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Plant–mycorrhizal fungus co-occurrence network lacks substantial 
structure

Francisco Encinas-Viso, David Alonso, John N. Klironomos, Rampal S. Etienne and Esther R. Chang 

F. Encinas-Viso (franencinas@gmail.com), D. Alonso, R. S. Etienne ( http://orcid.org/0000-0003-2142-7612 ) and E. R. Chang,  
Groningen Inst. for Evolutionary Life Sciences, Univ. of Groningen, Box 11103, NL-9700 Groningen CC, the Netherlands. FEV also at: 
CSIRO, Centre for Australian National Biodiversity Research, GPO Box 1600, Canberra, ACT 2601, Canberra, Australia. DA also at: 
Theoretical Ecology Lab, Center for Advanced Studies of Blanes, CEAB-CSIC, Spain. – J. N. Klironomos, Dept of Biology, Univ. of British 
Columbia-Okanagan, BC, Canada. 

The interactions between plants and arbuscular mycorrhizal fungi (AMF) maintain a crucial link between macroscopic 
organisms and the soil microbial world. These interactions are of extreme importance for the diversity of plant commu-
nities and ecosystem functioning. Despite this importance, only recently has the structure of plant–AMF interaction  
networks been studied. These recent studies, which used genetic data, suggest that these networks are highly structured, very 
similar to plant–animal mutualistic networks. However, the assembly process of plant–AMF communities is still largely 
unknown, and an important feature of plant–AMF interactions has not been incorporated: they occur at an extremely local-
ized scale. Studying plant–AMF networks in a spatial context seems therefore a crucial step. This paper studies a plant–AMF 
spatial co-occurrence network using novel methodology based on information theory and a unique set of spatially explicit 
species-level data. We apply three null models of which only one accounts for spatial effects. We find that the data show 
substantial departures from null expectations for the two non-spatial null models. However, for the null model considering 
spatial effects, there are few significant co-occurrences compared with the other two null models. Thus, plant–AMF spatial co-
occurrences seem to be mostly explained by stochasticity, with a small role for other factors related to plant–AMF specializa-
tion. Furthermore, we find that the network is not significantly nested or modular. We conclude that this plant–AMF spatial 
co-occurrence network lacks substantial structure and, therefore, plants and AMF species do not track each other over space. 
Thus, random encounters seem more important in the first step of the assembly of plant–AMF communities.

Plant–arbuscular mycorrhizal fungi (AMF) interactions are 
among the best known examples of mutualistic symbiosis 
(Wang and Qiu 2006, Smith and Read 2010). AMF are 
obligate plant-root endosymbionts that colonize approxi-
mately two-thirds of terrestrial plant species (Hart et al. 
2003). They acquire all their carbon from the host plant 
and trade it for a range of benefits, notably increased  
phosphorus uptake (Smith et al. 2011). Thus, AMF have pro-
found effects on plant community dynamics, diversity and 
ecosystem functioning (Hart et al. 2003, Rosendahl 2008). 
The plant–AMF symbiosis can be highly beneficial, but also 
detrimental depending on the environmental conditions, 
developing conditions and even the genotypic background 

(Sanders 2002, Hart et al. 2003). Thus, plant–AMF interac-
tions can range from mutually beneficial (/) to parasitic 
(/–), passing through neutral (0/0) and commensalistic 
interactions (/0) (Johnson et al. 1997).

Plant–MF interactions are even more complex because of 
the different AMF genetic inheritance mechanisms (Sanders 
and Croll 2010)and strong spatial structure (Boerner et al. 
1996). AMF seem to be highly locally adapted and their dis-
persal capabilities are limited (Klironomos 2003, Rosendahl 
2008, Johnson et al. 2012). Some studies show different AMF 
taxa to be overdominant in different locations, suggesting that 
the assembly of plant–AMF communities is mainly driven 
by stochastic processes (Dumbrell et al. 2010a, Lekberg et al. 

The symbiotic interaction between plants and arbuscular mycorrhizal fungi (AMF) is crucial for ecosystem 
functioning. However, the factors affecting the assembly of plant–AMF communities are poorly understood. 
An important factor of the assembly of plant–AMF communities has been overlooked: plant–AMF interactions 
occur at a localized spatial scale. Our study investigated the importance of space in the structure of plant–AMF 
communities. We studied a plant–AMF spatial co-occurrence network using a unique set of spatially explicit 
data and applied three null models. We found that plant–AMF spatial co-occurrences seem to be mostly 
explained by stochasticity. In particular, our study shows that this plant–AMF spatial co-occurrence network 
lacks substantial structure and, therefore, plants and AMF species do not track each other over space. Thus, 
random encounters seem to drive the assembly of plant–AMF communities.
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2012). However, other studies have shown specialization to 
particular habitats (Opik et al. 2009, Davison et al. 2011) and 
soil constraints (Dumbrell et al. 2010b), suggesting that niche-
driven processes are also relevant in the assembly of plant–
AMF communities. A meta-analysis of 19 studies found both 
niche-driven and neutral AMF communities (Caruso et al. 
2012) with roughly half in each category.

