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Abstract
Background

Although it is well established that plant metabolomes mediate microbiome assembly, the question of
how metabolome-microbiome interactions may prevent pathogen invasion remains to be answered. To
address this question, we studied microbiome and metabolome pro�les of two Arabidopsis thaliana
accessions, Columbia-0 (Col-0) and Landsberg erecta (Ler-0) with differential resistance pro�les to the
fungal pathogen Fusarium oxysporum f.sp. mathioli (FOM). We used amplicon sequencing to
characterize bacterial (16S) and fungal (ITS2) communities, and we used targeted metabolite analysis
across 5 stages of FOM host progression.

Results

We found that microbiome and metabolome pro�les were markedly altered in FOM-inoculated and non-
inoculated samples of resistant Col-0 and susceptible Ler-0. Co-occurrence network analysis revealed
robust microbial networks in the resistant Col-0 compared to the susceptible Ler-0, during FOM infection.
Speci�c metabolites and microbial OTUs (including indicator and hub OTUs) correlated in both non-
inoculated and inoculated Col-0 and Ler-0. The glucosinolates 4-hydroxyglucobrassicin,
neoglucobrassicin and indole-3 carbinol, but also phenolic compounds were active in structuring the A.
thaliana-microbiome.

Conclusions

Our results highlight the interactive effects of host resistance and its associated microbiota on Fusarium
infection and progression. These �ndings shed signi�cant insights into plant inter-omics dynamics
during pathogen invasion and could possibly facilitate the exploitation of microbiomes for plant disease
control. 

Background
Plant-microbe interactions are of great agronomic importance due to their bene�cial or detrimental
effects on plant growth and productivity. For an improved holistic understanding of these interactions,
many recent studies have attempted to unravel the complex interactions occurring between plants and
their associated microbiota. Together with environmental factors, plant host traits including host-
synthesized metabolites mediate the assembly of the plant microbiota [1, 2]. Those metabolites serve as
a carbon and energy source, or as chemical signaling molecules that ultimately mediate plant-microbe
interactions [3].

Strong evidence already exists on how plant metabolites affect host-associated microbiomes [4–6], and
coumarins, �avonoids, glucosinolates, benzoxazinoids and phytohormones such as salicylic acid (SA),
jasmonic acid (JA), and ethylene play profound roles in modulating the microbiomes [5, 7–10]. During
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pathogen invasion, host metabolic recon�guration mostly follows immune signaling events triggered by
the detection of pathogenic signatures [11]. For instance, changes in the metabolome, including phenolic
and indolic compounds, were observed in the leaves of Arabidopsis thaliana (hereafter, Arabidopsis) after
infection with Pseudomonas syringae [12], and changes in the rhizosphere microbiomes were triggered
by alterations in plant exudation patterns [13]. In another study, the fungal pathogen Zymoseptoria tritici
caused systemic shifts in the wheat metabolome followed by changes in the microbiome composition
[14].

The composition and diversity of the host-associated microbiota determine community invasion
resistance [15]. Highly complex and diverse microbial communities are characterized by a web of
cooperative and antagonistic interactions among microbial members [16, 17] that have been shown to be
more resistant to pathogenic perturbations [18, 19]. The host-associated microbiota suppresses fungal or
bacterial pathogen invasion by directly antagonizing pathogens or through the activation of host
resistance mechanisms such as physical barriers, the innate immune system, salicylate-mediated
systemic acquired resistance, induced systemic resistance and defense compounds [20, 21]. Because
resistance to pathogen infection is likely a combination of plant and microbiota traits, it is equally
important to gain insights into microbial community responses to pathogen invasion. Ecological network
analyses of plant-associated microbiomes have been used to explore microbial community dynamics
and to predict outcomes of pathogen invasion [22], and network metrics are used to explain the
mechanisms of persistence and stability of microbial communities [15, 23]. For example, Wei et al.,
(2015)[23] studied resource competition networks and showed that bacterial community networks having
low nestedness and high connectance reduced invasion success and growth of the pathogen Ralstonia
solanacearum in tomato roots. Moreover, network analysis has been used to highlight ecologically
important microorganisms such as indicator species or hub members in microbial communities [17, 22,
24, 25]. For instance, hub species acting as keystone species have, by de�nition, many network
connections, and their removal destabilizes the overall network structure [24] and thus affect community
resilience to pathogen perturbations.

Novel plant-mediated avenues for designing pathogen-resilient plant microbiomes require in-depth
knowledge of the dynamic interactions occurring between the complex metabolic and microbial
communities. However, studies deciphering links between soil-borne fungal pathogens, the microbiota,
and plant-metabolites are limited.

The Arabidopsis ecotypes Col-0 and Ler-0 have differential resistance responses to pathogenic species in
the fungal genus Fusarium [26–29]. The RESISTANCE TO FUSARIUM OXYSPORUM (RFO) locus found in
Col-0 confers resistance to a broad spectrum of Fusarium oxysporum races in Arabidopsis [26, 30]. We
hypothesized that disease severity would be affected not only by the RFO gene but also by modulation of
the microbiome. We further predicted that a successful FOM infection would result in more dramatic
global shifts in the microbiome and metabolome of the susceptible Ler-0 than in the resistant Col-0. The
objectives of our study were to (i) understand how FOM in�uences root-associated microbial community
structures and Arabidopsis metabolite pro�les, (ii) examine the inter-omics dynamics during FOM
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infection in the two Arabidopsis accessions, and (iii) assess microbiome-metabolome associations
occurring in the inoculated and non-inoculated Col-0 and Ler-0 lines. We studied omics pro�les in a time
series of Fusarium oxysporum f.sp. mathioli (FOM) infection in the resistant Col-0 and the susceptible
Ler-0 accessions (Fig. 1A).

