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A1 Illustration of Crop Rotation and Crop Acreage Dynamics

Figure A1 illustrates the dynamics of acreage response to a permanent increase in the price

of corn. We assume that the price of corn increases permanently between periods t− 1 and

t. We assume one-year memory of crop rotations so that the optimal crop rotation for a

given set of prices is either continuous corn, a corn-soybean rotation, or continuous soybeans

(Hennessy 2006; Hendricks, Smith, and Sumner 2014). In figure A1, green denotes a field

planted to soybeans and yellow denotes a field planted to corn. Continuous soybeans are

optimal for fields in Group A when prices are at the level of t − 1 while a corn-soybean

rotation is optimal for fields in Group B. When the price of corn increases permanently in

period t, fields in Group A find it optimal to switch to a corn-soybean rotation and fields in

Group B find it optimal to switch to a continuous corn rotation. Note that there are also

likely to be fields that find it optimal to plant continuous soybeans before and after the price

shock—and likewise for a corn-soybean rotation and continuous corn. We do not include

these groups of fields in our illustration since acreage of the crop sequences and crop acreage

do not change for these fields due to the price shock.

First, consider how aggregate corn acreage response to a price shock is larger in the short

run than in the long run as shown by Hendricks, Smith, and Sumner (2014). Group A fields

switch from a continuous soybean rotation to a corn-soybean rotation due to the price shock.

However, all of the Group A fields are planted to soybeans in year t− 1 so Group A fields all

plant corn in year t so that they are all planting corn after soybeans. However, in the long

run, we expect that half of these fields will be planted to corn and half to soybeans since

they are switching to a corn-soybean rotation. Group B fields switch from a corn-soybean

rotation to continuous corn. All of the Group B fields plant corn in year t and continue

planting corn thereafter due to the permanent price shock. In the short run (year t), all of

the Group A and Group B fields are planted to corn in response to the price shock, but not

all of the fields are planted to corn in the long run (year T ∗). Therefore, the response of corn

acreage to a price shock is larger in the short run.
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Next, consider how aggregate corn-after-corn acreage to a price shock is smaller in the

short run than in the long run. None of the Group A fields plant corn after corn in the

short run (the sequence between years t− 1 and t) or the long run (T ∗ − 1, T ∗). Half of the

Group B fields plant corn after soybeans and half plant corn after corn in the short run, but

all of the Group B fields plant corn after corn in the long run. Therefore, the response of

corn-after-corn acreage to a price shock is smaller in the short run. Note that this model of

response to price with crop rotations is consistent with aggregate data on crop transitions

as shown in figure 3 of Hendricks, Smith, and Sumner (2014).

Figure A1: Illustration of Short-Run and Long-Run Response to a Permanent Increase in
the Price of Corn
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A2 Additional Details on the SWAT Model

A beta version of SWAT 2010 was used for this study; this version included model com-

ponents that were later released in SWAT 2012 (Arnold et al. 2013). SWAT models were

developed for four watersheds that cover most of Iowa, Illinois, and Indiana, including 89

subwatersheds (figure A2a) and 45,363 HRUs (figure A2b). Precipitation, air temperature

and other meteorological inputs were developed using the automatic climate generator in-

cluded in SWAT (Richardson and Nicks 1990; Neitsch et al. 2011). USGS hydrologic unit

codes (HUCs) at the 4-digit scale (Seaber, Kapinos, and Knapp 1987), the National Hy-

drography Dataset (NHD) stream network, and a 90-m (3 arc second) resolution digital

elevation model (DEM) (Gesch et al. 2002; Gesch 2007) were used in watershed configura-

tion and topographic parameterization. State Soil Geographic (STATSGO) data were used

to define spatial soil input parameters. Landcover data—for the purpose of defining HRUs

in SWAT—were obtained by combining two geospatial data layers similar to Srinivasan,

Zhang, and Arnold (2010). Land areas that were classified as each major crop (corn, soy-

beans, wheat, alfalfa and oats) by the 2010 NASS Cropland Data Layer (CDL) and also

classified as agricultural by the 2006 National Land Cover Data (NLCD) were assigned the

crop type designated by the NASS CDL. Land areas classified as agricultural land by NLCD

but not NASS were assigned as general row-crop agriculture in SWAT. All other land areas

(non-agricultural land) were classified according to the NLCD designation.

