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Species distribution in a metacommunity varies according to their traits, the distribution of environmental conditions and
connectivity among localities. These ingredients contribute to coexistence across spatial scales via species sorting, patch
dynamics, mass effects and neutral dynamics. These mechanisms however seldom act in isolation and the impact of landscape
configuration on their relative importance remains poorly understood. We present a new model of metacommunity
dynamics that simultaneously considers these four possible mechanisms over spatially explicit landscapes and propose a
statistical approach to partition their contribution to species distribution. We find that landscape configuration can induce
dispersal limitations that have negative consequences for local species richness. This result was more pronounced with
neutral dynamics and mass effect than with species sorting or patch dynamics. We also find that the relative importance
of the four mechanisms varies not only among landscape configurations, but also among species, with some species being
mostly constrained by dispersal and/or drift and others by sorting. Changes in landscape properties might lead to a shift
in coexistence mechanisms and, by extension, to a change in community composition. This confirms the importance
of considering landscape properties for conservation and management. Our results illustrate the idea that ecological
communities are the results of multiple mechanisms acting at the same time and complete our understanding of spatial
processes in competitive metacommunities.

A metacommunity is defined as a set of local communities linked by dispersal where species coexistence depends
on niche differentiation, competitive hierarchies, drift and
dispersal (Leibold et al. 2004). Metacommunity theory distinguishes four idealized coexistence mechanisms: species
sorting, patch dynamics, mass effect and neutral dynamics (Leibold et al. 2004). The relative importance of niche
differentiation, competitive hierarchies, drift and dispersal
varies among mechanisms according to the capacity of species to disperse, experience their environment and interact
with other individuals (Livingston et al. 2012). It can also
change with landscape connectivity and with the distribution
of environmental conditions (Biswas and Wagner 2012).
Sorting of individuals by environmental conditions is a key
mechanism for the mass effect and species sorting mechanisms, as species coexistence is obtained when there is a
spatial variability in the competitive hierarchy among species. These two mechanisms differ because in mass effects
excess of dispersal can counteract the effect of environmental sorting. With patch dynamics, coexistence is obtained
through a trade-off between the competitive and colonization abilities of species. Finally, neutral dynamics consider
that all species have equal competitive abilities throughout
the landscape and that coexistence depends on ecological
drift: an equilibrium between immigration and extinctions

due to random changes in species abundances (Hubbell
2001). While not originally considered by Leibold et al
(2004), different combinations of the four basic mechanisms
are also likely to be important in structuring communities.
In addition, dispersal limitations, where an inferior competitor successfully recruits into patches where it is not the
dominant because the superior competitor is absent from
the pool of propagules, can also be an important process for
species coexistence (Hurtt and Pacala 1995, Hubbell et al.
1999). All together these processes determine which species will coexist at both local and regional scales and where
they are found (Leibold et al. 2004, Mouquet et al. 2005,
Vellend 2010). Their importance has been widely documented in both empirical and theoretical studies (Livingston
et al. 2012), but it is only recently that major advances have
been made toward a synthesis (Gravel et al. 2006, Leibold
2011). The metacommunity theory explicitly accounts for
niche differentiation, competitive hierarchies, drift and dispersal. It is therefore a useful framework to integrate these
processes and advance our understanding of coexistence and
distribution across spatial scales.
A growing body of evidence suggests that different
mechanisms can operate simultaneously in a metacommunity (Amarasekare et al. 2004, Mouquet et al. 2005,
Gravel et al. 2006, Leibold and McPeek 2006). Leibold
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(2011) and Logue et al. (2011) proposed that species sorting, patch dynamics, mass effect and neutral dynamics can
be placed within a common framework where the mechanisms are separated along three continuous axes describing ecological equivalence among species, environmental
heterogeneity and dispersal. For example, altering dispersal
limitations and the equivalence among species can induce
a switch from neutral to species sorting (Gravel et al.
2006). Dispersal can also impact local species co-existence
through a mass effect (Mouquet and Loreau 2002). The
mass effect requires sufficient propagule pressure to dislodge superior competitors, which is more likely to be
found in landscapes with very sharp transitions between
environmental conditions. Interactions between mechanisms can also have complex consequences. Amarasekare
et al. (2004) used a model coupling source-sink dynamics
and life-history trade-offs to demonstrate that spatial heterogeneity can modify life-history trade-offs reducing the
potential for species coexistence. In general, a change in
the connectivity among patches, the frequency distribution
of environmental conditions, or their spatial distribution,
can impact the relative importance of niche differentiation,
competitive hierarchies, drift and dispersal and, thereby,
the importance of the four paradigms. For instance, it was
shown with experiments that dispersal constraints imposed
by particular landscape topologies such as dendritic river
networks have direct consequences for metacommunity
diversity and composition (Carrara et al. 2012). Recent
studies modeling complex landscape structures as networks
revealed that landscape topology can impact neutral metacommunity biodiversity (Economo and Keitt 2008, 2010,