Results

FOM colonizes the susceptible Ler-0 faster than the
resistant Col-0
The most remarkable symptoms of wilting were observed in Ler-0, and for both accessions, symptoms
were strongest at 25 DAI. Symptoms of wilting disease were likewise observed in non-inoculated Ler-0.
(Fig. 1A). qPCR con�rmed that F. oxysporum DNA amounts were highest in inoculated plants and that F.
oxysporum DNA levels were lower in the FOM-resistant Col-0. F. oxysporum DNA was detected at low
levels in the non-inoculated plants, most likely due to the presence of F. oxysporum in the soil used for the
experiments. F. oxysporum DNA levels increased at a slower rate in Col-0 and declined at 25 DAI (Fig. 1B).

Microbiome structures
We characterized Col-0 and Ler-0 root-associated microbiomes during FOM progression. We obtained a
total of 2,138,612 bacterial sequence reads (range 1,420–72,161; median 16,985 per sample) resulting in
8359 operational taxonomic units for bacteria (bOTUs). Fungal community pro�ling yielded 2,995,948
reads (range 11,192–37,255; median 18,122 per sample) resulting in 438 fungal OTUs (fOTUs)
(Additional �le 1: Figure S2-4, Table S2). Relative abundances at class and genus levels for bacteria and
fungi, respectively are shown (Additional �le 1: Figure S3A,B). Fungal reads from pathogen-inoculated
samples were, not surprisingly, dominated by Fusarium (fOTU1 identi�ed as FOM), as also supported by
qPCR (Additional �le 1: Figure S3C,D), and the appearance of symptoms.

Next, we assessed the impact of DAI, host genotype, and FOM treatment on bacterial and fungal
community structures. Bacterial alpha diversity was generally lower in infected samples (Additional �le 1:
Figure S4A). Bacterial and fungal communities showed distinct clustering across the different DAIs in
PCoA plots according to genotype and FOM inoculation (Fig. 1C and Additional �le 1: Figure S4B).
Bacterial communities were clearly separated based on FOM treatment in Ler-0 at early DAIs but became
indistinguishable at later stages. A permutational multivariate analysis of variance (PERMANOVA)
showed that in the whole dataset, DAI had the highest effect on bacterial communities (Adonis; R2 = 0.17,
P < 0.001, Table 1), while FOM treatment, not surprisingly, explained the highest variation on the fungal
communities (Adonis; R2 = 0.37, P < 0.001, Table 1). By sub-setting datasets, DAI was having a stronger
effect on bacterial communities (Adonis; R2 = 0.42, P < 0.001, Additional �le 1: Table S3) in the inoculated
Col-0, and on fungal communities (Adonis; R2 = 0.59, P < 0.001, Additional �le 1: Table S3) in the
inoculated Ler-0. Using datasets partitioned for individual DAIs revealed the strongest effect of FOM
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treatment at 5 and 10 DAI (Table 1). The effect of FOM treatment diminished with time, whereas
genotype effects generally increased with DAI (Table 1).

FOM infection and host resistance affect OTU dynamics
To obtain an overview of microbial relative abundances in the treatments, we performed a heatmap
visualization of the 50 most abundant bacterial and fungal OTUs (Additional �le 1: Figure S5A,B). In the
bacterial dataset, we found notable enrichment of bOTU6 belonging to Rhizobium and bOTU10 assigned
to the genus Pseudomonas protegens in inoculated samples (Additional �le 1: Figure S5C). Likewise, a
differential abundance analysis revealed distinct microbial enrichment between genotypes and
treatments. Pedobacter (bOTU248) and Flavobacterium (bOTU248) were strongly enriched in Col-0 and
Ler-0, respectively. Similarly, the fungal taxa Cladosporium, Colletotrichum and Fusarium were enriched in
Ler-0, while Dothidiomycetes were enriched in Col-0 (Additional �le 1: Figure S6, Table S4). The bacterial
OTUs including Stenotrophomonas (bOTU94), Delftia (bOTU65), Pseudomonas (bOTU10) and Rhizobium
(bOTU6) were the most highly enriched in inoculated samples of both genotypes. Uliginosibacterium
(bOTU765) and Luteolibacter (bOTU375) were highly enriched in non-inoculated Col-0, while
Deltaproteobacteria (bOTU849) was strongly enriched in non-inoculated Ler-0. Fusarium (fOTU1) was
enriched in inoculated samples of both genotypes (Additional �le 1: Figure S6, Table S4).

