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ARTICLE INFO ABSTRACT

Keywords: Species distribution models (SDM) are widely used as indicators of different aspects of geographical ranges for
Ec°1°$lca_1 traits many purposes, from conservation to biogeographical and evolutionary analyses. However, these techniques are
r;;gmahty susceptible to various sources of uncertainty. Data coverage, species’ ecology, and the characteristics of their

geographic distributions can affect SDM results, often generating critical errors in predicted distribution maps.
We assess the influence of data quality, the characteristics of species distributions, and ecological traits on SDM
performance. We predict the distributions of dung beetle species in Madrid region (central Spain) using six SDM
techniques and validate them on an independent dataset. We relate variations in model performance with
environmental completeness, data characteristics, and species traits through a partial least squares analysis. In
this analysis, body size, nesting behaviour, marginality, rarity, data prevalence, Relative Occurrence Area (ROA),
range size, niche breadth, and completeness are used as predictors of six assessment metrics (sensitivity, spec-
ificity, kappa, TSS, CCR, and AUC). Marginality and data prevalence were the variables that most influenced
SDM performance, followed by range size, ROA, and niche breadth: species presenting higher marginality and
data prevalence, and smaller ROA and niche breadth were associated with better models. Nesting behaviour,
rarity, niche completeness, and body size had minor importance for SDM performance. Our results highlight the
importance of taking species’ and data characteristics into account when modelling and comparing large groups
of species using SDM. This implies that estimates of species richness and composition based on stacked SDMs can
show high levels of error if they are constructed for groups of species with diverse ecological traits and types of
geographic distributions. We suggest that the species holding characteristics that lead to poor SDM performance
should not be included when constructing composite biodiversity variables. Further effort is needed to develop
SDM methodologies and protocols that account for such source of uncertainty.

Scarabaeoidea dung beetles
Species distribution modelling
Uncertainty

1. Introduction

Species Distribution Models (herein SDMs, also known as Environ-
mental Niche Models) include a set of algorithms and general data
management procedures that seek to model the potential or realized
geographic distributions of species, typically based on their known oc-
currences and several environmental predictors (Guisan et al., 2017).
SDMs are widely used as indicators of different aspects of species
geographical ranges, from current distributions to areas that could be
potentially occupied by invader species or host relocated or dispersing
populations under climate change scenarios. Despite the wide popu-
larity of SDMs, the reliability of their results depends on the

characteristics and quality of the occurrence data used to train them. It
follows that the limitations in the primary biodiversity data used for
modelling can impose severe restrictions on their utility (Aradjo et al.,
2019; Duputié et al., 2014; Guillera-Arroita et al., 2015; Rocchini et al.,
2011).

Knowledge of species distributions is limited (i.e. the so-called
Wallacean shortfall; Lomolino 2004) and, in general, geographical and
environmentally biased (Beck et al., 2014; Hortal et al., 2015, 2008;
Oliveira et al., 2016). In addition, the particular characteristics of each
species, like those related to their ecological role and geographical dis-
tribution, may also seriously influence the uncertainty of SDM pre-
dictions (Chefaoui et al., 2011; Gabor et al., 2019). Species often differ in
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the biological traits determining their distributions, hindering the
automatic detection of the “true” relationship between species occur-
rences (and, eventually, absences) and environmental predictors (Bro-
tons et al., 2004; Thuiller et al., 2010). Further, many species traits
—such as conspicuousness or habitat preferences—determine how often
their occurrence is effectively recorded during surveys (Boone and
Krohn, 1999), diminish the quality of the data used for training SDMs,
and with it compromising their predictions (Ladle and Hortal, 2013;
Sheth et al., 2008).

Identifying which species’ characteristics or traits affect the predic-
tive capacity and performance of SDMs, and determining the intensity of
their eventual influences, could allow selecting the species that are more
suitable for SDM applications under specific situations (Guisan et al.,
2007), allowing also to discard the use of these techniques (to model the
distributions of species with characteristics that may compromise such
performance. By species characteristics we refer to either attributes of
the individuals related to their ecological role (i.e. functional traits), or
general features of the species such as its geographical distribution. Here
we borrow the terminology used in functional ecology, considering as
ecological traits (or simply traits for short) the characteristics of the in-
dividuals that have ecological significance (Diaz et al., 2013; Moretti
et al., 2016; Violle et al., 2007). We distinguish traits from both eco-
geographic characteristics —which refer to the attributes of the distribution
of the species, and data characteristics —the general attributes of the data
itself.

