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ABSTRACT

Aim: Correlative species distribution models (SDMs) are widely used to project species' responses to global changes. The climatic
niche of a species is calibrated under current climate conditions and then projected in space and/or time, making model extrap-
olation an important concern. This issue is particularly relevant when considering species that live simultaneously at the bound-
aries of the current Earth's climate and at the edges of their physiological tolerance, such as desert-adapted species. Modelling
approaches alternatives to SDMs (e.g., hybrid SDMs) have been proposed as a better solution to tackle model extrapolation. These
models should explicitly consider the species’ physiological thermal tolerance, producing outputs closer to the species’ ecology.
Location: Arabian Peninsula.

Time Period: Present, future projections up to 2100.

Major Taxa Studied: Desert mammals.

Methods: We compared correlative SDMs with different extrapolation options (no-extrapolation, clamping, fade by clamping,
full extrapolation) and hybrid SDMs incorporating species-specific thermal tolerances of mammals of the Arabian Peninsula. We
projected all models under current and future climate scenarios and measured the differences between the outcomes.

Results: We found that different extrapolation options and hybrid SDMs produced important differences at least in future pro-
jections, especially for species physiologically adapted to the extreme climate conditions of the desert. Correlative SDMs not
allowing for extrapolation beyond the current climate conditions led to more conservative projections, while SDMs allowing for
extrapolation were more flexible. Hybrid SDMs produced intermediate results, with up to 93% of the species losing parts of their
suitable ranges under future climate scenarios.

Main Conclusions: Our findings highlight that correlative SDMs cannot track the true thermal tolerances of desert species.
Hybrid SDMs hold the premise for a better understanding of the impact of global changes on such species, turning on a spotlight
on a neglected but highly endangered component of biodiversity.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.
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1 | Introduction

Species Distribution Models (SDMs) are widely used to model and
map the potential distribution of a species, perform biodiversity as-
sessments, and predict species responses to global changes (Guisan
et al. 2013). From a theoretical point of view, SDMs are strongly
rooted in Hutchinson's ecological niche theory, exploiting the cor-
respondence between the niche space (i.e., the hypervolume in the
environmental space in which the niche can be defined and mod-
elled) and the geographical space in which a species lives (Colwell
and Rangel 2009). Analytically, SDMs are correlative models that
link the observed species distribution in the geographical space
with environmental attributes to calibrate species response curves
in which the probability of occurrence for a species (either relative
or absolute) is plotted against environmental gradients. These re-
sponse curves are also used to project the probability of occurrence
in space and/or in time.

Several factors can influence the reliability and adequacy of
SDMs (Aratjo et al. 2019), but a crucial point is that the species’
niche must be adequately described by the input data. An appro-
priate sampling strategy fully covering the entire distribution of
a species both in space and time is indeed a fundamental start-
ing point to avoid truncated and thus non-informative response
curves (Maiorano et al. 2013; Bazzichetto et al. 2023). However,
in most cases, the geographical distribution itself may fail to
reveal the full extent of the fundamental niche (Colwell and
Rangel 2009), and in fact, a given SDM represents the realised
niche of a species more than its fundamental niche (Colwell and
Rangel 2009). For example, parts of the niche of a species can be
unexpressed in the current distribution because of historical an-
thropogenic impacts (Martinez-Freiria et al. 2016), or following
changes in climate (Maiorano et al. 2013), or as a consequence
of biotic interactions (Cosentino et al. 2023). Species, therefore,
may be potentially preadapted to future emergent climate con-
ditions (Chevalier, Broennimann, et al. 2024). A multi-temporal
calibration approach considering also fossil records can pro-
vide a rough approximation of the fundamental niche of a spe-
cies (Maiorano et al. 2013), but this is not true for all species. A
clear example is provided by species that live at the planetary
boundaries (i.e., under the current most extreme environmental
conditions) such as deserts. These species could thrive in even
more extreme climates, which are not present on Earth today or
even in the near past. For these species, the niche space that we
can model with a correlative approach based on empirical data
(either current or historical) will always be constrained by the
environmental conditions that characterise the physical space at
a specific point in time, regardless of the true extent of the fun-
damental niche (Vale et al. 2014). Such truncation is exacerbated
by the use of climatic means as predictors in correlative models,
which clearly contribute to smoothing the response curves in ex-
treme environments. Therefore, any correlative response curve
will inevitably be truncated, irrespective of the model specifica-
tions. On the other side, desert species may have reached their
maximum physiological tolerance, beyond which there is no
compatibility with life (Aratjo et al. 2013). Again, correlative
SDMs have no way of capturing this, leading invariably towards
model extrapolations outside of the species’ fundamental niche.

