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Abstract
The development of microbial networks is central to ecosystem functioning and is the hallmark of complex natural systems.
Characterizing network development over time and across environmental gradients is hindered by the millions of potential
interactions among community members, limiting interpretations of network evolution. We developed a feature selection
approach using data winnowing that identifies the most ecologically influential microorganisms within a network undergoing
change. Using a combination of graph theory, leave-one-out analysis, and statistical inference, complex microbial
communities are winnowed to identify the core organisms responding to external gradients or functionality, and then
network development is evaluated against these externalities. In a plant invasion case study, the winnowed microbial
network became more influential as the plant invasion progressed as a result of direct plant-microbe links rather than the
expected indirect plant–soil–microbe links. This represents the first use of structural equation modeling to predict microbial
network evolution, which requires identification of keystone taxa and quantification of the ecological processes underpinning
community structure and function patterns.

Introduction

Microorganisms profoundly influence human life and
global biogeochemical cycles [1], yet the dynamics of how
groups of microbes or, networks, develop across space,
time, or experimental treatments are enigmatic due to
complex interactions between community members [2, 3].
Though important studies exist (e.g., see refs. [4–6]), net-
work analysis of dynamic communities is hindered because
the number of samples in sequencing data are typically

much smaller than the number of taxa in each sample
(known as the “small n large p” problem) hindering the
calculation of association measures and downstream ana-
lyses [7]. One solution is to remove rare species under the
assumption that they add noise to multivariate analyses [8].
However, there is considerable evidence that some rare taxa
can have important ecological roles in complex commu-
nities [9, 10], and hence removing rare taxa risks systemic
misinterpretation of the data [11]. Data refinement must
retain ecologically relevant taxa while reducing the total
number of organisms to avoid eliminating key microbial
taxa during data reduction.

Co-occurrence networks are fundamental tools for
understanding microbial community pattern and process
[5, 12]. Large metagenomic datasets generated from rapidly
advancing sequencing technologies [13, 14] are amenable to
co-occurrence network construction, which allows study of
the microbial interactions imbedded in these datasets
[4, 15]. Microbial network dynamics are driven by a
plethora of interactions among their members, as well as by
environmental and host factors, such as immunological
processes in gut microbiota [16] or plant community
dynamics [17]. Microbe–microbe relationships exert
considerable influence over a range of host–microbe
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interactions—they can support health, promote disease, and/
or dictate resilience and resistance [18, 19]. To evaluate
holistic hypotheses about the interactions of highly com-
plex, dynamically changing networks with hosts or envir-
onmental gradients requires the construction of testable
hypothesis in a multivariate environment. To do so, it is
required that one has a coherent network that can be linked
to external drivers and functions.

To meet this challenge, we developed an iterative data
winnowing process for inferring community development
across gradients of extrinsic variables, which identifies the
most influential microorganisms within a co-occurrence
network, and the subsequent statistical processes to char-
acterize how influential microorganism interact with
experimental manipulations. The process draws on three
distinct mathematical processes: (1) ranking the ecological
importance of taxa across a range of centralities from graph
theory to capture a range of biological interactions, and to
mitigate against mathematical artifacts and overly restrictive
definitions of importance; (2) permutational analysis of
variance (PERMANOVA)-based sensitivity analysis to
identify key taxa responding to the gradient stimulus; and
(3) structural equation modeling to test hypothesized causal
links between microbial networks and the external gradient
of interest. We winnowed the soil microbial community of
a natural grassland undergoing smooth brome (Bromus
inermis Leyss) invasion and predicted microbial network
evolution across an invasion gradient. We demonstrate that
the data winnowing approach is broadly applicable over
changes in environmental conditions and as such can link
microbial network development to extrinsic factors or
functions.

