A Journal of Conservation Biogeography

ty and Distributions

iversli

Diversity and Distributions, (Diversity Distrib.) (2015) 21, 595-608

BIODIVERSITY

XD

RESEARCH

Accounting for spatially biased sampling
effort in presence-only species
distribution modelling

Jessica Stolar* and Scott E. Nielsen

Department of Renewable Resources,
University of Alberta, 751 General Services
Building, Edmonton, AB T6G 2H1, Canada

*Correspondence: Jessica Stolar, Department
of Renewable Resources, University of
Alberta, 751 General Services Building,
Edmonton, AB T6G 2H1, Canada

E-mails: stolar@ualberta.ca; scottn@ualberta.ca

ABSTRACT

Aim Presence-only datasets represent an important source of information on
species’ distributions. Collections of presence-only data, however, are often spa-
tially biased, particularly along roads and near urban populations. These biases
can lead to inaccurate inferences and predicted distributions. We demonstrate a
new approach of accounting for effort bias in presence-only data by explicitly
incorporating sample biases in species distribution modelling.

Location Alberta, Canada.

Methods First, we used logistic regression to model sampling effort of
recorded rare vascular plants, bryophytes and butterflies in Alberta. Second, we
simulated presence/absence data for nine ‘virtual’ species based on three relative
occurrence thresholds — common, rare and very rare — for each taxonomic
group. We sampled these virtual species using our bias model to represent typi-
cal sampling effort characteristic of presence-only datasets. We then modelled
the distributions of these virtual species using logistic regression and attempted
to recover their original simulated distributions using a sample weighting term
(prior weight) estimated as the inverse of probability of sampling. Bias-adjusted
model estimates were compared to those obtained from random samples and
biased samples without adjustment. We also compared prior-weight adjustment
to bias-file and target-group background approaches in Maxent.

Results Sample weighting recovered regression coefficients and mapped predic-
tions estimated from unbiased presence-only data and improved model predictive
accuracy as evaluated by regression and correlation coefficients, sensitivity and
specificity. Similar model improvements were achieved using the Maxent bias-file
method, but results were inconsistent for the target-group background approach.

Main conclusions These results suggest that sample weighting can be used to
account for spatially biased presence-only datasets in species distribution mod-
elling. The framework presented is potentially widely applicable due to avail-
ability of online biodiversity databases and the flexibility of the approach.

Keywords
Biased sampling effort, Maxent bias file, presence-only data, prior sample
weight, species distribution modelling, virtual species.

INTRODUCTION

the past two decades, valuable contributions have been made
towards improving model predictions (Austin, 2002; Guisan

Climate change, land use change and habitat fragmentation
represent serious threats to biodiversity (Boyd, 2003). To
better understand the consequences of these changes and to
make recommendations for conservation, species distribution
modelling has become an increasingly important tool. Over
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& Thuiller, 2005; Elith & Leathwick, 2009). However, chal-
lenges remain, including how best to incorporate available
information when data sources are not comprehensive across
the study area (Aratjo & Guisan, 2006; Jiménez-Valverde
et al., 2008; Beale & Lennon, 2011).
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When modelling species distributions using presence-only
data within a presence/background or presence/pseudo-
absence design, one critical assumption is that presence loca-
tions have been collected without bias (Aratjo & Guisan,
2006; Peterson et al., 2011). This is rarely the case, however,
as presence-only datasets are often derived from herbaria,
entomological collections and museum records. These obser-
vations are susceptible to spatial bias with respect to their
collection effort (e.g. closer to roads, cities and protected
areas) and lack documentation of true absences of species
(Schulman et al., 2007; Rocchini et al., 2011). A geographic
bias in the sampling of species’ occurrences can translate into
a bias in the environmental space in which the species’ dis-
tributions are modelled. Thus, sample selection bias becomes
problematic when species are not sampled over the full range
of environmental conditions in which they occur (Phillips
et al., 2009; Peterson et al, 2011). As a result, spatially
biased sampling effort yields model estimates with increased
false negative rates (i.e. decreased sensitivity) (Tyre et al,
2003; Botts et al., 2011; Hanspach et al., 2011). For instance,
a region may have few occurrence records not because there
are truly only a few species in the area, but rather because
sampling effort has not been geographically and thus suffi-
ciently environmentally extensive (Fagan & Kareiva, 1997).

