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Resilient Provision of Ecosystem Services from Agricultural Landscapes: Tradeoffs 

Involving Means and Variances of Water Quality Improvements 

ABSTRACT 
We assess the tradeoffs and synergies involved in reducing agriculture-generated nutrient loads 
with different levels of resilience. We optimize the selection of least-cost patterns of agricultural 
conservation practices for both the expected performance of the conservation actions and its 
variance. Securing nutrient loads with a higher level of resilience is costly, with marginal costs 
of resilience generally declining with lower loads. We find that the main tradeoff dimension is 
between cost of conservation investments and ecosystem service objectives, as opposed to 
pronounced mean-variance or between- nutrient objectives tradeoffs. We find relative synergies 
in agricultural conservation investments aimed at nutrient reductions.    
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Resilient Provision of Ecosystem Services from Agricultural Landscapes: Tradeoffs 

Involving Means and Variances of Water Quality Improvements 

In recent years, the concept of ecosystem services and natural capital has garnered significant 

attention from the research, policy, and conservation community (see, e.g., Heal and Small 

(2002), Boyd and Banzhaf (2007), Polasky and Segerson (2009), Barbier (2015), and a Special 

Feature in the Proceedings of National Academy of Sciences devoted to the topic). For 

intensively managed agriculture-dominated landscapes, there can be both complementarities and 

competition between ecosystem services including the provisioning services of food, feed, fuel, 

and clean water, the regulating service of waste processing (provided by streams), and the 

cultural ecosystem services tied to the presence of wildlife for hunting or recreation. The 

diminution of ecosystem services related to environmental externalities is, of course, a generally 

expected outcome of a market system. Given the signals provided by agricultural markets, it is 

not surprising that the agricultural system heavily favors production of private ecosystem 

services (food, feed, and fuel) (Lichtenberg 2002, p. 1254). The US Midwest, for example, has 

the highest rates of crop growth in the world, to the point that agriculture affects regional climate 

(Mueller et al. 2015). At the same time, heavy reliance on fertilizer use, has caused some 

scientists to suggest that humanity has exceeded its “safe operating space” with respect to 

nutrient fluxes (Steffen et al. 2015).  

 The recognition of these issues has led to extensive agri-environmental policy efforts in 

the US and elsewhere as well as a literature identifying approaches for incorporating ecological 

objectives in policy (Lichtenberg 2002; Lankoski and Ollikainen 2003, Bateman et al. 2013). 

While these efforts have found some success, most scientific assessments of environmental 

impacts of U.S. agriculture indicate many remaining concerns including fish and wildlife habitat 
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(USDA-CEAP, Wildlife National Assessment 2015), air pollution (Mueller and Mendelsohn 

2011), nutrient pollution (US EPA 2015), and other environmental endpoints.  

 Elucidating the nature of tradeoffs between different ecosystem services requires 

understanding natural system processes and evaluating counterfactual scenarios to determine 

where tradeoffs exist, where synergies occur (e.g., Karp et al. 2015), and how other ecosystem 

services can be improved at the lowest sacrifice to marketed agricultural goods. Understanding 

tradeoffs or potential synergies1 requires two things. First is the quantifiable understanding of the 

underlying ecosystem service production process and of the economic inputs that go into their 

production.2 The ecological production functions themselves, however, are often poorly 

understood, may exhibit complex nonlinear dynamics with thresholds (e.g., Carpenter et al. 

2015; Barbier et al. 2008), or, even in the best case of relatively small scientific uncertainty, may 

be represented by computer simulation programs that do not correspond to traditional economics 

understanding of a production function (e.g., Heal and Small 2002).  

While tradeoffs in ecosystem services may be unavoidable, it is desirable to limit 

consideration to those that are on a Pareto-efficient frontier.  This is particularly important when 

considering the exact magnitudes (marginal costs or marginal rates of product transformation) of 

tradeoffs between ecosystem services.  Yet another dimension to the question of tradeoffs 

between different classes of ecosystem services is uncertainty in the provision of a particular 

joint product from an ecosystem. In addition to having different opportunity costs of private 

goods, alternative ecosystem service bundle can differ in terms of the risk associated with their 

                                                           
1 Heal et al. (2001) called the presence of synergies a “conservation umbrella.” 
2 See Heal and Small (2002) for an interesting distinction between economic and non-economic inputs into the 
ecosystem services production function. Economic inputs have opportunity costs, while others, like sunlight needed 
for agricultural production, while essential, are non-economic In our application, economic inputs include foregoing 
crop production entirely and planting perennial grass or bringing machinery, expertise, and labor inputs for the 
adoption of “working land” conservation practices.    
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provision. That is, some conservation investments may consistently yield a given bundle of 

ecosystem services while others may on average a higher level of services, but with a wider 

variability of provision over time. The mean-variance tradeoff for a particular cost of 

conservation investment may be relevant in choosing across services.   

Consideration of tradeoffs between mean and variance of provision of services is 

consistent with the literature on resilience in ecosystem service provision. The notion of 

resilience is nuanced and complex, but for this work we adopt a definition similar to one used in 

Gren (2010)  —namely, the reliability of ecosystem service provision under exogenous shocks, 

specifically weather risk.3 In this paper, we explore tradeoffs for the expected provision level and 

for different levels of reliability (specified as simulated probability of attaining the desired 

provision level) for the case of a single non-market ecosystem service, and then expand the 

notion of tradeoffs to multiple dimensions of aquatic ecosystem services, where we focus on the 

joint probability of meeting desired ecological targets.4 To do so, we adopt a multiobjective 

optimization approach with the objectives specified as means and standard deviations of desired 

ecosystem outputs. For this application, we focus on a heavily agricultural watershed in Iowa and 

use nutrient loads as inputs into aquatic ecosystem services. This approach can will be relevant to 

any situation where the connection between human actions on the landscape and ecosystem 

services is characterized by a complex relationship involving nonlinearities, nonconvexities and 

nonseparabilities (for example, conservation network design as in Parkhurst and Shogren 2008).  

                                                           
3 Social preference for reliability of goal attainment is reflected in the required “margin of safety” in the TMDL 
regulations, requiring either to explicitly reduce allowable pollutant loads in a watershed based on modeled 
uncertainty or to employ conservative modeling assumptions 
(http://water.epa.gov/lawsregs/lawsguidance/cwa/tmdl/TMDL-ch3.cfm ) 
4 However, as Heal and Small (2002) point out “We are powerfully ignorant about the technology that produces 
ecosystem services.” While true, ignorance should not be a reason to explore the implications of existing levels of 
understanding of some dimensions of ecosystem services production process, embodied, in our case, in the 
ecohydrologic model. See Kling (2011) for a call to action while acknowledging the deep uncertainties involved and 
importance of learning and adaptive management.  
. 

http://water.epa.gov/lawsregs/lawsguidance/cwa/tmdl/TMDL-ch3.cfm
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Resilience in ecosystem services provision 

The concept of resilience has been used extensively by many disciplines, each approaching the 

concept from somewhat different perspectives and providing different definitions. We refer the 

reader to Longstaff et al.’s (2013) typology and to translate the concept among different 

disciplines. Intuitively, the notion of resilience deals with the ability of a system to perform 

desired functions under most, if not all, possible external shocks. Within their typology, we adopt 

the definition referred to as Type I resilience: the capacity of a system “to rebound and recover.” 

Simply put, we seek to spatially optimize the selection of agricultural conservation practices 

which optimize both the expected performance of the conservation actions and their variance 

(Shortle and Horan (2013) suggest a similar approach). Longstaff et al’s (2013) typology 

distinguishes approaches to resilience based on level of complexity (low/reductionist approach to 

high/holism/emergent properties) of the studied system as well as based on degree of normativity 

(on the scale from descriptive/positive to normative). Our work fits in the low complexity/low 

normativity category, as our studied system deals with quantifiable uncertainty (risk) and 

employs a deterministic, reductionist approach to quantifying the costs and ecosystem service 

outputs of evaluated scenarios.5 This definition of resilience can be equivalently thought of as 

the reliability of meeting ecosystem service provision targets.   

Next, we briefly sketch a simple model to aid in conceptual framing of our work. 

