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Abstract

Understanding agricultural adaptation to the changing climate is critical to evaluating the im-
pact of climate change on agriculture. Variation in natural resource endowments, farming prac-
tices, and many other factors across counties in the United States suggests large heterogeneity in
agricultural adaptation. By using a semi-parametric approach that allows county-speci�c coe�-
cients for climate variables, this paper examines the spatial heterogeneity in the responsiveness
and adaptation of U.S. agriculture to climate change. We also i) construct county-speci�c adap-
tation indices of corn, soybeans, and cotton to four climate variables (namely, normal growing
degree days (GDD), overheating GDD, normal precipitation, and low precipitation); and ii) as-
sociate these four adaptation indices to crop insurance prevalence, genetically engineered (GE)
crop adoption, cover crop adoption, and land quality. We �nd that large heterogeneity ex-
ists in agricultural adaptation across U.S. counties, with the Corn Belt showing adaptation to
overheating GDD but maladaptation (i.e., �negative adaptation�) to normal GDD. Results for
Southeastern counties are largely opposite to those of the Midwest. We also �nd that the neg-
ative impact of future climate change on crop yields projected by models without considering
spatial heterogeneity in adaptation ranges from 1.5 to 7.5 times higher than that predicted by
our preferred models that explicitly consider the spatial heterogeneity in adaptation. Finally,
we �nd that, in general, crop insurance prevalence is negatively associated to agricultural adap-
tation whereas GE crop adoption, cover crops, and land quality are positively associated to
adaptation.
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1 Introduction

The changing climate has been posing increasing threat on agricultural production as extreme

weather events such as extreme heat and drought are happening more frequently (Semenov

& Shewry, 2011; Rahmstorf & Coumou, 2011; Field et al., 2012; Gourdji et al., 2013; Trnka

et al., 2014). Adaptation of agriculture to climate change re�ects the change of responsiveness

to climate over time, and therefore understanding the adaptation is critical to evaluating the

impact of climate change on agriculture. Existing studies have examined whether or to what

extent adaptation to climate change occurs (e.g., Burke & Emerick, 2016; Blanc & Schlenker,

2017; Chen & Gong, 2021; Mérel & Gammans, 2021; Yu et al., 2021; Moscona & Sastry,

2021). However, most of these studies admit a strict assumption that the magnitude of

agricultural adaptation to climate change remains the same across space. In reality, farmers

at di�erent locations may face heterogeneous local natural resource endowments such as soil

quality, and may employ di�erent farming practices. This di�erence may prompt farmers

to choose adaptation strategies that are suited to the speci�c environment they face, and

therefore results in di�erent adaptation outcome. Failure to account for spatial heterogeneity

in adaptation would likely result in poor evaluations of the magnitude of adaptation and

thereby the impact of climate e�ect on agriculture.

In this paper we quantify spatial heterogeneity in the responsiveness and adaptation of

U.S. agriculture to climate change. We explicitly allow the responsiveness and adaptation of

crop yields to climate variables to vary across space, thereby taking into account potential

local e�ect of farmers' adaptation strategy and capability. A few prior studies have doc-

umented that weather e�ect on agriculture production varies across space (e.g., Butler &

Huybers, 2013; Malikov et al., 2020; Keane & Neal, 2020). For example, based on a quantile

regression approach, Malikov et al. (2020) show that compared to low-yielding counties (i.e.,

lower yield quantiles), high-yielding counties (i.e., higher yield quantiles) are less sensitive to

normal temperature, overheating temperature, and precipitation. Keane & Neal (2020) �nd

that corn yield is more sensitive to overheating temperature in the cooler northern states.

However, to the best of our knowledge, none of existing studies have explicitly investigated
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spatial heterogeneity in agricultural adaptation to climate change. This is an important gap

because the estimation of climate change impact and the estimation of adaptation may be

biased if the heterogeneity of the responsiveness and adaptation across counties is ignored.

Our paper aims to �ll this gap.

Local geographical and socioeconomic context gives rise to spatial heterogeneity in the

prevalence and in the magnitude of adaptation to climate change. For example, soil organic

carbon losses due to cultivation di�er, depending on climate zone, land conversion type,

and moisture regime (Guo & Gi�ord, 2002; Ogle et al., 2005; Don et al., 2011). Therefore,

cultivation history in di�erent regions has made soil quality experience di�erent structural

and chemical changes (Lal, 2018). Technological opportunities and management strategies

vary across space as well. Farmers in local settings with di�erent land quality and other

geographical characteristics would adopt corresponding �eld management practices, e.g.,

application of fertilizers or irrigation, use of improved seeds, as well as employment of rotation

and tillage types. In addition, farmers' perceptions of how severe a changing climate varies

across space. Some locations experienced extreme weather in an earlier period, e.g., extreme

heat, which makes people pay attention to the warming �signal�, or �lled with better educated

farmers (Burke & Emerick, 2016). Farmers in these locations may realize that the climate was

changing and are more willing to take adaptation measures to combat against climate change

compared to other locations. Other heterogeneous socioeconomic context such as institutions

and regulations also play a role in in�uencing farmer's adoption of adaptation strategy across

regions (World Bank, 2008; Bogdanski, 2012; Scherr et al., 2012). For example, farmers in

locations with rewarding agricultural policies or less unconstrained �nancial opportunities

are more willing to adopt climate-smart agricultural practices (Giller et al., 2009; Adenle

et al., 2015).

In the literature on climate change economics, a general consensus is that the cross-

sectional models su�er from the omitted variable bias whereas the �xed e�ects models that

use annual weather data only re�ect the responsiveness of crop yields to annual weather

variation instead of long-run climate change (Burke & Emerick, 2016; Blanc & Schlenker,

2



2017; Chen & Gong, 2021). Burke and Emerick (2016) propose a long di�erences approach

which not only mitigates omitted variable bias but also identi�es long-run climate change

e�ect. However, it implicitly assumes that the responsiveness of crop yields to climate is

constant over time and space. Yu et al. (2021) extend the long di�erences approach by allow-

ing responsiveness of crop yields to climate to vary over time. Their �exible long di�erences

approach accounts for the potential adaptations over time although they still assume that

adaptations would be the same across space. Our paper addresses these limitations of the

long di�erences approach and �exible long di�erences approach, and seeks to deepen our

understanding of the adaptation of U.S. agriculture to the changing climate.

To identify the spatially-varying responsiveness and adaptation of crop yields to climate

change, we employ a semi-parametric model that allows for county-speci�c coe�cients for

climate variables while accounting for spatial heterogeneity across counties. Built on long

di�erence model by Burke and Emerick (2016) and �exible long di�erence model by Yu et al.

(2021), our model incorporates spatial information of a county in a semi-parametric fashion.

Speci�cally, we let the responsiveness and adaptation of crop yields to climate change be

nonparametric functions of the county's geographic information (i.e., latitude and longitude

of centroid), and then approximate these unknown functional coe�cients using the local-

constant kernel �tting method (Hollander et al., 2013). We calculate the responsiveness of

crop yields to climate change for each county as the spatially weighted averages of the yield-

climate relationships for counties in the nearby locations, counties that are more spatially

proximate are assigned to larger weights. Our approach implies that counties that are close

by experience similar climatic conditions, economic and social environment, therefore expe-

riencing similar responsiveness and adaptation to climate change and that these similarity

would decrease with distance.

The location-speci�c coe�cients in our model are meant to capture unobserved and ob-

served local factors (such as soil quality, institutions, regulations, practices) that are im-

portant for in�uencing the e�ect of climate on agricultural productivity. To explore spatial

heterogeneity in the agricultural-yield relationship, one of conventional approach is to split

3



the sample and estimate the model for each location separately (e.g., Butler & Huybers,

2013). However, using this method usually ends up with few observations (e.g., only one

observation for each location in our case) and su�ers from the small sample biases. The local-

constant kernel method we use can avoid this small sample bias by averaging over nearby

locations to approximate coe�cients for each location. The other conventional approach

typically controls for the space heterogeneity by including space dummy into the regression,

but it only captures the heterogeneity in the intercept term, while assuming that agriculture-

climate relationship is �xed across space. Our method is more general than this conventional

approach because we allow both the intercept term and climate-agriculture relationship to

vary across space.

Our analysis is based on county-level crop yields for corn, soybean, and cotton and climate

data in the rainfed region of the United States during the 1958-2019 period. Results from

the data-driven cross-validation and goodness-of-�t test reject the conventional location-

invariant speci�cations across an array of models (i.e., �xed e�ects models as in Schlenker

and Roberts (2009), long di�erence models as in Burke and Emerick (2016), and �exible

long di�erence models as in Yu et al. (2021)), indicating that our spatial-varying coe�cient

model is preferred to the spatial-invariant alternatives. We �nd that responsiveness and

adaptation of crop yields to climate change vary signi�cantly across space. Speci�cally,

on one hand, over 1958-2019, maladaptation to normal GDD results in average reduction

in corn, soybean, and cotton yields by 60.78%, 53.4%, and 51.56%, respectively, relative

to corn yield over 1958-1962. Changes in crop yields due to adaptation to normal GDD

span a wide range, for example, for corn yields, 25th and 75th percentile of these changes

range from �79.46% to 259.49%. Most parts of the Corn Belt show maladaptation to normal

GDD in the past decades, whereas south regions especially Tennessee, Kentucky, Mississippi,

and Alabama exhibit adaptation to normal GDD. The largest decline in soybean yields

due to maladaptation to normal GDD also take place in the Midwestern regions especially

Minnesota, Iowa, Nebraska and South Dakota. Regions surrounding Arkansas experience

decrease in cotton yields associated with maladaptation to normal GDD. On the other hand,
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adaptation to overheating GDD increases corn, soybean, and cotton yields on average by

17.68%, 10.49% and 3.12%, respectively, indicating that these three crops are more heat-

resistant over time. Most rain-fed regions experienced adaptation to overheating GDD for

corn, soybean, and cotton yields. For corn yields, these large adaptation to overheating

GDD occurred in the Midwestern and the Southeastern regions. For soybean yields, the

southern region including Kansas, Mississippi, and Arkansas show large increase in yields

due to adaptation to overheating GDD. Finally, the Southern regions document increase in

cotton yields associated with adaptation to overheating GDD.

For precipitation, we �nd that corn and soybean yields are less sensitive to drought con-

dition while cotton are becoming more vulnerable to water de�ciency. Speci�cally, for corn

yields, most Midwestern and Southeastern regions show positive adaptation to drought con-

dition. For soybean yields, most Midwestern region bene�ts from adaptation to drought

condition. For cotton yields, we �nd that many Southern regions su�ered from maladap-

tation to drought condition. We do not �nd signi�cant evidence in support of adaptation

or maladaptation to normal precipitation for the three crops. Overall, considering both

drought and normal precipitation condition, average change in crop yields due to adaptation

to precipitation in the past decades is small and not statistically signi�cant in most counties

for the three crops.

Taking into account both temperature and precipitation, we �nd that overall, during

1958-2019, all the three crops show maladaptation to climate change, resulting in a average

decline in corn, soybean, and cotton yields by 54.77%, 51.11% and 48.05%, respectively,

relative to corn yield over 1958-1962. For corn yields, most parts of the Corn Belt region

show maladaptation to climate change in the past decades, whereas south regions exhibit

aggregated adaptation to climate change. For soybean and cotton yields, most rain-fed

regions su�ered from aggregated maladaptation to climate change, with the midwestern

regions for soybean and southwest regions for cotton su�ering the most.

We further explore potential factors that are associated with local adaptation or maladap-

tation to climate change. We �nd that adoption of genetically modi�ed (GM) crops increases
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crop yields especially under normal temperature but cannot help crop bu�er against extreme

heat stress. Overall, one percentage point increase in GM crop adoption rate is associated

with an increase in adaptation to climate change by 8.18% for corn yields, 21.78% for soybean

yields, and 26.75% for cotton yields, respectively. Cover crop is positively associated with

adaptation of corn and soybeans to normal temperature, but has not associated with cotton

adaptation. Consistent with prior studies (e.g., Annan & Schlenker, 2015; Chemeris & Ker,

2019; Connor & Katchova, 2020), we also �nd that crop insurance is negatively associated

with adaptation to climate change for all three types of crops, with one unit increase in in-

surance liability per acre (in thousand dollars) being associated with decrease in adaptation

to climate change by 0.75% for corn yields, 1.34% for soybean yields, and 0.36% for cotton

yields, respectively.

