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Identifying the elements that drive ecosystem dynamics is a major 
challenge; manipulating these elements to produce applicable 
benefits is even more demanding. Agroecosystems are among the 

most complex targets for human manipulation because they consist 
of entangled webs of interactions formed among macroorganisms 
(such as plants and insects) and countless microorganisms1–3 (for 
example, bacteria, archaea, protists and fungi) (Fig. 1). Scientists are 
now facing the unprecedented task of maximizing the functions of 
these microbial communities (microbiomes) as novel pest/patho-
gen strains, climate change and limited supply (and environmen-
tal costs) of chemical fertilizers are increasingly threatening stable 
agricultural production4–8. Accomplishing this goal, in the face of 
doubling global crop demand by 2050, requires rapid and immedi-
ate solutions9. Deploying microorganisms to increase plant nutrient 
uptake10–12 and resistance to biotic and abiotic stresses13–17 offers one 
of the few untapped reservoirs of opportunities to confront sustain-
ability issues in agriculture1–3,18.

However, optimization of plant–microbial partnerships is a 
daunting task given the complexity of plant–microorganism and 
microorganism–microorganism interactions, and the depen-
dence of those interactions on environmental conditions. One of 
the master regulators of the plant phosphate starvation response 
is also responsible for some plant defence responses, and can thus 
drive changes in plant-associated microbiome structure12,19. In 
some cases, microorganisms are recruited or repelled directly by 
plant signalling mechanisms, which have evolved to interact with 
mycorrhizal fungi and nitrogen-fixing bacteria, as well as to oppose 

diverse pathogens1,20,21. Thus, a better understanding of complex 
interactions among plant genotypes, environmental conditions 
and microbiome structure provides indispensable information in 
breeding programs3. Alongside conventional breeding approaches, 
novel sensing technologies are enabling real-time diagnostics and 
forecasts of plant physiological conditions based on climate and 
soil physiochemical data22,23. Despite the huge potential, we are just 
beginning to explore opportunities in which microbiome data can 
be integrated into ‘smart farming’ practices22,23.

Our aim here is to propose interdisciplinary research strate-
gies for optimizing microbiome functioning in agroecosystems. 
Although a number of plant-growth-promoting microorganisms 
have been reported, microbial populations introduced to farm-
lands often decline rapidly24,25. In addition, they may occasionally 
outcompete indigenous (resident) microbiomes, potentially having 
unexpected deleterious effects on ecosystem functions26,27. Here, we 
propose an interdisciplinary strategy for optimizing plant–micro-
biome interactions at the agroecosystem level, beyond classical 
studies that have focused on direct, pairwise plant–microorganism 
interactions in controlled experimental conditions. First, we discuss 
the importance of manipulating microbiome assembly at the ini-
tial stages of plant development and then introduce the concept of 
‘core microbiomes’, defined herein as sets of microorganisms that 
form cores of interactions that can be used to optimize microbial 
functions at the individual plant and ecosystem levels (Fig. 2). These 
organisms are key in organizing the assembly of plant-associated 
microbiomes, rather than just promoting host plant growth them-
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selves. Second, we show how informatics pipelines can be used to 
identify such core microbiomes, which, if deployed correctly, will 
mediate and organize plant–microorganism and microorganism–
microorganism interactions by recruiting indigenous microorgan-
isms with diverse functions and suppressing high pathogen loads 
in the field (Fig. 2). Lastly, we explore ways to distribute and man-
age plant-associated core microbiomes in agroecosystems in light 
of recent advances in medical science, microfluidics, robotics and 
computer science.

Initial assembly and core microorganisms
Significant progress in linking microbiome structure with host 
health has been made in medical studies, with increasing knowledge 
of common features in microbial dynamics28,29 towards effective 
manipulation of gut microbial communities30 (for example, faecal 
transplants between human individuals31). In agriculture, however, 
we have just started to build a general framework for managing the 
complexity of plant-associated microbiomes1,17,32. The ultimate goal 
is to identify successful strategies for converting microbiomes from 
uncontrollable, black box components into rich sources of functions 
in agroecosystems.

Microbiome types
If plants were to be randomly colonized by microorganisms in the 
environment, the potential combinations of coexisting species on 
plant shoots and roots would be vast. In reality, however, micro-
biomes are structured in such a way that individuals of a plant 
species may be classified into a small number of types (hereafter, 
‘microbiome types’) within a local population33. Recent studies have 
also shown that plant-associated microbiomes are often classified 
into a few groups depending on crop plant varieties34–36 and even 
cropping practices36,37. The concept of microbiome types, which 

are defined by the discrete or semi-discrete nature of microbiome 
structures (Fig. 3a,b), first appeared in medical studies on human 
gut bacteria30,38 and demonstrated how human individuals could be 
effectively classified into a few clusters based on their gut bacterial 
compositions, also known as ‘enterotypes’38 (see ref. 39). Invoking 
community theory, those studies argued that microbiome types are 
similar to what are known in ecology as ‘alternative stable states’, 
which represent locally stable, alternative equilibria of community 
or ecosystem dynamics40.