Keystone taxa in microbial communities

Microbial keystone taxa are defined as highly connected
taxa (or nodes) that individually or in a subgraph (or
module) exert a considerable influence on microbiome
structure and functioning regardless of their abundance
across space and time [20]. Network analysis is a means of
inferring keystone taxa from microbial communities [4, 20].
Graph theory metrics like betweenness, degree, closeness,
and eigenvector centrality capture different aspects of node
importance and statistically identify keystone taxa in several
studies [21, 22]. Degree centrality is the summed number of
links per node, or the total number of shared connections
with other taxa. Betweenness centrality is the number of
shortest paths between all other taxa that pass through a
focal taxon [23]. Taxa with high betweenness are those that
share connections between modules that do not share many
intra-module connections, representing a potential pathway
for resource sharing between modules [24]. Closeness

centrality represents the relative distance of a focal taxon to
all other taxa in the network; identifying taxa that are close
(based on some measure of association like r or maximal
information coefficient) to many other taxa. Closeness is
essentially a global centrality version of degree, as it
incorporates distance information from all taxa in the net-
work [23]. Eigenvector centrality measures the tendency for
a focal taxon to share connections with other taxa that
have connections with many other taxa. Taxa with a high
eigenvector—well-connected taxa connected with other
well-connected taxa—may be good indicators of subgraphs
(or modularity) in co-occurrence networks [25]. Combina-
tions of local and global centrality measures have been
shown to collectively identify keystone taxa with 85%
accuracy [5], and therefore a union of centrality measures is
a more effective means of isolating keystone taxa than use
of a single centrality measure [20].

Network prediction in model systems

Keystone taxa perform important ecological processes
[22, 26, 27], but such network-based inferences need to be
complemented with experimental evidence showing the
impact of the keystone taxa on microbial structure and
function. However, co-occurrence networks are based on
the covariance of microbes across samples, thereby con-
founding typical methods of contrasting treatments to
identify key drivers of network development [28]. Though
recently developed methods assess if networks differ
[28, 29], we are still unable to link how/why networks differ
along extrinsic factors such as environmental gradients.
Structural equation modeling (SEM), a multivariate statis-
tical approach that tests putative causal relationships against
experimental data [30, 31], has potential to address this
shortcoming. SEM is theory oriented and capable of testing
a network of causal hypotheses by allowing evaluation of
simultaneous influences rather than individual (bivariate)
causes [32, 33]. SEM has yielded powerful insights into
microbial metabolites as drivers of soil organic carbon
accumulation [34], pathogens and disease progression [35],
and microbe–plant community dynamics [17]. Yet, to our
knowledge, SEM has not been used to predict the evolution
of microbial networks, which requires identification of
keystone taxa/modules and quantification of the ecological
processes underpinning spatial-temporal patterns in com-
munity structure and function [12].

To model causal hypotheses about microbial co-
occurrence networks, we drew upon a well-characterized
microbial dataset, consisting of archaeal, bacterial, and
fungal co-occurrences in a smooth brome-invaded fescue
grassland [17, 36, 37]. Smooth brome invasion lowers plant
species diversity in grasslands [38] and increases nitrogen
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availability [36]. Together, this initiates a cascade of soil
community changes including (1) suppression of dominant
bacterial species allowing rare species to increase in abun-
dance [37], and (2) increased bacterial diversity that leads to
reduced fungal diversity [17]. Calculation of co-occurrence
networks from soil samples collected along a gradient of
smooth brome invasion allowed us to build upon a
previously proposed causal conceptual framework [37] and
explore the rules governing microbial network assembly as
brome becomes more dominant.

Materials and methods

The dataset consisted of 16S ribosomal RNA (rRNA) gene
analysis of bacterial and archaeal operational taxonomic
units (OTUs), internal transcribed spacer (ITS) fungal
OTUs [37], plant roots identified using the trnL intron [39],
and environmental data that were collected from the soil A
and B horizons in 60 plots in a natural grassland undergoing
invasion by the forage grass smooth brome (Bromus inermis
(Leyss.) [40] (see Piper et al. [37] for field collection pro-
tocols). Briefly, to ensure even sampling across the full
range of the brome invasion (0, 40–50, 51–85, and >85%),
each plot had 14–16 samples in each of four classes of
smooth brome shoot abundance. Sampling locations were
determined using the random point generator in ArcMap
(ESRI, Redlands, CA, USA). Within each plot, we assessed
plant species cover and gathered grass, forb, shrub,
and litter biomass. Smooth brome biomass was collected
separately from other grass species. From each soil sample
we quantified pH, soil organic carbon, total soil nitrogen,
and litter carbon/nitrogen ratio, among other environmental
data [36].

