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Abstract

Accurate mapping of species distributions is a fundamental goal of modern biogeography, both for basic

and applied purposes. This is commonly done by plotting known species occurrences, expert-drawn

range maps or geographical estimations derived from species distribution models. However, all three

kinds of maps are implicitly subject to uncertainty, due to the quality and bias of raw distributional data,

the process of map building, and the dynamic nature of species distributions themselves. Here we review

the main sources of uncertainty suggesting a code of good practices in order to minimize their effects.
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Specifically, we claim that uncertainty should be always explicitly taken into account and we propose the

creation of maps of ignorance to provide information on where the mapped distributions are reliable and

where they are uncertain.
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modelling, uncertainty

A map must always reflect the quality of the

information on which it is based. (Stott, 1981: 31)

I Introduction

Uncertainty is a direct consequence of the com-

plexity of nature. All the facets of a complex

phenomenon are impossible to measure with

absolute precision, because the act of measuring

itself affects its perception (Heisenberg, 1958).

It follows that any measure has an associated

measurement error of unknown extent (Klir

and Wierman, 1999), and that measurement

in general and the statistical quantification of

uncertainty in particular are core parts of

scientific inquiry. The quality of both data and

results are central to the reliability of the answers

to any question evaluated quantitatively

(Elzinga et al., 2001). Hence, good practice in

science necessarily includes the assessment,

statement and acknowledgement of measure-

ment error: any technical assessment,monitoring

program or scientific research based on data

should thus include an evaluation of the uncer-

tainty of its results.

The description of the distribution of biodi-

versity at different spatial and temporal scales

has longbeen the focus of ecologyandbiogeogra-

phy.Reliable descriptions of species distributions

are fundamental for conservation and research

purposes (see Cox and Moore, 2004; Dormann,

2007b). Therefore, creating maps of where each

species occurs is an essential goal of biogeogra-

phy (Gillespie et al., 2008; Rushton et al.,

2004). Given that the development of distribution

maps is a way of measuring the geographical

distribution of biodiversity, thesemaps are in fact

measures, and hence should have their associated

uncertainty (Hortal, 2008).

Here we review the most important sources of

such uncertainty, from the quality of the original

data on species distributions, to the process of

mapping distributions using the currently

available methods, with a particular emphasis

on species distribution models (SDMs).

By SDMs we refer to both potential and realized

distribution models sensu Jiménez-Valverde

et al. (2008b). Potential distribution models

(ecological niche models sensu Soberón, 2010)

aim to identify the places where a species could

live at a givenmoment of time; realized distribu-

tion models (distribution models sensu Soberón,

2010) try to recover the places where a species

currently lives.

Based on our review, we argue that maps

of species distributions should undergo more

rigorous testing than is currently common,

including the quantification of uncertainty,

before they are widely used in macroecology,

biogeography and conservation biology. In con-

sequence, we propose and discuss different ways

of quantifying and mapping error and uncer-

tainty, which should be incorporated into good

practice in biodiversity mapping.

II Quality and bias of distributional

data

Raw data on the presence of species gathered

from museums and herbaria and/or recorded

from field surveys are increasingly used to build

species distribution maps. For the sake of clarity,

we herein will distinguish between (1) collection

data, which refers to the original field data, and
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(2) Atlas data, which refers to the direct use of

field data for mapping (as in Hortal, 2008; see

below). Most collection data available in natural

history collections have been obtained without

any planned sampling scheme, and their geogra-

phical locations are often uncertain and/or

imprecise (Chefaoui et al., 2005; Dennis and

Thomas, 2000; Dennis et al., 1999; Elith et al.,

2006; Hortal et al., 2007, 2008; Lobo, 2008b;

Loiselle et al., 2008; see Figure 1 and Table 1).

As a result, such data are far from providing an

accurate picture of the distribution of most

species (the so-called ‘Wallacean shortfall’;

Lomolino, 2004; Whittaker et al., 2005).

