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Abstract

This study examines the impact of soil erosion on corn (Zea mays L.) yield across
counties in the US Midwest. Using a novel county-level panel dataset that includes
information on water erosion and corn yield, we analyze the direct and spatial
spillover effects of erosion using a spatial regression framework. We find that
increases in soil erosion have a statistically significant negative impact on corn yield.
In addition, we find evidence of significant spatial spillover effects, indicating that
erosion in one county can adversely affect agricultural productivity in surrounding
areas. These findings confirm that the negative effects of soil erosion extend beyond
the site of origin and are spatially diffused across regions. This study provides new
empirical evidence on the broader yield-related consequences of soil erosion and
highlights the importance of landscape-level conservation strategies to mitigate its

long-term agricultural impacts.

of Environment and Energy; FAA Center of
Excellence for Alternative Jet Fuels and the

Environment, Grant/Award Number: Plain Language Summary

13-C-AJFE-UTenn-025 Soil erosion can wash away the fertile top layer of soil, making it harder for crops to
grow. This study looks at how water erosion affects corn yields in the U.S. Midwest.
Using a long-term dataset covering over 500 counties and 25 years, we find that soil
erosion not only lowers crop yields in the county where it happens but also affects
nearby counties. These findings show that erosion is a shared problem across regions.
Better soil conservation efforts that include cooperation between counties could help

protect farmland and support long-term crop production.

Abbreviations: AIC, Akaike information criterion; BU, bushels; GDD, growing degree days; HDD, harmful degree days; ID, inverse distance; MLE,
maximum likelihood estimation; NASS, National Agricultural Statistics Service; NRI, National Resources Inventory; NRCS, Natural Resources Conservation
Service; SAR, spatial autoregressive model; SARAR, spatial autoregressive with autoregressive disturbances model; SDM, spatial Durbin model; SEM,
spatial error model; USDA, United States Department of Agriculture.
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1 | INTRODUCTION

Soil erosion has increasingly become a major concern in
agricultural sustainability and environmental conservation.
It is recognized as one of the most serious environmental
challenges affecting global agriculture (Pimentel, 2006). Soil
erosion involves the breakdown, detachment, transport, and
redistribution of soil particles by forces such as water runoff,
wind, or gravity. This widespread phenomenon adversely
affects soil productivity in various agricultural ecosystems
(Lal & Stewart, 1990; Pimentel, 1993; Pimentel & Kounang,
1998). It is estimated that nearly one-third of the world’s cul-
tivable land has been lost to erosion, with the total global
productive land loss approximated at 6.7 million ha and an
annual productive soil layer loss of 24 million t (DeLong et al.,
2015; Komissarov & Ogura, 2020; Pimentel et al., 1995). The
economic implications are also severe, with soil erosion cost-
ing the US economy approximately $37.6 billion annually due
to reduced productivity (Komissarov & Ogura, 2020; Uri &
Lewis, 1998; Uri, 2000).

Soil erosion on farmland is of particular concern because
it adversely affects on-site crop productivity by reducing the
availability of water, nutrients, and organic matter (Pimentel
et al., 1987). The removal of the topsoil layer, which is rich
in nutrients and organic matter, diminishes the soil’s abil-
ity to support crop growth. The loss of soil fertility also
forces farmers to increase reliance on chemical fertilizers
to sustain production, raising input costs and contributing
to environmental pollution (Jiang et al., 2020). Additionally,
eroded soils often become compacted and less aerated, fur-
ther restricting root growth and limiting the plant’s ability to
access essential nutrients and moisture (Al-Kaisi et al., 2002;
Lal & Moldenhauer, 1987; Zhao et al., 2012). These factors
together reduce crop emergence and plant growth, potentially
lowering yields and threatening agricultural productivity and
long-term food security (Edwin & Muthu, 2020).

