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decay of the underlying biodiversity data. The so-derived indicators of data-driven
uncertainty account for inventory completeness, taxonomic quality, time since the
surveys and geographical (and environmental) distance to localities with information.
These indicators form the basis of ignorance maps, which can be used to visualize the
reliability of SDM projections in geographical space, to estimate the uncertainty of
these predictions and to identify target survey areas. To demonstrate the application
of our approach, we use data on fourteen Iberian species of Scarabacidae dung beetles.
Data-driven uncertainty is widespread even for this well-surveyed group; more than
60% of the region has distributional uncertainty values higher than 0.6, and 30%
higher than 0.7. Ignorance maps can be jointly evaluated with SDM predictions to
generate spatially explicit maps of uncertainty, identifying where predictions are reli-
able/unreliable. Neglecting such uncertainty can severely affect SDM effectiveness, as
it can introduce biases and inaccuracies into the measured species—environment rela-
tionships. These errors could result in incorrect theoretical or practical applications,
including ill-advised conservation actions. We therefore advocate for the routine use of
ignorance maps or similar techniques as supporting information in SDM applications.
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Introduction

Conservation science has been framed as a crisis discipline,
where rapid decisions often need to be made on the basis of
old, limited and incomplete data (Soulé 1985). This challenge
becomes increasingly difficult over large temporal and spatial
scales due to the limited resources available for biodiversity
research (Yoccoz et al. 2001) and the practical difficulties of
collecting observational data (Blackburn 2004). As a conse-
quence, our knowledge of species distributions, known as
the Wallacean shortfall (Lomolino 2004, Hortal et al. 2015),
is often strongly biased with significant deficits for hyperdi-
verse taxa and regions (Bini et al. 2006, Hortal et al. 2007,
Rocchini et al. 2011, Yang et al. 2013, Stropp et al. 2016).

In the absence of reliable and widespread observational
data, scientists have developed several methods to estimate
distributions (Hortal 2008), the most widely used of which
are the so-called species distributions models (SDMs). SDMs
are functions relating a response variable representing the
observed distribution of a species against a set of environmen-
tal predictors, and are used to study a wide variety of issues,
from species discovery to conservation planning (Peterson
2006, Richards et al. 2007, Williams et al. 2009, Austin
and Van Niel 2011, Arias-Gonzalez et al. 2012, Bhatt et al.
2013, Guisan et al. 2013, Fagundes et al. 2016). SDMs are
closely related to Environmental Niche Models and Habitat
Suitability Models; although these three terms are often
treated as synonyms, we favour SDMs as it unequivocally
indicates that the modelled phenomena are species distribu-
tions. Despite their widespread use and increasing sophis-
tication, SDMs still have conceptual, methodological and
statistical issues that are yet to be fully resolved (Aratjo and
Guisan 2006, Austin 2007, Hortal et al. 2012, Peterson and
Soberén 2012, Rangel and Loyola 2012, Lobo 2016). One
outstanding concern is the acceptable degree of uncertainty
associated with SDM predictions (Barry and Elith 20006,
Dormann et al. 2008, Aranda and Lobo 2010, Beale and
Lennon 2012, Tessarolo 2012). Uncertainty is unavoidable
in any statistical process in which a prediction is made from
data. In the case of SDMs, uncertainties are introduced in all
stages of the modelling process, including the spatial precision
and selection of distributional data and the ancillary variables
used as predictors, the algorithms used for modelling, model
evaluation, model projection into geographical space, or the
application of thresholds to distinguish areas of predicted
presence (Heikkinen et al. 2006, Hortal et al. 2008, Diniz-
Filho et al. 2009, Buisson et al. 2010, Grenouillet et al. 2011,
Watling et al. 2015, Tessarolo et al. 2021). Such issues are
not solely of academic interest; SDM outputs are frequently
taken at face value (Wilson 2010), potentially leading to the
ineffective use of limited conservation resources.

The quantification, visualization and effective communi-
cation of the uncertainties of the data underpinning SDMs
is thus a critical step to evaluate the outputs of these ubig-
uitous conservation tools (Rocchini et al. 2011, Beale and
Lennon 2012, Gould et al. 2014, Mclnerny et al. 2014,
Aratjo et al. 2019). Indeed, evaluating uncertainty in
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model predictions has attracted much attention (Barry and
Elith 2006, Graham et al. 2007, Wisz et al. 2008, Syphard
and Franklin 2009, Lobo and Tognelli 2011, Naimi et al.
2011, 2014, Kramer-Schadt et al. 2013, Swanson et al.
2013, Tessarolo et al. 2014, 2021). These studies cover dif-
ferent stages of the SDM process, including model selec-
tion, parametrization and selection of predictors. However,
few studies propose methodologies to quantify the effect
of the quality of the input data used to calibrate the mod-
els, despite being widely recognized as an important source
of error (Hirzel and Guisan 2002, Edwards Jr. et al. 2006,
Albert et al. 2010, Braunisch and Suchant 2010, Naimi et al.
2014, Niamir et al. 2019). In this study, we use uncertainty as
a concept related with building a statistical model. However,
although the characteristics and quality in the input data
can influence SDM predictions (Rocchini et al. 2011,
Kamino et al. 2012, Graham and Kimble 2019), they should
be treated as ignorance about the predicted response variable.
One way to counter misplaced perceptions of certainty in
spatial reconstructions is through the parallel construction of
‘maps of ignorance’ for the modelled response variable. This
idea can be traced back to Boggs' (1949) remarkable proposal
for creating an ‘atlas of the ignorance’ about a wide range of
spatially explicit phenomena, to represent the geographical
variations in the level and accuracy of knowledge about the
thematic maps that were typically depicted in most contem-
porary atlases. More recently, Rocchini et al. (2011) suggested
that maps identifying where species distribution data are reli-
able and where they are uncertain would be ideal to highlight
uncertainties in the predictions of SDMs. Extending this
idea, Ladle and Hortal (2013) outlined the conceptual basis
for ‘Maps of Biogeographical Ignorance’ incorporating mea-
sures of the quality, longevity and coverage of distributional
data (Meyer et al. 2015, 2016, Stropp et al. 2016).