Uncertainty in distributional data can originate

from three main sources: (1) the inherent com-

plexity of species distributions; (2) the quality

of the available data; and (3) the limitations of the

measurement system used to gather information

on the presence of the species (i.e. field surveys

and taxonomic identifications). The distribution

of a species is particularly difficult to describe

because it is the outcome of many complex and

dynamic phenomena that vary across spatial and

temporal scales. Depending on the scale consid-

ered, the presence of a species is affected by its

intrinsic population dynamics, environmental

adaptations and/or dispersal capacity, as well as

by landscape and environmental complexity

(Chust et al., 2003; Holt et al., 2005; Nagendra,

2001; Ricotta and Anand, 2006; Rocchini and

Ricotta, 2007; Soberón, 2007, 2010; Whittaker

et al., 2001). While the uncertainty associated

with such inherent complexity is difficult to

assess, data quality and the limitations of themea-

surement system can be described and studied by

examining data bias, completeness, precision and

accuracy (see Kadmon et al., 2003; Walther and

Moore, 2005).

1 Data quality

The quality of biodiversity data has been

extensively studied during the last decades

(e.g. Dennis and Thomas, 2000; Dennis et al.,

Figure 1. Common errors and biases in distribu-
tional data. The upper map shows the actual (dark
grey, continuous border) and potential (light
grey, discontinuous border) distributions of a
species in a certain region. Arrows represent the
main (continuous) and secondary (discontinuous)
environmental gradients that shape the species
response to the environment. By main gradient
we refer to the spatial variation in the environmen-
tal factor(s) that constrain the most the distribu-
tion of the species in the studied area, typically
due to its ecophysiological limitations and/or other
ecological requirements. Secondary gradients
would thus be spatial variations in other factors
that shape the distribution of the species, although
in a less important way. The lower map shows the
data available to represent the distribution of the
species. Circles represent recorded presences, and
triangles represent absences, which often are
assumed. Full symbols represent true presences/
absences, and empty symbols are false ones. Note
the important bias in the allocation of observed
presences, which limits the representativeness of
the data. In this case, both the distribution and envi-
ronmental response of the species are only partly
covered by the data. False presences placed near
the actual distribution could come from positional
errors and/or observations of vagrant individuals
(or currently extinct populations). False presences
placed far away from the actual distribution could
represent taxonomic errors. True absences can
be allocated in areas that are either unsuitable for
the species, or that are suitable but currently do
not host any population (i.e., environmental and
contingent absences, respectively; sensu Lobo
et al., 2010). False absences could be caused by lack
of surveys and/or failure to detect the species dur-
ing the survey.
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Table 1. Summary of the main sources of uncertainty, the problem(s) related to each one of them and the
possible solutions that would constitute good practices for mapping and modelling species distributions. We
also indicate studies that have applied the solution proposed. See the text for further explanations; ‘Input
data’ mainly refers to section ‘II Quality and bias of distributional data’, and ‘Modelling and mapping proce-
dures’ to section ‘III Uncertainty and biases in species distribution mapping and modelling’.

Source of uncertainty (problem) Possible solution (good practice)

Input data

Observer bias and species misidentifications. Implementing concept taxonomies allows avoiding
misinterpretation of presences and absences of
species (Berendsohn, 1995).

Species records derived from museum or herbarium
collections with no planned sampling scheme.

Possibly relying only on data deriving from robust
sampling design developed based on statistical
sampling theory (e.g. Funk et al., 2005; Hortal and
Lobo, 2005; Hortal et al., 2007).

Uncertain coordinates for localities, e.g. toponyms. Possibly relying only on data based on certain
localization (coordinates and reference system)
(e.g. Elith et al., 2006).

Correcting the location of data based on additional
information from field data or museum labels
(e.g. Chefaoui et al., 2005).

Positional error associated to presence records.
Different resolutions of input data.

Carrying out multiscale models and accounting for
potential positional errors by downscaling data may
allow detection of possible discrepancies (Johnson
and Gillingham, 2008; Wisz et al., 2008).

Bias in the surveyed areas towards classical localities
of particular natural beauty, localities that were
species-rich in the past, or areas near the experts’
residences and/or research centres.

These areas could be profitably used as well-sampled
areas to assess model accuracy. Notice that it
cannot be ruled out that a species is absent from
many areas simply because these areas are less
studied than the areas where the species has been
recorded (e.g. Hortal et al., 2007).

Only presence of a species is recorded. No ‘certain’
absences are recorded. A fundamental source of
uncertainty in distributional data comes from
assuming the absence of a species from places
where it is actually present but remains
undetected.

