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Climate and topography explain range sizes of
terrestrial vertebrates
Yiming Li1*†, Xianping Li1,2†, Brody Sandel3,4, David Blank5, Zetian Liu1,2, Xuan Liu1 and Shaofei Yan1,2
Range size (number of grid cells)

a
1,000

100

10

1
Mammalia
(n = 283)

Aves
(n = 131)

Reptilia
(n = 108)

b
Range size (number of grid cells)

Identifying the factors that influence range sizes of species
provides important insight into the distribution of biodiversity1 ,
and is crucial for predicting shifts in species ranges in
response to climate change2–4 . Current climate (for example,
climate variability and climate extremes)5,6 , long-term climate
change4 , evolutionary age2 , topographic heterogeneity, land
area3,7 and species traits such as physiological thermal limits8 ,
dispersal ability9 , annual fecundity and body size3,10 have
been shown to influence range size. Yet, few studies have
examined the generality of each of these factors among
different taxa, or have simultaneously evaluated the strength
of relationships between range size and these factors at
a global scale. We quantify contributions of these factors
to range sizes of terrestrial vertebrates (mammals, birds
and reptiles) at a global scale. We found that large-ranged
species experience greater monthly extremes of maximum or
minimum temperature within their ranges, or occur in areas
with higher long-term climate velocity and lower topographic
heterogeneity or lower precipitation seasonality. Flight ability,
body mass and continent width are important only for
particular taxa. Our results highlight the importance of climate
and topographic context in driving range size variation. The
results suggest that small-range species may be vulnerable to
climate change and should be the focus of conservation efforts.
Terrestrial vertebrates are ideal for studying factors that influence
range size variation owing to good records of their geographic
distributions compared with many other taxa2,3 . Further, data
on physiological thermal limits for the vertebrates (for example,
mammals, birds and reptiles) have been well documented11–13 ,
providing a good opportunity to test the role of physiological
thermal limits in shaping range sizes of these taxa.
We created a database on the geographical range sizes of
522 terrestrial vertebrate species (283 mammals, 131 birds and
108 reptiles) and their potential determinants using an equal-area
grid at a relatively fine resolution (approximately 300 × 300 at the
Equator; Methods). We used this database to compare differences
in range size among mammals, birds and reptiles or among
biogeographic realms. The range sizes of these species varied from 1
to 5,586 grid cells, with a median of 133 grid cells. The distribution
of range sizes was highly skewed to the right, with 122 species
occupying ≤50 grid cells (Supplementary Fig. 1 and Supplementary
Table 1). Range sizes differed among classes (Kruskal–Wallis test,
χ 2 = 46.805, d.f. = 2, P < 0.001, two-tailed), with the largest median
range size observed in birds (Fig. 1a), followed by mammals and
reptiles. Ranges of birds were significantly larger than those of
mammals and reptiles (both P < 0.001). Range size also differed
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Figure 1 | Boxplots of range sizes for the terrestrial vertebrates in fine
resolution. a, Among taxa. b, Among biogeographic realms. The black line
inside the box indicates the median. The bottom and top borders of the box
represent the first and third quartiles. The vertical dotted lines represent
upper and lower limits.

among biogeographic realms (χ 2 = 111.158, d.f. = 5, P < 0.001).
The largest median range size was found in the Nearctic (Fig. 1b),
followed by Australasia, Palearctic, Indo-Malay, Neotropics
and Afrotropics.
We then performed multimodel inference based on information
theory14 to quantify the relative importance of predictors for range
sizes of the terrestrial vertebrates. We began with a full model
based on phylogenetic generalized least-squares (PGLS) regression
with log-transformed range size as the response variable. The
predictor variables were mean seasonality of temperature and
precipitation (intra-year temperature and precipitation variability),
maximum temperature (max-temperature), minimum temperature
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Table 1 | Results of model averaging for the effects of current climates, long-term climate velocity, species traits and geographic
factors on range sizes of mammals, birds and reptiles at a global scale.
Variables
Temperature
seasonality
Precipitation
seasonality
Minimum
temperature
Minimum
temperature (exp.)
Maximum
temperature
Maximum
temperature (exp.)
Minimum
precipitation
Minimum
precipitation (exp.)
Maximum
precipitation
Maximum
precipitation (exp.)
Range of thermal
limits
Climate change
velocity
Body mass
Clutch/litter size
Flight ability
Continental width