Given the potential impact of soil erosion on agricultural
productivity, there is a large literature that has investigated
the effects of soil erosion levels on crop yields (see among
others, Bakker et al., 2005; Den Biggelaar et al., 2001; De la
Rosa et al., 2000; Edwin & Muthu, 2020; Larney et al., 2008;
Tan et al., 2005; Zhao et al., 2012). Most previous studies
confirmed the negative impacts of soil erosion on land pro-
ductivity by depleting topsoil, nutrients, and soil structure,
with impacts varying based on crop, soil type, and conser-
vation practices. For example, utilizing crop yield and soil
erosion data across the United States and Canada, Den Bigge-
laar et al. (2001) estimated that maize yield losses range from
0.04 to 0.15 Mg ha—'cm™! of topsoil lost and wheat yield
losses range from 0.005 to 0.14 Mg ha~!cm™! of topsoil lost,
with yield varying by soil type and fertilizer use. Tan et al.
(2005) estimated soil nutrient depletion due to soil erosion for
nitrogen (N), phosphorus (P), and potassium (K) in major crop
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production systems (wheat, rice, maize, and barley) for the
year 2000. They found that the nutrient deficits could trans-
late into a potential annual total production loss of 1136 Tg
per year (1 Tg = 1 billion kg).

Despite the robust literature on the direct effects of soil
erosion on agricultural productivity, limited research has
explored its spillover impacts on surrounding agricultural
fields. Soil erosion is inherently a spatial process, wherein dis-
placed soil, nutrients, and sediments move beyond the eroded
site, affecting adjacent farmlands (de Vente et al., 2008;
Farhan & Nawaiseh, 2015; Patil & Patil, 2018). Moreover,
off-site effects of soil erosion contribute to environmental
degradation, such as water pollution and sediment accumu-
lation in rivers, increasing the risk of flooding and reducing
water quality (Buntley & Bell, 1976; Pimentel et al., 1987;
Uri, 2000). Sediment deposition, changes in nutrient dis-
tribution, degrading shared water resources, and land use
conversion can create complex interactions across a landscape
that traditional yield-impact studies often overlook (Jiang
et al., 2020). Last, given the spatially diffuse nature of soil
erosion, failing to account for spatial dependence in empiri-
cal models can lead to misleading inferences. For example,
Yun and Gramig (2022) emphasize that spatial correlation
in agricultural data may arise from spatial aggregation of
environmental data, unobserved regional characteristics, or
biophysical spillovers. When such correlation is ignored,
model estimates may be biased or inefficient. Addressing
this literature gap is crucial for understanding the cumulative
effects of soil erosion on agricultural productivity at a regional
scale and designing effective soil conservation policies that
consider both direct and indirect effects.

The objective of this study is to fill this gap by addressing
the impact of soil erosion on crop yield using spatial statistical
analysis, with an emphasis on both direct and spillover effects.
We utilize unique county-level data for annual soil loss caused
by erosion (in tons/acre) from the National Resources Inven-
tory (NRI) program of the US Department of Agriculture
(USDA) Natural Resources Conservation Service (NRCS)
and county-level data on corn yield from the USDA National
Agricultural Statistics Service (NASS) for the census years
1992, 1997, 2002, 2007, 2012, and 2017. The resulting panel
dataset used in the study covers 559 counties over eight states
in the US Corn Belt. Based on this panel dataset, we apply
a spatial regression approach to analyze the broader influ-
ence of soil erosion on crop yield beyond the area where
it occurs, considering how erosion-induced changes in soil
quality affect neighboring areas.

Our study contributes to the literature in a couple of ways.
First, to the best of our knowledge, there has been no study
that econometrically examines the spatial spillover effects
of soil erosion on corn yields using a spatial regression
framework. Existing literature largely investigates the direct
impacts of erosion on crop productivity, overlooking how
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erosion in one area can degrade surrounding farmland and
influence broader agricultural landscapes. Our study fills this
critical gap by explicitly modeling these interconnections,
providing new empirical evidence on how soil degradation
extends beyond individual fields and affects regional agricul-
tural output. Our study therefore offers a more comprehensive
understanding of how erosion in one location can influence
crop productivity in adjacent areas, emphasizing the need for
a regional perspective in the development of more effective
soil conservation strategies.