In general, shifting a biological community from an equilibrium 
to alternatives requires specific environmental perturbation41. This 
is why it can be difficult to change a disease-related microbiome 
type into a healthy microbiome: microbiomes tend to be both resis-
tant and resilient, returning to similar community structure after 
external disturbance or inputs of new species26,30,41. For example, 
Bifidobacterium or Lactobacillus introduced to human gut as benefi-
cial microorganisms are usually replaced by other microorganisms 
hence their ‘probiotic’ effects do not last without continually supply-
ing the host-benefiting bacteria through food or medicine42. Even if 
shifts from unfavourable (host-damaging) microbiome types occur 
as consequences of large perturbation (for example, antibiotic or 
fungicide treatment), such shifts would often result in unexpected 
fluctuations of microbiome structure43,44. Thus, altering established 
microbiome types remains a major challenge for human microbi-
ome management31.

Fortunately, changing established microbiome structures into 
alternative ones is not necessarily the main goal of plant microbi-
ome management. Because most crop plant species are annuals and 
their early developmental stages are easily accessible, it is possible 
to concentrate our efforts on establishment and maintenance of 
benign microbiome structures, rather than treatment of unhealthy 
host individuals as needed in medical science. Moreover, while 
human intestines are fluid environments with frequent perturba-
tions (inflow of diet and associated microbial colonizers), environ-
ments within plant tissue, especially those within root endospheres, 
offer some protection from physical perturbations45. Such environ-
ments likely allow early microbial colonizers to persist on host plant 
individuals. An experimental study on rice hosts demonstrated that 
microorganisms began to colonize the seedling root endospheres 
within 24 hours of first soil contact and reached a steady microbi-
ome state within two weeks36.

Priority effects in initial assembly
In plant microbiome assembly, small differences in the early colo-
nization processes, such as the order of species’ arrival, can result 
in large differences in community structure46,47 (that is, priority 
effects48). For example, a phyllosphere bacterium, Pantoea agglom-
erans, suppresses a pathogenic bacterium, Pseudomonas syringae 
(which causes basal kernel blight of barley), only when it is inocu-
lated to hosts earlier than the pathogen47. In species assembly, early 
colonizers often have an advantage because they can use space and 
resources earlier than other microorganisms and/or because they 
can produce physical barriers and/or antibiotics that slow coloni-
zation of subsequent microorganisms on the plants49 (a process 
known as niche pre-emption and modification48). Indeed, various 
taxonomic groups of plant-associated and soil microorganisms 
are known to produce antibiotics50,51, by which they would exclude 
competitors from endospheres, phyllospheres or rhizospheres. 
Similarly, early colonizers may alter jasmonic/salicylic acid lev-
els of host plants20,52, potentially changing immune responses of 
the plants to late colonizers. Moreover, phyllosphere microorgan-
isms forming biofilms on leaf surfaces can control assembly of 
air-borne microorganisms by protecting such late colonizers from 
UV and desiccation51.

Given the importance of priority effects in plant microbiomes, 
managing microbial assembly in seeds and seedlings should be 
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Fig. 1 | Entangled webs of below-ground interactions. In ecosystems, 
plants not only face biotic/abiotic environmental stresses but also interact 
with microorganisms with various functions. Nitrogen-fixing bacteria55 
and mycorrhizal fungi10, for example, supply solubilized nitrogen (N) 
and/or phosphorus (P) to host plants, thereby allowing us to reduce 
chemical fertilizer input into agroecosystems. Some of those symbionts 
are also known to enhance host plants’ resistance to drought and salinity 
stress15. Phyllosphere endophytes16,51, disease-suppressive bacteria13 and 
nematophagous/entomophagous fungi14,69 may play essential, but often 
overlooked, roles in suppressing populations of air-borne or soil-borne 
pathogens and pests. Untapped sources of microbial functions will be 
explored not only in agroecosystems, but also in natural ecosystems87,88.
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a research priority. Core microbial species are expected to estab-
lish more reproducibly in seeds and seedlings than in adult plants 
with established resident communities in endospheres and rhi-
zospheres45. Because pathogen infection at early growth stages is 
among the most devastating factors reducing yields of major crop 
plants (for example, soybean53), control of early microbiome assem-
bly could have a significant impact on agricultural production50. 
The question addressed below is how to take advantage of priority 
effects in controlling otherwise stochastic processes in early micro-
biome succession (Fig. 3c).

