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ABSTRACT
Characterizing potential spatial overlap between federally threatened and endangered (“listed”) species distributions and
registered pesticide use patterns is important for accurate risk assessment of threatened and endangered species. Because
accurate range information for such rare species is often limited and agricultural pesticide use patterns are dynamic, simple
spatial co‐occurrence methods may overestimate or underestimate overlap and result in decisions that beneﬁt neither listed
species nor the regulatory process. Here, we demonstrate a new method of co‐occurrence analysis that employs probability
theory to estimate spatial distribution of rare species populations and areas of pesticide use to determine the likelihood of
potential exposure. Speciﬁcally, we 1) describe a probabilistic method to estimate pesticide use based on crop production
patterns; 2) construct species distribution models for 2 listed insect species whose ranges were previously incompletely
described, the rusty‐patched bumble bee (Bombus afﬁnis) and the Poweshiek skipperling (Oarisma poweshiek); and
3) develop a probabilistic co‐occurrence methodology and assessment framework. Using the principles of the Bayes’ theorem, we constructed probabilistic spatial models of pesticide use areas by integrating information from land‐cover spatial
data, agriculture statistics, and remote‐sensing data. We used maximum entropy methods to build species distribution
models for 2 listed insects based on species collection and observation records and predictor variables relevant to the
species’ biogeography and natural history. We further developed novel methods for reﬁnement of these models at spatial
scales relevant to US Fish and Wildlife Service (FWS) regulatory priorities (e.g., critical habitat areas). Integrating both
probabilistic assessments and focusing on USFWS priority management areas, we demonstrate that spatial overlap
(i.e., potential for exposure) is not deterministic but instead a function of both species distribution and land use patterns. Our
work serves as a framework to enhance the accuracy and efﬁciency of threatened and endangered species assessments using
a data‐driven likelihood analysis of species co‐occurrence. Integr Environ Assess Manag 2019;15:936–947. © 2019 SETAC
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Co‐occurrence

INTRODUCTION
Section 7 of the US Endangered Species Act (ESA)
requires federal agencies to submit a biological evaluation
(BE) if their actions may affect species protected by the ESA
(US Fish and Wildlife Service [USFWS] 2019). As the Agency
charged with registering pesticide products under the
Federal Insecticide, Fungicide, Rodenticide Act (FIFRA),
the US Environmental Protection Agency (EPA) also assesses
the potential risks to listed (threatened and endangered)
species under the ESA. In 2013, the National Academy of
This article contains online‐only Supplemental Data.
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Sciences (National Research Council 2013) recommended
using a 2‐step BE process. First, the Agency makes a “no
effect” or “may affect” determination for each listed species.
The initial determination is based primarily on the degree to
which there is spatial overlap between the pesticide use
area and distribution of listed species, represented by species range and critical habitat maps. For example, in recent
BEs issued by the USEPA, co‐occurrence of species habitat
and pesticide use area >0% (USEPA 2016a, 2016b) and
≥1% (USEPA 2016c) have both triggered “may affect” determinations. The second step is to reﬁne a “may affect”
determination to “may affect, not likely to adversely affect”
or “may affect, likely to adversely affect.” These determinations are based on toxicity and exposure information
using a weight‐of‐evidence approach. Either informal or
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formal consultation is required with the USFWS and
National Marine Fisheries Services (NMFS) in these cases
(USFWS 2018d).
Geospatial datasets are used to both deﬁne pesticide use
areas and species’ ranges. The recent interim approach used
by the USEPA and the USFWS and NMFS to establish the use
area for registered pesticides incorporated multiple years of
land‐cover data which accounts for crop rotation and classiﬁcation uncertainty, resulting in a multiyear composite crop
footprint (USEPA 2016a, 2016b, 2016c). This method is deterministic, concluding that a given use pattern is present if it
is detected in any of the multiple years of data. Similarly, a
deterministic representation of species ranges is used in the
co‐occurrence analysis. In both instances, the input datasets
are treated as binary presence or absence data, rather than as
continuous variables with probability distributions.
Accuracy of deterministic co‐occurrence analyses are affected by underlying errors and irregularities in datasets
used to estimate crop footprints. For example, the US
Department of Agriculture (USDA) National Agricultural
Statistics Service (NASS) Cropland Data Layer (CDL) (USDA
NASS 2017a) features more than 110 land‐cover classes, the
accuracy of which varies among states, crop cover types,
and years of the data product. For example, the accuracy for
corn (CDL Class 1) in Alabama ranges approximately 86% to
94% across available data years (i.e., 2008–2017). Moreover,
accuracy for the same class ranges about 70% to 98% across
different states in the most recent data year. For each cover
class, such errors may be related to both omission and
commission. Errors of omission are those in which the cover
type occurs but is misidentiﬁed as another class (e.g., when
an area of corn ﬁeld is classiﬁed as forest); errors of commission are those in which other cover types are misidentiﬁed as the type in question (e.g., when a forested area
is erroneously typed as corn) (Campbell and Wynne 2011;
USDA NASS 2017a).
Standard co‐occurrence analysis may also be affected by
limitations of deterministic species distribution data. Range
maps are often obtained from aggregated occurrence records
and derivative polygon data—for example, the FIFRA Endangered Species Task Force datasets (Brain et al. 2015) and
designated critical habitat of listed species (USFWS 2018a).
These products highlight areas of recent observation but may
underestimate species distribution extents if they do not
consider additional high‐quality habitat where inventory has
not been conducted. By contrast, they often feature polygons
arbitrarily generalized to greater ecosystem or political
boundaries, which may overestimate extent of occurrence.
These shortcomings may diminish regulators’ abilities to
protect listed species (Flather et al. 1998); they could also lead
to overly conservative management decisions that impact
land use with no beneﬁt to target species. These issues are of
particular concern for listed species whose distribution and
ecology are poorly known, or for whom detection is challenging, for example, terrestrial macroinvertebrates.
Several improvements to deterministic co‐occurrence
modeling have been proposed. In addition to the uncertainty
Integr Environ Assess Manag 2019:936–947
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of crop rotation considered by the EPA within the ﬁrst step of
the BE process, uncertainties associated with misclassiﬁcation
errors within the source data can be addressed in co‐occurrence analyses. Budreski et al. (2016) used a Bayesian approach to develop a probabilistic crop footprint to account
for misclassiﬁcation errors within best‐available land‐cover
datasets. The methodology incorporated 5 y of the CDL
dataset, which was used to determine the prior probability of
crop presence, along with the National Land Cover Database
(NLCD), which was incorporated to determine the posterior
probability of crop presence. The method assumes that the
percentage of actual area for crop of interest that maps to
each NLCD class would be approximately the same as the
percentage of cultivated crop (NLCD Class 82) reference area
that maps to other NLCD classes. For example, if a CDL map
pixel is classiﬁed as soybean (or any other crop) and the
NLCD classiﬁcation is open water, we assumed the probability that the pixel is correctly classiﬁed given the NLCD class
is equal to the probability that open water will be misclassiﬁed as cultivated crop. A ﬁnal step was a probability
correction using the USDA NASS reported crop acreages by
state and year. Since the development of these probabilistic
approaches, high‐resolution imagery and rapid remote‐
sensing processing have become more readily accessible
(e.g., the European Space Agency’s Sentinel‐2 satellite imagery at 10‐m resolution with a 5‐day global revisit period
became freely accessible in 2015). Research has shown that
object‐based image analysis (OBIA), which involves grouping
similar adjacent pixels together as image objects representative of geographic features of interest, is an effective
tool for delineating ﬁeld boundaries and other image‐based
objects (Ma et al. 2017). Using high‐resolution imagery and
OBIA,uncertainties associated with omission errors, commission errors, as well as spatial resolution, can be further addressed in crop footprint development.
Species distribution modeling (SDM) provides an opportunity to move beyond deterministic geographical assessments of listed species’ ranges (Hernandez et al. 2006).
These statistical tools combine species presence and absence data with information on climate, geography, and
ecology to make predictions about habitat suitability and
species occurrence. These models have proven their utility
for identifying and managing rare species populations
(Richardson et al. 2019). They have advantages versus the
use of static observation‐based data in that they may identify areas of suitable habitat for which survey data are
lacking. Such modeling approaches are an improvement
compared with conservative estimates of distribution that
generalize observations to encompassing political jurisdictions, such as county boundaries; however, their predictions can, in certain cases, also result in net increases
in estimated species ranges, for example, expanding into
suitable habitat previously not surveyed or occupied.
Maxent, a leading SDM software platform, relies on
presence‐only species data and employs a probabilistic
algorithm to predict species distributions (Phillips et al.
2017). Because Maxent can make accurate predictions

