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ABSTRACT

Aim Species distribution models (SDM) can be used to predict the location of
unknown populations from known species occurrences. It follows that how the
data used to calibrate the models are collected can have a great impact on pre-
diction success. We evaluated the influence of different survey designs and their
interaction with the modelling technique on SDM performance.

Location Iberian Peninsula.

Methods We examine how data recorded using seven alternative survey
designs (random, systematic, environmentally stratified by class and environ-
mentally stratified using P-median, biased due to accessibility, biased by human
density aggregation and biased towards protected areas) could affect SDM pre-
dictions generated with nine modelling techniques (BIOCLIM, Gower distance,
Mahalanobis distance, Euclidean distance, GLM, MaxEnt, ENFA and Random
Forest). We also study how sample size, species’ characteristics and modelling
technique affected SDM predictive ability, using six evaluation metrics.

Results Survey design has a small effect on prediction success. Characteristics
of species’ ranges rank highest among the factors affecting SDM results: the
species with lower relative occurrence area (ROA) are predicted better. Model
predictions are also improved when sample size is large.

Main conclusions The species modelled — particularly the extent of its distribu-
tion — are the largest source of influence over SDM results. The environmental
coverage of the surveys is more important than the spatial structure of the calibra-
tion data. Therefore, climatic biases in the data should be identified to avoid erro-
neous conclusions about the geographic patterns of species distributions.

Keywords
Climatic bias, environmental niche models, Iberian Peninsula, model perfor-
mance, relative occurrence area, sample size.

INTRODUCTION

encompass a number of methodological uncertainties (Barry
& Elith, 2006; Heikkinen et al., 2006; Rocchini et al., 2011;

Species distribution models (SDM) relate incomplete infor-
mation about the occurrence of species (and sometimes
about their absence) with environmental predictors, to gen-
erate spatially explicit predictions about their geographic dis-
tributions (Aradjo & Guisan, 2006; Franklin & Miller, 2009;
Peterson et al., 2011; Hortal et al., 2012). Despite their
increasing use during the last 15 years (Thuiller et al., 2009;
Lobo et al., 2010; Varela et al., 2014), SDMs pose many con-
ceptual problems (Aratjo & Guisan, 2006; Soberén, 2007,
2010; Jiménez-Valverde et al., 2008; Colwell & Rangel, 2009;
Soberén & Nakamura, 2009; Hortal et al, 2012) and
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Beale & Lennon, 2012).

One of the assumptions of SDMs is that the data used for
model calibration (i.e. the samples of presence, or presence
and absence) are free of bias. When this assumption is vio-
lated by biases in the collection of data, the accuracy of
model predictions can be affected (Hortal et al., 2008; Lobo,
2008; Loiselle et al., 2008; Rocchini et al., 2011). In fact, the
design of the surveys can have a large impact on SDM per-
formance (Hirzel & Guisan, 2002; Edwards et al., 2006;
Albert et al., 2010; Braunisch & Suchant, 2010). It follows
that an adequate spatial design of the surveys increases the
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value of biodiversity data collections to answer different
questions in ecology, evolution and biogeography (Hortal &
Lobo, 2005; Albert et al., 2010). Many methods to design
surveys have been proposed with the objective of maximizing
the amount of biodiversity captured, while incorporating
time and cost limitations (Austin & Heyligers, 1989; Pereira
& Itami, 1991; Hirzel & Guisan, 2002; Funk et al., 2005;
Hortal & Lobo, 2005; Medina et al., 2013). However, even
planned sample designs can vary in the efficiency with which
they detect biodiversity patterns (Sastre & Lobo, 2009).

