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Ecography Rapid human population growth has driven conversion of land for uses such as agri-
43: 391-405, 2020 culture, transportation and buildings. The removal of natural vegetation changes local
doi: 10.1111/ecog.04806 climate, with human-dominated land uses often warmer and drier than natural habi-

tats. Yet, it remains an open question whether land-use changes influence the compo-
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atically favour species with distinctive realised climatic niches. We 1) explored the
responses of community-average temperature and precipitation niches to different
types of land use, 2) quantified the abundances of species with distinctive climatic
niches across land uses and 3) tested for differences in emergent patterns in communi-
ties from tropical versus temperate latitudes. We found that, in comparison to species
from undisturbed natural habitats, the average animal found in human-altered habi-
tats lives in areas with higher maximum and lower minimum temperatures and higher
maximum and lower minimum precipitation levels. We further found that tropical
assemblages diverged more strongly than temperate assemblages between natural and
human-altered habitats, possibly because tropical species are more sensitive to climatic
conditions. These results strongly implicate the role of land-use change in favouring
species affiliated with more extreme climatic conditions, thus systematically reshaping
the composition of terrestrial biological assemblages. Our findings have the potential
to inform species’ vulnerability assessments and highlight the importance of preserving
local climate refugia.
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Introduction

Human modification of the Earth’s land surface has accelerated over the last half cen-
tury, leading to rapid ecosystem change over increasingly large spatial extents (Meyer
and Turner I 1992, Millennium Ecosystem Assessment 2005, Steffen et al. 2015). It is
well recognised that land-use change is reshaping biodiversity (Millennium Ecosystem
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Assessment 2005, Pereira et al. 2012). Identifying the key
mechanisms linking land-use change to shifts in biologi-
cal assemblages will support predictions of species loss and
the impacts of future land conversions, and ultimately the
development of more sustainable benefits to humans from
ecosystems (Foley et al. 2005, Haines-Young 2009, van
Vuuren et al. 2012, Titeux et al. 2017).

While land-use change directly alters the available habitat
for species (Millennium Ecosystem Assessment 2005), remov-
ing primary vegetation can also lead to local climatic changes
(Frishkoff et al. 2016). The temperature regimes of croplands,
pastures and (to a lesser extent) plantation forests differ from
primary forests, with increases in temperature often reported
(Senior et al. 2017). Forest canopies can also buffer tem-
perature extremes (Ewers and Banks-Leite 2013), with both
increases in maximum temperatures (hot extremes) and slight
decreases in minimum temperatures (cold extremes) recorded
in non-forested human-disturbed habitats, such as agricul-
tural areas (Alkama and Cescatti 2016, De Frenne et al.
2019). Along with a local warming effect, the variability in
temperature extremes differs between land uses; for example,
day-to-day maximum temperatures are more variable and
thus less predictable in pastures compared to forested habi-
tats (Frishkoff et al. 2015). Further, disturbed habitats may
offer fewer microhabitat refugia compared to primary vegeta-
tion (Gonzdlez del Pliego et al. 2016). Water regimes may
also differ among land uses, with the removal of vegetation
reducing precipitation levels and moisture feedback into the
atmosphere (Savenije 1995, Sampaio et al. 2007). Overall,
human-altered habitats tend to be hotter and drier than
natural, more vegetated habitats (Britter and Hanna 2003,
Frishkoff et al. 2016, Senior et al. 2017). These localised cli-
matic changes are expected to shift the types of species that
can colonise and survive under altered environmental condi-
tions (Frishkoff et al. 2016, Nowakowski et al. 2018).

Tracking climate-related change for entire biological assem-
blages has been achieved by quantifying shifts in the climatic
niches of species found in particular locations (Devictor et al.
2008, Barnagaud et al. 2013, Frishkoff et al. 2015). Here,
climatic niches are referring to the climatic dimensions of a
species’ classic niche sensu Hutchinson (Hutchinson 1957).
Species’ tolerance limits (fundamental climatic niches) have
typically been measured using physiological tolerance assays
in the laboratory (Frishkoff et al. 2015). Such tolerance assays
provide estimates of climatic tolerance limits in the absence
of other environmental factors — although only for species
that can survive in artificial laboratory conditions — and
return thresholds that may be decoupled from population
shifts in nature (Mitchell et al. 2018). By contrast, realised
climatic niches (the range of environmental conditions occu-
pied in nature; HilleRisLambers et al. 2013) are estimated
from observed species” distributions (Barnagaud et al. 2013).
Realised niches are also influenced by non-abiotic factors
and consequently may not capture species’ true climatic lim-
its (Aragjo et al. 2013, HilleRisLambers et al. 2013). For
example, species’ realised climatic niches may also partially
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be a product of the spatial (and thus climatic) distribution
of their critical habitats (Barnagaud et al. 2012, 2013).
However, realised niches are often the only feasible measures
of climatic tolerances for the majority of species. The combi-
nation of realised climatic niche estimates with species assem-
blage data has emerged as a key tool to quantify the effects
of climatic changes on the composition of whole assemblages
(Oliver et al. 2017).

A few studies have started to explore whether local changes
in environmental conditions are driving systematic changes
in ecological assemblage composition. Lower forest cover and
deforestation of primary forest to non-forest land uses have
been shown to favour vertebrate species inhabiting (realised
niche) or tolerant of (fundamental niche) warmer conditions
(when comparing both average and maximum temperatures;
e.g. French birds, Barnagaud et al. 2013; Costa Rican and
Columbian ectothermic vertebrates, Frishkoff et al. 2015,
Nowakowski et al. 2018). Vegetation removal can also select
species relatively tolerant of drier climates, and thus with
drier realised precipitation niches (e.g. Costa Rican birds,
Frishkoff et al. 2016; insects, Menke et al. 2011, Piano et al.
2017). Animals in human-altered sites may also have to be
tolerant of greater climatic variation, due to changes in veg-
etation structure, subsequent potential loss of climate-buf-
ering microhabitats and greater variation in temperatures in
some human-disturbed land uses compared to natural habi-
tats (Frishkoff et al. 2015, Gonzdlez del Pliego et al. 2016).
Indeed, the average breadth of climatic niches within spe-
cies assemblages can be wider in urban compared to non-
urban (rural or forest) assemblages (Barnagaud et al. 2012,
Piano et al. 2017). Very few studies have considered how
both maximum and minimum extremes of climatic condi-
tions, and variability in exposure to extremes, may impact
assemblages in disturbed habitats.

