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Crop visitation by wild bees declines over an 8-year
time series: A dramatic trend, or just dramatic
between-year variation?
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Abstract
1. Despite widespread recognition of the need for long-term monitoring of pollinator
abundances and pollination service provision, such studies are exceedingly rare.
2. In this study, we assess changes in bee visitation and net capture rates for
73 species visiting watermelon crop flowers at 19 farms in the mid-Atlantic region
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of the United States from 2005 to 2012.
3. Over the 8 years, we found a 58% decline in wild bee visitation to crop flowers, but
no significant change in honey bee visitation rate. Most types of wild bees showed
similar declines in both the visitation and the net capture data; bumble bees, however, declined by 56% in the visitation data but showed no change in net capture
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rates. Trends in pollination services, that is, estimated pollen deposition, largely
followed the trends in visitation and net capture rates.
4. While we detected large and significant declines in wild bees when using
generalised linear mixed models (GLMMs), permutation analyses that account for
non-directional variation in abundance were non-significant, demonstrating the
challenge of identifying and describing trends in highly variable populations.
5. As far as we are aware, this article represents one of fewer than 10 published time-series
(defined as >5 years of data) studies of changes in bee abundance, and one of only two
such studies conducted in an agricultural setting. More such studies are needed in order
to understand the magnitude of bee decline and its ramifications for crop pollination.
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I N T R O D U CT I O N

Ackerly, 2008; van der Sluijs & Vaage, 2016). Yet, there have been
surprisingly few long-term studies of bee populations that used

There is widespread concern about declines in bees and the pollination

standardised methods to measure changes in bee abundance over time

services they provide (Cameron & Sadd, 2020; Goulson et al., 2015).

and thus are able to detect decline in its most basic sense: a decrease in

Bees are important pollinators in both agricultural and natural ecosys-

the number of individuals over time.

tems (Ollerton, 2017; Willmer et al., 2017), and bee population declines

In contrast, most studies on bee decline have used data compiled

could adversely affect food production, as well as the reproductive suc-

from a wide range of sources, such as citizen science projects and

cess and future composition of natural plant communities (Sargent &

museum collections, that were gathered under different protocols and

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial License, which permits use, distribution and reproduction in any
medium, provided the original work is properly cited and is not used for commercial purposes.
© 2022 The Authors. Insect Conservation and Diversity published by John Wiley & Sons Ltd on behalf of Royal Entomological Society.
Insect Conserv Divers. 2022;1–12.

wileyonlinelibrary.com/journal/icad

1

2

ALDERCOTTE ET AL.

with non-standardised or unquantified sampling effort (Bartomeus

Even when time series are long and sample sizes are large, high

et al., 2013; Biesmeijer et al., 2006; Carvalheiro et al., 2013; Powney

inter-annual variation in bee abundance presents a challenge to the

et al., 2019; Senapathi et al., 2015; Soroye et al., 2020; Zattara &

detection of trends (Cane & Tepedino, 2001; Didham et al., 2020;

Aizen, 2021). In such datasets, when the number of individuals of a spe-

Williams et al., 2001). Bee abundance at both the species and the com-

cies decreases over time (i.e., its abundance declines), it can be difficult

munity levels can vary by an order of magnitude between years, in both

to know whether that is a because the species was indeed declining, or

agricultural (Cane & Payne, 1993; Senapathi et al., 2021) and natural eco-

whether apparent decline is an artefact of the sampling design. First,

systems (Herrera, 1988; Ogilvie et al., 2017; Roubik, 2001). The drivers

when sampling effort is not standardised over time, a species can erro-

of this variation are not well determined but may include variation in

neously appear to decline because less effort was made to sample it (or

annual weather patterns (Kammerer et al., 2021; Ogilvie et al., 2017),

its habitat) in the recent period. Second, a rarer species can appear to

infection/infestation rates of brood parasites and pathogens, especially

decline because early collectors targeted rare species, whereas later col-

fungal pathogens (Danforth et al., 2019), pesticide application

lectors tended to use passive collection methods that sample species in

(e.g. Mallinger et al., 2015), and changing landscapes and land manage-

proportion to their abundance and thus collect mainly common species

ment practises (e.g. Humbert et al., 2012; Kennedy et al., 2013;

(Gotelli et al., 2021). Third, a species can appear to decline if other spe-

Lichtenberg et al., 2017). This stochastic temporal variation in abundance

cies in the same dataset increased over time and therefore constitute a

reduces the power of regression-based models to identify trends

larger proportion of the more recent samples (Bartomeus & Winfree,

(Gerrodette, 1987), or, alternatively, increases the risk of erroneously

2013). Although calibration methods have been developed that can

identifying a trend where there is none. For example, given a system with

make museum and field-data comparable (Gotelli et al., 2021), this does

high interannual variation but no long-term trend, analysis of short time

not negate the importance of having local scale time series for which

series can find significant positive or negative trends, particularly when

sampling effort is standardised over time, and thus declines in abun-

bounded by high and low years (Figure 1, see Didham et al., 2020 for a

dance can be detected directly (Goulson et al., 2015).