Perhaps more importantly, good quality data coming from
standardized surveys are rare or even lacking for most regions
and species (Rocchini et al., 2011). Rather, biodiversity data-
bases include heterogeneous information coming from inven-
tories developed with a variety of objectives (Hortal et al.,
2007). The absence of standardized sampling schemes often
generates bias in the resulting distributional data. It is well
known that the records of occurrence and/or absence of spe-
cies are more frequent in more accessible locations (i.e. near
major road routes, urban areas or the work centres of the tax-
onomists) and/or classical localities (e.g. national parks or
other protected areas) that are repeatedly sampled over time
(Dennis & Thomas, 2000; Kadmon et al., 2004; Romo et al.,
2006; Hortal et al., 2007). These geographical biases in the
survey effort may often result in historical and climatic biases
(Hortal et al., 2007, 2008; Lobo et al., 2007a). Such biases
can yield incomplete and potentially truncated characteriza-
tions of species realized niches (Hortal et al., 2008; Rocchini
et al., 2011), with the consequent critical effect on the ability
of SDM to describe environmental limits of species’ distribu-
tions (Austin & Heyligers, 1989; Thuiller et al., 2004; Albert
et al., 2010; Hortal et al., 2012).

Despite the potential effects of spatial biases in the design
of the surveys on SDM prediction ability (Aratjo & Guisan,
2006; Phillips et al., 2009), this issue has not been addressed
in the literature. Here, we try to overcome this gap by sys-
tematically evaluating the influence of different survey design
strategies on the performance of SDM predictions, as well as
the potential interactions between survey designs and SDM
techniques. Further, besides survey design we evaluate the
magnitude of influence on predictive accuracy of other fac-
tors that may affect SDM performance, namely sample size,
modelling technique and species modelled. To do this, we
use distribution data for the 34 Iberian endemic terrestrial
vertebrate species, simulating calibration datasets with differ-
ent survey designs and levels of sample size within the Ibe-
rian Peninsula, and evaluating the ability of different SDM
techniques to interpolate their geographical distributions
based on these datasets.

METHODS

Species data

We used data on the whole extent of the distribution of 34
Iberian endemic terrestrial vertebrate species (15 amphibian,
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12 reptile and seven mammal species) in the 5919 UTM cells
of 10 x 10 km that conform the Iberian Peninsula. These
data provide accurate representations of current distributions
and were compiled from national databases in the context of
a recent study examining climate change impacts on Iberian
terrestrial fauna (Aradjo et al., 2011). Cells where a species is
not recorded were considered as a true absence of the species.
The complete list of species and information about how they
were chosen can be found in Table S1 and Appendix SI.

Environmental data

GIS data on climate and topography were obtained from
Worldclim (Hijmans et al., 2005) and Global Resource Infor-
mation Database — United Nations Environment Programme
(UNEP/GRID, http://www.grid.unep.ch/data/data.php). To
reduce collinearity among variables, we used a principal
components analysis (PCA) to guide the selection of a subset
of variables among the 29 available (see also Baselga & Ara-
ujo, 2009). The first two axes accounted for 73% of total
variability; the rest of the axes were not significant according
to a broken-stick criterion and were discarded. We therefore
selected the two variables that accounted for most of the var-
iability in each one of the first two axes: Mean temperature
of the warmest quarter, and precipitation of the driest, cold-
est and wettest quarters. These four environmental layers
were used as the basis for the simulation of the stratified sur-
vey designs and the calibration of all SDMs. The location
and density of roads was extracted from a commercial data-
base maintained by Tele Atlas (http://www.tomtom.com/),
and data on human population density (in year 2000) from
the Gridded Population of the World Project (CIESIN C.U.,
2005). Finally, data on the location and limits of protected
areas were extracted from the online database of the Natu-
ra2000 European network (http://ec.europa.eu/environment/
nature/nature2000/) and the World Database on Protected
Areas (IUCN, 2009). All these GIS data were reprocessed
into the UTM 10 x 10 km Iberian grid developed by EDIT
Geoplatform (http://edit.csic.es/; Sastre et al., 2009).

