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ABSTRACT

Aim One hypothesis to explain strong biodiversity–climate correlations is that
climate gradients determine individual species ranges, which then sum up to form
species richness patterns. If this is true, then climate gradients should not only
predict the local occurrence of species (i.e. patterns in the local community) but
also co-occurrence of species across the entirety of their ranges (i.e. the regional
community concept). We test this hypothesis for African mammals.

Location Sub-Saharan Africa.

Methods We quantified species richness of African mammals in 10,000-km2

quadrats to assess local community patterns and developed a new metric for range
overlap in the assemblage dispersion field to quantify the range-wide overlap of
species ranges. To identify potential underlying processes, we used a mechanistic
modelling approach to simulate the effects of environmental determinism, disper-
sal limitation and range positioning on species co-occurrence patterns in both local
and regional communities.

Results Although mechanistic models that included climate gradients, dispersal
limitation and range positioning could emulate local patterns of mammal richness
accurately, they were poor predictors of the co-occurrence of species across their
entire ranges. In the regional community, patterns of mammal co-occurrence were
more closely linked to biogeographical regions in Africa.

Conclusions We found little support for the hypothesis that climate modulates
individual species ranges, which then sum up to determine species richness.
Instead, climate may determine how many mammal species can persist locally,
whereas historical processes and species interactions ultimately determine more
general patterns of species co-occurrence.
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INTRODUCTION

Although studies illustrating correlations between species rich-

ness and climate are common in macroecology (Currie, 1991;

Hawkins et al., 2003), the cause of these correlations remains

unclear. One hypothesis is that climate gradients determine the

distribution ranges of individual species that sum up to cause

correlations with species richness (Algar et al., 2009; Guisan &

Rahbek, 2011). This hypothesis conforms to a species assem-

blage according to Gleason (1926), because it implies that rich-

ness is due to the chance overlapping of ranges at localities

where conditions are suitable for all the constituent species. It

also implies that it is possible to model patterns of diversity by

aggregating the geographic ranges of constituent species. This

premise that richness–climate relationships are the indirect con-

sequence of processes that form individual species ranges is

reasonable because the size (Slayter et al., 2013), shape (Pigot

et al., 2010), geographical limits (Gaston, 2003) and seasonal

dynamics (Tingley et al., 2009) of species ranges have been

linked to climate variables.
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If the responses of multiple species combine to determine

environmental correlations, then richness at any locality is just a

point estimate of range-wide ecological processes. In this regard,

Ricklefs (2008) challenged the long-standing view of the local

community as an integral ecological entity useful for inferring

the processes that generate and maintain diversity. He proposed

regional assessments across whole species ranges to more accu-

rately identify the processes underlying species co-occurrence

(Ricklefs, 2004, 2008, 2011). This range-wide view of species

co-occurrence is known as the ‘regional community concept’.

Regardless of whether species co-occurrence is examined in

the local or regional community, it remains challenging to infer

causal mechanisms between climate gradients and species

occurrence. This is true even for sophisticated curve-fitting tech-

niques (e.g. Kissling & Carl, 2008; Beale et al., 2010), which may

still misattribute causal explanations for what are just correlative

relationships. At continental scales, for example, spatially cohe-

sive (i.e. unfragmented) ranges may coincide at certain localities

by chance alone, regardless of any underlying climatic associa-

tions (mid-domain effects). In such instances, climate correla-

tions may arise even in the absence of underlying environmental

processes (Buschke et al., 2014). Similarly, dispersal limitation

may restrict species to regions with climatic conditions similar

to those at their ecological zone of origin (Ricklefs, 2004) or

Pleistocene refugia (Levinsky et al., 2013). This implies that

climate correlations are a remnant of historical events, rather

than current environment-based mechanisms.

To combat these spurious correlations, several authors have

used a hypothetico-deductive approach to unravel causal

mechanisms (Rahbek et al., 2007; Gotelli et al., 2009; Szabo

et al., 2009; Pigot et al., 2010). Such an approach begins by

simulating range expansion across climate gradients under pre-

defined hypotheses (involving varying degrees of speciation, dis-

persal limitation and environmental determinism). Simulated

ranges are cumulated and the plausibility of the hypothesis is

tested by comparing simulated patterns with observed data. In

this study, we applied a hypothetico-deductive approach to

examine patterns of species co-occurrence in both local and

regional communities by first simulating species ranges based

on simple hypotheses of range expansion across climate gradi-

ents and then testing these hypotheses using empirical patterns

for African mammals.

