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Biological atlases are, for many species, the only source of information on their distribution over large geographical areas,
and are widely used to inform models of the environmental distribution of species. Such data are not collected using
standardized survey techniques, however, and spatial variations in coverage (the relative extent or completeness of records)
may lead to variations in the probability that the species will be recorded at locations where it is present (the “recording
probability”). If spatial patterns in recording probabilities are correlated with key environmental variables, then biased
estimates of the relationships between environmental variables and species distributions may be obtained. We outline a
general statistical framework for modelling the environmental distribution of species using, known as Bayesian Image
Restoration (BIR). BIR can be used in combination with any species distribution model, but in addition allows us to
account for spatial heterogeneity in recording probabilities by utilizing expert knowledge on spatial patterns in coverage.
We illustrate the methodology by applying it to maps of the recorded distribution of two plant species in Germany, taken
from the German atlas of vascular plants. We find that estimated spatial patterns in recording probabilities for both
species are correlated with key environmental variables. Consequently, different relationships between the probability of
presence of a species and environmental variables were obtained when the species distribution models were parameterised
within a BIR framework. Care must be taken in the application of BIR, since the resulting inferences can depend strongly
upon the modelling assumptions that are adopted. Nevertheless, we conclude that BIR has the potential to make better
use of uncertain information on species distributions than conventional methods, and can be used to formally investigate
the robustness of inferences on the environmental distribution of species to assumptions concerning spatial patterns in

recording probabilities.

Biological atlases are databases that consist of records of
observed presences of species in cells of a rectangular grid
that has been superimposed on the landscape. A species is
recorded as present in a grid cell if the database holds at
least one record of that species from a location within that
grid cell. The data usually consist of the results of both
coordinated regional or national surveys and collated
historical records, resulting from reported sightings, which
have often been collected by thousands of volunteers over
many years. Biological atlas data are increasingly used in, for
example, reserve design (Arafjo et al. 2004), bioclimate
envelope modeling (Thuiller et al. 2005), or the mapping of
species-specific traits (Kithn et al. 2006).

Difficulties with the statistical interpretation of biologi-
cal atlas data are widely recognized (Rich and Woodruff
1996, Telfer et al. 2002, Pearce and Boyce 2006). In
particular, the recording probability (or alternatively:
“detection probability”), the probability that a species is
recorded given that it is present somewhere within a grid
cell, can be expected to vary between grid cells. We note

that we will use the terms “detection probability” and
“recording probability” interchangeably in this paper.
Experts often realize that there are spatial patterns in the
relative coverage (“coverage” hereafter) of locations (typi-
cally cells on a regular grid). We define coverage as the
relative extent or completeness of records from these
locations obtained by an atlas project (Rich and Woodruff
1996, Telfer et al. 2002). Differences in coverage between
grid cells can be expected to be the major determinant of
differences in the recording probabilities of a given species
between these grid cells. Spatial patterns in coverage may
result from a large number of processes such as spatial
variation in recording activity (e.g. numbers of volunteers),
accessibility of terrain, or the ability or willingness of
(groups of locally organized) individuals to hand over their
records to a central (national or supra-national) database.
For example, systematic differences among German regions
(i.e. political units) based not only on sampling intensity
but also on differences in the taxonomic concepts and
recording lists used were identified by Mahecha and
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Schmidtlein (2008). This is a major problem in the use of
atlas data for informing species distribution models, because
biased estimates of species—environment relationships may
be obtained if spatial patterns in coverage are correlated
with key environmental variables (Hirzel et al. 2002, Gu
and Swihart 2004). For clarity, we note that spatial patterns
in recording activity (possibly coinciding with environ-
mental variables) can also be referred to as “sampling bias”,
whereas recording probabilities can be assumed to be a
function of the detectability of species at specific locations.
Here, we focus on describing a formal statistical framework
for incorporating spatial patterns in recording (or detection)
probabilities, arising from sampling bias (which leads to
patterns in detectability), into species distribution models.