Survey designs

We evaluated the effectiveness of seven alternative survey
design strategies. The descriptions of each survey design are
as follows (further details in Appendix S1):

e Random. Surveys taken without any constraint or bias.
Each cell in the study area had equal probability of being
sampled.

e Systematic. A planned survey free of any bias. For each
run, one cell was chosen randomly, and then, the remain-
ing cells were chosen at regular distance intervals starting
from the initial cell throughout the study area.

e Stratified. Surveys stratified without bias along environ-
mental gradients, following two strategies:

(i) Stratified by class: Several non-overlapping environmental

domains (i.e. environmental classes; 10 groups) were defined
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using the environmental data of each cell as descriptors.

Then, equal numbers of cells were randomly selected within

each environmental class.

(ii) P-median stratification: Here, cells were selected to maxi-

mize the coverage of the environmental and spatial variation

within the study area, as described by the matrices of envi-
ronmental and spatial distances between cells (Funk et al,

2005; Hortal & Lobo, 2005).

e Biased. In biased surveys, some sites are less likely to be
selected than others without any systematic criterion. We
simulated the bias in the selection of cells produced by
three different factors:

(iii) Accessibility: Cells close to roads had a higher chance of
being surveyed. The probability of selecting a cell depended
on its geographic distance to the nearest national road.
(iv) Aggregation by human density: Here, we simulate the
higher survey effort devoted to the areas nearby urban cen-
tres. An initial number of cells (anchor cells) were chosen
based on population density. To simulate aggregation of
samples, the remaining cells were selected based in their
proximity to the anchor cells; being the closer ones the most
likely to be selected.
(v) Protected areas: Surveys conducted only in protected
areas, a common practice on biodiversity research. Cells that
had at least 30% of their area protected were chosen (to
ensure that protected areas cover the great majority of spe-
cies present in the cell), and samples were randomly selected
among them.

SPECIES SURVEY SAMPLE SDM REPLICATES
DESIGN SIZE TECHNIQUES
s ~
BIOCLIM, MAHALANOBIS,
H 1%, 5%, 10%, GOWER, EUCLIDIAN, ENFA, 50x
2 GLM, MAXENT, RANDOM
z 20%, 25%
2 FOREST, ENSEMBLE
o
L
‘\'9@ %
& g BIOCLIM, MAHALANOBIS,
& = 1%, 5%, 10%, GOWER, EUCLIDIAN, ENFA, 50 x
b o g 20%, 25% GLM, MAXENT, RANDOM —_—
& FOREST, ENSEMBLE
BIOCLIM, MAHALANOBIS,
? 1%, 5%, 10%, GOWER, EUCLIDIAN, ENFA, 50 x
=1 20%, 25% GLM, MAXENT, RANDOM —_—
FOREST, ENSEMBLE
8 o Z BIOCLIM, MAHALANOBIS,
B ,;:\\" a 1%, 5%, 10%, GOWER, EUCLIDIAN, ENFA, 50 x
< e o
2 &R 2 20%, 25% GLM, MAXENT, RANDOM
< | € d FOREST, ENSEMBLE
m
E BIOCLIM, MAHALANOBIS,
2 1%, 5%, 10%, GOWER, EUCLIDIAN, ENFA, 50 x
& 20%, 25% GLM, MAXENT, RANDOM —
§ FOREST, ENSEMBLE
zr BIOCLIM, MAHALANOBIS,
£z 1%, 5%, 10%, GOWER, EUCLIDIAN, ENFA, 50 x
58 GLM, MAXENT, RANDOM E—
- 2E 20%, 25%
6& a FOREST, ENSEMBLE
&
a BIOCLIM, MAHALANOBIS,
cg 1%, 5%, 10%, GOWER, EUCLIDIAN, ENFA, 50 x
£E% 20%, 25% GLM, MAXENT, RANDOM
4 FOREST, ENSEMBLE
L _

