenotypic convergence of QDR

phenotypes against S. sclerotiorum.
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Functional Divergence of TF Paralogs as a Mechanism for Network Innovation and QDR

Most pioneering studies on paralog evolution have focused on mutations within single pairs of
paralogs whose divergence strongly influences distinct traits, such as prickles or fruit
development (Benoit et al. 2025; Yang et al. 2023; Lian et al. 2020). Although these examples
effectively illustrate evolutionary mechanisms at the gene level, | propose that the implications
of such divergence are likely even more profound within complex gene regulatory networks
(GRNSs). Whereas variation affecting individual proteins like CLAVATAS can alter specific
functions through cis- or trans-regulatory mutations, similar mutations in transcription factor
(TF) paralogs could substantially reshape entire GRNs. Divergence among TF paralogs may
thus drive extensive network rewiring, producing quantitatively altered phenotypes and

potentially explaining the pleiotropic nature observed in QDR.

Shifts in GRN regulation typically occur through mutations either in cis-regulatory elements
(TF binding sites at the target gene) or trans, so the TF itself. After duplication events, gradual
divergence can drive the neofunctionalisation of transcription factors (TFs), resulting in
extensive GRN rewiring via the gain or loss of regulatory interactions (edges, VVoordeckers et
al. 2015; Conant and Wolfe 2008; Plachetzki and Oakley 2007). In publication 2, | observed
that the co-optation of a NAC29 TF paralog led to a distinctive network reconfiguration, likely
involving shifts in both cis- and trans-regulatory elements. The resulting network exhibited a
scale-free topology, and changes in module composition contributed to regulatory rewiring.
The degree and direction of TF regulatory diversification often depend on the specific genomic
context and network modularity; for instance, Winkelmdller et al. (2021) linked species-
specific gene expression changes to WRKY -targeted cis-regulatory elements. This is further
supported by findings in Marchantia polymorpha and A. thaliana, where trans-regulatory
elements remain largely conserved while cis-regulatory variation drives divergent responses to
salt stress (Guerrero et al. 2024). Consequently, plant TF binding motifs exhibit varying degrees
of evolutionary conservation. Motifs recognised by WRKY and NAC transcription factors are
typically highly conserved across plant lineages. In contrast, motifs targeted by Myb and C2H2
zinc-finger (ZF) proteins display lineage-specific expansions in A. thaliana, likely arising
through gene duplication events (Lambert et al. 2019).
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Regulatory Divergence, Genetic Drift, and the Emergence of QDR

These examples illustrate how TF divergence and neofunctionalisation underlie different
evolutionary scenarios (most likely involving evolutionary constraints) possibly governed by
the selection or drift of cis/trans mutations. Yet, it remains unclear whether and how TFs and
their targets experience selection based on their position within the GRN (McDonald and Reed
2023). Notably, the gained function of a TF does not strictly imply a new function to the
organism. Yet, the acquired genetic degeneracy (so independent functionally redundant
functions based on independent genetic backgrounds) might be essential in the evolution of
QDR (Derbyshire and Raffaele 2023). In other words, although individual mutations drive TF
divergence, the cumulative effect on the molecular network’'s modularity could substantially
enhance the host organism’s ability to resist generalist pathogens. Thus, the modular
organisation and inherent flexibility of regulatory networks are likely key determinants of
robust resistance strategies, highlighting a potential evolutionary advantage provided by genetic

degeneracy (and thus pleiotropy).

