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ABSTRACT

Aim The transferability of species distribution models requires that species show
climatic equilibrium throughout their entire distribution area. We test this
assumption for the case of the spotted hyena, Crocuta crocuta, a large carnivore
that has shifted its distribution over the last 100,000 years from a widespread
Eurasian and African range to its current geographical distribution, restricted to
the Sub-Saharan areas of the African continent.
Location Western Eurasia and Africa.
Methods The current realized distribution of C. crocuta was estimated using
presences and reliable absences as well as climatic, land-cover and anthropic
variables as predictors. The potential distribution was estimated using presences
and a set of pseudo-absences selected from localities outside climatically suitable
localities, with only climatic variables serving as predictors. The current potential
distribution was transferred to the Last Interglacial period (126,000 yr bp) using
the palaeoclimatic data yielded by the GENESIS 2 general circulation model, and
validated with European fossil data. Generalized linear models were used on all
occasions.
Results Climatic variables are able to predict the current distribution of the
species with high accuracy. The geographical projection of this model indicates
that the species is distributed over almost all of its potential suitable area, which
allows us to suppose that the current distribution of this species is in climatic
equilibrium. However, the time transference of model predictions for the western
Eurasian region reveals almost no suitable conditions for hyenas, despite the
widespread presence of C. crocuta fossil remains on this continent during the Last
Interglacial period.
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Naturales, c/ José Gutiérrez Abascal,
2, 28006 Madrid, Spain.
E-mail: mcnj117@mncn.csic.es

ª 2009 Blackwell Publishing Ltd

Main conclusions Our results indicate that, even when model results suggest a
climatic equilibrium for a species distribution, the time transferability of such
models does not necessarily provide realistic results. This occurs because the
current geographical range does not allow estimations of all of the environmental
requirements of a species. Therefore, any model trained with current data risks
underestimating the potential suitable environmental and geographical range for
species in a new area or time period.
Keywords
Africa, climatic equilibrium, Crocuta crocuta, distribution models, historical
distribution, model transferability, spotted hyena, western Eurasia.

