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Abstract

Plants, like other multicellular lifeforms, are colonized by microorganisms. How plants respond to
their microbiota is currently not well understood. We used a phylogenetically diverse set of 39
endogenous bacterial strains from Arabidopsis thaliana leaves to assess host transcriptional and
metabolic adaptations to bacterial encounters. We identified a molecular response, which we
termed the general non-self response (GNSR) that involves the expression of a core set of 24
genes. The GNSR genes are not only consistently induced by the presence of a majority of strains,
they also comprise the most differentially regulated genes across treatments and are predictive of a
hierarchical transcriptional reprogramming beyond the GNSR. Using a complementary untargeted
metabolomics approach we link the GNSR to the tryptophan derived secondary metabolism,
highlighting the importance of small molecules in plant microbe interactions. We demonstrate that
several of the GNSR genes are required for resistance against the bacterial pathogen Pseudomonas
syringae. Our results suggest that the GNSR constitutes a defense adaptation strategy that is
consistently elicited by diverse strains from various phyla, contributes to host protection and
involves secondary metabolism.

In nature, plants are not axenic and colonization by microorganisms is the default. The plant
microbiota plays a key role in how plants interact with the environment, mediate tolerance to
biotic and abiotic stresses and resist pathogens'4. Historically and for economic reasons,
the focus of study in plant-bacteria relations has been placed on mutually beneficial or
pathogenic bacteria. Especially in regard to the latter, detailed knowledge on short-term host
responses to infections with virulent, avirulent or incompatible pathogens has been
gathered® 6. However most plant-bacteria interactions are long-term and result in rather
stable microbiome compositions throughout the vegetative phasel.
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Previous studies on root and leaf-colonizing bacteria have revealed distinct host responses.
For example it was shown that two plant-protective root-colonizing bacteria increase the
host’s pathogen resistance by triggering different signaling pathways and local vs systemic
transcriptional reprogramming’: 8. Drastically different host responses have also been
reported for bacteria in the phyllosphere, the aerial part of the plant. The plant-protective
Alphaproteobacterium Sphingomonas melonis Frl for example causes a significant host
response that, in part, resembles the response elicited by the pathogenic bacterium
Pseudomonas syringae pv. tomato DC3000 (hereafter Pst)®. This overlap in host responses to
a commensal and a pathogen provokes the question of how widespread recognition of
microbiota members is and to what extent reprogramming of plant transcriptional states
upon colonization by its microbiome members is convergent. It is currently unclear if and
how plants distinguish pathogenic from non-pathogenic bacteria initially.

One way plants adapt to and shape their microbiome is by tuning their secondary
metabolism. Plants possess a large array of specialized metabolites that are not only involved
in attracting pollinators and symbionts but also in defense against herbivores, bacteria or
fungi1® 11 and in shaping the microbiomel2-14,

In Arabidopsis thaliana (hereafter Arabidopsis), an important and highly diverse class of
secondary metabolites are indolic derivatives of tryptophan. While primarily associated with
defense against pathogens'>-18, they have also been implicated in maintenance of symbiotic
relationships®.

Here, we used representative strains of the Arabidopsis phyllosphere and investigated the
transcriptional and metabolic long-term adaptation strategies of the host plant in response to
colonization by the phylogenetically diverse single strains in a gnotobiotic system. We
uncovered common patterns in the plant’s response to different bacteria that we link to the
host secondary metabolism and resistance to pathogens.

Plant adaptation to bacterial colonization

We selected 38 phylogenetically diverse strains previously isolated from Arabidopsis
leaves2 to survey plant responses to bacterial colonization. These strains represent 16
bacterial families of the four major leaf-colonizing bacterial phyla from the Arabidopsis
phyllospherel: 20 All chosen strains were able to colonize the host plant, reaching cell
numbers above 107 colony forming units per gram fresh-weight (cfu*gfw1) (Fig. 1) In
addition we included Sphingomonas melonis Frl as a control due to its known ability to
trigger a strong plant response®.

We inoculated the strains onto Arabidopsis seedlings in mono association, using a previously
established gnotobiotic system?! and harvested the plants 9 days later. For differential
analyses, our reference consisted of mock-inoculated, axenic control plants. With the
exception of Serratia Leaf51, Erwina Leaf53, Xanthomonas Leaf131 and Burkholderia
Leaf177 (Extended Data Fig. 1), none of the strains caused visible alterations in plant
phenotype. To investigate the plants’ potential long-term adaptation to colonization by the
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bacteria we analyzed each condition in five independent replicate experiments (see
Methods), resulting in more than 200 samples (39 strains conditions plus two axenic
controls, five biological replicates each) from a total of > 3900 plants. We determined the
differentially expressed genes (DEGS) (]log2FC| > 1, FDR < 0.01) in the phyllosphere by
RNA sequencing and developed high-sensitivity mass-spectrometry methods to measure
differentially abundant metabolite features (DAMS) in the same samples (|log2FC| >1, FDR
< 0.05) (see Methods).

We found that Arabidopsis responded to most bacteria and that the intensity of the reaction
differed strongly depending on the colonizing strain (Fig. 1, Extended Data Fig. 2ab,
Supplementary Data Tab. 1-2). On average, changes in transcript and metabolite feature
abundance were most pronounced in response to Gammaproteobacteria (mean 1329 DEGs,
205 DAMs); among them Leaf51 (Serratia) with the highest number of DEGs (3403) and
DAMs (710) and least pronounced in Bacteroidetes (mean 31 DEGs, 1 DAM) and
Alphaproteobacteria (mean 88 DEGs, 6 DAMS) (Fig. 1). Among the latter were three
Methylobacteria spp. that hardly elicited any response supporting previous findings from M.
extorguens PA12 provoking questions such as how they are able to avoid or suppress the
host’s immune system.

Notably, while some closely related strains elicited highly similar responses (e.g.
Pseudomonas spp. Leaf15, Leaf48 and Leaf435 shared 1035 DEGs out of 1397, 1250 and
1298, respectively) the magnitude of reprogramming was distinct for some strains within the
same phylum and occasionally within the same family (eg. Sphingomonadaceae,
Microbacteriaceae, Fig. 1, Extended Data Fig. 2a). Clustering of DEGs revealed that similar
responses were elicited by distantly related strains (e.g. Arthrobacter Leaf137, Erwina
Leaf53 and Burkholderia Leaf177; 884 shared DEG out of 1730, 1825 and 1315
respectively; see Extended Data Fig. 2ac)

We observed a strong correlation between the transcriptional and metabolic response (based
on the DEGs and DAMs per treatment) (Linear Regression: /2= 0.82, Spearman
correlation: p = 0.88; p-value < 0.0001) and found a significant correlation between the
average cfu*gfw 1 on the phyllosphere and the amount of differentially regulated genes (R2
=0.59, p=0.56; p-value = 0.0002) and metabolites (RZ = 0.78, p = 0.57; p-value = 0.0002)
(Extended Data Fig. 3a-c).

The General Non-Self Response

When analyzing the DEGs across all treatments, we observed a striking priority pattern after
sorting treatments by the number of DEGs and the DEGs by frequency of differential
expression: with each increase in the total number of DEGs, new DEGs are added to those
already regulated, resulting in a hierarchy graph that was independent of phylogeny of the
bacterium tested (Fig. 2a). This pattern was also present but less pronounced in the
metabolome data (Extended Data Fig. 4).

