ABSTRACT

COORAY, AYESHA LEILANI. Essays on Agricultural Production and Surface Water Quality. (Under the
direction of Dr. Junjie Wu and Dr. Roderick Rejesus).

Food and fiber are among our most basic needs as human beings. As such, agriculture is one of the most
critical sectors of the economy. As an industry, agriculture is both highly dependent on natural processes and
the source of pervasive environmental degradation. The focus of this dissertation is the relationship between
agricultural production and water quality in the United States. The goal of the following three chapters is
to evaluate how shifts in on-farm production practices can minimize adverse environmental outcomes and
improve resilience to climate change and economic shocks. This dissertation aims to generate actionable

insights for producers and policymakers that balance economic goals with environmental stewardship.

Chapter 1, Surface Water Impairment from Storms and Swine in North Carolina, leverages variation
in upstream density of swine feeding operations across surface water monitoring locations in the state of
North Carolina and the exogeneity of rainfall to quantify the degree of water quality degradation that
occurs from these facilities with the onset of extreme precipitation. I use geospatial stream/river flow data to
construct the direction of flow across watersheds in North Carolina and chart the upstream river segments for
surface water monitoring locations throughout the state. Combining this information with permitted facility
locations, allowed animal counts, and daily precipitation data, I estimate difference-in-difference models.
The results of this chapter are important to the sustainability of hog production in North Carolina given the
state’s susceptibility to hurricanes and projections for more frequent extreme rainfall with climate change.
A key contribution of the paper is the close examination of the existing protocols of North Carolina’s Swine
Waste General Permit and how these stipulations impact public and private incentives within lagoon-spray
field waste management systems. In doing so, this chapter is not only able to articulate the impact of hog
feeding facilities on water quality but also identify policy implications for North Carolina’s Animal Feeding

Operations Permit program.

Chapter 2, The Impact of Conservation Tillage Intensities on Mean Yields and Yield Risk, examines the
productivity and production risk effects of conservation tillage practices in the Piedmont region of North
Carolina using long-term field trial data for corn and soybeans. This paper was published in a special issue
titled “The Economics of Soil Health” in the journal Soil Security. The paper offers a summary of the trade-
offs in yield and yield risk from adopting conservation tillage practices along a spectrum of tillage intensities

to corn and soybean growers in North Carolina. Given the short-term investment costs and uncertainty of



benefits from the adoption of conservation agriculture best practices, papers like these, which offer region-
specific evaluations of specific practices, contribute to department extension services and offer producers a

practical lens by which to evaluate their own production practices.

Finally, Chapter 3, Cover Crops Adoption and Harmful Algal Blooms evaluates the impact of agricultural
land use and conservation practice adoption in drainage watersheds on harmful algal blooms in freshwater
lakes throughout the continental United States. Harmful algal blooms indicate that a waterbody has sur-
passed its idiosyncratic assimilative capacity for nutrients and is actively impaired. This paper seeks to
contribute to the literature by 1) evaluating whether winter cover crops—a conservation practice receiving
increasing policy support—reduces the incidence of harmful algal blooms the following summer and 2) ex-
amining crop mix in the watershed and the incidence of harmful algal blooms. By evaluating changes in this
undesirable phenomenon, the results of this paper offer farmers and policymakers an evaluation of soil health
practices as a mitigation measure for nutrient pollution and insight into the types of production should be

targeted for conservation expenditure.
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Chapter 1

Introduction

Clean water is essential for agricultural production, public health, and the functioning of ecosystems. How-
ever, water quality in the United States has been increasingly degraded by anthropogenic activities, particu-
larly agricultural production (Ribaudo and Shortle, 2019; Rossi et al., 2023). The Environmental Protection
Agency lists agricultural nonpoint source pollution as the leading cause of water quality impairments on
surveyed rivers and streams, the third-largest cause for lakes, the second-largest for wetlands, and a major
contributor to contamination of estuaries and groundwater (EPA, 2025). Food and fiber are among our most
basic needs as human beings. As such, agriculture is one of the most critical sectors of the economy. The
goal of this dissertation is to examine the nexus between agricultural production, water quality, and on-farm

production practices

As an industry, agriculture is both highly dependent on natural processes and the source of pervasive
environmental degradation. Shifts in temperature, rainfall patterns, and the frequency of extreme weather
events with climate change threaten both agricultural production and surface water quality. More frequent
and intense rainfall, for example, threatens crop yields and increases the volume of runoff, carrying higher
loads of nutrients, sediments, and pesticides into water bodies (EPA, 2025). Given agricultural nonpoint
pollution is exempt from the 1972 Clean Water Act, adopting production practices that balance economic
viability with environmental stewardship is critical to improving resilience to weather and climate shocks and
achieving improvements in water quality. The purpose of the following three chapters is to provide actionable

insights to producers and policy-makers on production practices that achieve both outcomes.

Chapter 1, Surface Water Impairment from Storms and Swine in North Carolina, leverages variation



in upstream density of swine feeding operations across surface water monitoring locations in the state of
North Carolina and the exogeneity of rainfall to quantify the degree of water quality degradation that
occurs from these facilities with the onset of extreme precipitation. I use geospatial stream/river flow data to
construct the direction of flow across watersheds in North Carolina and chart the upstream river segments for
surface water monitoring locations throughout the state. Combining this information with permitted facility

locations, allowed animal counts, and daily precipitation data, I estimate difference-in-difference models.

The results of this chapter are important to the sustainability of hog production in North Carolina given
the state’s susceptibility to hurricanes and projections for more frequent extreme rainfall with climate change.
A key contribution of the paper is the close examination of the existing protocols of North Carolina’s Swine
Waste General Permit and how these stipulations impact public and private incentives within lagoon-spray
field waste management systems. In doing so, this chapter is not only able to articulate the impact of hog
feeding facilities on water quality but also identify policy implications for North Carolina’s Animal Feeding

Operations Permit program.

Chapter 2, The Impact of Conservation Tillage Intensities on Mean Yields and Yield Risk, examines the
productivity and production risk effects of conservation tillage practices in the Piedmont region of North
Carolina using long-term field trial data for corn and soybeans. This paper was published in a special issue
titled “The Economics of Soil Health” in the journal Soil Security. The paper offers a summary of the trade-
offs in yield and yield risk from adopting conservation tillage practices along a spectrum of tillage intensities
to corn and soybean growers in North Carolina. Given the short-term investment costs and uncertainty of
benefits from the adoption of conservation agriculture best practices, papers like these, which offer region-
specific evaluations of specific practices, contribute to department extension services and offer producers a

practical lens by which to evaluate their own production practices.

Finally, Chapter 3, Cover Crop Adoption and Harmful Algal Blooms evaluates the impact of agricultural
land use and conservation practice adoption in drainage watersheds on harmful algal blooms in freshwa-
ter lakes throughout the continental United States. This paper seeks to contribute to the literature by 1)
examining agricultural land use and the incidence of cyanobacterial blooms and 2) evaluating whether the
adoption of agricultural best practices that provide winter cover can reduce cyanobacterial blooms. By eval-
uating changes in this undesirable phenomenon, the results of this paper offer farmers and policymakers an
evaluation of soil health practices as a mitigation measure for nutrient pollution and insight into the types

of production should be targeted for conservation expenditure.
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Chapter 2

Surface Water Impairment from

Storms and Swine in North Carolina

2.1 Introduction

High-profile incidents of flooding, catastrophic lagoon overflows, and thousands of animal deaths during
Hurricane Floyd in 1999, Hurricane Matthew in 2016, and most recently Hurricane Florence in 2018 have
put a spotlight on the environmental risks associated with hog production and extreme precipitation in North
Carolina (Davis, 2018; Maher and Kesling, 2018; Pierre-Louis, 2018; Oglesby, 2021). Swine waste contains
microbial pathogens, hormones, antibiotics, and chemicals that endanger human and animal health (US EPA,
2024). As such, hog feeding operations are regulated by the North Carolina Department of Environmental
Quality (“NC DEQ”) which operates a permit program designed to minimize environmental damage from
these facilities (NC DEQ, n.d.). The purpose of this paper is to quantify the impact of hog feeding operations
on surface water quality given existing permit protocols in North Carolina, examine the role of precipitation
in exacerbating outcomes, and evaluate the mechanisms by which these operations contribute to surface

water impairment.

North Carolina is the third largest producer of hogs in the United States. Structural change within the
hog industry in the mid-1980s and early 1990s shifted hog production from small, independently-owned

operations toward fewer, larger, and more densely-clustered operations (Harun et al., 2013; Montefiore et



al., 2022). Figure 1 illustrates the degree of agglomeration in swine production in North Carolina— just
three counties in the eastern part of the state account for the majority of production (Zering, 2020). The
geographic concentration of these facilities on the coastal plain compound concerns regarding flooding and
runoff from these operations (Wing et al., 2002; Shelby, 2002; Oglesby, 2021). The state’s low-elevation coast
is one of the highest impact zones for hurricanes in the world (Paerl et al., 2019; NC Department of Public
Safety, n.d.). Furthermore, climate change threatens to increase the intensity and frequency of heavy rains
from hurricanes, tropical storms, and other weather systems like thunderstorms and Nor’easters in North
Carolina (Kunkel et al., 2020). Annual precipitation across the state is projected to increase in the coming

decades with a greater portion of rainfall occurring in extreme events (Paerl et al., 2019; Kunkel et al., 2020).

Figure 2.1: Animal Feeding Operations by County in North Carolina

Cattle = Other * Poultry Swine

Note: Map of animal feeding operations permitted by NC DEQ. All facilities utilize liquid waste systems
(e.g., store waste in a lagoon or pond).

There are several avenues by which extreme precipitation can trigger water quality impairment from
swine feeding operations. Hog feeding facilities in North Carolina employ lagoon-spray field systems that
flush urine and feces from barns into large open-air lagoons for storage and treatment (Iriaghomo et al.,
2022; Montefiore et al., 2022). Within the lagoon, the waste separates into a liquid slurry layer and a solid
sludge layer where anaerobic bacteria and microbes break down the chemical compounds of the waste (Liu,
2021). To manage lagoon water levels and recycle nutrients, operators spray lagoon slurry onto adjacent

fields as fertilizer (Wang and Baerenklau, 2015; Iriaghomo et al., 2022). However, extreme precipitation can



cause lagoons to breach or overflow and release untreated waste into the surrounding landscape. Heavy rain
can also cause rivers and streams to rise, flooding lagoons and mixing lagoon slurry with floodwater. Finally,
precipitation that occurs before crops in field uptake nutrients and neutralize pathogens causes runoff from

spray fields that contaminates waterways (Ribaudo et al., 2003; Wang and Baerenklau, 2015; Shea et al.,
2022).

Figure 2.2: Surface Water Quality in North Carolina before and after Extreme Precipitation
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Note: Average concentrations of water quality indicators at locations within 5 miles downstream of swine
feeding operations versus others throughout North Carolina. Excess rain refers to samples taken within a
week of 3 or more inches of 24-hour precipitation while baseline refers to samples taken after rainfall events
lower than 3 inches.

Figure 2 compares the average level of fecal coliform, phosphorus, and nitrogen concentrations in surface
water at locations within 5 miles downstream of hog feeding facilities and locations with no hog facilities
within 5 miles upstream. For each group, Figure 2 shows the average level of these water quality indicators
at baseline precipitation (e.g. samples taken after precipitation events below 3 inches) and within a week

after the onset of 3 or more inches of rainfall. All samples were taken between 2019 and 2023. Figure 2



suggests that locations downstream of hog feeding facilities experience worse water quality with the onset
of excessive precipitation than other locations in North Carolina. For example, while the level of fecal
coliform in surface water downstream of hog feeding facilities is lower than other locations at baseline
precipitation, it surpasses the level of fecal coliform at other monitoring locations with the onset of heavy
precipitation. The concentration of nitrates in surface water declines with excessive precipitation at locations
with no upstream swine feeding facilities while the concentration of nitrates in surface water increases with
excessive precipitation at locations downstream of swine feeding facilities. These observations are puzzling
given the strict operations protocols stipulated by NC DEQ’s swine waste general permit which is designed

to circumvent adverse water quality outcomes from hog production.

The operations protocol mandated by NC DEQ’s swine waste general permit are the legacy of high-profile
environmental catastrophes in which multiple lagoons discharged untreated swine waste into the surrounding
environment via lagoon breaches, overflows, and flooding. The current permit requires facilities to operate
and maintain lagoons to contain all the waste generated by its operations, a foot of additional freeboard,
and runoff from a 25-year, 24-hour rainfall event!. Land application of waste is forbidden during rainfall
and within 12 hours of a National Weather Service hurricane, tropical storm, or flood watch warning for a
facility’s county. The permit further forbids spraying lagoon slurry on land that is flooded, saturated with
water, frozen, or snow-covered. Inspections of lagoons and runoff control measures are required monthly
and after all 24-hour rainfall events greater than 1 inch. Facilities are required to have a Certified Animal
Waste Management Plan (CAWMP) developed by a technical specialist to ensure that waste application on
fields does not exceed agronomic rates. The permit also mandates the designation of a certified operator-in-
charge to ensure compliance with these protocols. This individual is responsible for evaluating lagoon levels,
overseeing the land application of waste, and collecting information required by the permit including the

date, time, and weather conditions each time waste is sprayed.

The North Carolina Pork Council claims permit requirements circumvent environmental damage from
swine feeding operations, emphasizing the permit’s strict protocols around lagoon management in preventing
overflows (NC Pork Council, 2020; NC Pork Council; 2024). Environmental groups allege otherwise, accusing
operators of illegal manure application ahead of storms and asserting that runoff from manure-applied fields
contribute pathogens and nutrients to local waterways (Waterkeeper Alliance 2019; Environmental Health
News, 2021). The extent to which hog feeding facilities contribute to surface water quality impairment

continues to be fiercely debated in North Carolina. The ongoing debate highlights a fundamental tension

1While the rainfall associated with this definition varies slightly across the state, the average level of precipitation associated
with a 25-year, 24-hour rainfall event in North Carolina is 7 inches of precipitation within 24 hours (NOAA, 2012).



within the lagoon-spray field waste management system. The land application of manure (e.g. spraying
lagoon slurry) is essential to maintaining lagoon capacity and preventing overflows for facilities seeking to
maximize their hog production. This creates private and public incentives around the application of swine

slurry beyond the recycling of nutrients.

Lagoon overflows are environmentally catastrophic. Given the state’s history of widespread lagoon over-
flows during hurricanes, NC DEQ includes a qualification within the swine waste general permit that allows
operators to temporarily lower lagoon levels, via spraying, during the annual hurricane season to provide
additional storage for extreme rainfall?. In addition, the permit requires any facilities with overflows or la-
goon breaches to issue a press release. Facilities with overflows or lagoon levels that are persistently high are
subjected to enhanced regulatory and public scrutiny. As a result, the anticipation of heavy precipitation
can motivate facility operators to apply manure in excess of what they would otherwise to increase lagoon
capacity and avoid overflows (Hendricks et al., 2019). In the lead up to Hurricane Florence, for example,
facility operators pumped down lagoon levels to absorb at least 2 feet of rain by spraying adjacent fields (As-
sociated Press, 2018). This behavior in and of itself has the potential to exacerbate water quality outcomes

from hog feeding facilities from excessive precipitation.

The goal of this paper is to rigorously evaluate the net impact of hog feeding facilities on surface water
quality in North Carolina and whether extreme precipitation triggers adverse environmental outcomes. To do
so, we use the U.S. Environmental Protection Agency’s Water Quality Portal to obtain inorganic nitrogen,
phosphorus, and fecal coliform samples from surface water monitoring locations throughout North Carolina
from 2019 through 2023. We construct a river/stream direction flow network for each Hydrologic Unit Code
8-level watershed using the U.S. Geological Survey’s National Hydrography Dataset and use NC DEQ’s list
of permitted animal feeding facilities to construct measures of upstream swine density across monitoring
locations in our water quality sampling data. Using daily precipitation data from Oregon State University’s
Parameter-elevation Regressions on Independent Slopes Model, we estimate difference-in-difference models.
Our analysis leverages variation in the upstream density of swine feeding operations across surface water
monitoring locations and the exogeneity of the timing and magnitude of rainfall to identify the impact of

swine feeding operations on surface water quality.

The results of this paper offer policymakers an evaluation of the efficacy of the current North Carolina

general swine waste permit in protecting the state’s surface waters. We go on to examine mechanisms for

2From June 15 to October 31, the N.C. Swine Waste General Permit allows drawdowns of lagoon levels to no more than 8
inches below the stop pump level as long as manure application adheres to each facility’s CAWMP which forbids application of
swine waste in excess of what plants can be reasonably expected to uptake.



water pollution from swine feeding operations and discuss the policy implications of our results for the North
Carolina swine waste general permit. The results of this paper are important to the sustainability of hog
production in North Carolina given projections for more frequent extreme rainfall with climate change. It
is imperative to understand whether adjustments to the swine waste general permit could mitigate adverse

water quality outcomes.

The paper is organized as follows: Section 1 reviews the literature examining water pollution from animal
feeding operations; Section 2 discusses the construction of the upstream river/stream flow segment for mon-
itoring locations and explains our data processing steps and assumptions for the water quality monitoring
data, daily precipitation data, and animal feeding operation permit data; Sections 3 and 4 introduce our
methodology and results; Section 5 discusses the mechanisms for surface water quality impairment from
hog feeding facilities while Section 6 evaluates the policy implications of our results for NC DEQ’s permit

program. Finally, Section 7 summarizes our conclusions and discusses the limitations of our study.

2.2 Literature Review

The literature evaluating the environmental impacts of animal feeding operations is extensive and spans
several disciplines including epidemiology and public health, environmental science, and public policy. While
a large and important literature evaluates the impact of animal feeding operations on air quality, we focus on
research examining water pollution in the discussion that follows. The ecological and environmental science
literature evaluating the effect of hog feeding operations on water quality identify the contribution of excess
nutrients (Weldon and Hornbuckle, 2006; Mallin et al., 2015), pathogens (Sapkota et al., 2007; Mallin et
al., 2015; Heaney et al., 2015; Mallin et al., 2019; Christenson et al., 2022), and veterinary pharmaceuticals
(Metcalfe et al.,2003; Campagnolo et al. 2002; Bernot et al., 2013) as means of impairment. In the late 1990s,
several papers examined water quality and river ecology in the Cape Fear and White Oak watersheds in North
Carolina following incidents of large lagoon overflows and breaches at hog facilities (Burkholder et al., 1997;
Mallin et al., 1997; Mallin, 2000). These studies identify elevated phosphorus and fecal coliform, extensive fish
deaths, and increased algal production as consequences of flooding and runoff from swine feeding operations.
While illustrative, these papers rely on a site-sampling methodology and statistical analysis that does not
explicitly control for confounding variables, specific attributes of the size and density of animal feeding
operations, or the degree of rainfall associated with each sample across sites. As such, extracting specific

policy implications for the state’s animal permitting program is difficult.



3, an emerging literature uses reduced-form economet-

Within agricultural and environmental economics
rics and nationally-available water quality monitoring data to directly estimate the effect of policies and
programs related to water quality improvement and agricultural practices on ambient water quality (Keiser
Shapiro, 2019; Liu et al., 2022; Paudel Crago, 2020; Raff and Meyer, 2021; Hsieh and Gramig, 2023). Raff
and Meyer (2021) evaluate the effect of animal feeding operations on water quality by comparing changes
in phosphorus and ammonia concentrations across watersheds in Wisconsin with varying degrees of ex-
pansion of concentrated animal feeding operations (predominantly dairy cow facilities) from 1995 to 2017.
Controlling for annual precipitation, land-use patterns, and land cover, the authors conclude that increasing
CAFO presence and intensity leads to significantly higher levels of nutrients in surface water readings at the
watershed-level. To date, no papers have used intra-annual variation in precipitation to isolate the impact
of animal feeding operations on water quality degradation. This paper seeks to contribute to the literature

by examining the role of precipitation in activating water pollution from swine feeding operations in North

Carolina.

2.3 Data

To conduct our analysis, we rely use geospatial river/stream data to construct a direction of river/stream
flow for surface water monitoring stations through out North Carolina. In doing so, we are able to construct
a database at the monitoring location and sampling data level that includes upstream animal densities,
daily precipitation, exposure to wastewater facilities, and county-level economic and agricultural production
data. In the following section, we discuss the variable construction process for each variable required for our

empirical specification.

