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ABSTRACT Little is known about the habitat preferences of Macrothele calpeiana (Walckenaer,
1805), an endangered endemic Iberian spider. In this paper, we seek to identify its distribution
determinants and to disentangle their independent from combined effects. Generalized linear models
(GLMs) of species presenceÐabsence in southern Iberia were built from available distribution
information and a variety of climate, land-use, and vegetation-vigor explanatory variables. Their
independent and combined effects were estimated using variation and hierachical partitioning. On the
scale of this work, M. calpeiana distribution is determined mainly by climate variables, especially by
those related with precipitation; high annual precipitation and high precipitation periodicity favors
the spider. Temperature is also important, because the species is not found where temperatures reach
extremes. Whereas independent vegetative vigor and land-use effects, not easily separated from
climate effects, are negligible, loss of forest to agriculture seems to have a negative effect. The slight
positive effect of artiÞcial surfaces cannot be directly attributed to anthropogenized-habitat preferences. Failure of climate model interpolation to predict some core species distribution areas in
southern Iberia is discussed. The need for reliable distribution information from which to develop
accurate habitat models is highlighted.
KEY WORDS climate, habitat models, Iberian Peninsula, land use, Macrothele calpeiana

Macrothele calpeiana (Walckenaer, 1805), an endemic
Iberian spider included in the Bern and Habitat directives, is distributed solely in southern Spain. Practically all populations have been found in the
Guadalquivir river basin (Fig. 1), with the exception
of a North African (Ceuta) record, considered to be
the result of recent introduction by SpainÐMorocco
maritime trafÞc (Ferrández and Fernández de Céspedes 1996).
Macrothele calpeiana, a nonvagile, long-lived spider
(females can live longer than 5 yr; Perry 2002), spins
an aerial sheet-web that continues in underground silk
tubes (funnelÐwebs), usually under stones or roots,
but also in holes and crevices in bare ground, and even
under tree bark several meters above ground (Gallon
1994, Santos Lobatón 1996). Mating seems to occur
mainly in spring (MayÐMarch); spiderlings emerge in
summer (August), probably remaining in the maternal
retreat until October (Snazell and Allison 1989, Perry
2002).
Macrothele calpeiana populations, found mainly in
cork oak (Quercus suber) forests (Snazell 1986, Snazell
and Allison 1989, van Helsdinge and Decae 1992),
where winters are warm, summer temperatures are
high, and rainfall is copious, Þnd a variety of habitats
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suitable (e.g., scrub land, pine forests, eucalyptus plantations; van Helsdinge and Decae 1992). Supplying
some nonsystematic density information, van Helsdinge and Decae (1992) speculated that M. calpeiana
was favored by a moderate amount of anthropogenic
activity and did not consider the species to be an
indicator of cork oak forests. However, studies have
not been designed to provide conclusive information
on M. calpeiana habitat preferences, so that its habitat
requirements remain practically unknown.
In this paper, we explored, at a resolution of 1 by 1
km, the determinants of M. calpeiana distribution in
the southern Iberian Peninsula, its main distribution
area. Taking the place of experimentation, impossible
on large spatial scales, habitat modeling (Guisan and
Zimmermann 2000, Guisan and Thuiller 2005), the
technique used in this study, is the most effective for
testing species habitat preferences while identifying
major predictor variables most reliably. Because explanatory variable correlation is an obstacle to the
determination of probable causal factors, effects of
climate, land-use, and vegetation-vigor groups were
studied by variation partitioning (Legendre and Legendre 1998), whereas independent effects of single
variables were studied by hierarchical partitioning
(Chevan and Sutherland 1991).
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Fig. 1. Records of M. calpeiana (Walckenaer, 1805) in the
Iberian Peninsula referred to 1 by 1-km UTM squares. Spanish provinces cited in the text: A, Alicante; AL, Almerṍa; BA,
Badajoz; C, Cáceres; CA, Cádiz; CO, Córdoba; GR, Granada;
HU, Huelva; JA, Jaén; MA, Málaga; SE, Sevilla; VA, Valencia.
Window showing the 10 by 10-km presence points available
(92).