PROJECTIONS

Selection and characteristics of the sample datasets

We extracted samples of five different sizes (1%, 5%, 10%,
20% and 25%) from the full extent of the data domain
(5919 10 x 10 km cells in the Iberian Peninsula), using each
one of the seven survey designs described above. We ran 50
simulations of each one of the 35 combinations of survey
design and sample size (Fig. 1). To describe the quality of
the data provided by each class of survey design, we mea-
sured the climatic bias of each sample in relation to the envi-
ronmental conditions of the study area (Kadmon et al,
2003; Hortal et al.,, 2008). We calculated two characteristics
related to the species’ distribution: prevalence and Relative
Occurrence Area (ROA; Jiménez-Valverde et al., 2008; Lobo,
2008). We also evaluated the number of times that a survey
design failed to identify enough occurrences to generate
models in each SDM technique. That is, every time that a
model was not generated for a given species due to insuffi-
cient number of presences. See Appendix S1 for more
details.

Species distribution modelling

To make predictions about the distributions of species, we
used an ensemble of eight SDM techniques, as well as the
combined consensus prediction (Aradjo & New, 2007),
using the BIOENSEMBLES platform for computer-intensive
ensemble forecasting (Diniz-Filho et al, 2009; Rangel et al.,

EVALUATION METRICS

Species

Survey Design
Sample size
SDM Technique

AU

Sensitivity
Independent
iabl
Specificity voriagles
variable Four-way
—_—
g ANOVA

1SS

ccl

/

Figure 1 Schematic representation of the protocol used to generate predictions that were used in the evaluation of the effect of survey
design on SDM (Species Distribution Models). For each species, we simulated 50 samples based on each survey design and sample size
and used these data to generate projections based on each modelling technique, as well as their ensemble. The six assessment metrics
calculated for each map were used as dependent variable in six different four-way ANOVAs, using survey design, species, sample size

and SDM technique as independent variables.
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2009). SDM techniques were chosen to maximize the variety
of strategies of statistical adjustment and type of input data
currently available and included: BIOCLIM (Busby, 1986),
Gower distance (Carpenter et al., 1993), Mahalanobis dis-
tance (Farber & Kadmon, 2003), Euclidean distance, General-
ized Linear Models (GLM; McCullagh & Nelder, 1989),
Maximum Entropy Modelling (MaxEnt; Phillips et al., 2006),
Ecological-Niche Factor Analysis (ENFA; Hirzel et al., 2002)
and Random Forest (Breiman, 2001). To generate the species
distribution maps with these techniques, each combination
of survey design and sample size was simulated 50 times
(Fig. 1). Each of these simulations consisted in a new selec-
tion of calibration dataset following the rules of each type of
survey design. See Appendix S1 for more information.

Statistical analyses

We used six metrics to analyse the performance of the differ-
ent SDM techniques: sensitivity; specificity; kappa (Cohen,
1960), Area under the ROC Curve (AUC; Fielding & Bell,
1997); true skill statistic (TSS; Allouche et al., 2006) and per-
centage of correctly classified instances (CCI; Fielding & Bell,
1997). These evaluation metrics include the most-used mea-
sures of SDM performance. We also evaluated the Klocation
metric (Pontius, 2000; Geri et al., 2011), which is similar to
kappa but takes into account the spatial location of errors.
Given that its results were similar to kappa, we present only
the results of this latter technique for the ease of comparison
with former studies. All metrics were calculated based on the
actual distributions of the species. Here, the evaluation was
performed by comparing the binary predictions of presence
and absence with the data from the distribution Atlases, after
excluding the data used to calibrate the model. The relation-
ships between all evaluation metrics and survey design, spe-
cies, sample size and modelling technique were assessed
using a four-way ANOVA (Fig. 1). Details of the performed
ANOVA can be found at Appendix S1.