DOI: 10.1002/ieam.4191

© 2019 SETAC

938

Integr Environ Assess Manag 15, 2019—L Richardson et al.

based on relatively small sets of occurrence data, such as
those often encountered with rare species (Hernandez et al.
2006), it is well‐suited to the modeling of listed species
distributions.
Taken together, probabilistic approaches to use area
delimitation and SDM have the potential to make major
improvements to the regulatory process for pesticides for
listed species. The purpose of this research is to demonstrate a method to combine parallel‐use pattern and SDMs
in a probabilistic framework that allows regulators an enhanced assessment of the likelihood of proximal overlap.
We demonstrate these methods for a hypothetical soybean
insecticide and 2 insect species currently protected by the
endangered species act, the Poweshiek skipperling
(Oarisma poweshiek) and the rusty‐patched bumble bee
(RPBB [Bombus afﬁnis]), 2 species representative of the
apparent ongoing decline in arthropod pollinators (Rhodes
2018). Our results are compared with those of standard
deterministic assessments.
The Poweshiek skipperling historically occurred in midwestern tallgrass prairie and prairie fen habitats. Adult butterﬂies subsist on nectar from a variety of plants (Semmler
2010), but larvae feed on only a few species of host plants,
especially matted muhly grass (Muhlenbergia richardsonis)
and prairie dropseed (Sporobolus heterolepis) (Dupont
2011). Precipitous decline of Poweshiek skipperling populations was observed in the last decade of the 20th century
(Selby 2005; Dupont 2011), and the species was listed as
endangered by the USFWS in 2014 (USFWS 2018b). The
Service designated approximately 25 900 acres of critical
habitat in 56 units for the species in 2015 (USFWS 2015).
The RPBB was historically one of the most common bumble
bee species found in eastern North America, where it consumed nectar and pollen from a diverse array of host plants
in a wide variety of habitats, including forests, agricultural
lands, and areas of low‐intensity development (Medler and
Carney 1963; MacFarlane 1974; Williams et al. 2014;
Richardson et al. 2019). The bee abruptly disappeared from
nearly all of its former range in the mid to late 1990s, and
was listed as endangered in 2017 (Colla and Packer 2008;
USFWS 2017). A critical habitat designation for the RPBB has
not been made, but the USFWS identiﬁes 191 high potential
zones (HPZ) centered on recent observations where actions
by federal agencies require review under the assumption
that the bee is highly likely to occur (USFWS 2017). For both
insects, the causes of their declines remain somewhat unclear, and multiple, interacting threats, including pathogens,
habitat loss, and pesticide exposure, are thought to have
played a role.