One key question is whether tropical and temperate assem-
blages will display similar responses to the altered climatic
conditions in disturbed habitats. Evidence from a wide range
of studies indicate that tropical species are more sensitive to
climate and land-use change than their temperate counter-
parts, possibly because they have evolved in a climate that
has been relatively stable since the Holocene (Janzen 1967,
Corlett 2011, Newbold et al. 2016, Pacifici et al. 2017).
Many species in the tropics are also exposed to temperatures
that are closer to their upper thermal tolerance limits, lead-
ing to the expectation that tropical species will be relatively
sensitive to warming and the removal of thermal refugia
(Deutsch et al. 2008, Khaliq et al. 2014, Sunday et al. 2014).
Whether the effects of land use on the climatic niche proper-
ties of assemblages differ geographically has not previously
been tested. We predict that there will be larger effects of land
use on the climatic properties of assemblages at tropical com-
pared to temperate latitudes.

In this study, we test whether the local climatic changes
associated with human-altered land uses lead to predictable
changes in the structure of entire ecological assemblages.
We take advantage of the global scope of our data to test the



prediction that effects will be stronger at tropical compared to
temperate latitudes. We also predict that human-altered habi-
tats will host species able to tolerate a wider range of climatic
conditions. Further, to attribute assemblage-level changes to
the contributions of different species, we investigate whether
the abundances of species with different climatic niches vary
systematically with land use. We predicte that species affiliated
with warmer-than-average temperatures, drier-than-average
precipitation levels and greater-than-average range-wide varia-
tion in both temperature and precipitation conditions will be
the least negatively affected by human-altered habitats.

Methods

Abundance and land use data

Data representing the assemblage composition of terrestrial
vertebrates in different land uses were acquired from the
PREDICTS (Projecting Responses of Ecological Diversity In
Changing Terrestrial Systems) Project database (Hudson et al.
2016, 2017). The PREDICTS database combines data from
studies worldwide that compared ecological assemblages
under different levels of land use (Hudson et al. 2014). We
focus on terrestrial vertebrates because there is reasonably
comprehensive species distribution information available for
these taxa, which makes the estimation of their realised cli-
matic niches possible. The subset of PREDICTS data that
have abundance records for vertebrate assemblages are from
146 studies (6948 assemblages), representing 4147 species
(527 mammals, 2941 birds, 317 reptiles and 362 amphibi-
ans). The PREDICTS Project database is hierarchically struc-
tured: it consists of data from original source publications,
each containing one or more studies (studies within a single
source are divided if sampling methods differ), which may
themselves be split into spatial blocks of individual sampled
sites (publication > study > block > site; Hudson et al. 2014).

The PREDICTS Project team assigned a predominant
land-use category to each site within each study, based on
the description of the habitat given in the original source
publication, classified against a detailed set of criteria
(Hudson et al. 2014, Supplementary material Appendix
1 Table Al). Land-use categories considered in the present
study were: 1) primary vegetation (natural vegetation, no evi-
dence of past destruction), secondary vegetation (natural veg-
etation recovering from destruction), split into two groups,
2) young secondary vegetation (sites that have not had long
to recover) and 3) advanced secondary vegetation (included
intermediate and mature secondary vegetation from the
PREDICTS Project database i.e. sites that have been recov-
ering for longer), 4) plantations (e.g. timber/fruit/coffee/
oil-palm or rubber plantations), 5) croplands (areas used to
cultivate herbaceous crops, including for animal feed) and 6)
pastures (land on which livestock are grazed). Even though
the land-use classification is coarse and somewhat subjective,
a repeatability study showed classifications to be reasonably
consistent (reported in Hudson et al. 2014).

Distribution data

Species’ distributions (extent of occurrence maps) were used
to estimate species’ realised climatic niches (from here referred
to as ‘climatic niches’). The extent of occurrence maps for
terrestrial mammals, amphibians and reptiles were acquired
from the International Union for Conservation of Nature
(IUCN 2016) and for birds from BirdLife International
(2012). Since we were interested in the full extent of spe-
cies’ natural ranges, we included all parts of the geographic
range where the species occurrence status was considered to
be extant, probably extant, possibly extinct or extinct (post
1500); and we included areas where the species is thought to
be resident or present in the breeding or non-breeding sea-
sons. Specifically, we excluded areas where the species is pos-
sibly extant, its presence is uncertain or is vagrant, and areas
that are used for relatively short periods of the year as passages
during migration or if the seasonal occurrence is uncertain.
The range maps for birds followed the same coding scheme
as those provided by IUCN. The original polygon maps
were rasterised to an equal-area grid (500X 500 m per pixel;
WGS 1984 Cylindrical Equal Area projection). We selected
this resolution as a compromise between the compurtational
limitations of small spatial grains and the need to include
as many very-narrow-ranged species as possible. For species
with known elevational limits (number of species with only
upper limit known =2264, lower limit known =9, both lim-
its known = 694; IUCN 2016, BirdLife International 2018),
distribution maps were cut by these limits (which is stan-
dard practice when estimating species’ extent-of-occurrence;
Jetz et al. 2007).

