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Spatially-Explicit Dynamically Optimal Provision of Ecosystem 
Services: An Application to Biological Control of Soybean Aphid 

 

Abstract 

This study develops and solves a spatially-explicit, stochastic, multi-year, discrete spatial-dynamic 

bioeconomic model of agro-ecosystem to incorporate various complexities with prey-predator 

biophysical processes, stochasticity, spatial heterogeneity and spillovers, and repeated decision 

processes. The suggested model, which provides the solution of Stochastic Space-Time Natural 

Enemy-adjusted Economic Threshold (SST-NEET)—the cost efficient pest density required to be 

sprayed—is designed to a unified framework that allows comparative analysis between spatially-

explicit and non-spatial models. From the comparison simulations of a grid cell synthetic 

geography, the spatially heterogeneity model produces significantly higher SST-NEET values than 

the model of spatially homogeneous or non-spatial does. This is because more spatially 

heterogeneous landscape leads to higher provision of ecosystem services and biodiversity over 

wider geographical range. This implies that increasing landscape heterogeneity is more important 

than increasing the size of natural area itself when considering non-crop habitat management, e.g., 

Conservation Practices (CPs) policies by the USDA, to take agro-ecosystem services into account. 

By adopting this SST-NEET on the landscape of Newton County, IN, we implement spatial 

optimization analyses of the net benefits of installing CPs from additional five candidate locations. 

From analytical derivations and empirical demonstrations, the locations of lower natural area 

proportion satisfy two conditions of the concavity of net benefit function—the positive marginal 

net benefit and the diminishing rate of marginal net benefit of natural area proportion. This 

concludes that the locations of lower natural area proportion has a priority to install non-crop 

habitats. 

  

Keywords: Ecosystem Services, Conservation Practices, Spatially-Explicit, Dynamic 

Optimization, Stochasticity, Economic Threshold, Soybean Aphid 
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1. Introduction 

 Economic research on optimal management of invasive species typically solves for the 

population level that is economically efficient or meets an environmental objective at minimum 

cost (Perrings et al., 2000; Pimentel, 2002). Recent advances have taken into account the spatial 

dimension of this management problem and uncertainty in the biological invasion process (Ando 

& Baylis, 2012; Bockstael, 1996; Wilen 2007). By linking biological, ecological and physical 

spatial-dynamic processes, bioeconomic models can provide insights about the level of 

management or regulatory effort, and the locations where control efforts should be applied across 

the landscape (Smith et al., 2009). However, extending dynamic optimization models to account 

for spatial heterogeneity and uncertainty results in models that are computationally intensive and 

extremely difficult to solve without expensive computing resources. Therefore, demonstrating 

feasible modeling structures and solution methods for spatial-dynamic optimization models is as 

important as solving spatially-explicit management problems and interpreting the results for 

policymakers. This paper focuses on invasive pest management in an agro-ecosystem as a 

particular type of invasive species management problem that is stochastic, dynamic and spatially 

complex.  

Economically sustainable and environmentally sound pest control in agro-ecosystems has become 

an important issue (Millennium Ecosystem Assessment Board, 2005). According to one estimate, 

$13.5 billion in losses from crop pests and approximately $120 billion of pest control expenses are 

incurred annually in the US (Pimentel et al., 2005). The most prevalent means of pest control in 

modern agriculture is the use of pesticides. However, pesticides remain a source of much debate 

because of pollution concerns, impacts on non-target species, and food safety issues. An alternative 



 

- 2 - 
 

method of pest control that relies on natural enemies (NEs) to control crop pests and requires 

farmers to provide habitat for these beneficial insects on their land is called conservation biological 

control. Habitat management is an important element of conservation biological control that aims 

to create an ecological infrastructure within the agricultural landscape capable of providing pest 

control ecosystem services that support crop production and non-market environmental benefits 

(Landis et al., 2000). Non-crop habitat for NEs of crop pests such as hedgerows and woodlots in 

the agricultural landscape typically support a higher degree of insect biodiversity that provides 

natural pest control services (Bianchi et al., 2006). The Natural Resources Conservation Service 

(NRCS, USDA) promotes many different conservation practices (CPs) designed to provide water 

quality and soil conservation benefits that also provide non-crop habitat capable of supporting 

greater insect (and wildlife) biodiversity. Two of these CPs are low diversity filter strips containing 

cool season grasses (NRCS CP-21) and moderate diversity wildlife buffers containing both native 

warm season grasses and flowering plants (NRCS CP-33). The installation of grassland patches in 

riparian areas of agricultural landscapes is expected to provide water quality enhancement and may 

support climate regulation through carbon sequestration. 

This research builds a landscape-scale agro-ecosystem model of crop development and damage, 

pest control, and management of non-crop habitat that is stochastic, dynamic and spatially-explicit. 

Prior research has dealt, at most, with two of these three sources of complexity. Crop pests and 

their NEs follow space-time biological processes that influence crop yields. Control variables 

(spraying pesticides or installation of CPs) are defined in discrete spatial units and an integer 

programming (IP) model is formulated. Pest control ecosystem services are not homogeneous over 

a typical landscape that contains crop fields, managed non-crop habitat (CPs), and unmanaged 

natural areas. Because crop growth and development are seasonal, the biophysical processes and 
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management decisions recur each year over the course of the growing season. Due to uncertain 

agro-climatic factors, some crop years are more seriously affected by pests than others. 

Investments in non-crop habitat are long-lived, with CPs supplying environmental and pest control 

ecosystem services for many years. Optimal economic management, therefore, is an inter-temporal 

problem. Taking all these complexities into account, this paper proposes and solves a stochastic, 

multi-year, discrete space-time dynamic optimization model that enables comparative analysis of 

agroecosystem management and spatial optimization studies. The proposed model is called the 

Stochastic Space-Time Natural Enemy-adjusted Economic Threshold (SST-NEET) model. This 

model extends the NEET concept suggested by Zhang and Swinton (2009) to allow for spatial 

heterogeneity, stochastic variability of crop pest and natural enemy population densities, and social 

as well as private net benefits from agro-ecosystem management.  

The proposed SST-NEET model is applied to the example of the Soybean Aphid (SBA), an 

invasive exotic species that has been relatively well studied in the biological invasion and crop 

protection literature. This study examines practical management and conservation policy 

implications while answering the following two research questions. First, does spatially-explicit 

stochastic dynamic optimization lead to more efficient solutions than non-spatial optimization?  

We implement numerical experiments over a synthetic grid-cell type geography to compare and 

solve for the optimal economic threshold for spraying pesticides in spatially-explicit, spatially 

homogeneous, and non-spatial models. The results indicate that increasing landscape 

heterogeneity contributes more to the net benefits from crop production ecosystem services than 

increasing the total natural (habitat) area. This finding is subject to the assumption of uniform 

habitat quality. Second, does taking spatial heterogeneity into account affect the optimal spatial 

locations to install non-crop habitat? Modeling the real geography of Newton County, Indiana, this 
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study finds that an important consideration for implementation of conservation policy is that 

targeting CP installation in fields with a lower proportion of surrounding natural area achieves the 

primary water quality and soil conservation objectives of the CPs studied while increasing the 

supply of valuable pest control services that spillover to the surrounding area and benefit multiple 

farms. 

2. Spatially-Explicit Models of Biological Invasion 

Bioconomic models incorporating spatially-explicit biological invasion and its management have 

been widely studied in fishery, forestry, disease epidemics, invasive species, and pest management. 

By extending Pontryagins’ Maximum Principle and by applying Hamilton-Jacobi-Bellman (HJB) 

equations, an optimal control model with continuous spatial domain is a generalized case of a 

dynamic program that requires partial differential equations (PDEs) to represent diffusion 

processes. In terms of spatial effects, PDEs are usually defined as spatial diffusion (or spatial 

spillover) equations. Brock and Xepapadeas (2004, 2008, and 2010) use diffusion equations with 

optimal control theory and derive analytical solutions. Wilen (2007) explains bio-invasion as a 

spatial-dynamic process, the use of PDEs to model the process, and summarizes the major 

applications in the applied economics literature. In renewable resource research, Sanchirico and 

Wilen (2005) propose a spatially-explicit model of bioeconomic system using differentiable spatial 

policy equations. Smith et al. (2009) adopt a PDE to model spatial diffusion and then transform it 

to a difference equation. Even though continuous spatial domain programs have proven useful in 

many biological invasion analyses, in practice we more commonly encounter discrete spatial data 

(e.g., grid cell data from remote sensing) and often consider control variables that are binary for 

individual areal units (e.g., land use, pesticide spraying). A discrete spatial (data) domain with 
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discrete controls requires a discrete optimization using an integer program (IP) rather than the 

familiar HJB approach due to implausibility of calculus-based approaches. Continued 

improvements in computational resources and solution methods have enabled a complete 

enumeration approach or algorithmic approaches like the Solving Constraint Integer Programs 

(SCIP) solver that is available to solve IPs more efficiently (Achterberg, 2009; Epanchin-Neill and 

Wilen, 2012). 

Dynamic optimization under uncertainty about spatial dispersion is another pitfall of spatially-

explicit dynamic models of biological invasion due to spatial variability of agro-climatic factors. 

Weather events, for example, are an especially important factor in the dispersal and spread of 

invasive species (Olson & Roy, 2002), and this spatial dispersion can be applied to any type of 

biophysical process if empirical parameters and biological functions are known (or assumed to be). 

In much of the literature, environmental disturbances can accelerate or slow the spread of invasive 

species. Mahul and Gohin (1999) set up the transition probability of foot-and-mouth disease 

infection status for livestock in the Brittany region of France. Ding et al. (2007) examine the spatial 

stochastic spread of rabies in raccoons. Bianchi et al. (2003) and Zhang et al. (2010) apply various 

kernel distributions to simulate spatial dispersion of NEs (lady beetles) at the farm-scale. 

Epanchin-Neill and Wilen (2012) assume a uniform dispersion probability to four neighbor cells 

to describe spatial spread of pests in a cellular automata model. And Atallah et al. (2014) give 

growth stage-specific directional probabilities to four neighbor cells. Sanchirico and Wilen (1999) 

figure out many different spatial population distributions over space using bioeconomic examples. 

In the literature on renewable resources, stochastic terms have been used to assign spatial 

heterogeneity of costs over space (Costello & Polasky, 2008; Liu et al., 2009). Due to the 

characteristic of stochastic disturbances, numerical experiments and simulation approaches are 
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generally required to derive the expected solution phases from many different possible solution 

phases that result from different stochastic processes. 

Even though the majority of the recent literature has been successfully managing stochastic and 

discrete dynamic programs, there still remain important unavoidable complexities to address when 

modeling biological control of an agro-ecosystem. Unlike other biological invasion cases, planting 

an annual crop is a repeated decision that a farmer faces rather than a continuous decision where 

invasion is a continuous concern. Because crop growth is seasonal, the biophysical processes and 

decision processes restart at the beginning of each season rather than at every point in time. Thus, 

the biological invasion in the previous season does not affect the crop growth and (necessarily) 

farmers’ behavior in the current season. When considering long-lived investments in non-crop 

habitat that is capable of supplying multiple ecosystem services, it is necessary to optimize over 

multiple or many growing seasons. In addition to this, spatial externalities or spillovers, have to 

be incorporated. Once pests or diseases occur at a certain spatial unit and it is not properly 

suppressed in a timely manner, they spread out to neighboring spatial units and affect neighbors’ 

crop fields as well. On the other hand, if an economic agent installs a CP at some cost along a crop 

field border, all neighbors around the CP experience some ecosystem services at no private cost to 

them. As Epanchin-Niell and Wilen (2014) and Fenichel et al. (2014) studied, the equilibrium in 

a model with an individual economic agent’s behavior that does not consider the non-market value 

of such positive spatial externalities, tends to result in a lower level of social welfare when a social 

planner maximizes the present value of social net benefits. 

This study fills a gap in our understanding about how to model spatial ddynamic control decisions 

and about how to evaluate the relative economic performance of non-spatial and spatially-explicit 
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optimization. This study develops a generalized modeling framework capable of handling 

stochastic spatial dynamics that allows for a clean comparison between non-spatial and spatially-

explicit bioeconomic models. The suggested model can take into account the non-market value of 

positive spatial externalities from non-crop habitat management, i.e., installation of CPs or other 

non-market benefits or costs, more generally.. 

3. Agro-ecosystem Model of Soybean Aphid 

 This study suggests and solves SST-NEET model to describe agro-ecosystem models with 

complexities. To the purpose, this study examines SBA (Aphis glycines Matsumura) as an example, 

which is an invasive exotic species that originated in Asia. SBA is reported as one of the key 

drivers of spraying pesticides when the pest is present in a soybean crop; it remains a relatively 

new threat to soybean production and its equilibrium with the soybean agro-ecosystem has not yet 

been established (Smith & Pike, 2002). SBA suppression by pesticides and pest control ecosystem 

services based upon an Economic Threshold (ET) is relatively well studied in non-spatial and 

spatially-explicit farm-level models (e.g. Bianchi & van der Werf, 2003; Zhang et al., 2010; Zhang 

& Swinton, 2009 and 2012). Therefore, we can test the validity of the suggested model by 

comparing the stochastic spatially explicit ET solved for in this study to the ETs from previous 

studies.   

3.1. Soybean Aphid and Economic Threshold 

The ET is the population density at which control action should be initiated to prevent an increasing 

pest population from reaching the economic injury level (EIL) (Stern et al., 1959). For SBA, the 
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generally accepted ET number for SBA is 250 aphids per plant1. Ragsdale et al. (2007) determine 

the EIL and derive an ET of 273 ± 38 aphids per plant based on field conditions. McCarville et al. 