Finally, we project that future climate change by 2050 will result in a signi�cant median

decrease in crop yields except cotton, i.e., by 7.39% to 28.14% for corn yields, by 14.18%

to 48.44% for soybean yields, compared to 2015-2019 period, depending on the global cli-

mate model and warming scenario. Compared to the projection estimates from other long

di�erences models which fail to consider adaptation or spatial heterogeneity in adaptation,

our model tends to project a smaller magnitude of yield decline in the future, suggesting the

importance of taking into account the local agricultural adaptation when evaluating climate

change impact on agriculture. We also document signi�cant spatial heterogeneity in the

future impact of climate change. For corn yields, some Midwestern counties and Southern

counties show sharp declines in corn yields by 2050 due to future climate changes, whereas

part of the Corn Belt will expect to see the opposite. For soybean yields, the largest de-

cline is to occur in the regions around Illinois and Indiana, whereas Minnesota would see an

increase in soybean yields. For cotton yields, we also document a huge di�erence in future

yields across the region, with southeast regions such as Georgia showing a declines in yields

whereas the southern regions showing an increase in yields.

The contributions of the paper are three-fold. First, it expands the frontier of the liter-

ature on climate change economics by explicitly modeling spatial heterogeneity when mea-
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suring responsiveness and adaptation of U.S. agriculture to climate change. We relax the

space-invariance assumption of existing long di�erences approaches which are attracting

much attention from economists in the realm of climate change (e.g., Burke & Emerick,

2016; Cui, 2020; Chen & Gong, 2021; Yu et al., 2021). Our approach are more general and

realistic in a sense that it captures both unobserved and observed local factors that asso-

ciated with in�uencing the e�ect of climate on agricultural production. Second, innovation

plays an important role in agricultural production (e.g., Griliches, 1957; Hayami & Ruttan,

1970; Olmstead & Rhode, 2011), and it has been considered as a vital element of adaptation

to climate change (Stern & Stern, 2007; Reidsma et al., 2010; Moscona & Sastry, 2021).

This paper contributes to a broader literature on crop innovation by associating agricultural

innovation (e.g., GM crops) with adaptation to climate change. Third, based on our estima-

tion results, we further investigate the role of crop insurance, land quality, and cover crops

in determining local agricultural adaptation, relating agricultural adaptation to technology,

policy, and farm practice (e.g., Annan & Schlenker, 2015; Chemeris & Ker, 2019; Connor

& Katchova, 2020; Goodwin & Piggott, 2020; Lee et al., 2021). The analysis sheds light

on potential channels through which agricultural adaptation may occur, and the research

outcomes are of importance to quantifying the agricultural adaptation to climate change and

contribute to the debate about the impact of climate change on agriculture.

The rest of paper is organized as follows. Section 2 introduces the methodology and

estimation strategy we use to explicitly model spatial heterogeneity in the yield-climate

relationship. Section 3 discusses empirical results about the responsiveness and adaptation

to climate change across space. Section 4 provides a post-regression analysis investigating

factors associated with local agricultural adaptation to climate change. Section 5 reports

projection of future climate change on crop yields. Section 6 concludes.

7



2 Methodology

The conventional formulation of the relationship between agricultural outcome yit (e.g., the

logarithm of crop yield in our paper) and weather variables zit in county i in year t is

yit = α + βzit + µi + εit ∀ i = 1, . . . , n; t = 1, . . . , T, (2.1)

where α is the intercept term, β is a vector of coe�cients measuring the responsiveness

of agricultural outcome to weather, µi capture unobservable county �xed e�ect (e.g., ge-

ographical characteristics), and εit is the error term. Although the �xed e�ects estimator

mitigates the omitted variable bias by controlling for county �xed e�ects, it only re�ects the

responsiveness of crop yields to annual weather variation instead of long-run climate change.

The long di�erences approach proposed by Burke and Emerick (2016) is designed to estimate

long-run climate change e�ects. Splitting the sample period t = 1, . . . , T into a �nite number

of mutually exclusive subperiods τ = {a, b, c, . . . }, averaging equation(2.1) over all years in

a subperiod τ , we obtain:

yiτ = α + βziτ + µi + εiτ , ∀ i = 1, . . . , n; τ = a, b, c, . . . , (2.2)

where yiτ measures the average logarithm of crop yield in county i in a subperiod τ , ziτ

measures the average weather variables in county i in a subperiod τ , and εiτ is the average

error term. Taking a di�erence between two such non-adjacent subperiods, say a and c,

yields the following �long-di�erenced� relationship:

∆yi(a,c) = β∆zi(a,c) + ∆εi(a,c), ∀ i = 1, . . . , n, (2.3)

where ∆yi(a,c) = yia − yic, ∆zi(a,c) = zia − zic, and ∆εi(a,c) = εia − εic. Equation (2.3)

indicates that intercept and responsiveness of crop yield to climate change are both spatial-

and-temporal invariant.
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Yu et al. (2021) develop a �exible long di�erences approach by relaxing the assumption

of long di�erences approach that the responsiveness of crop yields to climate is constant over

time. Speci�cally, they let intercept and responsiveness of crop yields to climate vary over

the two periods a and c, so the �exible �long-di�erenced� relationship is:

∆yi(a,c) = αa − αc + βazia − βczic + εia − εic

= α∗(a,c) + βa∆zi(a,c) +
[
βa − βc

]︸ ︷︷ ︸
β∗

(a,c)

zic + ∆εi(a,c), ∀ i = 1, . . . , n,

(2.4)

where α∗(a,c) = αa − αc, β∗(a,c) = βa − βc, ∆εi(a,c) = εia − εic, βa and βc measures the e�ect

of climate change on crop yield in the period a and c, respectively, α∗(a,c) and β∗(a,c) measures

the di�erence of intercept term and climate e�ects between period a and c. Equation (2.4)

indicates that intercept and responsiveness of crop yield to climate change are temporally-

varying but spatially invariant.

We extend the �exible long di�erences approach by allowing the responsiveness of crop

yields to climate to vary over space. Speci�cally, we let all parameters in equation be

location-speci�c and model them as unknown (but smooth) functions of the (time-invariant)

location of county i, which is denoted as si:

∆yi(a,c) = α∗(a,c)(si) + βa(si)∆zi(a,c) +
[
βa(si)− βc(si)

]︸ ︷︷ ︸
β∗

(a,c)(si)

zic + ∆εi(a,c). ∀ i = 1, . . . , n,

(2.5)

Our model in (2.5) is a spatial-and-temporal-varying generalization of long-di�erences

model proposed by Burke & Emerick (2016) and the �exible long-di�erences model proposed

by Yu et al. (2021) and it allows the responsiveness of crop yield to climate change to be

spatial-and-temporal-varying. Our model is more general and includes three special cases as

follows: (i) When ατ (si) = α and βτ (si) = β for all τ = {a, c} and si, our model in (2.5) is

equivalent to the standard �long-di�erences� model in equation (2.3) a là Burke & Emerick
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(2016), where responsiveness of crop yield to climate change is both spatial-and-temporal

invariant; (ii) When ατ (si) = α(si) and βτ (si) = β(si) for all τ = {a, c}, our model in (2.5)

is equivalent to a spatial-varying coe�cient version of the standard �long-di�erences� model:

∆yi(a,c) = β(si)∆zi(a,c) + ∆εi(a,c), where responsiveness of crop yield to climate change is

spatial-varying but temporal-invariant; (iii) When ατ (si) = ατ and βτ (si) = βτ for all si,

model in (2.5) is equivalent to a time-varying generalization of the standard �long-di�erences�

model in equation (2.3) a là Yu et al. (2021), where responsiveness of crop yield to climate

change is temporal-varying but spatial-invariant. Our approach can be also applied to �xed

e�ect panel estimator.1

2.1 Semiparametric Estimation

We estimate semiparametric spatial-varying model (2.5) via local least squares. More con-

cretely, we employ local-constant kernel �tting method (Hollander et al., 2013). Suppose

locations s = (s1, ..., si, ..., sn) and let the unknown α∗(a,c)(si), βa(si), and β∗(a,c)(si) be some

nonparametric functions of locations s, denoted respectively as α∗(a,c)(s), βa(s), and β∗(a,c)(s).

Assume that these coe�cient functions are smooth and twice continuously di�erentiable

in the neighborhood of si = s, we can locally approximate unknown α∗(a,c)(si) around s via

α∗(a,c)(si) ≈ α∗(a,c)(s) at points si close to s. Similarly, βa(si) ≈ βa(s) and β∗(a,c)(si) ≈ β∗(a,c)(s).

Therefore, for locations si in the neighborhood of s, we can approximate (2.5) by

∆yi(a,c) ≈ α∗(a,c)(s) + βa(s)∆zi(a,c) + β∗(a,c)(s)zic + ∆εi(a,c) ∀ i = 1, . . . , n, (2.6)

We estimate equation (2.5) via locally weighted linear least squares. The corresponding
1Consider the spatially-varying relationship between yield and weather:yit = α(si) + β(si)zit + µi + εit. We �rst
take the time average of the regression: yi· = α(si) + β(si)zi· + µi + εi·, where yi· is the time average of yit, with
all other �bar� variables de�ned analogously. Subtracting these two equations, we obtain the within-transformed
model: ỹit = β(si)z̃it+ ε̃it, where ỹit ≡ yit−yi· is the deviation from the time average, with all other �tilde� variables
de�ned analogously.
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kernel estimator is

Θ̂(s) = arg min
Θ(s)

∑
i

∑
t

K(H−1(si − s))
(

∆yi(a,c) − α∗(a,c)(s)− βa(s)∆zi(a,c) − β∗(a,c)(s)zic

)2

,

(2.7)

where Θ(s) = [α∗(a,c)(s), βa(s), β
∗
(a,c)(s)]

′, K(H−1(si − s)) = K(
si,lon−slon

hlon
) × K(

si,lat−slat
hlat

) is a

(product) kernel that weights each observation on the basis of proximity of its si values to

s, with K denoting kernel weight function, slon and slat standing for longitude and latitude

of location s, hlon and hlat being the bandwidth for longitude and latitude, respectively.

Bandwidths hlon and hlat control the degree of smoothing/weighting and go to 0 as n goes

to in�nity. The kernel weight function is non-negative, symmetric and integrates to 1. We

employ a commonly used second-order Gaussian kernel in this paper.

Inference. Due to the presence of semi-parametric components, it is not simple to compute

the asymptotic variance of the estimators, so we employ Efron (1982)â��s bias-corrected

bootstrap percentile con�dence intervals for statistical inference. To account for the fact

that counties within a certain area would share some common climate characteristics, we

approximate sampling distributions of the estimators via wild residual block bootstrap that

allows for spatial clustering across counties that belong to the same geographic or climatic

region (Mammen, 1993). Following Malikov et al. (2020), we employ climate divisions which

are de�ned by the U.S. National Oceanic and Atmospheric Administration. We set the

number of bootstrap iterations as 999.

Testing of Spatial Invariance. Spatial-invariant coe�cient model (2.4) is a nested spe-

cial case of our semiparametric spatially varying model (2.5). To formally test if our

model descends to the �xed coe�cient alternative, we employ Ullah's (1985) nonparametric

goodness-of-�t test, which is based on the comparison of restricted parametric model(null)

and the unrestricted semiparametric model. Speci�cally, residual-based test statistic is

Tn = (RSS0 − RSS1)/RSS1, where RSS0 =
∑

i

∑
t(∆̃εi(a,c))

2 and RSS1 =
∑

i

∑
t(∆̂εi(a,c))

2

are the sum of squared residual under the (restricted parametric) null ∆̃εi(a,c) and the (unre-

stricted semiparametric) alternative ∆̂εi(a,c), respectively. We approximate the null distribu-
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tion of Tn by employing bootstrap procedure as we discussed above, except that we resample

residuals from the restricted parametric model i.e., the null.

3 Empirical Application

Using our spatial-varying long di�erences model and semi-parametric estimation methodol-

ogy, we explore the spatial heterogeneity in the agricultural adaptation to climate change.

We �rst report county-speci�c estimates of responsiveness and adaptation of crop yields to

climate change, then we provide impact of future climate change on yield production. Lastly,

we explore potential factors that are associated with the local adaptation to climate change.

3.1 Data

Our county-year level yields for corn, soybean, and cotton over 1958-2019 come from United

States Department of Agriculture (USDA)'s National Agricultural Statistics Service (NASS).