Quantifying sampling intensity could in turn be used
to determine the likelihood of absence from areas
that were sampled with enough effort to provide
reliable inventories (e.g. Hortal and Lobo, 2005;
Lobo, 2008a).

Modelling and mapping procedures
Broad-scale maps of species distributions are often
more an art than a science.

Caution should be taken to avoid considering such
maps as the ‘truth’ (e.g. Stohlgren, 2007).

Projections derived by different methods may differ
so as to make them useless for diversity
conservation. Model selection methods inform on
the most adequate model for the data set used, not
on their true accuracy.

The uncertainties in estimates and predictions should
not be reported as if the model was correct.

(continued)
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1999; Kadmon et al., 2003; Prendergast et al.,

1993). Data gathered in an unbiased fashion can

potentially give a relatively accurate picture

of species distributions. However, surveys have

traditionally been influenced by the precon-

ceived views and/or previous field experience

of data collectors (Bacaro et al., 2009; Sastre and

Lobo, 2009), although objective sampling

schemes and cost-efficient survey protocols

have long been available (Baffetta et al., 2007;

Chiarucci et al., 2008; Funk et al., 2005;

Hortal and Lobo, 2005; Rocchini et al., 2005).

Field efforts by naturalists were largely biased

to classical localities of particular natural

beauty, localities of high species richness in the

past, and to areas near the experts’ residences

and/or research centres (Dennis and Thomas,

2000; Lobo, 2008a, 2008b; see Table 1). Thus,

while older collections made by amateur natur-

alists or taxonomists are concentrated in a few

easily accessible areas surveyed in the past,

more recent surveys conducted with a modern

ecological focus provide a broader coverage of

the environmental and geographical variability

(Lobo et al., 2007). In consequence, the spatial

coverage provided by the collection data stored

in museums and herbaria is generally limited

and spatially and environmentally biased (Hortal

et al., 2007, 2008), particularly for hyperdiverse

groups and regions (Ariño and Otegui, 2008).

The limited quality of the data has a profound

impact on the accuracy of the species distribu-

tion maps. Consider, for example, a species for

which most historical records are clustered in a

Table 1 (continued)

Source of uncertainty (problem) Possible solution (good practice)

Testing different methods and reporting their asso-
ciated errors may be more honest than assuming a
single model to be the best choice a priori. It is
crucial to report uncertainties in estimates and
predictions as output statistics, maps of residuals,
etc. (e.g. Beaumont et al., 2007; Kühn et al., 2006;
Murphy et al., 2004; Palmer et al., 2005; Pearson
et al., 2006).

Range map data generally overestimate species
richness at finer spatial grains (see Figure 2).

Keeping in mind that input data are not bias-free, it
may be better to rely on input data or on grid
superimposition to field records such as Atlas data.
In fact, fine-scale distributions are much patchier
than those achieved even by the most detailed
expert-drawn range maps (e.g. Hurlbert and Jetz,
2007; see also Hortal, 2008).

Variable collinearity and selection of predictors. In some cases, manual selection based on good
ecological hypotheses may outperform statistically
based procedures such as stepwise selection since
it allows selection of predictors based on biological
theory and ecological cause/effects expectations
(e.g. Ginzburg et al., 2007).

The process of overlaying data itself contributes to
error propagation if each data point has some error
associated.

Explicitly mapping errors of input data and of the
model’s output (residuals) may provide information
about the input error and the error propagated after
overlaying procedures (e.g. Arbia et al., 1998).
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few National Parks and/or protected areas due to

the bias in historical surveys. If these records are

taken as an accurate representation of its distribu-

tion, the species will be thought to be restricted to

a few scattered localities. More importantly, if

these localities are located in an environmentally

or spatially biased way (e.g. on mountain areas;

see Hortal et al., 2008) the specieswill be thought

to show a relatively restricted response to the

environment. In the absence of a good assessment

of sampling bias, it would not be possible to rule

out that the species is absent from many areas

simply because these areas have been less studied

than those where the species has been recorded,

instead of being a geographically rare or special-

ist species. With very few exceptions (see

Griffiths et al., 1999; Prendergast et al., 1993),

these problems are of paramount importance.

