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A B S T R A C T

Anthidium manicatum, the European wool-carder bee, is an invasive species of concern given its worldwide
invasion and aggressive behavior towards native pollinators. Predicting habitat suitability for this species is
imperative for estimating threat to native species, and predicting future spread. Previous habitat suitability
models used bioclimatic variables to make predictions across a broad geographic region, but these showed little
utility at predicting risk at the local habitat scale. Therefore, we created a model using environmental inputs that
vary across a regional scale (land cover type and percent impervious surface) and focused within a more re-
stricted geographic region, the Northeastern (NE) US. Occurrence records were aggregated from open-sourced
data and published records, and maximum entropy methods were used to create the model. We created a second
model using bioclimatic variables (temperature and precipitation), to compare utility of both model inputs. We
then tested the accuracy of both models by performing weighted random sampling and stratified random
sampling across the NE to obtain presence and absence data for A. manicatum. Given previous predictions of
widespread habitat suitability, it was surprising that out of 140 sampled locations, A. manicatum were only found
at seven. When comparing model accuracy (Cohen’s Kappa), both models showed low accuracy (land scape
variables KHAT=0.023; bioclimatic variables KHAT=−0.094). Models were also not significantly different
from each other (Z=0.548). Therefore, presence-only modeling may not be suitable for this system, either
because these variables are not capturing factors restricting A. manicatum’s range, or it is too early in the in-
vasion process. Additional probability sampling is suggested to refine predictive models.

1. Introduction

Bees provide valuable pollination services to wild plants and crops
worldwide (Brown and Paxton, 2009; Klein et al., 2007; Potts et al.,
2010). Bee abundance and diversity increases ecosystem services and
resilience to disturbance (Garibaldi et al., 2013; Russo, 2016; Winfree
et al., 2007). Exotic bee introductions have seen a prolific increase
within the past 100 years, however, and this addition of species gen-
erally does not incur the same benefit as an increase in native bee di-
versity (Russo, 2016). We aim to garner a better understanding of the
current distribution and habitat suitability of an exotic bee quickly
reaching worldwide distribution, Anthidium manicatum (the European
wool-carder bee) (Gibbs and Sheffield, 2009; Miller et al., 2002; Russo,
2016; Strange et al., 2011).

The range expansion of A. manicatum has been noted as particularly
troubling among invasion ecologists and bee researchers due to its rapid
rate of spread and the species’ potential impact on native species (Colla,
2016; Russo, 2016; Strange et al., 2011). Native to Europe, western Asia

and northern Africa, A. manicatum is now established in northeastern
Asia, North America, South America, and New Zealand. A. manicatum
was first recorded in North America in 1962 near Ithaca, NY (Jaycox,
1967). Until 2001, the species seemed restricted to the northeastern
United States, but soon after, A. manicatum were recorded in Canada
and on the western United States coast (Gibbs and Sheffield, 2009). In
the following years, there was a rapid increase in A. manicatum sight-
ings across the United States and southern Canada (Fig. 1). While this
rapid spread alone is concerning, its behavior makes it a particularly
noteworthy invader (Colla, 2016; Maier, 2009; Russo, 2016; Strange
et al., 2011).

Anthidium manicatum males aggressively defend patches of floral
resources to decrease resource competition with heterospecific polli-
nators and mate competition with conspecific males (Haas, 1960;
Pechuman, 1967; Severinghaus et al., 1981; Starks and Reeve, 1999).
They use spines at the base of their abdomen to puncture or fracture the
wings of territory intruders. These aerial altercations often result in
severe injury or death to attacked bees (Wirtz et al., 1988). While
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attacks are relatively indiscriminate, honey bees (Apis mellifera) and
bumble bees (Bombus spp.) are the most common recipients (Maier,
2009; Miller et al., 2002; Wirtz et al., 1988).

