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a b s t r a c t
Statistical models relating species distributions to environmental data are now commonly applied to predict
where invasive species may become established or how range limits may shift under climate change. As species
absences can originate from factors other than an unsuitable environment (e.g. dispersal constraints), the models
that discriminate between occupied and unoccupied environments are likely to underestimate potential ranges.
However, the techniques that “envelope” the occupied environments (i.e. proﬁle techniques) usually rely on simple convex estimators (e.g. elliptical or rectangular shapes), which tend to overestimate these ranges. Here we
describe alpha-shapes, a proﬁle-type technique that relaxes the assumption of convexity. By using native
range data for the invasive African clawed frog, we demonstrate how this technique can be used to model climatic
envelopes of variable complexity. In particular, we compared predictions from an envelope maximizing discrimination between presences and absences, an envelope tightly enclosing all occupied climatic combinations (i.e. the
minimum bounding envelope) and an “expert-based” generalization of the previous. In addition, we also use this
technique to identify climatic combinations that are outside the climatic space of the study area (i.e. non-analog
climates). The envelope accounting for the absences of the African clawed frog achieved a high discrimination ability (true skill statistics = 0.71), but failed to predict many of the areas in which the species occurs. Predictions
based on the minimum bounding envelope encompassed all species occurrences while still providing a sharp delineation of its distribution range. The generalized version of the previous envelope also captured all occurrences,
but predicted a wider extent of suitable areas. We also found that most parts of the world present climatic conditions that are non-analog to those of our study area. Although conceptually more suitable for predicting species
distributions across space and time than presence–absence models, proﬁle techniques are frequently overlooked
because of their inability to ﬁt ﬂexible envelopes. Here, we demonstrate that alpha-shapes are a transparent and
intuitive proﬁle-type technique that has this ﬂexibility.
© 2014 Elsevier B.V. All rights reserved.