Only a few atlases can be considered to provide

a relatively adequate description of the distribu-

tion of species in a given moment of time. Good

examples may include: the exhaustive Flora of

Berkshire (Crawley, 2005), which provides a

detailed distribution of all species at the small

scale; the Atlas of the Breeding Birds of the Brit-

ish Isles (Gibbons et al., 1993), which includes

comprehensive records in 10�10 km grid cells

for such territory; and perhaps the IUCN’sGlobal

Mammal Assessment (Schipper et al., 2008; http://

www.iucnredlist.org/initiatives/mammals), which

describes the global distribution of all known

mammal species at a coarser resolution, although

in this case the lack of knowledge on many areas

worldwide is acknowledged as a major source of

error. In general, unbiased data for large numbers

of species acrosswidegeographical regions are the

exception rather than the rule (Hortal et al., 2007),

inhibiting the compilation of useful distribution

maps formost species inneedof conservation stra-

tegies (Cayuela et al., 2009).

2 Limitations of the measurement system

Field surveys often do not provide reliable

information on all target species due to

differences in detectability, insufficient sam-

pling effort, inadequacy of sampling tech-

niques, geographic (i.e. positional) inaccuracy

and collection bias (see Hortal and Lobo,

2005; Pellet and Schmidt, 2005; Soberón and

Peterson, 2004; Yoccoz et al., 2001). Also,

some data from museum collections or infor-

mal captures have an associated positional

error because the only available information

on the location is the name of the place, local-

ity or area where the species was recorded

(Fernández et al., 2009; Table 1). However,

positional errors can affect even data recorded

using a GPS (see Johnson and Gillingham,

2008). Hence, it is often necessary to use the

information available in field records to correct

for the position of the recorded presences of

the species (Chefaoui et al., 2005; Garcillán

et al., 2003).

Taxonomic identifications are also a potential

source of imprecision, due either to misidentifi-

cations (Lozier et al., 2009; Soberón and Peter-

son, 2004; Stribling et al., 2003) or to lack of

adequate taxonomic knowledge (including

synonymies; see Baselga et al., 2010). For

instance, Bacaro et al. (2009) demonstrated that

subjectivity in acquiring species lists by field

biologists increases error variance instead of

enhancing the quality of the information on

actual community diversity, resulting in huge

differences in the species presences/absences

obtained by different field biologists. Further

problems may arise when combining data

obtained from different sources, in particular

when different taxonomic classifications are

applied. Implementing concept taxonomies is

mandatory to solve this issue (Berendsohn,

1995), as well as other related problems such

as taxonomic inflation (Isaac et al., 2004; Knapp

et al., 2005).

Misidentifications can place species in

wrong places, leading to overestimations of

their actual distributions especially in the

case of hyper-diverse groups and/or poorly

surveyed countries, for which appropriate
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taxonomic revisions are lacking. Potential

errors (i.e. isolated points that lie far from the

main distributional areas) could be identified

by screening the location of the records.

However, taxonomic knowledge is also spa-

tially structured (e.g. Baselga et al., 2007,

2010), so deciding the veracity of those out-

liers may be difficult when there is a substan-

tial lack of information; discarding potential

outliers using automatic procedures or rules

or thumb could result in eliminating essential

information.

III Uncertainty and biases in

species distribution mapping and

modelling

The straightforward approach to fill in the gaps

of knowledge on the species distributions would

be to formulate spatially explicit hypotheses,

i.e. maps. The methods available to generate

these hypotheses can be grouped into three broad

categories (see Hortal, 2008): (1) range maps

(i.e. expert drawn); (2) Atlas data (i.e. grid

superimposition to the data collected in the

field); and (3) species distribution models (i.e.

interpolation techniques using records as input

data). Although all three kinds of procedures

are subject to uncertainty, their potential errors

are often overlooked, particularly in the case of

SDMs.

