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Summary

Plants, like animals and humans, have a diverse microbiome crucial in maintaining host
health and helping them cope with biotic and abiotic stresses. Interactions within these
microbial communities, from mutualism to antagonism, add layers of complexity and
variability. However, it is challenging to determine the specific roles of different in-
teractions in the formation and stability of the microbiome. To address this issue, it is
essential to study plant microbial communities in different states and under fluctuating
environmental conditions. Achieving this goal requires collecting sufficient number of
samples at different times and locations to picture diverse microbiomes.

An example of such a diverse and fluctuating environment is the phyllosphere. It is
the aerial part of a plant and is directly exposed to various environmental factors such as
temperature and rain. These abiotic factors can alter the leaf environment within hours or
days. In Chapter 2 of this study, I analyzed the impact of various environmental factors
on the microbiome formation of different compartments of the model plant, Arabidopsis
thaliana. Over a period of five years, we collected samples from natural ecosystems and
studied their microbiome. We examined the different microbial groups, including bacte-
ria, fungi and non-fungal eukaryotes. I identified microbes that specifically respond to
environmental factors in epiphytic and endophytic compartments. Additionally, I found a
correlation between environmental factors and variations in the connectivity of microbial
co-abundance networks.

In addition to being influenced by environmental factors, the plant microbiome un-
dergoes distinct changes as its host develops. As a result, it has become essential to
determine the degree of stability and variability exhibited by the microbiome over time.
Answering these questions requires a detailed study of its dynamics throughout the de-
velopmental stages of the host. This investigation extends to Chapter 3, where we have
recorded monthly changes in the leaf microbiome of Arabidopsis thaliana throughout
its growing season. This observational study was conducted in a garden experiment
between November and March. Our results revealed the existence of conserved tempo-
ral patterns: at the beginning of the plant growing season, microbial communities and
networks undergo a stabilization phase with reduced diversity and variability. Despite
the high turnover rate, we identified some core taxa that remain on Arabidopsis leaves
throughout the season, and the core microbiome is not necessarily the hub microbes in
the network. The stability of the associations between the core and/or hub microbes and
the host plant indicates a high degree of microbial adaptation to the leaf niche. This is
also the case for traits associated with dysbiosis and pathogen infection.

Studying the core and hub microbiome functions is important to better understand the



Summary

causes of dysbiosis in plants. This knowledge allows us to assist plants in the manage-
ment of dysbiosis and the effective control of pathogens. During my research, I identified
Albugo laibachii, a plant pathogen, as a potential core microbe influenced by environ-
mental factors with high impact. In Chapter 4 of my thesis, I focused on identifying
communities and microbiomes related to plant health and used them to protect plants
from pathogens. To achieve this, I employed machine learning techniques to distinguish
between infected and uninfected plants. I ranked the microbes based on their impor-
tance scores and identified important taxa that effectively discriminate between infected
and uninfected Arabidopsis plants. To investigate this hypothesis further, I examined the
pairwise interactions between these health-associated microbes and the pathogen Albugo
laibachii. In conclusion, I could identify functional redundancy in complex microbial
communities that stabilize protective equilibria to the causal agent Albugo laibachii.

Besides protecting plants from pathogens, microbes are critical for plant health as they
help provide essential nutrients like nitrogen. Some plants have nodules in their roots
where nitrogen fixation occurs. Rhizobia bacteria play a role in nitrogen fixation, but the
interactions among other microbial components involved in the process are poorly under-
stood. In Chapter S, we aimed to investigate how the soil microbiome affects the growth
of healthy Lotus plants as a model, specifically how it affects nodulation, where nitrogen
fixation occurs. In our study, I used a machine learning model to discriminate between
two different phenotypes of Lotus plants: healthy and starved. Our results showed that
non-rhizobial microbes negatively interact with ineffective Rhizobium or what we call
cheater microbes. These interactions were confirmed through correlation networks and
in planta experiments. Our research shows that the microbiome in nodules has a signifi-
cant impact on the outcome of root-nodule symbiosis.

In summary, my project has provided deep insights into plant microbe-microbe inter-
actions. It has focused on identifying critical ecological patterns for microbiome stabil-
ity and assembly. These findings help us to understand the complex relationships within
the plant microbiome, particularly under varying environmental conditions. In addition,
these findings have important implications for biotechnology. In particular, improving
plant robustness to biotic and abiotic factors by manipulating plant microbiomes as pro-
biotics through microbiome engineering.

vi



Zusammenfassung

Pflanzen haben, wie Tiere und Menschen, ein vielféltiges Mikrobiom, welches entschei-
dend fiir die Aufrechterhaltung der Gesundheit des Wirts ist und ihm hilft mit biotischen
und abiotischen Stressfaktoren umzugehen. Die Interaktionen innerhalb dieser mikrobi-
ellen Gemeinschaften, von Mutualismus bis Antagonismus, verlethen dem Mikrobiom
zusitzliche Komplexitidt und Variabilitit. Es ist jedoch eine Herausforderung, die spezi-
fische Rolle der verschiedenen Interaktionen bei der Bildung und Stabilitdt mikrobieller
Gemeinschaften zu bestimmen. Um dies zu erreichen, miissen wir die verschiedenen
Zustinde des Pflanzenmikrobioms unter schwankenden Umweltbedingungen untersu-
chen, was durch die Sammlung einer ausreichenden Anzahl von Proben zu verschiede-
nen Zeitpunkten and unterschiedlichen Orten erreicht werden kann.

Ein Beispiel fiir eine solch vielfaltige und schwankende Umgebung ist die Phyllosphire.
Sie ist der oberirdische Teil einer Pflanze und ein vielfiltiger mikrobieller Lebensraum,
der direkt verschiedenen Umweltfaktoren wie Temperatur und Regen ausgesetzt ist. Die-
se abiotischen Faktoren konnen das Blattmilieu innerhalb von Minuten, Stunden oder
Tagen schnell verdndern. In Kapitel 2 dieser Studie analysiere ich die Auswirkungen
verschiedener Umweltfaktoren auf die Mikrobiombildung in verschiedenen Komparti-
menten der Modellpflanze Arabidopsis thaliana. Im Laufe von fiinf Jahren sammelten
wir Proben aus natiirlichen Okosystemen und untersuchten das Mikrobiom auf verschie-
dene mikrobielle Gruppen, darunter Bakterien, Pilze und nicht-pilzlichen Eukaryoten.
Ich identifizierte epiphytische und endophytische Mikroben, die spezifisch auf Umwelt-
faktoren reagieren, wobei sich eine Korrelation zwischen Umweltfaktoren und Variation
mikrobieller Netzwerke herausstellte.

Das pflanzliche Mikrobiom wird nicht nur von der Umwelt beeinflusst, sondern verindert
sich auch im Laufe der Entwicklung seines Wirtes. Daher ist es wichtig, den Grad der
Stabilitdt und Variabilitit des Mikrobioms im Laufe der Zeit zu bestimmen. Die Beant-
wortung dieser Frage erfordert eine detaillierte Untersuchung der Dynamik des Mikro-
bioms wihrend der verschiedenen Entwicklungsstadien des Wirts. Im Rahmen meines
Forschungsprojekts erstreckt sich diese Untersuchung auf Kapitel 3, in dem wir monatli-
che Verinderungen im Blattmikrobiom von Arabidopsis thaliana wihrend der gesamten
Wachstumsperiode aufgezeichnet haben. Diese Beobachtungsstudie wurde in einem Gar-
tenexperiment zwischen November und Mirz durchgefiihrt. Unsere Ergebnisse zeigten
die Existenz konservierter zeitlicher Muster: Zu Beginn der Vegetationsperiode durch-
laufen die mikrobiellen Gemeinschaften und Netzwerke eine Stabilisierungsphase mit
reduzierter Diversitéit und Variabilitét. Trotz der hohen Fluktuationsrate konnten wir ei-
nige Kerntaxa identifizieren, die wihrend des gesamten Zeitraumes auf den Blittern von
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Zusammenfassung

Arabidopsis verblieben. Gleichzeitig miissen die Kernmikroben nicht notwendigerweise
den mikrobiellen Knotenpunkt im Netzwerk entsprechen. Die Stabilitit der Assoziatio-
nen zwischen den Kern- und/oder Hub-Mikroben und der Wirtspflanze deutet auf ein
hohes Mal} mikrobieller Anpassung an die Blattnische hin. Dies gilt auch fiir Merkmale,
die mit Dysbiose und Pathogeninfektion verbunden sind.

Die Untersuchung der Kern- und Knotenpunktfunktionen des Mikrobioms ist wichtig,
um die Ursachen der Dysbiose bei Pflanzen besser zu verstehen. Dieses Wissen kann hel-
fen, Pflanzen vor Dysbiose und Krankheitserreger besser zu schiitzen. Wihrend meiner
Forschung habe ich Albugo laibachii, ein Pflanzenpathogen, als eine potenzielle Kern-
mikrobe identifiziert, die von Umweltfaktoren stark beeinflusst wird. In Kapital 4 meiner
Dissertation konzentrierte ich mich auf die Identifizierung von Gemeinschaften und Mi-
krobiomen, die mit der Pflanzengesundheit in Zusammenhang stehen, und nutzte sie, um
Pflanzen vor Krankheitserregern zu schiitzen. Zu diesem Zweck setzte ich maschinelle
Lernverfahren ein, um zwischen infizierten und nicht infizierten Pflanzen zu unterschei-
den. Ich erstellte eine Rangliste der Mikroben auf der Grundlage ihrer Wichtigkeit und
identifizierte Taxa, die effektiv zwischen infizierten und nicht infizierten Arabidopsis-
pflanzen unterscheiden. Um diese Hypothese zu testen, untersuchte ich die paarweisen
Wechselwirkungen zwischen diesen gesundheitsassoziierten Mikroben und dem Patho-
gen Albugo laibachii. AbschlieBend konnten wir eine funktionelle Redundanz in komple-
xen mikrobiellen Gemeinschaften feststellen, die schiitzende Gleichgewichte gegeniiber
dem Erreger Albugo laibachii herstellen.

Mikroben schiitzen die Pflanzen nicht nur vor Krankheitserregern, sondern sind auch
entscheidend fiir die Gesundheit, da sie dazu beitragen, wichtige Néhrstoffe wie Stick-
stoff bereitzustellen. Einige Pflanzen haben Knéllchen in ihren Wurzeln, in denen die
Stickstofffixierung stattfindet. Rhizobien spielen bei der Stickstofffixierung eine grofle
Rolle, die Wechselwirkungen zwischen den anderen mikrobiellen Komponenten, die an
diesem Prozess beteiligt sind, sind jedoch kaum bekannt. In Kapital 5 wollten wir unter-
suchen, wie sich das Bodenmikrobiom auf das Wachstum gesunder Lotuspflanzen aus-
wirkt, insbesondere auf die Knollchenbildung, bei der die Stickstofffixierung stattfindet.
In unserer Studie verwendete ich ein maschinelles Lernmodell, um zwischen zwei ver-
schiedenen Phédnotypen von Lotus-Pflanzen zu unterscheiden: dem gesunden und dem
ausgehungerten Phédnotyp. Unsere Ergebnisse zeigten, dass nicht-rhizobiale Mikroben
negativ mit ineffektiven Rhizobien oder, wie wir sie nennen, mit betriigerischen Mikro-
ben interagieren. Diese Interaktionen wurden durch Korrelationsnetzwerke und in planta-
Experimente bestitigt. Unsere Forschung zeigt, dass das Mikrobiom in den Kndllchen
einen erheblichen Einfluss auf das Ergebnis der Wurzel-Knollchen-Symbiose hat.

Zusammenfassend lédsst sich sagen, dass mein Projekt tiefe Einblicke in die Interak-
tionen zwischen Pflanzenmikroben und Mikroben ermdglicht hat. Es konzentrierte sich
auf die Identifizierung kritischer dkologischer Muster fiir die Stabilitidt und den Auf-
bau des Mikrobioms. Diese Erkenntnisse helfen uns, die komplexen Beziehungen in-
nerhalb des pflanzlichen Mikrobioms zu verstehen, insbesondere unter verschiedenen
Umweltbedingungen. Dariiber hinaus haben diese Erkenntnisse wichtige Auswirkungen
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auf die Biotechnologie. Die Manipulation des Pflanzenmikrobiomen durch Probiotika
durch Mikrobiom-Engineering kann die Robustheit von Pflanzen gegeniiber biotischen
und abiotischen Faktoren deutlich verbessern.
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Chapter 1

Introduction

1.1 The microbiome of natural plants: diversity and
assembly processes

Higher organisms, including humans, animals, and plants, are closely associated with
diverse microorganisms (Berg et al., 2016, Dastogeer et al., 2020). Together, these mi-
croorganisms form what is known as their microbiome. This microbiome contains a
broad range of organisms, including bacteria, fungi, oomycetes, nematodes, algae, pro-
tozoa, viruses, and archaea (Dastogeer et al., 2020, Chaudhry et al., 2021). The plant
harbors a microbiome above and below the ground. The microbiome plays a key role
in plant growth and production, potentially increasing productivity, nutrient absorption,
and resistance to pathogens (Kroll et al., 2017). Therefore, the overall fitness of the plant
is affected not only by the plant itself but also by its microbiome. This symbiotic associ-
ation between the plant and its microbiome is known as the holobiont (Zilber-Rosenberg
and Rosenberg, 2008).

To achieve biotechnological goals such as developing plant-protective probiotics, in-
creasing productivity, and modifying ecosystems, it is essential to identify the primary
factors that influence the composition and diversity of the plant microbiome and regu-
late the complex microbe-microbe interactions (Chaudhry et al., 2021, Van Der Heijden
et al., 1998). The mechanisms essential for community assembly, diversity, and func-
tion can be categorized into stochastic and deterministic processes (Yuan et al., 2019).
Stochastic processes (e.g., birth, death and immigration shape the microbial community
structure (Sloan et al., 2006, Chen et al., 2019). These processes are challenging due
to difficulties defining and measuring stochasticity (Zhou and Ning, 2017). The second
critical factor is the deterministic (Yuan et al., 2019). I will first present current knowl-
edge on some key deterministic factors involved in microbiome assembly. They fall into
three main categories: host, abiotic (environmental factors), and biotic (microbe-microbe
interactions).
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Figure 1.1: Factors that are involved in the assembly of the plant microbiome. (A) Host
factors. (B) Abiotic factors. (C) Biotic microbial factors. Figure created with BioRen-
der.com

1.1.1 Host factors that drive microbial community formation

The host has a great influence on its microbiota. These factors include genotype, species,
organ, and developmental stage, which have been studied to demonstrate their impact
on microbiome formation (Fig. 1A). It has been observed that different plant species
can have unique microbiomes. For example, the microbiome composition of maize,
sorghum, and wheat crops differs significantly (Dastogeer et al., 2020). The plant model
organisms Arabidopsis and Lotus showed distinct microbial communities in their roots
when grown in identical soils (Wippel et al., 2021). In addition, different microbial com-
munities between different genotypes of the four Tomato species were observed in an-
other study (Runge et al., 2023). There is also considerable variability in microbial diver-
sity between different plant organs, such as the phyllosphere (above ground), rhizosphere
(below ground), and endosphere (inside of the plant) (Gupta et al., 2021). Plants support
a rich microbiota in a variety of different compartments and tissues. These include vege-
tative organs (e.g., roots and leaves). They also include reproductive and dispersal parts
such as flowers and seeds. However, in the case of plant endophytes, it is important to
consider that the host immune system controls the amount of endophytes and keeps the
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most beneficial bacterial density for the plant in all of these organs. The immune system
can prepare the plant for a faster and stronger defense response when pathogens attack
(Liu et al., 2017). But even so, the pathogens can still outcompete the plant’s defense
mechanisms and increase in abundance compared to non-pathogenic strains (Compant
et al., 2021, Brader et al., 2017). Furthermore, the microbiome undergoes significant
changes throughout the host’s life cycle, both above and below ground (Hamonts et al.,
2018, Almario et al., 2022). It has been reported that seasonal patterns show that the
roots of maize plants have a locally distinct microbiome. This microbiome changes as
the plant grows and in response to environmental factors (Walters et al., 2018).

1.1.2 Variation in the microbiome of plants as a result of
environmental factors

The sensitivity of the plant microbiome to changes in environmental factors can signifi-
cantly affect many aspects of plants, particularly the phyllosphere (Kadivar and Staple-
ton, 2003, Vorholt, 2012). Various environmental factors significantly influence micro-
bial communities in different ecosystems, including climatic elements such as precipita-
tion, temperature, drought, geographical influences, and soil properties (Fig. 1B) (Grif-
fiths et al., 2011, Sardans et al., 2008, Trivedi et al., 2022). For example, heat-triggered
transposition of a low-copy element in Arabidopsis thaliana has been shown to enhance
phenotypic diversity and can promote drought tolerance (Thieme et al., 2022). Analy-
sis of climate data and microbiome within populations of Arabidopsis thaliana showed
drought as a crucial factor affecting microbiome composition (Karasov et al., 2022). In
addition, studies have shown that drought perturbs microbial community dynamics in the
root microbiomes (Naylor et al., 2017). Furthermore, precipitation patterns are crucial
in forming microbial communities in the soil (De Vries et al., 2012). Another important
factor is rising temperature that can cause a decline in beneficial microbial populations or
increase pathogen transmission (Aydogan et al., 2018, Zhu et al., 2022). Global climate
change has the potential to affect the efficiency of agriculture worldwide, with reduced
precipitation resulting in lower accessibility of water to crops (Xu et al., 2021, Romero
et al., 2022). Additionally, the soil microbiome is critical in cycling carbon and other
minerals, helping plants grow, and degrading pollutants (Jansson et al., 2023). The mi-
crobiome regulates root growth through the release of hormones like auxins and the ab-
sorption of essential nutrients such as iron and nitrogen. Furthermore, nodules are found
in certain parts of the root system of leguminous plants, such as Fabales. Nodules play
an important role in the process of nitrogen fixation. Rhizobia bacteria are primarily re-
sponsible for nitrogen fixation. This relationship is known as the root-nodule symbiosis
(Venado et al., 2020).
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1.1.3 Biotic microbial interactions in plant

More than 3.5 billion years ago, microbes first emerged on Earth. This statement refers to
a time long before plants inhabited land around 450 million years ago. This shows that,
over this vast span of time, microbe-microbe interactions have continued to evolve and
diversify. As a result, the formation of plant-associated microbial communities has likely
been shaped by both intra- and interkingdom intermicrobial relationships (Hassani et al.,
2018). These long-term associations give rise to different types of microbe-microbe and
microbe-host interactions, including cooperative, symbiotic, and antagonistic relation-
ships (Chaudhry et al., 2021). Cooperative interactions result from nutrient interdepen-
dencies. Metabolites are exchanged between nutrient-dependent microbes to overcome
metabolic deficiencies (Morris et al., 2013). This exchange allows microbes to thrive
in metabolically poor environments and obtain costly metabolites more efficiently (Win-
termute and Silver, 2010). Another interesting form of cooperative interaction is the
formation of biofilms by microbial groups that provide protection against environmen-
tal stresses and pathogens (Braga et al., 2016). In plant-microbe interactions, symbiotic
relationships between plants and nitrogen-fixing bacteria and mycorrhizal fungi enhance
plant adaptation to nutrient-poor soils and provide defense against pathogens (Goh et al.,
2013). Conversely, competitive interactions result from resource competition and the
secretion of antimicrobial compounds. Microbes develop strategies to use limited re-
sources efficiently, while some produce antimicrobial compounds that directly suppress
the growth of other microbes (Raaijmakers and Mazzola, 2012, Hassani et al., 2018).

1.2 Using time series data for exploring microbial
temporal dynamics

Microbiomes change frequently. This makes it challenging to control ecosystem func-
tioning. Therefore, predicting and identifying the most stable state (Fujita et al., 2023)
can be aided by studying microbial dynamics. The phyllosphere is an example of such
a dynamic system. A huge bacterial population of up to 10%° cells could potentially
exist on the vast leaf surface, which is about twice the size of the land surface (Vorholt,
2012). Leaf microbial communities are constantly exposed to the arrival of new microbes
transported by wind and water. They exhibit a high degree of stochasticity, i.e., high un-
predictability and variability. Moreover, leaf communities have been shown to change
over time, reaching different stable states (Copeland et al., 2015). The dynamics of mi-
crobiome assembly in leaves (Meyer et al., 2022, Copeland et al., 2015, Rastogi et al.,
2012, Grady et al., 2019) and roots (Stopnisek and Shade, 2021) have been followed in
recent studies. Temporal dynamics of leaf microbiomes using correlation networks over
the growing cycle of a plant have been the source of observable patterns. In particular,
temporal trends are visible, and the communities and networks go through a stabiliza-
tion phase, with reduced diversity and variability at the beginning of the growing season
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(Agler et al., 2016, Almario et al., 2022). By capturing temporal variation within the
microbiome, longitudinal studies can address several key questions: How does the mi-
crobiome change and vary over time? How do microbial networks develop over time?
Within these microbial networks, which microbes are acting as the driving force? How
does the stability of the microbial networks change over time? To address these ques-
tions, I will first discuss the concept of stable components within a microbial time series.
I will then discuss methods for analyzing microbial interaction networks, identifying key
microbial drivers, and defining the stability of microbial networks.

1.2.1 Identifying the core microbiome and approaches for
characterization

Due to the complex nature of microbial communities, determining the ecological role and
importance of individual taxa is a significant challenge (Almario et al., 2022). However,
to identify functional microorganisms of importance within leaf communities, concepts
based on the persistence of specific microbes (known as core taxa) and their centrality
within microbial networks (known as hub taxa) have been used (Fig. 1C) (Agler et al.,
2016, Carlstrom et al., 2019). The search for a core microbiome has become increasingly
important in microbial ecology. A core microbiome is a set of microbial species persis-
tently found in a specific environment or in association with a certain host (Wang et al.,
2023a). Although the term core microbiome is popular and gaining increased applica-
tion, there is still limited consensus regarding its practical quantification. In practice,
the range of spatial and temporal scales at which a core microbiome can be quantified
varies, from single-site samples to global sampling of a given host category and from
single to multiple sampling over days to years. One of three methods is commonly used
to assess core microbiomes: Examining different samples from the same host or envi-
ronment for the presence of microbial taxa. Within these samples, analyze the relative
abundance of microbial taxa or use a combination of these metrics. These measurements
can be obtained from standard operational taxonomic units (OTUs), which are sequences
grouped at 97-99% sequence similarity, or amplicon sequence variants (ASVs), which
are sequences grouped at 100% sequence similarity and include the number of occur-
rences of each OTU/ASYV in individual samples (Neu et al., 2021). To study the critical
role of core microbes in improving plant health, a synthetic microbial community (Syn-
Com) could be created. These communities would consist of microbes with well-defined
taxonomic status and functional traits, allowing for comprehensive testing and analysis
(Wang et al., 2023b). SynCom serves as a model system to study microbial community
performance and stability. The construction of SynCom enables the generation of con-
trolled systems of reduced complexity, whereas natural microbial communities comprise
a range of microbes, often characterized by unknown functions (GroBkopf and Soyer,
2014).
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1.2.2 Inferring and interpreting microbial interaction networks

Microbial networks are a popular tool for studying community interactions. They pro-
vide a broad picture of ecosystem behavior at the system level (Rottjers and Faust, 2018).
Constructing correlation-based networks is a powerful strategy for transforming micro-
biome composition data into microbial interactions. In such networks, microbial taxa
are represented by nodes connected by edges (Kishore et al., 2023). Statistical signif-
icance calculations for microbial correlations often use null models. One approach is
to construct a null model by permuting the count matrix. The correlations are then re-
calculated and p-values are calculated against this null model using the permuted asso-
ciation matrices. This process helps determine the significance of the inferred correla-
tions (Rottjers and Faust, 2018). Furthermore, to keep the pairwise correlations, more
stringent thresholds for corrected p-values, such as 0.001, would be more appropriate
for preserving boundaries. It is clear that to achieve high accuracy detection with most
tools, the conventional corrected p-value of 0.05 is too low. In addition, factors such
as sequencing technology and data normalization significantly impact the identification
of correlations (Weiss et al., 2016). Although correlation-based approaches can help
construct microbial interaction networks, challenges associated with microbiome data,
such as compositionality and sparsity, should be considered when calculating correla-
tions. Sequencing microbiome data yields compositional results. The counts represent
the fraction of counts per characteristic, such as OTUs or genes, per sample, multiplied
by the sequencing depth. Therefore, only relative abundances are accessible (Gloor et al.,
2017). New methods have emerged to address the compositionality of microbiome data
for the inference of robust networks. For example, the SparCC (Friedman and Alm,
2012) and SPieCeasi (Kurtz et al., 2015) approach make it possible to estimate correla-
tions from compositional data; the sparse data matrix is assumed for both (Friedman and
Alm, 2012).

In interpreting and analyzing a constructed network, one of the approaches to finding
the important microbes in the network is hub identification. Hubs are species that have a
high number of connections to other individuals, giving them a high degree of centrality.
However, the ecological role of hub species remains unclear (Rottjers and Faust, 2018).
Several studies have shown that highly connected species act as mediators between plants
and microbiomes. These mediators are critical for maintaining plant health. In a study
focused on Arabidopsis leaves, host genetics related to microbial hubs contributed signif-
icantly to the variation in seed production. One of these microbial hubs was successfully
cultured, and its effect on plant growth under sterile conditions was confirmed. (Brachi
et al., 2022). Another study on root-associated fungi in terrestrial plants suggests that
network hubs in symbiont-symbiont networks can organize the overall dynamics of the
root-microbiome (Toju et al., 2016). Microbial hubs can benefit the entire system by
recruiting helpful organisms or suppressing pathogen invasion to increase overall fitness.
For example, the obligate biotrophic oomycete pathogen Albugo has been studied as a
hub microbe with significant effects on both epiphytic and endophytic bacterial colo-
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nization. Albugo infection significantly reduces alpha diversity, highlighting its impact
on the configuration of microbial communities (Van Der Heijden and Hartmann, 2016,
Agler et al., 2016). The results demonstrate microbial networks’ complex and significant
role in shaping microbiomes. They can have direct application to ecosystem health and
stability.

1.3 Digging into the characterization of microbes
impacting plant health

The health of a plant is closely linked to the presence and diversity of co-existing mi-
crobes. This can be evidenced by comparing the microbial diversity in healthy and dis-
eased plants (Sweet and Bulling, 2017). Developing new techniques for better analysis of
the microbiome results from sequencing can help predict the microbiome that can help to
cope with disease and improve plant health and productivity (Yuan et al., 2020). Among
those techniques, machine learning has become an essential tool in microbiome research
with many applications. These applications include predicting host and environmental
phenotypes, classifying microbial properties, investigating interactions within the micro-
biome, and tracking changing microbiome composition. The successful implementation
of these methods has been thoroughly reported (Herndndez Medina et al., 2022). Here, I
look at machine learning techniques and their significant impact on microbiome research.

1.3.1 Machine learning techniques and their applications in
microbiome research

Advances in sequencing technology have made it possible for microbiome studies to
be conducted with large sample sizes. These large datasets allow the use of machine-
learning techniques to investigate associations between microbiomes and multiple traits
(Namkung, 2020). The use of microbiome information to diagnose disease is becoming
increasingly popular. However, due to the highly variable architecture of the microbiome
among individuals, identifying the bacterial populations associated with disease using
traditional statistical models is challenging (Topcuoglu et al., 2020). Machine learning
algorithms encompass a variety of computational and statistical techniques for analyzing
data to construct and enhance predictive models (Herndndez Medina et al., 2022).
Machine learning methods can be broadly divided into two categories based on their
approach to modeling: unsupervised learning and supervised learning. Unsupervised
learning serves two main purposes in microbiome research: grouping data points ac-
cording to pairwise similarity measures, known as clustering, or deriving representative
features from various variables, known as dimension reduction. Particularly in biol-
ogy, and especially for genetic data, hierarchical clustering (Namkung et al., 2016) and
K-means clustering (Bhalla et al., 2017) have been widely applied. For instance, hi-
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erarchical clustering produces dendrogram-like structures that group samples based on
similarities.

