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in conceptual frameworks (Soberón 2007, Soberón and 
Nakamura 2009, Saupe et al. 2012), the identification of 
patterns of environmental correlation and spatial autocor-
relation is confounded when environmental gradients are 
spatially structured. In such cases, the geographic distribu-
tion of species can be linked to environmental gradients, 
exogenous autocorrelation (caused by spatial autocorrelation 
in the underlying environmental variables) or endogenous 
autocorrelation (due to spatial activities of the organism, 
such as dispersal) (Bahn et al. 2006, Bahn and McGill 2007, 
Currie 2007). Variation partitioning is a powerful technique 
to distinguish between the variation explained by envi-
ronmental variables and both endogenous and exogenous 
spatial autocorrelation (Borcard et al. 1992, Legendre and 
Legendre 2012). However, components of environmentally 
or spatially explained variation do not necessarily reflect  
the strength of niche or dispersal processes, respectively 
(Smith and Lundholm 2010, Diniz-Filho et al. 2012, 
Hawkins 2012). To interpret the biological significance of 
variation components more accurately, it is necessary to  
also compare them to the variation components derived  
from simulated data for which the underlying processes are 
known (Smith and Lundholm 2010, Diniz-Filho et al. 2012, 
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The importance of climate in controlling the geographic 
ranges of terrestrial species has been recognized for more 
than a century (Merriam 1894, Grinnell 1914). Once  
complemented with global climatic data and powerful  
statistical techniques, this knowledge stimulated the  
proliferation of studies aimed at predicting the distribution 
of species from environmental variables (for overviews see 
Guisan and Zimmermann 2000, Guisan and Thuiller 2005, 
Franklin 2009, Araújo and Peterson 2012). However, an 
organism will only occupy a habitat if it is physically able 
to reach it, regardless of environmental suitability. The 
effects of history and dispersal should also be considered 
when explaining species distributions because several recent  
studies have shown that spatial autocorrelation has as much, 
if not more, success in predicting distribution ranges as  
environmental variables (Bahn and McGill 2007, Currie 
2007, Beale et al. 2008, Pigot et al. 2010). It is, therefore, 
imperative to consider environmental and spatial variables 
simultaneously when studying species distributions (Bahn 
et al. 2006).

Although the interplay between the abiotic environment  
(Grinellian niches), biotic interactions (Eltonian niches)  
and the extent of species dispersal has been formalised 
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Myers et al. 2013). Such an approach reduces the likelihood  
that correlative patterns are mistakenly attributed to  
spurious causal processes.

There are other factors to consider when inferring  
the influence of environmental and spatial gradients on the 
geographic distribution of a species. The first is geographic 
range size. By applying a null model approach, Rahbek 
et al. (2007) showed that environmental variables could 
account for the species richness of widespread, but not of 
range-restricted, birds. Similarly, species richness of mam-
mals (Szabo et al. 2009) and the shape of geographic ranges 
in birds (Pigot et al. 2010) were associated with different 
environmental variables depending on whether the ranges 
were restricted or widespread. These studies imply that 
restricted and widespread species may be associated with  
different environmental variables, thus illustrating the utility 
of examining several environmental gradients simultaneously 
when investigating multiple species. These findings also sug-
gest that the strength of species–environment associations is 
contingent on geographic range size. It is unclear whether 
these effects of ranges size are due to environmental processes 
unique to narrow or widespread species or whether they  
are just artefacts of large cohesive ranges coinciding with 
continuous environmental gradients.

It is also important to compare the outcomes of variation 
partitioning analyses across multiple taxonomic groups to 
test the generality of associations between biological patterns 
and spatial or environmental gradients. If nuances in the 
variation components can be linked to specific taxonomic 
groups, then it is perhaps possible to infer the underlying 
mechanisms. For example, species turnover in relation to 
environmental gradients is much higher in amphibians and 
reptiles than in birds and mammals (Buckley and Jetz 2008, 
Qian 2009, Qian and Ricklefs 2012) and this can prob-
ably be attributed to the different ecological consequences 
of ecto- and endothermy. The relative importance of spatial 
and environmental processes may also depend on geographic 
location (Hawkins 2012). Investigating geographic patterns 
of environmental and spatial associations could augment 
the strength of inferences drawn from variation partitioning 
analyses. This is particularly true in cases where geographic 
patterns coincide with biogeographical regions, which 
potentially indicates links between historical evolutionary 
processes and contemporary environmental and spatial pro-
cesses. For instance, the importance of environmental gradi-
ents in explaining species turnover in space differs between 
tropical and temperate regions (Buckley and Jetz 2008, 
Myers et al. 2013) as well as between biogeographical realms 
(Qian 2009, Qian and Ricklefs 2012).