1 Range maps

Range maps are created from information on the

location of known presences and convex-hull

techniques, from the opinion of experts, or by a

mixture of both (Burgman and Fox, 2003). They

are typically used to describe the realized distri-

bution of species at coarse (i.e. regional, conti-

nental or even global) scales. However, they

are known to have limited value at finer scales

(Hawkins et al., 2008; Hortal, 2008;Hurlbert and

Jetz, 2007; Lawes and Piper, 1998), overestimat-

ing the area of occupancy of individual species

(see, for example, Figure 2 and Table 1 at Hurl-

bert and Jetz, 2007) and species richness values

when overlapped (Hawkins et al., 2008). Fine-

scale distributions are much patchier than any

of the most detailed expert-drawn range maps

can account for (see Graham and Hijmans,

2006; Hurlbert and Jetz, 2007), a human limit

that has been already explored in other fields of

cartography (Burnett andBlaschke, 2003). How-

ever, this kind of error can result in the misiden-

tification of richness hotspots, and in serious

overestimations of the actual distribution of the

species if inappropriately fine scales are chosen.

Figure 2. Example of discrepancies between Atlas
data and range maps. In (A), the range map (expert
drawn, bold line) overestimates the distribution of
a species with respect to Atlas data where grey
squares represent cells with the certain presence
of the species and black squares represent well-
sampled cells with a very high probability of absence.
Depending on the resolution, an opposite pattern
may also be observed based on the same data (B).
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2 Atlas data

Direct mapping from data collected in the field is

usually done to create distributional atlases.

Atlas data (sensu Hortal, 2008) are generally

obtained by superimposing a grid to the known

presence records. Some mapping schemes use

grids defined a priori to standardize and plan

survey efforts, which intend to collect all taxa

within each cell (e.g. the Atlas of the British

Flora; Preston et al., 2002). Presence in a given

cell of the grid is counted when one or more

records are found within it. This format allows

most use of information gathered with very

different survey schemes, although the lack of

quality and completeness of the data collected

in the field have an effect on atlas data. While

most recorded occurrences are indisputable,

absences are always uncertain. False absences

(i.e. places where the species is present but has

not been recorded; Gu and Swihart, 2004; Lobo

et al., 2010) can arise from many different rea-

sons. The species may be present but undetect-

able (e.g. species hidden in the seed bank),

may suffer substantial population shifts from

year to year (thus being temporarily absent when

the surveys are carried out), may be missed sim-

ply because the habitat or site in question has not

been accurately sampled (Gu and Swihart, 2004;

Lobo et al., 2007; Stohlgren, 2007), or may have

been misidentified (Berendsohn, 1995). Hence,

atlas data will typically underestimate the area

of occupancy of species, for it will contain a

substantial (though unknown) number of false

absences.

These problems for mapping Atlas data

would be partially overcome if true absences

could be identified. Unfortunately, most surveys

record only the presence of species, not absence

(the localities in which the species remain unde-

tected after an adequate survey effort); this infor-

mation is generally not available, or is only

available from expert opinion, the latter being

the best available to construct range maps (Hor-

tal, 2008). Alternatively, reliable absences could

be obtained from comprehensive survey effort

assessments (Hortal and Lobo, 2005; see below),

by assuming that the species is absent from the

well-surveyed areas where it has not been

recorded. However, sampling intensity is often

not planned in advance and is usually not quan-

tified, so these areas cannot be identified easily

either (Lobo, 2008b; see Table 1).

Errors in atlas data are also scale-dependent,

as with range maps. Some collection data might

not be suitable to use with fine-grained grids,

which are also sensible to data with significant

positional errors. Also, the number of false

absences will diminish rapidly at coarser scales

due to the diminution in the degree of patchiness

(see La Sorte and Hawkins, 2007). Hence, maps

constructed from atlas data cannot be assumed

to be accurate either, at least at small scales

(Hortal, 2008). By choosing a coarse enough

grid size, the effect of these errors would be

minimized, but with the cost of sacrificing the

precision in the description of species distribu-

tions that could apparently be obtained from

fine-grained presence records.