www.blackwellpublishing.com/jbi
doi:10.1111/j.1365-2699.2009.02125.x

1645

S. Varela et al.
INTRODUCTION
Distribution is a dynamic characteristic of species that depends
on a wide variety of environmental and contingent processes
operating at different spatial and temporal scales (Maurer &
Taper, 2002). Despite the difficulties involved in deriving
causal processes from correlations, the available data on
distribution are frequently related to a variety of explanatory
variables in order to identify probable influential factors
(Rahbek & Graves, 2001), generate distributional hypotheses
for changing scenarios (Araújo et al., 2005), or establish
hypotheses about the current geographical range of a species
when presence data are scarce (Guisan & Zimmermann, 2000).
One of the most common sources of uncertainty in species
distribution models (SDMs) derives from the lack of reliable
absence information. Species may be absent from modelpredicted favourable places owing to factors such as biotic
interactions, dispersal limitation, extinctions, or historical
processes (Pulliam, 1988, 2000; Ricklefs & Schluter, 1993;
Hanski, 1998). On a geographical scale, most species are
unable to colonize all potentially suitable areas. The inability to
recolonize former distributional ranges after the Pleistocene
glaciation events (Svenning & Skov, 2007) and range-size
contractions as a consequence of human activities (Channell &
Lomolino, 2000) are two well-established examples of the roles
played by these restrictive forces in preventing the full
geographical filling of environmentally suitable areas.
Fortunately, this drawback apparently does not invalidate
one of the main abilities of SDMs: to construct potential
distribution hypotheses capable of estimating the total territory
that can be inhabited by a species according to a set of
predictor variables (see Soberón & Peterson, 2005; Peterson,
2006; Soberón, 2007; Chefaoui & Lobo, 2008; JiménezValverde et al., 2008). This approach is useful for suggesting
the likely future distribution of invaders (Peterson, 2003), for
estimating the degree of species equilibrium with current
environmental variables (Svenning & Skov, 2004), and for
suggesting probable distribution shifts that might occur under
a changing climatic scenario (Jiménez-Valverde & Lobo,
2007a). However, these potential distribution models have
two main drawbacks. First, they constitute simulations that
cannot be validated using real distributional data, since it is
always possible to find a favourable place in which the species
is absent (i.e. the absence in a favourable place cannot be used
to test the accuracy of these potential model predictions).
Second, as potential distribution models are parameterized
with data from the species’ native range, which is influenced by
biotic or historical constraints, they may actually underestimate the potential range of a species. This happens because
SDMs are built with the implicit assumption that the species
occurs in all environmentally suitable localities; that is, in
equilibrium with the environmental conditions (Brereton
et al., 1995; Dormann, 2007; Jiménez-Valverde et al., 2008).
These two drawbacks hinder both the evaluation and the
transferability of potential distribution simulations to different
areas and time periods, especially if predictions are based on
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explanatory variables lacking a functional basis (Austin, 2002;
Dunne et al., 2004; Kearney & Porter, 2004; Kearney, 2006;
Vanreusel et al., 2007).
In this paper we examine the accuracy of SDMs when
transferred. For that purpose, we build two different distribution models, one to estimate the realized distribution of the
spotted hyena, Crocuta crocuta (Erxleben, 1777), and to test
whether its current distribution is in equilibrium with climatic
conditions, and another to identify potential environmentally
suitable areas outside its current African distribution, specifically in the Western Palaearctic region, through geographical
extrapolation of model results. The accuracy of these representations of potential distribution was evaluated by examining the past distribution of the spotted hyena in Europe during
the Last (Eemian) Interglacial period (126,000 yr bp), the most
recent period with similar climatic conditions to the current
ones. The potential distribution model calibrated with current
distribution and environmental data was transferred to the
Last Interglacial period by using the climatic variables derived
from the general circulation model (GCM) GENESIS 2
(Thompson & Pollard, 1997; Vavrus, 2001). By projecting a
model fit with current environmental data onto past data, we
assessed whether it is possible to predict the past distribution
reliably when the current distribution apparently shows
equilibrium with the environment, a basic assumption for
the transfer of model predictions (Guisan & Thuiller, 2005).
The specific objectives of this study were: (1) to discern the
main variables accounting for the current known distribution
of C. crocuta; (2) to perform a simulation of the climatic
potential distribution of this species for the Afrotropical and
Western Palaearctic regions, as well as one for the realized
distribution in Africa (taking into account relatively reliable
absence data); and (3) to test the accuracy of the potential
model distribution predictions when they are transferred in
time and space. The obtained results are used to discuss the
necessary precautions needed in transferring model predictions
and the frequent inability to assess the equilibrium state when
the predicted distributions are based exclusively on current
distribution data.
MATERIALS AND METHODS
Data origin
Presences and reliable absences for C. crocuta were selected
from a number of sources. In total, 2814 cells of 0.08 · 0.08
were selected as presences and 13,727 cells of 0.08 · 0.08 as
absences from a total of 766,452 cells (Western Palaearctic and
Africa; see Fig. 1).
The fossil dataset was collected from bibliographic sources,
using only those accurately and strictly dated for the Last
Interglacial period (see Table S1 in Supporting Information).
Nineteen current bioclimatic variables derived from the
WorldClim interpolated map database (version 1.4, http://
www.worldclim.org; Hijmans et al., 2005) were used as
climatic predictors. Furthermore, to consider the relevance of
Journal of Biogeography 36, 1645–1655
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Figure 1 Presence and absence data locations for Crocuta crocuta.
Presence data are plotted as black squares, and absences as white
squares and as three striped polygons located in northern Africa.
Pseudo-absences were selected randomly outside the multidimensional climatic envelope model (grey area).

