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Economic Evaluation of Best Management Practices for Agricultural Nutrient Runoff 

Abatement: A Multi-Watershed Hydro-Economic Analysis 

 

Abstract 

Agricultural nutrient runoff remains a major source of water quality impairment in the United States 

despite extensive conservation efforts. While previous studies have evaluated the technical effectiveness 

and cost-effectiveness of best management practices (BMPs), most analyses treat BMP adoption as 

exogenous and do not account for market-mediated adjustments in production and land use. This study 

develops an integrated hydro-economic framework that endogenizes BMP adoption alongside crop 

allocation, fertilizer use, and irrigation decisions. The model extends the Integrated Hydro-Economic 

Agricultural Land Use (IHEAL) framework by incorporating eight major U.S. field crops, jointly 

modeling nitrogen and phosphorus runoff, and integrating large-scale Soil and Water Assessment Tool 

(SWAT) simulations across the Mississippi–Atchafalaya River Basin, Chesapeake Bay watershed, and 

Maumee River watershed. The framework combines a price-endogenous partial equilibrium model with 

spatially explicit biophysical parameters to evaluate the economic and environmental consequences of 

nutrient runoff reduction policies. Preliminary results indicate that simulated commodity prices and crop 

production generally align with historical observations, supporting the validity of the modeling 

framework. The completed analysis will quantify the opportunity costs of nutrient runoff abatement, 

evaluate the economic efficiency of alternative BMP adoption strategies, and assess cross-watershed 

spillover effects arising from endogenous market adjustments. 

 

Keywords: Best Management Practices (BMPs), Nutrient Runoff, Hydro-Economic Modeling, SWAT,  

Agricultural Water Quality
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Economic Evaluation of Best Management Practices for Agricultural Nutrient Runoff 

Abatement: A Multi-Watershed Hydro-Economic Analysis 

1. Introduction  

Nonpoint source nutrient pollution from agricultural production is a major contributor to harmful 

algal blooms and hypoxic “dead zones” in the U.S. and many other regions (Shortle et al. 2021; Khanna 

et al. 2019). In the U.S., excess nitrogen (N) and phosphorus (P) runoff continues to degrade downstream 

water quality and aquatic ecosystems in the Gulf of Mexico, Lake Erie, and the Chesapeake Bay despite 

decades of regulatory and voluntary mitigation efforts (US EPA 2015; Rabotyagov et al. 2014; Khanna et 

al. 2019). Some progress has been achieved via programs like the Total Maximum Daily Load (TMDL) in 

the Chesapeake Bay (US EPA 2014) and a significant body of work has examined pathways for managing 

agricultural nutrient runoff (Ribaudo et al. 2001; Kling et al. 2014; Rabotyagov et al. 2014). However, the 

peer-reviewed literature lacks a coupled dynamic biophysical and economic analysis of best management 

practices (BMPs) for reducing nutrient runoff.  

Most of the existing work evaluated BMPs for nutrient runoff reduction using watershed-scale or 

field-level models with fixed commodity prices (Gitau et al. 2004; Kling et al. 2014; Rabotyagov et al. 

2014; Holmes et al. 2016; Rallapalli et al. 2022). These studies provide estimates of the costs of reducing 

nutrient runoff and technical effectiveness but do not account for market-mediated adjustments or welfare 

effects. This approach is appropriate for regional case studies in isolation assuming commodity prices are 

unaffected by changes in output due to BMP adoption. However, large-scale BMP adoption may alter 

production sufficiently to affect commodity prices, and consequently land-use decisions.  

More recent integrated hydro-economic models address these limitations by linking economic 

decision-making with process-based hydrologic systems. Frameworks such as the Integrated Hydro-

Economic Agricultural Land Use (IHEAL) model incorporate endogenous commodity markets and 

spatially explicit production decisions, allowing nutrient policies to affect prices, land allocation, and 

welfare outcomes (Xu et al. 2022; Akinyemi et al. 2024). Among other results, these models show that 

policies targeting one watershed can shift production to less regulated areas, generating cross-watershed 
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spillovers through price-induced relocation of production. One of the limitations of these studies is that 

nutrient runoff depends on only crop planting decisions and per acre application of fertilizers while other 

BMPs are not explicitly considered.  

