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Abstract

Body size correlates with virtually every aspect of species’ biology, so understanding the tempo and mode of its evolution is of key importance in macroecology and macroevolution. Here we use body-mass data from 3473 of 4510 extant mammalian species and an almost complete species-level phylogeny to determine the best model of log(body-mass) evolution across all mammals, split taxonomically and spatially. An early-burst model fits better across all mammals than models based on either Brownian motion or an Ornstein-Uhlenbeck process, suggesting that mammals experienced a burst of morphological evolution relatively early in their history followed by slower change subsequently. We also use spatial models to investigate rates of body-mass evolution within ecoregions. These models show that around 50% of the variation in rate can be explained by just a few predictors. High estimated rates are associated with cold, low lying, species-poor, high energy, mainland ecoregions. We conclude that the evolution of mammalian body size has been influenced by a complex interplay among geography, climate and history.

Introduction
Body size influences or reflects practically every aspect of a species’ biology (Calder 1984). Consequently, body size can be a good predictor of a large number of ecological and physiological traits. In mammals, for example, large species have, on average, larger home ranges, smaller population sizes, lower abundance, wider geographic ranges, lower mass-specific metabolic rates, a slower speed of life-history, slower rates of molecular evolution, higher prevalence of anthropogenic extinction risk, and shorter durations in the fossil record than small species (Kleiber 1932; Eisenberg 1981; Charnov 1993; Damuth 1993; Kozlowski and Weiner 1997; Gaston and Blackburn 2000; Cardillo et al. 2005; Liow et al. 2008; Welch et al. 2008). Each of these traits may also affect the tempo and mode of evolution (Cooper and Purvis 2009).
Mammals provide a good opportunity for a more detailed investigation of body size evolution. Species body-masses range from < 2 grams to over 105 tonnes, body-mass data are available for most extant species (Jones et al. 2009), and a comprehensive estimate of mammalian phylogeny is available (Bininda-Emonds et al. 2007). In addition, variation has been reported in the rate of body-mass evolution among clades (e.g., carnivores versus primates; Webster and Purvis 2002; Mattila and Bokma 2008). Here, we use phylogenetic comparative analyses to examine how and why the tempo and mode of body-mass evolution varies, both taxonomically and spatially.
There is bound to be a strong positive correlation between the absolute rate of body size change and size itself. For example, if a large and a small species both increase in size by 1%, the larger species experiences a greater increase in body-mass, and thus a higher apparent rate of body-mass evolution, than the smaller species even though the proportional change in size was the same for both species. Therefore, we use the natural-logarithm of species body-mass values and thereby analyze the rate of proportional, rather than absolute, change in body size. To avoid repeatedly referring to log(body-mass), we hereafter use ‘body-mass’ to mean log(body-mass). The three models of body-mass evolution we investigate here are as follows: the Brownian motion (BM) model, also sometimes termed the log-Brownian model when (as here) fitted to logarithmically transformed data. In a BM model, body-mass variation increases proportional to time, and can be slow or fast, depending on the evolutionary rate parameter σ2 (Edwards and Cavalli-Sforza 1964; Felsenstein 1973). We included BM as it is assumed to be the underlying mode of evolution in many comparative studies (although this assumption is rarely tested; Freckleton and Harvey 2006). The Ornstein-Uhlenbeck (OU) model: in this model, body-mass is evolving towards some kind of ecophysiological optimal phenotype (Lande 1976; Felsenstein 1988; Hansen 1997). We chose to test the OU model as Clauset and Erwin (2008) recently showed apparent taxon-specific lower limits of mammalian body size, which suggests that species are evolving towards a body-mass optimum. The early burst (EB) model: this model is a time heterogeneous BM model where trait diversification is most rapid early in a lineage and slows towards the present, so that subclades tend to retain their differences through time (Blomberg et al. 2003, Harmon et al. 2009). EB is consistent with a clade radiating adaptively into a fixed set of niches. Such a pattern is often inferred from the fossil record (e.g., declines in origination rates for higher taxa in fossil groups; Sepkoski 1998) and has been reported in mammals (Foote 1997; Bininda-Emonds et al. 2007). 
Here we first aim to determine which of the three models best explains body-mass evolution within mammals overall. However, mammals are a diverse group, so it seems unwise to assume that all mammalian clades will have evolved under the same model. Previous studies suggest differences among clades; for example, Cenozoic ungulate evolution shows an early burst of morphological evolution followed by slowdown (Foote 1997), whereas primate evolution favors a Brownian model (Gillman 2007). In addition, the mode of evolution may vary spatially; for example, tropical species have been predicted to evolve more quickly than temperate species (Rohde 1978; Wright et al. 2006). We therefore split mammals by taxonomic order (Wilson and Reeder 1993) and World Wide Fund for Nature (WWF) ecoregion (Olson et al. 2001; see methods), to test whether the models varied taxonomically and/or spatially. Note that throughout we use data from present-day species rather than extinct mammals (c.f. Alroy 1998).
Differences in the inferred rate of body-mass evolution may reflect many variables including clade history, climate history, biogeography and intrinsic biotic factors. To investigate this, we tested a range of possible correlates of the inferred rate. We first compared rates found within different taxonomic orders to test for a relationship with clade age, species richness, and the median body-mass or median geographic range size of the species within each order. However, there are only 26 mammalian orders (Wilson and Reeder 1993) so degrees of freedom were low. Therefore, we have mainly focused on predicting spatial variations in the rate of body-mass evolution, again using ecoregions as the spatial unit of our study. 
Many factors might influence an ecoregion’s inferred rate of body-mass evolution, including its abiotic characteristics, location, history and species composition. Some of these factors may directly influence evolutionary rates. For example, high-energy environments such as the tropics are often thought to show rapid evolution (Rohde 1978; but see Pawar 2005), leading us to predict that rates will be positively correlated with actual evapotranspiration (AET) and temperature, and that rates will be higher in tropical than non-tropical ecoregions. In addition, environmental variables may interact with elevation which has also been shown to negatively correlate with rates of molecular evolution in hummingbirds (Bleiweiss 1998).
Other factors may indirectly influence the inferred rate of body-mass evolution in an ecoregion. For example, tropical ecoregions will have more species than those at higher latitudes, and the resulting greater variation in species traits such as body-mass and geographic range size may influence evolutionary rates (Cooper and Purvis 2009). In addition, species-poor ecoregions are more likely to be influenced by a single unusual species than species-rich ecoregions. Ecoregion location may also indirectly influence rate estimates: difficulties in colonizing or surviving on islands mean that island faunas contain few large species (Lomolino 2005) which may reduce apparent rates of body-mass evolution in island ecoregions. Finally, historical factors may also shape inferred rates of body-mass evolution. For example, during the late Quaternary, most large (≥ 44 kg) mammals became extinct everywhere except in Sub-Saharan Africa (Koch and Barnosky 2006). Rates of body-mass evolution in Sub-Saharan Africa are therefore likely to appear higher than those elsewhere. These factors will need to be controlled for in our models.
We use both single-predictor and multiple regressions to investigate relationships between the within-ecoregion rate of body-mass evolution and the AET, temperature and elevation of each ecoregion. We also include the area and species-richness of each ecoregion, the median body-mass and geographic range size of the species within each ecoregion, and whether the ecoregion is in a non-tropical or tropical biome, on an island, archipelago or mainland, and within or outside Sub-Saharan Africa, to assess and control for the effects of these factors on the apparent rate of body-mass evolution.
Materials and methods