Mammals
β
0.0000

Birds

95% CI
0.0000
0.0001

Wip
0.47

β
0.0000

Reptiles

95% CI
0.0000
0.0001

Wip
0.55

β
0.0000

95% CI
0.0000
0.0001

Wip
0.35

−0.0056

−0.0075

−0.0037

1.00

−0.0071

−0.0106

−0.0035

1.00

−0.0091

−0.0079

−0.0133

−0.0026

0.92

−0.0138

−0.0221

−0.0055

0.97

−0.0092 −0.0171

−0.0052

−0.0078

−0.0026

1.00

0.0059

0.0022

0.0097

0.97

0.0043 −0.0004

0.0089 0.63

0.0159

0.0039

0.0280

0.90

0.0396

0.0224

0.0568

1.00

0.0375

0.0536 1.00

−0.0025

−0.0156

0.0105

0.27

−0.0110

−0.0300

0.0080

0.38

0.0078 −0.0218

−0.7340

−1.0734

−0.3945

1.00

−0.4734

−1.0849

0.1381

0.53

−0.8412

−3.4226

−5.2816

−1.5637

1.00

−21.8794 −30.6142 −13.1446

1.00

−3.3804 −5.8494 −0.9115

0.3542

0.1891

0.5192

1.00

0.3191

0.0154

0.6229

0.77

0.2867

−0.0223

0.5957

0.67

1.3087

0.9843

1.6331

1.00

0.8981

0.3649

1.4312

0.99

0.9822

0.4236

1.5408

0.98

−0.0087

0.0047

0.29

0.0073

−0.0022

0.0169

0.51

0.0033 −0.0109

0.0174

0.25

0.3418

0.2285

0.4550

1.00

0.4688

0.2745

0.6630

1.00

0.4511

0.6641

1.00

0.0079
0.0673
0.0502
0.1606

−0.0367
−0.0965
−0.0067
−0.0008

0.0524
0.2312
0.1072
0.3221

0.27
0.33
0.61
0.71

−0.0159
−0.0257
−0.0039
−0.0809

−0.1078
−0.2492
−0.1846
−0.3470

0.0760
0.1979
0.1767
0.1853

0.25
0.24
0.23
0.28

−0.0020

−0.0133

0.0214

−1.3121

0.2381

−0.0597 −0.1504
0.0406 −0.1665
–
–
0.1421 −0.1759

−0.0049 1.00
−0.0013

0.81

0.0375

0.26

−0.3702

1.00
0.93

0.0310 0.43
0.2477 0.23
–
–
0.4602 0.31

Long-term climate velocity, body mass, clutch/litter size, continental width and flight ability were log10 -transformed. β : model-averaged regression coefficients; 95% CI: the 95% confidence intervals
of regression coefficients β; Wip : relative variable importance, the sum of Wi across all models including that variable. Wip with high value and β whose 95% confidence intervals do not encompass zero
are shown in bold; exp.: expected values of the climate extremes.

(min-temperature), maximum precipitation (max-precipitation)
and minimum precipitation (min-precipitation) (that is, monthly
extremes of temperature and precipitation at any single grid cell
within their range), mean long-term climate velocity (since the
Last Glacial Maximum), range of physiological thermal limits,
flight ability, body mass, clutch/litter size and continent width.
For mammals and birds, upper and lower thermal limits were
defined using critical minimum temperatures and critical maximum
temperatures12,13 , which are thermal neutral boundaries at which
the resting metabolic rate is constant at the minimum. For reptiles,
upper and lower thermal limits were measured with lower and upper
critical temperatures11 . Large ranges will, on average, experience
wider climate extremes than small ranges because of a simple
sampling effect. To avoid this problem, we simulated the expected
climate extremes of random ranges for each species (Methods).
Inclusion of both observed and expected extremes in the model
can control for the sampling effect on parameter estimates of
observed extremes. As climate change velocity was highly correlated
with topographic heterogeneity4 , and the velocity explained more
variation in range size than topographic heterogeneity in all
situations (Methods), we present results using climate change
velocity. Results using topographic heterogeneity were similar and
can be found in Supplementary Tables 2–13, with topographic
heterogeneity having importance values comparable to the velocity
but being negatively related to range size.
The model averaging showed that max- and min-temperatures,
long-term climate velocity and precipitation seasonality commonly
had very high relative importance (0.81–1.00) for range sizes