Plant roots identified from DNA extracts
of mixed-species root samples

Plant roots, especially in grasslands, can be challenging to
study due to the difficulty of separating roots to species
based on morphology. To overcome this challenge, we
used the trnL intron to develop a reliable method
for estimating root identity and abundance in grasslands
[39, 41]. The details of this process are available in Lamb
et al. [39].

Bacteria, archaea, and fungi from DNA extracts
of soil samples

To identify and quantify composition of bacteria and
archaea, and fungal composition, we used 16S rRNA and
ITS gene sequencing and bioinformatics processing,
respectively, to obtain OTU feature tables for each

domain [17]. We sequenced bacteria on the Ion Torrent
platform (Contango Strategies, Saskatoon, SK, Canada)
using the universal 16S rRNA 515F/806R primer set that
amplifies a 291-bp fragment near the bacterial v4 region
[42]. Archaea were sequenced on the 454 FLX titanium
platform (Roche, Branford, CT, USA) using A344F/
A589R primers [43]. These archaea amplicon libraries
were sequenced from the forward primer at Genome
Quebec. Similarly, fungal and archaeal diversity were
assessed via triplicate reactions using ITS1F and ITS4
primers [44, 45] for fungi.

The pipelines for both the 16S and ITS datasets were
similar except for minor adjustments made to accommodate
the differences in sequencing platform. Subsampling was
required due to a varied read distribution; we subsampled to a
number of reads that would provide analytical power but
retained the most samples. Owing to this strategy, some
samples were excluded from the analysis due to very low read
numbers [37]. Taxonomic assignment of OTUs was achieved
using a naive Bayesian classifier implemented in mothur
against the Greengenes 2011 database [46–48]. We calculated
community evenness using Evar [49] and species richness as
the total number of OTUs in each sample. The majority of the
pipeline was conducted using the mothur software package
version 1.32.1 [47]. The details of this process are available in
Mamet et al. [17] and Piper et al. [37].

Feature selection identifies keystone microbiota
within invaded grasslands

We used an automated network co-occurrence approach to
reduce the number of taxa included in our downstream
analyses (Fig. 1). Here we leveraged the well-curated
microbial metagenomic dataset [17, 37] described above on
which to test our feature selection algorithm. We combined
the OTU matrices (6747 bacteria, 1339 archaea, and 4014
fungi; N= 12,100 OTUs × 109 samples) into a single
dataset to use as input for the first step of the winnowing
pipeline. To assign an occurrence probability to absent
species and reduce the influence of zeroes in the data, we
add-one smoothed the data to shift some probabilities from
observed to not observed OTUs.

We used the maximal information coefficient (MIC) to
generate an adjacency matrix among all OTUs. MIC
describes the relationship between paired variables,
regardless of presence or absence of linearity [50], and
hence is ideally suited to microbial data. MICs were gen-
erated using the python package “minepy” v. 1.2.2 [51]. To
predict ecological relationships among microorganisms
from abundance data, we generated degree, closeness,
betweenness, and eigenvalue centralities for each OTU
based on MIC adjacency matrix value ≥0.2. A low MIC
threshold of 0.2 was chosen to avoid excluding any
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potentially interesting OTUs (as indicated by centrality)
prior to the winnowing pipeline, while maintaining a rea-
sonable number of relationships in the dataset. Each

centrality measure was ordered and used to locate a max-
imum treatment effect between invaded and natural grass-
lands by iteratively adding OTUs based on increasing

Fig. 1 Conceptual diagram of the general winnowing and network
prediction algorithms for microbial taxa with example results using
degree centrality. Abundance data were conditioned using Laplace
(add-1) smoothed [65] to reduce the undue influence of absent or rare
species on subsequent network analyses (step 1). Correlation matrices
were generated using maximal information coefficient (MIC) [50]
(step 2). Centrality metrics drawn from graph theory highlight different
aspects of changing microbial populations (step 3) [66] (see Support-
ing Information for results of the other centrality measures). Win-
nowed microbial communities were ordered by decreasing centrality
(step 4) and a certain number selected (step 5) based on area under the
curve (AUC) sensitivity analysis of the metric of interest. The selected
operational taxonomic units (OTUs) were evaluated by treatment
effect (i.e., brome-invaded versus natural grasslands; step 6) by testing
the homogeneity of multivariate dispersions within groups using per-
mutational analysis of variance (PERMANOVA) [52] at 5% AUC
intervals. The F-statistic was scaled from 0 to 1 and spline-smoothed
(solid line) to facilitate comparisons among the datasets. The dashed