Because atlas data are not collected using standardised
survey protocols, the main body of (robust) design-based
methods in the ecological statistical literature for the
estimation of species recording probabilities, such as those
based on repeated visits to sites (Mackenzie et al. 2002, Tyre
et al. 2003, MacKenzie 2005, Sargeant et al. 2005, Royle
et al. 2007), are not applicable. Also, atlas data do not
contain information on the abundance of species, and
modeling approaches which rely on relating local abundance
to local probability of recording the presence of a species
(Royle et al. 2007) cannot be used. Instead, explicitly model-
based approaches to estimate recording probabilities will
have to be developed, which formally utilize expert knowl-
edge on spatial patterns in coverage. This means that, out of
necessity, inferences of these models will depend strongly
upon the modeling assumptions made, and it will typically
be difficult to assess these assumptions. Nevertheless, it
seems worthwhile to develop such a modeling framework in
order to make potendally better use of existing uncertain
information on species distribution and expert knowledge,
and to be able to formally investigate the robustness of
inferences on the environmental distribution of species to
assumptions concerning spatial patterns in recording prob-
abilities.

Here, we propose that expert knowledge on coverage can
be formally utilized through Bayesian Image Restoration
(BIR) techniques, within the statistical framework as
proposed by Heikkinen and Hégmander (1994). The
structure of the data in gridded species distribution maps
is essentially the same as the data in binary images which are
degraded because of the process of non-detection. Heikki-
nen and Hogmander draw on the extensive statistical image
analysis literature (Besag 1986) in which techniques are
described to infer the underlying “true” image by modeling
both the properties of the image itself (the species
distribution) and the process of degrading (non-detection);
hence the term “image restoration”. In general terms, BIR
combines a model for the recording process and a species
distribution model. Within the BIR framework, the
parameters of a species distribution model can be estimated
jointly with location-specific recording probabilities by
relating these probabilities to a proxy variable for coverage.
It is important to note that this will only be possible under
the assumption that species are not misclassified. Thus, a
recorded presence of a species at a location will have to be
assumed to represent a true presence. For the taxa under
study here, however, misclassification rates are thought to
be much lower than non-recording rates (Kiihn unpubl.).
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Here, we introduce the BIR methodology into the species
distribution modeling literature, by describing both the
theory underlying BIR, and how to implement it using
WinBugs (Spiegelhalter et al. 1999) a freely available
software package commonly used to implement Bayesian
methods. Furthermore, we extend the work of Heikkinen
and Hoégmander (1994) by incorporating environmental
(climatic, geological and land-use) variables as predictors to
model the true underlying spatial distribution of the species.
We illustrate the methodology by modeling the distribution
of plant species as recorded in a digitized distribution atlas
of plant species covering the whole of Germany, using a
variable that experts believe reflects the relative difference in
the completeness of coverage.

Methods
Species distribution data

FLORKART (<www.floraweb.de>) contains > 14 million
records on plant species in grid cells of 10" longitude by 6’
latitude (ca 130 km?; Fig. 1). FLORKART is essentially a
central database including all provincial and regional
mapping schemes of vascular plants in Germany, main-
tained by the Federal Agency for Nature Conservation
(Bundesamt fiir Naturschutz) on behalf of the German
Network for Phytodiversity (NetPhyD). The data were
collected by thousands of volunteers who contributed
records of the flora in their respective grid cells.

We illustrate the BIR methodology by modeling the
distribution of two plant species as recorded in FLOR-
KART in relation to environmental variables, namely:
Papaver argemone (prickly poppy), and Galium pumilum
(slender bedstraw). The distribution of Galium pumilum
(which is native to Germany) in FLORKART (Fig. 2a)
includes several so-called micro-species of which G. szerneri
is restricted to sand dunes along the North-Sea coast and
two other are restricted to higher altitudes in south-eastern
Bavaria (G. valdepilosum) and the Alps (G. anisophyllum).
Galium pumilum, though wide spread across Germany, is
locally rare. It is a species of acidic nutrient poor grasslands,
and open shrubs, groves and oak forests (Oberdorfer 1994,
Jager and Werner 2002). In Germany, such conditions are
mostly found at mid- to high alticudes. Papaver argemone
became naturalized in Germany during the course of the
Neolithic expansion of agricultural land use practices
(Coward et al. 2008). It is widespread (Fig. 2b) and
regularly found on sandy, nutrient rich (but avoiding lime)
fields and disturbed areas such as road verges or railway
tracks (Oberdorfer 1994, Jiger and Werner 2002).

