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Logistic regression has been used to predict species
distribution since the early age of predictive biogeography
(Austin et al. 1984, Guisan and Thuiller 2005, Austin
2007). This is a parametric generalisation of usual linear
regression that deals with a non-normally distributed
response, and it has been utilized successfully to explain
and model the distribution of various organisms over local
to large spatial scales (Guisan et al. 1998, Teixeira et al.
2001, Fleishman et al. 2003, Thuiller et al. 2006a, b). The
probability outputs of these models are commonly used
under two forms: either they are summarised into binary
results by choosing a threshold (Liu et al. 2005) or they are
used un-summarised as raw probabilities or indexes (Real
et al. 2006) where high values are taken as characterising
highly suitable sites for the modelled species. The raw
probability outputs are calibrated so they depend on the
prevalence (ratio between the number of presences and the
total number of records in the dataset) of the training
dataset: the mean fitted value across all sites is equal to the
prevalence in the training dataset. Because of this, rare
species tend to have many low predicted values at sites
across a region compared with more common species, so
comparing suitability of sites across species in a conserva-
tion planning context can be a complex task. That is, the
common species can effectively swamp the rare species in
inter-species comparisons. In a recent paper, Real et al.
(2006) proposed a method to circumvent this potential
drawback by introducing a favourability function. They
introduced the idea that a biased dataset is one where
sampling prevalence (as deduced from samples) differs from
50%. Rescaling the probability outputs of logistic regression
with reference to a so called ideal sample prevalence of 50%,
the favourability function is expected to improve predic-
tions in terms of description of the favourable areas for the
species and to facilitate the comparison between species
(and so that 0.5 would become the threshold for all species).
Real et al. (2006) also claim that this function makes the
model probability outputs independent of the sampling

prevalence of the training dataset. The proposed formula
for favourability F is the following:
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with P the probability output of the logistic regression and
n1 and n0 the respective number of presences and absences
in the dataset.

To test this favourability function, Real et al. (2006)
used virtual species that respond to a single environmental
factor, providing ‘‘true’’ species distributions that can be
sampled in different ways, and used to evaluate model
outcomes (Hirzel et al. 2001, Reineking and Schroder
2006, Austin et al. 2006, Jimenez-Valverde and Lobo 2007,
Meynard and Quinn 2007). The species all used the same
environmental variable, and the same logistic relationship,
but had varying population prevalence. A first test was
realized with a single virtual species constructed with a 50%
population prevalence to test the effect of sampling
prevalence on the probability and the favourability outputs.
Three sub-samples were extracted with respective sampling
prevalences of 20% (presences are under represented
compared to the true distribution), 50% (full distribution)
and 80% (presences are over represented compared to the
true distribution). Each sample was used to fit a logistic
regression and results were compared: probability outputs
were very different (maps) and favourability outputs were
said to be qualitatively similar. Then on this specific case
the favourability function was able to improve outputs
resulting from unbalanced training datasets. The favour-
ability function was then applied to two other virtual species
with respective population prevalences of 20 and 80% to
show that the favourability function makes it easier to
compare species with different population prevalences. Both
fully sampled (sampling prevalence equal to population
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prevalence), the two virtual species obviously presented very
different logistic regression outputs. However, rescaling
these probability outputs, the favourability function allowed
direct comparison of the two species in the overall
landscape.

We found this method appealing for its modelling
approach and innovative in its use of virtual species. In
particular, Real et al. (2006) have clearly indicated why they
require model probability outputs to be independent of the
sampling prevalence and therefore comparable across pre-
valences. The method (Real et al. 2006) has merit in dealing
with this problem but relies on a problematic definition of
bias (sampling prevalence other than 50%) not ecologically
justified. We propose that bias be defined as a sampled
prevalence different from the ‘‘true’’ prevalence (the real
probability of finding the species in the landscape), because
it seems meaningful to consider as unbiased a sample which
represents the ecological reality. Predictions from a logistic
regression model will be calibrated in such a way that they
accurately reflect the prevalence of a species throughout a
region. We have to deal carefully with the word ‘‘bias’’
because it is commonly used but has several meanings;
outputs of logistic regressions are not biased in the sense
that they reflect the input data, but if built on biased
samples they can be difficult to interpret.