2.3.1 Water Quality Monitoring Data

Surface water quality sampling data from streams, river, and lake monitoring locations in North Carolina
were obtained via the Environmental Protection Agency (EPA)’s Water Quality Portal from 2019 through
2023. Physical/chemical sample results data was downloaded separately from site data and merged using

the unique identifier for each monitoring location. Only records with numeric measurements and a media

3There are a number of studies that use hedonic price models to evaluate property values in the vicinity of animal feed-
ing operations (Herriges, Secchi, and Babcock 2005; Ready and Abdalla 2005; Isakson and Ecker 2008)— but water quality
degradation is just one of many nuisances from animal feeding operations that influence housing prices (e.g. odor, air quality,
etc.).
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Table 2.1: Descriptive Statistics

Statistic N Mean St. Dev. Min Max
Fecal Coliform (cfu/100ml) 6,960 315.347 668.537 0.000 12,000.000
In(Fecal Coliform) 6,959 4.682 1.481 0.000 9.393
Nitrates (N mg/L) 6,159 0.831 1.786 0.020 28.000
In(Nitrates) 6,159 —1.022 1.239 —3.912 3.332
Phosphorus (P mg/L) 7,639 0.110 0.211 0.000 7.200
In(Phosphorus) 7,426 —2.658 0.839 —4.605 1.974
Daily Precipitation (in) 20,758 0.109 0.277 0.000 3.352
After Excess Rain Indicator 20,758 0.018 0.133 0 1
Swine Indicator 20,758 0.118 0.323 0 1
Swine Count (1000s) 20,758 0.970 3.585 0.000 30.008
Cattle Indicator 20,758 0.046 0.210 0 1
Cattle Count (1000s) 20,758 0.035 0.226 0.000 2.650
Poultry Indicator 20,758 0.001 0.035 0 1
Poultry Count (10,000s) 20,758 0.025 0.714 0.000 20.200
Other Animals Indicator 20,758 0.003 0.058 0 1
Other Animal Count (1000s) 20,758 0.003 0.051 0.000 0.874
Wastewater Facilities Count 20,758 0.834 1.744 0 58
County Corn Yield (bu/ac) 14,759 122.888 25.595 55.000 204.000
County Soybean Yield (bu/ac) 15,601 35.835 6.133 19.500 57.000
County GDP (millions, 2017 dollars) 20,758  14,033.130  27,577.580  102.683  129,565.500
Population (10,000s) 20,758 20.450 28.551 0.324 119.028

type identified as “Water” were included in our sample. Since there is overlap across data repositories within
the Water Quality Portal, we dropped duplicate records by defining a unique sample of each water quality
measure using the following attributes: sampling location, sampling date, sampling time, sampling equipment,
sampling depth, unit of measurement, filtered /unfiltered category 4, and laboratory analytical method. Three
percent of the data represented the exact same type of measurement but recorded slightly different sampling
values. The average measurement across these records was taken. To obtain a single reading for each water
quality measure at each location and date, we averaged records at each sampling location and date across
sampling depth, time, and sample collection equipment and kept only those records that used the most

common type of laboratory analytical method for each type of water quality characteristic.

The EPA identifies nitrogen, phosphorus, organic matter, sediments, pathogens, hormones, and antibiotics
as potential water pollutants from animal feeding operations (EPA, 2024). As such, we selected three water
quality measures to include in our analysis: Nitrate and nitrite, phosphorus, and fecal coliform. Fecal coliform

refers to a group of bacteria that occurs in the intestines of warm-blooded animals. High levels of fecal coliform

4Both a filtered and unfiltered sample is taken for water quality indicators that are metals. According to EPA guidelines
(EPA, 1991), metal is considered dissolved if it remains in solution after filtration through a 0.45 micromolar (uM) filter.
Suspended metals are those that remain on the 0.45 M filter. Unfiltered samples thus represent the total level of the compound
collected in the sample. In our analysis, we included only unfiltered nitrogen and phosphorus samples.
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indicate the presence of untreated sewage and other types of pathogenic bacteria and viruses (Holcomb
and Stewart, 2020). Nitrate and nitrite are plant-accessible forms of inorganic nitrogen which, along with
phosphorus, are nutrients that promote plant growth. In excess amounts, inorganic nitrogen and phosphorus
accelerate aquatic plant growth, deplete dissolved oxygen, and harm aquatic life in surface water (EPA, 1997;
NOAA, 2024)°. These characteristics are collected monthly though sampling from March through December
of 2020 was reduced due to the COVID-19 pandemic restrictions. See Table 1 above for summary statistics of
the concentration of water quality indicators. Appendix A Figure 1 displays the distribution of concentrations

of fecal coliform, nitrate and nitrite, and phosphorus over the period of analysis.

2.3.2 Watershed River/Stream Network

Using the EPA and U.S. Geological Survey’s National Hydrography Plus Dataset (NHD Plus) for the conti-
nental United States, we obtain a map of the river/stream network across the state of North Carolina. Each
river /stream segment in the dataset has a unique identifier and includes the upstream and downstream node
for each segment. By linking each river segment’s downstream node with another river segment’s upstream
node, we built a directed graph for each river segment in the state of North Carolina. We use these constructs
to establish the entire upstream flow network within the HUC8-level watershed for each monitoring location

for which we have water quality sampling data.

2.3.3 Animal Feeding Operations Permit Data

Animal feeding operation permit data for facilities permitted from 2019 through 2023 is published by the
North Carolina Department of Environmental Quality (NC DEQ). The data includes the latitude and longi-
tude, type and allowed count of animal, and number of waste lagoons associated with each facility. Permits
are associated with multiple types of regulated activities per animal. See Appendix A Table 1 for a sum-
mary of the regulated activities per animal. We sum over the types of regulated activity at each facility to
obtain a total number of each type of animal at the facility. Any facilities marked “Inactive” or “Proposed”
are excluded in our analysis as are any that exhibit an “Expired” permit status or for which latitude and
longitude data are not available. For each facility in our sample, we identify the nearest river segment. If
the nearest river segment for a facility is within a certain distance upstream of a monitoring location, the

allowable count of animals at that facility is included in our measure of upstream animal density. Table 1

5Nitrates dissolve in water more readily than phosphates, which have an attraction for soil particles (EPA, 1997). As a result,
nitrates are a better indicator of possible sewage or manure pollution during dry weather (EPA, 1997).
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above contains summary statistics for upstream density of swine, cattle, poultry, and other animals within 5
miles upstream across surface water monitoring locations in North Carolina. Appendix A Figure 2 displays

the distribution of these variables across monitoring stations.

2.3.4 Precipitation Data

Daily precipitation was acquired at the zip code level for each monitoring location from Oregon State
University’s Parameter-elevation Regressions on Independent Slopes Model (PRISM) via Aaron Smith and
Seunghyun Lee’s Ag Data portal. In addition to daily precipitation, we construct the cumulative sum of the
past 7-days of precipitation for each day in our period of analysis from 2019 through 2023. See Appendix A

Figure 2 for a histogram of precipitation values over the period of analysis.

2.3.5 Wastewater Treatment Facilities and County-level Covariates

To isolate the impact of upstream swine density and precipitation, our estimation must account for variables
that could vary across monitoring locations and impact the level of fecal coliform, nitrogen, and phosphorus
in surface water with the onset of precipitation. To do so, we include the number of wastewater treatment
facilities within 5 miles upstream, county GDP, and county population for each monitoring location. In the
nitrates and phosphorus specifications, we also include county-level corn and soybean yields. The location
of wastewater treatment facilities in the state of North Carolina was obtained via the NC DEQ. As with
upstream animal densities, we identified the nearest river/stream segment to each wastewater treatment
facility and used our constructed upstream stream/river network for each monitoring location to evaluate
the number of wastewater facilities upstream (along the river/stream segment) for each monitoring location.
County-level GDP and population data was obtained from the U.S. Census Bureau while county-level corn
and soybean yields were obtained from the U.S. Department of Agriculture’s National Agricultural Statistics
service. See Table 1 for summary statistics and Appendix A Figure 2 for the distributions of these variables

within the period of analysis.

2.4 Empirical Strategy

The objective of this paper is to quantify the impact of swine feeding operations on surface water quality given

existing permit protocols in North Carolina and examine the role of precipitation in exacerbating outcomes.
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To do so, we employ a dynamic two-way fixed effects difference-in-difference estimation framework. In our
setting, runoff or flooding from upstream hogs represent the treatment, the timing of treatment is determined
exogenously by the onset of excess precipitation, and the level of nitrates, phosphorus, and fecal coliform
in surface water are the outcome variables. In terms of conditional expectations, the difference-in-difference

estimator for our model is:

§ = (E[Y;After] — E[Y;Baseline) — (E[Y, After] — E[Y,|Baseline) (2.1)

where A fter refers to water quality samples within a week after the onset of excess precipitation and Baseline
refers to all other days. Monitoring locations downstream of hog feeding operations are considered treated,
t, while those with no hogs upstream or not proximate to swine feeding operations are considered untreated,

u.

To estimate &, we use the following empirical specification for each water quality indicator:

Yii = a+~yAfter;, + ASwine; + §(After x Swine);s + X, + €4 (2.2)

where 4 represents a monitoring location and ¢ represents the sampling date. Swine; is an indicator variable
equal to 1 if there are hog facilities within 5 miles upstream (along the river) and zero otherwise. After;;
is equal to 1 if the water quality reading was taken within a week of excess precipitation (3 inches or
more). X;; is a vector of station and time varying controls. In this model, A represents the baseline effect
of having swine upstream; v represents the average effect of runoff or flooding from excess precipitation
across monitoring stations; and 0 represents the additional impact from upstream swine on fecal coliform,
phosphorus, and nitrate concentrations that occurs with excess precipitation (e.g. runoff from swine farms).
We use this estimation to examine how the combined effect of runoff from excess precipitation and hog

feeding operations, d, changes across thresholds of extreme precipitation and with distance upstream.

The identification assumption of our model is, absent treatment (runoff from swine feeding operations
with precipitation) and controlling for other covariates, the concentration of fecal coliform, nitrates, and
phosphorus follow parallel trends across surface water monitoring locations across North Carolina. As such,
to isolate the impact of upstream swine density and precipitation, our estimation must include covariates
X+ which both vary across monitoring locations and could impact the level of fecal coliform, nitrogen, and

phosphorus with the onset of precipitation. To do so, we include indicator variables for upstream permitted
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cattle density, upstream permitted poultry, and upstream other animals®. We also include the number of
wastewater treatment facilities within 5 miles upstream, county GDP, and county population. In the nitrates
and phosphorus specifications, we include county-level corn and soybean yields in X;; as fertilizer application
for these crops could impact the level of nutrients in nearby surface water. All specifications contain HUCS8-

level watershed and annual fixed effects in X;; and use robust standard errors.

2.5 Results

Results from our baseline difference-in-difference estimation are displayed below in Table 2. The results
are particularly striking for fecal coliform. As expected, excess precipitation increases the average level of
fecal coliform across monitoring locations in North Carolina (by 64%) and monitoring locations downstream
of hog facilities have a higher baseline level of fecal coliform (by 19%). The coefficient on the interaction
indicates that being downstream of hog feeding operations and excessive precipitation increases the fecal
coliform concentrations by an additional 140%. These results are significant at the 1% level and indicate
that extreme precipitation activates significant contamination from swine feeding operations. Monitoring
stations downstream of hog facilities in the week following a rainfall event of 3 inches or more have almost

four times as much fecal coliform in sampled surface water than they do at baseline precipitation.

Below, Figure 3 illustrates the predicted value of fecal coliform at baseline precipitation and after extreme
precipitation for monitoring locations downstream of swine and otherwise. To contextualize our results, we
include the Recreational Water Quality Criteria (RWCQ) safety thresholds for primary and non-primary
contact recreation. The North Carolina Department of Health and Human Services calculates the RWQC
to identify the level of contamination in surface waters that endangers human health using national EPA
standards (NCDHHS, 2022). Primary contact recreation refers to swimming 7 while non-primary contact
recreation represents boating, canoeing, and kayaking (U.S. EPA, 2012). For E. coli, the major species of

fecal coliform bacteria, the RWQCs for primary and non-primary contact recreation are 126 cfu/100ml and

6The distributions for upstream permitted swine, cattle, poultry, and other animals are highly skewed to the right with
most monitoring locations recording zero. As such, we use indicator variables in our baseline specification but include the
results of specifications using continuous upstream animal densities in Appendix A Table 2. Note that this specification does
not result in positive, significant coefficients on the interaction between upstream swine and after excess precipitation (contrary
to our main result). To evaluate this result further, we explore how the treatment effect changes with the density of upstream
swine. The results are contained in Appendix A Table 3. Moving from no upstream swine to 250 upstream swine results in
large, significant treatment effect. However, as the density of upstream swine increases to 500 and 1000, the treatment effect is
relatively unchanged. Finally, at 2000 hogs upstream, the treatment effect is negative and not significant. Appendix A Figure 3
illustrates this effect. We suspect that these results are related to the strong right skew of the data and the spatial clustering of
hog feeding facilities (e.g. once a monitoring location is downstream of some swine feeding operations, it downstream of many
swine feeding operations).

"Primary contact recreation refers to “activities when immersion and ingestion are likely and there is a high degree of bodily
contact with the water (e.g. swimming).”
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Table 2.2: Results - Water Quality Indicators - Precipitation and Swine Density

Dependent variable:

F. Coliform Nitrates Phosphorus
((cfu/100ml)) ~ ((mg/L))  ((mg/L))

After Excess Rain 0.492*** —0.276* 0.201***
(0.117) (0.162) (0.073)
After Excess Rain*Upstream Swine 0.876*** 0.194 —0.153
(0.325) (0.374) (0.199)
Upstream Swine 0.177*** 0.122* 0.249***
(0.065) (0.064) (0.041)
Upstream Cattle 0.248*** 0.516*** —0.035
(0.088) (0.088) (0.071)
No. of Upstream Wastewater Facilities —0.028* 0.059** 0.013
(0.017) (0.025) (0.011)
Observations 6,959 3,644 4,969
R? 0.175 0.338 0.287
Adjusted R? 0.168 0.330 0.280
Residual Std. Error 1.351 1.031 0.702
F Statistic 24.388*** 39.990*** 41.341%**
Note: *p<0.1; **p<0.05; ***p<0.01

886 cfu/100ml respectively. Figure 4 illustrates that the level of fecal coliform for both groups of monitoring
locations exceeds the RWQC for primary contact even before excessive rainfall. With extreme precipitation,
the level of fecal coliform at surface water monitoring locations downstream of swine feeding operations

exceeds the non-primary contact RWQC while the surface water at locations not proximate to swine do not.

To further examine how precipitation exacerbates fecal coliform contamination, we repeat our estimation
using varying thresholds for extreme precipitation. These results are contained in Appendix A Table 4.
Below, Figure 5 illustrates how the effect of runoff from hog facilities during excess precipitation changes
with the level of extreme precipitation. At 1 inch or more of precipitation, the additional impact on the
level of fecal coliform from being downstream of hog feeding facilities following extreme precipitation is
not statistically significant. At 2 inches or more of 24-hour precipitation, the effect of runoff from swine
facilities on fecal coliform becomes positive and significant. This effect peaks at 3 inches or more of 24-hour

precipitation before declining beyond 4 inches or more. The water quality monitoring data do not contain

16



Figure 2.3: Fecal Coliform after Extreme Precipitation - Locations with No versus Some Upstream Hog
Feeding Facilities

Predicted (Log) ¥Value of Fecal Coliform {(cfu/100ml)

0.00 0.25 0.50 0.75 1.00
Baseline vs. After Excess Rain

Swine Density Category E 0 E‘ 1

Note: The black dotted line represents the RWQC for primary recreation (e.g. swimming) while the red
dotted line represents the RWQC for non-primary recreation (e.g. boating, canoeing, and kayaking). At
baseline precipitation, the level of fecal coliform in surface water at both locations downstream of swine
feeding operations and others exceed the safety threshold for swimming. After extreme precipitation,
surface water at monitoring locations downstream of swine feeding operations exceed the safety threshold
for non-primary contact recreation.

many observations following rainfall events of 4 inches or more. Most days with more than 4 inches or more
of 24-hour precipitation in our timeframe occurred during 2020 when water quality sampling was reduced
due to the Covid-19 pandemic. As result, we are unable to draw strong conclusions about the nature of the

treatment effect beyond 3 inches of rainfall.

Appendix A Table 5 contains results of specifications exploring the effect of distance upstream on our
treatment effect. At 5-miles, 8-miles, and 10-miles upstream, the effect of runoff from hog facilities from
excess precipitation is large, positive, and significant at the 5% level. However, Figure 6 below illustrates
that this effect attenuates with distance. This result is in line with our expectations. As distance between the
monitoring location and hog facilities increase, there is more opportunity for dilution and decay to decrease
the level of fecal coliform. Furthermore, as distance upstream increases, the monitoring location and hog

feeding facilities are less likely to be experiencing the same level of precipitation.
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Figure 2.4: Effect of Upstream Swine after Extreme Precipitation as Threshold for Excess Precipitation
Increases
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Note: In the baseline specification 3 inches of precipitation is used as the definition for extreme
precipitation. All samples collected within a week of an extreme precipitation event are considered
observations in the post-treatment period. This figure illustrates how the treatment effect changes with
varying definitions for the threshold of extreme precipitation.

The relationship between nutrients and swine feeding operations are different from that of fecal coliform.
Above, Table 2 contains the results of our specification evaluating the concentration of nitrates and phos-
phorus give upstream swine and excess precipitation. Unlike with fecal coliform, excess precipitation does
not appear to activate nutrient pollution from swine feeding operations. Runoff from excess precipitation
increases the concentration of phosphorus in surface water by 22% across monitoring locations in North
Carolina while being downstream of hog feeding facilities increases the concentration of phosphorus 28%.
These effects are significant at the 1% level. However, the interaction of excess precipitation and upstream
swine is not significant. For nitrates, concentrations downstream of hog feeding facilities are only moderately
higher than others while the onset of excess precipitation actually reduces the concentration of nitrates in
surface water across monitoring locations in North Carolina (note, though, that these effects are only signif-
icant at the 10% level). As with phosphorus, the interaction of excess precipitation and upstream swine is
not significant. In the nitrates specification, surface water samples from monitoring locations downstream of
cattle operations contain higher levels of nitrates (statistically significant at the 1% level) relative to other

monitoring locations in North Carolina.
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Figure 2.5: Effect of Upstream Swine after Extreme Precipitation as Threshold for Excess Precipitation
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Note: In the baseline specification an indicator variable for the presence of permitted swine within 5 miles
upstream to indicate proximity to swine feeding operations. This figure illustrates how the treatment effect
changes as distance upstream increases.

The chemical properties of these compounds offer insight into interpreting these results. Nitrate ions
are made of three oxygen atoms bonded to a central nitrogen atom. As a result, hydrogen atoms in water
molecules are strongly attracted to nitrate ions and they easily dissolve and are transported by water (EPA,
1997). As such, a large volume of precipitation can very quickly transport nitrates further away. Phosphates,
on the other hand, have a strong affinity for soil particles due to their negative charge (EPA, 1997). If soils
on the field are at or near capacity for phosphates, precipitation can cause runoff into surface waters. These
dynamics are common to all monitoring stations in North Carolina with the onset of excess precipitation.
The increased concentration of nutrients at monitoring locations downstream of swine and cattle relative
to others suggest that impairment from these facilities occurs at lower levels of precipitation than a 3-inch
rainfall event. The high level of nitrates downstream of cattle feeding operations is potentially related to the
high level of ammonia present in cow manure and urine. When dissolved in surface water, ammonia quickly

breaks down as bacteria convert it to nitrate and nitrite.
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2.6 Mechanisms for Water Quality Impairment

Our analysis indicates that excessive precipitation activates significant fecal coliform contamination from
hog feeding facilities. Monitoring stations downstream of hog facilities in the week following a rainfall event
of 3 inches or more have almost four times as much fecal coliform in sampled surface water than they do
at baseline precipitation. The North Carolina Swine Waste General Permit requires operators to maintain
lagoons to contain all the waste generated by hogs plus an additional foot of freeboard and the runoff from
a 25-year, 24-hour rainfall event. While the rainfall associated with this definition varies slightly across the
state, the average level of precipitation associated with a 25-year, 24-hour rainfall event in North Carolina is
7 inches of precipitation within 24 hours (NOAA, 2012). The 3 inches of precipitation used in our analysis
is far below this threshold and yet triggers significant fecal coliform contamination at monitoring location
downstream of hog feeding facilities. Furthermore, the water quality sampling data within our study period
does not contain any observations occurring after a rainfall event higher than 4 inches of precipitation.
As such, we conclude that the fecal coliform contamination identified by our analysis occurs at levels of
precipitation lower than is excused by the 25-year, 24-hour precipitation rule. Thus, despite the best practice
protocols and restrictions outlined by the N.C. Swine Waste General Permit, excess precipitation appears

to trigger significant water quality impairment from hog feeding facilities.