Indicator species analysis identi�ed the highest number of indicator bOTUs in Col-0, and in the non-
inoculated samples, while the lowest number of indicator fOTUs was found in non-inoculated Col-0,
(Table 2 and Additional �le 1: Figure S5). Most of the indicator OTUs belonged to the bacterial phyla
Proteobacteria and Actinobacteria and the fungal phylum Sordariomycetes. We assessed the dynamics
of these taxa across different DAIs and found distinct patterns of enrichment of indicator OTUs,
particularly bOTUs (Fig. 2A,B, Additional �le 1: Table S5). In Col-0, indicator bOTUs were most actively
recruited at 25 DAI, both in inoculated and non-inoculated roots, while indicator bOTU enrichment in Ler-0
was monotonous. The dominant indicator bOTUs in both Col-0 and Ler-0 belonged to Delta/Gamma-
proteobacteria and Planctomycetes. bOTU10 (P. protegens) was the most abundant indicator in
inoculated Col-0 and Ler-0, while indbOTU 61 (Duganella) and indbOTU 6 (Rhizobium) were depleted in
inoculated Col-0 and Ler-0, respectively (Additional �le 1: Table S5). Indicator fOTU enrichment showed
weaker, albeit similar, patterns, with recruitment peaking at 25 DAI in Col-0, while uniform across DAI in
Ler-0 (Fig. 2C,D, Additional �le 1: Table S5).

Bacterial networks are stronger in the resistant Col-0, and
breaks down in the susceptible Ler-0 after FOM inoculation
Co-occurrence networks visualized microbial co-occurrences and highlighted indicator OTUs in the overall
OTU networks (Fig. 3, Additional �le 1: Table S6). Network robustness determined by node degrees was
higher in non-inoculated networks (Col-0: 8.49; Ler-0: 7.24) than in inoculated networks (Col-0: 7.06; Ler-0:
5.02). Communities in non-inoculated samples had more nodes and edges, while inoculated Ler-0 had
highest numbers of negative edges (Fig. 3). Networks of Col-0 had a large core microbial cluster with
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most of the indicator bOTUs found within this cluster (Fig. 3A,B). In contrast, Ler-0 networks were less
dense and had smaller microbial clusters especially in inoculated samples. Indicator fOTUs were mostly
located outside the main clusters, particularly in inoculated samples (Fig. 3C,D).

We found both positive and negative inter-kingdom correlations between bacteria and fungi, whereas all
fungal-fungal correlations were positive (Additional �le 1: Table S6). The number of positive bacteria-
bacteria co-occurrences were notably smaller in inoculated Ler-0. A higher number of positive co-
occurrences were observed in inoculated (1064) than in non-inoculated (558) networks of Ler-0. Similarly,
a higher number of positive bacterial-fungal co-occurrences were observed in Col-0 non-inoculated and in
Ler-0 inoculated. The number of negative bacterial-bacterial co-occurrences were higher in Col-0 non-
inoculated (378) than in inoculated (129) and Ler-0 inoculated (262) compared to non-inoculated (48). In
contrast, the highest number of negatively correlated bacterial-fungal OTUs were found in Col-0
inoculated (41) and Ler-0 non-inoculated (94) (Additional �le 1: Table S6).

Hub nodes in microbial networks represent species having the highest numbers of connections to other
species. The number of hub OTUs (5 % OTUs having the most connections) were highest in the networks
of non-inoculated samples. (Fig. 3, Additional �le 1: Table S6). A distinct number of OTUs serving as both
indicators and hubs were identi�ed in the inoculated and non-inoculated genotypes, with the highest (25)
and lowest (7) numbers detected in inoculated and non-inoculated networks of Col-0, respectively
(Additional �le 1: Table S6). The highest number (11) of hub fOTUs was detected in inoculated Ler-0
networks. Finally, we identi�ed a higher number of negatively correlating bOTUs and fOTU1 (FOM)
(Spearman’s rho > 0.05, p < 0.05) in non-inoculated Ler-0 samples. The bOTUs that correlated negatively
with fOTU1 mostly belonged to Proteobacteria, Actinobacteria, and Planctomycetes in Ler-0 (Additional
�le 1: Table S7).

FOM infection alters metabolite pro�les in Arabidopsis
We pro�led 34 root metabolites (Additional �le 1: Table S8) and OPLS-DA results showed increasingly
distinct clustering of the treatment groups across time (Fig. 4). For instance, FOM inoculation did not
notably affect Col-0 metabolites at early time points but formed separate clusters later (Fig. 4A). A
heatmap shows signi�cant differences in metabolite concentrations in the samples (Fig. 4B).

Ler-0 and Col-0 varied in their glucosinolate (GLS) content and after FOM inoculation. Almost 98% of the
total GLS detected in Ler-0 were indolic GLSs (iGLS), whereas Col-0 contained higher concentrations of
aliphatic GLSs (aGLS) (10 to 30% of the total GLS) (Fig. 4B, Additional �le 1: Table S8). FOM inoculation
of Col-0 increased levels of glucoraphanin, sulforaphane, glucoerucin, and glucoiberin in roots at 5 DAI
(approximately 4-fold increases) as well as at 25 DAI (4, 10, and 3.5-fold increases, respectively) (Fig. 4B,
Additional �le 1: Table S8). In contrast, concentrations of these compounds were not signi�cantly
different among the different treatments in Ler-0 (Fig. 4B, Additional �le 1: Table S8). These results
suggest that co-accumulation of structurally related aGLS in Col-0 could play a critical role in limiting
FOM infection.
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In Col-0-inoculated roots, neoglucobrassicin and 4-hydroxyglucobrassicin concentrations increased 2-3-
fold at the early stage of infection (5 DAI), while levels of glucobrassicin, 4-methoxyglucobrassicin and 4-
hydroxyglucobrassicin decreased at 15 DAI (approximately 2-fold). A signi�cant increment in the levels of
several indole glucosinolates occurred in Ler-0 inoculated roots at 10 DAI (Fig. 4B, Additional �le 1: Table
S8). Camalexin was present in both genotypes at all time points. However, an increase in concentrations
in response to FOM inoculation occurred at a much greater extent in Ler-0 roots, especially at 10 DAI (8-
fold), 20 (2.5-fold), and 25 DAI (4-fold) (Fig. 4B, Additional �le 1: Tables S8). Among the quanti�ed
lignans and lignan precursors, sinapaldehyde, sinapyl alcohol, and pinoresinol diglucoside showed an
increase in inoculated Ler-0 roots at 15 DAI, while sinapaldehyde, sinapyl alcohol, pinoresinol diglucoside,
lariciresinol, and pinoresinol decreased at 20 DAI. By contrast, the concentrations of coumaric acid,
sinapaldehyde, coniferyl aldehyde, and syringin increased in inoculated Col-0 at 20 DAI. Among the
hormones detected, a signi�cant increase (2.5-fold) in the concentration of abscisic acid in Col-0 occurred
at the early stages of infection (5 DAI). In addition, the level of SA decreased signi�cantly in roots of
inoculated Ler-0 at the later stages (25 DAI).

