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Abstract
Aim: Introduced species often occupy different climates in their introduced than 
their native range, but to what degree do such ‘climatic niche shifts’ interfere with 
our ability to predict invasions? Answering this question is crucial if we are to under-
stand the threat invasive species pose to human and natural systems, especially given 
the ever increasing use of species distribution models as tools for invasive species 
risk assessment and management. Here we investigated the degree to which climatic 
niche shifts interfered with the transferability of native-  and introduced- range spe-
cies distribution models.
Location: Our dataset consisted of c. 14 million occurrences distributed worldwide.
Time period: Occurrence data were collected from online repositories dating from 
c. 1600 with the vast majority being from the 20th century. Climatic data represent 
means between 1970 and 2000.
Major taxa studied: Our database represented 815 terrestrial plant species.
Methods: We used ordination to identify climatic niche shifts as species moved 
between continents. Next, we trained separate Maxent models using native-  or 
introduced- range occurrences, and projected those models into each species’ intro-
duced range. We compared the ordination and Maxent models to determine whether 
niche shifts were associated with errors in Maxent predictions.
Results: Models trained on native- range occurrences poorly predicted introduced- 
range occurrences, and transferability was lowest in species with large climatic niche 
shifts. Directional shifts in species’ predicted geographic distributions mirrored their 
niche dynamics. This is concerning because native- range data are often used to pre-
dict introduced- range distributions.
Main conclusions: Our results highlight the importance of considering niche shifts 
when modelling the potential geographic distributions of introduced species, and 
cast doubt on the assumption that the climatic niche of a species can be transferred 
between native and invasive ranges.
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1  | INTRODUC TION

Introduced species pose a major— and increasing— threat to biodi-
versity, human health, and natural resources (Pimentel et al., 2001; 
Simberloff et al., 2013). Over nearly four decades, species distribu-
tion models (SDMs) have emerged as promising tools for predicting 
species responses to global change (Booth et al., 2014). Provided 
that information about a species’ habitat in one part of its range (e.g. 
its native range) can be transferred elsewhere (e.g. its introduced 
range), SDMs allow us to predict the distribution of introduced spe-
cies as they spread beyond their native range or respond to climate 
change (Guisan et al., 2014; Peterson & Vieglais, 2001).

However, the transferability of SDMs has been repeatedly ques-
tioned. Methodological challenges include the sensitivity of SDMs 
to data quality, sampling bias, absence estimation, and extrapolation 
(Phillips et al., 2009). Another more fundamental issue is that species 
often occupy different environments when they move to a new con-
tinent— a process termed a ‘niche shift’, which may involve changes 
to either the realized or fundamental niche (Atwater et al., 2018; 
Early & Sax, 2014; Gallagher et al., 2010; X. Liu et al., 2016). Such 
concerns challenge the core assumption of niche conservatism that 
underlies the use of SDMs for predicting the spread of invasive spe-
cies (Pearman et al., 2008; Pearson & Dawson, 2003).

Accumulating evidence suggests that niche shifts may be an ex-
pected outcome of introduction. Although the underlying cause is 
unclear, climatic niche shifts have been observed in individual spe-
cies (Broennimann et al., 2007; Fitzpatrick et al., 2007; Medley, 2010; 
Rödder & Lötters, 2009). Studies of up to 128 species have produced 
conflicting results, with some finding evidence of climatic niche 
shifts (Early & Sax, 2014; Gallagher et al., 2010; X. Liu et al., 2016) 
and others not (Peterson, 2011; Petitpierre et al., 2012; Strubbe 
et al., 2013). Recently, a study involving 815 terrestrial plant spe-
cies on five continents found climatic niche shifts to be overwhelm-
ingly common, affecting 65– 100% of species (Atwater et al., 2018). 
Although a consensus is building, with a majority of studies now re-
porting niche shifts, conflicting results continue to cast uncertainty 
on the frequency and importance of climatic niche shifts in invasive 
species (C. Liu et al., 2020).

The causal agents of niche shifts are unknown (Warren 
et al., 2008). They may relate to biological factors such as changes in 
the fundamental niche, for example, as species evolve in a new range; 
changes in the realized niche, for example, because the distribution 
of newly introduced species is still equilibrating; disequilibrium in the 
native range; different biotic interactions between ranges; climate 
unavailability in the introduced range; or to modelling issues such 
as choice of background or ‘pseudo- occurrence’ data; choice of pre-
dictor variables; or other errors in modelling (Fan et al., 2018; Keane 
& Crawley, 2002; Perret et al., 2019; Regos et al., 2019; Rödder & 
Lötters, 2010; Verbruggen et al., 2013). Likewise, the degree to 
which niche shifts affect SDMs is also unknown, although studies 
suggest that niche shifts may interfere with SDM transferability 
(Broennimann et al., 2007; Camenen et al., 2016; Perret et al., 2019; 

Tingley et al., 2014), with poorer transferability in species with 
stronger climatic niche shifts (Fernández & Hamilton, 2015).