Several ecological traits are known to affect SDM results, including
body size (Franca and Cabral, 2016; Zamorano et al., 2019), life span
(Hanspach et al., 2010; McCune et al., 2020), growth rate (Guisan et al.,
2007), habitat specialization (Marshall et al., 2015; Regos et al., 2019)
or dispersal ability (McCune et al., 2020). But the accuracy of SDM
predictions is also determined by species’ eco-geographic characteristics
such as geographic range size (Chefaoui et al., 2011; Guo et al., 2015;
Wogan, 2016), rarity (Franklin et al., 2009), the marginality of their
occurrences with respect to the environmental conditions of the study
region (Gabor et al., 2020; Jiménez-Valverde et al., 2008; Lobo, 2008),
or the proportion of their potential distributions that is effectively
occupied by species’ populations (Grenié et al., 2020). In general, SDM
performance seems to be poorer in species with higher mobility, broader
niche breadth and wide distribution ranges (Guo et al., 2015; Hortal
et al., 2008; Newbold et al., 2009; Tessarolo et al., 2014). On the con-
trary, the distributions of rare species, and those with larger lifespan and
less habitat specialization are often predicted better (Chefaoui et al.,
2011; Henckel et al., 2020; Marshall et al., 2015; Mateo et al., 2010;
McCune et al., 2020). Finally, data characteristics are also a decisive
factor influencing SDM performance. For example, the size of the area
occupied by the species relative to the total area of the studied region
(Relative Occurrence Area, ROA) determines predictive success, as the
rate of well-predicted absences increases when the extent of analyses is
much larger than the species distribution, hence inflating performance
metrics (Lobo, 2008; Lobo et al., 2008; Moudry and Simova, 2013).

Our ignorance about the environmental response of most species (i.e.
the Hutchinsonian shortfall sensu Hortal et al., 2015) also hinders
assessing the effects of species traits on SDM performance. The coverage
of such environmental responses by the occurrence data (i.e., environ-
mental coverage) may vary among the species present in the same re-
gion (see Hortal et al, 2008), thus affecting SDM results. Such
environmental coverage is highly dependent on both sampling effort
and survey success, and can in turn be influenced by some traits like
showiness (i.e. conspicuousness) or habitat preferences (Guisan et al.,
2006; Pearce et al., 2001; Reese et al., 2005). Although many studies
have stressed the importance of environmental coverage to obtain ac-
curate models of species distributions (Hortal et al., 2008; Lobo et al.,
2010; Thuiller et al., 2004), its effects on SDM performance have been
seldom evaluated (see, e.g. Grenié et al., 2020).

Studies on the influence of species’ characteristics on SDM perfor-
mance have often provided conflicting results, leading to different
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conclusions for the same species traits and characteristics. For example,
while Stockwell and Peterson (2002) reported a negative influence of
range size on model performance, Garrison and Lupo (2002) found
opposite results. Also, species with lower prevalence were better
modeled in Syfert et al. (2013) and van Proosdij et al. (2016), while
better models were achieved for species with higher prevalence in
Meynard and Quinn (2007) and Sor et al. (2017). Similarly, some studies
found positive impacts on model performance of larger niche breadths
(Seoane et al., 2005), others that more specialist species render better
models (Connor et al., 2018; Hernandez et al., 2006), while others did
not find any relationship between niche breadth and model performance
(Newbold et al., 2009; Poyry et al., 2008). These disagreements may
come from the different attributes evaluated in each study, but also from
the covariation between functional traits, eco-geographic, and data
characteristics, which often vary together giving rise to syndromes (i.e.,
values for certain traits and characteristics that appear repeatedly).
Nonetheless, how SDM performance is calculated is crucial to accurately
compare the different results of comparative studies. Variations in SDM
performance have been attributed to the differences in the spatial res-
olutions of the analyses, the particular SDM technique used and the
evaluation metric used to assess model performance (Hijmans, 2012;
Marmion et al., 2009; Santika, 2011; Wogan, 2016). Many of the studies
assessing the influence of species traits in SDM use a small number of
modelling techniques (Hanspach et al., 2010; Marmion et al., 2009;
McCune et al., 2020; Santika, 2011). Furthermore, previous studies
often based their comparisons on AUC, which despite being the
discrimination metric most commonly used to evaluate SDM perfor-
mance, it is also well-known to be unable to provide fair comparisons of
model results across species with different data and eco-geographic
characteristics (Hijmans, 2012; Jiménez-Valverde, 2012; Lobo et al.,
2008; Phillips, 2008).

