
University of Nebraska - Lincoln University of Nebraska - Lincoln 

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

Faculty Publications: Department of 
Entomology Entomology, Department of 

6-7-2022 

Grassy–herbaceous land moderates regional climate effects on Grassy–herbaceous land moderates regional climate effects on 

honey bee colonies in the Northcentral US honey bee colonies in the Northcentral US 

Gabriela M. Quinlan 

Douglas Sponsler 

Hannah R. Gaines-Day 

Harper B G McMinn-Sauder 

Clint R V Otto 

See next page for additional authors 

Follow this and additional works at: https://digitalcommons.unl.edu/entomologyfacpub 

 Part of the Entomology Commons 

This Article is brought to you for free and open access by the Entomology, Department of at 
DigitalCommons@University of Nebraska - Lincoln. It has been accepted for inclusion in Faculty Publications: 
Department of Entomology by an authorized administrator of DigitalCommons@University of Nebraska - Lincoln. 

https://digitalcommons.unl.edu/
https://digitalcommons.unl.edu/entomologyfacpub
https://digitalcommons.unl.edu/entomologyfacpub
https://digitalcommons.unl.edu/entomology
https://digitalcommons.unl.edu/entomologyfacpub?utm_source=digitalcommons.unl.edu%2Fentomologyfacpub%2F1012&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/83?utm_source=digitalcommons.unl.edu%2Fentomologyfacpub%2F1012&utm_medium=PDF&utm_campaign=PDFCoverPages


Authors Authors 
Gabriela M. Quinlan, Douglas Sponsler, Hannah R. Gaines-Day, Harper B G McMinn-Sauder, Clint R V Otto, 
Autumn H. Smart, Théotime Colin, Claudio Gratton, Rufus Isaacs, Reed Johnson, Meghan O. Milbrath, and 
Christina M. Grozinger 



LETTER • OPEN ACCESS

Grassy–herbaceous land moderates regional
climate effects on honey bee colonies in the
Northcentral US
To cite this article: Gabriela M Quinlan et al 2022 Environ. Res. Lett. 17 064036

 

View the article online for updates and enhancements.

You may also like
Catalytic potential of pollination services to
reconcile conservation and agricultural
production: a spatial optimization
framework
Sofía López-Cubillos, Rebecca K Runting,
Margaret M Mayfield et al.

-

The effect of pollinator insect visitation on
flower development and productivity of
chilli plant
T Aminatun, Budiwati, L Sugiyarto et al.

-

Impact of Wild Bees (Apis cerana) and
Stingless Bees (Tetragonula laeviceps) to
Some Crops of Small-Scale Farm in West
Java
RE Putra, FA Rustam, M Rosmiati et al.

-

This content was downloaded from IP address 76.84.138.85 on 14/10/2022 at 22:24

https://doi.org/10.1088/1748-9326/ac7063
https://iopscience.iop.org/article/10.1088/1748-9326/ac07d4
https://iopscience.iop.org/article/10.1088/1748-9326/ac07d4
https://iopscience.iop.org/article/10.1088/1748-9326/ac07d4
https://iopscience.iop.org/article/10.1088/1748-9326/ac07d4
https://iopscience.iop.org/article/10.1088/1742-6596/1387/1/012002
https://iopscience.iop.org/article/10.1088/1742-6596/1387/1/012002
https://iopscience.iop.org/article/10.1088/1742-6596/1387/1/012002
https://iopscience.iop.org/article/10.1088/1755-1315/593/1/012031
https://iopscience.iop.org/article/10.1088/1755-1315/593/1/012031
https://iopscience.iop.org/article/10.1088/1755-1315/593/1/012031
https://iopscience.iop.org/article/10.1088/1755-1315/593/1/012031
https://iopscience.iop.org/article/10.1088/1755-1315/593/1/012031
https://iopscience.iop.org/article/10.1088/1755-1315/593/1/012031


Environ. Res. Lett. 17 (2022) 064036 https://doi.org/10.1088/1748-9326/ac7063

OPEN ACCESS

RECEIVED

9 November 2021

REVISED

6 May 2022

ACCEPTED FOR PUBLICATION

17 May 2022

PUBLISHED

7 June 2022

Original content from
this work may be used
under the terms of the
Creative Commons
Attribution 4.0 licence.