Even when niche models and SDMs are fit using the same data, 
it may not be safe to assume that a niche shift translates to a change 
in the predicted distribution of a species. For example, climatic an-
isotropies (i.e. variation in the combinations and correlations of cli-
matic variables across space) can cause apparent fundamental niche 
shifts even when none actually exist (Soberón & Peterson, 2011). 
Compounding the issue, ordination models, which are perhaps the 
most used models for evaluating niche shifts, are practically limited 
to two predictors (Broennimann et al., 2012; Guisan et al., 2014), 
although that restriction does not exist for SDMs such as Maxent 
(Merow et al., 2013). Thus, Maxent and ordination methods might 
differ in their tendency to register niche shifts by virtue of how many 
predictors are conventionally used. Furthermore, it is possible that 
niche shifts primarily occur in uncommon or marginal climates, with 
little effect on the distribution of a species as predicted by SDMs. 
Currently, we know very little about the relationship between niche 
dynamics and the transferability of SDMs except that it probably 
varies among species (Fernández & Hamilton, 2015).

In this study we used a database of 815 plant species that have 
been introduced beyond their native range (Atwater et al., 2018) 
to determine whether climatic niche shifts affected the predicted 
geographic distribution of those species in their introduced ranges. 
To do this, we used ordination models to measure climatic niche 
shifts between each species’ native and introduced ranges (Atwater 
et al., 2018; Schoener, 1968). We next used Maxent (Phillips 
et al., 2006) to fit SDMs in both the native and introduced range, and 
projected those models into the introduced range. We compared 
the distributions predicted by native-  and introduced- range Maxent 
models to quantify SDM transferability, and then related these to 
the niche shifts that have been observed. Many species’ native and 
introduced ranges extended to more than one continent, and for 
those species we estimated niche shifts and transferability for each 
pair of native-  and introduced- range continents (N– I comparisons). 
Furthermore, for those species with native ranges on multiple con-
tinents, we evaluated niche shifts and transferability of SDMs be-
tween native- range continents (N– N comparisons). These analyses 
enabled us to investigate (a) whether native-  or introduced- range 
models better forecasted the introduced distribution of a plant spe-
cies, and (b) the degree to which niche shifts corresponded to de-
creased transferability of SDMs among continents.

2  | METHODS

We compared climatic niche models (using ordination, in a previ-
ous study; Atwater et al., 2018) and SDMs (using Maxent, here) of 
815 terrestrial plant species in their native and introduced ranges. 
The species in this dataset were native to every continent except 
Antarctica. Occurrence data were downloaded from the Global 
Biodiversity Information Facility (Global Biodiversity Information 
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Facility, http://www.gbif.org) between January 2013 and June 2015. 
Data in the United States were supplemented with occurrences 
from the Early Detection and Distribution Mapping System (Early 
Detection and Distribution Mapping System, http://www.eddmaps.
org). Species occurrence data were georeferenced to whatever pre-
cision the data author chose, although these data in general were 
sampled at a higher precision than the precision of the climatic data 
used in this study.

2.1 | Climate data

We accessed 2.5 arc- minute current (1970– 2000) global climate data 
from the WorldClim (Hijmans et al., 2005) Global Climate Database. 
We reduced the 19 original climate variables to four varimax- rotated 
principal components that encompassed 90% of the variance of the 
original variables. The rotated components corresponded to high 
temperature with low seasonality (RC1), high precipitation (RC2), 
high maximum temperature and high diurnal temperature range 
(RC3), and low precipitation seasonality (RC4). We used the top two 
components to construct ordination models, but all four were used 
for the Maxent models. Principal component analysis was done using 
package ‘psych’ (Revelle, 2013) in R (R Core Team, 2015).

2.2 | Species occurrences

We used Cox et al.’s classification scheme (Cox et al., 2001) to as-
sign each occurrence to one of six biogeographic regions: Africa 
(AF: Arabia, the Sahara, and Sub- Saharan Africa), Australasia (AU: 
Australia, New Zealand, and outlying islands), Eurasia (EU: including 
Iceland, Svalbard, Northern Africa, Asia Minor, North and Central 
China, and the Himalayan Plateau), Indopacific (IN: India, southern 
China, Indochina, and Maritime Southeast Asia), North America 
(NA: extending west to Alaska and east to Greenland, and excluding 
southern Mexico) and South America (SA: including Central America, 
southern Mexico, and the Caribbean). The native and introduced 
range of each species was determined by consulting the primary 
and secondary literature (Atwater et al., 2018). Because we used 
ordination models from a previous study, and because in that study 
models were not analysed for the Indopacific due to low sample size 
(Atwater et al., 2018), we also did not construct Maxent models for 
Indopacific occurrences here. Models were fit for each separate spe-
cies in each region in which it occurred. For the purposes of this 
study, a pair of models corresponding to two distinct regions was 
considered to be a ‘comparison’. For example, Cytisus scoparius is na-
tive to Eurasia and introduced in North America and Australasia. For 
C. scoparius, we performed two pairwise ‘comparisons’ between the 

