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Abstract

Agricultural insect pests are influenced by factors ranging from landscape composition to
plant chemical cues, yet we often manage them on a field scale. Although our concerns are often
focused on pest insect abundances within one field, insect populations are interacting with the
landscape and other insect populations across multiple scales during their dispersal, across life
stages, and through trophic interactions. As society moves towards more sustainable
agroecosystems and precision agriculture, it is important to consider insect ecology and
implement a multi-scale approach for pest management. Consistent landscape effects on insect
populations are difficult to identify due to large variations in crop type, natural habitat type and
field configuration, as well as spatial and temporal variations in climate across studies. This
dissertation investigates how surrounding landscape composition and climate shape insect
communities within agriculture fields across strong landcover and precipitation gradients but
within one consistent crop type while also considering the effects of bordering fields. Then, on a
broader scale, how regional land cover and climate influence the spread of the invasive
agricultural pest Popillia japonica Newman over time. And lastly, at a finer scale investigates a
semiochemical-based mechanism for the behavioral response of P. japonica to
intercropping. Together, these studies form a multi-scale viewpoint that considers multiple
habitat associations across different life stages, dispersal, and chemosensory-based foraging.

First, in a field study, we evaluated effects of landscape composition, precipitation, and
bordering edge on insect abundance and community composition within soybean fields along a
semi-natural gradient. We found that surrounding semi-natural areas affected the insect
community, increasing pollinator abundance and decreasing pest abundance. We found evidence

of significant interactions, where precipitation can minimize land cover’s effects on beneficial



insect populations at lower levels. The interaction between land cover and precipitation suggests
that low precipitation results in physiological constraints to the natural plant populations that
have an indirect impact on beneficial insects through land cover in addition to the direct effect of
low precipitation on the insects themselves.

Second, in a regional study of the spread of the invasive Japanese beetle, Popillia
Jjaponica at the leading edge of an invasion front in the central United States, we identified
habitat associations and predicted future spread, producing county scale risk maps for use in
monitoring and risk assessment. Beetle occurrences were positively correlated with developed
areas, corn and soybean, minimum temperature, and precipitation, and negatively correlated with
grassland and pasture, and maximum temperature. There was high probability of occurrence for
Japanese beetles across the entire region. Here we see the importance of habitat across various
life stages as developed areas are necessary for providing P. japonica larvae with turf grass and
adults can feed on corn and soybean. We also see the importance of climatic variables of
temperature and precipitation which exert physiological constraints on the development and
survival of P. japonica. Interestingly, we found a negative correlation with grassland and pasture
despite grass roots being the preferred food source for larval P. japonica. This is likely due to
regional differences in grassland root systems and a trophic interaction with grassland birds, who
are natural predators of P. japonica.

Third, we investigated a semiochemical-based mechanism for the behavioral response of
P. japonica to intercropping soybean with sorghum. Although we found unique semiochemical
profiles among our treatments, P. japonica did not show a significant preference for our
treatment extracts over controls or to any of the treatments in a dual choice assay. If

intercropping soybean with sorghum significantly affects the behavior of P. japonica in the field,



it is likely to occur at a different scale, or in response to non-olfactory stimuli. The lack of a
behavioral response to semiochemical differences in isolation, despite earlier field studies
suggesting this as the mechanism for their observed differences in abundance at the field-level,
indicates that P. japonica are making decisions across multiple senses and scales.

Our results indicate that insect communities in agricultural fields are shaped by
interacting effects of landscape composition and climate, but also that the strength and direction
of these effects depend on processes operating at multiple, nested scales. Our field-scale findings
demonstrate that semi-natural habitat can reduce the abundance of key soybean pests, including
the Japanese beetle. Yet the observed interaction between precipitation and land cover suggests
that the positive effect of natural land on the beneficial ecosystem services by natural predators
and pollinators may be diminished under low precipitation conditions.

Similarly, we see that on a regional-scale, temperature and precipitation are important
factors in moderating the distribution and spread of P. japonica across the landscape. These
regional patterns constrain expectations of P. japonica infestation at the field scale, as local
management decisions are nested within regional landscape composition and climatic suitability.
At the behavioral scale, the lack of response to semiochemical cues on a local scale suggests that
mechanisms often assumed to drive plant-insect interaction patterns may not operate as expected
in the absence of other cues. In this case, P. japonica responses to intercropping soybean and
sorghum likely emerge from multi-sensory cues or from interactions within landscape context.
Together, these findings highlight that field-scale management strategies are limited by regional
climatic and landscape context and depend on behavioral mechanisms that may not scale
linearly, underscoring the need for integrative, multi-scale approaches to sustainable pest

management.
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Abstract

Agricultural insect pests are influenced by factors ranging from landscape composition to
plant chemical cues, yet we often manage them on a field scale. Although our concerns are often
focused on pest insect abundances within one field, insect populations are interacting with the
landscape and other insect populations across multiple scales during their dispersal, across life
stages, and through trophic interactions. As society moves towards more sustainable
agroecosystems and precision agriculture, it is important to consider insect ecology and
implement a multi-scale approach for pest management. Consistent landscape effects on insect
populations are difficult to identify due to large variations in crop type, natural habitat type and
field configuration, as well as spatial and temporal variations in climate across studies. This
dissertation investigates how surrounding landscape composition and climate shape insect
communities within agriculture fields across strong landcover and precipitation gradients but
within one consistent crop type while also considering the effects of bordering fields. Then, on a
broader scale, how regional land cover and climate influence the spread of the invasive
agricultural pest Popillia japonica Newman. And lastly, at a finer scale investigates a
semiochemical-based mechanism for the behavioral response of P. japonica to
intercropping. Together, these studies form a multi-scale viewpoint that considers multiple
habitat associations across different life stages, dispersal, and chemosensory-based foraging.

First, in a field study, we evaluated effects of landscape composition, precipitation, and
bordering edge on insect abundance and community composition within soybean fields along a
semi-natural gradient. We found that surrounding semi-natural areas affected the insect
community, increasing pollinator abundance and decreasing pest abundance. We found evidence

of significant interactions, where precipitation can minimize land cover’s effects on beneficial



insect populations at lower levels. The interaction between land cover and precipitation suggests
that low precipitation results in physiological constraints to the natural plant populations that
have an indirect impact on beneficial insects through land cover in addition to the direct effect of
low precipitation on the insects themselves.

Second, in a regional study of the spread of the invasive Japanese beetle, Popillia
Jjaponica at the leading edge of an invasion front in the central United States, we identified
habitat associations and predicted future spread, producing county scale risk maps for use in
monitoring and risk assessment. Beetle occurrences were positively correlated with developed
areas, corn and soybean, minimum temperature, and precipitation, and negatively correlated with
grassland and pasture, and maximum temperature. There was high probability of occurrence for
Japanese beetles across the entire region. Here we see the importance of habitat across various
life stages as developed areas are necessary for providing P. japonica larvae with turf grass and
adults can feed on the corn and soybean. We also see the importance of climatic variables of
temperature and precipitation which are providing physiological constraints on the development
and survival of P. japonica. Interestingly, we found a negative correlation with grassland and
pasture despite grass roots being the preferred food source for larval P. japonica. This is likely
due to regional differences in grasslands and a trophic interaction with grassland birds, who are
natural predators of P. japonica.

Third, we investigated a semiochemical-based mechanism for the behavioral response of
P. japonica to intercropping soybean with sorghum. Although we found unique semiochemical
profiles among our treatments, P. japonica did not show a significant preference for our
treatment extracts over controls or to any of the treatments in a dual choice assay. If

intercropping soybean with sorghum significantly affects the behavior of P. japonica in the field,



it is likely occurring at a different scale, or in response to non-olfactory stimuli. The lack of a
behavioral response to semiochemical differences in isolation, despite earlier field studies
suggesting this as the mechanism for their observed differences in abundance at the field-level,
indicates that P. japonica are making decisions across multiple senses and scales.

Our results indicate that insect communities in agricultural fields are shaped by
interacting effects of landscape composition and climate, but also that the strength and direction
of these effects depend on processes operating at multiple, nested scales. Our field-scale findings
demonstrate that semi-natural habitat can reduce the abundance of key soybean pests, including
the Japanese beetle. Yet the observed interaction between precipitation and land cover suggests
that the positive effect of natural land on the beneficial ecosystem services by natural predators
and pollinators may be diminished under low precipitation conditions.

Similarly, we see that on a regional-scale, temperature and precipitation are important
factors in moderating the distribution and spread of Popillia japonica across the landscape.
These regional patterns constrain expectations of P. japonica infestation at the field scale, as
local management decisions are nested within regional landscape composition and climatic
suitability. At the behavioral scale, the lack of response to semiochemical cues on a local scale
suggests that mechanisms often assumed to drive plant-insect interaction patterns may not
operate as expected in the absence of other cues. In this case, P. japonica responses to
intercropping soybean and sorghum likely emerge from multi-sensory cues or from interactions
within landscape context. Together, these findings highlight that field-scale management
strategies are limited by regional climatic and landscape context and depend on behavioral
mechanisms that may not scale linearly, underscoring the need for integrative, multi-scale

approaches to sustainable pest management.
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Chapter 1 - Introduction

Climate and land use change are negatively affecting pest dynamics in agroecosystems
and threatening food security (Bianchi et al. 2006, Rusch et al. 2016, Deutsch et al. 2018,
Lehmann et al. 2020, Pereira et al. 2025). One major threat to global crop yield is agricultural
pests, and agricultural intensification has led to increased pesticide usage with negative effects
on non-target species including beneficial insects (Thurman et al. 2017), human health (Elahi et
al. 2019), and insecticide resistance (Khodaverdi et al. 2016, Hough et al. 2017). The negative
impacts of agricultural intensification coincide with an unprecedented global decline in insect
species (Cardoso et al. 2020, Wagner et al. 2021). These declines are not only occurring amongst
the specialist species, but even common generalist species (van Klink et al. 2024). With a loss of
insect abundance and richness, we also see declines in ecological functioning, leading to a loss of
ecosystem services provided by those insects, including pollination, predation, nutrient cycling,

and wildlife nutrition.

A study on the main drivers of insect biodiversity loss identified the following causes, in
order of importance; (i) habitat loss and conversion, (ii) pesticides and fertilizers, (ii1) pathogens
and introduced species, and (iv) climate change (Sanchez-Bayo and Wyckhuys 2019).
Agricultural intensification is a large contributor to habitat loss and fragmentation as well as
pesticide and fertilizer pollution, and agricultural land accounts for nearly half of all of Earth’s
habitable land (Ritchie and Roser 2019). Therefore, to conserve insect biodiversity and
ecosystem services, we need to rethink how we manage the world’s agricultural lands (Forister et
al. 2019) while maintaining agricultural productivity to meet growing food needs. Unfortunately,

conservation and agricultural production are often viewed as competing rather than



complimentary. Biodiversity conservation compliments agricultural production as pollinator and
natural enemy abundance and richness lead to an increase in ecosystem services (Dainese et al.
2019). However, farmers are often more likely to think of conserving natural land for insect
biodiversity as a pest risk than to see conservation of insect biodiversity as helpful. Studies have
shown that farmers are more likely to be able to identify pest insects than beneficial insects
(Teixeira et al. 2025), underestimate the value of biological control, especially by insect and
arachnid predators, and are unaware of the indirect benefits of insect predators as biological

control on quality and yield (Martinez-Sastre et al. 2020).

Land use change is a driver of insect biodiversity loss and has negative consequences for
ecosystem services because it creates pressure and imbalance within ecological systems through
mechanisms such as habitat loss, habitat conversion, or landscape simplification where a
landscape becomes more homogeneous (Sanchez-Bayo and Wyckhuys 2019). Landscape
simplification is often due to the conversion of natural habitats to agricultural land or urban
areas. Beneficial insects such as pollinators and natural enemies rely on additional resources
from these natural habitats, so landscape simplification reduces their species richness and
abundance (Dainese et al. 2015). Because beneficial insects are more likely to rely on these
resources than agricultural pests, this can lead to a trophic decoupling of predators and prey.
Rusch et al (2016) found a consistent negative effect of the proportion of cropland within 1 km
on natural pest control of aphids with pest control being 46% lower on average in fields within

cropland dominated landscapes.

Landscape simplification can also lead to an increased need for pesticides, further
harming insect communities and causing further negative trophic effects. In the Midwest,

Meehan et al. (2011) found that the proportion and patch size of cropland increased the usage of



insecticides. Additionally, the pesticides applied to cropland are detrimental to beneficial insects,
threaten human health, and can even affect environmental health, such as water quality.
Furthermore, as pesticide usage increases, targeted pest insects are becoming resistant, and fields
require more pesticide or higher toxicity pesticide than in previous years (DiBartolomeis et al.
2019). This can lead to instability within the insect communities, where pests are resistant, but
predators are not, or predators are not present in adequate abundances when new populations of

pests move in from neighboring fields.

In the late 1950s, after the boom of organosynthetic insecticides, concern arose about the
risk of overuse of insecticides. Similar issues with pesticides were becoming apparent then;
“resistance, resurgence of primary pests, upsurges of secondary pests, and overall environmental
contamination” (Kogan 1998). These concerns led to the rise of the integrated control concept,
now known as IPM. Originally, IPM had its basis in ecological theory, with the first principle of
IPM being the need to consider the total ecosystem (Kogan, 1998). Despite these good
intentions, IPM has stayed field-scale focused and input-driven rather than incorporating the

envisioned attention to agroecosystem functions and ecosystem services (Deguine et al. 2021).

The failure to integrate landscape-level, ecosystem service based approaches into
mainstream [PM stems from a variety of road blocks including; risk aversion and a
disproportionate emphasis on losses from pest-related damages and worse-case scenarios, costly
monitoring schemes and a lack of knowledge about decision thresholds for many crops, and
extensive lobbying and corporate involvement in policy (Deguine et al. 2021). Additionally,
landscape-ecology based IPM is inherently context-dependent as it operates across many trophic
levels and depends on multiple spatial scales. As a result, we see that the literature is dominated

by inconsistent outcomes across crop and habitat types, insect trait groups, and geographic areas



(Begg et al. 2017). Simply put, farmers continued to use field-level agrochemical inputs for their
ease-of-use, cost-effectiveness, and visible pest protection in the short term. As pest management
has pivoted its focal point to genetically engineered plant resistance, RNAI, and treated seed
(Dara 2019), some entomologists emphasize the renewed importance of landscape-level
management. Proactive management at the landscape and farm level have been a centerpiece of
Agroecology and Integrated Pest and Pollinator Management with methods that prioritize natural
enemies and pollinators at a larger spatial scale for a more conservation-based approach (Lundin

2021, Deguine et al. 2021).



Pesticides
Artificial pollination

Biotic inputs
Biocontrol agents
Managed pollinators

N p’

Figure 1-1 The Integrated Pest and Pollinator Management pyramid. This pyramid represents
the decision structure of IPPM, prioritizing proactive actions at the base of the pyramid with
landscape management, and progressing to more in-put based actions only if necessary.

A landscape approach

Proactive measures to reduce pests and promote pollinators include considering the
broader landscape, i.e. Figure 1 (Lundin 2021). Landscapes are heterogeneous areas that can
range from tens of centimeters to hundreds of kilometers, depending on the habitat requirements
of the focal organism (Levin 1992). For insect species, the size of the relevant landscape often
varies from meters to kilometers and is determined by body size and dispersal capabilities

(Steffan-Dewenter et al. 2002). The landscape composition of areas surrounding agricultural



fields could impact a pest’s abundance either directly through its dispersal, mortality and
reproduction, or indirectly by affecting its natural enemies (Tscharntke et al. 2012). As such,
landscape effects are inherently context-dependent because individual species’ traits guide how
organisms perceive and interact with their environment. While natural areas in the surrounding
landscape would likely have negative effects on species that are agricultural specialists, species
that overwinter in natural areas may benefit from natural land in the surrounding landscape
(Tscharntke et al. 2012). Insects such as pollinators and natural predators require support at a
landscape scale to provide nesting areas, overwintering habitat, and seasonal flowers (Bianchi et
al. 2006). Thus, increasing plant diversity and adding sections of natural and semi-natural habitat
can attract both natural enemies and pollinators to agroecosystems through added resources
(Egan et al. 2020, Lundin 2021). However, certain pest species can also benefit from the
resources of surrounding semi-natural land (Carsten Thies et al. 2005; Martin et al. 2013; John M

Holland et al. 2016; Akter et al. 2023).

From a metacommunity perspective, we can think of habitat patches within the short-
term dispersal ranges of the organisms being studied as a network of populations. These habitat
patches can be colonized from regional species pools across nearby habitat patches, and the
diversity available within this range strongly influences within-patch species richness (Hanski
1998). Complex landscapes, landscapes with many land cover types, support higher species
diversity than simple landscapes and therefore may provide a more diverse species pool of
colonizers for patches within the landscape (Tscharntke et al. 2005). These resources may be
more important for natural predators than for pests, leading to differences in species richness or

abundance. For example, complex landscapes (landscape Shannon diversity) were positively



correlated with lacewing abundance, but not thrip abundance in orchards (Wen et al. 2024),

which could lead to decoupling of trophic levels between thrips and their lacewing predators.

Spillover of organisms into agroecosystems from nearby natural habitats has been well-
documented (Thies and Tscharntke 1999, Bianchi et al. 2006, Blitzer et al. 2012) and one
explanation for this movement is exploitation of resources from the different patches. For
example, parasitoids (Landis et al. 2000) and pollinators such as butterflies (Steffan-Dewenter
and Tscharntke 1997) and bees (Klein et al. 2003, Holzschuh et al. 2006) may require resources
from different patches for nesting, hostplants, nectar and prey (Tscharntke et al. 2012). In
simplified landscapes, community dynamics are likely determined by the species pool within the
natural remnants of the surrounding landscape (Bengtsson 2009). Previous studies have found
evidence that higher amounts of natural area in the surrounding landscape correlates with
increased regulation of specific pests by specific predators. Veres et al. (2013) performed an
analysis of the scientific literature to assess how the proportion of different land covers at the
landscape level is related to the abundance of pests or to their control by natural enemies. In 45
out of 72 independent case studies, landscapes with higher proportions of semi-natural areas had
lower pest abundance or higher pest control in fields. Liere et al. (2015) looked at biological
control of soybean aphids and found that landscapes with a higher diversity of habitats resulted

in more natural enemies, fewer aphids, and, in some cases, a greater soybean yield.

As insects navigate through landscapes, they must make navigational choices based on
their observations. Insects use various sensory mechanisms to navigate, including visual
orientation, chemosensory perception, mechanosensory cues, and auditory cues. Their ability to
move from one habitat patch into another depends on whether or not the novel patch is within

that species’ perceptual range; the distance at which an organism is able to locate a suitable



habitat patch, and it varies by species (Wiens 1989, Zollner 2000). Successful navigation to a
novel patch depends on both the organisms ability to identify the patch through their sensory
mechanisms and the patch’s location in relation to the organism’s position (MacDonald et al.
2019). Mitchell et al. (2014) found consistent evidence that arthropod abundance and diversity
are strongly affected by landscape structure, particularly by the presence of field margins and
forest fragments. More recent global syntheses confirmed these patterns but emphasize their
context dependence (Karp et al. 2018, Dainese et al. 2019). Thus, we see that landscape

composition and structure can play a strong role in pest management for agricultural fields.

Increasing natural land cover proportions in agricultural landscapes does not seem to
consistently increase biological control or decrease pests across studies, likely due to the
complex nature of these multi-scale interactions between pests, predators, and habitat. In a global
study by Karp et al. (2018), although landscape composition did explain variance within
individual studies, there were differing responses across the studies by both pests and predators.
Analyzing the responses by insect traits and crop variability helped to explain some of the
inconsistencies and suggested the use of a portfolio of strategies for the management of complex,
changing insect communities (Tamburini et al. 2020). More recent work with this dataset shows
that considering multiple scales of landscape composition in addition to insect traits, trophic
interactions, and crops traits helps to further explain this variation, highlighting the importance
of a multi-scale approach (Poveda et al. 2025). However, the authors state that more research is
needed to clarify how conservation of natural lands within agroecosystems affects entire insect
communities within agricultural fields across spatial and temporal scales (Poveda et al. 2025). If
we are to increase biodiversity through merging conservation and agriculture in agroecosystems

and agri-environment schemes (Kremen and Merenlender 2018), then we need to have a more



comprehensive understanding of the interacting landscape and climatic effects on agricultural

insect communities and how insects are navigating to fields within these landscapes.

Climate influences and invasive species dynamics in a changing world

Predicted changes in temperature and weather patterns will further complicate our ability
to accurately predict and respond to pest outbreaks across agricultural landscapes. Climate
variables such as temperature and precipitation affect the life cycles, survival, and spread of pest
insects (Thomson et al. 2010, Jactel et al. 2012, Eigenbrode et al. 2015, Skendzi¢ et al. 2021).
These same climatic variables also affect relationships between pests and their natural enemies
(Prakash et al. 2014, Thurman et al. 2017, Urbaneja-Bernat et al. 2019). Climatic and landscape
effects are often thought of as additive effects; that both land cover and climate will affect pest
population dynamics. However, it is important to consider that they may have interactive effects
as well. For example, higher precipitation levels can result in higher amounts of vegetative
growth and floral resources, while low precipitation or drought can lead to the desiccation of
nesting and supplementary nutrition resources provided by the natural land cover in the
landscape. Changes in levels of precipitation and temperature, as well as their timing, may lead
to phenological variation of floral resources available in the landscape, either amplifying or
reducing the effect of natural areas within the landscape. These interactions are difficult to
identify because they required replicated data sets across large gradients of both climate and land
cover. Identification of interactions is complicated because climate and land cover are often

correlated, i.e. more agricultural land in warmer, wetter climates.