State-level planting and harvest dates were used. State-level fertilizer use data for each

crop were obtained from the NASS Agricultural Chemical Usage Survey. Average usage

of nitrogen, phosphate, and potash for each crop was calculated as the 2000-2005 average

application on acres receiving the fertilizer multiplied by the percent of acres that received

the fertilizer. The NASS fertilizer data do not differentiate fertilizer use by crop rotation;

we used different levels of nitrogen fertilizer depending on the crop and year in rotation use

for corn after corn and corn after soybeans. The 2000-2005 average nitrogen use for corn is

used as the nitrogen use for corn after soybeans. We do not use more recent data on corn
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nitrogen use because there has been a large increase in the acreage devoted to corn after

corn in recent years. For Iowa and Illinois, we estimate the difference in nitrogen use on

corn after corn compared to corn after soybeans using the Corn Nitrogen Rate Calculator

developed by Sawyer et al. (2006). For Indiana, we use the difference reported in Camberato

et al. (2012).

Identification of cropland with tile drainage is critical for accurate modeling of nitrogen

losses in the Midwest U.S. In a recent science update on Northern Gulf of Mexico hypoxia,

Dale et al. (2007, p. 62) state: “It is clear that agricultural drainage in the Corn Belt

is extensive, the general distributions of drainage and cropland are correlated, and nitrate

concentrations are correlated with patterns of cropland and drainage.” Tile drainage (figure

A3) was assumed to be located in areas with less than 2 percent slope and poorly, somewhat

poorly or very poorly drained soils, similar to Srinivasan, Zhang, and Arnold (2010) and

Dale et al. (2007). Tile drainage parameters were input consistent with previous studies

(Green et al. 2006; Hu et al. 2007; Sui and Frankenberger 2008).
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Figure A2: Distribution of (a) Watersheds, Subwatersheds and (b) Hydrologic Response
Units (HRUs) used in the SWAT Model
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Figure A3: Areas Assumed to Have Tile Drainage

Notes: Tile drainage was assumed to be located in areas with less than 2 percent
slope and poorly, somewhat poorly or very poorly drained soils.
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A3 Predictive Performance of Econometric Model

We evaluate the performance of the econometric model by analyzing the ability of the model

to replicate crop sequences by county. Figure A4 plots the observed frequency of corn after

corn on the y-axis and the average long-run probability of corn after corn across all fields

within a county. Each marker corresponds to a county. Figure A5 provides the analogous

plot for a corn-soybean rotation (the sum of corn after soybeans and soybeans after corn)

and figure A6 provides the plot for soybeans after soybeans. Most of the points are close to

the 45 degree line indicating that the model fits the data well. The correlations between the

historical frequencies and the predicted probabilities are 0.92, 0.85, and 0.91 for corn after

corn, corn-soybean rotation, and soybeans after soybeans.

Figure A4: Predictive Performance of Econometric Model for Corn after Corn by County
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Figure A5: Predictive Performance of Econometric Model for Corn-Soybean Rotation by
County
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Figure A6: Predictive Performance of Econometric Model for Soybeans after Soybeans by
County
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A4 Sources of Variation in Expected Prices

In this section, we describe the sources of variation in our measure of expected prices. As

described in the article, our measure of the expected price has three components: (i) a

futures price, (ii) an expected loan deficiency payment (LDP), and (iii) an expected basis.

The futures price and expected LDP only vary over time, but the expected basis varies over

time and across space. Table A1 reports the overall, between, and within standard deviation

of expected prices. The estimates imply that roughly 88% of the variance in expected price

is over time (within fields).

Table A1: Decomposition of Standard Deviation of Expected Prices
Overall Between Within

Expected Price of Corn ($/bu) 0.86 0.30 0.83
Expected Price of Soybeans ($/bu) 1.85 0.62 1.80

Figure A7 plots the three components of the expected price of corn over time and figure

A8 plots the components of expected soybean prices. We plot the average basis across all

fields. Figures A7 and A8 show that most of the variation in expected price in our dataset is

due to variation in futures prices. The expected LDP and expected basis are inversely related

to the futures price. The basis was especially weak (more negative) during the period 2006-

2008, reflecting the lack of convergence that cash and futures prices experienced during this

period (e.g., see Irwin et al. 2011). A plot of relative expected prices over time is provided

in figure 3 of Hendricks, Smith, and Sumner (2014). A large shock to the relative price

occurred in 2007.
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Figure A7: Components of Expected Corn Price over Time
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Figure A8: Components of Expected Soybean Price over Time
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A5 Robustness Checks for Nitrogen Loss Elasticities

Tables A2, A3, and A4 assess the robustness of our results to different specifications. Panel

A of these appendix tables reports the total corn acreage elasticities analogous to panel A,

column (3) in table 2 of the article. Panel B of these appendix tables reports the nitrogen

loss elasticities analogous to column (1) in table 5 of the article.