1. Introduction
Correlative species distribution models (SDMs) (Elith and Leathwick,
2009; Guisan and Thuiller, 2005) are the most practical and popular approach for estimating the geographical distribution of species. Mainly
used for interpolation in their early years (e.g. Carroll et al., 1999), these
models are now also widely applied in a range of ecological and evolutionary research questions that imply extrapolating species distributions
to new areas or time periods, such as anticipating biological invasions
(Jiménez-Valverde et al., 2011), predicting species' past distributions
(Nogués‐Bravo, 2009) or range shifts in response to climate change
(Thomas et al., 2004). In parallel, the statistics, based on which SDMs
have been developed, have also diversiﬁed considerably: complex
machine learning algorithms, regression-based models, classiﬁcation
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techniques, distance metrics, and environmental envelopes are all examples of techniques now commonly employed (e.g. Elith et al., 2006). Particularly interesting is the resilience of proﬁle techniques, i.e. those
exclusively using species occurrences. These correspond to some of the
simplest and earliest statistics used for SDM, such as BIOCLIM (Busby,
1991), DOMAIN (Carpenter et al., 1993), or Mahalanobis distances
(Farber and Kadmon, 2003), and despite their apparently lower predictive ability (Elith et al., 2006), they are still commonly used nowadays
(e.g. Diniz-Filho et al., 2010; Munguía et al., 2012). In the following paragraphs, we brieﬂy discuss some of the attractive properties of proﬁle
techniques, which make us believe that they will continue to be valuable
in the future, particularly for predicting potential distributions in new
spatial or temporal domains. Furthermore, we introduce the use of
alpha-shapes (Edelsbrunner and Mücke, 1994; Edelsbrunner et al.,
1983) for SDM, which is a proﬁle-type technique that allows overcoming
some of the most common limitations of this group of models.
Perhaps, the main attractiveness of proﬁle techniques concerns their
independence from absence data. While data on species presence are
now widely available from museums or online databases (e.g. GBIF;
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http://data.gbif.org), absence data are, however, often inexistent. This
poses a serious difﬁculty to the application of presence–absence models.
A common workaround is to contrast species presence data with the
environmental background, and although good results are apparently
achievable (e.g. Barbet‐Massin et al., 2012), the way in which the background is delimited can severely inﬂuence the predictions (Barbet‐
Massin et al., 2012; Capinha et al., 2011; Elith et al., 2010). Moreover,
when predictions from presence–absence models are applied to new
areas or time periods, it is imperative to consider the factors that are
responsible for the absence of species. As the usual aim of SDM in this
context is to ﬁnd the suite of abiotic conditions suitable for species
(e.g. Elith et al., 2010; Nogués‐Bravo, 2009; Thomas et al., 2004), the
use of absence records caused by non-abiotic factors such as dispersal
barriers or competitors may lead to an underestimation of potential distributions (Jiménez-Valverde et al., 2008, 2011).
Another main feature in favor of proﬁle techniques for extrapolation
concerns their overall technical simplicity and consequent ease of interpretation. Model extrapolation is an undoubtedly risky task and, as
such, should be preceded by a careful scrutiny of the species–environment relationships that are ﬁtted by the models (e.g. Elith and
Graham, 2009; Zurell et al., 2012). This implies that these relationships
should be possible to visualize and not be overly complex (in order to
be interpretable). This is, however, not always the case for presence–
absence techniques, which often produce “opaque” non-parametric response functions composed of a large number of terms (e.g. Prasad
et al., 2006). Moreover, as the researchers' own understanding about
the species ecology may be crucial under extrapolation, it may also
be desirable to opt for models allowing an increased “control” over parameterization. An important distinction between proﬁle techniques
and most of the presence–absence models is that the latter automatically assign weights to each predictor based on its power to differentiate occurrences from absences (or environmental background). This
characteristic can, however, be undesirable under novel conditions because the relative importance of the predictors may not be conserved
(Rödder and Lötters, 2010). Alternatively, proﬁle techniques assume
equal weights for all predictors, allowing researchers to select relevant
predictors based on their own expertise.
Despite the potential advantages mentioned earlier, proﬁle techniques also share several characteristics that can hinder their predictive
ability, regardless of the spatial or temporal domain being investigated.
Importantly, most of these techniques assume the shape of the species'
realized niche (i.e. the set of suitable environmental conditions which is
occupied) a priori. For instance, BIOCLIM ﬁts a rectilinear envelope,
while Mahalanobis distances ﬁt elliptical shapes. The use of simpliﬁed
geometries is an important drawback of these models, because it can
lead to the inclusion (i.e. predict as suitable) of many environmental
combinations that are not, in fact, occupied by the species (Elith and
Burgman, 2003; Farber and Kadmon, 2003; see below). In addition,
these methods are also sensitive to outliers and, in the case of distance
metrics, to bias in the calculation of the species “optimum” from
which distances are measured (Calenge et al., 2008; Rotenberry et al.,
2006). Here, we discuss the application of alpha-shapes to predict species distributions across time or space. Alpha-shapes differ fundamentally from most of the previous proﬁle techniques as they make no
assumption about the shape of the niche. Instead, alpha-shapes attempt to capture the overall “shape” of the niche using a ﬂexible envelope ﬁtting procedure. Moreover, this envelope can be visualized,
scrutinized, and readjusted, if necessary. In the following section, we
describe what alpha-shapes are and exemplify how they can be applied
for SDM using data from the African clawed frog (Xenopus laevis), a
high-proﬁle invasive species. We provide modeling guidance and
show how to detect and measure the potential impact of outliers on
the geographical projections. Finally, we also show that alpha-shapes
can also be applied to delimit non-analog environments, a wellknown source of uncertainty in this ﬁeld of research (Fitzpatrick and
Hargrove, 2009).