Defining the regional community

Although the interplay between local and regional diversity pat-

terns is familiar to many ecologists, this is distinct from the

regional community concept because the regional community is

not equivalent to the regional species pool. The regional species

pool is the set of species that can colonize and establish within a

local community, and is made up of species that actually occur

locally as well as potential colonists absent from the local com-

munity – the so-called dark diversity (Pärtel et al., 2011). In

contrast, the regional community concept examines the

co-occurrence of species across the whole of their ranges and

does not make any inferences about the regional species pool or

dark diversity.

Ricklefs (2011) studied the regional community of North

American birds by ordinating species occurrence patterns in an

artificial multivariate space and using synthetic ordination axes

to define regional communities. The advantage of this approach

is that the ordination axes provide a realistic representation of

the abiotic environment from the perspective of the organism.

However, an artificial ordination space lacks clearly defined

boundaries (Ricklefs, 2011), thereby complicating geographical

comparisons. Moreover, multidimensional characterizations

divorce the regional community from the more traditional

view of the local community. This is undesirable, because pat-

terns within the local community also aid our understanding

of local-scale ecological and evolutionary interactions between

co-occurring populations (Brooker et al., 2009). As a conse-

quence, our study sought a spatially explicit method of

quantifying the regional community to allow geographical com-

parisons as well as the integration with the local community

concept.

In this context, an intuitive way to visualize regional commu-

nities is the assemblage dispersion field (Graves & Rahbek,

2005), which represents the geographical arrangement of the

ranges for all species co-occurring locally (i.e. the assemblage).

Because it embodies the co-occurrence of a set of species across

their entire ranges, the assemblage dispersion field represents

the regional perspective for a given local assemblage (Fig. 1).

While the outer limits of the dispersion field are determined by

wide-ranging species (Fig. 1c), narrowly distributed species are

incorporated into the dispersion field by calculating its volume

Species A

Species B

Species C

a. Three species ranges b. Species ranges overlap
focal quadrat (black square)

c. Overlapping ranges depict
the assemblage dispersion field

d. Dispersion field volume
in three dimensions

i

ii

Figure 1 Two hypothetical scenarios (i
and ii) in which three species (a)
coexisting locally in a focal quadrat (b)
form the assemblage dispersion field (c).
The outer limits (dotted lines, c) and
volume (d) of the dispersion field are the
same in both scenarios despite the
orientation of individual ranges being
different.
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in three dimensions (Fig. 1d). The volume of the dispersion

field, therefore, incorporates the number of species as well as

their range sizes, but it still does not adequately represent the

spatial orientation of these ranges.

In this study we first simulated patterns of species

co-occurrence expected from simple hypotheses of limited

range expansion across climate gradients. We then tested the

validity of these hypothesized processes by comparing the simu-

lated outcomes with patterns of mammal co-occurrence in

Africa. Because evidence for hypothesized process will be

stronger if it can predict multiple patterns, we tested simulated

predictions for both local and regional community patterns.

This necessitated a new metric to quantify the degree of range

overlap for species co-occurring at a specific point in space

(hereafter called assemblage dispersion field heterogeneity). Our

approach therefore reconciles Ricklefs’ (2008, 2011) view of the

regional community and the more traditional view of the local

community and thereby offers more holistic insights into the

ecological and evolutionary processes underlying macroscale

patterns of species co-occurrence.

METHODS

Mammal data

Our analyses were limited to sub-Saharan Africa south of the

line of latitude at 25° N, which we divided into 2335 10,000-km2

equal-area quadrats (100 km × 100 km) using the African

Albers equal area conic projected coordinate system. We

removed coastal quadrats that were not completely represented

by terrestrial habitat. The data on spatial extent of occurrence

for mammal species were from the Global Mammal Assessment

of the International Union for the Conservation of Nature

(IUCN) Red List of threatened species, version 2009.1 (IUCN,

2009). The 1014 mammal species were assigned to quadrats if

their distribution ranges overlapped the quadrat boundaries.

The number of quadrats in which a species occurred was used to

quantify its range size and the number of ranges that overlapped

each quadrat represented the species richness.

