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Quantifying Co-Benefits of Water Quality Policies: An Integrated Assessment Model of 
Land and Nitrogen Management 
 

Abstract 

Due to the nature of nitrogen cycling, policies designed to address water quality concerns have 

the potential to provide benefits beyond the targeted water quality improvements. For example, 

actions to protect water quality by reducing nitrate leaching from agriculture also reduce 

emissions of nitrous oxide, a potent greenhouse gas. These positive effects that are incidental to 

the regulation’s intended target are termed “co-benefits.” To quantify the co-benefits associated 

with reduced nitrate leaching, we integrate an economic model of farmer decision making with a 

model of terrestrial nitrogen cycling for the watershed surrounding Lake Mendota, Wisconsin, 

USA. Our model results highlight that the co-benefits from nitrous oxide abatement are 

substantial, and their inclusion increases the benefit-cost ratio of water quality policies. Our 

modeling approach provides a framework that links air and water pollutants in an agri-

environmental system and offers a direction for future studies. 
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1. Introduction  1 

Nitrogen applied in the form of commercial fertilizer is a key input for agricultural production. 2 

The use of fertilizers boosts crop yields, but the application of nutrients exceeding crop needs 3 

contributes to environmental degradation in a myriad of ways. For example, commercial 4 

fertilizer use degrades water quality and exacerbates climate change (Woodward 2011). Excess 5 

nitrogen in the form of nitrate (𝑁𝑂!") leaches through the soil and into surface and groundwater, 6 

contributing to the eutrophication of surface water bodies, contaminating drinking water 7 

supplies, and adversely affecting human health (Smith et al. 1999). At the same time, excess 8 

nitrogen is emitted in the form of nitrous oxide (𝑁#𝑂), a greenhouse gas with high global 9 

warming potential.  10 

Due to the nature of nitrogen cycling and the joint production of nitrate and nitrous oxide, 11 

policies designed to protect water quality have the potential to provide benefits by also reducing 12 

greenhouse gas emissions. The nitrous oxide emission reductions, which are favorable to human 13 

welfare but incidental to the policy’s intended water-quality target, are often referred to as “co-14 

benefits” (Aldy et al. 2020). The literature on policies for climate change mitigation explicitly 15 

considers such co-benefits (Feng et al. 2007; Nemet et al. 2010; Ürge-Vorsatz et al. 2014), but 16 

we are aware of only one study (Gasper et al. 2012) that has evaluated co-benefits that arise in 17 

the context of policy for water quality.1  18 

In this paper, we quantify the co-benefits from reductions in nitrous oxide emissions that 19 

arise when actions are taken to reduce nitrate leaching to protect water quality. To do so, we 20 

develop an integrated assessment model that tightly couples a constrained optimization model of 21 

 
1Gasper et al. (2012) describes the climate co-benefits of Maryland’s water quality trading program and the impacts 
on the implementation of best management practices (BMPs). Our study differs from Gasper et al. (2012) in terms 
of methodology and policy targets. 
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agricultural land and fertilizer-use decision making with an agronomic model of terrestrial 22 

nutrient cycling. Our model captures the feedback between farmer decision making and nutrient 23 

cycling— farmer decisions depend on nutrient cycling (via crop yields), and nutrient cycling 24 

depends on farmer decisions (via land and fertilizer use). We use the model to simulate the joint 25 

production of nitrate and nitrous oxide as a function of farmer decisions at the extensive margin, 26 

i.e., choice of crop rotation and land fallowing, and at the intensive margin, i.e., rate of fertilizer 27 

applications.  28 

We apply our model empirically to the watershed surrounding Lake Mendota, Wisconsin, 29 

USA, which is dominated by agriculture and has a long history of water-quality degradation. 30 

Current and historic agricultural land-management decisions, such as the expansion of corn 31 

production and the excess use of commercial fertilizers, are the primary drivers of ongoing water 32 

quality concerns in the region (Cobourn et al. 2018, Lathrop, 2007). We impose a series of 33 

increasingly stringent nitrate leaching constraints within the model, ranging from a 5% to 95% 34 

reduction in leaching relative to the status quo.2 Policies that limit nitrate leaching from 35 

agricultural production by imposing a cap on leaching are an important step in the restoration of 36 

basins with impaired water quality from excessive nutrient loading (Evans-White et al. 2013; 37 

Royer et al. 2006). For each leaching constraint, we calculate the associated change in nitrous 38 

oxide emissions and compare the benefit-cost ratio for a policy action to reduce only nitrate 39 

leaching (without considering co-benefits) versus a policy action to reduce both nitrate leaching 40 

and nitrous oxide emissions (considering co-benefits).  41 

Our results suggest that, across nitrate leaching reduction scenarios, nitrous oxide 42 

emissions decline in proportion to changes in nitrate leaching: a 10% reduction in leaching is 43 

 
2 In practice, evaluation of nitrate leaching reductions could be achieved by edge-of-field monitoring (Daniels et al. 
2018). Farmers could fulfill water quality targets by nutrient management or adoption of best management practices.   
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associated with a 12% reduction in emissions and a 30% reduction in leaching is associated with 44 

a 27% reduction in emissions. However, the co-benefits from reduced nitrous oxide emissions 45 

vary substantially across years due to interannual variation in relative crop prices and weather. 46 

Variation in relative crop prices affects the adjustments made by farmers to meet the leaching 47 

reduction constraint. Variation in weather, particularly in the timing and amount of precipitation, 48 

affects the production function for leaching and emissions. The importance to our results of 49 

interannual variability in weather conditions suggests that the co-benefits of actions to protect 50 

water quality are likely to shift over time as climate conditions evolve. Across years, we find that 51 

accounting for emissions co-benefits increases the benefit-cost ratio for each leaching reduction 52 

scenario.  53 

This research makes three contributions to the literature: first, we highlight the 54 

importance of quantifying externalities of policy regulations, such as the co-benefits of 55 

greenhouse gas emissions of water policies. Correctly accounting for these co-benefits provides 56 

additional insight into the optimal design of, and benefits from, water quality regulations. 57 

Furthermore, the quantification of co-benefits could be critical to establishing efficient and 58 

effective environmental markets that incentivize environmental improvements (Liu and Swallow 59 

2016).  Second, our results provide an example of the "missing" benefits of water polices as 60 

indicated in Keiser et al. (2019). The direct production of water quality benefits is joint with the 61 

production of a myriad of other environmental benefits, including not only climate change 62 

mitigation, but also water quantity, terrestrial and aquatic habitat, biodiversity, and human health 63 

effects (Kroetz et al. 2020; Rabotyagov et al. 2014; Sample 1997; Olmstead 2010). Quantifying 64 

the missing categories of those benefits is important for the design of future water policies. Last,  65 
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our modeling approach provides a framework that links air and water pollutants in an agri-66 

environmental system and offers a direction for future studies. Our study site shares common 67 

feedbacks among ecosystem dynamics, human uses, social dynamics, policy and practice with 68 

other lakes (Carpenter et al. 2007). Our study provides a general framework that links these 69 

feedback mechanisms together, which can be readily extended to other watersheds in the 70 

Midwest and the rest of the country with watershed-specific parameters. Studies on other 71 

watersheds would benefit from the inclusion of climate co-benefits as a major step towards 72 

accounting for the total costs and benefits of water policy.   73 

 74 

2. Data and Methods 75 

To estimate the co-benefits from reduced nitrous oxide emissions due to actions that reduce 76 

nitrate leaching, we couple an economic simulation model of farmer decision making with a 77 

process-based, agronomic model of terrestrial nitrogen cycling. These models are connected via 78 

a two-way feedback loop in which farmer decisions depend on nutrient cycling (via crop yields), 79 

and nutrient cycling depends on farmer decisions (via land and fertilizer use). Fig. 1 describes 80 

our coupling approach, which includes two stages. In the first stage, we use the agronomic model 81 

to generate a suite of simulation results that provide input data to calibrate the economic 82 

decision-making model (Fig. 1a). We then use the calibrated economic model to simulate farmer 83 

adjustments in land and fertilizer use in response to progressively stringent constraints on nitrate 84 

leaching. Changes in land and fertilizer use provide the basis for estimating the joint production 85 

of nitrate leaching and nitrous oxide emissions (Fig. 1b).  86 

We apply our coupled model empirically to the watershed surrounding Lake Mendota, 87 

Wisconsin, USA. This watershed is dominated by agriculture, which occupies 67% of the total 88 
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land area (Fig. 2). Current and historic agricultural land-management decisions in this catchment 89 

are the primary drivers of ongoing water quality concerns in the region. For example, large 90 

nitrogen and phosphorus loads from the watershed have been shown to drive the development of 91 

phytoplankton blooms in the lake each summer (Cobourn et al. 2018; Farrell et al. 2020). Weng 92 

et al. (2020) demonstrate that these phytoplankton blooms that reduce water clarity are 93 

capitalized into (reduced) lakefront property values. Current studies and managements in Lake 94 

Mendota watershed have stressed phosphorus reduction programs, but much less attention has 95 

been given to nitrogen control mechanisms (Lathrop, 2007). This specific context demonstrates 96 

there is a clear need to develop modeling tools that are portable across watersheds to support 97 

informed decisions on nitrogen reduction policies to address water quality concerns.3  98 

2.1 Economic Model of Agricultural Decision Making 99 

To simulate farmer decision making, we develop a watershed-level constrained optimization 100 

model that is calibrated using positive mathematical programming (PMP).4 Following the PMP 101 

literature (Garnache et al. 2017b; Heckelei and Wolff 2003; Maneta et al. 2020; Mérel et al. 102 

