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The objective of this study is to investigate whether presence/absence models can be
used as surrogates of arthropod abundance, and eventually under which circumstances
such surrogacy is guaranteed. Presence/absence data for 48 arthropod species from
Terceira Island were modelled using artificial neural networks. Probabilities of occurrence were correlated with abundance data from a standardized arthropod survey programme. Although a tendency was found for vagile species to show relationships, only
nine species showed significant positive correlations between probability of presence
and abundance. Five of these were exotic spider species with high abundances and
wide distributions in several human-modified habitats. The patchy distribution of pristine habitats, the capacity to reach them and the probable low dependence on limiting
resources, other than food, enhance the relationship. A lack of significant correlations
for the majority of the species may be due to historical events, inappropriate scale,
demographic controls of density, or the incapacity of presence/absence models to
account for environmental suitability. The difficulty to identify a priori the species for
which the relationship will hold advises against the use of species distribution models
as surrogates of arthropod abundance.

Introduction
Species occurrence and abundances are key variables in modern ecological and conservation
sciences (see Gaston & Blackburn 2000 and
references therein). Moreover, understanding

spatial and temporal patterns of distribution and
abundance is critical to assess the threat status of
species (Regan et al. 2000, Conrad et al. 2006).
The abundance of a species is ultimately a function of its birth and death rates, which depend
on its fitness in different environments (Boyce
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& McDonald 1999, Pearce & Ferrier 2001, Tyre
et al. 2001, but see Van Horne 1983). Besides,
abundance is closely related to persistence, a
property of the population that is desirable to
maximize in reserve selection schemes (Mangel
& Tier 1994, Araújo & Williams 2000). It follows that predicting population densities across
its distributional range is of great value for conservation and management purposes, in order to
assess the impact of environmental changes on
organisms (Boyce & McDonald 1999, Joseph et
al. 2006, Smith et al. 2006).
However, the logistical difficulties of obtaining abundance data in many locations are particularly relevant for arthropods. Many projects are
currently compiling information on species distributions (e.g. GBIF at www.gbif.org, ATLANTIS www.azoresbioportal.angra.uac.pt; Borges
2005, Hortal et al. 2007), but spatial data from
these databases have no associated abundance
data, which makes them at least incomplete. In
fact, presence data are much easier to survey, and
are available in numerous biological databases
(Soberón & Peterson 2004, Hortal et al. 2007).
This is one of the reasons why predictive distribution models have developed rapidly in the last
decade (Scott et al. 2002). By quantifying species–environment relationships and prediction of
species’ geographic distributions from confirmed
occurrences, they assume a direct link between
the probability of presence and environmental suitability (Pearce & Ferrier 2001, Peterson
2006). Such models can be used to develop management decisions and conservation strategies
(Schadt et al. 2002, Barbosa et al. 2003, Hirzel
et al. 2004, Russell et al. 2004), among other
practical and theoretical applications (see Peterson 2006 for a review). Their usefulness would
be greatly strengthened if a relationship between
local probability of occurrence and abundance
were to exist. Moreover, several authors have
recently pointed out that relating probability
of occurrence to abundance could be a powerful way of validating presence/absence models
(Albert & Thuiller 2008, Lobo et al. 2008).
A positive relationship between the probability of occurrence and local abundance is
expected when there is a strong relation between
population densities and environmental variables
(Pearce & Ferrier 2001). Moreover, the relation-
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ship will be enhanced if resources are limiting
and patchy and if the densities of the populations
are at their upper limit, as at low densities, other
factors apart from environment may be determining the size of the populations (Mitchell 2005,
Nielsen et al. 2005). However, factors other than
environment will make species reach high densities in places with low probability of occupancy
(Van Horne 1983, Tyre et al. 2001, Nielsen et al.
2005). For example, biotic interactions such as
aggregation, intraspecific competition or predator pressure can force individuals to concentrate
in unsuitable sink marginal habitats. Thus, the
relationship between probability of occurrence
and local abundance is a complex phenomenon
that depends on many different factors acting in
isolation or in synergy. However, little empirical
work has been undertaken to study the capacity of occurrence models to account for local
abundance. To our knowledge, only two studies
specifically address the question: (i) Pearce and
Ferrier (2001) tested the capacity of logistic presence/absence models to predict population densities of several species of vertebrates and vascular
plants, but found little correlation between the
probability of presence and abundance among
occupied sites; (ii) likewise, Nielsen et al. (2005),
studying a fern and a moose, obtained disappointing results regarding probability of presence as a
surrogate of abundance, attributing their negative
results to unmeasured factors, such as site history,
that ultimately determine abundance. Recently, in
a study not focused on this question, Real et al.
(2009) found significant relationships between
environmental favourability and abundance in
two vertebrates in Spain, the Iberian lynx and its
prey, the European rabbit. All these results are
inconclusive and no inference about the circumstances, if any, under which probability of occurrence acts as a surrogate for local abundance can
be deduced.
In this study, we use information derived
from a replicated, intensive arthropod sampling
scheme on Terceira Island (Azores) in several
habitats (see Borges et al. 2005a, 2006). We evaluated the degree to which environmental suitability assessed with presence/absence models
account for abundance estimates. By comparing
numerous arthropod species with diverse biological characteristics, we tried to assess the con-
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ditions under which the relationship holds. We
hypothesize that the wider the distributions and
the higher the global abundance, the stronger the
relation will be. Thus, we expect the relationship
to be enhanced in the case of vagile species able
to colonize all suitable habitats. As occurrence
models can have two different interpretations
(potential versus actual distributions), depending
on the kind of distribution data and predictors
used (Soberón & Peterson 2005, Jiménez-Valverde et al. 2008), we developed two types of
models to assess if there are any differences in
their relation with abundance.