Therefore, | speculate that the co-optation of genes or gene networks might drive the convergent
evolution of QDR by hub divergence (Artur and Kajala 2021). Yet, the underlying evolutionary
forces remain unclear. Notably, recent modelling suggests no overlap between S. sclerotiorum
habitat suitability and the origin of Solanum plants (Cohen 2023). This is further supported by
the observation that Sclerotiniaceae expanded their host range relatively recently by host jumps
rather than coevolutionary dynamics like boom-bust-cycles (Derbyshire et al. 2022; Navaud et
al. 2018). Given the convergent evolution of QDR phenotypes, substantial functional
divergence of transcriptional networks, and strong evidence for adaptation to abiotic habitats,
it appears unlikely that directed host-pathogen coevolution was the primary driver of QDR
evolution in the presented system. Lynch (2007) showed that changes in network topology
rarely arise by selection but by non-adaptive processes, like genetic drift. Accordingly, | argue
that either genetic drift or abiotic habitat adaptation shapes quantitative disease resistance in

Solanum against S. sclerotiorum.
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Conclusion

In this dissertation, | investigated the phenotypic and regulatory diversity underlying QDR
against S. sclerotiorum. My results demonstrate that QDR exhibits considerable variability
across multiple phylogenetic scales, showing significant diversity within and between plant
species and genera. | conclude that distinct phases of infection determine QDR phenotypes
influenced by host-pathogen-environment interactions. The species-specific regulatory
networks observed in this study suggest that QDR evolution is likely primarily driven by
convergent evolution rather than sustained directional selection. Tandem duplication events and
paralog divergence might drive neofunctionalisation, most likely by mutations in cis-/trans-
elements. Thus, | propose that genetic drift or indirect (secondary) selection (possibly through

abiotic adaptation) may predominantly shape quantitative disease resistance in host plants.

Implications and Outlook

In this study, I showed that independent biological mechanisms (IF, lag phase duration, and
LDT) contribute to QDR. These findings have important implications in modern breeding,
providing a more nuanced framework for candidate identification and functional validation. By
highlighting multiple QDR mechanisms, this work expands the toolkit for marker-assisted
selection, enabling breeders to target QDR-associated genes or GRNs more precisely and trait-

specific.

The insights on GRN topology illustrate the complex regulatory interplay of QDR. Transferring
NAC29 or other QDR-associated genes into different genetic backgrounds without the
regulatory context (modules) may not confer improved QDR. This also incorporates the
putative interaction of RLPs/RLKs with WRKY®6 and other unidentified lag phase signalling
cascade components. The effectiveness of such markers relies on compatible network
components in the recipient population. Future breeding efforts should validate QDR-
associated markers across diverse genetic backgrounds to ensure functional effectiveness prior

to large-scale deployment.

Detailed population genomic analyses are required to clarify the evolutionary forces driving
QDR. Future studies should identify selection signatures across populations to differentiate
between selective pressure acting on QDR-associated genes and neutral genetic drift.

Investigating signatures of selection on cis- and trans-regulatory elements at a population level
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will also show how gene regulatory network divergence shapes quantitative disease resistance.
Ultimately answering whether or why certain networks are evolutionarily constrained while
others can be co-opted for new functions (McDonald and Reed 2023). To fully understand
QDR, a systems biology approach integrating multiple omics technologies (such as genomics,
transcriptomics, proteomics, metabolomics, and epigenomics) is essential to bridge the gaps in

genotype-to-phenotype relationships (Delplace et al. 2022).

Understanding QDR evolution in wild pathosystems is fundamental in conceptualising pre-
breeding programs, helping researchers and breeders assess inter- and intraspecific variability.
Therefore, informed breeding decisions will facilitate the full potential of natural diversity.
Exploring the role of paralog divergence may open new perspectives in biotechnology by
engineering new functions for old genes. Ultimately, the evolutionary analysis in this study
contributes towards a deeper understanding of the host-pathogen coevolution. The presented
insights can support the development of sustainable resistance strategies that reduce selective
pressure on pathogen populations, potentially alleviating the intensity of the evolutionary arms

race between crop populations and pathogens.
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Supplementary Information
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Suppl. Fig. 1: Oxalic acid tolerance of three S. pennellii accessions. A 10 uL OA drop was inoculated on
detached leaves and incubated for three days in navautron-like conditions. Images were then taken using a
ProScope handheld microscope. The white bar indicates 1 cm. The experiment was repeated twice, with five leaves
per treatment. A representative example per treatment is shown.
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