Although numerous authors have identified sample selec-
tion bias in presence-only datasets as a limitation to the
accuracy of species distribution models and subsequent
applications (Dennis & Thomas, 2000; Reddy & Ddvalos,
2003; Aratjo & Guisan, 2006; Hortal et al., 2008; Boakes
et al., 2010; Peterson et al., 2011), only more recently have
solutions been explored for identifying (e.g. herbarium bias;
Loiselle et al., 2008) or accounting for effort bias within the
modelling framework itself (Beale & Lennon, 2011; McInerny
& Purves, 2011; Fourcade et al., 2014). Schulman et al
(2007) generated a ‘collecting activity landscape’ (p. 1395)
based on the density of collecting localities and collecting
intensity at each locality for herbarium records in the Ama-
zon. Single collecting localities were then used to modify
estimates of species’ ranges such that adjusted range esti-
mates varied inversely with collecting activity. Bayesian
approaches (Eddy, 2004) incorporating collection activity in
species distribution model estimates have also been investi-
gated. Latimer et al. (2006) and Royle et al. (2007) demon-
strated a hierarchical framework incorporating spatially
explicit details such as the complexity of irregular sampling
intensity (termed ‘spatial coverage bias’ by Royle et al., 2007)
(see also Gelfand et al., 2003; Argdez et al., 2005; Latimer
et al., 2006; Ward et al., 2009; Di Lorenzo et al., 2011; Hui
et al., 2011; Golini, 2012). Bias correction features are avail-
able in Maxent, the widely used, machine learning approach
to species distribution modelling that uses presence/back-
ground data to generate model estimates (Dudik et al., 2004,
2007; Phillips et al., 2004, 2006). Both options take into
account sampling effort, which is then used to bias the selec-
tion of the background points (Phillips et al., 2009). The first
approach, the ‘bias-file’ feature, can be used to input a layer
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representing sampling effort (i.e. relative collection intensity).
Instead of randomly selecting the background points from
the study area, this option allows the program to select
points that reflect the sampling distribution of collection
effort; thus, selection of background points is subjected to
the same bias as the occurrence data. Syfert et al. (2013)
demonstrated the importance and efficacy of the bias-file
option within a Maxent framework and found that correct-
ing for bias had more of an impact on model fit than the
type of response curves permitted to train the model. The
second approach uses the occurrence localities of ‘target
groups’ (Phillips et al, 2009, p. 181) as the background
points when modelling the distribution of a species within
that particular target group. This approach assumes presence
data for all species within a target group are subject to the
same effort bias.

Similarly, Zaniewski et al. (2002) assessed the effects of
environmentally weighted distribution of pseudo-absences on
model estimates. Weighted pseudo-absence points performed
comparably to presence/absence estimates from generalized
additive modelling (GAM) (Hastie & Tibshirani, 1986) and
better than those from randomly generated pseudo-absence
points or using an ecological niche factor analysis (ENFA)
approach (Hirzel et al, 2002). In a related study, Engler
et al. (2004) used ENFA to estimate environmentally weighted
pseudo-absence data representing locations more likely to
contain true absences. They found this method improved
model predictions obtained from a generalized linear
model over those estimated using random pseudo-absence
points or via the ENFA inferred from presences only. Lobo
et al. (2010) presented a continuation of this approach
within a presence/absence framework using modelled esti-
mates of sampling bias to generate pseudo-absences for
GAM.

Despite their associated modelling challenges, presence-
only data represent a vast source of information on species’
distributions and biodiversity, especially when efforts to res-
ample an area in a systematic manner would be too costly
and/or labour-intensive. Online digital versions of presence-
only data [e.g. Global Biodiversity Information Facility
(GBIF)] are also becoming increasingly accessible (Graham
et al., 2004; Peterson et al, 2011). For instance, the GBIF
contains over 388 million biodiversity records from natural
history museum collections, insect collections, herbaria and
bird surveys with more than 340 million records georefer-
enced (GBIF, 2012), the majority of which are subject to
effort bias (Otegui et al., 2013). There remains a need, how-
ever, to further explore methods of accounting for sample
selection bias in a species distribution modelling algorithm
that explicitly adjusts model predictions within a more well-
known modelling framework. Providing additional avenues
to resolving this issue would represent an important step
towards better using these data for exploring questions
related to spatial patterns of biodiversity.

Given (1) the need to further address sample selection
bias in presence-only data sets used in species distribution
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modelling, (2) the extensive amount of presence-only data-
sets available world-wide, and (3) the increasing need for
accurate species distribution models for resource manage-
ment, the objectives of this study were to develop and exam-
ine the effectiveness of a framework of applying sample
weighting based on collection effort to account for sample
selection bias of presence-only data in species distribution
models.

METHODS

Estimating sample selection bias

The first step in accounting for sample selection bias was to
parameterize sampling effort. This was estimated in a man-
ner analogous to modelling a species’ distribution, but
instead considered ‘effort’ as a function of variables that
influence where experts and citizen scientists are likely to
search for particular species [e.g. target groups in Maxent
(Phillips et al., 2009)]. For this study, we used occurrence
data from the Alberta Conservation Information Management

Accounting for spatially biased sampling effort

System (acims) database, which tracks biodiversity in the
Canada (Fig. 1) (Government of
Alberta, 2012). Based on occurrence localities of rare (i.e.