Any further distribution
of this work must
maintain attribution to
the author(s) and the title
of the work, journal
citation and DOI.

LETTER

Grassy–herbaceous land moderates regional climate effects on
honey bee colonies in the Northcentral US
GabrielaMQuinlan1,2,∗, Douglas Sponsler3, Hannah RGaines-Day4, Harper B GMcMinn-Sauder5,
Clint R V Otto6, Autumn H Smart7, Théotime Colin8, Claudio Gratton4, Rufus Isaacs1,
Reed Johnson5, Meghan OMilbrath1 and Christina M Grozinger2
1 Department of Entomology, Michigan State University, East Lansing, MI, 48824, United States of America
2 Department of Entomology, Center for Pollinator Research, Huck Institutes of the Life Sciences, Pennsylvania State University,
University Park, PA, 16801, United States of America

3 Department of Animal Ecology and Tropical Biology, Biozentrum der Universität Würzburg, C-018 Am Hubland, 97074 Würzburg,
Germany

4 Department of Entomology, University of Wisconsin-Madison, Madison, WI, 53706, United States of America
5 Department of Entomology, The Ohio State University, Columbus, OH, 43210, United States of America
6 U.S. Geological Survey, Northern Prairie Wildlife Research Center, Jamestown, ND, 58401, United States of America
7 Department of Entomology, University of Nebraska-Lincoln, Lincoln, NE, 68583, United States of America
8 Sydney Institute of Agriculture, School of Life and Environmental Sciences, The University of Sydney, Sydney, NSW 2006, Australia
∗ Author to whom any correspondence should be addressed.

E-mail: gmq5021@psu.edu

Keywords: Apis mellifera, hive scale, pooled analysis, random forest, environmental filtering

Supplementary material for this article is available online

Abstract
The lack of seasonally sustained floral resources (i.e. pollen and nectar) is considered a primary
global threat to pollinator health. However, the ability to predict the abundance of flowering
resources for pollinators based upon climate, weather, and land cover is difficult due to insufficient
monitoring over adequate spatial and temporal scales. Here we use spatiotemporally distributed
honey bee hive scales that continuously measure hive weights as a standardized method to assess
nectar intake. We analyze late summer colony weight gain as the response variable in a random
forest regression model to determine the importance of climate, weather, and land cover on honey
bee colony productivity. Our random forest model predicted resource acquisition by honey bee
colonies with 71% accuracy, highlighting the detrimental effects of warm, wet regions in the
Northcentral United States on nectar intake, as well as the detrimental effect of years with high
growing degree day accumulation. Our model also predicted that grassy–herbaceous natural land
had a positive effect on the summer nectar flow and that large areas of natural grassy–herbaceous
land around apiaries can moderate the detrimental effects of warm, wet climates. These patterns
characterize multi-scale ecological processes that constrain the quantity and quality of pollinator
nutritional resources. That is, broad climate conditions constrain regional floral communities,
while land use and weather act to further modify the quantity and quality of pollinator nutritional
resources. Observing such broad-scale trends demonstrates the potential for utilizing hive scales to
monitor the effects of climate change on landscape-level floral resources for pollinators. The
interaction of climate and land use also present an opportunity to manage for climate-resilient
landscapes that support pollinators through abundant floral resources under climate change.

1. Introduction

The pollination services provided by bees and other
insects are essential for agricultural productivity and
ecosystem health, and serve as the base of terrestrial

food webs [1, 2], but, populations of some man-
aged and wild pollinator species have experienced
significant declines across the world [3–5]. A lead-
ing causes of these declines is the loss of abundance
and species richness of flowering plants that bees and
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other pollinators depend on for food [6]. The dis-
tribution of flowering plants, and thus the available
quantity and quality of nectar and pollen for pollin-
ators, is influenced by land cover [7], weather [8], and
climate [9, 10]. However, due to difficulty collecting
and analyzing data on flowering resource availability
and quality over sufficient spatial and temporal scales,
it is challenging to adequately characterize the effects
of these factors, and thus to understand how envir-
onmental conditions affect bee health. As a peren-
nial insect species that forages throughout the grow-
ing season over several kilometers [11], the honey bee
(Apis mellifera, L.) is an outstanding model system
to explore the effects of flowering resource availabil-
ity for pollinators across time and space. Because of
the social structure and communal living of honey
bees, colony-level measurements of hive performance
can bemade through the use of automated hive scales
which provide a standardmethod tomonitor changes
in honey bee colony weight within and across days
and seasons [7, 12].