(2011) perform cage exclusion experiments that also support the ET of 250 aphids per plant. Zhang 

and Swinton (2009) develop an intra-seasonal dynamic bioeconomic optimization model that 

integrates prey-predator population dynamics of SBA and NEs and introduce the Natural Enemy-

adjusted Economic Threshold (NEET) concept. They originally state that 140 aphids per plants is 

a break-even NEET; yet, they perform additional analysis in their follow-up study (Zhang & 

Swinton, 2012) by changing the conditions given in the previous study. They show that the NEET 

can vary widely based on different market conditions and exogenously determined parameters. 

Table 1 shows the different SBA thresholds from the literature for management based on the 

traditional ET concept and the NEET. 

< Table 1 > about here 

The presented models in Table 1 are based on a single growing season without stochastic 

considerations. The ET in Ragsdale et al. (2007) and McCarville et al. (2011) are the EIL-based 

ET for a single growing season without considering space or stochasticity; Zhang and Swinton 

(2009, 2012) adopt the NEET approach, yet, also exclude spatial externalities and the stochastic 

nature of ‘aphid years’ from their model. Zhang et al. (2010) consider farm-scale NE habitat 

management and pesticide use based on natural enemy population dynamics. The purpose of the 

2010 study is to determine whether alteration of the farm landscape composition can supply NEs 

to cost-effectively suppress SBA. They divide the synthetic grid cell geography into monoculture 

                                                           
1 The North Central Soybean Research Program (NCSRP) recommends to spray pesticides if the average SBA density 
exceeds 250 aphids per plant over 20-30 sample plants covering 80% of the field area. 
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soybean fields and non-crop natural enemy habitat. The initial distributions of NEs are given as 

fixed constants and then they simulate deterministic spatial dispersion of NEs from non-crop 

habitat to adjacent soybean fields without considering any spatial spillovers between farms. . In 

this study, we suggest a generalized model that relaxes the deterministic and homogeneous spatial 

prey-predator dynamics of SBA and NEs in the previous literature summarized in Table 1.  

3.2. Suggested Agro-ecosystem Dynamic Optimization Model: SST-NEET 

Zhang and Swinton (2009) develop a bioeconomic optimization model of intra-seasonal dynamics 

that integrates prey-predator population dynamics of SBA and NEs. They assume that a single 

farmer wants to maximize profit from soybean production for a single soybean season, and the 

optimal timing of spraying (𝑥𝑥𝑡𝑡 ∈ [0,1]) can be determined by the following optimization model. 

max
𝑥𝑥𝑡𝑡

�𝑝𝑝 ∙ 𝑦𝑦𝑇𝑇 −�𝑐𝑐(𝑥𝑥𝑡𝑡)
𝑇𝑇−2

𝑡𝑡=1

�                                                                                                                             (1) 

Subject to: 

        𝑦𝑦𝑡𝑡+1 = 𝑓𝑓(𝑦𝑦𝑡𝑡,𝐴𝐴𝑡𝑡)                 and        𝑦𝑦1 = 𝑦𝑦0, t = 1,⋯ , T − 1 

        𝐴𝐴𝑡𝑡+1 = 𝑔𝑔(𝑥𝑥𝑡𝑡,𝐴𝐴𝑡𝑡 ,𝐸𝐸𝑡𝑡)      t = 1,⋯ , T − 2     

        𝐸𝐸𝑡𝑡+1 = ℎ(𝑥𝑥𝑡𝑡,𝐴𝐴𝑡𝑡 ,𝐸𝐸𝑡𝑡)      t = 1,⋯ , T − 3  

where 𝑡𝑡 is reproductive growth stage for a single soybean growing season from t=1 to T (harvest). 

The objective is to maximize profit from soybean production: total revenue (soybean price, 𝑝𝑝 × 

soybean harvest, 𝑦𝑦𝑇𝑇) minus total cost of controlling SBA, ∑ 𝑐𝑐(𝑥𝑥𝑡𝑡)𝑇𝑇−2
𝑡𝑡=1 . The solution to problem (1) 

implies a spraying rule or ET. The state variable 𝑦𝑦𝑡𝑡 denotes the yield potential at time 𝑡𝑡, which 

captures changes in yield potential as a result of plant damage due to pest injury, population density 

of SBA (𝐴𝐴𝑡𝑡) at time period 𝑡𝑡, and 𝐸𝐸𝑡𝑡 indicates the population of NEs at time period 𝑡𝑡. The NEET 
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model (1) is a discrete farm-level spatial dynamic optimization model including biological 

processes. It, however, does not include multi-year dynamics, spatial spillovers across farms, 

uncertainty, or all of these complexities simultaneously. 

The methodological contribution of this study is to construct a modeling framework capable of 

simultaneously handling the complexities of stochasticity and spatial-dynamic processes that are 

present in reality. Four extensions of the previous literature are necessary to reflect the nature of 

investments in non-crop habitat and the complexity of the jointly-determined system. By 

integrating these complexities we extend the NEET model in Zhang and Swinton (2009, p. 1317.). 

< Figure 1 > about here 

Figure 1 is a diagram of the proposed stochastic spatial-dynamic decision-making process over all 

of the possible timings t for spraying soybean field 𝑠𝑠 during the 𝑘𝑘-th growing season, where the 

sub-season time steps are the reproductive stages, from R1 to R5, of the soybean plants2. Thus, the 

sequential decision over the course of each growing season is whether or not to spray for SBA at 

each growth stage. If we aggregate this decision process for all soybean fields (𝑠𝑠 = 1,⋯ , 𝑆𝑆) and 

annual sequence (𝑘𝑘 = 1,⋯ ,𝐾𝐾), then this process describes a social planner’s multi-year spatial 

optimization process. 

Figure 1 includes interaction between spraying and prey (𝐴𝐴) – predator (𝐸𝐸) population dynamics, 

where NEs prey upon SBA, which feeds on soybean affecting yield potential (𝑌𝑌). While the main 

habitat of crop pests is crop fields, the major habitats of NEs are non-crop fields or natural areas 

                                                           
2 Soybean growth stages are mainly classified as two stages: Vegetation and Reproduction stage. Zhang and Swinton’s 
(2009) model, equation (1) assumes that SBA damages are limited to Reproductive stage from R1 to R5. Detailed 
soybean growth stage is described at Purdue Soybean Station (http://www.agry.purdue.edu/ext/soybean/).  
 

http://www.agry.purdue.edu/ext/soybean/
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such as prairie, forest, river corridor, or hedgerows. Based on the biological process of prey-

predator, NEs only venture into crop fields to find food sources. In the case of SBA, stochastic 

initial arrivals (A0 in Figure 1) rather than their movements determine their spatial dispersion. SBA 

itself has a short life cycle of less than 15 days for a breeding period and the extent of its movement 

is generally limited to a very narrow spatial area around a soybean plant where it arrives initially. 

Its natural enemies, however, have much greater spatial mobility. A representative natural enemy, 

lady beetles, travels an average of 2.5 km around its habitat (Gardiner et al., 2009; Koh et al., 

2013). Thus, if there are more natural areas within a 2.5 km  radius of the 𝑠𝑠-th soybean field, the 

soybean field has a higher probability of having more NEs that provide pest control ecosystem 

services. This reflects the spatial heterogeneity of the landscape composition and the spatial 

spillover of NEs to nearby locations. Before the reproductive stage (𝑅𝑅0 in Figure 1), the initial 

arrivals of SBA to a soybean field are determined by temperature, westerlies and other 

environmental disturbances that remain poorly understood. Since the length of growth stage 𝑅𝑅0 

affects the population dynamics of SBA as well, daily arrivals of SBA and the length of 𝑅𝑅0 

determines the abundance of SBA at 𝑅𝑅1. Thus, 𝐴𝐴0 and  𝐴𝐴1 are modeled as stochastic processes. 

The initial appearance of NEs in a soybean field is highly dependent on their chance of finding 

their food source in the given field. Thus, the initial appearance of NEs is a random event 𝐸𝐸1 at 𝑅𝑅1. 

Once the initial populations are realized, both SBAs and their NEs follow the specified prey - 

predator dynamics.       

Based upon the intra-seasonal optimization process in Figure 1, the multi-year extension to the 

stochastic spatial-dynamic model to solve for the SST-NEET is given by: 
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Argmax
𝑆𝑆𝑆𝑆𝑇𝑇−𝑁𝑁𝑁𝑁𝑁𝑁𝑇𝑇

� ��𝜏𝜏𝑘𝑘−1 �𝑝𝑝0 ∙ 𝑦𝑦𝑇𝑇,𝑘𝑘,𝑠𝑠 −�𝑐𝑐�𝑥𝑥𝑘𝑘,𝑠𝑠,𝑡𝑡�
𝑇𝑇−2

𝑡𝑡=1

� ∙ 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑠𝑠

𝑆𝑆

𝑠𝑠=1

�
𝐾𝐾

𝑘𝑘=1

                                                          (2)   

Subject to: 

        𝑦𝑦𝑘𝑘,𝑠𝑠,𝑡𝑡+1 = 𝑓𝑓(𝑦𝑦𝑘𝑘,𝑠𝑠,𝑡𝑡,𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡)                                    t = 1,⋯ ,5,T 

        𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡+1 = 𝑔𝑔(𝑥𝑥𝑘𝑘,𝑠𝑠,𝑡𝑡,𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡,𝐸𝐸𝑘𝑘,𝑠𝑠,𝑡𝑡)                        t = 1,2,3,4   

        𝐸𝐸𝑘𝑘,𝑠𝑠,𝑡𝑡+1 = ℎ(𝑁𝑁𝑘𝑘,𝑠𝑠, 𝑥𝑥𝑘𝑘,𝑠𝑠,𝑡𝑡,𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡,𝐸𝐸𝑘𝑘,𝑠𝑠,𝑡𝑡)          t = 1,2,3 

        𝑥𝑥𝑘𝑘,𝑠𝑠,𝑡𝑡 = 𝐼𝐼�𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡
0  ≥ 𝑆𝑆𝑆𝑆𝑆𝑆-𝑁𝑁𝐸𝐸𝐸𝐸𝑆𝑆  𝑜𝑜𝐴𝐴   𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡+1

0 ≥  𝑆𝑆𝑆𝑆𝑆𝑆-𝑁𝑁𝐸𝐸𝐸𝐸𝑆𝑆�    t = 1,2,3,4 

Initial Conditions (ICs): 

        𝐴𝐴𝑘𝑘,𝑠𝑠,0
𝑑𝑑𝑘𝑘 ~𝑃𝑃𝑜𝑜𝑖𝑖𝑠𝑠𝑠𝑠𝑜𝑜𝑖𝑖 (𝜆𝜆)  and 𝐴𝐴𝑘𝑘,𝑠𝑠,1 = ∑ 𝐽𝐽(𝐴𝐴𝑘𝑘,𝑠𝑠,0

𝑑𝑑𝑘𝑘 )𝐷𝐷𝑘𝑘
𝑑𝑑𝑘𝑘=1  

        𝐸𝐸𝑘𝑘,𝑠𝑠,1~𝐵𝐵𝐴𝐴𝐴𝐴𝑖𝑖𝑜𝑜𝐵𝐵𝐵𝐵𝐵𝐵𝑖𝑖�0,𝑁𝑁𝑘𝑘,𝑠𝑠�.  

The state variables in model (2), potential yield (𝑦𝑦𝑘𝑘,𝑠𝑠,𝑡𝑡), SBA population density (𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡), natural 

enemy density ( 𝐸𝐸𝑘𝑘,𝑠𝑠,𝑡𝑡 ) and 𝑥𝑥𝑘𝑘,𝑠𝑠,𝑡𝑡 , have subscripts for year ( 𝑘𝑘 = 1,⋯ ,𝐾𝐾) , intra-seasonal 

reproductive stage (𝑡𝑡 = 1,⋯ ,5,𝑆𝑆 =harvest) in year 𝑘𝑘 and soybean field (𝑠𝑠 = 1,⋯ , 𝑆𝑆). The value 

function is discounted annually by discount factor (𝜏𝜏). The NEs equation of motion is a function 

of the natural area proportion (𝑁𝑁𝑘𝑘,𝑠𝑠)3 and captures the spatial spillover across fields based on the 

landscape composition. The initial distribution of NE population density (𝐸𝐸𝑘𝑘,𝑠𝑠,1) is assumed to 

follow the Bernoulli distribution whereas the initial distribution of SBA population density (𝐴𝐴𝑘𝑘,𝑠𝑠,0) 

is presumed to follow the Poisson distribution. The distributions assumed were selected based on 

the characteristics of each random event4. Before describing the prey - predator system, it is 

noteworthy that the initial arrivals of SBA have an additional complex stochastic process for the 

                                                           
3 Natural area proportion (𝑁𝑁𝑘𝑘,𝑠𝑠) does not vary within a growing season. Thus, it does not contain a reproductive stage 
subscript (𝑡𝑡). 
4 As discussed earlier, the initial appearance of NEs depends on their food sources and thus, it is given as a pure 
random process for each soybean field. In the case of SBA, their initial arrivals are largely determined by westerlies 
and temperature. This is an exemplary case of a Poisson point process. 
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𝑅𝑅0 period. If the first arrival of SBA happens on day 1 in year 𝑘𝑘 (𝑑𝑑𝑘𝑘 = 1), the SBA starts producing 

the next generation of offspring according to reproduction function 𝐽𝐽(∙). The same processes are 

repeated a day before 𝑅𝑅1  stage (𝐷𝐷𝑘𝑘 ). Thus, the initial distribution of SBA density at 𝑅𝑅1 is 

determined by the summation of all daily arrivals and subsequent reproduction for the entire 𝑅𝑅0 

stage. For the reproductive stages from 𝑅𝑅1 to 𝑅𝑅5, the natural enemy and SBA population densities 

are governed by the given prey-predator dynamics. 

