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A1 Map of Counties included in the Analysis

Figure A1: Counties included in Analysis and Land Resource Regions. Counties shaded
grey are included in the econometric analysis. The orange outlines indicate the boundaries
of Land Resource Regions.
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A2 The Effect of Aggregation on Climate Variables

Fezzi and Bateman (2015) argue that Ricardian models that use aggregate data are biased
because aggregation loses much of the climate variability. They use farm-level data from
Great Britain and decompose the total sum of squares into the sum of squares within coun-
ties and sum of squares between counties. Fezzi and Bateman (2015) find that 37.4% of
the variation in precipitation is within counties and 19.6% of the variation in degree days
with farm-level data is within counties. These simple descriptive statistics indicate that a
substantial portion of the variation is lost when the data are aggregated to the county level
in Great Britain.

To see if such bias may be present in my data, I examine the grid-level (4km×4km)
PRISM data for my study region. In the grid-level data, only 1.6% of the variation in
precipitation is within counties and only 4.0% of the variation in EDDs is within counties
(see table A1). The difference with Fezzi and Bateman (2015) is because Great Britain’s
climate is more variable across short distances than in the Central United States. Therefore,
I expect little bias from using county-level data in the region I analyze in the Central United
States.

Table A1: Within and Between County Sum of Squares as a Percent of Total using Grid-Level
Data

Within Between
Precipitation 1.6% 98.4%
Extreme Degree Days - EDD 4.0% 96.0%
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A3 Calculation of Reference ET

The Penman-Monteith method is widely regarded as the standard method for calculating
reference evapotranspiration, but requires data for minimum and maximum temperature,
solar radiation, vapor pressure, and wind speed. Allen et al. (1998) describe methods of
approximating solar radiation, vapor pressure, and wind speed in the absence of observed
measures. In this section, I describe the calculate of reference ET and give a brief description
of approximations that I use from Allen et al. (1998).

The Penman-Monteith method to estimate reference evapotranspiration ET0 is (Allen
et al. 1998)

ET0 =
0.408∆ (Rn −G) + γ 900

Tavg+273u (es − ea)
∆ + γ (1 + 0.34u) , (A1)

where Rn is net radiation, G is soil heat flux density, Tavg is mean daily air temperature in
Celsius, u is wind speed, es is mean saturation vapor pressure, ea is actual vapor pressure,
∆ is the slope of the vapor pressure curve, and γ is the psychrometric constant.

The soil heat flux for daily calculations of evapotranspiration is small, so I set G = 0
(Allen et al. 1998). I do not have wind speed data, so I assume u = 2 m/s as recommended
by Allen et al. (1998). The psychrometric constant γ is a function of atmospheric pressure,
and thus elevation above sea level. Evapotranspiration is larger at higher altitudes since
there is less atmospheric pressure. The psychrometric constant can be calculated as

γ = 0.000665× 101.3
(293− 0.0065z

293

)5.26
, (A2)

where z is the elevation above sea level in meters. I assume a constant elevation of 400
meters since this has a small impact on ET in the region.

A3.1 Vapor Pressure Deficit

Mean saturation vapor pressure (es) is calculated as the average of saturation vapor pressure
and maximum and minumum temperatures

es = 1
2

[
0.6108 exp

( 17.27Tmax
Tmax + 237.3

)
+ 0.6108 exp

( 17.27Tmin
Tmin + 237.3

)]
. (A3)

Ideally, the actual vapor pressure (ea) would be calculated as the saturation vapor pressure
at the dewpoint temperature or derived from data on relative humidity. In the absence of
this data, Allen et al. (1998) suggest using the minimum temperature as an approximation
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for the dewpoint temperature. Therefore, actual vapor pressure is calculated as

ea = 0.6108 exp
( 17.27Tmin
Tmin + 237.3

)
. (A4)