To predict disease risk, supervised learning uses microbiomes as biomarkers associ-
ated with an increased risk of certain diseases, such as cancer or diabetes. These super-
vised learning methods can be categorized based on the types of trait values they predict,
specifically as classifying or regressing. Classification is the prediction of the category
to which a sample will be assigned, while regression is the prediction of continuous
numbers. Among the many supervised learning methods, some of the most commonly
used ones are support vector machine and random forest (Namkung, 2020). For example,
classifiers have revealed microbial community patterns in soils affected by Fusarium wilt
under field conditions (Yuan et al., 2020). Similarly, by identifying specific taxa involved
in nitrogen utilization, random forest machine learning accurately predicted productivity
based on microbiome composition at the order level (Chang et al., 2017). In study-
ing the nodule microbiome in healthy and starved plants, we investigated how it interacts
with nodulation, a process influenced by the soil microbiome. Metabarcoding techniques
were used to profile nodule communities. Bacteria of interest were identified using ma-
chine learning and network analysis (Crosbie et al., 2022). Another study revealed the
composition of bacterial communities in disease-suppressed soils using a combination of
metadata analysis and machine learning. Firmicutes and Actinobacteria increased signif-
icantly in disease-suppressed soils. At the same time, Proteobacteria and Bacteroidetes
decreased. Using machine learning to identify potentially valuable biomarker genera,
the models effectively discriminated between disease-suppressed and disease-supportive
soils (Zhang et al., 2022).
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1.4 Aim of the thesis and objectives

For my Ph.D., I aimed to improve the understanding of multi-kingdom microbial inter-
actions associated with plants. I collected environmental plant microbiomes and used
various computational methods to analyze them. I aimed to analyze the microbiome
and identify patterns that may emerge under varying environmental conditions. Subse-
quently, I conducted controlled experiments to investigate the microbiome analysis re-
sults and aimed to improve plant health. It is known that different factors are involved in
forming the phyllosphere microbiome (Meyer et al., 2022, Bowsher et al., 2021). How-
ever, studies on multi-kingdom surveys in long-term studies are limited (Almario et al.,
2022).

The first objective of my project was to answer how different abiotic and biotic fac-
tors are involved in the formation of the phyllosphere microbiome in the long term. To
study this objective, which is further discussed in Chapter 2, my colleagues and I col-
lected the microbiome data from Arabidopsis thalina model plant in different time points
from the natural ecosystem. First, I examined the ecological abiotic forces forming the
leaf microbiome. In the face of global change, plant species are exposed to extreme and
often unpredictable environmental stresses such as temperature and precipitation. Un-
derstanding the relationship between these factors and the plant microbiome can provide
guidance for helping plants adapt to these stressors (Karasov et al., 2022, Desaint et al.,
2021). Toward this direction, I examined the influence of different environmental factors
on microbial interactions.

While most leaf microbes are highly variable across environments and time periods,
certain microorganisms are consistent in plant populations (Karasov et al., 2018). Previ-
ous studies have used concepts based on a microbe’s persistence core taxa and/or its im-
portance in microbial networks as hub taxa to identify key microorganisms in leaf com-
munities (Agler et al., 2016, Carlstrom et al., 2019). Therefore, I turned to Chapter 3 of
my thesis to examine the temporal dynamics of leaf microbiomes over the growing sea-
son of the plant. Furthermore, it is important to determine which microbial groups persist
during the growing season of plants in microbial interaction networks. To achieve this
objective, we designed a common garden experiment and collected microbiome samples
from November to March across various stages of Arabidopsis growth. I used microbial
co-abundance networks to study the interactions and variability of microorganisms over
time. Subsequently, I analyzed stable core microbes to see how microbial interactions
affect stability.

Plant health is highly connected to its microbiome. Understanding the relationships
between microbes is necessary to uncover potential mechanisms that protect plants from
pathogens. Albugo laibachii, an oomycete pathogen of natural populations of Arabidop-
sis thaliana. 1dentified in my analysis in Chapter 3 as potential core and hub taxa (Agler
et al., 2016). I investigated whether the microbiome’s structure changes in the presence
of this pathogen. To achieve this objective, I used various machine learning predictive
models to differentiate between infected and uninfected plants. The study aimed to deter-
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mine whether the microbiome suppresses pathogens that affect plant health. The analysis
results were tested in a controlled laboratory condition by performing pairwise interac-
tions between the microbiome associated with plant health and the pathogen; this part
covers the Chapter 4 of this thesis.

The plant microbiome is also critical for making nutrients (such as nitrogen) avail-
able to the plant. Legumes have evolved a mutualistic interaction with nitrogen-fixing
Rhizobia. The bacteria are harbored and fed in root organs called nodules in exchange
for ammonia (Crosbie et al., 2022). In Chapter 5, we explored the research question
of which microbes are involved in effective nodulation processes and thus contribute to
better nitrogen fixation for plant health. I used a machine learning model to compare
microbiome data from healthy and starved Lotus plants. Our goal was to identify the
microbes that influence these predictions. In addition, we focused on studying the role
of the discriminating microbes in an experimental investigation.

In summary, my study in this thesis used various microbiome data from different en-
vironmental conditions to explore the role of biotic and abiotic factors in shaping the
plant microbiome. I investigated the use of microbes for plant health. These findings
are essential in designing complex probiotics that protect microbial communities from
dysbiosis.

10
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Abstract

Leaf-associated microbial communities can promote plant health and
resistance to biotic and abiotic stresses. However, the importance of
environmental cues in the assembly of the leaf endo- and epi-microbiota remains
elusive. Here we aimed to investigate the impact of seasonal environmental
variations, on the establishment of the leaf microbiome, focusing on long-term
changes (five years) in bacterial, fungal, and non-fungal eukaryotic communities
colonizing the surface and endosphere of six wild Arabidopsis thaliana
populations. While leaf-microbial communities were found to be highly stochastic,
the leaf niche had a predominant importance with endophytic microbial
communities consistently exhibiting a lower diversity and variability. Furthermore,
our analyses revealed that among environmental factors, radiation and humidity-
related factors are the most important drivers of diversity patterns in the leaf,
albeit with stronger effects on epiphytic communities. Using linear models, we
further identified 30 important genera whose relative abundance in leaf
compartments could be modeled from environmental variables, suggesting
specific niche preferences for these taxa. With the hypothesis that these
environmental factors could impact interactions within microbial communities,
we analyzed the seasonal patterns of microbial interaction networks across leaf
compartments. We showed that epiphytic networks are more complex than
endophytic, and that the complexity and connectivity of these networks are
partially correlated with the mentioned environmental cues. Our results indicate
that humidity and solar radiation function as major environmental cues shaping
the phyllosphere microbiome at the micro-scale (leaf compartment) and macro-
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scale (site). These findings could have practical implications for selecting and
developing field-adapted microbes in the face of, and for predicting microbial
invasions in response to global change.

Keywords: Leaf microbiome, leaf compartments, microbial network,
environmental factors.

Introduction

Leaves are colonized by various microbes including bacteria, fungi, oomycetes, and protists
[1]. This leaf microbiota can play a beneficial role in protecting plants against biotic and
abiotic stressors, thus ultimately promoting plant growth and fitness [2-6]. Within the
microcosm of the leaf, distinct compartments emerge, primarily characterized as epiphytic
(surface) and endophytic (internal tissues). Despite their proximity, these zones have
different characteristics. The leaf surface is covered by a hydrophobic cuticle layer that
prevents water loss from the leaf surface. This environment comprises components like wax
and cutin [7], along with trichomes, which can protect against UV light and mediate leaf
temperature [8]. Whereas, within the leaf interior, a vast area known as the apoplast that
facilitates gas and water exchanges for photosynthesis. This environment, with its higher
humidity, is also subjected to microbial colonization [9]. In addition, the apoplast can be
subject to pH fluctuations in response to biotic stresses such as pathogen attack and abiotic
factors such as salinity or drought [10]. Due to their different characteristics, these two niches
may favor certain microbes and make it difficult for others to survive. In this context, it is not
well known how environmental cues differentially shape the microbial communities
occupying these two niches.

Environmental factors (e.g., light and humidity) significantly affect all microbial
communities in different ecosystems and the phyllosphere [11, 12]. Light, as a fundamental
element of living organisms, is essential not only for plant photosynthesis and growth but it
also mediates plant-microbe interactions. The presence of photoreceptor proteins in
microorganisms enables them to detect light to use for adhesion to host tissues for
colonization, and for DNA repair [13]. In particular, UV light can enhance plant defense
mechanisms by stimulating the production of defense-related compounds such as salicylic
acid and jasmonic acid, which strengthen plants against pathogens [14]. In addition, the
availability of water and nutrients is critical for plant health and ecosystem balance [15].
Precipitation has been shown to play a significant role as a primary driver in shaping fungal
communities and facilitating the spread of fungal plant pathogens via rain droplets [16, 17].
Accordingly, precipitation has a significant effect on the composition of soil microbial
communities [18]. Although some research has investigated the effects of environmental
factors on leaf microbiomes, there remains a lack of studies focusing on the effects of such
factors on different microbial communities within leaf compartments.

Microbes often interact with each other through various relationship types, such as
mutualism or antagonism, and can develop complex plant-associated communities that can
change throughout the growing season of the host [19, 20]. The use of microbial interaction
network analysis has been useful in understanding the variability and stability of these
communities under changing environments [21-23]. For example, the complexity of
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microbial networks has been linked to community stability, as seen in a long-term study of
grassland soil microbiome, showing that warming increases the complexity of microbial
network (e.g., size and connectivity) [24]. Environmental stresses (decreasing water
availability, nutrients, and vegetation) have been shown to have impact the stability of
microbial communities by decreasing richness and altering the ratio of positive and negative
interactions [25]. However, how plant-associated microbial communities respond to
changing environmental conditions has rarely been studied using multi-kingdom microbial
interaction networks.

Microbiota associated with plants and animals undergo seasonal fluctuations shaped by
environmental cues and perturbations [26, 27]. In plants, research has shown that the
microbiome tends to become more tissue-specific throughout the host developmental
stages [28], but these communities remain highly stochastic. For example, tracking the leaf
microbiome of Arabidopsis thaliana during its growing season from November to March in
common garden experiments revealed overall high variability with some conserved patterns
[29]. These conserved patterns were characterized by identifying more persistent microbes
known as core microbes. Among these core microbes, some members of plant pathogens,
such as Peronosporales, increased throughout the growing season, reaching maximum
values in March which aligns with the disease dynamics of downy mildew in Brassicaceae,
known to be favored by cold, wet weather [29]. However, despite the recognized importance
of longitudinal microbiome data, few studies have used environmental data to explain
observed temporal dynamics in the plant-associated microbiota.

The objective of this research was to link temporal changes in the leaf microbiome of
natural Arabidopsis thaliana populations, with naturally occurring environmental factors, in
a long-term study. We hypothesized that leaf-associated microbiomes occupying the
epiphytic or the endophytic compartment would respond differently to environmental cues.
Using amplicon sequencing, we tracked leaf microbial communities (bacteria, fungi, and non-
fungal eukaryotes) during fall and spring seasons, over five consecutive years. Our results
revealed that while many environmental factors shaped these communities, the leaf niche
emerged as the most important factor. Endo- and epiphytic microbial communities exhibited
distinct responses to environmental cues, with radiation- and humidity-related factors
appearing to have a greater influence on the diversity and structure of these communities.
We further identified 30 microbial taxa showing distinct responses to certain environmental
cues, suggesting some level of niche preference among leaf-colonizing taxa. By examining
microbial interaction networks between epiphytic and endophytic communities, we further
found that community cohesion, a measurement of connectivity, could be correlated with
specific environmental factors suggesting that certain environmental cues can drive
community stability.

Results

Leaf epiphytic and endophytic microbial communities differ in diversity and structure

With the aim to study the impact of environmental cues on the temporal dynamics of the
leaf endo- and epi-phytic microbiota, we collected samples from six locations (sites) with
stable A. thaliana populations in the proximity to Tu“bingen (south Germany)(Fig. 1A) [30]
over two seasons (fall and spring), and five years (Fig. 1C; see Table. S1). We then correlated
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changes in the leaf microbiota with environmental variables measured locally (14
environmental factors with monthly resolution, Table. S2). Fall sampling covered the early
growth phase of A. thaliana while Spring sampling covered the early reproductive stage.
From each sample, we recovered epiphytic and endophytic microbial communities, extracted
genomic DNA, and performed bacterial 16S rRNA, fungal ITS2, and eukaryotic 185 rRNA
amplicon sequencing (Fig. 1D), as described in [30]. In the analysis of the 18S eukaryotic data,
all microbes that belonged to the kingdom fungi were excluded. We refer to this data as non-
fungal eukaryotes (NFEuk).
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Figure 1. Microbial community collection in natural A. thaliana populations over time. (A)
Map showing the six sampling locations of natural A. thaliana in southern Germany near
Tibingen [30]. The heatmap on the map represents average variation in solar radiation of
sampling locations (downward surface shortwave radiation (srad)). (B) Environmental
variables (14; Table. S2) used in this study were obtained from the TerraClimate database
[47]. (C) Plants (n = 351) were collected in the fall and spring of five consecutive years
(starting spring 2014, ending spring 2019, 11 time points). (D) Leaf epiphytic and endophytic
fractions collected from each sampled rosette (Table. S1). Microbiome analysis was
conducted via lllumina-based amplicon sequencing (Miseq 2x300 bases). Taxonomic markers
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included the bacterial 16S rRNA V5-V7 region, fungal ITS2, and 18S rRNA V9 region of
eukaryotes.

To investigate the effect of the “compartment” (endophytic vs epiphytic fractions; Fig. 1),
the ”site” and the “season” on leaf-associated microbial communities, we conducted multiple
diversity analyses. Permutational multi-variate analysis of variance (PERMANOVA) results
show that the leaf “compartment” emerges as the primary driver of the structure of
microbial communities (Fig. 2A). In particular, it exerts a major influence on the structure of
bacterial (8.4% explained variance) and non-fungal eukaryotic communities (11.8%). Fungal
communities appeared much less constrained by the leaf compartment (2.3% explained
variance) and were more influenced by the sampling site (5.7%). These analyses further
revealed a marginal effect of the ”"season” (explaining 0.8% to 3% of the variance).
Accordingly, non-metric multidimensional scaling (NMDS) plots showed a clear separation
between epiphytic and endophytic samples for bacterial and non-fungal communities, while
fungal communities exhibited the smallest separation (Fig. 2B).

Alpha-diversity measures (Shannon’s index, related to the number of taxa in the
community) show that leaf endophytic communities were 1.6 to 2.6 times less diverse than
their epiphytic counterparts (Fig. 2C). Additionally, the diversity of the endophytic
communities appeared less variable between seasons, than that of epiphytic communities
which showed significant changes between seasons (Fig. S1A). A notable exception were
endophytic bacterial communities which were significantly more diverse in the fall than in
the spring (Wilcoxon'’s test, P < 0.0001 ) (Fig. S1A).

Differences in epiphytic and endophytic communities were associated with the
enrichment of major microbial orders (overall most abundant orders; Fig. 2D). Among
bacteria, Rhizobiales and Flavobacteriales were more abundant among epiphytes (1.1 times
and 1.2 times, respectively), while Burkholderiales and Pseudomonadales were more
abundant among endophytes (1.9 and 5 times more, respectively). Among fungi, Tremellales
basidiomycetes and Capnodiales ascomycetes were more abundant in the epiphytic fraction
(1.2 times and 1.4 times, respectively), while ascomycetes from the Helotiales were enriched
in the endophytic fraction (1.1 times). In addition, non-fungal eukaryotic orders enriched in
the epiphytic compartment included green algae Watanabeales and Klebsormidiales, as well
as the cercozoan Cryomonadida (3.5 times, 7.8 times and 2.9 times, respectively).
Surprisingly, green algae from the Chlamydomonadales were 1.3 times more abundant in
endophytes. Finally, Albuginales, known to harbor the plant biotrophic pathogen Albugo,
were 6.4 times more abundant among endophytes. These results illustrate the extent of
preference that major leaf-associated microbes have for either the epiphytic niche or the
endophytic niche.
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Figure 2. Multivariate analysis on factors structuring leaf communities. (A) A PERMANOVA
analysis on Bray-Curtis dissimilarities. Circles depict the percentage of variance explained by
factors ‘compartment’, ’site’, and ‘season’; connecting lines depict the percentage of variance
explained by interactions between factors, and the thickness of lines shows the strength of
explained variation. Only significant effects are shown (permutations 10,000, P < 0.05,
explanatory categorical variables: compartment x site x season). (B) Non-metric
multidimensional scaling ordination (NMDS) analysis of epiphytic and endophytic samples
measured by Bray-Curtis dissimilarities in bacterial, fungal, and non-fungal eukaryotes. (C)
Alpha-diversity measures (Shannon’s H index) of epiphyte and endophyte samples. The box
plots display individual samples as dots. (D) Average relative abundances of the top five most
abundant microbial orders in epiphytic and endophytic samples. Asterisks indicate significant
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differences based on Wilcoxon’s test: n.s. (P >0.05), * (P<0.05), ** (P<0.01), *** (P<0.001),
and **** (P <0.0001).

Endophytic and epiphytic microbial communities respond differently to environmental cues

We hypothesized that the major differences observed between endo- and epiphytic
communities are partially explained by the fact that these communities respond differently
to major environmental cues. To test this hypothesis, we evaluated the effect of 14 selected
environmental factors on community structure (PERMANOVA on Bray-Curtis dissimilarities)
and alpha-diversity (correlation of environmental factors with communities alpha-diversity),
in each of these niches. The fourteen environmental variables selected (Fig. 1B and Table. S2)
showed variability across seasons, years and/or sampling sites (Fig. S2). While all
environmental factors significantly impacted the structure of leafassociated microbial
communities, marginal effects were observed for most of the factors with very low
percentages of variance explained (0.5 to 1.9, P < 0.05) (Fig. 3A, Table. S3). Notably, bacterial
communities were more affected by solar radiation and humidityassociated factors like vapor
pressure, precipitation and evapotranspiration (actual and potential) than micro-eukaryotic
communities (fungal and non-fungal) (Fig. 3A). More pronounced effects were found when
considering the correlations between these environmental factors and per-sample microbial
alpha-diversity. While factors associated with temperature (minimum and maximum) and
high humidity (vapor pressure, precipitation, and soil moisture) had overall positive effects
on microbial alpha-diversity, solar radiation had an overall negative effect. A notable
exception was that solar radiation was positively correlated to higher fungal diversity,
specifically on the leaf surface (epiphytic fraction) (Fig. 3B). This suggests that increased
radiation levels may stimulate the growth or proliferation of certain fungal species adapted
to thrive under such conditions.

Interestingly, certain factors had stronger effects on one niche or one microbial group. For
example, in comparison to their epiphytic counterparts, the alpha-diversity of endophytic
micro-eukaryotic communities (fungal and non-fungal), showed overall fewer significant
correlations with the analyzed environmental factors (5 vs 17 significant correlations). This
aligns with the previous observation that micro-eukaryotic alpha diversity is less variable
inside the leaf (endophytic) than on the leaf surface (Fig. 2C and Fig. S1), suggesting that
these communities are more resistant and/or resilient to environmental perturbations.
Interestingly, these trends did not hold for bacterial alpha-diversity which correlated with
several factors both for endophytic and epiphytic communities (10 vs 7 significant
correlations). Some factors associated with water loss from the plant (wind speed and
actual/potential evapotranspiration) had contrasting effects on microbial diversity
depending on the niche considered, with negative effects on endophytic diversity (fungal
and/or bacterial communities) and positive effects on epiphytic diversity (bacterial and/or
micro-eukaryotic communities). Taken together these results suggest that environmental
factors influence microbial communities differently depending on their habitat and their
broad phylogenetic group.
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Figure 3. Effects of environmental factors on microbial community structure and alpha
diversity. (A) Heatmap displaying explained variance in PERMANOVA models (R? value;
BrayCurtis dissimilarities) indicating the influence of individual environmental factors on
microbial community structure, within each leaf compartment. (B) Heatmap showing
Spearman correlation coefficients (p) between alpha-diversity (Shannon’s H index) and
environmental factors, in each compartment. Only significant results are displayed (P < 0.05).

The abundance of specific taxa in different leaf compartments can be inferred from certain
environmental data

Further analyses aimed to assess the impact of key environmental factors on the relative
abundance of major microbial genera. To this end we used a GLM approach (generalized
linear models) to assess the response of selected genera, in each leaf compartment. These
analyses revealed significant effects for at least one environmental factoron the relative
abundance of most taxa: 91% of the bacterial genera, 85% of the fungal genera and 86% of
the non-fungal genera (FDR-corrected P < 0.05; Table. S4). When examining the 30 most
responsive genera shared between epiphytic and endophytic compartments (those with the
highest average coefficient values in the GLMs)), we found that they were mainly impacted
by precipitation, soil moisture, maximum temperature, drought, radiation, and vapor
pressure. Yet, no single factor was significant for all these taxa (Fig. 4). In this subset, the
relative abundance of the considered bacterial genera on the leaf surface (epiphytes) was
more often impacted by the considered factors than their endophytic counterparts, but the
effects were marginal (coefficients below 0.01). Overall, radiation had a positive effect on the
relative abundance of most of these taxa in the epiphytic compartment, while factors
associated to high humidity (precipitation, vapor pressure and potential evapotranspiration)
had mixed results with negative effects on Sphingomonas and positive effects on
Flavobacterium. For endophytic bacteria, the strongest effects were observed for
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Chapter 2 Environmental factors shape the leaf microbiome of Arabidopsis

Pseudomonas relative abundance which increased with higher radiation and lower humidity
(lower soil moisture and lower potential evapotranspiration), and Sphingomonas relative
abundance which increased with higher humidity (higher soil moisture and lower wind
speed). These differential responses are probably associated with different niche preferences
for these taxa.

Like bacteria, the relative abundance of major fungal taxa on the leaf surface (epiphytes)
was more frequently influenced by the considered factors than their endophytic
counterparts. However, the effects observed were mostly marginal (coefficients below 0.01).
Notably, radiation and precipitation yielded mixed results. High radiation and humidity
(precipitation) negatively impacted the abundance of fungal taxa Cladosporium, Boeremia,
and Vishniacozyma, while increasing the abundance of Titaea (Tetracladium), a Helotiales
fungus which is known to thrive in water environments [31].

Similarly, the relative abundance of major non-fungal eukaryotic taxa on the leaf surface
(epiphytes) was more responsive to environmental factors than their endophytic
counterparts, albeit with mostly marginal effects (coefficients below 0.01). Overall,
temperature and precipitation had a positive impact on the relative abundance of most taxa
in the epiphytic compartment. Specifically, precipitation increased the relative abundance of
green algae Chloridium and Klebsormidium in the leaf surface (epiphytic), which is in line with
the fact that these organisms proliferate in light-exposed high-humidity environments. The
most striking results were observed with the pathogenic biotroph Albugo (oomycete) whose
abundance inside the leaf was negatively impacted by high humidity indicators (high
potential evapotranspiration, low wind speed) and promoted by high maximum
temperatures, suggesting this pathogen invades the leaf under dry heat conditions.
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Figure 4. Association between environmental factors and relative abundance of microbial
genera among epiphytic and endophytic compartments. (A) The values of the heatmaps
show coefficient values of environmental factors in modeling the relative abundance of
microbial genera using GLM. Negative values indicate genera that decrease with these
environmental factors, while positive values indicate genera that increase. Only significant
relations (P < 0.05, FDR-corrected) are displayed. (B) The histograms display the average
relative abundances of selected microbial genera in each compartment. (B) Average relative
abundance of selected genera present in epiphytic and endophytic compartments, and
highly influenced by environmental factors (highest average coefficient values).

Microbial networks and community cohesion are driven by major environmental cues

We conducted a microbial network analysis to explore changes in the interactions among
microbes in the epiphytic and endophytic compartment, aiming to assess the impact of
environmental factors on the connectivity of these communities. Microbial networks were
constructed for each of the eleven sampling times, and a comparative examination was
carried out between the epiphytic and endophytic networks (Fig. 5A). It is worth noting that
the epiphytic network had a greater complexity than the endophytic network with a larger
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number of nodes (OTUs) and edges (correlations between taxa). On average, the epiphytic
compartment contained 15.1 times more nodes and 79.7 times more edges (559 nodes and
3348 edges) than the endophytic compartment (37 nodes and 42 edges).

Further analyses were conducted to investigate the potential correlation between the
complexity of microbial interaction networks (number of nodes and connectivity) and
environmental factors. The findings revealed that from the 14 factors analyzed only two
factors: precipitation and soil moisture, significantly correlated with the number of nodes in
epiphytic networks (r = 0.7, P < 0.05) (Fig. 5B), while no significant correlations could be
drawn for endophytic networks (P > 0.05) (Fig. 5C, Table. S5).

We further investigated whether the connectivity of microbial communities, which
considers the strength of positive and negative interactions, could be explained by these
environmental factors. To this end, we computed a community cohesion metric previously
proposed [32]. Our analysis unveiled that epiphytic communities exhibited significantly
higher cohesion levels compared to endophytic communities (P < 0.001) (Fig. 5D). Among
environmental factors shaping community cohesion (Fig. S3), radiation exhibited the highest
positive effect both for epiphytic and endophytic networks, along with factors associated
with low humidity such as low vapor pressure and low precipitation (Fig. 5E). Taken together
these results suggest that higher humidity is associated with bigger (more nodes) microbial
networks on leaf surfaces, while increased solar radiation and low humidity are associated
with overall more connected networks (higher cohesion).
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Figure 5. Correlating microbial network complexity and environmental factors. (A) Data
from each time point was used to reconstruct co-abundance networks for epiphytic and
endophytic compartments. The nodes (dots) represent OTUs, and the edges (colored lines)
depict potential positive and negative interactions between OTUs (connections). Gray lines
(connecting the networks) show nodes conserved in networks from one-time point to the
next (inherited nodes). (B-C) Correlation between the number of nodes and monthly
precipitation and soil moisture in the epiphytic and endophytic compartments across time
points ( Pearson correlation coefficient r, P < 0.05). (D) Total cohesion (sum of positive
cohesion and the absolute value of negative cohesion) in epiphytic and endophytic samples.
(E) Correlations between total cohesion and solar radiation, vapor pressure or precipitation,
across leaf compartments (Spearman correlation coefficient p, P < 0.05). The grey lines
indicate 95% confidence intervals. Individual samples are represented by dots and colored
by compartments.

Discussion

The phyllosphere is a system directly exposed to various environmental factors such as light
and humidity. All these factors can cause significant perturbations to the microbiome of the
leaf [29, 33]. This leads to a fundamental question: to what extent do seasonal environmental
factors determine the different dynamics of epiphytic and endophytic microbial
communities? To address this fundamental ecological question, we have conducted a
comprehensive, five-year investigation of the leaf microbiome of Arabidopsis thaliana from
natural populations in six different geographical locations [30] (Fig. 1). Our results highlight
the significant influence of plant compartment, site location, and sampling season on shaping
microbial communities, elucidating 14.6-25.7% of their variability, including bacteria, fungi,
and non-fungal eukaryotes (Fig. 2), consistent with results from previous studies [30, 34—-39].