province of Alberta,

NatureServe S1- to S3-ranked; NatureServe, 2013) species of
vascular plants, bryophytes and butterflies, the probability of
sampling was estimated for each taxonomic group across
Alberta using logistic regression (Keating & Cherry, 2004).
Occurrence data (as polygon shapefiles) were acquired
from acims (Government of Alberta, 2012), and the centroid
of each polygon was calculated to obtain point location data
(see e.g. Guisan & Zimmermann, 2000). Predictor variables
used to estimate sampling effort included road density,
Euclidean distance to roads, herbaria and insect collections
(i.e. locations of experts) and resource extraction sites [as
rare plant inventories are often conducted prior to extraction
activity in Alberta (PERG, 2009)], population density (Center
for International Earth Science Information Network, Inter-
national Food Policy Research Institute, the World Bank and
Centro Internacional de Agricultura Tropical, 2004), terrain
ruggedness (Evans, 2004) and protection status (binary)
(Government of Canada, 2008) (see Fig. S1 in Supporting
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Information). All of these factors were independent of the
environmental data later used to model species’ distributions.
A principal component analysis was conducted to remove
potential correlations between predictor variables, which
were stored as raster data at a resolution of 250 m. Rivers,
lakes and aquatic environments (Alberta Biodiversity Moni-
toring Institute, 2012) were omitted from the analysis by
applying a land mask to the variables. Random background
points [n = 10,000, as recommended by Barbet-Massin et al.
(2012)] were generated using the Geospatial Modelling
Environment (GME) (Beyer, 2012). All spatial information
and statistical analyses were processed using ArcMar 10
(ESRI, 2011) and Srtata 11 (StataCorp, 2009). See Fig. S2,
Table S1, and Appendix S1 for maps, model summaries, and
further discussion of sampling effort, respectively.

Simulating truth in GIS: Virtual species’ distributions

As model validation requires an independent testing dataset
(Peterson et al., 2011), evaluation of model performance of
bias-corrected model predictions requires a testing dataset to
be free of bias (e.g. derived instead from random, systematic
or stratified sampling). As we acknowledge that our AciMs
occurrence data were spatially biased in the first place (see
above), simulated species’ distributions were required to assess
this bias correction method. Several authors have generated
virtual species’ distributions to examine key methodological
questions related to species distribution modelling (Hirzel
et al., 2001; Dudik et al., 2005; Elith & Graham, 2009; Phillips
et al., 2009; Jiménez-Valverde, 2012; Li & Guo, 2013). See
Appendix S2, Fig. S3 and Table S2 for detailed methods on
this procedure. This ‘virtual ecologist’ approach (reviewed by
Miller, 2014) thereby allowed the ‘true’ species’ distributions
to be known, such that (1) random, independent test points
could be sampled to evaluate model performance, and (2) sub-
sequent model performance of biased and bias-adjusted mod-
els could be compared with ‘truth’ (i.e. random case).

Generating binary predictions and spatially biased
samples

As ‘truth’ was known (i.e. simulated) and sampling effort
had been estimated using logistic regression (i.e. effort mod-
els), we were able to subsample each virtual species in a
manner that reflected the effort bias in the acims database.
First, we used Geospatial Modelling Environment (GME) soft-
ware (Beyer, 2012) to generate 10,000 random points in
Alberta (one separate set for each taxonomic group) and to
query the value of the probability of presence at each point.
From these queried probabilities, binary predictions were
generated for three relative occurrence thresholds: common
(u—0o), rare (u+ o) and very rare (p+ 2c), where
p=mean and ¢ = SD of the probability of presence for
each individual taxon. Thus, presence/absence data were sim-
ulated for three virtual species for each taxon (i.e. one at
each relative occurrence threshold; nine species in total; Fig.
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S4). As a presence/background modelling framework was
desired for this study as a representative modelling approach
for presence-only data, absence data were omitted and three
new sets of random points (n = 10,000) were generated as
background data using GME.

Next, presence data were sampled in a biased manner such
that the probability of retaining an occurrence location was
based on the probability of sampling effort modelled for each
taxon. Biased sampling was performed using the ‘rbinom’
command in the statistical software package, R (R Core
Team, 2012). A random value was generated for each point
from a binomial distribution subject to the probability value
of the effort model at that location (UCLA Statistical Con-
sulting Group, 2012). This step represented collecting loca-
tion data for species, as is the case, for example, with data
for herbarium and museum collections. This biased sampling
procedure was replicated 100 times for each of the nine vir-
tual species — three taxonomic groups at three relative occur-
rence levels — with each replicate representing a unique set of
biased sampling points.