METHODS
Crop footprint development
In this study, we model crop footprint of soybean, planted
annually on approximately 84 million acres of US farm ﬁelds
(USDA NASS 2017a), using 3 different methods: 1) a standard
deterministic crop footprint, consistent with methods
Integr Environ Assess Manag 2019:936–947

currently used by EPA within the ﬁrst step of the BE process
(USEPA 2016a, 2016b, 2016c); 2) a probabilistic crop footprint method incorporating approaches developed by
Budreski et al. (2016); and 3) modiﬁcation of the probabilistic
model with image objects by segmentation analysis of
high‐resolution sensing imagery to identify ﬁelds and other
image objects.
Deterministic crop footprint. We used the most recent 5 y
(2013–2017) of CDL data to create a 30‐m2 resolution soybean crop footprint. We included all cover classes that
featured soybean agriculture: soybeans (class 5), double
crop; soybeans/cotton (class 239), double crop; soybeans/
oats (class 240), double crop; corn/soybeans (class 241),
double crop; barley/soybeans (class 254). If a pixel was
classiﬁed as 1 of these types in any of the years, it was given
a value of 1; otherwise, the value was set to 0. This composite crop footprint thus captures all areas classiﬁed as
soybeans by CDL in any 1 of 5 y (2013–2017).
Probabilistic crop footprint. Following methods outlined by
Budreski et al. (2016), we generated posterior probabilities
of crop presence based on information from the CDL dataset for 5 y (2013–2017), the NLCD (2011), and the NASS
Quick Stats (2013–2017). This method assumes that the
probability of a pixel accurately representing cover as soybean is higher, lower, or unchanged based on the NLCD
class it coincides with. For example, CDL‐based soybean
pixels that coincide with NLCD‐based deciduous forest
pixels have a lower probability of actually being soybean on
the ground than CDL‐based soybean pixels that coincide
with NLCD‐based cultivated crop pixels.
A prior probability of crop presence was based on the
CDL accuracy assessment information by state, year, and
crop (USDA NASS 2017b). The prior probability was adjusted based on accuracy assessment information from the
2011 NLCD dataset (Wickham et al. 2017) by land‐cover
class using the principles of Bayes’ theorem, which is used
to update probabilities by incorporating additional evidence (Ott and Longnecker 2015). Lastly, crop probabilities were scaled at the state level by comparing against
NASS surveys of reported planted acres by crop (USDA
NASS 2017b).
Yearly probabilistic crop footprints were developed by
ﬁrst extracting crop classes for the crop of interest by year
from 5 y of CDL data. All CDL crop classes for soybean
described above were extracted to represent the initial crop
footprint. Next, the CDL‐based soybean data were overlaid
with 2011 NLCD data. The CDL soybean class (i.e., 5 for
soybean) and NLCD class (i.e., 82 for cultivated crops) were
preserved for each pixel, allowing for the Bayes’ calculation
on a pixel basis.
The pixel‐level probability by year was based on the reported accuracy for individual CDL soybean classes and
NLCD classes, and is described in detail by Budreski et al.
(2016). Brieﬂy, following Bayes’ theorem, the relationship
between prior and posterior probability was deﬁned as:
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p (soy | nlcd)
=

p (soy) ∙ p (nlcd | soy)
p (soy) ∙ p (nlcd | soy) + p (soy′) ∙ p (nlcd | soy′)

where p (soy | nlcd) = posterior probability that a pixel is
soybean; p (soy) = probability a given soybean pixel in
the class was correctly classiﬁed; p (soy′) = probability a
soybean pixel in the class was a false; p (nlcd | soy) = conditional probability of mapping a pixel to any other NLCD
class, given that the pixel is actually correctly identiﬁed as
soybean; and p (nlcd | soy′) = conditional probability of
mapping a pixel to any other NLCD class, given that the
pixel is incorrectly identiﬁed as soybean. The p (nlcd | soy)
(Supplemental Data Table S1) and p (nlcd | soy)’ (Supplemental Data Table S2) are derived from the published
accuracy assessment information from the NLCD database
(Wickham et al. 2017). When CDL user’s accuracy and CDL
commission error values were not reported in the published
metadata (i.e., 0.001% of pixels), we applied a probability of
0.5 to p(soy) and p(soy’).
Following initial posterior probability calculations, probabilities were adjusted to meet statewide reported crop acreages. Posterior probability‐weighted statewide acreages of
soybean were calculated and compared with NASS‐reported
soybean acreages by year (USDA NASS 2017b). Where posterior probability‐weighted acreages were within the 90%
conﬁdence interval of NASS‐reported soybean acreages by
year, pixel‐level posterior probabilities were unchanged.
Where posterior probability‐weighted acreages, by state, were
above the 90% conﬁdence interval of NASS‐reported soybean
acreages, pixel‐level probabilities were adjusted down based
on the ratio of NASS‐reported state acreage to posterior
probability‐adjusted CDL acreage for the year and state.
Where posterior probability‐weighted acreages were below
the 90% conﬁdence interval of NASS‐reported soybean acreages, nonsoybean pixels for the target year that are classiﬁed
as NLCD class 82 pixels and soybean in at least 1 other year
(2013–2017) were extracted. The posterior probability for
these extracted pixels was adjusted from 0 to a probability
calculated as Budreski et al. (2016):
([NASS State acreage] − [posterior probability − adjusted CDL acreage])
([NLCD Class 82 nonsoybean − acreage])