Next, we investigated which genes were leading the top of this hierarchy and identified a set
of 24 DEGs that were consistently upregulated in = 70% of all treatments (Fig. 2b). These
24 most frequently regulated genes across treatments were also the DEGs that most
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consistently showed the highest fold changes (log2FCs) within each of the conditions (Fig.
2¢). As with the overall response, we observed that phylogenetically distinct bacteria can
elicit a similar response pattern in the plant and found a significant correlation between the
intensity of the 24 core DEGs and the amount of bacterial plant colonization (cfu*gfw1)
(median fold-change in a treatment, Spearman correlation, p = 0.49; p-value = 0.0017).

Based on their prevalence in the majority of plant-microbe interactions tested and the
assigned functions further discussed below, we designated this upregulation pattern of 24
core genes as the General Non-Self-Response (GNSR). Additionally and remarkably, these
GNSR genes appeared to correspond to the overall intensity of the plant’s response (in total
number of DEGs per condition, nDEGS). We therefore wondered whether these genes could
act as markers for the intensity of the plant response to any bacterial strain. We performed a
linear regression on the log2-transformed nDEGs against the log2FCs of each gene that
appeared differentially regulated in response to at least 5 bacterial treatments. We found that
among the 20 genes with an adjusted R2-value > 0.75 (Wherry’s formula R-squared
adjustment), 17 were indeed part of the GNSR (Fig. 2de, Supplementary Information Tab.
4). The top-ranking predictor for response intensity in our system was CYP71A12with an
adjusted R of 0.89, followed by /GMT3 (adj.R° = 0.87), BBE7 (adj.R2 = 0.84), STMP6
(adj.R2 = 0.84) and /GMT2 (adj.R° = 0.83).

To determine whether other biotic treatments also caused this core GNSR response, we used
the Genevestigator tool?? to search publicly available data sets for perturbations that resulted
in the differential expression of the 24 GNSR genes. Interestingly, we found that they were
most significantly associated with defense responses against pathogens, including fungal
pathogens of the genera Alternaria?3, Blumeria?*, Botrytis %>, Colletotrichum 2% 27 and
Sclerotinia®®, the oomycete Phytophthora infestans, and against the bacterial pathogen Pst2°
but also by bacterial elicitors of the plant immune response such as HrpZ and flg2230. The
genes were also upregulated to a lesser extent in response to some abiotic stressors such as
oxidative (ozone treatment) and osmotic stress (300 mM mannitol), and downregulated in
response to the development and stress associated plant hormone abscisic acid (ABA)3L,
suggesting an additional function beyond biotic interactions (Extended Data Fig. 5). Overall,
the pattern of upregulated genes in plant-microbe interactions beyond the bacterial
microbiota representatives tested here supports the notion of a General Non-Self-Response
(GNSR).

To further strengthen the link of the GNSR to plant immunity, we performed a gene
ontology (GO)-based functional enrichment analysis. This revealed significant associations
with defense and general stimuli responses, organic compound transport, and secondary
metabolism (Extended Data Fig. 6, Supplementary Information Tab. 3). To place the GNSR
gene products within the cellular context we predicted sub-cellular location using the
SUBA4 web tool32: 33 (http://suba.live/). The largest subset was predicted to localize to the
extracellular space (9/24, SUBAcon > 0.9), followed by plasma membrane (6/24, SUBAcon
> 0.6) and the cytosol (5/24, SUBAcon > 0.9) while the remaining four could either not be
assigned (2/24) or were placed at the endoplasmatic reticulum and nucleus (1/24 each)
(Extended Data Fig. 6). The extracellular space and the plasma membrane are the contact
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points of plant cells and microbes, again indicating the involvement of the GNSR in plant-
microbe interactions.

We therefore demonstrated that the GNSR is induced by a majority of bacterial treatments as
well as a wide range of plant pathogens and is predictive of the strength of the overall
response. Combined with the functional enrichment analysis and prediction of subcellular
location, this suggests that the GNSR is part of the plant immune response to a variety of
biotic and potentially abiotic stressors.

Linking GNSR and the metabolome

The functional enrichment analysis of the GNSR had revealed an association with the
secondary metabolism (Extended Data Fig. 6, Supplementary Information Tab. 4). We
therefore wondered whether the GNSR could be linked to certain metabolite features.

To identify such features we performed a Spearman correlation between the transcript
abundances of each of the GNSR genes (log2-transformed normalized count data, see
Methods) and metabolite feature abundances (log2-transformed peak area, normalized to
total ion current (TIC) and dry weight) of all 2361 metabolite features across all biological
replicates. We then filtered the resulting correlations using a Top-N approach, accepting the
best two correlations between each GNSR gene and the metabolite feature, provided that the
rho value was |p| > 0.85 and the FDR < 0.01. This approach allowed us to identify 12
metabolites that significantly correlated with the GNSR (Fig. 3a, Supplementary Information
Tab. 5).

Next, we analyzed the occurrence of these 12 metabolites across all treatments and
visualized the significant fold-changes (Fig. 3b). Among them, a single metabolite (215) was
particularly conspicuous as it showed a similar broad frequency as the GNSR genes. In
terms of fold-change increments, 100 was the most striking; it showed significant increases
in = 40% of the treatments, with up to 30 times the abundance levels observed in axenic
control plants (Fig. 3b).

In a complementary analysis and irrespective of the GNSR, we conducted a global analysis
of DAMs that were most consistently regulated among all treatments. Notably, there was a
high overlap between metabolites identified via the correlation of GNSR gene expression
and those that were identified in a direct untargeted approach (Fig. 3c). This finding
confirms a convergent plant reprogramming both at the transcriptional and metabolic level in
response to bacteria.

The tryptophan derived secondary metabolism

Next we sought to identify the 12 GNSR associated metabolites. Initial, automated database
searches for the predicted masses were often too ambiguous and inconclusive. Based on the
GO associations of GNSR genes (Extended Data Fig. 6), however, we suspected a link to the
tryptophan derived secondary metabolism (TDSM). The TDSM involves indolic metabolites
that stem from the initial conversion of tryptophan to indole-3-acetaldoxime (IAOx)34,
which is then channeled into one of three known biosynthetic branches (Extended Data Fig.
7), all of which are associated with plant defensel6: 35. 36,
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The GNSR genes CYP71A12and FOX1 are known members of the TDSM pathway!8, and
IGMTZ2, IGMT3and SURIL are either implicated in or paralogous to other components of
the TDSM (Extended Data Fig. 7). We thus wondered whether some of the metabolites
identified via the GNSR (Fig. 3a) are part of TDSM and would thus provide further evidence
for the defensive nature of the response.

To confirm our hypothesis, we performed targeted liquid chromatography tandem mass-
spectrometry (tandem LC-MS, MS2) on these GNSR associated metabolites (Fig. 3a) to
generate data about their structural composition.

The analysis of this data suggested that several features are indeed indolic (Supplementary
Fig. 1-10). We identified known indole based secondary metabolites, such as indole
carboxylic acid (ICA, 2087), ICA glucose (ICAGIc, 365) and a hydroxylated derivative
thereof (xOH-ICAGlIc, 383) as well as a O-glucoside indole-3-carbaldehyde (xOGlc-ICHO,
380)3°. We could also assign a putative structure to 215, which seems to be a novel indole-3-
carboamide O-glucose ester (Supplementary Information Fig. 2). For 409, 504 and 1205, we
found some evidence for the presence of an indole ring upon fragmentation but could not
surmise the complete structure with certainty (Supplementary Information Fig. 6-8).