 The SST-NEET model (2) has two different variable definitions from Model (1). The first 

is that the pesticide spraying decision 𝑥𝑥𝑘𝑘,𝑠𝑠,𝑡𝑡 is not a control variable but instead is defined as a state 

variable through a behavioral equation 𝐼𝐼[∙], which is the indicator function. The addition of this 

behavioral equation is to reflect the reality of the limited information on SBA population density. 

Under Zhang and Swinton’s (2009) assumption of Model (1), the producer can observe complete 

dynamics of population density of SBA with/without spraying for a whole growing season and can 

choose the optimal spraying timing. The producer’s foremost objective is to make spraying 

decisions to maximize profit. In reality, however, producers can spray insecticides when the 

scouting density or the expected density without spraying exceeds the SST-NEET that is the 

solution to Model (2). In this way, the SST threshold determines whether or not to spray based on 

the population density of SBA (𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡
0 ) at the beginning of a reproductive stage or when the 

population density of SBA without spraying at the end of a reproductive stage (𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡+1
0 ) is expected 

to exceed the chosen SST-NEET. Therefore, Model (2) is arguably more realistic than Model (1) 

because it takes into account the incomplete information that the producer has about SBA 

occurrence and density. 
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 Another difference between Model (2) and Model (1) is that the control variable of Model 

(2) is defined by SST-NEET rather than spraying decision (𝑥𝑥𝑡𝑡). By iteratively changing the control 

variable, we numerically solve for the threshold that maximizes profit and can compare the NEET 

solutions from non-spatial and spatially-explicit models by restricting the spatial detail in Model 

(2). Table 2 summarizes conditions and the more restrictive models derived from Model (2). 

< Table 2 > about here 

Spatial heterogeneity in pest control models can be spatially varying population densities of pests 

or NEs, land composition, control costs and etc. In this study, the spatially varying initial 

population density of SBA and its NEs are adopted to facilitate comparison of multiple sources od 

spatial heterogeneity across a landscape. Because land composition is reflected by natural area 

proportion (𝑁𝑁𝑘𝑘,𝑠𝑠), geographical heterogeneity is given in the same way in Bianchi and van der 

Werf (2003) and Zhang et al. (2010). If we assume that there is no spatially varying initial 

population density of SBA and its NEs (𝐴𝐴𝑘𝑘,1 and 𝐸𝐸𝑘𝑘,1), Model (2) is reduced to a homogenous 

spatial model. Non-spatial models do not account fro any spatial spillovers or spatial heterogeneity 

in the optimization process. Imposing a further restriction on the homogeneous space model by 

setting as the spatial spillover parameter equal to zero (γ = 0), breaks the link to the natural area 

proportion (𝑁𝑁𝑘𝑘,𝑠𝑠) in Model (2). Because the most comparable studies (Zhang & Swinton, 2009 and 

2012) to the spatially-explicit models (heterogeneous and homogenous space models) we consider 

maximize the profit/ha, we calculate the average of total profit over the entire harvested area from 

the two spatially-explicit models to compare the economic outcomes from different spatial models.  

3.3. Empirical Model Specification of SST-NEET 
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 The conceptual SST-NEET model can be numerically applied to the SBA management 

problem by extending the empirical model of Zhang and Swinton (2009, 2012) to include the SST 

complexities. The empirical model adopted for SBA example is given as: 

Argmax
𝑆𝑆𝑆𝑆𝑇𝑇−𝑁𝑁𝑁𝑁𝑁𝑁𝑇𝑇

� ��𝜏𝜏𝑘𝑘−1 �𝑝𝑝0 ∙ 𝑦𝑦𝑇𝑇𝑘𝑘,𝑠𝑠 − 4𝑐𝑐1 −�𝑐𝑐2𝑥𝑥𝑘𝑘,𝑠𝑠,𝑡𝑡

𝑇𝑇−2

𝑡𝑡=1

�
𝑆𝑆

𝑠𝑠=1

∙ 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑠𝑠�
𝐾𝐾

𝑘𝑘=1

                                                  (3)  

Subject to: 

 𝑦𝑦𝑘𝑘,𝑠𝑠,𝑡𝑡+1 = 𝑦𝑦𝑘𝑘,𝑠𝑠,𝑡𝑡 �1 − ŋ𝑡𝑡∙𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡
1+ŋ𝑡𝑡∙𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡

�                                     t = 1,⋯ ,5, T 

𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡+1 = (1 + 𝑖𝑖𝑔𝑔𝑡𝑡)�𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡 − ƙ ∙ 𝑥𝑥𝑘𝑘,𝑠𝑠,𝑡𝑡 ∙ 𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡� − 𝑝𝑝𝐴𝐴𝑡𝑡(𝐸𝐸𝑘𝑘,𝑠𝑠,𝑡𝑡 − ƙ ∙ 𝑥𝑥𝑘𝑘,𝑠𝑠,𝑡𝑡 ∙ 𝐸𝐸𝑘𝑘,𝑠𝑠,𝑡𝑡)   t = 1,2,3,4 

𝐸𝐸𝑘𝑘,𝑠𝑠,𝑡𝑡+1 = 𝛾𝛾𝑁𝑁𝑘𝑘,𝑠𝑠 + (1 + 𝑑𝑑)�𝐸𝐸𝑘𝑘,𝑠𝑠,𝑡𝑡 − ƙ ∙ 𝑥𝑥𝑘𝑘,𝑠𝑠,𝑡𝑡 ∙ 𝐸𝐸𝑘𝑘,𝑠𝑠,𝑡𝑡�  

+𝑏𝑏(𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡 − ƙ ∙ 𝑥𝑥𝑘𝑘,𝑠𝑠,𝑡𝑡 ∙ 𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡)(𝐸𝐸𝑘𝑘,𝑠𝑠,𝑡𝑡 − ƙ ∙ 𝑥𝑥𝑘𝑘,𝑠𝑠,𝑡𝑡 ∙ 𝐸𝐸𝑘𝑘,𝑠𝑠,𝑡𝑡)     t = 1,2,3 

𝑥𝑥𝑘𝑘,𝑠𝑠,𝑡𝑡 = 𝐼𝐼(𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡
0  ≥ 𝑆𝑆𝑆𝑆𝑆𝑆 − 𝑁𝑁𝐸𝐸𝐸𝐸𝑆𝑆  𝑜𝑜𝐴𝐴   𝐴𝐴𝑘𝑘,𝑠𝑠,𝑡𝑡+1

0 ≥  𝑆𝑆𝑆𝑆𝑆𝑆 − 𝑁𝑁𝐸𝐸𝐸𝐸𝑆𝑆)           t = 1,2,3,4 

Initial Conditions (ICs): 

𝐴𝐴𝑘𝑘,𝑠𝑠,0
𝑑𝑑𝑘𝑘 ~𝑃𝑃𝑜𝑜𝑖𝑖𝑠𝑠𝑠𝑠𝑜𝑜𝑖𝑖 (𝜆𝜆)  and 𝐴𝐴𝑘𝑘,𝑠𝑠,1 = ∑ 𝐽𝐽(𝐴𝐴𝑘𝑘,𝑠𝑠,0

𝑑𝑑𝑘𝑘 )𝐷𝐷𝑘𝑘
𝑑𝑑𝑘𝑘=1  

𝐸𝐸𝑘𝑘,𝑠𝑠,1~𝐵𝐵𝐴𝐴𝐴𝐴𝑖𝑖𝑜𝑜𝐵𝐵𝐵𝐵𝐵𝐵𝑖𝑖(0,𝑁𝑁𝑠𝑠).  

,Field data collected by the Holland Landscape Ecology Laboratory at Purdue University 

(http://www.entm.purdue.edu/landscapeecology/) during the 2011 growing season were used5 to 

estimate some of parameters in the SST-NEET Model (3). Twenty-eight sampling points were 

selected by considering ecological land cover in Newton County, IN. The dataset includes the 

location of fifteen CPs and thirteen control sites, and counts of the SBAs and its NEs caught at 

                                                           
5 The data collection was planned and implemented as a part of the project granted by the USDA-AFRI. One of the 
project team, Koh et al. (2013), use the same dataset to analyze connectivity models of conservation biological control 
agents. 

http://www.entm.purdue.edu/landscapeecology/
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each location. The details of estimating and calibrating parameters in Model (3) are explained in 

the first section of the Supplemental Appendix6. A brief explanation and the results are in Table 3. 

< Table 3 > about here 

4. Numerical Experiments: SST-NEET of SBA 

It is rarely feasible to collect a reliable sample size to cover the whole population of an optimization 

process of pest management or other types of biological invasion. In the case of the SST-NEET 

model in this study, very long term samples are required that cover the entire study region in order 

to be able to complete a purely empirical study that considers many different random events. To 

overcome this difficulty, one of the commonly accepted solutions is a simulation based approach. 

By generating a representative virtual environment on a computer, we can repeat numerical 

experiments by conducting a vast number of different simulations to draw general conclusions and 

compare the results of . Based upon similar scenarios adopted in previous studies, we perform 

numerical experiments of the optimization process for the suggested SST-NEET model. 

4.1. Synthetic Geography 

Uniform grid cells are one of the common setups in the spatial biological invasion literature 

(Bianchi & van der Werf, 2003; Ding et al., 2007; Epanchin-Niell & Wilen, 2012; Zhang et al., 

2010). In SBA studies, Bianchi and van der Werf (2003) create 16 ha (400m × 400m) cells with a 

total of 1,600 10m × 10m grid cells. Among those, they assign 1%, 4% and 16% of total cells as 

                                                           
6 This appendix includes the results of sensitivity analysis of the suggested SST-NEET model (3) as well. Following 
the conventional rule, parameters are tested by changing ±5% and statistical estimates are tested by changing ± 1 SD. 
The results show that the SST-NEET model is not overly sensitive to the parameter changes. 
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square-shaped non-crop habitat with different levels of landscape fragmentation. The rest of the 

cells are defined as homogenous soybean fields. Utilizing the same geography in Bianchi and van 

der Werf (2003), Zhang et al. (2010) extend the size to 1600 ha (4,000m × 4,000m) with a total 

640,000 of grid cells of 5m × 5m cells. Assuming 10% natural area proportion, they assign 6,400 

cells as non-crop habitat in squares, strips and “archipelago” landscape compositions. The different 

habitat configurations are simulated separately. These studies are valuable to test NEs’ role in 

suppressing SBA over heterogeneous compositions on a single farm, this composition and scale is 

ultimately an oversimplification of a real landscape that combines squares, strips and archipelago 

shaped natural areas. Prior literature has not addressed spatial spillover benefits from non-crop 

habitats. We generate the synthetic geography shown in Figure 2 based on the farm-level habitat 

configurations in Zhang et al. (2010), excluding the within field archipelago configuration found 

to be economically unattractive for all but organic farms. 

< Figure 2 > about here 

We generate 1,600 ha area (4,000m × 4,000m) and each cell is given as 1 ha (10m × 10m) for 

calculation simplicity. Similar to Zhang et al. (2010), about 10% (159 cells) are given as natural 

areas but different shapes of non-crop habitat are assigned over one landscape: one forest (squares 

type: 81 cells), one river (strips type: 56 cells) and four hedgerows (archipelago type:  36 cells 

with four 9cells). And the other 1,441 (90%) cells are given as soybean monoculture fields. Since 

each non-crop habitat can be a part of a large natural or semi-natural areas connected to the outside 

of coordinates in Figure 2, we assign the natural area proportion (𝑁𝑁𝑘𝑘,𝑠𝑠) of each soybean field by 

using a distance decay function. From the 2011 cropland data layer (CDL) of Newton County in 

IN, the soybean fields directly connected to natural areas are given as 48% (the 90% of quartile of 
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natural area proportion from the CDL), and the other soybean fields are assigned distance decayed 

values up to 0% over ten different distance intervals between 0 and 1,000m.  

4.2. Simulation Results 

By applying the complete enumeration approaches similar to the solution paths in Zhang and 

Swinton (2009, 2012), we suggest a computationally efficient solution method. Simply describing, 

we solve the SST-NEET in Model (3) by increasing the NEET from 1 to 500 and save the optimal 

NEET number after generating two stochastic processes of initial densities of SBA and NEs. And 

we repeatedly solve the SST-NEET for 1,000 different scenarios of initial distributions of SBA 

and NEs. For the whole simulations, there are in total 36,025,000,000 calculations (=1,000 

scenarios × 50 years × 1,441 soybean fields × 500 SST-NEET).  Through HASEN-A cluster of 

Rosen Center for Advanced Computing at Purdue, 48 cores (2.3 GHz) take approximately 5.73 

days in the total elapse time. The details of the suggested solution methods are described in the 

supplemental Appendix B.     

We first implement the simulation analysis with spatially heterogeneous setup as suggested in 

Model (3). And then, by using Table 2, we perform the same simulation on spatially homogeneous 

model and non-spatial model. The SST-NEET results are shown in Figure 3. 

< Figure 3 > about here 

Two spatially-explicit models (Heterogeneous space and Homogeneous space) are maximizing the 

total profit while non-spatial model are maximizing total profit/ha. To make them comparable, we 

calculate the average total profit over the total harvest areas for 50 years in the spatially-explicit 

model. In the results of Figure 3, the optimum of spatially heterogeneous SST-NEET shows the 
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highest value (34 aphids/plant). The optima from spatially-explicit models are higher than the 

optimum of the non-spatial SST-NEET. 

 The SST-NEET in this study and the NEET in Zhang and Swinton (2009, 2012) are based 

on the soybean reproductive stage, whereas the ET in Ragsdale at al. (2007) is based on the daily 

growth stage. To make the SST-NEET, NEET, and ET comparable, we can derive the daily based 

SST-NEET by applying backward lead time daily calculation shown in Table 4. 