Recent studies using molecular methods to identify 
plant–AMF interactions in the rhizosphere have suggested 
that plant–AMF networks are very similar to plant–animal 
mutualistic networks (Bascompte and Jordano 2007); i.e. 
they are highly nested and modular (Chagnon et al. 2012, 
Montesinos-Navarro et al. 2012). A significantly nested net-
work shows a pattern wherein specialists interact with proper 
subsets of the species interacting with generalists (Bascompte 
et al. 2003) and high modularity means that some groups of 
species tend to interact more frequently among themselves 
than with other species (Olesen et al. 2007). Also, signifi-
cant nestedness and modularity can indicate the importance 
of niche-based processes on community assembly, affect-
ing properties such as diversity, stability and co-adaptation 
(Chagnon et al. 2012).

However, plant–AMF communities differ from plant– 
animal mutualistic communities in many biological and 
ecological aspects. Unlike most animals, AMF are modular 
organisms (e.g. cnidarians) with flexible morphology that 
very much depends on environmental conditions contrary 
to unitary organisms (e.g. insects), where organism structure 
is predetermined (Pineda-Krch and Poore 2004). Despite 
their great flexibility to arrange modules (i.e. iterated units 
of the organism), once their position is established the  
spatial relation with neighbors is fixed (Pineda-Krch and 
Poore 2004). Therefore, the spatial structure is very impor-
tant for AMF organism function; for instance, it determines 
competition, transfer of resources and genetic exchange 
(Pineda-Krch and Poore 2004, Sanders and Croll 2010). In 
addition, spatial arrangement is even more complex because 
of the different ways that plants and AMF can be physically 
connected. One plant may be colonized by several AMF and 
the belowground hyphal networks of AMF may connect  
different plant individuals/species, thus allowing exchange  
of resources between them (Giovannetti et al. 2004). This 
spatial complexity should be taken into account when choos-
ing methodologies to assess plant–AMF interactions. Spatial 
context already seems to be highly important in explaining 
observed network structure of plant–animal mutualistic 
webs (Morales and Vázquez 2008) that are often much less 
localized than plant–AMF interactions, so it seems crucial 
to explicitly consider spatial context when studying the 
structure of plant–AMF networks. In other words, there is 
considerable scope for neutral mechanisms to influence the 
assembly of plant–AMF communities.

The aim of this study is to unveil the structure of a plant– 
AMF spatial co-occurrence network. The data set used is spa-
tially explicit and based on presence/absence of plant and 
AMF species. We test the significance of our observed pat-
terns by using null models. Here we study a null model that 
incorporates the spatial autocorrelation of species patterns 
and we compare it with two non-spatial null models based 
on complete spatial randomness and environmental filtering, 
respectively. We use spatial overlap (i.e. species co-occurrence) 

to test the potential for associations between plant and AMF 
species and we develop novel metrics to estimate it. Our 
study uses AMF species-level data, obtained from morpho-
logical characteristics of spores, in contrast with plant–AMF 
interaction network studies that used operational taxonomic 
units (OTUs) of AMF obtained from molecular analysis of 
samples taken from the roots of the plants (Chagnon et al. 
2012, Montesinos-Navarro et al. 2012). We find that our 
data show significant departures from the null model expec-
tations, as predicted by previous work (Chagnon et al. 2012, 
Montesinos-Navarro et al. 2012). However, these depar-
tures are marginal for the spatial null model, which sug-
gests that plant–AMF interactions are not so specialized that 
potential partners track each other in the environment. In 
other words, finding a potential partner is shaped largely by 
chance even if realized interactions in the rhizosphere may be  
influenced by functional traits such as carbon allocation, 
nutritional benefits and protection from pathogens.

Material and methods

Collection of plant, AMF and soil data

The study was conducted on a 50  50 m gridded plot that 
was established at the Long-Term Mycorrhiza Research 
Site (LTMRS), an old field meadow located in the Nature 
Reserve of the Univ. of Guelph Arboretum, Guelph, ON, 
Canada (43°32′30′′N, 80°13′00′′W). Sampling points were 
located at 1m intervals within this grid (51  51 points) for 
a total of 2601 evenly-distributed spatial samples. At each 
of the 2601 points on the grid we determined the presence/
absence of plant and AM fungal species. For plant species 
presence/absence we used a point-intercept sampling tech-
nique (Grieg-Smith 1983). For presence/absence of AM 
fungal species, we used trap cultures. At each point we col-
lected four soil subsamples, located 30 cm away from the 
point (at each of four cardinal directions). The subsamples 
were taken using a soil corer (3 cm diam, 15 cm deep). 
These subsamples were pooled and mixed well. The pooled 
soil was then used to establish three separate trap cultures. 
Trap cultures were established by dividing the soil samples 
into three parts, and placing each part in a container. The 
bottom 2/3 of each container was filled with a 1:1 mix of 
inert calcined clay and silica sand. The top of the container 
was filled with field soil. All 7803 containers were placed 
on greenhouse benches, and pre-germinated seeds of Allium 
porrum were then added. Plants were watered daily. After 12 
weeks, trap cultures were harvested, by removing the plant 
shoots and the top 1/3 of the soil substrate. The bottom 2/3 
was blended, suspended in water, and passed through a series 
of sieves ranging from 1 mm, 0.5 mm, 0.3 mm and 0.047 
mm. The fraction remaining at the smallest sieve size was 
then placed in a beaker, decanted and the floating fraction 
was placed in a nitrocellulose filter. AMF spores were identi-
fied from this fraction using the descriptions available on 
the International Culture Collection of Vesicular Arbuscular 
Mycorrhizal Fungi (INVAM) web site (< http://invam.caf.
wvu.edu/fungi/taxonomy/speciesID.htm >). More detailed 
methods are described in Maherali and Klironomos (2012). 
In addition, we also measured two abiotic variables (pH and 
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percent organic matter (OM) content of the soil) as described 
in Klironomos et al. (1993). A more detailed description of 
the study design and methods is available in Maherali and 
Klironomos (2012).