Distinct metabolite-OTU correlations in FOM resistant and
susceptible Arabidopsis
We examined and visualized potential microbial-metabolite correlations in heatmaps (Fig. 5, Additional
�le 1: Table S9). Coniferyl alcohol, glucoiberin, indole-3-acetic acid, scopolin, sinapic acid, sinapyl alcohol,
and sulforaphane were correlating with bOTUs exclusively in Ler-0, while 4-hydroxyglucobrassicin,
abscisic acid, ferulic acid, glucobrassicin, neoglucobrassicin, and vanillic acid correlated with bOTUs in
Col-0. Similarly, aesculetin, fraxin, glucobrassicin, and lariciresinol correlated with a number of fOTUs in
Col-0, while several other metabolites, such as cinnamic acid, camalexin, indole-3-carbinol, sulforaphane,
sinapyl alcohol, and coniferyl alcohol, correlated with fOTUs in Ler-0 (Fig. 5B, Additional �le 1: Table S9).
In the Col-0 dataset, vanilic acid and 4-methyoxyglucobrassicin were positively correlating with several
OTUs (Fig. 5A, Additional �le 1: Table S9). In Ler-0, cinnamic acid, glucoerucin, indole-3-carbinol, SA,
sinapyl alcohol, and sulforaphane had the highest numbers of correlations with bOTUs (Fig. 5B,
Additional �le 1: Table S9). A higher number of negative metabolite-fOTU correlations were identi�ed in
Col-0 and neoglucobrassicin, glucoraphanin, SA and ferulic acid negatively correlated with fOTUs in both
Col-0 and Ler-0. (Fig. 5B, Additional �le 1: Table S9). Neoglucobrassicin and scopolin correlated positively
and negatively with fOTU1 (FOM) in Col-0 and Ler-0, respectively (Additional �le 1: Table S10).

Three of the bOTUs that negatively correlated with fOTU1 showed positive correlations with metabolites
in non-inoculated Ler-0. While both bOTU11and bOTU39 were assigned to the genus Massilia, bOTU11
positively correlated with 4-hydroxyglucobrassicin and glucobrassicin, while bOTU39 positively correlated
with syringin. Moreover, bOTU27 belonging to the family Methyloligellaceae positively correlated with
cinnamic acid.
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Speci�c metabolites affect overall community diversity and
distinctively associate with major microbiota members of
resistant and susceptible Arabidopsis
We found that 4-methoxyglucobrassicin, indole-3 carbinol, syringin and glucobrassicin had the strongest
effects on bacterial communities, each explaining app. 2–4 % of the variation (Fig. 6A). Similarly,
neoglucobrassicin, camalexin, and coumaric acid had the strongest effects on fungal communities
explaining 4–6 % of the variation, respectively (Fig. 6B).

We postulate that OTUs acting as both indicators and keystone OTUs would have the strongest in�uence
on microbiome structure. We thus examined whether indicator/keystone OTUs were affected by speci�c
metabolites and found that some OTUs correlated with metabolites including several of the metabolites
that had the strongest general effects on microbial community structures (Fig. 6C,D, Additional �le 1:
Table S11). For example, 4-methoxyglucobrassicin had mostly positive correlations with indicator
b/fOTUs (Fig. 6C, Additional �le 1: Table S11), and the hubOTUs fOTU35 (Ascomycota) and fOTU48
(Clavicipitaceae) in inoculated Col-0 (Fig. 6D, Additional �le 1: Table S11), while neoglucobrassicin
negatively correlated with indicator fOTUs assigned to Sordariomycetes (Fig. 6C, Additional �le 1: Table
S11). Similarly, indole-3-carbinol positively correlated with several indicator and hubOTUs: for example,
bOTU281 (Paenibacillus), bOTU12 (Nocardioides), bOTU4664 (Xanthobacteraceae), and bOTU27
(Methyloligellaceae), in infected Ler-0 (Fig. 6D, Additional �le 1: Table S11). Surprisingly, camalexin did
not associate with indicator b/fOTUs or hubOTUs, although it had notable effects on fungal
communities. Strikingly, metabolite and hubOTU correlations were all negative in the inoculated while
positive in the non-inoculated Ler-0.