< Table 4 > about here 

The five-day lead time, the proxy median length among 𝑅𝑅1 to 𝑅𝑅4, the SST-NEET values in the 

non-spatial model in Table 4 can be compared to the conventional ET used today based on 

Ragsdale et al. (2008). We model a higher soybean price of $0.4643/kg (=$12.50/bu) than those 

($5.50/bu, $6.00/bu, or $6.50/bu) of Ragsdale et al. (2008), while the cost of control ($21.89/ha) 

in this study is lower than the mid-level costs of control ($24.51/ha) in the prior study. Based on 

the traditional underlying concepts of the EIL and ET, the higher soybean price leads to a lower 

ET, while the lower cost of control drives the ET higher. Considering this trend, the calculated 

daily expected SST-NEET for the non-spatial model in Table 4 is consistent with Ragsdale et al. 

(2008). The SST-NEET of 322 aphids/plant for the same lead time and almost doubled soybean 

price is higher than, but within two standard deviations of, 273±38 aphids/plant in Ragsdale et al. 

(2008). 

 From Table 4, we can see that spatially-explicit NEET models suggest a higher ET than 

that of the non-spatial model. There are large differences even among the spatially-explicit models, 

with the heterogeneous SST-NEET (457 aphids/plant) being 25% higher than the homogeneous 

SST-NEET (363 aphids/plant). Up to five days lead time, the homogeneous SST-NEET shows the 
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similar level to the non-spatial SST-NEET. Considering that the expected initial distributions of 

SBA and NEs in the heterogeneous and homogeneous models are the same for a sufficient number 

of stochastic simulations, this indicates that increasing heterogeneity over space results in more 

effective suppression of pests by ecosystem services. Since the initial distributions of SBA and 

NEs are determined by the environmental disturbance, a feasible way of utilizing the ecosystem 

services more efficiently is to increase spatial spillover effects. In terms of the policy means, this 

conclusion supports the argument where CP policies can be an effective way through the 

ecosystem services on pest control.  

To investigate cell-level performances, we set up Model (3) as a single year version with K = 1. 

We simulate the same 1,000 scenarios of initial distributions in SBAs and NEs from the previous 

analyses. Figure 4 shows the cell-level results of yield, profit, and total spray frequencies in 

spatially heterogeneous, spatially homogeneous, and non-spatial model. 

< Figure 4 > about here 

As expected, the spatially heterogeneous case shows the most spatially various results compared 

to other two cases. On the other hand, the other two cases shows spatially invariant results in yield, 

profit, and total spray frequencies even though the case of spatially homogenous setup has some 

differences between the crop-monoculure area and crop fields near the natural areas.  

Figure 5 depicts spatial distributions of total spray frequencies, yield, and profit from the same 

simulation results by the different levels of initial densities of SBA.  

< Figure 5 > about here 
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Among 1,000 simulations, we choose 25, 50 and 75 percentile of initial SBA density at 𝑅𝑅0. Each 

percentile represents lower, medium, and higher level of initial SBA density cases. All maps 

explain a consistent spatial pattern. The soybean fields near by a natural area show less spray 

frequencies, higher yield, and higher profit. Under the randomly distributed SBA densities at 𝑅𝑅0, 

this spatial pattern means that a natural area provides ecosystem services to suppress SBA by 

generating spatial spillover of NEs, and these services are stronger in the soybean fields close to 

the natural area. Crop-monoculture areas show the highest spray frequencies, the lowest yield, and 

the lowest profit—this explains that the soybean fields without ecosystem services are suffered 

more severely from yield damages by SBA, which brings about lower yields with more spray, and 

thus, lower profit. Since these spatial patterns are evidently consistent across different levels of 𝐴𝐴0, 

we can conclude that soybean fields with a higher natural area proportion benefit more from 

ecosystem services whatever the initial SBA density level is. From the performances of profit, 

yield, and spray frequencies in each ell, we can conclude that the results in Figure 4 and Figure 5 

are consistent with the generally expected micro-economic properties. The additional analyses and 

details of this conclusion can be described in the Supplemental Appendix C. 

The above results draw an important implication for CP policies. It is noteworthy that spatial 

heterogeneity in Model (3) is determined by spatially different levels of initial densities of SBA 

and NEs. The natural area proportion of each soybean field simulates spatial spillover of NEs. 

Therefore, the location of soybean fields, i.e., the proximity between a soybean field and a natural 

area is more important in taking advantage of ecosystem services rather than the land size of natural 

areas. In SBA control studies, natural enemy populations are supported by complex landscapes 

with a high proportion of natural or semi-natural vegetation (Bianchi et al., 2006; Gardiner et al., 

2009). In addition to the land composition, Koh et al. (2013) argue that habitat connectivity and 
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spatial network are a critical aspect of natural enemy abundance. With the two aspects of spatial 

heterogeneity in the simulations, and the results support the connectivity and spatial network in an 

agro-ecosystem are crucial factors to the abundance of NEs. This conclusion implies that CP 

polices can be an economically effective way to control biological invasions. By adding a small 

portion of natural area (i.e., installing CPs) in the lower natural area proportion (e.g., crop-

monoculture fields), we can increase the connectivity and spatial network to take advantages of 

ecosystem services.  

5. Spatial Optimization: Non-crop Habitat Management 

All locations in the spatial domain surrounding non-crop habitats such as prairie remnants, large 

tracts of a core prairie, and restoration grasslands are nodes on a grid where crops or habitats for 

natural enemies can be grown. Individual nodes are part of a network, in that a specific node may 

act as a bridge connecting several patches of habitat for natural enemies. To deal with such spatial 

linkages and the positive pest control externalities from providing natural enemy habitat, it is 

important to consider the public net benefits from alternative landscape compositions given 

economic constraints and prey (SBA)-predator (NEs) dynamics. To simultaneously evaluate the 

social net benefits from candidate CP locations, a spatially-explicit landscape model with spatial 

spillover effects is required.  

As a natural or semi-natural habitat, CPs and agricultural landscapes are capable of providing many 

ecosystem services to society that are not exchanged in markets but have value to people. As noted 

by Zhang and Swinton (2009), natural enemies supply an important ecosystem service by 

suppressing pest population growth that has the potential to mitigate pest control costs and crop 

yield loss in agricultural ecosystems. In this section, we redefine the SST-NEET in Model (3) to 
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find optimal locations of installation of CPs where they support the maximum profits (and the 

minimum costs) by using natural enemies. For this simulation analysis, we use the Newton County 

in IN as study area and simulated the case of installing filter strip (line-shaped) CPs recommended 

by USDA-NRSC such as CP21 and CP33.  

5.1. Study Area and Candidate Locations of CP installation 

 The study area shown in Figure 6 for the simulation of spatial optimization on installation 

of CPs, we adopt the Newton County, IN where the data collecting for parameter estimation was 

implemented. 

< Figure 6 > about here 

Based on the 2011 Cropland Data Layer (CDL)7, Figure 6 depicts Newton County and the 2.5 km 

buffer around each grid point inside the county that is influenced by and has an influence on the 

NEs. By merging raster type map which contains 2,248,254 cells, we generate a polygon format 

maps having 84,108 polygons. By a proper land classification for this study8, we figure out 6,501 

soybean fields and 7,132 corn fields by polygon definition. In Newton County, there are fifteen 

installed CPs sites (= 10 CP21 sites + 5 CP33 sites) and they are plotted on Figure 6 by the GIS 

information provided by the Holland Landscape Ecology Laboratory. 

 To select potential candidate locations of additional CP installation, we follow the 

Conservation Practice Standard – filter strip provided by the Field Office of Technical Guide 

(FOTG) of NRCS Indiana. First of all, we leave soybean and corn fields larger than 5 ha 

                                                           
7 The CDL provides the yearly crop cultivation maps of 30m x 30m resolutions. The whole US layer maps are available 
at http://nassgeodata.gmu.edu/CropSpape/.  
8 The detail processes, land property classification, and brief summary statistics are explained at the Supplemental 
Appendix D. 

http://nassgeodata.gmu.edu/CropSpape/


 

- 24 - 
 

considering the average length of the current CPs (about 3,181 ft.). In addition to this, we leave 

natural area proportion calculated from the centroid of fields is less than the first quartile (5.13%)9. 

To refelct sustainable water supply for CPs, we overlap the water flowline map from the National 

Hydrography Dataset (NHD) on Figure 6 and leave only fields where one of edge is sharing the 

water flowline. This condition is for avoiding the case of installing CPs in the middle of crop fields. 

From theses step, we figure out 10 candidate locations and then, leave out the cases that cities, 

roads and any other human built facilities are dividing the 2.5 km buffers from them. Finally, we 

have five candidate locations presented in Figure 6 and assume the installation size is fixed as 

3,181 ft x 15 ft to avoid the areal size effect on the benefits. The detail processes to have the final 

five candidates are described in the Supplemental Appendix D.   

5.2. Spatial Optimization SST-NEET model 

 On the synthetic geography in Figure 2, we intentionally design 1 ha size crop field cells 

for computational convenience. The landscape of Newton County in Figure 6, however, has 

different areal size for all soybean and corn fields. In addition to this, we assume the bi-yearly 

alternating soybean and corn plating over all crop fields. The objective function in Model (3) is 

now defined as:    

Argmax
𝐶𝐶𝐶𝐶𝑙𝑙

� � � 𝜏𝜏𝑘𝑘−1 �𝑝𝑝0 ∙ 𝑦𝑦𝑇𝑇𝑘𝑘,𝑠𝑠 − 4𝑐𝑐1 −�𝑐𝑐2𝑥𝑥𝑘𝑘,𝑠𝑠,𝑡𝑡

𝑇𝑇−2

𝑡𝑡=1

�
𝑆𝑆,𝑆𝑆2

𝑠𝑠1,𝑠𝑠2=1

∙ 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑠𝑠�
𝐾𝐾

𝑘𝑘=1

− 𝑐𝑐3 ∙ 𝑚𝑚                               (4)  

where 𝑆𝑆1 is 6,743 soybean fields, 𝑆𝑆2 is 7,516 corn fields, 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑠𝑠 is ha areal size of a crop field 𝑠𝑠 

(𝑠𝑠1or 𝑠𝑠2), and 𝑐𝑐3 = $1,730.55 is CP installation cost. The constraints and the initial conditions are 

                                                           
9 The analytical reason and empirical evidence for this filter step are described in the next section. 
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the same as Model (3) because areal size is only valid on the objective function and the others 

functional forms are based on per area or per plant unit. Since we have five CP candidate locations, 

𝑚𝑚 is the number of installed CPs. The argument (𝐶𝐶𝑃𝑃𝑙𝑙) is thirty two (= no installation + ∑ 𝐶𝐶𝑖𝑖55
𝑖𝑖=1 ) 

all possible combination of five candidate CPs, i.e.,  𝐶𝐶𝑃𝑃𝑙𝑙 = {∅,𝐶𝐶𝑃𝑃1,𝐶𝐶𝑃𝑃2,⋯ ,𝐶𝐶𝑃𝑃31}, where 𝐵𝐵 = 0, 1,

⋯ , 31 is installation combination index10. Other notations are the same in the SST-NEET Model 

(3). 

5.3. The Concavity of Net Benefit of Natural Area Proportion 

 When selecting CP candidate locations in Figure 6, we use lower natural area proportion 

as one of filters. This is because it is expected that the fields with lower level of natural area 

proportion is likely to have higher suppression of NEs on SBA, which makes higher marginal net 

benefit. This expectation can be analytically represented by two marginal conditions. Without loss 

of generality, we can assume that the given dynamic optimization in Model (4) does not have any 

stochasticity in the initial population dynamics of SBA and NEs, i.e., both initial distributions are 

fixed on the level of expected values. Then, the multi-year decision processes in Model (4) become 

a model of multiple repetition of a single year with discounting. Therefore, we simplify Model (4) 

as a single year model for the purpose of analysis. With the difference notation (∆), we have the 

following assumptions in the model. For simplicity, we omit all subscript here. 

A.1. Δ𝑥𝑥
ΔN

< 0; more natural area proportion leads to less spray. 

A.2.  Δ𝑁𝑁(𝑁𝑁,𝑥𝑥)
ΔN

> 0; more natural area proportion leads to more NEs with A.1. 

                                                           
10 The details of combination index are in the Supplemental Appendix D. 
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A.3. Δ𝐴𝐴(𝑁𝑁,𝑥𝑥)
ΔN

< 0; more natural area proportion leads to less SBA with A.1. and A.2. 

A.4. ΔY(𝐴𝐴)
ΔN

> 0; more natural area proportion leads to higher yield from A.3. 

A.5. Δm
ΔN

> 0; increase of natural area proportion requires installation of CPs. 

If the fields with lower level of natural area proportion is likely to have higher marginal net benefit, 

then, a single year form of Model (4) requires to be satisfied the following condition by using the 

assumptions above. i.e., the marginal net benefit of natural area proportion is positive. 

Δπ
ΔN

= 𝑝𝑝0 ∙
∆𝑌𝑌(𝐴𝐴)
∆𝑁𝑁���
>0

− 4 ∙
∆𝑐𝑐1
∆𝑁𝑁�
=0

−�𝑐𝑐2 ∙
∆𝑥𝑥𝑡𝑡
∆𝑁𝑁�
<0

4

𝑡𝑡=1

− 𝑐𝑐3 ∙
∆𝑚𝑚
∆𝑁𝑁�
>0

> 0                                                                                   (5) 

Therefore, the size of first three terms in the right hand side (RHS) requires to be large enough 

compared to the last term of RHS. In other words, this means sufficient net benefits to compensate 

costs of CP installations. In addition to this, if the given objective function in Model (4) is a 

legitimate profit (net benefit in this study) function, it satisfies the concavity at the optimal values, 

i.e., the rate of marginal net benefit of natural area proportion is diminishing �∆
2𝜋𝜋

Δ𝑁𝑁2
< 0�. Thus, we 

demonstrate these two conditions are satisfies at the fields with lower level of natural area 

proportions from the simulation results in the next section. 