Additionally, female A. manicatum are considered poor pollinators
(Soper and Beggs, 2013), and cause damage to plants through collection
of nesting material (Graham et al., 2017; Müller et al., 1996; Payne
et al., 2011). They also compete for floral resources with native polli-
nators (Payette, 2001; Severinghaus et al., 1981), and are likely to
compete with other native Megachilidae for nesting cavities (Barthell
et al., 1998; Griswold et al., 2014; Maier, 2009).

Given the concerns surrounding A. manicatum behavior, estimating
current range and predicting its future spread is of high priority.
Habitat suitability of A. manicatum was modeled previously and sui-
table habitat was estimated to cover most of the contiguous USA and
southern Canada (Strange et al., 2011). However, several factors lim-
ited the specificity of this model, including use of presence-only data
which is likely influenced by sampling bias, and relatively coarse ha-
bitat inputs. Specifically, the previous model used bioclimatic variables,
such as mean temperature and precipitation. These variables generally
have 1 km2 pixels and are not variable enough within a region to attain
habitat specific predictions of suitability. Despite these drawbacks,
bioclimatic variables are commonly used in SDMs for predicting in-
vasive species habitat (Jeschke and Strayer, 2008). However, we argue
that using habitat features, such as land cover type, as environmental
inputs can provide greater utility for conservation planners and stake-
holders who are making management decisions at a smaller, habitat
specific scale. Habitat features may also be better predictors of habitat
suitability.

Exotic plants and pollinators have been known to show strong as-
sociations with disturbed habitat (Burke and Grime, 1996; Hobbs and
Atkins, 1988; Morales and Aizen, 2002). A. manicatum, in particular, is
known to associate strongly with exotic flowering plants common to
urban and residential gardens (Maier, 2009; Miller et al., 2002; Payette,
2001). Additionally, we expect a strong association of human activity
and A. manicatum presence due to the predicted route of invasion –
accidental human transport of A. manicatum nests. A. manicatum are
cavity nesters, a life history trait highly correlated with invasion success
for exotic bees (Gibbs and Sheffield, 2009; Russo, 2016). Association of
A. manicatum with disturbed areas in North America has been noted in
the past (Miller et al., 2002), but never tested.

Therefore, our objective is to propose an alternative model that

provides predictions on a finer scale, and that uses landscape variables
associated with indicators of human disturbance (land cover type and
percent impervious surface). We have limited the scope of the study to
the region where A. manicatum has the longest established invasion
history – the Northeastern (NE) USA (ME, NH, VT, MA, RI, CT, and NY),
in order to better estimate the full breadth of suitable habitats for this
species. We compare the predictions of our proposed landscape model
to one created using the more traditional bioclimatic variables (mod-
eled after Strange et al., 2011). We then tested the accuracy of both
models at predicting A. manicatum presence/absence.

2. Methods

First, we created two predictive models for A. manicatum presence
within the NE US using freely available presence-only data and different
sets of environmental variables – landscape variables (Land Cover
Model) and bioclimatic variables (Bioclimatic Model). Second, two
different sampling efforts were undertaken to collect presence-absence
data to test the usefulness of each model in predicting A. manicatum
presence (Fig. 2).

2.1. Model creation

In spring 2013, we aggregated 87 distinct A. manicatum occurrence
localities in the NE (ME, NH, VT, MA, RI, CT, and NY) available through
open access data sources such as Discover Life (Ascher and Pickering,
2011) and published records (Griswold et al., 2014; Maier, 2009)
(Fig. 1). Data were only included if they had detailed latitude/longitude
coordinates and were from peer-reviewed publications or if identifica-
tions from open access data sources were confirmed by a bee tax-
onomist. This was to decrease the chances of false presences, incorrect
identification, or spatial error. However, the largest drawback to using
these data is the lack of consistent sampling methods used to collect the
samples. For instance, some noted presences were from directed sam-
pling efforts, while others were from convenience sampling. The 87
sample locations in no way exemplify an exhaustive sampling of the NE
and do not have equal detection probabilities, but represent the best
available data to date. These data were then used as training and testing
locations in the model creation process.