line indicates standard deviation calculated within a 5% moving
window. Closed circles indicate retained taxa. Points were plotted at
1% intervals around each cut-off point. The number of sequentially
ordered OTUs were selected to maximize the F-statistic and minimize
the standard deviation (e.g., 99 OTUs in blue text). To test the con-
sistency of the selection procedure, we ran a sensitivity analysis to
evaluate the effect of parameter selection on the winnowing process
conditioning for each centrality measure (select j OTUs per iteration;
step 7). BW betweenness, CL closeness, DG degree, EV eigenvector.
To generate the data used for the structural equation modeling (SEM),
we iterated the winnowing pipeline in a leave-one-out procedure to
quantify the contribution of each sample plot to abundance and cen-
trality for each OTU (n= number of samples; steps 8–9). We used the
sum of all OTU abundance-centrality distances to origin (step 10) as
an endogenous variable in our SEM. Winnowed OTUs are represented
by enlarged points with black outlines in the abundance versus
occupancy plot
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centrality metrics to a PERMANOVA using the R package
“vegan” v. 2.5–2 [52, 53]. We included OTUs at 1% con-
tribution intervals to the total area under the curve (AUC) of
the centrality metric and generated a series of PERMA-
NOVA F-statistics as a measure of treatment effect.
Because F-statistics were multimodal and highly variable
for low AUCs (suggesting selecting OTUs from this region
may not be based on stable F-statistics), we employed a
conservative approach and interpreted the maximum treat-
ment effect to be where a peak in F-statistic corresponded
with low variance as indicated by a moving standard
deviation at 5% intervals.

Here we used the winnowing algorithm to determine the
most important OTUs in terms of centrality in a complete
community. This method may or may not capture OTUs
that are important in subgraphs (modules), but possess
relatively low centrality measures in the complete graph
including all OTUs. One method to find potentially influ-
ential subgraph OTUs could be to select subsets of OTUs in
an iterative procedure that regenerates the graph after each
selection (i.e., sampling without replacement) and repeats
the subset selection to obtain a list of OTU importance at
both the graph and subgraph scales. To assess the sensitivity
of this method to: (1) number of OTUs selected per win-
nowing iteration, (2) chosen centrality measure (degree,
closeness, betweenness, eigenvector), and (3) correlation
type (MIC, Spearman), we selected 5 base-2 targets to
compare for agreement among OTU lists for different cor-
relation and centrality metrics. We compared OTU lists
generated by selecting 20, 22, 24, and 26 OTUs per iteration
without replacement to a 27 list. Similarity among lists
was assessed using the Jaccard similarity index [54].
The Jaccard similarity index is used for comparing the
similarity and diversity of sample sets—the index measures
similarity between finite sample sets and is defined as the
size of the intersection divided by the size of the union of
the sample sets.

Structural equation modeling of microbial networks
during smooth brome invasion

Using a comprehensive list that included a compilation of
all winnowed OTUs generated from the four centrality
measures, we generated a dataset that included sample,
OTU “importance” (i.e., centrality), and abundance. To do
this, we ran a leave-one-out analysis where each sample
was sequentially left out with replacement and then rebuilt
the network without the left-out sample in order to
quantify the centrality and abundance for each OTU
among the samples—achieved by summation of each
OTU contribution to sample centrality and abundance.
This resulted in a matrix of centrality × sample for each
centrality measure that was then used in subsequent SEM

of microbial network evolution under smooth brome
invasion.

We used these data to build upon the SEM framework
developed by Piper et al. [37], in which they assessed how
smooth brome influenced bacterial diversity during smooth
brome invasion of natural grasslands. Here we wanted to
build on this model to test if we could predict the evolution
of microbial networks during smooth brome invasion.
SEMs allow the exploration of networks of simultaneous
influences, rather than individual causes [17, 31]. The
method is thus appropriate for supporting causal inter-
pretations at the system (for example, brome–edaphic–
microbial network connectivity) rather than the individual
level (for example, brome–network). Before fitting the
SEM, we used general linear models with a quadratic term
to check for nonlinear relationships among exogenous
(solely explanatory) and endogenous (can be both response
and explanatory) variables; no nonlinearities were found.
To equalize variances we standardized variables by dividing
raw values by their group maximum. Improved model fit
was assessed based on reduced χ2 and Akaike information
criterion. Models were fit using the R package “lavaan”
v. 0.6–1 [55].