BMP refers to conservation and land management practices designed to reduce agricultural 

nutrient losses and improve water quality outcomes (Kurkalova 2015; Holmes et al. 2016). Common 

agricultural BMPs include cover crops, conservation tillage, nutrient management practices, and riparian 

buffer systems (Kling 2011; Kurkalova 2015). Cover crops are planted between cash-crop growing 

seasons to improve soil cover and nutrient retention, while conservation tillage and no-till practices 

reduce soil disturbance and erosion by limiting tillage operations (Blanco-Canqui et al. 2015; Claassen et 

al. 2018). These practices are designed to reduce nutrient losses while remaining compatible with ongoing 

agricultural production, allowing water quality objectives to be pursued without removing land from 

production. As a result, cover crops and conservation tillage practices are widely promoted through 

agricultural conservation programs aimed at improving water quality outcomes. 

In the U.S., voluntary conservation programs, such as the Conservation Reserve Program (CRP), 

the Environmental Quality Improvement Program (EQIP), Conservation Stewardship Program (CSP), and 

Wetlands Reserve Program (WRP), rely heavily on BMP adoption to improve water quality outcomes in 

agricultural watersheds (Kling 2011). These programs primarily provide cost-share assistance, technical 

support, or direct incentive payments to encourage producers to adopt conservation practices, reflecting 

the broader reliance on voluntary and incentive-based approaches for addressing agricultural nonpoint 

source pollution in the U.S. In addition to voluntary programs, policy discussions have increasingly 

emphasize market-based instruments such as water quality trading and targeted conservation incentives to 

improve the cost-effectiveness of nutrient reduction efforts (Kling 2011; Kurkalova 2015).  

Existing studies suggest that BMP adoption can substantially reduce nutrient and sediment losses, 

although effectiveness varies considerably across watersheds, soil conditions, climate, and management 

practices (Veith et al. 2003; Gitau et al. 2004; Tomer and Locke 2011; Kurkalova 2015; Blanco-Canqui et 

al. 2015). Such spatial heterogeneity has important implications for conservation policy design, as 
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economic studies show that targeted conservation strategies generally achieve greater water quality 

improvements at lower cost than uniform approaches (Babcock et al. 1997; Khanna et al. 2003; Yang et 

al. 2005). 

We explicitly examine BMPs, including cover crops and conservation tillage practices (Claassen 

et al. 2018; Malone et al. 2022). Adoption of these BMPs varies across agricultural production systems 

and regions in the U.S. No-till adoption has been used in the Northern Great Plains and Prairie Gateway, 

where reduced soil disturbance can help conserve soil moisture and reduce erosion, while cover crops are 

used alongside no-till and conservation tillage practices in corn and cotton production systems to improve 

soil cover and soil health (Claassen et al. 2018). In addition to their environmental relevance, these BMPs 

differ substantially in implementation costs, management requirements, and effectiveness across regions 

and cropping systems. As such, examining these practices on a large scale requires a spatially explicit 

integrated hydro-economic framework. 

A large literature evaluates the technological feasibility and cost-effectiveness of BMPs (Ribaudo 

et al. 2001; Rabotyagov et al. 2014; Rallapalli et al. 2022). In most studies, BMPs are imposed 

exogenously or introduced through policy scenarios rather than modeled as an element of a set of 

production choices. In practice, however, producers may substitute among fertilizer intensity, crop 

allocation, and conservation practices in response to changing commodity prices, input costs, and 

environmental policies. Even in economic–biophysical frameworks with endogenous land use and input 

decisions, conservation practices are not included as substitutes for fertilizer use or crop allocation (Ferin 

et al. 2021; Xu et al. 2022). Such representations preclude the opportunity to examine the potential for 

BMPs as a production method alongside acreage and input use decisions. 

This paper evaluates nutrient runoff abatement within a spatially interconnected agricultural 

system by extending existing hydro-economic models along three dimensions. First, we model BMP 

adoption as an endogenous decision alongside fertilizer use and crop choice, allowing for substitution 

between conventional inputs and conservation practices. Second, we expand the IHEAL framework to 

include eight major U.S. field crops, including corn, soybeans, wheat, sorghum, cotton, rice, barley, and 
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alfalfa, which account for 82–90% of total U.S. cropland between 2008 and 2024 (USDA NASS 2026). 

Third, we jointly model nitrogen and phosphorus runoff to capture nutrient-specific responses and 

tradeoffs.  