Urban et al. 2009, Gravel et al. 2014), but less is known
about how this can alter other processes.
Here, we introduce a general metacommunity model that
integrates niche differentiation, competitive hierarchies, drift
and dispersal in a spatially explicit landscape within a single
framework. The model simulates competition for space in
continuous landscapes (network of patches) with different
spatial structure and distribution of environmental conditions. We also consider sub-models that follow the assumptions of each of the four coexistence mechanisms from
metacommunity theory. These sub-models provide predictions specific to each of them against which observed species
distributions could be compared. We use the sub-models to
disentangle the contribution of each mechanism to species
distributions. Our analysis provides important insights
about which aspects of landscape heterogeneity promotes
coexistence and, by extension, which species are expected to
persist. We present simulations with one, two and twenty
species to illustrate how landscape topology and coexistence
mechanisms can influence biodiversity. We conclude by
discussing the potential applications of our approach.

Methods
Model description
The model represents competition for patches in a spatially
explicit landscape (Fig. 1). Each patch could be empty or
host a single species. The formalism should be seen as an
approximation to dominance by a single species. It has also

Figure 1. Simplified description of the model. (a) Hypothetical landscape composed by four patches and including environmental
heterogeneity. Kij is a dispersal kernel based on the distance among sites. Two patches are considered connected when Kij is lower than a
threshold Euclidean distance of r. The lower panel shows the connectivity among sites as an adjacency matrix where 1 indicates connected
sites and 0 un-connected ones. (b) Competitive ability (Cix), propagule production (Fix) and extinction probability (Wix) as a function of
environmental conditions for species A (solid black line) and species B (dashed grey line). Each of Cix, Fix and Wix is defined by three species
specific parameters: species maximal performance (m), optimum condition (o) and niche breadth (s). In our example, species A and B have
equal maximal performance and niche breadth for competitive ability and propagule production, but have different environmental optima.
As a result, species A is a better competitor in sites 1 and 3 (green dot) whereas species B outcompetes species A in sites 2 and 4 (orange
dot). Extinction probability is constant throughout the landscape (sw  ∞) and equal among the two species. (c) Local dynamic in the case
of an empty site and in the case of a site already occupied by species A. The probability that species A can colonize an empty site depends
on its recruitment probability (Iix) and the probability that a superior competitor colonizes the empty patch (Rix). When species A is present
at a site, it can die depending on its extinction probability (Wix) leaving the site empty or be replaced by a superior competitor (as a function
of Rix).
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been applied at the individual level (Tilman 1994), where
each patch corresponds to a microsite. We represent the
landscape as a spatial network where patches are nodes and
connections by dispersal are vertices. The landscape consists
of N patches x of varying areas (Ax) and environmental conditions (ex), which are submitted to random disturbances
(dx). There are S species i in the regional species pool.
Recruitment in empty patches happens as a weighted lottery among propagules reaching them. Recruitment can also
happen with the replacement, by a weighted lottery again, by
a superior competitor. Propagule production (Fix) and competitive ability (Cix) depend on the environmental condition
of the patch.
We start from Levins’ metapopulation model (Levins
1969, Levins and Culver 1971) and include elements of
more recent models of metacommunity dynamics (Mouquet
and Loreau 2002, Calcagno et al. 2006, Economo and Keitt
2010). The model describes the variation through time of
occurrence probability (occupancy), pix for each species i in
each patch x, with a set of equations of the form:

(

)

dpix
S
= I ix 1 − ∑ j =1 p jx − Rix
dt
W p
− ix ix + γRix I ix ∑ j ∈c >C p jx − γR jx pix
ix
jx
Ax

(1)

There are four terms in this equation, describing respectively
from the left to the right the probability of recruitment
in empty patches, the probability of local extinctions
(because of stochastic dynamics and natural disturbances),
the probability of colonization of patches occupied by
inferior competitors and the probability of displacement by
superior competitors. Note that, for all species, i ≠ j.
The ‘recruitment probability in empty patches’ Iix is the
probability that at least one propagule of species i colonizes
the patch x if empty (with probability 1 − ∑ j =1 p jx ):
S

(

I ix = 1 − ∏ y 1 − Cix Fiy K xy piy Ay
N

)

(2)

where Cix is the competitive ability of offspring reaching
the patch x, Fiy is the propagule production in the patch y
and Kxy the probability of a dispersal event to occur from
patch y to patch x. The amount of propagules dispersed is
directly proportional to the area of the patch. We specify an
exponential dispersal kernel based on the pairwise Euclidean
distance among patches (dxy):
Kxy  exp (–0.5 dxy)

(3)