Data and methods
Biological data
For this study we used a large dataset of epigean
arthropod species sampled with pitfall traps in
a standardised, large-scale biodiversity study in
the Azores (BALA Project — Biodiversity of
Arthropods from the Laurisilva of the Azores;
for more details see Borges et al. 2005a, 2006,
Gaston et al. 2006, Hortal et al. 2006). Pitfall
traps measure activity densities rather than true
abundances of species (Luff 1975). Thus, for
the same species, they can be used to compare
between-sites relative number of individuals
and assume that they are a direct estimate of
between-sites relative true abundances (Curtis
1980, Downie et al. 2000). As in Borges et al.
(2006), only data from the most intensively surveyed island, Terceira, were included in the analysis. Fieldwork was conducted between 1999
and 2005, during the summer months following
a gradient of anthropogenic modification from
pristine, high-elevation native forest to low-elevation anthropogenic intensive pasture (Borges
et al. 2008, Cardoso et al. 2009). At each location (N = 81), one 150 ¥ 5 m transect was used to
record species occurrences (presence or absence
data) and estimate their local abundances as
the number of recorded individuals, assuming
that, as pointed out before, these intraspecific
between-sites relative numbers are direct indicators of the intraspecific between-sites relative
size of local densities. A total of 30 pitfall traps
were used in each transect (see also Borges et al.
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2005a, 2006). Data were referred to 500 ¥ 500 m
UTM grids. In cases where two or more transects
fell in the same grid (8 cases, 67 final UTM grids
with abundance data), the mean abundance for
each species was used. BALA transects provided
abundance data (Table 1) as well as presence/
absence information. In addition, we collated
presences of each species in 500 ¥ 500 m grids
from the GIS-based ATLANTIS database (see
Borges 2005 and www.azoresbioportal.angra.
uac.pt) to increase their number for occurrence
models.
We chose a 500 ¥ 500 m spatial resolution
as we consider it to represent an appropriate
balance between the incidences of the fauna
on BALA transects (both presence/absence as
well as relative abundances for each species
among cells) and minimization of the effects of
other variables (competition, stochasticity, etc.)
on population abundances and species presences.
A lower resolution (larger cell size) for such a
small territory as Terceira Island would suppose
the loss of a large amount of variability in the
predictors and a drastic reduction in sample size.
A 500 ¥ 500 m spatial resolution has been previously used in other works with arthropods in the
Azores (e.g., Hortal et al. 2005).
We discarded species from the BALA (Borges
et al. 2005a, 2006) and ATLANTIS (Borges
2005, www.azoresbioportal.angra.uac.pt) databases if they were: (i) recorded in < 10 localities
with non-zero abundances; (ii) recorded in < 10
localities with abundances = 0 (real absences in
real distribution models, see below); or (iii) with
< 10 probable absences (absences in potential
distribution models, see below). From an initial
pool of 207 species, 48 were selected for further
analysis (see Appendix).
Predictor variables
Landscape heterogeneity is a key factor in determining species distribution, abundance and diversity. We used volcanic, topographic, climatic and
land-use variables to model the real and potential
distribution of species (see below). As in our GIS
database the original spatial resolution of raster
maps was at 100 ¥ 100 m, all maps in the database were resampled to a 500 ¥ 500 m resolution.
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Table 1. Characteristics of the training data for the potential distribution models (sample size and prevalence),
accuracy statistics (sensitivity, specificity and AUC) and results of the correlation analysis between probability of
occurrence and abundance (rs and p values).
Species

Prevalence

Sensitivity

Specificity

AUC	

rs

p

380
195
138
82
386
135
143
402
450
260
105
153
244
410
456
230
91
380

0.10
0.63
0.49
0.40
0.10
0.43
0.41
0.11
0.10
0.10
0.70
0.40
0.13
0.10
0.27
0.10
0.60
0.10

1.00
0.98
0.97
0.97
0.97
0.97
0.98
0.98
0.98
0.96
0.99
0.98
0.97
0.98
0.98
1.00
0.98
1.00

0.99
0.97
0.97
0.98
0.97
0.96
0.99
0.98
0.98
0.97
1.00
0.98
0.97
0.98
0.99
0.99
0.97
1.00

1.00
1.00
1.00
1.00
0.99
1.00
1.00
0.99
1.00
0.99
1.00
1.00
1.00
0.99
1.00
0.99
1.00
1.00

–0.45
0.37
0.42
0.60
–0.01
0.45
0.58
0.36
–
–0.31
0.41
0.27
0.31
–
0.26
–0.37
0.46
0.08