In the present study, we incorporate the complexities of 
geographic range size to evaluate the effect of taxonomic 
class and biogeographical region on the amount of variation 
explained by environmental correlation and spatial autocor-
relation for terrestrial vertebrates in Africa. Our working 
hypothesis is that environmental and spatial variables influ-
ence species distributions and, therefore, inform our insights 
into the biogeography of organisms at the continent-scale. 
Our analyses required four steps: first, we partitioned the 
variation in distribution ranges of individual species from 
all four classes of terrestrial vertebrates in sub-Saharan Africa 
and Madagascar into components explained by environmen-

tal correlation and both exogenous and endogenous spatial 
autocorrelation. Second, we investigated the relationship  
between these variation components and the size of  
geographic ranges. Third, we examined class-specific differ-
ences in the relationship between variation components and 
geographic range size. Fourth, we quantified continent-wide  
patterns of the explanatory ability of environmental and  
spatial variables and compared these to the boundaries of 
biogeographical regions. Throughout each of these four 
steps, empirical patterns were contrasted to those generated 
by two environmentally-neutral null models, one with and 
another without spatial constraints, to detect any correla-
tions not directly attributable to causal processes.

Material and methods

Sub-Saharan Africa (SSA) was used to explore large-scale 
ecological patterns because it is a large landmass on both 
sides of the equator, covers a broad climatic range and has 
sizeable vertebrate diversity. SSA was defined as all parts of 
Africa south of 25°N because this delineation incorporated 
Saharan influences in the analyses while minimising poten-
tial Saharo-Arabian or Palaearctic effects. This resembled the 
20°N cut-off used in a recent biogeographical delineation of 
SSA (Linder et al. 2012), but was slightly more conservative 
to account for different regionalisation based on the dispersal 
ability of volant and non-volant organisms (Kreft and Jetz 
2010). Although Madagascar is often considered as a sepa-
rate biogeographical realm (Kreft and Jetz 2010, Holt et al. 
2013), it was included in the analyses because it forms part 
of the Afrotropic ecoregion (Olson et al. 2001). Replication 
of all analyses with and without Madagascar showed that the 
inclusion of Madagascar did not affect findings or alter any 
conclusions, although it did serve as an interesting contrast 
to patterns on the mainland, hence its inclusion.

Vertebrate data

Distribution data for amphibians, reptiles and mammals 
were from Global Assessments for the IUCN Red List  
of Threatened Species ver. 2009.1 (IUCN 2009) and bird 
distributions were from the Bird Species Distribution Maps 
of the World, ver. 1.0 (Birdlife International and NatureServe 
2011). For all species, records for extant and probably extant 
populations (as categorised by the IUCN) were included in 
the analyses, irrespective of their introduced or indigenous 
status. As this study was at a continental scale, records for 
resident, breeding seasonal and non-breeding seasonal bird 
species were included to avoid underestimating the presence 
of species that occur in SSA for a large portion of the year  
but breed on other continents. After creating a grid of  
2239 regular 1° cells (roughly 111  111 km at the equa-
tor) covering the extent of the region, species were assigned 
to a cell if any part of their distribution ranges overlapped 
its boundaries. For amphibians (975 species), birds (1981 
species) and mammals (1226 species), the number of spe-
cies with complete distribution data represented more than 
95% of the know species in the region. Reptile (241 species) 
distribution data, however, only represented approximately 
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30% of all know species because the the Global Reptile 
Assessment is still on-going.

Geographic ranges are conventionally expressed in two 
broad ways: the extent of occurrence (EOO) and the area 
of occupancy (AOO) (Gaston 2003, Gaston and Fuller 
2009). The former represents the outer limits of occurrence 
of a species and generally encompasses the latter, which is 
defined as the area (or specific habitats) where the species 
actually occurs. In this study, distribution ranges represented 
the EOO; although clearly disjunct sub-ranges were kept 
separate instead of being aggregated into a single convex hull 
polygon (a typical example is the black-backed jackal Canis 
mesomelas, which has separate sub-ranges in southern and 
eastern Africa). EOO data are generally compiled by experts 
who use decades of inventory data to determine the outer 
boundaries of a species range. This combination of interpo-
lating ranges in under-sampled regions and averaging tem-
poral occurrence patterns could result in stronger spatial and 
environmental patterns (Whittaker et al. 2001). As such, any 
efforts to generalise patterns from EOO data to other forms 
of data should be done cautiously. Since geographic ranges 
of individual species – which were the response variables in 
subsequent analyses – represented the EOO, the terms were 
used interchangeably.

Simulated null models

All models and subsequent analyses were performed in  
R ver. 2.15.2 (R Development Core Team). Two null mod-
els differing in their dispersal constraints were simulated to 
contrast observed findings to those expected from environ-
mentally-neutral species. Range sizes for simulated species 
were randomly selected from the same statistical distribu-
tion as the observed data – a lognormal distribution with a 
log mean of 4.1 (60 grid cells) and a log standard deviation  
of 1.65 – and 1500 species ranges were simulated for each 
version of the null model.