The community of flowering plants available
to bees varies greatly relative to land cover [13],
and recent land use changes can result in reduced
availability of habitat that supports abundant and
diverse forb communities [14, 15]. Generally, grassy–
herbaceous fields [16], spring-blooming deciduous
forests [17], and wetlands [18] provide abundant
flowering resources for pollinators, while agricultural
and urban expansion threaten pollinator communit-
ies by reducing the area of diverse habitat and the
floral resources contained therein [6, 15]. The effect
of different land covers on flowering plant resource
availability, however, is highly context specific. The
attractiveness and benefit of any land cover type to
pollinators is relative to the other alternative food
sources within the landscape [19]. This relative bene-
fit may explain why a land cover that is described as
pollinator-supportive in one region is not necessarily
found to be pollinator-supportive in another region.
For example, while intensive row crop monocul-
tures are considered to be detrimental to pollinators
in some contexts [6, 15], mass-blooming monocul-
tural crops can provide short-term flowering pulses
[20, 21], and thus the effect on pollinator popula-
tions depends upon overall landscape composition
[22]. Likewise, agricultural management approaches
that integrate flowering plants into the crop rows or
field margins either by planting or by allowing volun-
teer plants to grow, can increase the pollinator attract-
iveness of farms [23]. This context-specific nature
of land cover makes it challenging to make infer-
ence beyond the specific locations used in individual
landscape-scale studies. Therefore, broad-scale stud-
ies with high replication are needed to determine the
full effects of land use on flower availability and honey
bee colony productivity.

Despite the importance of land use and land
cover in structuring plant communities and the

availability of flowering resources, studies assessing
the influence of land cover, weather, and climate on
bee health found a greater impact of weather and
climate [24–26]. For example, in the eastern United
States (U.S.), Calovi et al showed that weather was the
primary driver of colony survival among honey bee
colonies that were managed appropriately for para-
sites [26]. Likewise, Van Esch et al illustrated that
weather variables were more explanatory in Belgian
honey bee colony winter mortality than land cover
variables [24] and Kom et al found that climate and
weather variables in the Netherlands were of high
importance in bee survival, even within a two-year
study [25]. Each of these studies, however, did not
examine flowering resource availability. Rather, they
examined cumulative effects of weather and land-
scapes on downstream outcomes, such as survival,
that are also influenced by multiple other variables
[6, 27]. Other studies have assessed the direct effects
of weather and climate on forage plant characterist-
ics [9, 10, 28, 29], and beekeepers report weather
and climate as one of the major stressors to their
colonies [4], but no studies have monitored colonies
over sufficient spatial and temporal ranges to determ-
ine how climate and weather interact with land-
scape quality to affect honey bee nectar acquisition in
North America.

Given the multitude of factors affecting flower-
ing resources across spatiotemporal scales, a stand-
ard low-effort method for surveying the effects of
resource intake is needed. Because honey bee colonies
collect and store foraged pollen and nectar resources
to produce and support large populations through
continuous brood rearing over the growing season,
changes in colony weight are closely tied to changes in
flowering resource availability over time [12, 30, 31].
Through generalist foraging and rapid recruitment,
honey bee colonies are effective at discovering and
exploiting rewarding resources in the landscape [32]
over large distances [11]. Therefore, honey bee colony
weight data may be a proxy for estimating landscape-
level flowering resources [12].

This study combined hive scale data from several
honey bee studies spanning five years and seven states
across the Northcentral U.S. To estimate the relat-
ive importance of climate, weather, and land cover
on landscape flowering plant resources, we inferred
resource (i.e. primarily nectar) acquisition through
honey bee colony weight changes. We focused on the
period of late summer nectar flow (July–August) for
whichwe had themost data. This is also a critical time
when colonies need to collect sufficient resources to
survive overwinter [20].We explore effects of climate,
weather, and land cover across broader gradients than
those found in the individual studies. Specifically, our
objectives were (a) to determine the relative import-
ance of climate, weather, and land cover to colony
weight changes, (b) to predict nectar availability and
honey bee productivity based on these variables, and
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(c) to understand how these variables interact to
affect honey bee colony productivity.

