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distribution. SDMs are key tools for projecting the impact of climate change on

fitted within spatial extents that do not encompass the whole species range (i.e.

can lead to wrong or inaccurate predictions.

extent that encompasses the whole species range, but this often implies using a

spatial resolution too coarse for local conservation assessments. To keep a fine

Handling Editor: Jason Fridley resolution, a solution is to fit spatially nested SDMs (N-SDMs), where a whole
range, coarse-grain SDM is combined with a subrange, fine-grain SDM. N-SDMs
have demonstrated superior performance to subrange (truncated) SDMs in pro-
jecting species distributions under climate change and have accordingly regained
considerable interest.

3. Here, we review developments, applications and effectiveness of N-SDMs. We
present and discuss existing methods and tools to fit N-SDMs, and assess when
N-SDMs are not needed. We highlight strengths and weaknesses of N-SDMs,

underline their importance in reducing niche truncation, and identify remaining
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1 | SETTING THE SCENE

Species distribution models (SDMs), also known as ecological
niche models (ENMs) or habitat suitability models (HSMs), among
other terms (Elith & Leathwick, 2009; Franklin, 2010; Guisan
et al., 2017; Peterson et al., 2011), have become major tools in
ecology, conservation and biogeography (Araujo et al.,, 2019;
Ferrier et al., 2016; Guisan et al., 2013). SDMs have a wide array of
applications, a key one being to derive spatial projections of spe-
cies distributions across space and time, that is, to predict where
suitable locations will be under future (Guisan & Thuiller, 2005;
Patifio et al., 2023; Peterson et al., 2018; Petitpierre et al., 2016)
or have been under past (Bruni et al., 2024; Maiorano et al., 2013;
Nogues-Bravo, 2009; Pearman et al., 2008) climates, and/or in dif-
ferent geographic areas (Gallien et al., 2012; Guisan et al., 2013;
Petitpierre et al., 2017).

SDMs are based on the concept of Hutchinson (1957) realized
environmental niche (also known as ecological niche; Austin &
Smith, 1989; Guisan et al., 2017; Peterson et al., 2011). The real-
ized niche was formalized as a hypervolume of species requirements
in a multidimensional environmental space (Austin et al., 1990;
Guisan & Zimmermann, 2000) and is a subset of the fundamental
environmental niche constrained by biotic interactions and disper-

sal limitations (historic factors in Hutchinson's terms; or accessibility

geographic extents.

challenges and future perspectives. Our review highlights that subrange SDMs
most often lead to niche truncation and thus to incorrect spatial projections, a
problem that can be overcome by using N-SDMs. We show that the various N-
SDM methods come with their strengths and weaknesses and should be selected
depending on the intended goal of the study.

4. Synthesis. N-SDMs are key tools to develop untruncated regional climate
change forecasts of species distributions at fine resolution over restricted
extent. While several N-SDM approaches were proposed, there is currently
no universal solution suggesting that further developments and testing are
crucial if we are to derive robust future projections of species distributions, at

least until SDMs can be applied for most species at high resolution over large

bias, climate change, ecological niche, geographic restriction, habitat suitability, multiple
scales, predictions, response curves

in Soberon, 2007). An SDM fitted with empirical observations (e.g.
presence-absence, presence-only or abundance data) therefore
captures the realized environmental niche—hereafter ecological
niche—of the modelled species (Araujo & Guisan, 2006; Guisan &
Zimmermann, 2000; Pearman et al., 2008; Pearson & Dawson, 2003;
Soberon, 2007).

The validity of SDMs is based on several important assump-
tions (Anderson, 2013; Franklin, 2010; Guisan et al., 2017; Peterson
etal., 2011; Zurell et al., 2020). Among these, a critical one is that the
model must capture the entire ecological niche to be appropriately
projected to other spatiotemporal contexts (Guisan et al., 2017).
When this is not the case, there is a risk that the modelled response
curves of the species along environmental gradients are truncated,
resulting in biased and often incorrect predictions of species distri-
butions (Chevalier et al., 2021; Figure 1). This phenomenon is known
as ‘niche truncation’ and can occur when the geographic extent used
to fit the model does not include all possible conditions that com-
pose the ecological niche of a species (Figure 1; Anderson, 2013;
Bazzichetto et al.,, 2023; Pearson et al., 2004; Thuiller, Brotons,
et al., 2004). However, not all cases of geographic restriction re-
sult in niche truncation because a subset of the species range could
cover the entire range of environmental conditions experienced by
a species. This problem has been largely overlooked in the exten-

sive SDM literature of the last three decades, despite early studies

FIGURE 1 |lllustrating the problem of niche truncation by using a training area (Switzerland, CH) smaller than the species geographic
range in Europe (EU). Black dots (a) and black curves (c-h) correspond to the full range of species (IUCN range map). Red dots (b) and red
curves (c-h) correspond to the restricted training area (CH), and associated SDM predictions. The maps (i and j) show predictions along a
gradient from suitable in blue to unsuitable environments in yellow (through green, intermediate suitability), obtained from a model fitted
at the EU scale, and thus encompassing the whole species range (i) versus a model fitted on the restricted range only (j). The distribution of
unsuitable yellow areas in the two maps (compared to the actual distribution in a) shows that the global model (i) captures much better the
distribution of this species than the regional model (j). Graphs (c-h) show, for six environmental predictors in the models, how the response
curves fitted with the full range (black dots in a) and restricted range (red dots in b) diverge. Inspired by Chevalier et al. (2021).
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(b)  Sub-range occurrence of
Quercus pubescens (Switzerland)
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BOX 1 A short history on the problem of niche truncation by geographic restriction

