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Core microbiome members are consistent features of a dataset

that are hypothesized to reflect underlying functional

relationships with the host. A review of the recent plant-

microbiome literature reveals a variety of study-specific

approaches used to define the core, which presents a

challenge to building a general plant-microbiome framework.

Abundance-occupancy distributions, used in macroecology to

describe changes in community diversity over space, offer an

ecological approach for prioritizing core membership for both

spatial and temporal studies. Additionally, neutral models fit to

the abundance-occupancy distributions can provide insights

into deterministically selected core members. We provide

examples and code to systematically explore a core plant

microbiome from abundance-occupancy distributions. Though

we focus on examples from and discussions relevant to the

plant microbiome, the abundance-occupancy method can be

widely and generally applied to prioritize core membership for

any microbiome.

Addresses
1Department of Microbiology and Molecular Genetics, Michigan State

University, East Lansing MI 48824, United States
2Department of Plant Soil and Microbial Sciences, Michigan State

University, East Lansing MI 48824, United States
3Plant Resilience Institute, Michigan State University, East Lansing MI

48824, United States
4Great Lakes Bioenergy Research Center, Michigan State University,

East Lansing MI 48824, United States
5Program in Ecology, Evolutionary Biology and Behavior, Michigan

State University, East Lansing, United States

Corresponding author: Shade, Ashley (shadeash@msu.edu)

Current Opinion in Microbiology 2019, 49:50–58

This review comes from a themed issue on Environmental

microbiology

Edited by Roeland Berendsen and Klaus Schlaeppi

For a complete overview see the Issue and the Editorial

Available online 10th November 2019

https://doi.org/10.1016/j.mib.2019.09.008

1369-5274/ã 2019 The Authors. Published by Elsevier Ltd. This is an

open access article under the CC BY-NC-ND license (http://creative-

commons.org/licenses/by-nc-nd/4.0/).

Introduction
Core microbiomes are shared features of microbial com-

munities (e.g. Refs. [1–3]). Starting with a 2011 report of

a core microbiome ‘similar in composition to animal gut

microfaunas’ among carnivorous pitcher plants [4], the

scientific interest in identifying core plant microbiomes
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increased scientific interests after a seminal study of

Arabidopsis roots [5��]. Since then, the concept of a core

microbiome has been applied to many plant species

grown in numerous contexts, and as defined in a variety

of biologically or statistically motivated ways (Table 1,

Supporting Table S1 and references therein). Because of

their consistency, core microbiome members are

inferred to have some importance for host fitness (e.g.

Ref. [6]) and therefore potential for managing plant

microbiomes towards desired outcomes [7–12]. How-

ever, every study design is different, and there are

almost as many different ways to define a core micro-

biome as there are studies. Therefore, a remaining

challenge for microbiome research in general, and for

plant microbiomes in particular, is to synergize across

different studies towards a universal understanding of

the core microbiome that can be used to support micro-

biome prediction and management, across plant species

and contexts, and on a changing planet.

There are different motivations for wanting to define a

core microbiome (Supporting Table S1). Some studies

simply want to know which taxa are most abundant on a

host. This core definition can be informed by ranked

abundance curves. However, many microbial strains that

have functional consequences for plants often are rare

(e.g. many plant pathogens), and abundance-defined

cores miss important members that are not dominant

in the community. Other studies want to know which

taxa are always detected on a host or in a condition (e.g.

presence/absence). This core definition can be informed

by a Venn diagram. However, the preponderance of rare

taxa in microbiome datasets will inflate the number of

taxa detected in particular growth conditions or geno-

types. Therefore, a detection-defined core membership

may include many unimportant members that are tran-

sient to the conditions of interest. Finally, some studies

define core microbiomes by enrichment in particular

conditions (e.g. Ref. [13]). Therefore, core members

are those that are consistently detected in higher

abundance in the focal condition than comparative con-

ditions. This core definition incorporates aspects of

detection and abundance and can provide ecological

insights to prioritize members that are selected by the

host or adapted to the host environment.

