
Experimental Ecology of Plant-Microbiome 

Interactions 

 

 

 

 

 

 

 

 

Dissertation 

der Mathematisch-Naturwissenschaftlichen Fakultät 

der Eberhard Karls Universität Tübingen 

zur Erlangung des Grades eines  

Doktors der Naturwissenschaften  

(Dr. rer. nat.) 

 

 

 

 

 

 

vorgelegt von 

Jun Hee Jung 

aus Seoul, Republik Korea  

 

 

 

 

Tübingen 

2025 

  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Gedruckt mit Genehmigung der Mathematisch-Naturwissenschaftlichen Fakultät der 

Eberhard Karls Universität Tübingen. 

 

 

Tag der mündlichen Qualifikation:  18.06.2025 

Dekan: Prof. Dr. Thilo Stehle 

1. Berichterstatter/-in: Prof. Dr. Oliver Bossdorf 

2. Berichterstatter/-in: Prof. Dr. Johannes F. Scheepens 

 



 

 
 

Table of Contents 
Declaration of author contributions 4 

Summary 5 

Zusammenfassung 7 

Chapter 1 9 

General introduction  

Chapter 2 21 

Understanding plant microbiomes requires a genotype × environment framework 

Chapter 3 26 

Leaf bacterial diversity promotes growth and pathogen resistance in Arabidopsis thaliana 

Chapter 4 61 

Temperature fluctuations alter the Arabidopsis thaliana leaf microbiome  

Chapter 5 87 

Discarded sequencing reads uncover natural variation in pest resistance in Thlaspi 
arvense 

Chapter 6 111 

General discussion 

Acknowledgements 122 

 

  

  



 

4 

Declaration of author contributions 

This thesis, titled “Experimental ecology of plant-microbiome interactions” is based on the work 

and publications I produced during my PhD at the University of Tübingen, supervised by Prof. 

Dr. Oliver Bossdorf. Chapters 2-5 contain four independent scientific manuscripts that have 

already been published or will be published. My contributions to each chapter, as well as that 

of the other authors, are stated below: 

Chapter 2: Published in American Journal of Botany, Volume 108, Issue 10 (Oct 2021) 

(https://doi.org/10.1002/ajb2.1742) 

Jun Hee Jung, Frank Reis, Christina L. Richards, Oliver Bossdorf 

All authors jointly developed the ideas in this essay and contributed to writing the manuscript. 

JHJ and FR are co-first authors. 

Chapter 3: Unpublished manuscript 

Jun Hee Jung, Johannes Kasper, Frank Reis, Nina Porath, Madalin Parepa, Julia Vorholt, 

Oliver Bossdorf 

JK, MP, and OB conceived the experiment. JHJ, JK, FR, MP, and OB designed the experiment. 

JHJ, JK, FR, and NP ran the experiment with input from MP and OB. JHJ and JK analyzed 

the experiment with input from JV, MP, and OB. JHJ wrote the manuscript with input from all 

authors. 

Chapter 4: Unpublished manuscript 

Jun Hee Jung, Ana Montalvao, Natalie Betz, Madalin Parepa, Detlef Weigel, Oliver Bossdorf 

JHJ and OB conceived the experiment. JHJ ran the experiment with input from OB. JHJ, AM, 

NB produced sequencing data with input from DW and OB. JHJ ran the analysis with input 

from AM, MP, and OB. JHJ and OB wrote the manuscript with input from MP. 

Chapter 5: Published in eLife, Volume 13 (Oct 2024) 

 (https://doi.org/10.7554/eLife.95510.3) 

Dario Galanti, Jun Hee Jung, Caroline Müller, Oliver Bossdorf 

JHJ, DG and OB designed the study. DG and CM collected the data. DG and JHJ analyzed 

the data. DG and JHJ wrote the manuscript with revisions from all coauthors.  

  

https://doi.org/10.1002/ajb2.1742
https://doi.org/10.7554/eLife.95510.3


 

5 

Summary 

With accelerating global environmental changes, plants will more often face hostile 

environments with increased climate fluctuations, increased biotic pressures from pathogens 

and herbivores, and accelerated biodiversity decline. As the plant microbiome plays an 

essential role in plant robustness and environmental tolerance, we must study plant-

microbiome interactions in the context of changing environmental conditions, to accurately 

address the challenges that plants will face in the future. This requires multi-factorial ecological 

experiments that combine the manipulation of plants, microbes, and their environments, and 

to test the interactions between these components.  

In this thesis, I conducted a series of ecological plant-microbiome experiments. Chapter 2 

explains how the genotype-environment interaction (G x E) framework known from 

experimental ecology can be usefully applied to microbiome research and outlines the two 

perspectives taken throughout this thesis. These two outlooks are determined by which 

dependent variable is focused on, i.e. whether plant performance is measured after the 

manipulation of microbiome and environmental factors, or whether the microbiome is studied 

after the manipulation of plant and environmental factors. In Chapter 3 I take a plant 

perspective approach, and in Chapters 4 and 5 a microbiome perspective. 

In the third chapter, I used a bacterial isolate collection from Arabidopsis thaliana leaves to 

create leaf microbiomes of different diversity levels, and test for their effects on plant 

performance. In a full factorial design, I varied the number of phylogenetic groups (1 or 3), and 

the total number of strains in the bacterial community (3 or 9), and I tested how this influenced 

plant growth and Pseudomonas viridiflava pathogen resistance. Using the sequence 

information of bacterial isolates, I also calculated the phylogenetic and functional diversities of 

all the bacterial communities used in the experiment. I found that plants inoculated with more 

diverse microbiomes had higher growth and increased pathogen resistance, and that 

functional diversity was overall the best predictor of plant performance. 

In the fourth chapter, I investigated how temperature fluctuations affected leaf microbiome 

diversity and composition. I exposed Arabidopsis plants to a series of heat stress and recovery 

phases, with different frequencies of fluctuations, but with the same total temperature sum for 

each plant at the end of the experiment. I found that bacterial diversity was significantly 

lowered after temperature fluctuations, especially in the group of plants exposed to rapid, one 

day fluctuations, as compared to those exposed to slower fluctuations in temperature. In 

addition, the composition of the bacterial communities differed significantly depending on the 

fluctuation frequency, with the group facing rapid fluctuations more significantly affected. 
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In the fifth chapter, I used reads from whole genome sequencing as metagenomics reads, 

owing to the methodological overlap. After a common garden experiment with Thlaspi arvense, 

a relative of A. thaliana, I treated sequencing reads that were not aligned to the genome as 

microbiome-associated reads. I was then able to extract reads associated with plant 

herbivores (aphids and aphid-associated bacteria) and pathogens (powdery mildew) present 

at the time of the experiment. I used this opportunity to conduct an indirect common garden 

experiment wherein the microbiome reads were used as a proxy for pathogen and herbivore 

load, and found genomic and epi-genomic mechanisms behind plant pathogen and herbivore 

resistance. 

My thesis demonstrates the power of ecological experiments in studying plant-microbiome 

interactions within the context of environmental and biodiversity changes. I found that plant 

microbiome diversity is important to plant performance, and that temperature fluctuations can 

significantly decrease microbiome bacterial diversity and change community composition. 

These results demonstrate the importance of incorporating plant-associated microbiomes in 

genotype-environment interaction research. Future experiments should focus on testing the 

effects of realistic climate change scenarios on plants and their associated microbiomes, and 

how these effects may cascade between the intertwined systems of plants and bacterial 

communities. 
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Zusammenfassung 

Mit den immer schnelleren Veränderungen der globalen Umweltbedingungen werden 

Pflanzen immer häufiger mit herausfordernden Bedingungen konfrontiert sein. Diese können 

verstärkte Klimaschwankungen, erhöhter biotischer Druck durch Krankheitserreger und 

Pflanzenfresser sowie ein beschleunigter Rückgang der biologischen Vielfalt sein. Da das 

pflanzliche Mikrobiom eine wesentliche Rolle für die Widerstandsfähigkeit und Umwelttoleranz 

von Pflanzen spielt, muss man die Wechselwirkungen zwischen Pflanze und Mikrobiom im 

Kontext sich verändernder Umweltbedingungen untersuchen, um den Herausforderungen, die 

Pflanzen in Zukunft bewältigen müssen, sicher gegenübertreten zu können. Dies erfordert 

multifaktorielle ökologische Experimente, die die Manipulation von Pflanzen, Mikroben und 

ihrer Umgebung kombinieren und die Wechselwirkungen zwischen diesen Komponenten 

testen. 

In dieser Dissertation habe ich eine Reihe von ökologischen Pflanzen-Mikrobiom-

Experimenten durchgeführt. In Kapitel 2 erläuterte ich, wie das aus der experimentellen 

Ökologie bekannte Konzept der Genotyp-Umwelt-Interaktion (genotype-environment 

interaction, G x E) sinnvoll auf die Mikrobiom-Forschung angewandt werden kann. Dabei 

beschreibe ich die beiden Perspektiven, die ich in dieser Arbeit eingenommen habe. Diese 

beiden Sichtweisen hängen davon ab, auf welche abhängige Variable man sich konzentriert, 

d. h. ob die Pflanzenleistung nach der Manipulation des Mikrobioms und der Umweltfaktoren 

gemessen wird oder ob das Mikrobiom nach der Manipulation der Pflanze und Umweltfaktoren 

untersucht wird. In Kapitel 3 konzentriere ich mich auf die Pflanzenperspektive, in den Kapiteln 

4 und 5 auf die Perspektive des Mikrobioms. 

Im dritten Kapitel verwendete ich eine aus den Blättern der Ackerschmalwand (Arabidopsis 

thaliana) isolierte Bakteriengemeinschaft, um Blattmikrobiome mit unterschiedlichen 

Diversitätsgraden zu erstellen und deren Auswirkungen auf die Pflanzenleistung zu testen. In 

einem voll faktoriell designten Experiment variierte ich die Anzahl der phylogenetischen 

Gruppen (1 oder 3) und die Gesamtzahl der Stämme in der bakteriellen Gemeinschaft (3 oder 

9) und testete, wie dies das Pflanzenwachstum und die Resistenz gegen das Pathogen 

Pseudomonas viridiflava beeinflusste. Anhand der Sequenzinformationen der 

Bakterienisolate berechnete ich auch die phylogenetische und funktionelle Diversität aller im 

Versuch verwendeten Bakteriengemeinschaften. Ich fand heraus, dass Pflanzen, die mit 

einem diverseren Mikrobiom beimpft wurden, ein höheres Wachstum und eine höhere 

Resistenz gegen Krankheitserreger aufwiesen und dass die funktionelle Vielfalt insgesamt die 

beste Prognose für die Pflanzenleistung war. 
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Im vierten Kapitel untersuchte ich, wie sich Temperaturschwankungen auf die Vielfalt und 

Zusammensetzung des Blattmikrobioms auswirken. Ich setzte Arabidopsis Pflanzen einer 

Reihe von Hitzestress- und Erholungsphasen aus, mit unterschiedlicher Häufigkeit der 

Schwankungen, aber mit der gleichen Gesamttemperatursumme für jede Pflanze am Ende 

des Experiments. Ich stellte fest, dass die bakterielle Diversität nach den 

Temperaturschwankungen signifikant abnahm. Dies zeigte sich besonders deutlich in den 

Pflanzen die schnellen, eintägigen Schwankungen ausgesetzt waren im Vergleich zu Pflanzen 

mit langsameren Temperaturschwankungen. Darüber hinaus unterschied sich die 

Zusammensetzung der Bakteriengemeinschaften je nach Häufigkeit der Schwankungen 

erheblich, wobei die Gruppe, die schnellen Schwankungen ausgesetzt war, stärker betroffen 

war. 

Im fünften Kapitel nutze ich die methodische Überschneidung in einem Experiment, das 

vollständige Genomsequenzierung nutzt, um aus diesem Datensatz mikrobielle Sequenzen 

herauszufiltern und so auch die Mikrobengemeinschaften zu untersuchen. Nach einem 

Gartenexperiment mit Thlaspi arvense, einem Verwandten von A. thaliana, behandelte ich 

Sequenzierungs-Reads, die nicht dem Pflanzengenom zugeordnet werden konnten, als 

Mikrobiom-assoziierte Reads. So konnte ich Reads extrahieren, die mit Pflanzenfressern 

(Blattläusen und ihnen assoziierten Bakterien) und Krankheitserregern (Mehltau) assoziiert 

waren, die zum Zeitpunkt des Experiments vorhanden waren. Ich nutzte diese Gelegenheit, 

um ein indirektes Gartenexperiment durchzuführen, bei dem die Mikrobiom-Reads als 

Stellvertreter für die Pathogen- und Fressfeindbelastung verwendet wurden, und fand 

genomische und epigenomische Mechanismen hinter der Resistenz von Pflanzen gegen 

Pathogene und Fressfeinde. 

Meine Dissertation zeigt die Leistungsfähigkeit ökologischer Experimente bei der 

Untersuchung der Wechselwirkungen zwischen Pflanzen und Mikrobiom im Kontext von 

Umwelt- und Biodiversitätsveränderungen. Ich habe herausgefunden, dass die Vielfalt des 

Pflanzenmikrobioms wichtig für die Leistungsfähigkeit der Pflanzen ist und dass 

Temperaturschwankungen die bakterielle Vielfalt des Mikrobioms signifikant verringern und 

die Zusammensetzung der Gemeinschaft verändern können. Diese Ergebnisse zeigen, wie 

wichtig es ist, pflanzenassoziierte Mikrobiome in die Forschung zur Interaktion zwischen 

Genotyp und Umwelt einzubeziehen. Künftige Experimente sollten sich darauf konzentrieren, 

die Auswirkungen realistischer Szenarien des Klimawandels auf Pflanzen und die mit ihnen 

verbundenen Mikrobiome zu testen und zu untersuchen, wie diese Auswirkungen zwischen 

den miteinander verflochtenen Systemen von Pflanzen und bakteriellen Gemeinschaften 

kaskadenartig wirken können. 
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Chapter 1 

General introduction 

Experimental ecology with the microbiome 

Throughout their 400 million year history (Kenrick and Crane, 1997) plants have always been 

exposed to environmental stresses, especially due to their sessile nature. Although many 

definitions of stress exist, it is loosely defined as an unfavorable condition that decreases plant 

performance (Larcher, 1987; Lichtenthaler, 1996; Kranner et al., 2010). Larcher (1987)’s 

definition of plant stress includes when a plant's “adaptive capacity is overtaxed”, suggesting 

an inbuilt tolerance toward stress. This inherent stress tolerance is related to the concept of 

phenotypic plasticity (Bradshaw, 1965), the ability of two genetically identical plants placed in 

different environmental conditions to exhibit different phenotypes. Another way to formalize 

phenotypic plasticity is within the framework of genotype by environment interactions 

(hereafter G x E), which describe phenotype as product of genotype and the environment 

(Gutteling et al., 2007; Christensen et al., 2021). At the population level, G x E also refers to 

a statistical interaction (non-parallel reaction norm), but the terms phenotypic plasticity and G 

x E have been used interchangeably by many researchers (Pigliucci, 2005). Phenotypic 

plasticity is an increasingly important topic, as global environmental changes will expose 

plants to escalating biotic and abiotic stresses (Bonamour et al., 2019). For instance, global 

climate change is expected to increase both temperature and temperature variability, and both 

phenotypic plasticity and evolutionary changes may allow plants to adjust to this rapidly 

changing world (Scheepens et al., 2018; Arnold et al., 2024). Environmental stresses usually 

do not occur alone, and plants often face multiple environmental changes simultaneously. 

Combined stresses produce different plastic responses (Lorts and Lasky, 2020), and abiotic 

and biotic stresses should be considered in tandem. 

One of the most important biotic interactions for a plant is with their microbiome. A microbiome 

is broadly defined as a group of microorganisms assembled into a community (Berg et al., 

2020). Plants harbor a highly diverse and abundant microbial community, and the leaf alone 

contains 106 to 107 microbes per cm2 (Lindow and Brandl, 2003). Understanding plant-

microbiome interactions is crucial, and many studies have experimentally shown significant 

influence of microbiomes on plant performance, pathogen resistance, mineral uptake, 

competition, and stress tolerance (Fitzpatrick et al., 2019; Harbort et al., 2020; Vogel et al., 

2021). Much of this evidence comes from research on soil, and the microbiome from soil facing 

drought can benefit plant performance even when there is no history of association between 

the plant and that specific microbiome (Ricks and Yannarell, 2023). The association between 

plants and specific microbiomes is not only the passive uptake of local microorganisms, but 

https://www.zotero.org/google-docs/?ggpJLl
https://www.zotero.org/google-docs/?RzK2bZ
https://www.zotero.org/google-docs/?IGSqhw
https://www.zotero.org/google-docs/?gwkVwo
https://www.zotero.org/google-docs/?T0mx1k
https://www.zotero.org/google-docs/?jXTQGt
https://www.zotero.org/google-docs/?yyXcdf
https://www.zotero.org/google-docs/?vElO6s
https://www.zotero.org/google-docs/?olOaqb
https://www.zotero.org/google-docs/?ru5RJ0
https://www.zotero.org/google-docs/?ru5RJ0
https://www.zotero.org/google-docs/?vKuDpc
https://www.zotero.org/google-docs/?ytHVGj
https://www.zotero.org/google-docs/?ytHVGj
https://www.zotero.org/google-docs/?HBSdUq
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can also be an active process, and the “cry for help” hypothesis posits that plants selectively 

enrich their protective microbiomes (Bakker et al., 2018). Kwak et al. (2018) have found 

evidence of this deliberate uptake in tomatoes, as plant genotypes differed in pathogen 

response, with one genotype better able to recruit a beneficial microbiome than the other. 

Both plants and microorganisms usually exist in communities, and it is well known that 

communities with greater species richness can lead to higher levels of ecosystem functioning, 

a relationship known as biodiversity-ecosystem functioning (BEF; Luo et al., 2022; Zheng et 

al., 2024). Within the context of the phytobiome, the BEF relationship means that an increase 

in species richness in either plants or the microbiome could lead to better ecosystem 

functioning in the other. Cappelli et al. (2022) have reviewed evidence for this bidirectional 

relationship in terms of plants and the soil microbiome, with underground microbial diversity 

increasing plant community function, and vice versa. There is also increasing direct and 

indirect evidence that leaf microbiome (phyllosphere) diversity is associated with increased 

plant performance (Laforest-Lapointe et al., 2017; Vogel et al., 2021; Emmenegger et al., 

2023). 

Despite their close and generally beneficial relationship, plants can create challenging habitats 

for the microbiome. The host plant exerts fine control over the bacterial community, often with 

a core microbiome for a particular plant species (Risely, 2020), but different plant genotypes 

select for specific additional microbes (Brown et al., 2020). There is further selection within 

plants, with plant organs also selecting for specific microbiomes; usually the leaf surface 

microbiome (epiphyte) differs from the inner leaf microbiome (leaf endophyte), and the leaf 

microbiome differs from the root microbiome (Bulgarelli et al., 2013). Once a specific 

microbiome is selected to live in a host, genotype and organ, it is exposed to various 

environmental fluctuations, with the leaf microbiome (phyllosphere) particularly exposed to 

strong changes in UV, temperature, and desiccation stress. Microbiomes also face biotic 

stresses such as plant pathogens, niche overlap between strains, and space competition 

(Vorholt, 2012; Koskella, 2020).  

Given that the plant and microbiome mutually influence each other, and that both are 

constantly exposed to stress, it is essential to study plants and microbiomes as interacting 

systems. They both react to environmental changes, and plant responses can be accelerated 

or buffered by microbiome responses, and vice versa. Studying the plant microbiome system 

can provide a better understanding of the role of the microbiome when plants face stress, and 

how the microbiome could provide protection to the plant and potentially increase plant 

resilience in changing climates (Wipf et al., 2021; Li et al., 2023; Hoefle et al., 2024). 

https://www.zotero.org/google-docs/?rkNvty
https://www.zotero.org/google-docs/?9bafGa
https://www.zotero.org/google-docs/?zZJddv
https://www.zotero.org/google-docs/?zZJddv
https://www.zotero.org/google-docs/?toaOyw
https://www.zotero.org/google-docs/?2xDZ3O
https://www.zotero.org/google-docs/?2xDZ3O
https://www.zotero.org/google-docs/?vMAY3L
https://www.zotero.org/google-docs/?7WlBZF
https://www.zotero.org/google-docs/?yetquk
https://www.zotero.org/google-docs/?NIkhCi
https://www.zotero.org/google-docs/?kRYY0d
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To answer these questions about the interactive effects between plants, the environment, and 

the microbiome, a G x E framework can be applied. The concept of G x E has already been 

used beyond genetics and phenotypic plasticity, for instance in the study of epigenetics 

(Bossdorf et al., 2008; Richards et al., 2010), and it can also be applied to plant microbiome 

research (Figure 1). When using the G X E framework in plant microbiome research, two 

perspectives can be adopted. First, plant microbiomes can be manipulated, and plants can be 

exposed to environmental stressors. The effects of varied microbiomes can then be seen in 

plant performance, such as growth or other metrics. We called this a ‘plant perspective’ design 

(Figure 1, right panel). Alternatively, a ‘microbiome perspective’ is achieved when plant factors 

such as genotype or age, and environmental factors like heat and water stress are 

manipulated, and changes to the microbiome are measured (Figure 1, left panel). An excellent 

microbiome perspective design was by Wagner et al. (2016), who demonstrated the interactive 

effects of plant genotype, age, experimental site, and year on plant microbiomes. An 

exemplary plant-perspective study can be found by Fitzpatrick et al. (2019), in which plants 

with different microbiomes were exposed to different environmental stressors. 

 

 

 

Figure 1. Two different G x E perspectives in plant microbiome research in which changes in 

microbiome can result from interactions between plant and environment factors, or changes in plant 

performance result from interactions between microbiome and environment (adapted from Jung et al., 

2021). 
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https://www.zotero.org/google-docs/?SzqoUL
https://www.zotero.org/google-docs/?jPWFy1
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Tools for experimental ecological microbiome research 

Arabidopsis as a model system 

Arabidopsis thaliana (L.) Heynh is a diploid model plant with a small genome of around 135 

MB and around 33,000 genes (The Arabidopsis Genome Initiative, 2000; Berardini et al., 

2015). A. thaliana is a pioneer species of disturbed poor soils, spanning a vast array of 

ecosystems across Eurasia and Africa (Krämer, 2015). The species has long served as a 

useful tool in plant biology due to its short life cycle, small genome size, and ability to self-

fertilize. Arabidopsis has been instrumental in improving our understanding of many fields of 

plant biology, including plant intraspecific competition (Palacio-Lopez et al., 2020), 

interspecific competition (Müller and Bartelheimer, 2013), and interactions with other 

organisms such as insects, bacteria, fungi, and viruses (e.g. Louis et al., 2012). Arabidopsis 

is also a close relative to many important crop species (Kim et al., 2018), and knowledge 

gained from Arabidopsis research can be applied to improve other, more economically-

relevant plants. 

A frequently studied biotic interaction within the Arabidopsis study system is between the plant 

and the bacterial pathogen Pseudomonas syringae DC3000. This model interaction has been 

used to uncover different molecular mechanisms underlying host and hemi-biotrophic 

pathogen interactions, pathogen effectors such as type III secretion systems, and plant 

hormones involved in pathogen resistance such as jasmonic acid and salicylic acid (Katagiri 

et al., 2002; Flors et al., 2008; Xin and He, 2013). Environmental context matters in this well-

studied system, as under heat stress the virulence of Pseudomonas increases (Huot et al., 

2017), while under drought stress virulence is lowered (Gupta et al., 2016). The microbiome 

is also crucial, as Arabidopsis grown in natural soil can withstand higher concentrations of 

Pseudomonas than those grown in sterile agar (Ishiga et al., 2011). 

Sequencing technologies in microbiome research 

Over recent years, the study of plant microbiomes has benefitted strongly from the rapid 

increase in sequencing capacity and the decrease in sequencing costs, which have dropped 

from 30 base pairs per dollar to 3 million base pairs per dollar over the last 20 years 

(Wetterstrand, 2025). By using “universal primers” originally developed for comparative 

phylogenetics, researchers are now able to detect of the presence of several kingdoms in a 

single PCR process by targeting conserved genes with a high degree of interspecies variation, 

a process known as metabarcoding. (Matchado et al., 2024). The targeted regions depend on 

the phylogenetic groups of interest, and a common region used in bacterial microbiome 

studies is the 16S SSU rRNA region (Caporaso et al., 2011). Different 16S rRNA regions are 

https://www.zotero.org/google-docs/?HCbg0n
https://www.zotero.org/google-docs/?HCbg0n
https://www.zotero.org/google-docs/?5ww8dR
https://www.zotero.org/google-docs/?FCwroE
https://www.zotero.org/google-docs/?kehMwD
https://www.zotero.org/google-docs/?t2PTpn
https://www.zotero.org/google-docs/?ATyVcr
https://www.zotero.org/google-docs/?OmVG5U
https://www.zotero.org/google-docs/?OmVG5U
https://www.zotero.org/google-docs/?UVb0jY
https://www.zotero.org/google-docs/?UVb0jY
https://www.zotero.org/google-docs/?AeLygZ
https://www.zotero.org/google-docs/?APCRkX
https://www.zotero.org/google-docs/?KxxlPy
https://www.zotero.org/google-docs/?ZLM09h
https://www.zotero.org/google-docs/?Yss3N7
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targeted according to project requirements, for example the Human Microbiome Project used 

V1-3 and V3-5 regions (Peterson et al., 2009), and the Earth Microbiome Project used the V4 

region (Thompson et al., 2017).  

Despite their widespread use, there are limitations to conventional 16S rRNA-based primers. 

The main criticism of the metabarcoding approach is that it lacks resolution because of the 

short reads (ca. 250 bp forward and reverse reads), especially in lower taxonomic ranks 

(Johnson et al., 2019). Databases can also lead to biases due to incorrect or incomplete 

datasets, and certain groups may not be amplified consistently with the primer pairing used 

(Johnson et al., 2019; Loos and Nijland, 2020; Abellan-Schneyder et al., 2021). Since the 

concept of universal microbe primers was introduced, there has been constant improvement 

and updates in methodologies to try and combat these and other issues. For example, 

universal primers inevitably capture organelle sequences that are irrelevant to the study of the 

microbiome. Instead of discarding these host organelle-associated reads, researchers can 

now suppress them before sequencing (Lundberg et al., 2013; Mayer et al., 2021).  

Metabarcoding can be supplemented with a shallow metagenomics approach: metabarcoding 

is a rich source of information about microbiome diversity and composition, while 

metagenomics can be used to extract host genotype, and the ratio of host cells to microbiome 

cells (Regalado et al., 2020). Used together, this method can be a cost-effective way to study 

plant-microbiome interactions. 