Materials and Methods
Biological Data and Extent of Study. Macrothele
calpeiana presence data in 1-km2 universal transversal
mercator system (UTM) squares were extracted from
the literature (Blasco and Ferrández 1986, Snazell and
Allison 1989, van Helsdinge and Decae 1992, Santos
Lobatón 1996, Luque 2001); 89 presence points were
available for the species in the southern Iberian Peninsula (maximum latitude 39⬚39⬘; Fig. 1). It is necessary to note that some populations only had distribution data at a resolution of 10 km2 and no 1-km2 UTM
square was available (Fig. 1, inset).
Environmental Data. At a resolution of 1 by 1 km in
southern Spain, eight climate variables were considered: yearly days of frost; insolation (annual hours of
sunlight); annual precipitation, precipitation periodicity (the coefÞcient of variation of monthly scores);
mean annual temperature; minimum winter temperature; maximum summer temperature; and annual
temperature range. All these variables were courtesy
of the Spanish Instituto Nacional de Meteorologṍa
(INM, Ministerio de Medio Ambiente, Madrid,
Spain), whereas mean altitude, slope, and aspect were
obtained from a Digital Elevation model, at a resolution of 3 arc-s (⬇90 m), provided by the United States
Geological Survey (2005). The mean normalized difference vegetation index (NDVI, the photosynthetically active radiation that plants absorb, is a measure
of plant density and vegetation health; Chong et al.
1993, Pettorelli et al. 2005) for 2001 was provided by
the Instituto Nacional de Técnica Aeroespacial (CREPAD, Gran Canaria, Spain); to minimize cloud and/or
aerosol noise, mean annual NDVI was calculated from
maximum monthly values. For each 1 by 1-km UTM
square, the percentage of: forest, agricultural land,
scrub, and grassland, open places with little or no
vegetation, and artiÞcial surfaces were extracted from
the Corine Land Cover 2000 (100-m resolution;
http://terrestrial.eionet.europa.eu/CLC2000)
Statistical Analyses. Tabulated maximum and minimum values of the 17 above-mentioned variables at
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presence points deÞned the multidimensional envelope for M. calpeiana (Busby 1991, Lobo et al. 2006).
From the area outside the envelope, 801 pseudo-absences were randomly selected (prevalence ⫽ 0.1). As
absences from a biological atlas are not necessarily
true absences (the species may be present in a particular cell but not recorded), their inclusion as erroneous data reduces model prediction power; their
substitution by pseudo-absences limits the amount of
noise in the data. Moreover, these pseudo-absences
may be used with prediction techniques using both
presence and absence data to enhance prediction accuracy (Zaniewski et al. 2002, Engler et al. 2004, Lobo
et al. 2006).
Generalized additive models (GAMs) with penalized regression splines (Wood 2000, Wood and Augustin 2002) were used to explore spider presenceÐ
absence relationships with predictors. We used the
mgcv package (Wood 2004) to Þt GAMs with four
initial degrees of freedom in R (R Development Core
Team 2004). To reduce the effects of multi-collinearity, predictors were Þrst classiÞed in intracorrelated
groups by means of an r ⱖ 0.8 classiÞer threshold (r,
Pearson⬘s correlation coefÞcient; Silva and Barroso
2004). The members of the group explaining less GAM
deviance or with a complex or unrealistic relationship
with presence-absence data were dropped.
Occurrence of M. calpeiana was Þnally modeled
using logistic regression analysis (generalized linear
models [GLMs] with binomial distribution and logitlink function; McCullagh and Nelder 1997). Models
were backward-stepwise Þtted (Harrell 2001), producing nested models to be Akaike information criterion (AIC)-tested (Buckland et al. 1997), a penalization of the log-likelihood of the model as function
of the number of degrees of freedom. GLMs were
Þtted in R (R Development Core Team 2004). Probabilities produced by logistic regression, unavoidably
biased toward the most common event (Cramer
1999), cannot be considered indicative of habitat suitability, and they must be rescaled (Jiménez-Valverde
and Lobo 2006). For this purpose, we used the favorability function proposed by Real et al. (2006) to
eliminate the random element from the logistic equation:
F⫽1⫺
1⫹e