Second, using unique county-level soil erosion data com-
bined with the crop yield dataset, this study econometrically
evaluates the impact of soil erosion on agricultural produc-
tivity over a wider geographical region and over a longer
time period compared to the previous literature. Given the
geographic scope of the dataset, we are able to investigate the
aggregate county-level effects of soil erosion on corn yield
in the US major agricultural production region rather than
for a specific plots (e.g., as is usually the case for agronomic
field trial studies). By examining a larger spatial and temporal
scale, our study contributes to the understanding of long-term
productivity losses associated with soil erosion.

The rest of this article is organized as follows. Sec-
tion 2 provides a detailed description of the data sources
and our empirical approach. Section 3 provides a detailed
discussion of the estimation results. Lastly, implications, lim-
itations, and future research directions are presented in the
concluding section.

2 | METHODS AND MATERIALS

2.1 | Data
The data used in this study are collected from a variety
of sources. First, the dependent variable, the average corn
yield at the county level, is collected from the USDA-NASS
database. The corn yield estimates are derived from farmer
surveys and field measurements, providing a comprehensive
overview of agricultural productivity across US counties.
Specifically, we select the US Corn Belt as the study area.
According to the USDA, the Corn Belt is composed of eight
Midwestern states: Indiana, Illinois, Iowa, Michigan, Min-
nesota, Missouri, Ohio, and Wisconsin. The US Midwest is
one of the most agriculturally productive regions in the world
and “consistently affects the global economy” (U.S. Depart-
ment of Agriculture, 2024). Additionally, about 80% of all
US corn and soybeans (Glycine max (L.) Merr.) are produced
in the Corn Belt (U.S. Department of Agriculture, Economic
Research Service, 2023).

After collecting corn yield data, we then gather information
for our main explanatory variable of interest—measures of
soil erosion levels. We use the county-level data for annual soil
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loss caused by erosion (in tons/acre) collected from the NRI
program of the USDA NRCS for the census years 1997, 2002,
2007, 2012, and 2017. The NRI program provides compre-
hensive data on the condition, trends, and status of land, soil,
water, and other resources in the United States (Chen et al.,
2022; Doetterl et al., 2012; Kertis, 2006; Larson et al., 1983).
The soil erosion data from the NRI are collected through
a continuous inventory process, with observations recorded
annually during the growing season from a selected subset
of foundational sample segments originally established in the
1997 NRI. To construct its dataset, the NRI employs a strat-
ified two-stage, unequal probability area sampling design.
In this approach, the first-stage sampling units consist of
defined land segments, while the second-stage sampling units
are specific points within these segments. Nationwide, the
foundational sample consists of approximately 300,000 land
segments and 800,000 sample points. Data collection relies
on remote sensing (primarily through photo interpretation),
along with administrative records and field investigations.
Additionally, direct on-site measurements of soil character-
istics from a subset of locations are also used to validate the
remote sensing data.

To assess soil erosion levels, the NRI incorporates several
key soil characteristics, such as the universal K-factor (a mea-
sure of soil erodibility), the soil loss tolerance rate (7), and
other indicators of land susceptibility to erosion. These vari-
ables are integrated into two well-established erosion models:
(1) the universal soil loss equation for water erosion and (2)
the wind erosion equation for wind erosion, providing esti-
mates of average annual soil loss. The NRI's methodology
represents one of the most comprehensive quantitative efforts
to measure both the occurrence and extent of soil erosion
across the United States. As a result, it has been widely used in
previous research (see among others, Chen et al., 2022; Cruse
etal., 2006; Goodwin & Smith, 2003; Hernandez et al., 2013).
The dataset primarily distinguishes between two types of ero-
sion: (1) water erosion, which refers to the displacement of
soil due to rainfall and surface runoff, and (2) wind erosion,
which involves the detachment, transport, and redeposition of
soil particles by wind forces. After spatially visualizing both
the water erosion rate and wind erosion rate across the United
States, we found that wind erosion has a negligible impact in
our study area. Due to the prominence of water erosion in the
Corn Belt counties, we proceeded with using the county water
erosion rate as a measure of soil erosion in this study. Maps of
both the wind erosion rate and water erosion rate can be found
in Figure 1.