Mechanistic null models

Mechanistic models re-create distribution patterns by simulat-

ing speciation, stochastic dispersal and environmental deter-

minism to varying degrees (Rahbek et al., 2007; Gotelli et al.,

2009; Pigot et al., 2010). These types of models are mechanistic

in the sense that they simulate underlying processes explicitly

and are, therefore, positioned part-way up a continuum of com-

plexity with simple correlative curve-fitting techniques at one

end (e.g. Currie, 1991; Hawkins et al., 2003) and complex

ecophysiological niche models at the other (e.g. Kearney &

Porter, 2009). In this study, we used three criteria when defining

the models – climate suitability, dispersal limitation and

approximate range position – and simulated five different com-

binations of these underlying processes (Table 1). For each

model, we simulated one range for each mammal species and

stopped the simulations once the simulated range size matched

that of the empirical species. This meant that the range size

distribution and the total number of species for each simulation

were identical to those of African mammals. All simulations and

subsequent analyses were performed in R, version 3.1.2 (R

Development Core Team, 2014).

Climate suitability

In the two mechanistic models where climate gradients were

considered (climate and spatial-climate models; Table 1), simu-

lated species were assigned to quadrats based on probabilities

derived from the climate conditions of the quadrats and the

climatic optimum of the observed species (Rangel &

Diniz-Filho, 2005). We considered seven climate-related vari-

ables widely associated with vertebrate diversity and the ranges

of individual species at a wide array of spatial scales (Hawkins

et al., 2003; Rahbek et al., 2007). The first four variables were

interpolated weather station data from the WorldClim database

for the period 1950–2000 (Hijmans et al., 2005) and included

mean annual temperature (°C) and precipitation (mm), as

well as data on temperature seasonality (standard deviation of

monthly temperature) and precipitation seasonality (coefficient

of variation of monthly precipitation). The average potential

evapotranspiration (PET; Trabucco & Zomer, 2009) was

included as an estimate of the ability of the atmosphere to

remove water through evaporation and transpiration. It was also

used to derive the aridity index, which represents the ratio of

mean annual precipitation to PET. The seventh variable was net

primary productivity (NPP), which was measured as the

amount of steady-state carbon in grams (Imhoff et al., 2004).

This measure of NPP incorporated vegetation cover and the

fraction of photosynthetically active radiation in the canopy to

quantify the net amount of solar energy converted to plant

organic matter through photosynthesis.

We used generalized linear models with binomial error dis-

tributions and logit link functions (glm command in the stats

package) to determine the climate suitability of quadrats for

each species. This modelling approach is easy to interpret and

widely used to determine species–environment relationships

(reviewed by Franklin, 2009). In this study, separate generalized

linear models were built for each of the 1014 mammal species

Table 1 Parameters included in the five mechanistic models used
to simulate local and regional community patterns.

Model

Climate

gradients

Dispersal

limitation

Range

position

Scatter model

Climate model +
Spreading dye model +
Range position model + +
Spatial-climate model + + +

Parameters that were included in the model are annotated by +.
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with the occurrences of a species in the quadrats as a binary

response variable (presence = 1, absence = 0) and the seven

climate variables as explanatory variables. When constructing

the models, generalized logistic regression assume monotonic

relationships unless polynomial or interaction terms are explic-

itly defined. In this study, we chose not to include polynomial or

interaction terms to standardize the models for all species and

prevent over-fitting the models to narrowly distributed species.

The predicted outputs from each model were used to define

climate suitability of a quadrat for that species during subse-

quent simulations. A stochastic element was introduced during

the simulations by randomly assigning species to quadrats with

probabilities determined by the outputs from the generalized

linear model. This process ended when the range size of the

simulated species equalled that of its equivalent mammal

species.

Dispersal limitation

Dispersal limitation was incorporated in the mechanistic

models by assigning a species to a single starting quadrat and

then only allowing range expansion into one of the adjacent

quadrats until the simulated range size equalled that of the

equivalent mammal species. Range expansion into adjacent

quadrats was equiprobable in the two environmentally neutral

spatial models (spreading dye and range position models). In

models where climate gradients were included (spatial-climate

model), the probability of colonization into adjacent quadrats

was selected from the climate suitability derived from the gen-

eralized linear model

Approximate range position

Range location was maintained in two of the mechanistic

models (range position and spatial-climate models) by selecting

the initial starting quadrat from within the extent of the

observed species range. This constraint should not be viewed as

an attempt to simulate realistic speciation events because it does

not truly reflect the evolutionary origins of the species (sensu

Gotelli et al., 2009). However, it did preserve biogeographical

provincialism and centres of endemism to some extent. For

narrow-range endemics, in particular, the range position con-

straint is a crude way to maintain the effects of Pleistocene

refugia (Levinsky et al., 2013) or possibly even the evolutionary

origins of the species (Jetz et al., 2004). An additional effect of

this constraint is that it maintained the geographical distribu-

tion of average range sizes (Orme et al., 2006).