We only focus on the rainfed counties which are east of the 100th Meridian due to the fact

that (1) yield productions in the west counties are heavily in�uenced by subsidized irrigation

systems and (2) rainfed counties account for majority of production of these three crops in

the United States (about 93% of corn, 99% of soybeans and 85% cottons production) (Burke

& Emerick, 2016). We exclude the counties which produce crop for less than two years,

our �nal sample data includes 1534 counties for corn, 1042 counties for soybeans, and 235

counties for cottons. We obtain longitude and latitude of county centroid from United States

Census Bureau. We report the summary statistics of these variables in Table A1.

Our historical weather data come from Schlenker & Roberts (2009), which consist of daily

total precipitation and maximum and minimum temperatures for 4 km grid cells covering

the entire United States over the period 1958-2019. Following the convention in the climate

literature (e.g., Schlenker & Roberts, 2009; Burke & Emerick, 2016; Malikov et al., 2020;

Yu et al., 2021), we use growing degree days (GDD) to capture the nonlinear relationship

between temperature and crop yield. Daily GDD is a measurement of time that crops are
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exposed to temperature between lower and upper thresholds during a speci�c day, then the

annual GDD over the entire growing season is de�ned as the accumulation of daily GDD

over the growing season. Schlenker & Roberts (2009) �nd that temperature over 29◦C would

generate harmful e�ects on corn production and 30◦C for soybeans, and 32◦C for cotton, so

we set upper threshold of GDD calculation at 29◦C, 30◦C, and 32◦C for corn, soybean, and

cotton, respectively, with lower threshold at 8◦C. We label GDD between 8 and 29◦C (30◦C

or 32◦C) as GDD8−29◦C (GDD8−30◦C or GDD8−32◦C), it is to capture the normal temperature

e�ect on crop yield. We also include GDD over 29◦C (30◦C or 32◦C), which is denoted as

GDD29◦C+ (GDD30◦C+ or GDD32◦C+), to capture the overheat e�ect on corn yield (soybean,

and cotton yield).

Following Burke & Emerick (2016) and Yu et al. (2021), we construct two precipitation

related variables, namely precipitation below threshold and above threshold, to capture the

nonlinear e�ect of precipitation on crop yield. Precipitation below threshold is calculated

by the absolute di�erence between precipitation p and the threshold p0 interacted with an

indicator being 1 if precipitation is below the threshold and being 0 otherwise: |p−p0|×1{p <

p0}. It measures the severity of water de�ciency, with larger magnitude indicating severer

the de�ciency. Precipitation above threshold is calculated by the absolute di�erence between

precipitation and the threshold interacted with an indicator being 1 if precipitation is above

the threshold and being 0 otherwise: |p−p0|×1{p > p0}. We set threshold for precipitation

at 42cm for corn and soybean, as well as 58.8cm for cotton as these two threshold are close

to the tenth percentile and average of annual county precipitation (i.e., 41.3cm and 60cm)

and provide the smallest sum of squared residuals among all other thresholds.2 We denote

these two variables as Precp<42 (Precp<58.8) and Precp>42 (Precp>58.8). Following the same

literature, we de�ne the growing season from April 1st to September 31st . We report the

summary statistics of historical weather data in Table A1.

Our predicted future climate data (2048-2052) come from the Multivariate Adaptive
2The relatively higher precipitation threshold for cotton is reasonable as cotton production need more water in the
growing season compared to the corn and soybean. According to Martin & Leonard (1949), up to 106.68 cm of
water are required to produce higher cotton yields in growing season, while for corn the maximum amount of water
requirement is 76.2 cm.
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Constructed Analogs (MACA).3 We choose data from two widely used global climate mod-

els. One is HadGEM2-ES365 model which predicts warmer future climate and the other

is NorESM1-M model which predicts cooler future climate. For each of the two climate

prediction models, we obtain the predicted future climate data under scenarios RCP4.5 and

RCP8.5, which represent medium and the warmest scenarios, respectively. We report the

summary statistics of future climate variables in Table A2.

3.2 Estimation Results

We select two �ve-year periods that are 57-year apart (i.e., a is the 1958-1962 period and c is

the 2015-2019 period) and investigate the yield-climate relationship between these two time

period using four long di�erences models including: (i) model with spatial-and-temporal-

varying coe�cients (our main model); (ii) model with spatial-invariant but temporal-varying

coe�cients; (iii) model with spatial-varying but temporal-invariant coe�cients; (v) model

with spatial-and-temporal-invariant coe�cients.4 In order to estimate our spatial-varying

(semiparametric) model, we need to choose the optimal bandwidth which formulates spatial

in�uences of neighboring counties. We employ the data-driven leave-one-location-out cross

validation method. According to Hall et al. (2007), cross validation method can be used

to test the relevance of regressors in the relationship, with a large bandwidth (data-driven

over-smoothing) indicating irrelevant regressor. For our main spatial-and-temporal varying

model, the optimal bandwidth for the longitude and latitude are 315.08 and 227.67 kilometers

for corn analysis, 294.51 and 308.54 kilometers for soybean, as well as 366.21 and 477.81

kilometers for cotton. These bandwidth are relatively small compared to the sample standard

deviations of longitude and latitude, indicating that location play an important and relevant

part in yield-climate relationship (i.e., against spatial invariance).5 We also use Ullah's

(1985) nonparametric goodness-of-�t test to formally test if the data support our spatial-

varying speci�cation over the spatial-invariant alternative across an array of models (i.e.,
3The weblink is https://climate.northwestknowledge.net/MACA/index.php.
4Results are similar when we select di�erent gap widths (e.g., 20-year, 30-year, 40-year, 50-year) and di�erent starting
periods centered in 1960, 1970, 1980, and 1990.

5The standard deviations of longitude and latitude in our sample respectively are 727.67 and 423.95 kilometers for
corn, 620.11 and 415.23 kilometers for soybean, 593.83 and 192.78 kilometers for cotton.
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�xed e�ects models, long di�erence models, and �exible long di�erence models). The test

results for corn, soybean and cotton all reject the null hypothesis about spatial homogeneity

at the 5% signi�cant level.

3.2.1 Spatial Heterogeneity in Responsiveness to Climate Change

We �rst explore if there is spatial heterogeneity in responsiveness to climate change. We

report coe�cient estimates from standard spatial-and-temporal-invariant long di�erences

model and its spatial-varying alternative. The standard spatial-and-temporal-invariant long

di�erences model assume that responsivenesses of crop yield to climate change are constant

across locations, it's a spacial case of spatial-varying model when si is �xed across all i.

Since spatial-varying long di�erences model has county-speci�c responsiveness of crop

yield to climate change, there is a distribution of them over counties in the sample. Table

1 summarizes their point estimates, along with corresponding two-sided 95% bias-corrected

con�dence intervals in parentheses. The table also reports coe�cient estimates from its

space-varying alternative. We �nd that exposure to overheating temperature has an adverse

e�ect on crop yields, which is consistent with prior studies (e.g., Burke & Emerick, 2016;

Yu et al., 2021). The median responsiveness to overheating GDD for corn, soybean, and

cotton are �0.0318, �0.0399, and �0.0247, respectively, indicating that exposure to each

additional degree-day of overheating temperatures leads to a median reduction in corn yields

of 3.18%, soybean yields of 3.99%, and cotton yields of 2.47%. These results are similar to

the responsiveness estimates from the spatial-invariant model.

More importantly, there is signi�cant variation among these county-speci�c responsive-

ness for corn, soybean, and cotton. For example, �rst quartile of responsiveness to over-

heating GDD for corn, soybean, and cotton respectively increase by 0.044, 0.072 and 0.061

compared to their third quartile, which in turn correspond to the 72.08%, 63.63% and 46.15%

changes. Large variations are also documented in responsiveness to other climate variables.

Figure 1 plots histograms of the estimated county-speci�c coe�cients of crop yield to climate

change with vertical lines standing for the spatial-invariant counterpart estimates. Consis-
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tent with the results in Tables 1, all responsiveness estimates span a relatively wide range,

and the space-invariant model cannot provide a complete representation of responsiveness of

crop yield to climate change across di�erent space. We also report responsiveness estimates

from �xed e�ect panel model with and without spatial-varying coe�cients in Table A3. Con-

sistent with results from long di�erences model, results from �xed e�ect panel model also

show that there is signi�cant spatial heterogeneity in responsiveness to climate change.

3.2.2 Spatial Heterogeneity in Adaptation/Maladaptaion to Climate Change.

Following Yu et al. (2021), we measure the magnitude of adaptation by two ways. First, we

calculate the percentage changes in responsiveness of crop yields to climate between the two

periods for our model via sign
(
−β∗(a,c)(si)

)
×
∣∣∣β∗(a,c)(si)/βa(si)∣∣∣×100%, where

∣∣∣β∗(a,c)(si)/βa(si)∣∣∣
quanti�es the change in the responsiveness between the two periods, and sign of −β∗(a,c) is

used to signal the direction of responsiveness. Basically, if sign
(
− β∗(a,c)(si)

)
is positive,

then it means that an increase in positive responsiveness or an decrease in negative re-

sponsiveness, indicating adaptation. If sign
(
− β∗(a,c)(si)

)
is negative, then the opposite is

true, indicating maladaptation. Similarly, for �exible long-di�erence model with location-

invariant coe�cients, its corresponding formula to calculate the adaptation magnitude is

sign
(
− β∗(a,c)

)
×
∣∣∣β∗(a,c)/βa∣∣∣× 100%.

Second, we compute another measurement of adaptation via −β∗(a,c)(si)×zic, with positive

values indicating adaptation while negative values indicating maladaptation. This measure-

ment of adapation quanti�es changes in crop yield due to changes in responsiveness of crop

yields to climate �xing climate variables at period c. In addition, it can provide both partial

and aggreagate adaptation or maladaptation to climate change. For example, adaptation

or maladaptation to normal GDD and overheating GDD are −β∗1,(a,c)(si) × GDDic;8−30oC

and −β∗2,(a,c)(si) × GDDic;30◦C+, respectively, aggreagate adaptation or maladaptation to

temperature can be calculated via −β∗1,(a,c)(si) × GDDic;8−30oC − β∗2,(a,c)(si) × GDDic;30◦C+.

We convert the change in log yield to the percentage change in yield using the formula(
e−β

∗
(a,c)

(si)zic − 1
)
× 100%. Similarly, for �exible long-di�erence model, its corresponding
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formula is
(
e−β

∗
(a,c)

zic − 1
)
× 100%.

We then investigate if there is spatial heterogeneity in adaptation/maladaptaion to cli-

mate change. Adaptation/maladaptaion re�ects the change of responsiveness of crop yield

to climate change over time. A change associated with an increase in responsiveness of

crop yield to climate change indicates adaptation while change associated with a decrease

in responsiveness of crop yield to climate change indicates maladaptaion. We estimate a

spatial-and temporal-varying long di�erences model that allows responsiveness of crop yield

to climate change to vary across two period. Based on responsiveness estimates between two

period (See Table A4 and A5 in the Appendix), we compute two aforementioned measure-

ment of adaptation to climate change.

Table 2 summarizes the percentage changes in responsiveness of crop yields to climate

between the two periods, along with corresponding two-sided 95% bias-corrected con�dence

intervals in parentheses. The table also reports the estimates from its space-invariant alterna-

tive. We �nd that on average, responsiveness to normal GDD in 2015-2019 period decreases

by 82.12% for corn yields and 44.16% for soybean yields, compared to that in 1958-1962

level, indicating that maladaptation of corn and soybean yields to normal GDD is occurring.

Similarly, for cotton, changes in responsiveness to normal GDD is signi�cant negative for

some counties but is not signi�cant on average. On the other hand, responsiveness of corn

and soybean yields to overheating GDD increase signi�cantly by 73.29% and 48.98%, respec-

tively, indicating that crops are more heat-resilient due to adaptation to overheating GDD.

For cotton, adaptation to overheating GDD also exists in some regions. Changes in respon-

siveness to drought condition are signi�cantly positive in a majority of counties for corn and

soybean yields while it's signi�cantly negative for cotton, indicating that corn and soybean

yields are less sensitive to drought condition while cotton are becoming more vulnerable to

water de�ciency. We don't �nd signi�cant evidence in support of adaptation/maladaptaion

to normal precipitation for corn, soybean, and cotton yields.

Table 3 summarizes percentage changes in crop yield due to adaptation or maladaptation

to climate change. The table shows signi�cant spatial variation in the adaptation to climate
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change for corn, soybean, and cotton yields. Speci�cally, for corn yields, adaptation to

normal GDD results in average reduction in corn yields by 60.78% relative to corn yield

over 1958â��1962. The inter-quantile interval of these changes in corn yield range from

�79.46% to 259.49%, indicating that some counties su�ered from maladaptation to normal

GDD in the past decades while some counties experienced adaptation to normal GDD. For

soybean yields, the spatial variance is not so large compared to the corn yields. Decline in

soybean yields due to maladaptation to normal GDD is 53.46% at the mean and 58.54%

at the median, with 25/75 percentile of these reduction ranging from 30.09% to 70.51%.

