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ARTICLE INFO ABSTRACT

Increasing landscape heterogeneity (composition and configuration) can enhance natural enemy populations
and support pest suppression in agricultural landscapes. Using a network-based data mining approach, we ex-
amined independent gradients of landscape composition and configuration at six spatial scales that were asso-
ciated with pest suppression services measured at 32 sites in Michigan and Wisconsin, USA. We compared the
relative effects of landscape composition and configuration across scales with those of local crop type (corn or
grassland). We found that multiple gradients of configurational heterogeneity were independent of composition
and strongly associated with pest suppression, with different configuration metrics being predictive of pest
suppression depending on the spatial scales and regions considered. Landscapes that were more config-
urationally heterogeneous at smaller spatial scales consistently supported higher pest suppression. In Michigan,
pest suppression increased in landscapes with high edge contrast between annual crops and surrounding habitats
and high edge density of grassland within 250 — 500 m radii. In Wisconsin, pest suppression increased with large
core area of grassland and high field density within a 250 m radius. The main compositional effect we found was
a positive relationship between grassland cover and pest suppression occurring at larger spatial scales
(1000 —-1500 m) and occurring in Wisconsin but not in Michigan. Our findings demonstrate that effects of
landscape composition and configuration on pest suppression differ across spatial scales and vary regionally. The
network-based data mining techniques used here could be useful for disentangling intercorrelated landscape
metrics in a variety of other contexts in landscape ecology.
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1. Introduction

Agricultural intensification has transformed Earth’s landscapes,
with around 40 % of terrestrial surfaces already converted from un-
managed systems to cropping or grazing (FAO, 2019). While humans
rely on agricultural landscapes to provide food and other ecosystem
services, as landscapes become increasingly simplified, their ability to
provide these services can be compromised (Dainese et al., 2019; Rusch
et al., 2016; Tscharntke et al., 2005). In particular, grassland and other
semi-natural habitats often support essential ecosystem services in
agricultural landscapes (Bengtsson et al., 2019). For example, they
provide habitat for predatory and parasitic arthropods that suppress
crop pests (Grab et al., 2018), reducing the demand for insecticides
(Meehan et al., 2012) and in some cases increasing yields (Gagic et al.,
2019). As a result, understanding how landscape structure influences
the provision of pest suppression services in intensified agricultural
landscapes is increasingly important.
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The potential for pest suppression in a given field varies partly as a
function of the surrounding landscape. Landscape structure is com-
prised of two components: composition, which describes the amounts
and diversity of different land cover types, and configuration, which
refers explicitly to their spatial arrangement in the landscape (Fahrig
et al., 2011). Until recently, most research on landscape-scale pre-
dictors of pest suppression focused on the effects of landscape compo-
sition. In some cases, pest suppression potential in a focal field improves
with increasing amounts of semi-natural habitats (Meehan et al., 2012),
decreasing amounts of cultivated land (Rusch et al., 2016), and in-
creasing crop diversity (Redlich et al., 2018) in the surrounding land-
scape. However, in some circumstances, natural habitats surrounding
crop fields fail to enhance pest suppression (Tscharntke et al., 2016),
and a recent prominent review indicates that crop pests and predator
abundance respond inconsistently to landscape composition (Karp
et al., 2018).

Landscape configuration can also influence pest suppression and
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could do so by multiple mechanisms (Haan et al., 2019). Since natural
enemies can spillover across boundaries between managed and un-
managed systems (Rand et al., 2006; Tscharntke et al., 2012), the edge
density or spatial arrangement of habitats in the landscape may influ-
ence pest suppression independently of the amount of habitat present.
Similarly, organisms that use resources from multiple cover types at
different life stages or times of year may benefit from ‘landscape
complementation’ (Dunning et al., 1992): the degree of intermixing
among cover types in the landscape will influence the spatial arrange-
ment and accessibility of resources and therefore could also influence
pest and natural enemy populations.

Recent research illustrates some of the ways landscape configura-
tion can influence pest suppression. In South Korean landscapes where
composition and configuration were uncorrelated, several natural
enemy taxa were positively influenced by increasing configurational
complexity, quantified as edge density (Martin et al., 2016), and the
effects of configuration were larger than those of composition. Other
examples include rice agroecosystems, where the connectivity of bunds
(grassy embankments) influenced parasitoid abundance (Dominik
et al., 2018), and wheat fields, where field size influenced the abun-
dance of different functional groups of spiders and carabids (Gallé et al.,
2018). In some cases, proximity to semi-natural habitats can inhibit
pest suppression, especially if predators are adapted to open field
conditions (e.g., Berger et al., 2018; Aristizabal and Metzger, 2019).

There are several challenges associated with understanding the ef-
fects of landscape configuration on pest suppression. First, landscape
configuration is constrained by and often highly correlated with com-
position, so these two types of metrics are easily confounded in land-
scape-scale studies where experimental manipulation is impractical
(Fahrig et al., 2011). Second, configuration can be described using
dozens of different and often highly inter-correlated metrics and can,
therefore, be challenging to describe in practical terms. Ecologists are
often caught between choosing one or two configuration metrics they
think could be biologically meaningful (and risk missing important
patterns) or testing a wide range of predictors whose various meanings
and correlation structures can obscure their ecological relevance (Li
and Wu, 2004; Kupfer, 2012). Finally, identifying the spatial scales at
which configuration (or composition, or both combined) affects pest
suppression most strongly is difficult, since different taxa respond to
different spatial scales according to their dispersal abilities and habitat
use preference (With and Crist, 1995).

The purpose of this study was to investigate the effects of landscape
configuration on the provision of natural pest suppression services in
the Midwest United States and to evaluate the importance of con-
sidering multiple spatial scales. We used data from a previous study
(Meehan et al., 2012), which focused specifically on the effects of
landscape composition on pest suppression in bioenergy production
landscapes and found positive effects of increasing grassland cover.
Using high-resolution imagery, we re-analyzed these data with the goal
of evaluating the relative contribution of landscape configuration and
tested the sensitivity of pest suppression services to these variables at
multiple spatial scales (Chiavacci et al., 2018). Effects of landscape
configuration on pest suppression in this region are mostly unexplored,
so rather than choosing a small number of landscape metrics a priori, we
began with a large number and used data mining techniques to distill
out a smaller number of uncorrelated metrics to use as predictors.
Specifically, we asked three questions: (1) What are the independent
aspects of local and landscape complexity that are associated with pest
suppression? (2) What are the effects of spatial scale on the relative
importance of landscape composition and configuration? (3) How do
individual configuration metrics predicting pest suppression vary by
region and spatial scale?

2. Materials and methods

The experiment generating the pest suppression data analyzed here
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was conducted during the summer of 2010 at 32 study sites, covering a
compositional gradient from annual- to perennial-dominated land-
scapes in the Midwest U.S. (Meehan et al., 2012). Of those, 16 sites
were located in southern Wisconsin, 16 in southern Michigan, and in
each state 8 sites were located in corn fields and 8 in grasslands. The
purpose of the original study was to assess how changes in landscape
composition stemming from the adoption of bioenergy cropping sys-
tems will affect pest suppression; data collection occurred in corn and
grassland because they represent typical annual and perennial bioe-
nergy crops, respectively. Within each site, predation rates on three
sentinel pest species were measured using platforms that held pests in
the canopy (for eggs of corn earworm, Helicoverpa zea, and for larvae of
fall armyworm, Spodoptera frugiperda) or on the ground (for larvae of
wax moth, Galleria mellonella). Natural pest suppression was measured
as a single index based on averaged predation rates across taxa since
removal rates of different sentinel prey were positively correlated with
one another. Characteristics of field sites and experimental design are
described in detail by Werling et al (2011) and Meehan et al. (2012).
The original study related pest suppression to landscape composition
(the percentages of land cover types) at different spatial scales around
fields, based on USDA Cropland Data Layer (CDL 2009, 56 m). How-
ever, the initial analysis indicated those levels of spatial resolutions
(30—56 m) were too coarse to characterize small, fragmented patches
(e.g., grasslands) and consequently produced less accurate configura-
tional measures (Fahrig et al., 2015). Therefore, in the present study,
we used the same pest suppression data but recharacterized landscape
structure using high-resolution land cover data (1 m x 1 m) to in-
vestigate the relative effects of landscape composition and configura-
tion across multiple spatial scales. The overall workflow used in this
study is shown in Fig. 1 and detailed below.