2. Materials andmethods

2.1. Hive weight data
Data spanned 5 years (2015–2019), 7 states
(Michigan, Minnesota, North Dakota, Ohio,
Pennsylvania, South Dakota, and Wisconsin), 162
apiary locations, 644 colonies, and approximately 2.9
million logged colony weights. Co-authors deployed
either Solutionbee™ (Raleigh, NC) or Broodminder™

(Stoughton, WI) scales that continuously logged
colony weights hourly or every 15 min. Colonies
were under a variety of management conditions
(table S.1 available online at stacks.iop.org/ERL/17/
064036/mmedia).

All data cleaning and analyses were completed
in R version 3.6.3 [33], following methods mod-
ified from Sponsler et al [12]. Data were first
filtered to the highest available temporal resolu-
tion and range among the various studies. A single
nighttime (00:00–02:00) weight was obtained from
each colony’s scale on each day to quantify daily
weight when all bees were inside their colonies.
Most scales were in the field throughout the sum-
mer (July–August) and only a few studies had year-
long data. The daily weight data were approximately
normally distributed around 27 July, so we chose
to trim the data to 1 July–31 August, a two month
period with the greatest overlap among the available
data. Nineteen colonies had fewer than 10 d of data
within this period and were excluded due to insuf-
ficient sample size. The cumulative sum of weight
change over this time was calculated for each hive
scale (starting at 0 kg on 1 July). To remove arti-
factual spikes and drops that could have occurred as
a result of colony disturbance, daily weight changes
outside of 3 kg d−1 were changed to 0 kg for colon-
ies outside the Great Plains (i.e. WI, MI, OH, PA).
Colonies in the Great Plains (i.e. ND, SD,MN), where
honey production rates are typically higher [34], were
allowed to gain up to 5 kg d−1 and lose up to 3 kg d−1

before weight changes were converted to 0. This res-
ulted in a continuous, smooth weight time series.
Three scales showed no change in weight, indicating a
broken ormalfunctioning scale, which left 622 colon-
ies for analysis. The maximum cumulative weight
obtained by each colonywas then determined, repres-
enting the total weight gain of each colony during July
and August.

2.2. Land cover
The total areas of various land covers within a 2 km
radius of each apiary were quantified using the Crop-
landData Layer (CDL) for each year [35] using the sp,
rgdal, raster, and sf packages [36–39]. During sum-
mer 2 km is the average foraging distance over which

honey bees travel [11] and was therefore considered
an appropriate buffer distance. Shannon diversity of
CDL land use within each 2 km foraging range was
calculated using the vegan package [40]. Land cov-
ers were then binned into five broad categories: grass
crops, woody–herbaceous crops, grassy–herbaceous
natural land, woody natural land, and developed land
(table S.2).

2.3. Climate and weather effects
Temperature and precipitation data for each api-
ary were obtained from the PRISM Climate Data-
base [41] using the prism package [42]. Hence-
forth we refer to climate as the 30 year normal
temperature and precipitation data, while weather
is described as temperature and precipitation for
each year. Monthly climate (30 year normal) rasters
were downloaded at 800 m resolution and monthly
weather rasters were downloaded at 4 km resolution.
Each PRISM raster was clipped and averaged within
the 2 km buffer around each apiary. Due to known lag
effects of weather on the following season’s flowering
resources [43], September–December weather data
from the preceding year (Yt−1) were used to model
hive weight data the following year (Yt). Climate and
weathermetrics (precipitation and temperature)were
then binned seasonally by averaging across months:
spring (March, April, May), summer (June, July,
August), autumn (September, October, November),
and winter (December, January, February). Grow-
ing degree day accumulation was calculated using the
averaging method with a base temperature of 10 ◦C,
from April 1 to August 1 of each year [44].