2. An introduction to alpha-shapes
The study of shape is a primary theme in many disciplines. To that
end, different methodologies from ﬁelds such as geometry, statistics,
and computer science have been proposed (for a review, see Zhang
and Lu, 2004). Set estimation theory is a branch of statistics that deals
with the problem of approximating an unknown set based on a random
sample of points taken from it. The endeavor of SDMs can be addressed
as a problem of set estimation theory, where the n-dimensional envelope that deﬁnes a species' niche (Hutchinson, 1957) is approximated
based on the position of presence or presence–absence records in the
environmental space. Usually, the problem of set estimation lies on
the identiﬁcation of a suitable estimator for the target set (see Cuevas
and Fraiman, 2009). When the aim is to capture the shape of a set
from a random sample of points (as in SDM), there are different
geometrical structures that can be used as estimators. In many cases,
the attempt relies on the use of simpliﬁed convex estimators such as
the convex-hull or circular forms. However, often, the set is not strictly
convex, and a convex estimator does not produce an effective reconstruction of its shape.
The alpha-convexity is a shape restriction that relaxes the assumption of convexity (Walther, 1997, 1999). An alpha-convex set is not necessarily connected and it can enclose cavities. To capture the shape of an
alpha-convex set from a random sample of points, the alpha-convex
hull of the sample is a suitable estimator (Pateiro-López and
Rodríguez-Casal, 2013). The alpha-convex hull of a point set was ﬁrst
deﬁned in the plane (Edelsbrunner et al., 1983) and then generalized
to the 3D space (Edelsbrunner and Mücke, 1994). Intuitively, by using
SDM terms, one can visualize the alpha-convex hull of a sample in 3D
as what is left if we carve out all the environmental space encompassed
by a spherical scoop of radius alpha (α) that does not include any of the
species occurrences. The same concept applies in 2D, but by using a circular eraser. As α tends to inﬁnity, the alpha-convex hull tends to the
convex hull of the sample. As α decreases, the alpha-convex hull shrinks
and cavities appear among the species occurrences. If we straighten the
boundary of the alpha-convex hull – consisting of arcs of circles in 2D or
spherical caps in 3D – we get the so-called alpha-shape. Alpha-shapes
are subgraphs of the Delaunay triangulation of a point set where the parameter α controls the simplices – i.e. tetrahedral (in 3D), triangles,
edges, and points – that will or will not make part of an alpha-shape.
The family of alpha-shapes formed along all possible values of α is called
the alpha-spectrum. Since the implementation of the theoretical algorithm to compute alpha-shapes, many applications of this geometrical
structure have been presented in the literature (e.g. Edelsbrunner,
2010).

2.1. Comparison of alpha-shapes with other proﬁle-type techniques
Prediction of SDMs based on proﬁle-type techniques typically relies
on a multidimensional geometric construct that bounds the environmental conditions occupied by the species. The environmental combinations
falling within this envelope are classiﬁed as suitable, while those falling
outside may be unsuitable. The most fundamental difference among the
various techniques concerns the type of estimator used. For instance, in
a 2D space, Euclidean distances assume that the species' niche will be
circular, whereas Mahalanobis distances assume that it will be elliptical
and BIOCLIM assumes that it will be rectilinear. The n-dimensional analogs of these shapes are also used in n-dimensional spaces. In Fig. 1, we
compare, for a hypothetical species, the 2D environmental envelope generated by an alpha-shape and by the three techniques mentioned earlier.
As demonstrated, all the methods that deﬁne the geometric shape of the
niche a priori can only provide a crude representation of the point cloud
and consequently enclose wide portions of environmental space that is
not, in fact, used by the species. This tendency for overestimation is particularly well known for Euclidean distances and BIOCLIM (Elith and
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3. A case study: The climatic niche of the invasive African clawed frog

Fig. 1. Comparison of the 2D climatic envelopes ﬁtted by circular, elliptical, and rectilinear
shapes and by alpha-shapes for a hypothetical species. The alpha-shape that is represented
is just one of the many that could possibly be obtained for this point set—i.e. tighter or looser
envelopes can be selected.