2011, 2013), farmers choose their land allocation and fertilizer applications to maximize annual 103 

net returns subject to production technology and a land constraint. The PMP calibration ensures 104 

that the solution to the optimization problem, which represents aggregate decision making by all 105 

farmers within the watershed, reflects observed levels of input use and production over a 106 

reference period (Howitt 1995).  107 

 
3 We focus on N since N contributes to both water quality degradation and greenhouse gas (GHG) emissions. 
Although P is a critical nutrient causing algal blooms in freshwater systems, P leaching does not contribute to 
GHGs, which is the co-benefit we are demonstrating. Different from N, the losses of P are both in soluble form and 
as sediment or associated to organic matter. The contribution of P to streams and lakes in watersheds is as much 
from current erosion as from remobilization of sediments that are already in the system. Modeling this fate transport 
is not part of the research that focuses on co-benefits. 
4 The aggregate modeling approach that we take, at the catchment scale, is consistent with the way in which remote 
sensing imagery is used within the Cycles model to determine the quantity of land in crop rotations.  
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 We consider the decision to allocate land and fertilizer across a set of crop rotations and 108 

fallow lands. Three crop rotations are prevalent in our study area: continuous corn production, a 109 

two-year alternating corn-soybean rotation, and a six-year corn-alfalfa rotation consisting of 110 

three years of alfalfa followed by three years of corn. Modeling a choice among rotations is 111 

consistent with farmer decision making in practice (Livingston et al. 2015). Moreover, modeling 112 

the choice of rotation allows us to capture important differences in nitrogen uptake that arise 113 

from alternating corn with nitrogen-fixing soybeans and alfalfa, which affects fertilizer use 114 

decisions, nitrate leaching, and nitrous oxide emissions (Strock and Dalzell 2014). Although 115 

fallow land is not profitable, farmers would choose fallowing to fulfil water quality policies. 5 116 

Within our study region, nitrogen fertilizer is predominantly applied to increase corn 117 

yields, with the highest application rates for continuous corn. Growing corn in rotation with 118 

soybeans or alfalfa reduces the benefits of applying fertilizer to the corn crop. For example, there 119 

is little benefit to fertilizer applied to corn the first year following alfalfa because the corn plant 120 

has access to a reservoir of nitrogen fixed by the preceding year’s alfalfa. The benefit from 121 

fertilizer applications increases in the second and third years of corn production following 122 

alfalfa, as subsequent years of corn draw down the available nitrogen stock. All else constant, the 123 

marginal benefits of applying nitrogen fertilizer increase in each year of continuous corn 124 

following a nitrogen-fixing crop. 125 

From the standpoint of fertilizer needs and the environmental consequences of 126 

production, corn from one rotation or corn within different years in a rotation is effectively a 127 

unique crop, even if from the standpoint of commodity markets, the output (corn) is 128 

 
5 Similar with Goldstein et al. (2012) and Medellín-Azuara et al. (2012), we assume zero profits for fallow/idle land 
use. This may be a concern if farmers receive payments (i.e., through the CRP or EQIP programs) for idling lands. 
We avoid this problem by excluding lands that are never in crop production during our study period. 
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homogeneous. To capture this in our model, we define an index m that captures the combination 129 

of output commodity (corn (c), soybean (s), and alfalfa (a)), and rotation (𝑐𝑐, 𝑐𝑠, 𝑐𝑎, where cc 130 

denotes continuous corn, cs corn-soybean, and ca six-year corn-alfalfa). The index m defines the 131 

commodity within each rotation (crop) as m = cc-c, cs-c, cs-s, ca-a1, ca-a2, ca-a3, ca-c1, ca-c2, 132 

ca-c3, where cc-c denotes corn in a continuous corn rotation, cs-c denotes corn in corn-soybean 133 

rotation, cs-s denotes soybean in corn-soybean rotation, ca-a1 denotes first year alfalfa in corn-134 

alfalfa rotation, ca-a2 denotes second year alfalfa in corn-alfalfa rotation, ca-a3 denotes third 135 

year alfalfa in corn-alfalfa rotation, ca-c1denotes first year corn in corn-alfalfa rotation, ca-c2 136 

denotes second year corn in corn-alfalfa rotation, and ca-c3 denotes third year corn in corn-137 

alfalfa rotation. Each member of the set m has unique fertilization requirements due to 138 

differences in nitrogen fixation in the prior period(s). We let t index the growing season.  139 

Following Mérel et al. (2011 and 2013), we define a general constant elasticity of 140 

substitution (CES) production function: 141 

 
𝑞$% = 𝜇$*𝛽&$𝑥&$%

'! + 𝛽($𝑥($%
'! .

)!
'! 	 (1) 

where 𝑞$% denotes the production of crop m in year t, 𝑥&$% is area of land allocated by crop and 142 

year; and 𝑥($% is the fertilizer application rate per unit land area by crop and year. The 143 

production function in eq. (1) depends on the parameters 𝜇$,	𝛽&$, 𝛽($, 𝛿$, and 𝜌$, which are 144 

to be determined in the calibration process (Fig. 1a). The parameter 𝜌$ is defined as 𝜌$ = *!"+
*!

, 145 

where 𝜎$ is the elasticity of substitution between land and fertilizer inputs. 146 

The aggregate farm decision in the watershed is represented as a constrained optimization 147 

problem in which the objective is to maximize the net returns to crop production, given by: 148 

max
,"!#,,$!#

∑ {𝑝$%𝑞$% − [(𝑐&$ + 𝜆&$)𝑥&$% + (𝑐($ + 𝜆($)𝑥($%]}$                              (2) 149 
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The first term in the summation of eq. (2) captures revenue earned from crop production, 150 

where 𝑝$% is the market price for crop m in year t and crop output (𝑞$%) is defined by eq. (1). 151 

The remaining terms in eq. (2) capture the costs of land and fertilizer allocation decisions, where 152 

𝑐&$ is the per-unit cost of land allocated to crop m; 𝑐($	is the per-unit cost of nitrogen fertilizer 153 

for crop m; and the parameters 𝜆&$ and 𝜆($ are unobserved cost adjustment parameters to be 154 

determined as part of the model calibration. The parameters 𝜆&$ and 𝜆($ rationalize observed 155 

input costs and ensure the optimization model reproduces observed input use during the 156 

reference period. A positive value for either of these parameters indicates that there is an 157 

unobserved cost associated with the input’s use in each rotation, whereas a negative value 158 

suggests an unobserved benefit.6 In eq. (2), productive inputs other than fertilizer are assumed to 159 

be used in fixed proportion to land.7,8 Similarly, the fertilizer inputs phosphorus (P) and 160 

potassium (K) are assumed to be used in fixed proportion to nitrogen (N).  161 

We solve the optimization problem in eq. (2) subject to standard non-negativity 162 

constraints (𝑞$% ≥ 0, 𝑥&$% ≥ 0, 𝑥($% ≥ 0), the production technology defined by eq. (1), and an 163 

aggregate land allocation constraint:  164 

 B𝑥&$% + 𝑥&.%
$

= 𝑏&%        (3) 

where 𝑏&% is the available agricultural land base in the study region, 𝑥&.% denotes land 165 

fallowed/idled. Eq. (3) ensures that the sum of land allocated by crop and rotation plus land 166 

fallowed equals the agricultural land base in each year.  167 

 
6 Examples of unobserved factors include agronomic considerations (e.g., disease or pest control), management skill, 
access to capital, and risk preferences.  
7 This is a common assumption in the PMP method (Mérel and Howitt 2014).  
8 In the Lake Mendota watershed, water is not a scarce resource, thus we assume the supply of water resources is 
sufficient to support the cropping activities in the region, and water demand does not vary significantly across crops.  
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 The key inputs to the calibration are aggregate land use in the catchment (i.e. acreages of 168 

crops in each rotation and acreage of fallowed land) and per acre nitrogen fertilizer applications 169 

during the reference period. Identifying crop rotations requires multiple years of remote sensing 170 

imagery and could not be identified on a year-by-year basis. Thus, our calibration model is based 171 

on a reference period identified as the average of 2003 through 2014. In other words, the 172 

calibration is based on the observed average land uses, fertilizer applications, and production 173 

levels during this reference period. In the simulation process, we simulate annual land allocations 174 

and fertilizer applications based on the time-variant crop prices. 175 

2.2 Positive Mathematical Programming (PMP) Calibration  176 

The objective of the PMP calibration is to solve for the values of the unknown parameters 177 

𝜇$,	𝛽&$, 𝛽($, 𝛿$, 𝜌$, 𝜆&$, and 𝜆($ in equations (1) and (2) that ensure the first-order 178 

conditions for a maximum hold given observed decisions about input use and crop production.  179 

These observed decisions define the reference allocation, which includes the observed allocation 180 

of land (�̅�&$), fertilizer applications (�̅�($) and production level (𝑞E$) at the reference period . 181 

The calibration also requires that we specify the value of the Lagrangian multiplier associated 182 

with the land constraint in eq. (3), or an initial shadow price for land, denoted �̅�.9 We also use 183 

exogenous, commodity-specific supply elasticities (�̅�$) and the modeled agronomic response of 184 

crops to nitrogen fertilizer (defined as yield elasticities and denoted 𝑦E($)  as inputs to the 185 

calibration.  186 

Following Mérel et al. (2013), we solve recursively for the unknown parameters in four 187 

steps. First, we independently draw 1000 values of the elasticity of substitution (𝜎$) for each 188 

 
9 We calibrate the shadow price of land following Garnache et al. (2017a) by minimizing the sum of squared 
deviations between the modeled activities and input-level expenditures and their observed values in the baseline 
allocation. 
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crop m from a lognormal distribution with mean 1.15 and variance 0.5. We use the mean across 189 

draws in subsequent steps in the calibration.10 In the second step, we verify that the two 190 

calibration criteria defined by Mérel et al. (2011) hold at the reference allocation. If the 191 

conditions hold, we solve for values of the parameters 𝛿$ that ensure the supply elasticities 192 

implied by the model replicate the set of exogenous supply elasticities �̅�$. In the third step, we 193 

use the calibrated values of 𝜎$ and 𝛿$ and the agronomic yield elasticities 𝑦E($ to solve for the 194 

parameters 𝜇$, 𝛽&$, and 𝛽($. With these values, we have calibrated the unknown parameters of 195 

the CES production functions in eq. (1). In the final step, we use the calibrated CES production 196 

functions and the reference land and fertilizer use to solve for the parameters 𝜆&$	and  𝜆($ in eq. 197 