The problem is particularly important in a global change con-
text, when SDMs must be projected in time. In fact, truncated

response curves will not provide information about how species
may respond to climate and/or habitat conditions that are not
represented in the calibration dataset. In this case, correlative
models can rely only on extrapolation, inflating the level of un-
certainty and decreasing the reliability of these models (Mahony
et al. 2017). To quantify and control extrapolation, a number of
modelling options have been considered (Phillips et al. 2006): (2)
full extrapolation, for which the response curves are projected
outside of the range of values obtained in the calibration dataset;
(b) clamping, for which the estimation of the species' response
to novel climate conditions is clamped on the last value of the
probability of presence associated with the training dataset; (c)
fade by clamping, for which the estimation of the species’ re-
sponse to novel climate is calculated by subtracting off from the
prediction the absolute difference between the clamped and the
freely extrapolated predictions; (d) no extrapolation, for which
the estimation of the species’ response to novel climate is set to
zero for each value outside of the training range.

A completely different option is to focus on the physiological
mechanisms at the basis of a species’ ecological niche. This idea
has been explored in mechanistic SDMs, which incorporate
physiological knowledge as a proximate constraint that limits
species distribution. In this case, to model the species’ niche and
make inferences on its potential distribution, the model calibra-
tion is based on a set of key functional and/or physiological traits
(Kearney and Porter 2009). Thus, mechanistic models account
for the constraints that the environment applies to physiologi-
cal performance at a given location (Evans et al. 2015). A given
location in space will be considered unsuitable for a species’
presence if the environmental conditions impede physiological
performance enough to compromise survival, growth or repro-
duction (Kearney and Porter 2009; Evans et al. 2015). Therefore,
mechanistic models aim at describing the fundamental niche
and may represent a better option (compared to correlative ap-
proaches) when model extrapolation is needed (Dormann 2007).

However, mechanistic models have been used only in par-
ticularly well-known case studies (e.g., Kearney et al. 2010),
mainly because they are extremely data-hungry (Kearney and
Porter 2009). To overcome the drawbacks of both approaches,
while preserving at least partially their advantages, it is pos-
sible to combine the two techniques in one single framework
(Kearney and Porter 2009). Following Dormann et al. (2012),
we refer to ‘hybrid models’ when there is a sequential applica-
tion of correlative and mechanistic approaches or vice versa.
Hence, a possible hybrid model consists of using physiological
knowledge to obtain proximal variables and use them as predic-
tors in correlative approaches (e.g., Elith et al. 2010; Rodriguez
et al. 2019). Another option is to consider physiological informa-
tion to limit the calibration area of the correlative models (e.g.,
Elith et al. 2010; Gong et al. 2023). In a global change context, a
possible option is to refine the results of correlative models with
the species' tolerances to abiotic conditions (e.g., thermal toler-
ance) as a constraint.

Such a hybrid approach can clearly be used to increase the
amount of biological realism in correlative SDMs (Da Re
et al. 2024), and it can be particularly useful when model-
ling species living at the planetary boundaries. A few studies
have compared correlative, mechanistic and hybrid models
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FIGURE1 | Graphical visualisation of the workflow.

(Tourinho and Vale 2023) but really few considered a global
change context (Buckley et al. 2010; Kearney et al. 2010;
Rodriguez et al. 2019; Lyons and Kozak 2020). Here, focusing
on the species of mammals living in the Arabian Peninsula,
we compared a hybrid SDM approach to the different extrapo-
lation options in correlative SDMs.

Most Arabian mammals have behavioural, morphological and
physiological adaptations to extremely hot climates. For example,
most of the species, and particularly the smaller ones, show diurnal
evasiveness, that is, the active avoidance of the warmest tempera-
tures of the day by burrowing (Rocha et al. 2021). Many have mor-
phological adaptations, such as enlarged body extremities used to
disperse heat (Rocha et al. 2021), and many are physiologically ca-
pable of storing heat without increasing body temperature (Rocha
et al. 2021). In a few extreme cases, these mammals are adaptive
heterotherms, that is, capable of varying their body temperature
beyond the normal limits of homeothermy (Hetem et al. 2012).

The mammal fauna of the Arabian Peninsula comprises a mix of
Arabian endemics, Mediterranean species and species linked to
the Afro-tropical and Oriental biogeographical regions (Mallon
et al. 2023). This particular combination allowed us to compare
correlative and hybrid models for species strongly adapted to the
extreme climate conditions of desert environments (planetary
boundaries species) and for species which can marginally tolerate
extreme climate conditions (Figure 1). We hypothesise that future
climatic conditions may surpass the thermal physiological limits
of the majority of the Arabian mammals. Moreover, we hypothe-
sise that, especially for the most arid-adapted species (whose dis-
tribution encompasses the hottest areas of the Peninsula and thus
of the world), only models that include physiological information
can track a potential restriction of their range.

2 | Methods
2.1 | Study Area and Species Data

The study area includes the entire Arabian Peninsula from
Yemen and Oman to the south, up to the Turkish borders to the
north (Figure 2), covering an area of more than 3.5 million km?.
We defined its boundaries following the ecoregional boundaries
as defined by Dinerstein et al. (2017) (see Table S.1.1 for a de-
tailed list of the ecoregions).

