
PROCEEDINGS 
 OF ' 
THE ROYAL 
SOCIETY 

Proc. R. Soc. B (2007) 274, 165-174 

doi:10.1098/rspb.2006.3700 

Published online 20 October 2006 

Predicting continental-scale patterns of bird 
species richness with spatially 

explicit models 
Carsten Rahbek^'*, Nicholas J. GoteUi^'*, Robert K. Colwell^ 

Gary L. Entstninger^, Thiago Fernando L. V. B. Rangel^ 
and Gary R. Graves^ 

Center of Macroecology, Institute of Biology, University of Copenhagen, Universitetsparken 15, 
2100 Copenhagen O, Denmark 

Department of Biology, University of Vermont, Burlington, VT 05405, USA 
^Department of Ecology & Evolutionary Biology, University of Connecticut, Storrs, CT 06269-3043, USA 

Acquired Intelligence, Inc., Rocky Mountain Biological Laboratory, 23625 V66 Trail, Montrose, CO 81401, USA 
^Graduate Program in Ecology and Evolution, Departamento de Biología Gérai, ICB, Universidade Federal de Goiàs, 

Caixa Postal 131, 74.001-970 Goiânia, GO, Brasil 
^Department of Vertebrate Zoology, National Museum of Natural History, Smithsonian Institution, 

Washington, DC 20560, USA 

The causes of global variation in species richness have been debated for nearly two centuries with no clear 
resolution in sight. Competing hypotheses have typically been evaluated with correlative models that do 
not explicitly incorporate the mechanisms responsible for bio tic diversity gradients. Here, we employ a 
fundamentally different approach that uses spatially explicit Monte Carlo models of the placement of 
cohesive geographical ranges in an environmentally heterogeneous landscape. These models predict 
species richness of endemic South American birds (2248 species) measured at a continental scale. We 
demonstrate that the principal single-factor and composite (species-energy, water-energy and 
temperature-kinetics) models proposed thus far fail to predict (r ^0.05) the richness of species with 
small to moderately large geographical ranges (first three range-size quartiles). These species constitute the 
bulk of the avifauna and are primary targets for conservation. Climate-driven models performed 
reasonably well only for species with the largest geographical ranges (fourth quartile) when range cohesion 
was enforced. Our analyses suggest that present models inadequately explain the extraordinary diversity of 
avian species in the montane tropics, the most species-rich region on Earth. Our findings imply that 
correlative climatic models substantially underestimate the importance of historical factors and small-scale 
niche-driven assembly processes in shaping contemporary species-richness patterns. 
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1. INTRODUCTION 
More than 100 hypotheses have been proposed to explain 
large-scale spatial variation of species richness (Palmer 
1994), but no consensus has yet been reached on the 
underlying mechanisms (Willig et al. 2003; Colwell et al. 
2004; Currie et al. 2004; Pimm & Brown 2004). Studies of 
continental fioras and faunas have repeatedly demon- 
strated strong relationships between total species richness 
and measures of temperature, precipitation and net 
primary productivity (Currie 1991; Rahbek & Graves 
2001; Hawkins etal. 2003; Currie etal. 2004). This strong 
statistical signal has led to the widespread conviction that 
some aspect of contemporary climate ultimately controls 
continental  species  diversity  (Hawkins  et al.  2003). 
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Nevertheless, despite extensive effort, no mechanistic 
model has thus far succeeded in explaining the observed 
correlation between contemporary climate and species 
richness (Currie et al. 2004). Alternative hypotheses have 
highlighted the importance of habitat heterogeneity 
(Guegan et al. 1998), surface area (Rosen/weig 1995), 
regional and evolutionary history (Ricklefs 2004), and a 
synergism between climate and evolutionary history 
(Rahbek & Graves 2001). To date, climate models have 
been evaluated with curve-fitting procedures, and causal 
relationships have been suggested for several variables that 
generate strong statistical signals. However, these 
interpretations do not provide explicit tests of alternative 
hypotheses, and curve-fitting procedures are not always a 
reliable method for discriminating among models 
(Burnham & Anderson 2002). Traditional correlative 
studies treat species richness as a 'black box' in that they 
describe the pattern of total species richness, but they do 
not explicitly model the underlying placement of species' 
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geographical ranges, which actually determines measured 
richness (Currie 1991; Rahbek & Graves 2001; Hawkins 
et al. 2003; Currie et al. 2004). Consequently, the repeated 
demonstration of environmental correlates of species 
richness has not brought us any closer to resolving the 
mechanisms that are involved (Currie et al. 2004). 

Recent null models for species richness gradients have 
modelled species ranges more explicitly by randomizing 
their placement within a spatially bounded one- or two- 
dimensional geographical domain (Jetz & Rahbek 2001; 
Colwell et al. 2004). This approach has been controversial 
because, in its simplest form, it assumes that species' 
ranges are geographically cohesive (no holes or gaps in the 
geographical range) and predicts that non-uniform 
richness patterns would be expected even if geographical 
ranges were placed randomly with respect to climatic 
variables. In contrast, climatic hypotheses implicitly 
assume that there are no such constraints on the 
placement or on the cohesion of species' geographical 
ranges within the domain and that species occurrences are 
limited primarily by climatic factors. To advance beyond 
this controversy, we developed spatially explicit Monte 
Carlo models that integrate the influence of climatic 
variables on the position of ranges in a heterogeneous 
landscape. We developed models with and without the 
assumption of range cohesion (hereafter called the range 
cohesion and range scatter models, respectively). These 
new 'hybrid' models synthesize older environmental 
explanations for species richness with more recent null 
models of species range placement (Jetz & Rahbek 2001; 
Rangel & Diniz-Filho 2005a). 

In this paper, we apply this new modelling approach to a 
high-quality dataset of all South American land birds that is 
already well established in the literature (Rahbek & Graves 
2000, 2001; Graves & Rahbek 2005; Rahbek 2005), by 
analysing species richness patterns for the endemic avifauna 
of South America (2248 species), mapped at a spatial scale of 
1° latitude-longitude cells. Using these empirical data as a 
standard, we tested the predictions of 10 models derived 
from geographical and climatic variables (flgure 1), all of 
which have previously been implicated in influencing 
species-richness patterns (Currie 1991; Rahbek & Graves 
2001; Jetz & Rahbek 2002; Hawkins et al. 2003; Willig et al. 
2003; Brown et al. 2004, Jetz et al. 2004; Ruggiero & 
Kitzberger 2004; Tognelli & Kelt 2004; Allen et al. 2006; 
Kreft et al. 2006): six single-factor models (mean annual 
temperature, mean annual precipitation, net primary 
productivity (NPP), topographic relief, ecosystem diversity 
and surface area); three composite models (species-energy, 
water-energy and temperature-kinetics); and one classic null 
model (geometric constraints). 

2. MATERIAL AND METHODS 
(a) Map construction and data template 
All data and models were referenced to a gridded map 
of continental South America, which included 1676 cells 
(1°X1° latitude-longitude) containing land. Land-bridge 
islands on the continental shelf were excluded. This is the 
same template used in the previous analysis of species 
richness patterns of South American land and fresh-water 
birds (Rahbek & Graves 2001). 

(b) Geographical ranges and species richness 
The pattern of regional variation in avian species richness in 
South America is relatively well known, and the taxonomic 
inventory is more complete than for any other species-rich group 
of organisms on the continent. We used an updated version 
(5 September 2003) of the comprehensive geographical-range 
database for land and fresh-water birds that are known to have 
breeding populations in South America (2891 species; 531 533 
cell records), outlined by Rahbek & Graves (2000,2001; see also 
'Sources of Museum Specimens' in the electronic supple- 
mentary material for a list of museums from which primary 
distribution data were derived). Final maps for each species 
represent a conservative 'extent of occurrence' extrapolation at a 
resolution of 1°X1° cells (latitude-longitude), based on 
museum specimens, published sight records and spatial 
distribution of preferred habitat. 

We used the WORLDMAP application (Williams 1996) to 
overlay the distributional data. Breeding species can be 
categorized as 'endemic' or 'non-endemic' depending on 
whether or not their global breeding ranges occur entirely 
within South America (and its land-bridge islands). Our 
analyses focused primarily on the subset of endemic species 
(M = 2248 species; 284 517 cell records), which better satisfied 
the assumptions of the range cohesion model (Jetz & Rahbek 
2002; Colwell et al. 2004). However, results were similar 
when all South American species were analysed (tables 3 and 4 
in the electronic supplementary material). 

By species richness we mean the number of species occurring 
in a cell of the 1° X 1° map, which approximates species density 
(Gotelli & Colwell 2001) at the one-degree scale. 

(c) Single-factor environmental maps 
(i) Climatic variables 
For each of the 1676 (1°X1° latitude-longitude) land cells, 
we estimated the mean annual temperature and mean annual 
precipitation from the mean monthly climatic database 
published by New et al. (1999), which was compiled at a 
0.5°X0.5° latitude-longitude resolution for the period 
1961-1990. This source represents the most accurate 
published database on contemporary climate of South 
America available at this time. Temperature and precipitation 
were calculated for each 1° cell as the mean of the 0.5°X0.5° 
values within each cell. Data for NPP were obtained from the 
DOLY global model compiled at a 0.25°X 0.25° latitude- 
longitude resolution (Woodward et al. 1995). NPP was 
calculated for each 1° cell as the mean of the 0.25°X0.25° 
values within each cell. Environmental maps for temperature, 
precipitation and NPP appear in figure 1 ( parts h, i and j, 
respectively). 

(ii) Ecosystem diversity 
We obtained simple estimates of habitat diversity (figure 1) by 
counting the number of distinct ecosystems in each cell from 
a recently published map of global ecosystems (http:// 
edcdaac.usgs.gov/glcc/sadocl_2.html). This source recog- 
nized 94 ecosystem classes derived from 1 km Advanced 
Very High-Resolution Radiometer (AVHRR) data spanning a 
12-month period (April 1992 to March 1993). 