To investigate the role of the GSNR in the biosynthesis of these metabolites, we selected
homozygous transfer-DNA (T-DNA) insertion lines of GNSR genes that we suspected could
be involved in TDSM (bbe6, cyp71al2, foxl, gstf6, igmt3, prx71) and a putative anti-porter
(chx16) for targeted metabolomics. We treated plants of these lines with Arthrobacter
Leaf137, a representative strain that caused a strong GNSR response (Fig. 2b) and induced
essentially all of the 12 GNSR associated metabolites (Fig. 3b). We then used axenic plants
of the same lines as a controls. The cyp71a12background showed a striking decrease of
three metabolites compared to inoculated wild-type plants in response to Leaf137 (Fig. 3d).
Two of these metabolites, ICA (2087) and ICAGIc (365) have been reported previously to
decrease in the cyp71a12background!® 35 and 383 is a hydroxylated derivative of ICAGIc
(XOH-ICAGIc). Because CYP71A12and CYP71A13were reported to be involved in
camalexin biosynthesis3®, we also analyzed this metabolite; however, we did not detect
significant differences (Fig. 3d). Notably, none of the other GNSR genes tested had an
impact on the abundance of the 12 associated metabolites.

To ensure that the significant changes of ICA and derivatives in the ¢yp71a12background
were not due to properties of Arthrobacter 1 eaf137, we tested two additional strains,
Pseudomonas Leafl5 and Burkholderia Leaf177. The previous results could be confirmed
and an additional metabolite, 349, was also found to be downregulated (Extended Data Fig.
8).

The GNSR in defense against bacterial pathogens

The finding that the GNSR represented a convergent set of plant genes, that was triggered by
endogenous microbiota members as well as phytopathogens, and can be linked to the plant
defense related TDSM (Fig. 3a, Extended Data Fig. 6)1°, provoked the question of whether
the GNSR genes actually contribute to plant defense upon pathogen challenge. For AZ/L,
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AZI3, CYP71A12, EXT4and PRX71, this link had already been established8: 37. 38 and for
STMPE it was implied3.

To investigate the impact of the loss of GNSR genes we tested five week old plants of T-
DNA insertion lines for nine GNSR genes (prx71, chx16, gstf6, bbe6, mlo12, at2g43620,
igmt3, fox1, cyp71al’) with the foliar plant pathogen Pst and compared their susceptibility
to the known immunocompromised bak1/bkk1 mutant*C. To ensure that the plants were
colonized by a natural microbiota prior to pathogen exposure, we grew the plants in soil and
confirmed the presence of bacteria by bacterial enumeration (Extended Data Fig. 9).

While to a lesser extent than the immunocompromised bak1/bkkI line that we used as a
control, mutants of seven individual GNSR genes were indeed significantly more susceptible
to Pst compared to wild-type Col-0 plants (Fig. 4ab). These were mutants of genes encoding
a chitinase family protein (AT2G43620), a putative Na+/H+ anti-porter (CHX16,
AT1G64170), an O-methyltransferase family protein (IGMT3, AT1G21110), a cell-wall
bound peroxidase (PRX71, AT5G64120), mildew resistance locus 12 (MLO12,
AT2G39200), and a glutathione S-transferase (GSTF6, AT1G02930) as well as CYP71A12
(AT2G30750). With the exception of m/o12, where susceptibility varied strongly (Fig. 4a),
the remaining GNSR mutants supported 5-8x higher Pst populations. With these findings we
could confirm the previously reported roles of CYP71A12and PRX71 in plant immunity
and establish new roles for CHX16, AT2G43620, IGMT3and GSTFé. This further confirms
the distinct role of the GNSR in plant defense.

Discussion

Our data of plant responses showed that Arabidopsis mounts an individualized response to
39 phylogenetically diverse phyllosphere bacteria (Fig. 1; Extended Data Fig. 2ab). The
observed correlation of the plant response strength (nDEGS) with colonization density
(Extended Data Fig. 3bc), might be explained by the higher probability of the plant detecting
bacterial epitopes, plant damage or nutrient scavenging. From an ecological and
evolutionary perspective, this correlation is intriguing, as it may suggest that detection could
be mutually beneficial. A selection for non-pathogenic bacteria that are resistant towards
plant defenses could increase the competitiveness of both the host and the bacteria, as the
combination of induced immunity and niche occupation by commensals would thwart
pathogen infection. The hypothesis that the plant uses its immune system to shape its
microbiota has been put forward# 4142 and host-microbe interactions such as the ones we
observed are in agreement with this model.

The plant responses were not only individualized but also strikingly hierarchical with each
level of response strength containing most of the DEGs of the previous level (Fig. 2a). This
increase in nDEGs was steep and could indicate that the plant perceives some of the strains
as potential pathogens and therefore triggers increasingly strong but convergent anti-
bacterial defenses. Indeed, several of the genera causing the most intense host responses are
known to contain phytopathogens, such as Acidovorax, Arthrobacter, Burkholderia, Erwinia,
Pseudomonas, Serratia and Xanthomonas *3 4°.
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Leading the observed expression hierarchy, we identified a core set of 24 genes (Fig. 2b),
which we termed the GNSR based on their common upregulation in response to biotic
stressors. The GNSR genes were among the most differentially regulated features in each
treatment, and their fold changes were highly predictive of the overall intensity of the plant
response. We hypothesize that these genes, or some of them, integrate perception signals
from the microbiota to regulate the strength of the host response. Their association with
plant defense was further underscored by functional enrichment analysis (Extended Data
Fig. 6), by their link to the TDSM (Fig. 3d, Extended Data Fig. 7), and the increased
pathogen susceptibility of GNSR gene mutants (Fig. 4a).

In terms of biological function the GNSR provokes a number of intriguing questions on its
role. Three GNSR genes encode cell-wall-associated proteins, EXT4 (Extensin 4), AGP5
(Arabinogalactanprotein 5) and PRX71 (cell-wall-bound peroxidase 71). Extensins and
Arabinogalactanproteins are both hydroxyproline-rich cell-wall glycoproteins with a
potential ability for oxidative cross-linking. It has been demonstrated that overexpression of
EXT4 leads to increased stem thickness and resistance towards Pst37 while overexpression
of PRX71 has been reported to grant increased resistance towards Botrytis cinerea 8. Loss
of PRX71 on the other hand leads to altered lignin structure®® and, as demonstrated in this
study, increased susceptibility to Pst (Fig. 4a). A possible mode of action for the two
glycoproteins might therefore be to reinforce and tighten the cell-wall and PRX71 could act
as the enzyme required for their oxidative cross-linking.

Despite the significant correlation between the GNSR and the TDSM, the analysis of plant
mutants showed that only the ¢yp7Za12line had a detectable effect on the metabolome. We
assume that this might be due to the conspicuous presence of paralogs among the potentially
TDSM associated genes, including BBE3 (FOX1), BBE6and BBE7, GSTF6and GSTF7as
well as /IGMTZ2and /IGMT3. Redundancies in the TDSM have been observed before, such as
the roles of CPY79B2and CYP79B3in IAOx biosynthesis®* and 7GGZand TGG2in
breakdown of IMGs*7 or the partial redundancies of CYP71A12and CYP71A13in
camalexin biosynthesis#®. Built-in redundancy for the GNSR might contribute significantly
to the robustness of the plant’s ability to respond to biotic stressors and could also explain
the rather mild disease susceptibility phenotypes of GNSR mutants compared to the
immunocompromised double mutant line bak1/bkk1 (Fig. 4). Some GNSR genes might also
be involved in transport rather than biosynthesis of these compounds. GSTF6, for example,
has a high affinity for heterocyclic compounds, including indole-3-carbaldehyde and
camalexin and is strongly induced in response to external application of breakdown products
of the TDSM product indol-3-ylmethyl-glucosinolate (IMG)*°.