(2).  198 

2.3 Calibration Data 199 

We used the SAS clustering procedure FASTCLUS to generate crop rotations for the watershed 200 

based on CropScape cropland data (Boryan et al. 2011; Jiang et al. 2021). Through clustering, 201 

each pixel from remote sensing image is assigned to a crop rotation based on crop frequency. For 202 

example, a 0.5/0.5 frequency corn/soybean is assumed to represent and alternating rotation of 203 

these crops. Across all years, the three crop rotations modeled plus fallowed land, account for an 204 

average of 23.5% of the total land in the watershed.11 Of the land we model and across years in 205 

the reference period, continuous corn (cc) occupies 66.5% of the land area, followed by the six-206 

year corn-alfalfa rotation (ca, 23.9%), the two-year corn-soybean rotation (cs, 8.2%), and fallow 207 

(1.4%).  208 

 
10 Hertel et al. (1996) empirically estimate the elasticity of substitution between land and nitrogen for corn 
production in Indiana to be around 1.15, which we use to set the mean of the distribution for the calibration. We 
chose the variance to be consistent with other, similar PMP analyses (Mérel et al. 2013; Howitt 1995a; and Laborde 
2011). 
11 Other land uses include grassland/pasture, developed land, open water, forest, other crops, etc.  
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In our model, the land allocation decision is between crop rotations, while revenue earned 209 

in eq. (2) is based on commodity production. To move between rotations and commodities, we 210 

assume land in each year is allocated in proportion to the share of each commodity within a 211 

rotation.12 For example, one acre of land in a corn-soybean rotation produces, on average, half an 212 

acre worth of soybean yield and half an acre worth of corn yield where corn yield is specific to 213 

that following soybean. Similarly, one acre of land in the six-year corn-alfalfa rotation produces 214 

half an acre worth of alfalfa yield and half an acre of corn yield where 1/3 of the corn yield is 215 

specific to that following alfalfa by one year, 1/3 is specific to that following alfalfa by two years 216 

and the remaining 1/3 is specific to that following alfalfa by three years. Averaging in this way 217 

would be problematic if we were modeling an individual farmer’s fields, which could shift from 218 

one crop to another each growing season. However, our model is one of aggregate decision 219 

making at the scale of the watershed, for which assuming average shares is reasonable. The PMP 220 

approach we take has been extensively applied, precisely for this case (Howitt 1995; Merel and 221 

Howitt 2014; Merel et al. 2014). Rather than attempting to explicitly define complex, and often 222 

unobserved, rotation constraints, the PMP calibration introduces calibrated parameters that 223 

reflect unobserved costs or benefits associated with adopting potential crop rotations. These 224 

would include, for example, the costs of switching out of a corn-alfalfa rotation and into another 225 

rotation. These costs reduce the likelihood of arbitrary rotations out of a crop and support 226 

beneficial switches into a crop. Following Merel et al. (2014), the same rationale applies for our 227 

calibration of the yield elasticities with respect to fertilizer use, which reflect unobserved costs 228 

and benefits associated with fertilizer applications for each crop rotation. 229 

 
12 The assumption aligns with our methods in identifying observed acreages of crop rotations.  
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We use recommended nitrogen application rates published by the University of 230 

Wisconsin Extension (2014) as the observed fertilizer applications. Among all the crops, 231 

continuous corn requires the largest nitrogen application rates, while alfalfa in the first year 232 

following corn requires the least.  233 

Eq. (2) also includes exogenous crop prices and costs of production. Commodity prices 234 

are taken from USDA NASS survey for years 2002-2013 (NASS 2017), where we use a one-year 235 

lag in commodity prices to reflect farmers’ short-run expectations over future prices at the time 236 

planting decisions are made each spring.13 We obtain per-unit input costs for land and fertilizer 237 

for each crop and rotation from extension enterprise budgets.  238 

For the model calibration, we need to specify supply elasticities for corn, soybeans, and 239 

alfalfa. Exact supply elasticities for our study region are not available; instead, we specify a 240 

range of values based on a summary of economic literature. We prioritize studies based on 241 

several criteria, including their geographic proximity to our study area and the recency of the 242 

estimates. The studies used and the weights for each are summarized in Supplementary 243 

Appendix Table S1. The literature yields 95% confidence intervals for the own price supply 244 

elasticities for corn, soybean and alfalfa of [0.017, 0.630], [0.067, 0.740], and [0.363, 0.633], 245 

respectively.   246 

2.4 Agronomic Yield Response 247 

To derive yield elasticities for use in the PMP calibration, we use the Cycles agronomic model of 248 

terrestrial nutrient dynamics, which is calibrated to reflect soil characteristics, land use, and 249 

typical agricultural management practices in the study area. Cycles is a user-friendly, multi-crop, 250 

multi-year, process-based model that simulates crop production and water, carbon and nitrogen 251 

 
13 All commodity prices are adjusted to the price level of 2010. 
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cycles at a daily time step. The model is an evolution of C-FARM (Kemanian and Stöckle 2010) 252 

and is closely related to CropSyst (Stöckle et al. 2014).14  253 

In Cycles, hydrology is simulated using an adaptive sub-daily time step. The algorithms 254 

for heat and water transport are adapted from Campbell (1985), with reference 255 

evapotranspiration calculated using the Penman-Monteith equation. Daily plant growth is based 256 

either on radiation capture (if light limited) or on realized transpiration (if water limited), an 257 

approach that surrogates for a coupled transpiration and photosynthesis model (Kremer et al. 258 

2008). Stomatal conductance is determined by temperature and the leaf water potential, with the 259 

latter depending on the balance of the transpiration demand, the soil water supply, and plant 260 

hydraulic properties (Camargo and Kemanian 2016; Jara and Stöckle 1999).15 Crop development 261 

is calculated using thermal time; crop yield is calculated using the biomass accrued and a harvest 262 

index (Kemanian et al. 2007). Soil organic nitrogen and nitrogen cycling are based on saturation 263 

theory (White et al. 2014). The minimum inputs to the model are latitude, daily weather 264 

(minimum and maximum temperature, precipitation, solar radiation, dew point, and wind speed), 265 

a soil description (layer thickness, clay, sand and organic matter content), a cropping sequence, 266 

and agricultural management practices. Cycles simulates perturbations of biogeochemical 267 

processes caused by agronomic practices such as tillage, irrigation, organic and inorganic 268 

nutrient applications, annual and perennial crop selection, and grain and forage harvest.  269 

For each crop, we use Cycles to simulate watershed level yield responses for corn by 270 

rotation and year under a range of nitrogen application rates, ranging from 0 to 178 pounds per 271 

acre.16 We estimate the yield response of corn to nitrogen fertilizer applications by fitting a 272 

 
14 For these simulations, we used Cycles version 0.5.0-alpha. 
15 Stomatal conductance is a measure of the exchange of water vapor between a plant and the atmosphere. 
16 When applying the Cycles model, we use machine learning models to generate regional level yield responses 
without using soil information. Yield does vary with many factors, from intrinsic soil features, presence/absence of 
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Mitscherlich-Baule function for corn within each crop rotation. This functional form is often 273 

used to fit yield data because it captures a growth plateau in the fertilizer-yield relationship and 274 

allows for factor substitution in crop production (Frank et al. 1990). Nitrogen fertilizer has a 275 

negligible effect on the yields of nitrogen-fixing soybeans and alfalfa; the yields of these crops 276 

vary annually due to weather but are invariant to fertilizer inputs.  277 

For the nitrogen application rate, N, the per-acre yield for crop m at year t (𝑦$%) is given 278 

by: 279 

(4) 280 

where T is a matrix of year-specific dummy variables, and	𝛼$/, 𝜸𝒎𝒕, 𝛼$+, 𝛼$# are parameters 281 

characterizing the shape of the yield function. The parameter 𝛼$/ represents the average plateau 282 

for growth in the long run, 𝜸𝒎𝒕 represents the year-specific plateau premium due to varying 283 

weather conditions, 𝛼$+ captures the average influence of nitrogen applications in the long run, 284 

and 𝛼$# captures the effect of natural factor endowments, such as soil and water. In the second 285 

line of eq. (4), 𝜏$% represents yield for soybeans and alfalfa.   286 

 Using the predicted yields by year and fertilizer application level produced by Cycles, we 287 

estimate the parameters of the yield functions in eq. (4) using nonlinear least squares. Based on 288 

the estimated parameters, we also calculate the average yield responses for the reference period.  289 

 
tile drains, operational features, and crop rotations. However, recent studies indicate that interannual variation of 
climate variables (e.g., temperature and precipitation) are more important (Schlenker and Roberts, 2009; Huffman et 
al.,2020). The fact we can model yields with machine learning models without using any soil information indicates 
that a lot of the relevant variation is elsewhere (such as climate factors) because agricultural soils are already mostly 
selected for crop production. Thus, doing a field-by-field analysis will not add too much information to the yield 
responses. 

 
		𝑦!" = $𝛼!#&1 + 𝜸𝒎𝒕𝑻 − exp&−𝛼!& ∗

(𝛼!' +𝑁)33 + 𝜀!"			𝑖𝑓	𝑚	 = 𝑐𝑐 − 𝑐, 𝑐𝑠 − 𝑐, 𝑐𝑎 − 𝑐1, 𝑐𝑎 − 𝑐2, 𝑐𝑎 − 𝑐3
			𝜏!"																																																																											𝑖𝑓			𝑚 = 𝑐𝑠 − 𝑠, 𝑐𝑎 − 𝑎1, 𝑐𝑎 − 𝑎2, 𝑐𝑎 − 𝑎3
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Fig. 3 plots Cycles yield against nitrogen fertilizer applications at the reference period, along 290 

with our fitted Mitscherlich-Baule yield function. The estimated yield curves fit the Cycles yield 291 

simulation data well, with an R2 larger than 0.98 for all crops in our model. 292 

Following Mérel et al. (2013), we use eq. (4) to define the elasticity of crop yield with 293 

respect to fertilizer applications at the recommended level of nitrogen fertilizer applications 294 

(𝑎E($) and the reference yield for crop m (𝑦E$). The yield elasticity by crop is given by: 295 