Finally, to account for crop rotation and variability in land use
with time, adjusted posterior probability pixels were averaged
across all target years (2013–2017). There are limited cases
where pixels that were classiﬁed as soybean in at least 1 y have
an average adjusted posterior probability of zero, for example,
when p (nlcd | soy) is zero (Supplemental Data Table S1). As a
conservative measure, all pixels that were originally classiﬁed as
soybean in any single year based on the CDL data and that
have an average adjusted posterior probability of zero were
assigned a probability of 0.0001. This ﬁnal adjustment ensures
that any pixels originally classiﬁed as soybean are included as
potential pesticide‐use sites in subsequent analysis.
Integr Environ Assess Manag 2019:936–947
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Probabilistic crop footprint with image objects. As a case
study, we sought to further improve the accuracy of the
probabilistic crop footprint by summarizing 10‐m resolution
pixel‐based probabilities within discrete delineated ﬁelds for
2 habitat zones in Illinois and Wisconsin where RPBB populations persist. We did so by downscaling the crop footprint
model to 10‐m resolution, then segmenting Sentinel‐2 satellite
imagery into image objects and comparing them to a subsample of manually delineated reference ﬁelds. For each year
of the study for which Sentinel‐2 imagery is available
(2015–2017), we selected a single image featuring low percentage cloud cover and high contrast between apparent
ﬁelds. The selected imagery was then processed by FarmShots.com into Soil‐Adjusted Vegetation Index (SAVI) images
(Huete 1988). Images were composited into a single‐raster
dataset for each study area and segmented using the segment
mean shift tool in ArcGIS with multiple combinations of the
spectral detail, spatial detail, and minimum‐size parameters
(ESRI 2017).
The reference ﬁeld borders were derived by generating
randomly placed points within the study area and manually
delineating any crop ﬁelds where those points were generated, using the Sentinel‐2 SAVI images as reference. The
agreement between the reference and modeled boundaries
was evaluated by comparing the degree of segmentation in
the modeled boundaries to the reference ﬁelds, with reference crop ﬁelds being classiﬁed as “over‐segmented”
(i.e., uniform ﬁelds having been segmented into multiple
polygons), “under‐segmented” (i.e., multiple distinct ﬁelds
having been combined as 1 polygon), or “match” (i.e., where
results of segmentation closely mirror our manually delineated ﬁelds) (Figure 1). Validation of the ﬁeld borders
shows that 71% of delineated ﬁeld borders either matches
the reference ﬁelds or matches them and maps additional
ﬁeld subobjects as well.
The ﬁnal segmentation results in image objects that represent ﬁelds, subﬁelds, and other continuous land‐use areas.
While matching segmentation is desired, a ﬁnal segmentation that reduced the amount of undersegmentation
was selected. Assuming that the land use is consistent
across image objects, and pixels within them have the same
likelihood of depicting soybean agriculture, probabilistic
predictions of soybean occurrence were averaged across
all such pixels within image objects for the 2 selected
RPBB habitat areas, which are described in the following
section.
Species distribution modeling
We used Maxent software (Phillips et al. 2017) to construct probabilistic SDMs for each species. We then conducted a reﬁned assessment of occurrence probability for
the RPBB for 2 HPZs, 1 near Peoria, Illinois, and the other
centered on Madison, Wisconsin. We chose to focus on
these HPZs due to their inclusion of a range of land‐cover
types, including soybean agriculture. We focused our analysis of Poweshiek skipperling distribution on a large area of
current habitat in North Dakota and South Dakota.
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Figure 1. Example of image segmentation in which validation segment has been classiﬁed as match (blue), undersegmented (red), and oversegmented
(yellow) in the validation process.

Independent (predictor) variables. We downloaded 19
global, gridded climate models (the Bioclim bioclimatic
variables) and solar radiation grids for June to September
from Worldclim at 30‐arc‐second resolution (i.e., pixel size
~1 km2 at the equator). We obtained remote‐sensing data
products on vegetation and land surface attributes of potential importance to insects from the Copernicus Global
Land Service, including dry matter productivity, fraction of
green vegetation cover, leaf area index, normalized difference vegetation index (a measure of greenness of vegetation), and soil water index. From the US Geological Survey
Land Cover Institute, we obtained digital elevation model
and global land‐cover grids (Supplemental Data Table S3).
As predictor variables, we also created SDMs for habitats
and host plants of particular importance to the Poweshiek
skipperling. We downloaded 7,093 occurrence records
for its 2 primary larval host plants (M. richardsonis and
S. heterolepis) (Selby 2005; Dupont 2011; Pointon 2015;
USFWS 2018b) from the Global Biodiversity Information Facility (GBIF 2018a, 2018b), Integrated Digitized Biocollections
(iDigBio 2018a, 2018b), and iNaturalist (iNaturalist 2018a,
2018b). After processing to remove records that had obvious
data quality problems (e.g., erroneous location information) or
lacked georeferencing, clipping to the Midwest US region
where the butterﬂy occurs and ﬁltering to retain only 1 record
per collecting event, our dataset contained 33 M. richardsonis
and 324 S. heterolepis records. To construct distribution
models for the midwestern tallgrass prairie and prairie wetland habitats to which this species is restricted (Dupont 2011;
USFWS 2018b), we downloaded 1720 iNaturalist records of
observations of wild organisms for which the observer had
recorded the words “tallgrass prairie” and “prairie fen,” respectively, in the description ﬁeld of the record. After ﬁltering
as described above, our dataset contained 1160 tallgrass
prairie and 50 prairie fen records. Distribution models for
these host plants and habitats were constructed using Maxent
software and roughly following the methods described below
for the insect species that are the focus of this study.
Using ArcGIS 10.5.1, we clipped all predictor layers to
eastern North America, which we deﬁned as the states and
provinces east of or crossed by the 100th meridian. All layers
Integr Environ Assess Manag 2019:936–947