Several GNSR-associated compounds did not match any known TDSM products. A recent
study reported that a triple mutant with defects in all three major TDSM branches still
retained a higher level of pathogen resistance compared to the cyp7962/63 double mutant,
which is devoid of all TDSM products®. This may indicate the existence of yet unknown
TDSM branches for which theses novel GNSR-associated metabolites could be promising
targets.
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In terms of signal integration, the GNSR includes three plant receptor genes (CRK6, CRK14
and RLPZ21). Two additional components of the GNSR, AZ/3and AZI/L, are closely related
to systemic signaling component AZ1150: 51 with identities in their coding sequences of 76
% and 78 %, respectively. We speculate that these two genes might be involved in the
systemic coordination of the GNSR in a way analogous to AZ/1, which is required for
pathogen-induced systemic resistance signaling. Evidence for their involvement in pathogen
defense was found by Chassot et al.38, where overexpression of AZ/3, as well as AZ/L and
PRX71, results in increased resistance towards Botrytis cinerea. For more localized
signaling, the peptide STMPG6 represents an interesting candidate. It is part of a defense
associated peptide family3?, and its overexpression leads to severely growth delayed
phenotypes reminiscent of hyper-immunity lines such as ¢pr552 and snc1 33. A candidate
for a key master transcriptional regulator is GNSR member WRKY 30, a transcription factor
that is co-expressed with 15 out of 24 GNSR genes. In addition, we identified the
transcription factors genes WRKY60, WRKY71and MYB15, which are not part of the
GNSR but are co-correlated to it and could be involved in their regulation (Extended Data
Fig. 10).

Finally, the microbiome is increasingly coming into focus as an untapped potential for
modern agricultural applications®* and the involvement of the GNSR in both biotic and
abiotic stress responses®®: %6 (Extended Data Fig. 5), further highlights the importance of
microbiome-plant interaction studies for future research.

Plant material and growth conditions

T-DNA insertion lines bbe6 (SALK_054180C), chx16 (SALK 083993C), gstf6
(SALK_065940C), igmt3 (SAIL_679_HO07), mlo12 (SAIL_50_C10), at2g43620

(SALK _056680) and prx71 (SALK 123643C) were obtained from the Nottingham
Arabidopsis Stock Center (NASC, http://arabidopsis.info/), the bak1-5/bkk1-1 line from
Cyril Zipfel4? (University of Zurich, Zurich, Switzerland) the lines for cyp71a12
(GABI_127H03) and fox1 (GABI_813E08) from Elisabeth Sattely (Stanford University,
CA, USA)18,

Plants for all experiments were grown in climate controlled growth chambers (CU-41L4,
Percival) fitted with full spectrum lights (Philips Alto 11 17W/841 for gnotobiotic assays,
Philips Master TL-D, 18W/840 for soil assays).

For gnotobiotic assays, surface sterilized (according to Schlesier et. al>’) seeds were placed
in 24 well cell-culture plates (TPP Techno Plastic Products AG, Switzerland) on full strength
Murashige and Skoog (MS) medium agar (Duchefa; pH5.8, including vitamins, 3% w/v
sucrose). Plants received a 16 h : 8 h light:dark cycle for the first 7 days and were then
switched to a 9 h : 15 h cycle for the remainder of the experiment. All plates were sealed
with parafilm for the first 14 d. Growth temperature was maintained at 24°C during light and
22 °C during dark cycles at a relative humidity of 65 %rh.
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For soil assays, seeds were surface sterilized (70% ethanol, 1 min), placed on soil
(Klasmann-Deilmann GmbH, Substrat 1) and vernalized for 4 days at 4°C in the dark before
being placed in a growth chamber. Growth conditions were setto a 11 h : 13 h light : dark
cycle at 60 %rh. After 14 d, seedlings were transferred into gardening pots (9x9x9.5 cm),
with 4-5 plants per pot.

Bacterial strains and growth conditions

Bacterial strains were selected from the At-LSPHERE collection?? based on their ability to
reach high cell-numbers in the phyllosphere. A JuxCDABE-tagged, kanamycin and
rifampicin resistant Pseudomonas syringae pv. tomato DC3000 (Pst)®8 was provided by
Thomas Kroj (UMR BGPI, Montpellier, France). All At-L SPHERE strains were grown on
R-2A-agar (Sigma-Aldrich) supplemented with 0.5% v/v methanol and allowed to grow for
5d at 22 °C. Pst was grown on King’s B-agar®® for 1-2 d at 22 °C.

Plant inoculation and infection

A sterile plastic loop was used to collect a cell material of each At-LSPHERE strain and
cells were re-suspended in 1 ml of 10 mM MgCl,. Tubes containing the resuspended strains
were vortexed for 5 min and adjusted to an optical density (ODgqg) of roughly 0.02 for
inoculation. Axenic, 10 d old plants were inoculated with 10 pL of bacterial suspension by
pipetting. Axenic control plants were mock-inoculated with 10 uL of 10 mM MgCl,.

Pst for infection was obtained by re-suspending cell material in 10 mL of 10 mM MgCl, and
adjusting the concentration to ODggg = 0.1 in 10 mM MgCl, supplemented with 0.04% v/v
Silwet L-77 (Chemtura AgroSolutions).

For infection of soil grown plants, the pathogen suspension was applied to 5 week old plants
by spray inoculation (until “run-off’) using a perfume-dispenser. Control plants were mock-
infected with 10 mM MgCl; supplemented with 0.04% v/v Silwet L-77.

Harvest of plant material for transcriptomics and metabolomics

For each condition, 24 single plants per biological replicate were harvested 9 d after
inoculation (plant age: 19 d) by removing the rhizosphere from the phyllosphere using flame
sterilized scalpels and forceps and shock-freezing only the phyllosphere in liquid nitrogen.
The 24 plants were pooled, six plants each in 5 mL screw cap tubes (Sarstedt AG,
Switzerland) containing two 5 mm stainless-steel beads (QIAGEN) and stored at -80 °C.
Plants not harvested for the OMICs experiments were used for bacterial enumeration and to
verify the gnotobiotic status of the batch as described previously?! by leaf washing in
phosphate buffer (pH 7, 100 mM) with added surfactant (Silwet L-77, 0.2% v/v). If no
contaminations were found, tubes containing material from the same inoculation condition
were pooled again to create one biological replicate consisting of up to 24 plants. Five
independent biological experiments were performed.