We do not have access to covariate information on these
specific habitat requirements. Furthermore, at the coarse
spatial grain of the FLORKART grid, the associations of
these species with their habitats may (partly) be obscured.
Therefore, broad-scale environmental variables on the
climate, land use and geology are often used as proxy
variables for these habitat conditions when modelling
biological atlas data. These proxy variables do not necessarily
determine the distribution of a species, but can repre-
sent several relevant environmental factors that do. For
example, as described above, suitable habitat conditions for


http://www.floraweb.de

2000

(@) — (b)
] b
g -
| ‘ e
[N ] F — -
1500
= -
u g
- " . 8
u L] o
: - « 1000
L B ] —
.I h é
LB 1 . 5
lﬂ_ = = controlgroup <
u | | o1
o2
o3 500
- B
as
-I lr =)
Sl |7
" g~ W Ee
- L0
o4 L1 l:ll:l\:h:.
1 2 3 4 5 6 7 8 9

control group

Figure 1. Expert knowledge on spatial variation in the coverage of the German atlas of vascular plants (FLORKART). (a) Map of the
proxy variable for spatial variation in relative coverage. The proxy variable consists of 9 different categories (“control groups”), and each
grid cell is allocated to one of these (see text). Recording probabilities will be estimated independently for each category (but assumed to
be identical for each grid cell within the same category). (b) The number of grid cells in each of the 9 different control groups.

Galium pumilum tend to occur at mid- to high altitudes in
Germany. Here, we use covariates on the geology, land use
and climate to model the underlying distribution of the
species. Geological data was aggregated from the Geological
Survey Map of Germany (Bundesanstalt fiir Geowissenschaf-
ten und Rohstoffe 1993), and we used the areas of substrate
classes lime, sand, and loess per grid cell. The following land
use data, provided by the Corine Land Cover data sets
(Statistisches Bundesamt 1997) were used as explanatory
variables: area of agricultural fields, agricultural grasslands,
(semi-)natural grasslands and deciduous forests. For climate
data, we used the mean annual temperature (1960-1990),

(a) Gallium pumilum
¥
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-
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mean annual precipitation (1950-1980) and mean wind
speed (10 m above ground, 1960-1990) provided by the
German Meteorological Service (Deutscher Wetterdienst,
Dept Klima und Umwelt), and interpolated into the grid
cells we used by the Federal Agency for Nature Conservation.

Expert knowledge on relative coverage

Coverage is thought to be heterogeneous over the FLOR-
KART grid, and is evaluated by experts (coordinators of the
mapping project) using 50 “control” species (Kiihn et al.

(b) Papaver argemone

<0.0¢

Figure 2. The distribution maps of Galium pumilum (a) and Papaver argemone (b), as estimated by applying the autologistic species
distribution models within a Bayesian Image Restoration framework. Depicted are the recorded presences of the species in grid cells
(white cells with filled circles), and the posterior probabilities that species were present in grid cells where the species were not recorded

(gray-tones; see legend on maps).
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2004). The set of control species consisted of the 45 most
common species in Germany (Krause 1998) and five
additional species that were relatively inconspicuous or
regarded by volunteers as difficult to identify. All of these
50 species could reasonably be assumed to occur in every
6" longitude by 10" latitude grid cell in Germany. The 5
inconspicuous species were included to minimize potential
observer bias towards species that are relatively common
(abundant in the grid cells) and easy to identify. In each
grid cell the number of recorded species out of these 50
control species was counted, yielding a variable between 0
and 50 that we assume is related to the probabilities that
species were present in a grid cell, but not recorded. In this
paper, we estimated grid-cell specific probabilities of non-
detection in 9 different groups of grid cells (“control
groups” hereafter), with the following number of control
species out of a total of 50 present: 50 (groupl), 49 (group
2), 48 (group 3), 47 (group 4), 46 (group 5), 4445
(group 6), 4044 (group 7), 20-39 (group 8), and 0-19
(group 9). The numbers of grid cells that fall within these
different control groups are given in Fig. 1. This 9-level
categorical variable was believed to be a good proxy
variable for relative differences in the coverage for
relatively common and relatively conspicuous species.
The chosen number of categories (9) is arbitrary, but
was high enough to provide enough spatial resolution to
reflect the spatial pattern in coverage, while still ensuring
that there are enough grid cells in each group to provide
the power to estimate these probabilities.

Recording probabilities will be estimated for each
category, and assumed to be identical for all grid cells
within the same control group. Furthermore, recording
probabilities for the different categories of grid cells will be
estimated independently. Thus, we will make no a-priori
assumption about the potential relationship between con-
trol group number and recording probabilities, even though
the expectation is that estimated recording probabilities will
decrease with increasing control group number.