(iii) Topography 
We used topographic relief (maximum minus minimum 
elevation) in each cell as a surrogate for topographic 
heterogeneity (figure 1). Elevational data were derived from 
the Global Land One-kilometre Base Elevation (GLOBE) 
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Figure 1. Species richness and environmental variables, {a-e) Species richness of endemic birds of South America (« = 2248 
species) partitioned into geographical range-size quartiles (first, smallest; fourth, largest ranges), at a scale of 1°X1° 
(latitude-longitude), (f-m) Environmental maps used to guide species occurrence probabilities in stochastic models, (f-j) 
Simple variables analogous to traditional single-factor regression analyses, (k-m) Composite variables based on published 
formal models of species richness: species-energy model (Currie et al. 2004); water-energy model (Hawkins et al. 2003; Currie 
et al. 2004); and temperature-kinetics model (Brown et al. 2004; see electronic supplementary material for details). 

Digital Elevation Model (http://www.ngdc.noaa.gov/mgg/ 
topo/globe.html). Maximum elevation was truncated at the 
observed snowline (1200-5700 m), which varies as a complex 
function of environmental variables, including latitude and 
precipitation. No non-marine bird species recorded in South 
America is known to breed on glaciers, ice or in snowfields. 

represented only that proportion of the triangles coincident 
with the focal 1°X 1° cell (or, for coastal cells, the proportion 
overlying land). Finally, the areas of all the 30 arc-second sub- 
cells that overlapped land or fresh water within a given 1°X 1° 
cell were summed to produce the topographic surface area 
used in our models. 

(iv) Map cell surface area 
Area was calculated as the land surface area within each 1°X 
1° latitudinal-longitudinal map cell. We retained coastal cells 
in the analyses because they include a significant fraction of 
the topographic relief in South America (Rahbek & Graves 
2000). The planimetric area of oceans and marine estuaries 
was subtracted from the area of coastal cells. Area is typically 
calculated as the planimetric area of map cells rather than as 
their surface area. Planimetric area calculation ignores the 
topographic texture within each cell, which can vary 
significantly for a given domain, often in a spatially ordered 
fashion (e.g. in South America, the error introduced using 
planimetric area decreases longitudinally at the Equator, from 
the topographically rugged cells encompassing the Andean 
mountains eastward through the relatively planar Amazonian 
lowlands). Using the GLOBE DEM dataset (http://www. 
ngdc.noaa.gov/mgg/topo/globe.html), which provides a 
digital elevational model with a resolution of 30 arc-seconds 
(1/120°), we calculated the three-dimensional surface area for 
each of the 1676 1°X1° cells constituting the terrestrial 
domain of South America, following the protocol of Jennes 
(2002), adapted to our data and purpose. 

On a 30 arc-second scale, each 1°X1° cell encompasses 
14 400 elevational values, one for each 30 arc-second sub- 
cell. Surface area was calculated for each 30 arc-second sub- 
cell within each 1°X 1° cell, based on triangular areas derived 
from eight triangles. Each triangle connected the centre point 
of the focal cell (pixel) with the centre points of two adjacent 
cells among the eight cells surrounding the focal cell. These 
triangles were located in a three-dimensional space, so that 
the area of each triangle represented the true surface area 
(given the resolution of our digital elevational model) of the 
space bounded by its vertices. The total area of eight triangles 
built around the focal cell area was  adjusted,  so that it 

(d) Environmental maps for composite models 
(i) Species-energy model 
The species-energy model assumes that the density of 
individuals depends on both productivity and area and that 
the number of individuals and species richness are positively 
correlated. Using the equations and model framework of 
Currie et al. (2004), we created an environmental map 
(figure 1) for the following model: 

Xij = (area X NPP), 

where area is the map cell surface area (see above). 

(ii) Water-energy model 
An extensive literature has developed implicating the role of 
precipitation and energy in controlling species richness 
(Hawkins et al. 2003). However, there is no agreement on 
the specific form of the relationship between species richness 
and these variables (Currie et al. 2004). In the absence of a 
formal theoretical framework, we conducted a principal 
components analysis (PCA) of temperature, precipitation 
and NPP to create a multivariate function for establishing cell 
probabilities. We used the loadings from the first principal 
component, which accounted for 84% of the variation in 
these variables among cells, to create an environmental map 
(figure 1) for the following model: 

Xij = 0.568 X (temperature) + 0.554 X (precipitation) 

+ 0.609 X (NPP). 

Probabilities of species occurrence are the highest in cells 
exhibiting relatively high temperatures, high precipitation and 
high NPP. 
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(iii) Temperature-kinetics model 
Allen et al. (2002) derived, from first principles, a model of 
species richness as a function of temperature. Although their 
model was designed specifically for ectotherms, it may be 
appropriate for birds as well because the relationship between 
temperature-corrected population density and body mass is 
virtually identical for ectotherms and endotherms (fig. 2 of 
Allen et al. 2002). Brown et al. (2004) subsequently 
reformulated this model, and we have used this most current 
formulation of the temperature-kinetics model (Allen et al. 
2006). Although this model uses temperature as the only 
predictor variable, the nonlinear functional form of the 
relationship is different from our simple temperature model. 
We created an environmental map (figure 1) based on the 
functional form of the temperature-kinetics model from 
Brown ÉtaZ. (2004): 

where T is absolute temperature (K); E is average activa- 
tion energy of the respiration complex {ca 0.65 eV; 
1 eV= 1.602X10^''J); and k is the Boltzmann constant 
(8.62X10"' eVK"'; Allen et al. 2006). 

(e) Map cell probabilities 
For each of the nine environmental maps (cell surface area, 
topographic relief, NPP, temperature, precipitation, ecosys- 
tem diversity, species-energy model, water-energy model and 
temperature-kinetics model), we prepared a corresponding 
probability map. Each of the 1676 terrestrial cells for South 
America (including inland lakes and rivers), arranged in their 
correct geographical relationship to one another, was 
assigned a non-zero probabihty of occurrence, as specified 
below. 

To create the probabihty map for a simple environmental 
variable (e.g. temperature) or a derived variable (e.g. 
temperature-kinetics model value) x, we began with a raw 
value Xij for a cell in row i and column j of the matrix 
(terrestrial cells only). Maps of these raw values for most of 
the environmental drivers are illustrated in figure 1. (Surface 
area is not illustrated.) The modelled probabihty of cell 
selection P• for the cell was then defined as 

p.. = J EE^ 1.0. 

For the 10th model (geometric constraints), P^ is constant for 
all map cells at a value of 1/1676. 

(f) Stochastic models of species richness 
Probabihty maps based on each of the six single-factor 
models and three composite models outhned above were used 
to guide two stochastic models of range location and 
structure: the range cohesion model and the range scatter 
model (see the electronic supplementary material for a 
detailed description of the models). 

In both models, the geographical range of each species in 
the empirical avifauna was stochastically reconstructed in 
South America using the same number of cells as in its 
observed range. Each range was reconstructed using the same 
rules, regardless of the actual identity of the species it 
represented. Once all ranges had been simulated, predicted 
species richness (the number of species that occurred in each 
map cell in the model) was compared statistically with 
observed species richness. Range simulation for each species 

began the same way in both models. An initial map cell was 
chosen stochastically based on the probability map for a 
particular environmental model (as defined in §2ê): the 
higher the value for a map cell, the more hkely was the cell to 
be chosen. The difference between the two models hes in the 
placement of cell occurrences for the remaining cells (if any) 
of the modelled range. In the range scatter model, range 
cohesion was not enforced. The placement of each range was 
completed by choosing the second and the subsequent cells 
from among all cells not already occupied by that species, 
anywhere in the map, guided only by the pertinent probability 
map. The range scatter model assumes that the probability 
that a species occupies a particular grid cell depends only on 
the environment, not on the proximity of other cells occupied 
by that species. Thus, although the observed number of 
occupied cells for each species was preserved in the modelled 
distributions, the cohesion of each geographical range was 
unconstrained. Biologically, such a distribution implies a 
complete absence of intrinsic Hmits and extrinsic barriers to 
dispersal (Rangel & Diniz-Filho 2005è). 

In contrast, in the range cohesion model, each species' 
range was completed by choosing the second and the 
subsequent cells from among cells neighbouring those already 
occupied by that species, based on the relative values of all 
adjacent unoccupied cells in the pertinent probability map 
(see the electronic supplementary material for details). In this 
way, the cohesion of each species' geographical range is 
preserved, although the precise placement and shape of the 
range is guided stochastically by the environmentally 
determined map cell probabilities. The range cohesion 
model is appropriate for taxa mapped at a scale coarse 
enough to yield continuous ranges for most species, based on 
presence-absence data (Gaston 2003). 

The stochastic placement of species occurrences in the 
two models is a Monte Carlo method for estimating the 
statistical expectation of species richness (range overlap) in 
each map cell, with and without range cohesion. In the special 
case of a uniform environment (all cells are equiprobable), 
the range cohesion model simplifies to the 'geometric 
constraints' (spreading dye) model of Jetz & Rahbek (2001) 
and the range scatter model becomes equivalent to their 'area 
model' and to the 'random placement model' of Ney-Nifle & 
Mangel (1999). 

(g) Statistical analysis 
For each of the 10 environmental maps, we ran a range scatter 
model and a range cohesion model 300 times each and then 
regressed cell values for observed species richness on cell 
values for mean species richness predicted by each model. In 
addition to simple ordinary least squares (OLS) regressions, 
we computed generalized least squares (GLS) regressions and 
(where necessary) simultaneous autoregressive (SAR) models 
to estimate regression coefficients and intercepts while 
accounting for spatial autocorrelation. For comparison, we 
also computed simple (OLS) regressions of observed richness 
on the raw environmental factors. Model selection was based 
on the spatially corrected slope and intercept values (a slope 
of unity with an intercept at zero indicates a perfect fit) and 
the corrected p-value for the statistical significance of r 
(based on Dutilleul's method). We ran these tests for bird 
species endemic to South America (284 517 cell records for 
2248 species). To assess the robustness of the results, we 
carried out regressions for the six single-factor environmental 
maps,  using range  data  for all birds breeding in  South 
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first quartile fourth quartile first quartile fourth quartile 

Figure 2. Spatial distribution of residuals (observed minus expected bird species richness) from range cohesion models. Results 
are shown for subsets of endemic species partitioned into geographical range-size quartiles for the first (smallest ranges) and 
fourth (largest ranges) quartiles for eight environmentally driven models. Note that the colour scale differs for the quartiles. 