F I G U R E  1   Maxent and ordination 
models for Cytisus scoparius. Top: results 
of a Maxent model fitted on the Eurasia 
(EU) native range and projected to the 
North America (NA) introduced range (a); 
and an ordination model in climate space 
(b). Middle (c– d): models fitted on the 
introduced range and projected back into 
the introduced range. Bottom (e– f): the 
difference between the top and middle 
rows (blue: high native- range occupancy; 
red: higher introduced- range occupancy). 
Values of geographic overlap (DG) and 
climatic niche overlap (DC) are given for 
reference. Introduced- range occurrences 
are plotted
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native and introduced ranges: the EA– AU comparison and the EA– 
NA comparison. All possible pairwise comparisons between each 
species’ native continent and introduced continent were performed 
(N– I comparisons; see Figure 1 for an example). Some species had 
native ranges that spanned multiple continents. For those species, 
we compared the native ranges in all possible pairwise comparisons 
(N– N comparisons). We did not compare multiple introduced ranges 
to one another (e.g. for C. scoparius we did not do an AU– NA com-
parison). For species considered to have native and introduced oc-
currences in a single biogeographic region, separate models were 
fitted for native and introduced occurrences in that region, and 
compared. We evaluated models only from regions with at least 30 
occurrences (e.g. at least 30 native-  and 30 introduced- range occur-
rences). The 815 species analysed here were the subset of species 
(out of an original set of 1,135) that had enough non- Indopacific oc-
currences that both ordinations and SDMs were available.

2.3 | Climatic niche models

Climatic niche models were created in a separate study (Atwater 
et al., 2018), after Broennimann et al. (2012). Each occurrence was 
plotted in a climate space consisting of two rotated components RC1 
and RC2, which was then gridded into 100 × 100 cells representing 
the density of observations in each ‘cell’. The observation density in 
a cell was influenced by four processes: (a) climatic and biotic effects 
on occurrence probability (i.e. the realized niche), (b) geographic 
sampling bias (certain climates were oversampled because certain 
geographic areas were oversampled), (c) climatic sampling bias (com-
mon climates were oversampled), and (d) dispersal limitation. Our 
goal was to measure the first process, requiring us to estimate ef-
fects of the other three processes in order to remove them from the 
final models. Assuming that the overall sampling bias for a region was 
reflected by the distribution of occurrence records for all species in 
that region, we estimated geographic and climatic sampling bias by 
plotting the entire dataset of occurrences in gridded climate space, 
then dividing the gridded ordination model for one species by the 
gridded ordination model for all 815 species (Atwater et al. 2018). 
This approach allowed us to remove climatic sampling and geo-
graphic sampling bias, contingent upon the accuracy of our estimate 
of the latter. After ordinations were binned and bias was removed, 
models were smoothed using thin- plate splines. Our only means of 
addressing dispersal limitation was to constrain the geographic area 
over which models were fitted, by fitting individual models for each 
biogeographic region. Ordination models were constructed using R 
packages ‘dismo’ (Hijmans et al., 2014), ‘fields’ (Nychka et al., 2015), 
‘rgdal’ (Bivand et al., 2014) and ‘raster’ (Hijmans, 2014). Further de-
tails are given elsewhere (Atwater et al., 2018).

Climatic niche models were compared in several ways. We used 
Schoener’s D (Schoener, 1968), a robust metric of niche overlap that 
spans from 0 (no overlap) to 1 (complete overlap), to estimate DC, 
the degree of climatic niche overlap between ranges being com-
pared (i.e. either using N– I or N– N comparisons). A high value of DC 

indicated high overlap between a species’ climatic niches. We char-
acterized niche shifts by measuring niche stability (SC, the area of 
the niche that was occupied in both models being compared), niche 
unfilling (UC, the area of the niche that was occupied in the native 
range but unoccupied in the introduced range) and niche expansion 
(EC, the area of the niche that was unoccupied in the native range and 
occupied in the introduced range). A cell was considered ‘occupied’ 
if it fell within a contour containing 95% of the mass of the model. 
SC, UC and EC were measured by counting the number of cells either 
occupied in both ranges (SC), occupied in the native but not intro-
duced range (UC), or occupied in the introduced but not native range 
(EC). Finally, we measured shifts in the niche centroid along the RC1 
axis by subtracting the centroid position in the native range from the 
centroid position in the introduced range (ΔRC1).

Because niche shifts might not alter species’ geographic distribu-
tions if such shifts occur primarily in rare climates, we correlated the 
strength of the niche shift in each cell in the ordination model with 
the ‘commonness’ of that climate. We measured the strength of the 
niche shift in each cell by subtracting the native- range ordination 
model from the introduced- range model and then calculating the 
absolute value. These were then arcsine square- root transformed. 
Climate commonness was measured as the log- transformed number 
of 2.5 arc- minute geographic ‘cells’ that corresponded to each ordi-
nated point in climate space. Because sampling effects could cause 
spurious correlations, we compared the strength of the climate/shift 
correlation with that observed in 120 randomly resampled ordina-
tion models. A positive correlation would have indicated that niche 
shifts occurred in common climates, a negative correlation would 
have indicated that niche shifts occurred in rare climates.