Similarly, For cotton yields, maladaptation to normal GDD results in average reduction in

cotton yields by 51.56%, but not signi�cantly.

On the other hand, adaptation to overheating GDD increases corn, soybean, and cotton

yields on average by 17.68%, 10.49% and 3.12%, respectively, compared to 1958â��1962

levels, indicating that these three crops are more heat-resistant over time. However, increases

in crop yields due to adaptation to overheating GDD vary signi�cantly across counties, with

25/75 percentile of these reductions ranging from 2.03% to 26.69% for corn yields, 2.86% to

19.43% for soybeans and 0.11% to 5.56% for cottons. Overall, consistent with results in prior

studies (e.g., Yu et al., 2021), we �nd that maladaptation to normal GDD over 1960â��2017

dominates adaptation to overheating GDD, making average decrease in corn, soybean, and

cotton yields due to GDD (i.e., normal GDD and overheating GDD) by 55.13%, 48.15% and

46.22%, respectively.

Although responsivenesses of crop yields to drought or normal precipitation conditions

(precipitation below or above the threshold) vary signi�cantly across two period as showed

in table 2, on average, change in crop yields due to adaptation to precipitation in the past

decades is small and not statistically signi�cant in most counties for three crop yields. The

exception is for soybean yields, which is decreased due to adaptation to normal precipita-

tion condition by 5.22% on average, with 25/75 percentile of these reductions ranging from

1.89% to 8.90%, compared to soybean yields in 1958â��1962 levels. Taking into account both

temperature and precipitation, aggregated adaptation to climate change results in a average
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decline inÂ corn, soybean, and cotton yields by 54.77%, 51.11% and 48.05%, respectively. In

addition, from Table 2 and 3, we can see that the magnitudes of two measurements of adap-

tation from spatial-invariant speci�cation are larger than the corresponding mean/median

estimates from spatial-varying model, indicating that the spatial-invariant speci�cation tend

to overestimate adaptation/maladpation to climate variables.

To further explore the spatial heterogeneity in the adaptation/maladaptaion of crop yield

to climate change, we map the spatial distribution of these two measurements of adaptation

in the U.S. in Figures 2 and 3. The spatial patterns of the two measurements of adaptation

are similar. Figure 2 and 3 show that most parts of the Corn Belt show maladaptation to

normal GDD in the past decades, whereas south regions especially Tennessee, Kentucky,

Mississippi, and Alabama exhibit adaptation to normal GDD. This is reasonable as farmers

experience higher temperature in the south are more motivated to adapt. The largest decline

in soybean yields due to maladaptation to normal GDD also took place in midwestern regions

especially Minnesota, Lowa, Nebraska and South Dakota. Only limited regions bene�t from

adaptation to normal GDD for soybean yields, including Indiana and Ohio. Similarly, we

�nd that regions surrounding Arkansas documented decrease in cotton yields associated with

maladaptation to normal GDD.

Most rain-fed regions experienced adaptation to overheating GDD for corn, soybean, and

cotton yields. Speci�cally, For corn yields, midwestern (e.g., Kansas, Missouri, Nebraska,

and Lowa) and south regions (e.g., south Alabama , Geogia, South Carolina, and North

Carolina) show largest increase in yields due to adaptation to overheating GDD, whereas

counties surrounded by Tennessee, Mississippi, and Alabama as well as northeast regions

including Pennsylvania, Maryland and part of Virginia show decrease in corn yields due

to maladaptation to overheating GDD. For soybean yields, large adaptation to overheating

GDD also occur in the west and south regions including Kansas, Mississippi, and Arkansas,

while maladaptation to overheating GDD is found at few areas including south part of In-

diana. For cotton yields, southwest regions documented increase in cotton yields associated

with adaptation to overheating GDD, whereas limited southeast regions su�er from mal-
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adaptation to overheating GDD. Figure 3 also shows that spatial pattern of adaptation to

normal GDD is contrast with that of adaptation to overheating GDD in most regions for

corn, soybean, and cotton, which indicates that achievement of heat-resistance due to adap-

tation in the past decades for corn, soybean and cotton is at the cost of productivity under

normal temperature conditions. This is consistent with results from prior studies (e.g., Yu

et al., 2021). However, we �nd that there is a large areas in the south region (e.g., Alabama ,

Geogia, South Carolina, and North Carolina, and Kentucky) and part of midwestern region

(e.g., south part of Illinois, Indiana, and Ohio) where adaptation makes corn not only more

heat-resistant but also more productive under normal temperature condition.

Adaptation to drought conditions in the past few decades results in a small (close to 0) re-

duction in crop yields, so we don't plot spatial pattern of these estimates in the map. Instead,

we turn to the spatial pattern of another adapation measurement which is the percentage

changes in responsiveness of crop yields to climate in Figure 2. For corn yields, adapta-

tion to drought condition is positive in most midwestern and southwest regions, whereas is

negative in southeast regions. Adaptation to normal precipitation show a similar pattern,

which indicates that adaptation to precipitation in midwestern regions such as Wisconsin,

Illinois, Indiana, and Lowa states can not only make corn more drought-tolerant but also

more productive under normal precipitation conditions, while adaptation to precipitation in

southeast regions including Geogia, South Carolina, and North Carolina, Virginia make corn

less productive under both drought and normal precipitation conditions. For soybean yields,

most midwestern regions excluding Minnesota, North Dakota, and South Dakota bene�t

from adaptation to drought condition while su�er from maladaptation to normal precipita-

tion, indicating that achievement of drought tolerance due to adaptation to precipitation for

soybean in those regions is at the cost of productivity under normal precipitation condition.

For cotton yields, we also �nd trade-o� between adaptation to drought and normal precipi-

tation conditions. Many south regions can bene�t from adaptation to normal precipitation

while su�er from maladaptation to drought condition at the same time.

For corn, soybean, and cotton yields, the spatial pattern of aggregated adaptation to tem-

20



perature is similar to that of partial adaptation to normal GDD as maladaptation to normal

GDD dominates the adaptation to overheating GDD. Adaptation to drought or normal pre-

cipitation conditions is small, so the spatial pattern of aggregated adaption to temperature

and precipitation also follow the spatial pattern of partial adaption to normal GDD. In sum,

we �nd signi�cant spatial di�erence among adaptation to climate change. For corn yields,

midwestern regions show aggregated maladaptation to climate change, whereas south regions

can bene�t from aggregated adaptation to climate change. For soybean and cotton yields,

most rain-fed regions su�ered from aggregated maladaptation to climate change, with the

midwestern regions for soybean and southwest regions for cotton su�ering most.

4 Factors associated with adaptation or maladaptaion

Farmers nowadays have access to various adaptation measures to mitigate the adverse cli-

mate e�ect, including agricultural technology (e.g., genetically modi�ed (GM) seeds), and

management practices (e.g., adoption of cover crop and crop insurance). Since 1996, GM

crops were rapidly and widely adopted by farmers in the US. GM seeds can have traits that

make them resist to certain insects (Bt trait), or tolerant to herbicides (HT trait) or both

(stacked varieties). Many studies have documented that GM adoption is associated with

greater yield resiliency (e.g., Chemeris & Ker, 2019; Connor & Katchova, 2020; Goodwin &

Piggott, 2020). Farmers grow cover crop to cover the ground to reduce soil erosion and loss

of plant nutrients via leaching and runo� (Dabney et al., 2001; Reeves, 2018), but at the

same time cover crop can reduce soil water which would have negative e�ect on agricultural

production (Unger & Vigil, 1998; Martinez-Feria et al., 2016). Prior results about e�ect

of subsidized crop insurance on agricultural adaptation is mixed. Some studies �nd that

crop insurance contributes to agricultural adaptation as expansion in acreage and wealth

due to crop insurance would increase the demand for more advanced land management and

new technologies practices (e.g., Aldana et al., 2011), while other studies �nd that there is

moral hazard (Chambers, 1989; Miranda, 1991) in a sense that crop insurance disincentives

farmers to adapt to extreme heat or drought condition, including reduction in on-farm risk
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management such as conservation till or cover cropping, expansion to lower-quality farmland,

changes in input use, and depression of adoption of certain technologies such as drought-

tolerant traits (Annan & Schlenker, 2015; Chemeris & Ker, 2019; Connor & Katchova, 2020;

Miao, 2020). Thus, to further investigate whether and to what extent aforementioned factors

a�ecting local adaptation/maladaptaion of crop yields to climate change, we estimate the

following median regression for each type of crop yield separately:

Q0.5[Âi|xi] = ρ0 + ρxi + ςi, (4.1)

where Âi is the adaptation index for county i measured by the estimated changes in log

crop yield due to adaptation to climate change from section 3, 6,7 xi are the factors a�ecting

adaptation in county i, including GM adoption rate measured by the ratio of crop planted

acreage that adopt GM seeds, cover crop ratio measured by the acreage for cover crop

divided by harvested acreage in a county, and crop insurance measured by the liability

per harvested acreage (in thousands).8 Land quality is also important factor a�ecting the

local agricultural adaptation, location with better land quality is expected to have better

adaptation level. Thus, we include land quality into the regression. Land quality is proxied

by ratio of land that has little or no limitation on crop production to total land in a county.9

We use conditional median estimation instead of traditional mean estimation as the former

is more robust to the presence of outliers in the data.

Table 5 reports the coe�cients of agricultural adaptation on aforementioned variables.

We �nd that adaptation measures have heterogeneous e�ect on agricultural adaptation,
6We use changes in log crop yield instead of change in percentage to prevent bias from converting percentage change
from logarithm of crop yield.

7Since changes in log crop yield due to adaptation to drought conditions is zero for a majority of counties, we only
consider adaptation to other climate conditions as dependent variable: noraml GDD, overheating GDD, normal
precipitation, temperature (noraml GDD+overheating GDD), precipitation (normal precipitation +drought), and
aggregated (temperature+precipitation).

8GM adoption rate is in state level and obtained from Economic Research Service (ERS) as county-level adoption data
is not available; cover crop ratio is a county-level measurement coming from United States Census; crop insurance
data come from the Risk Management Agency (RMA).

9Land quality is measured by land capability class (LCC) that ranges from 1 to 8. The LCC 1â��2 land has little
or no limitation on crop production whereas land with LCC 5 or above is typically unsuitable for crop production
(Natural Resources Conservation Service, 2018). Data for Land capability class come from the Natural Resources
Conservation Service of the USDA.
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depending on di�erent climate change conditions and crop types. Speci�cally, GM adoption

is bene�cial for adaptation to normal temperature for three types of crops. One percentage

point increase in GM adoption rate is associated with an increase in yield change due to

adaptation to normal GDD by 11.34% for corn yields, 21.56% for soybean yields, and 25.88%

for cotton yields. While GM adoption have signi�cant negative e�ect on adaptation to

overheating temperature for corn and soybean yields. One percentage point increase in GM

adoption rate results in 1.56% decrease in yield change due to adaptation to overheating

GDD for corn yields, and 2.33% for soybean yields. Considering both normal and overheating

temperature, GM adoption is signi�cantly positively associated with farmers' adaptation to

temperature for corn and soybean yields, but has no signi�cant e�ect for cotton yields. GM

adoption makes corn yields more sensitive to precipitation, while makes soybean and cotton

yields perform better under normal precipitation. For example, one percentage point increase

in GM adoption rate results in 0.30% decrease in corn yields change due to adaptation to

precipitation, while 1.38% increase in yield change for soybean yields. Overall, GM adoption

is signi�cantly positively associated with aggregated adaptation to climate change, indicating

that GM adoption makes crop yields more productive especially under normal temperature.

Similar with GM adoption, cover crop makes corn, soybean, and cotton more productive

under normal temperature but cannot help these crops bu�er against overheating stress. For

example, for corn yields, one percentage point increase in cover crop rate results in 2.58%

increase in yield change due to adaptation to normal GDD, while results in 0.22% decrease

in yield change due to adaptation to overheating GDD. Cover crop has signi�cantly negative

e�ect on adaptation of corn yields to precipitation, especially normal precipitation condition,

but has no signi�cant e�ect for soybean and cotton yields. Considering both temperature

and precipitation, cover crop would be signi�cantly positively associated with aggregated

adaptation to climate change for corn and soybean yields, but has no signi�cant e�ect for

cotton yields.

