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Mapping the imprint of biotic interactions on b-diversity
Abstract
Investigating how trophic interactions influence the b-diversity of meta-communities is of paramount importance to understanding the processes shaping biodiversity distribution. Here, we
apply a statistical method for inferring the strength of spatial dependencies between pairs of species groups. Using simulated community data generated from a multi-trophic model, we showed
that this method can approximate biotic interactions in multi-trophic communities based on
b-diversity patterns across groups. When applied to soil multi-trophic communities along an
elevational gradient in the French Alps, we found that fungi make a major contribution to the
structuring of b-diversity across trophic groups. We also demonstrated that there were strong
spatial dependencies between groups known to interact specifically (e.g. plant-symbiotic fungi,
bacteria-nematodes) and that the influence of environment was less important than previously
reported in the literature. Our method paves the way for a better understanding and mapping of
multi-trophic communities through space and time.
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b-diversity, graphical lasso, graphical model, interaction network, meta-communities, partial
correlation networks.
Ecology Letters (2018) 21: 1660–1669

Understanding the processes that determine the spatial structure of biodiversity is one of the overarching goals of ecology
(Ricklefs 1987). In particular, the study of b-diversity, the
change in species identities (or species groups) across sampled
locations, sheds light on different ecological, evolutionary and
biogeographic processes (e.g. Graham & Fine 2008; Anderson
et al. 2011). For a given regional species pool, the processes
responsible for b-diversity are usually assumed to be environmental filtering, dispersal limitations and biotic interactions
(HilleRisLambers et al. 2012; Meynard et al. 2013).
Previous studies have sought to analyse b-diversity by teasing apart the effects of environmental filtering from biotic
interactions along environmental gradients on a single group
of species (e.g. Peay et al. 2016 for fungi; reviewed in Hanson
et al. 2012 for bacteria; Mazel et al. 2017 for mammals; Chalmandrier et al. 2015 for plants). However, biotic interactions
across groups are also expected to drive the structure and distribution of biodiversity. For example, plant-pollinator,
trophic (e.g. prey–predator or plant-decomposers) and hostsymbiont (including pathogens, mutualistic and commensal
organisms) interactions strongly impact diversity distribution
and ecosystem functioning (Brose & Hillebrand 2016). These
interactions among groups of species, although not necessarily
species-specific (Walker et al. 2011; Peay et al. 2015), harbour
some degree of specificity due to trait constraints and shared

habitat preferences (e.g. Allesina et al. 2008; Gonzalez-Varo
& Traveset 2016). This spatial interdependence among groups
implies that the b-diversity of a single group is likely to be
contingent to that of the other groups. Hence, studying how
the b-diversity of multiple groups covaries along environmental gradients should help better understand their spatial distribution and uncover their interactions. In particular, soil
systems provide several examples of coupled biological systems (Wardle 2006; Bardgett & Wardle 2010); for example
plant-mycorrhiza associations (Smith et al. 2008), direct plant
control on fungal communities (Broeckling et al. 2008), preda€
tor-prey relationships (Hedlund & Ohrn
2000) or plantdecomposer relationships (H€
attenschwiler et al. 2005). Empirical evidence suggests that these biological couplings could
indeed produce spatial dependencies between the b-diversity
of the different groups (e.g. plants and fungi or bacterial turnover, Zinger et al. 2011; Prober et al. 2015; Geremia et al.
2016; aquatic macro/micro consumers and producers Matias
et al. 2016). However, such studies remain seldom due to difficulties in compiling comprehensive multi-trophic inventories
(but see De Bie et al. 2012; Matias et al. 2016; Kefi et al.
2016). While, amplicon-based DNA analysis of environmental
samples (i.e. environmental DNA, Taberlet et al. 2012; Kress
et al. 2015) holds the promise to unlock this limit by enabling
consistent all-biodiversity environmental surveys in soils (Tedersoo et al. 2016; Zinger et al. 2017) or aquatic environments
(Lima-Mendez et al. 2015), we still critically miss appropriate

1

5

INTRODUCTION

University Grenoble Alpes, CNRS, Univ. Savoie Mont Blanc, CNRS, LECA,

Laboratoire d’Ecologie
Alpine, F-38000, Grenoble, France
2

Department of Botany and Biodiversity Research Centre, University of British

Columbia, Vancouver, BC V6T 1Z4, Canada
3

€ rich, Zu
€ rich,
Landscape Ecology, Institute of Terrestrial Ecosystems, ETH Zu

Switzerland
4

Princeton University, 110 Morrison Hall, Princeton, NJ 08544, USA
 Toulouse 3 Paul Sabatier, CNRS, IRD, UMR 5174 Evolution et DiverUniversite
 Biologique (EDB), F-31062, Toulouse, France
site
6

7

rieure, PSL Research University, CNRS, Inserm, Institut de
Ecole Normale Supe

rieure (IBENS), F-75005, Paris, France
Biologie de l’Ecole Normale Supe
*Correspondence: E-mail: marc.ohlmann@univ-grenoble-alpes.fr

Swiss Federal Research Institute WSL, 8903, Birmensdorf, Switzerland

© 2018 John Wiley & Sons Ltd/CNRS

Letter

statistical tools to explore these multi-trophic b-diversity patterns while taking into account environmental variation.
Indeed, analysing how the b-diversity of a given trophic
group depends not only on the b-diversity of the other groups
but also on the spatial variation in environmental conditions is
challenging as soon as the number of groups becomes large.
Indeed, many groups will inevitably show multiple correlations
leading to multi-collinearity in the analysis. Path analyses
(Wright 1921; Shipley 2000; Schuldt et al. 2017) are one of the
available tools to deal with this issue. However, they require
assumptions on the overall structure of the network and they
depict hierarchical dependences. Alternatively, probabilistic
graphical models have been designed to account for conditional dependencies among multiple variables (Koller & Friedman 2009). For instance, partial correlation networks, a type
of Markov networks, do not require any predefined structure,
has also been used to model species interactions (Harris 2016)
and can be inferred using graphical lasso (Friedman et al.
2007; Mazumder & Hastie 2011). Partial correlation networks
could then be applied to multi-trophic systems in order to provide a map of dependencies between b-diversities of trophic
groups without any a priori structure.
Here, we propose to document multi-group b-diversity patterns in soil communities using partial correlation networks.
Specifically, we hypothesise that interrelated b-diversity patterns among groups are partly explained by biotic interactions
along abiotic gradients, and that these spatial dependencies
can be detected with the graphical lasso method to infer a
partial correlation network. First, using a simulation model of
multi-trophic communities with several trophic networks, we
show that biotic interactions may indeed produce interrelated
b-diversity patterns (i.e. non-zero partial correlation coefficients) that can be uncovered using a partial correlation network. Second, we apply the method to an empirical dataset
including bacteria, micro-eukaryotes, meso/macrofauna,
plants and abiotic factors along an elevation gradient in the
French Alps. We jointly explore the co-variation between the
b-diversity of multiple trophic groups to unravel known and
unknown potential biotic interactions, while controlling for
the relative role of the abiotic environment and the b-diversity
of the other groups.