DATA
We used the “best dates” supertree of Bininda-Emonds et al. (2007; 2008) as our phylogeny throughout. We collected median body-mass (g) for 3473 species (out of the 4510 total mammalian species defined by Wilson and Reeder, 1993) from the PanTHERIA database (Jones et al. 2009). We also used the database to extract the median body-mass (g), median geographic range size (km2) and species richness of each taxonomic order as defined by Wilson and Reeder (1993). We took the age of each order from the supertree of Bininda-Emonds et al. (2007). For analyses of spatial variation in models and rates (see below), we used WWF ecoregions (Olson et al. 2001) as spatial units; the 825 terrestrial ecoregions range in size from 6 km2 to over 4600000 km2 (mean = 163892 ± 11708 km2). We preferred ecoregions to 100km x 100km grid cells, which are typically used in biogeographical analyses, for three reasons: they are at a relatively small scale compared to the whole globe, but have sufficient species for modeling; they are more natural units than grid cells as they delimit biogeographical areas with distinctive flora and fauna (Olson et al. 2001); and their coarser resolution may avoid some of the errors that arise from converting imprecise species’ geographic ranges to grid cell occurrences (Jetz et al. 2008). In addition, grid cells are often smaller than species geographic ranges, increasing small-scale spatial autocorrelation which would then immediately be removed in the spatial models (see below). To determine the species within each ecoregion, we overlaid ecoregion shapefiles (Olson et al. 2001) with mammal geographic ranges (Jones et al. 2009) in ArcMap version 9.2. We used this information to extract median body-mass (g) and median geographic range size (km2) within each WWF ecoregion. Ecoregion mean actual evapotranspiration (AET, mm; calculated using Thornthwaite’s model; UNEP 1994), mean annual temperature (ºC; Hijmans et al. 2005), mean elevation (m; USGS EROS 1996), area (km2), whether the ecoregion was an island, archipelago or mainland, and WWF biogeographic realm, were extracted from GIS layers by S. Fritz. We calculated the species richness of each ecoregion using Wilson and Reeder (1993) because the phylogeny uses this taxonomy. We defined ecoregions as tropical if their centroid fell between the tropics of Cancer and Capricorn, and we used WWF biogeographic realm to define whether the ecoregion was in Sub-Saharan Africa or not. The complete dataset is available in the Dryad data repository.
We natural-log transformed all continuous predictor variables prior to analysis to reduce skew. Temperature and elevation were sometimes negative so we added 19m to each elevation, and 9ºC to each temperature to make them positive before transforming them. Collinearity amongst predictor variables can lead to unreliability in model parameter estimates. Prior to model building we therefore checked the predictors for multicollinearity (following the method of Belsey et al. 1980). For all predictors, variance inflation factors are lower than three and condition indices are lower than nine, indicating the absence of undesirable levels of collinearity (Belsey et al. 1980). 