In this study we evaluate the influence of several species traits and
eco-geographic and data characteristics on SDM performance, as
measured by several discrimination metrics. More specifically, our aims
are to identify which traits impact SDM results the most and evaluate the
influence of environmental coverage on the precision of these results. To
do this, we use historical and standardized data as calibration and
validation datasets, respectively, to assess the performance of the most
commonly used SDM techniques to predict the distribution of 93 dung
beetle species in Madrid (central Spain), and measure the success of
these predictions using a set of standard performance metrics. We
compare these performance metrics with the functional traits, and the
eco-geographic and data characteristics of each species altogether using
Partial Least Squares analyses to both assess their relevance for SDM
results and identify their eventual covariation.

2. Methods
2.1. Species data

We used data on the distribution of dung beetles (Coleoptera, Scar-
abaeoidea) in central Spain from SCAMAD (Hortal et al., 2020), a bio-
logical database that compiles all distributional information for this
group in Madrid province (8,022 km?) and its surroundings (Hortal and
Lobo, 2005). Records in this database come from natural history col-
lections from museums, universities, and private owners, as well as from
specialized literature (Hortal et al., 2008, 2006; Hortal and Lobo, 2005;
Lobo and Hortal, 2006). We used two different versions of the database
to consider two different levels of knowledge: (i) historical surveys from
multiple naturalists gathered throughout the years with no planned
sampling design, and therefore subject to the biases typically shown by
the historical data present in biodiversity databases and (ii) standard-
ized planned surveys designed to provide good geographical coverage of
the spatial and environmentally-driven variations of biodiversity within
the studied territory. Historical data comes from SCAMAD 1.0, a data-
base containing data on 92,368 specimens grouped in 5,296 records
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belonging to 133 species, recorded from 1808 to 1998. This database
was updated after an extensive survey conducted during 1999-2003,
designed to cover all the environmental and spatial variability of the
region (Hortal and Lobo, 2005). This updated version of the database,
SCAMAD 2.1, was used to account for standardized surveys. It contains
data on 145,839 specimens, 7,117 records of both presence and absence
gathered between 1808 and 2003, and 135 species. After removing re-
cords with missing spatial reference and those from empty traps, we
retained 5,184 and 6,969 records from SCAMAD 1.0 and SCAMAD 2.1,
respectively. All these data are divided in 108 UTM cells of 10 x 10 km
that conform the grid squares that had more than 5% of their territory in
the Madrid administrative region (bounding box defined by the UTM 30
N coordinates 361069.1, 4410324.7 and 501174.7, 4560437.8; see
Hortal et al., 2008 for further details). Species occurrences in these cells
for SCAMAD 1.0 and 2.1 are shown in Tables S1 and S2, respectively.

2.2. Environmental data

We used two kinds of variables that have been previously related to
geographic variations in the distribution and diversity of Iberian dung
beetles (Chefaoui et al., 2005; Hortal et al., 2001; Lobo and Martin-
Piera, 2002): climate (mean, maximum and minimum temperature, total
annual precipitation, and total summer precipitation) and substrate
(edaphic and geologic variables; Acid rocks, Acid deposits, Basic rocks
and deposits, Poorly developed soils, Soils in an early development
stage, Soils with accumulation by illuviation, Soils with organic matter,
Predominantly acid soils and Soils with accumulation of bases). Climatic
data were specifically interpolated for this region from monthly tem-
perature and precipitation scores for 41 stations in central Iberia (means
from 30-year data), more details in Hortal and Lobo (2005). Substrate
variables represent the proportion of area of each grid cell covered by
each category, based on data on soil structure and composition from
Food and Agriculture Organization (FAO - UNESCO, 1988) and bedrock
data from Instituto Tecnoldgico y Geominero de Espana (ITGE, 1988).
See Chefaoui et al. (2005) and Hortal and Lobo (2005) for additional
details on the origin of these variables. All variables were resampled to a
resolution of 10 x 10 km UTM grid cells.