in mammals, birds and reptiles (Table 1). Model-averaged 95%
confidence intervals of parameter estimates (β) for these variables
also did not include zero. Max-precipitation was important for
both mammals and birds, and min-precipitation for mammals and
reptiles (Table 1). The predictors above were also contained in highly
supported models (1AICc ≤ 2; Supplementary Tables 14–16).
Range sizes increased (β > 0) with max-temperature and long-term
climate velocity but decreased (β < 0) with min-temperature and
precipitation seasonality for all taxa. Range size also increased
with max-precipitation for mammals and birds, but decreased
with min-precipitation for mammals and reptiles. Other variables,
such as temperature seasonality, range of physiological thermal
limits, clutch/litter size, body mass and continent width had very
low values of relative importance, with 95% confidence intervals
of β encompassing zero for all taxa (Table 1). When the range of
physiological thermal limits was replaced with upper and lower
thermal limits, results were similar, with continent width becoming
important for mammals (Supplementary Tables 17–19).
As species ranges were imperfectly known, and these imperfections become less noticeable as the resolution of an analysis
decreases, we repeated the multimodel inference at a coarser resolution (approximately 1◦ × 1◦ at the Equator) to evaluate the generality
of the relative importance of each predictor at different resolutions.
The main results were similar, but flight ability and continent width
were also important predictors for mammals, and max-precipitation
and body mass for reptiles (Supplementary Tables 20–25).
We compared our results with PGLS null models that included
climate variables and continent width from random ranges across
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Figure 2 | Scatter plots between log-transformed range size and four predictors for each taxon in fine resolution. a–c, Precipitation seasonality.
d–f, Maximum temperature. g–i, Minimum temperature. j–l, Log-transformed long-term climate velocity. The black line demonstrates the general tendency
fitting with a LOWESS smoother that used locally weighted polynomial regression (implemented in R using the lowess function in the stats package with a
smoother span of 2/3).

each species (Methods) to test whether our results are statistical
artefacts15 . The relationship (r 2 ) between range size and each
of the important observed predictors was stronger than those
of null models (Supplementary Tables 26 and 27). Furthermore,
the relationship between range size and important observed
predictors together for each taxon was stronger than expected by
chance (Supplementary Tables 28 and 29), indicating that these
relationships were robust. Figure 2 shows the relationships between
range size and important observed predictors for mammals, birds
and reptiles.
Our study provides evidence for effects of current climate, longterm climate velocity and topographic heterogeneity on the range
500