The development of maps that depict the limitations of
distributional information should address at least four main
sources of biogeographical ignorance (Ladle and Hortal
2013): 1) inventory completeness of original survey data; 2)
taxonomic quality of data; 3) the time elapsed since the last
survey was completed; and 4) the geographical (and envi-
ronmental) distance between the localities with and without
information on the occurrence of the studied taxa. Maps
that integrate these four sources of ignorance could provide
clear information on the consequences of using distributional
data indiscriminately (Ladle and Hortal 2013). On the one
hand, they can provide an intermediate step for improving
the coverage and representativeness of biodiversity data, as
they can be used to identify areas where more sampling effort
would provide maximum benefit for conservation model-
ling efforts (Ronquillo et al. 2020, Sobral-Souza et al. 2021).
On the other, they can be used in association with SDMs to
assess and visualize the uncertainty related to the data used
to generate these models. Specifically, they can be used to
identify areas where model reliability is high/low according
to how well the original dataset represents the conditions
in these areas and to determine different levels of certainty
about model predictions; such analyses can then be used to
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support the development of informed conservation actions
(Rocchini et al. 2011).

Here, we propose a methodology for creating Maps of
Biogeographical Ignorance (MoBls) to measure spatial reli-
ability of knowledge about species distributions. Further, we
show how to use these maps in combination with SDMs to
provide an account of the uncertainty driven by distribu-
tional data that is inherent to their model projections. It is
important to note that our approach does not cover other
sources of uncertainty, such as positional errors and scaling
(Moudry and Simové 2012), environmental data not con-
sidered (Beale and Lennon 2012), demographic variations
(Chen et al. 2019) or species characteristics (Tessarolo et al.
2021). Building on the conceptual framework of Ladle and
Hortal (2013), our analytical approach integrates the uncer-
tainty due to variations in the quality and the spatial and
temporal decay of the information provided by distributional
data. As proof of concept, we use occurrence data to generate
MoBIs, SDMs and the associated maps, taking into account
this lack of knowledge or quality in the primary data, for 14
Scarabaeidae dung beetle species from the Iberian Peninsula.

Material and methods

Biological data

We used data on the distribution of Scarabacidae species
in the Iberian Peninsula derived from the latest version of
BANDASCA (Lobo and Martin-Piera 1991), which can be
freely downloaded from GBIF (Data availability statement).
This database combines all distributional information about
Iberian dung beetle species of this family available in the lit-
erature, museums and private collections and unpublished
data. In total, BANDASCA currently hosts information on
about ca 97 000 records from the 53 currently recognized
Iberian Scarabacidae dung beetle species. We then selected the
14 species with the highest numbers of records (Supporting
information), for which we model their distribution, create
MoBIs and represent jointy model results and uncertainty
due to the quality in the primary data at a resolution of 10
km width UTM cells.

Environmental data

Data on climate and topography were obtained from
WorldClim (Fick and Hijmans 2017) and the Global
Resource Information Database — United Nations
Environment Programme (UNEP/GRID, <www.grid.unep.
ch/data/data.php>). All variables were rescaled to a resolu-
tion of 10 km (EPSG:4230 — ED50, projection: longlat,
Ellipsoid: International 1924). Then, a principal compo-
nents analysis (PCA) was carried out with all 29 variables
included in these two datasets (Baselga and Aratdjo 2009).
Five PCA axes with eigenvalues >1 were selected, account-
ing for 91.04% of the climatic and topographic variation in
the Iberian Peninsula (Supporting information). For each

of these factors, we selected the variable with highest fac-
tor loading for subsequent analyses (Supporting informa-
tion). Hence, isothermality, mean temperature of wettest and
warmest quarter, precipitation of coldest quarter and solar
radiation monthly average were used to generate SDMs for
all species and to create the environmental distance matrix

needed for the development of MoBIs (below).