Data structure

Our data set is thus in the form of species presence or 
absence over a spatially extended grid of dimensions L  l   
l  50  50. Our community is composed of P  18 plants 
and A  15 AMF species, which are spatially distributed 
across the grid. This means that we have a single spatial matrix 
for each plant and AMF species in the community. We adopt 
the following notation in the analysis: Ni is the number of 
cells occupied by plant species i, Nj is the number of cells that 
are occupied by AMF species j, and nij is the number of cells 
where species i and j spatially overlap (i.e. co-occur). S is the 
total number of species pairs possible in the matrix.

In the next sections we describe how these matrices can 
be used to detect significant departures from random expec-
tations. Such a test requires a null model to generate random 
matrices and a metric of spatial overlap based on each set of 
matrices. We explored three different null models and three 
different metrics. One of the metrics (mutual information) 
was only used for one null model (CSR), thus totaling seven 
tests. For each null model we ran n  1000 simulations, then 
measured different species co-occurrence metrics and finally 
evaluated the statistical significance of the observed co-occur-
rence against the null distribution of co-occurrences with a 
non-parametric test (Supplementary material Appendix 1) 
for each metric and null model. All simulations and statisti-
cal tests were developed in R ( www.r-project.org ).

Note that we applied these randomization tests for each 
plant–AMF species-pair independently to evaluate whether 
they co-occur more frequently than expected. The final  
output of each null model test is a plant–AMF species co-
occurrence matrix of dimensions P  A  18  15  270.

Null models

To identify significant species co-occurrences derived  
from the spatial overlap analysis we used three different null 
models that constitute a range of different constraints. Each 
null model accounts for different constraints and assump-
tions. Two null models consider non-spatial effects and one 
considers spatial effects. One non-spatial null model only 
accounts for random effects (CSR) (i.e. this the most basic 
null model, McGill 2011) and the other one accounts for 
environmental filtering (ENV). The random patterns test 
(RPT) accounts for second-order spatial effects. Here is a 
complete description of each null model:

Complete spatial randomness (CSR)
This null model is the most commonly used and the  
least constrained one. This null model randomly reshuffles 
positions in the spatial grid only keeping the number of 
occupied cells (Ni and Nj) fixed at the observed values with-
out considering spatial second-order effects (i.e. spatial auto-
correlation) (McGill 2011). This constraint is equivalent 
to keeping species abundances fixed. Biologically, this null 
model can be interpreted as assuming that there is propagule 
rain, i.e. immigration is global.

Environmentally constrained null model (ENV)  
(Peres-Neto et al. 2001)
This null model assumes that environmental conditions 
control species occurrences. The first step involves calculat-
ing the matrix that contains site presence probabilities for 
each species at each site (i.e. site-specific probability matrix) 
according to some abiotic constraints. Probabilities of spe-
cies site presence were generated using logistic regression that 
considers two environmental factors: organic matter content 
(OM) and pH, to generate a site-by-species matrix contain-
ing probability estimates for species presence at each site (i.e. 
cell) in the spatial plot. The second step involves generat-
ing null communities considering the probabilities obtained 
in the site-by-species matrix. Using these niche dimensions  
(or range of tolerances) as predictors of species presence,  
we performed linear regression analysis to check for any 
correlation between species relative occurrence N

L
i( )  and 

range of tolerance. The analysis was applied separately for 
plant and AMF species.

Random patterns test (RPT) (Roxburgh and Chesson 1998)
This null model takes into account spatial autocorrelation 
by including the characteristics of the spatial distribution  
of the species into the null model. RPT estimates the 
‘clumpiness’ of a species spatial distribution using four sta-
tistics, which quantify specific aspects of the spatial pattern. 
These statistics are the number of edge contacts (E), corner 
contacts (C), open areas (O), and solid areas (S) (Supplemen-
tary material Appendix 1). The algorithm generates random 
patterns (spatial distributions) by first assigning randomly 
species presences (keeping species abundance fixed) and sec-
ondly swapping two cells at random (one occupied, and one 
empty). For every swapping event the following function is 
calculated:

φ       
E
E

C
C

O
O

S
S

null

obs

null

obs

null

obs

null

obs

1 1 1 1  (1)

where Eobs is the number of edge contacts (E) for the observed 
pattern, and Enull the number of edge contacts for each  
random arrangement of cells, and so on. When the spatial 
pattern for the randomized map is the same as the observed, 
then the function (1) is equal to zero (ϕ  0). If ϕ decreases, 
then the swap is retained, otherwise the two cells are returned 
to their original state, and another pair is selected. This process 
is repeated until ϕ reaches a threshold, ϕ  0.01. The resulting 
pattern is then a random spatially autocorrelated pattern.

