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are in equilibrium with existing environmental conditions 
(i.e. fill their fundamental niche), and that fundamental 
niches are conserved across space and time (Broennimann 
and Guisan 2008, Pearman et  al. 2008, Elith et  al. 2010, 
Araújo and Peterson 2012). Violation of these assumptions 
is difficult to detect without data on a species’ physiological 
tolerances, morphology, and behaviour (Kearney and Porter 
2009), but can lead to misspecified environmental relation-
ships, resulting in wasted biosecurity resources or failure to 
establish management efforts in high risk areas. Nevertheless, 
the extent to which equilibrium and niche conservatism 
assumptions influence model interpretation depends criti-
cally on the intended use of a model and the conservation 
decisions that it might support (Araújo and Peterson 2012, 
Guisan et al. 2013, Guillera-Arroita et al. 2015).

Realized niche shifts are commonly investigated by  
examining changes in occupied regions of environmental 
space, or by testing how well ENMs parameterized on a 
species’ native range can predict its invaded range (Guisan 
et al. 2014). Realized niche shifts can be methodological in 
origin, resulting from niche mischaracterization within a 
species’ native or invaded ranges. For example, unmeasured 
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Identifying locations where alien species are likely to  
establish and spread is crucial for mitigating their ecologi-
cal and economic impacts (Liu et  al. 2014). The degree  
of climatic similarity between an invadable location and a 
species’ native geographic range (i.e. ‘climate match’) is a 
strong determinant of invasion success (Hayes and Barry 
2007, Mahoney et  al. 2015), and is routinely used in risk 
assessment schemes aimed at preventing establishment 
and spread (Guisan et  al. 2013). Ecological niche models 
(ENMs, also commonly referred to as species distribution 
models, Peterson and Soberón 2012) correlate the occur-
rence of species to environmental conditions, and are fre-
quently used to predict the potential distributions of alien 
species in new regions (Peterson and Vieglais 2001, Thuiller 
et  al. 2005, Jiménez-Valverde et  al. 2011). However,  
correlative ENMs only model the realized Grinellian niche 
of a species (i.e. the noninteractive, nonconsumable environ-
mental axes that define a species’ distribution in a particular 
location, Soberón and Nakamura 2009). When using cor-
relative ENMs to project potential distributions of alien 
species, one therefore assumes that all potentially suitable 
environments are present in a landscape, that alien species 
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biases in species occurrence records, or calibration of mod-
els on a subset of a species’ geographic range can lead to an 
incomplete characterization of a species’ realized niche. A 
related issue is that species often encounter environmental 
conditions in their invaded ranges that are not available in 
their native ranges (Broennimann et al. 2012, Early and Sax 
2014). Novel environments are problematic for correlative 
ENMs parameterized on a species’ native range, because they 
require ENMs to extrapolate into unsampled environmental 
space (Elith et al. 2010). However, realized niche shifts can 
also reflect ecological and evolutionary processes that lead to 
niche expansion and niche unfilling (Petitpierre et al. 2012, 
Guisan et al. 2014, Strubbe et al. 2015). Niche expansion 
occurs when a species colonizes environmental conditions 
in its invaded range that are present, but unoccupied in its 
native range. This situation can arise when a species fails to 
fill its fundamental niche in its native range due to biotic 
interactions or dispersal barriers (i.e. non-equilibrium), or 
when a species undergoes phenotypic changes in the invaded 
range (i.e. fundamental niche evolution).

Niche unfilling, another cause of realized niche shift, 
occurs when species fail to colonize climates in the invaded 
range that are occupied in the native range (Guisan et  al. 
2014). This situation often reflects the fact that species have 
not had sufficient time to colonize their potential range 
(Broennimann and Guisan 2008). Thus, while building 
ENMs with data from a species’ invaded range may incorpo-
rate phenotypic changes and more closely approximate the 
fundamental niche due to the absence of key biotic interac-
tions (Urban et al. 2007), this approach is still limited by the 
fact that it assumes that species are in environmental equilib-
rium (Václavík and Meentemeyer 2012). One potential way 
to lessen the impact of this assumption is to pool data from a 
species’ native and invaded ranges (Escobar et al. 2014). This 
pooled modelling strategy may allow ENMs to capture: 1) 
responses to climates in the invaded range that are not pres-
ent in the native range, 2) phenotypic changes in the invaded 
range, and 3) climates that are occupied in a species’ native 
range that have not yet been colonized in the invaded range 
(Broennimann and Guisan 2008, Beaumont et al. 2009).

An additional problem with predicting distributions of 
alien species in new regions is that source populations might 
be adapted to only a subset of a species’ fundamental niche. 
If fundamental niches differ between phylogenetic lineages, 
models parameterized on the entire native range of a species 
may misspecify a species’ potential invaded range (Pearman 
et al. 2010). For established alien species, matching native-
range source clades to introduction locations has been sug-
gested as a potential method for overcoming this limitation 
(Schulte et al. 2012, Tingley et al. 2015a), but this approach 
has rarely been tested due to the fact that source populations 
are difficult to identify.

Most studies of realized niche shifts in alien species have 
focused on interspecific variation in niche lability. However, 
biological invasions can be idiosyncratic, as different anthro-
pogenic introductions can involve different native-range 
lineages and invaded-range environments. Multiple intro-
ductions in different environments are therefore needed to 
adequately determine whether a species is capable of shift-
ing its realized niche when introduced to a new location 
(Goncalves et  al. 2014). Here we incorporate our detailed 

knowledge of the introduction history and native-range  
source populations of the delicate skink Lampropholis  
delicata to explore the extent to which: 1) L. delicata has 
maintained its realized niche in different locations; 2) pre-
dictions of invasion risk depend on the geographic origin of 
occurrence records used to build ENMs (entire native range, 
native-range source clades, invaded range, or global range); 
and 3) niche expansion and niche unfilling influence these 
alternative approaches for predicting invasion risk.

Methods

Study species

Lampropholis delicata is a small lizard species (∼35–50 mm 
adult snout–vent length) that is native to eastern Australia 
(Chapple et  al. 2013a). The species is adept at colonizing  
regions beyond its native geographic range via human- 
assisted dispersal (Chapple et al. 2013b), and has established 
invasive populations in the Hawaiian Islands, New Zealand, 
and Lord Howe Island (Chapple et al. 2013a). Nine native-
range genetic subclades are present in L. delicata (Chapple 
et al. 2011), and the introduction history of the species has 
been determined (Chapple et  al. 2013a). Thus, L. delicata 
provides a model species for assessing the extent to which 
realized niche shifts and predictions of invasion risk are 
influenced by the geographic origin of occurrence records.

