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Abstract

Effective monitoring of native bee populations requires accurate estimates of popu-
lation size and relative abundance among habitats. Current bee survey methods, such
as netting or pan trapping, may be adequate for a variety of study objectives but are
limited by a failure to account for imperfect detection. Biases due to imperfect de-
tection could result in inaccurate abundance estimates or erroneous insights about
the response of bees to different environments. To gauge the potential biases of cur-
rently employed survey methods, we compared abundance estimates of bumblebees
(Bombus spp.) derived from hierarchical distance sampling models (HDS) to bumble-
bee counts collected from fixed-area net surveys (“net counts”) and fixed-width tran-
sect counts (“transect counts”) at 47 early-successional forest patches in Pennsylvania.
Our HDS models indicated that detection probabilities of Bombus spp. were imper-
fect and varied with survey- and site-covariates. Despite being conspicuous, Bombus
spp. were not reliably detected beyond 5 m. Habitat associations of Bombus spp. den-
sity were similar across methods, but the strength of association with shrub cover
differed between HDS and net counts. Additionally, net counts suggested sites with
more grass hosted higher Bombus spp. densities whereas HDS suggested that grass
cover was associated with higher detection probability but not Bombus spp. density.
Density estimates generated from net counts and transect counts were 80%-89%
lower than estimates generated from distance sampling. Our findings suggest that
distance modelling provides a reliable method to assess Bombus spp. density and
habitat associations, while accounting for imperfect detection caused by distance
from observer, vegetation structure, and survey covariates. However, detection/
non-detection data collected via point-counts, line-transects and distance sampling
for Bombus spp. are unlikely to yield species-specific density estimates unless indi-
viduals can be identified by sight, without capture. Our results will be useful for in-

forming the design of monitoring programs for Bombus spp. and other pollinators.
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1 | INTRODUCTION

Native bees in North America are important pollinators of both
crops and wild plants (Ashman et al., 2004; Garibaldi et al., 2013;
Kremen, Williams, & Thorp, 2002). Indeed, bees, along with other
pollinators, are considered keystone species that facilitate sexual
reproduction for 85% of angiosperms worldwide (Allen-Wardell et
al., 1998; Kevan, 1990). In agricultural portions of the United States,
pollination services provided by native bees are valued at $3 billion
USD, annually (Calderone, 2012). Even as the ecological and eco-
nomic importance of native bees is recognized, there is a mount-
ing evidence that many bee species are declining (Cameron et al.,
2011; Goulson, Lye, & Darvill, 2008). These declines include not only
managed species like Apis mellifera but also North American native
taxa like bumblebees (Bombus spp.) and others (Cameron et al., 2011;
Goulson, Nicholls, Botias, & Rotheray, 2015; Potts et al., 2010). For
example, the rusty patched bumblebee (Bombus affinis) was listed as
Federally Endangered under the Endangered Species Act in 2017,
and several other Bombus species have been proposed for listing
(Jepsen, Evans, Thorp, Hatfield, & Black, 2013). Although the drivers
responsible for population declines vary among species, threats in-
clude pesticides, non-native pathogens and habitat loss/degradation
(Goulson et al., 2015; Persson, Rundlof, Clough, & Smith, 2015).

Still, while evidence is fairly clear regarding bee declines for
some regions and/or species, the status of many bee populations re-
mains unknown (Tepedino, Durham, Cameron, & Goodell, 2015). In
2015, the United States Pollinator Health Task Force proposed the
development of national pollinator monitoring programs to estimate
population trends and identify environmental stressors affecting
native bees (Vilsack & McCarthy, 2015). Central to accomplishing
these goals is the accurate estimation of bee population sizes across
species, genera, morphospecies and functional groups to establish a
reference benchmark for evaluating population trends, abundance
across different habitats and assessing the outcomes of conserva-
tion interventions.

Although a variety of methods have been commonly used to sam-
ple wild bee populations (e.g., fixed-area aerial netting, bee bowls,
vane traps), each is limited by inherent methodological biases that
make inference of true densities difficult. In particular, few methods
account for the bias caused by imperfect detection (e.g., Loffland et
al., 2017) in that only bees captured or otherwise detected by an ob-
server are counted and subsequently modelled. Regardless of sam-
pling method, only a fraction of the individuals present at a location
will be detected (Kéry & Schmidt, 2008). Raw counts, which fail to
account for detection probability, will invariably generate estimates
of abundance that are biased low if some individuals are present but
not detected (Kéry & Schmidt, 2008; MacKenzie et al., 2002, 2005
). Though such methods have merit under many circumstances, ac-
curate estimate of abundance, or changes in abundance over space
and time, requires consideration of methodological biases like those
caused by imperfect detection (MacKenzie et al., 2005). In addi-
tion, failure to account for imperfect detection can obfuscate hab-
itat associations, particularly when the habitat conditions that are

attractive to the organism also make it more difficult for observers
to detect the organism (MacKenzie, 2006). Consequently, research-
ers might be led to believe that certain habitat conditions (associated
with low bee counts) are low-quality habitats while bees may, in real-
ity, be of equal/greater abundance but less detectable or vice versa
(MacKenzie, 2006).

Here, we demonstrate the utility of hierarchical distance sam-
pling (HDS) for estimating habitat-specific density (i.e., abundance
per unit area) and detection probability of bumblebees in decidu-
ous forest of central Pennsylvania. Hierarchical distance sampling
is an analytical technique that allows researchers to model habitat-
specific abundance and heterogeneity in species detection within a
unified framework (Hedley & Buckland, 2004; Kéry & Royle, 2015;
Royle, Dawson, & Bates, 2004). It builds upon standard distance
sampling, which is a widely used method for estimating animal
abundance while for accounting imperfect detection (Buckland,
Anderson, Burnham, & Laake, 2005). However, HDS differs from
standard distance sampling in that it allows for spatial variability in
abundance and detection across multiple sites to be explained as a
function of covariates (Kéry & Royle, 2015). Although other methods
exist for estimating abundance while accounting for detection (e.g.,
occupancy, N-mixture, etc.), most require multiple visits, with the
assumption of population closure between surveys (Kéry & Royle,
2015; MacKenzie et al., 2005). Distance sampling may be particu-
larly useful for insect studies because it requires only a single site
visit to estimate detection probability and many short-lived insects
(like some bee species) may not emerge long enough to allow mul-
tiple visits per site. Distance sampling has been routinely used by
wildlife researchers to model abundance and detection functions
for multiple vertebrate taxa (Hammond et al.,, 2002; Karanth &
Sunquist, 1995; Marques, Thomas, Fancy, & Buckland, 2007). To our
knowledge, no previous research has demonstrated the use of dis-
tance sampling to estimate bee abundance or habitat associations
(Bendel, Hovick, Limb, & Harmon, 2018). Our goals were to: (a) use
HDS to evaluate how Bombus spp. detection probability varies with
distance, survey technique and habitat attributes; (b) compare abun-
dance and density estimates generated from HDS to standard sam-
pling approaches (fixed-width transects and fixed-radius net counts)
that do not account for imperfect detection; and (c) identify site-spe-

cific habitat relationships for Bombus spp. across sampling methods.