0.1058
0.0141
0.1083
0.0515
0.9827
0.0162
0.0020
0.1284
–
0.3217
0.0258
0.3215
0.2613
–
0.0682
0.2122
0.0455
0.7509

102

0.44

0.98

0.98

0.98

–0.15

0.5636

150

0.10

0.93

0.96

0.99

0.34

0.3650

118
165
154
280
300
257
111
590
240
128
226
69
233
126
98
153
170
460
549

0.76
0.50
0.69
0.52
0.10
0.51
0.32
0.11
0.10
0.60
0.45
0.43
0.18
0.33
0.27
0.18
0.10
0.10
0.15

0.76
0.97
0.99
0.94
0.97
0.99
0.94
0.98
1.00
0.90
0.99
0.97
0.98
0.98
0.96
0.93
0.94
0.98
0.99

0.77
0.98
1.00
0.95
0.97
0.99
0.95
0.98
1.00
0.90
0.99
0.97
0.98
0.98
0.96
0.94
0.94
0.98
0.99

0.82
1.00
1.00
0.96
1.00
1.00
0.99
1.00
1.00
0.94
1.00
0.99
1.00
1.00
0.99
1.00
0.99
1.00
1.00

–0.08
–0.01
–0.03
–0.03
0.06
0.33
–0.46
–0.35
0.40
–0.07
–0.28
–0.21
0.20
0.63
0.02
0.54
0.25
–0.02
0.40

0.7781
0.9545
0.9271
0.9233
0.8362
0.1792
0.1834
0.2703
0.2224
0.6769
0.4024
0.4909
0.4493
0.0485
0.9518
0.0862
0.3620
0.9390
0.1402

307

0.38

0.99

0.99

1.00

0.00

0.9968

547
115

0.15
0.37

0.97
0.98

0.97
0.97

1.00
1.00

0.38
0.18

0.0236
0.3402

385
380
73

0.12
0.10
0.71

0.98
0.97
0.96

0.97
0.98
0.96

0.99
1.00
0.99

0.20
0.07
0.11

0.3377
0.6726
0.7136

180
127

0.53
0.14

0.94
0.72

0.94
0.73

0.99
0.80

–0.12
0.37

0.5039
0.1782

124

0.31

0.97

0.98

1.00

0.51

0.0172

Sample size

Araneae
Agyneta decora
Dysdera crocata
Eperigone bryantae
Eperigone fradeorum
Erigone atra
Erigone autumnalis
Erigone dentipalpis
Ero furcata
Lepthyphantes acoreensis
Meioneta fuscipalpis
Oedothorax fuscus
Ostearius melanopygius
Pachygnatha degeeri
Palliduphantes schmitzi
Pardosa acoreensis
Porrhomma borgesi
Prinerigone vagans
Rugathodes acoreensis
Blattaria
Zetha vestita
Chilopoda
Geophilus truncorum
Coleoptera
Aleochara bipustulata
Amischa analis
Anisodactylus binotatus
Calosoma olivieri
Chaetocnema hortensis
Cordalia obscura
Epuraea biguttata
Heteroderes azoricus
Hirticomus quadriguttatus
Ocypus (Pseudocypus) aethiops
Pseudoophonus rufipes
Pterostichus (Argutor) vernalis
Rugilus orbiculatus orbiculatus
Sericoderus lateralis
Sitona discoideus
Sphenophorus abbreviatus
Stelidota geminata
Typhaea stercorea
Xantholinus longiventris
Dermaptera
Forficula auricularia
Diplopoda
Cylindroiulus propinquus
Polydesmus coriaceus
Hemiptera
Anoscopus albifrons
Aphrodes hamiltoni
Nabis pseudoferus ibericus
Pseudoescropiones
Chthonius ischnocheles
Chthonius tetrachelatus
Opiliones
Homalenotus coriaceus
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Five categories of maps were included, and were
used as predictors:
i. A digital elevation model (DEM) and derived
maps. A raster DEM was developed by interpolating the elevation curves of the Digital
Chart developed by the Cartographic Service
of the Portuguese Army. We extracted mean
and minimum elevation. The standard deviation of elevation in each 500 ¥ 500 m grid
was calculated as a measure of topographic
ruggedness.
ii. Climate data obtained from the CIELO
Model (Azevedo 1996, Azevedo et al. 1999),
developed to simulate local climate in island
environments. CIELO is a physically based
model that simulates the climatic variables on
an island using data from the synoptic reference of a meteorological station. The domain
of computation is a raster GIS parameterized
with a DEM (see also Borges et al. 2006 for
an application of such data). The CIELO
model has been calibrated and validated
for Terceira Island, and is now available
through the CLIMAAT project (CLIMAAT
Interreg_IIIB, MAC 2.3/A3, Azevedo 2003).
The variables extracted were annual potential
evapotranspiration, mean annual temperature
and mean annual precipitation.
iii. Volcanic island map from the work of Victor
Hugo Forjaz and colleagues (Forjaz 2004)
that describes in detail all the volcanic
systems of Terceira and all other Azorean
islands. A categorical map was created with a
total of 25 volcanic systems.
iv. Concerning land-use cover, we used the
recently available habitat classification for
Terceira Island (F. Dinis unpubl. data). The
main land-uses are native forest (mainly
composed of Laurisilva forest), semi-natural
grassland, intensive pasture, exotic forest,
urban areas, vines/orchards, abandoned fields
and unproductive areas. The percentage of
each land use in each 500 ¥ 500 grid cell was
computed.
v. Two additional layers were obtained from the
Digital Chart developed by the Cartographic
Service of the Portuguese Army: presence of
water sources (rivers and lakes) and distance
to urban areas.
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The strong environmental gradient of Terceira
Island, from high (wet and cold) to low (dry and
hot) elevations, makes topographic and climatic
variables highly correlated. To simplify these
data, a principal components analysis (PCA) was
constructed using the standardized normal scores
of mean and minimum altitude and the three climate variables. PCA analysis selected one component (herein called climatic factor) with an
eigenvalue higher than 1 (4.8) which explained
96.5% of total variance in the climatic and topographic data. While the climatic factor describes
the broad-scale environmental gradient of the
island, the other variables refer to characteristics
of the environment that do not show such broad
spatial patterns (topographic ruggedness, presence of water sources), to historic events (volcanic systems) or to land use/habitat type (landuse cover, presence of water sources). Thus,
the climatic factor was used to characterise the
Grinnellian niche of the species (sensu Soberón
2007) and to produce estimations of their potential distributions; the other variables were used to
estimate the real distributions.
Modelling presence/absence data
Presence/absence data were modelled using artificial neural networks (ANN), a machine-learning method able to deal with non-linear relationships between the dependent variable and the
predictors and able to account for complex data
(Olden et al. 2008, Özesmi et al. 2006a, Recknagel 2001, Venables & Ripley 2002). ANNs
have proved to outperform other conventional
techniques in species distribution modelling
studies (e.g. Olden & Jackson 2002, Segurado
&Araújo 2004).
In this study, a Multi-Layer Perceptron (feedforward neural network with back propagation
for training, Isasi Viñuela & Galván León 2004)
with one hidden layer was used (Fig. 1). Neurons
are organized in different layers: an input layer, a
hidden layer and an output layer. The input layer
has a number of neurons equal to the number of
independent variables, while the output layer has
only one neuron. The hidden layer contains 15
neurons to achieve a trade off between predictive accuracy and overfitting (A. Jiménez-Val-
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ofpresence