Consistent with prior studies (e.g., Annan & Schlenker, 2015; Chemeris & Ker, 2019;

Connor & Katchova, 2020), we �nd that crop insurance disincentives farmers to adapt to
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climate change. For corn yields, one unit increase in insurance liability per acreage (in thou-

sands) results in 0.07% increase in yield change due to adaptation to precipitation, while

has no signi�cant e�ect on adaptation to other climate change conditions including normal

temperature and overheating temperature. For soybean yields, crop insurance disincentives

farmers to adapt to normal temperature and precipitation, while it is not signi�cantly associ-

ated with adaptation to overheating temperature. For cotton yields, crop insurance prevents

farmers from adapting to normal temperature, while contribute to adaptation to overheating

temperature. Overall, crop insurance is signi�cantly negatively associated with aggregated

adaptation to climate change, with one unit increase in insurance liability per acreage (in

thousands) resulting in decrease in yield change by 0.75% for corn yields, 1.34% for soybean

yields, and 0.36% for cotton yields.

Land quality contributes to better performance of three types of crop yields under normal

temperature but fails to make crop heat-resilient. For example, for corn yields, one percent-

age point increase in ratio of land that has little or no limitation on crop production to total

land in a county results in 0.40% increase in yield change due to adaptation to normal GDD,

while results in 0.11% decrease in yield change due to adaptation to overheating GDD. We

�nd that Land quality is not signi�cantly associated with adaptation to precipitation for

three types of crop yields. Overall, Land quality is signi�cantly positively associated with

aggregated adaptation to climate change for cotton yields, but has no signi�cant e�ect for

corn and soybean yields. In sum, we �nd that GM adoption, cover crop, and land quality

contribute to adaptation to normal temperature but have signi�cant negative e�ect on adap-

tation to overheating temperature, indicating that climate change adaptation is complex and

current approaches to adaptation have heterogeneous e�ects on adapting crops to various

aspects of climate conditions.

5 Projecting Impact of Future Climate Change

We estimate projection of future climate change on crop yields in the U.S. using predicted

future climate data from two global climate models (i.e., HadGEM2-ES365 and NorESM1-
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M) under warming scenarios RCP4.5 and RCP8.5. We conduct this projection analy-

sis separately based on the regression results from four long di�erences models which in-

clude (i) model with spatial-and-temporal-varying coe�cients (our main model); (ii) model

with spatial-invariant but temporal-varying coe�cients; (iii) model with spatial-varying but

temporal-invariant coe�cients; (v) model with spatial-and-temporal-invariant coe�cients.

Speci�cally, we �rst analyze the yield-climate relationship between the 1958-1962 period

and the 2015-2019 period and obtain the estimated coe�cients. We then choose 2015-2019

as the period c and 2048-2052 as the period d for the projections. We �rst compute the dif-

ferences in the �ve-year average climate variables between the two periods and denote them

as zi(c,d). Then, to avoid extrapolating into the future excessively, we consider a conservative

scenario where no technological adaptation and no climate-neutral technical change occur

in the future by �xing coe�cients at the 2015-2019 period level. So the projected change in

log yield due to future climate change for our main model is ∆ŷi(c,d) = β̂c(si)∆zi(c,d), where

β̂c(si) = β̂a(si) − β̂∗(a,c)(si) measures the responsiveness of crop yields to climate change in

period c. Similarly, for spatial-invariant but temporal-varying long di�erences model, the

projected value is ∆ŷi(c,d) = β̂c∆zi(c,d).10 We convert the change in log yield to the percentage

change in yield using the formula
(
e∆ŷi(c,d) − 1

)
× 100%.

Table 4 reports results of future climate projection on crop yields based on the regression

results from our main model while Table A6 in the Appendix reports the results based on

the other three models. Table 4 shows that compared to 2015-2019 period, future climate

change by 2050 will results in a signi�cant median decrease in corn yields by 7.39% to 28.14%,

depending on the global climate model and warming scenario. However, estimated average

decline in corn yields due to the future climate change is statistically insigni�cant, due to the

potential increase in future corn yields in some counties. For soybean, future yield reduction

range from 11.75% to 47.85% at the mean and 14.18% to 48.44% at the median. Future

climate change will not signi�cant a�ect cotton yields at the mean or median. Compared to

the projection estimates from other three long di�erences model in Table A6, our model tend
10For spatial-varying but temporal-invariant long di�erences model and its spatially-invariant alternative, the
projected change in log yield due to future climate change are respectively: ∆ŷi(c,d) = β̂(si)∆zi(c,d), and
∆ŷi(c,d) = β̂∆zi(c,d).
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to project a smaller magnitude of yield decline in the future, suggesting that without taking

into account the local agricultural adaptation, future climate projection on crop yields from

previous studies are upward biased.

Figure 4 presents the spatial pattern of projection of future climate change on crop yield

across rain-fed counties in the U.S. using estimates from our spatial-and temporal-varying

model and future climate data predicted from HadGEM2-ES365 model under warming sce-

nario RCP 8.5. The �gure indicates that there is signi�cant spatial heterogeneity in the

future impact of climate change. For corn yields, some midwestern regions (e.g., Nebraska,

South Dakota, Kansas, Lowa, and Missouri) and south regions (e.g., Alabama, Georgia,

South Carolina, Tennessee) show sharp declines in corn yields by 2050 due to future climate

changes, whereas part of the Corn Belt (e.g., Illinois, Indiana, Ohio, North Dakota, and

Minnesota) will expect to see an increase in corn yields due to climate change. For soybean

yields, the largest decline is to occur in the regions around Illinois and Indiana, whereas

midwestern regions especially Minnesota would see an increase in soybean yields. For cotton

yields, we also document a huge di�erence in future yields across region, with southeast

regions including Georgia showing a declines in yields whereas southwest regions showing an

increase in yields.

6 Concluding Remarks

Although many prior studies have examined whether or to what extent adaptation to climate

change occurs, most these studies su�er from a strict assumption that the magnitude of

agriculture adaptation to climate change remains the same across space. Farmers in di�erent

locations facing heterogeneous local endowments would choose adaptation strategies that

are suited to the speci�c environment they face. Failure to account for spatial heterogeneity

in adaptation would result in a poor evaluation of climate e�ect on agriculture. In this

paper, we �ll this gap by explicitly modeling spatial heterogeneity in the responsiveness

and adaptation of U.S. agriculture to climate change. Built on long di�erence model and

�exible long di�erence model, our approach incorporates spatial information of a county
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in a semiparametric fashion. Speci�cally, we let the responsiveness and adaptation of crop

yields to climate change be nonparametric functions of the county's geographic information,

and then approximate these unknown functional coe�cients using the local-constant kernel

�tting method. By doing so, we can identify county-speci�c coe�cients for climate variables

to capture unobserved and observed local factors that are important for mediating the e�ect

of climate on agricultural production.

Using annual county-level crop yields for corn, soybean, and cotton and climate data

in the rainfed region of the United States during the 1958-2019 period, we �nd that re-

sponsiveness and adaptation of crop yields to climate change vary signi�cantly across space.

Speci�cally, for corn yields, midwestern regions show aggregated maladaptation to climate

change, whereas south regions can bene�t from aggregated adaptation to climate change.

For soybean and cotton yields, most rain-fed regions su�ered from aggregated maladaptation

to climate change, with the midwestern regions for soybean and southwest regions for cotton

su�ering most. We project that future climate change by 2050 will result in a signi�cant me-

dian decrease in crop yields except cotton, i.e., by 7.39% to 28.14% for corn yields, by 14.18%

to 48.44% for soybean yields, compared to 2015-2019 period, depending on the global climate

model and warming scenario. We further investigate the role of genetically engineered crops,

cover crops, and crop insurance in determining local agricultural adaptation. We �nd that

these adaptation measures have heterogeneous e�ect on agricultural adaptation, depending

on di�erent climate change conditions and crop types. Our research �ndings are of impor-

tance by two ways. First, they show that local factors matter when farmers make adaptation

strategy. Future research and policy design should consider spatial heterogeneity in adap-

tation when making evaluation of climate e�ect on agriculture. Second, they raise concern

about e�ciency of current approaches to agricultural adaptation. Scienti�c e�orts need to

adapt crops to various aspects of climate conditions especially extreme heat conditions.
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Table 1. Estimates of the Responsiveness of US Crop Yields to Climate Change

Spatial Varying but Temporal Invariant Spatial Invariant

Mean 1st Qu. Median 3rd Qu. Point Estimate

Corn

GDD8−29◦C 0.009 0.0055 0.0079 0.0116 0.0098
(0.0088, 0.0091) (0.0052, 0.0056) (0.0079, 0.008) (0.0111, 0.0118) (0.0088, 0.0106)

GDD29◦C+ �0.0384 �0.0566 �0.0318 �0.0158 �0.0425
(�0.0397, �0.038) (�0.0595, �0.0547) (�0.0334, �0.03) (�0.018, �0.0148) (�0.0479, �0.0371)

Precp<42 0.4658 �0.0422 0.248 0.8788 0.0123
(0.4428, 0.5165) (�0.0466, �0.0293) (0.2078, 0.3004) (0.8345, 0.958) (�0.0374, 0.0367)

Precp>42 0.0068 �0.0058 0.0069 0.0209 0.0066
(0.0052, 0.0082) (�0.0068, �0.0039) (0.0054, 0.008) (0.0186, 0.0224) (0.001, 0.012)

Soybean

GDD8−30◦C 0.0061 0.0045 0.0058 0.0074 0.0062
(0.0057, 0.0064) (0.0042, 0.005) (0.0052, 0.006) (0.007, 0.0078) (0.0055, 0.0068)

GDD30◦C+ �0.0428 �0.0611 �0.0399 �0.0222 �0.0398
(�0.0478, �0.0405) (�0.0677, �0.0586) (�0.0468, �0.033) (�0.0252, �0.0171) (�0.0469, �0.0317)

Precp<42 0.1861 �0.1257 0.028 0.1422 0.1059
(0.1115, 0.2192) (�0.165, �0.0978) (0.0123, 0.0639) (0.0911, 0.1846) (0.0134, 0.1534)

Precp>42 0.0079 0.0013 0.0087 0.0157 0.0105
(0.0058, 0.009) (�0.003, 0.0029) (0.0047, 0.0102) (0.0119, 0.018) (0.0061, 0.0145)

Cotton

GDD8−32◦C 0.0062 0.0055 0.006 0.0067 0.0059
(0.0058, 0.0065) (0.0051, 0.0058) (0.0058, 0.0066) (0.006, 0.0073) (0.0054, 0.0064)

GDD32◦C+ �0.0228 �0.0312 �0.0247 �0.0168 �0.0159
(�0.0281, �0.0197) (�0.0385, �0.0288) (�0.0278, �0.0188) (�0.0248, �0.0115) (�0.0243, �0.0033)

Precp<58.8 �0.001 �0.0092 �0.003 0.0073 �8.00E�04
(�0.0118, 0.0055) (�0.0182, �2e�04) (�0.0128, 0.0056) (�0.0061, 0.0158) (�0.0188, 0.0076)

Precp>58.8 0.0017 �0.0097 �0.0074 0.0024 �0.004
(�0.0076, 0.0112) (�0.0117, �0.0055) (�0.0103, �0.0042) (0.0017, 0.005) (�0.0095, 0.0048)

Notes: The left panel summarizes point estimates of the responsiveness of US crop yields to climate change from spatial varying
but temporal invariant long di�erences model. The right panel reports their counterparts from a �xed-coe�cient spatial-invariant
alternative. The corresponding two-sided 95% bias-corrected con�dence intervals are reported in parentheses. We select two �ve-
year periods that are 57-year apart (i.e., the �rst period a is 1958-1962 and the second period c is 2015-2019). Regressions are
weighted by the crop harvested acreage in 1960.
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Table 2. Estimates of the Percentage Changes in Responsiveness of Crop Yields to Climate Change

Spatial-and-temporal Varying Spatial Invariant

Weighted Mean 1st Qu. Median 3rd Qu. Point Estimate

Corn

GDD8−29◦C �82.12 �111.83 10.66 92.16 �63.7
(�235.92, �64.4) (�185.2, �102.8) (�27.63, 74.16) (59.31, 205.19) (�111.44, �41.82)

GDD29◦C+ 73.29 33.39 64.14 88.81 74.53
(49.25, 79.51) (�90.4, 48.36) (49.46, 82.09) (61.49, 106.05) (62.11, 89.87)