Table A2 assesses the robustness of our results to different methods of constructing ex-

pected prices. Column (1) excludes the expected basis from our estimate of the expected

price. Column (2) includes only time series variation in the expected basis (i.e., the average

expected basis for each year) when calculating the expected price. In columns (1) and (2)

expected prices do not vary across space. Column (3) includes expected prices where the

expected LDP is constructed using a method similar to Chavas and Holt (1990). In particu-

lar, we assume that prices are normally distributed and use historical volatility estimated as

the standard deviation of planting-time futures from the harvest-time futures for the previ-

ous three years and giving greater weight to more recent years (see Chavas and Holt 1990).

Columns (4), (5), and (6) use the futures price trading during only January, only February,

or only March. These columns still use the same expected LDP and expected basis as in our

preferred specification. The price response is largest if we exclude the expected basis (column

1) and smallest if we use the futures prices trading only in March (column 6). Overall, we

obtain similar elasticity estimates.

Table A3 assesses the robustness to including different controls to account for anticipated

supply shocks that may affect planting decisions and the futures price. Column (1) includes

a quadratic function of precipitation in April and May as a control. Column (2) includes

a dummy variable if spring precipitation was less than the 25th percentile in addition to

the dummy variable if spring precipitation was greater than the 75th percentile. Column

(3) includes the county-level observed yield shock as a proxy for the anticipated yield shock

(see Hendricks, Janzen, and Smith 2014). Our results are similar across all specifications of

controls.
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Table A4 assesses the robustness to other specifications. Column (1) estimates transition

probabilities with logistic models rather than linear probability models. Elasticity estimates

are very similar, but the standard errors are larger. The wild bootstrap method is not valid

with the logistic model, so we use a pairs bootstrap to estimate the standard errors instead.

As mentioned in the article, a pairs cluster bootstrap performs poorly when there are few

clusters. Column (2) includes the relative price of corn and soybeans as the regressor at

the rotational margin. Column (2) imposes the restriction that the cross-price elasticity is

the negative of the own-price elasticity at the rotational margin. Elasticities with respect

to the price of corn are similar to our preferred estimates, but the cross-price elasticity is

more negative due to the imposed restriction. Column (3) estimates a model of second-order

Markov transitions at the rotational margin. The online appendix in Hendricks, Smith,

and Sumner (2014) gives details on the econometric specification. Estimating second-order

Markov transitions substantially increases the number of parameters to estimate, so we only

use the 24 Major Land Resource Areas as spatial regimes rather than 108 regimes used in the

preferred specification. We use the second-order Markov transitions to estimate the marginal

effects of the probability of each two-year crop sequence and combine these with the SWAT

results to estimate nitrogen loss elasticities. Results are similar to those in the article.
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Table A2: Elasticity Estimates with Different Methods of Constructing Expected Prices
Aggregate Different Jan. Feb. March

No Basis Basis Expected LDP Futures Futures Futures
(1) (2) (3) (4) (5) (6)

Panel A. Corn Acreage Elasticities
Expected Price of Corn

Short-run 0.46∗∗ 0.43∗∗ 0.33∗∗ 0.41∗∗ 0.41∗∗ 0.34∗∗

(0.085) (0.088) (0.100) (0.094) (0.091) (0.097)
Long-run 0.34∗∗ 0.31∗∗ 0.24∗∗ 0.30∗∗ 0.30∗∗ 0.25∗∗

(0.063) (0.065) (0.073) (0.097) (0.067) (0.071)
Expected Price of Soybeans

Short-run -0.35∗∗ -0.33∗∗ -0.24∗ -0.31∗∗ -0.28∗∗ -0.28∗∗

(0.084) (0.093) (0.112) (0.107) (0.087) (0.120)
Long-run -0.25∗∗ -0.24∗∗ -0.17∗ -0.22∗∗ -0.20∗∗ -0.20∗∗

(0.061) (0.068) (0.081) (0.079) (0.064) (0.088)

εLR−εSR

εLR
-0.38∗∗ -0.37∗∗ -0.37∗∗ -0.37∗∗ -0.38∗∗ -0.38∗∗

(0.023) (0.017) (0.035) (0.067) (0.048) (0.046)
Panel B. Nitrogen Loss Elasticities
Expected Price of Corn

Short-run 0.054∗∗ 0.053∗∗ 0.041∗∗ 0.051∗∗ 0.049∗∗ 0.044∗∗

(0.013) (0.013) (0.014) (0.015) (0.014) (0.013)
Long-run 0.083∗∗ 0.080∗∗ 0.062∗∗ 0.077∗∗ 0.075∗∗ 0.066∗∗