There are two potential mechanisms for this surface water impairment: lagoon overflows and runoff from
manure applied fields. The North Carolina Pork Council has been vocal in its assurance that strict permitting
protocols have reduced lagoon breaches and overflows to nearly none. Within our period of analysis, there
were two reported lagoon breaches resulting from improper lagoon management. In December of 2019, a
facility spilled an estimated 1 million gallons of hog waste into the Trent River via Tuckahoe Creek and in
June of 2020 a facility discharged 3 million gallons of feces into nearby water resources. Though these breaches
very likely contributed significant fecal coliform to surface water, neither was precipitated by excessive rain.
As a result, any impacts from these breaches are not included in the effect of excess precipitation and hog

feeding facilities identified in our study.

The other mechanism for fecal coliform contamination is runoff from spray fields. While the Swine Waste
General Permit forbids spraying during rainfall, after the issuance of storm warnings for the county, and on
flooded fields, all other applications are allowed so long nutrients are not applied above agronomic rates and
manure application is in line with siting requirements outlined in the permit. There are both private and
public incentives to allow operators to spray fields ahead of extreme weather. Given the dire environmental

consequences associated with overflows (particularly multiple overflows), NC DEQ allows operators to pump
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down lagoons during the annual hurricane season to create lagoon capacity. From the individual operator
perspective, lagoon overflows trigger enhanced scrutiny from both the public and NC DEQ. Increasing
lagoon capacity in anticipation of heavy rainfall decreases the chances of this outcome. However, spraying
fields ahead of excessive rainfall, particularly if using slurry past the stop-pump level of lagoons, can result
in the application of manure that has not been sufficiently treated (Iriaghomo et al., 2022). If field conditions
are too wet to neutralize pathogens (EPA, 1997), fecal coliform can survive on field and then runoff with
rainwater to surrounding waterways even if the land application occurs prior to rainfall or the issuance of a

storm warning.

2.7 Policy Implications

Our results quantify the net effect of upstream hog feeding operations on concentrations of fecal coliform,
nitrates, and phosphorus given excessive precipitation. However, we are unable to distinguish between impacts
that are the result of behavior compliant with the N.C. Swine Waste General Permit and impacts that are
the result of noncompliant behavior. As such, we cannot identify which specific features of the Swine Waste
General Permit are responsible for adverse water quality outcomes and should be revised. However, the NC

DEQ already requires facilities to collect the information needed to answer this question.

Operators-in-charge are required to record the amount, timing, and weather conditions each time they
spray; keep daily precipitation records from rain gauges; and record weekly lagoon waste levels on forms
supplied by or approved by the NC DEQ. However, the extent to which NC DEQ assesses this information
is unclear from the permit language. During an inspection and upon request, facilities are required to allow
NC DEQ to access to records kept under the conditions of the permit. However, NC DEQ does not otherwise
specify a collection schedule for this data beyond the submission of an annual report affirming compliance
with protocols. By collecting and analyzing this information, the NC DEQ could establish the degree of
compliance and whether compliant or non-compliant behaviors drive water quality impairment with extreme
precipitation. Furthermore, at present, the installation of automatic flow meters and irrigation pump equip-
ment designed to automatically stop with precipitation are required only upon notification from the director
of the animal feeding operation permit program. Requiring these technologies in addition to digital rainfall
monitoring systems could automate data collection, saving operators-in-charge time spent manually entering

and collating data and ensuring accurate and timely reporting of critical information.
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2.8 Conclusion

This paper set out to quantify the impact of hog feeding operations on surface water quality given existing
permit protocols in North Carolina, examine the role of precipitation in exacerbating outcomes, and evaluate
whether the current regulatory /permit system adequately protects state water resources. Our results identify
significant fecal coliform contamination at monitoring locations downstream of hog feeding facilities following
extreme precipitation events of 2 inches or more. The level of fecal coliform at monitoring stations downstream
of hog feeding facilities in the aftermath of extreme precipitation events of 3 inches or more of excess
precipitation is almost four times greater than that at baseline precipitation. This result is robust at 5-
miles, 8-miles, and 10-miles upstream but attenuates with distance. The level of fecal coliform contamination
identified by our analysis exceeds the EPA’s safety standards for drinking, swimming, boating, and kayaking.
These results suggest that the current regulatory paradigm does not circumvent adverse environmental

impacts from hog feeding operations in North Carolina.

A key limitation of our study is the inability to distinguish between the impacts of hog feeding operations
facilities that are compliant with the N.C. Swine Waste General Permit and those that are not which makes
evaluating specific permit guidelines difficult. Given both the public and private incentives around managing
lagoon levels, the most likely mechanism for the fecal coliform contamination identified in our analysis is
runoff from spray fields. NC DEQ requires the collection of the information to evaluate compliance but does
not specify a regular schedule for collecting or evaluating this data. Requiring hog feeding operations to
use automated irrigation, rainfall monitoring, and lagoon level recording equipment could save operators
time spent manually collating data and allow NC DEQ to evaluate whether the land application guidelines
during the hurricane season or spraying ahead of anticipated excess precipitation allowed by the permit drive

adverse water quality downstream of hog feeding facilities with the onset of extreme precipitation.

This paper uses a simple estimation procedure to provide a preliminary analysis of the impact of hog
feeding operations on surface water quality indicators in North Carolina. Future work includes further evalu-
ation of heterogeneity across watershed characteristics and seasonality within surface water quality samples.
Future research direction includes constructing distance-weighted upstream swine densities and evaluating
spatial spillovers from hog feeding operations. In addition, future work should evaluate the evolution of
permit requirements for cattle and poultry and how these facilities contribute to surface water quality im-
pairment. While hog feeding facilities have received the lion’s share of media attention, other categories of
animals are less publicly scrutinized and could be related to the generally high level of fecal coliform observed

in surface water across North Carolina.
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Chapter 3

The Impact of Conservation Tillage
Intensities on Mean Yields and Yield

Risk

3.1 Introduction

Farmers till their land for various reasons — to control weeds, to incorporate crop residue in the soil, to
facilitate application of manure and fertilizer, or to prepare the soil for planting. Their choice of tillage
practice, in terms of intensity and timing, has implications for the long-term health of agricultural soils
(Stevens, 2018; Ogieriakhi and Woodward, 2022). Conventional tillage practices are intensive in removing
post-harvest crop residue, as breaking up the earth disrupts weed and pest cycles, and exposed soils warm up
more quickly in the spring (Claassen et al., 2018). With these benefits come both private and public costs.
Private costs are the acquisition and maintenance of tillage machinery, as well as the associated fuel and labor
costs incurred, when conventionally tilling (Lal et al., 2007). Public costs are environmental — removing crop
residue leads to increased vulnerability of the soil to wind and water erosion, as well as increased incidence
of soil runoff and sedimentation in nearby water bodies (Claassen et al., 2018; Mamo and Johnson, 2022).
Over time, soil erosion removes the productive topsoil from fields, degrading soils and leading to increased
reliance on fertilizer to supply crops with adequate nutrients (Kopittke, 2019). Furthermore, eroded soil,
along with excess fertilizer and chemicals remaining in the soil (e.g., not absorbed by the plant), can wind up

as sediment in streams, rivers, and lakes, contributing to widespread water pollution (Shortle et al., 2012).

Circumventing the environmental damages from intensive tillage operations has been a focus of soil
and tillage research since the 1930s (Cusser et al., 2020; Daigh et al., 2018; Derpsch et al., 2010). These
research efforts spurred the development of less-intensive conservation tillage practices as an alternative to
the conventional tillage approach. Conservation tillage practices are those that maintain or improve the
productivity of soils over time, as well as combat erosion and water pollution (Bergtold and Sailus, 2020, p.

11). The Conservation Technology Information Center (CTIC) defines conservation tillage as any tillage and
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planting system that leaves at least 30% of the soil surface covered by residue after planting. By leaving a
higher level of crop residue on surfaces, conservation tillage practices minimize soil disturbance and establish
ground cover, which consequently reduces susceptibility to erosion and nutrient leaching (Blanco-Canqui and
Lal, 2009). Minimizing soil disturbance enhances the accumulation of organic material, promotes microbial
activity, and may facilitate carbon sequestration in soils (Karlen et al., 1994; Haddaway et al., 2017). In
particular, the “no-till” practice is the least intensive tillage practice and involves the complete absence of

tillage operations from harvest to planting the subsequent cash crop.

It is important to note that with technological advances in herbicides and glyphosate-resistant crops,
the need for plow-based conventional tillage techniques to control weeds has diminished over time (Cusser
et al., 2020). Thus, with the availability of herbicide-tolerant seeds, conservation tillage has become more
widely adopted in corn (Zea mays, L.) and soybean (Glycine max, L. Merr.) production, the two most widely
cultivated crops in the United States (US) (Claassen et al., 2018). Nonetheless, the relatively widespread
adoption of conservation tillage practices in corn and soybean production systems disguise inconsistent use
over time. Many farmers report having used conservation tillage on their corn and soybean acres at a point
in time, but most farmers alternate conservation tillage practices with conventional practices (Claassen et
al., 2018). Continuous use of conservation tillage remains limited. For example, while almost 50% of corn
and soybean acreage was no-till at some time from 2013 to 2017, only 20% of these acres were continuously
no-till (Claassen et al., 2018). The environmental and agronomic benefits from organic matter accumulation
and potential carbon sequestration occur only with minimal disruption to the soil surface over time (e.g.,
continuous no-till; See Claassen and Wade, 2017). While environmental gains accrue over long time scales,
the resumption of conventional tillage operations can rapidly undo them (Johnson et al., 2005; Lal, 2007;
Haddaway, 2017; Wade and Claassen, 2017). Reverting no-till acres to conventionally tilled acres thus not
only forgo immediate environmental benefits (e.g., erosion control) but also erases potential environmental
benefits from years of regenerative practice (e.g., like potential soil carbon sequestration) (Sawadgo and
Plastina, 2022).

Soil health is an “impure” public good— a good with both private and public benefits (Mason and
Plantinga, 2011; Mezzatesta et al., 2013). Given the environmental benefits from conservation tillage, this
practice is foremost among soil health practices supported by the US Department of Agriculture’s (USDA’s)
various working lands conservation programs (e.g., the Environmental Quality Incentive Program (EQIP),
etc.). However, while federal cost-share programs can bridge the gap between privately and publicly optimal
levels of conservation effort, widespread adoption of continuous conservation tillage hinges on whether private
net benefits from adoption outweigh direct and indirect costs of implementation (Rejesus et al., 2021).
Conservation tillage can reduce farm operating costs via decreased fuel, labor, and machinery costs (Lal et
al., 2007). However, these reduced costs are often offset if adoption entails the acquisition of new planting
machinery or increases expenditure on herbicides to control weeds (Kaval, 2004). Indirect costs of adoption
are time and effort on the part of the farmer to learn how to implement a new practice effectively. In addition,

private net benefits from adoption depend on how conservation tillage impacts crop yields.

Establishing the conditions under which conservation tillage practices achieve yield benefits relative to
conventional practices has been an important goal of the soil and tillage literature. However, results from corn
and corn-soybean rotation field trials are mixed. While many studies have shown that no-till adoption results
in lower yields (Griffith et al., 1988; Cox et al., 1992; Al-Kaisi et al., 2004; Anapalli et al., 2018; Patel et al.,
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2019; Dougherty et al., 2020), others have shown no difference (Dick and Van Doren, 1985; Dam et al., 2005;
Archer and Reicosky, 2009; Fiorini et al., 2020) or an increase in yields (Wagger and Denton, 1989; Cassel
et al., 1995; Hussain et al., 1999; Beyaert et al., 2002; Idowu et al., 2019). Reduced yields are attributed
to delayed plant emergence and poor stand development because of lower soil temperatures resulting from
more crop residue in the soil. Increased yields are attributed to greater soil moisture availability, improved
water filtration, and enhanced soil stability. Conservation tillage can also improve resilience to soil crusting,
whereby precipitation and temperature conditions lead to a hard crust following heavy rain, which can inhibit
stand development and lead to lower yields (Cassel et al., 1995).

In a global meta-analysis on tillage and crop rotation practices, Pittelkow et al. (2015) evaluate over 600
field trials, spanning a variety of crops, to identify the conditions under which conservation tillage yields
more relative to conventional tillage practices. Their analysis suggests that yield differences for corn and
soybeans are largest in the first 1-2 years post-adoption. For corn, differences decline or become negligible
in the following years whereas differences equalize after five years or more for soybeans. Focusing on trials
in the US and Canada, DeFelice et al. (2006) evaluate 61 corn and 43 soybean trials and find that the
national average difference in corn and soybean yields between no-till and conventional tillage systems are
negligible. However, they find evidence of geographic heterogeneity: no-till had greater yield benefits in the
southern and western US, similar yields in the central US, and lower yield benefits in the northern US and
Canada. For soybeans, Toliver et al. (2012)’s meta-analysis of tillage experiments across the US also finds
regional variation, particularly that differences between no-till and tillage yields in the southern regions of
the US were larger than in northern regions. They conclude that soil and climate factors interact with tillage

practices to produce differential impacts on yields, influencing risk and expected returns.

While many studies focus on the impact of tillage on mean yields, comparatively few evaluate impact of
tillage operations on yield risk and stability. Risk neutral farmers will undertake a technology investment if
the expected revenue resulting from the technology is greater than the expected cost. However, surveys of
farm operators suggest that while most farmers accept that conservation tillage systems have the potential
to reduce their costs, perceived yield risk is an important barrier to adoption (Kaval, 2004; Sattler and
Nagel, 2010; Ramsey et al., 2019). Pedersen and Lauer (2003) report that soybean yield stability is not
affected by tillage practices in their four-year study in Wisconsin. Rusinamhodzi et al. (2011) report no
observable differences in corn yield stability between reduced tillage practices compared with conventional
moldboard plowing in their meta-analysis of 26 studies across the world. Moreover, soil and tillage field
trials evaluating yield stability in corn and soybeans under no-till focus mainly on changes in mean yield
and variance but ignore higher-order risk effects (e.g., reduction in exposure to adverse events in the tails of

yield distributions).

The literature is further limited by a dearth of long-term studies. While the soil and tillage literature
evaluating conservation tillage is extensive, there are few studies that span more than 10 years (Pittelkow
et al., 2015; Cusser et al., 2020). Given the potential gradual accumulation of soil organic carbon, microbial
biomass, and structural integrity, yield increases from continuous implementation of conservation tillage may
only emerge with time. DeFelice et al. (2006) warn that experiments conducted for a short number of years
do not provide fair comparisons to conventional tillage as soils have not yet had time to stabilize. In their
survey analysis, Saak et al. (2021) find that adopters are more likely to report beneficial profit, cost, and

yield outcomes as adoption years increase. Cusser et al. (2020) uses a moving window approach to investigate
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the development and stability of continuous no-till compared to conventional till agriculture over a 29-year
period in the upper Midwest. Their results indicate that over a decade (or more) is needed to detect the
consistent effects of no-till. Importantly, they conclude that statistically significant, but likely misleading,
short-term trends can produce findings that deter from adopting optimal tillage practices that maximize

yields and profits in the long-term.

Of the few long-term studies available in the literature, only Daigh et al. (2018), Mathers (2022), and
Mathers et al. (2023) consider whether tillage practices impact yield stability. Daigh et al. (2018) found
no significant differences in yield stability between no-till and conventional chisel plow tillage treatments in
continuous corn and corn-soybean rotations. However, the Daigh et al. (2018) study only examines yields
and their stability from 2009 through 2013 at eight long-term sites (tillage treatment durations range from
8 to 51 years). Mathers (2022) and Mathers et al. (2023) did, however, identify differences in yield stability
based on corn tillage systems with more stable yields observed for no-till than for conventional tillage in
the North Carolina Piedmont. Other long-term studies evaluate the mean yield effect of no-till vis-a-vis a
baseline conventional tillage practice (e.g., chisel plowing) with mixed results (Karlen et al., 2013; Sindelar
et al., 2015; Al-Kaisi et al., 2015).

Given the difficulty of sustaining long-term agronomic trials, existing long-term tillage studies have been
concentrated in the Corn Belt, where corn and soybeans are most commonly produced in the US. However,
results from these trials offer limited guidance for corn and soybean producers in different climate zones.
Furthermore, aside from Mathers (2022) and Mathers et al. (2023), we have not found any long-term studies
that discuss how mean yield and yield risk change with reductions in tillage intensity. Tillage operations
represent a wide set of options with respect to machinery, number of passes, and timing. Understanding how
mean yield and yield risk change along a spectrum of operations could offer critical insights to producers

and researchers.

In light of the discussion above, the main objective of our analysis is to evaluate the impact of conservation
tillage practices — with varying levels of tillage intensity and timing — on the mean yield and yield risk of corn-
soybean rotations in North Carolina. To achieve this objective, we use long-term (30-year) field trial data
from experiments implemented at North Carolina State University’s Upper Piedmont Research Station in
Reidsville, North Carolina (Roper et al., 2016; Mathers et al., 2023). Nine tillage treatments were replicated
four times in a randomized complete block design. The treatments included no-till, in-row subsoiling, chisel-
till in the fall, chisel-till in the spring, disk plow in the spring, chisel-till plus disk in the fall, chisel-till plus
disk in the spring, moldboard plow plus disk in the fall, and moldboard plow plus disk in the spring. The
nine treatments vary in intensity (i.e., from no-till (with the highest residue cover) to the moldboard plow

treatments (with the lowest residue cover)), and timing (i.e., Spring versus Fall tillage operations).

The main contribution of this paper is further understanding of how long-term mean yields and yield risk
respond to long-term use of tillage practices of various intensities and timing. More specifically, this paper
contributes to the literature in the following ways: (1) this study uses a unique long-term field trial data set
(e.g., 30 years) that has information about tillage practices with varying intensities, (2) this study provides
new empirical evidence on the long-term effects of various tillage practices on mean yields and yield risk in
an area that has been understudied in the past (i.e., Southeastern US) using moment-based methods, and
(3) this study provides further insights as to the long-term productivity and risk effects of a continuum of

tillage practices used (i.e., rather than just a “binary” effect of no-till versus conventional till). The paper
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is organized as follows: Section 2 introduces the field trial and data. Section 3 reviews the parametric and
nonparametric moment-based approaches implemented and explains our empirical specification. Sections 4
and 5 present the results and discussion of our findings. Finally, Section 6 discusses implications for on-farm

decision-making and the limitations of our analysis.

3.2 Data

The field trial was implemented at North Carolina State University’s Upper Piedmont Research Station in
Reidsville, North Carolina. Nine tillage treatments were replicated four times in a randomized block design.
See Appendix B Table 1 for details on the site and soil characteristics in the experiment location. The
treatments included no-till, in-row subsoiling, chisel-fall, chisel-spring, disk-spring, chisel plus disk - fall,
chisel plus disk - spring, moldboard plow plus disk - fall, and moldboard plow plus disk - spring. The no-till
treatment involves the absence of tillage operations from harvest to planting. The in-row subsoiling treatment
uses an in-row subsoiler to cut through residue with minimal disturbance and involves non-inversion tillage
in a narrow strip along the row (NRCS, 2006). The chisel plow treatments use a plow with narrow, double-
ended shovels (chisel points) to rip through and stir soil but does not invert and pulverize soil (NRCS, 2006).
The chisel plow plus disk treatments extends the chisel treatments by employing a disk plow to prepare the
seedbed by pulverizing soil and residue without inversion. The disk plow treatment uses the disk plow alone
(without first employing a chisel or moldboard plow to invert the soil). Finally, the moldboard plow plus
disk treatments uses a moldboard plow to thoroughly lift and invert soil and residue, followed by the use of

a disk plow for seedbed preparation.

These treatments result in various levels of residue cover. Crop residue is any vegetative material remain-
ing after harvesting (Al-Kaisi et al., 2002). Residue cover refers to the percentage of the field covered by
crop residue after tillage operations, thus acting as a proxy for tillage intensity (DeDecker, 2014). As pre-
viously mentioned, CTIC defines conservation tillage as any tillage and planting system that leaves at least
30 percent of the soil surface covered by residue after planting. A high residue cover post-treatment implies
lower tillage intensity while low residue cover post-treatment indicates high tillage intensity. Together, the
treatments in the field trial represent a range of tillage intensities (White et al., 2009; Mathers, 2022). The
highest residue cover (lowest intensity) treatment is the no-till treatment (residue cover of 92%). The lowest
residue cover (highest intensity) treatment is the moldboard plow plus disk treatments (residue cover of
6%). The in-row subsoiling treatment (residue cover of 70%), chisel treatments (residue cover of 45%), disk
treatment (residue cover of 22%), and chisel plus disk treatments (residue cover of 18%) form the continuum
of tillage intensity. Using the CTIC’s definition for conservation tillage, the no-till, in-row subsoiling, and
chisel treatments can be characterized as conservation tillage treatments. The disk, chisel plus disk, and
moldboard plow plus disk treatments represent conventional tillage treatments. See Table 1 for a summary

of tillage treatments, residue covers, and tillage categories.