To illustrate the use of alpha-shapes for SDM, we used the case of an
invasive species, the African clawed frog (X. laevis). This frog is native
from sub-Saharan Africa, but its use in biological research and as a pet
led to its introduction worldwide. Currently, X. laevis is established in
parts of Asia, Europe, and North and South America (Measey et al.,
2012). For the purposes of modeling, we collected the species distribution from FrogMAP (Underhill et al., 2013), which provided a total of
810 occurrence records along South Africa, Lesotho, and Swaziland.
These records are provided at a quarter-degree square resolution and
the large majority of them had been collected from 1996 to 2003.
FrogMAP covers only part of the known distribution of X. laevis. We
performed this omission intentionally as we also aimed to highlight
the use of alpha-shapes for differentiating unoccupied environmental
conditions that are sampled by the data from those that are not (i.e.
non-analog conditions). For this purpose, we also recorded all grid
cells that compose the spatial coverage of FrogMAP.
3.1. Climatic data

Burgman, 2003; Farber and Kadmon, 2003), but it can also be expected
for Mahalanobis distances (Farber and Kadmon, 2003).
However, the ability of alpha-shapes to draw non-convex boundaries allowed the more precise delimitation of the point cloud (Fig. 1).
Importantly, distinct alpha-shape envelopes could be obtained by varying the parameter α. In other words, a tighter or more general ﬁt could
be selected if desired (see section “Model implementation and selection
of α”).
Another potentially advantageous characteristic of alpha-shapes for
SDM is that this method does not rely on the deﬁnition of an “optimal”
set of conditions for the species—a requirement of most distance-based
envelopes. Although intuitive, in practice, the use of such reference set
can be problematic because its calculation – usually, the mean of occupied conditions – is sensitive to bias in species sampling effort and
uneven availability of suitable conditions (Calenge et al., 2008). In addition, if a species was not able to disperse to the full range of suitable environmental combinations, it may not be possible to know its “true
optimum” (Rotenberry et al., 2006). Thus, distances may be measured
to a non-optimal point of the species niche, which will ultimately affect
the reliability of equidistant contours.
Because of a high-dimensional complexity, to date, alpha-shapes
are only implemented up to three dimensions. This can be a limitation
for ﬁne-scale SDMs, for which it is sometimes necessary to consider a
large number of factors driving the species' distributions (e.g. topography, the distribution of other species, and climate). However, this is
less of a problem for models intended for new temporal or geographical domains. The general aim of these models is to capture species–
environment relationships that are sufﬁciently general to be informative under new conditions and, for this to be achieved, overﬁtting
should be carefully avoided. Overﬁtting can be caused by the 1) inclusion of irrelevant predictors causing the ﬁt of labile relationships
(Peterson, 2011) and 2) ﬁtting of “noise,” i.e. spurious patterns that
are interpreted as “legitimate” (Vaughan and Ormerod, 2005). For practical reasons, the solution for both cases converges on the use of a lowdimensional environmental space. Concerning the ﬁrst cause, a low
number of important predictors is always preferable to the use of a
high-dimensional set of dubious relevance (Peterson, 2011). Regarding
the second cause, a visual scrutiny in two or three dimensions remains
one of the most practical approaches for detecting the generality of
model ﬁts (e.g. Elith and Graham, 2009; Zurell et al., 2012). If after
accounting for overﬁtting, the set of predictors exceeds three dimensions, data reduction techniques such as principal components analysis
(PCA) can still be used to realistically downsize the environmental
space (e.g. Broennimann et al., 2011).