冉

1

冊

n
P
ln 1⫺P ⫺ ln n1
0

where F is the favorability value, P is the logistic
probability, n1 is the number of presences and n0 is the
number of absences. The favorability probabilities so
derived were mapped. Residuals of the logistic functions were examined and tested for autocorrelation
using the Moran⬘s I spatial autocorrelation statistic
(Sawada 1999), selecting a lag distance of 12 km.
MoranÕs I test was checked for signiÞcance with the
Bonferroni-corrected signiÞcance level. Spatial autocorrelation in the residuals usually indicates that the
model must be enlarged to incorporate spatially structured variables not otherwise accounted for (Odland
1988); addition of complex spatial terms (the third-
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degree polynomial of latitude and longitude) to the
model can be expected to account for those ignored
variables.
Models were “leave-out-one,” jackknife validated;
i.e., one observation was excluded, the model parametrized again with the remaining n ⫺ 1 observations,
a predicted probability obtained for the excluded observation, and the procedure repeated n times (Olden
et al. 2002). With these new jackknife probabilities,
the area under the receiver operating characteristic
(ROC) curve (AUC), a measure of overall discriminatory power (Swets 1988; Fielding and Bell 1997),
was computed. Also, sensitivity (presences correctly
predicted) and speciÞcity (absences correctly predicted) were calculated using the threshold which
minimizes their difference (Jiménez-Valverde and
Lobo 2006). All validation computations were run in
R (R Development Core Team 2004).
Although previously corrected for multi-collinearity, explanatory variables remain unavoidably correlated. In the assessment of the relative inßuence of
each group of climate, land-use, and NDVI explanatory variables on M. calpeiana presence, variation partitioning (Legendre and Legendre 1998) determined
the independent effects of (1) climate variation alone;
(2) land use alone; (3) NDVI alone; and the combined
effects of (4) climate and land-use components; (5)
climate and NDVI components; (6) land use and
NDVI components; and (7) the three components.
Explained deviance (D):
D⫽