3 Species distribution models (SDMs)

SDMs, developed since the late 1980s, are a het-

erogeneous group of procedures which establish

a relationship between distributional data and

environmental variables. SDMs have become

widely accepted tools to predict realized and/or

potential species distributions, forecast global

change impacts on biodiversity, or hindcast the

past distributions of extant and extinct species

(see, e.g. Araújo and Guisan, 2006; Guisan and

Thuiller, 2005; Guisan and Zimmermann,

2000; Nogués-Bravo, 2009; Soberón and

Peterson, 2004). Although SDMs are generally

considered powerful tools, the data used to

calibrate the models and the modelling process

itself often introduce high levels of uncertainty

in their results (Elith and Graham, 2009; Elith

et al., 2002; Jiménez-Valverde et al., 2008b;

Loiselle et al., 2003). A number of studies have
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discussed and/or highlighted some of the prob-

lems of SDM (e.g. Araújo and Guisan, 2006;

Heikkinen et al., 2006; Hortal and Lobo, 2006;

Hortal et al., 2007, 2008; Jiménez-Valverde

et al., 2008b; Kadmon et al., 2003, 2004; Lobo,

2008b; Lobo et al., 2007; Loiselle et al., 2003,

2008; Luoto et al., 2005; Palmer, 1995; Palmer

et al., 2002; Pearson et al., 2006). Neither are the

environmental variables used as predictors free

from error, nor do all SDM techniques provide

consistent results (Graham and Hijmans, 2006;

Table 1). Nonetheless, distributional data are

often not good enough to provide reliable

descriptions of the environmental responses of

most species either.

Data quality critically affects the quality of

SDMs. Obviously, SDMs built from environ-

mental and geographically biased distributional

data will misrepresent the distribution of

species as well as their environmental

responses (see Hortal et al., 2007, 2008). If

these biases are consistent across species (as

they usually are), it is also quite likely that

SDM errors will aggregate in space (Hortal

and Lobo, 2006). Predictive accuracy depends

also on the sample size available (e.g.

Jiménez-Valverde et al., 2009; Wisz et al.,

2008); for small sample sizes, no modelling

approach can be robust, and this drawback seri-

ously hinders their usefulness for the immense

part of hyperdiverse regions and groups. Envi-

ronmental variables used as predictors for SDMs

are also a source of uncertainty. Those created

from climatic models and/or geographical inter-

polations present a certain degree of error

depending on the accuracy of these models (see,

for example, Luoto et al., 2005; Thuiller et al.,

2004; Figure 1). Due to this, SDMs developed

using the same variables coming from different

sources (e.g. different climate modelling proce-

dures) provide very different results (Beaumont

et al., 2007). In the same way, variables derived

from remote sensing data may be prone to classi-

fication errors (Foody, 2005; Jiménez-Valverde

et al., 2008a).

The quality of data and predictors are not the

sole sources of error for SDMs. The best predic-

tors can be discarded or not accounted for in

either manual or automated model selection

processes (see, for example, Diniz-Filho et al.,

2008; Fattorini, 2005; Ginzburg et al., 2007;

Heikkinen et al., 2006; Maggini et al., 2006).

It is well known that using exactly the same data

with different SDM techniques provides quite

different results (e.g. Araújo and New, 2007;

Araújo et al., 2005; Loiselle et al., 2003; Wisz

et al., 2008). On the one hand, each time a differ-

ent technique or data set is used, the frequent

collinearity among variables or their spatial

autocorrelation results in different output mod-

els and maps (Bini et al., 2009; Carl and Kühn,

2007; Dormann, 2007a; Graham, 2003; see

Table 1). On the other, the same technique can

be tuned up in numerous ways by selecting dif-

ferent options in the parameterization process.

Additional uncertainty comes from the selection

of the cut-off used to classify the continuous

probability values that are the output of some

SDMs into presences and absences. Selecting

such cut-off is not straightforward; some general

recommendations have been proposed for such

selection (Jiménez-Valverde and Lobo, 2007),

but the final choice still depends on the intended

use. Given that the mapped results change con-

siderably depending on the cut-off value, the

uncertainty associated to this classification

should be interpreted together with model

predictions (Pearson et al., 2006).

Last, but not least, SDMs do not always

provide predictions of the actual distribution of

the species. Rather, they approximate either

the potential or the realized distribution of the

species depending on the modelling technique,

predictors and data used (Jiménez-Valverde

et al., 2008b). Realized species distributions

are shaped not only by environmental conditions,

but also by a number of other factors including

biotic interactions (Heikkinen et al., 2007;

Schweiger et al., 2008), biogeographical con-

straints and historical events (for detailed
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discussion see Colwell and Rangel, 2009; Lobo

et al., 2010; Jiménez-Valverde et al., 2008b;

Soberón and Nakamura, 2009; Soberón, 2007,

2010), most of which are unknown and difficult

to consider in themodelling procedure. Account-

ing for the contingent processes limiting species

distributions needs not only predictors account-

ing for them, but also data on the absence from

unoccupied but suitable places. In consequence,

SDM results lie at an unknown point along the

fuzzy gradient between the potential and realized

distribution (Jiménez-Valverde et al., 2008b);

that is, between determining where a species

could live and where does it actually live, even

in the absence of other sources of uncertainty.