The challenge of niche truncation due to geographic restriction has been acknowledged in the scientific community for more than
two decades, yet it has not been thoroughly examined until recently. The importance of capturing the entire environmental range
of species in SDMs to generate meaningful spatial predictions was first emphasized two decades ago (Pearson et al., 2004; Pearson
& Dawson, 2003; Thuiller, Brotons, et al., 2004). Using generalized additive models with varying sizes of nested training ranges for
three tree species, Thuiller, Brotons, et al. (2004) showed that models based on restricted ranges produced significantly altered re-
sponse curves and spatial overpredictions compared to full range models (e.g. erroneously predicting a mediterranean oak species in
Scandinavia), leading to an underestimation of species extinction risk under climate change (see also Barbet-Massin et al., 2010 for
birds in Europe). The same year, Pearson and co-authors proposed a methodological solution to this problem by fitting SDMs at two
nested spatial scales, continental (Europe) to fit the entire climatic niche, and national (Britain) to include more specific land cover
habitat preferences (Pearson et al., 2004). Although the original intent of the latter study was to illustrate the effects of distinct
environmental variables at different spatial scales (i.e. climate in Europe, land use in the United Kingdom), it also provided a solution

to the problem of niche truncation.

In a more theoretical article delving into the factors influencing climate change projections based on SDMs, Anderson (2013) under-
scored the critical significance of the study region that encompasses the entire spectrum of abiotic conditions a species can inhabit.
This is crucial for the abiotic variables considered, as failing to do so means that SDMs can only estimate a portion of the environmen-
tal niche of the species. Anderson's work highlighted the issues that arise when using such a restricted model, particularly in terms
of the inaccuracies in the environmental response curves of the species when making future projections (Fig. 3 in Anderson, 2013).
Owens et al. (2013) addressed the same problem, while expanding on the associated problem of model transferability and extrapola-
tion to novel conditions.

Hannemann et al. (2016) further explored the potential causes of prediction errors in SDMs fitted with truncated training datasets
(here Germany only) for seven tree species in Europe, revealing several issues with truncated SDMs, including spurious response
curves, inconsistent variable selection and large overprediction of the species across Europe. More recently, Scherrer et al. (2021)
compared three scales—global, national and local—to fit SDMs for three Mexican tree species, to assess the effects of a geographic
restriction of training data on the estimated environmental niche and on its projection in space and time, also assessing how it can
affect the potential vulnerability of species to climate change. The results showed that the effects were species-specific and strongly
dependent on the extent to which the geographic truncation affected estimations of environmental niches, with cases of strong
niche underestimation leading to more vulnerability to climate change (Scherrer et al., 2021). The same year, Chevalier et al. (2021)
illustrated the niche truncation problem using virtual simulations and one real plant species, proposing multiscale data fusion meth-

ods as solutions.

Since then, other studies have further discussed this niche truncation issue and its impact on species distribution models (e.g. Adde
et al., 2023; Carrillo-Garcia et al., 2023; Chevalier et al., 2022; Goicolea et al., 2024), a topic increasingly attracting attention.

showing that truncated SDM can lead to biased projections of spe-
cies distributions under climate change (Box 1).

A promising strategy to address the challenges of niche trunca-
tion, that is, capturing the full ecological niche while still predicting
species distributions at a fine resolution, is to fit two or more spa-
tially nested SDMs (hereafter N-SDMs, as used in Adde et al., 2023;
see dedicated section below) covering different extents and reso-
lutions, and combine their predictions. The N-SDM approach usu-
ally includes at least (i) a ‘whole range’ SDM that spans the entire
species range (often at a global or continental scale) to capture the
full species' ecological niche, albeit at a coarse resolution and with
a limited number of predictors (typically climatic variables that re-
flect broad-scale climatic requirements), and (ii) a ‘subrange’ SDM
that focuses on a restricted area of interest (e.g. for conservation
planning), often containing only a portion of the species range (e.g.
at national or regional scale). This subrange model is typically fitted

with high-resolution predictors to account for species' detailed,
fine-scale requirements, such as habitat or landscape characteristics
(Adde et al., 2023; Chevalier et al., 2021, 2022; Goicolea et al., 2024;
Mateo et al., 2024; Mateo, Aroca-Fernandez, et al., 2019; Riva
et al., 2024).

The aim of this review is to present N-SDMs as an effective
solution to provide fine-resolution projections at national, regional
or local scales while overcoming the problem of niche truncation
(Box 1). We review existing developments in this field, synthesize
how N-SDMs can combine data at different scales, discuss remain-
ing limitations and challenges, and propose some future perspec-
tives. While doing this, we show that the ongoing development of
N-SDMs has the potential to be transformative for biodiversity sci-
ence. To further clarify our scope, we note that (i) previous studies
have used the term ‘niche truncation’ referring to other issues that
must not be confused with the one associated here with geographic
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BOX 2 Clarifying the concepts of niche truncation
and model transferability

To clarify the scope of this review, there are two important
comments to make about niche truncation and model

transferability.

First, other studies have used the term ‘niche truncation’ to
refer to other issues, which should not be confused with the
one associated with geographic restriction causing niche
truncation that is addressed in this review. For example, the
term ‘truncation’ has been used to refer to how much the
realized environmental niche is a truncated subset of the
fundamental niche (Bush et al., 2018; Chevalier et al., 2024;
Vetaas, 2002; Webber et al., 2011), how the realized niche
is truncated by the accessible (i.e. dispersal limitations;
Peterson et al., 2018) or available environment (Chevalier
et al., 2024), or how much humans have caused truncation
of current species ranges and niches compared to past ones
(Pang et al., 2022; Sales et al., 2022). Although these topics
are still related to environmental niche dynamics (Pearman
et al., 2008) and can also affect SDM predictions, they are
distinct issues that are not addressed in this review.

