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richness, composition, and food-web structure (Buckley 
et al. 2003, 2004, 2010, Baiser et al. 2012). Dispersal rates 
(Knietel and Miller 2003), pitcher size and age (Buckley 
et al. 2010, Baiser et al. 2012), trophic interactions (Goteli 
and Ellison 2006, Cochran-Stafira and von Ende 1998), and 
latitude (Buckley et al. 2003) all are correlated with species 
richness, composition, and food-web structure.

Empirical food web and regional pool data

We collected presence/absence data from 20 pitcher-plant 
food webs at each of two sites and 19 food webs at a third  
site. The three sites spanned the range of S. purpurea, with 
one site in the southern part of its range in Georgia (GEO, 
32°10′N, 81°60′W), one in the northeast, Québec City 
(QUS, 46°71N, 71°27′W), and one in the northwest corner 
of its range in eastern British Columbia (FTN, 58°49′N, 
122°54′W). Data from these three sites were collected as 
part of a larger effort in which we sampled pitchers at each  
of 39 sites across the range of S. purpurea (see Buckley et al. 
2003, 2010 for details on site selection, leaf selection,  
sampling protocol, and a complete list of species found in  
all food webs).

At each site, we sampled first-year pitchers, each on a  
different plant, that were 3–6 weeks old. Our sampling  
protocol adjusted for the influence of leaf age (i.e. we were 
not comparing a newly opened leaf with a 2nd year leaf ), 
seasonal differences in dispersal (i.e. each leaf was sampled 
on the same day at a given site) and explicit spatial  
structure (i.e. leaves on the same plant have more similar 
communities than leaves on different plants, but spatial loca-
tion of plants does not explain variation in pitcher plant 
communities, Buckley et al. 2004). For modeling purposes, 
therefore, we defined each metacommunity as the 20 (19 in 
the case of GEO) pitchers that opened on the same day. As a 
result, we viewed dispersal as a lottery, in which species  
colonize from a regional pool (Miller and Kneitel 2005). 
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which affects not only evaporation of water but also activity 
of insect prey. Total prey capture, for which daily biomass 
was normalized to scale between 0 and 1, was set equal to  
the product of L, W, and T:

capture  LWT (2)

The relationship between prey capture rate and leaf age L was 
modeled with a gamma function:
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where d (days) ranges from 1 to 
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competition coefficient randomly drawn from a gamma dis-
tribution (k  1, q  0.1). For species whose competitive 
abilities increase with resource availability;

a Nij α max  (8)

For species whose competitive abilities decrease with resource 
availability;

a Nij  A 1 max� 	  (9)

We introduced species at a rate of 1 every 2.5 days (as in the 
patch-dynamics model).

Mass-effects model

The first two assumptions of mass-effects models are the 
same as species-sorting models. The mass-effects model  
differs from the species-sorting model in that local popula-
tion dynamics and assembly dynamics occur at the same 
time scale. For the mass-effects simulations, we simply  
took the species-sorting model and introduced ten species 
per day (i.e. one species for each iteration of local population 
dynamics; see ‘Local population dynamics’ above).

Neutral model

The neutral model assumes no differences among dispersal 
abilities or among patch suitabilities for any species  
(Holyoak et al. 2005). As a result, for this model, we did not 
simulate local population dynamics, and species dispersal 
probabilities were set to be uniformly equal. Although  
the ‘neutral model of biodiversity’ works at the level of  
the individual, not at the level of a species, we are using 
‘neutral model’ here in the sense of a null model with no 
differences among species to contrast with species-specific 
differences in the other metacommunity models. However, 
in a true neutral model, differences among species in disper-
sal abilities would appear as a consequence of different 
abundances of each species in local communities. These  
differences do not arise here, because our ‘neutral model’ 
does not have abundances (no local population dynamics 
and uniformly equal dispersal probabilities); these assump-
tions are relaxed in our hybrid neutral model with empirical 
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Metrics of food-web structure and statistical  
analysis of model fit

For each simulated metacommunity, we calculated the mean 
and standard deviation of species richness, connectance 
(C  L/S 2; where L is the number of links and S is the  
number of species), linkage density (LD  L/S ), and TD,  
a trophic based measure of functional diversity (Petchey  
et al. 2008). We also calculated the multi-site Sørensen index, 
bsør, (Baselga 2010) to quantify b-diversity. We compared 
the observed value of each statistic for the empirical data 
with model distributions from the 1000 simulations to  
calculate a p-value for each metacommunity model at each 
site. If 0.025  p-value  0.975, we concluded that the 
model predictions fit the observed data. When p  0.025,  
the observed statistic was significantly less than expected 
from the metacommunity model and when p  0.975, the 
observed statistic was significantly greater than expected 
from the metacommunity model.

Model sensitivity

The seven metacommunity models explore how varying 
dispersal rate, heterogeneity in pitcher conditions, and 
dispersal probabilities influence food web structure. How-
ever, two assumptions about initial model inputs may 
influence variation in food web metrics ‘within’ models. 
First, for models with varying dispersal probabilities 
among species (e.g. patch dynamics, species sorting, mass 
effects), we used a multinomial distribution for species 
dispersal probabilities based on empirical presence/absence 
data across sites. Although this is an informed assumption, 
it is not a true quantification of the frequency that a given 
species will reach a pitcher, but implicitly reflects compet-
itive and trophic interactions (e.g. a poor competitor may 
not be present in many pitchers due to its competitive 
ability, not infrequent dispersal). Second, the distribution 
of interaction coefficients, aij, was assumed to be skewed 
with few strong interactions and many weak ones (i.e. 
gamma (k  1, q  0.1).