 
𝑦"%& = $

𝛼&'𝛼&( exp(−𝛼&((𝛼&) + 𝑎"%&)) 𝑎"%&
𝑦"&

								𝑖𝑓	𝑚	 = 𝑐𝑐 − 𝑐, 𝑐𝑠 − 𝑐, 𝑐𝑎 − 𝑐1, 𝑐𝑎 − 𝑐2, 𝑐𝑎 − 𝑐3

0																																																																			𝑖𝑓			𝑚 = 𝑐𝑠 − 𝑠, 𝑐𝑎 − 𝑎1, 𝑐𝑎 − 𝑎2, 𝑐𝑎 − 𝑎3
 (5) 

 The reference yield elasticity calculated in eq. (5) is used in the PMP calibration to ensure that 296 

the modeled yield elasticities replicate the simulated agronomic responses of crop and at the 297 

observed level of fertilizer applications.17  298 

2.5 Leaching and Emission Responses 299 

In the simulation process, we simulate annual farmer decision in terms of land and fertilizer use 300 

based on changing commodity prices, then we quantity nitrate leaching and nitrous oxide 301 

emissions using Cycles outputs. For each simulation used to fit eq. (4) based on unique 302 

combinations of weather conditions, crop rotation, and nitrogen fertilizer application rate—we 303 

use Cycles to simulate nitrate leaching and nitrous oxide emissions for a growing season.18,19 We 304 

use the resulting dataset of simulations to fit production functions for leaching and emissions.  305 

𝑒!"# = #𝜑!$"# + 𝜑!%"#𝑁 + 𝜑!&"#𝑁
&										𝑖𝑓	𝑚 = 𝑐𝑐 − 𝑐, 𝑐𝑠 − 𝑐, 𝑐𝑎 − 𝑐1, 𝑐𝑎 − 𝑐2, 𝑐𝑎 − 𝑐3

0																																																				𝑖𝑓			𝑚 = 𝑐𝑠 − 𝑠, 𝑐𝑎 − 𝑎1, 𝑐𝑎 − 𝑎2, 𝑐𝑎 − 𝑎3       (6) 306 

 
17 Yields at observed levels are calculated using observed nitrogen application levels and our calibrated biophysical 
nitrogen response functions in equation (4). 
18 Cycles simulates leaching and emissions at a daily time step, capturing the importance of precipitation patterns 
relative to the timing of fertilizer applications in determining nitrogen losses. We aggregate to obtain leaching and 
emissions totals over the extent of each growing season. 
19 Our simulated years cover a broad range of weather conditions, including wet, dry, and normal years. We report 
the precipitation levels of growing seasons in Table S10.  
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For each crop m in year t, we estimate the following model using ordinary least squares: 307 

where n indexes the externality (n =𝑙𝑒𝑎𝑐ℎ𝑖𝑛𝑔, 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠), 𝑒$%2 is the per-acre externality 308 

produced, N denotes the nitrogen application rate, and	𝜑$/%2, 𝜑$+%2, 𝜑$#%2 are parameters. 309 

Soybeans and alfalfa, which do not benefit from supplementary nitrogen fertilizer, do not 310 

contribute significantly to nitrate leaching or nitrous oxide emissions. Detailed coefficient 311 

estimates are reported in the Supplementary Appendix. The functional form fits the simulation 312 

data well for both externalities, with an average R2 of 0.98 across crops.  313 

 Using the regression results for eq. (6), we predict leaching and emissions per unit of land 314 

area at the simulated level of fertilizer applications as: 315 

 �̂�$%2(𝑘($%) = 𝜑V$/%2 + 𝜑V$+%2𝑘($% + 𝜑V$#%2(𝑘($%)# (7) 

where 𝑘($% is the simulated per-acre level of nitrogen applications from the calibrated economic 316 

optimization model, and 𝜑V$/%2, 𝜑V$+%2, and 𝜑V$#%2 are parameter estimates for eq. (6). Finally, 317 

we obtain aggregate leaching and emissions for the region (𝐸%2) as: 318 

 𝐸%2 =B �̂�$%2(𝑘($%)𝑘&$%
$

 (8) 

Where 𝑘&$% is the optimal allocation of land to each crop from the calibrated economic 319 

optimization model. 320 

2.6 Social Costs of Nitrogen and Benefit-Cost Analysis 321 

Within the calibrated economic optimization model, we impose a series of increasingly stringent 322 

nitrate leaching constraints, ranging from a 5% to 95% reduction in leaching relative to the status 323 

quo. Let 𝐸X%,34567829 denote the status quo level of nitrogen leaching. The constraints are of the 324 

form:  325 

 𝐸%,34567829 ≤ (1 − 𝜃)𝐸X%,34567829 (9) 
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where 𝜃 is the proportional reduction in leaching. The modeling constraint is on nitrate leaching 326 

only; because of jointness in the production of externalities, the leaching constraints imply a 327 

change in nitrous oxide emissions. This also mimics current policies that target reductions in 328 

nitrate leaching and here we are demonstrating the nitrous oxide co-benefits. We compute the 329 

reduction in nitrous oxide emissions associated with each leaching constraint as  330 

 ∆𝐸%,4$8::8;2:(𝜃) = 𝐸%,4$8::8;2:(𝜃) − 𝐸%,4$8::8;2:(0) (10) 

where 𝐸%,4$8::8;2:(0) is the emissions level associated with the status quo and 𝐸%,4$8::8;2:(𝜃) is 331 

the level of emissions associated with leaching reduction constraint 𝜃. 332 

To quantify the monetary values of reduced leaching and emissions, we use the social 333 

cost of nitrogen, which reflects the present value of monetary damages caused by a unit increase 334 

in nitrogen pollution. The method of Keeler et al. (2016) is applied to calculate the social costs of 335 

nitrate leaching and nitrous oxide emissions for the Lake Mendota Watershed.  336 

The social costs of nitrate leaching are calculated based on the costs associated with 337 

groundwater NO3− contamination in two sources (private drinking wells and public water 338 

supplies) and the percentage of population served in each water source. We estimated the total 339 

costs with NO3− contamination in private wells based on county-level replacement costs 340 

developed by the Wisconsin Department of Natural Resources, which are then scaled to the Lake 341 

Mendota watershed using the number of private wells and the percentage of wells over the 10 342 

ppm nitrate-N standard (Wisconsin GCC, 2021).  The net present annual value was calculated 343 

assuming a 20-year time horizon and a 3% discount rate. Using modeling results in equation (8), 344 

we calculate average annual nitrate leaching at the baseline, then we converted the net present 345 

annual costs into per-unit costs of nitrate leaching by dividing the annual costs of Lake Mendota 346 

watershed by average annual nitrate leaching. The estimated total costs of public water supplies 347 



 19 

come from the nitrate treatment costs. Industry standards for treatment are similar across the 348 

nation, so we used the net present value per household from Minnesota and scaled the value for 349 

the Lake Mendota watershed based on the number of people served by municipal providers 350 

within the watershed.20,21    351 

The social costs of nitrous oxide emissions are calculated based on the social costs of 352 

carbon dioxide ($0.025/kg CO2 emitted under a 3% discount rate) and reflect the global 353 

warming potential of nitrous oxide (273 times of CO2). 354 

Accordingly, the average social costs associated with per pound of nitrate leaching is 355 

$0.29 with a range from $0.22 to $0.36, and the average social costs associated with per pound 356 

nitrous oxide emissions is $6.8. The total social costs associated with each form of pollution and 357 

under each policy scenario is: 358 

 𝑇𝑆𝐶%2(𝜃) = 𝑆𝐶2 ∗ 𝐸%2(𝜃) (11) 

where 𝑇𝑆𝐶%2 denotes the total social costs from externality n in year t with leaching constraint 𝜃; 359 

𝑆𝐶2 is the social cost per pound arising from externality n, and 𝐸%2(𝜃) is the regional level of 360 

externality with leaching reduction constraint 𝜃. The benefit from imposing a nitrate leaching 361 

constraint, evaluated relative to the status quo, is given by:  362 

 𝐵%2(𝜃) = 𝑇𝑆𝐶%2(0) − 𝑇𝑆𝐶%2(𝜃) (12) 

where 𝑇𝑆𝐶%2(0) are total social costs under the status quo and 𝑇𝑆𝐶%2(𝜃) are total social costs 363 

under leaching constraint 𝜃.  364 

 
20 Costs associated with nitrate treatment for public water suppliers in Minnesota are reported in table S3 of Keeler 
et al. (2016), due to the lack of treatment costs for Lake Mendota watershed, we calculate the mean value and 95% 
confidence interval based on the net present value per household of Minnesota and reported a range of values in the 
following calculation.   
21 Number of people served by Lake Mendota is calculated based on the wells data and information of public water 
system retrieved from groundwater retrieval network of Wisconsin DNR. 
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Policy analysis often relies on a benefit-cost ratio to summarize the overall relationship 365 

between the costs and benefits of a proposed project, which serves as a basis for adopting or 366 

rejecting a particular policy. Here, we examine how the benefit-cost ratio changes with the 367 

inclusion of co-benefits from nitrous oxide emissions. The cost of imposing a leaching 368 

constraint, 𝜃, is the change in net revenues to farmers due to changes in input use and crop 369 

production that arise from meeting the constraint. Let 𝑁𝑅%(𝜃) denote net revenue earned by all 370 

farmers in the region in year t when leaching constraint 𝜃 applies:  371 

𝑁𝑅%(𝜃) = ∑ c𝑝$%𝑞d$%(𝜃) − *e𝑐&$ + 𝜆f&$g𝑘&$%(𝜃) + e𝑐($ + 𝜆f($g𝑘($%(𝜃).h$            (13) 372 

Eq. (13) makes explicit the dependence of the optimal levels of production 𝑞d$% and input use on 373 

the leaching constraint. The parameters for the CES production function and the shadow costs of 374 

land (𝜆f&$) and nitrogen (𝜆f($) are calibrated using the status quo land allocation and do not 375 

depend on 𝜃. The cost of imposing a nitrate leaching constraint, evaluated relative to the status 376 

quo, is given by:  377 

 𝐶%(𝜃) = 𝑁𝑅%(0) − 𝑁𝑅%(𝜃) (14) 

where 𝑁𝑅%(0) is net revenue under the status quo and 𝑁𝑅%(𝜃) is net revenue under leaching 378 

constraint 𝜃.  379 

Using eq. (12) and eq. (14), we calculate the benefit-cost ratio without nitrous oxide 380 

emission co-benefits as:   381 

 
𝑅%;(𝜃) =

𝐵%,34567829(𝜃)
𝐶%(𝜃)