2.1. Building land cover maps

We mapped the land cover types within a 1500 m radius around
each site using heads-up digitizing in ArcGIS 10.2.2 (ESRI) based on
high-resolution aerial imagery from National Agriculture Imagery
Program (NAIP 2010, 1 m, available at NRCS, https://nrcs.app.box.
com/v/naip/folder/19554895429). We then cross-referenced with
historical Google Earth imagery and verified with local experts to fi-
nalize the land cover data. The maximum radius was chosen based on
relevant landscape scales in previous studies (Thies et al., 2003;
Gardiner et al., 2009). Land cover features were classified into four
categories: annual crops, forest, grassland, and others. In the study re-
gion, annual crops, principally corn, soybeans, and wheat, dominate the
landscapes (mean * SE; MI: 34.36 + 28.59 %; WI: 41.30 = 19.37 %),
closely followed by various types of forest (MI: 34.09 + 22.12 %; WI:
13.90 = 15.38 %), including evergreen and mixed forest, forested
hedgerows, riparian forest, isolated trees, and forested wetlands. The
grassland category consisted of herbaceous-dominated cover types, in-
cluding agricultural grasslands (e.g., hayfields, pasture), sparse and
weedy scrub, shrublands, herbaceous wetland, and open woodland (MI:
10.01 = 22.06 %; WI: 32.18 * 15.42 %). Other land covers, including
developed areas, water, paved road, mowed grass, orchard, and bare,
were not used in the analysis.

2.2. Quantifying landscape heterogeneity (composition and configuration)

In addition to composition metrics, we developed a list of config-
uration metrics describing patch size and density, edge characteristics,
patch shape, connectivity, contagion/interspersion, and core area,
based on our understanding of how they may influence natural enemies
and therefore pest suppression (Table 1). All metrics were calculated at
the class level (annual crops, grassland, and forest) across six spatial
scales (250, 500, 750, 1000, 1250, and 1500 m radii) in FRAGSTATS
4.2 (McGarigal et al., 2012) based on raster-format land cover data of 1-
m resolution, except mean field size and field density which were
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Fig. 1. Overview of multiscale modeling process combined with weighted gene correlation network analysis (WGCNA) used to address our research questions (gray
boxes). Detailed interpretation of correlation networks, modules, and module representatives is presented in Fig. S1.

Table 1

The list and description of variables expected to impact pest suppression within corn fields and grasslands, including the local crop type, one landscape composition
metric, and 14 configuration metrics. All landscape metrics were calculated for three land cover types (annual crops, grassland, forest) located within six spatial
scales (250, 500, 750, 1000, 1250, and 1500 m) around each site, using digitized 1-m resolution land cover data and FRAGSTATS 4.2, except mean field size and field
density which were only calculated for annual crops, using digitized field boundaries and ArcGIS 10.2.2. Some metrics were summarized based on the mean (MN)
and area-weighted mean (AM) of patch distribution of specific cover type in the landscape.

Category Variable Abbr. Unit (range)

Local Focal habitat type crop corn = 0, grassland = 1
Composition Percentage of landscape PLAND % (0, 100)

Size & density Mean patch size AREA ((MN, _AM) ha (> 0)

Size & density Mean field size (annual crops only) MeanFieldSize ha (> 0)

Size & density Patch density PD number per 100 ha (> 0)
Size & density Field density (annual crops only) FieldDensity number per 100 ha (> 0)
Edge Contrast-weighted edge density CWED m per ha (= 0)

Edge Total edge contrast index TECI percent (0, 100)

Shape Perimeter-area fractal dimension PAFRAC NA (1, 2)

Shape Related circumscribing circle CIRCLE (_MN, _AM) NA (0, 1)

Connectivity Connectance index CONNECT percent (0, 100)
Connectivity Similarity index SIMI (_MN, _AM) NA (= 0)
Contagion/interspersion Clumpiness index CLUMPY NA (-1,1)
Contagion/interspersion Interspersion & juxtaposition index I % (0, 100)

Core area Core area index distribution CAI (_(MN, _AM) % (0, 100)

Core area Core area percentage of landscape CPLAND % (0, 100)
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calculated for annual crops only in ArcGIS based on digitized field
boundaries. Metrics that required user-defined parameters were defined
as follows: Calculations for core area were based on a 20-m edge depth
according to prior studies in this system which showed edge effects for
predators and parasitoids decline after 15—20 m into crop fields (Dyer
and Landis, 1997; Woltz et al., 2012). Metrics based on the distribution
of suitable habitat pixels within a specified distance of a focal point and
an eight-neighbor rule used a 100 m search radius. Finally, edge con-
trast weights between grassland and forest, annual crops and forest,
annual crops and grassland were assigned values of 0.5, 0.7, and 1,
respectively, based on their expected benefits to natural enemies and on
evidence that grasslands are particularly important suppliers of natural
enemies (Meehan et al., 2012). Detailed descriptions of all metrics can
be found in McGarigal et al. (2012).

2.3. Identifying independent gradients of landscape heterogeneity

At each spatial scale, we began with an initial set of up to 53 metrics
characterizing composition and configuration of annual crops, grass-
land, and forest in the landscapes, which were possibly inter-correlated.
To identify a subset of independent metrics at each scale, we employed
a widely used data mining method, weighted correlation network
analysis, also known as weighted gene co-expression network analysis
(WGCNA; Langfelder and Horvath, 2008). WGCNA can be used for
finding modules (clusters; coded by different color names) of highly
correlated nodes (variables) by constructing a network based on pair-
wise correlations and summarizing such clusters using intramodular
hub nodes. In this study, we constructed a WGCNA network at each
scale, separately, to identify independent landscape gradients based on
clusters of highly correlated metrics and to determine the re-
presentative metrics (see details in Supplementary material). According
to Tissier et al. (2018), WGCNA performance depends on parameter
settings for network construction and works better for predictors, which
are highly associated with the response variable. Therefore, metrics not
correlated with pest suppression (Pearson’s r < 0.4) were removed
before network construction, as well as metrics highly correlated with
local variables (local habitat type and/or focal field size; Pearson’s
r > 0.7). Three types of metric modules were defined for each network:
(1) composition modules, that primarily characterized composition-
related heterogeneity and included composition metrics and if present,
a few configuration metrics highly correlated with composition; (2)
configuration modules, characterizing gradients of configurational
heterogeneity that were independent of composition and composed of
configuration metrics only; and (3) one grey module, which did not
represent a real module as it included metrics that were uncorrelated
but cannot be clustered into other modules. In our case, grey modules of
all WGCNA networks were made up entirely of configuration metrics.
Thus, each metric in the grey module represents an individual gradient
of configurational heterogeneity with itself as the representative metric.
For composition and configuration modules, composition and config-
uration metrics with the highest intra-modular connectivity (kWithin)
were selected, respectively, as the representative metrics. WGCNA
analysis was repeated for each spatial scale using R package WGCNA
(Langfelder and Horvath, 2008).

2.4. Model selection

The responses of pest suppression (i.e., average pest removal rate) to
local crop type and compositional and configurational landscape het-
erogeneity measured at different spatial scales were analyzed using
linear models (function Im in R package stats). The predictors were crop
type and a list of metrics representing independent compositional and
configurational gradients of landscape heterogeneity across scales. All
metrics were centered and scaled using means and standard deviations
before analysis. Data from the two regions (Michigan and Wisconsin)
were analyzed separately. For each region, we used the crop-only model
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as a null model because this local effect has already been shown to
substantially influence pest suppression (Meehan et al., 2012).