Species distribution modelling: Biased, adjusted and
‘truth’ models

Distribution of each species was estimated using logistic
regression in Stata (StataCorp, 2009). The same predictor
variables that were used to generate the virtual species’ distri-
butions, including any squared terms and/or interactions,
were used to estimate their distribution from biased samples.
Although this information is not available a priori under
normal circumstances other than following traditional model
selection procedures, it was used to examine the current
method of improving model estimates by accounting for
effort bias, not to study how bias may affect model selection.
Background points (n = 10,000) were selected at random
as indicated in the previous section. Therefore, the training
data consisted of presence locations, sampled in a biased
manner to reflect the effort model, and 10,000 background
points. Known presence locations were omitted if not selected
as part of the biased sample. Logistic regression was used to
estimate the distribution of each species under two scenarios:
a biased (naive) model and a bias-adjusted model. The latter
was achieved using the ‘pweight’ (prior sample weights)
option in Stata, which adjusts model estimates by weighting
sample points according to the inverse of the probability of
their inclusion in the sample (i.e. the effort model in this
case) (StataCorp, 2012). As a result, biased locations were
weighted, while the randomly sampled background points
were not adjusted. Frair et al. (2004) were successful in
employing a sample weighting approach to correct GPS collar
bias in resource selection function models. This procedure
was run for 100 iterations of each method (i.e. for each repli-
cate of biased presences) to preclude results due to chance.
Additionally, ‘truth’ was modelled for each species using
unbiased data. In this scenario, the known presence locations
generated by applying relative occurrence thresholds to
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random locations (i.e. prior to biased sub-sampling) and the
random background locations were modelled using logistic
regression with the same corresponding set of environmental
predictors as the biased and pweight-adjusted models for
each of the nine species. Only one iteration was required for
these truth models. It is important to distinguish modelling
‘truth’ in this step from the initial simulation of ‘truth’ out-
lined in the two previous sections. In the current step, ‘truth’
was modelled as a reference when evaluating the effectiveness
of the bias adjustment method described in the following
section (i.e. comparison of regression coefficients, model per-
formance).

Model evaluation: Was bias corrected?

As the goal of this study was to demonstrate that prior sam-
ple weights can be used directly in a modelling algorithm to
correct for spatial biases in sampling effort, we compared
model performance — area under the curve of the receiver
operating characteristic (ROC AUC) (Swets, 1988), sensitivity
and specificity (Allouche et al., 2006) — and regression coeffi-
cients across all three scenarios: biased, pweight-adjusted and
‘truth’. Miller (2014) highlighted the necessity of virtual spe-
cies in determining whether a given modelling approach
yields biased estimates, as indicated by significant differences
between regression coefficients for truth and the model in
question. Pearson’s product moment correlation coefficients
were also calculated as indices of similarity between model
outputs (biased, pweight-adjusted) and truth over 10,000
random points on the landscape. See Appendix S3 for details
on the model testing procedure.

The mean of regression coefficients, correlation coeffi-
cients, AUC, sensitivity and specificity was calculated over all
100 iterations for the biased and pweight-adjusted scenarios.
These values were compared with the truth scenario, for
which only one set of model evaluation statistics was
required as a further subset of points had not been sampled
(see previous section). Therefore, we used each truth layer
for (1) an independent testing set from which random loca-
tions could be sampled for model testing, and (2) unbiased
models to facilitate a comparison of regression and correla-
tion coefficients for our biased and pweight-adjusted models.

Comparison with Maxent: Bias file and target-group
background approaches

We also compared the prior-weight adjustment method in
logistic regression with the bias correction options available
in Maxent. For this analysis, we used the same occurrence
data (either random or biased) and environmental predictor
variables as described in the previous sections for logistic
regression. Species were modelled under four scenarios: truth
(i.e. random), biased, bias-file adjustment (using the same
effort models as were used in the prior-weight adjustment
approach) and target-group background adjustment (pooling
all biased data points for a given taxonomic group). In all

Diversity and Distributions, 21, 595-608, © 2014 John Wiley & Sons Ltd
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cases, linear, quadratic and product features were allowed for
model parameterization, the logistic output format was
selected, and regularization parameters were set to default.
Model evaluation, comprising comparisons of correlation
coefficients, AUC, sensitivity and specificity, was carried out
in the same manner as described in the previous section for
logistic regression.

RESULTS

Model estimates: Effects of effort bias and prior-
weight adjustment on logistic regression coefficients

Overall, logistic regression coefficients estimated from biased
data were significantly different (z-test; P < 0.0001) from
those obtained via random sampling (Table 1; Tables S3 &
S4; Figs S5-S7). In contrast, regression coefficients for
pweight-adjusted models did not differ significantly from
truth (at o/2 = 0.025 for two-way comparison of z-tests).
Minor exceptions to this trend for prior-weight adjustments
were observed for the common butterfly species, where sig-
nificant differences from truth were observed for B, weights
of mean annual temperature (z = 3.273, P < 0.001) and one
category of natural region (z = 4.319, P < 0.0001), as well as
the y-intercept (z = —4.260, P < 0.0001). Intercept terms
were, however, consistently lowest for biased models, thereby
resulting in lower overall predicted probabilities as compared
with pweight-adjusted and truth models (Fig. 2; Figs S8 &
S9) and decreased model sensitivity (see below). Fundamen-
tally, regression coefficients and resulting spatial distributions
were more consistent between truth and bias-adjusted mod-
els than biased models. Truth was thus effectively ‘recovered’
using the prior-weight adjustment method.