As mentioned earlier, most proﬁle techniques assume that each
predictor is equally relevant to the delimitation of the species potential
distribution. Thus, it is the researchers' responsibility to ensure that this
condition is met. Here, we used six macroclimatic gradients related to
temperature and water availability, which, at the global scale, can be
plausibly expected to have a determinant role on the distribution of
X. laevis. Speciﬁcally, we used mean temperature of the coldest month,
mean temperature of the warmest month, mean number of frost days,
mean total annual precipitation, precipitation seasonality, and mean
number of wet days. These predictors were calculated by using monthly
climatic data available at the CRU v3.10.01database (Harris et al., 2014)
for the period 1974–2003. The data, originally at a half-degree square
resolution, were downscaled to a quarter-degree square resolution by
using thin-plate splines. Because of the high dimensionality of the predictors set, we used a PCA to synthesize the information into three
main axes, which jointly explained 95.3% of the total variance in the
data (Table A1 in Appendix A).
It is important to point out that in the absence of a data transformation technique that standardizes the environmental space (as in a PCA),
it is advisable to rescale all predictors to the same interval if different
units of measurement are being considered. This will allow a more intuitive and precise control of the value of α (i.e. the radius of the circle or
sphere that controls the level of adjustment of the alpha-shape to the
species occurrences).
3.2. Software tools
Here, we demonstrate how alpha-shapes can be implemented for
SDM in R (R Development Core Team, 2013; version 3.0.2). We used
the “alphashape3d” package version 1.0-4 (Lafarge et al., 2014) for
computing 3D shapes, but 2D operations could be computed likewise.
Finally, to work with spatial data, we used the “raster” package
(Hijmans and van Etten, 2014). We provide our code with explanatory
comments in Appendix B. It must be highlighted that this is just one of
the modeling environments possible and that other computer applications implementing alpha-shapes can be found online.
3.3. Model implementation and selection of α
The computation of an alpha-shape is uniquely determined by the
position of the species occurrences in the environmental space (i.e.
their values for each predictor) and the value of the parameter α. For a
3D space, starting from the convex hull of the point set (α = ∞), the
alpha-shape gradually shrinks and starts to develop cavities as α
decreases until, for sufﬁciently small α, the alpha-shape has zero

Please cite this article as: Capinha, C., Pateiro-López, B., Predicting species distributions in new areas or time periods with alpha-shapes,
Ecol. Inform. (2014), http://dx.doi.org/10.1016/j.ecoinf.2014.06.001

4

C. Capinha, B. Pateiro-López / Ecological Informatics xxx (2014) xxx–xxx

volume. Given the fact that a potentially large number of alpha-shapes
exist (i.e. the alpha-spectrum), the challenge lies in selecting the one
that most adequately represents the species' niche. Here, we have
addressed and compared three distinct approaches that may be of use
for future works applying alpha-shapes for SDM.
The ﬁrst approach consists of selecting the alpha-shape having the
maximum discrimination between presences and absences of the
species from the alpha-spectrum. This criterion is considered here
mainly to illustrate the potential risks of accounting for speciﬁcity (i.e.
the proportion of absences correctly predicted) when predictions are
made to new spatial or temporal domains. However, it may still be a
useful choice for the purposes of interpolation. Here, we identiﬁed the
alpha-shape with the maximum discrimination between presences
and absences of X. laevis. Species' absence corresponded to the locations
covered by FrogMAP, but in which no individual was recorded (n =
885). Discrimination was measured by using the true skill statistic
(TSS; Allouche et al., 2006). The TSS corresponds to the sum of speciﬁcity and sensitivity (i.e. the proportion of presences correctly predicted)
minus 1. This statistic ranges from −1 to 1, where a value of 1 indicates
perfect agreement while values of 0 or less indicate a performance no
better than random (Allouche et al., 2006). This statistic was calculated
for each value of α starting from 0 and increasing at steps of 0.001, until
a consistent decrease in accuracy was observed (Fig. A1 in Appendix A).
The second approach consists of the identiﬁcation of the smallest
alpha-shape surrounding all occurrences and not having any hollow
spaces (hereafter referred to as “minimum bounding envelope”;
MBE). This bounding criterion is ecologically sound because, on the
one hand, it reduces the chances of overestimating the species niche
and, on the other hand, it classiﬁes all inner climatic combinations as
suitable, which is a plausible ecological assumption (Austin, 2002;
Guisan et al., 2012; Webber et al., 2012; Whittaker, 1967). In simple
words, the MBE is a geometric construct that tightly bounds the environmental conditions occupied by the species. Any looser adjustment
than this implies performing some sort of extrapolation in the environmental space. This relates to the third approach, which concerns the
use of expert-knowledge for the selection of the envelope. Expertknowledge can be either the sole basis for the selection or can be used
to reﬁne the choice of α after the MBE is identiﬁed. In some cases, the
MBE may be too restrictive for what is considered to be the species
fundamental niche (i.e. the set of environmental combinations suitable
for the species). An example of this is when the envelope excludes environmental space between a few sparse occurrence records; however,
there is an a priori knowledge that this low occupancy is caused by a
limited survey effort and not because conditions are less suitable. In
this case, a more general (i.e. closer to the convex-hull) bounding may
be considered. Likewise, the generalization of the envelope may also
be performed to accommodate experimental knowledge about the species' ecological tolerances. Regardless of the purpose, the shape and
level of adjustment of any alpha-shape can be explored with relative
ease by using 2D or 3D plots. In the case of the more complex 3D
space, the “alphashape3d” package in combination with “rgl” (Adler
and Murdoch, 2007) allows an interactive exploration of the envelope,
including, among other possibilities, its rotation, zooming, and overlay
with distribution records.
For our data, we started the identiﬁcation of the MBE by testing
increasingly higher values of α (starting from 0 and increasing at steps
of 0.001) until achieving an alpha-shape enclosing all species occurrences (α = 0.292; see R code in Appendix B for details). Next, we
used interactive 3D plots to search for possible unﬁlled spaces in the
shape (see examples in Fig. A2 in Appendix A). For our data, the MBE
corresponds to the aforementioned alpha-shape (α = 0.292) because
the 3D representation does not show any hollow. However, it should
be emphasized that for other datasets, it may be necessary to further
increase the value of α in order to include any environmental space
found in unﬁlled areas. For illustrative purposes, we also retained a generalized version of the MBE. In the absence of external information