were set to the WGS84 geographic projection and reprojected to 30 arc‐second grid cell size.
Dependent variables. We used a subset of recent occurrence
records from the Bumble Bees of North America database
(Williams et al. 2014; Richardson 2018) to construct an SDM for
the RPBB. Our initial dataset spans the period 1998 to 2018 (we
excluded older records because the species’ range has shifted
so dramatically) and was comprised of 1372 records. We used R
package dplyr (Wickham et al. 2018) to ﬁlter this data, retaining
only 1 record per collecting event (unique combination of observer or collector name, date, and geographic information). To
reduce spatial bias in the distribution of RPBB observations (e.
g., representing bias in areas where collectors work) we used
the R package spThin (Aiello‐Lammens et al. 2015) to further
reduce the dataset so that all points were separated by
≥10 km. Our ﬁnal dataset contained only 238 records of the
original 1372.
We downloaded Poweshiek skipperling occurrence
records from GBIF (n = 726), iDigBio (n = 212), Symbiota
Collection of Arthropods Network (Gries et al. 2014) (n =
574), and Biodiversity Information Serving Our Nation
(BISON 2018) (n = 633). We also digitized and georeferenced records from the literature (n = 242) (Borkin 1995;
Schlicht 1997; Swengel and Swengel 1997, 1999, 2014;
Selby 2008; Schlicht et al. 2009; Semmler 2010; Swengel
et al. 2010; Dupont 2011; Calhoun 2013; Slaughter et al.
2013; Pointon 2015).
Model selection. We modeled distribution of the RPBB and
Poweshiek skipperling using Maxent software and following a set of best practice methods to select the best‐ﬁt
model that uses the fewest predictor variables and minimizes correlation among these predictors (Yost et al. 2008;
Araújo et al. 2019). For each species, we ﬁrst constructed
models containing all bioclimatic, geophysical, and land‐
surface predictor layers, plus the ecological variables described above. We used averaging of 5 models specifying
replication via the cross‐validation method and applied the
cloglog transform to the output (Phillips et al. 2017). We
then used the jackknife test of variable importance to
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evaluate each predictor variable’s contribution to the
model, removing at each step the variable with lowest
contribution to model performance, as well as any others
with ≤1% contribution to performance. Employing expert
biological opinion and following the principal of parsimony, we selected ﬁnal models as those with the smallest
number of predictor variables that were similar to full
models in average training gain, and whose predictor
variables were not strongly correlated (Pearson correlation
coefﬁcient ≥0.8). We created 10 repetitions of ﬁnal models
and used the average prediction as an estimate of likelihood of species occurrence in our co‐occurrence analyses. As relative measures of model ﬁt, we report the
regularized training gain and area under the curve (AUC)
statistics. In our co‐occurrence analysis we used the full
range of values in the species distribution predictions (i.e.,
probability 0–1); however, we note that Maxent outputs are
often truncated at an arbitrary threshold below which the
predictions are not considered meaningful. In estimating
areal extent of our SDMs, we applied a threshold where
pixels with predictions <0.25 were not considered.
Species distribution model reﬁnements. Because range‐
wide SDMs may not capture ﬁne‐grained spatial structure to
habitat suitability, we reﬁned the prediction developing
10‐m resolution models to better reﬂect the value of certain
land‐cover attributes to the RPBB, especially those related
to edge habitats between adjacent cover types (Szymanski
et al. 2016). For 2 HPZs in Illinois and Wisconsin we generated a high‐resolution (10‐m ground sample distance)
land use/land cover (LULC) map using Sentinel‐2 imagery
taken during 6 dates in 2018. Mapping LULC consisted of
segmenting imagery into self‐similar “image objects” and
selecting ancillary imagery for use in machine learning to
detect statistical thresholds derived from the image objects
that are useful in distinguishing LULC types. The image
objects were derived from imagery acquired from 6 dates
and processed into normalized difference water index, SAVI,
and average brightness layers (McFeeters 1996) (Supplemental Data Table S4). These 3 were then composited and
segmented using the segment mean shift tool in ArcGIS.
Training samples to be used to classify the image objects
were selected by randomly placing points within each study
area and selecting proximate exemplary pixels that best
matched the target categories (water, tree, crop, low vegetation, developed low, developed high). The training pixels
were assigned values from the full stack of images collected
for each HPZ. These values were then used to train a support vector machine classiﬁer in ArcGIS, which builds a
multidimensional spatial model based on the full stack of
images and generates envelopes of the classes based on
the training values. Image objects are then assigned LULC
classes based on their similarity of spectral signatures to the
multidimensional envelopes. We assessed the accuracy of
the land cover classiﬁcation by placing 400 points randomly
within each study area and generating a confusion matrix
between the map and the manually assigned class. Results
Integr Environ Assess Manag 2019:936–947
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show that the overall accuracies for the Illinois and
Wisconsin HPZs are 84% and 74%, respectively. We also
attempted to classify woody and herbaceous wetlands, but
due to the difﬁculty of sensing soil moisture under thick
vegetative cover and assessing the accuracy of the classiﬁcation from imagery interpretation alone, we instead
mapped these features using National Wetland Inventory
data (USFWS 2018c).
We then reﬁned the SDM by downscaling to 10‐m resolution and adjusting the value of the pixels within the HPZs
based on the composition of LULC types and the density of
borders between LULC types within each pixel. We ﬁrst
summarized LULC composition and border type density in
500‐m neighborhoods (a distance from the nest at which most
bumble bee foraging takes place) (Greenleaf et al. 2007); then
we weighted the areas and distances based on the literature
and our expert opinion (MacFarlane 1974; Richards 1978;
Svensson et al. 2000; Kells and Goulson 2003), producing
habitat value adjustment scores (Supplemental Data Table
S5). For example, edge habitats we estimate to be of lesser
value to RPBB, such as those where grasslands abut areas of
intensive development resulted in adjustment of our predictions by +2%, whereas those known to be a key habitat
component for this species, such as grassland–forest ecotones, resulted in pixel adjustment by +10% (Supplemental
Data Table S5). The habitat value adjustment scores were
limited to increasing or decreasing the values of the SDM by
1% for LULC cover classes and increasing it by up to 10% for
border habitat density. In the Wisconsin HPZ this resulted in
some pixels with probabilities >1, so we normalized the SDM
by dividing each pixel by the maximum probability.
Co‐occurrence analysis
We completed co‐occurrence analyses based on both deterministic and probabilistic methods. To do this, we downscaled ﬁnal models of crop footprint and species distribution
to the lowest raster resolution used in either. We then calculated the product of the crop footprint and species distribution layers to determine overall probability of co‐
occurrence. For the deterministic approaches, the probability
of pesticide use and species locations is based on presence
(probability of 1) and absence (probability of 0), whereas the
probabilistic methods result in probabilities ranging from 0 to
1. For the probabilistic approach, we also evaluated the distribution of crop footprint probability across species distribution probability. Because we did not calculate uncertainty
parameters around our probabilistic estimates, this method
resulted in single co‐occurrence predictions for each pixel. To
estimate the total area where listed species co‐occur with
soybean agriculture, we summed the product of co‐occurrence probability and pixel area.