At each scale, three full models were developed based on the crop-
only model by adding representative metrics of composition only,
configuration only, and both components of landscape heterogeneity.
For each full model, models with all combinations of predictors were
compared via AICc using the function dredge in R package MuMin
(Barton, 2018) and only models within AAICc < 2 of the top model
were selected as the final models (Table S1). The analysis was repeated
independently for each full model at each scale. As local crop type has
no spatial scale and landscape metrics correlated with local variables
were removed, the explanatory power of landscape heterogeneity can
be directly compared (1) within scales to identify the relative effects of
landscape composition and configuration, and (2) across scales to de-
tect the scale-dependent pattern and the most relevant spatial scale for
pest suppression.

3. Results

3.1. Independent gradients of landscape heterogeneity related to pest
suppression

The WGCNA analysis identified a preliminary list of independent
gradients of compositional and configurational landscape heterogeneity
within each of the six spatial scales (see representative metrics in
Table 2), which enabled us to compare the relative effects of landscape
composition and configuration on pest suppression. First, there was a
strong compositional gradient ranging from low to high proportion of
grassland (PLAND2) within scales of 750—1500 m in both regions
(Pearson’s r between PLAND2 and pest suppression, Michigan:
0.41 —0.57, Wisconsin: 0.75—0.80; Table 2). This was expected as the
sites were originally selected to capture this gradient (Meehan et al.,
2012). In addition, we found multiple configurational gradients, in-
dependent of composition, across all scales except 1250 —1500 m in
Michigan and 1500 m in Wisconsin. In Michigan, pest suppression was
positively correlated with decreasing mean field size and core area of
annual crop patches (CAI_AM1) within scales of 250 —500 m, and also
positively correlated with increasing edge contrast between annual
crops and surrounding habitats (TECI1) and increasing edge density of
grassland-related boundaries (CWED2) within scales of 250 —750 m. In
Wisconsin, pest suppression decreased when grassland patches were
narrower and more elongated (CIRCLE_MN2 approached 1) at 250 m
and increased with increasing core area of grassland patches (CAI_MN2)
at 250 —500 m. Similarly, pest suppression was positively correlated
with increasing edge contrast between annual crops and adjacent ha-
bitats (TECI1) at scales of 250—1000 m. However, edge contrast of
annual crops was positively correlated with the core area of grassland
patches (CAIAM2; Pearson’s r = 0.54) at 500 m and negatively cor-
related with the core area of annual crop patches (CAI_MN1; Pearson’s r
= —0.55) at 1000 m.

Though not included in the model selection, many configuration
metrics at larger scales (750 —1500 m) were clustered into the com-
position module and were strongly and positively correlated with
grassland composition (PLAND2) in both regions. Examples included
core area (CPLAND2, CAI_MN2), mean patch size (AREA_MN2), edge
density (CWED2), and shape complexity (CIRCLE_ MN2, PAFRAC2) of
grassland, and edge contrast of annual crop patches (TECI1).

3.2. Effects of landscape composition vs. configuration

The relative effects of landscape composition and configuration on
pest suppression were region-specific and scale-dependent (Fig. 2,
Table S1). In Michigan, final composition models — either crop-only (at
scales of 250—1500 m) or in combination with the proportion of
grassland (PLAND2; at scales of 1000 —1500 m) — performed similarly
to the crop-only model (AAICc < 2; Table S1); this held true across all



Y. Zhang, et al.

Table 2
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The list of representative metrics of compositional and configurational landscape heterogeneity for model selection. Modules were coded with different color names
across states (MI = Michigan, WI = Wisconsin) and scales (250, 500, 750, 1000, 1250, and 1500 m radii). The number after metric abbreviations in column ‘Metric’
relates to the land cover type: 1 = annual cropland, 2 = grassland, 3 = forest. See Table 1 for metric abbreviations. Other abbreviations: kWithin — intramodular
connectivity, GS — gene significance measure defined as the correlation between one metric and pest suppression, p.GS - p values of GS, moduleCorR - module
significance defined as the correlation between the module eigengene and pest suppression, p.moduleCorR - p values of moduleCorR.

State Radius (m) Module Module type Metric kWithin GS p.GS moduleCorR p-moduleCorR
MI 250 turquoise Configuration CAIAM1 0 —0.52 0.037 —0.53 0.035
MI 250 turquoise Configuration MeanFieldSizel 0 —0.45 0.077 -0.53 0.035
MI 250 brown Configuration TECI1 0 0.45 0.078 0.51 0.042
MI 250 brown Configuration CWED2 0 0.44 0.085 0.51 0.042
MI 250 blue Configuration CIRCLEMN2 0 —0.64 0.008 0.63 0.009
MI 250 blue Configuration CLUMPY2 0 0.51 0.044 0.63 0.009
MI 500 turquoise Configuration CAIAM1 1.03 —0.61 0.012 —0.63 0.009
MI 500 blue Configuration TECI1 0.41 0.73 0.001 0.71 0.002
MI 500 grey Configuration i 0.01 0.49 0.053 0.62 0.011
MI 500 grey Configuration CIRCLEMN3 0.00 —0.46 0.076 0.62 0.011
MI 500 grey Configuration PD3 0.01 0.45 0.080 0.62 0.011
MI 750 turquoise Composition PLAND2 1.20 0.57 0.021 0.55 0.028
MI 750 blue Configuration TECI1 0.44 0.72 0.002 0.73 0.001
MI 750 grey Configuration CAIMN3 0 —0.44 0.089 0.50 0.050
MI 750 grey Configuration PD3 0 0.44 0.091 0.50 0.050
MI 1000 turquoise Composition PLAND2 1.51 0.56 0.024 0.58 0.018
MI 1000 grey Configuration SIMIAM3 0 0.62 0.011 0.66 0.006
MI 1000 grey Configuration 13 0 —0.47 0.067 0.66 0.006
MI 1250 turquoise Composition PLAND2 1.05 0.50 0.049 0.51 0.041
MI 1500 turquoise Composition PLAND2 0.92 0.41 0.115 0.50 0.048
WI 250 turquoise Configuration CAIMN2 0 0.72 0.002 -0.70 0.002
WI 250 turquoise Configuration CIRCLEMN2 0 —0.64 0.008 -0.70 0.002
WI 250 grey Configuration FieldDensity1l 0.06 0.55 0.027 0.62 0.011
WI 250 grey Configuration MeanFieldSizel 0.25 -0.49 0.052 0.62 0.011
WI 250 grey Configuration CONNECT1 0.01 —-0.48 0.060 0.62 0.011
WI 250 grey Configuration TECI1 0.23 0.41 0.116 0.62 0.011
WI 500 turquoise Configuration CAIMN2 0.39 0.68 0.003 0.72 0.002
WI 500 grey Configuration CONNECT3 0 0.40 0.121 0.40 0.121
WI 750 blue Composition PLAND2 1.38 0.75 0.001 0.70 0.002
WI 750 grey Configuration TECI3 0 —0.53 0.036 —-0.67 0.005
WI 750 grey Configuration TECI1 0 0.48 0.060 -0.67 0.005
WI 1000 turquoise Composition PLAND2 2.34 0.77 0.000 0.79 0.000
WI 1000 blue Configuration CAIMN1 0.20 —0.52 0.037 0.58 0.019
WI 1250 turquoise Composition PLAND2 2.08 0.80 0.000 0.79 0.000
WI 1250 grey Configuration CAIMN1 0 —0.43 0.095 —0.43 0.095
WI 1500 turquoise Composition PLAND2 2.07 0.80 0.000 0.74 0.001

spatial scales (compare the triangle dot and solid line with open circles
in Fig. 2a). In contrast, final configuration models (the solid line with
closed circles in Fig. 2a) at scales of 250 —1000 m (AAICc > 2; Table
S1) but not 1250 — 1500 m had more explanatory power than the crop-
only model. Thus, configuration models within scales of 250 —500 m
were most predictive for pest suppression in Michigan (AAICc < 2 of all
models across scales), explaining 43-49 % more variation than the
crop-only model. In Wisconsin, final composition models performed
better than the crop-only model at scales of 750 —1500 m (AAICc > 2;
Fig. 2b, Table S1). In contrast, final configuration models were more
predictive at scales of 250 —500 m. Thus, the configuration model at
250 m and composition models at scales of 1000 — 1500 m were most
predictive for pest suppression in Wisconsin (AAICc < 2 of all models
across scales), where 32-38 % more variation was explained than the
crop-only model. In both regions, however, no improvements were
found when representative metrics of both compositional and config-
urational heterogeneity were included in the model selection, com-
pared to the final composition or configuration models at the respective
scale (AAICc < 2).