We compiled a list of 112 terrestrial non-volant mammals
using the TUCN report on the conservation status of Arabian
mammals (Mallon et al. 2023). We excluded from further
analysis all species classified as unconfirmed, invalid or in-
troduced and all species only marginally present in Arabia
(species with <1% of their global range obtained from https://
www.iucnredlist.org/ in our study area) obtaining a final list
of 84 species. For these species, we collected occurrences from
two sources: GBIF (Global Biodiversity Information Facility;
http://www.gbif.org/) and Harrison and Bates (1991). A con-
siderable number of mammals living in the Arabian Peninsula
(especially within the orders Carnivora and Cetartiodactyla)
suffered range contractions caused by human activities
(Mallon et al. 2023), and adding records from Harrison and
Bates (1991) allowed us to consider at least part of the histori-
cal distribution of the species and thus to minimise the niche
truncation given by anthropogenic impacts (Martinez-Freiria
et al. 2016).

We digitised the occurrences from Harrison and Bates (1991)
using a 10km? fishnet. From the GBIF data, we removed
all duplicated and unreliable records (i.e., zero coordinates,
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FIGURE 2 | Boundaries of the study area defined by the ecoregions (biomes: Deserts and xeric shrublands; Flooded grasslands and savannas,
Mediterranean forests, woodlands and scrub; Temperate and subtropical grasslands, savannas and shrublands, Tropical and subtropical grasslands,

savannas and shrublands). The following countries are included completely or in part: Bahrain, Egypt, Iran, Iraq, Israel, Jordan, Kuwait, Lebanon,

Oman, Palestine, Qatar, Saudi Arabia, Syria, Turkey, United Arab Emirates, Yemen. Administrative boundaries downloaded from: https://datac
atalog:worldbank.org/search/dataset/0038272/World-Bank-Official-Boundaries.

country-coordinates mismatch, coordinates correspond-
ing to marine areas) using the packages ‘dplyr’ (Wickham
et al. 2023) and ‘CoordinateCleaner’ (Zizka et al. 2019). We
did not filter the occurrences for their positional accuracy to
avoid decreasing excessively the number of occurrences. To
evaluate the impact of this choice, we randomly selected 10
species with at least 100 occurrences calibrating two SDMs
using exactly the same modelling options: one SDM was cali-
brated considering all occurrences; the other considering only
occurrences with known coordinate uncertainty (<10km).
The resulting models were compared in their predictive ac-
curacy, in the variable importance, and in their projections
under current climate and no significant difference was found
(see Supporting Information S.4.10).

We merged the two occurrence databases and, to limit spatial
autocorrelation (Fourcade et al. 2014), we retained only one
presence point every 10km?, following the fishnet of Harrison
and Bates (1991). Since the number of occurrence records in-
fluences model performance (van Proosdij et al. 2016), we fur-
ther considered in our analyses only 60 species with at least 10
observations remaining after the data-cleaning procedure. The

number of occurrences used for model calibration ranged from
12 to 306 observations.

Out of the 60 species considered in the analyses, 41 were species liv-
ing at the planetary boundaries, that is, species with physiological
adaptation to desert environments that are currently experiencing
the highest temperatures across our study area and throughout the
planet (hereafter planetary boundaries species). The 19 remaining
species, while present in the Arabian Peninsula, showed no par-
ticular adaptation to desert environments or were absent from the
areas with the highest temperatures and were therefore considered
non-planetary boundaries species (Supporting Information S.2.3).

2.2 | Predictor Variables

To calibrate our models, we considered bio-climatic variables,
land use/land cover variables, topographic variables and water
availability. Overall, we built a set of 13 predictors assumed to be
important in describing the distribution of arid-adapted species
(Table 1). All variables were resampled from their original reso-
lution to 10km? resolution (see Table S.3.7).
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TABLE1 | Predictor variables. The column ‘Retained’ indicates whether the variable was used or excluded because of multicollinearity.

Predictor Class Retained Source

Mean diurnal temperature range Bio-climatic Yes CHELSA (Karger et al. 2017)
Mean temperature of the warmest quarter Bio-climatic Yes CHELSA (Karger et al. 2017)
Mean temperature of the coldest quarter Bio-climatic No CHELSA, (Karger et al. 2017)
Annual precipitation amount Bio-climatic No CHELSA, (Karger et al. 2017)
Precipitation seasonality Bio-climatic Yes CHELSA, (Karger et al. 2017)
Mean temperature of the growing season Bio-climatic Yes CHELSA BIOCLIM+ (Brun et al. 2022)
Net primary productivity Bio-climatic Yes CHELSA BIOCLIM+ (Brun et al. 2022)
Terrain ruggedness index Topographic Yes Jarvis et al. (2008)

Distance from temporary water Water distance Yes ESRI; Pekel et al. (2016)
Percentage of urban area Land use/Land cover Yes Gao and O'Neill (2020)
Percentage of croplands Land use/Land cover Yes Chen et al. (2022)
Percentage of open natural vegetation Land use/Land cover No Chen et al. (2022)
Percentage of closed natural vegetation Land use/Land cover Yes Chen et al. (2022)

Since climate plays a crucial role in large-scale SDMs, we ob-
tained from CHELSA version 2.1 (Karger et al. 2017; Brun
et al. 2022) data on current climate (average from 1981 to 2010)
and future climate projections (average from 2041 to 2070,
hereafter 2050; average from 2071 to 2100, hereafter 2100).
For future projections, following the recommendations from
the ISIMIP3b protocol (Intersectoral Model Intercomparison
Project), we selected five General Circulation Models (GCMs:
GFDL-ESM4, [IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-
ESM2-0, UKESM1-0-LL) and two Shared Socio-economic
Pathways (ssp 1-2.6 and ssp. 5-8.5). The two selected scenar-
ios represent respectively the lower and the upper boundaries
of the CMIP6 scenarios.