The vapor pressure deficit(es − ea) is simply the difference between mean saturation vapor
pressure and actual vapor pressure which simplifies to

es − ea = 1
20.6108

[
exp

( 17.27Tmax
Tmax + 237.3

)
− exp

( 17.27Tmin
Tmin + 237.3

)]
. (A5)

The slope of the vapor pressure curve (∆) evaluated at mean temperature is calculated
as

∆ =
4098

[
0.6108 exp

(
17.27Tavg

Tavg+237.3

)]
(Tavg + 237.3)2 . (A6)

A3.2 Radiation

The extraterrestrial radiation (Ra) is a function of the latitude and the time of year and is
calculated as

Ra = 24× 60
π

0.0820dr [ωssin (ϕ) sin (δ) + cos (ϕ) cos (δ) sin (ωs)] (A7)

where ϕ is the latitude measured in radians. Latitude measured in decimal degrees is con-
verted to radians as Radians = π

180decimal degrees. The other parameters needed to calcu-
late Ra are defined as follows:

dr = 1 + 0.033cos
( 2π

365J
)
, (A8)

δ = 0.409sin
( 2π

365J − 1.39
)
, (A9)

and
ωs = arccos (−tan (ϕ) tan (δ)) , (A10)

where J is the number of the day in the year (i.e., 1 to 365 or 366). Given Ra, I can calculate
the clear-sky solar radiation as

Rso =
(
0.75 + 2× 10−5

)
Ra (A11)

Ideally, solar radiation (Rs) would be measured directly or inferred from measures of
relative sunshine duration. In the absence of these measures, I follow Allen et al. (1998) and
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estimate solar radiation as
Rs = 0.16

√
Tmax − TminRa. (A12)

The square root of the temperature difference is a proxy for cloud cover.
Given measures of Rs and Rso, I can estimate the net radiation Rn as the difference

between incoming net shortwave radiation (Rns) and outgoing net longwave radiation (Rnl)

Rn = Rns −Rnl, (A13)

where

Rns = (1− 0.23)Rs (A14)

and

Rnl = 4.903×10−9
[

(Tmax + 273.16)4 + (Tmin + 273.16)4

2

]
(0.34− 0.14√ea)

(
1.35 Rs

Rso

− 0.35
)
.

(A15)
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A4 Alternative Measures of Atmospheric Water Demand and Drought

Lobell et al. (2014) measures atmospheric water demand with vapor pressure deficit (VPD) to
analyze the impacts of water stress on crop yields and include VPD as a separate regressor.
VPD is associated with water stress because it enters as one of the major factors in the
calculation of ET (Allen et al. 1998).1 An advantage of using water deficit instead of VPD is
that water deficit incorporates both precipitation and atmospheric water demand (ET). An
assumption in my regression model is that a change in water deficit has the same impact on
rents whether the change occurs through a change in precipitation or ET, holding constant
measures of heat stress.

I do not use data on the Palmer Drought Severity Index (PDSI), observed soil moisture,
or ET of planted crops because these measures are endogenous across regions. The PDSI
measures the departure of moisture from normal conditions for a given region. Soil moisture
and ET of planted crops depend on the particular crops of a region. Thus, these measures do
not provide a comparable measure of rainfed water availability across regions. For example,
the same amount of precipitation can result in depleted soil moisture in a county planted
to water intensive crops but relatively saturated soil moisture in a county with less water
intensive crops. The value of production, however, may be greater in the county with water
intensive crops even though PDSI and soil moisture would indicate greater drought in this
county for a particular year. I calculate ET demand for a reference crop—which is the
same across all locations—to measure the atmospheric demand for water while avoiding
endogeneity concerns.