2.4. Statistical analysis
We used random forest regression to model the max-
imum weight gain (peak in cumulative weight over
the two month period) of colonies across our region
using the ranger package [45]. Random forests can
be used to analyze large datasets, particularly those
that do not meet the assumptions of traditional lin-
ear regression models [46]. Our dataset had several
such limitations including multicollinearity among
predictor variables (figure S.1) and spatial auto-
correlation (table S.3). Maximum weight gain was
regressed with the following variables: land use Shan-
non diversity, grassy crops, woody–herbaceous crops,
grassy–herbaceous natural land, woody natural land,
and developed land, as well as seasonal (autumn
(Yt−1), winter (Yt−1), spring (Yt), and summer (Yt))
mean temperature and precipitation, 30 year nor-
mal seasonal mean temperature and precipitation,
and growing degree days. We tuned the model using
10-fold cross validation on ten random seeds, follow-
ing methods outlined in Calovi et al. We tested the
number of trees between 2000 and 5000 in 500-tree
steps and the number of variables to split at each tree
node between 3 and 8 predictors in 1-node steps. The
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Figure 1. Random forest predicted rates of honey bee colony maximum weight gain (kg) in July and August (A) and the prediction
error (predicted minus actual maximum colony weight gain) (B) plotted across sites in the Northcentral U.S. In panel (A) lighter
colors represent greater weight gain. In panel (B) lighter colors represent lower error, with red representing under-prediction
(actual weight exceeded model-predicted weight) and blue representing over-prediction (model-predicted weight exceeded actual
weight). Predictions are averaged across all 500 runs of 10-fold cross-validation, colonies, and years for each apiary point location.

parameters that minimized out of bag (OOB) error
were chosen for the final model [26]. Our model was
tuned to 3500 trees and a maximum of three predict-
ors per tree node. Using these tuned parameters, we
performed 10-fold cross validation across 500 ran-
dom seeds. Permutation variable importance (PVI),
the additional accuracy that each variable provides
to the model, relative to the overall model error, was
calculated for each model [45]. We averaged model
predictions, OOB error, and PVI and calculated 95%
confidence intervals for PVI across all 500 random
forest runs. Relationships between predictor variables
and colony outcomes identified as important by our
random forest models were visualized using partial
dependence plots with the pdp package [47].

3. Results

On average, colonies gained 19.83 kg (±0.82 kg S.E.)
from 1 July to 31 August. The random forest model
OOB predictions explained 71% of the variance in
our data, with a 120.90 error rate. This OOB error
describes the rate of error as the random forest uses
bootstrapping to fit and validate the model, averaged
across all 500 cross validation runs [48]. The predict-
ive fit of the model to the data was 0.72 (r = 0.85,
p < 0.01, R2 = 0.72) (figure S.2). The model pre-
dicted colonies in the Great Plains (North Dakota,
SouthDakota, andMinnesota) to have greater rates of
colony weight gain in July than the other states in our
study (figure 1(a)). These predictions were accurate
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Figure 2. Predictor importance for maximum honey bee colony weight gain from July to August in the Northcentral U.S. based
on random forest regression. Higher permutational variable importance values indicate that the predictor variable is of greater
importance to the model. Input variables are organized in descending order of importance within category: 30 year normal
seasonal climate data (circle), land use within 2 km of the apiary (square), and annual seasonal weather (triangle). Within each
shape is a bar indicating the 95% confidence interval for each importance score based on 500 runs of 10-fold cross-validation.
Autumn and winter climate and weather variables were taken from the previous calendar year (Yt−1) to the colony weight data
(Yt), while spring and summer climate and weather and growing degree day data are from the same calendar year (Yt).

as shown by low error rates across our study region
(figure 1(b)). The magnitude of error was slightly
higher in the Dakotas, but there was no clear direc-
tionality to the errors (figure 1(b)).

Climate variables, including the 30 year normal
winter temperature (Yt−1) (PVI= 91.65, 95% confid-
ence interval (CI) = 91.26–92.04), winter precipita-
tion (Yt−1) (PVI = 90.95, 95% CI= 90.57–91.33),
autumn precipitation (Yt−1) (PVI = 89.60, 95%
CI = 89.22–89.98), and spring precipitation (Yt)
(PVI = 88.32, 95% CI = 87.95–88.68) were the
most important predictors in the model. This was
followed by the area of grassy–herbaceous nat-
ural land (PVI = 58.63, 95% CI = 58.29–58.98),
which along with woody natural land (PVI = 36.90,
95% CI = 36.69–37.11) were the most import-
ant land use variables. Growing Degree Day accu-
mulation (PVI = 43.53, 95% CI = 43.30–43.75)
was the most important weather variable fol-
lowed by autumn temperature (PVI = 42.31, 95%
CI = 42.07–42.54) and precipitation (PVI = 41.14,
95% CI= 40.89–41.39) and spring precipitation
(PVI= 39.28, 95% CI= 38.98–39.59) (figure 2).