Deploying core microorganisms
Plant microbiome management based on priority effects can be exe-
cuted with three processes: (1) functional species recruitment, (2) 
pathogen/pest blocking, and (3) core reinforcement (Box 1, Fig. 2).  
First, beneficial species must be preferentially recruited. This pro-
cess is facilitated using microbial species that can recruit many 
other microbial species with desirable physiological functions1,54. 
These facilitator microorganisms would be the first to be inoculated 
in seeds or seedlings as pioneer symbionts, thereby preferentially 
recruiting communities from native pools of potential microbial 
symbionts through priority effects. A bacterial strain of Bacillus 
amyloliquefaciens is known to enhance soybean nodulation by a 
nitrogen-fixing bacterium, Bradyrhizobium japonicum55, and hence 
it is a prospective candidate to be used as an early colonizer.

Second, preferential assembly of microbiomes also provides 
a basis for preventing infection by pathogens and pests. Priority 
effects facilitate pathogen/pest blocking by allowing resident 
(early colonizing) microorganisms to slow or prevent the entry of 
antagonistic late colonizers16,49. In an experiment using tomato, for 
example, some resident bacterial communities, whose members 
competed for resources with a soil-borne pathogenic bacterium 
(Ralstonia solanacearum), significantly reduced the invasion suc-
cess of the pathogen into host plants49.

Third, identifying pairs or sets of core microorganisms (that is, 
core microbiomes, Fig. 2) that form strong facilitative and mutualis-
tic interactions with each other can further strengthen such recruit-
ment and blocking functions. For example, when co-inoculated to 
maize or soybean seeds, Azospirillum brasilense Az39 and B. japoni-
cum E109 play complementary roles in enhancing early seedling 
growth of host plants because the former bacterial strain is a better 
producer of phytohormones regulating root growth (indole 3-acetic  

acid and zeatin) and the latter is a better producer of a shoot-
growth promoter (gibberellic acid)56. By fuelling early host-growth 
synergistically, this pair of bacteria is expected to increase plant 
physiological homeostasis, promoting stable establishment of late 
colonizing microorganisms.

While screening of plant-growth-promoting microorganisms57 
will continue to represent an important research direction, we pro-
pose another direction of microbial diversity exploration by focus-
ing on roles of core microorganisms organizing community-scale 
phenomena. Core microorganisms (and core microbiomes), in our 
definition (see ref 58 for a simpler definition of the phrase), do not 
necessarily promote plant growth directly. Rather, they are expected 
to play pivotal roles in organizing assembly of plant-associated 
microbiomes within and around host plants. This means that a core 
microorganism may not only be a mutualist but also a commensal-
ist or even an antagonist when it is the sole inoculum in a plant 
performance assay. As microorganisms without direct benefits to 
hosts can play essential roles in specific community contexts, we put 
emphasis on optimizing functioning at the microbiome level.

Informatics for nominating core microorganisms
While a number of studies have demonstrated priority effects in 
plant microbiome assembly46,48,49, finding potential core microor-
ganisms with preferable priority effects is a challenge. To explore 
candidate core microorganisms, it is important to understand how 
microbial species in endospheres and rhizospheres interact with 
each other59. Network theory provides a ‘bird’s-eye’ view of poten-
tial microorganism–microorganism interactions49,60,61, by allowing 
us to understand which species are most likely to mediate interac-
tions among many others within microbiomes17,29,62–64. Combined 
with ‘bottom-up’ approaches for evaluating the persistence and 
ecological effects of synthetic communities19,3257,65, studies targeting 
in natura dynamics of microbial interactions will help us optimize 
relationships between introduced and resident microbiomes in 
agroecosystems.