Input layer

Hidden layer

verde unpubl. data). Each neuron is connected
by axons to all neurons of the next layer in a
unidirectional way, and the intensity of the signal
is defined by the weight assigned to each connexion. Thus, the state of the hidden neurons is
defined by the weighted sum of the inputs and an
activation non-linear function (logistic function
in this study). Initial weights were set to 0.1. In
the training process, weights are changed iteratively (maximum number of iterations = 2000) to
minimize the least-square error function. Thus,
a Multi-Layer Perceptron with one hidden layer
basically performs a linear combination of sigmoid function of the inputs. For further details
see, for example, Ripley (1996), Isasi Viñuela
and Galván León (2004) and Özesmi et al.
(2006b). Neural networks were fitted in R (R
Development Core Team 2004) using the nnet
package (Venables & Ripley 2002).
Two kinds of models were developed for
every species, each using a different type of
absence information and different predictor variables to account for both extremes of the potential-actual distribution gradient (see Soberon &
Peterson 2005 and Jiménez-Valverde et al. 2008
for an extensive conceptual framework):
1. In order to account for the potential distribution (climate-related potentiality), we tabu-

Output layer

Fig. 1. Architecture of the
Multi-Layer Perceptron
used in this study. In the
case of the potential distribution, one neuron forms
the input layer; for real
distributions 13 neurons
formed the input layer.