Invasive species are a particularly problematic subset of agricultural pests, causing a
reduction in food supply with global costs of $279 billion USD in 2019 (Roy et al. 2024), and
their impact is expected to rise with increased global trade (Paini et al. 2016) and climate change
(Skendzi¢ et al. 2021). Therefore, understanding how climate and land use intensification
interact to affect agricultural insect community dynamics and the impact of invasive species is
essential to predict which areas are vulnerable to increased pest pressure and target management
efforts. By nature of being invasive, these species are spreading across wide spatial scales while
their presence and abundance increase with time. In studying their habitat use and associated
risk, we need to again consider multiple scales and the possibility of variation across different
regions and habitats. How they spread in one region may not extrapolate accurately to a new

region with different land cover types or climatic ranges.

Soybean: a dominant land cover in the central U.S. landscape

Soybean (Glycine max) is one of the most important agricultural crops in the world.
Soybean is grown for its seeds which are primarily used for human food, animal feed, and
cooking oil. The United States is one of the world’s top producers of soybeans, along with
Brazil, and more than 80% of U.S. soybean is grown in the Midwest (Economic Research
Service 2025). Soybean is the second most planted crop in the United States by acreage, with
83.4 million acres planted in 2025 (National Agricultural Statistics Service 2025) and generating
$124 billion annually (Checkoff 2023). It is a close second to corn (Zea mays), of which 95.2
million acres were planted in 2025, and nearly double the acreage for wheat (Triticum aestivum)

which covered 45.5 million acres in 2025 (National Agricultural Statistics Service 2025). Land
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use in the Midwest is dominated by cropland (51%), followed by grassland and pasture (41%)
(Winters-Michaud 2024). The Midwest’s Northern Great Plains temperate grassland ecosystem
is one of the most endangered and least protected ecosystems on earth, and factors such as land
conversion have led to a loss of 62% of North American temperate grasslands (Monnett and
Stone 2025). To conserve the remaining grassland, private landowners will need to see the value

in setting aside natural land in areas dominated by cropland.

Popillia japonica Newman: a landscape pest

Taking a landscape point of view for pest management is especially important with
insects that disperse over long distances and utilize different land covers throughout their life
cycle. The Japanese beetle (Popillia japonica Newman) is a good example of this type of pest.
Popillia japonica is an invasive species that feeds on over 300 plant species, including soybean,
corn, and other field crops (Fleming 1972, Potter and Held 2002, Shanovich et al. 2019). After
introduction to the United States in 1916, P. japonica spread west across the United States and
by 1998, they had infested all states east of the Mississippi river (Kistner-Thomas 2019). By
2015, there were moderate populations west of the Mississippi River (Kistner-Thomas 2019). In
the Midwestern United States, the potential of P. japonica to damage corn and soybean
production is particularly concerning (Shanovich et al. 2019). P. japonica can cause severe
damage if they defoliate soybean leaves during a reproductive stage (e.g., approximately 20%
yield loss after 30% defoliation (Hammond 1994). In corn, P. japonica interfere with pollination
when they clip the silks which causes a reduction of kernels (Edwards 1999).

Currently, the main way to manage P. japonica populations in field crops is to spray

pesticides such as pyrethroids and neonicotinoids. This is not efficient because P. japonica
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disperse over long distances, arriving to fields from other areas in the landscape, and fields are
quickly reinfested by new immigrating populations of P. japonica (Potter et al. 2006, Shanovich
et al. 2019). One study of P. japonica movement found that within a 24 hr time period, the
majority of marked individuals moved 5-9 km, with one individual traveling 12 km (Lessio et al.
2021). In a case such as this, we need to consider the entire landscape when we evaluate a field’s
risk of infestation and when considering control methods. We should also consider how P.

Jjaponica individuals perceive habitat patches within a landscape and navigate to a field.

Multi-scale Integrated Pest Management

In my dissertation work, I explored the effects of landscape composition and climate on
insect communities within soybean fields and then focused specifically on the invasive insect
pest P. japonica across multiple scales from how it spreads across a novel landscape to how it
interacts with soybean through behavioral processes. Insects interact with their environments
across multiple scales, which can cause significant issues when we try to manage them only on a
field level. For example, individual P. japonica beetles disperse up to 12 km, forage within a 2
km scale (Lessio et al. 2021), and feed at the scale of an individual plant. Therefore, we need to
consider multiple scales when we manage insect populations.

First, I analyzed the effects of semi-natural land in the surrounding landscape and
climate, as well as their interaction, on insect communities at a field scale. Kansas offers a rare
opportunity to explore these interactions due to its unique precipitation gradient and the large
amount of grassland preserved in the Flint Hills. The objective of this study was to analyze the
additive and interactive effects of natural land cover in the surrounding landscape and (1)

precipitation, (i1) temperature, and (iii) landscape configuration in the form of bordering field
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types on pest, predator, and pollinator insect abundances. By exploring these effects within one
system in an area with a strong precipitation gradient and a large amount of natural land, we can
see how semi-natural land in the surrounding landscape affects pest, predator, and pollinator
populations in the field, and how that changes across a range of climatic conditions. Another
objective of this study was to explore how these different variables affected the composition of
insect communities. This knowledge expands our understanding of the impact on conserving
natural land within agroecosystems and has important management applications for integrated
pest management, especially in a changing climate.

Then, I focused on the regional invasion dynamics of an invasive insect pest, P. japonica,
that utilizes multiple land cover types, feeding on grass roots as larvae and then agricultural
crops as adults (Potter and Held 2002). Existing risk maps for P. japonica in the Central United
States were based on global citizen science observations and differed in their predictions; with
one predicting most of the Great Plains would have lower suitability but suggesting that the
managed grasslands would further increase suitability (Kistner-Thomas 2019) and another
predicting that the area would be largely unsuitable (Borner et al. 2023). The main objectives of
this study were to (i) clarify regional habitat associations and suitability predictions for P.
japonica spread in the Midwest and Great Plains through models trained with robust regional
datasets and (ii) incorporate the factor of time at the leading edge of an invasion. By aggregating
observations from citizen science data with monitoring data from State Agricultural Departments
and University Cooperative Extension Agencies, | was able to capture not only developed areas
where citizen scientists spend their time, but also private land and agricultural land where
growers reported P. japonica sightings or they had been trapped through monitoring efforts.

With this integrated, robust dataset, I modeled climate and habitat associations over time and

13



created regional risk maps for the future spread of P. japonica in the American Midwest and
Great Plains. This regional approach to invasive species risk mapping resulted in a more tailored
risk map which accounts for environmental variation and reduces extrapolation in comparison to
global predictions.

With county-by-county risk maps, landowners can see what the broad scale risk is for P.
Jjaponica in their area, and our field-scale study showed that natural grasslands in the surrounding
area decreases pest abundance, including P. japonica, but landowners cannot control their
neighbors. Therefore, they will need ways to deter this landscape-level pest from their fields.
One integrated pest management strategy to reduced abundance of P. japonica in soybean fields
is to intercrop soybean with sorghum. The original study’s authors suggested that this effect may
be mediated by behavioral processes in response to semiochemicals, but they did not test this.
So, on a plant-insect scale, I analyzed a possible semio-chemical mechanism for the effects of
intercropping on P. japonica populations. In this experiment, we compared the behavioral
response of P. japonica to extracts from intercropped soybean, monocropped soybean, and a
mixture of soybean and sorghum to uncover if intercropping soybean with sorghum disrupts
olfactory cues to which P. japonica respond. The objectives of this study were as follows; (i)
identify possible differences in the semiochemical profiles of intercropped and monocropped
soybean, (i1) evaluate the effect of these semiochemicals on movement by P. japonica
individuals, and (ii1) evaluated P. japonica group preference in a dual-choice, release-recapture
assay. These findings help us to more efficiently monitor and respond to advancing populations

of P. japonica in the agricultural heart of the United States.
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Abstract

Semi-natural land cover in agroecosystems can support populations of insect natural
enemies and pollinators, through resources such as nesting sites, alternative nutritional resources,
and overwintering sites. Some studies support that increasing amounts of semi-natural lands near
agricultural fields could increase the abundance of natural predator insects and pollinating insects
and decrease the number of pest insects within the fields. However, meta-analysis across large
spatial extents and multiple years show inconsistent results, with semi-natural lands having both
positive and negative effects on natural predators and pests. This could be due to interactions
between climate and landscape variables. Currently, research on the combined or interactive
effects of landscape and seasonal climate variables on agricultural pests or predators is lacking.
In this research, we systematically evaluate the effects of semi-natural land cover within the
surrounding landscape, precipitation, and bordering edge types on insect abundance and
community composition within one consistent study design using sites along a strong semi-
natural-agricultural gradient. Model comparisons indicate that an interaction between
surrounding semi-natural land and precipitation better explained pollinator and predator
abundance, while pest abundance was best explained by the combined effects. Abundance also
varied significantly across field locations for pests and predators. Variation in pest and predator
communities was driven primarily by climatic factors, while pollinator community variation was
mainly driven by the proportion of semi-natural land. Our study provides evidence of significant
interactions between seasonal precipitation and land cover, where precipitation can mask or

minimize the effects of land cover on insect populations at lower precipitation levels.
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Introduction

Agricultural systems today face the pressing challenge of maintaining high levels of crop
productivity while conserving biodiversity, and sustainable pest management is a key issue
(Pretty 2018; Petit et al. 2020). From a landscape ecology perspective, agricultural fields are
habitat patches embedded within a broader landscape matrix composed of diverse elements such
as hedgerows, pastures, other crops, and roadsides. This broader landscape matrix influences the
animal and plant communities and ecosystem services within agricultural fields (Zhang et al.
2007) through species exchange (Leibold et al. 2004) and resource supplementation (Tscharntke
et al. 2005). The preservation of semi-natural land within agricultural landscapes may be helpful
for pest management through its support for natural enemies, which often rely on non-crop
habitats for nesting sites (Klaus et al. 2021), alternative foraging resources (Cohen et al. 2023;
Magagnoli et al. 2024), and overwintering sites (Clem and Harmon-Threatt 2021; Bannwart et al.
2025). There is support for the concept that agricultural fields within landscapes which are more
structurally diverse have higher natural enemy biodiversity (Tscharntke et al. 2005), increased
pollinator abundance (Holzschuh et al. 2013; Carrié et al. 2018) and improved suppression of
pest species by natural enemies (Gurr et al. 2017) because neighboring non-crop habitats can
facilitate the colonization of crop fields by beneficial insects (Landis et al. 2000; Guurr et al.
2017; Biegerl et al. 2025). However, pest species may also benefit from the resources of
surrounding semi-natural land (Carsten Thies et al. 2005; Martin et al. 2013; John M Holland et
al. 2016; Akter et al. 2023) and increases in natural enemy abundance may not be able to

adequately suppress certain pest populations (Ragone et al. 2025).
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While some studies have found semi-natural areas supporting beneficial insect
populations, we do not always consistently see the expected results of increased beneficial
insects and fewer pests within the agricultural fields(Veres et al. 2013; Tscharntke et al. 2016;
Karp et al. 2018). Veres et al. (2013) found that fields within landscapes with higher proportions
of semi-natural areas had lower pest abundance or higher pest control in only 45 out of 72
independent case studies. An extensive global meta-analysis by Karp et al. (2018) of 6,759 sites
across 31 countries found that semi-natural areas and agricultural areas in the surrounding
landscape had inconsistent effects on pest and predator abundance and predation rates. These
inconsistent results could arise because species traits, such as exotic status, host plants, and
habitat breadth, can influence how crop pest insects respond to semi-natural land cover in the
surrounding landscape (Tamburini et al. 2020). However, inconsistent results may also stem
from the differences across the studies themselves, such as sampling locations (edges v.
interiors) or geographical and temporal variation in local climate variables. Thus, significant
effects of landscape composition could be present across these studies but masked by other
variables such as climate and farm management practices.

In addition to landscape and local habitat factors, climate plays a large role in the
abundance and richness of insects in agricultural fields. For example, a warmer climate leads to
higher insect abundances (Altermatt 2009) and higher crop losses from insect pests (Deutsch et
al. 2018). Temperature and rainfall may be the most important variables when considering crop-
insect interactions as higher temperatures increase the number of reproductive generations and
higher precipitation reduces thermo-hydro stress (Ma et al. 2025). Therefore, warmer landscapes
may experience more spillover from semi-natural areas into agricultural fields due to the overall

higher abundance of insects. Additionally, drought can reduce populations of beneficial insects,
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spiders, and birds (Rosenzweig et al. 2001), and dry conditions may override any beneficial
effects from semi-natural land cover within the landscape.

While the effects of interactions between climate and landscape variables on broad
biodiversity patterns are increasingly recognized (Guo et al. 2018; Peters et al. 2019; Nunez and
Alkemade 2021), few studies look at the combined or interactive effects of climatic and
landscape variables on agricultural pests or predation (Fricke et al. 2022; Courson et al. 2022). In
a recent study on the relative effects of landscape and seasonal weather on pest variation across
different regions of France, Courson et al. (2022) found that regional proportions of grassland
had a consistently negative effect on the presence of insect pests while seasonal weather
variables were an important factor in inter-regional differences. Fricke et al. (2022) looked at the
interactive effects of landscape, microclimate (on-site temperature and humidity during
caterpillar exposure), and long-term climate (30 year mean annual temperature) on arthropod
predation rates. They found that predation rates were affected by microclimate (less predation in
low temperatures and high humidity), and landscape composition (increased predation with
increasing land cover diversity), but found no interactive effects of landscape and climate
(microclimate or long-term climate). It is possible that seasonal climate factors are more
important to pest and predator population dynamics (Courson et al. 2022) than microclimate or
long-term climate factors. Interactive effects of landscape and seasonal climate could possibly
mask significant landscape effects and therefore need to be considered.

Previous meta-analyses of in-field insect populations found that although natural enemy
populations were often positively affected by surrounding semi-natural areas in the landscape
(Bianchi et al. 2006; Chaplin-Kramer et al. 2011), the biodiversity and abundance of natural

predators varied depending on location within a field (Boetzl et al. 2024). Semi-natural edges
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had a positive effect on the abundance of insect predators and pollinators in many studies (J. M.
Holland et al. 2012; Gonzalez et al. 2016; Samaranayake and Costamagna 2018; Boetzl et al.
2024) but often decreased with increasing distance towards field centers(Gonzalez et al. 2016;
Boetzl et al. 2024). Edges are therefore likely to support different species than field interiors
because insects from the field borders spill over to the edges and stay there (Ries et al. 2004;
Rand et al. 2006; Boetzl et al. 2024; Harman and Kim 2024). Insects can be encouraged to move
from edges into fields by complementary resource use and species interactions (Ries et al. 2004;
Rand et al. 2006), and their movement usually tracks temporal resources such as prey and nectar
(Knapp and Reza¢ 2015; Tuliano and Gratton 2020; Gomez Villegas et al. 2025)

Understanding the conditions under which beneficial effects of landscape composition
are masked by other variables is essential for developing effective, ecologically sound strategies
for improving pest management (N. A. Schellhorn et al. 2014; Nancy A. Schellhorn et al. 2015)
and pollination (Biegerl et al. 2025). Here, we systematically evaluate the effects of semi-natural
land cover within the surrounding landscape, precipitation, and bordering edge types on insect
abundance and community composition within one consistent study design. We have the
following hypotheses: (i) surrounding semi-natural area will affect the insect community at a
landscape level, providing nesting area for pollinators and predators, and acting as a source of
beneficial insects; (ii) precipitation will have a positive effect on insect abundance across the
sites and years; (ii1) analyzing the interaction between landscape and precipitation will show that
low precipitation suppresses the effect of semi-natural surrounding areas on insect abundance;
(iv) bordering fields will have varying effects on the nearby edge of the field of interest, which
will not extend fully into the center of the field and the interaction between landscape and local

edge type may amplify the effect of semi-natural surrounding areas; (v) insect community
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composition will change in response to landscape variation with different species dominating
communities in fields surrounded by more agriculture compared to fields surrounded by more
semi-natural area. By clarifying interactions between landscape and climate variables and
additive effects of local variables, we will be able to tease apart possible benefits of semi-natural
land cover from the effects of seasonal precipitation and make relevant recommendations for the

restoration of natural areas within agricultural landscapes.

Methods

Study Region
This study was replicated across 61 sites in eastern Kansas during the summers of 2023 and
2024. Kansas has a very pronounced annual precipitation gradient which spans the state and
varies from under 400 mm in the southwest to over 1200 mm in the southeast (Figure 1). With
Kansas’ unique precipitation gradient, we can examine interactions between semi-natural lands
and precipitation to determine how climatic differences may affect the benefits of semi-natural
land. The regional norm for cropping systems in this area is a corn—soybean rotation with
pesticides applied as needed and a predominance of no-till practice. Because the fields are close
in space, within the same region, and managed by farmers with similar culture and practices, this
allows us to focus on gradients within the precipitation and semi-natural land variables while

other variables stay relatively constant.
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Figure 2-1 Map of the 30-year normal annual precipitation ranges across Kansas (top left) which
is located in the central United States (bottom left), and 30-year normal annual precipitation
ranges across our study area with study sites represented by black dots and ecoregions indicated
with black circles (right). Precipitation values were derived from the Prism 30-year normal
precipitation raster.

Kansas is located in the center of the United States, in the Northern Plains region. Land
use in the Northern Plains is dominated by cropland (51%), followed by grassland and pasture
(41%) (Winters-Michaud 2024). Soybean (Glycine max) is the second most planted crop in the
United States by acreage, with 83.4 million acres planted in 2025 (National Agricultural
Statistics Service 2025) and generating $124 billion annually (Checkoff 2023). It is a close
second to corn (Zea mays), of which 95.2 million acres were planted in 2025, and nearly double
the acreage for wheat (Triticum aestivum) which covered 45.5 million acres in 2025 (National

Agricultural Statistics Service 2025). The Northern Great Plains temperate grassland ecosystem

is one of the most endangered and least protected ecosystems on earth, and factors such as land
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conversion have led to a loss of 62% of North American temperate grasslands (Monnett and
Stone 2025). Most of this land is privately owned, therefore establishing common priorities and
principles across community stakeholders is vital for the preservation of this ecosystem and the
ecosystem services it provides. Northeast Kansas has one of the largest areas of remaining
tallgrass prairie, enabling us to examine a very broad gradient of semi-natural areas around our

sites (3% to 92%).

Site selection
To select our sites, we worked with soybean growers in our community who allowed us access to
over 100 fields. During site selection, we considered only sites planted with full season,
indeterminate soybeans. Sites were chosen to fall along a gradient of surrounding semi-natural
area at a 2 km radius (Figure 2). The percentage of semi-natural areas in the 2 km surrounding
the sites ranged from 3% to 92% (Figure 2). In 2022, there was a minimum distance of 4 km
between sites (mean = 8.5 km, max = 24 km). In 2023, we had to adjust our minimum distance to
2 km between sites because some of our collaborators had their soybean fields planted much
closer together due to planting rotations (mean = 4 km, max = 42 km). Each year, 30 sites were

sampled, with an additional site sampled in the first year.
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Figure 2-2 Percentage of surrounding semi-natural area within a 2-kilometer radius for each
field within the study. Semi-natural area included areas identified as grassland, pasture, forest, or
wetland in USDA’s annual Cropscape raster for the corresponding study year.

Sites fell within three physiographic ecoregions: the Flint Hills uplands, the Glaciated
Region, and the Osage Cuestas, determined mainly by differences in physical geology, but also
slight differences in climate (Kansas Geological Survey 2025). The Flint Hills ecoregion was
formed by the erosion of limestone of an inland sea and is characterized by clay soil containing
flint and a lack of trees (Kansas Geological Survey 2025). The Glaciate Region was invaded by
at least two glaciers and is characterized by soils left behind from glacial drift which include
thick layers of silt (Kansas Geological Survey 2025). The Osage Cuestas are characterized by
steep cliffs with a gentle slope on one side called cuestas, flood plains, and rolling hills with soil
that is a mixture of clay, silt, and limestone (Kansas Geological Survey 2025). All sites within

this study were located within the land cover historically identified as Tallgrass Prairie at the
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time of European settlement in Kansas (Kansas Native Plant Society 2021). It is possible that
these regional differences could influence local insect communities. To separate the influence of
surrounding semi-natural areas from possible regional effects, sites were chosen to fit the full

gradient for surrounding semi-natural areas within each physiographic ecoregion.