Each of the tillage treatments in the field trial can be further categorized as primary and secondary tillage.
Primary tillage is meant to cut and incorporate crop residue, making it more susceptible to decomposition
(NRCS, 2006; Al-Kaisi and Hanna, 2010). These operations are typically done in the Fall post-harvest but

can be performed in the Spring. As primary tillage operations do not always provide an ideal seedbed for
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planting, secondary tillage treatments are meant to prepare seedbeds for planting (NRCS, 2006; Al-Kaisi and
Hanna, 2010). Primary and secondary tillage treatments can be stacked and staggered. In the experiment,
the use of the moldboard plow and chisel plow represent primary tillage operations while the use of the disk
plow and in-row subsoiling tillage treatments represent secondary tillage operations (which is primarily done

in the spring).

The timing of primary tillage operations can also make a difference in the environmental and agronomic
outcomes observed. Spring tillage offers erosion control during the winter but soil moisture evaporation
following spring tillage can result in yield reductions if rainfall is low (Al-Kaisi and Hanna, 2010). All chisel
and moldboard plow treatments were performed in the Spring and Fall so that any differential impacts in
yields can be observed. The chisel plus disk and moldboard plow plus disk treatments were both followed
with disking in the Spring. Chisel plow treatments were performed with and without disking in the Spring to
evaluate the effect of a rougher seedbed. For the in-row subsoiling treatment, an in-row parabolic subsoiler
shank was attached ahead of the planter so both the in-row subsoiling and planting operations were performed
on the same pass. Given the typical Spring implementation in timing the secondary tillage practice (e.g.,
disk and in-row subsoiling), Fall treatments for the disk plow and in-row subsoiling tillage practice were not
conducted in the experiment. No-till planting was performed using a ripple-coulter followed by double-disk

opener. Tillage direction alternated every year.

Descriptive statistics for corn and soybean yield under each tillage treatment over the field trial period are
displayed in Appendix B Tables 2-4 and illustrated in Appendix B Figures 1-10. The data used to produce
Appendix B Tables 2-4 and Appendix B Figures 1-10 are based on earlier work of Roper et al. (2016),
Mathers (2022), and Mathers et al. (2023). For both corn and soybeans average annual field trial yields
across treatments coincide well with the county average (See Figures 1 and 2)!. Corn and soybean yields
under different tillage treatments and over the time period covered by the study are presented in Appendix
B Figures 1-8. The study was initially designed for continuous corn. As a result, the first three years of the
experiment, 1987-1989, were planted as continuous corn. However, as soybeans become more economically
important in the region, a corn-soybean rotation was introduced in 1990. In 2006, corn was planted instead

of soybeans.

Corn was planted at a density of 30,000 seeds acl and soybeans were planted at 137,500 seeds acl (per
industry standards) and both crops were planted with a common row spacing of 37.8in. Please see Appendix
B Table 5 for specific planting dates. While precise dates for tillage passes are not known, the experimental
procedure indicates that Spring tillage treatments were conducted in the days before planting while Fall
treatments would have occurred soon after harvest in October. Chemical pesticides were used to manage
pest infestations and lime, P, and K were applied to both crops according to the specifications set forth by
the North Carolina Department of Agriculture and Consumer Services soil test recommendations. Nitrogen
was applied to corn plots twice— prior to planting at a rate of 19.63 lbs. N ac-1 and then 4-5 weeks after
emergence at rate of 140.07 Ibs. N ac-1. These rates are greater than the North Carolina State University’s
Extension recommendations (Osmond et al., 2020; Mathers et al., 2023). This was to ensure yield differences

were the result of soil management and not nutrient deficiency (Mathers et al., 2023). Soybeans were not

1For corn, yields in the field trial are lower than the county-level average in 2015 and 2017. For soybeans, yields in the field
trial are much higher than the county-level average in 1996 and 2000. Given the differences in the county yields as compared to
the field trial yield in these years, we ran robustness checks of the baseline models excluding 2015 and 2017 for corn, and 1996
and 2000 for soybeans. Results from these runs with excluded years are still consistent with our main results (See Appendix B
Tables 6-7).
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treated with nitrogen. In 1998 and 2002, there were soybean crop failures. In 2014, there are only three
replications of the in-row subsoiler, chisel plus disk spring, and moldboard plus disk fall treatments due to

deer damage on three plots?.

3.3 Methodology

To investigate the impact of tillage intensities on mean yield and yield risk, we use the parametric moment-
based framework of Antle (1983) for estimating stochastic production functions in agriculture. This frame-
work has been used to identify and quantify the effect of a variety of factors (e.g., technologies, crop varieties,
weather, etc.) on agricultural production risk (Li, Rejesus, and Zheng; 2021). An advantage of the framework
is that it extends the prevailing methodology in the soil and tillage literature which only typically uses the
first and second moments to characterize crop yield stability (Daigh et al., 2018). Additionally examining
tillage effects on the third and fourth of the yield distribution can give more insight on how tillage influences

the tails of the yield distribution (i.e., better capturing the higher order risk effects).

The first moment, the conditional mean in this framework, allows us to discern differences in the average
productivity between tillage treatments. The second moment, variance, gives information about the overall
variability of the corn or soybean yields around the mean. Generally, a reduction in variance from one tillage
treatment to another suggests less variability. But note that the nature of the variance is that it provides
insight on both the “upside” and “downside” risk. The third moment, skewness, measures possible asymmetry
of the yield distribution. Thus, negative skewness captures “downside risk” or exposure to losses located in
the lower tail of the distribution (while positive skewness depicts “upside risk” or exposure to outcomes
in the upper tail of the distribution). The fourth moment, kurtosis, measures whether the thickness in the
tails of the distribution departs from a normal distribution. Thicker tails in the yield distribution implies

increased exposure to rare (or tail) events.

In our model, yields are represented by the function, y, of the input vector, X, and stochastic disturbance

term, e:

yield = pu(X) + € (3.1)

where € is i.i.d and E[e|X] = 0. The first moment (i.e., the mean yield) of this production function can be

represented as follows: M7 (X) = E[u(X)] with higher moments generally expressed as:

& = [yield — (X)) = My(X) +v;, Vi=2,3,4 (3.2)

2@iven some of the crop failures discussed here, it is important to more clearly explain the total number of corn and soybean
observations used in our analysis. Note that the field trial ran from 1987 to 2018. This suggests 32 years of data. The “30”
referenced in the text are the years for which we actually have data (e.g., excluding 1998 and 2002 for which there were soybean
crop failures). Given that in a particular crop year we have 9 treatments and 4 replications (per treatment), the field trial
includes 36 plot observations per year. Therefore, with 30 years of available data, 30 x 36 gives us a total 1080 observations.
Subtracting the 3 replications (1 replication for 3 treatments) for which there was deer damage in 2014 gives us a total of 1,077
observations. Of these 1,077 total observations, the count for corn is 648 and count for soybeans is 429. Hence, the sum of corn
and soybean observations is 1,077.
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where €’ is the it" power of the predicted residuals from the model specification in (1). The term M;(X) is
the i'" moment function, and v; is the error term. Thus, € in equation (2) represents the variance when i =

2, skewness when i = 3, and kurtosis when i = 4.3

To estimate these mean and higher order central moments of yields, we estimate the moments of the

yield distribution as a linear function of independent variables:

yield = XB1 + ¢ (3.3)

&= XpB; +v;, Yi=2,34 (3.4)

In the absence of endogeneity, the equations above can be consistently and efficiently estimated using
ordinary least squares (OLS) with heteroskedasticity-robust standard errors (Antle, 1983). A parametric
moment-based framework allows for a flexible and robust modeling of production output and the approach
is widely used in the field of agricultural economics (i.e., specifically in the production risk management

area).

The framework in equations (3) and (4) assumes a linear functional form for the conditional mean
and higher order central moments. As is well known, traditional parametric methods suffer from the risk
of misspecification. When assumed parametric functional forms are not consistent with underlying data
generating processes, estimates are inconsistent and hypothesis tests misleading. To evaluate this potential
threat to identification, we also apply Li, Rejesus, and Zheng’s (2021) recently developed nonparametric
estimation and inference procedure. The proposed nonparametric approach allows for the estimation of
production risk and implementation of hypothesis testing without imposing strong parametric assumptions.
Their methodology uses the kernel method to estimate the conditional moments and allows for the use
of ordered categorical variables. One key advantage of the Li, Rejesus, and Zheng (2021) nonparametric
procedure is the use of the leave-one-out, least-squares cross-validation (CV) method to select the smoothing
parameters which is entirely data-driven (Li, Rejesus, and Zheng, 2021; Racine and Li, 2004). Between both
the traditional (Antle, 1983) and the Li, Rejesus, and Zheng (2021) frameworks, we have two estimation

approaches to achieve the study objective and at the same time evaluate the robustness of our results.

We estimate the following specification for corn and soybean yields:

yieldyy = o+ X0 _, - tillageft + v - rotation;; + A - trend; + € (3.5)

where crop yield (yield;;) in plot i and year ¢ are modeled as a function of k tillage treatment dummy
variables (tillagek,), a crop rotation dummy (rotation;;), and a time trend (trend;; i.e., the number of years

since the start of the experiment). Please see Appendix B Tables 2-4 for descriptions and summary statistics

3See Chavas (2004, p. 111), Shi et al. (2013, in their supplementary materials), and Wang et al. (2021, p. 1114) for references
that follow the same general exposition of the higher moment function in equation (2). In our empirical context, this is a
generalized representation of the higher moments where the yield variable can be considered as a vector of yields for a particular
field under the same tillage treatment.
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for each variable. Corn and soybean yields are estimated separately as the agronomic literature suggests
heterogeneity in the way different crops respond to tillage treatment and to avoid potentially biasing the
results (Shapiro et al., 2001; Wilhelm and Wortmann, 2004; Toliver et al., 2012; Pittelkow et al., 2015).

Tillage treatments are represented via k binary (i.e., dummy) variables, tillagek,, which takes on the
value of one (1) if the kth tillage treatment is applied in plot ¢ for year ¢, and zero otherwise. As already
mentioned above, there are nine tillage treatments (k = 1, ..., 9) as follows: Fall moldboard plow plus disk
(k=1), Spring moldboard plow plus disk (k=2), Fall chisel plow plus disk (k=3), Spring chisel plow plus disk
(k=4), Spring disk plow (k=5), Fall chisel plow (k=6), Spring chisel plow (k=7), In-row sub-soiling (k=8),
and no-till (k=9). Note that the omitted tillage treatment category in equation (5) is the Fall moldboard
plow plus disk treatment (k=1), which represents the most environmentally damaging treatment (i.e., as
the moldboard plow plus disk treatment is the most intensive tillage treatment and Fall tillage treatments
leave fields bare over winter and more susceptible to erosion). Hence, the 2 to By parameters estimated in
equation (5) are interpreted relative to the omitted Fall moldboard plow plus disk treatment (k=1). The
tillage treatments from k=2 to k=9 are then ordered from most intensive to least intensive with Spring
treatments of the same intensity following Fall treatments so that the impacts on crop yields (and yield risk)
as tillage treatments decrease in intensity (or increase in residue levels) can be more clearly observed. As the
use of moldboard plows has declined over the past few decades (Reicosky and Archer, 2007), a specification
using the Fall chisel plow plus disk treatment as the omitted treatment category is also included in the
Appendix B to provide easier comparisons to the more common conventional practice in the present day (see
Appendix B Tables 8 and 9).

The control variable rotation;; is a binary (i.e., dummy) variable that takes on the value of 1 if a different
crop was planted the year before. For the majority of the experiment, corn and soybeans were planted in
rotation. As a result, the variable rotation;; is always 1 in the soybean specification as all soybean years are
preceded by years in which corn was planted. However, not all corn years were preceded by soybeans. The
first three years of the experiment, 1987-1989, were planted as continuous corn. Furthermore, in 2006, corn
was planted instead of soybeans resulting in no rotation for 2006 and 2007. As corn and soybeans are seen
as complementary in a crop rotation, we expect that having had soybeans planted in the year preceding will
likely influence crop yields and yield risk (and therefore needs to be included as a control variable in the
specification). Finally, trend; is constructed by subtracting the start year of the experiment from the year
associated with yields. This linear time trend is included as a control to capture the trajectory of yields in
response to time-varying omitted variables (i.e., like unobserved technological advancements such as varietal

improvement over time).

3.4 Results

3.4.1 Mean Yield Benefits

Tables 2 and 3 show the parameter estimates from the corn and soybean moment-based models that allow
for evaluating the effect of different tillage intensities on mean yield and yield risk. Our results indicate that

the choice of tillage treatment statistically significantly increases mean yields for corn and soybeans (at the
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1% significance level). For both crops, tillage treatments with reduced tillage intensity are associated with

larger yield benefits.

For corn (see Table 2), as tillage intensity declines, mean yield benefits increased commensurately. The
no-till treatment (92% crop residue) conferred the largest yield benefits: 45.2 bushels per acre relative to
the baseline Fall Moldboard plow plus disk treatment. The next least-intensive treatment, in-row subsoiling
treatment (70% crop residue) is associated with a 34.4 bushels per acre increase in mean yields relative
to the baseline tillage treatment. The Fall and Spring chisel plow treatments (45% crop residue) conferred
increases of 31.8 and 29.4 bushels per acre respectively, relative to the baseline treatment. Conventional tillage
treatments with lower tillage intensities than the baseline also conferred yield benefits for corn, but these
benefits were smaller than those from conservation tillage treatments. The Spring disk plow treatment (22%
crop residue) is associated with a 21.2 bushel per acre increase compared to the baseline tillage practice, while
the Fall and Spring chisel plow plus disk treatments confer 19.3 and 15.3 more bushels per acre respectively.
All of the mean yield results are statistically significant at the 1% level. The yields from the Spring moldboard
plow plus disk treatment, which has the same tillage intensity as the baseline, were not significantly different

from the baseline treatment’s yields (Fall moldboard plow plus disk).

For soybeans (see Table 3), as with corn, all treatments confer mean yield benefits relative to the baseline
Fall moldboard plow with disk treatment. However, the increases in mean yields are similar across treatments
suggesting these mean soybean yield benefits do not proportionately change with the reductions in tillage
intensity. While conservation tillage treatments result in larger mean yields than conventional treatments,
differences between Fall tillage treatments are roughly within 3 bushels per acre. The Fall and Spring chisel
plow treatments (45% crop residue) confer the largest yield benefits, with about 12 bushels per acre advantage
over the base omitted practice, while the no-till and in-row subsoiling treatments result in about a 10 bushel
per acre increase relative to the baseline tillage treatment. Of the conventional tillage treatments, the Fall
chisel with disk treatment (18% crop residue) and Spring disk plow treatments (22% crop residue) were
statistically different from the baseline treatment at the 1% level. The Fall chisel plow plus disk treatment
resulted in a mean yield increase in line with the no-till and in-row subsoiling treatments, about 10 bushels
per acre. For soybeans, all treatments with a lower tillage intensity than the baseline increase mean yield.

However, differences between these benefits are modest across all tillage treatments.

The results for both corn and soybeans indicate that reducing tillage intensity has strong positive mean
yield impacts. However, our analysis suggests that reducing tillage intensity does not result in statistically
significant reductions in risk. That is, no statistically significant higher moment effects are observed for corn
or soybeans (see columns 2, 3, and 4 in Tables 2 and 3). Nonetheless, Mathers et al., (2023), using different
statistical techniques on the same data utilized in the present study, were able to show that conservation

tillage provided yield stability over more intense forms of tillage under variable weather conditions.

3.4.2 Timing of Tillage Treatment

The trial design also allows us to evaluate how the timing of tillage operations affects mean yields across
various tillage intensities. We compared the differences in mean yield outcomes between the Spring versus

the Fall implementations of the following: moldboard plow plus disk, chisel plow plus disk, and chisel plow
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treatments. Appendix B Table 10 displays our results for the Fall minus Spring difference in the mean yield
effect of the tillage treatment.

The moldboard plow plus disk (6% crop residue) and chisel plow plus disk treatments (18% crop residue)
represent conventional tillage treatments whereas the chisel plow treatment (45% crop residue) falls into
the conservation tillage category. The differences between Fall and Spring treatments are small and not
statistically different from zero for both corn and soybeans (see Appendix B Table 10). Nonetheless, even
with the statistically insignificant difference in yields between Fall and Spring, waiting until Spring for
implementing moldboard plow plus disk, chisel plow plus disk, and chisel plow treatments may confer erosion

control over the winter when wind and precipitation erosion risk is high (Al-Kaisi, 2013).

3.4.3 Marginal Reductions in Tillage Intensity

One key contribution of the field trial analysis here is the opportunity for us to explore how yield and yield
risk potentially changes across a spectrum of tillage intensities. Our results show that, relative to the baseline
Fall moldboard plow plus disk treatment, all tillage treatments with lower tillage intensities increase mean
yields relative to the baseline Fall moldboard plow plus disk treatment, a high-intensity tillage treatment.
For corn, these benefits appear to be monotonically increasing as tillage intensity is reduced. To investigate
how yield benefits change as tillage intensity is reduced, we further compare the yield benefit of each tillage
treatment with the treatment that is next least intensive (i.e., pairwise comparisons). This results in six
comparisons: Fall moldboard plow plus disk (6% crop residue) versus Fall chisel plow plus disk (18% crop
residue); Spring chisel plow plus disk (18% crop residue) versus Spring disk plow (22% crop residue); Fall
chisel plow plus disk (18% crop residue) versus Fall chisel plow (45% crop residue); Spring disk plow (22%
crop residue) versus Spring chisel plow (45% crop residue); Spring chisel plow (45% crop residue) versus
Spring in-row subsoiling (70% crop residue); Spring in-row subsoiling (70% crop residue) versus no-till (92%

crop residue). The results are shown in Table 4.

We find that adjacent reductions in tillage intensity have a larger increase in corn yields at higher levels
of tillage intensity than at lower levels of tillage intensity. That is, for corn, the difference in yield benefit
from the Fall moldboard plow plus disk treatment to the Fall chisel plow plus disk treatment is statistically
significant at the 1% level. The reduction in tillage intensity (increasing crop residue from 6% to 18%) results
in a yield benefit of 19 bushels per acre. Furthermore, the difference in yield benefits from the Fall chisel
plow plus disk treatment to the Fall chisel plow treatment is also statistically significant at the 5% level,
though the 27% increase in crop residue now only results in a 13 bushel per acre yield increase. However,
the difference between the in-row subsoiling treatment and no-till treatment is only significant at the 10%
level, and the 22% increase in crop residue only results in an 11 bushel per acre increase. The results for
corn suggest diminishing marginal mean yield benefits in response to stepwise reductions in tillage intensity.
Tillage intensity reduction is highly impactful to mean yields (i.e., larger positive mean yield increase) at

high levels of intensity, but mean yield benefits decline at lower levels of tillage intensity.

For soybeans, only the difference between the Fall moldboard plow plus disk treatment and the Fall chisel
plow plus disk treatment (12% increase in crop residue) is statistically significant (at the 1% level). After

this initial yield increase as one moves from high tillage intensity to the next lower tillage intensity, further
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reductions in tillage intensity do not appear to statistically increase mean yields at all.