Second, the implications for climate change projections
based on SDMs affected by geographic restriction are
closely intertwined with studies on SDM transferability in
time and space (Barbosa et al., 2009; Charney et al., 2021;
Qiao et al., 2019; Randin et al., 2006; Regos et al., 2019;
Yates et al., 2018), where predictions are altered in
non-analog conditions (Fitzpatrick & Hargrove, 2009;
Petitpierre et al., 2017). Predicting the future distribu-
tion of a species from a model affected by niche trunca-
tion only makes the transferability issue more complex
(Anderson, 2013; Peterson et al., 2018), because (i) such
a model does not account for the full conditions actually
experienced by the species throughout its entire range and
(ii) a larger proportion of non-analog conditions is likely to
occur in the future leading to prediction errors also in loca-
tions that are included within the training area but where
no prediction errors are expected under current conditions
(Elith et al., 2010; Velazco et al., 2024). However, this issue
embraces a scope far larger than the issue related to niche
truncation by geographic restriction (i.e. also touching to
other issues around model fitting and evaluation; Peterson
et al., 2018; Petitpierre et al., 2017; Yates et al., 2018) and
is not addressed in this review.

restriction, and (ii) the implications for climate change projections
based on SDMs affected by geographic restriction are closely inter-

twined with studies on SDM transferability in time and space (Box 2).
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2 | NICHE TRUNCATION BY GEOGRAPHIC
RESTRICTION

The problem of environmental niche truncation by geographic re-
striction (Box 1) can affect studies conducted at any extent smaller
than the geographic range of the target species, but is particu-
larly prevalent in national conservation assessments (Chevalier
et al, 2021; Hannemann et al., 2016; Sanchez-Fernandez
et al., 2011; Scherrer et al.,, 2021). Such national assessments
often rely on species occurrence or abundance data retrieved
from national biodiversity databases whose extent is limited by
the political boundaries of the target countries (e.g. Switzerland in
Figure 1, Germany in Hannemann et al., 2016, Mexico in Scherrer
etal., 2021, or Iberian peninsula in Sanchez-Fernandez et al., 2011).
For most species, the national/regional range used to fit the model
is narrower than their entire range, and thus generally captures a
subset of their ecological niche. In other terms, a Wallacean short-
fall (restricted species range used in the model) often causes a
Hutchinsonian shortfall (i.e. niche truncation; Scherrer et al., 2021;
see Hortal et al., 2015). A similar truncation effect can occur when
following a biased field sampling strategy (Bazzichetto et al., 2023;
Rocchini et al., 2023). The problem is that such a Hutchinsonian
shortfall can result in significant errors in spatial and/or temporal
predictions of species distributions (Barbet-Massin et al., 2010;
Chevalier et al., 2021, 2022; Goicolea et al., 2024; Hannemann
et al.,, 2016).

Predictions based on restricted range SDMs can either over-
(e.g. Hannemann et al., 2016; Thuiller, Brotons, et al., 2004) or
under- (e.g. Sanchez-Fernandez et al., 2011; Scherrer et al., 2021)
predict species distributions depending on how the geographic
truncation affects species response curves (Chevalier et al., 2021;
Figure 1). Such effects of misestimated response curves on spa-
tial predictions exacerbate when projecting the effect of climate
change on species distributions (Barbet-Massin et al., 2010;
Chevalier et al., 2022; Goicolea et al., 2024), an approach widely
used in biodiversity assessments (Araujo et al., 2019) and for con-
servation decisions (Guisan et al., 2013). For instance, in the study
by Thuiller, Brotons, et al. (2004), truncating species response
curves resulted in overpredicting the distribution of the species
in future climates, leading to an underestimation of species ex-
tinction risk. Conversely, in Scherrer et al. (2021), the geograph-
ically restricted model tended to overestimate extinction risks
compared to a whole-range model. Therefore, the implications of
niche truncation for SDM applications are subtle and can be dif-
ficult to predict because they depend on how the response curve
is truncated (Figure 1). Overall, the impact of niche truncation on
SDM predictions is complex and context-dependent, highlighting
the need for careful consideration of geographic boundaries and
response curve assumptions when projecting species distribu-
tions (Anderson, 2013; Chevalier et al., 2021; Thuiller, Brotons,
et al., 2004).
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3 | LIMITATIONS OF FITTING
WHOLE-RANGE MODELS TO AVOID NICHE
TRUNCATION

One simple solution to make untruncated future spatial projections
for a geographically restricted territory is to calibrate models over
the whole species range (e.g. continental or global) and then focus
on predictions for the territory of interest (e.g. Thuiller et al., 2005;
fitting SDMs at the European scale to infer trends for mountain
species). Scherrer et al. (2021) demonstrated the advantage of con-
sidering a continental scale whole-range approach to model the dis-
tribution of three tree species (Alnus acuminata Kunth, Liquidambar
styraciflua L. and Quercus xalapensis Bonpl.) in cloud forest subre-
gions of eastern Mexico, showing that national or regional subrange
models overestimated habitat loss under climate change compared
to the whole-range model.

However, one key limitation of whole-range—and also of many
subrange (see Mod et al., 2016)—SDMs is that they often rely solely
on macroclimatic predictors at a coarse resolution, typically 21km
grain (e.g. Scherrer et al., 2021; Thuiller et al., 2005) and do not incor-
porate other categories of predictors (e.g. topography, soil, land use).
Climatic data at this resolution may not be sufficient to capture the
detailed microclimatic requirements of species (Collart et al., 2024;
Franklin et al., 2013; Haesen et al., 2023; Lembrechts, 2023; Randin
et al., 2009) or other important biological aspects (e.g. community
constraints; Mateo et al., 2017). This limitation is often due to the
scarcity of spatially explicit predictors other than climate at the
global scale, but also to the difficulty of mapping microclimates at
fine resolutions over large extents (Haesen et al., 2023; Lembrechts
et al., 2022). Lack of microclimatic data may not be a problem for
species with wide distributions and low specialization in terms of
microclimatic conditions (e.g. large mammals, dominant large trees).
However, it can be very problematic for other species (e.g. spe-
cies with narrow ecological niches or specific microclimatic needs;
Amirkhiz et al., 2021; Carlson et al., 2013) for which whole-range
models fail to capture all niche dimensions (i.e. non-climatic ones),
in turn significantly influencing predictions of distribution patterns
and persistence under climate change (Carrillo-Garcia et al., 2023;
lllan et al., 2010; Mateo, Gaston, et al., 2019; Randin et al., 2009).
Although whole-range models are instrumental in avoiding niche
truncation, they often lack the precision required for fine-scale spe-
cies mapping at regional or local scales (Guisan et al., 2013; Guisan
& Thuiller, 2005; Riva et al., 2023; Sirami et al., 2017). Note impor-
tantly that the lack of microclimatic data is not a problem only for
whole-range SDMs but likely represents a more pronounced limita-
tion for these models because their global extent exacerbates the
probability of missing crucial fine-scale habitat variations that are
important for some species (Carlson et al., 2013).

