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a b s t r a c t
One of the least explored sources of algorithmic uncertainty in bioclimatic envelope models (BEM) is
the selection of thresholds to transform modelled probabilities of occurrence (or indices of suitability)
into binary predictions of species presence and absence. We investigate the impacts of such thresholds
in the speciﬁc context of climate change. BEM for European tree species were ﬁtted combining 9 climatic models and emissions scenarios, 7 modelling techniques, and 14 threshold-setting techniques. We
quantiﬁed sources of uncertainty in projections of turnover, and found that the choice of the modelling
technique explained most of the variability (39%), while threshold choice explained 25% of the variability
in the results, and their interaction an additional 19%. Choice of future climates explained 9% of total
variability among projections. Estimated species range shifts obtained by applying different thresholds
and models were grouped by IUCN-based categories of threat. Thresholds had a large impact on the
inferred risks of extinction, producing 1.7- to 9.9-fold differences in the proportions of species projected
to become threatened by climate change. Results demonstrate that threshold selection has large – albeit
often unappreciated – consequences for estimating species range shifts under climate change.
© 2011 Elsevier B.V. All rights reserved.

1. Introduction
Bioclimatic envelope models (BEMs) characterise species climatic requirements by relating species occurrences with aspects
of climate. These models have been used for a variety of theoretical as well as applied purposes (e.g., Guisan and Zimmermann,
2000; Guisan and Thuiller, 2005). There are a number of algorithmic uncertainties that contribute to uncertainty in projections,
apart from uncertainties in the data and biology of the species (for
reviews see Fielding and Bell, 1997; Heikkinen et al., 2006; Araújo
and New, 2007). One of the least explored sources of uncertainty
is the rule to transform probabilities of occurrence (or indices of
suitability) produced by models into binary predictions of species
presence and absence. There are potentially as many rules for setting thresholds (or cut-offs) as modelling methods and the choice is
often made arbitrarily since no guidelines for selection exist. Here,
we investigate the impacts of different threshold-optimization
methods in the speciﬁc context of BEMs used to study the effects
of climate change on species range changes.
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Possible impacts of threshold selection on species range prediction in BEMs have been discussed previously in the literature.
Fielding and Bell (1997) stated that a ﬁxed threshold to transform
model output will exaggerate prediction errors. The authors highlighted that choice of modelling method may inﬂuence the values of
probabilities of occurrence, and thus a single threshold for different
models would be unsuitable.
To avoid ﬁxed thresholds many threshold-optimization methods have been proposed (Table 1). We identiﬁed three families
of approaches: (I) ﬁxed; (II) data-driven – using species data and
predicted probability values; and (III) accuracy-based – using the
threshold that produces the best agreement between the evaluation data and the original data. The goal of accuracy-based
thresholds is to minimize prediction errors across the modelled
region: false negatives (modelled absences that are in fact species
presences) and false positives (modelled presences that are species
absences).
Despite the numerous thresholds available, their effects have
rarely been investigated, and never in climate change studies. In
previous studies that did investigate thresholds, either the number
of threshold-setting methods or the number of modelling methods
was low, preventing a thorough evaluation of threshold impacts
(Table 2). More importantly, most studies evaluated thresholdsetting methods by comparing their ability to discriminate between
correctly predicted presences and absences on a random subset of
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Table 1
Fourteen threshold-setting methods for presence–absence data used in this study (abbreviations in parenthesis). Modiﬁed after Liu et al. (2005), Pearson (2007), and Freeman
and Moisen (2008). Citations include references where the threshold setting methods was initially referred to followed by studies that subsequently used the threshold in
models of species distributional changes under climate change. For accuracy-based thresholds we calculated the values in the confusion matrix: TP = true positives, TN = true
negatives, FP = false positives, FN = false negatives. Sensitivity = TP/TP + FN. Speciﬁcity = TN/FP + TN.
Threshold

Description

Citations in bioclimatic envelope modelling

1

Fixed

0.5 in this study

Manel et al. (1999), Hijmans and Graham
(2006), Buckley et al. (2010)

2

Data-driven thresholds
Observed prevalence (ObsPrev)