Suppose one possesses a quantified joint ecological-economic production function 

𝑆𝑆(𝒙𝒙; 𝜺𝜺): ℝ𝒎𝒎 → ℝ𝒌𝒌, where 𝒙𝒙 is an 𝑚𝑚 × 1 vector of controllable economic inputs into the 

                                                           
5 Were we to adopt a specific form for an economic damage function associated with ecosystem service degradation, 
our work would align with type II resilience definition of Longstaff et al. (2013), and would involve objectives of 
net benefit optimization (see Polasky and Segerson (2009) and Shortle and Horan (2013) for discussion of the 
relationship between outcomes obtained under physically defined goals and economically efficient outcomes).   
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production of ecosystem services (e.g., land, machinery, labor, fertilizer input, conservation 

practices) being combined, over the relevant spatial and temporal scale, to produce a 𝑘𝑘 ×

1 vector of monetized benefits/costs and nonmonetized final ecosystem services, and 𝜺𝜺 

representing exogenous factors (e.g., non-economic inputs into production of ecosystem services 

such as rainfall, solar radiation, soil quality, as well as exogenous economic factors such as 

commodity prices or government policy) treated as random. One of the components of the output 

vector serves to monetize the choices made with respect to human actions 𝒙𝒙 in the form of net 

social benefits. Depending on the availability of data and models, this can range from a full 

accounting of net social benefits measuring welfare impacts of marketed ecosystem services and 

non-market values of some non-market ecosystem services to simply measuring estimated 

engineering costs associated with 𝒙𝒙. With this resilience measure, it is assumed that decision-

makers can specify a set of desirable performance targets 𝑆𝑆̅. Appropriately scaling outputs so that 

they are all desirable, the problem of resilience can be written as max
𝒙𝒙

𝑃𝑃(𝑆𝑆(𝒙𝒙; 𝜺𝜺) ≥ 𝑆𝑆̅), that is, the 

most resilient set of actions are those that maximize the probability of meeting a desired level of 

monetized and non-monetized ecosystem services.  

This is a version of Roy’s (1952) safety-first criterion.6  Safety-first approaches have 

found numerous applications in many fields, including agricultural and environmental 

economics. Of many past efforts, examples include Paris (1979), Beavis and Walker (1983), 

Lichtenberg and Zilberman (1988), McSweeny and Shortle (1990), Bigman (1996), Willis and 

Whittlesey (1998), Horan and Shortle (2011), Eloffson (2003), Gren (2008), Kampas and White 

(2003), Rabotyagov (2010). As highlighted by Shortle and Horan (2013), the Total Maximum 

                                                           
6 More broadly, this kind of formulation can be described as a P-model of Chance-Constrained Programming (CCP) 
of Charnes and Cooper (1959), and CCP can be described as a class of anticipative (non-adaptive) stochastic 
programming approaches (Poojari and Varghese 2008)  
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Daily Load rules adopts safety-first approach through the requirement of a “margin of safety” 

constraint on the allowable watershed pollution loads. Another example is that the government of 

Canada was at one point explicitly favoring climate change policy requiring 95% certainty in 

agricultural carbon sequestration credits (Rabotyagov 2010).    

 In many applications, the tradeoffs embedded in resilience can be appropriately 

formulated by minimizing the (non-stochastic) cost of achieving a single stochastic ecosystem 

service objective with a given probability. The resilience objective is typically written as a 

constraint 𝑃𝑃(𝑆𝑆𝑖𝑖(𝒙𝒙; 𝜺𝜺) ≥ 𝑆𝑆𝚤𝚤�) ≥ 𝛼𝛼, where 𝛼𝛼 is level of resilience (or reliability) of the system.  

Rewriting the probabilistic constraint in a deterministic form can be accomplished when the 

distribution of the random term is known. In this case, a deterministic constraint involving the 

critical value of the standardized distribution of 𝑆𝑆𝑖𝑖, the controlled mean and variance of 

ecosystem service provision can be written as 𝐸𝐸𝜀𝜀�𝑆𝑆𝑖𝑖(𝒙𝒙)� + 𝐹𝐹𝑧𝑧−1(1 − 𝛼𝛼)𝑉𝑉𝑉𝑉𝑉𝑉�𝑆𝑆𝑖𝑖(𝒙𝒙)�
0.5

≥ 𝑆𝑆�̅�𝑖. 

For high desired levels of confidence 𝛼𝛼 (so that 𝐹𝐹𝑧𝑧−1(1 − 𝛼𝛼) < 0), the term (𝐹𝐹𝑧𝑧−1(1 −

𝛼𝛼)𝑉𝑉𝑉𝑉𝑉𝑉�𝑆𝑆𝑖𝑖(𝒙𝒙)�
0.5

) has the standard interpretation of a “margin of safety” or of an “uncertainty 

discount”. Tradeoffs between costs and the resilience of providing non-monetized ecosystem 

services are then seen by increasing cost of attaining higher reliability. This is a standard finding, 

although the costs of resilience have varied from single-digit percentage uncertainty discounts 

for soil carbon sequestration (Rabotyagov 2010), to almost doubling the costs of pollution 

reduction when required confidence in pollution reduction goes from 50 to 90-95% (Bÿstrom, 

Andersson, Gren (2000); Elofsson (2003)) to finding a seven-fold increase in costs of controlling 

N runoff (McSweeny and Shortle, 1990). Resilience is costly, but the exact tradeoffs involved in 

achieving higher resilience depends on the particular situation.7 

                                                           
7 An obvious source of affecting costs of resilience lies with the choice of the critical value 𝐹𝐹𝑧𝑧−1(1 − 𝛼𝛼). Under 
uncertainty about the form of the controlled distribution, one can purchase resilience with respect to distributional 
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 The simple case of no uncertainty in the opportunity costs of ecosystem services 

provision allows for a particularly convenient inversion of the probability statement and for 

dealing with “resilient” levels of provision. If 𝒙𝒙 is costly, the constraint will be binding and 

𝐸𝐸𝜀𝜀�𝑆𝑆𝑖𝑖(𝒙𝒙∗)� + 𝐹𝐹𝑧𝑧−1(1 − 𝛼𝛼)𝑉𝑉𝑉𝑉𝑉𝑉�𝑆𝑆𝑖𝑖(𝒙𝒙∗)�
0.5

= 𝑆𝑆�̅�𝑖 represents the 𝛼𝛼-quantile of the controlled 

provision distribution (also sometimes referred to as a claimable amount (Kurkalova 2005)) and 

𝒙𝒙∗ denotes choices leading to resilient provision. When multiple objectives are brought under the 

joint probabilistic constraint, such an inversion from joint probabilities to unique quantiles is no 

longer possible, except for the case of statistically independent objectives, where the jointly 𝛼𝛼𝑛𝑛-

resilient set is constructed of individual (marginal) 𝛼𝛼-resilient provision levels. Instead, 

combinations of individual provision levels which jointly produce the desired 𝛼𝛼-level resilience 

will be required. This is akin to confidence ellipses encountered in joint significance testing of 

regression parameters (for the introduction to the issues encountered in joint chance constraints, 

see Bawa (1973), Prekopa (1970), Willis and Whittlesey (1998) for an applied agricultural 

economics example or Hong, Yang, and Zhang (2011) for the modern operations research 

perspective). In short, a simple interpretation of results as producing unique “resilient” 𝑆𝑆�̅�𝑖, 𝑆𝑆�̅�𝑘 no 

longer applies.  

 Fortunately, if we ask “what is the joint resilience associated with a particular solution 𝒙𝒙 

and specified objectives, 𝑆𝑆̅?”, the answer, expressed as a joint probability, is easy to understand 

(if not necessarily compute). Namely, the probability is 𝑃𝑃(𝒙𝒙) = ∫ 𝐼𝐼[𝑆𝑆(𝒙𝒙; 𝜺𝜺) ≥ 𝑆𝑆̅]𝑑𝑑𝐹𝐹(𝜀𝜀). In some 

simpler cases, where a single stochastic objective is encountered, and a particular distribution for 

the random factor (e.g., normal) is assumed, the probability can be retrieved from existing tables. 

In other cases of intermediate difficulty, in which a low-dimension economic-ecological 

                                                           
uncertainty by relying on the Chebyschev Inequality (e.g., Gren (2010)). This, however, appears unnecessarily 
conservative for most practical applications.  
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production process may be assumed to be linear and separable (𝑆𝑆(𝒙𝒙; 𝜺𝜺) ≡ 𝒔𝒔(𝜺𝜺)′𝒙𝒙), analytical 

expressions can be constructed (e.g., (Kampas and White 2003). However, even for a single 

dimension of ecosystem service output, where the production process may take place over 𝐾𝐾 

locations, and where multiple actions (𝐽𝐽) are available in 𝒙𝒙, construction of (conditional on 𝒙𝒙 ) 

variance to arrive at the standardized ecosystem output involves estimating 𝐾𝐾𝐾𝐾(𝐾𝐾𝐾𝐾−1)
2

 terms of the 

variance-covariance matrix, which would account for all the spatial and action-related 

covariances. This is a common problem that arises in risk management, and analytical techniques 

such as copula estimation exist to aid researchers and decision-makers (Cherubini, Luciano, and 

Vecchiato, 2004).  

Gren (2010) considered several abatement actions and the implied abatement correlations 

across actions in estimating the resilience value of wetlands for nutrient reduction; however, her 

analysis did not incorporate spatial correlations, while Kampas and White (2003) have shown 

that ignoring correlations introduces larger bias in probabilistic constraints than incorrect 

distribution specification. Rabotyagov (2010) considered two agricultural conservation actions as 

well as spatial correlation for soil carbon sequestration. However, the introduction of multiple 

dimensions as well as distributional assumptions needed to make probability statements further 

complicate the issue. For instance, Kampas and Adamidis (2005) pointed out that under log-

normality assumption of pollution reduction from a single action, the sum of reductions does not 

follow the log-normal distribution as Gren, Destouni, and Tempone (2002) assumed.  