Fig. 1. Presence of Anthidium manicatum in the continental US. Occurrence records were aggregated from open access data sources such as Discover Life (Ascher and Pickering, 2011) and
published records (Griswold et al., 2014; Maier, 2009). NLCD 2011 Land Cover Type included as the background layer.
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2.2. Land cover model

NLCD 2011 land cover type and percent impervious surface (Homer
et al., 2015; Xian et al., 2011) were used as environmental metrics.
Each layer contained 30m by 30m pixels with either discrete land
cover classes or continuous estimations of impervious surface for each
pixel. Impervious surface, a metric for urbanization and development,
was reclassified by deciles instead of a continuous variable to relieve
some of the computational stresses of such a large raster, as well as
make visualization of the data easier. Both layers were prepared so that
extents and grids matched using ArcGIS v10.1 (ESRI, 2011). These two
layers were chosen because we hypothesized that A. manicatum pre-
sence would correlate with urbanized areas within the NE due to pre-
vious work showing the association of the bee with exotic ornamental
plant species (Payette, 2001) and high prevalence of observations
within urbanized environments. Specifically, we hypothesized that a
percent impervious surface level between 50 and 80% would be most
likely to predict A. manicatum presence given the high incidents of
observations near urbanized areas (medium to high impervious surface
level), but also A. manicatum’s need for floral resources and nesting
cavities (typically associated with some greenspace, or a slightly lower
impervious surface level).

Similar to a previous species distribution model (SDM) for A. man-
icatum created with presence-only data (Strange et al., 2011) we used
the maximum entropy method as employed by the Maxent software
(v3.3) (Elith et al., 2011; Phillips et al., 2006). Maxent creates models
using presence-only data in combination with user selected environ-
mental variables to estimate relative habitat suitability for each loca-
tion within a matrix. We included both NLCD land cover type (Homer
et al., 2015) and percent impervious surface (Xian et al., 2011) as en-
vironmental variables in the same model. The model was fitted using
default settings of prevalence, feature type, logistic output and reg-
ularization. 20% of the data were randomly withheld to test the model.
The area under the curve (AUC) statistic was used to assess model
performance, with a score of above 0.5 indicating that the model per-
formed better than random. Maxent uses probability densities to de-
termine the effect of each environmental variable on likelihood of
presence, assigning each location within a matrix a relative probability

of suitability score from 0 (unlikely) to 1 (very likely). We chose 0.5 as
the cutoff for suitable habitat. This cutoff was also used when evalu-
ating the suitability of individual environmental variables (land cover
type and impervious surface).

2.3. Bioclimatic model

To compare the utility of using land use features instead of biocli-
matic inputs, we created a second model using ten bioclimatic variables
downloaded from the WorldClim database (http://worldclim.org/).
The ten variables were chosen based on a previous SDM created for A.
manicatum in North America (Strange et al., 2011) – mean temperature
diurnal range, temperature annual range, mean temperature of wettest
quarter, mean temperature of driest quarter, mean temperature of
warmest quarter, precipitation seasonality, precipitation of wettest
quarter, precipitation of driest quarter, precipitation of warmest
quarter, and precipitation of coldest quarter. All variables were
downloaded at a spatial resolution of 1 km2. All layers were prepared so
that extents and grids matched using ArcGIS v10.1 (ESRI, 2011). We
employed the same techniques for building this SDM in Maxent as de-
scribed above for the Land Cover Model.

2.4. Testing model accuracy

Testing the accuracy of presence-only models with probability based
presence-absence data is an important step in determining model uti-
lity. But this step is often overlooked due to limitations in availability of
presence-absence data, and/or limitations in sampling. However, un-
tested presence-only models have several shortcomings that should not
go unheeded (Elith et al., 2006; Guillera-Arroita et al., 2014; Yackulic
et al., 2013). Effects of sampling bias are common when non-prob-
ability sampling methods are used to collect data. Many habitat types
are often underrepresented due to low human traffic. To determine the
effect of sampling bias on model predictions, independent, well-struc-
tured presence-absence data sets should be used to test presence-only
model accuracy. However, none such data exist for A. manicatum in
North America. Therefore, to test the predictive ability of our two
models, we generated a probability based presence-absence data set

Fig. 2. Methods for model creation and testing.
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through weighted random sampling and stratified random sampling.
We then compared the accuracy of both models using these data.