There are some intuitive commonalities among the

approaches to define a core that have been recently

applied to plant microbiomes: they often include some

threshold of taxon proportional contribution and/or a
www.sciencedirect.com
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Table 1

Representative studies that have defined core plant microbiomes by abundance, occupancy, and both. Please see supporting Table S1

for a full list of studies and their details of plant species, compartment, and core microbiome definitions

Plant Study

Abundance 31 plant species [55]

Rice (Oryza sativa) [21]

Poplar tree (Populus deltoides) [56�]
Occupancy Maize (Zea mays) [22]

30 angiosperm species [57]

Sugarcane (Saccharum spp.) [58]

Combined Switchgrass (Panicum virgatum) and miscanthus (Miscanthus � giganteus) [20]

Maize (Zea mays) [59]

Canola (Brassica napus) [60]
minimal detection across samples. In ecology, these intu-

itive properties are called abundance and occupancy,

respectively. Abundance-occupancy distributions offer

a consistent, ecologically-motivated approach for priori-

tizing core membership. In macroecology, species abun-

dance-occupancy distributions are often applied to

explore large-scale patterns in taxon distributions ([14],

Figure 1). A taxon’s mean relative abundance is log10

transformed, and then plotted against the proportion of

discrete samples in which it occurs (with occupancy of 1 to

be found in all samples). Together, abundance and occu-

pancy provide rich information for interpreting diversity

patterns at both population and community levels.

The abundance-occupancy distribution can be used to

generate a supported hypothesis of core microbiome

membership from any type of community dataset, and

to then prioritize those core taxa for subsequent follow-

up studies to test their functional importance. Here, we

discuss first how the abundance-occupancy distribution

may be similarly applied and interpreted to prioritize

core membership over space and time (Figure 1). We

inform a threshold for core membership by quantifying

the contribution of top-ranked members (in occupancy)

to beta diversity. We then discuss the use of the neutral

model of microbial community assembly to discrimi-

nate taxa by community assembly processes underlying

their distributions. Fitting a neutral model through the

abundance-occupancy data can be useful for interpret-

ing and discussing core membership as well as for

hypothesis building. Finally, we end with caveats

and limitations.

Prioritizing a core microbiome over space

In macroecology, abundance-occupancy distributions are

commonly used to think about changes in diversity over

space [15�,16,17], though it has not often been applied to

think about ‘core’ taxa, a concept more actively applied

and studied in microbiome ecology [5��,18]. In micro-

biome ecology, there are several study types that have an

explicit spatial component and allow for direct transfer of
www.sciencedirect.com 
the abundance-occupancy method to the dataset. For

plant-microbiome studies in particular, spatial compo-

nents are inherent because of the high environmental

heterogeneity that is sometimes host-imposed (e.g. soils

chemistry, root zones) [9,19]. In some plant-microbiome

experimental designs, efforts are taken to minimize pot-

to-pot, row-to-row or field-to-field variability so that

interesting attributes to the factor of interest can be

isolated (e.g. plant genotype, management) [20�]. In other

studies, characterizing plant-microbiome changes to spa-

tial environmental gradients proffer a biogeographic

question in which space itself is the factor of interest

[21��,22]. Core microbiomes can be informed from any of

these spatial study designs using abundance-occupancy

distributions.

The spatial study design, however, is important for the

calculation of taxon occupancy. The simplest way to

calculate occupancy would be to have all discrete sam-

ples contribute equally to the total, expressed as a

proportion of 1 (or a percentage out of 100%). This

approach is most conservative and will restrict the core

to only those taxa that are detected in every sample, and

therefore will also be biased towards more abundant taxa

(see neutral model discussion, below). However, with

replication over space, it is sometimes ecologically rele-

vant to consider the replicates collectively and to elimi-

nate taxa that are inconsistent. Alternatively, occupancy

could be viewed as detection within a location/treat-

ment, such that as long as the taxon was represented in

each location (though not necessarily in all replicates

within that location), it was counted as occurring there.

This approach is less conservative and so there may be

false positive taxa that, upon functional testing, are later

dropped from the core set. However, this approach is also

more likely to include taxa that are in, on average,

medium to low abundance, depending on the structure

of the community.