Incorporating recording probabilities in species
presence/absence models

To calculate the probability that the absence of a recorded
presence of a species in a grid cell represents an unobserved
“true” presence, we need a model to calculate the
probability that the species was present in the grid cell at
the time of the survey. This probabilicy of presence is
calculated using a presence/absence model, whose para-
meters we will denote by 0. The presence/absence model is
explained in detail in the next section. In order to define the
detection model, let O, denote the recorded (observed) state
of grid cell 7 (O; =0 for a recorded absence, and O;=1 for a
recorded presence), and Af; the unobserved “true” state of
grid cell i (M;=0 if the species was absent, and M;=1 if
the species was present). Here, we assume that all recorded
presences in the data set represent true presences: P (M; =
1|O;=1) =1. In contrast, all grid cells with no recorded
presences will have a certain probability, P(M;=1]|0,;=0),
to represent true presences, depending on the probability of
non-detection, g, and the probability that grid cell 7 was
occupied given the parameterized presence/absence model
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(0: see next section). The probability that a species was in
truth present in grid cell 7 while no presence was recorded
in that grid cell, can be calculated using Bayes theorem:

P(M,=1]0,;=0,0)
B PO, = 0|M, = DVP(M, = 1]6)
P(O, = 0|M; = )P(M, = 1|0) + P(O; = 0|M, = 0)P(M; = 0[0)

(1a)

with P(0,;=0|M;=1) the probability of non-detection,
P(M;=1|0) and P(M;=0|6) the probabilities that the
species was present and absent from grid cell 7 given the
parameterised presence/absence model respectively, and
P(0;=0|M;=0) the probability that a grid cell was
recorded to be empty given that the species was in truth
absent. Since we assume that presence will never be
recorded when the focal species is in truth absent from a
grid cell, or P(O;=0|M;=0) =1, we can rewrite eq. 1a as:

Tk
g + P(M, = 0|0)/P(M; = 1]0)’

(1b)

with ¢, =P(0;=0|M;=1) the probability of non-detec-
tion in grid cell 7 which belongs to one of the 9 categories
k={1,2, ..., 9}

Thus, we will estimate non-recording probabilities
separately for the 9 different groups of grid cells, and
assume that these probabilities are constant within each
of these groups of grid cells. Recording probabilities are
simply calculated as 1 minus the non-recording probabil-
ities: 1 —q.

P(M; =1]0,=0,0) =

The presence/absence model

To model the probabilities that species were present or
absent in grid cells (the species distribution model), we use
the autologistic model (Augustin et al. 1996). However, we
note that the BIR framework would lend itself to any other
model that predicts species presence/absence. The auto-
logistic model can be defined as follows:

exp(a, + 4N, + X' + -+ a,X")

P(M; =1|0) = )
I+ expla, + &N, + X! + - a,X7)
)
where 0 =(ay, a1,..., a,) denotes the set of model para-
meters of the presence/absence model, and X!'--- X"
the value of environmental covariates in the grid cells (see
T, M,

below for further explanation). The covariate V, = J
indicates the “neighborhood weight”, with j an index for
grid cells in the neighborhood of cell 7 and J; the number of
grid cells in the neighborhood of grid cell 7. Grid cells both
directly adjacent and diagonal to grid cell 7 are included in
the neighborhood (a second-order neighborhood), so /;=8
for all grid cells except those at the edges of the map. The
neighborhood weight is included as a predictor, because it is
often reasonable to assume spatial smoothing in the spatial
distribution of species at very coarse spatial grains such as in
the German plant atlas.



We fitted the autologistic models to the observed maps
of recorded presences of the two species within a Bayesian
framework (explained below) under two scenarios: 1)
without estimating recording probabilities, and thus assum-
ing that all pseudo-absences represented true absences, and:
2) jointly estimating the parameters of the autologistic
model and the spatially varying recording probabilities: the
BIR framework. Variable selection using the BIR model is
unpractical because of the long computing times involved
in estimating the parameters. Therefore, we modeled each
of the species presence/absence data sets using the classical
(not Bayesian) generalized linear model with binomially
distributed errors and a logit link. This meant that models
could be fitted quickly, at the expense of ignoring potential
non-detections. For each species, a subset of the variables
from a full model including all variables as regressors was
chosen using backwards stepwise selection as implemented
by the stepAIC function in R (Venables and Ripley 2002,
R Development Core Team 2004). The stepAIC function
drops covariates from the model if their contribution to the
overall explained variance is not significant, as determined
by the change in the Akaike information criterion between
the model with and without this covariate. All covariates
that were selected in the final models were chosen as
covariates in the Bayesian autologistic models with and
without BIR (scenarios 1 and 2 as described above).