non-climatic factors, 14 land-cover features, two measures of
anthropic environmental impact, and one simple binomial
variable (Barrier) were included to represent the likely barrier
effect of the Sahara Desert. All variables (except the binary
land-cover variables and the barrier) were standardized to
means of zero and standard deviations of one to eliminate the
effect of varying measurement scales. Palaeoclimatic data were
downloaded from the GENESIS 2 GCM experiments (http://
ccr.aos.wisc.edu/) at a resolution of 4.5 · 7.5 cells. Full
information on the target species and the origins of biological
and explanatory variables is provided in Appendix S1.
Modelling methods and statistical analysis
Many different techniques are currently available to model
species distributions (see Guisan & Zimmermann, 2000; Scott
et al., 2002), either considering only presence data (niche
envelope models) or considering also absence data (group
discrimination techniques). In general, group discrimination
methods seem to offer more accurate predictions (Hirzel et al.,
2001; Brotons et al., 2004; Segurado & Araújo, 2004), although
the type of absence data used to calibrate the model strongly
influences the type of distributional simulation obtained (see
Journal of Biogeography 36, 1645–1655
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Soberón & Peterson, 2005; Peterson, 2006; Chefaoui & Lobo,
2008). If the aim of a study is to generate distributional
simulations to reflect the potential climatic distribution of a
species (the set of environmentally suitable areas in which the
species could occur according to a group of environmental
variables), the absence information used must be located
outside those environmentally suitable localities in which the
species does not occur as a result of historical factors, biotic
interactions, or dispersal limitation (Pulliam, 1988, 2000;
Ricklefs & Schluter, 1993; Hanski, 1998). Including absences
from a priori environmentally favourable localities will inevitably diminish the predicted range size (see Chefaoui & Lobo,
2008; Lobo et al., 2008). Two types of models were generated
with the available information for C. crocuta: (1) one for the
Western Palaearctic and Afrotropical regions, using all available presence information (n = 2814) and 10 times more
pseudo-absences (n = 28,140) selected outside the climatic
conditions existing in the presence localities; and (2) another
for the Afrotropical region, in which the same presences were
used, but only previously well-determined absences were
considered (n = 13,727). The first approach allowed us to
obtain a simulation of the potential climatic distribution of
C. crocuta across the two biogeographical regions in which the
species has been present since the beginning of the Pleistocene.
The second approach offered a simulation of the realized
distribution on the continent currently inhabited by this
species (Africa). Pseudo-absences were selected by first tabulating each of the 19 climatic variables’ maximum and
minimum values for the observed distribution localities, in
order to estimate the multidimensional envelope defined by
the values of the locations where the species was observed (see
Busby, 1986). The pseudo-absence cells were then randomly
selected from the area falling outside this envelope; that is,
within the generally inappropriate environmental conditions
for the species according to the observed presence points (see
Engler et al., 2004 or Lobo et al., 2006).
Presences and absences (or pseudo-absences) were logistically regressed against continuous and dummy explanatory
variables using generalized linear models (GLMs; Crawley,
1993), an extension of linear models that allows for nonlinearity in the data and also a range of independent non-normal
variable distributions. Recent studies recommend the use of
simple GLM techniques that do not overfit when good-quality
species data are used (Meynard & Quinn, 2007) and when
model results are transferred to different regions and environments (Randin et al., 2006). We first related the dependent
variables separately to each predictor variable in order to
identify the most relevant predictors. To consider possible
curvilinear relationships, we selected the linear, quadratic or
cubic function of each variable that accounts for the most
important change in deviance with significant terms (Austin,
1980). Next, we built a complete model using all of the
formerly detected statistically significant variables, selecting
between competing models by a forward–backward stepwise
selection procedure. The purpose of this complete model is not
to estimate the parameters of each explanatory variable
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correctly, but to obtain a reliable model able to forecast the
distribution of the species throughout the entire territory. The
statistica 6.0 software package was used for these computations (StatSoft, Inc., 2003). The stability of the final model
results was examined by a cross-validation procedure in which
the original data were partitioned 10 times in training (75% of
total data) and testing (25% of data) sets, and model accuracy
measures were calculated for these testing data. Continuous
probabilities derived from GLM results were converted into a
presence–absence variable using the recommended threshold
that minimizes the difference between sensitivity and specificity (Jiménez-Valverde & Lobo, 2007b). Sensitivity (the ratio of
correctly predicted presences to the total number of presences,
or true-positive rate), specificity (the true-negative rate), and
the receiver operating characteristic curve (ROC; Zweig &
Campbell, 1993) were used to estimate model accuracy.
The area under the ROC curve (AUC) provides a single
performance measure across all possible ranges of thresholds (Fielding & Bell, 1997). This score can be used to estimate
the accuracy of distribution-model predictions, provided that
they are carried out on the same species and extent
(Lobo et al., 2008). A similar procedure was used to derive
the potential distribution of the species using current climatic
layers from the GENESIS 2 GCM in order to transfer
the predictions to the conditions characterizing the
Last Interglacial period (the GENESIS 126,000 yr bp climatic
scenario).