Insect community sampling and abundance calculations:

For sampling, sweeps were conducted along a 50 meter transect (approximately 100
sweeps of the net) at a constant, moderate pace in the interior of the field, as well as on the edges
of the field. An effort was made to reach the true center of the field. However, for fields that
were over 100 acres, interior sweeps were made at least 200 meters into the field. For edge
sampling, five sites with a semi-natural edge (either semi-natural grassland, pasture or a creek
edge) and five sites with an agricultural edge were sampled within each region. If plants were
flowering, an additional targeted vacuum sampling was performed along the 50-meter transect
for a timed period of 10 minutes. Sampling did not occur if it was raining, wind speeds were
above 2.5 m/s (Brittain et al. 2013; Balfour and Ratnieks 2025), or a farmer had recently sprayed
the field with pesticides. In 2023, sites were sampled three times; once during the initial growth
period of the soybeans (24 June — 13 July), once during the reproductive stage of flowering (11
July — 2 August), and once while the soybean plants had pods (15 August — 1 September). Due to
logistical issues (i.e., late season spraying, weather) each site was sampled twice in 2024, once
during the initial growth period of the soybeans, and once during the reproductive stage of

flowering.
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Samples were put on ice in a cooler during the day of field work, then transferred to a
freezer (-18 °C) until the samples could be processed. For identification, all insects were
removed from the bag and leaves and placed into petri dishes for identification underneath a
dissecting microscope. Well-known pests of concern were identified to species (e.g. bean leaf
beetle (Cerotoma trifurcate) or Japanese beetle (Popillia japonica Newman)) or grouped
together into functional groups at higher taxonomic levels, for example stinkbugs were identified
to family Pentatomidae, except for the predatory stink bug, Podisus maculiventris, which was
identified to species. Other insects were grouped by higher taxa, such as family e.g. Cicadellidae
(leathoppers) and Cercopidae (froghoppers), Reduviidae (assassin bugs) and Nabidae (damsel
bugs), and Coccinellidae (lady beetles) or order, e.g. Hymenoptera, depending on the ecosystem
functions performed within the groups.

Abundance of pests, predators, and pollinators were summed across sampling rounds by
transect (Appendix A, Table A.1) but due to differences in sampling effort (three rounds in 2023
and two rounds in 2024), the mean insect abundance per transect was calculated. Thrips
(Thysanoptera) and whiteflies (Aleyrodidae) were excluded from the pest calculations as their
numbers varied greatly based on how many leaves were in the sweep, and they occurred in such
higher numbers than the other pests that it would obscure overall abundance trends. Pollinators
included all species of bees as well as hoverflies. Lepidoptera were generally moths or butterflies

whose larvae are pests of soybean, and as such were included in the pest category.

Seasonal climate data

For climate and landscape analyses, we utilized R and packages including tidyverse

(Wickham et al. 2019), tigris (Walker 2016), raster (Hijmans, Etten, et al. 2025), sf (Pebesma
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2018; Pebesma and Bivand 2023), and terra (Hijmans, Barbosa, et al. 2025). Weather data was
collected using the PRISM weather data in R using the package prism (Hart and Bell 2015). Our
climate variables, seasonal precipitation and summer maximum temperature, were chosen for
their relevancy to the biological processes of insect communities. Precipitation and temperature
are fundamental drivers of insect ecology, influencing development rates, survival, dispersal, and
community interactions. We calculated seasonal precipitation as the sum of precipitation from
the PRISM monthly precipitation rasters for May, June, July, and August to capture influential
periods for spring host plant and insect development as well as precipitation during our study
period, while avoiding portions of annual precipitation that come from winter snowfall or occur
after our study ends. Seasonal precipitation reflects water availability and vegetation productivity
across the growing season, and affects factors such as floral resources, host plant quality, and
microhabitat humidity which strongly shape pollinator and herbivore populations (Beirne 1970).
Summer maximum temperature captures thermal conditions that regulate insect metabolic rates
and phenology (Gonzalez-Tokman et al. 2020). Higher maximum temperatures can accelerate
pest development and generation turnover (Pareek et al. 2017), but may also limit insects’ ability
to thermoregulate, reducing survival and foraging efficiency (Harvey et al. 2020). We calculated
summer maximum temperature by taking the mean of PRISM monthly maximum temperature
rasters from the months of June, July, and August in order to capture the maximum temperatures

across the warmest months, and the entire time of our study period.

Landscape analysis

The proportion of surrounding semi-natural land and grassland were calculated separately

at 500 m, 1 km, 1.5 km, and 2 km using CropScapeR (Chen 2020), cdlTools (Lisic et al. 2024),
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and foreach (Daniel et al. 2022). To estimate semi-natural land cover, we aggregated land-cover
classes including deciduous forest, coniferous forest, mixed forest, shrubland, herbaceous
grassland, wetlands, and hay/pasture, following Thies et al. (2003) and Thies & Tscharntke
(1999). We then calculated the percentage of this combined ‘semi-natural land’ category within
various buffers around each site. As the main semi-natural land cover in this area is grassland,
we created two sets of model option; one including all semi-natural land covers (forests,
wildflowers, grassland and pasture, shrublands, wetlands, and non-alfalfa hay), and one
specifically for grassland (grassland, pasture, and non-alfalfa hay).

Previous studies have shown that the scale at which surrounding semi-natural area effects
abundance can vary by insect group (Carsten Thies et al. 2003), so we compared the R-squared
values of surrounding semi-natural land models (y ~ proportion of semi-natural land) and
surrounding grassland models (y ~ proportion of grassland) across buffer radii of 500m, 1000m,
1500m, and 2000m separately for pests, predators, and pollinators to determine which radius was
most suitable for each group. Grassland at a radius of 1 km was found to be most suitable for
pests indicated by the highest R2 value (R2 = 0.09, other radii for grassland and semi-natural had
R2 values ranging 0.025 — 0.076) and for predators indicated by the highest R2 value (R2 =
0.072, other radii for grassland and semi-natural had R2 values ranging 0.022 — 0.067). For
pollinators, R2 values indicated that semi-natural land at the 2 km radius would be most suitable
(R2 =0.062, other radii for grassland and semi-natural had R2 values ranging 0.022 — 0.067).
This is consistent with scales used in previous studies which have commonly used a 1 km radius
for predators or pest suppression (Carsten Thies et al. 2005; Rusch et al. 2016; Bosem Baillod et
al. 2017; Lavandero et al. 2025) and a 2 km radius for pollinators (Kremen et al. 2004; Ekroos et

al. 2013; Pardee et al. 2023; Vega et al. 2023).
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Statistical analysis

We used generalized linear mixed-effects models (GLMMSs) with a log link function to
identify the individual effects of proportion of semi-natural land, seasonal weather (seasonal
precipitation, summer maximum temperature), and local edge type on insect pests, predators, and
pollinators. The full models for all three groups included the semi-natural land variable as
identified in our landscape analysis, local edge type identified as the transect location
(agricultural edge, semi-natural edge, road edge, or field center), the ecoregion within which the
site is located (Flint Hill, Osage Cuestas, Glaciated Region), and the year (2023, 2024). Because
three transects were surveyed within a site, SitelD, a combination of the site’s name and year,
was included as a random variable.

Variance inflation factors were calculated using the vif function in the package car. As
our model includes both continuous and categorical variables, we also assessed Generalized VIF
(GVIF) which adjusts for the varying degrees of freedom between variables (John Fox and
Monette 1992). Of our fixed effects, year had the highest GVIF of 2.9, suggesting correlation
with the next highest variable, seasonal precipitation. Once year was removed, all variables had a
GVIF <2. A GVIF between 2-3 suggest moderate correlation (John Fox 2015), so we compared
models with and without the year variable. Finding no significant difference between the models,
we removed year as a variable to avoid correlation issues. GVIF scores did not indicate a
correlation between ecoregion (1.06) and seasonal precipitation (1.37) or summer maximum
temperature (1.68).

Additive models were fit using the glmmTMB package in R (Brooks et al. 2017), which

allows flexible specification of non-Gaussian distributions and random effects. To ensure model
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stability and reduce numerical issues during model estimation, particularly in interaction models,
continuous environmental predictors (e.g., land cover, precipitation and temperature) were
standardized (mean = 0, SD = 1). The Tweedie distribution was used to adequately capture the
distributional structure and variability in mean insect abundance across sites, with characteristics
including continuous, strictly positive, right-skewed data which contained zeros. Model fit was
assessed using residual diagnostics from the DHARMa package (Hartig 2025), including tests
for overdispersion, residual uniformity, and zero-inflation. Diagnostics indicated a good fit and
no overdispersion for pests (dispersion = 1.099, p = 0.584; Kolmogorov—Smirnov D = 0.058, p =
0.604; zero-inflation p = 1), predators (dispersion = 1.099, p = 0.48; Kolmogorov—Smirnov D =
0.047, p = 0.839; zero-inflation p = 0.736), or pollinators (dispersion = 1.28, p = 0.28,
Kolmogorov—Smirnov D = 0.03, p = 0.997; zero-inflation p = 0.792). Our base additive model
was written as:

Equation 1: glmmTMB(y ~ land cover + seasonal precipitation + summer average
maximum temperature + Ecoregion + Location + Year + (1 | SiteID), data = data, family =
tweedie)

For pest and predator abundances, the fixed effects included proportion of grass cover
within 1 km, summer precipitation, and average maximum summer temperature, as well as
categorical predictors including ecoregion and transect location. For pollinators, the fixed effects
included the proportion of semi-natural land cover within 2 km rather than grass cover. All
models included a random intercept for SiteID to account for repeated sampling within sites.

To assess possible interactions between semi-natural land cover or grass cover and our
other variables, we created separate interaction models for interactions between land cover and

seasonal climate (precipitation and maximum temperature), local edge type and ecoregion. The
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candidate interaction models are listed in Table 1. We used Akaike’s Information Criterion
(AIC) to compare overall model fit among the base additive model and four candidate interaction
models and assess overall model parsimony (Burnham and Anderson 2004). Because our
primary goal was to test whether environmental interactions influence insect group abundance,
we additionally performed likelihood ratio tests (LRTs) for nested models to evaluate whether
including each interaction significantly improved model fit relative to the base additive model

(Bolker et al. 2009) and infer the statistical support for specific interaction terms.
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Table 2-1 Description of candidate interaction models to clearly show differences between the
interaction and fixed effect variables within in each of the candidate models used to test if
interactions improved model fit over the additive model.

Candidate (Interaction Fixed effect variables Random Model type
Model variables effect
Number variable
1 |land cover * summer average maximum site ID tweedie
seasonal temperature + location + ecoregion

precipitation [+ year

2 |land cover * seasonal precipitation + location +|site ID tweedie
summer averagelecoregion + year
maximum
temperature

3 |land cover * seasonal precipitation + summer [site ID tweedie
location average maximum temperature +

ecoregion + year

4  [land cover * seasonal precipitation + summer [site D tweedie
ecoregion average maximum temperature +
location + year

For visualization of main effects and interactions, predicted values were generated from
the scaled models and back-transformed to their original units using observed means and
standard deviations, allowing interpretation in ecologically meaningful units (e.g., mm of
precipitation, proportion of semi-natural land cover). Marginal predictions were computed with
the ggeffects package (Liidecke 2018) using ggpredict(), holding other continuous covariates at
their mean and categorical covariates at their reference level. For precipitation interactions,
standardized variables were back-transformed for plotting, and levels were labeled “Low,”
“Medium,” and “High” (=1 SD, 0, +1 SD. All visualizations, created with ggplot2 (Wickham
2016), include 95% confidence intervals and are presented on the response scale for ecological

clarity.
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Constrained Ordination Analysis

To examine the influence of our environmental variables on the community composition
of the three main insect functional groups (pests, pollinators, and predators), we used a
combination of permutational multivariate analysis of variance (PERMANOVA) and distance-
based redundancy analysis (db-RDA). All analyses were conducted in R (v4.5) using the
packages vegan (Oksanen et al. 2025), tidyverse (Wickham et al. 2019), ggrepel (Slowikowski et
al. 2024) and grid (“R: The Grid Graphics Package” 2024). A community matrix was created for
each group (pests, predators, pollinators) as a transect-site by species matrix with the average
abundance across the season per transect as entries in the cells. Prior to multivariate analyses,
community abundance data were transformed using the Hellinger transformation to reduce the
influence of highly abundant species and to improve the suitability of the data for ordination
based on Euclidean distances (Legendre and Gallagher 2001). A corresponding environmental
variables matrix was constructed with site specific environmental data. Environmental variables
included proportion of grassland in the surrounding 1 km, proportion of semi-natural area in the
surrounding 2 km, summer average maximum temperature, summer average precipitation,
ecoregion, and transect location. Prior to analysis, all numeric environmental variables were
standardized and checked for multicollinearity using the package car (J. Fox and Weisberg
2019). No variables were highly correlated (|r| < 0.70), and all were retained for analyses.

Differences in community composition were tested using PERMANOVA, with the
adonis2() function in vegan (Oksanen et al. 2025), based on Bray—Curtis dissimilarities and 999
permutations. Interaction terms were evaluated during model selection; however, because their
inclusion did not meaningfully improve adjusted R?, final models included only main effects.

The most parsimonious model for each insect group was selected to evaluate the effects of
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environmental variables on community composition. For visualization, we ran distance-based
redundancy analyses (db-RDA) using the capscale() function in vegan, with Bray—Curtis
dissimilarities as the response distance measure and environmental variables as constraints. Site
scores, species scores, and environmental vectors were extracted from the db-RDA results using
the scores() function and visualized using ggplot2. The significance of db-RDA models and
individual constrained axes was assessed using permutation tests (anova(), 999 permutations).
Environmental vectors were fitted to ordination space using the envfit() function to obtain vector
coordinates, coefficients of determination (1?), and associated p-values. Environmental vectors
were scaled for visualization to improve interpretability, without altering their statistical

meaning.

Results

Across the 61 sites in this study, 108,626 arthropods were identified from 420 sweep and
241 vacuum samples (List in Appendix A: Table A.1). The average number of arthropods in a
transect was 259, with a median of 197, a minimum of 5, and a maximum of 2135. High
variation in transect counts was mainly due to large numbers of thrips (25,964) and whiteflies
(34,152) which correlated with the number of leaves caught in the sweep and were therefore not
included in the analysis. In total, 14,915 insects were identified as key pests (14%) while 12,547
insects and spiders were identified as predators (12%) The abundance of bees and hoverflies
identified as pollinators was 547 (<1%). The three most abundant pest insects were leaf and frog
hoppers (3275, 22% of pests), bean leaf beetles (2176, 15% of pests) and Japanese beetles (1464,
10% of pests). The three most abundant predators were spiders (5655, 45% of predators),

parasitic wasps (2299, 18% of predators) and minute pirate bugs (2270, 18%). Honey bees were
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the most abundant pollinators (226, 41% of pollinators) followed by sweat bees (162, 30% of

pollinators), and hover flies (65, 12% of pollinators).

Landcover and climate effects on pest abundance and community composition

For pest abundance, the percent grass * precipitation interaction model (candidate model
1, Table 1) showed a marginally significant improvement over the base additive model (y* =
3.11,df=1, p=0.078; AAIC = -1.11), while other interaction models with location, ecoregion,
or temperature interactions (candidate models 2, 3, and 4) did not improve model fit (p > 0.159;
AAIC range = +0.82 to +3.74), indicating that the additive model was the most parsimonious.
Given the weak statistical support for the interaction, we retained the additive model for primary
inference but included the interactive model results for reference (Appendix A, Table A.2). Our
best supported model (base additive model) showed that the proportion of grassland in the
surrounding 1 km landscape had a negative effect on pests (Estimate -0.196 + 0.073 SE, p <

0.01, Table 2, Figure 3), while the effect of seasonal precipitation was not significant (p = 0.17).
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Table 2-2 Results from the most parsimonious additive or interaction generalized linear mixed-
effects models evaluating the effects of semi-natural land cover (proportion grassland or total
semi-natural land), seasonal precipitation, ecoregion (Glaciated or Cuestas relative to Flint Hills),
local edge type (agricultural, road, or semi-natural), and summer maximum temperature on (1)
pest abundance, (2) predator abundance, and (3) pollinator abundance. All fixed-effect predictors
included in the full models are shown; the random effect of site is not displayed. Significant
effects are identified in bold font. Effects of categorical variables are shown as model
coefficients relative to the reference level (field center for location, and Flint Hills for
ecoregion). The overall effect of ecoregion was evaluated using likelihood ratio tests and Tukey-
adjusted post-hoc comparisons (see Results).

Variable Pest estimate- additive  |Predator estimate — Pollinator estimate —
model interaction model interaction model
Land cover * NA -0.099 + 0.049 0.196 + 0.094
precipitation (p <0.05) (p <0.05)
interaction
Grass or semi- -0.196 + 0.073 -0.168 + 0.057 0.307 £ 0.104
natural land cover (p <0.01) (p <0.01) (p <0.01)
Seasonal -0.115+£0.084 0.128 £ 0.066 -0.144 £ 0.135
Precipitation (p=0.17) (p=10.05) (p=0.282)
Summer Average -0.002 +£0.103 -0.004 + 0.094 0.129 +0.147
Maximum (p=0.99) (p=0.96) (p=0.38)
Temperature
Agricultural Edge 0.497 £0.110 0.412 £ 0.097 -0.238 £ 0.164
(p <0.001) (p <0.001) (p=0.15)
Road Edge 0.324 +0.092 0.145 +0.087 0.266 £ 0.121
(p <0.001) (p=0.09) (p <0.05)
Semi-Natural 0.236 £ 0.119 0.285 £ 0.106 -0.075 £0.167
Edge (p <0.05) (p <0.01) (p=10.65)
Osage Cuestas 0.137+0.149 0.042+0.114 -0.307 £ 0.229
Glaciated Region 0.348 £ 0.167 -0.028 £ 0.127 -0.121 £ 0.249
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Figure 2-3 Effect of surrounding grassland cover on insect pest abundance, with grassland
shown on its original scale as the proportion of grassland within a 1-km buffer. The solid line
represents the model predictions, while the shading indicates 95% confidence intervals.
Predictions are presented on the response scale, with all other covariates held at their mean
values.

Contrastingly, pest community composition was influenced by climatic variables as well
as landcover. PERMANOVA results indicated that community composition was significantly
associated with seasonal precipitation (R*>=0.017, p <0.01), summer average maximum
temperature (R> = 0.013, p <0.01), and the proportion of grassland within 1 km (R*=0.011, p <
0.01). The db-RDA shows that environmental variables collectively explained a significant
portion of variation in pest community composition communities (R? = 0.165, Fs,is7=4.13,p =
0.001), while variation was spread across four constrained axes (CAP1-CAP4, p <0.01),

suggesting that pest community differences are structured by multiple combinations of

44



environmental and spatial variables. Climatic factors were strong drivers of community
variation, with seasonal precipitation having stronger effects on communities dominated by
dectes stemborers and grasshoppers/crickets and summer average maximum temperature
favoring communities dominated by tarnished plant bugs, and other Hemiptera such as ebony
bugs (Figure 4). Grassland in the surrounding area had a positive effect on communities
dominated by aphids, and a negative effect on communities dominated by bean leaf beetles,

chloropid flies, Japanese beetles, and caterpillars (Figure 4).
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Figure 2-4 Distance-based redundancy analysis (db-RDA) showing the relationship between
pest community composition and environmental variables. Environmental vectors represented by
gray arrows indicate the direction and relative strength of each variable’s effect on community
structure. Sites are represented as points, colored by ecoregion, with ellipses which encompass
95% of sites in that grouping. Species/taxa labels are plotted centered on their db-RDA species
score.
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Landcover and climate effects on predator abundance and community composition
For predators, the percent grass * summer precipitation interaction significantly improved

model fit (y*> = 3.89, df = 1, p < 0.05), whereas all other interactions did not (p > 0.142),
supporting an interaction between precipitation and grass cover (candidate model 1). Although
AAIC for the interaction model fell slightly short of 2 (AAIC = —1.89), it had the lowest AIC
(AAIC range = —0.15 to +3.74). We retained the interaction model for inference because our
primary goal was hypothesis testing, not prediction, and likelihood ratio test indicated that
interaction between precipitation and landcover significantly improved model fit relative to the
base additive model providing statistical support for the retention of the interaction term.
Predator abundance was negatively affected by the interaction between precipitation and
proportion of grassland in the surrounding 1 km landscape (Estimate —0.099 + 0.049 SE, p <
0.05, Table 2). In other words, increasing grass cover had a strong negative impact in areas of
high precipitation and a general negative impact with medium precipitation, but this effect was

much weaker with low precipitation (Figure 5).
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Figure 2-5 Effect of surrounding land cover on pollinators with facet panels showing differing
effects at low, medium and high precipitation levels. The solid line represents the model
predictions, while the shading indicates 95% confidence intervals. Predictions are presented on
the response scale, with all other covariates held at their mean values.

Predator community composition was similarly significantly influenced by landscape and
climatic variables, particularly summer precipitation, which explained the greatest proportion of
variation (R?=10.109, p = 0.001), followed by summer maximum temperature (R*>=0.029, p =
0.001) and grassland cover (R*=0.014, p <0.01). The db-RDA suggests that environmental
variables collectively explained a significant portion of variation in predator community
composition (R?=0.197, Fs,iss = 5.08, p = 0.001), which was spread across two constrained axes
(CAPI1 and CAP2, p = 0.001) and primarily structured by climatic gradients, with precipitation

favoring spider- and fly-dominated communities and high summer temperatures favoring ant-
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and parasitoid-dominated communities, while landscape position plays a secondary role (Figure

6).
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Figure 2-6 Distance-based redundancy analysis (db-RDA) showing the relationship between
predator community composition and environmental variables. Environmental vectors
represented by gray arrows indicate the direction and relative strength of each variable’s effect
on community structure. Sites are represented as points, colored by location, with ellipses which
encompass 95% of sites in that grouping. Species/taxa labels are plotted centered on their db-
RDA species score.