Using the original species prevalence as the threshold

Cramer (2003), Araújo and Luoto (2007),
Baselga and Araújo (2009)
Hartley et al. (2006), Dormann et al. (2008)

4

Predicted prevalence same as
observed (PredPrev = Obs)
Average probability (AvgProb)

5

Mid-point probability (MidptProb)

3

7

Accuracy-based thresholds
Plot based precision-recall
(PRplotbased)
Minimize precision-recall (PRmin)

8

Overall prediction success (OPS)

9

F

10

Kappa

11

Maximize sum of sensitivity and
speciﬁcity (SeSpmax)
Equalize sensitivity and speciﬁcity
(SeSpeql)
TSS
ROC

6

12
13
14

Maintain the original prevalence
Taking the mean of the probabilities of occurrence of
occupied locations for presence/absence data as the
threshold
Taking the median of the probabilities between the
occupied and unoccupied sites
Minimize the distance to the 1,1 corner of the
precision (TP/TP + FP) against recall (sensitivity) plot
Minimize the difference between the precision
(TP/TP + FP) and recall (sensitivity)
Maximize OPS (TP + TN/number of presence/absence
points)
Maximize F = 1/˛/P + (1 − ˛)/R ˛ = 0.5 (no preference
precision or recall)
Maximize Cohen’s kappa statistic

Maximize the sum of sensitivity and speciﬁcity
Minimize the absolute difference between the
sensitivity and speciﬁcity
True skill statistic, sensitivity + speciﬁcity-1
Minimize the distance to the 0,1 corner of the
sensitivity against 1-speciﬁcity curve (receiver
operating curve)

the original species distributions data (Table 2). Yet measures of
discrimination accuracy obtained with non-independent evaluation data provide limited information about the ability of BEMs to
forecast species potential range shifts under climate change scenarios (Araújo et al., 2005a; Araújo and Rahbek, 2006). So, instead
of using discrimination accuracy to explore the consequences of

Cramer (2003)

Fielding and Haworth (1995)

Liu et al. (2005)
Schapire et al. (1998)
Fielding and Bell (1997)
Schapire et al. (1998), Drake et al. (2006)
Huntley et al. (1995), Berry et al. (2002),
Segurado and Araújo (2004), Araújo et al.
(2005b), Elith et al. (2006)
Cantor et al. (1999), Manel et al. (2001),
Svenning et al. (2008)
Fielding and Bell (1997), Pearson et al.
(2004, 2006)
Allouche et al. (2006), Keenan et al. (2011)
Cantor et al. (1999), Pearce and Ferrier
(2000), Araújo et al. (2005b), Diniz-Filho
et al. (2009), Lobo et al. (2008)

threshold selection under climate change, we employ alternative
methods.
In this study, the effects of thresholds on forecasts are analysed
on the basis of consistency in (i) temporal species turnover for each
location and (ii) modelled range changes for each species. First, to
assess sources of uncertainty in turnover results, we quantify the

Table 2
Published studies that explicitly investigated thresholds in bioclimatic envelope models (BEM). Provided are the numbers of BEM, thresholds, and the main conclusions in
each study. Note that not all studies investigated performances of thresholds under climate change. See Table 1 for abbreviations.
Models

Thresholds

Species

Evaluation data

Evaluation method

Conclusions

1

2

34 invertebrate families

Cross-evaluation and
data from different
area

Predictive accuracy

4

2

1350 plant species

Turnover results

Araújo et al. (2005b)

7

2

116 bird species

Liu et al. (2005)

1

12

2 plant speciesb

Cross-evaluation and
data from different
time
Cross-evaluation

Component loadings
on PCA axes
Predictive accuracy

No evidence for effects of
prevalence on kappa. ROC
proposed as a threshold-setting
technique
Impact of threshold-setting
method highlighted
Kappa was more accurate than ROC

Allouche et al. (2006)

1

2

128 plant species

1

4

b

1 virtual species

Independent inventory
data from same area
Cross-evaluation

1

11

13 tree species

Cross-evaluation

7

14

116 tree species

Species range changes
and turnover results

Manel et al. (2001)

Thuiller (2004)a
a

Jiménez-Valverde and
Lobo (2007)
Freeman and Moisen
(2008)
Present studya

a
b

Studies investigated threshold performance under climate change.
Species were sampled at different prevalences.