RESULTS
Crop footprint comparison
The average annual area of planted soybean in the United
States from 2013 to 2017 was 84 181 400 ± 1 786 126 acres
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(USDA NASS 2017b). Using deterministic methods, we estimate soybean crop footprint is more than twice as large (184
292 493 acres) as the average amount of NASS‐reported
soybean acreage grown in the last 5 y. The weighted probabilistic crop footprint results in a total soybean acreage of
82 599 900 acres, 98.1% of the NASS statistic.
Species distribution modeling
The full model for the RPBB had a regularized training gain
of 2.576 ± 0.032 (95% CI) and an AUC of 0.967 ± 0.007
(Supplemental Data Figure S3 and Table S6). After 7 modeling
iterations, the species’ distribution was best described by a
6‐variable ﬁnal model, including soil type, soil moisture, temperature and precipitation in summer months, September solar
radiation, and LULC (training gain = 2.239 ± 0.031; AUC =
0.959 ± 0.014; Table 1). LULC categories with the strongest
predictive power (whether negative or positive) included those
associated with developed areas, croplands, broadleaf forests,
and water bodies. We predict RPBB occurrence in 56.6%
(i.e., 5824 acres where mean prediction ≥0.25) and 46.6%
(41 814 acres) of the area of our target HPZs in Illinois and
Wisconsin, respectively (Figure 2).
The full model for distribution of the Poweshiek skipperling had a regularized training gain of 3.554 ± 0.040
(95% CI) and an AUC of 0.987 ± 0.005 (Supplemental Data
Figure S3 and Table S6). The best‐ﬁt model was arrived at
after 7 iterations included the predictor variables for both
host plants and habitat types, as well as soil type, LULC,

temperature of the warmest quarter, precipitation of the
wettest quarter, and vegetation greenness (training gain =
3.267 ± 0.053; AUC = 0.985 ± 0.011; Table 1).
Comparison of co‐occurrence results
We evaluated species–pesticide use co‐occurrence in a
step‐wise approach based on reﬁnements to both constituent
datasets (Table 2). The deterministic crop footprint and
species ranges resulted in the highest co‐occurrence across all
species locations evaluated. For the Poweshiek skipperling,
the deterministic approach resulted in 61.07% co‐occurrence
across the entire USFWS species range (5 311 447
acres). The co‐occurrence reduced by more than half by
incorporating the probabilistic crop footprint (27.70%; 2 409
154 acres) and further reduced to 9.07% (786 796 acres) by
also incorporating the probabilistic SDM.
Similar to the Poweshiek skipperling, co‐occurrence was
highest using the fully deterministic approach for both the
Illinois RPBB HPZ (23.54%; 1385 acres) and the Wisconsin
RPBB HPZ (5.32%; 2559 acres) (Table 2). Co‐occurrence
results for the Wisconsin RPBB HPZ reduced incrementally
with each reﬁnement resulting in a co‐occurrence of 1.25%
(600 acres). Co‐occurrence results for the Illinois RPBB HPZ
followed a similar trend, except the ﬁnal reﬁnement incorporating both the probabilistic crop footprint with image
objects and the adjusted probabilistic SDM. In this case,
adjusting the SDM with land cover reﬁnements resulted in a
5.73% co‐occurrence (337 acres), an increase compared