Let us then move on without focussing on the word
‘‘bias’’, and consider what the favourability function (Real
et al. 2006) does. We propose to test the favourability
function (‘‘Favourability 50’’) and compare it with a
modified function (‘‘Modified favourability’’) defined as
follows:
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where Pr Sample and Pr True are respectively the prevalence of
the sampled dataset and the true prevalence of the virtual
species using simulations with a range of both sample
prevalence and population prevalence.

We first built a virtual landscape of 32 per 20 pixels
(each pixel representing a 10�10 km area) based on a
mean temperature parameter. This mean temperature
parameter was distributed along a realistically varying
gradient (0�158C) and slightly modified with the addition
of a random normal value. This led to a landscape with a
temperature parameter ranging from �5 to 208C and a
mean of 7.68C (Fig. 1a). We then established a logistic
response to this single environmental factor. The response
was higher for higher mean temperatures. This response to
the environment was then used to create three virtual
species distributions with respective population prevalence
of 20% (VS20), 50% (VS50) and 80% (VS80) (Fig. 1b, c,
d).

For each species, samples of 80 pixels with prevalence of
20, 50 and 80% were randomly extracted. They represented
random partial samplings in the field, with perfect detec-
tion. This sampling strategy was chosen to cross-test the
effect of the true and the sampling prevalence on the logistic
regression, the Favourability 50 and Modified favourability
outputs. For VS20, three more samples of 200 pixels were
also selected with prevalences of 5, 10 and 15%, which are

Figure 1. Map of the virtual landscape: mean annual temperature (from �5 to 208C) (a), VS20 species in presence (black) vs absence
(white) (b), VS50 species in presence vs absence (c), VS80 species in presence vs absence (d).
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sample prevalences close to those observed in datasets
obtained in natura.

Logistic regressions were performed on the sampled
datasets and on the true distributions (full distribution) of
the three species. The probability outputs obtained with the
sampled dataset were then transformed with the Favour-
ability 50 and the Modified favourability functions. For
each model, the raw predictions as well as the Favourability
50 and Modified favourability predictions were evaluated
using the area under the receiver operating characteristic
curve (AUC) (Swets 1988) for the whole landscape.

We then compared each output dataset (probability or
favourability) to the model fitted with the full dataset to
explore the performance of each model and formula outputs
for the different sampling and population prevalence. To
determine if predictions for a single species were consistent
and independent from the sample prevalence, we also
compared the outputs obtained from samples with a
prevalence of 20% (and 10% for VS20) and those with a
prevalence of 80%.

To quantify this we used a weighed Kappa coefficient
(Cohen 1960) with multiple modalities. We used 5 classes:
0�0.2 (very low suitable environment), 0.2�0.4 (low
suitable), 0.4�0.6 (medium suitable), 0.6�0.8 (quite suita-
ble) and 0.8�1 (suitable) to discriminate the outputs values.
N being size of the datasets, the nij were defined as the
counts in the resulting confusion table and a weight matrix
W (5, 5) was chosen to classify errors by their seriousness:

Wij ¼ 1 � ji � jj
5 � 1

: Then the Kappa coefficient was calcu-

lated as follows:
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We finally used a rough guideline to classify the kappa
values: above 0.8, the two models were considered as
equivalent, between 0.6 and 0.8, the two models were
considered as nearly different and under 0.6 the two models
were considered as very different.

Obviously, the raw regression and the Favourability 50
were identical for a sampling prevalence of 50% and the raw
regression and the Modified favourability were identical for
a sampling prevalence equal to the population one, leading
to the same values of the Kappa coefficient (K) (Fig. 2).

For the three species the best predictions (higher Kappa
values, Kappa �0.88) with the raw model were obtained
when sampling and population prevalences coincide (for
instance with a sampling prevalence of 20 for the species
VS20). However, as soon as the sampling prevalence was
different from the population one, raw predictions were
very different from the model performed on the exhaustive
distribution of the species (Fig. 2). The Favourability 50 led
to better predictions than the raw model (for example
Kappa �0.9 instead of 0.47) when the sampling prevalence
was very different from the population one. Nevertheless
predictions became worse than the raw ones when the
sampling prevalence was close to the population one (for
example Kappa�0.25 instead of 0.74). As for the Modified F
ig
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favourability, it gave predictions (0.81BKappaB0.98
except for the sampling prevalence of 5%) as good as or
better than the raw ones in all cases (Fig. 2).