We found 17 OTUs acting as both indicator and keystone OTUs correlating with metabolites. Indole-3-
acetic acid and sinapic acid negatively correlated with indicator/hub bOTU14 (Saccharimonadales) and
bOTU70, respectively (Additional �le 1: Table S11). Indole-3-carbinol correlated negatively with bOTU14
and positively with bOTU538 (Solirubrobacteraceae). SA correlated positively with bOTU24
(Gemmatimonadaceae) or negatively with bOTU61 (Duganella). Negative correlations between bOTU14
and indole-3-acetic acid and indole-3-carbinol were found in non-inoculated Col-0, while negative
correlations between SA and bOTU61, and sinapic acid and bOTU70 (Leptothrix) occurred in inoculated
Ler-0 (Additional �le 1: Table S11). Cinnamic acid correlated positively with bOTU24 and bOTU27
(Methyloligellaceae) and negatively with several indicator/hub OTUs such as bOTU4 (Streptomyces),
bOTU259, bOTU885 or bOTU70, while 4-Methoxyglucobrassicin positively correlated with fOTU35 and
fOTU48. Indole-3-acetic acid and indole-3-carbinol correlated with several of the indicator/hub OTUs.

Discussion
The dynamic nature of pathogen invasion of plant tissues and the onset of changes in plant metabolic
pro�les require a time series approach to critically analyze inter-omics relationships [31–33]. By following
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FOM progression over time, we tracked the orchestration of metabolites and root-associated microbiome
assembly in two genotypes of Arabidopsis with different FOM susceptibilities.

Microbiome pro�ling revealed that Col-0 and Ler-0 exhibited distinct microbial compositions in the
different FOM treatments across DAIs. The loss in bOTU richness in most inoculated samples could be a
direct effect of FOM niche displacement [34]. The signi�cant effects of DAI, genotype, and FOM on
bacterial and fungal beta diversities con�rm previous studies [35–37]. In both genotypes, the effect of
FOM inoculation on microbial communities was strongest at the early sampling times, which could be
attributed to high FOM densities. Genotype effects on microbial communities increased with DAI, as also
genotype x FOM treatment effects. Although the relative importance of genotype on microbial
communities has been observed to decline over time [38], our results showed the opposite, mostly in
bacterial communities. These genotype response trajectories on the microbiome could possibly be a
cause of the differences in disease resistances, as predicted.

Indicator species represent microbes that are mostly affected by treatments and could therefore be
important in host responses to FOM [39, 40]. The identi�ed indicator OTUs and their dynamics at different
DAIs revealed (i) a large diversity of the Arabidopsis root-associated microbiota that was distinctively
affected by the physiological status of the host, and (ii) a time-dependent assembly of microbial
communities as previously reported [35, 36, 41]. For example, Edward et al., (2018)[35] found a highly
dynamic host-associated microbiota in �eld grown rice, which was affected by host developmental stage
and plant age. Thirdly, our results demonstrated a genotype-speci�c assembly of microbiota [42]. Notably,
the enrichment of indicator bOTU10 assigned to Pseudomonas protegens in inoculated samples of both
genotypes suggest that Arabidopsis recruit microorganisms to enhance FOM resistance. P. protegens is a
well-known plant growth-promoting bacterium with broad-spectrum antifungal activity against
phytopathogens [43]. The genus Streptomyces was strongly enriched in Col-0. Streptomyces is known for
its unparalleled synthesis of antibiotics [44], and could thus contribute to FOM resistance [44, 45].
Moreover, the enrichment of more diverse indicator taxa in Col-0 at 25 DAI further supports distinct
genotype effects.

We assessed the overall robustness of Col-0 and Ler-0 microbial networks to FOM invasion. A
combination of network variables is best for explaining microbial community resilience and robustness
[15]. We found node degree, hub numbers, and link densities to be highest in Col-0, indicating robust
microbial communities. In contrast, connectance was higher in Ler-0, a result that corroborates earlier
studies where high connectance promoted Ralstonia solanacearum host colonization [23]. In our study,
all the measured properties were highest in the networks of non-inoculated Col-0 and Ler-0, suggesting a
network breakdown during FOM invasion. Node degree breakdown during FOM infection was higher
(30.7%) in the susceptible Ler-0 compared to Col-0 (16.8%). Altogether, these results support our initial
hypothesis of a stronger network resistance in Col-0 and that stronger networks are indicative of
pathogen-resilient microbial communities.
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We found both positive and negative intra- and inter-kingdom co-occurrences, except that we did not
identify any negative fungi-fungi co-occurrences, plausibly due to weaker antagonistic interactions
among fungi. These results support previous studies of cooperative and antagonistic microbial
interactions among microbial kingdoms [16, 22]. The differences in co-occurrence network structures
underscore the distinct interactions in inoculated and non-inoculated samples of Col-0 and Ler-0 and are
also essential in explaining aspects of host invasion resistance [15, 22]. The microbial networks further
highlighted how indicator species are affected during FOM invasion. Surprisingly, keystone species and
indicator species were mostly observed in the networks of the inoculated Col-0, and we speculate that
enrichment of these species could serve as an important factor in resilience towards pathogen invasion
[46]. Taken together, these results largely support the hypothesis of distinct microbiome structuring in
resistant and susceptible genotypes across different DAIs.