Measuring species spatial co-occurrences

We calculated the degree of spatial overlap (i.e. spatial  
co-occurrence) between plants and AMF species and we say 
that two species significantly co-occur when they spatially 
overlap (or segregate) more than a null model of random 
placement predicts.

We used three different metrics to estimate various 
aspects of the co-occurrence between plant and AMF  
species: 1) average spatial overlap (F), 2) C-score and 3) 
mutual information (I). Average spatial overlap measures 
only spatial aggregations between species, while C-score can 
measure spatial aggregations and segregations. Mutual infor-
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and p (yj) are the marginal probabilities of species i and j, 
respectively, when present p (xi  1), p (yj  1) or absent p 
(xi  0), p (yj  0). Given the spatial distribution of the spe-
cies, we can estimate the probability of each of these states 
per species. Calculating these probabilities allow us to mea-
sure mutual information between two species Xi and Yj as:

I X Y H X H Y H X Yi j i j i j; ,( ) ( ) ( ) ( )    (2)

where

H X p x p xi ix i
i

( ) ∑


( )log ( )
,0 1

 (3)

H Y p y p yj jy j
j

( ) ∑


( )log ( )
,0 1

 (4)

are the marginal entropies and

H X Y p x y p x yi j i jx y i j
i j

, ( , )log ( , )
, ; ,( ) ∑

 0 1 0 1  (5)

is the joint entropy of Xi and Yj. In these expressions x and y 
are possible outcomes (i.e. presence or absence) of Xi and Yi, 
respectively. Substituting Eq. 3, 4, 5 in Eq. 2 we find

I X Y p x y
p x y

p x p yi j xy
; , log

( , )
( ) ( ),,( ) ( ) 



∑∑

 0 10 1
 (6)

It can be shown that I (X; Y  )  0 if and only if X and Y 
are independent random variables. We can see this implica-
tion in the ‘if ’ direction very easily because, by assuming 
independence, we have p (x, y)  p(x) p(y) and therefore:  

log
( , )

( ) ( )
p x y

p x p y






 0 . Thus, if there is some dependence,  

mutual information is always I (X; Y  )  0.
Finally, in order to evaluate the mutual dependence of 

any pair of species, as defined by mutual information, we 
need the dimension of the lattice, L, the total number of 
cells occupied by every species, Ni and Nj, and the counts of 
species i and j in each of the states nk.

Species dependence (D) and asymmetry (A)
The calculations from mutual information also allow us to 
estimate species dependence (D) and asymmetry (A), which 
tell us how much species depend on each other (Gorelick 
et al. 2004) (details in Supplementary material Appendix 1). 
Therefore, mutual information provides new measures (D 
and A) of the data set (i.e. not covered by C-score), which 
have been identified to be important for the analysis of 
mutualistic networks (Bascompte and Jordano 2007).

Network topology

We explored, for each simulated ‘null’ community, three 
topological properties commonly studied in mutualistic net-
works: nestedness, modularity and connectance (details in 
Supplementary material Appendix 1).

Partial Mantel test and Procrustes analysis

To explore in more detail how much the plant and AMF 
community correspond to each other and how they are  
conditioned by the abiotic factors considered here (pH, 
OM), we also performed partial Mantel tests and a Procrustes 
analysis (details in Supplementary material Appendix 1).

mation also measures spatial aggregations and segregations, 
but is based on a completely different theoretical framework 
that comes from information theory. Mutual information 
has never been used before to estimate species co-occurrence. 
The use of mutual information for estimating species co-
occurrences in ecological networks is novel, to the best of 
our knowledge. We also calculate two other metrics derived 
from the mutual information metric (I): species dependence 
(D) and asymmetry (A). Here we present only the results of 
the C-score metric because we did not find major differences 
between metrics. The results of the other metrics (F and I) 
are included in the Supplementary material.

1) Average spatial overlap (F)
We developed a simple metric to estimate spatial overlap 
between species. Two measures of spatial co-occurrence can 
be defined: the fraction of cells for which plant species i is 
present when AMF species j is also present is: Fij  nij / Ni 
and, conversely, the fraction of cells for which AMF species 
j is present when plant species i is also present: Fji  nij / Nj. 
Although the spatial overlap matrix nij is symmetric, the 
interaction matrix F is not. Therefore, we define the symmet-
ric interaction strength between plant i and AMF species j as  
their arithmetic mean: Fij  

F Fij ji

2
 (F Î [0,1]). Note that  

this metric does not consider the asymmetry in overlap of 
species presences. For example, in the case that Ni ≫ Nj and 
nij » Nj, there will be a bias towards the less abundant spe-
cies (Nj) in the Fij  value. The maximum value of F  1 is 
obtained in the symmetric case when there is maximum 
overlap for both species Fij  Fji  1 and the minimum value 
when Fij  Fji  1/N. However, highly asymmetric cases  
(Ni ≫ Nj; nij » Nj) can also produce high spatial overlap  
values (F  0.5).

2) C-score
C-score has been extensively used in the biogeographical 
and ecological literature to estimate species co-occurrence at 
large geographical scales from presence/absence data (Gotelli 
2000). This metric was first proposed by Stone and Roberts 
(1990) to calculate species “checkerboard” distributions and 
is defined as: Cij  (Ni  nij) (Njnij) / Spairs, where Spairs is the 
total number of all possible species-pairs. We applied this 
metric to estimate how much plant and AMF species spa-
tially aggregate or segregate in our community. Low values 
of C mean that species aggregate (Cmin  0) and high values 
of C indicate segregation (Cmax  Ni  Nj).