Finally, data from whole genome shotgun sequencing or a restriction enzyme approach (e.g. 

ddRAD or GBS) can be a valuable source of information for microbiome research (Liu et al., 

2017; Roman-Reyna et al., 2020). Whole genome shotgun sequencing is methodologically 

similar to metabarcoding, and up to 10% of the total reads are usually removed when not 

aligned to the reference genome (Roman-Reyna et al., 2020; Galanti et al., 2024). These 

discarded reads could contain microbiome information, albeit with the risk that they may also 

include low-quality reads of the host. Nonetheless, various recent sequencing projects have 

been a source of unexpected microbiome data, from laboratory contamination to plants, 

animals, and even to ancient DNA and herbarium samples (Sangiovanni et al., 2019; Bieker 

et al., 2020; Roman-Reyna et al., 2020; Yates et al., 2021; Neumann et al., 2023). These 

mostly untapped resources have great potential to improve our knowledge of plant 

microbiomes, with the benefits of lower costs and a reduced carbon footprint, especially useful 

for labs that cannot afford large sequencing projects (Winter et al., 2023; Paepe et al., 2024; 

Welburn, 2024).  

 

https://www.zotero.org/google-docs/?yZHewn
https://www.zotero.org/google-docs/?MQkrkU
https://www.zotero.org/google-docs/?0mmzPH
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Microbiome inoculation methods 

As well as monitoring the change in a microbiome after manipulating environmental or host 

factors, it is also possible to inoculate plants or soil with different communities to see the effect 

of microbiome diversity on the host. By applying different filter sizes, with smaller sizes 

excluding more microbes, filtrates of varied diversity levels can be created. Previous research 

has shown that inoculums created using this method can alter plant growth (Parepa et al., 

2013; Wagg et al., 2019), with plants exposed to lowered soil microbial diversity suffering 

lower multifunctionality due to fewer taxa being present. Although the filter-reinoculate method 

provides a simple diversity gradient, it is difficult to select for specific phylogenetic groups, and 

a culture collection-based method may be better suited for this purpose. 

A recent alternative to the filtration method involves the division of a complex community into 

individual bacterial strains, and subsequent re-construction of the strains into a new 

microbiome. This deliberately assembled microbiome is known as a synthetic community, 

hereafter abbreviated as syncom. The syncom system has garnered much interest for its 

ability to create a specific and tailored microbiome that can be used experimentally, and 

researchers have worked to create a standardized methodological approach to studying plant-

microbiome interactions using syncom (Vorholt et al., 2017; Jing et al., 2024; Northen et al., 

2024). Due to the labor-intensive nature of creating bacterial isolate collections and identifying 

them, only a few culture collections are so far available, for the model species Arabidopsis 

thaliana, Lotus japonicus, and Hordeum vulgare (Bai et al., 2015; Wippel et al., 2021; 

Robertson-Albertyn et al., 2022; Gómez-Pérez et al., 2023). The established cultures may 

reflect isolates from different parts of the microbial ecosystem such as leaf-associated 

(phyllosphere) and root-associated (rhizosphere) microbiomes (Bai et al., 2015).  

Many of these syncom collections also have whole genome sequences and functional assays 

available for researchers (Bai et al., 2015; Schäfer et al., 2023; Northen et al., 2024). This 

large amount of information provides a unique method for studying various forms of 

microbiome interactions. For instance, syncom collections have been used to test the effects 

of strain interactions; Schäfer et al. (2023) have found that when two phylogenetically-close 

bacterial strains are present in a leaf, due to their large metabolic niche overlap, the interaction 

was negative, i.e. lowered abundance of at least one of the strains. 

The syncom approach can also be used to test the role of plant genetics in dysbiosis, the 

perturbation of healthy plant microbiomes (Petersen and Round, 2014). As syncom 

experiments have a gnotobiotic approach in which microbiome composition is known (Basic 

and Bleich, 2019), it allows for the detection of any shifts in the community. For example, when 

https://www.zotero.org/google-docs/?GqrUi6
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an Arabidopsis gene such as RHOHD is deleted, strains within a syncom can turn into 

opportunistic pathogens (Pfeilmeier et al., 2021, 2024). 

Objectives of the thesis 

In my thesis, I test the interactions between plants and microbiomes under abiotic and biotic 

stressors. In Chapter 2, I outline a theoretical framework for answering ecological questions 

in plants and microbiomes. By approaching experiments from two perspectives, the plant and 

microbiome, the interaction between microorganisms and plants under different environmental 

conditions can be better understood. 

In Chapter 3, an experiment based on a plant perspective approach is carried out. I construct 

40 microbiomes by manipulating their diversity, according to both strain richness and clade 

diversity. The experiment is a proof-of-principle study to establish the relationship between 

leaf microbial diversity and plant performance, as measured by growth and Pseudomonas 

pathogen tolerance. By using information available from the At-LSPHERE leaf bacterial 

culture collection, I calculate predicted functional and phylogenetic diversity and then compare 

the statistical performance of the two indices. 

In Chapter 4, I conduct a microbiome perspective experiment in which plant genotypes and 

the frequency of temperature fluctuations are altered. Plants begin with similar microbiome 

composition, as each is inoculated with a 138-member microbial community, and are exposed 

to varied heat stress periods. Plant size, based on image analysis, and microbiome diversity 

and composition, based on DNA metabarcoding, are analyzed to test the effects of 

temperature fluctuation throughout the experiment. 

Finally, in Chapter 5 I exploit the technical overlap between whole genome sequencing (WGS) 

and metagenomics. By analyzing discarded WGS sequences from a common garden 

experiment, I am able to extract non-host reads belonging to bacteria, fungi, and eukaryotes. 

I then use herbivore and pathogen-associated reads for genomics and epi-genomic analysis.  

  

https://www.zotero.org/google-docs/?Ho5SYP
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Understanding plant microbiomes requires a genotype × environment 

framework 
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Plant microbiomes have become one of the hottest topics in
plant biology. Driven by the increased availability of micro-
biome sequencing methods, analyses of plant‐associated mi-
crobiomes have been skyrocketing during the last decade. They
have generally taken one of two main perspectives: (1) a focus
on the microbiome itself, where researchers describe micro-
biome diversity and attempt to understand its drivers
(Figure 1A), or (2) a focus on the consequences of microbiomes,
where researchers analyze effects of microbiomes on plants
(Figure 1B). Below, we briefly discuss these two perspectives,
and we argue that for both a genotype‐by‐environment (G×E)
framework will be key for achieving a deeper and more general
understanding of plant microbiomes.

TWO PERSPECTIVES IN PLANT
MICROBIOME RESEARCH

Studies with a microbiome focus typically describe the di-
versity and composition of the root or leaf microbiomes of
plants, and they often test influences of plant characteristics or
environmental conditions on the microbiomes (Figure 1A).
For instance, previous studies have shown that microbiome
composition varies within and among plant species, with
significant influences of plant genotype (Agler et al., 2016;
Wagner et al., 2016; Bowen et al., 2017; Bergelson et al., 2019)
and phylogeny (Fitzpatrick et al., 2018) and that not only plant
tissue but also plant age and developmental stage (Chaparro
et al., 2014; Wagner et al., 2016) influence plant microbiomes.
In addition to plant characteristics, environmental conditions

also play a role in microbiome development. For instance,
soil conditions and root exudates strongly influence root mi-
crobiomes (Fitzpatrick et al., 2018; Hu et al., 2018; Sasse et al.,
2018), and leaf microbiomes vary predictably among different
habitats (Agler et al., 2016; Wagner et al., 2016).

Microbiome studies with a plant focus, in contrast, are in-
terested in how the microbiome of a plant affects its growth or
environmental tolerances. They test—through experiments or
association patterns—how plant performance is influenced by
the presence or composition of microbiota, sometimes also
taking plant or environmental characteristics into account
(Figure 1B). Studies with individual microbial taxa have de-
monstrated that these can promote growth and stress tolerance
of plants (Lugtenberg and Kamilova, 2009) and influence pa-
thogen and herbivore resistance (Pieterse et al., 2014; Hu et al.,
2018). More recent studies with complex microbiomes have
confirmed these effects: inoculation with diverse microbiota
altered plant growth and physiology (Fitzpatrick et al., 2019;
Belimov et al., 2020), phenology (Panke‐Buisse et al., 2015), and
pathogen resistance (Berendsen et al., 2018; Berg and Koskella,
2018), sometimes in a genotype‐ or environment‐dependent
fashion (Berg and Koskella, 2018; Belimov et al., 2020).

In summary, recent research has demonstrated the ubi-
quity and importance of plant microbiomes, but this work has
also shown that microbiomes are complex and influenced by a
range of plant and environmental factors. Another challenge
is that drivers of microbiome variation often interact. For
instance, in a multi‐site field experiment with different geno-
types of Boechera stricta, Wagner et al. (2016) found that
genotype and age effects on bacterial microbiomes were often
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site‐specific. In an experiment with natural accessions of
Arabidopsis thaliana, Fitzpatrick et al. (2019) found that the
effects of a natural soil microbiome on plant fitness depended
not only on the plant genotype but also on the ecological
context. Similarly, Petipas et al. (2020) showed that the effects
of soil microbes on the growth and fitness of Hypericum
perforatum were habitat‐ and plant‐genotype‐specific.

In spite of the many and often interacting drivers of
microbiome diversity and microbiome effects, the vast ma-
jority of previous studies focused on one or few drivers, often
in reductionist laboratory settings, and there have been few
solid multifactorial studies to date that allowed testing for
interactions between different factors. As a result, the gen-
erality of many previous results, and their transferability to
more natural environmental conditions, remains uncertain,
and we are still far from truly understanding natural plant

microbiomes. A significant step forward could be to embrace
an important conceptual framework from evolutionary
ecology: that of genotype‐by‐environment interactions.

ADOPTING A G × E FRAMEWORK

Genotype‐by‐environment (G × E) interactions are statistical
interactions between the effects of genotypes and environ-
ment on phenotypes, that is, when phenotypic differences
among genotypes depend on the environment in which they
are tested, or when phenotypic responses to environment
depend on the genotype. The G × E concept has long been
central to plant evolutionary ecology (Nicotra et al., 2010),
and a large body of research has often found strong G × E
interactions in many plant species, to the extent that

F IGURE 1 Two main perspectives in plant microbiome research, and reaction norm plots illustrating possible G × E interactions tested in each. With a
microbiome perspective, researchers usually study community‐level characteristics of the microbiome and test effects of plant genotype or other plant
characteristics (P1/P2) and environmental conditions (E1/E2). With a plant perspective, the dependent variables are measures of plant performance, and
experiments test influences of microbiomes (M1/M2), environmental conditions, and their interactions. The dashed lines in the upper graphs indicate
indirect effects where some drivers of plant or microbiome variation alter plant or microbiome responses to others. Note that, while the bottom graphs
display only categorical variables, the G × E framework can be equally applied to continuous explanatory variables

A G × E FRAMEWORK FOR PLANT MICROBIOME RESEARCH | 1821

 15372197, 2021, 10, D
ow

nloaded from
 https://bsapubs.onlinelibrary.w

iley.com
/doi/10.1002/ajb2.1742 by U

niversitätsbibliothek T
übingen, W

iley O
nline L

ibrary on [22/04/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



genotype effects may be strong in some but absent in other
environments, and phenotypic responses to environment are
sometimes opposite for different genotypes. Similar results in
animal research confirmed that G × E interactions are the
rule in natural populations and that caution is needed with
generalizing from single‐factor studies. G × E experimental
designs are essential for understanding and documenting
local adaptation, and they are also relevant for adjusting
agricultural and forestry practices to changing environments
(Nicotra et al., 2010).

The classic experimental approach to testing G × E in-
teractions is a common garden experiment where multiple
genotypes are replicated across different environments in a
multifactorial design, so that the generality of genotype and
environment effects, as well as their interactions, can be
statistically tested. The results of such experiments are often
visualized through reaction norm plots that show genotype‐
specific responses to environment or other relevant inter-
actions (Figure 1C, D). We can easily apply these concepts
and experimental approaches to a multifactorial study of
plant microbiomes, both for the microbiome and the plant
perspective.

Microbiome‐focused studies with a G × E character es-
sentially treat the microbiome as an “extended phenotype”
of the plant that is subject to the same complex influences as
other plant phenotypes. Such studies will, for example, test
the influence of plant genotype on plant microbiomes under
different environmental conditions, or they will examine
environmental effects on plant microbiomes across multiple
plant genotypes (Figure 1C). For instance, field experiments
can transplant multiple plant genotypes into different ha-
bitats and test the interactive effects of genotype and habitat
on spontaneous microbiome development (Wagner et al.,
2016). In laboratory experiments, different plant genotypes
can be inoculated with identical microbial communities and
their divergence followed under different growth condi-
tions. An extension of the G × E concept may also include
plant factors other than genotype (e.g., plant tissue, age, or
even species). More complex studies may include several
environmental factors and/or additional microbial drivers
of microbiome composition (Figure 1A).

Plant‐focused studies with a G × E framework generally
test microbiome effects on plant performance or stress tol-
erance not only for one narrow type of experimental set‐up
but across a range of different environments and/or multi-
ple plant genotypes (Figure 1B). For instance, beneficial or
pathogenic effects of different microbial inoculates can be
studied under several, controlled levels of resource avail-
ability or abiotic stress (Fitzpatrick et al., 2019). For more
realistic tests, seedlings can be inoculated with different
microbial communities and planted in a range of natural
habitats (Petipas et al., 2020). Depending on one's per-
spective and strategy of data analysis, these approaches will
examine how microbiome effects on plants are modulated
by environmental influences or, equally important, how
plant responses to the environment (phenotypic plasticity;
environmental tolerances) are modulated by microbes

(Figure 1D). Finally, the environmental component in such
experiments may also include additional biotic factors such
as competitors (Fitzpatrick et al., 2019), herbivores, or other
(background) microbiota, which will allow for testing
microbe–microbe interactions or other complex biotic
interactions.

CONCLUSIONS

The study of plant microbiomes is an important frontier in
current plant biology, with many open questions, particularly
from an ecological‐evolutionary (Koskella et al., 2017;
Fitzpatrick et al., 2020) and agricultural perspective (Toju
et al., 2018). Irrespective of whether the focus is on the plant
or the microbiome, studies that are too simple may overlook
important interactions between different factors, and they
run the risk of overestimating or overgeneralizing results. A
more thorough understanding of plant microbiomes will
require working with a broader range of plant genotypes and
nonmodel species, and to take a G × E perspective and ex-
plicitly test the generality of plant–microbiome interactions
across multiple interacting drivers. Such studies will not only
be relevant for researchers with an ecological‐evolutionary
mindset, but they will ultimately also allow those with a more
reductionist focus on functional and molecular details to
better understand the robustness of their insights and refine
their models of plant–microbe interactions.
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Abstract 

An increase in biodiversity increases the function and stability of an ecosystem, with this 

relationship observed in a wide range of communities, especially in terrestrial environments. 

Plants are inhabited by a diverse range of microorganisms and this microbial community is 

referred to as the microbiome. Next-generation sequencing has enabled research of plant-

associated microbiomes, and findings have shown that increases in bacterial diversity in both 

roots and leaves improve the performance of their ecosystem, i.e. the host plant. However, 

evidence from the deliberate manipulation of microbiome diversity on plant performance is 

rare. Here, we show that when a plant leaf is inoculated with a leaf-associated microbiome 

with higher diversity, the plant has increased growth and tolerance toward the pathogen 

Pseudomonas viridiflava. The increase in diversity was achieved by a random selection of 

strains in a full factorial combination of the total number of unique bacterial strains (3 or 9) and 

the number of phylogenetic clades (1 or 3). We found that an increase in the phylogenetic 

clade diversity as well as the increase in number of strains in a microbial community increased 

plant growth, and clade diversity was important for pathogen tolerance. We calculated the 

predicted functional and phylogenetic diversity of each microbiome using the strain genetic 

information. Functional diversity was better able to explain both growth and pathogen 

tolerance than phylogenetic diversity. Using the phylogenetic clade information, we found that 

interactions between clades had both positive and negative effects on plant growth. Our 

results demonstrate that the microbiome of various levels of diversity can be assembled and 

a positive relationship between diversity and performance exists. We anticipate more research 

linking leaf microbial diversity and plant performance, especially across different 

environmental factors, as well as precise interactions between individual strains or their clades. 
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Introduction 

Global biodiversity is in rapid decline (Barnosky et al., 2011). The sharp decline in biodiversity 

is worrying, as decades of research have shown a clear positive relationship between 

biodiversity and the ecosystem productivity, function, and stability (Loreau et al., 2001; Hooper 

et al., 2005; Cardinale et al., 2012). There have been several proposed mechanisms behind 

this positive relationship (referred to as biodiversity-ecosystem function, BEF), including: 

insurance hypothesis (species with similar function can compensate each other), facilitation 

effect (abiotic and biotic stress mitigation by the community changing the biotic and abiotic 

conditions), and complementarity by increased efficiency in resource partitioning (Ali, 2023; 

Eisenhauer et al., 2024). To capture these relationships, indices such as species richness, 

functional diversity, and phylogenetic diversity are often used to approximate biodiversity. 

Species richness (number of species) is a simple method that has been criticized for lacking 

predictive nature (Loreau et al., 2001; van der Plas, 2019). Functional diversity refers to the 

number of ecological functions (Tilman et al., 2014), however functional features can be 

numerous and difficult to measure. Phylogenetic diversity (PD) , which uses species’ 

evolutionary distance to calculate diversity, has been proposed as a proxy for functional 

diversity (Faith, 1992, 2018). There have been several papers, meta-analyses, and reviews 

comparing the different diversity measurement methods, and to date there has been no clear 

agreement on the most effective index for capturing the BEF relationship (Cadotte et al., 2008, 

2011; Venail et al., 2015; van der Plas, 2019).  

Although the BEF relationship between plants and terrestrial ecosystems is well documented, 

less is known about the relationship between the plant microbial community (microbiome) and 

the host plant, seen as its own ecosystem. The plant microbiome has a close-knit relationship 

with host health and functioning (Gao et al., 2021). Current evidence suggests that the leaf 

microbiome is critical for plant function, positively affecting plant growth and pathogen 

tolerance (Firrincieli et al., 2020; Emmenegger et al., 2023; Hoefle et al., 2024). This beneficial 

relationship is bidirectional; an increase in plant richness (species or functional) increases leaf 

bacterial diversity, which in turn creates a forest community with higher productivity (Laforest-

Lapointe et al., 2017). It is therefore crucial to understand which factors affect plant microbial 

communities. For instance, plant and microbiome interactions are tissue specific, with tissues 

having different microbiome compositions (Edwards et al., 2015; Firrincieli et al., 2020). Each 

tissue poses unique challenges to the microbiome, for example, microorganisms living in plant 

leaves face poor nutrient availability, increased UV stress, temperature and water fluctuations, 

and attack from pathogens (Chaudhry et al., 2021; Almario et al., 2022). However, despite this 

importance, establishing a direct link between the biodiversity of microbiomes to plant 
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performance is difficult. Unlike a terrestrial community wherein plant species richness can be 

easily manipulated, for a plant-microbial community a gnotobiotic system is required, with 

increased experimental difficulty. 

Recent progress in the development of synthetic microorganism communities (syncom) offers 

a unique opportunity to study plant-microbial interactions (Vorholt et al., 2017). A synthetic 

community refers to a gnotobiotic system in which a sterile plant is inoculated with a known 

microbial community from a bacterial isolate originally from the same host (Northen et al., 

2024). A typical syncom strain collection also often has rich supplementary information such 

as their genome sequence (information provided at https://www.at-

sphere.com/ccquery/ccview/, an example of a syncom collection). In model species such as 

Arabidopsis thaliana, barley, and Lotus japonicus, bacterial isolate collections are available to 

assemble de novo communities of syncom (Bai et al., 2015; Wippel et al., 2021; Robertson-

Albertyn et al., 2022). The ability to assemble new communities can be used to manipulate 

community diversity and see the effect on plant performance, especially in plant-pathogen 

interactions. For example, Pseudomonas viridiflava isolated from Arabidopsis displays a large 

variation in pathogenicity, ranging from pathogenic to commensal (Karasov et al., 2018). When 

commensal Pseudomonas is co-inoculated with pathogenic Pseudomonas, the commensal 

bacteria elicit the host response to suppress the pathogenic Pseudomonas (Shalev et al., 

2022b). The syncom approach can therefore provide insight into both plant-microbiome and 

plant-microbiome-microbiome interactions. 

Here, we used an Arabidopsis thaliana leaf bacteria collection (At-LSPHERE; Bai et al., 2015) 

and assembled 40 microbiomes by the factorial manipulation of total strain number within the 

community and the number of clades in the community. The assembled microbiomes were 

used to test the effect on the performance of host Arabidopsis thaliana (growth and 

Pseudomonas viridiflava pathogen resistance) based on image analysis measuring the plant 

size over multiple time points. Furthermore, by using available sequence resources (Bai et al., 

2015; Vogel et al., 2021; Emmenegger et al., 2023), we calculated the initial phylogenetic and 

functional diversity of the microbiome community, and compared two types of indices in 

explaining our growth and disease resistance data. We asked the following questions: 1) Does 

an increase in leaf microbial diversity increase the host performance (growth and 

Pseudomonas resistance) and if so, which factor is more important?; 2) Which of the 

continuous diversity indices best explain plant performance?; 3) Is there any effect of 

microbiome diversity on plant performance, and what effect does the presence of multiple 

clades have on plant performance? 
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Methods 

Study system 

We worked with Arabidopsis thaliana genotype Columbia (Col-0). The leaf-associated 

bacterial strains used in the experiment were a 138-strain subset of a At-LSPHERE leaf-

associated bacterial collection (Bai et al., 2015; subset defined from Pfeilmeier et al., 2024, 

https://www.at-sphere.com/, appendix 1). Three strains of Pseudomonas viridiflava (P4.B2, 

P5.E1, and P5.E6; NCBI RefSeq IDs: GCF_900599365.1, GCF_900590775.1, and 

GCF_900599395.1, respectively) from a Pseudomonas ATU5 clade collection were also used 

(Karasov et al., 2018). 

Overall experiment design 

We performed a full factorial experiment in which plants were inoculated with microbiomes 

and then subjected to Pseudomonas viridiflava pathogens (Figure 1). We randomly inoculated 

11 day-old Arabidopsis thaliana with microbiomes from one of the four diversity levels, and 

after 7 days we randomly infected the 18 day-old plants with either one of three strains of 

Pseudomonas pathogen or a sterile solution. After 7 days post infection, 25 day-old plants 

were harvested. One week between inoculation and infection allowed the effect of microbiome 

on plant growth and pathogen resistance to be tested. Images of the plants were taken on the 

days of inoculation, infection, and harvest to calculate the plant size. 

The four microbiome diversity levels were created by a two-way full factorial combination of 

clade diversity and strain richness (Figure 1). The clade diversity levels were either high 

(having 3 clades in a microbiome) or low (having only 1 clade in a microbiome), and in high 

clade diversity communities, equal proportions of each clade were present. A clade was 

defined as the highest phylogenetic group containing at least 10 strains. The phyla 

Proteobacteria, Actinobacteria, and Bacteroidetes consisted of 10 or more strains. To select 

three random clades, the phylum Proteobacteria was further divided into lower taxonomic 

ranks (class): Alphaproteobacteria, Betaproteobacteria, and Gammaproteobacteria. Strain 

richness was either rich (nine strains in a microbiome) or poor (three total strains in a 

microbiome), and strains were randomly selected. For each one of the four resulting 

microbiome diversity levels (two strain richness and two clade diversity levels), 10 microbiome 

replicates were created, bringing the total number of microbiomes created to 40. 

Pseudomonas treatments contained one of the three Pseudomonas strains P4.B2, P5.E1, 

P5.E6, or a sterile mock solution as a control. 
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In total 1,120 plants were grown, consisting of 40 microbiomes used for inoculation, four 

pathogen strains used for infection, and seven replicates per treatment combination (Figure 

1). 

 

Figure 1. Schematic for the experimental design. The five grey boxes refer to the different sources of 

replicates (synthetic communities (syncom) and technical) and the three-way full factorial design (clade 

diversity, strain richness, and pathogen treatments). The blue boxes above refer to the interaction 

between the two microbiome diversity levels and the pathogen treatments, and their resulting total 

number of plants used in this experiment. Ellipses refer to values skipped between the above and below 

boxes to conserve space (used in “syncom replicates” and “technical replicates”).  

Arabidopsis thaliana growth condition 

Two Arabidopsis thaliana genotype Col-0 seeds were sown onto six-well cell culture plates 

(Thermo scientific, USA) containing half-strength Murashige and Skoog (MS) media with MES 

buffer (Duchefa Biochemie, Netherlands). Plants were grown under sterile conditions with 

subsequent inoculation and infection carried out at a clean bench, and plates were sealed with 

Parafilm between every step to ensure minimal contamination. The seeds were stratified in 

darkness at 4 °C for three days, and plants were grown in a 21 °C day 18 °C night cycle under 

long day (14 h Day 8 h Night) light conditions. 

Microbiome assembly and inoculation 

The bacterial strains were streaked out on R2A-agar with 0.5% v/v methanol (HiMedia, India) 

at 22 °C for at least 4 days. From the inoculated plate, we took a loopful of bacteria using a 1-

μL sterile inoculation loop and resuspended the bacterial material in 1 mL of 10 mM MgCl2 by 

pipetting up and down to break down the biological mass. Bacterial suspensions were mixed 
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together according to their randomized groups (Figure 2, Table S2). An equal volume of liquid 

R2A-MeOH with 25% v/v glycerol was added to bacterial suspension (12.5% v/v final glycerol 

concentration) and kept at -80 °C. For the inoculation of the microbial community, the bacterial 

inoculum was rapidly defrosted and washed twice with 10 mM MgCl2. The optical density at 

600 nm (OD600) of washed cells was adjusted to 0.02 using 10 mM MgCl2. The individual plants 

were drip inoculated with 200 μl of inoculum. 

Plant infection 

Three Pseudomonas viridiflava strains (p5.E1, p4.B2, and p5.E6) belonging to OTU/ATU 5 

were initially grown overnight in 2 ml LB medium with 100 ng/mL nitrofurantoin (NF) at 28 °C 

(Karasov et al., 2018; Duque-Jaramillo et al., 2023). After the overnight growth phase, 

Pseudomonas strains were diluted 1:10 and allowed to grow exponentially for four hours in 

fresh media. The Pseudomonas strains were then diluted to the final OD600 of 0.01 in 10 mM 

MgSO4. 18 day-old plants were inoculated with 100 μl of the Pseudomonas inoculum, and 

control plants were mock inoculated with sterile 10 mM MgSO4.  

Plant and diversity measurement 

Plant growth and response to pathogen infection was measured by image analysis of photos 

taken using a digital camera (Nikon D750, Japan) mounted on a tripod. The plant images were 

taken in a dark room, with a light plate underneath the cell culture plates (Rex Leuchtplatten, 

Germany). The green pixel counting was done using Python 3.11 using packages OpenCV2, 

PlantCV, and Matplotlib (Bradski, 2000; Hunter, 2007; Fahlgren et al., 2015). Each plant image 

was first brightened and converted from an RGB image into CIELAB color space. Non-green 

pixels were masked and remaining pixels were counted as “green pixels”, which were used 

as a proxy for plant size. The codes used for the analysis are available on GitHub: 

https://github.com/junhee-jung. 