2 | MATERIALS AND METHODS

2.1 | Study area

We surveyed bees within the Pennsylvania Wilds region of north-
central Pennsylvania, focusing on Centre and Clinton Counties
(Figure 1). This region lies within the Appalachian Plateau of the
northcentral Appalachian Mountains and is characterized by a rug-
ged series of high-elevation ridges (300-600 m.a.s.l.) punctuated
by low valleys along the Allegheny Front (Shultz, 1999). Vegetation
communities within the Pennsylvania Wilds are chiefly mature
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deciduous- or mixed forest (80-100 years, post-harvest; McCaskill
et al., 2009) with oak (Quercus spp.), hickory (Carya spp.) and east-
ern hemlock (Tsuga canadensis) among the most common species
(Wherry, Fogg, & Wahl, 1979). We concentrated our efforts within
deciduous forests of Sproul and Moshannon State Forests where
oak silviculture aims to restore young forest age classes through
timber harvest and regeneration. Because silvicultural practices
within these two State Forests aim to restore habitat for forest wild-
life, we focused our survey efforts within regenerating oak stands,
0-9 years post-management. During surveys, a variety of flowering
plants were available to Bombus spp. including low-growing shrubs
like hillside blueberry (Vaccinium pallidum) as well as herbaceous
forbs like eastern teaberry (Gaultheria procumbens) and common
cow-wheat (Mellampyrum linerare). Most tall woody plants were not
flowering except for Devil's walkingstick (Aralia spinosa), which we

detected only within a few of our sites.

2.2 | Site selection and survey placement

We randomly selected 47 timber stands within Sproul and
Moshannon State Forests that had been recently treated with
overstory removal (basal area: 2.3-9.2 m?/ha). We attempted
to maximize the distance between sites such that our average
distance-to-nearest-site was 1,110 m (SE: 107 m; range: 464-
4,516 m). This reduced the likelihood of individuals being detected
at multiple sites (Redhead et al., 2016). Timber harvest units aver-
aged 23.14 ha (SD: 18.62 ha; range: 2.54-103.92 ha) in size. A sin-
gle survey point was located within each harvest using a random
point generator tool in ArcGIS 10.2 (ESRI, 2011). We attempted
to minimize edge effects by ensuring points were relatively con-
sistent in their placement with respect to timber harvest edges;
sampling was restricted to areas at least 80 m from the edge of
timber harvests and our final sample of sites was a mean distance
of 118.67 m (SE: 6.24 m).

2.3 | Transect surveys

At each point, we sampled Bombus spp. using three survey types:
(a) distance transects; (b) transect counts; and (c) aerial netting
counts. Both distance transects and fixed-width transect counts
occurred simultaneously along 66 m transects oriented north-
to-south and centred at each point location. Along each transect,
observers walked forward at a constant rate (~1 m/min) such that
the observer arrived at the transect end after 30 min. Prior to sur-
veys, each observer (n = 2) was trained in distance estimation using
dummy transects along which bees’ distances were physically meas-
ured after each attempted estimate using a measuring tape. Once
all observers were consistently estimating distances within £0.25 m,
field surveys were conducted with a 2 m long measuring stick for
constant reference. While walking along each survey transect, the
observer recorded Bombus spp. detections such that a final count (#)
was generated for each survey coupled with the distances (+0.25 m)
between each Bombus spp. and the transect. We did not attempt to
identify species or sex for Bombus spp. detected in situ therefore
counts were likely multiple species and sexes. Survey data for each
point included a Bombus spp. count and their corresponding detec-
tion distances. We discerned between Bombus spp. and Xylocopa
virginica by abdomen pubescence (Michener, McGinley, & Danforth,
1994). Distances were recorded as the perpendicular distance from
the transect to each bee and noted as the distance at which the bee
was first detected. While walking along each transect, observers at-
tempted to keep track of previously detected Bombus spp. to avoid
double-counting individuals that might be moving among floral re-
sources near the transect. We anecdotally observed this method
largely avoided double-counting, as Bombus spp. are generally
large-bodied, conspicuous insects and easily audible in flight. All raw
counts and detection distances constituted our “distance transect”
data (a) and raw counts within 2 m of the transect constituted our
“transect count” data (b).
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We followed standard bee survey methods to avoid common
causes of detection failure (Ward et al., 2014); Surveys were con-
ducted only in bright light conditions, low wind, warm days (216°C),
and only during late morning and afternoon (10:00-17:00). Though
we attempted to use study design to reduce the potential impacts of
these factors on Bombus spp. detectability, we also included them
in detection modelling. At the time of each survey, we recorded: (a)
surveyor ID; (b) cloud cover; (c) time of day; and (d) Beaufort Wind
Index. Local temperature data were downloaded from Weather
Underground from the KUNV weather station in State College,
Pennsylvania (Weather Underground Inc., 2018). Cloud cover was
estimated in the field to the nearest 25% (0%-100%). Beaufort Wind
Index was measured on an incremental scale from O to 5 with O rep-
resenting no wind at all (i.e., smoke would theoretically rise with-
out drift) and 5 representing high winds such that entire trees sway
in the wind (Hau & Von Renouard, 2006). We avoided surveying in
wind indices > 3, and thus considered two categories of wind: 0-1:
“low”, 2-3: “moderate” in our analyses. All surveys took place from
10 to 25 July, 2017.

2.4 | Netcounts

To measure Bombus spp. abundance within fixed-radius net counts,
we created 15 m radius count surveys centred around each point
location (the centre of each distance transect). Netted bee counts
took place immediately upon the conclusion of transect surveys (de-
scribed above). Within each fixed-radius plot, a single observer spent
30 min seeking- and attempting to capture all Bombus spp. detected
with a hand net. We chose fixed-radius net sampling because it is a
standard sampling technique for native bees (Persson et al., 2015;
Potts, Vulliamy, Dafni, Ne'eman, & Willmer, 2003; Roulston, Smith, &
Brewster, 2007) and would therefore serve as a basis for comparison
to our abundance estimates generated from HDS. For each Bombus
spp. detected, the observer attempted to capture each bee using a
hand net (collapsible 15” diameter net, 17" handle, Bioquip Product
#7115CP) and, once captured, all bees were held captive for the re-
mainder of the survey. For each captured bee, the timer was stopped
while the observer placed it into a plastic zipper bag and resumed
immediately thereafter. This method prevented us from recaptur-
ing and double-counting bees within the same plot. After 30 min of
survey time had elapsed, each Bombus spp. was removed from its
bag with forceps, photographed for another project, and released
unharmed. In the few occasions where Bombus spp. were observed
but evaded capture, they were treated as all other Bombus spp. cap-

tured for the purposes of this study (i.e., included).

2.5 | Habitat surveys

We surveyed regenerating vegetation structure within timber har-
vest units from 15 June to 15 July 2017. Vegetation surveys shared
their centroid with Bombus spp. surveys. Vegetation data quantified
habitat structure of woody stems and herbaceous understory, rather
than plant composition. All vegetation data were collected along

three 50 m radial transects, each oriented at 0°, 120° and 240° from
point centre. Along each transect, we recorded plant strata at 10
“stops” (10 m apart; n = 30/net count location). Vegetation strata re-
corded at each stop consisted of the presence/absence of sapling,
shrub, forb and grass/sedge. Saplings were young trees <10 cm (in
diameter breast height). This sampling regime gave us adequate res-
olution to assess vegetation structure (15 stops/site) while remain-
ing of comparable scale to our bee sampling transects (33 m). We
found vegetation structure to be highly correlated across scales as
large as 100 m and therefore believe our 50 m vegetation plots rep-
resented site conditions reasonably well. Shrubs were woody plants
with multiple primary stems (in contrast to single-stemmed saplings).
Forbs were broad-leafed dicotyledonous plants (e.g., Solidago spp.).
The plant category “grass” included any monocotyledonous plant
(grasses, sedges, etc.). We recorded plant strata with an ocular tube
such that only strata that intersected with crosshairs in the ocular
tube were considered present (James & Shugart, 1970). While a
single stop could include multiple strata types, each stratum could
only be represented once per stop and thus each site could have a
maximum of n = 15 occurrences for each stratum. We analyzed plant
strata values as percentages. Prior to all analyses, we calculated
Spearman’s rho (p) for all pairs of covariates to be modelled. Because
none were strongly correlated (Spearman’s p < 0.60), no covariates
were redundant and all were suitable for modelling.