RESULTS
Current potential distribution
The complete model included eight explanatory variables
accounting for 96.5% of the total deviance (see coefficients
in Table S2). Accuracy measures for this model are remarkably high (AUC = 0.999; sensitivity and specificity = 0.994),
whereas cross-validation values (mean ± 95% CI) are
0.9990 ± 0.0004 for the AUC; 0.9936 ± 0.0007 for sensitivity;
and 0.9936 ± 0.0005 for specificity. Examination of the individual environmental variables indicated (Table 1) that those
related to annual temperature variability (isothermality and
temperature seasonality) explained the highest percentage of
total deviance (around 80% and 70%, respectively). The
probability of C. crocuta presence increased when isothermality
values (a measure of the annual temperature range experienced
on a daily basis) were higher as well as when temperature
seasonality was low. In general, temperature variables seemed to
be more relevant to explaining the potential species distribution
than precipitation variables. In Africa, the species had high
probabilities of occurrence in almost all Sub-Saharan territories, including in some high-precipitation and xerothermic
localities (Fig. 2a).
Using only the two most important detected climatic
variables (isothermality and temperature seasonality), a selection of pseudo-absences outside the climatic conditions

Table 1 Deviance and change in deviance from a full model in which the number of parameters is equal to the number of observations for
Crocuta crocuta distribution in Africa and western Eurasia for each of the explanatory climatic variables used (see Hijmans et al., 2005). The
model was computed by selecting pseudo-absences outside the environmental range defined by these variables (potential distribution). The
linear, quadratic, or cubic functions of each variable accounting for a significant change in deviance (P £ 0.05) were selected.

Full model
Isothermality
Temperature seasonality
Mean temperature of wettest quarter
Annual temperature range
Mean temperature of coldest quarter
Mean temperature of driest quarter
Minimum temperature of coldest month
Annual mean temperature
Precipitation seasonality
Mean temperature of warmest quarter
Maximum temperature of warmest month
Precipitation of wettest month
Precipitation of wettest quarter
Precipitation of driest month
Precipitation of warmest quarter
Precipitation of driest quarter
Mean diurnal range
Annual precipitation
Precipitation of coldest quarter
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Function

Sign

Deviance

Change in
deviance

Cubic
Quadratic
Cubic
Quadratic
Cubic
Cubic
Quadratic
Cubic
Cubic
Cubic
Cubic
Quadratic
Quadratic
Cubic
Cubic
Cubic
Cubic
Cubic
Quadratic

+)+
))
+))
))
+)+
+)+
+)
+)+
+))
+))
+))
+)
+)
)+)
++)
)+)
+)+
++)
)+

18,859.41
3817.35
5577.58
10,835.28
11,173.01
11,667.75
12,001.04
12,102.89
13,375.04
14,212.21
15,242.14
15,906.70
16,968.52
17,130.96
17,184.50
17,438.27
17,480.80
17,687.00
18,060.17
18,262.37