We required data for a wide range of species over the global
terrestrial area, for which no better maps exist (Herkt et al.
2017). Our analyses (which did not predict into unsampled
space or time) required a quantitative estimate of the relative
(across species) means and range-wide variation in climatic
conditions with which each species was affiliated. Expert
drawn species distribution maps tend to underestimate spe-
cies’ extent-of-occurrence, but overestimate species occupancy
(Herke et al. 2017). Therefore, we tested the robustness of
our realised climatic niche estimates by comparing our main
results to results using climatic niches derived from occur-
rence records in the Global Biodiversity Information Facility
(GBIE, <www.gbif.org>), which provides information on
area of occupancy (see Supplementary material Appendix 2
for details on how we acquired realised niche estimates from
GBIF data). Since GBIF occurrence records have strong geo-
graphic and taxonomic biases (Meyer et al. 2015), we focus
on the results using the IUCN and BirdLife International
maps in the main text.

Climatic data

We acquired estimates of climate from WorldClim ver.
1.4 (Hijmans et al. 2005), at a 30-arc-second resolution
(0.86km? at the equator). These estimates represent averages
for the period 1960-1990. The raw estimates were resampled

393



to a 500-m equal-area projection (WGS 1984 Cylindrical
Equal Area) using bilinear interpolation to match species’ dis-
tribution data, following previous studies (Khaliq et al. 2017,
Newbold 2018). In our analysis, we focused on four cli-
matic variables: maximum temperature of the hottest month
(T_.), minimum temperature of the coldest month (T ;)
and precipitation of the wettest (Pp,) and driest (Pp,,,)
months. Variables describing climatic extremes are suggested
to be more appropriate than averages for explaining spe-
cies’ distribution and responses to environmental pressures
(Zimmermann et al. 2009, Aratjo et al. 2011, Mantyka-
Pringle et al. 2012).

Species-level climatic niche

We quantified the extremes and variation across species” dis-
tributions of each of the four climatic variables. We did this
by overlaying distribution maps onto climate data and cal-
culating the maximum (for T, and Pp,_) or minimum (for
T .. and Pp_. ) and standard deviation (Frishkoff et al. 2016)
of each climatic variable for each species (ArcGIS 10.4; ESRI
2015). We use the term ‘range-wide variation’ to reflect the
breadth of recorded climatic extremes across a species’ distri-
bution. Estimates of climatic niche properties were available
for 3606 species (448 mammals, 2709 birds, 121 reptiles and
328 amphibians), from 6123 assemblages (140 studies across
47 countries, see Supplementary material Appendix 3 Fig.
A4, Table A3 for the spatial extent sampled). Consequently,
for each species we calculated eight climatic niche proper-
ties: their T, maximum value and range-wide variation, T
minimum value and range-wide variation, Pp,  maximum
value and range-wide variation and Pp_; minimum value
and range-wide variation.

Community-level metrics

For each species assemblage, we calculated community
weighted means (CWMs) of species-level climatic extremes
and range-wide variation for each climatic niche property.
CWNMs are calculated by finding the average of each spe-
cies’ climatic niche property across all species in an assem-
blage, weighted by species’ abundance (Jiguet et al. 2011,
Oliver et al. 2017). As an example, higher CWM values for
maximum T (denoted by CWM(maxT, )) signifies com-
munities with higher proportions of individuals of species
found in areas with relatively higher maximum temperatures.
At the other end of the spectrum, lower CWM values for
minimum T (CWM(minT ,)) reflects communities with
higher proportions of individuals of species affiliated with
lower minimum temperatures. We use CWM(maxPp, )
and CWM(minPp,_, ) to refer to the community weighted
means for maximum Pp__ and minimum Pp,_ , respectively.
Similarly, communities with higher CWM T range-wide
variation are composed of higher proportions of individu-
als of species that occupy areas experiencing a larger range
of maximum temperatures. Further, we produced CWMs
unweighted by species abundance (i.e. average for a species
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within a community, Supplementary material Appendix 4)
to check that weighting by abundance did not affect our
results. We also calculated the correlations between the
community-average climatic niche properties to see whether
changes in these properties across land uses may be linked
(Supplementary material Appendix 5). In addition, to
explore the potential influence of outliers on CWMs, we also
a) produced community weighted medians (i.e. the median
value of each species’ climatic extreme and variation across all
species in an assemblage, weighted by species’ abundance),
and b) produced CWMss after excluding the upper and lower
2.5% of species-level climatic extremes and range-wide varia-
tion values.

Changes in community-level metrics allow us to gain an
overall impression of changes in the structure of ecological
assemblages. However, community change is multi-dimen-
sional, and the same numerical responses can be underpinned
by different responses of species with distinctive climatic
niches, representing alternative mechanisms of change. For
instance, having a greater proportion of individuals from
species affiliated with warmer maximum temperatures and/
or fewer individuals from species affiliated with colder
maximum temperatures could both contribute to higher
CWM(maxT,_ ) values (Jiguet et al. 2011). Whether a spe-
cies has higher or lower abundances in certain land-use types
also likely depends on the breadth of climatic conditions they
are able to tolerate. Thus, we explored how differences in the
abundance of species groups with different climatic niche
properties contribute to changes in community-level prop-
erties. To do so, we investigated the response to land use of
species with different climatic niches (climatic extremes and
range-wide variation). For this analysis, due to the predic-
tion that responses to land use will differ between geographic
zones, assemblages at tropical and temperate latitudes were
analysed separately. Species within each assemblage were split
a) into four groups around the within-study medians of the
T, .. maximum and range-wide variation and then, separately,
b) into four groups based on Pp_, minimum and range-wide
variation (Supplementary material Appendix 6 Table A5,
A6). We focused on T and Pp,,, for this analysis because
the differences in CWMs across land uses were strongest for
these climatic variables.

Migratory species can move to avoid certain climatic con-
ditions (Robinson et al. 2009), which may bias our results.
Therefore, we also compared community-average realised
climatic niche properties with and without the inclusion of
migratory birds (migratory status acquired from BirdLife
International 2018).