Since land use change affects the distribution of species at
regional scales, we also included land-use/land cover vari-
ables (current, 2050 and 2100 projections). We obtained
urban areas from Gao and O'Neill (2020), selecting the
SSP1 (‘Sustainability’) and the SSP5 (‘Fossil-fueled develop-
ment’) scenarios for the future projections. These represent
the two narratives describing the extreme alternatives of fu-
ture trends in terms of population change, economic devel-
opment, political governance and technological progress.
From Chen et al. (2022), we obtained cropland areas, areas
with closed natural vegetation, and areas with open natural
vegetation (all measured as percentages per 10km? pixel; see
Table S.3.6). Future projections for these land use variables
followed the same socio-economic scenarios selected for the
bio-climatic data.

We also included in the analysis a Terrain Ruggedness Index
layer (TRI; Nielsen et al. 2004), which accounts at the same
time for variance in aspect and in slope. TRI was calculated
using the SRTM v4.1 digital elevation model (Jarvis et al. 2008)
at the original resolution of 90 m and then resampled at 10km
resolution. Moreover, since water is a strong limiting factor
for desert species, we accounted for water availability by

calculating the distance from temporary water. We excluded
permanent water since, except for a few permanent rivers that
flow in the northern part of the study area (such as Tigris,
Euphrates, Orontes and Jordan), permanent waters in the
Arabian Peninsula are restricted only to a few mountain
wadis (Mallon et al. 2023) and thus temporary water is the
major water source for desert species. We calculated a layer of
Euclidean distance by merging the World Waterline Database
(ESRI) and the recurrence layer of the Global Surface Water
Explorer (Pekel et al. 2016) at the original resolution of 30 m
and then resampled at 10km resolution. Both TRI and dis-
tance to temporary water were assumed to remain unchanged
over time. All calculations for the predictor variables were
performed in ArcGIS Pro (ESRI).

To limit multicollinearity, we used the ‘usdm’ package (Naimi
et al. 2014) to perform a Variance Inflation Factor (VIF) analysis
with a threshold of VIF =3 (Zuur et al. 2010), obtaining a final
set of 10 predictors (Table 1).

2.3 | Correlative Species Distribution Models

We calibrated the correlative SDMs using Maxent, a machine
learning algorithm that can estimate the most uniform distri-
bution (maximum entropy) of presence points compared to the
background locations given the constraints derived from the
environmental data (Phillips et al. 2006). To minimise sam-
pling biases commonly present in online repositories (Hortal
et al. 2015), we used a target-group approach to select back-
ground points (Ranc et al. 2017). From GBIF, we obtained all
occurrence points of all mammals present in the study area,
cleaned them following the same procedure used for the occur-
rence data. We used the resulting 2121 points as background for
model calibration. Through this procedure, approximately the
same sampling bias was present in the background and in the
occurrences (Barber et al. 2022).
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For all species, we ran a model-tuning analysis to identify
the best model settings and the best set of predictor variables
using the ‘ENMeval’ package (Kass et al. 2021). Hence we
considered eight different sets of predictors (only bio-climatic
variables, bio-climatic + water distance variables, bio-climatic
+ topographic variables, bio-climatic + land use/land cover
variables, bioclimatic + water distance + topographic vari-
ables, bio-climatic + water distance + land use/land cover
variables, bio-climatic + topographic + land use/land cover
variables, bio-climatic + water distance + topographic + land
use/land cover variables) and thirty different tuning combi-
nations, representing all the possible combinations of feature
classes with regularisation multipliers ranging from 1 to 5
(Muscarella et al. 2014). We always included the bio-climatic
variables in the models since temperatures are clearly import-
ant in defining the fundamental niche of any desert species,
and they are going to increase in the near future under any
socio-economic scenario, being therefore fundamental in as-
sessing the behaviour of correlative models when a high rate
of extrapolation is required. For each model run, we calcu-
lated the sample-size corrected Akaike Information Criteria
(AICc) and selected all models with A AICc <10 (Anderson
and Burnham 2004). For each species the result was thus
given by the mean of all selected models, weighted by their
AICc weight (WAICc; Anderson and Burnham 2004).