Species distribution models

Species distribution models were generated using five widely
used and standard modelling techniques, namely: BIOCLIM
(Busby 1986; following the method of percentile range); gen-
eralized linear models (GLM; McCullagh and Nelder 1989;
using a logistic regression only with linear terms allowed);
maximum entropy (MaxEng Phillips et al. 2006; set as ‘Auto
feature’, in which feature types — linear, quadratic, product,
threshold and hinge — and regularization parameters are
automatically selected); generalized additive models (GAM;
Hastie and Tibshirani 1987; allowing any quadratic penal-
ized GLM and using penalized regression splines with GCV
smoothness method); and random forest (Breiman 2001;
with number of trees=1000). We also generated the com-
bined consensus among them (Aradjo and New 2007).

The occurrence data used to calibrate and validate the
SDMs were scaled to the same resolution of the environ-
mental variables (10 X 10 km). Thus, for each cell, only one
record of occurrence was considered for each species. As all
the SDM techniques except BIOCLIM require the use of
absence data, we followed the standard procedure of relat-
ing presences versus randomly selected absences (i.e. pseudo-
absences) for the training and validation process in order
to provide results comparable to those in other published
studies. Thus, pseudo-absences were selected at random for
each species within the Iberian Peninsula avoiding presence
points, choosing the same number of presences as absences
to avoid effects of prevalence (Jiménez-Valverde et al. 2009,
Barbet-Massin et al. 2012).

The data (records and pseudo-absences) were randomly
split into calibration and validation datasets (totalling 75%
and 25% of the data, respectively), and the models were con-
structed using the first dataset and validated with the latter.
This procedure was repeated 10 times, and the results were
used to generate predictive maps of the probability of occur-
rence of each species according to each SDM technique,
based on the mean value of the 10 predictions. Split and
replication procedures were performed to increase the chance
that all presences and different sets of pseudo-absences would
be used to generate the models. The threshold used to convert
the predicted probabilities into binary outcomes to calculate
accuracy metrics was the one that maximizes the sum of sen-
sitivity and specificity (Jiménez-Valverde and Lobo 2007).
The accuracy of the binary models was assessed by sensitiv-
ity, specificity, kappa and true skill statistic (TSS) metrics.
Here we have to highlight that, in this case, specificity, kappa
and TSS do not indicate the capacity of predictions to reflect
the actual distribution of the species, as real absence data is
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lacking. Thus, they are calculated only to provide a measure
of internal validation (as obtained frequently in SDMs stud-
ies). The consensus among the five SDM techniques was gen-
erated through the sensitivity-weighted mean (Aradjo and
New 2007). We chose the sensitivity statistic because it takes
into account only the true positive rate. The sdm R pack-
age (Naimi and Aratjo 2016) was used to perform all SDM
analyses.

Creating Maps of Biogeographical Ignorance

We used a combination of analytical and visualization tools
to represent the main sources of biogeographical ignorance
identified by Ladle and Hortal (2013). Specifically, we decom-
posed these sources into four quantifiable components: data
completeness, taxonomic quality of data, temporal decay in
the information provided by these data and the spatial and
environmental distance to a surveyed site.

Data completeness

Failure to detect a species when it is actually present in a
locality may be due to insufficient sampling effort. Therefore,
we characterize survey completeness (herein completeness for
short) through species accumulation curves. Species accumu-
lation curves relate the number of species that are added to
the inventory as the number of database records increases.
Here, the slope value represents the current rate of accumula-
tion of new species in the inventory. We used data about all
species in the database to generate the species accumulation
curves. We generated 100 species accumulation curves per
cell (with a minimum of 50 individuals, below) by random-
izing the order of entry of the individuals in the curve. The
mean of these 100 slope values was subtracted from 1 (so they
ranged from 0 to 1, with 1 indicating a complete inventory)
and then used as value of completeness of the cell. As spe-
cies accumulation curves are sensitive to low sample sizes, we
considered that all cells with less than 50 recorded individuals
had a completeness of zero. Hortal and Lobo (2005) for fur-
ther details about the use of species accumulation curves in
this context. The use of data of all the species of a high-rank
taxonomic group to generate accumulation curves produces
low values of ignorance for well-surveyed cells in which the
studied species were not found; such cells probably reflect
true absence data for the non-recorded species. It is important
to note that the number of individuals in a cell may be influ-
enced by the availability of adequate habitat for the studied
group. Thus, cells with a lower amount of appropriate habitat
will probably have a lower number of individuals even if they
have been well sampled. We performed a sensitivity analysis
(below) by changing the number of individuals needed to
consider a cell as sufficiently well-sampled to generate species
accumulation curves and calculate completeness values.

Taxonomic quality

One of the less acknowledged sources of uncertainty in spe-
cies distributions is the taxonomic quality of the records. The
accuracy of the taxonomic identifications may vary with the
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experience of the identifier (Shea et al. 2011, Mackay-Smith
and Roberts 2019, Egli et al. 2020), but also decay with time
as new taxonomic revisions (e.g. splits and clumps) come into
force; older taxonomic identifications may be synonymized
by updates in the taxonomic knowledge of a given group
(Baselga et al. 2010). Therefore, we estimate taxonomic qual-
ity for all the records in the database, according to the type
of identifier (i.e. the person responsible for the identifica-
tion). We classified identifiers into three different classes: 1)
taxonomists — who work on systematics, describing species
and revising their taxonomic status; 2) experts — who have
extensive hands-on experience of the studied group, and are
therefore used to conducting taxonomic identifications, and;
3) amateurs — who do not work with the studied group, or
do it only occasionally and have limited experience with tax-
onomic identifications. Thus, a taxonomist is considered to
produce higher quality identifications than an expert, and the
same follows from expert to amateur. Drawing on personal
experience working with amateurs, students and specialists
who study this group, we set the taxonomic quality values as
1, 0.9 and 0.75 for taxonomist, expert and amateur identi-
fiers, respectively.