Surprisingly, we only found negative co-occurrences between fOTU1 and bOTUs, and these were observed
mostly in non-inoculated Ler-0. Among these bOTUs several belonged to Proteobacteria and
Actinobacteria, which are dominant taxa of the Arabidopsis microbiome [47]. In contrast to Col-0 (having
the RFO gene), Ler-0 could possibly be deploying other mechanisms to resist pathogens by recruiting
antagonistic microorganisms. This putative defense mechanism, however, was broken down by the
abrupt invasion caused by FOM inoculation. Similarly, Snelders et al., [48] demonstrated the ability of the
fungal pathogen Verticillium dahliae to manipulate tomato and cotton microbiomes by suppressing
antagonistic bacteria. The ability of FOM to cause this disruption could be explained by disturbance via
resource competition and secretion of antifungal compounds [16, 48].

Plant chemical compounds are strong modulators of microbial communities, and variations in their
diversity and quantities can be used to predict resistance pro�les of plants towards speci�c pathogens
[49]. We observed a clear separation of metabolites (in OPLS-DA) at individual DAIs and these coincided
with the marked assembly of host-associated microbiota, con�rming that metabolites have a regulatory
role in shaping the microbiome [5, 8]. Several metabolites were found in higher amounts in Ler-0, mostly
at 5 and10 DAI, that were induced in response to FOM infection. The observed differences in iGLS, aGLS,
camalexin, and phenylpropanoid concentrations in Col-0 and Ler-0 could contribute to the differential
resistances observed in the two genotypes. For example, aGLSs were induced at higher levels in
inoculated Col-0 compared to Ler-0 at 5 DAI, which could potentially affect microbial communities [7, 42].
aGLSs and their hydrolysis products have been reported to have higher effects on microorganisms
compared to iGLSs [50]. Thus, we further predict that the high aGLS content could inhibit FOM in Col-0.
We did not �nd any strong evidence of inhibitory effects on FOM of camalexin, which is in line with other
studies [51, 52].

Changes in concentrations of a number of phenolic compounds, including cinnamic acid, coumarins,
lignin precursors and lignans notably in the inoculated samples have been observed earlier [53, 54]. The
elevated concentrations of a number of these phenols (sinapyl aldehyde, syringin, sinapyl alcohol, and
coniferyl aldehyde) in infected samples support a previous study where soluble derivatives of the
phenylpropanoid pathway increased defense in an Arabidopsis-Verticillium longisporum interaction [53].
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The positive and negative correlations between metabolites and OTUs, including a number of indicator
and keystone members, support the selective effects of metabolites on speci�c microbial members of
root microbiomes [6–8, 33]. We further identi�ed metabolite-OTU correlations that uniquely occurred in
either Col-0 or Ler-0, underpinning the different resistances and recruitment of speci�c microbial taxa
[55–58]. For instance, the iGLSs glucobrassicin, neoglucobarassicin, and 4-hydroglucobrassicin
correlated with speci�c bOTUs in Col-0, while the aGLSs glucoiberin and sulforaphane correlated with
bOTUs in only Ler-0. Genotypic variation in chemical diversity affected fungal and bacterial communities
associated with plants [59]. Moreover, the observation that aGLS mostly correlated with bOTUs and iGLS
mostly correlated with fOTUs is indicative of differential effects of GLSs on microbial communities.
Similarly, phenolic compounds displayed genotype-speci�c relations as they were correlating with bOTUs
only in Ler-0, supporting previous studies in which phenolic compounds were found to selectively inhibit
F. oxysporum and Verticillium dahliae [33].

We found 4-methoxyglucobrassicin, indole-3-carbinol, and syringin had the strongest overall effects on
bacterial communities, while neoglucobrassicin, camalexin, and coumaric acid highly affected fungal
communities. Our �ndings consolidate these compounds as highly bioactive that could be of interest in
future studies. Moreover, the results suggest a dominant role of iGLSs on the Arabidopsis root microbiota.
GLS have been widely studied due to their well-known role in plant-microbe interactions, and Zeng et al.,
(2003)[60] reported 4-methoxyglucobrassicin as a growth stimulator of ectomycorrhizal fungi, while
indole-3-carbinol is known for its broad antimicrobial activity against bacteria and yeasts [61]. The iGLSs
4-methoxyglucobrassicin and indole-3-carbinol displayed strong positive correlations with speci�c OTUs,
while aGLSs, including glucoerucin, glucoraphanine, and sulforaphane, were strongly negatively
correlating with indicator taxa such as Gammaproteobacteria and Bacteroidia. These results suggest that
aGLSs display higher toxicity to major microbial members compared to iGLSs, as was also found in
previous studies where the effect of aGLSs on Alternaria brassicicola was stronger than the effect of
iGLSs [62]. The strong inhibition of microorganisms by aGLSs is attributed to degradation products such
as isothiocyanates, thiocyanates, oxazolidinethiones, and nitriles produced from enzymatic cleavage by
myrosinase [63–65].