ANALYSES
Models of body-mass evolution
The three models of body-mass evolution described above have the following parameters: the Brownian motion (BM) model has two parameters, one describing the expectation under the model and σ2, the Brownian rate parameter (Felsenstein 1973). We used σ2 as a measure of the relative rate of evolution (see below). These parameters are also present in the other two models. The Ornstein-Uhlenbeck (OU) model is a modified BM model with an additional parameter, α, describing the strength of the constraint force (Hansen 1997). Note that when α = 0, OU is equivalent to BM. The early burst (EB) model also has three parameters. The r parameter describes how rates of evolution increase exponentially through time under the model:





[image: image1.wmf](

)

(

)

t

r

t

rate

*

exp

*

2

s

=






(1)
Where r = EB rate change parameter, σ2 = initial value of the Brownian rate parameter, and t = time. r is always less than or equal to zero. When r is negative, rates decrease through time, but when r = 0, EB is equivalent to BM (Blomberg et al. 2003).
We fitted BM, OU, and EB models to all species combined, each order separately (where number of species in the order > 1; 23 orders), and each ecoregion (where number of species in the ecoregion > 1; 769 ecoregions). For the order and ecoregion level analyses, we first selected all the species within a given order or ecoregion, then pruned the phylogeny to just this set of species (we return to this procedure in the discussion). We then used the function fitContinuous in the R package GEIGER (Harmon et al. 2008) to fit the three models and estimate the model parameters for the given set of species. We then repeated this procedure with the next order or ecoregion (an alternative method would be to use stochastic character mapping - Bollback et al. 2006 - but the number of species involved made it computationally prohibitive in this study). Finally, we used the Bayesian information criterion (BIC) to determine the best model of body-mass evolution in each case, which we defined as the model with a BIC at least four units smaller than that of the other two models. This threshold is arbitrary but is commonly used in model selection (Burnham and Anderson 2002). We used BIC rather than Akaike information criterion (AIC) because BIC is more conservative and thus tends to select simpler models than AIC (Burnham and Anderson 2002). 
The phylogeny contains many polytomies, some of which may reflect simultaneous branching events (“hard” polytomies), but most probably reflect phylogenetic uncertainty (“soft” polytomies; O.R.P. Bininda Emonds pers. comm). These soft polytomies could bias our parameter estimates and so influence which models are favored, although the presence and direction of such a bias is by no means certain. In order to assess whether this bias was important, we used analysis of variance (ANOVA) to test whether there was a significant relationship between the favored model of body size evolution and the phylogenetic resolution of an order or ecoregion. Phylogenetic resolution (%) was calculated as follows:
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where n = number of nodes, and N = number of species in the phylogeny.
Correlates of rates of body-mass evolution

Because most orders and ecoregions did not strongly favor any of the three models investigated (see Results), we used the Brownian rate parameter σ2 estimated when fitting BM to characterize the relative rates of body-mass evolution for orders or ecoregions. We estimated σ2 by selecting all the species within a given order or ecoregion, pruning the phylogeny to just these species and then using the function fitContinuous in the R package GEIGER (Harmon et al. 2008) to fit a BM model of evolution. We repeated this procedure for each order and ecoregion individually with more than nine species (16 orders; 716 ecoregions). We only used orders or ecoregions with more than nine species because parameter estimates are strongly influenced by outliers when there are few species; we omitted these species-poor groups to prevent them from biasing our models.
We investigated relationships between the orders’ σ2 and their species richness, age, median body-mass and median species geographic range (see Adams et al. 2009 for an alternative method). We performed these regressions using independent contrasts (Felsenstein 1985), calculated using the function pic.lm in the R package CAIC (available at https://r-forge.r-project.org/projects/caic), to account for the non-independence introduced because, in general, close relatives tend to be similar (Harvey and Pagel 1991).

Next, we used single-predictor and multiple regressions to explain variation in σ2 among ecoregions on the basis of their AET, temperature and elevation whilst controlling for ecoregion area, species richness, the median body-mass and geographic range size of the species within each ecoregion, and ecoregion location (tropical vs. non-tropical; island, archipelago or mainland; and within or outside Sub-Saharan Africa). Species richness, body-mass and geographic range size variables may be strongly correlated with environmental variables. If environmental gradients directly influence the rate of evolution, such correlations may lead to these variables appearing important in our models via their ability to synthesize a number of abiotic variables, rather than through any direct effect on evolutionary rates. We therefore repeated the analyses omitting species richness, body-mass and geographic range size to ensure this did not affect our results.

Spatial autocorrelation (SA) is likely to affect these regressions investigating variation in σ2 among ecoregions since the values of most or all variables will tend to be more similar in nearby ecoregions than would be expected by chance because they will tend to share similar environmental characteristics, similar species compositions, and many deep branches within the phylogeny (Legendre and Legendre 1998). We use simultaneous autoregressive (SAR) models (Kissling and Carl 2008) to deal with spatial autocorrelation. These are linear regression models with an extra (autoregressive) term which is a “spatial weights matrix” specifying the neighborhood of each ecoregion (i.e., which ecoregions are neighbors, defined by the great circle distance between them) and the weight of each neighbor (so that, for example, closer neighbors have higher weighting than more distant ones). We follow Kissling and Carl’s (2008) recommendations in specifying SARerror models using row-standardized coding for the spatial weights matrix (see Kissling and Carl 2008, for details). Neighborhood distance cannot be determined a priori because the degree of SA varies among datasets. For example, a variable which gradually increases from north to south will have lower finescale SA, requiring a greater neighborhood distance, than a variable which changes rapidly. Here, instead of trying multiple distances (e.g., Kissling and Carl 2008), we find the optimal neighborhood distance (i.e., that giving the lowest AIC value in the SARerror model) between 500 km and the maximum distance at which residuals from an OLS model are autocorrelated. These maximum distances were obtained from Moran’s I plots of the OLS model residuals and thus are different for each model. We used the R package spdep (Bivand 2008) to fit spatial SARerror models for each predictor against σ2 (see details above). After fitting each model we examined Moran’s I plots of model residuals to ensure SA had been removed. We calculated r2 values for the models using the following formula:
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where n = sample size, Lfull = likelihood of the fitted model, Lnull = likelihood of the null model (Nagelkerke 1991). The null model is a model containing the intercept and no autoregressive term (note: this can lead to very high r2 values as they describe not only how fitting a slope improves the model fit, but also how accounting for SA improves the model fit). 