Quantifying dispersion field heterogeneity

We determined the dispersion field of a focal quadrat by super-

imposing the ranges of all the species present in that quadrat.

The dispersion field volume was calculated by multiplying the

richness of each quadrat and the mean range size of the assem-

blage (Graves & Rahbek, 2005). This was repeated for the

observed mammal species distributions as well as for the

outputs from each simulated model.

Dispersion field heterogeneity represents the degree of

overlap between the ranges of species in an assemblage. As such,

assemblages where species co-occur over wide parts of their

ranges have low dispersion field heterogeneity, whereas assem-

blages where species only co-occur over small portions of their

ranges have high dispersion field heterogeneity (Appendix S1 in

Supporting information). However, species with large ranges are

more likely to co-occur across a wider area than species with

small ranges due to chance alone. To account for these discrep-

ancies in range sizes, we used a modified version of the Raup–

Crick similarity measure to quantify range overlap (Chase

et al., 2011). This version of the Raup–Crick index (raupcrick

command in the vegan package) was originally developed to test

the dissimilarity of species composition (beta diversity) across

sites while applying a randomization procedure to correct for

differences in species richness. As such, the index quantifies the

degree of dissimilarity relative to the degree of dissimilarity

expected from chance alone. In this study, we adapted the

method by transposing the site-by-species matrix (where quad-

rats are the sites) and calculating the dissimilarity of species

distributions while correcting for range size.

Our procedure for quantifying dispersion field heterogeneity

consisted of three steps for each quadrat. First, we obtained a

site-by-species submatrix for the species co-occurring in the

focal quadrat (the assemblage dispersion field) while consider-

ing all the quadrats in which at least one species of the assem-

blage also occurred (the spatial extent of the dispersion field).

Second, the dissimilarity of ranges between pairs of species in

the submatrix was calculated after first randomizing their occur-

rences (99 times) and then comparing the observed similarity

(using the Raup–Crick measure of similarity) with the similar-

ities expected from the random permutations. This process

yielded a separate pair-wise species-by-species similarity matrix

for the assemblages in each quadrat with values between 0 for

perfectly overlapping ranges and 1 for completely independent

ranges. The third step summarized these pair-wise matrices to a

single metric by calculating the homogeneity of multivariate

dispersion (Anderson et al., 2006: betadisper command in the

vegan package). This process can be visualized as the projection

of species dissimilarity patterns as points in a multivariate space,

where the position of any one point is based on its relationship

to every other point. Any two points (species) will be closer

together when ranges show high degrees of overlap (minimum

distance from Raup–Crick similarity = 0) or more distant when

ranges only overlap to a limited degree (maximum distance

from Raup–Crick similarity = 1). The centroid of this cloud rep-

resents an imaginary species with a distribution range that over-

laps all the other species in an assemblage to the same degree.

The average distance of each point to the centroid represents the

average degree of range overlap for an assemblage and was used

as the metric for dispersion field heterogeneity in our study. This

three-step procedure for identifying the extent of the dispersion

field, calculating the pair-wise Raup–Crick similarity and quan-

tifying the multivariate dispersion was repeated for each

Local and regional mammal assemblages
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quadrat. To account for stochasticity in the simulated models,

we replicated the simulations 10 times and calculated the mean

species richness, dispersion field volume and dispersion field

heterogeneity from these replicates. Exploratory analyses indi-

cated that the means of these patterns generally stabilized after

only seven replicates (Appendix S1).