Species data

Distributional data for L. delicata across its native and 
invaded ranges was obtained from all major Australian 
Museums (Australian Museum, CSIRO Australian National 
Wildlife Collection, Museum Victoria, Museum and Art 
Gallery of the Northern Territory, Queensland Museum, 
Queen Victoria Museum and Art Gallery, South Australian 
Museum, Tasmanian Museum and Art Gallery, Western 
Australian Museum), several USA museums (American 
Museum of Natural History, Bishop Museum, California 
Academy of Science, Harvard Museum of Comparative 
Zoology, UC Berkeley Museum of Vertebrate Zoology, 
Smithsonian Inst. National Museum of Natural History), the 
Atlas of Living Australia (< www.ala.org.au/ >), the Victorian 
Biodiversity Atlas (< www.depi.vic.gov.au/environment-
and-wildlife/biodiversity/victorian-biodiversity-atlas >), the 
New Zealand Herpetofauna database (< www.doc.govt.nz/
conservation/native-animals/reptiles-and-frogs/reptiles-and-
frogs-distribution-information/electronic-atlas/ >), literature 
records (Baker 1979, Peace 2004), and our own collecting 
records. Most occurrence records were relatively recent – the 
median year across all records was 1995, and 81% of records 
were less than 20 yr old.

In total, we collated 7892, 97, 120, and 42 unique occur-
rence records from Australia, Hawaii, New Zealand, and Lord 
Howe Island, respectively. After removing duplicate records  
within 1 km grid cells (the approximate resolution of our  
climate data) and thinning native-range records in geographic 
space, we were left with 1991, 83, 100, and 14 records from 
each range. Higher human population densities along the 
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east coast of Australia led to geographic biases in L. delicata 
occurrence records, even after duplicate records within grid 
cells were removed. While geographic bias does not impact 
realized niche characterization, environmental bias (i.e. non-
random sampling in environmental space) does. Geographic 
bias can be strongly correlated with environmental bias in 
Australia (e.g. wetter conditions prevail along the coast). 
We therefore randomly thinned all occurrence records in 
geographic space to lessen the potential impact of this bias. 
This involved calculating the geographic distance between 
each pair of records, and randomly removing one record in 
pairs separated by  5 km. We acknowledge, however, that 
without information on sampling effort, we cannot separate 
areas that are highly suitable from those that have been over-
sampled (Elith et al. 2010). We did not thin presence records 
in the species’ invaded ranges because fewer presence records 
were available, and because the spatial distribution of occur-
rence records was more homogenous in geographic space.

Data on the distribution of each native range clade were 
taken from Chapple et  al. (2011), who sequenced 238 
samples from 120 populations across the species’ range. 
Sample sizes in the source clades ranged between 14 and 70. 
However, these sequenced records represent only a sample of 
all locations where each clade occurs. Ancillary distribution 
data from museums, researchers, and atlases did not have 
information on clade membership. These ancillary records 
were therefore assigned to a clade based on the minimum 
Euclidean geographic distance between each record and a 
record of known clade membership (Schulte et  al. 2012, 
Rosauer and Moritz 2013). More detailed genetic sampling 
occurred in regions where several clades were present within 
close geographic proximity, haplotypes were generally not 
shared between populations, and deep genetic breaks were 
evident among clades ( 5% mitochondrial divergence). 
Thus, the approach used to assign locations to particular 
clades should be relatively robust.

Climate data

Temperature and precipitation are primary determinants of 
ectotherm distributions at coarse spatial scales (Araújo et al. 
2006). We used eight temperature and precipitation vari-
ables from the WorldClim database (Hijmans et  al. 2005) 
representing average and extreme climatic conditions, as well 
as measures of temporal climatic variability, to characterize 
the native and invaded realized niches of L. delicata: 1) mean 
annual temperature (bio1), 2) maximum temperature of the 
warmest month (bio5), 3) minimum temperature of the 
coldest month (bio6), 4) temperature annual range (bio7), 
5) annual precipitation (bio12), 6) precipitation of the wet-
test month (bio13), 7) precipitation of the driest month 
(bio14), and 8) precipitation seasonality (bio15). These 
variables had a spatial resolution of ∼ 1 km, and were based 
on long-term average conditions (1950–2000). We did not 
use variables that combined temperature and precipitation 
(e.g. mean temperature of the wettest quarter), as they can 
be difficult to interpret when projected to different areas 
(Elith et  al. 2013), and because these variables displayed 
artificial discontinuities between adjacent grid cells in some 
areas (Escobar et al. 2014). Land cover can be an important 

predictor of ectotherm distributions (Tingley and Herman 
2009, Gillingham et  al. 2012), but we did not include it 
in our models because of substantial differences in the land 
cover categories occupied in the native and invaded ranges 
of L. delicata.

Testing for niche shifts

We used the occurrence records and eight bioclimatic  
variables described above to test whether L. delicata has 
shifted its realized niche in Hawaii, New Zealand, and Lord 
Howe Island. Climate variables measured at locations across 
the available backgrounds in Australia, Hawaii, New Zealand, 
and Lord Howe Island were combined and projected onto 
the first two axes of a principal components analysis (PCA). 
These two PCA axes described the global environmental 
space available to L. delicata and explained 83% of the varia-
tion in the raw climatic data. This environmental space was 
then projected onto a grid consisting of 100  100 cells, with 
minimum and maximum values defined by those present in 
the available background data. Occurrence records from 
each geographic range were similarly gridded. Smoothed 
densities of occurrences and available environments in each 
grid cell were then calculated using a Gaussian kernel with 
a standard bandwidth (Silverman 1986), allowing a direct 
comparison of occurrence densities between the species’  
native and invaded realized niches that accounts for  
environmental availability. See Broennimann et  al. (2012) 
for further details.

In Australia, available background environments were 
defined as grid cells within bioregions where the species  
presently occurs, in order to constrain the background to  
ecologically plausible regions of occurrence (using the 
Interim Biogeographic Regionalisation for Australia: Dept 
of the Environment 2013, Keith et  al. 2014). However, 
the appropriate background for testing realized niche shifts 
between native-range source clades and destinations is less 
clear. One could argue that background environments should 
only include areas that have been accessible to each clade in 
its native range (Barve et al. 2011), and that it is inappropri-
ate to change the occurrence points (native clades vs entire 
native range) without also changing the spatial extent of the 
background (Kriticos et al. 2014). On the other hand, chang-
ing the background extent confounds the influence of using 
different occurrence records. We therefore used two methods 
for selecting background environments for the clade-specific 
analyses. First, we defined clade-specific backgrounds using 
all grid cells within bioregions where each clade occurs. 
Second, we used the same background that we used when 
modelling the entire native range (all bioregions in which the 
species occurs). For the species’ invaded ranges, background 
environments included all grid cells within 50 km of pres-
ence records (Escobar et  al. 2014, Stiels et  al. 2015). This 
approach helps control for sampling bias by restricting avail-
able environments to geographic areas that are more likely to 
have been sampled (Fourcade et al. 2014). The choice of 50 
km reflects a compromise between including environments 
that have been accessible to the species (Barve et al. 2011), 
and covering a broad enough extent to minimize extrapola-
tion and detect climatic differences between presence and 
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create response curves that are safer for extrapolation (Elith 
et al. 2010, Tingley et al. 2014).