These trends show that colonies in wet and
warm climates (i.e. Wisconsin, Michigan, Ohio, and
Pennsylvania) (figure S.3) had the lowest weight gain
in July and August (figure 3) compared to colonies in
cool, dry climates (i.e. the Dakotas and Minnesota).
Based on the partial dependency plots, colonies in

wet and warm climates were predicted to gain 3–5 kg
less than those in cool, dry climates (figure 3). Sim-
ilarly, at an annual level, years and/or locations in
which summer advanced more quickly (higher grow-
ing degree day accumulation by August 1) had colon-
ies with lowerweight gain (2–3 kg) in July andAugust.
In years with warmer preceding autumns, colonies
gained 3–4 kg less weight the following summer than
in years with cooler preceding autumns, while vari-
ation in annual autumn precipitation had a compar-
ably smaller effect based on assessment of the partial
dependency plots (figure 4).

The proportion of grassy–herbaceous natural
land around the colonies was positively correlated
with greater rates of colony weight gain, while woody
natural land was negatively correlated with rates of
colony weight gain (figure 5). Visualizing the par-
tial dependency plotmodel predictions indicated that
grassy–herbaceous land can enhance colony weight
gain by up to 3.5 kg across climates. For colon-
ies in warm and wet climates to gain weight com-
parable to the worst-performing colonies in cool
and dry climates, grassy–herbaceous land must be
abundant in the surrounding landscape (>25% of
land area within 2 km of the apiary). The pres-
ence of grassy–herbaceous land is also predicted to
enhance weight gain in cool, dry climates beyond
what is possible for colonies in warm, wet climates
(figure 6).
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Figure 3. Partial dependency plots to visualize the predicted relationship between the maximum weight gained by honey bee
colonies in the Northcentral U.S. in July and August and 30 year normal winter temperature (Yt−1) (A), winter precipitation
(Yt−1) (B), autumn precipitation (Yt−1) (C), spring precipitation (Yt) (D) and autumn temperature (Yt−1) (E) within 2 km of
each apiary location. These five climate predictor variables were the most important predictors of maximum colony weight gain
based on random forest regression. Autumn and winter climate variables were taken from the calendar year previous (Yt−1) to
the colony weight data (Yt). Predictions are based on a single random forest regression run.

Figure 4. Partial dependency plot of the relationship of the annual growing degree day accumulation from 1 April to 1 August
(Yt) (A), annual autumn temperature (Yt−1) (B), and annual autumn precipitation (Yt) (C), with maximum honey bee colony
weight gain in July and August (Yt). Random forest regression predictions (based on a single run) are plotted in black. These three
annual weather variables were identified as the most important weather variables in the random forest model.

4. Discussion

We found that climate was primarily responsible for
predicting honey bee colony summer weight gain
in the Northcentral U.S., and that land use and
weather also played key roles. We show that colon-
ies in warm, wet regions gained less weight in July
and August. We also found that colonies surroun-
ded by more abundant grassy–herbaceous natural
land gained more weight than those surrounded by
more woody vegetation. While our model predicts
that grassy–herbaceous natural land can moderate
the detrimental effects of warm and wet climates,

it must be present in very high abundance to com-
pensate for regional climate effects. Our results also
revealed that growing degree day accumulation as
well as temperature and precipitation in previous sea-
sons are important to predicting colony weight gain
the following summer. These patterns would have
been difficult to detect without a temporally and spa-
tially expansive dataset that used a standardized data
collection approach.

Our model predictions highlight strong regional
effects, with colonies in the Great Plains achieving
greater weight gain than colonies in other states,
which is consistent with beekeeper reports of honey
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Figure 5. Partial dependency plot for the proportion of grassy–herbaceous land (A) and woody natural land (B) within 2 km of
each honey bee apiary compared to the maximum weight gain of each honey bee colony from July to August in the Northcentral
U.S. Random forest regression model predictions based on a single model run are shown with the black line. These two land use
variables were the most important land use variables identified by the random forest model.