2.5. Weighted sampling in the northeast

In spring 2013, we developed a weighted random sampling scheme
to collect presence-absence data on A. manicatum within the NE. Since
A. manicatum are still predicted to be relatively rare across the land-
scape, we used weighted random sampling to increase the likelihood of
acquiring presence locations. Weights were based on the likelihood of
presence of A. manicatum (40%), likelihood of Bombus impatiens (40%),
and accessibility (20%) (Fig. S1). Likelihood of A. manicatum was gar-
nered from our Land Cover Model. Likelihood of B. impatiens was used
as an indicator of “good” pollinator habitat, much of which may be
suitable for A. manicatum, but underrepresented in our Land Cover
Model due to low occurrence records. Estimated likelihoods for B. im-
patiens was provided by Cameron et al. (2011). Accessibility was de-
termined based on distance to a road (10%), and distance from two
preselected “home bases” for the authors – Boston, MA and Port Byron,
NY (10%). The accessibility weight was created to minimize total costs
associated with field efforts and maximize number of possible ob-
servations.

All samples (pixels, 30× 30m) within the range of our map were
given a number code and a weight. We selected 300 samples, without
duplicates, based on their weight using the weighted random sample
selection in R (R Core Team, 2016). This weighting scheme allowed for
those samples with a higher weight to have a greater probability of
being chosen; however, samples of all weights had the possibility of
being chosen. Of the 300 samples chosen, we manually chose the first
100 samples that were within a homogenous set of 9 pixels on our land
cover and impervious surface maps and looked accessible on aerial
imagery; throwing out locations that were next to pixels with different
land cover or impervious surface values, not accessible by car or rea-
sonable hikes, or on inaccessible private property.

Between June and September 2013, field sampling was performed
on days when the temperature was between 21 and 32 °C and without
rain to decrease the likelihood of false absences due to bad weather
(Couvillon et al. 2010; pers. obs.). Upon arrival at the sampling loca-
tion, a hand held GPS (Garmin eTrex 30) was used to confirm location
and to get as close as possible to the center of the sample site. We then
scanned the site for flowering plants where we were most likely to find
bees. The location most likely to be visited by bees within 10m of the
center of each sample site was then monitored closely for a total of
20–30 min, as similar methods have been used previously to sample for
A. manicatum (Maier, 2009). If flowers were present and there was bee
activity of any kind, we observed for 30min. If no flowers were avail-
able, and/or no bee activity was seen at the location, we stayed only
20min to increase our sampling efficiency. The time of arrival of A.
manicatum was recorded, and A. manicatum were netted whenever
possible to confirm identification. Presence of A. manicatum, Bombus
spp., and Apis mellifera were recorded, along with weather, time of day,
flowers present and any other notable characteristics of the site.

We also took note of the presence of Anthidium oblongatum. A. ob-
longatum is another exotic Anthidium with a similar distribution in the
NE as A. manicatum. However, much less is known about its potential
impact on native species, so it was not included in any of our analyses.

2.6. Stratified sampling in the Boston-area

In summer 2014, a more targeted stratified random sampling
scheme was developed within a more geographically constrained region
– within the I-495 corridor of Massachusetts. Again, based on the Land
Cover Model, locations (pixels, 30m×30m) within this region were
separated into three habitat suitability scores – high (1.0–0.67),
medium (0.669–0.33), and low (0.329–0.0). 20 locations were ran-
domly chosen within each suitability score using a random number

generator in R (R Core Team, 2016).
The same sampling protocol was used in 2014 as in 2013. However,

