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Trophic interactions between predatory protists and pathogen-
suppressive bacteria impact plant health
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Plant health is strongly impacted by beneficial and pathogenic plant microbes, which are themselves structured by resource inputs.
Organic fertilizer inputs may thus offer a means of steering soil-borne microbes, thereby affecting plant health. Concurrently, soil
microbes are subject to top-down control by predators, particularly protists. However, little is known regarding the impact of
microbiome predators on plant health-influencing microbes and the interactive links to plant health. Here, we aimed to decipher
the importance of predator-prey interactions in influencing plant health. To achieve this goal, we investigated soil and root-
associated microbiomes (bacteria, fungi and protists) over nine years of banana planting under conventional and organic
fertilization regimes differing in Fusarium wilt disease incidence. We found that the reduced disease incidence and improved yield
associated with organic fertilization could be best explained by higher abundances of protists and pathogen-suppressive bacteria
(e.g. Bacillus spp.). The pathogen-suppressive actions of predatory protists and Bacillus spp. were mainly determined by their
interactions that increased the relative abundance of secondary metabolite Q genes (e.g. nonribosomal peptide synthetase gene)
within the microbiome. In a subsequent microcosm assay, we tested the interactions between predatory protists and pathogen-
suppressive Bacillus spp. that showed strong improvements in plant defense. Our study shows how protistan predators stimulate
disease-suppressive bacteria in the plant microbiome, ultimately enhancing plant health and yield. Thus, we suggest a new
biological model useful for improving sustainable agricultural practices that is based on complex interactions between different
domains of life.
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INTRODUCTION
Healthy soil is the basis for agricultural production [1], providing
essential resources for human wellbeing, such as food, feed and
fibre [2]. The demand of the rapidly growing human population
for food further stresses the critical role of soil in food production
[3]. Conventional agriculture plays an important role in meeting
the food demands of a growing human population [4], but largely
depends on synthetic fertilizers, pesticides and herbicides,
resulting in severe environmental pollution and, in the long run,
reduced ecosystem functioning [5, 6]. Organic farming provides a
potentially more sustainable alternative to conventional farming
[7] by enhancing soil biodiversity and beneficial ecological
interactions, thereby reducing negative environmental impacts
compared with conventional management [8, 9].
Common to agricultural practices is the need to reduce soil-

borne pathogens that pose a major threat to food production
[10, 11]. Organic agricultural practices rely on enhancing the soil
and root-associated beneficial microbiome, and the ecological
interactions therein, thereby avoiding the adverse side effects of

pesticides on the environment and human health caused by
conventional agricultural practices [12–14]. Several microbial
genera (e.g. Bacillus and Pseudomonas) are involved in disease
suppression, making them the basis of biocontrol in organic
agriculture [15, 16]. Through these and other functions, such as
shaping the microbiome through versatile secondary metabolites
[17–19], these microbial taxa play major roles in soil system
functioning and have therefore been termed keystone species
[20–22]. Microbial secondary metabolites have many important
ecological roles [23]. For instance, they fight against other
microbial competitors [24, 25] and act as signaling molecules in
inter- and intraspecies interactions [26]. Nonribosomal peptides
are among the microbial secondary metabolites produced by the
keystone species mentioned above [27–29]. Antimicrobial non-
ribosomal peptides, such as the antibiotics vancomycin, gramici-
din and lipopeptides (surfactin, iturin A and bacillomycin), can be
used as microbicides to inhibit plant pathogens [30–33].
Soil protists might indirectly affect pathogens and plant health

by altering the soil microbiome composition and thereby
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secondary metabolite production [34–36]. Indeed, protists repre-
sent the main predators of soil bacteria and fungi [37]. Predatory
protists in the plant rhizosphere have also been reported to
positively link with plant-beneficial microbes that improve plant
performance [34, 38]. Through the production of secondary
metabolites, these microbes not only suppress soil-borne patho-
gens [15], but also defend themselves against predation by
protists [39]. However, since plant-beneficial bacteria have been
shown to produce metabolites that, in addition to suppress soil-
borne pathogens, also defend themselves against protistan
predation, it is worth disentangling the interactions between
plant-beneficial bacteria and their protistan predators.
In this study, we used Illumina amplicon sequencing and qPCR

to investigate the diversity and community composition of
bacteria, fungi and protists as well as the abundance of the major
crop pathogen Fusarium oxysporum (F. oxysporum) in the bulk soil,
rhizosphere and endosphere of banana plants, in fields treated
with chemical and organic fertilizers. In addition, we performed
Illumina metagenomic sequencing to explore the functional
potential of the microbiome and differences between treatments
of selected rhizosphere samples. These analyses sought to identify

microbiome components and functions linked with disease
suppression and plant health. We performed follow-up green-
house experiments to validate the observed importance of
potential plant health-influencing interactions between protists
and their microbial prey, with special attention to microbial
functions related to disease suppression. We hypothesized that
organic management enhances predator-prey interactions as
compared to conventional management, thereby resulting in
healthier plants via the improved functional capabilities of the
microbiome.

RESULTS
Disease incidence, banana yield and pathogen density
The organic fertilizer treatment significantly reduced Fusarium wilt
disease incidence and increased banana yield compared with the
chemical fertilizer treatment (Student’s t test: p < 0.05; Fig. 1A, B).
F. oxysporum density was marginally affected by the different
farming systems in bulk soils (Student’s t test: p= 0.059), and
significant differences were observed between treatments in the
rhizosphere and endosphere (Student’s t test: p < 0.05; Fig. 1C).