To explain variation in σ2 across ecoregions, we fitted spatial SARerror models, containing all variables and three interaction terms (body-mass:geographic range size, area:geographic range size and temperature:elevation). We only report the results of the full models because an information-theoretic approach was unfeasible due to the huge number of possible models. We do not report minimum adequate models (MAM) produced by stepwise regression because these methods can have a greatly inflated Type I error rate (Mundry and Nunn 2009; although MAMs produced qualititatively similar results; data not shown). This is largely because stepwise regression models conduct a number of significance tests at each step without an error-level adjustment. This increases the probability of rejecting at least one null hypothesis by chance, even in the absence of any relationship between the predictor variables and the response (Mundry and Nunn 2009). We assessed the contribution of each variable in the full models to the model fit with likelihood ratio (LR) tests following the method of Lichstein et al. (2002). We also constructed non-spatial models for comparison.

These analyses make the assumption that evolutionary rates within ecoregions, and their relationship to ecological parameters, are somehow special. However, it is possible that the same results may be obtained by merely pruning the tree to any random subset of species. In order to investigate this, we produced a set of null rate estimates as follows. For each of the 769 ecoregions with more than one species we constructed a dataset containing the same number of species, but chose the species at random. We then calculated σ2 for each by pruning the tree to these species and using the function fitContinuous in the R package GEIGER (Harmon et al. 2008) to fit a BM model of evolution; this produced a null set of rate estimates. We also generated the typical ecological parameters of each random subset of species, by taking the mean values of each variable described above, across all the ecoregions each species occurred within. We then compared the distribution of σ2 values from the real ecoregions to the distribution from the null ecoregions using the Kolmogorov-Smirnov test. We expect the rate estimates from randomizations to be more homogeneous than the observed estimates – our subsequent analyses assume that at least some of the variation in rates among ecoregions is signal rather than noise. Lastly, we fitted spatial SARerror models, containing all variables and interaction terms described above (except those involving ecoregion area for which we had no suitable proxy). As long as the correlations among rate estimates and ecological parameters in the null ecoregions are weaker than those for the real ecoregions, our results cannot be attributed to the effects of estimating rates of evolution for random subsets of species from the phylogeny.
Finally, we used ArcMap version 9.2 to create maps showing variations in σ2 across ecoregions and, to allow comparison with any future grid-based studies, across 1º grid cells. We also mapped the squared residuals and fitted values from the full models to show which parts of the world fit the models well, and which fit the models poorly. Except where otherwise stated, we used R version 2.6.2 in all analyses (R Development Core Team 2008).
Results
Models of body-mass evolution

Across all mammals, the early burst (EB) model was the favored model of body-mass evolution (table 1). However, within orders and ecoregions we were often unable to choose among the three models as their BIC values differed by less than four units. The exceptions to this were as follows. Chiroptera and Peramelamorphia = OU; Primates = EB; one ecoregion = OU and 363 ecoregions = EB (table 2; figure 1). Another feature to note is that a single unusual datum can drive large clade differences: e.g., Dasyuromorphia (marsupial carnivores) have an inferred rate of body-mass evolution that is ten times that of the other orders due to one comparatively large species (Sarcophilus laniarius, Tasmanian devil).
The best fitting model of body size evolution for an order or ecoregion was not significantly related to their phylogenetic resolution (orders: F2, 20 = 0.222, p = 0.803; ecoregions: F2, 686 = 0.314, p = 0.731)

Correlates of rates of body-mass evolution

Among orders, σ2 is not correlated with species richness (t14 = 1.043, p = 0.315, r2 = 0.072), clade age (t14 = -1.679, p = 0.115, r2 = 0.168), median body-mass (t14= 0.187, p = 0.854, r2= 0.003) or median geographic range size (t13 = 0.575, p = 0.575, r2= 0.025) of the species within the order. Variations in σ2 among ecoregions, along with the median body size of the ecoregion’s species, are shown in figure 2. Rates are highest in northern North America and north-eastern Eurasia and lowest in South America. In addition, high rates do not appear to merely be the result of either small or large size of species within the ecoregions: the body-mass median and σ2 maps are far from identical and body-mass explains only around 40% of the variation in σ2 in single predictor regressions (table A1). Figure A1 also shows the pattern of σ2 variation within each 1º grid cell. The general pattern is similar to that in figure 2A, but much of North Africa is missing where there are fewer than ten species so models were not fitted.
Results from non-spatial and spatial models investigating correlates of ecoregion σ2 are shown in tables A1 and 3. In single-predictor spatial models, σ2 increases with median geographic range size and median body-mass, and decreases with increasing temperature, ecoregion area and species richness.
The full spatial models predicting ecoregion σ2 (table 3) show that rapid size evolution is associated with cold, low lying, species poor, mainland, ecoregions with high AET. Although this appears to be a description of the cold, low elevation, low diversity ecoregions of the North Temperate Zone (e.g., Canada), the same qualitative result was obtained when only the tropical ecoregions were considered (data not shown) so the result is not driven by these northern ecoregions. According to likelihood ratio tests, the most important terms in the models were species richness followed by islands then temperature, elevation and the interaction between them. Ranking of abiotic variables remained the same when species richness, body-mass and geographic range variables were omitted (table A2). The only exception is that ecoregion area becomes the most important variable in the analysis, probably due to this variable’s strong correlation with species richness. The spatial and non-spatial models have similar parameter estimates although more variables are significant in the non-spatial models, presumably due to spatial autocorrelation. 
As mentioned earlier, the phylogeny contains many polytomies. Simulations show that if these polytomies result in a decrease in the mean height of the root of internal nodes, the rate of evolution will be underestimated (we are grateful to an anonymous reviewer for pointing this out). To determine whether polytomies had biased our results, we repeated all the analyses using a fully resolved subset of the phylogeny: rates were slightly higher when we used the resolved tree (as predicted by the simulations) but the most important variables in our spatial models were the same (data not shown).
The results of the Kolmogorov-Smirnov test comparing the distribution of σ2 values from the real ecoregions to the distribution from the null ecoregions showed that, as we expected, 