Landcover and climate effects on pollinator abundance and community
composition
For pollinators, the percent natural land * summer precipitation interaction model

(candidate model 1) significantly improved fit and was the most parsimonious model (> = 4.20,

df=1, p=0.040; AAIC = —2.20), while candidate models that included interactions with
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location, ecoregion, or temperature showed no significant improvement (p > 0.338; AAIC range
=+1.09 t02.63), indicating a precipitation-dependent effect of grass cover. The interaction
between precipitation and proportion of semi-natural land in the surrounding 2 km landscape had
a positive effect on pollinators (Estimate 0.196 + 0.094 SE, p < 0.05, Table 2). Specifically,
while the effect of semi-natural land was slightly positive with low precipitation, this effect was
stronger in areas with medium precipitation and exponential when coupled with high

precipitation (Figure 7).
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Figure 2-7 Effect of surrounding land cover on pollinators with facet panels showing differing
effects at low, medium and high precipitation levels. The solid line represents the model
predictions, while the shading indicates 95% confidence intervals. Predictions are presented on
the response scale, with all other covariates held at their mean values.
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Pollinator community composition was primarily associated with the proportion of semi-
natural land cover within 2 km (R?=0.063, p = 0.001) and summer precipitation (R = 0.020, p <
0.05), while summer maximum temperature, location, and ecoregion were not significant
predictors. The db-RDA suggests that environmental variables collectively explained a
significant portion of variation in communities (R =0.119, Fz,i31 =2.21, p =0.001), and the first
constrained axis (CAP1) explained a significant portion of variation in pollinator composition (p
< 0.01), while the second constrained axis (CAP2) was only marginally significant (p = 0.09),
and further axes were not significant (p > 0.9) suggesting that pollinator communities are
primarily structured along gradients of semi-natural land cover with marginal effects of
precipitation. Proportion of grassland in the surrounding area had a stronger effect on
communities dominated by honey bees, and a strong negative effect on hoverflies (Figure 8).
Communities dominated by bumble bees were strongly affected by seasonal precipitation, while
communities dominated by sweat bees and Megachilidae seem to be negatively affected by

seasonal precipitation.
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Figure 2-8 Distance-based redundancy analysis (db-RDA) showing the relationship between
pollinator community composition and environmental variables. Environmental vectors
represented by gray arrows indicate the direction and relative strength of each variable’s effect
on community structure. Sites are represented as points, colored by location, with ellipses which
encompass 95% of sites in that grouping. Species/taxa labels are plotted centered on their db-
RDA species score.

Location within field, but not ecoregion, affected insect abundance, while both
influenced community composition.

Field location did not interact with land cover variables but had significant main effects
on pest, predator, and pollinator abundances. Field centers generally had fewer insects compared
to field edges, but the magnitude varied depending on edge type (Table 2, Figure
9). Agricultural edges had significantly more pests (Estimate 0.497 +0.110 SE, p <0.001) and
predators (Estimate 0.412 £ 0.097 SE, p <0.001) compared to field centers. Road edges and
natural edges also had more pests and predators compared to field centers but to a lesser degree

than agricultural edges (Pests: road edge estimate 0.324 + 0.092 SE, p < 0.001; semi-natural edge
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estimate 0.236 £ 0.119 SE, p <0.05. Predators: road edges estimate = 0.145 + 0.087 SE, p < 0.1,
semi-natural edge Estimate 0.285 = 0.106 SE, p <0.01). In contrast, for pollinators, only their
abundance at road edges (Estimate 0.266 + 0.121 SE, p < 0.05) was significantly greater than
their abundance the field centers (Table 2, Figure 9).
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Figure 2-9 Pest (a), predator (b), and pollinator (c) abundance by transect location; center,
agricultural edge (AgEdge), road edge (Rd Edge), and natural edge (NatEdge). Boxes show the
interquartile range (25th—75th percentiles), with the horizontal line representing the median.
Whiskers extend to the most extreme values within 1.5x the interquartile range, and points
beyond the whiskers are outliers. Asterisks indicate significant difference from center.

52



Ecoregion did not significantly explain variation in pest, predator, or pollinator
abundance once local landscape composition, weather, and site-level variability were accounted
for. Although model coefficients suggested modest differences among ecoregions for pests, these
effects were not supported by the overall likelihood ratio test comparing models with and
without ecoregion (y*> =4.19, df = 2, p = 0.123) or by Tukey-adjusted pairwise comparisons
among ecoregions (all p > 0.09). Predator and pollinator abundance was not influenced by
ecoregion, as indicated by a lack of significant effects in the model coefficients and confirmed
with a likelihood ratio test (Predators: y*> = 0.62, df =2, p = 0.735, all pairwise Tukey-adjusted
contrasts p > 0.70; Pollinators: ¥*> = 5.71, df = 2, p = 0.057, all pairwise Tukey-adjusted contrasts
p>0.31).

Variation in pest and predator community compositions were affected by spatial factors,
with both location (pests = R? = 0.038, p = 0.001, predators = R? = 0.044, p = 0.001) and
ecoregion (pests = R?=0.104, p = 0.001, predators = R? = 0.023, p <0.01) showing strong
effects. Community composition of pollinators did not vary with edge type or ecoregion

(location: R*=0.026, p = 0.27; ecoregion: R*= 0.020, p=0.17).

Discussion

This study was designed to assess the effects of interactions between semi-natural land
cover in the surrounding habitat, precipitation, and bordering field edges on insect communities
within soybean fields in the Great Plains. Our model results showed that semi-natural land cover
in agricultural landscapes reduced pest and predator abundances and increased pollinator
abundance. However, this effect was often moderated by seasonal precipitation amounts. Our

community composition results indicate that insect community turnover in agroecosystems is
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strongly shaped by both climatic and landscape drivers, with differing responses by species and

taxa exemplifying varying responses to environmental factors.

Surrounding natural land cover and precipitation

Our study provides evidence that precipitation interacts with the effects of land cover,
masking or minimizing the beneficial effects of land cover on insect populations at lower
precipitation levels. The amount of grassland cover in the surrounding landscape had a
significant negative effect on predators but the magnitude of the effects varied with precipitation
where increasing grass cover strongly reduced pest abundance under high precipitation, had a
moderate negative effect under medium precipitation, and had a much weaker effect under low
precipitation. In contrast, pollinator abundance responded positively to natural land cover across
precipitation gradients, with stronger responses in medium and high rainfall areas. For pests,
grass cover alone had negative effects on their abundances, irrespective of precipitation amount.
Altogether, these results suggest that beneficial insects are more strongly influenced by
combined effects of precipitation and land cover and may be more vulnerable than pests during
periods of low precipitation.

Our models revealed a significant interaction between precipitation and natural land
cover on predator and pollinator abundance. In both cases, low precipitation reduced overall
insect abundance as well as the effect of semi-natural land cover. This indicates that when
precipitation is low, such as in times of drought or in arid regions, insect populations are reduced
to such an extent that it may override any beneficial effects from semi-natural land cover within
the landscape. This may be due to a lack of moisture availability, which can affect insects

through decreased soil moisture, desiccation, or intermediate effects (Beirne 1970). The benefits

54



of natural land cover in suppressing pests may be contingent upon adequate precipitation levels.
Similar results were found in another study in soybean in Wisconsin where the amount of
soybean and habitat diversity affected pest abundances but only in non-drought years (Liere et al.
2015). The interaction with landcover and climate could explain inconsistent effects of natural
area on pest suppression across studies that span multiple years or large geographic areas (Liere

et al. 2015; Karp et al. 2018).

Pest community composition

The composition of pest communities was most strongly influenced by summer average
maximum temperature and seasonal precipitation which affected the abundance and immigration
of different insect groups, leading to changing species identity along climate gradients. Fields
with high temperatures were dominated by Hemiptera such as plant bugs and ebony bugs. Plant
bugs have been shown to respond to higher temperatures with increasing generations within a
season, leading to higher abundances of these pests (Altermatt 2009; Ugine 2012). Seasonal
precipitation also strongly affected community composition where soybean fields with high
precipitation were dominated by Dectes stemborers, grasshoppers and crickets. Grasshopper
populations have been shown to increase in periods of higher precipitation due to increased
available host plant material (Beirne 1970; Whipple et al. 2012; Li et al. 2024). The amount of
surrounding grassland also affects pest community composition but to a lesser degree than
climate variables. Fields that were surrounded by high amounts of grassland were dominated by
aphids which is consistent with previous studies that have found increases in aphid abundance
with surrounding seminatural areas in cabbage and sorghum (Martin et al. 2015; Elkins et al.

2022). This could be because neighboring perennial grass can provide alternative host plants and
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overwintering grounds for aphids. Contrastingly, in fields surrounded by less grasslands, pest
communities were dominated by bean leaf beetles, chloropid flies, Japanese beetles, and
caterpillars, perhaps due to lower amounts of host plants for host-specific pests such as bean leaf
beetles, and higher predation rates of generalist pests by natural enemies supported by the

surrounding grassland, including grassland birds (Tortosa et al. 2023; de Zwaan et al. 2024).

Predator abundance and communities

Contrary to our hypothesis that natural land in the surrounding landscape would increase
predator abundances, we found that the amount of grassland in the surrounding landscape had
negative effects on predator abundances and the magnitude was stronger with higher
precipitation levels. This is unexpected as multiple reviews and meta-analyses have found
surrounding non-crop land cover to be beneficial, on average, for natural enemy abundance,
diversity and predation activity (Bianchi et al. 2006; Chaplin-Kramer et al. 2011; Veres et al.
2013; Rusch et al. 2016). During the time of our study, pest pressure was relatively low, which
may be a contributing factor because predator numbers have been shown to respond to pest
densities (Haan et al. 2020) and found to disperse when local pest populations are low (Boetzl et
al. 2020), therefore our predator numbers could be responding to the available number of pests
which is higher in fields with more surrounding agricultural areas and lower in fields with more
surrounding grassland. Since many of our predators are generalists, they are likely to be present
where there are more prey options, as Liere et al (2015) found with predator abundance in
soybean. Furthermore, natural areas may fail to increase predator populations if agricultural
practices within the fields themselves counteract the positive effects of natural areas (Tscharntke

et al. 2016). Herbicides, commonly used in soybean fields and applied to the fields of this study,
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have been found to increase natural enemy mortality as well as decrease their longevity,
reproduction, and predation (Zilnik et al. 2023).

It is also possible that the most common predators in our fields (spiders, parasitoid wasps
and minute pirate bugs; comprising 81% of the predators) are not as reliant on resources from the
surrounding grasslands as other predators such as ants and other wasps, who require alternative
food sources from nectar, pollen, or seeds (Patt et al. 1997). However, previous studies have
shown that the abundance of spiders, predatory Hemipterans, and parasitoids increase with
increasing landscape complexity (Langellotto and Denno 2004). Spider abundance has also been
found to significantly increase with surrounding semi-natural areas, although the effect on
parasitoid and predatory beetle abundances was inconclusive (Shackelford et al. 2013).
Therefore, it is possible that different natural enemy taxa are responding differently to changes in
land cover and surrounding semi-natural areas.

Predator community composition in our study was more strongly associated with climatic
variables than with landscape structure, indicating that interannual variation in precipitation and
temperature plays a key role in shaping predator assemblages. Climatic conditions can directly
influence predator phenology, survival, and activity (Durant et al. 2007), as well as indirectly
affect communities through changes in prey availability (Zhu et al. 2015). Therefore,
biodiversity and niche redundancy may be especially important for maintaining predator
community resilience, because simplified predator assemblages are likely to be more vulnerable
to climate-driven population declines, reducing their ability to provide consistent pest
suppression (Yachi and Loreau 1999; Cardinale et al. 2012). Landscape heterogeneity and
habitat complexity can partially buffer these climatic effects by supporting higher biodiversity

within predator communities (Landis et al. 2000; Tscharntke et al. 2012; Rusch et al. 2016).
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Pollinator abundance and communities

Pollinator abundances were affected by the interaction between natural land cover and
precipitation. Specifically, as the amount of natural land cover surrounding a soybean field
increased, the abundance of pollinators increased as well. However, the magnitude of the effects
increased with precipitation. Precipitation could be especially important for pollinators,
magnifying the effects of natural land through positive effects on floral resources on which
pollinators rely. Many pollinators also rely on surrounding natural land for nesting habitat and
other resources, such as water.

Pollinator community composition was affected by natural land cover and precipitation
independently (i.e., no significant interaction). Pollinator communities in areas with lower
amounts of surrounding natural areas were dominated by hoverflies, while areas with high
surrounding natural areas were dominated by honeybees. A similar response was reported by
Jauker et al. (2009), who found that bee abundance declined in response to a reduction of natural
grassland in the area surrounding agricultural fields, hoverfly abundance increased. Honeybees,
with a confined foraging range, respond positively to alternative foraging resources near fields
that can provide nectar when soybean is not flowering. Hoverflies forage across larger distances
than bees, are not limited to a specific home range since they require pollen for adult nutrition
rather than for provisioning their offspring (Rader et al. 2016), and many hoverfly larvae
consume aphids which are commonly found in agricultural fields (Jauker et al. 2009).

There is hope that hoverfly populations may be more resilient to current trends in land
use change, providing pollination for crops in areas with lower amounts of surrounding natural

areas, but many species require specific microhabitats for larval development which rely on
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supplementary resources (Jauker et al. 2009) and hedgerows are suggested as a management
tactic to encourage pollination by hoverflies (Doyle et al. 2020). Still, this shift in pollinator
communities along a natural land gradient may have implications for pollination and fruit set in
dense agricultural areas, as hoverflies do not pollinate as effectively as bees, requiring higher
visitation rates (Rader et al. 2016).

Precipitation also affected bee community composition where sites with greater seasonal
precipitation supported more bumble bees and less sweat bees. Previous studies have shown that
bumble bees have a strong response to precipitation, possibly moderated by reductions in floral
resources and subpar nesting conditions with nest density declines in drought years likely due to
reduced floral resources and lack of suitable nesting conditions (Thuma et al. 2025). Decreases in
floral display size and nectar rewards under drought conditions have been linked to reduced
bumble bee visitation (Kuppler et al. 2021). Additionally, comparative physiological studies
have shown that larger bees such as bumble bees are more prone to dessication than smaller

sweat bees (Burdine and McCluney 2019).

Field edges

In addition to landscape composition, previous work has shown that the structure of field
edges strongly influences insect communities in agricultural landscapes (Kross et al. 2020;
Rischen et al. 2023). Complex semi-natural borders often support higher abundance and diversity
of pollinators and predators than simplified or agricultural borders (J. Holland and Fahrig 2000;
Meek et al. 2002; Campbell et al. 2017). Conversely, pest abundance often increases along
agricultural boundaries that facilitate colonization from neighboring fields (Haan et al. 2020;

Kennedy and Huseth 2022). Our results mostly align with these patterns: pest abundance was
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highest at field edges, particularly those adjacent to other agricultural fields, with predators
tracking pest abundances at those edges, and pollinator abundance significantly increased along
road margins which were typically grassy and often contained wildflowers.

Effects of local edges can sometimes be mediated by an interaction with surrounding
landscape context (Akter et al. 2023). For example, Boetzl et al. (2020) found that adjacent
natural land enhanced activity by predatory arthropods at field borders, and that distance
functions for parasitoids and pests were influenced by the surrounding semi-natural land. Evans
et al. (2016) reported that landscape complexity increased invertebrate diversity primarily at field
edges and concluded that field edges should be considered alongside landscape mosaic for
biodiversity enhancement. In our study, although we found significant edge effects, we did not
find any significant interaction effect between field edge types and the proportion of natural area
in the surrounding landscape, suggesting that land cover effects influence insects similarly across

the soybean fields.

Conclusion
Our results have implications for agriculture in that surrounding seminatural land cover is

beneficial through a reduction in pest numbers and an increase in pollinator numbers, but the
effects may be lost under low precipitation, for example, in years of drought or areas of low
precipitation. Therefore, the lack of consistent results in previous studies, especially when
comparing studies across a global scale, could be due to interannual changes in precipitation
across years, spatial differences in precipitation across locations, or a combination of both.
Changes in precipitation, both spatially and temporally, can affect the ecosystem services

provided by natural areas, which will be able to provide more pollination services and lower pest
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pressure under moderate and higher precipitation conditions. In our study, predators seem to be
more susceptible to precipitation changes than pests, which could lead to an inability to suppress
pest populations during low precipitation, perhaps even if larger amounts of surrounding natural
areas are present.

From a management perspective, these findings add to the body of work supporting the
recommendation of maintaining seminatural land cover and landscape heterogeneity to bolster
natural enemy and pollinator populations, while recognizing that climatic conditions may
amplify or suppress pest-predator interactions, underscoring the need for context specific,
adaptive strategies to sustain natural biological control. As climate changes, many areas are
predicted to experience increased drought, which seems to disproportionately affect beneficial
insects, and the benefits of natural areas on pest suppression might be reduced. Therefore,
employing additional local management tactics to support natural predators will be important.

Because pests are more abundant on edges, particularly at agricultural edges, after
sufficient monitoring, it could be sufficient to target pest management at specific edges rather
than the entire field. This would allow growers to substantially reduce chemical input while still
addressing insect pest concerns. Additionally, establishing semi-natural field borders such as
hedgerows or grass strips may reduce pest pressure compared to agricultural borders (Akter et al.
2023). Overall, our findings support the view that agricultural insect communities are strongly
influenced by the surrounding landscape mosaic and that strategically managing edge vegetation
and semi-natural land cover in concert can strengthen pollination and pest-regulation services

while reducing pest spillover in soybean systems.

61



The effect of the interaction between landscape and climate could be masking significant
landscape effects on insect abundance and community composition in other studies where it is
not considered, and possibly hindering us from developing effective, ecologically sound
strategies for integrating natural land cover areas into agroecosystems. These results highlight
the importance of incorporating seasonal precipitation and its interaction with landscape
composition into future ecological models to accurately assess relationships between landscape
composition and insect abundance and community composition to promote effective

management strategies.
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Abstract

Japanese beetle (Popillia japonica) is an invasive agricultural pest throughout the eastern
United States and its distribution is expanding westward. Understanding how climate and land
use intensification interact to affect Japanese beetle population dynamics and spread is essential
to predict which areas are vulnerable to increased pest pressure. In this study, we combine data
from the Global Biodiversity Information Facility (GBIF) with data from local state agricultural
agencies and University extension offices to model how land cover and climate affect Japanese
beetle occurrences at the leading edge of an invasion front in the central United States over 5
years. We found that beetle occurrences were positively correlated with proportion of developed
areas, proportion of corn and soybean, minimum temperature, and precipitation within counties,
and negatively correlated with the proportion of grassland and pasture, and maximum
temperature. We modeled Japanese beetle occurrences in the near future and for future climate
scenarios and found high probability of occurrence for Japanese beetles across the entire region.
Our study highlights the importance of supplementing community science data in rural areas and

including a time variable when assessing habitat associations for invasive species in novel areas.

Introduction

Changing environments, caused by climate and land cover change, are negatively
affecting pest dynamics in agroecosystems and threatening food security. To meet growing
demands for food, global agricultural production must double by 2050, and the suggested way is

to intensify crop yield production rather than expand agricultural land (Tilman et al. 2011).
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However, agricultural intensification has led to increased pesticide usage with negative effects
on non-target species such as wildlife and beneficial insects (Thurman et al. 2017), harm to
human health (Elahi et al. 2019), and increased insecticide resistance (Khodaverdi et al. 2016,
Hough et al. 2017). These outcomes are exacerbated with changes in temperature and weather
patterns which will affect insect life cycles, survivability, and pest outbreaks (Thomson et al.
2010, Jactel et al. 2012, Eigenbrode et al. 2015, Skendzi¢ et al. 2021), as well as relationships
between pests and their natural enemies (Prakash et al. 2014, Thurman et al. 2017, Urbaneja-
Bernat et al. 2019). Invasive species are particularly problematic, causing a reduction in food
supply with global costs of $279 billion USD in 2019 (Roy et al. 2024), and their impact is
expected to rise with increased global trade (Paini et al. 2016) and climate change (Skendzi¢ et
al. 2021). Therefore, understanding how climate and land use intensification interact to affect
invasive pest population dynamics and spread is essential for effective and targeted management
efforts.

One invasive pest that is of major concern in the United States is the Japanese beetle
(Popillia japonica Newman). Japanese beetles feed on over 300 plant species, including
turfgrass, horticultural plants, fruit crops, soybean, corn, and other field crops (Fleming 1972,
Potter and Held 2002, Shanovich et al. 2019). Native to Japan, Japanese beetles were introduced
to the United States in 1916 through a nursery in New Jersey (Dickerson and Weiss 1918, Smith
and Hadley 1926) and by 1998, they quickly spread to all states east of the Mississippi river,
except Florida (Kistner-Thomas 2019). As of 2015, there were established populations in 28
eastern states and moderate populations in states west of the Mississippi River (Kistner-Thomas
2019). Japanese beetles have recently become a growing concern for the Midwestern United

States, due to their potential to damage corn and soybean production (Shanovich et al. 2019).
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Japanese beetles defoliate soybean plants, causing severe damage if they defoliate the leaves
during a reproductive stage (e.g., approximately 20% yield loss after 30% defoliation (Hammond
1994)). In corn, Japanese beetles clip the silks, which interferes with pollination, causing a
reduction of kernels (Edwards 1999). The economic impact of Japanese beetles in the United
States was estimated as $450 million per year by ARS in 2010 (Flores 2010). However, it is
likely to be far higher now. A recent report estimated economic damage by the Japanese beetle in
Utah would be $126 million in 2027 (Grundon and Schmucker 2020). Even with current controls
and quarantines, Japanese beetle expansion continues to threaten agriculture and horticulture as
they move westward in the United States.