In our analysis, we identified the leaf compartment as the primary factor driving the
variation in the bacteria and non-fungal eukaryotes, resulting in a lower level of alpha
diversity among the endophytes (Fig. 2). This finding supports the hypothesis that the
diversity gap might result from different conditions within these niches. Endophytic
microbiomes face obstacles such as apoplastic acidity and oxidative stress [40], as well as
nutrient deficiencies [41]. These are likely to affect their diversity patterns. These challenges
may therefore be responsible for the observed lower endophyte diversity. Conversely, the
observed higher diversity among epiphytes suggests that the leaf surface, which is more
exposed to environmental elements, provides more favorable conditions for microbial
proliferation than the protected environment within the plant. In addition, it’s important to
recognize the potential influence of environmental factors on microbial communities
distributed within these compartments.

We found that solar radiation correlated negatively with microbial alpha diversity (Fig. 3).
This effect could occur directly by damaging microbial DNA, especially on the leaf surface.
Alternatively, it could affect diversity indirectly by promoting the production of reactive
oxygen species (ROS) that inhibit the growth and diversity of sensitive species. Long-term
low-dose ionizing radiation has been shown to affect soil microbial communities by inhibiting
predatory or parasitic fungi [42]. For example, we found a reduction in the abundance of the
fungus Cladosporium in response to solar radiation. While Cladosporium species are
melanized filamentous fungi, and melanin can typically protect them from UV radiation, our
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results contradicted this expectation [43]. Interestingly, we observed an increase in
endophytic Pseudomonas species favored by solar radiation, possibly due to their pigment-
producing abilities. This suggests that bacteria in the plant microbiome may use pigments as
a protective mechanism against ROS, which is particularly important under high UV radiation
or intense light [44, 45]. While analyzing microbial interaction networks, solar radiation
emerged as an important factor positively correlated with their cohesion. This suggests that
radiation may increase the strength of interactions. This may represent a survival strategy
whereby microbes form stronger bonds or dependencies to cope with the environmental
stress imposed by radiation exposure, thereby increasing resilience to external
perturbations.

Humidity-related factors, such as precipitation and vapor pressure, emerged as significant
contributors to higher microbial alpha-diversity (Fig. 3). This was expected as humidity
influences microbial diversity by modifying substrate diffusion [46] and facilitating microbial
dispersal via rain, as demonstrated for fungal diversity [16, 17]. However, we found negative
correlations between high humidity parameters (precipitation and vapor pressure), with
microbial network cohesion. This suggests that under conditions such as precipitation,
microbes may choose strategies such as adhesion over motility, potentially reducing the
connectivity of microbial interactions. In addition, intense precipitation may physically
disrupt microbial habitats and structures, such as biofilms or microbial aggregates, leading
to temporary disintegration of microbial networks and reduced cohesion. Alternatively,
during periods of high precipitation or humidity, microbial communities may allocate more
resources to survival mechanisms such as biofilm formation or stress response pathways
rather than investing in microbial interactions.

Conclusions

Our study conducted a comprehensive analysis of leaf microbiomes over an extended period,
revealing the leaf compartment as the primary determinant shaping microbial communities.
In addition, we highlighted the critical role of environmental cues in shaping the diversity,
composition, and interactions among microbes within leaf compartments. In particular, we
identified specific microbial communities that respond to these environmental cues. By using
cohesion as a metric to quantify microbial community connectivity [32], we illuminated how
external environmental factors can alter internal microbial interactions. Our study introduces
a novel approach for investigating temporal community dynamics in natural, host-associated
microbiomes. In addition, our findings hold promise for advancing the modeling and
prediction of microbial community dynamics over time using insights into environmental
influences. Understanding these processes could potentially guide efforts to direct microbial
communities toward desired states, with valuable implications for ecosystem management
and sustainability.

Method

Collection of Arabidopsis thaliana samples and environmental data

Wild Arabidopsis thaliana samples were collected from six sites near Tibingen. In the fall and
spring over five years (2014-2019, 11 time points, Table. S1). Epiphytic and endophytic
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microorganisms were collected from each sample, as described in Agler et al. [30]. In brief,
rosettes were washed gently with water for 30 sec, then in 5 ml of epiphyte wash solution
(0.1% Triton X-100 in 1x TE buffer) for 1 min. Epiphytic microorganisms were collected by
filtering the solution through a 0.2 um nitrocellulose membrane filter (Whatman, Piscataway,
NJ, USA). The filter was placed in a screw-cap tube and frozen in dry ice. For collecting
endophytic fractions, the rosette was then surface-sterilized by washing with 80% ethanol
for 15 sec, followed by 2% bleach (sodium hypochlorite) for 30 sec. Rosettes were rinsed
thrice with sterile autoclaved water for 10 sec, before placing them in a screw-cap tube and
freezing them on dry ice. Phenol-chloroform-based DNA extraction was performed according
to a custom protocol as described in Agler et al. [30]. The extracted DNA was used for two-
step PCR amplification of the V5-V7 region of bacterial 16S rRNA (primers 799F/1192R), the
fungal ITS2 region (primers fITS7/ITS4), and V9 region of eukaryotic 18S rRNA (primers
F1422/R1797) (Table. S6). Blocking oligos were used to reduce amplification of plant DNA
(Table. S6). Purified PCR products were pooled in equimolar amounts before sequencing in
[llumina MiSeq runs (Miseq 2x300 bases) spiked with PhiX genomic DAN to ensure high
enough sequence diversity. Fourteen environmental factors (Fig. 2B) were collected from
TerraClimate [47] for each sampling month (Table. S3). The TerraClimate database has a
monthly temporal resolution and approximately 4 km (1/24th degree) spatial resolution [47].

Amplicon sequencing data analysis

Amplicon sequencing data was processed in Mothur (version 1.42.3) [48, 49] as described in
Almario et al. [29]. Single-end reads were combined to make paired-end reads (make.contigs
command), and paired reads with less than five bases overlap between the forward and
reverse reads were removed. Only 100-600 bases long reads were kept (screen.segs).
Chimeric sequences were detected and removed using Vsearch [50] in Mothur
(chimera.vsearch, remove.seqs). Cutadapt 2.10 [51] was used to trim primer sequences from
16S rRNA and 18S reads. For fungal reads, we used ITSx 1.1b [52] to trim reads to only the
ITS2 region. Sequences were clustered into Operational Taxonomic Units (OTUs) at 97%
similarity threshold (cluster, dgc method), and abundance filtering was applied to retain
OTUs with more than 50 reads (split.abund) and OTU tables were generated (make.shared).
OTUs were taxonomically classified (classify.otu) based on the Silva database [53] (version
138.1) for bacterial 16S rRNA data, the UNITE_public database [54] (version 02_02_2019) for
fungal ITS2, and the Pr2 [55] (version 4.12.0) for eukaryotic 18S rRNA. The PhiX genome was
included in each of the databases to improve the detection of remaining PhiX reads. OTUs
classified as chloroplast, mitochondria, Arabidopsis, Embryophyceae, unknown, and PhiX
were removed (remove.lineage).

Diversity and multivariate analysis

OTU tables (bacteria, fungi and non-fungal eukaryotes) were modified by removing samples
with less than 50 reads. OTU abundance tables were used to calculate Shannon’s H-diversity
index (estimate richness function in Phyloseq [56] R package) to estimate alpha-diversity. To
calculate between-sample diversity, relative abundance OTU tables were computed and
transformed (logl0 (x + 1)), to calculate Bray-Curtis dissimilarities used for nonmetric
multidimensional scaling ordination (NMDS, ‘ordinate’ function, Phyloseq [56] R package). A
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PERMANOVA analysis on Bray-Curtis dissimilarities was performed to identify the main
factors influencing the structure of the leaf microbiome (‘adonis2’ function, Vegan package
[57], 10 000 permutations, P < 0.05, explanatory categorical variables: Compartment x Site x
Season). To facilitate comparability, all quantitative environmental variables (e.g.,
Temperature and Precipitation) were z-transformed to have a mean of zero and a standard
deviation of one. These data were correlated to the measured alpha-diversity (as mentioned
above) of each compartment (‘cor.test’ function, spearman method, Stats [58] package, P <
0.05). Environmental data was then used in PERMANOVA analyses to assess the effect of
each factor on Bray-Curtis dissimilarities. In detail, for each microbial group and
compartment, 14 models were performed (‘adonis2’, Vegan package [57], 10 000
permutations, P < 0.05, explanatory categorical variables: one environmental factor). Unless
otherwise stated, data normality was checked ('shapiro.test’, Stats [58] package ), and means
were compared using the nonparametric multivariate test for multiple groups (‘dunnTest’
function, FSA [59] package, Benjamini-Hochberg Padj < 0.05) and two groups ('wilcox.test’
function, stats [58] package, P < 0.05). All analyses were performed in R (version 4.1.2) [60].

Linear Model Analysis

The association between independent variables (environmental factors) and the dependent
variable (relative abundance of genera) was investigated using linear models. Original
abundance OTU tables (samples with > 1 read) were aggregated at the taxonomic genus level
(aggregate function in R). Rare genera (those with < 50 reads) were excluded, and the table
was converted to relative abundance. Additionally, highly correlated environmental factors
were identified, and one factor, actual evapotranspiration, was removed from the analysis. A
z-transformed environmental table was utilized for consistency. Linear models ('Im’ function,
stats [58] package) were executed per compartment per genus using the formula:
Im(Genus ~ e1+ ez + es+... + €13)

where ‘e’ denotes environmental factors. The resulting models were employed to identify
the most influential environmental factors (ols—-step—best-subset function, olsrr package
[61]). . Models with the lowest estimated prediction error (msep parameter) were selected.
To estimate the coefficient values of selected factors per genus, a generalized linear model
was performed using the formula:

glm(Genus ~ subsetofenvironmentalfactors)

The significance of each factor individually (by dropping it from the model) was assessed
("dropl’ function, ‘Chisq’ test, Ime4 [62] package). The obtained P-values from the chi-
squared tests were adjusted for false discovery rate ('p.adjust’ function method="fdr’, stats
[58] package, P < 0.05). Coefficient values ( of selected environmental factors, demonstrating
their strength in predicting the relative abundance of microbes, were utilized to subset some
of the genera that exhibited differential effects between both compartments for further
visualization. To do this, absolute values of coefficient values of environmental factors per
genus were averaged, and the top overlapping genera between epiphytic and endophytic
compartments were selected. All analyses were performed in R (version 4.1.2) [60].
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Microbial network calculations and properties

Bacteria, fungi, and non-fungal eukaryotes OTU abundance tables were merged and used for
correlation calculation using the SparCC algorithm [63], which relies on Aitchison’s logratio
analysis and is designed to deal with compositional data with high sparsity. OTU tables were
filtered to OTUs in at least 5 samples with > 10 reads per OTU per time point per
compartment. The filtered OTU tables (OTU raw abundances) were used to calculate SparCC
correlation scores (with default parameters) in FastSpar platform [64]. Pseudo p-values were
inferred from 1000 bootstraps. Only correlations with P < 0.001 and absolute correlation >0
were kept for further analyses. Cytoscape (version 3.7.1) [65] was used for network
visualization. A "Cohesion” metric [32] was calculated to quantify the connectivity of each
network. For each sample (j), a positive and a negative cohesion metric (equationl) were
calculated by multiplying OTUs relative abundances to the average of the OTU’s positive or
negative correlations.

equationl:

n
Cohesion; = Z RA; * COT o i
i=1

Where RA; is relative abundance of OTU; in sample j and tor,,,,; is average of significant
positive (range from 0 to +1) or negative (range from -1 to 0) correlations for OTU;. Total
cohesion per sample is then measured by the sum of the positive and negative cohesions. Total
cohesion is correlated with environmental factors using Spearman correlation (cor function in
R).
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Supplementary figure 1. Within-sample diversity of leaf compartments across sampling
sites and sampling seasons. Alpha diversity of epiphytic and endophytic samples across
spring and fall samples (A) and sampling sites (B) in bacteria, fungi, and non-fungal
eukaryotic communities. The box plots display individual samples as dots. Different letters
indicate significant group differences (Dunn test, P < 0.05).
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Supplementary figure 2. Changes in environmental variables over sampling time points and
sampling sites. (A) Lines show the average values for each environmental factor for each
sampling month and site. (B) Spring vs fall differences for each environmental factor (C)
Differences between sites for each environmental factor. Asterisks indicate significant
differences based on Wilcoxon’s test: n.s. (P>0.05), * (P<0.05), ** (P<0.01), *** (P<0.001),
and **** (P <0.0001).

29



Chapter 2 Environmental factors shape the leaf microbiome of Arabidopsis

Climate water deficit (mm) Drought Max temperature (C) Min temperature (C) Potential evapotranspiration (mm)
15 [ P=029 51, P=034 0012, P=0.82 ), P=40-04

1.0 e { P haehid g zzwedi V&g i£ ;g

05!

0.0

0 5 10 15-75 -50 -25 00 250 5 10 -2 0 2 4 0 20 40 60
Precipitation(mm) Radiation (W/m2) Runoff (mm) Snow water equivalent(mm) Soil moisture (mm)
1.57 p=-023, P=230-0" =025, P=270-06 p=-0032, P=055 p=024, P=8.7e-06 =-0.069, P=0.2
c
o 4 : 4
§1.0 =ik T H— 2 =]l X EELE: Lk o i : 4l compartment
<] 3% ! : | =Endophyte
Bt 0.5 = Epiphyte
8
k]
0.0 . -
0 25 50 75 1000 50 100 1500 20 40 0 10 20 3 40 0 20 40 60
Vapor pressure (kPa) Vapor pressure deficit (kPa ) Wind speed (m/s)
1.5 p=-028, P=1.10-0 1=0.1, P=0,053
1.0 g ¢ T ML i

0.5

0.0
000 025 050 075 00 01 02 03 04 0 1 2 3 4
Environmental factors value

Supplementary figure 3. Relationship between total cohesion and environmental factors.
Each plot shows a linear regression model fit to the data to show the association of total
cohesion and environmental factors, across compartments. Samples are represented by dots
and colored by compartments. The grey lines indicate 95% confidence intervals, and the
Spearman correlation coefficient p and actual P-values are shown.

Supplementary tables are in https://gitlab.nfdi4plants.de/maryam
mahmoudi/AbioticAraMicrobe

Table S1. Experimental set-up with sampling locations and sampling time points.

Numbers indicate the number of samples collected from epiphytic and endophytic samples
at different time points (season and year). In addition, the exact date of each sampling event
and the coordinates of the sampling locations are given.

Table S2. Fourteen environmental factors (Fig. 1B) used in this study.

The environmental variables were obtained from TerraClimate [47], a database with monthly
temporal resolution and approximately 4 km spatial resolution.

Table S3. PERMANOVA results indicating the impact of individual environmental factors on
microbial communities within each leaf compartment.

Table S4. Results of linear modeling association of environmental factors and microbial
genera.

Table S5. Pearson correlation analysis results depicting the relationship between the
number of nodes in microbial networks and the environmental factors.

Table S6. Primers and blocking oligos used in this study.
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ABSTRACT Leaves are primarily responsible for the plant’s photosynthetic activity.
Thus, changes in the leaf microbiota, which includes deleterious and beneficial
microbes, can have far-reaching effects on plant fitness and productivity. Identifying
the processes and microorganisms that drive these changes over a plant’s lifetime is,
therefore, crucial. In this study, we analyzed the temporal dynamics in the leaf micro-
biome of Arabidopsis thaliana, integrating changes in both composition and microbe-
microbe interactions via the study of microbial networks. Field-grown Arabidopsis were
used to monitor leaf bacterial, fungal and oomycete communities throughout the
plant’s natural growing season (extending from November to March) over three con-
secutive years. Our results revealed the existence of conserved temporal patterns, with
microbial communities and networks going through a stabilization phase of decreased
diversity and variability at the beginning of the plant’s growing season. Despite a high
turnover in these communities, we identified 19 “core” taxa persisting on Arabidopsis
leaves across time and plant generations. With the hypothesis these microbes
could be playing key roles in the structuring of leaf microbial communities, we
conducted a time-informed microbial network analysis which showed core taxa are
not necessarily highly connected network “hubs,” and “hubs” alternate with time. Our
study shows that leaf microbial communities exhibit reproducible dynamics and patterns,
suggesting the potential of using our understanding of temporal trajectories in microbial
community composition to design experiments aimed at driving these communities
toward desired states.

IMPORTANCE Utilizing plant microbiota to promote plant growth and plant health
is key to more environmentally friendly agriculture. A major bottleneck in the engi-
neering of plant-beneficial microbial communities is the low persistence of applied
microbes under filed conditions, especially considering plant leaves. Indeed, although
many leaf-associated microorganisms have the potential to promote plant growth and
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MicrobialDynamics in the Arabidopsis Phyltosphere

eaves are primarily responsible for the plant’s photosynthetic activity and gaseous

exchange. Consequently, leaf health and performance have a direct effect on plant growth
and fitness (1). Leaves are colonized by a wide range of microbes, including bacteria, archaea,
and microeukaryotes such as fungi and oomycetes. While natural openings on leaves such
as stomata, hydathodes, or wounds represent entry points for major plant pathogens, they
also house commensal and even beneficial microbes (2, 3), leading to plant-protecting
effects (4-6). There is increasing interest particularly by plant breeders in microbiota-en-
gineering approaches to promote the growth and health of crops through beneficial microbes
(7). In this context, it is essential to understand the processes that shape the composition of
leaf microbiota.

There is a level of specificity between plants and their leaf microbiota as studies have
repeatedly shown that different plant lineages tend to harbor quantitatively different micro-
bial consortia in their leaves (8), with differences even observed between ecotypes of the
same plant species (9). Although it is unclear how plants can selectively recruit certain micro-
bial groups, the soil in which plants grow appears to be an important driver (9, 10). The study
of plant microbiota over different developmental stages suggests that as the plant grows,
the microbiota becomes more tissue-specific with major differences observed between root
and shoot microbiota (11, 12). There is increasing awareness of the fact that plant-associated
microbiota are not static but dynamic communities whose members engage in multiple lay-
ered interactions, such as mutualism, antagonism, or predation, which change through time
under the convergent influence of environmental and host cues and neighboring plants
(13). Indeed, leaf microbial communities are constantly exposed to the arrival of new
microbes carried by soil, water, and wind and can thus show a high level of stochasticity,
i.e,, high unpredictability and high variability. Furthermore, leaf communities have been
shown to change throughout time and reach different stable states, depending on early
(random) events (priority effects) (14). Recent studies have followed the dynamics of
microbiome formation in leaves (13-18) and roots (19), but few of them have conducted
a cross-kingdom survey, integrating both bacterial and microeukaryotic communities,
which means we only have partial views of microbial dynamics in leaves.

Correlation network analyses on the relative abundance of microbial taxa can inform us
about potential interactions between community members, albeit with high rates of false-
positive and false-negative interactions among the predictions (20). Still, the combination of
in-depth analysis of microbial coabundance networks with hypothesis-testing experiments
has led to the description of new biological interactions in host-associated microbiomes
(21), including plant microbiomes (22). Moreover, the study of microbial networks over time
can inform us about the dynamics of these potential interactions and how they relate to
changes in the diversity and structure of microbial communities (23). However, such
approaches have rarely been applied to investigate how plant-associated microbiome change
through the plant’s life.

Given the complexity of leaf microbial communities, assigning ecological roles and
ecological importance to individual taxa is extremely challenging. Concepts based on the per-
sistence of a microbe (core taxa) and/or its importance on microbial networks (hubs taxa)
have been applied to identify microorganisms playing key roles in leaf communities (22, 24).
Although the large majority of leaf microbes show scattered distributions with highly fluctuat-
ing occurrences in plant leaves across environments and time, some microorganisms achieve
a stable presence in plant populations (25). It is unclear how these “core” microbes are able to
systematically colonize the host plant, but their “persistence” could involve recolonization
processes (26) or vertical inheritance via seeds (27). The stability of the associations between
“core” microbes and the host-plant suggests a high level of adaptation to the leaf niche by
microbes. This can involve traits associated with plant colonization and infection, as sug-
gested for leaf-pathogenic Pseudomonas viridiflava (25), but it can also involve the capacity
of the microorganism to reshape the leaf microbiota, as part of a “niche construction” strat-
egy. Notably, Agler et al. (22) showed that the inoculation of the leaf-pathogenic oomycete
Albugo on Arabidopsis thaliana plants translates into decreased microbial diversity on leaves
and altered microbiome profiles. The analysis of microbial interaction networks within the
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leaf microbiome showed Albugo acts as a network “hub,” showing the highest level of con-
nections (interactions) with other microbes, which would allow it to influence the structure
of the leaf microbiota. Because of its hub characteristics and experimentally proven impact
on leaf microbial communities, Albugo has been proposed as a “keystone” taxon of the leaf
microbiota in Arabidopsis. However, it is still unclear whether reshaping the leaf microbiome
contributes to persistence of core taxa.

The aim of this study was to analyze the temporal dynamics in the leaf microbiome
of Arabidopsis thaliana, integrating both compositional changes and changes in microbe-
microbe interactions via the study of microbial networks. Amplicon sequencing was used to
follow leaf bacterial, fungal, and oomycete communities in a field experiment throughout the
natural growing season of Arabidopsis, which, in the Cologne area, extends from November
(seedling emergence) to March (beginning of flowering). The experiment was carried out in a
common garden over three consecutive years in order to capture long-term dynamics, and
four Arabidopsis ecotypes were included. Our results reveal seasonal/monthly patterns associ-
ated with reproducible changes in particular groups across kingdoms like Sphingomonadales
and Actinomycetales bacteria, Microbotryales and Sporidiobolales fungi, and Peronosporales
oomycetes. Despite a high level of stochasticity in microbial colonization of the leaf, we identi-
fied 19 taxa that were consistently present (core taxa), including putative pathogenic and bene-
ficial taxa. Between November and February, the diversity and variability of leaf microbial com-
munities decreased, as microbial networks stabilized (changed less) and exhibited decreasing
complexity (number of nodes and connections). With the hypothesis that certain microbes play
a predominant role in the structuring and stability of these communities, we focused on the
identification of microbes having both a persistent presence on Arabidopsis leaves (core
microbes) and a high connectivity in leaf microbiome networks (hub microbes).

RESULTS

The leaf microbiome is highly dynamic. To study the temporal dynamics of the leaf
microbiome, we grew four A. thaliana ecotypes in a common garden and surveyed the
changes in their leaf microbiome via amplicon-sequencing (bacteria, fungi, and oomycetes).
Leaf samples were taken monthly between November and March (5 months), thus covering
most of the plant’s growing season over autumn and winter (Fig. 1; see also Table S1 in the
supplemental material). To identify the main factors shaping leaf microbial communities, we
used multivariate approaches, including nonmetric multidimensional scaling (NMDS; Fig. S1A)
and permutational multivariate analysis of variance (ANOVA; Bray-Curtis dissimilarities, P << 0.05;
see Fig. S1B) on the relative abundance of bacterial, fungal and oomycete taxa (operational tax-
onomic units [OTUs] defined at 97% similarity). These analyses showed a marginal effect of the
plant ecotype (2 to 4% explained variance) but an important effect of the time of sampling (32
to 40% explained variance; factors “month,” “experiment,” and their interactions; see Fig. S1B),
confirming that leaf microbial communities are highly variable in time (i.e, dynamic). Although
variability between experiments was significant (4 to 13% explained variance), the “month” of
sampling was an important factor (11 to 15% explained variance; Fig. S1A and B), suggesting
the existence of seasonal/monthly patterns in these microbial communities. Such patterns
were easily observable when considering changes in the relative abundance of highly abun-
dant microbial orders (Fig. 1). For example, the relative abundances of Sphingomonadales
and Actinomycetales increased throughout the plant’s growing season, while the relative
abundance of Rhizobiales tended to decrease. As for fungi, the relative abundance of
Microbotryales increased, while that of Sporidiobolales decreased. Interestingly, the relative abun-
dance of Peronosporales oomycetes, which include A. thaliana's pathogen Hyaloperonospora
spp., increased with time, reaching maximum values at the end of the plant’s growing season
(Dunn test, P < 0.05) (Fig. 1; see also Fig. S2).

Persistent (core) taxa in the leaf microbiome. We aimed to identify microbial groups
showing a persistent presence throughout the plant’s life, hypothesizing that they might
play important roles in plant-microbe and microbe-microbe interactions within the micro-
biome. Highly persistent microbes (=95% sample occurrence for fungi and oomycete,
=98% for bacteria) varied considerably between experiments, with only 19 of 67 OTUs
(28%) showing robust patterns across experiments and ecotypes (see Fig. S3 and Table S2).
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FIG 1 Monitoring leaf microbiome dynamics throughout the natural growing season of A. thaliana. (A)
Experimental setup. The four global Arabidopsis accessions Ws-0, Col-0, Ksk-1, and Sf-2 were planted in a
common garden (Max Planck Institute, Cologne, Germany). Every month from November to March, three
individual plants per ecotype were collected, and leaf samples were taken for microbiome analysis
(destructive sampling). The experiment was repeated three times over the years 2014 to 2015 (experiment
1), 2015 to 2016 (experiment 2), and 2016 to 2017 (experiment 3), with a total number of 206 plant leaf
samples analyzed (see Table S1). Average temperature and rainfall during the sampling season are shown.
(B) Composition of the leaf microbiome. Microbiome analysis was conducted via lllumina-based amplicon
sequencing (Miseq 2 x 300 bases). Taxonomic markers included the bacterial 16S rRNA v5-v7 region, fungal
ITS1, and the oomycete ITS1 region. Bar charts show the average relative abundance of the main microbial
groups (order level) by months, across three experiments. Arrowheads indicate taxa exhibiting marked
seasonal patterns (see Fig. S2).
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FIG 2 Persistent core members of the Arabidopsis leaf microbiome. (A) Core taxa were identified as OTUs
showing high occurrence results (=95% for fungi and oomycete, =98% for bacteria) in each of the three
experiments. Bubbles depict the average relative abundance of each core OTU, per sample. The dendrogram
depicts taxonomical distances between OTUs (hierarchical clustering on Gower distances from OTU taxonomy).
(B) Changes in the relative abundance of core taxa over time (month averages; n > 38 samples per month).

Notably, these persistent core taxa (1 oomycete, 6 fungus, and 12 bacterial OTUs) included
known Arabidopsis pathogens like the obligate biotrophic oomycete Hyaloperonospora
sp. (Otu00001), as well as bacterial taxa known to colonize Arabidopsis leaves, including
Sphingomonas spp. (OTUs), Methylobacterium sp. (Otu000002), and Variovorax (Otu000010).
Persistent fungal taxa included two ascomycetes (Cladosporium spp. Otu00004 and Otu00012)
and four basidiomycete yeast (Dioszegia sp. Otu00013, Itersonilia sp. Otu00005, Sporidiobolus
sp. Otu00002, and Udeniomyces sp. Otu00001) (Fig. 2A; see also Table S2). The relative
abundances of these core taxa changed throughout the plant’s growing season, reaching a
maximum in February, where it represented as much as 49, 52, and 71% of the bacterial, fun-
gal, and oomycete communities, respectively (Fig. 2B). These results indicate that despite the
highly dynamic and stochastic nature of the leaf microbiome, a limited number of microbes—
only 19 of 3,058 OTUs (0.62%)—consistently cocolonize plant leaves. This suggests a high
degree of adaptation to this niche but also frequent interactions with one another.