graphical representation of the many challenges associated with trend

The two longest-term studies that did directly measure changes

analysis in insect populations). Said another way, interannual variation

in abundance over time in bee communities were conducted in

(or process error) increases both type I and type II error rates because it

Panama and Spain and found that populations were predominantly

inherently violates the regression model’s null hypothesis that abun-

stable or increasing over time (Herrera, 2019; Roubik, 2001; Roubik

dances are the same across time (Gerrodette, 1987). As a result, studies

et al., 2021; Roubik & Wolda, 2000). However, both studies were also

seeking to detect bee population declines require higher-than-usual sam-

conducted in relatively undisturbed natural habitats and thus might

pling intensity over longer periods in order to differentiate long-term

under-estimate bee declines in areas with greater human impacts. For

trends in mean abundance from changes attributable to stochastic inter-

North America, specifically, the few published time-series studies of

annual variation (Gibbs et al., 1998; White, 2019). Approaches that incor-

bee populations show conflicting results. Standardised studies based

porate process error into their expectations, such as state space models

on observations or netting at flowers have been done only for the

(Clark & Bjornstad, 2004; Humbert et al., 2009), power analysis via simu-

genus Bombus (the bumble bees) and only in natural systems. In Colo-

lation (Gerrodette, 1987), or permutational null models can be helpful in

rado, USA, peak annual abundance for three bumble bee species

differentiating actual trends from noise (Fox et al., 2019).

showed no significant change over 8 years (2009–2016) (Ogilvie et al.,

Here, we evaluate 6 years of data (collected over 8 years, 2005–

2017), while in California, USA, a bumble bee species complex showed

2012) on bee abundance at watermelon flowers (Citrullus lanatus

a roughly 10-fold decline in the number of bees counted per unit of

Thunb.) at 19 farms in the Mid-Atlantic USA. Because our study

survey area over 15 years from 1999 to 2014 (Thomson, 2016). Two

design standardises plant species and floral density across years, it

additional North American time-series studies used pan traps to moni-

controls for variation in bee abundance attributable to these factors.

tor bee populations over time. Pan traps have the disadvantage of

Furthermore, by working in an agricultural system, we directly mea-

being biased towards catching Halictids and some other small-bodied

sure bee declines as they are affecting crop pollination. We ask

taxa (Portman et al., 2020) but have the advantage of providing large

(i) whether there were trends in bee abundance at crop flowers over

sample sizes (Westphal et al., 2008). Onuferko et al. (2018) found a

time and (ii) whether trends in abundance differed among bee taxa. In

significant decline in aggregate bee abundance in Ontario, Canada

addition, we use data we collected on the per visit pollen deposition

from 2003 to 2013, although the magnitude of the decline was not

of bees to evaluate the strength of the relationship between total

reported. Graham et al. found a dramatic decline in aggregate bee

visitation by bees and the pollination services they provide.

abundance (to 39% of initial abundance) and then partial recovery
(to 70% of initial abundance) between 2004 and 2018 at highbush
blueberry (Vaccinium corymbosum L.) farms in Michigan (Graham et al.,

M A T E R I A L S A N D M ET H O D S

2021). Other published time-series studies of bee abundance were
either based on short time series (<5 years) or did not report on the

Study system

statistical significance of changes in total abundances over time
(Cane & Payne, 1993; Franzen & Nilsson, 2013; Herrera, 1988;

Watermelon (C. lanatus) is an economically important crop native to

Iserbyt & Rasmont, 2012; Owen, 1978).

Africa and now cultivated worldwide. Watermelons have separate
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F I G U R E 1 Demonstration of the effects of process error on log-linear trend estimations from short time series. The grey line represents a
randomly generated 30-year sequence of true abundances with a mean of 50 (blue line; drawn from a negative binomial distribution) and a CV of
0.5 (which is comparable to the variance in estimated abundance for several bee groups investigated in this article). Each red dashed line represents
a negative binomial regression with a log-link applied to the first 5, 10, and 15 years of the time series respectively. The reported % changes are
predicted changes in mean abundance for the generalised linear models over their respective time spans.

male and female flowers growing on the same plant and are therefore

situated along crop rows. Each farm was sampled on two separate

dependent upon pollinators to set fruit. Female flowers have high pol-

days in 2005, on 1 day in each of 2007 and 2008, and on 3 days at

len deposition requirements, and each flower requires multiple polli-

each farm in each of 2010, 2011, and 2012 (see Appendix 1, Table S1

nator visits to produce marketable fruit (Delaplane & Mayer, 2000;

for a table of which farms were visited in which years). Pollinator visits

Stanghellini et al., 1998). Our study was conducted at 19 watermelon

to flowers were counted during 45-s surveys at 40 equally spaced

farms within a 90 by 60 km region of central New Jersey and eastern

points along each transect. At each point, we observed all visits to as

Pennsylvania, USA. The average pairwise distance between farms was

many flowers as we could confidently observe simultaneously (mean

35 km, and the two closest farms were separated by a little over 2 km

= 2 flowers, SD = 1.5). Flower visitation rate data were recorded in

(see map in Appendix 1, Figure S1). The native vegetation in this

units of pollinator visits per flower per 45 s.

region is temperate forest, currently dominated by deciduous broad-

For the purposes of the visitation rate analyses, each pollinator

leaves such as oaks (Quercus spp.), maples (Acer spp.) and hickories

that visited a flower was categorised to one of three species groups:

(Carya spp.). In terms of land use, the study region as a whole is classi-

honey bees (containing the single species Apis mellifera L., which is a

fied as ‘heterogenous agricultural’, with over 20% non-crop area

non-native, managed species in our study region), bumble bees (con-

(Tscharntke et al., 2005). Field sizes were generally small (mean area

taining six Bombus species), or non-Bombus wild bees (see Appendix 3

= 4 ha, sd = 4.3 ha) and minimum distances to natural land-cover

for species lists). We surveyed each transect three times per day

were short (mean distance to forest edge = 85 m, sd = 63 m).

between 8:00 and 13:00 h, which is the period during which watermelon flowers are open and available to pollinators. We did not collect data when it was rainy, or when wind speeds exceeded 4.6 m/s

Field methods

(mean windspeed during sampling = 0.9 m/s, SD = 0.6). The observational data included a relatively low rate of visitation by anthophilous

Flower visitation

insects other than bees (4% of all visits), and these non-bee visitors
also deposited approximately one-tenth the pollen per visit as did

We measured bee visitation rate to flowers because it provided a

bees (Rader et al., 2013). Due to the low sample sizes and the lesser

good index of bee abundance at the site (Williams et al., 2001), and is

role in crop pollination of other insects, we limited our analysis in this

also a good predictor of pollen delivery to the plant (Kleijn et al.,

article to bees.