The first null model (random null model) was a scattered 
model where the presence of a species was randomly assigned 
to any grid cell without any constraints until the pre-selected 
range size was reached. This represented the unrealistic sce-
nario where a species has no habitat preference and infinite 
dispersal potential. The inclusion of this model ensured that 
any effects of range size were not due to statistical artefacts 
caused by the filling of the site by species matrix. The second 
null model (spatial null model) was a basic spreading dye 
model (Jetz and Rahbek 2001, Gotelli et al. 2009) where 
each species was assigned a randomly selected starting grid 
cell. After initial seeding, a range could expand randomly 
into unoccupied adjacent grid cells until the pre-selected 
range size was reached. By limiting range expansion to grid 
cells that shared an edge with the already occupied cells, the 
spreading dye model represented a species with no environ-
mental preferences but limited dispersal. The spreading dye 
model also allowed us to identify environmental correla-
tions caused by cohesive ranges coinciding with continuous 
environmental gradients, instead of underlying niche-based 
processes. Although mechanistic null models can also incor-
porate environmental constraints in range spreading (Rahbek 
et al. 2007, Gotelli et al. 2009, Pigot et al. 2010), they can 

only include univariate environmental constraints. Multiple 
environmental constraints could theoretically be incorpo-
rated by reducing environmental variables to a single axis 
using principle component analyses, but this approach was 
not considered in this study. Our decision was motivated 
by the use of model selection in subsequent analyses, which 
necessitated the inclusion of multiple independent environ-
mental variables.

Environmental variables

An environmental dataset was made up of 22 abiotic  
variables. Net primary production (NPP), the net amount 
of solar energy converted to plant organic matter through 
photosynthesis, is a measure of steady-state carbon (mea-
sured in grams; Imhoff et al. 2004), which incorporates 
both vegetation cover and the fraction of photosynthetically 
active radiation absorbed by the canopy. Temperature and 
precipitation data were interpolated weather station data  
for the period 1950–2000 (Hijmans et al. 2005). Nineteen 
bioclimatic variables (BIOCLIM) were derived from these 
data (Supplementary material Appendix 1, Table A1). The 
average potential evapo-transpiration (PET) and aridity 
index (AI) (Trabucco and Zomer 2009) were also included. 
PET was estimated as the ability of the atmosphere to remove 
water through evaporation and transpiration processes using 
the Hargreaves model, which requires less parameterisation 
and has lower sensitivity to input errors than other evapo-
transpiration models (Trabucco et al. 2008). AI is the ratio 
of mean annual precipitation and PET (Zomer et al. 2008). 
Environmental data were available for a resolution of 30 arc 
seconds, which is much smaller than the 1° grid cells, so 
values were averaged across each cell.

Spatial variables

Distance-based Moran’s eigenvector maps (MEM: Borcard 
et al. 2004, Dray et al. 2006, Legendre and Legendre 2012) 
were generated to represent spatial variables by submitting 
the geographic distances (in kilometres; rdist.earth function 
in fields package) between all grid cell centroids to principle 
coordinate analyses (PCoA: cmdscale function in the stats 
package). The resulting ordination axes were used as MEM 
variables, which represented orthogonal spatial patterns with 
higher and lower eigenvalues corresponding to broader- and 
finer-scale patterns, respectively. Prior to the PCoA, a trun-
cation distance was identified as four times the geographi-
cal distance between two adjacent cells and all pair-wise 
comparisons beyond the truncation distance were replaced 
by this value. Although the truncation distance was some-
what arbitrary, any value larger than four times the distance 
between two cells would serve to distort the truncated dis-
tance matrix and allow the computation of eigenfunctions 
from it without changing the numerical results drastically 
(Legendre and Legendre 2012).

In total, 2238 MEM variables were constructed, but after 
removing those with negative eigenvalues (1056) and nega-
tive spatial autocorrelation (904), only 278 MEM variables 
remained. To ensure that MEM variables actually repre-
sented spatial vectors, each variable was tested using Moran’s 
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of environmental and spatial variables that best described 
the biological patterns (forward.sel function in the packfor  
package). Separate forward selection was necessary for  
each of the explanatory matrices to maintain collinearity 
between spatial and environmental variables. This approach 
contrasted the alternative strategy of submitting all explana-
tory variables to the same forward selection procedure with-
out maintaining the separate data matrices (Safi and Pettorelli 
2010). Although one forward selection on the combined 
matrices would maximise the amount of variation explained, 
it would also minimise the collinearity between explanatory 
variables. This was inappropriate for our study because col-
linearity between environmental and spatial variables was 
necessary to identify variation explained by exogenous spatial 
autocorrelation.