Microbial networks
Diverse functional groups of microorganisms interact with each 
other within and around plants, forming complex webs of interac-
tions66 (Fig. 3a). Recent studies have demonstrated that the exact 
physiological effects of microorganisms on host plants will vary 
considerably depending on the community structure of plant 
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Fig. 2 | Managing native biomes using core microorganisms. a, Nominating core microorganisms. Within a microbial network, hub microbial species or 
strains are defined solely based on network topology data. Among those topological hubs, it is possible to explore candidates of core microorganisms that 
are expected to mediate interactions between plants and native microbiomes. b–d, In our definition (Box 1), core microorganisms are scored based on their 
potential for recruiting native microorganisms with diverse physiological and ecosystem functions (b) and potential for blocking pathogen/pest infection 
(c). Such roles of core microorganisms will be further reinforced by introducing pairs or sets of core microorganisms in facilitative interactions (that is, core 
microbiomes) (d).
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microbiomes67. Such background networks of microorganisms can 
be complex, not just in diversity but also in structure. For example, 
plant–microorganism interactions can involve symbionts that are 
physically nested within another symbiont. These partners can play 
critical roles: bacteria found inside hyphae of mycorrhizal fungi can 
contribute to plant–fungal symbioses by fixing atmospheric nitro-
gen or promoting fungal mycelial growth11,68. Likewise, microor-
ganisms can form unexpected connections with other organisms. 
For instance, Metarhizium robertsii, a common soil fungus, is both 
an endophyte and an insect pathogen. Its unique position allows it 
to provide insect-derived nitrogen to its plant host through fungal 
mycelia in exchange for host carbon69 (Fig. 1).

To encapsulate these dimensions of microbiome complex-
ity, a number of bioinformatic approaches have been developed 
to analyse microbial diversity and interaction networks based on 
high-throughput DNA sequencing61,70. Nonetheless, most plant 
microbiome studies have focused on either bacterial or fungal 
biomes, rather than both. Moreover, most current studies analyse 
networks connecting coarsely defined (often at the 97% sequence 
similarity level) operational taxonomic units that can hide meaning-
ful ecological variation, while informatics tools to perform strain- 
or individual-sequence-level analyses are now becoming available71.

Given the huge number of potential microorganism–micro-
organism associations, statistical pipelines for analysing network 

Box 1 | Three criteria for nominating core microorganisms

We propose a network theoretical framework for finding optimal 
core microorganisms based on three-step criteria (outlined in Fig. 2).

Functional species recruitment. In terms of potential roles in func-
tional species recruitment, each species (species i) in microorgan-
ism–microorganism network data can be scored by a simple index 
as follows:

∑ σ
σ

=
≠ ≠

F
w w i( )

,i
i k l

k l kl

kl

where species k and l are from the set of functional species (MF) in 
the microbiome (that is, k, l ∈  MF), σkl is the number of shortest paths 
between species k and l, and σkl(i) is the number of shortest paths 
between species k and l that pass through the focal species i. Unlike 
most network theoretical indices63, this index has user-defined 
weighting parameters; i.e., wk and wl for weighting the functions of 
species in the microbiome. We incorporated this flexibility into the 
index because individual farmers may vary in their strategy for pri-
oritizing multiple microbial functions. In the management of agro-
ecosystems suffering from root-knot nematodes, for example, one 
may want to put higher weighting values on nematophagous endo-
phytes than on mycorrhizal fungi. The weighting parameters may 
be also used for incorporating results of inoculation experiments 
comparing plant-growth-promoting abilities among microbial spe-
cies/strains12,55. Meanwhile, tools for annotating functional roles are 
increasingly available for both bacteria70 and fungi81, although their 
underlying databases need to be continually enriched.

In practice, we need more ecological information for annotat-
ing functional microbial species (MF) and setting species-specific 
weights (wk and wl). In most available microbial networks, a high 
proportion of species have not yet been ecologically annotated. 
However, given that species with the same functional roles often 
coexist in nature (that is, functional redundancy in microbi-
omes30), the above network index will help us find core microor-
ganisms even with our current knowledge of microbial functions.

Pathogen/pest blocking. Core microorganisms can be used not only 
for recruiting functional symbiont species, but also for blocking 
pathogens and pests in agroecosystems. By defining a set of plant 
pathogens/pests (MP) within a microbial network, a species i may 
be scored as follows:

∑ σ
σ

= −
≠ ≠

E
w w i( )

,i
i m n

m n mn

mn

where species m and n are from the pathogen/pest set MP and σmn, 
σmn(i), wm, and wn are defined as in the above recruitment index Fi. 
With user-supplied parameters weighting disease severity among 
pathogens (wm and wn), each microbial species will be evaluated 
in terms of its potential roles in blocking the entry of the defined 
pathogens/pests (m, n ∈  MP) to host plants.

By integrating functional species recruitment and pathogen/
pest blocking, the total benefits of a microbial species for its host 
plant will be scored as follows:

= +B F rE ,i i i

where r is a parameter for balancing two aspects of roles in micro-
biomes. The index is then standardized so as to vary from 0 to 1 
as follows:

′ =
−

−
B

B B
B B

,i
i min

max min

where Bmin and Bmax are the minimal and maximal scores of Bi 
within a network, respectively.