For simulations, we truncated the kernel at a threshold
distance r (i.e. all values above this threshold were set to
zero) to limit computation time. This approach allowed us
to transform Kxy into an adjacency matrix and thereby to
account for the structures of the landscape. However, this
formulation does not allow for long distance dispersal. This
assumption can be relaxed by setting all values above the
distance threshold to a low probability.
Colonization of an empty patch requires successful establishment given local environmental conditions (Eq. 2) and the
ability to exclude other species. The probability that a superior
competitor colonizes the empty patch (Rix) is given by:

Rix = 1 − ∏ j ∈C
S

jx

>Cix

(1 − I jx )

(4)

Competitive hierarchy is defined by species competitive
ability in local environmental conditions Cix (Table 1). In
other words, the species with the highest competitive ability
in the colonized patch is the best competitor. But, species
with lower Cix can still win the competition for a target patch
if they have a sufficiently high production of propagules in
source patches (Fix). Furthermore, the model allows for
‘winning by forfeit’ (Hurtt and Pacala 1995) because dispersal limitations can potentially prevent the most competitive
species from reaching a suitable patch.
Local extinction from either demographic stochasticity
or disturbance occurs with probability Wix. The probability is species and patch specific. In the same environmental
conditions, larger patches have lower extinction probability
than smaller ones based on the assumption that extinction
probability is inversely related to population size (Hanski
1994).
Colonization of patches occupied by inferior competitors
is accounted by the third term of Eq. (1). It represents the
probability that a superior competitor species excludes an
established inferior competitor from a patch.
Displacement from patches by superior competitors is
described in the fourth term. It represents the probability
that a superior competitor colonizes the patch occupied
by species i and then excludes it. The parameter g sets
the strength of displacement (Calcagno et al. 2006). Pure
pre-emptive competition occurs when g  0.
Reproductive and competitive abilities are related to the
local environmental condition (ex) and species capacity to
resist extinctions depends on disturbance intensity (Wx). The
model is general enough to account for any function relating propagule production, competitive ability and extinction
probability to the environment. We consider here Gaussian
functions with three parameters (m, o, and s) to represent
species competitive ability and offspring production as a
function of the local environmental conditions (ex) and
species resistance to disturbance as a function of local disturbance intensity (wx). Parameters and functions are explained
at Table 1.
Landscape construction
Simulations are run on landscapes of various topologies
(Fig. 2). We distribute N patches in a geographic space with
X and Y coordinates in the range [1, 1000]. Aggregation
of patches is obtained by dividing the landscapes into 100
10  10 cells, selecting a number of cells based on patch
aggregation and randomly distributing the patches within
them. The parameter aggr defines the number of patches
within a selected cell and can vary from 1 (minimal aggregation) to N (maximal aggregation where all patches are
placed within the same cell). The number of cells is given by
dividing the number of patches by aggr and rounding up the
result. For example, distributing 100 patches with aggr  2
requires 50 cells. Two patches are considered connected if
they are located within the same threshold Euclidean distance of r previously used to truncate the dispersal kernel
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Table 1. Species parameters and associated Gaussian functions defining species performances in local conditions. The parameters ex and wx
define local environmental conditions and local disturbance intensity, respectively.
Parameter
mC
oC
sC
mF
oF
sF
mW
oW
sW

Definition
Maximal competitive ability in local environmental
conditions
Environmental conditions where competitive ability is
maximal
Competitive ability in sub-optimal environmental
conditions (competitive niche breadth)
Maximal propagule production
Environmental conditions where propagule production
is maximal
Propagule production in sub-optimal conditions
(reproductive niche breadth)
Maximal probability of resisting extinction
Disturbance level where resistance to extinction is
maximal
Capacity to resist extinction (broad vs narrow tolerance
for disturbances)

(Eq. 3). The adjacency matrix indicates connections by
dispersal (1) and their absence (0). The links are weighted
by the distance between them according to the dispersal
kernel given at Eq. 3. We simulate totally random, regular
gradient (environmental conditions ranging from 1 to 100
for all simulations), auto-correlated (patchy) and homogeneous distribution of the environmental conditions. For the
auto-correlated landscape, we use the same algorithm as for
aggregation. The environmental conditions are randomly
distributed among squares but are more similar within
cells which results in aggregated or patchy distribution of
environmental conditions.

Gaussian function

Definition

  (e − o )2  
Cix = mci exp  −  x 2Ci  
  2σCi  

Competitive ability in local
environmental conditions

  (e − o )2  
Fix = mFi exp  −  x 2Fi  
  2σ Fi  

Propagule production in
local environmental
conditions

  (w − o )2  
Wix = mWi exp  −  x 2 Wi  
  2σWi  

Probability of local
extinction

Equilibriums
The model is solved at equilibrium by setting Eq. 1 to 0
for every patch and then focusing on the occupancy at each
patch x. In the case of an isolated species with no competitors in the regional species pool we find:
pix =

(

I ix 1 − ∑ j =1 p jx
S =1

)

Wix

Here the basic result from metapopulation theory applies
(Hanski 1999): for a species to persist regionally, the