Fig. 1 Effects and underlying drivers of organic and chemical fertilizer treatments on Fusarium wilt disease incidence and banana yield.
A Disease incidences of banana Fusarium wilt in organic and chemical fertilizer treatments. B Banana yield in organic and chemical fertilizer
treatments. C Fusarium oxysporum density in organic and chemical fertilizer treatments in the three compartments. D, E The random forest
mean predictor importance (% increase of the MSE) of bacterial, fungal and protistan community composition for banana Fusarium wilt
disease incidence (D) and banana yield (E) in the three compartments. In panels A, B and C, asterisks indicate significant differences as defined
by the Student’s t test (***p < 0.001). OF Organic fertilizer treatment, CF Chemical fertilizer treatment. In panels D, E, to estimate the
importance of microbial predictors, we used the percentage increases in the MSE (mean squared error). Significance levels of each predictor
are represented by *p < 0.05 or **p < 0.01.

S. Guo et al.

1933

The ISME Journal (2022) 16:1932 – 1943



With respect to habitat compartment, random forest analysis
indicated that F. oxysporum density in the rhizosphere had the
strongest predictive importance for Fusarium wilt disease inci-
dence and banana yield (p < 0.05; Supplementary Fig. 1).

Microbial diversity and community composition and
underlying drivers of disease incidence and banana yield
Compartment and fertilization were the main drivers of the
community composition of all microbial groups (bacteria, fungi
and protists; PERMANOVA: p < 0.05; Supplementary Table 1 and
Supplementary Fig. 2), but did not alter their alpha diversity (two-
way ANOVA: p > 0.05; Supplementary Table 2). Subsequent
analyses therefore focused on changes in microbial community
composition.
With respect to habitat compartment, random forest analysis

indicated that the microbial community composition in the
rhizosphere was the strongest predictor of disease incidence
and banana yield (disease incidence: 30.8% increase of the mean
squared error (MSE); banana yield: 36.1% increase of the MSE;
Fig. 1D, E). In particular, protistan and bacterial community
compositions had a high level of explanatory power with respect
to disease incidence and banana yield (p < 0.05), with protistan
communities most strongly predicting disease incidence (16.7%
increase of the MSE) and banana yield (16.7% increase of the MSE;
Fig. 1D, E). In contrast, bulk protistan community composition was
the weakest predictor of disease incidence and banana yield
(random forest analysis; disease incidence: 0.3% increase of the
MSE; banana yield: 0.8% increase of the MSE; Fig. 1D, E). Given
these results, we focused subsequent analyses on bacterial and
protistan communities in the rhizosphere compartment.

Protistan and bacterial taxonomic and functional composition
and links with pathogen density
Linear discriminant analysis Effect Size (LEfSe) of the rhizosphere
communities indicated that the relative abundances of nine
protistan OTUs and eight bacterial OTUs were significantly higher
in the organic than in the chemical fertilizer treatment (p < 0.05;
Fig. 2A). Also, the relative abundances of three protistan OTUs and
eight bacterial OTUs were significantly higher in the chemical than
in the organic fertilizer treatment (LEfSe analysis: p < 0.05; Fig. 2A).
In particular, the predatory protist Cercomonas (Rhizaria; Cercozoa;
Cercomonadida: increased of 182% in the organic fertilizer
treatment) and the bacterial taxon Bacillus (Firmicutes; Bacillales;
Bacillaceae: increased of 75% in the organic fertilizer treatment;
Fig. 2A). Spearman’s correlation analysis showed that the increase
of the relative changes of Cercomonas and Bacillus were correlated
with the relative decrease of disease incidence and the relative
increase of banana yield (p < 0.05; Supplementary Table 3). Multi-
bipartite model analysis of the food web was used to further
identify potential links between protists, bacteria and F.
oxysporum. This analysis revealed that Cercomonas was positively
correlated with Bacillus in the organic fertilizer treatment and
overall (organic fertilizer + chemical fertilizer) (Spearman’s
correlation: p < 0.05), but not in the chemical fertilizer treatment
(Spearman’s correlation: p > 0.05; Fig. 2B and Supplementary
Fig. 3). Moreover, multi-bipartite model analysis indicated that
Bacillus was negatively correlated with F. oxysporum in the organic
fertilizer treatment and overall (organic fertilizer + chemical
fertilizer) (Spearman’s correlation: p < 0.05; Supplementary Fig. 3).
Furthermore, for the protistan functional groups, the organic
fertilizer treatment increased the relative abundance of predatory
protists (increased of 76.4% in the organic fertilizer treatment;
mainly caused by cercozoan Cercomonadida and Glissomonadida)
and decreased the relative abundance of phototrophs (decreased
of 16.9% in the organic fertilizer treatment; mainly caused by
chorophyte Chlamydomonadales) and plant pathogens
(decreased of 39.0% in the organic fertilizer treatment; mainly
caused by oomycetan Peronosporales) compared with the

chemical fertilizer treatment (Student’s t test: p < 0.05; Supple-
mentary Fig. 4 and Supplementary Table 4). Spearman’s correla-
tion analysis showed that the increase of the relative change of
predatory protistan relative abundance was correlated with the
relative decrease of F. oxysporum density, and the relative increase
of Bacillus density and the ratio of Bacillus density to total bacteria
density (p < 0.05; Supplementary Table 5, Fig. 2C, D).