3.4.4 Nonparametric Moment-based Framework

Results from the nonparametric moment-based framework are presented in Tables 5-6. For both corn and
soybeans, the coefficients on mean yield mirror those of the baseline specifications. For both crops, reductions
in tillage intensity are associated with increases in mean yields. For corn, these increases were proportional
to reductions in tillage intensity. For soybeans, reductions in tillage intensity had a large positive impact
on mean yields at high levels of tillage intensity but benefits declined at lower levels of tillage intensity.
For soybeans, the results for higher order risk effects were also in line with those from the parametric
estimation— no higher order risk effects of tillage treatments were observed. However, for corn, results
from the nonparametric framework indicate a number of positive and significant coefficients in the variance
and kurtosis functions. These nonparametric results suggest that a number of tillage treatments with lower
tillage intensity increases mean yields, but these lower tillage intensity practices may also tend to increase
higher-order yield risks (e.g., variance and kurtosis, in particular). Based on the higher order moment results
from the traditional parametric framework (i.e., no statistically significant low intensity tillage effects on the
higher moments) and the nonparametric framework (i.e., positive and significant effects low intensity tillage
effects on the higher moments), one can still safely conclude that lower intensity tillage practices do not offer
higher order risk improvements (or risk reduction) for corn and soybean rotations on sandy loam soils in the

North Carolina Piedmont.*

3.4.5 Long-term Effects of Tillage Treatment on Yields

As a final contribution to the literature, we also evaluate whether yield benefits from lower intensity tillage
treatments increase with continued use of the practice over time. Note that in our main empirical specification
in equation (5) we include a time trend variable that can represent unobserved technological advancements
affecting all plots similarly®. The time trend simply represents the number of years since the start of the
experiment. As such, one can include additional tillage-by-trend interactions tillagek, x trend; in our baseline
specification to assess whether the mean yield or higher order moment effect of a particular tillage practice
increases the longer one uses it (i.e., for instance, observing larger mean yield effects as the number of years

of use increase).

Results from the regression runs of the specification with tillage-by-trend interactions are shown in Ap-
pendix B Tables 15-16. For both corn and soybeans, none of the treatment-trend interactions are significant.
Therefore, the parameter estimates associated with tillage-by-trend interactions suggest that the mean yield

effect of all the different lower intensity tillage treatments do not statistically increase with sustained use.

4Moreover, it is important to note that the preponderance of evidence from the parametric and nonparametric estimations
for both crops (corn and soybeans) generally support the notion that use of lower intensity tillage practices tend to not affect
higher order yield risk (e.g., most coefficients associated with lower intensity treatments are statistically insignificant in the
various estimation runs. Hence, we believe that, on balance, it is also fair to say that lower intensity tillage treatments likely
do not have substantial higher order risk effects.

5To test the robustness of our results with a linear trend specification, we also ran models using a quadratic time trend (See
Appendix B Tables 11-12) and annual fixed effects (i.e., annual year dummies excluding 1987) (See Appendix B Tables 13 and
14). Results from these alternative treatments of time trends remain consistent with our main baseline results in Tables 2 and
3.
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3.5 Discussion

This paper evaluates the impact of conservation tillage practices — with varying levels of tillage intensity
and timing — on the mean yield and yield risk of corn and soybean cultivation on sandy loam soil in the
North Carolina Piedmont. Our results indicate that choice of tillage treatment significantly increases mean
yields for corn and soybeans in the study area. For corn, these increases were proportional to reductions in
tillage intensity. For soybeans, reductions in tillage intensity had a large positive impact on mean yields at
high levels of tillage intensity but benefits declined at lower levels of tillage intensity. The timing of tillage
treatment did not statistically impact yields and our analysis did not find consistent yield risk reduction as
a result of lower intensity tillage practices. We also do not find evidence that mean yield benefits increase

with sustained use of lower intensity tillage practices.

There are several avenues for reductions in tillage intensity to improve crop yields. Reducing tillage
intensity could facilitate the accumulation of organic material in soil, reduce soil moisture loss, improve
soil water infiltration, and prevent crusting all which could improve yield outcomes (Busari et al., 2015;
Haddaway et al., 2017; Blanco-Canqui and Ruis, 2018; Mathers et al., 2023). In this study, the differences
in yields across tillage treatments are likely due to crusting. Crusting occurs when rain pulverizes soil that
then cements into hard layers at the soil surface when the soil dries (Hanna and Tidman, 2000). If significant
precipitation events occur between planting and emergence, soil crusts can reduce seedling emergence and
therefore final yield (Baumhardt et al., 2004). Soil crusts also reduce rates of infiltration and promote runoff
and erosion (Raczkowski et al., 2009). Previous research studies at this site have noted the presence of
soil crusting and sealing (Wagger and Denton, 1992, Freese et al., 1993, Cassel et al., 1995; Mathers et
al., 2023). We hypothesize that differences in yields across tillage treatments result from high residue low
intensity treatments preventing crusting (and forestalling subsequent adverse impacts on plant emergence)
by impeding water droplet impact on the soil surface during rainfall events. However, crusting intensity
and timing was not systematically recorded over the length of the field trial, so we are unable to explicitly

quantify interactions between tillage treatment, prevalence and magnitude of crusting, and yields.

Our results are distinct from other long-term tillage trials evaluating corn and soybean production. Our
mean yield results are closest to those of Sindelar et al. (2015) who evaluate the impact of five tillage treat-
ments (chisel plow, disk plow, moldboard plow, no-till, ridge-till, and in-row subsoiling) for continuous corn
and a corn-soybean rotation in a 28-year field trial near Lincoln, Nebraska (even though the agroecosystem
in their study area is very different from the one here). They find that corn grain yield with no-till resulted
in consistent, high grain yields for both corn and soybeans in the final 16 years of their experiment. Unlike
our results, they conclude that a lag period exists before consistent yield advantages with no-till are de-
tectable. Similar to our results, they also find smaller differences across tillage systems for soybean yields in
the corn-soybean rotation. Meta-analysis of past short-term studies have emphasized significant geographic
heterogeneity in the efficacy of conservation tillage treatments for increasing corn and soybean yields (Pit-
telkow et al., 2015; DeFelice et al., 2006). Nonetheless, our results fit in with observations from past studies
that differences between conservation and conventional tillage practices are higher in the southern regions
of the US (DeFelice et al., 2006; Toliver et al., 2012).

It is important to note that several other long-term trials do not find consistent benefits from lower-

intensity tillage treatments. In their evaluation of corn and soybean production at seven sites in lowa,
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Al-Kaisi et al. (2015) report that the yields associated with no-till were less than with conventional tillage
in locations with poorly drained soils versus well-drained soils. They conclude that the high amount of crop
residue associated with no-till coupled with poorly drained soil conditions reduced soil temperature resulting
in delayed seed germination and emergence (Al-Kaisi et al., 2015). Karlen et al., (2013) also find that a
conventional tillage treatment, the moldboard plow treatment, had the highest yield in their 30-year field
trial in Towa though they note that yield differences between tillage treatments were quite small. Both of
these studies also find that corn-soybean rotations offered yield benefits relative to continuous corn, while

our results indicate that rotation carries a corn yield penalty (See Table 2).

Our result that crop rotation reduces corn yields runs counter to common prevailing understanding
based on crop rotation field studies in the US Midwest. A number of studies have shown that corn-soybean
rotations are usually beneficial such that it increases mean corn yields. However, Hall et al. (2019) suggests
that short-term benefits of corn and soybean rotation may also come with some long-term costs in terms of
long-term declines in soil organic matter. Thus, given that the data used in the analysis covers over 30 years
of data, it could be possible that the rotation effects can reduce soil organic matter in the long-term and
result in negative mean yield effects of rotation. Notwithstanding the negative mean yield effect in Table
2, it is important to note that the rotation variable had a statistically significant variance-reducing effect
and rotation may be beneficial in terms of reducing yield variance in the study area). Lastly, it should be
noted that rotation was not randomly allocated across plots in the experiment. The field trial was initially
designed for continuous corn and so for the first three years of the trial only corn was planted (1987-1989). As
soybeans became more economically important in the region, rotation with soybeans was introduced (1990-
2018). Given the non-random nature of the rotation variable, one cannot draw strong conclusions about its
estimated effects on corn yields in Table 2. Nonetheless, to demonstrate that our baseline results for corn
yields are robust to the use of rotation, we run an estimation excluding continuous corn years and find that

the pattern of results are unchanged (see Appendix B Table 17).

Except for the recent study by Mathers (2022) and Mathers et al. (2023), we have not found any other
peer-reviewed paper that have examined how stepwise reductions in tillage intensity (or increases in residue)
impact long-term higher-order yield risk (i.e., variance, skewness, and kurtosis) in the Southeastern US. Our
results suggest that conservation tillage practice with lower tillage intensities and higher intensities do not
provide yield risk reductions for corn and soybeans planted in rotations on sandy loam soils in the North
Carolina Piedmont. No yield variance, skewness, or kurtosis impacts were statistically observed in majority
of our regression runs. This result is in line with previous studies with shorter time horizons. Daigh et al.
(2018) found no significant differences in yield variance between no-till and conventional chisel plow tillage
treatments in corn-soybean rotations in their four-year evaluation. In their meta-analysis of 26 short-term
tillage studies across the world, Rusinamhodzi et al. (2011) report no observable differences in corn yield

stability between reduced tillage practices compared with conventional moldboard plowing.

3.6 Conclusion

This study provides new empirical evidence on the long-term effects of lower intensity (or high residue)

tillage practices on mean yields and yield risk for corn and soybean production in an area that has been
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understudied in the past (i.e., the Southeastern US, specifically in the sandy loam regions of the North
Carolina Piedmont). This study provides further insight as to the long-term productivity and risk effects
of a continuum of tillage practices such that one can see how marginal reductions in tillage intensity from
one tillage treatment to another can affect mean yield outcomes and risk. Our results indicate that choice
of tillage treatment significantly impacts mean yields— with lower intensity conservation tillage treatments
outperforming conventional tillage practices for both corn and soybeans. For corn, increases in mean yield
benefits were commensurate with reductions in intensity. For soybeans, after an initial increase in mean
yields, further reductions in tillage intensity were not associated with further yield increases. However, for
both corn and soybeans, no yield risk reduction was observed across the different tillage treatments with

varying intensities (and residue levels).

While this study provides insight into the mean yield and risk response of corn and soybeans to tillage
treatment of various intensities, it is important to acknowledge the study limitations. First, the limited
geographical scope of the field trial data means that the regression results may not extend to growers
operating in different climates and soil types in other states (i.e., our results are for corn and soybeans
planted in well-drained sandy loam soils in the North Carolina Piedmont). Second, although research plots
enable implementation of randomized field trials to isolate tillage effects, identical regimes for other factors
(e.g., fertilizer and chemical inputs) may not exactly follow actual on-farm commercial operations using the
various tillage practices examined in the study (Deines et al., 2019). Some of the practices and inputs used
in the field trials may not exactly coincide with actual farmer practices “on-the-farm”. Future studies should
utilize observational data from actual farms to better characterize how yields respond to no-till and other
conservation tillage practices under a variety of management and biophysical conditions (i.e., to cover larger
geographical regions). Perhaps satellite-based remote sensing data on tillage practices and farm-level survey
data on yields and input use can be combined to undertake an analysis similar to the one used in this paper,

but with on-farm observational data.
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3.8 Tables

Table 3.1: Tillage Treatments and Residue Cover

Tillage Treatment Tillage Category Residue Cover (%)
1. Fall moldboard plow plus disk Conventional 6

2. Spring moldboard plow plus disk  Conventional 6

3. Fall chisel plow plus disk Conventional 18

4. Spring chisel plow plus disk Conventional 18

5. Spring disk Conventional 22

6. Fall chisel plow Mulch 45

7. Spring chisel plow Mulch 45

8. Spring in-row subsoiling Strip 70

9. No-till No-till 92

Note: Data for the figure above drawn from Mathers et al., (2023).
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Table 3.2: Corn - Baseline Specification

(1) 2) 3) @
VARIABLES Mean Variance Skewness Kurtosis
2. Spring moldboard plow plus disk 5.921 209.9 8,914 2.029e+4-06
(6.051)  (337.7)  (36,528)  (3.280e+06)
3. Fall chisel plow plus disk 19.317%%* 156.4 -15,858 753,672
(5.988) (323.3) (32,948)  (2.759¢+06)
4. Spring chisel plow plus disk 15.28%* 562.0 13,958 3.776e+06
(6.449) (347.1) (37,793)  (3.194e+06)
5. Spring disk plow 21.17%** 327.0 -13,940 1.470e+06
(6.186)  (327.2)  (33,616)  (2.795¢+06)
6. Fall chisel plow 31.83%%* 50.80 -27,123  -1.171e+06
(5.862) (283.6) (28,507)  (2.284e+06)
7. Spring chisel plow 29.41%** 296.1 -22,958 750,164
(6.151)  (298.3)  (31,815)  (2.505e+06)
8. Spring in-row subsoiling 34.41%%* 443.7 -37,048 1.485e+4-06
(6.318) (308.8) (32,548)  (2.458e+06)
9. No-till 45.20%** 257.7 -33,653 552,122
(6.107) (305.1) (31,570)  (2.455e+06)
Rotation -29.13%F*  _363.2** 4,472 -761,866
(3.159)  (143.1)  (11,410)  (960,472)
Trend 1.457%**  R7.68%** 655.4 617,812%**
(0.196) (9.286) (1,093) (81,811)
Constant 48.61*** 186.6 19,512 -3.062e+-06
(4.822) (239.3) (24,486)  (1.998e+06)
Observations 648 648 648 648
R-squared 0.214 0.144 0.008 0.107

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table 3.3: Soybean - Baseline Specification

(1) (2) (3) (4)
VARIABLES Mean Variance  Skewness Kurtosis
2. Spring moldboard plow plus disk 1.087 28.69 928.6 66,755
(3.578) (101.8) (5,316) (261,991)
3.Fall chisel plow plus disk 9.84T*** 29.78 -1,999 -45,319
(3.581) (88.77) (4,274) (177,920)
4.Spring chisel plow plus disk 5.667 0.309 -1,672 -60,017
(3.516) (89.80) (4,361) (188,149)
5.Spring disk plow 8.726%** -59.50 -2,106 -96,481
(3.304)  (89.41)  (4,500)  (212,029)
6.Fall chisel plow 12.21%%* -6.914 -604.8 26,746
(3.470) (99.61) (5,258) (263,571)
7.Spring chisel plow 12.13%%* -57.54 -3,438 -129,409
(3.310) (84.55) (4,058) (176,306)
8.Spring in-row subsoiling 10.26%** -96.75 -3,702 -209,281
(3.201) (77.99) (3,657) (161,822)
9.No-till 10.25%%%* -18.47 -1,196 -47,254
(3.434) (92.58) (4,398) (193,080)
trend -0.579%**  _9.218%**  _256.5%*  -17,905%**
(0.0835) (2.025) (100.9) (4,502)
Constant 38.72%FF*  443.0%**  9,069**  614,077***
(2.984) (85.10) (4,302) (197,101)
Observations 429 429 429 429
R-squared 0.155 0.052 0.019 0.037

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table 3.4: Yield Benefit of Different Tillage Practices

Change in Residue Yield Benefit (bu/ac)

VARIABLES Corn Soybeans
Fall moldboard plow plus disk vs. chisel plow plus disk 12 19.313*** 9.847H%*
(5.988) (3.581)
Spring chisel plow plus disk vs. disk plow 4 5.885 3.059
(6.798) (3.304)
Fall chisel plow plus disk vs. chisel plow 27 12.517%* 2.365
(6.048) (3.536)
Spring disk plow vs. chisel plow 23 8.240 3.409
(6.516) (3.085)
Spring chisel plow vs. in-row subsoiling 25 5.004 -1.877
(6.641) (2.976)
Spring in-row subsoiling vs. No-till 22 10.786* -0.012
(6.600) (3.112)

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table 3.5: Corn - Nonparametric Specification

(1) 2) 3) @
VARIABLES Mean Variance  Skewness Kurtosis
2. Spring moldboard plow plus disk 5.92 16.46 -104.71 -20995.17
(6.1) (38.20)  (780.04)  (42668.88)
3. Fall chisel plow plus disk 19.34%%%  276.99%*%*  2318.32  366166.27***
(6.29) (74.28) (2563.8) (132822.89)
4. Spring chisel plow plus disk 15.29%* 83.66 973.59 140280.14
(6.31) (56.93) (1748.11)  (126019.77)
5. Spring disk plow 21.2%FF* 245 44%** 4527 48* 441568.8%*
(6.54)  (71.17)  (2532.83)  (216976.54)
6. Fall chisel plow 31.83%FF  315.07***  1708.47  675625.91**
(6.24) (87.98) (3447.51)  (332434.59)
7. Spring chisel plow 29.42%F*%  120.87** -1452.98 113148.15
(6.78)  (58.74)  (1660.17)  (83087.23)
8. Spring in-row subsoiling 34.41%FF  263.38***  -7160.36 776250.88%*
(6.9) (96.39) (4486.85)  (396287.82)
9. No-till 45.2%%% 227 HEHH* 553.32 337432.3%*
(6.57) (73.86) (2790.64)  (156925.97)
Observations 648 648 648 648

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table 3.6: Soybean - Nonparametric Specification

(1) 2) (3) @)
VARIABLES Mean Variance Skewness  Kurtosis
2. Spring moldboard plow plus disk 0.95 -20.94 9.79 -7404.98
(3.72) (17.51) (205.06) (6971.97)
3. Fall chisel plow plus disk 9.71*%* 14.48 -387.41 11558.64
(3.77) (24.74) (384.97)  (12278.31)
4. Spring chisel plow plus disk 5.63 12.91 -398.63 8045.93
(3.81) (25.52) (404.37) (15326.4)
5. Spring disk plow 8.56%* 24.01 518.07 15223.53
(3.52) (23.68) (358.36)  (13389.82)
6. Fall chisel plow 12.07#%* 19.8 17.66 11997.2
(3.64) (24.5) (341.44)  (12792.88)
7. Spring chisel plow 12%%* -5.5 -130.12 -753.14
(3.31) (19.29) (260.15) (7760.23)
8. Spring in-row subsoiling 10.22%%* 9.8 -117.79 644.47
(3.39) (20.43) (249.6) (7955.56)
9. No-till 10.08%** 31.92 -412.37 12423.28
(3.75) (23.93) (348.56)  (11752.84)
Observations 429 429 429 429
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3.9

Figures
Figure 3.1: Corn — Mean Annual Yield — Ave. Field Trial vs. County
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Note: Data for the figure above drawn from Mathers et al., (2023).
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Figure 3.2: Soybean — Mean Annual Yield — Ave. Field Trial vs. County
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Note: Data for the figure above drawn from Mathers et al., (2023).
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Chapter 4

Cover Crop Adoption and Algal

Blooms

4.1 Introduction

The Environmental Protection Agency (EPA) describes nutrient pollution, or the accumulation of nitrogen
and phosphorus in water, as “one of the most widespread, costly, and most challenging environmental prob-
lems” confronting the United States (EPA, 2024). These elements can trigger excessive algal growth, resulting
in harmful algal blooms that reduce dissolved oxygen available to aquatic life and produce toxins that can
harm people, animals, and plants (Urquhart et al., 2017; Schaeffer et al., 2022). The most common form of
freshwater harmful algal bloom are comprised of photosynthetic prokaryote cyanobacteria (Graham et al.,
2017). Occurring throughout the entirety of the United States, cyanobacterial blooms disrupt fishing and
recreation, reduce property values, and threaten safe drinking water sources (Graham et al., 2017; NCCOS,
2025; Wolf and Klaiber, 2017; Zhang et al., 2022; Del Rossi et al., 2023). The purpose of this paper is to
examine whether cover crops—an on-farm agricultural production practice receiving increasing conservation

funding—reduces the frequency of harmful algal blooms in nearby freshwater lakes.

Agriculture is widely credited with increasing nutrient loads in surface water in the United States (Rib-
audo and Shortle, 2019; Metaxoglou Smith, 2022; Del Rossi et al., 2023). The intensive use of fertilizer in
crop production is associated with excessive nitrogen and phosphorus concentrations and reduced dissolved
oxygen in nearby surface water (Paudel and Crago, 2021; Del Rossi et al., 2023). As agricultural nonpoint
pollution is exempt from the 1972 Clean Water Act, the most significant investments in controlling agri-
cultural nonpoint pollution come from USDA federal conservation programs (Shortle et al., 2012; Ribaudo
and Shortle, 2019) which use voluntary cost share programs to encourage the adoption of agricultural best

practices to achieve environmental improvements.

Reduced tillage and cover crop adoption are conservation practices that have been emphasized to reduce
erosion and prevent nutrient runoff into surface waters (Wallander et al., 2021; Chen et al., 2022). Cover

crops refer to non-cash crops grown to cover the soil between growing seasons while reduced tillage refers to
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tillage operations that leave 30% or more of the post-harvest crop residue on the field until spring planting
(Wallander et al., 2021). While cover crops and reduced tillage have been shown to mitigate climate-related
production risk to producers (Won et al., 2024; Mathers et al., 2023), public benefits from these conservation
practices stem primarily from their role as winter soil cover (Schipanski et al., 2014; Blanco-Canqui, 2018;
Chen et al., 2022). By covering the soil during the fallow season, cover crops and reduced tillage improve
wind and water erosion during the winter months and early spring, reducing agricultural runoff during a

precipitation-heavy period (Blanco-Canqui, 2018; Chen et al., 2022).