The number of presence and background records varied 
considerably between Australia and the species’ invaded 
ranges, and thus pooled models trained on the species’ 
global range were dominated by Australian records. We 
therefore randomly sampled presence and background 
records from the species’ native and New Zealand ranges 
to match the number of records in Hawaii (Di Febbraro 
et  al. 2013). To ensure that Australian records were not 
selected solely from areas with high numbers of records  
(i.e. over-sampled areas) we weighted the selection of pres-
ence records by the inverse of the density of records within  
a 50 km neighbourhood. This entire process was repeated 
10 times to account for uncertainty due to random selec-
tion of presence and background records. However, 
because variation between replicates was minimal, and  
because ENMs based on different presence and back-
ground records cannot be combined reliably, we only show 
the results of one of the 10 replicates (Guillera-Arroita 
et al. 2015).

Reciprocal projections of ENMs fitted to data from  
different geographic regions often involve projecting response 
curves into unsampled environmental space. We, therefore, 
examined the climatic similarity between the native and 
invaded ranges of L. delicata using multivariate environmen-
tal similarity surfaces (Elith et al. 2010).

Testing the predictive performance of ENMs is  
problematic when species are not at equilibrium (Elith 
2013). Traditional metrics such as Kappa or the area under 
a receiver operating characteristic curve (AUC) use absence 
(or background) data, and thus assume that a species has 
had sufficient time to colonize suitable environments. 
These metrics are, therefore, inappropriate when model-
ling species that are still invading or absent from suitable 
locations for other reasons (Kikillus et al. 2010). Hence,  
we chose to interrogate ENMs by visually examining  
predicted distributions, response curves, and maps of  
multivariate environmental similarity. For example, 
ENMs that produced ecologically unrealistic predictions 
or response curves, or frequently required extrapolation 
into unsampled environmental space were considered 
less reliable (Elith et al. 2010). As a more formal method 
of evaluation, we also determined whether ENMs accu-
rately predicted known populations in the invaded range. 
Ensuring that ENMs encompass known populations 
is critical, as models that fail to predict the presence of 
invaded-range populations can lead to under-prediction of 
a species’ eventual geographic distribution. Determining 
whether models correctly predict invaded-range popula-
tions requires selection of a threshold to convert continu-
ous model outputs into presence–absence predictions. Here  
we used the highest threshold that captured 95% of the 
native range records to calculate the proportion of invaded 
range occurrences that were accurately classified by native-
range and clade-specific ENMs. However, we acknowledge 
that there are problems with calculating binary thresh-
olds on presence-only data (Guillera-Arroita et al. 2015), 
and that this metric does not account for the fact that L.  
delicata may invade additional locations in the future that 
are poorly predicted by the native-range ENM.

background records (Owens et  al. 2013). Bioregions were 
not used in the species’ invaded ranges as L. delicata has had 
insufficient time to colonize all bioregions that are potentially 
suitable, and because spot-fire introductions in the invaded 
range have allowed the species to overcome biogeographic 
barriers (Chapple et al. 2013b).

We quantified niche overlap between the species’ native 
realized niche and each invaded niche separately using 
Schoener’s D, a metric that ranges from 0 (no overlap) to 1 
(complete overlap). Estimates of Schoener’s D were used to 
test for niche equivalency and niche similarity (Warren et al. 
2008). Niche equivalency was tested by randomly allocating 
occurrence records to the species’ native and invaded niches 
1000 times (maintaining the same number of occurrences as 
observed in each range), and comparing observed and simu-
lated Schoener’s D estimates. In contrast, we tested for niche 
similarity by shifting the centroid of the observed occurrence 
densities in the invaded range to a random location within 
the available environmental space 1000 times, each time 
comparing observed and simulated estimates of Schoener’s 
D (Broennimann et al. 2012). Niche equivalency and niche 
similarity tests were not conducted using data from Lord 
Howe Island due to low sample sizes (n  14 grid cells).

We used the environmental and occurrence density grids 
described above to calculate estimates of realized niche 
expansion and unfilling (Petitpierre et al. 2012, Guisan et al. 
2014). Niche expansion was calculated as the proportion of 
occupied grid cells (in environmental space) in the invaded 
niche that did not overlap with the occupied native niche 
(Petitpierre et al. 2012). Niche unfilling was determined by 
calculating the proportion of the occupied native niche that 
did not overlap the occupied invaded niche. Because these 
metrics are based solely on environments that are common 
to both ranges, they are not confounded by no-analog envi-
ronments. Niche change metrics were calculated using the 
75th percentile of environments available in each range to 
remove marginal climates (Petitpierre et al. 2012). The only 
exception was the comparison between the species’ native 
(Australian) realized niche and its niche on Lord Howe 
Island. These two areas did not share any environmental 
space when marginal climates were removed, and thus we 
used the full suite of environmental conditions (100th per-
centile) available in both ranges.

Niche modelling

We modelled the realized niche of L. delicata using Maxent 
(ver. 3.3.3k), the same eight bioclimatic variables used in our 
niche shift analyses, and species occurrence records from: 1) 
Australia, 2) Hawaii, 3) New Zealand, and 4) the species’ 
global range (including Lord Howe Island). To examine the 
effect of matching native-range source clades to introduc-
tion locations, we also built Maxent models using data from 
the two distinct clades that were the sources for the New 
Zealand and Hawaiian introductions (Chapple et al. 2013a). 
Maxent is an algorithm that attempts to distinguish locations 
where a species has been detected from background locations 
using environmental covariates (Phillips et  al. 2006). We 
used the default settings of Maxent, except that we only used 
smoothed hinge features (regularization multiplier  2) to 
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Data available from the Dryad Digital Repository: 
 http://dx.doi.org/10.5061/dryad.7vs3d  (Tingley et  al. 
2015b).