Covariates

We considered three additional covariates that may influence
community-level climatic metrics (Frishkoff et al. 2015). In
all models, we considered a site’s 1) elevation and 2) climate
(matching the variable used to calculate the CWM, e.g. T for

CWM(maxT,_)). Measures of these two covariates from each
site were acquired from WorldClim ver. 1.4 (Hijmans et al.



2005). Species’ range size influences sensitivity to land use
(Newbold et al. 2018), an effect that may be independent of
range-wide climatic variation, with which it is often strongly
correlated (Supplementary material Appendix 7 Table A7).
Therefore, we also considered 3) community-average range
size as a potential covariate in models of CWM range-wide
climatic variation. The community-average range sizes (com-
munity weighted means) were presented in Newbold et al.
(2018) and published alongside the paper (doi: 10.6084/
m9.figshare.7262732). The estimates were based on the same
species’ distribution maps as described above. The polygon
maps were first projected onto an equal-area grid using the
Project_management function, and the area of each poly-
gon calculated using the CalculateAreas_stats function, in
ArcGIS 10.4 (ESRI 2015). The areas of the polygons were
then summed to estimate the total range area of each spe-
cies, before a community weighted mean was calculated,
weighted by abundance (Newbold et al. 2018). CWM range
sizes were unobtainable for 18.7% of assemblages, so these
assemblages were excluded in range-wide climatic variation
analyses, leaving 4977 assemblages composed of 3415 species
(394 mammals, 2649 birds, 74 reptiles and 298 amphibians).
Packages in R 3.4.0 (R Core Team) used for data-handling
and geospatial operations included ‘plyr’ v.1.8.4 (Wickham
2011), ‘raster’ v.2.5.8 (Hijmans 2016), ‘rredlist’ v.0.5.0
(Chamberlain 2018) and ‘sp’ v.1.2.5 (Pebesma and Bivand
2005, Bivand et al. 2013).

Statistical analyses

We used linear mixed-effects models to test for differences
across land uses in 1) community-average climatic extremes,
2) community-average range-wide climatic variation (Table 1)
and 3) abundances of species groups with different climatic
niches. Models were produced in R 3.4.0 (R Core Team),
using the package lme4’ v.1.1.17 (Bates et al. 2015). Below
we explain which fixed effects, random effects and covariates
were included in each model (see Table 2 for further details).

Table 1. The number of vertebrate assemblages from the PREDICTS
Project database within each land use included in the analyses
looking at differences in community-average climatic extremes
(and, in parentheses, range-wide variation). For definitions of land-
use types, see Supplementary material Appendix 1 Table A1 and
Hudson et al. (2014).

Geographic zone

Land use Tropical Temperate

Primary vegetation 1369 (1123) 774 (587)

Advanced secondary 504 (363) 84 (75)
vegetation (ASV)

Young secondary 301 (269) 156 (150)
vegetation (YSV)

Plantation 865 (622) 270 (246)

Cropland 439 (355) 485 (458)

Pasture 564 (435) 291 (273)

Total 4042 (3167) 2060 (1789)

Community-average climatic extremes and range-wide
variation

To explore how community-average climatic niches differed
across land uses, we produced a set of eight models (one
model for each climatic niche property: CWM(maxT, ),
CWM(minT ), CWM(maxPp, ), CWM(minPp,,),
CWM range-wide variationinT,_, . Pp ) Welog(x+1)
transformed CWM(maxPp,,) and CWM(minPp, ). We
selected fixed effects using backwards stepwise model simpli-
fication (with the models fitted using maximum likelihood;
Zuur et al. 2009). Land use, geographic zone (tropical or
temperate), and the interaction of zone with land use were
always included as categorical fixed effects. Sites were clas-
sified as “Tropical’ if located between 23.44°N and 23.44°S,
and “Temperate’ if located between the tropics and Arctic or
Antarctic Circle (thus including boreal habitats between 50
and 60°N, as there were not enough data to classify them
separately). The site’s elevation and the value of the climatic
variable in question at each site were added as continuous
covariates into the backwards stepwise model simplifica-
tion. We set a threshold for excluding correlated covariates
at |[r] > 0.5 (recommended for mixed-effects models by
Harrison et al. 2018); if the correlation between elevation
and the value of the climatic variable in question at each
site were above this threshold, the climatic variable was
kept preferentially, as it likely had a more direct influence
on communities. For CWM range-wide climatic variation,
we also included CWM range size (Newbold et al. 2018) as
a continuous covariate into the backwards stepwise model
simplification. Within all models we also included a nested
random-intercept term for study identity (to account for
non-random structure in the response data due to study-
dependent differences, e.g. sampling methods) and for the
spatial ‘blocks’ of sampled sites within studies. We did not
include random slopes in our models (i.e. to let the effect
of land use vary across studies) due to convergence issues,
which were likely caused by the unbalanced sampling of land
uses among studies. However, despite the convergence issues,
the results for models with random slopes (not shown) were
quantitatively very similar. Further, CWMs may be prone to
type I errors (Miller et al. 2019); so, for each CWM model,
we also used a null model approach to further test the sig-
nificance of our observed results. To produce null models, we
randomly shuffled species-level climatic affiliations between
species within each study (we randomised within studies
because of the hierarchical structure and global spread of the
PREDICTS dataset; Cornwell and Ackerly 2010, Yang et al.
2012). For each CWM model, 999 randomisations were
produced. We then compared our observed results to those
produced from the null models using the randomised datas-
ets, with results classed as significant if they were outside the
lower 2.5th or upper 97.5th percentile of the null model (i.e.
a two-tailed test).

