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Abstract

This study estimates the effectiveness of the U.S. Department of Agriculture’s Envi-
ronmental Quality Incentives Program (EQIP) cover crop subsidy program to mitigate
water pollution from agricultural runoff and leaching. The study uses a novel satellite-
derived dataset of field-level cover crop adoption and exploits quasi-experimental vari-
ation from the geographically and temporally varying implementation of EQIP’s Mis-
sissippi River Basin Healthy Watersheds Initiative (EQIP–MRBI). Event-study results
show that MRBI funding raises cover crop adoption by 29% above baseline, with per-
sistent effects. Linking the satellite adoption data to water-quality records, the study
finds that a one-percentage-point increase in upstream adoption reduces total nitrogen
by 0.83%. The implied benefit–cost ratio is 2.52.

Keywords: EQIP, Water Quality, Cover Crops, Satellite Data, Agricultural Policy

JEL Codes: Q58, Q53, Q15, C33

∗I am deeply grateful to Jeffrey M. Perloff for his guidance and support throughout this project. I am
especially thankful to Aprajit Mahajan, Joseph S. Shapiro, Aaron Smith, and Brian Wright for their generous
advice and encouragement. Special thanks go to Timothy M. Bowles for sharing data and valuable insights.
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1 Introduction

Agricultural runoff and leaching are major sources of nonpoint source water pollution in

the Midwest. To mitigate this problem, the U.S. Department of Agriculture (USDA) Envi-

ronmental Quality Incentives Program (EQIP) subsidizes non-cash cover crops during the

off-season. Cover crops have the potential to improve soil health and reduce runoff and

leaching. This study estimates the social returns to EQIP by examining the program’s ef-

fectiveness in incentivizing cover crop adoption, thereby improving water quality. It assesses

the cost-effectiveness of EQIP subsidies by comparing program expenditures to the social

benefits from reduced nutrient pollution.

Agriculture’s fertilizer losses through surface runoff and subsurface leaching play a central

role in nonpoint source water pollution in the Midwest. The resulting nutrient pollution,

primarily from excessive nitrogen and phosphorus, causes harmful algal blooms and hypoxic

”dead zones,” and poses public health risks (e.g., Dodds et al., 2009; Kudela et al., 2015;

Ward et al., 2018).

In theory, a Pigouvian tax on nutrient runoff would be the first-best instrument to inter-

nalize pollution externalities. In practice, however, the diffuse nature of agricultural emis-

sions makes it nearly impossible to monitor and attribute nutrient loads to individual farms.

Consequently, nonpoint source pollution from runoff and leaching is largely exempt from

regulation under the Clean Water Act. Mitigation, therefore, relies primarily on incentive-

based approaches, such as conservation subsidies, to encourage environmentally beneficial

conservation practices.

Cover cropping, the practice of planting non-cash crops during the off-season to pro-

tect soil, has gained attention as a promising strategy to mitigate agricultural pollution. It

improves soil health and reduces nutrient losses to waterways, among a range of additional

agronomic and environmental benefits (e.g., Sharpley and Smith, 1991; Blanco-Canqui, 2018;

Chen et al., 2022). Despite these benefits, few farmers adopt cover crops without subsidies.

Cover crops entail annual variable costs for seeds, labor, and management, as well as ad-

ditional learning and adjustment costs during the initial adoption period. Meanwhile, the

private benefits for farmers, such as soil health, higher subsequent cash crop yields, and

reduced production risks, typically show up after three to five years of adoption. As a re-

sult, financial incentives are often necessary to help farmers overcome the upfront learning

costs and information frictions associated with adoption. The USDA subsidizes their adop-

tion through financial incentives, aiming to partially internalize the external environmental

benefits while lowering adoption barriers.

We study the USDA’s EQIP, the largest working-lands conservation incentive program
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in the U.S.1 and one of the largest Payments for Ecosystem Services (PES) mechanisms

worldwide2. EQIP’s annual financial assistance has expanded from about $0.8 billion in 2014

to over $2.6 billion in 2024, supporting farmers who voluntarily adopt conservation practices

to improve soil, water, and ecosystem health. Among these practices, cover cropping has

become the dominant payment category, with more than $1.4 billion allocated since 2014.

Despite the growing scale of EQIP, empirical evidence on whether such subsidies translate

into meaningful reductions in nutrient pollution across states or regions remains limited.

Moreover, concerns remain that environmental priorities may not be the primary driver of

EQIP funding allocations across and within states, raising questions about the program’s

cost-effectiveness (USDA OIG, 2014; GAO, 2017). These questions have become even more

salient in light of recent policy developments. The 2022 Inflation Reduction Act (IRA)

allocated $8.45 billion in new EQIP funding for FY 2023–2026, more than doubling the

program’s budget. However, the Trump administration has since frozen the disbursement

of these IRA conservation funds beginning in 2025, fueling renewed debate over whether

taxpayer dollars should continue to support EQIP conservation efforts.

In this paper, we focus on the EQIP’s Mississippi River Basin Healthy Watersheds Initia-

tive (EQIP–MRBI), a major sub-initiative covering 12 states along the Mississippi River. It

provides additional EQIP funding to targeted subwatersheds within pre-designated priority

subbasins3. Through MRBI, the USDA Natural Resources Conservation Service (NRCS)

targets high-nutrient areas to improve water quality outcomes. The initiative’s dynamic

treatment assignment, with funding that can turn on and off across subwatersheds and

years, provides a quasi-experimental setting for rigorous evaluation.

Building on this institutional context, our main contribution is to causally quantify

the environmental effectiveness and cost-effectiveness of federal conservation incentives in

1In U.S. conservation policy, working-lands programs are initiatives that allow landowners to continue
agricultural production while adopting conservation practices (e.g., cover cropping and reduced tillage).
By contrast, land-retirement programs like the Conservation Reserve Program (CRP) pay landowners to
remove cropland from production for a fixed contract period and convert it to conservation uses. These two
types of programs therefore face distinct economic trade-offs: the working-land programs involve recurring
variable and maintenance costs each year, whereas land-retirement programs tend to impose a more fixed-
cost structure, i.e., mainly the opportunity cost of foregone production and, sometimes, restoration costs
when the contract ends. See Aillery (2006) and Feng et al. (2006) for comparative frameworks analyzing
working-land versus land-retirement programs.

2PES are arrangements in which land managers receive compensation for practices that provide or
maintain ecosystem services such as clean water, carbon storage, or biodiversity. The EQIP is a government-
financed PES program. See Kinzig et al. (2011) and Salzman et al. (2018) for comprehensive discussions of
Payments for Ecosystems Services.

3The U.S. Geological Survey (USGS) divide the nation’s landscape into nested hydrologic units that rep-
resent drainage areas of varying scales. Each hydrologic unit is identified by a unique Hydrologic Unit Code
(HUC). Among these, HUC-8 subbasins denote medium-scale river basin areas, while HUC-12 subwatersheds
represent smaller catchments nested within subbasins. See Appendix B.3 and Figure 2 for details.
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the Midwest. To conduct this analysis, we compile an innovative dataset that integrates

field-level cover crop adoption data that we construct from satellite imagery and machine

learning models, EQIP–MRBI policy boundaries and payments, and surface water-quality

measurements, along with auxiliary environmental variables on hydrology, weather, and soil

characteristics. Exploiting the quasi-experimental variation from the staggered activation

of EQIP–MRBI funding across subwatersheds, an event-study design shows that program

funding increases cover crop adoption by 29% from the baseline level. In contrast to findings

from previous studies, this adoption effect exhibits limited additionality but largely persists

after funding ends. We then evaluate the effects of cover crops on water pollution using panel

data analysis, where the upstream cover crop adoption share serves as the main explanatory

variable and the downstream share functions as a placebo test. The specification includes

subwatershed-by-year fixed effects to account for time-varying targeting policies directed at

subwatersheds. The results indicate that a one–percentage-point increase in upstream adop-

tion reduces total nitrogen concentrations by 0.83%. Combining both estimates, we calculate

a benefit–cost ratio of 2.52. These findings demonstrate that federal conservation subsidies

can be highly cost-effective while highlighting the importance of improved program targeting

to enhance environmental outcomes.

We compile data from six sources. First, we construct field-level cover crop adoption data

using Landsat satellite imagery, USDA surveys, windshield ground-truth datasets, and ma-

chine learning algorithms. This approach extends previous methodologies by incorporating

a larger and more diverse training dataset, employing advanced vegetation indices, enhanc-

ing data preprocessing, and using ensemble models, thereby improving upon Seifert et al.

(2018). The resulting dataset achieves an out-of-sample classification accuracy of 95.1%.

Assembling new data on cover crop adoption helps overcome a key limitation of existing

research on conservation programs, namely the lack of consistent, large-scale measures of

adoption. It enables causal analysis linking EQIP–MRBI funding to cover crop adoption at

the subwatershed level and, subsequently, linking finer-scale adoption within subwatersheds

to water quality outcomes.

Second, we obtain information on EQIP–MRBI policy design, targeting areas over time,

and funding intensity at the subbasin level through multiple Freedom of Information Act

(FOIA) requests to the USDA NRCS. Third, we use water quality data for the Missis-

sippi–Atchafalaya River Basin from Krasovich et al. (2022), which provide detailed and

harmonized daily measurements of nitrogen and phosphorus concentrations across the Mid-

west. Fourth, we incorporate data on hydrologic units and water flow directions from the

National Hydrography Dataset to link field-level cover crop adoption with upstream and

downstream catchments of water monitoring stations. Finally, for control variables and het-
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erogeneity analyses, we draw on auxiliary datasets, including gridded climate data from the

Parameter-elevation Regressions on Independent Slopes Model (PRISM) as used in Schlenker

and Roberts (2009), land use data from the USDA Cropland Data Layer (CDL), and soil char-

acteristics from the USDA gridded National Soil Survey Geographic Database (gNATSGO).

To estimate EQIP’s effect on cover crop adoption over time, the paper exploits the

temporal variation in EQIP–MRBI funding, which provides additional EQIP assistance to

targeted subwatersheds within priority subbasin. We conduct event studies comparing sub-

watersheds eligible for MRBI funding (treatment group) with subwatersheds in the same

priority subbasins that have not yet entered MRBI implementation (control group). The

empirical strategy follows the difference-in-differences framework of de Chaisemartin and

D’Haultfœuille (2024), which allows for settings with dynamic treatment timing, reversible

(non-absorbing) treatment status, and lagged treatment effects.

Results from six Midwestern states show that one year of MRBI funding increases cover

crop adoption by 1.75 percentage points in total on average from a baseline of 6%, represent-

ing a 29% increase. Two key dimensions for evaluating the effectiveness of PES programs

are persistence, which refers to the extent to which conservation practices continue after

program funding ends, and additionality, which captures the degree to which subsidized

practices represent genuine new adoption that would not have occurred otherwise. The ef-

fects of MRBI funding on cover crop adoption emerge gradually after the initiative begins

and remain positive and statistically significant for up to eleven years after the first treat-

ment year, indicating persistent adoption over time. However, when comparing the estimated

additional adoption acreage to the total acreage that the average subwatershed investment

under MRBI could support, only about 20% of the subsidized adoption represents additional

conservation, suggesting limited program additionality.

After establishing that the subwatershed targeting policy effectively incentivizes addi-

tional cover crop adoption, this paper examines how cover crop adoption affects surface

water quality. The analysis aggregates the share of fields adopting cover crops upstream

and downstream of each monitoring station within the same subwatershed. The outcome

variables are measures of surface water quality, specifically the concentrations of nitrogen

and phosphorus compounds. Since only cover crops in the upstream catchment can influ-

ence water quality at the monitoring station, the upstream adoption share serves as the

key explanatory variable. Downstream adoption, which cannot plausibly affect water read-

ings, is used as a placebo test to detect unobserved heterogeneity within subwatersheds,

such as localized NGO activities or conservation initiatives. The specification also includes

subwatershed-by-year fixed effects to account for time-varying subwatershed targeting poli-

cies. The key identification assumption is that the spatial location of fields adopting cover
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crops is exogenous to the location of the water quality monitoring station, given the total

acreage adopting cover crops in a subwatershed. The results show that a one-percentage-

point increase in upstream cover crop adoption reduces total nitrogen levels by 0.83%, while

the effect on phosphorus concentrations is statistically insignificant.

This research highlights the potential of EQIP to drive conservation while raising impor-

tant questions about its efficiency and targeting. The cost–benefit analysis indicates that

cover crop subsidies reduce nitrogen pollution, with an estimated benefit–cost ratio of 2.52.

This sizable return underscores both the environmental value of EQIP and the importance of

improving targeting and cost-effectiveness in program design. Given the observed low level

of additionality in cover crop adoption, future conservation efforts may benefit from im-

proved targeting strategies. These findings contribute to the broader discussion on designing

effective PES programs to maximize environmental impact and economic viability.

Related Literature. This study contributes to four main strands of the literature. First,

this paper builds on the literature examining the additionality and persistence of Payment

for Ecosystem Services (PES) programs. Our contributions are twofold: (1) we provide the

first large-scale, satellite-based empirical evidence on persistence of conservation adoption

in an agricultural PES context, and (2) we document new evidence of limited additionality

in EQIP. The most directly relevant studies are Rosenberg et al. (2025) and Larson (2024),

which analyze EQIP’s impacts on cover crop adoption using administrative and self-reported

data. Because cover crop reporting is voluntary, these datasets suffer from substantial miss-

ing values and cover only a short panel period, limiting their ability to evaluate persistence

precisely. Nevertheless, in contrast to our findings, the authors report substantially higher

additionality of EQIP participation. In another context, Aspelund and Russo (2023) employs

satellite-based crop choice data and a regression discontinuity design to study additionality

in the Conservation Reserve Program, a land-retirement program that allocates contracts

through a procurement auction. Additionally, persistence in the CRP context differs concep-

tually from that in EQIP because the underlying cost structures and incentives are distinct.