(0.019) (0.018) (0.020) (0.021) (0.020) (0.020)
Expected Price of Soybeans

Short-run -0.040∗∗ -0.039∗∗ -0.027 -0.033∗ -0.032∗∗ -0.036∗∗

(0.012) (0.013) (0.015) (0.015) (0.012) (0.015)
Long-run -0.060∗∗ -0.058∗∗ -0.041∗ -0.051∗∗ -0.048∗∗ -0.052∗∗

(0.018) (0.019) (0.022) (0.022) (0.018) (0.024)

εLR−εSR

εLR
0.35∗∗ 0.34∗∗ 0.34∗∗ 0.34∗∗ 0.34∗∗ 0.33∗∗

(0.019) (0.020) (0.027) (0.025) (0.027) (0.133)

Notes: Panel A of this table reports the total corn acreage elasticities analogous to panel A, column (3) in
table 2 of the article. Panel B of this table reports the nitrogen loss elasticities analogous to column (1) in
table 5 of the article.

∗∗Significant at the 5 percent level.
∗Significant at the 10 percent level.
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Table A3: Elasticity Estimates with Different Specifications of Controls
Quadratic Large and Yield
Precip Small Precip Shock
(1) (2) (3)

Panel A. Corn Acreage Elasticities
Expected Price of Corn

Short-run 0.39∗∗ 0.38∗∗ 0.41∗∗

(0.073) (0.073) (0.094)
Long-run 0.29∗∗ 0.27∗∗ 0.30∗∗

(0.053) (0.054) (0.071)
Expected Price of Soybeans

Short-run -0.30∗∗ -0.28∗∗ -0.30∗∗

(0.080) (0.082) (0.099)
Long-run -0.21∗∗ -0.20∗∗ -0.22∗∗

(0.059) (0.060) (0.073)

εLR−εSR

εLR
-0.37∗∗ -0.38∗∗ -0.38∗∗

(0.040) (0.047) (0.037)
Panel B. Nitrogen Loss Elasticities
Expected Price of Corn

Short-run 0.047∗∗ 0.043∗∗ 0.048∗∗

(0.009) (0.009) (0.014)
Long-run 0.073∗∗ 0.068∗∗ 0.073∗∗

(0.013) (0.013) (0.020)
Expected Price of Soybeans

Short-run -0.031∗∗ -0.028∗∗ -0.034∗∗

(0.009) (0.009) (0.014)
Long-run -0.050∗∗ -0.044∗∗ -0.051∗∗

(0.015) (0.015) (0.020)

εLR−εSR

εLR
0.35∗∗ 0.37∗∗ 0.34∗∗

(0.022) (0.023) (0.039)

Notes: Panel A of this table reports the total corn acreage elasticities analogous to panel A, column (3) in
table 2 of the article. Panel B of this table reports the nitrogen loss elasticities analogous to column (1) in
table 5 of the article.

∗∗Significant at the 5 percent level.
∗Significant at the 10 percent level.

A15



Table A4: Elasticity Estimates with Other Alternative Specifications
Relative Second-order

Logit Price Markov Transitions
(1) (2) (3)

Panel A. Corn Acreage Elasticities
Expected Price of Corn

Short-run 0.40∗ 0.38∗∗ 0.38∗∗

(0.187) (0.083) (0.112)
Long-run 0.29∗ 0.27∗∗ 0.30∗∗

(0.139) (0.062) (0.090)
Expected Price of Soybeans

Short-run -0.30 -0.37∗∗ -0.29∗∗

(0.215) (0.083) (0.126)
Long-run -0.22 -0.26∗∗ -0.23∗∗

(0.159) (0.062) (0.101)

εLR−εSR

εLR
-0.35∗∗ -0.38∗∗ -0.26∗∗

(0.133) (0.067) (0.029)
Panel B. Nitrogen Loss Elasticities
Expected Price of Corn

Short-run 0.050 0.046∗∗ 0.048∗∗

(0.029) (0.012) (0.015)
Long-run 0.078∗ 0.070∗∗ 0.082∗∗

(0.043) (0.017) (0.027)
Expected Price of Soybeans

Short-run -0.034 -0.043∗∗ -0.030∗∗

(0.031) (0.012) (0.017)
Long-run -0.053 -0.064∗∗ -0.054∗

(0.046) (0.016) (0.030)

εLR−εSR

εLR
0.36 0.34∗∗ 0.42∗∗

(0.256) (0.027) (0.022)

Notes: Panel A of this table reports the total corn acreage elasticities analogous to panel A, column (3) in
table 2 of the article. Panel B of this table reports the nitrogen loss elasticities analogous to column (1) in
table 5 of the article.