The forward selection procedure sequentially added 
explanatory variables with two stopping criteria: the first 
stopped the procedure if the addition of a variable did 
not improve the fit of the simpler model (alpha thresh-
old  0.05) and the second halted the addition of variables if 
the adjusted R2 of the subset model exceeded that of the full 
model (Blanchet et al. 2008). When species data showed sig-
nificant linear trends to both latitude and longitude, forward 
selection of MEM variables was performed on the detrended 
residuals of the response variables and the linear RDA model 
for latitude and longitude. MEM analyses sometimes over-
estimate the importance of spatial variables when the eigen-
vectors account for random noise (Gilbert and Bennett 
2010). To minimise this effect, a maximum number of vari-
ables (22), in addition to alpha-significance and adjusted 
R2 value, was included as a third stopping-criterion for the 
forward selection for MEM variables. This ensured that the 
number of MEM variables included in the subsequent varia-
tion partitioning would not exceed the maximum number 
of environmental variables. It was not practical to perform 
complete forward selection of MEM variables for each spe-
cies without using the third stopping-criterion because each 
step of the procedure included a computationally-exhaustive 
permutation test to determine whether the alpha  0.05 
threshold was exceeded. However, a complete forward selec-
tion was performed on a subset of species (200 species) and 
the explained variation components were indistinguish-
able from RDA without any forward selection because the 
adjusted R2 is insensitive to the addition of non-significant 
nuisance variables (Blanchet et al. 2008). Results from these 
over-fitted models are shown in online supporting material 
(Supplementary material Appendix 1, Fig. A1). Geographic 
coordinates and MEM variables retained after forward selec-
tion were combined into a single matrix of spatial variables 
for the variation partitioning.

Variation partitioning
Variation partitioning (Borcard et al. 1992, Legendre and 
Legendre 2012) associated with RDA or multiple linear 
regression in the case of individual species (varpart func-
tion in the vegan package) decomposed the variation of each  
species into an independent environmental component 
(E|S), a component attributable to spatio-environmental  
co-variation (E|S), an independent spatial component (S|E) 
and the unexplained variation. These components were 
based on adjusted R2 values, which correct for the number 

I value (Moran 1950; Moran.I function in the ape package), 
which showed that all 278 variables had positive autocorrela-
tion that differed significantly from zero (p  0.05). The geo-
graphic coordinates of grid cell centroids were also included 
as explanatory spatial variables in the analyses because MEM 
variables are inefficient in covering linear trends associated 
with latitude and longitude. MEM variables occasionally 
underestimate coefficients in spatial regression (Beale et al. 
2010) because they do not adequately account for all the 
spatial autocorrelation in the regression residuals (Bini et al. 
2009). However, this did not affect our study because the 
adjusted R2, which is neither influenced by sample size nor 
the number of explanatory variables (Peres-Neto et al. 2006, 
Blanchet et al. 2008), was investigated instead of regression 
coefficients.

Partitioning variation into independent 
environmental and spatial components

To quantify the contributions of environmental correlation, 
exogenous and endogenous autocorrelation to species distri-
butions, occurrence data for the 4423 empirical and 3000 
simulated species were first transformed and then subjected 
to the forward selection of explanatory variables. Explanatory 
variable retained after forward selection were then used to 
decompose the variation the transformed species data into 
independent environmental and spatial components. The 
presence/absence data for each vertebrate class and simulated 
model were transformed separately using a Hellinger con-
version (decostand function in the vegan package), which 
transforms a species presence by dividing it by the row totals 
in a site by species matrix (Legendre and Gallagher 2001). 
This made the data more suitable for ordination because 
Hellinger distances in a full-dimensional ordination space 
recreate the true distances between observations most accu-
rately, especially for long community gradients typified by 
many absences (Legendre and Gallagher 2001).

Forward selection of explanatory variables
Following De Bie et al. (2012), separate redundancy analyses 
(RDA: rda function in vegan package) were first performed 
on each Hellinger transformed community data matrix (ran-
dom null model, spatial null model, amphibians, reptiles, 
birds and mammals) and then for each species individually 
using environmental variables, geographic coordinates and 
MEM variables as the three explanatory matrices. RDA for 
individual species is essentially a multiple linear regression 
and we focused on these species-based results because the 
effect of range size could be tested explicitly in this way. 
Moreover, analyses on individual species avoided the poten-
tial confounding effect of sampling biases in the incomplete 
reptile community data. These RDA were just a confirma-
tory step prior to forward selection to ensure that the full 
suite of explanatory variables explained statistically signifi-
cant amounts of variation.