In addition to data on water erosion and corn yields, we
also collect the weather data from the parameter-elevation
regression on independent slopes model climate dataset.
Specifically, we include the number of growing degree days
(GDD) (8°C-29°C), harmful degree days (HDD) (above
29°C), precipitation, and a squared precipitation term as
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2017 Water Erosion
Rate

[ 0.00- 1.88

I 1.89-3.83

B 3.84-6.08

B 6.09 - 9.04

B 9.05 - 14.72

I Out of Range

2017 Wind Erosion
Rate

[ 0.00-1.88

[ 1.89-3.83

I 3.84-6.08

I 6.09 - 9.04

I 9.05 - 11.87

I out of Range

FIGURE 1 Comparison of 2017 water and wind erosion rate.

control variables in our empirical model specification as these
variables can directly affect county-level corn yield and vary
over time and across counties. Degree days are typically
defined as the number of degrees that the daily temperature
is above a specific threshold per day, accumulated over a
defined period of time, and have been used in the climate

econometrics literature to quantify cumulative temperature
exposure within specific thresholds and capture the nonlin-
ear effects of temperature on agricultural outcomes(Annan
& Schlenker, 2015; Chen et al., 2022; Ortiz-Bobea, 2021;
Schlenker & Roberts, 2006, 2009). Following thresholds
established by Schlenker and Roberts (2009), the GDD we use
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FIGURE 2 Study area.

are defined as the total degrees by which daily temperature
fall within the favorable range for crop growth (8°C-29°C).
In contrast, HDD represent temperature exposure that can be
harmful (above 29°C) during the same period. Additionally,
we include accumulated precipitation and a squared precip-
itation term to account for potential nonlinear impacts of
moisture on crop yield. The degree days and precipitation
variables used in this study are aggregated over the months of
the growing season from May to September (Schlenker and
Roberts, 2009).

To ensure a balanced panel, we exclude counties with miss-
ing values of variables of interest from 1992 to 2017 from this
analysis. Figure 2 depicts the study area. The sample includes
559 counties per time period (76% of Corn Belt counties),
with the total sample across time periods being 3354 observa-
tions. Table 1 includes descriptive statistics on the variables
of interest for the included counties.

2.2 | Geostatistical analysis

We first use the Getis-Ord GI* statistic to identify statisti-
cally significant spatial cluster, or spatial autocorrelation, in
the water erosion rate variable. This analysis identifies spatial
clusters of high values, known as hot spots, and low val-
ues, known as cold spots (Esri, 2024). The identification of

spatial clustering points to the presence of autocorrelation,
which necessitates the control for spatial dependence in the
variables of interest by using a spatial regression model. The
output creates a feature class including a z-score, p-value, and
confidence interval bins, which can be visualized on a map.
These values are used to reject the null hypothesis that the
spatial clustering of high or low values present in the data is
no different than would be expected in randomly distributed
data. Across the time period of the study, the clustering of
the water erosion rate is mostly consistent, showing hot spots
throughout the Mississippi Delta region and cold spots in the
northern reaches of the study area. The example hot spot map
for water erosion rate in 2017 is presented in Figure 3.