2.6 | Hierarchical distance models

We analyzed distance transect data (bee counts and distances) using
HDS models implemented in the R package “unmarked” (Fiske &
Chandler, 2011; R Core & Team, 2018). The package unmarked fits
linear models in a maximum likelihood framework and can be com-
bined with an Information-Theoretic approach (Anderson, 2007)
for the purpose of model selection (e.g., using Akaike’s Information
Criterion; AIC; Burnham & Anderson, 2002). Hierarchical distance
models allowed us to create and rank candidate models, each of
which contained independent model components for detection
probability (p) and expected animal abundance (density; A). HDS
models assume (a) subjects are accurately identified (e.g., no false-
presences); (b) that all subjects on the transect (distance = 0 m) are
detected perfectly (p = 1.0); (c) subjects are detected at their original
location (i.e., movement is not influenced by the observer); (d) dis-
tances are accurately measured; and (e) detection of each individual
is independent of the detection of all other individuals (Thomas et
al., 2010). Bumblebees appear to constitute good candidates for dis-
tance sampling as they can be easily identified (to genus) in the field
(Michener et al., 1994), are easily approached by observers (Ward et
al., 2014) and remain relatively still during pollination such that accu-
rate distance estimations could be made for each worker. Although
distances were measured in the field directly, we binned detec-
tions as recommended by Buckland et al., (2005): 0-1, 1-2, 2-3,
3-4 and 4-5 m. Moreover, to prepare distance-based transect data,
we truncated the outer 10% of our data such that analyses were
conducted using only the closest 90% of Bombus spp. detections,
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as recommended for distance analyses by Buckland et al. (2005). By
truncating the data in this way, all detections were <5 m from the
observer.

Distance models provide robust estimates of abundance by
adjusting animal counts by the probability of detection for given
distances (Buckland et al., 2005). This is accomplished by fitting
detection distance data to a “detection function” that describes a
decay in detection probability as subjects are further from the ob-
server (Buckland et al., 2005; Kéry & Royle, 2015). To evaluate an
appropriate detection function, we evaluated models, each fit using
one of the following detection functions: (a) exponential; (b) hazard
rate; or (c) half-normal (Buckland et al., 2005). This was done prior to
all covariate modelling. Each detection function is used to estimate
the average probability of detection which is then used to adjust raw
counts such that density predictions can be made (Buckland et al.,
2005). Once the most appropriate detection function was selected
based on AIC_ rank, it was used to model detection probability and
density in consecutive models. We modelled detection probability in
two tiers: detection tier 1 (survey covariates on detection) and de-
tection tier 2 (habitat covariates on detection). Because our sample
size was modest, we used only single-covariate detection models to
avoid overfitting HDS models. Detection tier 1 included univariate
models for (a) time of day; (b) surveyor; (c) temperature; (d) cloud
cover; (e) wind index; and (f) a null (intercept-only) model. Detection
tier 2 (fit independently of detection tier 1) included univariate
models for (a) sapling cover; (b) shrub cover; (c) forb cover; (d) grass
cover; and (e) a null model. Within both model tiers, we used a global
habitat model (i.e., sapling + shrub + forb + grass) for density to en-
sure that variation in density was reasonably well explained while
assessing detection probability. We considered covariates to be in-
formative if they were both >2.0 AIC_ less than the null model and
had g coefficient 95% confidence intervals that did not include zero.
Using the informative covariates from detection tiers 1 and 2, we
constructed a set of density models (habitat covariates on density)
that accounted for imperfect detection: (a) sapling cover; (b) shrub
cover; (c) forb cover; (d) grass cover; and (e) a null model. The null
model contained only intercept terms and the informative parame-
ters for detection. Prior to modelling, all continuous covariates were
standardized using the scale function in base R. Model ranking was
done using the “aictab” function of the package “AIC_ modavg.” All
models were fit assuming a Poisson distribution in “gdistsamp” and
model fit was assessed by calculating a variance inflation factor (¢\
hat{c}\hat{c}\hat{c}) using the unmarked function “fitstats” (Kéry &
Royle, 2015). We considered all models <2.0 AIC_ to be competing
and equally supported by the data (Burnham & Anderson, 2002).

2.7 | Poisson generalized linear models

We used a Poisson generalized linear models in R (using the “glm”
function) to model Bombus spp. abundance along fixed-radius tran-
sects and net counts. This allowed us to compare habitat-abundance
relationships generated from HDS models to those generated from
methods that do not account for detection probability. As with our
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HDS models, Poisson regression models allowed us to model bee
counts as a function of habitat covariates: (a) sapling cover; (b) shrub
cover; (c) forb cover; (d) grass cover; and (e) a null (intercept-only)
model. We modelled our fixed-radius transect counts by truncat-
ing all HDS-transect data by 2 m of the transect line and treating
the data as a raw count (Hanley, Awbi, & Franco, 2014; Scheper et
al., 2015), which is a standard technique when conducting visual
encounter surveys. Net count data were modelled in a compara-
ble manner such that raw counts were modelled as a function of
habitat covariates. We did not account for imperfect detection in
either of these models but rather modelled Bombus spp. count/
area interpreted as a density. We again used an information-theo-
retic approach (Anderson, 2007) with model ranking based on AIC,
considering models < 2.0 AIC_ to be equally supported by the data
(Burnham & Anderson, 2002). We also used single-covariate models
to avoid overly complex models and the inclusion of uninformative

parameters within top models (Arnold, 2010).

3 | RESULTS

We detected 194 individual Bombus spp. within 5 m, of which 136
were within 2 m of the transect line. During aerial net counts, we
captured n = 201 Bombus spp. workers. Of the bees captured during
aerial net counts, over 50% were B. impatiens, with the remainder
being a mixed community of less common species like B. bimaculatus

and B. vagans.

3.1 | Detection probability

Of three detection function models we ran, the best-ranked model
included an exponential detection function where detection prob-
ability > 5 m from the transect was =0 (Figure 2). Using an exponen-
tial detection function, we found that detection probability varied
as a function of time since 10:00 (the earliest possible start time)

— 100

=== Exponential detection function

D Bombus spp. count data

\ — 75
\ — 50

N

— 25

=1t

I | | I I
0-1 1-2 2-3 3-4 4-5

Distance from transect line (m)

T~

Number of detections (freq.)