Across all three taxa, biased model estimates of regression
coefficients exhibited relatively greater deviation from truth as
relative occurrence increased. For instance, anomalies in biased
coefficient estimates for common species ranged from —466%
to 104% for vascular plants, —9863% to 144% for bryophytes
and —2323% to 2153% for butterflies. In contrast, deviation of
biased coefficient estimates from truth for very rare species
ranged from —49% to —2% for vascular plants, —36% to
—3% for bryophytes and —112% to —13% for butterflies. Fur-
thermore, deviation between pweight-adjusted estimates and
truth at common relative occurrence ranged from —9% to 1%
for vascular plants, —34% to 10% for bryophytes and —58%
to 100% for butterflies. At very rare relative occurrence for
prior-weight adjustment, deviation from truth was even less
with —5% to 1% for vascular plants, —4% to 1% for bryo-
phytes and —88% to —2% for butterflies. Thus, both the
requirement for bias correction and the resulting effect of
prior-weight adjustment increased with relative occurrence.

Model evaluation and comparison with Maxent

For both the logistic regression and Maxent approaches,
sensitivity among biased models was significantly lower
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Table 1 Model summaries from logistic regression analysis of the distribution of virtual vascular plant species at common, rare and very rare relative occurrence levels across three different

modelling approaches [random (i.e. truth), biased and pweight adjusted].
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Very rare

Rare

Common

Biased Adjusted Truth Biased Adjusted Truth Biased Adjusted

Truth

Variable

0.575 (0.011)
1.736 (0.008)
3.802 (0.018)
0.382 (0.007)
~9.349 (0.032)

10,066

0.315 (0.029) 0.241 (0.003) 0.314 (0.003) 0.603 (0.093) 0.458 (0.011)

0.062 (0.003)
0.195 (0.002)
0.428 (0.003)
0.058 (0.001)
~0.284 (0.003)

12,543

—0.025 (0.002)
0.400 (0.001)
0.647 (0.001)
0.013 (0.001)

—1.591 (0.002)

12,543

0.067 (0.016)
0.196 (0.019)
0.425 (0.018)
0.057 (0.015)
—0.281 (0.016)

18,177

CTI

1.703 (0.007)
3.549 (0.016)
0.196 (0.005)
—9.618 (0.027)

10,066

1.736 (0.139)
3.749 (0.262)
0.382 (0.094)
—9.258 (0.498)

10,128

1.451 (0.004)
2.449 (0.004)
0.575 (0.004)
—3.620 (0.005)

10,688

1.162 (0.003)
1.993 (0.003)
0.361 (0.003)
—4.139 (0.004)

10,688

1.452 (0.056)
2.449 (0.069)
0.571 (0.045)
—3.620 (0.077)

11,743

MAP
MAT

MAT x MAP

y-int

SEs (indicated in brackets) are of regression coefficient estimates for truth, whereas regression coefficients and SE of the mean are averaged over 100 runs (each representing a separate biased sample) for

the latter two approaches (biased and adjusted). Mapped outputs of predicted values from these results are shown in Fig. 2.

CTI, compound topographic index; MAP, mean annual precipitation; MAT, mean annual temperature.

(one-sample z-test; P < 0.05), respectively, for all species as
compared with truth (Table 2; Tables S5 & S6). Further-
more, decreased sensitivity among biased models increased
with relative occurrence across all taxa. In general, sensitivity
and specificity among adjusted models (either prior-weight
or bias-file adjustment) were not significantly different from
truth as compared with biased models at o/2 = 0.025 for
two-way comparison (logistic regression) and o/3 = 0.0167
for three-way comparison (Maxent) of z-tests. For the prior-
weight adjustment approach in logistic regression, exceptions
for which there was still a significant difference included sen-
sitivity and specificity for the common butterfly species and
very rare bryophyte species. For the bias-file approach in
Maxent, exceptions for which there was still a significant dif-
ference included sensitivity for the very rare bryophyte and
butterfly species and specificity for the rare bryophyte, com-
mon butterfly and common vascular species.

Area under the curve scores did not reveal consistent dif-
ferences among the scenarios (Table 2; Tables S5 & S6), with
nearly all models exhibiting very good discrimination for
each of the scenarios (Pearce & Ferrier, 2000). The only
exceptions were the target-group background models for
common bryophytes and butterflies, which are discussed
below. More meaningfully, however, with respect to examin-
ing the similarity of model outputs, pweight and bias-file
adjusted models were more significantly correlated with truth
than those obtained for biased models (Table 2; Tables S5 &
S6; Fig. 3; Figs S10 & S11). Two exceptions here were for the
bias-file adjustments of very rare bryophyte and vascular
plant species, which were marginally less significantly corre-
lated with truth than the biased case.