3.3. Significant landscape metrics

Model selection allowed us to narrow the preliminary list of land-
scape metrics that had initially been identified using WGCNA. Based on
the most predictive models (Tables3-4 ), significant landscape metrics,
and spatial scales at which they were relevant varied between the two
regions. In Michigan, pest suppression rates were higher in grasslands

(Rfldj = 0.57, p < 0.05) and significantly increased with decreasing core
area of annual crop patches (CAL. AM1; Rﬁdj = 0.22, p < 0.05; Fig. 3a)
and increasing grassland-edge density (CWED2; Rﬁdj = 0.14, p < 0.05;
Fig. 3b), especially grassland-annual crop boundaries, at the scale of
250 m. Pest suppression also increased when grassland patches in the
landscape occurred as simple, non-elongated shapes (CIRCLE_MN2
approached 0; Ridj = 0.36, p < 0.05; Fig. 3c). In addition, pest sup-
pression in Michigan increased with decreasing core area of annual crop
patches (CAI_AM1; Ridj = 0.33, p < 0.05; Fig. 3d) and increasing edge
contrast between annual crops and surrounding habitats (TECI1; Rﬁdj =
0.50, p < 0.05; Fig. 3e) at 500 m radius. In contrast, pest suppression
rates in Wisconsin significantly increased with increasing core area of
grassland patches (CAIMN2; Rﬁdj = 0.48, p < 0.05; Fig. 3f) and in-
creasing field density (Rgdj = 0.26, p < 0.05; Fig. 3g) at 250 m radius.
However, at larger spatial scales, configuration metrics did not enter
the final models. Instead, pest suppression rates significantly increased
with the increasing proportion of grassland (PLAND2) at scales of
10001500 m (all Rﬁdj = 0.57, p < 0.05; Figs. 3h—j) and were higher if
the focal field was grassland rather than corn (Ridj = 0.51, p < 0.05).

4. Discussion

Pest suppression is a valuable ecosystem service in agricultural
landscapes. This study adds to a growing body of evidence that pest
suppression is influenced by landscape configuration in addition to
composition and that in some circumstances landscape configuration
can be as or more predictive than composition (also see Bailey et al.,
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Fig. 2. The lowest AICc values of best models at each spatial scale are shown for
different model types: local crop-only (filled black triangle), landscape com-
position (filled white circle) and configuration (filled black circle) models in (a)
Michigan and (b) Wisconsin. The models with AAICc < 2 of all models were
highlighted with shaded area.

2010; Martin et al., 2016; Schiiepp et al., 2014). By applying weighted
correlation network analysis (WGCNA), we found that multiple aspects
of configurational heterogeneity were strongly associated with pest
suppression, independent of landscape composition. Overall, pest sup-
pression was consistently higher in landscapes that were more config-
urationally heterogeneous at smaller spatial scales. The expected posi-
tive composition effects driven by a higher proportion of grasslands in
the surrounding landscapes were found to be region-specific and oc-
curred only at larger spatial scales when present.

4.1. Independent gradients of landscape heterogeneity related to pest
suppression

We used WGCNA to identify a set of compositional and configura-
tional landscape gradients that were independent of one another and

Table 3
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then fed the representative metrics into the model selection procedure
to identify the models that best explained pest suppression in each re-
gion and at each spatial scale. While we mostly interpret relationships
between pest suppression and the metrics based on the final landscape
models (see 4.3 below), some broader insights can also be gained from
examining the broader suite of variables selected through WGCNA
analysis. For example, for all metrics that were relatively important for
pest suppression (Pearson’s r = 0.40), their directions remained stable
across scales and regions, except for one case (the elongation metric of
forest, CIRCLE_MN3, which was negative in Michigan and positive in
Wisconsin). This supports the prior observations that analysis at one
scale can often suffice to determine the direction of landscape effects
(Martin and Fahrig, 2012; Martin et al., 2016).

4.2. Effects of landscape composition vs. configuration

In this study, the relative importance of landscape composition and
configuration for pest suppression was scale-dependent (Jackson and
Fahrig, 2014). When present, effects of composition occurred at larger
spatial scales (WI: 750 —1500 m), while configuration effects in both
regions were more relevant at smaller spatial scales (MI: 250 — 1000 m;
WI: 250 — 500 m). This is in line with the hypothesis that scales of effect
for habitat configuration or fragmentation should be smaller than those
for habitat amount (prediction 10; Miguet et al., 2016). It is also im-
portant to note that the most predictive scales differed when compo-
sition or configuration was considered in isolation. For example, in
Wisconsin, the best scales identified based on final composition and
configuration models were 10001500 m and 250 m, respectively.
This result affirms the need to account for both composition and con-
figuration simultaneously when determining the scales where they
exert the most significant influence on ecological processes (Martin
et al., 2019). Moreover, both composition and configuration effects on
pest suppression may interact with species’ traits such as dispersal
ability and habitat use, and that the strength and direction of landscape
effects could differ among functional groups (Martin et al., 2019;
Perovié et al., 2017)

4.3. Significant configuration metrics

Several configuration metrics were correlated with pest suppression
in Michigan. In general, they point to the importance of local grasslands
and larger pest suppression capacity in configurationally complex
landscapes at smaller spatial scales. First, at scales of 250 —500 m, pest
suppression was enhanced when surrounding landscapes contained

The coefficient estimates, 95 % CI, p values of predictors, the variation explained (R* / R%adj), and AICc values of the final models (AAICc < 2 of all models across the

scales) in southern Michigan. The number after metric abbreviations related to the land cover types: 1 =

annual cropland, 2 = grassland, 3 = forest. Metric

abbreviations: CAIAM - area-weighted mean core area index, CIRCLEMN — mean related circumscribing circle index, CWED - contrast-weighted edge density, TECI —
total edge contrast index. The p values were bold when respective predictors were significant at p < 0.05.

Model ID 1 2 3 4

Model type  Configuration Configuration Configuration Configuration

Radius (m) 250 250 500 500

Predictors Estimates CI P Estimates CI P Estimates CI P Estimates CI P
(Intercept) 0.62 0.52-0.72 < 0.001 0.80 0.71 - 0.88 < 0.001 0.59 0.48 - 0.69 < 0.001 0.64 0.53 - 0.74 < 0.001
crop 0.08 0.02 - 0.14 0.026 0.10 0.05-0.14 0.002 0.08 0.04 - 0.13 0.004
CWED2 0.21 0.11 - 0.30 0.001 0.23 0.14 - 0.32 < 0.001

CIRCLEMN2 -0.19 —-0.31 - -0.07 0.010 -0.27 -0.36 - —0.18 < 0.001

CAIAM1 -0.13 —-0.22- —0.03 0.024 -0.14 —-0.25- -0.04 0.019 -0.13 —-0.23- —0.04 0.018
TECI1 0.14 0.05-0.23 0.013 0.15 0.06 — 0.23 0.007
CIRCLEMN3 -0.07 -0.15-0 0.092
Observations 16 16 16 16

R? / R%adj 0.854 / 0.817 0.856 / 0.820 0.859 / 0.824 0.892 / 0.853

AIC —44.131 —44.363 —44.671 —43.661
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The coefficient estimates, 95 % CI, p values of predictors, the variation explained R2/ Rzadj), and AICc values of the final models (AAICc < 2 of all models across the
scales) in southern Wisconsin. The number after metric abbreviations related to the land cover types: 1 = annual cropland, 2 = grassland, 3 = forest. Metric
abbreviations: CAIMN - mean core area index, FieldDensity — annual crop field density, PLAND - percentage of land cover types. The p values were bold when

respective predictors were significant at p < 0.05.