Diversity and variability of the leaf microbiome decrease throughout the plant’s growing
season as communities stabilize. With the hypothesis that leaf-associated microbial com-
munities become increasingly stable throughout the plant’s growing season, we analyzed
their dynamics in terms of alpha diversity (number of taxa in the community), within-month
variability (plant-to-plant differences in community composition), and variability between
consecutive months (month-to-month differences in community composition). While the
bacterial alpha diversity (Shannon’s H index) remained unchanged, the fungal and oomy-
cete alpha diversity decreased with significant differences observed between November
and the last 2 months, February and March (Dunn test, P < 0.05) (Fig. 3). A similar trend was
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Single BC distances between samples are not shown because of the high number of comparisons (>700).

observed for within-month variability (sample distance to the group centroid), as variability
of bacterial and fungal communities decreased progressively from November to February
(Dunn test, P < 0.05) (Fig. 3). Similarly, a progressive decrease in between-month variability
(sample-to-sample distances between consecutive months) was observed for bacterial and
fungal communities (Dunn test, P < 0.05; Fig. 3). Oomycete communities exhibited similar
trends, but the dynamics were less pronounced due to higher data variability. Together,
these results suggest that throughout the plant’s growing season, leaf microbial commun-
ities become progressively less diverse, more similar between plant individuals, and less vari-
able in time. This suggests leaf communities go through a consolidation and stabilization
phase from November to February.

Interaction networks within the leaf microbiome stabilize over time. Microbial
networks computed from correlation of species abundances, are used to infer potential
interactions between microbes within a community. To determine if/how leaf microbial net-
works changed over time, we used taxa abundance data from each time point (month) to
generate five “month” networks (Fig. 4A). Because the data were highly sparse (53% sparsity),
the SparCC algorithm (optimized for sparse data) was used for network calculation (28). The
five networks differed in terms of general characteristics such as the number of nodes (num-
ber of taxa) and edges (correlations between taxa; syn. connections) with no clear pattern,
except for the month of “February,” which had both the lowest number of nodes and the
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Different letters indicate significant differences between conditions (Dunn test, P < 0.05).

lowest number of edges (Fig. 4B). Similarly, the nodes of this network had the lowest num-
ber of interactions (node degree), going from 70 on average in January to only 10 on aver-
age in February (Fig. 4B and C; Dunn test, P < 0.05). This confirmed that microbial networks
indeed changed throughout the plant’s growing season and suggested major restructuring
events around the month of February, when the network exhibited minimal complexity.

With the hypothesis that these changes were associated with an increased stability of the
network’s structure, we compared networks from consecutive months, recording similarities
(inherited nodes/edges) and differences (node rewiring events) between them. Inherited
nodes/edges were defined as those shared between consecutive months. The percentage
of inherited nodes per network increased from 51% in December to 89% in January and
82% February, meaning the large majority (82%) of the nodes in the February network
were already present in the January network (Fig. 4D). A similar trend was observed for
the number of inherited edges, doubling from December (6%) to January (16%) and
February (34%). To quantify changes between networks, taking into account the nodes
and their connections, we calculated a node-rewiring score for each node in the network.
This score reflects the changes in a node’s connections between the compared networks
(Dn-score in DyNet) (29). This analysis revealed that differences between networks tended to
decrease through time, with minimum rewiring events between the months of February
and March (Dunn test, P < 0.05) (Fig. 4E). These results suggest that throughout the beginning
of the season (November to February) leaf microbial networks go through a stabilization phase,
during which month-to-month changes tend to diminish (increasing numbers of shared nodes
and edges, and decreasing node rewiring) as networks exhibit lowering complexity (lower
numbers of nodes, edges, and connections), reaching minimum levels in February.

Identifying hubs among core microbes in Arabidopsis leaf microbiome. Time-based
microbial networks were analyzed to determine whether potential “keystone™ microbes (i.e.,
hubs—taxa with high betweenness and high closeness centrality) in the leaf microbiome
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FIG 5 Identification of microbial hubs within A. thaliana’s core leaf microbiome. The correlation networks calculated with SparCC (Fig. 3) were used to
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microbiome. Two core OTUs (12 and 4) are annotated. (B) Changes in the connectivity of core taxa. The product of “betweenness centrality x closeness

centrality” was used to depict monthly changes in the connectivity of core OTUs. Hub taxa are indicated.

were also highly persistent core microbes. Connectivity analysis on individual month networks
revealed few taxa exhibiting hub characteristics (4 to 10 OTUs, 1 to 3% of network OTU nodes)
and a high turn-over between months, with no taxon systematically identified as hub in every
month network (Fig. 5A; see also Table S1). Among the 19 “core” taxa identified previously
(Fig. 2), only three bacterial OTUs, i.e., Bacillus OTU00012, Massilia OTU00004, and Marmoricola
0OTU000013, could be identified as hubs exhibiting high network connectivity in the months
of December and February (Fig. 5B; see also Table S3).

As hub identification is highly dependent on network calculation approaches, we repeated
these analyses on Spearman-based correlation networks calculated in Co-Net (see Fig. S4)
with partially similar results. Approximately a third of the OTUs identified as hubs in the
SparCC networks were also identified as hubs in the Spearman-based networks (see
Table S1). Notably, this also included Bacillus OTU00012 and Massilia OTU00004. Taken
together, these results indicate that, with the exception of one Massilia and one Bacillus
lineage, “core” taxa in the Arabidopsis leaf microbiome are not major network hubs and
that network hub microbes change over time.

DISCUSSION

The phyllosphere is a complex microbial habitat due to its direct exposure to a range of
abiotic factors—light, humidity, and temperature—that can alter the leaf environment within
minutes, hours, or days. Furthermore, leaf microbial communities are directly exposed to the
arrival of new microbes disseminated by soil particles, water, and wind (30). In this context,
key ecological questions are still unanswered: what is the relative importance of environmental
filtering versus biotic interactions in shaping community structures and what is the impact of
stochasticity (31)? Our limited understanding of the processes behind colonization of leaf
surfaces by microbes and their assembly and persistence thereon under field conditions
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constitutes a major drawback for the agricultural usage of plant-beneficial microbes (32). To
address these fundamental questions, we have conducted a long-term experiment to follow
month-to-month changes in the composition of the Arabidopsis leaf microbiome during its
natural growing season, which, in the Cologne area, extends from November (seedling emer-
gence) to March (beginning of flowering).

As expected for dynamic ecological systems (33), bacterial, fungal, and oomycete
leaf-associated communities were highly stochastic, with factors such as the sampling time
and the plant ecotype explaining only half of the variability observed (see Fig. S1). Despite
high between-experiment variability, robust differences between months were observable
for some microbial groups known to be relevant for plant-growth like Peronosporales oomy-
cetes (see Fig. S2). Hyaloperonospora, the causal agent of downy mildew, was by far the most
abundant Peronosporales in Arabidopsis leaves, as it has been described for various geographic
locations elsewhere (26). Although our sampled plants exhibited no downy mildew dis-
ease symptoms at any time throughout the field experiments, the relative abundance of
Peronosporales increased throughout the growing season reaching maximum values in
March. This is in agreement with disease dynamics of downy mildew in Brassicaceae known
to be favored by cold wet weather and could indicate that the pathogenic pressure on the
plant increases over the early growing, which takes place in winter for Arabidopsis popula-
tions of the Cologne area.

The analysis of community dynamics indicates that from November to February leaf
microbial communities go through a stabilization phase becoming less diverse and less
variable, which results in microbial networks of decreased complexity (Fig. 3 and 4). This is
likely associated with the fact that core microbes become increasingly dominant through-
out the season (Fig. 3B) but contrasts with previous studies showing higher diversity in
Arabidopsis’ bacterial microbiome in spring (34). Seasonal dynamics have been described in
microbiome associated with plants (17, 18, 35) and animals (36-39) and are thought to be
driven partly by environmental cues and perturbations. By monitoring the Arabidopsis bac-
terial leaf microbiome under controlled conditions, Maignien et al. similarly showed that
leaf communities become increasingly similar as the microbiome “matures” over time (14).
However, the fact that in our study microbiome dynamics mirror decreases in temperature
and rainfall associated with winter (Fig. 1) leads us to hypothesize that climatic conditions
might be also driving the observed leaf microbiome dynamics, maybe via the selection of
cold-resistant microorganisms. Indeed, a strong “winter effect” on microbial communities
has been observed in a diversity of environments, including the bee’s gut (39), lake water
(40), and air (41). We hypothesize that winter conditions might apply a strong selective filter
causing leaf microbial communities to reduce in complexity. Longer experiments are
needed to determine whether different dynamics would be observed at later stages, e.g.,
during spring.

Microbes with a stable presence in Arabidopsis leaves (core taxa; Fig. 2) accounted
for only 0.62% of all detected leaf-taxa, indicating a high turnover in leaf microbial commun-
ities. Interestingly, most microbes identified as “core” in one experiment were not identified
as “core” in subsequent experiments, suggesting that most dominant lineages change from
year to year. This is in accordance with observations that leaf microbiomes are strongly
structured by priority effects during early colonization events, meaning that communities
can be alternatively dominated by different microorganisms or core taxa (14). In our study,
core taxa included putative plant pathogens like Hyaloperonospora and Cladosporium (42,
43) but also plant beneficial microorganisms such as Sphingomonas and Variovorax, which
could explain the asymptomatic state of the sampled plants. Leaf-inhabiting Sphingomonas
bacteria have been shown to protect Arabidopsis from bacterial pathogens (4) and are
hypothesized to participate in plant disease resistance against root fungal pathogens.
Variovorax strains have been shown to modulate plant hormonal balance by degrading
auxins, thus promoting plant growth under stress conditions (44). However, not only bacte-
ria have been reported to interfere with plant hormone levels; there have been reports of
yeasts on A. thaliana capable of producing auxin-like indolic compounds (45). We have iden-
tified four basidiomycete yeast taxa (Udeniomyces, Sporidiobolus, Itersonilia, and Dioszegia) as
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systematic colonizers of Arabidopsis leaves. Although little is known about the associa-
tions between these yeasts and Arabidopsis, a recent study on a leaf basidiomycete yeast
(Moesziomyces bullatus) suggests they can play important roles in plant protection by
antagonizing pathogenic oomycetes through secretion of protein effectors (46). While
previous studies have reported on the prevalence of some of the identified core taxa on
Arabidopsis’ leaves (12, 22, 47), we show here that these associations persist throughout
the plant’s life and between plant generations, suggesting some level of microbial adap-
tation to the leaf niche or even possible coevolution between core microbes, as well as
with the host plant. Future isolation/reinoculation experiments will aim at understanding
the ecological role of these microbes in Arabidopsis leaves.

Microbe-microbe interactions participate in the structuring of microbial communities, with
certain microbes—hub and keystone microbes—playing central roles (48). We hypothesized
that high connectivity within leaf microbial networks might explain the persistence of the
identified core taxa. However, in contrast to our hypothesis, the connectivity level (hubness) of
individual core taxa was highly variable from month to month, with no taxon maintaining
high connectivity levels throughout the entirety of the growing season (Fig. 5). This indicates
that high connectivity is not a prerequisite for high prevalence in the leaf microbiome as core
taxa are not necessarily network hubs (19). Nevertheless, two microbes among the leaf core
taxa within the Bacillus and Massilia lineages deviated from this rule and were identified as
hubs. Interestingly, in the month of February when leaf microbial communities displayed the
lowest levels of complexity, both Bacillus and Massilia reached maximum connectivity levels
within leaf microbial networks (Fig. 5), while their relative abundances on leaves remained sta-
ble (Fig. 2). It is tempting to speculate that there might be a functional link between these
hubs and community stability. Indeed, it has been shown that highly connected microbes can
be good predictors of the stability of microbial communities (49). In the future, experimental
evidence will be needed to improve predictions and to determine whether (@and how) hub re-
moval affects the stability of microbial communities over time.

Conclusions. Taken together, our results show that, despite a high level of stochasticity,
leaf microbial communities exhibit detectable time patterns with stable and unstable com-
ponents. This study opens a new field of research on time-informed community dynamics
in natural host-associated microbiomes. In the long term, these types of studies could make
it possible to model and predict microbial community dynamics. Understanding these proc-
esses could allow us to design experiments aimed at driving microbial communities toward
desired states.

MATERIALS AND METHODS

Common garden experiment. To study the temporal dynamics of A. thaliana’s leaf microbiome, we
conducted a common garden experiment wherein A. thaliana plants were sampled every month from
November to March, covering the plant’s natural growing season, including the vegetative and early reproduc-
tive growth phases (Fig. 1). The experiment was conducted as described in Agler et al. (22). Briefly, surface-steri-
lized seeds were germinated on Jiffy pellets for 10 days under greenhouse conditions before transfer to the
field. To take into account host genetic variability, four Arabidopsis thaliana ecotypes covering different geo-
graphic origins were used (Ws-0 [Wassilewskija, Russia], Col-0 [Columbia, USA], Ksk-1 [Keswick, UK], and Sf-2
[San Feliu, Spain]), using the same seed batch for the three experiments. The field was divided into nine experi-
mental plots which were planted with ten plants per ecotype, in a randomized setup. At each sampling point,
whole leaf samples were taken from two to four randomly selected plants per ecotype. The whole experiment
was repeated three times in 2014 to 2015, 2015 to 2016, and 2016 to 2017. The field is located at the Max
Planck Institute for Plant Breeding Research (Cologne, Germany) (see Table S1).

DNA extraction and amplicon sequencing. Samples were processed exactly as described in Agler
et al. (22). Briefly, whole-leaf samples were crushed and used for phenol-chloroform-based DNA extrac-
tion. The obtained DNA was used for two-step PCR amplification of the V5-V7 region of the bacterial 16S
rRNA (primers B799F/B1194R), the fungal ITS1 region (primers ITS1F/ITS2), and the oomycete ITS1 region
(primers ITS10/5.8s-O-R). Blocking oligonucleotides were used to reduce plant DNA amplification (50).
Purified PCR products were pooled in equimolar amounts before sequencing on three Illumina MiSeq
runs (2 x 300-bp reads) with 10% PhiX control. Primers targeting the oomycete ITS1 region also pro-
duced “non-oomycete” reads but at a very marginal level (3%).

Amplicon sequencing data analysis. Amplicon sequencing data were processed in Mothur (51) as
described in Karasov et al. (25). Single-end reads were paired (make.contigs command), and paired reads
with more than 5 bases overlap between the forward and reverse reads were kept. Only 100 to 600
bases long reads were retained (screen.seqgs). Chimeras were checked using Uchime in Mothur with more
abundant sequences as reference (chimera.uchime, abskew = 1.9). Sequences were clustered into OTUs
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at the 97% similarity threshold using the VSEARCH program in Mothur (cluster, dgc method). Individual
sequences were taxonomically classified using the rdp classifier method (classify.segs, consensus confi-
dence threshold set to 80) and the greengenes database (13_8 release) for 16S rRNA data, the
UNITE_public database (v12_2017) for fungal ITS1, and Pr2 (v4.10.0) for oomycete ITS1. The PhiX ge-
nome was included in each of the databases to improve the detection of remaining PhiX reads. Each
OTU was then taxonomically classified (classify.otu, consensus confidence threshold set to 66); OTUs
with unknown taxonomy at the kingdom level were removed, as were low-abundance OTUs (<50 reads,
splitabund). This last step removed extreme low abundance (<0.0001%)/low occurrence (<0.48%)
OTUs. The taxonomy of bacterial OTUs of interest was further verified using the silva database (v1.38;
SINA Aligner). This allowed us to classify bacterial OTU00004 as Massilia sp.

Sample alpha-diversity analysis was conducted on OTU abundance tables using Shannon’s H diversity
index (estimate_richness function in phyloseq package). Data normality was checked (Shapiro-Wilk's test), and
means were compared using a nonparametric multivariate test (Dunn'’s test, Bonferroni-corrected adjusted P
value [P,4] <0.05). Beta-diversity analyses were conducted on transformed [log,q(x + 1)] OTU relative abun-
dance tables. Bray-Curtis dissimilarities between samples were computed and used for nonmetric multidimen-
sional scaling ordination (NMDS, function “ordinate”; Phyloseq package). A PerMANOVA analysis on Bray-Curtis
dissimilarities was conducted to identify the main factors influencing the structure of the leaf microbiome
(Adonis, Vegan package, 10,000 permutations, P < 0.05, explanatory categorical variables: experiment x
month x ecotype). A beta-dispersion analysis on Bray-Curtis dissimilarities was conducted to compare sample-
to-sample variation within each month of sampling (multivariate homogeneity of group dispersion analysis,
“betadisper”; Vegan package). Differences between conditions were tested using a nonparametric multivariate
test (Dunn’s test, Bonferroni corrected, P,y < 0.05). All analyses were conducted in R 3.6.1.

Identification of a core leaf microbiome in A. thaliana. Core taxa were identified as OTUs showing
high occurrence over time (=95% for fungi and oomycete, =98% for bacteria) in each of the three
experiments analyzed. A higher cutoff was used for bacteria (98% occurrence) since they exhibited a
higher average occurrence compared to fungi and oomycetes. The taxonomical classification of core
OTUs was used to compute pairwise dissimilarities (distances) between OTUs (“daisy” function, Cluster
package in R, Gower’s distance) which were used for hierarchical clustering (“hclust” function, Cluster
package in R). The obtained dendrogram was modified in the browser version of iTOL (v5.5.1) (52).

Network analysis. Bacteria, fungi and oomycete OTU tables were merged and used for correlations
calculation using either the Spearman correlation coefficient in Co-Net (53) or the SparCC algorithm (20),
which relies on Aitchison’s log-ratio analysis and is designed to deal with compositional data with high
sparsity like this data set (sparsity = 74%) (28). OTU tables were filtered to OTUs present in at least five
samples with >10 reads per OTU (sparsity = 53%). For the Co-Net based analysis, the OTU relative abun-
dances were calculated, and the obtained OTU tables were transformed [log,,(x + 1)] before calculating
Spearman correlation scores using Co-Net in Cytospace (54). The parameters included the selection of
top 5% correlations (edge selection, quantile = 0.05, top and bottom) and the computing of P values by
Fisher Z-score with multiple-test correction (Bonferroni, P = 0.001). For the SparCC-based analysis, the fil-
tered OTU tables (OTU raw abundances) were used to calculate SparCC correlation scores (with default
parameters). Pseudo P values were inferred from 1,000 bootstraps. Only correlations with P < 0.001
were kept for further analyses. Cytoscape (v3.7.1) was used for network visualization and determination
of betweenness centrality (i.e., the fraction of shortest paths passing through a given node) and close-
ness centrality values (i.e., the average shortest distance from given node to each other node). Node-
rewiring score (Dn-score) was calculated via the DyNet package in Cytoscape (29). For each node, its
connected neighbors are compared between two networks and the changes (rewiring) are quantified.
Differences between conditions were tested using a nonparametric multivariate test (Dunn'’s test,
Bonferroni corrected, Py < 0.05). Microbial hubs were identified as top 5% OTUs showing maximum
betweenness centrality and closeness centrality scores.

Data availability. Sequencing data are available under NCBI BioProject PRJINA438596. OTU tables
and scripts are available (https://github.com/IshtarMM/Dynamic_LeafMicrobiome). All A. thaliana accession
numbers used in this study have been published previously, and seeds are available from stock centers.
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Abstract

Plant health in terms of disease symptoms and fitness loss can be
determined by the composition of the leaf microbiome. Uncovering
potential mechanism that protect plants from pathogens requires not only
an understanding in plant-microbe interactions but further an
understanding of the relationships between microbes. Albugo laibachii, an
oomycete pathogen and causal agent of white blister rust is commonly
found in natural population of Arabidopsis thaliana and has been shown to
significantly impact the host microbiome by reducing microbial diversity.
However, little is known about specific interactions that happen within such
complex microbial communities and the individual microbes that positively
or negatively impact the pathogen. Here we propose that robustness of
microbiome disease suppression under natural conditions relies on
guantitative effects with multiple individual species being capable of disease
suppression belonging to distinct phylogenetic groups. Consequently, the
process of microbiome-mediated disease suppression could be likened to
the cumulative result of pairwise interactions between microorganisms. This
phenomenon underscore the functional redundancy present among
microbes of different phylogenetic origins. To test this hypothesis, we
analyzed the microbiome of Arabidopsis thaliana in both infected and
uninfected plants in a six years study using machine learning algorithms. We
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trained multiple supervised machine learning classification models to
classify infected and uninfected plants based on the relative abundance of
the microbiome. Furthermore, we ranked the microbes based on their
importance scores and identified 80 taxa that effectively discriminate
between infected and uninfected plants. For experimentally testing our
hypothesis of pairwise interactions, we selected candidates from
phylogenetic distinct groups of bacteria, fungi and protists to compete
against Albugo laibachii. We found candidates that successfully antagonize
the pathogen albeit with quantitative differences. In conclusion, our results
based on machine learning algorithms enable us to identify functional
redundancy in complex microbial communities that stabilizes protective
equilibria to the causal agent of white rust, A. laibachii. Our findings are
therefore an important stepstone to design complex probiotica that protect
microbial communities from dysbiosis.

Keywords:
Leaf microbiome, infected and uninfected leaves, machine learning, plant’s
pathogen, microbe-microbe interaction

Introduction

Plant-associated microbiome play a crucial role in the physiology, fitness and
defence mechanisms of plants against various biotic and abiotic stresses [1, 2]. In
natural ecosystems, the plant microbiome is not static but rather a dynamic
environment influenced by numerous factors shaping its structural composition.
Therefore, exploring the dynamics of plant microbiomes is critical [3]. These
contributing factors comprise geographical location, sampling time, neighbouring
microorganisms, climate, and pathogens [4-8]. Therefore, to comprehend the
mechanisms and microorganisms responsible for the compositional changes that
take place throughout the life of a plant under varying conditions, it is critical. The
complex nature of microbial communities on plant leaves makes it difficult to
objectively assess the ecological role and importance of individual taxa [6].
Scientists have implemented a range of approaches to identify crucial players
within leaf-associated communities, with attention on microbes that persist over
time (known as core taxa) and their importance within microbial networks
(known as hub taxa).

It is commonly assumed that communal assemblages of microbial species
within a specific habitat can aid in maintaining important ecosystem functions.
The notion of a core microbiome has been introduced [9], referring to the
consistent prevalence of distinct phyla across different samples in a particular
ecosystem [6, 10]. Simultaneously, the analysis of microbial networks has become
a prominent technique in microbiome data analysis, providing insight into the
identification and decoding of important microbial factors [11, 12]. Crucially, both
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core microbiome and network analyses have demonstrated significance in
identifying both beneficial and pathogenic microbes. For instance, the
phyllosphere microbiome of Arabidopsis leaves contained Sphingomonas and
Methylobacterium, which are recognised as plants’ beneficial microbes, and
Hyaloperonospora and Albugo, common pathogens of the Brassicaceae family, as
core and/or hub microbes [4, 6].

Albugo laibachii, a significant hub microbe, had a significant impact on both
epiphytic and endophytic bacterial colonisation [4, 6]. The impact of Albugo
infection on alpha diversity decrease and beta diversity stabilization was recorded
[4]. Additionally, recent research emphasized the direct involvement of Albugo in
shaping the plant-associated microbial communities. This influence results from
the secretion of proteins and peptides with antimicrobial properties into the
apoplast [13]. If both pathogens and beneficial microbiota establish themselves
as stable drivers of host microbes, it is crucial to comprehend how the host
perceives its microbiome. Essential to both pathogenic and beneficial lifestyles is
the ability to recognize and communicate with the host through the use of
nutrients, and the ability to temporarily suppress the host defense response [14].
Disruption of the microbiota balance can lead to a dysbiotic phenotype in plants,
characterized by an altered microbiota that is associated with host diseases [15].

Phyllosphere dysbiosis is characterized by features such as reduced alpha
diversity, an overall increase in bacterial abundance, a transition from a
Firmicutes-dominated community to one enriched in Proteobacteria, and the
appearance of chlorosis/necrosis in leaf tissue [16]. In the context of dysbiosis,
the concept of the “pathobiome” has been introduced, which integrates the
pathogenic agents within biotic environments and applied to several
pathosystems. Pathobiome analyses frequently expose the potential contribution
of multiple pathogens and their followers (opportunistic microbes causing
secondary infections) to severe dysbiosis. These discoveries emphasise the
importance of microbial diversity in disease prevention in plants [17]. Plant
pathogens, including fungi, bacteria, viruses and nematodes, result in substantial
losses to agricultural production annually. To combat these pathogens, plants
employ a range of strategies, notably utilizing beneficial microbes for control
purposes [18].

Biological control is an effective and environmentally friendly replacement or
supplement to conventional pesticides for the control of fungal and bacterial
plant diseases [19]. These beneficial bacteria offer a wide range of biological
control capabilities and hold great promise for agricultural applications. However,
identifying and practically validating such bacteria can be challenging [18]. It is
still uncertain what constitutes a healthy or beneficial microbiome. Despite being
a fundamental inquiry, providing a comprehensive response remains challenging.
Healthy plant communities are characterised by diverse and balanced
microorganisms coexisting with the plant, which is evident when comparing the



microorganisms in healthy plants to those in diseased plants [20]. One promising
way to address this issue is through the application of machine learning. Machine
learning techniques have been employed in microbiome research to accomplish
a wide range of tasks, such as predicting host or environmental phenotypes,
categorising microbial characteristics, including measuring microbiota
abundance, diversity or distribution, investigating complex chemical and physical
interactions within the microbiome, and monitoring changes in microbiome
composition [21]. For instance, Yuan et al. [22] employed classifiers to identify
patterns in microbial communities in soil that were influenced by Fusarium wilt
disease in field conditions. Similarly, the random forest method employing
machine learning accurately anticipated productivity based on microbiome
composition at the order level.

Significant differences in crop yield were found to be linked to the microbiome
composition of bulk soil, with many taxa demonstrating importance in nitrogen
utilisation [23]. In a study on the nodule microbiome of healthy and starved
plants, a connection between the nodule microbiome and nodulation was
discovered, which was influenced by the soil microbiome. Nodule communities
were characterised using a metabarcoding technique, and significant nodular
bacteria were identified through machine learning and network analyses. These
bacteria were then experimentally validated by being re-inoculated onto plants
under controlled conditions [24]. Another study used metadata analysis and
machine learning to identify common bacterial community patterns in disease-
suppressed soils. Firmicutes and Actinobacteria were increased and
Proteobacteria and Bacteroidetes were decreased in these soils. The machine
learning models successfully distinguished between disease-suppressive and
disease-supportive soils, highlighting potentially useful genera [18].

In this study, we collected and studied the microbiome of Arabidopsis thaliana
over a period of six years, including symptomatic and asymptomatic plants in the
presence of Albugo laibachii. We used high-throughput sequencing to
characterise bacteria, fungi and other eukaryotic microorganisms in the samples.
Our main hypothesis suggested the presence of distinct microbial signatures that
could discriminate between symptomatic and healthy states. To test this
hypothesis, we used machine learning classification algorithms to identify and
classify differentiating microbes in healthy and infected plants. During our
investigation, we identified several potential candidate signatures within the
microbiome that indicate health and infection status. These signatures came from
a variety of microbial groups, including bacteria, fungi and eukaryotes. We
identified microbial communities that structure microbial interaction networks in
health and disease samples by analysing microbe-microbe interactions. In
addition, our research investigated microbialplant interactions and the potential
for health-related microbiota to mitigate the presence of pathogens. To evaluate
our computational hypothesis and our analysis at a mechanistic level, we used
co-inoculation assays in plant hosts to study pairwise interactions between
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selected microbes and the pathogen Albugo. Our results confirm the significant
potential of health-associated microorganisms to reduce Albugo infection in
plants. In contrast, disease-associated microbiomes exhibited a range of
functions from pathogen suppression to minimal effects on the pathogen. These
findings highlight the functional redundancy of microbial communities from
different phylogenetic groups in manipulating plant health and disease outcomes.