rate estimates from null ecoregions were more homogeneous (variance = 0.0003) than the observed estimates (variance = 0.0004; D = 0.206; p < 0.001). Our spatial SARerror models for the null ecoregions showed a significant relationship between σ2 and species richness (this is not unexpected due to sampling effects) but not for any other variable (data not shown). The r2 for the full model was very low (r2 = 0.005) compared to the r2 for the real ecoregions (r2 = 0.46), suggesting that our results are not merely the consequence of pruning the tree to random subsets of species.

Maps of fitted and squared residual σ2 values from the spatial model are shown in figure A2. Model fit is fairly good across most of the globe particularly in the Neotropics, but over- or under- estimates σ2 in some areas. Model fit in Australia is particularly poor.
Discussion

Models of body-mass evolution

When all mammals are analysed, early burst (EB) is the best single model for explaining the pattern of body-mass evolution. This result suggests that the lineages that gave rise to extant mammals experienced a rapid burst of morphological diversification relatively early in their history (though not necessarily right at the beginning) with their rate of anagenesis slowing subsequently. This fits well with other phylogenetic studies on extant mammals (Bininda-Emonds et al. 2007), and also with paleontological models and studies (assuming that increased higher-taxon richness is correlated with increased morphological disparity and thus rates of morphological change; Foote 1997) that suggest that origination rates of higher taxa are faster near the start of a lineage and decrease through time (Valentine 1980; Sepkoski 1998). This pattern holds in Valentine’s (1980) model even when extinction - missing from our models - is included.

Why might mammals exhibit a burst of rapid evolution followed by a slowdown? One possibility is that, before mammals began to dominate global faunas, species were able to diversify into many empty niches, perhaps helped by colonization of new areas (ecoregions where the favored model was EB coincide with areas supposed to have experienced major adaptive radiations of mammals, e.g., South America), rapid environmental changes (e.g., the Paleocene-Eocene thermal maximum; Gingerich 2006), “key innovations”, or competitive release following the K-T mass extinction event (Carroll 1997; but see Bininda-Emonds et al. 2007). As time went on, a higher proportion of available niches became occupied and so the rate of morphological evolution slowed.
Within orders and ecoregions we were generally unable to differentiate among the three models of evolution. This equivocation may reflect a mixture of evolutionary modes within a clade, or perhaps the masking of the true model by subsequent events. Alternatively the power could be too low to make a distinction or, more importantly, the true model may not have been among the three being tested. In particular, we used only single-optimum OU models which may be inadequate if species have multiple body-mass optima (Butler and King 2004). There are, however, exceptions where data from clades do strongly favor one model: data from bats favor OU, suggesting that their body-mass evolution may have been towards some kind of body mass optimum. One obvious possible explanation for this is flight. Several prior authors have noted that there may be upper and lower bounds on the size at which flight is possible, due to constraints imposed by energetic requirements and gravity (Stanley 1973; Rayner 1996), although the upper limit for bats may reflect other trophic or behavioral factors such as competition with birds, or the constraints imposed by their roosting posture (Rayner 1996). The OU model is also supported by data from Peramelemorphia (bandicoots and bilbies), but this is a species-poor clade: the ten species in this study all have very similar body sizes, and hence apparent evolution towards a body-mass optimum. The one OU ecoregion probably reflects the high species richness of Peremelamorphia there.
An EB model of evolutionary change is supported by data from Primates. This suggests that, relatively early in their evolution, the clades split into significantly differently-sized lineages (i.e., the large Old World monkeys, small New World species and the even smaller strepsirrhines e.g., lemurs and galagos), but that body size was subsequently conserved within these lineages. This result is consistent with adaptive radiation in these groups as they colonised new areas and niches (Schluter 2000), and is supported by significant differences among the body size distributions of the primate clades inhabiting different regions (Kappeler and Heymann 1996). However, the primate result may also at least partly reflect taxonomic inflation, i.e., the elevation of subspecies to the species level (Isaac et al. 2004), resulting in many similarly-sized closely-related species with any body size differences being found deeper within the tree. Unfortunately Primates may be particularly prone to taxonomic inflation as they are relatively large and charismatic (Isaac et al. 2004). 
Correlates of rates of body-mass evolution
Among orders, there are no significant correlations between estimated rates of body-mass evolution and either the species-richness, age, median body-mass or median geographic range size of the order. This supports Adams et al. (2009) who also found no correlations between rates of morphological evolution and clade richness, crown group age or body size in plethodontid salamanders. In mammals, much of the inferred variation among within-order rates appears idiosyncratic. For example, low rates in the Perissodactyla may reflect the severely reduced morphological disparity of the group, caused by extinction of many large perissodactyls in the Quaternary and earlier (Koch and Barnosky 2006). The highest rates are seen in Artiodactyla and Carnivora, clades with broad geographic distributions, perhaps indicating that exposure to a wide variety of selection pressures increased their rates of evolution.