Examining the predictive ability of
mechanistic models

We tested the ability of the mechanistic simulations to predict

the observed species richness, dispersion field volume and dis-

persion field heterogeneity using R2 values from both ordinary

least squares (OLS) and unity line linear regression. The R2

values for the OLS regressions were obtained from standard

linear regression (lm command in the stats package). The R2

from the unity line regression compared the simulated values

with a line with a slope of 1 and an intercept of 0, which would

indicate that the mechanistic models predicted observed pat-

terns perfectly. Before examining regression coefficients, we also

accounted for spatial autocorrelation in the regression residuals

using the spatial error model category (errorsarlm command in

the spdep package) of simultaneous autoregressive models

(SAR; Kissling & Carl, 2008). SAR generally have good overall

performance when accounting for spatial autocorrelation (Beale

et al., 2010) and the spatial error model category offers more

accurate estimates of model coefficients with less bias than alter-

native approaches (lagged and mixed SAR: Kissling & Carl,

2008). Spatial structure in the SAR models was specified as the

nearest neighbours of each quadrat. We compared the relative

explanatory power of the SAR models using the Akaike infor-

mation criterion (AIC).

Geographical patterns of dispersion field heterogeneity for

mammals and the five mechanistic models were compared with

the boundaries between biogeographical regions from the most

recent regionalization of sub-Saharan Africa (Linder et al.,

2012) by correlating the heterogeneity value of each quadrat

and the geographical distance to the nearest interface between

biogeographical regions using Spearman correlation coeffi-

cients. The statistical significance of these correlations (alpha

level = 0.05) was determined after accounting for spatial

autocorrelation by estimating the geographically effective

degrees of freedom from correlograms with 22 distance classes

to compute Moran’s I (Clifford et al., 1989: modified.ttest

command in the SpatialPack package).

RESULTS

Observed patterns of mammalian species richness were highest

in the tropics of the Guineo-Congolian biogeographical region

and along the Rift Valley into the Zambezian region (Fig. 2a).

Mechanistic models predicted species richness patterns accu-

rately (Fig. 3a), and regression analyses confirmed that a combi-

nation of dispersal limitation, range position and climate

gradients could predict species richness with a high degree of

accuracy (Table 2). The model with dispersal limitation and

climate determinism (spatial-climate model) was able to predict

mammal richness most accurately according to OLS, unity line

and SAR models (R2
OLS = 0.71; R2

unity line = 0.67; AICSAR = 14,317).

However, the spatial model that retained range position (range

position model) was also able to predict observed richness to a

comparable degree according to OLS and unity line regressions

(R2
OLS = 0.67; R2

unity line = 0.66; AICSAR = 15,329). In general, the

mechanistic models overestimated species richness in the equa-

torial forests of the Congolian region and underestimated species

richness in the Rift Valley and parts of the Zambezian region in

the South African lowveld (Fig. 4a).

The volume of the dispersion field was lowest in the equato-

rial forests of the Congolian region and greatest in the Sahel

(Sudanian region), certain areas in south-eastern Angola and

parts of Mozambique (Zambezian region) and portions of the

Sahara (Fig. 2b). Mechanistic models could predict patterns of
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Figure 2 Species richness (a), dispersion field volume (b), and dispersion field heterogeneity (c) for African mammals and five mechanistic
models. Colour ramps are scaled based on equal quantiles of the empirical mammal data and lines represent the approximate boundaries of
biogeographical regions as delineated by Linder et al. (2012).
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dispersion field volume to a limited degree (Fig. 2a), but not

nearly as accurately as they were able to predict species richness

(Table 2). According to OLS and unity line regressions, the two

mechanistic models with climate gradients (climate and spatial-

climate models) performed best when predicting dispersion field

volume (climate: R2
OLS = 0.49; R2

unity line = 0.43; spatial-climate:

R2
OLS = 0.54; R2

unity line = 0.37), whereas SAR models indicated

that all the mechanistic models performed equally poorly

(Table 2). In most cases, the mechanistic models overestimated

dispersion field volume in the Congolian region and underesti-

mated it throughout the Sahel as well as southern and eastern

Africa.

Dispersion field heterogeneity of African mammals was asso-

ciated with the boundaries between biogeographical regions

(Fig. 2c). Heterogeneity was lowest in the Congolian forests and

the Sahara and was highest at the interfaces of biogeographical

regions. Although none of the mechanistic models could

emulate these observed patterns (Table 2), the spatial-climate

model demonstrated moderate predictive ability according to

OLS regression (R2
OLS = 0.25). The spatial-climate model also

correctly predicted that dispersion filed heterogeneity should

increase near the interfaces between biogeographical regions,

but this prediction was not statistically significant (Table 3). The

mechanistic model that included only climate gradients (climate

model) consistently overestimated dispersion field heterogene-

ity, whereas the purely dispersal-based models (spreading dye

and range position models) consistently underestimated disper-

sion field heterogeneity (Fig. 3c). The majority of the mechanis-

tic models underestimated and overestimated dispersion field

heterogeneity in southern Africa and the Congolian region,

respectively (Fig. 4c).