1The correlation coefficient between cumulative ET and average VPD is 0.99 across the counties in my
dataset.
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A5 List of Climate Models

Table A2: Climate Models used in Simulations

Modeling Group and Institution Model ID

Commonwealth Scientific and Industrial Research Organization and
Bureau of Meteorology, Australia

ACCESS1-0

Beijing Climate Center, China Meteorological Administration BCC-CSM1-1
College of Global Change and Earth System Science, Beijing Normal
University

BNU-ESM

Canadian Centre for Climate Modelling and Analysis CanESM2
National Center for Atmospheric Research CCSM4
Community Earth System Model Contributors CESM1-BGC
Centre National de Recherches Météorologiques/Centre Européen de
Recherche et Formation Avancée en Calcul Scientifique

CNRM-CM5

Commonwealth Scientific and Industrial Research Organization,
Queensland Climate Change Centre of Excellence

CSIRO-Mk3-6-0

Institute for Numerical Mathematics INM-CM4
Institut Pierre-Simon Laplace IPSL-CM5A-LR
Institut Pierre-Simon Laplace IPSL-CM5A-MR
Japan Agency for Marine-Earth Science and Technology, Atmosphere
and Ocean Research Institute (The University of Tokyo), and
National Institute for Environmental Studies

MIROC-ESM

Japan Agency for Marine-Earth Science and Technology, Atmosphere
and Ocean Research Institute (The University of Tokyo), and
National Institute for Environmental Studies

MIROC-ESM-CHEM

Atmosphere and Ocean Research Institute (The University of Tokyo),
National Institute for Environmental Studies, and Japan Agency for
Marine-Earth Science and Technology

MIROC5

Max-Planck-Institut für Meteorologie (Max Planck Institute for
Meteorology)

MPI-ESM-LR

Max-Planck-Institut für Meteorologie (Max Planck Institute for
Meteorology)

MPI-ESM-MR

Meteorological Research Institute MRI-CGCM3
Norwegian Climate Centre NorESM1-M
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A6 Measurement Error

To illustrate the argument that measurement error is a smaller concern for studies that use
average weather, I consider a simple bivariate model that abstracts from omitted variable
bias concerns. Consider a model of yield in county i and year t (denoted as yit) as a linear
function of true “weather” (denoted as x∗

it)

yit = α + βx∗
it + ηit.

However, the measure of weather that we observe is the true weather plus some random noise,
xit = x∗

it + uit. Regressing yit on xit results in attenuation bias due to classical measurement
error. Adding fixed effects increases the attenuation bias because fixed effects exploit less
variation in weather (e.g., see Griliches and Hausman 1986). If I aggregate the data across
time to study the impact of average weather on average yield—which is analogous to my
regression of rent on average weather—then the regression becomes

ȳi = α + βx̄i − βūi + η̄i.

The measurement error of average weather (i.e., ūi) is small according to the results of
Auffhammer et al. (2013), so attenuation from measurement error is not a concern in cross-
sectional studies.
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A7 Irrigation Map

Figure A2: Proportion of Cropland used for Crops that is Irrigated (2012)

A8 Further Details on Post-Double-Selection Method

I use a variant of LASSO developed by Belloni et al. (2012) that is valid for non-Gaussian,
heteroskedastic errors.

The key assumption for the post-double-selection method is approximate sparsity. Ap-
proximate sparsity states that a small number of soil controls predict the dependent variable
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and the climate variables with small approximation errors. In other words, I assume that
a few soil characteristics can be selected to predict most of the variation that would be
explained by the full set of potential soil controls. Another way to state the assumption is
that a few soil controls have coefficients substantially different from zero and most of the soil
controls have coefficients near zero.

Intuitively, the post-double-selection method alleviates omitted variable bias because it
selects soil controls that are high correlated with either the dependent variable or the right-
hand side variables of key interest. From the omitted variable bias formula it is straightfor-
ward to see that an omitted variable can result in a large bias if it is highly correlated with
the right-hand variable of interest even if it is weakly related with the dependent variable,
and vice versa.