In total, six diversity indices were calculated: functional dispersion (FDis), functional 

divergence (FDiv), Rao’s Q (RaoQ), functional richness (FRic), functional evenness (FEve) or 

Faith’s phylogenetic diversity (PD). For functional diversity, we downloaded coding sequences 

of the strains from the NCBI assembly database. Based on the downloaded sequences, 

eggNOG-mapper v2 (Huerta-Cepas et al., 2019; Cantalapiedra et al., 2021; eggnog-

mapper.embl.de/) was used for functional prediction. After functional prediction, we performed 

functional enrichment at KEGG module level (Yu et al., 2012; Wu et al., 2021). Afterwards, 

the R package fundiversity was used to calculate functional diversity of the microbial 

communities (Grenié and Gruson, 2023). For phylogenetic diversity, we used 16s V5-V7 

https://www.zotero.org/google-docs/?1isUIF
https://github.com/junhee-jung
https://www.zotero.org/google-docs/?DRQQ48
https://www.zotero.org/google-docs/?DRQQ48
https://www.zotero.org/google-docs/?eGKfju
https://www.zotero.org/google-docs/?28kwp0
https://www.zotero.org/google-docs/?iRctRg
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sequence based NJ-tree of the strains and the package picante to calculate Faith’s 

phylogenetic diversity (Kembel et al., 2010).  

Data analysis 

All statistical analyses were carried out using R (version 4.3.2; R Core Team, 2023) with 

associated packages and RStudio (2024.04.0 Build 735). We analyzed the results in three 

parts: the effect of microbiome diversity levels on plant performance (growth and 

Pseudomonas pathogen resistance, hereafter pathogen resistance), the effect of continuous 

diversity index on plant performance, and the effect of clade interactions on plant performance.  

To analyze the effect of microbiome diversity on plant growth, the 18 day-old plants (after 

microbiome inoculation only) and 25 day-old plants (after microbiome inoculation and 

pathogen infection) were analyzed, using 11 day-old plant size (pre-inoculation) as a covariate. 

Clade diversity (2 levels), strain richness (2 levels), and their interaction were used as fixed 

factors.  

The effect of microbiome diversity on pathogen resistance was analyzed using 25 day-old 

plant size with a covariate of 11 day-old or 18 day-old plant size. Clade diversity (2 levels), 

strain richness (2 levels), pathogen treatment (4 levels; 3 strains and 1 mock infection) and 

their interactions were used as fixed factors. 18 day-old plant size was used as a covariate to 

reduce the effect of the microbiome on plant growth prior to pathogen inoculation and focus 

on microbiome-pathogen interactions.  

To analyze the effect of continuous indices on plant performance, we first confirmed that there 

were differences between the numerical index of the four microbiome diversity levels with 

post-hoc Tukey's Honestly Significant Difference (HSD) test. We analyzed the effect of 

continuous diversity on plant growth and pathogen resistance similarly to our microbiome 

diversity analysis. The fixed effects clade diversity, strain richness, and their interactions were 

replaced with functional diversities (FDis (Functional Dispersion), RaoQ (Rao’s Q), Functional 

Divergence (FDiv), FRic (Functional richness), FEve (Functional evenness) or Faith’s 

Phylogenetic diversity (PD). The package Performance (Lüdecke et al., 2021) was used to 

determine the model fit using R2, the Akaike information criterion (AIC), and the Bayesian 

information criterion (BIC). The model with highest R2
 and lowest of AIC, BIC, and RMSE were 

selected as the model of best fit. The best-fitting model was analyzed for plant growth (25 day-

old plant size and 18 day-old plant size, with 11 day-old plant size as covariate) and pathogen 

resistance (25 day-old plant size, with 18 day-old or 11 day-old plant size as covariate). 

https://www.zotero.org/google-docs/?ZvECk6
https://www.zotero.org/google-docs/?NNuG5D
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Based on the knowledge that there was significant influence of the clade on growth and 

pathogen resistance, we analyzed the effect of clade interactions; we tested how presence or 

absence (i.e. 2 levels) of a clade interacted with the presence or absence of an another clade 

on plant growth and pathogen resistance. The initial model for growth had the equation: Plant 

size (25 day-old OR 18 day-old) ~ Covariate:Plant size (11 day-old) + (Actinobacteria + 

Alphaproteobacteria + Bacteroidetes + Betaproteobacteria + Gammaproteobacteria)2 . The 

pathogen resistance model had the equation: Plant size (25 day-old) ~ Covariate:Plant size 

(11 day-old or 18 day-old) + (Actinobacteria + Alphaproteobacteria + Bacteroidetes + 

Betaproteobacteria + Gammaproteobacteria)2 * Pathogen treatment. Models contained only 

up to two-way clade interactions as fixed effects due to the lack of statistical power. We used 

the MASS package and stepwise regression model selection test to obtain the statistically-

optimized model (Venables and Ripley, 2002). For the growth model, two-way significant clade 

interactions were analyzed and visualized further, and for the pathogen resistance, significant 

three-way clade-pathogen interactions. 

Finally, “Anova” from the package car was used to test the model (Fox and Weisberg, 2019). 

For the visualization of the plant performance analysis, predicted effect size based on GLM 

was visualized using ggeffects and ggplot2 packages (Wickham, 2016; Lüdecke, 2018). For 

the growth analysis, only the predicted effect size based on two-way interaction was visualized 

for clade interaction. For pathogen resistance, only significant three-way interaction was 

visualized. The correlation between continuous indices were calculated and plotted using the 

“GGally” package (Schloerke et al., 2024). 

Results 

The categorical increase in leaf bacterial diversity improves plant performance 

An increase in categorical microbiome diversity had a positive effect on plant growth. For plant 

growth analysis of 18 day-old plants (size after microbiome inoculation only) and 25 day-old 

plants (size after microbiome inoculation and pathogen infection), the use of the covariate 

(initial size, plant size at 11 days) corrected for the initial size differences between the plants 

(Table 1). Clade diversity alone did not have an influence on plant growth at either time point, 

but an increase in strain richness did have a positive influence on growth for both time points 

(Table 1, Figure 2A). There was a significant positive interaction between clade diversity and 

strain richness (Table 1, Figure 2A). The plant's response to the pathogen significantly 

depended on the covariates used (Table 1, Figure 2B). Overall, inoculation with Pseudomonas 

led to reduced plant size, and the effect was more pronounced when the previous effects of 

the microbiome diversity on growth was corrected for by using the covariate of plant size at 

https://www.zotero.org/google-docs/?gVfMaV
https://www.zotero.org/google-docs/?yaTBrt
https://www.zotero.org/google-docs/?0H1wFn
https://www.zotero.org/google-docs/?XlnPzV
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18 days old. There was a significant interaction between clade diversity and pathogen infection 

only when the covariate of 18 day-old plant size was used (Table 1). 

 
Figure 2. Predicted plant size from a generalized linear model depending on the growth analysis (A) 

and pathogen resistance analysis (B). The error bars represent 95% confidence intervals (A and B) and 

reaction norm is shown for strain richness and clade diversity interaction (A). In A, Low and high clade 

diversity are represented by lighter and darker red (plant size at 25 days; with microbiome and pathogen 

treatment) and orange (plant size at 18 days; with microbiome). In B, each point represents plant size 

at 25 days in different pathogen stress conditions including a mock treatment (light blue). In B, strain 

richness is not included for the pathogen resistance analysis, as no significant interaction was found 

between strain richness and pathogen stress or strain richness, clade diversity, and pathogen stress. 
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Table 1. Anova table of a generalized linear model testing for growth and pathogen resistance based on four categorical microbiome diversity levels. For growth 

analysis, plant sizes at two ages (18 and 25 days old) were used as response variables and were analyzed using clade diversity, strain richness, and their 

interaction as fixed effects, with plant size at 11 days old as a covariate. For pathogen resistance, 25 day-old plant size was used as a response variable, and 

was analyzed using clade diversity (CD), strain richness (SR), pathogen stress (PS), and their interaction as fixed effect. Plant sizes at 11 and 18 days old were 

used as covariates. The term pathogen stress refers to the four pathogen treatments: 3 strains and 1 mock treatment. Both F and P values (Pr(>F)) were 

rounded up to 3 decimal places. The statistically significant terms are highlighted in bold. Df = degree of freedom, F = F-value. 

 Growth Pathogen resistance 

Plant age 18 day-old (microbiome) 25 day-old (microbiome + pathogen) 

Covariate used 11 day-old plant (no microbiome) 11 day-old plant 11 day-old plant 18 day-old 

 Df F Pr(>F) Df F value Pr(>F) Df F Pr(>F) Df F Pr(>F) 

Covariate 1 383.591 <0.001 1 179.027 <0.001 1 180.320 <0.001 1 3178.110 <0.001 

Clade diversity (CD) 1 1.541 0.215 1 0.626 0.429 1 0.617 0.432 1 10.917 <0.001 

Strain richness (SR) 1 4.745 0.030 1 18.695 <0.001 1 19.184 <0.001 1 24.108 <0.001 

Pathogen stress (PS)  3 2.938 0.032 3 3.931 0.008 

CD:SR 1 3.959 0.047 1 4.482 0.034 1 4.592 0.032 1 1.081 0.299 

CD:PS 

 

3 0.331 0.803 3 2.634 0.049 

SR:PS 3 1.057 0.367 3 0.397 0.755 

CD:SR:PS 3 0.929 0.426 3 1.045 0.372 

Residuals 1089   1086   1077   1077   
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Functional dispersion is the best-performing continuous index 

There was a significant positive correlation between functional diversities and phylogenetic 

diversity of microbiomes (Figure 3; Functional dispersion: ANOVA Four diversity levels (F 3,36) = 29.8, 

p < 0.001; Phylogenetic diversity: ANOVA Four diversity levels (F 3,36) = 52.5, p < 0.001). As 

expected, the post-hoc Tukey test showed that both higher strain richness and clade diversity 

increased functional and phylogenetic diversity. The increase in clade diversity contributed to 

a bigger increase in both measures of diversity compared to the strain richness, and the 

microbiomes with high clade diversity and rich strain richness had the highest diversity values 

(statistics not shown).  

 

Figure 3. Pairwise relationship between functional diversity indices and phylogenetic diversity (PD). 

Functional diversity indices used were FRic (Functional richness), FEve (Functional evenness), FDiv 

(Functional divergence), FDis (Functional dispersion), and Rao’s Q (RaoQ). Pearson’s correlation 

coefficient is shown (Corr:) in the top right panels, with significance represented by asterisks (P =0.1-

0.5.; P = 0.0 –0.01*; P = 0.01–0.001**). 
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The analysis of model fit quality and goodness of fit showed that, out of the six continuous 

indices tested, functional dispersion (Fdis) was statistically the best at explaining plant growth 

and Pseudomonas resistance (Table S3). Following this, we further investigated the 

relationship between functional dispersion on plant growth and pathogen resistance. Similar 

to the previous analysis of the microbiome diversity levels on growth and pathogen resistance, 

covariate levels were highly significant (Table 2). The growth analysis showed that in plants 

at two ages (18 or 25 days; inoculated with microbiome only or microbiome and pathogen 

respectively) FDis had a significant positive influence on plant growth. Upon analysis of the 

effect of functional diversity on pathogen resistance, we did not observe any interaction 

between pathogen stress and FDis (Table 2). 

Table 2. Anova table of a generalized linear model testing for growth and pathogen resistance based 

on functional dispersion (FDis). For growth analysis, plant sizes at two ages (18 and 25 day-old) were 

used as a response variable and were analyzed using functional dispersion (FDis) as a fixed effect. For 

pathogen resistance, 25 day-old plant size was used as a response variable and was analyzed using 

FDis, pathogen stress (PS), and their interaction as fixed effects. The term pathogen stress refers to 

the three Pseudomonas viridiflava treatments and the mock control treatment. P values (Pr(>F)) are 

rounded up to 3 decimal places. The statistically significant terms are highlighted in bold. Df = degree 

of freedom, F = F-value. 

 Growth Pathogen resistance 

Plant age 18 day-old (microbiome only) 25 day-old (microbiome + pathogen) 

Covariate  11 day-old plant (pre-microbiome inoculation) 18 day-old plant 

 Df F Pr(>F) Df F value Pr(>F) Df F Pr(>F) Df F Pr(>F) 

Covariate 1 385.2 <0.001 1 176.2 <0.001 1 179.2 <0.001 1 3048 <0.001 

FDIS 1 23.4 <0.001 1 32.1 <0.001 1 32.2 <0.001 1 10.46 0.001 

PS 

 

3 2.843 0.037 3 3.697 0.012 

FDis:PS 3 0.701 0.551 3 0.833 0.476 

Residuals 1091   1091   1085   1085   

 

Clade-clade interaction can improve plant fitness 

First, stepwise regression reduced the 10 possible interaction terms to three and five 

interacting terms for growth analysis at 18-day-old plants (microbiome inoculation only) and 

25 day-old plants (microbiome inoculation and Pseudomonas viridiflava infection) respectively 

(Table S4 and S5). The remaining interacting terms were Alphaproteobacteria:bacteroidetes 

and Actinobacteria:Gammaproteobacteria for both time points, and 

Alphaproteobacteria:Bacteroidetes and Actinobacteria:Betaproteobacteria only for 25 day-old 

plant growth analysis. For the clade-clade-pathogen interaction, only one term remained: 

Alphaproteobacteria:Bacteroidetes:pathogen stress (Table S4 and S5). 
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We found that plant growth was lower when only Actinobacteria was present, but when 

Actinobacteria was present alongside other clades, there was a positive interaction (Figure 

5A-C). The presence of Alphaproteobacteria was positive on plant growth, had a positive 

interaction on plant growth when co-present with Actinobacteria or Bacteroidetes (Figure 5A 

and D), but had a negative effect on plant growth when co-present with Betaproteobacteria 

(Figure 5E). Finally, there was only one significant interaction term between clades and 

Pseudomonas, Alphaproteobacteria:Bacteroidetes:Pseudomonas (Table S4 and S5). We 

found that plants resisted Pseudomonas better when both clades were present together rather 

than individually (Table S6 and Figure S2). 

 
Figure 4. Significant relationships between plant size and functional dispersion (FDis). The analysis of 

microbiome inoculation (18 day-old plant; orange line) and microbiome-and-pathogen inoculation (25 

day-old plant; red line) on growth (A) and the effect of Pseudomonas viridiflava infection on the plant 

resistance when two plant size covariates (11 and 18 days) are used (B). Solid trend lines represent 

model predictions with shaded areas representing 95% confidence intervals. 
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Figure 5. The effect of interaction between two clades on plant growth. Green and blue lines refer to 

the presence and absence of a clade respectively. Light green and blue indicate plant size at 18 days 

(inoculated with microbiome only), and dark green and blue indicate plant size at 25 days (microbiome 

inoculation and Pseudomonas viridiflava infection). The dashed lines refer to interaction terms that did 

not remain after model selection at 18 days but remained at 25 day selection (B and D). Predicted 

means and 95% confidence intervals (error bars) from generalized linear models (A and B) with their 

reaction norms are shown. 
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Discussion 

The role of plant biodiversity in ecosystem functioning is well studied, but the link between 

plant microbiome diversity and overall plant function is less well understood. An area 

especially lacking in research is how diversity in the leaf microbiome community contributes 

to host plant performance. Through our factorial experimental design, we inoculated 

Arabidopsis thaliana leaves with microbiomes of four increasing levels of bacterial diversity. 

We then measured how these levels of diversity affected host performance, determined by 

plant growth and pathogen resistance. 

Leaf bacterial diversity improves plant performance 

We used a factorial design to create four total combinations of microbiome diversity, with two 

levels each of strain richness and clade diversity. By randomly selecting the clade and strains, 

we created 40 unique bacterial communities with a stepwise increase in diversity. After 

examining the interaction between clade diversity and species richness, we found that plants 

always benefited from an increase in the number of strains in a microbiome, and while having 

higher clade diversity was better for plant growth, it was not as important as strain richness. 

Previous research on bacterial strains in At-LSPHERE showed phylogenetically close strains 

had similar resource usage (Schäfer et al., 2022, 2023). Therefore, an increase in strain 

richness in our experiment could have resulted in more resilient bacterial communities that 

could compensate strain losses effectively, as seen in the functional redundancy and 

insurance hypotheses (Eisenhauer et al., 2023, 2024). 

As functional redundancy and other BEF principles can be highly environmentally dependent 

(Fetzer et al., 2015; Ali, 2023), we added pathogen stress to confirm whether an increase in 

leaf microbial diversity led to plants having greater pathogen resistance. We found that, after 

Pseudomonas infection, plants inoculated with more diverse microbiomes performed as well 

as control plants, whereas those inoculated with less diverse microbiomes had lower sizes. 

Therefore we cautiously suggest that a microbiome with high diversity can confer a greater 

degree of pathogen resistance.  

The Pseudomonas strains used in the experiment are found to infect Arabidopsis in nature 

(Karasov et al., 2018), and when infected onto a sterile plant they are capable of killing it 

(Karasov et al., 2018; Duque-Jaramillo et al., 2023). However, when these strains are present 

in a plant alongside other non-pathogenic bacteria, including other commensal Pseudomonas 

strains, the effect is reduced, with strains lowering biomass but not killing the plant (Ma et al., 

2021; Shalev et al., 2022b, a). Furthermore, another experiment with the At-LSPHERE 

bacterial collection suggests that some of the At-LSPHERE strains can confer full protection 

against a related Pseudomonas pathogen (Pseudomonas syringae DC3000), and the 

https://www.zotero.org/google-docs/?NU75Yg
https://www.zotero.org/google-docs/?IzWm7e
https://www.zotero.org/google-docs/?4rmE9F
https://www.zotero.org/google-docs/?bkydIA
https://www.zotero.org/google-docs/?0kMs5K
https://www.zotero.org/google-docs/?R0OdiE
https://www.zotero.org/google-docs/?R0OdiE
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increase in leaf bacterial diversity conferred higher protection against Pseudomonas (Vogel et 

al., 2021). In this context, we hypothesize that in our experiment, the increase in clade diversity 

could have increased the probability of the microbiomes containing a strain conferring 

pathogen resistance. However, greater species richness in our experiment may not have 

captured a wide enough range of bacterial function, as bacterial function shows a level of 

phylogenetic conservatism (Schäfer et al., 2022, 2023). 

Functional diversity could better capture ecosystem functioning 

Despite biodiversity-ecosystem function theory being well established, the method of 

estimating ecosystem function has not been universally accepted (van der Plas, 2019), with 

both functional and phylogenetic diversity indices being used to measure biodiversity and 

explain ecosystem function (van der Plas, 2019). We converted the categorical diversity levels 

of microbiomes in our experiment into both predicted phylogenetic and functional diversities. 

Using the continuous indices, we confirmed that there were significant differences between 

the four groups, with microbiomes with higher strain richness and clade diversity 

corresponding to higher functional and phylogenetic diversity. We also found that there was a 

good correlation between functional diversity and phylogenetic diversity within microbiomes 

(Faith, 2018). However, we found that functional diversity was statistically better at explaining 

plant growth and disease resistance than phylogenetic diversity (Mazel et al., 2018; E-Vojtkó 

et al., 2023). This is in contrast to findings where phylogenetic diversity and functional diversity 

perform relatively similarly in statistical models (similar AIC and R2; Flynn et al., 2011; Hao et 

al., 2018; Le Bagousse-Pinguet et al., 2019).  

Different resources were used to calculate each index, with phylogenetic diversity calculated 

using a relatively short 16S rRNA region, and functional diversity based on the predicted 

function of the whole genome. In such a scenario, the index that was more information-rich 

may have been better at capturing the overall BEF relationship, i.e. functional dispersion that 

captured the variance of species abundance in trait space (Daniel and Rooney, 2022). 

The effect of clade-clade interaction on plant performance 

Varying clade diversity levels allowed us to test clade-clade interactions. The bacterial clades 

used in this experiment have often been identified as core microbial taxa in both roots and 

leaves within various ecosystems, including in agricultural soil (Kembel et al., 2014; Acosta et 

al., 2020; Castellano-Hinojosa and Strauss, 2021; Ling et al., 2022). The prevalence of these 

taxa across different ecosystems and plant groups suggests a long-term, co-evolutionary 

relationship between plants and microbiomes, and their potential importance across varied 

environments. 

https://www.zotero.org/google-docs/?iN0zj9
https://www.zotero.org/google-docs/?iN0zj9
https://www.zotero.org/google-docs/?S3QbAg
https://www.zotero.org/google-docs/?cUl1iZ
https://www.zotero.org/google-docs/?D23v3v
https://www.zotero.org/google-docs/?3E77DW
https://www.zotero.org/google-docs/?QnLkVM
https://www.zotero.org/google-docs/?QnLkVM
https://www.zotero.org/google-docs/?euPYyv
https://www.zotero.org/google-docs/?euPYyv
https://www.zotero.org/google-docs/?QT6qbP
https://www.zotero.org/google-docs/?MmNdmy
https://www.zotero.org/google-docs/?MmNdmy
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We found that plant growth increased with the presence of Actinobacteria when in tandem 

with other clades, but when present alone, Actinobacteria strains did not have a positive effect 

on plant growth. However, previous research indicates that Actinobacteria strains have great 

potential to be biofertilizers, and can be used to increase plant fitness against pathogens (Bao 

et al., 2021; Boukhatem et al., 2022; Ebrahimi-Zarandi et al., 2022; Narsing Rao et al., 2022). 

We speculate that, when present with other phylogenetic groups, Actinobacteria could have 

an additive effect, while alone their benefits could be limited. Similar results have previously 

been found, with Actinobacteria having a potential additive effect with other 

Alphaproteobacteria on pathogen resistance in Arabidopsis (Emmenegger et al., 2023). 

We also found an adverse additive effect, as plant growth was lower when 

Alphaproteobacteria and Betaproteobacteria occurred together in a microbiome compared to 

when either was present alone. This negative interaction may stem from the close 

phylogenetic relationship between the two groups, with similar resource utilization potentially 

leading to niche overlap. Increased competition could then result in a decrease in microbial 

productivity from antagonistic interactions, and lead to reduced plant performance (Mayfield 

and Levine, 2010; Romdhane et al., 2022; Schäfer et al., 2023; Schlechter et al., 2023). 

However, as we did not confirm the realized microbial community composition, we cannot be 

certain that this effect is due to niche overlap. 

Conclusion 

In summary, we found that leaf-associated microbial communities follow a widely established 

BEF relationship in which an increase in microbiome diversity improves plant performance, 

measured through increased growth as well as improved resistance to Pseudomonas 

pathogens. We were also able to identify functional diversity as a more effective index to 

explain the BEF relationship as compared to phylogenetic diversity. This study helps us to 

understand the relationship between plants and their leaf microbial communities, and to an 

extent the interaction between clades in the microbiome. To the best of our knowledge, this is 

one of the first experiments in which leaf bacterial diversity has been deliberately increased in 

a full factorial design. Further studies could measure final microbiome composition to observe 

whether communities remain stable throughout experiments, and could focus on further 

increasing species richness experimentally, to more closely reflect natural systems. These 

strategies would improve our understanding of the functions of leaf microbiome diversity on 

plant performance, a crucial area of emerging research.  

 

 

 

https://www.zotero.org/google-docs/?2asm50
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https://www.zotero.org/google-docs/?YPgiRP
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Supplementary information 

Table S1. Information of the strains used to create a syncom. Phylum, Family, and Genus information 

is from Pfeilmeier et al 2024. Clade used shows five experimental clades. 