Other studies using survey data at more local scales also report high additionality, ranging

from 54% to 98% (e.g., Fleming, 2017; Fleming et al., 2018; Claassen et al., 2018; Sawadgo

and Plastina, 2021).

Second, this paper contributes to the literature on the cost-effectiveness of PES programs.

It develops a cost–benefit analysis framework for EQIP cover crop subsidies that relies on

a quasi-experimental causal design at the regional scale. Much of the existing evidence on

PES cost-effectiveness comes from developing-country and forest-sector contexts, where ran-

domized controlled trials (RCTs) are more feasible. For example, Jack (2013) and Jack and
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Jayachandran (2019) examine how contract design, targeting, and self-selection shape the

cost-effectiveness of PES interventions. While these studies provide valuable insights, they

remain largely outside the U.S. working-lands context. Within the United States, the USDA

has traditionally relied on the Conservation Effects Assessment Project (CEAP), which uses

simulation-based integrated assessment models to evaluate program cost-effectiveness (USDA

NRCS, 2022). While these models are practical for nationwide policy evaluation, they are

difficult to validate empirically and may not accurately reflect real-world adoption behavior.

Recent empirical studies, such as Liu et al. (2023), evaluates cost-effectiveness using panel

data and aggregated administrative records, though identification challenges remain.

Third, this paper provides new causal evidence on how conservation land management

affects nonpoint source (NPS) water pollution at scale. While field-level plot studies such

as Lee et al. (2003) have demonstrated how conservation practices affect runoff, econometric

analysis of agricultural NPS pollution remains relatively limited as noted in Keiser et al.

(2019). Recent empirical studies typically rely on aggregated data at watershed or subbasin

scales, which raises concerns about unobserved correlation between program targeting and

pollution outcomes (Liu et al., 2023; Metaxoglou and Smith, 2025; Hsieh and Gramig, 2024;

Karwowski and Skidmore, 2023; Zhang et al., 2025).

Finally, it contributes to the broader literature on the environmental benefits of cover

crops by quantifying their social returns in terms of water-quality improvements and cost-

effectiveness. Agronomic studies have long documented their potential to improve soil health,

reduce erosion, and limit nutrient loss (Blanco-Canqui, 2018; Dabney et al., 2001; Fageria

et al., 2005; Kaye and Quemada, 2017; Sarrantonio and Gallandt, 2003; Tonitto et al., 2006;

Chen et al., 2022). More recent work has explored their role in climate mitigation and

nutrient management (Won et al., 2024; Aglasan et al., 2024; Ma et al., 2023; Hsieh and

Gramig, 2024).

Outline. The rest of the paper is organized as follows. Section 2 provides an overview of

the institutional background of the EQIP and MRBI, as well as nutrient pollution and the

mitigation role of cover crops. Section 3 describes the data used in the analysis. Section 4

presents findings on the causal effects of EQIP funding on cover crop adoption. Section 5

presents our results on the impact of cover crop adoption on surface water quality. Section 6

discusses the cost-effectiveness of EQIP–MRBI investments. Section 7 provides concluding

remarks.
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2 Background and Institutional Setting

2.1 EQIP and MRBI

EQIP, administered by the USDA NRCS, provides financial and technical assistance to

farmers and landowners to implement conservation practices. Funding for cover crops under

EQIP has expanded markedly since 2009, making it the largest single practice category, with

total obligations exceeding $1.4 billion since 2014.

The program’s stated goal is to optimize environmental benefits, though previous evalua-

tions have questioned its cost-effectiveness and targeting of environmental outcomes (USDA

OIG, 2014; GAO, 2017). In practice, to fulfill this goal, the USDA NRCS first allocates

EQIP funds from the federal to the state level based on national priorities. Farmers apply

through local NRCS offices, and state offices rank applications according to federal, state,

and local environmental priorities. Selected applicants sign multi-year contracts to imple-

ment approved conservation practices and receive payments, typically after the practices are

completed. (Additional details on EQIP mechanisms are provided in Appendix B.1.)

In this paper, we focus on the EQIP–MRBI for two main reasons. First, MRBI is one

of the few major EQIP initiatives specifically designed for the Mississippi River Basin. This

region is both central to U.S. agriculture and a significant source of nutrient runoff that

contributes to Gulf hypoxia (a recurring low-oxygen region that forms each summer where

the Mississippi and Atchafalaya Rivers discharge into the Gulf of Mexico).

Second, the initiative’s design provides a quasi-experimental setting for rigorous evalu-

ation. Building on the EQIP framework, the MRBI provides additional financial and tech-

nical assistance to support conservation practices (e.g., cover cropping) in targeted subwa-

tersheds to reduce agricultural runoff and improve water quality. For each cohort, USDA

NRCS designates priority zones at the Hydrologic Unit Code 8 (HUC-8) or subbasin level4.

State NRCS offices review partner proposals and select projects for MRBI funding, targeting

HUC-12 subwatersheds within priority zones that exhibit high pollution levels and strong

potential to affect downstream nutrient runoff (see Appendix B.2). This targeting creates a

quasi-experiment setting: subwatersheds selected for projects serve as treatment units, while

non-selected subwatersheds within the same priority zones provide credible controls.

Figure 1 summarizes the spatial and temporal variations of MRBI implementation. Panel

1a maps the MRBI 2025 priority areas across the Mississippi River Basin, where the green

polygons represent subwatersheds selected for implementation and the yellow polygons indi-

4Hydrologic units are standardized watershed boundaries defined by the U.S. Geological Survey. HUC-12
subwatersheds nested within HUC-8 subbasins. See Appendix B.3 and Figure 2 for details.
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Figure 1: EQIP–MRBI Geographic Scope and Distribution of Implemented Subwatersheds

(a) 2025 EQIP–MRBI Implemented Sub-
watersheds

(b) Implementation Timeline of Subwatersheds

Note: This figure shows the geographic extent of the 2025 Mississippi River Basin Healthy Watersheds
Initiative (MRBI) priority areas (panel a) and the distribution of priority subwatersheds by implementation
start year (panel b). The map shows the spatial coverage of priority areas across the Mississippi River Basin,
while the bar chart highlights the number of subwatersheds that entered implementation in each year.

cate subbasin-level priority zones designated by the USDA NRCS. Panel 1b documents the

number of subwatersheds entering implementation each year.

2.2 Cover Crops and Water Quality

Nitrogen and phosphorus, key nutrients for crop growth, are major components of commercial

fertilizers but contribute to serious environmental and economic problems when overapplied.

In high-yield regions such as the U.S. Midwest, excess nutrients often run off into surface

water or leach into groundwater during rainfall, driving eutrophication and water-quality

degradation. Nutrient pollution leads to oxygen-depleted ”dead zones,”5 and imposes large

social costs exceeding $4.6 billion annually through damages to fishery, recreation, and prop-

5A ”dead zone” is an area of low dissolved oxygen in aquatic systems where most marine life cannot
survive. For instance, in the Gulf of Mexico, it forms each summer as nutrient runoff from the Mississippi
River fuels algal blooms whose decomposition depletes oxygen in bottom waters.
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erty values (Kudela et al., 2015). High nitrate levels in drinking water also pose health risks,

particularly for rural households relying on private wells (Ward et al., 2018).

Cover cropping, the practice of planting crops during off-seasons to protect soil, is in-

creasingly recognized for its multifaceted benefits. The USDA underscores its vital role in

soil erosion control, soil health improvement, water quality enhancement, and climate change

adaptation and mitigation (Blanco-Canqui, 2018; Dabney et al., 2001; Fageria et al., 2005;

Kaye and Quemada, 2017; Sarrantonio and Gallandt, 2003; Tonitto et al., 2006; Chen et al.,

2022).

Despite these documented environmental benefits, cover crop adoption remains limited

because the private returns are often low or negative, particularly during the initial years of

adoption. Establishment costs, short-term yield losses, and delayed soil fertility gains, as well

as limited incentives for tenant farmers, make the practice financially unattractive without

cost-share payments (Bergtold et al., 2019; Roesch-McNally et al., 2018; Sawadgo et al.,

2021). These constraints justify policy interventions such as EQIP that aim to internalize

the environmental externalities of cover cropping. This paper empirically examines the

impact of EQIP–MRBI on cover crop adoption using an event study design (Section 4).

Cover crops reduce nutrient losses by limiting surface runoff and taking up nutrients in

the short run while improving soil structure, water retention, and nutrient storage in the

long term (Blanco-Canqui, 2018; Abdalla et al., 2019). However, short-term effects on soluble

nutrients can vary depending on residue decomposition and management practices (Cober

et al., 2018). This paper empirically examines whether cover crops improve downstream

nitrogen and phosphorus outcomes in the U.S. Midwest (Section 5).

Additional background on nutrient pollution, cover crop mechanisms, and private adop-

tion incentives is provided in Appendix C.

3 Data

We combine six sources of data for the analysis: (i) field-level cover crop adoption derived

from satellite imagery (2007–2023), (ii) the universe of EQIP–MRBI implementation bound-

aries and timing, (iii) daily water quality monitoring data from the SNAPD (1980–2018), (iv)

watershed boundaries and flow directions from the NHD, (v) land use from the USDA CDL

and soil characteristics from the USDA gNATSGO, and (vi) weather data from the PRISM

dataset. This section summarizes the key variables from each source. Additional details on

data collection, variable construction, and dataset matching are provided in Appendix E.

Cover Crop Adoption. We construct field-level cover crop adoption data in corn and
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soybean fields in the 9 Midwest states in the U.S.6 from 2007 to 2023, leveraging remote

sensing datasets and machine learning methods. The input data include Landsat-5, -7, and

-8 imagery, more than 165,000 plot-year ground-truth labels, and auxiliary PRISM weather

and USDA survey data. We classify cover crop adoption from satellite imagery using an

ensemble machine-learning model. The model predicts cover crop adoption for more than

3 million corn and soybean field-years, producing a binary indicator of cover crop presence

during the off-season period (October 15–May 15). The spatial scope of the data is shown

within the black boundary in Figure 2.

This dataset provides a reliable foundation for evaluating conservation program effective-

ness and environmental outcomes. Our approach offers advantages over previous method-

ologies by drawing on a larger, more diverse dataset, incorporating advanced vegetation

indices, enhancing data processing techniques, and leveraging ensemble models. The result-

ing dataset achieves an out-of-sample accuracy of 95.1%, correctly predicting labels for 95.1%

of field-year observations in the test set. Because only 11% of observations are positives, a

random classifier would attain a precision–recall area under the curve (PR-AUC) of 0.11;

our model achieves 0.80, more than seven times higher. These results demonstrate that the

model is accurate, robust, and well aligned with real-world agricultural practices.

Our algorithm to detecting cover crops improves upon Seifert et al. (2018) in four ways

(see Appendix D.1 for details). First, we use common land units (CLUs) to define field

boundaries. Pixel-level variables are then aggregated to the field level, the smallest unit

on which farmers make management decisions. This ensures consistency between the input

data and the unit of analysis, rather than operating at the pixel level.

Second, we employ ground truth data from Land Core7, which includes over 165,000

field-year observations windshield observations collected from 2014 to 2019 across Indiana.

These observations are randomly selected rather than limited to large homogeneous farms

cooperating with the university. This broader and more diverse dataset ensures that our

model is trained on a representative sample of the entire region, enhancing its ability to

generalize across different types of fields and farming practices. In contrast, the previous

study that relied on around 20,000 pixels from around 2,000 field-year observations for model

training may have been limited by smaller, less diverse datasets, potentially leading to bias

and overfitting problems. Another advantage of using windshield observations as ground-

6The nine Midwestern states include Iowa, Indiana, Illinois, Ohio, Michigan, Minnesota, Wisconsin, and
the eastern portions of North Dakota and South Dakota. These areas encompass eight of the nine states
that have historically produced the most corn and soybeans.

7Ground-truth data were provided by Land Core, a 501(c)(3) nonprofit organization whose mission is
to advance soil health policies and programs that create value for farmers, businesses, and communities (see
https://landcore.org).
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Figure 2: Spatial Extent of the Data

Note: This figure shows the geographic scope of the study area. The black boundary indicates the region
where field-level cover crop adoption data are available. Hydrologic units are represented at two nested
scales: subwatersheds at the HUC-12 level (blue polygons) and subbasins at the HUC-8 level (red polygons).
Each colored hydrologic unit shown in the figure contains at least one water quality monitoring station The
figure illustrates both the spatial coverage of the dataset and the definitions of hydrologic units used in the
analysis.

truth data is that they capture only fields with visibly established cover crops, in contrast

to self-reported survey data where farmers may indicate intentions to plant cover crops but

fail to achieve visible establishment due to weather or technical constraints. Because well-

established cover crops are the most effective in reducing negative environmental impacts,

this measure is particularly well-suited to the objectives of our study.

Third, we include a wider range of vegetation indices aside from the original variables

included in Seifert et al. (2018), for example, the modified soil-adjusted vegetation index

(MSAVI) and its later revision, MSAVI2 (Qi et al. 1994). These soil-adjusted indices address

some limitations of the normalized difference vegetation index (NDVI) when applied to areas

with a high degree of exposed soil surfaces. Using modified version of vegetation indices like

MSAVI and MSAVI2 allows our model to better differentiate between crops and non-crop

elements in challenging environments, leading to more accurate classifications. Furthermore,

we interpolate vegetation indices to a weekly frequency to enhance the temporal resolution
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of the dataset, providing a more detailed representation of crop growth cycles and improving

the model’s ability to identify cover crops. We also detect peaks and troughs in these time

series to compute the integral of vegetation indices during the offseason, thereby extracting

additional signals that would otherwise be missed.