Results

Niche filling and expansion

Overlap between the native and invaded realized niches of  
L. delicata was low in both New Zealand (Schoener’s 
D  0.16) and Hawaii (Schoener’s D  0.048). Niche 
equivalency was rejected in both cases (simulated median D 
for both ranges  0.94, p  0.002). However, the observed 
overlap between the native and invaded niches of L. delicata 
did not deviate from random expectations (New Zealand: 
simulated median D  0.031, p  0.10; Hawaii: simulated 
median D  0.11, p  0.65).

Examining patterns of niche expansion and niche unfill-
ing demonstrated a gradient of realized niche change across 

PC1

PC
2

Lord Howe Island

0

1

0

Expansion

Stability

Unfilling

(A) New Zealand

0.001

0.999

0.161

Expansion

Stability

Unfilling

(B)

–10 –5 0

PC1
–10 –5 0

PC1
–10 –5 0

–8

–6

–4

–2

0

2

PC
2

–8

–6

–4

–2

0

2

PC
2

–8

–6

–4

–2

0

2

Hawaii

0.143

0.857

0.871

Expansion

Stability

Unfilling

(C)

bio1

bio5

bio6

bio7

bio12 

bio13 

bio14 

bio15

(D)

Figure 1. Projection of the Australian (green) and invaded (red) realized niches of Lampropholis delicata in climatic space (A–C), represented 
by the first two axes of a principal components analysis (D). Contours represent 100% (solid line) and 75% (dotted line) of the available 
climatic space within each range. Densities within these contours (black) correspond to the densities of occurrence records within  
the occupied climatic space. Blue areas symbolize niche overlap (stability). The correlation circle in panel D shows how the eight climatic 
predictors are distributed along the first two axes of the principal components analysis. See Methods for variable abbreviations.

the species’ invaded ranges. Comparing the native realized  
niche of L. delicata to its invaded niche on Lord Howe  
Island revealed complete niche stability (Fig. 1A). In New 
Zealand (Fig. 1B), there was little evidence of expansion of 
the species’ realized niche into climates that are available 
in the species’ native range (0.1%), and moderate evidence 
of niche unfilling (16%). Conversely, in Hawaii (Fig. 1C), 
nearly 14% of the species’ invaded niche exists in climates 
that are not occupied in its native range (i.e. niche expan-
sion), and 87% of the species’ native niche remains unfilled. 
Thus, realized niche shifts between the native and invaded 
ranges of L. delicata were largely due to niche unfilling, 
although there was moderate evidence for niche expansion 
in Hawaii. In both New Zealand and Hawaii, L. delicata has 
colonized novel climates that are not available in the species’ 
native range. In both cases, these regions of novel climatic 
space are wetter than available Australian climates (i.e. have 
lower values on the PC1 axis; Fig. 1D).

In New Zealand, estimates of realized niche changes were 
relatively robust to the source of native-range occurrence 
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the native-range ENM globally revealed that suitable cli-
matic conditions for L. delicata also exist in Europe, east-
ern Madagascar, central Africa, the Neotropics, Australasia 
and Indo-Malaysia (Fig. 3). The native-range ENM accu-
rately predicted the Australian range of L. delicata (Fig. 2), 
and correctly identified all of the non-native populations 
in New Zealand (sensitivity  1) and Lord Howe Island 
(sensitivity  1); records from the species’ Hawaiian range  
were predicted with less accuracy (sensitivity  0.819). 
Importantly, projecting the native-range ENM onto all three 
of the species’ invaded ranges generally involved only minor 
extrapolation (Supplementary material Appendix 1, Fig. A1).

ENMs trained on the New Zealand and Hawaiian ranges 
of L. delicata also identified suitable climatic conditions at 
many of the sites where the species has established inva-
sive populations, but both models grossly over-predicted 
the species’ native range (Fig. 2). Response curves, vari-
able importance values, and maps of multivariate environ-
mental similarity suggest that this over-prediction was due  
to misspecified environmental relationships and extra
polation in novel environmental space (Supplementary  

records (native-range clade vs entire range) and the definition 
of available (background) environments (0–2.2% expansion 
and 14–17% unfilling across all scenarios). However, there 
was stronger evidence of niche expansion and weaker evi-
dence of niche unfilling in Hawaii when occurrence records 
from the native-range source clade were used. Estimates of 
niche expansion and unfilling were higher when background 
environments included all bioregions that intersected the 
species’ native range (expansion: 83%, unfilling: 44%) than 
when background environments were restricted to biore-
gions in which only the native-range clade occurred (expan-
sion: 25%, unfilling: 13%).

Projections of potential distributions

In line with our finding that realized niche shifts were  
predominately due to niche unfilling, ENMs fitted to  
occurrence data from the native range of L. delicata indicated 
that there is potential for further range expansion in New 
Zealand, Hawaii, and Lord Howe Island (Fig. 2). Projecting 

Figure 2. Reciprocal projections of ecological niche models (ENMs) based on data from the native, New Zealand, Hawaiian, and global 
ranges of Lampropholis delicata (rows). ENMs trained on different geographic regions are projected (columns) onto eastern Australia (native 
range), Hawaii, New Zealand, and Lord Howe Island. Maps show ENM outputs derived from presence-background data, and thus  
absolute values are not directly comparable across models built with different datasets. Black dots represent occurrence records of L. delicata. 
Native range records have been geographically thinned to improve visibility.
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Figure 3. Predicted distribution of Lampropholis delicata at the 
global scale based on ecological niche models (ENMs) parameter-
ized on data from the species’ Australian (A), New Zealand (B), 
Hawaiian (C), and global (D) ranges. ENMs were derived from 
presence-background data, and thus absolute values are not directly 
comparable across models built with different datasets.

material Appendix 1, Fig. A2 and A3). The New Zealand ENM  
had particularly low spatial transferability, assigning low 
suitability to almost all of the non-native populations in 
Hawaii and Lord Howe Island (Fig. 2). ENMs based on 
clade-specific occurrence records and background environ-
ments also performed much worse than ENMs based on 
the species’ entire native range when projected onto New 
Zealand (sensitivity  0.06) and Hawaii (sensitivity  0.157; 
Supplementary material Appendix 1, Fig. A4, A5). Training 
clade-specific ENMS on background environments from 
across the species’ entire native range increased model sensi-
tivity in Hawaii (0.28) but not in New Zealand (0.06).

In contrast, global ENMs based on occurrence records 
from all four of the geographic ranges of L. delicata  
were less affected by extrapolation than all other ENMs 
(Supplementary material Appendix 1, Fig. A1), and  
correctly predicted both native and invasive populations  
(Fig. 2). In New Zealand, the inclusion of invaded-range 
data led to predictions that were more tightly focused around 
known populations (Fig. 2) compared to the ENM based 
on the species’ native range (Fig. 2). However, the use of 
native-range data also allowed the global ENM to identify 
uncolonized locations in New Zealand that were similar to 
the species’ native range. Similarly, the global ENM was able 
to capture occupied climates in south-eastern Hawaii that 
were poorly predicted by the native-range ENM.