Temporal decay in the information

The distributions of species (and therefore the composition of
local assemblages) change through time for a variety of rea-
sons (Buckley 2013, Dieckmann et al. 2014, Del Vecchio et al.
2015, Van der Sande et al. 2016, Poysi et al. 2019).
Consequently, as the time since each record was obtained
increases, the likelihood that the recorded species is currently
absent from a locality increases as well (Tessarolo et al. 2017).
Furthermore, a species’ realized niche may also change over
time (Boitani et al. 2011, Silva et al. 2016, Tessarolo et al.
2017). Thus, the older a record used to generate SDM, the
higher the uncertainty associated with the descriptions of
current species niche and distribution that are based on it. To
simulate such temporal decay in the information provided by
each occurrence record, we used a kernel Gaussian function
to increase uncertainty with the increment in years since the
recording. Here we assume that this function accounts for the
non-linearity in such decay in effective knowledge. In other
words, the influence of time on the quality of the informa-
tion provided by distributional data is not linear; rather, its
influence may be lower over shorter periods of time. In the
absence of data and/or hypotheses about the rate of decrease
in information quality, we adjusted this decay function to
the total period encompassed by the records available in the
database, i.e. the most recent and the oldest records in the
database will be the most and least informative, respectively.
These values ranged from 0 to 1, with 1 indicating the high-
est quality.

Spatial and environmental decay in the information

The first law of geography states that ‘everything is related
to everything else, but near things are more related than dis-
tant things’ (Tobler 1970). It follows that the quality of the

information about any given phenomenon in an unsampled
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location is dependent on the quality of the information in
the sampled locations that are spatially close and/or environ-
mentally similar. In the case of species’ geographic ranges, it
is well known that species distributions are determined by
both environmental conditions and biogeographical and eco-
logical processes that leave a spatially explicit pattern in the
geographical space (Nekola and White 1999). Therefore, we
assumed that the amount of information about the presence
(or absence) of a species in an insufficiently surveyed location
diminishes when the spatial and environmental distance to
surveyed locations increases. Such spatial and environmental
decay was estimated based on two distance matrices: a spa-
tial matrix and an environmental matrix. The spatial distance
matrix was calculated using the Haversine geographic dis-
tances between all pairs of cells (thus accounting for the cur-
vature of Earth’s surface), whereas the environmental matrix
was constructed using Euclidean multivariate distances based
on the same environmental variables that were used for SDM
predictions (above). These matrices were rescaled to range
from 0 to 1, and were combined afterwards by multiplication
with exponential weighting (0.5) — thus providing the same
weight for both matrices (Eq. 1).

(Space.Dist;; )03 % (Envi.Dist; )03 = Spt.Env.Dist; (1)

where: Space. Dist,; is the spatial distance between the cells i
and j, Envi.Dz'stl.j is the spatial distance between the cells 7
and j and Spt.env.Dist,, is the spatio-environmental distance
between the cells 7 and j. The spatio-environmental distance
matrix generated this way was later used to interpolate the
degree of biogeographical knowledge (below).

Each one of the components described above was cal-
culated for each record in the database. Thus, each record
has independent values of taxonomic quality and temporal
decay, but records in the same cell have the same complete-
ness value. Having a value of each component for each record
allowed us to calculate a biogeographical ignorance value for
each record (below).

Assembling Maps of Biogeographical Ignorance

A biogeographical ignorance value for each record was attrib-
uted according to a combination of the four components
described above (Fig. 1; Supporting information). For each
record in the database, the final amount of information value
was calculated as the sum of the completeness, taxonomic
quality and temporal decay values. Here, we consider that all
factors are equally important in providing knowledge about
species distributions. It should be noted that these factors and
their parameters can vary in their influence for specific spe-
cies groups and areas (Discussion). The summed values were
standardized in such a way that the lowest value became zero
and the highest value one. As all the components are initially
calculated so that a score of 1 indicates high quality, the stan-
dardized value was scaled from 1, to obtain biogeographical
ignorance scores that vary from 0 to 1 (complete knowledge
and complete ignorance, respectively; Fig. 1). For cells with

more than one record for the same species, the biogeographi-
cal ignorance value was set as the minimum value of all these
records, assuming that such record provides the most reli-
able and up-to-date account of the occurrence of the species
(above).