DISCUSSION

The assemblage dispersion field (Graves & Rahbek, 2005) is a

promising method for reconciling the traditional local perspec-

tive with a regional view of a community (Ricklefs, 2008)

because it considers the coexistence of local assemblages across

the entirety of their ranges. In this study, we also quantified a

complementary metric to quantify the regional overlap of

species ranges that can be projected onto a map. This was useful

because it allowed us to visualize how the configuration of

ranges within the dispersion field is associated with biogeo-

graphical regions in Africa. Dispersion field heterogeneity

tended to be lower at the cores of biogeographical regions and

increased towards interfaces between regions. This was espe-

cially true for the Saharan and Guineo-Congolian regions and,

to a lesser degree for the Somalian, Sudanian, Zambezian and
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Southern African regions (Linder et al., 2012). This suggests that

although mammal species may be specialists at exploiting spe-

cific habitat types within biogeographical regions (e.g. forest

versus savannah species) they my actually be widespread

throughout these biomes, co-occurring with the same set of

species over large extents of their ranges. For example, the com-

position of primate communities throughout the Guineo-

Congolian region is more similar than for communities from

comparable tropical forest habitats around the world (Beaudrot

& Marshall, 2011). We could presume, therefore, that because

mammals tend to co-occur across their entire ranges, assem-

blages at the core of biogeographical regions conform more

closely with the Clementsian view of a community (Clements,

1936). Contrastingly, transition zones between biogeographical

regions had high dispersion field heterogeneity because they

shared species among adjacent regions. Assemblages at these

zones, therefore, seem to conform more closely to the

Gleasonian view of a community (Gleason, 1926).

The degree of range overlap in the regional community

decreased towards the boundaries between biogeographical

regions, but none of the mechanistic models predicted this

general trend (Table 3). It was unexpected that the models

incorporating environmental gradients could not predict this

general pattern because differences between the habitat types in

different biogeographical are broadly related to climatic condi-

tions (de Vivo & Carmignotto, 2004). Mechanistic models

always underestimated dispersion field heterogeneity at biogeo-

graphical interfaces, which suggests that the processes underly-

ing geographic distributions differ between the cores and

interfaces of biogeographical regions. Coyle et al. (2013) sug-

gested that species at core localities (defined by them as localities

where the species occur consistently through time) were related

to local environmental conditions, whereas the same species at

transient localities (defined as localities where the species only

occur sporadically through time) were more closely related to

the variation of climate variables in the wider surroundings.

Although their study differed from ours in that it examined

temporal patterns of species occupancy, it does support the view

that species may respond to climate-related variables differently

throughout their ranges.

Even though mechanistic models could not predict the degree

of range overlap for co-occurring species, they did predict the

number of species at a single locality with reasonable success.

Specifically, mechanisms that maintained dispersal limitation

and approximate range position (range position and spatial-

climate models) provided the most accurate predictions of

observed richness for African mammals. As was the case in the

majority of other studies of mid-domain effects (reviewed by

Currie & Kerr, 2008), the simple spreading dye model failed to

predict species richness. This demonstrates that it is not only

the frequency distribution of range area that influences species

richness, but also the approximate position of those ranges.

Although the inclusion of climate gradients generally improved

the predictive ability of the mechanistic models for species rich-

Table 2 Regression outputs for the ability of the five mechanistic models to predict observed species richness, dispersion field volume and
dispersion field heterogeneity for mammals in Africa.