Results

Comparison of two microbiome conditions in the phyllospehre of natural
Arabidopsis thaliana populations: Condition 1 infected by the causal agent of
white rust A. laibachii; Condition 2 uninfected

To investigate the diversity and composition within the phyllosphere microbiome
in the presence of the pathogen Albugo laibachii, we sampled six sites with stable
Arabidopsis thaliana populations in Tu“bingen [4, 25]. White rust, which is caused
by Albugo sp., was a very common phenotype at most of the sites. Two seasons,
autumn and spring, were used to collect leaf samples. The autumn samples
represented the early growth phase of A. thaliana under short day conditions
before entry into winter dormancy. The spring samples were collected just before
the reproductive stage, during the increasingly long days of the [25]. Based on
whether or not white rust was observed on the plants collected, we categorised
the samples. During spring, infected plants were typically observed. However,
there is no significant difference in the relative abundance of Albugo infected
plants between spring and autumn. This suggests a dormant phase of Albugo
prevalence during the colder period in autumn. This sampling was repeated for
six consecutive years (Fig. 1A; see also Supplementary Material, Table S1).
Genomic DNA was extracted from both epiphytic and endophytic microbes for
each sample [4]. Amplicon sequencing was performed for the 16S bacterial, ITS2
fungal and 18S eukaryotic data [25]. For subsequent analysis, only the endophytic
samples were used and all microbes belonging to the kingdom Fungi were
removed from the 18S eukaryotic data as they were analysed separately. We refer
to the 18S data as ‘other eukaryotes’ in the remainder of the paper to highlight
that fungi are excluded.

We performed diversity analyses to assess the microbial communities of bacteria,
fungi and other eukaryotes between infected and uninfected leaves. The within-
sample diversity of bacterial and other eukaryotic communities was significantly
lower in Albugo infected plants compared to uninfected plants ((P < 0.05 for
bacteria and (P < 0.001 for other eukaryotes), but no significant differences were
observed in fungal communities (Fig. 1B). In both infected and uninfected groups,
the average bacterial diversity was the highest (2.9 in uninfected, 2.6 in infected),
followed by fungi (1.7 in uninfected, 1.6 in infected), and other eukaryotes (1.4 in
uninfected, 0.4 in infected) (Fig. 1B). To assess the diversity between samples, we
employed multivariate approaches including principal coordinate analysis (PCoA)
and permutational multivariate analysis of variance (PERMANOVA). The principal



component analysis revealed a separation between infected and uninfected
samples in bacterial and other eukaryotic communities, whereas the separation
was less distinct in fungal communities (Fig. 1C). The PERMANOVA results
demonstrated that infection stages explained 1.8% of the variation in bacteria,
0.5% in fungi, and 10.9% in other eukaryotes (Table. 2). Furthermore, we analysed
the the relative abundances of highly abundant microbial taxa at the order level,
as taxonomical orders often represent functionally related groups of
microorganisms. The analysis revealed distinct compositions in infected and
uninfected leaves over sampling years (Fig. 1D). The aggregate relative
abundances indicated significant differences in 36% of the taxa. Uninfected
bacterial samples exhibited an increase in Sphingomonadales, Bacillales, and
Enterobacterales, along with a decrease in Pseudomonadales. Infected fungal
samples showed an increase in Cystofilobasidiales. In uninfected other
eukaryotes, there were increases in Chlamydomonadales, Cryomonadida,
Glissomonadida, Watanabea-Clade, and Xanthophyceae along with a decrease in
Oomycota (Fig. S1).
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Figure 1. Diversity and composition of leaf microbial communities in infected and
uninfected leaves. (A) The annual number of samples from infected and uninfected
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plants. (B) Alpha diversity, measured by Shannon's H index, representing the variation
in microbial diversity between infected and uninfected samples in bacteria, fungi and
other eukaryotes. (C) Separation of infected (purple) and uninfected (green) samples in
bacteria, fungi and eukaryotes using principal component analysis (PCoA) based on Bray-
Curtis dissimilarities. Each of the dots represents a single sample. (D) Histograms show
the relative abundance of bacteria, fungi and other eukaryotic communities at the order
level, categorised by plant infection stage over six years for each microbial group. The
most abundant microbial orders of each taxon are indicated. Circle indicate taxa showing
significant differences between infection stages (see Fig. S1). Different letters indicate
statistically significant differences between groups (Tukey HSD's test).

Microbial signature for predicting infected and uninfected leaves using machine
learning models

Our hypothesis was that the plant microbiome contains distinct microbial
signatures that can serve as robust indicators of infection, enabling accurate
discrimination between infected and uninfected samples. To investigate this
hypothesis, we utilized machine learning classification models, such as Random
Forest (RF), Support Vector Machine (SVM), Multi-layer Perceptron (MLP), and
Logistic Regression (LR), which are well-known for their interpretability (Fig. 2A).
The training phase used 70% of the sample set, consisting of 169 uninfected and
66 infected samples, while the remaining 30% (73 uninfected and 29 infected
samples) served as the test set to assess predictive performance. Four different
evaluation metrics were employed, resulting in accuracies ranging from 75% to
86% (Fig. 2C). It is worth noting that LR obtained the highest accuracy at 86%,
with an area under the curve (AUC) of 94% (Fig. 2B). SVM, MLP, and RF were
evaluated and exhibited differing performance. RF achieved the lowest accuracy
with a range of 57-75% across all measured metrics (Fig. 2B and C).

The potential of the microbiome as a biomarker for the discrimination of infected
from uninfected samples and for the characterization of microbes for synthetic
communities was then investigated. The role of each microbe was analyzed by
calculating and comparing the feature importance of all 2543 OTUs in the trained
classification models (SVM, RF, and LR) (Fig. 2A). After comparing the three
models, we found that they shared 2253 OTUs, indicating consistent microbial
signatures that contributed significantly to the classification process (Fig. S2A). To
determine the most important microbes for classification, we used recursive
feature elimination with cross-validation (Fig. 3A). The results showed that RF had
the highest accuracy, achieving 91% accuracy with 40 selected features (Fig. 3B).
When the experiments were completed, LR reached 87% accuracy with 4 selected
characteristics (Fig. 3B), while SVM reached 86% accuracy with 53 selected
characteristics (Fig. 3B). It is interesting to note that four OTUs were shared by all
three models that originated from LR, and 13 OTUs were shared by SVM and RF
(Fig. 3B and Fig. S2B).

58



A Experimental setup

Relative abundances OTU table

oty oTu, OTUjs3 Label
s1 ) 0.2 . 0 ® ..
o Training ml models Select key
%_ s2 03 055 0,043 @ |Training data (LR, SVM, MLP, RF) OTUs
£ s3 0.002 0.07; 0.098 70%
£ 0.00 0073 0,098 P
(2]
Test data
5337 0.55 0 0.002 ° 30%
. Uninfected
. Infected
B Results evaluation
q Receiver operating characteristic C
0.8
o Models Accuracy F. e AUC Precisi Recall
e 0.6
g LR 0.86 0.83 0.94 0.84 0.82
8
g04 SVM 0.85 0.82 0.93 0.82 0.81
=
o —— SVMAUC (area = 0.93) MLP 0.84 0.81 0.89 0.81 0.82
RF AUC (area = 0.88)
—— LR AUC (area = 0.94)
—— MLP AUC (area = 0.89) RF 0.75 0.57 0.88 0.79 0.58
0.

0.4 .6 0.8 1.0
False Positive Rate

Figure 2. Classifying infected samples from uninfected using machine learning
classifiers. (A) Workflow demonstrating the methodology employed to classify infected
samples from uninfected using machine learning models. Four machine learning classifiers,
namely Support Vector Machine (SVM), Random Forest (RF), Logistic Regression (LR), and
Multilayer Perceptron (MLP), were trained on 70% of the sample. The goal was to classify
uninfected leaves from infected leaves based on observed symptoms of Albugo, utilizing the
relative abundance OTU table of bacteria, fungi, and other eukaryotes. The trained models
with 70% of samples were evaluated using the remaining 30% of the dataset. Feature
importance was extracted from the trained models. (B) Area Under Curve (AUC) plots
representing the performance of the classifiers on the test set. (C) The table presents the
accuracy, F-measure, precision, and recall metrics for each classifier on the test set.
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Figure 3. Selected microbes as indicators of uninfected and infected samples.

(A) Recursive feature elimination with k-fold cross-validation (k = total number of samples)
was performed using random forest (RF), support vector machine (SVM), and logistic
regression (LR) to identify indicators of infected samples from uninfected samples. (B)
Histogram showing the normalized coefficient values of the 53 microbes selected for
recursive feature elimination with k-fold cross-validation using SVM. (C) The 40 OTUs
selected by recursive feature elimination with k-fold cross-validation using RF. (D) The 4
selected OTUs after recursive feature elimination with k-fold cross-validation using LR.
Negative values (green bars) indicate OTUs with high scores in discriminating uninfected
leaves, while positive values (purple bars) indicate high scores in discriminating infected
samples. Bar plots illustrate the percentage of aggregated relative abundances of OTUs in
infected and uninfected samples. Significance values indicate the differences in OTUs
between infected and uninfected samples as determined by the Wilcoxon test (ns: p value >
0.05, *p < 0.05, **p < 0.01, ***p < 0.001). Highlighted microbes identified by recursive feature
elimination with k-fold cross-validation were selected for further experimental analysis.

Microbe-microbe interactions in infected and uninfected plants

Microbial networks are a useful resource for identifying potential interactions
among microorganisms in a given community, derived by correlating the
abundances of different species. Our goal was to investigate the microbial
networks present in both infected and uninfected samples. Surprisingly, the
network resulting from the uninfected samples showed a larger number of nodes
(OTUs) and edges (connections between OTUs) compared to the one generated
from the infected samples (2024 nodes and 73511 edges vs. 1058 nodes and
22089 edges, respectively) (Fig. 4B vs. Fig. 4A). Notably, the topological
characteristics of these networks showed higher degree and closeness centrality
values (P < 0.001) in the uninfected network (Fig. 4E and 4F). We compared the
modularity of the constructed networks to assess the effect of infection on the
microbial communities in the networks. Both networks had the same number of



modules (seven). However, the modularity value of the network derived from
infected samples (0.31) was higher than that of the network derived from
uninfected samples (0.23) (Fig. 4A and 4B). Each module contained OTUs from
different taxonomic categories such as bacteria, fungi, and other eukaryotes (Fig.
4C and 4D).

In addition, we examined the interactions between the OTUs that were
specifically selected as discriminators between infected and uninfected samples
(Fig. 3). In contrast to the network generated from infected samples, which
contained 64 nodes and 193 edges (Fig. S3A), these OTUs exhibited a greater
number of connections within the uninfected network, resulting in 72 OTUs with
493 edges (Fig. S3C). Furthermore, these OTUs were spread across modules and
taxa, including bacteria, fungi and other eukaryotes (Fig. S3B and S3D). Notably,
in contrast to the average correlation of 0.21 in the uninfected network, an
average correlation of 0.30 was observed between these OTUs in the network of
infected samples.
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Figure 4. Infected and uninfected leaf changes in microbial co-occurrence networks. We have
reconstructed co-occurrence networks for both infected (A) and uninfected (B) samples, where
nodes represent OTUs and edges indicate correlations between these OTUs. Nodes are color-coded
according to modularity. Histograms (C and D) illustrating the distribution of OTUs within
modules for the network of infected and uninfected samples, respectively. These histograms are
further color-coded to distinguish microbial taxa, with green representing bacteria, orange
representing fungi, and blue representing other eukaryotes. Box plots show features per node
degree (E) and closeness centralities (F) for comparison between infected and uninfected networks.
Whiskers indicate the dispersion of the data (1.5 x interquartile range). Significance values indicate
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differences in microbes between seasons based on the Wilcoxon test (ns: p-value > 0.05, *p <0.05,
**p <0.01, ***p <0.001).

Pairwise interactions between microbial signatures and pathogen Albugo
through in planta assays

Our study was guided by the hypothesis that specific microbes associated with
uninfected plants could have a beneficial effect by reducing Albugo pathogenicity,
whereas microbes associated with infected plants could have a detrimental effect
by either amplifying infection or potentially reducing it by exploiting the pathogen
for survival, resulting in increased compositional proliferation. To test this
hypothesis, we chose four candidate microbes from bacterial, fungal, and other
eukaryotic groups in each category (infected and uninfected) based on the
outcomes of recursive feature elimination using all three models (Fig. 3A). The
selection criteria included diverse representations of phylogenetic trees, varying
relative abundances, laboratory availability, and the use of different machine
learning algorithms for feature selection (Fig. 3). SYM and LR provide positive and
negative coefficients to determine the microbial importance in categorizing
infected versus uninfected leaves. We assigned scores based on these values,
with negativity indicating the uninfected class and positivity representing the
infected class (see Fig. 3B). However, RF only offers positive scores, necessitating
further examination to determine the relationship between the selected OTUs
and their respective classes (see Fig. 3B). Among the candidate microbes
associated with uninfected plants, MethylobacteriumQOTU3 (Methylobacterium
goesingense) and SphingomonasOTU15 (Sphingomonas melonis) represented
the bacterial candidates, RhizophydialesOTU126 (Cystofilobasidium macerans)
for fungi, and RhogostomaOTU3 (Rhogostoma ephyphila) for other eukaryotes.
In contrast, the microbes identified as candidates linked to infected plants were
DuganellaOTU4 (Duganella zoogloeoides) and PseudomonasOTU6 (Pseudomonas
viridiflava) from the bacterial group, PlectosphaerellaOTU16 (Plectosphaerella
niemeijerarum) as the fungal candidate, and AlbugoOTU5 (Albugo laibachii),
representing the other-eukaryotic microbes (Fig. 3B).

To investigate the protective effects of the chosen microbes against the pathogen,
a mixture of Albugo and each of the four microbes associated with uninfected
plants were administered to Arabidopsis leaves (Fig. 5A). The level of protection
was determined by measuring the percentage of infected leaves (Fig. 5B). The
findings revealed that all the candidate microbes significantly decreased the
infection caused by Albugo (P <0.001). Cystofilobasidium had the most significant
effect, reducing Albugo levels by an average of 73%. Sphingomonas came in
second with a 65% decrease, followed by Methylobacterium and Rhogostoma
with 39% and 38% decreases, respectively (Fig. 5A). These observations were
confirmed by gPCR analysis that showed samples exposed to the uninfected-
associated microbes had substantially lower amounts of Albugo compared to



control samples (P < 0.05) (Fig. 5C). The candidates reduced the average biomass
of Albugo, ranging from 87% to 51%. This reduction was achieved with
Cystofilobasidium, Methylobacterium, Sphingomonas, and Rhogostoma,
respectively. We then investigated whether microbes associated with infections
were capable of promoting or alleviating the infection. The in planta infection
assay demonstrated no significant variations in the infection level of
Plectosphaerella, in contrast to the Albugo control (Fig. 5E). However,
Pseudomonas showed a decrease of 50% and Duganella showed a decrease of
34% in infection (P < 0.05) ( Fig. 5E). Likewise, gPCR outcomes substantiated
phenotype observations, where the biomass of Albugo in the control group did
not exhibit significant changes in comparison with Plectosphaerella. However,
Pseudomonas and Duganella showed significant differences with a 77% and 65%
reduction in Albugo biomass, respectively, compared to the control group (Fig.
5F).
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Figure 5 shows the infection assay performed using A. laibachii on A. thaliana in the
presence of both infected and uninfected indicator microorganisms. The selected
indicator microorganisms were chosen on the basis of their relevance to both infected and
uninfected sample groups, as indicated in Figure 3. For each of these indicator
microorganisms, co-inoculation with Albugo was performed on Arabidopsis plants at 3-4
weeks of age. (B) Illustrates the percentage of leaves infected with Albugo in the presence of
healthy indicator microorganisms, while (E) presents the percentage of Albugo-infected
leaves in the presence of infected indicator microorganisms. Each dot on the graph reflects
the percentage of infected leaves in an individual sample. The experiment comprised of six
individual replicates, each with three technical replicates. Relative quantification of A.
laibachii biomass in response to uninfected and infected indicator microbes, respectively, was
conducted through qPCR. To allow quantification of the amount of A. laibachii DNA in the
samples at 14 days post-infection, the oomycete internal transcribed spacer (ITS) 5.8S was
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normalized to the A. thaliana EF1-a gene. The relative biomass was then calculated via the
ddCT method. The three graphs displayed herein illustrate three independent replicates,
each with three technical replicates. Statistically significant differences between groups were
evaluated using the Tukey's Honestly Significant Difference (HSD) test, with distinct letters
denoting significant discrepancies.

The impact of the individual microbial signatures on the plants

Spray experiments were conducted on gnotobiotic plants to evaluate the impact
of individual microbes on plant health and pathogenicity (Fig. S4). Notably,
Duganella and Pseudomonas had a detrimental effect, resulting in the death of
all plants within three weeks. Duganella visibly deteriorated plant health, leading
to complete plant death, while Pseudomonas only allowed 9.09% of treated
plants to survive. In contrast, Plectosphaerella had a less severe but still
noteworthy impact, with 70% of the treated plants surviving. Nevertheless, both
leaves and roots showed significant harm as evidenced by browning. Although
Cystophilobasidium is associated with plant health, it exhibited a lower survival
rate, with just 33.33% of plants remaining viable. In contrast, the plants that were
treated with health-associated microbes (Sphingomonas, Methylobacterium,
Rhogostoma) thrived, with over 90% of them surviving and presenting no
noticeable negative consequences (Fig. S4).

Discussion

Natural probiotics for managing plant health have gained ecological and
economic attention. However, a comprehensive understanding of pathogens in
the phyllosphere and the progression of disease in a community context is
currently lacking [26]. In natural populations of Arabidopsis thaliana, Albugo
laibachii has been identified as a hub microbe causing white blister rust with
significant effects on epiphytic and endophytic bacterial colonization [4]. Albugo’s
growth patterns, mainly observed during the spring season and found in half of
the sampled locations, highlight the influence of geographical locations and
environmental conditions on its colonization dynamics [4]. It is unclear what
distinguishes the microbiome of infected versus uninfected plants and which
specific microbes either promote or suppress the growth of the Albugo pathogen.
This natural pathosystem presents an opportunity to enhance disease
management strategies.

To further explore this matter, an extensive study was performed on the diversity
of microbial communities in leaves affected by Albugo, both infected and
uninfected. Utilizing a detailed microbiome dataset spanning six years, we
analyzed microbial taxa at a more resolved level, including bacteria, fungi, and
other eukaryotes [25]. The results of the analysis revealed a significant difference
between infected and uninfected plants. Infected plants showed lower diversity.
In particular, diversity levels within the other eukaryotic groups were found to be
lower compared to fungi and bacteria (Fig. 1). This finding aligns with our previous
discovery that Albugo is a hub microbe with more negative interactions in the
microbial network of phyllosphere [4, 13]. The variation in diversity among



different microbial groups, such as bacteria, fungi, and other eukaryotes,
emphasizes the importance of these groups in preserving plant health. It has
been postulated that reduced diversity in infected plants may be due to the
influence of hub microbes, which can indirectly affect diversity through
interactions with the host or directly impact the efficiency of other microbe
colonization [4]. Our recent research has revealed that Albugo plays a direct role
in shaping plantassociated microbial communities by releasing proteins and
peptides with antimicrobial properties into the apoplast [13]. The reduction in
diversity can be attributed to various factors, including the enrichment of
pathogenic microorganisms and the proliferation of microorganisms capable of
suppressing pathogens [22, 27]. Consistent with this principle, our results provide
compelling evidence for a increase in 36% order-level microbial community
abundance in both infected and uninfected plants (Fig. 1 and Fig. S1). These
results shed light on important microbial dynamics and provide valuable insights
into the complex interactions that impact plant health and disease progression.

Our objective was to differentiate microbiome patterns between infected and
uninfected leaves, ultimately identifying the microbiome as a potential biomarker
for plant health and disease. We utilized machine learning techniques, which
have demonstrated successful applications in clinical and plant disease prediction
scenarios [21]. Using prediction models, we conducted a systematic analysis of
variations in the health and infection stages of plants. Our results revealed highly
accurate classifications, achieving a range of 75% to 86% accuracy (Fig. 2), which
suggests the existence of predictive patterns among the different groups. To
identify the critical microbial players that contribute to these predictive models,
we employed feature selection, a popular technique in machine learning. This
method enabled the identification of 3.1% of OTUs, including bacteria, fungi, and
eukaryotes, that have the potential to act as discriminators (Fig. 3).

Microbial networks have gained popularity as a useful tool for analyzing microbial
community structure due to their ability to integrate various types of information
and potentially represent system-level behavior [12]. The hypothesis of this study
is that pathogen infection can have a significant impact on the complexity of
microbial interactions. Our findings indicate that uninfected constructed
networks display a heightened level of complexity, which is evident through an
increased number of connections and OTUs (Fig. 4). As individuals navigate
through an ecological network, they encounter different densities of connections,
with regions of dense connections referred to as ‘'modules’ and regions of sparse
connections defining their boundaries. Modules suggest stronger links between
species within their boundaries than between species in other modules, and this
organization is referred to as the ‘'modularity’ of the network. Modularity can
indicate diverse habitats, varying selective pressures, and phylogenetic clustering
of related species [28]. Our study demonstrates that our networks display
modularity (Fig. 4). Additionally, we find that infected networks have higher
modularity than uninfected networks, bolstering the notion that increased
modularity is connected to greater network stability (Fig. 4) [29].
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Our analysis reveals that specific microbes, which have been identified as
discriminators between infected and uninfected samples (Fig. 3), are distributed
across various modules, indicating their crucial role in the functionality of
different community modules within the overall microbial community (Fig. S3).
The plant microbiome has a critical role as a defense shield against plant
pathogens, utilizing direct and indirect interactions through various mechanisms,
including parasitism, competition for resources, and induction of systemic
resistance in response to biotic and abiotic stresses [4, 7, 30]. Building upon this
understanding, our study aimed to investigate the potential roles of selected
microbes in microbe-microbe interactions.

We hypothesized that the plant-associated microbiome, alone or from distinct
phylogenies, could provide protection against the pathogen Albugo laibachii. Our
findings demonstrate that all candidates exhibited protective effects, resulting in
infection reductions ranging from 87% to 51%. Specifically, the order of
effectiveness was  Cystofilobasidum, followed by Methylobacterium,
Sphingomonas, and then Rhogostoma. The Cystophilobasidum fungi exhibited
the strongest protective effects among the candidates (Fig. 5A-C). This discovery
is particularly intriguing due to the limited information available about the role of
Cystophilobasidium in protecting Arabidopsis leaves from pathogens.
Nonetheless, similar studies on other Basidiomycete fungi like the epiphytic yeast
Moesziomyces bullatus ex Albugo have offered valuable insights into their
antagonistic behavior against Albugo laibachii in Arabidopsis. Through a
comprehensive approach involving transcriptomics, reverse genetics, and protein
characterization, this antagonism was deciphered, highlighting the significance of
a GH25 hydrolase with lysozyme activity as a crucial effector [31]. Interestingly,
the bacterial candidates we analyzed are well-known core components of the
phyllosphere microbiome [6, 32]. The protective capabilities of Sphingomonas
species, established in prior research as protecting Arabidopsis against other
pathogens such as Pseudomonas syringae, are consistent with our findings [2].
Nevertheless, colonization by Methylobacterium genus members yielded varying
effects and did not provide plant protection. However, we observed intriguing
effects that decreased the pathogenicity of Albugo.

The recent focus on protists, specifically Rhogostoma spp from the phylum
Cercozoa, in Arabidopsis thaliana is noteworthy [33, 34]. These protists have been
identified as influential agents that shape the composition and actions of
bacterial and fungal communities through selective predation [33, 34]. Protists
act as natural microbial predators. They directly target bacterial and fungal
pathogens, resulting in a consuming effect that ultimately leads to the removal of
various pathogenic strains [35, 36]. Our findings emphasize the potential of fungi,
followed by bacteria, and least of other eukaryotes, in reducing pathogenicity by
over 50%. This emphasizes that single microorganisms from various phylogenetic
origins demonstrate functional redundancy, which offers favorable prospects for
utilizing them in biocontrol methods to efficiently reduce plant infections.



Expanding upon this observation, we propose that in the context of infected
plants, the presence of pathogens may lead to a dual response: the pathogen can
either establish its unique microbial community, or stimulate the growth of other
microbial cohorts. These additional microorganisms can work together to
suppress or regulate the pathogen’s propagation. The complex interplay of
microbial interactions within the plant ecosystem is highlighted through this
study, emphasizing the potential for intricate responses to pathogen-induced
perturbations.

Our investigation into disease-associated microbes indicated no significant
reduction in the infection caused by selected fungi Plectospherella (Fig. 5E and
5F). Interestingly, this species also showed no promotion of infection. The
significant reduction in infection by 77% for Psudomonas and 65% for Duganella
deserves attention (Fig. 5E and 5F). According to studies, commensal
Pseudomonas can activate a host response that specifically inhibits a specific
pathogenic lineage, leading to plant protection. This highlights the ability of
Pseudomonas to demonstrate a range of pathogenic and commensal behaviors
[37]. Indeed, the results of our study reveal that infected-associated microbes
have different effects on Albugo infection levels, which may be attributed to the
phenomenon of mutual infectivity relationship. An instance of such a correlation
has been discovered in Arabidopsis thaliana, where initial exposure to the
pathogen A. laibachii generates a setting that promotes growth and spore
production of avirulent strains of the Arabidopsis downy mildew pathogen
Hyaloperonospora arabidopsidis on Arabidopsis accessions that would otherwise
be resistant to this pathogen [38].

A "recolonization experiment” was performed to determine the distinct effects
of each candidate [39]. In this experiment, we introduced isolates to sterile plants
and evaluated their impact on plant health (Fig. S4). Our observations yielded
interesting results: the plants inoculated with health-associated microbes
showed a significantly higher level of healthy leaves compared to those
associated with disease-associated microbes. Notably, the experiment yielded
intriguing results. Inclusion of Duganella and Pseudomonas strains led to
remarkable outcomes. The strains have potential pathogenic properties as nearly
all exposed plants died, particularly in the case of Duganella and a significant
proportion (91%) in the case of Pseudomonas (see Fig. S4). The function of these
strains in their natural environment poses interesting questions. These strains
may strategically modulate their pathogenicity, potentially adjusting their
virulence levels or engaging in complex interactions that contribute to their
pathogenic behavior. Such behavior presents an intriguing aspect for studying
microbial communities and their impact on plant health. In addition,
Plectosphaerella caused 25% damage to whole plants, extending to the roots as
evidenced by brown discoloration. Compared to Duganella and Pseudomonas,
Plectosphaerella has a different mode of action. These results underscore the
intricate and dynamic interplay between microbial communities and their
indispensable role in plant health and growth outcomes. Further investigations
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into the interactions between these strains and plants and other microorganisms
could yield important knowledge related to plant health management in
agricultural or natural settings. It should be highlighted that A. thaliana roots
inherently contain fungi that boast considerable pathogenic potential, such as
Fusarium and Plectosphaerella [40]. This finding indicates that these fungi could
benefit from associations with other microorganisms or may play alternative roles
that contribute to their presence within the plant ecosystem.

To summarize, our study employed classification machine learning to analyze the
long-term microbiome of Arabidopsis in infected and uninfected plants. We
effectively identified unique microbiome patterns associated with plant health
and infection, including bacteria, fungi, and cercozoa. Among the identified
microbes, we discovered evidence of health indicator microbes that had a
positive impact on plant resistance against Albugo infection. Additionally, we
examined the impact of disease-associated microbes and observed that some
decreased infection while others had no significant effect. These findings
underscore the complexity of microbe-microbe interactions in the plant
ecosystem, emphasizing the importance of further investigation to gain a
complete understanding of these intricacies.