In our experiment, the target-group background approach
in Maxent yielded inconsistent impacts on model predic-
tions. In some cases, this approach resulted in similar model
adjustments as the bias file (e.g. common vascular species;
Table 2; Fig. 3). Conversely, for some species (e.g. common
bryophyte and common butterfly species; Tables S5 & S6;
Figs S10 & S11), the target-group background adjustment
yielded model estimates less consistent with truth than the
biased scenario.

DISCUSSION

Assessing the effectiveness of bias-corrected
presence-only species distribution models

Bias-corrected models based on prior weights of relative
sample probabilities correctly estimated the true logistic
regression coefficients of the virtual species’ distributions,
whereas unadjusted models demonstrated biases in regression
coefficients and notably the y-intercept, which was consis-
tently lower as compared with that of the ‘truth’ model, and
thus lower overall predicted probabilities. This denotes a
general decrease in sensitivity (i.e. higher false negative rate)
in models estimated from spatially biased occurrence data
(as reported by Tyre et al., 2003; Botts et al., 2011; Hanspach

Diversity and Distributions, 21, 595-608, © 2014 John Wiley & Sons Ltd
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Figure 2 Spatial distributions of logistic regression estimates for a common (a—), rare (d—f) and very rare (g—i) virtual vascular plant
species under random, biased and pweight-adjusted (left to right) modelling scenarios. Warmer colours indicate higher probability of
suitable habitat. See Table 1 for additional summary of model outputs and Table 2 for model evaluation.

et al., 2011) and the need for bias correction in interpreting performance, as indicated by the significant decrease in
environmental relationships using presence-only data. This sensitivity across all species, which was indicative of under-
was indeed the effect of biased sampling effort on model prediction of presences (Pearson, 2007). For the models
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Table 2 Model evaluation metrics for virtual vascular plant species at common, rare and very rare relative occurrence levels under different scenarios (logistic regression GLM: truth, biased

and pweight-adjusted; Maxent: truth, biased, bias-file adjusted and target-group background adjusted).
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Maxent

GLM

TGB adj.

Biased Adjusted Truth Biased Bias-file adj.

Truth

Vascular

0.9834 (0.0003)
0.9152 (0.0019)
0.9498 (0.0031)

0.9406 (0.001)

0.9904 (0.0002)
0.9756 (0.0013)
0.8651 (0.0045)
0.9852 (0.0003)
0.9984 (0.0001)
0.9792 (0.0012)
0.9803 (0.0002)
0.9973 (0.0001)
0.9982 (0.0001)
0.9909 (0.0009)
0.9688 (0.0004)
0.9425 (0.0012)

0.9600 (0.0004)
0.8080 (0.0006)
0.9253 (0.0009)
0.9101 (0.0006)
0.9975 (0.0001)
0.9342 (0.0014)
0.9899 (0.0002)
0.9954 (0.0001)
0.9990 (0.0001)
0.9644 (0.0017)
0.9899 (0.0002)
0.9803 (0.0005)

0.9963 (0.0027)
0.9700 (0.0171)
0.9700 (0.0171)

0.9950 (0.0004)
0.9549 (0.0039)
0.9237 (0.0095)
0.9965 (0.0003)

0.9238 (0.0003)
0.0599 (0.0003)
0.9934 (0.0009)
0.9135 (0.0008)
0.9988 (0.0001)
0.6485 (0.0338)
0.9939 (0.0007)
0.9492 (0.0003)
0.9985 (0.0001)
0.9198 (0.0026)
0.9927 (0.0004)
0.9717 (0.0009)

0.9973 (0.0016)
0.9600 (0.0196)
0.9600 (0.0196)

ROC AUC
Sensitivity
Specificity

Common

Pearson’s r

0.9974 (0.0001)

0.9985 (0.0011)
0.9800 (0.0140)
0.9800 (0.0140)

0.9997 (< 0.0001)
0.9908 (0.0007)
0.9899 (0.0009)
0.9993 (0.0001)
0.9991 (0.0001)
0.9789 (0.0013)
0.9825 (0.0009)
0.9968 (0.0004)

0.9997 (0.0003)
0.9900 (0.0099)
0.9900 (0.0099)

ROC AUC
Sensitivity
Specificity

Rare

0.974 (0.0013)
0.9628 (0.0006)
0.9883 (0.0002)

Pearson’s r

0.992 (0.0001)
0.9781 (0.0022)
0.9616 (0.0004)
0.8589 (0.0016)

0.9999 (0.0001)
0.9900 (0.0099)
0.9900 (0.0099)

0.9993 (0.0006)
0.9900 (0.0099)
0.9900 (0.0099)

ROC AUC
Sensitivity
Specificity

Very rare

Pearson’s r

Other than for truth, SEs (indicated in brackets) represent SE of the estimate averaged over 100 runs (each representing a separate biased sample). 200 independent test points (100 presences and 100

absences) were used to calculate ROC AUC, sensitivity and specificity (significant differences indicated in bold type). Pearson’s r correlation coefficient (comparing with truth) was calculated from

10,000 random points across the landscape. All correlations are significant at o = 0.05 (d.f. = 9998).

presented here, this observation is supported by lower regres-
sion coefficients and particularly lower B, values observed
for the biased models as compared with truth, as indicated
above. Despite higher logistic regression coefficients for some
environmental predictors, the drastically lower y-intercept in
each biased case was sufficient to yield under-predicted prob-
abilities of presence of suitable habitat among biased models.
As the majority of biased predicted values were therefore
absences, the false positive rate was lower and thus the true
negative rate (specificity) increased.