Microbial functional genes and their potential interactions
with pathogen density
Random forest analysis indicated that Q (secondary metabolite
biosynthesis) genes had the strongest predictive importance for F.
oxysporum density (p < 0.05, 19.0% increase of the MSE; Fig. 3A)
which decreased with the increase of the relative abundance of Q
genes (Fig. 3A and Fig. 1C). Moreover, the relative abundance of Q
genes was higher in the organic than in the chemical fertilizer
treatment (Student’s t test: p < 0.05; Fig. 3A). Furthermore, random
forest analysis showed that COG1020 (nonribosomal peptide
synthetase gene) was the strongest predictor of F. oxysporum
density (p < 0.05, 2.9% increase of the MSE) among all the Q gene
categories (Fig. 3B). The relative abundance of COG1020 was
higher in the organic than in the chemical fertilizer treatment
(Student’s t test: p < 0.05, Fig. 3B). Moreover, ANOVA showed that
the relative abundances of Q genes and COG1020 derived from
Bacillus populations were significantly higher than those derived
from other microbial populations across treatments (Tukey’s HSD
test: p < 0.05; Fig. 3C, D). They were higher in the organic fertilizer
treatment compared with the chemical fertilizer treatment
(Student’s t test: p < 0.05; Fig. 3C, D).

Pathogen suppression capability of predatory protists and
their potential interactions with Bacillus isolates
In the first part of our greenhouse experiment, ANOVA showed a
clear suppression effect on F. oxysporum for the Cer (102) (Cer:
Cercomonas lenta (C. lenta); 102 cells/g dry soil; decrease of 71.4%)
and Cer (103) treatments (103 cells/g dry soil; decrease of 85.0%)
compared with the control in nonsterilized soils (Tukey’s HSD test:
p < 0.05; Fig. 4A), but no clear suppression for the Cer (101)
treatment (101 cells/g dry soil; Tukey’s HSD test: p > 0.05; Fig. 4A).
When sterilized soils were used in the greenhouse experiment, no
significant difference in F. oxysporum density was observed
between the S_F. oxysporum and S_F. oxysporum+ C. lenta
treatments (Student’s t test: p > 0.05; Supplementary Fig. 5A).
ANOVA indicated that the Cer (102) (102 cells/g dry soil) and Cer
(103) treatments (103 cells/g dry soil) also significantly increased
the ratio of Bacillus density to total bacteria density and
nonribosomal peptide synthetase (NRPS) gene abundance com-
pared with the control in nonsterilized soils (Tukey’s HSD test:
p < 0.05, Fig. 4B, C and Supplementary Fig. 6A, B).
Furthermore, indigenous Bacillus strains were isolated for

follow-up greenhouse experiments. Phylogenetic analysis showed
that Bacillus isolate B35 (B. amyloliquefaciens) had 100% sequence
identity with the Bacillus OTU (bacterial OTU532; see above Fig. 2).
In addition, ANOVA indicated that Bacillus isolate B35 also
displayed the strongest ability to inhibit F. oxysporum growth
and form biofilms (Tukey’s HSD test: p < 0.05; Supplementary
Fig. 7). For the second part of the greenhouse experiment using
sterilized soils, ANOVA showed that the predatory protist (C. lenta)
had the lowest predation intensity on Bacillus B35 within Bacillus
isolates (Tukey’s HSD test: p < 0.05; Fig. 5A and Supplementary
Fig. 5B), which was in line with a laboratory experiment using
Page’s amoeba saline (PAS) (Supplementary Fig. 5D, E). Random
forest and regression analysis indicated that the F. oxysporum
growth inhibition ability of Bacillus isolates significantly influenced
the predation intensity of the predatory protist (C. lenta) on
Bacillus isolates (p < 0.05; Supplementary Fig. 5C, Fig. 5B).
In the third part of the greenhouse experiment, ANOVA showed

significant differences in the density of Bacillus after co-inoculation
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Fig. 2 Comparison of protistan and bacterial community composition and correlations of key protistan and bacterial OTU, predatory
protists and Fusarium oxysporum density, and predatory protists and Bacillus/ bacteria. A The effects of different fertilization treatments on
the relative abundance of protistan and bacterial OTUs in the rhizosphere. B Correlations between key indicator protistan and bacterial OTUs
of different fertilization treatments in the rhizosphere multi-bipartite model of the food web. C, D Correlations between the relative change of
the relative abundance of protistan functional groups and the relative change of Fusarium oxysporum density (C), Bacillus density and the ratio
of Bacillus density to total bacteria density (D) in the rhizosphere. In panels A, B, the relative abundances of protistan and bacterial OTUs were
significantly higher in the organic and chemical fertilizer treatments based on linear discriminant analysis (higher relative abundance in the
organic fertilizer treatment: LDA score > 3.0 and p < 0.05; higher relative abundance in the chemical fertilizer treatment: LDA score <−3.0 and
p < 0.05). OF Organic fertilizer treatment; CF Chemical fertilizer treatment. Circles are proportional to the average relative abundance of each
OTU. RA Relative abundance, relative change= (OF-CF)/CF. In panels C, D, RC= relative change ((OF-CF)/CF); Bacillus/ bacteria = the ratio of
Bacillus density to total bacteria density.
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of each of the Bacillus isolates with the predatory protist (C. lenta)
(Tukey’s HSD test: p < 0.05; Supplementary Fig. 6C), while no
significant differences were detected between the control
treatments (the same bacteria but without the protist) (Tukey’s
HSD test: p > 0.05; Supplementary Fig. 6C). Additionally, the
Bacillus (relative change) increase in density was correlated with
the decrease of F. oxysporum (relative change) (regression analysis:
p < 0.05, R2= 0.85; Supplementary Table 6, Fig. 5C and Supple-
mentary Fig. 6D).
In the fourth part of the greenhouse experiment, we found that