America (531 533 cell records for 2891 species). Finally, we 
partitioned the species pool into subsets of species based on 
their range size (first through fourth quartiles of ranked 
ranges) and repeated all analyses for each quartile. See 
electronic supplementary material for a detailed description 
of statistical analysis. 

3. RESULTS 
When all species are considered together, the regressions 
attribute substantial explanatory power to all six climatic 
models (precipitation, temperature, NPP, species-energy, 
water-energy and temperature-kinetics; 0.24^r ^0.46, 
table 1, all quartiles column). Similar correlations between 
climatic factors and species richness are typical of 
continental studies conducted at comparable spatial 
resolutions (1° or 2° latitude-longitude cells; Currie 
1991; Rahbek & Graves 2001; Jetz & Rahbek 2002; 
Hawkins et al. 2003; Currie et al. 2004; Ruggiero & 
Kitzberger 2004; Rreft et al. 2006). At our scale of 
analysis, the three models related to spatial heterogeneity 
(surface area, ecosystem diversity and topographic relief) 
and the pure geometric constraints model were less 
successful than climate-based models in explaining 
aggregate species richness (0.00 ^r ^0.27, table 1, all 
quartiles column). 

The predictive power of our climate-based models was 
not sustained, however, when the species pool was 
partitioned into quartiles of species' geographical range 
sizes (first quartile, smallest ranges; fourth quartile, largest 
ranges). For the first three range-size quartiles (all but the 
largest ranges), all models based on climate variables 
(precipitation, temperature, NPP, species-energy, water- 
energy and temperature-kinetics), as well as those based 
on geometric constraints and surface area, failed completely 
to predict endemic species richness (0.00^r^^ 0.05, 
table 1 ; figure 2). Qualitatively, the same result is obtained 
for simple regressions of observed species richness on raw 
environmental variables (table 2 in the electronic supple- 
mentary material), and for corresponding analyses of the 
entire avifauna (w = 2891 species), which includes an 
additional 643 non-endemic species whose ranges extend 
beyond the boundaries of South America (tables 3 and 4 in 
the electronic supplementary material). In contrast, fourth 
quartile species (those with the largest ranges) yielded 
strong correlations with the predictions of the climate 
models (0.46 <r^< 0.74, table 1; figure 2) and with the 
untransformed environmental variables (table 2 in the 
electronic supplementary material), although the latter 
yielded substantially poorer fits for fourth quartile species 
than the corresponding range cohesion models. 
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Figure 3. Effect of range cohesion on predicted bird species richness for fourth quartile (largest) ranges. Expected richness 
driven by: (a) NPP in the range scatter model (geographical range cohesion not enforced; r^ = 0.63); (è) simple geometric 
constraints (geographical range cohesion enforced, but environment uniform, producing the mid-domain peak expected for 
such models; r =0.37); (c) NPP in the range cohesion model (necessarily influenced by geometric constraints; r =0.74). (d) 
Spatial distribution of residuals (observed minus expected species richness) for the range scatter NPP model, (a). (e) Observed 
richness. (/) Residuals for the range cohesion NPP model (c). 

For first quartile species, the accumulation of species 
richness with topographic relief (as measured by eleva- 
tional range) was significantly steeper than our models 
predicted (slope>1.0; table 1). For second quartile 
species, the model based on topographic relief accurately 
predicted species richness, whereas, for third and fourth 
quartiles, the models based on topographic relief and 
ecosystem diversity overestimated species richness. 

A previous correlative analysis of African birds also 
found that the effects of productivity decreased and 
topographic heterogeneity increased at small range sizes 
(Jetz & Rahbek 2002). However, our study is the first to 
document a complete lack of correlation between species 
richness and the predictions of climate-based models for 
all but the largest-ranged species. 

4. DISCUSSION 
Our results and those of some previous analyses (Jetz & 
Rahbek 2001, 2002; Lennon et al. 2004; Ruggiero & 
Kitzberger 2004; Rreft et al. 2006) suggest that statistical 
associations between total species richness and environ- 
mental predictor variables may be misleading owing to the 
dominating influence of widespread species. The geo- 
graphical distribution of South American bird species with 
the largest geographical ranges (fourth quartile) was 
successfully explained only by the version of the water- 
energy model that incorporates geographical range 
cohesion as well as precipitation, temperature and NPP 
(table 1). In contrast, all models based on contemporary 
climate variables were unsuccessful in predicting species 
richness of taxa with smaller ranges (first to third 
quartiles). These results are not artefacts of sample size 

dilution caused by range size partitioning (tables 2 and 4 in 
the electronic supplementary material). Species with 
relatively small geographical ranges constitute the bulk 
of the South American avifauna, and they contribute 
heavily to the peaks of species richness observed in the 
Andes and other montane regions of South America 
(Graves & Rahbek 2005; figures 1 and 2). 

Without exception, the inclusion of the range cohesion 
assumption improved the fit of the data to the model 
predictions for the widest ranging species (fourth 
quartile). Moreover, the hybrid models (range cohesion 
plus climate factors) always did a better job of predicting 
species richness of wide-ranging species than simple 
climate models that ignore range cohesion or classic null 
models that enforce range cohesion but assume a 
homogeneous spatial environment. As an example, figure 3 
illustrates the effects of incorporating or omitting the range 
cohesion assumption for the NPP model. 

In contrast to single-factor and composite climate- 
driven models, the two models that directly incorporate 
habitat heterogeneity (topographic relief and ecosystem 
diversity) were stronger predictors of species richness for 
taxa with small to moderately large ranges (first to third 
quartiles: 0.11<)^<0.42, p<0.05; table 1) than for 
species with the largest ranges (fourth quartile: 0.00 < 
r <0.24, p>0.05; table 1). However, even these models 
could not account entirely for the species richness peaks in 
humid montane regions, especially at equatorial latitudes 
(figure 2). 

The extraordinary species richness of the Andean 
region is thought to be caused by elevated rates of 
speciation, which are promoted by highly dissected 
topography,  narrow homothermous  elevational  zones. 
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linear geographical ranges and disjunct habitat distri- 
butions (Vuilleumier & Simberloif 1980; Graves 1985, 
1988; Fjeldsâ 1995; Rahbek & Graves 2001). At the 
continental scale, the large residual variance (more than 
97% for the first three range-size quartiles) generated by 
our contemporary climate models (table 1) may refiect 
historical events associated with the Pleistocene-Holocene 
distribution and diversity of habitats (Haflfer 1969) as well 
as species-specific habitat preferences (Graves & Rahbek 
2005) and niche conservatism (Peterson era/. 1999; WiensSc 
Donoghue 2004). Although some of these mechanisms 
undoubtedly interact with climatic factors, they are largely 
uncoupled from measures of contemporary climate at 
large spatial scales, and the modern distribution of avian 
species in South America at the 1° scale is poorly predicted 
by measures of contemporary climate. 

Three caveats apply to our models and interpretations. 
First, no specific functional relationships have been 
proposed in the literature, based on the mechanistic 
principles, for species richness as a function of the 
environmental variables that drive the single-factor 
models. In the absence of such functional forms and 
given the infinite number of more complex possibilities, 
the probability maps for single-factor models assume 
parsimoniously that a simple proportional mapping is an 
adequate representation of the relationship between the 
measured environmental variable and the probability of 
occurrence. Simple (1 : 1) proportionality will not 
obviously hold over a very large range of values (e.g. 
temperature), but as an initial assumption for the 
restricted range of contemporary climate values observed 
in South America (and the even smaller scope of variation 
in these variables within the local neighbourhoods of 
cohesive ranges), proportionality should capture the 
essence of any strongly determined relationships with 
species occurrence. Moreover, when range cohesion is 
enforced, the modelled spatial pattern of range overlap 
(and thus of species richness) is not a simple transfor- 
mation of environmental variables, but it reflects the 
complexities of spatial pattern in the environment as well. 
We did not flnd evidence of strong nonlinearities in avian 
species richness as a function of any of the single-factor 
environmental variables over their actual range of values, 
and all relationships proved to be monotonie, including 
richness as a function of NPP (as illustrated in supple- 
mentary figure 1 in the electronic supplementary 
material), which assumes a humped form at some spatial 
scales (Rosenzweig 1995). To date, only the temperature- 
kinetics and species-energy models provide a priori 
nonlinear functional forms for modelling the probability 
of species occurrence, and we modelled them accordingly. 
Other macroecological models are simply verbal descrip- 
tions of the effects of variables that have been measured 
with conventional curve-fitting techniques. 

Second, the results we have presented here are likely to 
be scale dependent (Rahbek & Graves 2000, 2001; Willis & 
Whittaker 2002; Rahbek 2005). The resolution of peaks 
and troughs of species richness in South American birds 
varies with macroecological scale as do the correlations of 
environmental variables with spatial gradients of species 
richness, as demonstrated by Rahbek & Graves (2000, 
2001). In those studies, the predictive power of stepwise 
regression models incorporating simple climatic and 
topographic  variables  exhibited  a  roughly  monotonie 

increase with increasing cell size, although the ranking of 
variables depended on spatial scale. In particular, the 
variance in species richness explained by topography 
increased dramatically when cell size increased from 
1°X 1° to 10°X 10°. The critical question is what statistical 
patterns will emerge at finer spatial scales (e.g. ca 
10-1 km ). Although finer scales of resolution may be 
impossible to achieve for the entire continent, we expect 
that avian species richness will show stronger associations 
with local climate when cell size is progressively reduced to 
the point where few distinctive habitats are sampled by a 
single map cell. In any case, the scaling effects fall outside 
the scope of the present study. 