 (15a) 

and the benefit-cost ratio with nitrous oxide emission co-benefits as:  382 

 
𝑅%6(𝜃) =

∑ 𝐵%2(𝜃)2

𝐶%(𝜃)
 (15b) 
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where the numerator in (15b) sums benefits across both externalities. We calculate the benefit-383 

cost ratio for each year t and for each leaching constraint 𝜃.  384 

 385 

3. Results 386 

We first report and interpret the results from the PMP calibration described in section 2.2 along 387 

with the simulation results under the status quo. We then present the simulation results for a 388 

series of progressively stringent nitrate leaching constraints in 5% increments, as defined in eq. 389 

(9).22 Finally, we describe the benefits of leaching and emission reductions and examine the 390 

effects of including co-benefits in the calculation of the benefit-cost ratio for each policy 391 

scenario.   392 

3.1 Model Calibration and Status Quo  393 

The calibrated values for the unknown parameters in equations (1) and (2) are reported in Table 394 

1. Here, we focus on interpreting the calibrated shadow costs for land and nitrogen fertilizer for 395 

each commodity and rotation (𝜆f&$ and 𝜆f($). These parameters represent the adjustment to input 396 

costs needed to rationalize observed decision making at observed commodity and input prices.  397 

For all commodity-rotation combinations, the PMP calibration yields negative values for 398 

𝜆f&$, which indicates that there are unobserved benefits to using the land for the purpose of 399 

agricultural production. For nitrogen fertilizer, we observe negative values for 𝜆f($ for corn in all 400 

rotations, suggesting that there are unobserved benefits from fertilizer applications on corn. For 401 

corn grown within the corn-soybean and corn-alfalfa rotations, our results indicate a large hidden 402 

benefit. Furthermore, as indicated in Table 1, the magnitude of this unobserved benefit is large 403 

 
22 We assume the regulator has complete information about the amount of nitrate leaching associated with 
production practices and can implement leaching reduction caps throughout the watershed. 
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enough that it offsets most of the observed per-unit nitrogen fertilizer costs. At observed market 404 

prices, farmers in our study region apply nitrogen more than the optimal nitrogen application 405 

level suggested by the yield response function (Figure 3). Farmers may overapply fertilizer 406 

because it is a relatively inexpensive input and guards against downside variability in yield.23 407 

Using our calibrated parameters and equation (2), we simulate land use and fertilizer 408 

decisions for each year, then using the fitted leaching and emission functions to compute annual 409 

leaching and emission levels at the status quo (Fig. 4). In the status quo (Fig. 4a), the largest 410 

amount of acreage is allocated to the continuous corn rotation, which also has the greatest per-411 

acre levels of nitrogen applications. As a result, the continuous corn rotation contributes the 412 

greatest to leaching and emissions, followed by the corn-alfalfa rotation, and the corn-soybean 413 

rotation. The simulations from Cycles indicate that leaching and emissions vary considerably 414 

across years: 2010, the peak leaching year, had leaching six times larger than 2003 with the 415 

lowest leaching. The quantity of leaching is mainly driven by the timing and magnitude of 416 

precipitation events relative to the timing of fertilizer applications. For instance, during growing 417 

seasons (April to October), the average monthly precipitation is 4.55 inches in year 2008, 3.80 418 

inches in year 2009, 5.14 inches in year 2010, thus we could observe the leaching drops in 2009 419 

and spikes in 2010. Emissions of nitrous oxide, on the other hand, are not driven by sporadic 420 

precipitation events. As a result, the interannual variance in nitrous oxide emissions is smaller 421 

than the variance in leaching. 422 

It is worth noting that none of the changes in crop rotations in our simulation violate key 423 

rotational constraints. For example, when decreasing land in the corn-alfalfa rotation, farmers 424 

would never take land out of the first year of alfalfa or the second year of alfalfa due to the costs 425 

 
23 Excess fertilizer may be applied as a hedge against weather, agronomic, or economic risk, which farmers do not 
know in advance (Ji and Cobourn 2020; Paudel and Crago 2019; Stuart et al. 2014). 
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of the foregone benefits. They could, however, decide to change the rotation in any of the three 426 

corn years or the third year of alfalfa. This implies that four-sixths of the land in the corn-alfalfa 427 

rotation is available for an “exit” into another rotation in any given year. Consider 2006 as an 428 

example, a total of 24,208 acres was in the corn-alfalfa rotation. This means that no more than 429 

16,139 acres could change to another rotation. This is more than adequate to accommodate the 430 

largest change in this rotation, 10,404 acres, within our simulation. An aggregate rotation 431 

constraint therefore is not binding.  432 

It is true that this makes it difficult to fully capture changes in leaching at each individual 433 

field due to the history of cropping decisions on that land. For example, when land is shifted into 434 

a continuous corn rotation, it is possible that some acreage comes out of the corn year in the 435 

corn-soy rotation, the soybean year in the corn-soy rotation, the three corn years in the corn-436 

alfalfa rotation, or the third year of alfalfa in the corn-alfalfa rotation. Of these possibilities, the 437 

recommended fertilizer application rate for corn following any corn year as well as the third year 438 

of alfalfa is similar (166 lbs/acre) and the recommended fertilizer application rate for corn 439 

following soybeans is 115 lbs/acre. Given our results, it is most likely that land came out of the 440 

eligible years in the corn-alfalfa rotation, for which the same recommended fertilizer application 441 

rates apply as for continuous corn.  442 

As a worst-case scenario, if we assume that all the land added to continuous corn in 2007 443 

came out of land in a corn-soybean rotation the preceding year (1/2 of which would have been in 444 

soybeans), we would overstate the amount of fertilizer applied by 3.4% of the baseline quantity 445 

of fertilizer applications to continuous corn in 2007. A similar result, though smaller in 446 

magnitude, holds for 2011, the year with the second greatest increase in continuous corn. This 447 

overestimate of fertilizer applications could be problematic to our overall results if it coincided 448 
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with the years in which we observe the highest level of leaching or emissions. However, neither 449 

2007 nor 2011 was the year with the highest leaching, nor the highest level of emissions. The 450 

production of leaching and emissions is far more sensitive to precipitation than to changes in 451 

fertilizer applications at the intensive margin. Thus, even if we were to adjust downward the 452 

amount of fertilizer applied to continuous corn to capture the benefits of following soybeans, the 453 

adjustment would have a negligible effect on year-to-year differences in leaching and emissions 454 

externalities, as well as the estimated co-benefits from their reduction. 455 

3.2 Nitrate Leaching Policy Scenarios 456 

We now turn to farmers’ behavioral adjustments under the nitrate leaching constraints. To meet 457 

leaching targets, farmers adjust along the intensive margin, by altering per-acre nitrogen fertilizer 458 

applications, and/or along the extensive margin, by reallocating land among crop rotations and 459 

fallow land. The relative importance of the intensive margin effect and the extensive margin 460 

effect depends on the policy stringency and the tradeoff between profits and environmental 461 

targets. For relatively small reductions in leaching, we observe changes primarily along the 462 

intensive margin (see corn-soybean and corn-alfalfa rotations in Figure 5a). As the leaching 463 

constraint becomes more stringent, we observe a greater reliance on adjustments along the 464 

extensive margin (decrease in corn rotation acreages and an increase in fallow land in Figure 5b). 465 

The box plots display the distribution of the results driven by interannual differences in crop 466 

prices and weather conditions.   467 

 When leaching policy targets 25% or less reduction, we find significant reductions in per-468 

acre nitrogen application levels for the corn-soybean and corn-alfalfa rotations but slight changes 469 

for continuous corn rotation (Figure 5(a)). The reductions of per-acre nitrogen applications are 470 

due to the increase of farm profits. This farm benefit arises because crops are currently over-471 
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fertilized, as shown by the flat areas in the response functions presented in Figure 3. Farmers can 472 

reduce their applications of nitrogen, especially on the corn-soybean and corn-alfalfa rotations, 473 

without seeing significant yield reductions. As a result, farmers can achieve small leaching 474 

targets at the intensive margin without a loss in profits. The return of N application is high on 475 

continuous corn rotation, thus the N application rates on continuous corn rotation is relatively 476 

stable. 477 

 We observe an increase of acreages in the corn-soybean rotation and decreases of 478 

acreages of continuous corn and corn-alfalfa rotation when leaching policies are 25% or less 479 

(Figure 5(b)). According to agronomic information, even if the N application is zero, leaching 480 

will always exist as there is endogenous N mineralizing. The non-zero leaching is low for 481 

continuous corn and corn-soybean rotation but will exaggerate in the corn alfalfa rotation. 482 

Alfalfa fixes nitrogen from the atmosphere and when alfalfa residues decompose, they can 483 

mineralize nitrogen. Thus, for the corn-alfalfa rotation, although reducing nitrogen applications 484 

might be profitable at small reductions, the corn-alfalfa rotation acreage declines due to N 485 

mineralizing. 486 

 As the stringency of the leaching cap increases over 30%, intensive margin adjustments 487 

alone cannot ensure the leaching constraint is met. The only way to achieve the target is to move 488 

land out of crop production and into fallow. Starting at a leaching reduction of 30%, we observe 489 

substantial increases in fallow/idled land; with a 95% reduction, farmers fallow 60% of the land 490 

base, which is likely an unpopular policy that will not be viable without substantial farmer 491 

compensation. 492 

Despite differences in the peak years and variances across years of nitrate leaching and 493 

nitrous oxide emissions, reductions in nitrous oxide emissions are positively correlated and 494 
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proportional to reductions in nitrate leaching. This follows from behavioral adjustments, 495 

primarily changes in the land allocated to the continuous corn rotation. When leaching falls by 496 

10%, emissions decline by 11%; when leaching falls by 90%, emissions decline by 85%. 497 