Figure 2. Examples of landscapes with different patch aggregation, connectivity and distribution of environmental conditions.
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(5)

colonization probability must be larger than the extinction probability. The spatial heterogeneity in dispersal and
environmental conditions however makes this equation
tedious to solve and to relate to the average and the variance of landscape attributes. It is nonetheless easy to solve
the model numerically and find the expected occupancy for
each location in a given landscape. As previous metapopulation models have shown, we find that occupancy increases
with the connection to the metapopulation, the area and the
suitability of the patch (Moilanen and Hanski 1998).
The model can also be solved in presence of other species. When the displacement probability is null and there is
perfect pre-emption (i.e. g  0), then the probability that a
species is present at a patch at equilibrium is given by:

(

I ix 1 − Rix − ∑ j =1 p jx
S

)

(6)
Wix
For a species to persist regionally, the probability of colonizing an empty patch has to be higher than disturbanceinduced mortality in occupied ones. Here, the probability of
colonizing an empty patch depends on both local conditions
and the capacity of the competitors to colonize the same
patch (including both the effects of propagule production
and competitive ability).
The probability that a species is present at a patch at
equilibrium when competitive displacement is allowed
(g  0) is:
pix =

pix =

I ix γRix ∑ j ∈C

ix >C jx

(

p jx + I ix 1 − Rix − ∑ j =1 p jx
γR jx + Wix

S

)

(7)

For a species to persist in the presence of another competitor, the probability of colonizing empty patches and that of
excluding the competing species from occupied patches has
to be higher than extinctions and the probability of being
excluded by stronger competitors.
Modeling the different coexistence mechanisms
Equation 1 can be simplified in order to represent the different coexistence mechanisms: neutral dynamics, competition–colonization trade-offs, species sorting and mass
effects (respectively N, CC, SS and ME). To do so, we can
specify alternate parameterization of the full model to represent the assumptions of each mechanism (Supplementary
material Appendix 1). The parameter settings for each case
are summarized in Table 2. Hereafter, we refer to the model
described in Eq. (1) as the full model when allowed to run
without any parameter constraint; and as the sub-models
when the parameters are forced to follow the assumptions of
any one of the idealized coexistence mechanism.
Evaluating the relative importance of the four
coexistence mechanisms
We compare the predictions of the full model to those of
the four sub-models to partition the contribution of each
mechanism to species distribution. We start from a pool of
species with a known trait distribution. For the purpose of

Table 2. Summary of the parameter settings for each sub-model
(N neutral dynamic, CC  competition–colonization trade-off,
SS  species sorting, ME  mass effects and F  full model). Parameters are either forced to have equal values among species (dark
gray) or are allowed to differ (light gray). Competitive ability (c),
propagule production (F) and resistance to extinction (W) are Gaussian functions defined by three parameters: m, o and s (Table 1).
Maximal performance (m) ranges from 0 to 1. Niche optima (o) can
take any value along a gradient in environmental conditions ranging
from 1 to 100. Tolerance to different environmental conditions or
niche breadth (s) ranges from 0 to ∞ where a species performs
equally well in all patches independently of local conditions.
mC