Conclusion

Our study has provided valuable insights into the diversity, variation, and
composition of the leaf microbiome in both infected and uninfected plants,
revealing the potential roles of specific microbes in disease dynamics. The
discovery of unique microbial signatures associated with plant health and
infection has promising implications for developing strategies to maintain plant
health and mitigate the effects of plant diseases. However, the findings indicate
the complexity of microbe-microbe interactions and the need for further
investigation to fully understand the underlying mechanisms involved in plant-
pathogenmicrobiome interactions. Comprehending these mechanisms will be
vital to developing innovative techniques to efficiently maintain plant health and
fight diseases in both agricultural and natural ecosystems. Expanding our
understanding of plant-microbe interactions and the role of the microbiome in
disease resistance has the potential to develop innovative and sustainable
approaches for crop protection and disease management. Future research should
prioritize unraveling these interactions and exploring new opportunities to utilize
the plant microbiome for improved plant health and productivity.
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Method

Sample collection of wild Arabidopsis thaliana

Wild Arabidopsis thaliana samples were collected from six locations in the
Tuebingen area over multiple years, including autumn and spring seasons from
2014 to 2019 (11 distinct time points in total, as presented in Table S1). The
methodology for obtaining both epiphytic and endophytic microorganisms from
each leaf sample followed the procedures described in Aglar et al. [4]. Leaves
were washed gently with water for 30 s, followed by a 1 min wash in 3-5 ml
epiphyte solution (consisting of 0.1% Triton X-100 in 1x TE buffer). Epiphytic
microorganisms were collected by filtering the solution through a 0.2 mm
nitrocellulose membrane filter (Whatman, Piscataway, NJ, USA). The filter was
then inserted into a screw-cap tube and frozen on ice for storage. To obtain
endophytic fractions, the same leaves underwent surface sterilization, which
consisted of a 15-second wash with 80% ethanol, followed by a 30-second
treatment with 2% bleach (sodium hypochlorite). Then, the leaves were rinsed
three times with sterile autoclaved water for 10 seconds. Afterward, the samples
were placed in a screw-cap tube and immediately frozen using dry ice. Phenol-
chloroform-based protocol was used for DNA extraction and amplicon
sequencing, following the customized procedure stated in Agler et al. [27]. The
extracted DNA was utilized in a two-step PCR amplification that targeted the V5-
V7 region of bacterial 16S rRNA (employing primers 799F/1192R), the ITS2 region
of fungi (utilizing primers fITS7/ITS4), and the 18S rRNA region of eukaryotes
(with primers F1422/R1797). Using blocking oligos helped to minimize the
amplification of plant DNA. Afterwards, the PCR products were purified and
combined in equal proportions before undergoing sequencing in lllumina MiSeq
runs (600-cycle) with PhiX control.

Analysis of amplicon sequencing data

The amplicon sequencing data was processed using Mothur (Version=1.42.3)
[41], following the guidelines described in Mahmoudi et al. [25]. The initial step
involved merging singleend reads to generate paired-end reads, while pairs with
less than 5-base overlap between the forward and reverse reads were excluded.
Only sequences with lengths ranging from 100 to 600 bases were considered for
further analysis. Chimeric sequences were identified using Vsearch within the
Mothur environment, with more abundant sequences serving as reference.
Cutadapt 2.10 was then utilized to refine the dataset by removing adapter
sequences from 16S rRNA and 18S reads. This was especially critical in the case
of short amplicons that were fully sequenced, as it permitted retrieval of
matching pairs and addressed “orphan” reads. For fungal reads, we utilized ITSx
1.1b [42] to trim sequences to the ITS2 region. The default parameters were
utilized, with the exceptions of preserving sequence headers, performing checks
against fungal, oomycete, and plant profiles, allowing single-domain matching
with an e-value cutoff of 1e-5.0, allowing matching of only one HMM gene profile,
and allowing preservation of partial ITS regions.Subsequently, the sequences
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were categorized into Operational Taxonomic Units (OTUs) based on a 97%
similarity threshold, utilizing the VSEARCH program incorporated within Mothur.
The taxonomic classification of each sequence used the rdp classifier with a
consensus confidence threshold of 80 and method=wang. The Silva database
(version 138.1) was used for 16S rRNA data, the UNITE public database (version
02 02 2019) for fungal ITS2, and the Pr2 database (version 4.12.0) for eukaryotes.
To improve identification of the remaining PhiX reads, the PhiX genome was
incorporated into each of these databases. Each operational taxonomic unit
(OTU) underwent taxonomic classification with a consensus confidence threshold
of 80. For analysis, OTUs lacking known taxonomy at the kingdom level and those
with low abundance (j50 reads) were excluded.

Diversity analysis

To determine the alpha diversity of the samples, the OTU abundance tables were
analyzed using Shannon’s H diversity index. To evaluate sample alpha-diversity,
we analyzed OTU abundance tables with the Shannon’s H diversity index using
the ‘estimate-richness’ function in the ‘phyloseq’ package for R. We assessed
normality of data using ShapiroWilk’s test before analysis. For mean comparisons,
we utilized non-parametric tests for two groups (Wilcoxon Rank Sum and Signed
Rank Tests) and for multiple groups (Dunn’s test with Bonferroni correction).
Significance was determined using a P-value threshold of j0.05. Next, we
transformed relative abundance tables using a logarithmic function (log10(x+1))
and calculated Bray-Curtis dissimilarities between samples to perform Principal
Coordinate Analysis (PCoA). Our analysis utilized the ‘ordinate’ function from the
‘phyloseq’ package. To investigate further, we performed a PerMANOVA analysis
on the Bray-Curtis dissimilarities to determine the “infection stages” that impact
the structure of the leaf microbiome. We used the "Adonis2” function from the
"Vegan” package with 10,000 permutations and a significance threshold of P j
0.05. All analyses were performed using R version 4.1.2.

Machine learning analysis

We combined the OTU tables containing bacteria, fungi, and eukaryotes to
comprehensively study the interactions between microorganisms. Afterwards,
we converted the OTU table into a relative abundance table. To ensure durability,
the OTU tables underwent a filtering process which only kept those OTUs that
were present in at least 5 samples with an OTU read count over 10. The curated
dataset utilized binary labels "infected” and "uninfected” to designate samples in
the constructed relative frequency table. Subsequently, machine learning models
were trained, including Support Vector Machine (SVM), Random Forest (RF),
multilayer perceptron (MLP) and Logistic Regression (LR), using scikit-learn
packages in the Python programming environment [43]. To clarify the importance
of individual OTUs in distinguishing infected from uninfected samples, we utilized
recursive feature elimination, a method known for identifying the most influential



OTUs for the classification task at hand. This process was executed through the
RFECV function from the scikit-learn packages in Python [43].

Microbial network analysis and properties

To conduct a comprehensive examination of microbial interactions, the OTU
tables, which encompass bacteria, fungi, and other eukaryotes, were merged.
The merged tables were utilized to calculate correlations with the SparCC
algorithm [44], which utilizes Aitchison’s log-ratio analysis and is specifically
designed to handle compositional data exhibiting high sparsity. Before computing
correlations, the OTU tables were filtered. Only operational taxonomic units
(OTUs) with a minimum of 5 sample occurrences, each exhibiting an OTU raw
abundance of more than 10 reads, were retained. Afterwards, SparCC correlation
scores were computed on the FastSpar platform [45] for these filtered OTU tables
with default parameters. 1000 bootstraps generated the pseudo P-values, which
allowed for statistical significance assessment. For further analysis, only
correlations meeting the criteria of P | 0.01 and an absolute correlation value
greater than 0 were included. These chosen correlations served as the basis for
subsequent investigations. Modularity analysis was performed using Python’s
networkx package (v3.1). Community detection was applied using Louvain
Community Detection Algorithm [46] before calculating the modularity score. To
visualize and analyze the complex microbial interaction network, we used
Cytoscape (version 3.7.1) and Gephi (version 0.10.1) software. This platforms
enabled the development of a visual rendering of the microbial network, assisting
in the exploration and comprehension of intricate associations among diverse
microbial entities.

Infections of Arabidopsis thaliana leaf and quantification of Albugo biomas by
qPCR

Overnight liquid cultures of bacteria and yeast were cultivated until they reached
an ODeoo of 0.2. The resulting cultures were then centrifuged at 1200 g for 5
minutes, and the resulting pellets were resuspended in MgCl,. A spore
concentration of 25 x 10* spores/mL was meticulously prepared for
Plectospherella and Rhogostoma. Approximately 4-5 mL of each sample were
carefully combined with 5-6 mL of Albugo culture (25x10%spores/mL) and evenly
applied to 4-5 week old A. thaliana seedlings using airbrush guns. Following a
two-week period, leaf disease symptoms were assessed, differentiating between
infected and non-infected leaves, and quantified as a percentage. The leaves were
then stored with great care at -80°C. DNA extraction was performed following the
methodology outlined in Lutap et al. (currently under preparation). To measure
gPCR, a mixture was prepared consisting of 7.5 uL of SYBR Green supermix, 5 uL
of DNA (approximately 50 ng), 1.9 uL of NFW, and 0.3 uL of forward and reverse
primers (10 uM each), resulting in a total reaction volume of 15 pL. The sample
measurements were performed in triplicate using a Bio-Rad CFX Connect real-
time PCR detection system. The quantification of A. laibachii was determined. The
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DNA was extracted using the following oligonucleotide sequences: A. thaliana
EFl-a: 5-AAGGAGGCTGCTGAGATGAA-3', 5-TGGTGGTCTCGAACTTCCAG-3’;
Albugo EFl-a: 5'-GTGTTCTGCACATCCACACC-3’, 5'-GACCTTGACGGATGAAAGGA-
3’. Cq values obtained during the amplification of oomycete DNA were carefully
normalized to the DNA amplicon of A. thaliana. Afterwards, the ddCq method
was used to quantify the contrast between the control group (consisting of only
Albugo) and the treatment group (Albugo + Arabidopsis). The relative biomass of
Albugo was determined using the formula 27999, and each data point on the
graph represents the results of three independent biological replicates.
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SFigure 1 Changes in high abundance microbial taxa colonising A. thaliana's in infected and
uninfected leaves. Box plots (green = uninfected, purple = infected) show the relative abundance
of the orders Bacteria, Fungi and Oomycetes in individual samples aggregated by 'infection
phenotype'. Whiskers show the dispersion of the data (1.5 x interquartile range). Significance
values show the differences of microbes between seasons based on the Wilcoxon test (ns: p-value
>0.05, *p <=0.05, **p <=0.01, ***p <=0.001).
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SFigure 2. Comparing the importance of microbes for classifying uninfected leaves from
infected samples using machine learning models. To classify infected samples from uninfected
samples, four classification models were trained. The Venn diagram on the left represents the
number of common microbes with scores greater than 0 between different models in the training
model phase. The right Venn diagram represents the number of shared microbes scored higher than
0 after performing recursive feature elimination.
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¢ Nodule microbiota are dominated by symbiotic nitrogen-fixing rhizobia, however, other
non-rhizobial bacteria also colonise this niche. Although many of these bacteria harbour
plant-growth-promoting functions, it is not clear whether these less abundant nodule colonis-
ers impact root-nodule symbiosis.

® We assessed the relationship between the nodule microbiome and nodulation as influenced
by the soil microbiome, by using a metabarcoding approach to characterise the communities
inside nodules of healthy and starved Lotus species. A machine learning algorithm and net-
work analyses were used to identify nodule bacteria of interest, which were re-inoculated
onto plants in controlled conditions to observe their potential functionality.

¢ The nodule microbiome of all tested species differed according to inoculum, but only that
of Lotus burttii varied with plant health. Amplicon sequence variants representative of Pseu-
domonas species were the most indicative non-rhizobial signatures inside healthy L. burttii
nodules and negatively correlated with Rhizobium sequences. A representative Pseudomonas
isolate co-colonised nodules infected with a beneficial Mesorhizobium, but not with an inef-
fective Rhizobium isolate and another even reduced the number of ineffective nodules
induced on Lotus japonicus.

o Our results show that nodule endophytes influence the overall outcome of the root-nodule
symbiosis, albeit in a plant host-specific manner.

Received: 22 October 2021
Accepted: 17 January 2022

New Phytologist (2022) 234: 242-255
doi: 10.1111/nph.17988

Key words: ineffective nodules, Lotus,
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Introduction

Leguminous plants have evolved a mutualistic interaction with
nitrogen-fixing rhizobia in which the bacteria are hosted and
nourished in root organs called nodules in exchange for ammo-
nia. This so-called root—nodule symbiosis is initiated by a two-
way signalling between the symbiosis partners, which activates
distal cell divisions in the root cortex and culminates in the for-
mation and infection of nodules (Venado ez 4l., 2020). Here the
bacteria differentiate into plant-dependent, nitrogen-fixing
endosymbiotic bacteroids (Kereszt ezal, 2011). The fixation of
nitrogen is an energetically expensive process for the host that
requires at least 16 ATP molecules per N, molecule to fuel the
nitrogenase enzyme produced by the rhizobia (Seefeldt eral,
2009). Therefore, to prevent infection of the carbon-rich nodules
by pathogens, host plants have evolved complex recognition
mechanisms that ensure symbiotic specificity (Wang ez al., 2012).

Root—nodule symbiosis is highly species specific and many
plants will only form an effective symbiosis with a narrow range
of rhizobia (Remigi ez 2/, 2016). Even within these pairings there
is variation in nitrogen fixation efficiency (Schumpp & Deakin,
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2010). Some bacteria can also nodulate plants and not fix any
nitrogen at all (Sachs & Simms, 2008). Examples of ineffective
nitrogen fixation have been described after the introduction of
crop legumes into areas where native legumes previously grew.
For instance, inefficient nitrogen fixation occurs in fields where
perennial and annual clovers co-exist (Howieson ezal., 2005).
Native rhizobial species associated with native legumes can out-
compete inoculant strains (Streeter, 1994). In extreme cases,
endogenous rhizobia can completely block the nodulation of
introduced rhizobia. For example, the nodulation of the pea cul-
tivars Afghanistan and Iran by rhizobial inoculants is suppressed
in natural soils by the presence of a non-nodulating strain
(Winarno & Lie, 1979). This suggests that interactions of the soil
microbiota with the host plant are critical for the establishment
of efficient nodules. However, we are far from understanding
what factors determine the success of single microbes that com-
pete for resources at the plant soil interface, in particular nodule
endophytes and how these affect the outcome of the symbiosis.
There is clear evidence to suggest that the host controls the
makeup of the microbiota in its vicinity. Lotus japonicus selects for

© 2022 The Authors

New Phytologist © 2022 New Phytologist Foundation

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial License, which permits use,

80 distribution and reproduction in any medium, provided the original work is properly cited and is not used for commercial purposes.



New
Phytologist

a broad taxonomic range of bacteria, in addition to the symbiont,
within the rhizosphere, endosphere and the nodule. This selectiv-
ity filters the diverse soil microbiome into a distinct and taxonomi-
cally narrow community within the nodule (Zgadzaj ez al., 2016).
Despite this selective pressure, nonnodulating bacteria, such as
Pseudomonas sp., Klebsiella sp. and Rhodococcus sp. have been iso-
lated from plant nodules (Ibdfez ezal, 2009; Ampomah & Huss-
Danell, 2011; Martinez-Hidalgo & Hirsch, 2017). Although these
isolates do not directly nodulate the plant, they contribute to plant
growth in some ways, such as increasing the availability of soluble
phosphate and producing plant compounds beneficial for plant
growth such as siderophores and indoleacetic acid (Dey eral,
2004; Malik & Sindhu, 2011; Zhao etal, 2013). In addition,
non-Rhizobiales microbes found in nodules of Medicago truncat-
ula produce antimicrobial compounds that may shape the com-
munity and the overall function of the nodule microbiome
(Hansen etal., 2020). Microbe-microbe interactions could also
impart an effect on the overall functionality of the symbiosis, for
instance via antimicrobial activity (Tyc etal, 2014), suppression
of plant pathogens (Gu ez 4/, 2020) or by horizontal gene transfer
(Cytryn, 2013). Although these complex interactions could dictate
the effectiveness and specificity of the symbiosis, little information
is known about how rhizobia interact with other members of the
nodule microbiota.

In this work, we determined the nodule microbiome of three
Lotus species upon inoculation with soil suspensions that led to
the growth of either starved or healthy plants. We used
metabarcoding-based high-throughput sequencing to characterise
the microbiome in nodule samples that varied in plant species
origin, soil inocula and plant health. Network analyses and
machine learning algorithms identified microbiome members
specifically associated to nodules of healthy, but not of starved
Lotus buretii plants. Tripartite interactions between rhizobia,
nodule endophytes and the host were further investigated in co-
inoculation assays. Our results show that although root—nodule
symbiosis is a binary interaction, there are other nodule microbes
that modulate this mutualism.

Materials and Methods

Soil collection and inoculum preparation

Soil samples were collected from two neighbouring sites in a
semiurban area south west of Munich, Germany. Site 1
(48°06'29.9"N, 11°27'38.9"E) has consistently been home
to wild Lotus corniculatus, whereas site 2 (48°06'33.2"N,
11°27'41.4" has been subjected to tilling and physical distur-
bance and did not contain Lozus plants at the time of collection.
Soil samples were taken from the top layer (0—20 cm deep) after
plant material was removed from the site in May 2019 and Octo-
ber 2018. Physicochemical property measurements of each soil
were performed by AGROLAB Agrarzentrum GmbH (Landshut,
Germany). Soil samples were sieved to remove stones and plant
material with a 2 mm sieve, mixed 1:5 with a nitrogen-limiting
Fabaceae (FAB) liquid medium, and stirred for 2 h. Soil particu-
late matter was removed by centrifugation at 1000 g for 5 min.

© 2022 The Authors
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Soil suspensions were used as inputs and a quantitative PCR
(qPCR) was run to compare the quantity of soil bacteria present
in both soil suspensions inputs.

Plant growth and inoculation conditions

Lotus burttii B-303 (seed bag no. 91105), L. japonicus Gifu B-
129 (seed bag no. 110913) and L. corniculatus cv Leo (Andreae
Saaten, Regensburg, Germany) seeds were scarified and then ster-
ilised by incubation in a sterilising solution (1.2% NaOCI, 1%
SDS) for 8 min before being washed three times with sterile
water. Seeds were then soaked in sterile water for 2—3 h and ger-
minated on 0.5 B5 agar medium (Gamborg ez al, 1968) for 3d
in dark followed by 3d in a long-day photoperiod (16h:8h,
light : dark) at 24°C. Seedlings were then transferred into ster-
ilised tulip-shaped Weck jars (10 seedlings per jar) containing
300 ml of a sand : vermiculite mix (1 : 2) and supplemented with
40ml of a low nitrogen FAB medium, to create nitrogen-
limiting growth conditions as mentioned above (Liang etal,
2019). Jars were sealed with micropore tape to create a closed sys-
tem. Seedlings were left to recover for 2 d in a long-day photope-
riod. After the 2-d recovery, each seedling was inoculated with
1 ml of soil suspension. Lotus burttii and L. japonicus treatments
consisted of 150 plants from three independent experiments, and
L. corniculatus treatments consisted of 50 plants per condition
from one independent experiment.

Harvesting, phenotyping and nodule surface sterilisation

Plants were harvested and phenotyped 5wk post inoculation
across five independent experiments. Shoot length, shoot dry
weight, nodule number, nodule colour and plant health were
recorded. Nodules were classified as pink or white, which indi-
cated the presence or absence of leghaemoglobin, respectively, a
prerequisite for, but not a guarantee of, nitrogen fixation
(Downie, 2005). Roots were removed from shoots and sonicated
using the Bioruptor® (Diagenode, Seraing, Belgium) twice for
15 min. Nodules from three or four plants were excised and
pooled based on similarity of plant shoot and nodule phenotype.
Pink and white nodules were collected separately. Pooled nodules
were treated with 70% ethanol for 1 min followed by 2% NaOCI
for 2.5 min. Nodules were then washed with sterile water eight
times and after the removal of the final water wash, samples were
snap frozen in liquid nitrogen. The final wash was plated onto
20Q agar supplemented with 3.8% w/v mannitol (modified from
Werner et al., 1975) to assess sterilisation.

DNA extraction

Nodule samples were homogenised six times in a Mixer Mill 400
(Retsch, Haan, Germany) at a frequency of 30s™" for 1 min.
DNA was then extracted according to a modified protocol from
Towe eral. (2011). For extraction of DNA from the inputs, soil
suspensions were centrifuged at 5000 g and DNA from pellets
was extracted according to the CTAB method described by the
Doe Joint Genomics Institute (William efal, 2012). The
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concentrations of extracted DNA samples were quantified using a
Qubit 2.0® fluorometer (Invitrogen, Carlsbad, CA, USA).

Quantitative PCR

Quantitative PCR was performed using the forward primer (FP)
168 rDNA (5'-GGTAGTCYAYGCMSTAAACG-3') and reverse
primer (RP) 16S rDNA (5'-GACARCCATGCASCACCTG-3)
primers (Bach ezal, 2002). The 25-pl PCR mixture contained
12.5 ul SYBR Green, 2 pl template DNA, 7.5 pl Milli-Q water,
1l 10 uM of primers and 1 pl 15% bovine serum albumin
(BSA). The mixture was amplified using a CFX96 Real-Time
System (Bio-Rad, Hercules, CA, USA) under the following con-
ditions: template was denatured at 94°C for 10 min before 40
cycles of 95°C for 20's, 57°C for 30 s and 72°C for 45 s, followed
by dissociation curve steps of 95°C for 15, 60°C for 30s and
95°C for 15s. Quantification of the 768 rRNA gene molecules
was correlated with a calibration curve constructed with known
amounts of a 165 rRNA gene standard plasmid constructed of a
Mesorhizobium septentrionale 165 rRNA gene sequence cloned
into a pUC57 plasmid.

Amplification, library preparation and sequencing

To determine bacterial diversity, a metabarcoding approach was
utilised. The hypervariable region V3-V4 of the 165 rRNA gene
was amplified using universal bacterial primers 335F (5'-
CADACTCCTACGGGAGGC-3') and 769R (5'-
ATCCTGTTTGMTMCCCVCRC-3) fused to Illumina
adapters. The primers were specific for bacterial DNA and did
not amplify plastidial and mitochondrial plant DNA (Dorn-In
etal., 2015). Amplification reaction volumes were 25 Ul using
1 unit of Phusion polymerase, 5l 5x High-Fidelity Phusion
buffer, 7.5 pl of 1% BSA, 0.5 ul of 10 mM dNTPs, 0.5 pl of
50 mM MgCl,, 0.5 pl of 10 pmol url primer and 5 ng of tem-
plate DNA. The assay was conducted in triplicate under the fol-
lowing conditions: template was denatured at 98°C for 1 min,
then 25 cycles of 98°C for 10's, 55°C for 30 s and 72°C for 30s,
followed by a final step at 72°C for 5 min. PCR products were
verified via gel electrophoresis, pooled, and cleaned using
CleanPCR beads (CleanNA, Waddinxveen, the Netherlands).
Fragments were then indexed with 10 nucleotide barcode
sequences using the Nextera XT Index Kit v.2 Set D primers
(Illumina, San Diego, CA, USA). Indexing PCR reactions were
run in triplicate with a volume of 25 pl using 12.5 ul NEB Next
High-Fidelity Master Mix, 2.5 pl of each delegated primer and
20 ng of amplicon under the following conditions: template was
denatured at 98°C for 30s, then eight cycles of 98°C for 10s,
55°C for 30 s and 72°C for 30 s, followed by a final step at 72°C
for 5min. PCR products were pooled and cleaned with
CleanPCR beads (CleanNA). Quantification and quality control
were conducted using an AATT Fragment Analyser (Santa Clara,
CA, USA). All samples were pooled at an equimolar concentra-
tion for paired-end 2 x 300-bp sequencing via the MiSeq system
(lumina) using the MiSeq Reagent Kit v.3 (600 cycles), as per
the manufacturer’s recommendation.
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Sequence and statistical analysis

An average of ¢. 141 000 raw Illumina reads per sample were
obtained, which were then demultiplexed and had adapter and
barcode sequences removed using CUTADAPT v.3.1 (Martin,
2011). Reads were then trimmed, merged and filtered using
Dapa2 (Callahan ez al, 2016) in R. The criteria for filtering were
minimum lengths of 280 bp for the forward reads and 160 bp for
the reverse, as these lengths corresponded to a minimum quality
score of 25. Merged sequences had chimeras and chloroplastic
and mitochondrial sequences removed. Amplicon sequence vari-
ants (ASVs) were assigned in R using the Silva database v.132
(Quast ez al., 2012).

The PHYLOSEQ v.1.26.1 package in the R (McMurdie &
Holmes, 2013) pipeline was used to infer alpha diversity of ASVs
rarefied corresponding to the sample with the lowest number of
reads. Multidimensional Scaling using Bray—Curtis (Bray & Cur-
ts, 1957) distance was performed using the PHYLOSEQ v.1.26.1
package in R (McMurdie & Holmes, 2013) to assess the beta
diversity of microbial communities. Comparisons were visualised
using GGPLOT2 (Wickham, 2009) in R and tested for statistical
significance (adonis test, P<0.01) via permutational multivariate
analysis of variance (PERMANOVA) utilising 999 permutations
in the VEGAN package (Oksanen ez 4l., 2018). Relative abundance
of each genera per sample was calculated using transformed count
data. To further specify the composition of the sample micro-
biome the relative abundance of the most prevalent ASVs (abun-
dance>0.1%) was calculated for each sample. All abundance
levels were calculated using the PHYLOSEQ v.1.26.1 package
(McMurdie & Holmes, 2013) in R.

Machine learning model

A support vector machine learning model by svm.SVC (ker-
nel=linear) in PYTHON SCIKIT-LEARN (Pedregosa eral., 2011) was
used to discriminate between starved and healthy plant samples
of L. burstii on relative abundance filtered ASVs using five-fold
cross-validation. The ASV tables were filtered to ASVs present at
>50 reads in soil suspension 2 inoculated L. burttii nodule sam-
ples. The svm.SVC.coef function was used to calculate the coeffi-
cient value of the ASVs. These values were then used to identify
signature ASVs characteristic of certain sample types. The model
was trained with 70% of the data and evaluated by 30% of the
data five times (mean of accuracy = 0.89) with the average coefh-
cient value of each ASV being used to select for important fea-
tures.

Microbial correlation networks

Filtered ASV tables comprised of samples of L. burstii inoculated
with soil suspension 2 (ASV raw abundances) were used to calcu-
late microbial correlation networks among ASVs using the
SpARCC (Friedman & Alm, 2012) algorithm in FASTSPAR (Watts
etal., 2019). This algorithm uses log-ratio variances of ASV frac-
tions to calculate pairwise correlations between ASVs in an itera-
tive manner. The filtered tables were used to calculate the
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correlation between ASVs using the FasTSPAR implementation
and the default parameters. Pseudo P-values were inferred from
1000 bootstraps. Only correlations with P<0.01 were kept for
further analyses. Network visualisation was performed in Cysto-
SCOPE v.3.8.2 (Shannon eral, 2003). Analysis of interactions
between and within ASVs of different genera were carried out
using the same methods.

Isolation of strains

Strains were isolated from crushed nodules on a variety of media.
Nodules from either L. burttii, L. corniculatus or L. japonicus inoc-
ulated with either soil suspension 1 or 2 were sterilised as
described above (see ‘Harvesting and nodule sterilisation’ in the
Materials and Methods section). Individual nodules were crushed
in 10 mM MgSOy and the content was then spread onto 20Q
agar plates supplemented with mannitol, lysogeny broth (LB)
(Bertani, 1951), yeast mannitol (YM) (Vincent, 1970), Pseu-
domonas minimal medium (PMM) (Sandman & Ecker, 2014),
and tryptone soy (TS) (Sigma, Darmstadt, Germany). Plates were
incubated at 28°C for up to 3 wk and further isolation of single
colonies was carried out 7-9 times until pure cultures were
attained. The taxonomy of each strain was determined by ampli-
fying the 16§ rRNA gene using primers 41f (5'-
GCTCAGATTGAACGCTGGCG-3')  and  1488r  (5'-
CGGTTACCTTGTTACGACTTCACC-3') (Herrera-Cervera
eral., 1999) and Phusion polymerase. Amplicons were purified
using a 1:0.8 ratio of PCR product to CleanPCR beads
(CleanNA) and sequenced using /6S rRNA gene-specific primers,
41f and 1488r (Herrera-Cervera ez al., 1999), by Sanger sequenc-
ing. Sequences were aligned to DNA sequences from the NCBI
Nucleotide collection online database using Brastn (Altschul
etal., 1990). The sequences of the isolates were aligned with ASV
sequences using CLC Main Workbench 7 (Qiagen, Hilden, Ger-
many). Strains were stored in 40% glycerol at —80°C.