We explored how varying the initial dispersal and  
interaction coefficient distributions influenced within- 
model sensitivity for the three single-factor metacommunity 
models that contained these parameters (species sorting, 
patch dynamics, mass effects). We modified the multinomial 
dispersal distribution, by increasing dispersal probabilities 
for species found in less than 25% of pitchers by 20%  
and decreasing dispersal probabilities for species found in 
greater than 25% of pitchers by 20%. The new dispersal  
distribution is called Emod (empirical modified). We also 
drew aij from a uniform distribution and a gamma distri-
bution (k  6, q  0.05) that is roughly normal. We ran 
simulations that crossed our two dispersal distributions  
with our three aij distributions for species sorting, patch 
dynamics, mass effects models at each site. This yielded  
45 new models, in addition to the 15 models from the  
original set of simulations. Each model was simulated 1000 
times.

To test model sensitivity to initial distributions of  
dispersal and aij
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Z 
observed estimate mean of model distribution

standard deviationn of model distribution
 
(10)

We used a three-way ANOVA to test the effects of model 
type, shape of dispersal distribution, and shape of the  
distribution of the interaction coefficient aij on the Z-score 
for each food web metric. In this ANOVA, site entered as  
a blocking variable, and the other factors were treated as 
fixed effects. The main focus of this analysis was to determine 
whether the species-sorting, patch-dynamics, or mass-effects 
models were more or less sensitive to changes in dispersal  
or aij. In the ANOVA, the interaction terms model type   
dispersal and model type  aij identify this sensitivity, and we 
estimated the amount of variation explained by these inter-
action terms through partitioning the variance in the 
ANOVA (Gotelli and Ellison 2004).

Results

Single-factor metacommunity models

In terms of their ability to reproduce observed food web  
patterns, the patch-dynamics and species-sorting models 
were the most accurate single-factor metacommunity mod-
els. These models correctly predicted mean S, mean and vari-
ance of C, and mean LD at all sites. Mean TD at all three 
sites by the patch-dynamics model and at two of the  
three sites by the species-sorting model was not signifi-
cantly different from that observed (Fig. 3a–b). Variation in 
LD fell within model distributions at all three sites for the 
species-sorting model and at two of the three sites for the 
patch-dynamics model. bsør was not significantly different 
from observed estimates at two sites for the species-sorting 
model and at one site for the patch-dynamics model. When 
these models were inaccurate (e.g. variation in species  
richness and TD at all sites), they significantly underesti-
mated the observed food-web metric (Fig. 3a–b).

The neutral model fit the observed data more poorly than 
either the patch-dynamics model or the species-sorting 
model (Fig. 3c). The neutral model reproduced mean TD 
and variance in C at all sites, and variation in LD and bsør  
at two of the three sites (Fig. 3c). The neutral model signifi-
cantly overestimated the observed mean S and variation  
in S and TD at all sites (Fig. 3c). The neutral model signi-
ficantly underestimated C at all sites and bsør at the GEO site 
(Fig. 3c).

The mass-effects model was the least successful at repro-
ducing community characteristics of the observed sites; it 
correctly predicted variation in LD only for two sites  
and variation in S at one site (Fig. 3d). Otherwise, the mass-
effects model significantly overestimated LD, S and TD,  
and significantly underestimated all other food-web metrics 
(Fig. 3d).

Hybrid models

The species-sorting/mass-effects (SS/ME) model was the best 
hybrid model and fit the observed data nearly as well as the 
species-sorting and patch-dynamic models (Fig. 3e). The SS/
ME model correctly estimated mean S for two of the three 

sites and TD for all sites (Fig. 3e). Similar to the species-
sorting and patch-dynamic models, the SS/ME model accu-
rately fit the observed values for the mean and variation  
of LD and C, with the exception of mean C for the site in 
British Columbia (Fig. 3e). However, the SS/ME model 
could not reproduce bsør or variation in S for any site and 
observed values for variation in TD did not fall within model 
distributions for two of the three sites (Fig. 3e). Community 
metrics that did not fall within SS/ME distributions consis-
tently exceeded the model distributions, except for mean S  
at the FTN site (Fig. 3e).

The distributions from the neutral model with empirical 
dispersal (NMED) fit 10 observed parameter estimates. 
Observed values for LD, bsør, and variation in C fell within 
model distributions for all sites. In addition, the observed 
value for TD at the GEO site fell within model distributions 
(Fig. 3f ). The NMED model significantly underestimated  
C and significantly overestimated all other parameters that 
did not fall within model distributions including mean S 
(Fig. 3f ).

The species-sorting/neutral model (SS/NM) performed 
poorly, accurately fitting distributions to only five observed 
values (Fig. 3g). These included variation in C at two sites 
and variation in LD, S and TD at one site (Fig. 3g). The  
SS/NM model significantly underestimated values of C,  
bsør, and variation in C, S and TD for food-web metrics  
that fell outside the model distribution. The remaining  
metrics were significantly overestimated by this model  
(Fig. 3g).

Overall, the patch-dynamic, species-sorting, and SS/ME 
effects models were generally successful in reproducing  
mean S, LD, variation in C and LD and 
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