Using the ‘ENMeval’ package in R, we assessed the accuracy
of the models through a 10-fold cross-validation measuring
the area under the curve (AUC) of the receiver operating curve
(ROC). We tested the statistical significance of the AUC values
against a null distribution of 100 expected AUC values based on
random data (Bohl et al. 2019). To provide different evaluations
of the models, we also calculated the Continuous Boyce Index
(CBI) and the True Skill Statistics (TSS) using the ‘ecospat’ pack-
age (Di Cola et al. 2017).

Each model for each species was projected over the study area
under current conditions and future scenarios. When project-
ing, we used four different extrapolation options: full extrap-
olation, in which no constraint is set to the model (hereafter
‘non-clamped predictions’), clamping, in which the estimation
of the species’ response to novel future conditions is estimated
using the last value of the probability of presence associated
with the training range (hereafter ‘clamped predictions’),
fade-by-clamping, in which the prediction at each point is re-
duced by the absolute difference between the clamped and the
non-clamped predictions (hereafter ‘fade-by-clamping pre-
dictions’), no extrapolation, in which the prediction at each
point outside the training range is set to zero (hereafter ‘no-
extrapolation predictions’). All models were binarised using
the probability threshold maximising the TSS (Liu et al. 2016).
These analyses were performed in the Maxent Java applica-
tion version 3.4.4.

To check whether the modelling algorithm can influence
our results, we calibrated the correlative SDMs also through
a regression-based technique (Generalised Additive Model,
GAM) and another machine-learning technique (Boosted
Regression Trees, BRT). The results, shown in Supporting
Information S.4.12, remained consistent regardless of the mod-
elling technique.

2.4 | Hybrid Species Distribution Models

To generate our hybrid SDMs, we clipped the projections of the
correlative models considering the species-specific thermal tol-
erances. For two species (Oryx leucoryx and Gazella marica)
we estimated their thermal tolerance considering the core body
temperature (i.e., the internal body temperature, hereafter Tb;
Ostrowski et al. 2003; Ostrowski and Williams 2006). Both spe-
cies, in fact, show adaptive heterothermy, adapting their body
temperature to the environmental temperature during the
warmest periods. Such a physiological mechanism allows the
species to thrive in the harshest areas of the Arabian Peninsula,
although with an important metabolic cost (Williams et al. 2012)
and with the risk of surpassing the lethal body temperature. All
other species show the canonical homeothermy typical of mam-
mals. Thus, we approximated their thermal tolerance through
the Upper Critical Temperature (UCT). UCT represents the
maximum air temperature beyond which an endotherm animal
should increase its metabolic rate to keep constant its core body
temperature (Khaliq et al. 2014). A protracted exposure to tem-
peratures higher than the UCT may indeed cause a decrease in
the survival and/or fitness of an individual (Yusefi et al. 2021),
leading to death if the temperature is too high or the exposure
is too long. The UCT values were obtained from the literature
(Araujo et al. 2013; Khaliq et al. 2014; Bennett et al. 2018) for 14
out of the 58 homeotherm species considered. The UCT values
for the 44 remaining species were imputed through a Random
Forest approach (Penone et al. 2014), using the default specifi-
cations in the ‘missForest’ package (Stekhoven 2022). As predic-
tors in the Random Forest, we selected 7 ecological traits that
influence mammals’ heat stress: weight, habitat preferences,
activity pattern, litter size, gestation length, diurnal evasiveness
and general diet (see Tables S.2.4.1 and S.2.4.2). The rationale be-
hind the choice of these specific traits as predictors is described
in Supporting Information S.2.4. Since phylogeny increases
the reliability of the data imputation procedure (Diniz-Filho
et al. 2012), we also included species phylogeny as a predictor.
We downloaded 100 phylogenetic node-based trees from Vertlife
(Upham et al. 2019) and used a principal coordinate analysis
(through the ‘PcoA’ package) to calculate the phylogenetic eigen-
vectors, selecting the first 100 eigenvectors for each tree. To avoid
a data imputation based on a limited sample size (14 species with
data out of 58 species in total; Penone et al. 2014), we used a boot-
strap approach. In particular, we randomly selected 4 species at
a time, and considering the 14 species with data, we imputed the
UCT values through the Random Forest. We repeated the pro-
cess for 10,000 runs with replacement and calculated the min-
imum, the maximum, the mean and the standard deviation of
UCT values for each species (see Table S.2.5).

Both UCT and T, have already been used as proxies for ther-
mal tolerance (e.g., Araujo et al. 2013; Khaliq et al. 2014;
Yusefi et al. 2021), mainly imposing a sharp threshold corre-
sponding to the UCT temperature. Here we propose a different
approach: for each species, we calculated an index of ther-
mal exposure as the number of months in which the current
mean daily temperatures per month (Tas; downloaded from
CHELSA) exceeds UCT (mean UCT in case of imputed val-
ues) or T, and extracted the maximum value of thermal expo-
sure corresponding to the observed distribution of the species.
We assumed that the current maximum thermal exposure
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provides a reasonable measure of the maximum thermal
exposure that the species can cope with. In fact, the physi-
ological tolerance to heat is far more conservative than the
physiological tolerance to cold, with the upper limits of ther-
mal niches showing significantly less inter-specific variability
(Aratjo et al. 2013) than the lower ones. Thus desert-adapted
species may currently live close to their thermal physiological
limit (Vale and Brito 2015). Then, for each species, we calcu-
lated the future thermal exposure under the different socio-
economic scenarios and for the two future time frames. We
used the maximum value of current thermal exposure for each
species as a threshold to generate a mask that sets the suitabil-
ity to zero for each pixel that shows a thermal exposure higher
than the current threshold.

