
Modeling Long-Term Trends in Wild Bee Abundance: Results of a 
Seven-Year Study Using a Generalized Additive Mixed Model Approach

S. Olsen, A. Germaine, and M. Bankson

Massasoit Community College, Brockton, Massachusetts

Twitter: @MassasoitSTEM; Email: STEMresearch@massasoit.edu

ResultsIntroduction
❖ Concern for the decline of wild bees has grown in the scientific 

community, but few long-term monitoring studies are available to 
model and track changes in the pollinator community (Goulson et al. 
2015, Hallman et al 2017, Seibold et al. 2019, Didham 2020). 

❖ The cyclic nature of insect abundance and other environmental 
variables complicate the collection and interpretation of wild bee 
abundance (Daskalova et al. 2021).

❖ Weather conditions during sampling efforts, as well as changes in 
insect behaviors (e.g. foraging patterns), may change the number of 
bees collected per sampling event but not represent a real change in 
local bee abundance. 

❖ Generalized Additive Mixed Models (GAMMs) are a type of regression 
analysis thought to be well-suited for modelling insect abundance 
over time (Zuur et al. 2007).

❖ The aim of this study was to use GAMMs to model wild bee 
abundance trends over time, while accounting for said environmental 
variables and other random sampling variability.

Methods
❖ Bees were sampled biweekly from thaw to frost, using pan traps and 

sweep netting, from 2016 to 2023, at six sites in Plymouth County, MA 
(Popic 2013).

❖ Weather data was gathered from the database Visual Crossing.

❖ Individual models for pan trap and sweep net abundances were 
created using R Statistics. 

❖ Pan trap and sweep net abundance data were modeled separately as 
response variables. Predictor variables are listed in Table 1.

Predictor Definition/Explanation
Time Month, Sample Date, and Year
Temperature (°C) Difference between avg. daily temperature on 

day of placement and retrieval of pan traps
Windspeed (kph) Avg. wind speed on day of retrieval of pan traps
Atmospheric 
Pressure (mb)

The atmospheric pressure at a location that 
removes reduction in pressure due to altitude

Humidity & Cloud 
Cover (%)

Tensor product of the mean percent humidity 
and percent cloud cover

Dew Point (°C) Dew point on day of retrieval of pan traps
Visibility (km) Distance seen in daylight on day of retrieval of 

pan traps

Predictor variables ranked by p-values

Pan Trap (62.6%) Sweep Net (35.3%)

Temperature (C°)  (p < 0.01) Temperature (C°)  (p < 0.001)

Time (Days since Start)  (p < 0.01) Time (Days since Start)  (p < 0.01)

Atmospheric Pressure (mb)  (p > 0.05) Humidity & Cloud Cover (%)  (p < 0.05)

Visibility (km) (p > 0.05) Atmospheric Pressure (mb)  (p > 0.05)

Humidity & Cloud Cover (%)  (p > 0.05) Windspeed (kph) (p > 0.05) 

Dew Point (C°)  (p > 0.05) Visibility (km) (p > 0.05)

Windspeed (kph)  (p > 0.05) Dew Point (C°)  (p > 0.05)

Table 2. Predictor variables from Pan Trap and Sweep Net 
models, ranked from highest to lowest p-value to reflect 

individual statistical significance. The deviance explained for 
each model is beside the respective sample method.

R² = 0.0107
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Fig. 3. Linear regression for daily average temperature across 
retrieval dates, with the trendline for predicted temperature in 

blue. The R-squared is 0.0107.
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Fig. 4 Contour plot of the interaction between daily avg. 
temperature for pan trap placement and retrieval date. 
Predicted pan trap abundance is represented by color.
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Fig. 5. Contour plot of the interaction between daily avg. 
temperature for pan trap placement and retrieval date. 
Predicted sweep net abundance is represented by color.

Table 1. List of predictor variables used for pan trap and 
sweep net models.

Fig 1. Predicted pan trap abundance with actual yearly averages 
embedded. Error bars represent S.E.M. The trendline is in blue, 

and the shaded area is the 95% confidence interval. Data points 
are bees per sampling event per study site.
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Fig. 2. Predicted sweep net abundance with actual yearly 
averages embedded. Error bars represent S.E.M. The trendline is 
in blue, and the shaded area is the 95% confidence interval. Data 

points are bees per sampling event per study site.
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Discussion and Conclusions
❖ Progression of study date had a statistically significant effect on both pan trap 

(Fig. 1) and sweep net (Fig. 2) abundance with only pan trap showing a clear 
decline over time.

❖ Comparison of pan trap deviance explained (62.6%) vs sweep net (35.3%) 
suggests that the pan trap model is superior (Table 2).

❖ The predicted decline in wild bee pan trap results is consistent with concerns 
about downward pressure on wild bee abundance; sweep net results suggest 
no clear trend and require model refinement. 

❖ However, it is important to note that the predicted decline may be influenced 
by confounding factors that impact sampling efficiency (Fig. 3, 4, & 5).

Acknowledgements
This work would not be possible without the State of 
Massachusetts SSA Grant and our interns at the STEM 
Research Program at Massasoit Community College. A special 
thanks to my fellow interns here at ESA 2025, Skyla Sturtevant 
and Nada Ahmed, and the Data Science Project interns, Ian 
Handy, Jess Beeloo, and Nathan Christie.

Literature Cited
❖ Daskalova, G. N., A. B. Phillimore, and I. H. Myers-Smith. 2021. Accounting for year effects and 

sampling error in temporal analyses of invertebrate population and biodiversity change: a comment 
on Seibold et al. 2019. Insect Conservation and Diversity 14:149–154. 
https://doi.org/10.1111/icad.12468 

❖ Didham, R. K., Y. Basset, C. M. Collins, S. R. Leather, N. A. Littlewood, M. H. M. Menz, J. Müller, L. 
Packer, M. E. Saunders, et al. 2020. Interpreting insect declines: seven challenges and a way 
forward. Insect Conservation and Diversity 13(2): 103–114. https://doi.org/10.1111/icad.12408

❖ Hallmann, C. A., M. Sorg, E. Jongejans, H. Siepel, N. Hofland, H. Schwan, W. Stenmans, A. Müller, H. 
Sumser, T. Hörren, D. Goulson, and H. de Kroon. 2017. More than 75 percent decline over 27 years 
in total flying insect biomass in protected areas. PLOS ONE 12(10): e0185809. 
https://doi.org/10.1371/journal.pone.0185809

❖ Seibold, S., M. M. Gossner, N. K. Simons, et al. 2019. Arthropod decline in grasslands and forests is 
associated with landscape-level drivers. Nature 574:671–674. https://doi.org/10.1038/s41586-019-
1684-3

❖ Goulson, D., E. Nicholls, C. Botías, and E. L. Rotheray. 2015. Bee declines driven by combined stress 
from parasites, pesticides, and lack of flowers. Science 347:1255957. 
https://doi.org/10.1126/science.1255957

❖ Popic TJ, Davila YC, Wardle GM. (2013). Evaluation of common methods for sampling invertebrate 
pollinator assemblages: net sampling out-perform pan traps PLoS One. 8 (6), e66665

❖ Zuur, A. F., E. N. Ieno, N. J. Walker, A. A. Saveliev, and G. M. Smith. 2009. Mixed Effects Models and 
Extensions in Ecology with R. Statistics for Biology and Health series. New York, NY: 
Springer. ISBN 978-0-387-87457-9


	Slide 1