half of the locations (10 within each suitability level) were also ran-
domly chosen for additional sampling methods. At these locations,
between 8:00– and 10:00 h, three bee bowls were placed at the sam-
pling site, and then collected between 17:00 and 19:00 h. Bee bowls
were set up according to recommendations from Sam Droege at the
USGS (Droege, 2018). Bowls were purchased from Solo Cup Co (Illi-
nois) (Dart Solo 3.25 oz. Translucent Polystyrene Soufflé Cup
(999P325)) and painted fluorescent blue, fluorescent yellow, and white
(silica flat) (Guerra Paint and Pigment Corp., New York, NY). One bowl
of each color was placed, as a group, at each location. Bowls were filled
with soapy water (Dawn Ultra Dishwashing Liquid, Original Scent; di-
luted 1 tsp/1 liter of water). At pickup, all dishes were checked for bees,
and any bees caught were preliminarily identified, placed in plastic
bags, and stored in a−20 °C freezer. These sites were used to determine
if 30min observations at sample locations is adequate sampling for A.
manicatum detection.

2.7. Comparing accuracies

The accuracy of each model in predicting presence/absence of A.
manicatum during our sampling effort was determined using error ma-
trices. Sampling locations where A. oblongatum, but not A. manicatum,
were collected were removed from analyses, as the correlation between
suitable habitat for A. oblongatum and A. manicatum is unknown. We
also had to remove two locations from further analyses because the
Bioclimatic Model map did not extend to cover these locations, which
were along the coast (locations 73 and 81; Table S1). A. manicatum
were not recorded at either of the removed locations. We used 0.5 as
the cutoff for expected suitable or unsuitable habitat according to
model predictions. The Kappa technique was used to calculate KHAT
and confidence intervals for each model. Comparison of the Land Cover
Model matrix to the Bioclimatic Model matrix was performed through a
Z test (Congalton, 1991; Congalton and Green, 2009).

3. Results

3.1. Land cover model

During the creation of the model, land cover type had the highest
gain of the environmental inputs. However, percent impervious surface
showed the highest contribution to the model (70.4%). The training
AUC score was 0.842, and the test AUC score was 0.783, showing
moderate predictability of the model given the presence data provided
(Fig. 3). Results of the density distributions for impervious surface level
indicate that levels 2–10 have a high probability of suitability (Fig. 4).
For land cover type, density distributions suggest that developed land
(open space, low, medium and high intensity) has a high probability of
suitability (Fig. 4). Predicted habitat suitability across the NE was vi-
sualized using ArcGIS v10.2, and followed closely with our prediction
that suitable habitat would correlate with human disturbance (Fig. 3).

3.2. Bioclimatic model

During creation of the model, the bioclimatic variable Precipitation
Seasonality (Coefficient of Variation) had the highest gain and con-
tributed the most to the model (38.8%). The training AUC score was
0.957, and the test AUC score was 0.957, showing good predictability of
the model given the presence data provided (Fig. 5). For a more ex-
haustive analysis of bioclimatic variable correlations with A. manicatum
habitat suitability please see Strange et al. (2011).

3.3. Model accuracy

Out of the 100 sampling locations from the 2013 sampling effort, we
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were able to gather data at 82 sites, with 18 sites deemed inaccessible
upon arrival. Of those 82, A. manicatum were only found at three lo-
cations, and only able to be successfully netted at one site to confirm
identity (Table S1).

In 2014, we used a stratified random sampling scheme with a
smaller geographic focus (I-495 corridor in Massachusetts) to test the
probability of detecting A. manicatum using our 2013 sampling strategy.
Of the 60 sampling locations chosen, we were able to gather data at 58.
Of the 58, A. manicatum was found, and confirmed through aerial
netting, at four (Table S1). The placement of bee bowls at half of these
sites in 2014 resulted in no captures of Anthidium spp.

The total number of A. manicatum presence locations for both the
2013 and 2014 sampling efforts was seven out of 140 total visited sites.