15,042.06
13,281.84
8024.13
7686.41
7191.66
6858.38
6756.53
5484.37
4647.20
3617.27
2952.71
1890.89
1728.45
1674.92
1421.14
1378.61
1172.41
799.25
597.05

Percentage
change in
deviance

79.76
70.43
42.55
40.76
38.13
36.37
35.83
29.08
24.64
19.18
15.66
10.03
9.16
8.88
7.54
7.31
6.22
4.24
3.17
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(a)

(b)

Figure 2 Geographic predicted representations of the (a) potential and (b) realized distributions of Crocuta crocuta (see Tables S2 and S3).
The probability maps are in a white (0) to black (1) scale. The striped pattern in the north is a consequence of the interpolation procedure
used for the seasonal precipitation variable. IUCN estimations of the distribution of the spotted hyena identify Central African evergreen
rain forest as an absence area. However, as our dataset includes presence points within evergreen rain forests in Equatorial Guinea, the model
does not identify the areas with this type of habitat as potentially unsuitable.

Table 2 Deviance and change in deviance
from a full model in which the number of
parameters is equal to the number of observations for Crocuta crocuta distribution in
Africa for each explanatory climatic and nonclimatic variable used (see Hijmans et al.,
2005). The model was computed using reliable absences (realized distribution). The
linear, quadratic, or cubic functions of each
variable accounting for a significant change
in the deviance (P £ 0.05) were selected.
Land-cover variables came from the Global
Land Cover Characterization of the US
Geological Survey (version 2; see http://
edcsns17.cr.usgs.gov/glcc/), and the distance
to populated areas (urban distance) and
distance to wilderness areas (wilderness
distance) were created from the Gridded
Population of the World project (version 3;
see http://sedac.ciesin.org/gpw) and the
World Wilderness Areas dataset of the
United Nations Environment Programme
(see http://www.grid.unep.ch).
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Function
Full model
Climatic variables
Isothermality
Temperature seasonality
Annual temperature range
Mean temperature of coldest quarter
Mean temperature of wettest quarter
Precipitation of warmest quarter
Minimum temperature of coldest
month
Precipitation of wettest month
Precipitation of wettest quarter
Mean temperature of driest quarter
Maximum temperature of warmest
month
Precipitation seasonality
Annual precipitation
Mean diurnal range
Mean temperature of warmest quarter
Precipitation of coldest quarter
Annual mean temperature
Precipitation of driest month
Precipitation of driest quarter
Non-climatic variables
Barrier
Urban distance
Land use – Bare ground
Land use – Woodland
Wilderness distance
Land use – Wooded grassland
Land use – Evergreen broadleaf forest
Land use – Grassland
Land use – Closed shrubland
Land use – Cropland
Land use – Deciduous broadleaf forest

Percentage
Change in change in
Sign Deviance deviance deviance
15,088.06

Cubic
Cubic
Cubic
Cubic
Cubic
Cubic
Cubic

+)+
)++
)++
++)
+))
+)+
++)

1440.18 13,647.88
2560.68 12,527.38
5442.38 9645.68
5878.14 9209.92
6520.79 8567.27
6867.08 8220.98
6988.50 8099.56

90.45
83.03
63.93
61.04
56.78
54.47
53.68

Quadratic
Quadratic
Quadratic
Cubic

++
++
))
)+)

9532
9637.34
9787.3
9857

9327.41
5450.72
9072.11
5231.45

49.46
36.13
48.10
34.67

Linear
Cubic
Cubic
Quadratic
Cubic
Quadratic
Quadratic
Cubic

+
++)
)++
)+
)+)
++
++
++)

10,811.63
10,940.4
12,405.08
12,650.82
13,224
13,462.4
14,026.33
14,080.4

4276.43
4147.64
2682.98
2437.24
1863.99
5397.01
1061.73
1007.67

28.34
27.49
17.78
16.15
12.35
28.62
7.04
6.68

1141.50 13,946.56
10,420.19 4667.87
12,239.09 2848.97
13,468.71 1619.35
13,506.22 1581.84
13,973.03 1115.03
14,688.24
399.82
14,826.23
261.83
14,944.76
143.30
15,058.18
29.88
15,060.45
27.61