lated maximum and minimum values of the
climatic factor at presence points (presences
from the BALA survey and ATLANTIS database), so defining the climate envelope for
each of the 48 species (Busby 1991, Lobo et
al. 2006). From the area outside the envelope,
probable absences were randomly selected to
generate training datasets with prevalence as
low as 0.1 (i.e., number of presences/[number
of presences + number of absences] = 0.1) for
each species if possible (Jiménez-Valverde &
Lobo 2006b, 2007a). In the modelling process,
only the climatic factor was used as predictor, as including other variables would imply
accounting for factors that restrict potential
distributions to realized ones (see above).
2. To account for the real distribution, presences
from the BALA survey and ATLANTIS database and absences obtained in the BALA
transects were used (real absences). In this
case, all 13 (including the climatic factor)
variables were used in the modelling process
to introduce historical and anthropogenic factors in the models (see above).
Model evaluation
Models were evaluated using a ‘leave-one-out’
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jackknife approach: that is, one observation was
excluded, the model parameterized with the
remaining n – 1 observations, a predicted probability is obtained for the excluded observation,
and the procedure is repeated n times (Olden
et al. 2002). With these new jackknife probabilities, the area under the ROC curve (AUC), a
measure of overall discriminatory power (Swets
1988, Fielding & Bell 1997), was computed (but
see recent criticisms of this measure in Lobo et
al. 2008 and Peterson et al. 2008). Also, sensitivity (presences correctly predicted) and specificity
(absences correctly predicted) were calculated
using the threshold which minimizes their difference (Jiménez-Valverde & Lobo 2006c, 2007b).
Notice that potential distribution models will
unavoidably show high values of discrimination
capacity (see Jiménez-Valverde & Lobo 2007a).
All evaluation computations were run in R (R
Development Core Team 2004) using the ROCR
package (Sing et al. 2005) and custom scripts.
Relationship between probability of
presence and abundance
Spearman rank correlations between predicted
probabilities of presence (from potential and
real distribution models) and observed abundance data from locations with values > 0 were
calculated. Positive correlations including
0 data points indicating absence would mean
good discrimination capacity of presence/
absence models, but not necessarily good capacity to explain variation in abundance. In total,
48 ¥ 2 independent correlation analyses were
performed. No α-adjustment method for multiple tests was applied, to avoid increasing type
II errors (the probability of accepting the null
hypothesis when the alternative is true; Perneger
1998, Moran 2003, Gotelli & Ellison 2004).
Then, we studied if there was a relationship
between Spearman correlation coefficients (rs)
and p values with mean abundances (see Appendix) and the number of occupied sites by each
species, as well as if there was any difference
in rs scores and p values between Araneae (high
vagile taxa) and Coleoptera (low vagile taxa;
note that the concepts of high and low vagility
are relative).
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Results
All models of the potential distribution showed
high predictive power, with small variation in
accuracy measures (Table 1). The mean discrimination AUC score was 0.99, being higher than 0.8
in all cases, which indicates that the models are
highly discriminatory (Swets 1988). This means
that, in the worst model, a presence will be
predicted as having a higher probability than
an absence 80% of the time. Sensitivity and
specificity were quite high, with mean values
of 0.96, higher than 0.72 in all cases. Only
eight models showed probabilities of presence
significantly correlated with abundance (Dysdera crocota, Erigone autumnalis, Erigone dentipalpis, Oedothorax fuscus, Prinerigone vagans,
Sericoderus lateralis, Homalenotus coriaceus,
and Cylindroiulus propinquus) at p < 0.05, only
one of them significant at p < 0.01 (Erigone
dentipalpis). The discrimination capacity of the
models does not affect the relationship as rs scores
were not correlated with AUC values (r = 0.08ns).
No significant correlation was found between
neither mean abundance nor the number of occupied sites and rs scores (r = 0.14ns and r = 0.19ns,
respectively). P values were not correlated with
mean abundance or the number of occupied sites
either (r = –0.20ns and r = –0.22ns, respectively).
Mean rs scores were higher in Araneae (mean ±
SD = 0.214 ± 0.333) than in Coleoptera (0.068
± 0.299) but the difference was not statistically
significant (t = 1.371, p = 0.180). P values were
significantly lower in Araneae than in Coleoptera
(Mann-Whitney U-test: Z = –2.924, p = 0.004).
On the contrary, real distribution predictions
were not as accurate as the potential ones and
showed higher variation in accuracy measures
(Table 2). The mean AUC value was 0.74, with
33 species showing AUC scores ≥ 0.70, indicating useful models (Swets 1988). Mean values of
sensitivity and specificity were both 0.70. Only
Erigone autumnalis and Geophilus truncorum
showed significant correlations between probability of presence and abundance at p < 0.05,
only one of them significant at p < 0.01 (Erigone
autumnalis). Again, the discrimination capacity of the models does not affect the relationship as rs scores were not correlated with AUC
values (r = –0.25ns). No significant correlations
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Table 2. Characteristics of the training data for the real distribution models (sample size and prevalence), accuracy
statistics (sensitivity, specificity and AUC) and results of the correlation analysis between probability of occurrence
and abundance (rs and p values).
Species

Prevalence

Sensitivity

Specificity

AUC	

rs

p

85
145
112
90
81
96
97
86
82
80
100
111
84
83
135
74
103
75

0.45
0.85
0.60
0.37
0.48
0.60
0.60
0.53
0.55
0.33
0.74
0.54
0.37
0.49
0.90
0.31
0.53
0.51

0.63
0.62
0.61
0.61
0.49
0.67
0.72
0.61
0.76
0.77
0.65
0.80
0.84
0.66
0.57
0.65
0.73
0.84

0.64
0.64
0.62
0.61
0.48
0.68
0.72
0.60
0.76
0.78
0.65
0.80
0.83
0.67
0.57
0.67
0.73
0.84

0.68
0.67
0.65
0.67
0.50
0.76
0.78
0.59
0.81
0.81
0.72
0.82
0.87
0.70
0.62
0.75
0.78
0.89

–0.27
–0.17
0.35
–0.06
0.40
0.63
0.12
–0.08
0.15
0.54
0.19
0.03
–0.32
0.02
0.20
0.05
0.34
–0.01

0.3408
0.2686
0.1856
0.8537
0.1584
0.0003
0.5650
0.7356
0.4707
0.0696
0.3135
0.9183
0.2424
0.9420
0.1670
0.8799
0.1535
0.9565