5.4. Simulation Results 

 We implement simulations of spatial optimization in Model (4) on the Newton County map 

by adopting 1,000 initial stochastic scenarios of initial distribution. The proposed simulations and 

adopted enumeration approach is explained in the Supplemental Appendix B. From 32,000 
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solutions of spatial optimization, the larger net revenue solution by threshold 20,000 largest 

values11 are summarized in Table 5.   

< Table 5 > about here 

Table 5 includes the range of the largest 20,000 net benefits and their differences from the case of 

baseline (no installation) by the number of installation of CPs. From the results, it is noteworthy 

that more installation does not lead to less net benefits. This means the net benefits from CP 

installations are enough large to compensate the cost of installation. Even in the case of all 

installation, the net benefits are the largest level among all cases. This implies that the social net 

benefits are experienced by “farms” that did not install the CP themselves which is the spillover 

benefits versus private net benefits where installed. And this spillover benefits are not take into 

account in the previous literature with spatially-explicit model like Zhang and Swinton (2009). 

 To demonstrate whether two conditions are satisfied, we simulate the model (5) with 25 

years discounted sum of a single year objective value over 14,259 crop fields with the 50% level 

of initial population density of SBA (26.97 aphids/plant) and the mean level of initial population 

density of NEs (𝑁𝑁𝑠𝑠 NEs/plant)12. Figure 7 show the results of per ha marginal net benefit (the 

difference of net benefits between after and before increasing natural area proportion) of natural 

area proportion by increasing 1%, 2% and 3% natural area proportion form the current level. i.e., 

values of y-axis is ∆𝜋𝜋/∆𝑁𝑁 for the case of 1% increase. 

                                                           
11 In the Supplemental Appendix E, the detailed results with the larger net revenue solution by four threshold (200, 
500, 1,000, and 20,000 largest values) are analyzed through boxplots. 
12 The calculation is based upon ∑ �∑ 𝜏𝜏𝑘𝑘−1�𝑝𝑝0 ∙ 𝑦𝑦𝑇𝑇𝑘𝑘,𝑠𝑠 − 4𝑐𝑐1 − ∑ 𝑐𝑐2𝑥𝑥𝑘𝑘,𝑠𝑠,𝑡𝑡

𝑇𝑇−2
𝑡𝑡=1 �,14,259

𝑠𝑠=1 ∙ 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑠𝑠 − 𝑐𝑐𝑚𝑚,𝑠𝑠�/𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑠𝑠25
𝑘𝑘=1  where 

𝑐𝑐𝑚𝑚,𝑠𝑠is the area-proportional installation cost.  



 

- 28 - 
 

< Figure 7 > about here 

Figure 7 shows that the higher increase of natural area proportion supports higher increase of ∆𝜋𝜋 

from the comparison of 1%, 2%, and 3% graph13. Most importantly, the case of 1% increase 

demonstrate which level of natural area proportion satisfies two conditions. Almost of 1% scatter 

dots below 18% have positive value of ∆𝜋𝜋/∆𝑁𝑁. Since the decreasing trends of dots supports the 

negativity of ∆2𝜋𝜋/∆𝑁𝑁2, only the fields of lower level of natural area proportion are satisfying both 

conditions at the same time. 

 From the results of simulations in Figure 8 and Figure 7, we can have an important policy 

implications. The CP candidate locations placed around the crop fields with lower level of natural 

area proportion have the CP investments priority. Within a certain level of lower natural area 

proportion, however, more installation of CPs can provide wider coverage of ecosystem services 

without hurting net benefit amount. In other words, the simulations results support more 

installations of CP for the fields of lower level of natural area proportion.   

6. Conclusion and Discussion 

Previous research on spatially-explicit dynamic optimization varies widely. When solving invasive 

crop pest control in an agro-ecosystem, problems several complexities present in managed 

ecosystems have not previously been studied. These include prey-predator biophysical processes, 

spatial heterogeneity across the landscape, spatial spillovers, and stochasticity due to 

                                                           
13 The jump pattern at the 20% level of natural area is caused by the change of spray frequency patterns. The clustering 
patterns in each percentage increase comes from the combined effects of areal size and spray frequency changes. Since 
the benefits of CPs are uniform to all size of fields within the 2.5 km boundary in the constructed model, the field of 
larger area is likely to take more benefits from the same CPs. By combining change of spray patterns, the clustering 
patterns are shown up in all three cases.  
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environmental variability. In particular, dynamic optimization models of agro-ecosystems have 

several differences from other models of invasive species management; the biophysical and 

decision processes restart at the beginning of each growing season, space and time domains are 

both discrete in practice, and spatial heterogeneity governs both managed and unmanaged systems.  

This study develops and solves a stochastic, multi-year, discrete space-time optimization model 

that adopts a spatially-explicit setup to account for sources of simultaneous complexity in agro-

ecosystems. The Stochastic Space-Time Natural Enemy-adjusted Economic Threshold (SST-

NEET) model creates a unified framework for comparative numerical analysis of spatially 

heterogeneous, spatially homogeneous, and non-spatial models. The conclusions from this study 

are drawn from numerical experiments over a representative synthetic geography and spatial 

optimization over the real geography of Newton County, IN. 

First, simultaneous complexities in the unified framework need to be considered in the optimal 

control model of biological invasion. Even though abundant research of the biological invasion 

process including one or two components of stochasticity, space and time dynamics is exist, two 

crucial aspects of biological invasion is that are often absent in the literature: investments to create 

a more resilient ecosystem and the simultaneity of stochastic spatial and temporal processes. To 

avoid biased oversimplification, this study suggests a model that includes four major sources of 

complexity in a unified model. 

Second, the suggested SST-NEET is a generalized version of the spatially-explicit NEET model 

that preceded it in the literature. A spatially homogenous or non-spatial model is simply a restricted 

form of the SST-NEET model. Through numerical simulation experiments, we show that this 

unified framework can be used to implement comparison analysis of spatial and non-spatial models.  
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Third, spatial heterogeneity and spatial spillovers are important factors to consider when making 

pest control decisions. The numerical experiments in the synthetic geography show that the spatial 

heterogeneity model differs notably from the spatially homogenous and non-spatial models. 

Considering the fact that the initial distributions of pests and natural enemies are stochastic, taking 

advantage of spatial spillovers can be an effective way to use ecosystem services to manage 

biological invasion. This clearly indicates that installation of CPs supplies agroecosystem services 

in addition to the water quality benefit that are the primary motivation for government agri-

environmental schemes and that net benefits from CP installation can be higher than following 

currently accepted spraying recommendations. Thus, installation of CPs can be an economically 

efficient alternative to the conventional ET spraying threshold to control Soybean Aphid. 

Lastly, taking spatial heterogeneity into account affects the optimal spatial locations to install non-

crop habitats for beneficial insects. The spatial optimization solutions show that the net revenue 

from CP installation does not heavily depend upon the total number of installations if there is a 

high enough level of ecosystem services from the CPs. To determine a proper location for CP 

investment under spatial heterogeneity, we can derive two important conditions that need to be 

satisfied; the first is that there must be positive marginal net benefit from increasing the proportion 

of natural area, and the second is that marginal net benefit must be increasing at a diminishing rate. 

These two conditions that follow from the numerical simulations provide support for the 

assumption that the crop fields with lower natural area proportion should be targeted over fields 

with higher natural area proportion to maximize social net benefits. 

Two general policy implications for non-crop habitat management follow from these results. First, 

increasing landscape heterogeneity is more important than increasing natural area size itself. Each 
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crop field and natural area are nodes in the whole agro-ecosystem. To take more ecosystem 

services into account, increasing spatial heterogeneity in the landscape is more effective than 

investing such that the total size of natural area is maximized. This implication is consistent with 

the results from Koh et al. (2013) that improving connectivity among nodes across the landscape 

plays a key role in improving pest control ecosystem service flows and increasing biodiversity. 

Second, the location with lower natural area proportion should be prioritized when investing in 

installation of non-crop habitats over the long run. The upfront investment to install CPs can lead 

to low net benefits in the short term. However, this cost can be recovered in the long run if it leads 

to a reduction in the number of times pesticides must be sprayed. This analysis supports the 

installation of CPs subject to private and public budget constraints, and finds additional social net 

benefits in excess of the water quality improvements that are the motivation for riparian buffers in 

US agricultural conservation policy today. 
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Table 1. Comparison of Economic Thresholds 

Study Typea 
ET/NEET 
(aphids/pl

ant) 
Time Spaceb Stochastic 

Ragsdale et al. (2007) ET 273 ± 38 Single Season Non-Spatial No 

McCarville et al. (2011) ET 250 Single Season Non-Spatial No 

Zhang and Swinton (2009) NEET 140 Single Season Non-Spatial No 

Zhang and Swinton (2012) NEET varies Single Season Non-Spatial No 

Zhang et al. (2010) NEET Not stated Single Season Homogeneous No 
a If the study includes NEs’ equation explicitly, then it is classified to NEET. 
b Non-Spatial models do not include spatial analysis. Homogeneous space means that all crop 
fields have the same initial distribution of SBA population density, and the non-crop habitats are 
given as the fixed initial distribution of NEs’ population density. 
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Table 2. Treatment and structure of spatial heterogeneity in three stochastic space-time models 

Parameter 
Heterogeneous Space 

Equation (2) 
Homogenous Space Non-Spatial Model 

Soybean Aphid 
(SBA) 

𝐴𝐴𝑘𝑘,𝑠𝑠,1 𝐴𝐴𝑘𝑘,�̅�𝑠,1 𝐴𝐴𝑘𝑘,�̅�𝑠,1 

Natural Enemies 
(NEs) 

𝐸𝐸𝑘𝑘,𝑠𝑠,1 𝐸𝐸𝑘𝑘,�̅�𝑠,1 𝐸𝐸𝑘𝑘,�̅�𝑠,1 

Natural Area  
Spatial Spillover 

Parametera (γ) ≠ 0 
Spatial Spillover 
Parameter (γ) ≠ 0 

Spatial Spillover 
Parameter (γ) = 0 

Maximization Total Profit Total Profit Profit/ha 

Previous ETb 

Studies 
. 

Bianchi and van der 
Werf (2003), 

Zhang et al. (2010) 

Ragsdale et al. (2007), 
Zhang and Swinton 

(2009, 2012) 
a Spatial Spillover Parameter γ is in Equation (3) 
b ET = Economic Threshold 
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Table 3. Summary of Parameters 
Parameter Value Description Source 

r 0.069 Producer Price Index (PPI) Bureau of Labor Statistics 
𝑝𝑝0 $0.4643/kg Initial soybean price USDA NASS 
𝑐𝑐1 $19.76/ha Scouting cost Table 5 in this study 
𝑐𝑐2 $21.89/ha Spray cost Table 5 in this study 
𝑐𝑐3 $1,730.55 CP installation cost USDA NRCS 

ŋ𝑡𝑡 

ŋ1 = 0.0002 
Proportion of yield lost per unit 
of pest density for each soybean 

growth stage 
Zhang and Swinton (2009) 

ŋ2 = 0.0002 
ŋ3 = 0.0003 
ŋ4 = 0.0001 
ŋ5 = 0.0002 

𝑖𝑖𝑔𝑔𝑡𝑡 

𝑖𝑖𝑔𝑔1 = 5.4367 
Net growth rate of SBA 

population in the absence of 
predation 

Calculated based on  
Costamagna et al. (2007) 

and 
Zhang and Swinton (2009) 

𝑖𝑖𝑔𝑔2 = 5.7073 
𝑖𝑖𝑔𝑔3 = 2.9170 
𝑖𝑖𝑔𝑔4 = 1.5454 

𝑝𝑝𝐴𝐴𝑡𝑡 

𝑝𝑝𝐴𝐴1 = 35 × 4 
Aggregate predation rate per 

natural enemy unit 
Zhang and Swinton (2009): 

35 SBAs/day/E 
𝑝𝑝𝐴𝐴2 = 35 × 10 
𝑝𝑝𝐴𝐴3 = 35 × 10 
𝑝𝑝𝐴𝐴4 = 35 × 10 

ƙ 0.99 Mortality rate of insecticide Zhang and Swinton (2009) 
𝛾𝛾 1.9644 Spatial spillover of E Table 6 in this study 
𝑑𝑑 -0.7049 Net decline rate of E  Table 6 in this study 
𝑏𝑏 -0.0005 Reproduction rate of E Table 6 in this study 
𝜆𝜆 1 Intensity of SBA arrival Newton County data 
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Table 4. Stochastic space-time natural enemy-adjusted economic threshold (SST-NEET) for 
different spraying lead times in the Non-spatial and Spatially-Explicit Models  

 Spatially-Explicit Models Non-spatial 
Model 

Spraying Lead Time, 
Days 

Heterogeneous Space Homogeneous Space 

34 aphids/plant 27 aphids/plant 24 aphids/plant 

1 41 33 29 

2 59 47 42 

3 100 79 70 

4 198 158 140 

5 457 363 322 

6 1,208 960 853 

7 3,636 2,888 2,567 
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Table 5. Results of Net Benefits from Spatial Optimization Simulation 

No. of CPs Range of 20,000 largest Net Benefits Differences from Baseline 

0 (Baseline) $6,820,060 x 106 $0 

1 $6,820,061 x 106 ~ $6,820,080 x 106 $  1 x 106 ~ $20 x 106 

2 $6,820,072 x 106 ~ $6,820,080 x 106 $12 x 106 ~ $20 x 106 

3 $6,820,069 x 106 ~ $6,820,780 x 106 $  9 x 106 ~ $18 x 106 

4 $6,820,071 x 106 ~ $6,820,076 x 106 $11 x 106 ~ $16 x 106 

All installation $6,820,072 x 106 $12 x 106 
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Figure 1. Single Season Field Dynamics and Management in the Stochastic Space-Time 
Optimization Model 
Note: This figure is a conceptual extension of Fig. 1 in Zhang and Swinton (2009, p. 1317.). 
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Figure 2. Synthetic Geography Used to Solve for the Spatial and Non-spatial Stochastic Economic 
Thresholds 
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Figure 3. Stochastic Simulation Results for SST-NEET: Non-spatial, Homogeneous Space and 
Heterogeneous Space 
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 Heterogeneous SST-NEET = 34 Homogeneous SST-NEET = 27 Non-spatial SST-NEET = 24 
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Profit 
($/ha) 

   
Figure 4. Synthetic Geography Results: Insecticide spraying, yield, and profit for Heterogeneous, Homogeneous, Non-Spatial models at 25th Percentile of A0  
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 25th Percentile of 𝐴𝐴0 50th Percentile of 𝐴𝐴0 75th Percentile of 𝐴𝐴0 
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Figure 5. Synthetic Geography Results: Insecticide spraying, yield, and profit by simulated percentiles of the initial aphid density (A0)
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Figure 6. Study Area: Newton County, IN and Conservation Planting Installation Candidate 
Locations based on the 2011 Cropland Data Layer 
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Figure 7. Marginal Net Benefit ($/ha) by 1%, 2% and 3% Increase of Natural Area Proportion  
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APPENDIX A:  AN EMPIRICAL SST-NEET MODEL SPECIFICATION  

 This section explains the detailed estimation and calibration of parameters in Table 3 of an 

empirical SST-NEET model specification of Model (3). In Model (3), the proposed setup is a 

multi-year model rather than a single year model. Table A1 shows the period of soybean 

reproductive stages, planted area and production, and SBA arrival date in Indiana State for the 10 

years (2002 to 2011). Soybean producers encounter different SBA status year by year. Some years 

are aphid year while the other years are non-aphid year. Even though SBA was observed in the 

same data in the year 2003 and 2004, it was an aphid year in 2003 whereas it was not in 2004. 