Harvest for bacterial enumeration from soil-grown plants

Two mature rosette leaves of five-week-old plants were harvested to create one replicate. In
total, a minimum of 12 technical replicates per condition were harvested. The leaves were
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separated using a scalpel and the bacteria were retrieved by leaf washing as described above.
For enumeration of native soil bacteria, plant material was instead homogenized by bead
beating (5mm stainless steel beads, QIAGEN) in phosphate buffer (pH 7, 100 mM) with a
QIAGEN TissueLyser 11 for 10 s at 30 hz. The leaf wash or homogenized tissue was plated
as a dilution series (100 — 10°8) on either R-2A-agar plates containing cycloheximide (50 ng/
mL), rifampicin (50ng/mL) and kanamycin (50 ng/mL) for Pst or R-2A-agar with 0.2%
methanol and cycloheximide for native bacteria. Plates were incubated at room temperature
and colony-forming units were counted 2-5d after harvest.

To discern differences in susceptibility to Pst between infected wild-type (Col-0) and mutant
plants, a linear model was fitted on genotype and log10-transformed cell-numbers (Im, R
3.5.1). The resulting p-values of the summary statistic were adjusted for multiple
comparisons by Bonferroni p-value correction.

RNA sequencing

RNA was prepared from frozen plant material using the Zymo Quick-RNA Plant kit. The
RNA quality was verified on an Agilent TapeStation System using the RNA ScreenTape
Analysis kit. Poly-A enriched libraries were prepared using the lllumina TruSeq RNA
sample prep kit. RNA sequencing was performed on an lllumina NovaSeq with 100 cycles
of single-end sequencing (100 bp) using the TruSeq SBS Kit v3-HS. The processing of
fluorescent images into sequences, base-calling and quality value calculations were
performed using the Illumina data processing pipeline. The resulting raw reads were cleaned
by removing adapter sequences, low-quality-end trimming, and removal of low-quality reads
(phred score < 20). Sequence alignment of the resulting reads to the Arabidopsis reference
genome (TAIR10) and quantification of gene level expression was carried out using
RSEME®0, With the exception of the RNA preparation, all steps were performed by the
Functional Genomics Center Zurich (https://fgcz.ch/).

Differential gene expression analysis

Genes with > 0.5 counts per million in > 4 samples were used for differential expression
analysis using the Bioconductor R package edgeR (v.3.22.1)%1. Counts were normalized by
trimmed mean of M values method (TMM). The gene-wise dispersions were estimated by
Cox-Reid approximate conditional maximum-likelihood. To shrink the dispersions towards
trended values based on expression levels, we used an empirical Bayes procedure. The
differential expressions were calculated using likelihood ratio tests on a fitted generalized
linear model (glm) while considering batch-effect, using the appropriate contrasts®2.

Genes showing an absolute fold change (FC) > 2 with a false discovery rate (FDR,
Benjamini-Hochberg p-value correction method) < 0.01 were considered as differentially
expressed. For heat-maps, log2 FCs (log2FC) of differentially expressed genes (DEGs) were
used.

GNSR genes were subjected to functional enrichment analysis in the category “Biological
Process” using AgriGO2v263 against Arabidopsis with TAIR genome locus (TAIR10) as
reference. Results were valued by Fisher test, adjusted for multiple testing according to
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Yekultieli, and subsequently filtered by significance (FDR < 0.05) for a minimal number of
mapping entries of five.

To search for other treatments that resulted in an upregulation of GNSR genes, all 24 genes
were subjected to Genevestigator’s “perturbation” search. This tool searches curated, high-
quality data sets for matches to user queries. Results from both micro-array and RNA
sequencing experiments were used. Data from both methods was subsequently filtered fold-
change and p-value (Micro-array: |FC| > 1.5, p-value < 0.001, RNAseq: |FC| > 2, p-value <
0.01)

To determine the predictive power of single genes for the intensity of the plant’s overall
response, a linear model was fitted on the number of DEGs in each condition against the
log2FC of each individual gene. Only genes that were differentially regulated in at least 5
out of 39 conditions were used. To remove noise, fold-changes below log2(1.25) or with
FDRs > 0.01 were set to 0. The resulting /2 values were adjusted by Wherry’s method.

Metabolite extraction

An approximate volume of 20 pL of ground, frozen plant material was lyophilized for 24h to
dryness and the resulting plant dry-weight (PDW) determined. To extract the metabolites,
800 uL of a chilled (4°C) 80:20 methanol/water solution was added to each sample and
homogenized with a QIAGEN TissueLyser Il at 20 Hz for 1 min. After homogenization, the
samples were heat-treated at 65°C for 10 min on a heated rotary shaker. The samples were
pelleted by centrifugation and the extract (supernatant) transferred into a fresh tube. The
finished extract was diluted to a final concentration of 0.5 pg*uL=1 (dry weight per volume)
with the buffer solution required for the respective liquid chromatography (LC) method.

LC-MS analysis

LC separation was performed with a Thermo Ultimate 3000 UHPLC system (Thermo
Scientific, CA) applying two different separation methods. Hydrophilic interaction (HILIC)
based separation was carried out using an Aquity UHPLC BEH Amide column (100 x 2.1
mm, 1.7 um particle sizes, Waters, Milford, MA, USA) as described previously®4, at a flow
rate of 500 pL min-1. C18 reversed phase (RP) separation was achieved using a Kinetex XB-
C18 column (particle size 1.7 pm, pore size 100 A; dimensions 50 mm x 2.1 mm,
Phenomenex). Briefly, solvent A was 0.1% (v/v) formic acid and solvent B was acetonitrile
at a flow rate of 400 uL*min1. Solvent B was varied as follows: 0 min, 1 %; 7.5 min, 95%;
10 min, 95%; subsequently, the column was equilibrated for 3 min at the initial conditions
prior to the next sample analysis. For untargeted analysis, LC instrument was hyphenated to
an LTQ Orbitrap XL mass spectrometer (Thermo Fisher Scientific, Waltham, MA, USA).
MS analysis was carried out in positive (HILIC, C18RP) and negative FTMS mode (HILIC)
at mass resolution of 30’000 (m/z = 400). Targeted and tandem mass analysis were carried
out with a Thermo QExactive plus instrument (Thermo Fisher Scientific, Waltham, MA,
USA) at mass resolution of 35’000 (m/z = 200). A ramped collision energy of 15, 30 and 45
eV was applied in all tandem MS experiments applying high energy C-trap collision
dissociation. For both instrument the same heated ESI probe was used applying following
LC method dependent source parameters (first value: HILIC, second value C18-RP):
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vaporizer temperature, (350, 380)°C, ; aux gas, (20, 5); ion spray voltage, (+3.5, + 2.75) kV.
lon spray voltage in the negative FTMS mode was set to -3.0 kV. For both LC methods,
following parameters were set to identical values: sheath gas, 50; sweep gas, 0; RF level,
50.0; capillary temperature, 275°C. Lastly, injected sample amount on columns was adapted
to instrument sensitivity. 2.5 pg PDW equivalent was injected when using the LTQ Orbitrap
instrument and 0.6 pug PDW when QExactive plus was used.

LC-MS data analysis

Raw files were processed using an untargeted LC-MS data analysis workflow implemented
in the Python based emzed2 framework (http://emzed.ethz.ch/). In a first step, individual
peak libraries were constructed for each acquisition mode (same LC-method and electro
spray ionization (ESI)-mode). Briefly, after individual subtraction of blank measurements
from samples, LC-MS peaks were detected and extracted sample-wise using the emzed?2
implemented Metabo Feature Finder from OpenMS62, Individual peaks of all samples were
grouped based on instrument specific tolerance levels by their m/z and retention time (RT)
values into unique consensus peaks and unique peak id (pID) was assigned, where each peak
was represented by its mean m/z and RT value. Since compound elemental composition and
applied ESI result in a multitude of signals, peak deconvolution was required. To this end,
consensus peaks were further grouped by isotopologues (consensus feature IDs, fID) and
subsequently, by adducts (adduct IDs, alD) taking into account peak RTs and their specific
m/z differences.