MATERIAL AND METHODS

The method: applying the Graphical lasso to multi-trophic
b-diversity patterns

From species identity to (trophic) groups, and measuring
b-diversity and environmental distances
Species grouping can be defined by known trophic position
(e.g. symbiotic fungi), or by taxonomy (e.g. bacteria) or
function. This step is essential and has to be implemented in
the light of the prior knowledge of the study system (see our
case study for an example). Then, one possible measure of
b-diversity between two local communities, A and B, is the
Jaccard dissimilarity index, defined as one minus the ratio of
the number of species present in both A and B over the number of species present in either A or B. It equals 0 when A
and B share the same species, and 1 when they do not share
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any. We used the R package ‘vegan’ (Oksanen et al. 2015) to
compute the Jaccard dissimilarity matrix for multiple species
groups (see below). Since the Jaccard index is sensitive to
sample size, and since metabarcoding data often produce samples of heterogeneous sizes (Figs S1, S2), we partitioned the
Jaccard index into the true turnover component and the
nested component (Baselga 2010; the true turnover component
reflects the turnover independently of richness variation while
the nested component is deduced by subtracting true turnover
component to total turnover), using the R package ‘betapart’
(Baselga & Orme 2012). Environmental distances between
pairs of local communities were computed using Euclidean
distances. For the sake of comparison, we also ran the analysis using the Sorensen dissimilarity index and its true turnover
component.
The graphical lasso method
The goal of our approach is to use a network to
parsimoniously represent the partial correlations between the
b-diversity matrix of each group as a function of the others
and the environmental distances. Consequently, a suitable
description of the system consists of using a class of models
that (1) represent the conditional dependencies between random variables (here the b-diversity matrices of multiple species groups) using partial correlations, while (2) allowing for a
parsimonious representation of the dependencies using a network. While the Lasso approach was created to produce this
type of parsimonious set of variables (Tibshirani 1994), its
multivariate form, the Graphical lasso (Glasso), allows representing the partial correlations among multiple variables in a
network (here the b-diversity matrix of multiple groups and
the environmental distances, Friedman et al. 2007; Mazumder
& Hastie 2011).
In short, the Glasso uses the empirical variance-covariance
matrix S to estimate a partial correlation matrix that
quantifies the degree of association between pairs of variables
conditional to the other variables. Here a variable is a n 9 n
b-diversity matrix for a given group (n being the number of
plots), or a n 9 n environmental distance matrix. To estimate
the partial correlation matrix in Glasso, the S matrix is
inverted, and its inverse is called the precision matrix P.
Moreover, a penalty term in the likelihood (modulated by a
coefficient k) ensures the sparsity of the matrix P (i.e. P have
many zeros, see Friedman et al. 2007 for mathematical
details). The partial correlation matrix is then computed from
P as follows (eqn 1):
pi; j
ð1Þ
corðyi ; yj jyIni;j Þ ¼ 
pi;i pj; j
where corðyi ; yj jyIni;j Þ represents the partial correlation between
the components i and j of a random variable Y given all the
other components, and pi; j , pi; i , pj; j are the elements of P. The
elements of P consist in partial correlations between the bdiversity matrices of the different trophic groups and the environmental distances. As the precision matrices have been
inverted with the constraint to ensure sparsity, it follows that
the partial correlation matrix is also sparse. This sparse representation of the relationships between the b-diversity of multitrophic groups and the environmental distances means it can
© 2018 John Wiley & Sons Ltd/CNRS
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be represented using a network. In the Glasso, the number of
coefficients equal to 0 in the partial correlation matrix
depends on the coefficient k. Here, we used the Extended
Bayesian Information Criterion (Foygel & Drton 2010) to
select an optimal k. We used the R package ‘qgraph’ to estimate the partial correlation matrix with graphical lasso (Epskamp & Fried 2016). We expected partial correlations to be
more informative than marginal correlations (Pearson correlations), because they avoid spurious correlations due to confounding effects.
Representing conditional dependencies between b-diversity using
a network
We assessed how the b-diversity of each group is influenced
by environmental change and the b-diversity of the other
groups by analysing the degree and the weighted degree of the
correspondent node in the network (using Gephi, Bastian
et al. 2009). The degree of a node in the network is its number of direct neighbours. If the b-diversity of two groups is
conditionally independent (i.e. has a zero partial correlation
coefficient), they cannot causally influence each other (Murphy 2012). Consequently, the more connected a group is, the
more central it is to structuring the b-diversity of all groups.
The weighted degree represents the total sum of partial correlations in b-diversity between a given group and the groups
that are directly connected to this group. The higher the sum,
the greater the interdependencies with other groups.
Approximating the structure of a simulated trophic network