The model integrates a price-endogenous multi-commodity partial equilibrium framework with 

process-based hydrologic modeling. It jointly determines crop allocation, input use, and BMP adoption 

while allowing commodity prices to adjust endogenously. This structure captures both extensive margin 

responses (land allocation) and intensive margin adjustments (fertilizer use, irrigation, and conservation 

practices), enabling production decisions to respond directly to policy-induced incentives and prices 

(Hendricks and Peterson 2012). The analysis focuses on three major U.S. watersheds, including 

Mississippi–Atchafalaya River Basin, Maumee River watershed, and Chesapeake Bay watershed, while 

accounting for production in the rest of the U.S. The integrated framework incorporates large-scale Soil 

and Water Assessment Tool (SWAT) simulations across these watershed systems. Specifically, our 

SWAT simulation evaluates a broader set of crops, nutrients, management practices, and broader 

watersheds than previous IHEAL applications (Xu et al. 2022; Akinyemi et al. 2024) and related hydro-

economic studies (Bawa et al. 2024; Teshager et al. 2016; Mitra et al. 2025). This structure allows the 

model to capture how policies implemented in one region affect production, prices, and environmental 

outcomes elsewhere. 

2. Methods 

We expand the IHEAL model that jointly determines agricultural production decisions and 

nutrient runoff outcomes within a spatially interconnected agricultural production system. The framework 

combines a price-endogenous partial equilibrium representation of agricultural markets with biophysical 

parameters generated from Soil and Water Assessment Tool (SWAT) simulations. Production decisions 

include crop planting, fertilizer application, irrigation, and BMP adoption. This integrated structure allows 

production, market, and environmental responses to be determined simultaneously under alternative 

nutrient runoff policy scenarios. 
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2.1. Price-endogenous partial equilibrium and land use model 

Price-endogenous partial equilibrium models provide a tractable framework for evaluating large-

scale land use and environmental. These models capture how changes in policy constraints propagate 

through agricultural markets by allowing prices, production, and input use to adjust endogenously 

(McCarl and Schneider 2001; Havlík et al. 2011; Xu et al. 2022; Akinyemi et al. 2024). In this 

framework, production decisions adjust endogenously in response to regulatory policies, changing 

economic circumstances and environmental conditions. 

The economic model maximizes aggregate economic surplus across all commodities included in 

the system. The objective function (equation 1) is the difference between total consumer benefits and total 

production costs, consistent with standard Marshallian welfare measures in partial equilibrium 

formulations (Havlík et al. 2011; Xu et al. 2022). Choice variables include commodity consumption and 

spatially disaggregated production choices, where crop acreage, fertilizer application for nitrogen and 

phosphorus, irrigation schedules, and BMP adoptions, are determined endogenously at the county scale. 

This structure allows the model to capture both demand-side adjustments and supply-side responses to 

policy-induced changes in prices and constraints. 

max 

𝑋, 𝐿, 𝜏, 𝛾 

∑ ∫ 𝑃𝑐
𝑑(𝑋𝑐

𝑑 , 𝜔𝑐)𝑑𝑋𝑐
𝑑

𝑥𝑐
𝑑

0

− ∑ 𝑡𝑐𝑐𝑖 ∙ 𝐿𝑐𝑖𝑛𝑝𝑤𝑏

𝑐,𝑖,𝑛,𝑝,𝑤,𝑏

− ∑ 𝑁𝑃𝐶𝑐𝑖

𝑐,𝑖

− ∑ 𝑊𝐶𝑐𝑖

𝑐,𝑖

− ∑ 𝐵𝐶𝑐𝑖

𝑐,𝑖𝑐

 (1) 

where  𝑃𝑐
𝑑(𝑋𝑐

𝑑 , 𝜔𝑐) is inverse demand function, 𝑋𝑐
𝑑 is consumption and 𝜔𝑐 is demand shifter for crop c. 

𝑡𝑐𝑐𝑖 indicates production cost per ha of crop c in county i, which excludes fertilizer use, irrigation and 

BMP use costs. 𝐿𝑐𝑖𝑛𝑝𝑤𝑏 is endogenously determined acreage of crop c in county i produced using n kg 

nitrogen and p kg phosphorus fertilizer per ha, irrigated using schedule w, and employing BMP scenario b 

for nutrient runoff management. 𝑁𝑃𝐶𝑐𝑖, 𝑊𝐶𝑐𝑖, and 𝐵𝐶𝑐𝑖 indicate fertilizer, water, and BMP costs for crop 

c in county i, respectively.  