the predation intensity of C. lenta on Mut_Bac (Mut_Bac: mutant
Bacillus strain; disrupted in the bacillomycin D pathway) was
higher compared with WT_Bac (WT_Bac: wild type Bacillus strain;
Student’s t test: p < 0.05; Fig. 5D and Supplementary Fig. 6E), and
the F. oxysporum growth inhibition of Mut_Bac was lower
compared with WT_Bac (Student’s t test: p < 0.05; Fig. 5E). ANOVA
showed that WT_Bac+ Cer treatment significantly increased the
Bacillus density when compared with WT_Bac treatment (Tukey’s
HSD test: p < 0.05), while no significant differences were observed
among the WT_Bac, Mut_Bac and Mut_Bac+ Cer treatments in
nonsterilized soils (Tukey’s HSD test: p > 0.05; Fig. 5F). Moreover,
ANOVA indicated that the WT_Bac and WT_Bac+ Cer treatments
significantly decreased the F. oxysporum density compared with
the Mut_Bac and Mut_Bac+ Cer treatments in nonsterilized
soils (Tukey’s HSD test: p < 0.05; Fig. 5G). Furthermore, ANOVA
showed that the WT_Bac+ Cer treatment significantly decreased

the F. oxysporum density compared with WT_Bac treatment
(Tukey’s HSD test: p < 0.05), while no significant difference was
detected between the Mut_Bac and Mut_Bac+ Cer treatments in
nonsterilized soils (Tukey’s HSD test: p > 0.05; Fig. 5G).

DISCUSSION
We here demonstrate that predator-prey interactions stimulated
by organic fertilizer inputs change microbiome functioning and
improve plant health, which were overall in line with our
hypotheses.
More specifically, we show that organic fertilization supports a

disease suppressive and consequently plant health-increasing soil
microbiome, which supports former findings [11, 40, 41]. The
increases of particularly predatory protists is also in line with
previous studies and can be explained by increased prey
availability and physicochemical niche space [42–44]. The
observed positive effects of organic fertilization were not equally
important for all soil microbes in all plant and soil habitats. In fact,
we found that especially protists and bacteria in the rhizosphere,
rather than bulk or endosphere microbes determine disease
incidence and plant yield. There is a common notion that the
rhizosphere is the main area where soil-borne pathogens compete
with beneficial microbiota [45, 46], but interestingly the tightly
plant-associated root endosphere, where many mutualists and
pathogens directly invade the plant [47], seems of less direct

Fig. 3 Microbial functional genes and their potential interactions with pathogen density. A The random forest mean predictor importance
(% increase of the MSE) of the metabolism gene categories for Fusarium oxysporum density and the relative abundance of the metabolism
gene categories in different fertilization treatments. B The top 10 most important random forest mean predictors (% increase of the MSE) of
the Q gene category of Fusarium oxysporum density and the relative abundance of these genes in different fertilization treatments. C The top
10 microbial origins of metabolism Q genes. D The top 10 microbial origins of COG1020. In panels A, B, asterisks indicate significant
differences of relative abundances as defined by the Student’s t test (*indicates p < 0.05, **indicates p < 0.01); for the random forest analysis, to
estimate the importance of microbial predictors, we used the percentage increases in the MSE (mean squared error). In panels C, D, bars with
different letters indicate significant differences as defined by one-way ANOVA with Tukey’s HSD test (p < 0.05). Asterisks indicate significant
differences as defined by the Student’s t test (*indicates p < 0.05, **indicates p < 0.01, ***indicates p < 0.001). OF Organic fertilizer treatment;
CF Chemical fertilizer treatment.
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importance in controlling plant health. This suggests that the
determination of the composition of mutualistic and pathogenic
microbes and their function is mainly determined in the
rhizosphere, which we here show is determined by protists.
Whether protists are also of key importance to shape the plant-
beneficial rhizosphere microbiome beyond the system of banana
with Fusarium wilt disease represents a key field for future
research. Yet, previous studies showing that the importance of
protistan communities in predicting tomato health in presence of
pathogenic Ralstonia solanacearum [34] supports this hypothesis.

Notably, in our study we identified precise protistan predatory
taxa and their importance in regulating bacteria with potential to
suppress pathogens. Our findings confirm the pivotal role of
rhizosphere Cercozoa, a major group of protists in soil [48, 49] and
key microbiome links in agricultural systems [50], for plant health.
We show that the disease-suppressive function of Cercozoa is
likely linked to increases of disease-suppressive bacteria, especially
Bacillus. In our greenhouse study we could show that Cercozoa
enhanced Bacillus likely by preying preferentially on other bacteria
which led to increased production of secondary compounds that
reduced pathogen abundances. This adds to our recent finding
that cercozoan taxa increased cucumber yield effectively via their
specific enhancement of plant-beneficial microorganisms (in that
study Trichoderma) [43]. Also the idea that protists selectively prey
[38, 51] and commonly enhance secondary metabolite-producing
bacteria [39] is supported in our study. This suggests that effects
of predatory protists on disease suppression might be a general
phenomenon in soils, making protists keystone species that are
worth exploring as biocontrol agents to increase sustainable soil
management.
Prominently, we found that the pathogen population density

was negatively affected by the secondary metabolite biosynthesis
gene abundance, particularly non-ribosomal peptide syntheses
(NRPS) genes. Microbial secondary metabolite biosynthesis func-
tion has been widely shown to be closely linked with plant
pathogen suppression [23, 33, 34]. Previously, plenty of Bacillus
species (e.g. B. amyloliquefaciens, B. subtilis and B. velezensis) were
reported to produce antimicrobial compounds (e.g., iturin and
bacillomycin) [52–54], which provide them with a competing
advantage against plant pathogens [55, 56]. Here, we show the
strong influence of protists in inducing higher expression levels of
these genes, suggesting that these secondary genes have evolved
to combat predation. In fact, antimicrobial compounds can reduce
predation, such as by inducing encystation or paralysis of protist
predators [38, 39]. We further confirmed the effectiveness of these
defense compounds since the Bacillus mutants deficient in
producing bacillomycin D (regulated by NRPS genes) were more
preyed on by protists than wild type strains. Thus, we propose that
the NRPS gene-induced pathogen suppression represents a plant-
beneficial side effect of bacterial anti-predator defence.