Discussion

Many risk assessments for alien species rely on correlative 
comparisons between climate and a species’ native distribu-
tion, as invaded-range data are either unavailable (pre-border 
assessment), or limited in the early stages of an invasion 
(post-border assessment). Thus, risk assessments necessarily 
assume that species will maintain their native realized niches 
when introduced to locations beyond their native geographic 
ranges. Our finding that there is a gradient of realized niche 
change across the invaded ranges of L. delicata shows that 
the validity of this assumption can vary across locations 
within a single species. Such intraspecific niche lability sug-
gests that the extent to which realized niches are maintained 
during invasion does not depend on species-level traits, 
although studies of intraspecific variation in additional taxa 
are required. This finding does, however, accord with recent 
interspecific analyses of realized niche shifts in other verte-
brate groups (Strubbe et  al. 2013, 2015) where propagule 
pressure and residence time (a proxy for dispersal limitation) 
are strong predictors of niche changes. Interestingly, studies 
of native European trees and invertebrates have shown that  
potential range filling is correlated with dispersal mode  
(Hof et al. 2012, Nogués-Bravo et al. 2014), suggesting that 
dispersal is an important correlate of niche filling in both 
native and non-native species.

We found that the native and invaded realized niches  
of L. delicata were not statistically equivalent, but niche simi-
larity tests produced equivocal results. However, failure to 
reject the null hypothesis does not indicate that a shift in 
the realized niche has occurred. Instead, a lack of statistical 
significance simply means that we cannot draw conclusions 
regarding realized niche divergence given the spatial distribu-
tion of environmental conditions across the invaded-range 
backgrounds (Glennon et  al. 2014). Previous studies have 
documented realized niche shifts in a wide variety of taxa, 
but causes of these shifts remain poorly understood (Guisan  
et  al. 2014). Indeed, few studies have determined to  
what extent realized niche changes were the result of niche 
expansion vs niche unfilling, and we are aware of only two 
studies that have compared these niche change metrics across 
multiple locations within a single species (Petitpierre et al. 
2012, Goncalves et  al. 2014). We have shown that shifts  
in the realized niches of L. delicata in New Zealand and 
Hawaii are largely due to niche unfilling, suggesting that 
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the species’ invaded range. Previous studies have typically 
found that ENMs based on native-range data under-predict 
the extent of a species’ invaded range (Fitzpatrick et al. 2006, 
Broennimann et al. 2007, Broennimann and Guisan 2008, 
Beaumont et al. 2009, Di Febbraro et al. 2013, Hill et al. 
2013, Stiels et  al. 2015). However, these studies have not 
tested whether realized niche shifts were due to niche expan-
sion or niche unfilling, and thus the reasons for this under-
prediction have often been unclear. Recently, Strubbe et al. 
(2013) showed that the predictive performance of native-
range ENMs increased with increasing niche overlap, and 
decreased with increasing niche change. Similarly, Tingley 
et al. (2014) found that a shift in the realized niche of the 
cane toad Rhinella marina was solely due to niche expansion, 
and accordingly, a native-range ENM under-predicted the 
extent of the species’ Australian invasion.

Second, our results highlight the danger of fitting ENMs  
to non-equilibrium distributions (Elith et al. 2010), and cor-
roborate earlier studies that have illustrated the importance 
of fully capturing species’ responses along climatic gradients 
(Thuiller et  al. 2004, Barbet-Massin et  al. 2010, Owens 
et  al. 2013). Building ENMs with invaded-range data can 
capture changes in a species’ realized niche that occur over 
the course of its invasion (Urban et al. 2007); however, this 
approach is constrained by the fact that many species are not 
in environmental equilibrium in their invaded ranges, which 
can lead to under-prediction of a species’ potential distri-
bution (Václavík and Meentemeyer 2012). For example, in 
New Zealand, predictions of high invasion risk based on the 
ENM fitted to New Zealand data were concentrated around 
the initial introduction point of Auckland, where L. delicata 
has had the longest amount of time to spread (Chapple et al. 
2013a). As a result, the New Zealand ENM predicted low  
suitability at many of the sites where the species has  
established invasive populations as a result of human-assisted 
dispersal (Chapple et  al. 2013b), and predicted a much 
smaller potential distribution than the ENM trained on the 
species’ native and Hawaiian ranges. Interestingly, combin-
ing native and invaded range data lessened the impact of 
this non-equilibrium situation, placing emphasis on areas 
that were climatically similar to those that have already been 
invaded, but also highlighting areas that were analogous to 
those within the species’ native realized niche (Broennimann 
and Guisan 2008).

Failure to accurately characterize responses along  
climatic gradients in the species’ invaded ranges also 
resulted in low spatial transferability of ENM predictions. 
For example, ENMs parameterized in Hawaii and New 
Zealand grossly over-predicted the species’ native range, 
and this was largely due to extrapolation in novel environ-
mental space. Examining the native and invaded realized 
niches of L. delicata suggested that niche peripherality in 
the invaded range, whereby occupied environments are near 
the limit of the available environmental space, contributed 
to this extrapolation (Owens et al. 2013). Similarly, ENMs 
based on the native-range clades that were the sources for the 
New Zealand and Hawaiian introductions performed poorly 
when projected onto the species’ invaded ranges, plausibly 
due to the fact that lineages occupy only a subset of their 
fundamental niche in their native range (i.e. cryptic niche con-
servatism) (Schulte et  al. 2012). Thus, even if phylogenetic 

biotic interactions or dispersal limitations have prevented 
the species from colonizing the full extent of its native real-
ized niche in its invaded ranges. The limited natural dispersal 
ability of L. delicata coupled with its highly disjunct distri-
bution on individual islands in Hawaii and on the North 
Island of New Zealand (due to ‘spotfire’ introductions 
resulting from human-mediated jump dispersal, Chapple 
et al. 2013b), suggests that dispersal limitation is the more 
plausible explanation for this finding. Niche unfilling is also 
more common than niche expansion in alien plants globally 
(Petitpierre et al. 2012) and in Holarctic vertebrates (Strubbe 
et al. 2013, 2015), although niche expansion was relatively 
common in a sample of the global alien herpetofauna (Li 
et al. 2014) and in European plants (Early and Sax 2014).