Average probability of detection
o o o o (=]
o o - - N
o (5] o [$)] o
] | | | l

FIGURE 2 Frequency of detections (grey bars; right axis)

for Bombus spp. within regenerating timber harvests. Detection
probability (left axis) declined as a function of distance from
transect and was fit to an exponential detection function (black
line). Bombus spp. were only rarely detected further than 5 m from
the transect line
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Model name K AIC, AAIC, AIC_Wt.
Survey covariates on detection probability
p (observer) 7 348.93 0.00 0.78
p (time) 7 351.56 2.64 0.21
p() 6 358.29 9.36 0.01
p (wind) 7 359.87 10.94 0.00
p (temp.) 7 360.64 11.72 0.00
Site covariates on detection probability
p (grass) 7 352.67 0.00 0.85
p (forb) 7 358.27 5.61 0.05
p() 6 358.29 5.62 0.05
p (shrub) 7 359.65 6.99 0.03
p (sapling) 7 360.48 7.82 0.02
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B estimate (95%Cl)

0.58 (0.21 to 0.95)
-0.23 (-0.38 to -0.08)
-0.16 (-0.44 t0 0.13)
-0.05 (-0.19 to 0.09)

0.35(0.07 to 0.63)

0.17 (-0.04 to 0.37)
-0.13(-0.35t0 0.09)
0.10 (-0.16 to 0.36)

TABLE 1 Hierarchical distance models
of detection probability as a function of
survey covariates (Tier 1; top) and site
covariates (Tier 2; bottom)

Note. Models are ranked in descending order of Akaike’s Information Criterion adjusted for small
sample size (AIC ). Survey covariates included time since survey start time (continuous; “time”); tem-
perature (continuous); cloud cover (% overcast; continuous), observer (categorical), and wind index
(categorical). Site covariates included per cent cover as measured by 50 m radius vegetation surveys
for vegetation structure: saplings, shrubs, forbs and grass. Both candidate model sets are ranked
against a null: intercept-only model. Below, we report number of model parameters (k), AAICC, AICC

weight (AIC_ Wt.) and  parameter estimates (95% confidence interval).

and observer ID suggesting that the latest surveys of each day had
the lowest detection probability and that observers were unequal
in their ability to detect Bombus spp. (Table 1; Figure 3a). Among
models investigating the relationship between habitat covariates
and Bombus spp. detection, the model that included grass cover
(%) was the only supported model and suggested that Bombus spp.
were more readily detected at sites with more grass cover (Table 1;
Figure 3b). All other covariates modelled in tiers 1 and 2 were >2.0
AIC_ less than the null model and the g 95% confidence intervals

overlapped zero.

3.2 | Habitat modelling

Models from all three analyses yielded discernable habitat asso-
ciations with Bombus spp. abundance (Table 2; Figure 4). All three
analyses indicated that Bombus spp. abundance during the survey
period was negatively associated with per cent sapling cover and
not associated with forb cover (Table 2; Figure 4). The importance
of shrub cover and grass cover as predictors of Bombus spp. counts
and estimated abundance varied across methods (Table 2); HDS and
transect counts revealed support for shrub cover as an informative
covariate being >2.0 AIC_ less than the null and having parameter

=] < =
31 < °] 5 =
T 0-1m g 2,
2 2 Z = |01 g -
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8
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95% confidence intervals that did not overlap zero (Table 2). Only
net counts suggested that grass cover was positively associated
with Bombus spp. abundance while HDS suggested that grass cover
was instead correlated positively with detection probability but not
abundance (Table 2; Figure 4). In contrast, our net count analysis
suggested no effect of shrub cover on bee counts, with the “shrub”
model ranked lower than the null model and the shrub parameter
95% confidence intervals overlapping zero (Table 2). Our top-ranked
HDS model (“sapling”) showed evidence of minor overdispersion (¢\
hat{c}\hat{c}\hat{c} = 1.33) while most other models did not appear
overdispersed (¢\hat{c}\hat{c}\hat{c} < 1.0; with a mean &\hat{c}\
hat{c}\hat{c} = 1.01 across models in our final HDS model set). We
considered this an acceptable level of overdispersion and did not
use a variance inflation factor to adjust our parameter estimates
(Burnham & Anderson, 2002).

3.3 | Density estimation

In addition to examining abundance as a function of habitat among
the three methods, we compared their estimated mean densities
of foraging Bombus spp. based on intercept-only abundance mod-
els (including detection covariates for HDS). Estimated Bombus spp.

T = Observer 1
— Observer 2
g FIGURE 3 Models of Bombus spp.
detection probability as a function of
i survey time (left), per cent grass cover
4 ‘ . : : (centre), and observer (right) while also
0-1 12 2-3 3-4 45 being most detectable closest to the

Distance from observer (m) transect (a||)
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TABLE 2 Habitat models derived from
hierarchical distance models (top),
fixed-width transect models (centre) and
linear models of net count data (bottom),
all fit using a Poisson distribution

Model name K

A (sapling) 6
A (shrub) 6
A() 5
A (grass) 6
A (forb) 6
Transect counts

A (sapling)

2 (shrub)

A (grass)

()

2 (forb)

N B N NN

Net counts

2 (sapling)

2 (shrub)
()
2 (forb) 2

2
A (grass) 2
2
1
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Hierarchical distance sampling

AlC, AAIC, AIC_Wt. g estimate (95%Cl)
337.69 0.00 098 -0.30 (-0.45 to -0.14)
345.83 8.13 0.02 0.21 (0.05 to 0.37)
350.2 12.51 0.00 -

350.41 1271 0.00 -0.17 (-0.38 to 0.05)
352.82 1513 000  -0.01(-0.16t00.14)
277.63 0.00 0.96 -1.44 (-2.20 to -0.69)
284.48 6.85 0.03 0.85(0.25 to 1.44)
289.8 1217 0.00 -0.93 (-2.14 t0 0.28)
290.07 12.44 0.00 -

292.16 14.54 000  0.133(-0.74t0 1.01)
360.71 0.00 1.00 -1.63 (-2.26 to -1.01)
384.38 23.67 0.00 0.85(0.03 to 1.67)
385.65 24.94 0.00 0.41 (-0.09 to 0.90)
386.08 25.37 0.00 -

387.09 26.38 0.00 0.39 (-0.31 to 1.09)

Note. Models are ranked in descending order of Akaike’s Information Criterion adjusted for small
sample size (AIC ). Distance transect data included Bombus spp. detected from O to 5 m along 66 m
transects. Transect counts included Bombus spp. detected from 0-2 m along 66 m transects. net
count data were counts of Bombus spp. within 15 m radius plots. Site covariates included per cent
cover as measured by 50 m radius vegetation surveys for vegetation structure: saplings, shrubs,
forbs, and grass. Below we report number of model parameters (k), AICC, A AICC, AICc weight (AICC
Wt.) and each covariate 8 parameter estimate and 8 parameter estimates (95% confidence interval).

forager density within timber harvests was highest for the HDS
models (192 foraging workers/ha; 95% Cl: 153-240) and lowest for
net counts (21 foraging workers/ha; 95% Cl: 19-23 Figure 5); an 89%
difference between the two methods. Transect counts yielded in-
termediate estimates of density (40 foraging workers/ha; 95% ClI:
34-47), and were 80% lower than density estimates from HDS. Site-
specific HDS modelled densities and netting count raw densities
were correlated (Pearson’s r = 0.31; p = 0.03). though the relation-

ship was not 1:1 (Figure 5).