Fourth, the final model is an ensemble of a Convolutional Neural Network–Long Short-

Term Memory (CNN–LSTM) model, a Bidirectional Long Short-Term Memory (BiLSTM)

model, and a random forest, which provide complementary strengths for prediction. The

CNN–LSTM and BiLSTM models capture spatial and temporal dynamics in satellite im-

agery, while the random forest model effectively handles nonlinear relationships and reduces

overfitting. Combining these models through an ensemble yields more stable and accurate

predictions than any single model alone.

With this field-level cover crop adoption data, we first aggregate it to cover crop share

and acreage to subwatersheds level for our analysis in Section 4. We then construct the

key explanatory variable in Seciton 5, the cover crop adoption share upstream of the water

monitoring station. It is defined as the ratio of the acreage of fields planted with cover crops

during the off season to the total acreage of corn or soybean fields located upstream of the

monitoring station within the same subwatershed as the station.

CCup
i,t =

Acres with cover crops upstream of station i in year t

Total corn/soybean acres upstream of station i in year t
(1)

Similarly, the downstream cover crop adoption is computed in the same manner. The bound-

aries of the upstream and downstream areas are illustrated in Figure 3.

Water Quality. We use the harmonized water quality data assembled by Krasovich

et al. (2022). This dataset synthesizes the Standardized Nitrogen and Phosphorus Dataset

(SNAPD) by harmonizing 9.2 million monitoring readings from across the Mississippi and

Atchafalaya River Basin (MARB). The SNAPD contains 4.8 million standardized observa-

tions of nitrogen and phosphorus compounds between 1980 and 2018, making it an unprece-

dented resource for understanding nutrient pollution in the region. From this raw dataset,

we construct a monthly panel of multiple nutrient concentrations, including total nitrogen,

total Kjeldahl nitrogen (TKN), nitrate, ammonia, total phosphorus, and orthophosphate.

These variables serve as the core water quality outcomes for the analysis in Section 5.

Land Use. USDA Cropland Data Layer (CDL) is a crop-specific land cover data layer

created annually for the continental U.S. using moderate resolution satellite imagery and

extensive agricultural ground truth. The CDL has a ground resolution of 30 meters and has

categorized each pixel into 254 different categories, including most crops grown in the U.S.
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Figure 3: Upstream and Downstream Area Definition within a HUC-12 Subwatershed

Note: The figure illustrates how upstream and downstream areas are defined for each water-quality mon-
itoring station using a representative subwatershed. The upstream (blue) and downstream (red) zones are
delineated based on hydrological flowlines and direction, with the monitoring station (yellow star) serving
as the reference point. The upstream cover crop adoption share for station i in year t is calculated as the
ratio of acres with cover crops to total corn and soybean acres within the upstream area, as shown in the
accompanying formula (1).

and other common land coverage groups, such as forest, grassland, urban, and open water.

We aggregated this data to monitoring station level by taking the ratio of each category of

land use (e.g. cultivated, wetlands, forest, developed) to the total areas within 5 or 10 miles

of the stations, or to the subwatershed boundaries to get total acreage of corn and soybean

planted each year.

Weather. We use two sources of raster data: daily maximum and mean temperature,

precipitation, and 30-year climate normals from the PRISM Climate Group at Oregon State

University, and land cover data from the USDA Cropland Data Layer (CDL). The PRISM

data are used in two parts of the analysis. In Section 4.3, we use 30-year climate normals

to calculate the average length of the frozen season for each subwatershed and examine

heterogeneity in program impacts across climatic zones. In Section 5, we construct weather

variables within a 5-mile radius of each water monitoring station, including extreme degree

days, growing degree days, and accumulated precipitation, to serve as control variables in

the regression analysis. Appendix D.2 provides details on how the weather variables are

constructed from the raw PRISM data.
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Soil Characteristics. We extract soil characteristics from the gridded National Soil

Survey Geographic Database (gNATSGO), a 30-m raster product integrating SSURGO and

STATSGO2 data. Variables include plant-available water storage (AWS) and soil organic

carbon stock (SOC) across multiple depth intervals, indices of droughtiness and rooting

depth, crop productivity indices (NCCPI). For each farm plot, we compute spatial means to

characterize soil water-holding capacity, fertility, and agronomic potential.

Summary Statistics Table 1 reports summary statistics for key variables used in the

analysis. Panel A compares pre-treatment characteristics between EQIP–MRBI ever-treated

and never-treated subwatersheds used in the analysis in Section 4. Both groups display

broadly similar landscape and productivity features. On average, ever-treated subwater-

sheds have slightly larger average field sizes, higher cropland intensity, and modestly steeper

slopes. These differences are consistent with the NRCS’s targeting of environmentally sen-

sitive landscapes under MRBI. Baseline cover crop acreage and soil productivity indix are

similar across groups, suggesting broadly comparable pre-treatment adoption levels.

Panels B and C summarize cover crop adoption rates and nutrient pollution outcomes

across monitoring locations in the Midwest used in the analysis in Section 5. On average,

cover crops account for about 6% of corn and soybean fields, with substantial spatial vari-

ation. Some parts of the subwatersheds show almost no adoption, while others exceed 90

percent. Upstream and downstream adoption rates are similar. Nutrient pollution indicators

exhibit substantial variability across monitoring sites. The mean total nitrogen (TN) con-

centration is about 3.9 mg/L, more than five times the EPA’s recommended reference range

for the Midwest (0.3− 0.8 mg/L), which indicates a high risk of eutrophication and biologi-

cal impairment. Total Kjeldahl Nitrogen (TKN) measures the sum of organic nitrogen and

ammonia, representing the pool of nitrogen that can later be transformed into nitrate—the

most concerning form of nitrogen pollution for both water quality and human health. over

time phosphorus (TP) and orthophosphate concentrations average around 0.2 mg/L, roughly

twice the EPA’s 1986 ambient water quality criterion (0.1 mg/L). These elevated baseline

nutrient levels highlight the importance of conservation programs such as EQIP–MRBI that

target nutrient reductions.
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Table 1: Summary Statistics

Variable Mean (Ever-Treated) SE (Ever-Treated) Mean (Never-Treated) SE (Never-Treated) p-value

Panel A. Balance of Pre-treatment Characteristics for Subwatersheds
Cover Crop Acreage 329.047 29.782 363.968 14.296 0.291
Cover Crop Share 0.052 0.007 0.075 0.004 0.005
Corn Share 0.334 0.010 0.312 0.004 0.047
Soybean Share 0.270 0.009 0.251 0.003 0.043
Average Field Size 45.005 1.371 41.944 0.495 0.037
Productivity Index (NCCPI) 0.752 0.006 0.750 0.003 0.720
Median Slope 1.638 0.079 1.445 0.029 0.023

Variable Count Mean Std. Dev. Min Median Max

Panel B. Cover Crop Adoption (CC)
Upstream CC share 27,677 0.0593 0.1187 0 0.0129 0.9360
Downstream CC share 27,677 0.0614 0.1169 0 0.0159 0.9486
Upstream CC acreage 27,677 241.30 612.06 0 50.20 12,680.85
Downstream CC acreage 27,677 324.55 706.15 0 87.53 14,964.07

Panel C. Nutrient Pollution
Total nitrogen 6,566 3.9073 3.5091 0.0644 2.7033 23.839
Total Kjeldahl nitrogen 71,562 1.0813 0.8510 0.02 0.8884 9.11
Nitrate 6,912 3.8213 4.2174 0.01 2 19.9
Ammonia 34,696 0.3180 0.4434 0.00232 0.1930 6.8
Total phosphorus 73,844 0.1823 0.2547 0.00656 0.1069 3.56
Orthophosphate 37,872 0.2023 0.2894 0.0031 0.1120 3.3

Note: This table reports summary statistics for key variables related to cover crop adoption and nutrient
pollution in the U.S. Midwest. Panel A presents pre-treatment characteristics of subwatersheds, compar-
ing EQIP–MRBI ever-treated subwatershed and never-treated subwatersheds. Variables include cover crop
acreage and share in corn and soybean fields, corn and soybean shares in total subwatershed area, average
field size, the NRCS productivity index (NCCPI), and median slope. Panels B and C summarize cover crop
adoption and water quality outcomes, respectively. Cover crop variables represent the share and acreage
of cover crops in upstream and downstream areas for each monitoring station within its HUC-12 subwa-
tershed. Nutrient pollution variables include total nitrogen (TN), total Kjeldahl nitrogen (TKN, organic
N and ammonia), nitrate, ammonia, total phosphorus (TP), and orthophosphate concentrations. Nutrient
concentrations are expressed in milligrams per liter (mg/L).
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4 Impacts of EQIP–MRBI Investments on Cover Crop

Adoption

In this section, we evaluate the impacts of additional investments through EQIP–MRBI

on cover crop adoption. Exploiting the dynamic timing of the EQIP–MRBI implementa-

tion across targeted subwatersheds within priority subbasins, we conduct event studies that

compare subwatersheds eligible for MRBI funding to non-eligible subwatersheds located in

the same priority zones. The focus is on examining the magnitude of additional cover crop

adoption incentivized by the program, as well as the persistence of the program’s effects. We

further examine heterogeneity in effects across climate conditions and states.

4.1 Empirical Strategy

We conduct event studies that leverage the dynamic timing of the EQIP–MRBI implementa-

tion and its targeting policy in the top six Midwest states, including Minnesota, Wisconsin,

Iowa, Illinois, Indiana, and Ohio. We treat the subwatersheds that was ever selected to

receive extra funding through EQIP–MRBI as the treated units (shown in red in Figure 4),

and the nearby subwatersheds within the same subbasin-level priority zone pre-designated

by the federal level USDA NRCS, but not eligible for the additional MRBI funding, as the

control units (shown in blue in Figure 4). We exclude subwatersheds that ever received

treatment under the National Water Quality Initiative8 and those that does not intersect

with the state in which the treated subwatersheds are located from our sample.

To evaluate the dynamic impacts of EQIP–MRBI on cover crop adoption, we implement

an event study design following the framework of de Chaisemartin and D’Haultfœuille (2024).

This approach is well-suited for policies such as EQIP–MRBI, where treatment is not nec-

essarily absorbing: subwatersheds may switch in and out of treatment, and outcomes may

depend not only on contemporaneous treatment status but also on past treatment exposure.

A standard two-way fixed effects event study can be biased when treatment effects vary

across groups or when treatment status changes over time. In my setting, watersheds do

not remain permanently treated after MRBI implementation; treatment can switch on and

off across years. For this reason, I use the difference-in-differences estimator proposed by

8The National Water Quality Initiative (NWQI), launched in 2012, is another targeted sub-innitiative of
EQIP that provides additional financial and technical assistance to address critical water-quality concerns
in priority watersheds nationwide. While MRBI focuses on nutrient reduction within the Mississippi River
Basin, NWQI extends similar funding mechanisms to other high-priority areas across the country. Because
some NWQI subwatersheds fall within MRBI’s subbasin-level priority zones and only a small number are lo-
cated in the six Midwestern states we analyze, we exclude NWQI subwatersheds to ensure that the estimated
effects reflect MRBI-specific investments and are not confounded by overlapping conservation initiatives.
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de Chaisemartin and D’Haultfœuille (2024), which is specifically designed for intertemporal

treatments that may start, stop, or vary in intensity. The estimator compares outcome

changes for switchers—units that change treatment status in a given year—to those of units

with the same baseline treatment status that have not yet switched, under the assumptions

of no anticipation and parallel trends across groups with identical prior treatment histories.

This approach avoids the negative weighting and potential sign reversals that can arise in

conventional two-way fixed effects, while providing consistent estimates of dynamic treatment

effects in contexts with staggered and reversible treatment exposure.

The key building block is the group-by-period effect, defined as

δg,ℓ = E
[
Yg,Fg−1+ℓ − Yg,Fg−1+ℓ(0, . . . , 0)

∣∣ D]
, (2)

where g indexes subwatersheds, Fg denotes the year of the first treatment change in subwa-

tershed g, and ℓ represents the number of periods relative to the first treatment change. The

group-by-period effect is defined as the expectation of the difference between Yg,Fg−1+ℓ, the

actual outcome, and the counterfactual outcome Yg,Fg−1+ℓ(0, . . . , 0), which represents what

would have occurred had the subwatershed remained untreated for ℓ additional periods. D

is the treatment assignment design across groups and time.

Our target parameter for each period ℓ is the average of group-by-period effects across

groups within each relative time period:

δℓ =
1

Nℓ

∑
g:Fg−1+ℓ≤Tg

δg,ℓ, (3)

where Nℓ is the number of subwatersheds for which δg,ℓ can be estimated at event time ℓ,

and Tg is the final observed period for subwatershed g. These parameters capture how cover

crop adoption evolves in the years before and after EQIP–MRBI rollout.

Identification relies on two standard conditions. First, in the absence of EQIP–MRBI,

adoption trends would have been parallel across treated and not-yet-treated subwatersheds.

Second, farmers do not systematically anticipate the policy; that is, there are no treatment-

induced behavioral changes prior to program rollout.

For valid inference, we assume that outcomes across subwatersheds are independent con-

ditional on the treatment design. Additionally, asymptotic restrictions and standard regular-

ity conditions are required to ensure consistency and asymptotic normality of the estimators.

We set the baseline period, ℓ = 0, as the reference period, representing the year im-

mediately preceding the first MRBI treatment. Periods with negative event times (ℓ ∈
{−1,−2,−3,−4}) serve as placebo estimators, comparing pre-treatment trends between sub-
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watersheds that are about to receive MRBI funding and those not yet treated. These placebo

coefficients provide a test of the parallel-trends assumption underlying the identification of

causal effects. The post-treatment effects are estimated for event times ℓ = 1 through ℓ = 11,

capturing both the contemporaneous and lagged responses in cover-crop adoption following

EQIP–MRBI implementation.