size of terrestrial vertebrates at a global scale. A species’ range size
increases as it experiences greater monthly extremes of maximum
and minimum temperatures at any location within its range or
if it occurs in areas with higher long-term climate velocity and
lower topographic heterogeneity or lower precipitation seasonality.
Some expected climate extremes (for example, expected maxprecipitation) are also important for range size (Table 1), suggesting
that a sampling effect indeed exists in the climate extremes.
There is no consensus on the generality of physiological thermal
limits in shaping the distribution of species among taxa8,16–18 .
Consistent weak evidence for effects of physiological thermal
limits in this study may be due to two reasons. First, many
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mammals, birds and reptiles have thermoregulation behaviours
of using (or building) shade or burrows (for example, thermal
refuges) in heterogeneous habitats to avoid uncomfortably warm
or cool conditions18,19 . Some mammals and birds can elude the
times of daily overheating or cold exposure or seasonally harmful
temperatures using physiological responses such as daily torpor
or hibernation19 , and most of the reptiles can rely on hibernation
to avoid seasonally adverse temperatures18 . These behaviours or
physiological responses may enable the vertebrates to occupy
broader climate niches than their physiological tolerances would
suggest, and are likely to reduce the role of physiological thermal
limits in limiting range size18–20 . For example, terrestrial ectotherms
generally live at higher latitudes than would be predicted by their
cold tolerance alone and overfill their potential ranges at the
poleward boundary because of such behaviours or physiological
responses20 . Second, biotic interactions (for example, competition
and predation pressures) can limit the expansion of terrestrial
vertebrates in their full potential ranges. For instance, ectothermic
vertebrates are generally underfilling their potential low-latitude
range that their upper thermal limits would suggest, owing to the
more complicated biotic interactions towards the Equator20 .
Factors such as temperature and precipitation extremes have
rarely been incorporated in range size studies6,15,21 . After controlling
for the sampling effect in observed climate extremes, we detected
effects of the temperature extremes on range sizes of terrestrial
vertebrates. The observed temperature extremes may reflect species’
thermoregulatory behaviours (such as using thermal refuges in
heterogeneous habitats)18 or physiological responses (such as daily
torpor or hibernation)16 or both to avoid adverse temperatures.
The species with better such abilities are more likely to occupy a
larger range size. An increase in precipitation seasonality may limit
food availability and increase resource bottlenecks22 , and therefore
can reduce range size. Weak evidence for the effect of temperature
seasonality may be due to the fact that the role of temperature
seasonality on range sizes is largely restricted to the regional scales
but has rarely been observed at a global scale21 .
Climate change since the Last Glacial Maximum has been found
to affect the distributions of small-ranged amphibians, mammals
and birds4 . Contrary to previous studies that showed no relationship
between such climate change and range sizes of amphibians21 , we
detected effects of the velocity on range sizes for mammals, birds
and reptiles, consistent with a recent study that revealed velocity
as an important predictor of range sizes for plants23 . Therefore,
effects of long-term climate velocity on range size may be more
general, applying to both vertebrates and plants. Climate velocity is
a complex variable deriving from the temporal and spatial gradient
in temperature (Methods), and contains a part of the effect of
topographic heterogeneity. Disentangling the effect of topographic
heterogeneity from climate velocity is difficult. When included in
models, topographic heterogeneity consistently was an important
predictor in all situations (Supplementary Tables 2–13), suggesting
that it had an effect on range size. Topographically heterogeneous
areas may impose constraints on dispersal, resulting in smaller
range size3,7 .
We found effects of flight ability, body mass and continent width
on range size only for some taxa under some conditions, and the
relative importance of these variables was generally lower (Table 1
and Supplementary Tables 14–25). A positive effect of flight ability
on range sizes of mammals suggests that dispersal ability facilitates
large range sizes9,10,24 . Weak evidence for an effect of flight ability on
range sizes of birds may be because a large proportion of migrant
birds with better dispersal ability have been excluded from the
bird data set owing to high variation in upper and lower thermal
limits measured for these birds13 . As a result, the variations in
flight ability in the data set are very small (Supplementary Table 1),
reducing the explanatory power of flight ability. Effects of body

size or continent width on range size may be different depending
on the taxa or continents studied7,10,23,24 . No effect of clutch/litter
size on range size for the vertebrates is in contrast to a study that
showed a positive relationship between clutch size and range size
for birds10 .
Larger range sizes for birds than for mammals or reptiles might
be partly because birds experience lower minimum temperature
than mammals or experience higher maximum temperature, and
occur in areas with higher long-term climate velocity than reptiles
(Supplementary Tables 30 and 31). However, differences in range
sizes across all biogeographic realms (Fig. 1b) must be interpreted
with caution, as sample sizes for each taxon in some realms
were low.
Although correlative, our comprehensive analyses may yield
the practical recommendation that conservation efforts be focused
on small-range species. Positive relationships between range sizes
and greater temperature extremes for the vertebrates indicate
that species with a narrow thermal niche (for example, low
temperature extremes) have a small range size. These species may
be vulnerable owing to the narrow niche that limits their responses
to climate change. Precipitation seasonality is expected to increase
at higher latitudes in the Northern Hemisphere under climate
change22 . As range size is negatively correlated with precipitation
seasonality, an increase in precipitation variability would decrease
the range size of species in these regions, especially for smallrange species. Therefore, conservation efforts should be focused
on small-range species that experience lower temperature extremes
or occur in regions with increased precipitation variability under
climate change.