Estimating the model parameters

We take a Bayesian approach to the estimation of all
unknowns, z, which in the BIR case consist of the
distribution model parameters, 0, the non-recording prob-
abilities, ¢, and the underlying presence/absence status M,
of all grid cells with no recorded presence. Estimation of v is
based on the posterior distribution formed by combining
prior knowledge about these unknowns with information
provided by the data (Y) using Bayes theorem (see for
example Brooks 2003):

FOIY) o f(Y]v) x m(v),
where 71(v) denotes the prior knowledge about 6, and £(Y]v)
the likelihood of observing the data given the parameters.

Markov chain Monte Carlo (MCMC) algorithms can be
used to draw a set of values from the joint posterior
distribution f(2]Y) (Brooks 2003). These sets of values can
be used to obtain summary statistics (such as the mean and
standard deviation) of the posterior distribution of each
individual parameter. It is possible to implement the
autologistic model within a BIR framework using WinBugs
(Spiegelhalter et al. 1999), which greatly facilitates the
implementation of this methodology. We provide anno-
tated WinBugs code in Supplementary material Appendix
1. For the interested reader, and those who do not wish to
use WinBugs to implement the models, we describe the
MCMC algorithm that one can use to iteratively draw
values from the conditional posterior distributions of the
parameters in more detail in Supplementary material
Appendix 2.

We adopted vague priors for all parameters, indicating
that we assumed no knowledge on the parameters prior to
fitting the model to the data, and that the inferences
were dominated by the likelihood. Our priors for the

non-recording probabilities of the 9 different groups of grid
cells were: g4 ~ Beta(1,1), which is identical to the prior
belief that all values for these probabilities that lie in the
interval (0,1) were equally likely. Our priors for all
parameters of the autologistic model were location
invariant ( ~ 00,00).

Results

The following environmental variables (apart from the
spatial weight) were selected as predictors in the autologistic
model for the distribution of Galium pumilum, after the
stepwise model selection using AIC: altitude, altitude-
squared, and area of deciduous forest. This is consistent
with our knowledge of the distribution of this species,
whose suitable habitat in Germany tends to be found at
mid- to high altitudes and in oak forests (see the motivating
data section). Precipitation and temperature were selected as
environmental predictors in the model for the distribution
of Papaver argemone. This reflects the fact that this species is
widespread, but largely absent from the south of Germany
which tends to be relatively colder and receives more
precipitation.

Non-recording probabilities for grid cells in control
group 1 (grid cells with all 50 control species present) were
estimated to be small for both species, with posterior means
(95% CI) of ¢, =0.012 (0.001, 0.032) for Galium
pumilum, and ¢; =0.002 (0, 0.007) for Papaver argemone.
Thus, the majority of grid cells were estimated to have small
non-recording probabilities (about two-thirds of all grid
cells fall within control group 1: Fig. 1b). However, in line
with our expectation, estimates of ¢, tended to increase with
increasing control group number £ for both species (Fig. 3).
For example, for Papaver argemone, grid cells in control
groups 8 and 9 had associated non-recording probabilities
close to 1, indicating that these grid cells can approximately
be regarded as missing data. For Galium pumilum, the
estimated non-recording probabilities increased more or less
continuously with increasing control group number,
although similar values were estimated for grid cells in
control groups 4, 5 and 6 (Fig. 3). However, for Papaver
argemone, grid cells in control groups 4, 5 and 6 had smaller
associated non-recording probabilities than grid cells with
control group number 3 (Fig. 3).

The restored species distribution maps are given in
Fig. 2, which depicts the posterior mean probability of
presence in each grid cell. The estimated number (mean and
standard deviation) of grid cells with no recorded presence
that were in truth occupied by Galium pumilum (false
absences) was 123 (20.6) out of 918 grid cells with no
recorded presence (13.4%). A slightly smaller number of
false absences was estimated for Papaver argemone: 88 (12.4)
out of 809 grid cells with no recorded presence (10.9%).
The spatial distribution of the estimated recording prob-
abilities was such that the recording probabilities were
correlated with environmental variables that were selected in
the autologistic models as predictors of species presence, in
particular altitude (Fig. 4, 5). As a direct consequence of
this, estimates of the parameters of the autologistic models
of one of the species (Galium pumilum) changed when these
models were applied within a BIR framework (Table 1 and
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Figure 3. The estimated non-recording probabilities in the grid cells belonging to the 9 different control groups (¢, = P(O;=0|M;=1),
k={1,2,...,9}). Depicted are the means (circles) and 95% credible intervals (vertical segments) of the posterior distributions of g, for

Galium pumilum and Papaver argemone.