RESULTS

Factors affecting SDM performance varied across the differ-
ent evaluation metrics. For five of six evaluation metrics, the
species modelled was the most important factor affecting
model performance, followed by sample size and SDM tech-
nique (Table 1). The contribution of survey design, though
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significant, is much less important than any of these three
other factors (Table 1). Contrary to our expectations,
predictions of species potential distributions generated from
different survey designs showed only comparatively small
differences in their variance across evaluation metrics, com-
pared with other factors. Interestingly, the degree of climatic
bias was generally low for all survey designs. The most biased
design was the one that follows human density (bias around
22%), while systematic surveys were the least biased (Fig. 2).
Perhaps as a consequence, samples based on designs biased
by human density performed worse for sensitivity, kappa,
TSS and AUC, while those stratified by groups produced the
better survey designs according to the same metrics (Fig. 3;
Supporting information Fig. S1). Increasing sample size led
to increasing SDM performance according to all metrics,
although this pattern was clearer for Sensitivity and TSS
(Fig. 4; Supporting information Fig. S2). Given that for most
factors Sensitivity and Specificity were the most informative
we show their results in the main text. The rest are available
at the Supporting information (Figs. S1 to S5).

With regard to SDM techniques, consensus predictions,
GLM and MaxEnt ranked nearly always among the highest
performing techniques. However, consensus predictions
included some of the lowest performing predictions accord-
ing to AUC, and GLM was below average for specificity
(Fig. 5; Supporting information Fig. S3). Random Forest
performed the best according to sensitivity and the worst for
specificity, confirming a tendency for overfitting of the data.
The opposite pattern was recorded for BIOCLIM, also con-
firming a tendency for underfitting (Supporting information
Fig. S3). Random Forest was the technique the most affected
by sample size, followed by MaxEnt and GLM, while consen-
sus predictions were the least affected according to Specificity
and CCI (Supporting information Fig. S4). Interestingly, the
performance of some SDM techniques was unaffected by
sample size across all metrics; according to Specificity and
CCI, the interaction between sample size and technique
causes a decrease in the performance of BIOCLIM, Gower
distance and ENFA (Supporting information Fig. S4).

Despite the large influence of the species being modelled
on model performance, we were not able to identify a
particular group of species for which SDM performance
was consistently better or worse than for others (Support-
additional
correlation analyses between Relative Occurrence Area

ing information Fig. S5). We performed

Table 1 Fvalues for each factor and assessment metric. The values show the mean of 10,000 ANOVA results per metric

Evaluation metric

Factor Sensitivity Specificity Kappa TSS CCI AUC
Species 1893.15 9743.14 21114.05 19954.83 12582.46 3156
SDM technique 1280.90 799.66 1426.80 1389.54 804.46 103578.07
Sample Size 1653.14 607.40 2589.35 4718.27 1010.93 3673.84
Survey Design 1683.43 371.23 798.87 1499.87 150.15 196.26

SDM, Species distribution models; TSS, True skill statistic; CCI, Correctly classified instances; AUC, Area under the ROC curve.
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(ROA), prevalence of species and all validation metrics
(Table 2). Both ROA and prevalence showed negative corre-
lations with all metrics except AUC, so that species with
higher prevalences (i.e. more occurrences within the dataset)
generated models with lower performance. Specificity, TSS

0.0

L

Figure 2 Median and standard
deviation of the climatic bias (measured
as the sum of differences in the
frequencies) in the samples obtained with
each survey design. Strat_groups,
stratified by groups; P-median, Stratified
by P-median; H_density, bias by human
density, Prot. Area, bias by protected
areas.

Figure 3 Performance of SDM (Species
Distribution Models) predictions
generated from data based on different
survey designs, according to sensitivity
and specificity. Survey design codes as in
Fig. 2. The histograms represent the
frequency in each class, and the grey
lines indicate the mean. For other
metrics of SDM performance see
supporting information Fig. SI.

and CCI detected much stronger negative effects of preva-
lence and ROA on predictions; this is perhaps not surprising,
because these metrics also identify species as the main factor
affecting SDM results, thus evidencing that the particular
characteristics of each species’ geographical range has large
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Distribution Models) predictions
generated from datasets of five sample %’
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impacts on SDM performance. The number of times that a
survey design did not generate sufficient occurrences to allow
the modelling decreased with the increase in sample size. In
all cases, the values of these failures were highest for the
biased human density design, particularly at the smaller sam-
ple size; almost 40% of the species did not present enough
occurrences to be modelled at such sample size (Supporting
information Fig. S6).