After calculating the biogeographical ignorance value for
each record, we generated MoBlIs for each species (focal spe-
cies). A biogeographical ignorance value for a focal species
was attributed to each cell of the studied in one of three ways
depending on whether the cell hosts original data on the focal
species and the studied taxonomic group or not. First, if the
cell hosts records for the focal species, the biogeographical
ignorance value for the cell is that from the most reliable
record for the focal species. That is, the lowest biogeographi-
cal ignorance value among all the records for the focal spe-
cies is used to represent the highest degree of information
on the distribution of the species. Second, if the cell holds
records for other species of the taxonomic group, but not for
the focal species, the biogeographical ignorance value for the
cell is calculated as the mean of minimum biogeographical
ignorance values of each species in the cell (Fig. 1). The rea-
soning behind the use of biogeographical ignorance of other
species as a measure of biogeographical ignorance for focal
species is that, if enough data have been collected for other
species in the group (organisms that share similar sampling
protocol), but the focal species have not been recorded, this
indicates a likely ‘real’ absence for the focal species. Thus,
data collection of other species also provides information
about the distribution of the focal species, justifying the use
of biogeographical ignorance of other species to understand
the biogeographical uncertainty of the focal species. Finally,
for cells without original data for the studied group, envi-
ronmental and spatial proximity to cells with data is the only
basis on which to calculate ignorance. Specifically, for cells
without data on focal taxa, ignorance values are interpolated
from the values of influent cells using spatio-environmental
distance (details above). Thus, ignorance values for cells with-
out data depend on their environmental and spatial proxim-
ity to influent cells (see below for details about the definition
of influent cells). The influent cells may contain both cells
with occurrence of focal species and cells with no record of
this species but with presences of other species belonging to
the studied group. Also, for influent cells without data, the
biogeographical ignorance value for interpolation is assumed
to be zero. Interpolated values were calculated according to
the spatial-environmental distance matrix by means of the
inverse distance weighting average (IDWA). This is a local
interpolation method in which the values of unknown points
are estimated using a linear combination of values at known
data points (selected by a radius of influence) weighted by
the inverse of the distance. This method assumes that the
closer the estimated point is to a known data point, the
stronger the influence of such known data point will be. To
define the radius of influence, we performed a correlogram
with the environmental variables used in the SDM calibra-
tion. Here, the farthest distance class with correlation above
zero was used as the maximum distance at which a cell can
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Figure 1. Methods for assembling Maps of Biogeographical Ignorance and jointly visualizing predictions and uncertainty. (a) Data on
selected environmental variables and observed occurrences for the focal species are used to generate SDMs. (b) Completeness is calculated
for each grid cell in the studied region, and taxonomic quality and temporal decay are calculated for each record in the database, including
records for the focal species and for other species of the taxonomic group. (c) Values of each component are summed and then rescaled to
vary from 0 to 1 (low—high biogeographical ignorance; BI). Records are separated by cells. For cells with more than one record for the focal
species (sp. 1; green records for sp. 1 in cell 1), the final BI value is set up as the minimum value of all these records (note that the record
for sp. 2 is ignored, as it is not related to the focal species). For cells without records for the focal species, but with records for other species
of the taxonomic group (blue records in cell 2), the final biogeographical ignorance value is the mean of the minimum value of each species
in the cell. For cells without any data on species distribution, final biogeographical ignorance value is based on interpolation considering
values of neighbouring influent cells and the spatio-environmental distance (cell 3, white). (d) Values of predicted suitability and biogeo-
graphical ignorance are overlaid to generate bivariate maps of prediction uncertainty.
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be influent on others. Only cells placed closer to the esti-
mated cell than this distance (388.4 km in our analyses) were
assumed to influence the interpolated value. Additionally, if
there were recorded presences of the focal species within this
radius, the corresponding cells were assumed to have a higher
contribution to the interpolated value. Therefore, these cells
were weighted (see ¢, values below) to account for 50% of the
interpolated value, whereas the remaining 50% weight was
divided across the remaining cells. All these calculations are
limited to the geographical domain analysed (in our example
the Iberian Peninsula), discarding unsuitable territories such
as sea or large water extensions.

In our approach, the distance used for IDWA calculations
was the value of spatio-environmental distance calculated
by the combined spatial and environmental matrices. The
IDWA is therefore calculated as:

Zizl (hi')b

n 4q;
Zi:] (hyi)b

...where Z] is the ignorance value interpolated to cell j, Z, is
the known value of biogeographical ignorance for the influ-
ent 7 cell, bl.]. is the spatio-environmental distance between the
cell j and 7, the 4 is the weighting exponent (here we used
p=2, known as inverse distance squared weighted interpola-
tion), ¢, is the additional weight corresponding to cell 7 (here
used to set different importance for cells depending on they
have presence of the focal species or not) and # is the number
of influent neighbours (i.e. those cells lying within the radius
described above). By using this approach, we ensure that the
final biogeographical ignorance value for cells lacking previ-
ous information is more influenced by cells located closer in
space and/or in the environment and with presence records
for the focal species. The final MoBI for each species were
generated with the following parameters: completeness calcu-
lation for cells with a minimum of 50 individuals (Comple50
in the Supporting information); taxonomic quality of 1, 0.9
and 0.75 for taxonomist, expert and amateur identifiers,
respectively (Tax_quall in the Supporting information); tem-
poral decay based on a kernel Gaussian function (T_decayl
in the Supporting information) and spatio-temporal matrix
generated by use of equally exponential weighting (0.5) for
space and environmental distance matrix (red lines in the
Supporting information). All analyses were implemented in
R environment (<www.r-project.org>). The R-script used to
calculate biogeographical ignorance values can be found in
the Supporting information.