Around 50% of the variation in ecoregion rates of body-mass evolution can be explained by just a few predictors: high rates are associated with cold, low lying, species-poor, high energy, mainland ecoregions. The finding that low elevations are associated with high rates of body-mass evolution is consistent with work on molecular rates of evolution in hummingbirds (Bleiweiss 1998). Topography is also known to influence mammalian body sizes in the Western hemisphere with larger species found in lower lying areas (Rodríguez et al. 2006; 2008). However, the negative correlation of temperature with rate of body-mass evolution is more surprising since rates of molecular evolution in mammals are expected to increase with temperature (Gillooly et al. 2005), and evolution is believed to be faster in high temperature areas such as the tropics (Rohde 1978). Certainly species within colder climates are often larger than those in warmer areas (Rodríguez et al. 2008; Roy 2008), but a parallel size increase in all of an ecoregion’s lineages would not be detected by our approach. Another possibility is that the currently cold ecoregions have been more unstable (in terms of temperature and vegetation) over time than currently warmer ecoregions, and that this climatic instability has promoted faster rates of evolution due to rapidly changing selection pressures (Stanley 1979), rather than because of lower temperatures per se. We can be fairly sure that the colder temperate zones have been more climatically variable than the tropics since the last glacial maximum 21,000 years ago (and possibly for hundreds of thousands of years previously; Jansson 2003) but whether these differences operate at a finer spatial scale is unknown. This idea is supported by Diniz-Filho et al. (Diniz-Filho et al. 2009), who suggest that more intense selection pressures in areas which experienced a continuous alternation of glacial-interglacial cycles has resulted in stronger clines in Carnivora body size at higher latitudes in the Northern hemisphere. Finally, the pattern in rates could be due to the differences in the body-mass distributions of species at low and high latitudes. In the tropics, the majority of species are small to medium-sized, whereas in the temperate zone species are spaced more evenly across the whole size spectrum (Rosenzweig 1995). This may account for, or be a consequence of, high estimated evolutionary rates in colder climates. We included the median body-mass of species within an ecoregion to attempt to control for this; however, the median may not completely capture the variation in body-mass distributions.

As expected, we found higher inferred rates of evolution in ecoregions that were species-poor, and on mainlands. This confirms the importance of controlling for these variables in our models. Species-poor ecoregions could have high apparent rates of evolution simply because a single unusual species can greatly increase the inferred rate, although ecological explanations are possible. Differences in the body-mass distributions of island versus mainland mammals (both the largest and smallest species are absent from islands due to the difficulties of island colonization; Lomolino 2005) probably reduce apparent rates of body-mass evolution on islands.
Clearly, the models we describe above are all oversimplifications of the way evolution happened. Most species will have undergone range shifts and most ecoregions will have experienced climatic shifts, complicating inference from present-day patterns. However, although these processes make it harder to discern the factors that have shaped evolutionary rate, they are unlikely to cause spurious correlations (see also Davies et al. 2004).  Additionally, most species, and all major clades, occur in multiple ecoregions, so most branches of the phylogeny are present in our analyses multiple times. This results in a geographic smearing of the estimated rates, whereby similar rates will be given to ecoregions with shared branches. This smearing makes the analyses more conservative, since the shared branches should reduce variance in the parameter estimates from different ecoregions, making it harder to find significant correlates of rate differences among ecoregions. Non random extinction may be more problematic, as anthropogenic extinctions of mammals have been strongly size-selective (Martin 1984; Cardillo et al. 2005; Liow et al. 2008), biasing apparent rates of evolution downwards. It is therefore a likely reason for the low rates seen in some regions of the world that have seen particularly heavy historical human impacts (e.g., Western Europe), and always needs to be considered as a potential explanation.
Mammalian body-mass evolution appears to be influenced by a complex combination of geography, climate and history. This complexity is interesting and has implications for any large-scale studies of character distribution and evolution. Our results show that combining macroecological and macroevolutionary approaches improves our understanding of the complexity of body-mass evolution, and its associated effects on species’ ecology. However, these results raise as many questions as they answer: much more work is needed to determine the best methods for analyzing body size evolution and how these results should be interpreted biologically.
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Table A1: Results of single predictor non-spatial (OLS) and spatial (SARerror) models predicting rate of body-mass evolution (σ2) within each ecoregion.
	
	Non spatial
	spatial SAR

	predictor
	slope ± se
	t714
	r2
	AIC
	nb dist (km)
	slope ± se
	z712
	r2
	AIC

	AET
	-0.014 ± 0.001
	-19.09***
	0.338
	-4011
	924.9
	-0.004 ± 0.001
	-3.783***
	0.681
	-4828

	Temperature
	-0.028± 0.001
	-22.73***
	0.420
	-4106
	959.9
	-0.006 ± 0.002
	-3.674***
	0.630
	-4816

	Elevation
	0.001 ± 0.001
	2.351*
	0.008
	-3722
	956.2
	<-0.001 ± <0.001
	-1.673
	0.781
	-4808

	Area of ecoregion
	0.003 ± <0.001
	6.225***
	0.051
	-3754
	924.3
	-0.001 ± <0.001
	-6.718***
	0.786
	-4858

	Number of species
	-0.013 ± 0.001
	-14.86***
	0.236
	-3909
	852.7
	-0.011 ± 0.001
	-13.35***
	0.760
	-4929