The Kappa coefficients calculated between two models
outputs resulting from two samples of the same species
differing by their sampling prevalence are presented in the
Table 1. As expected the raw regression led to higher
probability outputs when the sampling prevalence was high
(80%) compared to when it was low (20%) (Table 1,
Fig. 3). This results in relatively low Kappas for the three
species (0.33�0.49, Table 1). The Favourability 50 function
reversed these tendencies (Fig. 3) and still led to low Kappas
(0.38�0.45, Table 1). Modified favourability properly
adjusted the outputs (Fig. 3), leading to higher values of
kappa (0.72�0.88, Table 1).

All AUC values (predictions tested against observations,
Table 2) were very high (over 0.98), showing that all the
performed models discriminate a presence from an absence
almost perfectly. As the Favourability 50 and Modified
favourability are rescaling formulas they are changing only
calibration and not discrimination, so their use leads
necessarily to the same AUC values and to rescaled
thresholds, (Jimenez-Valverde and Lobo 2007).

This research sought to improve the favourability
formula proposed by Real et al. (2006) with a formula
relying on the ratio between the sampling and the true
prevalence of a virtual species. The improved formula has
proven to be efficient in reducing sampling-induced error in
the logistic regression outputs, even for consequent bias of
the training sample (sampling prevalence of 80% instead of
20% or the contrary) and for datasets close to those
obtained in natura (sample prevalence of 5 or 10% for
VS20). It also yielded similar predictions for a given species,
even for samples with different prevalences. We believe that
this formula is more realistic than the one proposed by Real
et al. (2006) because it does not suppose that a particular
prevalence of 50% is the reference one. However, this
formula will be difficult to apply to real species for which
true prevalences are poorly known. In these cases, one
should investigate the origin of the low prevalence problem
and the possible solutions for getting around it.

The possible origins of a low prevalence in a sample are
multiple. First, such a sample might properly represent the
true distribution of a rare species because most environ-
ments are unsuitable for it (Guisan and Thuiller 2005,
Jimenez-Valverde and Lobo 2007, Meynard and Quinn
2007). Secondly, it can result from a sampling-induced bias
due to either low detectability or poor sampling strategy
(Mackenzie et al. 2004, Wintle et al. 2005). Thirdly, it can
result from the fact that the considered area is at the edge of
the species environmental niche or does not include its
whole niche (Hernandez et al. 2006, Randin et al. 2006,
Vanreusel et al. 2007). Fourth, the sample area may be too

large in relation to the whole niche of the species as it is
often the case for restricted and rare species (Martin et al.
2005). These four cases differ both in the origin of the low
prevalence of the sample they induce and in the relevant
solutions. The first case is not an error as such, because the
modelled probabilities truly reflect the species prevalence.
In fact, given relevant predictors, a suitable site, if it exists,
can be modelled with a high probability � one would simply
not expect many of them overall. If, alternatively, there are
no predictors that identify highly suitable sites, many
probabilities may be low, and sensible strategies for dealing
with this in the light of higher predictions for more
common species will be required. The second case is a
substantial problem, highly mobile or small vagile species
are often difficult to detect and good sampling strategies are
always difficult to design in such a way as to be both
statistically and ecologically sound. Quantifying the detec-
tion probability for a given species could be a solution to
obtain a more statistically conclusive statement about
possible reasons for not detecting a given species as opposed
to a simple ‘‘none were found’’ conclusion (Wintle et al.
2004, Royle et al. 2005, Mackenzie 2006). The third and
the fourth cases are modelling problems. The choice of the
scale and of the resolution in statistical habitat modelling is
one of the greatest challenges in this field (Guisan and
Thuiller 2005). To obtain reliable probability outputs,
input data should include the whole niche (the core, the
edge and the outside of the niche) of the species (Austin and

Figure 3. VS20 species. Comparison between outputs resulting
from a training data with a sample prevalence of 20% against one
of 80%. Black dots are representing raw regression outputs, black
squares the Favourability 50 outputs and grey squares the
Modified favourability. This comparison shows the sample
prevalence dependence of the models.

Table 1. Cohen’s weighted Kappa coefficients for each species and each model/formula between two outputs resulting from samples with
prevalences of 20 and 80% for the three species and 10 and 80% for VS20.