Another parameter that we are estimating is the average total effect per unit of treatment,

defined as

δ =

∑
g:Fg≤Tg

∑Tg−Fg+1
ℓ=1 δg,ℓ∑

g:Fg≤Tg

∑Tg−Fg+1
ℓ=1 Dg,Fg−1+ℓ

(4)

where Tg is the last period in which there remains at least one subwatershed that has not

yet been treated. In our application, the treatment intensity in period ℓ after the first

treatment, Dg,Fg−1+ℓ, is a binary variable that equals to one when the subwatershed is

eligible for additional EQIP funding through MRBI and zero otherwise.

This parameter, δ, aggregates the dynamic treatment effects across both time and groups,

dividing it by the total number of treatment-unit changes. Intuitively, it measures the sum of

the impact of one year MRBI addditional investments through EQIP, both at the period when

the treatment change occurs (the concurrent effect) and in all subsequent periods (the lagged

effects), and then averages these cumulative effects across all ever-treated subwatersheds.

From a policy perspective, δ is informative because it is a natural metric for cost-benefit and

cost-effectiveness analyses, allowing us to assess whether the cumulative benefits of treatment

in cover crop adoption justify the total program expenditures.

4.2 Results

The results corresponding to target parameter (3) are presented in Figure 5. The event-study

estimates indicate that the treatment effects on cover crop adoption build gradually over

time (Figure 5a). For cover crop share, although the effects are not statistically significant

in the first and fourth years following program implementation, they become positive and

statistically significant beginning in the second year, peaking in the ninth year with a 5.3

percentage point increase in treated subwatersheds relative to controls. This represents an

88% increase over the mean cover crop adoption rate of 6% at the peak. The joint test

of effects from year 1 to year 11 strongly rejects the null hypothesis of no post-treatment

effects (p = 0.0018). The effects build gradually over time because they capture the total

impact—combining both the contemporaneous response to MRBI funding and the lagged

effects of cumulative exposure to additional incentives over multiple years of implementation

(typically three to five years).
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Figure 4: EQIP–MRBI Priority Subbasins and Subwatershed Treatment, 2012–2023

Layers
Ever-treated Subwatersheds
Never-treated Subwatersheds
MRBI Priority Subbasins 
State Boundaries (MN, IA, IL, IN, OH, WI)

Note: This map shows the geographic distribution of Mississippi River Basin Initiative (MRBI) priority
areas in the Upper Midwest. State boundaries (gray) include Minnesota, Iowa, Illinois, Indiana, Ohio, and
Wisconsin. MRBI, a subinitiative of the Environmental Quality Incentives Program (EQIP), designates
priority subbasins (HUC-8) through the federal NRCS; these are outlined in orange. Within these, HUC-12
subwatersheds that were ever treated under MRBI between 2012 (the first treated cohort) and 2023 (the end
of the data) are shown in red, while never-treated subwatersheds are shown in blue. Subwatersheds that ever
received treatment under the National Water Quality Initiative (NWQI) are excluded, as are subwatersheds
not intersecting with the state in which the treated subwatersheds are located.
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Reassuringly, the placebo estimates to the left of the grey dashed line representing pre-

tends provide support for the identifying assumptions. Pre-treatment coefficients are small

in magnitude and statistically indistinguishable from zero, and the joint test of pre-trends

fails to reject at conventional levels (p = 0.28). This pattern suggests that treated and

untreated units followed parallel trajectories before the intervention and that anticipation

effects are unlikely.

The average total effect on cover crop adoption share from one additional year of in-

vestment through EQIP–MRBI is 1.75 percentage points (95% confidence interval: [0.64,

2.87]) increase from a baseline mean of 6%, representing a 29% increase that is both eco-

nomically and statistically significant. This estimate reflects the total effect, combining both

the contemporaneous and lagged impacts of one year of EQIP–MRBI treatment, averaged

across all ever-treated subwatersheds. We use this estimate as the basis for the subsequent

cost–benefit analysis.

The results using cover crop adoption acreage as outcome show similar patterns in Figure

5b. While the effects are not statistically significant in the first 3 years after implementation,

they become positive and statistically significant from years 4 to 8, also peaking in year 9 at

362 acres, though the estimate is imprecise after year 9. The average total effect from one

year of MRBI treatment is 157 acres (95% confidence interval: [49.48, 264.74]). The test of

joint nullity of the placebos fails to reject at conventional levels (p=0.24).

Two key dimensions of the effectiveness of PES programs are additionality and per-

sistence. A cover-cropped acre is additional if the conservation action is induced by the

EQIP–MRBI incentive rather than something the farmer would have undertaken in the ab-

sence of the program. When EQIP payments go to farmers who would have adopted cover

crops regardless of the incentive, the payment becomes a pure transfer, generating no addi-

tional environmental benefit and imposing a cost on taxpayers. Only additional conservation

produces real, incremental environmental improvements.

The average treatment effects from our event study capture the additional adoption of

cover crops induced by EQIP–MRBI funding. Because the event-study design compares

treated subwatersheds to those not yet treated, which serve as a proxy for the counterfactual

under the parallel-trends assumption, the estimated effects represent the incremental cover

crop adoption caused by the program rather than background adoption that would have

occurred in its absence. Moreover, the outcome data are derived from satellite imagery,

which measure total adoption on the landscape, not only acreage enrolled in EQIP contracts.

We quantify additionality as the ratio between the total acreage of cover crops induced by

one year of EQIP–MRBI funding and the acreage that could have been directly supported by

that same amount of program funding. Consider an average subwatershed receiving $37,682
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in additional EQIP–MRBI support, which corresponds to roughly 791 acres of cover crops

that could be funded9. The estimated total effect of 157 acres of additional cover crop

adoption thus implies an additionality rate of 157
791

≈ 19.9% (95% confidence interval: [6.3%,

33.5%]). Even when evaluated at the peak year, considering that farmers are learning how

to grow cover crops correctly in the first few years, the additionality rate remains modest,

at about 46%.

Adoption is persistent if the farmer continues to plant cover crops after program fund-

ing ends. Without persistence, temporary financial incentives may yield only short-lived

behavioral changes. For practices like cover cropping, discontinuation can quickly reverse

prior environmental gains: soil health improvements deteriorate, sequestered carbon is re-

leased back into the atmosphere, and water-quality benefits diminish once the practice stops.

Therefore, persistence determines the long-term effectiveness of conservation policy.

For EQIP–MRBI, treatment spells typically last three to five years, and each EQIP cover

crop contract extends up to five years. Accordingly, the first nine event-time coefficients

capture the dynamic effects during active funding, while periods ten and eleven reflect post-

treatment dynamics. These latter estimates indicate whether the impacts of earlier MRBI

investments in cover crops persist, fade, or reverse once program funding ends. As shown

in Figure 5a, the effects remain positive and statistically significant in years 10 and 11

after treatment implementation starts. We quantify persistence as the ratio between the

average effects in years 10–11 and the effect in year 9, which gives us 77.5% (95% confidence

interval: [19.2%, 135.8%]). This implies substantial persistence in EQIP-induced cover crop

adoption. This contrasts with the conventional evidence in the literature, which generally

emphasizes high disadoption rates of cover crops though in other context(e.g., Pathak et al.,

2024; Plastina et al., 2024). My finding of persistence after EQIP contracts expire suggests

that private benefits may in fact be stronger than previously thought. This result also aligns

with the low additionality we estimate.

4.3 Heterogeneous Effects

We conduct event-study analyses separately for subwatersheds with different lengths of the

cover crop growing season. Using 30-year climate normal data, we divide the sample into two

groups: (a) the top 50% of subwatersheds with shorter frozen seasons and (b) the bottom

50% with longer frozen seasons. In group (a), the average frozen period is 65 days, whereas

in group (b) it is 112 days, where there is a difference of nearly two months in the potential

growing window for cover crops.

9Calculated by dividing $37,682 by the median EQIP payment rate of $47.64 per acre.
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Figure 5: Effects of MRBI on Cover Crop Adoption

(a) Cover Crop Share

(b) Cover Crop Acreage

Note: The figure presents estimates from a difference-in-differences event-study design in Equation (3)
de Chaisemartin and D’Haultfœuille (2024). Panel (a) reports results using cover crop adoption acreage as
the outcome, while panel (b) uses the adoption share. All coefficients are estimates relative to the baseline
year immediately preceding project implementation (t=0). The horizontal line at 0 marks this baseline,
and the vertical dashed grey line corresponds to the year of MRBI initiative implementation. Standard
errors are clustered at the HUC-12 level. Red bars indicate 95% confidence intervals. The analysis uses an
unbalanced panel of HUC-12 watersheds from 2008–2023, consisting of 209 ever-treated HUC-12s and 1,262
never-treated controls, for a total of 16,803 HUC12–year observations and 1,064 treatment switch periods.
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The results in Figure A2 highlight stark heterogeneity. For group (a), the average total

effect of EQIP–MRBI is an increase of 3.53 percentage points in cover crop adoption (95%

confidence interval: [2.21, 4.85]). These effects persist beyond the funding period: from year

2 to year 11 after treatment initiation, all estimated impacts are statistically significant and

positive. By contrast, in group (b), the average total effect is statistically indistinguishable

from zero at –0.08 (95% confidence interval: [–0.97, 0.82]). Moreover, starting in year 9, the

estimates turn negative and statistically significant, suggesting a decline in adoption relative

to baseline.

Two mechanisms may explain this pattern. First, the allocation of funding in shorter

growing-window regions appears non-additional, with subsidies failing to generate sustained

increases in adoption. Second, farmers may initially attempt cover cropping with support

from subsidies but subsequently disadopt when faced with implementation challenges—such

as reduced yields or higher costs in areas with short growing windows. In fact, the estimates

suggest that farmers in these regions eventually adopt cover crops at rates below their pre-

treatment baseline, pointing to a discouragement effect.

These findings underscore the importance of targeting conservation programs toward ar-

eas with more favorable climate conditions and longer growing windows, where cover crops

are more likely to be viable and policy support can generate persistent environmental bene-

fits.

We also explore heterogeneity in program effects across states, recognizing that state-

level discretion in EQIP–MRBI implementation could lead to differential outcomes. These

exploratory results are presented in Appendix E (Figures A8 and A7) and should be inter-

preted as descriptive patterns rather than causal estimates.

5 Impacts of Cover Crop Adoption on Water Pollution

To evaluate the impact of cover crops on ambient surface water pollution, we conduct a

panel data analysis examining the concentrations of multiple nutrient pollutants in relation

to upstream cover crop adoption. This approach allows us to estimate the causal effect of

cover crops on water quality and to identify the mechanisms underlying this effect.

5.1 Empirical Strategy

We first regress the log of the pollutant concentration on upstream cover crop adoption share

as in Equation (5).
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Ln(Yihym) = β0 + β1CCup
ihy + αhy + µm + εihym (5)

where i denotes the index for the water quality monitoring station, h represents the subwa-

tershed, y indicates the year, and m refers to the month. The dependent variable, Yihym,

captures the monthly average concentration of a specific nitrogen or phosphorus compound at

the station level. The key explanatory variable, CCup
ihym, represents the upstream cover crop

adoption share. Month fixed effects, µm, account for seasonality, while subwatershed-by-year

fixed effects, αhy, control for time-varying changes in watershed-targeting policies.

We then run a placebo test with the downstream cover crop adoption share as the placebo

and also include other control variables like weather variables, cash crops in the area, and

urban development.

Ln(Yihym) = β0 + β1CCup
ihy + β2CCdown

ihy +Xihymγ + αhy + µm + εihym (6)

Downstream cover crop adoption share serves as a placebo because cover crops downstream

of the monitoring station could not possibly affect the surface water quality reading at the

station. At the same time, the downstream area immediately neighbors the cover crops in

the upstream area, exposing both to similar environmental and socio-economic conditions.

If there exist unobserved local factors within a subwatershed and year that influence water

quality at the monitoring station but are not absorbed by the subwatershed-by-year fixed

effect (e.g., environmental organizations promoting conservation practices or broader social

pressures to adopt them), then downstream cover crop adoption may also be correlated with

pollutant concentrations at the monitoring station. In that case, the estimated coefficient β̂2

would appear statistically significant. We therefore conduct a placebo test using downstream

cover crop adoption share: if there is no unobserved heterogeneity in the error term that

jointly affects both water quality and downstream cover crop adoption within a subwatershed

and year, then the coefficient on downstream cover crop adoption share should be statistically

insignificant. Figure 6a displays time trends in cover crop adoption shares. There is minimal

difference between the mean cover crop adoption share in the upstream and downstream

areas. This similarity provides descriptive support for using downstream cover crop adoption

as a valid placebo for the upstream measure.

A first set of control variables in vector Xihym are weather factors, including growing de-

gree days (GDD), extreme degree days (EDD), mean precipitation, and mean precipitation

squared, recognizing the relationship between rainfall characteristics and the role of cover

crops in mitigating soil erosion (Blanco-Canqui, 2018). Additional controls include the pro-

portion of land under soybean cultivation within a 5-mile radius of the monitoring station
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Figure 6: Overview of Key Variables

(a) Trends in Cover Crop Adoption Over Time

(b) Nitrogen Compound Concentration (c) Phosphorus Compound Concentration

Note: The figure summarizes temporal patterns in cover crop adoption and nutrient concentrations, showing
a sharp rise in adoption after 2016 alongside substantial variation in nitrogen and phosphorus compound
concentrations across years. Panel (a) shows the average cover crop adoption rate over time for upstream
and downstream areas of each water monitoring station, illustrating a steady increase in adoption since 2008
and a sharp rise after 2016. Panel (b) plots the mean concentrations of nitrogen compounds—total nitrogen
(TN), total Kjeldahl nitrogen (TKN, organic N and ammonia), nitrate, and ammonia—revealing substantial
interannual variability and generally higher fluctuations in nitrate concentrations relative to organic and
ammonia nitrogen. Panel (c) presents trends in phosphorus compounds, including total phosphorus (TP)
and orthophosphate, which exhibit similar temporal patterns with a notable increase around 2014 followed
by a decline. Shaded bands represent 95% confidence intervals around annual means.
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and the proportion of developed area within a 10-mile radius. These controls address po-

tential omitted variable bias, as crop choice, land use, and future urbanization expectations

are possibly correlated with the adoption of conservation practices.