Investigating how invasive species, such as the Japanese beetle, expand their distribution
is challenging for many reasons (Liu et al. 2020). Current models studying the expansion of
Japanese beetle rely on occurrence data from different regions to determine habitat associations
within a novel region which can be problematic especially along invasion fronts such as the
Midwestern US (Kistner-Thomas 2019, Della Rocca and Milanesi 2022a, Borner et al. 2023).
For example, Zhu et al. (2017) found that habitat association models using Japanese beetle
occurrence, climate and land cover data from the native range in Japan was not able to explain
Japanese beetle distribution within the introduced range in North America. This discrepancy
could arise because invasive species within a novel habitat have not filled their ecological niche,
and therefore absences could simply be due to not having enough time to reach unoccupied areas
rather than negative associations (Elith et al. 2010). As such, habitat associations within the
native range (where all ecological niches have been occupied) can be different from the
associations within the non-native range (Wiersma et al. 2011). Additionally, the spatial extent

can affect habitat associations as climate factors may better correlate with species occurrences at
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a global scale due to greater variability in climate at larger spatial scales, while environmental
factors may better explain the occurrence of species at finer scales due to greater variability at
these smaller spatial scales (Elith and Leathwick 2009). Therefore, to improve our understanding
of how Japanese beetles utilize landscapes and predict their regional occurrences in the future,
we need to create habitat association models at the appropriate spatial extent and location by
incorporating regional environmental, climatic, and anthropogenic factors.

Another challenge for understanding habitat associations is the quality of the occurrence
data used to create the statistical model. Invasive species present unique spatial biases because
eradication efforts can obscure natural habitat associations, sampling protocols can differ across
political boundaries, and sampling efforts may vary in the long-establish versus the recently
invaded areas (Lake et al. 2020). Additionally, studies that pool all occurrence observations
together as one point in time and then predict the distribution for a future time or climate
scenarios (Kistner-Thomas 2019, Della Rocca and Milanesi 2022a, Borner et al. 2022) can be
problematic because this approach assumes that the population of the modelled species is
currently in equilibrium with its environment (Menke et al. 2009, Elith et al. 2010). When
modeling invasive species, habitat associations can be obscured simply because the invasive
species has not yet spread to a given location (Lodge et al. 2016). Sampling bias is also
introduced when using community science data which allows data to be collected across large
geographical areas and over a long period of time (Hughes et al. 2024). These sampling biases
include missing data which might confound data gaps in unsampled areas from true absences
(Bowler et al. 2024) and variation in observation effort with more observations occurring in
populated areas and incomplete detection in less populated areas (Altwegg and Nichols 2019).

Due to the nature of community science, observations are collected in areas where users spend
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their time, while large expanses of private property are not explored, leading to the
underrepresentation of agricultural and rural areas. Therefore, biased occurrence data could be
misleading in understanding habitat associations, and an effort must be made to incorporate data
from other sources.

For this study, we examine habitat associations of Japanese beetles, Popillia japonica,
and predict their occurrences along the invasion front within the Great Plains and Midwest
regions of the United States. We address the challenges outlined above to model habitat
associations of Japanese beetles in the states of lowa, Kansas, Missouri, and Nebraska, United
States, over a five-year period (2017 - 2021). By using data from this time and spatial range, we
can capture how Japanese beetles are utilizing landscapes at the leading edge of an invasion front
and predict future spread. We use community science occurrence data from the Global
Biodiversity Information Facility, GBIF (www.gbif.org), along with presence-absence data from
state agricultural agencies and University extension offices to overcome spatial biases associated
with public databases. This study is the first to combine two such datasets to analyze the effects
of land cover and climate variables on the spread of the Japanese beetle in a novel area. The
addition of observation data from state agricultural agencies and extension offices is integral to
understanding how this invasive agricultural pest spreads in an agriculturally dominated
landscape such as the American Midwest. We hypothesized that Japanese beetle presence will
have a positive relationship with developed areas, as well as grasslands and pasture, and
agricultural land due to availability of food resources. We also hypothesized a positive
relationship between Japanese beetle presence and precipitation, as these beetles prefer warmer
temperatures and moist soil (Fleming 1972, Potter and Held 2002). We hypothesized that lower

precipitation would result in lower probabilities for Japanese beetle presence in the western
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portion of this region, especially under possible future drier climatic conditions. We then used
our habitat association model to understand and predict how Japanese beetles are spreading into
novel areas of this region. This knowledge could be used to guide mitigation efforts of the beetle

and minimize its impact on important agricultural production in the central United States.

Methods

Study Area

For this study, the four states of lowa, Kansas, Missouri, and Nebraska were chosen due
to their location along the western invasion front of the Japanese beetle in the United States (Fig.
1). Assuming that an invasive species will have the same habitat associations across its entire
range can lead to false predictions (Wiersma et al. 2011), therefore here we focus on habitat
associations within this region to better infer relationships between the spread of Japanese
beetles and regional landscape and climate factors. According to recent models, the climate-
suitable range of Japanese beetles within the United States remains partially unfilled, and some
un-infested areas are at risk for invasion now, under current climate conditions (Zhu et al. 2017).
Additionally, there is concern that the managed pastures of this region will provide ideal habitat
for Japanese beetle larvae (Kistner-Thomas 2019). In the four years between 2018 and 2022,
Nebraska’s infestation status changed from partially infested to generally infested, indicating an

advancing western invasion into the Great Plains (Fig. 1).
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Figure 3-1 United States map of Japanese beetle (Jb) infestation status by state. States listed as
“Category 1” are uninfested and Jb are considered quarantined pests. “Category 2” are uninfested
or partially infested states and Jb are regulated but not quarantined. “Category 3” are partially or
generally infested state, and Jb are not regulated. “Category 4” states are not known to be
infested. (modified from Japanese Beetle Harmonization Plan, 2022)

Data collection

We obtained occurrence data on Japanese beetle observations from Global Biodiversity
Information Facility, GBIF(GBIF.org n.d.). Data were downloaded using a structured search for
all entries of the species “Popillia japonica Newman, 1838 entered as a human observation
within the United States and including coordinates. This search led to 16,493
observations(GBIF.org n.d.). Observations which did not include data on “State/province” were
omitted. We filtered the GBIF observations down to the four states (Iowa, Nebraska, Missouri,
and Kansas) and years (2017 - 2021) of our study, resulting in 1141 observations. There were

only 39 observations within these states prior to 2017.
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We gathered our supplementary data from state agricultural sources through
presence/absence county maps provided online and personal correspondence. The state data from
Iowa was compiled through reports of Japanese beetle sightings from landowners and extension
officials and retrieved through personal correspondence (D. Lewis, personal communication, 29
Jan 2024). In Nebraska and Kansas, the state’s Department of Agriculture is actively monitoring
and trapping Japanese beetles. For Nebraska, we used the presence/absence county maps
provided online by the Department of Agriculture(Nebraska Department of Agriculture n.d.). For
Kansas, we obtained trapping data from the Department of Agriculture (R. Wilkins, personal
communication, 29 Apr 2024). For Missouri, we received trapping data from a monitoring effort

based at University of Missouri (K. Rice, personal communication, 9 Nov 2022).

Land cover data were downloaded by county from USDA’s Cropland data layer
(CDL)(USDA National Agricultural Statistics Service 2022) using the CropscapeR
package(Chen 2020). For each county, we calculated the percentage of land cover that was
designated as corn, soybean, grassland and pasture, and developed areas. The developed land
cover variable is the sum of the low, medium, and high intensity, as well as developed open
space areas because they all represent human-dominated landscapes where lawns and turf would
be present. County level climate variables for average annual temperature, annual maximum
temperature, annual minimum temperature, and total annual precipitation between 2017 - 2021
were downloaded from NOAA’s Climate at a Glance County Time Series(NOAA National

Centers for Environmental Information 2023).
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Data conversion

To help counter the community science bias towards developed and populated areas, we
combined the filtered data from our GBIF occurrence download(GBIF.org n.d.) for each year
with the annual data from agricultural agencies in each of the four states, matching the data
temporally. Because we used different data sources which were not sampled in the same manner,
we looked at occurrences within counties rather than abundance(Woodcock et al. 2016). For the
GBIF data, we converted presence point data to county level occurrence. Using R, version
4.2.1(R Core Team 2022), we layered latitude and longitude coordinates from the GBIF
observations and trap locations for each year (2017 - 2021) onto the county geographies from the

tigris package(Walker 2016, 2024) to convert our point data into county data.

The state data sets were individually transformed to county presence/absence as follows.
For Nebraska counties, we considered the county map data as true presences or absences as they
were actively trapping for Japanese beetles in all counties. In Kansas, active monitoring is also
occurring, but not in every county as the Japanese beetle has not spread through much of western
Kansas. For Kansas counties, it was considered an absence if there were either zero Japanese
beetles in their traps or trapping was not occurring. However, in lowa where the maps are made
based solely on reports of Japanese beetle presence, we treated the counties with no Japanese
beetle sightings reported as “NA”. For Missouri, we our trapping data did not include all
counties, so counties with zero Japanese beetles in their traps were treated as true absences while

counties without traps set out were left as “NA”.
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To create our final data set, we combined the county level GBIF and state datasets
described above. The four states (Iowa, Nebraska, Missouri, and Kansas) had a total of 412
counties, and each county was marked with whether Japanese beetle was present in either of the
data sources (GBIF or state) or absent from both of them each year for five years (2017 - 2021).
If a county was marked as “NA” in the state dataset and did not have a GBIF sighting, then we
could not differentiate true absences from under sampling in that county (i.e., “unknown” data).
These counties (12% of the observations) were left as “NA” in the dataset and omitted from the

model training data and model testing calculations.

Generalized additive models

We created generalized additive models (GAMs) to examine the effects of land cover
type (corn and soybeans, grassland and pasture, developed areas), climate (average temperature,
maximum temperature, minimum temperature, precipitation), state (Nebraska, lowa, Missouri,
and Kansas), and year (2017, 2018, 2019, 2020, 2021) on Japanese beetle presence/absence
using the mgev package(Wood 2011, 2017). The variable of state was included to control for
administrative differences within these political boundaries(Lake et al. 2020), as the status of
Japanese beetle infestation, as well as the monitoring of Japanese beetles varies across the four
states. We tested for multicollinearity using the variance inflation factor (VIF) function from the
package car (Fox and Weisberg 2019). The average temperature variable had a very high VIF
(>300), and its effect was similar to the minimum temperature variable. Since minimum
temperatures may indicate inhospitable areas due to the lower thermal limits of overwintering
Japanese beetle larvae(Potter and Held 2002, Shanovich et al. 2019), we removed average

temperature from our models.
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We fit generalized additive models using binomial distributions with a logit link function.
We performed model selection starting with our full hypothesis model, which included all of our
predictor variables: county-level proportion of corn and soybean (ranging from < 0.001 to
0.886), grassland and pasture (ranging from 0.005 to 0.978), and developed areas (ranging from
0.002 to 0.928), maximum temperature (ranging from 11.278 to 22.389), minimum temperature
(ranging from - 0.667 to 10.778), precipitation (ranging from 221.7 mm to 1794.7 mm), state
(Nebraska, lowa, Missouri, and Kansas), and year (2017, 2018, 2019, 2020, 2021). We compared
our full model to simpler versions, removing variables at each step. We confirmed that all the
variables we chose added value over the simpler options using AIC comparisons to find the
strongest model (Burnham et al. 2011). The strongest model was the model with the lowest AIC
score, however if models were within 2 delta AIC of one another, the simpler model was chosen.

Model validation was performed by using the 2017 - 2020 data as a training set and
holding back the 2021 data as a test set. We compared the 2021 model predictions with the actual
2021 occurrences, and we measured the accuracy of the models using Zero-One scoring

(Gneiting and Raftery 2007).

Forecasting data

We used the model with the lowest AIC to predict the spread of Japanese beetles in two
ways: (1) into the near future (2025 and 2030) under current climate conditions, and (2) using
future climate scenarios (RCP 2.6 and RCP 8.5), as described in the Physical Science Basis
report of the Intergovernmental Panel on Climate Change(Climate change 2013 2013). First, we

model our data forward in time ~5 years and ~10 years to visualize the spread of Japanese
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beetles under current climate conditions. To build the predictive dataset, we used 5-year averages
(2017 - 2021) of land cover and climate data to represent the current climate and land cover
conditions. We used the most recent 5-year averages versus 30-year climate normal because the
biology and spread of Japanese beetle is more likely to be affected by current climate conditions.
We changed the year variable in our predictive dataset to project the Japanese beetle spread
forward in time. For future climate scenarios, we used the year 2030 to account for realistic
further spread. We forecasted two different climate scenarios based on a better-case scenario for
climate change and a worst-case scenario(Climate change 2013 2013). For both future climate
scenarios, we kept the land cover data as current five year averages (2017 —2021). The first
scenario is based on RCP 2.6; for this we adjusted our 5-year average dataset with a one-degree
Celsius temperature increase and a ten percent increase in precipitation(Climate change 2013
2013). The second scenario is based on RCP 8.5; for this we adjusted our 5-year average dataset
with a four-degree Celsius increase in temperature and a ten percent decrease in
precipitation(Climate change 2013 2013). Unfortunately, predictive intervals are not available

for GAMs, so we were not able to estimate them (Wood 2017).

Results

Model performance and validation
The model with the lowest AIC score included developed areas, corn and soybean,
grassland and pasture, precipitation, minimum temperature, maximum temperature, state and
year. With Zero-One scoring, our model, trained with 2017 - 2020 data, had an accurate
prediction rate of 90.6% and correctly predicted the status of 326 of the 360 counties in 2021

(Fig. 2). The model was better at predicting true positives (94.9%) than true negatives (80.3%).
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Figure 3-2 Comparison of the model prediction values for Japanese beetle presence for 2021 (a)
with the actual presence values in 2021 at the county levels (b). For actual presence values, 1
indicates that Japanese beetles were present in the county, 0 indicates that they were absent, and
NA indicates that the status was unreported to both data sources.

Relationships with predictor variables
For land cover variables, there were significant relationships between Japanese beetle
presence and developed areas, corn and soybean, and grassland and pasture (Table 1). Developed
areas had a very strong positive relationship with Japanese beetle presence, with high probability
of presence reached with even a small proportion (0.10) of developed areas (p < 0.001, Fig. 3a).
Agricultural land planted with corn and soybean had a significant positive relationship with
Japanese beetle presence (p < 0.05, Fig 3b). Finally, there was a significant negative relationship

between Japanese beetle presence and grassland and pasture (p <0.01, Fig 3c).

Table 3-1 Model relationships between Japanese beetle occurrences and climate and land cover
variables (12 = 0.692).

Predictive Variable edf Ref.df Chi sq. P

Developed Areas 3.704 4.304 62.29 <0.001
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Corn and Soybean 7.195 8.136 19.28 <0.05

Grassland and Pasture 8.688 8.959 26.67 <0.01
Maximum Temperature 2.898 3.665 15.20 <0.01
Minimum Temperature 4.205 5.309 12.78 <0.05
Precipitation 6.440 7.591 20.52 <0.05
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Figure 3-3 Relationships between each land cover and climate variable and Japanese beetle
presence/absence shown with a smooth line. The grey shading represents the 95% confidence
intervals. The probability of use varies with proportion of developed areas (a), proportion of corn
and soybean (b), proportion of grassland and pasture (c), annual mean maximum temperature in
degrees Celsius (d), annual mean minimum temperature in degrees Celsius (e), and total annual
precipitation in mm (f).
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For climate variables, maximum temperature, minimum temperature and precipitation
were also all significant. Maximum temperature had a significant negative relationship with
Japanese beetle presence (p < 0.01, Fig 3d). Japanese beetle presence increased steadily as
minimum temperature increased (p < 0.05, Fig. 3e). Precipitation had a significant positive
relationship with Japanese beetles which plateaued around 1000 mm of annual precipitation (p <
0.05, Fig. 3f). There were also significant relationships with the state and year variables,
indicating the importance of time and space (Table 2).

Table 3-2 Model relationships between Japanese beetle occurrences and state and year (12 =
0.692).

Coefficient Estimate Std. Error z value Pr(>|z|)

Intercept (Kansas) 1298.000 233.700 -5.555 <0.001

Iowa 63.660 3.961 ¢"06 0.000 0.999

Missouri 1.062 0.368 2.889 <0.01

Nebraska 3.135 0.572 5.484 <0.001

Year 0.643 0.116 5.556 <0.001
Model predictions

We modeled the expansion of the Japanese beetle invasion in two ways. First, we used
average climate conditions over the last 5 years to predict spread over the next few years (2025
and 2030). Using this approach, we found that Japanese beetles will likely spread out from the
current infested counties, beyond the areas predicted from previous models (Kistner-Thomas
2019, Borner et al. 2022) and into the western areas of Nebraska and Kansas (Fig. 4a). Nebraska
is predicted to be more suitable than Kansas, with southwestern Kansas having the lowest

suitability (0 - 0.25), even into 2030 (Fig. 4b).
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Figure 3-4 GAM predictions for Japanese beetle suitability per county for 2025 (a) and 2030 (b)
under average climate and land cover conditions for 2017 - 2021.

Next, we modeled Japanese expansion under future climate scenarios. Our predictions for
Japanese beetle presence under an RCP 2.6 climate scenario (a one-degree Celsius increase and
ten-percent precipitation increase) suggest that a similar area will be suitable to Japanese beetles
as under current climate conditions, but the increase in precipitation in the western region will
slightly increase its suitability (Fig. 5a). Our predictions for Japanese beetle presence under an
RCP 8.5 climate scenario (a four-degree Celsius increase and ten-percent precipitation decrease)
suggest a range compression, mainly in the southwestern area of the region due to the combined

hotter and drier climate (Fig. 5b).
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Figure 3-5 GAM predictions for Japanese beetle suitability per county under future climate
scenarios, for the RCP 2.6 scenario with a temperature increase of 1°C and a 10% increase in
precipitation (a) and the RCP 8.5 scenario with a temperature increase of 4°C and a 10%
decrease in precipitation (b) and average land cover conditions for 2017 - 2021.

Discussion

The main objectives of this study were to infer regional habitat associations for the
Japanese beetle in the American Midwest and Great Plains, and to predict the future spread of
the Japanese beetle, specific to this region. We used yearly presence and absence observations of
the Japanese beetle over a 5-year period of diffusion at the leading edge to guide our inference
and predictions. We identified habitat associations with developed areas, agricultural land
planted with corn and soybean, and grassland and pasture, as well as associations with key
climatic variables; minimum and maximum temperature and precipitation (Fig. 3). Our model
predictions indicate a higher probability of Japanese beetle infestations in this area than
previously estimated(Kistner-Thomas 2019, Della Rocca and Milanesi 2022a), with only slight
changes under future climate scenarios. This difference could be due to differences in the
temporal and spatial extents of our study and the use of county and extension data to supplement

community science data. We discuss these issues in greater detail below.
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We found that all land cover variables, the percentage of developed areas, corn and
soybean, and grassland and pasture, had significant relationships with Japanese beetle presence.
As expected, developed areas had strong significant positive relationship with Japanese beetle
presence. Counties with 10% or more developed area are highly likely to have Japanese beetles
(Fig 3a). Sharp increases in the probability of Japanese beetle infestation, even at low levels of
developed areas, could be due to the fact that these developed areas provide important habitat for
the development of Japanese beetle larvae, such as turfgrass(Fleming 1972, Potter and Held
2002). Additionally, Japanese beetles are known to hitchhike into new regions on planes, trains,
and automobiles in a form of unintentional human-mediated transport(Borner et al. 2024).
Higher proportions of developed areas also indicate more populated counties with higher

possibilities for human mediated dispersal.

The amount of corn and soybean also had the expected significant positive relationship
with beetle presence (Fig. 3b). This supports our hypothesis based on Japanese beetle biology, as
adults feed on field crops such as soybean and corn, and they have also been found to oviposit in
field crops, with a preference for soybean and no-till fields (Shanovich et al. 2019). Japanese
beetles use resources from both developed areas and agricultural fields throughout their life
cycle. Previous studies have found that interactions between agriculture and other areas are
especially important for Japanese beetles. Della Roca (2022b) found that Japanese beetles were
more likely to occupy areas with not only a large amount of agriculture, but which also provided
high habitat diversity. Borner et al.(2022) also cited the availability of multiple food sources as

an explanation for why broad-leaved forests in proximity to open space were the most relevant
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land-use variable. A mixture of agricultural and developed land cover types could benefit
Japanese beetles because they use resources from both at different points in their life history.
Although as adults Japanese beetles are considered a generalist species with over 300 host plants
(Fleming 1972, Potter and Held 2002, Shanovich et al. 2019), females show a preference for
specific oviposition conditions, such as short grass cover (Hawley 1944, Potter and Held 2002)
and moist soils (Potter et al. 1996, Potter and Held 2002), and larval diet consists mainly of grass
roots (Fleming 1972, Potter and Held 2002, Shanovich et al. 2019, Althoff and Rice 2022).
Agricultural areas near developed areas with turfgrass and other larval habitat are likely the most

at risk for Japanese beetle infestation.