Figure 6. Partial dependency plot showing the predicted interactive effect of 30 year normal winter temperature (Yt−1) (A) and
precipitation (Yt−1) (B) with grassy–herbaceous land area on honey bee colony maximum weight gain (kg) from July to August
(Yt) in the Northcentral U.S. Higher values (lighter colors) represent higher maximum colony weight gain. Thirty-year normal
winter precipitation and grassy–herbaceous natural land area were each calculated within 2 km of each apiary and were each the
most important predictor variables of their category (climate and land use, respectively) based on our random forest regression
model.

production [34]. These regional effects stem fromdif-
ferences in climate, the most important predictor in
our model. Our analyses indicate that warm, wet cli-
mates as well as years with high growing degree day
accumulation and high autumn temperatures were
associated with the lowest colony weight gain in July
and August. While honey production was only meas-
ured in the summers, our findings suggest that cli-
mate effects at other times of the year can influence
flowering plants. Báez et al similarly found a lagged
effect of climate and found that colonies in drier cli-
mates and years producedmore honey [49].However,
given that sufficient precipitation is essential to plant

growth and nectar production [50], higher rates of
weight gain via nectar acquisition in dry climates is
somewhat unexpected. We hypothesize that the cool,
dry climate in the Great Plains supports flowering
plant communities that are more nectar-rich than
those in warmer, wetter regions of our study (i.e.
Wisconsin, Ohio, Michigan, and Pennsylvania). The
sharp drop in predicted honey production among cli-
mate variables could reflect the biological range of
these nectar-rich plants, or it may be an artifact of
the surveyed states. Our large-scale analysis assumes
that land cover types, such as grassy-herbaceous land,
provide similar value to honey bees across regions.
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It is unclear how the quality of specific land cov-
ers changes across ecoregions. For example, many
of the grasslands in the Midwest contain abundant
alfalfa (Medicago sativa) and sweetclover (Melilotus
spp.), which are valuable nectar producing plants
[13]. However, many of the grasslands further east
can often be dominated by grasses without abund-
ant forbs. This variation in forage quality within land
covers, across regions, may explain some of differ-
ences we observed. Additional monitoring across dif-
ferent climactic zones could help reveal the underly-
ing mechanism behind our model predictions.

Continued long-term monitoring across differ-
ent climactic zones using hive scales could offer
a wealth of information on which climates sup-
port the most productive floral communities for
bees and how the ranges of these communities may
shift as climate continues to change. Hive scales are
a low-effort, standardized method for monitoring
changes in honey production and changes in the floral
resource community [7]. Hive scale monitoring can
provide information not only on absolute weight of
foraged resources (as used in this study), but also on
the timing of resource flows related to bloom phen-
ology at the landscape-scale [51, 52]. In this way,
hive scales could contribute to long-term monitor-
ing for climate-change-associated pollinator stressors
such as phenological mismatch between plants and
their pollinators [53], habitat range shifts [54], and
floral resource degradation [9].

Unexpectedly, summer climactic conditions and
weather were among the least important variables in
our model. Weather can have direct impacts on bees’
ability to forage and can degrade flowering plants’
pollen, nectar, and the flowers themselves [8]. How-
ever, our findings highlight the importance of cli-
mate and weather in previous seasons leading up
to summer, likely through indirect effects on plant
communities rather than on the honey bee colon-
ies themselves. This is further supported by the fact
that most of the colonies used in our study did not
directly experience the conditions in the previous
autumn and winter because they were initiated in the
spring months of the study years (beginning in June).
This lagged effect of climate and weather presents an
opportunity for beekeepers and scientists to forecast
productive summer apiaries in which to place colon-
ies to recover from pollination contracts and to pro-
duce honey [49].

While climate and weather filter the types of
floral communities that are able to grow in the
different regions, land use further moderates the
ability of landscapes to provide resources for bees.
Grassy–herbaceous natural land, which is typically
considered high-quality habitat for pollinators [15],
was positively associated with colony weight gain
in July and August. Moreover, model predictions
demonstrate these habitats can buffer the detrimental
effects of poor climates (warm and wet parts of the

Northcentral). At its highest abundance in our study
(approximately 75% of the surrounding land area)
grassy–herbaceous natural land was barely able to
bridge the gap between the best and worst climate
conditions represented in our study. That is, colon-
ies in poor climate regions with abundant grassy–
herbaceous land were predicted to put on approx-
imately the same amount of weight as colonies in
more productive climates with small amounts of
grassy–herbaceous land. Grassy–herbaceous natural
areas often support native flowering species that can
provide forage under a variety of precipitation condi-
tions [55]. These climate-resilient plant communit-
ies may be underlying the patterns we observed. Land
managers could work to preserve grassy–herbaceous
land as bee forage habitats, capable of providing pro-
ductive floral resources under a variety of climactic
conditions.