2.3 | Model selection

We then conduct a series of spatial regression models to esti-
mate the impact of soil quality and weather variables on the
corn yield in the US Corn Belt. The spatial structure iden-
tified through hot spot analysis is conceptualized through a
combination of a row-normalized inverse distance (ID) spa-
tial weighting matrix and a row-normalized contiguity spatial
weighting matrix. The ID is calculated from the centroid
of each spatial unit, in this case, counties. The contiguity
matrix is applied to the spatial lags of the variables in the
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TABLE 1 Description and summary statistics of variables.

Variable Description Mean St. Dev. Min. Max.

Corn yield County-level total corn yield (BU/acre) 136.76 35.79 19.00 246.70

Water erosion level Annual soil loss due to water erosion (tons/acre) 3.81 2.54 0.00 19.38

GDD Growing degree days (8°C - 29°C) 1934.74 300.52 1074.60 2768.00

HDD Harmful degree days (above 29°C) 29.51 29.13 0.12 170.21

Prep Precipitation (growing season average, 1000mm) 560.29 118.66 214.53 1010.62

Prep_s Precipitation squared 328,000.90 139,940.40 46,021.59 1,021,360.00

Abbreviations: BU, bushels; Max., maximum; Min., minimum; St. Dev., standard deviation.

I Cold Spot with 99% Confidence
[ Cold Spot with 95% Confidence
Cold Spot with 90% Confidence

Not Significant
Hot Spot with 90% Confidence
[ Hot Spot with 95% Confidence
I Hot Spot with 99% Confidence

FIGURE 3 Hot spot map for 2017 water erosion rate.

applicable models. Applying the contiguity matrix to the
dependent variables helps the model capture the potential
neighboring effects of the omitted socioeconomic variables,
such as farming practices, on corn yield (Yun & Gramig,
2022). The ID matrix is applied to spatial lags of the
error terms in applicable models, as the measurement errors
are spatially correlated. Using different spatial weighting
matrices for the variables and the error term is supported
by previous work (see among others, Elhorst et al., 2014;
Stakhovych & Bijmolt, 2009; Yun & Gramig, 2022).

We use the xsmle package in Stata for model estimation,
which was developed for spatial panel regression models.
The package uses maximum likelihood estimation (MLE) for
several types of spatial models including the spatial Durbin
model (SDM), the spatial autoregressive model (SAR), the
spatial error model (SEM), and the spatial autoregressive with
autoregressive disturbances model (SARAR) (Belotti et al.,
2017). Specifically, the SDM incorporates spatial lags of both

the dependent and independent variables, allowing for the
possibility that both the dependent and explanatory variables
in one unit may depend not only on their own values but also
on the values in neighboring units. On the other hand, the SAR
includes a spatial lag of the dependent variable, accounting
for spatial dependence in the outcome variable itself, while
the SEM focuses on capturing spatial dependence in the error
term, allowing for unobserved factors affecting the dependent
variable to exhibit spatial correlation. The SARAR combines
both the spatial lag of the dependent variable and spatially
autocorrelated error terms.

We first execute the SDM by applying a spatial lag on
the dependent and independent variables using the contiguity
matrix. Next, we generate the SAR, SARAR, and SEM model
types, applying the contiguity matrix on the dependent vari-
able spatial lags (SAR and SARAR) and the ID matrix on the
error term spatial lags (SARAR and SEM). The Akaike infor-
mation criterion (AIC) values of the three alternative models
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TABLE 2  Akaike information criterion (AIC) by model type.
Model AIC
SAR 24461.80
SEM 26807.81
SARAR 24396.77
SDM 24400.07

Abbreviations: SAR, spatial autoregressive model; SARAR, spatial autoregressive
with autoregressive disturbances model; SDM, spatial Durbin model; SEM, spatial
error model.

(SAR, SARAR, and SEM) are then compared to the AIC of
the SDM model to select the model that balanced both model
complexity and goodness of fit.