4 | DISCUSSION

Our study provides the first empirical evidence that detection prob-
abilities of Bombus spp. vary in ways that can affect abundance esti-
mates and inferences about habitat relationships. Observation error
caused by imperfect detection is one of the central challenges of
ecological monitoring programs (Thompson, 2002; Yoccoz, Nichols,
& Boulinier, 2001) but has yet to be widely applied to monitoring
of many invertebrates, including pollinators (but see Bendel et al.,
2018; Loffland et al., 2017; Mackenzie, 2003; Van Strien, Termaat,
Groenendijk, Mensing, & Kery, 2010). Methods like distance sam-
pling, while offering a potential solution to this challenge, are still
under-utilized in entomological research. Meanwhile, distance

sampling and similar methods have been a staple of vertebrate wild-
life research for decades (Buckland et al., 2005; Burnham, Anderson,
& Laake, 1980; Seber, 1986; Thomas et al., 2002), and have been ex-
panded to estimate population size, habitat-specific abundance for
individual species and communities (Sillett, Chandler, Royle, Kéry, &
Morrison, 2012; Sollmann, Gardner, Williams, Gilbert, & Veit, 2016).
Although our study is not the first estimate and account for detec-
tion probability of bumblebees (Loffland et al., 2017), no study be-
fore ours has described factors associated with detection probability
and done so in a HDS framework.

We found that distance sampling transects were both a simple
and effective survey method for estimating density and habitat re-
lationships (Buckland et al., 2005). Hierarchical distance sampling
models are one of the few available methods that allow researchers
to model detection-adjusted abundance with only a single visit to
each site (Buckland et al., 2005; Kéry & Royle, 2015; MacKenzie et
al., 2005). The method uses only non-lethal sampling, unlike trap-
ping/netting methods (Tepedino et al., 2015) which is especially de-
sirable when sampling for species of conservation concern, or for
common species in areas where capture-based sampling is not al-
lowed. Additionally, HDS models are also useful because the output
is an easily interpreted latent state: density with units in “animals/
area”. In our study, HDS models generated estimates of foraging
Bombus spp. worker density.
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Despite being among the largest and most conspicuous of North
American bees (Michener et al., 1994), we found that detection
probability of Bombus spp. was imperfect and declined markedly
with distance from the survey transect, with almost no detections
beyond 5 m. Detection probabilities in our study were influenced by
survey-specific (e.g., time of day) and site-specific (e.g., grass cover)
variables, with detection probability highest in the morning in mid-
summer and in habitats with abundant grass cover. Within regener-
ating timber harvests in our study area, “grass” cover was typically
low-growing monocotyledons like Carex pennsylvanica. Abundant
low-growing sedge allowed observers to view Bombus spp. from
greater distances than when sites were dominated by tall saplings,
shrubs or forbs (e.g., Solidago). Consequently, studies within habi-
tats dominated by low grass or other short vegetation might find de-
tection probability for Bombus spp. to be reliable at distances >5 m.
Although we are uncertain as to why Bombus spp. were less detect-
able during surveys conducted later in the afternoon, one plausible

explanation is that longer shadows cast by late afternoon light made

regressed against count data from Bombus
spp. net counts

Bombus spp. more difficult to detect when foraging in low vegeta-
tion. Additional work exploring the drivers associated with Bombus
spp. detection would prove valuable to monitoring regimes aimed at
surveying bumblebees.

Though our study is not a comprehensive habitat assessment for
Bombus spp. within regenerating timber harvests of eastern forests,
our results provide a glimpse into the habitat dynamics of bumble-
bees in regenerating forests during mid-summer. Our findings that
Bombus spp. were positively associated with shrubs and negatively
associated with saplings can be explained primarily by flower phe-
nology during our survey window. Regenerating saplings within
the timber harvests we monitored were largely oaks, hickories,
black cherry (Prunus serotina) and red maple (Acer rubrum; Wherry
et al., 1979). These species do not flower as small saplings and do
so in early spring as mature trees (i.e., outside the sampling period,;
Wherry et al., 1979). In contrast, several species of shrub were flow-
ering during sampling including black huckleberry (Gaylussacia bac-

cata), and hillside blueberry. In contrast, most forbs (e.g., goldenrod;
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Solidago spp., snakeroot; Ageratina spp.) had not begun flowering yet.
Future work should explore how Bombus spp. may track resources
across a growing season to persist within eastern forest ecosystems.

Monitoring programs for Bombus spp. and other native polli-
nators can be improved by incorporating study design and model-
based approaches for minimizing detection error. Although we
included several design-based solutions for minimizing detection
error (e.g., restricting survey times, only surveying in fair weather;
Ward et al., 2014), detection probability remained imperfect
and varied due to time of day, observer and vegetation cover.
Consequently, methods that ignored detection probability gener-
ated density estimates 80%-89% lower than HDS. Past studies
have shown the importance of using design-based approaches to
minimize false negatives when sampling bees (Buchanan, Gibbs,
Komondy, & Szendrei, 2017). Our study demonstrates the value of
using both design- and model-based approaches for reducing sam-
pling errors caused by imperfect detection. Other study systems
with thick vegetation cover, such as prairies and forested wet-
lands, or obstructive objects, such as urban environments, are also
likely to underestimate bee abundance even if multiple design-
based approaches are used. While traditional sampling techniques
that do not account for detection have numerous applications,
our study highlights the importance of incorporating model-based
approaches for accounting for detection probability within native
bee surveys, particularly when attempting to estimate bee abun-
dance or density.

Although our results suggest that HDS represents a promising
tool for monitoring bumblebees, researchers wishing to employ the
method should recognize its associated limitations. For example,
distance models assume that all animals on the transect line are de-
tected perfectly. Although it is likely this assumption was met with a
large insect like Bombus spp., this assumption might be violated with
smaller insects. Moreover, subjects are assumed to be uniformly dis-
tributed in a manner unaffected by the observer. While it is possible
that Bombus spp. were frightened by observers, we took care to note
the location of first detection for Bombus spp. apparently flushed
and their loud flight made close detections almost certain. We note
that this method would not work well for species-level identifica-
tion because observations are made from a distance and some bee
genera are exceedingly difficult to identify, even with a microscope
(Michener et al., 1994). Misidentification of species would consti-
tute a false positive which would violate an assumption of distance
sampling.

Another consideration of this study design, and many methods
of abundance estimation, is that animals may violate the closure as-
sumption. In the case of Bombus spp., this likely occurred as foragers
flew in- and out- of the effective survey area (~5 m from the ob-
server for HDS). While this may constitute a problem for some study
objectives and methods, we have no reason to believe that Bombus
spp. movement was nonrandom with respect to the observer and an
accurate density could therefore still be made when passive counting
was used. Closure violation may be a more important problem when

attempting to calculate density from a netting plot where animals
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may enter the plot and be unable to leave as they are captured and
held until the survey has finished. In such cases, movement would
be biased by individuals immigrating into the monitored plot but un-
able to emigrate and movement would be biased towards the plot.
Although net-based sampling is often preferable for investigating
species-specific habitat relationships, the potential for movement
bias highlights the need for cautious interpretation of net-based
density estimates for bees. Similarly, researchers should consider the
potential for double-counting subjects. Although Bombus spp. in our
study were apparently few enough and slow enough to avoid most
double-counting, this may be a more important problem to consider
for more abundant insects with reduced detectability (e.g., Halictids).