Predictive accuracy

Predictive accuracy
Predictive accuracy
Predictive accuracy
and change in
predicted prevalence
Extinction risk,
quantiﬁcation of
sources of uncertainty

ObsPrev, AvgProb, SeSpmax,
SeSpeql and ROC were most
accurate thresholds
TSS proposed as a
threshold-setting technique
SeSpmax and SeSpeql were most
accurate thresholds
PredPrev = Obs and kappa were
most accurate thresholds
Thresholds contributed
uncertainty in predictions under
climate change
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variability that different thresholds bring to the measures of temporal turnover (e.g., Diniz-Filho et al., 2009). Second, to explore effects
of the threshold technique on assessments of species vulnerability
to climate change, we associate estimated range changes, to a given
category of threat using a simpliﬁed interpretation of the IUCN criteria for Red Listing of species. The use of projected range changes
from BEMs for grouping species into threat categories has been
criticized on theoretical grounds (Akçakaya et al., 2006), and new
tools are being devised to couple climatic and population processes
thus providing more robust estimates of extinction risk (e.g., Keith
et al., 2008). In the meantime, we use the IUCN Red List criteria as
a strategy to explore the sensitivity of the range size projections to
different thresholds. Note that we are not recommending Red Listing of species directly and exclusively based on range size estimates
from BEMs (Akçakaya et al., 2006; Brook et al., 2009).
For this study, BEMs are ﬁtted for 116 European tree species,
using seven bioclimatic modelling techniques, 14 threshold-setting
methods, and 9 climatic models and scenarios. By using many combinations of modelling algorithms, threshold-setting approaches,
and forecasts of future climates we seek to quantify the contribution of different sources of uncertainty in forecasts of species range
changes and identify generalities that may arise from assessments
of uncertainty. Speciﬁcally, we ask: (I) How are assessments of
threat and temporal turnover based on BEMs affected by threshold
selection? (II) How much variability in turnover values is attributed
to the choice of the threshold? (III) How is variability in BEM projections spatially and environmentally distributed?

2.2. Species data
For this study, we considered native tree species distributed
across Europe. The species presence–absence data are a subset of
Atlas Flora Europaeae (AFE, Jalas and Suominen (Eds.)., 1972–1996),
which was digitized by Lahti and Lampinen (1999). Only trees
were chosen because: (i) their distribution and ecology is relatively
well known and the data has been extensively used in other modelling studies (e.g., Thuiller et al., 2005; Baselga and Araújo, 2009;
Svenning et al., 2008; Hanspach et al., 2010; Araújo et al., 2011),
(ii) they are representative of the overall European plant richness
(Spearman correlation  = 0.80, P < 0.001 with the overall richness
of the AFE data set, Araújo and Williams, 2000), and (iii) they are
long-lived organisms and their distribution is relatively stable in
comparison with some other groups. Data were originally located
in 4419 UTM (Universal Transverse Mercator) 50 km × 50 km grid
cells, but we used only 2122 grid cells, excluding most of the eastern European countries (except for the Baltic States), because of
low recording efforts in these areas (Williams et al., 2000). Species
occurring in fewer than 25 grid cells were excluded from analyses
to avoid problems associated with modelling species with small
sample sizes (Stockwell and Peterson, 2002; Wisz et al., 2008);
however, with this rule, together with the data splitting procedure
used for calibration and evaluation of the models (70% for calibration and 30% for evaluation, see below), the minimum number of
records used for calibrating models was 18. The reduced dataset
comprised 116 tree species (Supplementary data A). Original prevalence ranged from 1 to 79% of all grid cells.