2015; Vázquez et al., 2005), and is thus the abundance index most
strongly tied to pollination service provision. We observed bee visitation rate to flowers during the peak bloom of watermelon at each

Net collection

farm, between 20 June and 20 August each year from 2004 to 2012,
except for 2006 and 2009, when no fieldwork was conducted. Visita-

After observing flower visitation at a site, bees were collected by

tion was observed along one 50-m transect per farm, with transects

hand-net for 30 min from the same 50 m where visitation had been
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observed. We only collected bees that were observed to be in contact

three data collection periods. We used the natural log of the number

with reproductive parts of a watermelon flower. Honey bees were not

of flowers observed for bee visits on a given site-day as an offset and

netted. All specimens were subsequently identified to the species

farm as a random intercept. We included the offset to account for var-

level with the help of professional taxonomists (see Acknowledge-

iation in what is essentially a form of sampling effort (see Appendix 2

ments) and are included in the Winfree Lab collection at Rutgers Uni-

for an algebraic explanation of this approach). We included farm as a

versity, New Brunswick, New Jersey, USA. The net-collected

random effect in our models because each farm will have different ini-

specimens were used to identify the bee species in our taxonomic

tial bee communities and abundances (random intercept) and might

groups for visitation (bumble bees and other wild bees, see Appendix

also be expected to change over time in different ways (random

3) and pollen deposition analyses, as well as to analyse changes in

slope). To determine the appropriate random effect structure, we ran

abundance over time for more finely resolved categories of bees

the GLMM for each bee grouping with farm as a random slope and

(e.g., species or genera).

intercept, random intercept-only, or with no random effect, and then
compared Akaike information criteria (AIC). The random interceptonly models consistently outperformed both alternatives and were

Pollen deposition

thus what we used in our final models (Appendix 2, Table S2).
Second, to determine how readily the trends we observed in our

When observing visitation in the field, we recorded wild bee visits to

time series could result solely from inter-annual variation, we con-

flowers and visually identified each individual pollinator to one of nine

ducted permutation analyses. Whereas a linear regression model’s null

morpho-groups. After collecting the flower visitation rate data, we

hypothesis assumes no change in mean visitation across years, the

collected voucher specimens of wild bees from watermelon flowers

permutation analysis assumes that bee abundance can differ stochas-

with hand nets for 30 min and used these specimens for species iden-

tically by year and uses the observed variance to generate a more

tification. Thus, we were able to retroactively assign wild bee species

informed null expectation. To generate this null expectation, we per-

to the nine morpho-groups that field observers recorded visually.

muted the order of the years, while keeping everything within years

Morpho-group members were sufficiently similar in size and pilosity

constant to maintain interannual variability (i.e. sites and site-counts

such that we expect them to exhibit similar per-visit function.

were not shuffled between years). Years with no data collection (2006

To measure the number of watermelon pollen grains deposited

and 2009) were kept as such and not permuted, so that only the 6

on stigmas during a single pollinator visit, we bagged unopened, virgin

years when data were collected were reordered. This resulted in

female watermelon flowers with pollinator exclusion mesh and later

720 unique time series for each bee group. We then ran our negative

offered these flowers individually to insects foraging on watermelon

binomial regression, as above, on each of these time series, and

flowers. After a bee visited the flower, it was visually assigned to a

extracted the slope coefficient for the effect of year from each analy-

morpho-group, and the flower was protected from further pollinator

sis. The frequency distribution of these 720 coefficients represents

visits, placed in a floral tube and allowed to sit at room temperature

how likely each coefficient would be, given the observed variation in

for 24 h to allow the pollen to adhere to the stigma. Stigmas were

bee abundances, but absent any directional trend over time. The

then removed, softened in 10% KOH, stained with 1% fuchsin and

reported p value is equal to the fraction of the permutated datasets

prepared as microscopic slides so that the number of watermelon pol-

that produced coefficients as or more extreme than the one observed.

len grains on the stigma could be counted with a compound micro-

A small p value would be indicative of a trend in the mean rate of visi-

scope. Control flowers were left bagged until the end of the field day

tation over time that would be unlikely to occur via purely stochastic

and contained few pollen grains (mean = 3, SD = 10, N = 66 stigmas).

processes. The permutation analysis was repeated for each bee group
(i.e. honey bees, bumble bees, non-Bombus wild bees and then the
combined groups). The breadth of the distribution of permuted coeffi-

Statistical analysis

cients for each case will depend on the magnitude of interannual variation in mean visitation for that group. Therefore, the coefficient of

Visitation rate data

variation (CV) of annual mean visitation was also calculated for each
group and is presented in the results.