Methods
Methods and any associated references are available in the online
version of the paper.
Received 9 March 2015; accepted 9 November 2015;
published online 21 December 2015
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Methods
Species and range sizes. We compiled data on thermal limits and native
geographic distributions for terrestrial vertebrates. We excluded island endemics
and those species that are found in association with human residence, and that lack
data on morphological characters. In total, our data set included 522 species with
information on both upper and lower thermal limits and on native distributions
(Supplementary Tables 32 and 33). We obtained occurrence records for these
species from various databases and literature (Supplementary Table 33). Especially
for the species distributed in China and adjacent territories (which may be
underestimated in the databases above), we reviewed the relevant literature to
collect more records. For those records that had only text descriptions of sampling
sites, we inferred geographic coordinates of their locations using Google Maps
(http://maps.google.com). We removed duplicated records for each species,
excluded points outside their native ranges according to International Union for
Conservation of Nature (IUCN) range maps (http://www.iucn.org) and
checked against the species distribution maps from IUCN. For birds, we excluded
the locations occupied during non-breeding or migration seasons using the
birds’ distribution maps25 . In total, we compiled 3,326,946 localities with an
average of 6,374 localities per species (ranged from 1–389,661 localities;
Supplementary Table 33).
All of the distribution data and the spatial variables mentioned afterwards were
projected onto a Behrmann equal-area cylindrical projection and converted to grid
cells at a fine resolution (approximately 300 × 300 at the Equator). We considered a
species occurring anywhere within a grid cell to be present in that cell. We
calculated the range sizes for each species as the number of occupied grid cells.
Cells for which land comprised <50% of the area were excluded from range size
estimation7 . The native realm of a species was assigned to one of the realms:
Afrotropics, Australasia, Indo-Malay, Nearctic, Neotropics, Oceania and
Palearctic26 , on the basis of the midpoint of its latitudinal and longitudinal range
(Supplementary Table 32).
Predictor variables. On the basis of hypotheses from previous studies, we
developed a set of expectations regarding the relationships of species range sizes
with potential predictor variables (Supplementary Table 34).
Current climate. Six variables were used to describe variations and extremes that a
species experiences. Temperature or precipitation seasonality was calculated as the
average value of the temperature or precipitation seasonality across all grid cells
within a species’ range6 . Seasonality in precipitation was measured as the coefficient
of variation of intra-year monthly precipitation values4,21,23,27 . The coefficient of
variation can be used to characterize only positive data on a ratio scale28 , and could
not be applied for quantifying temperature seasonality because monthly
temperatures are often negative (that is, below zero ◦ C). We measured temperature
seasonality as the standard deviation (s.d.) of intra-year monthly temperatures,
which is widely used in macroecological and biogeographic research4,21,23,27 . Climate
extremes refer to the lowest (or the largest) value of minimum (or maximum)
temperature of the coldest month (the warmest month) at any single grid cell
encompassed by a species range (that is, maximum and minimum temperature),
and the lowest (or largest) value of precipitation of the driest month (or the wettest
month) at any single grid cell encompassed by a species range (that is, minimum
and maximum precipitation)6 . The original data on these factors were downloaded
from WorldClim (1950–2000) (http://www.worldclim.org) with a resolution of 10
arc-minutes29 , and then were aggregated to the present resolution after projection.
Long-term climate velocity. We measured long-term climate changes using climate
change velocity, an index that integrates macroclimate shifts with local topoclimate
gradients4,30 . We obtained the mean annual temperature (MAT) at the Last Glacial
Maximum in 2.5 arc-minutes from WorldClim in two models: CCSM and MIROC.
The current MAT was also obtained from WorldClim at the same resolution. We
calculated the climate change velocity using the method adopted in ref. 4. We
determined the temporal gradient by taking the difference between the current
MAT and the MAT of the Last Glacial Maximum. The spatial gradient was based
on the current MAT by considering the four nearest neighbours. The velocity was
calculated by dividing the temporal gradient by the spatial gradient and aggregated
to the present resolution.