Next, we merged the individual consensus libraries and further grouped adducts measured
with the same LC-Method in positive and negative ESI mode based on RT and specific
adduct m/z differences into cross-referring IDs (crid, used as continuous numbering system,
indicated by bold numbers). To reduce the number of low quality entries, we removed all
features on the crid level that were not detected in at least 4/5 biological replicates in at least
one treatment. Remaining crid were used to perform a targeted peak extraction on samples
with missing values to update missing at random “MAR” peaks (peaks missed by feature
finding algorithm). In case of complete absence (MNAR), random values were assigned
from a Gaussian distribution using mean and standard values determined from sample-
specific spectral baseline and noise. Finally, to each crid monoisotopic mass value(s) were
assigned and crid were grouped by their masses and to each mass a unique massID was
assigned to simplify database searching and possible compound overlaps between applied
LC-Methods. The resulting mass library was used to search publically available databases
(KEGG®6-68 pubChem89, PMNT0) to identify compounds with matching monoisotopic
mass. Manual curation was used to eliminate unlikely data base matches.

Next, averaged group area (weighted by individual peak area) were calculated for each crid
and treatment. Prior to averaging, peak areas were normalized to their individual sample
total ion current (TIC) area. Normalization to biomass was not required since all samples
were diluted to the same biomass concentration prior to analysis. Differential analysis was
performed by comparing the weighted average group area of crids in a treatment against
those in axenic control plants (Student’s #test, Benjamini-Hochberg p-value correction) and
filtering for significant changes (|log2FC| > 2, FDR < 0.05).
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Correlation analysis

Gene expression count data was normalized in R 3.5.1 with the libraries edgeR 3.24.3 (ref61)
and limma 3.38.3 (ref’1). Spearman correlation values were calculated for each pair of genes
between their normalized expression counts across all samples. Spearman was the preferred
method as it was observed that many genes showed distinct ‘on’ or “off’ states that produced
misleading Pearson correlation values corresponding to the correlation of only the two
states. Similarly, Spearman correlation values were calculated between each gene-metabolite
pair between the normalized expression count and log2-normalized crid area respectively.

Network Construction

Ordination

For each WRKY gene, the two highest correlating genes above a cutoff of 0.85 were
identified as WRKY targets. A network was constructed using the R library igraph 1.2.4.1
(ref’2) with edges between each WRKY target and the two highest correlating metabolites
above a cutoff of 0.85. Two additional networks were constructed in the same way with
edges between GNSR genes and metabolites, and between GNSR genes and WRKY genes.
All networks were exported to graphml format for manipulation in Cytoscape 3 (ref’3).

Both datasets, gene expression count data and metabolite count data, were reduced to the
2000 genes and 1000 metabolites with the highest variance across all other samples. If all
genes or metabolites were included, downstream calculations became numerically unstable,
which we assume was due to sensitivity to the large number of zeroes in the data. For each
dataset, each condition was paired with the first set of five control samples and principal
component analysis (PCA) was used to determine the transformed axes that explained the
most variance in the data. The data was then tested for effect size and significance using
PERMANOVA, via the adonis function of the R library vegan 2.5-674. A second set of
ordinations was created for each dataset on all sample conditions together using PCA and
multidimensional scaling of the Euclidean distance matrix between samples — a principal
coordinate analysis — via the vegdistand monoMDS functions of vegan.

Secondary structure elucidation

Data generated from MS2 was filtered to obtain the most intensive fragment spectra peaks
for each compound of interest. Information about parent ion properties, such as predicted
adducts and isotope patterns were added to create files compatible with downstream analysis
techniques (.ms 1TS40 instrument data format or .mgf Mascot generic format)
(Supplementary Information Tab. 6-16).

Based on this data, we created fragmentation trees with SIRIUS 4.0.1 (https://
bio.informatik.unijena.de/software/sirius/ 7> 76) and compared MS/MS spectra to public
databases using the SIRIUS included CSI:FingerID tool”” and the Global Natural Products
Social Molecular Networking platform?8 (GNPS, https://gnps.ucsd.edu/ProteoSAFe/static/
gnps-splash.jsp) as well as databases PubChem®? and MONA (https:/
mona.fiehnlab.ucdavis.edu/). Identical structures found in different LC-Methods or
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ionization modes were grouped under the name of the lower-number crid. These are 1168
(365), 1227 (380) and 1199 (383).

Extended Data
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Extended Data Figure 1. Phenotype of Arabidopsisinoculated with the 39 bacterial strains.
Representative phenotypes of 3-week-old Arabidopsis wild type plants (Col-0), 9 days after

inoculation with individual bacterial strains.
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and replicate number. Data from five independent biological replicates (R1-R5), each

representing 18-24 plants.
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Extended Data Figure 3. Correlation between phyllosphere colonization and host response

intensity.

a-c, Linear regression of cfu*gfw ™1 against nDEGs or nDAMs and nDEGs against nDAMs
in the respective conditions. Axis scaled to log10 for improved readability. Dots are
annotated by the strain used in the treatment. Colors represent bacterial phyla/class
analogous to Fig. S2. Coefficients of variation from the linear regression (#4) value and
Spearman’s ranked correlation values (o) are provided. Data from five independent
biological replicates, each representing 18-24 plants.
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Extended Data Figure 4. Hierarchy heat-map of DAMs.
Sorted heat-maps of total DAMs (log2FC < 1, FDR < 0.05). Conditions were sorted by

strains causing the weakest to strongest host-response based on the number of DAMs (x-
axis, left to right) and amount of times a metabolite feature was differentially regulated from
most frequent to least frequent (y-axis, top to bottom). Top color bars indicate bacterial
phyla/classes analogous to Extended Data Fig. 2. Data from five independent biological
replicates, each representing 18-24 plants.
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Dataset: 134 perturbations  from data selection: ALmRNASeq_ARABI_GL-0

Showing 24 measure(s) of 24 gene(s) on selection:AT-0
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AT-00702 B. graminis {. sp. hordei (pen2-1 padd-1 sag101-2 MLA1-HA; K1; 18hpi) /Jl || 576 148 274 <0001
AT-00702 8. graminis f. sp. hordei (pen2-1 padd-1 sag101-2 MLAL-HA; K1; 18hpi) / 955 239 530 <0001
AT-00702 B. graminis f. sp. hordeipen2-1 padd-1 5ag101-2 MLAL-HA; A6; 24hpi) / 08 102 200 <0001
AT-00754 C. incanum (24dpi; low P) / untreated root samples ~(24d; sufficientP) a0 134 s <0001
AT-00754 C. tofieldiae(6dpi; low P) /low P (6d) [ 450 147 275 <0001
¥ Chemical
AT-00730 ozone (C24) /untreatedrosette samples (C24) 1755 439 n3 <000
AT-00729 ozone (coi1-16 ein2-1 sid2-1; experiment1) /untreated rosette samples ( = 2637 659 997 <0001
AT-00729 ozone (Col-0; experiment 1) / untreatedrosette samples (Col-0) | 1537 80 s934 <0001
AT-00729 ozone (Col-0; experiment2) /untreatedrosette samples (Col-0) 1388 a1 25 <000
AT-00730 ozone (CTLO01) /untreatedrosettesamples (CT101) 2136 sa6 an <o
AT-00730 ozone (Te-0) /untreatedrosettesamples (Te-0) | 2818 708 12954 <0001
AT-00729 ozone (tga2-1 tgas-1tga6-1; experiment 2) /untreated rosette samples (¢l =- 1647 a2 1848 <0001
AT-00756 0zone (wrky25-1 wrky33-1) /untreated rosette samples  (wrky25-1 wrky: 1599 400 1700 <0001
o K ) | 1463 an 291 <0001
AT-00705 + (col-0) / 1-0) 527 231 a3 ooos
¥ Hormone
AT-00735 ABA (Col) /mock treatedseedling samples (Col) [ ] 376 125 241 <0.001
AT-00735 ABA (ros1-3) /mock treatedseedling samples (ros1-3) = | 478 159 296 <0.001
AT-00735 ABA (ros1-4) /mock treatedseedling samples (ros1-4) [ || 677 181 353 <0.001
¥ Nutrient