A systematic exploration of the core is advised to deter-

mine the ecologically-supported core membership and
Current Opinion in Microbiology 2019, 49:50–58
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Figure 1

Current Opinion in Microbiology

A generalized method to use abundance-occupancy distributions to prioritize core microbiomes over space and time. (a) Spatial (orange)

and temporal (green) study designs have different considerations and priorities for determining occupancy. (b) A taxon table of taxa

(operational taxonomic units, OTUs) in rows and samples (communities, including replication) in columns. Presence/absence  is shown by

shading of the cells, and taxon counts (abundances) are the cell values. (c) Occupancy is determined according to study design,

considering detection across site or over time, plus replication consistency. Spatial and temporal methods proceed similarly after the

indices for ranking are calculated. (d) Taxa are ranked by index. (e) Bray-Curtis similarity is calculated for the whole dataset, and then also

for only the top-ranked taxa. The contribution of the top-ranked taxa is divided by the total Bray-Curtis similarity to calculate a percent

contribution of the prospective core set to beta diversity. The next-ranked taxon is added consecutively to find the point in the ranking at

which adding one more taxon offers diminishing returns on explanatory value for beta diversity. (f) A hypothetical example of the neutral

model of community assembly fit to an abundance-occupancy distribution. Each point is a different taxon, and the core taxa are blue large

points while non-core taxa are small black points. Each point is a taxon plotted by its mean log10 relative abundance and occupancy, the

solid green line is the neutral model, and the dashed gray lines are 95% confidence intervals around the model fit. The points that fall

outside the 95% model confidence are inferred to be deterministically, rather than neutrally, selected. Points above the model are selected

by the (plant) environment, and points below the model are dispersal limited.
threshold [23], though it should be combined with

ecological insight from the experimental design and

research question posed. We recommend an iterative

exploration to quantify the explanatory value of the core

membership for beta diversity (Box 1, Figure 1–5). This

process includes ranking taxa by occupancy, consecu-

tively determining the collective contribution of ranked

taxa to the beta diversity, and applying a threshold that

suggests diminishing returns when adding the next

ranked-taxon.

Given the high environmental heterogeneity across

soils, another spatial consideration is the range of the

biogeographic area included in the study. A global

study should expect to harbor more diversity and fewer
Current Opinion in Microbiology 2019, 49:50–58 
taxa with an occupancy of 1 than a greenhouse study

using a standard potting soil mix. Therefore, while

there will not be a one-size-fits-all core inclusion

threshold, use and systematic exploration of a core

set from abundance-occupancy distributions can pro-

vide a consistent approach for prioritizing ecologically

important taxa over space and time.

Prioritizing a core microbiome over time

Longitudinal studies in microbiome ecology are becom-

ing more common, and are of particular interest for

plants-microbiome because of known changes in phyto-

hormone and root exudate production over plant

development [24–26]. Another interesting temporal

component is how plants with perennial or biannual life
www.sciencedirect.com
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Box 1 Quantifying the contribution of the core membership to beta diversity
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One way to systematically explore the abundance and occupancy inclusion thresholds used to define the core microbiome is to ask how well the

resulting core membership reflects the overarching patterns of the full dataset, or beta diversity. Here, we offer one method and R code to

systematically explore the core inclusion criteria. We emphasize that the calculation can be applied to different study designs: a replicated time series

(Figure i-A, switchgrass phyllosphere [20]); a genotype-defined core (Figure i-B, monkey flower ecotype recruitment in a reciprocal transplant

experiment [48]); and a site-defined core (Figure i-C, a biogeography study of common bean planted across U.S. growing regions, unpublished data

from the authors). In each case, abundance-occupancy distributions are fit to the neutral model. The solid line show the model fit with dashed lines

showing the 95% confidence intervals. Points highlighted in green, blue or orange are those found to belong to the spatial, genotypic or temporal plant

core, respectively. The R code for the neutral model is from Ref. [32].

Taxa are first ranked by occupancy according to the study design, and there is an option to also include a weight for taxon abundance. Then, the

contribution of a subset of core taxa to beta diversity is quantified by calculating the proportion of total community resemblance that is attributable to

the core subset. We use Bray-Curtis (Eq. (1), see also Ref. [40]), but other resemblances are interchangeable with the note that different resemblances

emphasize different aspects of beta diversity and should be considered carefully.

Finally, to identify a point in which an increase in the core inclusion threshold will offer marginal return in explanatory value, we offer two methods: a

more stringent ‘elbow’ approach (first-order difference, see explanation below) and a final percent increase in beta-diversity (we recommend 2% or

more).