Predictor

Ordinary least squares regression models Simultaneous autoregressive models

OLS intercept Slope R2
OLS R2

unity line† AIC* SAR intercept SAR slope AIC

Species richness

Scatter 156.94 −0.76 0.01 0 24,909 83.45 −0.03 15,371

Climate 8.91 0.90 0.62 0.61 22,658 77.69 0.03 15,363

Spreading dye 28.56 0.67 0.09 0.07 24,703 74.74 0.18 15,365

Range position −5.58 1.05 0.67 0.66 22,345 62.10 0.41 15,329

Spatial-climate 16.12 0.81 0.71 0.67 22,040 72.64 0.20 14,317

Dispersion field volume

Scatter 855.90 −0.21 0.01 0 29,030 640.52 0.04 22,663

Climate 182.59 0.74 0.49 0.43 27,453 628.46 0.07 22,638

Spreading dye 755.76 −0.06 0.01 0 29,028 888.02 −0.29 22,648

Range position 459.28 0.36 0.16 0 28,610 704.85 −0.05 22,663

Spatial-climate 259.09 0.64 0.54 0.37 27,191 585.10 0.13 22,644

Dispersion field heterogeneity

Scatter 0.26 0.04 0.01 0 −5108.7 0.18 0.23 −9989.6

Climate 0.18 0.27 0.06 0 −5253.3 0.26 0.03 −9990.3

Spreading dye 0.26 0.06 0.01 0 −5115.5 0.26 0.08 −9929.9

Range position 0.25 0.09 0.01 0 −5125.9 0.25 0.12 −9990.9

Spatial-climate 0.14 0.54 0.25 0.02 −5793.8 0.25 0.09 −9991.8

OLS, ordinary least squares; SAR, simultaneous autoregressive; AIC*, Akaike information criterion from SAR without accounting for spatial
autocorrelation; AIC, Akaike information criterion from SAR accounting for spatial autocorrelation.
†R2

unity line values of 0 denote instances where the sum of the squared residuals from the unity line was greater than the total sum of squares. In such cases,
the R2

unity line was actually negative, so values were rounded up to zero.
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Figure 4 The difference between the observed species richness (a), dispersion field volume (b), and dispersion field heterogeneity (c) for
African mammals and the predictions from five mechanistic models. Colour ramps are scaled according to equal intervals and the
histograms indicate the frequency distribution of the difference between observed and predicted vales in each quadrat. Lines represent the
approximate boundaries of biogeographical regions as delineated by Linder et al. (2012).
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ness, these effects did not completely overshadow models that

simply maintained the approximate range position. What was

noteworthy, however, was that inclusion of climate gradients

improved the ability to predict the dispersion field volume. This

suggests that while climate gradients do not necessarily outper-

form range position in predicting species richness, they may

contribute to explaining the geographical distribution of range

sizes (Orme et al., 2006). Combined, these results suggest that

empirical patterns of species richness may emerge through

several alternative mechanisms, but that climate-related mecha-

nisms dictate how mammals species with particular range sizes

are distributed throughout Africa. This complements several

studies showing how climate variables explain species richness

patterns for widespread species but not range-restricted ones

(Rahbek et al., 2007; Szabo et al., 2009).

The range position model successfully predicted more than

65% of the variation in species richness, which indicates that

empirical patterns may arise even in the absence of environmen-

tal gradients. In this regard, it is possible that correlative

richness–environmental associations identified in previous

studies are not necessarily indicative of causal processes, but

rather the result of spatially cohesive ranges tending to span

similar environmental conditions (Buschke et al., 2014). Alter-

natively, a second explanation may be that climate variables do

not influence species richness by affecting the distributions of

individual species but rather by constraining the number of

species existing at a given locality. Boucher-Lalonde et al. (2014)

came to a similar conclusion after reporting how seasonal fluc-

tuations in species richness tracked environmental variables,

while the distribution ranges of individual species did not.

Theirs is a compelling piece of evidence because, despite valid

expectations that climate directly regulates metabolic processes

and indirectly influences species diversity (Brown et al., 2004),

there is actually little support for these mechanisms from

empirical data sets (Hawkins et al., 2007). Boucher-Lalonde

et al. (2014) proposed an alternative mechanism that directly

limits local species richness while also causing strong richness–

climate associations. They speculated that regional assemblages

are formed by historical speciation and if immigration to, or

local extinction within, these assemblages is related to climate,

then strong richness–climate associations would result. While

this proposed mechanism seems promising, it is still unclear

whether it would apply at large spatial scales like the one used in

our study (Guisan & Rahbek, 2011).

Even if climate affects species richness indirectly, it is still

unclear what determines the range-wide co-occurrence of

species. In their study of South American birds, Rahbek et al.

(2007) found that climate-based hypotheses overestimated

species richness; they concluded that historical factors and

species interactions are more important than first anticipated.