Core reinforcement. When each microbial species is evaluated in 
a network, we can further explore sets of microorganisms that 
promote the formation of robust microbiomes. In exploring best 
pairs of core species, we can take into account roles of respec-
tive species as well as compatibility between focal two species 
as follows:

= ′ ′R B B C ,ij i j ij

where ′B i and ′B j are total benefit scores of species i and j, 
respectively, and Cij represents co-occurrence patterns observed 
in microbial network data (Fig. 2). Several statistical approaches 
for evaluating co-occurrence patterns for pairs of microbial spe-
cies (or strains) (Cij) are now available33,61, allowing us to cal-
culate the Rij index and thereby predict reinforcement effects 
between pairs of microorganisms. However, the index does not 
represent metabolic interactions involving multiple microbial 
species. Therefore, the network-based method outlined here 
should be applied as a complementary, but not an alternative, 
approach to explore sets of cooperative microorganisms based 
on metagenomic and metatranscriptomic analyses118 of meta-
bolic pathways.
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architecture are essential49,60,61. These can be classified into two 
types. One is based on the ‘snapshot’ information of microbiome 
structure, in which signs of co-occurrence (or non-coexistence) 
can be statistically examined in each pair of microbial species33. For 
this type of analysis, compositions of microorganisms are evaluated 
simultaneously for tens or hundreds of plant/soil samples and then 
network links are inferred in pairs of microorganisms that show 
strong statistical signs of co-occurrence or segregated distribu-
tion61. These snapshot analyses are suitable for revealing patterns 
in microorganism–microorganism co-occurrence, which may indi-
cate interactions or shared environmental preferences (that is, niche 
overlap) among microbial species33,72. Although snapshot networks 
provide less information about functional inter-microorganism 
interactions than networks inferred with more sophisticated analy-
ses (for example, time-series analytical methods discussed below), 
they represent overall consequences of direct and indirect interac-

tions, in which host gene expression profiles altered by mycorrhi-
zal fungi, for example, may influence colonization success of some 
pathogens and/or nitrogen-fixing bacteria11,20,21.

Other emerging analytical methods for time-series community 
analyses (for example, empirical dynamic modelling73–75, sparse 
S-map76 and transfer entropy77) have the potential to reveal a more 
dynamic nature of microorganism–microorganism interactions64. 
For example, a time-series study of mouse gut bacteriome networks 
suggested that both Allobaculum and Ruminococcaceae bacteria 
positively influenced a Rikenellaceae bacterium when the mice were 
young, while the Rikenellaceae bacterium had negative impacts on 
Clostridiales and Ruminococcaceae bacteria in old mice76. Those 
analyses provide ways for inferring not only microorganism–micro-
organism interaction networks, but also more comprehensive webs 
of interactions among microbial population dynamics, abiotic envi-
ronmental fluctuations and gene expression profiles of respective 
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host and microbial species64. They will also help us evaluate how 
fluctuations in environmental conditions (for example, tempera-
ture, precipitation and edaphic factors) and/or host properties (for 
example, strains and physiological conditions) affect community 
dynamics73,74, as well as how priority effects of early colonizers per-
sist through host plant development. The precision and applicabil-
ity of these analyses, however, depend on the length and stochastic 
noise of particular time series as well as properties of the target sys-
tem’s dynamics (for example, its dimensionality and nonlinearity)78. 
In addition, relative abundance data obtained from high-throughput 
sequencing should be used with caution as they provide less infor-
mation than absolute abundance data in inferring microorganism–
microorganism and microorganism–host interactions79. Methods 
based on control-DNA calibration of high-throughput sequenc-
ing samples80 provide absolute abundance data and are promising 
for improving our ability to elucidate how microbial interactions 
change through time.

Network modules and hubs
When basic information about the topology of a microbial network 
is obtained, the next step is to evaluate properties of the network 
structure. These networks can be compartmentalized into a small 
number of ‘network modules’, in which microbial species/strains 
are densely linked with each other2,3637,61. Those microbial net-
work modules may have corresponding microbiome types, which 
are defined from the aspect of the microbiome structure of host 
plant individuals33,37 (Fig. 3b). As network modules can differ in 

microbial functions (for example, differential proportions of meth-
anogenic microorganisms among microbial network modules of 
rice36), plant hosts with different microbiome types may differ in 
physiological states.