3) Mutual information (I)
We borrowed the concept of mutual information (I) from 
information theory (Ribeiro et al. 2008). This metric mea-
sures the mutual dependence of two random variables, to 
estimate spatial overlap (co-occurrence) between species. 
Assume that we have a presence(1) / absence(0) data set of 
species i and j in a spatial plot of dimensions L  l  l. For 
each species there are four possible states k on each site (cell) 
of plot L: 1) only species i is present (1,0), 2) only species j 
is present (0,1), 3) both species are present (1,1) and 4) both 
species are absent (0,0). Furthermore we define p (xi, yj) as 
the joint probability of species i and j to be in a particular 
state k. For example, p (xi  1, yj  0)  n10 / L. Then, p (xi) 
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Figure 1. Plant–AMF co-occurrence matrices using C-score. Co-occurrence matrices were obtained for different null models: 1) complete 
spatial randomness (CSR), 2) environmentally constrained (ENV) and 3) random patterns test (RPT). The co-occurrence matrix based on 
mutual information (I) was only applied to the CSR null model (Supplementary material Appendix 1). n  1000 randomizations were 
applied for each null model. All co-occurrences shown in the figure are statistically significant (p  0.05). Aggregated species are shown in 
black-filled squares and segregated species in gray-filled squares.

Spatial auto-correlation: Moran’s I
We used Moran’s I (IMoran) (Moran 1950) to measure spa-
tial auto-correlation (or second-order effects) in the species 
spatial distribution. Negative (positive) values indicate nega-
tive (positive) spatial autocorrelation. Moran’s I ranges from  
IMoran  1 (indicating perfect dispersion) to IMoran  1  
(perfect correlation), with IMoran  0 indicating a random 
spatial pattern (McGill 2011). We used the R package spdep 
to estimate Moran’s I and species correlograms (i.e. auto- 
correlation plots) and randomization tests. A correlogram is 
a graph in which spatial correlation values are plotted on the 
y-axis, as a function of the distance classes among the grid 
cells along the x-axis (McGill 2011); distance classes here 
refer to categories of physical distances measured in meters. 
To test the significance of the spatial autocorrelation we 
applied a Bonferroni correction.

Data deposition

Data available from the Dryad Digital Repository: < http://
dx.doi.org/10.5061/dryad.c0751 > (Encinas-Viso et al. 2015).

Results

Plant–AMF interactions

The CSR null model predicts the highest number of  
significant plant–AMF co-occurrences (k–  100/270  37%), 

followed by the ENV null model (k–  78/270  28%) and 
the RPT null model (k–  54/270  20%) predicts the low-
est number of co-occurrences, regardless of the metric used. 
However, they estimated different numbers of spatially aggre-
gated and segregated co-occurrences (Supplementary material 
Appendix 2 Table A2.1). C-score and average spatial over-
lap (F) estimated more spatially segregated than aggregated 
co-occurrences, while mutual information (I) estimated an 
equal number of segregated and aggregated co-occurrences 
(Supplementary material Appendix 2 Table A2.1). In terms 
of the identity of plant–AMF species co-occurrences, all met-
rics more or less agree in identifying the spatial aggregation or 
segregation between plant–AMF species pairs (Fig. 1).

Null models and network properties

Estimations of network properties using the CSR, ENV 
and RPT null model were similar, regardless of the metrics 
used: all yielded low nestedness, connectance and modularity 
(Table 1). Nestedness and modularity were non-significant for 
any metrics used (C-score, F, I). Also, there was almost no 
structure detected in this plant–AMF co-occurrence network 
(Table 1, Supplementary material Appendix 2 Table A2.2).

In the profile of nestedness with different spatial over-
lap thresholds (i.e. thresholds, f, to assign a plant–AMF co- 
occurrence) in the observed data we see that nestedness 
initially increases reaching a maximum and then rapidly 
decreases (Fig. 2). The profile indicates that nestedness reaches 
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Table 1. Plant–AMF co-occurrence network properties estimated 
with C-score and tested by three different null models (CSR   
complete spatial randomness, ENV  environmentally constrained, 
RPT  random patterns test). All metrics approximately estimate the 
same number of co-occurrences and RPT was the most constrained 
null model. The matrices obtained are based on significant co- 
occurrences (p  0.05) according to the non-parametric test. None 
of the network properties were statistically significant (p  0.05)  
suggesting a lack of structure in this plant–AMF co-occurrence  
network.