CONCLUSIONS
We demonstrate that organic fertilization can stimulate predatory
interactions that catalyze keystone interactions between protistan
predators and pathogen-antagonistic bacteria that together can
reduce pathogenic fungi and thereby increase plant health and
productivity. We have summarized the results of our experiments
in a conceptual model (Fig. 6). Future transcriptomic and
proteomic approaches will delineate the exact nature of the
molecular dialogue between protists and bacteria and how their
combined action serves to confer disease suppression. Together,
our work shows the potential to improve current biocontrol
practices based on the application of Bacillus by adding protists to
enhance secondary metabolite production. As such, we envision
that our results provide a novel viewpoint to manipulate the soil
microbiome by a combined focus on microbial predators and
pathogen suppressors, which together can help increase the
disease-suppressive functions of agroecosystems in a sustainable
way.

MATERIALS AND METHODS
Site description and experimental design
The experimental site was located in Jianfeng town, Ledong County (18°38
´N, 108°45´E), one of the most important banana production areas in
Hainan Province, China. This region has a tropical monsoon climate with an
average annual temperature and precipitation of 24 °C and 1150mm,

Fig. 4 Pathogen suppression capability of predatory protists and
their potential interactions with Bacillus and NRPS gene. A The
effects of different concentrations of predatory protists on Fusarium
oxysporum density. B The effects of different concentrations of
predatory protists on the ratio of Bacillus density to total bacteria
density. C The effects of different concentrations of predatory protists
on the abundance of nonribosomal peptide synthetase (NRPS) gene. In
panels A–C, bars with different letters indicate significant differences as
defined by one-way ANOVA with Tukey’s HSD test
(p < 0.05). In the control, no protists were added. Cer (101): Cercomonas
lenta strain ECO-P-01 (1.0 × 101 cells g−1 dry soil); Cer (102): Cercomonas
lenta strain ECO-P-01 (1.0 × 102 cells g−1 dry soil); Cer (103): Cercomonas
lenta strain ECO-P-01 (1.0 × 103 cells g−1 dry soil). Bacillus/ bacteria =
the ratio of Bacillus density to total bacteria density.
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respectively. The soil has been classified as a sandy loam that developed
from dry red soil. The field experiment was performed with organic and
conventional long-term treatments over nine successive years from 2011
to 2019. Briefly, two treatments were used in this study as follows: organic
fertilizer treatment (OF, soil amended with chicken manure organic
fertilizer) and chemical fertilizer treatment (CF, soil amended with chemical
fertilizer). Detailed information about the kinds and amounts of these
composts and chemical fertilizers is listed in the supplementary material
(Supplementary Table 7). Organic and chemical fertilizers were applied
annually in the spring one week before sowing crops. Fertilizer was spread
uniformly and then evenly distributed over the soil surface and mixed with
the soil layer to a depth of 25–30 cm by turning the soil manually. All other
farm operations were managed using traditional farming methods. The
detailed fertilization scheme and field management have been described
in a previous study [57].

Disease incidence and banana yield determination
Banana wilt disease was identified based on the appearance of typical wilt
symptoms, including brown discolouration of vascular tissues, pseudostem
splitting, leaf yellowing and plant death [58]. The disease incidence was
calculated as the percentage of infected plants and determined until the
incidence stabilized. All mature banana fruits for each treatment of the
year were collected and weighed to calculate the banana yield and the
results were expressed as kg/ha.

Soil sampling and DNA extraction
Bulk soil, rhizosphere soil and banana endosphere samples were collected
from 9 individual plants per field site in 2019 from the long-term field
experiment described above. Bulk soil samples were collected after
removing banana plants from the field and then collecting soil randomly
from cores to a depth of 10 cm from each replicate. Rhizosphere soil and

root samples were obtained as described in previous research [59]. Briefly,
the plant roots were shaken vigorously to separate soil that was not tightly
adhered to the roots, leaving approximately 1 mm of soil still attached to
the roots. We placed the roots with soil still attached in a sterile flask with
50ml of sterile phosphate-buffered saline (pbs) solution and then
vigorously stirred the roots with sterile forceps, cleaning all the soil from
the root surfaces. The soil suspension was centrifuged at 8000 rpm for 20
min, and the pellet soil was defined as rhizosphere soil. Plant roots that
were recovered were vortexed in consecutive washes of sterile pbs
solution, and tightly adhering microbes at the root surface were removed.
The roots were sonicated three times at 50–60 Hz for 30 s in sterile pbs
solution to remove all rhizoplane soils. The sonication procedure strips the
rhizoplane microbes from the root surface as well as portions of the
rhizodermis. The remaining roots were placed in Falcon tubes for
endosphere DNA extraction. All soil and root samples were stored at
−80 °C prior to DNA extraction.
For each soil sample (36 soil samples in total: 18 bulk and 18 rhizosphere

soil samples), total genomic DNA was extracted from 0.5 g soil using the
PowerSoil DNA Isolation Kit (Mo Bio Laboratories Inc., USA) according to
the manufacturer’s instructions. For each root sample (18 root samples),
genomic DNA extraction was performed using the Plant DNA Maxi Kit
(OMEGA Inc., USA) following the manufacturer’s instructions. We used a
NanoDrop ND2000 (Thermo Scientific, Waltham, MA, USA) spectro-
photometer to measure the genomic DNA concentration and purity to
meet the quantitative real-time PCR amplification (qPCR) assay and
Illumina sequencing requirements.