To assess the difference in predicted suitability between the hy-
brid models and the correlative SDMs with different extrapola-
tion options, we measured the percentage of pixels showing a
difference between the two binarised outcomes.

To ensure that the results were not dependent on the imputa-
tion procedure, we ran a sensitivity analysis calculating the
thermal exposure and generating again the hybrid SDM pro-
jections for each species starting from both the minimum and
the maximum imputed UCT values. The results were consistent
whichever UCT imputed value we considered (see Supporting
Information S.4.14). Additionally, we calculated the difference
in predicted suitability between the hybrid models and the cor-
relative SDMs considering only species with known thermal
tolerance (i.e., the species for which there was no need for data
imputation), and the results remained consistent (see Supporting
Information S.4.14).

3 | Results

For both planetary boundaries species and non-planetary
boundaries species, the correlative SDMs had a good predic-
tive performance (AUC,;=0.80%0.08; AUC, ,;=0.90+0.04;
TSSp=0.62%0.17; TSS, ,,=0.82+0.08; CBI,,=0.72+0.29;
CBI, ,=0.86%0.11) and all the selected models showed an AUC
significantly different from the null expectation (Table S.4.9).
Regarding data imputation of the UCT data, the mean out-
of-bag error of the Random Forest for the 10,000 runs was
1.7x1074+£0.3%x 1074,

Hybrid SDMs and correlative SDMs gave comparable results
for the current time frame, irrespective of the species group
(planetary boundaries or non-planetary boundaries) and of the
extrapolation method (Table 2). For non-planetary boundaries
species, the median difference (expressed as percentage) in suit-
able pixels between correlative SDMs and hybrid SDMs ranged
from —2% (clamped predictions interquartile range (IQR) =10%)
to 0% (non-clamped IQR =3%; fade-by-clamping IQR =0%; no
extrapolation IQR=2%). For planetary boundaries species,
the median difference was 0% for all 4 extrapolation methods
(clamped predictions IQR =1%, non-clamped IQR =4%, fade-
by-clampling IQR = 1%, no extrapolation IQR =1%).

However, when projecting the models in time, the difference
in the predicted suitability among correlative SDMs and hybrid

TABLE 2 | Median and interquartile range of the differences
(expressed as percentages) of the number of suitable pixels predicted
for the current period for the non-planetary boundaries species and
the planetary boundaries species when comparing the predictions of
correlative SDMs with four different extrapolation options to those of
the hybrid SDM.

Current
Non-planetary Planetary

Extrapolation boundaries boundaries
options species species

Median IQR Median IQR
Non-clamped 0% +1% 0% +1%
predictions
Clamped —2% +10% 0% +4%
predictions
Fade-by-clamping 0% +1% 0% +1%
predictions
No-extrapolation 0% +2% 0% +1%
predictions

SDMs increased depending primarily on the socio-economic
scenario (Figure 3). Considering the ssp. 1-2.6 projected to 2100
(Table 3), for non-planetary boundaries species we obtained
a median difference ranging from —2% (clamped predictions
IQR=10%) to 0% (non-clamped IQR=3%, fade-by-clamping
IQR=0%, and no extrapolation predictions IQR=2%). For the
planetary boundaries species, the median difference ranged from
—3% (no extrapolation predictions IQR =9%) to 1% (non-clamped
IQR=5%, and clamped predictions IQR =6%). Considering the
ssp. 5-8.5, the median differences between model outcomes
for non-planetary boundaries species in 2100 (Table 3) ranged
from —18% (no extrapolation predictions IQR =24%) to 0% (non-
clamped IQR = 0%, and fade-by-clamping predictions IQR =0%).
For planetary boundaries species, the median differences
ranged from —36% (no extrapolation predictions, IQR =36%) to
+8% (non-clamped predictions IQR =57%). Results for the 2050
time frame were milder but completely comparable in their pat-
tern and are available in the Table S.4.12.

Clearly, the differences between the models directly translate
into predicted gains/losses in suitability under future climate sce-
narios (Table S.4.13). For 2100, that is, our longest extrapolation
in time, from 78% (non-clamped predictions) to 82% (clamped
and fade-by-clamping predictions) of the Arabian mammals lose
suitable areas according to correlative SDMs (that allowed for
extrapolation); considering the hybrid SDMs the percentage of
species losing suitability grew up to 93%. Moreover, 24% of the
planetary boundaries species shifted from gaining suitable areas
according to the correlative models (that allowed extrapolation)
to losing suitable areas according to the hybrid model.