Model ID 1 2 3 4

Model type Configuration Composition Composition Composition

Radius (m) 250 1000 1250 1500

Predictors Estimates CI P Estimates CI P Estimates CI P Estimates CI P
(Intercept) 0.21 0.10 - 0.32 0.003 0.18 0.06 - 0.31 0.013 0.20 0.08 - 0.31 0.006 0.21 0.11 - 0.32 0.002
crop 0.20 0.03 - 0.37 0.038 0.19 0.02 - 0.36 0.049 0.19 0.04 - 0.35 0.033
PLAND2 0.47 0.14 - 0.80 0.015 0.46 0.16 - 0.75 0.010 0.45 0.18 - 0.73 0.007
CAIMN2 0.54 0.31 -0.78 0.001

FieldDensity1 0.47 0.18 - 0.76 0.007

Observations 16 16 16 16

R%/ Rzadj 0.728 / 0.686 0.716 / 0.672 0.730 / 0.689 0.744 / 0.705

AIC —10.024 —9.300 —10.142 —11.011

crop fields with a smaller core area (edge was defined as a 20-m buffer
from the patch boundary; Figs. 3a, d). Core area shrinks as patch size
decreases and/or as patch shape complexity increases; either of these
will result in a landscape with more field edge habitats relative to field
interiors. Since natural enemies find overwintering structures, alter-
native prey, nectar resources, and shelter in other habitats near crop
fields (Landis et al. 2000, Herse et al., 2018), landscapes with more
edge habitats could provide more spillover of natural enemies into
crops. These landscapes could also be more hospitable to natural ene-
mies due to complementation effects (Dunning et al., 1992; Reiss et al.,
2009). We also note that in our study, the relationship between pest
suppression and core area of crop fields was shaped in part by data from
a single site (Fig. 3a), but without this point, the direction of the effect
would be unchanged.

Pest suppression in Michigan also increased with total edge contrast
between annual crops and other cover types at 500 m (Fig. 3e), parti-
cularly when annual crop patches in the landscape shared more edges
with adjacent grasslands. This is consistent with previous findings of
the importance of grassland habitats (e.g., Werling et al., 2014) and
suggests their usefulness as reservoirs of natural enemies may be
highest when they are directly adjacent to annual crops. Along the same
lines, pest suppression rates in Michigan were also higher in landscapes
with a higher grassland-edge density at 250 m (Fig. 3b). Finally, pest
suppression rates were lower in landscapes with grassland patches
made up of complex shapes (i.e., higher when grassland shapes were
more compact at 250 m; Fig. 3c), suggesting that grasslands with
simpler shapes may be more effective reservoirs of natural enemies.

Pest suppression in Wisconsin responded to surrounding landscapes
differently from that in Michigan. First, it was higher when landscapes
contained higher field density at 250 m (Figs. 3f-g). A higher field
density indicates smaller field sizes, which is in line with recent evi-
dence that decreasing crop field sizes can benefit within-field biodi-
versity and the provision of ecosystem services such as pest suppression
(Fahrig et al., 2015; Sirami et al., 2019). Second, pest suppression was
higher when landscapes contained grassland patches with a larger core
area, also at a scale of 250 m. Large grassland patches may provide
better habitat for taxa that favor core habitat and then spill over into
other habitat patches. Overall, the important configuration metrics and
respective models that predict pest suppression were diverse and varied
between the two states. We suspect that these differences are due to the
two states having rather distinct physical geographies, farming prac-
tices, and landscape structures. For example, the landscapes we in-
vestigated differed strongly between the two states in terms of amount
of grassland (MI: 10.01 = 22.06 %; WI: 32.18 + 15.42 %) and forest
(MI: 34.09 = 22.12 %; WI: 13.90 + 15.38 %).

This illustrates the importance of region-specific landscape contexts

in predicting how landscape heterogeneity affects natural enemy
communities and the provision of pest suppression services.

4.4. Conclusions and management implications

Our results add to a body of knowledge that could inform the design
of agricultural landscapes to maximize biodiversity and ecosystem
services (Geertsema et al., 2016; Landis, 2016). The adoption of bioe-
nergy cropping systems in many regions, including the Midwest U.S., is
expected to drive large-scale changes in landscape composition and
configuration (Wright and Wimberly, 2013). Previous work in this
system has indicated that the addition of perennial polycultures of
biomass crops onto marginal lands has the highest potential to increase
multiple ecosystem services (Robertson et al., 2017; Landis et al.,
2018), while increasing the cover of annual bioenergy crops would
likely have the opposite effect (Werling et al., 2014). In this study, we
found evidence for the benefits of increased configurational hetero-
geneity; thus, the adoption of bioenergy cropping systems is an op-
portunity to reconfigure landscapes more favorably. Recent advances in
yield mapping in combination with remotely-sensed data allow farmers
to identify portions of crop fields that consistently underperform in
terms of yield and account for the greatest amount of nitrogen loss from
Midwestern cropping systems (Basso et al., 2019). Implementing pre-
cision conservation practices on consistently low yielding portions of
annual crop fields has the potential to increase both profitability and
environmental outcomes (Capmourteres et al., 2018). Where low-
yielding zones occur inside annual crop fields, conversion of these areas
to perennial crops would enhance configurational complexity in agri-
cultural landscapes, and benefit pest suppression services.

Despite our increasing knowledge of the effects of landscape con-
figuration on pest suppression and other ecosystem services such as
pollination (Isaacs and Kirk, 2010; Ekroos et al., 2016), we still know
little about the mechanisms that drive these patterns. Additional re-
search that focuses on manipulative experiments to test mechanistic
hypotheses is needed to establish these relationships. In addition,
landscape structure is likely to affect several ecosystem services si-
multaneously. Future studies could test how suites of ecosystem ser-
vices — including pest suppression, pollination, denitrification, and
others - are affected by changes in landscape configuration (Haberman
and Bennett, 2019).
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Fig. 3. The Linear regressions of pest suppression and important landscape metrics in the final models (Tables 3-4). The solid line represents the regression line, the
shaded area denotes 95 % confidence interval, dots in circle represent corn fields and triangle for grassland. The land cover types were added in parentheses after
metric abbreviations. Metric abbreviations: CAIAM - area-weighted mean core area index, CAIMN — mean core area index, CIRCLEMN - mean related circumscribing
circle index, CWED - contrast-weighted edge density, PLAND - percentage of land cover types, TECI - total edge contrast index.

influence the work reported in this paper.

Acknowledgements

We thank Timothy D. Meehan for providing the field data. This

University AgBioResearch.

Appendix A. Supplementary data

Supplementary material related to this article can be found, in the

work was supported by the Great Lakes Bioenergy Research Center, the
U.S. Department of Energy, Office of Science, Office of Biological and References
Environmental Research [Award DE-SC0018409]; by the National

Science Foundation Long-term Ecological Research Program [DEB
1832042] at the Kellogg Biological Station; and by Michigan State

online version, at doi:https://doi.org/10.1016/j.agee.2020.107085.

Aristizébal, N., Metzger, J.P., 2019. Landscape structure regulates pest control provided
by ants in sun coffee farms. J. Appl. Ecol. 56 (1), 21-30. https://doi.org/10.1111/


https://doi.org/10.1016/j.agee.2020.107085
https://doi.org/10.1111/1365-2664.13283

Y. Zhang, et al.

1365-2664.13283.