Real-Time PCR assay, amplicon sequencing and metagenome
sequencing
Abundances, expressed as copy numbers, of bacteria, F. oxysporum, Bacillus
and NRPS genes were determined using the bacterial primers Eub338F/
Eub518R [60], F. oxysporum specific primers FOF1/FOR1 [61], Bacillus

Fig. 5 Interactions between the pathogen, the bacterial isolates and the predator in the greenhouse experiment. In panels A, C, F and
G, bars with different letters indicate significant differences as defined by one-way ANOVA with Tukey’s HSD test (p < 0.05). In panels
D, E, asterisks indicate significant differences as defined by the Student’s t test (***p < 0.001). Relative change= (X-control)/control, X=
Bacillus+ Cercomonas lenta, control = Bacillus only. B Bacillus isolate; Cer: Cercomonas lenta strain ECO-P-01. WT_Bac: wild type Bacillus strain.
Mut_Bac: mutant Bacillus strain (disrupted in the bacillomycin D pathway) [54]. Predation intensity= (Yc–Yp)/Yc, where Yc is the Bacillus
density in the control, and Yp is the Bacillus density in the Bacillus+ Cercomonas lenta treatment [51].
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specific primers Bs16S1/Bs16SR [62] and NRPS gene specific primers A3F/
A7R [63], respectively (Supplementary Table 8), following established
protocols [16, 28, 64] (Supplementary Table 8) on a qTOWER Real-Time PCR
System (Analytik Jena, Germany). The assay for total bacteria, F. oxysporum
and Bacillus was performed in a 20 µl reaction mixture containing 10 µl
SYBR Premix Ex Taq (2×), 0.8 µl of each primer (10 µmol/L), 0.4 µl ROX
Reference Dye II, 2 µl of template DNA and 6 µl of sterile water. The assay
for the NRPS genes was performed in a 20 µl reaction mixture containing
10 µl SYBR Premix Ex Taq (2×), 0.4 µl of each primer (20 µmol/L), 0.4 µl ROX
Reference Dye II, 1 µl of template DNA and 7.8 µl of sterile water. Standard
curves were generated using established protocols [16, 28, 64]. The results
were expressed as log10 values (target copy number g−1 dry soil) for
further statistical analyses.
Bacterial-, fungal- and eukaryote-wide primer sets were used for high-

throughput MiSeq sequencing (Illumina): 520 F and 802 R to amplify
prokaryotic 16 S rRNA gene V4 regions [65], ITS1F and ITS2 to amplify
fungal ITS1 regions [66, 67], and V4_1f and TAReukREV3 to amplify
eukaryotic 18 S rRNA gene V4 regions [68]. While there are no true
‘universal’ primers to target all protistan taxa, we used the broadly targeted
primer set (V4_1f and TAReukREV3), which has been used in previous
studies [68–70] to explore protistan communities. Bacterial, fungal and
eukaryotic sequencing libraries were constructed according to previously
described protocols [34, 71]. Paired-end sequencing was performed on an
MiSeq platform (Illumina) at Personal Biotechnology Co., Ltd. (Shanghai,
China). Furthermore, we performed metagenomic sequencing to detect
potential functional microbiome differences between treatments. As only
rhizosphere protistan and bacterial community compositions showed
significant contributions to plant disease and yield, we focused subsequent
metagenomic sequencing analyses on rhizosphere soil samples. Three of
nine replicates of each treatment (6 samples in total: 2 treatments × 3
replicates) were randomly selected for metagenomic sequencing analyses.
Sequencing libraries were generated using the NEB Next Ultra DNA Library
Prep Kit for Illumina (New England Biolabs, MA, USA) following the
manufacturer’s recommendations, and index codes were added. The
library quality was assessed on the Qubit 3.0 Fluorometer (Life
Technologies, Grand Island, NY) and Agilent 4200 (Agilent, Santa Clara,
CA) system. Metagenomic shotgun sequencing libraries were prepared
and sequenced at Magigene Biotechnology Co., Ltd. (Guangzhou, China).
All the raw sequence data were deposited in the NCBI Sequence Read
Archive (SRA) under BioProject PRJNA737165 (Illumina sequencing of
amplicons) and PRJNA736854 (Illumina sequencing of metagenomes).

Bioinformatics analyses
Bacterial, fungal and eukaryotic raw sequences were split according to
their unique barcodes. Furthermore, adaptors and primer sequences were
trimmed using cutadapt (https://github.com/marcelm/cutadapt). Subse-
quently, the trimmed bacterial, fungal and eukaryotic sequences were
processed with the UPARSE pipeline according to previously established
protocols [34, 71]. Briefly, bacterial sequences with expected errors > 1.0 or
a length shorter than 200 bp, fungal sequences with expected errors > 1.0
or a length shorter than 200 bp and eukaryotic sequences with expected
errors > 1.0 or a length shorter than 350 bp were removed. After discarding
singletons, the remaining sequences were assigned to OTUs at a 97%
similarity threshold, followed by the removal of chimaeras using UCHIME
[72]. Finally, bacterial and fungal OTUs were classified using the RDP
classifier (Version: 11.5) against the RDP Bacterial 16 S rRNA gene database
and the UNITE Fungal ITS database, respectively [73]. Eukaryotic OTUs were
classified against the Protist Ribosomal Reference database (PR2) [74]. To
obtain the protistan OTU table, we discarded OTUs assigned as
Rhodophyta, Streptophyta, Metazoa, Fungi and unclassified Opisthokonta
sequences. We further assigned taxonomic protistan OTUs into different
functional groups according to their feeding mode [49, 75], i.e., predators,
parasites, phototrophs, plant pathogens and saprotrophs.
For meta-genomic sequencing, the raw data were trimmed using