When, in addition, the natural science knowledge suggests that important dimensions of 

𝑆𝑆(𝒙𝒙; 𝜺𝜺) are nonlinear and nonseparable (e.g., examples provided in Carpenter et al. 2015), 

obtaining analytical expressions for the overall resilience value becomes much more difficult. 

However, as in simulation-aided econometric estimation, simulation approximation to the 

probability or other expected functions of interest such as the mean or the variance remains 
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available. One issue that arises in this context is computational cost associated with evaluating 

𝑆𝑆(𝒙𝒙; 𝜺𝜺) many times. For example, we could build the objective of resilience directly into the 

multiobjective tradeoff analysis (see Rabotyagov, Jha, and Campbell 2010) but instead we 

choose to opt to formulate the objectives in terms of means and standard deviations.  Resilience 

is a property associated with a particular choice of actions to affect the provision of a vector of 

desirable outputs. Basic theory and empirical work to date suggest that resilience is costly. 

Resilience of the type we study is closely related to the variance in the desired output. To explore 

the potential tradeoffs among cost and proxies for aquatic ecosystem services, as well as evaluate 

potential synergies or tradeoffs associated with resilience, we choose to simultaneously optimize 

for the cost of economic inputs, and the mean and the variance of non-market ecosystem outputs. 

Further, we use bootstrap methods for a computationally fast way to provide resilience 

assessment of the optimized solutions.  

Tradeoff Development  

An efficient tradeoff frontier in the production of ecosystem services emerges when all 

Pareto-improvements have been exhausted: no single objective can be improved upon without 

sacrifice in terms of other objective(s). Some of the objectives may be formulated as resilience 

objectives. The classic example is tracing out the efficient mean-variance frontier of a stock 

portfolio. For multiple objectives when the economic-ecological production function can be 

explicitly written exact multiobjective optimization can generate tradeoffs across different 

ecosystem services (see Polasky et al. (2008) and Toth and McDill (2009)). In the case that 

𝑆𝑆(𝒙𝒙; 𝜺𝜺) function is cannot be written in a compact mathematical form but is represented by a 

computer simulation program, simulation-optimization methods can be used.   

Multiobjective evolutionary algorithms are capable of dealing with potential non-convexities 

in optimization and can use simulation model output to (approximately) develop multiple-
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objective Pareto-efficient sets in a single optimization run.  Deb (2001) is the classic introduction 

to evolutionary algorithms. Nicklow et al. (2010) and Maier et al. (2015) discuss some recent 

applications focused on water resources, and Kennedy et al (2008) and Porto et al (2014) provide 

terrestrial ecosystem management examples. Herman et al. (2014) explore tradeoff generation 

under deep uncertainty. Recent examples for tradeoff development using multiobjective 

evolutionary algorithms in agriculturally dominated ecosystems include Gramig et al. (2013), 

Bostian et al. (2015), Ahmadi et al. (2013), Rabotyagov et al. (2014) and Chichakly et al. (2013) 

who incorporate measures of resilience to anticipated climate change. 

We consider a model of joint economic-ecological production process, where the human 

actions considered are “working land” agricultural conservation practices largely consistent with 

the prevailing crop system and “land retirement” of establishing perennial grass cover on 

cropland. These actions represent economic inputs into the production of (proxies for) freshwater 

and coastal aquatic ecosystem services associated with reducing nutrient fluxes, namely ambient 

Nitrogen (N) and Phosphorus (P) loads.  

Scientific consensus exists on the fact that human activity has altered both the nitrogen 

and phosphorus cycles (Millenium Ecosystem Assessment, 2005, Ch. 12), with some beneficial 

(increased crop production), and some deleterious (eutrophication) effects on ecosystem services. 

The exact targets for nutrient loads and concentrations are an active area of research and 

policymaking (Evans-White et al., (2013), Heiskary and Bouchard (2015), US EPA, 2015 

http://cfpub.epa.gov/wqsits/nnc-development/ ) but it is well understood that excess nutrient 

loads negatively impact many ecosystem services from freshwater systems. We take as a starting 

point that it is desirable to reduce N and P and elucidate the tradeoffs involved in controlling the 

mean and standard deviation of nutrient pollution. 

Conceptual Model   

http://cfpub.epa.gov/wqsits/nnc-development/
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 Our notation is similar to the notation used by Rabotyagov, Valcu, and Kling (2014). 

There are 𝐾𝐾 decision-making units (“fields”) in the watershed, each field being characterized by 

a unique combination of physical characteristics (soil, slope) and location in the watershed. The 

ambient water quality is monitored both in stream and at the outlet of the watershed. Let 𝑉𝑉𝑖𝑖 =

𝑉𝑉𝑖𝑖(𝐱𝐱𝐢𝐢, 𝜉𝜉) ∀ 𝑖𝑖 = 1, … ,𝐾𝐾 be the 𝑖𝑖𝑡𝑡ℎ field emissions given the actions taken at field level, where 𝐱𝐱𝑖𝑖 

represents the 𝐽𝐽 × 1 vector of actions implemented at each field, and 𝜉𝜉 represents the stochastic 

weather factor. The set of actions consists of baseline activity and a set of working land 

conservation practices and land retirement.    

To connect farm-level conservation actions to outcomes of interest, we need a specific 

version of the ecological production function. In our application, this function is represented by a 

water quality production function, W(𝐫𝐫(𝐱𝐱, 𝛏𝛏)) that is the result of the complex spatial interactions 

between the edge-of-field emissions leaving the fields, and which is represented by an 

ecohydrologic simulation model.8 Given the stochastic nature of the weather factor, we are 

interested in finding the least-cost spatial combinations 𝐱𝐱 that reduce expected values of nutrient 

pollution as well as its standard deviation. Using optimization results, we construct a measure of 

resilience defined as the probability of achieving a particular target, and analyze the tradeoff 

between costs and different levels of resilience. We start by considering the case of a single 

nutrient pollutant (a proxy for diminished aquatic ecosystem services upstream and downstream) 

and then move to the case of two pollutants. 

                                                           
8 As Lichtenberg (2002) explains: “… there is not a simple monotonic relationship between emissions at the level of 
an individual field and impacts on environmental quality at the ambient scale with which policy is actually 
concerned. Fate and transport are typically non-linear and depend on space and time in complex ways, making 
extrapolation of field-level emissions to ambient pollutant concentrations quite complex”. We refer the reader to 
Lichtenberg (2013), Shortle and Horan (2013) for reviews of these and other issues associated with nonpoint source 
pollution from agriculture, as well as to Rabotyagov et al (2014) for an attempt to simplify the ‘ecological 
production’ process. Uncertainty in the model structure itself is not considered in this article, although we recognize 
this as likely important for both better science and policy-relevance (see Herman et al. 2014). 
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A single pollutant case 

We begin by solving the multi-objective problem that simultaneously minimizes 

 𝑀𝑀𝑖𝑖𝑖𝑖𝐱𝐱 [ 𝐶𝐶(𝐱𝐱 ), 𝐸𝐸𝑇𝑇[𝑁𝑁(𝐱𝐱 )] ,𝑉𝑉𝑉𝑉𝑉𝑉[𝑁𝑁(𝐱𝐱)]0.5]                                                                                 (1) 

where 𝐱𝐱 represents a 𝐾𝐾𝐽𝐽 × 1 vector representing a particular placement of conservation practices, 

W�𝐫𝐫(𝐱𝐱, 𝛏𝛏)� ≡  𝑁𝑁(𝐱𝐱) represents the simulated, over simulation period of length 𝑇𝑇, vector of 

annual nitrogen loads,  𝐸𝐸𝑇𝑇[𝑁𝑁(𝐱𝐱 )]  is the mean nitrogen loads over the historical simulation 

period,  𝑉𝑉𝑉𝑉𝑉𝑉[𝑁𝑁(𝐱𝐱)]0.5  is the standard deviation, and 𝐶𝐶(𝐱𝐱 ) is the (deterministic) estimated cost of 

that particular combinations of conservation investments (economic inputs into aquatic 

ecosystem service production) in the watershed. 

The solution vector 𝐱𝐱∗ defines the Pareto-efficient set (𝑃𝑃𝑓𝑓), where each element is 

represented by a unique combination of cost, expected nutrient load and the standard deviation of 

loads: 

 𝑃𝑃𝑓𝑓(𝐱𝐱∗) = �𝐶𝐶(𝐱𝐱∗),𝐸𝐸𝑇𝑇[𝑁𝑁(𝐱𝐱∗)] ,𝑉𝑉𝑉𝑉𝑉𝑉[𝑁𝑁(𝐱𝐱∗)]0.5  �∄ 𝐱𝐱 ≠ 𝐱𝐱∗,𝑃𝑃𝑓𝑓(𝐱𝐱) ≻ 𝑃𝑃𝑓𝑓(𝐱𝐱∗) �                              (2) 

That is, a pattern of conservation investments defines the Pareto-efficient frontier if there is no 

other conservation action pattern which is a Pareto-improvement (≻) in the cost-mean-standard 

deviation space. The Pareto-efficient frontier defines the set of optimal tradeoffs; for example, 

the lower envelope of the set with respect to mean N and conservation action costs gives the 

equivalent of the total abatement cost curve for expected nutrient pollution. It also offers 

valuable information on the possible mean-variance tradeoffs, where, for a given cost, a tradeoff 

between expected ecosystem service performance and its standard deviation could be seen. 