IV Maps of ignorance and good

practice in mapping species

distributions

Mapped species distributions coming from range

maps, atlas data or species distribution models

are widely used, and the increasing availability

of data through the Global Biodiversity

Information Facility (GBIF, http://www.gbif.org;

Guralnick et al., 2007), or other biodiversity data-

bases such as PANGAEA (http://www.

pangaea.de) or the USDA plant database (http://

plants.usda.gov), will certainly increase their

usage evenmore (Hortal et al., 2007; Soberón and

Peterson, 2004). However, a code of good prac-

tices for the use of species distribution maps is,

as yet, lacking.

From our review, it is clear that species

distribution maps possess intrinsic uncertainties.

Both input data and the process of mapping spe-

cies distributions are, in themselves, important

sources of uncertainty (Elith et al., 2002; Palmer

et al., 2005). It follows that good practice in bio-

geography research should include at least a

description of the uncertainty associated with

species distribution maps. However, uncertainty

is often ignored or not accounted for, and the

potential errors in mapped species distributions

are often overlooked. To date, it is commonly

thought that these problems are either unimpor-

tant or have not been studied (see, for example,

the bold statements by Phillips et al., 2009:

181). As a consequence, the completeness and

biases of the input data are rarely assessed and

the uncertainty associated with the mapping

process is rarely taken into account (see Clark,

2007). Apart for a few sporadic examples using

robust (replicable) methods to infer map quality

(e.g. Bierman et al., 2010, using Bayesian

posterior probabilities), in most cases, research-

ers with good knowledge of the group studied

decide how reliable maps are based on field

experience (e.g.Highton, 1995: 580–581).While

dealing with the geographical variation of polli-

nation types (insect-, wind- and self-pollination),

Kühn et al. (2006) showed that mapping spatial

errors is crucial to identify the areas with higher

uncertainty, and eventually determine the envi-

ronmental factors leading to such uncertainty.

Moreover, mapping biasmay reveal spatial auto-

correlation in the data. In fact, if such data were

derived from different areas following different

protocols they will tend to show clustering

effects with higher similarity within regions and

dissimilarity among them (Dormann et al., 2007;

Mahecha and Schmidtlein, 2008).

Building on anold idea of SamuelWhittemore

Boggs (1949), we thus propose the development

of ‘maps of ignorance’,whichwill depict the areas

where the reliability of mapped distributions is

either known or unknown. In practice, we argue

that the degree and spatial distribution of uncer-

tainty should be assessed when creating species

distribution maps, and not only their overall

accuracy or model errors (in the case of SDMs).

These maps of ignorance, which we herein call

Distributional Uncertainty Maps, could be

constructed by mapping the bias and incomple-

teness in the distributional data; that is, by

studying the spatial distribution of the survey

effort and hence how the completeness of the

inventories varies in space (see, for example,

Hortal et al., 2008; Loiselle et al., 2008). In the

particular case of SDMs, Distributional
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Uncertainty Maps may be constructed from

several sources (i.e. layers), including: (1) the

quality of the distributional data, as above; but

also (2) maps of the bias and error in the predic-

tions obtained with these models (Murphy

et al., 2004; Palmer et al., 2005); (3) maps of the

variation in the predictive power of each pre-

dictor across space obtained using, for exam-

ple, Geographically Weighted Regressions

(Fotheringham et al., 2002) or by estimating the

geographical deviations of model parameters

(Elith et al., 2002). Note, however, that, when

SDM results are extrapolated (i.e. transferred

in space and/or time), additional information

is necessary to account for the uncertainty in the

areas where models extrapolate beyond the

environmental or geographical circumstances

considered in the calibration process (see, for

example, Fitzpatrick and Hargrove, 2009).