73

0.62

0.71

0.71

0.78

–0.33

0.1935

66

0.23

0.53

0.51

0.56

0.70

0.0254

129
116
152
186
73
162
85
109
74
91
150
74
85
95
70
79
61
93
120

0.68
0.69
0.69
0.77
0.41
0.78
0.42
0.55
0.32
0.85
0.67
0.41
0.51
0.43
0.37
0.35
0.28
0.49
0.68

0.81
0.75
0.73
0.76
0.70
0.80
0.69
0.95
0.92
0.44
0.78
0.70
0.70
0.80
0.65
0.71
0.53
0.91
0.71

0.80
0.75
0.72
0.76
0.70
0.81
0.69
0.96
0.92
0.43
0.78
0.70
0.69
0.81
0.66
0.73
0.52
0.91
0.71

0.85
0.85
0.80
0.85
0.75
0.90
0.73
0.99
0.97
0.41
0.84
0.76
0.75
0.82
0.69
0.76
0.50
0.97
0.74

–0.05
–0.09
0.02
–0.51
0.14
0.19
0.16
–0.30
0.24
0.19
–0.12
–0.16
0.00
0.29
0.19
0.60
–0.21
–0.19
0.20

0.8562
0.7015
0.9562
0.0918
0.6386
0.4480
0.4731
0.3458
0.4789
0.2349
0.7269
0.6069
0.9962
0.4082
0.5450
0.0509
0.4408
0.5257
0.4630

157

0.74

0.80

0.80

0.88

0.23

0.4303

96
67

0.83
0.64

0.75
0.49

0.75
0.50

0.78
0.48

0.03
0.12

0.8744
0.5081

76
56
94

0.61
0.68
0.52

0.43
0.84
0.67

0.43
0.83
0.67

0.46
0.94
0.73

0.29
0.06
–0.03

0.1563
0.7301
0.9140

114
62

0.82
0.29

0.63
0.67

0.65
0.66

0.68
0.66

0.00
–0.01

0.9770
0.9742

73

0.53

0.64

0.65

0.71

0.39

0.0775

Sample size

Araneae
Agyneta decora
Dysdera crocata
Eperigone bryantae
Eperigone fradeorum
Erigone atra
Erigone autumnalis
Erigone dentipalpis
Ero furcata
Lepthyphantes acoreensis
Meioneta fuscipalpis
Oedothorax fuscus
Ostearius melanopygius
Pachygnatha degeeri
Palliduphantes schmitzi
Pardosa acoreensis
Porrhomma borgesi
Prinerigone vagans
Rugathodes acoreensis
Blattaria
Zetha vestita
Chilopoda
Geophilus truncorum
Coleoptera
Aleochara bipustulata
Amischa analis
Anisodactylus binotatus
Calosoma olivieri
Chaetocnema hortensis
Cordalia obscura
Epuraea biguttata
Heteroderes azoricus
Hirticomus quadriguttatus
Ocypus (Pseudocypus) aethiops
Pseudoophonus rufipes
Pterostichus (Argutor) vernalis
Rugilus orbiculatus orbiculatus
Sericoderus lateralis
Sitona discoideus
Sphenophorus abbreviatus
Stelidota geminata
Typhaea stercorea
Xantholinus longiventris
Dermaptera
Forficula auricularia
Diplopoda
Cylindroiulus propinquus
Polydesmus coriaceus
Hemiptera
Anoscopus albifrons
Aphrodes hamiltoni
Nabis pseudoferus ibericus
Pseudoescropiones
Chthonius ischnocheles
Chthonius tetrachelatus
Opiliones
Homalenotus coriaceus
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were found between neither mean abundance
nor the number of occupied sites and rs scores
(r = 0.07ns and r = 0.04ns, respectively). P values
were not correlated with mean abundance or the
number of occupied sites either (r = –0.13ns and
r = –0.08ns, respectively). Mean rs scores were
higher in Araneae (mean ± SD = 0.117 ± 0.262)
than in Coleoptera (0.031 ± 0.254), although the
difference was not statistically significant (t =
1.016, p = 0.317). P values were not significantly
lower in Araneae than in Coleoptera (MannWhitney U-test: Z = –0.881, p = 0.378).