Species traits. We used the range of upper and lower thermal limits as a substitution
of physiological thermal limits. We obtained the upper and lower critical
temperatures for reptiles from ref. 11, and the thermal neutral zone boundaries for
mammals and birds from refs 12,13 (Supplementary Table 32). In addition, we
intensively reviewed the studies that measured physiological thermal limits with
the same standard for Chinese native species, and an additional 16 reptiles, 22 birds
and 4 mammals were obtained (Supplementary Table 32). When the thermal limits
for several subspecies of a species were available, the mean values of the subspecies
were used. We did not include the plasticity of upper and lower thermal limits in
our study as data on these variables are not available for most species11 . For each
species, we obtained data on body mass, clutch/litter size and wingspan from
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online databases or published literature (Supplementary Table 35). We used flight
ability based on wingspan as a measurement of dispersal ability. As the wingspan is
in scale with body mass, for birds and bats, the wingspans were calibrated with
body mass (Wingspan3 /Mass) for controlling the scale effect31 . The flight abilities
were set to zero for the mammals and reptiles without wings.
Geographic factors. We used continental width as the measurement of continent
extent7 . The continent width for a species was calculated as the average length of
horizontal lines between coastlines at the midpoint of all grid cells in the species’
range7 . Topographic heterogeneity was measured using altitudinal range1,32 . We
calculated the range of elevation values found within each grid cell, based on the
WorldClim 1 km DEM. For each species, we calculated the topographic
heterogeneity within that species’ range as the average of these elevational ranges,
giving, for each species, a measure of whether that species occurs primarily in flat
or mountainous areas.
Our measure of within-range topographic heterogeneity is very much like our
measure of within-range temperature seasonality. With temperature seasonality, we
take the within-cell standard deviation (across time) and average it across all range
cells. With topographic heterogeneity, we take the within-cell range (across space)
and average it across all range cells. Thus, they are conceptually similar, but
altitudinal range instead of the standard deviation of altitude is most commonly
used for measuring topographic heterogeneity1,32 , although the two measures are
highly correlated (Pearson’s correlation tests, r > 0.97, P < 0.001 for each taxa).
Statistical analysis. Phylogenetic generalized least-squares regression models. Range
sizes, long-term climate velocity, body mass, clutch/litter size, topographic
heterogeneity, continental width and flight ability were log10 -transformed to
improve linearity. There were weak correlations (r < 0.7 for most pairs of
predictors) among predictor variables (Supplementary Table 36). We tested our
hypotheses by using long-term climate velocity or topographic heterogeneity
separately because they are highly correlated. Long-term climate velocity is derived
from the temporal and spatial gradient in temperature, and is a more complicated
variable, containing part of the effect of topographic heterogeneity. Therefore,
long-term climate velocity is likely to be linked to both climatic stability and
dispersal barriers between similar environments4 . Topographic heterogeneity
mainly affects macroclimate33 , and the effects of topographic heterogeneity are
possibly submerged into effects of some climate factors. Topographic heterogeneity
is correlated with current climate variables (Supplementary Table 36). Velocity
individually explained more variance in range size than topographic heterogeneity
in all situations. For example, velocity explained 29.05%, 44.22% and 33.24% of the
variance (r 2 ) in range size for mammals, birds and reptiles in fine resolution,
separately, whereas heterogeneity explained only 2.38%, 12.14% and 16.90% of the
variance in the same circumstances (Supplementary Tables 2–4 and Supplementary
Tables 14–16). Therefore, we provided the results using long-term climate velocity
in the main manuscript, and attached the results containing topographic
heterogeneity as Supplementary Tables 2–13.
To account for phylogenetic non-independence, we used phylogenetic
generalized least-squares regression models (PGLS) with log-transformed range
size as the response variable and all possible combinations of potential
determinants of range size as predictors. We used the parameter lambda (Pagel’s
lambda) to reflect the phylogenetic covariance between response and explanatory
variables, with zero indicating no phylogenetic signal, and one suggesting a strong
phylogenetic effect that follows Brownian motion perfectly34 . Phylogenetic
information for mammals was obtained from ref. 35, and for birds we used the