V Conclusions

Identifying the best way to construct Distribu-

tional Uncertainty Maps and which of the layers

of uncertainty is to be used to build each partic-

ular map remain as matters for further discussion

and research. However, we argue that these

maps should be considered an essential compo-

nent of good practice in species distribution

mapping. The interpretation of species distribu-

tion maps should take into account a spatially

explicit quantification of the uncertainty. Hence,

maps of uncertainty in the distribution should be

an integral part of the basic ‘metadata’ of any

species distribution map, no matter what its ori-

gin or the mapping technique used. This would

allow research to take into account the spatial

uncertainty while interpreting species distribu-

tion maps, and also to identify areas that need

further fieldwork to attain reliable knowledge

on the distribution of a particular species or bio-

logical group. We therefore suggest an effort to

develop transparent and easy-to-use methods for

the construction of Distributional Uncertainty

Maps; once these methods are available, these

maps should become common practice in

biogeographical research.

It is important to note that we do not advocate

discarding species distribution maps as a whole.

Rather, we propose that uncertainty should be

considered at each step of the production of such

maps: from the collection of input data through

data processing and management to data analy-

sis, modelling and mapping. That all knowledge

is subject to error, and therefore to doubt, is

deeply embedded in the Cartesian thinking

which provides the very basis for the current

philosophical framework of natural sciences.

In biogeography, as a geographical science, both

knowledge and doubt should include a geogra-

phical (i.e. spatial) component. Only by know-

ing where we should and should not doubt our

knowledge on the distribution of species will

we be in the position of improving such knowl-

edge. It is thus time that good practice in biogeo-

graphy included maps of ignorance, which will

help not only in the correct interpretation of

biodiversity maps, but also in deciding where

empirical validations based on independently

collected data are needed. Further research is

required to decide the most suitable way of

describing uncertainty in distributionalmaps, but

we believe that by mapping the different aspects

discussed here, Distributional Uncertainty Maps

would allow improved estimates of where our

knowledge is reliable, and where it is not.
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Araújo MB, Whittaker RJ, Ladle RJ, and Erhard M (2005)

Reducing uncertainty in projections of extinction risk

from climate change.Global Ecology and Biogeography

14: 529–538.

Arbia G, Griffith DA, and Haining RP (1998) Error propa-

gation modelling in raster GIS: Overlay operations.

International Journal of Geographical Information

Science 12: 145–167.

Ariño A and Otegui J (2008) Sampling biodiversity

sampling. Proceedings of TDWG. Available at: http://

www.tdwg.org/proceedings/article/view/413.

Bacaro G, Baragatti E, and Chiarucci A (2009) Using

taxonomic data to assess and monitor biodiversity: Are

the tribes still fighting? Journal of Environmental

Monitoring 11: 798–801.

Baffetta F, Bacaro G, Fattorini L, Rocchini D, and

Chiarucci A (2007) Using nested plot design to obtain

unbiased estimates of species richness. Community

Ecology 8: 119–127.
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Heikkinen RK, Luoto M, Araújo MB, Virkkala R, Thuiller

W, and Sykes MT (2006) Methods and uncertainties in

bioclimatic envelope modelling under climate change.

Progress in Physical Geography 30: 751–777.

Heikkinen RK, Luoto M, Virkkala R, Pearson RG, and

Körber J-H (2007) Biotic interactions improve predic-

tion of boreal bird distributions at macro-scales.Global

Ecology and Biogeography 16: 754–763.

Heisenberg WK (1958) Physics and Philosophy: The

Revolution in Modern Science. New York: Harper and

Row.

Highton R (1995) Speciation in eastern North-American

salamanders of the genus Plethodon. Annual Review

of Ecology and Systematics 26: 579–600.

Holt RD, Keitt TH, Lewis MA, Maurer BA, and Taper ML

(2005) Theoretical models of species’ borders: Single

species approaches. Oikos 108: 18–27.

Hortal J (2008) Uncertainty and the measurement of terres-

trial biodiversity gradients. Journal of Biogeography

35: 1335–1336.

Hortal J and Lobo, JM (2005) An ED-based protocol for

the optimal sampling of biodiversity. Biodiversity and

Conservation 14: 2913–2947.

Hortal J and Lobo JM (2006) Towards a synecological

framework for systematic conservation planning.

Biodiversity Informatics 3: 16–45.
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