In the last decade, there has been a significant upward trend in total funding going toward cover crops
in federal conservation programs. From 2005 to 2018, funding for cover crops through the Environmental
Quality Incentives Program (EQIP) increased from $7 million to more than $155 million while funding for
no-till declined substantially (Wallander et al., 2021). See Figure 1 for a depiction of EQIP expenditure from
2005 to 2018. As a result, cover crop adoption expanded significantly over this period. Figure 2 illustrates
watershed-level cover crop and reduced tillage acres for 16 states in Midwest from 2008 through 2020. More
recently, cover crop adoption featured prominently in the USDA’s pandemic relief programming for farmers
with the Pandemic Cover Crop Program providing over $59 million in crop insurance premium subsidies
for 12.2 million acres of cover crops in 2021 (“Coronavirus and USDA Assistance for Farmers”). In 2022,
the USDA announced an investment of $38 million to expand their Cover Crop Initiative in 11 states and a
partnership with Farmers for Soil Health to double the number of corn and soybean acres using cover crops
to 30 million acres by 2030 (NRCS Press Release, Jan 10, 2022).

Figure 4.1: EQIP Expenditure on Cover Crops and Reduced Tillage, 2008-2020
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Note: Graph depicted is Figure 4 from Wallander et al. (2021). Data depicted is USDA Economic Research
Service analysis of NRCS ProTracts data on Environmental Quality Incentive Program obligations.

Given this expansion of public support, it is important to establish whether cover crop adoption delivers

public benefits in the form of improved water quality. While a plethora of field trials from the soil and tillage
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literature evaluate the impact of cover crop adoption on sediment loss and nutrient loss (Martin and Cassel,
1992; Laloy and Bielders, 2010; Blanco-Canqui et al., 2013; Smith, Huang, and Haney, 2017; Blanco-Canqui,
2018), they offer limited insight as to how field-level nutrient and/or sediment loss relate to changes in
ambient surface water quality in the aggregate. In addition, the practical implementation of cover crops

across farms differs from the fixed management systems employed in field trials (Blanco-Canqui, 2018).

Figure 4.2: Cover Crop and Reduced Till Adoption across Freshwater Lakes in the Midwest
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An emerging literature in agricultural economics uses reduced form econometrics to evaluate the impact
of agricultural production and conservation programs in the United States on concentrations of nitrogen and
phosphorus, dissolved oxygen, and other water quality characteristics in surface water (Paudel and Crago,
2021; Raff Meyer, 2022; Liu et al., 2023; Metaxoglou Smith, 2022; and Hsieh and Gramig, 2024). Hsieh
and Gramig (2024) examine cover crop adoption specifically, using river flow direction to construct drainage
basins as units of analysis to evaluate whether cover crop adoption across 11 corn belt states from 2008 to
2018 reduce the concentration of nitrates in surface water. Their results highlight the role of spillovers as a
unit increase in the percentage of cropland adopting cover crops results in a small but significant decrease

in the concentration of inorganic nitrogen for downstream drainage basins but not headwater basins.

The purpose of this paper is to examine whether the winter cover crop adoption in the watershed that
drains into freshwater lakes reduces the incidence of cyanobacterial blooms the following summer. The
EPA provides remotely-sensed cyanobacterial bloom data for 2,000 lakes throughout the continental United
States from 2008-2011 and 2017-2020. Using the U.S. Geological Survey’s National Hydrography dataset
and the U.S. Department of Agriculture’s Crop Layer dataset, we identify the agricultural, urban, and non-
agricultural /non-urban land use of each hydrologic unit code-8 watershed that drains into these lakes. We
then use the Conservation Technology Information System (CTIC)’s remotely-sensed Operational Tillage

Information System (OpTIS) residue cover dataset to estimate panel regressions that control for urban and
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agricultural land use and weather in the watershed and include lake and annual fixed effects. Given the
spatial coverage of OpTIS and temporal coverage of the algal bloom dataset, our analysis comprises 424
freshwater lakes in the Midwest from 2008-2011 and 2017-2020.

The contribution of our paper to the existing literature is the use of an alternative, more direct, measure
of environmental harm from nutrient pollution. Past studies evaluate water quality using sampling data of
nitrogen, phosphorus, and dissolved oxygen in surface water (Hsieh and Gramig, 2024; Paudel and Crago,
2021). However, the impact of a change in one of these measures varies across watersheds given heterogeneity
in soil types, drainage conditions, stream power, and other hydrological conditions (Zhang et al., 2024;
Steinman and Denning, 2005; Snelder, Biggs, and Weatherhead, 2004). Harmful algal blooms indicate that a
waterbody has exceeded its idiosyncratic assimilative capacity for nutrients and is actively impaired (EPA,
2025). By directly evaluating impacts to an adverse phenomenon, the results of this paper offers policymakers
insight as to whether the on-farm implementation of cover crops mitigates direct environmental harm from

nutrient pollution.

The paper is organized as follows: Section 2 provides background on harmful algal blooms and the
literature that has evaluates them. Section 3 introduces the data. Section 4 presents our methodology and
limitations of our empirical strategy. Section 5 presents the results of our regression analyses and discuss the

implications. Section 6 concludes and discusses future research directions.

4.2 Background

The incidence of harmful algal blooms are influenced by a variety of factors. Runoff from agricultural fields,
wastewater discharge from sewage systems, animal waste from livestock operations, urban stormwater runoff,
and atmospheric deposition of nitrogen compounds from fossil fuel burning all contribute to high levels of
nitrogen and phosphorus entering waterways (CDC, n.d.). Weather plays a critical role in the occurrence of
a harmful algal bloom. Sunlight is essential for the growth of photosynthetic algal species. As such, extended
periods of strong sunlight and warmer water temperatures fuel the growth of cyanobacterial blooms and
prolong the growing season of cyanobacteria (Kramer et al., 2024; Paerl, 2023). In addition, precipitation
facilitates nutrient runoff while rainfall intensity impacts the distance nutrients can travel in waterways
(Moore et al., 2008).

Past studies that have examined changes in agricultural land use and the incidence of harmful algal blooms
have relied on simulation tools like the Soil and Water Assessment Tool (SWAT) or the Spatially Referenced
Regression On Watershed attributes (SPARROW) to provide watershed-specific insight into how changes in
land use, land management practices, and climate change impact surface and ground water (Michalak et al.,
2013; Kling et al., 2017; Watson et al., 2016; Liu et al., 2024; Nepal and Parajuli, 2025). However, limitations
of these tools include reliance on extensive input data, potential inaccuracies in representing hydrological

processes within watersheds, and the need for careful calibration (Aloui et al., 2023).

Advances in remote sensing have empowered researchers to examine direct relationships between agri-
cultural land use and the harmful algal blooms. In the United States, remotely-sensed cyanobacterial bloom

data is often used to estimate hedonic property value models to estimate the economic costs of water quality
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degradation (Wolf Klaiber, 2017; Osseni et al., 2021; Zhang et al., 2022). More recently, Tang et al. (2025)
examine the impact of agricultural land use on the incidence of harmful algal blooms in China between
2003 and 2019 using remotely-sensed cyanobacterial bloom data. Their results indicate that a 1% increase
in cropland leads to a 0.5% increase in the size of HABs in large lakes. Our baseline model for evaluating
cyanobacterial blooms is an extension of the fixed effect estimation used by Tang et al., (2025) where harmful
algal blooms are modelled as a function of agricultural and urban land use, temperature, and precipitation.
We include controls for winter soil cover practices to evaluate whether cover crops mitigate harmful algal

blooms.

4.3 Data

The Environmental Protection Agency publishes annual cyanobacterial size and frequency metrics for 2000
lakes throughout the continental United States via its EnviroAtlas data portal. Cyanobacterial bloom data
were derived from two European Space Agency satellite sensors: the Medium Resolution Imaging Spec-
trometer (MERIS) onboard the Envisat satellite for the years 2008-2011 and the Ocean and Land Colour
Instrument (OLCI) onboard the Sentinel-3 satellite for the years 2017-2021. Schaeffer et al. (2022) detail
the spectral shape algorithm used to construct the cyanobacteria index and field validation procedures. For
each lake in the dataset, the frequency of cyanobacterial blooms refers to the percentage of weekly satellite
composites exhibiting the presence of cyanobacteria relative to the total number of weekly satellite compos-
ites that contained a valid measurement. The results range from 0 to 100 where 0 indicates a cyanobacterial
bloom was never detected by the satellite sensor for any pixels that year and 100 indicates a cyanobacterial
bloom was detected by the satellite sensor for every week in that year. Distributions of these variables are

displayed in Appendix C Table 1. See Table 1 below for descriptive statistics.

Cover crop adoption data was obtained from the Conservation Technology Information System’s Opera-
tional Tillage Information System (OpTIS) dataset, version 3.0. The OpTIS 3.0 residue cover dataset reports
acres of cover crops and reduced tillage adoption at the watershed level (hydrologic unit code-8) for 16 states
in the Midwest from 2005 through 2020. OpTIS algorithms use multi-temporal optical satellite observations
sourced from multiple platforms, including MODIS sensors on Terra and Aqua, Landsat 5, Landsat 7, Land-
sat 8, Sentinel 2A, and Sentinel 2B. Hagen et al. (2020) provides a detailed account of how the Normalized
Difference Tillage Index and Normalized Difference Vegetation Index algorithms were used to construct the

residue and winter crop cover fractions across the satellite imagery.

OpTIS provides the acreage associated with the following winter cover categories: cover crops, no cover
crops, perennial (perennial crops such as hay or alfalfa), winter commodity (e.g. commodities like winter
wheat), and no data. To construct our measure of cover crop adoption, we take the ratio of cover crop acres
to total agricultural acres in each watershed. We similarly construct perennial and winter commodity ratios
to include as controls. OpTIS also provides the acreage associated with four levels of residue cover: very
low (0-15%), low (16-30%), moderate (31-50%), and high (51-100%) across watersheds. Given that reduced
tillage also provides winter soil cover, we include the sum of moderate and high residue cover acres as a ratio
to agricultural acres for each watershed as measures for reduced tillage adoption. The distributions of these

variables are displayed in Appendix C Table 2. See Table 1 above for descriptive statistics.
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Table 4.1: Table 1. Descriptive Statistics

Statistic N Mean St. Dev. Min Max

Frequency 3,386 32.321 26.533 0.000 100.000
Extent 3,386 41.363 41.706 0.000 100.000
Corn 3,392 19.643 11.751 0.339 51.114
Soybean 3,392 17.491 10.191 0.00001 46.406
Grain 3,392 3.103 4.558 0.026 46.717
Cotton 254 0.302 0.519 0.00001 2.551

Other Ag 3,392 22.520 14.078 2.062 79.852
Ag land 3,392 62.780 21.063 6.410 96.329
Urban land 3,392 7.152 5.233 1.595 55.414
Non-ag, Non-urban 3,392 30.066 20.784 1.081 90.472
Reduced till 3,392 36.741 9.495 5.912 65.216
Cover crops 3,392 2.734 3.616 0.000 46.159
Winter Commodity 3,392 3.369 8.602 0.000 83.752
Perennial Crop 3,392 4.964 5.748 0.000 33.398
Cum. Precipitation 3,392 31.854 8.726 9.317 77.366
Summer Temperature 3,392 21.197 2.023 16.362 30.247
Max depth 2,752 —17.540 539.082 —9,998.000 81.824
Lake area 3,392 12.198 18.841 1.328 190.178

Given the spatial resolution of the OPTIS data, the HUCS8 watershed is the smallest geographic unit
to evaluate the drainage area for lakes in the EPA’s cyanobacterial bloom dataset. Lakes are the receiving
bodies of water within watersheds due to elevation (USGS, 2019). Using the U.S. Geological Survey’s Water
Boundary and National Hydrography datasets, we examine the direction of river flow through each lake and
identify the HUC8 watershed of the inflow point. Given the temporal coverage of the EPA’s cyanobacterial
bloom data and geographic coverage of OpTIS winter and residue cover data, the data used in our analysis
includes 424 lakes in 134 watersheds in 16 states in the Midwest for 8 years, from 2008 through 2011 and
2017 through 2020.

Given the diverse sources of nutrients and environmental factors that catalyze harmful algal blooms, we
model the frequency of cyanobacterial blooms as a function of land use and weather as well as our variables
of interest. To construct agricultural and urban land use estimates for each drainage watershed, we use the
USDA National Agricultural Statistics Service (NASS) Cropland Data Layer (CDL). CDLs are annual raster,
geo-referenced, crop-specific land cover data layers produced using satellite imagery and extensive ground
reference data (USDA, n.d.). We segment each CDL by the boundaries of our drainage basins and combine
pixels associated with different crops, urban and suburban land, forest cover, and wetlands into the following
categories: corn, soybean, grain, and urban land use. We then divide the sum of pixels in each category by
the sum of pixels in the drainage watershed. These crop variables are thus measures of the ratio of land
planted as each category to land in the watershed. Distribution of these variables are displayed in Appendix
C Table 3. See Table 1 above for descriptive statistics.

To account for the role of weather, we use Oregon State University’s Parameter Elevation Regression
on Independent Slopes Model (PRISM) climate data set to construct the mean temperature across June,

July, and August for each drainage watershed in each year and cumulative precipitation from October of
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the previous year through August of each year for each drainage watershed. Distribution of weather controls

across lakes are displayed in Appendix C Table 1. See Table 1 above for descriptive statistics.

4.4 Methodology

As in Tang et al. (2025), we use two-way fixed effect model as our main specification for evaluating the

incidence of harmful algal blooms as a function of agricultural and urban land use and weather:

Hab;y = 81CCy—1+P2RCs1—1+B3W Cyy—1+4BaPery—1+PBs LandU se; + B Tempis 4 B7 PP T4 Bs Ai+Boni €
(4.1)

where Hab;; refers to the frequency of a cyanobacterial bloom in lake i and year t. LandU se;; is a vector of
covariates including ratios of the acres of corn, soybean, cotton, grain, and other crops to total land in the
drainage watershed. T'emp;; refers to the mean temperature across June, July, and August in the drainage
watershed for each lake and PPT;; represents the cumulative precipitation from October of the previous
year through August of year ¢. We include lake fixed effects to account for time-invariant determinants of
lake-level cyanobacterial blooms (e.g. lake surface-area to depth ratios; types of aquatic plant and animal
life; elevation etc.) and annual fixed effects to address other unobservable phenomena that could impact
blooms (e.g. regional agricultural or climate shocks). We include winter’s ratio of acres with winter cover
crops (CCjt—1), reduced tillage (RCi;—1), perennial crops (Per;;—1), and winter commodity (WCj;—1) acres
to total agricultural land to the specification to evaluate the role of winter soil cover in reducing nutrient
pollution. The identifying assumption of our estimation is that changes in agricultural land use and soil
health practice adoption across drainage watersheds and over time drives changes in the frequency of lake-

level cyanobacterial blooms.

There are several threats to identification in our analyses. In our land use estimations, our measure for ur-
ban land cover alone does not account for population dynamics within urban zones. Urban areas with larger
population density may disproportionately impact water quality relative to those with smaller populations.
Furthermore, the estimation does not explicitly control for changes over time in point sources of phosphorus
or nitrogen (e.g. wastewater treatment facilities). Future analyses should aggregate census block income and
population data into watershed-level variables and include these covariates as an alternative specification. In
addition, targeting of impaired watersheds by state-level policymakers threatens identification if implementa-
tion of other conservation programming is correlated with cover crop and reduced tillage adoption and reduce
nutrient pollution. Future analyses should construct measures of Conservation Reserve Program acreage or

EQIP payment expenditure from county-level data to include as covariates in an alternative specification.
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4.5 Results

The results from our empirical specification 3.1 are displayed in column 4 in Table 2 below. Columns 1-3
were included to show the effect of including additional winter soil cover controls. Our results indicate winter
cover crop adoption does not reduce the frequency of cyanobacterial algal blooms the next year. Indeed, in
specifications 1-3, cover crops are associated with increased incidence of cyanobacterial blooms (significant
at the 5% level). However, these results are not robust to the inclusion of the ratio of perennial crops to

cropland in the watershed. In the Discussion section below, we consider several explanations for this result.

While our results on cover crops are inconclusive, our analysis suggests reduced tillage is associated with
a statistically significant decrease in the frequency of cyanobacterial blooms (5% level). A one unit increase
in the percentage of agricultural land that adopts reduced tillage is associated with a 0.072 decrease in
the frequency of cyanobacterial blooms the following year. This corresponds to a decrease of 0.037 weeks
of cyanobacterial blooms a year. This result is robust to the addition of winter soil cover controls. The
coefficients on the ratio of winter commodities and perennial crops to agricultural land in the watershed are
also negative (significant at the 10% level), suggesting that winter soil cover could be a means to mitigate

nutrient pollution.

Crop mix in the watershed also has implications for the frequency of cyanobacterial blooms. Our analysis
indicates that a unit increase in the percentage of the watershed planting soybeans is associated with a
0.322 increase in the frequency of cyanobacterial blooms that year. This change corresponds to an increase
of 0.17 weeks of cyanobacterial blooms in a year. In addition, a unit increase in the percentage of the
watershed planting grains is associated with an increase in the frequency of cyanobacterial blooms of 1.20.
This corresponds to an additional 0.62 weeks of cyanobacterial blooms a year. While nitrogen application
in corn is associated with increased nutrient pollution (Metaxaglou et al., 2022; Del Rossi et al. 2023), our
results do not indicate a significant relationship. This may be related to the fact that the limiting factor
for growth in freshwater systems is phosphorus (Paerl et al., 2016; Kramer et al., 2024). Soybeans are
phosphorus-fertilizer intensive. This supports our result that increased soybean acreage in the watershed
increases the incidence of cyanobacterial blooms. In our analysis, grains as a category include sorghum,
barley, and oats. We hypothesize that increased grain acreage in the watershed are associated with increased

livestock operations.

Summer temperature appears to be the most important indicator for the incidence of cyanobacterial
blooms. An increase of 1 degree celsius in the average summer temperature increases the frequency of
cyanobacterial blooms the next year by 1.725 (or 0.90 weeks a year). Our results for cumulative precipitation

and urban land use are not significant.

4.6 Discussion

Our results indicate that winter cover crop adoption in the drainage watershed of freshwater lakes in the

Midwest is not associated with reductions in the incidence of algal blooms the following summer. In some of
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Table 4.2: Table 3. Impact of Crop Mix and Cover Crop adoption on HAB Frequency

Dependent variable:
Frequency of HAB
(1) (2) (3) (4)

Cover Crops 0.178** 0.163** 0.146** 0.115
(0.071) (0.070) (0.070) (0.073)

Reduced Till —0.077"*  —0.063*  —0.072**
(0.035) (0.035)  (0.036)

Winter Commodity —0.289* —0.248*
(0.147) (0.149)

Perennial Crop —0.220*
(0.114)

Corn —0.158 —0.177 —0.176 —0.225

(0.159)  (0.159) (0.159)  (0.162)

Soybean 0.369**  0.380**  0.358**  0.322**
(0.159) (0.159) (0.158) (0.159)

Grain LO58™  0.940"**  1.208°*  1.196***
(0.297)  (0.296) (0.361)  (0.367)

Urban 0.037 —0.019 0.023 —0.097
(0.568) (0.570) (0.571) (0.576)

Cum. Precip —0.064  —0.061  —0.062  —0.077
(0.049)  (0.050) (0.050)  (0.050)

Summer Temp 1.701*** 1.769*** 1.788*** 1.725%**
(0.269) (0.271) (0.269) (0.271)

Observations 3,386 3,386 3,386 3,386
R? 0.022 0.024 0.025 0.026
Adjusted R? —0.120 —0.119 —-0.117 —0.116
Note: *p<0.1; **p<0.05; ***p<0.01

our specifications, cover crop adoption is associated with a statistically significant (5% level) increase in the
incidence of algal blooms. However, this result is not robust to the inclusion of the ratio of perennial crops

to cropland in the watershed. There are several factors that could account for this result.

The first is that our baseline empirical model does not account for spatial spillovers. Possibly, nutrients
from upstream watersheds flow into the drainage watersheds of our analysis and bias our estimates. Hsieh
and Gramig (2024) needed to account for nitrate spillovers from upstream drainage basins to identify the

small but statistically significant decrease in nitrate concentration from cover crop adoption.
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Another possibility is endogeneity between water quality, cover crop adoption, and conservation program
expenditure. Expenditure on cover crops increased dramatically over our period of analysis. It is possible
that state NRCS offices direct EQIP expenditure on cover crops towards impaired watersheds resulting in

more cover crop adoption in watersheds with lakes that are severely impaired by cyanobacterial blooms.