To reduce the collinearity among predictors a principal component
analysis (PCA) was calculated for each kind of variable, selecting PCA
factors for further analyses according to a broken-stick criterion. In total,
four environmental factors were extracted, two related to climatic var-
iables (hereafter CF1 and CF2) and two to substrate variables (hereafter
SF1 and SF2). These factors explain 94.4% of total variability in climatic
variables (CF1 = 84.0%, CF2 = 10.4%), and 82.5% of total variability in
substrate variables (SF1 = 52.7%, SF2 = 29.8%). See Hortal et al. (2008)
for more details about the PCA results. The scores of these four PCA
factors were retained to be subsequently used as predictors in SDMs.

2.3. Species distribution models

All species that lacked information about the characteristics evalu-
ated here (see below) were removed from the analyses. A total of 93
species were finally modelled (see Supplementary materials Table S3 for
a complete list). Species distribution models were generated using data
from SCAMAD 1.0 and validated with the data from SCAMAD 2.1. To
reach as much independence between the data used for calibration and
evaluation as possible, we divided the 108 cells into 5 groups of 21 or 22
UTM cells selected randomly, ensuring that each group contains 20% of
the presences for the species. Each one of these groups of cells (con-
taining presences and pseudo-absences) was used to validate the results
of SDMs calibrated with the remaining cells (~80% of the territory).
Besides not using the same data for calibration and validation, the
predictive capacity of SDMs was tested as consequence of the new
distributional information and additional surveys included in SCAMAD
2.1. This validation procedure was repeated 10 times for each species.

The predictions about the distributions of species were generated
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using five modelling techniques that were summarized in a combined
consensus prediction through ensemble forecasting (Aratijo and New,
2007). SDM techniques and consensus were implemented using the SDM
package (Naimi and Aratjo, 2016), and include: Bioclim (Busby, 1986);
Generalized Linear Models (GLM; McCullagh and Nelder, 1991);
Maximum Entropy Modelling (MaxEnt; Phillips et al., 2006); Random
Forest (Breiman, 2001); and support vector machines (SVM; Cortes and
Vapnik, 1995). The consensus ensembles were generated by a weighted
mean using TSS metrics of all single-models.

2.4. Response performance variables

The predictive performance of models was assessed with six different
metrics typically used to measure the discrimination capacity of SDMs:
sensitivity (the proportion of presences correctly predicted); specificity
(the proportion of absences correctly identified); kappa (Cohen, 1960);
true skill statistic (TSS; Allouche et al., 2006); percentage of correct
classification rate (CCR; Fielding and Bell, 1997); and Area Under the
ROC Curve (AUGC; Fielding and Bell, 1997). These metrics were selected
to provide comparability with most, if not all, SDM applications. Here
we must point out that, although we acknowledge that model training
and evaluation would benefit from selecting reliable absences coming
from well-sampled cells (Lobo et al., 2010; Warren et al., 2020), we
deliberately use similar modelling procedures as those generally found
in the literature, to provide a fair comparison with the common SDM use
standards. Thus, we generated random pseudoabsences by considering
all cells without information of presence for a species as pseudo-
absences. Pseudo-absences were split into 5 groups jointly with the
presences (see above) and all performance metrics requiring absence
information were calculated using these pseudoabsences.

2.5. Species characteristics used as predictors of SDM performance

We examined the association with SDM performance metrics of nine
characteristics: three functionally-relevant species traits — body size
(measured as body length), nesting behaviour, and demographic rarity;
three eco-geographic characteristics — range size, environmental mar-
ginality, and niche breadth; and three data characteristics - relative
occurrence area (ROA), data prevalence, and environmental niche
completeness. Here note that many of these nine attributes are related
among them, their values are often correlated (see Table S4), and some
of them could be assigned to several categories. For example, depending
on the reliability of the inventories, ROA can be classified as either a
geographical attribute depicting how restricted is a species distribution,
or a property of the data that relates the observed occurrences with the
extent of the analysis. Therefore, their assignment to ecological, eco-
geographic, or data categories should be taken as a general orientation
rather than as a hard classification.