 

Strain_ID Phylum Class Order Family Clade_used 

Leaf3 Actinobacteria Actinomycetia Micrococcales Sanguibacteraceae Actinobacteria 

Leaf69 Actinobacteria Actinomycetia Actinomycetales Micrococcaceae Actinobacteria 

Leaf137 Actinobacteria Actinomycetia Actinomycetales Micrococcaceae Actinobacteria 

Leaf141 Actinobacteria Actinomycetia Actinomycetales Micrococcaceae Actinobacteria 

Leaf145 Actinobacteria Actinomycetia Actinomycetales Micrococcaceae Actinobacteria 

Leaf151 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf161 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf164 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf183 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf185 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf203 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf222 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf225 Actinobacteria Actinomycetia Mycobacteriales Nocardiaceae Actinobacteria 

Leaf233 Actinobacteria Actinomycetia Mycobacteriales Nocardiaceae Actinobacteria 

Leaf234 Actinobacteria Actinomycetia Actinomycetales Micrococcaceae Actinobacteria 

Leaf245 Actinobacteria Actinomycetia Propionibacteriales Nocardioidaceae Actinobacteria 

Leaf254 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf261 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf263 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf264 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf285 Actinobacteria Actinomycetia Propionibacteriales Nocardioidaceae Actinobacteria 

Leaf288 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf289 Actinobacteria Actinomycetia Propionibacteriales Nocardioidaceae Actinobacteria 

Leaf299 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf304 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf314 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf334 Actinobacteria Actinomycetia Micrococcales Cellulomonadaceae Actinobacteria 



50 
 

Leaf335 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf336 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf337 Actinobacteria Actinomycetia Actinomycetales Micrococcaceae Actinobacteria 

Leaf350 Actinobacteria Actinomycetia Propionibacteriales Nocardioidaceae Actinobacteria 

Leaf351 Actinobacteria Actinomycetia Micrococcales Microbacteriaceae Actinobacteria 

Leaf354 Actinobacteria Actinomycetia Mycobacteriales Nocardiaceae Actinobacteria 

Leaf369 Actinobacteria Actinomycetia Geodermatophilales Geodermatophilaceae Actinobacteria 

Leaf380 Actinobacteria Actinomycetia Geodermatophilales Geodermatophilaceae Actinobacteria 

Leaf446 Actinobacteria Actinomycetia Propionibacteriales Nocardioidaceae Actinobacteria 

Leaf189 Bacteroidetes Cytophagia Cytophagales Cytophagaceae Bacteroidetes 

Leaf82 Bacteroidetes Flavobacteriia Flavobacteriales Flavobacteriaceae Bacteroidetes 

Leaf180 Bacteroidetes Flavobacteriia Flavobacteriales Flavobacteriaceae Bacteroidetes 

Leaf201 Bacteroidetes Flavobacteriia Flavobacteriales Flavobacteriaceae Bacteroidetes 

Leaf313 Bacteroidetes Flavobacteriia Flavobacteriales Flavobacteriaceae Bacteroidetes 

Leaf359 Bacteroidetes Flavobacteriia Flavobacteriales Flavobacteriaceae Bacteroidetes 

Leaf394 Bacteroidetes Flavobacteriia Flavobacteriales Flavobacteriaceae Bacteroidetes 

Leaf405 Bacteroidetes Flavobacteriia Flavobacteriales Flavobacteriaceae Bacteroidetes 

Leaf41 Bacteroidetes Sphingobacteriia Sphingobacteriales Sphingobacteriaceae Bacteroidetes 

Leaf132 Bacteroidetes Sphingobacteriia Sphingobacteriales Sphingobacteriaceae Bacteroidetes 

Leaf176 Bacteroidetes Sphingobacteriia Sphingobacteriales Sphingobacteriaceae Bacteroidetes 

Leaf216 Bacteroidetes Sphingobacteriia Sphingobacteriales Sphingobacteriaceae Bacteroidetes 

Leaf250 Bacteroidetes Sphingobacteriia Sphingobacteriales Sphingobacteriaceae Bacteroidetes 

Leaf326 

Deinococcus- 

Thermus Deinococci Deinococcales Deinococcaceae 

 

Leaf13 Firmicutes Bacilli Bacillales Bacillaceae 

Leaf49 Firmicutes Bacilli Bacillales Bacillaceae 

Leaf72 Firmicutes Bacilli Bacillales Paenibacillaceae 

Leaf75 Firmicutes Bacilli Bacillales Bacilli 

Leaf182 Firmicutes Bacilli Bacillales Paenibacillaceae 

Leaf187 Firmicutes Bacilli Bacillales Bacillales 



51 
 

Leaf406 Firmicutes Bacilli Bacillales Bacillaceae 

Leaf2 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf4 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf5 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf10 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf17 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf21 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf26 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf28 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf30 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf32 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf33 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf34 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf42 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf62 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf64 Proteobacteria Alphaproteobacteria Hyphomicrobiales Hyphomicrobiaceae Alphaproteobacteria 

Leaf67 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf68 Proteobacteria Alphaproteobacteria Hyphomicrobiales Rhizobiaceae Alphaproteobacteria 

Leaf85 Proteobacteria Alphaproteobacteria Hyphomicrobiales Methylobacteriaceae Alphaproteobacteria 

Leaf86 Proteobacteria Alphaproteobacteria Hyphomicrobiales Methylobacteriaceae Alphaproteobacteria 

Leaf87 Proteobacteria Alphaproteobacteria Hyphomicrobiales Methylobacteriaceae Alphaproteobacteria 

Leaf88 Proteobacteria Alphaproteobacteria Hyphomicrobiales Methylobacteriaceae Alphaproteobacteria 

Leaf90 Proteobacteria Alphaproteobacteria Hyphomicrobiales Methylobacteriaceae Alphaproteobacteria 

Leaf91 Proteobacteria Alphaproteobacteria Hyphomicrobiales Methylobacteriaceae Alphaproteobacteria 

Leaf99 Proteobacteria Alphaproteobacteria Hyphomicrobiales Methylobacteriaceae Alphaproteobacteria 

Leaf106 Proteobacteria Alphaproteobacteria Hyphomicrobiales Methylobacteriaceae Alphaproteobacteria 

Leaf118 Proteobacteria Alphaproteobacteria Hyphomicrobiales Methylobacteriaceae Alphaproteobacteria 

Leaf122 Proteobacteria Alphaproteobacteria Hyphomicrobiales Methylobacteriaceae Alphaproteobacteria 

Leaf168 Proteobacteria Alphaproteobacteria Caulobacterales Caulobacteraceae Alphaproteobacteria 

Leaf208 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf226 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 
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Leaf231 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf242 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf257 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf262 Proteobacteria Alphaproteobacteria Hyphomicrobiales Rhizobiaceae Alphaproteobacteria 

Leaf280 Proteobacteria Alphaproteobacteria Caulobacterales Caulobacteraceae Alphaproteobacteria 

Leaf306 Proteobacteria Alphaproteobacteria Hyphomicrobiales Rhizobiaceae Alphaproteobacteria 

Leaf311 Proteobacteria Alphaproteobacteria Hyphomicrobiales Rhizobiaceae Alphaproteobacteria 

Leaf324 Proteobacteria Alphaproteobacteria Hyphomicrobiales Aurantimonadaceae Alphaproteobacteria 

Leaf339 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf343 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf344 Proteobacteria Alphaproteobacteria Hyphomicrobiales Bradyrhizobiaceae Alphaproteobacteria 

Leaf357 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf361 Proteobacteria Alphaproteobacteria Hyphomicrobiales Methylobacteriaceae Alphaproteobacteria 

Leaf363 Proteobacteria Alphaproteobacteria Caulobacterales Caulobacteraceae Alphaproteobacteria 

Leaf371 Proteobacteria Alphaproteobacteria Hyphomicrobiales Rhizobiaceae Alphaproteobacteria 

Leaf391 Proteobacteria Alphaproteobacteria Hyphomicrobiales Rhizobiaceae Alphaproteobacteria 

Leaf396 Proteobacteria Alphaproteobacteria Hyphomicrobiales Bradyrhizobiaceae Alphaproteobacteria 

Leaf412 Proteobacteria Alphaproteobacteria Sphingomonadales Sphingomonadaceae Alphaproteobacteria 

Leaf420 Proteobacteria Alphaproteobacteria Hyphomicrobiales Hyphomicrobiaceae Alphaproteobacteria 

Leaf427 Proteobacteria Alphaproteobacteria Hyphomicrobiales Aurantimonadaceae Alphaproteobacteria 

Leaf443 Proteobacteria Alphaproteobacteria Hyphomicrobiales Aurantimonadaceae Alphaproteobacteria 

Leaf454 Proteobacteria Alphaproteobacteria Hyphomicrobiales Aurantimonadaceae Alphaproteobacteria 

Leaf456 Proteobacteria Alphaproteobacteria Hyphomicrobiales Methylobacteriaceae Alphaproteobacteria 

Leaf466 Proteobacteria Alphaproteobacteria Hyphomicrobiales Methylobacteriaceae Alphaproteobacteria 

Leaf61 Proteobacteria Betaproteobacteria Burkholderiales Oxalobacteraceae Betaproteobacteria 

Leaf73 Proteobacteria Betaproteobacteria Burkholderiales Comamonadaceae Betaproteobacteria 

Leaf76 Proteobacteria Betaproteobacteria Burkholderiales Comamonadaceae Betaproteobacteria 

Leaf78 Proteobacteria Betaproteobacteria Burkholderiales Comamonadaceae Betaproteobacteria 

Leaf126 Proteobacteria Betaproteobacteria Burkholderiales Oxalobacteraceae Betaproteobacteria 

Leaf139 Proteobacteria Betaproteobacteria Burkholderiales Oxalobacteraceae Betaproteobacteria 

Leaf160 Proteobacteria Betaproteobacteria Burkholderiales Comamonadaceae Betaproteobacteria 
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Leaf177 Proteobacteria Betaproteobacteria Burkholderiales Burkholderiaceae Betaproteobacteria 

Leaf220 Proteobacteria Betaproteobacteria Burkholderiales Comamonadaceae Betaproteobacteria 

Leaf265 Proteobacteria Betaproteobacteria Burkholderiales Comamonadaceae Betaproteobacteria 

Leaf267 Proteobacteria Betaproteobacteria Burkholderiales Comamonadaceae Betaproteobacteria 

Leaf274 Proteobacteria Betaproteobacteria Burkholderiales Comamonadaceae Betaproteobacteria 

Leaf400 Proteobacteria Betaproteobacteria Burkholderiales Comamonadaceae Betaproteobacteria 

Leaf416 Proteobacteria Betaproteobacteria Methylophilales Methylophilaceae Betaproteobacteria 

Leaf15 Proteobacteria Gammaproteobacteria Pseudomonadales Pseudomonadaceae Gammaproteobacteria 

Leaf50 Proteobacteria Gammaproteobacteria Enterobacterales Enterobacteriaceae Gammaproteobacteria 

Leaf51 Proteobacteria Gammaproteobacteria Enterobacterales Enterobacteriaceae Gammaproteobacteria 

Leaf53 Proteobacteria Gammaproteobacteria Enterobacterales Enterobacteriaceae Gammaproteobacteria 

Leaf58 Proteobacteria Gammaproteobacteria Pseudomonadales Pseudomonadaceae Gammaproteobacteria 

Leaf59 Proteobacteria Gammaproteobacteria Pseudomonadales Pseudomonadaceae Gammaproteobacteria 

Leaf70 Proteobacteria Gammaproteobacteria Xanthomonadales Xanthomonadaceae Gammaproteobacteria 

Leaf83 Proteobacteria Gammaproteobacteria Pseudomonadales Pseudomonadaceae Gammaproteobacteria 

Leaf127 Proteobacteria Gammaproteobacteria Pseudomonadales Pseudomonadaceae Gammaproteobacteria 

Leaf129 Proteobacteria Gammaproteobacteria Pseudomonadales Pseudomonadaceae Gammaproteobacteria 

Leaf130 Proteobacteria Gammaproteobacteria Pseudomonadales Moraxellaceae Gammaproteobacteria 

Leaf131 Proteobacteria Gammaproteobacteria Xanthomonadales Xanthomonadaceae Gammaproteobacteria 

Leaf434 Proteobacteria Gammaproteobacteria Pseudomonadales Pseudomonadaceae Gammaproteobacteria 
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Table S2. The composition of 40 syncoms. Numbers used in S1 to S9 refers to strains used according to Strain_ID (Supplementary table 1). Actino- = 

Actinobacteria; α- = Alphaproteobacteria; Bact- =  acteroidetes; β- =  etaproteobacteria; γ- = Gammaproteobacteria 

 

Syncom CDxSR Group1 Group2 Group3 S1 S2 S3 S4 S5 S6 S7 S8 S9 

1 1x3 Actino-   446 145 137       

2 1x3 α-   343 85 42       

3 1x3 β-   265 177 220       

4 1x3 γ-   127 15 131       

5 1x3 Actino-   69 137 151       

6 1x3 α-   99 231 420       

7 1x3 β-   220 265 73       

8 1x3 γ-   58 127 129       

9 1x3 Bact-   405 313 201       

10 1x3 Bact-   176 359 41       

11 1x9 Actino-   288 351 304 336 161 446 263 222 234 

12 1x9 α-   33 68 85 339 208 5 361 87 420 

13 1x9 β-   78 267 220 160 177 416 400 139 76 

14 1x9 γ-   59 127 15 131 434 129 70 58 83 

15 1x9 Actino-   336 354 145 304 289 446 314 264 161 

16 1x9 α-   262 68 90 371 99 21 91 5 122 

17 1x9 β-   267 78 265 73 160 177 416 76 220 

18 1x9 γ-   131 70 15 59 127 83 129 58 434 

19 1x9 Bact-   180 313 189 176 201 216 405 132 359 

20 1x9 Bact-   313 359 176 405 82 41 250 216 189 

21 3x1 Actino- Bact- α- 233 313 62       
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22 3x1 Actino- Bact- β- 233 201 267       

23 3x1 Actino- Bact- γ- 369 82 83       

24 3x1 Actino- α- β- 334 42 177       

25 3x1 Actino- α- γ- 288 91 131       

26 3x1 Actino- β- γ- 314 126 127       

27 3x1 Bact- α- β- 405 64 139       

28 3x1 Bact- β- γ- 180 220 434       

29 3x1 Bact- γ- α- 201 129 88       

30 3x1 α- β- γ- 106 76 131       

31 3x3 Actino- Bact- α- 254 233 225 201 216 359 361 396 17 

32 3x3 Actino- Bact- β- 145 289 203 405 313 250 220 400 160 

33 3x3 Actino- Bact- γ- 351 151 314 189 201 394 434 127 58 

34 3x3 Actino- α- β- 151 183 263 339 5 122 220 139 267 

35 3x3 Actino- α- γ- 233 304 351 62 344 106 83 434 15 

36 3x3 Actino- β- γ- 264 183 261 177 160 274 58 70 15 

37 3x3 Bact- α- β- 201 189 313 466 443 17 267 265 416 

38 3x3 Bact- β- γ- 405 180 250 274 416 220 434 131 83 

39 3x3 Bact- γ- α- 405 201 250 83 58 70 21 427 4 

40 3x3 α- β- γ- 4 26 242 177 76 160 131 15 59 
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Table S3. Akaike's information criterion (AIC), Bayesian information criterion (BIC), and R2 values of the six growth models to explain plant performance (growth 

and pathogen tolerance) with plant size of 18 or 25 day-old plant using the continuous diversity indices as fixed effect. The statistically most efficient indices 

based on the lowest AIC and BIC values and highest R2 value is highlighted in bold. Df = degree of freedom, F = F-value 

 

Plant age 18 day-old (microbiome only) 25 day-old (microbiome + pathogen) 

Covariate 

11 day-old plant (pre-

microbiome inoculation) 11 day-old plant 11 day-old plant 18 day-old plant 

Name AIC BIC R2  AIC BIC R2  AIC BIC R2  AIC BIC R2  

PD 21837 21857 0.234 24098 24133 0.128 24103 24153 0.129 22762 22812 0.744 

FRic 21835 21855 0.236 24094 24129 0.131 24097 24147 0.134 22760 22810 0.744 

FEve 21838 21858 0.234 24096 24131 0.129 24100 24150 0.131 22757 22807 0.745 

FDiv 21838 21858 0.234 24098 24133 0.127 24103 24153 0.129 22764 22814 0.743 

FDis 21816 21836 0.249 24067 24102 0.152 24070 24120 0.154 22752 22802 0.746 

RaoQ 21818 21838 0.248 24070 24105 0.15 24074 24124 0.151 22754 22804 0.746 
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Table S4. Remaining terms and their interaction with other clades and pathogen strain (PS). The dash (-) represents the truncation of “bacteria” from the 

taxonomic groups. 

 

Test Growth Pathogen tolerance 

Plant age 
18 day-old  
(microbiome only) 

25 day-old  
(microbiome + pathogen) 

25 day-old  
(microbiome + pathogen) 

25 day-old  
(microbiome + pathogen) 

Covariate used 
11 day-old plant (pre-
microbiome inoculation 11 day-old plant 11 day-old plant 18 day-old 

Test Growth Growth Pathogen tolerance Pathogen tolerance 

Remaining terms 

Actinobacteria (Actino -) +  
Alphaproteobacteria (α-) +  
Betaproteobacteria (β-) +  
Gammaproteobacteria (γ-) 

Actinobacteria (Actino -)+  
Alphaproteobacteria (α-) +  
Bacteroidetes +  
Betaproteobacteria (β-) +  
Gammaproteobacteria (γ-) 

Actinobacteria (Actino -) +  
Alphaproteobacteria (α-) + 
Bacteroidetes + 
Betaproteobacteria (β-) + 
Gammaproteobacteria (γ-) +  
PS 

Actinobacteria (Actino -) +  
Alphaproteobacteria (α-) +  
Bacteroidetes +  
Betaproteobacteria (β-) +  
Gammaproteobacteria (γ-) +  
PS 

Remaining 
interacting clades 

Actino- : α- +  
Actino- : γ- +  
α- : β- 

Actino- : α-+  
Actino- :β-+  
Actino- :γ- +  
α- : Bacteroidetes +  
α-:β- 

Actino-:α-+  
Actino-:β-+  
Actino-:γ- +  
α-:Bacteroidetes +  
α-:β- 

Actino-:β- +  
Actino-:γ- +  
α-:Bacteroidetes +  
α-:β- 

Clade interaction 
with pathogen 
stress (PS)  

α-:PS + 
β-:PS +  
α-:β-:PS 

α-:PS +  
Bacteroidetes:PS +  
β-:PS +  
γ-:PS +  
α-:Bacteroidetes:PS + 
α-:β-:PS 
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Table S5. ANOVA table of generalized linear model of growth analysis explained by clades and their interaction using the remaining term after the model 

selection. Statistically significant term are highlighted in bold. Df = degree of freedom, F = F-value 

 

 Growth Pathogen tolerance 

Plant age 18 day-old (microbiome only) 25 day-old (microbiome + pathogen) 

Covariate 11 day-old plant (pre-microbiome inoculation) 18 day-old plant 

 Df F value Pr(>F) Df F value Pr(>F) Df F value Pr(>F) 

Covariate 1 429.078 <0.001 1 207.373 <0.001 1 2849.492 <0.001 

Actinobacteria 1 45.029 <0.001 1 97.723 <0.001 1 64.854 <0.001 

Alphaproteobacteria 1 19.334 <0.001 1 7.272 0.007 1 2.333 0.127 

Bacteroidetes    1 0.899 0.343 1 0.861 0.354 

Betaproteobacteria 1 2.588 0.108 1 6.586 0.010 1 5.473 0.019 

Gammaproteobacteria 1 20.393 <0.001 1 13.584 <0.001 1 0.037 0.848 

Pseudomonas_Strain (PS)       3 4.153 0.006 

Actinobacteria:Alphaproteobacteria 1 7.212 0.007 1 6.032 0.014    

Actinobacteria:Betaproteobacteria    1 3.880 0.049 1 4.83 0.028 

Actinobacteria:Gammaproteobacteria 1 5.228 0.022 1 19.071 <0.001 1 17.091 <0.001 

Alphaproteobacteria:Bacteroidetes    1 5.798 0.016 1 7.28 0.007 

Alphaproteobacteria:Betaproteobacteria 1 47.994 <0.001 1 52.953 <0.001 1 12.502 <0.001 

Alphaproteobacteria:PS       3 4.01 0.007 

Bacteroidetes:PS       3 0.102 0.959 

Betaproteobacteria:PS       3 0.63 0.596 

Gammaproteobacteria:PS       3 2.043 0.106 

Alphaproteobacteria:Bacteroidetes:PS       3 2.882 0.035 

Alphaproteobacteria:Betaproteobacteria:PS       3 1.952 0.120 

Residuals 1085   1082   1062   
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Figure S1. The available pool of 138 strains used to assemble microbiomes in the experiment. A tile refers to a strain used in a microbiome assembly and their 

corresponding color indicates their clades. Microbiome S1-S10: Low clade diversity - poor strain richness; S11-S20: Low Clade diversity- rich strain richness; 

S21-30: High clade diversity - poor strain richness; S31-40: High clade diversity-rich strain richness 
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Figure S2. The effect of interaction between two clades on the pathogen tolerance. Generalized linear 

model included 18-day-old (inoculated with microbiome) plant size as covariate. Predicted means and 

95% confidence intervals (error bars) from generalized linear models.
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Chapter 4 

Temperature fluctuations alter the Arabidopsis thaliana leaf microbiome   
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Abstract 

Plants face constantly changing environmental conditions, and the temporal patterns of these 

fluctuations may affect not only plant growth, but also important interactions with closely 

associated microbes. Understanding the impacts of environmental fluctuations on plant 

microbiomes is particularly timely, as global climate change is altering temporal patterns of 

temperature and water availability at an ever-increasing rate, yet there is little research testing 

these effects. Here, we experimentally tested the effect of temperature fluctuations on the leaf 

bacteria of Arabidopsis thaliana. We exposed plants with initially identical bacterial 

communities to rapid, moderate, or slow fluctuations in temperature, and compared the fate 

of their leaf bacteria to control plants at constant temperature conditions through repeated 16S 

amplicon sequencing. All plants received the same total sum of temperature over the 

experiment. We showed that temperature fluctuations significantly impacted the diversity of 

leaf bacteria, with plants facing rapid temperature changes showing the strongest decrease in 

diversity. Temperature fluctuations also altered the species composition of leaf microbiomes, 

with differences increasing over time. Our results demonstrate that changes in the temporal 

variability of temperature alone, without a change in mean temperature, impacts the plant 

microbiome in multiple ways. As climate change makes temperature fluctuations increasingly 

likely, and given the important functions of many plant-associated microbes, future research 

should address the mechanisms underlying these effects, and test their generality across 

different plant species and environmental factors. 

 

 

 

 

 

 

 

 

 

 

 

 

Keywords: climate change, environmental variability, heat stress, leaf bacteria, microbial 

diversity, microbiome  
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Introduction 

In their natural environments, most plants experience temporal variation in different 

environmental conditions, and at different temporal scales (Kaiser et al., 2018; Matsubara, 

2018; Su-Zhou et al., 2024). This is especially relevant for plant leaves, which are constantly 

exposed to a plethora of stresses including regular fluctuations in light, temperature, and water 

(Chaves et al., 2002; Kaiser et al., 2018; Matsubara, 2018). Because of their sessile nature, 

plants have evolved an array of developmental and physiological mechanisms for adjusting to 

dynamic environments (Bradshaw, 1965; Arnold et al., 2022; Arenas et al., 2025). Despite this 

phenotypic plasticity, plants are increasingly challenged by global climate change, which not 

only affects mean environmental conditions but also alters the frequency and amplitude of 

environmental fluctuations, particularly water availability and temperature (Schär et al., 2004; 

Konapala et al., 2020; Olonscheck et al., 2021; Heeter et al., 2023). It is therefore important 

to understand the potential consequences of this intensifying environmental variability on both 

plants and their related microbiomes. 

Environmental fluctuations can have a profound impact on plant physiological processes, from 

a specific physiological trait to overall plant performance. Under natural environmental 

fluctuations, physiological traits such as flower size can change compared to when plants are 

subjected to a constant temperature (Wiszniewski et al., 2022). Studies have also 

demonstrated how changes in environmental variability, independent from changes in average, 

can impact plant performance. For example, plants exposed to rapid changes in temperature 

from day to night showed lower biomass and lower chlorophyll amounts than those facing a 

more gradual change (Chiang et al., 2020). Similarly, in a water fluctuation experiment both 

invasive and non-invasive plants preferred stable conditions, with invasive plants preferring 

infrequent watering in large quantities, and native plants preferring a high frequency of 

watering in smaller quantities (Qin et al., 2024). In Arabidopsis thalia, the timing of temperature 

fluctuations and genotype are the biggest influencers on plant performance across two 

generations (Scheepens et al., 2018a; Deng et al., 2021). In general, research has shown that 

factors relating to the timing and frequency of stress fluctuations can have a significant impact 

on plant performance, including when stress commences in the life stage of the plant, how 

long stress-recovery periods last, and the level of severity, or amplitude, of the stress. 

While plants live in variable environments, they are also a habitat for many organisms which 

must tolerate these fluctuations alongside their hosts (Vorholt, 2012; Chaudhry et al., 2021; 

Almario et al., 2022). It is crucial to study the complex interactions between environment, 

plants, and their microbiomes to fully understand the impact of environmental changes. 

Examples can be seen in the literature, as when heat stress was found to influence beta 

https://www.zotero.org/google-docs/?D0EQLI
https://www.zotero.org/google-docs/?D0EQLI
https://www.zotero.org/google-docs/?m9aSyB
https://www.zotero.org/google-docs/?s2qatc
https://www.zotero.org/google-docs/?T2bXEE
https://www.zotero.org/google-docs/?T2bXEE
https://www.zotero.org/google-docs/?KI7Mbs
https://www.zotero.org/google-docs/?dsSEfK
https://www.zotero.org/google-docs/?MThDzb
https://www.zotero.org/google-docs/?pJMO6I
https://www.zotero.org/google-docs/?5UtovX
https://www.zotero.org/google-docs/?5UtovX


65 
 

diversity and in particular the abundance of Actinobacteria from the root-associated 

microbiome of sorghum (Wipf et al., 2021). 

A plant and its associated microbes have a delicate balance between proliferation and control, 

as many bacterial endophytes can shift from beneficial to harmful. For example, Pfeilmeier et 

al. (2021) showed in a knock-out Arabidopsis line how symbiotic microbes can become 

opportunistic pathogens, and further research has shown shown that naturally-occurring 

Pseudomonas lineages isolated from healthy Arabidopsis can be pathogenic in both sterile 

and non-sterile Arabidopsis (Karasov et al., 2018; Shalev et al., 2022b). When environmental 

stress is combined with pathogenic stress, it can also create unique scenarios for plants to 

respond to. Jose et al. (2024) found that a salicylic acid-producing Arabidopsis thaliana mutant 

had higher Pseudomonas pathogen tolerance and higher heat tolerance compared to the wild 

progenitor, but only when microbiome diversity was high. When the microbial diversity was 

lowered, heat stress caused dysbiosis (Jose et al., 2024), suggesting some level of interplay 

between genotype, hormone level, and environment in controlling microbial communities. 

Although our collective knowledge about the consequences of environmental stress on the 

plant microbiome is expanding, there is much yet to learn, especially about the time-scales in 

which the microbiome responds and the effect of temperature fluctuations on the microbiome 

over time. 

There are two main considerations when designing environmental fluctuation experiments 

with a plant-microbiome system: ensuring the total sum of environmental factors received by 

the plants in different treatments at the end of the experiment is equal (see Parepa et al., 

2013a; Scheepens et al., 2018a, b; Qin et al., 2024 for the experimental design; N.B. some of 

the experiments may contain treatment where different mean treatment is applied), and 

ensuring all plants receive the same initial microbiome. In the synthetic community (syncom) 

approach, a microbial culture collection can be used to assemble a microbiome, which can 

then be inoculated onto a plant (Vorholt et al., 2017; Northen et al., 2024). Using syncom 

ensures the initial microbial composition is as similar as possible, and conducting a serial 

microbiome harvest can enable observation of microbiome change over the course of the 

experiment. 

Here, we designed an experiment to test the effect of varying frequency of temperature 

fluctuations on the composition and abundance of leaf-associated microbiomes in Arabidopsis 

thaliana. We supplemented the 16S rRNA metabarcoding with image analysis, allowing plant 

growth to be analyzed alongside changes in microbiome. We expected plant growth and 

bacterial diversity and composition to be negatively affected by heat stress and temperature 

fluctuation. The analysis of the plant and microbiome traits at the end of the experiment 

https://www.zotero.org/google-docs/?7AZ29E
https://www.zotero.org/google-docs/?cX7byg
https://www.zotero.org/google-docs/?cX7byg
https://www.zotero.org/google-docs/?lYDwmF
https://www.zotero.org/google-docs/?KIbTkv
https://www.zotero.org/google-docs/?hkFIbH
https://www.zotero.org/google-docs/?eCF2Jn
https://www.zotero.org/google-docs/?eCF2Jn
https://www.zotero.org/google-docs/?y2TK1e
https://www.zotero.org/google-docs/?4C8mi6
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determined: 1) whether fluctuation was stressful to the plant, 2) the effect of environmental 

fluctuation on bacterial diversity and composition, and 3) any change of microbiome 

composition over time. 

 

Methods 

Plants and bacteria 

We worked with four genotypes of Arabidopsis thaliana - Col-0, Cvi-0, Sha and Oy-0, a subset 

of the Versailles “Core Collection  ” of natural accessions that has been created to maximize 

natural genetic diversity (McKhann et al., 2004), and that should thus provide a good idea of 

the breadth of responses in A. thaliana. We purchased the plant seeds from the Versailles 

Arabidopsis Stock Center. The bacterial community inoculum we used in our experiment 

consisted of 138 bacterial strains (from 30 families in 5 phyla) from the At-LSPHERE culture 

collection of A. thaliana leaf-associated bacteria (Table S1, https://www.at-sphere.com/, Bai 

et al., 2015). We used a subset of 138 strains from the full collection of 223 strains that 

maximized phylogenetic diversity while providing distinct enough 16S rRNA sequences 

(Pfeilmeier et al., 2021). 

Experimental design  

To test for effects of temperature fluctuations on plant microbiomes, we exposed Arabidopsis 

thaliana plants with identical initial leaf bacterial communities (Table S1; see below for details) 

to four experimental treatments (Fig. 1a), and then followed the development of plants and 

bacteria through repeated photographing and image analyses, and repeated 16S amplicon 

sequencing. The four treatments were (1) a control treatment where the inoculated plants were 

grown at 24°C during the day and 21°C during the night, (2) a rapid fluctuations treatment 

where the conditions shifted daily between 33°C/30°C (day/night) and 15°C/12°C (day/night), 

(3) a moderate fluctuations treatment where the same temperature changes occurred at three-

day intervals, and (4) a slow change treatment where a nine-day period at 33°C/30°C was 

followed by a nine-day period at 15°C/12°C (Fig. 1a). A particular quality of our experiment 

was that during the 18 days of temperature treatments, all four treatments accumulated the 

same temperature sums and thus had the same average temperatures. Our experiment thus 

varied only the temporal patterns of temperature conditions, not their mean. Because a day-

night temperature cycle was wrongly set to 33°C/12°C on the first day of the rapid fluctuations 

treatment, we had to use these settings a second time on the last day of the temperature 

treatments, to maintain equal temperature sums in all treatments. Of each of four Arabidopsis 

genotypes, we grew a total of 50 replicate plants in each treatment, for a total of 200 plants in 

each treatment, and overall 800 plants in the experiment. 