Trimmomatic to remove adapter sequences and quality-filtered using
fastq_quality_filter from the FASTX toolkit with default settings. Filtered
reads were assembled with MEGAHIT (https://github.com/voutcn/
megahit). CD-HIT (Version: 4.7) was adopted to remove redundancy and
obtain the unique initial gene catalogue. The clean data of each sample
was mapped to the initial gene directory using BBMAP (http://jgi.doe.gov/
data-and-tools/bbtools). We also obtained the number of reads to which
genes mapped in each sample. Based on the number of mapped reads and
the gene length, the relative abundance information for each gene in each
sample was calculated using the following formula: G= (r/L) × (1/(∑r/L)),
where r represents the read number aligning to the gene, and L represents
the length of the gene. DIAMOND (https://github.com/bbuchfink/
diamond) was used to blast the genes against the microbial sequences,
all of which were extracted from the NR (non-redundant) database of NCBI
(National Center for Biotechnology Information). We used MEGAN (https://
softwareab.informatik.unituebingen.de/download/megan6) to obtain the
taxon annotation information for the sequences by the LCA algorithm. The
table containing the relative abundance information of each gene in each
taxonomy hierarchy (kingdom, phylum, class, order, family, genus, species)

Fig. 6 Conceptual model. Conceptual model depicting the mechanisms illustrating how selective grazing by protists on rhizosphere bacteria
favours pathogen-antagonistic bacteria, ultimately inhibiting plant pathogens.
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was obtained based on the LCA annotation result and the gene relative
abundance table. Functional annotation of the genes was performed in
eggNOG [76]. The relative abundance of each functional hierarchy equals
the sum of the relative abundance of genes annotated to that functional
level. The relative abundance of a taxon in one functional hierarchy equals
the sum of the relative abundance of genes annotated to the taxon in this
functional hierarchy. To focus on potentially functional activities of the
microbiome, microbial metabolism genes (eight general categories: [Q]
secondary metabolite biosynthesis, [P] inorganic ion transport and
metabolism, [I] lipid transport and metabolism, [H] coenzyme transport
and metabolism, [G] carbohydrate transport and metabolism, [F] nucleo-
tide transport and metabolism, [E] amino acid transport and metabolism
and [C] energy production and conversion) and their corresponding
taxonomy annotations were extracted for subsequent analyses.

Multi-bipartite model of the food web analyses
As only rhizosphere protistan and bacterial community compositions
significantly contributed to explaining plant disease and yield, we used
the multi-bipartite model of the food web to examine potential links
among protists, bacteria and pathogenic F. oxysporum in the rhizo-
sphere. We selected abundant (average relative abundance > 0.1%)
protistan and bacterial OTUs and the density of F. oxysporum for model
construction. The links among protists, bacteria and F. oxysporum were
calculated by Spearman’s correlation analysis. A pairwise Spearman’s
correlation coefficient was calculated with the “corr.test” function in the
package “psych” [34, 77] in R (version 3.4.4). The p values were adjusted
using the false discovery rate method [78]. Spearman’s correlation
coefficient higher than 0.6 (or lower than −0.6) and a p value < 0.05 were
selected for the multi-bipartite model of the food web construction, and
the multi-bipartite model of the food web was visualized in Cytoscape
(version 3.5.1)

Bacillus strain isolation and assays of Fusarium inhibition,
biofilm formation and cell size
Given the role of the Bacillus genus in disease suppression [79, 80] and
the links among Bacillus, predatory protists and F. oxysporum in our
analyses (see results), we isolated Bacillus strains from the rhizosphere
soil collected from the field experiment. In brief, 5 g of soil was
suspended in a 250 ml Erlenmeyer flask containing 45 ml of sterile
distilled water. After stirring at 180 rpm for 40 min, the Erlenmeyer flask
containing the soil suspension was placed in an 80 °C hot water bath for
30 min. Serial dilutions were then made from the soil suspension and
spread onto plates containing NA medium amended with cycloheximide
(100 μg ml−1) to prevent fungal growth, and plates were incubated at
37 °C for 48 h. The suspected Bacillus colonies were preliminarily
identified on the basis of morphology and Gram staining. Bacillus
colonies were then purified by streaking with NA medium amended with
cycloheximide (100 μg ml−1) and identified based on the full-length 16 S
rRNA gene sequence, as described previously [81]. Eight different
species of Bacillus strains were selected for greenhouse experiments
(Supplementary Table 9) from a collection of 110 isolated Bacillus strains
isolated from rhizosphere soil amended with organic fertilizer and
examined by full-length 16 S rRNA gene sequence analysis. The ability of
Bacillus isolates to inhibit the growth of F. oxysporum was tested using a
dual culture assay, and biofilm formation and cell size were tested as
previously described [80, 82, 83].

Greenhouse and laboratory experimental systems and setup

1. Greenhouse experiments
Greenhouse experiments were conducted to test the effects of

predatory protists, the interactions of predatory protists and
Bacillus isolates and the interactions of predatory protists and a
mutant Bacillus strain (disrupted in the bacillomycin D pathway)
[54] on pathogen inhibition in the rhizosphere. Soils for the
greenhouse experiment were collected from the chemical
fertilizer treatment at the abovementioned long-term field
experiment site and passed through a 2 mm sieve to ensure
homogenization. One part of the soil was used for nonsterilized
soil treatments, and the other part of the soil was used for
sterilized soil treatments. For the latter, the soil was sterilized by
Co75 γ-ray irradiation (65 KGy) at Nanjing Xiyue Technology Co.,

Ltd, Nanjing, China. Greenhouse experiments were performed
using a randomized complete block design with six replicates for
each treatment, and each replicate was run in polypropylene pots
filled with 1 kg dry soil. Per pot, one sterile banana plant seedling
(Musa AAA Cavendish cv. Brazil) was planted. The pot experiments
were run in a greenhouse (daytime: 16 h and average 30 °C, night:
8 h and average 26 °C, all-day average humidity of 75%) located at
Nanjing Agriculture University with periodic randomization
throughout the experiment. The detailed process and inoculation
treatments for the greenhouse experiment are shown in
Supplementary Fig. 8 and Supplementary Methods. The protist
strain (C. lenta ECO-P-01) used for experimentation has been
isolated and identified previously [84]. Six weeks after inoculation,
rhizosphere samples of each banana plant in nonsterilized and
sterilized soil treatments were collected, and total genomic DNA
of each rhizosphere sample was extracted as described above. The
abundances of F. oxysporum, Bacillus, total bacteria and the NRPS
genes in rhizosphere samples were determined using qPCR
according to the above described methods.