 The optimization model is subject to the following constraints: 
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𝑋𝑐
𝑑 + 𝑒𝑥𝑝𝑜𝑟𝑡𝑠 ≤ ∑ 𝑋𝑐𝑖

𝑠

𝑖

+ 𝑖𝑚𝑝𝑜𝑟𝑡𝑠 ∀ 𝑐 (2) 

∑ 𝑦𝑐𝑖𝑛𝑝𝑤𝑏 ∙ 𝐿𝑐𝑖𝑛𝑝𝑤𝑏

𝑛,𝑝,𝑤,𝑏

≥ 𝑋𝑐𝑖
𝑠  ∀ 𝑐, 𝑖 (3) 

𝑁𝑃𝐶𝑐𝑖 = ∑ 𝜃𝑐𝑖𝑛𝑝 ∙ 𝐿𝑐𝑖𝑛𝑝𝑤𝑏

𝑛,𝑝,𝑤,𝑏

∀ 𝑐, 𝑖  (4) 

𝑊𝐶𝑐𝑖 = ∑ 𝜇𝑐𝑖𝑤 ∙ 𝐿𝑐𝑖𝑛𝑝𝑤𝑏

𝑛,𝑝,𝑤,𝑏

∀ 𝑐, 𝑖  (5) 

𝐵𝐶𝑐𝑖 = ∑ 𝜔𝑐𝑖𝑏 ∙ 𝐿𝑐𝑖𝑛𝑝𝑤𝑏

𝑛,𝑝,𝑤,𝑏

∀ 𝑐, 𝑖  (6) 

∑ 𝐿𝑐𝑖𝑛𝑝𝑤𝑏

𝑛,𝑝,𝑤,𝑏

= ∑ 𝜏𝑚𝑖 ∙ 𝐻𝑐𝑖𝑚

𝑚

+ ∑ 𝛾𝑣𝑖 ∙ 𝑆𝑐𝑖𝑣

𝑣

∀ 𝑐, 𝑖  (7) 

∑ 𝜏𝑚𝑖

𝑚

+ ∑ 𝛾𝑣𝑖

𝑣

= 1 ∀ 𝑖 (8) 

𝑇𝑁𝑘 = ∑ (𝑛𝑑𝑟𝑖𝑘 ∙ ∑ 𝑑𝑛𝑓𝑐𝑖𝑛𝑝𝑤 ∙ 𝐿𝑐𝑖𝑛𝑝𝑤𝑏 ∙ (1 − 𝐸𝑁𝑖𝑏)

𝑐,𝑛,𝑝,𝑤,𝑏

)

𝐼

𝑖

∀ 𝑘 (9) 

𝑇𝑃𝑘 = ∑ (𝑝𝑑𝑟𝑖𝑘 ∙ ∑ 𝑑𝑝𝑓𝑐𝑖𝑛𝑝𝑤 ∙ 𝐿𝑐𝑖𝑛𝑝𝑤𝑏 ∙ (1 − 𝐸𝑁𝑖𝑏)

𝑐,𝑛,𝑝,𝑤,𝑏

)

𝐼

𝑖

∀ 𝑘 (10) 

 Equation (2) is the supply-demand balance, where consumption of crop c cannot exceed supply, 

including domestic production and imported and exported quantities. 𝑋𝑐𝑖
𝑠  is the supply of crop c in county 

i. Equation (3) says that domestic production of crop c depends on planting and yield in each county i, 

where 𝑦𝑐𝑖𝑛𝑝𝑤𝑏 is per ha yield of crop c in county i with nitrogen (n) and phosphorus (p) fertilizer use, 
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water use (w), and BMP scenario (b). Equation (4) calculates fertilizer cost for crop c in county i, where 

𝜃𝑐𝑖𝑛𝑝 denotes the per ha cost of nitrogen and phosphorus fertilizer corresponding to each combination of 

per ha n and p use. Similarly, equations (5) and (6) compute total irrigation and BMP costs, respectively. 

𝜇𝑐𝑖𝑤 and 𝜔𝑐𝑖𝑏 are the per ha water cost for crop c in county i in irrigation scenario w and BMP scenario b, 

respectively. 

Equation (7) defines county-level crop acreage as a convex combination of historical and 

synthetic crop mixes, allowing acreage allocation to adjust flexibly beyond the observed data. This 

formulation enables the model to represent realistic responses to changing prices and policy constraints 

while maintaining consistency with agronomic and institutional restrictions (McCarl 1982; Chen and 

Önal 2012; Xu et al. 2022). The approach combines historically observed crop mixes with synthetically 

generated alternatives. Historical acreages capture realized production patterns, while synthetic acreages 

expand the feasible decision space by allowing crop allocation to respond to circumstances that have not 

been observed in the past. Following Chen and Önal (2012) and Xu et al. (2022), synthetic crop mixes are 

constructed using own- and cross-price acreage elasticities, as well as lagged acreage responses in 

systematically iterated price scenarios.  