 

https://www.zotero.org/google-docs/?BSZJI0
https://www.at-sphere.com/
https://www.zotero.org/google-docs/?Hs19Aq
https://www.zotero.org/google-docs/?Hs19Aq
https://www.zotero.org/google-docs/?4cLTJm
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Plant cultivation and growth monitoring 

Before the start of the experiment, we surface-sterilized all seeds by storing them overnight at 

-80°C followed by vapor-phase sterilizing with chlorine gas (Duque-Jaramillo et al., 2023). We 

sowed the seeds directly into 60 mm pots filled with a 2:1 mix of potting soil (Pikiererde, 

Einheitserde Werkverband e.V., Germany) and sand that had been autoclaved twice before, 

with at least 24 h between the two autoclavings. After three days of stratification at 4°C, the 

pots were placed into four plant growth chambers (Percival E-36L, Percival Scientific, USA), 

initially all with a day/night cycle of 12 h day at 24°C and 12 h night at 21°C. The light intensity 

during the day was set to 80% (440 µmol m-2 s-1). We randomly assigned 50 plants of each 

genotype to each chamber and then distributed the plants evenly across the two shelves in 

each chamber. We kept the plants under these conditions until they had germinated and 

developed their first true leaves. At day 14, we inoculated all plants with the bacterial 

community (see below), and at day 18 we started the temperature treatments by randomly 

selecting one climate chamber for each treatment. To track the plant growth and its response 

to the treatments, we took daily images of all plants, starting at day 13 (pre-inoculation) and 

estimated plant sizes as the numbers of plant-associated pixels counted with a Python 3.9 

script using the libraries Pillow and OpenCV2 (script available on https://github.com/junhee-

jung). 

Bacterial inoculation 

To create the bacterial inoculum, we streaked out each of the 138 bacteria strains individually 

on R2A-agar plates (Himedia, India) with 0.05% MeOH. After four days incubation at room 

temperature, we suspended a 1 μl sterilized loop of biological material over  00 μl of R2A - 

MeOH liquid media for each strain, and then combined equal volumes of individual strain 

suspensions to create the 138-strain community inoculum. We added glycerin at a final 

concentration of 12.5% v/v, aliquoted the suspension into 1 ml tubes, and cooled it at 4°C for 

24 h, then at -20°C for 24 h, and finally stored all tubes at -80°C. At day 14 of our experiment, 

we unfroze the inoculum, washed it twice using 10mM MgCl2 and diluted it to OD600 0.02 using 

MgCl2. We then drop-inoculated all plants with 200 μl of inoculum suspension. 

Microbiome sequencing 

To understand the dynamics of the bacterial communities, and quantify their responses to the 

experimental treatments, we harvested subsets of the plants for 16S amplicon sequencing at 

nine time points: before inoculation on day 13 (to have an idea of the levels of spontaneous 

colonization), three days after inoculation on day 17 (to confirm the inoculation), and then at 

seven additional time points (days 18, 19, 20, 23, 26, 35 and 36 post-stratification, or days 1, 

2, 3, 6, 9, 17, 18 of the treatment, see Fig. 1) during the treatment phase (Fig. 1A). At each 

https://www.zotero.org/google-docs/?G4ds86
https://github.com/junhee-jung
https://github.com/junhee-jung
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time point we harvested four replicates of each genotype per treatment, i.e. a total of 16 plants 

per chamber and 64 plants in total. We carefully cut the aboveground biomass of each plant 

and rinsed it first with sterile ddH2O for 30 s, then with 70% EtOH for 30 s, and again with 

sterile ddH2O for another 30 s. We then snap froze all samples in liquid nitrogen and stored 

them at -80°C until the DNA extraction. For the DNA extraction, we always pooled the four 

available plants of the same genotype per time point and treatment, since at the early 

harvesting time points the individual plant masses were too low for reliable DNA extraction. 

This reduced the total number of samples for amplicon sequencing to 144 pooled samples. 

We extracted all DNA using the FastDNA SPIN Kit for Soil (MP Biomedicals, Irvine, USA). As 

controls, we included DNA from the inoculum and a blank water sample.  

For the library preparation, we used a hamPCR protocol (Lundberg et al., 2021) modified to 

use Nextera adapters. The first reaction contained 2.5 µL 10x Taq buffer (10mM), 1 µL dNTPs 

(10 mM), 0.5 µL 10 µM forward and reverse primers, 0.375 µL of mitochondria and chloroplast 

16s rRNA gene blocking Peptide Nucleic Acid (PNAs; 50 µM; Lundberg et al., 2013), 5 µL of 

sample DNA or water (negative control), 0.2 µL Taq polymerase, and 14.55 µL PCR grade 

water in a total of 25 µL reactant. The primer used were combination of Nextera XT adaptors 

and 16S 515F-799R region primers (primer sequences for 515F: 

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGGAgtgycagcmgccgcggtaa and 799R: 

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGTGcmgggtatctaatcckgtt, Lundberg et 

al., 2021). The settings for the first reaction were: 2 minutes at 94˚C for initial denaturation, 

followed by 29 cycles of 94˚C for 30 seconds for denaturation, 7 ˚C for   seconds for PNAs 

annealing,   ˚C for 30 seconds for primer annealing, 72˚C for 4  seconds for extension, and 

final 2 minute final extension at 72˚C. We cleaned up the resulting PCR product through Solid 

Phase Reversible Immobilization (SPRI) bead clean-up (Rohland and Reich, 2012). The 

second PCR reaction had 40 µL volume consisting of 7 µL 5x Q5 buffer, 0.7 µL 10 µM dNTPs, 

0.75 µL mitochondria and chloroplast PNAs mix, 4.78 µL PCR grade water, 0.35 µL Q5 

polymerase, 0.875 µL P5 adaptor, 8.75 µL P7 adaptor, and 16.8 µL of PCR product from the 

first reaction. The setting for the second reaction were: 2 minutes at 94˚C for initial 

denaturation, with 9 cycles of 94˚C for 20 seconds for denaturation, 30 seconds at   ˚C for 

primer annealing, 2 minutes at 72˚C for extension, and a single 2 minute final extension at 

72˚C. We washed the final PCR products using SPRI bead clean-up, measured the DNA 

concentrations of the washed PCR products using PicoGreen (Invitrogen, Carlsbad, CA, USA), 

and pooled the samples at equimolar total DNA ratio. We further cleaned up the pooled 

samples using Bluepippin (Sage Science, Beverly, MA, USA), and sequenced them on an 

Illumina NextSeq 2000 system at the Max Planck Institute for Biology Tübingen Genome 

https://www.zotero.org/google-docs/?pG8mMM
https://www.zotero.org/google-docs/?83wjy4
https://www.zotero.org/google-docs/?StpnVR
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Center. After the sequencing, we demultiplexed the raw data and removed the barcodes with 

the Illumina bcl2fastq conversion software. 

Data analysis 

After importing the demultiplexed amplicon sequences to QIIME2 2023.05, we performed 

quality control (denoising) using DADA2 within the QIIME2 environment (Callahan et al., 

2016; Bolyen et al., 2019), by trimming, informed by the sequence quality plots, three base 

pairs from forward reads and 60 from reverse reads, and removing chimeric reads. We then 

taxonomically classified the quality-controlled reads, based on the Silva 138 SSURef NR99 

515F/806R region sequences, using the classify-sklearn function in QIIME 2 (Quast et al., 

2013; Yilmaz et al., 2014; Ii et al., 2021), and imported the resulting data into R version 4.3.2 

with the RStudio environment (2024.04.0 Build 735), using the file2meco package (Liu et al., 

2022). We discarded one sample with less than 5,000 reads from the subsequent analyses. 

Based on the numbers of OTUs in each sample and their relative abundances, we 

calculated the Shannon diversity (= alpha diversity) of the bacterial communities in all 

samples and then fitted generalized linear models with Gaussian distribution that tested for 

the effects of either time or temperature sums, the experimental treatment, and their 

interaction, on bacterial diversity. The difference in alpha diversity between the experiment 

treatments were calculated using emmeans package with Bonferroni correction (Lenth, 

2025). To understand how the fluctuation treatments affected the composition (= beta 

diversity) of the bacterial communities, we conducted a PERMANOVA (permutational 

multivariate analysis of variance; Anderson, 2001) based on the Bray-Curtis distance matrix 

of the samples, that tested the effects of treatment, time, and their interaction on community 

dissimilarity, with 10,000 bootstrap permutations. We also visualized the dissimilarity of all 

samples, either grouped by treatment or harvest time point, through principal coordinate 

analysis (PCoA). All diversity analyses graphs were done with the microeco package in R 

(Liu et al., 2021), which wraps, among others, the vegan and ggplot2 packages (Wickham, 

2016; Oksanen et al., 2022). For the statistical analysis of the plant growth data, we used 

generalized least square models with a coAR1 structure in the nlme package (Pinheiro and 

Bates, 2000), with plant size (estimated by numbers of pixels) during days 18-36 (duration of 

temperature treatments) as the dependent variable, and plant genotype, treatment, 

harvesting time point, and their interactions, as fixed effects. Prior to the analysis, we 

square-root transformed the plant size data, because it resulted in a better-behaved 

distribution of residuals. Further comparison between different experimental treatments, 

time, and their interaction were made using emmeans package with Bonferroni corrections. 

Visualization of all of the figures were done using ggplot2 package. The R codes for all 

analysis can be found at https://github.com/junhee-jung.  

https://www.zotero.org/google-docs/?pFY6ew
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https://www.zotero.org/google-docs/?vgMj37
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https://www.zotero.org/google-docs/?zgfwCB
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Figure 1. Experimental design and temporal trends of plant growth and bacterial diversity. (A) 

Illustration of the four experimental treatments, with dark red color for periods at 33°C/30°C 

(day/night) and yellow color for periods at 15°C/12°C. The DNA symbols at the bottom indicate the 

seven time points for microbiome sequencing, and the font colors on the y-axis serve as legend for 

the panels below. (B) Temporal trends in plant size (green pixels). (C) and (D) show changes in 

bacterial Shannon diversity over time or cumulative temperature sums. The trend lines in panels (B) - 

(D) are effect sizes and 95% confidence intervals from the statistical models. 

Results 

We found that plant growth was significantly impacted by the fluctuating temperature 

conditions in our experiment (Table 1), with plants growing less well in all fluctuation 
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treatments (Fig. 1B; P < 0.001 for all three contrasts between control and individual 

fluctuations treatments).  

There was also a significant time by treatment interaction, indicating that temporal trends 

different between the treatments. Indeed, different slopes of the growth trends resulted in 

increasing growth deficits over time in the fluctuation treatments. The amplicon sequencing 

resulted in an average of over 60,000 DNA sequencing reads per pooled sample, of which on 

average 42% remained after filtering, denoising, merging and removal of chimerics, and 

>99.99% of these were assigned to bacteria (see Table S2 for more details). In all treatments, 

the Shannon diversity of bacterial communities increased over time (Fig. 1C; significant time 

effect in Table 2A), but under all fluctuating temperature conditions the bacterial diversity 

remained lower than in the control treatment (P < 0.01 for all three contrasts between the 

control and individual fluctuation treatments), with the greatest final diversity difference 

between the control and the rapid fluctuations treatment (Fig. 1C). When we used the 

accumulated temperature sums instead of time points as explanatory variable (Table 2B), this 

model had greater explanatory power than the one with time points (AIC = 115.68 compared 

to AIC = 122.33), and also here the rapid fluctuations treatment differed from the other two 

fluctuations treatments: While the diversity differences between rapid fluctuations and control 

increased at higher temperature sums, the bacterial diversity of the slow and moderate 

fluctuations treatments rather “caught up” with the control over time. 

The temperature fluctuations not only affected the diversity but also the composition of 

bacterial communities. Although the PCoA showed substantial community overlap between 

experimental treatments (Fig. 3A), there was still significant treatment-related clustering that 

explained 8.3% of the variance in species composition (F3,104 = 4.1, P < 0.001), with the 

greatest dissimilarity between bacterial communities in the rapid vs. slow fluctuations (P < 

0.001 for contrast in PERMANOVA) and slow versus control treatment (P = 0.003 for contrast 

control vs. slow fluctuations, but only P = 0.050 and P = 0.066 for control vs. moderate and 

rapid fluctuations, respectively). As for species diversity, the species composition was also 

strongly influenced by harvesting time point (F1,104 = 26.6, P < 0.001, 17.9% variance 

explained), with a gradual, succession-like change of species composition over time (Fig. 3B). 

The PERMANOVA also detected a significant time by treatment interaction (F3,104 = 1.89, P = 

0.005, 3.8% variance explained. 
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Table 1. Pseudo-ANOVA table of generalized least squares (GLS) model fit testing the effects of time 

point (days since inoculation), plant genotype, temperature treatment, and their interactions, on plant 

size. d.f. = degrees of freedom.  

 d.f. F-ratio P-value 

Time 1 2742 <0.001 

Plant genotype 3 64 <0.001 

Temperature treatment 3 55 <0.001 

Time x Genotype 3 22 <0.001 

Time x Treatment 3 90 <0.001 

Genotype x Treatment 9 2 0.018 

Time x Genotype x Treatment 9 2 0.029 

Residual 3396   

 

Table 2. ANOVA tables of generalized linear models testing the effects of either harvesting time (A) or 

accumulated temperature sums (B), as well as the temperature treatment, and their interactions on the 

estimated Shannon diversity of leaf bacterial communities in A.thaliana. 

A d.f. Deviance F-ratio P-value 

Time  1 5.06 31.6 <0.001 

Treatment 3 4.25 8.84 <0.001 

Time x Treatment 3 0.933 1.94 0.127 

Residual 104 16.4   

 

B d.f. Deviance F-ratio P-value 

Temperature sum 1 5.12 33.9 <0.001 

Treatment 3 4.82 10.7 <0.001 

Temperature sum x Treatment 3 1.25 2.76 0.0458 

Residual 104 15.6   
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Figure 2. Principal coordinate analysis (PCoA) based on Bray-Curtis dissimilarities of bacterial 

communities associated with the four temperature treatments (A) and with different harvesting time 

points (B). 
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Discussion 

Our study tested the effect of temperature fluctuation on plant growth, leaf microbiome 

bacterial diversity, and microbiome composition. We found that periods of heat stress affected 

plant growth, which was significantly lowered by fluctuations. Heat stress also initially caused 

a reduction in bacterial diversity in plants compared to those under constant temperature, but 

did not affect microbiome composition. At the end of the experiment, despite each plant 

receiving an identical temperature sum, plants exposed to fluctuating temperatures had both 

significantly lower bacterial diversity and altered microbiome composition, with the strongest 

effect in plants exposed to the rapid cycle of heat stress and recovery periods. 

Plant growth 

During the experiment, we monitored plant growth non-destructively through pictures, which 

allowed us to measure treatment effects over time. Image analysis of plants provides a great 

proxy for plant fresh weight, and has been previously shown to accurately capture the effect 

of stress on plants (Shalev et al., 2022a; Duque-Jaramillo et al., 2023). Our analysis showed 

there was a significant decrease in growth in plants exposed to temperature fluctuations as 

compared to plants under a stable temperature regime, confirming that our treatment was 

stressful for the plant.  

We observed significant variation in growth across plant genotypes, and we posit that these 

differences may reflect climates and their variability in the plants’ original environments. Sha, 

Oy-0, and Col-0 performed better than Cvi, and Sha originated from environments with high 

temperature variability, thereby possibly giving Sha an advantage in fluctuating environments. 

The recovery temperature was similar to the mean annual temperature of the original habitats 

of Oy-0 and Col-0, therefore also potentially benefitting these genotypes in this experiment 

(Adams et al., 2016). For Cvi the recovery temperature was below the normal temperature in 

their original habitat, which could be why plants did not fully recover from heat stress periods 

(Scheepens et al., 2018b). Similar results have been found in other Arabidopsis fluctuation 

experiments where climate of origin was associated with varied plant response (Scheepens 

et al., 2018a, b; Deng et al., 2021). 

Another possible explanation for genotypic differences in plant growth could be sugar 

production, as the levels of sugar molecules produced by plants after heat stress are genotype 

dependent (Zinta et al., 2018; Seydel et al., 2022). This could also have a downstream impact 

on the microbiome, as the plant leaf microbiome relies on sugar from the plants (Mercier and 

Lindow, 2000), and a change in the sugar source and quantity could alter microbiome 

composition and diversity. 
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Temporal changes in the microbiome 

We observed changes in bacterial composition and an increase in microbial diversity in leaf 

microbiomes across different time points in all temperature treatments. Plant age has a 

significant influence on microbiome composition, possibly due to bacterial turnover over time 

(Hannula et al., 2019), which could be the driver of the compositional change in our experiment. 

As the experiment was not conducted in sterile conditions, it was inevitable that the leaves 

would be spontaneously colonized. In nature, sources of plant microbiomes include soil, seeds, 

water, and contact with other organisms (Vorholt, 2012; Rastogi et al., 2013). The leaf 

microbiome can also partially reflect the air microbiome, and microbial communities are 

formed through a combination of stochastic events with a priority effect (Maignien et al., 2014). 

In our experiment, the leaf microbiome would have been shaped mostly by the initial inoculum 

with the addition of spontaneous inoculation by environmental microorganisms (Maignien et 

al., 2014; Carlström et al., 2019).  

In our study, the age of a leaf was positively correlated with leaf microbiome diversity, 

independent of leaf size (Wagner et al., 2016; Geyer et al., 2024; Lan et al., 2024; Li et al., 

2024). It has been previously shown that the diversity of the core leaf microbiome, a group of 

microbial taxa shared across different environments (Risely, 2020), increases with age, 

potentially highlighting that older leaves can accommodate microbiomes with higher diversity 

(Li et al., 2024). Although bacteria are generally considered r-strategists in comparison to fungi 

(Lan et al., 2024), within a bacterial community slower-growing segments can be seen as K-

strategists. In our experiment, it is possible that as the plants aged the portion of slow-growing 

bacteria increased, which could then have led to the observed increase in diversity and 

composition changes in the microbiome (Shi et al., 2024). As our analysis further showed that 

the plant microbiomes under stress from fluctuations were significantly less diverse compared 

to the control, this implies the microbiome community was not entirely shaped by spontaneous 

colonization and plant age, but also by our experimental temperature fluctuations. 

Bacterial diversity 

From plant samples that had not experienced the recovery phase, we could evaluate the effect 

of heat stress on microbiome alpha diversity. Leaf microbiomes from plants subjected to heat 

stress had lower diversity, similar to results found by Li et al. (2023), in which heat stress 

negatively affected bacterial diversity in a meta-reanalysis of microbiome data. Leaf 

microbiome studies on Galium album, rice, and poplar have also shown this adverse effect 

(Ren et al., 2015; Aydogan et al., 2018; Firrincieli et al., 2020). Despite this, in the first heat 

phase, leaf microbial diversity in the slow and moderate fluctuation treatments increased after 
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the initial decrease. Interestingly, microbiome diversity in these groups also did not decrease 

again when a new heat phase started. This suggests that once the microbiome was 

acclimatized to heat stress it became resilient toward future temperature fluctuations (Li et al., 

2023). In contrast, plants in the rapid fluctuation cycle were not able to significantly increase 

alpha-diversity over time, reflecting the similarly reduced performance that was found in their 

growth results. We speculate that the microbiome used in this experiment required at least 1 

to 3 days of continuous stress to acclimatize to the fluctuation. 

The decrease in diversity after the initial heat stress period suggests an interesting question: 

could a decrease in bacterial diversity have further knock-on effects on plant functionality? 

Increased microbiome diversity is associated with increased plant function in both soil and 

leaf-associated microbiota (Laforest-Lapointe et al., 2017; Delgado-Baquerizo et al., 2020), 

and leaf bacterial diversity is an important factor in plant protection against pathogens (Vogel 

et al., 2021; Emmenegger et al., 2023). Further evidence indicates that a decrease in soil 

bacterial diversity can hamper the proliferation of an invasive species, and therefore the 

productivity of certain plant species must be dependent upon soil microbiome diversity 

(Parepa et al., 2013b). Decreases in soil biodiversity have also been associated with loss of 

function and lower productivity within other plant communities (Hu et al., 2021; Wagg et al., 

2021). With this strong evidence for microbiome diversity affecting plant performance, we 

hypothesize that the decrease in diversity in our experiment could have made the plants more 

susceptible to other stressors. 

Bacterial community composition 

In our experiment, the community composition of plant microbiomes showed significant 

change across different treatment groups, so communities showed compositional change after 

both time and temperature fluctuation. These results are similar to Fu et al. (2025)’s long-term 

experiment on plants facing increased temperatures, which has shown both functional and 

compositional change occurs in leaf microbiomes.  One possible explanation is the “cry for 

help” hypothesis, in which plants under stress manipulate microbiome composition in order to 

recruit more beneficial microorganisms (Wang and Song, 2022). This has been found in some 

tomato genotypes, which selectively recruit beneficial bacteria when facing pathogen stress 

(Kwak et al., 2018). Alternatively, composition changes after heat stress periods could be 

explained by the replacement, loss, or gain of bacterial species to the leaf microbiome, and 

these factors have been found to contribute to compositional change in other plant systems 

exposed to heat stress (Hoefle et al., 2024). Finally, heat stress could exert selection pressure 

benefiting specific strains in a microbiome. As leaf ecosystems are oligotrophic environments, 

microbiomes are reliant upon metabolites produced by the plant. Heat stress alters metabolite 
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composition in plants (Rizhsky et al., 2004; Mishra et al., 2023) which could select for K-

strategist bacterial species that prefer nutrient-poor environments (Shi et al., 2024).  

Conclusions 

To the best of our knowledge, this is the first time the effect of temperature fluctuation has 

been tested on plants with deliberate microbial inoculations. We found that after the 

temperature fluctuation experiment, plants were not able to recover the level of bacterial 

diversity lost after heat stress, nor could they return to their original compositions. This effect 

was especially pronounced in the rapid-temperature fluctuation treatment, where we observed 

very little microbiome recovery in diversity. Our study shows the importance of serial time point 

harvesting as it better captures the change in the microbiome over time, especially regarding 

the decrease in microbiome diversity after initial heat stress. To improve our approach, future 

studies could investigate microbiome-plant systems under temperature fluctuations in which 

the molecular response of the plant or microbiome is captured. Additionally, due to pooling 

samples for DNA extraction, we could not identify the genotype effect on microbiome diversity 

and composition, a limitation which future studies could avoid. By incorporating microbiome-

plant systems in environmental fluctuation studies, we can improve our understanding of 

plants and their microbiomes under increasing global climate change. 
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Supplementary Information 

Table S1. Information of the strains used to inoculate the plants. Phylum, Family, and Genus 

information from Pfeilmeier et al 2024. 

Strain_Leaf_ID Phylum Family Genus 

Leaf2 Proteobacteria Sphingomonadaceae Novosphingobium 

Leaf3 Actinobacteria Sanguibacteraceae Sanguibacter 

Leaf4 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf5 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf10 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf13 Firmicutes Bacillaceae Bacillus 

Leaf15 Proteobacteria Pseudomonadaceae Pseudomonas 

Leaf17 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf21 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf26 Proteobacteria Sphingomonadaceae Sphingobium 

Leaf28 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf30 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf32 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf33 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf34 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf41 Bacteroidetes Sphingobacteriaceae Pedobacter 

Leaf42 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf49 Firmicutes Bacillaceae Bacillus 

Leaf50 Proteobacteria Enterobacteriaceae Serratia 

Leaf51 Proteobacteria Enterobacteriaceae Serratia 

Leaf53 Proteobacteria Enterobacteriaceae Erwinia 

Leaf58 Proteobacteria Pseudomonadaceae Pseudomonas 

Leaf59 Proteobacteria Pseudomonadaceae Pseudomonas 

Leaf61 Proteobacteria Oxalobacteraceae Duganella 

Leaf62 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf64 Proteobacteria Hyphomicrobiaceae Devosia 

Leaf67 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf68 Proteobacteria Rhizobiaceae Rhizobium 

Leaf69 Actinobacteria Micrococcaceae Arthrobacter 



83 
 

Leaf70 Proteobacteria Xanthomonadaceae Stenotrophomonas 

Leaf72 Firmicutes Paenibacillaceae Paenibacillus 

Leaf73 Proteobacteria Comamonadaceae Acidovorax 

Leaf75 Firmicutes Bacilli Bacillus 

Leaf76 Proteobacteria Comamonadaceae Acidovorax 

Leaf78 Proteobacteria Comamonadaceae Acidovorax 

Leaf82 Bacteroidetes Flavobacteriaceae Flavobacterium 

Leaf83 Proteobacteria Pseudomonadaceae Pseudomonas 

Leaf85 Proteobacteria Methylobacteriaceae Methylobacterium 

Leaf86 Proteobacteria Methylobacteriaceae Methylobacterium 

Leaf87 Proteobacteria Methylobacteriaceae Methylobacterium 

Leaf88 Proteobacteria Methylobacteriaceae Methylobacterium 

Leaf90 Proteobacteria Methylobacteriaceae Methylobacterium 

Leaf91 Proteobacteria Methylobacteriaceae Methylobacterium 

Leaf99 Proteobacteria Methylobacteriaceae Methylobacterium 

Leaf106 Proteobacteria Methylobacteriaceae Methylobacterium 

Leaf118 Proteobacteria Methylobacteriaceae Methylobacterium 

Leaf122 Proteobacteria Methylobacteriaceae Methylobacterium 

Leaf126 Proteobacteria Oxalobacteraceae Duganella 

Leaf127 Proteobacteria Pseudomonadaceae Pseudomonas 

Leaf129 Proteobacteria Pseudomonadaceae Pseudomonas 

Leaf130 Proteobacteria Moraxellaceae Acinetobacter 

Leaf131 Proteobacteria Xanthomonadaceae Xanthomonas 

Leaf132 Bacteroidetes Sphingobacteriaceae Pedobacter 

Leaf137 Actinobacteria Micrococcaceae Arthrobacter 

Leaf139 Proteobacteria Oxalobacteraceae Massilia 

Leaf141 Actinobacteria Micrococcaceae Arthrobacter 

Leaf145 Actinobacteria Micrococcaceae Arthrobacter 

Leaf151 Actinobacteria Microbacteriaceae Microbacterium 

Leaf160 Proteobacteria Comamonadaceae Acidovorax 

Leaf161 Actinobacteria Microbacteriaceae Microbacterium 

Leaf164 Actinobacteria Microbacteriaceae Rathayibacter 
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Leaf168 Proteobacteria Caulobacteraceae Brevundimonas 