Woody natural areas, which typically do not to
support abundant flowering resources in late sum-
mer [17, 56], were negatively associated with colony
weight gain in July and August. Other types of
land use (agriculture and developed land) were not
identified by our model as highly important. Pre-
vious studies describe cases where both agricultural
and developed land nutritionally support honey bees
[12, 57, 58]. However, these land covers can be highly
variable in their forage quality and could be import-
ant at other times of the year [59], perhaps explain-
ing why these land covers were not identified as
important by our pooled analysis of several hundred
colonies.

Habitats with climate-resilient plantsmay be even
more important to unmanaged bee species. Beekeep-
ers can provide supplemental food to honey bee
colonies during times of nectar dearth and move
colonies to areas with better climate, weather, and for-
aging habitat. But wild bees cannot escape environ-
mental effects. Because wild bees often have shorter
foraging ranges, narrower diet breadths, and work
independently to collect resources, they may be more
sensitive to local floral resource quality [60]. Our
findings based on honey bees may therefore be a
coarse lens through which to investigate environ-
mental drivers of landscape suitability for pollinators,
and themagnitude of effect onwild beesmay bemuch
greater.

While random forest regression is a powerful
technique, there are tradeoffs with any modeling
approach and random forests are not immune to the
limitations of statistical analysis. For example, ran-
dom forest regression has been shown to be relat-
ively robust to correlated predictor variables [46], but
there is still a risk of accepting a spurious relation-
ship. Both the permutational importance and effect
of these variables should be interpreted with cau-
tion when predictor variables are highly correlated
[46], which was the case for our study, particularly
among the climate variables (figure S.1). Please see
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the supplement for additional discussion of permuta-
tional importance of correlated variables. While we
used a highly supported set of predictor variables,
by no means, does the importance of variables imply
causality. Rather, the important variables are only the
most important of the candidate set within the scope
of our study, highlighting the need for future monit-
oring. To minimize stochastic effects associated with
splitting the data into training and testing data and
growing decision trees random forests, we ran our
analysis across 500 random seeds. The top two vari-
ables (30 year normal winter temperature and pre-
cipitation) had overlapping 95% confidence intervals
(figure 2), indicating similar importance. None of the
other 95% confidence intervals overlapped, provid-
ing confidence in the ranks we present, but closely
ranked variables can change order run-to-run and
should be interpreted as having similar importance.
We would not expect removing the highly correlated
variables to lead to an appreciable drop in perform-
ance, since wewould expect other correlated variables
would compensate [48]. Given that many of the most
important variables are correlated, important vari-
ables (e.g. climate) should be interpreted cautiously
(supplement 1). Random forests are also limited by
interpretability of their results. Random forests do
not test for statistical significance or provide lin-
ear effect estimates [46, 61]. Instead, the complex,
non-linear relationships can be interpreted through
visualization [47]. Though these data are observa-
tional and random forest regression is an explorat-
ory analysis technique, our results align with previ-
ous studies [15, 49] and provide a framework for
future studies.

Using honey bee hive scales as a standardized
method for collecting detailed, long-term, broad-
scale data, we were able to demonstrate the effects
of climate, weather, and land cover on honey bee
nectar intake, which is likely related to broader pol-
linator forage availability. Future studies could con-
tinue to use hive scales to monitor floral resource
dynamics across a range of climate, weather, and
land use conditions to further distill these effects
on pollinator forage in a variety of contexts. Based
on our findings, better models could be developed
using climate and weather data to predict outcomes
for honey bee colonies ahead of the growing sea-
son to help support beekeeper decisionmaking. Land
managers could also improve floral resources for
managed and unmanaged bees by preserving grassy–
herbaceous land covers and planting climate-resilient
floral communities across the Northcentral United
States.
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