Asymmetry in biased model prediction errors also sup-
ports the assessment of model performance using sensitiv-
ity, specificity and their derivatives [(e.g. true skill statistic
(Allouche et al., 2006)] instead of the threshold-indepen-
dent AUC. As emphasized by Lobo et al. (2008) and
Jiménez-Valverde (2012), the appropriateness and usefulness
of AUC as an evaluation metric in species distribution
modelling is highly dependent on modelling objectives and
context. In particular, the use of AUC with presence/back-
ground evaluation data has been discouraged since doing so
violates AUC theory (Jiménez-Valverde, 2012; Miller, 2014)
and inflates both the number of false absences (Lobo et al.,
2008) and predictive accuracy for rare species (Boyce et al.,
2002; Phillips et al., 2009; see below for discussion of rela-
tive occurrence area). AUC is not necessarily an indicator
of goodness-of-fit, but is rather a discrimination index
(Lobo et al,, 2008). As a result, it does not take into
account probability values predicted by a given model, but
rather indicates whether the model predicts a given pres-
ence to have a higher probability value than an absence.
Thus, discriminatory power (i.e. high AUC score) is not
necessarily indicative of a well-fitted model and vice versa
(Lobo et al., 2008).

Although we applied AUC evaluation using presence/
absence test data in this case, the ability of the model to dis-
criminate correctly across all thresholds was not matched by
our results from the Pearson correlation analysis of the true
similarity of model outputs. Similar results were reported by
Fourcade et al. (2014), who evaluated their models using
AUC and three measures of correlation between model out-
puts. They found AUC to be an unreliable metric for detect-
ing model accuracy, noting that low AAUC between biased
and bias-corrected models was not reflected in a correspond-
ingly high degree of correlation between the two model
types. Similarly to our correlation results, Fourcade et al.
(2014) also noted that directly comparing model outputs
(via overlap in environmental and geographic space) was
more meaningful than AUC in evaluating the effectiveness of
each bias correction method in recovering unbiased estimates
of the species’ known distributions.

For our results, the importance of using bias-adjusted
models of species’ distributions varied depending on their
relative occurrence area (i.e. ratio between species’ occur-
rence and study extent) (Lobo et al., 2008) with the effect
being most pronounced for common species. This sug-
gests that spatially biased occurrence data may not be as
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Figure 3 Spatial distributions of Maxent estimates for a common (a—d), rare (e-h) and very rare (i-1) virtual vascular plant species

under random, biased, bias-file adjusted and target-group background adjusted (left to right) modelling scenarios. Warmer colours
indicate higher probability of suitable habitat. See Table 2 for model evaluation.

problematic for rarer species, especially those that are habitat
specialists (see also Phillips et al., 2009; Chefaoui et al.,
2011). In our study, this tendency likely had less to do with
contamination of background points, which was calculated
to be < 1% in each case, and can be further explained by the
fact that imposing our effort bias on common species
removed a greater proportion of presences as compared with
rare and very rare species. As emphasized by Lobo et al
(2008), different species occupy different proportions of a
given study extent (i.e. relative occurrence area). Thus, spe-
cies with a lower relative occurrence area will have a propor-
tionately larger number of absences in the region from

Diversity and Distributions, 21, 595-608, © 2014 John Wiley & Sons Ltd

which training and testing data are drawn. As a result, AUC
and specificity scores (as well as Pearson’s correlation com-
parisons presented here) become artificially inflated for rela-
tively rarer species, which appear to be more accurately
modelled than their counterparts with a greater relative
occurrence area. To this end, it is thus not entirely conse-
quential to make generalizations about the relative impacts
of bias and the requisite for bias correction based on relative
occurrence area. Li & Guo (2013) recently proposed alterna-
tive accuracy metrics (based on the F-statistic) for use with
presence/background test data that also facilitate threshold
selection and estimation of relative occurrence area.

603



J. Stolar and S. E. Nielsen

Tackling effort bias in species distribution modelling

Analytical techniques are needed to account for sample selec-
tion bias in presence-only modelling of species’ distributions
providing greater utility of increasingly accessible online pres-
ence data (Graham et al., 2004; Peterson ef al., 2011). Our
method is similar to that presented by Schulman et al.
(2007), who adjusted predicted values of species’ distributions
to vary inversely with sampling intensity by down-weighting
samples from locations of with higher sampling intensity.
Our approach has expanded on this method to directly adjust
estimates of species’ distributions within the statistical model.
Phillips et al. (2009) suggested such approaches when dealing
with spatially biased occurrence records, but noted the diffi-
cultly in implementing it when sampling effort is unknown.
We have demonstrated a technique for both estimating sam-
pling effort and using that information to adjust resulting
model parameters, inferences and model predictions.