Leaf176 Bacteroidetes Sphingobacteriaceae Pedobacter 

Leaf177 Proteobacteria Burkholderiaceae Burkholderia 

Leaf180 Bacteroidetes Flavobacteriaceae Chryseobacterium 

Leaf182 Firmicutes Paenibacillaceae Brevibacillus 

Leaf183 Actinobacteria Microbacteriaceae Curtobacterium 

Leaf185 Actinobacteria Microbacteriaceae Rathayibacter 

Leaf187 Firmicutes Bacillales Exiguobacterium 

Leaf189 Bacteroidetes Cytophagaceae Dyadobacter 

Leaf201 Bacteroidetes Flavobacteriaceae Chryseobacterium 

Leaf203 Actinobacteria Microbacteriaceae Microbacterium 

Leaf208 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf216 Bacteroidetes Sphingobacteriaceae Pedobacter 

Leaf220 Proteobacteria Comamonadaceae Variovorax 

Leaf222 Actinobacteria Microbacteriaceae Agromyces 

Leaf225 Actinobacteria Nocardiaceae Rhodococcus 

Leaf226 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf231 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf233 Actinobacteria Nocardiaceae Rhodococcus 

Leaf234 Actinobacteria Micrococcaceae Arthrobacter 

Leaf242 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf250 Bacteroidetes Sphingobacteriaceae Pedobacter 

Leaf254 Actinobacteria Microbacteriaceae Frigoribacterium 

Leaf257 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf261 Actinobacteria Microbacteriaceae Curtobacterium 

Leaf262 Proteobacteria Rhizobiaceae Rhizobium 

Leaf263 Actinobacteria Microbacteriaceae Clavibacter 

Leaf264 Actinobacteria Microbacteriaceae Leifsonia 

Leaf265 Proteobacteria Comamonadaceae Pseudorhodoferax 

Leaf267 Proteobacteria Comamonadaceae Variovorax 

Leaf272 Actinobacteria Nocardioidaceae Aeromicrobium 

Leaf274 Proteobacteria Comamonadaceae Pseudorhodoferax 
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Leaf280 Proteobacteria Caulobacteraceae Brevundimonas 

Leaf285 Actinobacteria Nocardioidaceae Nocardioides 

Leaf288 Actinobacteria Microbacteriaceae Microbacterium 

Leaf289 Actinobacteria Nocardioidaceae Aeromicrobium 

Leaf299 Actinobacteria Microbacteriaceae Rathayibacter 

Leaf304 Actinobacteria Microbacteriaceae Frondihabitans 

Leaf306 Proteobacteria Rhizobiaceae Rhizobium 

Leaf311 Proteobacteria Rhizobiaceae Rhizobium 

Leaf313 Bacteroidetes Flavobacteriaceae Chryseobacterium 

Leaf314 Actinobacteria Microbacteriaceae Plantibacter 

Leaf324 Proteobacteria Aurantimonadaceae Aureimonas 

Leaf326 Deinococcus-Thermus Deinococcaceae Deinococcus 

Leaf334 Actinobacteria Cellulomonadaceae Cellulomonas 

Leaf335 Actinobacteria Microbacteriaceae Agreia 

Leaf336 Actinobacteria Microbacteriaceae Leifsonia 

Leaf337 Actinobacteria Micrococcaceae Arthrobacter 

Leaf339 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf343 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf344 Proteobacteria Bradyrhizobiaceae Bosea 

Leaf350 Actinobacteria Nocardioidaceae Aeromicrobium 

Leaf351 Actinobacteria Microbacteriaceae Microbacterium 

Leaf354 Actinobacteria Nocardiaceae Williamsia 

Leaf357 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf359 Bacteroidetes Flavobacteriaceae Flavobacterium 

Leaf361 Proteobacteria Methylobacteriaceae Methylobacterium 

Leaf363 Proteobacteria Caulobacteraceae Brevundimonas 

Leaf369 Actinobacteria Geodermatophilaceae Geodermatophilus 

Leaf371 Proteobacteria Rhizobiaceae Rhizobium 

Leaf380 Actinobacteria Geodermatophilaceae Blastococcus 

Leaf391 Proteobacteria Rhizobiaceae Rhizobium 

Leaf394 Bacteroidetes Flavobacteriaceae Chryseobacterium 

Leaf396 Proteobacteria Bradyrhizobiaceae Bradyrhizobium 
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Leaf400 Proteobacteria Comamonadaceae Acidovorax 

Leaf405 Bacteroidetes Flavobacteriaceae Chryseobacterium 

Leaf406 Firmicutes Bacillaceae Bacillus 

Leaf412 Proteobacteria Sphingomonadaceae Sphingomonas 

Leaf416 Proteobacteria Methylophilaceae Methylophilus 

Leaf420 Proteobacteria Hyphomicrobiaceae Devosia 

Leaf427 Proteobacteria Aurantimonadaceae Aurantimonas 

Leaf434 Proteobacteria Pseudomonadaceae Pseudomonas 

Leaf443 Proteobacteria Aurantimonadaceae Aurantimonas 

Leaf446 Actinobacteria Nocardioidaceae Marmoricola 

Leaf454 Proteobacteria Aurantimonadaceae Aurantimonas 

Leaf456 Proteobacteria Methylobacteriaceae Methylobacterium 

Leaf466 Proteobacteria Methylobacteriaceae Methylobacterium 

 

Table S2. Summary statistics for the 16S amplicon sequencing. A) Average numbers of reads 

remaining a different steps of data-trimming for pooled plant samples or blanks. B) Frequencies of 

taxonomic assignments among the final set of reads. 

 

A 
Raw 
input Filtered Denoised Merged Non-chimeric  

Samples 61484 48965 47784 41851 25699   

Blanks 1526 1097 918 594 457   

        

B Bacteria Plantae Unassigned Mitochondria Archaea Eukaryota Chloroplast 

Samples 25263 <1 <1 <1 <1 <1 <1 

Blanks 454 0 0 <4 0 0 0 
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eLife Assessment
This important study presents a significant methodological advance by leveraging previously 
discarded, unmapped DNA sequence reads to estimate pest infestation loads across plant acces-
sions, and map variation in these apparent pest loads to defense genes. The bioinformatics 
approach is compelling, and the results should bear broad implications for phenotype-genotype 
prediction, especially regarding the use of unmapped reads for GWAS.

Abstract Understanding the genomic basis of natural variation in plant pest resistance is an 
important goal in plant science, but it usually requires large and labor-intensive phenotyping exper-
iments. Here, we explored the possibility that non-target reads from plant DNA sequencing can 
serve as phenotyping proxies for addressing such questions. We used data from a whole-genome 
and -epigenome sequencing study of 207 natural lines of field pennycress (Thlaspi arvense) that 
were grown in a common environment and spontaneously colonized by aphids, mildew, and other 
microbes. We found that the numbers of non-target reads assigned to the pest species differed 
between populations, had significant SNP-based heritability, and were associated with climate of 
origin and baseline glucosinolate contents. Specifically, pennycress lines from cold and thermally 
fluctuating habitats, presumably less favorable to aphids, showed higher aphid DNA load, i.e., 
decreased aphid resistance. Genome-wide association analyses identified genetic variants at known 
defense genes but also novel genomic regions associated with variation in aphid and mildew DNA 
load. Moreover, we found several differentially methylated regions associated with pathogen loads, 
in particular differential methylation at transposons and hypomethylation in the promoter of a gene 
involved in stomatal closure, likely induced by pathogens. Our study provides first insights into 
the defense mechanisms of Thlaspi arvense, a rising crop and model species, and demonstrates 
that non-target whole-genome sequencing reads, usually discarded, can be leveraged to estimate 
intensities of plant biotic interactions. With rapidly increasing numbers of large sequencing datasets 
worldwide, this approach should have broad application in fundamental and applied research.

Introduction
Plant pests, such as pathogens and herbivores, can cause major yield losses in crops and often require 
the massive use of pesticides to control their damage. Natural plant populations, on the other hand, 
are constantly exposed to such biotic stressors and their higher genetic diversity often allows these 
populations to become locally adapted. Since many pest species are sensitive to climatic conditions, 
their pressure on plant communities is spatially heterogeneous, maintaining geographically structured 
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genetic variation in plant defenses (Züst et al., 2012; Kerwin et al., 2015). For these reasons, natural 
plant populations are highly suitable to study defense mechanisms and evolution of defenses, and 
also a very useful source of beneficial and resistance alleles for specific pathogens and environmental 
conditions. This genetic variation in defense-related genes can for example be screened through 
genome-wide association (GWA) (Chan et al., 2010; Corwin et al., 2016; Thoen et al., 2017; Hanson 
et al., 2018) or approaches based on known candidate genes (Kerwin et al., 2015).

Many pest species are also highly sensitive to temporal variation in weather conditions. This 
temporal heterogeneity in pathogen pressure can induce plastic responses in plants, involving gene 
expression and epigenetic changes (Jaouannet et al., 2015; Geng et al., 2019; Annacondia et al., 
2021), which may also be studied through stress experiments (Jaouannet et al., 2015; Geng et al., 
2019; Annacondia et al., 2021). Some plastic epigenetic responses can have a transient stability and 
be transmitted to the next generations through inheritance of epigenetic marks (Kinoshita and Seki, 
2014; Espinas et al., 2016; Lämke and Bäurle, 2017; He and Li, 2018). In particular, DNA methyl-
ation has been shown to respond to biotic and abiotic stresses through gene expression regulation 
and transposable elements (TEs) reactivation, and can be inherited across generations (Annacondia 
et al., 2021; Lämke and Bäurle, 2017; Roquis et al., 2021). In plants, DNA methylation can occur 
in the three sequence contexts CG, CHG, and CHH (H being A, T, or C), which differ in their molec-
ular machineries depositing, maintaining, and removing methylation and consequently also in their 

eLife digest The genetic code of organisms is made of DNA, a molecule consisting of long 
sequences of four different base pairs. To gain insights into the organisms’ genetic information, it is 
necessary to establish which base pairs are in its DNA and in what order. This is known as ‘sequencing’, 
and it allows scientists to ‘read out’ the genetic information of an organism.

Technically, sequencing often involves shearing the organisms’ DNA into smaller pieces, so that 
the enzymes that do the sequencing can fully ‘read’ each molecule of DNA. However, when DNA is 
isolated from an organism, for example a plant, not only the DNA from the plant will be obtained. A 
small portion of DNA from other organisms, including viruses, bacteria, fungi and even insects that 
visited the plant will also be isolated and sequenced. These ‘non-target’ DNA fragments are usually 
discarded because they do not match the reference genome of the sequenced plant.

However, the genetic information of these other organisms can provide additional insights into 
the plant. This is particularly true when scientists sequence a large collection of individual plants from 
the same species. In this case, the DNA of other organisms isolated along with each plant’s own DNA 
can tell researchers about differences between the plants, such as whether they are able to resist a 
particular disease or establish symbiosis with a specific fungus.

Galanti et al. wanted to find out more about the genetic background and characteristics of a Euro-
pean plant called the field pennycress, Thlaspi arvense. To do this, they used the fact that plants from 
different regions would acquire different pests depending on their genetic background, and the fact 
that the DNA from different creatures living with the plant would be gathered when the plant DNA 
was collected.

First, Galanti et al. collected pennycress seeds from across Europe and grew them in the same 
environment, and then they let these plants be colonized by pests. Next, the researchers tested 
whether the DNA of pests living on the plants reflected differences in resistance to these pests, and 
whether that could explain why some plants were more or less resistant based on their geographic 
origin and genetic background.

Galanti et al. found that, in general, plants collected in warmer and thermally stable climates, 
where pests usually thrive, had fewer pests in the controlled environment, suggesting that these 
plants had developed resistance to the pests. With this information, the researchers were also able 
to unravel the genetic bases of resistance, finding genetic variants in the plants with pests that were 
close to defense genes.

These results highlight the potential of acquiring important insights from non-target DNA frag-
ments, especially to study plant-pathogen interactions. This could be useful in plant breeding 
programmes.

https://doi.org/10.7554/eLife.95510
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transgenerational stability (Law and Jacobsen, 2010; Zhang et al., 2018). While CG methylation is 
usually more stable across generations, CHH methylation is less stable and more responsive to stress 
and the sensitivity of CHG methylation lies somewhere in between (Law and Jacobsen, 2010; Zhang 
et al., 2018; Liu and He, 2020).

Whether inherited or induced, some strategies of plants for defense against pathogens and 
herbivores include: (i) physical barriers such as reinforced cell walls, leaf protective layers, or closing 
stomata, (ii) production of specialized (secondary) metabolites that reduce palatability or are toxic to 
pests, (iii) oxidative bursts, (iv) the activation of signaling cascades to induce systemic responses, and 
(v) RNA interference mechanisms to silence pathogen genes (Wojtaszek, 1997; War et al., 2012; 
Kant et al., 2015; Melotto et al., 2017; Muhammad et al., 2019). In Brassicaceae, a particularly 
important and diverse class of defense metabolites are glucosinolates, which often show local adap-
tation driven by variation in pests and can also be induced by herbivore and pathogen attacks (Züst 
et al., 2012; Kerwin et al., 2015; Kutyniok and Müller, 2012).

Studying natural variation in plant resistance, along with associated genetic and epigenetic varia-
tion, can identify genes involved in defense and their regulators, including vital genes whose function 
cannot be determined through knockout experiments. Such knowledge, and especially the discovery 
of natural resistance alleles, are crucial sources for the breeding of more pest-resistant crop vari-
eties. Nevertheless, because of the diversity of resistance mechanisms and their often multigenic 
nature, plant defense mechanisms remain difficult to study. In particular, antixenosis (the prevention 
of pathogen settlement) and antibiosis (the repression of pathogen growth and reproduction) require 
extensive and time-consuming phenotyping, based for example on choice (Nalam et al., 2018) or 
settling (Annacondia et al., 2021) assays, and such assays are extremely challenging to perform on 
large collections. On the other hand, there are increasing numbers of large sequencing datasets, 
which may also be used to quantify contaminants or microbiome composition (Sangiovanni et al., 
2019; Roman-Reyna et al., 2020; Gathercole et al., 2021) and thus as proxies for resistance pheno-
typing. In this study we investigated such usage of exogenous reads, i.e., reads not mapping to the 
target reference genome, as a source of information for quantifying herbivore and pathogen abun-
dance in large collections.

We worked with field pennycress (Thlaspi arvense), an annual plant in the Brassicaceae family that 
is increasingly studied as a model species (Geng et al., 2021; Nunn et al., 2022; Hu et al., 2022; 
Troyee et al., 2022; Galanti et al., 2022) and new biofuel and winter cover crop (Dorn et al., 2015; 
Frels et  al., 2019; Chopra et  al., 2019; Zhao et  al., 2021). In a previous study, we investigated 
natural epigenetic variation in a collection of 207 Thlaspi lines from across Europe (Galanti et al., 
2022). Prior to their whole-genome (WGS) and -epigenome sequencing these lines had been grown 
in a common environment, an open glasshouse where the plants were spontaneously colonized by 
aphids and powdery mildew, as well as by other microbes. At the time of sequencing, pathogen 
contamination was still very limited but appeared highly variable, and preliminary analyses showed 
that it resulted in sizeable amounts of non-target reads assigned to the pest species, i.e., contamina-
tion of the DNA samples. Inspired by other recent studies on non-target reads (Sangiovanni et al., 
2019; Roman-Reyna et al., 2020; Gathercole et al., 2021), we asked if there was systematic vari-
ation in the numbers of aphid and pathogen reads among different T. arvense lines, and whether 
these data, together with our whole-genome plant sequencing data, could provide insights into the 
genomic basis of plant resistance variation.

The goals of our study were thus twofold: (i) to contribute to a mechanistic understanding of 
pest resistance in T. arvense, and (ii) to explore whether non-target reads from plant sequencing can 
be used as proxies for studying plant biotic interactions. Considering that we are moving toward 
an increasingly sequencing-prone world, with more and larger datasets being generated for many 
species (Kajiya-Kanegae et al., 2021; Colgan et al., 2022; Habyarimana et al., 2022; Mekbib et al., 
2022; Metheringham et al., 2022; Nocchi et al., 2022; Friis et al., 2024), the use of non-target reads 
has very broad potential.

https://doi.org/10.7554/eLife.95510
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Results
Reads classification and species identification
Starting from our previously published sequencing data (Galanti et al., 2022), the first step of our 
analysis was to separate the WGS reads of each sample into the ~99.5% mapping to the T. arvense 
reference genome (Nunn et al., 2022) and the ~0.5% that did not, hereafter called ‘exogenous reads’ 
(Figure 1A). Initially, we used all mapped reads for calling variants in Thlaspi, but after some difficul-
ties with genome-wide association (GWA) analyses (see below) we suspected that some plant reads 
were false and mapped to the T. arvense genome only because of the high cross-taxa similarity of 
some genomic regions. We therefore remapped all reads to the genomes of the aphid Acyrthosiphon 
pisum, its endosymbiont Buchnera aphidicola and the powdery mildew Blumeria graminis, and found 
that, on average, 7.4% of the reads mapped to both T. arvense and at least one of the pests. We 
removed these ambiguous reads from our analyses and used only the T. arvense target reads, 92.1% 
on average, for variant calling (Figure 1A, Supplementary file 1).

We next attempted a taxonomic classification of the exogenous reads, in multiple steps. First, we 
used MG-RAST (Meyer et al., 2008; Keegan et al., 2016) to assign reads to taxonomic groups based 
on public sequencing databases. Out of the 78% of the exogenous reads that passed the MG-RAST 
quality control (Supplementary file 1) the majority belonged to bacteria and smaller fractions to fungi, 
plants, and animals (Figure 1B and Supplementary file 2). For subsequent group-level analyses, we 
then focused on nine taxonomic groups that occurred consistently within our samples (Figure 1C), 
and that were particularly abundant or relevant: Erysiphales (fungi), Peronosporales (oomycetes), 
Aphididae, and Culicidae (both insects), and five bacterial families.

Visual inspection (Figure 1D) and other sources of information narrowed down the observed aphid 
and mildew species to a few candidates. For aphids we considered A. pisum (indicated by MG-RAST), 
Myzus persicae (visual match, and a generalist attacking Brassicaceae; CABI, 2021) and Brevicoryne 
brassicae (attacks Brassicaceae including Thlaspi; Gabryś and Pawluk, 1999). For powdery mildew 
we considered B. graminis (indicated by MG-RAST), and Erysiphe cruciferarum (attacks Brassica-
ceae; Warwick et al., 2002). To decide among these species, we then used a competitive mapping 
approach (Feuerborn et al., 2020), where the exogenous reads were aligned to a pseudo-reference 
composed of the same DNA sequences from the different candidate species (see Materials and 
methods for details, Supplementary file 3 and 4). The majority (77%) of the aphid reads mapped 
to M. persicae, 18% to B. brassicae, and 5% to A. pisum, while 98% of the mildew reads mapped to 

Table 1. Population differences and SNP-based heritability for different types of exogenous read 
counts.
Population differences were tested with a linear model, SNP-based heritabilities (and their 
confidence intervals) estimated with the R package heritability (Kruijer and White, 2019).

Taxonomic group Data type
Population differences (R2 
and p-value) SNP-based heritability

Myzus persicae Mapping to reference 
genome

0.245 (p=0.029) 0.190 (0.055–0.488)

Buchnera aphidicola Mapping to reference 
genome

0.256 (p=0.016) 0.169 (0.042–0.490)

Buchnera MG-RAST - genus 0.223 (p=0.090) 0.115 (0.016–0.505)

Aphididae MG-RAST - family 0.226 (p=0.082) 0.189 (0.052–0.496)

Culicidae MG-RAST - family 0.166 (p=0.519) 0.183 (0.055–0.465)

Erysiphales MG-RAST - order 0.326 (p<0.001) 0.468 (0.238–0.712)

Peronosporales MG-RAST - family 0.253 (p=0.020) 0.266 (0.096–0.553)

Staphylococcaceae MG-RAST - family 0.390 (p<0.001) 0.301 (0.124–0.567)

Burkholderiaceae MG-RAST - family 0.275 (p=0.005) 0.256 (0.092–0.538)

Mycobacteriaceae MG-RAST - family 0.362 (p<0.001) 0.294 (0.120–0.560)

Pseudomonadaceae MG-RAST - family 0.273 (p=0.006) 0.192 (0.052–0.505)

https://doi.org/10.7554/eLife.95510
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Figure 1. Classification of sequencing reads in T. arvense whole-genome sequencing (WGS) data. (A) Workflow of the analyses, including reads 
classification (orange nodes) into target, ambiguous, and exogenous reads, and downstream analysis (dark blue nodes) (see Materials and methods). 
(B) Fractions of exogenous reads assigned to different taxonomic groups by MG-RAST (Meyer et al., 2008; Keegan et al., 2016). (C) Read counts 
assigned to nine selected groups in our 207 T. arvense samples from different European regions. (D) Aphids and mildew occurring on T. arvense leaves 
during our experiment.

The online version of this article includes the following figure supplement(s) for figure 1:

Figure supplement 1. Pest loads in samples with or without pests in the field.

https://doi.org/10.7554/eLife.95510
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E. cruciferarum, with only 2% to the other mildew species (Supplementary file 5). Based on these 
results, we concluded that the plants in our experiment had been attacked by M. persicae and E. 
cruciferarum.

Finally, to compare the power of a large database approach (MG-RAST) vs. using specific refer-
ence genomes, we also remapped all exogenous reads to the M. persicae and B. aphidicola genome 
assemblies (Singh et al., 2021) (https://www.ncbi.nlm.nih.gov/datasets/genome/GCF_001939165.1) 
and used the counts from these two mappings as additional phenotypes, besides the nine taxonomic 
groups selected through MG-RAST (Table 1, Supplementary file 6).

Exogenous read counts are a heritable Thlaspi phenotype
As we had observed that aphid and mildew infections in the glasshouse were not random, but prev-
alent on plants from some origins than others, i.e., possibly reflecting heritable variation in plant 
resistance, we next tested for population differences and SNP-based heritability in pest and micro-
biome read counts. Prior to these analyses, to avoid biases caused by different sequencing depths, 
we corrected the read counts for the total numbers of deduplicated reads in each library and used 
the residuals as unbiased estimates of aphid, mildew, and microbe loads (see Materials and methods).

For most of the nine taxonomic groups, there were significant population effects, with 20–40% 
of the variance in read counts explained, as well as significant SNP-based heritability, typically in the 
range of 0.18–0.30 (Table 1). The highest heritability of 0.47 was for read counts of Erysiphales, indi-
cating particularly strong variation for resistance to mildew. Both SNP-based heritability and popula-
tion differences tended to be stronger for aphid and Buchnera data based on read mapping to the 
reference genomes than for those based on MG-RAST, demonstrating that the former method is more 
informative and thus preferable if high-quality genome assemblies are available.

An alternative explanation for different aphid and mildew loads in the greenhouse could be that 
variation in enemy densities in the field was transmitted to the greenhouse, through maternal carry-
over effects, or even as seed contamination. However, we had recorded aphid and mildew occurrence 
during seed sampling in the field and found no significant differences in the glasshouse between 
the offspring of plants that had been attacked in the field vs. those that had not (Figure 1—figure 
supplement 1).

Aphid and mildew loads correlate with climate of origin and 
glucosinolates content of plants
Having established that our method most likely captured variation in plant resistance, we were inter-
ested in the ecological drivers of this variation. As climate is known to be a major influence on many 
biotic interactions as well as plant defenses (Züst et  al., 2012; Gao et  al., 2019), we correlated 
the observed read counts with the climates of origin of the plants. We found negative correlations 
between aphid read counts and several temperature variables, in particular annual minimum tempera-
ture (Figure 2A). Aphid read counts were also positively correlated with temperature variability, i.e., 
the diurnal and annual ranges of temperature (Figure 2A). In other words, plants from warmer and 
more stable climates had consistently lower levels of aphid infestation in our glasshouse, possibly 
because these plants had evolved greater resistance under such benign climatic conditions where 
aphids thrive. We found similar, although weaker patterns, for the number of Erysiphales reads. The 
other analyzed taxonomic groups showed different and often weaker patterns of correlation with 
climate, except that the read counts of several bacterial groups were positively correlated with annual 
maximum temperature and in particular diurnal temperature range.

Since glucosinolates are major defense metabolites of Brassicaceae, and their variation could thus 
be an explanation for variance in plant resistance, we also tested for correlations between the baseline 
amounts of these metabolites and the frequencies of aphid and mildew reads. Glucosinolate levels 
were measured on the same T. arvense lines in a separate experiment not affected by pests (Supple-
mentary file 7). We found positive correlations of aphid read counts with allyl glucosinolate (sinigrin), 
an aliphatic glucosinolate which is by far the most abundant in the leaves of T. arvense, and a stronger 
negative correlation with benzyl glucosinolates (glucotropaeolin) (Figure 2B). Although the baseline 
levels of benzyl glucosinolates were very low and probably sometimes below the detection level, plant 
lines where benzyl glucosinolate was detected had significantly lower aphid loads in the glasshouse 

https://doi.org/10.7554/eLife.95510
https://www.ncbi.nlm.nih.gov/datasets/genome/GCF_001939165.1
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(Figure 2C). We also detected three indole glucosinolates, but these did not show any significant 
correlations with aphid loads.

GWA identifies peaks near defense genes
To further investigate the genetic basis of variation in aphid, mildew, and microbe loads, we next 
employed GWA and tested for associations between exogenous read counts and biallelic genetic 
variants (SNPs and short INDELs). We corrected for population structure using an isolation by state 
(IBS) matrix and only tested variants with minor allele frequency (MAF)>0.04 (see Materials and 
methods). Initially, we called genetic variants using all reads that mapped to the T. arvense genome 
and found massive peaks in some highly conserved regions of the genome, which had very high 
mapping coverage. We suspected that this might be because some non-Thlaspi reads were very 
similar to these highly conserved regions and, by mapping there, generated false variants only in 
samples containing many non-Thlaspi reads. We therefore identified and removed ambiguous reads 
prior to variant calling, which eliminated the observed massive GWA peaks, indicating that they had 
indeed reflected false associations (Figure 3—figure supplement 1).
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Figure 2. Relationships between climates of origin or glucosinolate levels of plants and the exogenous reads loads. (A) Correlations with bioclimatic 
variables. (B) Correlations with baseline glucosinolate (GS) levels measured in the same pennycress lines in another experiment. All correlations 
in (A) and (B) were done after correction for population structure. Aphid-related read counts are in green, mildew-related in gray, others in black. 
(C) Boxplot of the aphid reads residuals in samples where benzyl GS was detected vs. not. The p-value is based on the Welch’s t-test for unequal 
variances. I3M: indol-3-yl methylGS; 4MOI3M: 4-methoxyindol-3-yl methylGS; 4OHI3M: 1-methoxyindol-3-yl methylGS.
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After excluding the ambiguous reads, we still found significant GWA peaks for Erysiphales but not 
for other types of exogenous reads (excluding isolated, unreliable variants) (Figure 3A, Figure 3—
figure supplements 2 and 3). Nevertheless, when clear peaks were visible, regardless of their signif-
icance, they were usually located close to genes involved in plant defense response. An enrichment 
analysis (Atwell et al., 2010) confirmed that stronger variants were indeed enriched close to these 
defense genes (Supplementary file 8) for some exogenous read counts (Figure 3B, Figure 3—figure 
supplements 2 and 3). For M. persicae load there was a peak in the proximity of Tarvense_01930, 
encoding a predicted pathogenesis-related peptide. The top variant in this peak had a slight but clear 
allelic effect on M. persicae load (Figure 3C). For Erysiphales load we detected a more persistent 
enrichment, with a highly significant peak in Scaffold 1, located in a region with several defense genes, 
including MAJOR LATEX PROTEINS (MLP) and two genes similar to Arabidopsis thaliana SALICYLATE 
METHYLTRANSFERASE 1 (BSMT1) (Figure 3D and E). This region is wide due to ancient TE coloni-
zation, but the top variants are clearly neighboring candidate genes involved in defense (Figure 3E). 
Other significant peaks for Erysiphales load were close to other genes that possibly contribute to 
resistance such as PBL7, involved in signaling and stomatal closure or SRF3, reinforcing cell walls by 
callose deposition.