These limitations of whole-range models highlight a critical
trade-off between scale and detail in species distribution mod-
elling (Mateo, Gaston, et al., 2019; Riva et al., 2023). N-SDMs can
help address these complexities by incorporating fine-resolution

environmental predictors at regional or local scales (e.g. topography,
soils, land use, habitat features; Mod et al., 2016; Riva et al., 2024).

4 | A PROMISING SOLUTION: SPATIALLY
NESTED SDMs

A potential solution to the niche truncation problem by geographic
restriction, while still being able to obtain fine-resolution predic-
tions, is to use a spatially nested SDM (N-SDM) approach (Adde
et al., 2023; Chevalier et al., 2021). N-SDMs combine a coarse-
resolution SDM fitted over the entire species range (often at global
or continental scale) with a fine-resolution SDM fitted over the
extent desired for the study (often at national, regional or local
scales; Figures 2 and 3). In the N-SDM strategy, models are fitted
at different extents and resolutions, but are spatially nested within
each other (e.g. Araujo et al., 2005; Gastén & Garcia-Vifas, 2010;
Keil et al., 2013; Mateo, Aroca-Fernandez, et al., 2019). Species with
large ranges but complex climatic dependencies, which require the
consideration of both macro- and microclimatic conditions and other
fine-grained environmental predictors (e.g. alpine species) could be
better modelled using the N-SDM approach (e.g. a plant specialist
of various habitats—rocky grasslands and meadows—in different
European mountains; Chevalier et al., 2021). If the influence of other
predictors than climate is expected to be captured at coarse resolu-
tion (e.g. land use in Riva et al., 2023), they could also be included in
the whole-range model. This multiscale strategy ensures that both
the broad scale (e.g. entire niche for the large-scale predictors) and
finer ecological requirements are adequately captured (e.g. Amirkhiz
etal., 2021). Note that N-SDMs are not necessarily expected to yield
improved predictive performance compared to a truncated model if
the performance is evaluated within the same region and the same
conditions as used for model training (EI-Gabbas & Dormann, 2018),
because the truncation does not affect predictions inside the train-
ing conditions. The N-SDM approach thus matters, especially when
untruncated response curves are required to make robust predic-
tions in time or space.

We opted for the term ‘spatially-nested’ SDMs (N-SDMs; as
introduced in Adde et al., 2023) here to reflect that this approach
combines SDMs fitted at two (or more) nested spatial extents
(Figures 2 and 3), but several other terms have also been used in the
literature. This includes, for instance, ‘hierarchical models’ (Mateo,
Aroca-Fernandez, et al., 2019; Mateo, Gaston, et al., 2019; Pearson
et al., 2004; Pearson & Dawson, 2003), ‘nested models’ (Adde
et al., 2023) or ‘data integration models’ (Chevalier et al., 2021;
Isaac et al., 2020; Miller et al., 2019; Table 1). We avoided using the
term ‘hierarchical’ because it also has a statistical meaning (Clark &
Gelfand, 2006) and has been used for other types of models and
applications, such as combining different types of data at the same
scale (e.g. data on presence only, presence-absence, abundances,
functional traits, species richness; Hefley & Hooten, 2016; Kery
& Royle, 2015; Pollock et al., 2012; Talluto et al., 2016). The term
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FIGURE 2 |lllustration of two approaches to implement the spatially nested SDMs (N-SDM) framework to avoid niche truncation, based
on a subrange and a whole-range models, each fitted from species observations and environmental maps: (1) Simple combination (humber
3 in Table 1), which combines a global model including only bioclimatic predictors at coarse resolution with a regional model including also
non-bioclimatic variables at finer resolution, using an average or multiplication (e.g. geometric mean) of the two predictions. (2) Sequential
modelling (number 4 in Table 1), which use the prediction from the whole-range model as forced input in the regional model. Several other
N-SDM approaches can be used (Chevalier et al., 2021; Mateo, Aroca-Fernandez, et al., 2019) which are described in Table 1 and formalized

in Figure 3.

‘spatially nested SDM’ has the merit of being explicit about what the

approach does.

5 | DIFFERENT N-SDM APPROACHES

There are many different ways to fit N-SDMs (Chevalier et al., 2021),
which we regrouped here as (Table 1, Figure 3): (1) Simple down-
scaling; (2) Data fusion (from the two scales, then feeding a single
model); (3) Simple combination (combined model predictions, e.g.
Average or Multiply options); (4) Sequential modelling (whole-range
predictions feeding the subrange model, e.g. as a forced predictor
(Covariate option) or through other information (e.g. prior, weight)
used to parameterize the subrange model; that is. two-step ap-
proach), (5) Hierarchical downscaling, and (6) Advanced hierarchi-
cal modelling. Approaches 1 and 2 are simpler and rely on a single
model that makes differential use of the data at the two scales:

Approach 1 fits a whole-range model and uses it to make projec-
tions at finer resolution over a region of interest (Araujo et al., 2005),
while approach 2 merges the data before fitting the model (Mateo,
Aroca-Fernandez, et al., 2019). The four other approaches com-
bine two separate models but in ways of increasing complexity
(Merow et al., 2014), from simple (approaches 3 and 4; Amirkhiz
et al., 2021; Lomba et al., 2010), to intermediate (approach 5; Adde
et al., 2023; Goicolea et al., 2024), to more advanced (approach 6;
Diez & Pulliam, 2007; Keil et al., 2013) statistical methods (Table 1).
An approach that is not presented in Table 1 but that could belong
to Approach 4 relies on the use of whole-range model predictions
to inversely weight pseudo-absences in the subrange model (Gallien
et al., 2012; Petitpierre et al., 2016). However, how pseudo-absence
weighting helps to account for the niche truncation problem is still
conceptually and statistically unclear.

