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leads to excessive type II errors (Grant and Abbott 1980, 
Colwell and Winkler 1984). For this reason, Presley et al. 
(2010) recently advocated the use of the equiprobable –
 equiprobable model for testing for patterns of species distri-
butions. However, the poor performance of this algorithm 
in the context of nestedness (Ulrich and Gotelli 2007a) and 
species co-occurrence (Gotelli 2000, Ladau 2008), suggests 
there is a real danger in overestimating the frequency of 
signifi cant patterns by taking such a liberal approach. 

 Recently Kullback – Leibler information-based model 
choices have become popular as complementary approaches 
to classical hypothesis testing (Akaike 1973, Burnham and 
Anderson 2002). Information criteria assign probabilities 
to competing models with diff erent numbers of free para-
meters and thus allow for a ranking of models from best 
to worst (Anderson 2008). In the context of null model 
analysis, we might ask whether information criteria are 
capable of quantifying the information content of diff er-
ently constrained null models. However, a simplistic use 
of information criteria is problematic because we cannot 
equate the number of null model constraints with the num-
ber of free para meters necessary for calculating information 
metrics. Moreover, null models cannot simply be ranked 
additively by the number of constraints they contain, but 
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between the formal defi nition of a pattern and the working 
defi nition based on the index. 

 Th e history of the nestedness concept (Almeida-Neto 
et al. 2007, 2008, Ulrich et al. 2009) is a good example of 
how this mismatch of pattern and metric can cause confu-
sion. Patterson and Atmar (1986) originally defi ned nested-
ness as  ‘  that   the species comprising a depauperate fauna should 
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things, critics objected to the random placement of ranges 
within a bounded range because real ranges refl ect species 
interactions with the environment (Hawkins and Diniz-
Filho 2002). 

 However, the MDE served as a very eff ective null 
model because it excluded geographical gradients in histori-
cal eff ects or contemporary climate and demonstrated that 
species richness gradients can arise entirely from simple geo-
metric constraints (Colwell et al. 2004). Th ese constraints 
are a realistic alternative to the implicit null hypothesis in 
many correlative studies where species have no dispersal con-
straints and can occur in any grid cell within a domain that 
has appropriate climatic conditions (Gotelli et al. 2009). 
More recent analyses have used the range cohesion eff ect 
embodied in MDE in stochastic models that also include 
environmental eff ects (Rahbek et al. 2007). 

 For very large matrices, and for matrices sampled at large 
spatial scales, the homogeneity assumption cannot be justi-
fi ed and traditional null models should be applied with cau-
tion. Recently Navarro-Alberto and Manly (2009) showed 
that any diff erence either in occurrence probabilities of spe-
cies across sites (non-uniform column degree distributions) 
or species (non-uniform row degree distributions) causes 
some degree of spatial autocorrelation. Null models that do 
not correct for autocorrelation may therefore too often point 
to non-randomness. To our knowledge, the eff ect of autocor-
relation on matrix structure has not been studied system-
atically, although Ulrich (2004) demonstrated that a neutral 
model with limited spatial dispersal can generate binary 
presence–absence matrices that are statistically segregated. 
Autocorrelation in species occurrences should cause a ten-
dency towards matrix compartments with regions of higher 
and lower fi ll. For large matrices, even very small degrees 
of autocorrelation will be identifi ed as being signifi cant 
(Burnham and Anderson 2002). 

 A second type of autocorrelation is the repetition og]TJ
T*
.1196eractions withurr
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