These yearly fluctuation of SBA level and soybean production is mainly caused by environmental 

disturbance such as weather events, which is also the main source of stochastic process. Henceforth, 

a single year optimization limits an economic agent as a myopic rationality. 

A.1. Prices and Costs 

 To get price and cost parameters in Model (3), we need to specify the initial year. This is 

because all of the price parameters will be discounted to the initial time period at the rate 𝐴𝐴. 

Considering the fact that the field data was collected in 2011, prices for the year 2011 are assumed 

to apply to the entire time horizon. The discount rate used is from the Producer Price Index (PPI) 

of the Bureau of Labor Statistics14. From Table A1, it is evident that the soybean reproductive 

stage ends around the beginning of September for each year. Thus, the 12 months unadjusted 

September PPI based on the September 2010-2011 period of 6.9% is used for the parameter. Thus, 

the discrete discounting factor is given as 𝜏𝜏=1/(1+0.069). The USDA National Agricultural 

Statistic Services (NASS) reported soybean price (𝑝𝑝0) in Newton County, Indiana in 2011 was 

$0.4643/kg (=$12.50/bu).  

                                                           
14 Producer Price Index (PPI) is released as monthly base by the Bureau of Labor Statistics. http://www.bls.gov/ppi/  

http://www.bls.gov/ppi/
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Table A1. Observed Duration of Soybean Reproductive Stage in Indiana for 10 years, 2002 - 2011 
Stagea R1 R2 R3 R4 R5 R6 First 

Observed 
Soybean 
Aphidb 

Aphid (O) 
/ Non-

Aphid (X) 
Yearb 

Planted 
Area  

(1,000ac)a 

Soybean 
Production 
(1,000 bu)a 

Median 
Duration 

4 10 10 10 15 20 

begins ends begins ends begins ends begins ends begins ends begins ends 

2011 6/27/2011 6/30/2011 7/1/2011 7/10/2011 7/11/2011 7/20/2011 7/21/2011 7/30/2011 7/31/2011 8/14/2011 8/15/2011 9/3/2011 7/29/2011 X 61.6 3004 

2010 6/21/2010 6/24/2010 6/25/2010 7/4/2010 7/5/2010 7/14/2010 7/15/2010 7/24/2010 7/25/2010 8/8/2010 8/9/2010 8/28/2010 7/23/2010 X 64.5 3254 

2009 6/30/2009 7/3/2009 7/4/2009 7/13/2009 7/14/2009 7/23/2009 7/24/2009 8/2/2009 8/3/2009 8/17/2009 8/18/2009 9/6/2009 6/12/2009 X 67.3 3266.6 

2008 6/22/2008 6/25/2008 6/26/2008 7/5/2008 7/6/2008 7/15/2008 7/16/2008 7/25/2008 7/26/2008 8/9/2008 8/10/2008 8/29/2008 6/13/2008 X 66.4 3397.3 

2007 6/25/2007 6/28/2007 6/29/2007 7/8/2007 7/9/2007 7/18/2007 7/19/2007 7/28/2007 7/29/2007 8/12/2007 8/13/2007 9/1/2007 5/23/2007 O 56.8 2857.5 

2006 7/3/2006 7/6/2006 7/7/2006 7/16/2006 7/17/2006 7/26/2006 7/27/2006 8/5/2006 8/6/2006 8/20/2006 8/21/2006 9/9/2006 6/6/2006 X 76.2 3748.2 

2005 6/20/2005 6/23/2005 6/24/2005 7/3/2005 7/4/2005 7/13/2005 7/14/2005 7/23/2005 7/24/2005 8/7/2005 8/8/2005 8/27/2005 5/26/2005 O 72.5 3564.7 

2004 6/21/2004 6/24/2004 6/25/2004 7/4/2004 7/5/2004 7/14/2004 7/15/2004 7/24/2004 7/25/2004 8/8/2004 8/9/2004 8/28/2004 6/11/2004 X 73.4 3783.4 

2003 7/1/2003 7/4/2003 7/5/2003 7/14/2003 7/15/2003 7/24/2003 7/25/2003 8/3/2003 8/4/2003 8/18/2003 8/19/2003 9/7/2003 6/11/2003 O 76.8 2447.4 

2002 6/24/2002 6/27/2002 6/28/2002 7/7/2002 7/8/2002 7/17/2002 7/18/2002 7/27/2002 7/28/2002 8/11/2002 8/12/2002 8/31/2002 6/18/2002 X 77.8 3875.6 
a USDA NASS, 2002-2011 
b Purdue Entomology Extension weekly online newsletter, http://extension.entm.purdue.edu/pestcrop/ 

 
Table A2. Total Treatment Costs of SBA Management 

Inputs Source Price Application 
 Rate 

Costs for 
the acre 

Pesticides 
(Lambda-

Cyhalothrin) 

Makhteshim Agan 
of North Americaa $38.80/gallon $8.00oz/ac $5.99/ha 

Treatment Purdue Extensionb   $15.90/ha 

Spraying    $21.89/ha 

Scouting Song et al. (2006) $4.94/scout Four times $19.76/ha 
a The price can be referred to http://www.cdms.net/LDat/ld0HL020.pdf 
b Purdue Extension: Chemical Application 2013 Indiana Farm Custom Rates, 
  https://www.ces.purdue.edu/extmedia/EC/EC-130-W.pdf

http://extension.entm.purdue.edu/pestcrop/
http://www.cdms.net/LDat/ld0HL020.pdf
https://www.ces.purdue.edu/extmedia/EC/EC-130-W.pdf
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As Song et al. (2006) mentioned, the spraying costs sensitively vary over region and season. To 

derive constant spraying costs in the study area, we have reviewed several available price sources 

and chosen the average level of cost combination. The cost of spraying to control SBA is consisted 

of two parts: a scouting cost (𝑐𝑐1) and a spraying cost (𝑐𝑐2).  We assume that the scouting happens 

at the beginning of each reproductive stage. Thus, there are total four times scouting as a fixed 

cost. On the other hand, spraying cost is a variable cost depending on how many times of spraying 

is implemented. Spraying cost consists of pesticides costs and treatment costs. From the various 

sources, the total spraying costs are calculated as Table A2. The spraying cost in Table A2, 

$21.89/ha(=$8.87/ac), is similar to the mid-range control cost of $22.94 (=$9.29/ac) by Ragsdale 

et al. (2007) while it is lower than $24.69/ha (=$10/ac) by Zhang and Swinton (2009). 

The CP installation cost ( 𝑐𝑐1)  in Model is calculated from the cost information in Indiana 

Conservation Practices – FY2013 documents provided by the Indiana chapter of USDA NARCS. 

Since we are using fixed size of CPs as 3,181 x 15 ft2, the cost is setup as $1,730.55 for all candidate 

locations.   

A.2. Potential Yield 

 We follow the same function of potential yield equation (𝑦𝑦𝑘𝑘,𝑠𝑠,𝑡𝑡) and adopt the estimates of 

the proportion of yield lost per unit of pest density (ŋ𝑡𝑡) in Zhang and Swinton (2009). They use 

the rectangular hyperbolic model and draw the estimates by the nonlinear least squares. Among 

their estimates,  ŋ2 has the negative value (-0.001) and they replace it as zero from the assumption 

of non-compensation rule. This setup, however, can be unrealistic since it means zero pest injury 

for R2 stage. To provide a more realistic assumption, we use the value of ŋ1 = 0.0002 for ŋ2. 

Since the R1 stage has only four-day median length in Table A1, we assume that ŋ1 of the pest 

injury level continues to the R2 stage. 

A.3.   Population Dynamics of SBA 

In the SBA equation of Model (3), three parameters are required to be estimated: net growth rate 

of SBA population in the absence of predation (𝑖𝑖𝑔𝑔𝑡𝑡), the mortality rate of insecticide used to 

control aphids (ƙ), and aggregate predation rate per natural enemy unit (𝑝𝑝𝐴𝐴𝑡𝑡). To get realistic 𝑖𝑖𝑔𝑔𝑡𝑡, 

a reliable repeated exclusion experiment, where natural enemies are excluded from soybean plants 

that aphids are allowed to feed on, is required. From abundant field experiment data comparing 
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exclusion and treatments where aphid predation is allowed, Costamagna et al. (2007) find that a 

linear decreasing growth model has the best fit for explaining natural growth of the SBA 

population. The discrete daily growth model can be written as: 

𝐴𝐴𝑘𝑘
𝑑𝑑𝑘𝑘 = 𝐴𝐴𝑘𝑘0 ∙ exp (𝑑𝑑𝑘𝑘 ∙ (𝐴𝐴𝑚𝑚𝑚𝑚𝑥𝑥 ∙ (1 − 𝐴𝐴 ∙ 𝑑𝑑𝑘𝑘/2)))             (A1) 

where 𝑑𝑑 is the number of days since the first day that aphids arrived and 𝐴𝐴𝑚𝑚𝑚𝑚𝑥𝑥  is value of the 

intrinsic rate of increase at the 𝑑𝑑𝑘𝑘 = 0. The parameter 𝐴𝐴 denotes the decrease of linear decreasing 

rate per unit of time as the host plant advances through the phenological stages. The equation (A1) 

describes a symmetrical bell-shaped population curve with the peak at 𝑑𝑑𝑘𝑘 = 1/𝐴𝐴. The relative rate 

of increase is the largest at 𝑑𝑑𝑘𝑘 = 0, and decreases linearly in time. Its slope becomes zero at 𝑑𝑑𝑘𝑘 =

1/𝐴𝐴, which is the time of the population peak, and becomes more and more negative as time passes. 

The population returns to a value of 𝐴𝐴0 at 𝑑𝑑𝑘𝑘 = 2/𝐴𝐴, at which time the relative rate of change is 

−𝐴𝐴𝑚𝑚𝑚𝑚𝑥𝑥 (Costamagna et al., 2007).  From the Costamagna et al. (2007), natural growth of population 

of SBA can be simulated with 𝐴𝐴𝑚𝑚𝑚𝑚𝑥𝑥 = 0.395 and 𝐴𝐴 = 0.022. In our simulation, however, these 

values make population growth too fast to explain our data. We adopt Zhang and Swinton’s (2009) 

parameter, 𝐴𝐴𝑚𝑚𝑚𝑚𝑥𝑥 = 0.28 and 𝐴𝐴 = 0.02 and apply them to the median length of soybean growth 

stages in Indiana.15  The simulated growth rates, using equation (A1), of SBA over each growth 

stage are shown in Figure A1. 

                                                           
15 The median length of each growth stage is reported in Table A1. The details of this can be found in Casteel’s work:   
http://www.agry.purdue.edu/ext/soybean/Arrivals/2011_0707SOYReproDev.pdf 

http://www.agry.purdue.edu/ext/soybean/Arrivals/2011_0707SOYReproDev.pdf
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Figure A1. Natural Growth of Soybean Aphid Population by Soybean Growth Stage with 𝐴𝐴𝑚𝑚𝑚𝑚𝑥𝑥 =
0.28 and 𝐴𝐴 = 0.02 

 

Net SBA population growth rate per stage in the absence of natural suppression in Zhang and 

Swinton (2009) is assumed and given by: 

𝑖𝑖𝑔𝑔𝑡𝑡 = �𝐴𝐴
�𝑡𝑡+1
𝐴𝐴�𝑡𝑡
� − 1                  (A2) 

where �̂�𝐴𝑡𝑡 is the mean of Soybean Aphid population for each growth stage depicted by the dotted 

line in Figure A1. The mortality rate from insecticide (ƙ) is assumed as 0.99 and aggregate 

predation rate per natural enemy unit (𝑝𝑝𝐴𝐴𝑡𝑡) is calculated as the median length time 35 aphids/day/E 

in Zhang and Swinton (2009). 