2.4 | Species distribution models (SDMs)

Geographic predictions were made using Maxent version 3.4.1 
(Phillips et al., 2006), a popular machine- learning algorithm that 
predicts geographic distributions using presence- only occurrence 
data. Maxent generates a geographic map of ‘habitat suitability’ 
estimates corresponding roughly to relative occurrence probability 
(Elith & Leathwick, 2009). Given the large number of models needed 
(c. 60,000) and the need to compare models among species and re-
gions, default parameters were used. Outputs were complementary 
log- log scaled. Predictors consisted of the four rotated principal 
component scores described above. Maxent models included two 
predictors (RC3 & RC4) not used in ordination. Our rationale for 
this was that in a ‘real- world’ setting, Maxent models would be fit 
using more than two variables. The goal of this study being to ob-
serve how climatic niche shifts impact SDMs as typically applied, we 
opted to use the expanded predictor set for our SDMs, anticipating 
that it may have affected our results. Rotated principal components 
analysis (PCA) variables were used rather than a subset of the 19 
WorldClim variables for consistency with the ordinations.

Background data were sampled from the total dataset of oc-
currences of all species in a region, excluding the species being 
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tested. This was done, rather than drawing points randomly from all 
available geographic space in a region, in order to account for geo-
graphic sampling biases observed in species occurrence records, and 
to match the bias- removal procedures used for ordination models 
(Atwater et al., 2018; Merow et al., 2013). We used 10,000 back-
ground points for training and 2,000 for testing. Likewise, we used 
75% of species occurrences for training with the rest for cross vali-
dation. For each species in each region, 10 models were fitted with 
randomly resampled training points, and these were then averaged. 
Models were run in R (R Core Team, 2015) using packages ‘maxent’ 
(Jurka & Tsuruoka, 2013) and ‘java’ (Urbanek, 2018).

We compared Maxent models trained on the native versus intro-
duced ranges using metrics equivalent to those used to compare or-
dination models. We used Schoener’s D (Schoener, 1968) to evaluate 
overlap (DG) in the geographic distributions predicted by (a) a spe-
cies’ native- range Maxent model projected onto an introduced re-
gion (N- to- I) and (b) an introduced- range model projected back onto 
the same introduced region (I- to- I). Comparison of these two models 
(N- to- I versus I- to- I) constituted an ‘N– I comparison’, as discussed 
above. For species with native and introduced ranges on multiple 
continents, the model trained in each native region was projected 
to each introduced region. DG ranged from 1 to 0, with 1 indicating 
high overlap between N- to- I and I- to- I models, and 0 indicating no 
overlap. Schoener’s D is commonly used to compare species’ niches, 
but not often to compare ranges, partly because it obscures informa-
tion about predicted habitat suitability. Our rationale for using this 
metric was that it allowed predicted distributions and niche shifts to 
be directly compared.

As with the ordination models, we measured stability, unfilling 
and expansion of the geographic distribution, although our approach 
differed because calculating contours for Maxent models was im-
practical and would have lost information about predicted habitat 
suitability. Instead, for geographic models we counted a cell as occu-
pied if it had a habitat suitability value of at least .500 and used that 
threshold of occupancy to estimate geographic expansion, stability, 
or unfilling. Care should be taken in interpreting this threshold as 
ecologically meaningful (Merow et al., 2013). Finally, we estimated 
the introduced- range size (NG) as the total number of cells (each 
being an approximately 2 km × 2 km square) with habitat suitabil-
ity ≥ .500, and we estimated the total change in habitat suitability 
throughout the species’ range (ΔHS) by subtracting the summed hab-
itat suitability scores in the native range from the summed habitat 
suitability scores in the introduced range. We note that while SG, UG, 
EG and NG depended on specification of a suitability threshold, DG 
and ΔHS did not.

To create N– N comparisons for species with native ranges span-
ning multiple continents, we trained models on each native- range 
continent. We then projected those models onto every other native- 
range continent. For example, if a species was native to both North 
and South America, we trained separate models for both continents. 
We then projected NA- to- NA, SA- to- SA, NA- to- SA and SA- to- NA. 
The N– N comparison for North America involved calculating DG 
between the NA- to- NA and SA- to- NA models. Likewise for South 

America. These N– N models were important because they provided 
a baseline for evaluating the transferability of N– I models. If N– I 
and N– N models showed similar discrepancies, then the problem 
of niche transferability was general, but if the N– I models showed 
greater discrepancies than N– N models, then niche transferability 
problems were specific to recently introduced species. In addition 
to creating N– I and N– N comparisons between continents, we also 
fit climatic and geographic models to the global dataset of all occur-
rences for a species, and made global N– I comparisons.