However, we found a negative relationship between the probability of Japanese beetle
presence and the amount of grassland and pasture in the county (Fig. 3c). This was unexpected as
grass roots are the primary diet of Japanese beetle larvae (Fleming 1972, Potter and Held 2002,
Shanovich et al. 2019) and it was predicted that managed pastures would allow Japanese beetles
to thrive in areas of the central United States where it would otherwise be too dry (Kistner-
Thomas 2019). Japanese beetles might consider grasslands of the Midwest as an undesirable
natural area, despite prior research that females deposit their eggs in grass and pasture(Fleming
1972, Shanovich et al. 2019). Although this is the opposite of what we would expect based on
established Japanese beetle populations in the eastern United States(Fleming 1972), a recent
study in northern Italy also found that the probability of Japanese beetle presence decreased with
higher percentages of pastures (Della Rocca and Milanesi 2022b). This could be due to the
variation in grassland composition across these different regions. For example, there are 65

distinct types of grasslands across the world all classified as “grassland” (Dixon et al. 2014).
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Grasslands have distinctive characteristics, such as grass species, soil moisture, height, and
management practices. Tallgrass prairies of the Midwest and Great Plains have characteristically
tall, dense, stands of grass with deep root systems (Weaver and Fitzpatrick 1932). These root
systems may be problematic for grubs that feed on grass roots and move up and down in the soil
profile from fall to spring. It could also be due, in part, to an increase in predators of the Japanese
beetle, such as grassland birds (Fleming 1968).

Unfortunately, recent demand for sustainable fuels have increased cropland for corn and
soybean in the Midwest (Zhang et al. 2021) with the majority of the land coming from
converting grasslands which were previously Conservation Reserve Program (CRP) land and
pasture (Morefield et al. 2016, Lark et al. 2020). A study looking urbanization across the United
States found that impervious surface area also increased by around 11% over a decade, and that
the impervious surface area per person was highest in the Midwest (Bounoua et al. 2018). While
we did not model how land cover change scenarios would affect the distribution of the Japanese
beetles, the future expansion of cropland or urbanization at the expense of grassland could
expedite the expansion of the Japanese beetle’s range. Based on the negative association of
grasslands and Japanese beetle occurrence in our model, the conservation of native grasslands

could be helpful in slowing the spread of Japanese beetles.

Temperature and precipitation are known to affect Japanese beetle, and in our model,
maximum temperature, minimum temperature, and precipitation had significant relationships
with Japanese beetle presence (Table 1). From our analysis, we can see that maximum
temperature has a negative relationship with beetle presence (Fig. 3d). While warmer

temperatures are conducive to Japanese beetle population growth, higher maximum temperatures
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could have a negative effect on Japanese beetles, as beetle eggs will not hatch above 34°C
(Fleming 1972) and decreased numbers of Japanese beetles in Arkansas were attributed to hotter
summers (Petty et al. 2015). Niziolek et al. (2013) found that Japanese beetles consumed more
leaf matter in higher temperatures, but those that fed at elevated temperatures also exhibited
increased mortality, especially above 37°C. Our results also indicate a significant positive
relationship with minimum temperature (Fig. 3e). Minimum temperature corresponds to the
lower thermal limit at which the larvae can survive, and areas with extremely cold winters are
inhospitable to Japanese beetles as their supercooling point is —7 °C (Potter and Held 2002).
Therefore, higher minimum temperatures are likely to lead to greater survival of Japanese beetle
larvae. Our model shows a generally positive relationship between precipitation and the
probability of beetle presence, but the positive relationship plateaus at around 1000 mm (Fig 3f).
While lower precipitation can deter Japanese beetle presence, our models show that under the
current climate conditions, even most drier portions of western Kansas are likely to have
Japanese beetles with the passing of time. This may be because although Japanese beetles are
known to oviposit in soils with a moderate to high moisture content, it is only the eggs and first
instars which are sensitive to desiccation (Fleming 1972, Allsopp et al. 1992). Therefore, areas
with higher moisture such as lawns and irrigated crop fields could provide adequate habitat even

during times of drought (Potter and Held 2002, Kistner-Thomas 2019).

For future predictions, our results show that Japanese beetles will quickly spread across

the American Midwest and Great Plains. Although previous models based on global occurrences

of Japanese beetles have shown lower suitability for a large portion of the western area of our
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study region (Kistner-Thomas 2019, Della Rocca and Milanesi 2022a, Borner et al. 2022), our

model suggests that this area is more suitable than previously thought.

Given the conflicting relationships with minimum and maximum temperature, we would
expect global temperature increases to expedite the spread of Japanese beetles only up to a
certain point. The increase of temperature minimums would decrease losses of Japanese beetle
eggs or larvae in the cooler months. However, an increase in maximum temperature could cause
mortality in the summer months. Changes in precipitation can also affect Japanese beetle, with
increased precipitation favoring quicker expansion and greater abundance. Low precipitation has
long been predicted as a barrier to Japanese beetle infestation west of the 100th meridian
(Fleming 1972) and a decrease in precipitation could slow the spread of Japanese beetles to that
area. Indeed, when we forecasted for the presence of Japanese beetles under two climate
scenarios (RCP 2.6 and RCP 8.5), our model concurred with these expectations. In an RCP 2.6
scenario, with an increase in temperature as well as precipitation, the probably for Japanese
beetle presence increased in the western areas of this region (Fig. 5a). However, with the RCP
8.5 scenario, which included an even higher temperature increase but a precipitation decrease,
our models suggest that the southwestern portion will become less hospitable to Japanese beetles
(Fig. 5b). Our climate predictions are similar to predictions by Kistner-Thomas (2019) which
also show a northeastern range-shift for suitability under the RCP8.5 scenario and diverge from
predictions by Della Roca and Milanesi (2022) which show high suitability for this entire region
under future climate scenarios. Our model’s future climate predictions are in-line with observed
effects of increased temperature on Japanese beetle mortality in experimental settings (Niziolek

et al. 2013) and abundance in field settings (Petty et al. 2015).
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Differences between our model predictions and previously published predictions
(Kistner-Thomas 2019, Della Rocca and Milanesi 2022a, Borner et al. 2022) could be due in part
to the rural composition in these areas, as we used state agency and University extension data to
supplement the GBIF data which increased Japanese beetles occurrence within the counties by
more than two-fold. Without this addition of these data from rural and agricultural areas,
relationships with land cover and climate variables could be missed, especially along this
invasion front. The differences between our models and previous global models could also be
due to differences in the temporal and spatial extents of the models. Habitat associations can vary
by region (Menke et al. 2009, Davis et al. 2014) and these associations can be obscured if models
are created at a much broader spatial scale such as global models (Elith and Leathwick 2009). On
the other hand, if a spatial extent is too small, habitat associations can be clouded by differences
in sampling and management efforts across political boundaries. In our model, the significant
effect of state indicates both an effect of location, as Japanese beetles are spreading east to west,
and an effect of varying degrees of effort to locate and manage Japanese beetles between the

states.

Additionally, time is particularly important for species distribution mapping along an
invasion front. Without the temporal variable, the effect of diffusion is lost, which is particularly
important in areas where invasive species are expanding their range and there is suitable area
which has not yet been utilized (Lodge et al. 2016). Our predictions show that the western spread
of Japanese beetles farther into Nebraska and Kansas is more a matter of time than habitat and

climate associations. By capturing the expansion of Japanese beetles into new counties over the
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S-year period of our study, we were able to model to the near future with current climate and
land cover conditions, and without any climate changes, we see that they will likely be present in
every county of the region. Our current data and modeling approach enables statistical inference
and prediction/forecast at the county level, which is useful for larger scale, regional management
of invasive species. Future work for Japanese beetle distribution in this region could focus on
abundance data at the point level, which would be more relevant if done in specific land cover
types. Such future crop-specific work could be helpful to inform stakeholders of their risk at a

more refined level.

Conclusion

In summary, we found that developed areas had a very strong positive relationship with
Japanese beetle presence, even at low proportions within the county. Corn and soybean also had
a strong positive association with Japanese beetle presence. However, grassland and pasture had
an unexpected negative relationship with Japanese beetle presence. This finding underscores the
importance of modeling habitat associations at a regional scale, as ecosystems such as grasslands
can have regional differences such as species composition, soil morphology, root architecture,
and disturbance regimes. This study also provides an example for mitigating bias in community
science data by integrating systematic agricultural observations to more accurately evaluate the
spread of invasive pests within agroecosystems. Future studies on invasive pests would benefit
from accounting for temporal dynamics and enriching citizen science data with agricultural or
rural datasets when tracking and predicting invasions. Models incorporating time as a factor at a
regional scale, such as ours, can also help identify areas at higher risk of early infestation,

enabling more strategic monitoring and resource allocation.
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Abstract

Japanese beetle, Popillia japonica Newman, is an invasive species that attacks many field and
ornamental crops. Intercropping soybean with sorghum is suggested as a strategy to reduce the
abundance of P. japonica within and movement P. japonica throughout soybean fields. The
mechanism by which this affects P. japonica is unknown, but may arise from olfactory cues
emitted by the intercrop as P. japonica responds to host plant compounds. In this study, we
investigated a semiochemical-based mechanism for the behavioral response of P. japonica to
intercropping soybean with sorghum by 1) evaluating P. japonica behavioral responses to
solvent extracts from monocropped soy, intercropped soy, and a mixture of soy and sorghum
extracts in no-choice video-tracking and preference in a release-recapture dual-choice assay to
host stimuli from plants; and 2) applying solid-phase microextraction (SPME) in conjunction
with gas chromatography coupled with mass spectrometry (GC-MS) to characterize the
semiochemical profiles of each extract. We found unique semiochemical profiles among our
treatments, with 1-octen-3-ol and 1-octanol characteristic of monocropped soybean and
dodecane-1-iodo primarily in sorghum extracts. Nevertheless, our treatments did not
significantly affect movement or orientation by individual P. japonica compared to controls, nor
did conspecifics exhibit a significant preference for any of the treatments in a dual-choice assay
at a local scale. Therefore, if intercropping soybean with sorghum significantly effects the
behavior of P. japonica in the field, it must occur at a different scale, or in response to non-

olfactory stimuli (e.g., visual, habitat, or landscape cues) rather than semiochemical cues.
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Introduction

Japanese beetle, Popillia japonica Newman (Coleoptera: Scarabaeidae), is an
economically important invasive pest of over 300 plants, including soybean (Shanovich et al.
2019). The species arrived in the USA in 1916 and various quarantine programs have been in
place to control their spread, including the U.S. Domestic Japanese Beetle Domestic
Harmonization Plan (National Plant Board 1998). Popillia japonica are moving westward across
the USA and their spread throughout the Great Plains is predicted to advance in the coming years
(Kucherov et al. 2025), which is particularly concerning due to the threat they pose to key U.S.
crops such as soybean and corn (Shanovich et al. 2019). Although soybean can withstand high
amounts of P. japonica defoliation before yield loss (Todd and Morgan 1972), studies have
shown that the amount of damage varies with growth period, with high amounts of defoliation
after bloom or during pod set affecting yield substantially more than during vegetative growth
(Gould 1963). Currently, the main way to manage P. japonica infestation is to spray pesticides
such as pyrethroids and neonicotinoids, but this is not an effective strategy because fields are
quickly reinfested by new immigrating populations of P. japonica as they are strong flyers and
disperse long distances (Potter et al. 2006, Shanovich et al. 2019). A recent study on P. japonica
flight distances found that the majority of marked individuals (75%) moved 5-9 km, with one
individual traveling 12 km in 24 h (Lessio et al. 2021). Therefore, other management strategies
are needed to effectively control this insect pest.

Behavioral control using semiochemicals may be an effective management strategy.
Popillia japonica are known to respond to a variety of olfactory cues, including their sex
pheromone, (R,Z)-5-(—)-(dec-1-enyl)oxacyclopentan-2-one (Tumlinson et al. 1977), through

highly sensitive neurons in their antennae (Ishida and Leal 2008, Wang et al. 2026). A
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combination of semiochemicals from plant volatile organic compounds (VOCs) and the female-
produced sex pheromone create a highly effective lure (Klein et al. 1981), these lures are
commercially available and are commonly used to attract-and-kill P. japonica in home gardens
and small farms. Popilla japonica also relies on olfactory cues for locating host plants and
determining host preferences (Ahmad 1982). Previous studies found that P. japonica are
attracted to various undamaged plant volatiles and herbivore-induced volatiles (Loughrin et al.
1995, 1998). Differences in the volatile profiles of susceptible and non-susceptible cultivars have
been shown to affect P. japonica preference in maples (Loughrin et al. 1996, 1997) and grapes
(Gu and Pomper 2008). Therefore, it is possible that changes to a host plant’s semiochemical
profile could affect host selection and preference by P. japonica.

In particular, the behavioral response by herbivores to host plant semiochemicals can be
disrupted by changes to patch-level semiochemical emissions when multiple plant species are
together in a patch (Visser and Avé 1978, Spithe et al. 2013) or through emission of particularly
repellent compounds (Wei et al. 2025). Plants commonly use volatile organic compounds
(VOCs) and secondary metabolites to “call” in mutualistic predators and parasitoids of
herbivores, attract pollinators, or repel antagonists (Dicke 2009), and as a means of
communication between neighboring plants (Baldwin 2010, Ninkovic et al. 2021). Volatile
profiles are generally species-specific and dynamic over time (Blaauw et al. 2019), and the
chemical classes within the bouquet of volatiles emitted from plants can be used to identify
species (Vivaldo et al. 2017). However, volatile emissions can also change based on the identity
of neighboring plants (Kigathi et al. 2019) and intercropping has been shown to help prevent
immigration of pests into the cash crop in other systems (Blaauw et al. 2019) and/or to disrupt

the olfactory perception of insect pests (Peter et al. 2023, Fyie et al. 2025). Thus, location of a
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host plant through olfactory cues by the herbivore could be disrupted because of changes to the
host plant’s own semiochemical profile in the presence of the intercropped species or through the
mixing of volatiles by the intercropped species with the host plant, changing the VOC fingerprint
at the patch-level. These patterns are supported by the resource concentration hypothesis, which
states that specialist herbivores are better able to locate and persist in patches with higher or
purer densities of their host plants (Root 1973). Indeed, intercropping has been shown to reduce
pest populations and reduce yield loss (Trenbath 1993, Ampong-Nyarko et al. 1994, Duru et al.
2015, Guinet et al. 2023, Akchaya et al. 2025) in some cropping systems.

Historically, it was thought that the pattern of intercropping could disrupt P. japonica
movement through fields and reduce their population abundance. However, not all types of
intercropping resulted in a reduction of P. japonica infestations. For example, intercropping
soybeans with maize resulted in higher abundances of P. japonica than in monocropped soybean
(Tonhasca 1994) and beetle abundance in soybean also increased when rye was used as a cover
crop (Smith et al. 1988). One alternative integrated pest management (IPM) strategy suggested
for P. japonica in soybean is intercropping with sorghum, which claims to disrupt movement and
reduce beetle abundances. This recommendation was based on previous studies that evaluated
the movement of P. japonica through intercropped fields of soybean and sorghum (Bohlen and
Barrett 1990, Holmes and Barrett 1997). The mechanism by which the combination of sorghum
and soybean affects P. japonica behavior remains unknown, and it may result from visual or
chemical cues. Holmes and Barrett (1997) concluded that the intercropped sorghum with
soybean in their experiment “inhibit Japanese beetle movement apparently by conferring
‘associational resistance’ in the cropping system” and indicated that they believed that this

behavior was mediated through semiochemicals and/or secondary metabolites.
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As a result, this study aimed to evaluate a semiochemical-based mechanism for the P.
Jjaponica pattern of abundance found in Bohlen and Barrett (1990) and Holmes and Barrett
(1997). To this end, we (i) characterized the semiochemicals from intercropped soy and
compared the chemical profile to monocropped soy and a mixture of soy and sorghum, (i)
evaluated the effect of these semiochemicals on the movement by P. japonica, and (iii) evaluated
their preference in a dual-choice release-recapture assay. We hypothesized that the
semiochemical profile of the intercropped soybean would be significantly different from that of
monoculture soybeans. In addition, based on prior work, we hypothesized that P. japonica will
favor the monocropped soybeans over intercropped soybeans, and that beetles will be attracted to
the monocropped soybean significantly more than the intercropped soybean or a mixture of
monocropped soybean and sorghum in the release-recapture assay.

Insights from this study could lead to improved management strategies because if
intercropping with non-preferred crops, (e.g., sorghum) reduces the abundance of P. japonica in
soybean fields by interfering with their ability to locate the field as a suitable host, then its use
could reduce the amount of pesticide and energy inputs used to manage these pests. Additionally,
identifying the mechanism for this behavioral effect as arising from either changes in VOCs due
to plant identity or olfactory confusion from patch-level differences may provide us with a way
to test future intercropping combinations for effectiveness in other crops. Attract-and-kill traps
are widely used for P. japonica, but one of the limitations is that they attract additional
individuals from kilometers away. Novel stimuli that can be used to target P. japonica in
localized management efforts and an improved knowledge of this aspect of P. japonica behavior

could lead to improvements in lure formulation and behavioral control.
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Methods

Study system

This study was conducted in NE Kansas at KSU .... and at USDA..... Soybean (var.
Pioneer P42A84E) and sorghum (var. Pioneer 85P58) were planted in plots at Kansas State
University’s North Farm fields (location = 39.206550, -96.593667) on May 13, 2025. Row
spacing was 30” (=76.2 cm) for both species. We used soybeans plants from within the same
field to control for environmental effects on semiochemical profiles, as evidence shows that
differences in soil profiles or agricultural management choices such as crop rotation can alter the
semiochemical profiles of plants (Malone et al. 2020, Interian-Aguinaga et al. 2025).
Intercropped soybean extracts were taken from the row of soybean directly touching sorghum
because communication between neighboring plants, both above and below ground, occurs at
short distances, typically less than 1 meter (Heil and Karban 2010, Heil and Adame-Alvarez
2010, Gao et al. 2014). Monocropped soybean extracts were taken from soybean plants
surrounded by soybean for at least 5 rows on each side. The soy-sorghum-mixture was a
combination of monocropped soybean extract and sorghum extract. This configuration allows us
to test separately the hypotheses that P. japonica behavior is affected by (1) changes to the host
plant’s own semiochemical profile (intercropped soybean) or (2) the mixing of volatiles by the
intercropped species (sorghum) with the host plant (soybean).

Popillia japonica were collected daily from wild populations in Riley and Pottawatomie
Co. during Jul-Aug 2025, with no-kill Japanese/Oriental beetle pheromone traps (Rescue
International, Spokane, WA, USA). Traps were hung near home gardens, to avoid capturing
beetles from agricultural fields. Beetles were kept in 25 x 25 cm plastic tubs with a bedding of

moistened peat and River birch (Betula nigra) leaves and Virginia creeper (Parthenocissus

111



quinquefolia) vines as food. Food was maintained ad libitum prior to use in the experiments

below.
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Figure 4-1 Layout of the field plot; intercropped soybean plants were planted directly next to
sorghum, while monocropped soybean plants were surrounded by soybean.
Plant Semiochemical Extracts

We characterized the chemical profile of plants using extracts taken from fresh samples,
in the field on 5 August 2025. Intercropped soybean samples were taken from soybean planted
directly next to sorghum, while monocropped soybean samples were taken from soybean plants
in the middle of the field (Figure 1). Media storage jars (250-mL capacity) were cleaned with
methanol, hexane, and dichloromethane. Afterwards, 100 ml of dichloromethane was added to
each jar (MilliporeSigma, Burlington, MA, USA), and the jars were brought to the field on ice.
For each soybean plant, 3 top leaves and 2 new trifolds were removed and placed into
dichloromethane. For each sorghum plant, 1 apicol, approximately 50% of the leaf, and 5
racemes were removed and placed into 100 mL of dichloromethane. Samples were vigorously
shaken for 30 seconds, then placed on ice for 1 h before filtration. Extracts were decanted
through filter paper 85 mm (Grade 1, Whatman, Global Life Sciences Solutions,

Buckinghamshire, UK) into fresh, clean mason jars and then stored at —20 °C until use. Leaves
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were left overnight to evaporate DCM. Leaves were placed in the oven in the morning to dry,

and a dry weight was taken with a balance (Sartorius AG, Gottingen, Germany).

Chemical analysis with GC-MS

Solid-phase microextraction (SPME) employing a DVB/Carboxen/PDMS fiber (57329-
U, Supelco, MilliporeSigma, St. Louis, MO, USA) was conducted to quantify the volatiles
present in each solvent extract. A total of 50 pL aliquots of each sample were applied to a 1-cm
diameter filter paper disc (Ahlstrom-Munksjo, Mt. Holly Springs, PA, USA) along with 2 pL of
tetradecane as an internal standard and allowed to dry. Discs were then transferred into 20 ml
headspace vials (093640-036-00, Gerstel Inc., Linthicum Heights, MD, USA) and sealed with a
magnetic screw cap with a PTFE-backed septum (093640-040-00, Gerstel Inc.). Headspace vials
were incubated at 60°C for 15 min without agitation to facilitate movement of compounds into
the vial headspace before the SPME fiber was exposed to the headspace above the sample for 60
min. Samples were analyzed on an Agilent 7890B gas chromatograph (GC) equipped with an
Agilent Durabond HP-5 column (30 m length, 0.250 mm diameter, 0.25 pm film thickness) and
He as the carrier gas at a constant 1.2 mL min—1 flow rate and 40 cm s—1 velocity, which was
coupled with a single-quadrupole Agilent 5977B mass spectrometer (MS). SPME fibers were
desorbed in the inlet operated in splitless mode of the GC at 250°C for 3 min. The oven was
initially maintained at 35°C for 3 min before increasing to 180°C at a rate of 10°C min—1. The
oven temperature then increased from 180-250°C at 20°C min-1, where it was held for 2 min.
Mass spectra were scanned from 35 to 550 m/z for the entire length of the run. A mixture
containing C8—C20 alkanes was employed to calculate Kovats index for all peaks. Compounds

were preliminarily identified by comparison of spectral data with those from the NIST 14 library
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and by GC retention index and Kovats index (Adams 2007). The identities of 1-octen-3-ol and
Octanol were subsequently confirmed by comparing their retention times and mass spectra to

authentic commercial standards from MilliporeSigma.