oC

sC

mF

oF

sF

mW

oW

sW

N
CC
SS
ME
Full

the simulations, we randomly attribute trait values to species
from a uniform distribution. For simplicity we also assume
that extinction probability is constant across the entire landscape and equal among species (Wix  0.1). We run the full
model using this pool of species to simulate species distributions without any constraints on the importance of different coexistence mechanisms. We redo the same for each
sub-model to obtain species distributions where the importance of the different mechanisms is known. To do so, we
adjust model equations and parameters to the assumptions
of the respective metacommunity paradigm. For example,
when a parameter is assumed to be identical among species
such as maximal performances in species sorting (Table 2),
we attribute to each species its value averaged over the pool.
The comparison between the sub-models and the full model
reveals the contribution of each mechanism to species distribution. We describe the different steps of the analysis in
more details below.
The equilibrium probabilities of observing a species at
a patch predicted by the four sub-models are likelihood
functions that could be evaluated for distribution data. The
likelihood of a presence in a given patch given a sub-model
is pix,sup and 1- pix,sup is the likelihood that it is absent. We
compute the log-likelihood of observing each species in each
patch for all four sub-models (patch scale). This metric gives
us an estimate of the contribution of each patch to different coexistence mechanisms. We sum the log-likelihood over
all species and patches to have a global assessment of the fit
of the sub-models to the simulation data (metacommunity
scale). The log-likelihood could also be summed for each
species over all patches to have a species-specific evaluation
of the different mechanisms to their distribution (species
scale). This approach thus allows investigating the changes
in the importance of the four coexistence mechanisms at the
metacommunity level as well as those potentially occurring
within metacommunities at the species level and at the patch
level.
We compare the likelihood values to assess the relative
importance of the four mechanisms. A small difference
between the full and the sub-model indicates that the
coexistence mechanism represented in the sub-model
contributes significantly to species distribution, while a large
difference indicates that it does not contribute much. These
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differences can be quantified using the ‘weight of evidence’
approach where the difference between the likelihood of the
full model and that of each sub model is divided by the likelihood of the full model. The weight of evidence provides
a scaled measure between 0 and 1 that is better suited for
comparisons among studies than raw likelihood values.
Simulations
We run simulations to investigate the impact of landscape
properties on two species coexistence, species richness
and the likelihood of the four coexistence mechanisms at
the landscape and species levels. We also run simulations
with one species to assess the impact of species parameters and landscape properties on metapopulation persistence (Supplementary material Appendix 2, Fig. A1). We
first investigate the effect of landscape properties on critical conditions for regional coexistence. We run 2-species
simulations in 5 contrasted landscapes that vary in patch
connectivity, aggregation and in the type of environmental
heterogeneity (Fig. 2). Using the full model, we investigate
the impact of differences in maximal performances and differences in optimal conditions on coexistence. Using the
CC sub-model, we investigate the impact on coexistence of
different trade-off strengths between competitive ability and
propagule production.
We then investigate how regional species richness is
influenced by landscape properties under different metacommunity paradigms in species rich metacommunities.
We run simulations on the 5 landscapes presented in Fig. 2
using the main and the 4 sub-models. We used 100 metacommunities composed of 20 species. Species have a high
resistance to extinction in all patches (mW  0.9; sW  ∞).
All other parameters are determined by random sampling
from uniform distributions (o  [0,100]; m  [0,1] and
s  [0,100]).
Before using the likelihood statistic, we test its capacity
to discriminate among the different coexistence mechanisms
by doing simulations that cross sub-models and trait distributions. In species sorting and mass effect, species have
different environmental optima (o  (25,75)) but otherwise
equal maximal performances and niche breadth (m  0.7;
s  30) for the three traits. In competition–colonization
trade-offs, species have equal environmental optima (o  50)
and niche breadths (s  50) but have opposed maximal productions of propagules and competitive abilities (mC1  1
– mF1  mF2  1 – mC2). In neutral dynamic, the species
performs equally well in all patches (m  0.7; s  ∞).
We finally investigate how the relative contribution of the
four coexistence mechanisms to species distribution might
vary with landscape topology, environmental heterogeneity
and disturbances for a broad range of scenarios. We use 100
pools of 20 species where species have equal high resistance
to disturbances (mW  0.9; sW  ∞) but otherwise random
parameters sampled from uniform distributions (o  [0,100];
m  [0,1] and s  [0,100]). We run simulations on the five
landscapes presented in Fig. 2 for each pool of species. For
each run, we calculate the likelihood of each coexistence
mechanism at the species level and compare these measures
among simulated scenarios.
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All patches are randomly occupied by one species at
the beginning of the simulations and simulations run for
time 1500 steps. Model implementation and subsequent
numerical analyses were done with R-3.1.2 (R Development
core team) using packages ‘rootSolve’ (Soetaert 2009).
Data available from the Dryad Digital Repository:
< http://dx.doi.org/10.5061/dryad.sn788 > (Fournier et al.
2016).

Results
We find for two species simulations that the likelihood
statistic performs well in discriminating the different coexistence mechanisms in all cases but two (Table 3). When the
two species have the same traits (neutral), log-likelihood values are equal for the neutral and competition–colonization
trade-off models. Similarly, likelihoods are equal for the
mass effect and species sorting models when applied to the
mass effects scenario. Two species simulations also reveal that
coexistence at the regional scale is influenced by landscape
properties (Fig. 3). Coexistence is enhanced by landscape connectivity (landscapes 1, 2 and 3 versus 4 and 5).
However, changing the distribution of environmental conditions (landscape 1 versus 2) or increasing patch aggregation (landscape 1 versus 3) does not influence coexistence,
even for species sorting. Interestingly, using a random spatial
distribution of environmental conditions, increasing patch
aggregation and decreasing the connectivity among patches
(landscape 1, 2, 3 and 4 versus 5) reduce coexistence to a
greater extent than any of these modifications alone, suggesting a strong synergy among landscape properties. These
simulations also show that low niche overlap resulting from
distinct environmental preferences (oi ≠ oj) promotes coexistence only in poorly connected landscapes (Fig. 3d–e). In the
case of the competition–colonization sub-model (Fig. 3f–j),
relatively weak trade-offs between species colonization
and competitive abilities allow coexistence in landscape 1.
However, stronger trade-offs are required for coexistence
to occur when connectivity is low (landscape 4) and even
more so when modifying the three landscape properties
(landscape 5).
Simulations with 20 species give similar general results
as the two-species simulations. We find that low connectivity decreases regional species richness in the full and
neutral models (Fig. 4, landscapes 4 and 5). Similarly, low
connectivity, high aggregation and randomly distributed
Table 3. Likelihood statistics of the simulations with 2 species. Loglikelihood statistics are produced by the comparisons of results of
the full and each sub-model (row) for each set of species parameters
(column). Species parameters are defined a priori to match the
assumptions of each metacommunity paradigm. A sub-model is
expected to retrieve the best likelihood value (i.e. closest to 0) when
run with its associated species parameters.
Species parameters
Sub-model
N
CC
SS
ME