Precp<42 100.4 �16.69 80.61 105.1 188.26
(24.96, 195.43) (�38.88, 13.19) (12.11, 104.92) (75.3, 165.41) (123.8, 684.41)

Precp>42 17.67 �118.53 �62.82 50.49 �103.06
(�51.65, 87.79) (�169.79, �101.56) (�99.14, 11.21) (�16.02, 125.6) (�561.33, 27.31)

Soybean

GDD8−30◦C �44.16 �64.25 �49.11 �34.36 �68.65
(�74.22, �16.16) (�110.11, �38.66) (�85.54, �35.32) (�49.43, �8.95) (�171.24, �46.53)

GDD30◦C+ 48.98 39.04 54.58 67.15 63.12
(35.29, 72.47) (16.12, 52.83) (42.12, 70.62) (54.89, 95.35) (46.04, 84.1)

Precp<42 �11.97 9.89 45.94 74.27 29.08
(�119.69, 4.84) (�114.84, 33.84) (8.49, 61.45) (62.97, 87.97) (�313.83, 351.06)

Precp>42 �79.82 �114.81 �80.49 �58.14 �106.38
(�189.05, 32.89) (�215.35, �62.16) (�127.02, 87.95) (�118.96, 127.32) (�1047.26, 99.52)

Cotton

GDD8−32◦C �15.13 �25.78 �14.35 �4.98 �45.78
(�32.22, 17.05) (�40.2, �1.25) (�26.22, 11.47) (�21.78, 31.84) (�472.4, �7.87)

GDD32◦C+ 50.85 0.8 23.75 123.52 236.6
(�520.48, 362.27) (�508.14, 60.17) (�425.51, 67.83) (35.26, 596.26) (75.2, 31501.69)

Precp<58.8 �101.34 �167.13 �140.88 �111.27 �369.61
(�131.12, �70.22) (�326.21, �104.01) (�194.79, �66.76) (�126.96, 39.95) (�60941.01, �94.78)

Precp>58.8 �46.11 �26.62 46.51 75.39 58.78
(�662.1, 38.02) (�509.12, 97.46) (�300.04, 116.05) (�118.83, 214.18) (�536.69, 631.48)

Notes: The left panel summarizes point estimates of the percentage changes in responsiveness of crop yields to climate change
using regression results from spatial-and-temporal varying long di�erences model. The right panel reports their counterparts from
a �xed-coe�cient spatial-invariant alternative. The corresponding two-sided 95% bias-corrected con�dence intervals are reported
in parentheses. We compute the percentage changes in responsiveness of crop yields to climate change via sign

(
− β∗

(a,c)
(si)

)
×∣∣∣β∗

(a,c)
(si)/βa(si)

∣∣∣× 100%, where β∗
(a,c)

measures the di�erence of responsiveness of crop yield to climate change between period a

and c, and βa(si) measures the responsiveness of crop yield to climate change in period a. We select two �ve-year periods that are
57-year apart (i.e., the �rst period a is 1958-1962 and the second period c is 2015-2019). Weighted mean is calculatedÂ using the
crop harvested acreage in 1960.
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Table 3. Estimates of the Percentage Changes in Crop Yield Due to Adaptation or Maladaptation

to Climate Change

Spatial-and-temporal Varying Spatial Invariant

Weighted Mean 1st Qu. Median 3rd Qu. Weighted Mean

Corn

GDD8−29◦C �60.78 �79.46 12.25 259.49 �74.87
(�65.52, �46.99) (�85.83, �72.51) (�21.05, 118.57) (152.49, 567.81) (�84.62, �59.18)

GDD29◦C+ 17.68 2.03 9.71 26.69 36.15
(14.55, 18.53) (�4.42, 4.6) (4.77, 10.9) (16.92, 31.46) (29.42, 43.43)

Precp<42 0.00 0.00 0.00 0.00 0.00
(0.00, 0.00) (0.00, 0.00) (0.00, 0.00) (0.00, 0.00) (0.00, 0.00)

Precp>42 0.46 �10.29 �1.61 3.27 �7.57
(�3.57, 7.44) (�11.71, �6.85) (�5.35, 3.16) (�0.13, 10.85) (�14.68, 0.82)

Temperature �55.13 �73.69 40.37 275.77 �66.21
(�63.33, �42.57) (�80.52, �65.95) (6.29, 140.76) (165, 526.39) (�78.41, �47.16)

Precipitation 0.38 �10.65 �2.02 3.34 �7.57
(�3.94, 6.9) (�12.16, �7.56) (�5.72, 3.86) (�0.87, 10.07) (�14.68, 0.84)

Aggregated �54.77 �72.27 27.48 213.87 �68.57
(�61.68, �42.99) (�77.48, �63.18) (�4.69, 110.77) (136.19, 412.82) (�79.13, �52.41)

Soybean

GDD8−30◦C �53.46 �70.51 �58.54 �31.09 �66.34
(�61.53, �41.71) (�78.51, �62.1) (�65.68, �41.77) (�44.03, �2.4) (�76.65, �50.19)

GDD30◦C+ 10.49 2.86 9.16 19.43 18.46
(6.65, 12.49) (1.15, 4.39) (5.68, 11.39) (13.96, 22.29) (12.3, 24.51)

Precp<42 0 0.00 0.00 0.00 0.00
(0.00, 0.00) (0.00, 0.00) (0.00, 0.00) (0.00, 0.00) (0.00, 0.00)

Precp>42 �5.22 �8.9 �5.34 �1.89 �5.39
(�10.76, �0.09) (�14.99, �2.51) (�12.86, �0.19) (�8.58, 4.17) (�11.67, 2.72)

Temperature �48.15 �64.54 �48.6 �24.42 �61.59
(�56.97, �37.49) (�73.08, �55.1) (�56.5, �32.45) (�37.07, 1.12) (�72.61, �45.49)

Precipitation �5.47 �8.93 �5.47 �2.16 �5.39
(�11.11, �0.22) (�14.99, �2.42) (�12.94, �0.53) (�9.03, 3.91) (�11.82, 2.83)

Aggregated �51.11 �67.25 �50.82 �27.84 �63.28
(�59.18, �41.14) (�73.68, �58.42) (�57.95, �37.44) (�40.01, �5.38) (�73.56, �48.76)

Cotton

GDD8−29◦C �51.56 �69.95 �50.13 �21.28 �71.24
(�75.03, 9.47) (�84.46, �6.91) (�73.63, 53.12) (�69.32, 142.24) (�89.09, �15.94)

GDD29◦C+ 3.12 0.11 2.73 5.56 10.09
(�5.67, 10.68) (�11.15, 10.54) (�5.67, 10.2) (�1.03, 10.14) (1.33, 21)

Precp<42 �2.66 �0.23 0.00 0.00 �0.67
(�4.86, �1.58) (�4.06, �0.06) (0.00, 0.00) (0.00, 0.00) (�4.03, 2.96)

Precp>42 0.45 0.00 0.00 1.02 0.73
(�0.95, 2.14) (�4.05, 0) (�1.24, 0) (0, 3.37) (�2.03, 3.23)

Temperature �46.22 �67.93 �48.33 �21.46 �63.44
(�68.53, 15.89) (�83.15, �8.22) (�71.72, 38.95) (�64.58, 108.11) (�84.26, �7.01)

Precipitation �2.01 �3.4 0.20 1.22 0.05
(�5.02, 0.98) (�7.09, 0.31) (�2.3, 1.58) (�1.52, 4.07) (�4.7, 5.96)

Aggregated �48.05 �68.85 �49.8 �31.29 �62.08
(�69.52, 12.12) (�83.81, �17.33) (�71.72, 43.06) (�70.37, 73.42) (�83.57, 2.72)

Notes: The left panel summarizes point estimates of the percentage changes in crop yield due to adaptation or mal-
adaptation to climate change using the regression results from spatial-and-temporal varying long di�erences model. The
right panel reports their counterparts from a �xed-coe�cient spatial-invariant alternative. The corresponding two-sided
95% bias-corrected con�dence intervals are reported in parentheses. We compute the log changes in crop yield due to
adaptation or maladaptation to climate change via −β∗

(a,c)
(si) × zic, where β∗

(a,c)
measures the di�erence of respon-

siveness of crop yield to climate change between period a and c, zic is the climate variable in period c. We convert

the change in log yield to the percentage change in yield using the formula
(
e
−β∗

(a,c)(si)zic − 1
)
× 100%. We select

two �ve-year periods that are 57-year apart (i.e., the �rst period a is 1958-1962 and the second period c is 2015-2019).
Weighted mean is calculatedÂ using the crop harvested acreage in 1960.35



Table 4. Estimated Projection of Future Climate Change on Crop Yields

Weighted Mean 1st Qu. Median 3rd Qu.

Corn

Had RCP 4.5
�11.47 �38.31 �21.43 5.97

(�24.09, 12.61) (�44.78, �21.66) (�35.5, �4.02) (�15.83, 25.76)

Had RCP 8.5
�12.64 �50.5 �28.14 6.46

(�27.5, 16.68) (�59.9, �29.18) (�44.86, �7.05) (�19.49, 32.91)

Nor RCP 4.5
�7.29 �15.77 �7.39 1.02

(�12.95, 1.47) (�18.42, �7.92) (�13.47, �0.17) (�5.92, 5.09)

Nor RCP 8.5
�11.61 �32.41 �13.96 3.3

(�20.5, 6.37) (�39.5, �16.94) (�24.66, �0.15) (�11.3, 13.21)

Soybean

Had RCP 4.5
�38.13 �51.32 �38.49 �26.13

(�55.8, �19.85) (�66.29, �27.71) (�53.11, �17.08) (�44.34, �4.46)

Had RCP 8.5
�47.85 �65.3 �48.44 �34.16

(�66.5, �25.68) (�81.04, �39.52) (�64.35, �21.12) (�54.73, �6.59)

Nor RCP 4.5
�11.75 �18.32 �14.18 �7

(�19.63, �3.5) (�25.64, �9.08) (�21.81, �6.99) (�14.21, 1.45)

Nor RCP 8.5
�28.58 �39.39 �31.92 �19.96

(�43.9, �11.35) (�51.72, �19.77) (�46.63, �14.78) (�36.93, �1.23)

Cotton

Had RCP 4.5
19.06 �25.43 30.01 99.41

(�23.59, 57.89) (�46.93, �1.66) (�13.32, 87.39) (�4.18, 241.19)

Had RCP 8.5
16.45 �40.77 4.54 134.52

(�42.45, 77.69) (�61.63, �21.55) (�43.17, 80.38) (�27.07, 441.81)

Nor RCP 4.5
4.66 �13.83 5.45 27.76

(�10.98, 13.96) (�28.16, �3.73) (�10.89, 17.47) (2.5, 49.07)

Nor RCP 8.5
23.88 �11.09 23.24 80.06

(�5.75, 45.61) (�34.09, 4.24) (�2.47, 53.1) (10.99, 160.53)

Notes: The table summarizes point estimates of projection of future climate change on crop yields using
the regression results from spatial-and-temporal varying long di�erences model and using predicted future
climate data from two global climate models (i.e., HadGEM2-ES365 and NorESM1-M) under warming
scenarios RCP4.5 and RCP8.5. Had RCP 4.5 (8.5) and Nor RCP 4.5 (8.5) stand for the climate model
HadGEM2-ES365 and NorESM1-M under warming scenario RCP 4.5 (8.5), respectively. The corresponding
two-sided 95% bias-corrected con�dence intervals are reported in parentheses. We compute the log change
in crop yields due to future climate change via ∆ŷi(c,d) = β̂c(si)∆zi(c,d), where β̂c(si) measures the respon-
siveness of crop yield to climate change in period c, ∆zi(c,d) is the di�erence of climate variable between
period c and period d. We convert the change in log yield to the percentage change in yield using the formula(
e−β̂c(si)∆zi(c,d) − 1

)
× 100%. We select two �ve-year periods that are 57-year apart (i.e., the �rst period a

is 1958-1962 and the second period c is 2015-2019). Weighted mean is calculatedÂ using the crop harvested
acreage in 2017.
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Corn Soybean Cotton

Figure 1. Responsiveness of Crop Yields to Climate Chang from Spatial-varying but Temporal-
invariant Model
(Note: Vertical lines correspond to spatially-invariant estimates)
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Corn Soybean Cotton

Figure 2. Spatial Distribution of Percentage Changes in Responsiveness of Crop Yields to Climate
Change
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Corn Soybean Cotton

Figure 3. Spatial Distribution of Percentage Change in Crop Yields Due to Climate Change
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Table 5. Coe�cients of Agricultural Adaptation on Various Factors