Once the amount of variation in distribution ranges 
captured by separate explanatory matrices in the RDA  
was statistically distinguishable from zero (p  0.05; 999 
permutations), a modified forward selection procedure 
(Blanchet et al. 2008) was performed to obtain the subset 
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meant that standardized weighted residuals (Espinheira et al. 
2008), which added a weighing factor to account for the 
spread of observations around the regression line, had to be 
used instead (residuals function in the stats package).

Each species had an associated variation component resid-
ual from the beta regression model. Because these residuals 
represented the range-corrected response to environmental 
and spatial gradients across the entire domain of Africa, the 
residuals of wide-ranging species had to be down-weighed 
when calculating assemblage-averaged residuals for indi-
vidual grid cells. This ensured that each species contributed 
equally to assemblage-averaged patterns across the whole 
continental domain. The average residuals of the species-
specific variation components for species within a grid cell 
(VR— ) was calculated as:
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Here, VRi is the residual of species i from the variation com-
ponent and range size beta regression model, pi is range- 
corrected weight of species i (reciprocal of the number of 
grid cells occupied by species i) and S is the species richness 
of the grid cell. Spatial patterns of VR—  were compared to the 
boundaries between biogeographical regions as identified for 
each vertebrate class separately in a recent biogeographical 
regionalisation (Linder et al. 2012).

Results

Analyses on community matrices demonstrated that variation  
components were probably not indicative of underlying  
ecological processes (Supplementary material Appendix 1, 
Fig. A2a). Although environmental and spatial variables 
could not explain any variation in community patterns for 
the random null model, maintaining range cohesiveness in 
the spatial null model clearly affected the variation com-
ponents. Despite being environmentally-neutral, variation 
explained by environmental correlation (E|S) and exogenous 
spatial autocorrelation (E|S) for the community matrices 
for the spatial null model were qualitatively similar to those 
from the four vertebrate classes (Supplementary material 
Appendix 1, Fig. A2a).

Geographic range size and variation components

The proportion of variation attributable to environmental 
correlation, exogenous and endogenous autocorrelation var-
ied for species with different range sizes (Fig. 1). This find-
ing raised more concerns regarding the ecological-validity of 
variation partitioning based on community matrices because 
differences between vertebrate classes could be an artefact 
of average range size, which differed amongst the groups 
(Supplementary material Appendix 1, Fig. A2b). Neither 
environmental nor spatial variables explained any variation 
in species distributions generated by the random null model, 
showing that the variation components were not an artefact 

of predictor variables in the model (Peres-Neto et al. 2006). 
The E|S component was interpreted as spatially-independent 
environmental correlation, the E∩S component as exog-
enous spatial autocorrelation (i.e. caused by spatial patterns 
in underlying environmental variables), and the S|E compo-
nent as endogenous spatial autocorrelation.

Testing the effect of geographic range size

The relationship between the variation components and  
geographic range size of the individual species was tested using 
beta regression (betareg function in the betareg package), 
which shares properties with conventional linear models, but 
is more suitable for modelling non-normal proportional data 
restricted between 0 and 1 (Ferrari and Cribari-Neto 2004). 
In the case of the random null model, explained variation 
was negative for many species, so a simple linear regression 
was used instead. Geographic range size data was log-trans-
formed in these analyses because the frequency distribution 
of species with different range sizes is generally considered to 
be approximately log-normal (Gaston 1998, 2003).

Comparing vertebrate classes

Model-based recursive partitioning (Zeileis et al. 2008) split 
beta regression models into a hierarchical tree to investigate 
the effect of vertebrate class on the association between vari-
ation components and range size (betatree function in the 
betareg package). This technique is similar to a conventional 
regression tree, but differs in that the terminal nodes of the 
tree are represented by parametric regression models. In our 
study, terminal nodes were represented by the beta regres-
sion models between the variation components and geo-
graphic range size. The partitioning procedure splits models 
recursively by adding regressor variables (null model type or 
vertebrate class) to a beta regression model. If regression coef-
ficients were unstable for specific sets of regressor variables, 
the sample was split along the least stable regressor variable 
to select a breakpoint with the highest improvement in the 
fitted log-likelihood tree (Zeileis et al. 2008). This procedure 
was repeated for each of the four variation components and 
allowed the comparison of variation components for each 
vertebrate class while simultaneously considering the poten-
tial confounding effect of range size.