Finally, by using Model I spatial regressions, our 
statistical analysis has modelled error and spatial auto- 
correlation in the F variable (observed species richness), 
but it has not modelled the effect of errors in underlying 
climatic and environmental data on predicted richness 
(the Xvariable). In the simplest case, errors in Xvariables 
bias measured slopes downward (Mesplé et al. 1996; 
Farrell-Gray & Gotelli 2005). Ideally, a Model II 
regression approach should be applied, testing the slope 
and intercept of the reduced major axis (Mesplé et al. 
1996), but unfortunately, spatial regression methods for 
Model II regression are not yet available. Meanwhile, the 
error introduced using Model I regression (underestima- 
tion of regression slopes, compared with Model II) is likely 
to be substantially less serious and unpredictable than the 
likely consequences of ignoring spatial autocorrelation, 
which is known to be important in generating ecological 
patterns (Legendre 1993; Lichstein et al. 2002; Diniz- 
FilhoeraZ. 2003). 

Questions about linearity, scale dependence and 
sources of measurement error are not unique to our 
analysis. Rather, they are common to all macroecological 
analyses, although not always explicitly discussed. 

In summary, our models and analyses suggest that 
history, topography and niche-driven assembly processes 
may be more important than large-scale contemporary 
climate in shaping present-day patterns of species richness 
in South American birds. Future modelling efforts should 
incorporate phylogeny (Davies et al. 2005), range-size 
evolution (Rangel & Diniz-Filho 2005è), dispersal 
dynamics (Hubbell 2001; Leibold 2004) and community 
assembly processes (Graves & Gotelli 1993; Graves & 
Rahbek 2005). Such models may provide better insights 
into the proximate and ultimate causes of species richness 
patterns for taxa with smaller geographical ranges, which 
are often the prime focus of conservation efforts. 
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Electronic Supplementary Material 

Materials and Methods 

Data 

Sources of Museum Specimens. Primary distributional data were derived from the 
collections of the Academy of Natural Sciences (Philadelphia), American Museum of 
Natural History (New York), Carnegie Museum of Natural History (Pittsburgh), 
Colección Ornitológica Phelps (Caracas), Delaware Museum of Natural History, Field 
Museum of Natural History (Chicago), L'Institute Royal des Sciences Naturelles 
(Bruxelles), Louisiana State University Museum of Natural Sciences, Moore Laboratory 
of Zoology (Los Angeles), Museo Argentino de Ciencias Naturales (Buenos Aires), 
Museo de Historia Natural "Javier Prado" de la UNMSM (Lima), Museo de Historia 
Natural Universidad de Cauca (Popayán), Museo Ecuatoriano de Ciencias Naturales, 
(Quito), Museo Nacional de Ciencias Naturales (Bogotá), Museo Nacional de Historia 
Natural (La Paz), Museo Nacional de Historia Natural (Santiago), Museu de Zoología da 
Universidade de Sao Paulo, Museu Nacional (Rio de Janeiro), Museu Paraense Emilio 
Goeldi (Belém), Museum Alexander Humboldt (Berlin), Museum Alexander Köenig 
(Bonn), Museum of Comparative Zoology(Harvard University), Museum of Natural 
History of Los Angeles County, Museum d'Historié Naturelle (Neuchatel), Muséum 
National d'Histoire Naturelle (Paris), National Museum of Natural History (Washington, 
D.C.), Natural History Museum of Gothenburgh, Rijksmuseum van Natuurlijke Historie 
(Leiden), Royal Ontario Museum (Toronto), Swedish Museum of Natural History 
(Stockholm), The Natural History Museum (London and Tring), Western Foundation of 
Vertebrate Zoology (Los Angeles), Zoological Museum (University of Copenhagen). 

Models 

The two basic models (the Range Scatter model and the Range Cohesion model) are 
described in general terms in the body of this article. Here we note additional details. 

Range Size Frequencies Distributions. The observed number of grid cells occupied by 
each species was preserved in all stochastic models, so that the modelled range size 
frequency distribution (RSFD) always matched the observed RSFD, and the modelled 
richness map matched the observed richness map in terms of the grand total number of 
cell X species occurrences. Using the empirical RSFD in species richness models 
preserves the direct effect of environmental factors (including gradients, seasonality, and 
adaptive limits) on the statistical distribution of range size, while not directly determining 
range placement or richness (Colwell et al. 2005), ensuring that model results depend on 
patterns of range placement, not on the departure of a theoretical model for the RSFD 
from the observed RSFD (Colwell et al. 2004). 

Map Cell Probabilities. For each of the ten environmental drivers modelled (table 1, 
main text, as detailed above), we prepared a probability map, represented mathematically 
as a rectangular matrix composed of 90 rows and 80 columns, with each cell representing 
a 1° X 1° latitude-longitude region of the map of South America and its surroundings. The 
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1,676 terrestrial cells (including inland lakes and rivers), arranged in their correct 
geographic relationship to one another, were each assigned a non-zero probability of 
occurrence, as specified below. These terrestrial cells represent the bounded geographical 
domain for the stochastic models. (Occurrence probability was set to zero in the 
remaining 5524 cells, which represented the Atlantic and Pacific oceans, the Gulf of 
Mexico, and portions of eastern Panama.) 

To create the probability map for a particular environmental variable x, we began 
with raw value Xy for cell in row /, columny of the matrix (terrestrial cells only). Maps of 
these raw values for most of the environmental drivers are illustrated in figure 1 (main 
text). (Surface area is not illustrated, and the raw values for the geometric constraints 
model are uniform.) The raw probability of occurrence Pij for the cell was then defined as 

P,.==^^,  YLPí¡=^ Equation 1 
2-12-1 ^ij    i  j 

'  j 

For the simple environmental variables. Equation 1 assumes the probability of 
species occurrence is proportional to the magnitude of environmental factor. Under this 
assumption, if ranges are small compared to the size of the domain (as for the avifauna of 
South America), the relationship between the environmental factor and expected species 
richness is also approximately linear, with no intermediate peak of richness. We did not 
find evidence of strong non-linearities in avian species richness as a fimction of 
environmental variables. Supplementary Fig. 1 illustrates one of these patterns by means 
of simple, bivariate scatterplots of observed species richness as a fimction of NPP in each 
grid cell. At the spatial scale of our analyses, there appears to be little non-linearity in 
these relationships, supporting our use of probability maps (Pij) based on linear scaling of 
the simple environmental variables (xy) (Equations 1 and 2). 

For the Range Scatter model and, separately, for the Range Cohesion model, 
ranges were placed stochastically in an initially empty, 90 row by 80 column species 
richness map, guided by each of the ten environmental probability maps. Thus there were 
20 models in all. For a given model, all species' ranges were assigned to a richness map 
stochastically, using the same environmental probability map. The distribution of each 
species was mapped as a matrix of ones (present in cell) and zeros (absent from cell). The 
total species richness for each cell was equal to the sum of species occurrences. 

Initial Occurrence. The initial cell chosen for each species was chosen stochastically, 
based on the environmental probability maps. Mathematically, the probability that the 
initial occurrence for a species' range was in cell {i,j) was simply Pij (Equation 1, above). 
Thus, initial occurrence was more likely in some grid cells than others, based on their 
environmental characteristics. The procedure for assigning the cell of initial occurrence 
was identical for the Range Scatter and Range Cohesion and models. The models differed 
only in how subsequent cells were chosen. 

Subsequent Events. In the Range Cohesion model (based on the "spreading dye" model 
of Jetz & Rahbek 2001), the placement of each range was completed by choosing any 
second and subsequent cells from among the set of terrestrial cells bordering (by sides of 
comers) the cells already occupied by that species, with the choice again guided 
probabilistically by the values of the environmental probability map in those cells. 
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Mathematically, if there were iV terrestrial cells bordering the cell or cells already 
occupied by the species, but not yet occupied by the species, the probability Qij of cell (i, 
j) being chosen from among the iV was 

Ô,; = yÂ^,   ZEÖ,;=1. Equation 2 

where the summations were taken over the # candidate cells. The probability of any other 
cell being chosen was zero. With this algorithm, range cohesion was enforced, but the 
initial placement and the subsequent assignment of occurrences that locate and shape the 
range were guided by the environmental probability map. 

In contrast, the Range Scatter model enforced no range cohesion. Second and 
subsequent cells were chosen from among all terrestrial cells not already occupied by that 
species, anj^where in the richness map, whether or not adjacent to cells already occupied 
by the species, guided by the cell values of the environmental probability map. 
Mathematically, if there were iV terrestrial cells on the entire map that were not yet 
occupied by the species, then the probability of cell {i,j) being chosen, at any given step 
of the process, is exactly as in the Equation 2 above, with the summations take over all N 
candidate cells. 

Our models assumed complete independence among species, so the presence of 
one species did not affect the probability of occurrence of any other species. Once all 
species occurrences were placed, the species richness for each cell was summed and 
recorded. The stochastic range placement procedure was repeated 300 times for each of 
the 10 environmental maps and for the Range Scatter and Range Cohesion models (20 set 
of runs in all), as listed in Table 1 (main text). Each iteration of the procedure was 
initiated by setting the random number seed from the system clock. At the conclusion of 
each set of 300 iterations a particular model, the average number of species recorded in 
each map cell was taken to be the statistical expectation of richness per cell for that 
model. Because modelled cell richness for each run is the sum of many independent, 
stochastic processes of range placement (one for each species), the distribution of 
modelled cell values, among runs, converges on a normal distribution by the central limit 
theorem. Approximate normality has been demonstrated for one-dimensional models 
based on the corresponding range placement algorithm (R. Colwell, unpublished data). 
The analyses were conducted with a dedicated software application built by Gary 
Entsminger in Delphi 7.0 and run on a Windows PC. 