Fig. 4a, b). The estimated values for the intercepts were
higher within the BIR framework, reflecting the higher
number of true presences in the restored species distribution
maps. The amount of spatial smoothing was also always
estimated to be stronger within the BIR framework, because
(for these species) non-detection events were distributed
such that they caused small gaps within the distribution of
the species (Fig. 2). For Papaver argemone, changes in
estimated means and standard deviations of the posterior
distributions of the slopes for precipitation and temperature
were small, and our conclusion would be that these slopes
were significant both with and without the BIR framework.
In contrast, for Galium pumilum, changes in parameter
estimates for the slopes of the environmental predictors
were pronounced (Table 1). A significant quadratic effect of
altitude on the probability of presence of Galium pumilum
was estimated using the autologistic model without BIR
(Table 1), and a sharp increase from low- to mid altitudes,
followed by a sharp decrease from mid- to high altitudes
was predicted (Fig. 4). However, this quadratic effect was
estimated to be insignificant when the autologistic model
was fitted using BIR (Table 1), resulting in a very different
predicted relationship between altitude and probability of
presence (Fig. 4). This change is due to the correlation in
the spatial patterns in altitude and recording probabilities
(Fig. 4). Consequently, many grid cells without recorded
presences at mid-to-high altitudes (the north of Germany is
mostly flat, while altitudes tend to increase towards the
south of Germany) fell into control groups #=2 or higher
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and were thus estimated to be part of the underlying true
distribution of the species.

Discussion

We have illustrated how BIR can be used to jointly model
the environmental distribution and spatially varying record-
ing probabilities of species, by combining the information
contained in the recorded presences in biological atlases and
expert knowledge on the existence of spatial patterns in the
relative coverage. The estimated recording probabilities for
two species of vascular plants, Galium pumilum and Papaver
argemone, exhibited substantial spatial heterogeneity, with
the patterns of variation coinciding with key environmental
variables which were used in the distribution model for
these species. It is well known that biased estimates of
species-environment relationships may be obtained if spatial
patterns in recording probabilities are correlated with spatial
patterns in key environmental variables (Hirzel et al. 2002,
Gu and Swihart 2004, Hortal et al. 2007). However,
existing methods to analyze presence-only data, such as
ecological niche factor analysis (Hirzel et al. 2002),
envelope or profiling methods (Walker and Cocks 1991),
or re-sampling methods (Ferrier et al. 2002, Engler et al.
2004) are not parameterized within a framework which
allows a formal assessment of the potential impact of spatial
patterns in coverage (sampling bias) on the inferred species
distribution models. Thus, these methods implicitly assume
that key environmental drivers of the species distribution
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Figure 4. Correlations between environmental variables and estimated non-recording probabilities of grid cells, and the environmental
gradients in the probability of species presence as inferred with or without BIR, for Galium pumilum. (a) The median value of the
estimated non-recording probabilities (means of the posterior distributions for g;) of grid cells with similar altitudes increased sharply
with increasing altitude. (b) The relationship between the probability of presence and altitude, as inferred with (solid line) and without
BIR (dotted line). (c) The median values of estimated non-recording probabilities of grid cells were not strongly related to amounts of
deciduous forest cover. (d) The relationship between probability of presence and deciduous forest cover, as inferred with (solid line) and

without BIR (dotted line).

and detection rates are uncorrelated. Due to the estimated
relationships between environmental variables and the
probability of recording (Fig. 4) our perception of the
environmental distribution of the species changed when
we applied the logistic models within the BIR framework
(Table 1, Fig. 4b). The estimates obtained using BIR can be
regarded as better estimates provided that the estimated
relationship between the proxy variable for coverage and
detection probabilities, and the obtained distribution map is
deemed to provide a more plausible description of reality
than those obtained under the assumption of perfect
detection. At the very least, the estimates obtained under
BIT provide alternative estimates, as obtained under
different assumptions regarding the observation process.
We note that we have used the term “expert knowledge”
on relative coverage loosely here. Expert knowledge on
relative coverage in this case does not mean that there is no
data available to construct proxy variables. Nevertheless, we
use this terminology because it is the judgement of experts
that it is plausible that such a proxy variable is related to
spatial variation in coverage for the species of interest.
Subsequently, BIR can be used to estimate this relationship.
Here we have used a number of species that can reasonably
be expected to occur in all grid cells to construct such a
proxy variable, However, other information could be used

to construct proxy variables, such as the slopes of species
accumulation curves as a measure of survey completeness
(Hortal et al. 2004, Hortal and Lobo 2005), or spatial
measures of recording activity such as numbers of submitted
records (Soberén et al. 2007) or published floras (Rich
2006).