2. Methods

2.3. Bioclimatic envelope modelling

2.1. Climate data

To characterise species potential distributions we ﬁtted
bioclimatic envelope models (BEMs) using BIOMOD-R, which
implements multiple model classes in a single platform (Thuiller
et al., 2009) using the freeware and open source R package (R
Development Core Team, 2010). We employed seven algorithms
that generate continuous predictions of probabilities of occurrence
as an output: generalized linear models (GLM, linear and quadratic
effects), generalized additive models (GAM, polynomial degree 2),
multivariate adaptive regression splines (MARS), classiﬁcation tree
analysis (CTA), ﬂexible discriminant analysis (FDA), random forests
(RF, 750 trees), and generalized boosted models (GBM, 2000 trees).
See specialized literature for description of modelling methods
(e.g., Guisan and Zimmermann, 2000; Franklin, 2010 and citations
in BIOMOD documentation). We calibrated the models with a random sample of 70% of the original presence records for each species
and projected models to the remaining 30% of grid cells (steps 1 and
2 in Fig. 1).

A set of aggregated climate parameters for the present time
period were derived from an updated version of climate data provided by New et al. (2000). The updated data provides monthly
values for the years 1901–2000 in a 10 grid resolution (Mitchell
et al., 2004; Schröter et al., 2005, average resolution 18 km), and
were aggregated to the species data resolution. We employed
the mean values of eleven different bioclimatic parameters for
the period of 1961–1991 (referred to as baseline data). To minimize model overﬁtting and ensure comparability across model
projections we selected a smaller set of uncorrelated variables for
inclusion in the models, after performing a principal components
analysis (PCA) of the climate data using all cells. The PCA identiﬁed
three axes that together explain 99.6% of the variance in the climate data. We retained the three climatic variables with the highest
component loadings in the ﬁrst (growing degree days, −0.805 component loading), second (annual precipitation, 0.811), and third
(mean annual radiation, 0.728) axes (for similar procedure, see also
Baselga and Araújo, 2009). These variables are expected to summarise important abiotic factors that directly limit the distributions
of plant species (e.g., Woodward, 1987; Sykes et al., 1996). Note that
we ﬁtted BEM with the untransformed climatic variables and not
the PCA axes.
Nine different predicted climates for 2050 were used to investigate uncertainty arising from models and scenarios (Schröter et al.,
2005). The selection included simulated future climates with different general circulation models (GCM) and emissions scenarios
(Nakicenovic et al., 2000). We used four general circulation models (GCM each with one to several emissions scenarios, as follows:
HadCM version 3 (scenarios A1FI, A2, B1, B2), NCAR parallel climate model (scenarios A1 and B1), MRI coupled general circulation
model 2 (scenarios A1 and A2) and CSIRO model (scenario A2). This
amounted to nine combinations of climate models and scenarios in
total, which will be referred to as ‘climates’.

2.4. Threshold optimization
A threshold is required for transforming continuous probabilities of occurrence (or indices of suitability) from the models into
binary presence-absence values. The R-script used for threshold
optimization is documented in Supplementary data B. First, all
thresholds were calculated (Fig. 1, step 3), then the same thresholds
were used as cut-offs for transforming probabilities of occurrence
into presence and absence of species in the baseline and future
climate projections (Fig. 1, steps 4 and 5). A large number of
methodologies exist for optimizing thresholds; here we used 14 of
those methods (Table 1 and Liu et al., 2005 for further description).
For the ﬁxed and data-driven thresholds (families I and II,
Table 1) we set the threshold value directly from the withheld
evaluation data (30% of original distribution data) and the predicted probabilities of presence in the same grid cells. The value
of the accuracy-based thresholds (III) was found in an iterative
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Fig. 1. Flowchart illustrating the steps to optimize one accuracy-based threshold
for one species. (1) Original species data were randomly split into calibration and
evaluation data. (2) 70% of the data were used to train models (calibration data).
(3) The models were projected on the 30% evaluation data. A step-wise sequence of
thresholds was applied to predictions to ﬁnd the threshold (red triangle) that best
satisﬁed the threshold criteria for the selected threshold-setting technique. (4) The
model was applied to current climate data and the threshold from step 3 was applied
to transform data to binary distribution predictions. (5) The model was applied
to future climate data. Figure redrawn from Pearson (2007) with permission. (For
interpretation of the references to color in this ﬁgure legend, the reader is referred
to the web version of the article.)