We then tested whether the Glasso approach was able to
recover known interactions among species groups from local
community b-diversity patterns. We first built a set of simulated data by constructing a regional trophic web (step 1)
from which local multi-trophic communities were sampled
using a stochastic model (step 2). Then, we measured the partial correlation between the b-diversity of each trophic level
(step 3) and tested whether these patterns matched the simulated regional trophic web.
Step 1 – The regional web was assumed to have six trophic
groups and three trophic levels (three basal groups, two intermediate groups and one top group), containing 20 species
each. We assumed some degree of specialisation in the relationships between trophic levels: each species from the intermediate and top trophic levels had a number of prey equals
to one plus a random number drawn in a Poisson law of
parameter three (Fig. 1a). Thus, each consumer species had
one prey species at least, and on average four prey species.
Once the number of prey species had been drawn for a given
consumer species, prey were drawn randomly from the species
belonging to the lower trophic levels (T4 had preys in T1 and
T2, T5 in T3 and T4 and T6 in T4 and T5)
Step 2 – Based on this regional network, we generated 1000
local multi-trophic communities. Communities were simulated
using a stochastic model of multi-trophic community assembly
inspired by the Trophic Theory of Island Biogeography
(TTIB, Gravel et al. 2011; Massol et al. 2017). The TTIB
assumes bottom-up sequential dependencies (Holt 1997, 2009;
Dunne et al. 2002) with two phases. In phase 1, each species
© 2018 John Wiley & Sons Ltd/CNRS
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can colonise a local community if at least one of its prey species is present. In phase 2, a species which has lost its last
prey species goes extinct. For the sake of clarity, we assumed
a homogeneous environment. The probability of each basal
species being present in the local community was assumed to
be constant and set to p0 = 0.5. The probability of each consumer species C being present in the local community is related
to the fraction of its prey available through the relation pC = (k/
g)r where g is the diet breadth of C (i.e. the number of potential
prey species), k is the number of its prey species present in the
community and r is a constant that controls the shape of the
relation. In the TTIB, having more prey species present in the
community does not increase the probability of consumer presence, and the probability of survival is either 0 (when k = 0) or
1 (when k > 0). This corresponds to the case r = 0. For the simulation, we used r = 1, assuming that pC grows linearly with the
number of prey species present in the community. We also studied the case r = 1/3 presented in the appendices.
Step 3 – We then computed b-diversity matrices for each
trophic group. We inferred then the partial correlations and
computed the marginal correlations between these b-diversities
using the Glasso method. We thus obtained a distribution of
partial and marginal correlations between pairs of the b-diversity at the different trophic levels. We expected these partial
correlations to be high between trophic groups which interact
directly and low between trophic groups which do not interact.
Analysing multi-trophic patterns in soil ecosystems in the French
Alps

Study site and soil sampling
The study was conducted in the northern French Alps (Arves
Massif, 45.12° N, 6.40° E) along a 977 m elevational gradient
(1748 m to 2725 m a.s.l.) located in a single cow-grazed pasture, above the tree-line. The vegetation at the bottom of the
gradient corresponds mainly to subalpine grasslands, while
alpine meadows with sparse vegetation dominate at high elevation (Chalmandrier et al. 2017). Ten plots were established
at 100 m altitude intervals along the gradient, each of them
composed of two 10 9 10 m2 subplots. All plots were placed
on the same south-facing slope with a similar bedrock type
and land-use to ensure a relatively homogeneous gradient.
Mean annual temperature ranges between 8 °C at the bottom
and 3 °C at the top, while mean annual rainfall is 473 mm
over the period 2000–2012. The soil sampling field campaign
was conducted in September 2012. We collected 21 soil samples per subplot. More details are presented in Appendix S1.
Molecular analyses
Soil biodiversity was estimated using four DNA markers.
Universal markers such as 18S (amplifying all Eukaryotes,
18S nuclear rDNA) and 16S (amplifying all Bacteria, 16S
rRNA) were used to obtain a general overview of the multitrophic composition of the sites. Another two markers focus
on Eukaryota diversity by targeting fungi (ITS1) and vascular
plants (Chloroplast trnL-P6 loop) respectively. Molecular
analysis and data curation are presented in Appendix S1. We
pooled the samples together per subplot in order to obtain a
single community per subplot and converted the data into
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Figure 1 Design and results of the simulation assessing the impact of biotic interactions on the marginal and partial correlation of the b-diversity values of

different trophic groups. (a) the trophic network used for the simulation, composed of six trophic groups and three trophic levels. The indegree of each
node is one plus an integer randomly drawn from a Poisson law of parameter three (except for the basal species). (b) Partial correlation network built
using the median values of the partial correlations (inferred using the graphical lasso) between the b-diversity values of different trophic groups.
(c) Marginal correlation networks built using the median values of the Pearson correlations between the b-diversity values of different trophic groups.
(d) Partial correlation coefficient (inferred using the graphical lasso) between the b-diversity values of two trophic groups as a function of the shortest path
length between these trophic groups. (e) Marginal Pearson correlation coefficient between the b-diversity values of two trophic groups as a function of the
shortest path length between these trophic groups.

presence-absences. The raw and curated sequencing data as
well as associated data and codes are available on the Dryad
Digital Repository under accession https://doi.org/10.5061/
dryad.5b58400 and the summary statistics are presented in
Table S1. As explained above, we computed b-diversity using
the Jaccard dissimilarity index. Since this index is sensitive to
sequencing depth difference between samples, we also used the
true turnover component of the Jaccard index (Baselga 2010).
The results obtained using the true turnover component of the
Jaccard index are similar to those using the Jaccard index; so,
we only refer to the Jaccard index in the main text, and present
the results of the true turnover component of the Jaccard index
in Appendix S2 (Figs S3–S7, Tables S2–S3). Moreover, we present the analysis using the Sorensen dissimilarity index and its
true turnover component in Appendix S3 (Figs S8–S11).
Defining trophic groups of species
We selected a priori groups of soil taxa based on their
distinctive role in the functioning of the soil ecosystem,
namely: plants, fungi, bacteria, oribatid mites, nematodes and