The assumption of range cohesion. In a heterogeneous environment, the Range 
Cohesion model integrates the simple, but often realistic geometric constraints that 
produce the mid-domain effect (boundary constraints and range cohesion (Colwell et al. 
2004) with environmental heterogeneity. The result is a unified, stochastic model that 
incorporates a further element of realism by weighting the probability of occurrence in 
map cells by an environmental factor or factors. However, the qualitative results of this 
model do not require an assumption of strict range cohesion. Stochastic models based on 
a Poisson dispersal function from occupied cells produce qualitatively similar results for 
small or moderate dispersal distances (see also Connolly 2005). At large dispersal 
distances, this Poisson model converges to the Range Scatter model (Gotelli et al, 
unpublished results). 
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Statistical Analyses. Each of the 95 stochastic models (main text, table 1) generated an 
expected species richness value for every 1x1° grid cell in the map. We compared the 
quantitative fit of observed species richness to these model predictions for each model. 
All statistical analyses of observed and predicted species richness were conducted in the 
dedicated software package Spatial Analysis in Macroecology (SAM, Version 1.1; 
Rangel et al. 2006). 

We did not produce predicted richness maps for the five Range Scatter models for 
environmentally homogeneous maps (indicated by n/a in Table 1 in the main text), 
because the results would themselves be stochastically uniform. 

As an initial assessment of the remaining 95 stochastic models, we fit the 
observed species richness to the expected species richness using an ordinary least-square 
(OLS) regression model (Sokal & Rohlf 1995). However, because the analysis is based 
on gridded data, pairs of observations at a given spatial distance may be not statistically 
independent, and this spatial autocorrelation may inflate Type I errors in statistical 
analysis (Legendre 1993; Diniz-Filho et al. 2003). To quantify the amount of spatial 
autocorrelation contaminating the OLS regression model, we analyzed spatial 
autocorrelation in regression residuals using Moran's / coefficient 

n      n 

V' 

where d indexes the different distance classes, j, and y^ are observations measured at 

sites i andy, y is the grand mean, n is the total number of sampling sites, and S is number 

of pairs of observations (or their weights) for a given distance class (Legendre & 
Legendre 1998). For this analysis, we used geodesic surface distances, which take into 
account the earth's curvature. 

We used a standardized measure of spatial autocorrelation (de Jong et al. 1984; 
Lichstein et al. 2002), the ratio of Moran's I to its maximum possible value l{d)ll^^^{d), 

where I^^{d) is defined as 

Z Yu^iAyj-y) 
7=1 

it.iy<-y) 
1/2 

, for j^i. 

and Wy is the geographic distance between sampling sites i andy. 

We calculated l{d)ll^¡,^{d) for spatial distance d ranging between 0 and 500 km, 

and considered as spatially autocorrelated those residuals with l(d)/l^^^ (d) higher than 

0.3. According to this criterion, all our OLS models were spatially autocorrelated. Note 
that this is a conservative criterion that may over-estimate the importance of spatial 
autocorrelation because it is based on a standardized Moran's / calculated over a 
relatively short distance of 500 km (where positive autocorrelation is most likely to 
occur). 

Next, we calculated the effective number of degrees of freedom (n*) according to 
Dutilleul's method (Dutilleul 1993; Dale et al. 2002): 
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:1 + n^ traceÇRyiRyj) 

where R are square matrices (n x n) describing the spatial correlation of the variables Yi 
and Y2, built using the spatial correlograms of these variables, and n is total number of 
sampling sites. This method reduces the number of degrees of freedom in a linear 
correlation analysis according to the magnitude of spatial autocorrelation in both 
variables, as measured by a correlogram. The significance of r (or, equivalently, of the 
test for a slope of 0.0) in an OLS regression can be evaluated in the presence of spatial 
autocorrelation using n*, which corrects for the inflation of Type I error due to 
autocorrelation. Without this adjustment, the sample size in our analyses is so large (n 
=1676 grid cells) that patterns would be statistically significant atP = 0.05 for any r > 
0.005. 

Because the OLS residuals were spatially autocorrelated in all of our models, we 
used a generalized least squares (GLS, sometimes called "kriging regression" Haining 
1990; Cressie 1993) model to estimate the "true" regression coefficients (ß), while taking 
the spatial component into account: 

ß = (X^C'x)'x^C'Y 

where Y is the response variable (observed species richness), X is the explanatory 
variable (predicted species richness from a particular stochastic model), and C is a square 
matrix (n x n) describing the covariance among pairs of OLS residual values (Haining 
1990; Cressie 1993). For each model, the matrix C was modelled by choosing the best fit 
among the following models describing the semi-variogram of the OLS residuals 
(Legendre & Legendre 1998; Banerjee et al. 2004). 

The spherical models are defined as 

rid) = Co + Ci 

/(<i) = Co + Ci   ifd>a 

1.5--0.5 
a 

U'"' 
\aj 

iid<a 

The exponential models are defined as 

y{d) = CQ + C^ 1.5-exp 3^ 
V    aj_ 

The Gaussian models are defined as 

.d' rid) = Co + Ci l-exp 

cov(íií) = 0  ifí/>0 

cov(íií) = c, 1-1.5- + 0.5 
a \aj 

coY(d) = CQ + Cl   otherwise 

coY(d) = C, 
r     ^\ 

exp 
y.    aj 

\    a J_ 

The hole effect, or wave, models are defined as 

COV(í;í) = C, exp 
^     d'^ 

V      ß  J 

ifOi/<l 



rid) = Co + Cl 
sin(ö<i) 

ad 
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sinyad) 
coY(d) = C, 

ad 
if ö >0 

where y is the semi-variance; cov is the covariance; d is the distance among pairs of 
sampling sites; and Co, Ci, and a are fitted parameters (Legendre & Legendre 1998). 

GLS is a regression in which the spatial component is defined by the fitted semi- 
variogram and is explicitly modelled in the residual terms. Therefore, these residuals 
contain a strong spatial component, which must be decomposed using Cholesky 
decomposition into spatially-structured residuals and a pure error term (Haining 1990; 
Cressie 1993). This error vector e, or noise component, is defined as 

e = L\Y-Xß) 

where ß is the vector of estimated slopes and LL^ = C, so that the L matrix can be 
obtained by the Cholesky decomposition of the covariance among residuals. 

After fitting the GLS model, we calculated l(cí)/l^^^ (d) for spatial distance d 

ranging between 0 and 500 km of the GLS error term. To determine whether the fitted 
GLS model effectively controlled for spatial autocorrelation, we assessed the significance 
of the overall spatial correlogram (using 20 distance classes) using the Bonferroni 
correction for multiple tests of significance (Diniz-Filho et al. 2003). We found that, for 
all of the correlograms, none of the Moran's /coefficients was significant at P = 0.1. 
However, for the error term of 5 GLS models, l{d)ll^¡,^{d) was higher than 0.5 for the 

distance class 0-500 km. Therefore, for these cases, we fit a Simultaneous Autoregressive 
Model (SAR, Haining 1990; Cressie 1993), which is a GLS-based model, but with the 
matrix C defined as 

C = a^[(I-pW/j'[(I-pW)j' 

where a is the variance of the OLS residuals, p is the autoregression parameter to be 
estimated for the model, W is matrix of neighbour weights, computed as an inverse 
power function of geographic distances among sampling units \w¡j = ijd^j ), and I is an « 

X n identity matrix. Among the 5 models that required SAR, l{d)ll^^^ {d) decreased in 4 

models in the distance class 0-500 km, and the overall correlograms remained non- 
significant. 

Model Selection. To choose among competing models for each data quartile, we used the 
spatially corrected slope values (based on the GLS or SAR models) and the corrected P 
value for the statistical significance of r (based on Dutilleul's method). We used a 
hierarchical method to determine the best-fitting models. First, we eliminated any model 
for which the statistical significance of r^ was P > 0.05. For these models, we could not 
reject the null hypothesis that the relationship between observed and predicted species 
richness was not different from zero. This criterion eliminated 53 of the 95 models 
(unshaded cells in table 1, main text, and Supplementary table 1). Next, we eliminated 
models for which the 95% confidence interval of the spatially corrected slope did not 
bracket 1.0. The predicted species richness in these models was correlated with observed 
richness, but the quantitative prediction of a slope of 1.0 was not met (Romdal et al. 
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2005). This criterion eliminated 37 of the remaining 42 models (shaded in gray in table 1, 
main text, and Supplementary table 1). Thus, of the 95 original models, only 5 models 
had slopes that were significantly different from 0.0, but whose 95% confidence intervals 
bracketed 1.0 (shaded in green in table 1 main text, and Supplementary table 1), after 
accounting for spatial autocorrelation. For Quartile 2 only 1 model fit these criteria. For 
Quartiles 1 and 3 and for all species, none of the models fit these criteria. For Quartile 4 
(the most widespread species), 4 models (Geometric Constraints, Temperature, Water- 
Energy, and Temperature Kinetics) met these criteria. Of these 4, we eliminated the 
Geometric Constraints model because its slope (0.74) was substantially shallower than 
the slopes for the Water-Energy (1.03), Temperature (0.98), and Temperature Kinetics 
(0.99) models. Among these three models, we chose the Water-Energy model as the best 
fitting because its / value was slightly higher, and its intercept bracketed zero 
(Supplementary table 1). 
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Supplementary Information 

Supplementary Figure 1 

Supplementary Fig. 1. Species richness of South American endemic birds in 1° x 1° (latitude-longitude) cells as a function of net 
primary productivity (NPP), for first (smallest ranges) through fourth (largest ranges) range size quartiles and for all quartiles 
combined. Red lines fitted by LOWESS smoothing procedure. 
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Supplementary Information 