Ambient conditions affect endothermic and ectothermic
vertebrates differently, due to their distinctive physiologies
(Deutsch et al. 2008, McNab 2012, Frishkoff et al. 2016,
Senior et al. 2017); therefore, we also produced a separate
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Table 2. The fixed effects, covariates and random effects considered for each model (denoted by X). The response variables were either
community-average (community weighted mean, CWM) climatic extremes (maximum or minimum) or range-wide variation in one of the
climatic variables considered (maximum temperature of the hottest month, T ; minimum temperature of the coldest month, T, ; precipita-
tion of the wettest month, Pp,..; precipitation of the driest month, Pp,;.), or the abundance of a species’ group. Fixed effects included land-
use type (LU; this effect was included in every model), geographic zone (GZ; tropical versus temperate latitudes) and the interaction
between the two (LUxGZ). Covariates included a site’s elevation (though this was excluded from models focused on T, ), the value of the
climatic variable in question at the site (CV) and community-average range size (Range). The fixed effects and covariates were selected using
backwards stepwise model simplification. The random effects included study identity (to account for differences between studies in sam-
pling methods and response variables) and spatial block (to account for the spatial structure of sites sampled within each study).

Fixed effects

(categorical) Covariates (continuous) Random effects (nested)

Study Spatial

Model Response variable LU GZ LUxXGZ Elevation CV  Range identity block
Geographic CWM(maxT,,,) X X X X X X

zone
CWM(minT,,) X X X X X X X
CWM(maxPp,,.,) or (minPp, ;) X X X X X X X
(log(x + 1) transformed)
Variation in T, X X X X X X X
Variation in T, /Pp,../PPmin X X X X X X X X
Abundance Abundance of the species’ X X (although X X X
models group (log(x+1) excluded inT,,,
transformed) and tropical

Pp,... models)

set of models comparing the response to land use of commu-  (Barnagaud etal. 2012,2013). As a result, any observed differ-
nity-average climatic niche properties for these two groups.  ences in niche properties among land uses may simply reflect
The methods, results and a discussion of these analyses can  differences in the occurrence of habitat specialists (forest spe-
be found in the Supplementary material Appendix 8 Table cialists in particular due to forest canopies buffering climatic

A8-A1l1, Fig. AG. extremes; De Frenne et al. 2019). To check whether this was
the case, we explored the influence of habitat specialisation
Abundances of species groups with different climatic niches on climatic niche differences across land uses. We first com-

In our abundance models we log(x + 1) transformed the abun-  pared species-level climatic niche properties with an index
dance measures. We chose this transformation because many  of species-level habitat breadth, and then compared species-
different types of abundance measure (including non-integer  level climatic niche properties between forest specialists and
measures) were included in the database, and so values did  non forest-specialists (Supplementary material Appendix 10).
not conform to a Poisson distribution. Land use (categorical  Finally, we ran two sets of models to compare the responses to
fixed effect), the site’s elevation and the value of the climatic  land use in community-average climatic metrics when forest
variable in question at each site (continuous fixed effects)  specialist species were included and excluded from analyses.
were considered in a backwards stepwise model simplifica-  See Supplementary material Appendix 10 for further details
tion as above (using the same method for excluding highly  of these tests.

correlated covariates). As in the previous models, we included

a nested random-intercept term for study identity and spatial

block. In these models, advanced and young secondary veg-  Results

etation categories were grouped to become ‘secondary vegeta-

tion’ to ensure all land-use categories had data for over 50  Summary of results

assemblages in each model.

For all models, we tested the statistical significance of ~Community-average climatic niche properties varied both
fixed effects using likelihood ratio tests (Zuur et al. 2009).  across land uses and between geographic zones (Table 3,
To test the main effects, we removed all interaction terms. ~ Fig. 1). In comparison to primary vegetation, assemblages in
For the models' final structures, see Supplementary mate- human-altered habitats were composed, on average, of spe-
rial Appendix 9 Table A12. We used Moran’s I tests to check ~ cies affiliated with higher maximum and lower minimum
for spatial autocorrelation in the residuals of each individual ~ temperatures and higher maximum and lower minimum pre-

study (Newbold et al. 2015). cipitation levels, and generally wider range-wide variation in
T, .. (the effect of land use for all climatic niche properties,
Habitat specialisation p<0.001; Fig. 1). Differences in climatic niche properties

of assemblages relative to primary vegetation were generally
Species’ climatic niches may also partially be a product of the  larger within the tropics (Fig. 1). These results appear to be
spatial (and thus climatic) distribution of their critical habitats ~ driven by human-disturbed land uses having both higher
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Table 3. The range (and mean in parentheses) of community weighted means (CWM) for each climatic niche property across land uses and
within each geographic zone. The climatic niche properties included the CWM of the climatic extreme (maximum or minimum) and range-

wide variation in maximum temperature of the hottest month (T,

max)/

minimum temperature of the coldest month (T,

precipitation of the

mln)/

wettest month (Pp,..) and precipitation of the driest month (Pp,,). ASV and YSV denote advanced and young secondary vegetation,

respectively.

Community weighted means

MaxT,.., Max Pp,.. MinPp.. T, variation Toin PP PP
(°O) Min T, (°C) (mm) (mm) (°O) variation (°C) variation (mm) variation (mm)
Land-use type

Primary 24.7-47.3 -57.0to 112-2901 0-54.8 0.7-8.0 0.7-16.4 9.6-482.4 1.5-108.6
vegetation (38.3) 18.8 (-5.9) (942.4) (1.8) (3.1 (5.0 (88.3) (26.5)

ASV 29.0-47.4 —49.3 to 253-2901 0-103.3 0.7-6.5 0.9-14.0 39.9-446.7 1.7-90.8
(36.9) 15.6 (—1.3) (1100.3) (5.2) (2.8) 4.3) (97.5) (37.7)

YSV 30.3-48.6 -55.0to 170-2901 0-49.0 1.1-7.2 1.1-15.6 9.6-188.3 1.0-74.0
(38.7) 15.1 (-8.4) (1030.5) (1.6) (3.3) (5.4) (85.4) (21.5)