With network topology data, we can further identify species 
that hold key topological positions within the network. These 
‘hub’ species coexist with most other species in each module (Fig. 
3b). In microbial networks, simple ‘centrality’ metrics63 are often 
used to score microorganisms based on their topology64. If micro-
bial networks are compartmentalized into modules, hub species 
of modules representing microbiome types of healthy plant indi-
viduals are also candidates to become core microorganisms; those 
hubs may be deployed to organize favourable plant microbiomes. 
It should be stressed, however, that hub species are designated 
solely based on positions within network topology, while we define 
core microorganisms by their high potential to organize microbi-
omes in ways that benefit host plants (Fig. 3c, Box 1). Thus, infor-
mation on hub species provides only the very first step in core  
microorganism screening.

Designing core microbiomes
While challenging, informatics of microbial network structure will 
help us design core microbiomes to be introduced, with top priority, 
to plants and agroecosystems. As databases and related informatics 
tools for inferring functional roles of microorganisms are increas-
ing in sophistication and depth70,81, microorganisms in network 
data can be classified, albeit not comprehensively, into functional 
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groups. The basic idea is to use such annotated network data to 
score microorganisms in terms of their potential positive impact. 
This can be done in silico by modifying existing network metrics. In 
Box 1, we illustrate how to identify microbial species that are placed, 
within a microbial network at central positions, interlinking other 
microorganisms with positive functions for host plants (Fig. 2b). 
This approach is also used to score species based on their potential 
ability to mediate interactions among pathogenic species in a net-
work—species with low scores are prospective in avoiding or slow-
ing the entry of pathogenic species to host plants (Fig. 2c). Based on 
the two criteria of functional species recruitment and pathogen/pest 
blocking, microorganisms in a network can be ranked to nominate 
candidate core microorganisms.

When each microbial species in a network is scored in terms of 
its potential for recruiting preferable species and blocking patho-
gens/pests, the next step is to explore best pairs or sets of core 
microorganisms (that is, core microbiomes, Fig. 2d). A best pair 
of core symbionts, for example, would be explored in a microbial 
network dataset by taking into account each microorganism’s score 
for functional species recruitment and pathogen/pest blocking as 
well as compatibility between two focal microorganisms (Box 1). 
In other words, exploring pairs or sets of core microorganisms that 
potentially interact with each other in facilitative or complementary 
ways62,82, would be a key step for designing core microbiomes. Such 
strategies of using pairs/sets of microorganisms have been applied 
in medical studies, wherein inoculated sets of microorganisms had 
persisted over time and had suppressed pathogens inside the human 
gut83. In plant science, unpredictability in the persistence levels of 
microorganisms introduced to plants24,25, and possible deleteri-
ous effects of microbial inoculation to ecosystems26,27, are poten-
tially reduced by designing optimal pairs/sets of microorganisms. 
Pioneering attempts to inoculate multiple microbial species have 
shown varied effects on plant performance15,16, stressing the need 
for more in planta or in natura studies.

The largest challenge in building informatics pipelines for 
designing core microbiomes, is collecting and cataloguing microbial 
functions. This is a daunting task. The majority of species in data-
bases, including many endophytic bacteria and fungi, have yet to be 
classified and many known plant-growth-promoting species have 
been classified as putative saprotrophs64,81, potentially causing biases 
in functional annotations. While an increasing number of studies 
are estimating microbial functions based on genome structure70 and 
experimental inoculation of microbial strains to crop plants12,15,19, 
we need to make more effort to collect and curate those data sys-
tematically. Nonetheless, novel informatics pipelines for maximiz-
ing synergistic microbial interactions based on genome data, and 
integrating multi-omics data (for example, metagenomic, transcrip-
tomic and metabolomic data), are becoming available84,85. Moreover, 
because microbiomes often involve species with the same, or simi-
lar, functions (that is, functional redundancy30), we may not need to 
annotate all microbial species in a network when we explore some 
of the potential best sets of core microorganisms.

agroecosystem management with core microbiomes
Emerging research focussing on core microbiomes will offer ways 
to mediate interactions between plants and their external biotic 
and abiotic environments. However, diversity and functionality of 
microorganisms, as well as microbial network structure, depend 
greatly on crop plant species/varieties and field conditions3,2337,86 
(for example, resident soil biota, particle size, pH, nutrient avail-
ability and tillage cycles). Therefore, we need to accelerate feed-
back between informatics and field monitoring to understand how 
crop production can be determined by predictability of function as 
linked to identity (for example, similarity in phylum- or order-level 
compositions of optimal microbiomes among sites or crop plant 
species/varieties) and regionality in resident microbiome composi-

tions and functions. Moreover, biotic/abiotic conditions can change 
through time in agroecosystems, potentially having great impact on 
the success of core microbiome introduction. We, hereafter, discuss 
how recent technical advances in microfluidics, robotics and com-
puter sciences are integrated towards next-generation agriculture, 
through which we can propose core microbiomes optimized for 
real-time conditions of local farms and plantations.