ND ⫺RS
ND

where ND is the null deviance and RS is the residual
deviance, can be used to compare models from different combinations of factors (Guisan and Zimmermann 2000). Total deviance is obtained by regressing
the dependent variable against the three groups of
factors. Percentage of explained deviance is also computed for pairs of variables and for each variable alone.
The independent effect of each group of variables is
obtained by subtracting variation explained by the
combination of the other groups, from variation explained by the combination of all explanatory variables together. Variation attributable to the combined
effect of pairs of groups may be obtained by simple
sums and subtractions (Legendre and Legendre 1998,
Muñoz et al. 2005).
A hierarchical partitioning procedure was also applied to the more relevant variables (Chevan and
Sutherland 1991, MacNally 1996, 2000). This method
aims to measuring the explanatory capacity of individual variables, considering all possible models (2k,
where k is the number of variables considered) in a
hierarchy and computing the additional explained deviance by adding any one variable to a simpler model
that does not include that variable. Mean additional
explained deviance per variable, IA (a denotes the
given variable), is considered the explanatory power
of each variable independently. The Þve climate variables and four land-use variables most signiÞcantly
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related with M. calpeiana presence/absence were hierarchical partitioned in R (R Development Core
Team 2004). The hier.part package (Walsh and MacNally 2003), restricted to factors linearly related with
the dependent variable, was run for land-use variables,
whereas climate factors, some of them related by quadratic functions, were manually hierarchical partitioned. Thus, the statistical signiÞcance of only the
land-use variable IA could be calculated with 1,000
randomizations of the matrix, followed by recompution of the distribution of IA (MacNally 2002), whereas
signiÞcance of climate factors was manually impossible to calculate. Z (Iobserved ⫺ Îrandomized/
SDIrandomized) is calculated and the statistical significance is based on the upper 95% of the standard
normal distribution (Z ⱖ 1.65).
Results
Macrothele calpeiana relationships with all the variables considered were statistically signiÞcant, except
those with aspect and percentage of places without
vegetation cover (Figs. 2 and 3). Annual precipitation,
precipitation periodicity, and annual temperature
range are most explanatory, explaining 58.9, 58.4, and
49.1% of deviance, respectively; the Þrst two positively, linearly related with spider presence-absence
and the third negatively related. NDVI, maximum
summer temperature, and minimum winter temperature are the three variables next in importance, with
35.3, 31.7, and 31.5% of explained deviance, respectively. From a midpoint, M. calpeiana is positively,
linearly related with NDVI. The relation with minimum winter temperature is positively linear until a
threshold point (1Ð2⬚C), where the slope of the curve
approaches zero. The relation with maximum summer
temperature is bell-shaped, with the maximum at
⬇28⬚C. Slope and annual days of frost explain 17 and
16.1% of deviance, respectively. M calpeiana seems to
avoid ßat terrain and prefers areas with the smallest
number of annual days of frost. Altitude, mean annual
temperature, and insolation explain negligible proportions of deviance (⬍4%); M. calpeiana avoids high
altitudes (⬎1,500 m), low mean annual temperatures,
and medium insolation values. In general, the effect of
land-use variables is low; most important are the percentage of forest and agricultural lands, with 8.56 and
12.8% of explained deviance, respectively. The relationship with percentage of forest is complex and
cubic, whereas the relationship with the percentage of
agricultural land is negatively linear. Percentage of
scrub and grassland and the percentage of artiÞcial
surfaces explain ⬍3% of deviance, both positively,
linearly related with M. calpeiana presence-absence
(Fig. 3).
Correlation analysis identiÞes a group of highly correlated explanatory variables, at the 0.8 threshold,
composed of altitude, annual days of frost, mean annual temperature, and minimum winter temperature;
the fourth variable, explaining signiÞcantly more variation than the other three, was selected as representative. Variables (and their transformations) selected
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Fig. 2. Estimated GAM terms describing the relationships of M. calpeiana (Walckenaer, 1805) with the statistically
signiÞcant climate, topography, and NDVI variables. Estimates are shown as solid lines, 95% conÞdence intervals as dashed
ones, and cases as a rough plot along graph bottom. Explained deviance: mean altitude, ALT ⫽ 3.68%; slope, SLO ⫽ 17%; annual
days of frost, FROST ⫽ 16.1%; insolation, INSOL ⫽ 1.72%; annual precipitation, PRECP ⫽ 58.4%; precipitation periodicity,
PRECPCV ⫽ 58.9%; annual temperature range, RNGTEMP ⫽ 49.1%; maximum annual temperature, TMAX ⫽ 31.7%; annual
mean temperature, TMEDANU ⫽ 3.25%; minimum annual temperature, TMIN ⫽ 31.5%; normalized difference vegetation
index, NDVI ⫽ 35.3%. Predictor P ⬍ 0.01 (2 test).

for the subsequent Þnal GLM analyses are precipitation periodicity (linear); annual precipitation (linear); annual temperature range (linear); maximum
summer temperature (quadratic); minimum winter
temperature (cubic); slope (cubic); annual days of
frost (linear); NDVI (cubic); percentage of forest
(quadratic); percentage of agricultural land (linear);
percentage of scrub and grassland (linear); and percentage of artiÞcial surfaces (linear). Amount of forest
was included as a quadratic term instead of cubic,
because such a complex relationship with M. calpeiana
presence would be of difÞcult biological interpretation. The inconsistent relation with insolation led to
the elimination of this variable.
The climate and topographic model retained only
precipitation periodicity and annual precipitation as
linear terms and maximum summer temperature and
minimum winter temperature as quadratic terms,
while accounting for 82.15% of deviance and classifying almost perfectly (AUC ⫽ 0.99, sensitivity and speciÞcity scores of 97%). This is the maximum predictive
power achievable, because it is not increased by the
inclusion of any other variable, neither NDVI nor land
use. A model based solely on NDVI accounts for