I consider 87 potential soil controls. These controls are constructed from nonlinear trans-
formations of the variables included in my preferred specification and the following additional
soil characteristics: organic matter, sodium adsorption ratio (SAR), gypsum, cation exchange
capacity (CEC), saturated hydraulic conductivity (Ksat), share of soil with clay particles,
share of soil with silt particles, rootzone depth, proportion of cropland in four separate hy-
drologic groups, and proportion of cropland in five separate soil texture classifications. For
strictly positive variables, I consider the following transformations: x,

√
x, x2, ln(x), and

ln(x)2. I do not consider log transformations for variables that include zero.
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A9 Precipitation and Water Holding Capacity Maps

Figure A3: Average Growing Season Precipitation (inches)
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Figure A4: Average Soil Water Holding Capacity (inches) on Cropland
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A10 Data Exploration of Climate Projections

The ensemble average of the climate projections indicates that maximum temperature is
expected to increase by 2.5◦C (4.5◦F) and minimum temperature is expected to increase by
2.1◦C (3.8◦F) on average across my study region in the RCP 4.5 scenario.2 Figure A5 shows
the projected change in each climate variable averaged across all counties in my sample for
the 18 different climate models under RCP 4.5. The ensemble average is also plotted and
denoted with a red “A.” The ensemble average indicates that water deficit is expected to
increase by 2.4 inches, but there is a wide dispersion of estimates across climate models.
Two models indicate small reductions in water deficit and one model indicates an increase
in water deficit of 6.1 inches. The ensemble average indicates water surplus is expected
to increase 0.1 inches with several climate models indicating reductions in water surplus.
Not surprisingly, all climate models indicate GDDs and EDDs will increase. The ensemble
average indicates that GDDs are expected to increase by 3.2 hundred degree days and EDDs
are expected to increase by 19.4 degree days. The increase in EDDs is especially noteworthy
since the average EDDs in the sample is only 7.4. There is also a substantial amount of
uncertainty about the average increase in EDDs across models with estimates ranging from
6.1 to 39.4.

Figure A5 also indicates the relationship between the changes in different climate variables
across models. Models that indicate a larger water deficit in the future also indicate less
water surplus in the future. Climate models that indicate a larger water deficit indicate
larger increases in EDDs.

There is also substantial variation in projected changes in climate variables across counties
(figure A6). Water deficit is projected to increase by 1-2 inches in the eastern Corn Belt
and 3-4 inches in the central Great Plains. Water surplus is expected to change little in the
Great Plains and western Corn Belt. Most of the increase in water surplus is expected to
occur in the eastern Corn Belt and Mississippi Delta region. These projections are consistent
with the “dry gets drier, wet gets wetter” paradigm (Held and Soden 2006). The largest
increase in GDDs occurs in the northern Corn Belt. The largest increase in EDDs occurs in
the southern Plains where current EDDs are already the largest.

2To confirm that I constructed the data on climate scenarios correctly, I compared these changes in
temperature to those reported by Alder and Hostetler (2013) for the ensemble average across models. Alder
and Hostetler (2013) indicate that across the contiguous United States in 2050, maximum temperature is
expected to increase 2.3◦C (4.2◦F) under RCP 4.5.
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Figure A5: Variation in Projected Climate Change across Models under RCP 4.5
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Figure A6: Spatial Distribution of Projected Climate Change under RCP 4.5 (Ensemble
Average)

(a) Change in Water Deficit (b) Change in Water Surplus

(c) Change in Hundreds of Growing Degree Days (d) Change in Extreme Degree Days
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Figure A7: Spatial Distribution of Projected Change in Precipitation under RCP 4.5 (En-
semble Average)
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A11 Results from Alternative Specifications

Table A3: Relative Change in Rents through each Source when Including Additional Controls
for Subsidies, Ethanol Production, and Urban Influence

Total -0.33**
(0.024)

Water Deficit -0.11**
(0.030)

Water Surplus -0.01**
(0.002)

Heat Stress -0.24**
(0.041)

Note. Standard errors in parentheses.
* p<0.10.
** p<0.05.
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Table A4: Coefficients and Standard Errors from a Spatial Error Model with Heteroskedastic
Disturbances