To describe changes in bee abundance at flowers and determine
whether those changes are likely to be indicative of trends, we
analysed the change over time in two ways that differ in their scope

Netted bee data

of inference. First, in order to estimate the temporal change in mean
floral visitation across all farms, we modelled flower visitation rate

We also assessed change over time in bee abundance based on bee cap-

using negative binomial generalised linear mixed models (GLMMs).

ture rates during the standardised netting transects. The number of bees

We ran a model for each bee group with year as the sole predictor

captured in a netting period was regressed against year with a random

variable and number of bee visits observed on a site-day as the

intercept for farm. The negative binomial error distribution was

response variable, using the lme4 package in R (Bates et al., 2015; R

maintained as it continued to provide the best fit (residuals analysed

Core Team, 2020). We summed bee visits for each site-day across all

with R package ‘fitdistrplus’, Delignette-Muller & Dutang, 2015). We
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analysed the same bee groups as with the visitation rate data, as well as

visiting watermelon flowers were diverse but were dominated espe-

independently analysing the bee genera that contributed more than 5%

cially by ca. 3000 visits by small dark bees, primarily halictids in the

of all netted bees. Less abundant genera did not provide sufficient data

genera Lasioglossum and Halictus. Overall, wild bees were abundant in

for regression analysis to be meaningful. Permutation analyses were also

our study system; we observed 57 wild bee visits per hour, on aver-

conducted on the netted bee data using the same methods outlined

age. Net collection resulted in 5932 specimens, representing 73 spe-

above for the observational visitation rate data.

cies (or in some cases, species groups of 2–3 morphologically similar
species) belonging to 20 genera (see Appendix 3). Of the netted specimens, 1744 (29%) were bumble bees (of which 98% were Bombus

Pollen deposition

impatiens Cresson). Other commonly collected genera included
Lasioglossum (2106 individuals, 36% of all captures, from 39 species),

To assess whether total visitation acts as an adequate proxy for total

Augochlora (694, 12%, all A. pura Say), and Ceratina (438, 7%,

pollination service provision, we calculated mean pollen deposition per

4 species).

visit for each bee morpho-group from the single visit deposition data,

The results of GLMM analyses show that bee visitation to

and we multiplied each bee visit in the time-series data by the mean

watermelon flowers declined significantly between 2005 and 2012

deposition for its morpho-group to produce pollen deposition estimates

(Table 1). Overall, visits by managed and wild bees together declined

for each site-day. We regressed total estimated site-day pollen deposi-

by 37% (Figure 2a), from approximately 31 bee visits to each flower

tion on total site-day visitation using linear regression and report the

per hour to about 20. This was driven by a decrease in the rate of visi-

regression R 2 as a gauge for how well overall visitation predicted esti-

tation by wild bees, which declined by 58% over the time period of the

mated pollen deposition. In principle, if the relative abundance of high

study (Figure 2b) (from 22 visits/flower/hour to 9). A large decline

versus low efficacy pollinators amongst visiting bee taxa changed a lot

was found in the visitation rate of both bumble bees, which declined

from site-day to site-day, per-visit pollen deposition would drive the var-

by 56% (from 5 visits/flower/hour to 2.3) (Figure 2c), and wild bees

iation in estimated site-day deposition. In such a case, the resulting R 2

other than bumble bees, which showed a decline of 61% (from ~8.6

would be low. In contrast, if the variation in total interaction frequency

visits/flower/hour to 3.3) (Figure 2d). In contrast, visits by honey

between site-days explains most of the variation in estimated pollen

bees show no clear trend (9% increase, non-significant) (Figure 2e). All

deposition, the resulting R 2 will be close to 1. A similar analysis con-

declines were highly significant (p < 0.001), but the effect of year

ducted on a subset of these data (excluding the final 2 years) is included

explained relatively little of the observed variation: marginal R 2s

in the supplemental information of Kleijn et al. (2015).

ranged from 0.09 to 0.11, and conditional R 2s from 0.12 to 0.26. The
marginal R 2 informs how well the variance in observed visit rates are
explained by the fixed effect of year, whereas the conditional R 2 tells

RESULTS

us how well the variance in observed visit rates are explained by the
entire model, including random effect structure (i.e. when individual
farms are allowed their own intercept) (Barton, 2020).

We recorded 19,082 visits by bees to watermelon flowers, of which
8022 (42%) were from honey bees, 3528 (18%) were from bumble

In contrast to the GLMM results, permutation analyses of the bee

bees, and 7532 (39%) were from other wild bees. Wild bee species

visitation data were non-significant for all bee groups. For those

TABLE 1

Summary of results of GLMM models and permutation analyses of flower visitation rate data
Results of GLMMs
Permutation analyses

Fixed effect of year
Δ2005–
2012

Intercept

Parameter
estimate

Apis + Bombus + nonBombus wild bees

37%

0.94

Bombus + non-Bombus
wild bees

58%

Bombus spp.

56%

Bee group

p value

SE

Random effect
Std. dev

Marginal
R2

Conditional
R2

CV

Perm. p

0.066

p < 0.001

0.016

0.169

0.092

0.192

0.192

0.066

1.28

0.125

p < 0.001

0.024

0.313

0.111

0.228

0.346

0.136

2.71

0.119

p < 0.001

0.035

0.616

0.048

0.262

0.415

0.108

Non-Bombus wild bees

61%

1.64

0.134

p < 0.001

0.031

0.433

0.087

0.239

0.483

0.264

Apis mellifera

+9%

2.23

0.012

p = 0.64

0.026

0.364

0.001

0.125

0.165

0.816

Note: Δ2005–2012 is the total % change in GLMM-predicted mean visitation rate from 2005 to 2012. The intercepts and slope parameter estimates are
given in units of natural log of bee visits per flower per 45 s. Random effect standard deviation is the standard deviation in intercept values for individual
farms. R 2 values were calculated via the delta method with MuMIn package (Barton, 2020). CV is the coefficient of variation on annual mean visitation
rates. Perm. is the permutation p value, or the proportion of permuted datasets resulting in an effect of year as or more extreme than the observed effect.
Abbreviation: GLMM, generalized linear mixed model.
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F I G U R E 2 Expected visitation rates to flowers over the years from 2005 to 2012 as predicted by GLMMs (red lines), with bootstrapped 95%
confidence intervals (blue ribbons). Black points represent the average number of bee visits per flower per 45 s on a site-day. (a) Apis + Bombus +
non-Bombus wild bees (i.e. all bees). (b) Bombus + non-Bombus wild bees (i.e. all wild bees), (c) Bombus spp., (d) non-Bombus wild bees, (e) Apis
mellifera. Horizontal dispersion of points within years was created by random ‘jittering’ of points to improve viewability.