Aphid and mildew loads correlate with differential methylation at 
genes and transposons
Variation in phenotypes, such as our indirect estimates of pest resistance, may not only be associated 
with DNA sequence but also with epigenetic changes like DNA methylation. This phenotype-associated 
epigenetic variation can include both heritable and plastic components. The whole-genome bisulfite 
sequencing (WGBS) data from our previous study (Galanti et al., 2022) allowed us to also explore 
these questions and to test for associations between DNA methylation variation and pest attack. For 
simplicity, we limited this analysis to M. persicae and Erysiphales loads.

Our analysis had two steps: First we called differentially methylated regions (DMRs) between the 
20 samples with the most and 20 samples with the least M. persicae or Erysiphales loads, and then 
we conducted epigenome-wide association (EWA) analyses on individual positions located within 
these DMRs, using the complete dataset (188 lines - see Materials and methods). This approach 
allowed us to target genomic regions of interest, while strongly reducing the multiple-testing 
problem of millions of cytosines in the whole genome and correcting for population structure. 
Using a relaxed false discovery rate (FDR) of 20%, we identified 162 DMRs for M. persicae load and 
548 DMRs for Erysiphales load (Figure 4—figure supplement 1, Supplementary file 9 and 10). 
The majority of these were in the CG context, especially for M. persicae-related DMRs (Figure 4A, 
Figure 4—figure supplement 1). As observed previously (Galanti et al., 2022), DMRs in CHH were 
generally shorter than in the other sequence contexts (Figure 4—figure supplement 1). Since the 
genome of T. arvense is rich in TEs and intergenic regions, the majority of DMRs were located in 
those features (Figure 4—figure supplement 1). However, the DMR density was higher in proximity 
of genes and particularly in coding sequences (Figure 4A), and even DMRs assigned as intergenic 
(Figure 4A) were often located close to genes or promoters. In accordance with previous studies 
(Geng et al., 2019; Annacondia et al., 2021), most DMRs were hypomethylated in the infested 
samples (higher pathogen load), indicating that genes needed for defense might be activated 
through demethylation.

For a more detailed investigation, we turned to EWA, leveraging the power of the entire Thlaspi 
collection. We tested for associations between M. persicae or Erysiphales loads and the methylation 
at individual cytosines located within the DMRs. As in GWA, we corrected for population structure 
using an IBS matrix. For both types of pest loads, we found associations in the proximity of genes 
and especially within TEs, but no genomic feature was particularly enriched for low p-value associa-
tions (Figure 4—figure supplement 2). M. persicae load was associated with methylation at several 
genomic locations, especially TEs (Figure 4B), but these associations had strongly inflated p-values 
(Figure  4—figure supplement 2). For Erysiphales load the p-value distribution was more well-
behaved, and we found a clear association with hypomethylation of Copia family 202 TEs upstream of 
MAPKK KINASE 20 (MAPKKK20), a gene involved in abscisic acid (ABA) stress response and stomatal 
closure (Figure 4B, C, and D). A coverage analysis confirmed that none of the T. arvense lines carries 
insertions or deletions of the TEs upstream of MAPKKK20.

https://doi.org/10.7554/eLife.95510
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Gene name Gene ID Ortholog Puta�ve func�on Top SNP loca�on

MLP 31 Ta_10442/45/55 AT1G70840 MAJOR LATEX PROTEIN 31 – Defense response 8 / 2kb downstream

MLP 28 Ta_10443/54 AT1G70830 MAJOR LATEX PROTEIN 28 – Defense response 6 / 1kb downstream

MLP 43 Ta_10444 AT1G70890 MAJOR LATEX PROTEIN 43 – Defense response 4kb downstream

MLP 165 Ta_10446 AT1G35260 MAJOR LATEX PROTEIN 165 – Defense response, GS biosynthesis < 1kb downstream

BSMT1 Ta_10447/48 AT3G11480 Salicylate/benzoate methyltransferase – Defense response 0kb

CAR8 Ta_10449/53 AT1G23140 Abscisic acid-ac�vated signaling pathway 0 / 2 kb upstream

TNR2 Ta_13332 AT5G46700 Root and epidermis development 1kb downstream

PBL7 Ta_12648 AT5G02800 Brassinosteroid signalling pathway, stomatal closure. 1 kb upstream

Ta01930 Ta_01930 AT3G50020 Predicted PR (pathogenesis-related) pep�de – Defense response 12 kb downstream

SBT1.7 Ta_01928/29 AT5G67360 Serine protease essen�al for mucilage release from seed coats < 1kb upstream

GH3.1 Ta_05347 AT2G14960 Similar to IAA-amido synthases – Auxine response < 1kb downstream

SRF3 Ta_05348 AT4G03390 SR FAMILY 3 – Cell wall callose deposi�on and stress response 3kb upstream
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Figure 3. Genome-wide association analyses for aphid and mildew loads. We show only the results for M. persicae and MG-RAST Erysiphales read 
counts; for full results see Figure 3—figure supplements 2 and 3. (A) Manhattan plots, annotated with genes potentially affecting aphid/mildew 
colonization. The genome-wide significance (horizontal red line) was calculated based on unlinked variants (Sobota et al., 2015), the blue line 
corresponds to -log(p)=5. (B) Corresponding to the Manhattan plots on the left, enrichment of a priori candidates and expected false discovery rates (as 

Figure 3 continued on next page
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Discussion
Plant pests are a major threat to food safety, causing large yield losses, and new crops such as the 
potential biofuel plant T. arvense must be able to resist pathogen and herbivore attacks. A powerful 
source for obtaining resistant varieties is natural variation in plant defenses, but phenotyping large 
collections can be very time-consuming and error-prone. Here, we describe how an unplanned pest 
infestation in a glasshouse experiment, together with available WGS data, can be used to estimate 
aphid, mildew, and microbial loads, and thus variation in plant resistance. The approach is straightfor-
ward, makes use of WGS data without microbiome-specific DNA extraction, and can in principle be 
applied to many other situations such as field experiments. It is not error-free, but we highlight some 
potential pitfalls, show how to reduce noise, and illustrate its potential to detect associations with 
climatic, genetic, and epigenetic variation.

An important first step in our analyses was the identification and classification of pest-related reads 
in the plant WGS data. We began by classifying all reads as target (only mapping to T. arvense), ambig-
uous (mapping to T. arvense and at the same time to at least one of the pest genomes), or exogenous 
(not mapping to T. arvense) (Figure 1A). We demonstrated the importance of removing ambiguous 
reads prior to variant calling, as this prevented calling false positive variants caused by exogenous 
DNA that also mapped to highly conserved or repetitive sequences in the T. arvense genome. We 
then classified the exogenous reads using MG-RAST (Meyer et al., 2008; Keegan et al., 2016) or 
by confident mapping to specific pest genomes, and selected the 11 most relevant and/or abundant 
taxonomic groups to focus our analyses on. To obtain unbiased pest/microbe loads we also corrected 
the read counts for the total number of deduplicated reads of each sample. A competitive mapping 
approach allowed us to identify the aphid and mildew species that had occurred in our experiment as 
the generalist aphid M. persicae and the powdery mildew E. cruciferarum (Figure 2).

Since we suspected a non-random colonization of pests and microbes in our T. arvense collec-
tion, we tested for population differences as well as SNP-based heritability. We found significant 
population differences for most pest and microbe loads, and often heritabilities above 15%, which 
although low, is still indicative of genetic determination (Thoen et al., 2017). Moreover, Erysiphales 
load had a particularly high heritability of 47% (Table 1). We therefore next asked what could explain 
the observed variation in pest loads in our experiment. As pathogen abundances in the field are 
often determined by climatic conditions, we expected plants originating from climates less favorable 
to aphids to perform worse in our glasshouse, i.e., to have higher pathogen loads. As expected, 
aphid counts were negatively correlated with temperature of origin (particularly minimum tempera-
ture), and positively with temperature variability (mean diurnal range and temperature annual range) 
(Figure 3A), suggesting that plants from colder and more thermally fluctuating climates, which are 
less favorable to aphids, were less well defended and performed worse in our glasshouse. We found 
similar but weaker patterns for Erysiphales load.

As we expected the observed climate-associated variation in pest loads to be at least partially 
explained by variation in chemical defenses, and since in A. thaliana glucosinolates, the main defen-
sive compounds, are known to be geographically structured in response to aphid distributions (Züst 
et al., 2012), we also tested for association of aphid and mildew loads with glucosinolates in our 
collection. In accordance with literature on A. thaliana (Kim and Jander, 2007), we observed a posi-
tive correlation of aphid loads with total glucosinolates as well as with the most abundant glucosino-
late sinigrin (aliphatic glucosinolate), but a negative correlation with benzyl glucosinolate (Figure 3B). 

in Atwell et al., 2010) for increasing significance thresholds. (C) Allelic effects of the red-marked variants in the corresponding Manhattan plots, with 
genotypes on the x-axes and the read count residuals on the y-axes. (D) The candidate genes marked in panel A, their putative functions and distances 
to the top variant of the neighboring peak. Candidates in dark blue are the a priori candidates included in the enrichment analyses and involved in 
defense response (GO:0006952). GS: glucosinolates. (E) Zoom-in for the Manhattan plot of Erysiphales load, around the first peak in Scaffold 1, with 
gene and transposable element (TE) models below, and a priori candidates in blue.

The online version of this article includes the following figure supplement(s) for figure 3:

Figure supplement 1. Example of a genome-wide association (GWA) peak caused by ambiguous reads.

Figure supplement 2. Genome-wide association (GWA) results for all exogenous reads.

Figure supplement 3. Genome-wide association (GWA) results for all exogenous reads.

Figure 3 continued
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Figure 4. Differential methylation associated with aphid and mildew loads. (A) Differentially methylated region (DMR) densities in different genomic 
features when comparing the 20 samples with the most vs. the least M. persicae (top) or Erysiphales (bottom) load. CDS: coding sequences. 
(B) Manhattan plots from epigenome-wide association (EWA) analyses based on individual cytosines within DMRs, with sequence contexts in different 
colors and annotation of genes close to low p-value cytosines. The genome-wide Bonferroni significance thresholds (dashed red lines) were calculated 
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These findings suggest that glucosinolate composition, rather than total amount, is important for 
aphid defense, and that while benzyl glucosinolate might have a deterrent effect, sinigrin might on 
the contrary attract M. persicae or act as a stimulant, which would be in accordance with previous 
observations (Klingauf et al., 1972).

To detect genetic variants associated with pest and microbe loads, we then conducted a GWA 
study (GWAS). For aphid (M. persicae) load, we detected only one non-significant peak in Scaffold 5, 
close to a pathogenesis-related coding gene (Figure 3A and D). For Erysiphales load, however, there 
were several significant associations neighboring genes directly involved in defense, mostly members 
of the MLP family, clustered in a large peak on the first arm of Scaffold 1 (Figure 3E). MLP165, the 
closest gene to the most significant variant in the peak, is indirectly involved in glucosinolate biosyn-
thesis in A. thaliana (The Arabidopsis Information Resource (TAIR), 2000), which might explain 
why baseline glucosinolate levels were associated with Erysiphales load (Figure 3B). Further GWA 
peaks for Erysiphales pointed toward other genes indirectly involved in the defense response through 
phytohormone signaling (e.g. CAR8, PBL7, GH3.1) or preventing pathogen access through cell wall 
reinforcement or stomatal closure (SRF3, PBL7) (Figure 3D). Further experiments would be necessary 
to confirm the functionality of these genes.

An important general insight from our GWA analyses was the frequent ambiguity of reads that 
mapped to both pest and host plant genomes. Such ambiguous reads generated false variants 
only present in samples with pest DNA, which resulted in highly significant false associations, and 
it was therefore important to remove these reads before variant calling. Another potential reason 
for sequence similarity between host and pathogens could be defense mechanisms such as RNA 
interference. If T. arvense produces small or micro-RNAs to silence pathogen genes, this would orig-
inate from genomic regions of high similarity between the host and the pathogen, and thus reflect 
a true association. However, a BLAST (Camacho et al., 2009) of the region in which the suspicious 
associations occurred did not reveal any similarity to aphid or mildew genes, but instead to the 
highly conserved ribosomal RNA coding regions. While genetic variants are generally inherited from 
parents and thus reflect evolutionary processes, DNA methylation variants can be heritable but can 
also reflect plastic responses to environmental stresses like herbivores or pathogens. Our data do 
not allow to confidently distinguish between these two sources of DNA methylation variation, and 
thus should be interpreted with caution, especially with regard to the directionality of associations. 
A beneficial DNA methylation variant is expected to be associated with lower pathogen load when 
already present before pathogen arrival, but with higher pathogen load when plastically induced by 
pathogens during the experiment. For both M. persicae and Erysiphales, the majority of DMRs were 
hypomethylated in affected samples, which is in accordance with the loss of methylation observed 
in A. thaliana and T. arvense upon aphid feeding, and in diploid wheat upon powdery mildew infec-
tion (Geng et al., 2019; Annacondia et al., 2021; Troyee et al., 2022), but we also detected hyper-
methylation at several loci. M. persicae load was associated with differential methylation at only 
few genes but several TEs, which is in accordance with the aphid or stress-induced TE reactivation 
observed in A. thaliana (Annacondia et al., 2021; Roquis et al., 2021). Erysiphales load was asso-
ciated with hypomethylated Copia TEs upstream of MAPKKK20, a gene involved in ABA-mediated 
signaling and stomatal closure. Since stomatal closure is a known defense mechanism to block 
pathogen access (Melotto et al., 2017), it is tempting to conclude that hypomethylation of the 
MAPKKK20 promoter might induce its overexpression and consequent stomatal closure, thereby 
preventing mildew access to the leaf blade. Overall, we found associations between pathogen load 
and TE methylation that could potentially act both in cis (e.g. Copia TE methylation in MAPKKK20 
promoter) and in trans, e.g., through transposon reactivation (e.g. LINE, Helitron, and Ty3/Gypsi 

based on the number of DMRs. (C) Candidate genes and transposable elements (TEs) marked in panel B, their putative functions, genomic locations of 
associated DMRs, and whether infested samples were hyper- or hypomethylated. (D) Zoomed-in Manhattan plot for Erysiphales load around the peak 
in Scaffold 4, with gene and TE models given below. The CG methylation in the 20 most and least infested samples was calculated over 50 bp bins (see 
Figure 4—figure supplement 2 for methylation in other contexts).

The online version of this article includes the following figure supplement(s) for figure 4:

Figure supplement 1. Lengths and genomic locations of differentially methylated regions (DMRs).

Figure supplement 2. Epigenome-wide association (EWA) enrichment in different genomic features and p-value distributions.

Figure 4 continued

https://doi.org/10.7554/eLife.95510
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TEs isolated from genes). Although we cannot confidently distinguish inherited vs. induced DNA 
methylation variants, to our knowledge this is the first coupled GWA-EWA analysis conducted on a 
large natural plant collection.

In summary, our study offers first insights into the defense mechanisms of T. arvense, including 
candidate genes and alleles which may be of interest for breeding efforts in this novel biofuel and 
cover crop. It also provides a proof of principle that exogenous reads from large sequencing efforts, 
usually discarded if not mapping to the target genome, can be leveraged to extract additional infor-
mation about important biotic interactions of the target species, including its antagonists and micro-
biome components. We combined this approach with data from a common environment experiment 
to show that pest and microbiome load were geographically structured, as expected from locally 
adapted traits, and associated with both genetic and DNA methylation variants. In principle, our 
approach can be applied to many other designs. For example, field-collected samples could be used 
to quantify geographic pathogen distributions. With the decreasing cost of sequencing and increasing 
large-scale and single-species sequencing projects (e.g. Kajiya-Kanegae et al., 2021; Colgan et al., 
2022; Habyarimana et al., 2022; Mekbib et al., 2022; Metheringham et al., 2022; Nocchi et al., 
2022; Friis et al., 2024), the number of datasets suitable for such analyses is set to rapidly increase 
in the near future.

Materials and methods
Plant growth and sequencing
The WGS data used in this study were already published in Galanti et al., 2022. Please refer to this 
publication for details on data generation and methods. Briefly, we collected 207 T. arvense accessions 
from 36 European populations in July 2018, and we grew their offspring in a completely randomized 
design, in a glasshouse at the University of Tübingen (48°32'21.3"N, 9°02'04.2"E) between August 
and October 2019. The glasshouse was located in biodiverse surroundings, and insects and pests 
could enter when the windows opened for temperature regulation. A few weeks after germination, 
we noticed aphid and mildew infestations. After 46 days we sampled the third or fourth true leaf of 
each plant and snap-froze it in liquid nitrogen. We extracted DNA using the DNeasy Plant Mini Kit 
(QIAGEN, Hilden, DE), sonicated (Covaris) 300 ng of genomic DNA and used the NEBNext Ultra II 
DNA Library Prep Kit for Illumina (New England Biolabs) to prepare the libraries. Half way through 
the protocol we split the DNA into 1/3 for genomic libraries and 2/3 for bisulfite libraries. For the 
bisulfite conversion we used the EZ-96 DNA Methylation-Gold MagPrep (ZYMO) kit. We sequenced 
paired-end for 150 cycles using Illumina NovaSeq 6000 (Illumina, San Diego, CA, USA) for genomic 
libraries and HiSeq X Ten (Illumina, San Diego, CA, USA) for bisulfite libraries.

Reads mapping and classification
Upon demultiplexing the raw reads, we used cutadapt (Martin, 2011) for quality (minimum quality 
of 20) and adaptor trimming, excluding reads shorter than 35 bp. We used FastQC and MultiQC 
(Andrews, 2010; Ewels et al., 2016) to estimate the duplication rate, and calculated the total dedu-
plicated reads, which we later used for correcting the number of exogenous reads. We then classified 
the reads based on their mapping behavior. First we aligned reads to the T. arvense reference genome 
(Nunn et al., 2022) with BWA-MEM v0.7.17 (Li and Durbin, 2009), excluding multimapping reads 
(-c 1) and marking duplicates with MarkDuplicatesSpark (Van der Auwera et al., 2013; Poplin et al., 
2018). We then mapped all samples again (Li and Durbin, 2009) to the three putative exogenous 
genomes of pea aphid (Acrophyson pisum), the aphid symbiont B. aphidicola and powdery mildew 
(B. graminis), using available resources (https://www.ncbi.nlm.nih.gov/assembly/GCF_005508785.2, 
https://www.ncbi.nlm.nih.gov/datasets/genome/GCF_001939165.1) (Frantzeskakis et  al., 2018). 
After this, we used a custom script to collect all read IDs within a sample mapping to any of the 
three exogenous genomes, and removed any of these reads from the T. arvense alignment bam files. 
We thus removed all ambiguous reads before proceeding with variant calling. To compare coverage 
of specific regions with and without ambiguous reads, we used samtools bedcov (Danecek et al., 
2021). The numbers of reads classified by their mapping behavior are reported in Supplementary 
file 1.

https://doi.org/10.7554/eLife.95510
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Variant calling
For variant calling we used GATK4 v4.1.8.1 (Van der Auwera et  al., 2013; Poplin et  al., 2018), 
following the best practices for germline short variant discovery (https://gatk.broadinstitute.org/hc/​
en-us/articles/360035535932-Germline-short-variant-discovery-SNPs-Indels-) with few adjustments 
for large datasets (Galanti et al., 2022). Briefly, starting from the bam files generated after the removal 
of ambiguous reads, we (i) ran HaplotypeCaller, (ii) combined the resulting GVCF files with Genom-
icsDBImport and GenotypeGVCFs, and (iii) filtered out low-quality variants with VariantFiltration (see 
Galanti et al., 2022 for more details). Finally, we used vcftools v0.1.16 (Danecek et al., 2011) to retain 
biallelic variants with MAF>0.01 and a maximum of 10% missing genotype calls. We imputed these 
missing calls with BEAGLE 5.1 (Browning et al., 2018) to obtain a complete multisample vcf file.

Identification and classification of exogenous reads
To identify exogenous reads, we extracted all unmapped reads from the bam files created aligning 
WGS reads to the T. arvense genome (Nunn et  al., 2022). We selected reads with both mates 
unmapped (SAM flag 12) and excluded supplementary alignments (SAM flag 256 after running Mark-
DuplicatesSpark) with samtools (Danecek et  al., 2021). We then recovered these reads from the 
trimmed fastq files with seqtk subset (https://github.com/lh3/seqtk; Li, 2024) to obtain fastq files 
of unmapped reads only. We used these as input for MG-RAST (Meyer et al., 2008; Keegan et al., 
2016), a web-based tool for phylogenetic analysis of metagenomes.

We ran MG-RAST mostly with default parameters, without assembled reads, excluding derepli-
cated sequences, and dynamically trimming reads with a minimum Phred score of 15 in more than 5 
consecutive bases. We set the ‘sequence screening’ to A. thaliana, the closest relative of T. arvense 
available. We used two different approaches to extract read counts. First, we classified all reads up to 
family level using the web-based Analysis tool from MG-RAST. We used RefSeq as query annotation 
database and filtered reads classified with low confidence using default settings: e-value 5, 60 %-iden-
tity, length 15, and min.abundance of 1 (Supplementary file 2). Out of the hundreds of taxonomic 
groups identified by MG-RAST, we selected only a small subset for follow-up analyses, based on their 
biological relevance, our visual observations and/or abundance: Aphididae, Culicidae, Peronospo-
rales, Staphylocaccaceae, Burkholderiaceae, Mycobacteriaceae, and Pseudomonadaceae (Table 1). 
Additionally, we used a custom Python script to download individual ‘taxonomy’ or ‘sequence_break-
down’ results from MG-RAST API (Paczian et al., 2019) and extracted the counts of the genus Buch-
nera, including bacterial symbionts of many aphid species, and of the order Erysiphales, to quantify 
the observed mildew infection (Table 1). All the code for extracting counts for all families or specific 
taxonomic groups are available on GitHub (https://github.com/junhee-jung/MG-RAST-read-counter, 
copy archived at Jung and Galanti, 2024).

In addition to the nine read groups selected from MG-RAST results, we also performed a highly 
confident mapping of exogenous reads to the M. persicae and B. aphidicola genome assemblies 
(Singh et  al., 2021) (https://www.ncbi.nlm.nih.gov/datasets/genome/GCF_001939165.1), to test 
whether mapping to a high-quality assembly of the exact pathogen has a higher sensitivity than 
MG-RAST. We mapped with BWA-MEM v0.7.17 (Li and Durbin, 2009), using a seed length of 25 bp 
(Robinson et al., 2017) and removing reads with MAPQ<20 and duplicates with MarkDuplicatesSpark 
(Van der Auwera et al., 2013; Poplin et al., 2018). We then counted all reads in the bam files.

Finally, we log transformed all read counts to approximate normality, and corrected for the total 
number of deduplicated reads by extracting residuals from the following linear model, log(read_
count +1)~log(deduplicated_reads), which allowed us to quantify non-Thlaspi loads, correcting for the 
sequencing depth of each sample.

Exogenous reads heritability and species identification
To exclude the possibility that aphid and mildew infestation patterns were carried over from the field, 
through seed contamination or maternal effects, we used aphid and mildew presence/absence data 
collected in the field. We found no difference in aphid or mildew loads between samples with and 
without aphids or mildew on the original parental plant in the field (Figure 1—figure supplement 1). 
Nevertheless, to exclude a possible bias, we excluded one outlier sample with particularly high aphid 
load and aphids observed in the field (Figure 1—figure supplement 1) from the analyses.

https://doi.org/10.7554/eLife.95510
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To test for variation between populations we used a general linear model with population as a 
predictor. To measure SNP-based heritability, i.e., the proportion of variance explained by kinship, we 
used the marker_h2() function from the R package heritability (Kruijer and White, 2019), which uses a 
genetic distance matrix as predictor to compute REML-estimates of the genetic and residual variance. 
We used the same IBS matrix as for GWAS and for the correlations with climatic variables.

Even though MG-RAST classifies reads based on all taxonomic ranks, the accuracy of species identifica-
tion of course strongly depends on the sequences available in the query databases. MG-RAST assigned our 
aphid reads to A. pisum, but this did not fit with our visual observations and with the poor performance of 
this species on Brassicaceae (Prince et al., 2014). We therefore selected three plausible aphid species and 
test which of these had mostly likely attacked our experiment. In addition to A. pisum, we tested two other 
aphid species commonly attacking Brassicaceae: B. brassicae and M. persicae. While not all three species 
have reference genomes available, all mitochondrial genomes are available on NCBI (NCBI, 1988) under 
accession numbers MN232006, NC_011594, and NC_056270. We downloaded these sequences, aligned 
them to each other (Sievers et al., 2011), removed INDELs to retain only SNPs, and combined them into 
a single pseudo-reference fasta file (Supplementary file 3). We then mapped the exogenous reads from 
40 randomly selected samples to this pseudo-reference, allowing for unique mappings only and counted 
the reads mapping to either of the three aphid species. We used the same approach for mildew except 
that we included only two possible species: B. graminis, as suggested by MG-RAST, and E. cruciferarum 
which is known to attack Brassicaceae but was not in the MG-RAST query database and seemed plausible 
from visual inspection (Figure 2B). For the mildew pseudo-reference (Supplementary file 4) we used the 
internal transcribed spacer, which is publicly available for both species on NCBI (NCBI, 1988) under acces-
sion numbers MT644878 and AF031283.

Quantification of glucosinolates
Using seed material collected from the sequenced plants, we conducted a follow-up experiment to 
estimate the glucosinolate contents of all 207 lines in the absence of pathogens. Briefly, we sowed the 
seeds in Petri dishes, stratified them at 4°C in the dark for 2 weeks and transplanted the germinated 
seedlings to individual 9×9 cm2 pots. We grew the plants in a growth chamber with a 14/10 hr light/
dark cycle at 21/17°C and a relative humidity of ~45%. Two weeks after germination the plants were 
vernalized at 4°C for 2 more weeks in order to minimize phenological and developmental differences 
between winter and summer annuals. Ten days after vernalization, we collected the third or fourth true 
leaf and snap-froze it in liquid nitrogen. After freeze-drying, we weighed all samples and extracted 
the material threefold in 80% methanol, adding p-hydroxybenzl glucosinolate (Phytoplan, Heidelberg, 
Germany) as internal standard. After centrifugation, we applied the supernatants onto ion-exchange 
columns with diethylaminoethyl Sephadex A25 (Sigma-Aldrich, St. Louis, MO, USA) in 0.5 M acetic 
acid buffer, pH 5. We added purified sulfatase, converting glucosinolates to desulfo glucosinolates. 
After 1 day, we eluted desulfo glucosinolates in water and analyzed them on a HPLC coupled to a DAD 
detector (HPLC-1200 Series, Agilent Technologies, Inc, Santa Clara, CA, USA) equipped with a Supel-
cosil LC 18 column (3 μm, 150×3 mm, Supelco, Bellefonte, PA, USA). We analyzed the samples with 
a gradient from water to methanol starting at 5% methanol for 6 min and then increased from 5% to 
95% within 13 min with a hold at 95% for 2 min, followed by a column equilibration cycle. We identified 
different glucosinolates based on their retention times and UV spectra in comparison to respective 
standards and an in-house database. We integrated peaks at 229 nm and calculated respective gluco-
sinolate concentrations in relation to the internal standard and sample dry mass, using response factors 
as reported by Agerbirk et al., 2015.