92.43
30.94
18.88
10.73
10.48
7.39
2.65
1.73
0.95
0.20
0.18

)
Quadratic )+
+
)
Quadratic ++
)
)
)
)
)
)
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existing in the presence localities generated a similar potential
distribution (not shown).
Current realized distribution
The climatic variables related to temperature variability were
also able to explain a high percentage of the total deviance
(see Table 2). The Sahara Desert barrier variable accounted for
92% of the total variability; anthropic variables (distance to
populated places and wilderness areas) accounted for 37%; and
land cover accounted for 31%. Adding all these significant
non-climatic variables to the complete climatic model
increased the explained variability by only 1%. Land-cover
and anthropic variables did not seem to be particularly
relevant for explaining the general pattern of presence and
absence on a global scale, although it will be necessary to study
the relationship between these variables and the species
distribution at a local scale. The complete model generated
with all of the former significant variables included nine
explanatory variables (see coefficients in Table S3), accounting
for 98% of total deviance. Accuracy measures were also high
(AUC = 0.979; sensitivity = 0.95; and specificity = 1), and
cross-validation values (mean ± 95% CI) were 0.9992 ±
0.0007 for the AUC; 0.9963 ± 0.0010 for sensitivity; and
0.9964 ± 0.0008 for specificity.
Apart from the Sahara Desert barrier, the five most
important variables were the same as those in the potential
climatic model. Again, isothermality and temperature seasonality were the two most explicative variables, accounting for

90% and 83% of total variability, respectively. Crocuta crocuta
was predicted to be absent when isothermality scores are < 50
(Fig. 3), representing places with a high variation in temperature throughout the year. Thus, mediterranean-type climate
and desert areas were not covered by the model (Fig. 2b).
Predicted values also declined when isothermality values were
around 80, as observed in the Congo and Central African
tropical rain forests. In West Africa, coastal areas with high
values of precipitation and minimum temperature, from
Guinea to Gabon, were predicted as unsuitable for C. crocuta,
as were the rain forest areas of Gabon and Congo. The
mediterranean-type climate areas of South Africa and the

(a)

(b)

Probability of species presence

1.0

0.8

0.6

0.4

0.2
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100

Isothermality

Figure 3 Relationship between isothermality (the ratio between
mean diurnal range and temperature annual range) and the predicted probability of presence for the realized distribution. Crocuta
crocuta has a low probability of occurrence when temperature
scores exhibit strong variation throughout the year (deserts and
mediterranean-type climate areas); the species has a high probability of occurrence in environments with more stable temperature
conditions. The shift in the slope (when isothermality values are
around 80) approximately coincides with the evergreen rain forest
data points.
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Figure 4 (a) Differences between the Last Interglacial
(126,000 yr bp) average annual temperature and the current
values for Europe according to three categories: white, current
colder temperatures (£ 2C); dark grey, current warmer
temperatures (‡ 2C); grey, similar temperatures (± 2C). Climate
layers extracted from the GENESIS 2 general circulation model
(Thompson & Pollard, 1995, 1997; P. Batra, unpublished data).
The correlation between the two temperature values for all 2 cells
is statistically significant (r = 0.97; P < 0.0001) with a regression
slope of 1.006. Fossil sites are represented as black squares. (b) The
predicted suitable area in Europe (in black) according to the
potential prediction model generated using current African
data. Note that favourable locations are restricted to the coast
of the Iberian Peninsula and that fossil sites appear outside the
predicted potential distribution.
Journal of Biogeography 36, 1645–1655
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The geographic representation of the aforementioned potential
distribution showed that the Western Palaearctic region
currently does not seem to exhibit the climatic conditions
necessary for the presence of C. crocuta (Fig. 4). In spite of the
similarity between current and Last Interglacial temperatures,
the fossil presence is outside supposedly climatically favourable
European areas, as derived from current distribution locations
(Fig. 4b).
Using current GENESIS 2 GCM climatic variables, we were
able to explain 67% of the total deviance. The potential
distribution thus generated (Fig. 5a) was transferred to the
Last Interglacial without success, since fossil records were
located in cells with zero or very low suitability values
(mean ± SD; 0.032 ± 0.064; Fig. 5b).