Table 2 displays the results of the AIC testing outcomes and
indicates that the SARAR model performs best when compar-
ing AIC values among all models, that is, the SARAR model
has the lowest AIC value. Thus, we proceed with using this
model specification which balances both model complexity
and good fitness.

2.4 | Econometric analysis

To examine the impacts of soil quality and climatic factors
on corn yield across the Corn Belt, we employ a SARAR
regression model with two-way fixed effects for panel data.
This approach accounts for both spatial autocorrelation in
the dependent variable and spatial dependence in the error
term, leading to robust estimates of the relationships among
the variables of interest in the presence of spatial spillovers.
Additionally, two-way fixed effects control unobserved het-
erogeneity across both time and space. We utilize our main
empirical specification defined as follows:

Vi=pWy, + X, f+a;+6 +¢€; €))

€ir = AWge€, + py 2)

In this model, y;, denotes the corn yield for county i in year
t, pWy;, is the spatial lag term for corn yield where W is
the contiguity spatial weight matrix and p measures spatial
dependence of corn yield. X;,f is the matrix of explanatory
variables and their coefficients for county i in year ¢, and
AW €, denotes the spatial lag for the error term where W,
is the ID spatial weight matrix. The spatial fixed effects are
represented by a; for county i and the time fixed effects are
represented by &, for year ¢, and y;, denotes the error term.

As mentioned in the previous section, the independent vari-
ables used in the analysis capture climatic, environmental,
and soil quality-related factors hypothesized to influence corn
yield. Water erosion rate represents a measure of soil quality
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that could impact agricultural productivity, while HDD and
GDD are included to measure cumulative exposure to tem-
perature conditions conducive to or limiting to crop growth.
Precipitation and precipitation squared capture the nonlinear
effects of rainfall on yield.

We estimate the SARAR two-way fixed effects model using
MLE. This estimation approach is well-suited for SARAR
models because it accommodates the joint estimation of
spatial lag parameters and spatially autocorrelated errors,
ensuring efficient and consistent parameter estimates. Unlike
two-stage least squares or generalized method of moments
(GMM) approaches, which may suffer from inefficiencies
in small samples, MLE directly accounts for the structure
of the SARAR model and provides robust estimates of both
spatial dependence in the dependent variable and error term
(LeSage & Pace, 2009). Time fixed effects account for com-
mon temporal trends, such as advancements in agricultural
technology and efficiency that affect all county corn yields
simultaneously. Spatial fixed effects capture time-invariant
characteristics specific to each county, such as soil type, his-
torical farming practices, and infrastructure differences. To
interpret the estimated coefficients, we calculate direct, indi-
rect, and total effects with the xsmle package, which show
how changes in the independent variables affect corn yield
in both the focal county and neighboring counties through
spatial spillovers.

3 | RESULTS AND DISCUSSION

Table 3 summarizes the estimated coefficients of the explana-
tory variables in Equation (1) and their direct, indirect (i.e.,
spatial spillover), and total effect. The results indicate that
water erosion has a statistically significant and negative effect
on corn yield, both within a county and in neighboring coun-
ties. The direct effects of water erosion on corn yield generally
suggest that counties with higher levels of water erosion tend
to have statistically lower corn yield, and this productivity
effect is not explained by climate. Specifically, we find that
each additional ton per acre of soil loss due to water erosion
in a county can lead to a statistically significant decrease of
0.48 BU per acre in its corn yield (where BU is bushels).
This finding is consistent with previous literature that have
generally discussed the relationship between soil health and
crop productivity (Den Biggelaar et al., 2001; Tan et al.,
2005). According to these soil and crop yield studies, soil
erosion could negatively affect crop yield by depleting top-
soil, nutrients, and soil structure. Our study therefore supports
the notion of a negative relationship between the major type
of soil erosion (i.e., water erosion) and crop yield in the
United States.