Hub microbes are important for maintaining network structure and function [22]. Interestingly, all the
identi�ed hub OTUs were also indicator species in our analysis, rea�rming their importance in the
microbiome. Most of these indicator/hub OTUs were bOTUs and were mostly found in Ler-0, thus
corroborating our hypothesis that inter-omics interactions depend on both host genotype and host
infection status. The indicator/hub OTUs were affected negatively or positively by speci�c metabolites
and these were further observed to be physiologically dependent. Speci�cally, we observed unique
metabolite-indicator/hub OTU correlations, mostly positive in non-inoculated Ler-0 and negative in
inoculated Ler-0, suggesting that the host utilizes its metabolites to selectively recruit speci�c microbes
under different physiological conditions [66]. The indicator/hubs bOTU259 (Niastella) and bOTU538
(Solirubrobacteraceae) had mostly negative and positive correlations, respectively, with metabolites in
Ler-0. While Solirubrobacteraceae has been found to suppress common scab disease of potatoes [67],
the Niastella is reported to improve soil health and promote root growth [68, 69]. In non-inoculated Ler-0,
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the indicator/hub OTUs Paenibacillus (bOTU281), Nocardioides (bOTU12), Xanthobacteraceae
(bOTU4664), and Methyloligellaceae (bOTU27) exclusively correlated positively with metabolites.
Interestingly, these taxa are considered ecologically important, either involved in nitrogen �xation or
acting as antagonists against pathogens. For example, the plant growth-promoting Paenibacillus
polymyxa induces host defense responses against F. oxysporum [70, 71]. Altogether, these results support
our hypotheses of genotype speci�c metabolome-microbiome interactions primarily due to the
differential FOM resistances. Speci�cally, we speculate that Ler-0, in the lack of the RFO resistance gene,
is recruiting antagonistic microorganisms to prevent infection by synthesizing certain metabolites.
However, after inoculation with FOM this pathogen resilient network is broken down.

The observation that cinnamic acid and glucoerucin had the highest numbers of positive and negative
correlations with indicator/hub OTUs suggest their bioactivity. Both inhibitory and chemoattracting
effects of cinnamic acid has been demonstrated [72, 73]. Glucoerucin is toxic against Xanthomonas
campestris, Pseudomonas syringae [74] Pythium irregulare and Rhizoctonia solani [75]. Sulforaphane
negatively correlated with Niastella (bOTU259) and Leptothrix (bOTU70) in inoculated Ler-0 and
correlated positively with Nocardioides (bOTU12) and Duganella (bOTU61) in non-inoculated Ler-0.
Sulforaphane is known for its selective effects towards Bacillus subtilis, Pseudomonas aeruginosa, and
Candida albicans [76]. Indole-3-carbinol correlated positively with several indicator/hub OTUs in non-
inoculated Ler-0. These �ndings further support differential effects of GLS and their hydrolysis products
[77] on host-associated microbiomes [13, 14]. While sinapyl-alcohol showed both positive and negative
correlations with several taxa, its glucoside syringin, as well as pinoresinol and fraxin, only correlated
positively with indicator/hub taxa. Importantly, the results of distinctive interactions, for instance, sinapyl-
alcohol negatively correlating with the family Chitinophagaceae in inoculated Ler-0 and positively with
the family Xanthobacteraceae, are indicative of host-dependent effects of these compound on the
microbiota. The potential of other phenylpropanoids, for example coumarins, to differentially inhibit both
bene�cial and pathogenic microorganisms has been reported [8, 78]. Together, these �ndings suggest an
active role of phenypropanoids in shaping microbiota and should thus be prioritized in future studies.

Although most metabolite-OTU correlations were identi�ed in Ler-0, an important observation in Col-0 was
the positive correlation of syringin with the bene�cial Streptomyces (bOTU4). 4-methoxyglucobrassicin
only correlated with fungal indicator/hub OTUs in Col-0, indicative of a higher effect on fungal
communities [60]. In addition, the phytohormone SA and the phenols sinapic acid and sinapyl alcohol
showed negative correlations with a high number of indicator OTUs, suggestive of their modulating effect
on the microbiota. Contrasting correlations between indicator/hub OTUs and phytohormones were
observed, suggesting distinctive effects of these hormones on microbial communities.

Conclusions
This study characterized root-associated microbiota - metabolome dynamics during FOM infection in two
genotypes of Arabidopsis with different FOM susceptibilities. We show evidence of the dynamic
relationships that exists between the root-associated microbiome and the plant-metabolome of FOM-
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inoculated and non-inoculated Arabidopsis. We demonstrate that the microbiome and metabolome in the
two Arabidopsis genotypes are distinct and markedly shift during FOM infection. Col-0 microbial
networks were more robust during Fusarium infection. Pseudomonas (bOTU10) and Rhizobium (bOTU6)
were strongly enriched in inoculated samples of both genotypes, indicating a prominent role of these
OTUs in response to FOM infection. Changes in the microbiome and metabolome were more dramatic,
with stronger effects on major indicator/hub taxa in the susceptible Ler-0 than in the resistant Col-0.
Correlations between metabolites and OTUs were host genotype and FOM dependent. Our study identi�ed
metabolites with the strongest effects on microbiome structure and these compounds, including the GLS
glucoerucin, or its hydrolysis products indole-3 carbinol and sulforaphane, cinnamic acid, sinapyl-alcohol
and phytohormones SA and indole-3 acetic acid correlated with indicator/hub OTUs. Considering the
major role of indicator/hub microbial taxa in overall microbiome composition, we infer that these
compounds are pivotal in plant microbiome assembly. It is worth emphasizing that, although correlation-
based analyses are not de�nitively causal, the identi�ed interactions deepen our understanding of inter-
omics interactions in resistant and susceptible plant microbiomes. In future studies, it will be interesting
to study the possible microbiome-mediated effects of RFO gene resistance by using RFO gene disrupted
or complemented mutants.