Isolate inoculations

Bacteria were streaked and grown until single colonies formed.
Single colonies were inoculated into 2 ml of the appropriate lig-
uid medium and grown at 28°C for 2, 3 or 5 d for Pseudomonas
sp. strains, Rhizobium sp. BW8-2 and Mesorhizobium sp.
Qb1E3-1, respectively. Bacteria were then washed in sterile water
and resuspended in FAB medium to allow for a final ODgq of
0.005. Each plant was inoculated with 1 ml of bacterial suspen-
sion. Plants were prepared as described above.

Conjugation

Strains used in this work are listed in Supporting Information
Table S1. Escherichia coli ST18 transformed with pFAJ-GFP and
pFAJ-DsRed plasmids (Kelly ezal, 2013) and E. coli S17.1 trans-
formed with pABC-Cerulean were grown at 37°C overnight in
LB supplemented with appropriate antibiotics. Psendomonas sp.
Lb2C2, Rhizobium sp. BWS8-2 and Mesorhizobium sp. Qb1E3-1
were grown at 28°C in 20Q liquid with the appropriate antibiotics
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for 2, 3 and 5 d, respectively. Conjugations were conducted as in
Liang et al. (2019). Successful conjugation was confirmed via fluo-
rescence microscopy and 768 rRNA gene sequencing.

Section preparation and microscopy

Lotus burttii seeds were sterilised, germinated, potted and inocu-
lated with fluorescent strains as described above (see ‘Plant
growth and inoculation conditions’ and ‘Isolate inoculations” in
the Materials and Methods section). Plants were harvested 2 wk
after inoculation and the nodules were excised and embedded in
6% low melting agarose. The nodules were then sliced into
100 pm-thick sections using a VT1000S vibratome (Leica
Biosystems, Wetzlar, Germany) and visualised with a TCS SP5
confocal microscope (Leica Microsystems, Wetzlar, Germany)
equipped with a x20 HCX PL APO water immersion lens. GFP
and Cerulean were excited with an argon laser line at 488 and
433 nm, and the emissions were detected at 492—515 and 455—
474 nm, respectively. DsRed was excited with a diode pumped
solid-state laser at 561 nm and detected at 580—-620 nm.

Statistical analyses

The nodule and root phenotype of plants inoculated with nodule
isolates were recorded. Statistical significance was assessed using
analysis of variance (ANOVA) and Tukey honestly significant
difference (HSD) tests in R (Graves et al., 2015).

Results

Species-specific effect of soil inoculum on Lotus plant
growth

Two different soil suspensions were used to inoculate L. burttii,
L. japonicus, and L. corniculatus plants. These Lotus species were
selected as they all belonged to the L. corniculatus clade (Kramina
etal., 2016), but nodulated with a different range of microsym-
bionts (Gossmann et al., 2012; Sandal et al.,, 2012). The first soil
(soil 1) was collected at a site that contained healthy wild growing
L. corniculatus plants, while the second soil (soil 2) site contained
no leguminous plants at all. The soils had minor differences in
mineral content and grain size (Table $2). The quantity of soil
bacteria present in the soil suspensions used as inputs was com-
pared by qPCR. Soil suspension inputs 1 and 2 contained
1.62 x 10° and 2.28 x 10° molecules of the 765 rRNA gene per
nanogram of extracted DNA, respectively.

Lotus japonicus, L. burttii and, to a lesser extent, L. corniculatus,
produced exclusively healthy plants (green leaves, elongated shoots)
when inoculated with soil 1 suspension (Soil S1; Fig. 1). Contrast-
ingly, there was marked variation in the shoot growth phenotype
seen in all species when inoculated with the soil 2 suspension (Soil
S2). Growing alongside the healthy plants was a large contingent
of starved plants presenting with shorter shoots and yellow leaves
(Fig. 1). Similar results were observed across five independent
experiments (Fig. S1). Nodule number also varied dependent on
soil suspension inoculum. Plants inoculated with soil 1 suspension
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Fig. 1 Shoot growth phenotype of Lotus plants inoculated with Munich soil suspensions. Shoot growth quantification of Lotus burttii (a), Lotus japonicus
(b) and Lotus corniculatus (c) plants 5 wk post inoculation with soil suspensions 1 (51) and 2 (52) and a mock (M) treatment. Green and yellow dots
indicate plants with healthy and starved phenotypes, respectively. Box plots display the results of 50150 plants per condition. The bold black line and the
box depict the median and the interquartile range, respectively. In total, 49 mock treated plants were included. (d) Scanned images of L. burttii 5-wk post
inoculation with soil suspension 2. Starved plants exhibited pale green leaves despite having nodules on their roots. The shoots of healthy dark green plants
varied in length. Phenotypic variation is depicted in " and 2. White arrowheads indicate the position of nodules on plant roots. Plots show the results from
one representative experiment. Bar, 1 cm. (e) Principal coordinates analysis plot of L. burttii nodules based on beta diversity calculated using the Bray—
Curtis dissimilarity index (Bray & Curtis, 1957) revealed a clustering of common sample types and a separation of dissimilar sample types.

consistently developed a higher number of nodules per plant across
all species (Fig. S2a—c). Starved plants inoculated with the soil 2
suspension exhibited roots either with or without nodules. In
L. burttii, 73.8% of starved plants contained nodules, while in
L. japonicus and L. corniculatus, 45.2% and 59.3% exhibited nod-
ules, respectively (Fig. S2d). However, the most striking difference
was that in L. burttii 88.4% of the nodules on starved-nodulated
plants were white, whereas in the other species most of the nodules
were pink (Fig. S2¢). These results showed that the microbiota of
the soil 2 suspension is capable of mediating both effective and
ineffective symbiosis, although the frequency at which each plant
succumbs to an ineffective nodulation differs.

Richness, diversity and community structure of the Lotus
nodule microbiome

The microbiome of an effective plant nodule is typically domi-
nated by the respective symbiont, although there can also be
colonisation by other microbes (Martinez-Hidalgo & Hirsch,
2017). To investigate how the nodule microbiota varied depend-
ing on the plant host, inoculum, and nodule phenotype we
sequenced the microbiome of nodules collected from healthy and
starved Lotus of different species inoculated with different soil sus-
pensions. A variable region of the 765 rRNA gene was sequenced
and the output reads were processed, sorted into ASVs and
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assigned a taxonomy. ASVs were used as they provide a finer reso-
lution than Operational Taxonomic Units (Callahan ezal, 2017),
which is important as the 16S rRNA gene of some rhizobia, such
as Mesorhizobium, can be more than 99% identical between differ-
ent species (Marcos-Garcia eral, 2015). Sequencing produced
13989 700 paired-end reads after quality filtering, which clustered
into 67 442 unique ASVs. Sequence coverage varied between sam-
ple types with the nodule samples having an average of 148 679
reads per sample and the soil suspension input samples having an
average of 67 618 reads per sample (Dataset S1). All rarefaction
curves reached a saturation plateau (Fig. S3).

To assess the effect of the host genotype and the inoculum on
the nodule microbiome diversity, the alpha and beta diversities of
the different nodule samples from all three species were deter-
mined. Within sample variation (alpha diversity) was calculated
using the Shannon diversity index, which was found to be much
higher in the soil suspension input samples compared with the
nodule samples (Fig. S4a). The soil suspensions 1 and 2 did not
significantly vary in their alpha diversities (Welch two sample #
test, P=0.749), although it was found that plants inoculated
with soil 1 suspension produced nodules with a much higher
alpha diversity compared with those inoculated with soil 2 sus-
pension. This observation was most pronounced in L. japonicus
and L. corniculatus (Fig. S4). A similar trend in alpha diversity
was seen when considering observed ASVs (Fig. S4b).
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To analyse the diversity between sample types (beta diversity),
principal coordinate and PERMANOVA analyses were con-
ducted using the Bray—Curtis dissimilarity. A global comparison
of the nodule diversity showed an overall separation based on soil
suspension input (Fig. S5; Soil S1 vs Soil S2, Pr(> F) =0.001;
Table S3), despite the two soil suspension inputs showing
insignificant differences between one another (Soil SI vs Soil S2
(input suspension), Pr(> F) =0.072; Table S3). The most pro-
nounced difference was between nodules of L. burttii plants. At
the species level, L. burstii and L. japonicus showed a significant
difference in beta diversity based on soil suspension input (L&
healthy plants — Soil S1 vs Soil S2, Pr(> F)=0.001; L; healthy
plants — Soil S1 vs Soil S2, Pr(> F)=0.002; Table S3). Lotus
burttii nodules showed a significant difference in beta diversity
based on plant health (L& Soil S2 — healthy vs starved plants, Pr
(> F)=0.001; Fig. 1d; Table S3), however this was not the case
in L. japonicus or L. corniculatus (Lj Soil S2 — healthy vs starved
plants, Pr(> F) =0.097; Lc Soil S2 — healthy vs starved plants, Pr
(> F)=0.742; Table S3). As a control, we compared the micro-
biome of laboratory grown L. corniculatus plants to the micro-
biome of nodules collected from L. corniculatus plants growing
on site 1 (Lc Soil S1 — laboratory grown vs wild plants, Pr
(> F)=0.342) (Table S3). These did not significandy differ, sup-
porting that nodules produced in this growth/inoculation system
are representative of nodules grown in the wild.

Bacterial composition of the nodule microbiome

Both soil suspension types were dominated by Alphaproteobacte-
ria and Gammaproteobacteria. To determine the bacterial com-
position of the nodule microbiome we estimated the relative
abundance at an ASV level. The nodule microbiome of all Lotus
species was dominated by ASVs belonging to the order Rhizo-
biales. Nodules of healthy plants were largely dominated by
Mesorhizobium, independent of the host and soil suspension
input. However, while nodules from plants inoculated with soil 1
suspension were colonised with a variety of different Mesorhizo-
bium ASVs, the nodules of healthy plants inoculated with soil 2
suspension were almost exclusively colonised by Mesorhizobium
ASV1 (Fig. 2). This disparity in Mesorhizobium ASV presence is
despite the observation that there is no significant difference
between the Mesorhizobium ASVs present in the two suspensions
(Meso. Soil S1 vs Meso. Soil S2, P(> F)=0.479). Nodules of
starved L. burrtii plants were largely colonised by bacteria belong-
ing to what was taxonomically defined as Allorhizobinm—Neorhi-
zobium—Pararhizobium—Rhizobium and will be referred to as
Rhizobium (Fig. 2a). This suggests that L. bursii plants are less
selective compared with L. corniculatus and L. japonicus and
develop an ineffective symbiosis with Rbizobium strains.

Pseudomonas are more prevalent in healthy plant nodules
and negatively correlate with ineffective Rhizobium

Support Vector Machine (SVM) is a machine learning method
used to separate a data set using a linear or nonlinear surface
(Noble, 2006). In this instance we used a linear-kernel to
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transform the data and then based on this transformation defined
a boundary separating data points, ASVs, based on the nodule
phenotype of L. burttii plants inoculated with soil 2 suspension.
The SVM model revealed that Mesorhizobium ASV 1 (M.1) was
by far the most dominant indicator of a healthy nodule (Fig. 3),
which is not surprising as Mesorhizobium is the typical symbiont
of L. burttii (Rodpothong et al, 2009). The second two most
influential indicators of a healthy microbiome were Pseudomonas
ASVs 28 and 57 (P.28 and P.57), which were present in both soil
suspension inputs. The three ASVs most indicative of a starved
L. burttii nodule microbiome were Rhizobium ASVs. Once we
had identified the genera most characteristic of healthy and
starved L. burttii nodules we wanted to predict how they inter-
acted. A microbial network was constructed with soil suspension
2 inoculated L. burtrii samples by using SPARCC (Friedman &
Alm, 2012) which analysed interactions between and within
ASVs from different genera (Figs 4, S6). The ratios of negative to
positive interactions within Rhizobium and Mesorhizobium ASVs
were 1.13 and 1.05, respectively. Pseudomonas ASVs all correlated
positively with one another (number of edges =8). The ratio of
negative to positive interactions between Rhizobium and Mesorhi-
zobium (ratio = 1.64) was higher compared with this ratio among
Pseudomonas and Mesorhizobium (ratio=0.77), indicating that
symbiotically beneficial Mesorhizobium ASVs co-occur with Pseu-
domonas. Strikingly, between Pseudomonas and Rhizobium ASVs,
all correlations were negative (number of edges=37) also sup-
porting the SVM analysis, which showed that these ASVs were
characteristic of healthy and starved L. burttii nodules, respec-
tively.

Pseudomonas isolate co-colonises Mesorhizobium but not
Rhizobium-induced nodules

To validate sequencing data, we inoculated Lotus plants with bac-
terial strains isolated from Lotus nodules (Table S1). To deter-
mine the nodule colonisation pattern of Pseudomonas sp.
PLb11B, we co-inoculated a fluorescently tagged strain with
cither Mesorhizobium sp. Qb1E3-1, which induces effective nod-
ules or Rhizobium sp. BW8-2, which induces ineffective nodules,
onto L. burmii. Fluorescence microscopy revealed that 32.5%
(14/43) of nodules induced by Mesorhizobium sp. Qb1E3-1 con-
tained Pseudomonas sp. PLb11B. The Pseudomonas nodule
colonisation was intracellular and was confined to particular areas
of the nodule, only infecting a minority of nodule cells (Fig. 5).
Conversely no plant nodules (0/22) induced by Rhizobium sp.
BW8-2 contained Pseudomonas sp. PLb11B after a co-
inoculation (Fig. 5).

Co-inoculation of a Pseudomonas isolate decreases
ineffective nodulation by a Rhizobium but not a
Mesorhizobium isolate in a species-specific manner

To investigate if the negative correlation between Pseudomonas
and Rhizobium ASVs in nodules underlay an antagonistic interac-
tion, Lotus plants were co-inoculated with nodule isolates Psex-
domonas sp. Lb2C2 and Rhizobium sp. BW8-2 representing the

New Phytologist (2022) 234: 242-255
www.newphytologist.com

85

35UBD| 7 SUOWILLIOD 9AIER1D 3|eal [dde ayy Aq pausenof are sajole WO ‘88N JO Sa|nJ J0j Ariq i BUIUQ AS[IM UO (SUO N IPUOI-PUR-SWIB)/LI0D" A3 1M AReIq U1 JUO//:SANY) SUOIRIPUOD pue SW.B | 31335 *[£202/0T/62] U0 ARelqiauliuQ A8|IM ‘Auew s auelyoo) Aq 886, T ydu/TTTT OT/I0p/wod B |Im Akeiqipuijuo ydu//sdny woly papeojumod ‘T ‘Z



Chapter 5 Pseudomonas antagonises parasitic nodule colonisation of cheater rhizobia in Lotus

248 Research

(a) L. burttii

1.00 -
0.75-
0.50-
0.25-
=

Relative abundance

New
Phytologist

Suspension 1

(b) L. japonicus

1.00
0.75 -
©
5]
c
©
g
S 050"
Qo
©
o
=
© .
o 025
he
0.00 —m= [ || = - L s | .
Suspension 1 Suspension 2
(Healthy)
(c L. corniculatus
0]
o
=
©
el
5 0.50-
e}
©
)
=
< 0.25-
e

Wild Suspension 1 Suspension 2 Suspension 2

(Healthy) (Starved)

Suspension 2

Suspension 2

(Healthy) (Starved)

Mesorhizobium
Bv1 [Ovz2 [[lmvs Hlms [ Ime
(M7 [lms [ m.10 [lM12 [ ImM.13
[(Im14 [lm.15 Em.16 Blm.19 BIM.20

= [Cm22 lm23 [[JM24 [ m26 [lM.27

- [Om29 [[m30 [lm31 WIM36 [ |M.45

= Bvs1 [Cvs4 [lMes [EIM.129

_

Susnsion 2 Rhizobium

(Starved) ERr3 MlRo HR17 [lR1e WR21

Rr32 [Jr33 R34 [lR40 [HR49
BR50 [JrR53 [R55 [lR56 [HR.58
[@Rrs59 [@R75 [JRo0 MR93 [[JrR.103

[JrR.123 [[JR130[JR.177

Others
[Jrp2s [ |r48 []rP57 [lc.77 [HS69

ENA11 ENA3OINA 41 JINA43 INAGS

INA 155 [ ]<0.01% abundant
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(taxonomy could only be defined to a Family level).

ASVs in question. Rhizobium sp. BW8-2 induced a large number
of ineffective nodules and nodule primordia on the roots of
L. japonicus. Co-inoculation with Lb2C2 significantly decreased
the number of nodule structures (Fig. 6). No significant differ-
ence was observed regarding root weight and shoot length
(Fig. S7). This inhibitory effect was host specific, as no variation
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in nodule number was observed in L. bursii upon co-inoculation
with BW8-2 and Lb2C2. By contrast, co-inoculation of Lb2C2
with the effective symbiont Mesorhizobium sp. Qb1E3-1 saw no
reduction in the nodulation of L. burttii or L. japonicus (Fig. 6)
and only minimal variation in shoot length and root weight
(Fig. S7). Inoculation with all three strains did not induce a
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Fig. 3 Indicator amplicon sequence variants (ASVs) of samples. Support
Vector Machine linear model from scikiT-Learn packages were used to
identify separator ASVs between healthy and starved Lotus burttii plants
inoculated with soil 2 suspension. Histogram represents the coefficient
scores of top 20 ASVs form healthy and starved plants. Negative
coefficient values (green bars) represent indicator ASVs in healthy plants
while positive values (yellow bars) show indicator ASVs in starved samples.
The family of representative ASVs are shown after the ASV number with
'ANPR' indicating Rhizobium and ‘unknown’ indicating that no taxonomy
could be assigned at a species level (NA).

different  phenotype
Mesorhizobium sp. QblE3-1
(Fig. S8).

compared with co-inoculations with
and Rhizobium sp. BWS8-2

Discussion

Nodules of legumes are not only colonised by rhizobia.
Despite this, little information is known about how microbes
other than rhizobia affect the root—nodule symbiosis, in par-
ticular nodule function and plant health. Here, we charac-
terised variation in the bacterial microbiome of nodules
dependent on plant species and soil suspension inoculum and
determined correlations between the microbiome makeup and
plant health using 765 rRNA gene amplicon sequencing. Our
study revealed that (1) the nodule microbiome of L. japonicus,
L. corniculatus and L. burttii is dependent on soil suspension
inoculum, (2) the nodule microbiome of starved L. burttii
plants differs from that of the healthy plants, (3) Pseu-
domonas strains are more prevalent in healthy plant nodules
than in starved-plant nodules; co-colonise effective nodules;
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and reduce the formation of ineffective nodules in a host-
specific manner.

Soil suspension input influences Lotus spp. nodule
microbiome

The nodule microbiome of Lotus plants is dependent on the soil
suspension inoculum (Fig. S5; Table $3). Soil is the main influ-
encing factor on the rhizosphere, root or nodule microbiomes in
nonlegumes (Simonin ezal, 2020; Thiergart eral., 2020) and
legumes such as M. zruncatula (Brown et al., 2020) and soybean
(Liu etal., 2019; Han ez al., 2020). However, many of these stud-
ies cite the vast differences in the diversity of the microbial com-
munities or the physicochemical properties of the soil suspension
inputs as the reason for the disparity in plant microbiomes
(Brown et al., 2020; Han ez al., 2020; Simonin et al., 2020). Our
results showed that the nodule microbiomes of plants inoculated
with different soil suspensions varied significantly (Table S3).
This difference is highlighted by soil 1 suspension-inoculated
nodules being colonised by a range of Mesorhizobium ASVs and
soil 2 suspension nodules almost colonised exclusively by
Mesorhizobium ASV M.1 (Fig. 2). Also, plants grown in soil 1
suspension produced, on average, more nodules and had a
broader range of shoot growth than those inoculated with soil 2
suspension (Figs 1, S2). However, the original soil suspensions
inoculated onto the plants showed no differences in alpha diver-
sity and only slight, although not significant, differences in beta
diversity (Fig. S4; Table S3). The soils from which the suspen-
sions were produced also had no noteworthy differences in their
microbiome diversity or physicochemical properties (Fig. S4;
Table S2). This suggests that lowly abundant soil microbes that
do not sway diversity measures, may play a pivotal role in how
the microbiome functions as a whole. Such a phenomenon has
been described in peat soil, where a Desulfosporosinus sp., which
comprised only 0.006% of the total microbiome, acted as an
important sulphate reducer in the biogeochemical process that
diverts carbon flow from methane to CO, (Pester etal., 2010).
Also, Bacillus species, typically found at a low abundance in the
rhizosphere compared with rhizobia, increase the number of nod-
ules and/or the size of nodules in legumes (Rajendran ez al., 2008;
Mishra et al., 2009; Schwartz et al., 2013).

Starved L. burttii plant nodules harbour a microbiome
different to that of healthy plants

Lotus burttii is the only species that we tested that showed a sig-
nificant difference between the nodule microbiome of heathy and
starved plants. Nodules of starved L. burstii plants were domi-
nated by Rhizobium ASVs, while the nodules of healthy plants
were predominantly colonised by Mesorhizobium ASVs. Lotus
burttii is known to form infected but ineffective nodules upon
inoculation with Rhizobium leguminosarum Norway, however
this does not form nodules on L. japonicus or L. corniculatus
(Gossmann ez al., 2012). This correlates with the observation that
starved L. japonicus and L. corniculatus harboured nodules that
were not dominated by Rhizobium, but rather by Mesorhizobium
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Fig. 4 Microbial co-occurrence network of Lotus burttii. An amplicon sequence variant (ASV) table of soil suspension 2-inoculated L. burttii samples was
used to infer a correlation network SparCC (Friedman & Alm, 2012) algorithm implemented using the FastSpar (Watts et al., 2019) tool. The nodes (dots)
of this network corresponding to ASVs are grouped and coloured by genus. Node size indicates the relative abundance. Each edge (line) between two
ASVs represents either a positive (orange line) or negative (grey-dashed line) correlation. Only significant correlations (|[R|>0.2, P < 0.01) between
Rhizobiaceae and Pseudomonadaceae families and first neighbours of Pseudomonadaceae are shown in the network.

ASVs, similar to the microbiome of healthy plants (Fig. 2). The
variation in the starved-plant nodule microbiomes of Lozus
species may be explained by how readily each plant is nodulated.
Liang etal. (2019) described that ineffective R. leguminosarum
Norway colonises nodules of L. burstii via cracks in the epider-
mis. Lotus burttii is more susceptible to less-specific infections
(Zarrabian ez al., 2021), which is likely to increase its vulnerabil-
ity to forming an ineffective symbiosis. This reduced specificity
by L. burttii is also highlighted in the number of starved plants
that contained nodules. In total, 73.8% of starved L. burttii
plants grew nodules, much more than in L. japonicus and L. cor-
niculatus (Fig. S2). The higher frequency of nodulation coupled
with the reduced specificity that L. burstii exhibits in choosing a
nodulation partner might leave the plant susceptible to expend-
ing energy on ineffective symbiotic processes, resulting in the
starvation of the plant. Conversely, L. corniculatus and L. japoni-
cus do not exhibit this same level of promiscuity, which is evi-
denced by their nodules being dominated by Mesorhizobium in
all sample types. The reason as to why a starved plant would har-
bour a nodule microbiome similar to that of a healthy plant
remains to be elucidated. We postulate that it may be simply a
delay in the establishment of a successful symbiosis or due to
being colonised by nonnitrogen-fixing Mesorhizobium strains.
Rodpothong ez al., came to similar conclusions when inoculating
Mesorhizobium loti Nod factor synthesis mutants onto different
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Lotus species. Nodulation of L. burttii was unaffected, while
L. japonicus and L. corniculatus exhibited delayed nodulation and
reduced infection (Rodpothong ezal, 2009). Taken together,
our results support the idea that the reduced specificity exhibited
by L. burttii during root—nodule symbiosis allows for a broader
range of bacteria to colonise its nodules.

Pseudomonas ASVs are more prevalent in healthy L. burttii
nodules and can reduce ineffective nodulation in
L. japonicus

Although the microbiota of all nodule types were dominated
by Rhizobiales bacteria, there was a small contingent of non-
Rhizobiales ASVs detected as well (Fig.2). This is not uncom-
mon in legume nodules, as non-Rhizobiales bacteria are often iso-
lated from nodules. Alphaproteobacteria, Betaproteobacteria,
Gammaproteobacteria and Actinobacteria have all been found in
various legumes nodules (Benhizia ezal., 2004; Dey etal., 2004;
Cummings et al., 2009; Ibdnez etal, 2009; Ampomah & Huss-
Danell, 2011; Zhao ezal, 2013; Dobritsa & Samadpour, 2016;
Ferchichi ezal, 2019). Of the non-rhizobia that were present in
Lotus nodules, Pseudomonas was the most prevalent. We found
that Pseudomonas ASVs were characteristic of healthy, but not of
starved, L. burtrii nodules (Fig. 3) suggesting that they have the
potential to support plant health. Previous studies have shown that
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Pseudomonas sp. PLb11B-GFP +
Mesorhizobium sp. Qb1E3-1-

Pseudomonas sp. PLb11B-GFP +
Rhizobium sp. BW8-2-DsRed

Fig. 5 Pseudomonas sp. PLb11B-GFP colonisation in nodules induced by
Mesorhizobium sp. Qb1E3-1-cerulean and Rhizobium sp. BW8-2-DsRed.
Nodules were prescreened for signs of fluorescence before sectioning.