In addition to the direct effect, there is also a spillover
effect of water erosion on corn yield in adjacent coun-
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TABLE 3 Estimated coefficients from the spatial autoregressive with autoregressive disturbances model (SARAR).
Corn yield
Coefficient Direct effect Indirect effect Total effect
Water erosion —0.3880* —0.4815* —-1.2175* —1.6990*
(0.2097) (0.2537) (0.6503) (0.9028)
GDD 0.0023 0.0031 0.0079 0.0110
(0.0051) (0.0066) (0.0166) (0.0232)
HDD —0.2766*"* —0.3459** —0.8726" —1.2185%"
(0.0212) (0.0240) (0.0610) (0.0799)
Precipitation 0.0365"* 0.0471 0.1191"* 0.1663***
(0.0125) (0.0149) (0.0385) (0.0533)
Precipitation squared —0.0000** —0.0000*** —0.0001*** —0.0001***
(0.0000) (0.0000) (0.0000) (0.0000)
p 0.7720***
(0.0606)
A 0.8964
(0.0424)
County FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Observations 3354 3354 3354 3354

Abbreviations: FE, fixed effects; GDD, growing degree days; HDD, harmful degree days.

#p < 0.1, *p < 0.05, **p < 0.01.

ties: each additional ton per acre of soil loss due to water
erosion can lead to a statistically significant decrease of 1.22
BU per acre in corn yield. Thus, considering the direct and
spillover effects of water erosion on corn yield, the total effect
of water erosion indicates that each additional ton per acre of
water erosion would result in a 1.70 BU per acre decrease in
corn yield, suggesting a substantial overall regional impact of
water erosion on corn yield in the US Midwest. These findings
imply that water erosion is not only a localized phenomenon
but also has spatial externalities that affect surrounding agri-
cultural productivity. Our results are consistent with recent
studies discussing the interconnected nature of soil and land
systems (Farhan & Nawaiseh, 2015; Patil & Patil, 2018).
Our study provides new empirical evidence that soil ero-
sion is inherently a spatial phenomenon, whereby displaced
soil, nutrients, and sediments are transported beyond the site
of origin, impacting agricultural productivity in neighboring
areas. Furthermore, soil degradation in one county, especially
due to severe erosion, can influence farmland management
decisions in adjacent counties. Conversion of marginal lands
into less productive or fallow land in response to erosion
may trigger similar transitions in nearby regions, further
exacerbating degradation across boundaries. The presence of
spatial dynamics and strong spillover effects highlights the
importance of coordinating soil erosion control and land use
planning at broader geographic scales, such as watershed
or multi-county regions, to effectively mitigate cascading
ecological effects.

With regard to the control variables in the empirical spec-
ification, the parameter estimates from our model all follow
expectations'. Our results indicate that HDD has a signifi-
cant and negative impact on corn yield, suggesting that higher
heat stress (typically reflecting hotter days requiring cool-
ing) reduces corn yield both locally and in surrounding areas.
This is consistent with findings in agronomic and climate-
economics literature (Lee, 2025; Roberts et al., 2013). We
also find that precipitation has a nonlinear effect on yield. The
coefficient of precipitation is positive and significant, indi-
cating that moderate rainfall increases yield. However, the
squared term of precipitation is negative and significant, con-
firming the diminishing returns and potential negative effects
of excessive rainfall, which is also consistent with the notion
that too much rainfall can lead to waterlogging, ponding, and
flooding, ultimately reducing crop productivity(Schlenker &
Roberts, 2006).

Furthermore, the spatial autoregressive coefficient (p) is
positive and significant, implying strong spatial dependence
in corn yield across counties. Our findings suggest that corn
yield in one county is significantly influenced by the yield
performance in neighboring counties. This could be due to

' Based on insights from previous literature, we initially hypothesized that
HDD would negatively affect corn yield, while GDD would have a positive
effect. In terms of precipitation, we expected that moderate levels of precip-
itation would be helpful, but too much precipitation (e.g., floods) would be
harmful to corn yield
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a variety of interrelated factors, such as shared agroclimatic
conditions, regional economic linkages, and the diffusion of
farming technologies and practices across county boundaries.
The significance of the spatial autoregressive coefficient vali-
dates the use of a spatial regression framework in our analysis.
By using the spatial model that explicitly accounts for both
spatial spillover in the dependent variable (i.e., corn yield)
and spatial lags of the independent variables (i.e., water ero-
sion and weather), our model captures complex intercounty
interactions that would otherwise be omitted in a traditional
nonspatial regression setting.