Recently, end-to-end SDM software has started to incorpo-
rate simple to intermediate N-SDM approaches. For example,
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FIGURE 3 Structure of the six N-SDMs strategies described in Table 1 and represented as Bayesian networks. The aim of all strategies is
to overcome the problem of niche truncation while providing predictions at high resolution. Red dots represent subrange model parameters
(0) usually associated with fine-grain predictors (e.g. land use, land cover), while yellow dots represent whole-range model parameters
usually associated with coarse-grain predictors (e.g. climate). Orange dots indicate coefficients that are influenced by both data sets through
joint likelihood. Grey squares are observed data (X denotes predictors whereas Y denotes distribution data such as presence-absence or
presence-only) with superscript F pointing to the fine-scale data and superscript C pointing to the coarse-scale data. The open squares

point to the presence-absence predictions against which model performance can be assessed, while the parameter y points to estimated
suitability. Superscript PO indicates presence-only data. The dashed and solid arrows represent stochastic and deterministic relationships,
respectively. For mathematical details, see (Chevalier et al., 2021; Isaac et al., 2020; Keil et al., 2013; Koshkina et al., 2017; Miller et al., 2019).

approaches 3 and 4 were implemented in a new N-SDM pipeline
designed for high-performance computing (HPC) platforms (N-SDM
package in R; Adde et al., 2023). This pipeline has already been used
to compare regional predictions of tree distributions between Spain
and Switzerland (Goicolea et al., 2024) and to generate ‘untruncated’
projections for more than 7000 species distributions in Switzerland
under various climate change scenarios (Adde et al., 2024). Another
R package has recently been developed to implement the same two
N-SDM approaches on standard computers (i.e. non-HPC; sabi-
naNSDM R package; Mateo et al., 2024).

Some N-SDMs were developed under Bayesian frameworks
(Chevalier et al., 2021; Hefley & Hooten, 2016; Keil et al., 2013;
Mateo, Aroca-Fernandez, et al., 2019), which usually better manage
the propagation of uncertainty across models and scales (Gelman
et al., 2013). These are often applied to simple or artificial datasets

of small/moderate size but can be challenging to apply at larger
scales with hundreds of observations and millions of pixels for the
projections. For instance, Chevalier et al. (2021) found that some
Bayesian modelling approaches (e.g. hierarchical downscaling; Keil
et al., 2013) that they tested on artificial data were too computa-
tionally intensive to be scaled up for application to hundreds of spe-
cies across Europe and Switzerland (Chevalier et al., 2022; Goicolea
et al., 2024). However, recent developments using spatial random
effects (e.g. Mateo, Aroca-Fernandez, et al., 2019), together with la-
tent terms to account for the dependence between data sources and
automatic differentiation, show promise for reducing the computa-
tional burden of these models, broadening their use to many case
studies including those with a large number of observations (Dovers
et al., 2024). Inferences based on integrated nested Laplace approx-
imations (INLA) have also been shown to be effective in reducing
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the computational time in some cases (Foster et al., 2024). These
approaches are now implemented in R packages (Dovers et al., 2024;
Foster et al., 2024) but have not yet been applied to the N-SDM

framework.

6 | USES AND APPLICATIONS OF N-SDMs

N-SDMs proved essential in national and regional studies where
projections in space and/or time are needed at fine resolution,
such as anticipating biological invasions (Gallien et al., 2012; Jones
et al., 2010; Petitpierre et al., 2016; Vicente et al., 2019), for down-
scaling large-scale SDMs (Bombi & D'Amen, 2012; Keil et al., 2013;
McPherson et al., 2006) or for assessing the potential effects of cli-
mate change on species distributions (Adde et al., 2024; Chevalier
et al., 2021, 2022; Pearson et al., 2004). For example, Pearson
et al. (2004) applied this approach to account for the large-scale ef-
fect of climate while considering the fine-scale effect of land use
on the distribution of four plant species in Britain under climate
change. Gallien et al. (2012) showed the importance of N-SDMs
to predict invasions, as it allows including the native climatic niche
in the model. Chevalier et al. (2022) showed the strength of using
N-SDMs to predict the future distribution of 89 bird species in
Switzerland under climate change, with larger differences in projec-
tions between subrange SDMs and N-SDMs for species whose fu-
ture conditions were non-analog to the national dataset (Chevalier
et al., 2022). Altogether, these studies demonstrate that N-SDMs
are valuable tools for addressing niche truncation by providing a ro-
bust framework that combines the information of both coarse-grain
whole-range and fine-grain subrange models to support biodiversity
conservation assessments.

Beyond mitigating the effect of niche truncation on spatial and
temporal predictions, another key use of N-SDMs is to quantify the
effect of environmental predictors at different spatial scales (Diez &
Pulliam, 2007; Lomba et al., 2010; McGill, 2010; Vicente et al., 2019).
This can already be achieved within a single model (i.e. without N-
SDM), for instance, through the use of spatial autocorrelation struc-
tures (Vicente et al., 2014), multigrain analyses (Riva et al., 2023) or
by conducting focal analyses using moving windows of varying sizes
(Adde et al., 2023; Riva et al., 2024; Scherrer et al., 2019). However,
N-SDMs constitute a particularly efficient tool to decipher the ef-
fect of different predictors at different scales (i.e. resolutions and
extents; McGill, 2010; Riva et al., 2023; Vicente et al., 2014), thereby
offering more nuanced and actionable insights for preservation ef-
forts (Amirkhiz et al., 2021; Carroll et al., 2010; Lomba et al., 2010;
Mateo, Gaston, et al., 2019). A notable example is the advanced hi-
erarchical three-scale SDM utilized by Diez and Pulliam (2007) to
model the distribution of two orchid species in the forests of eastern
North America. Using data from a hierarchical field sampling design,
they discovered that understory light availability and soil moisture
were key factors in explaining the presence and abundance patterns
on a microsite scale (<4 m?), while soil organic content had an effect
on a population scale (<400m?).