groups that were significantly declining in the GLMM analysis, permu-

well within the range of CV’s measured in studies of many other types

tation p values ranged from 0.06 to 0.23 (Table 1). The null distribu-

of small-bodied and short-lived animals and are much lower than aver-

tions from which these permutation p values were calculated depend

age CV’s encountered in studies of the population dynamics of single

on between year variability in abundance. This variability was lowest

species of Lepidoptera and Diptera (Gibbs et al., 1998).

for honey bees (16% coefficient of variation, averaged across farms)

Net capture rates of all wild bees declined by 23% from 2005 to

and highest for non-Bombus wild bees (48% CV), which also corre-

2012 (from ~30 bees per 30-min session to ~23), but this decline was

sponds to the magnitude in observed change in abundance. While

not significant in the GLMM (Figure 3a). The trend was driven by non-

average changes in abundance per year of up to 50% sound large and

Bombus wild bees, which saw a statistically significant 34% decline

clearly present a challenge to trend detection in our data, our CV’s fall

(Figure 3b) (from 23 bees per session to 15). Bumble bee captures,
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F I G U R E 3 Expected capture rates of bees for the years from 2005 to 2012 as predicted by GLMMs (red lines), with bootstrapped 95%
confidence intervals (blue ribbons). Black points represent the number of bees collected by net on a site-day. (a) Bombus + non-Bombus wild bees,
(b) non-Bombus wild bees, (c) Bombus spp., (d) Lasioglossum spp., (e) Augochlora pura, (f) Ceratina spp. Horizontal dispersion of points with-in years
was created by random ‘jittering’ of points to improve viewability.

however, stayed essentially level, contradicting the findings of our

of both GLMMs and permutation analyses for the most common

visitation-rate data for bumble bees (Figure 3c). Declines for the

bee species and genera in the netted data set are shown in

three most abundant bee genera varied from 25% to 57% but

Table 2.

were only statistically significant in Augochlora pura (Figures 3d–f).

Regressing estimated total site-day pollen deposition on total site-

Marginal R 2 values were low (0–0.04), and small relative to condi-

day visitation resulted in an adjusted R 2 of 0.85 (Figure 4), showing

tional R 2s (0.11–0.31), suggesting that between-site differences

that in our study system change in community-level visitation can

explained more of the variation in abundance than did the tempo-

explain most of the variance in estimated pollen deposition. These find-

ral trend. The results of the permutation analysis were non-

ings are similar to those already reported for this cropping system, as

significant for all groups considered from the netting data. Results

well as several others in temperate North America (Kleijn et al., 2015).
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TABLE 2

Results of GLMM analyses of netted specimen data
Results of GLMMs
Fixed effect of year

Bee group
Bombus + non-Bombus
wild bees

Δ2005–
2012
23%

Intercept

Parameter
estimate

3.40

0.037

Permutation analyses

p value

SE

Random effect
Std. dev

p = 0.091

0.022

0.246

Marginal
R2
0.013

Conditional
R2

CV

Perm. p

0.114

0.408

0.619

Non-Bombus wild bees

34%

3.13

0.060

p = 0.025

0.027

0.323

0.025

0.145

0.548

0.539

Bombus spp.

+3%

1.80

0.005

p = 0.888

0.034

0.645

<0.001

0.247

0.261

0.900

Lasioglossum

25%

2.28

0.041

p = 0.204

0.033

0.502

0.008

0.202

0.492

0.719

Augochlora

57%

1.37

0.120

p = 0.003

0.040

0.780

0.038

0.310

0.717

0.492

Ceratina

44%

0.63

0.081

p = 0.134

0.055

0.881

0.012

0.233

0.746

0.414

Note: The first three rows (Bombus spp., non-Bombus wild bees, and Bombus + non-Bombus wild bees) are equivalent to the three wild-bee only groupings
assessed in the visitation rate data. These are followed by GLMMs for the three most collected genera other than Bombus. Δ2005–2012 is the total %
change in GLMM predicted mean capture rate from 2005 to 2012. Intercepts are given as the natural log of bees collected per site-day, with slopes in
corresponding units. Random effect standard deviation is the standard deviation in intercept values for individual farms. R 2 values were calculated via the
delta method with MuMIn package (Barton, 2020). CV is the coefficient of variation on annual mean capture rates. Perm. p is the permutation p value, or
the proportion of permuted datasets resulting in an effect of year as or more extreme than the observed effect.
Abbreviation: GLMM, generalized linear mixed model.

bee abundance as estimated from net collections at the same farms
also suggest decline, though results were less often statistically significant. This may be due in part to the smaller sample sizes of the net
collection data (about one-third as many specimens netted as visits
observed) and is affected by a lack of decline in bumble bee netcapture rates. The differing results for GLMMs of bumble bee abundance between the two datasets can be interpreted one of two ways.
One possibility is that bumble bee abundances truly did decline, as the
visitation data suggests, and that the smaller hand-netted dataset
(~3500 visits vs. ~1700 individuals captured) does not have the statistical power to detect that trend, or that the net-capture rate did not
accurately reflect their abundance. The alternative explanation is that
F I G U R E 4 Linear regression (blue line) of total visits by wild bees
on each site-day on total estimated pollen deposition for that siteday. The total visits by wild bees to watermelon flowers in a single
site-day are plotted on the horizontal-axis, with the total estimated
pollen deposition for that site-day on the vertical axis.

bumble bees did not decline with the other wild bees, and that bumble bee visit rates, which did decline, did not accurately reflect true
bumble bee abundance. Bombus impatiens dominated bumble bee
records (98% of collected specimens and 99% of visitors identified to
species level). B. impatiens is a super-abundant species in agricultural
landscapes in the region and is generally thought to be doing well,

DISCUSSION

perhaps supporting the latter interpretation, though this is highly
speculative.