Bias adjustment methods using prior weights of sampling
effort presented here are conceptually similar to the Factor-
BiasOut technique proposed for Maxent (Dudik et al., 2005).
Their approach estimates the product of the probabilities of
true species’ distribution and sample selection distribution
and subsequently uses Kullback—Leibler divergence (also
known as relative entropy) to estimate and factor out the sam-
ple selection distribution, thereby approximating the species’
distribution. The target-group background approach was
presented as an approximation of this method (e.g. Ponder
et al., 2001; Anderson, 2003) and further explored by Phillips
et al. (2009). They identified target groups as species within
the same broad taxonomic groups (e.g. vascular plants, birds),
for which collector expertise, method of collection and, subse-
quently, distribution of sampling effort would be the same —
analogous to our approach of modelling effort for broad
taxonomic groups. In their experiment, use of the target-group
background samples improved otherwise biased estimates of
species’ distributions, as measured by AUC. Their results sug-
gested that previous discrepancies between model performance
reported by Elith et al. (2006) were attributable to the presence
of biased data in the models such that differences attributed to
modelling algorithm were negligible once sample selection bias
was accounted for using target-group background points. Our
results did not show the same level of consistent improvement
when applying the target-group background approach (see
also Fourcade et al., 2014). Rather, our application of the
Maxent bias file using modelled sampling effort to bias back-
ground points yielded comparatively better bias correction. In
cases where Maxent is a more appropriate modelling algorithm
than logistic regression [e.g. for smaller sample sizes (Pearson
et al., 2007)], we recommend using the bias-file adjustment as
described here, particularly when the target group is not neces-
sarily large enough to yield an adequate number of back-
ground points.

As target-group background points can also include the
occurrence points of the species being modelled, Phillips
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et al. (2009) also examined the effects of removing the
‘contaminated’ background points [called ‘non-overlapping
background’ (p. 195)] from the model and found no differ-
ence in model performance. In light of the effectiveness of
their target-group background approach to dealing with
biased sampling effort, they noted their predictions
represented the realized species’ distributions and cautioned
against extrapolating model estimates to other regions or
environmental conditions not surveyed as part of the analy-
sis. The latter stipulation also applies to the sample weight-
ing approach presented here. Model adjustments based on
the spatial distribution of sampling were specific to the
region for which effort models were estimated.

CONCLUDING REMARKS

We saw the potential to further explore the issue of spatially
biased occurrence data in a well-known and highly flexible
GLM framework. This technique offers a potential alternative
to dealing with sample selection bias and thereby accounting
for one of several sources of uncertainty in species distribu-
tion modelling (Beale & Lennon, 2011; Rocchini et al,
2011). Given that prior-weight adjusted models had
improved model predictive accuracy and estimation of
regression coefficients and mapped predictions, we offer this
method for consideration when using presence-only data for
species distribution modelling. The method we have pre-
sented here is potentially widely applicable due to the wealth
of information available from online biodiversity databases
and the flexibility of the approach.
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Table S3 Model summaries from logistic regression analysis
of the distribution of virtual bryophyte species.

Table S4 Model summaries from logistic regression analysis
of the distribution of virtual butterfly species.

Table S5 Model evaluation metrics for virtual bryophyte spe-
cies.

Table S6 Model evaluation metrics for virtual butterfly spe-
cies.

Figure S1 Choropleth maps of variables used to estimate
spatially-biased sampling effort.

Figure S2 Mapped predictions of effort models.

Figure S3 Environmental predictors used to simulate distri-
butions.

Figure S4 Spatial distributions of virtual vascular plant,
bryophyte, and butterfly species generated.

Figure S5 Esimates of logistic regression coefficients for vir-
tual vascular plant species.

Figure S6 Estimates of logistic regression coefficients for vir-
tual bryophyte species.

Figure S7 Estimates of logistic regression coefficients for vir-
tual butterfly species.

Figure S8 Spatial distributions of logistic regression estimates
for a common, rare, and very rare virtual bryophyte species
under random, biased, and pweight-adjusted modelling sce-
narios.

Figure S9 Spatial distributions of logistic regression estimates
for a common, rare, and very rare virtual butterfly species under
random, biased, and pweight-adjusted modelling scenarios.

Figure S10 Spatial distributions of Maxent estimates for a com-
mon, rare, and very rare virtual bryophyte species under ran-
dom, biased, bias-file adjusted, and target-group background
adjusted modelling scenarios.
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Figure S11 Spatial distributions of Maxent estimates for a com-
mon, rare, and very rare virtual butterfly species under random,
biased, bias-file adjusted, and target-group background adjusted
modelling scenarios.
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