The identification assumptions for this analysis are twofold. First, we assume that the

direction of water flow is exogenous and independent of cover crop adoption, conditional on

the control variables, subwatershed-by-year fixed effects, and month fixed effects. Second,

we assume that, conditional on the cover crop adoption share near a monitoring station,

the adoption status of individual fields nearby is exogenous when accounting for the control

variables and fixed effects. Specifically, this assumption does not preclude selection patterns

where fields adopting cover crops are located near areas with higher baseline levels of water

pollution. Instead, it asserts that, given the total acreage of cover crop adoption within a

subwatershed, the spatial distribution of adopting fields is exogenous with respect to the

location of the water quality monitoring station.

5.2 Results

The results are presented in Tables 2 and 3. Column (1) in Table 2 shows that a one

percentage point increase in upstream cover crop adoption share leads to a 0.83% decrease

in total nitrogen concentration in ambient surface water. The effect remains both statistically

significant and stable in magnitude after including downstream cover crop adoption share

as a placebo and adding control variables as in column (2). At an average upstream cover

crop adoption share of 6% in our sample, the estimated elasticity suggests economically

meaningful water-quality improvements from marginal increases in adoption. While a linear

extrapolation implies large potential reductions in total nitrogen, such interpretation should

be treated as illustrative given the observed range.

When examining specific nitrogen compounds, column (4) indicates that a one percentage

point increase in upstream cover crop adoption share reduces total Kjeldahl nitrogen (TKN),

which includes organic nitrogen and ammonia, by 0.43%, suggesting that roughly half of the

total nitrogen reduction comes from these compounds. However, columns (6) and (8) show no

statistically significant effect on nitrate and ammonia, the two most crucial soluble nitrogen

compounds.

These findings align with biological and agronomic literature, which suggests that cover

crops reduces sediment-bound organic nitrogen runoff by decreasing peak water flow and

delaying runoff initiation during precipitation events. However, evidence on soluble nitrogen

compounds remains mixed. While cover crops can absorb excess soil nitrogen, it can also

accelerate decomposition, and certain cover crop species can fix atmospheric nitrogen, po-
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tentially increasing soluble nitrogen levels in the soil and making them more susceptible to

runoff.

Our finding that a one-percentage-point increase in cover crop adoption share leads to

a 0.83% reduction in total nitrogen is somewhat smaller than the effect reported by Hsieh

and Gramig (2024), who found that a one-percentage-point increase in cover crop adoption

was associated with a 0.06 mg/L (or roughly 2%) reduction in total nitrogen. Their esti-

mate is approximately twice as large as ours and is based on analysis at the subbasin level,

which aggregates two levels above the subwatershed. This higher level of aggregation may

increase the risk of omitted variable bias, as it does not fully account for local heterogeneity

or policy targeting effects. Compared to Liu et al. (2023), who reported a 0.29% total nitro-

gen reduction associated with a 10% increase in EQIP payments at the national watershed

scale, our estimate is four times larger. This difference may reflect the fact that Liu et al.

(2023) aggregated across all EQIP-eligible practices, many of which are not directly aimed

at nutrient reduction, and that their analysis at the watershed level is also more vulnerable

to omitted variable bias due to federal and state targeting policies. Hanrahan et al. (2021),

using small-scale edge-of-field experiments, found much larger effects, with cover crop fields

reducing total nitrogen in tile drainage by 52% and in surface runoff by 6%. Overall, our

estimate provides a more accurate and targeted assessment of cover crop impacts on ni-

trogen outcomes, bridging the gap between small-scale experimental evidence and coarse

observational estimates and offering credible evidence at the subwatershed scale.

Column (2) of Table 3 shows no statistically significant effect of cover crop adoption on

total phosphorus concentration. Because phosphorus is often bound to soil particles and

moves with sediment rather than in dissolved form, short-term changes at the monthly scale

are less apparent than for nitrogen.

However, a caveat exists: a one percentage point increase in cover crop adoption share

raises orthophosphate concentration by 0.53%, as shown in column (4). Orthophosphate is

a soluble form of phosphorus readily taken up by aquatic plants and algae, whereas most

phosphorus in aquatic systems exists in particulate or organic forms that are less bioavailable.

Since phosphorus is often the limiting nutrient in freshwater ecosystems, an increase in

orthophosphate could accelerate eutrophication and heighten algal bloom risks.
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Table 2: Effects of Cover Crop Adoption on Nitrogen Compound Concentrations

Dependent Variables: ln(total nitrogen) ln(organic N + ammonia) ln(nitrate) ln(ammonia)
(1) (2) (3) (4) (5) (6) (7) (8)

Cover Crop Upstream -0.828∗∗∗ -0.877∗∗ -0.345∗∗∗ -0.429∗∗ -1.121 -0.678 0.233 0.354
(0.257) (0.375) (0.131) (0.169) (1.244) (1.467) (0.319) (0.330)

Cover Crop Downstream 0.074 -0.262 0.269 0.393
(0.817) (0.283) (2.013) (0.737)

Control Variables ✓ ✓ ✓ ✓
Subwatershed-Year FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Month FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Observations 6,566 6,566 71,562 71,562 6,912 6,912 34,696 34,696
R2 0.730 0.734 0.564 0.572 0.780 0.783 0.421 0.424

Notes: This table presents the estimated effects of upstream CC adoption on various water pollution
indicators. The dependent variables include the natural logarithm of total nitrogen (TN), total Kjeldahl
nitrogen (TKN, organic nitrogen and ammonia), nitrate, and ammonia concentrations in water. Every
two columns correspond to a different dependent variable. Standard errors clustered at the subbasin level
are reported in parentheses. The control variables include growing degree days (GDD), extreme degree days
(EDD), mean precipitation, mean precipitation squared, the proportion of land growing soybean/corn within
a 5-mile radius of the water monitoring station, and the proportion of developed area within a 10-mile radius
of the water monitoring station. All models include subwatershed-by-year and month fixed effects. The
sample period spans from 2007 to 2017. Statistical significance is denoted by ***: p < 0.01, **: p < 0.05,
and *: p < 0.1.

Our null finding on the effect of cover crops on total phosphorus contrasts with prior

studies summarized in Table A2 but highlights important differences in scale and identifi-

cation strategies. Liu et al. (2023) used an upstream-downstream difference-in-differences

design but aggregated EQIP payment data at a higher level than the subwatershed, with-

out fully controlling for policy and funding targeting. As a result, their finding that a 10%

increase in EQIP payments is associated with a 0.23% increase in total phosphorus may

partially reflect reverse causality, where areas with higher baseline phosphorus levels receive

more conservation funding. Hanrahan et al. (2021), by contrast, relied on small-scale edge-

of-field experiments in Ohio and found mixed effects, with cover cropped fields increasing

dissolved reactive phosphorus (DRP) in tile drainage by 7% but reducing DRP in surface

runoff by 16%. Compared to these studies, our analysis at the subwatershed scale, with con-

trols for local targeting and upstream-downstream dynamics, finds no statistically significant

effect of cover crop adoption on total phosphorus, suggesting that aggregate observational

patterns and small-scale experimental results do not necessarily translate into detectable

improvements in ambient water quality at the landscape scale.
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Table 3: Effects of Cover Crop Adoption on Phosphorus Compound Concentrations

Dependent Variables: ln(total phosphorus) ln(orthophosphate)

Cover Crop Upstream 0.050 0.153 0.322 0.529∗∗

(0.289) (0.239) (0.311) (0.245)
Cover Crop Downstream 0.019 0.703

(0.667) (0.602)

Control ✓ ✓
Subwatershed-Year FE ✓ ✓ ✓ ✓
Month FE ✓ ✓ ✓ ✓
Observations 73,844 73,844 37,872 37,872
R2 0.629 0.642 0.712 0.719

Notes: This table presents the estimated effects of upstream CC adoption on various phosphorus pol-
lution indicators. The dependent variables include the natural logarithm of total phosphorus (TP) and
orthophosphate concentrations in water. Every two columns correspond to a different dependent variable.
Standard errors clustered at the subbasin level are reported in parentheses. The control variables include
growing degree days (GDD), extreme degree days (EDD), mean precipitation, mean precipitation squared,
the proportion of land growing soybean/corn within a 5-mile radius of the water monitoring station, and the
proportion of developed area within a 10-mile radius of the water monitoring station. All models include
subwatershed-by-year and month fixed effects. The sample period spans from 2007 to 2017. Statistical
significance is denoted by ***: p < 0.01, **: p < 0.05, and *: p < 0.1.
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5.3 Monthly Effects of Cover Crops on Water Pollution

There is a potential concern that farmers may implement other water-related conservation

practices alongside cover crops as part of a broader management strategy. To ensure that the

observed effects are specifically attributable to cover crop adoption, we examine the month-

specific impacts of cover crops on surface water quality. Our hypothesis is that if cover crop

adoption drives the effects, the effects should be most pronounced between October and May,

excluding periods when the ground is frozen. During this time, cover crops plays a crucial

role in preventing soil exposure and reducing runoff, as bare soil without cover crops would

be more vulnerable to erosion and nutrient loss. However, when the ground is frozen, runoff

is minimal, and cover crops cannot grow, so we do not expect to see statistically significant

effects. To test this, we estimate the following regression model:

Ln(Yihym) = β0 +
12∑
n=1

1[m = n]×
(
βnCCup

ihym + γnCCdown
ihym

)
+Xihymγ + αhy + εihym (7)

This regression model evaluates the month-specific effects of cover crop adoption on

surface water quality at monitoring station i, located within subwatershed h, in year y and

month m. The key independent variables include the upstream cover crop adoption share,

CCup
ihym, interacted with monthly indicator variables, 1[m = n], allowing the effects to vary

by month. The model follows the same structure as the primary specification in Section 5,

with the only modification being the interaction with month indicators to isolate month-

specific impacts. The coefficients βn capture the marginal effect of upstream cover crop

adoption in month n.

Figure 7 shows the estimated month-specific effects of upstream (red) and downstream

(blue) cover crop adoption on total nitrogen (panel 7a) and orthophosphate (panel 7b) pollu-

tants in surface water. The results suggest that upstream cover crop adoption lowers nitrogen

pollution mainly in the fall and spring, when cover crops are actively growing and the soil is

not frozen. This evidence aligns with the literature on cover crop impacts, as cover crops are

most effective at nutrient retention when they can block sediments from running off and up-

take excessive nitrogen from the soil before it leaches into waterways. In contrast, there are

few effects contemporaneously during the cash crop growing season. The placebo test using

downstream cover crop adoption (blue) does not present any systematic impact at the same

time, further supporting the validity of the results. A similar seasonal pattern emerges for

orthophosphate, where we observe a December increase that likely reflects nutrient release

during cover crop decomposition.
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(a) Total Nitrogen

(b) Orthophosphate

Figure 7: Effects of Upstream and Downstream Cover Crop Adoption on Surface Water
Quality Outcomes by Month

Note: This figure shows coefficients on upstream and downstream cover crop adoption share by month
from regressions in equation (7) that control for precipitation, growing degree days, extreme degree days,
and the shares of cash crops and urban development in the area. Dots represent estimated coefficients, and
dashed lines indicate 95% confidence intervals. Upstream cover crop adoption (red) is expected to influence
water quality, while downstream adoption (blue) serves as a placebo test. Data covers years 2007 to 2017.
Standard errors are clustered at the subbasin level.
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5.4 Robustness Checks

We conduct a series of robustness checks to assess the sensitivity of our results to alternative

specifications, as reported in Table A3. Specifically, we re-estimate the models using daily

data instead of monthly averages and introduce additional fixed effects, including year-by-

month interactions and day-of-year controls, to better capture seasonality and temporal

variation. We also test the inclusion of control variables, placebo variables, and minimum

observation thresholds per site. Across all specifications, the estimated effects of upstream

cover crop adoption on nitrogen outcomes remain consistently negative and statistically

significant, with effect sizes similar to or even larger than those obtained using the baseline

monthly models. These findings reinforce the robustness of our main results and strengthen

confidence that the estimated reductions in nitrogen pollution are not driven by modeling

choices or data aggregation.

6 Cost–Benefit Analysis of EQIP–MRBI Investments

We define the benefit–cost ratio (BCR) as the average dollar value of reduced nitrogen

damages, based on the causal impact of cover crops on water quality in each subwater-

shed, divided by the total EQIP–MRBI expenditure in that subwatershed. Specifically, this

measure accounts for additionality by including only the 20% of cover crop acreage that is

attributable to the subsidy. Specifically, we use the following formula to calculate the BCR

of EQIP–MRBI:

BCR =
δ̂CC
MRBI × β̂N

CC × Total Nitrogen Load× Nitrogen Damage

Mean MRBI Payments
(8)

where δ̂CC
MRBI is the 1.75 percentage-point increase in cover crop adoption attributed to MRBI

(Section 4) and β̂N
CC is the estimated 0.83% reduction in total nitrogen concentration with

every one-percentage-point increase in upstream cover crop adoption share (Section 5). We

compute the average total nitrogen load for targeted subwatersheds by combining total

nitrogen concentrations with discharge rates at each monitoring station across the six states,

as shown in Equation (9).