The cumulative explanatory value with adding the next-ranked taxon into the core (e.g. as in Figure 1 part 5) are shown for each of the datasets in

Figure i. The red line distinguishes core taxa by the first-order difference and the green, blue or orange line by the last 2% increase in explanatory value

by Bray-Curtis similarity. In Equation 1, C is the ontribution of a set of ranked taxa (by occupancy/abundance) to the total Bray-Curtis similarity, and BC

is Bray-Curtis, designated as including all OTUs or only a hypothesized core set.

Equation 1

C ¼ 1 � BCOTUcore

BCOTUall

The method to find the ‘elbow’ of a graph is based on the first-order difference (from numerical differentiation). In this method, a score is assigned to

each cutoff point by separating the curve into two parts and calculating the difference in the average rates of change for both of these parts. Then, the

elbow point is selected to be the cutoff point that maximizes this score.

The script for the analysis, including elbow and percent increase methods for selecting a core, can be found at https://github.com/ShadeLab/

PAPER_Shade_CurrOpinMicro.
histories may differently recruit and maintain core

microbiome members from plants with annual strategies

[27]. In addition, some plant compartments, like epi-

phytic phyllosphere surfaces, may be expected to expe-

rience greater environmental fluctuations over time (sea-

sons) than other compartments, like root endophytes
www.sciencedirect.com 
[21��]. However, there is much work to be done to

understand how the microbiota that live in these com-

partments change temporally, and, because destructive

sampling is typically required, there can be logistical

challenges in executing temporal replication within a

study’s design. Therefore, quantitative temporal studies
Current Opinion in Microbiology 2019, 49:50–58
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of core plant-microbiota are at their onset and the field is

relatively open.

Abundance-occupancy distributions have been applied

in other systems to identify core microbiota over time.

‘Persistent’ and ‘transient’ were used to categorize

microbiome members by occupancy bins over a daily

time series in the human gut [28]. A neutral model was

applied to abundance-occupancy distributions that

were calculated from data collected over discrete time

points in zebrafish development [29]. Given the need to

understand microbiome changes over plant develop-

ment or with seasonal changes, these approaches are

conceptually aligned with goals in plant-microbiome

research.

As for calculating occupancy over space, there are

considerations for collapsing the occupancy axis to

include only the most ecologically relevant series for

the question rather than the entire sample set. This is,

arguably, more important for defining core microbiome

over time because occupancy is indicative of persis-

tence: which taxa are most consistently detected in

association with the plant, even as the environment

changes over time. Persistence is a key ecological

consideration for the maintenance of system stability,

which is often a translational outcome desired in under-

standing core microbiota. In addition, the temporal

dynamics of core plant microbiota offer important base-

line series against which to compare disturbances (e.g.

for crops, growing seasons with flood, drought, or other

management changes).

We have recently used abundance-occupancy distribu-

tions to prioritize a core in the perennial switchgrass

phyllosphere (epiphytes), grown in the field for up to

two seasons in a replicated block design [20�]. We

discuss this work in detail to show how the occupancy

calculation can be ecologically informed. Because we

were interested in the seasonal trends in microbiome

structure, replicated plots were crucial for identifying

consistent core members, and occupancy was conserva-

tively defined to include taxa detected in all replicate

fields at a given time point. Defining the core set as

having an occupancy of 1 at any time point accounted

for the seasonal aspect of the dataset, and then we were

able to observe which of those members were also

persistent over the growing season and across two years.

We found that much of the core membership had high

mean abundance and also were persistent seasonally,

and that it was the collective dynamics of these core

members that defined the temporal patterns in beta-

diversity for the study (Box 1). In summary, setting a

core microbiome occupancy threshold of 1 for a longi-

tudinal study is likely overly conservative when envi-

ronmental changes occur, but a replicated time series

can offer support for prioritizing core taxa that are key
Current Opinion in Microbiology 2019, 49:50–58 
at particular times and under particular seasonal

conditions.

Neutral model to inform core taxa that are

deterministically assembled

The general shape of the abundance-occupancy distribu-

tion is expected to be an ‘S’, with the most abundant taxa

exhibiting highest occupancies and the rare taxa exhibit-

ing lowest occupancies (Figure 1). This is the ‘neutral’

expectation of the data that assumes unlimited dispersal

of microbial cells and no fitness differences among taxa.