 To simulate random arrival of SBA as a space-time point process, it is supposed that 

random arrivals follow a homogeneous Poisson process according to 𝐴𝐴𝑘𝑘,𝑠𝑠,0
𝑑𝑑𝑘𝑘 ~𝑃𝑃𝑜𝑜𝑖𝑖𝑠𝑠𝑠𝑠𝑜𝑜𝑖𝑖 (𝜆𝜆)  in 

Model (3). To simplify the generating process and avoid explosion of population density at an 

early stage, it is assumed 𝜆𝜆 = 1. The expected number of observations on the first day in the field 

measurement data is also close to one. As described in the previous section, if the first arrival of 
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SBA happens at day 1 for 𝑘𝑘-th year (𝑑𝑑𝑘𝑘 = 1), then it starts breeding the next generation through 

reproduction function 𝐽𝐽(∙) by a day before 𝑅𝑅1stage (𝐷𝐷𝑘𝑘). To specify a function 𝐽𝐽, we use Equation 

(A1) but the equation is now defined as daily SBA population density with predation and spraying. 

Since the field measurement data was collected with predation by natural enemies and spraying, 

we can estimate equation (A1) as a population dynamics equation of SBA with predation and 

spraying. Because of inclusion of predation and spraying, we can reduce dynamics of natural 

enemies and spraying in this stage. Nonlinear least squares estimation of equation (A1) yields the 

results in Table A3. 

Table A3. Estimation Results: Daily Soybean Aphid Population Dynamics with Predation and 
Spraying, Equation (A1) 

Variable Coefficient Approx. S.E. 95% Confidence Intervals 
𝐴𝐴𝑚𝑚𝑚𝑚𝑥𝑥 0.1906 0.0675 0.0568 0.3245 
𝐴𝐴 0.0498 0.0136 0.0228 0.0769 
     

N. 118    
F 4.26*    

p-value: *** < 0.01, ** < 0.05, * < 0.1 

For simulation of the initial distribution of SBA, random Poisson process in Model (3) is 

implemented first for all soybean fields each year. The estimated parameters from Table A3 are 

used in growth equation (A1) to simulate each day and the cumulative summation over time before 

𝑅𝑅1stage is calculated. 

A.4. Population Dynamics of Natural Enemies 

 Population dynamics of natural ermines in Model (3) are modeled using the well-known 

Lotka-Volterra prey-predator equation that was adopted previously by Zhang and Swinton (2009). 

To estimate the net decline rate (d), the reproduction rate (b) and spatial spillover parameter (γ) 

on abundance of natural enemies, we set up a descriptive relationship of Equation (A3) similar to 

Zhang and Swinton (2009). 

∆𝐸𝐸𝑠𝑠 = 𝑑𝑑𝐸𝐸𝑠𝑠 + 𝑏𝑏𝐴𝐴𝑠𝑠 ∙ 𝐸𝐸𝑠𝑠 + 𝛾𝛾𝑁𝑁𝑠𝑠              (A3) 

where ∆𝐸𝐸𝑠𝑠 = 𝐸𝐸𝑠𝑠,𝑡𝑡+1 − 𝐸𝐸𝑠𝑠,𝑡𝑡 . Because of data limitation, we use only 𝑅𝑅5  and 𝑅𝑅6  stage field 

measurement data and give an assumption that the estimates of Equation (A3) is universal for all 
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reproductive stages. By using White error correction, the Least Squares estimation results are 

shown in Table A4. 

Table A4. Estimation Results: Natural Enemy Population Dynamics Equation 

 𝑑𝑑 𝑏𝑏 γ # Obs. 𝑅𝑅2 F 

Estimates     -0.7049***    -0.0005** 1.9644*** 56 0.3209 8.35*** 

     (0.2348) (0.0002) (0.4930)    

Standardized     -0.6011      -0.1458 0.6400    

p-value: *** < 0.01, ** < 0.05, * < 0.1 
White robust standard errors in parenthesis  

To simulate the initial appearance of natural enemies (𝐸𝐸𝑘𝑘,𝑠𝑠,1), the Bernoulli distribution 

with probability 𝑁𝑁𝑠𝑠is assumed. Therefore, a soybean field closer to the natural area has higher 

chance to have natural enemies at the initial grow stage. From the synthetic geography Figure 2, 

the average expected value of non-zero natural area proportion cells is 23.17%. Comparing to non-

spatial research, this value is relatively conservative. For instance, Zhang and Swinton (2009) use 

1 to 4 NEs/plant in their simulations, which is double or more times higher than the expected 

densities in this study. Honěk (1989) states that the maximum adult natural enemy (Coccinella 

septempunctata) density is 10 NEs/m2. Applying soybean plant population density in Purdue 

Extension16, we can derive the expected density of natural enemies per plant as 0.3874 NEs/plant17, 

which Bianchi and van der Werf (2003) and Ragsdale et al. (2007) adopt. 

A.5. Sensitivity Analysis 

With the same 1,000 scenarios from the section 4.2, we implement sensitivity analysis on the five 

scenarios of initial SBA density—the minimum, 25 percentile, 50 percentile, 75 percentile, and 

the maximum. We assign 5% up and 5% down sized values for constant parameters, whereas 1-

                                                           
16 Purdue Extension (https://www.extension.purdue.edu/extmedia/ay/ay-217-w.pdf) provides several different level 
of plant population and seeding rates. Among those rates, we choose cases of 12 – 20 inches in row width. The soybean 
plant population density is 130,680 plants/ac = 322,667 plants/ha. 
17 The expected density of natural enemies per plant can be calculated as Honěk’s (1989) value divided by soybean 
plant population density in Purdue Extension: (10 NEs/m2 = 100,000 NEs/ha)/(322,667 plants/ha) = 0.3099 NEs/plant. 

https://www.extension.purdue.edu/extmedia/ay/ay-217-w.pdf
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standard deviation up and 1-standard deviation down sized values are designed for estimated 

parameters.  The results are shown in the Table A5.    

We can discuss major reasons of solution value changes larger than 5% can be explained 

by as followed. Since the soybean price (𝑝𝑝0) only appears in the objective function (profit from 

soybean) in Model (3), the rate of changes in profit is almost the same as the changed percentage 

of parameter (i.e. ±5%). The sensitivity results in the mortality rate of pesticides (ƙ) show 

somewhat drastic changes in spray counts, whereas small changes are driven in yield and profit. 

For example, in the 25 percentile scenario, 5% decrease of ƙ draws 69.14% increase of the total 

spray frequencies while it shows only 1.43% decrease of profits and less than 1% changes in yield. 

This can be explained by the fact that the variable cost of spraying is relatively too low compared 

to the profit itself. In the 25-percentile scenario, most of the additional sprays after 5% decrease of 

ƙ  are implemented under the condition at the cells with no-spray or one-spray cells. For the each 

cell, the spray counts are doubled, but the one additional spray costs $21.89 (see Table A2). Even 

though the total yield is not very changed significantly, the total profit before 5% decrease is 

approximately $1,525 on average. Thus, one additional spray causes a small amount of decrease 

in profit. 
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Table A5. Summary of Sensitivity Analysis Results 
 A0  Min.  25 Percentile 50 Percentile 75 Percentile  Max.  
  Yield Profit Spary Yield Profit Spary Yield Profit Spary Yield Profit Spary Yield Profit Spary 
𝑝𝑝0 up 5% - 5.16 - - 5.16 - - 5.16 - - 5.16 - - 5.14 - 
 down 5% - -5.16 - - -5.16 - - -5.16 - - -5.16 - - -5.14 - 
𝑐𝑐1 up 5% - - - - - - - - - - - - - - - 
 down 5% - - - - - - - - - - - - - - - 
𝑐𝑐2 up 5% - - - - - - - - - - - - - - - 
 down 5% - - - - - - - - - - - - - - - 
ŋ1 up 1SD - - - - - - - - - - - - - - - 
 ŋ1 = 0  - - - - - - - - - - - - - - - 
ŋ2 up 1SD - - - - - - - - - - - - - - - 

 ŋ2 = 0  - - - - - - - - - - - - - - - 
ŋ3 up 1SD - - - - - - - - - - - - - - - 

 down 1SD - - - - - - - - - - - - - - - 
ŋ4 up 1SD - - - - - - - - - - - - - - - 

 down 1SD - - - - - - - - - - - - - - - 
ŋ5 up 1SD - - - - - - - - - - - - - - - 

 ŋ5 = 0  - - - - - - - - - - - - - - - 
𝑖𝑖𝑔𝑔1 up 5% - - - - - - - - - - - - - - - 

 down 5% - - - - - - - - - - - - - - - 
𝑖𝑖𝑔𝑔2 up 5% - - - - - - - - - - - - - - - 

 down 5% - - - - - - - - - - - - - - - 
𝑖𝑖𝑔𝑔3 up 5% - - - - - - - - - - - - - - - 

 down 5% - - - - - - - - - - - - - - - 
𝑖𝑖𝑔𝑔4 up 5% - - - - - - - - - - - - - - - 

 down 5% - - - - - - - - - - - - - - - 
pr up 5% - - - - - - - - - - - - - - - 
 down 5% - - - - - - - - - - - - - - - 
ƙ k=1.00 - - -20.74 - - -20.74 - - -20.74 - - -20.74 - - -23.91 
 down 5% - -1.43 69.14 -0.31 -1.06 40.76 - - 29.92 - -1.46 71.01 - - 8.12 

d up 1SD - - - - - - - - - - - - - - - 
 down 1SD - - - - - - - - - - - - - - - 

b up 1SD - - - - - - - - - - - - - - - 
 down 1SD - - - - - - - - - - - - - - - 
γ up 1SD - - - - - - - - - - - - - - - 
 down 1SD - - - - - - - - - - - - - - - 

  “-“ represents change of less than 1%.
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APPENDIX B: SOLUTION METHODS OF COMPLETE ENUMERATION APPROACH 

 In this paper, we suggest two complete enumeration approaches to solve Model (3) and 

Model (4). Two solution methods are described in sequence below. 

B.1. Solution Methods in SST-NEET Analysis 

Dynamic optimization generally can be solved by Hamilton-Jacobi-Bellman (HJB) equation. The 

dynamic optimization model in Model (3), however, includes discrete variables—the positive 

integer of NEET and the binary decision to spray. Thus, gradient-based approaches are not suitable 

for this type of model. The discrete representation of spatial domain also creates an additional 

computation issues. The optimal control models combined with discrete domains and variables are 

called integer programming and the solution paths can be found through dynamic programming or 

discrete numerical boundary value solution techniques. Among them, Zhang and Swinton (2009, 

2012) used a numerical calculation based on a set of optimal control paths, which find the solutions 

after calculating all of the possible combinations of control variables. We adopt this complete 

enumeration approach designed in Figure B1. 

 

Figure B1. Computational Solution Method: Complete Enumeration Approach 
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By applying for the methods in Epanchin-Niell and Wilen (2012), we redefine the infinite time 

horizon as the finite time domain. We choose K = 50 large enough so that the decision rules and 

equilibrium values are not sensitive to changes of K. Thus, Model (3) become a finite time dynamic 

optimization model. In the simulation, at first, we generate stochastic daily arrival of SBA at 𝑅𝑅0 

stages which contains 50 years times 1,441 soybean fields’ random number generation. Using the 

initial distribution equation of SBA, we calculate SBA population density at 𝑅𝑅1. From the discrete 

uniform distribution, we generate the initial distribution of NEs’ density at 𝑅𝑅1, which includes 50 

years times 1,441 soybean fields’ random number generation at the same time. After these two 

stochastic processes, we solve SST-NEET in Model (3) by increasing the NEET from 1 to 500 and 

save the optimal NEET number. To support many different initial distribution scenarios, we repeat 

the same process 1,000 times. By giving the restrictions in Table 3, we find 1,000 scenario NEET 

solutions for homogeneous space and non-spatial models to perform comparison analysis. For the 

simulation, there are in total 36,025,000,000 calculations (=1,000 scenarios × 50 years × 1,441 

soybean fields × 500 SST-NEET).  Through HASEN-A cluster of Rosen Center for Advanced 

Computing at Purdue, 48 cores (2.3 GHz) take approximately 5.73 days in the total elapse time. 

 

B.2. Solution Methods in Spatial Optimization Analysis 

To solve the spatial optimization of Model (4), we design an enumeration approaches represented 

in Figure B2. As we did in the simulations of SST-NEET, we assume 1,000 stochastic scenarios 

of initial distribution of SBA and NEs indexed by 𝑆𝑆1,⋯ , 𝑆𝑆1000. Each scenario has thirty two 

possible combinations of CP candidate locations, and each candidate combination has fifty years 

dynamics of Model (4). Therefore, we have 32,000 (= 1,000 scenario x 32 combinations) solution 

space of objective values in total after solving the given dynamic problem. Through HASEN-A 

cluster of Rosen Center for Advanced Computing at Purdue, 48 cores (2.3 GHz) take 

approximately 6.84 days in the total elapse time. 
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Figure B2. Solution Methods of Spatial Optimization
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APPENDIX C: CELL-LEVEL ANALYSIS 

To investigate cell-level performances, we set up Model (3) as a single year version with K = 1. 

We simulate the same 1,000 scenarios of initial distributions in SBAs and NEs from the previous 

analyses. Figure C1 shows the cell-level relations among yield, profit, and total spray frequencies 

with fixed SST-NEET = 34 aphids/plant. In the cell-level simulations, the total frequencies of 

spray consist of three different cases—no spray, spray once, and spray twice. All one-spray cases 

happen at the 𝑅𝑅1  growth stage. Two-spray cases occur at the 𝑅𝑅1  and 𝑅𝑅2  or 𝑅𝑅1  and 𝑅𝑅3  growth 

stages. All the spray patterns are consistent with the implications of spray decision in the previous 

studies; it is significant to spray at the earlier growth stage (Smith & Pike, 2002), and the maximum 

spray frequencies of NEET based model do not exceed two sprays (Zhang & Swinton, 2009; 2012). 