Despite considerable concern about bee decline, time-series analyses

High inter-annual variation in abundance is the norm in wild bee

of abundance changes for wild bee species are conspicuous by their

communities (Herrera, 1988; Roubik, 2001; Senapathi et al., 2015;

absence in the literature. Here, we find that wild bee visits to water-

Williams et al., 2001). Identifying the presence of a trend amidst these

melon flowers at New Jersey and Pennsylvania farms declined by

ups and downs is challenging. The results of our permutation analyses,

more than half between 2005 and 2012. The declines in visitation

which better account for the presence of inter-annual variation, were

rates were similar for bumble bees, which have been relatively well-

non-significant, despite the 34%–61% declines in wild bee abun-

studied by ecologists in North America (Cameron & Sadd, 2020;

dances that we observed. That is, we could not exclude the possibility

Hatfield et al., 2015; Williams et al., 2014), and other wild bees, which

that the observed declines are a result of normal stochastic variation

have not been. Because of the steep decline in visits by wild species,

and the 8-year window we happened to observe. The last few years

overall bee visitation to crop flowers, and likewise estimated pollina-

of our time series may just happen to have been years of bad condi-

tion delivered to crops, declined by over a third between 2005 and

tions for bees (due, e.g., to poor weather conditions over the preced-

2012, despite stable levels of visitation by managed honey bees. Wild

ing year; Kammerer et al., 2021; Ogilvie et al., 2017), or the first few
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may have been unusually good ones. In either case, a few years of

bee species) are essentially non-existent. One exception is a 9-year

high or low abundance at either end of an 8-year period can provide

study of metapopulation dynamics of Andrena humilis Imhoff con-

enough leverage to produce significant results from linear regression.

ducted in Sweden, which found extreme variability in abundance, with

The takeaway is that, yes, wild bees did decline massively in water-

high rates of sub-population extirpation and colonisation, and a dis-

melon fields in eastern Pennsylvania and central New Jersey between

tinct 2-year cycle in abundance peaks and troughs (Franzen & Nilsson,

2005 and 2012, but we do not find evidence to support a declining

2013). It is not known to what degree populations are cyclical or tran-

trend in long-term average abundances.

sient for most bee species. Due to the lack of long-term monitoring

Among the bee groups with significant GLMM results, those with

data and the challenges associated with estimating trends in true

the largest declines also showed the most interannual variability (mea-

abundance of bee populations, official status assessments of bee spe-

sured as coefficients of variation in annual mean visitation). Thus, the

cies (such as those conducted for the IUCN Red List or the US Fish

groups with the largest estimated declines had broader permuted null

and Wildlife Service’s Endangered and Threatened Species List) com-

distributions and higher permutation p values, making us even less

monly rely on a combination of trends in distribution or site occu-

confident that their declines are indicative of a trend. These results

pancy and trends in a species’ proportional representation in the bee

highlight the challenges inherent in monitoring highly variable bee

community (i.e. relative abundance) to determine whether they are in

populations and emphasises the importance of considering annual var-

decline (decline generally being a prerequisite for threatened status)

iation when determining timelines for monitoring studies. Even stud-

(e.g. Nieto et al., 2019; Szymanski et al., 2016).

ies following recommended minimums of 4–5 years of repeated

In the most comparable time series abundance analysis to ours,

sampling across many sites (as suggested by Lebuhn et al., 2012 and

Graham et al. (2021) found declines in wild bee abundance in Michigan

Roubik, 2001) may lack sufficient statistical power and thus be liable

blueberry fields of remarkably similar magnitude (61% vs. our 58%)

to misinterpretation (White, 2019).

over a similar period (2004–2014) using pan traps. This was followed

This study is one of the first to assess trends in wild bee abun-

by a sizeable recovery in the bee community in Michigan in the period

dance in an agricultural system, where bees are providing an economi-

following (from 2013 to 2018). Generally, though, studies of bee

cally important ecosystem service (see also Graham et al., 2021). Bee

decline have produced contrasting results, suggesting that trends in

declines in agricultural systems could impact crop yields: Wild bees

wild bee populations vary not just from place to place and time period

enhance the production of many crops globally (Bommarco et al.,

to time period (Carvalheiro et al., 2013), but also with the landscape

2012; Garibaldi et al., 2013; Reilly et al., 2020), and yield for several

types or bee taxa considered (Bartomeus et al., 2013). Similar spatial,

important North American crops, although not for watermelon, are

temporal, and taxonomic variation in population abundance trends are

pollen limited (Bommarco et al., 2012; Garibaldi et al., 2013; Reilly

seen in the better-studied Lepidoptera (Wagner et al., 2020).

et al., 2020). Pollinator visitation frequency and total pollen deposition

Research on the drivers of bee decline would benefit from the

are highly correlated in many plant–pollinator networks (Ballantyne

intentional collection and analysis of time-series abundance data. A

et al., 2017; Kleijn et al., 2015; Vázquez et al., 2005). We find this to

recent global synthesis of research on the impacts of land-use change

be the case in our system as well (Figure 4). Thus, declines in pollina-

on biodiversity found that the likelihood of observing an effect of

tor visitation rates at pollen-limited crops are expected to translate

land-use change depended on the method used, and that time-series

into declines in yield. Watermelon crops in our study region generally

studies resulted in stronger and more consistently negative effect

receive more than adequate pollination (Winfree et al., 2007), such

sizes than more often used approaches (Davison et al., 2021).