supertree provided in ref. 36 based on the Hackett tree. As there is no one
completed phylogenetic tree for reptiles, we built the tree on the basis of various
literature (Supplementary Fig. 2).
Residual spatial autocorrelation in regression models can lead to error in
parameter estimates and biased P values. However, we found no evidence of spatial
residual autocorrelation. There were no differences in the residuals among
biogeographic realms (Supplementary Fig. 3), suggesting that inclusion of realms as
random effects would not improve the parameter estimates of the models.
Controlling for the sampling effect in observed climate extremes. A potential sampling
effect exists in the observed climate extremes: a species with a large range may have
more chances to experience greater climate extremes than a small one simply
because it occupies more grids (for example, more samples). We controlled for this
sampling effect by including the expected climate extremes from the random range
simulations into the predictors in the models. The inclusion of independent
variables between which correlation existed in multiple regressions will generate
unbiased parameter estimates37 .
We generated a random range within the spatial boundaries of the
biogeographic realm(s) that a species actually occupied and based on the range size
of the species using a method of completely random simulation38 . We set the
biogeographic realm(s) that a species actually occupied as constraining boundaries
first, then selected the starting cell at random within the realm(s) and then selected
the second cell in an unoccupied area until the observed range size was reached.
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For each species, we simulated the random range 1,000 times, and calculated the
expected extremes. Owing to the lower power of controlling for the sampling effect
in small-range species, we excluded species with <5 grid cells (15 species) from our
data set for the consequent analysis15 .
We did not apply the approach of calculating standardized values ((observed
value—mean of simulated values)/(standard deviation of simulated values)) of the
observed climate extremes to control for the sampling effect because the standard
deviations of the simulated climate extremes would be highly influenced by the
range size. Large range size would always have nearly the same extremes but small
standard deviation, which makes the standardized values very large and unreliable.
The use of a standard value might result in the loss of some information of
observed climate extremes.
The relative importance of predictors. We performed multimodel inference based on
information theory14 to quantify the relative importance of predictors for range
sizes of the terrestrial vertebrates. We ranked the PGLS models based on AICc
(Akaike’s information criterion corrected for small sample sizes), and calculated the
relative importance of each variable by summing Akaike weights over all of the
models that contained that particular variable14 . Model averaging was used to
estimate average parameters from the PGLS regressions. We report the top ten
models based on the lowest AICc values. The models that were within 2 AIC units
(that is, 1AICc ≤ 2) of the top models were considered highly supported models14 .
We conducted all analyses in R version 3.0.3 (ref. 39), using the pgls function in the
caper package40 and the dredge and model.avg functions in the MuMIn package41 .
As the sample bias in records of distribution of species might affect the results
of analysis, and larger resolution might reduce the sample bias, we also performed
the multimodel inference at a coarser resolution (approximately 1◦ × 1◦ at the
Equator) to evaluate the generality of the relative importance of each predictor at
different resolutions.
Comparison with null models. We performed null PGLS models to test whether the
results of model averaging might be statistical artefacts arising by chance15 . We
generated a random range of a given range size within biogeographic realm(s) that
a species actually occupied for each species using a method of completely random
simulation38 (also see Controlling for the sampling effect in observed climate
extremes). Then we performed null PGLS models with range size as the response
variable and with climate variables and continent width obtained from the random
range and other potential factors as predictors. We performed two types of test, one
for each of the important predictors and one for combinations of the important
predictors. We repeated this process 1,000 times for each test. If the r 2 for observed
data was larger than 95% of the 1,000 simulated values (one-tailed), we rejected the
null hypothesis that the relationship between range size and observed variables was
an artefact due to chance (Supplementary Tables 26–29).
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