DISCUSSION

How data are collected is supposed to be of critical impor-
tance for the development of species distribution models
(Aratjo & Guisan, 2006). The data used to calibrate models
are known to lead to differences in SDM predictions thus
being expected to affect their performance (e.g. Kadmon
et al., 2003; Barry & Elith, 2006; Sdanchez-Fernandez et al.,
2011). However, as shown here for the first time, the impor-
tance of data collection is dwarfed when compared with
other factors affecting SDM predictions. Indeed, contrary to
our own expectations, variation in survey design had rela-
tively small, though significant, effects on the performance of
SDM. Instead, species identity ranked highest among factors
affecting the models, for all performance metrics (except
AUC), followed by sample size and SDM technique.

The main assumption of SDMs is that species distributions
are limited by environmental — typically climatic — factors

Uncertainty in species distribution models
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(Aratdjo & Peterson, 2012). It follows that restricting the
range of environmental variation in which a species occurs
could potentially affect the calculation of species-climate
response curves which, in turn, could cause projections to be
potentially erroneous (Thuiller et al., 2004). Surveys provid-
ing a comprehensive coverage of the environmental condi-
tions matching species distributions, like the P-median or
the stratified sampling by groups are suited for SDM applica-
tions because they reduce climatic biases in the data. How-
ever, neither the samples taken with these survey strategies
showed the lowest values of climatic bias, nor did models
based on them present significantly better predictive ability.
Rather, most survey designs yielded models with very similar
predictive accuracy and showed little differences in climatic
bias (except for human density, see below).

One possible explanation for this unexpected result is that
the spatial biases simulated in our analyses did not produce
large differences in climatic biases. Surveys based in non-ran-
dom and non-stratified designs are often expected to be spa-
tially and environmentally biased (Hortal et al, 2007;
Loiselle et al., 2008), but this is not always the case. In our
simulated surveys, sampling along roads had values of cli-
matic bias similar to random samples, and only slightly
higher than systematic surveys. This implies that, at the scale
and extent analysed, the spatial location of roads in the Ibe-
rian Peninsula covers a large climatic variability, even with
small sample sizes. Thus, the spatial bias in the surveys due

Diversity and Distributions, 20, 1258-1269, © 2014 John Wiley & Sons Ltd 1263
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Figure 5 Predictive performance of different SDM (Species Distribution Models) techniques according to sensitivity and specificity.
The histograms represent the frequency in each class and the grey lines indicate the mean. For the other metrics of SDM performance

see supporting information Fig. S3.

Table 2 Pearson correlations (r) between the evaluation metrics
and the prevalence on training dataset and ROA. All correlations
were significant at P > 0.001

Prevalence ROA

Metric t R t r
Sensitivity —693.539 —0.09 —134.36 —0.19
Specificity —317.905 —0.41 —525.7 —0.6
Kappa —685.686 —0.097 —165.2 —0.23
TSS —289.062 —0.38 —516.06 —0.59
CCI —271.893 —0.36 —544.27 —0.61
AUC 13.58 0.02 21.27 0.03

ROA, Relative occurrence area; TSS, True skill statistic; CCI, Cor-
rectly classified instances; AUC, Area under the ROC curve.

to accessibility may not always result in climatic biases (Kad-
mon et al., 2004; McCarthy et al., 2012).