predict the realized distribution, suggesting that this large
desert could be conditioning the current northern dispersal
of C. crocuta. Interestingly, genetic studies (Rohland et al.,
2005) indicate that the last connection between the European and African populations occurred during the Last
Interglacial, a period of intensified monsoons and increased
precipitation. As a consequence of this increase in humidity,
97% of North Africa was covered by vegetation, mainly
grasses (van Andel & Tzedakis, 1996; Montoya, 2007). The
Sahara Desert also experienced other much less arid periods
during the late Pleistocene and Holocene (Issar, 2003; Drake
& Bristow, 2006). In particular, during the period from
10,300 to 9500 yr bp, when the European population went
extinct, the Sahara was significantly more humid than it is
at present (Lézine, 2007). Studies on the viability of the
spotted hyena metapopulations highlight the possibility that
isolation could be a key factor for the extinction of this
species (Mills & Hofer, 1998). If this is the case, further
investigation will be necessary to determine why the African
spotted hyena populations failed to spread northwards and
rescue the European populations from extinction.

DISCUSSION

Climatic equilibrium and transferability

areas with low values of isothermality that surround Lake
Malawi and the coast of Mozambique, as well as the desert
coast of Djibouti and Eritrea, were other areas where the
model predicted the species to be absent.
Model transferability

Ecological implications of model results
Among the climatic variables, those related to temperature
stability during the year had the highest predictive capacity
in both models. Spotted hyenas seem to avoid areas with
regular precipitation throughout the year (evergreen forests)
as well as those with high values of temperature seasonality
(mediterranean-type climate and desert zones). It is likely
that temperature stability is not linked to any physiological
constraint, but to the species’ response to certain habitat
structures (Mills & Hofer, 1998). The barrier variable (the
Sahara Desert) also had a high explanatory capacity to

(a)

Both potential and realized distribution models of C. crocuta
were highly accurate, describing around 96% of the total
variability and offering extremely high cross-validation results.
According to our model, climate is the main conditioning
factor capable of explaining the current distribution of this
species. The predicted area for the potential distribution in
Africa is only 8% higher than the realized area. Hence, our
results suggest that the current C. crocuta distribution is highly
conditioned by climatic variables and that the species is
currently present throughout the major portion of its climatically suitable area. Thus, the assumption of equilibrium with
the climatic conditions is apparently not violated, potentially

(b)