34.96% of deviance, with an AUC of 0.82 and sensitivity
and speciÞcity values of 76%. It includes the quadratic
term of the NDVI variable. A model based only on
land-use variables retains the linear terms of the percentage of forest, agricultural lands, and artiÞcial surfaces, explaining only 14.76% of deviance (AUC ⫽
0.76, sensitivity and speciÞcity values of 70%). Last, a
model combining both NDVI and land-use variables
retained the three mentioned land-use variables and
the quadratic term of NDVI, explaining 40.91% of
deviance (AUC ⫽ 0.88, sensitivity and speciÞcity
scores of 0.79).
After application of the favorability function, Þnal
climate model interpolation to southern Spain (Fig. 4)
highlighted the considerable favorability of mainly
Huelva, Sevilla, Cádiz, and Málaga provinces, corresponding to the principal M. calpeiana distribution
areas. Suitable habitat extends also through southern
Granada; isolated potential areas on the coast of Valencia and Alicante; in eastern Jaén; and in the southeast of Cáceres province. Autocorrelation analysis
showed that residuals of this Þnal climate function are
positive and signiÞcantly autocorrelated until a distance of 72 km (Fig. 5). From the added third-degree
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Fig. 3. Estimated GAM terms describing the relationships of M. calpeiana (Walckenaer, 1805) with the statistically
signiÞcant land-use variables. Estimates are shown as solid lines, 95% conÞdence intervals as dashed ones, and cases as a rough
plot along graph bottom. Explained deviance: percentage of woodland, FOREST ⫽ 8.56%; percentage of agricultural land,
AGRI ⫽ 12.8%; percentage of scrub- and grassland, SCRUB ⫽ 2.24%; percentage of artiÞcial surfaces ART ⫽ 1.43%. Predictor
P ⬍ 0.01 (2 test).

polynomial of latitude and longitude (Legendre and
Legendre 1998), the former climate model retains
only linear terms, raising explained deviance to 89.06%
(almost a 7% increase), although the AUC values did
not change (0.97), and sensitivity and speciÞcity increased slightly, to 98%. Addition of spatial terms
slightly decreases MoranÕs I autocorrelation scores for
the Þrst distance classes, although still positive and
signiÞcant for the Þrst six (Fig. 5).
Variation partitioning shows the importance of the
effect of climate (41.2%) and the virtual lack of relevance of the independent effect of land-use variables
and NDVI (0.0%). The most important combined effect is that of climate and NDVI (26.1%), followed by
the combined effect of the three groups of factors
(8.8%) and the combined effect of climate and land
use (5.9%); the combined effect of land-use variables

and NDVI did not explain any signiÞcant proportion
of deviance (0.0%).
The independent effect of the most relevant climate
variables was assessed using hierarchical partitioning
(annual precipitation, precipitation periodicity, annual temperature range, maximum summer temperature, and minimum winter temperature; Fig. 6A). The
greatest inßuence is exercised by annual precipitation
and precipitation periodicity, with quite similar percentages of independent effects, 32.6% and 30.5%, respectively. Independent effects of the other three
factors are smaller and similar (temperature range,

Fig. 4. Interpolated environmental favorability surface
for M. calpeiana in southern Spain, with the 1 by 1-km presence points. In the small window, the 10 by 10-km presence
points are overlaid. Circles indicate occurrence areas not
predicted by the climate model.

Fig. 5. Correlogram for the residuals of the model calculated after rescaling probabilities with the favorability
function. Triangles, climate model without spatial terms; circles, climate model with spatial terms. Lag distance, 12 km;
black dots, statistically signiÞcant MoranÕs I scores.
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Fig. 6. Independent effects of climate (A) and land-use
(B) variables calculated by hierarchical partitioning. Annual
precipitation, PRECP; precipitation periodicity, PRECPCV;
temperature range, RNGTEMP; maximum summer temperature, TMAX; minimum winter temperature, TMIN; percentage of woodland, FOREST; percentage of agricultural land,
AGRI; percentage of artiÞcial surfaces, ART; percentage of
scrub- and grasslands, SCRUB. Numbers inside columns are
Z-scores (*statistically signiÞcant).