Importantly, the surveys that followed human density
showed substantially higher climatic biases (as well as higher
variability in such bias) compared with the other strategies.
This is probably due to the fact that, following real situa-
tions, this simulation allows the cells that are surveyed at
each stage to be located either further away or closer in the
climatic space. This increases the variability in the values of
climatic bias, and at the same time limits further selections
of cells to the neighbours of the already surveyed cells, thus
increasing the climatic bias. Not surprisingly, this survey
design was the one yielding the worst-performing SDM
according to all metrics but specificity. Here, the contrasting
behaviour of the values of specificity for the human density
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simulation (see Fig. 3) can be due to the characteristics of
this metric, which evaluates the capacity of the model to dis-
criminate true absences, so the best models are those pre-
senting less commission errors. Models built with biased
climatic data can overfit to the climatic conditions that were
effectively sampled (Lobo, 2008; Phillips et al., 2009), hence
generating spatially restricted predictions. This increases
omission errors (false absences) as well as the number of true
absences predicted by the model. Thus, metrics that use the
number of true absences to assess SDM performance, such as
specificity, will present higher values in climatically biased
survey designs, whereas metrics based on the number of
omission errors can present low values for the same predic-
tive maps. It is also worth noting that other biased survey
designs did not show highly variable climatic bias values
because both roads and protected areas are well distributed
within the Iberian Peninsula, allowing them to cover the
most important environmental gradients within this region.
However, in areas where the roads and national parks (or
any other spatial attribute influencing the surveys) are not
widely distributed, samples following these biased designs
can generate larger climatic bias, limiting the predictive abil-
ity of SDMs and consequently their utility. Should the cli-
matic biases generated by our surveys be higher, we would
have found larger effects of survey design. Having said this,
our results point out to that the effects of climatic bias on
SDM performance could be limited until a certain level,
where model accuracy diminishes dramatically, a potential
effect that deserves further investigation.

The importance of the particular species being modelled
for SDM performance shown by our results may be due to
differences in their geographic distributions. Many studies
have highlighted that geographical and ecological species’
characteristics affect SDM accuracy (Berg et al., 2004; Segu-
rado & Aratjo, 2004; Guisan et al., 2007). Many spatial and
ecological characteristics can affect SDM results (Brotons
et al., 2004; Segurado & Araujo, 2004; Hernandez et al,
2006; Guisan et al., 2007; McPherson & Jetz, 2007; Newbold
et al., 2009; Chefaoui et al., 2011), from which the propor-
tion of the occupied area over the considered territory (i.e.
ROA) and the prevalence are frequently reported (Brotons
et al., 2004; Luoto et al., 2005; Lobo et al., 2007b; Chefaoui
et al., 2011). These variations in performance due to the spe-
cies characteristics can occur even when using the same
SDM technique (Seoane et al., 2005; Hanspach et al., 2010),
thus increasing their influence on SDM results. In our case,
species with smaller geographical distributions are predicted
better, as evidenced by the negative correlation between ROA
and the assessment metrics. This is because it is easier for
SDMs to capture the climate-distribution relationship for
species of restricted range, for they occupy a smaller — and
thus easier to classify — environmental domain within the
study region (Segurado & Araujo, 2004; Jiménez-Valverde
et al., 2008; Lobo, 2008). This implies that relatively small
sample sizes but with a fair geographic coverage of surveys
can provide data of sufficient quality to avoid spurious
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effects on SDM accuracy of geographically restricted species.
As a consequence, the importance of survey design for SDM
performance may be limited in our analysis because it is
restricted to endemic species — which often present limited
spatial distributions. It is however likely that the importance
of survey design will increase for species with larger ranges,
given that the more widely distributed is a species, the more
likely is that biased survey designs are not able to include all
the climatic conditions it inhabits, hence resulting in less
accurate models.