N

CC

SS

ME

–112.3
–112.3
–114.1.8
–116.4

–129.4
–114.1
–124.3
–124.8

–130.2
–126.6
–100.8
–125.5

–131.9
–130.7
–122.3
–122.3

Figure 3. Impact of landscape properties on coexistence of 2 species using the full model (a–e) and the competition–colonization tradeoff sub-model (f–j). The first row shows the probability of coexistence for different competitive abilities, with delta performances the
absolute difference between species maximal performances (|mic – mjc|), and delta optima the absolute difference between species optimal
environmental conditions (|oic – ojc|). Species with higher maximal performances are likely to exclude other species except when the
differences in performances are too small or when difference between species optimal environmental conditions are too high leading to
low interspecific competition. The second row uses the CC sub-model to show the changes in the probability of coexistence for different
trade-offs between species competitive ability and propagule production (illustrated as a function of the propagule production of species
1 and 2).

environmental conditions decrease species richness under
mass effect. However, landscape properties do not impact
species richness under species sorting and competition–
colonization trade-off. In this respect, species sorting
produces the highest species richness and competition–
colonization trade-off the lowest in all landscapes (Fig. 4).
We find that the likelihoods of the four coexistence
mechanisms vary significantly among landscapes and among

species (Fig. 5). The variation among landscapes is relatively
weak, but some coexistence mechanisms are nonetheless
more important than others in given conditions. For example, species distribution on landscape 3 better corresponds
to the expectancy of species sorting and competition–
colonization trade-offs than that of neutral dynamic and
mass effect. There is however more variation among species
than landscapes in the importance of the four coexistence

Figure 4. Effect of landscape configuration and metacommunity coexistence mechanisms on regional species richness. Simulations were run
on the five landscapes presented in Fig. 1 using the full and the four sub-models ((a)  full model, (b)  neutral dynamic, (c)  competition–colonization trade-off, (d)  species sorting and (e)  mass effects). Each simulation is repeated 100 times with a different pool of
species representing a total of 2500 simulations. Each pool is constituted by 20 species with random trait values. Letters indicate significant
changes among landscapes (Tukey honest significant differences).
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Figure 5. Relationships between the log-likelihood of different metacommunity coexistence mechanisms per species. The different panels show the relationships among the respective log-likelihood
values of the four metacommunity coexistence mechanisms (i.e. neutral, patch dynamic; species sorting and mass effect). We use 100 pools of 20 species with random traits. For each pool, we run
simulations on the five landscapes presented in Fig. 1. The plots show the pooled results for all species and landscapes. Each point corresponds to a species. Symbols and colors represent the five
landscapes. The black line indicates the 1:1 relationship where species distribution is equally well predicted by the two metacommunity paradigms considered. Points located above this line indicate
that the distribution of the corresponding species is better explained by the mechanism plotted on the y-axis than the one on the x-axis.

mechanisms (Fig. 5). We observe, within each landscape,
substantial variation among species in the relative importance of the four mechanisms.

Discussion
Leibold et al. (2004) summarized four coexistence mechanisms operating at the metacommunity scale. These are often
oversimplified as alternative, mutually exclusive hypotheses.
In reality, they arise from various combinations of drift,
dispersal, niche differentiation and competitive hierarchies
(Mouquet et al. 2005, Vellend 2010, Livingston et al. 2012).
Since then, a number of studies have tried to assess which
of them best explains the observed distribution of species
(Cottenie 2005, Pandit et al. 2009, Livingston et al. 2013,
Yeh et al. 2014). The last decade has also seen an increasing
effort to move from opposing the four coexistence mechanisms toward their integration into a common framework
(Gravel et al. 2006, Leibold and McPeek 2006, Adler et al.
2007, Chase and Myers 2011). The present study makes a
further step toward the development of a general theory of
metacommunity ecology. The modeling framework provides
1) a formal mathematical integration of the four coexistence
mechanisms, and also a wide range of intermediate situations, 2) the capacity to compute their likelihood in various ecological and spatial contexts and 3) the capacity to
model landscape properties and the distribution of species,
traits and environmental conditions. Our approach contrasts with previous models that considered fewer and/or
non-simultaneous mechanisms (Münkemüller et al. 2012,
Ai et al. 2013, Matias et al. 2014).
Landscape and species characteristics influence the relative contribution of the different mechanisms and the number and type of species that persist. Dispersal limitations due
to low patch connectivity emerge as a key factor for metacommunity organization (Moritz et al. 2013). In absence of
environmental constraints, we find that connectivity is the
only factor impacting patch occupancy by a single species
metapopulation, with a threshold connectivity required for
persistence (Supplementary material Appendix 2, Fig. A1).
Below this threshold, a landscape consists of several subnetworks among which dispersal does not occur. This result
recalls the importance of fragmentation for metapopulation persistence (Hanski 1998). The parameter space where
coexistence is possible is also more constrained and regional
species richness lower in landscapes with low patch connectivity. In other words, dispersal limitation makes it more difficult for two or more species to coexist. Gravel et al. (2011)
found similar results when investigating the importance of
connectivity for persistence in trophic metacommunities.
They found that connectivity promotes coexistence at the
regional scale by reducing the negative impact of dispersal
limitations and by increasing the access to key resources.
Similar effects are likely to operate in our metacommunities
with high connectivity making it easier for a species to reach
a patch where environmental conditions are optimal.
We find that interactions among landscape properties
occur and can constrain coexistence to a greater extent than
connectivity alone. For instance, changing patch aggregation, connectivity and the distribution of environmental