Total acreage for crop 𝑐 in county 𝑖 is a weighted sum of historical and synthetic acreages, where 

the weights are determined endogenously. The indices 𝑚 and 𝑣 denote historical and synthetic crop mix 

scenarios, respectively, and 𝐻𝑐𝑖𝑚 and 𝑆𝑐𝑖𝑣 represent the corresponding acreages. 𝜏𝑚 and 𝛾𝑣 determine the 

contribution of each crop mix as a convex combination to the final acreage solution. Equation (8) 

constrains these weights to sum to one. 

Equations (9) and (10) determine nitrogen (N) and phosphorus (P) runoffs from county-level 

production to downstream outlets, linking agricultural decisions to environmental outcomes. Runoff to 

each outlet 𝑘 (Gulf of Mexico, Western Lake Erie, and Chesapeake Bay) is computed by combining 

county-specific delivery ratios with edge-of-field nutrient surpluses from the SWAT model and the 

corresponding county crop acreage. Delivery ratios, 𝑑𝑛𝑖𝑘 and 𝑑𝑝𝑖𝑘, represent the proportion of nitrogen 
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and phosphorus losses from county 𝑖 that reach outlet 𝑘. Edge-of-field surpluses for nitrogen and 

phosphorus vary by county and crop and depend on input use, including per-hectare nitrogen application, 

phosphorus application, irrigation intensity, and BMP adoption. These surpluses capture the portions of 

applied nutrients that are not taken up by crops and are available for transport. 

BMP adoption reduces nutrient losses by lowering edge-of-field surpluses. The effectiveness of 

BMP scenario 𝑏 in county 𝑖 is represented by efficiency parameters that measure the percentage reduction 

in nitrogen and phosphorus surpluses relative to a no-BMP scenario. These components define the 

mapping from production decisions to environmental outcomes. Crop acreage, input use, and BMP 

adoption jointly determine county-level nutrient losses, which are then translated into downstream runoff 

through delivery ratios. This structure provides the key linkage between economic decisions and water 

quality outcomes in the model. 

2.2. SWAT integration and biophysical processes 

SWAT is used to generate scenario-specific biophysical parameters that are incorporated into the 

IHEAL framework (Gassman et al. 2014; Arnold et al. 2012). SWAT is a widely used process-based 

hydrological and water quality model with applications across more than 100 countries and diverse 

research areas, including extensive use in evaluating the impacts of conservation practices and BMPs on 

water quality and hydrological processes (Bieger et al. 2017; Douglas-Mankin et al. 2010).  

The SWAT simulations are conducted at the HUC12 watershed scale. This approach enables the 

model to capture fine-scale spatial heterogeneity in production conditions and nutrient transport processes 

while generating county-scale outcomes through aggregation of HUC12-level simulations (Bawa et al. 

2024). In contrast to previous studies that relied on coarser (HUC8) watershed aggregation approaches 

(Xu et al. 2022), the HUC12 framework provides substantially finer spatial resolution for representing 

localized environmental and production conditions.  

Implementing SWAT simulations at the spatial scale of Mississippi River Basin, Chesapeake Bay 

watershed, and Maumee River watershed, covering more than 3.2 million square kilometers and 35,965 

HUC12 watersheds, is computationally intensive and represents a critical component of the integrated 
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modeling framework. We use pre-calibrated SWAT models developed within the Hydrological and Water 

Quality System (HAWQS) platform (Bawa et al. 2024, 2025), which provides hydrologically calibrated 

watershed models for the continental U.S. SWAT models are extracted at the HUC4 watershed extent 

with HUC12 subbasin delineation, resulting in 89 HUC4-scale SWAT projects. R scripts were developed 

to execute production scenarios in parallel using High Performance Computing (HPC) infrastructure at 

the HUC12 scale and incorporated into the IHEAL framework. 

The SWAT simulations generate per hectare crop yields, irrigation water use, and edge-of-field 

nitrogen and phosphorus surpluses under alternative combinations of nitrogen application, phosphorus 

application, irrigation, and BMP adoption. Four discrete levels are used for each management dimension, 

resulting in 256 scenarios for each HUC12 watershed.  

N and P application rates (kg/ha) were applied to the primary crops based on regionally 

representative rates and conservation-oriented alternatives. Nitrogen application rates of 150–200 kg/ha 

are typical in the Midwest for corn production (Thorp et al. 2007; Dunn and Gilbertson 2025). Therefore, 

the study considered application rates of 0, 50, 100, and 200 kg/ha to represent conservation scenarios. 