Sample size is also known to have strong effects on SDM
predictive accuracy (Hirzel & Guisan, 2002; Reese et al,
2005; Jiménez-Valverde et al., 2009; Chefaoui et al., 2011).
For example, Araujo et al. (2009) showed that apparent fail-
ure of SDM to characterize European bird species-climate
relationships in a high profile study (Beale et al., 2008) was
due to incomplete coverage of available data and, in another
study, it was shown that the ability to predict range shifts of
British birds under climate change was highly affected by the
completeness of the data used to calibrate the models (Ara-
djo et al., 2005). In our work, increasing sample size led to
increases in SDM performance and decreases in variability of
model performance; predictions reached a large degree of
stability with sample sizes of 10% of the studied area (592
cells) or larger. The measured effect of sample size may be in
part related to its interaction with prevalence (Jiménez-Valv-
erde et al., 2009); below a certain threshold (such as the 10%
we found), the representation of the distribution of the spe-
cies may be too poor to produce reliable models. Larger
sample sizes would allow more accurate descriptions of the
species’ response to the environment, thus yielding better
predictions (Wisz et al., 2008). Importantly, in our analyses,
larger sample sizes provide better coverage of the study area,
rather than just increasing numbers of occurrences. Thus,
the stability in the predictions can be due to the fair repre-
sentation of the environmental variation within the region, a
key factor for the accuracy of the description of species—envi-
ronment relationships (Kadmon et al,, 2003; Hortal et al.,
2008, 2012; Hortal & Lobo, 2011) and therefore of higher
importance for SDM performance than sample size per se
(Newbold et al., 2009). Sastre and Lobo (2009) found that
biased survey designs were not efficient in covering the true
geographic pattern of species richness within a region (see
also Hortal & Lobo, 2011). As showed by our analyses, the
failures in covering the species distributions can be accentu-
ated when biased survey designs are associated with smaller
sample sizes. These failures are especially problematic when
aiming to model the whole biodiversity of a region, and con-
sequently for conservation actions based on many data-
intensive strategies.

SDM techniques differ in their capacity to capture the
relationship between species distributions and environmental
variables. In general, complex techniques generate models
with better performance within the training data (Elith et al.,
2006; Tsoar et al., 2007; but see Lobo, 2008; Hijmans, 2012).
However, the results of model comparisons are conflicting
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across studies, due to strong variations in the modelling
techniques and their possible interaction with data character-
istics (Aradjo et al., 2005, 2009). Although no SDM tech-
nique performs better in all cases, our results show that the
ensemble forecasting approach could be a good strategy to
enhance SDM performance, for it consistently ranks within
the best-performing technique regardless of the validation
metric used. However, in some cases, the consensus predic-
tions yielded models with lower performance than individual
SDM, perhaps due to the inclusion of predictions from
poorly performing techniques. The accuracy of consensus
predictions is highly constrained by the quality of individual
predictions (Aratjo et al., 2005). Therefore, to improve the
performance of ensemble forecasting approaches it is neces-
sary to modify the building-up of the consensus, either
removing poor models or weighting individual models based
on a previously selected performance metric (Aratdjo & New,
2007; Marmion et al., 2009; Garcia et al., 2012).

To summarize, our results support the view that the envi-
ronmental coverage of the surveys is more important than
the spatial structure of the calibration data. Spatially biased
surveys do not always yield environmentally biased data and
therefore can generate models as satisfactory as those using
carefully designed surveys. Nevertheless, we contend that the
distributional data used for species distribution modelling
should be evaluated to characterize their climatic bias and
coverage (see Kadmon et al., 2004; Hortal et al., 2008; Hortal
& Lobo, 2011). Whenever possible, contrasting estimated
realized niches with estimated analogous dimensions of the
fundamental niche could provide useful insights as to the
possible biases in the estimates with SDM (Aratjo et al.,
2013). The largest source of variation in SDM predictions is
the species being modelled, and more precisely the extent of
its distribution within the studied area. Geographically
restricted species (i.e. with lower ROA) yield more accurate
results, but better predictions are also obtained with larger
sample sizes and from survey designs with low climatic
biases. Further studies are necessary to reveal the specific
geographic or functional traits that can affect the predictive
power of SDM. Additionally, it is important to investigate
whether there is a minimum threshold of climatic bias
behind which the quality of SDM predictions changes
dramatically.
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