2.5 | Comparing ordinations and SDMs

To directly evaluate interacting effects of comparison type (N– N 
versus N– I) and model type (SDM versus climatic niche) on overlap, 
we used a Bayesian general linear mixed model, with comparison 
type and model type as fixed effects, with random intercepts of spe-
cies and region, and overlap (D) as a response variable. This model 
was only specified with D as a response variable because it was the 
only metric directly comparable between climatic and geographic 
models. We also ran a battery of models testing each SDM transfer-
ability metric (DG, SG, UG, EG, NG and ΔHS) against each niche- shift 
metric (DC, SC, UC, EC and ΔRC1). All variables were cube- root trans-
formed and then centred and scaled at mean = 0 and SD = 1, except 
for DG, DC and ΔRC1, which were not transformed prior to centring 
and scaling. In each model, comparison type (N– I versus N– N) was 
used as a fixed factor with random intercepts for species and region. 
To explore how species characteristics influenced SDM transferabil-
ity, we ran separate models with either growth form (annual, peren-
nial or woody) or cultivation status (not cultivated, some cultivation 
or widely cultivated) as a fixed effect. Data on growth form and 
cultivation status were taken from the United States Department 
of Agriculture Germplasm Resources Information Network (USDA 
GRIN) Taxonomy Database (accessed July 2016, http://www.ars- 
grin.gov). We allowed interactions among all fixed effects. All mod-
els were specified separately because of correlations among both 
predictors and response variables. Models were fit using R package 
‘rstanarm’ (Goodrich et al., 2020). We used default, uninformative 
priors and default values of all parameters, except that models were 
run for 4,000 iterations. Posterior estimates were taken from 8,000 
samples. Global models were fixed- effect models with growth form 
as a predictor. Effects of comparison type were not evaluated be-
cause global N– N models were not created.

To evaluate the ‘sensitivity’ of SDMs to niche shifts we compared 
slopes of the response variable against the continuous predictor in 
the model. Particularly when the response and continuous predic-
tor were equivalent (e.g. EG against EC), a positive slope meant that 
SDMs were sensitive to niche shifts. We also measured the cor-
relation between DG and DC, a positive correlation indicating that 
species with strong climatic niche shifts among continents tend also 
to have low transferability of SDMs. The predictive ability of N- to- I 
and I- to- I models was evaluated by measuring area under the curve 
(AUC) and by calculating the proportion of occurrences that fell 
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within different predicted habitat suitability thresholds. Differences 
in AUC between N– I and N– N models were evaluating by fitting a 
model of AUC against region crossed with comparison type, with 
species as a random effect. We chose AUC because it is the most 
common metric of fit of Maxent models, although it is known to be 
misleading when applied to presence- background models, in species 
not at equilibrium, with low sampling effort, and poor information 
about sampling effort (Merow et al., 2013).

3  | RESULTS

On average, geographic overlap (DG) and stability (SG) were lower 
in N– I than N– N comparisons, with high unfilling (UG) in N– I mod-
els. Interestingly, N– I models also had slightly less geographic ex-
pansion (EG) than N– N models (Figure 2). As a result, models trained 
on species’ introduced ranges predicted c. 50% less suitable area in 
the introduced region than models trained on species’ native ranges 
(NG; Figure 2). Introduced- range occurrences were better predicted 
by models trained on introduced- range data than by models trained 
on native- range data: marginal effects of comparison type (N– I ver-
sus N– N) on AUC values were stark, with N– I posterior estimates 
being higher than N– N estimates except in less than 1% of repli-
cates in Australasia (Supporting Information Figure S1, Table S1), and 
N– N models required much larger habitat suitability envelopes to 
encompass occurrences, indicating higher specificity of N– I mod-
els (Figure 3c). Overall, DC (climatic niche overlap) and DG (SDM 

overlap) were correlated (Figure 3b, Table 1). This DC– DG correlation 
was greater for the N– I comparisons than for the N– N comparisons 
(Table 1). Marginal posterior probability distributions of effects of 
comparison type (N– I versus N- =– N) and model type (geographic 
versus climatic) revealed complete separation between groups, 
with DC being less than DG in all models, and with N– I comparisons 
having lower overlap than N– N comparisons in 99.99% of models 
(Figure 3a). The difference between DC and DG was especially pro-
nounced in N– N comparisons.

Models of DG, SG, UG and EG all showed that SDMs were moder-
ately sensitive to niche shifts, with β ≈ .50 (Figure 4), although the 
degree of sensitivity differed according to comparison type, growth 
form, and cultivation (Figures 4 and 5, Supporting Information Figure 
S2). Effects of growth form and cultivation were difficult to general-
ize, except that the distribution of woody and widely cultivated spe-
cies were less sensitive to niche shifts than other species (Figure 4, 
Table 2). Geographic expansion and unfilling— and to some extent 
overlap— were more sensitive to EC and UC, respectively, in the N– I 
than N– N comparisons. The only case in which sensitivity was lower 
in the N– I than N– N models was in models of stability with culti-
vation as a factor (Figure 4). Sensitivity of global models was lower 
than region- specific models for most metrics and most growth forms 
(Supporting Information Table S2).