Finally, our results on cover crop adoption are impeded by the low level of cover crop adoption overall
in the study area. While cover crop adoption expanded rapidly over the period of analysis, the average level
of cover crop adoption over drainage watersheds in our sample is still very low, 2.7%. As a comparison, the
average level of reduced tillage adoption in our sample is 36.7%. It may be the case that cover crop adoption
only achieves reductions in cyanobacterial blooms observable via satellite after reaching a threshold level in
the watershed.

While our results do not indicate that cover crops mitigate harmful algal blooms from nutrient pollution,
they do support reduced tillage as a production practice that decreases the frequency of cyanobacterial
blooms. In addition to winter soil cover, reduced till practices displace tillage practices that disturb or turn
over the soil. Negative signs on the coefficients of the other winter soil cover measures suggest that greater

adoption of winter soil cover could mitigate nutrient pollution.

To contextualize benefits of fewer cyanobacterial blooms from reduced tillage, we rely on estimates from
Zhang et al. 2022 which examines how the frequency of cyanobacterial blooms generate economic costs
via residential property values. Their paper uses nearly two decades worth of nationwide data on property
sales near US inland lakes along as well as the EPA’s satellite-derived measures of the annual frequency of
cyanobacterial blooms to estimate hedonic property models and recover the marginal willingness to pay to
reduce the frequency of cyanobacterial blooms. They provide estimates for seven climate regions across the
United States, including the Upper Midwest which overlaps the geographic span of the lakes included in our

analysis.

Table 4.3: Marginal Value of Changes in Agricultural Land Use and Reduced Tillage Operations

Scenario Per House Per Lake Region

Marginal value of a percent in- $5 $1,137 $358,185
crease in agricultural land adopt-
ing reduced tillage

Marginal value of a percent in- -$21 -$5,085  -$1,601,882
crease in land in the watershed
planting soybeans

Marginal value of a percent in- -$77 -$18,888  -$5,949,849
crease in land in the watershed
planting grains

Note: Marginal values are computed using coefficients from column 4 in Table 2 and estimates for the Upper
Midwest in Table 7 from Zhang et. al., 2022.

In Table 3, we use their valuations for a one-week reduction in cyanobacterial blooms for the Upper
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Midwest and the coefficients we estimate for reduced tillage, grain, and soybeans in Table 2 to compute the
marginal value of changes in agricultural land use and reduced tillage adoption at the property, lake, and

region levels.

4.7 Conclusion

The purpose of this paper was to evaluate whether winter cover crop adoption reduces the incidence of
harmful algal blooms in freshwater lakes. Our results do not indicate that cover crops reduce the frequency
of algal blooms though our evaluation is impeded by the very low levels of cover crop adoption overall. The
crop mix of the drainage watershed influences the incidence of cyanobacterial blooms. Soybean and grain
acreage in the drainage watershed in particular is associated with increased cyanobacterial blooms. The
results of this paper support reduced tillage as a conservation practice that mitigates direct environmental
harm from nutrient pollution, though the magnitude of the effect is small despite moderate levels of adoption

across watersheds.

Extensions to this work include exploring alternative specifications. To evaluate the robustness of our
results, we propose to run alternative specifications that include measures of population density (e.g. GDP
and population) in addition to urban land use, measures of alternative conservation programming that could
introduce ommitted variable bias (e.g. acres enrolled with the Conservation Reserve program), and measures
of livestock operations to further examine our result suggesting grain acreage increases the incidence of algal

blooms.

In addition, future work includes employing alternative estimation procedures to explore endogeneity
between cover crop adoption and conservation targetting in the watershed. In the past, Chen et al., (2022)
used Kripfganz and Kiviet (2021)’s kinky least square (KLS) ”external-IV-free” estimation to evaluate po-
tential endogeneity in their assessment of cover crop adoption and soil erosion. In this setting, the kinky least
square procedure can be used to confine correlation between cover crop adoption and the error term. Evalu-
ating both positive correlation (e.g. increased cover crop adoption due to cyanobacterial bloom activity) and
negative correlation with the error term (e.g. other conservation programming is adopted along with cover
crops that reduce the incidence of harmful algal blooms) could shed light on whether state-level conservation

targetting biases our results.

Finally, future work should explore the role of spillovers across watersheds as in Hsieh and Gramig
(2024). Defining neighbors according to direction of river flow and estimating spatial lag regressions could

more effectively control for spatial autocorrelation relating to the spatial clustering of crops.

In conclusion, our findings indicate that soybean and grain acreage in drainage watersheds increase the
incidence of harmful algal blooms. Reduced tillage is a on-farm conservation practice that can reduce the
incidence of harmful algal blooms. While cover crop adoption has expanded rapidly over the sample period,

the low levels of adoption overall impede our analysis.
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Appendix A

Surface Water Impairment from
Storms and Swine in North
Carolina

Table Al: Regulated Activities under North Carolina’s AFO Permit Program

Primary Operation Regulated Activity Count
Cattle Cattle - Other 10
Cattle Cattle - Beef Brood Cow 110
Cattle Cattle - Beef Feeder 8,151
Cattle Cattle - Beef Stocker Calf 7,275
Cattle Cattle - Dairy Calf 4,661
Cattle Cattle - Dairy Heifer 14,976
Cattle Cattle - Dry Cow 3,549
Cattle Cattle - Milk Cow 51,929
Swine Swine - Boar/Stud 4,932
Swine Swine - Farrow to Feeder 28,229
Swine Swine - Farrow to Finish 7,863
Swine Swine - Farrow to Wean 881,052
Swine Swine - Feeder to Finish 5,060,610
Swine Swine - Gilts 47,262
Swine Swine - Other 19,870
Swine Swine - Wean to Feeder 2,334,162
Swine Swine - Wean to Finish 1,175,609
Poultry Wet Poultry - Layers 6,440,980
Poultry Wet Poultry - Non-Laying Pullets 750,000
Poultry Wet Poultry - Other 0
Poultry Dry Poultry - Laying Chickens 1,400,000
Other Horses - Horses 22,887
Other Horses - Other 1,009
Other Animals Other 810
Other Sheep - Other 135
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Table A2: Results - Water Quality Indicators - Excess Rain and Continuous Animal Density

Dependent variable:

F. Coliform Nitrates Phosphorus

(cfu/100ml) (mg/L) (mg/L)
After Excess Rain 0.559*** —0.286* 0.210***
(0.116) (0.149) (0.071)
After Excess Rain*Upstream Swine 0.014 0.030 —0.028***
(0.014) (0.041) (0.007)
Upstream Swine —0.026 0.062** 0.013
(0.017) (0.025) (0.011)
Upstream Cattle 0.039*** 0.025%** 0.030***
(0.005) (0.008) (0.004)
No. of Upstream Wastewater Facilities 0.209*** 0.252%** —0.027
(0.080) (0.058) (0.052)
Observations 6,959 3,644 4,969
R? 0.179 0.337 0.291
Adjusted R? 0.172 0.329 0.284
Residual Std. Error 1.348 1.032 0.700
F Statistic 25.038*** 39.788*** 42.018***
Note: *p<0.1; **p<0.05; ***p<0.01
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Table A3: Fecal Coliform - Precipitation and Swine - Varying Upstream Swine

Dependent variable:

Log of Fecal Coliform (cfu/100ml)

250 Pigs 500 Pigs 1000 Pigs 2000 Pigs
(1) (2) (3) (4)
After Excess Rain 0.496*** 0.496*** 0.496*** 0.540***
(0.117) (0.117) (0.117) (0.117)
After Excess Rain*Upstream Swine 0.836** 0.836** 0.836** 0.485
(0.325) (0.325) (0.325) (0.317)
Upstream Swine 0.260*** 0.260*** 0.260*** 0.420%**
(0.065) (0.065) (0.065) (0.069)
Upstream Cattle 0.241%** 0.241%** 0.241%** 0.225**
(0.088) (0.088) (0.088) (0.088)
No. of Upstream Wastewater Facilities —0.028* —0.028* —0.028* —0.027
(0.017) (0.017) (0.017) (0.017)
Observations 6,959 6,959 6,959 6,959
R? 0.176 0.176 0.176 0.177
Adjusted R? 0.169 0.169 0.169 0.170
Residual Std. Error 1.350 1.350 1.350 1.349
F Statistic 24.550*** 24.550%** 24.550*** 24.747%**

Note:
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Table A4: Fecal Coliform - Precipitation and Swine - Varying Thresholds for Excess Rain

Dependent variable:

Log of Fecal Coliform (cfu/100ml)

1 inch 2 inch 3 inch 4 inch
(1) (2) (3) (4)
After Excess Rain 0.610*** 0.272%** 0.492*** 0.717***
(0.042) (0.062) (0.117) (0.257)
After Excess Rain*Upstream Swine 0.170 0.381** 0.876*** 0.349
(0.111) (0.193) (0.325) (0.469)
Upstream Swine 0.160** 0.165** 0.177*** 0.181***
(0.067) (0.066) (0.065) (0.065)
Upstream Cattle 0.245*** 0.260*** 0.248*** 0.246***
(0.085) (0.088) (0.088) (0.088)
No. of Upstream Wastewater Facilities —0.030* —0.033* —0.028* —0.029*
(0.016) (0.017) (0.017) (0.017)
Observations 6,959 6,959 6,959 6,959
R? 0.205 0.176 0.175 0.173
Adjusted R? 0.198 0.169 0.168 0.166
Residual Std. Error (df = 6898) 1.326 1.350 1.351 1.352
F Statistic (df = 60; 6898) 29.645*** 24.524***  24.388***  24.100***

Note:
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Table A5: Fecal Coliform - Precipitation and Swine - Varying Distance Upstream

Dependent variable:

Log of Fecal Coliform (cfu/100ml)

3 miles 5 miles 8 miles 10 miles
(1) (2) (3) (4)
After Excess Rain 0.486*** 0.492*** 0.493*** 0.499***
(0.116) (0.117) (0.120) (0.120)
After Excess Rain*Upstream Swine 1.061 0.876*** 0.712** 0.695**
(0.317) (0.325) (0.277) (0.277)
Upstream Swine —0.064 0.177*** 0.169*** 0.193***
(0.075) (0.065) (0.055) (0.054)
Upstream Cattle 0.088 0.248*** 0.331%** 0.349***
(0.110) (0.088) (0.085) (0.088)
No. of Upstream Wastewater Facilities = —0.077*** —0.028* —0.009 —0.008
(0.020) (0.017) (0.013) (0.011)
Observations 6,959 6,959 6,959 6,959
R? 0.175 0.175 0.175 0.176
Adjusted R? 0.168 0.168 0.168 0.169
Residual Std. Error 1.350 1.351 1.350 1.350
F Statistic 24.822%** 24.388*** 24.450*** 24.603***

Note:
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Figure A2:

Count of Upstream Swine

Distribution of Covariates
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Figure A3: Effect of Extreme Precipitation and Upstream Hogs on Fecal Coliform
as Number of Upstream Swine Increases
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Appendix B

The Impact of Conservation Tillage

Intensities on Mean Yields and
Yield Risk

Table B1: Site Characteristics

Variable Value
Soil type Casville sandy loam
Average sand percentage (%) 62
Average silt percentage (%) 21
Average clay percentage (%) 17
Organic matter content (%) 1.38-3.39
Slope of site (%) 6

Plot size (ft) 19 x 50
Latitude 36.37979
Longitude -79.6942
Planting density (seeds ac™!) - Corn 30,000

Planting density (seeds ac™!) - Soybean 137,500

56. Note: Organic matter content is reported as a range based on site variation. Information above attributed
to Meijer et al. (2013) and Roper et al. (2016).
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Table B2: Data Description

Variable Description Mean Std. Dev. Min Max
Yield - Corn Harvested bushels per acre, corn 71.12 4294 1.57 193
Yield - Soybean Harvested bushels per acre, soybean 36.44 17.64 2.72 102
Fall moldboard plow plus disk 1 if the tillage treatment is Fall moldboard plow plus disk; 0 otherwise 0.11 0.31 0 1
Spring moldboard plow plus disk 2 if the tillage treatment is Spring moldboard plow plus disk; 0 otherwise 0.11 0.31 0 1
Fall chisel plow plus disk 3 if the tillage treatment is Fall chisel plow plus disk; 0 otherwise 0.11 0.31 0 1
Spring chisel plow plus disk 4 if the tillage treatment is Spring chisel plow plus disk; 0 otherwise 0.11 0.31 0 1
Spring disk plow 5 if the tillage treatment is Spring disk plow; 0 otherwise 0.11 0.31 0 1
Fall chisel plow 6 if the tillage treatment is Fall chisel plow; 0 otherwise 0.11 0.31 0 1
Spring chisel plow 7 if the tillage treatment is Spring chisel plow; 0 otherwise 0.11 0.31 0 1
Spring in-row subsoiling 8 if the tillage treatment is In-row subsoiling; 0 otherwise 0.11 0.31 0 1
No-till 9 if the tillage treatment is No-till; 0 otherwise 0.11 0.31 0 1
Rotation 1 if the previous year was planted soybean, 0 if the previous year was planted corn  0.83 0.37 0 1
Trend Years since start of experiment (e.g. Year of observation - 1987), range 0-31 15.67  9.50 0 31

57. Note: Data for the table above drawn from Mathers et al. (2023).
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Table B3: Corn - Summary of Yields

Yield (bu/ac)

Treatment Minimum Maximum Mean Std. Dev.

Fall moldboard plow plus disk 158 49 35

2
Spring moldboard plow plus disk 2 176 55 38
Fall chisel plow plus disk 5) 178 68 40
Spring chisel plow plus disk 2 179 64 44
Spring disk plow 4 192 70 42
Fall chisel plow 10 188 80 40
Spring chisel plow 11 190 78 42
Spring in-row subsoiling 7 187 83 45
No-till 13 193 94 43

58. Note: Data for the table above drawn from Mathers et al. (2023).
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Table B4: Soybean - Summary of Yields

Yield (bu/ac)

Treatment Minimum Maximum Mean Std. Dev.
Fall moldboard plow plus disk 3 84 29 18
Spring moldboard plow plus disk 4 91 30 19
Fall chisel plow plus disk 10 85 38 18
Spring chisel plow plus disk 10 85 34 18
Spring disk plow 11 94 37 16
Fall chisel plow ) 102 41 18
Spring chisel plow 10 90 41 16
Spring in-row subsoiling 12 78 39 15
No-till 4 89 39 18

59. Note: Data for the table above drawn from Mathers et al. (2023).
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Table B5: Planting Dates

Corn Soybeans

Year Planting Date Year Planting Date Year Planting Date Year Planting Date
1987 12-May 2003 21-Apr 1990  25-Apr 2004  25-May
1988 2-May 2005 19-Apr 1992 11-May 2008 8-May
1989 Missing 2006 19-Apr 1994 12-May 2010 8-Jun
1991 24-Apr 2007 17-Apr 1996 24-May 2012  21-May
1993  22-Apr 2009 27-Apr 1998  19-May 2014  7-May
1995 18-Apr 2011 21-Apr 2000 12-May 2016 Missing
1997 17-Apr 2013  26-Apr 2002  15-May 2018 Missing
1999 19-Apr 2015 6-May

2001 2-May 2017 Missing

60. Note: Data for the table above drawn from Mathers et al. (2023).
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Table B6: Corn - Baseline Specification, excluding 2015 and 2017

(1) 2) 3) @)
VARIABLES Mean Variance  Skewness Kurtosis
2. Spring moldboard plow plus disk 6.393 116.6 6,136 650,559
(5.789)  (234.8)  (20,867)  (1.444e+06)
3.Fall chisel plow plus disk 19.70%%* -85.29 2,612 -216,114
(5.504) (230.0) (18,842)  (1.276e+06)
4.Spring chisel plow plus disk 17.33%%%* 282.0 9,268 1.542e+06
(6.012) (253.0) (22,828)  (1.602e+06)
5.Spring disk plow 92.19%%*  152.8 3,367 712,482
(5.839)  (243.2)  (20,512)  (1.362e+06)
6.Fall chisel plow 31.471%** -8.333 -10,828 -525,328
(5.615) (213.8) (17,395)  (1.082e+06)
7.Spring chisel plow 30.92%** -25.34 -12,203 -504,378
(5.590)  (207.1)  (17,878)  (1.155e-+06)
8.Spring in-row subsoiling 34.97F%* 253.2 -19,860 1.020e+06
(5.974)  (243.2)  (21,301)  (1.372e-+06)
9.No-till 45.16%** 41.08 -3,359 -220,654
(5.684) (223.1) (17,927)  (1.121e+06)
rotation -29.59%**  _416.5%** 4,751 -1.342e4-06**
(3.183)  (117.6)  (9,802) (581,561)
trend 2.860**%*  45.60%** 871.1 227,029***
(0.191) (7.813) (689.9) (44,831)
Constant 36.20%**  704.3%** 1,115 850,595
(4.488) (177.9) (14,857) (997,799)
Observations 648 648 648 648
R-squared 0.214 0.144 0.008 0.107

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table B7: Soybean - Baseline Specification, excluding 1996 and 2000

(1) ) (3) @)
VARIABLES Mean Variance Skewness Kurtosis
2. Spring moldboard plow plus disk 0.0212 -8.717 -130.0 -13,373
(3.028) (37.94) (1,196) (26,145)
3.Fall chisel plow plus disk 8.504%** -0.728 -327.4 -4,751
(3.062) (40.13) (1,265) (28,246)
4.Spring chisel plow plus disk 4.588 -30.98 -568.2 -27,710
(2.947) (35.83) (1,103) (24,339)
5.Spring disk plow 8.052%**  _57.15% -938.2 -37,634
(2.815) (34.61) (1,063) (23,948)
6.Fall chisel plow 10.35%*%*  _67.41%* -1,290 -25,413
(2.767) (39.36) (1,214) (28,861)
7.Spring chisel plow 11.30%%*  -64.41%* -1,363 -33,642
(2.782) (36.88) (1,110) (25,512)
8.Spring in-row subsoiling 9.877HFF*F  T1.35%* -1,058 -37,624
(2.760) (35.77) (1,082) (24,536)
9.No-till 8.539%** -45.35 -1,128 -13,366
(2.868) (41.51) (1,271) (28,852)
Trend -0.201%**  1.915%* 15.82 1,228%*
(0.0635) (0.815) (23.27) (482.9)
Constant 28.35%** 144 5*** 640.5 42, 853**
(2.426) (30.39) (929.9) (20,476)
Observations 357 357 357 357
R-squared 0.124 0.046 0.013 0.039

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table B8: Corn - Fall Chisel Plow as Baseline Conventional Treatment

(1) 2) 3) @)
VARIABLES Mean Variance Skewness Kurtosis
2.Spring chisel plow plus disk -4.031 405.6 29,816 3.022e+4-06
(6.618)  (358.8)  (38,906)  (3.283¢-+06)
3.Fall moldboard plow plus disk -19.31%F*  _156.4 15,858 -753,672
(5.988) (323.3) (32,948)  (2.759¢+06)
4.Spring moldboard plow plus disk ~ -13.39** 53.41 24,772 1.276e+-06
(6.231) (349.7) (37,679)  (3.368e+06)
5.Spring disk plow 1.854 170.6 1,918 716,441
(6.362)  (339.6)  (34,863)  (2.896¢+06)
6.Fall chisel plow 12.52%* -105.6 -11,265 -1.925e+4-06
(6.048) (297.8) (29,968)  (2.408e+06)
7.Spring chisel plow 10.09 139.6 -7,099 -3,508
(6.328)  (311.8)  (33,130) (2.618e+06)
8.Spring in-row subsoiling 15.10%* 287.3 -21,190 731,031
(6.491) (321.9) (33,834)  (2.573e+06)
9.No-till 25.88%** 101.3 -17,795 -201,550
(6.285) (318.4) (32,895)  (2.570e+06)
Rotation -29.13***  _363.2** 4,472 -761,866
(3.159)  (143.1)  (11,410)  (960,472)
Trend 1.457*%*%  R7.68%** 655.4 617,812%**
(0.196) (9.286) (1,093) (81,811)
Constant 67.92%** 343.1 3,654 -2.308e+-06
(5.216) (260.7) (25,656)  (2.075e+06)
Observations 648 648 648 648
R-squared 0.214 0.144 0.008 0.107

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table B9: Soybean - Fall Chisel Plow as Baseline Conventional Treatment