Video-tracking Assay with Ethovision

Video-tracking coupled with Ethovision software v.14.0 (Noldus, Inc., Leesburg, VA,
USA) was used to analyze P. japonica responses to the plant extracts. Six arenas consisting of
Petri dishes (100 x 20 mm; VWR International, Radnor, PA, USA) with an 85-mm filter paper
(Grade 1, Whatman; GE Healthcare, Chicago, IL, USA) adhered to the bottom using double-
sided sticky tape were arranged below a network video camera (GigE, Basler AG, Ahrensburg,
Germany). The entire setup was situated in a walk-in environmental chamber (Percival
Scientific, Perry, IA, USA) set to constant 27.5C, and 60% relative humidity during the
photophase when beetles are most active. Treatment extracts consisted of (1) 50 uL of
monoculture soy extract, (2) 50 uL of intercropped soy (soy grown alongside sorghum) extract,
and (3) a mixture of 50 pL of monoculture soy and 50 puL sorghum extract placed on a 1-cm
diameter filter paper and allowed to evaporate prior to use. The control consisted of 50 puL of
neat dichloromethane on a 1-cm diameter filter paper and allowed to evaporate for the same
period. A filter paper with a given treatment was placed on one side of the arena, and a filter
paper of neat solvent (DCM) was placed on the opposite side of the arena (Figure 2a). Treatment
sides were alternated, and the position of treatments was systematically rotated to avoid
positional bias.

Within each Petri dish, four zones were monitored, including the two halves of the Petri

dish arena (i.e. treatment half versus control half) and the two 1 cm diameter stimulus zones
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nested in the center of each half where stimuli were applied (treatment stimulus zone and control
stimulus zone). Popillia japonica were starved separately for 1 h prior to testing. The movement
of individual beetles within each arena was simultaneously recorded on an adjacent computer,
and after the experiment was finished, loaded into Ethovision with the appropriate detection and
arena settings. We used Ethovision to record the distance moved and instantaneous velocity, as
well as frequency entering, duration spent in, and latency to finding each half of the arena and
the stimulus zones. For each assay, a single beetle was placed at the bottom center of an arena
and allowed to interact with the extract and control with movement recorded over 10 min. A time
of 10 min was used after testing testing multiple time periods, and finding that individuals
stopped making decisions after 10 min. Within a small arena such as a petri dish, the area

becomes saturated after a longer time. A total of n =24 replicate adults were tested per treatment.

Preference Assay

To incorporate group dynamics and Popillia japonica response to fresh plant cuttings, we
performed a release-recapture assay in large plastic containers (25 x 25 x 26 cm) with moistened
peat placed in large walk-in environmental chambers (Percival Scientific). Beetle locations were
recorded after 1 h to infer initial choice and after 24 h to infer final choice after other beetles had
begun feeding or if beetles reject the initial choice after finding the plant unpalatable. Chambers
were set to constant 28°C and 65% relative humidity with 16:8 L:D to mimic summer
conditions. Soybean leaf cuttings consisted of one trifold and its petiole, while sorghum cuttings
consisted of one raceme and two leaf portions weighing approximately 100 g each. Cuttings
were placed directly on ice from the field and remained on ice for 1 h before the trial began.

Plant petioles were placed into water in vaccine vials (Becton Dickinson, Franklin Lakes, NJ,
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USA) and closed with parafilm to maintain freshness then inserted into the peat flush at ground
level to stand up at opposite sides of the chamber. Large plastic containers were divided into 5
equally-sized (5 cm) zones with a treatment on opposite sides of each container. Specifically, the
central release zone was zone 3, while zone 1 and zone 5 contained stimuli (Figure 2b). The
treatment combinations were as follows; (i) monoculture soy versus intercropped soy (intersoy;
soy next to sorghum); (ii) monoculture soy versus a mix of mono soy and sorghum; (iii)
monoculture soy versus sorghum; (iv) intercropped soy versus a mix of mono soy and sorghum.
Soybean trifolds were paired with similarly-sized trifolds within each container. A total of four
unsexed beetles were placed at the center of each container. After 1 h and 24 h, beetle locations
were recorded by zone. Beetles who had reached the stimulus zones (zones 1, 5) or moved
toward the stimulus zone (zones 2, 4) were counted for the corresponding option. Beetles that did
not leave the central zone (zone 3) after the response time were recorded as non-responsive and

included in the final analysis as no choice.
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Figure 4-2 Video tracking assays with Ethovision (a) were conducted in a petri dish with a
treatment extract on one side and a control extract on the other side. Each stimulus had a defined
stimulus zone and a treatment side. Groups of P. japonica were released in dual choice assays (b)
and recaptured after 1 h and 24 h. Dual choice assays had 5 zones, with treatments of fresh plant
cuttings in zones 1 and 5.

Statistical analysis
Volatile profiling

Data were compiled using Masshunter Unknowns Analysis (Agilent Inc.) and compounds
were aligned with the R package uafR (Stratton et al. 2024). Siloxane and phthalate peaks were
removed as these represent common contaminants in GC-MS analysis. All other volatiles
exceeding 80% similarity to the reference library and occurring in more than one sample were
retained in the analysis. Standardized abundance of each compound was converted to ng per g of
dry biomass weight based on the compound peak area relative to the tetradecane internal
standard. The PermDisp2 procedure was employed to assess homogeneity of group dispersions
(Anderson et al. 2006), and a permutational multivariate analysis of variance (PERMANOVA).

was applied to compare extract composition across treatments. Following a significant global
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test, PERMANOVA was applied in a pairwise manner to determine which treatments could be
differentiated based on volatile emissions. The Holm-Bonferroni method was employed to
control family-wise error rate during multiple comparisons testing. Pairwise Bray-Curtis
similarities were calculated between samples and non-metric multidimensional scaling (NMDS)
was applied to visualize differences in extract composition among treatments. A total of n = 1000
permutations were used for the ordination procedure and a stress value < 0.05 indicated that an
excellent representation of the original dataset in the k = 2 dimensions. Similarity percentage
(SIMPER) analysis was applied to assess the relative importance of variables to differences
between treatments using the package vegan in R (Oksanen et al. 2025). For all analyses, R
Software was used (R Core Team 2025), and unless otherwise specified, a = 0.05. Finally,
indicator analysis using the indicspecies package was employed to identify constituents that
strongly contributed to differences among treatment groups (Caceres and Legendre 2009) and
calculate the indicator values (Dufréne and Legendre 1997).
Video-tracking Assay with Ethovision

To analyze behavior in the video-tracking assay, we first calculated the proportional
differences between treatment and control zones. Preference indices (PIs) for distance, velocity,
and frequency were calculated for both the stimulus zones and each half of the arena as
(treatment value—control value)/(treatment value + control value), while cumulative duration and
latency responses were calculated as (treatment value—control value)/(600 seconds). This index
could vary from -1 to 1, with full preference at 1, no difference at 0, and full repellency at -1.
For each treatment group (monoculture soy, soy-intercropped, soy-sorghum-mix), one-sample t-

tests were used to test whether the mean preference index differed from zero. Differences across
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treatments were visualized as differences between treatment and control values
(treatment—control), with log values used for latency, using ggplot2 in R (Wickham 2016).

Behavioral comparisons across treatments were analyzed using generalized linear mixed
models with the glmmTMB package (McGillycuddy et al. 2025). Movement data was modeled
using the appropriate distribution for each variable, with treatment zone (half of the Petri dish)
and kernel zone (1 cm stimulus area) analyzed separately. Distance and velocity were analyzed
with Tweedie models to account for the non-negative, right skewed structure which included
zeros. Count variables such as frequency within zones and movement frequency were modeled
with Negative binomial or zero-inflated Negative binomial distributions. Continuous variables
such as cumulative duration, latency, and time mobile were modeled using Gamma or zero-
inflated Gamma distributions. Residuals were checked through visual inspection and formal
testing of overdispersion and zero-inflation using the DHARMa package (Hartig 2025). Models
for movement variables with multiple zones per dish included interactions between treatment and
zone and dish as a random variable. Post-hoc comparisons with Tukey’s HSD were performed
using the package emmeans to get pairwise comparisons across treatments.

Preference Assay

For the release-recapture preference assay, the probability of beetles choosing each
option (option 1, option 2, or no choice) was compared through generalized linear models fit
using base R functions or multinomial logistic mixed models fit using the glmer function from
the package Ime4 (Bates et al. 2015), with individual beetle choices recorded, treatment as a
main effect and trial number as a random effect. If trial number did not improve fit (determined
through anova() comparison between the mixed model and the generalized linear model

containing only treatment as a main effect), then the model without the mixed effect was used.
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Average predicted values for each choice were calculated on the response scale using the
emmeans package (Lenth and Piaskowski 2025), and pairwise comparisons were made across
the choices, using Tukey’s HSD (Honestly Significant Difference) to adjust for multiple

comparisons.

Results

Plant Semiochemical Profiles

Semiochemical profiles were significantly different across treatments (PERMANOVA,
R2=0.69, p=0.001, Figure 3), and these differences were not due to heterogeneity in dispersion
(PERMDISP, P > 0.5). We found that 1-octen-3-ol, nonanoic acid, 1H-indene-2,3-dihydro
(hereafter referred to as indane) together explained 77.1% of the differences between
monoculture soy (mono-soy) and intercropped soy (inter-soy) (i.e., simper analysis, Table 1). 1-
octen-3-ol (Figure 4a) and nonanoic acid (Figure 4b) were found in higher abundances in mono-
soy than inter-soy, while indane (Figure 4c¢) was present in mono-soy but not inter-soy.
Dissimilarity between mono-soy and the mixture of sorghum and soy (mix) were explained by 1-
octen-3-ol, indane, and nonanoic acid (73.3%), while the majority of dissimilarity between inter-
soy and mix was explained by 1-octen-3-ol, (2,4)-Di-tert-butylphenol (Figure 4d), and nonanoic
acid (78.5%). Three indicator species were associated with two groups. The compounds 1-octen-
3-ol (Indicator Value [IndVal] = 0.936, P = 0.01, Figure 4a) and 1-octanol (IndVal= 0.936, p =
0.01, Figure 4e) were associated with the group of mono-soy and mix, while Dodecane-1-i0odo
(IndVal=0.912, p < 0.05, Figure 4f) was associated with sorghum and mix. Overall, there were

7.7-51-fold higher abundance of compounds in extracts from mono-soy, inter-soy, and mix
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treatments compared to sorghum alone (Table 2). All the treatments had similar alpha chemical

diversity with 20-26 compounds.

Stress = 0.04
0.51
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Figure 4-3 Non-metric multi-dimensional scaling (NMDS) based on Bray-Curtis similarities
among plant semiochemical extracts from intercropped soybean (inter-soy), monocropped
soybean (mono-soy), soybean-sorghum mix (mix), and sorghum. Points represent individual
samples, colored by treatment. Ellipses indicate 95% confidence intervals around group
centroids. The stress value was 0.04.
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Figure 4-4 Six compounds from the plant semiochemical extracts were associated with
significant differences between treatments, including 1-octen-3-ol (a), nonanoic acid (b), indane
(¢), 2,4-Di-tert-butylphenol (d), 1-octanol (e), and Dodecane-1-iodo (f). Abundances of each
compound across all samples by treatments are shown as boxplots in ng g-1 with thick horizontal
lines representing medians, boxes representing the interquartile ranges, and whiskers
representing the ranges. Abbreviations: mono soy = monocropped soy, inter soy = intercropped
S0y, mix= soy-sorghum-mix.
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Table 4-1 Simper results identifying compounds responsible for the differences between
treatments

CUMULATIVE
COMPOUND AVERAGE SD RATIO SUM P
Monoculture Soy v. Intercropped Soy
1.0cten.3.0l 0.33 0.028 12 0.41 0.58
Nonanoic.acid 0.15 0.19 0.80 0.59 0.30
Indane 0.14 0.21 0.70 0.77 0.13
2.0x0.4.phenyl.6..4.chlorophenyl..1.2.dihydropyrimidine 0.13 0.20 0.67 0.94 0.20
Dodecane..4.6.dimethyl. 0.020 0.026 0.77 0.96 0.50
Monoculture Soy v. Soy-Sorghum-Mix
1.0cten.3.0l 0.26 0.048 5.3 0.36 0.92
Indane 0.14 0.20 0.70 0.55 0.25
Nonanoic.acid 0.13 0.19 0.68 0.73 0.39
2.0xo0.4.phenyl.6..4.chlorophenyl..1.2.dihydropyrimidine 0.12 0.19 0.67 091 0.29
2.4.Ditert.butylphenol 0.032 0.042 0.78 0.95 0.48
Monoculture Soy v. Sorghum
1.0cten.3.0l 0.47 0.0038 120 0.47 0.057
Indane 0.16 0.23 0.70 0.64 0.0010
Nonanoic.acid 0.16 0.23 0.68 0.80 0.23
2.0xo0.4.phenyl.6..4.chlorophenyl..1.2.dihydropyrimidine 0.16 0.23 0.67 0.95 0.0070
2.Propanone..1.methoxy. 0.0090 0.013 0.70 0.96 0.16
Intercropped Soy v. Soy-Sorghum-Mix
1.0cten.3.o0l 0.20 0.12 1.6 0.41 0.98
2.4.Ditert.butylphenol 0.10 0.14 0.74 0.62 0.17
Nonanoic.acid 0.078 0.10 0.76 0.78 0.71
Dodecane..4.6.dimethyl. 0.062 0.090 0.69 091 0.36
Undecane..4.7.dimethyl. 0.0063 0.0066 0.95 0.93 0.39
Intercropped Soy v. Sorghum
1.0cten.3.0l 0.54 0.17 3.1 0.57 0.022
Nonanoic.acid 0.15 0.21 0.73 0.74 0.27
Dodecane..4.6.dimethyl. 0.14 0.21 0.69 0.89 0.0030
3.Buten.2.0l..2.methyl. 0.019 0.016 1.2 091 0.18
Glycidol 0.013 0.0079 1.6 0.92 0.12
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Table 4-2 Compounds identified by SPME-GC/MS from extracts of monoculture soybean, intercropped soybean, mized soybean and
sorghum, and sorghum alone. Means + SE represent compounds in ng g™ dry biomass (shaded from low values in browns to high
values in blue-greens)

Mono-Soy Inter-Soy Mix Sorghum
COMPOUND™ RT (MIN) MEAN" SE % OF TOTAL SE % OF TOTAL % OF TOTAL
X2.Propanone..1.methoxy. 2.023018 2,000 2,000 [+]
X3.Buten.2.0l..2.methyl. 3.163101 300 300 80
X3.Penten.2.one 3.584951 00 [}
X1 Hexene. 4.5 dimethyl. 5972391 oo 40
X1.Butanol..2.3.dimethyl. 6.381056 100 100 ]
Furan. tetrahydro.2.2.5.5.tetramethyl. 9.380384 oo 50
X2 Hexene.3.5.5.trimethyl. 9.510063 100 100 40
Formic.acid..2.methylbutyl.ester 9511468 0o 30
X1.0cten.3.0l * 9.604704 100,000 9,000 4,000
Glycidol 9.912637 300 300 60
X1.Octanol * 11.185791 1,000 200 60
X5.Hydroxy.7.methoxy.2 methyl.3.phenyl.4.chromenone 12466348 400 200 70
X2.0xo0.4.phenyl.6..4.chlorophenyl..1.2.dihydropyrimidine 12467318 30,000 30,000 o
Nonanoic.acid 14.204481 40,000 40,000 7,000
Decane..3.ethyl. 3. methyl. 14.410620 90 90 30
Dodecane..4.6.dimethyl. 14411667 700 700 5,000
Undecanal 14.793859 oo o
Carbonic.acid..decyl.undecyl.ester 14.794730 80 80 30
Propanoic.acid..2.methyl...3.hydroxy.2.2.4.trimethylpentyl.ester 15772135 80 80 20
2.2 Dodecenol 16.171815 oo ]
Undecane..4.7 dimethyl 16.553371 200 200 50
Tridecane 16.553396 70 70 0.0292 0
Decyl.octyl.ether 16.709269 300 300 0.144 40
Dodecane..1.iodo. 16.737946 oo 1]
X2.4.Di.tert.butylphenol 17.486848 1,000 1,000 30
Pentanoic.acid..5.hydroxy...2.4.di.t.butylphenyl.esters 17.487625 2,000 300 100
Hexane..3.3.dimethyl. 17.801547 (] 50
Undecane..4.6.dimethyl. 17.866389 00 70
Hexadecane 18.449101 200 100 40
X1H.Indene..2.3.dihydro.1.1.3.trimethyl.3.phenyl. 19.665437 40,000 40,000 30

" Confirmed and tentative identifications based on NIST14 library spectra and uafR structural references to public repositories.

? sterisks indicate are confirmed with ial standards purchased from

7 Zero emissions represent cases where volatiles were below the detection threshold.

“ Emissions rate are represented in ng per g of dry biomass.



Video-tracking Assay with Ethovision

The movement by P. japonica to the control and treatment extracts were similar for all
response variables (distance, velocity, frequency, cumulative duration and latency; Appendix A,
Table A.3) Estimated marginal means from GLMMs also indicated no statistical differences
between treatments. While contrasts for cumulative duration in treatment half were not
significant (all p > 0.3, Figure 5a), numerically the longest time spent by P. japonica was in
monoculture soy (0.1531 + 0.249), followed by an intermediate duration in intercropped soy
(0.007 + 0.249), and the shortest duration spent in the soy-sorghum mix (-0.311 £ 0.249). For
frequency of entries into the treatment stimulus zone, there was slightly higher frequency of
entries in monoculture soy (emmean + SE) (0.2541 £ 0.288), intermediate entries in intercropped
soy (0.0573 £0.307), and lower frequency of entries in the soy-sorghum mix (-0.0413 £ 0.316),
but contrasts between treatments were not significant (all p > 0.5, Figure 5b). Popoillia japonica
individuals had near equal latency for arrival to the stimulus zone (all p > 0.9, Figure 5c) whether
it was monoculture soy (5.21 + 0.214), intercropped soy (5.25 + 0.274), and the soy-sorghum
mix (5.28 = 0.274). For mobility, there was numerically higher mobility in monoculture soy with
2-3-fold more mobility than the intercropped soy and the soy-sorghum mix, but contrasts

between treatments were not significant (all p > 0.6, Figure 5d).
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Figure 4-5 Comparisons of P. japonica behaviors within video-tracking assays shown as the
difference between treatment and control values (log values for latency). Behaviors include (a),
frequency of entries into the treatment stimulus zone (b), latency to finding the treatment
stimulus zone (c), and mobility (d). Points indicate individual responses, center lines represent
group medians, boxes represent interquartile ranges, and black dots indicate outliers.
Abbreviations: mono soy = monocropped soy, inter soy = intercropped soy, mix= soy-sorghum-
mix.



Preference Assay

After 1 h, the locations of beetles in the dual-choice assay did not indicate an initial
preference for any treatment (Figure 6a, Table 3). Response rates ranged from 57% to 75%,
which is a sufficient recapture rate for reasonable inference. In monosoy versus intersoy arenas,
33% more individuals chose intersoy than monosoy. In monosoy versus mix arenas, 37% more
individuals chose mix than monosoy. In monosoy versus sorghum arenas, 66% more individuals
chose sorghum than monosoy. In intersoy versus mix arenas, 66% more individuals chose mix
than intersoy. Pairwise comparisons confirmed that there was no significant detectable
preference in any of the dual choice assays after 1 h (P > 0.2; Table 3).

Similarly, after 24 h, the locations of beetles in the dual-choice assay did not indicate a
final preference for any treatment zone (Figure 6b, Table 3). In monosoy versus intersoy arenas,
10% more individuals chose intersoy than monosoy. In monosoy versus mix arenas, 83% more
individuals chose mix than monosoy. In monosoy versus sorghum arenas, 43% more individuals
chose monosoy than sorghum. In intersoy versus mix arenas, individuals were equally divided
between intersoy and mix. Pairwise comparisons confirmed that there was no significant

detectable preference in any of the dual choice assays after 24 h (P > 0.3, Table 3).
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opposite ends of a release-recapture dual choice assay after 1 h (a) and 24 h (b). Zones 1 and 5
included the treatment plants, while zones 2 and 4 indicate preference for either treatment. NR
values indicate the rate of non-responders. Beetles who stayed in the center release zone (zone 3)
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Table 4-3 Summary of the emmeans pairwise contrasts for comparing treatment preference in
the release-recapture dual-choice assay for Popillia japonica.