conditions constrains the conditions for coexistence to a
greater extent than changing any of these landscape properties alone. Due to these interactions, we find the highest
regional species richness with species-sorting and no dispersal limitation and the lowest richness with neutral or mass
effect and dispersal limitation. The importance of dispersal
limitation in the neutral or mass effect sub-models is further highlighted by the lower species richness observed in
landscapes with low connectivity of patches. In the competition–colonization sub-model, the best regional competitors
and colonizers exclude the other species thus explaining the
low richness obtained. In the case of the full model, the best
local competitors and colonizers exclude other species from
patches within a given range of environmental conditions,
thus explaining the intermediate richness.
Our results show that not only the importance of the
coexistence mechanisms can vary among landscapes, it also
varies among species. Some species in a landscape could have
distributions that are strongly limited by dispersal limitations, while other species have distributions that are strongly
related to environmental conditions. This result confirms
that the importance of coexistence mechanisms depends on
the scale at which they are investigated (Chase 2014) and
calls for considering scales as continuous within and among
regions instead of the currently compartmentalized perception that dominates in community and metacommunity
ecology (Ricklefs 2008). Moreover, it suggests that the success of biodiversity management is not only site-specific but
also species-specific. It is common sense to find that a management strategy can be successful for some species but not
for others. And, species responses to a given management
strategy might differ among locations because the importance of dispersal and environmental conditions varies. For
example, restoring lateral connectivity in a floodplain along
the Rhone River favored alien macroinvertebrates better
adapted to flow (Paillex et al. 2015). However, this result
depends on the species pool present at the surroundings of
the study site (Sundermann et al. 2011).
Dispersal limitation, although not adequately considered
in the original set of four coexistence mechanisms at play
in a metacommunity (Leibold et al. 2004), emerge as a key
process in our framework. Dispersal limitation is somehow
canonical to the mass effect, as they can lead to the replacement of superior competitor by inferior ones (Hurtt and
Pacala 1995). The mechanisms responsible for this disconnect between competitivity and relative abundance in the
pool of propagules differ however, as one is caused by overabundance of weak competitors (the mass effect) and the
other by recruitment failures of the top competitor (dispersal
limitations). Dispersal limitations act as an equalizing mechanism of coexistence (Chesson 2000), meaning that they
could promote coexistence at the regional scale only if other
stabilizing mechanisms, such as niche differentiation, are
already at play. It is nonetheless a particularly important one
because dispersal is often a limiting process in natural communities, promoting local diversity by slowing down competitive exclusion. Dispersal limitation influences both the
distribution of diversity (Cadotte 2006, Myers and Harms
2009, Condit et al. 2012) and the nature and strengths of
species interactions (Shurin and Allen 2001, Chase et al.
2010). The mass effect results in similar species distribution
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to dispersal limitation, with species not systematically found
where they are the most competitive. However, the mass
effect requires a fine environmental grain as compared to
species dispersal capacity (Mouquet and Loreau 2002), while
dispersal limitation can happen on any landscape. The conditions for the mass effect to happen are constraining and
more likely to be met at small spatial scales. Mass effect is
thus likely to be much less important for species distribution
at large scales than dispersal limitation. This was problematic
in the original metacommunity framework because dispersal
limitation were not considered as a mechanism on its own.
Our framework (i.e. the full model and the four sub models,
the likelihood method and the associated species traits and
landscape configuration) solves this issue as it allows investigating the likelihood of mass effect and dispersal limitations
with a mechanistic derivation of the expected distribution,
instead of the passive description of the observed distribution obtained with variance partitioning methods.
We expect the model to be general enough to be eventually applicable to empirical data. Hanski and collaborators
pioneered the parameterization of the incidence function
model to empirical data with model organisms such as the
Glanville fritillary, the Americane pika and the European
nuthatch (see the review in Hanski 1999). The model we
propose is complicated by the ecological interactions taking
place between species, but it nonetheless builds on the same
template as Hanski did with the traditional Levins metapopulation model. The occurrence of a species in a given locality
is represented statistically as a binomial process conditional
on the patch connectivity, its area and environmental characteristics (Moilanen and Hanski 1998). The occurrence of
a species could therefore be modeled with the routine of
a generalized linear model, or alternatively a more flexible
algorithm if non-linearities are important. It is easy to interpret the terms of the linear model as colonization and extinction processes and ecological interactions are introduced as
modifiers of these (Gravel et al. 2011). Leroux et al. (pers.
comm.) recently applied the approach to investigate the