Figure 5 (a) Predicted suitable area for
Crocuta crocuta using current data on annual
temperature range and annual precipitation
derived from the GENESIS 2 general
circulation model climatic data (4.5 · 7.5
resolution), and (b) projected potential
distribution using the Last Interglacial
climate scenario (GENESIS 2 GCM). Western
Eurasia is not predicted as a suitable area for
the species, and the probability of occurrence
differs only slightly from zero in southern
Europe. Crocuta crocuta fossil locations
during the Last Interglacial (black circles) are
located outside the predicted suitable areas
for the species. Probabilities oscillate between
zero (white) and one (black).
Journal of Biogeography 36, 1645–1655
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allowing this model to be transferred in space and time.
Transferability of the model results to western Eurasia predicts
almost no suitable area for the species, and the potential model
built using GENESIS 2 climatic layers showed similar results,
again excluding western Eurasia as a favourable area for the
species during the Last Interglacial period. However, fossil data
available for a climatically similar Pleistocene period clearly
indicate that this species inhabited regions with climatic
conditions very different from those experienced currently. An
overwhelming amount of fossil evidence indicates that C. crocuta inhabited the European Pleistocene under both glacial and
interglacial conditions (Werdelin & Solounias, 1991; Testu,
2006), coexisting both with cold-adapted species, such as
Coelodonta antiquitatis (woolly rhinoceros) and Mammuthus
primigenius (woolly mammoth) (Altuna & Mariezkurrena,
2000), and with warm-adapted species, such as Dama dama
(fallow deer) and Sus scrofa (wild boar) (Bologna et al., 1994).
The failure of the models to predict the palaeodistribution of
the species suggests that current distribution data do not
represent the entire climatic range where spotted hyenas are
able to live. Similar results could be obtained for many other
large mammals currently extinct in Europe but present in
Africa (Barnosky et al., 2004).
When seeking to minimize the difference between the
estimated population parameters and the sample statistics,
it is universally agreed that the use of statistical methods
to draw inferences requires that the sample from which
relationships among variables will be inferred be representative of the population described (Zar, 1999). In the case of
species distribution models (SDMs), such samples frequently
comprise the available information on the presence of the
species (i.e. species occurrences), which is a subset of the total
number of inhabited localities. The relationships that SDMs
aim to infer constitute the ‘niche’ or set of environmental
conditions that would allow any species’ population to attain
a positive rate of demographic increase in the absence of
immigration (Soberón, 2007). The subsequent geographical
representation of such an inferred niche could provide reliable
hypotheses on the potential distribution of species, provided
that the inferred relationships represent all the combinations
of environmental conditions where the species can persist.
Hence, we sought to determine whether it is possible to attain
reliable knowledge of the niche using only distributional
information. Darwin (1859, p. 346) himself wrote in the
Origin of Species that ‘…neither the similarity nor the
dissimilarity of the inhabitants of various regions can be
accounted for by climatal and other physical conditions’. That
is, the environmental conditions of the localities with data on
the presence of the species will not provide information on
the whole spectrum of suitable environmental conditions. The
distribution of a species is (almost always) the consequence of
the interplay of a large number of current and past processes,
many of them exerting contingent effects on species populations (Ricklefs, 2004). Most species distributions are not in
equilibrium with current environmental conditions (Svenning
& Skov, 2004), owing to the impact of past environmental
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conditions, dispersal limitations and the particular history of
regions and organisms. Such a lack of equilibrium hinders the
precise estimation of potential distributions/niches from
current distribution data (Jiménez-Valverde et al., 2008).
Recently, the lack of success in the transferability of the
results of SDMs has been presented as evidence of niche shifts
(Broennimann et al., 2007; Fitzpatrick et al., 2007). Such an
argument neglects both the role played by the phenotypic
plasticity of species (Miner et al., 2005) and the fact that a
species can be predicted to be absent from areas with suitable
environmental conditions simply because these conditions do
not exist within its native distribution area. On these
premises, the transference of the set of suitable environmental
conditions inferred from the sample used to another time or
region is subject to an unknown degree of uncertainty, even if
SDMs are developed using an adequate resolution and the
presence data used cover the species’ entire geographical
distribution. SDMs developed from current distributional
information may underestimate the set of environmental
conditions where a species can occur (Dormann, 2007).
Extreme caution is thus mandatory if the aim is transferring
the results of merely correlative models over both space and
time. The apparent equilibrium with climate that might be
estimated from current distributional information does not
guarantee the transferability of model predictions. Rather,
to estimate the potential distributions of species it is advisable
to use distributional data coming from different regions and
time periods (Mau-Crimmins et al., 2006; Nogués-Bravo
et al., 2008) and/or functional and physiological data (Kearney et al., 2008).
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Lobo, J.M., Verdú, J.R. & Numa, C. (2006) Environmental and
geographical factors affecting the Iberian distribution of
flightless Jekelius species (Coleoptera: Geotrupidae). Diversity and Distributions, 12, 179–188.
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