Variable Normal GDD Overheating GDD Normal Prec. Temperature Precipitation Aggregated

Corn

GM Adoption Rate 11.3416*** �1.5619*** �0.3022* 8.7186*** -0.3638** 8.1759***
Cover Crop Ratio 2.5833*** �0.2179*** �0.0578*** 2.5188*** �0.0634*** 2.356***
Insurance Libability per Acr. �0.2853 �0.0372 �0.037 -0.3327 �0.0706* -0.7458*
Land Quality 0.4006** �0.1095*** �0.0153 0.1598 �0.0153 0.0255

Soybean

GM Adoption Rate 21.5634*** �2.3344** 1.376*** 19.6068*** 2.0059*** 21.7742***
Cover Crop Ratio 1.1287*** �0.1195*** 0.0044 0.7901** 0.0171 0.7497***
Insurance Libability per Acr. �0.9846*** �0.0242 �0.1257*** �1.2929*** �0.0806*** �1.3357***
Land Quality 0.6381* �0.2273*** 0.0045 0.4407 �0.0064 0.4329

Cotton

GM Adoption Rate 25.8759* �0.2242 2.1061* 20.2921 2.3251 26.753*
Cover Crop Ratio 0.2978 �0.0293* 5.00E-04 0.2763 0.0048 0.2423
Insurance Libability per Acr. �0.445* 0.1061*** 0.0000 �0.3927* �0.0063 �0.3598*
Land Quality 1.8379*** �0.0777* 0.0034 1.6499*** 0.0045 1.6751***

Notes: The table reports the coe�cient estimates of adaptation index on various factors a�ecting adaptation using conditional median estimation.
Dependent variable is the adaptation index measured by the changes in log crop yield due to adaptation of crop yields to various aspect of
climate conditions: noraml GDD, overheating GDD, normal precipitation, temperature (noraml GDD+overheating GDD), precipitation (normal
precipitation +drought), and aggregated (temperature+precipitation). Independent variables include: GM adoption rate measured by the ratio
of crop planted acreage that adopt GM seeds, cover crop ratio measured by the acreage for cover crop divided by harvested acreage in a county,
insurance libability per acr. measured by the liability per harvested acreage (in thousands), and land quality proxied by ratio of land that has little
or no limitation on crop production to total land in a county. Regressions are weighted by the average crop harvested acreage between 2015-2019.
Signi�cance levels: ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01.

Corn Soybean Cotton

Figure 4. Spatial Distribution of Future Climate E�ects on Crop Yields
(Notes: Estimates are based on spatially-and-temporal varying long di�erences model using predicted future
climate data from HadGEM2-ES365 under warming scenarios RCP8.5)
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Appendix: Additional Tables
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Table A1. Summary Statistics of Historical Variables (1958-2019)

Variable Mean 1st Qu. Median 3rd Qu. Sd

Crop Yield

Corn 90.42 58.00 86.00 118.00 42.02
Soybean 30.81 22.50 29.00 38.00 11.00
Cotton 511.38 317.00 470.00 674.00 250.95

Climate Variable

GDD8−29◦C 2278.25 1889.47 2286.55 2689.31 499.14
GDD29◦C+ 66.97 15.89 46.46 101.85 65.20
GDD8−30◦C 2300.18 1897.77 2304.77 2723.46 514.39
GDD30◦C+ 45.04 7.94 27.64 67.35 49.66
GDD8−32◦C 2327.88 1906.03 2325.49 2767.09 536.48
GDD32◦C+ 17.35 1.16 6.92 22.81 26.12
Precp<42 0.48 0.00 0.00 0.00 2.16
Precp>42 21.44 9.48 19.43 30.56 15.87
Precp<58.8 4.45 0.00 0.00 7.32 7.15
Precp>58.8 8.61 0.00 2.63 13.76 12.22

Location

Longitude �87.55 �93.71 �87.49 �82.32 7.24
Latitude 37.74 34.25 37.87 41.17 4.64

Notes: The crop yield data are measured in metric ton per hectare and
obtained from United States Department of Agriculture (USDA)â��s Na-
tional Agricultural Statistics Service (NASS). The historical weather data
come from Schlenker & Roberts (2009). Precipitation variables are mea-
sured in cm. Location information including longitude and latitude (in
decimal degree) of centroid of a county are obtained from United States
Census Bureau.
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Table A2. Summary Statistics of Future Climate Variables (2048-2052)

Variable Mean 1st Qu. Median 3rd Qu. Sd

Had RCP 4.5

GDD8−29◦C 2711.52 2377.30 2718.05 3092.68 463.27
GDD29◦C+ 235.04 129.68 217.77 336.95 133.33
GDD8−30◦C 2760.79 2410.83 2764.06 3157.38 484.28
GDD30◦C+ 185.76 96.14 169.76 269.43 112.38
GDD8−32◦C 2838.36 2459.53 2840.45 3264.41 520.91
GDD32◦C+ 108.20 46.86 94.41 159.79 75.68
Precp<42 1.68 0.00 0.00 0.00 5.24
Precp>42 15.81 3.13 13.58 25.73 14.25
Precp<58.8 8.04 0.00 3.22 13.67 10.50
Precp>58.8 5.36 0.00 0.00 8.93 9.34

Had RCP 8.5

GDD8−29◦C 2787.25 2497.34 2823.48 3154.08 440.04
GDD29◦C+ 291.46 162.23 276.67 422.87 158.67
GDD8−30◦C 2842.42 2536.96 2878.16 3228.38 461.81
GDD30◦C+ 236.30 122.95 220.58 347.86 136.99
GDD8−32◦C 2930.68 2597.53 2967.42 3349.32 499.96
GDD32◦C+ 148.03 63.69 130.94 226.27 98.84
Precp<42 1.21 0.00 0.00 0.00 3.92
Precp>42 15.41 3.96 13.31 23.49 13.52
Precp<58.8 7.39 0.00 3.49 12.84 9.27
Precp>58.8 4.79 0.00 0.00 6.69 8.86

Nor RCP 4.5

GDD8−29◦C 2511.52 2164.67 2506.32 2899.57 463.96
GDD29◦C+ 130.36 53.01 104.71 195.09 95.79
GDD8−30◦C 2545.63 2183.63 2537.35 2950.07 482.36
GDD30◦C+ 96.25 34.27 74.14 144.68 77.42
GDD8−32◦C 2594.20 2205.76 2576.92 3023.01 512.50
GDD32◦C+ 47.68 11.87 32.78 69.85 46.90
Precp<42 0.53 0.00 0.00 0.00 2.64
Precp>42 21.91 11.72 21.17 30.61 13.71
Precp<58.8 3.72 0.00 0.00 5.08 7.07
Precp>58.8 8.31 0.00 4.37 13.81 10.30

Nor RCP 8.5

GDD8−29◦C 2684.69 2347.11 2691.82 3085.11 463.69
GDD29◦C+ 199.74 91.92 167.60 272.45 139.61
GDD8−30◦C 2729.30 2373.22 2733.87 3148.34 484.64
GDD30◦C+ 155.14 64.36 125.73 209.11 119.02
GDD8−32◦C 2796.71 2410.21 2794.98 3245.96 520.60
GDD32◦C+ 87.73 27.84 63.24 116.43 83.01
Precp<42 1.08 0.00 0.00 0.00 4.14
Precp>42 22.06 9.56 19.58 31.44 16.76
Precp<58.8 5.14 0.00 0.00 7.24 9.07
Precp>58.8 9.32 0.00 2.78 14.64 12.96

Notes: Predicted future climate data come from two global climate mod-
els (i.e., HadGEM2-ES365 and NorESM1-M) under warming scenarios
RCP4.5 and RCP8.5. Had RCP 4.5 (8.5) and Nor RCP 4.5 (8.5) stand
for the climate model HadGEM2-ES365 and NorESM1-M under warming
scenario RCP 4.5 (8.5), respectively.
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Table A3. Estimates of the Responsiveness of US Crop Yields to Climate Change Using Fixed

E�ect Panel Model

Spatial Varying Spatial-invariant

Mean 1st Qu. Median 3rd Qu. Point Estimate

Corn

GDD8−29◦C 0.0027 0.0013 0.0032 0.0053 0.0032
(0.0026, 0.0029) (8e�04, 0.0014) (0.0031, 0.0034) (0.0051, 0.0055) (0.0025, 0.0038)

GDD29◦C+ �0.0737 �0.0931 �0.075 �0.0459 �0.0665
(�0.0744, �0.0737) (�0.0955, �0.0926) (�0.0774, �0.0733) (�0.0477, �0.0415) (�0.074, �0.0587)

Precp<42 �0.1222 �0.242 �0.1177 �0.0159 �0.1333
(�0.1559, �0.0948) (�0.2585, �0.2389) (�0.1343, �0.1056) (�0.036, 0.0085) (�0.1775, �0.0898)

Precp>42 �0.0105 �0.0246 �0.01 0.0038 �0.0197
(�0.0114, �0.009) (�0.0263, �0.0226) (�0.0107, �0.008) (0.0023, 0.0055) (�0.0253, �0.0148)

Time Trend 0.2756 0.2128 0.2554 0.3182 0.2511
(0.2737, 0.2812) (0.2063, 0.215) (0.252, 0.2644) (0.3158, 0.3249) (0.2337, 0.2639)

Time Trend^2 �0.0013 �0.0019 �0.0012 �6.00E�04 �0.0012
(�0.0014, �0.0012) (�0.002, �0.0018) (�0.0013, �0.0012) (�7e�04, �5e�04) (�0.0014, �0.001)

Soybean

GDD8−30◦C 0.0042 0.0028 0.0042 0.0059 0.0046
(0.0041, 0.0044) (0.0026, 0.0029) (0.0041, 0.0045) (0.0058, 0.0061) (0.0041, 0.0051)

GDD30◦C+ �0.0653 �0.0779 �0.0624 �0.0446 �0.0574
(�0.0669, �0.0647) (�0.0798, �0.0772) (�0.0643, �0.0615) (�0.0456, �0.0423) (�0.0623, �0.051)

Precp<42 �0.2179 �0.3555 �0.1807 �0.0418 �0.1182
(�0.2507, �0.1664) (�0.3908, �0.3248) (�0.1973, �0.1797) (�0.0576, �0.0233) (�0.1491, �0.0805)

Precp>42 0.0079 �0.0095 0.008 0.021 �0.0025
(0.0072, 0.0097) (�0.0111, �0.0085) (0.0079, 0.0092) (0.0192, 0.0232) (�0.0072, 0.0018)

Time Trend 0.1232 0.0208 0.1149 0.1684 0.1118
(0.1243, 0.1246) (0.0143, 0.0312) (0.1156, 0.1178) (0.1684, 0.1684) (0.0923, 0.1305)

Time Trend^2 0.0000 �7.00E�04 0.0000 0.0012 2.00E�04
(0.0000, 0.0000) (�7e�04, �7e�04) (�1e�04, 0) (0.0011, 0.0013) (�1e�04, 5e�04)

Cotton

GDD8−32◦C 0.0052 0.0022 0.0048 0.0083 0.0052
(0.0051, 0.0055) (0.0016, 0.0026) (0.0044, 0.0054) (0.0082, 0.0089) (0.0041, 0.0063)

GDD32◦C+ �0.08 �0.0961 �0.0723 �0.0564 �0.059
(�0.084, �0.0789) (�0.1016, �0.0946) (�0.0753, �0.0725) (�0.0602, �0.0546) (�0.0661, �0.0523)

Precp<58.8 �0.0017 �0.0361 �4.00E�04 0.0457 0.0288
(�0.0107, 0.0099) (�0.0597, �0.0262) (�0.0155, 0.016) (0.0401, 0.0569) (0.0089, 0.0426)

Precp>58.8 �0.0412 �0.0565 �0.0313 �0.0128 �0.0279
(�0.0441, �0.0358) (�0.0624, �0.0495) (�0.0355, �0.0263) (�0.0149, �0.0067) (�0.0369, �0.0171)

Time Trend 0.0673 �0.0217 0.0478 0.1503 0.016
(0.0541, 0.0822) (�0.0438, �0.0025) (0.0221, 0.0599) (0.1259, 0.1734) (�0.0239, 0.0497)

Time Trend^2 0.0014 1.00E�04 0.0013 0.0026 0.002
(0.0012, 0.0016) (�2e�04, 2e�04) (0.0011, 0.0017) (0.0024, 0.0029) (0.0015, 0.0026)