Legume crops (soybean and alfalfa) received no nitrogen application across all scenarios, consistent with 

their biological nitrogen fixation capacity (Herridge et al. 2008). Phosphorus was applied at 0, 15, 30, and 

40 kg/ha across all crops. Irrigation decisions are represented using discrete alternatives that capture 

increasing levels of water management intensity, including no-irrigation, conservative (0.7), high (0.9), 

and aggressive (0.99) irrigation scenarios, where 0.7, 0.9, and 0.99 indicate a threshold level of plant 

available water (PAW) relative to plant water demand. In the SWAT framework, irrigation is triggered 

when demand falls below the predefined thresholds (Chen et al. 2017). For example, under high irrigation 

scenario, 25 mm is applied per irrigation event if PAW falls below 90% of plant water demand. Higher 

thresholds therefore increase irrigation frequency and cumulative water application over the growing 

season, when the plant water stress factor falls below predefined thresholds of 0.7, 0.9, and 0.99, 

respectively. A threshold of 0.7 corresponds to a relaxed irrigation regime, where irrigation is applied 
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only when crops experience substantial water stress (approximately 30% stress), while thresholds of 0.9 

and 0.99 represent moderate and aggressive regimes.  

BMP adoption is represented through alternative conservation practices, including cover cropping 

and reduced tillage systems. Cover cropping as a BMP adoption is modeled as a post-harvest practice. In 

particular, rye is selected as a winter cover crop following summer season crops (corn and soybeans), 

while red clover was applied as a summer cover crop following winter season crops (winter rye and 

winter wheat) (Wyngaarden et al. 2015; Malone et al. 2022). Tillage BMPs include no-till and 

conservation tillage, both of which are commonly adopted conservation practices designed to minimize 

soil disturbance and retain crop residues on the soil surface. These practices have been shown to reduce 

soil erosion, sediment transport, and nutrient runoff while improving soil moisture retention and overall 

soil health (Prasad et al. 2023). These discretized input and management options define the feasible 

production possibilities and allow the model to capture substitution across fertilizer use, irrigation, and 

BMP adoption within a unified economic decision framework. 

Simulated SWAT outputs are aggregated to the county level using acreage-weighted 

transformation to ensure consistency with the spatial resolution of the economic model. County-level total 

nutrient surpluses are then linked to downstream water bodies through spatially explicit delivery ratios for 

each nutrient. These biophysical parameters define the production and environmental relationships 

embedded in the IHEAL model, allowing economic decisions to be evaluated in a setting where market 

outcomes and nutrient runoff are jointly determined (Xu et al. 2022; Elbakidze et al. 2023). 

2.3. Cost of Compliance with Nutrient Runoff Restrictions 

The model quantifies the opportunity costs of achieving nutrient runoff reduction targets across 

watersheds. Opportunity costs are defined as the loss in economic surplus associated with reducing 

nitrogen (N) and phosphorus (P) runoff relative to baseline conditions. Specifically, consumer and 

producer surplus value changes are obtained as differences in objective function solutions across 

scenarios. These costs reflect adjustments in crop production, input use, and crop markets that arise in 

response to different nutrient runoff management policies. 
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The analysis evaluates opportunity costs under alternative policy scenarios that vary the 

stringency of nutrient runoff constraints across watersheds. By jointly modeling multiple regions, the 

framework captures interactions between policy targets, including cross-watershed spillovers driven by 

market adjustments. This allows the model to assess how nutrient reduction efforts affect the opportunity 

costs through changes in production. 

3. Data 

 We use crop demand elasticities for corn (-0.70), soybean (-0.90), wheat (-0.34), sorghum (-0.30), 

cotton (-1.97), rice (-0.33), alfalfa (-0.11), and barley (-1.30) from previous literature (Adjemian and 

Smith 2012; Westcott and Hoffman 1999; Ishida and Malaga 2015; Marra et al. 2010; Gao et al. 1994; 

Russo et al. 2008; Mao et al. 1996). We obtain prices of each crop between 2008 and 2024 from USDA 

NASS (2024b) and domestic consumption and production data for each crop in the same period from 

USDA (USDA ERS 2026d, 2026c, 2026e, 2026b; USDA FAS 2026; USDA NASS 2024b). Prices and 

domestic consumption data are used to formulate inverse demands as a linear function using respective 

elasticity values. In addition, we use import and export data of each crop between 2008 and 2024 from 

various sources (USDA ERS 2026d, 2026e, 2026b; US Census Bureau 2026; USDA FAS 2026). 