Bailey, D., Schmidt-Entling, M.H., Eberhart, P., Herrmann, J.D., Hofer, G., Kormann, U.,
Herzog, F., 2010. Effects of habitat amount and isolation on biodiversity in frag-
mented traditional orchards. J. Appl. Ecol. 47 (5), 1003-1013. https://doi.org/10.
1111/j.1365-2664.2010.01858.x.

Barton, K., 2018. MuMIn: Multi-model Inference. R Package Version 1.42.1. [WWW
Document]. URL https://cran.r-project.org/package = MuMIn (Accessed 23 July
2018). .

Basso, B., Shuai, G., Zhang, J., Robertson, G.P., 2019. Yield stability analysis reveals
sources of large-scale nitrogen loss from the US Midwest. Sci. Rep. 9, 5774. https://
doi.org/10.1038/541598-019-42271-1.

Bengtsson, J., Bullock, J.M., Egoh, B., Everson, C., Everson, T., O’Connor, T., O’Farrell,
P.J., Smith, H.G., Lindborg, R., 2019. Grasslands—more important for ecosystem
services than you might think. Ecosphere 10 (2), e02582. https://doi.org/10.1002/
ecs2.2582.

Berger, J.S., Birkhofer, K., Hanson, H.I., Hedlund, K., 2018. Landscape configuration af-
fects herbivore-parasitoid communities in oilseed rape. J. Pest Sci. 91 (3),
1093-1105. https://doi.org/10.1007/s10340-018-0965-1.

Capmourteres, V., Adams, J., Berg, A., Fraser, E., Swanton, C., Anand, M., 2018. Precision
conservation meets precision agriculture: a case study from southern Ontario. Agric.
Syst. 167, 176-185. https://doi.org/10.1016/j.agsy.2018.09.011.

Chiavacci, S.J., Benson, T.J., Ward, M.P., 2018. Linking landscape composition to pre-
dator-specific nest predation requires examining multiple landscape scales. J. Appl.
Ecol. 55 (4), 2082-2092. https://doi.org/10.1111/1365-2664.13090.

Dainese, M., Martin, E.A., Aizen, M.A., Albrecht, M., Bartomeus, 1., Bommarco, R., et al.,
2019. A global synthesis reveals biodiversity-mediated benefits for crop production.
Sci. Adv. 5 (10), eaax0121. https://doi.org/10.1126/sciadv.aax0121.

Dominik, C., Seppelt, R., Horgan, F.G., Settele, J., Vaclavik, T., 2018. Landscape com-
position, configuration, and trophic interactions shape arthropod communities in rice
agroecosystems. J. Appl. Ecol. 55 (5), 2461-2472. https://doi.org/10.1111/1365-
2664.13226.

Dunning, J.B., Danielson, B.J., Pulliam, H.R., 1992. Ecological processes that affect po-
pulations in complex landscapes. Oikos 169-175. https://doi.org/10.2307/3544901.

Dyer, L.E., Landis, D.A., 1997. Influence of noncrop habitats on the distribution of
Eriborus terebrans (Hymenoptera: Ichneumonidae) in cornfields. Environ. Entomol.
26 (4), 924-932. https://doi.org/10.1093/ee/26.4.924.

Ekroos, J., Odman, A.M., Andersson, G.K.S., Birkhofer, K., Herbertsson, L., Klatt, B.K.,
Olsson, O., Olsson, P.A., Persson, A.S., Prentice, H.C., Rundlof, M., Smith, H.G., 2016.
Sparing land for biodiversity at multiple spatial scales. Front. Ecol. Evol. 3, 145.
https://doi.org/10.3389/fevo.2015.00145.

Fahrig, L., Baudry, J., Brotons, L., Burel, F.G., Crist, T.O., Fuller, R.J., Sirami, C.,
Siriwardena, G.M., Martin, J.L., 2011. Functional landscape heterogeneity and an-
imal biodiversity in agricultural landscapes. Ecol. Lett. 14, 101-112. https://doi.org/
10.1111/j.1461-0248.2010.01559.x.

Fahrig, L., Girard, J., Duro, D., Pasher, J., Smith, A., Javorek, S., King, D., Lindsay, K.F.,
Mitchell, S., Tischendorf, L., 2015. Farmlands with smaller crop fields have higher
within-field biodiversity. Agric. Ecosyst. Environ. 200, 219-234. https://doi.org/10.
1016/j.agee.2014.11.018.

FAO, 2019. World Food and Agriculture — Statistical Pocketbook 2019. Rome.

Gagic, V., Marcora, A., Howie, L., 2019. Additive and interactive effects of pollination and
biological pest control on crop yield. J. Appl. Ecol. 56 (11), 2528-2535. https://doi.
org/10.1111/1365-2664.13482.

Gallé, R., Csészér, P., Makra, T., Gallé-Szpisjak, N., Ladanyi, Z., Torma, A., Ingle, K.,
Szilassi, P., 2018. Small-scale agricultural landscapes promote spider and ground
beetle densities by offering suitable overwintering sites. Landsc. Ecol. 33 (8),
1435-1446. https://doi.org/10.1007/s10980-018-0677-1.

Gardiner, M.M., Landis, D.A., Gratton, C., DiFonzo, C.D., O’Neal, M., Chacon, J.M., Wayo,
M.T., Schmidt, N.P., Mueller, E.E., Heimpel, G.E., 2009. Landscape diversity en-
hances biological control of an introduced crop pest in the north-central USA. Ecol.
Appl. 19 (1), 143-154. https://doi.org/10.1890/07-1265.1.

Geertsema, W., Rossing, W.A., Landis, D.A., Bianchi, F.J., Van Rijn, P.C., Schaminée, J.H.,
Tscharntke, T., Van Der Werf, W., 2016. Actionable knowledge for ecological in-
tensification of agriculture. Front. Ecol. Environ. 14 (4), 209-216. https://doi.org/
10.1002/fee.1258.

Grab, H., Danforth, B., Poveda, K., Loeb, G., 2018. Landscape simplification reduces
classical biological control and crop yield. Ecol. Appl. 28 (2), 348-355. https://doi.
org/10.1002/eap.1651.

Haan, N.L., Zhang, Y., Landis, D.A., 2019. Predicting landscape configuration effects on
agricultural pest suppression. Trends Ecol. Evol. 35 (2), 175-186. https://doi.org/10.
1016/j.tree.2019.10.003.

Haberman, D., Bennett, E.M., 2019. Ecosystem service bundles in global hinterlands.
Environ. Res. Lett. 14 (8), 084005. https://doi.org/10.1088/1748-9326/ab26f7.
Herse, M.R., With, K.A., Boyle, W.A., 2018. The importance of core habitat for a threa-
tened species in changing landscapes. J. Appl. Ecol. 55 (5), 2241-2252. https://doi.

org/10.1111/1365-2664.13234.

Isaacs, R., Kirk, A.K., 2010. Pollination services provided to small and large highbush
blueberry fields by wild and managed bees. J. Appl. Ecol. 47 (4), 841-849. https://
doi.org/10.1111/j.1365-2664.2010.01823.x.

Jackson, N.D., Fahrig, L., 2014. Landscape context affects genetic diversity at a much
larger spatial extent than population abundance. Ecology 95 (4), 871-881. https://
doi.org/10.1890,/13-0388.1.

Karp, D.S., Chaplin-Kramer, R., Meehan, T.D., Martin, E.A., DeClerck, F., Grab, H., et al.,
2018. Crop pests and predators exhibit inconsistent responses to surrounding land-
scape composition. Proc. Natl. Acad. Sci. 115 (33), E7863-E7870. https://doi.org/
10.1073/pnas.1800042115.

Kupfer, Ja, 2012. Landscape ecology and biogeography: rethinking landscape metrics in a

Agriculture, Ecosystems and Environment 302 (2020) 107085

post-FRAGSTATS landscape. Prog. Phys. Geogr. 36 (3), 400-420. https://doi.org/10.
1177/0309133312439594.