logistics of core microbiomes
Developing standardized methods for collecting and inoculating 
core microorganims onto hosts will require innovative research 
lines. While many endophytic bacteria and fungi can be easily iso-
lated from the environment65,87,88, there may be core microorgan-
isms that remain unculturable with standard techniques. In such 
cases, the development of microfluidic chips offers promise because 
these devices can precisely control density, shape and size of micro-
bial communities89,90. Physical micro-scale structure prevents the 
dominance of one species over others, and controlled diffusion of 
metabolites means that individual bacteria have a greater chance of 
survival. Such microfluidic devices91 for culturing microorganisms 
give hope to the possibility of adding novel microbial species/strains 
to culture collections.

Sophisticated methods for making ‘cocktails’ of microorganisms 
for host inoculation are likewise essential. In medical science, fae-
cal microbiome transplantation has been recognized as a promising 
therapy for otherwise intractable disease31 (for example, ulcerative 
colitis). Analogous approaches for crop plants7 would involve devel-
oping bulk soil transplants or extracted soil microbiome cocktails 
using centrifuge-based techniques, whose application to soybean 
has successfully allowed us to enrich symbiont cells from healthy 
plant tissue92,93 (Fig. 4a). Microbial cocktails could be further char-
acterized and deployed using microdroplet techniques94, in which 
pairs or sets of microorganisms are isolated (Fig. 4b). To realize 
more complex environmental conditions optimized for bacterial 
and/or fungal co-cultures, a series of emerging technologies and 
devices (such as X-ray computed tomography, three-dimensional 
printing, photothermal etching and various types of microfluidic 
chips) will allow us to introduce spatial heterogeneity and chemical 
gradients at micrometer scales89,90.

In embedding core microbiomes in agroecosystems, automated 
systems for inoculating plants with selected microorganisms are 
required (Fig. 4c). Single-cell chemical phenotyping with Raman 
spectroscopy enables rapid screening of microbial species/strains 
from mixed microbial cultures95. The sorted microorganisms can 
be automatically inoculated to plants using the RootChip or lay-
ered microfluidic devices90,96,97, which provide high-throughput 
platforms for placing sterilized seeds/seedlings on the culture/co-
culture media of core microorganisms. Chemicals promoting suc-
cessful establishment of core microbiomes in host tissue may be 
simultaneously supplied with such microfluidic devices as inspired 
by prebiotics, in which galacto-oligosaccharides are used to support 
Bifidobacterium populations inside host gut98. Core-microbiome-
inoculated plants might then be introduced to agroecosystems 
using unmanned planting machines22.

Portfolios with multiple cores
In maximizing contributions of core microbiomes within agroeco-
systems, biodiversity theory99,100 provides key insights. By inoculat-
ing differential sets of core microorganisms to individual seeds/
seedlings, for example, neighbouring plant individuals in an agro-
ecosystem may attract more or less different compositions of func-
tional microbial species in the environment (Fig. 4c). The resultant 
diversity in established microbiomes may work as insurance for 
crop production against abrupt weather events and/or the spread 
of specific pathogen strains at the ecosystem level, as predicted 
by ecological theories of portfolio effects100. Moreover, with high 
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microbial diversity within and around roots, soil phosphorous 
or nitrogen will be more efficiently supplied to plants as a con-
sequence of functional complementarity among coexisting micro-
organisms10,101. Accordingly, taking advantage of such functional 
complementarity and portfolio effects provided by microbiomes, 
we propose using multiple core microbiomes, which differ in taxo-
nomic and/or functional compositions of constituent microorgan-
isms, within a farmland.

When introducing microbial portfolios into real agroecosystems, 
theoretical studies will help us optimize spatial and temporal con-
figurations of crop plant individuals differing in core microbiomes 
(Fig. 5a). Given that spatial distribution of multiple plant varieties 
within a farmland (for example, ‘multilines’ of wheat, oat, rice and 
potatos102) can reduce impacts of pathogen outbreaks103, the best 
layout of multiple core microbiomes may be explored by simulation 
studies to prevent the spread of infectious disease. For example, it 
would be important to examine how spatial autocorrelations in core 
microbiome structures can determine agroecosystem-level resis-
tance to pathogen outbreaks. Likewise, considering that rotation of 
crop plant species is a key technique for suppressing pathogen and 
pest populations and avoiding soil nutrient imbalance99,104, studies 
exploring best microbiome rotation are prospective. Ecosystem-
scale models of disease and nutrient dynamics will help us design 
spatiotemporal configurations of multiple core microbiomes, as 
well as those of multiple crop plant species and genotypes105, in 
agroecosystem management.