∗∗Significant at the 5 percent level.
∗Significant at the 10 percent level.
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A6 Robustness Checks for Standard Errors

In table A5, we assess the robustness of our wild bootstrap standard errors by estimating

a linear probability model that includes the lagged dependent variable as a right-hand side

variable—rather than estimating transition probabilities—and we calculate standard errors

using the traditional “sandwich” cluster-robust estimator. We pool the coefficients on prices

and the lagged dependent variable so that we can estimate the standard error of the elas-

ticities with the delta method. The regression includes dummy variables for each MLRA

and interactions between the MLRA dummy variables and each of the other right-hand side

controls, except prices and the lagged dependent variable.1 We cluster by year in column

(1) and cluster by four groups of years (2000-2002, 2003-2005, 2006-2008, and 2009-2010) in

column (2). Standard errors are similar to those reported in the article.

Table A5: Standard Errors of Corn Acreage Elasticities with Pooled Coefficients on Prices
and the Lagged Dependent Variable using the “Sandwich” Cluster-Robust Estimator

Clustered Clustered
by Year by Groups of Years

(1) (2)
Expected Price of Corn

Short-run 0.36∗ 0.36∗∗

(0.103) (0.089)
Long-run 0.23∗ 0.23∗∗

(0.065) (0.057)
Expected Price of Soybeans

Short-run -0.22∗ -0.22∗

(0.115) (0.089)
Long-run -0.14∗ -0.14∗

(0.073) (0.057)

εLR−εSR

εLR
-0.58∗∗ -0.58∗∗

(0.009) (0.015)
∗∗Significant at the 5 percent level.
∗Significant at the 10 percent level.

1Note that estimates in column (3) of table 5 from our pooled estimator in the article are statistically
insignificant because that estimator does not include interactions between all of the spatial regimes and
right-hand side controls.
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A7 Econometric Estimates of CRP Acreage Response

We estimate the following time series regression:

(A1) ln (CRPt) = α0 + α1ln
(
pcb

t

)
+ α2ln

(
pCRP

t

)
+ f (t) + εt,

where ln (CRPt) is the log of total CRP acreage in Iowa, Illinois, and Indiana in year t,

ln
(
pcb

t

)
is the log of the average corn and soybean price index, ln

(
pCRP

t

)
is the log of the

average CRP rental rate, and f (t) is either a linear or quadratic trend.2 We estimate the

regressions using data from 1990 to 2010. The index of corn and soybean prices is calculated

as described in the article except that we do not include an expected basis when calculating

the expected prices since our basis data begins in 1999.

Table A6 shows our regression results. We expect a priori that the elasticity with respect

to corn and soybean prices is negative and with respect to the CRP rental rate is positive. As

a point of comparison, our back-of-the-envelope calculations in the article imply an elasticity

of CRP acreage with respect to the price of corn and soybeans of -0.29. When we omit the

CRP rental rate from the regression (columns 1 and 2), the elasticity with respect to corn

and soybean prices is small or even positive. The elasticity becomes more negative when

we control for the CRP rental rate. However, the coefficient on the CRP rental rate is the

wrong sign, likely due to endogeneity—when CRP enrollment begins to decline the USDA

offers larger rental rates to increase enrollment. None of the coefficients on corn and soybean

prices are statistically significant. Again, we consider these regressions useful to get a sense

of a plausible magnitude for the effect of prices on CRP acreage, but it is beyond the scope

of this article to estimate the causal effect of prices. In general, the regressions indicate a

smaller response to price than used in the article so our article is not likely to underestimate

the effect of CRP acreage conversions in these three states.

2We also estimated regressions with a cubic trend and obtained results between those of the linear and
quadratic trends (results not reported).

A18



Table A6: Regression Estimates of CRP Acreage Response to Prices
(1) (2) (3) (4)

Log of Corn and Soybean 0.06 -0.09 -0.18 -0.31
Price Index (0.159) (0.193) (0.167) (0.189)

Log of Average CRP -1.69∗∗ -1.66∗∗

Rental Rate (0.671) (0.654)

Trend Linear Quadratic Linear Quadratic
Observations 20 20 20 20
Notes: The dependent variable is the log of CRP acreage in Iowa, Illinois and Indiana.

∗∗Significant at the 5 percent level.
∗Significant at the 10 percent level.
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