Landis, D.A., 2016. Designing agricultural landscapes for biodiversity-based ecosystem
services. Basic Appl. Ecol. 18, 1-12. https://doi.org/10.1016/j.baae.2016.07.005.

Landis, D.A., Gratton, C., Jackson, R.D., Gross, K.L., Duncan, D.S., Liang, C., Meehan,
T.D., Robertson, B.A., Schmidt, T.M., Stahlheber, K.A., Tiedje, J.M., Werling, B.P.,
2018. Biomass and biofuel crop effects on biodiversity and ecosystem services in the
North Central US. Biomass Bioenergy 114, 18-29. https://doi.org/10.1016/J.
BIOMBIOE.2017.02.003.

Langfelder, P., Horvath, S., 2008. WGCNA: an R package for weighted correlation net-
work analysis. BMC Bioinformatics 9, 559. https://doi.org/10.1186,/1471-2105-9-
559.

Li, H., Wu, J., 2004. Use and misuse of landscape indices. Landsc. Ecol. 19 (4), 389-399.
https://doi.org/10.1023/B:LAND.0000030441.15628.d6.

Martin, A.E., Fahrig, L., 2012. Measuring and selecting scales of effect for landscape
predictors in species-habitat models. Ecol. Appl. 22 (8), 2277-2292. https://doi.org/
10.1890/11-2224.1.

Martin, E.A., Seo, B., Park, C.R., Reineking, B., Steffan-Dewenter, I., 2016. Scale-depen-
dent effects of landscape composition and configuration on natural enemy diversity,
crop herbivory, and yields. Ecol. Appl. 26 (2), 448-462. https://doi.org/10.1890/15-
0856.

Martin, E.A., Dainese, M., Clough, Y., Bildi, A., Bommarco, R., Gagic, V., et al., 2019. The
interplay of landscape composition and configuration: new pathways to manage
functional biodiversity and agroecosystem services across Europe. Ecol. Lett. 22 (7),
1083-1094. https://doi.org/10.1111/ele.13265.

McGarigal, K., Cushman, S.A., Ene, E., 2012. FRAGSTATS v4: Spatial Pattern Analysis
Program for Categorical and Continuous Maps.

Meehan, T.D., Werling, B.P., Landis, D.A., Gratton, C., 2012. Pest-suppression potential of
midwestern landscapes under contrasting bioenergy scenarios. PLoS One 7 (7),
e41728. https://doi.org/10.1371/journal.pone.0041728.

Miguet, P., Jackson, H.B., Jackson, N.D., Martin, A.E., Fahrig, L., 2016. What determines
the spatial extent of landscape effects on species? Landsc. Ecol. 31 (6), 1177-1194.
https://doi.org/10.1007/s10980-015-0314-1.

Perovié, D.J., Gamez-Virués, S., Landis, D.A., Wackers, F., Gurr, G.M., Wratten, S.D., You,
M.S., Desneux, N., 2017. Managing biological control services through multi-trophic
trait interactions: Review and guidelines for implementation at local and landscape
scales. Biol. Rev. 93 (1), 306-321. https://doi.org/10.1111/brv.12346.

Rand, T.A., Tylianakis, J.M., Tscharntke, T., 2006. Spillover edge effects: the dispersal of
agriculturally subsidized insect natural enemies into adjacent natural habitats. Ecol.
Lett. 9 (5), 603-614. https://doi.org/10.1111/j.1461-0248.2006.00911.x.

Redlich, S., Martin, E.A., Steffan-Dewenter, 1., 2018. Landscape-level crop diversity
benefits biological pest control. J. Appl. Ecol. 55 (5), 2419-2428. https://doi.org/10.
1111/1365-2664.13126.

Reiss, J., Bridle, J.R., Montoya, J.M., Woodward, G., 2009. Emerging horizons in biodi-
versity and ecosystem functioning research. Trends Ecol. Evol. 24 (9), 505-514.
https://doi.org/10.1016/J.TREE.2009.03.018.

Robertson, G.P., Hamilton, S.K., Barham, B.L., Dale, B.E., Izaurralde, R.C., Jackson, R.D.,
Landis, D.A., Swinton, S.M., Thelen, K.D., Tiedje, J.M., 2017. Cellulosic biofuel
contributions to a sustainable energy future: choices and outcomes. Science 356,
6345. https://doi.org/10.1126/science.aal2324.

Rusch, A., Chaplin-Kramer, R., Gardiner, M.M., Hawro, V., Holland, J., Landis, D., Thies,
C., Tscharntke, T., Weisser, W.W., Winqvist, C., Woltz, M., Bommarco, R., 2016.
Agricultural landscape simplification reduces natural pest control: a quantitative
synthesis. Agric. Ecosyst. Environ. 221, 198-204. https://doi.org/10.1016/j.agee.
2016.01.039.

Schiiepp, C., Uzman, D., Herzog, F., Entling, M.H., 2014. Habitat isolation affects plan-
t-herbivore-enemy interactions on cherry trees. Biol. Control 71, 56-64. https://doi.
org/10.1016/J.BIOCONTROL.2014.01.007.

Sirami, C., Gross, N., Baillod, A.B., Bertrand, C., Carrié, R., Hass, A., Henckel, L., Miguet,
P., Vuillot, C., Alignier, A., Girard, J., Batéry, P., Clough, Y., Violle, C., Giralt, D.,
Bota, G., Badenhausser, 1., Lefebvre, G., Gauffre, B., Vialatte, A., Calatayud, F., Gil-
Tena, A., Tischendorf, L., Mitchell, S., Lindsay, K., Georges, R., Hilaire, S., Recasens,
J., Solé-Senan, X.0., Robleno, L., Bosch, J., Barrientos, J.A., Ricarte, A., Marcos-
Garcia, M.A., Mifiano, J., Mathevet, R., Gibon, A., Baudry, J., Balent, G., Poulin, B.,
Burel, F., Tscharntke, T., Bretagnolle, V., Siriwardena, G., Ouin, A., Brotons, L.,
Martin, J.-L., Fahrig, L., 2019. Increasing crop heterogeneity enhances multitrophic
diversity across agricultural regions. Proc. Natl. Acad. Sci. 116 (33), 16442-16447.
https://doi.org/10.1073/pnas.1906419116.

Thies, C., Dewenter-Steffan, I., Tscharntke, T., 2003. Effects of landscape context on
herbivory and parasitism at different spatial scales. Oikos 101 (1), 18-25. https://doi.
0rg/10.1034/j.1600-0706.2003.12567 .x.

Tissier, R., Houwing-Duistermaat, J., Rodriguez-Girondo, M., 2018. Improving stability of
prediction models based on correlated omics data by using network approaches. PLoS
One 13 (2), e0192853. https://doi.org/10.1371/journal.pone.0192853.

Tscharntke, T., Klein, A.M., Kruess, A., Steffan-Dewenter, 1., Thies, C., 2005. Landscape
perspectives on agricultural intensification and biodiversity - Ecosystem service
management. Ecol. Lett. 8 (8), 857-874. https://doi.org/10.1111/j.1461-0248.2005.
00782.x.

Tscharntke, T., Tylianakis, J.M., Rand, T.A., Didham, R.K., Fahrig, L., Batéry, P.,
Bengtsson, J., Clough, Y., Crist, T.O., Dormann, C.F., Ewers, R.M., Friind, J., Holt,
R.D., Holzschuh, A., Klein, A.M., Kleijn, D., Kremen, C., Landis, D.A., Laurance, W.,
Lindenmayer, D., Scherber, C., Sodhi, N., Steffan-Dewenter, 1., Thies, C., van der
Putten, W.H., Westphal, C., 2012. Landscape moderation of biodiversity patterns and
processes - eight hypotheses. Biol. Rev. Camb. Philos. Soc. 87 (3), 661-685. https://
doi.org/10.1111/j.1469-185X.2011.00216.x.