impacts of landscape fragmentation on biodiversity distribution. They found that, in support of our investigation here,
the combination of patch dynamics and species sorting best
explained the distribution of several emblematic species of
temperate forests in eastern Canada. Different approaches to
spatial dynamics were found complementary to each other,
highlighting the structural uncertainty arising from different
model structures. At the end, the most accurate and reliable
model was found to be the integrated one with the different
dynamics at play simultaneously.
The likelihood functions can be estimated directly from
spatially explicit presence/absence data. The probability of
presence of a species in a local community can be estimated
with the different sub-models. In our idealized scenarios, we
already have information about species traits, making the evaluation of the incidence functions straightforward. In reality,
information about species performances along an environmental gradient are required. Here, species distribution data,
species traits or other relevant biological variables related to
competitive ability, propagule production or extinction resistance can be used to estimate Cix, Fix and Wix respectively.
Niche optima, ranges and maximal performances are derived
from Cix, Fix and Wix. In addition, information about species
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dispersal capacity are required to have a realistic representation of spatial processes at the landscape scale. Parameters
that are difficult to estimate from the available data can be
set by hypothesis. For example, plant competitive ability for
light (Cix) can be estimated through local measurement of
specific leaf area. The number of seeds provides an estimation of plant propagule production (Fix). Plant survival to
natural disturbance such as floods or fire provide an estimation of the extinction probability in disturbed environments
(Wix). Plant dispersal capacity can be estimated using seed
size or it can be derived from species distribution maps.
Boulangeat et al. (2012) performed a similar analysis, showing that the addition of dispersal limitation and a proxy of
biotic interactions improve significantly the performance of
species distribution models. While their statistical approach
is less constrained than ours, they used a similar formulation
of dispersal limitation and found that it better explains why
species could be absent from locations they perform best
(dispersal limitations), and present in sink locations (mass
effect). See Supplementary material Appendix 3 for further
guidelines on model application.
Applying the framework to real data constitutes a mechanistic hypothesis-driven alternative aproach to the phenomenological approach of variance partitioning (Cottenie
2005). The likelihood of each coexistence mechanism could
be evaluated and the models compared by their relative
weight of evidence. Fitted parameters could also be studied
directly. For simplicity, we assumed Gaussian distribution
of species performance along environmental gradients and
equal dispersal among species. These assumptions should be
verified and, when necessary, relaxed before applications to
real data. The existing methods to relate field data to coexistence mechanisms are based on the species and/or trait
distribution. For example, diversity indices (Mason et al.
2012, Münkemüller et al. 2012, Spasojevic and Suding
2012) and variance partitioning among environmental and
spatial components (Cottenie 2005) are used to assess their
relative importance. Our framework overcomes some caveats
of these approaches as 1) it allows explicit tests of the importance of dispersal limitations and 2) it considers the different
coexistence mechanisms jointly in a common framework.
The framework thus constitutes a complementary tool to
investigate the influence of spatial geographic structure on
coexistence and their associated biodiversity distribution.
While the model performs well at the landscape scale,
it does not consider coexistence within local communities.
Indeed, patches host a population of single species in our
model. This assumption is unrealistic but a different interpretation of the model could overcome this limitation.
Patches can be interpreted as micro-sites hosting a single
individual (see for instance Tilman et al. 1994). Under this
scenario, local communities can be defined as a group of
neighbor micro-sites. It follows that the scale from local to
global (landscape scale) can be made continuous by progressively increasing the number of micro-sites included in
a local community. This offers the possibility to adapt the
likelihood statistic to assess how the importance of the four
metacommunity paradigms changes across scales (Chase
2014). Such an approach remains to be developed and could
provide interesting insights on the importance of scale for
ecological processes.

Integrating the four coexistence mechanisms of metacommunity theory and dispersal limitations into a common
spatially explicit modeling framework provides important
insight about spatial processes in metacommunities. Our
results particularly highlight the importance of dispersal
limitation as a driver of species distribution and the strong
synergies between landscape properties and coexistence
mechanisms. Moreover, they strongly suggest that natural
communities may often be the result of multiple mechanisms acting simultaneously at different scales. This complexity has to be considered in species distribution models
in order to improve our capacity to predict future changes
in biodiversity. Future studies should seek ways to better
integrate coexistence mechanisms including speciation that
was not considered here and spatial processes in species
distribution.
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