Here we tested three potential causal pathways through
which smooth brome may influence microbial network
development, via: (1) bacterial alpha diversity (richness or
evenness), (2) bacterial alpha diversity and direct plant
linkages, (3) bacterial alpha diversity and direct soil lin-
kages, and/or (4) bacterial alpha diversity and both direct
plant and soil linkages (see Supplementary Figs. S7–S10).

k-clique community analysis

As an independent test of winnowing robustness (i.e., do
the winnowed OTUs represent a real sub-group within the
microbial community), we quantified the connectivity of
the winnowed community using k-clique analysis [56]. A
k-clique community represents the union of all k-cliques
(complete subgraphs or modules of size k) that can
be reached from each other through a series of adjacent
k-cliques (where adjacency= sharing k–1 nodes) [57, 58]
—referred to as the clique percolation method [57]. This
method first requires locating all cliques (maximal
complete subgraphs) of the entire network, and then
identifying the communities by carrying out a standard
component analysis of the clique–clique overlap matrix
[56]. The methodology is described further by Palla et al.
[56] and the code is available at https://networkx.github.
io/documentation/networkx-1.10/reference/generated/
networkx.algorithms.community.kclique.k_clique_
communities.html.

All analyses were performed using python (https://www.
python.org/) and R v. 3.5.1 [59].
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Results

Putative keystone taxa within microbial
co-occurrence networks

The first step of the winnowing pipeline involved Laplace
(add-1) smoothing the data to compensate for zero values.
We generated co-occurrence networks from MIC [50]
adjacency matrices derived from OTU abundance tables
(Fig. 1). We considered |MIC| ≥ 0.2 as representing a viable
connection between OTUs (Supplementary Fig. S1).
Ordered plots of betweenness, degree, closeness, and
eigenvector centralities indicated near negative exponential

or power distributions of centrality metrics (Fig. 1 and
Supplementary Fig. S2). By iteratively adding OTUs of
decreasing centrality to sequential PERMANOVAs
between brome-invaded natural grasslands for each ordered
centrality, we detected 10–112 influential OTUs from each
centrality measure (Fig. 1 and Supplementary Fig. S2), for
a total of 115 unique taxa that were deemed influential
according to these criteria (Fig. 2 and Supplementary
Table S1). The unique taxa consisted of 90 bacteria and
25 fungi, but no archaea—consistent with previous
work that found that archaea did not strongly respond to
invasion or influence other members of the microbial
community [17].

Fig. 2 Structural equation model of smooth brome interactions with
soil properties, bacterial diversity, and microbial network connectivity
along a brome cover gradient. The winnowed network is based on the
union of centralities (degree, betweenness, closeness, and eigenvector;
n= 115 operational taxonomic units (OTUs)). Each node in the net-
work represents an OTU and each edge represents a pairwise asso-
ciation based on maximal information coefficient (MIC) >0.6. MIC
values <0.6 are not represented visually to avoid overwhelming
readers with superfluous detail that may obscure visual assessment of
the graphs. Edge thickness increases with increasing MIC and
node sizes correspond to degree. Structural equation modeling (SEM)

co-variates are colored by origin (light green represents vegetation
and brown represents soils). Solid arrows indicate notable effect sizes
(P < 0.10, dashed lines P > 0.10), where the thickness of the arrow
represents the strength of the relationship (green indicates positive, red
negative relationships). Standardized path coefficients are shown next
to pathways. Node color represents k-clique membership within
the winnowed dataset. k-cliques are complete subgraphs of k-nodes
[57, 60] and represent a validation of subgraph membership within the
winnowed community. Full results for the models are presented in
Supplementary Tables S2 and S3 and Supplementary Figs. S7–S11
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We determined that the winnowing procedure differed
among centrality metrics, though it was relatively insensi-
tive to differing selection magnitudes (Fig. 1 and Supple-
mentary Fig. S3a). Mean Jaccard similarity (intersection
over union of OTU lists between the initial and subset runs)
ranged from 75% for closeness to 94% for degree.