fashion. Firstly, we created 1000 testing thresholds from 0 to 1 in
successive increments of 0.001 (i.e., 0.001, 0.002, . . ., 0.998, 0.999,
1.000). Secondly, each ‘testing’ threshold was used as the cut-off to
classify the continuous predicted probability values to present or
absent – when the values were larger or smaller than the ‘testing’
threshold respectively. Thirdly, in each grid cell, the predicted range
(present/absent) resulting from each ‘testing’ threshold was compared to the species currently observed range in the AFE data. For
any one grid cell, four outcomes were possible: true positives, true
negatives, false positives and false negatives. Outcomes for each
value of ‘testing’ threshold over the entire study area were tallied in
a confusion matrix (a contingency table of presences and absences
in the predicted data and original data, Fielding and Bell, 1997).
From the confusion matrix, we were able to calculate the various
accuracy-based discrimination indices according to the formulas in
Table 1. The value of the ‘testing’ threshold that generated the prediction that was most accurate and best satisﬁed the criterion for
each method, when compared to the original species distribution,
was selected as the ﬁnal threshold for that method (step 3 in Fig. 1).
If several thresholds produced identical accuracy values, we chose
the lowest threshold.
Finally, we calibrated models for each species with 100% of
the species data so to avoid biases associated with sub-sampling
of the data (Araújo et al., 2005b). With the ﬁnal models, we projected probabilities of occurrence for both the baseline and future
climates. Projections were then transformed into binary projections of species presence and absence using previously calculated
thresholds. The resulting 882 ﬁnal projections for each species arise
from combinations of 7 modelling techniques, 14 threshold-setting
methods, and 9 climates. For the 116 species modelled, 102,312
model outputs were generated.
2.5. Analysis of turnover
In each grid cell, the species temporal turnover between the two
time periods was deﬁned as (species gained + species lost)/(species
richness + species gained) (e.g., Peterson et al., 2002). This formula
measures changes in species composition, which is more informative of range shifts than comparing species richness in two time
periods. To distinguish trends in turnover values among the 882

3349

projections for each location, we employed a range of statistical
techniques.
First, we performed a principal components analysis (PCA) on
the projections of turnover values to determine whether values
obtained with certain thresholds and models were more similar
than others. It is assumed that if the ﬁrst PCA axis explains a large
proportion of the variation in results, then the axis is close to all values (e.g., Thuiller, 2004). This was not quite true with our results,
as the ﬁrst axis only explained 52% of the variation. Many combinations of methods had a small component loading and there was
no clear separation between different threshold-setting methods
(maximum loading on the ﬁrst axis was 0.14).
To examine sources of uncertainty across projections, we partitioned the sources of variance in turnover values resulting from the
combination of the three sources of uncertainty in each grid cell.
Variance among the 882 turnover values was assessed by threeway ANOVAs with climates, threshold-setting method and model
technique as the three factors (Diniz-Filho et al., 2009). The sum of
squares of each factor and the interaction of factors was divided by
the total sum of squares, to obtain the relative contribution of each
factor to the variance.
The relative proportion of variance from models and thresholds
was plotted in both geographical and environmental space on the
ﬁrst two axes (annual precipitation and growing degree days). Since
climate contributed the least amount to total variance among the
three sources of uncertainty (9%), in the further analyses we only
retained the projections from one climate (HadCM3 A1FI, which is
a fossil fuel intensive scenario).
To further identify the differences in turnover between
threshold-setting methods, a clustering technique was used to
group the combinations of threshold and modelling methods that
generated more similar values of turnover across grid cells. The process involved calculating Euclidean distances between all pairs of
threshold-modelling methods. From the Euclidean distance matrix
we implemented an agglomerative hierarchical classiﬁcation (single linkage clustering) to determine the groups of thresholds and
models that produced the most similar values of turnover. Nonparametric analysis of similarity (ANOSIM, Clarke and Green, 1988)
was then used to test if the resulting clusters were statistically different. A high value of the R global statistic implies that a high
degree of separation exists between groups. Permutations of the
grouping factor were done 999 times, allowing for the value of the R
statistic to be calculated and compared against the null expectation.
2.6. Analysis of species range changes
To assess the consequences of different models and thresholds
for conservation prioritization under climate change we calculated
potential range changes per species; i.e., the difference between the
numbers of grid cells presently predicted to be occupied relative to
the number of grid cells lost or gained in the future. Since we were
explicitly interested in modelling changes in the potential ranges
rather than the actual ones we considered unlimited migration in
all calculations.
To assess how different sources of uncertainty affect estimates
of species threat under climate change, we calculated how many
species would be candidate to IUCN Red Listing if the magnitude of
range changes were implemented as a criterion for classifying them
into threat categories (e.g., Thomas et al., 2004; Thuiller et al., 2005).
Speciﬁcally, we used an implementation of the IUCN criterion of
population size reduction, projected or suspected to be met within
the next 10 years or three generations, whichever is the longer
(IUCN, 2001, p. 16). That is, we applied criterion A3 that refers to
a decline in the area of occupancy. Hence, to identify a ‘Critically
Endangered’ species we used a range-size reduction of 80%; ‘Endangered’ 50%; and ‘Vulnerable’ 30%. Because trees were modelled,