Since dispersion field heterogeneity coincided with biogeo-

graphical regions – which are primarily the product of historical

processes – our results agree with those of Rahbek et al. (2007)

about underestimation of the role of historical factors. However,

our results showed that climate-based hypotheses overestimated

dispersion field heterogeneity in some regions (such as the

Guineo-Congolian region) while underestimating it in others

(such as the Southern African region). This supports the view

that the relative importance of environmental- and spatial-

driven processes may differ among biogeographical regions

(Buschke et al., 2014).

Deviation from simulated expectations may be due to

species interactions. Species interactions, if grounded in a

historical framework, could possibly account for range-wide

co-occurrence in the regional community at continental scales.

Pigot & Tobias (2013) illustrated how secondary sympatry in

South American passerine birds increased with time since diver-

gence of sister species and became more prominent as ecological

differences between species accumulated with time. Since

co-occurrence increased as niches-diverged, they concluded that

ecological similarity and, therefore, competition limited the

overlapping of species ranges (Pigot & Tobias, 2013). However,

such evolutionary processes are not necessarily limited to long

time-scales because co-evolution between mammal host species

and specialized pathogens or parasites could explain regional

patterns of range overlap (Ricklefs, 2010). This host–pathogen

co-evolution hypothesis posits that specialist antagonists add

orthogonal axes to the multidimensional niche space that

increase apparent competition when coevolved pathogens are

pathogenic to neighbouring species. As with competition in

South American passerines (Pigot & Tobias, 2013), secondary

sympatry in host–pathogen systems would also increase with

time, only at a much more rapid pace. However, this alluring

theory still needs additional empirical support. As such, it is

difficult to interpret general discrepancies between observed and

predicted co-occurrence in our study as the effect of species

interactions without first defining specific subhypotheses

involving competitive or mutualistic interactions (Araújo &

Rozenfeld, 2014).

A final explanation for discrepancies between the effects of

simple mechanisms on local and regional communities is that

other species, which are absent from the focal quadrat, are lim-

iting the range-wide coexistence of species. The dispersion field

Table 3 Spearman correlations between dispersion field
heterogeneity and distance to the nearest interface between
biogeographical regions for African mammals and the outputs
from the five mechanistic models.

rSpearman F-statistic Effective d.f. P-value

African mammals −0.56 28.99 61.8 <0.01*

Scatter model 0.00 0.00 2725.2 0.993 n.s.

Climate model 0.15 1.02 47.3 0.318 n.s.

Spreading dye model −0.24 1.19 19.1 0.289 n.s.

Range position model −0.12 0.27 19.6 0.609 n.s.

Spatial-climate model −0.30 3.99 39.9 0.052 n.s.

rSpearman, Spearman correlation coefficient; effective d.f., effective degrees
of freedom estimated after accounting for spatial autocorrelation
(Clifford et al., 1989).
*Statistically significant at alpha level 0.05; n.s., statistically non-
significant at alpha level 0.05.
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does not allow inferences on the effects of these other species,

but this could perhaps be addressed by expanding our frame-

work to incorporate the assemblage diversity field, which was

developed to connect species richness to the structure of species

ranges (Arita et al., 2008; Borregaard & Rahbek, 2010). The

diversity field resembles the dispersion field but differs in that it

represents the species richness of all the quadrats within the

distribution ranges of individual species. It does, however, revert

to the Gleasonian tradition because it is a species-based analysis

that views the population as the fundamental ecological unit for

species co-occurrence patterns, thereby complicating efforts to

reconcile the concepts of local and regional community.

CONCLUSION

After comparing patterns of species richness, dispersion field

volume and dispersion field heterogeneity with expectations

from mechanistic models, we conclude that range expansion

along climate gradients can account for local community pat-

terns to some extent, but not for patterns in the regional com-

munity. In this regard, our study offers little support for the view

that climate modulates the ranges of individual species, which

then sum up to determine species richness. Instead, the close

association between dispersion field heterogeneity and biogeo-

graphical regions suggests that historical processes play a more

important role in shaping co-occurrence patterns of African

mammals than originally anticipated. Moreover, species inter-

actions, whether at short or long time-scales, could also influ-

ence patterns of species co-existence. Overall, our study suggests

that further investigations into species co-existence in both local

and regional communities are needed to ultimately understand

the processes underlying macroscale patterns in community

ecology and biogeography.
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