Null model Nestedness Modularity Connectance

CSR 25.14 0.54 0.38
ENV 28.98 0.54 0.27
RPT 20.46 0.39 0.2

Figure 2. Profile of plant–AMF network properties across a range of spatial overlap thresholds (f ). Spatial overlap thresholds are values of 
the spatial overlap metric above which co-occurrence is significant, and below which it is simply a chance event. The central panel shows 
how nestedness values (black open circles), estimated with the NODF algorithm, change with different threshold values for species spatial 
overlap. Spatial co-occurrence matrices for three different threshold values (f  0.05; 0.15; 0.45) are represented in the left, top and right 
panel, respectively. In plant–AMF co-occurrence matrices each row is a plant species and each column is an AMF species. Black squares 
show the presence of a significant co-occurrence between a plant and an AMF species, while white squares show the absence of a plant– 
AMF co-occurrence. Increasing the threshold values increases the number of co-occurrences and hence connectance. Nestedness reaches an 
optimum at a low threshold value of co-occurrence (f  0.15).

a maximum for a low threshold (f  0.15), which is close to 
the mean value (F

Ù
  0.18) of the observed spatial overlap 

distribution (Supplementary material Appendix 2 Fig. A2.5). 
Moreover, we found no difference between the observed  
profile of nestedness with those produced by the null mod-
els. In fact, the estimated nestedness profiles for the three 
null models are not significantly different from the observed 
nestedness profile (CSR: p  0.55, ENV: p  0.63, RPT: 
p  0.38) (Fig. 3). However, the best fit was obtained for the 
RPT null model (Supplementary material Appendix 2 Fig. 
A2.2) and the CSR and ENV null model tended to underes-
timate the observed nestedness for even low threshold values 
(f  0.2) (Supplementary material Appendix 2 Fig. A2.2). 
Finally, we found significant nestedness (p  0.01) of matri-
ces obtained from low threshold values (0.1  f  0.35).

We found that observed nestedness was not different from 
the value expected from random encounters. Similar results 
were obtained when comparing observed connectance and 
the expected connectance from the null models (Supple-
mentary material Appendix 2 Fig. A2.7). In summary, the 
plant–AMF network studied here had very low connectance, 
nestedness and modularity. Furthermore, plants and AMF 
showed high positive spatial autocorrelation (Supplementary 
material Appendix 2 Fig. A2.6a–b) showing patchy or aggre-
gated spatial structure.

Abiotic factors and species frequency

Plants and AMF had a significant positive relationship 
between their relative frequency in the spatial plot and their 
range of tolerance (i.e. niche width) for pH and organic  
matter (OM) (F2,15  11.74, p  0.0008, F2,12  12.17, 
p  0.001). Thus, plants and AMF with a higher range of 
tolerance for pH and OM are also those that tended to be 
more frequent (Fig. 4). However, the ENV null model (based 
on the logistic regression analysis) did not show any signifi-
cant effect of pH and/or OM over spatial distribution of the 
species and their co-occurrence in this community, because 
ENV null model results were not different from those of  
the CSR null model. Similarly, the partial Mantel tests and 
the Procrustes analysis did not show any significant associa-
tion between the plant and AMF community and the abi-
otic factors. However, it found significant partial correlations 
between plant and AMF community when conditioned by 
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Figure 4. Plants (a) and AMF (b) with greater niche width are found more frequently. Each stem represents a species with range of tolerance 
in pH, organic matter (OM) and relative frequency in the spatial plot. The grids shown in (a) and (b) are the regression surfaces obtained 
from a multiple linear regression taking pH and OM tolerance range as predictors. The analysis was significant for plants (p  0.0008) and 
AMF (p  0. 001). Total number of plant species, n  18, and total number of AMF species, a  15.

Figure 3. Changes in nestedness statistics across different spatial overlap thresholds values and for different null models (CSR, ENV, RPT): 
mean nestedness values (black solid line) and the upper (97.5%) and lower (2.5%) quantiles (blue solid lines) from 1000 simulations (grey 
circles). The red solid line represents observed data.

abiotic factors (Supplementary material Appendix 2 Tables 
A2.4–5).

Mutual dependence and asymmetry

The estimates of mutual dependence and asymmetry of the 
observed data indicated that very few species seemed to be 
interacting nonrandomly, confirming previous results from 
the null model analysis. Also in agreement with the highly 

aggregated co-occurrence suggested by the null-model analy-
sis, the highest mutual dependence was found for the co-
occurrence between Helictotrichon pretense–Scutellospora 
calospora (DX,Y  0.309). High mutual dependence was also 
found for the co-occurrences between Aster nova-angliae– 
Gigaspora gigantea (DX,Y  0.284) and Echium vulgare– 
Acaulospora morrowiae (DX,Y  0.225) (Supplementary mate-
rial Appendix 2 Fig. A2.4). However, the mutual depen-
dence of the co-occurrence between Bromus inermis and 
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shown that this association can also be positive (Klironomos 
2003). Other aggregative co-occurrences found by mutual 
dependence (Dx,y) were also found by the CSR, ENV and 
RPT null model (e.g. Aster nova-angliae–Gigaspora gigantea). 
A high number of negative (segregative) associations were 
found by all null models (CSR, ENV, RPT) and the mutual 
information metric. Moreover, some AMF species, such as 
A. denticulata and S. dipurpurascens had a high number of 
aggregative co-occurrences across all null models and met-
rics. In terms of asymmetry, we found different levels of 
asymmetric dependence between plants and AMF, which 
implies that some AMF species depend more on the presence 
of some plant species and AMF species provide more infor-
mation about the distribution of their host plants than vice 
versa. In general asymmetry (A) was low compared to asym-
metry estimates in plant–animal mutualistic networks that 
are based on visitation frequency (Bascompte et al. 2006).