supporting the choice, we focused on smoothing the more irregular
transitions of the MBE boundary – which potentially increases their
realism (Austin, 2002) – while still preserving the overall shape and
size of this envelope, i.e. avoiding highly speculative extrapolations.
For our data, we found that a value of α = 0.7 allowed a good balance
between the two previous criteria.
3.4. Dealing with outliers and uncertainty
Alpha-shapes may be less affected by outliers than most other proﬁle techniques because spurious records may only induce local modiﬁcations on the shape of the envelope. Nonetheless, the accommodation
of extreme outliers in the geometric construct may lead to an unrealistic
increase in the value of α. As such, before proceeding with alpha-shape
selection, it is advisable to search for potential outliers in the data. Similar to the selection procedure itself, this can be carried out by exploring
the data by means of 2D or 3D plots. Here, we have used a carefully selected set of species occurrences and no outlier was apparent in our data
(Fig. A3 in Appendix A).
In addition, bootstrapping can also be valuable to assess the uncertainty of the predictions (e.g. Ponder et al., 2001). This procedure implies the generation of multiple predictions, each based on a random
sample with replacement of the original occurrence dataset. The degree
of overlap between the suitable areas predicted by each of the
bootstrap-based models gives a measure of support for this classiﬁcation. Low inter-model overlap indicates a sparsely occupied environmental space—as caused, for instance, by sink populations. Here, we
evaluated the level of bootstrap support for the predictions based on
the MBE. This evaluation was performed by calculating the level of
agreement among 100 bootstrap replicates of this envelope (R code
provided in Appendix B).
3.5. Delimiting non-analog conditions
In the context of SDM, non-analog conditions refer to environmental
settings that are not sampled by the calibration data. Even in the absence of changes in the drivers of distribution not being considered in
the models (e.g. biotic interactions or evolutionary adaptation in
climate-based SDMs), predicting for these conditions is inherently uncertain because no information actually exists to base the predictions
on (Fitzpatrick and Hargrove, 2009). As such, a recommended practice
in SDMs extrapolating in space or time is to differentiate (e.g. on a
map) the conditions that are indeed covered by the sample from
those that are not (e.g. Capinha et al., 2012). This practice is conceptually and methodologically akin to the delimitation of the environmental
envelope of a species. Therefore, alpha-shapes can also be a robust approach for delimiting non-analog conditions. Here, analog conditions
refer to the full suite of climatic conditions covered by FrogMAP. We
computed the minimum bounding envelope of this set of conditions
(α = 0.292) and projected, across the globe, the climatic combination
falling within (analogs) or outside (non-analogs) of it. We again recall
that more generalized envelopes could be used (e.g. the convex-hull;
García-López and Allué, 2013), but also emphasize that such generalizations should not be made arbitrarily and that their implications (i.e. the
encompassing of unrepresented environmental settings) should be
carefully assessed.
4. Result and discussion
We were able to obtain an alpha-shape with a high discrimination
between the presence and absence of X. laevis (TSS = 0.71; α =
0.092). However, a visual examination of this envelope allowed verifying that some of the more peripheral occurrences were not included
and also that diverse cavities exist in the midst of the point cloud
(Fig. 2a). This is clearly a consequence of attempting to predict absences
well. Most of X. laevis absences were positioned “in between” the
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Fig. 2. Climatic suitability for X. laevis as predicted by three distinct alpha-shape envelopes: (a) the envelope having the maximum discrimination between the species' presences (black
dots in the maps) and absences; (b) the smallest envelope without unﬁlled spaces that bounds all climatic conditions occupied by the species (i.e. the “minimum bounding envelope”) and
(c) an “expert-based” generalization of the previous.