Planation 24.4-48.9 -47.0to 271-2901 0-53.0 0.6-6.9 0.6-16.2 13.9-212.4 5.2-118.9
(37.6) 19.9 (-3.5) (999.5) (3.5) (3.1 (4.8) (89.6) (31.8)

Cropland 27.7-49.0 -57.0to 271-2901 0-8.9 1.4-6.9 1.5-19.0 27.1-381.3 4.4-95.4
(40.8) 15.4 (-16.5) (1112.6) (0.3) (4.0) (7.3) (85.7) (25.0)

Pasture 26.5-48.9 -57.0to 231-2901 0-10.5 0.8-8.3 1.0-21.6 28.3-177.8 1.0-141.9
(39.7) 15.7 (=9.9) (981.6) (0.4) (3.5) (6.0) (86.3) (24.5)

Geographic zone

Tropical 24.4-46.8 -57.0to 170-2901 0-103.3 0.6-6.9 0.6-19.0 9.6-188.3 1.0-141.9
(37.4) 19.9 (1.5) (949.7) (2.8) (2.6) (3.6) (91.9) (30.0)

Temperate 25.9-49.0 -57.0to 112-2901 0-33.0 1.0-8.0 1.1-16.2 18.5-210.5 2.8-69.2
(40.9) 11.0 (-24.5) (1114.5) (0.6) (4.5) (8.7) (82.5) (23.1)

abundances of some species (as predicted, those inhabiting
areas with higher maximum temperatures, lower minimum
precipitation levels, and a broader range of climate condi-
tions) and lower abundances of others (those inhabiting areas
with lower maximum temperatures, higher minimum pre-
cipitation levels, and a narrower range of climatic conditions;
Fig. 2, 3).

Our findings were robust to several possible confound-
ing issues. First, very small differences were observed
between community-average climatic niche properties pro-
duced with and without migratory bird species included
(Supplementary material Appendix 11 Table A20, BirdLife
International 2018), so migratory species were included in
the analyses. Second, using a null model approach provided
additional support for our results relating to community-
average climatic extreme affiliations, with the majority of
observed results found to be significant using a two-tailed
test (Fig. 1). However, fewer observed community-average
range-wide climatic variation results were significandly differ-
ent in comparison to null expectations (Fig. 1), thus we urge
caution when interpreting these results. Third, when using
occurrence data from GBIF, the results were generally quali-
tatively and quantitatively very similar to those presented
in the main text (Supplementary material Appendix 2 Fig.
A1-A3). Fourth, correlations among community-average cli-
matic niche properties were generally low, though a few (e.g.
between CWM T range-wide variation, CWM T . range-
wide variation and CWM(minT,)) were more highly corre-
lated (Supplementary material Appendix 5 Table A4). Fifth,
correlations between species-level climatic niche properties

and habitat breadth were all low (|r| < 0.41). Although there

were some differences observed between species-level climatic
niche properties for species classed as forest versus non forest-
specialists (Supplementary material Appendix 10 Fig. A7),
the results from models including and excluding forest spe-
cialists were also qualitatively and quantitatively very similar
(Supplementary material Appendix 10 Fig. A8, A9). Finally,
using community weighted medians or CWMs that excluded
the upper and lower 2.5% of species-level climatic affiliations
both produced qualitatively and quantitatively very similar
results to models produced using CWMs that included all
species (results not shown), from this we are confident that
our results are not being driven by outliers.

Community-level climatic properties

Overall (with the exception of temperate plantations),
CWM(maxT, ) was higher in human-disturbed land uses
than primary vegetation, with larger differences relative to pri-
mary vegetation in tropical croplands and pastures compared
to these same habitats at temperate latitudes (for all commu-
nity-average climatic niche properties, land use by geographic
zone interaction effect, p<0.015; Fig. 1). CWM(minT ;)
was consistently lower in human-disturbed land uses than
primary vegetation. Differences in land-use responses
between tropical and temperate assemblages were smaller
than for CWM(maxT, ), but the interaction remained sig-
nificant (p<0.001). Interestingly, the difference between
CWM(minT ) in young secondary vegetation compared
to primary vegetation was much larger at temperate com-
pared to tropical latitudes. There were inconsistent (although

significant) geographic differences in community-average
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Figure 1. Geographic variation (tropical versus temperate latitudes) in modelled differences across land uses in community weighted mean
(CWM) maximum (max, a, ¢) or minimum (min, e, g) and range-wide variation (b, d, £, h) in maximum temperature of the hottest month
(a, b), minimum temperature of the coldest month (c, d), precipitation of the wettest month (e, f) and precipitation of the driest month
(g, h). All values are relative to assemblages within primary vegetation (dotted line). Error bars show 95% confidence intervals. ASV and
YSV denote advanced and young secondary vegetation, respectively. Transformed values were back-transformed from the log-scale used for
analysis before plotting. A star (*) or dot (m) above values indicates that the result was significant when compared against null models in a
two-tailed or one-tailed test, respectively.
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Figure 3. The total abundance of species with different precipitation niches (Pp,,.) at tropical (a—d) and temperate (e~h) latitudes across
human-altered land uses, relative to assemblages within primary vegetation (dotted line). Species groups differ in the range-wide variation
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Error bars show 95% confidence intervals; SV denotes secondary vegetation (consisting of the young and advanced secondary vegetation
land use categories). Values were back-transformed from the log-scale used for analysis before plotting. N.S. denotes that the effect of land
use was not significant within that species group.
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thermal range-wide variation across land uses. It is impor-
tant to note that CWM(minT,, ) and CWM(T,  range-wide
variation) values were relatively highly negatively correlated
(Supplementary material Appendix 5 Table A4), which hin-
ders our ability to separate their relative importance.