Spatial structure and nestedness

Standard null models for mutualistic networks usually use 
proxies, such as visitation frequency in plant–pollinators 
webs (Vázquez et al. 2007), for species interactions and 
most of them ignore the spatial structure of species (but see 
Vázquez et al. 2009). We hypothesized that in plant–AMF 
interactions, we cannot ignore the spatial structure of species 
because plants and AMF have low mobility and high positive 
spatial auto-correlation, which greatly affects network struc-
ture (Morales and Vázquez 2008). Plant–AMF interaction 
network studies ignored spatial structure in their analysis 
using standard null models and concluded that plant–AMF 
networks were highly nested (Chagnon et al. 2012, Mon-
tesinos-Navarro et al. 2012). In this paper, we showed that 
only by considering species occurrences (without spatial 
structure) and by using low threshold values f  0.1 for spa-
tial overlap, meaning that only spatial overlaps lower than 
0.1 are considered a product of random spatial distribution, 
while spatial overlaps higher than 0.1 represent significant 
co-occurrences) we can obtain highly nested networks. In 
our co-occurrence network, this indicates that nestedness is 
mostly associated with the observed positively-skewed spe-
cies frequency distribution, where there are many species 
that have low frequencies (or abundances) and hence low 
chances of associations and few highly abundant species with 
many co-occurrences (Vázquez et al. 2007). Furthermore, 
these networks are found to be significantly nested when we 
apply a standard null model to test for significance of nest-
edness (Bascompte et al. 2003, Almeida-Neto et al. 2008). 
Accounting for spatial structure reduced the number of sig-
nificant plant–AMF associations, which suggests that stan-
dard null models could yield incorrect conclusions (i.e. false 
positives). Even standard null models that did not consider 
spatial auto-correlation (CSR, ENV) showed that plant– 
AMF networks were mostly randomly assembled. However, 
given that we found a fair amount of significant plant–AMF 
co-occurrences after accounting for spatial structure (k–  54) 
we think that these co-occurrences might be the result of 
other important factors, such as niche-driven processes as 
previously suggested (Chagnon et al. 2012, Montesinos-
Navarro et al. 2012). This supports the idea of possible spe-
cializations in plant–AMF interactions (Opik et al. 2009, 

Glomus etunicatum was not high (DX,Y  0.052), in contrast 
to the null model analysis. Interestingly, the A. nova-angli-
ae–G. gigantea and E. vulgare–A. morrowiae interactions 
also showed very high asymmetry (Supplementary mate-
rial Appendix 2 Fig. A2.4): spatial information about the 
AMF species, G. gigantea, tells us more about the spatial 
distribution of plant species, A. nova-angliae, than vice 
versa (D(Anova | G.giga)  0.29  D(G.giga | Anova)  0.17) and the 
spatial distribution of E. vulgare is more informative about 
the distribution of A. morrowiae than vice versa. (D(E.vulga 
| A.morr)  0.34  D(A.morr | E. vulga)  0.23). Furthermore, we 
did not find any interaction where D(X|Y)  D(Y|X).

Discussion

Interactions between plants and AMF species are very  
complex. They range from parasitic to mutualistic (Johnson 
et al. 1997). Although AMF species seem to be able to colo-
nize different host plants (Sanders 2002), plants may host 
specific AMF strains for their own benefit (Kiers and van 
der Heijden 2006) and some plant–AMF interactions result 
in better plant performance than others, especially if they 
are locally adapted (Klironomos 2003). Nevertheless, there is 
some evidence suggesting that stochastic processes prevail in 
the assembly of plant–AMF communities (Dumbrell et al. 
2010a, Lekberg et al. 2012).

Although plant–AMF interaction networks using molecu-
lar techniques to identify rhizospere-level interactions found 
significant nestedness and modularity (Chagnon et al. 2012, 
Montesinos-Navarro et al. 2012), we found the structure of 
this plant–AMF co-occurrence network to be poorly nested 
and non-modular. We discuss below how information from 
these different perspectives could be used to complement 
each other to form a broader understanding of the assembly 
of plant–AMF networks.

Spatial overlap

Spatial overlap as a predictor of species interaction has  
been used to test competition among plants (Roxburgh and 
Chesson, 1998) and to describe plant-animal mutualistic 
networks (Vázquez et al. 2009). Vázquez et al. (2009) showed 
that spatial overlap, in combination with temporal variation 
and species abundance, is a good predictor of species interac-
tions. Moreover, a simulation study by Morales and Vázquez 
(2008) indicated that spatial aggregation of individuals and 
limited dispersal strongly affects network statistics (e.g.  
connectance, nestedness), thus affecting the probability of 
species interactions.