The left panel of Figure 6 represents the relationship between yield and initial densities of SBA. 

As expected, yield decreases as the initial SBA density increases. No spray only happens at the 

lower level of initial SBA densities. This is because the agent will spray if SBA population density 

at the end of 𝑅𝑅0 stage reaches the SST-NEET level without sprays. With the cases of lower SBA 

densities (lower than SST-NEET = 26 aphis/plant18), only NEs without spray can suppress SBA 

properly. Since more spray frequencies mean a higher chance of yield damages, the case of two 

sprays has the trend of lower yield than that of one spray. Consistent with this, two sprays happen 

more frequently than one spray under the higher SBA densities.  

 The right panel of Figure 6 describes the relationship between profit and initial densities of 

SBA. Since yield is decreasing and spray frequencies are increasing as initial densities of SBA 

increases, profit is decreasing as initial densities of SBA increases.  

Due to the increase in variable costs of spraying by the increase in the total frequencies of 

spraying, the profits with higher total frequencies of sprays are located more south than those with 

less total frequencies of sprays under the same level of initial SBA density. Therefore, the profits 

are classified into three different groups by the frequencies of spraying.  

                                                           
18 Note that 26 aphids/plat of NEET is approximately equal to 151 aphids/plant of daily based ET with four days. This 
level of ET is slightly higher than SST-NEET of non-spatial model in Table 4.      
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.  
 

Figure C1. Cell-level Results of Yield, Profit, and Total Spray Frequencies with SST-NEET = 40 aphids/plant (1,441 cells × 1,000 
Initial Arrival Scenarios)  
1 Dashed lines (--) denote the 25th (12.29 aphids/plant), 50th (26.97 aphids/plant), and 75th percentiles (118.49 aphids/plant) of initial 
SBA density over 1,000 stochastic pest arrival scenarios. 
2 The solid line at 34 aphids/plant is the SST-NEET.
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We implement an additional analysis to study the expected solution phases per scenario. By using 

same data in Figure C1 (1,441,000 cases = 1,441 cells × 1,000 scenarios), we calibrate the averages 

over 1,441 cells, i.e. one average solution phase per scenario. It is notable that each scenario 

includes 1,441 randomly generated initial distributions of SBA by the ICs in Model (3). We first 

sum up the 1,441 values and then, these numbers are divided by 1,441. This process is conducted 

to eliminate spatial variations within a scenario. Thus, all the expected solutions per scenario we 

calibrated here are the expected solution phases under the different levels of initial distribution of 

SBA. In other words, this is the agents’ expected yield, expected profits, and (not averaged 

intentionally) total spray frequencies when the different levels of SBA are observed before the R1 

growth stage of a certain soybean growing season.  The results are shown in Figure C2. The same 

plot structure of Figure C1 is applied. 

The upper panel of Figure C2 is the total spray frequencies by different levels of initial densities 

of SBA. As expected, a higher SBA density before the R1 growth stage leads higher frequencies 

of spray. The two panels at the bottom of Figure C2 represent the average yield and the average 

profit under different levels of initial densities of SBA. The average yield is divided by two 

decreasing patterns—below 25 percentile and above 75 percentile of A0. Both are decreasing as 

the initial level of SBA density is increasing. The two separation of this graph is due to SST-NEET 

at 34 aphids/plant. At the lower of 34 aphids/plant SST-NEET, no-spray cases generate decreasing 

yields with higher initial SBA densities.  
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Figure A1. Results of Average Yield, Average Profit, and Total Spray Frequencies with SST-
NEET = 40 aphids/plant (Averages over 1,441 Cells) 
1 Each dotted line (--) means 25 percentile (12.29 aphids/plant), 50 percentile (26.97 aphids/plant), 
and 75 percentile (118.49 aphids/plant) of initial SBA density over 1,000 scenarios. 
2 The solid line (-) at 34 aphids/plant is SST-NEET. 
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Once initial SBA densities reach the level of 25 percentile, one-spray cases become dominant (see, 

total spray counts of the top panel is about 1441, which is approximately equals to one-spray on 

average.). Due to sprays, there are increased yields approximately in 25-percentile. A decreasing 

pattern of yields is continuously evident for the higher level of initial SBA densities at the higher 

than 25 percentile. The average profit in the bottom-right panel of Figure C2 shows a 

monotonically decreasing patterns. In this figure, three groups of spray frequencies—no-spray, 

one-spray, and two-spray—are also shown in the right panel of Figure C1 even though they are 

attenuated by averaging. At the lower level, there are higher profits—above 20 aphids/plant and 

below 25 percentile, one-spray groups are formatted in the plot. At the higher level than SST-

NEET, there are lower profit groups. With the same reason in Figure C1, this is because additional 

sprays make increased spray costs in the profits.  

In all three panels, there is a blank range between 35 aphids/plant and 75 aphids/plant. This blank-

range comes from the observed R0 day-lengths in Table A1. From 2002 to 2011, the observed 

length of R0 are 7, 21, 11, 26, 28, 34, 10, 19, 2, and 2 days. Due to the jump from 11 to 19, the 

level of initial SBA density corresponding to this range is not appeared in the simulations. 
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APPENDIX D: SELECTION OF CANDIDATE LOCATION OF CONSERVATION PRACTICES 

The spatial optimization analysis of Model (4) is applied to Newton County, Indiana. Based on the 

2011 Cropland Data Layer (CDL)19, the land cover properties of study area in Figure 6 are 

summarized in Table D1. 

Table D1. Description of Landuse in Year 2011 based on the USDA Crop Data Layer (CDL) 
Class Class ID CDL Field ID 

Corn Field 1 1 Corn 
Soybean Field 2 5 Soybean 

Grass 3 59 Sod/Grass Seed, 60 Switchgrass, 171 Grassland Herbaceous, 
181 Pasture/Hey 

Forest 4 58 Clover/Wildflowers, 70 Christmas Trees,  
141 Deciduous Forest, 142 Evergreen Forest, 143 Mixed Forest 

Wetland 5 190 Woody Wetlands, 195 Herbaceous Wetlands 

Agriculture 6 

4 Sorghum, 12 Sweet Corn, 13 Pop or Orn Corn, 14 Mint, 
24 Winter Wheat, 26 Dbl Crop WinWht/Soybeans, 27 Rye, 
28 Oats, 36 Alfalfa, 37 Other Hay/non Alfalfa, 43 Potatoes, 
44 Other Crops, 49 Onions, 57 Herbs, 61 Fallow/Idle Corpland, 
216 Peppers, 219 Greens, 221 Stawberries, 
225 Dbl Crop WinWht/Corn, 241 Dbl Crop Corn/Soybeans, 
242 Blueberries 

Water 7 111 Open Water 

Developed 8 121 Developed/Open Space, 122 Developed/Low Intensity 
123 Developed/Med Intensity, 124 Developed/High Intensity 

Others 9 0 Unidentified, 131 Barren 
CP21 10 Polygons from Koh et al. (2013) 
CP33 11 Polygons from Koh et al. (2013) 

 

Figure 6 includes Newton County, IN and the 2.5 km buffer around each grid point inside the 

county that is influenced by and has an influence on the amount of natural enemies as described 

above. From the 2011 CDL of the whole US, we captured the interested geographical boundaries 

and it originally provides a raster type map which contains 2,248,254 cells with (30 m by 30 m) 

resolution. We merged the raster file to a polygon format which contains 84,108 polygons. Land 

cover in the CDL was reclassified as 11 different categories summarized in Table A1. The actual 

                                                           
19 The whole US Crop Data Layer is available at http://nassgeodata.gmu.edu/CropScape/  

http://nassgeodata.gmu.edu/CropScape/
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location of existing CP21 and CP33 grassland planting polygons are added along with the 15 study 

sites where the field measurement data were collected are represented in Figure 6. By polygon 

definition, 6,501 soybean fields and 7,132 corn fields are recognized in Newton County in 2011.  

 Table D2 summarizes the process to select the final five installation candidate locations of 

CPs. Based on the Conservation Practice Standard – filter strip provided by the Field Office of 

Technical Guide (FOTG) of NRCS Indiana, first of all, we removed polygons with an area smaller 

than 5 ha from the 6,743 soybean fields and 7,516 corn fields in 2011 CDL since this size of area 

cannot fit to the whole length of a CP size (about 3,181 ft.). Following by two conditions of the 

fields with lower natural area proportions in section 5.3, we further reduce the number of candidate 

locations for CP installation by only considering those sites in the lowest Quartile based on the 

proportion of the polygon’s total area that is natural area that provides potential habitat for natural 

enemies. All polygons outside the Newton County boundary are eliminated. The fields with CPs 

already installed are also removed. This leaves 86 soybean fields and 82 corn fields. To reflect 

sustainable water supply for CPs, we overlap the water flowline map from the National 

Hydrography Dataset (NHD) and leave only fields where one of edge is sharing the water flowline. 

This condition is for avoiding the case of installing CPs in the middle of crop fields. In addition to 

this, contiguous fields are merged into a single polygon using a clustering technique. This leaves 

10 potential CP candidates. Among these, we eliminate the candidates are divided by roads or 

placed around major city location, which can cut ecosystem services boundaries by human 

intervention. Finally, we figure out five candidate locations of CP installation in Figure 6.  
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Table D2. Geographical Filtering Process 
Filter Field 

CDL Polygons Soybean Corn 
6,743 Polygons 7,516 Polygons 

Area >  
5ha 

(50,000𝑚𝑚2) 

Quantile Area (𝑚𝑚2) Quantile Area (𝑚𝑚2) 
100% Max 3,437,100 100% Max 15,705,900 
99% 907,200 99% 1,782,900 
95% 184,500 95% 207,900 
90% 24,300 90% 22,500 
75% Q3 2,700 75% Q3 2,700 
50% Median 900 50% Median 900 
25% Q1 900 25% Q1 900 
10% 900 10% 900 
5% 900 5% 900 
1% 900 1% 900 
0% Min 900 0% Min 900 

574 Polygons left 603 Polygons left 

Proportion of 
Nature < Q1 

Quantile Proportion of N Quantile Proportion of N 
100% Max 0.82343350 100% Max 0.76123857 
99% 0.67571848 99% 0.61444212 
95% 0.44917467 95% 0.49449370 
90% 0.39653405 90% 0.43483937 
75% Q3 0.23862101 75% Q3 0.31533588 
50% Median 0.12476123 50% Median 0.17010670 
25% Q1 0.05133461 25% Q1 0.05762064 
10% 0.03391568 10% 0.03610192 
5% 0.02552874 5% 0.02900308 
1% 0.01343848 1% 0.01332340 
0% Min 0.00768729 0% Min 0.00698812 

144 Polygons left 150 Polygons left 
Out of Newton 

County 132 Polygons left 128 Polygons left 

CP installed 86 Polygons left 82 Polygons left 
Clustering 10 Polygons left 
Selection 5 Installation Candidate Locations of CPs 
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APPENDIX E: BOXPLOT ANALYSIS 

 From 32,000 solutions of spatial optimization adopting the complete enumeration approach 

in the section of B2, the larger net benefit solution by four thresholds (200, 500, 1,000, and 20,000) 

are represented in the boxplots of Figure E1. 

  

  
Figure E1. Boxplot Results of Solution Space 
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Table E1 shows the mean values of Figure E1 for the largest 200 and the largest 20,000. 

Table E1. Average Net Benefits ($billion) 

idx CP # Largest 
200 

Largest 
20,000 idx CP # Largest 

200 
Largest 
20,000 

0 No 6,821.727 6,820.060 16 1,2,3 6,821.798 6,820.069 
1 1 6,821.821 6,820.061 17 1,2,4 6,821.825 6,820.071 
2 2 6,821.803 6,820.077 18 1,2,5 6,821.801 6,820.074 
3 3 6,821.800 6,820.077 19 1,3,4 6,821.821 6,820.073 
4 4 6,821.828 6,820.079 20 1,3,5 6,821.798 6,820.074 
5 5 6,821.833 6,820.080 21 1,4,5 6,821.825 6,820.076 
6 1,2 6,821.802 6,820.072 22 2,3,4 6,821.821 6,820.074 
7 1,3 6,821.799 6,820.073 23 2,3,5 6,821.826 6,820.075 
8 1,4 6,821.827 6,820.073 24 2,4,5 6,821.825 6,820.078 
9 1,5 6,821.802 6,820.075 25 3,4,5 6,821.821 6,820.078 
10 2,3 6,821.799 6,820.073 26 1,2,3,4 6,821.820 6,820.072 
11 2,4 6,821.827 6,820.076 27 1,2,3,5 6,821.796 6,820.073 
12 2,5 6,821.832 6,820.078 28 1,2,4,5 6,821.824 6,820.071 
13 3,4 6,821.823 6,820.077 29 1,3,4,5 6,821.820 6,820.075 
14 3,5 6,821.828 6,820.077 30 2,3,4,5 6,821.820 6,820.076 
15 4,5 6,821.827 6,820.080 31 all 6,821.819 6,820.072 

 

Figure E1 and Table E1 have two notable patterns. First, the expected net revenue for 50 years in 

Model (4) is seemingly converging to a certain level as we increase the number of solutions. Even 

though we represent the boxplots with the largest 200, 500, 1,000, and 20,000 values, this 

conversing pattern is pretty robust whatever the threshold number is. Second, the benefits from CP 

installations are enough large to compensate the cost of installations. If we look at each plot, the 

expected net revenues from smaller number of installations (smaller value of Index of Location 

Combination) are not always those from larger number of installations (larger value of Index of 

Location Combination) within a boxplot. As noted from Model (4), an economic agent needs to 

pay installation costs more if she/he wants to install CPs more. However, the results show that the 

ecosystem services provided by bringing more NEs into crop fields can suppress SBA effectively. 

Due to the increased yield after the reduced yield damaged by SBA, the net revenue itself is high 

enough to cover installation costs. 