occupied climatic space (Fig. A3 in Appendix A), clearly suggesting that
they are caused by factors not being considered in the model (e.g. dispersal constraints or variability in local habitat availability). Predictably,
the misguided attempt to exclude these absence records from the envelope – in order to increase speciﬁcity – also implied the subtraction of
suitable climatic space and inherently the underestimation of the species' climatic tolerances. This is plainly visible in the mapped predictions, where a noteworthy number of species occurrences overlay
climatic combinations that fall outside this “discrimination-optimized”
envelope (Fig. 2a; black dots over dark gray areas). These results illustrate well the risks of accounting for speciﬁcity when models are
intended for non-equilibrium settings (Jiménez-Valverde et al., 2008,
2011).
Alternatively, and as expected, both the minimum bounding envelope (α = 0.292; Fig. 2b) and its generalized version (α = 0.7; Fig. 2c)
encompassed the full array of climatic conditions occupied by X. laevis.
However, they differed on the level of extrapolation they make. While
the MBE does not extrapolate in the climatic space – i.e. it does not predict beyond the conditions occupied by the species – the looser boundary of its generalized version leads to the encompassing of additional
climatic space for which suitability is less certain. The level of uncertainty of this “extra layer” inherently depends on the reliability of the information supporting its inclusion. As our main objective here was to
exemplify the generalization process, we replaced the use of solid

background information (as it would be desirable) by our intuitive perception of how the species niche could be like. Consequently, we
assigned a high level of uncertainty to this additional “layer” of suitable
climates and, as such, continued the interpretation of results based on
the minimum bounding envelope.
In the absence of incorrect occurrence records or sink dynamics, the
climatic conditions bounded by the MBE can be conﬁdently classiﬁed as
suitable for X. laevis. For instance, the climates in which X. laevis occurs
in the study area are also found in the south central USA, Mexico, Bolivia,
Argentina, Mediterranean basin, Middle East, East of China, and the
South of Australia (Fig. 3; black areas). Accordingly, and in what concerns climate, we expect these areas to be vulnerable to X. laevis invasion. Furthermore, one can evaluate the reliability of this classiﬁcation
through the analysis of the bootstrap support values. These show that
the large majority (77.5%) of the grid cells predicted as suitable by the
MBE were also predicted by at least 75% of the bootstrap-based envelopes. Moreover, only 6.7% of the cells received less than 50% of support
(Fig. A4 in Appendix A). These later areas – for which the uncertainty is
high – are mainly found at the edges of the species potential range
(Fig. A5 in Appendix A). Although low support values may be indicators
of a detrimental effect of erroneous records or sink populations, it is important to bear in mind that these values only express a low frequency
of the tested conditions in the species occurrence dataset. As such, other
“legitimate” drivers of uncommonness – such as a reduced availability
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Fig. 3. Worldwide prediction of the suitable climates for X. laevis based on the minimum bounding alpha-shape. Non-analog climates refer to climatic combinations that are outside the
climatic space of the study area. Unoccupied climates refer to climatic combinations that are within the climatic space of the study area, but that are not occupied by the species.