	Median BMass
	0.011 ± <0.001
	22.34***
	0.412
	-4096
	991.3
	0.007 ± <0.001
	14.43***
	0.713
	-4988

	Median GR
	0.007 ± 0.001
	10.08***
	0.125
	-3811
	956.4
	0.006 ± 0.001
	5.695***
	0.762
	-4836

	Tropical
	0.002 ± 0.002
	1.147
	0.002
	-3717
	990.5
	0.002 ± 0.003
	0.645
	0.782
	-4807

	Africa
	-0.004 ± 0.002
	-1.839
	0.005
	-3720
	956.4
	0.006 ± 0.004
	1.336
	0.781
	-4806

	Island
	-0.006 ± 0.001
	-5.615***
	0.042
	-3747
	991.3
	-0.001 ± 0.001
	-1.241
	0.774
	-4809


Note: nb dist = optimized neighborhood distance; BMass = body-mass; GR = geographic range. *p < 0.05; **p <0.01; ***p<0.001.

Table A2: Results of non-spatial (OLS) and spatial (SARerror) models predicting rate of body-mass evolution (σ2) within each ecoregion, using abiotic predictors only.
	
	Non spatial
	spatial SAR (nb dist = 1044)

	
	d.f. = 707
	r2 = 0.513
	AIC = -4217
	d.f. = 705
	r2 = 0.598
	AIC = -4868

	predictor
	slope*1000 ± se
	t
	LR
	slope*1000 ± se
	z
	LR

	AET
	-7.036 ± 0.801
	-8.786***
	74.20
	-2.822 ± 0.903
	-2.754**
	7.371

	Temperature
	-28.99 ± 6.223
	-4.659***
	21.65
	-21.51 ± 5.107
	-4.211***
	16.68

	Elevation
	-5.321 ± 3.570
	-1.490n.s.
	2.246
	-8.444 ± 2.391
	-3.532***
	12.19

	Area of ecoregion
	-0.227 ± 0.347
	-0.654n.s.
	0.433
	-1.408 ± 0.217
	-6.480***
	40.20

	Tropical
	1.846 ± 1.620
	1.140n.s.
	1.314
	1.129 ± 2.615
	0.432n.s.
	0.186

	Africa
	3.542 ± 1.528
	2.317n.s.
	5.418
	4.165 ± 3.952
	1.054n.s.
	1.108

	Island
	-1.929 ± 0.873
	-2.211*
	4.933
	-2.822 ± 0.850
	-3.321***
	10.93

	Temp*Elev
	0.996 ± 1.014
	0.982n.s.
	0.975
	2.198 ± 0.655
	3.354***
	11.04


Note: nb dist = optimized neighborhood distance (km); LR = likelihood ratio; GR = median geographic range size of species within the ecoregion; BM = median body-mass of species within the ecoregion; Temp = temperature; Elev = elevation.

n.s.p > 0.05; *p < 0.05; **p <0.01; ***p<0.001.
Online figure A1
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Tables

Table 1: Results of fitting BM, OU and EB models of body-mass evolution on all mammalian species.

	model
	σ2
	α
	r
	BIC

	BM
	0.038
	-
	-
	7464

	OU
	0.037
	< 0.001
	-
	7473

	EB
	0.159
	-
	-0.009
	7428

	
	best model = EB


Note: n = number of species; σ2 = Brownian rate parameter (initial rate); α = OU constraint parameter; r = early burst parameter; best model = model with the lowest BIC. BM = Brownian motion model; OU = Ornstein-Uhlenbeck model; EB = early burst model.
Table 2: Results of fitting BM, OU and EB models of body-mass evolution within each mammalian order.
	
	
	BM
	OU
	EB
	

	Order
	n
	σ2
	BIC
	σ2
	α
	BIC
	σ2
	r
	BIC
	best model


	Artiodactyla
	211
	0.063
	504.2
	0.064
	0.001
	504.2
	0.063
	0
	509.6
	BM

	Carnivora
	261
	0.062
	645.4
	0.062
	< 0.001
	645.4
	0.062
	0
	650.7
	BM

	Cetacea
	76
	0.055
	235.1
	0.055
	< 0.001
	235.1
	0.131
	-0.023
	238.0
	BM

	Chiroptera
	668
	0.030
	1299
	0.040
	0.022
	1264
	0.030
	0
	1305
	OU*

	Dasyuromorphia
	60
	0.099†
	183.6
	0.137†
	0.033
	181.8
	0.099†
	0
	189.0
	OU

	Dermoptera
	2
	< 0.001
	-4.232
	0.001
	0.084
	-3.539
	< 0.001
	-0.057
	-3.539
	BM

	Didelphimorphia
	62
	0.020
	150.7
	0.020
	< 0.001
	150.7
	0.071
	-0.033
	152.9
	BM

	Diprotodontia
	114
	0.055
	280.5
	0.055
	< 0.001
	280.5
	0.138
	-0.021
	283.2
	BM

	Hyracoidea
	5
	0.001
	-4.329
	1.285
	50.00
	-2.753
	0.001
	0
	-2.720
	BM

	Insectivora
	233
	0.029
	521.8
	0.030
	< 0.001
	521.8
	0.029
	0
	527.2
	BM

	Lagomorpha
	60
	0.019
	84.50
	0.019
	0.002
	84.45
	0.019
	0
	89.85
	OU

	Macroscelidea
	14
	0.013
	32.83
	0.013
	< 0.001
	32.83
	0.061
	-0.046
	36.53
	BM

	Monotremata
	3
	0.013
	9.007
	0.029
	0.024
	9.777
	0.013
	0
	10.11
	BM

	Paucituberculata
	5
	0.002
	1.974
	0.002
	< 0.001
	3.583
	0.004
	-0.059
	3.295
	BM