3.3 Emissions Co-benefits 498 

Table 2 reports nitrate leaching reductions and the nitrous oxide co-benefit emission reductions, 499 

in aggregate across crop rotations and years; Figure 6 illustrates the distribution of results across 500 

years within the simulation and the results broken out for each crop rotation.24 Due to interannual 501 

variability in crop prices and weather conditions, the absolute amount of leaching and nitrous 502 

oxide reductions differ across years. The largest interannual variation comes from continuous 503 

corn rotation.  504 

Table 2 also reports the monetary benefits of nitrate leaching reductions and nitrous oxide 505 

co-benefit emission reductions, in aggregate across crop rotations and years; Figure 7 illustrates 506 

the distribution of monetary benefits across years. Monetary benefits increase when the 507 

regulation become more stringent, whereas the interannual variability comes from the 508 

interannual variability in nitrous oxide reductions. When On average, for a 30% leaching 509 

reduction, we find that emission co-benefits amount to $ 194,600 per year with a farmer cost of 510 

$482,810. As a point of comparison, this benefit amounts to approximately 26% of the 2019 511 

(annual) budget set by Dane County to convert lands at greatest risk of runoff from agriculture 512 

into prairie and grasses.25  513 

 The economic benefits of reducing nitrate leaching are generally small, compared with 514 

the economic benefits of reducing nitrous oxide emissions, which is not surprising. The benefits 515 

 
24 In Table 2, we calculate the benefits of nitrate leaching reductions based on the average social costs of nitrate 
leached, which is $0.29/lb. Lower bounds and upper bounds of benefits are reported in Table S9 based on the lower 
and upper estimates of the social costs of nitrate leached.   
25 According to Clean Lake Alliance, in year 2019, Dane County budgeted $750,000 for land conversion. 
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of reduced greenhouse gas emissions accrue more broadly—at a global scale—than do the social 516 

benefits from improvements in water quality in a watershed, which are more localized. This 517 

result highlights the missing categories of benefits in assessments of water quality policies noted 518 

by Keiser et al. (2019). For example, according to Keiser and Shapiro (2019), the estimated 519 

average benefit-to-cost ratio of the Clean Water Act is 0.24 implying costs exceed benefits.  520 

In our analysis, the benefit-cost ratios for nitrogen constraints of 30% or more are 521 

positive, yet less than 1.0, indicating that farmer costs exceed social benefits. However, simply 522 

looking at the magnitude of these ratios misses the important story of our results. When co-523 

benefits are included for the 30% constraint the benefit-cost ratio increase from 0.07 to 0.48, an 524 

almost 7-fold increase, which highlights the importance of co-benefits. The question that follows 525 

is what will happen to the benefit-cost ratios if other co-benefits are added such as wildlife 526 

habitat provide to migratory birds from the fallow land (e.g., Paterson and Best 1996; Best et al. 527 

1997; Sample 1997).  528 

 529 

4.  Discussion and Conclusion 530 

By integrating economic and agronomic models, we propose a modeling framework that 531 

illustrate the linkage between biophysical process of nitrogen cycling and farmer decision 532 

making. We use the model to simulate the joint production of nitrate and nitrous oxide as a 533 

function of farmer decisions at the extensive margin and at the intensive margin and  534 

quantify the environmental and economic impacts of progressively stringent reductions in nitrate 535 

leaching. Our model results highlight that the co-benefits from nitrous oxide abatement are 536 

substantial and their inclusion increase the benefit-cost ratio of water quality policies. In this 537 
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section, we highlight our implications for the effectiveness of water policies, the adoption of best 538 

management practices, and the implementation of climate smart agriculture.  539 

Regulating nonpoint pollution is a challenging issue for policymakers. The difficulties 540 

involve the lack of enforceable standards for such non-point pollution, and the complexity in 541 

modeling the production relationship between nutrient inputs and the biophysical process that led 542 

to leaching (Kling 2011). An important advantage of our integrated modeling is the ability to 543 

predict the effect of “what if” scenarios while capturing the feedback between farmer decision 544 

making and the biophysical process. The progressively stringent leaching constraints imposed 545 

cover a wide range of potential changes in water quality targets and provide reference bounds to 546 

inform potential policy actions.  Our results suggest that the stringency of the leaching reduction 547 

target affects the behavioral adjustments made by farmers as they adjust their nitrogen fertilizer 548 

and land allocation decisions. For example, for small reductions, policies to manage nitrogen-549 

related pollution from agriculture, policies incentivizing reduced fertilizer application rates at the 550 

intensive margin may be appropriate. Since we find that farmers are overapplying fertilizer, a 551 

first step may be enhancing education on the crop-yield benefits of fertilizer applications and the 552 

social cost to their communities from over application, thereby encouraging better management 553 

practice (Laboski et al., 2006). Greater reductions in agricultural pollution will require action at 554 

the extensive margin beyond adjustments in fertilizer use. For example, land-use conversion or 555 

retirement programs that compensate farmers may be required to achieve significant reductions 556 

in leaching. Understanding these responses by farmers can help policymakers to choose effective 557 

policy instruments to achieve the desired reduction in leaching.  558 

In addition, the results highlight that the co-benefits from nitrous oxide abatement are 559 

substantial, and their inclusion increases the benefit-cost ratio. The benefits of reduced 560 
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greenhouse gas emissions accrue more broadly—at a global scale—than do the social benefits 561 

from improvements in water quality in a watershed, which are more localized. Making decisions 562 

about the adoption and design of policies to avoid the negative impacts of nitrogen fertilizers, 563 

without considering such co-benefits, can lead to socially-inefficient outcomes. In terms of 564 

production patterns, ignoring co-benefits results in too great an allocation of land to crop 565 

production, particularly a corn monoculture and too high a rate of nitrogen fertilizer applications. 566 

Due to the stochastic feature of nonpoint source pollution and the difficulty in observing 567 

pollution at the farm level, voluntary adoption of best management practices (BMPs) has been 568 

widely used to achieve water quality goals (Rabotyagov et al. 2014). However, the low adoption 569 

rate of BMPs remains a challenging question for policymakers even as a large suite of federal 570 

and state programs has been developed (Yehouenou et al. 2020). This policy failure occurs 571 

because the private costs of reduction in nitrate leaching reduction are borne by farmers, whereas 572 

the co-benefits of reduced nitrous oxide emissions (i.e., reduced social costs) accrue to the broad 573 

public.  574 

There are BMPs, such as riparian buffer restoration, which can potentially reduce nutrient 575 

pollution while also sequestering greenhouse gases. If these co-benefits are considered, and a 576 

mechanism is established to compensate farmers for emissions reductions, farmers could see 577 

economic benefits from adopting environmentally friendly practices. For example, additional 578 

incentives could arise from selling carbon offsets on the climate exchange market, which could 579 

boost the adoption of BMPs to achieve water-quality improvements (Gasper et al. 2012). 580 

Co-benefits from GHG emissions is one example of the “missing” benefits of water 581 

policies as indicated in Keiser et al. (2019). The production of water quality benefits is joint with 582 

the production of a myriad of other environmental benefits, including not only climate change 583 
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mitigation, but also water quantity, terrestrial and aquatic habitat, biodiversity, and human health 584 

effects (Kroetz et al. 2020; Rabotyagov et al. 2014; Sample 1997; Olmstead 2010). As part of the 585 

process of recognizing and quantifying these co-benefits, an understanding of the relationship 586 

between agricultural processes and complex ecosystems is important when designing policy 587 

instruments to meet environmental objectives.  588 

Support of climate-friendly practices (e.g., cover crops, low/no-till, nutrient management) 589 

is highlighted in the U.S. Department of Agriculture’s climate-smart agriculture program. Many 590 

climate-friendly practices are also water friendly. Thinking from the other side, co-benefits of 591 

water pollution reduction would exist in the climate change policies.  Considering the joint 592 

production of water and climate benefits, quantifying both climate and water benefits is essential 593 

and helps to avoid biased benefit estimates if both were modeled separately. In the future, more 594 

integrated modeling of air and water pollutants via collaborations between agronomists and 595 

economists is critical for successfully modeling agri-environment systems.   596 

  It is worth noting several limitations of our study. First, in our analysis, we impose a 597 

command-and-control policy whereby the policy makers set the edge-of-field water quality goals 598 

in identifying the desired abatement actions. Although edge-of-field monitoring is possible, it is 599 

not popular in the implementation of water policies. Currently, nonpoint source pollution is not 600 

directly regulated under Clean Water Act. Instead, state governments rely on Total Maximum 601 

Daily Load (TMDL) to address water-quality issues for impaired water bodies. For future 602 

analysis, we suggest an extension of our modeling framework to couple with a hydrologic-solute 603 

transport model (such as the Penn State Integrated Hydrologic Model) and a limnology model 604 

(such as the General Lake Model model) to capture the fate and transport of nitrate and quantify 605 

changes in watershed-scale nitrate loadings (Cobourn et al. 2018). Second, in the calculation of 606 
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monetary values of nitrogen leaching, we only considered damage costs of groundwater 607 

contamination, which excludes other important damage categories such as eutrophication and 608 

underestimates the marginal damages associated with nitrogen leaching. A more comprehensive 609 

valuation analysis could be done in the future to account for the different categories of damages. 610 

For example, our model could be linked to the framework proposed by Weng et al. (2020), in 611 

which the General Lake Model, which accounts for eutrophication, is linked with a hedonic 612 

property value model that considers one aspect of the social cost of eutrophication. Third, we 613 

chose to model 5% to 95% reductions to cover a wide range of potential changes in water quality 614 

targets. Although we could demonstrate the results up to a 95% reduction using our integrated 615 

assessment model, in practice, there are many uncontrolled variables and policy uncertainties 616 

that would make high percentage reductions hard to achieve. Providing incremental simulations 617 

over the range allows for consideration of potential co-benefits as actual targets are considered in 618 

policy discussions. Last, the social cost of nitrogen and the effectiveness of water policies are 619 

inherently watershed specific. The social costs of nitrogen depending on the N form, the location 620 

and transport of N, and the vulnerability of the local communities (Keeler et al. 2016). The 621 

effectiveness of water policies depends on a bundle of natural factors such as watershed 622 

characteristics as well as social factors such as land use and economic development patterns 623 