Total Nitrogen Loadym =
∑
d

(
Discharge Rateymd × Total Nitrogen Concentrationym

)
(9)

We monetize that reduction in nitrogen in surface water at $16,100 per ton (Sobota
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et al., 2015). As shown in the Table A4, this value is appropriate because it lies near the

median of estimates in the literature on the social costs of nitrogen in the United States

and encompasses multiple categories of damages. We acknowledge, however, that estimates

in prior studies range widely, from a few hundred to several tens of thousands of dollars

per ton, depending on the geographic scope, the share of applied nitrogen that enters the

environment, the set of damage categories considered (e.g., impacts on fisheries, human

health, or drinking water), and the valuation methods employed.

We compare the resulting monetary benefit to the average MRBI payments per targeted

subwatershed to derive the BCR. Our back-of-the-envelope calculation yields an BCR of

roughly 2.52 (95% confidence interval: [0.30, 4.73])10, reflecting only water pollution reduc-

tion benefits. This estimate likely represents a lower bound of the BCR for EQIP–MRBI,

as it does not account for private benefits to farmers, such as improved cash crop yields and

reduced production risk over the long term (Ma et al., 2023) and other social benefits such

as soil carbon sequestration. This measure provides a useful baseline for assessing EQIP’s

impact on nitrogen reduction and underscores how cover crops can help offset a portion of

the broader damages caused by excess nitrogen.

7 Conclusions

This study evaluates the effectiveness of EQIP in promoting cover crop adoption and its

subsequent impact on water quality in the Midwest. Using a novel 17-year satellite-derived

dataset and harmonized water quality metrics, we find that EQIP–MRBI increased cover crop

adoption share by 1.75 percentage points, with persistent effects beyond program funding,

which is a 29% increase over baseline. At the same time, while EQIP subsidies generate

persistent adoption of cover crop, their additionality is limited, underscoring the need for

sharper targeting to enhance environmental effectiveness. Our empirical results suggest that

a one percentage point increase in upstream cover crop adoption leads to a 0.83% reduction

in total nitrogen concentration in surface water, while no statistically significant effect is

observed for phosphorus. These findings highlight the potential of PES programs to mitigate

nutrient pollution, while also underscoring challenges related to program design, targeting,

and the adequacy of conservation subsidies. Although EQIP’s cover crop incentives recover

252% of their implementation costs through nitrogen pollution reduction, sustained impacts

10We calculate the 95% confidence interval of the BCR using the delta method assuming independence
of δ̂CC

MRBI and β̂N
CC. If we assume a moderately positive correlation coefficient of 0.2 between δ̂CC

MRBI and β̂N
CC,

reflecting that both parameters are likely influenced by common data and specification features, such as the
same spatial or temporal shocks that tend to attenuate both effects in the same direction, creating a positive
covariance, then we will get a wider confidence interval [0.09, 4.94].
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will require greater and more consistent investment, particularly in effective regions where

milder winter conditions enable cover crops to establish and generate substantial benefits.

Enhancing long-term adoption and improving environmental targeting remain critical policy

considerations, but these objectives cannot be achieved without adequate public funding.
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A Supplemental Figures and Tables

Figure A1: Distribution of Cover Crop Acreage and Share across Subwatershed–Years

0 2000 4000 6000 8000 10000 12000
Cover crop acreage

0

1000

2000

3000

4000

5000

6000

7000

8000

Nu
m

be
r o

f s
ub

wa
te

rs
he

d-
ye

ar
s N = 22,789Mean = 452.34

Median = 222.01

Cover Crop Acreage

0.0 0.2 0.4 0.6 0.8 1.0
Cover crop share

N = 22,789Mean = 0.06
Median = 0.03

Cover Crop Share

Note: This figure shows histograms of cover crop acreage (left) and cover crop share (right) across subwa-
tershed–years. The y-axis represents the count of subwatershed–years by bin. Vertical lines mark the mean
(red, dashed) and median (green, solid) values for each distribution. Data cover the period 2008–2023 and
include all subwatersheds in MRBI priority areas after excluding those ever treated under NWQI and those
not intersecting with states where treated subwatersheds are located.
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Figure A2: Event-Study Estimates of EQIP–MRBI Effects on Cover Crop Adoption: Short
vs. Long Frozen Seasons

(a) Short Frozen Season – Adoption Share (b) Long Frozen Season – Adoption Share

(c) Short Frozen Season – Adoption Acreage (d) Long Frozen Season – Adoption Acreage

Note: The figure presents estimates from a difference-in-differences event-study design in Equation (3)
following de Chaisemartin and D’Haultfœuille (2024). The top panels present results using cover crop
adoption share as the outcome, while the bottom panels present results using adoption acreage, separately
for subwatersheds with shorter frozen seasons (average length: 65 days) and longer frozen seasons (average
length: 112 days). Frozen season length is defined as the number of days between the first date with at least
three consecutive days of mean temperature below 0◦C, based on 30-year climate normals from 1991 to 2020.
All coefficients are estimates relative to the baseline year immediately preceding project implementation
(t=0). The horizontal line at 0 marks this baseline, and the vertical dashed grey line corresponds to the year
of MRBI initiative implementation. Standard errors are clustered at the HUC-12 level. Red bars indicate
95% confidence intervals.
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Figure A3: Effects of MRBI on Cover Crop Adoption with Matching DID

(a) Cover Crop Share

(b) Cover Crop Acreage

Note: The figure presents estimates from a difference-in-differences event-study design in Equation (3)
de Chaisemartin and D’Haultfœuille (2024), estimated on a matched comparison set with matching weights.
Matching covariates: pre-treatment cover crop-share trend, three-year average cropped acreage, soil produc-
tivity indices, slope, and soil water properties.Panel (a) reports results using cover crop adoption acreage as
the outcome, while panel (b) uses the adoption share. All coefficients are estimates relative to the baseline
year immediately preceding project implementation (t=0). The horizontal line at 0 marks this baseline,
and the vertical dashed grey line corresponds to the year of MRBI initiative implementation. Standard
errors are clustered at the HUC-12 level. Red bars indicate 95% confidence intervals. The analysis uses an
unbalanced panel of HUC-12 watersheds from 2008–2023, consisting of 209 ever-treated HUC-12s and 1,262
never-treated controls, for a total of 16,803 HUC12–year observations and 1,064 treatment switch periods.
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Figure A4: Subwatersheds with Multiple Monitoring Stations by Compound Type

(a) Total Nitrogen (b) Organic N + Ammonia N (TKN)

(c) Nitrate (d) Ammonia

(e) Total Phosphorus (f) Orthophosphate

Note: The figure maps subwatersheds with multiple water-quality monitoring stations used in the regres-
sions following Equation (6), categorized by compound type. Blue shading highlights subwatersheds that
contain two or more monitoring stations operating for more than 30 months and recording the corresponding
compound type. Because the regressions include subwatershed-by-year fixed effects, all identification comes
from subwatersheds with at least two monitoring stations, which provide within-subwatershed-year variation
in upstream and downstream cover crop adoption share measurements. Each panel corresponds to a specific
compound—total nitrogen (TN), total Kjeldahl nitrogen (TKN), nitrate, ammonia, total phosphorus (to-
tal phosphorus), and orthophosphate-with spatial patterns reflecting differences in monitoring coverage and
data duration across compounds. 45



Table A1: Comparison of Estimated Effects of Cover Crops on Nitrogen Outcomes Across
Studies

Study Context Methods Effect Size

Hsieh and Gramig
(2024)

Midwest, 2008–2018,
across-subbasin variation

Panel FE ↑ 1 pp CC
⇒ ↓ 2% TN

Liu et al. (2023) U.S., 2005–2015,
across-watershed variation

Upstream-
downstream DID

↑ 10% EQIP payments
⇒ ↓ 0.29% TN

Hanrahan et al. (2021) Northcentral Ohio, 2012-2019,
field experiments

Edge-of-field monitor,
Wilcoxon Test

↓ 52% TN in tile drainage,
↓ 6% TN in surface runoff

This paper Midwest, 2007-2018,
within-subwatershed
variation

Panel FE
controlling cover
crop downstream

↑ 1 pp CC
⇒ ↓ 0.88% total nitrogen
(TN)

Table A2: Comparison of Estimated Effects of Cover Crops on Phosphorus Outcomes Across
Studies

Study Context Methods Effect Size

Liu et al. (2023) U.S., 2005–2015,
across-watershed variation

Upstream-
downstream DID

↑ 10% EQIP payments
⇒ ↑ 0.23% TP

Hanrahan et al. (2021) Northcentral Ohio, 2012-2019,
field experiments

Edge-of-field monitor,
Wilcoxon Test

↑ 7% dissolved reactive phospho-
rous (DRP)
in tile drainage,
↓ 16% DRP in surface runoff

This paper Midwest, 2007-2018,
within-subwatershed
variation

Panel FE control-
ling cover crop
downstream

No effect on TP,
↑ 1 pp CC
⇒ ↑ 0.53% orthophosphate
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Table A3: Robustness Checks Using Daily Data and Expanded Fixed Effects

(1) (2) (3) (4) (5) (6)

No Controls
CC upstream -1.433∗∗∗ -0.975∗∗∗ -0.369∗∗∗ -0.719∗∗ -1.432∗∗∗ -0.300∗∗

(0.140) (0.172) (0.113) (0.343) (0.265) (0.130)
Controls

CC upstream -1.093∗∗∗ -0.807∗∗∗ -0.351∗∗∗ -0.813∗∗ -0.927∗∗∗ -0.314∗∗

(0.127) (0.200) (0.109) (0.343) (0.246) (0.125)
Controls + Placebo

CC upstream -0.523∗∗∗ -0.799∗∗∗ -0.241∗ -0.842∗∗ -0.572∗ -0.216
(0.169) (0.268) (0.137) (0.355) (0.334) (0.137)

Controls + ≥50 obs
CC upstream -0.925∗∗∗ -1.115∗∗∗ -0.474∗∗∗ -0.654∗ -1.238∗∗∗ -0.470∗∗

(0.133) (0.158) (0.169) (0.368) (0.206) (0.190)

Fixed Effects year×month
+ doy

huc8 +
year×month
+ doy

huc12 +
year×month
+ doy

huc12×year
+
year×month
+ doy

state×year
+
year×month
+ doy

MLI +
year×month
+ doy

Notes: The table reports robustness check results using daily water quality data instead of monthly averages
and including additional fixed effects such as year-by-month interactions and day-of-year controls. Columns
vary by the set of fixed effects, while rows vary by the inclusion of control variables, placebo variables, and
the minimum number of observations per site. Across all specifications, the effect of upstream cover crop
adoption (CC upstream) remains negative and statistically significant, with effect sizes comparable to those
from the main specification, supporting the robustness of the main findings.

Table A4: Economic damages from nitrogen pollution across different studies

Source Damages Geographic scope

Taylor and Heal (2021) $583 U.S., per ton of nitrogen applied
Sobota et al. (2015) $16,100 U.S., per ton of nitrogen
Van Grinsven et al. (2013) $13,338–$53,351 E.U., per ton of nitrogen
Compton et al. (2011) $56,000 GoM fisheries decline, per ton of nitrogen
Compton et al. (2011) $6,380 CB recreational use, per ton of nitrogen
Von Blottnitz et al. (2006) $300 E.U., per ton of nitrogen

Dodds et al. (2009) $2.2 billion U.S., freshwater eutrophication, annually
Kudela et al. (2015) $4.6 billion U.S., algal blooms, annually
Boehm et al. (2020) $0.552–$2.4 billion GoM fisheries & marine habitat, annually
Anderson et al. (2000) $449 million U.S., algal blooms, annually

Notes: This table is adapted from Metaxoglou and Smith (2025). This table summarizes estimates of
damages caused by nitrogen pollution from various studies. Damages are presented in monetary terms per
ton of nitrogen or as annual aggregate damages, depending on the study. The geographic scope indicates the
region for which the damage estimates apply. Estimates vary depending on scope and valuation methods.
Abbreviations: U.S. = United States, E.U. = European Union, GoM = Gulf of Mexico, CB = Chesapeake
Bay.
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B Institutional Appendix: EQIP and MRBI

B.1 The EQIP Mechanism

EQIP, administered by the USDA NRCS, provides financial and technical assistance to farm-

ers, ranchers, and nonindustrial private forest landowners to plan and implement conserva-

tion practices that improve soil health, water quality, and other environmental outcomes on

agricultural land.

The Food Security Act of 1985, as amended by subsequent farm bills in 2002, 2008,

2014, and 2018, specifies that EQIP’s purpose includes optimizing environmental benefits.

However, its cost-effectiveness has been a point of controversy. Reports from the Office

of Inspector General (OIG) have found that NRCS’s methods for allocating EQIP funds to

states and distribution within states have not sufficiently prioritized environmental concerns.

Furthermore, while EQIP is designed to enhance environmental outcomes, the NRCS ranking

tool used to assess applications does not accurately measure environmental benefits, and cost-

effectiveness is given only a 10% weight—insufficient to meaningfully impact the selection

process (USDA OIG, 2014; GAO, 2017).

To fulfill this goal, the USDA NRCS develops national conservation priorities and de-

termines each state office’s funding allocation, including nationally targeted initiatives and

discretionary amounts for state offices. The state offices then address state-specific environ-

mental issues and distribute EQIP funds.

The program follows a structured process: Producers submit applications to local NRCS

offices voluntarily, which are then evaluated and ranked within funding pools based on envi-

ronmental benefit and cost-effectiveness. Selected applicants enter into contracts specifying

the approved practices and implementation schedules. Once practices are completed and

verified to meet NRCS standards, participants receive cost-share payments, which typically

cover a portion of installation costs.

The program reimbursed producers a percentage (up to 75 percent) of actual costs from

the implementation of conservation practices from 1996 to 2008 and conducts payments

based on a payment schedule depending on state-determined cost estimates starting in 2009.