Identifying geographic patterns of explained 
variation

Geographic range sizes and species richness vary in space 
(Orme et al. 2006) so it was necessary to consider this 
when assigning averaged variation components to grid cells.  
In instances where the variation components were associ-
ated with geographic range size, the residuals of the beta 
regression models could be used to indicate the explanatory 
power of environmental and spatial components without 
the potentially confounding effect of range size. However, 
since the variation components were limited between 0 
and 1, uncorrected Pearson residuals from the beta regres-
sion models were dependent on the predicted values. This 
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Figure 1. Partitioning of spatially-independent environmental correlation (a), exogenous spatial autocorrelation (b), endogenous spatial 
autocorrelation (c) and unexplained (d) variation components as a function of species geographic range size for individual species of 
amphibians, reptiles, birds and mammals as well as simulated species. Regression lines and R-squared values represent the beta regression 
model that best described the data.

of increased filling of the site by species matrix. There were 
similar statistically significant relationships between varia-
tion components and range size for species from the spatial 
null model and all four vertebrate groups (Supplementary 
material Appendix 1, Table A2). Despite comprising only a 
subset of all species, reptiles showed patterns consistent with 
those of the well-studied groups.

Spatially-independent environmental correlation and 
exogenous spatial autocorrelation were positively associated 
with geographic range size (Fig. 1a, b) whereas unexplained 
variation had a negative association with range size (Fig. 
1d). Non-zero proportions of environmentally-explained 
variation in the environmentally-neutral spatial null model 
showed that significant associations with environmental 
gradients can arise in the absence of niche-based processes. 
Endogenous autocorrelation had a quadratic relationship 
with range size (Fig. 1c) and spatial predictors explained less 
variation for species with especially narrow (fewer than  25 
grid cells) and wide (more than  250 grid cells) geographic 
ranges. The absence of qualitative differences between 
empirical species and those from the spatial null model  

suggest that general associations between species distribu-
tions and environmental and spatial gradients are due to 
range cohesiveness.

Comparisons between vertebrate classes

The random null model was excluded from the regression 
tree analysis because it was obviously different from the  
spatial null model and vertebrate groups (Fig. 1). Regression 
tree analysis showed that species from the spatial null model 
always differed significantly from the four vertebrate classes  
in their association with each of the variation components 
(Fig. 2), despite qualitative similarities (Fig. 1; Supplementary 
material Appendix 1, Table A2).

It was not possible to generalise whether variation  
components were more or less important in empirical species 
because the beta regression tree considers two parameters 
when determining statistical differences (the intercepts and 
the slope of the relationship in Fig. 1). As a consequence, 
a variation component might be more important for one 
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Figure 2. Regression trees for environmental correlation (a), exogenous spatial autocorrelation (b), endogenous spatial autocorrelation (c) 
and unexplained (d) variation components, which show the successive splitting and associated splitting criteria attributed to simulated or 
observed vertebrate classes.

group when species are narrowly distributed (lower inter-
cept) but not when species are widely distributed (higher 
slope). Nevertheless, certain patterns were suggestive of 
meaningful class-specific differences. Variation explained 
by environmental correlations differed between endother-
mic birds and mammals and ectothermic amphibians and 
reptiles (Fig. 2a). Similarly, endogenous spatial autocorrela-
tion differed between the amphibians, birds and a group that 
included mammals and reptiles (Fig. 2c). There were no dif-
ferences between vertebrate groups for variation explained 
by exogenous spatial autocorrelation (Fig. 2b).

Geographic patterns in variation components

Statistical differences between vertebrate classes with  
regard to the relationship between variation components and 

geographic range size (Fig. 2) warranted further investiga-
tion into the residuals of this relationship. Results demon-
strated clear geographical patterns in the assemblage-average 
residuals (Fig. 3). Output from the spatial null model sug-
gested that patterns of variation were mainly due to the shape 
of Africa; the isolated southern tip and the western bulge of 
Africa showed similar patterns for environmental correlation 
and endogenous spatial autocorrelation. For the empirical 
species data, however, variation components coincided with 
biogeographical regions (Supplementary material Appendix 1, 
Table A3).

Some notable similarities between the vertebrate classes 
included high environmentally-explained variation in the 
southern Africa biogeographical region (Fig. 3a) and high 
and low explanatory power of exogenous and endogenous 
spatial autocorrelation, respectively, in the equatorial forests 
of the Guineo-Congolian biogeographical region (Fig. 3b, c). 
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Figure 3. Assemblage-averaged standardised residuals (VR— ) of the relationship of spatially-independent environmental correlation (a),  
exogenous spatial autocorrelation (b), endogenous spatial autocorrelation (c) and unexplained (d) variation components with geographic 
range size for the spatial null model and for amphibians, reptiles, birds and mammals. Colour ramps are scaled based on equal quantile 
intervals of the observed data and values represent the minimum, 25 percentile, median, 75 percentile and maximum values. Maps are 
based on a 1° grid and lines indicate the approximate boundaries of biogeographical regions as defined by Linder et al. (2012).