Overall, our results highlight the importance of incorpo-
rating spatial spillover effects when evaluating the impact
of soil erosion on crop productivity. The large and signifi-
cant indirect effects of water erosion on corn yield suggest
that neighboring counties are economically and ecologically
linked in ways that traditional nonspatial models usually over-
look. These spillover impacts provide strong justification for
regional soil conservation programs, particularly those that
promote landscape-level planning and cooperative restoration
strategies across county or state boundaries.

4 | CONCLUSION

The yield of agricultural crops such as corn is closely tied to
the biophysical conditions of the land, especially the health
and productivity of the soil. Among the many threats to soil
health, erosion remains a dominant environmental concern as
it depletes fertile topsoil, impairs water and nutrient reten-
tion, and reduces long-term soil productivity (Pimentel, 2006;
Uri & Lewis, 1998; Uri, 2000). Although the agronomic
impacts of soil erosion have been well discussed in experi-
mental literature, empirical evidence quantifying how erosion
influences yield across space and over time remains relatively
limited, particularly at broader spatial scales. Based on a novel
panel dataset with detailed information on county-level water
erosion levels and corn yield, we utilize a spatial panel econo-
metric framework to examine the impact of the dominant
type of soil erosion (i.e., water erosion) on corn yield across
US counties, explicitly accounting for both direct and spatial
spillover effects.

Our empirical results indicate that water erosion has a sta-
tistically significant and negative impact on corn yield, both
within a county and in neighboring counties. This finding pro-
vides new empirical evidence that soil erosion is not a purely
site-specific issue, but rather a spatially diffuse phenomenon
that influences crop productivity across landscapes. By mod-
eling spatial interdependence explicitly, our study captures
important ecological and economic linkages that conventional
nonspatial models may overlook.

Findings from our study point to several important impli-
cations. First, the evidence of large and significant spillover
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effects highlights the need for regional coordination in soil
conservation efforts. Traditional policies targeting individ-
ual landowners or counties may fail to internalize the full
costs of erosion, particularly when degradation in one area
affects neighboring productivity. Government programs like
the Environmental Quality Incentives Program, which incen-
tivize practices such as cover cropping and reduced tillage,
could be more effective if designed with spatial external-
ities in mind: supporting not only individual adoption but
also encouraging cooperation across entities or watershed
boundaries. Second, the strength of the spatial dependence in
yield outcomes highlights the potential value of landscape-
level planning. From a policy standpoint, soil erosion control
should be viewed not just as a local agronomic decision, but
also as a regional public good with broader economic and
environmental implications.

Even though our study provides a couple of important
insights about the spatial dynamics of soil erosion and crop
productivity, it is important to acknowledge a number of limi-
tations of this study and discuss potentially fruitful directions
for future research. First, although our county-level analy-
sis enables broad coverage and captures regional effects, it
lacks the micro-level detail available in field or farm-level
datasets. Future research could incorporate more granular
data, allowing for capturing within-county heterogeneity and
conservation practice adoption. Second, while our spatial
model addresses spatial correlation and endogeneity due to
omitted spatial effects, further work could explore more
advanced identification strategies, such as spatial instrumen-
tal variable approaches, to strengthen causal inference. Third,
while we focus on corn yield as a key outcome, it would
be useful to evaluate whether soil erosion has differential
impacts across other crops, production systems, or under vary-
ing climate conditions. We leave all these potential research
directions for future work.
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