N-SDMs also already proved useful in guiding various fine-
resolution conservation decisions (Araujo et al., 2005; Barbosa
et al., 2010; Carroll et al.,, 2010; Guisan et al., 2013; Maréchaux
et al., 2017; Mateo, Gaston, et al., 2019). The importance of fine-
scale species mapping in regional biodiversity conservation has
been evidenced in several regional and national N-SDM applications
(Box 1), including identifying critical habitats for sensitive species
(Guisan et al., 2013), informing landscape-level species conserva-
tion (Lomba et al.,, 2010; Mateo, Gaston, et al., 2019), ecological
restoration programmes (Carrillo-Garcia et al., 2023), or improving
the design and mapping of current and future ecological infrastruc-
tures and priority conservation areas (Honeck et al., 2020; Sanguet
etal.,, 2023; Vincent et al., 2019), but examples of these involving N-
SDMs are still rare. Some N-SDMs were also further combined with
dispersal and connectivity models (del Barrio et al., 2006).

Overall, N-SDMs can thus help better understand species'
ecology (Amirkhiz et al., 2021; Lomba et al., 2010; Mateo, Aroca-
Fernandez, et al., 2019), the role of landscape configuration (Adde
et al.,, 2023; Austin & Meyers, 1996; Gaston et al., 2017; Girvetz
& Greco, 2009; Riva et al., 2024; Scherrer et al., 2019), the drivers
of local assembly of communities (Guisan & Rahbek, 2011; Hortal
et al., 2012; Riva et al., 2023) and support various fine-grain conser-
vation applications.

7 | CASE STUDIES COMPARING
DIFFERENT N-SDM FRAMEWORKS

There are still relatively few studies that compare different N-SDM
frameworks. Mateo, Aroca-Fernandez, et al. (2019) evaluated the
predictive performance of six N-SDM frameworks (encompassing
approaches 1, 3, 4 and 6 in Table 1), in producing high-resolution
predictions for five tree species in Central Spain. Combining data
from regional (Mainland Spain) and landscape (a Biosphere Reserve)
scales, the N-SDM approaches generated reliable predictions at a
resolution of 25m. Simpler N-SDM approaches, like multiplying the
subrange and whole-range predictions, or including the whole-range
predictions as a covariate in the subrange model (i.e. ‘multiply’ and
‘covariate’, respectively; see approaches 3 and 4 in Table 1) per-
formed well, particularly when sample size was not a limiting fac-
tor, while Bayesian hierarchical modelling with spatially correlated
random effects (approach 6 in Table 1) excelled for species with low
sample size. Overall, the authors found that N-SDM approaches out-
performed subrange SDMs and provided more precise projections.
In another methodological study, Chevalier et al. (2021) illus-
trated how and to which extent niche truncation affected SDM per-
formance, while also testing the capacity of data integration methods
(fitted with a Bayesian hierarchical approach; Isaac et al., 2020;
Miller et al., 2019; approach 6 in Table 1) to solve the problem. Using
primarily virtual species, this study confirmed that subrange SDMs
provide biased niche estimates and thus incorrect spatial predictions
outside the training area or time period considered, whereas data
integration methods incorporating larger scale information reduced
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this bias and generated more accurate projections. However, in their
real case study with a plant species (Potentilla aurea L.) in Switzerland,
Chevalier et al. (2021) also showed that different N-SDMs can yield
vastly different future predictions, from strong decrease to slight
increase in environmental suitability, although one cannot know in
such case which strategy is the closest to the truth.

In a third study, Goicolea et al. (2024) compared the effective-
ness of the ‘multiply’ and ‘covariate’ strategies implemented in the
N-SDM software (Adde et al., 2023; approaches 3 and 4 in Table 1).
They focused on 108 tree species in two national-scale study areas,
Spain and Switzerland, as the ‘subrange’ scale, with Eurasia and
North Africa as the ‘whole range’ scale. Comparisons were made
between the two N-SDMs and a subrange SDM. They found that
the subrange SDM was susceptible to niche truncation and envi-
ronmental extrapolation issues. In contrast, both N-SDMs, and es-
pecially the covariate approach, outperformed the subrange SDM,
with significant differences in predicted (present) and projected (fu-
ture) values. Although in this study the covariate N-SDM strategy
demonstrated higher model performance than the multiply one, un-
certainties regarding model temporal transferability supported the
adoption and further investigations of multiple N-SDM approaches
(Goicolea et al., 2024).

Several approaches thus exist to fit N-SDMs, but which one
should be used depends primarily on the study objectives, for ex-
ample whether a simple or more complex approach is required
(Table 1), how uncertainty is dealt with (e.g. in a Bayesian frame-
work), whether the two models must remain separate or whether
their predictions should be sequentially combined or directly inte-
grated within the same modelling framework (Table 1). When pro-
jection is the only aim, a sequential or an integrated approach may
be more suited (e.g. Chevalier et al., 2022), but when management
decision is the aim, keeping predictions separate may be more infor-
mative (Lomba et al., 2010). Yet they are still too few N-SDM studies
comparing more than two methods (as, e.g. Chevalier et al., 2021;

sz Target resolution

Coarse
resolution
sufficient

resolution
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Keil et al., 2013; Mateo, Aroca-Fernandez, et al., 2019), making it
difficult to accurately determine which one to use in which context,

more research is needed in this context.