In general, while SDMs were most sensitive to equivalent niche 
metrics, for example, SG to SC, or UG to UC, we saw some consistent 
relationships between other variables (see Supporting Information 
Figures S3– S6). For example, geographic overlap (DG) was sensitive 

F I G U R E  2   Raw data from species 
distribution model (SDM) comparisons. 
Lines indicate 95% quantile range, boxes 
indicate interquartile range and dots 
indicate medians (shown as text). Fill 
indicates comparison type [white: native- 
range continents (N– N), grey: native-  and 
introduced- range continents (N– I)]. 
Geographic overlap (DG) is a measure 
of proportional overlap. For geographic 
stability (SG), unfilling (UG), expansion 
(EG) and range size (NG) units are number 
of cells. For change in habitat suitability 
(ΔHS) units are net change in habitat 
suitability, in which changes in habitat 
suitability values (– 1 to 1) of all cells are 
summed
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F I G U R E  3   (a) Posterior predictions from the model of overlap with comparison type [native-  and introduced- range continents (grey: N– I) 
versus native- range continents (white: N– N)] and model type (niche versus geographic) as predictors. Lines show 95% confidence intervals 
and boxes are interquartile ranges. (b) Values of climatic niche overlap (DC) and geographic overlap (DG) for the N– I (open) and N– N (closed) 
comparisons. The solid line plots DC = DG. (c) Median ± interquartile proportion of observations correctly predicted by Maxent models using 
the indicated habitat suitability threshold. Models were either trained on the native range and projected into the introduced range (N- to- I: 
solid), or trained on the introduced range and projected back into that same range (I- to- I: dashed). Note that the difference between the N- 
to- I and I- to- I Maxent models constitutes an N– I comparison

Comparison DG DC r n p

N– I .480 ± .200 .400 ± .189 .456 1,925 <.0001

N– N .608 ± .168 .339 ± .199 .365 389 <.0001

Overall .502 ± .201 .350 ± .199 .455 2,316 <.0001

TA B L E  1   Estimates of geographic 
overlap between models (DG), climatic 
niche overlap between models (DC) 
and the correlation between them (r). 
Comparisons between native-  and 
introduced- range continents (N– I) and 
native- range continents (N– N) are shown

F I G U R E  4   Marginal posterior effects of climatic overlap, stability, unfilling, and expansion on the respective geographic metric. These 
effects indicate the sensitivity of species distribution models (SDMs) to niche shifts. Models with growth form as a predictor (a– d; W: woody 
species; P: perennial species; A: annual species) and cultivation as a predictor (e– h) are shown. Numbers next to native-  and introduced- 
range continent (N– I) comparisons indicate the proportion of models with greater sensitivity estimates than the respective native- range 
continent (N– N) comparison, for example, for woody plants, N– I comparisons were more sensitive than N– N comparisons to variation in 
climatic niche overlap in only 3.3% of models
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to niche stability (SC), and geographic stability (SG) was sensitive to 
niche overlap (DC). Niche stability and overlap were associated with 
higher introduced- range size (NG; Supporting Information Figure S4). 
Niche unfilling (UC) was associated with decreases in ΔHS, meaning 
that the size of species’ predicted distributions on novel continents 
was reduced for species with higher niche unfilling, especially in N– I 
comparisons (Supporting Information Figure S5). Likewise, niche ex-
pansion (EC) correlated with increases in ΔHS and NGI. Again, this was 
more pronounced in the N– I comparisons (Supporting Information 
Figure S6). Interestingly, species that shifted towards warmer cli-
matic niches experienced consistent changes in SDMs. Climatic 
niche shifts towards warmer climates were associated with de-
creases in distribution size, increases in unfilling, and decreases in 
expansion. This pattern was largely independent of comparison type 
(Supporting Information Figure S7).

Overall, N– N models had greater transferability than N– I mod-
els (Figures 4 and 5). However, N– N models also showed more geo-
graphic expansion than N– I models. In models of DC on DG, perennial 
plants had higher range overlap in N– N than N– I models at all values 
of DC. Annual plants had higher range overlap in N– N than N– I mod-
els only at low values of niche overlap, and the opposite was true 
for woody plants (Figure 6a). Stability was higher in N– N than N– I 
comparisons for all values of SC in both annual and perennial plants 
(Figure 6b). Perennial and woody plants showed greater unfilling in 
N– I than N– N models, but only at low values of UC. Perennial and 
woody plants showed greater expansion in N– I than N– N models 
at high values of EC, with the opposite pattern in annual plants. 
Interactions between cultivation status, niche metrics, and compar-
ison type were complex without clear patterns except that the dif-
ference between N– I and N– N models was greatest in uncultivated 

F I G U R E  5   Effects of niche shifts on species distribution models (SDMs). Colour indicates comparison type [blue: native- range continents 
(N– N); red: native-  and introduced- range continents (N– I)] and line type indicates growth form (solid: annual; dashed: perennial; dotted: 
woody). The thick line shows the median model, the cloud of transparent lines shows all model permutations
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plants (Figure 7). There was no overall correlation between climate 
commonness and niche shift magnitude, although in 20.6% of spe-
cies positive correlations were observed, and in 24.5% negative cor-
relations were observed (Figure 6).