springtails (Bardgett 2005). We included plants since they are
the primary producers and their diversity and identity drive
the functioning and the stability of most terrestrial ecosystems
(Hooper 1997; van der Heijden et al. 1998). We also included
litter feeders that contribute to dead material fragmentation,
in particular oribatid mites and springtails. Oribatid mites
form one of the most abundant groups of arthropods in soil,
(Behan-Pelletier 1999) with up to several hundreds of thousands of individuals per square metre (Norton 1990). Springtails are the most numerous group of hexapods in most
terrestrial ecosystems (Deharveng 2004). We also included a
group of taxa that mineralise the fragmented litter, such as
saprophytic fungi and bacteria (Bardgett 2005). Fungi are
found in different compartments of the soil trophic web so we
classified fungal OTUs into three main functional groups,
namely, symbiotic fungi, saprophytic fungi and pathogenic
fungi using the FUNguild database (Nguyen et al. 2016).
Root associated symbiotic fungi rare found on over 90% of
terrestrial plant families (Wang & Qiu 2006). Moreover, in
arctic and alpine systems, 60–80% of the nitrogen available
© 2018 John Wiley & Sons Ltd/CNRS
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for plants is supplied by mycorrhizal fungi (Bjorbækmo et al.
2010). Bacteria also contribute to this supply by fixing atmospheric nitrogen (Bonfante & Anca 2009; Haq et al. 2014).
Finally, we included a group of predators, here nematodes,
the most abundant belowground multicellular animals (Bardgett 2005). Nematode OTUs were divided into bacterivore
nematodes and herbivore/fungivore nematodes using the
NEMAguild database (Nguyen et al. 2016). In summary, the
nine groups included in this study were: plants, symbiotic
fungi, pathogenic fungi, saprophytic fungi, bacterivore nematodes, herbi/fungivore nematodes, bacteria, springtails and
oribatid mites. Most of these groups interact via trophic interactions, so that this study case matches the simulations
described above, but not all of them. For the sake of clarity,
we will hereafter refer to them as trophic groups.
Environmental characteristics
Mean annual soil temperature was estimated from field meteorological stations placed at the centre of each plot. We also
estimated growing season length and number of frost days
based on daily maps of snow cover at 15 m resolution for
5 years falling between 2000 and 2014 and air temperature
values extracted from the SAFRAN meteorological model
developed by Meteo France for the French Alps (Durand
et al. 2009). More methodological details and validation
results for the snow cover model are available in Carlson
et al. (2015). Fine-scale topography and associated parameters
(topographic wetness index and slope) were inferred from airborne LIDAR data acquired the year of sampling. Mean soil
pH over the gradient was 5.40 (SD 0.300), whereas mean soil
temperature over the year was 6.06 °C (SD 2.84). The environmental distances between subplots were estimated with
Euclidean distances from the first two axes of a principal
component analysis run for all produced (and normalised)
environmental variables (the variance captured by the first
two axes was 34 and 25% respectively, the first axis roughly
represented the climatic conditions, whereas the second axis
was related to the soil conditions, see Appendix S4 (Figs S12–
S14, Table S4) for more details).

RESULTS

Approximating the structure of a simulated trophic network

Our simulations showed that trophic interactions do produce
non-zero marginal and partial correlations between b-diversity
on consecutive trophic levels. Moreover, the Glasso method
detected the conditional dependencies (i.e. an edge in the partial correlation network) between the b-diversity of the different trophic groups corresponding to their trophic position in
the network contrary to the marginal correlations (Fig. 1b,c).
The median of both marginal and partial correlation coefficients between pairs of trophic levels decreased with the shortest path length between these trophic levels. Nevertheless,
while the median of the marginal correlation coefficients
decreased slowly, the median of the partial correlation coefficients dropped to values close to 0 once the trophic level distance was higher than 1 (Fig. 1d,e). Changing the shape of
the relationship linking the probability of presence of a
© 2018 John Wiley & Sons Ltd/CNRS
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consumer species with its number of available prey species did
not alter this conclusion (Fig. S15).
b-diversity modelling of empirical soil communities

In the French Alps, the partial correlations estimated between
the b-diversity of each predefined trophic group and environmental distances were all positive (Figs 2, S16, S17, Table S5).
The estimated partial correlation network had 11 nodes (9
trophic groups and 2 environmental variables), was composed
of 34 undirected edges out of 55 possible edges and had a
connectance of 0.618.
Saprophytic fungi were the most influential group in conditioning the b-diversity of the other groups (highest degree
value, 8, and highest weighted degree value, 1.30, Fig. 3).
Plants and oribatid mites also had a strong influence on the
b-diversity of other groups, as did pathogenic and symbiotic
fungi. In contrast, environmental variables had a relatively
small direct impact on the b-diversity of the trophic groups.
The probability of observing a non-null partial correlation
between the b-diversity of a trophic group and the environmental distance was 0.44 (8 edges linking environmental nodes
to the trophic group nodes and 18 potential edges), whereas
the probability of observing a link between the b-diversity of
any two trophic groups was 0.69 (25 edges and 36 potential
edges). Since the variables associated with disconnected nodes
were conditionally independent and that conditionally independent variables could not causally influence each other, this
result demonstrates that, in general, environmental variables
had a lower influence on the b-diversity of the trophic groups
than the other trophic groups.
DISCUSSION

In this study, we applied a method for dissecting the joint spatial structure of multiple trophic groups. This method builds on
observed patterns of b-diversity in multiple trophic groups to
infer the conditional dependencies between pairs of groups and
with the environment, in order to pinpoint potential biotic interactions and influential effects of environmental variables on
some specific groups. Simulations confirmed that our method is
able to recover the overall structure of a trophic network using
partial correlations of b-diversity between pairs of groups.
When applied to soil multi-trophic diversity along an elevation gradient of the French Alps, we were able to quantify the
relative importance of biotic interactions and the environment
in shaping the spatial structure of the meta-communities. Pairwise environmental distances displayed a low correlation with
the b-diversity of each group (as measured with the few nonzero partial correlations). This result implies that the overall
ecological community is primarily driven by biotic interactions
and, to a lower extent, by environmental constraints (but still
important on some groups like springtails or pathogenic
fungi). This result is surprising, given the sharpness of the elevational gradient, and the expected importance of environmental filtering in shaping above and below-ground
communities along elevation gradients (Meynard et al. 2013).
However, many previous studies have focused on intraguild biotic interactions, or on environmental effect only (see Kraft et al.
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Figure 2 Undirected partial correlation network inferred using the graphical lasso method between the b-diversity of the major trophic groups constituting
soil biodiversity and the environmental distances. Each node represents the b-diversity of a trophic group or an environmental distance. Here, only the
partial correlations above the median value of the non-null partial correlation coefficients (0.106) are shown. The non-filtered network is presented in
Fig. S1. Edge thickness is proportional to the value of the partial correlation coefficient and the partial correlation coefficients are all positive.