Nowadays, payments are generally made at flat rates that vary by conservation practice,

state, and specific program guidelines. Payment schedules are determined at the state level,

based on standardized practice scenarios developed at the regional level by the NRCS. Each

state establishes cost-share rates for approved practices, generally covering up to 75 percent

of the estimated implementation cost for most producers. Historically underserved farmers,

including beginning, socially disadvantaged, limited-resource, and veteran producers, are
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eligible for higher cost-share rates of up to 90 percent and may also receive advance payments

to help cover up-front expenses prior to implementation. EQIP contracts may range from

one to ten years, although most are shorter. In the case of cover crop practices, contract

periods generally last no more than five years.

Apply

voluntarily

Ranked

in pools

Sign

contract

Complete

practice

Flat-rate

payment

B.2 The MRBI Mechanism

The MRBI was launched in 2009 as a targeted conservation effort under EQIP to reduce

nutrient runoff and improve water quality across the Mississippi River Basin. MRBI oper-

ates in twelve participating states, including Illinois, Indiana, Iowa, Minnesota, Ohio, and

Wisconsin. Within the Basin, the NRCS designates subbasin-level priority zones based on

nutrient-loading and water-quality impairments. Each state retains discretion in selecting

specific subwatersheds and implementation partners—such as state agencies, conservation

districts, and nonprofit organizations—to carry out watershed projects.

Each MRBI project generally includes a readiness (planning) phase of up to two years

followed by a three- to five-year implementation phase. During implementation, producers

enroll in EQIP and sign multi-year contracts to adopt approved conservation practices (e.g.,

cover crops, nutrient management, residue management). EQIP contracts obligated under

MRBI are subject to the same terms and conditions as other EQIP contracts. Although

project funding for new enrollments is limited to the implementation period, EQIP contracts

signed under MRBI may extend beyond the project’s official end date, as participants remain

obligated to maintain practices for the full contract term, which typically is up to five years.

Although NRCS issues national guidance, state NRCS offices determine their own partner-

selection and watershed-ranking criteria, tailoring the process to local priorities and capacity.

For example, Minnesota’s State Technical Committee applies a point-based watershed-

selection system as below.

• Documentation of Pollution Issues and Planning (0–40 points): evaluates the

presence of water-quality plans and analyses, including Total Maximum Daily Load

(TMDL) reports, Watershed Restoration and Protection Strategies (WRAPS), Ground-

water Restoration and Protection Strategies (GRAPS), hydrologic-function analyses,

and comprehensive watershed plans such as One Watershed, One Plan. Watersheds

receive higher scores when these documents explicitly link identified pollutant sources

to proposed interventions and include measurable monitoring frameworks.
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• Local Readiness (0–40 points): measures the strength of partnerships, leadership

capacity, producer willingness, and outreach. Points are awarded for clearly defined

lead organizations, formal partnership agreements or letters of support, farmer com-

mitments, co-funding, and detailed outreach and community-engagement plans.

• Multiple Benefits (0–20 points): credits projects that deliver co-benefits beyond

water-quality improvement (e.g., wildlife or pollinator habitat, flood-reduction, soil-

health, or air-quality benefits—and) that align with complementary state or regional

plans (e.g., Minnesota Prairie Conservation Plan or Drinking-Water Supply Manage-

ment Plans).

These point-based criteria serve as an example of how MRBI projects are prioritized at

the state level. While the specific indicators and weights differ across states, most apply

comparable principles.

MRBI therefore integrates EQIP’s practice-based contracting framework with state-

specific spatial targeting and competitive selection, enabling NRCS to focus limited con-

servation funds in watersheds where conservation practices are expected to yield the highest

environmental returns.

B.3 Hydrologic Unit Hierarchy

Hydrologic units are standardized geographic areas delineated by the U.S. Geological Survey

(USGS) based on surface water drainage patterns. Each unit is assigned a unique Hy-

drologic Unit Code (HUC) that follows a hierarchical structure: larger regions are divided

into progressively smaller units, including subregions (HUC-4), basins (HUC-6), subbasins

(HUC-8), watersheds (HUC-10), and subwatersheds (HUC-12). A subbasin (HUC-8) rep-

resents a medium-scale drainage area, while a subwatershed (HUC-12) represents a smaller

tributary area nested within a subbasin. Figure 2 illustrates the spatial extent of subbasins

(red boundaries) and subwatersheds (blue filled units) used in the analysis.
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C Background on Nutrient Pollution and Cover Crops

C.1 Nutrient Pollution

Nitrogen and phosphorus, essential nutrients for all life forms, are fundamental components

of commercial fertilizers. Excessive fertilizer usually occurs in high-performing yield regions

(with high values of the percentage of the observed to attainable yield), including the U.S.

These excessive nutrients can easily run off into surface water or leach into groundwater

during heavy rainfall, leading to serious environmental and economic issues.

Eutrophication, a major consequence of nutrient overabundance in water bodies, leads to

rapid algae and aquatic plant growth, disrupting ecosystems and recreational activities. This

process depletes oxygen and blocks sunlight, essential for underwater life, eventually creating

uninhabitable ”dead zones.” The Gulf of Mexico hosts the U.S.’s largest dead zone, spanning

about 6,500 square miles each summer, primarily due to nutrient runoff from the Mississippi

River Basin. Additionally, harmful algae blooms can produce toxins, posing severe risks

to wildlife, pets, and humans. Recent estimates suggest that nitrogen and phosphorus pol-

lution costs the U.S. at least $4.6 billion annually, with the greatest losses attributed to

diminished property values and recreational uses of water (Kudela et al., 2015). Imple-

menting regenerative agricultural practices upstream could offer a cost-effective solution by

enhancing soil quality and productivity benefits to the farmers themselves and providing a

positive externality to the downstream water bodies.

Moreover, nitrogen pollution presents serious health hazards, particularly in areas reliant

on private water sources in heavily farmed regions, which suffer from inadequate monitoring

and regulation. The U.S. has set the maximum contaminant level for nitrate in drinking

water at 10 mg/L as nitrate-nitrogen (NO3-N) to prevent infant methemoglobinemia, or

”blue baby syndrome.” However, this does not account for other health effects. Long-term

exposure to nitrate levels below the standard may still pose health risks, including colorectal

cancer, thyroid disease, and neural tube defects, as nitrates are converted into carcinogenic

compounds within the digestive system (Ward et al., 2018). Articles indicate a concerning

level of nitrate contamination across U.S. water systems. For instance, Iowa has documented

more than 7,000 private water wells contaminated with nitrates, and more than 200 of Iowa’s

community water systems struggle with high nitrate levels, periodically issuing ”Do Not

Drink” orders (Keith Schneider, 2023).
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C.2 How Cover Crops Reduce Nutrient Pollution

Nutrients from agricultural fields reach surface waters through two main hydrological path-

ways: surface runoff and subsurface leaching. Runoff transports particle-bound nitrogen and

phosphorus compounds during rainfall events, while leached nitrate moves through ground-

water or tile drainage systems and eventually reenters surface water as baseflow. In the

Midwest, where the water table is relatively high and artificial drainage is widespread, leach-

ing can therefore be a major contributor to surface-water pollution as well.

Cover crops mitigate nutrient losses through both channels. In the short run, their

vegetation provides a physical barrier that reduces runoff and erosion and actively takes up

residual soil nitrogen, thereby lowering leaching (Blanco-Canqui, 2018; Abdalla et al., 2019).

However, decomposition of plant residues before the next cash crop can temporarily release

nutrients, increasing the potential for leaching. As a result, empirical studies report mixed

effects of cover crops on water quality, particularly for soluble nutrients (Hanrahan et al.,

2021; Cober et al., 2018; Sharpley and Smith, 1991). In the long run, cover crops enhance

soil organic carbon, structure, and water-holding capacity, which further reduces nutrient

losses through both runoff and leaching (Blanco-Canqui, 2018; Abdalla et al., 2019).

C.3 Private Incentives for Cover Crop Adoption

From an economic perspective, farmers adopt cover crops only when the expected private

benefits exceed the costs of establishment, management, and potential yield penalties on

subsequent cash crops. In the short term, these costs often outweigh the private gains from

improved soil fertility or risk reduction (Bergtold et al., 2019; Roesch-McNally et al., 2018).

It may also be linked to the primary cash crop yield losses during the initial years of cover

crop adoption (Ma et al., 2023). There are also concerns that heavy plant residues from cover

crops might increase susceptibility to pests and weeds (Aiyer et al., 2024; Extension, 2021).

The benefits of enhanced soil organic carbon, nutrient retention, and water-holding capacity

accumulate slowly, making them difficult to capture within a single lease or planning horizon.

Institutional factors further dampen adoption. Tenant farmers—who operate a large share

of Midwestern cropland—lack long-term incentives to invest in soil health improvements on

rented land (Sawadgo et al., 2021). Timing of spring termination and equipment require-

ments adds to perceived risk. Consequently, cost-share and technical-assistance programs

such as EQIP and MRBI play a crucial role in overcoming these short-term disincentives

and aligning private decisions with socially optimal conservation outcomes.
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D Data Appendix

D.1 Cover Crop Adoption Data

The algorithm outlined in Figure A5 below presents our sophisticated approach for detecting

and analyzing winter cover crops by integrating remote sensing data, USDA survey data,

climate data, and machine learning techniques.

D.1.1 Satellite Data Processing and Vegetation Index Construction

In this paper, we develop a Python pipeline that leverages Google Earth Engine (GEE) to

automatically retrieve Landsat 5, 7, and 8 imagery from 2007 to 2024, compute vegetation

indices, and aggregate pixel-level information to field-level boundaries.

First, to ensure consistency and reduce contamination from atmospheric interference, we

apply a quality assurance mask using the QA PIXEL band to exclude pixels affected by

clouds, cloud shadows, and snow or ice. Second, we calculate 12 vegetation indices for each

pixel, including soil-adjusted ones that perform well in areas with low biomass on the ground.

We display the indices and their formula in Table 1 below. These indices are constructed

using atmospherically corrected surface reflectance products from the USGS Landsat Level

2, Collection 2, Tier 1 Dataset. Third, we extract the mean values of each vegetation index

at the field level by spatially reducing the imagery over field boundaries derived from the

Common Land Unit (CLU) dataset. We use the 2007 CLU dataset to define field boundaries,

under the assumption that parcel boundaries remain relatively stable over time. More recent

versions of the CLU dataset are no longer publicly available due to privacy restrictions. To

minimize edge effects and reduce noise in vegetation signals near field borders, we apply a

30-meter inward buffer to each field. For each Landsat image, we compute field-level average

values and annotate them with the image acquisition date. To manage computational load

and memory limits in GEE, the dataset is processed in chunks of 1,000 fields at a time, with

spatial clipping using convex hulls buffered around each subset.

The final dataset comprises field-level, date-stamped observations of all raw bands avail-

able through the Landsat dataset, as well as multiple vegetation indices constructed. They

are exported in CSV format for downstream analysis.

D.1.2 Data Harmonization and Interpolation

We harmonize and clean the field-level Landsat 5, 7, and 8 datasets to ensure consistency

across sensors, eliminate cloud-covered observations, and obtain more frequent observations.
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Figure A5: Algorithm for Identifying Cover Crops Using Remote Sensing Data

Field Area Shapefiles as Area
of Interest (AOI) 

Smooth Vegetation Indices (VI)
Time Series

Integrate Ground Truth Data
with Features

Bidirectional LSTM Random Forest RegressionCNN-LSTM

Annual Raster of Winter
Cover Crop Predictions

Python Pipeline to Download Data of AOI

USGS Landsat-5/7/8/9 
Level 2, Collection 2, Tier 1

USDA NASS Planting and
Harvest Progress Statistics PRISM Weather Dataset

CLU 2007 Transect Dataset

Field Level Ground Truth Cover
Cropping Data

GDD and Precipitation up to
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Max/Min/Median Values &
Dates

Data Retrieval
Data Processing
Final Product

Note: This figure presents the algorithm diagram used to generate annual field-level cover crop predictions
across the U.S. Midwest. The process begins with field area shapefiles that define the area of interest (AOI).
A Python-based pipeline retrieves satellite imagery from USGS Landsat 5, 7, and 8 Level-2 Collection 2 Tier-
1 datasets, alongside USDA NASS planting and harvest progress data, PRISM weather variables, and 2007
CLU boundaries. Ground-truth field-level cover crop data are integrated with smoothed vegetation index
(VI) time series and derived features such as growing degree days (GDD) and precipitation up to the NDVI
maximum, minimum, and median dates. Machine-learning models, including Random Forest, Convolutional
Neural Network–Long Short-Term Memory (CNN–LSTM), and Bidirectional LSTM, are trained to predict
winter cover crop presence for each pixel. The final product is an annual raster map of winter cover crop
adoption aggregated at the field level.
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Combining Landsat 5, 7, and 8 imagery from Collection 2 Level-2 Tier 1 is standard practice,

as USGS’s Collection 2 processing streamlines radiometry, geometry, and QA across sensors

so that data from different missions are considered analysis-ready without additional harmo-

nization. We standardize the column names since band naming conventions differ slightly

between sensors. For each field and date, duplicate observations are resolved by retaining the

one with the lowest atmospheric opacity, measured by the SR ATMOS OPACITY value,

as a proxy for image quality. Additionally, we filter out invalid records based on reflectance

thresholds (e.g., SR B2 ≥ 50, 000), which may indicate sensor artifacts or residual cloud

contamination.

To produce temporally regular and noise-reduced time series for each field, we implement

a temporal alignment and interpolation procedure for all available variables. First, we snap

all observation dates to the nearest 7-day interval to align data across fields with different

imaging schedules. Second, we apply a custom function to smooth the time series if there

are large sharp dips in vegetation indices, indicating the presence of undetected clouds or

shadows. Finally, we use the Piecewise Cubic Hermite Interpolating Polynomial (PCHIP)

method to interpolate the data, fill in the missing values, and thus construct a complete time

series with 7-day intervals. PCHIP provides a smooth approximation while preserving the

monotonicity and shape of the original data, as we assume that biomass generally changes

gradually and that high-frequency noise in vegetation indices often stems from radiometric

variability rather than true ecological signals.