Information on body size and nesting behaviour were collected from
the dung beetle literature (Baraud, 1992; Martin-Piera, 2000) and
complemented by consultation to specialists. The nesting behaviour is a
key aspect of dung beetle life history (Halffter and Edmonds, 1982), and
was classified in three categories: Paracoprid, Telecoprid, and Endoco-
prid, which correspond respectively to nests of dung buried in the
ground beneath the excrement, buried after transportation (i.e. rolling
behaviour) and placed within the dung pat. These three categories were
included as dummy variables (1/0). Demographic rarity was measured
as the inverse of the number of collected individuals of each species (in
Log + 1).

Range size is the number of 10 x 10 km grid cells occupied by the
species in the study area. Environmental marginality measures the dif-
ference between the mean of the environmental conditions in the study
area and the optimum environmental conditions of each species and was
calculated using Ecological Niche Factor Analysis (ENFA; Hirzel et al.,
2002) based on the four formerly mentioned PCA factors extracted from
the considered environmental variables (CF1,CF2, SF1,SF2). Niche
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breadth was measured as the volume of the smallest convex hull polygon
(i.e. the minimal hyper-volume that encloses the set of input points in N-
dimensional space) generated from all the occurrences of the species in
the environmental space defined by the four PCA factors, calculated
using geometry R package (Habel et al., 2015). All these eco-geographic
characteristics were calculated using the data from SCAMAD 2.1.
database.

ROA was calculated as the ratio between the area occupied by the
species and the total area of the study region (Lobo, 2008). As in the case
of the environmental space, the area occupied for each species was
estimated as the smallest convex hull polygon delimited by the available
occurrence points. Data prevalence is the ratio between the numbers of
presences and the total number of cells used for model training. Finally,
environmental niche completeness is a measure of the proportion of the
whole environmental niche of the species that is covered by their data
(Hortal et al., 2008; Kadmon et al., 2004). Here we assume that the
surveys that led to SCAMAD 2.1, which came from a standardized pro-
tocol that allowed recovering data from the most important environ-
mental gradients in the region (Hortal and Lobo, 2005), recovered the
whole responses of all species to the environment (Hortal et al., 2008).
Therefore, niche completeness was calculated by comparing the extents
of the niche described by both SCAMAD 1.0 and 2.1 versions. To do this,
we estimated the percentage of coverage that the data on the species in
SCAMAD 1.0 offers from the total extent of the occurrences from SCA-
MAD 2.1 in each environmental factor, and then calculated the total
niche coverage from the relative ratios in these four factors (see Hortal
et al., 2008 for more details).

2.6. Statistical analyses

For each species we calculated the mean of the ten values obtained
for each performance metric (one for each ensemble prediction),
relating them with the nine species traits and characteristics through
partial least-squares regression analysis (PLS; Wold, 1975). PLS is an
extension of multiple linear regressions where a linear model specifies
the relationship between one or several response variables and a set of
predictors that are often related among them (see Carrascal et al., 2009).
Thus, PLS allows detecting orthogonal combinations of many collinear
predictors able to account for the explained variability of more than one
response variable that acts as synthetic response variables. Therefore, a
PLS analysis was conducted using body size, nesting behaviour, de-
mographic rarity, environmental marginality, range size, niche breadth,
data prevalence, ROA, and niche completeness as predictor variables,
and six performance metrics (sensitivity, specificity, kappa, TSS, CCR,
and AUC) as response variables. To construct the PLS we used a leave-
one-out cross-validation. We only retained those PLS components
explaining more than 5% of the original variance in the response vari-
ables and presenting goodness of prediction on test data (Qz) >0, ie.,
only components that when added do not decrease the model prediction
ability. Additionally, we calculated the variable importance (VIP) of
each predictor variable to the model. The VIP values inform about the
overall contribution of each predictor variable to the whole PLS model,
as they can be ranked by their importance. VIP was calculated as:

k
N po WSS,
Sszal
where:

N = number of predictors

k = number of PLS dimensions extracted

w, = weight of variable j for PLS dimension c

SS. = explained sum of squares of the PLS dimension ¢

SSrota= Y5 1SSc

VIP,
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3. Results

The two first significant components extracted from the PLS analysis
accounted for 69.48% of the variability in the response variables. All
performance metrics have positive weights in the two PLS components
(Table 1), indicating a positive covariation among them. Sensitivity and
TSS had the greatest contribution to the first component (29.4% and
27.9%, respectively), while the contribution of all the other performance
metrics varied from 5.4% to 13.9% as reflected by their squared weights.
The amount of variability of this PLS component that can be explained
by the linear combination of the predictors is 38.4%, underlining the
high relevance of marginality and, to a less extent, niche breadth and
ROA (explaining 43.2%, 21.6%, and 21.5% of this amount, respec-
tively). All the other predictors accounted for a relatively low explana-
tory capacity (from 0 to 6.7%; Table 1). Marginality is positively
correlated with this component while the correlations of niche breadth
and ROA are negative, indicating that the higher the marginality and the
lower the niche breadth and ROA, the better the performance as
measured by sensitivity and TSS (Fig. 1A).

Kappa, CCR, AUC, and specificity present the largest contributions to
the second PLS component (28.8%, 21.1%, 21.7% and 18.5%, respec-
tively; see Table 1). In this case, 31.0% of the variability is explained by
the linear combination of the predictors, highlighting the explanatory
capacity of data prevalence (27.0% of this amount), marginality
(24.2%), range size (20.9%), and demographic rarity (16.0%). All these
predictors are positively related to the values of this component, except
in the case of rarity. All other predictors account for less than 4% of the
total variability of this component. Thus, discrimination performance
measured by Kappa, CCR, AUC, or specificity is higher when de-
mographic rarity is lower, but data prevalence and the marginality of the
species are higher, and their range sizes are larger (see Fig. 1B).

Environmental marginality is the variable that contributes the most
for the explanation for the assessment metrics considering complete
results, followed by data prevalence, range size, niche breadth, and ROA
— which represent similar contributions considering their VIP values
(Fig. 2). In contrast, demographic rarity, the three nesting behaviour
strategies, niche completeness, and body size seem to have minor effects
on performance when classic discrimination metrics are used to examine
the predictive capacity of SDMs following standard procedures.

Table 1

Weights of predictors obtained by applying a Partial Least Squares Regression
analysis (PLS), relating the two main components of the response variables
(performance metrics) and predictors (species’ and data characteristics) on the
two significant PLS components.

1st Component 2nd Component

Response variables

Sensitivity 0.543 0.078
Specificity 0.331 0.431
Kappa 0.232 0.537
TSS 0.528 0.304
CCR 0.354 0.459
AUC 0.372 0.466
Predictor variables

Body size -0.019 0.024
Marginality 0.657 0.492
Abundance rarity 0.047 —0.400
Range size —0.259 0.457
Data prevalence —0.200 0.519
Niche breadth —0.465 0.114
ROA —0.464 0.129
Niche completeness 0.108 0.089
Nesting: Endocoprid 0.049 —0.071
Nesting: Paracoprid 0.014 0.187
Nesting: Telecoprid -0.112 —0.202
Explained variability 38.37% 30.99%
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4. Discussion

Our results show that eco-geographic and data characteristics in-
fluence the accuracy of SDM predictions, as indicated by the six per-
formance metrics analysed here. Evidence for a significant effect of
ecological traits is however less clear in our study. Understanding the
nature of these influences is difficult because all these characteristics are
intricately related among them, so their relative causal effects cannot be
dissociated. Indeed, demographic rarity —the only trait showing signif-
icant effects on some performance metrics— is negatively and curvili-
nearly related to eco-geographic variables such as range size and niche
breadth, as well as with data characteristics such as ROA and data
prevalence (Table S4; Fig. S1).