We also advise caution with interpretation of habitat relation-
ships reported here as our study should be interpreted as a small
“snapshot” in time, and lacking species-specific habitat relation-
ships (Olesen, Bascompte, Elberling, & Jordano, 2008). Full-season
habitat associations are temporally dynamic for Bombus spp. and
vary across species (Goulson, 1999; Jha & Kremen, 2013). Relative
floral resource availability of different species changes across the
season and future studies employing these methods at regular in-
tervals from early spring when queens first emerge through late
autumn would prove valuable. In fact, examination of queen bee
densities would likely prove a better assessment of population
density and habitat quality than worker density; when monitoring
or researching colonial organisms such as bumblebees, estimating
the true number of reproducing colonies is of more value than es-
timating the number of foraging workers, as we have done here.
Conducting HDS during the spring and early summer, when queens
are the only active bumble bee foragers, may prove a useful and
non-lethal approach to estimating the abundance of reproductive
individuals, and the expected number summer colonies for a given
area. However, sampling queens would likely require additional
sampling sites or repeat visit because counts would be much lower
and HDS models may have trouble converging with relatively few
sampling locations. Caution should also be exercised with inter-
pretation of Bombus spp. density estimates reported here as our
densities likely consist of multiple species of Bombus modelled and
reported as one. We also recommend future studies explore how
non-Bombus genera (or morphospecies, functional groups) perform
as the focus of HDS models. Although HDS is not without limita-
tion, we believe our study highlights the utility of HDS models for
estimating densities and elucidating habitat associations of bumble

bees when individuals are detected imperfectly.

ACKNOWLEDGEMENTS

We thank the following individuals and agencies for their support
and land access: Sproul State Forest and Moshannon State Forest.
Funding was provided by the Indiana University of Pennsylvania
BURE fund and the United States Department of Agriculture Natural
Resources Conservation Service (68-7482-12-502), through the
Conservation Effects Assessment Project. We are very grateful to
Joan Milam and Sam Droege for their comments on early versions



McNEIL ET AL.

234
= L wiLey-

of this manuscript. We are also very grateful to three anonymous
reviewers spend considerable time strengthening this manuscript.
Funders of our project did not have any influence on the content of
the submitted manuscript nor did they require approval of the final
manuscript to be published. Any use of trade, firm, or product names
is for descriptive purposes only and does not imply endorsement by
the U.S. Government.

AUTHORS’ CONTRIBUTIONS

DJM, CRVO, ELM and JLL conceived research. DJM and ELM col-
lected field data. DJM, CRVO and ELM conducted statistical
analyses. DJM, CRVO, ELM, KRUM, DEK, ADR and JLL wrote the
manuscript. JLL secured funding. All authors read and approved the

manuscript.

ORCID

Darin J. McNeil http://orcid.org/0000-0003-4595-8354

Clint R. V. Otto http://orcid.org/0000-0002-7582-3525

Amanda D. Rodewald http://orcid.org/0000-0002-6719-6306

REFERENCES

Allen-Wardell, G., Bernhardt, P., Bitner, R., Burquez, A., Buchmann, S.,
Cane, J,, ... Inouye, D. (1998). The potential consequences of pollina-
tor declines on the conservation of biodiversity and stability of food
crop yields. Conservation Biology, 12, 8-17.

Anderson, D. R. (2007). Model based inference in the life sciences: A primer
on evidence. Berlin, Germany: Springer Science & Business Media.
Arnold, T. W. (2010). Uninformative parameters and model selection
using Akaike's Information Criterion. Journal of Wildlife Management,
74,1175-1178. https://doi.org/10.1111/j.1937-2817.2010.tb01236.x

Ashman, T. L., Knight, T. M., Steets, J. A., Amarasekare, P., Burd, M.,
Campbell, D. R,, ... Morgan, M. T. (2004). Pollen limitation of plant
reproduction: Ecological and evolutionary causes and consequences.
Ecology, 85, 2408-2421. https://doi.org/10.1890/03-8024

Bendel, C. R., Hovick, T. J., Limb, R. F., & Harmon, J. P. (2018). Variation
in grazing management practices supports diverse butterfly
communities across grassland working landscapes. Journal of Insect
Conservation, 22, 1-13. https://doi.org/10.1007/s10841-017-0041-9

Buchanan, A. L., Gibbs, J., Komondy, L., & Szendrei, Z. (2017). Bee com-
munity of commercial potato fields in Michigan and Bombus impa-
tiens visitation to neonicotinoid-treated potato plants. Insects, 8, 30.
https://doi.org/10.3390/insects8010030

Buckland, S. T., Anderson, D. R., Burnham, K. P., & Laake, J. L. (2005).
Distance sampling. Hoboken, NJ: John Wiley & Sons Ltd.

Burnham, K. P., & Anderson, D. R. (2002). Model selection and multimodel
inference: A practical information-theoretic approach. Berlin, Germany:
Springer Science & Business Media.

Burnham, K. P., Anderson, D. R., & Laake, J. L. (1980). Estimation of den-
sity from line transect sampling of biological populations. Wildlife
Monographs, 72, 3-202.

Calderone, N. W. (2012). Insect pollinated crops, insect pollinators
and US agriculture: Trend analysis of aggregate data for the period
1992-2009. PLoS ONE, 7, e37235. https://doi.org/10.1371/journal.
pone.0037235

Cameron, S. A, Lozier, J. D., Strange, J. P, Koch, J. B, Cordes, N., Solter,
L. F., & Griswold, T. L. (2011). Patterns of widespread decline in

North American bumble bees. Proceedings of the National Academy of
Sciences, 108, 662-667. https://doi.org/10.1073/pnas.1014743108

R Core Team (2018). R: A language and environment for statistical com-
puting. Vienna, Austria: R Foundation for Statistical Computing.
Retrieved from https://www.R-project.org/

Environmental Systems Research Institute (2011). ArcGIS Desktop:
Release 10. Redlands, California: ESRI.

Fiske, I., & Chandler, R. B. (2011). Unmarked: An R package for fitting
hierarchical models of wildlife occurrence and abundance. Journal of
Statistical Software, 43, 1-23.

Garibaldi, L. A., Steffan-Dewenter, |.,, Winfree, R., Aizen, M. A,
Bommarco, R., Cunningham, S. A., ... Bartomeus, . (2013). Wild polli-
nators enhance fruit set of crops regardless of honey bee abundance.
Science, 339, 1608-1611. https://doi.org/10.1126/science.1230200

Goulson, D. (1999). Foraging strategies of insects for gathering nec-
tar and pollen, and implications for plant ecology and evolution.
Perspectives in Plant Ecology, Evolution and Systematics, 2, 185-209.
https://doi.org/10.1078/1433-8319-00070

Goulson, D, Lye, G. C., & Darvill, B. (2008). Decline and conservation of
bumble bees. Annual Review of Entomology, 53, 191-208. https://doi.
org/10.1146/annurev.ento.53.103106.093454

Goulson, D., Nicholls, E., Botias, C., & Rotheray, E. L. (2015). Bee de-
clines driven by combined stress from parasites, pesticides, and
lack of flowers. Science, 347, 1255957. https://doi.org/10.1126/
science.1255957

Hammond, P. S., Berggren, P., Benke, H., Borchers, D. L., Collet, A,,
Heide-Jgrgensen, M. P., ... @ien, N. (2002). Abundance of har-
bour porpoise and other cetaceans in the North Sea and adja-
cent waters. Journal of Applied Ecology, 39, 361-376. https://doi.
org/10.1046/j.1365-2664.2002.00713.x

Hanley, M. E., Awbi, A. J., & Franco, M. (2014). Going native? Flower use
by bumblebees in English urban gardens. Annals of Botany, 113, 799-
806. https://doi.org/10.1093/aob/mcu006

Hau, E., & Von Renouard, H. (2006). The wind resource. London, UK:
Elsevier.