8 | A MATTER OF SCALE: WHEN ARE
N-SDMs NOT NEEDED?

N-SDMs have thus proven useful in various situations. But when
are N-SDMs unnecessary? In other words, when is a single SDM
sufficient to model the distribution of a given species? The de-
cision to use an N-SDM or a single SDM fitted at a single extent
depends on several factors (Figure 4), including the size of the
species range (e.g. Franklin et al., 2013), the species ecology (e.g.
Araujo & Pearson, 2005), environmental data availability (e.g. Mod
et al., 2016), the required resolution of the environmental predictors
(e.g. Moudry et al., 2023) and the intended use and target applica-
tions of the SDMs (e.g. whether projecting or not to other conditions,
either in time or space; Araujo et al., 2019; Guisan & Thuiller, 2005).
We discuss two situations below where either (i) large-extent and
coarse-resolution models or (ii) small-extent and fine-resolution

models are sufficient.

8.1 | Large-extent and coarse-resolution SDMs

This option is suitable when a relatively coarse resolution (e.g. 1km
and larger) and few predictor types (e.g. only climatic) are suffi-
cient to the target application, and when we can reasonably assume
that all populations respond similarly along environmental gradi-
ents across the whole species range (e.g. plants in Europe; Thuiller
et al., 2005). In such cases, whole-range model predictions can be
clipped or extracted regionally for a given study area (e.g. country,

mountain range) but represent coarse estimates that likely overlook

Target extent Type of model Example
Whole range TZ:‘Z’{”
Large extent 2005

National or < : Lomb
Whole range . Dtm/a
Small extent e Regional etal.
mall exten 2010
Goicolea
A Ak etal.
+ Subrange riy 2024

FIGURE 4 The three possible solutions identified to avoid or overcome niche truncation for predicting species Y in an extent Z, pictured
here with the Iberian Peninsula (in grey, with thick contour) in Europe, depending on whether (i) a coarse resolution is sufficient or if a very
fine resolution is needed and (ii) the whole species range encompasses a large or small extent, as large extents (e.g. continental, global) are
still difficult to model at fine resolution. If the whole range is modelled at coarse-resolution/large extent (e.g. Thuiller et al., 2005) or fine
resolution/small extent (e.g. Lomba et al., 2010), a single model accounting for the entire species niche can be used. If a part of the range
(i.e. subrange) needs to be modelled at fine resolution and future projections are required, the N-SDM approach (e.g. Goicolea et al., 2024) is

best suited.
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regional, landscape and/or local environmental peculiarities (e.g.
Patifio et al., 2023; Randin et al., 2009). Since the model is trained on
the whole species range, it is not affected by niche truncation and
can be used to perform predictions to other conditions (which, nev-
ertheless, can still be affected by classical extrapolation issues; Yates
et al., 2018). Whole-range SDMs are instrumental in wide-ranging
studies that aim to discern large-scale species distribution patterns
and their shifts over time, rather than providing detailed predictions
for regional or local conservation efforts. Their applications are
broad, encompassing global or continental biodiversity conservation
assessments (Araujo et al., 2019), assessing species-climate relation-
ships (Araujo & Pearson, 2005), evaluating the impact of climate
change on species distributions (Thuiller et al., 2005), facilitating the
creation of species distribution atlases (Araujo et al., 2005; Bombi
& D'Amen, 2012) and serving as foundational inputs for N-SDMs
(Chevalier etal.,2021; Mateo, Aroca-Fernandez, et al., 2019; Pearson
et al., 2004; see below). Species that cover large geographic areas
(e.g. Bruni et al., 2024) and that are primarily influenced by macro-
climatic conditions might be best modelled using whole-range SDMs
(e.g. tree species in central and south America; Scherrer et al., 2021).
Also, species that are in equilibrium with climate (e.g. several plants
or birds; Araujo & Pearson, 2005) might also be properly modelled
with this approach (e.g. Thuiller et al., 2005). Fitting such whole-
range SDMs at the global or continental scale most commonly relies
on coarse-resolution bioclimatic variables (e.g. 30-arcsecond resolu-
tion climate data, CHELSA; Karger et al., 2023) and coarse species
distribution data, such as IUCN range maps (Hurlbert & Jetz, 2007;
Maréchaux et al., 2017; Thuiller et al., 2019) or occurrence databases
(e.g. GBIF, Troudet et al., 2017; or BIEN, Maitner et al., 2017).

8.2 | Small-extent and fine-resolution SDMs

This option is suitable when the whole species range is included
in a reasonably small and isolated extent (e.g. region) allowing to
use fine-resolution ecologically meaningful environmental predic-
tors (e.g. Engler et al., 2011 for plant species in distinct European
mountains). These SDMs are particularly useful for mapping the
distribution of (i) medium to small range taxa that are entirely
contained within a region (i.e. endemic species) and thus can be
modelled with regional data without the risk of niche truncation
(Hopkins & Burr, 2009; Lomba et al., 2010), (ii) rare species with
low sample sizes that are not well represented outside the region
(Amirkhiz et al., 2021; Mateo, Gaston, et al., 2019) or (iii) species with
a discontinuous range containing disjoint populations (e.g. different
mountaintops) of regionally endemic subspecies or genotypes (e.g.
Agudo et al., 2023; Collart et al., 2021; Engler et al., 2011; Pearman
et al., 2010; Smith et al., 2019). In these cases, regional SDMs can
be crucial for local or regional conservation planning. However, this
approach is not appropriate when the study region does not encom-
pass the entire environmental tolerances of the species because pre-
dictions would then be affected by niche truncation. For instance,
projecting SDMs to geographic areas or time periods different from

those used for model training (e.g. for predicting potential invasions
or projecting future climate effects) is more likely to yield inaccu-
rate or wrong predictions because these areas are more likely to
involve non-analogous conditions. Methods like multivariate envi-
ronmental similarity surfaces (MESS; Elith et al., 2010) or equivalent
measures (Owens et al., 2013) can be used to constrain projections
within the range of conditions used for model fitting (Fitzpatrick &
Hargrove, 2009; Ludwig et al., 2023; Petitpierre et al., 2017). Relative
to large-extent and coarse-resolution SDMs, this approach tends to
use finer resolution distribution (such as those available for national
or regional monitoring programmes) and climatic (e.g. ForestClim for
microclimate temperature in European Forests; Haesen et al., 2023)
data and to also include non-climatic variables (topography, hydrol-

ogy, soil, land use, etc.).