Increased network connectivity with smooth brome
invasion

We recreated networks highlighting the winnowed OTUs
for each smooth brome cover category. The magnitude
and frequency of co-occurrence connections increased
with smooth brome cover (Fig. 2 and Supplementary
Figs. S3–S6). Microbial network degree centrality increased
more than 12-fold between fescue and fully brome-invaded
grasslands as median MIC increased by 12% and the
number of strong connections (MIC ≥ 0.6) nearly doubled.
Thus, the winnowed network became more connected as
smooth brome became more dominant.

Prediction of core microbial networks

Of the 115 OTUs in the winnowed community (90 bacteria,
25 fungi), 89 bacteria and 19 fungi (94%) belonged to the
same k-clique (i.e., complete subgraph; Fig. 2 and Supple-
mentary Fig. S4), indicating robust selection of the core
community using the winnowing pipeline. k-cliques are
complete subgraphs of k-nodes [57, 60] and represent a
validation of subgraph membership within the winnowed
community. The winnowed community consisted of 13
bacterial and 2 fungal phyla (Supplementary Table S1).
Increasing smooth brome abundance increased alpha
diversity (evenness and richness) of observed bacterial taxa,
which augmented connectivity of the winnowed network
(Fig. 2, Supplementary Figs. S7–S11 and Tables 2–3).
Brome aboveground biomass (shoots) directly decreased
network connectivity. Smooth brome controls on microbial
network development were more pronounced near the
soil surface (i.e., in the A horizon) (Supplementary
Figs. S7–S11) and SEMs with both direct plant effects
(brome shoots) and indirect via bacterial alpha diversity
were the most important drivers of changes in microbial
network structure.

Discussion

The prediction of complex, dynamically changing microbial
networks allows us to build mechanistic models that
link community composition and biotic/abiotic factors to
ecological functioning in metagenomic datasets. Feature
selection based on ecological importance orthogonal to

abundance can help researchers winnow the community
down to microbes that are strongly responding to extern-
alities regardless of abundance. The winnowed community
may then be used in downstream hypothesis-driven ana-
lyses of network evolution among treatments.

Our data winnowing and causal hypothetical modeling
approach combines feature selection using co-occurrence
networks with structural equation modeling to character-
ize keystone OTUs and predict network evolution along
gradients or among treatment effects. Identifying the
causal links between microbial (e.g., archaea, bacteria,
and fungi) and macrobial (e.g., smooth brome) systems
provides the rationale for future manipulative experiments
to identify the molecular mechanisms of smooth brome’s
control of microbial networks. Such a combined SEM/
manipulative approach is an important tenet in ecology,
especially for assessing functional consequences of above-
and below-ground interactions in changing ecosystems
and predicting effects of global change [12]. Here we
assessed how microbial network assemblage and structure
changed in response to plant invasion. The winnowing
approach may be applied by researchers in any field—
whether it be exploring immunology in the human
microbiome [61], linking animal behavior with pathogens
[62], or managing the soil microbiome to improve crop
production [63, 64].

There is no one-size-fits-all solution for mitigating
the “small n large p” problem in metagenomic and micro-
biome studies. Our method addresses this problem for
experimental designs involving treatments or environmental
gradients. Notably, our method is adaptable to a wide range
of input data, which will make it readily functional with
higher-resolution datasets (e.g., single-nucleotide variants)
as they become available. In our example we used SEM to
link external factors to microbial network development;
however, the winnowing approach could also be used with
other popular statistical approaches such as generalized
linear mixed modeling or additive modeling to link graph
metrics to fixed or random experimental factors. This study
provides the analytical platform for researchers to explore
how interactions encoded within microbial networks link to
the outside environs, be they eukaryotic hosts or edaphic
factors.

Data availability

Processed sequencing data have been deposited into the
Dryad Digital Repository at https://doi.org/10.5061/dryad.
00b1d. These data include abundance and taxonomy for
archaea, bacteria, and fungi, as well as environmental data.
Steps 1–3 of the winnowing pipeline have been automated
online at https://winnowing.usask.ca/ and the R and Python
code for steps 4–10 are available at https://github.com/sua
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474/winnowing-pipeline-merged. A full port of the win-
nowing pipeline into a Python library is currently underway.
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