13.9%; maximum temperature, 12.2%; minimum temperature, 10.7%). Among the land-use variables (Fig.
6B), the greatest inßuence is exercised by percentage
of agricultural land (51%), followed by percentage of
forests (26.7%). Percentage of artiÞcial surfaces and of
scrub and grassland had smaller percentages of independent effects, 12.0 and 10.3%, respectively. All these
effects were statistically signiÞcant.
Discussion
The distribution of M. calpeiana in the Iberian Peninsula, at a resolution of 1 km2, is mainly determined
by climate factors. Independent effects of precipitation-related variables, annual precipitation and precipitation periodicity, are similarly responsible for a
great part (the greatest of the climate factors considered) of the variation in spider presence/absence. M.
calpeiana lives in wet areas with high annual variation,
clearly linearly related with these variables. Temperature-related variables are also important, although to
a lesser extent than precipitation variables. While independent effects of temperature range and minimum
and maximum temperature are similar, the combina-
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tion of the last two variables is more important than
temperature range. Minimum and maximum temperature remain in the Þnal climate model, with curvilinear relations with the species, indicating a preference for places with moderate maximum temperatures
and avoidance of areas with extreme minimum temperatures. The relevance of annual precipitation, precipitation periodicity, and maximum and minimum
temperature in determining the limits of M. calpeiana
distribution is highlighted by the large single independent effect of climate (41.2%) in variation partitioning analysis and the nearly perfect classiÞcation
power of the model.
Other climate and topography variables seem to be
related with M. capleiana, although their low explanatory power would indicate quite little relevance, at
least on the scale of this study. In general, restricted by
precipitation-related and maximum and minimum
temperature variables, M. calpeiana shuns ßat areas,
prefers altitudes ⬍1,500 m, and light, infrequent frosts,
small temperature ranges, and high mean annual temperatures. In summary, M. calpeiana prefers thermomediterranean areas with maritime inßuence.
NDVI did not remain in the model when added after
climate variables. In fact, as shown by variation partitioning, its independent contribution was virtually
null; its contribution to the variation in M. calpeiana
presence/absence (34.96%) is inseparably correlated
with that of climate and land-use variables. Thus, although it seems that M. calpeiana is positively related
with degree of vegetative vigor, its effect cannot be
separated from that of climate variables and, in any
case, it is less relevant than climate.
Most land-use variables were weakly related with M.
calpeiana presence/absence. We believe that possible
land-use changes occurred since collection of the
older records of the spider (1980s) may not have
signiÞcantly altered possible relationships. The most
important independent effect is that of agricultural
land, which seems to impair species presence. The
cubic relationship of percentage of woodland seems
unrealistic, probably reßecting the effect of other constraining variables. In fact, when all land-use variables
are included in a model, the percentage of forest
remains as a linear term. So, M. calpeiana takes advantage of woodlands, the variable with the secondhighest independent effect. A curious, statistically signiÞcant, positive relation with percentage of artiÞcial
surfaces appears, although its independent effect is
quite small. This pattern may reßect either the greater
detectability of the spider in such areas, or the bias
toward sampling in anthropogenized habitats, or M.
calpeiana climate preferences for the conditions of the
highly urbanized Iberian coast. Percentage of scrub
and grassland, although positively related with spider
presence, does not remain in the Þnal land-use model,
which explains a very low proportion of deviance
(14.76%), with an AUC value of 0.76, and percentages
of correctly predicted presences and absences of 70%.
This AUC value is near the 0.7 value below which
models should be regarded with skepticism, as in such
cases sensitivity will not be much greater than the false
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positives fraction (Swets 1988). Nevertheless, the
slight effect of land-use variables cannot be separated
from that of climate and NDVI variables, as shown by
variation partitioning.
There have been claims, based on nonexperimental
observations of local density counts, that M. calpeiana
is favored by moderate human alteration of landscape
(van Helsdinge and Decae 1992). Such favor is probably indirect because of the creation of more potential
nesting sites (Ferrández and Fernández de Céspedes
1996). Our study, based on occurrence (not density)