Discussion
General trends
As in previous analyses (Pearce & Ferrier 2001,
Nielsen et al. 2005), for most species analysed,
we did not find a significant relationship between
local probability of occurrence and local abundance. However, for eight exotic and one native
species (see Appendix), we found probabilities
of presence significantly correlated with density.
No relation with mean abundance or number of
occupied sites was found, but there is a tendency
for vagile species (spiders) to show more apparent relationships between probability of occurrence and abundance. In fact, five out of nine
significant cases were spiders. Spiders show a
great dispersal capacity, as suggested by the fact
that due to passive air dispersal using silk threads
(ballooning), they can be found in the air at high
altitudes (Freeman 1946) and are among the
first colonizers of islands (Edwards & Thornton
2001). This characteristic, together with being
generalist predators (Wise 1993), may result in
spiders being in a higher degree of equilibrium
with the environment than other taxa, something
that, as explained in more detail in the next section, would enhance the relationship between
probability of occurrence and local abundance.
Concrete cases
The five spider species for which significant correlations were found are widely distributed in
anthropogenic Azorean habitats, namely inten-
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sive pasture (see Borges & Brown 2001, 2004).
The five spider species are well adapted pasturedwelling spiders, at least four of which (Prinerigone vagans, Erigone dentipalpis, Erigone autumnalis and Oedothorax fuscus) normally occur
in heavily grazed pastures (De Keer & Maelfait
1988, Borges & Brown 2001). Borges and Brown
(2001) showed that in Azorean intensive and
semi-natural pastureland, diverse and structurally complex pasture sites supported more individual web-building spiders per unit area than
less complex ones. In fact, physical complexity of the grassland and sub-shrub vegetation
layers has been pointed out as one of the most
important deterministic factors of spider distribution, especially for web-building species (Grill
et al. 2005, Jiménez-Valverde & Lobo 2007c
and references therein). Probably the most direct
effect of habitat complexity is the availability of
a greater number of microniches (Jiménez-Valverde & Lobo 2007c). Azorean pastures are usually organized into small (around 100 ¥ 100 m)
stone-fenced fields grazed regularly (every three
weeks in the summer months) by milk cattle.
Therefore, the landscape is organized in a mosaic
of recently grazed fields either with or without cows and with high structural heterogeneity
of vegetation, thus providing suitable conditions
in terms of habitat structure throughout most
of Terceira. Moreover, Erigonidae is the family
most common in aeroplankton samples (Dean &
Sterling 1985, Bishop 1990), indicating a huge
capacity for long-distance dispersal and, thus, for
reaching and establishing in pastures with high
habitat complexity. This, together with the fact
that all the spiders were sampled between grazing
periods when the grass reaches its highest density, suggests that habitat structure is not a limiting factor in spider populations. Also, pastures
are highly productive ecosystems (Curry 1994),
so these spider species live in habitats with high
food availability, probably indirectly related to
the climatic gradient of the island. These factors
suggest that the patchy distribution of resources
in the Azorean mosaic pastureland favours the
strength of the relationship between occurrence
and abundance for these habitat specialist species
(see also Nielsen et al. 2005), together with the
fact that no other factor except food availability
appears to be a major determinant of their abun-
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dance at this scale (see Wise 1993: chapter 2). In
fact, significant relationships are mostly found
when modelling the potential distribution, i.e.,
when only the climatic factor is used as explanatory variable and so the probability of occurrence
may reflect climatic favourability.
Besides the tendency observed for spiders,
four other arthropod species pertaining to different taxa and with different characteristics
showed positive relationships between the probability of occurrence and abundance. Cylindroiulus propinquus (Diplopoda) and Homalenotus
coriaceus (Opiliones) are common arthropod
species in several Azorean native and altered
habitats, but not particularly common in intensive pastures. Geophilus truncorum (Chilopoda)
is mainly a forest species and Sericoderus lateralis (Coleoptera) is one of the most common
beetles in most habitats in the Azores.
Why is the probability of occurrence not
predicting abundance?
Despite the generally observed trend for spiders
to show a positive relationship between predicted occurrence and abundance, the probability
of occurrence was a poor predictor of local abundance for most species. In fact, for other species
with the same characteristics as the ones for
which significant relations have been found, we
observed no capacity to account for abundance
in their occurrence models. Instead, other variables, such as site history, scale or species life
history may have influenced the spatial variation
in local abundance of Azorean epigean arthropod
species. That many other arthropod species have
wide distributions on the island suggests that
their local abundance arises from non-environmental controls of density (Van Horne 1983),
rather than on their ability to reach and occupy
potential habitats.
The adequate sampling of arthropods in space
and time is a very hard task (Jones and Eggleton 2000, Jiménez-Valverde & Lobo 2006a,
Cardoso et al. 2007). Additionally, usually only
one-year abundance estimations are available for
a number of sites. However, arthropod populations are known to fluctuate markedly over time
(Stewart-Oaten et al. 1995, Heller et al. 2006).
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These fluctuations may not depend on environmental factors but rather on demographic ones,
including demographic stochasticity, finally altering occupancy patterns (Hanski 1999) and may
dilute the probability of a significant occurrencedensity relationship in many species (Nielsen et
al. 2005). Thus, it could be argued that, although
the relationship between presence/abundance
exists for many other species under ideal conditions, difficulties in the estimation of density
results in the lack of recognition of the pattern.
However, we do not believe this methodological drawback to be determining our results as
the model of abundance–variance–occupancy of
He and Gaston (2003) fits very well to the same
abundance used in our study (Gaston et al. 2006),
supporting the robustness of the data.
All these considerations are based on the
assumption that occurrence models reflect habitat
suitability. First, source–sink dynamics (sensu
Shmida & Wilson 1985) explains how a species
can occur in unsuitable places, maintaining populations due to immigration (Shmida & Wilson
1985, Pulliam 2000). Relocation to suboptimal
habitats can be observed if the suitable environment is scarce (Braunisch et al. 2008). Additionally, dispersal limitation can explain how
absences can be found in environmentally suitable places (Pulliam 2000). Second, and more
importantly from a conceptual point of view, the
modelling objective changes depending on the
nature of the absence and the predictors used
(Soberón & Peterson 2005, Jiménez-Valverde et
al. 2008). When climatic variables and probable
absences located outside the envelope defined
by those predictors are used, the models are
probably forecasting the potential niche concept
in a Grinnellian sense (our potential distribution approach; Soberón 2007). However, if real
absences and/or variables that account for historical or human disturbance events are used, then
the models may approach the real geographic distribution (our real distribution approach). If, as in
the case of the Azorean arthropod fauna, species
are highly influenced by land-use variables, then
these variables will force the algorithm in such a
way that the climatic factors lose relevance and
climatic suitability may be diluted. That is, we
would be generating a geographical range map
rather than an environmental suitability map. As
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a consequence, the relationship between probability of occurrence and abundance will be lost,
as our results for potential vs. real distribution
models indicate. Besides, even potential distribution models based on non-causal correlative
relationships are hardly able to describe the fundamental niche of the species (Kearney & Porter
2009). Hence, their interpretation in terms of
environmental suitability may be questioned.