We obtain historical acreages of each crop between 2008 and 2024 at a 30-meter resolution from 

USDA NASS (2026). We use production cost data (excluding fertilizer use, water use, and BMP 

adoption) from various sources (Brumfield 2024; Ohio State University Extension 2026; Iowa State 

Extension 2024; Curtis et al. 2008; USDA ERS 2026a). The production cost includes expenditures 

associated with seed, chemicals, custom services, fuel and electricity, machinery repairs, hired labor, 

machinery and equipment capital recovery, land opportunity costs, taxes and insurance, and general farm 

overhead. We use per ha average production costs between 2007 and 2024, where the data vary by USDA 

farm resource regions1. We also use fixed fertilizer costs with $1.01 for nitrogen and $1.57 per kg for 

 
1 USDA ERS classifies the contiguous U.S. into nine farm resource regions, including Northern Great Plains, 

Northern Crescent, Basin and Range, Heartland, Fruitful Rim, Prairie Gateway, Eastern Uplands, Southern 

Seaboard, and Mississippi Portal, depending on geographical commodity specializations (Szmurlo and Burnett 

2024). 
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phosphorus (Purdue Extension 2025). For irrigation cost data, we use data from Irrigation and Water 

Management Survey (USDA NASS 2024a). The original dataset reports state-level irrigation water prices 

in dollars per acre-foot for 2013, 2018, and 2023. We use the average irrigation water costs across these 

survey years. Finally, we calculate per-hectare irrigation costs by multiplying irrigation water costs 

($/acre-foot) by irrigation water use (acre-foot/ha)2. For BMP cost, we use fixed values of $125 for cover 

crop (PennState Extension 2023), $25 for low tillage, and $10 per ha for no tillage adoption. Estimates for 

low and no tillage costs vary substantially across production systems and management practices. These 

practices can reduce machinery, fuel, and labor expenses by decreasing field passes, with some studies 

reporting savings of $42–227 per ha from reduced or no-tillage adoption due to lower machinery, fuel, 

and labor use (American Farmland Trust 2025). Therefore, the low and no tillage costs used in our study 

should be interpreted as conservative representative values rather than precise empirical estimates. 

Nitrogen delivery ratio is obtained from White et al. (2014) for MARB, Chesapeake Bay Program 

(2025) for CBW, and NRCS (2017) for MRW, while Phosphorus delivery ratio will be from USGS 

(2020) for the three watersheds. We convert the delivery ratios from HUC8 to county-level scale using 

area weighted average.  

4. Preliminary Results 

We present business-as-usual preliminary results to evaluate whether the model produces 

economically and agronomically reasonable outcomes before implementing nutrient runoff restriction 

scenarios. These results are used to assess whether simulated production patterns, input use, and market 

outcomes are broadly consistent with historical observations. This comparison provides an initial 

 
2 To obtain irrigation costs in $/ha, we first convert irrigation water use simulated by SWAT from millimeters (mm) 

to acre-foot/ha (Arnold et al. 2012). Because 1 mm of water applied over 1 hectare is equivalent to 10m3, and 1 acre-

foot is equivalent to 1233.48m3, irrigation water use (acre-foot/ha) is converted by using this formula, 

(10×mm)/1233.48=0.008107×mm. The irrigation costs ($/ha) are then calculated by irrigation water prices ($/acre-

foot) times irrigation water use (acre-foot/ha). Because simulated irrigation water use varies by county, crop, 

irrigation decision, nitrogen and phosphorus levels, and BMP adoption, irrigation costs per hectare also vary 

accordingly. 
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validation of the integrated modeling framework before evaluating policy-induced adjustments under 

nutrient runoff reduction targets. 

The preliminary results should be interpreted with caution because they are based on incomplete 

input data at this point and work is in progress to produce a more complete set of results. In particular, 

SWAT-based parameters, including per hectare yields and edge-of-field nitrogen and phosphorus 

surpluses, are not yet available for a few large HUC12 watersheds, including HUC12s within HUC4s 

1109, 1110, and 1112. These missing simulations require substantial computational time. In addition, 

phosphorus delivery ratios have not yet been converted to the county scale. Therefore, the results are 

intended for model-checking purposes, and the final results are likely to change as the remaining SWAT 

outputs and delivery ratio data are incorporated. 

Table 1 reports preliminary results for crop prices. Simulated crop prices generally fall within or 

near the historical range observed between 2005 and 2024. Prices for corn, wheat, and sorghum fall 

within the historical range, while prices for soybean, cotton, rice, alfalfa, and barley are slightly outside 

the observed range.  

Table 1 Business-as-usual preliminary results: commodity prices 

 Model solution 

($/metric ton) 

Historical range 

(Min.–Max.) 