Both models showed overall poor predictive ability (Bioclimatic
Model KHAT=−0.094 and Land Cover Model KHAT=0.023)
(Table 1). Models were also not significantly different from each other
(Z=0.548).

4. Discussion

We used maximum entropy methods to create two SDMs of A.
manicatum in the NE using different sets of environmental variables.
Our Land Cover Model estimates of habitat suitability followed our
initial prediction of a high correlation between A. manicatum and dis-
turbed habitat. However, when we compared the ability of each model
to accurately predict presence/absence of A. manicatum, both models
show low predictive ability, and were not significantly different from

each other. When looking at why the models performed poorly, they
appear to poorly predict presence and absence for opposite reasons. The
Bioclimatic Model predicted “low” suitability at each presence data
point collected during the sampling effort, showing an overall under-
prediction of habitat suitability. Conversely, the Land Cover Model
predicted 6/7 of the presences correctly, but showed an inability to
accurately predict absences (38/127 absences correctly predicted), or
an over-prediction of habitat suitability.

Given the low predictive ability of both models, the models may not
be capturing factors that are limiting habitat suitability. For instance,
the land cover classes may not be representative of characteristics of
“good” A. manicatum habitat. For example, A. manicatum show strong
associations with certain plants, such as Stachys byzantina (Graham
et al., 2017), but these associations cannot be fully represented in the
current models (though one could argue for a strong association be-
tween developed habitat and S. byzantina, an exotic ornamental plant).
We also know relatively little about A. manicatum’s preferred nesting
habitat (but see Payne et al., 2011), which may be a significant driver of
habitat suitability. Additionally, their unique territorial behavior may
play an important role in how A. manicatum move within the landscape,
but these occupation patterns are unlikely to be represented when using
available environmental variables. In other words, the current scales of
these environmental variables (1 km2 and 30m2) may still be too large
to fully capture variations in habitat suitability for this species.

The low accuracy of both models may also be indicative of a more
universal problem with presence-only SDM creation. Use of presence-
only modeling programs such as Maxent for predicting invasive species

Fig. 3. Land Cover Model – suitability distribution model
for Anthidium manicatum in the northeast United States.
Model was created using two environmental inputs – NLCD
2011 land cover type and percent impervious surface. A
total of 87 occurrence records were included in the model,
with 20% of data withheld to test the model. Red indicates
high estimated habitat suitability, and green indicates low
estimated habitat suitability. The model was created using
the Maxent software (v3.3) (Elith et al., 2011; Phillips et al.,
2006) and visualized using ArcGIS v10.1 (ESRI, 2011).

Fig. 4. Probability of habitat suitability of Anthidium manicatum for (a) each impervious surface level (reclassified from NLCD 2011), and (b) each land cover type. A probability score of
0.5 or higher was classified as “suitable” for A. manicatum. Outputs were created using probability densities in Maxent (Phillips et al., 2006).

K.K. Graham, M.G. MacLean Ecological Indicators 89 (2018) 56–62

60



spread is relatively common. However, model assumptions of unbiased
sampling are often violated when using occurrence data acquired
through unstructured sampling (Yackulic et al., 2013). While this can
be a problem for any occupancy model, it appears to be commonly
violated when performing presence-only modeling, as lack of absence
data is generally due to a lack of structured sampling. This is almost
certainly true for the presence-only data currently available for A.
manicatum. Almost all occurrence records were gained through un-
structured sampling, and therefore have a high likelihood of sampling
bias.

Furthermore, the geographically biased nature of the occurrence
records likely accounts somewhat for the localized habitat suitability
predictions, particularly in the Bioclimatic Model. In this model, the
area of highest probability for presence is in southern New England and
New York, areas with higher population and numbers of researchers
specifically looking for A. manicatum. However, our sampling results
still suggest A. manicatum is not currently occupying these predicted
“suitable” habitats. Additionally, A. manicatum was found in areas the
Bioclimatic Model predicted to have low suitability. These results
suggest that bioclimatic variables are not good predictors of A. mani-
catum habitat occupancy, though the model fit the training data well.