9 | REMAINING CHALLENGES AND
FUTURE PERSPECTIVES

Although significant developments have recently been made
around N-SDMs, many challenges remain for improving N-SDMs. In
particular, N-SDMs can be enhanced by improving the conceptual
framework and methodological standards behind them, particularly
when applied to climate change and spatiotemporal projections
(Araujo et al., 2019; Zurell et al., 2020). This understanding
should be closely aligned with the study goals (Austin, 2007), the
species occurrences available (Maréchaux et al., 2017; McPherson
et al., 2006), and the climate and environmental predictors (Austin
& Van Niel, 2011; Mod et al., 2016; Regos et al., 2019) being used,
as well as how these predictors are expected to drive species
distribution patterns at the different spatial scales considered
(McGill, 2010; Pearson & Dawson, 2003).

The N-SDM methodology could particularly be improved to bet-
ter capture the drivers of species distributions and abundance at mul-
tiple resolutions (Brambilla et al., 2024; Dovers et al., 2024; Patifio
et al., 2023) and extents (McGill, 2010; Pearson & Dawson, 2003).
Yet, there are still very few examples of such N-SDM studies. At the
global scale, macroclimate variables are often expected to have the
strongest influence, while at more local scales, land cover and land
use variables are expected to be more influential. For instance, for
plants, topography or substrate variables (e.g. soils, geology) should
become increasingly important toward finer scales (Mateo, Gaston,
et al., 2019; Mod et al., 2016; Pearson & Dawson, 2003). However,
some work demonstrated that the effect of land use on the distri-
bution of species can persist over large spatial extents (e.g. ~50-km
pixels; Riva et al., 2023; Sales et al., 2022), implying that the long-
standing assumption that climate is generally sufficient to explain the
global distribution of species ranges (e.g. Thuiller, Araujo, et al., 2004)
might not always be robust. Microclimatic conditions are also rec-
ognized as increasingly important (Haesen et al., 2023; Lembrechts
et al.,, 2022), acting as micro-refugia that can help species persist
under stressful conditions (Lenoir et al., 2017). Future N-SDM stud-
ies might test whether finer predictors (e.g. land use) should also be
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included (with climate) in the whole-range model. The N-SDM ap-
proach aims to mitigate these issues by integrating influences across
scales (McGill, 2010; Riva et al., 2023; Vicente et al., 2014), thereby
offering more nuanced and actionable insights for preservation ef-
forts (Amirkhiz et al., 2021; Carroll et al., 2010; Lomba et al., 2010;
Mateo, Gaston, et al., 2019), and providing a more informed founda-
tion for conservation planning and landscape management (Guisan
et al., 2013; Mateo, Gaston, et al., 2019; Tulloch et al., 2016).

Another key methodological improvement to optimally apply
N-SDMs will be to evaluate the best N-SDM strategy for integrat-
ing models and/or predictions at different scales (Table 1), an area
ripe for innovation (Chevalier et al., 2021; Goicolea et al., 2024).
Currently, there is no one-size-fits-all method, and the variety of
approaches developed (Table 1) underscores the complexity of
combining multiscale predictions (Chevalier et al., 2021; Mateo,
Aroca-Fernandez, etal., 2019). Comprehensive theoretical and meth-
odological comparisons, including mathematical formalism (outlined
in Chevalier et al., 2021), are crucial for rigorously and systemati-
cally assessing the strengths and weaknesses of the different N-
SDM approaches (as initiated in Table 1; see also Dovers et al., 2024;
Foster et al., 2024 for non-N-SDM examples), for instance through
the use of artificial data and virtual species approaches (Chevalier
et al., 2021). This would guide the selection of the optimal approach
given the purposes of a study and the type of organisms modelled.
The evolving landscape of hierarchical modelling calls for novel
approaches that can seamlessly meld insights from global to local
scales, enhancing the precision and applicability of N-SDMs. Other
important methodological developments will be the incorporation of
species with limited data, for example through applying an ensem-
ble of small models (ESMs; Breiner et al., 2015; Lomba et al., 2010;
see, e.g. Adde et al., 2023) to include rare species (see, e.g. Amirkhiz
et al., 2021) and to account for dependencies between species, for
example through multispecies or joint N-SDMs (as, e.g. for SDMs;
Brun et al., 2024; Poggiato et al., 2021). While these developments
exist for regular SDMs, implementing these options within N-SDMs
should enhance their robustness and applicability.

10 | CONCLUSIONS

At a time marked by a growing need for predicting the effect of
climate change and other anthropogenic pressures (e.g. land-use
change, fragmentation, pollution, biological invasions) on species
distributions at fine scales, and amidst calls for enhancing stand-
ards of models and predictions that feed major biodiversity assess-
ments (Araujo et al., 2019), the importance of spatially nested SDMs
(N-SDMs) has remained neglected. Our review highlighted that
situations of niche truncation are frequent in regional and national
assessments and underscored the critical importance of N-SDMs as
key tools to develop untruncated regional climate change forecasts
of species distributions at fine resolution over restricted extents. As
such, further development and testing of N-SDMs is crucial if we
are to derive robust future projections of species distribution under

climate and other environmental change scenarios, until SDMs can
eventually be applied for most species at high resolution over large

geographic extents.
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