that the declines we observed in bee abundance may not have

However, long-term monitoring programs designed with the

affected yield (although we did not measure yield in our study). How-

objective of collecting data for time series analysis of abundance

ever, declines of the magnitudes observed combined with the high

remain rare in the realm of bee research. Our study is a case in point –

variability in bee abundance observed could lead to yield declines in

the data we use were not initially collected with a time-series analysis

some years at some sites, despite high pollination levels on average. If

in mind. In this sense, the study of bees lags behind other popular

bee abundance continues to decline over the long term, the variation

and/or economically important taxa, such as Lepidoptera, birds and

around the mean will cause pollination to dip below the limitation

marine vertebrates, where long-term monitoring schemes have been

threshold and reduce crop yields more and more frequently. In this

instrumental in understanding trends and informing management

scenario, both the average yield and the stability of farmer’s yields will

(e.g. Hilborn et al., 2020; Rosenberg et al., 2019; Wagner et al., 2020).

decline. Increasing the stocking density of honey bees (or other man-

Fortunately, momentum is building to fund and conduct long-term

aged pollinator species) could mitigate this risk, but at a cost to the

monitoring of bees and other pollinators, exemplified by the launching

farmer.

of the UK Pollinator Monitoring Scheme (Carvell et al., 2016), and the

That we found no evidence for change in honey bee abundance is

National Native Bee Monitoring Research Coordination Network that

unsurprising; farmer’s contracts with beekeepers often specify how

is currently being developed in the United States (Woodard et al.,

many hives of a minimum size will be provided (Woodcock, 2012).

2020). Hopefully such efforts will be extended to other parts of the

The declines in abundances of wild species are more difficult to inter-

world, such as the chronically under-studied tropics (Millard et al.,

pret, given the lack of published data on this topic. Long-term studies

2020), where pollinator declines and pollen limitation may be espe-

of population dynamics in solitary bee species (the majority of wild

cially prevalent (Millard et al., 2021).
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Appendix S1 Supporting Information

1
2

Supporting Information

3

Appendix 1: Site Maps & Years Visited:

4
5
6

Figure S1: Map of watermelon farm site locations in central New Jersey and eastern Pennsylvania.
Generated from Google© terrain maps using the R packages “ggmap” (Kahle et al., 2019) and “ggsn”
(Santos Baquero, 2019).

7
8

Table S1: Number of days each farm site was visited in each year.

Site ID
Farm A
Farm B
Farm C
Farm D
Farm E
Farm F

2005
2
2
2
2
2
2

2007
1
0
0
1
1
0

Number of site days
2008
2010
1
3
1
3
0
3
1
3
1
3
1
3

2011
3
3
3
3
3
0

2012
3
3
3
3
3
3

Farm G
Farm H
Farm I
Farm J
Farm K
Farm L
Farm M
Farm N
Farm O
Farm P
Farm Q
Farm R
Farm S

2
2
2
2
2
2
2
2
2
2
2
2
2

1
1
0
1
1
1
1
1
1
1
0
1
1

1
1
0
1
1
1
0
1
1
1
0
1
1

3
0
3
3
3
3
3
3
3
3
3
3
3

3
3
3
3
0
3
3
3
3
3
3
3
3

3
3
3
3
0
3
3
3
3
3
3
3
3

9
10

Appendix 2: Model Selection

11
12
13
14
15

Table S2: Assessment of random effect structures: GLMM’s were run with no random effect structure,
farm as a random-intercept effect, and farm as a random slope and intercept effect. Sample size
corrected Akaike Information Criterion (AICc) were obtained and models were ranked using the
‘model.sel’ function in the MuMIn package for R. Models were compared within each row, and ΔAICc
values are relative to the best model in that row.
Bee Group

16

All Bees
Honey Bees
Bumble Bees
All Wild Bees
Other

No Random Effect
ΔAICc
8.18
7.41
22.13
7.03
15.27

Random Intercept
ΔAICc
0
0
0
0
0

Random Slope + Intercept
ΔAICc
3.31
3.06
2.24
4.15
4.03

17

Sampling Effort as an Offset:

18

When modelling count data collected with unequal sampling effort, the ‘offset’ is a powerful tool. An

19

offset is an added variable in a log-link regression that represents sampling effort. It has a fixed

20

coefficient of 1, such that doubling sampling effort doubles the expected value of the response variable.

21

Including an offset in a GLMM accounts for sampling effort in model fitting, while simultaneously

22

converting the response variable from a count to a rate. It also enables the use of error distribution

23

families that are not compatible with rates or decimals.