1h 240
ODDS ODDS
TREATMENT RATIO SE P RATIO SE P
Monaoculture Soy v. Intercropped Soy
Monoculture Soy v. Intercropped Soy 16 088 069 1.2 066 096
Intercropped Soy v. No Choice 2.2 1.3 034 1.2 066 0.96
Monoculture Soy v. No Choice 14 085 082 1.0 057 10

Monoculture Soy v. Soy-Sorghum-Mix

Monoculture Soy v. Soy-Sorghum-Mix 16 092 068 1.7 1.1 064
Soy-Sorghum-Mix v. No Choice 1.4 076 084 073 0471 084

Monoculture Soy v. No Choice 1.8 049 096 042 025 0.32

Monoculture Soy v. Sorghum

Monoculture Soy v. Sorghum 049 030 047 1.7 058 066
Monoculture Soy v. No Choice 036 0.22 021 086 047 0.6
No Choice v. Sorghum 1.4 074 085 1.9 1.1 0.49

Intercropped Soy v. Soy-Sorghum-Mix

Intercropped Soy v. Soy-Sorghum-Mix 049 030 047 10 056 1.0
Intercropped Soy v. No Choice 036 022 021 14 080 0.84

Soy-Sorghum-Mix v. No Choice 0.74 041 085 14 080 0.84



Discussion

In this study, we have investigated whether the mechanism for abundance shifts by P.
Jjaponica in intercropped soybeans compared to monocropped noted by Holmes and Barrett
(1997) and Bohlen and Barrett (1990) arose because of semiochemical differences in plants or
patches. While we found that monocropped soybean had highly unique emissions compared to
intercropped soybean or sorghum, we did not find support for the hypothesis that P. japonica
responded differently to semiochemicals from these plants on a localized scale. Furthermore, we
found that groups of P. japonica showed no preference to leaves of any treatment within a
release-recapture assay 1 or 24 h. Overall, this suggests that if the pattern of lower abundance by
P. japonica in intercropped soybean is in fact true, there may be an alternative mechanism, such
as mediation through visual stimuli or abiotic factors, due to the hierarchical natural of foraging
decisions (Andersson et al. 2013).

We did indeed find significant and unique semiochemicals in the monocropped soybean
extracts compared to intercropped soybean or sorghum, supporting our first hypothesis that
intercropping soybean with sorghum could change the semiochemical profile of the intercropped
soybean due to interactions with the neighboring sorghum plants. The main compounds found in
monocropped soybean were 1-octen-3-ol and nonanoic acid. Previous studies have consistently
identified 1-octen-3-ol as one of the most abundant compounds in soybean volatiles (del Rosario
et al. 1984, Damiani et al. 2000, Boué¢ et al. 2003, Cai et al. 2015). Rosario et al (1984) found
that 1-octen-3-ol was present in soybeans (Glycine max), but not winged beans (Psophocarpus

tetragonolobus). In our analysis, 1-octen-3-o0l was identified as an indicator species for



monocropped soybean and the soybean-sorghum-mixture, but not intercropped soybean or
sorghum. Abundances of this compound in intercropped soybean were much lower, and it was
completely absent from sorghum. The semiochemical profile of monocropped soybeans also
contained 1-octanol at levels more than 3-fold higher than intercropped soybeans. A previous
study on the response of P. japonica to maple species similarly found susceptible maples emitted
fruity-smelling esters, whereas resistant species emitted terpene hydrocarbons (Loughrin et al.
1997). The aroma of 1-octanol has notes of rose (Moore 2022), a host for which P. japonica have
a strong preference (Whittington et al. 1942). Intercropping soybean with sorghum reduced the
levels of one of the key semiochemical components identifying soybean (1-octen-3-ol), as well
as 1-octanol which may have a preferred aroma to P. japonica within the intercropped soybean
leaves compared to monocropped soybean leaves. The differences in the amount of these two
compounds could possibly result in variation in the olfactory responses by P. japonica.
However, despite significant differences among the semiochemical profiles in each
treatment, there was no behavioral difference to support any preference on a local scale for any
treatment or extract by P. japonica. These results suggest that olfactory cues likely do not
mediate this behavior pattern in the field; decisions may be mediated by visual cues at a broader
scale. If volatiles are involved, it could be that responses occur at a different scale, or during
flight in the field. It does not appear that host cues are important at a local level. Plume reach of
host volatiles varies by species (Kirkpatrick et al. 2019, Agrafioti et al. 2025) and the presence or
absence of host plants (Kirkpatrick et al. 2019). A study of P. japonica distribution around an
airport found that agricultural host plants within 500 m of the traps were consistently positively
correlated with higher trap catches (Hamilton et al. 2007). Work with other invasive species has

found host cues can have an arrestment function at a local level (Morrison et al. 2016), but we



found no evidence for arrestment by P. japonica during the video-tracking assay in our study.
Overall, behavioral differences by P. japonica to intercropped soybean and monocropped
soybean were minimal.

Earlier field studies by Holmes & Barrett (1997) and Bohlen & Barrett (1990) suggested
that sorghum strips created a barrier to movement, and therefore reduced abundance of P.
Jjaponica. Specifically, the authors found fewer marked P. japonica traveled to the center of
intercropped soybean fields compared to the monocropped fields. Sorghum is not one of P.
Jjaponica’s 300 preferred hosts (APHIS 2022), and perhaps its presence deters P. japonica from
the intercropped soybean fields. If this were the case, we would expect to see a preference for
monocropped soybean compared to sorghum in our two-choice release-recapture assays with
fresh leaves. However, within the release-recapture assays, no preference was shown for
monocropped over intercropped soybean, a mixture of soybean and sorghum, or sorghum alone.
This is similar to previous findings by Loughrin et al. (1997) with P. japonica-susceptible and -
resistant maples. Numbers of P. japonica recaptured in the sorghum zones and monocropped
soybean zones did not differ significantly, and we observed individuals feeding on both sorghum
leaves and flowers (pers. obs. N. Kucherov). Assays were analyzed after 1 h and 24 h periods,
allowing us to determine if the presence of P. japonica and feeding damage on preferred leaves
would recruit conspecifics to the same side in the arena. Previous studies have found that host
plants are more attractive to P. japonica after overnight feeding (Loughrin et al. 1995, 1996).
Therefore, we expected P. japonica to show a stronger preference after 24 h. Surprisingly,
recapture results at 24 h still showed no preference for any treatment and feeding damage was
indistinguishable across treatments. This suggests that P. japonica are not repelled from mixes of

sorghum and soybean, or even sorghum alone at a local scale. Any preferences for soybean over



sorghum at a field scale may also be related to microclimate variables such as temperature and
relative humidity rather than olfactory or visual attractiveness of the leaves.

Popillia japonica are known to disperse and forage across long distances (Lessio et al.
2021), and many studies have shown that their presence and abundance is related to landscape
composition (Hamilton et al. 2007, Della Rocca and Milanesi 2022, Henden and Guédot 2022,
Kucherov et al. 2025). They also exhibit spatial aggregation and are found in higher densities at
field edges (Sara et al. 2013, Henden and Guédot 2022), prefer direct sunlight and are mostly
found within the top third of the canopy of host plants (Rowe and Potter 1996, Shanovich et al.
2019, Toninato et al. 2024). Even though they are often found in areas receiving direct sunlight,
they may have microhabitat preferences as high proportions are found in shaded microsites such
as the undersides of leaves (Kreuger and Potter 2001). Although much of the literature on P.
Jjaponica focuses on their olfactory responses, they also use visual cues such as color and light
intensity (Guignard et al. 2025). It has also been suggested that they may orient to visually to
silhouettes of host plants (Rowe and Potter 1996). Host orientation in response to visual stimuli
in silhouette form has been demonstrated in other beetles such as weevils (Hausmann et al. 2004,
Machial et al. 2012), ambrosia beetles (Mayfield and Brownie 2013), bark beetles (Strom and
Goyer 2001), lady beetles (Nalepa et al. 2005), and stink bugs (Leskey et al. 2012). It is possible
that P. japonica make foraging decisions in a hierarchical manner, for example locating fields at
a broad scale first by visually identifying the size of a patch of host plants (Andersson et al.
2013), and then utilizing different sensory cues at a finer scale such as abiotic cues from the
microclimate or gustatory cues (Verschut et al. 2017). Thus, it may be possible that the unique

silhouette of sorghum in the landscape compared to soybean may be a repellent stimulus, but we



did not explicitly test this. However, it appears there was no behavioral evidence for use of
olfactory cues by P. japonica on a local scale in intercropped systems.

A potential management implication is that intercropping soybean with sorghum may not
be a preferred option for deterring P. japonica, especially in areas where P. japonica could be
entering from a bordering field or woodlot. Our results suggest that P. japonica may not be
deterred from intercropped soybean and sorghum fields through a host-plant semiochemically-
mediated mechanism, at least not at the local scale. Another, more successful option for
mitigating P. japonica damage may be choosing a soybean variety that is more resistant to P.
Jjaponica (Shanovich et al. 2019, Menger et al. 2023).

Future work could include investigating visual cues used by P. japonica or the
influencing of landscape configuration on abundance. Orientation to preferred host plants by P.
Jjaponica may occur through other mechanisms such as visual or landscape cues, or across
different spatial or temporal scales. Changes in the movement of P. japonica into the
intercropped soybean fields could be due to the presence of edges induced by intercropping,
including differences in microclimates, rather than the particular presence of sorghum itself.
Therefore, future studies could investigate the effects of different field borders on the movement
of P. japonica into soybean fields. Nevertheless, this work significantly contributes to our
knowledge of host selection by P. japonica. We show that in close proximity, P. japonica acts as
a true generalist, equally attracted to preferred and not preferred host plants. We also show that
intercropped soybeans have unique a semiochemical composition separate from monocropped

soybean, although those differences did not produce any variation in P. japonica behavior.
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Chapter 5 - Conclusion

Insect communities change across landscapes and over time in response to
fluctuations in temperature, precipitation, and the availability of resources such as food and
habitat. Therefore, we can expect insect communities in agricultural fields to change throughout
space and time in predictable ways depending on their local climate conditions and surrounding
landscape. One goal of this research was to disentangle and identify the effects of land cover and
climate variables on agricultural insect communities. To better understand how agriculturally

important insects respond to each of these variables, we need to consider all of these variables.

Natural land in agricultural landscapes: a help, not a hindrance

Previous studies have shown inconsistent effects of semi-natural land cover in the
surrounding landscape on the abundance of pests and predators or the predation rates in
agricultural fields (Chaplin-Kramer et al. 2011, Veres et al. 2013, Karp et al. 2018). Because
these studies spanned multiple years and large geographic areas, spatial and temporal climatic
variation may account for some of the inconsistency. We sought to identify possible interactions
between seasonal precipitation and seminatural land cover in the surrounding landscape that
significantly affect the abundance or community composition of insect pests, predators, and
pollinators in soybean fields through a carefully designed field study across eastern Kansas that
spanned a large gradient of semi-natural land cover within three separate precipitation bands. We
were able to identify a significant effect of the interaction between surrounding grassland or
semi-natural land and seasonal precipitation on the abundance of insect predators and pollinators

in soybean fields.

11



Our first study provides evidence that precipitation interacts with the effects of land
cover, masking or minimizing the effects of land cover on beneficial insect populations at lower
precipitation levels. The amount of surrounding grassland had a negative effect on insect pest
abundance. Predator abundance also had a negative relationship with increasing surrounding
grassland, possibly tracking pest abundance. However, the magnitude of the land cover effects
varied with precipitation for predators and pollinators. Pollinator abundance increased with
increasing natural land cover, but the response was strong in areas of high precipitation and
weaker in areas of low precipitation. Preserving or restoring natural lands may result in lower
pest pressure and high pollination rates in agricultural fields because increasing the proportion of
grassland or semi-natural land in the landscape surrounding our soybean fields reduced the
abundance of key pests and increased pollinator abundance, respectively. Importantly, these
relationships may be masked or minimized under low precipitation conditions, and therefore it is
necessary to consider the interaction between precipitation and land cover in future studies and

management.

Restoring sections of semi-natural habitat and increasing plant diversity supports a wider
variety of natural enemies and pollinators in agroecosystems (Egan et al. 2020, Lundin 2021).
We found that the dominant groups of natural predator communities change in response to
seasonal climate variables, and therefore it is imperative to support a diverse community of
natural predators within agricultural fields, especially as seasonal weather becomes less
predictable. Contrastingly, pollinator communities are mainly driven by the proportion of

surrounding semi-natural land, and adding prairie strips or conservation land into our
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agroecosystems is important for supporting our bee-dominated pollinator communities. As such,
interannual variation in precipitation and temperature could lead to communities dominated by
different pests, different predators, and different pollinators within the same location. To buffer
against the loss of key natural predators and pollinators due to climatic changes, it is therefore

important to support diverse communities of beneficial insects.

Popillia japonica: a turf pest, not a grassland pest

One concerning agricultural pest currently is the Japanese beetle, Popillia japonica
Newman. P. japonica is an invasive agricultural pest currently spreading throughout the Great
Plains. Known as a particularly destructive pest of turf grass, it was predicted that the grasslands
and pastures of the Great Plains would support a greater abundance of P. japonica larvae,
leading to an increased threat to important field crops such as soybean and corn in this area
(Kistner-Thomas 2019). However, existing risk maps for Japanese beetles in the United States
did not include land cover variables (Zhu et al. 2017, Kistner-Thomas 2019). Furthermore,
existing risk maps did not incorporate a temporal aspect even though many currently unoccupied
areas are likely to be suitable but not yet reached at this time.

To fill these gaps, my second study explored the effects of regional land cover alongside
climate factors within counties with, and without, P. japonica present over a five year period,
allowing us to identify relationships between environmental and climatic factors and P. japonica
presence and predict P. japonica into the near future and under future climatic conditions.
Probability of P. japonica presence increased sharply with increasing developed area within a
county, probably due to the abundance of turf in lawns and communal recreational areas within

developed areas available for the development of their larvae. The proportion of soybean and
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corn within each county was also positively related to P. japonica presence. Climate variables
also had significant effects; probability of P. japonica presence was low in areas with the lowest
temperature minimums and highest temperature maximums and increased with increasing
precipitation until an annual precipitation amount of approximately 1000mm.

Despite predictions to the contrary, we found that grasslands and pastures had a
significant negative relationship with P. japonica presence in the Midwest and Great Plains.
Although P. japonica are pests of turfgrass, and native grasslands are also grasses, there are
many biologically important differences which may account for this unexpected relationship.
Grasslands in the Great Plains have distinct species with different heights and management
practices compared turf grass or grasslands in the eastern United States Tallgrass prairies of the
Midwest and Great Plains have characteristically tall, dense, stands of grass with deep root
systems (Weaver and Fitzpatrick 1932) which may be unpalatable P. japonica grubs.
Additionally, grasslands support native bird species which have been known to prey on P.
Jjaponica adults (Fleming 1968).

Understanding how landscape effects insect communities in agricultural fields, and the
spread of invasive species can be very helpful for use within decision tools for tracking invasive
species spread or forecasting pest abundance to inform surveillance and management practices.
If possible, planting strips of grassland or restoring sections to prairie within the landscape would
be beneficial for reducing pest populations and supporting pollinator populations in nearby
fields. Unfortunately, stakeholders cannot always change the land around their agricultural fields.
Therefore, we looked at plant-insect interactions on a local scale to evaluate the behavioral
mechanism of the recommended practice of intercropping soybean with sorghum that may help

to reduce the number of P. japonica within a soybean field.
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If there is a behavioral response by P. japonica in the field to intercropping sorghum with
soybean, it may arise from confusion due to different olfactory cues. P. japonica are attracted to
to various semiochemical cues including conspecific pheromones (Tumlinson et al. 1977, Klein
et al. 1981), and host plant compounds (Ahmad 1982, Loughrin et al. 1995, 1998). In our third
study, we investigated a semiochemical-based mechanism for the behavioral response of P.
Jjaponica to intercropping soybean with sorghum through characterization of the semiochemical
profiles of monocropped soy, intercropped soy, and a mixture of soy and sorghum through solid
phase microextraction (SPME) in conjunction with gas chromatography coupled with mass
spectrometry (GC-MS), and evaluation of P. japonica behavioral response through video-
tracking of movement with semiochemical extracts and preference in a release-recapture dual
choice assay to host stimuli from plants. Although we found unique semiochemical profiles
among our treatments, movement or orientation by P. japonica was not significantly different
between treatment extracts and controls, nor did they show a significant preference for any of the
treatments in a dual choice assay at a local scale. Therefore, we concluded that if intercropping
soybean with sorghum significantly affects the behavior of P. japonica in the field, it must occur
at a different scale, or in response to non-olfactory stimuli (e.g., visual, habitat, or landscape
cues) rather than semiochemical cues.

Agricultural insect communities in changing landscapes and climates

Overall, our work shows that agriculture insect communities are responding to
environmental factors at various scales which are often larger than a single field. Additionally,
variations in climate significantly affect insect abundance and community composition. For

beneficial insects, there is also an interaction between climate and land cover variables which
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should be considered in future studies and will become even more important with predicted
changes to temperature and precipitation patterns. As we are rethinking how we manage the
world’s agricultural land, it is imperative that we look at the land from an ecological perspective.
Agricultural fields are not closed systems, they exist within a landscape which both affects and is
affected by the management choices within that field. Landscape simplification reduces
supportive resources for beneficial insects, leading to an increased need for pesticides, then
pesticides further reduce the populations of beneficial insects, often leading to secondary pest
outbreaks.

As climate changes and global trade increases, we are seeing range expansions of
invasive agricultural pests, and this is a growing concern. To adequately predict, track, and
monitor invasive species we need to consider their interactions with land cover and climatic
variables across multiple scales. While global risk maps based on climate variables are valuable,
regional scales must consider unique local land cover variables. An invasive species current
realized niche is likely not its fundamental niche, and predictions based on dissimilar regions
may not be accurate. Furthermore, land cover classes do not cover the full range of ecosystem
variation, and insects may not response equally to one land cover across geographic regions.
Risk maps should be developed at regional and local scales to accurately predict invasions and
infestations, and they should include both climate and land cover variables, to respond to the
increasing risks of invasive species efficiently.

Our research was conducted mainly in soybean within a temperate grassland ecosystem
and therefore may not be generalizable to other systems. It will be important to replicate our
findings within different agricultural systems and natural environments. Future studies could also

test the most effective landscape configurations for adding semi-natural areas to increase
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predation and pollination within agricultural fields. Perhaps more challenging future work
includes developing effective strategies for supporting landscape scale management strategies as
a society and at community levels. We will need to work together as communities to address

land-scape level pests at the appropriate scale.
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Appendix A -

Table A.1: Insect Totals. Insects are identified as pests in red, predators in green, pollinators in
blue, and other insects in black. Thrips and whiteflies were not counted as pests due to

correlation with leaves in the sweep.

BeanLeafBeetle 2176
CornRootWorm 557
BlisterBeetles 35
DectesStemborer 453
JapaneseBeetles 1464
LeafFrogHoppers 3275
FleaBeetle 285
HerbivorousStinkBugs 409
Chloropid 1156
Lepidoptera 282
Aphids 350
GrasshoppersCrickets 966
OtherHemiptera 1567
PlantBug 407
Caterpillars 658
GreenWorms 875
PredatoryStinkbugs 104
MinutePirateBug 2270
Longl eggedFlies 994
ParasiticWasps 2299
OtherWasps 357
Ants 530
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Lacewings 106
Ladybugs 57
ReduviidaeNabidae 175
Spiders 5655
HoneyBee 226
BumbleBee 35
LgCarpenter 19
LongHornedBees 4
SweatBees 162
Megachilidae 34
Andrenidae 2
HoverFlies 65
MidgesMosquitos 2504
BlackFlies 13020
Thrips 25974
Whiteflies 34152
OtherDiptera 3584
OtherBeetles 1215
Springtails 168
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Table A.2: Results from the interaction generalized linear mixed-effects model for evaluating
the effects of semi-natural land cover (proportion grassland), seasonal precipitation, ecoregion
(Glaciated or Cuestas relative to Flint Hills), local edge type (agricultural, road, or semi-natural),
and summer maximum temperature on pest abundance. All fixed-effect predictors included in

the full models are shown; the random effect of site is not displayed. Significant effects are

1dentified in bold font.

Variable Pest estimate- interactive model
Land cover and precipitation interaction -0.110 £ 0.061
(p=10.07)
Grass or semi-natural land cover -0.198 £ 0.071
(p<0.01)
Seasonal Precipitation -0.083 = 0.083
(p=0.32)
Summer Average Maximum Temperature -0.030 £0.061
(p=0.77)
Agricultural Edge 0.504 £0.110
(p <0.001)
Road Edge 0.327 +£0.092
(p <0.001)
Semi-Natural Edge 0.227 £ 0.101
(p=10.06)
Ecoregion- Osage Cuestas 0.121 £0.144
Ecoregion- Glaciated 0.369 +£0.163
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Table A.3: Summary of the t-tests for the preference index comparing the control to the
treatment in the video-tracking assay coupled with Ethovision for Popillia japonica.

Treatment MEAN T P

Frequency in each arena half

Maonaoculture Soy 0.0060 0.050 093
Intercropped Soy =0.050 0.46 0.65
Soy-Sorghum-Mix -0.11 1.2 0.23

Frequency in stimulus zone

Monoculture Soy 0.066 0.41 0.69
Intercropped Soy =0.090 =0.54 0.60
Soy-Sorghum-Mix -0.080 =044 067

Cumulative duration in each arena half

Monoculture Soy 011 1.0 o
Intercropped Soy 0.010 0.10 092
Soy-Sorghum-Mix =0.16 =1.2 0.25

Cumulative Duration in stimulus zone

Monoculture Soy 0.0050 1.5 0.16
Intercropped Soy 0.030 1.2 0.26
Soy-Sorghum-Mix 0.0020 0.66 0.52

Latency to each arena half

Maonoculture Soy -0.010 -0.28 0.78
Intercropped Soy 0.050 1.3 0.20
Soy-Sorghum-Mix 0.010 019 0.85

Latency to stimulus zone

Monoculture Soy =0.11 =1.2 0.26
Intercropped Soy 0.050 0.54 0.60
Soy-Sorghum-Mix -0.0010 -0.020 099
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