4  | DISCUSSION

Accumulating evidence suggests that introduced species may ex-
perience climatic niche shifts when moving to new continents be-
cause of changes to their fundamental or realized niche (Atwater 
et al., 2018; Early & Sax, 2014; Fitzpatrick et al., 2007; Gallagher 
et al., 2010; X. Liu et al., 2016; Medley, 2010; Perret et al., 2019; 

Rodder & Lotters, 2009; van Boheemen et al., 2019; but see 
Petitpierre et al., 2012; C. Liu et al., 2020). Whereas niche shifts are 
evaluated in ‘climatic space’— usually with ordination techniques— 
the general goal of species distribution models (SDMs) is to project 
climatic niche models into geographic space using Maxent or other 
predictive models. Therefore, climatic niche shifts are not practically 
important unless they alter the predicted geographic distribution of 
species. If they do, niche shifts pose a serious problem for predicting 
the movement of invasive species (Pearman et al., 2008; Pearson & 
Dawson, 2003).

Niche shifts should be expected to affect SDMs, especially 
for niche and range models fitted on the same occurrence data. 
Moreover, there are several reasons that SDMs might not be 

Model Type Metric Comparison
Prop. 
Greater 2- tailed

Growth form models Overlap (D) Annual versus perennial .9184 .1633

Annual versus woody .9996 .0008

Perennial versus woody .9959 .0083

Stability (S) Annual versus perennial .4021 .8043

Annual versus woody .8630 .2740

Perennial versus woody .9008 .1985

Unfilling (U) Annual versus perennial .0805 .1610

Annual versus woody .5251 .9498

Perennial versus woody .8134 .3733

Expansion (E) Annual versus perennial .0906 .1813

Annual versus woody .8789 .2423

Perennial versus woody .9815 .0370

Cultivation status 
models

Overlap (D) No versus some 
cultivation

.9915 .0170

No versus wide 
cultivation

.9606 .0788

Some versus wide 
cultivation

.6501 .6998

Stability (S) No versus some 
cultivation

.7304 .5393

No versus wide 
cultivation

.4705 .9410

Some versus wide 
cultivation

.3328 .6644

Unfilling (U) No versus some 
cultivation

.0101 .0203

No versus wide 
cultivation

.2353 .4705

Some versus wide 
cultivation

.7255 .5490

Expansion (E) No versus some 
cultivation

.2083 .4165

No versus wide 
cultivation

.2090 .4180

Some versus wide 
cultivation

.3818 .7535

TA B L E  2   Pairwise comparisons of 
posterior effects of growth form and 
cultivation on the sensitivity of species 
distribution models (SDMs) in native-  
versus introduced- range continent (N– I) 
comparisons (see also Figure 3). ‘Prop. 
Greater’ indicates the proportion of 
models with posterior estimates of the 
first group being greater than the second. 
For example, SDMs were more sensitive 
to niche shifts in annuals than perennials 
in 91.84% of models. The ‘2- tailed’ column 
shows the two- tailed probability of the 
first group being greater, to provide 
comparison to frequentist analyses. Cases 
with two- tailed probabilities ≤ .10 are in 
bold, although care should be taken in 
interpreting this as indicating statistical 
significance. Models are of equivalent 
predictors and response variables [e.g. 
geographic overlap (DG) against climatic 
niche overlap (DC) or geographic stability 
(SG) against climatic niche stability (SC)]
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sensitive to niche shifts. For example, if niche shifts occur primar-
ily in rare climates, they would not translate to range models. Our 
data did not support this explanation, because niche shifts were 
decidedly uncorrelated with climate rarity in general (Figure 7) and 
for species with low SDM transferability (Figure 7c). Alternatively, 
climate anisotropies— differences in commonness of certain cli-
mate variables and correlations among climate variables in differ-
ent regions— could cause overestimation of niche shifts in ways that 
did not transfer to SDMs (Soberón & Peterson, 2011). Furthermore, 
our ordination and Maxent models differed in their predictors, and 
the choice of predictors has a major effect on model performance 
(Elith & Leathwick, 2009; Merow et al., 2013) and transferability 
(Fernández et al., 2012; Regos et al., 2019; Rödder & Lötters, 2010; 
Verbruggen et al., 2013). We observed that SDMs were only moder-
ately sensitive to niche shifts, with standardized posterior effects in 
the .3– .5 range, suggesting that while SDMs were generally sensitive 
to niche shifts, this sensitivity may have been attenuated by climate 
anisotropies or differences in the model procedures.

When we compared climatic niche models and SDMs directly, 
geographic overlap (DG) was unambiguously greater than niche 
overlap (DC), meaning that the modelled distribution of a species 
using Maxent was relatively more stable than its ordinated climatic 
niche, particularly in species with larger distributions. Thus, in gen-
eral, SDM transferability was slightly higher than niche transferabil-
ity. This may have resulted from several, non- exclusive causes. For 
example, it is possible that niche shifts that appeared large in the 
two- dimensional space used for ordination were smaller in multidi-
mensional space used for SDMs. Alternatively, it is possible that the 

two variables measured in ordination contributed less to the SDMs 
compared to the other two variables, or that the use of more vari-
ables made models less sensitive to climate anisotropies (Soberón & 
Peterson, 2011). Finally, the modelling techniques themselves may 
have varied in their sensitivity or bias. Irrespective of the process 
at work, in our models niche transferability was consistently lower 
than SDM transferability. Previous studies have detected effects of 
range size on niche shifts (Barnes et al., 2014; Early & Sax, 2014; 
Li et al., 2014; Perret et al., 2019; Regos et al., 2019), perhaps due 
to greater sensitivity to sampling bias in small samples (Barnes 
et al., 2014). This may partly explain the dynamics of introduced spe-
cies, which tended to have smaller geographic distributions.