2015 for a critical synthesis), and they have ignored the importance of interguild interactions (e.g. Chalmandrier et al. 2015).
As our climatic and soil properties were sampled at plot
level, they might not have been measured at the appropriate
scale to reflect the fine conditions experienced by belowground organisms (Falconer et al. 2015; Baveye et al. 2016;
Matias et al. 2016; Zinger et al. 2017). Further studies should
empirically investigate the b-diversity area relationships of the
different groups (see Barton et al. 2013) and exhibit at which
scale the spatial turnover of the different groups match
together and with the environment (Barber
an et al. 2015; Zinger et al. 2017). Ultimately, this will give an idea of the
appropriate scale of sampling and collecting environmental
information for such multi-trophic analyses.
Finally, we cannot rule out that some important missing environmental factors might explain the lower than expected predictive power of environmental distances (e.g. phosphorous for
symbiotic mushrooms, Liu et al. 2012; Camenzind et al. 2014).
Interestingly, focusing on the true turnover, instead of total
turnover, reveals a stronger influence of environmental variation

in structuring the b-diversity of the different trophic groups.
This means that the effects of the other groups are pivotal to
explain the overall turnover and change in species richness
(nestedness component) across space, while environmental variation is important in driving the pure turnover between groups.
The strong advantage of Graphical lasso over other related
approaches (e.g. Bayesian network, path analyses) is that the
partial correlation network can be inferred without assuming
any a priori structure. This is important when the goal is of
exploring and mapping co-variations between different groups
and when little knowledge of the system is available. As
explained in the introduction, the graphical lasso is expected
to be sensitive to the effect of a missing predictor since the
structure of the partial correlation network may be affected
by the addition of a variable. In our case, we tested to what
extent the addition of an environmental variable impacted the
structure of the partial correlation network. We showed a
moderate impact on the network topology, guaranteeing so
the robustness of the analysis (Appendix S5, Figs S18–S20).
This method does not directly infer the interaction network at
© 2018 John Wiley & Sons Ltd/CNRS
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Figure 3 Properties of the inferred network. The degree (left panel) is the number of neighbours of nodes in a graph (here, the undirected partial
correlation network). It measures the number of variables that are conditionally dependent on the variable associated with this node. The weighted degree
(right panel) is the sum of the partial correlation coefficients attached to the edges adjacent to this node. Dashed lines represent the mean values of degree
and weighted degree.

the species level, and the inferred conditional dependencies at
the group level do not imply causality. However, they shed
light on potential interactions and pave the way for more
analyses along identified co-variations.
The approach we proposed here should help interpret a
wide range of multi-trophic biodiversity patterns and yield
new testable hypotheses. For example, in multiple pairs of
trophic groups, we found strong spatial associations which
can be interpreted in light of functional associations. In the
soil, plants are directly affected by symbiotic/pathogenic fungi
and root herbivores, whereas the complex network of detritivorous organisms affects them indirectly (Bardgett 2005;
Wardle et al. 2011). Our method showed that plant b-diversity
was strongly linked to the b-diversities of symbiotic fungi,
pathogenic fungi, oribatid mites and bacterivore nematodes.
While the links with the two groups of fungi most likely
reflect the strong direct associations between these groups and
the vegetation structure, the link with oribatid mites may be
explained by the fact that this group feeds on plant litter
fungi, especially saprophytic fungi (Schneider et al. 2004;
Crowther et al. 2011; Crowther & A’Bear 2012). The graphical lasso method detected this link showing that changes in
the composition of saprophytic fungi lead to a change in the
oribatid mite assemblages. As expected, the b-diversity of bacteria correlated with that of bacterivore nematodes, which
reflects this known trophic interaction (Ettema 1998; Wardle
© 2018 John Wiley & Sons Ltd/CNRS

2006). Moreover, the b-diversity of herbi/fungivore nematodes
correlated with that of symbiotic fungi. The link between the
b-diversity of oribatid mites and springtails might be
explained by mite predation of springtails (Ferguson & Joly
2002). We also highlighted a link between the b-diversity of
oribatid mites and symbiotic fungi. This result suggests that
mite assemblages could be influenced by fungi spatial distribution through trophic interactions, which have been so far very
poorly documented (Gange & Brown 2003). Interestingly, our
analysis also showed a strong partial correlation (the strongest
partial correlation: 0.365) between the b-diversities of saprophytic fungi and bacteria. Indeed, bacteria can rely on decomposition products from organic matter, which are provided by
saprophytic fungi fully equipped from an enzymatic point of
view (De Boer et al. 2005; Romanı et al. 2006). The relationship uncovered between bacteria and symbiotic fungi could be
attributed to the fact that bacteria can assist mycorrhiza by
colonising the extraradical hyphae or by living in the cytoplasm of mycorrhizal fungi (Bonfante & Anca 2009; Haq
et al. 2014). We did not observe direct relationship between
bacteria and plants, probably because we lumped together
bacterial taxa typical from the bulk soil (e.g. acidobacteria)
with those interacting with plants (e.g. N-fixing bacteria or
pathogens). A better functional assignment of bacterial OTUs
would probably help to clarify this identified relationship
likely due to mutualistic bacterial OTUs.
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CONCLUSIONS

The rise of environmental DNA metabarcoding and the everincreasing availability of databases on species co-occurrence
have opened up a new era in quantitative and predictive ecology. While comprehensive species lists of taxa are necessary,
they do tell much on how species interact across space and time
and how multi-trophic interactions shape community assembly. The method we proposed here addresses this challenge by
revealing how trophic groups influence each other and respond
to environmental variation. As such, our method is able to
uncover the potential determinants of the compositional turnover of species groups from a multi-trophic interaction perspective. This paves the way for larger applications of this method
to ecological data where comprehensive biodiversity assessments are becoming more and more available and where knowledge of the structure of the system is still limited.
ACKNOWLEDGEMENTS

We would like to thank all the students and colleagues who participated in the intensive field season that generated the data used
in the manuscript, as well as the Genotoul bioinformatics platform Toulouse Midi-Pyrenees (Bioinfo Genotoul) and Pierre
Solbes (EDB-Calc Cluster) for providing computing and storage
resources. The research received funding from the French
Agence Nationale de la Recherche (ANR) through the METABAR (ANR-11-BSV7-0020) and GlobNets (ANR-16-CE020009) projects, and from ‘Investissement d’Avenir’ grants managed by the ANR (Trajectories: ANR-15-IDEX-02; Montane:
OSUG@2020: ANR-10-LAB-56; CEBA: ANR-10-LABX-2501, TULIP: ANR-10-599-LABX-0041).
AUTHORSHIP

WT, FM and MO conceived the ideas with the help of LC. LC,
EC, LG, JP, FM, PT, LZ and WT collected the soil and environmental data in the field. LG, JP and PT ran the PCR and DNA
extractions. LZ and VS ran the bioinformatic analyses. MO ran
all statistical analyses and developed the method together with
FM and WT. MO, FM and WT wrote the first version of the
paper, and all authors contributed substantially to the revisions.
COMPETING INTERESTS

LG and PT are co-inventors of patents related to the gh primers and the use of the P6 loop of the chloroplast trnL (UAA)
intron for plant identification using degraded template DNA.
These patents only restrict commercial applications and have
no impact on the use of this locus by academic researchers.
DATA ACCESSIBILITY STATEMENT

Data available from the Dryad Digital Repository: https://
doi.org/10.5061/dryad.5b58400
REFERENCES
Allesina, S., Alonso, D. & Pascual, M. (2008). A general model for food
web structure. Science, 320, 658–661.