(Langpap et al. 2008, Rabotyagov et al. 2014). Our coupling framework demonstrates the 624 

importance of considering co-benefits in other watersheds as well as providing a framework for 625 

investigating co-benefits in the watersheds. 626 
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Figure 1. Integrated Assessment Modeling Framework  
Notes: The integrated assessment model consists of a calibration process (panel a) and a policy 
simulation process (panel b). Red circles indicate model inputs, blue boxes indicate specific 
models, green boxes indicate outputs from the calibration process, yellow boxes indicate outputs 
from the policy simulation process.  
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Figure 2. Agricultural Land Use in the Lake Mendota Watershed, Wisconsin, USA  
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Figure 3. Per-acre Yield Response to Nitrogen Fertilizer Applications, by Commodity and 
Rotation 
Note: The dashed orange lines indicate the observed fertilizer application levels for PMP 
calibration.  
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Figure 4. Status Quo Input Use and Externality Production by Year and Rotation  
Notes: The status quo is defined as a zero percent reduction in nitrate leaching (i.e., 𝜃 = 0). The 
positive mathematical programming calibration ensures that the status quo replicates the 
reference conditions; in our case, the average land use, fertilizer use, and production levels for 
the period 2003-2014.  
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(a) Nitrogen Application Adjustments (Intensive Margin) 

 
(b) Land Allocation Adjustments (Extensive Margin)  

 

 

Figure 5. Behavioral Adjustments by Leaching-Reduction Scenarios  
Notes: plot (a) displays per acre nitrogen application rate changes for three crop rotations modeled in the 
study area; plot (b) displays land use changes (in 1000 acres) in the study area. Total land area is 68884 
acres and will not change across years. The box plot for each nutrient leaching constraint represents the 
distribution of simulation results across years (2003-2014). The center line in the box captures the 
median. The height of the box is defined by the first and third quartiles. Whiskers represent 1.5 times the 
interquartile range, defined as the height of the box.  
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(a) Nitrate Leaching Reductions 

 
(b) Nitrous Oxide Emission Reductions 

 
Figure 6. Pollution Levels by Leaching-reduction Scenarios  
Notes: The box plot for each nutrient leaching constraint represents the distribution of simulation 
results across years (2003-2014). The center line in the box captures the median across years. 
The height of the box is defined by the first and third quartiles. Whiskers represent 1.5 times the 
interquartile range, defined as the height of the box. Individual points lie outside this range. 
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Figure 7. Monetary Benefits of Leaching and Emission Reductions by Leaching-reduction 
Scenarios 
Notes: The box plot for each nutrient leaching constraint represents the distribution of simulation 
results across years (2003-2014). The center line in the box captures the median across years. 
The height of the box is defined by the first and third quartiles. Whiskers represent 1.5 times the 
interquartile range, defined as the height of the box. Individual points lie outside this range. 
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Table 1. Input Costs and PMP Calibrated Adjustment Terms ($/ac) 

Rotation and 
commodity 

Per-unit 
land cost 
(𝑐&8<) + 
initial 

shadow 
value (�̅�) 

Calibrated 
adjustment 

for land (𝜆&8<) 

Per-unit 
nitrogen 

fertilizer cost 
(𝑐(8<) 

Calibrated 
adjustment 
for fertilizer 

(𝜆(8<) 

Adjusted 
Per-unit 
nitrogen 
fertilizer 

cost 

Continuous corn      
 Corn 416.04 –271.03 0.70 –0.01 0.69 
Two-year corn-soybean  
 Corn 411.11 –262.54 0.84 –0.59 0.26 
 Soybean 306.94 –157.44 2.88 –2.88 0 
Six-year alfalfa-
corn 

     

 Alfalfa (year 1) 307.62 –129.33 6.40 –6.40 0 
 Alfalfa (year 2) 253.58 –22.49 5.47 –5.47 0 
 Alfalfa (year 3) 253.58 –26.14 5.47 –5.47 0 
 Corn (year 1) 415.30 –256.40 2.81 –2.31 0.5 
 Corn (year 2) 415.33 –246.79 0.86 –0.75 0.11 
 Corn (year 3) 416.04 –242.72 0.70 –0.65 0.05 
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Table 2. Leaching and Emissions Reduction Benefits and Benefit-Cost Ratios, by Leaching-
Reduction Scenario 

Leaching 
constraint 

(% 
reduction) 

Reduction (x103 
lbs.) Benefits (x103 USD) Cost 

(x103 
USD) 

Benefit-cost ratio 

Leaching Emissions Leaching Emissions 
w/out co-
benefits 

w/co-
benefits 

5 20.5 5.5 5.96 37.31 -1469.44 -0.004 -0.03 
10 41.1 12.1 11.91 82.08 -1301.51 -0.009 -0.07 
15 61.6 17.2 17.87 116.97 -1010.01 -0.02 -0.13 
20 82.2 22.0 23.83 149.62 -614.09 -0.04 -0.28 
25 102.7 25.9 29.78 176.40 -111.36 -0.27 -1.85 
30 123.2 28.6 35.74 194.60 482.81 0.07 0.48 
35 143.8 33.4 41.69 226.79 1144.59 0.04 0.23 
40 164.3 37.4 47.65 254.08 1865.75 0.03 0.16 
45 184.9 41.3 53.61 281.10 2627.53 0.02 0.13 
50 205.4 45.6 59.56 310.04 3501.64 0.02 0.11 
55 225.9 49.9 65.52 339.31 4446.86 0.01 0.09 
60 246.5 54.1 71.48 368.20 5510.41 0.01 0.08 
65 267.0 59.0 77.43 401.10 6724.27 0.01 0.07 
70 287.5 63.3 83.39 430.70 8112.15 0.01 0.06 
75 308.1 67.8 89.34 460.88 9691.58 0.009 0.06 
80 328.6 72.3 95.30 491.55 11528.26 0.008 0.05 
85 349.2 76.8 101.26 522.38 13739.50 0.007 0.05 
90 369.7 81.5 107.21 554.18 16562.56 0.006 0.04 
95 390.2 88.8 113.17 603.61 20646.21 0.005 0.03 
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Table S1. Economic Literature on Crop Supply Elasticities 

Citation Journal Region Estimates 
J–
Score 

Y–
Score 

R–
Score 

Sum 
Score 

Corn        
Hendricks et al. 
(2014) 

American Journal 
of Agricultural 
Economics 

Iowa, 
Illinois, 
Indiana 

0.40 
(short run) 

10 9.75 9 94.44% 

Hendricks et al. 
(2014) 

American Journal 
of Agricultural 
Economics 

Iowa, 
Illinois, 
Indiana 

0.29 
(long run) 

10 9.75 9 94.44% 

Arnade & Kelch 
(2007) 

American Journal 
of Agricultural 
Economics 

Iowa 0.2 10 8 9 86.67% 

Lin & Dismukes 
(2007) 

Review of 
Agricultural 
Economics 

North Central 
Region 

0.17 
(linear 
model) 

9 8 9 85.56% 

Lin & Dismukes 
(2007) 

Review of 
Agricultural 
Economics 

North Central 
Region 

0.35 
(acreage 
share 
model) 

9 8 9 85.56% 

Miao et al. 
(2015) 

American Journal 
of Agricultural 
Economics 

United States 0.68 10 10 5 77.78% 

Chavas & Holt 
(1990) 

American Journal 
of Agricultural 
Economics 

North Central 
Region 

0.15 10 3.75 9 67.78% 

Howitt et al. 
(2012) 

Environmental 
Modelling & 
Software 

California 0.55 9 9.25 3 64.44% 

Chembezi & 
Womacj (1992) 

Journal of 
Agricultural and 
Applied 
Economics 

United States 0.1 10 4.75 7 63.33% 

Lee & 
Helmberger 
(1985) 

American Journal 
of Agricultural 
Economics 

United States 0.05 10 2.5 5 44.44% 

Houck & 
Gallagher 
(1976) 

American Journal 
of Agricultural 
Economics 

United States 0.24 
(lower 
bound) 

10 0.25 5 34.44% 

Houck & 
Gallagher 
(1976) 

American Journal 
of Agricultural 
Economics 

United States 0.76 
(upper 
bound) 

10 0.25 5 34.44% 
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Table S1 (continued). Economic Literature on Crop Supply Elasticities 

Citation Journal Region Estimates 
J–
Score 

Y–
Score 

R–
Score 

Sum 
Score 

Soybeans        
Hendricks et al. 
(2014) 

American Journal 
of Agricultural 
Economics 

Iowa, 
Illinois, 
Indiana 

0.36 
(short run) 

10 9.75 9 94.44% 

Hendricks et al. 
(2014) 

American Journal 
of Agricultural 
Economics 

Iowa, 
Illinois, 
Indiana 

0.26 
(long run) 

10 9.75 9 94.44% 

Arnade & Kelch 
(2007) 

American Journal 
of Agricultural 
Economics 

Iowa 0.314 10 8 9 86.67% 

Lin & Dismukes 
(2007) 

Review of 
Agricultural 
Economics 

North Central 
Region 

0.3 9 8 9 85.56% 

Miao et al. 
(2015) 

American Journal 
of Agricultural 
Economics 

United States 0.63 10 10 5 77.78% 

Miller & 
Plantinga (1999) 

American Journal 
of Agricultural 
Economics 

Iowa 0.95 10 6 9 77.78% 

Orazem & 
Miranowski 
(1994) 

American Journal 
of Agricultural 
Economics 

Iowa 0.33 10 4.75 9 72.22% 

Chavas & Holt 
(1990) 

American Journal 
of Agricultural 
Economics 

North Central 
Region 

0.45 10 3.75 9 67.78% 

Lee & 
Helmberger 
(1985) 

American Journal 
of Agricultural 
Economics 

Illinois, 
Iowa, 
Indiana, Ohio 

0.25 10 2.5 9 62.22% 

Choi & 
Helmberger 
(1993) 

Journal of 
Agricultural and 
Resource 
Economics 

United States 0.13 8 4.5 5 51.11% 

Alfalfa        
Howitt et al. 
(2012) 

Environmental 
Modeling and 
Software 

California 0.44 9 9.25 3 64.44% 

Knapp (1990) Working Paper California 0.61 3          3.75 3 33.33% 
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Table S2. Parameter Estimates for the Mitscherlich–Baule Yield Functions 
 Yield function parameter 
Rotation and crop 𝛼8 𝛽8/ 𝛾8 𝛽8+ 𝛽8# 
Continuous corn      
 Corn – 126.765 0.422 0.014 0.005 
Two–year corn–
soybean 