(1) 2) 3) @)
VARIABLES Mean Variance  Skewness Kurtosis
2.Spring chisel plow plus disk -4.180 -29.47 327.2 -14,699
(3.581)  (80.09)  (3,713)  (134,348)
3.Fall moldboard plow plus disk -9.847F** -29.78 1,999 45,319
(3.581) (88.77) (4,274) (177,920)
4.Spring moldboard plow plus disk  -8.760** -1.092 2,928 112,074
(3.642) (93.26) (4,796) (226,296)
5.Spring disk plow -1.121 -89.28 -107.0 -51,163
(3.374)  (79.66)  (3.876) (166,20
6.Fall chisel plow 2.365 -36.70 1,394 72,065
(3.536) (90.92) (4,731) (228,116)
7.Spring chisel plow 2.288 -87.32 -1,439 -84,090
(3.380)  (74.18)  (3,355)  (117,525)
8.Spring in-row subsoiling 0.411 -126.5%* -1,703 -163,963*
(3.274) (66.64) (2,857) (94,207)
9.No-till 0.399 -48.25 802.4 -1,935
(3.501) (83.20) (3,758) (141,362)
trend -0.579FFF 9. 218%**  _256.5%*  -17,905%**
(0.0835)  (2.025)  (100.9) (4,502)
Constant A8.57FF* AT 7TF¥* 7 070%*F 568, 7H8***
Observations 429 429 429 429
R-squared 0.155 0.052 0.019 0.037

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table B10: Timing: Tillage Treatments in the Spring versus Fall (i.e., Spring-Fall differences)

Yield Benefit (bu/ac)

VARIABLES Corn Soybeans
Moldboard plow plus disk ~ 5.921 1.087
(6.051) (3.578)
Chisel plow plus disk -4.031 -4.18
(6.618) (3.581)
Chisel plow -2.424 -0.077
(6.209) (3.262)

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table B11: Corn - Sensitivity to Time Trend - Quadratic

) 2) 3) @
VARIABLES Mean Variance  Skewness Kurtosis
2. Spring moldboard plow plus disk 5.921 144.5 8,474 909,103
(5.413) (260.2)  (25,621)  (2.063e+06)
3.Fall chisel plow plus disk 19.31%%* -117.8 -2,287 -824,148
(5.058) (239.9) (22,313)  (1.757e+06)
4.Spring chisel plow plus disk 15.28%** 359.0 22,472 2.639e+-06
(5.688) (293.4) (29,638) (2.511e+06)
5.Spring disk plow 21.17%** 109.5 2,405 838.3
(5.367) (252.3)  (23,381)  (1.795¢+06)
6.Fall chisel plow 31.83%** 53.79 -18,728 -974,199
(5.293) (228.8) (20,898)  (1.543e+06)
7.Spring chisel plow 29.471%** 101.6 -14,185 -467,670
(5.357) (232.2)  (21,999)  (1.669e+06)
8.Spring in-row subsoiling 34.41%** 217.7 -24,190 -116,646
(5.509) (238.0) (22,320)  (1.591e+06)
9.No-till 45.20%** 67.36 -10,021 -918,207
(5.311) (230.9) (20,773)  (1.553e+06)
rotation -36.93%** 93.41 48,051**  2.112e+06*
(5.028) (206.1)  (18,745)  (1.263e+06)
trend 23.19%** 186.5 -16,899 149,450
(2.717) (117.8) (10,564) (824,033)
trend_sq -3.208%** -43.04** 1,441 -118,020
(0.377) (17.61) (1,613) (130,069)
trend_cub 0.180*** 3.036*** -34.27 10,836
(0.0190) (0.916)  (85.17) (6,900)
trend_quad -0.00319***  -0.0606*** 0.120 -237.9%*
(0.000308) (0.0151) (1.419) (114.7)
Constant 19.63%** 380.3* 16,761 784,148
(4.478) (196.1)  (18,751)  (1.518e+06)
Observations 648 648 648 648
R-squared 0.422 0.130 0.031 0.083

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table B12: Soybean - Sensitivity to Time Trend - Quadratic

M) 2) 3) @
VARIABLES Mean Variance  Skewness  Kurtosis
2. Spring moldboard plow plus disk 1.184 -10.91 480.7 8,198
(2.449) (47.34)  (1,781) (62,909
3.Fall chisel plow plus disk 9.943*** 26.80 278.6 4,562
(2.608) (44.67) (1,489) (42,593)
4.Spring chisel plow plus disk 5.667** -16.04 -573.2 -26,389
(2.439) (39.89) (1,332) (37,056)
5.Spring disk plow 8.823*** 1.222 -118.4 4,193
(2.502) (47.30)  (1,617)  (49,109)
6.Fall chisel plow 12.31%%* 19.87 -661.4 40,446
(2.580) (52.37) (1,984) (67,817)
7.Spring chisel plow 12.23%%* -26.89 -485.4 -27,979
(2.376) (40.75) (1,306)  (36,771)
8.Spring in-row subsoiling 10.26%** -11.08 -1,245 -34,253
(2.461) (39.22) (1,247)  (35,063)
9.No-till 10.34%%* 105.0%* -1,209 85,437
(2.914) (55.89) (1,971) (56,040)
trend 22.68%** 146.2%**  5.096%**  140,208**
(2.441) (48.39)  (1,784)  (58,394)
trend_sq -1.932%** -14.86%*%*  _576.4%**  _13,671**
(0.270) (5.209) (188.5) (6,046)
trend_cub 0.0589*** 0.582%** 24 47%** 508.1%*
(0.0116) (0.217) (7.703) (241.2)
trend_quad -0.000579***  _0.00784**  -0.350%** -6.474*
(0.000168)  (0.00309)  (0.108) (3.323)
Constant -37.63%** -265.7*%  -11,106*%*  -322,285**
(6.600) (126.5) (4,662) (151,372)
Observations 429 429 429 429
R-squared 0.506 0.061 0.041 0.053

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table B13: Corn - Annual Fixed Effects

(1) 2) 3) @
VARIABLES Mean Variance Skewness Kurtosis
2. Spring moldboard plow plus disk ~ 5.921** 40.87 -103.3 -3,236
(2.983)  (74.38)  (4,168)  (225,250)
3.Fall chisel plow plus disk 19.31%F%  266.3%* 966.3 729,301*
(3.487)  (111.1)  (7,071)  (428,354)
4.Spring chisel plow plus disk 15.28%** 104.1 4,633 316,640
(3.133) (87.32) (6,241) (285,187)
5.Spring disk plow 21.17%%* 143.3 853.1 289,188
(3.222)  (90.26)  (5492)  (298,388)
6.Fall chisel plow 31.83%#*  203.9%* -1,034 962,884*
(3.544) (119.2) (8,394) (490,677)
7.Spring chisel plow 20.417%%* 38.11 -4,249 33,725
(2.976)  (75.40)  (4,343)  (231,594)
8.Spring in-row subsoiling 34.41%%* 279.1 -16,757 2.027e+06
(3.514) (169.7) (18,016)  (1.884e+06)
9.No-till 45.20%FF  245.1%* 959.3 663,056*
(3.443) (102.4) (6,776) (375,899)
rotation S17.1%*x J193.9%* -3,769 -223,867
(3.726)  (96.66)  (5,295) (245,90
1988.year 31.28%*** -3.950 -5,632 -104,769
(4.402) (99.84) (5,618) (237,461)
1989.year 66.94*+* 105.9 -4,318 46,781
(4.750) (110.6) (6,143) (247,093)
1991.year 3.667 60.55 -1,524 -58,939
(3.166)  (65.73)  (2,904)  (172,418)
1993.year 50.16*** 56.88 -1,387 -14,197
(3.149) (75.27) (3,294) (183,284)
1995.year 53.18%**  269.8*** -2,527 245,222
(4.010)  (98.32)  (4,750)  (232,236)
1997.year 26.75%** 2.247 -447.9 -72,175
(2.887) (66.74) (2,974) (174,855)
1999.year 35.55%H* 97.77 -1,708 -7,041
(3.332) (72.13) (3,284) (177,095)
2001.year 25.217%%% 250, 1*** 99.36 206,603
(3.938)  (92.71)  (4,230)  (203,478)
2003.year 87.14*** QR 3H** -33,786 5.484e+4-06
(6.058) (355.8) (37,575)  (3.839e+06)
2005.year 62.82%#% 519 5%k 12,421 1.352e+06*
(4.828) (181.9) (12,373) (783,288)
2006.year 100.3%** 222.1 -3,641 631,885
(5.001)  (163.3)  (9,783)  (487,761)
2007.year 44.61%%% 3701 1,115 94,124
(4.427) (117.1) (6,511) (308,663)
2009.year 41.09%** 202.2** -162.8 212,499
(3.758)  (96.10)  (4,440)  (192,783)
2011.year TLTTHFF* 279, 7%%* -2,118 247,024
(4.045)  (98.46)  (4,732)  (210,270)
2013.year 133.7%%*  569.5%** -8,919 952,421°**
(4.975) (138.2) (8,763) (422,832)
2015.year 43.43%¥*F  82B.GH** 12,208  2.349e+06**
(5.679)  (212.9)  (16,259)  (960,508)
20170.year - - - -
92
Constant 12.21%%%  180.1% 6,627 -196,164
(3.579) (93.74) (5,781) (329,226)
648 648 648 648
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Table B14: Soybean - Sensitivity to Time Trend - Quadratic

M 2) 3) @
VARIABLES Mean Variance  Skewness  Kurtosis
2. Spring moldboard plow plus disk 1.325 -26.49 -12.18 -9,644
(1.994)  (27.16)  (815.6)  (16,128)
3.Fall chisel plow plus disk 10.08*** -21.32 -595.6 -5,140
(2.023)  (26.94)  (849.1)  (18,446)
4.Spring chisel plow plus disk 5.667F** -20.47 -698.5 -5,192
(2.038)  (27.40)  (898.4)  (21,214)
5.Spring disk plow 8.964*** -16.80 -56.94 -4,814
(2.048)  (27.26)  (800.1)  (15,176)
6.Fall chisel plow 12.45%%* -18.86 -424.1 -1,430
(2.035) (28.62) (894.7) (19,028)
7.Spring chisel plow 12.37*%* -44.22%* -297.5 -21,278%*
(1.890) (23.33) (655.2) (12,405)
8.Spring in-row subsoiling 10.26%*** -22.87 -717.6 -11,102
(2.024)  (26.34)  (727.5)  (13,944)
9.No-till 10.48%** 49.89 -2,067 56,696
(2.377)  (41.31)  (1,464)  (47,549)
1992.year 6.115%** -39.01%* -393.1 -16,208
(1.884) (23.08) (570.2) (11,263)
1994.year 18.30%**  -45.66** -600.3 -16,943
(1.832)  (22.97)  (568.0)  (11,067)
1996.year 43.12%F%  185.5%F% 1727 118,802%%*
(3.177) (49.56) (1,717) (40,120)
2000.year 24.35%** 10.98 -806.1 2,710
(2.238)  (29.96)  (783.0)  (15,417)
2004.year 7.162%** 89.69** -1,364 44,785*
(2.702) (38.87) (1,127) (24,585)
2008.year -7.904%F*  -60.62%** -351.0 -20,775%
(1.709) (21.41) (555.5) (11,068)
2010.year -1.796 -25.01 -411.6 -13,103
(1.990)  (24.32)  (606.6)  (11,622)
2012.year 12.627%** -9.040 -757.0 -4,790
(2.103)  (28.10)  (7127)  (14,076)
2014.year -8.037%** 5.180 -277.6 -5,253
(2.256)  (28.14)  (679.1)  (12,934)
2016.year -2.840 -46.30** -468.3 -18,727*
(1.827)  (21.92)  (555.3)  (10,954)
2018.year 12.61%%* 45.70 -2,330 63,538
(2.453) (47.49) (1,708) (60,402)
Constant 19.71%%* 93 .89*** 938.4 22,099
(2.025)  (27.12)  (765.0)  (15,200)
Observations 429 429 429 429
R-squared 0.711 0.204 0.036 0.110

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table B15: Corn - Baseline Specification - Interaction with Trend

(1) (2) 3) @)
VARIABLES Mean Variance Skewness Kurtosis
2. Spring moldboard plow plus disk 3.414 -71.24 -9,249 -2.399e+06
(9.511) (383.0) (38,632)  (3.143e+06)
3.Fall chisel plow plus disk 10.78 225.5 24,762 -413,776
(10.18) (425.7) (39,436)  (2.735e+06)
4.Spring chisel plow plus disk 11.17 32.03 22,607 -489,662
(9.775) (381.4) (40,330)  (2.876e+06)
5.5pring disk plow 19.24* 574.5 17,437 2.169e+4-06
(10.54) (441.8) (41,003)  (2.818e+06)
6.Fall chisel plow 32.17%** 249.8 5,942 795,226
(9.523) (354.4) (31,994)  (2.261e+06)
7.Spring chisel plow 25.08%** -218.3 24,857 -2.208e+06
(9.375) (361.7) (36,004)  (2.502e+06)
8.Spring in-row subsoiling 33.82%** 204.5 21,558 -535,831
(10.25)  (422.8)  (40,124)  (2.780e-+06)
9.No-till 45.32%** 186.3 33,780 -521,871
(10.12) (401.4) (38,422)  (2.706e+06)
rotation -29.13%*%* 345 1%* 4,034 -712,624
(3.170) (143.2) (11,571) (974,517)
trend 1.201%*%  79.82%** 2,926 529,250**
(0.513) (25.33) (2,838) (227,223)
2. Spring moldboard plow plus disk#c.trend 0.174 19.62 1,020 295,355
(0.765) (40.18) (4,823) (413,608)
3.Fall chisel plow plus disk#c.trend 0.591 -5.702 -3,610 62,103
(0.776) (39.35) (4,359) (321,560)
4.Spring chisel plow plus disk#c.trend 0.284 36.77 -1,055 278,196
(0.787) (36.51) (4,607) (344,999)
5.Spring disk plow#c.trend 0.133 -16.97 -2,364 -58,370
(0.776) (37.95) (4,290) (334,058)
6.Fall chisel plow#c.trend -0.0235 -13.83 -2,308 -145,517
(0.728) (33.58) (3,708) (283,750)
7.Spring chisel plow#c.trend 0.299 35.67 -3,794 195,642
(0.774) (35.99) (4,305) (311,403)
8.Spring in-row subsoiling#c.trend 0.0405 16.63 -4,077 124,967
(0.795) (37.89) (4,403) (317,347)
9.No-till#c.trend -0.00887 4.928 -4,644 54,717
(0.781) (37.10) (4,274) (317,826)
Constant 51.00%** 284.7 -9,736 -1.668e+06
(6.614) (263.1) (24,317)  (1.864e+06)
Observations 648 648 648 648
R-squared 0.216 0.155 0.014 0.117

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

94



Table B16: Soybean - Baseline Specification - Interaction with Trend

(1) 2) (3) (@)
VARIABLES Mean Variance Skewness Kurtosis
2. Spring moldboard plow plus disk 1.457 73.90 3,247 203,982
(8.828) (257.0) (13,738)  (645,106)
3.Fall chisel plow plus disk 6.044 93.77 -1,152 358.8
(8.628) (233.4) (11,471)  (457,595)
4.Spring chisel plow plus disk 1.524 65.94 520.0 -10,819
(8.499) (233.0) (11,633)  (489,864)
5.Spring disk plow 6.347 -80.53 -829.2 -139,786
(7.871) (228.1) (11,803)  (547,747)
6.Fall chisel plow 9.542 44.68 5,214 148,690
(8.257) (256.2) (13,927)  (700,499)
7.Spring chisel plow 7.193 -29.36 -2,632 -190,334
(7.997) (220.6) (10,818)  (456,191)
8.Spring in-row subsoiling 6.975 -159.0 -4,045 -436,115
(7.399) (193.2) (9,307) (394,949)
9.No-till 13.21 16.12 -478.9 -133,106
(8.216) (223.9) (10,898)  (454,298)
trend -0.693** -7.949 -176.2 -18,272
(0.282)  (7.081)  (341.7)  (14,237)
2. Spring moldboard plow plus disk#c.trend  -0.0198 -2.623 -141.2 -8,368
(0.409) (10.18) (523.9) (23,613)
3.Fall chisel plow plus disk#c.trend 0.219 -3.659 -16.71 -1,759
(0.392) (9.339) (444.6) (16,994)
4.Spring chisel plow plus disk#c.trend 0.239 -3.807 -89.66 -1,750
(0.386) (9.223) (446.0) (18,071)
5.Spring disk plow#c.trend 0.137 1.251 -57.79 3,123
(0.362) (9.008) (447.6) (20,054)
6.Fall chisel plow#c.trend 0.154 -2.904 -313.1 -6,044
(0.371) (10.08) (525.0) (25,572)
7.Spring chisel plow#c.trend 0.284 -1.703 -13.21 4,490
(0.361) (8.862) (418.1) (16,900)
8.Spring in-row subsoiling#c.trend 0.190 3.639 38.93 13,846
(0.342) (7.902) (362.7) (14,710)
9.No-till#c.trend -0.168 -2.333 -67.98 3,455
(0.372) (9.023) (419.4) (16,849)
Constant 40.70%FF  419.8** 7,440 610,963
(6.014) (172.7) (8,754) (382,125)
Observations 429 429 429 429
R-squared 0.161 0.056 0.019 0.040

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table B17: Corn - Baseline Specification - Excluding Rotation

(1) 2) (3) (@)
VARIABLES Mean Variance Skewness Kurtosis
2. Spring moldboard plow plus disk 7.699 238.0 8,820 2.335e+-06
(7.540) (426.5) (48,031) (4.233e+06)
3.Fall chisel plow plus disk 18.717%%* 6.789 -18,981 348,776
(7.232) (407.0) (43,975) (3.712e+06)
4.Spring chisel plow plus disk 14.91* 646.8 16,948 4.575e+06
(8.055) (442.9) (50,251) (4.224e+06)
5.Spring disk plow 18.30** 118.8 -22,914 -145,061
(7.383) (390.9) (42,250) (3.620e+06)
6.Fall chisel plow 24.72%** -38.59 -26,973 -1.957e+06
(7.170) (359.5) (38,068) (3.209¢+06)
7.Spring chisel plow 26.66%** 289.2 -28,259 613,087
(7.606) (383.3) (42,921) (3.502e+06)
8.Spring in-row subsoiling 26.73%H* 344.9 -33,689 859,757
(7.678) (384.3) (42,630) (3.321e+06)
9.No-till 37.84%** 213.0 -31,593 232,318
(7.507) (383.2) (41,682) (3.270e+06)
Trend 1.102%%*  117.5%%* 1,706 819,685%**
(0.250)  (11.63)  (1,481) (113,129)
Constant 28.42%**  _642.4** 15,949  -7.131e-+06***
(5.967) (304.4) (33,869) (2.742e+06)
Observations 468 468 468 468
R-squared 0.114 0.198 0.010 0.121

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Yield (bu/ac)

Figure B1l: Corn — Mean Annual Yield — Ave. Field Trial vs. County
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Note: Data for the table above drawn from Mathers et al. (2023).

97



Yield (bu/ac)
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Figure B2: Soybean — Mean Annual Yield — Ave. Field Trial vs. County
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Note: Data for the figure above drawn from Mathers et al., (2023).
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mean_yield

Figure B3: Corn — Mean Yield by Tillage Treatment
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Note: Data for the figure above drawn from Mathers et al., (2023).
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mean_yield

Figure B4: Soybean — Mean Yield by Tillage Treatment
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Note: Data for the figure above drawn from Mathers et al., (2023).
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sd_yield

Figure B5: Corn — Std. Deviation of Yield by Tillage Treatment
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Note: Data for the figure above drawn
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sd_yield

Figure B6: Soybean — Std. Deviation of Yield by Tillage Treatment
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Note: Data for the figure above drawn from Mathers et al., (2023).
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kdensity yield

Figure B7: Corn — Kernel Density of Yield by Tillage Treatment
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Note: Data for the figure above drawn from Mathers et al., (2023).
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kdensity yield

Figure B8: Soybean — Kernel Density of Yield by Tillage Treatment
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Note: Data for the figure above drawn from Mathers et al., (2023).
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Density
01

Figure B9: Corn — Yields by Tillage Treatment
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Note: Data for the figure above drawn from Mathers et al., (2023).
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Density

Figure B10: Soybean — Yields by Tillage Treatment
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Note: Data for the figure above drawn from Mathers et al., (2023).
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Appendix C

Cover Crop Adoption and Algal
Blooms

Figure C1:
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across Lakes
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Figure C2: Distributions of Cover Crops, Reduced Till, Winter Commodity, and Perennial Crop Acres
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Figure C3: Distributions of Land Use and Crops across Lakes
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