Species Raw Favourability 50 Modified favourability

VS20 Sample prevalence 20 vs 80 0.43 0.38 0.88
VS20 Sample prevalence 10 vs 80 0.20 0.16 0.72
VS50 Sample prevalence 20 vs 80 0.49 0.45 0.87
VS80 Sample prevalence 20 vs 80 0.33 0.39 0.72
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Meyers 1996, Thuiller et al. 2004, Strauss and Biedermann
2007, Tsoar et al. 2007). However, the study area must not
be too large compared to the extent of occurrence of the
species to avoid the inclusion of a large number of
inappropriate absences and lower the probability outputs.

It therefore seems that a single formula aiming at getting
around this sampling prevalence problem cannot be
universal and that the situation has to be considered case
by case with an accurate ecological knowledge of the species
to make the right modelling choices (Pearce et al. 2001,
McPherson and Jetz 2007).

Our analysis also shows that innovative mathematical
formula have to be developed and tested carefully before
being used by decision makers. Models and in particular
habitat models, as simplifications of reality and predictive
tools are more and more used to guide conservation and
restoration planning, management and support the for-
mulation of policy decisions (Bayliss et al. 2005, Thompson
et al. 2006, Titeux et al. 2007, Vanreusel et al. 2007). For
this reason, predictions and models have to be as reliable
and consistent as possible (Mech 2006, Nicholson and
Possingham 2007) and need to be used carefully. Sampling
strategies have to be statistically and ecologically sound
(Guisan and Thuiller 2005) and supported by a strong
ecological knowledge of the studied species (Pearce et al.
2001, McPherson and Jetz 2007). Habitat models should
also satisfy the underlying assumptions: the studied species
should be in quasi-equilibrium with its environment and
not, for example, colonising a new area, the studied area
should include the whole niche of the species without being
too large (Guisan and Thuiller 2005) and environmental
explanatory variables should be as proximal as possible
(Austin 2002). Users of habitat suitability models have to
bear in mind that the models are correlative and static in
nature and usually focus on abiotic conditions (but see
Leathwick and Austin 2001). Habitat suitability models
should not thus be applied to species whose distributions
are constrained for example by the occurrence of a specific
prey or a competitor if these are not accounted for.
Moreover, the outputs of habitat suitability models have
to be interpreted with the clarification from expert opinion.

In species distribution modelling two kinds of results are
commonly used: the first one is the binary transformation
of logistic regression outputs (Liu et al. 2005, Jimenez-
Valverde and Lobo 2007); this is based on the choice of a

threshold which aims to separate occupied from unoccupied
sites. The selection of this threshold and the possible ways
to calculate it have been extensively discussed during the last
ten years (Fielding and Bell 1997, Pearce and Ferrier 2000,
Vayssières et al. 2000, Manel et al. 2001, Fielding 2002,
Liu et al. 2005, Allouche et al. 2006, Jimenez-Valverde and
Lobo 2007). The resulting binary outputs and their
predictive performance can be influenced by the training
sample prevalence and also by the validation sample
prevalence per se (Manel et al. 2001, Liu et al. 2005), but
are not depending on a rescaling formula like the Favour-
ability 50 (rescaling results only lead to a rescaling in the
threshold) (Jimenez-Valverde and Lobo 2007). The thresh-
old must then be chosen carefully and according to the final
goal of the modelling study (Liu et al. 2005).

The second kind of results is raw probability outputs.
Those results can be interpreted in two different ways; they
can be seen as an absolute measure of probability of
occurrence but must be validated by calibration plots
(Pearce and Ferrier 2000) or as a relative measure of the
likelihood of species occurrence (Pearce and Ferrier 2000).
If there is bias in the training sample, it is more robust to
use them as an ordinal suitability index.

Finally, when binary results are not sufficient, it is
possible to avoid the drawback of unbalanced species by
considering the results as relative values and using them for
example as a percentage of the maximum of the raw
probability outputs. It is also possible to weight the logistic
regression (Teixeira et al. 2001) in a way to balance the
sample without losing information and to avoid a biased
rescaling afterward, but this again relies either on the
knowledge of the true prevalence of the species or on the
assumption of an ideal 0.5 prevalence. Another way to use
those models outputs would be to confront them system-
atically with expert opinion and eventually rescale them by
including this field knowledge. For example the maximum,
minimum and medium values of the probability outputs
could be compared with in situ measures of abundance,
fitness or other ecological performances.
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