AT-00754 low P (6d) / untreated rootsamples  (6d; sufficientP) a2 110 214 <0001
AT-00754 low P (16d) / untreated rootsamples  (16d; sufficientP) 5.06 130 246 <0.001
AT-00754 low P (24d) / untreated rootsamples ~ (24d; sufficientP) 606 152 285 <0001

¥ Photoperiod

AT-00711 long day (Col-0; ZT2) / continuous light (Col-0) 206 096 208 o007
AT-00711 long day (Col-0; ZT6) / continuous light (Col-0) 567 142 267 <000
AT-00711 long day (Col-0; ZT10) / continuous light(Col-0) 510 127 242 <000
AT-00711 long day (Col-0; ZT14) / continuous light (Col-0) 408 101 200 <000
AT-00711  long day (Ink1-1 Ink2-1;210) / continuous light (Ink1-1 Ink2-1) a2 116 221 <0001
AT-00725 shiftSD to darkness ~(ivd1-2; 48h) /short day (ivd1-2;35d) 303 148 279 0009

¥ stress
AT-00751 heat (6h) /untreated rosette samples 703 251 570 o002
AT-00751 shiftheat to 21°C _(6h; 48h) /heat (6h) 563 218 ass 0003

¥ Temperature
AT-00714 shift28°C to19°C(355:RPSA-HS; 4h) /28°C (355:RPSA-HS) 2909 227 15772 <0001

createdwithGENEVESTIGATOR

b

Dataset: 34 perturbations from data selection: AT_AFFY_ATH1-1

Showing 23 measure(s) of 24 gene(s) on selection: AT-0

Logz-ratio
25 20 s 0 0s 00 0s 10 15 20 25
Down.regulated Up-regulated

£83 = § £ 3 F 260492 perturbagons fulited the fitercrteria
883 B3 F 887
iae T o 4 L o Fiervalues forselected measure(s)
Arabidopsis thaliana (26 38§ ] 8885
el 3 83888 115 | 0.001
E ; E E E E E E Pi-score Log2-ratio Fold-Change  p-value
¥ Bioge
AT-00661 A. brassicicola study 2 (Col-0) /mock treatedleaf samples (Col-0) 19.44 4.86 28.94 <0.001
AT-00146 G. orontii(120h) /mock treated Col-0 leafsamples (120h) 11.09 277 6.89 <0.001
AT-00614 G. orontiistudy 6 (Col-0) / untreated rosette leaf samples (Col-0) 10.88 272 6.68 <0.001
AT-00614 G. orontiistudy 6 (Col-0) / untreated rosette leaf samples (Col-0) 108 270 651 <oom
AT-00108 P. infestans (6h) / mock treatedleaf samples (6h) 18.43 461 24.34 <0.001
AT-00108 P. infestans (12h) / mock treated leaf samples (12h) 518 155 295 <0.001
AT-00106 P. syringae pv. phaseolicola (2h) /mock inoculated leaf samples (2h) 757 220 459 <0.001
AT-00106 P. syringae pv. tomato(DC3000 hrcC-) / mock inoculatedleaf samples 12 7.55 215 4.40 <0.001
AT-00202 P. syringae pv. tomatostudy 9 (DC3118 Cor-hrpS) /P. syringae pv. mmz 12.49 332 1021 <0.001
AT-00202 P. syringae pv. tomatostudy 10 (DC3000 hrpA) /P. ~syringae pv. wmaws. 137 an w2 <000
AT-00681 S. 2 (Col-0) / mock samples (Cc| 20.82 5.20 36.95 <0.001
¥ Chemical
AT-00532 (24h) /mock treat ples  (24h) azs 128 243 <000
AT-00495 ozone study 2 (Col-0) /fresh air treatedleaf samples (Col-0) 15.17 385 14.74 <0.001
AT-00532 primisulfuron-methyl(24h) / mock treated leaf samples (24h) 6.82 2.08 4.25 <0.001
AT-00325 syringolin study 3 (late) /solvent treated leaf samples _(Col-0; late) 2003 sou 216 <000
¥ Elicitor
AT-00107 FLG22 (1h) /H20 treatedleafsamples (1h) 16.94 423 19.36 <0.001
AT-00391 FLG22 study (Ler) /FLG22 study8 (1h) 1626 s0n 321 <000
AT-00107GST-NPP1 (1h)/GST (1h 1047 390 1539 <0001
AT-00107 HrpZ (1h) /H20 treatedleaf samples (1h) 17.20 430 19.73 <0.001

¥ Light intensity

AT-00682 low light + DBMIB  (2h) /low light study 4 (6h) EEEEEEEEEEEEEEEEEEEEEEE 087 18 <000

¥ Nutrient

AT-00154 _low nitrogen /high nitrogen treated rosette samples IEEEEEEEEEEEEEEEEEEEEEE o un a1 <0001

¥ stress
AT-00120 osmotic (early) /untreated green tissue samples (early) | | [ 1] [ 1] 856 285 1041 <0.001
AT-00120 osmotic (late) /untreated green tissue samples _(late) [ ] ] s 175 a2 <oom

createdwithGENEVESTIGATOR

Extended Data Figure 5. Genevestigator analysis of GNSR genes.
Selected query results for GNSR genes in Genevestigator category “Perturbations’. Names

adjusted to match names used in this study a, Results for mRNA seq datasets from various
experiments (JFC| > 2, p-value < 0.01)) for biotic, chemical, hormonal, nutritional,
photoperiod, temperature or other abiotic perturbations. b, Results for microarray datasets
from various experiments (|[FC| > 1.5, p-value < 0.001) for biotic, chemical, elicitor, light
intensity, nutritional and other abiotic stress perturbations.
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All p-values were computed by two-sided t-test implemented in limma (for micro-array
data) and by Voom’s algorithm (two-sided) for RNAseq data and are adjusted by Benjamini-
Hochberg in order to compute the threshold under which the p-values are considered
sufficiently small?2 (https://genevestigator.com/userdocs/manual/
GENEVESTIGATOR_UserManual.pdf).