CWMs were generally higher for maximum Pp_ and
lower for minimum Pp , in human-altered land uses
compared to primary vegetation across both geographic
zones. In most cases, differences in CWM(maxPp, ) and
CWM(minPp, ) values relative to primary vegetation were
larger at tropical compared to temperate latitudes. Tropical-
temperate differences in community-average precipitation
range-wide variation between land uses were not consistent,
but the pattern was similar for both Pp,  and Pp_, , with no
noticeable general difference between primary vegetation and
human-dominated land uses (Fig. 1).

Abundance models

The abundances of species groups across land uses differed
in direction and magnitude depending on the groups’ ther-
mal niche properties (Fig. 2). In the tropics, species with
warmer T maximum values and broader T range-wide
variation had higher abundances relative to primary veg-
etation across human-altered land uses (Fig. 2). Generally,
other species groups had lower abundances in human-altered
land uses. Similar patterns were observed at temperate lati-
tudes, although differences between primary vegetation and
human-altered land uses were generally smaller compared to
tropical latitudes (Fig. 2).

The abundances of species groups across land uses also var-
ied between groups differing in precipitation niches (Fig. 3).
At tropical latitudes, species groups with wetter-than-average
minimum Pp_, values had the lowest abundances within
human-dominated land uses compared to primary vegeta-
tion. Species with narrower- and drier-than-average Pp, .
range-wide variation and minimum values, respectively,
were the only group that had higher abundances in some
human-disturbed land uses compared to primary vegetation.
Differences among species groups were much smaller at tem-
perate latitudes (Fig. 3).

For full statistical results, see Supplementary material
Appendix 9 Table A14, A15. The residuals of the community-
level climatic properties models generally didn’t show signifi-
cant spatial autocorrelation for > 5% of studies (as would
be expected by chance; Supplementary material Appendix 9
Table A16), but did for the abundance models (range across
species groups and climatic variables 0-25% of studies;
Supplementary material Appendix 9 Table A17).

Discussion

Species from assemblages in human-dominated land uses
tend to be affiliated with more extreme climates, on average,
than species found in primary vegetation, especially within
the tropics. This is driven by human-altered land uses having

both higher and lower abundances of species with different
climartic niches. Specifically, assemblages in human-disturbed
land uses were composed of greater proportions of individu-
als of species affiliated with higher maximum temperature
and precipitation and lower minimum temperature and pre-
cipitation. These results enhance our understanding of poten-
tial interactions between land-use and climate change. Both
these major drivers are reshaping communities by selecting
for species with affinities for greater extremes in climate
(Barnagaud et al. 2012, Blois et al. 2013, Tayleur et al. 2016),
suggesting the likelihood of synergistic interactions. This
finding improves our ability to predict how biodiversity will
be reshaped by future climatic changes in a world increas-
ingly dominated by human-disturbed land uses.

Local climatic changes are strong ecological filters,
influencing which individuals benefit or lose out from
land-use change, and ultimately community composi-
tion (Frishkoff et al. 2015). Here, we quantified the effect
of species gains and losses on the structure of whole assem-
blages. A key question is what mechanisms are driving the
patterns we observed? In addition to changes in average
temperatures, land-use change can increase the frequency
of heat waves (Mishra et al. 2015) and extreme cold events
(Medvigy et al. 2012). Unlike in forests, where the buffer-
ing effect of canopies results in warmer minimum and lower
maximum temperatures (Ewers and Banks-Leite 2013), spe-
cies in human-dominated land uses may not have access to
the microhabitats required to avoid extreme heat and cold
exposure (Kearney et al. 2009, McNab 2012, Sunday et al.
2014). Our results highlight that human-dominated land
uses may be particularly problematic for cold-affiliated spe-
cies if they cannot tolerate or avoid the warmer temperatures,
and for warm-adapted specialists if they cannot tolerate or
avoid extreme cold events.

Human-dominated land uses also favoured species affili-
ated with greater extremes of precipitation. This effect on com-
munity composition may be a consequence of direct and/or
indirect effects of local climatic changes resulting from land-
use change on biodiversity (Frishkoff et al. 2016, Ogilvie et al.
2017). Directly, changes may favour species that can toler-
ate the new, drier climate (Frishkoff et al. 2016). Indirectly,
the drier climatic conditions may favour vegetation that is
characteristic of more arid climates, subsequently favouring
species better able to exploit this vegetation (Frishkoff et al.
2016). However, our finding that communities, on average,
were affiliated with higher maximum precipitation levels in
human-altered land uses was surprising, and the mechanisms
underlying this trend warrant further exploration. Such an
effect may arise due to differences in moisture levels, which
are linked to land-use type and precipitation (Fu et al. 2003),
and may impact species’ abilities to survive in certain land uses.
Although, the links between land use, precipitation and mois-
ture levels are complex due to the multitude of other factors
that can influence moisture availability, such as topography,
soil properties (e.g. particle size), and the plant species growing
(Fu et al. 2003). Another unexpected result was that species
with drier- and narrower-than-average Pp . minimum and

401



range-wide variation, respectively, had higher abundances in
tropical croplands. It may be that species’ experiencing nar-
rower variation in minimum local precipitation levels are bet-
ter able to cope with drier climates, and thus able to persist and
even increase in abundance after land conversion (providing
they can tolerate the other changes that occur). Although we
are cautious in interpreting this result, as it is only observed
in tropical croplands, it highlights the complexities underlying
responses to precipitation changes. Nevertheless, our findings
implicate a potentially important effect of changes in local pre-
cipitation regimes on terrestrial vertebrates.

Biogeographic histories may also have a role in climatic
niche differences across land uses, with species’ realised niches
arising from the spatial and climatic distribution of their hab-
itats (Barnagaud et al. 2013). Consequently, shifts towards
species that can tolerate greater extremes of climate in human-
altered land uses could be explained by losses of forest special-
ists, which may coincidentally have climatic niches that do
not encompass these extremes (Barnagaud et al. 2013, Ewers
and Banks-Leite 2013). However, our habitat breadth index
was not correlated with species’ climatic aflinities, and similar
results were produced when forest specialists were excluded
from models (Supplementary material Appendix 10). So,
although we do not rule out a role of species’ biogeographic
histories, our results are consistent with local climatic dif-
ferences between primary and human-dominated land uses
playing a strong role in the observed patterns.