Notes: The left panel summarizes point estimates of the responsiveness of US crop yields to climate change from �xed
e�ect panel model. The right panel reports their counterparts from a �xed-coe�cient spatial-invariant alternative. The
corresponding two-sided 95% bias-corrected con�dence intervals are reported in parentheses. Regressions are weighted
by the crop harvested acreage. Reported estimates equal to the original estimates ×10.
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Table A4. Estimates of the Responsiveness of US Corn and Soybean Yields to Climate Change

Spatial-and-temporal Varying Spatial-invariant

Mean 1st Qu. Median 3rd Qu. Point Estimate

Corn

α∗
(a,c)(si) �1.0536 �2.4203 �1.0077 0.1474 �2.1455

(�1.204, �0.749) (�2.594, �2.1874) (�1.4621, �0.5334) (�0.0485, 0.6484) (�2.5433, �1.7337)
βa(si) for GDD8−29◦C 0 �6.00E�04 �2.00E�04 6.00E�04 0.0011

(�4e�04, 2e�04) (�0.001, �3e�04) (�6e�04, �1e�04) (2e�04, 8e�04) (6e�04, 0.0017)
βa(si) for GDD29◦C+ �0.0061 �0.0127 �0.0049 �2.00E�04 �0.0157

(�0.0066, �0.0045) (�0.0141, �0.0089) (�0.0064, �0.0021) (�0.0013, 0.0024) (�0.0193, �0.0126)
βa(si) for Precp<42 0.0259 �0.2703 �0.042 0.3824 �0.0246

(�0.0702, 0.0842) (�0.355, �0.1427) (�0.0726, �0.0254) (0.3116, 0.4886) (�0.0507, 0.0024)
βa(si) for Precp>42 0.0029 �0.0016 0.0015 0.0068 0.0036

(8e�04, 0.0043) (�0.0043, 0.0016) (�0.0012, 0.0035) (0.0042, 0.0081) (�5e�04, 0.0084)
β∗

(a,c)(si) for GDD8−29◦C 1.00E�04 �6.00E�04 0 8.00E�04 7.00E�04
(�1e�04, 1e�04) (�9e�04, �5e�04) (�4e�04, 1e�04) (7e�04, 0.001) (5e�04, 0.001)

β∗
(a,c)(si) for GDD29◦C+ �0.0048 �0.0089 �0.0033 �4.00E�04 �0.0117

(�0.0051, �0.0038) (�0.0095, �0.0072) (�0.0037, �0.0018) (�0.0011, 0.0017) (�0.0136, �0.0098)
β∗

(a,c)(si) for Precp<42 �0.084 �0.2587 �0.0753 0.0519 �0.0463
(�0.1342, �0.0565) (�0.3139, �0.1932) (�0.0971, �0.0739) (0.0197, 0.1148) (�0.0764, �0.0132)

β∗
(a,c)(si) for Precp>42 0.0034 �0.0019 0.0013 0.0072 0.0037

(6e�04, 0.0049) (�0.0051, 4e�04) (�0.0019, 0.0032) (0.0047, 0.0087) (�4e�04, 0.0075)

Soybean

α∗
(a,c)(si) �1.4195 �1.8844 �1.3741 �0.9402 �1.7621

(�1.5741, �1.2344) (�2.1735, �1.6956) (�1.4987, �1.118) (�1.083, �0.7101) (�2.0851, �1.4451)
βa(si) for GDD8−30◦C 7.00E�04 2.00E�04 7.00E�04 0.0012 8.00E�04

(3e�04, 0.0011) (�2e�04, 8e�04) (3e�04, 0.0012) (5e�04, 0.0017) (2e�04, 0.0014)
βa(si) for GDD30◦C+ �0.0111 �0.0152 �0.0097 �0.0075 �0.0134

(�0.0142, �0.0083) (�0.0211, �0.0116) (�0.012, �0.0067) (�0.0101, �0.0048) (�0.0176, �0.0097)
βa(si) for Precp<42 �0.0846 �0.1385 �0.1059 �0.0346 �0.0204

(�0.1212, �0.0162) (�0.176, �0.0861) (�0.1454, �0.0632) (�0.0688, 0.0221) (�0.0813, 0.0331)
βa(si) for Precp>42 0.0025 7.00E�04 0.0027 0.004 0.0026

(�4e�04, 0.0053) (�0.0017, 0.0055) (�5e�04, 0.0065) (0.001, 0.0076) (�0.0011, 0.006)
β∗

(a,c)(si) for GDD8−30◦C 4.00E�04 1.00E�04 3.00E�04 6.00E�04 6.00E�04
(3e�04, 5e�04) (0, 2e�04) (2e�04, 4e�04) (5e�04, 8e�04) (4e�04, 7e�04)

β∗
(a,c)(si) for GDD30◦C+ �0.006 �0.0088 �0.0052 �0.0032 �0.0085

(�0.0079, �0.0045) (�0.0121, �0.0072) (�0.0061, �0.0034) (�0.0046, �0.0011) (�0.0109, �0.0058)
β∗

(a,c)(si) for Precp<42 �0.0426 �0.1034 �0.0569 0 �0.0059
(�0.0744, 0.0069) (�0.1359, �0.069) (�0.0893, �0.0062) (�0.0206, 0.0312) (�0.0329, 0.0317)

β∗
(a,c)(si) for Precp>42 0.0024 0.0012 0.0025 0.0038 0.0028

(�4e�04, 0.0052) (�0.0018, 0.0054) (�3e�04, 0.0058) (0.0011, 0.0062) (�0.0013, 0.0062)

Notes: The left panel summarizes point estimates of the responsiveness of US corn and soybean yields to climate change from spatial-
and-temporal varying long di�erences model. The right panel reports their counterparts from a �xed-coe�cient spatial-invariant
alternative. The corresponding two-sided 95% bias-corrected con�dence intervals are reported in parentheses. We select two �ve-year
periods that are 57-year apart (i.e., the �rst period a is 1958-1962 and the second period c is 2015-2019). Regressions are weighted by
the crop harvested acreage in 1960.
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Table A5. Estimates of the Responsiveness of US Cotton Yields to Climate Change

Spatial-and-temporal Varying Spatial-invariant

Mean 1st Qu. Median 3rd Qu. Point Estimate

Cotton

α∗
(a,c)(si) �1.3368 �1.816 �1.2851 �0.839 �1.8621

(�1.8435, �0.4046) (�2.4654, �0.7561) (�1.8169, �0.2703) (�1.5672, 0.0828) (�2.8421, �0.8293)
βa(si) for GDD8−−32oC 0.0012 0.0014 0.0015 0.0016 0.001

(5e�04, 0.0017) (0.001, 0.0021) (0.001, 0.0023) (9e�04, 0.0021) (0, 0.0021)
βa(si) for GDD32◦C+ �0.0037 �0.007 �0.0039 �0.003 �0.0019

(�0.0088, 4e�04) (�0.0138, �0.0024) (�0.0087, 9e�04) (�0.0082, 0.0016) (�0.0095, 0.0067)
βa(si) for Precp<58.8 0.022 0.0172 0.0198 0.0312 �0.0013

(0.0068, 0.0472) (0.0043, 0.034) (0.0044, 0.0424) (0.015, 0.0664) (�0.0232, 0.0159)
βa(si) for Precp>58.8 �0.0023 �0.0033 �0.0024 �0.0012 �0.003

(�0.0059, 0.0028) (�0.0069, 0.0022) (�0.0059, 0.003) (�0.0059, 0.0032) (�0.0086, 0.0033)
β∗

(a,c)(si) for GDD8−−32oC 2.00E�04 1.00E�04 2.00E�04 4.00E�04 4.00E�04
(�1e�04, 4e�04) (�3e�04, 4e�04) (�1e�04, 5e�04) (0, 7e�04) (1e�04, 8e�04)

β∗
(a,c)(si) for GDD32◦C+ �0.0017 �0.0037 �0.0012 1.00E�04 �0.0044

(�0.0053, 0.002) (�0.0062, 0) (�0.0041, 0.0032) (�0.0054, 0.0055) (�0.0088, �6e�04)
β∗

(a,c)(si) for Precp<58.8 0.0297 0.0298 0.0329 0.0399 0.0048
(0.0138, 0.0528) (0.0181, 0.048) (0.0188, 0.0543) (0.0249, 0.0754) (�0.0209, 0.0293)

β∗
(a,c)(si) for Precp>58.8 �7.00E�04 �0.0024 �0.0012 6.00E�04 �0.0018

(�0.004, 0.0045) (�0.0059, 0.0023) (�0.0044, 0.0039) (�0.0043, 0.0053) (�0.0077, 0.0049)

Notes: The left panel summarizes point estimates of the responsiveness of US cotton yields to climate change from spatial-and-temporal
varying long di�erences model. The right panel reports their counterparts from a �xed-coe�cient spatial-invariant alternative. The
corresponding two-sided 95% bias-corrected con�dence intervals are reported in parentheses. We select two �ve-year periods that are
57-year apart (i.e., the �rst period a is 1958-1962 and the second period c is 2015-2019). Regressions are weighted by the crop harvested
acreage in 1960.
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Table A6. Estimated Projection of Future Climate Change on Crop Yields

Model Corn Soybean Cotton

Had RCP 4.5

Spatial�invariant, Temporal�varying �32.08 �36.18 77.24
(�49.64, �8.46) (�55.26, �12.34) (�11.27, 269.71)

Spatial�varying, Temporal�invariant �94.57 �94.72 �77.45
(�95.94, �93.24) (�97.25, �92.53) (�91.04, �66.11)

Spatial�invariant, Temporal�invariant �88.29 �88.67 �14.75
(�94.35, �74.52) (�95.06, �73.08) (�76.73, 434.1)

Had RCP 8.5

Spatial�invariant, Temporal�varying �40.98 �47.26 107.97
(�60.67, �11.88) (�68.43, �17.01) (�25.85, 483.21)

Spatial�varying, Temporal�invariant �97.67 �98.03 �93.85
(�98.4, �96.89) (�99.22, �96.65) (�98.41, �89.02)

Spatial�invariant, Temporal�invariant �95.13 �96.17 �54.7
(�98.13, �85.99) (�98.82, �86.88) (�91.94, 613.94)

Nor RCP 4.5

Spatial�invariant, Temporal�varying �11.04 �13.57 25.29
(�19.78, �1.11) (�24.4, �3.45) (�3.3, 62.93)

Spatial�varying, Temporal�invariant �55.66 �46.77 �42.76
(�60.13, �53.28) (�56.47, �39.85) (�58.68, �35.09)

Spatial�invariant, Temporal�invariant �28.29 �37.62 �4.44
(�44.97, �5.62) (�53.67, �17.51) (�39.24, 83.28)

Nor RCP 8.5

Spatial�invariant, Temporal�varying �26.09 �30.52 49.02
(�42.38, �4.93) (�49.81, �8.57) (�3.14, 129.45)

Spatial�varying, Temporal�invariant �85.11 �83.5 �44
(�88.73, �81.87) (�90.62, �77.4) (�67.55, �25.23)

Spatial�invariant, Temporal�invariant �68.3 �76.33 21.54
(�83.12, �38.2) (�88.68, �50.07) (�46.56, 374.35)

Notes: The table reports the weighted average projection of future climate change on crop yields using the regres-
sion results from three long di�erences model: (i) model with spatial-invariant, temporal-varying coe�cients; (ii)
model with spatial-varying, temporal-invariant coe�cients; (iii) model with spatial-invariant, temporal-invariant
coe�cients. We use predicted future climate data from two global climate models (i.e., HadGEM2-ES365 and
NorESM1-M) under warming scenarios RCP4.5 and RCP8.5. Had RCP 4.5 (8.5) and Nor RCP 4.5 (8.5) stand
for the climate model HadGEM2-ES365 and NorESM1-M under warming scenario RCP 4.5 (8.5), respectively.
The corresponding two-sided 95% bias-corrected con�dence intervals are reported in parentheses. We compute
the log change in crop yields due to future climate change via ∆ŷi(c,d) = β̂c(si)∆zi(c,d), where β̂c(si) measures
the responsiveness of crop yield to climate change in period c, ∆zi(c,d) is the di�erence of climate variable
between period c and period d. We convert the change in log yield to the percentage change in yield using the

formula
(
e−β̂c(si)∆zi(c,d) − 1

)
× 100%. We select two �ve-year periods that are 57-year apart (i.e., the �rst

period a is 1958-1962 and the second period c is 2015-2019). Weighted mean is calculatedÂ using the crop
harvested acreage in 2017.
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