     

 Corn – 38.972 3.426 0.026 –9.088 
 Soybean  55.093 – – – – 
Six–year corn–alfalfa      
 Corn (year 1) – 2.057 80.943 0.041 –37.943 
 Corn (year 2) – 2.990 56.449 0.038 –56.456 
 Corn (year 3) – 4.950 34.099 0.029 –78.982 
 Alfalfa (year 1) 4.470 – – – – 
 Alfalfa (year 2) 5.828 – – – – 
 Alfalfa (year 3) 5.734 – – – – 
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Table S3. Parameter Estimates for the Nitrate Leaching Function, Continuous Corn 
Rotation 
 Nitrate leaching function parameter 

Year 𝛽8/ 𝛽8+ 𝛽8# 
2003 3.394 –0.028 0.0002 
2004 4.966 –0.014 0.00006 
2005 2.814 –0.023 0.0001 
2006 6.987 –0.066 0.0003 
2007 15.19 –0.157 0.0009 
2008 11.67 –0.038 0.0002 
2009 7.162 –0.063 0.0002 
2010 20.86 –0.084 0.0004 
2011 3.335 –0.010 0.00007 
2012 2.634 –0.012 0.0002 
2013 5.874 –0.017 0.0001 
2014 2.623 –0.010 0.00004 
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Table S4. Parameter Estimates for the Nitrate Leaching Function, Two-year Corn-soybean 
Rotation 
 Nitrate leaching function parameter 

Year 𝛽8/ 𝛽8+ 𝛽8# 
2003 1.334 –0.0008 0.0001 
2004 3.623 –0.011 0.00008 
2005 0.811 0.007 0.000006 
2006 2.366 –0.026 0.0003 
2007 4.460 0.006 0.0009 
2008 11.03 –0.016 0.0001 
2009 2.254 –0.006 0.00009 
2010 12.73 –0.115 0.00009 
2011 2.189 0.012 0.000008 
2012 1.240 0.048 0.00004 
2013 2.284 –0.008 0.00006 
2014 1.314 0.001 0.00002 
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Table S5. Parameter Estimates for the Nitrate Leaching Function, Six-year Corn-alfalfa 
Rotation 
 Nitrate leaching function parameter 

Year 𝛽8/ 𝛽8+ 𝛽8# 
Corn (year 1)    

2003 1.257 0.004 0.00004 
2004 4.500 0.008 0.00001 
2005 2.163 0.011 –0.00002 
2006 8.902 0.053 0.00004 
2007 19.40 0.048 0.0006 
2008 6.011 0.007 0.0001 
2009 3.770 0.013 0.00002 
2010 60.12 0.285 0.0002 
2011 2.542 0.008 –0.00001 
2012 5.244 0.042 0.000009 
2013 3.652 0.006 0.00001 
2014 2.210 0.00004 0.000005 

Corn (year 2)    
2003 5.56 0.049 –0.00005 
2004 13.26 –0.006 0.0002 
2005 3.74 0.021 –0.00001 
2006 10.35 0.107 –0.00001 
2007 20.06 0.155 0.0004 
2008 31.83 –0.084 0.0005 
2009 11.66 –0.051 0.0003 
2010 40.80 –0.033 0.001 
2011 15.03 0.166 –0.0004 
2012 16.31 0.079 –0.0001 
2013 11.14 0.090 –0.0001 
2014 7.241 –0.003 0.00003 

Corn (year 3)    
2003 5.065 0.0241 –0.00006 
2004 20.16 0.0230 0.0002 
2005 3.867 –0.007 0.00005 
2006 7.522 0.016 0.00008 
2007 9.027 0.063 0.0001 
2008 28.53 –0.044 0.0003 
2009 10.02 –0.083 0.0003 
2010 30.88 –0.116 0.0008 
2011 5.862 –0.0007 0.00007 
2012 11.58 0.033 –0.0001 
2013 16.92 0.052 –0.00007 
2014 10.32 –0.005 0.00002 
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Table S6. Parameter Estimates for the Nitrous Oxide Emission Function, Continuous Corn 
Rotation 
 Nitrous oxide emission function parameter 

Year 𝛽8/ 𝛽8+ 𝛽8# 
2003 0.480 –0.00009 0.00004 
2004 0.601 0.005 0.00004 
2005 0.494 –0.00003 0.00003 
2006 0.667 0.003 0.00003 
2007 0.653 –0.001 0.00004 
2008 0.453 0.005 0.00002 
2009 0.585 0.0006 0.00003 
2010 0.889 0.002 0.00005 
2011 0.598 –0.002 0.00005 
2012 0.306 0.002 0.00004 
2013 0.537 0.006 0.00005 
2014 0.610 –0.00001 0.00005 
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Table S7. Parameter Estimates for the Nitrous Oxide Emission Function, Two-year Corn-
soybean Rotation 
 Nitrous oxide emission function parameter 

Year 𝛽8/ 𝛽8+ 𝛽8# 
2003 0.646 –0.0004 0.00008 
2004 0.634 0.010 0.00004 
2005 0.479 0.005 0.00006 
2006 0.625 0.003 0.00005 
2007 0.603 0.0006 0.00009 
2008 0.412 0.007 0.00002 
2009 0.510 0.004 0.00005 
2010 0.838 0.008 0.00005 
2011 0.467 0.003 0.00008 
2012 0.323 0.011 0.00002 
2013 0.422 0.010 0.00003 
2014 0.669 0.003 0.00008 
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Table S8. Parameter Estimates for the Nitrous Oxide Emission Function, Six-year Corn-
alfalfa Rotation 
 Nitrous oxide emission function parameter 

Year 𝛽8/ 𝛽8+ 𝛽8# 
Corn (year 1)    

2003 0.631 0.0002 0.00008 
2004 1.586 0.01 0.00007 
2005 0.866 0.01 0.00002 
2006 1.229 0.01 0.00009 
2007 1.191 0.002 0.0001 
2008 1.338 0.010 0.00006 
2009 0.847 0.009 0.00006 
2010 5.093 0.052 0.000008 
2011 0.882 0.016 0.00005 
2012 0.816 0.016 0.000005 
2013 1.082 0.009 0.00008 
2014 1.091 0.003 0.00010 

Corn (year 2)    
2003 1.117 0.007 0.00007 
2004 1.266 0.006 0.00007 
2005 0.836 0.002 0.00006 
2006 1.653 0.005 0.0001 
2007 1.145 0.002 0.0001 
2008 0.726 0.005 0.00003 
2009 0.822 –0.0005 0.00007 
2010 1.920 0.002 0.0001 
2011 1.022 0.006 0.00007 
2012 1.244 0.016 0.000003 
2013 1.521 0.009 0.00007 
2014 1.047 –0.002 0.0001 

Corn (year 3)    
2003 0.828 0.003 0.00007 
2004 1.145 0.007 0.00006 
2005 0.609 –0.0003 0.00005 
2006 1.075 0.0003 0.00009 
2007 0.970 0.0002 0.0001 
2008 0.647 0.005 0.00003 
2009 0.729 –0.0005 0.00005 
2010 1.432 0.002 0.00009 
2011 0.660 0.006 0.00006 
2012 0.873 0.016 0.000002 
2013 1.283 0.009 0.00006 
2014 0.954 –0.002 0.00009 
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Table S9 Lower and Upper bounds of Benefit-Cost Ratios 

 

 

 

 

  

Leaching 
constraint 

(% 
reduction) 

Benefits, lower bound 
(x103 USD) 

Benefit-cost ratio, 
lower bound 

Benefits, upper bound 
(x103 USD) 

Benefit-cost ratio,  
upper bound 

Leaching Emission 
without 

co-
benefits 

with co-
benefits Leaching Emission 

without 
co-

benefits 

with co-
benefits 

5 4.52 37.31 -0.003 -0.03 7.39 37.31 -0.005 -0.03 
10 9.04 82.08 -0.007 -0.07 14.79 82.08 -0.01 -0.07 
15 13.56 116.97 -0.013 -0.13 22.18 116.97 -0.02 -0.14 
20 18.07 149.62 -0.03 -0.27 29.58 149.62 -0.05 -0.29 
25 22.59 176.40 -0.20 -1.79 36.97 176.40 -0.33 -1.92 
30 27.11 194.60 0.06 0.46 44.36 194.60 0.09 0.49 
35 31.63 226.79 0.03 0.23 51.76 226.79 0.05 0.24 
40 36.15 254.08 0.02 0.16 59.15 254.08 0.03 0.17 
45 40.67 281.10 0.02 0.12 66.55 281.10 0.03 0.13 
50 45.19 310.04 0.01 0.10 73.94 310.04 0.02 0.11 
55 49.70 339.31 0.01 0.09 81.33 339.31 0.02 0.09 
60 54.22 368.20 0.01 0.08 88.73 368.20 0.02 0.08 
65 58.74 401.10 0.009 0.07 96.12 401.10 0.01 0.07 
70 63.26 430.70 0.008 0.06 103.52 430.70 0.01 0.07 
75 67.79 460.88 0.007 0.05 110.91 460.88 0.01 0.06 
80 72.30 491.55 0.006 0.05 118.31 491.55 0.01 0.05 
85 76.82 522.38 0.006 0.04 125.70 522.38 0.009 0.05 
90 81.33 554.18 0.005 0.04 133.09 554.18 0.008 0.04 
95 85.85 603.61 0.004 0.03 140.49 603.61 0.007 0.04 
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Table S10 Precipitation Levels by Growing Seasons 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Notes: growing seasons is defined as April to October. We calculate average monthly 
precipitation levels during the growing seasons using data from PRISM (PRISM Group, 2014). 
The 30-years normal in our study is 4.14 inches. Thus, year 2010 is a wet year, year 2005 is a dry 
year, and year 2004 is a normal year.   

Year ppt (inches) 

2003 2.97 

2004 4.12 

2005 2.23 

2006 4.63 

2007 4.63 

2008 4.55 

2009 3.80 

2010 5.14 

2011 2.95 

2012 2.84 

2013 4.57 

2014 4.88 
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