Materials And Methods
Details of the materials and methods used in this work, including qPCR, microbial community analysis
(ref. 5) and metabolomics are described in Additional �le 1: Materials and Methods.
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Table 1
Summary of permutational analysis of variance (PERMANOVA) using ‘adonis’ test on Bray-Curtis

distance matrices for bacterial and fungal community dissimilarity assessment using 1000
permutations.

Dataset Factor Bacteria R2 Fungi R2

Whole Genotype 0.02*** 0.05***

DAI 0.17*** 0.08***

Ftrt 0.06*** 0.37***

Genotype*DAI 0.10*** 0.07***

Genotype*Ftrt -- 0.02***

DAI*Ftrt 0.05*** 0.08***

Genotype*DAI*Ftrt 0.04** 0.05***

DAI      

5 Genotype 0.13*** 0.04*

  Ftrt 0.20*** 0.69***

Genotype *Ftrt -- --

10      

  Genotype 0.13*** --

Ftrt 0.15*** 0.60***

Genotype *Ftrt -- --

15      

  Genotype 0.15*** 0.11**

Ftrt 0.14*** 0.41***

Genotype *Ftrt 0.07* 0.10**

20      

  Genotype 0.17*** 0.16***

Ftrt 0.09* 0.46***

Genotype *Ftrt -- 0.10**

25      

Signi�cance of test indicated as *** for p < 0.001, ** p > 0.01, *p < 0.05. R2 is the proportion of
variation explained.
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Dataset Factor Bacteria R2 Fungi R2

  Genotype 0.14*** 0.32***

Ftrt -- 0.21***

Genotype *Ftrt 0.08* 0.12**

Signi�cance of test indicated as *** for p < 0.001, ** p > 0.01, *p < 0.05. R2 is the proportion of
variation explained.

Table 2: Summary of indicator species analysis identi�ed in inoculated and non-inoculated Col-0 and Ler-
0.

Figures

Figure 1
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Fusarium symptoms, quantity, and its effect on Arabidopsis root microbiomes. (A) Col-0 and Ler-0
showing wilt symptoms caused by FOM at 25 DAI. (B) Boxplot of quantitative PCR (qPCR) data of the
abundance of FO in shoots (speci�cally, stems) of non-inoculated and inoculated Col-0 and Ler-0
samples at 10, 15, 20 and 25 DAI. (C) Principal-coordinate analysis (PCoA) of Arabidopsis root bacterial
communities across the 5 DAIs using Bray-Curtis dissimilarity distance.

Figure 2

Indicator OTU enrichment in non-inoculated and inoculated Col-0 and Ler-0 at different DAIs. Indicator
bOTUs enrichment in non-inoculated and inoculated of (A) Col-0 and (B) Ler-0. Indicator fOTU enrichment
in non-inoculated and inoculated of (C) Col-0 and (D) Ler-0.
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Figure 3

Networks depicting microbial inter-kingdom interactions in non-inoculated and inoculated samples of Col-
0 (A, C) and Ler-0 (B, D). Positive and negative correlations are shown with grey and red edges,
respectively. Bacterial and fungal nodes are represented as square and circle symbols in the network,
respectively. Indicator OTUs are shown with larger nodes while all other nodes are shown in small sizes.

Figure 4
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Metabolites data-derived OPLS-DA and heatmap representation of the metabolite identi�ed in the root of
Arabidopsis accessions after being challenged with the FOM pathogen at different DAI. A) OPLS-DA
score plots showing the discrimination between treatment groups of the root of Arabidopsis accessions
at different infection phases after root inoculation with FOM (infected) and water (control). Hotelling’s T2
statistical test cut-off was set at 95% to identify extreme outliers. B) Heatmap comparison of secondary
metabolites (glucosinolates (aliphatic glucosinolates (aGLS)), indolic glucosinolates (iGLS),
glucosinolates hydrolysis products, coumarins, phenolic acids, monolignols, lignans, and hormones) with
log2 fold change (mean infected/mean control) and signi�cance levels in the Arabidopsis Col-0 and Ler-0
root inoculated with FOM (n=5) compared to the control (n=5) at different infection phases. Yellow color
intensity representing increased values compared to control, and blue decreased values compared to
control. Signi�cant differences between the root of control samples and those exposed to FOM are
indicated by asterisks (*: p<0.05, **: p<0.01, ***: p<0.001).

Figure 5

Heatmaps showing microbial OTU-metabolite correlations. Heatmaps showing A) Bacterial and B) fungal
OTU-metabolite correlations heatmaps in Col-0. Heatmaps showing C) Bacterial and D) fungal OTU-
metabolite correlations heatmaps in Ler-0. All microbiome and metabolite datasets generated for Col-0
and Ler-0 was used in this analysis. Metabolite-OTU associations with strong correlations (ρ>0.4 or <-0.4
and p <0.01) were visualized in heatmaps.
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Figure 6

Metabolite-microbial OTU analysis. A) Effects of metabolites on bacterial (A) and fungal (B) community
diversity. B) Indicator and metabolites co-occurrence network in inoculated and non-inoculated Col-0 and
Ler-0. Numbers correspond to different metabolites shown in table. C) Indicator-hubOTUs and
metabolites co-occurrence network in inoculated and non-inoculated Col-0 and Ler-0.
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