There were also some differences between vertebrate groups:  
spatially-independent environmental correlation, for exam-
ple, explained more variation in the distribution patterns of 
birds in the two branches of the African Rift Valley than 
it did for other groups (Fig. 3a). Detailed screening also 
unveiled clear examples of remarkable fine-scale patterns; 
such as the variation in amphibian distributions explained 
by exogenous spatial autocorrelation in the winter rainfall 
region at the southern tip of Africa (succulent karoo biodi-
versity hotspot) and along the eastern band of tropical forests 
in Madagascar (Fig. 3b).

Discussion

Despite the long history of using environmental variables to 
predict species distributions, our analyses revealed that envi-
ronmental variables alone have less power than exogenous 
and endogenous spatial variables in explaining broad-scale 
distribution patterns for vertebrate species in sub-Saharan 
Africa. Previous studies have pointed out that the majority 
of published climate-predicted distributions are no better 
than expected from chance alone (Beale et al. 2008) and 

that environmental variables added no additional explana-
tory capacity to spatial models (Bahn and McGill 2007). 
Unlike these studies, our findings indicate that the explana-
tory power of environmental variables is not negligible at 
large spatial-scales. However, the mechanistic origin of these 
associations is inconclusive because environmental variables 
also explained substantial variation in simulated spatially-
constrained null distributions. Environmental associations 
may arise because cohesive ranges coincide with similar  
environmental gradients. While this certainly does not mean 
that all environmental correlations are spurious, it does  
caution against the uncritical interpretation of species– 
environmental relationships as indicators of niche-based 
processes and supports those who question the reliability 
of extrapolating species’ distributions under future sce-
narios of climate change using correlative modelling (sensu 
Davis et al. 1998, Wiens et al. 2009, Sinclair et al. 2010). 
There are numerous alternative approaches for improving 
environment-based biological forecasting. These include the 
identification of a species’ physiological constraints in order  
to model mechanistic biophysical relationships (Kearney 
and Porter 2009, Buckley et al. 2010), using historical  
data (Kerr et al. 2007, Kharouba et al. 2009) or structured  
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Variation components and biogeographical regions

A novel finding was that patterns of explained variation 
coincided with biogeographical regions. The relative impor-
tance of niche-based and dispersal-based processes differs 
between biogeographic realms (Qian and Ricklefs 2012) and 
our study suggests that, along with taxonomic (Kreft and 
Jetz 2010, Linder et al. 2012) and phylogenetic (Holt et al. 
2013) distinctiveness, the biotic responses to environmental  
and spatial gradients also differs among regions within bio-
geographic realms. Although proportions of explained varia-
tion are generally attributable to range size and cohesiveness, 
the geographical patterns of the residuals are suggestive of 
meaningful ecological processes. For example, birds in the 
Guineo-Congolian Region demonstrated strong associations 
with spatially-structured environmental variables. Birds 
in this region generally demonstrate high levels of habi-
tat specialisation (Belmaker et al. 2012) and are limited to 
climatic zones that maintain tropical forests habitat types. 
Furthermore, low levels of endogenous autocorrelation in 
this region imply that pure spatial processes, such as dispersal 
limitation, might not be especially influential in determining 
patterns at the species level compared to combined spatial-
climate dynamics. This conforms to the argument that the 
expected evolutionary trade-offs between specialisation and 
dispersal in tropical and temperate regions are modulated by 
climatic conditions (Jocque et al. 2010).

Even at the coarse continental-scale of this study, smaller-
scale patterns emerged that are consistent with previous obser-
vations. Despite most of southern Africa showing low levels 
of variation explained by exogenous spatial autocorrelation, 
a narrow band along the western coastline of South Africa –  
an area unique in southern Africa for having winter rainfall –  
displayed high explanatory power of spatially-structured 
environmental variables in amphibians. This corresponds to 
the spatial extent of the succulent karoo biodiversity hotspot, 
a region where 40% of the amphibian species are endemic 
(Brooks et al. 2002), suggesting that species–environmental 
associations unique to this region may have contributed to its 
distinct evolutionary history (van der Meijden et al. 2005). 
Similarly, patterns of exogenous autocorrelation in amphib-
ians and environmental and endogenous correlation in birds 
within Madagascar mirrored contemporary environmental 
gradients (especially the vegetation types along the east-west 
precipitation gradient), which are also good predictors of 
species richness (Kerr et al. 2006). High environmentally-
explained variation for Rift Valley birds also supports the 
view that the stable and moist montane climate may have 
contributed to this region’s status as a centre for endemism 
and evolutionary diversification (Fjeldså and Lovett 1997, 
Jetz et al. 2004).