24

For example, the negative binomial distribution uses the log link, with a model structure like:

25

ln�𝐸𝐸(𝑌𝑌)� = 𝛽𝛽0 + 𝛽𝛽1 𝑋𝑋1 + 𝛽𝛽2 𝑋𝑋2 + ⋯ 𝛽𝛽𝑖𝑖 𝑋𝑋𝑖𝑖

26

Where E(Y) is the expected value for the outcome variable and is modeled as a function of predictor

27

variables X1 through Xi, and β0 is the mean value of Y when all X’s = 0. In this study we only include one

28

predictor variable, year:

29

ln�𝐸𝐸(𝑌𝑌)� = 𝛽𝛽0 + 𝛽𝛽1 𝑋𝑋1

30

Where:

31

Y = # of visits observed on a site-day

32

X1 = year

33
34

Exponentiating removes the log from the left-hand side:
𝐸𝐸 (𝑌𝑌) = 𝑒𝑒 𝛽𝛽0 ∗ 𝑒𝑒 𝛽𝛽1 𝑋𝑋1

35
36

If we accept an assumption that doubling the number of flowers observed should double the number of

37

visits observed, we can make number of flowers observed an ‘offset’ by adding it as a new variable Z,

38

with a fixed coefficient of 1. Z is included as the natural log of the number of flowers observed:

39
40

ln�𝐸𝐸(𝑌𝑌)� = 𝛽𝛽0 + 𝛽𝛽1 𝑋𝑋1 + 1 ∗ 𝑍𝑍

Where Z = ln(flowers). Exponentiating both sides:

41
42

And then simplifying:

𝐸𝐸 (𝑌𝑌) = 𝑒𝑒 𝛽𝛽0 +𝛽𝛽1 𝑋𝑋1 + ln (𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓) = 𝑒𝑒 𝛽𝛽0 +𝛽𝛽1 𝑋𝑋1 ∗ 𝑒𝑒 ln (𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓)

𝐸𝐸(𝑌𝑌)
= 𝑒𝑒 𝛽𝛽0+𝛽𝛽1 𝑋𝑋1
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

43

44

The resultant model equation, by having expected visits per flower observation on the left-hand side,

45

accounts directly for levels of sampling intensity.

46
47

Appendix 3: Species Lists

48
49

Table 1: List of netted bee species, along with what proportion they represent of all bees collected and
what proportion they represent of bees from the same analysis group.
No. of specimens

Proportion of Proportion
specimens in
of all
analysis group specimens

Group: Bombus
Bombus bimaculatus
Bombus fervidus
Bombus griseocollis
Bombus impatiens
Bombus perplexus
Bombus vagans

1744
12
9
9
1709
1
4

<1%
<1%
<1%
98%
<1%
<1%

<1%
<1%
<1%
29%
<1%
<1%

Group: Other Wild Bees
Agapostemon sericeus
Agapostemon texanus
Agapostemon virescens

4188
11
5
23

<1%
<1%
1%

<1%
<1%
<1%

Anthidium oblongatum

1

<1%

<1%

Augochlora pura

694

17%

12%

Augochlorella aurata

172

4%

3%

Augochloropsis metallica

5

<1%

<1%

Calliopsis andreniformis

23

1%

<1%

Ceratina dupla-mikmaqi-calcarata complex
Ceratina strenua

350
88

8%
2%

6%
1%

Eucera pruinosa

157

4%

3%

Halictus confusus
Halictus ligatus
Halictus parallelus
Halictus rubicundus

172
40
1
17

4%
1%
<1%
<1%

3%
1%
<1%
<1%

Hoplitis pilosifrons
Hoplitis producta

1
1

<1%
<1%

<1%
<1%

Hylaeus affinis-modestus complex

7

<1%

<1%

Lasioglossum admirandum
Lasioglossum albipenne
Lasioglossum atwoodi
Lasioglossum bruneri
Lasioglossum callidum
Lasioglossum cattellae
Lasioglossum cinctipes
Lasioglossum coreopsis
Lasioglossum coriaceum
Lasioglossum cressonii
Lasioglossum ellisiae
Lasioglossum ephialtum
Lasioglossum georgeickworti
Lasioglossum gotham
Lasioglossum hitchensi
Lasioglossum illinoense
Lasioglossum imitatum
Lasioglossum laevissimum
Lasioglossum leucocomum
Lasioglossum leucozonium
Lasioglossum lineatulum
Lasioglossum oblongum
Lasioglossum obscurum
Lasioglossum oceanicum
Lasioglossum paradmirandum
Lasioglossum pectinatum
Lasioglossum pectorale
Lasioglossum pilosum
Lasioglossum platyparium
Lasioglossum rozeni
Lasioglossum smilacinae
Lasioglossum subviridatum
Lasioglossum tegulare
Lasioglossum trigeminum
Lasioglossum truncatum
Lasioglossum versatum
Lasioglossum viridatum

12
2
1
14
4
1
1
1
1
6
13
22
1
1
191
65
744
1
16
3
1
5
12
28
49
3
16
245
1
2
2
2
88
19
5
406
2

<1%
<1%
<1%
<1%
<1%
<1%
<1%
<1%
<1%
<1%
<1%
1%
<1%
<1%
5%
2%
18%
<1%
<1%
<1%
<1%
<1%
<1%
1%
1%
<1%
<1%
6%
<1%
<1%
<1%
<1%
2%
<1%
<1%
10%
<1%

<1%
<1%
<1%
<1%
<1%
<1%
<1%
<1%
<1%
<1%
<1%
<1%
<1%
<1%
3%
1%
13%
<1%
<1%
<1%
<1%
<1%
<1%
<1%
1%
<1%
<1%
4%
<1%
<1%
<1%
<1%
1%
<1%
<1%
7%
<1%

50
51

Lasioglossum weemsi
Lasioglossum zephyrum
Lasioglossum sp. undet.

66
40
14

2%
1%
<1%

1%
1%
<1%

Megachile brevis
Megachile mendica
Megachile rotundata
Megachile sculpturalis

2
5
1
1

<1%
<1%
<1%
<1%

<1%
<1%
<1%
<1%

Melissodes bimaculatus

202

5%

3%

Nomada articulata

1

<1%

<1%

Ptilothrix bombiformis

1

<1%

<1%

Triepeolus lunatus
Triepeolus remigatus

1
89

<1%
2%

<1%
2%

Xylocopa virginica

11

<1%

<1%