Conclusions
Generally, the spatial distribution of individuals
is fundamental to understanding macroecological patterns (Gaston 1996). Our analyses have
shown that, although there is a tendency for spiders (vagile species and generalist predators) to
show relationships between probability of occurrence and local abundance, this is weak and there
is no general applicability of the pattern. Species
for which the relation holds are difficult to identify a priori, so using environmental suitability
(i.e., probability of presence) as a surrogate
for arthropod relative local abundance estimates
should be ruled out; abundance is a quite variable parameter which depends on many factors
apart from environment. Consequently, despite
the relatively easy access of occurrence data
and the straightforward application of distribution modelling techniques, the use of occurrence
models as density indicators of the relative population size of arthropod species cannot be generalized. Finally, although the way occurrence
models are built is critical as it will determine
the concept being modelled, i.e., environmental
potential vs. realized geographical distribution,
they may not reflect environmental suitability.
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Appendix. Colonization status (END = Azorean endemic; MAC = Macaronesian endemic; N = native; I = introduced; – = no
information available; following Borges et al. 2005b) and mean abundance (and range) of each species.
Species	Colonization
status
		
Araneae
Agyneta decora
Dysdera crocata
Eperigone bryantae
Eperigone fradeorum
Erigone atra
Erigone autumnalis
Erigone dentipalpis
Ero furcata
Lepthyphantes acoreensis
Meioneta fuscipalpis
Oedothorax fuscus
Ostearius melanopygius
Pachygnatha degeeri
Palliduphantes schmitzi
Pardosa acoreensis
Porrhomma borgesi
Prinerigone vagans
Rugathodes acoreensis
Blattaria
Zetha vestita
Chilopoda
Geophilus truncorum
Coleoptera
Aleochara bipustulata
Amischa analis
Anisodactylus binotatus
Calosoma olivieri
Chaetocnema hortensis

I
I
I
I
I
I
I
I
END
I
I
I
I
MAC	
END
END
I
END

Mean
Species	Colonization
abundance		
status
(range)			

3.21 (1–9)
4.14 (1–21)
4.06 (1–19)
5.00 (1–33)
9.29 (1–41)
23.32 (1–69)
47.23 (1–121)
1.74 (1–9)
5.42 (1–18)
18.83 (1–68)
442.07 (10–1081)
6.00 (1–32)
7.93 (1–32)
2.65 (1–16)
22.22 (1–188)
1.54 (1–3)
8.37 (1–37)
4.94 (1–17)

–

1.47 (1–3)

N

1.11 (1–2)

I
I
I
N
I

3.00 (1–15)
4.80 (1–15)
3.00 (1–9)
2.33 (1–8)
12.00 (1–71)

Cordalia obscura
Epuraea biguttata
Heteroderes azoricus
Hirticomus quadriguttatus
Ocypus (Pseudocypus) aethiops
Pseudoophonus rufipes
Pterostichus (Argutor) vernalis
Rugilus orbiculatus orbiculatus
Sericoderus lateralis
Sitona discoideus
Sphenophorus abbreviatus
Stelidota geminata
Typhaea stercorea
Xantholinus longiventris
Dermaptera
Forficula auricularia
Diplopoda
Cylindroiulus propinquus
Polydesmus coriaceus
Hemiptera
Anoscopus albifrons
Aphrodes hamiltoni
Nabis pseudoferus ibericus
Pseudoescropiones
Chthonius ischnocheles
Chthonius tetrachelatus
Opiliones
Homalenotus coriaceus
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Mean
abundance
(range)

I
I
END
N
N
I
I
N
I
I
I
I
I
I

4.06 (1–24)
4.00 (1–11)
74.50 (3–204)
94.64 (3–589)
10.10 (1–60)
5.73 (1–18)
14.77 (1–81)
6.41 (1–27)
2.70 (1–7)
5.00 (1–14)
2.00 (1–6)
9.33 (1–58)
18.85 (1–120)
1.93 (1–6)

–

13.29 (1–42)

I
I

3.60 (1–10)
4.83 (1–26)

–
END
N

6.36 (1–40)
5.43 (1–19)
4.62 (1–16)

–
–

5.74 (1–14)
2.73 (1–8)

–

22.00 (1–147)