Tscharntke, T., Karp, D.S., Chaplin-Kramer, R., Batéry, P., DeClerck, F., Gratton, C., Hunt,


https://doi.org/10.1111/1365-2664.13283
https://doi.org/10.1111/j.1365-2664.2010.01858.x
https://doi.org/10.1111/j.1365-2664.2010.01858.x
http://refhub.elsevier.com/S0167-8809(20)30271-1/sbref0015
http://refhub.elsevier.com/S0167-8809(20)30271-1/sbref0015
http://refhub.elsevier.com/S0167-8809(20)30271-1/sbref0015
https://doi.org/10.1038/s41598-019-42271-1
https://doi.org/10.1038/s41598-019-42271-1
https://doi.org/10.1002/ecs2.2582
https://doi.org/10.1002/ecs2.2582
https://doi.org/10.1007/s10340-018-0965-1
https://doi.org/10.1016/j.agsy.2018.09.011
https://doi.org/10.1111/1365-2664.13090
https://doi.org/10.1126/sciadv.aax0121
https://doi.org/10.1111/1365-2664.13226
https://doi.org/10.1111/1365-2664.13226
https://doi.org/10.2307/3544901
https://doi.org/10.1093/ee/26.4.924
https://doi.org/10.3389/fevo.2015.00145
https://doi.org/10.1111/j.1461-0248.2010.01559.x
https://doi.org/10.1111/j.1461-0248.2010.01559.x
https://doi.org/10.1016/j.agee.2014.11.018
https://doi.org/10.1016/j.agee.2014.11.018
http://refhub.elsevier.com/S0167-8809(20)30271-1/sbref0080
https://doi.org/10.1111/1365-2664.13482
https://doi.org/10.1111/1365-2664.13482
https://doi.org/10.1007/s10980-018-0677-1
https://doi.org/10.1890/07-1265.1
https://doi.org/10.1002/fee.1258
https://doi.org/10.1002/fee.1258
https://doi.org/10.1002/eap.1651
https://doi.org/10.1002/eap.1651
https://doi.org/10.1016/j.tree.2019.10.003
https://doi.org/10.1016/j.tree.2019.10.003
https://doi.org/10.1088/1748-9326/ab26f7
https://doi.org/10.1111/1365-2664.13234
https://doi.org/10.1111/1365-2664.13234
https://doi.org/10.1111/j.1365-2664.2010.01823.x
https://doi.org/10.1111/j.1365-2664.2010.01823.x
https://doi.org/10.1890/13-0388.1
https://doi.org/10.1890/13-0388.1
https://doi.org/10.1073/pnas.1800042115
https://doi.org/10.1073/pnas.1800042115
https://doi.org/10.1177/0309133312439594
https://doi.org/10.1177/0309133312439594
https://doi.org/10.1016/j.baae.2016.07.005
https://doi.org/10.1016/J.BIOMBIOE.2017.02.003
https://doi.org/10.1016/J.BIOMBIOE.2017.02.003
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1023/B:LAND.0000030441.15628.d6
https://doi.org/10.1890/11-2224.1
https://doi.org/10.1890/11-2224.1
https://doi.org/10.1890/15-0856
https://doi.org/10.1890/15-0856
https://doi.org/10.1111/ele.13265
http://refhub.elsevier.com/S0167-8809(20)30271-1/sbref0180
http://refhub.elsevier.com/S0167-8809(20)30271-1/sbref0180
https://doi.org/10.1371/journal.pone.0041728
https://doi.org/10.1007/s10980-015-0314-1
https://doi.org/10.1111/brv.12346
https://doi.org/10.1111/j.1461-0248.2006.00911.x
https://doi.org/10.1111/1365-2664.13126
https://doi.org/10.1111/1365-2664.13126
https://doi.org/10.1016/J.TREE.2009.03.018
https://doi.org/10.1126/science.aal2324
https://doi.org/10.1016/j.agee.2016.01.039
https://doi.org/10.1016/j.agee.2016.01.039
https://doi.org/10.1016/J.BIOCONTROL.2014.01.007
https://doi.org/10.1016/J.BIOCONTROL.2014.01.007
https://doi.org/10.1073/pnas.1906419116
https://doi.org/10.1034/j.1600-0706.2003.12567.x
https://doi.org/10.1034/j.1600-0706.2003.12567.x
https://doi.org/10.1371/journal.pone.0192853
https://doi.org/10.1111/j.1461-0248.2005.00782.x
https://doi.org/10.1111/j.1461-0248.2005.00782.x
https://doi.org/10.1111/j.1469-185X.2011.00216.x
https://doi.org/10.1111/j.1469-185X.2011.00216.x

Y. Zhang, et al.

L., Ives, A., Jonsson, M., Larsen, A., Martin, E.A., Martinez-Salinas, A., Meehan, T.D.,
O’Rourke, M., Poveda, K., Rosenheim, J.A., Rusch, A., Schellhorn, N., Wanger, T.C.,
Wratten, S., Zhang, W., 2016. When natural habitat fails to enhance biological pest
control — five hypotheses. Biol. Conserv. 204, 449-458. https://doi.org/10.1016/j.
biocon.2016.10.001.

Werling, B.P., Meehan, T.D., Robertson, B.A., Gratton, C., Landis, D.A., 2011. Biocontrol
potential varies with changes in biofuel-crop plant communities and landscape per-
enniality. Geb Bioenergy 3 (5), 347-359. https://doi.org/10.1111/j.1757-1707.
2011.01092.x.

Werling, B.P., Dickson, T.L., Isaacs, R., Gaines, H., Gratton, C., Gross, K.L., Liere, H.,
Malmstrom, C.M., Meehan, T.D., Ruan, L., Robertson, B.A., Robertson, G.P., Schmidt,
T.M., Schrotenboer, A.C., Teal, T.K., Wilson, J.K., Landis, D.A., 2014. Perennial

10

Agriculture, Ecosystems and Environment 302 (2020) 107085

grasslands enhance biodiversity and multiple ecosystem services in bioenergy land-
scapes. Proc. Natl. Acad. Sci. 111 (4), 1652-1657. https://doi.org/10.1073/pnas.
1309492111.

With, K.A., Crist, T.O., 1995. Critical thresholds in species’ responses to landscape
structure. Ecology 76 (8), 2446-2459. https://doi.org/10.2307/2265819.

Woltz, J.M., Isaacs, R., Landis, D.A., 2012. Landscape structure and habitat management
differentially influence insect natural enemies in an agricultural landscape. Agric.
Ecosyst. Environ. 152, 40-49. https://doi.org/10.1016/j.agee.2012.02.008.

Wright, C.K., Wimberly, M.C., 2013. Recent land use change in the Western Corn Belt
threatens grasslands and wetlands. Proc. Natl. Acad. Sci. U. S. A. 110 (10),
4134-4139. https://doi.org/10.1073/pnas.1215404110.


https://doi.org/10.1016/j.biocon.2016.10.001
https://doi.org/10.1016/j.biocon.2016.10.001
https://doi.org/10.1111/j.1757-1707.2011.01092.x
https://doi.org/10.1111/j.1757-1707.2011.01092.x
https://doi.org/10.1073/pnas.1309492111
https://doi.org/10.1073/pnas.1309492111
https://doi.org/10.2307/2265819
https://doi.org/10.1016/j.agee.2012.02.008
https://doi.org/10.1073/pnas.1215404110

	Landscape composition and configuration have scale-dependent effects on agricultural pest suppression
	Introduction
	Materials and methods
	Building land cover maps
	Quantifying landscape heterogeneity (composition and configuration)
	Identifying independent gradients of landscape heterogeneity
	Model selection

	Results
	Independent gradients of landscape heterogeneity related to pest suppression
	Effects of landscape composition vs. configuration
	Significant landscape metrics

	Discussion
	Independent gradients of landscape heterogeneity related to pest suppression
	Effects of landscape composition vs. configuration
	Significant configuration metrics
	Conclusions and management implications

	Declaration of Competing Interest
	Acknowledgements
	Supplementary data
	References