data, suggests that, on the study scale, agriculture is
much more important than any other land-use type,
affecting M. calpeiana presence negatively. The positive effect of woodlands is also much more relevant
than the positive effect of percentage of artiÞcial surfaces, although the anthropogenic impact advantageous for M. calpeiana may not be recognizable in our
reclassiÞcation of Corine land-use classes into so few,
broad categories. Also, our study scale may be too
coarse to detect effects of land-use and moderate
anthropogenic impact. Nevertheless, the relevance of
natural cover in the distribution of M. calpeiana is
independent of any local spider congregation in physical structures that facilitate nesting. Habitat selection
studies on Þner scales than this one must be carried out
to develop Þrm conclusions about the impact of landuse on M. calpeiana. Additionally, once the species
detectability factor has been accounted for (species
may be more detectable in anthropogenized habitats),
habitat suitability based on density data should be
interpreted with caution. Abundance may vary in
space because of a number of factors not related with
long-term habitat favorability (Van Horne 1983,
Nielsen et al. 2005). Reliable causal links can be obtained only from detailed demographic information
(Mitchell 2005).
Interpolations to the southern Iberian peninsula of
this and a 100-km2 resolution model of the entire
Iberian peninsula (unpublished data) are chießy coincident, but differing mainly in a reduction in potential area around the two core M. calpeiana distribution
areas along both Guadalquivir river margins. Consequently, unsuitable area surrounding the Guadalquivir
river basin is enlarged in the Þne-scale model, which
fails to predict two 1 by 1-km presence points located
outside Jaén city (arrow in Fig. 4). The model also fails
to predict three core species areas where there were
no Þne-resolution occurrences (except the two in
Jaén; compare maps of Fig. 4): in the province of
Granada; Jaén; the south of Córdoba. Precisely, these
distributionÐarea environmental conditions are the
most marginal where M. calpeiana can be found; their
absence from the model training process may be cause
of the general reduction in potential area and the
observed underestimation. Representation of the full
environmental and spatial gradient in the dependent
variable is essential to obtain accurate models
(Vaughan and Ormerod 2003, Hortal and Lobo 2005,
Jiménez-Valverde and Lobo 2006). Of special relevance, presence points at species environmental gradient limits deÞne a distribution border in perhaps the
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most extreme conditions. Occurrence data not recovered from a well-designed sampling scheme, but from
heterogeneous sources (bibliography, collections,
etc.), may be biased (Dennis and Thomas 2000, Jiménez-Valverde and Ortuño 2006). Despite efforts for
avoiding false absences, failure to include them as
presences will nevertheless affect model results.
Apart from these data-dependent drawbacks, scale
may be responsible for model differences. Scale differences (resolution and extent) affect variable relationships, and parameter estimations also (Dungan et
al. 2002), highlighting the difÞculty encountered in
selection of the appropriate scale of analysis, which
may not be straightforward. Moreover, most modeling
is constrained by data availability, of both dependent
and independent variables. Although the effects of
scale are widely recognized (Wiens 1989, Bailey et al.
2002, Pearson et al. 2004, Boyce 2006), and multiscale
potential habitat studies are recommended (Martṍnez
et al. 2003, Johnson et al. 2004, Luck 2005, Olivier and
Wotherspoon 2005, Beever et al. 2006, Seoane et al.
2006), little is known about scale-of-analysis suitability
to the structures and processes of study.
As in the case of other funnel-web spiders (Woodman et al. 2006), M. calpeiana, a low-vagile species, is
probably highly conditioned by local environmental
factors. Thus, absence of local variables from the modeling process may be negatively affecting the rate of
correct classiÞcation, as is corroborated by the slight
decrease of autocorrelation in the Þrst distance classes
after the inclusion of spatial terms (Diniz-Filho et al.
2003).
We must Þnally stress the importance to distribution studies of detailed geo-referenced location data,
as precise as possible to enable multi-scale approaches
to habitat selection, to make reliable inferences about
the process under study and to generate fully useful
guidance for conservation proposes. Additionally,
well-designed Þeld surveys must be carried out to
recover all environmental and spatial variation of the
target territory and avoid the use of biased data (Jiménez-Valverde and Lobo 2004, Hortal and Lobo 2005),
as well as providing a measure of conÞdence on absence records.
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