4 | Discussion
Model extrapolation has practical and important conse-

quences for the reliability of species distribution projections
in time (Mahony et al. 2017). In fact, when the observed
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FIGURE3 | Maps of disagreement between the future projections for 2100 under scenarios ssp 1-2.6 and ssp 5-8.5 of the correlative models (with
the 4 extrapolation options) and of the hybrid models. Erinaceus concolor is an example of ‘non-planetary boundaries’ species; Oryx leucoryx is an
example of the ‘planetary boundaries’ species.

TABLE 3 | Median and Interquartile range (IQR) of the differences (expressed as percentages) of the number of suitable pixels predicted for
2100 under two different scenarios (ssp 1-2.6 and ssp. 5-8.5) for the non-planetary boundaries species and the planetary boundaries species when
comparing the predictions of correlative SDMs with four different extrapolation options to those of the hybrid SDM.

2100
SSP 1-2.6 SSP 5-8.5
Planetary Planetary
Non-planetary boundaries Non-planetary boundaries
boundaries species species boundaries species species
Extrapolation options Median IQR Median IQR Median IQR Median IQR
Non-clamped predictions 0% +3% 1% +5% 0% 0% +8% +57%
Clamped predictions —2% +10% 1% +6% —4% +12% +3% +31%
Fade-by-clamping predictions 0% 0% 0% +6% 0% 0% +1% +19%
No-extrapolation predictions 0% +2% —3% +9% -18% +24% -36% +36%
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geographic distribution of a species cannot fully represent its
niche, the response curves calibrated in correlative SDMs are
truncated and cannot provide all the information needed to
predict the future potential distribution of the species. The
same is true for species living at the edges of their physiolog-
ical possibilities and, at the same time, at the boundaries of
the Earth's climate. In all these situations, correlative models
cannot provide a reliable and, therefore, useful projection of
the species' response to global changes. Although niche trun-
cation in SDMs has been thoroughly explored in the literature
(e.g., Chevalier et al. 2022), there is almost nothing for spe-
cies occurring in hyper-arid environments and living at the
edges of their physiological possibilities. Here we compared
current and future potential distributions obtained through
correlative SDMs with 4 different extrapolation options to
those obtained through a hybrid approach (sensu Dormann
et al. 2012), considering mammal species occurring in the
Arabian Peninsula.

As expected, given the low climatic variance available in the
study area, all SDMs (hybrid or not) produced comparable out-
comes when projected under current climate conditions, when
theoretically the amount of extrapolation is limited or null.
However, the projections in time gave different results depend-
ing obviously on the time frame and, more interestingly, on
the species. For non-planetary boundary species, that is, those
species not specifically adapted to arid and hyper-arid environ-
ments or that do not deal with the most arid areas of the Arabian
Peninsula, we found no sign of niche truncation at the upper
limit of the thermal niche. In fact, the outcomes of correlative
SDMs did not significantly differ from the outcomes of the hy-
brid SDMs, showing that correlative SDMs are capable of defin-
ing the upper limit of their thermal niche.

Planetary boundaries species, however, are those for which the
upper limits of the thermal niche overlap with the upper lim-
its of the available temperatures, and therefore any correlative
approach is doomed to extrapolate future climate suitability
outside of the calibration range. Given that these species thrive
in arid and hyper-arid environments, any correlative approach
would predict that the extreme future temperatures, overshoot-
ing the current maximum, are potentially suitable for species
presence even when these are outside of the range allowed by
their physiology. The 2050 and the 2100 projections under the
ssp. 5-8.5 in correlative SDMs were those that differed the most
from the projections of the hybrid SDM. Limiting the extrapola-
tion with clamping or fade-by-clamping methods did not change
a lot the outcome, since in planetary boundaries species the re-
sponse curves associate high suitability values with the most
extreme temperature values of the training range. Hence, if the
curve is clamped at very high suitability values, the outputs will
always indicate the possible presence of the species for every
value outside the training range. Moreover, if there is a limited
difference between clamped and non-clamped predictions, even
the fade-by-clamping option cannot dampen the problem. On
the other hand, forcing the correlative SDMs to no extrapola-
tion under future climate scenarios led the models to predict less
suitable areas when compared to the hybrid SDMs, especially for
planetary boundaries species, showing that the actual climatic
conditions are close to but do not coincide with their upper ther-
mal limits.

Although we used a state of the art modelling approach for
species distributions, a series of limitations still remain in our
SDMs. Grain size in particular can influence the predictive per-
formance of models (Guisan and Thuiller 2005) and often fails
to capture the true microclimatic conditions at which species ac-
tually live (Haesen et al. 2023). Calibrating our correlative mod-
els using finer resolution covariates would certainly be a plus,
but at the moment is basically impossible due to the lack of de-
tailed data on species presence and to the limited knowledge on
desert environments over large areas. Furthermore, our future
projections are heavily dependent on the assumptions on which
both GCMs and socio-economic scenarios rely. To account for
such uncertainty, we projected the species distribution under 5
different GCMs for the climate variables. Furthermore, we con-
sidered two ssp. representing the two extreme socio-economic
scenarios currently envisioned.