The biogeographical patterns of variation components 
observed in our study are also inconsistent with the hypothe-
sis that continental-scale patterns of diversity are due to mid-
domain effects (MDE) caused by stochastic range expansion 
within a bounded domain (Rangel and Diniz-Filho 2005). 
Although MDE models can emulate patterns of species rich-
ness in African birds (Jetz and Rahbek 2001), our results 
showed that stochastic range expansion could not recreate 
biogeographical patterns in the variation components. In this 
regard, our study corroborates many other empirical studies 

sub-sampling techniques (Bahn and McGill 2013) to  
validate model predictions, or possibly even applying null 
models to identify deterministic correlative relationships 
that cannot be attributed to chance alone. The feasibility 
of the latter recommendation was supported by our regres-
sion trees and spatially-explicit analysis of residuals, which 
seemed to unveil ecologically-meaningful patterns.

Geographic range size and variation components

Environmental and spatial variables do not necessarily have 
to be mechanistically linked to the ecology and, ultimately, 
the distribution of a species to have predictive value, espe-
cially when phenomenological correlations are highly 
accurate (Bahn and McGill 2007, McGill and Nekola 
2010). Beta regression showed that explained variation 
increased dramatically as geographic range sizes increased, 
suggesting that combinations of environmental and spa-
tial variables explain the distribution of widespread species 
quite accurately. These patterns corroborate the utility of 
using environmental variables to explain species richness 
in wide-spread species (Jetz and Rahbek 2002, Rahbek 
et al. 2007, Szabo et al. 2009). Conversely, unexplained 
variation was greatest in narrowly distributed species. 
This has important consequences for conservation biology 
because 47% of all threatened species (and 75% of threat-
ened amphibians) are listed by the International Union 
for the Conservation of Nature (IUCN) Red List solely 
on the basis of geographic range size (Gaston and Fuller 
2009). It can, therefore, be argued that environmental and 
spatial variables have the lowest explanatory power in cases 
where prediction errors have the greatest consequences for 
conservation. As such, conservation biologists should be 
cautious when interpreting the outputs of species distribu-
tion models and should make contingencies for both type 
I and II errors when predicting the presence of a species 
of conservation concern (Loiselle et al. 2003, Wiens et al. 
2009).

Vertebrate class-specific variation components

Despite qualitatively similar patterns of variation compo-
nents and range size for simulated and empirical species, 
regression tree analysis suggested that variation compo-
nents could be attributed to the general characteristics of 
vertebrate classes. Even though our inferences were based 
on a limited subset of reptile data, we speculate that dif-
ferences in environmentally-explained variation were due 
to broad differences in vertebrate physiology. Ectotherms 
in general and amphibians in particular have more strin-
gent environmental requirements (Buckley and Jetz 2007, 
Aragón et al. 2010), which can explain why the amount 
of variation explained by environmental variables differed 
from that in endotherms. It is also tempting to propose 
that differences in the amount of variation explained  
by exogenous spatial autocorrelation are due to dispersal 
constraints because our results support this interpretation. 
Birds are generally more efficient dispersers than mam-
mals which, in turn, have better dispersal capacities than  
reptiles and amphibians (Qian 2009).
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that refute MDE as a cause of diversity (see meta-analysis 
by Currie and Kerr 2008). One explanation for empirical 
examples of strong MDE is that they occur when MDE 
predictions coincide with environmental gradients (Currie 
and Kerr 2008). Our findings suggest that this explanation 
may be true for individual species, where the spatial arrange-
ment of environmental gradients accounted for variation 
components in the spatial null model (Smith and Lundholm 
2010). However, in the case of assemblage-averaged varia-
tion components, our results supported the view that species’ 
associations with contemporary environmental and spatial 
gradients depend on historical evolutionary contingencies 
related to biogeographical regions.

Conclusions

Despite many of the observations in this study being con-
tingent on the specific spatial scale and the resolution of our 
sampling units, we were able to draw some general conclu-
sions. Predicting the distributions of species of conservation 
concern faces high uncertainty because unexplained varia-
tion is highest for range-restricted species and, perhaps more 
significantly, the ability of environmental and spatial pre-
dictors in explaining the distributions of species is related 
in a close manner to the cohesiveness of geographic ranges. 
Consequently, caution is needed when predicting biologi-
cal responses to future environmental conditions, because 
evidence from simulated null models suggests that links 
between distributions and environmental gradients are not 
necessarily causal. It is, therefore, advisable to identify and 
report all forms of uncertainty when predicting the distri-
butions of species (Loiselle et al. 2003, Wiens et al. 2009, 
Beale and Lennon 2012). Although the general association 
between explained variation and range size can be recreated 
using simulated data, the residuals of these associations – 
which differed among vertebrate classes – are indicative of 
meaningful spatially-dependent ecological phenomena. Our 
findings showed that the strength of environmental and spa-
tial associations with species’ distributions is closely linked 
to biogeographical regions. This suggests that the isolation 
of spatio-environmental patterns that cannot be explained 
by range cohesiveness provides a promising stepping-stone 
towards the unification of ecology and biogeography. 
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