The main aim of this paper was to introduce and
illustrate BIR methodology for the analysis of species atlas
data. We have presented here only the basic BIR frame-
work, and this could be extended or altered. Other models
than the autologistic may be used for the probability of
presence of the species. In fact, any parametric model in
which probabilities of presence P(M=1|60) in eq. la are
predicted will be suitable. Also, we did not make any
a-priori assumption on the functional form of the relation-
ship of the proxy variable for coverage (control group
number) and recording probabilities. However, it will be
possible to, for example, constrain recording probabilities
to increase with increasing values of the proxy variable
(Heikkinen and Hoégmander 1994). The methodology
presented in this paper extends the methodology of
Heikkinen and Hégmander (1994) by including a species
distribution model in which the distribution of the species
is modelled as a function of environmental variables. Also,
BIR can be seen as a generalisation of the methodology as
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Figure 5. Correlations between environmental variables and estimated non-recording probabilities of grid cells, and the environmental
gradients in the probability of species presence as inferred with or without BIR, for Papaver argemone. (a) The median value of the
estimated non-recording probabilities (means of the posterior distributions for g) of grid cells with similar amounts of annual
precipitation. (b) The relationship between the probability of presence and annual precipitation, as inferred with (solid line) and without
BIR (dotted line). (c) The median value of the estimated non-recording probabilities of grid cells with similar july temperature increased
sharply with temperature. (d) The relationship between probability of presence and july temperature, as inferred with (solid line) and

without BIR (dotted line).

introduced by Augustin et al. (1996) to fit the autologistic
model to distribution data where a proportion of squares
was completely unsurveyed, by assigning non-detection
probabilities of 1 to these squares (thus treating them as
missing data). Instead, BIR allows for varying non-detection
probabilities over the grid, and can be used to estimate these

Table 1. The estimated means and standard deviations (comparable
to standard errors of classical statistics) of the posterior distributions
of the parameters of the autologistic models (eq. 2), fitted either with

or without Bayesian Image Restoration. The variable “weight”
indicates the neighborhood weight (N; eq. 2).
Parameter Without BIR With BIR
Mean (SD) Mean (SD)
Intercept —0.976 (0.068) —0.793 (0.086)
Galium Altitude 0.0023 (0.0004)  0.00183 (0.00048)
pumilum Altitude? —0.002 (0.0005) —0.001 (0.001)
Forest 1.958 (0.548) 1.820 (0.599)
Weight 5.297 (0.232) 5.856 (0.290)
Intercept 1.455 (0.063) 1.779 (0.096)
Papaver Precipitation —0.0012 (0.0004) —0.0016 (0.0004)
Argemone Temperature 0.205 (0.048) 0.197 (0.054)
Weight 5.31 (0.24) 5.68 (0.24)
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in conjunction with the parameters of the species distribu-
tion model.

Because the inferences made using BIR are strongly
model-based, it is a modeling framework best suited for
making best use of data for taxa where the apparent
distribution maps in biological atlases are thought to be
degraded by heterogeneity in coverage. However, even for
taxa where the distribution maps are thought to reflect the
true underlying distribution well, BIR can be usefully
applied to test the assumption that potential spatial patterns
in recording probabilities are of negligible influence on the
estimated parameters of species.

We note that we have assumed that recording prob-
abilities are unrelated to the underlying distribution model
(mathematically; our assumption is that O=0|M=1) =
P(O=0|M=1,0)). This may be unrealistic, if for example
the species is more abundant in the most suitable parts of its
range and if detection increases with abundance (which may
be likely: see for example Royle et al. 2007). However, since
our model for the underlying distribution in this case
describes only the probability of presence this would require
a link to be made between P(M =1|6) and P(O=0|M=1)
which is beyond the scope of this paper. We note that Royle



et al. (2007) have made this link, but they had abundance
data available. Their method is conceptually similar, in that
an underlying distribution and abundance model is used
which included both a spatial model describing variation
in the abundance of territories of a bird and an detection
model. However, they relied on the availability of repeated
visits to territories which yields independent information on
detection probabilities. We stress that such information is
much better, and yields inferences that are less strongly
model-based than the BIR methodology described here,
which we propose should only be utilized for spaecies atlas
data in the absence of no independent information on
detection probabilities or abundance data.