Sensitivity analyses

As the choice of the parameters for the generation of MoBIs
is subjective, we carried out a series of sensitivity analyses

to evaluate how parameter configurations may affect the
resulting MoBIs. For the completeness component, we
changed the number of individuals needed to consider a cell
as well-sampled enough to construct species accumulation
curves and calculate completeness values for it. Thus, we
created MoBIs with completeness calculated for cells with a
minimum of 10, 20, 30, 40 and 50 individuals (Supporting
information). For the taxonomic quality component, we set
values for identification quality with 0.5, 1 and 1.5 qual-
ity of difference among identifiers classes and the original
values (1, 0.9 and 0.75 for taxonomist, expert and ama-
teur, respectively; see above and Supporting information).
We evaluated five different types of temporal decay curves
(Supporting information). These curves were set in a way
to allow a faster or slower velocity decay in the initial years.
Finally, considering that the effects of either climatic or spa-
tial distance can have different importance in determining
both species occurrence and biogeographical knowledge,
we set up seven combinations of exponential weights for
their matrices when constructing the spatio-environmental
matrix used in biogeographical ignorance interpolation
(Supporting information). For these sensitivity analyses,
only one parameter was changed at a time with the others
maintained at their original values. Density curves and coef-
ficients of variation were calculated among MoBlIs of each
species to assess the variations generated by the parameter
configuration.

Joint mapping of data-driven distributional
uncertainty and SDM results

To identify areas where models for each species are reliable
(or not) due to the knowledge (and ignorance) derived from
distributional data and the quality of these data, we visually
combined the maps representing ensemble suitability predic-
tions with the MoBls. Suitability predictions and biogeo-
graphical ignorance values were divided into deciles and then
different colours were assigned to different combinations of
deciles from both values; i.e. each colour represents a decile
shift of each variable. This generates bivariate maps of uncer-
tainty, showing areas of high and low suitability together
with the uncertainty associated to their estimates (Fig. 2).
Additionally, we generated binary uncertainty maps choosing
thresholds of 0.7 and 0.6 of biogeographical ignorance and
two thresholds for suitability: according to prevalence in the
training data (in this case 0.5, classifying all areas with pre-
dicted values greater than 0.5 as presence and all areas below
0.5 as absences), and using the lowest presence threshold
(LPT) in which the minimum predicted value of suitability
for training presence points is considered the threshold to
convert continuous predictions in binary ones. We used the
suitability values predicted by the ensemble forecast to find
the LTP for each species ensemble. We used these thresholds
simply to illustrate how uncertainty maps change with dif-
ferent threshold choices. The R-script to generate bivariate
maps of prediction uncertainty is provided in the Supporting
information.
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Figure 2. Maps on the known and predicted distribution of three dung beetle species (Bubas bison, Copris hispanus and Onthophagus vacca)
in the Iberian Peninsula, and their associated biogeographical ignorance. Maps depict the observed occurrences from BANDASCA data-
base, the overall suitability values predicted by the ensemble SDM technique and the corresponding Maps of Biogeographical Ignorance
and the composite maps depicting both SDM projections and prediction uncertainty.

Results

For each species we generated 51 SDM predictions (50 single
models based on different training and validation datasets
and one ensemble including all these model projections). The
geographic patterns of biogeographical ignorance were very
similar for all species (Supporting information). Therefore,
for simplicity, we only show in the main text the results of the
three species that present the more discrepant SDM predic-
tions according to the consensus method: Bubas bison, Copris
lunaris and Onthophagus vacca (Fig. 2). The results for the
other species and the values of the validation of SDM predic-
tions are provided in the Supporting information. In general,
MoBIs indicate that western (mostly Portugal) and central-
eastern Iberia are the regions with higher ignorance (i.e. the
most uncertain) about the distribution of Scarabacidae spe-
cies in the Iberian Peninsula (Fig. 2). Strikingly, about 30%
of the study area presented biogeographical ignorance values
larger than 0.7, and more than 60% presented values higher
than 0.6 (Supporting information).

Despite the similarities in the MoBIs for different species
(Fig. 2), their derived uncertainty maps show different spatial
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patterns for each species due to differences in their predicted
distributions. In these maps, four areas related to the com-
bination of extreme (high or low) values of suitability and
ignorance are highlighted (Fig. 2):

* Areas with both high suitability and high ignorance val-
ues (purple to red cells), i.e. areas where SDM projec-
tions suggest that the species is present, but as data-driven
uncertainty is high, no or little support exists for these
predictions.

® Areas of high suitability and low ignorance (yellow cells),
reflecting areas where the prediction that the species is
likely present is accompanied by a high degree of certainty.

® Areas with both low suitability and low ignorance values
(grey cells), which have the highest likelihood of having
been accurately assigned as absences.

* Areas of low suitability and high ignorance (blue cells),
where the low suitability (i.e. predicted absence) has little
support based on the limited information provided by the
data.

Binary uncertainty maps follow the same patterns as con-
tinuous uncertainty maps. However, the amount of each area
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may vary according to the selected suitability and ignorance
thresholds (Supporting information).