However, we cannot directly infer how much would it cost to achieve a particular level of 

nitrogen loads under different levels of resilience, where by resilience, we understand the 

probability of achieving that target in any given year. However, for the single stochastic 

objective, it is straightforward to “collapse” the three-dimensional Pareto-frontier into a set of 
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“resilient tradeoffs” between cost and resilient provision of an ecosystem service. Doing so 

involves appropriately constructing the deterministic equivalent to the resilience objective using 

the mean, standard deviation, and the critical value of the controlled distribution of the stochastic 

objective.  

Finding resilient solutions involves solving a chance- constrained optimization problem: 

𝑀𝑀𝑖𝑖𝑖𝑖𝐱𝐱 𝐶𝐶(𝐱𝐱 )  𝑠𝑠. 𝑡𝑡.  Pr {Nt(𝐱𝐱) ≤ 𝑁𝑁} ≥ 𝛼𝛼   ∀𝑡𝑡 = 1, … ,𝑇𝑇                                                                  (3)                                          

where 𝑁𝑁 is the target level of N loads, and 𝛼𝛼 the desired level of resilience measured as the 

probability of achieving the target.   

We use the Pareto-frontier 𝑃𝑃𝑓𝑓(𝐱𝐱∗) and employ two approaches to approximate solutions 

to the above problem, approaches that we identify as “normal” and “non-parametric”.  Under 

both approaches, we transform equation (3) using its deterministic counterpart as: 

𝑀𝑀𝑖𝑖𝑖𝑖𝐱𝐱 𝐶𝐶(𝐱𝐱 ) 𝑠𝑠. 𝑡𝑡.   𝐸𝐸𝑇𝑇 {N(𝐱𝐱)} + 𝜙𝜙𝛼𝛼𝑉𝑉𝑉𝑉𝑉𝑉(𝑁𝑁(𝐱𝐱))𝑇𝑇0.5 ≤  𝑁𝑁                                                               (4) 

where  𝜙𝜙𝛼𝛼 is the critical value of the standardized distribution of 𝑁𝑁(𝐱𝐱).  

Note that a solution to the chance-constrained problem (3) must be a member of the 

Pareto frontier in the cost-mean-standard deviation space: 𝐱𝐱� ⊂ 𝐱𝐱∗. The converse is not true: that 

is, a particular solution from a multiobjective optimization program need not be optimal for a 

chance-constraint program. Appendix 1 in supplemental materials provides the demonstration of 

this point. 

Under the normal approach, we assume the standardized distribution of pollution load 

follows a normal distribution and use 𝜙𝜙𝛼𝛼 = Φ−1(𝛼𝛼), the standard normal critical value that 

depends on 𝛼𝛼 (1.64 for 𝛼𝛼 = 0.95). Under the normality assumption, we consider 𝛼𝛼 −

𝑉𝑉𝑟𝑟𝑠𝑠𝑖𝑖𝑟𝑟𝑖𝑖𝑟𝑟𝑖𝑖𝑡𝑡 pollution loads to be 𝐸𝐸𝑇𝑇 {N(𝐱𝐱�)} + Φ−1(𝛼𝛼)𝑉𝑉𝑉𝑉𝑉𝑉(𝑁𝑁(𝐱𝐱�))𝑇𝑇0.5 and can focus on the results 

in terms of tradeoffs between cost and resilient nitrogen loads.  

Non-parametric approach 
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An alternative approach is to employ non-parametric bootstrap methods (Efron (1979)), 

and define the resilience pollution loads in terms of the bootstrapped quantiles. Since our data 

(nitrogen loads simulated over a period of time) is serially dependent, we employ the block 

stationary bootstrap method (Politis and Romano (1992), (1994)). Under this approach, 

observations are re-sampled in blocks of random length, with the length of the block being 

determined by a geometric distribution. The block re-sampling (observations are drawn 

consecutively) preserves the lag dependence in the original data. The bootstrapped data is 

stationary if the block length is determined using a geometric distribution. Additionally, the 

block bootstrap works well under very weak conditions on the dependency structure of the 

original data. 

For any efficient combination of conservation practices (𝐱𝐱∗) that is part of the Pareto 

frontier 𝑃𝑃𝑓𝑓(𝐱𝐱∗), we take the model-simulated 𝑇𝑇 × 1 vector of nitrogen values 𝑁𝑁(𝐱𝐱∗) to construct 

a non-parametric distribution using a stationary bootstrapping approach using blocks of unequal 

length. To obtain tradeoffs involving 𝛼𝛼 − 𝑉𝑉𝑟𝑟𝑠𝑠𝑖𝑖𝑟𝑟𝑖𝑖𝑟𝑟𝑖𝑖𝑡𝑡 nitrogen loads, we compute, for each 

bootstrap replicate series, the sample 𝛼𝛼-quantile and average the results over many bootstrap 

replications.  The interpretation of the new 𝛼𝛼 − 𝑉𝑉𝑟𝑟𝑠𝑠𝑖𝑖𝑟𝑟𝑖𝑖𝑟𝑟𝑖𝑖𝑡𝑡 Pareto frontier is similar to the 

previous one, each solution representing a non-dominated combination of cost and 𝛼𝛼 − 𝑉𝑉𝑟𝑟𝑠𝑠𝑖𝑖𝑟𝑟𝑖𝑖𝑟𝑟𝑖𝑖𝑡𝑡 

nitrogen loads that correspond to a given level of resilience, 𝛼𝛼. The magnitude of the differences 

between the normal and non-parametric approaches is an empirical question. 

Multiple pollutants: A case of nitrogen and phosphorus 

We also consider developing tradeoffs which involve the means and the variances of 

multiple ecological objectives. In this case, we modify the multiobjective minimization problem 
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to include the means and standard deviations of two nutrient pollutants, nitrogen and 

phosphorus:9 

 𝑀𝑀𝑖𝑖𝑖𝑖𝐱𝐱 [ 𝐶𝐶(𝐱𝐱 ), 𝐸𝐸𝑇𝑇[𝑁𝑁(𝐱𝐱 )] ,𝑉𝑉𝑉𝑉𝑉𝑉[𝑁𝑁(𝐱𝐱)]0.5,𝐸𝐸𝑇𝑇[𝑃𝑃(𝐱𝐱 )] ,𝑉𝑉𝑉𝑉𝑉𝑉[𝑃𝑃(𝐱𝐱)]0.5]                                          (5) 

where 𝐱𝐱 represents a particular placement of conservation practices, 𝑁𝑁(𝐱𝐱 ), 𝑃𝑃(𝐱𝐱 ), the vectors of 

nitrogen and phosphorus loads of length T,  𝐸𝐸[. ] is the expected water quality outcome measured 

as (historical) sample mean of nitrogen and phosphorus, 𝑉𝑉𝑉𝑉𝑉𝑉[𝑁𝑁(𝐱𝐱)]0.5  and 𝑉𝑉𝑉𝑉𝑉𝑉[𝑃𝑃(𝐱𝐱)]0.5 are 

respective standard deviations, and 𝐶𝐶(𝐱𝐱 )is the estimated annual cost of the particular 

combination of conservation investments in the watershed. 

Similarly to the univariate case, the solution is represented by a Pareto set, 𝑃𝑃𝑓𝑓𝑁𝑁𝑁𝑁, where 

each element represent a non-dominant combination of cost, mean and standard deviation values 

for nitrogen and phosphorus emissions associated with a spatial combination of conservation 

practices. As discussed above, it is more intuitive to consider actual tradeoffs between mean and 

variance control or to characterize a particular solution in terms of a probability (resilience value) 

of meeting a specified target.  

In order to characterize joint resilience implied by the solutions in the Pareto-frontier, we 

rely on the nonparametric bootstrap, now using two dimensions. Resilience is defined as the joint 

simulated probability of achieving both N and P targets. Similarly to the univariate stationary 

bootstrapping, we use the vectors of simulated nitrogen and phosphorus loads to generate 

bootstrap replicates using blocks of unequal length. The stationary bootstrapping procedure 

involves using both vectors simultaneously, thus preserving the correlation between controlled 

loads of N and P. That is, given a particular joint target (𝑁𝑁�,𝑃𝑃�), we can construct characterize the 

                                                           
9 If the objective were to be specified as minimizing the variance, for example, the sum, or a linear index of two 
nutrients, the covariance term would enter into problem specification. Alternatively, the resilience objective 
specified as a joint probability could be simulated within the optimization loop (as in Poojari and Varghese (2008)). 
We leave those extensions to future work.  
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tradeoff frontier in terms of cost, mean nitrogen, mean phosphorus and simulated joint resilience 

of achieving the specified target. The resilience level is estimated as the simulated probability, 

𝑝𝑝(𝐱𝐱𝒊𝒊): 

𝑝𝑝(𝐱𝐱𝒊𝒊) = ∑ {∑ 𝐼𝐼(𝑁𝑁(𝐱𝐱)𝑟𝑟𝑡𝑡 ≤ 𝑁𝑁�𝑇𝑇
𝑡𝑡=1 ,𝑃𝑃(𝐱𝐱)𝑟𝑟𝑡𝑡 ≤ 𝑃𝑃�)/𝑇𝑇}𝑀𝑀

𝑟𝑟=1 /𝑀𝑀                                                            (6) 

where T is the length of the model simulation, 𝐱𝐱𝒊𝒊 is the particular pattern of conservation 

investments evaluated and M is the number of bootstrap repetitions.  