Expansions and contractions of the climatic niche were re-
flected in SDMs. For example, species that showed climatic niche 
‘unfilling’ (a tendency to leave suitable climates unoccupied after 
moving between continents) also experienced geographic range 
‘unfilling’, resulting in smaller geographic distributions. SDM sensi-
tivity to changes in the climatic niche was in general stronger for 
introduced species than native species. Unfilling is thought to result 
from a lag between colonization and range expansion (Petitpierre 
et al., 2012), so it is unsurprising that niche contractions in climatic 
space corresponded to predictions of lesser geographic spread, par-
ticularly in introduced species. Our study provides further support 
(Camenen et al., 2016; Li et al., 2014; C. Liu et al., 2020; Strubbe 
et al., 2013) for the hypothesis that niche dynamics in introduced 
species are dominated by unfilling (Petitpierre et al., 2012; Václavík 
& Meentemeyer, 2012), and that this is borne out in geographic mod-
els (but see Early & Sax, 2014; Pili et al., 2020).

F I G U R E  6   Proportion of models 
in which species distribution model 
(SDM) discrepancies were greater in 
native-  and introduced- range continent 
(N– I) than native- range continent (N– N) 
comparisons, as a function of the strength 
of the niche dynamics. Line type indicates 
growth form (annual: solid; perennial: 
dashed; woody: dotted). Perennial species 
are plotted in panels (a) and (b) but 
have values at or close to zero. Dashed 
horizontal lines show 2.5, 50 and 97.5% 
thresholds. For example, panel (a) shows 
that N– I models had lower posterior 
estimates of geographic overlap (DG) than 
nearly all N– N models for low values of 
climatic niche overlap (DC). However, 
when DC was around .8, values of DG were 
estimated to be similar in the N– I and 
N– N models. In other words, geographic 
overlap was much lower in N– I than N– N 
models for species with low niche overlap, 
but not for species with very high niche 
overlap
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Climatic niche shifts have been shown to vary according to 
growth form, with the strongest shifts occurring in short- lived 
species (Atwater et al., 2018). Functional traits are known to alter 
the niche occupied by invasive plants (Sodhi et al., 2019; Violle & 
Jiang, 2009) and to affect invasion outcomes (Moles et al., 2008; 
Van Kleunen et al., 2010), but the relationship between species traits 
and invasion success remains unclear (Moles et al., 2008). Our data 
showed no clear link between species traits and SDM transferability; 
although species differed in their transferability, there was no pre-
dictable, fundamental effect of growth form on SDM transferabil-
ity, except that woody species were exceptionally variable, perhaps 
owing to their enormous functional diversity. The transferability of 
an SDM is a property of the SDM itself, not of the species being 
modelled. Thus, lack of a link between species traits and model 
transferability meant that growth form was not associated with 
SDMs having particular properties that influenced their transferabil-
ity. For species distribution modellers, this means that species traits 

are unlikely to affect model transferability per se. The exception to 
this was recently introduced species (i.e. N– I comparisons), which 
consistently had SDMs with less overlap and more sensitivity to 
niche shifts than native species.

Regardless of whether the difference between SDM and niche 
transferability was ecologically ‘real’— that is, whether species geo-
graphic distributions were truly more stable than their climatic 
niches, or whether model disagreements were methodologically 
based— the results of 815 terrestrial plant species show that Maxent 
models may be more transferrable between continents than sug-
gested by ordination. However, native-  and introduced- range mod-
els consistently produced quantitatively (Figure 1b) and qualitatively 
different predictions (e.g. Figure 3). Thus, our results stress cau-
tion: first, because SDMs fit on native- range data poorly predicted 
introduced- range occupancy; second, because niche shifts signifi-
cantly reduced the transferability of Maxent SDMs; third, because 
climatic niche shifts produced clearly equivalent errors in SDMs; and 

F I G U R E  7   Correlations between niche shift strength and climate commonness for each native-  and introduced- range continent (N– I) 
species comparison, plotted against (a) the total number of occurrences used to construct the niche models (native plus introduced), (b) 
the change in habitat suitability (ΔHS), (c) the range overlap (DG) and (d) the range stability (SG). A dashed line shows a zero- correlation. 
Colour indicates significance as compared to randomly resampled data (red: positive, grey: no correlation, blue: negative). A moving- average 
trendline is shown for reference (black)
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fourth, because introduced species were especially susceptible to 
problems with model sensitivity. Clearly, climatic niche shifts must 
receive more study if we are to accurately forecast the distributions 
of introduced species using correlational models.
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