The ANOVA applied to each grid cell indicated that the selection
of modelling method contributed to greater variance in projections
of species temporal turnover than the selection of future climate
and modelling method (Fig. 3). Across all grid cells, the proportion
of variance explained by the modelling method contributed to a
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CR
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7
7
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Fixed
ObsPrev
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AvgProb
MidptProb
PRplotbased
PRmin
OPS
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Kappa
SeSpmax
SeSpeql
TSS
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Magnitude of change

3.2. How much variance in projections is attributed to the choice
of the threshold?

VU

Choice of models and thresholds both contributed to variation in
estimates of temporal turnover values and extinction risk. Because
climate contributed a small amount to the total variance (9%), we
only show results from one climate model and scenario (HadCM3
A1FI). The clustering dendrogram (Fig. 2) revealed that sources
of variation among turnover values were related mainly to the
choice of the modelling method (groups 1–2) and the choice of the
threshold-setting method (groups 3–4). We separated the following groups: (1) RF modelling method; (2) MARS modelling method;
(3) accuracy-based thresholds; (4) PR plot-based thresholds; (5)
various thresholds and modelling methods. Group 3 contained
all types of threshold setting-methods. Within clusters, further
clustering with data-driven or accuracy-based thresholds could
be observed. The ANOSIM analysis returned an R statistic of 0.24
(P = 0.001), indicating weak grouping among different models and
thresholds.
The projections of range changes were greatly affected by the
threshold-setting method, as expressed by varying estimates of
threat. The percentage of species forecasted to become critically
endangered in 2050 ranged from 7% to 69% depending on the
modelling method and threshold technique (Table 3). The threshold/model combinations that yielded the highest percentage of
threatened species were the GBM with PRmin and PredPrevObs
thresholds, which projected that 80% of the European tree species
would be candidates for Red Listing under climate change. Applying the same threshold-setting method to different model outputs
caused the proportion of threatened species percentages to vary
more than 11-fold. Within projections from one modelling method,
estimates of threat differed up to 9.9-fold, due to the thresholdsetting method. Estimates of threat were, therefore, sensitive to
both modelling and threshold-setting method. Apart from these
extreme combinations, magnitudes of change were 1.8–2.6 within
projections from one modelling method, due to the thresholdsetting method, and 2.0–6.7 for the same threshold method applied
to different modelling methods.

EN

3.1. How are assessments of threat and temporal turnover based
on BEMs affected by threshold selection?

CR

3. Results

CTA

we assumed a long generation time and that range changes from
2000 to 2050 correspond to three generations. However, for some
species, the 50 year period considered might correspond to just
two generations, so there is a chance that risks are overestimated
for those species. Species projected to lose their entire range were
considered critically endangered and not extinct, as the European
trees modelled could survive outside the study area. To ﬁnd which
source of uncertainty had the largest effect, we estimated the total
threat to species as the maximum number of species potentially
classiﬁed as Red-listed divided by its minimum. We pooled the percentages of threatened species in all threat categories, so that the
threat estimate provides an indication of total effects. All analyses
were carried out in R statistical environment (R Development Core
Team, 2010), using packages BIOMOD (Thuiller et al., 2009) and
vegan (Oksanen et al., 2010).