Imprint of biotic interactions on b-diversity 1667

Anderson, M.J., Crist, T.O., Chase, J.M., Vellend, M., Inouye, B.D.,
Freestone, A.L. et al. (2011). Navigating the multiple meanings of b
diversity: a roadmap for the practicing ecologist. Ecol. Lett., 14, 19–28.
Barberan, A., McGuire, K.L., Wolf, J.A., Jones, F.A., Wright, S.J.,
Turner, B.L. et al. (2015). Relating belowground microbial composition
to the taxonomic, phylogenetic, and functional trait distributions of
trees in a tropical forest. Ecol. Lett., 18, 1397–1405.
Bardgett, R.D. (2005). The Biology of Soil: A Community and Ecosystem
Approach. Oxford University Press, Oxford Biology of Habitat Series.
Bardgett, R.D. & Wardle, D.A. (2010). Aboveground-Belowground
Linkages: Biotic Interactions, Ecosystem Processes, and Global Change.
Oxford University Press, Oxford Series in Ecology and Evolution.
Barton, P.S., Cunningham, S.A., Manning, A.D., Gibb, H., Lindenmayer,
D.B. & Didham, R.K. (2013). Spatial scaling of beta diversity. Global
Ecol. Biogeogr., 22, 639–647.
Baselga, A. (2010). Partitioning the turnover and nestedness components
of beta diversity. Glob. Ecol. Biogeogr., 19, 134–143.
Baselga, A. & Orme, C.D.L. (2012). betapart : an R package for the
study of beta diversity. Methods Ecol. Evol., 3, 808–812.
Bastian, M., Heymann, S. & Jacomy, M. (2009). Gephi: an open source
software for exploring and manipulating networks. International AAAI
Conference on Weblogs and Social Media.
Baveye, P.C., Berthelin, J. & Munch, J.-C. (2016). Too much or not
enough: reflection on two contrasting perspectives on soil biodiversity.
Soil Biol. Biochem., 103, 320–326.
Behan-Pelletier, V.M. (1999). Oribatid mite biodiversity in agrosystems:
role for bioindication. Agric. Ecosyst. Environ., 74, 411–423.
Bjorbækmo, M., Carlsen, T., Brysting, A., Vr
alstad, T., Høiland, K.,
Ugland, K. et al. (2010). High diversity of root associated fungi in both
alpine and arctic Dryas octopetala. BMC Plant Biol., 10, 244.
Bonfante, P. & Anca, I.-A. (2009). Plants, Mycorrhizal Fungi, and
Bacteria: a network of interactions rhizosphere: the narrow zone of soil
surrounding living roots. Annu. Rev. Microbiol., 63, 363–383.
Broeckling, C.D., Broz, A.K., Bergelson, J., Manter, D.K. & Vivanco,
J.M. (2008). Root exudates regulate soil fungal community composition
and diversity. Appl. Environ. Microbiol., 74, 738–744.
Brose, U. & Hillebrand, H. (2016). Biodiversity and ecosystem
functioning in dynamic landscapes. Philos. Trans. R. Soc. B Biol. Sci.,
371, 20150267.
Camenzind, T., Hempel, S., Homeier, J., Horn, S., Velescu, A., Wilcke,
W. et al. (2014). Nitrogen and phosphorus additions impact arbuscular
mycorrhizal abundance and molecular diversity in a tropical montane
forest. Glob. Change Biol., 20, 3646–3659.
Carlson, B.Z., Choler, P., Renaud, J., Dedieu, J.P. & Thuiller, W. (2015).
Modelling snow cover duration improves predictions of functional
and taxonomic diversity for alpine plant communities. Ann. Bot., 116,
1023–1034.
Chalmandrier, L., M€
unkem€
uller, T., Lavergne, S. & Thuiller, W. (2015). Effects
of species’ similarity and dominance on the functional and phylogenetic
structure of a plant meta-community. Ecology, 96, 143–153.
Chalmandrier, L., M€
unkem€
uller, T., Colace, M.P., Renaud, J., Aubert,
S., Carlson, B.Z. et al. (2017). Spatial scale and intraspecific trait
variability mediate assembly rules in alpine grasslands. J. Ecol., 105,
277–287.
Crowther, T.W. & A’Bear, A.D. (2012). Impacts of grazing soil fauna on
decomposer fungi are species-specific and density-dependent. Fungal
Ecol., 5, 277–281.
Crowther, T.W., Boddy, L. & Jones, T.H. (2011). Species-specific effects
of soil fauna on fungal foraging and decomposition. Oecologia, 167,
535–545.
De Bie, T., De Meester, L., Brendonck, L., Martens, K., Goddeeris, B.,
Ercken, D., Hampel, H., et al. (2012). Body size and dispersal mode as
key traits determining metacommunity structure of aquatic organisms.
Ecol. Lett., 15, 740–747.
De Boer, W., Folman, L.B., Summerbell, R.C. & Boddy, L. (2005).
Living in a fungal world: impact of fungi on soil bacterial niche
development. FEMS Microbiol. Rev., 29, 795–811.