   To approximate the solution sets for the multiobjective problems (1) and (5), we use a 

simulation-optimization framework using Soil and Water Assessment Tool (SWAT) as the 

simulation model and a modification of the Strength Pareto Evolutionary Algorithm 2 (SPEA2) 

(Zitzler, Laumans, and Thiele, 2002) as the multiobjective optimization heuristic, as described by 

Rabotyagov et al. (2010). The simulation-optimization framework simultaneously minimizes the 

cost, the 20-year means (𝑇𝑇 = 20) and standard deviations of annual N for the single pollutant 

case and N and P loads for the two pollutant case.10 The solutions are sets of Pareto-

nondominated watershed configurations 𝑃𝑃𝑓𝑓 and 𝑃𝑃𝑓𝑓𝑁𝑁𝑁𝑁. To assess convergence, we use a 

consolidation ratio proposed by Goel and Stander (2010) and used by Rabotyagov et al. (2014). 

  SWAT is designed to run watershed simulations based on a wide range of inputs: weather 

data, soil characteristic, plant growth and crop rotations, nutrient management, nutrient transport 

and transformation, land use and management practices. The model can be used to estimate the 

changes in nutrient emission in response to the land changes associated with alternative 

conservation practice, crop choices, and rotation alternatives. The model was developed by the 

                                                           
10 The resulting relatively small sample size used to construct the model-simulated mean and the standard 
deviation is one of the limitations of the study, and can introduce imprecision in resilience estimates. To the extent 
that mean and standard deviation estimates are not biased, we try to improve precision by bootstrapping 
optimized series.  
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U.S Department of Agriculture and has been used in a wide range of applications (Arnold et al. 

(1998); Arnold and Fohrer (2005); and Gassman et al. (2008)). 

 

Empirical Application: The Boone River Watershed 

Our empirical results focus on The Boone River Watershed (BRW). The BRW is a 

typical agricultural watershed in central Iowa with more than 90% of its area dedicated to corn 

and soybean production. The watershed’s tributaries offer habitat to the Topeka shiner, a 

federally listed endangered species, and to other fish and mussel species. Additionally, the 

watershed tributaries feed the Des Moines River, a major water source for the biggest 

metropolitan area in Iowa. The lower part of the watershed is used for recreation activities.  

Given the extent of the agricultural activities, high levels of agriculture-contributed 

nitrogen, phosphorus and sediment loads contribute to the water quality impairments.  A 

successful calibration for the current Boone River Watershed SWAT baseline was obtained by 

using monthly streamflow nutrient data and incorporating earlier calibration efforts (Gassman, 

(2008)).11  The set of conservation practices selected for achieving the nutrient reduction 

includes working land practices: cover crop, no-till, the combination of cover crops and no-till, 

and land retirement. Typically, cover crops are grown during late fall and early spring. In the 

Midwest, where there are no markets for cover crops, cover crops are promoted for their direct 

environmental benefits (recycle nutrient and prevent nutrients leaching) and indirect economic 

benefits (improve soil health by preventing soil erosion). Cover crops are effective in reducing 

both nitrogen and phosphorus losses. No-till is a type of tillage where no more than 30% of the 

                                                           
11 The present SWAT simulations are being performed with an updated SWAT version 2012 code (SWAT2012, 
Release 6150 that contains corrected algorithms that more correctly simulate movement of nitrate through 
subsurface tile lines as well as numerous other enhancements that were not present in the SWAT2005 code. 
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crop residue is removed. No-till is effective in reducing erosion and phosphorus runoff. Land 

retirement involves taking land out of production and the establishment of perennial grasses. 

The costs estimates for conservation practices used in this study are drawn from several 

sources: no-till at $6 per acre (Iowa State Extension budgets), cover crops at $35 per acre (Iowa 

Nutrient Reduction Strategy), $41 per acre for the combination of no-till and cover crops, and 

$254 per acre, the average cash rental rate for the BRW (Iowa State Extension cash rental rates 

estimates) as the cost of land retirement. The cost of conservation practices is additional to the 

cost of baseline activities, considered to be zero in this application. 

Results and discussion 

The simulation framework allows us to evaluate counterfactual watershed-based 

scenarios in terms of estimated costs of conservation practices and their implications for mean 

and variance of corresponding nutrient loads over a 20-year period (1993-2013). We estimate the 

Pareto- efficient  frontiers for a single pollutant (N) and multiple pollutants (N and P). We offer a 

short analysis of the mean-variance tradeoffs and how these tradeoffs relate to the choice of the 

conservation actions. Next, we analyze the trade-offs between achieving a pollution target with a 

given resilience level and the estimated cost of conservation actions. The set of resilience values 

(𝛼𝛼) ranges from 50 percent to 95 percent in increments of 5 percent, as well as 99 percent. 

Nutrient pollution targets are chosen to be equivalent to a range of percent reductions from the 

historical baseline emissions. 

Single pollutant case: Nitrogen, Mean-Variance Tradeoffs 

The results of the multi-objective optimization defined by equation (1) can be visually depicted 

by a three dimensional scatterplot ( 𝑃𝑃𝑓𝑓), where each point on the frontier represents the least cost 

watershed configuration that achieves a given expected value of N loads and has the lowest 

standard deviation (see Figure A2 in the supplementary material).  Figure 1 depicts the extent of 
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the mean-variance tradeoffs from the frontier. Specifically 1(a) shows a fairly linear positive 

relationship between the mean and the standard deviation of N loads, as standard deviations 

increase with the means. Additionally, the analysis of mean-coefficient of variation (ratio of 

standard deviation to the mean) plot (Figure 1(b)) shows three patterns: a steep increasing trend 

for the low range nitrogen emissions (below three thousand tons) where the standard deviation 

increases at a faster rate than the mean, followed by a smoother declining pattern where the 

standard deviation increases at a slower rate than the mean. For larger loads (above 4.5 thousand 

tons), the ratio of standard deviation to mean settles around 0.5. These patterns can be explained 

by the distribution of the conservation practices selected by the algorithm (see supplementary 

material  Figure A3).  

Next, we quantify the cost to achieve a particular level of nitrogen loads under different 

levels of resilience. More explicitly, for any level of resilience 𝛼𝛼, we construct resilient Pareto 

frontiers, where each Pareto frontier can be viewed as the total cost curve where the 

corresponding nitrogen emissions are achieved with probability 𝛼𝛼. As previously described, we 

use two approaches (normal and non-parametric) to construct the resilient Pareto frontiers that 

corresponds to different resilience levels. The “normal” approach assumes that the standard 

normal critical values are used to weigh the standard deviations, while the non-parametric 

approach uses stationary bootstrap to simulate the quantiles. Simulated nutrient load series pass 

stationarity tests, and we use 10,000 bootstrap replications with mean block length of 5. The new 

Pareto frontiers transform the mean nitrogen values of the original Pareto frontier into 𝛼𝛼 resilient 

levels while keeping the costs and the watershed configurations unchanged. 

Figures 2 depicts the 𝛼𝛼 resilient Pareto frontiers for four levels of resilience: median (50), 

75, 90, and 99 given the two approaches, as well as the mean-cost tradeoff. The horizontal axis 

depicts the resilient loads, and the vertical axis shows annual costs. Notice that under the normal 
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approach (left panel), the corresponding levels of resilience for mean and median are identical, 

while under the non-parametric approach the two tradeoff frontiers are different, the 

bootstrapped mean curve being entirely above the median (right panel). Under the both 

approaches, the Pareto frontiers move further away from the left corner as the resilience levels 

increase. For any cost level (consider a horizontal line), the resilient level of N loads increases as 

we move from one frontier to another. This shows us how much resilience can be achieved under 

a given budget. Likewise, for any level of resilient N loads, the cost increases as we move from 

one frontier to another.  The distance between two consecutive frontiers represents how much it 

would cost to make the same level of N load more resilient. (Pairwise comparisons between the 

two distributions are provided in the supplementary material).  

Each cost-resilient curve corresponds to a resilient N target expressed as a percentage 

reduction from the baseline. As expected, more stringent targets (higher percentage reductions, 

lower loads) cost more and the costs of achieving a given target increases with the resilience 

level. For less stringent targets, the costs-resilience curves are convex, with a non-convexity 

patterns for more stringent targets. For example, when the target is set to 70 percent reductions, 

the cost is flat once a high level of resilience (80) is achieved.  