Magnitude of change
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Table 3
Percentage of European tree species that became candidates for IUCN Red Listing. The ﬁrst value in each cell is the percentage of species that could become ‘Critically Endangered’ under the corresponding modelling class (column,
acronyms in Section 2.3)and threshold-setting method (rows, acronyms in Table 1 The second number is the percentage of species that could potentially become ‘Endangered’. The third number is the percentage of potentially
‘Vulnerable’ species. See text and Table 2 for meanings of abbreviations.
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Fig. 2. Dendrogram from hierarchical single linkage clustering analysis of turnover values, based on the Euclidean distance matrix. At each branch the ﬁrst acronym is the
modelling method (acronyms in Section 2.3) and the second acronym is the threshold-setting method (acroynyms listed in Table 1). We separated the following groups: (1)
RF modelling method; (2) MARS modelling method; (3) accuracy-based thresholds; (4) PR plot-based thresholds; (5) various thresholds and modelling methods. The global
ANOSIM was 0.24 (P = 0.001).
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and Northern Europe, thresholds represented a higher proportion
of the sum of squares thus contributing with most of the variability. In Northern France, Germany, England and Scandinavia, it was
the choice of the modelling technique that contributed with more
variability, (Fig. 4, upper panel). When the values in climatic space
were plotted, model selection explained a greater proportion of
the variability in modelled turnover values (Fig. 4, lower panel).
In the centre of climatic space where all models produced similar
projections, the choice of threshold, in turn, contributed to more
variability.
4. Discussion

Fig. 3. Sources of variance in species turnover from two-way ANOVAs in all grid
cells. Boxes show median, quantiles and complete range of proportions of total
sums of squares for each source of uncertainty and their interactions (indicated
by hyphens).

median of 34% of variance, while threshold selection contributed
20%. The interaction between thresholds and modelling methods
contributed 19%. Choice of climate contributed to 9% of variance.
3.3. How is variability in BEM projections spatially and
environmentally distributed?
Variability across projections of species temporal turnover was
spatially (Fig. 4, upper panel) and climatically structured (Fig. 4,
lower panel). In parts of southern Europe, such as Spain, Greece

In this study we evaluated the impact of threshold-setting methods on climate-change induced projections of species range shift
using bioclimatic envelope models. We found that the choice of
the modelling method and the threshold method altered estimates
of species threat that are based on range changes. Model selection generated up to 11.4-fold differences in the proportion of
tree species projected to become threatened under climate change
(Table 3). For the same threshold method, but with projections
from different modelling methods, the largest magnitude of difference produced was 9.9. Most of this variation was from the PRmin
threshold and the GBM modelling method. Even the results from
most common thresholds such as Kappa, TSS and ROC were sensitive to threshold and model selection, which caused estimates to
double in size.
We show that a hitherto unappreciated source of uncertainty
– choice of threshold – causes variability in both estimates of
species range change and temporal turnover. Most previous studies
investigating uncertainty have reported that uncertainty in such
estimates was mainly explained by modelling method (Thuiller,
2004; Pearson et al., 2006; Dormann et al., 2008; Diniz-Filho et al.,
2009; Buisson et al., 2010; Diniz-Filho et al., 2010; but see Araújo
et al., 2005b). One study proposed an approach to break-down
results into speciﬁc questions relevant to conservation managers