In addition, desert ecosystems are characterised by extensive
knowledge gaps, not only in the geographical distribution of
species (the Wallacean shortfall; Hortal et al. 2015) but also
in the knowledge of the thermal tolerances of species (the
Hutchinsonian shortfall, Hortal et al. 2015) and of their func-
tional traits (the Raunkieran shortfall; Hortal et al. 2015). As
a consequence, we were forced to train some models with few
occurrences and to statistically impute missing UCT values. We
do not think that our SDMs are influenced by the limited num-
ber of occurrence, as we never calibrated models below 12 oc-
currences and all species with few occurrences are species with
a narrow distribution range (van Proosdij et al. 2016). Despite
the high percentage of UCT data that we imputed, we did not
find any sign of influence of the data imputation on our results,
which remained extremely consistent. Moreover, by performing
multiple data imputation with a bootstrap procedure, we ac-
counted for the variability across the imputed dataset (Blomberg
and Todorov 2025) and, again, our results remained consistent
when using mean, minimum, or maximum imputed UCT values
to calculate the thermal exposure index.

The use of UCT in SDMs has been widely debated, especially
for hometerms (Wolf et al. 2017; Mitchell et al. 2018; Chevalier,
Pignard, et al. 2024). In fact, UCT measurements often suffer
from small sample sizes or non-uniform measurement proto-
cols (Wolf et al. 2017). However, the species that we consid-
ered are not in the set of problematic species, as indicated by
Wolf et al. (2017) and Hof et al. (2017). In addition, Mitchell
et al. (2018) and Chevalier et al. (2022) criticised UCTs as they
may not represent good proxies of thermal tolerances since
species can (and actually do) live outside their thermoneutral
zone. To limit the impact of this issue on our results, we did
not use UCT values as a strong threshold but we calculated an
index of thermal exposure, that explicitly accounts for the cu-
mulative nature of thermal stress over time (Cook et al. 2024)
and allows for species tolerating temperatures that overshoot
their UCT.

Several factors act in combination with air temperature to in-
fluence the deviations from the basal metabolic rate (e.g., va-
pour pressure and wind speed; Mitchell et al. 2018). At the
same time, thermal tolerances alone may poorly represent the
physiological constraints that define the distribution of a species
(Evans et al. 2015). However, the upper thermal limits are most
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successful in predicting future distributions when current con-
ditions are already close to physiological limits (e.g., Diamond
et al. 2012), which is the exact condition underlying our species
and region of interest. In this context, our approach represents
a reasonable option to test the reliability of correlative SDMs
for planetary boundary species when model extrapolation is
needed, especially given the scarcity of the data needed to build
purely mechanistic models (e.g., species-specific fur depth data;
Porter and Kearney 2009). In fact, deserts and arid ecosystems
in general, have received limited scientific attention compared
to other biomes (Durant et al. 2014), especially in a global
change context. Usually, desert-adapted species are commonly
seen as non-threatened since they are already adapted to hot cli-
mates. However, the few previous studies dealing with deserts
have already shown a strong vulnerability of arid-adapted spe-
cies to climate change (Durant et al. 2014; Vale and Brito 2015;
Yusefi et al. 2021). Our results are, possibly, even more dras-
tic. Considering the 5-8.5 scenario, the vulnerability to global
changes of mammal species in the Arabian Peninsula is alarm-
ing: if we look at the hybrid models, almost 90% of the Arabian
mammals could potentially lose substantial shares of suitable
areas already in 2050. Overall, our results indicate a decrease
much stronger than what is predicted for mountaintop species,
which are considered among the most vulnerable species to cli-
mate change globally (Trew and Maclean 2021). Comparable re-
sults are those obtained for tropical corals, for which potential
range contractions in areas where temperatures are expected to
surpass the physiological tolerance of the species were tracked
by the hybrid models only, while correlative SDMs underesti-
mated the impacts of global changes on these species (Rodriguez
et al. 2019). Our study clearly demonstrates the feasibility of
integrating physiological knowledge into correlative SDMs, as
already suggested in the literature for different biological sys-
tems (Elith et al. 2010; Rodriguez et al. 2019). Hybrid approaches
allow for consideration of more proximal factors of the biology
of species, adding credibility to the projected response of species
to global changes and opening the path for reliable biodiversity
conservation plans. However, while preserving the advantages
of both correlative and mechanistic models, hybrid models
share some drawbacks with both. In our case, adding thermal
exposure as an explanatory variable would have led to the exact
same extrapolation problems as the other predictor variables,
so we preferred the more conservative approach of imposing a
threshold on the correlative SDMs projections. At the same time,
hybrid SDMs suffer from the same problem of mechanistic ap-
proaches in terms of data requirements, even if, in our case, this
problem has been minimised with the data imputation of one
single trait. In this respect our knowledge of these complex bi-
ological systems is still very limited and it is thus fundamental
to broaden our research on the physiology of species, opening
the research agenda to the possibility of getting closer to the
true fundamental niche, overpassing the limitations of purely
correlative models and improving our understanding of the true
responses of biodiversity to global changes.
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