Hedley, S. L., & Buckland, S. T. (2004). Spatial models for line tran-
sect sampling. Journal of Agricultural, Biological, and Environmental
Statistics, 9, 181-199. https://doi.org/10.1198/1085711043578

James, F. C., & Shugart, H. H. Jr (1970). A quantitative method of habitat
description. Audubon Field Notes, 24, 727-736.

Jepsen, S., Evans, E., Thorp, R., Hatfield, R., & Black, S. H. (2003).
Petition to list the rusty patched bumble bee Bombus affinis (Cresson),
1863 as an endangered species under the U.S. Endangered Species
Act. Retrieved from http://www.xerces.org/wp-ontent/uploads/
2013/01/Bombus-petition.pdf

Jha, S., & Kremen, C. (2013). Resource diversity and landscape-level
homogeneity drive native bee foraging. Proceedings of the National
Academy of Sciences, 110, 555-558. https://doi.org/10.1073/
pnas.1208682110

Karanth, K. U., & Sunquist, M. E. (1995). Prey selection by tiger, leopard
and dhole in tropical forests. Journal of Animal Ecology, 64, 439-450.
https://doi.org/10.2307/5647

Kéry, M., & Royle, J. A. (2015). Applied Hierarchical Modeling in Ecology:
Analysis of distribution, abundance and species richness in R and BUGS:
Volume 1: Prelude and Static Models. Cambridge, MA: Academic Press.

Kéry, M., & Schmidt, B. R. (2008). Imperfect detection and its conse-
quences for monitoring for conservation. Community Ecology, 9, 207-
216. https://doi.org/10.1556/ComEc.9.2008.2.10

Kevan, P. G. (1990).Pollination: keystone process in sustainable global
productivity. In VI International Symposium on Pollination 288 (pp.
103-110).

Kremen, C., Williams, N. M., & Thorp, R. W. (2002). Crop pollination
from native bees at risk from agricultural intensification. Proceedings
of the National Academy of Sciences, 99, 16812-16816. https://doi.
org/10.1073/pnas.262413599


http://orcid.org/0000-0003-4595-8354
http://orcid.org/0000-0003-4595-8354
http://orcid.org/0000-0002-7582-3525
http://orcid.org/0000-0002-7582-3525
http://orcid.org/0000-0002-6719-6306
http://orcid.org/0000-0002-6719-6306
https://doi.org/10.1111/j.1937-2817.2010.tb01236.x
https://doi.org/10.1890/03-8024
https://doi.org/10.1007/s10841-017-0041-9
https://doi.org/10.3390/insects8010030
https://doi.org/10.1371/journal.pone.0037235
https://doi.org/10.1371/journal.pone.0037235
https://doi.org/10.1073/pnas.1014743108
https://www.R-project.org/
https://doi.org/10.1126/science.1230200
https://doi.org/10.1078/1433-8319-00070
https://doi.org/10.1146/annurev.ento.53.103106.093454
https://doi.org/10.1146/annurev.ento.53.103106.093454
https://doi.org/10.1126/science.1255957
https://doi.org/10.1126/science.1255957
https://doi.org/10.1046/j.1365-2664.2002.00713.x
https://doi.org/10.1046/j.1365-2664.2002.00713.x
https://doi.org/10.1093/aob/mcu006
https://doi.org/10.1198/1085711043578
http://www.xerces.org/wp-ontent/uploads/2013/01/Bombus-affinis-petition.pdf
http://www.xerces.org/wp-ontent/uploads/2013/01/Bombus-affinis-petition.pdf
https://doi.org/10.1073/pnas.1208682110
https://doi.org/10.1073/pnas.1208682110
https://doi.org/10.2307/5647
https://doi.org/10.1556/ComEc.9.2008.2.10
https://doi.org/10.1073/pnas.262413599
https://doi.org/10.1073/pnas.262413599

McNEIL ET AL.

Loffland, H. L., Polasik, J. S., Tingley, M. W., Elsey, E. A., Loffland, C.,
Lebuhn, G., & Siegel, R. B. (2017). Bumble bee use of post-fire chap-
arral in the central Sierra Nevada. The Journal of Wildlife Management,
81, 1084-1097. https://doi.org/10.1002/jwmg.21280

Mackenzie, D. I. (2006). Modeling the probability of resource use: The
effect of, and dealing with, detecting a species imperfectly. Journal of
Wildlife Management, 70, 367-374. https://doi.org/10.2193/0022-54
1X(2006)70[367:MTPORU]2.0.CO;2

MacKenzie, D. I., Nichols, J. D., Lachman, G. B., Droege, S., Andrew Royle,
J.,&Langtimm, C. A.(2002). Estimating site occupancy rates when de-
tectionprobabilitiesarelessthanone.Ecology, 83,2248-2255. https://
doi.org/10.1890/0012-9658(2002)083[2248:ESORWD]2.0.CO;2

MacKenzie, D. I., Nichols, J. D., Royle, J. A., Pollock, K. H., Bailey, L., &
Hines, J. E. (2005). Occupancy estimation and modeling: Inferring pat-
terns and dynamics of species occurrence. London, UK: Elsevier.

Mackenzie, D. I. (2003). Assessing site occupancy modelling as a tool
for monitoring Mahoenui giant weta populations. Department of
Conservation. 17.

Marques, T. A., Thomas, L., Fancy, S. G., & Buckland, S. T. (2007).
Improving estimates of bird density using multiple-covariate distance
sampling. The Auk, 124, 1229-1243. https://doi.org/10.1642/0004-
8038(2007)124[1229:IEOBDU]2.0.CO;2

McCaskill, G. L., McWilliams, W. H., Alerich, C. A., Butler, B. J., Crocker,
S. J., Domke, G. M,, ... Westfall, J. A. (2009). Pennsylvania’s Forests
2009. Newtown Square, PA: U.S. Department of Agriculture, Forest
Service, Northern Research Station.

Michener, C. D., McGinley, R. J., & Danforth, B. N. (1994). The Bee Genera
of North and Central America. Washington, D.C.: Smithsonian Institute
Press.

Olesen, J. M., Bascompte, J., Elberling, H., & Jordano, P. (2008). Temporal
dynamics in a pollination network. Ecology, 89, 1573-1582. https://
doi.org/10.1890/07-0451.1

Persson, A. S., Rundléf, M., Clough, Y., & Smith, H. G. (2015). Bumble
bees show trait-dependent vulnerability to landscape simplifica-
tion. Biodiversity and Conservation, 24, 3469-3489. https://doi.
org/10.1007/s10531-015-1008-3

Potts, S. G., Vulliamy, B., Dafni, A., Ne'eman, G., & Willmer, P. (2003).
Linking bees and flowers: How do floral communities structure
pollinator communities? Ecology, 84, 2628-2642. https://doi.
org/10.1890/02-0136

Potts, S. G., Biesmeijer, J. C., Kremen, C., Neumann, P., Schweiger, O., &
Kunin, W. E. (2010). Global pollinator declines: trends, impacts and
drivers. Trends in ecology & evolution, 25(6), 345-353.