Our structured sampling effort is the first recorded for this species in
North America (to the best of our knowledge). Unfortunately, we did
not attain enough presence records to build a presence-absence model.

Such a model would allow for more accurate representation of suitable
habitat by decreasing the effect of sampling bias. Though, sampling bias
could not be eliminated in our structured sampling effort completely.
Accessibility did impose some bias; as remote areas were under-
represented. Nonetheless, the influence of sampling bias was likely
much lower than in opportunistic sampling.

Given the large number of absence records and few presences re-
cords attained through our sampling efforts, our data suggest that the
current range of A. manicatum is less than previously estimated (Strange
et al., 2011). However, given the world-wide invasion of A. manicatum,
it is possible that A. manicatum may have been present but undetected
at some sites. Due to inherent limitations in our sampling effort, in both
time and space, and the sometimes cryptic behavior of A. manicatum,
we may not have been at the “right time and place”, so to speak. While
male A. manicatum tend to be relatively predictable in location due to
territorial behavior at floral resources, females and non-territorial
males are more transient within the habitat (Starks and Reeve, 1999).
Therefore, presence of females and non-territorial males within the
habitat may have been missed. The amount of time spent at each lo-
cation may have to increase dramatically to more accurately document
A. manicatum presence. 30min of observation, or 20min when no
flowers or bees were present, may not be sufficient. Additionally, while
deciding to cut sampling short at 20min is a relatively common practice
to decrease sampling effort, it does impose its own bias, which should
be considered. During the 2014 sampling effort, bee bowls were used in
an attempt to decrease the likelihood of false absences, and estimate
detection probability. However, no A. manicatum were caught in the
bee bowls, even at sites where A. manicatum were netted, indicating this
sampling technique may not be particularly useful for estimating pre-
sence or abundance of this species. Alternative sampling methods
should be explored.

Given the low accuracy of our presence-only models, we join others
in a call to increase overall sampling efforts (Schmeller et al., 2015),
particularly use of probability sampling for species of concern (invasive
species and threatened species). While the increasing availability of
open-sourced occurrence records has provided abundantly more re-
sources for tracking species distributions, we must caution the wide-
spread use of SDMs built from non-probability sampling data. Habitat
suitability models for A. manicatum based on land use data show pro-
mise, but can only be developed with a more widespread structured
sampling regime, particularly if it results in both presence and absence
data.

Fig. 5. Bioclimatic Model – suitability distribution model
for Anthidium manicatum in the northeast United States.
Model was created using ten environmental inputs – mean
temperature diurnal range, temperature annual range, mean
temperature of wettest quarter, mean temperature of driest
quarter, mean temperature of warmest quarter, precipita-
tion seasonality, precipitation of wettest quarter, precipita-
tion of driest quarter, precipitation of warmest quarter, and
precipitation of coldest quarter (WorldClim database -
http://worldclim.org/). A total of 87 occurrence records
were included in the model, with 20% of data withheld to
test the model. Red indicates high estimated habitat suit-
ability, and green indicates low estimated habitat suit-
ability. Model was created using the Maxent software (v3.3)
(Elith et al., 2011; Phillips et al., 2006) and visualized using
ArcGIS v10.1 (ESRI, 2011).

Table 1
Error matrices for two models created in Maxent. (a) Land Cover Model, which uses two
landscape environmental variables – NLCD 2011 land cover type and percent impervious
surface. (b) Bioclimatic Model, which uses 10 bioclimatic variables as described in
Strange et al. (2011). A. oblongatum records were removed from analyses, as well as two
other sites (numbers 73 and 81; Table S1) because the Bioclimatic layer did not cover
these locations.

a. Land Cover Model Maxent prediction

Sampling results Absent Present
Absent 38 89
Present 1 6

KHAT=0.023 (± 0.022)

b. Bioclimatic Model Maxent prediction

Sampling results Absent Present
Absent 95 32
Present 7 0

KHAT=−0.094 (±0.031)
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