Corn $287.56 $130–$380 

Soybean $882.27 $343–$741 

Wheat $269.74 $192–$400 

Sorghum $195.18 $121–$349 

Cotton $1,468.32 $1,496–$2,948 

Rice $937.75 $278–$556 

Alfalfa $129.31 $154–$272 

Barley $421.29 $192–$413 

Note: Historical range presents minimum and maximum of annual crop prices between 2005 and 2024. 
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Table 2 Business-as-usual preliminary results: land use and crop production 

 
SA ROC U.S. total 

U.S. total 

(Min.–Max.) 

Panel A: Land use (million hectares) 

Corn 26.55 4.64 31.19 34.26–39.73 

Soybean 23.03 4.81 27.84 30.45–38.17 

Wheat 8.25 3.52 11.77 16.69–25.41 

Sorghum 1.06 0.85 1.91 2.17–4.11 

Cotton 1.27 0.46 1.73 3.34–6.46 

Rice 0.33 0.69 1.02 0.95–1.49 

Alfalfa 1.05 3.46 4.51 4.60–8.85 

Barley 0.05 0.48 0.53 0.77–1.39 

Panel B: Crop production (million metric tons) 

Corn 239.73 47.48 287.21 267.50–389.67 

Soybean 48.58 12.82 61.40 72.86–121.50 

Wheat 39.78 14.94 54.72 44.80–68.36 

Sorghum 4.90 4.75 9.65 4.77–15.16 

Cotton 3.43 0.61 4.04 2.63–5.20 

Rice 0.83 5.85 6.68 7.26–11.03 

Alfalfa 4.72 52.37 57.09 44.31–68.59 

Barley 0.00† 2.12 2.12 2.63–5.21 

† The model solution of barley production for our study area is 63.95 metric tons. 

Note: SA is our study area, including counties overlapped with Mississippi–Atchafalaya River Basin, 

Maumee River watershed, and Chesapeake Bay watershed, while ROC indicates rest of counties. 

Historical range presents minimum and maximum of annual values between 2008 and 2024 for land 

use and between 2005 and 2024 for crop production. 

Table 2 shows preliminary results for land use (Panel A) and crop production (Panel B). 

Simulated land use is lower than the historical range for most crops, except rice. By contrast, simulated 

crop production is broadly consistent with historical production levels. The U.S. total production of corn, 
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wheat, sorghum, cotton, and alfalfa falls within the historical range, while production of soybean, rice, 

and barley is underestimated. 

Table 3 report preliminary results for fertilizer use and loading. The results indicate that the 

current solution is incomplete and should not yet be used for inference. The model estimates 5,298,000 

metric tons of nitrogen application across the three major watersheds, which is lower than the 6,898,000 

metric tons reported by Akinyemi et al. (2024). Because our study includes four additional crops relative 

to Akinyemi et al. (2024), total nitrogen application is expected to be at least as large, all else equal. The 

current estimate therefore suggests that missing SWAT outputs and incomplete watershed coverage 

affects the preliminary solution. The same issue is more apparent for delivered nitrogen. The model 

currently estimates 44,000 metric tons of nitrogen delivered to the Gulf of America/Mexico, Western 

Lake Erie, and Chesapeake Bay, substantially below the 385,000 metric tons reported by Akinyemi et al. 

(2024). This discrepancy is likely driven by incomplete SWAT outputs and incomplete integration of 

delivery ratio rather than by the economic model itself. For the same reason, phosphorus delivery 

estimates are not yet reported. 

Table 3 Business-as-usual preliminary results: fertilizer use and loading 

 
Fertilizer use 

(1,000 metric tons) 

Delivered to outlets 

(1,000 metric tons) 

Nitrogen (N) 5,298 44 

Phosphorus (P) 5,115 N/A⁂ 

⁂ The delivered amount of Phosphorus is currently unavailable because the data has not been collected. 

 

The results will also illustrate the economic efficiency of BMP use, including spatially explicit 

policy designs. These results are important because technical nutrient abatement efficiency of BMPs as 

well as N runoff and delivery parameters vary across sub-watersheds. We will quantify the economic 

gains that may be achieved using an informed policy design based on spatially optimized BMP use.  

The results demonstrate the importance of coordinated, system-wide nutrient management 

strategies and demonstrate how policy designs that neglect endogenous market and management 

responses may mischaracterize both the magnitude and distribution of abatement costs. As such, the paper 
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offers a policy-relevant and methodologically rigorous assessment of nutrient runoff management suited 

for evaluating large-scale water quality initiatives in U.S. agriculture. 
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