Table 1. Biogeographic and ecological variables explaining best‐ﬁt species distribution models of the rusty‐patched bumble bee and
Poweshiek skipperling
Species

Variable

Percent contribution

Permutation importance

Rusty‐patched bumble bee

Soil type

27.3

3.3

Maximum temperature, warmest month (BIO5)

23.7

29.4

Solar radiation (September)

20.0

42.5

Precipitation, warmest quarter (BIO18)

11.4

19.4

Soil water index

8.9

4.1

Land use/land cover

8.6

1.3

33.1

21.8

Sporobolus heterolepus distribution

29.2

40.0

Muhlenbergia richardsonis distribution

26.1

3.5

Soil type

2.7

1.9

Mean temperature, warmest quarter (BIO10)

2.1

3.3

Tallgrass prairie distribution

1.9

4.2

Land use/land cover

1.8

0.1

Precipitation, warmest quarter (BIO16)

1.7

23.3

Normalized Difference Vegetation Index

1.4

1.9

Poweshiek skipperling

Prairie fen distribution

Note: Percent contribution is the relative increase in training gain of the model contributed by each variable. Permutation importance is a measure of model
performance when each variable is randomly permuted on occurrence points (both presence points and background points) used to train the model. See
Supplemental Data Table S3 for information on variables.
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Figure 2. Species distribution models for rusty‐patched bumble bee in 2 high potential zones in Illinois and Wisconsin and for the Poweshiek skipperling in a
large area of current habitat in North Dakota and South Dakota. Maps show deterministic and probabilistic model outputs for each species, and reﬁned
probabilistic results for the RPBB. Scale: Wisconsin RPBB = 1:910 000; Illinois RPBB = 1:250 000; skipperling = 1:5 900 000. Blue = water bodies. SDM = species
distribution model; RPBB = rusty‐patched bumble bee; HPZ = high potential zone. Deterministic models were developed by US Fish and Wildlife Service.

with the probabilistic crop footprint and probabilistic SDM
method (5.03% co‐occurrence) and the probabilistic crop
footprint with image objects and probabilistic SDM method
(4.99% co‐occurrence). Most of the area within the RPBB
HPZs evaluated has a combined probability of less than 0.25
using the fully reﬁned probabilistic method (Figure 3).
The distribution of co‐occurrence was evaluated across
soybean crop footprint probability and species presence

probability using the fully reﬁned methodology within the
RPBB HPZs (Figure 4). RPBB was signiﬁcantly more likely to
occur in the Wisconsin HPZ than the Illinois HPZ. The Illinois
RPBB HPZ had a greater proportion of area with a soybean
crop footprint probability >0.5 (7.2%) than the Wisconsin
RPBB HPZ (0.1%). Using these distributions, the total area
exceeding speciﬁc probability thresholds can be evaluated. For instance, 1.6% of the Illinois RPBB HPZ area and

Table 2. Percent co‐occurrence between each of 2 endangered species and areas of soybean agriculture, using 5 combinations of
deterministic and probabilistic modeling techniques
Co‐occurrence (%) by method

Species/location

Deterministic crop
footprint &
deterministic
species range

Probabilistic crop
footprint &
deterministic
species range

Probabilistic crop
footprint &
probabilistic SDM

Probabilistic ﬁeld
footprint & SDM

Probabilistic
ﬁeld footprint &
adjusted SDM

Poweshiek (entire range)

61.07

27.70

9.05

N/A

N/A

RPBB (IL HPZ)

23.54

11.13

5.03

4.99

5.73

5.32

1.74

1.43

1.30

1.25

RPBB (WI HPZ)

HPZ = high potential zone; IL = Illinois; RPBB = rusty‐patched bumble bee; SDM = species distribution model; WI = Wisconsin.
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Figure 3. Kernel density estimates for probability of crop footprint and rusty‐
patched bumble bee co‐occurrence in 2 US Fish and Wildlife Service high
potential zones in Illinois and Wisconsin. Bars = histogram of data combining
values for both HPZs. HPZ = high potential zone.

0.1% of the Wisconsin RPBB HPZ area have both soybean
crop footprint and species presence probabilities >0.5.

DISCUSSION
We have demonstrated that a probabilistic assessment of
crop growing areas and species distributions can reﬁne the
co‐occurrence analysis used in EPA Biological Evaluations
and USFWS Biological Opinions to assess likelihood of co‐
occurrence. We report that both probability‐weighted crop
and species occurrence areas are substantially smaller than
areas calculated using deterministic methods, and show
consequent estimates of co‐occurrence likelihood are lower
on a per‐area basis than estimates calculated using deterministic methods.

Figure 4. Co‐occurrence distribution within selected rusty‐patched bumble
bee high potential zones using the probabilistic crop footprint and species
distribution models. Values are scaled according to the cumulative area they
represent in each of the 2 HPZs. HPZ = high potential zone; RPBB = rusty‐
patched bumble bee.

