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Motivation Co-occurrence networks produced from microbial survey data are frequently used to identify interactions between community members.
This approach has the potential to reveal ecological processes, however a rigourous validation is missing due to the lack of direct evidence at the community
level. We use simulation of community dynamics for known interaction patterns and test how accurate the underlying interaction structure can be captured
by co-occurrence networks. Using this framework we also show how to identify keystone species and their topological fingerprints in co-occurrence networks.

Workflow A metacommunity with defined interactions between their
members is established and parameters are sampled. The metacommunity is
then subsampled to represent slightly distinct communities in different sites.
Community dynamics are simulated by applying a generalized Lotka-Volterra
model. The abundances of all community members are recovered at steady
state and subjected to co-occurrence detection. The mapping between interac-
tion structure and co-occurrence patterns is then directly compared.
The standard community settings are: an average of 100 species per site, carry-
ing capacities drawn from a uniform distribution, 80% shared species between
sites, a random interaction network structure with an average of 2 interactions
per species, and co-occurrence constructed from 100 sampling sites with ab-
solute abundance data and the Spearman correlation coefficient.

Berry and Widder Microbial interactions and co-occurrence networks

FIGURE 1 | Simulating microbial communities with generalized
Lotka-Volterra modeling for co-occurrence network testing. The main
steps in the simulations are (1) producing an interaction matrix and directed
network for a metacommunity, (2) simulating population dynamics in individual
communities until steady state abundances are reached, (3) constructing a

co-occurrencenetwork,and (4)evaluating theextent towhich theco-occurrence
network reflects the interaction network, as well as the ecological significance
of topological features of the network. Positive interactions and correlations are
indicated in black and negative interactions and correlations in red. In the
interaction network an arrow indicates the direction of interaction.

comparisons except Pearson vs. Spearman and Kendall vs. Bray-
Curtis). We compared co-occurrence network performance from
communities with either uniform or log-normal distributed
species when constructed with absolute data, relative abundance
data, and sparCC-corrected relative abundance data. Network
specificity was reduced for relative abundance data but was
restored by SparCC correction (p < 0.05 for both uniform
and lognormal distributions). However, SparCC correction led
to a decrease in sensitivity compared to absolute abundance
data (Figure 2C, p < 0.05 for both uniform and log-normal
distributions).

ECOLOGICAL PARAMETERS
Species richness and species evenness generally did not influ-
ence network sensitivity or specificity (Figures 3A,B, respec-
tively), though there was a dramatic loss of specificity for very
low species richness (10–20 species). Beta diversity, which was
calculated using Jaccard similarity, had a large impact on net-
work sensitivity. Specificity remained high at Jaccard similar-
ities ranging from 20 to 80%, but sensitivity increased with
increasing similarity. To evaluate the effect of site heterogene-
ity on network inference, we randomly varied the carrying
capacities of each species at each site. With increasing hetero-
geneity the co-occurrence network sensitivity initially dropped
rapidly and then plateaued, but the specificity remained high
(Figure 4A). We then considered the case of exclusionary envi-
ronments in which only a subset of species can survive in
both habitats. We simulated two habitats to which a certain

proportion of the species in the metacommunity were exclusively
associated while keeping constant the within-habitat site similar-
ity. When more than 20–30% of species were exclusive to only
one environment the specificity of the networks rapidly declined
(Figure 4B).

Interaction density (i.e., the average number of interac-
tions per species) dramatically reduced the specificity of co-
occurrence networks (Figure 5A). To examine the impact of
the topological interaction structure on co-occurrence inference,
we compared random networks (Erdös-Renyi, ER), small-world
networks (Watts-Strogatz, WS), scale-free networks (Barabasi-
Albert, BA), and small-world, scale-free networks with some
modularity (Klemm-Eguiluz, K). Barabasi-Albert scale-free net-
works had the lowest specificity (Figure 5B, p < 0.05). Key
topological properties of the network were reproduced at lower
but not higher interaction density (Figure 5C, mean degree:
r2 = 0.81 between 1 and 10, transitivity: r2 = 0.42 between
0 and 0.05, shortest path: r2 = 0.77 when >2). Centrality
measures (betweenness and closeness centrality) were not well
reproduced (r2 = 0.24 and 0.11, respectively). The power law
distribution of scale-free networks was also not well repro-
duced (Figure 5D). We examined the false positive rate (i.e.,
rate of spurious correlations) as a function of interaction
path length and found that in random networks the FPs
were primarily driven by species connected by a path of less
than or equal to 3 (Figure 5D). The false positive rate (with
interaction path length 2) was higher with higher node degree
(Figure 5E).
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Detecting interaction structure? To assess the (non-
linear) mapping between interaction structure and co-occurrence we analysed
how well mean degree, transitivity (clustering), shortest path and degree dis-
tribution (scale-free) is reflected in the co-occurrence patterns. The mapping
showed a linear relation within small ranges for all parameters tested, with
exception of the scale free network topology, which could not be recovered.
Special care needs to be taken with interaction hubs, microbes engaged in
very many interactions, because they strongly accumulate false positive cor-
relations due to indirect association of first neighbours among each other.
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FIGURE 5 | Effect of interaction structure on co-occurrence network
performance. The sensitivity and specificity of co-occurrence networks in
revealing direct interactions was tested using the standard community under
different interaction scenarios. (A) Interaction density of random (ER)
networks, or the mean frequency of an interaction between any two species,
was varied between 0 and 0.6. (B) Interaction networks with different
structures but with the same mean interaction density (0.02) were simulated.
Interaction networks were chosen to have random (ER), small-world (WS),
scale-free (B), and small-world, scale free and modular (K) properties. (C) The
ability of the co-occurrence network to reproduce the interaction network
topology was examined for a few key network parameters: the mean degree,