The BIR methodology presented here has allowed us to
make use of all of the information available (all grid cells
with none or at least one recorded presence and the control
variable to capture coverage) and to relax the critical
assumption that the recorded presences provide a good
representation of the environmental distribution of the
species. Also, the uncertainty in the imputed underlying
(partly unobserved) distribution of the species is reflected in
the estimated variance of the parameters of the species
distribution model. However, we stress that Bayesian image
restoration techniques for the modeling of species distribu-
tions should be applied with care. The validity of the results
depend on the reliability of the model assumptions, and it is
therefore important to make these as biologically plausible
as possible. There are four main components to this. Firstly,
the probability that a species is recorded, if it is in truth
absent from a location, is assumed to be zero. This is not
necessarily the case, because a species may be misclassified
for another species which is absent from a location. The
validity of this assumption will therefore have to be assessed
by experts on a species by species basis. Secondly, the
validity of the recording model depends on the availability
of good proxy variables for coverage. Thirdly, the validity of
the underlying species distribution model is dependent on
the availability of suitable explanatory variables, and/or the
existence of other characteristics of the species distribution
such as spatial smoothness in probabilities of presence. In
particular, it should be realized that it is possible that the
recording model will partly correct for biases in the species
distribution model by assigning high non-recording prob-
abilities to areas where probabilities that the species occurs
are predicted to be higher than is the case in reality. Part of
the consideration in formulating a good distribution model
is to distinguish between absences of environmental origin
(i.e. the suitability of the environment) and absences of
contingent origin (i.e. where the environment is suitable but
the species absent for a different reason). We note that we
have assumed that the two plant species here are present in
all grid cells with suitable habitat (thus no absences of
contingent origin). This assumption seems reasonable given
that the coarseness of the grid cells will mask local dynamics
(such as local extinctions and re-colonizations), and the fact
that these are species native to Germany and thus have had
enough time to establish themselves throughout the
country. Fourthly, the less complete the distribution data
(i.e. the lower detection probabilities are), the larger the
reliance on the model will become, while at the same time
there will be less information to inform this model. The
combination of both a very uncertain model for the

distribution and little information to estimate detection
probabilities will result in a large set of possible outcomes,
ranging for example from an inferred distribution that is
similar to that of the raw data through to a distribution that
fills almost the whole map. If the available distribution data
are nearly complete, and thus give a good description of the
distribution of the species, there will be much information
in the data to inform both the model for the distribution
and the recording probabilities. This will result in inferences
that are less dependent on the model assumptions. Here, we
have used distribution data where most absences represent
true absences, and this is the situation in we think which
BIR is most successful in terms of inferring possible true
distributions of species, whilst estimating spatial variation in
detection rates without making strong prior assumptions
about either the distribution model or detection rates.
However, when detection rates are very low (if most true
presences are unobserved), it is unlikely that BIR can be
used successfully without assuming strong prior knowledge
regarding the distribution of the species and detection rates.

We conclude by summarizing at what point in the
modeling of species atlas data we believe BIR will provide a
useful tool. First of all, methods other than BIR are
available which will make better use of the available
information if independent information on detection
probabilities is available, for example from repeated visits
(Mackenzie et al. 2002, Tyre et al. 2003, MacKenzie 2005,
Sargeant et al. 2005, Royle et al. 2007). A suite of methods
exists for the modelling of presence-only data, which
explicitly account for sample selection bias. These methods
have been found to produce reasonable estimates of species
distribution models when compared to independent better
quality “genuine” presence-absence data (see for example
Elith and Leathwick 2007, Phillips et al. 2009). In
particular, Phillips et al. (2009) propose to use presence
records of other species as proxy variables for sampling bias,
which is in spirit similar to what we have done in this paper.
However, in the absence of independent “genuine”
presence—absence data, the quality of the modeling ap-
proach will be impossible to assess. Furthermore, these
methods do not formally model detection probabilities, and
the uncertainty in the inferences arising from unknown
(spatial patterns in) detection probabilities cannot be
assessed. We believe that the stage in the modeling of atlas
data at which BIR will be most usefully applied is when it
has been established that there are no major taxonomic
problems (thus when it can be assumed that there will be
few misclassifications), and when a good overview exists of
the extent of survey bias (see also Hortal et al. 2007). We
propose to use BIR only when in addition to the atlas data
knowledge exists on spatial patterns in coverage that can be
captured in the form of proxy variables. BIR provides a tool
to estimate the relationship between such possible proxy
variables and detection probabilities, and to assess the
reliance of inferences regarding the distribution of species
on the assumptions that are made regarding the spatial
patterns in detection probabilities.
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