Despite strong evidence for niche unfilling in Hawaii, 
L. delicata has also colonized environments in Hawaii that 
are available, but unoccupied in its native range (i.e. realized 
niche expansion). This suggests that L. delicata does not fill 
its native fundamental niche (e.g. due to biotic interactions 
or dispersal limitations), or that the species’ environmental 
tolerances have changed post-introduction. Determining 
which of these hypotheses is more likely requires common 
garden experiments and/or modelling approaches that are 
capable of capturing the fundamental niche (Tingley et al. 
2014). Lampropholis delicata has also colonized climates that 
are not present within the species’ native range in Hawaii, 
and to a lesser extent in New Zealand. These colonization 
events could also signal fundamental niche evolution, or 
may simply reflect the fact that available climates in the spe-
cies’ native range only encompass a subset of its fundamental 
niche (Broennimann et al. 2012, Schulte et al. 2012, Guisan 
et al. 2014).

Similar to previous studies (Fitzpatrick et  al. 2006, 
Broennimann and Guisan 2008), we have shown that the 
potential distribution of L. delicata differs markedly depend-
ing on the geographic origin of occurrence records used to 
build ENMs. However, determining the ‘best’ approach (e.g. 
by comparing the discriminatory ability of ENMs based on 
different datasets) is problematic when species are not at 
environmental equilibrium. In such cases, occurrence records 
will only represent a subset of suitable environments because 
the species is still spreading (Barve et al. 2011, Elith 2013). 
Lack of reliable absence data in the invaded range also means 
that ENMs parameterized on invaded-range occurrences are 
often fitted with presence-background data, which produce 
outputs that cannot be reliably compared among different 
datasets without strict assumptions (Guillera-Arroita et  al. 
2015). Despite these limitations, reciprocal predictions of 
ENMs between the native and invaded ranges of L. delicata 
illustrate two important issues regarding the use of correla-
tive ENMs to predict invasion risk.

First, ENMs based on native-range data may provide 
more reliable predictions of invasion risk when realized 
niche shifts are predominately due to niche unfilling as 
opposed to niche expansion (also see Strubbe et al. 2013). 
The ENM trained on the native range of L. delicata cor-
rectly identified all of the invasive populations in New 
Zealand, where the species does not fill its native realized 
niche. Conversely, in Hawaii, where there was evidence of 
niche expansion and colonization of extremely novel climates, 
the native-range ENM under-predicted the current extent of  
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realms, we have shown that there is considerable variation 
in the degree of realized niche expansion and unfilling across 
the invaded ranges of L. delicata. Such intraspecific variation 
in niche lability illustrates the importance of spatial extent 
in assessing realized niche shifts (Goncalves et  al. 2014).  
Restricting our analyses to Australia and New Zealand,  
for example, would have led us to falsely conclude that 
L. delicata is not capable of persisting in climates that are 
beyond the limits of its native realized niche. Intraspecific 
variation in the potential for realized niche shifts has impor-
tant implications not only for forecasting invasions, but for 
modelling any species that is not at environmental equilib-
rium, including species shifting their ranges as a result of 
environmental change, and species whose distributions are 
constrained by biotic interactions or anthropogenic activities 
(Pearman et al. 2010, Early and Sax 2014).

Our results also provide insight into the ongoing debate 
regarding the usefulness of ENMs for predicting invasion 
risk. In the case of L. delicata, niche unfilling was more 
prevalent than niche expansion in both Hawaii and New 
Zealand, and thus ENMs fitted to the entire native range 
more accurately predicted the species’ Hawaiian and New 
Zealand distributions than ENMs based on native-range 
source clades or non-native populations. Further investiga-
tions into how niche change metrics influence the transfer-
ability of native-range ENMs (as in Strubbe et al. 2013) will 
help clarify the circumstances in which native-range data are 
useful for predicting invasion risk.

Acknowledgements – Research was funded by the Australian Research 
Council (grant to DGC, Project Number DP0771913),  
the National Geographic Society (grant to DGC and MBT,  
CRE 8085-06), the Allan Wilson Centre for Molecular Ecology 
and Evolution (to DGC), and a Monash Univ. School of  
Biological Sciences Small Grant (to DGC). RT was funded by the  
Australian Research Council Centre of Excellence for Environ-
mental Decisions.

References

Araújo, M. B. and Peterson, A. T. 2012. Uses and misuses of  
bioclimatic envelope modeling. – Ecology 93: 1527–1539.

Araújo, M. B. et al. 2006. Climate warming and the decline of 
amphibians and reptiles in Europe. – J. Biogeogr. 33: 
1712–1728.

Baker, J. K. 1979. The rainbow skink, Lampropholis delicata, in 
Hawaii. – Pac. Sci. 33: 207–212.

Barbet-Massin, M. et  al. 2010. How much do we overestimate 
future local extinction rates when restricting the range of occur-
rence data in climate suitability models? – Ecography 33: 
878–886.

Barve, N. et  al. 2011. The crucial role of the accessible area in 
ecological niche modeling and species distribution modeling. 
– Ecol. Model. 222: 1810–1819.

Beaumont, L. J. et al. 2009. Different climatic envelopes among inva-
sive populations may lead to underestimations of current and 
future biological invasions. – Divers. Distrib. 15: 409–420.

Broennimann, O. and Guisan, A. 2008. Predicting current and 
future biological invasions: both native and invaded ranges 
matter. – Biol. Lett. 4: 585–589.

Broennimann, O. et  al. 2007. Evidence of climatic niche shift  
during biological invasion. – Ecol. Lett. 10: 701–709.

lineages occupy unique realized niches, using data from 
the entire native range of a species is preferable to build-
ing clade-specific ENMs. These results mirror those for the 
invasive wall lizard Podarcis muralis, in which several lineages 
have established invasive populations outside of their native 
realized niches (Schulte et al. 2012). Collectively, these find-
ings suggest that ENM predictions based on non-native 
populations and native-range source clades should be treated  
with extreme caution when dealing with non-equilibrium 
situations and novel climates (Elith et al. 2010, Elith 2013, 
Owens et al. 2013).