This neutral model was discussed in detail and brought to

the attention of many microbial ecologists by Sloan and

Curtis in their theoretical explorations and applications of

abundance-occupancy distributions from wastewater

treatment microbial communities [30,31].

The neutral model is used as a null hypothesis of com-

munity assembly, and is often tested in parallel with

deterministic models to ask which model best describes

the overall community assembly. However, the neutral

model can offer an interesting extension to prioritizing

core microbiota because it can discriminate taxa that are

expected to be deterministically selected from taxa that

are expected to be neutral (e.g. occupancy as expected,

given mean abundance). Taxa that fall outside of the

confidence intervals meet a deterministic expectation

(Figure 1). In particular, taxa that fall above the neutral

model prediction are in higher occupancy than expected

by their mean abundance in the dataset, and taxa that fall

below the prediction are in higher abundance than

expected by their occupancy. For plant microbiomes,

we may interpret this to form a hypothesis that, in the

former case, the plant environment selects for these taxa,

and, in the latter case, that these taxa are dispersal

limited. Parallel interpretation was previously applied

in the developing zebra gut, human lungs and skin, as

well as from a wider range of hosts and environments

[32��,33,34,35,36,37,38]. Among the core set of taxa

selected by abundance and occupancy, those that are

deterministically selected above the model fit (selected

by the plant environment) can be given heighten priority

for robust colonization efficiency and/or the potential to

have interactions with the plant. Therefore, we recom-

mend exploring the assembly mechanisms of core taxa to

glean deeper ecological insights into their distributions

and to guide functional follow-up studies.

Considerations and limitations

We have focused on the application of abundance-occu-

pancy distributions to detect core microbiomes from

marker gene amplicon datasets, such as the 16S rRNA

gene or the ITS region. The motivation for this focus is

because of the continuing utility of marker genes for

large-scale and cross-system analyses to inform generali-

ties in the core plant microbiome (Box 2). However, a

consideration when using this approach concerns
www.sciencedirect.com
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Box 2 A case for continued analyses of marker genes for

prioritizing the core

High-throughput sequencing is a standard method used to assess

cultivation-independent microbial community structure based on

phylogenetically-informative marker genes (e.g. 16S rRNA, ITS or

18S rRNA genes). Because of multiplexing and high-yield sequence

output, marker gene sequencing studies are increasing in the com-

plexity of their designs and the number of samples included for

comparison. Microbiome comparisons are being conducted at

unprecedented spatial and temporal scales, and including hundreds

to thousands of genotypes with genome-wide association studies [

49]. To this end, marker gene datasets, and especially 16S rRNA

gene amplicon datasets, remain the most numerous and broad as far

as inclusivity to various plant species, genotypes, soils, conditions,

and ecosystems. While these cannot speak directly to microbial

functionality in situ [50], there is evidence that particular microbial

traits can be very phylogenetically conserved [51]. Regardless,

marker gene studies remain the most useful for large-scale analyses

and meta-analyses. Meta-analyses of datasets combined across

different studies offer a key strategy for gaining macroecological

insights into the causes and consequences of plant-microbiomes

diversity.

Recent works suggest that there are a suite of functional genes

commonly harbored by plant microbiomes that are of importance for

plant-microbe interactions [52,53��,54]. Therefore, we suggest using

abundance-occupancy distributions from marker gene studies to

prioritize members that are likely to have functional importance. An

advantage is that marker gene studies often offer deeper observation

of taxa that are in low abundance (rare) than what can be covered by

metagenomes, allowing for a window into identifying core taxa that

are persistent but not highly abundant.

After using a marker gene study to prioritize a core, it is important

then to follow-up with studies to confirm their functionality. These

experiments include isolation and construction of synthetic ‘core’

communities, and also direct plant-microbe experiments to quantify

any benefit to the host in both unstressed and stressed conditions.

Comparative genomics on sets of consistently defined core mem-

bers will provide insights into their common functional genes and

interaction mechanisms. Taken together, marker gene analysis

remains a first step in interrogation of the core plant microbiome.
informed interpretation of the core given inclusion crite-

ria without functional data. For example, taxa that lay just

outside of abundance-occupancy thresholds for core

inclusion may later prove to be functionally important.