Smart farming with aI and robots
Even if selected and designed core microbiomes are successfully 
introduced to agroecosystems, they may occasionally be replaced 
with unfavourable microbiomes after environmental perturbation 
(Fig. 5b). Moreover, in continual cropping systems, microbiomes 
may be easily altered due to outbreaks of native infectious micro-
organisms adapted to specific host plants. Shifts to disease-related 
microbiome types (‘dysbiosis’) have been also reported in medical 
science106. In patients with diarrhoea and inflammatory bowel dis-
ease, for example, gut microbiomes are characterized by decreased 
taxonomic diversity and by a disproportionate increase of virulent 
bacteria (for example, Clostridium difficile) after antibiotic treat-
ments or other kinds of host physiological perturbation106.

Innovations in data-driven medicine are expected to provide 
platforms for predicting and preventing dysbiosis. Artificial intel-
ligence (AI) based on neural networks, which can outperform expe-
rienced radiologists in interpreting medical (for example, X-ray) 
images107, has come to integrate genome, epigenome, immunome, 
metabolome and microbiome data—also known as ‘high-definition 
medicine’, such AI-based methods show ways to prevent and delay 
disease onset in human individuals108. Developing such multi-omics 
diagnostic platforms for smart farming (or site-adapted agriculture) 
is a prerequisite for detecting ‘early warning signals’109 of microbi-
ome dysbiosis and related plant physiological disorder in agroeco-
systems23. As Newton’s second law was re-discovered by supplying 
AI with motion-tracking data of various physical systems110, under-
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lying dynamics of microbiomes may be revealed by machine learn-
ing algorithms that integrate time-series observational data of 
plants in field conditions111. Nonetheless, time-series data are much 
less available in agriculture than in medical science in terms of both 
quantity and quality; accumulating standardized data with high 
temporal resolution is a prerequisite for AI-based management of 
agroecosystem states.

Albeit challenging, emerging technologies for field monitoring 
of plant physiology and microbiome structure will help us develop 
platforms for smart farming in the next 5–10 years (Fig. 5c). 
Imagery from unmanned aerial vehicles (UAVs), for example, now 
allows physiological phenotyping and disease monitoring at the 
individual-plant level, revolutionizing the spatial and temporal res-
olution of field data112,113. Such UAVs can be equipped with mobile 
phones and a series of portable analytical devices, providing remote 
sensing data114. In particular, when combined with mobile DNA/
RNA sequencers, UAV-based systems might allow us to monitor 
microbiomes and transcriptomes of plants under field conditions. 
Expression profiles of phosphate transporter genes, for instance, 
may be used as indicators of both nutritional and immune condi-
tions of plants12,19. By unifying multiple lines of those monitoring 
data, AI-based informatics (for example, several machine learning 
methods111 and transfer learning115) and novel mathematical meth-
ods for tracking biological community stability75 will allow us to 
explore best timing for introducing plants with core microbiomes 
and to forecast disease outbreaks in agroecosystems (Fig. 5c). Some 
of those technologies are ready for application in agroecosystems, 
however, integrating all the different components into a successful 
interdisciplinary approach is still a fundamental challenge.

Conclusions
Here we have focused on microbiome assembly in early stages of 
plant development and have outlined informatics pipelines for 
designing core microbiomes, which are expected to optimize inter-
actions between plants and indigenous microorganisms. We have 
also discussed how the strategy of optimizing microbial functions 
at the agroecosystem level will be made feasible by the integration 
of different lines of cutting-edge technologies. Such interdisciplin-
ary approaches of ecosystem-level management have the potential 
to maximize the assets, and limit the damages, of the 450-million-
year history of coevolution between land plants and their associated 
microorganisms116. While native biota are often treated as risk fac-
tors potentially causing disease outbreaks in agroecosystems, plants 
in natural ecosystems have also evolved means for maximizing 
benefits of microbiomes117. Core microbiome technologies will help 
crop plants reactivate immune and signalling pathways, and further 
capitalize on microbial services. Although economies of scale have 
historically favoured simplified management systems of uniform 
monoculture stands, it is becoming technologically and economi-
cally feasible to introduce various types of spatial and temporal 
heterogeneity to agroecosystems with the aid of automated plant-
ing machinery22. Optimizing spatiotemporal configurations of both 
plant genetic varieties and core microbiomes will be the key to man-
aging resource-efficient and pathogen-resistant agroecosystems.
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