Resilience-Marginal Cost Curves 

Another way to analyze the resilience-cost trade-off is to answer the question how much would it 

cost to achieve an additional level of resilience. We focus our analysis on three levels of 

reductions: low (20 percent), average (the Iowa Nutrient Reduction Strategy 45 percent), and 

high (70 percent reductions).  For each of the three targets, Figure 3 summarizes the cost curves 

for securing the targets at an additional resilience level. These curves can be interpreted as the 

marginal cost of resilience. Although the marginal cost curves have a similar shape, their 

magnitudes differ across the two approaches. The marginal cost curve when the target is low (20 
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percent reductions) is almost flat for resilience levels lower than 80. However, for higher 

resilience, the marginal costs display a sharp increase, with the increase being sharper under 

normal approach. The marginal cost curve for the intermediate target displays more than one 

pattern. Under the normal approach, marginal costs are increasing for lower resilience, linear for 

moderate resilience, and again increasing for higher resilience levels.  However, the patterns are 

different under the non-parametric approach: linear for lower levels, increasing for moderate 

levels, decreasing and linear for higher levels of resilience. The marginal costs for the most 

stringent target are increasing for lower levels, decreasing for moderate levels, and linear for 

higher resilience level. The diversity of patterns across targets and resilience levels can be 

explained by the distribution of the conservation practices (these are provided in Table A1 of 

supplementary materials). The costs of achieving resilient loads corresponding to 45 percent 

reductions (3.39 thousand tons) range from 13 to 87 million over the considered resilience levels. 

Similarly to McSweeny and Shortle (1990), we find that to control a single-year N load with 99 

percent resilience is almost 7 times costlier than controlling N with median resilience  

Resilient N loads for different cost (budget) levels 

The 𝛼𝛼 resilient Pareto frontiers can also provide insight into the different load levels that can be 

secured under different levels of resilience when we impose a limit on total costs (iso-cost 

curves).  Figure 4 can be used to see how much resilience can be obtained under a given budget. 

Next, we present the results for four cost (budget) levels: 10, 20, 50, and 100 million. For each 

budget level, we construct iso-cost curves showing the tradeoffs between resilience and different 

levels of attainable loads.  

Figure 4 shows that the iso-costs are convex shaped, showing that when considering cost 

constant, higher levels of resilience translate in higher levels of emissions, or alternatively lower 

emission level have lower resilience levels. The empirical findings also show that the size of 
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these tradeoffs decrease as the total costs increase, as the iso-cost curves corresponding to lower 

total cost have steeper slopes. For any of the chosen cost and any resilience levels, fewer 

emissions (more reductions) can be claimed under the non-parametric approach (Figure 4 right 

vs. left panel). Also, the slopes of the non-parametric iso-cost curves are smoother. 

Multiple targets: nitrogen and phosphorus 

Next, we present the simulation results for the case when two pollutants (N and P) are jointly 

targeted. We approximate the Pareto-frontier for 5 objectives: cost and means and standard 

deviations of N and P. Pareto-frontier we obtain is valuable in that can show the nature of 

tradeoffs along different values of N and P as well as corresponding variability and cost.  

 Visualizing tradeoffs across more than two dimensions is challenging, and pairwise 

projections of the Pareto-frontier could be most helpful to see a particular scope of synergies or 

tradeoffs. Visualizing across 5 dimensions is possible; however, interpretation can be 

challenging. To aid this process, we present a radar (spider) plot in all 5 dimensions. Specific 

solutions of interest (a few at a time) can be analyzed as well.  Consider the left panel of Figure 

5, and the mean N (mean P) and Cost axes. The non-convex shape of the plot between those axes 

says that there are no solutions in the Pareto-frontier which simultaneously have high cost and 

high mean N (and P) loads (and compensating for those with smaller values on other axes). This 

suggests a strong tradeoff existing between mean nutrient loads and cost. A convex shape with 

respect to other axes does not mean that tradeoffs do not exist among the remaining pairs of 

objectives, but that there exist efficient solutions which exhibit synergies (co-movement) along 

those dimensions. For example, as we see subsequently (Figure 6), tradeoffs between N and P 

control exist, but synergies are also present (pairwise comparison of mean N and P on the right 

panel of figure 5). A presence of at least some synergies is also apparent by considering pairwise 

tradeoffs between means and standard deviations (consistent with a limited nature of mean-
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variance tradeoff for N explored above). Whereas, as can be seen from the nature of the tradeoffs 

between costs and standard deviations (shown on the right panel of Figure 5 for the case of 

standard deviation of P—N results are similar), there are no synergies between cost and risk, and 

we see strong tradeoffs consistent with the notion that resilience is always costly. However, we 

do not see strong tradeoffs between means or standard deviations of nutrient reduction 

objectives. Of course, this finding may not generalize to other contexts.   

Next, we make the connection to resilience. Note that, unlike in a single stochastic 

objective case, we can no longer claim that a solution to a chance-constrained formulation has to 

be a member of the Pareto-frontier. For the case of separate resilience objectives, where each 

pollutant has be controlled in a resilient fashion that is still the case (using the same logic as 

above). That is, single pollutant resilient levels can be obtained in exactly the same way we 

proceeded above with N. Because of that reason, we do not present single-pollutant resilience 

tradeoffs.  

However, if one is interested in the joint constraint of the type: Pr{Nt(𝐱𝐱) ≤ 𝑁𝑁,𝑃𝑃𝑡𝑡(𝐱𝐱) ≤

𝑃𝑃} ≥ 𝛼𝛼   ∀𝑡𝑡 = 1, … ,𝑇𝑇 , we cannot be assured of joint resilience optimality of solutions obtained 

by the multiobjective program, as the algorithm does not directly simulate joint probability 

which is a function of variances and the covariance between N and P.  To assume cost-joint 

resilience efficiency for specific 𝑁𝑁 and 𝑃𝑃 targets, one could formulate a two-objective 

evolutionary optimization program involving cost and simulated probability of joint goal 

attainment (akin to Poojari and Varghese (2008) or Rabotyagov, Jha, and Campbell (2010)). 

Despite the possibility that the solutions in the Pareto frontier may not be optimally resilient for 

joint nutrient targets, we can still provide ex-post assessment of the solutions in terms of joint 

resilience. To do so, we again rely on (now joint) non-parametric bootstrap approach, using 

10,000 replicates and computing the simulated resilience using (6).  
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A three dimension illustration of these tradeoffs when the targets are set equal to 45 

percent reductions for both N and P (equation 9) is presented in the supplemental material 

(Figure A6).  Each element on this frontier (a 3-dimensional projection of the 5-dimensional 

Pareto-frontier 𝑃𝑃𝑓𝑓𝑁𝑁𝑁𝑁) is assessed for a resilience (probability) level of achieving this joint target. 

As for the single pollutant case: securing higher level of resilience demands higher costs. We 

present the lower envelopes of the plot in Figure 6.  Figure 7 depicts the marginal costs of 

achieving additional levels of resilience for the three specified targets, while Table A2 (contained 

in supplementary details) describes in detail the total and marginal costs as well as the 

distribution of conservation practices. For example, the least cost way to achieve 45 percent 

reductions with 70 percent resilience is higher than the least cost to achieve the same level of 

reductions with 75 percent resilience (Figure 6). The negative marginal costs are unexpected but 

we interpret them as the inefficiencies embedded in the spikes, and, should one focus on a 

specific set of N and P reductions with a resilience objective, we expect those to disappear. With 

those caveats in mind, we provide a broad assessment of joint resilience implied by the 5-

dimensional Pareto-frontier.  

Overall, the costs of achieving the joint target are higher than in the case of a single 

pollutant and range from 22.3 to 107.4 million. This is to be expected as a joint probability is 

going to be smaller than a marginal one. The distribution of the conservation practice is different, 

with more land retirement being used more extensively at any resilience level. The spatial 

placement of the conservation practices associated with these solutions is provided in the 

supplemental materials.  

Conclusions and caveats 

Many ecosystem services are rival and important tradeoffs exist in their production 

process. Understanding the nature of these tradeoffs requires: (a)defining a quantifiable measure 
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of the underlying ecosystem production process and of the economic inputs that go into this 

productions functions, and (b) exploring alternative resource allocation decisions to identify, if 

only approximately, Pareto-efficient ways of producing different ecosystem services. 

Uncertainty in the provision of a particular ecosystem service adds another dimension to the 

nature of these tradeoffs, where different ecosystem services differ both in terms of the expected 

outcomes and in terms of risks. Closely related to uncertainty is the notion of resilience, and the 

cost of providing the ecosystem service under different levels of desired resilience. 

We focus on understanding and quantifying the tradeoffs for the case of proxies for 

aquatic ecosystem services in the landscapes dominated by agricultural activity. Particularly, we 

focus on controlling the flux of agricultural nutrients (N and P) as means to improve the 

upstream and downstream water quality. Economic inputs into water quality production are a set 

of conservation practices that can be implemented on agricultural landscapes for controlling the 

flux of nutrients, while the (intermediate) ecological production function is an ecohydrologic 

simulation model relating human actions to changes in nutrient loads.  By integrating a heuristic 

global optimization with a ecohydrologic model we meet the conditions of having science-based 

representation of the water quality production function (Wt(𝐫𝐫(𝐱𝐱, 𝛏𝛏𝐭𝐭)) and its dependence on the 

exogenous stochastic weather factors and of having the ability to produce an approximate Pareto-

frontier that accounts for multiple tradeoff dimensions.  