of the tested conditions in the surveyed landscape – should be equally
considered. In summary, the precise identiﬁcation of classiﬁcation errors would require further research.
Following the above-mentioned analyses, it is essential to consider
the spatial extent of analog conditions. If the only coverage information
available is the species occurrences, then the interpretation of the results is restricted to the areas being predicted as suitable (as above). Importantly, this does not mean that the remaining areas are unsuitable;
instead, it is not possible to know if they meet the species requirements
or not. Alternatively, if additional coverage information is available, the
deduction of unsuitable areas becomes possible and occurs when the
climatic space that was sampled is not fully encompassed by the species
envelope. For instance, here, the sampled climatic space – given by the
survey area of FrogMAP – goes beyond the conditions occupied by
X. laevis (Fig. 3; dark-gray areas). A possible explanation is indeed that
these conditions are outside the climatic tolerances of the species; however, other causes, such as dispersal barriers or detrimental biological
factors (e.g. competitors or predators), should also be considered. Finally, another important outcome from our case study is that the climate
space that was sampled corresponds to a limited portion of the climatic
combinations existing worldwide (Fig. 3; light-gray areas). In other
words, we simply cannot estimate the suitability of climates for
X. laevis in most parts of the world.
5. Conclusions
Here, we have shown that alpha-shapes combine a particular set of
features that can be highly valuable in the prediction of species distributions to new areas or time periods. This technique does not require absence or background data, makes no assumption about the shape of the
species niche, and allows controlling the ﬁt of the envelope to the environmental conditions captured by the occurrence data. Moreover, it allows – and to a certain extent, “forces” – modelers to have an inﬂuential
(and expectedly informed) role in the modeling procedure. Conveniently, alpha-shapes can also be easily applied in the classiﬁcation of nonanalog conditions. We exempliﬁed the capabilities of this technique by
using a limited distribution dataset of X. laevis—a global invader. Using
this information, we built a simple and intuitive, yet, ecologically
sound representation of the species climatic niche and used it to identify

the 1) areas of the world matching the climates occupied in the surveyed area and 2) location of potentially unsuitable areas. We also
showed that most parts of the world present climatic conditions that
are not sampled by our data and for which climatic suitability for
X. laevis is not possible to predict.
Despite the capabilities demonstrated earlier, it is not our intention
to sustain the sole use of alpha-shapes in all spatial or temporal extrapolation exercises. For instance, if high-quality distribution data are available, it may be valuable to combine alpha-shapes with a probability
density based model; the former can be used for delimiting suitable
areas and non-analog conditions and the latter can be employed to differentiate between levels of potential occupancy. In addition, there is
still room for improvement of alpha-shapes in the context of SDM.
While having an environmental space that is constrained to up to
three dimensions ensures interpretability, it also hinders model development when complex hyper-dimensional interactions are expected.
As shown, workarounds are possible; however, the de facto implementation of alpha-shapes in higher dimensions would be a valuable accomplishment. Moreover, the possibility of using weighted alpha-shapes is
also interesting (Edelsbrunner, 1992). This concept advances the construction of alpha-shapes to allow different levels of detail in the same
envelope. This could be useful, for instance, to avoid the generalized
degradation of detail that is caused by the enclosing of extreme records
or sparsely occupied environmental space. Although computer applications exist for the construction of weighted alpha-shapes (e.g. Da et al.,
2013), we anticipate that these are not yet sufﬁciently user-friendly for
generalized use by ecologists.
In conclusion, we believe that the current practice of SDMs extrapolating in space or time has much to gain from alpha-shapes. This method
combines a ﬂexible envelope ﬁtting—a characteristic often restricted to
complex presence–absence models − with the simplicity and ecological
interpretability of proﬁle techniques. Moreover, its implementation in R
is straightforward (see code in Appendix B) and the range of existing
complementary analyses allows a detailed assessment of the results in
both environmental and geographical spaces. Finally, we expect that
this work will not only stimulate modelers to use alpha-shapes, but
also help cultivate a general awareness about the importance of
questioning the ecological realism of SDMs, particularly, when predictions are made for new spatial or temporal realms.
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