© 2018 John Wiley & Sons Ltd/CNRS

1668 M. Ohlmann et al.

Deharveng, L. (2004). Recent advances in Collembola systematics.
Pedobiologia, 48, 415–433.
Dunne, J.A., Williams, R.J. & Martinez, N.D. (2002). Network structure
and biodiversity loss in food webs: robustness increase with
connectance. Ecol. Lett., 5, 558–567.
Durand, Y., Laternser, M., Giraud, G., Etchevers, P., Lesaffre, B. & Merindol, L.
(2009). Reanalysis of 44 yr of climate in the French Alps (1958–2002):
methodology, model validation, climatology, and trends for air temperature
and precipitation. J. Appl. Meteorol. Climatol., 48, 429–449.
Epskamp, S. & Fried, E.I. (2016). A tutorial on regularized partial
correlation networks. arXiv:1607.01367
Ettema, C.H. (1998). Soil nematode diversity: species coexistence and
ecosystem function. J. Nematol., 30, 159–169.
Falconer, R.E., Battaia, G., Schmidt, S., Baveye, P., Chenu, C. & Otten,
W. (2015). Microscale heterogeneity explains experimental variability and
non-linearity in soil organic matter mineralisation. PLoS ONE, 10, 1–12.
Ferguson, S.H. & Joly, D.O. (2002). Dynamics of springtail and mite
populations: the role of density dependence, predation, and weather.
Ecol. Entomol., 27, 565–573.
Foygel, R. & Drton, M. (2010). Extended Bayesian information criteria for
gaussian graphical models. Adv. Neural. Inf. Process. Syst., 23, 604–612.
Friedman, J., Hastie, T. & Tibshirani, R. (2007). Sparse inverse
covariance estimation with the lasso. Biostatistics, 9, 432–441.
Gange, A.C. & Brown, V.K. (2003). Actions and interactions of soil
invertebrates and arbuscular mycorrhizal fungi in affecting the structure
of plant communities. In: Mycorrhizal Ecology (eds van der Heijden,
M.G.A. & Sanders, I.R.). Springer Berlin Heidelberg, Berlin,
Heidelberg, pp. 321–344.
Geremia, R.A., Puscas, M., Zinger, L., Bonneville, J.M. & Choler, P.
(2016). Contrasting microbial biogeographical patterns between
anthropogenic subalpine grasslands and natural alpine grasslands. New
Phytol., 209, 1196–1207.
Gonzalez-Varo, J.P. & Traveset, A. (2016). The labile limits of forbidden
interactions. Trends Ecol. Evol., 31, 700–710.
Graham, C.H. & Fine, P.V.A. (2008). Phylogenetic beta diversity: linking
ecological and evolutionary processes across space in time. Ecol. Lett.,
11, 1265–1277.
Gravel, D., Massol, F., Canard, E., Mouillot, D. & Mouquet, N. (2011).
Trophic theory of island biogeography. Ecol. Lett., 14, 1010–1016.
Hanson, C.A., Fuhrman, J.A., Horner-Devine, M.C. & Martiny, J.B.H.
(2012). Beyond biogeographic patterns: processes shaping the microbial
landscape. Nat. Rev. Microbiol., 10, 497–506.
Haq, I.U., Zhang, M., Yang, P. & van Elsas, J.D. (2014). The
interactions of bacteria with fungi in soil: emerging concepts. Adv.
Appl. Microbiol., 89, 432–441.
Harris, D.J. (2016). Inferring species interactions from co-occurrence data
with Markov networks. Ecology, 97, 3308–3314.
H€
attenschwiler, S., Tiunov, A.V. & Scheu, S. (2005). Biodiversity and
litter decomposition in terrestrial ecosystems. Annu. Rev. Ecol. Evol.
Syst., 36, 191–218.
€
Hedlund, K. & Ohrn,
M.S. (2000). Tritrophic interactions in a soil
community enhance decomposition rates. Oikos, 88, 585–591.
van der Heijden, M.G.A., Klironomos, J.N., Ursic, M., Moutoglis, P.,
Streitwolf-Engel, R., Boller, T. et al. (1998). Mycorrhizal fungal
diversity determines plant biodiversity, ecosystem variability and
productivity. Nature, 396, 69–72.
HilleRisLambers, J., Adler, P.B., Harpole, W.S., Levine, J.M. &
Mayfield, M.M. (2012). Rethinking community assembly through the
lens of coexistence theory. Annu. Rev. Ecol. Evol. Syst., 43, 227–248.
Holt, R.D. (1997). From metapopulation dynamics to community
structure: some consequences of spatial heterogeneity. Metapopulation
Biology: Ecology, Genetics and Evolution (eds Hanski, I.A. & Gilpin,
M.E.). Academic Press, New York, pp. 149–164.
Holt, R.D. (2009). Towards a trophic island biogeography: reflections on
the interface of island biogeography and food web ecology. In: The
Theory of Island Biogeography Revisited (eds Losos, J.B. & Ricklefs,
R.E.). Princeton University Press, Princeton, pp. 143–185.