Integr Environ Assess Manag 2019:936–947

Using Bayesian approaches to detecting areas of soybean
agriculture, we estimated the US soybean crop area at 98.1%
of the area reported by annual USDA statistics, and within the
error bounds of the reported area. By contrast, our deterministic assessment substantially overestimated soybean
crop footprint relative to reported NASS statistics, a result
that affects interpretation of co‐occurrence assessments. This
overestimate may be due to the fact that we accepted as
soybean any of 5 cover types associated with that crop in any
of 5 y. In reality, in the Midwest US, soybean is often grown in
rotation within and between years with other crops (Karlen
et al. 2006), reducing potential spatial and temporal overlap
between a particular pesticide use and a listed species. The
deterministic crop footprint may also exaggerate the extent
of the use pattern by inclusion of frequent errors of commission and omission for soybean in the CDL (Budreski et al.
2016). Using a probabilistic approach and incorporating
NLCD data as an additional line of evidence reduces such
errors of commission, and averaging probabilities across
image objects that are ﬁeld or subﬁeld areas reduces errors
of omission (Supplemental Data Figures S1 and S2). Combining probabilistic crop footprint and species occurrence
models, we conclude that co‐occurrence probability is
seldom above 0.5 (Figure 3) and is substantially lower within
focal species areas than assessed by deterministic methods,
at least for our example species (Table 1). It is interesting to
note that our probabilistic co‐occurrence is a product of 2
probability distributions (i.e., those for crop footprint and
species distribution), but we have not explored consequences for risk assessment of relative magnitude of each
parameter. For example, if probability of both crop and
species occurrence = 0.5, then co‐occurrence probability =
0.25, yet this same co‐occurrence probability may also be
obtained if 1 parameter = 0.9 and the other = 0.28. In evaluating probabilistic co‐occurrence assessments, analysts
should consider whether the underlying likelihood that a rare
species occurs matters to the interpretation of combined
probability. This may depend on biology of the species under
review, or it could be inﬂuenced by conﬁdence in either of
the probabilistic assessments that underlie the co‐occurrence
analysis.
Our analysis is improved in accuracy compared with previous crop and species modeling efforts by use of novel
methods. For crops, we extend the methodology of Budreski
et al. (2016) by using segmentation of high‐resolution
remote‐sensing imagery to identify boundaries and reﬁne
image objects such as ﬁelds. We also incorporate new
methods to account for error and uncertainty in the land
cover datasets on which these analyses depend.
For rare species, our models considered ecological parameters not typically investigated in risk assessments, including spatial distribution of food resources (i.e., host
plants). Other studies have demonstrated the utility of incorporating species interactions in insect SDMs (Lemoine
2015), and our study suggests that co‐occurrence assessments can be improved by better attention to such species
life‐history traits. We further reﬁned distribution models for
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the RPBB by incorporating information on spatial patterning
of local land cover variables. Bumble bees are known to use
diverse habitat types for nesting, forage, and hibernation
habitats (Goulson et al. 2010; Richardson et al. 2019), and
recent RPBB observations have been made in open woodlands and areas marked by human disturbance, including
suburban parks, meadows, and gardens (USFWS 2018d).
Available evidence suggests that the RPBB nests in crop
ﬁelds, grasslands, parks, and areas of low‐intensity development (Medler and Carney 1963; MacFarlane 1974).
Bumble bees may be particularly attracted to ecotones or
linear edge features where land use/land cover types meet
(Richards 1978; Sjödin et al. 2008; Diaz‐Forero et al. 2013),
and there is evidence that edge types vary in their value to
bumble bees (Svensson et al. 2000; Kells and Goulson
2003). Ecotones (e.g., ﬁeld borders) are a fundamental
component of landscapes dominated by agriculture, and
our model reﬁnements based on previous research and
expert opinion improved co‐occurrence predictions in
these areas.
We highlight several caveats regarding interpretation of
this study. First, the methods described here are more
complex and data‐intensive than those used in deterministic assessments. To address this, we recommend
the development of standardized Bayesian tools for handling large spatial datasets and species occurrence data.
Second, our SDMs were improved by incorporation of
expert knowledge of the species’ biology, but with the
great diversity and number (>1500) of listed US species, it
is not realistic to expect this will be possible in every co‐
occurrence analysis. Consequently, we recommend that
the endangered species assessment is required to identify
those aspects of species biology that, when considered,
improve probabilistic co‐occurrence analysis. Probabilistic
co‐occurrence modeling methods have clear utility in risk
assessment, and we recommend their adoption to improve outcomes for the regulated community and rare
species protection.
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SUPPLEMENTAL DATA
Figure S1. Example of spurious pixels in Dane County,
Wisconsin.
Figure S2. Example of omission errors in Dane County,
Wisconsin.
Figure S3. Distribution of RPBB (A) and the Poweshiek
skipperling (B).
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Table S1. 2011 NLCD error matrix (Wickham et al. 2017)
with assigned p (nlcd | soy), the conditional probability of
mapping a pixel correctly classed as soybean to any NLCD
class other than cultivated crops (which includes areas of
soybean agriculture).
Table S2. 2011 NLCD error matrix (Wickham et al. 2017)
with assigned p (nlcd | soy), the conditional probability of
mapping a pixel to any NLCD class other than cultivated
crops (to which soybean ﬁelds are assigned) when that pixel
is incorrectly identiﬁed as soybean.
Table S3. Predictive layers used in modeling species distributions using Maxent software.
Table S4. Images used to train support vector machine
learning algorithm for OBIA LULC mapping.
Table S5. Percent changes imposed on rusty‐patched
bumble bee species distribution model raster following
segmentation and ﬁne‐grained land cover modeling using
remote sensing data.
Table S6. Statistics for Maxent models of rusty‐patched
bumble bee and Poweshiek skipperling species distribution
models.
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