transitivity, the mean shortest path length, and cumulative degree
distribution. Black lines indicate regions for which a linear model was fit.
Standard community with mean species number set to 50 per site was used
for (C–E). (D) For ER networks of varying interaction densities, the false
positive rate (FPR) was determined with respect to the interaction path
length between the species incorrectly identified as directly interacting.
(E) For different interaction network structures, the per-species FPR was
identified with respect to the number of interactions (i.e., the interaction
degree) of the species. All comparisons in the left panel of (B) are significant
(p < 0.05) except where denotes with N.S. ! indicates p < 0.05 for all
comparisons against all other conditions that are not starred.

remained high at similarities ranging from 20 to 80%, the sen-
sitivity increased through this range with increasing similarity.
Samples with relatively high similarity in species membership are
therefore useful for constructing sensitive networks. Many real
microbial communities have a lower percentage of shared taxa
(e.g., Tap et al., 2009; Zinger et al., 2011), but this is largely due to

undersampling of rare species (Lemos et al., 2012). In this case, we
recommend removing species that are present in less than 20% of
the sampling sites to avoid spurious correlations. Specificity also
suffered for communities with average shared species above 90%,
but this will likely not be a problem in practice because this level
of similarity is seldom encountered in microbial surveys.
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The way of the keystone Keystones are commonly defined
as species that excert a disproportionally large effect on the ecosystem rela-
tive to their abundance (Power et al. 1996). Here we show that this effect
is conducted dominantly via indirect interactions, where the overall inter-
action quality is equally likely to be positive or negative. For the detection
of the keystones we evaluated the topology of both, the interaction and co-
occurrence networks. Keystones show high mean degree, high clustering and
high closeness centrality in their co-occurrence, while no significant trends
could be identified in their interaction topology.Berry and Widder Microbial interactions and co-occurrence networks

FIGURE 6 | Identifying keystone species in co-occurrence networks. For
keystone species analysis standard communities with mean species number
of 50 species per site were used. (A) For each species, the number of
species lost when it is removed from the community is plotted. The larger
number of species lost, the higher the keystoneness. Lost species are
separated into those that interacted either directly or indirectly with the
keystone, and the sign (for direct interactions) or the net sign (for indirect

interactions) of the interaction is shown. (B) Selected topological properties
are shown in example networks, with the color (from light to dark) and size
(from small to large) of each node scaled to the value of the property. Arrows
indicate possible keystone species based on the results shown in (C).
(C) Topological properties of keystones in both the interaction network (top
row) and the co-occurrence network (bottom row) colored by interaction
network type are shown.

EFFECT OF HETEROGENEITY AND GRADIENTS
The communities evaluated thus far have been at steady state,
a simplification that may not always be representative of many
complex communities (Briones and Raskin, 2003; Curtis and
Sloan, 2004; Shade et al., 2012). We therefore looked at how
variability in properties of local sites affects network infer-
ence. This was done by randomly varying the carrying capac-
ities of each species at each site, which can be interpreted
as adding inter-site heterogeneity in which each species has
a greater or lesser advantage, and thereby essentially adds
“noise” to the dataset. We discovered that as the heterogene-
ity was increased the co-occurrence network sensitivity ini-
tially dropped rapidly and then plateaued, but unexpectedly the

specificity remained high (Figure 4A). This indicates that co-
occurrence networks are robust to small differences in sample
sites or near-steady-state community conditions, and that while
some sensitivity is lost the specificity of the resulting networks
remains reliable.

Microbial surveys commonly compare samples across envi-
ronmental gradients (such as pH or temperature) or in very
different habitats (e.g., freshwater vs. saltwater) in which different
species are expected to thrive, which is also called habitat filter-
ing (e.g., Caporaso et al., 2011). To examine how co-occurrence
networks perform when sampling gradients or between envi-
ronments in which only a subset of species can survive in
both habitats, we evaluated the case of two habitats exclusive
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Conclusions
• Co-occurrence patterns are most reliably detected using about 25 samples of moderately distinct communities, but lose interpretability when habitat filtering

becomes dominant.

• Interaction structure is relatively well recovered from co-occurrence patterns within a small parametric range. If natural communities reside in this range
needs to be evaluated.

• Microbes with a high number of interactions (hubs) accumulate spurious (indirect) correlations and should be revisited in the course of the analysis.

• Species dependency on keystone members of the community is conducted dominantly via indirect interactions. The topological fingerprint for being
keystone includes high degree, high clustering, low betweenness centrality and high closeness centrality in the co-occurrence network.