Environmental marginality shows a higher association with the
predictive capacity of the SDMs. Those species whose occurrences are
placed farther from the average conditions of the studied territory are
predicted better, according to the standard SDMs and the performance
metrics used here (see below). This variable, together with range size
and data prevalence, is associated with specificity —the capacity of
correctly predicting absence data- and therefore influences most per-
formance metrics. To understand these results it is necessary to consider
that the mean number of cells occupied by the studied species cover, on
average, only 14.9% + 1.7% of the total extent of analysis (mean + 95%
CD). In consequence, predicting absences correctly is much more decisive
than predicting correctly the presences for obtaining better performance
metrics. Range size and data prevalence are curvilinearly and negatively
correlated with environmental marginality (see Table S4 and Fig. S1), so
that the capacity of correctly predict absences is greater when the range
size and the data prevalence of the species are comparatively higher (the
maximum percentage of occupied cells in the study region is 37.9%).
Niche breadth and ROA influence the predictive capacity of presences;
the less the coverage of the total area of the study region provided by the
observations, and the narrower the niche of the species, the greater is the
apparent capacity of SDM techniques to predict accurately species oc-
currences. However, these two variables are also highly (and curvili-
nearly) correlated with environmental marginality (see Table S4 and
Fig. S1).

Several studies found no relationship between marginality and SDM
performance (Newbold et al., 2009; Poyry et al., 2008), and others
report opposite results about the influence of data prevalence and range
size (Marmion et al., 2009; Sor et al., 2017; Syfert et al., 2013; van
Proosdij et al., 2016). Those discrepancies have been attributed to the
metrics used in each analysis, as many evaluation metrics are known to
be sensitive to data characteristics (Allouche et al., 2006; Chefaoui et al.,
2011; Leroy et al., 2018; Santika, 2011). We however expect that these
effects do not affect the conclusions of our study, since although some of
the metrics we evaluate are sensible to data characteristics, others are
known to be insensitive to such an issue, and our results hold back for
the combination of all of them. Rather, discrepancies with other studies
may arise from treating species characteristics as independent despite
the high degree of correlation among them (see Table S4). Indeed, the
fact that certain traits covary altogether forming data syndromes makes
difficult to identify which ones determine SDM accuracy the most, as
they may interact among them, and probably most, if not all, influence
model performance.

The effect of data and species’ eco-geographic characteristics on
SDM performance implies that predictions of species diversity and
composition based on the overlap of various single-species models can
present high levels of error due to the inclusion of low-quality models,
hence leading to suboptimal or ineffective conservation actions (Aranda
and Lobo, 2010; Hanspach et al., 2010; Zipkin et al., 2010). Therefore,
we support the recommendation that species that are likely to show low
SDM performance should be removed from the analyses (Hanspach
et al., 2010; Poyry et al., 2008). Fortunately, our results show a positive
relationship between marginality and SDM performance. Marginality is
generally linked with rarity, two characteristics that are associated with
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a higher risk of extinction, and hence with species deeming higher pri-
ority for conservation. Further, species inhabiting uncommon habitats
suffer from low genetic variation and are more impacted by climate
change, due to the difficulties of adapting to new environmental con-
ditions (Kellermann et al., 2009). The good performance of SDMs for
these species may indicate that they can be a reliable source of infor-
mation to be used as a guide for conservation actions, provided that data
quality has been previously assessed (Duputié et al., 2014; Hortal and
Lobo, 2011). However, it is necessary to be cautious when a high
discriminatory capacity is attributed to the SDMs of these rare species
because high sensitivity, specificity, and AUC scores can be obtained
although the distribution area is over-predicted (Lobo, 2008).

It is important to highlight that advancing in SDM accuracy requires
investing in improving data quality. Our study has been carried out
following the most common approach in predicting species distribu-
tions; i.e. using pseudoabsences, cross-validations, and ensemble models
(Hao et al., 2019; Zurell et al., 2020). But the lack of reliable absence
information in the data used for training SDMs unavoidably implies that
an unknown number of absences apparently well predicted are in fact
erroneous, thereby spuriously inflating predictive success according to
most performance metrics. Besides the obvious need for further surveys,
analyses of survey completeness may help to bridge this gap, as they
may allow providing a higher likelihood of the absences coming from
well-sampled areas, giving them more weight in model performance
assessments.

The increasing use of species distribution models for applied and
theoretical studies in ecology, evolution, and conservation studies re-
quires a careful evaluation of the effects of sources of uncertainty on
model performance. The importance of data characteristics found in our
study calls for increasing the quality and completeness of data used in
SDMs. Well-designed surveys and new methods to deal with the un-
certainty will improve the performance of SDM predictions.
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