Our results also have implications for biosecurity efforts, 
as our models suggested that L. delicata has the potential 
to substantially expand its range globally. First, project-
ing the native-range ENM onto geographic space suggests 
that there is further scope for invasion in New Zealand and 
Hawaii. Lampropholis delicata is listed in New Zealand as 
an ‘unwanted organism’ under the Biosecurity Act 1993 
( www.biosecurity.govt.nz/pests/rainbow-skink ), due to 
its potential impact on the diverse (∼100 species), but threat-
ened (Tingley et al. 2013), endemic lizard fauna. A recent 
analysis of biosecurity interceptions of L. delicata in New 
Zealand (Chapple et al. 2013b) demonstrated that the spe-
cies is regularly arriving (from the Auckland region or via 
additional introductions from Australia) in the regions of the 
country that we have predicted to be suitable. Thus, it may 
only be a matter of time before L. delicata fulfils its poten-
tial distribution within New Zealand. Second, our results 
show that L. delicata has the potential to invade several con-
tinents and regions beyond its current distribution in the 
Pacific region (e.g. Europe, north-eastern USA), including 
noted biodiversity and reptile hotspots such as south-east 
Asia, South America, central Africa, and Madagascar. The 
potential for L. delicata to outcompete native lizard species 
in Hawaii (Baker 1979), Lord Howe Island (Chapple et al. 
2014), and New Zealand (Peace 2004) has led to biosecurity 
protocols being developed for the species to limit its spread 
within these introduced regions (Chapple et al. 2013a, b). 
Similar protocols should be adopted in the regions identified 
in the current study as being highly suitable for L. delicata,  
to prevent its continued spread across the globe. Future  
studies could also refine our coarse climate-driven predictions 
of invasion risk by incorporating microclimatic conditions 
(Kearney et  al. 2014a, b), land-cover, and anthropogenic  
factors in a hierarchical framework (Pearson et  al. 2004, 
Tingley and Herman 2009, Gallien et al. 2012).

Conclusion

Studies of realized niche shifts in alien species have made 
important contributions to the fields of ecology, biogeog-
raphy, and conservation biology (Guisan et  al. 2014), but 
have traditionally failed to account for the potential effects 
of intraspecific niche variation and different invaded-range 
environments on niche lability (cf. Petitpierre et  al. 2012, 
Goncalves et  al. 2014). Furthermore, only recently have 
studies begun to examine the extent to which niche shifts are 
the result of niche unfilling vs niche expansion (Petitpierre 
et al. 2012, Strubbe et al. 2013, 2015, Early and Sax 2014, 
Li et al. 2014, Tingley et al. 2014). Using multiple introduc-
tions of distinct genetic lineages to different biogeographic 



279

Hijmans, R. J. et  al. 2005. Very high resolution interpolated  
climate surfaces for global land areas. – Int. J. Climatol. 25: 
1965–1978.

Hill, M. P. et  al. 2013. A predicted niche shift corresponds with 
increased thermal resistance in an invasive mite, Halotydeus 
destructor. – Global Ecol. Biogeogr. 22: 942–951.

Hof, C. et  al. 2012. Habitat stability affects dispersal and the  
ability to track climate change. – Biol. Lett. 8: 639–643.

Jiménez-Valverde, A. et al. 2011. Use of niche models in invasive 
species risk assessments. – Biol. Invasions 13: 2785–2797.

Kearney, M. and Porter, W. 2009. Mechanistic niche modelling: 
combining physiological and spatial data to predict species’ 
ranges. – Ecol. Lett. 12: 334–350.

Kearney, M. R. et  al. 2014a. microclim: global estimates of  
hourly microclimate based on long-term monthly climate  
averages. – Sci. Data 1: 140006.

Kearney, M. R. et  al. 2014b. Microclimate modelling at macro 
scales: a test of a general microclimate model integrated with 
gridded continental-scale soil and weather data. – Methods 
Ecol. Evol. 5: 273–286.

Keith, D. A. et al. 2014. Detecting extinction risk from climate 
change by IUCN Red List criteria. – Conserv. Biol. 28: 
810–819.

Kikillus, K. H. et  al. 2010. Minimizing false-negatives when  
predicting the potential distribution of an invasive species: a 
bioclimatic envelope for the red-eared slider at global and 
regional scales. – Anim. Conserv. 13: 5–15.

Kriticos, D. et  al. 2014. Taxonomic uncertainty in pest risks or 
modelling artefacts? Implications for biosecurity policy and 
practice. – NeoBiota 23: 81–93.

Li, Y. et al. 2014. Residence time, expansion toward the equator 
in the invaded range and native range size matter to climatic 
niche shifts in non-native species. – Global Ecol. Biogeogr. 10: 
1094–1104.

Liu, X. et al. 2014. Congener diversity, topographic heterogeneity 
and human-assisted dispersal predict spread rates of alien  
herpetofauna at a global scale. – Ecol. Lett. 17: 821–829.

Mahoney, P. J. et al. 2015. Introduction effort, climate matching 
and species traits as predictors of global establishment success 
in non-native reptiles. – Divers. Distrib. 21: 64–74.

Nogués-Bravo, D. et  al. 2014. Phenotypic correlates of potential 
range size and range filling in European trees. – Perspect. Plant 
Ecol. Evol. Syst. 16: 219–227.

Owens, H. L. et  al. 2013. Constraints on interpretation of  
ecological niche models by limited environmental ranges on 
calibration areas. – Ecol. Model. 263: 10–18.

Peace, J. E. 2004. Distribution, habitat use, breeding and behav-
ioural ecology of rainbow skinks (Lampropholis delicata) in 
New Zealand. – MSc thesis, Univ. of Auckland.

Pearman, P. B. et  al. 2008. Niche dynamics in space and time.  
– Trends Ecol. Evol. 23: 149–158.

Pearman, P. B. et  al. 2010. Within-taxon niche structure: niche 
conservatism, divergence and predicted effects of climate 
change. – Ecography 33: 990–1003.

Pearson, R. G. et al. 2004. Modelling species distributions in Brit-
ain: a hierarchical integration of climate and land-cover data. 
– Ecography 27: 285–298.

Peterson, A. T. and Vieglais, D. A. 2001. Predicting species invasions 
using ecological niche modeling: new approaches from bioinfor-
matics attack a pressing problem. – BioScience 51: 363.

Peterson, A. T. and Soberón, J. 2012. Species distribution modeling 
and ecological niche modeling: getting the concepts right.  
– Nat. Conserv. 10: 1–6.

Petitpierre, B. et  al. 2012. Climatic niche shifts are rare among 
terrestrial plant invaders. – Science 335: 1344–1348.

Phillips, S. J. et al. 2006. Maximum entropy modeling of species 
geographic distributions. – Ecol. Model. 190: 231–259.

Rosauer, D. F. and Moritz, C. 2013. Pleistocene stability and diver-
sity of herpetofauna. – In: Reside, A. E. et al. (eds), Climate 

Broennimann, O. et al. 2012. Measuring ecological niche overlap 
from occurrence and spatial environmental data. – Global Ecol. 
Biogeogr. 21: 481–497.

Chapple, D. G. et  al. 2011. Phylogeographic divergence in the 
widespread delicate skink (Lampropholis delicata) corresponds 
to dry habitat barriers in eastern Australia. – BMC Evol. Biol. 
11: 191.