(a) Overview and (b) zoomed-in confocal microscopy image of
Pseudomonas sp. PLb11B-GFP (green) and Mesorhizobium sp. Qb1E3-1-
cerulean (magenta) colonisation in an effective Lotus burttii nodule.
Overview image bar, 50 um. Zoomed image bar, 20 um. (c) Overview and
(d) zoomed-in confocal microscopy image of Pseudomonas sp. PLb11B
(green) and Rhizobium sp. BW8-2 (red) colonisation in an ineffective

L. burttii nodule. Overview image bar, 50 um. Zoomed image bar, 20 um.

Pseudomonas can influence plant growth directly by producing
siderophores, solubilising phosphate and producing indoleacetic
acid (Dey et al., 2004; Ibdnez et al., 2009; Zhao ez al., 2013; Fer-
chichi ez al, 2019) or indirectly via antagonistic behaviour towards
phytopathogenic fungi (Sindhu & Dadarwal, 2001; Chandra
etal, 2020). A Pseudomonas strain isolated from Sophora
alopecuroides also promotes plant growth upon reinoculation with
Mesorhizobium (Zhao etal, 2013). We posit that potential
microbe—microbe interactions involving Psendomonas also influ-
ence the outcome of the root—nodule symbiosis. To analyse any
potential microbe-microbe interactions within the nodules we
looked for interactions between nodule ASVs. Network analysis
comparing the nodule microbiome of healthy and starved L. burs-
tii plants revealed significant negative correlations between Pseu-
domonas ASVs and muldple Rhizobium ASVs, as well as positive
and negative interactions with Mesorhizobium ASVs (Fig. 4).
These predicted interactions were supported by co-inoculating
either an ineffective symbiont, Rhizobium sp. BW8-2, or an effec-
tive symbiont, Mesorhizobium sp. Qbl1E3-1 with Pseudomonas sp.
PLb11B. Each isolate had been previously isolated from L. burttii
nodules, however it was found that Pseudomonas sp. PLb11B was
only present in Mesorhizobium-induced nodules. Using fluores-
cently tagged strains and microscopy we found that 32.5% of nod-
ules formed by the Mesorhizobium and 0% of nodules formed by
Rhizobium contained Pseudomonas. Pseudomonas bacteria have
been shown to colonise root hairs (Berggren ez al., 2005) or nod-
ules intercellularly (Pastor-Bueis ezal, 2021). But in contrast, we
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found that Pseudomonas sp. PLb11B infection was intracellular
and typically confined to small regions of each nodule with only a
small number of cells showing extensive colonisation (Fig. 5). The
lack of Pseudomonas sp. PLb11B in Rhizobium sp. BW8-2 induced
nodules aligned with the sequencing data and interaction network
observations. This negative interaction was further highlighted
when observing another Pseudomonas isolate, Lb2C2, co-
inoculated with Rhizobium sp. BW8-2 on L. japonicus. There was
a significant reduction in the number of nodules and nodule pri-
mordia in L. japonicus compared with the single inoculaton with
the Rhizobium sp. BW8-2. Noticeably, this effect was host and
inoculum specific, as no reduction in nodule number was observed
in L. burstii or in co-inoculations of Pseudomonas with Mesorhizo-
bium (Figs 6, S8). This contrasts with publications that suggested
that Pseudomonas and Rhizobium strains interact synergistically
(Tilak ez al, 2006; Egamberdieva ez al, 2010, 2013; Sanchez et al.,
2014). Interactions can be direct, for example filtrates from Rbizo-
bium sp. increasing the cell density of Pseudomonas fluorescens
(Samavat ezal, 2011), or mediated via the plant, for example
indoleacetic acid produced by Pseudomonas sp. resulted in a more
extensive root system in Galega officinalis and an increased number
of potential infection sites for the compatible Rhizobium sp.
(Egamberdieva ez al., 2013). The negative correlation we observed
between Pseudomonas and Rhbizobium ASVs in L. burttii nodules
may also have been due to an indirect effect mediated by Mesorhi-
zobium. Negative correlations were also seen between Mesorhizo-
bium ASVs and Rhizobium ASVs. This can be explained by both
bacteria competing for nodule colonisation. Significant positive
correlations were apparent between Psendomonas and Mesorhizo-
bium ASV M.1, which was dominant in the healthy nodules of
plants inoculated with soil suspension 2 (Fig. 2). Positive interac-
tions have already been seen after the co-inoculation of Pseu-
domonas sp. isolates with a Mesorhizobium sp., which led to an
increase in nodule number in chickpea (Malik & Sindhu, 2011).
Positive correlations between Mesorhizobium and Pseudomonas
coupled with the reduction in ineffective nodulation by cheater
rhizobia upon co-inoculation with Pseudomonas supported the
hypothesis that these Pseudomonas ASVs have a beneficial role in
root—nodule symbiosis.

Our results add to the growing assertion that the soil micro-
biome, including non-Rhizobiales bacteria, greatly shape the
overall functionality of root—nodule symbiosis and healthy plant
growth (Martinez-Hidalgo & Hirsch, 2017). The ability for
Pseudomonas to selectively colonise healthy plant nodules and
reduce the number of ineffective nodules in L. japonicus indicated
that root—nodule symbiosis is influenced by the broader soil
microbiota. This research will aid the construction of synthetic
communities capable of recreating observed patterns in a bid to
narrow down which soil microbes and which microbe-microbe
interactions are pivotal in forming the ideal microbiome to max-
imise plant growth.
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Fig. 6 Nodule organogenesis phenotype of Lotus plants inoculated with Rhizobium sp. BW8-2, Mesorhizobium sp. DC-1.5, and Pseudomonas sp. Lb2C2.
Box plots of the number of nodules and nodule primordia formed on Lotus japonicus (a) and Lotus burttii (b) roots. In total, 20 plants were inoculated with
Rhizobium sp. BW8-2, Mesorhizobium sp. DC-1.5 or Pseudomonas sp. Lb2C2 nodule isolates. Lotus burttii and L. japonicus were harvested at 4 and 5 wk
post inoculation, respectively. Significance calculated using ANOVA and Tukey HSD is indicated as lowercase letters. Each point represents the number of
nodules in one plant. The bold black line and the box depict the median and the interquartile range, respectively. (c) Representative images of root and
shoot phenotypes of each inoculation treatment. Shoots bar, 5 mm. Nodules bar, 1 mm.
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Read Archive of NCBI and can be found under BioProject acces-
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Chapter 6

General discussion

6.1 Decoding the influences of environmental factors on
leaf microbiome dynamics: a long-term study of
Arabidopsis thaliana populations

The leaf microbiome is a dynamic and complex ecosystem structurally altered by var-
ious abiotic and biotic factors. Among these factors, critical determinants in shaping
microbial communities within natural plants include geographic location, plant compart-
ment, and growing season (Runge et al., 2023, Duran et al., 2018, Ou et al., 2019, Ware
et al., 2021, Edwards et al., 2015). However, there remains a significant gap in our
understanding of the role of environmental factors (e.g., temperature and precipitation)
in shaping microbial communities across multiple plant generations and sampling sites.
Furthermore, the extent to which the stability of biotic microbial interaction networks is
vulnerable to environmental factors remains an unanswered question. To address these
fundamental questions, in Chapter 2 of my thesis, I conducted a comprehensive study
focusing on the Arabidopsis thaliana leat microbiome. Collected over five years from
natural populations from six geographical locations in the Tiibingen region of Germany
(Agler et al., 2016). The results of this study are discussed in the following sections.

6.1.1 Most effective environmental factors shaping leaf
microbiome’s structure and microbial interactions

Our study in Chapter 2 examined the impact of environmental factors on the leaf micro-
biome, revealing a significant influence on associated microbial communities. Specifi-
cally, our investigation showed that solar radiation and humidity-related factors are the
most critical factors shaping the leaf microbiome. Here, we identified that solar radiation
negatively correlates with microbial alpha-diversity. This effect could be directly caused
by damage to microbial DNA, particularly on the leaf surface. Alternatively, it could
indirectly affect diversity by promoting the production of reactive oxygen species (ROS)
that inhibit the growth and diversity of sensitive species. Long-term low-dose ionizing
radiation has been shown to affect soil microbial communities by inhibiting predatory or
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parasitic fungi (Cheng et al., 2023). While analyzing microbial interaction networks, so-
lar radiation emerged as an essential factor positively correlated with their connectivity.
This could represent a survival strategy in which the microorganisms establish a stronger
bond or dependency to cope with the environmental burden of radiation exposure and
thus become more resistant to outside disturbances.

Factors related to humidity, such as precipitation and vapor pressure, significantly con-
tributed to higher microbial alpha-diversity. This pattern could be related to modifying
substrate diffusion (Yang et al., 2021) and facilitating microbial dispersal via rainfall.
However, we found negative correlations between the parameters of high humidity and
the connectivity of the microbial network. This suggests that under conditions such as
precipitation, microbes may choose strategies such as adhesion over motility. This may
reduce the connectivity of microbial interactions. In addition, intense precipitation may
physically disrupt microbial habitats and structures, such as biofilms or microbial aggre-
gates, leading to temporary disintegration of microbial networks and reduced connectiv-
ity. Although microbial variations have been identified in the plant compartments under
seasonal variations of environmental factors, there is still a gap in our understanding of
how the microbiome changes during the growth seasons of the host. I addressed this
research question in more detail in Chapter 3 of my thesis.

6.2 Capturing temporal dynamics patterns of leaf
microbiome using time series data

In Chapter 3 of this thesis, we have set up an experiment to monitor the monthly changes
of the microbiome of Arabidopsis leaves during the natural growth season in the Cologne
area. This season ranges from November, which marks seedling emergence, to March,
which marks flowering. The experiment was repeated for three consecutive years. This
experiment aimed to answer these questions: Are there predictable patterns of microbe-
microbe interactions over time? How can we identify the most critical persistent mi-
crobes and their role within microbial interaction networks? We investigated these as-
pects in our second paper (Almario et al., 2022), which I will discuss in the following.

6.2.1 The variability of the leaf microbiome over time and the forces
involved in this process

In Chapter 3, we showed that the composition of leaf-associated bacterial, fungal, and
oomycete communities showed a high degree of stochasticity, as expected for dynamic
ecological systems (Shoemaker et al., 2020). Only half of the observed variability was
explained by the examined factors, such as sampling time and plant ecotype. We con-
sistently observed variations in key microbial groups across months. In particular, we
observed the prevalence of Hyaloperonospora, the downy mildew pathogen of Arabidop-
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sis leaves. This aligns with findings from different regions (Lundberg et al., 2022).
The abundance of Peronosporales increased continuously during the growing season.
It peaked in March, even though our plants showed no symptoms of downy mildew.
This reflects the dynamics of downy mildew in Brassicaceae, which thrives in cold, wet
weather. It is suggested that for Arabidopsis populations in the Cologne area, pathogenic
pressure on the plant increases during the early growth stages, especially during the win-
ter months.

6.2.2 Persistence core microbes across three years

Highlighting the remarkable variation within leaf microbial communities, the presence
of stable microbes in Arabidopsis leaves, referred to as core taxa, represented only 0.62%
of all leaf-associated taxa detected. Interestingly, most microbes considered core in one
experiment did not retain this status in subsequent experiments. This suggests a tendency
for dominant lineages to shift from year to year, consistent with the observed prioritized
structuring of leaf microbiomes during the initial stages of colonization. This suggests
that communities may be dominated by different microorganisms or core taxa that are in-
terchangeable with each other (Maignien et al., 2014). Our study showed that these core
taxa include potential plant pathogens, such as Hyaloperonospora and Cladosporium
(Coates and Beynon, 2010, Thomma et al., 2005), and microorganisms that are benefi-
cial to plants, such as Sphingomonas and Variovorax. These findings may explain the
reason why the sampled plants remained asymptomatic. Sphingomonas bacteria residing
on leaves have previously been shown to protect Arabidopsis from bacterial pathogens
(Ritpitakphong et al., 2016) and have been hypothesized to play a role in enhancing
plant disease resistance to root fungal pathogens. Meanwhile, Variovorax strains have
been shown to modulate the hormonal balance of the plant by breaking down auxins.
This promotes plant growth, especially under stressful conditions (Finkel et al., 2020).
It is worth noting that bacteria and yeasts are found in A. thaliana have been reported
to affect plant hormone levels by producing auxin-like indolic compounds (Wang et al.,
2016).

6.2.3 Highly connected hub component in microbial networks and
associations of them with core microbes

We initially hypothesized that the persistence of the identified core taxa would be due
to high levels of connectivity within leaf microbial networks. However, contrary to our
hypothesis, we found substantial month-to-month variability in individual core taxa’s
connectivity levels or hubness. In particular, no taxon maintained a consistently high
level of connectivity throughout the growing season. This suggests that high connec-
tivity is not required for a taxon to exhibit high prevalence within the leaf microbiome.
Therefore, core taxa do not necessarily act as hubs in the network (Stopnisek and Shade,
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2021). In particular, two microbes from the Bacillus and Massilia lineages bucked this
trend by being identified as hubs. They reached peak connectivity within leaf microbial
networks in February, a month of reduced community complexity, yet their abundances
remained stable. This suggests a potential functional link between these hubs and com-
munity stability. Highly interconnected microbes may be reliable predictors of microbial
community stability, as indicated by previous studies (Wieczorek et al., 2019).

To summarize, our results suggest that although microbial communities exhibit high
variability, they still show identifiable temporal trends containing both stable and unsta-
ble elements. Future experimental investigations will be crucial to refine our predictions
and understand whether and how the presence or removal of central hubs or core com-
ponents affects the stability of microbial communities over time.

6.3 Exploring pathogen dynamics and probiotic
solutions in plant health

The increasing frequency and intensity of plant infections are a significant threat to pri-
mary productivity, food security, and biodiversity in susceptible regions of the world.
Massive yield losses and ecological disruption result from such epidemics. Plants can
be vulnerable to a wide range of pathogens, from biotrophs that obtain nutrients from
living cells to necrotrophs that obtain nutrients from dead cells (Singh et al., 2023). The
development of effective methods for the control of these pathogens is therefore of vital
importance. One method that has gained attention from the ecological and economic per-
spectives is implementing natural probiotics to maintain plant health (Gu et al., 2022).
In natural populations of Arabidopsis thaliana, Albugo laibachii has been identified as a
significant microbe acting as a hub in microbial networks, and we also identified it as a
potential core microbe (Agler et al., 2016, Almario et al., 2022). Albugo causing white
blister rust. This considerably impacts epiphytic and endophytic bacterial colonization
(Agler et al., 2016). However, the factors that distinguish the microbiome of infected
from uninfected plants and the specific microbes that promote or inhibit the growth of
Albugo remain unknown. I delve deeper into these aspects in Chapter 4 of my thesis. |
will provide a more detailed discussion of our findings in the following sections.

6.3.1 Microbial community differences in Albugo-infected and
uninfected plants

We conducted a detailed study to compare the microbial communities in plants infected
with Albugo and those that are not infected. We analyzed a large microbiome dataset col-
lected over five years as described in Chapter 3 (Mahmoudi et al., 2024). We found that
infected and uninfected plants differed significantly in diversity and composition. Except
for fungi, infected plants had lower diversity, especially within non-fungal eukaryotic
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groups. This finding is consistent with our previous research. It suggests that Albugo
plays a central role in the microbial community of the phyllosphere, resulting in more
negative interactions with other microbes (Agler et al., 2016). It has been suggested that
hub microbes may be responsible for the reduced diversity observed in infected plants
by exerting an indirect effect on diversity through host interactions or by a direct effect
on the colonization efficiency of other microbes (Agler et al., 2016). Another study has
shown that Albugo actively shapes the microbial communities associated with plants by
releasing antimicrobial proteins and peptides into the apoplast. This suggests that Albugo
has a significant impact on plant microbiome diversity (Gomez-Pérez et al., 2022).

6.3.2 Utilizing machine learning to uncover microbiome patterns as
biomarkers for disease prediction

This study aimed to establish the microbiome as a potential biomarker for plant health
and disease. To accomplish this, we used machine learning techniques that have previ-
ously proven effective in predicting clinical and plant disease (Hernandez Medina et al.,
2022). We distinguished between the health and infection stages of plants using predic-
tive models. The results showed a high level of accuracy, ranging from 75% to 86%.
These findings provide robust evidence that predictive patterns exist between different
groups, highlighting the potential of the microbiome as a valuable indicator of plant
health and disease status. We used feature selection, a commonly applied machine learn-
ing technique, to identify the microbial contributors that support these predictive models.
This approach allowed us to identify a subset of 3.1% of OTUs, which include bacteria,
fungi, and non-fungal eukaryotes, that have the potential to act as effective discrimina-
tors. These discriminators are crucial in distinguishing between infected and uninfected
plants. They reveal the specific components of the microbiome that provide valuable
information for assessing plant health and predicting disease.

6.3.3 Microbial network complexity in the face of pathogen invasion:
exploring modularity and interactions in infected communities

Microbial networks are a valuable tool for studying the structure of microbial commu-
nities because they can combine different types of information and potentially capture
system-level behaviors (Rottjers and Faust, 2018). Our study aims to investigate the im-
pact of infection by Albugo on the complexity of microbial interaction networks. Our
research indicates that infection by Albugo alters microbial interactions and community
dynamics by reducing complexity. On the other hand, the uninfected plant’s constructed
network exhibited greater complexity, as evidenced by increased connections and OTUs.
Ecological networks consist of regions with varying levels of connectivity. Regions with
dense connections are called modules, while areas with fewer connections define the
boundaries between modules. The presence of modules indicates that connections within
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the same boundary are stronger than those between different modules. This structure is
known as modularity in the context of networks. This study highlights the presence of
modularity in these networks. Furthermore, we showed that infected plants’ constructed
networks exhibit slightly greater modularity than uninfected networks. This finding sup-
ports the notion that higher modularity is associated with increased network stability
(Grilli et al., 2016).

6.3.4 Prediction and validation of microbiome involved in plant
health and disease

Our analysis showed that certain microbes that can differentiate between infected and
uninfected plants are distributed across different modules within the microbial commu-
nity. This distribution highlights their essential functions in the diversity of the com-
munity modules within the broader microbial community. The plant microbiome serves
as a crucial defense against plant pathogens. It is involved in direct and indirect in-
teractions through various mechanisms, including parasitism, resource competition, and
induction of systemic resistance in response to biotic and abiotic stresses (Agler et al.,
2016, Chaudhry et al., 2021, Rai et al., 2023). Based on this understanding, our study in-
vestigates the potential role of specific microbes in microbe-microbe interactions within
the plant microbiome.

6.3.5 Examining the protective roles of diverse plant microbiome
components against Albugo laibachii infection in planta

Our study was based on the hypothesis that the plant microbiome, regardless of its phy-
logenetic origin, could help protect against Albugo laibachii. The data demonstrate
that all of the selected candidates were protective, significantly reducing infection rates,
ranging from 87% to 51%. The efficacy of these candidates is ranked in the follow-
ing order: Among all candidates, Cystofilobasidum fungi exhibited the highest level of
protection, followed by Methylobacterium, Sphingomonas, and Rhogostoma. Notably,
Cystofilobasidum fungi demonstrated the most potent protective effects. This finding
is exciting due to the limited existing knowledge of their ability to protect Arabidopsis
leaves from pathogens. However, studies analyzing Basidiomycete fungi, including the
epiphytic yeast Moesziomyces, have provided important insights into their antagonistic
behavior towards Albugo laibachii in Arabidopsis. Using transcriptomic and proteomic
approaches, GH25, a hydrolase with lysozyme activity, was a critical effector against
Albugo (Eitzen et al., 2021).

The bacterial candidates we analyzed have been identified in Chapter 3 as core compo-
nents of the phyllosphere microbiome (Almario et al., 2022, Bulgarelli et al., 2013). Our
results are consistent with the documented protective abilities of Sphingomonas species
against pathogens such as Pseudomonas syringae in Arabidopsis. However, colonization
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by members of the genus Methylobacterium reported inconsistent effects and did not
provide plant protection (Innerebner et al., 2011). In contrast to this study, our research
revealed a reduction in the infection level of Albugo. In addition, our study highlights
the recent focus on protists, particularly Rhogostoma spp from the phylum Cercozoa,
in Arabidopsis thaliana (Dumack et al., 2017, Bonkowski, 2004). These protists have
been identified as influential agents that shape the composition and behavior of bacterial
and fungal communities through selective predation. Protists act as natural microbial
predators. They directly target bacterial and fungal pathogens, resulting in a consum-
ing effect that ultimately leads to removing various pathogenic strains (Dumack et al.,
2016, Nguyen et al., 2023). Our results highlight the potential of fungi, followed by
bacteria and, to a lesser extent, non-fungal eukaryotes, to reduce infection of Albugo by
over 50%. This highlights the idea of functional redundancy among individual microor-
ganisms from different phylogenetic backgrounds and offers promising opportunities for
their use in biocontrol methods to control plant infections effectively.

6.3.6 In a planta experiment, the pairwise interactions between
disease-associated microbes and Albugo

We have experimentally tested the effect of the disease-associated microbes on the level
of infection of the Albugo. Compared to the control group, one of the candidate Plecto-
spherella fungi caused the same level of infection together with Albugo. Our bacterial
candidates, Pseudomonas and Duganella, decreased by 77% and 65%, respectively. This
highlights the adaptability of Pseudomonas, which can exhibit a range of behaviors from
pathogenic to commensal (Shalev et al., 2022). Our study highlights the diverse effects
of disease-associated microbes on Albugo infection levels. This may be related to cross-
infection relationships. An example of such a relationship has been found in Arabidopsis
thaliana: Initial exposure to the pathogen Albugo laibachii creates an environment that
stimulates the growth and spore production of avirulent strains of Hyaloperonospora
arabidopsidis, the cause of Arabidopsis downy mildew, on Arabidopsis accessions that
would otherwise be resistant to this pathogen (Cooper et al., 2008). This highlights the
complex and diverse microbial interactions in plant ecosystems responding to pathogens.

Together, we showed that microbes from healthy plants could reduce the infection
level of the pathogens, while the infected-associated microbes play dual roles. They can
act together to suppress the pathogen; another role is to regulate its ability to spread.

6.4 Microbial dynamics in the rhizosphere of leguminous
Lotus

Leguminous plants have a mutualistic relationship with nitrogen-fixing Rhizobia. Bacte-
ria are hosted in root nodules in exchange for ammonia. Rhizobia do not solely colonize
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nodules of legumes. However, little is known about the impact of non-rhizobia microbes
on root-nodule symbiosis, particularly nodule function and plant health (Crosbie et al.,
2022). In Chapter 5, we investigated the variation in the bacterial microbiome of nodules
as a function of plant species and soil suspension inoculum. We correlated microbiome
composition with plant health using 16S rRNA gene amplicon sequencing. We aimed to
answer the following questions in our study: How does the microbiome of different lotus
species (L. japonicus, L. corniculatus, and L. burttii) vary with soil suspension inocu-
lum? Can we distinguish the nodule microbiome of starved L. Burttii plants from those
of healthy plants? Which microbial groups are involved in the formation of healthy vs.
starved nodules? We have comprehensively investigated these questions in our paper
(Crosbie et al., 2022). The results of this work are discussed below.

6.4.1 Nodule microbiome composition in different Lotus species
under different soil suspensions

Soil properties significantly influence nodule microbiome composition in non-legume
and legume plants. Previous research has identified differences in microbial community
diversity and soil suspension properties as key factors driving variation in plant micro-
biomes (Simonin et al., 2020, Brown et al., 2020, Liu et al., 2019). In our study, plants
inoculated with different soil suspensions show significant differences in nodule micro-
biomes. Specifically, nodules inoculated with soil 1 showed colonization by different
Mesorhizobium ASVs, whereas nodules inoculated with soil two were predominantly
colonized by Mesorhizobium ASV M.1. In comparison to plants inoculated with soil
two suspension, plants inoculated with soil one suspension developed more nodules and
exhibited a wider range of shoot growth. Surprisingly, the original soil suspensions did
not exhibit any significant differences in alpha diversity. They showed only minor varia-
tions in beta diversity, which were not statistically significant. Moreover, there were no
noticeable differences in microbiome diversity or physicochemical properties between
the source soils for these suspensions. This suggests that low abundance of soil mi-
crobes, which may not significantly impact diversity metrics, may be crucial for the
overall functionality of the microbiome.

6.4.2 Distinct nodule microbiome in starved compared to healthy L.
burttii plants

Among the species we studied, L. burttii was unique. It showed a significant difference
in its nodule microbiome between healthy and starved plants. The nodules of starved
L. burttii plants were mainly colonized by Rhizobium ASVs, whereas Mesorhizobium
ASVs predominantly colonized the nodules of the healthy plants. Notably, when inoc-
ulated with Rhizobium leguminosarum Norway, L. burttii forms infected but ineffective
nodules. This result was not observed in other Lotus species (Gossmann et al., 2012).
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Despite starvation, both L. japonicus and L. corniculatus maintained nodules dominated
by Mesorhizobium ASVs, similar to healthy plants. In contrast, L. burttii seemed more
prone to form inefficient symbiotic relationships, possibly due to its higher suscepti-
bility to colonization by non-host-specific symbionts (Zarrabian et al., 2022). This is
evidenced by the significantly higher nodule formation rate in starved L. burttii. Such
increased nodule frequency and reduced specificity in selecting a nodule partner could
lead to starvation. Our results support the idea that the reduced specificity of L. burttii
during root nodule symbiosis allows a wider range of bacteria to colonize its nodules.

6.4.3 Prediction of biomarker microbes in starved and healthy
nodules

In our study, we observed that while Rhizobiales bacteria dominated the microbiota of
all types of nodules, a subset of ASVs that did not belong to Rhizobiales was also de-
tected. Such diversity is common in legume nodules: Various non-Rhizobiales bacteria
such as Proteobacteria, along with Actinobacteria are often isolated from nodules (Ben-
hizia et al., 2004, Dey et al., 2004). Notably, Pseudomonas was the predominant non-
rhizobial genus found in the nodules of Lofus. Using machine learning we found that
Pseudomonas ASVs were characteristic of healthy L. burttii nodules. This suggests a
potential role in supporting plant health. Previous studies have shown that Pseudomonas
can directly affect plant growth through siderophore production (Dey et al., 2004). Our
results support the idea that Pseudomonas may play a crucial role in the outcome of the
root nodule symbiosis, possibly through microbe-microbe interactions.

6.4.4 Pseudomonas and Rhizobium interactions in microbial
networks and in experimental legume symbiosis

Examining the nodule microbiomes of both healthy and starved L. burttii plants using
network analysis revealed notable associations. In particular, significant negative corre-
lations were found between Pseudomonas and Rhizobium, as well as significant positive
and negative interactions involving Mesorhizobium. Subsequent co-inoculation exper-
iments were used to validate these expected interactions. The negative interaction be-
tween these microbes was highlighted when Pseudomonas isolates were co-inoculated
with Rhizobium sp., resulting in a significant reduction in both nodule numbers and nod-
ule primordia compared to single Rhizobium sp. inoculations. Furthermore, the observed
positive interactions between Mesorhizobium and Pseudomonas, along with the reduc-
tion of ineffective nodulation by deceiving Rhizobia in the presence of Pseudomonas,
support the notion that these Pseudomonas ASVs make beneficial contributions to the
root nodule symbiosis.

In summary, this work highlights the critical role of the soil microbiome and nodule
colonization by Pseudomonas in healthy plants. Its role in reducing ineffective nodules
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Chapter 6 General discussion

underscores the influence of the broader soil microbiota on root-nodule symbiosis. Addi-
tionally, the application of machine learning, followed by microbial network analysis, to
identify key specific interactions within complex microbial communities that contribute
to plant health.

6.5 Conclusions

In this dissertation, we collected and analyzed the leaf microbiome of Arabidopsis thaliana
from different geographical locations and two seasons during a five-year study. The di-
versity, composition, and microbe-microbe interactions of the leaf microbiome in re-
sponse to environmental factors were conducted in Chapter 2 and further discussed in
Section 6.1. Temporal dynamics of the leaf microbiome were monitored over a five-
month growing season from November to March. Furthermore, core persistent microbes
and their connectivity patterns as hubs in microbial interaction networks were investi-
gated in Chapter 3 and further discussed in Section 6.2. In Chapter 4, the potential core
microbe Albugo was further investigated to identify the patterns of plants infected with
this pathogen and uninfected plants. Machine learning models were used to identify
discriminant microbes for plant health and infection from different microbial groups of
bacteria and eukaryotes. These identified microbes were further validated experimen-
tally to improve plant health in coping with the pathogen. The results of this part are
discussed in Section 6.3. The roles of the microbiome in plant health were investigated
in three Lotus species. As detailed in Chapter 5 and further discussed in section 6.4,
nodule microbiomes of healthy and starved plants grown in different soils were analyzed
using machine learning models. Microbial interaction networks were used to identify
interactions between predicted microbes that discriminate between healthy and starved
plants. In addition, interactions between selected nitrogen-fixing candidates such as Rhi-
zobia and Mesorhizobium with Pseudomonas were experimentally confirmed.

In conclusion, based on long-term collected microbial data, this dissertation provides
in-depth insights into identifying specific plant-microbe-microbe interactions using ma-
chine learning and microbial networks. These findings enhance our understanding of
microbial responses to various biotic and abiotic perturbations and contribute to devel-
oping probiotics to help plants cope with these stresses.
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