We quantify the tradeoffs involved in achieving different levels of nutrient loads with 

different levels of resilience where resilience is defined as the probability of attaining the desired 

level of nutrient load. We spatially optimize the selection of least-cost patterns of agricultural 

conservation practices or both the expected performance of the conservation actions and its 

variance. We analyze the tradeoffs for a single nutrient (ecosystem service), and then expand our 

analysis to include multiple nutrients (multiple ecosystem services). 
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We apply our modeling framework to the Boone River Watershed in Iowa. The empirical 

results confirm expectations and are consistent with previous studies: securing nutrient loads 

with higher level of resilience is costly. However, the marginal cost is not necessarily increasing: 

that is, focusing on larger nutrient reductions allows one to obtain resilience at a smaller 

additional cost than if one is seeking only modest nutrient reductions. In our application, this is 

due to the ability of perennial grassland to buffer against exogenous shocks and to drastically 

reduce variability in nutrient loads (as shown before, e.g., in Rabotyagov, Jha, and Campbell 

2010). Furthermore, the main tradeoff dimension is between cost of conservation investments 

and ecosystem service objectives, as opposed to pronounced mean-variance tradeoffs or strong 

tradeoffs between the two nutrient objectives. While some meaningful tradeoffs exist between 

nutrient objectives, our findings highlight the presence of relative synergies in agricultural 

conservation investments aimed at nutrient reductions. However, while relative synergies exist, 

controlling risk of nutrient loads has high opportunity costs, and resilience comes at a significant 

premium.12  

Among many caveats, we point out that our optimization algorithm was not exactly 

tailored to the optimal joint resilience question, but instead focused on providing an overall 

picture of feasible tradeoffs. Additional limitations associated with uncertainty in model 

structure, the simplicity of economic cost representation, and the level of spatial resolution of the 

ecohydrologic model present ample opportunities for future research. However, we hope to show 

the utility and the promise of the general approach which integrates scientific understanding of 

                                                           
12 We note recent research by Carpenter et al. (2015) who provide examples where, in nonlinear systems, reducing 
high-frequency variance can lead to an increase in low-frequency variance, thereby undermining the resilience 
objective. We constructed spectrum plots of controlled variance of nutrients and we see a decrease in variance at all 
spectra with an increase in conservation investment cost.  
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complex systems with the practical need to see how production of non-market ecosystem 

services can be accomplished at the lowest possible sacrifice of economic inputs.  

  1 
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Longer Abstract 

Many ecosystem services are rival and important tradeoffs exist in their production process, 

while some jointness in production (synergies) are also postulated to exist. We assess the 

strength of tradeoffs and synergies involved in reducing agriculture-generated watershed nutrient 

loads with different levels of resilience. We define resilience as the simulated probability of 

attaining the desired level of nutrient load. We spatially optimize the selection of least-cost 

patterns of agricultural conservation practices or both the expected performance of the 

conservation actions and its variance. The modeling framework is applied to the Boone River 

Watershed in Iowa. The empirical results confirm that securing nutrient loads with a higher level 

of resilience is costly. However, the marginal cost is not necessarily increasing: focusing on 

larger nutrient reductions allows one to obtain resilience at a smaller additional cost than if one is 

seeking only modest nutrient reductions. In our model, this is due to the ability of perennial 

grassland to buffer against exogenous shocks and to drastically reduce variability in nutrient 

loads. In extending the model to two nutrients, nitrogen and phosphorus, we find that the main 

tradeoff dimension is between cost of conservation investments and ecosystem service 

objectives, as opposed to pronounced mean-variance tradeoffs or strong tradeoffs between the 

two nutrient objectives. While some meaningful tradeoffs exist between nutrient objectives, our 

findings highlight the presence of relative synergies in agricultural conservation investments 

aimed at nutrient reductions. However, while relative synergies exist, controlling risk of nutrient 

loads is once again shown to have high opportunity costs, and resilience comes at a significant 

premium. 

 

 

 



30 
 

  



31 
 

   Figure 1 (a) Mean-Variance Trade-Offs                     (b) Mean-Coefficient of Variation 
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Figure 2: α Resilient Pareto Frontiers (Normal Approach (left), Non-parametric Approach 

(right)) 
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Figure 3 Marginal Costs of Additional Resilience for Different Resilient N Targets 
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Figure 4 Resilience: Iso-Cost Curves(Normal Approach: left, Non parametric approach right) 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Pareto Optimal Frontier: Cost, Means (N, P), Standard deviation (N ,P) 
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Figure 6 Cost of Achieving Resilience When Target is Equal to 45 percent Reductions for Both 

N and P. 
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Figure 7 Marginal Costs of Joint Resilience 
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Appendix 1 

As noted in the text, a solution to the chance-constrained problem (3) must be a member of the Pareto 

frontier in the cost-mean-standard deviation space: 𝐱𝐱� ⊂ 𝐱𝐱∗. The converse is not true: that is, a particular 

http://www.nrcs.usda.gov/wps/portal/nrcs/detailfull/national/technical/nra/ceap/na/?cid=nrcs143_014151
http://www.nrcs.usda.gov/wps/portal/nrcs/detailfull/national/technical/nra/ceap/na/?cid=nrcs143_014151
http://www2.epa.gov/nutrientpollution
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solution from a multiobjective optimization program need not be optimal for a chance-constraint program. 

Obtaining a Pareto-frontier (and a mean-variance frontier) is, in principle, more general, and the specific 

weight placed on the standard deviation determines the point of “tangency” between the efficient frontier 

and the “𝛼𝛼-isoresilient” pollution load line of form 𝐸𝐸𝑇𝑇 {N(𝐱𝐱�)} + 𝜙𝜙𝛼𝛼𝑉𝑉𝑉𝑉𝑉𝑉(𝑁𝑁(𝐱𝐱�))𝑇𝑇
0.5 ≡ 𝑁𝑁(𝛼𝛼). Figure 1 

graphically depicts this point. For a particular weight 𝜙𝜙𝛼𝛼 placed on the standard deviation, point 𝐴𝐴 in the 

Pareto-frontier would be optimal, while point 𝐵𝐵 would appear to be suboptimal given 𝜙𝜙𝛼𝛼. However, for a 

different reliability requirement associated with a lower probability of reaching pollution reduction goal, 

point 𝐵𝐵 would be optimal. These considerations require us to “post-process” the simulated Pareto-frontier 

when they are collapsed to “resilient” pollution quantities to eliminate original members of the mean-

variance efficient frontiers which appear dominated given a specific distributional assumption or the 

desired level of resilience.  By construction, any nitrogen load level equal to 𝑁𝑁(𝛼𝛼) is achieved with 

probability 𝛼𝛼. 

 

 

 

 

 

 

 

 

Figure A1: Pareto frontier and mean-variance minimums 



46 
 

  

−𝜙𝜙𝛼𝛼 

𝑁𝑁(𝑉𝑉) 

𝐸𝐸𝑇𝑇 {N(𝐱𝐱�)} 

𝑁𝑁(𝛼𝛼)
𝜙𝜙𝛼𝛼  𝑁𝑁(𝛼𝛼)

𝜙𝜙𝛼𝛼′ ,𝜙𝜙𝛼𝛼′ < 𝜙𝜙𝛼𝛼 
 

𝑉𝑉𝑉𝑉𝑉𝑉[𝑁𝑁(𝐱𝐱∗)]0.5 

𝐴𝐴 

𝐵𝐵 



47 
 

Figure A2 The Pareto frontrier: Cost-Mean-Standard deviation 
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Figure A3: Distribution of Conservation Practices

 

Figure A3 shows the distribution of conservation practices across the entire set of Pareto-

efficient solutions expressed as the percentage of the number of decision-making units (“fields”)   

selected to a type of conservation practice.13 

We group cover crops, no-till and their combination into a single category labeled as 

“Working Land”. “Baseline” represents the case where no action is taken, and “Land 

Retirement” considers taking land out of agricultural production. As expected, lower levels of 

nutrient loads can be achieved by placing land in land retirement, and larger loads correspond to 

using “Working Land” conservation actions.  

                                                           
13 The decision-making unit in the analysis is an HRU, or a Hydrologic Response Unit (see Gassman, 2008).  
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The three groups each display an inflection point that corresponds approximatively to the 

same level of emissions. Hence, the steeper part in Figure 1(b) can be explained by the decline in 

the use of “Land Retirement”; the smoother decreasing part is explained by the decline in 

”Working Land”, while the relatively flat area is explained by the increase in the baseline. These 

trends suggest that land retirement leads to lower variation in N pollution and targets with higher 

resilience will require using it extensively (following Gren 2010, one can say that land retirement 

possesses “resilience value” with respect to nutrient reductions). Similar variation-reducing 

properties of simulating land retirement were reported in Rabotyagov, Jha, and Campbell (2010). 