Drivers of exogenous reads variation
To test for associations between glucosinolate variation, as well as climate of origin, and the observed 
pest loads, we extracted average bioclimatic variables for the 25  years predating our experiment 
for our 36 study populations from the Copernicus website (ECMWF, 2020), as described in Galanti 
et al., 2022. We then used the R package lme4qtl (Ziyatdinov et al., 2018) to run mixed models that 
included either bioclimatic variables or glucosinolate contents as explanatory variables, and the exog-
enous read counts as dependent variables, while correcting for population structure with the same IBS 
matrix as in GWA and EWA analyses (see below).
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GWA analysis
We conducted GWA with mixed models that corrected for population structure with a genetic IBS 
matrix as a random factor, as implemented in GEMMA (Zhou and Stephens, 2012). To obtain the IBS 
matrix we used PLINK v1.90b6.12 (Purcell et al., 2007). Starting from the imputed multisample vcf file 
obtained from variant calling, we pruned variants with LD>0.8 in 50 variants windows, sliding by five. 
To produce the genetic variants used for GWAS, we also started from the imputed multisample vcf file 
from variant calling and filtered out variants with MAF<0.04. As phenotypes we used the number of 
exogenous reads corrected for the total number of deduplicated reads, as described above.

To validate our results and test for overlap with existing gene functional annotations, we performed 
an enrichment analysis of variants neighboring a priori candidate genes as described in Atwell et al., 
2010. Briefly, we attributed a priori candidate status to all variants located within 20 kb from ortho-
logs (Emms and Kelly, 2019) of A. thaliana genes annotated with the GO term ‘defense response’ 
(GO:0006952), including nine genes similar to AtBSMT1 (Supplementary file 8). We then calculated 
enrichment for incremental -log(p) thresholds as the ratio between observed frequency (significant 
a priori candidate/significant variants) and background frequency (total a priori candidate/total vari-
ants), and an upper bound for the FDR (Galanti et al., 2022; Atwell et al., 2010). We further assessed 
the significance of the enrichment through a previously established genome rotation scheme (Nord-
borg et  al., 2005). Briefly, we calculated a null distribution of enrichments by randomly rotating 
the p-values and a priori candidate status of the genetic variants within each chromosome for 1 M 
permutations. We then assessed significance by comparing the observed enrichment at the Bonfer-
roni threshold to the null distribution. The code for these analyses is available on https://github.com/​
Dario-Galanti/multipheno_GWAS/tree/main/gemmaGWAS (copy archived at Galanti, 2024d).

Methylation and DMR calling
For the methylome analyses we used the EpiDiverse toolkit (Nunn et al., 2021), specifically designed 
for large WGBS datasets. We used the WGBS pipeline (https://github.com/EpiDiverse/wgbs; Nunn, 
2022) for read mapping and methylation calling, retained only uniquely mapping reads longer than 
30 bp, and obtained individual-sample bedGraph files for each sequence context. We then called 
DMRs using the DMR pipeline (Nunn et al., 2021), with a minimum coverage of 4×. We compared 
the 20 samples with the most and the least M. persicae and Eriysiphales loads, resulting in two sets of 
DMRs for each sequence context. Since this was only the first step of our methylation analysis, meant 
to identify potential regions of interest, we retained all DMRs with an FDR<20%. To understand the 
genomic preferences of DMRs, we intersected them with genomic features and calculated their densi-
ties in each by dividing their number by the total Mb covered by each genomic feature in the genome.

EWA analysis
Following the DMR calling, we investigated methylation-phenotype relationships in more detail, 
using EWA. We ran EWA similarly to GWA, enabling the ‘-notsnp’ option available in GEMMA (Zhou 
and Stephens, 2012), and correcting for population structure with the same IBS matrix. To exclude 
possible biases, we excluded all samples with a bisulfite non-conversion rate >1 (Galanti et al., 2022), 
which left 188  samples for analysis. To generate the methylation input files we first used custom 
scripts (https://github.com/Dario-Galanti/WGBS_downstream/tree/main/WGBS_simpleworkflow, 
copy archived at Galanti, 2024c; Galanti et  al., 2022) to unite individual-sample bedGraph files 
into unionbed files and retain positions with coverage>3 in at least 95% of the samples and a meth-
ylation difference of at least 5% in at least two samples. We then intersected the unionbed files 
with the DMRs of the corresponding sequence context using bedtools (Quinlan and Hall, 2010) and 
converted unionbed to BIMBAM format as input for GEMMA.

We ran EWA for individual positions within the DMRs and calculated Bonferroni thresholds based 
on the number of DMRs, assuming that cytosines within the same DMR are mostly autocorrelated. 
To observe in which genomic features associations with lower p-values were located, we performed 
enrichment analyses similar to the ones performed for defense a priori candidate genes in GWA 
(Atwell et al., 2010), but based on whole genomic features. Starting from all cytosines used for EWA, 
we calculated the background frequency as the fraction of all cytosines located in each genomic 
feature and then calculated the observed frequency in the same way for -log(p) 0.5 increments, 
with enrichment as the ratio of observed and expected frequencies. All code used for EWA and the 
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enrichment analysis in genomic features is available on https://github.com/Dario-Galanti/EWAS/tree/​
main/gemmaEWAS (copy archived at Galanti, 2024e).
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counter respectively (copies archived at Galanti, 2024b and Jung and Galanti, 2024). The pipelines 
for methylation and DMR calling from WGBS data can be found on the EpiDiverse GitHub (https://​
github.com/EpiDiverse). The workflow for downstream analysis of methylation data is on https://​
github.com/Dario-Galanti/WGBS_downstream/tree/main/WGBS_simpleworkflow (copy archived at 
Galanti, 2024c). Finally, the scripts for running GWA and EWA analysis are on https://github.com/​
Dario-Galanti/multipheno_GWAS/tree/main/gemmaGWAS and https://github.com/Dario-Galanti/​
EWAS/tree/main/gemmaEWAS respectively (copies archived at Galanti, 2024d and Galanti, 2024e).

The following dataset was generated:

Author(s) Year Dataset title Dataset URL Database and Identifier

Galanti D, Jung JH, 
Müller C, Bossdorf O

2023 Discarded sequencing 
reads uncover natural 
variation in pest resistance 
in Thlaspi arvense

https://​doi.​org/​
10.​5281/​zenodo.​
10011535

Zenodo, 10.5281/
zenodo.10011535

The following previously published dataset was used:

Author(s) Year Dataset title Dataset URL Database and Identifier

Galanti D, Ramos-
Cruz D, Nunn A, 
Rodríguez-Arévalo I, 
Scheepens JF, Becker 
C, Bossdorf O

2022 Genetic and environmental 
drivers of large-scale 
epigenetic variation in 
Thlaspi arvense

https://www.​ebi.​ac.​
uk/​ena/​browser/​view/​
PRJEB50950

European Nucleotide 
Archive, PRJEB50950

https://doi.org/10.7554/eLife.95510
https://www.ebi.ac.uk/ena
https://www.igv.org/
https://zenodo.org/records/10011535
https://github.com/Dario-Galanti/BinAC_varcalling
https://github.com/Dario-Galanti/Exoreads_treasure
https://github.com/Dario-Galanti/Exoreads_treasure
https://github.com/junhee-jung/MG-RAST-read-counter
https://github.com/junhee-jung/MG-RAST-read-counter
https://github.com/EpiDiverse
https://github.com/EpiDiverse
https://github.com/Dario-Galanti/WGBS_downstream/tree/main/WGBS_simpleworkflow
https://github.com/Dario-Galanti/WGBS_downstream/tree/main/WGBS_simpleworkflow
https://github.com/Dario-Galanti/multipheno_GWAS/tree/main/gemmaGWAS
https://github.com/Dario-Galanti/multipheno_GWAS/tree/main/gemmaGWAS
https://github.com/Dario-Galanti/EWAS/tree/main/gemmaEWAS
https://github.com/Dario-Galanti/EWAS/tree/main/gemmaEWAS
https://doi.org/10.5281/zenodo.10011535
https://doi.org/10.5281/zenodo.10011535
https://doi.org/10.5281/zenodo.10011535
https://www.ebi.ac.uk/ena/browser/view/PRJEB50950
https://www.ebi.ac.uk/ena/browser/view/PRJEB50950
https://www.ebi.ac.uk/ena/browser/view/PRJEB50950
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Chapter 6 

General discussion 

In this thesis, I hoped to bridge the gap between microbiome and experimental ecological 

research by using the model plant Arabidopsis thaliana, the leaf bacterial isolate collection At-

LSPHERE (Bai et al., 2015), and the naturally-occurring Arabidopsis pathogen Pseudomonas 

viridiflava (Karasov et al., 2018). 

Plant-microbiome relationship – it is all about perspective! 

In the second chapter of my thesis, I outlined the importance of studying plant-microbiome 

interactions, and how adopting either the plant or microbiome perspective can aid the 

investigation of complex ecological questions. I have applied this framework throughout my 

research by conducting experiments from both perspectives.  

The plant perspective involves manipulating a plant’s microbiome and observing the effects 

on plant performance, with the potential to also include environmental variation as a secondary 

factor. I carried out such a plant-perspective experiment with Arabidopsis thaliana, in which I 

manipulated microbiome composition and measured how different bacterial diversity levels 

affected plant growth and pathogen tolerance (Chapter 3). Microbiome perspective 

experiments manipulate plant variables, and then observe the effect on the plant microbiome, 

for example by changes in bacterial diversity and composition. In Chapter 4, I performed a 

microbiome-perspective experiment, in which plants of various genotypes were exposed to 

temperature fluctuations, and the resulting changes in microbiome were measured. Chapter 

5 also partially reflected the microbiome perspective, as we extracted microbiome data from 

the results of an experiment that was not initially intended for microbiome research. We 

extracted microbiome-related reads from previous generated results from a whole genome 

sequencing project involving 207 Thlaspi arvense accessions. The non-host reads, which 

contained host microbiome, pathogens, herbivores, and herbivore microbiomes, were used to 

study host defense mechanisms. 

Microbiomes can be manipulated and used to test ecological theory 

The biodiversity ecosystem function (BEF) theory, in which an increase in species richness is 

linked to an increase in ecosystem function and stability, has been widely established across 

varied “macro”-ecosystems such as forests, grasslands, freshwater, and oceans (van der Plas, 

2019). Recent studies have highlighted the importance of the plant microbiome in the 

functioning of these ecosystems, for example, Laforest-Lapointe et al. (2017) found that an 

increase in leaf bacterial diversity improved forest performance. Plants exist within the broader 

https://www.zotero.org/google-docs/?d2FB0z
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context of an ecosystem, but they themselves are also host to complex communities of 

microbiomes. While the plant microbiome is often referred to as a singular unit, current 

research shows that plants are inhabited by different microbiomes according to tissue and 

organ (Turner et al., 2013; Dastogeer et al., 2020). Therefore, in Chapter 3, I treated a plant 

as its own “ecosystem” in terms of the BEF theory and conducted an experiment in which the 

effect of increased microbiome diversity on plant performance was measured in terms of 

growth and resistance to Pseudomonas pathogens. 

The experiment showed that increased microbiome diversity, especially in strain richness 

(akin to species richness in other biodiversity experiments), increases plant growth and 

pathogen tolerance. These results were congruent to other findings about plant microbiomes 

in nature and in laboratory settings, that have shown how bacterial diversity is a key element 

to plant performance (Laforest-Lapointe et al., 2017; Vogel et al., 2021; Lepinay et al., 2024). 

Microbiome diversity manipulation research has shown the positive effect of the increase in 

soil microorganism diversity on community performance (Wagg et al., 2019, 2021), and leaf 

microbial diversity increases plant defense (Vogel et al., 2021) as well as plant performances 

in a forest (Laforest-Lapointe et al., 2017). In addition, in a grassland study plant productivity 

was linked to both higher total microbial diversity as well as the leaf microbiome diversity 

(Lepinay et al., 2024). Overall, my finding adds to the growing literature of BEF studies and 

highlights the importance of bacterial biodiversity on the plant.  

Previous research has highlighted the importance of understanding microbe-microbe 

interaction as one of the key factors in shaping the microbiome (Almario et al., 2022; Schäfer 

et al., 2022). As the microbiome is important for plant function, and exists in a diverse-yet-

conserved group (Schlaeppi et al., 2014; Yeoh et al., 2017), I expected the interactions to be 

mostly positive. However, I found that when both Alphaproteobacteria and Betaproteabacteria 

were present in the plant, I observed negative plant growth. This could be due to niche overlap, 

as the two strains could have both suffered from competition, leading to a decrease in 

community diversity and potentially subsequently affecting plant growth. In At-LSPHERE 

community, the community used in this experiment, when there was significant niche overlap 

between two closely-related strains, their interactions led to a decrease in bacterial abundance 

in one strain (Schäfer et al., 2023). This highlights the complexities of plant-microbe and plant-

microbe-microbe relationships, and much more research is needed to truly understand these 

interactions.  

This study could have been improved by measuring the final bacterial community diversity and 

composition. All of the diversity indices were based on the inoculum diversity, which assumes 

that all strains successfully colonized the plants at the same ratio as the inoculum, but current 
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knowledge on syncom is mixed regarding the effect of starting inoculum on the final 

microbiome composition. Bai et al. (2015) when using At-SPHERE found the final bacterial 

ratio is independent of the inoculum ratio, but Coker et al. (2022) showed that altering the ratio 

of initial strain mixes can have an impact on the resulting composition. Sequencing the final 

microbial communities, even with the low maximum diversity of 9 strains, and calculating the 

resulting diversity and composition directly would have given more specific results of how 

bacterial diversity affected the plant performance.  

Nonetheless, this experiment successfully demonstrated that an increase in bacterial diversity 

resulted in an increase in the ecosystem (plant) function. It would be interesting to test, based 

on this setup, whether a positive feedback loop exists between bacterial diversity and plant 

fitness - would a plant with higher fitness in turn be able to support a more diverse microbial 

community? 

Plant-associated microbiome change under fluctuating temperatures 

The relationship between plants and microbes predates 400 million years (Krings et al., 2007) 

and this association resulted in relatively stable microbiome communities, such as “common 

core” microbiomes (Risely, 2020), which can be brought together by hub or keystone microbes 

(Agler et al., 2016; Risely, 2020; Rawstern et al., 2025). Despite this long-standing relationship, 

the effect of rapid environmental fluctuation on the microbiome is little known. Today, as global 

climate change is expected to make the environment less predictable, it is important to 

understand the role of the microbiome in host stress mitigation as these communities play a 

crucial role in plant function, as outlined in Chapter 3. In Chapter 4, I exposed plants and their 

microbiomes to several frequencies of temperature fluctuations, but importantly, the 

temperature sum received by each plant was equal regardless of the treatment. 

One of the most interesting findings from Chapter 4 was that bacterial diversity was initially 

lowered by heat stress. The effect of warming on the host appears to lower alpha diversity 

across various taxa in a microbiome (Li et al., 2023), but some studies indicate that slight 

warming could increase bacterial diversity in the phyllosphere (Hoefle et al., 2024; Fu et al., 

2025). This discrepancy could arise from whether an increase in temperature is a stress, 

lowering plant fitness (Kranner et al., 2010), or not, especially when a slightly elevated 

temperature can actually increase plant performance (Springate and Kover, 2014). In my 

experiment, the plant growth analysis confirmed that the temperature fluctuation was indeed 

stressful for the plant, as growth was lowered, and microbiomes preferred a lower frequency 

of temperature fluctuations. These results agree with previous studies in which an increase in 

temperature significantly lowered microbiome diversity (Ren et al., 2015; Aydogan et al., 2018; 

Firrincieli et al., 2020). 
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I found that after this initial decline in diversity, bacterial communities were able to recover, 

but not to the same extent as communities in control plants. In addition, the microbiome under 

rapid fluctuation cycle was least able to recover from this loss in diversity. Based on these 

findings, I hypothesize that climate change could drive the loss of microbiome diversity in two 

ways: initial bacterial diversity loss from the heat stress and continued lower diversity if the 

fluctuation is too rapid, as bacterial diversity cannot recover over time. From Chapter 3, plant 

microbiome diversity is linked to plant function, especially in pathogen tolerance. This loss in 

diversity could leave plants unprepared for the next wave of stresses, unless the core 

microbiome fortuitously contains stress-resistant strains (Risely, 2020; Vogel et al., 2021; 

Emmenegger et al., 2023). These negative effects may not be universal, however, as bacterial 

diversity and the core taxa abundance tend to increase in plants over time, and perhaps older 

plant communities will be more resilient toward the coming environmental changes (Geyer et 

al., 2024; Li et al., 2024). 

There were some aspects of the experiment that could have been improved. While I studied 

the difference in composition and diversity of the microbiome, I did not test how these changes 

affected the functions that the bacteria provide. If the experiment was carried out in a 

gnotobiotic manner, using a similar technique to Chapter 3, functional predictions could have 

been carried out (Huerta-Cepas et al., 2019). However, upon the analysis of pre-microbiome-

inoculation data, I found that plants already contained highly diverse bacterial communities, 

and it was not possible to differentiate between the syncom strains and spontaneous 

inoculation, i.e. contamination. An attempt was made to predict the function solely based on 

barcode sequence (Douglas et al., 2020), but I could not find any significant associations 

between the bacterial function and the environmental treatment. 

Reads, reuse, recycle: a microbiome perspective can be found from non-microbiome 

experiments 

As the cost of sequencing is rapidly decreasing (Sboner et al., 2011), more ecological 

knowledge is supplemented by genomic information. However, there are still several 

difficulties in sequencing, including developing technical know-how and the cost, as 

sequencing is still expensive when many samples are involved (Sboner et al., 2011; Kim et 

al., 2017; Schwarze et al., 2020). One way to combat these challenges is to use genomic 

information from previous experiments, as genomics studies could provide vast quantities of 

untouched microbiome data, especially when whole genome sequencing was involved. 

Despite the prevalence of whole genome sequencing (WGS) projects, a limited number of 

publications have involved successfully extracting microbiome reads (Sangiovanni et al., 2019; 

Roman-Reyna et al., 2020; Gathercole et al., 2021). 
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In Chapter 5, I used previously published sequences from non-microbiome projects to extract 

microbial reads (Galanti et al., 2022). I used a free online tool MG-RAST (Keegan et al., 2016) 

for the metagenomics as there were no associated costs and it did not require a great depth 

of microbiome-processing knowledge. I hoped this would remove the entry barrier to 

replicating the method, however, as the program is not actively maintained I would recommend 

using another microbiome pipeline such as Nephele: Microbiome Analysis 

(https://nephele.niaid.nih.gov/, Weber et al., 2018). This pipeline also supports assembly-free 

microbiome analysis, and for a discarded read analysis where the vast majority of reads are 

expected to be host associated, the assembly-free approach could be performed more reliably 

than the assembly-based metagenomics approach (Pérez-Cobas et al., 2020).  

The microbiome reads extracted from this analysis included aphids, the aphid symbiont 

Buchnera, and powdery mildew (Erysiphales). This reflected the greenhouse conditions during 

the time of the experiment, as both aphids and powdery mildew were observed on Thlaspi 

arvense plants. Evidence from other aphid studies has indicated that aphids are not “stealthy” 

feeders and that they deposit Buchnera on host plants, (Byrd et al., 2023; Wolfgang et al., 

2023) which could explain the symbiont presence. The origin of the aphid DNA probably stems 

from saliva deposition during the feeding process (Tjallingii, 2006; Thorpe et al., 2016). 

Correlations between the aphid and powdery mildew loads and the Thlaspi climate of origin 

suggested that plants from colder origins were less defended, as could be expected given that 

both pests prefer warmer climates (Hullé et al., 2010; Marçais and Desprez-Loustau, 2014), 

and that plants from those regions most likely evolved defenses against them. The discarded 

microbiome reads, when carefully sieved from the potentially contaminating reads, therefore 

provided insight into aphid feeding preference and effects of plant origin. More generally, this 

strategy can be used to learn more about other plant-herbivore or plant-pathogen systems 

without extra costs or consumables.  

There are also some drawbacks to this approach of treating all discarded reads as 

metagenomic data. The DNA extraction method and the choice of commercial extraction kit is 

known to affect the microbiome results, with different extraction methods generating different 

taxonomic biases (Giangacomo et al., 2021; Nearing et al., 2021; Rauer et al., 2025). 

Nonetheless, DNA extraction kits designed for plant genomic DNA are effective at extracting 

the microbiome from Arabidopsis thaliana (Giangacomo et al., 2021). Thlaspi being a close 

relative to Arabidopsis (Nunn et al., 2022) makes it more probable that the DNA extraction 

method used could successfully extract the microbiome DNA. In addition, the experimental 

result may contain more noise due to the lack of rinsing or washing the samples. It is a 

common practice to have a series of washing or rinsing steps for the surface sterilization using 

a combination of sterile water, ethanol and/or low concentrations of bleach (Agler et al., 2016; 
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Lundberg et al., 2022). However, microbiome washing stages, especially when using bleach, 

appear to affect microbiome results (Yu et al., 2022), and useful information could have been 

lost during the washing process. Not washing the leaves could have provided for the general 

phyllosphere to be captured more completely in the microbiome analysis. 

Reflections on methodologies 

Methods of studying microbiomes evolve quickly and constantly. I would like to highlight some 

techniques and experimental systems that were not present in my final experimental designs, 

but which nonetheless have great potential for future microbiome research. For example, in 

growing Arabidopsis Microboxes (SacO2, Belgium) can be used, a system that enables gas 

exchange while maintaining sterile conditions, thereby allowing a gnotobiotic experiment 

(Kremer et al., 2021). The main drawback for my experimental design in Chapter 3 was that 

taking individual pictures required working under the laminar flow cabinet which significantly 

added to time and workload during the imaging process.  

I also found some difficulty in deciding on which substrate to use. While I used agar with MS 

medium in Chapter 3, it was not suitable for Chapter 4, as the high temperatures over time 

would dessicate the substrate. Calcined clay (Pfeilmeier et al., 2021) and soil in Microboxes 

were also not used, as they do not rehydrate evenly without oversaturation. Jiffy-7 (Jiffy 

Products, Norway, e.g. Kremer et al., 2021) peat and coconut-based pellet were also 

attempted, however, in later stages plants would topple over within the Microbox.  

The final compromise used in Chapter 4 was to forgo a gnotobiotic system and instead 

minimize external microbiome sources by using double-autoclaved soil, sterilizing seeds, 

using standard sterile bench techniques, and harvesting plants under a laminar flow bench.  

Conclusions and Outlook 

My thesis contributes to our knowledge of the interaction between the plants and microbiomes 

across different environments in the context of experimental ecology, with a focus on leaves 

and their associated microbiome. By incorporating both plant and microbiome perspectives 

throughout my experiments, I could better understand plant-microbiome relationships across 

different environments and stresses. Throughout this thesis I have used the latest 

methodological approaches to study the plant-microbiome relationship from an ecological 

perspective, such as creating synthetic communities and extracting microbiome reads from a 

previously published genomics study. 

While the interaction between plant and microbiome is highly dynamic and complex, in 

Chapters 3 and 4, I found a link between bacterial diversity and plant performance. In Chapter 

3, plants with higher bacterial diversity had higher growth and increased pathogen resistance, 
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and in Chapter 4, plants had lowered microbial diversity as well as reduced growth after 

temperature fluctuation stress. These findings from leaf bacterial communities support the 

relevance of biodiversity and ecosystem function theory in the plant-microbiome relationship. 

An ecosystem thrives with higher biodiversity, and previous research suggests that plant 

species richness contributes to ecosystem functioning. I found that bacterial diversity 

significantly contributes to the performance of a plant, which can itself be considered an 

ecosystem, as each is host to numerous microbial communities. Therefore, to research a 

broader ecosystem, we should also focus on the smallest components, i.e. the microbiomes, 

which will help us to study their host plants, and that will lead to a better understanding of the 

wider community that plants live in. 

In Chapter 4 I found that plants under heat stress had lower bacterial diversity, and that rapid 

fluctuations in temperature can make a plant less productive. These results suggest that 

environmental change could lead to a decrease in plant performance due to a loss of functions 

previously provided by the microbial community. Under the increasing pressure that global 

climate change will bring to many ecosystems, including heat and pathogen stress, this loss 

of performance could have devastating consequences for plants. More studies are required to 

determine exactly the consequences that plants will likely face due to this leaf and other organ 

microbiome biodiversity loss. However, we still have a very limited understanding on the 

mechanisms behind this relationship, and further research with other sequencing techniques 

such as metatranscriptomics could provide further insight. 

I also extracted microbiome data from discarded whole genome sequencing reads, providing 

a good example of possible further opportunities for microbiome research (Chapter 5). The 

field of ecological genomics is rapidly growing, and whole genome sequencing (WGS) offers 

a widest range of applications. The vast quantity of WGS data that is currently available could 

be, with a careful selection of the phenotype, a treasure trove of plant-microbiome data. 

Moreover, researchers should consider when designing a new genomics experiment, whether 

microbiome information can be gained alongside genomic information. This may require 

careful adjustments to plant harvesting and DNA extraction methods, but could significantly 

reduce the cost and carbon footprint associated with microbiome research. 

As we learn more regarding the role of microbiome diversity and composition on the plant and 

vice versa, in future experiments, we should study microbiome function more directly. One of 

the methods available is WGS and, together with transcriptomic approaches, it could elucidate 

the precise function and mechanism behind interactions between plants and microbiomes 

under stress. Perhaps, just like with whole genome data, discarded reads from transcriptomic 

studies could also be used to extract microbiome-associated transcriptome information.  
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Overall, it is crucial to include microbiomes in plant experimental ecology research in order to 

better and more accurately understand the relationship between plants and their environments. 

The two perspectives can provide a simple outline for such experiments, by measuring the 

changes in plant performance after microbiomes are manipulated, or by analyzing changes in 

microbiomes when plant variables are altered. Whilst generating bacterial strain collections is 

difficult, once established they can be used to generate a wide range of microbiomes, and 

help answer questions from both perspectives. In addition, environmental factors can be 

incorporated to gain a richer understanding of the relationship between all three parties: plants, 

microbiomes, and the environment. Using these strategies, my thesis helps to answer growing 

demands to incorporate microbiome research into other spheres of biology, including 

agriculture, conservation, and improving plant resilience, areas of study that will be crucial in 

tackling climate change in the years to come (Trivedi et al., 2020; Peixoto et al., 2022; 

Shayanthan et al., 2022; Walling et al., 2025). 
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