3 o > s, > & S

Nucleus N SR "9'\‘;? o SQ; &2
Cytosol \clﬁ 'g‘q? LN ;& ‘9#\ D,

o ER N &3 §5§ &5 ¢35 §¢

S ST 2§ 85 s& §8

@ Extracellular S 55 o8 a?QSQ 38 §

Gene ID Name > e s & O8 o

AT1G02920 GSTF7 1.00

AT1G02930 GSTF6 1.00

AT1G21110 IGMT3 0.99

AT1G21120 IGMT2 0.99

AT1G26380 FOX1 099

AT1G26410 BBE6

AT1G26420 BBE7 099

AT1G35230 AGP5 1.00

AT1G64170 CHX16 0.62

AT1G65500 STMP6 11.00

AT1G76930 EXT4 1.00

AT2G19190 FRK1 0.84

AT2G25470 RLP21

AT2G30750 CYP71A12 099)

AT2G39200 MLO12 1.00

AT2G43620 1.00

AT3G46280 1.00

AT4G12490 AZI3 1.00

AT4G12500 AZIL 100

AT4G23140 CRK6 1.00

AT4G23220 CRK14 1.00

AT4G28420 SURIL 0.99

AT5G24110 WRKY30  (1.00

AT5G64120 PRX71 1.00

Extended Data Figure 6. Functional enrichment and subcellular location analysis.
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Analysis of subcellular locations using SUBA4 prediction scores (left, colored) and
summarized associated GO analysis of GNSR genes based on AgriGO2 functional
enrichment (right, grey).
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Extended Data Figure 7. Tryptophan-derived secondary metabolism in Arabidopsis.
Simplified version of the TDSM with the three main branches, important intermediates and

enzymes. GNSR genes are highlighted in green, genes homologous to GNSR genes are
highlighted in yellow.
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Extended Data Figure 8. Tar geted metabolomics on the cyp71al2 mutant.
Heat-map of log2-transformed metabolite fold-changes in the cyp71a12 mutant against the

respective wild-type conditions. Only changes in 349, 365 and 383 are significant (two-sided
ttest, Benjamini-Hochberg adjusted p-value < 0.05). Data from ten technical replicates,
each representing 1 plant.

cyp71a12 - Burkholderia Leaf177
cyp71al12 - Arthrobacter Leaf137
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Cell-numbers of naAve
soil bacteria

Extended Data Figure 9. Phyllosphere colonization by bacteria native to the potting soil used in
this experiment.

a, Median cfu*gfw~1 with 95% confidence interval of 30 different plants (n = 30) in one
experiment. b, Representative picture of bacterial colonies extracted from leaves, grown on
R2-A agar with 0.5% (v/v) methanol and supplemented with cycloheximide to prevent
fungal growth.
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Extended Data Figure 10. Gene expression correlation of GNSR and transcription factor
encoding genes.

Network graph showing significant, positive correlations (Spearman correlation, p = 0.85,
best two correlations) between GNSR genes and transcription factors of the defense
associated MYB and WRKY families. GNSR genes are displayed in red, transcription factor
genes in blue. WRKY30 in yellow as it is both a GNSR and a transcription factor gene.
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data are provided with this paper. Code availability The code used in the analysis of the data
can be found in the following repositories. The scripts for RNA-seq raw data analysis
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according to the standard operating procedure of the (FGCZ) is availible at their GitHub
repository: https://github.com/uzh/ezRun. The code used for Mmetabolomics raw data
analysis based on the in-house pipeline can be found at: https://gitlab.ethz.ch/emzed2-plant-
metabolomics-workflows. The scripts for all major downstream Downstream data
processing/figure generation are available at the projects GitLab repository: https://
gitlab.ethz.ch/emzed2-plant-metabolomics-workflows.
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Figure 1. Magnitude of the Arabidopsis response to bacterial colonization at the transcriptional

and metabolic levels.
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indicates the bacterial phyla/classes. Data represents results from five independent biological
replicates (n=5). ¢, Frequency of the 25 genes most consistently detected among the 20 most
differentially regulated genes across all conditions (based on log2FC). Color code indicates
GNSR affiliation. d, Results of linear regressions (adjusted R? value) of individual log2-
transformed gene fold changes against log2-transformed nDEGs. Color code indicates
GNSR affiliation e, Exemplary results of linear regressions with regression line, formula and
95% confidence intervals (grey bands) for the five most highly predictive GNSR genes for
overall number of DEGs across all treatments.
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a, Correlation network of GNSR genes (red) with metabolites (black). Edges signify the top
2 positive correlations (Spearman’s ranked correlation, p > 0.85, p-value < 0.01, p-value
adjustment: Benjamini-Hochberg) between the log2-transformed normalized count data
against the log2-transformed normalized peak area for each independent biological replicate

(n =5). b-c, Heat-map showing significant changes (log2FC > 1, FDR < 0.05) of

compounds (as crids) against wild-type (Col-0) control plants within the dataset (n =5
independent biological replicates). Strains clustered by Ward’s method. Strain phylogeny is

Nat Plants. Author manuscript; available in PMC 2021 November 17.

Leafd8
Leaf434
Leaf131



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Maier et al.

Page 33

depicted by top color bar. (b) depicts GNSR associated compounds, (c) shows the most
abundant compounds in the entire data set, with GNSR associated compounds marked
orange (y-axis) d, Heat-map of log2-transformed fold changes of metabolite abundances in
GNSR gene mutants inoculated with Arthrobacter eaf137 against equally treated wild-type
plants. (n = 10 technical replicates of 3 plants). For each crid, either the compound name or
the predicted molecular formula is provided.

Nat Plants. Author manuscript; available in PMC 2021 November 17.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Maier et al. Page 34
a b
8
fo )
]
12- *:; ©
: g2 T 28 ¢ 8 5
b > > > [} 2 =
1] & R & o o ©
© - R 0 <
'. 9 dkk ek dkk hiuid il —
KA 3
.5':' o = H
fe o S *x " Col-0 bak1/bkk1
G 2 ] .
< - o0
*ehe = oo . ¢ 1)
10— Ky e isg . oo
g ® ., ‘.::. > ...o
: . e%e0 o,3,° -o.o:' :::
- ro 8 R M R
ID') . . ;.: .3;. .iz. E:
.g ,:;f. o M, o bbe6 mlo12
5 | Bt [
32 BN B B
2 “’ﬂ:t" dagtet e
8- :E::E H .:’ .o' ..-
: e chx16 gstfé6
o n=72 n=72 n=36 n=48 n=48 n=48 n=72 n=60 n=60 n=36 n=72
0 1 1 1 1 1 1 1 1 1 1 1
T X 8 ELTER SR
X 0O 5 & X @& © ® X cyp71al2 prx71
Q Q = (@)} S (o)} ™ My Q.
= E = [&) < N
X > &
© N o
= ®

Figure 4. Disease susceptibility phenotypes of GNSR mutants.
a, Cell numbers (cfu*gfw™1) of Pst on GNSR gene mutant plant lines. Data combined from

at least three independent experiments. Number of data points is indicated in each bar (each
experiment: n = 12). Bars depict median with 95 % confidence interval. Significance against
the infected wild-type control (Col-0) is indicated above the bars by asterisks. Displayed p-
values derive from the summary statistic of R’s linear model (Pearson’s correlation, batch
adjusted) of mutant genotypes against the respective control (see Methods) and were
adjusted by Bonferroni correction of p-values (*: adj. p-value < 0.01, **: adj. p-value < 0.01,
***: p-value < 0.001.) b, Representative plant phenotypes 7 days after infection with Pst.
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