Assemblages from tropical locations generally displayed
larger differences than temperate assemblages in community-
average climatic niche metrics relative to primary habitats,
particularly in croplands and pastures. There are at least three
potential explanations for this result. First, lower seasonality
in the tropics and greater historical climate stability may ren-
der species more sensitive to environmental changes and the
removal of microhabitats (Janzen 1967, Sunday et al. 2014).
Second, the weaker differences across land uses at temper-
ate latitudes may also be because these species are not living
as close to their warm tolerance thresholds (Deutsch et al.
2008, Kearney et al. 2009), and so can tolerate (or even ben-
efit from) warmer temperatures (Kearney et al. 2009). Third,
the magnitude of temperature increases following conversion
of primary vegetation tend to be less pronounced in northern
latitudes (partly due to the greater effect of snow albedo in
cleared landscapes; Alkama and Cescatti 2016, Findell et al.
2017). Critically, the tropics hold more species, and a greater
relative proportion of these species are presently threatened
compared to higher latitudes (Brook et al. 2008). Regardless
of the mechanism(s), our results add to the growing num-
ber of studies highlighting the vulnerability of the tropics to
global drivers of change (Brook et al. 2008). This is an impor-
tant result, given that both land-use and climate change have
been projected to occur to the greatest extent and soonest
within the tropics (Sala et al. 2000, Pacifici et al. 2017).

Aboveground temperatures in secondary forests are
similar or slightly warmer compared with primary forests
(Senior et al. 2017); thus, secondary vegetation may pro-
vide temporary thermal refugia for migrating species, or
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those living near their thermal tolerance limits and unable to
track climatic changes (Dent and Wright 2009, Senior et al.
2017). Our results partly agree with these expectations, with
the smallest differences in community-average climatic niche
often observed between primary and advanced secondary
vegetation, but not to the degree that other research sug-
gests (particularly within the tropics). Instead, we find that
the thermal niches of species within secondary vegetation can
be distinguished from species found in primary vegetation,
with community-average climatic niches in young secondary
vegetation generally differing more than those in plantations
when compared to primary vegetation.

Despite a prevalent use of distribution maps to describe
species’ realised niches and community weighted means
(CWMs) to quantify changes in the structure of ecologi-
cal assemblages (Barnagaud et al. 2013, Betts et al. 2017,
Khaliq et al. 2017, Allan et al. 2019, Merckx and Van Dyck
2019, DPeters et al. 2019), these methods have potential
pitfalls. First, if a species is tolerant of human-altered land
uses, they may be able to expand their ranges into cooler,
previously uninhabitable climates, by switching habitats and
colonising the warmer human-altered habitat (e.g. along ele-
vational gradients; Frishkoff et al. 2019). If this has happened
historically, before species’ ranges were mapped, calculating
realised thermal niches from current distributions may lead
to a too-low estimate of the minimum temperature that a
species can actually tolerate. However, human-altered land
uses that are unable to buffer temperatures have colder min-
ima compared to natural vegetation (Ewers and Banks-Leite
2013, De Frenne et al. 2019), so even if species do expand
into new areas by colonising human land uses, they may still
face colder extremes. Further work focusing on the propensity
of species to switch habitats along climate gradients and the
climatic difference populations will experience there is a key
future research direction. Second, CWMs have the poten-
tial to have inflated type I error rates (Miller et al. 2019).
However, we are confident in our observations that human-
dominated land uses are favouring species affiliated with
more extreme climates based on multiple lines of evidence.
1) The majority of our results are robust based on compari-
sons to null model expectations and removal of extreme data.
2) We observe consistent patterns in our abundance analyses,
where we do not use CWMs, that in human-altered land uses
species affiliated with lower maximum temperatures or wetter
minimum precipitation levels often have lower abundances
in comparison to primary vegetation than warmer- or drier-
affiliated species. We urge caution however in interpreting
the range-wide variation results, as these were not strongly
supported with respect to null model expectations.

Building a complete understanding of how land use and
climate change interact to apply similar or contrasting pres-
sures is vital to predict biodiversity change accurately (Oliver
and Morecroft 2014). Key future directions for research
include integrating predictions based on fundamental cli-
matic niches (though these are currently not available for the
range of species analysed and are also difficult to estimate in
a way that reflects real-world conditions; see Mitchell et al.



2018) and the comparison of these predictions with results
based on realised tolerances (which may not accurately
reflect physiological climatic tolerances; Aradjo et al. 2013,
Khaliq et al. 2017, Rolland et al. 2018).

Opverall, human-altered habitats favour species affiliated
with higher maximum and lower minimum temperatures
and higher maximum and lower minimum precipitation lev-
els, leading to shifts in community composition (turnover
of species as well as shifts in abundance) between land-use
types, especially within the tropics. These results are likely
due, at least in part, to local climatic changes mediated by
land-use change (either directly or indirectly), which lead
to hotter local climates, changes in precipitation regimes
(Frishkoff et al. 2015) and greater exposure to temperature
extremes (Medvigy et al. 2012). Our results demonstrate
that land-use and climate change favour similar species, espe-
cially in the tropics, which has significant implications for
the future impacts of these drivers of change. We show that
minimum temperature, an often-neglected climate change
variable, appears to have important impacts on community
composition. Understanding the effects of land-use change,
and how land use influences local climate, is key to anticipate
the effects of future environmental change around the globe.
This knowledge can also help us to design appropriate and
effective management schemes to mitigate shifts in local cli-
matic conditions through restoring and incorporating natu-
ral climate refugia into altered landscapes.
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