© 2018 John Wiley & Sons Ltd/CNRS

Letter

Hooper, D.U. (1997). The effects of plant composition and diversity on
ecosystem processes. Science, 277, 1302–1305.
Kefi, S., Miele, V., Wieters, E.A., Navarrete, S.A. & Berlow, E.L. (2016).
How structured is the entangled bank? The surprisingly simple
organization of multiplex ecological networks leads to increased
persistence and resilience. PLoS Biol., 14, e1002527.
Koller, D. & Friedman, N. (2009). Probabilistic Graphical Models:
Principles and Techniques – Adaptive Computation and Machine
Learning. The MIT Press, Cambridge, USA.
Kraft, N.J., Adler, P.B., Godoy, O., James, E.C., Fuller, S., Levine, J.M.
et al. (2015). Community assembly, coexistence and the environmental
filtering metaphor. Funct. Ecol., 29, 592–599.
Kress, W.J., Garcıa-Robledo, C., Uriarte, M. & Erickson, D.L. (2015).
DNA barcodes for ecology, evolution, and conservation. Trends Ecol.
Evol., 30, 25–35.
Lima-Mendez, G., Faust, K., Henry, N., Decelle, J., Colin, S., Carcillo,
F. et al. (2015). Ocean plankton: determinants of community structure
in the global plankton interactome. Science, 348, 1262013.
Liu, Y., Shi, G., Mao, L., Cheng, G., Jiang, S., Ma, X. et al. (2012).
Direct and indirect influences of 8 yr of nitrogen and phosphorus
fertilization on Glomeromycota in an alpine meadow ecosystem. New
Phytol., 194, 523–535.
Massol, F., Dubart, M., Calcagno, V., Cazelles, K., Jacquet, C., Kefi, S.
et al. (2017). Chapter four – island biogeography of food webs. Adv.
Ecol. Res., 56, 183–262.
Matias, M.G., Pereira, C.L., Raposeiro, P.M., Goncßalves, V., Cruz,
A.M., Costa, A.C. et al. (2016). Divergent trophic responses to
biogeographic and environmental gradients. Oikos, 126, 101–110.
Mazel, F., W€
uest, R.O., Gueguen, M., Renaud, J., Ficetola, G.F.,
Lavergne, S. et al. (2017). The geography of ecological niche evolution
in mammals. Curr. Biol., 27, 1369–1374.
Mazumder, R. & Hastie, T. (2011). The graphical lasso: new insights and
alternatives. arXiv:1111.5479
Meynard, C.N., Lavergne, S., Boulangeat, I., Garraud, L., Van Es, J.,
Mouquet, N. et al. (2013). Disentangling the drivers of metacommunity
structure across spatial scales. J. Biogeogr., 40, 1560–1571.
Murphy, K.P. (2012). Machine Learning: A Probabilistic Perspective. The
MIT Press, Cambridge, USA.
Nguyen, N.H., Song, Z., Bates, S.T., Branco, S., Tedersoo, L., Menke,
J. et al. (2016). FUNGuild: an open annotation tool for parsing
fungal community datasets by ecological guild. Fungal Ecol., 20,
241–248.
Norton, R.A. (1990). Acarina: Oribatida. In: Soil Biology Guide (ed.
Dindal, D.L.). Wiley, New York, pp. 779–803.
Oksanen, J., Blanchet, F.G., Friendly, M., Kindt, R., Legendre,
P., Mcglinn, D. et al. (2015). vegan: community ecology package.
R Package Version 2.3-2, https://CRAN.R-project.org/package=
vegan.
Peay, K.G., Russo, S.E., Mcguire, K.L., Lim, Z., Chan, J.P., Tan, S.
et al. (2015). Lack of host specificity leads to independent assortment
of dipterocarps and ectomycorrhizal fungi across a soil fertility
gradient. Ecol. Lett., 18, 807–816.
Peay, K.G., Kennedy, P.G. & Talbot, J.M. (2016). Dimensions of
biodiversity in the Earth mycobiome. Nat. Rev. Microbiol., 14, 434–447.
Prober, S.M., Leff, J.W., Bates, S.T., Borer, E.T., Firn, J., Harpole, W.S.
et al. (2015). Plant diversity predicts beta but not alpha diversity of soil
microbes across grasslands worldwide. Ecol. Lett., 18, 85–95.
Ricklefs, R.E. (1987). Community diversity: relative roles of local and
regional processes. Science, 235, 167–71.
Romanı, A.M., Fischer, H., Mille-Lindblom, C. & Tranvik, L.J. (2006).
Interactions of bacteria and fungi on decomposing litter: differential
extracellular enzyme activities. Ecology, 87, 2559–2569.
Schneider, K., Renker, C., Scheu, S. & Maraun, M. (2004). Feeding
biology of oribatid mites: a minireview. In: Phytophaga XIV: Acarine
Biodiversity in the Natural and Human Sphere (Proceedings of the
Symposium of the European Association of Acarologists), Berlin,
Germany, pp. 247–256.

Letter

Shipley, B. (2000). Cause and Correlation in Biology: A User’s Guide to
Path Analysis, Structural Equations and Causal Inference. Ecology,
Cambridge, UK: Cambridge University Press, pp. 48–55.
Schuldt, A., Bruelheide, H., Buscot, F., Assmann, T., Erfmeier, A., Klein,
A.M. et al. (2017). Belowground top-down and aboveground bottomup effects structure multitrophic community relationships in a
biodiverse forest. Sci. Rep., 7(1).
Smith, S.E., Read, D.J. & David, J. (2008). Mycorrhizal Symbiosis.
Academic Press, Cambridge, USA.
Taberlet, P., Coissac, E., Hajibabaei, M. & Rieseberg, L.H. (2012).
Environmental DNA. Mol. Ecol., 21, 1789–1793.
Tedersoo, L., Bahram, M., Cajthaml, T., P~
olme, S., Hiiesalu, I., Anslan,
S. et al. (2016). Tree diversity and species identity effects on soil fungi,
protists and animals are context dependent. ISME J., 10, 346–362.
Tibshirani, R. (1996). Regression shrinkage and selection via the lasso. J.
Roy. Stat. Soc., 58, 267–288.
Walker, J.F., Aldrich-Wolfe, L., Riffel, A., Barbare, H., Simpson, N.B.,
Trowbridge, J. et al. (2011). Diverse helotiales associated with the roots
of three species of arctic ericaceae provide no evidence for host
specificity. New Phytol., 191, 515–527.
Wang, B. & Qiu, Y.L. (2006). Phylogenetic distribution and evolution of
mycorrhizas in land plants. Mycorrhiza, 16, 299–363.
Wardle, D.A. (2006). The influence of biotic interactions on soil
biodiversity. Ecol. Lett., 9, 870–886.

Imprint of biotic interactions on b-diversity 1669

Wardle, D.A., Bardgett, R.D., Klironomos, J.N., Set€al€a, H., Wim, H., Putten,
V.Der. et al. (2011). Ecological linkages between aboveground and
belowground biota. Am. Assoc. Advancement Sci. Stable, 304, 1629–1633.
Wright, S. (1921). Correlation and causation. J. Agric. Res., 20, 557–585.
Zinger, L., Lejon, D.P.H., Baptist, F., Bouasria, A., Aubert, S., Geremia,
R.A. et al. (2011). Contrasting diversity patterns of crenarchaeal, bacterial
and fungal soil communities in an alpine landscape. PLoS ONE, 6, 1–7.
Zinger, L., Taberlet, P., Schimann, H., Bonin, A., Boyer, F., De Barba,
M. et al. (2017). Soil community assembly varies across body sizes in a
tropical forest. bioRxiv 154278; https://doi.org/10.1101/154278

SUPPORTING INFORMATION

Additional supporting information may be found online in
the Supporting Information section at the end of the article.

Editor, Jonathan Chase
Manuscript received 19 February 2018
First decision made 1 April 2018
Second decision made 11 July 2018
Manuscript accepted 25 July 2018

© 2018 John Wiley & Sons Ltd/CNRS