Chapple, D. G. et  al. 2013a. Divergent introduction histories 
among invasive populations of the delicate skink (Lampropholis  
delicata): has the importance of genetic admixture in the  
success of biological invasions been overemphasized? – Divers. 
Distrib. 19: 134–146.

Chapple, D. G. et  al. 2013b. Biosecurity interceptions of an  
invasive lizard: origin of stowaways and human-assisted spread 
within New Zealand. – Evol. Appl. 6: 324–339.

Chapple, D. G. et al. 2014. Biology of the invasive delicate skink 
(Lampropholis delicata) on Lord Howe Island. – Aust. J. Zool. 
62: 498–506.

Dept of the Environment 2013. Australia’s bioregions (IBRA7).  
– < www.environment.gov.au/parks/nrs/science/bioregion-
framework/ibra/index.html#ibra >.

Di Febbraro, M. et al. 2013. The use of climatic niches in screen-
ing procedures for introduced species to evaluate risk of spread: 
a case with the American eastern grey squirrel. – PLoS One 8: 
e66559.

Early, R. and Sax, D. F. 2014. Climatic niche shifts between  
species’ native and naturalized ranges raise concern for eco-
logical forecasts during invasions and climate change. – Global 
Ecol. Biogeogr. 23: 1356–1365.

Elith, J. 2013. Predicting distributions of invasive species. – arXiv, 
 http://arxiv.org/abs/1312.0851 .

Elith, J. et  al. 2010. The art of modelling range-shifting species. 
– Methods Ecol. Evol. 1: 330–342.

Elith, J. et  al. 2013. Taxonomic uncertainty and decision  
making for biosecurity: spatial models for myrtle/guava rust. 
– Australas Plant Pathol. 42: 43–51.

Escobar, L. E. et al. 2014. Potential for spread of the white-nose  
fungus (Pseudogymnoascus destructans) in the Americas: use  
of Maxent and NicheA to assure strict model transference.  
– Geospat. Health 9: 221–229.

Fitzpatrick, M. C. et  al. 2006. The biogeography of prediction 
error: why does the introduced range of the fire ant over-predict 
its native range? – Global Ecol. Biogeogr. 16: 24–33.

Fourcade, Y. et  al. 2014. Mapping species distributions with  
MAXENT using a geographically biased sample of presence 
data: a performance assessment of methods for correcting  
sampling bias. – PLoS One 9: e97122.

Gallien, L. et al. 2012. Invasive species distribution models – how 
violating the equilibrium assumption can create new insights. 
– Global Ecol. Biogeogr. 21: 1126–1136.

Gillingham, P. K. et al. 2012. The relative importance of climate 
and habitat in determining the distributions of species at  
different spatial scales: a case study with ground beetles in Great 
Britain. – Ecography 35: 831–838.

Glennon, K. L. et  al. 2014. Evidence for shared broad-scale  
climatic niches of diploid and polyploid plants. – Ecol. Lett. 
17: 574–582.

Goncalves, E. et al. 2014. Global invasion of Lantana camara: has 
the climatic niche been conserved across continents? – PLoS 
One 9: e111468.

Guillera-Arroita, G. et  al. 2015. Is my species distribution  
model fit for purpose? Matching data and models to applica-
tions. – Global Ecol. Biogeogr. 24: 276–292.

Guisan, A. et al. 2013. Predicting species distributions for conser-
vation decisions. – Ecol. Lett. 16: 1424–1435.

Guisan, A. et al. 2014. Unifying niche shift studies: insights from 
biological invasions. – Trends Ecol. Evol. 29: 260–269.

Hayes, K. R. and Barry, S. C. 2007. Are there any consistent  
predictors of invasion success? – Biol. Invasions 10: 483–506.



280

Tingley, R. and Herman, T. B. 2009. Land-cover data improve 
bioclimatic models for anurans and turtles at a regional scale. 
– J. Biogeogr. 36: 1656–1672.

Tingley, R. et  al. 2013. Life-history traits and extrinsic  
threats determine extinction risk in New Zealand lizards.  
– Biol. Conserv. 165: 62–68.

Tingley, R. et  al. 2014. Realized niche shift during a global  
biological invasion. – Proc. Natl Acad. Sci. USA 111:  
10233–10238.

Tingley, R. et  al. 2015a. European newts establish in Australia, 
marking the arrival of a new amphibian order. – Biol. Invasions 
17: 31–37.

Tingley, R. et al. 2015b. Data from: Patterns of niche filling and 
expansion across the invaded ranges of an Australian lizard.  
– Dryad Digital Repository, <http://dx.doi.org/10.5061/
dryad.7vs3d>.

Urban, M. C. et  al. 2007. The cane toad’s (Chaunus [Bufo]  
marinus) increasing ability to invade Australia is revealed by a 
dynamically updated range model. – Proc. Biol. Sci. 274: 
1413–1419.

Václavík, T. and Meentemeyer, R. K. 2012. Equilibrium or not? 
Modelling potential distribution of invasive species in different 
stages of invasion. – Divers. Distrib. 18: 73–83.

Warren, D. L. et al. 2008. Environmental niche equivalency versus 
conservatism: quantitative approaches to niche evolution.  
– Evolution 62: 2868–2883.

change refugia for terrestrial biodiversity: defining areas that 
promote persistence and ecosystem resilience in the face of 
global climate change. National Climate Change Adaptation 
Research Facility, pp. 77–96.

Schulte, U. et al. 2012. Cryptic niche conservatism among evolu-
tionary lineages of an invasive lizard. – Global Ecol. Biogeogr. 
21: 198–211.

Silverman, B. 1986. Density estimation for statistics and data 
analysis. – Chapman and Hall.

Soberón, J. and Nakamura, M. 2009. Niches and distributional 
areas: concepts, methods, and assumptions. – Proc. Natl Acad. 
Sci. USA 106: 19644–19650.

Stiels, D. et  al. 2015. Niche shift in four non-native estrildid 
finches and implications for species distribution models. – Ibis 
157: 75–90.

Strubbe, D. et al. 2013. Niche conservatism in non-native birds in 
Europe: niche unfilling rather than niche expansion. – Global 
Ecol. Biogeogr. 22: 962–970.

Strubbe, D. et al. 2015. Niche conservatism among non-native verte-
brates in Europe and North America. – Ecography 38: 321–329.

Thuiller, W. et  al. 2004. Effects of restricting environmental  
range of data to project current and future species distributions. 
– Ecography 27: 165–172.

Thuiller, W. et  al. 2005. Niche-based modelling as a tool for  
predicting the risk of alien plant invasions at a global scale.  
– Global Change Biol. 11: 2234–2250.

Supplementary material (Appendix ECOG-01576 at  
< www.ecography.org/appendix/ecog-01576 >). Appendix 1.