Supplementary Tables 1 to 4 

Supplementary Table 1. Detailed results from 95 explanatory models for species richness of endemic birds of South America (n = 
2,248). (See table 1, main text, for summary results, especially for easier comparison of Range Scatter and Range Cohesion models.) 
Each titled sub-table (Supplementary Table la to Ij), below, represents a range size quartile category (First, Second, Third, Fourth, or 
All Quartiles) for either Range Scatter or Range Cohesion models. Columns represent environmental models and rows organize the 
statistical results. A successful model should explain a significant proportion of the variation in species richness and have a slope that 
is close to 1.0. Unshaded cells indicate non-explanatory models, for which the r value does not differ significantly from 0, based on 
the effective number of degrees of freedom using Dutilleul's method to adjust for spatial autocorrelation (Dutilleul 1993). Grey cells 
indicate models for which the r value was significantly different from 0, but for which the 95% confidence interval of the slope for 
the best-fitting spatial model did not bracket 1.0. (Note that some models in this category have negative slopes.) Green cells (which 
have italic type) indicate models for which both the r and the slope criterion were satisfied. Within each quartile, the model for which 
the slope is closest to 1.0 is boldfaced, indicating the best-fitting model for that quartile. Note that for some quartiles, a best-fitting 
model could not be identified that satisfied our criteria. For the 4* quartile species, the slope values for the Water Energy , 
Temperature, and Temperature Kinetics models were virtually equidistant from 1.0, but the Water-Energy model was marked as the 
best because it had a slightly higher r^ and a better-fitting intercept. 
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Supplementary Table 1a: First Quartile - Range Scatter Models 

Topographic 
surface area NPP Precipitation Temperature 

Topographic 
Relief 

Ecosystem 
Diversity 

Species 
Energy 

Water 
Energy 

Temperature 
Kinetics 

Ordinary 
Regression 

r" 0.007 0.003 0.000 0.006 0.342 0.212 0.002 0.003 0.009 
P{n*) 0.466 0.738 0.859 0.669 0.000 0.000 0.815 0.776 0.558 

(0-500km) 0.689 0.684 0.683 0.688 0.691 0.701 0.683 0.687 0.688 
Spatial 

Regression Needed Needed Needed Needed Needed Needed Needed Needed Needed 
Model GLS GLS GLS GLS GLS GLS GLS GLS GLS 

Intercept 9.773 12.524 11.561 18.093 -0.199 1.144 10.700 17.412 36.325 
P-Value 

(Ho: a = 0) 0.000 0.000 0.000 0.000 0.935 0.637 0.000 0.000 0.000 
Lower C.I. 
(P=0.95) 4.569 6.848 6.240 12.436 -5.011 -3.601 5.049 11.869 28.877 

Higher C.I. 
(P=0.95) 14.977 18.200 16.882 23.750 4.613 5.889 16.351 22.955 43.773 

Slope 1.923 -1.508 -0.889 -4.913 1.532 3.013 -0.722 -5.148 -11.892 
P-Value (Ho: 

b = 0) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
Lower C.I. 
(P=0.95) 1.360 -1.986 -1.222 -5.693 1.426 2.772 -1.134 -7.108 -14.181 

Higher C.I. 
(P=0.95) 2.486 -1.030 -0.556 -4.133 1.638 3.254 -0.310 -3.188 -9.603 

Kd)/lUd) 
(0-500km) 0.430 0.402 0.410 0.425 0.471 0.410 0.404 0.407 0.407 
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Supplementary Table 1b: First Quartile - Range Cohesion Models 

Topographic 
surface area NPP Precipitation Temperature 

Topographic 
Relief 

Ecosystem 
Diversity 

Species 
Energy 

Water 
Energy 

Temperature 
Kinetics 

Geometric 
Constraints 

Ordinary 
Regression 

r" 0.005 0.007 0.000 0.006 0.328 0.225 0.007 0.003 0.000 0.009 
Pin*) 0.519 0.629 0.911 0.664 0.000 0.000 0.628 0.756 0.827 0.000 

(0-500km) 0.687 0.684 0.683 0.686 0.691 0.708 0.683 0.685 0.685 0.687 
Spatial 

Regression Needed Needed Needed Needed Needed Needed Needed Needed Needed Needed 
Model GLS GLS GLS GLS GLS GLS GLS GLS GLS GLS 

Intercept 10.703 11.804 10.902 13.943 0.980 2.531 9.929 13.565 8.392 4.504 
P-Value 

(Ho: a = 0) 0.000 0.000 0.000 0.000 0.674 0.283 0.000 0.000 0.004 0.125 
Lower C.I. 
(P=0.95) 5.440 6.075 5.581 8.253 -3.583 -2.085 4.090 7.963 2.694 -1.245 

Higher C.I. 
(P=0.95) 15.966 17.533 16.223 19.633 5.543 7.147 15.768 19.167 14.090 10.253 

Slope 1.394 -1.577 -0.826 -3.087 1.398 2.926 -1.149 -3.398 1.535 3.767 
P-Value (Ho: 

b = 0) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.011 0.000 
Lower C.I. 
(P=0.95) 0.910 -2.006 -1.142 -3.763 1.298 2.705 -1.516 -4.096 0.349 2.650 

Higher C.I. 
(P=0.95) 1.878 -1.148 -0.510 -2.411 1.498 3.147 -0.782 -2.700 2.721 4.884 

(0-500km) 0.427 0.404 0.407 0.408 0.468 0.421 0.401 0.395 0.420 0.422 
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Supplementary Table 1c: Second Quartile - Range Scatter Models 

Topographic 
surface area NPP Precipitation Temperature 

Topographic 
Relief 

Ecosystem 
Diversity 

Species 
Energy 

Water 
Energy 

Temperature 
Kinetics 

Ordinary 
Regression 

r" 0.003 0.004 0.001 0.016 0.419 0.217 0.004 0.008 0.017 
Pin*) 0.593 0.704 0.842 0.447 0.000 0.000 0.711 0.603 0.435 

(0-500km) 0.703 0.698 0.698 0.703 0.671 0.703 0.696 0.702 0.703 
Spatial 

Regression Needed Needed Needed Needed Needed Needed Needed Needed Needed 
Model GLS GLS GLS GLS GLS GLS GLS GLS GLS 

Intercept 27.012 37.181 33.003 59.813 4.939 7.883 33.111 56.152 153.701 
P-Value 

(Ho: a = 0) 0.000 0.000 0.000 0.000 0.270 0.100 0.000 0.000 0.000 
Lower C.I. 
(P=0.95) 16.518 25.801 22.450 47.918 -3.846 -1.513 21.759 44.502 132.972 

Higher C.I. 
(P=0.95) 37.506 48.561 43.556 71.708 13.724 17.279 44.463 67.802 174.430 

Slope 1.166 -0.797 -0.300 -3.768 1.099 1.881 -0.385 -3.461 -13.197 
P-Value (Ho: 

b = 0) 0.000 0.000 0.009 0.000 0.000 0.000 0.004 0.000 0.000 
Lower C.I. 
(P=0.95) 0.809 -1.109 -0.527 -4.262 1.034 1.726 -0.650 -3.969 -15.116 

Higher C.I. 
(P=0.95) 1.523 -0.485 -0.073 -3.274 1.164 2.036 -0.120 -2.953 -11.278 

(0-500km) 0.424 0.399 0.411 0.406 0.393 0.373 0.401 0.400 0.394 
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Supplementary Table 1d: Second Quartile - Range Cohesion Models 

Topographic 
surface area NPP Precipitation Temperature 

Topographic 
Relief 

Ecosystem 
Diversity 

Species 
Energy 

Water 
Energy 

Temperature 
Kinetics 

Geometric 
Constraints 

Ordinary 
Regression 

r" 0.000 0.018 0.000 0.032 0.384 0.193 0.022 0.022 0.017 0.001 
Pin*) 0.836 0.414 0.877 0.254 0.000 0.000 0.373 0.362 0.176 0.456 

(0-500km) 0.697 0.695 0.699 0.695 0.678 0.719 0.692 0.696 0.685 0.695 
Spatial 

Regression Needed Needed Needed Needed Needed Needed Needed Needed Needed Needed 
Model GLS GLS GLS GLS GLS GLS GLS GLS GLS GLS 

Intercept 32.337 35.179 32.626 37.806 8.322 14.378 29.931 36.437 34.998 26.791 
P-Value 

(Ho: a = 0) 0.000 0.000 0.000 0.000 0.071 0.002 0.000 0.000 0.000 0.000 
Lower C.I. 
(P=0.95) 21.530 23.211 21.683 25.425 -0.698 5.144 17.644 24.346 23.395 15.652 

Higher C.I. 
(P=0.95) 43.144 47.147 43.569 50.187 17.342 23.612 42.218 48.528 46.601 37.930 

Slope 0.547 -1.165 -0.486 -2.066 0.988 1.800 -1.013 -2.144 -0.371 0.988 
P-Value (Ho: 

b = 0) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.195 0.000 
Lower C.I. 
(P=0.95) 0.241 -1.430 -0.694 -2.429 0.925 1.651 -1.244 -2.522 -0.932 0.437 

Higher C.I. 
(P=0.95) 0.853 -0.900 -0.278 -1.703 1.051 1.949 -0.782 -1.766 0.190 1.539 

(0-500km) 0.423 0.388 0.405 0.392 0.418 0.409 0.381 0.382 0.411 0.420 
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Supplementary Table 1e: Third Quartile - Range Scatter Models 

Topographic 
surface area NPP Precipitation Temperature 

Topographic 
Relief 

Ecosystem 
Diversity 

Species 
Energy 

Water 
Energy 

Temperature 
Kinetics 

Ordinary 
Regression 

r" 0.013 0.005 0.018 0.017 0.219 0.185 0.004 0.003 0.019 
Pin*) 0.170 0.621 0.329 0.308 0.000 0.000 0.644 0.659 0.276 

(0-500km) 0.726 0.717 0.713 0.722 0.762 0.732 0.719 0.711 0.722 
Spatial 

Regression Needed Needed Needed Needed Needed Needed Needed Needed Needed 
Model GLS GLS GLS GLS GLS GLS GLS GLS GLS 