Coefficients
Water Deficit -0.048**

(0.008)
Water Surplus -0.151**

(0.024)
GDD Spline 1 0.285**

(0.025)
GDD Spline 2 -0.308**

(0.035)
EDD Spline 1 -0.120**

(0.018)
EDD Spline 2 0.361**

(0.050)
SOC -0.004

(0.003)
Bulk Density -0.079

(0.240)
EC -0.013

(0.025)
pH Less than 6 -0.150**

(0.066)
pH Greater than 7.5 0.249**

(0.072)
Log of Slope -0.136**

(0.023)
Constant 0.801

(0.548)
Coefficient on Spatial Error 3.888**

(0.631)
Observations 942
Note. Standard errors in parentheses.
* p<0.10.
** p<0.05.
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Figure A8: Irrigated Cash Rental Rates in 2013
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Figure A9: Irrigated cash rental rates and climate variables. The solid lines show the
predicted rental rate, the shaded areas shows the 95% confidence interval of the prediction,
and the gray circles plot the observed data.
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Figure A10: Spatial distribution of relative change in irrigated rent due to climate change
(RCP 4.5)
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Table A5: Estimates of Relative Change in Rents through each Source in Alternative Spec-
ifications

Post- Omit Off-Season Deficit-EDD
Double-Selection Winter Wheat Water Interaction

Total -0.29** -0.35** -0.35** -0.36**
(0.032) (0.055) (0.035) (0.045)

Water Deficit -0.12** -0.10** -0.15** -0.14**
(0.017) (0.029) (0.013) (0.022)

Water Surplus -0.01** -0.01** -0.01** -0.01**
(0.002) (0.002) (0.003) (0.003)

Heat Stress -0.19** -0.28** -0.23** -0.28**
(0.036) (0.066) (0.045) (0.070)

Note. Standard errors in parentheses.
* p<0.10.
** p<0.05.
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Figure A11: Winter Wheat Acreage as a Proportion of Total Cropland Area
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Table A6: Estimates of Relative Change in Rents through each Source with Different Years
of Rent Data

2012 Data 2011 Data 2010 Data 2009 Data
Total -0.33** -0.33** -0.33** -0.29**

(0.036) (0.032) (0.032) (0.042)
Water Deficit -0.11** -0.09** -0.08** -0.10**

(0.032) (0.030) (0.028) (0.020)
Water Surplus -0.01** -0.01** -0.01** -0.01**

(0.003) (0.002) (0.003) (0.003)
Heat Stress -0.25** -0.26** -0.26** -0.21**

(0.060) (0.052) (0.048) (0.056)
Note. Standard errors in parentheses.
* p<0.10.
** p<0.05.

Table A7: Estimates of Relative Change in Rents through each Source with Different Tem-
perature Thresholds for Calculating EDDs

30◦C 31◦C 32◦C 33◦C 35◦C 36◦C
Total -0.40** -0.40** -0.39** -0.37** -0.29** -0.24**

(0.048) (0.042) (0.037) (0.035) (0.038) (0.043)
Water Deficit -0.09** -0.09** -0.10** -0.11** -0.13** -0.13**

(0.033) (0.033) (0.032) (0.032) (0.031) (0.031)
Water Surplus -0.01** -0.01** -0.01** -0.01** -0.01** -0.01**

(0.002) (0.002) (0.002) (0.002) (0.003) (0.003)
Heat Stress -0.34** -0.33** -0.32** -0.28** -0.18** -0.12**

(0.069) (0.063) (0.059) (0.057) (0.054) (0.056)
Note. Standard errors in parentheses.
* p<0.10.
** p<0.05.
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Table A8: Estimates of Relative Change in Rents with Heterogeneous Coefficients on Climate
Variables

Total -0.33**
(0.062)

Water Deficit -0.14**
(0.016)

Water Surplus -0.01**
(0.003)

Heat Stress -0.21**
(0.079)

Note. Standard errors in parentheses.
* p<0.10.
** p<0.05.
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Figure A12: Spatial distribution of relative change in rent with heterogeneous coefficients
on climate variables
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