We obtained different predictions when incorporating 
spatial auto-correlation in our null models. More signifi-
cant spatial co-occurrences were found when spatial auto-
correlation was not considered. All metrics pointed out at 
the high aggregation between the plant species Helictotrichon 
pratense and the AMF species Scutellospora calospora. Empiri-
cal evidence from greenhouse experiments has indicated 
that these species interact positively (Klironomos 2003). 
In our analysis, the high aggregation of Bromus inermis and  
Glomus etunicatum seemed to be less strong than predicted 
by mutual dependence; however experimental evidence has 
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of how to identify those ‘real’ interactions and avoid false 
positives. Different methods exist for this purpose, such as 
Bayesian methods and Bonferroni corrections (Gotelli and 
Ulrich 2010), but even when using these methods, one has 
to be cautious. A priori biological knowledge and the use of 
specific predictor variables (abiotic or biotic) are important 
to avoid false-positives. Moreover, AMF sporulation changes 
depending on physiological and environmental conditions 
and our AMF data may be biased by cultivation method 
because we used trap cultures (Sýkorová et al. 2007). How-
ever, the alternative, using molecular methods, has the dis-
advantage of allowing only a relatively low number of plant 
individuals to be sampled per species, which could increase 
type II errors (false negatives). For example, the number of 
individuals sampled per plant species in the dataset used by 
Opik et al. (2009), Davison et al. (2011) and Chagnon et al. 
(2012) varied from 6 to 31 (and these ranged over different 
successional stages and seasons). In the Montesinos-Navarro 
et al. (2012) dataset, this number ranged from 1 (for almost a 
third of the plant species) to 18. In contrast, records for plant 
species in our data set ranged from 73 to 1292, which is one 
to three orders of magnitude higher in sampling effort.

It must be noted that the species concept is still ambigu-
ous for AMF (Redecker et al. 2003, van der Heijden and  
Scheublin 2007). Given the complicated population genet-
ics of AMF species and the current lack of consensus in 
assigning taxa with molecular methods (Kruger et al. 2012, 
Redecker et al. 2013), identifying AMF species by spore 
morphology seems more consistent. Some AMF types can 
only be detected using spore morphology, although others 
are only detected using molecular tools (Clapp et al. 2002). 
Ideally, a combination of the two methods is needed to cover 
the whole spectrum of AMF in a community. However, 
there is no doubt that the development of next-generation 
sequencing tools has opened up many new possibilities for 
studying AMF communities and new studies of plant–AMF 
networks should take advantage of that, but without neglect-
ing spatial structure.

Finally, we only studied one snapshot of the community 
but, there is evidence for phenology and seasonal dynam-
ics being crucial in the assembly of AMF communities 
(Dumbrell et al. 2011). As these factors have been shown to 
be important in shaping in plant–animal mutualistic webs 
as well (Vázquez et al. 2009), future studies should consider 
spatio-temporal variability when investigating plant-AMF 
networks (but see Bennett et al. 2013).

We have shown that stochastic processes seem to be 
important for at least the first step in assembly of our plant– 
AMF community, the probability of encountering potential 
partners. Thus, plants and AMF species do not track each 
other with high efficacy over the space. This gives support to 
recent evidence that stochasticity is very important in struc-
turing AMF communities (Dumbrell et al. 2010a, Lekberg 
et al. 2012).     
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Rosendahl 2008). We argue, however, that invoking niche 
related processes in plant–AMF networks to explain nested-
ness must be done cautiously, as it is highly dependent on 
the null model.

Niche-based factors

The predictions of the ENV null model did not differ 
from the CSR null model, indicating that pH and organic  
matter (OM) cannot predict the distribution of plant–AMF 
co-occurrences in this community. Hence, we do not find 
any clear evidence of niche-related processes based upon abi-
otic factors in shaping this web, contrary to other studies 
that have found that pH is an important factor structuring 
AMF communities (van Aarle et al. 2002, Dumbrell et al. 
2010b). However, the regression analysis showed that plant 
and AMF species frequency in a spatial grid was positively 
associated with broad ranges of pH and OM. Thus, plants 
and AMF seem to be spatially distributed according to gra-
dients of pH and OM, although these abiotic factors do not 
predict how often plant and AMF species co-occurr. Even 
though the spatial variation of pH and OM was very low 
in this homogeneous old field site (mpH  6.8, spH  0.5; 
mOM  6, sOM  1.3), the frequency of both plant and AMF 
species still responded significantly to niche breadth. How-
ever, species establishment at a specific site may be more 
influenced by the probability that it reaches that site before a 
competitor does than by its ability of establishing at that site. 
Thus, the positive relationship between niche breadth and 
species frequency can be partially explained by competitive 
interactions and dispersal limitation. Moreover, abundant 
species are more likely to encounter broader ranges of pH 
and OM. The partial Mantel test revealed a strong associa-
tion between plant and AMF when conditioned by abiotic 
factors (pH and OM). However, a recent study has shown 
that high spatial autocorrelation in the variables can generate 
type I errors (Guillot and Rousset 2013); therefore, we need 
to be cautious with this result. We argue that a combination 
of dispersal limitation, competition and priority effects may 
be stronger than the effect of abiotic niche breadth in this co-
occurrence network. However, both niche (pH) and stochas-
tic processes might be shaping these communities (Dumbrell 
et al. 2010b).

Limitations and future directions

The accuracy of using co-occurrence and spore trap  
cultures to identify realized plant–AMF interactions is debat-
able. This method relies on indirect evidence of interactions 
taking place between plant and AMF species pairs, taking a 
forensic approach if you will. On the one hand, AMF are 
obligate symbionts and forced sporulation from soil samples 
indicates interaction with at least one or more proximate 
plants. Interaction between plant–AMF partners in the 
rhizosphere should result in spatial overlap. On the other 
hand, this method may not distinguish between realized 
interactions and putative interactions resulting from asso-
ciations between plant species, which could result in higher 
type I errors (false positives). When performing spatial over-
lap analysis to find significant interacting species-pairs based 
on presence–absence binary matrices, one faces the problem 
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