The inflection point can be also explained by the limited effectiveness of the “working land” 

practices considered in reducing N and by the fact that “Land Retirement” is the most effective 

conservation practice. The inflection point corresponds to a low level of emissions (high level of 

targets), where steep increases in land retirement are needed to attain those expected reductions 

in N. 

 

  



50 
 

Figure A4 Comparison 𝛼𝛼-resilient Pareto Frontiers

 

Figure A5 Cost-Resilience Trade-offs 
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Figure A4 compares pairwise the resilient Pareto frontiers under the two approaches. The 

comparisons suggest that the non-parametric distribution has lighter tails than the normal 

distribution.  This difference suggests that for a very large resilience (99), the critical value for 

standard normal is too conservative relative to the corresponding bootstrapped quantile. Figure 

A5 summarizes the resilience - cost trade-offs for achieving the same level of resilient N loads. 

We define a set of eight nitrogen load targets (𝑁𝑁�,) each corresponding to reductions in the 

historical loads ranging from 10 percent to 70 percent. 
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Figure A6 Resilience-Nitrogen-Phosphorus Trade-offs  

 

 

A three dimension illustration of this tradeoffs when the targets are set equal to 45 

percent reductions for both N and P (equation 9) is presented in the supplemental material 

(Figure A6).  Each element on this frontier (a 3-dimensional projection of the 5-dimensional 

Pareto-frontier 𝑃𝑃𝑓𝑓𝑁𝑁𝑁𝑁) is assessed for a resilience (probability) level of achieving this joint target. 

As for the single pollutant case: securing higher level of resilience demands higher costs. 

Furthermore, the elements in the upper part of the curve (green colored) have the highest level of 

resilience (higher than 90 percent) but at the same time they have the highest total costs.  From 

Figure 10, one can see that for a particular interval of joint resilience, there is more than one 

solution on the frontier. Thus, it is likely, that for a particular level of simulated joint resilience, 

multiple solutions would be present (for example, both a solution which over-reduces N but just 

reduces P to satisfy the desired P-resilience and a solution that just satisfies the criterion of joint 

resilience would be present).  Figure A7 summarizes the results of this kind of phenomenon for 
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ten levels of joint resilience. Note the similarity to considerations discussed in connection with 

figure 1.  
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Figure A7 Cost of Resilience under Joint Target 

 

Figure A7 depicts the cost curves associated with the set of joint resilient targets. As in the single 

pollutant case, these curves are mostly increasing, although some of the cost curves for less 

stringent targets cross the cost curves for more restrictive targets, although the overlaps take 

place in the range of higher resilient levels. This behavior is a manifestation of inefficiencies 

present in the overall tradeoff frontier when evaluated from a point of view of specific nutrient 

reductions and their joint resilience. We conjecture that developing tailored algorithms 

associated with each of the lines presented would a) restore the ranking of the curves and 

eliminate the overlap and b) would eliminate the spikes in individual curves and therefore 

negative marginal costs of additional resilience. 
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Figure A8 Spatial Distribution of Conservation Practices in the Watershed.  

A shown by our empirical findings, the distribution of conservation practices differs across 

resilience level.  This implies that the spatial distribution will be very different. The next figures 

show the spatial placement of conservation practices when the target is set to 45 percent 

reductions and for three resilience levels: 50, 75, and 99. 

Figure A8 depicts the spatial placement of the conservation practices in the watershed 

when the target is set equal to 45 percent reductions for N only and for joint N and P  for three 

resilience levels: 50,75, and 99. The watershed configurations reinforce the previous findings: 

higher resilience levels require extensive use of land retirement, with more land retirement being 

used when both N and P are targeted.  The non-parametric and normal watershed configurations 

are very similar when resilience levels are 50 or 75. However, the normal 99 resilience 

configuration has higher use of land retirement. This confirms the fact that the 99th quantile value 

for the standard normal is too conservative relative to the non-parametric quantile. 
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𝛼𝛼 = 50 Non Parametric 

 

𝛼𝛼 = 75 Non Parametric 

 

𝛼𝛼 = 99 Non Parametric 

 

 

𝛼𝛼 = 50 Normal 

 

𝛼𝛼 = 75 Normal 

 

𝛼𝛼 = 99 Normal 

 

 

𝛼𝛼 = 50 N and P 

 

𝛼𝛼 = 75 N and P 

 

𝛼𝛼 = 99 N and P 

 



57 
 

Brown: Baseline; Orange: No-till; Blue: Cover Crops, Light Blue: Cover Crop and No-till, 

Green: Land Retirement. The main color represents the dominant color at sub-basin level. The 

pie charts represent percentage use for the entire set of practices14. 

  

                                                           
14 There are 2122 HRUs (K decision units). They are grouped in thirty sub-basins. 
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Table A1 Cost-Resilient Solutions; N reductions = 45% (target N=3.39 thousand tons N) 

Resilience(𝛼𝛼, %) 

Cost 

(mil. 

$) 

Marginal 

Cost 

(mil. $) 

Working 

Land 

(%) 

Land 

Retirement 

(%) 

Baseline 

(%) 

Cost 

(mil. $) 

Marginal 

Cost 

(mil. $) 

Working 

Land 

(%) 

Land 

Retirement 

(%) 

Baseline 

(%) 

Non-parametric   Normal   

50 12.94 0.00 91.70 0.50 7.90 15.16 0.00 99.20 0.20 0.60 

55 14.47 1.52 99.20 0.20 0.60 17.08 1.92 98.30 1.00 0.80 

60 16.04 1.57 96.70 0.30 3.00 19.25 2.17 98.90 0.60 0.50 

65 17.61 1.57 97.90 0.20 1.90 28.36 9.11 89.80 9.50 0.80 

70 27.47 9.86 93.10 5.90 1.00 37.21 8.85 78.80 20.00 1.20 

75 42.40 14.93 75.50 23.20 1.20 46.89 9.68 71.40 28.00 0.60 

80 54.38 11.99 63.10 35.90 1.00 56.39 9.50 64.10 35.10 0.80 

85 62.06 7.68 54.40 44.60 0.90 65.27 8.88 54.90 44.20 0.90 

90 69.76 7.70 48.60 50.20 1.20 75.43 10.16 44.70 54.10 1.30 

95 77.54 7.78 41.20 57.80 0.90 88.93 13.50 31.50 67.60 0.90 

99 86.99 9.45 40.80 58.40 0.80 107.96 19.03 17.80 81.60 0.60 

 

Table A1 describes in detail the cost-resilient solutions for achieving the three levels of 

claimable nitrogen reductions for increments of about five percent increase in the resilience level 

from 50 to 99 probability levels for the two approaches. Column 1 shows the resilience levels 𝛼𝛼; 

and subsequent columns show the annual costs for achieving the required resilient loads for each 

level of resilience (million $), the marginal cost of achieving each additional level of resilience 

(million $). The following columns describe the distribution of the conservations practices: 

working land, land retirement and baseline (percentages of total decision-making units). We 

focus our analysis for case where the target is set equal to 45 percent reductions. . Resilience 

levels lower than 70 percent are characterized by high use of working land conservation practices 
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(higher than 93 percent). In order to secure higher levels of resilience more land is allocated to 

land retirement, but the increase takes place at a decreasing rate. For example, the use of land 

retirement increases from 5.9 percent (resilience level 70) to 23.2 percent (resilience level 75) ( 

i.e. a total increase of 17 percent), but it takes only 6 additional percent to move for a resilience 

level of 85 to 90.  

Next, we compare the costs and distribution of the conservation practices when the target 

is set at 45 percent reductions using normal approach with the ones described above. The total 

costs under the normal approach are slightly higher than under the non-parametric approach 

ranging from 15.94 to 107.96 million per year across different level of resilience. Lower levels of 

resilience are achieved by using working land conservation on a large number of fields (higher 

than 98 percent). Similarly, securing higher level of resilience requires putting more land in land 

retirement, but the use of land retirement increases at an increasing rather than decreasing rate. 

The increasing factor also explains the increasing trends in the marginal costs. Additionally, the 

optimal resilient loads (𝑁𝑁(𝛼𝛼)) are a bit higher (less reductions) under the normal approach. 
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Table A2 Cost of Joint Resilience, 45% Reduction Target in N and P (N=3.39 thousand tons, 

P=0.09 thousand tons) 

Resilience 

(𝛼𝛼, %) 

Cost 

(mil. $) 

Marginal Cost 

(mil. $) 

Working Land 

(%) 

Land Retirement 

(%) 

Baseline 

(%) 

50 22.39 0.00 97.64 1.23 1.13 

55 46.23 23.84 71.58 26.20 2.21 

60 57.18 10.95 62.16 36.66 1.18 

65 69.96 12.78 54.71 42.27 3.02 

70 81.67 11.72 37.23 59.38 3.39 

75 79.54 -2.13 44.16 55.75 0.09 

80 103.92 24.37 22.48 76.34 1.18 

85 104.99 1.07 21.54 77.43 1.04 

90 104.72 -0.27 23.61 75.59 0.80 

95 107.38 2.67 29.59 69.70 0.71 

 

 

 

 

 

 

 

 

 