The sensitivity analyses conducted on the construction
of the spatio-environmental matrix and the selection of the
temporal decay parameters generated the largest variation in
the general distribution of biogeographical ignorance values
(as assessed by density curves), while the values of the coef-
ficient of variation (CV) for these parameters ranged between
0-0.39 and 0-0.92, respectively (Supporting information).
Here, the higher the weight given to the spatial distance
matrix, the higher were the biogeographical ignorance values;
and as slower is the temporal decay, the lower are the so-gen-
erated biogeographical ignorance values. The general distri-
bution of biogeographical ignorance values was little affected
by changes in taxonomic quality values, which had the lowest
CV range (0-0.27; Supporting information). Completeness
variation also had little influence on the distributions of bio-
geographical ignorance values (Supporting information),
despite showing the higher range of CV (0-1.72; Supporting
information); this is due to a few cells being strongly affected
by changes in the calculation of completeness while most
cells were little affected, thus generating high CV values but
with little effect on the final MoBIs.

Discussion

We successfully created Maps of Biogeographical Ignorance
(MoBIs) for species occurrences considering the three key
dimensions affecting quality of biodiversity data (taxonomy,
space and time; Meyer et al. 2016, Kissling et al. 2018).
These maps depict data-driven uncertainty and are designed
to be used in parallel with SDMs, allowing researchers and
conservationists to simply and intuitively evaluate the quality
of underlying distributional data.

The quality of input data is one of the major sources of
uncertainty for all kinds of models. However, the impact of
data-driven uncertainty may be particularly high for SDMs
compared to other types of models, because they can be
(and often are) fitted with relatively little information about
a species’ presence, and sparse (or no) information about
their absence (Lobo et al. 2010, Beale and Lennon 2012).
Our results suggest that the distributions of even relatively
well-surveyed groups (Scarabacidae) and regions (Iberian
Peninsula) (Martin-Piera 2000, Lobo et al. 2007) are often
weakly supported by data, as about 30% of the study area had
values of biogeographical ignorance (and thus distributional
uncertainty) above 0.7.

MoBIs partially reflect bias in data collection, as the regions
with greater degrees of biogeographical ignorance in the
Iberian Peninsula are those located further away from large
urban areas, research institutes and universities, a bias that
has previously been shown to occur to this taxon in the study
area (Lobo et al. 2007). This dependence of data collection
and the use of information about all the other species from
the same group to calculate biogeographical ignorance values
are responsible for the similar patterns in MoBIs of different

species. However, although the distribution of data-driven
uncertainty is largely dependent on the spatial allocation of
former surveys, the inclusion of the decay of information
with increasing environmental distance in MoBlIs partly dis-
rupts the survey dependence. Further, including this process
makes them more appropriate to describe the uncertainty
associated with SDMs, which are calibrated using the same
environmental variables.

The parameter values used in the spatial and tempo-
ral decay curves had a weak influence on the final maps of
ignorance. This could be a result of both the database and
the selection of the records used for model calibration.
BANDASCA is a well-curated and updated database, so the
quality of its records is relatively homogeneous, which could
minimize the effect of changing parameters for the genera-
tion of MoBIs. Data coming from more heterogeneous data
sources, such as GBIE may be more sensitive to differences
in parameter values, as they will result in a higher variabil-
ity in biogeographical ignorance values (and the uncertainty
maps derived from them). Furthermore, the relevance of
these parameters is partly associated with the potential for
adapting them to the particularities of the area, species and/
or questions studied. For example, the temporal decay curves
can be set to have a higher decay for more mobile species, as
high immigration can cause rapid loss of information over
time. Similarly, estimates of temporal decay rates can be set
higher for areas with higher rates of habitat conversion, as
the probability that occurrence data is obsolete due to local
extinction and immigration events is increased in these areas.
However, it should be noted that the temporal changes in
recording bias described by Lobo et al. (2007) for this data-
set seemingly had little effect on data-driven uncertainty. The
utility of this particular aspect of biogeographic ignorance
may therefore be limited in the absence of rapid landscape
changes, as the selection of data from a well-defined tempo-
ral window to match climate data will already minimize the
uncertainty coming from the temporal decay in information
value (Tessarolo et al. 2017).

To construct the first MoBIs we gave the same weight
to both the decay of information along environmental and
spatial distance. That is, we assumed that environment and
space had equal importance in determining the degree (and
quality) of the information provided by progressively more
distant cells. However, this is just an assumption; the char-
acteristics of the group and study region may change this
weighting and, by extension, differentially influence the
ability of SDMs to extrapolate species distributions outside
of the universe provided by the data. In this case, relative
weights for both matrices could be set accordingly. The spa-
tial component may have greater importance for information
quality of data for groups in which either dispersal plays an
important role in determining the observed distribution, or
whose distributions have not yet reached an equilibrium with
the environment. In these cases, the spatial matrix should
have higher weight. Conversely, for groups where most spe-
cies ranges are in equilibrium with the environment, climatic
distance may have a greater impact and therefore receive a
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higher weight. In the same way, the decay in taxonomic qual-
ity could be adjusted for taxa or species that are casily identifi-
able and have more stable taxonomies.