Intercept 10.646 27.564 21.228 68.280 4.460 2.396 20.791 60.343 14.010 
P-Value 

(Ho: a = 0) 0.023 0.000 0.000 0.000 0.265 0.572 0.000 0.000 0.000 
Lower C.I. 
(P=0.95) 1.454 17.825 11.708 57.657 -3.390 -5.916 11.571 49.412 -13.450 

Higher C.I. 
(P=0.95) 19.838 37.303 30.748 78.903 12.310 10.708 30.011 71.274 41.470 

Slope 0.793 -0.122 0.111 -1.521 0.468 0.679 0.205 -1.266 -6.180 
P-Value (Ho: 

b = 0) 0.000 0.094 0.041 0.000 0.000 0.000 0.000 0.000 0.000 
Lower C.I. 
(P=0.95) 0.654 -0.265 0.005 -1.739 0.441 0.618 0.091 -1.495 -7.050 

Higher C.I. 
(P=0.95) 0.932 0.021 0.217 -1.303 0.495 0.740 0.319 -1.037 -5.310 

(0-500km) 0.400 0.408 0.403 0.432 0.463 0.419 0.407 0.433 0.429 
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Supplementary Table 1f: Third Quartile - Range Cohesion Models 

Topographic 
surface area NPP Precipitation Temperature 

Topographic 
Relief 

Ecosystem 
Diversity 

Species 
Energy 

Water 
Energy 

Temperature 
Kinetics 

Geometric 
Constraints 

Ordinary 
Regression 

r" 0.000 0.000 0.006 0.024 0.171 0.107 0.000 0.012 0.016 0.008 
Pin*) 0.827 0.967 0.627 0.238 0.000 0.012 0.839 0.438 0.253 0.343 

(0-500km) 0.715 0.717 0.718 0.708 0.743 0.742 0.716 0.711 0.704 0.707 
Spatial 

Regression Needed Needed Needed Needed Needed Needed Needed Needed Needed Needed 
Model GLS GLS GLS GLS GLS GLS GLS GLS GLS GLS 

Intercept 18.650 30.264 24.930 33.296 4.269 8.955 25.928 33.110 17.464 7.363 
P-Value 

(Ho: a = 0) 0.000 0.000 0.000 0.000 0.291 0.043 0.000 0.000 0.000 0.146 
Lower C.I. 
(P=0.95) 9.820 20.989 15.685 23.968 -3.651 0.298 16.796 23.602 7.537 -2.553 

Higher C.I. 
(P=0.95) 27.480 39.539 34.175 42.624 12.189 17.612 35.060 42.618 27.391 17.279 

Slope 0.895 -0.414 0.006 -0.611 0.533 0.748 -0.183 -0.614 0.542 1.184 
P-Value (Ho: 

b = 0) 0.000 0.000 0.922 0.000 0.000 0.000 0.012 0.000 0.000 0.000 
Lower C.I. 
(P=0.95) 0.726 -0.573 -0.121 -0.819 0.500 0.674 -0.326 -0.847 0.232 0.872 

Higher C.I. 
(P=0.95) 1.064 -0.255 0.133 -0.403 0.566 0.822 -0.040 -0.381 0.852 1.496 

(0-500km) 0.419 0.399 0.411 0.421 0.477 0.431 0.401 0.416 0.411 0.412 
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Supplementary Table 1g: Fourth Quartile - Range Scatter Models 

Topographic 
surface area NPP Precipitation Temperature 

Topographic 
Relief 

Ecosystem 
Diversity 

Species 
Energy 

Water 
Energy 

Temperature 
Kinetics 

Ordinary 
Regression 

r" 0.220 0.625 0.494 0.468 0.217 0.000 0.657 0.545 0.474 
Pin*) 0.005 0.000 0.004 0.005 0.002 0.999 0.000 0.003 0.006 

(0-500km) 0.822 0.781 0.809 0.813 0.796 0.894 0.736 0.805 0.813 
Spatial 

Regression Needed Needed Needed Needed Needed Needed Needed Needed Needed 
Model GLS GLS GLS GLS GLS GLS GLS GLS GLS 

Intercept 83.520 -25.791 -6.364 29.784 38.144 53.622 17.675 -4.137 -142.939 
P-Value 

(Ho: a = 0) 0.000 0.278 0.729 0.048 0.206 0.004 0.253 0.818 0.000 
Lower C.I. 
(P=0.95) 55.245 -72.384 -42.426 0.237 -21.019 17.372 -12.652 -39.397 -195.732 

Higher C.I. 
(P=0.95) 111.795 20.802 29.698 59.331 97.307 89.872 48.002 31.123 -90.146 

Slope 0.050 0.581 0.361 0.410 0.043 0.061 0.420 0.566 1.764 
P-Value (Ho: 

b = 0) 0.014 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
Lower C.I. 
(P=0.95) 0.011 0.524 0.316 0.330 0.029 0.039 0.379 0.484 1.413 

Higher C.I. 
(P=0.95) 0.089 0.638 0.406 0.490 0.057 0.083 0.461 0.648 2.115 

(0-500km) 0.069 0.342 0.296 0.040 0.217 0.173 0.468 0.093 0.038 
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Supplementary Table 1h: Fourth Quartile - Range Cohesion Models 

Topographic 
surface area NPP Precipitation Temperature 

Topographic 
Relief 

Ecosystem 
Diversity 

Species 
Energy 

Water 
Energy 

Temperature 
Kinetics 

Geometric 
Constraints 

Ordinary 
Regression 

r" 0.481 0.737 0.649 0.684 0.238 0.106 0.721 0.710 0.517 0.365 
Pin*) 0.009 0.000 0.002 0.001 0.011 0.258 0.000 0.000 0.006 0.029 

(0-500km) 0.806 0.760 0.809 0.783 0.833 0.893 0.755 0.772 0.833 0.861 
Spatial 

Regression Needed Needed Needed Needed Needed Needed Needed Needed Needed Needed 
Model GLS GLS GLS GLS GLS GLS GLS GLS GLS GLS 

Intercept 87.026 16.226 19.046 7.339 18.117 58.237 63.461 5.219 -26.169 20.902 
P-Value 

(Ho: a = 0) 0.000 0.069 0.093 0.038 0.441 0.033 0.000 0.128 0.000 0.411 
Lower C.I. 
(P=0.95) 61.017 -1.275 -3.186 0.408 -28.012 4.827 58.040 -1.494 -39.962 -28.919 

Higher C.I. 
(P=0.95) 113.035 33.727 41.278 14.270 64.246 111.647 68.882 11.932 -12.376 70.723 

Slope 0.119 0.888 0.877 0.981 0.072 0.227 0.383 1.025 1.246 0.744 
P-Value (Ho: 

b = 0) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001 
Lower C.I. 
(P=0.95) 0.048 0.792 0.808 0.887 0.048 0.174 0.309 0.935 1.062 0.311 

Higher C.I. 
(P=0.95) 0.190 0.984 0.946 1.075 0.096 0.280 0.457 1.115 1.430 1.177 

(0-500km) 0.036 -0.021 0.404 0.598 0.344 0.254 -0.271 0.574 0.605 0.048 
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Supplementary Table 11: All Quartiles - Range Scatter Models 

Topographic 
surface area NPP Precipitation Temperature 

Topographic 
Relief 

Ecosystem 
Diversity 

Species 
Energy 

Water 
Energy 

Temperature 
Kinetics 

Ordinary 
Regression 

r" 0.196 0.439 0.390 0.250 0.004 0.064 0.463 0.330 0.243 
Pin*) 0.004 0.002 0.005 0.036 0.647 0.013 0.002 0.018 0.042 

(0-500km) 0.733 0.652 0.658 0.692 0.780 0.820 0.642 0.667 0.692 
Spatial 

Regression Needed Needed Needed Needed Needed Needed Needed Needed Needed 
Model GLS GLS GLS GLS GLS GLS GLS GLS GLS 

Intercept 97.601 74.689 92.064 137.315 40.729 35.949 101.028 122.670 291.227 
P-Value 

(Ho: a = 0) 0.000 0.000 0.000 0.000 0.166 0.244 0.000 0.000 0.000 
Lower C.I. 
(P=0.95) 57.268 41.925 38.741 96.017 -16.868 -24.017 74.327 82.315 191.471 

Higher C.I. 
(P=0.95) 137.934 107.453 145.387 178.613 98.326 95.915 127.729 163.025 390.983 

Slope 0.211 0.273 0.043 -0.166 0.214 0.285 0.241 -0.073 -1.113 
P-Value (Ho: 

b = 0) 0.000 0.000 0.239 0.009 0.000 0.000 0.000 0.265 0.000 
Lower C.I. 
(P=0.95) 0.148 0.186 -0.029 -0.290 0.196 0.253 0.187 -0.201 -1.652 

Higher C.I. 
(P=0.95) 0.274 0.360 0.115 -0.042 0.232 0.317 0.295 0.055 -0.574 

(0-500km) 0.021 0.095 0.010 0.083 0.254 0.140 0.037 0.083 0.229 
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Supplementary Table 1j: All Quartiles - Range Cohesion Models 

Topographic 
surface area NPP Precipitation Temperature 

Topographic 
Relief 

Ecosystem 
Diversity 

Species 
Energy 

Water 
Energy 

Temperature 
Kinetics 

Geometric 
Constraints 

Ordinary 
Regression 

r" 0.271 0.437 0.423 0.343 0.018 0.119 0.426 0.385 0.256 0.162 
Pin*) 0.026 0.006 0.008 0.011 0.473 0.111 0.008 0.013 0.033 0.088 

(0-500km) 0.738 0.684 0.693 0.716 0.775 0.811 0.688 0.702 0.748 0.774 
Spatial 

Regression Needed Needed Needed Needed Needed Needed Needed Needed Needed Needed 
Model GLS GLS GLS SAR GLS GLS SAR SAR SAR GLS 

Intercept 93.457 50.713 58.206 59.031 28.315 23.496 82.817 48.136 -3.781 -24.488 
P-Value 