The final output is a harmonized, field-level vegetation index dataset suitable for down-

stream analysis. It includes field-level time series data at 7-day intervals spanning 2007 to

2024, with each observation containing both the original and interpolated values for all bands

from the satellite and 12 vegetation indices. The dataset is well-suited for modeling biomass

dynamics and detecting management practices such as cover cropping.

D.1.3 Determination of Fall and Spring Cover Crop Growing Seasons

This study determines the annual critical freezing dates based on the PRISM daily average

temperature dataset and thereby decides the fall and spring growth windows of cover crops.

The core of the algorithm lies in identifying the first non-freezing day of each spring (i.e.,

the earliest continuous warm period after the last freezing event in the spring) and the end

of the non-freezing period in each fall (i.e., the latest warm period before the first freezing

event in fall or winter). The specific process is as follows:

First, we utilize the Google Earth Engine API to retrieve county-level administrative

boundaries for Midwestern states and extract the spatial average of daily mean temperature

data from the PRISM dataset for the period 2007–2024. For each county and year, we
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construct a daily temperature series spanning January 1 to December 31. Second, we identify

consecutive 3-day periods with average temperatures above 0 ◦C (i.e., freeze-free conditions)

with a moving window approach. Third, we record the earliest such period in a given year

as the spring reference date, marking the start of the safe planting window, and the latest

such period as the fall reference date, indicating the end of the freeze-free season. The three-

day criterion filters out short-term fluctuations and enables a more robust and conservative

identification of sustained non-freezing intervals.

We then define the growth window period of cover crops based on the definition of non-

freezing days and the harvest and planting season of the cash crops. We define the fall cover

crop season as the period from the median harvest date of the cash crop to one week after the

last frost-free day in the fall or winter. The spring cover crop season is defined as the period

from one week before the first frost-free day in the spring to two weeks before the median

planting date. Cover crops typically require 4 to 8 weeks before the fall reference date or 6

to 10 weeks after the spring reference date to germinate and accumulate sufficient biomass

(Nagila et al., 2022; SARE, 2021). Additionally, we also take into account the harvest and

planting times of cash crops. The region we study lies within the zone where cover crops

are typically terminated at or before cash crop planting, and in some areas, even before

crop emergence (USDA NRCS, 2019). Accordingly, we define the end of the spring cover

crop growing season as the median planting date of corn or soybeans. We extract state-

and year-specific median planting and harvesting dates from USDA NASS Crop Progress

and Condition survey data. We extend the fall and spring seasons by one week beyond the

last and before the first non-freezing dates, respectively, to better capture the whole growth

cycle of cover crops and reduce false negatives in detection. This buffer helps ensure that

we do not miss vegetation signals indicative of cover cropping. This adjustment is critical

given the imbalance in the ground truth data, where non-cover-cropped fields substantially

outnumber cover-cropped ones. Accurate identification of cover-cropped fields is therefore

essential for improving model performance.

D.1.4 Model Training and Performance

We began by partitioning the dataset into two parts: a training and validation set comprising

90% of the observations, and an untouched test set comprising the remaining 10%. The test

set was held out at the start and used only once at the end to evaluate the final ensemble,

ensuring an unbiased estimate of generalization.

Within the training and validation split, we applied a five–fold cross-validation procedure.

In each fold, four subsets were used for training and one for validation, rotating across folds so

that every observation contributed once to validation. To prepare the data for modeling, we
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Figure A6: Workflow for Constructing the field-Level Cover Crop Dataset

Ground-truth (windshield surveys)

Spatial averages

Annual cover crop adoption: 
1 if cover crop present Oct 15–
May 15, 0 otherwise.

Out-of-sample accuracy: 95%

Machine learning methods 
trained to minimize 
prediction error relative to 
ground-truth labels

Ground-truth Label = 1

Ground-truth Label = 0

Input data: 24 variables × 28 weeks 
across 500M+ plot-years

Note: This figure illustrates the workflow used to construct the annual field-level cover crop dataset across
the U.S. Midwest. Satellite imagery from Landsat 5, 7, and 8 was processed into 24 time-varying spectral
and vegetation variables for each pixel, which were then averaged within each field and interpolated into
24 weekly time series spanning 28 weeks per year, covering more than 500 million field-year observations.
Ground-truth labels were obtained from windshield surveys that recorded whether cover crops were present
in fall and spring during each observation year. Machine-learning models were trained to minimize prediction
error relative to these labels, achieving an out-of-sample accuracy of approximately 95.1%. Annual cover
crop adoption is defined as 1 if a cover crop was detected between October 15 and May 15 and 0 otherwise.
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standardized features using a StandardScaler fitted only on the training partition, applying

the transformation consistently across validation and test observations.

On each fold we trained two deep learning architectures, a convolutional neural network

with a long short-term memory layer (CNN–LSTM) and a bidirectional long short-term

memory network (BiLSTM), and a random forest model. Sequence inputs into the deep

learning models were organized as length-28 time series with 24 features, preserving the

temporal structure of the original signals. And the data input to the random forest model

include 140 features for each plot-year. The CNN–LSTM consisted of a one-dimensional

convolution over the time dimension, followed by a two-layer LSTM with hidden size 128,

with the last hidden state passed through a fully connected layer to produce a binary logit.

The BiLSTM employed a two-layer bidirectional LSTM of the same hidden size, followed

by a nonlinear dense layer with dropout and a final output node. Both models were trained

with the Adam optimizer using a learning rate of 0.0005 and weight decay of 1e-5. The loss

function was binary cross-entropy with logits, augmented by a positive-class weight equal

to the ratio of negative to positive examples in each training fold in order to address class

imbalance. Training was conducted for up to forty epochs, and the best model from each

fold was selected on the basis of validation performance measured by the area under the

precision–recall curve (PR-AUC). We also trained a random forest regressor with 1,000 trees

and a maximum depth of 40. Class imbalance was addressed by applying class weights

so that minority outcomes were upweighted relative to majority outcomes during training.

Random forests operate by fitting each decision tree to a bootstrap sample of the data while

randomly subsampling features at each split, thereby reducing correlation across trees and

improving generalization. The final prediction is obtained by aggregating the outputs of

all trees, which allows the model to capture nonlinearities and complex interactions among

predictors without requiring strong parametric assumptions.

The three models are incorporated into an ensemble framework. The motivation for

ensembling is that different model classes capture different structures in the data: the

deep learning models are designed to extract temporal dynamics from sequential covariates,

whereas the random forest performs well on tabular predictors and can model nonlinear

threshold effects more directly. By stacking the predictions from each model with a meta-

learner, we leverage the complementary strengths of these approaches, reduce the risk of

overfitting to any single model, and achieve more stable and accurate predictions on the

held-out test set.

To combine information across models, we implemented a stacking procedure. Out-of-

fold predictions from the CNN–LSTM, BiLSTM, and random forest models on the validation

partitions were collected and used as inputs to a logistic regression meta-learner. This meta-
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learner was then applied to the untouched test set by first generating predictions from both

base models and passing them through the trained logistic regression. The resulting ensemble

predictions were averaged across folds to provide the final classification output. Model

performance was assessed using average precision as the primary metric, with additional

reporting of ROC-AUC, F1 score, accuracy, balanced accuracy, and Cohen’s kappa. To

summarize classification performance, thresholds were swept on the validation predictions to

identify the value that maximized the F1 score, and this threshold was used as a reference

when reporting results.

The final stacked model demonstrates strong predictive performance on the held-out

test set. Averaged across the five cross-validation folds, the ensemble achieves 95.07% over-

all accuracy, indicating that the majority of field-year observations are correctly classified.

However, given the imbalance between positive and negative outcomes in the data, accuracy

alone is not sufficient to assess model quality. The F1 score of 0.73 reflects a balanced trade-

off between precision and recall, showing that the model is effective at identifying cover crop

adoption while limiting false positives. The PR-AUC reaches 0.80, further underscoring the

model’s robustness in distinguishing positive cases in an imbalanced setting. Finally, Cohen’s

kappa of 0.71 confirms substantial agreement between predicted and observed outcomes be-

yond chance. Taken together, these metrics indicate that the CNN–LSTM, BiLSTM, and

random forest ensemble, combined through stacking, provides a reliable tool for predicting

cover crop adoption at the field level.

D.2 Weather

The PRISM dataset integrates observations from multiple monitoring networks, uses spa-

tial interpolation techniques, and provides realized weather information at approximately

4-kilometer resolution. The CDL offers 30-meter resolution land cover classifications annu-

ally distinguishing cultivated cropland from other land uses based on satellite imagery and

decision-tree classification methods.

To isolate agricultural areas, we generate annual crop masks by identifying pixels classified

as “cultivated” in the CDL each year. These masks are applied to the daily temperature and

precipitation rasters, retaining values for agricultural pixels and excluding those for other

types of pixels. We compute extreme degree days (EDDs), a widely used measurement in the

literature that captures heat stress relevant to agricultural production (Schlenker et al., 2006;

Schlenker and Roberts, 2009; Ortiz-Bobea, 2020). We define EDD measures as cumulative

exposure to harmful temperatures above a crop-specific threshold:
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EDD =
1

T

T∑
t=1

max (Tempt − TempBase, 0)

where T is the number of days in the growing season, Tempt is the maximum temperature

on day t, and TempBase is the temperature threshold to define the extreme temperature,

which could be different for each crop. Following Ortiz-Bobea (2020), we set the threshold

at 30 ◦C, a value commonly used to assess the impact of extreme heat on maize yields in

the U.S.

We compute EDDs at the pixel level based on the masked temperature data and aggregate

the pixel-level EDDs to the county level, averaging spatially within each county boundary.

This procedure is repeated across all days in the growing season and for each year, producing

a panel of county-by-year extreme weather variables.

D.3 Soil Characteristics

We use the gridded National Soil Survey Geographic Database (gNATSGO), a 30 m raster

dataset that harmonizes SSURGO, STATSGO2, and the National Soil Information System

into a seamless, high-resolution soil property surface. The dataset includes a rich set of

variables relevant to soil quality, agronomy, and environmental outcomes. Specifically, we

extract available water storage (AWS, mm) at multiple depth ranges (e.g., 0–5 cm, 0–20

cm, 0–100 cm, and intermediate layers such as 20–50 cm or 50–100 cm); soil organic carbon

stocks (SOC, g C/m²) over analogous depth intervals; and derived metrics such as rooting

zone available water, root zone effective rooting depth (emc), and droughtiness indices.

We also incorporate categorical crop productivity ratings (NCCPI v3), including overall

index and crop-specific values for corn and soybeans. For each farm plot CLU polygon,

we compute spatial means of continuous attributes, yielding field-level soil indicators that

capture heterogeneity in water holding capacity, organic matter content, rooting conditions,

and crop productivity potential.
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E Robustness and Heterogeneity Analyses

E.1 Heterogeneity by State

This section explores how the effects of EQIP–MRBI on cover crop adoption vary across

states. Because each state has discretion in project design, outreach, and technical assis-

tance, implementation may differ substantially. However, the number of treated subwater-

sheds within some states (e.g., Wisconsin) is relatively small, which limits statistical power.

Consequently, these state-level estimates should be viewed as descriptive patterns rather

than causal effects. The corresponding event-study results are shown in Figures A7 and A8.

The results show substantial differences across states. Indiana’s strong and most persistent

response might reflect higher program penetration, stronger outreach, or more favorable

agronomic conditions. Iowa and Illinois experience moderate gains that build in the middle

years but appear to taper off or even have negative effects in later years. Farmers in these

states may have tried the program for a short period and then decide to drop out. This

is consistent with evidence from the literature that the yield effects of cover crops do not

show up until 5 to 8 years of continuous adoption (Ma et al., 2023). Ohio exhibits noisy

and uncertain effects, with a statistically significant pre-trend, suggesting that they might

be targeting high-adoption areas. The positive impacts observed after implementation could

largely reflect a return to pre-existing trends, with sporadic years showing no effects, po-

tentially affected by unobserved shocks. Both Minnesota and Wisconsin show only minor

effects on cover crop adoption, which return to pre-treatment levels once the treatment ends,

suggesting the program had limited impacts in these states.
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Figure A7: Event Study of MRBI Effects on Cover Crop Share, by State

(a) Iowa (b) Illinois

(c) Indiana (d) Minnesota

(e) Ohio (f) Wisconsin

Note: The figure presents estimates from a difference-in-differences event-study design in Equation (3)
following de Chaisemartin and D’Haultfœuille (2024). Each panel reports results using cover crop adoption
acreage as the outcome, separately by state. All coefficients are estimates relative to the baseline year
immediately preceding project implementation (t=0). The horizontal line at 0 marks this baseline, and the
vertical dashed grey line corresponds to the year of MRBI initiative implementation. Standard errors are
clustered at the HUC-12 level. Red bars indicate 95% confidence intervals.
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Figure A8: Event Study of MRBI Effects on Cover Crop Acreage, by State

(a) Iowa (b) Illinois

(c) Indiana (d) Minnesota

(e) Ohio (f) Wisconsin

Note: The figure presents estimates from a difference-in-differences event-study design in Equation (3)
following de Chaisemartin and D’Haultfœuille (2024). Each panel reports results using cover crop adoption
acreage as the outcome, separately by state. All coefficients are estimates relative to the baseline year
immediately preceding project implementation (t=0). The horizontal line at 0 marks this baseline, and the
vertical dashed grey line corresponds to the year of MRBI initiative implementation. Standard errors are
clustered at the HUC-12 level. Red bars indicate 95% confidence intervals.
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