Our analyses should not be viewed as a definitive solution
for mapping the uncertainty associated with distributional
data. Rather, we have outlined a preliminary approach that
may need major technical and practical improvements before
its wide-scale implementation. Specifically, as a first demon-
stration of the method, we did not provide strict validation
and more research will clearly be required. For example, stud-
ies using datasets obtained from exhaustive surveys and con-
taining presence and absence data could be used to generate
MoBIS based on simulations of different subsets of presence
points, which can be compared with biogeographical igno-
rance derived from the entire dataset. This procedure would
allow evaluation of the robustness of the method under differ-
ent scenarios of ignorance by comparing congruence between
areas of high ignorance (in the simulated MoBIs) with areas
of low sampling effort and/or older records. That said, while
the use of presence and absence data would facilitate estimat-
ing ignorance maps, the availability of absences is not a pre-
requisite for delimiting biogeographical ignorance because
absences are rarely estimated and ignorance maps should be
considered whatever the quality of the data.

MoBIs for single species could be improved by the inclu-
sion of more specific data about the different components
of the uncertainty in distributional data. For example, with
regards to taxonomic quality the rate of decay could be based
on observed rates of synonymization and the numbers of revi-
sions published after the individuals of each particular record
were identified and/or revised for the last time (Tessarolo et al.
2017). Further, the values of similarity used to characterize the
environmental and spatial decay in the information can be
rescaled for more complex curves using parameters reflecting
the size of the species’ distributional range, dispersal ability or
the observed distance decay of similarity (Nekola and White
1999). The addition of species-specific data and/or models
accounting for conspicuousness and/or detectability and how
distinguishable the species is from similar species (Guillera-
Arroita 2017) can also improve estimates of ignorance. This
will, in turn, increase the discrepancy between the MoBIs of
different species, making them more appropriate for use in
assessments about the reliability of SDMs or other geographic
range maps such as those developed by IUCN assessments.

Information visualization is key for exploring and com-
municating data and, if done well, has the potential to iden-
tify unrecognized processes (Elith et al. 2002, Griethe and
Schumann 2005, Mclnerny et al. 2014). Visualization is also
crucial to fully engage both the general public and the pol-
icy makers, facilitating their exploration and understanding
of scientific results and model projections (Barry and Elith
2006, Rocchini et al. 2019). MoBIs may be particularly use-
ful in revealing errors by identifying areas with both high
uncertainties and covariates that could be possibly linked
with these uncertainties. We used maps to communicate
information about the uncertainty coming from the distri-
butional data used to calibrate SDMs, with the objective of
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demonstrating how MoBIs can be a relevant source of infor-
mation for modellers and practitioners. Our maps provide
information about areas where SDMs may fail, and can iden-
tify regions where improvements in data quality and cover-
age could significantly improve results. Significantly, the clear
visual representation of uncertainty in the form of maps is a
powerful way to make end users aware of the degree of uncer-
tainty associated with the predictions of their SDMs, allow-
ing a more nuanced interpretation of their results.

It is probably impossible to address all sources of uncer-
tainty in SDMs with a single analysis (Elith et al. 2002). Thus,
data quality assessments should focus on one or a few sources.
Although our proposed method considers only some of the
several important sources of uncertainty affecting SDM results,
our approach is flexible and can be easily adapted and applied
to other sources of ignorance. Information about uncertainty
can help in assessing SDM reliability but can also help improve
the models themselves. The development of new methods that
quantify the uncertainty in SDMs necessitates the concomitant
development of methods to handle this uncertainty. It follows
that a promising area of research would be the improvement
and development of methods that account for variations in
uncertainty as a spatially explicit error term during the model-
ling process, so that, model predictions are corrected for varia-
tions in uncertainty over space (Mclnerny and Purves 2011,
Wenger et al. 2013, Stoklosa et al. 2015, Stolar and Nielsen
2015, Niamir et al. 2019). We would strongly encourage the
development and improvement of such methods for the differ-
ent sources of uncertainty affecting SDMs.

More generally, we strongly advocate the routine use of
MoBIs as an indispensable part of any assessment and inter-
pretation of SDM results. The joint visualization of SDM
predictions and their associated uncertainty (such as in Fig. 2)
generates profound insights into the reliability of these com-
monly used predictive maps. Here, we agree with Elith et al.
(2002) in their interpretation of Draper (1995): ... it is dif-
ficult to deal with uncertainty, but in the long run it is better
to address and treat the uncertainty in an attempt to include
the true values within a model’s predictions than to ignore
uncertainty and miss the true values completely’. The more
honest we are about the limitations of our descriptions of
nature, the more effective will be the conservation actions we
base on them.

More generally, we strongly advocate the routine use of
MoBIs as an indispensable part of any assessment and inter-
pretation of SDM results. The joint visualization of SDM
predictions and their associated uncertainty (such as in Fig. 2)
generates profound insights into the reliability of these com-
monly used predictive maps. Here, we agree with Elith et al.
(2002) in their interpretation of Draper (1995): ... it is dif-
ficult to deal with uncertainty, but in the long run it is better
to address and treat the uncertainty in an attempt to include
the true values within a model’s predictions than to ignore
uncertainty and miss the true values completely’. The more
honest we are about the limitations of our descriptions of
nature, the more effective will be the conservation actions we
base on them.
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