(Ho: a = 0) 0.000 0.001 0.000 0.003 0.360 0.420 0.000 0.013 0.900 0.448 
Lower C.I. 
(P=0.95) 55.406 19.844 25.004 19.757 -32.338 -33.641 54.523 10.231 -63.067 -87.808 

Higher C.I. 
(P=0.95) 131.508 81.582 91.408 98.305 88.968 80.633 111.111 86.041 55.505 38.832 

Slope 0.337 0.634 0.532 0.512 0.294 0.508 0.492 0.613 0.977 1.192 
P-Value (Ho: 

b = 0) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
Lower C.I. 
(P=0.95) 0.233 0.501 0.404 0.319 0.266 0.452 0.400 0.422 0.585 0.792 

Higher C.I. 
(P=0.95) 0.441 0.767 0.660 0.705 0.322 0.564 0.584 0.804 1.369 1.592 

(0-500km) -0.026 0.009 -0.032 -0.024 0.281 0.356 -0.002 -0.026 0.000 0.311 
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Supplementary Table 2. Explanatory factors for species richness of endemic birds of South America (n = 2,248). Tabled values are 
coefficients of determination (r^) from simple (OLS), one-predictor regressions of observed species richness on raw environmental 
variables. Results are shown for species partitioned into range size quartiles, for the species of the first three quartiles pooled, and for 
all quartiles pooled. Shaded gray cells contain results for all climate models for species of the first three quartiles (smaller ranges). ^ 
denotes a negative regression slope. Supplementary table 4 shows the corresponding results for all breeding birds of South America (n 
= 2,891). 

Quartile First Second Third Quartiles Fourth All 
quartile quartile quartile (1 + 2 + 3) quartile quartiles 

Factor 
0.43 Precipitation (mm/yr" ) f    0.00 0.00 0.02^ •    0.01    • 0.35 

Temperature (mean annual, °C) 0.01^ 0.02^ 0.02^ 0.02^ 0.47 0.25 
Net primary productivity (tons 0.00^ 0.00^ 0.00 0.00^ 0.64 0.44 
carbon per hectare per year) ^              ^ 

0.24 Topographic surface area (km ) 0.01 0.00 0.01 0.01 0.21 
Ecosystem diversity (number of 0.21 0.22 0.19 0.24 0.00^ 0.07 
ecosystems in cell) 
Topographic relief 0.34 0.42 0.22 0.36 0.19^ 0.00^ 
(elevational range, m a.s.l.) 
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Supplementary Table 3. Explanatory factors for species richness of all breeding birds of South America (n = 2,891). Tabled values 
are coefficients of determination (r^) for predictors of species richness, generated by the Range Scatter model (RS) and the Range 
Cohesion model (RC) based on a simple (OLS) regression of observed on predicted species richness. Species were partitioned into 
range-size quartiles. Shaded gray cells contain results for all climate models for species of the first three quartiles (smaller ranges). 
^Denotes negative regression slope. The corresponding for endemic birds of South America (n = 2,248) are shown in Supplementary 
table 1. 

Quartile First quartile Second quartile Third quartile Fourth quartile All quartiles 

Factor RS RC RS RC RS RC RS RC RS RC 
Precipitation (mm/yr"') 0.01 0.00 0.01 0.00 0.08 0.03 0.67 0.80 0.60 0.62 
Temperature (mean annual, °C) 0.00^ 0.00^ 0.00^ 0.02^ 0.00 0.00^ 0.67 0.74 0.48 0.48 
Net primary productivity 0.00 0.00^ 0.00^ 0.01^ 0.05 0.01 0.79 0.83 0.66 0.60 
(tons carbon per hectare per year) 

0.20 0.42 0.16 Topographic surface area (km ) 0.00 0.00 0.00 0.00^ 0.02 0.00 0.27 
Ecosystem diversity (number of 0.21 0.21 0.23 0.22 0.18 0.10 0.00 0.12 0.06 0.11 
ecosystems in cell) 
Topographic relief 0.31 0.29 0.38 0.35 0.16 0.11 0.17^ 0.20^ 0.02^ 0.04^ 
(elevational range, m a.s.l.) 
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Supplementary Table 4. Explanatory factors for species richness of all breeding birds of South America (n = 2,891). Tabled values 
are coefficients of determination (r^) from simple (OLS), one-predictor linear regressions of observed species richness on raw 
environmental variables. Results are shown for species partitioned into range size quartiles, for the species of the first three quartiles 
pooled, and for all quartiles pooled. Shaded gray cells contain results for all climate models for species of the first three quartiles 
(smaller ranges). ^ denotes a negative regression slope. Supplementary table 2 shows the corresponding results for endemic birds of 
South America {n = 2,248). 

Quartile First Second Third Quartiles Fourth All 
quartile quartile quartile (1 + 2 + 3) quartile quartiles 

Factor 
0.57 Precipitation (mm/yr" ) P   0.01 0.01 0.07 • • 0.04     • 0.53 

Temperature (mean annual, °C) 0.00^ 0.00^ 0.00 0.00^    I 0.69 0.48 
Net primary productivity (tons 0.00^ 0.00^ 0.05 0.01      1 0.82 0.67 
carbon per hectare per year) ^ »              1 

0.24 Topographic surface area (km^) 0.00 0.00 0.02 0.00 0.21 
Ecosystem diversity (number of 0.21 0.23 0.19 0.25 0.00 0.07 
ecosystems in cell) 
Topographic relief 0.31 0.39 0.16 0.33 0.14^ 0.00^ 
(elevational range, m a.s.l.) 
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PSYCHOLOGY 

Calibrating Confidence 
One of the challenges in reasoning by means of a deliberative and conscious 
process is the weighting of evidence that is reported by other humans. For 
people sitting as jurors in a trial, this translates into deciding whether to 
believe what a witness says. Previous studies have demonstrated that confi- 
dently uttered statements are believed more often and that being accurate 
on other issues, even those peripheral to the adjudicated question, is con- 
ducive to being believed. 

Tenney et al. show an interaction between these parameters in mock 
trials of civil (car accident) and criminal (burglary) cases. Two witnesses 
were equally confident in asserting their recollections of how the accident 
had occurred, yet one was uncertain about other events that had taken place 
on that day whereas the other professed a complete and accurate recall. 
Subsequently, both witnesses were shown to have been correct about the 
weather conditions at the time of the incident, but both were also shown to 
have been in error in placing a personal appointment (entirely unrelated to the 
accident) on that same day. Although, as expected, the credibility of the supremely 
confident witness was rated higher initially, the less confident witness was 
regarded as being more credible after their fallibility had been revealed. • G]C 

Psychol. Sei. 18, 46 (2007). 

BIOMEDICINE 

Remodeling the Joint 

Rheumatoid arthritis is a debilitating autoimmune 
disorder that is characterized by a profound 
remodeling of tissue architecture at the joint, 
which results, most notably, in a permanent loss of 
bone. Therapies that reduce joint inflamma- 
tion have been somewhat successful in 
delaying the onset and progression of the 
disease, but they have not been able to 
reverse joint damage once it has 
occurred. Because the recovery of joint 
function in rheumatoid arthritis will 
probably require therapeutic 
approaches that trigger the forma- 
tion of new bone, there is growing 
interest in understanding the molecu- 
lar mechanisms that regulate bone 
remodeling within the joint. 

Following up on previous evi- 
dence that identified the Wnt signal- 
ing pathway as a determinant of 
bone mass, Diarra etal. investigated 
whether manipulation of this pathway would affect 
joint pathology in mice overexpressing the pro- 
inflammatory molecule tumor necrosis factor-a 
(TNF-a), a widely used animal model of human 
rheumatoid arthritis. They found that the anti- 
body-mediated blockade of Dickkopf-1 (DKK-1), 
which is an endogenous inhibitor of Wnt signal- 

ing, induced the formation of osteophytes (bone 
spurs) at the inflamed joints and also prevented 
the résorption of bone by specialized cells called 
osteoclasts. As was consistent with the mouse data, 
they observed that DKK-1 was expressed at aber- 
rantly high levels in joint specimens from humans 
with rheumatoid arthritis and that in both species 

DKK-1 expression was induced by TNF-a. 
These results identify the Wnt pathway as an 
important regulator of joint remodeling in 
rheumatoid arthritis. Because Wnt signals 
influence both the formation and the destruc- 

tion of bone, future therapies targeting 
this pathway could in principle be 

Bone erosion (pitted surfaces) 
in a mouse model of rheumatoid 
arthritis. 

applied not only to rheumatoid arthri- 
tis, which is characterized by bone loss, 
but also to osteoarthritis and other 

diseases of the joint. • PAK 
Nat. Med. 10.1038/nml538 (2007). 

ECOLOGY/EVOLUTION 

No End of History 
Teasing apart the relative roles of historical and 
contemporary climatic elements in determining 
species richness is one of the core quests of bio- 

geographical research. Hitherto, success has 
been limited because of the correlative nature of 
models used. Rahbek et al. have developed a 
new class of spatially explicit, mechanistic mod- 
els that use individual species distributions as a 
basic currency. Application of these predictive 
models to the distributions of birds in South 
America shows that current climate explains the 
distributions only of the most widespread 
species. Their results indicate that historical fac- 
tors and community assembly processes may be 
more important in determining the distributions 
of species with narrower ranges; these species 
are, of course, generally of greater relevance in 
terms of conservation efforts. In turn, this adds 
to growing appreciation of the importance of 
incorporating longer-term considerations in con- 
servation planning. •AIWS 

Proc. R. Soc. B 274, 165 (2007). 

PHYSICS 

Looking for Lorentz Violations 

Although symmetries underlie deep principles 
in physics (such as the conservation of momen- 
tum), ultraprecise measurements have revealed 
slight exceptions such as the CP (charge-parity) 
violation in some radioactive decays. Lorentz 
symmetry, which dictates that experimental 
measurements should not depend on whether 
the apparatus is moving at steady velocity or 
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