2. Laboratory experiments
Laboratory co-culture experiments were conducted to verify the

intensity of protistan predation of the different Bacillus isolates
that were used in the greenhouse experiments and were set up in
96-well microtiter plates. The detailed inoculation treatments of
the laboratory experiments were shown as follows: 1) Control,
each Bacillus strain (1 × 105 cells per ml) was inoculated in 200 μl
Page’s amoeba saline (PAS) (per well), 2) Co-culture treatment,
each Bacillus strain (1 × 105 cells per ml) and the predatory C. lenta
strain ECO-P-01 (1 × 103 cells per ml) were inoculated in 200 μl
Page’s amoeba saline (PAS) (per well). All the plates were sealed
with parafilm and placed in a shaking incubator (20 °C) under
agitation (100 rpm) in the dark. After 1 week, a standard 10-fold
dilution plating assay was used to count the number of Bacillus
using selective media, as described in previous research [16].

Statistical analyses
The α-diversity of bacterial, fungal and protistan communities was
estimated using the nonparametric Shannon index. A principal coordinate
analysis (PCoA) based on Bray–Curtis distance metrics was used to explore
the differences in bacterial, fungal and protistan community compositions.
The α-diversity and PCoA of bacterial, fungal and protistan communities
were calculated using MOTHUR. Two-way ANOVA was performed to assess
the effects of the compartment and fertilization pattern on the diversity
(Shannon index) of distinct microbial groups using SPSS v20.0 (SPSS Inc.
USA). Permutational multivariate analysis of variance (PERMANOVA) [85]
was performed to assess the effects of the compartment and fertilization
regime on the community composition of distinct microbial groups using
the adonis function with 999 permutations in the “vegan” package [86] in R
(version 3.4.3). Random forest (RF) analysis [87] was performed to
disentangle the main microbial predictors of disease incidence and
banana yield with the “randomForest” package [88] in R (version 3.4.4). In
these RFs, we selected the structure (PCoA1) of bacteria, fungi and protists
as microbial predictors and calculated their effect on disease incidence and
banana yield. To estimate the importance of microbial predictors, we used
the percentage increases in the MSE (mean squared error) of variables [87]:
higher MSE% values imply more important variables [87]. The significance
of each microbial predictor in the random forest analysis was assessed with
the “rfPermute” package [89] in R (version 3.4.4). Testing of the linear
discriminant analysis Effect Size (LEfSe) was performed to identify
significant differences in abundant protistan and bacterial taxa (average
relative abundance > 0.1%) between fertilization regimes [90]. The
Kruskal–Wallis (KW) sum-rank test was used in the LEfSe analysis to detect
the features with significantly different abundances between assigned
classes, and linear discriminant analysis (LDA) was then performed to
estimate the effect size of each differentially abundant taxon. The alpha
value employed for the factorial Kruskal–Wallis test was 0.05, and the
threshold employed on the logarithmic LDA score for discriminative
features was 3.0 (higher relative abundance in the organic fertilizer
treatment: LDA score > 3.0 and p < 0.05; higher relative abundance in the
chemical fertilizer treatment: LDA score <−3.0 and p < 0.05). LEfSe analysis
was performed using the Huttenhower lab Galaxy server (http://
huttenhower.sph.harvard.edu/galaxy) [90]. The relative change in each
microbial index in the organic fertilizer treatment relative to the chemical
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fertilizer treatment was calculated using the following formula: (OF-CF)/CF,
with OF representing the value of the microbial index in the organic fertilizer
samples and CF representing those in the chemical fertilizer samples [91]. In
the greenhouse experiments, the formula for the relative change was (X-
control)/control, where X indicates the value of the microbial index in the
samples subjected to the co-inoculation treatment of Bacillus isolates with
predatory protist, and the control indicates the value of the microbial index
in the samples subjected to only Bacillus inoculation treatment [91]. The
formula for the predation intensity of predatory protists on Bacillus was (Yc -
Yp)/Yc, where Yc is the Bacillus density in the only Bacillus inoculation
treatment (control treatment) in sterilized soils or Page’s amoeba saline
(PAS), and Yp is the Bacillus density in the co-inoculation of Bacillus and
predatory protists treatment (test treatment) in sterilized soils or Page’s
amoeba saline (PAS) [51]. Spearman’s correlation analysis was performed
using the “corr.test” function in the package “psych” [34, 77] in R (version
3.4.4). Regression analysis, the Student’s t test and one-way ANOVA with
Tukey’s HSD test were performed in SPSS v20.0 (SPSS Inc. USA). A normal
distribution was tested using the Shapiro–Wilk test, and nonnormal data
were log10 transformed [92].

DATA AVAILABILITY
All raw 16 S rRNA, ITS and 18 S rRNA gene sequences are available at the NCBI
Sequence Read Archive (SRA) under the accession number BioProject PRJNA737165.
The raw data of metagenomics-derived gene catalogues are publicly available under
the accession number BioProject PRJNA736854.
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