	Peramelemorphia
	19
	0.055
	53.62
	0.359
	0.319
	46.83
	0.055
	0
	58.97
	OU*

	Perissodactyla
	18
	0.007
	26.52
	0.007
	< 0.001
	28.52
	0.033
	-0.041
	26.26
	EB

	Pholidota
	7
	0.052
	23.19
	18.27
	10.62
	24.65
	0.052
	0
	25.14
	BM

	Primates
	230
	0.016
	249.2
	0.016
	< 0.001
	251.2
	1.027
	-0.056
	221.6
	EB*

	Proboscidea
	2
	< 0.001
	-2.770
	< 0.001
	0.006
	-2.077
	0.001
	-0.047
	-2.077
	BM

	Rodentia
	1369
	0.032
	2653
	0.032
	< 0.001
	2655
	0.032
	0
	2655
	BM

	Scandentia
	17
	0.009
	27.67
	0.012
	0.013
	29.58
	0.009
	0
	29.67
	BM

	Sirenia
	5
	0.001
	-0.274
	0.001
	< 0.001
	1.336
	0.003
	-0.090
	-1.156
	EB

	Xenarthra
	29
	0.048
	88.94
	0.051
	0.003
	90.89
	0.048
	0
	90.94
	BM


Note: n = number of species; σ2 = Brownian rate parameter (initial rate); α = OU constraint parameter; r = early burst parameter; best model = model with the lowest BIC. * = models with BIC values which differ by > 4 units. BM = Brownian motion model; OU = Ornstein-Uhlenbeck model; EB = early burst model. †High rates of evolution in Dasyuromorphia are driven by a single large species: Sarcophilus laniarius.

Table 3: Results of non-spatial (OLS) and spatial simultaneous autoregressive (SARerror) models predicting rate of body-mass evolution (σ2) within each WWF ecoregion.
	
	Non spatial
	spatial SAR (nb dist = 1058)

	
	d.f. = 702
	r2 = 0.718
	AIC = -4597
	d.f. = 700
	r2 = 0.462
	AIC = -5040

	predictor
	slope*1000 ± se
	t
	LR
	slope*1000 ± se
	z
	LR

	AET
	-0.419 ± 0.766
	-0.547n.s.
	0.305
	1.764 ± 0.894
	1.973*
	3.845

	Temperature
	-31.45 ± 5.019
	-6.265***
	38.95
	-17.39 ± 4.506
	-3.859***
	13.75

	Elevation
	-12.68 ± 2.860
	-4.432***
	19.76
	-8.170 ± 2.127
	-3.841***
	14.29

	Area of ecoregion
	-10.18 ± 4.577
	-2.225*
	5.030
	-1.253 ± 3.123
	-0.401n.s.
	0.161

	Number of species
	-8.809 ± 0.923
	-9.549***
	87.44
	-5.593 ± 1.048
	-5.338***
	27.80

	Median body-mass
	-0.066 ± 8.419
	-0.008n.s.
	< 0.001
	-2.598 ± 7.715
	-0.337n.s.
	0.113

	Median GR
	-8.952 ± 4.001
	-2.237*
	5.088
	-1.485 ± 3.322
	-0.447n.s
	0.200

	Tropical
	3.731 ± 1.268
	2.943**
	8.781
	2.492 ± 2.237
	1.114n.s.
	1.239

	Africa
	-1.722 ± 1.284
	-1.341n.s.
	14.79
	4.661 ± 3.402
	1.370n.s.
	1.831

	Island
	-5.614 ± 0.881
	-6.376***
	40.31
	-4.314 ± 0.852
	-5.065***
	25.18

	BM*GR
	0.525 ± 0.543
	0.968
	0.954
	0.532 ± 0.494
	1.076 n.s.
	1.156

	area*GR
	0.693 ± 0.297
	2.329*
	5.513
	0.062 ± 0.203
	0.306n.s.
	0.094

	Temp*Elev
	3.443 ±  0.808
	4.260***
	18.27
	2.276 ± 0.584
	3.899***
	14.79


Note: nb dist = optimized neighborhood distance (km); LR = likelihood ratio; BMass = body-mass; GR = geographic range size; Temp = temperature; Elev = elevation.

n.s.p > 0.05; *p < 0.05; **p <0.01; ***p<0.001.

Figure legends

Figure 1: Best model of body size evolution within each ecoregion with > 1 species. Ecoregions in white contained only one species and were not evaluated. BM = Brownian motion model; EB = early burst model; null = ecoregions with BIC values which were not different enough (< 4 units) for any model to be preferred over the others.
Figure 2: Relative rate of evolution (Brownian rate parameter σ2; A) and median natural-log transformed body-mass (B) within each ecoregion, for ecoregions with more than nine species. Ecoregions in grey were not evaluated (number of species in ecoregion ≤ 9 species).
Online figure A1: Relative rate of evolution (Brownian rate parameter σ2) within each 1º grid cell, for grid cells with more than nine species. Grid cells in white were not evaluated (number of species in grid cell ≤ 9 species).

Online figure A2: Fitted values (A) and squared residual values (B) from spatial models predicting the relative rate of evolution (σ2) per ecoregion (for ecoregions with > 9 species).
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