Redhead, J. W., Dreier, S., Bourke, A. F., Heard, M. S., Jordan, W. C.,
Sumner, S., ... Carvell, C. (2016). Effects of habitat composition
and landscape structure on worker foraging distances of five bum-
ble bee species. Ecological Applications, 26, 726-739. https://doi.
org/10.1890/15-0546

Roulston, T. A. H., Smith, S. A., & Brewster, A. L. (2007). A com-
parison of pan trap and intensive net sampling techniques for
documenting a bee (Hymenoptera: Apiformes) fauna. Journal
of the Kansas Entomological Society, 80, 179-181. https://doi.
org/10.2317/0022-8567(2007)80[179:ACOPTA]2.0.CO;2

Royle, J. A., Dawson, D. K., & Bates, S. (2004). Modeling abundance
effects in distance sampling. Ecology, 85, 1591-1597. https://doi.
org/10.1890/03-3127

Scheper, J., Bommarco, R., Holzschuh, A., Potts, S. G., Riedinger, V.,
Roberts, S. P, ... Wickens, V. J. (2015). Local and landscape-level

235
IRy Wi LEY |2

floral resources explain effects of wildflower strips on wild bees
across four European countries. Journal of Applied Ecology, 52, 1165-
1175. https://doi.org/10.1111/1365-2664.12479

Seber, G. A. (1986). A review of estimating animal abundance. Biometrics,
42,267-292. https://doi.org/10.2307/2531049

Shultz, C. H.(1999). The Geology of Pennsylvania. Pennsylvania Geological
Survey, Harrisburg, PA: Pennsylvania Geological Survey.

Sillett, T. S., Chandler, R. B., Royle, J. A., Kéry, M., & Morrison, S. A.
(2012). Hierarchical distance-sampling models to estimate popu-
lation size and habitat-specific abundance of an island endemic.
Ecological Applications, 22(7), 1997-2006.

Sollmann, R., Gardner, B., Williams, K. A., Gilbert, A. T., & Veit, R. R. (2016).
A hierarchical distance sampling model to estimate abundance and
covariate associations of species and communities. Methods in Ecology
and Evolution, 7,529-537. https://doi.org/10.1111/2041-210X.12518

Tepedino, V. J., Durham, S., Cameron, S. A., & Goodell, K. (2015).
Documenting bee decline or squandering scarce resources.
Conservation Biology, 29, 280-282. https://doi.org/10.1111/
c0bi.12439

Thomas, L., Buckland, S. T., Burnham, K. P, Anderson, D. R., Laake, J.
L., Borchers, D. L., & Strindberg, S. (2002). Distance sampling.
Encyclopedia of, environmetrics.

Thomas, L., Buckland, S. T., Rexstad, E. A., Laake, J. L., Strindberg, S.,
Hedley, S. L., ... Burnham, K. P. (2010). Distance software: Design
and analysis of distance sampling surveys for estimating pop-
ulation size. Journal of Applied Ecology, 47, 5-14. https://doi.
org/10.1111/j.1365-2664.2009.01737.x

Thompson, W. L. (2002). Towards reliable bird surveys: Accounting for
individuals present but not detected. The Auk, 119, 18-25. https://
doi.org/10.1642/0004-8038(2002)119[0018:TRBSAF]2.0.CO;2

Van Strien, A. J.,, Termaat, T., Groenendijk, D., Mensing, V., & Kery, M.
(2010). Site-occupancy models may offer new opportunities for
dragonfly monitoring based on daily species lists. Basic and Applied
Ecology, 11, 495-503. https://doi.org/10.1016/j.baae.2010.05.003

Vilsack, T., & McCarthy, G. (2015). National strategy to promote the health
of honey bees and other pollinators. Washington D.C.: Report Issued
by the. White House the Pollinator Health Task Force.

Ward, K., Cariveau, D., May, E., Roswell, M., Vaughan, M., Williams, N.,
... Gill, K. (2014). Streamlined Bee Monitoring Protocol for Assessing
Pollinator Habitat. Portland, OR: The Xerces Society for Invertebrate
Conservation.

Weather Underground, Inc. (2018). Weather Forecast and Reports-Long
Range and Local. Wunderground: Retrieved from https://www.wun-
derground.com/

Wherry, E. T., Fogg, J. M. Jr, & Wahl, H. A. (1979). Atlas of the flora of
Pennsylvania. Philadelphia, PA: The Morris Arboretum of the
University of Pennsylvania.

Yoccoz, N. G., Nichols, J. D., & Boulinier, T. (2001). Monitoring of bio-
logical diversity in space and time. Trends Ecology and Evolution, 16,
446-453.

How to cite this article: McNeil DJ, Otto CRV, Moser EL, et
al. Distance models as a tool for modelling detection
probability and density of native bumblebees. J Appl Entomol.
2019;143:225-235. https://doi.org/10.1111/jen.12583



https://doi.org/10.1002/jwmg.21280
https://doi.org/10.2193/0022-541X(2006)70[367:MTPORU]2.0.CO;2
https://doi.org/10.2193/0022-541X(2006)70[367:MTPORU]2.0.CO;2
https://doi.org/10.1890/0012-9658(2002)083[2248:ESORWD]2.0.CO;2
https://doi.org/10.1890/0012-9658(2002)083[2248:ESORWD]2.0.CO;2
https://doi.org/10.1642/0004-8038(2007)124[1229:IEOBDU]2.0.CO;2
https://doi.org/10.1642/0004-8038(2007)124[1229:IEOBDU]2.0.CO;2
https://doi.org/10.1890/07-0451.1
https://doi.org/10.1890/07-0451.1
https://doi.org/10.1007/s10531-015-1008-3
https://doi.org/10.1007/s10531-015-1008-3
https://doi.org/10.1890/02-0136
https://doi.org/10.1890/02-0136
https://doi.org/10.1890/15-0546
https://doi.org/10.1890/15-0546
https://doi.org/10.2317/0022-8567(2007)80[179:ACOPTA]2.0.CO;2
https://doi.org/10.2317/0022-8567(2007)80[179:ACOPTA]2.0.CO;2
https://doi.org/10.1890/03-3127
https://doi.org/10.1890/03-3127
https://doi.org/10.1111/1365-2664.12479
https://doi.org/10.2307/2531049
https://doi.org/10.1111/2041-210X.12518
https://doi.org/10.1111/cobi.12439
https://doi.org/10.1111/cobi.12439
https://doi.org/10.1111/j.1365-2664.2009.01737.x
https://doi.org/10.1111/j.1365-2664.2009.01737.x
https://doi.org/10.1642/0004-8038(2002)119[0018:TRBSAF]2.0.CO;2
https://doi.org/10.1642/0004-8038(2002)119[0018:TRBSAF]2.0.CO;2
https://doi.org/10.1016/j.baae.2010.05.003
https://www.wunderground.com/
https://www.wunderground.com/
https://doi.org/10.1111/jen.12583

	University of Nebraska - Lincoln
	DigitalCommons@University of Nebraska - Lincoln
	2018

	Distance models as a tool for modelling detection probability and density of native bumblebees
	Darin J. McNeil
	Clint R. V. Otto
	Erin L. Moser
	Katherine R. Urban‐Mead
	David E. King
	See next page for additional authors
	Authors


	Distance models as a tool for modelling detection probability and density of native bumblebees