Researchers will be most confident in the inclusion of

core taxa that have the highest abundance or occupancy,

simply because there are more robust patterns apparent of

the taxa that are observed more frequently. Taxa that

conditionally contribute to the system may not meet the

inclusion criteria for ‘core’ based on their abundance-

occupancy, but we suggest using complementary

approaches to identify these responsive taxa [39,40],

especially for longitudinal studies or after stress.

Additionally, taxa in high occupancy may be contami-

nants that were introduced during sampling or processing.

Proper controls, especially for low biomass samples like

the leaf endophyte, flowers, and seeds, are required to

discriminate core taxa from contaminants [41,42�]. Also,
www.sciencedirect.com 
core taxa in high occupancy should be compared to taxa

found in bulk soils. It is expected that bulk soils are a

reservoir of plant microbiome diversity, and so detection

of potentially core plant taxa in bulk soil does not invali-

date their potential importance for the plant. Statistical

analyses that discriminate differences in relative abun-

dances of high occupancy taxa between bulk soil and

plant environments can provide deeper insight as to their

specificity to the plant. Discriminant analyses (e.g. Ref.

[43]), indicator taxon analysis [44], and many other statis-

tical methods can be used to assess taxa abundance

differences between bulk soils and plants.

The way that the operational taxonomic units are defined

will ultimately influence the size of the core. There has

been a rise in popularity of defining taxa at 100%

sequence identity rather than 97% sequence identity

[45,46]. For simplicity, we will refer to these as zero-

radius OTUs (zOTUs), but there are other terms applied

to these clusters (amplicon sequence variants, exact

sequence variants). On one hand, using zOTUs may

decrease the number of taxa observed at the full occu-

pancy of 1, but on the other hand, it may also allow for

redundant taxa within the core from sequencing errors;

these zOTUs that would have otherwise been clustered

with the parent sequence at 97% identity. Without

compromising on rigorous quality control of the raw

sequencing data, we recommend using a lower identity

threshold to first cluster (e.g. 97% sequence identity) and

for the initial exploration of abundance-occupancy dis-

tributions. Then, those core taxa that are found to con-

tribute substantially to beta diversity can be subset and

re-clustered at 100% to determine potential strain-level

variation and their distributions for each core taxon. The

benefit of this approach is that zOTUs that are derived

from the same 97% OTU and exhibit identical dynamics

can be collapsed together as an ecotype. This does not

mean that the collapsed zOTUs are identical, nor confirm

the one zOTU is a sequencing error of the parent zOTU,

but it does mean that these taxa have redundant ecologi-

cal patterns in association with the plant. Collapsing them

reduces redundancy in the dataset and supports focus on

an ecological core membership. Because it has been

shown that using zOTUs or OTUs defined at 97%

sequence identity often reveal the same overarching

patterns in comparative diversity [47], it is expected that

either taxonomic definition will adequately inform a core

subset that can be prioritized for functional studies.

In our review of the literature for Supporting Table S1, we

noticed that some studies did not include the analysis of

the core microbiome as part of the description of the

statistical methods, often mentioning the inclusion crite-

ria almost as an aside in the results section. Applying

abundance-occupancy distributions to discover a core

emphasizes the need for careful statistical consideration

and transparency about the underlying data structures for
Current Opinion in Microbiology 2019, 49:50–58
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the inclusion criteria, and potentially will lead to

improved oversight and rigor in the methods. Making

the code and statistical workflows available as to exactly

how the core was defined (Box 1), and including these

details in the statistical methods sections of manuscripts,

will increase reproducibility across studies and support

general understanding of core microbiomes.

Conclusions
Members of the core microbiome can be discovered and

prioritized from amplicon sequencing datasets using the

abundance-occupancy distributions borrowed from

macroecology. These distributions can be similarly

applied to both spatial and temporal study designs, and

then combined with neutral models to improve hypothe-

ses about the drivers of core microbiome assembly, to

interpret mechanisms that select for core taxa, and to

inform discussion and interpretation of the core. Abun-

dance-occupancy distributions allow researchers to dis-

cover and prioritize members of the core microbiome

based on their underlying ecology. They can offer a

systematic first step towards understanding the functional

importance of the core for the plant. More generally, this

framework from macroecology can offer strategies to

predict and understand core microbiomes [15�–17].
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