Fig. 4. Distribution of the proportion of variance (in percentages of total sum of squares) for ANOVAs of turnover values among 116 species of European trees. Results are
shown in geographical space (upper panel) and environmental space (lower pane, axes represent the ﬁrst two environmental variables used for modelling in this study).
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(e.g., uncertainty in spatial shift of a certain biome, Mbogga et al.,
2010). Their method showed that in some cases climate models and
emission scenarios might represent a larger source of uncertainty.
However, none of the above mentioned studies included effects of
thresholds as a source of possible uncertainty.
Variance partitioning also allowed us to identify strong
interactions between modelling methods and thresholds, thus
highlighting the difﬁculty of teasing apart the different sources
of algorithmic uncertainties (Fig. 3). Such interactions were also
reﬂected in the clustering of range change estimates that were
separated by both sources of uncertainty (Fig. 2) and from examining spatial distribution of uncertainty in turnover results (Fig. 4).
In most parts of the study area, models produced equivalent projections, so the choice of the thresholds contributed the most
uncertainty. At the climatic extremes of the study area, models
were more prone to extrapolate beyond the range of climatic values
used to calibrate the models, thus contributing to greater variance.
This is because models have difﬁculties in projecting distributions
to novel climatic conditions (Thuiller et al., 2004; Fitzpatrick and
Hargrove, 2009) and these typically emerge at the climatic edges
of the study areas, which, in this particular case, also coincide
with the geographical edges (see also Barbet-Massin et al., 2010;
Araújo et al., 2011). The size of the study area and the extent of
the climatic ranges can also inﬂuence model and threshold performance. A smaller area, with reduced climatic gradients, is more
likely to have a great proportion of edge climates. This being true,
models should also be more likely to extrapolate beyond the climate values used in the calibration thus contributing with more
variability. In large study areas including extended climate gradients there is a higher likelihood that models are well trained,
thus threshold choice is bound to contribute relatively more
uncertainty.
Our study demonstrates that the choice of thresholds has practical consequences for estimating species threat based on projected
range shifts under climate change (Table 3). Some thresholds produce less variation in threat estimates, and are less sensitive to
modelling method. However, the question of what is the most suitable threshold or, speciﬁcally, whether the most stable thresholds
are also the better, remains unanswered. Answering such questions would require repeated studies with empirical independent
evaluation data, such that is provided by census counts in different
periods of time, or using artiﬁcial species with a known distribution
and response to climate (e.g., Hirzel et al., 2001; Austin et al., 2006).
Several strategies have been proposed to adapt thresholds
for different modelling purposes where there are economic and
ecological considerations (Fielding and Bell, 1997). For example,
studies that use BEMs to assess if a species is threatened should
not over-inﬂate the population range, and could therefore require
a high speciﬁcity (Freeman and Moisen, 2008). Conversely, when
using outputs from BEM to create a sampling design it is more
important to include all possible presences, and thus have a very
low speciﬁcity (Freeman and Moisen, 2008). For studying invasive
species, speciﬁcity and sensitivity also have to be valued differently.
If a species is able to establish in an area where it was not predicted
to occur (a false negative), eradication effort would cost more than
conducting unnecessary surveys in areas where the species was in
fact never predicted to become present (a false positive, Hartley
et al., 2006). For climate change modelling it has been suggested
that changes in projected probability values should be measured
only when they overlay with known occurrences of species (Araújo
et al., 2002, 2011). When this approach is used, there is no need
to set thresholds to convert probability values into presence and
absence as they are ‘ﬁltered’ by observed records of occurrence
instead. However, this strategy is more appropriate when analysing
data in well sampled regions with good presence and absence data.
When models use a small or limited number of species occurrence
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records, restricting analysis of range changes to known occurrence
records might reduce their usefulness.
BEMs are tools for forecasting the effects of climate change on
species potential distributions and, as such, they may be used for
decision-making. However, their usefulness is contingent on a good
understanding of the sources of error and uncertainty (Barry and
Elith, 2006; Heikkinen et al., 2006; Pereira et al., 2010). Here, we
show that threshold selection is a key step in BEM, with important
consequences for the resulting range projections. Unless sound justiﬁcation exists for choosing a particular threshold over the others,
there might be advantages in applying various threshold-setting
methods within an ensemble forecasting framework and explore
the resulting range of uncertainties (Araújo and New, 2007).
Acknowledgements
Species distributions data was kindly supplied by Raino
Lampinen. H.N. is funded by the Portuguese Foundation Science and Technology (FCT) through the ‘Rui Nabeiro’ Biodiversity
Chair and the CIBIO. Research by M.B.A. is funded through the
FCT RangeShift project. We are grateful to Regan Early for comments and proof-reading of the manuscript, Pep Serra, Sara Varela,
Raul García-Valdés, Maria Triviño and François Guilhaumon for
catalysing comments. We also thank four anonymous reviewers for
their constructive criticism and valuable encouragement to further
develop the manuscript.
Appendix A. Supplementary data
Supplementary data associated with this article can be found, in
the online version, at doi:10.1016/j.ecolmodel.2011.07.011.
References
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