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Abstract

Temporal evolution of extreme temperature effects on agriculture is important for understand-

ing adaptation to climate change but has not been sufficiently studied. This study examines

the time-varying impacts of extreme temperatures on Chinese agriculture over 1981 to 2010.

We estimate a period-specific panel regression model using nationwide county-level agriculture

production data combined with fine-scale meteorological data. There are two primary findings.

First, crop yields have become more heat-resilient over time. The impact of a daily exposure to

extreme temperatures on corn and soybean yields in the post-1996 period is 40% to 50% less

than that in the pre-1996 period. Second, estimation of marginal adaptation effects of inputs

points to irrigation as the central input for adaptation among the inputs that can be observed in

our data. The expansion of irrigation coverage over time accounts for 25% to 30% of the decline

in the extreme temperature impacts.
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1 Introduction

Agriculture is one of the most vulnerable sectors to climate change. The impacts of climate

change on agriculture have important implications for food security and relevant well-beings, es-

pecially in developing countries in which agriculture is a fundamental source of income. Although

literature accumulates on the link between weather and agricultural outcomes (e.g. Mendelsohn

et al., 1994; Deschênes and Greenstone, 2007; Schlenker and Roberts, 2009; Burke and Emerick,

2016; Chen et al., 2016; Zhang et al., 2017), studies of temporal evolution of agricultural sen-

sitivity to temperature extremes remain limited. If extreme temperature effects on agricultural

outcomes declined over time, estimates of temperature sensitivity in the earlier period may over-

estimate climate-change impacts in the future. Therefore, understanding the temporal evolution

of relationship between temperature and agricultural outcomes helps develop reliable estimates

of the costs of climate change and identify solutions that moderate the risks imposed by such

change.

This study examines the temporal evolution of the temperature-yield relationship in the

world’s most populous country and provides evidence of a significant decline in extreme tem-

perature impacts on yields that is larger than those found in the previous literature (Schlenker

and Roberts, 2009; Roberts and Schlenker, 2011; Bleakley and Hong, 2017; Ortiz-Bobea et al.,

2018). The decline in extreme temperature impacts on yields that is driven by input adjustment

reflects the effect of adaptation to extreme weather conditions. According to the Intergovern-

mental Panel on Climate Change (IPCC, 2007), adaptation is about behavioral adjustments

made by economic agents in response to actual or expected change of weather conditions, which

moderates harm or exploits beneficial opportunities.

The essence of adaptation is adjustments of inputs (Shrader, 2021). Inputs of Chinese agri-

culture have been dramatically improved since 1980s, as part of the modernization campaign

since which the Chinese government has encouraged construction of irrigation projects, mech-

anization and fertilizer use (OECD, 2013). In particular, after 1996, a number of agricultural

policies are collectively designed to achieve a food self-sufficiency objective set in 1996 (The

State Council of China, 1996). For example, agricultural subsidies aiming to replace tradi-

tional labor-intensive methods of farming with modern mechanized production systems, may

increase productivity and reduce production vulnerability to extreme heat (Huang et al., 2013).

Motivated by the fact that the self-sufficiency objective may stimulate agricultural investment

intensively after 1996, we compare the extreme temperature impacts on yields after 1996 with

that before 1996 to quantify the adaptation effect during the period of 1981 to 2010.
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The decline in extreme temperature effects over time captures benefits of ex post adaptation

to experienced weather holding ex ante adaptation fixed. In this paper, ex ante adaptation is

defined as input adjustments that are made before weather realizes, while ex post adaptation

is defined as input adjustments that are made after weather realizes. To illustrate how panel

fixed effect model captures ex post adaptation effects, we build a theoretical model where a

representative farmer chooses inputs to maximize profits after weather realizes conditioning on

adaptive capital determined before weather realizes. We show that weather realizations identify

a combination of ex post adaptation effect and direct effect of weather conditional on ex ante

adjustments of inputs made in expectation of weather.1

With the aid of a thirty-year (1981-2010) county-level agricultural production data and a

fine-scale meteorological data, this research is one of the most comprehensive studies of the

temporal evolution of temperature-yield relationship in the developing world. We focus on the

yields of corn and soybean, two major grain crops that account for more than 20% of cropland in

China and are important raw materials for edible oil making and livestock feed. As China has the

world’s largest agricultural economy and is a major importer of feed grains (Food Agricultural

Organization, 2012), adaptation effect implied by the decline in temperature sensitivity is crucial

for evaluating the risks imposed to domestic food security and the global grain market by climate

change.

The empirical analysis is divided into three parts. The first part documents the decline in

the extreme temperature impacts on crop yields by estimating a period-specific panel fixed effect

model. We primarily find the impacts of 100-day exposure to extreme high temperatures (mea-

sured by degree days above an endogenously-selected temperature threshold–28 ℃ for corn and

26 ℃ for soybean) on corn and soybean yields in 1996 to 2010 is 40%-50% less than that in the

period of 1981 to 1995. This results in a loss reduction by about 12% of the national corn pro-

duction (15.5 million tons) and 7% of national soybean production (1.1 million tons) compared

to the scenario in which pre-1996 extreme temperature impacts on crop yields prevailed.

The second part of the analysis aims to uncover adaptations through use of inputs that may

mute the temperature-yield relationship by estimating marginal adaptation effects of agricultural

inputs. The data allows us to investigate four inputs–irrigation, fertilizer, agricultural machinery

and electricity. We estimate an augmented panel model with temperature-input interactions

where the temporal change in inputs is interacted with all the temperature variables. The

empirical results point to irrigation as the only effective adaptive input. Irrigation expansion

1 For example, given ex ante inputs such as seed variety and irrigation infrastructure that are determined before
the growing season, farmers can adjust inputs in response to the actual weather shock such as spraying water on
crops to lower the canopy temperature.
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is associated with a significant reduction in yield losses due to extremely high temperatures.

By contrast, we find that the use of fertilizer, agricultural machinery and electricity are not

statistically related to reductions in heat-related yield losses. Due to data limitation, instead of

observing water used for irrigation, we observe irrigation coverage or the proportion of arable land

effectively irrigated, which serves as a measure about irrigation capital stock that is determined

by farmers ex ante. Based on the reasonable assumption that irrigation capital (e.g., pipelines,

drainage ditches, wells and dams) facilitates use of irrigation water after weather realization, we

use irrigation coverage as a proxy for the quantity of irrigation water.

Quasi-experimental variation in irrigation is not available, imposing an upward bias on the es-

timation of the irrigation effect if irrigation co-varies with other temperature-directed adaptation

strategies (e.g., heat-resilient seed varieties). Province-by-year fixed effects and county-specific

time trends are included in the augmented model to control for unobserved factors that are

confounded with the adaptation effects of inputs. Three additional results lend credibility to the

findings on the adaptation effects of irrigation. First, the temporal change in irrigation is neg-

atively correlated with the temporal change in extreme temperature variables, suggesting that

change in irrigation over time is less likely to be driven by extreme temperatures and to co-vary

with uncontrolled temperature-directed adaptations. Second, irrigation does not affect the yield

consequences of exposure to low temperatures, suggesting that irrigation expansion is not coin-

cident with factors that determine the overall yields. Third, the estimation of irrigation effect

is robust to a model including parametric proxies for confounding factors. Temperature-by-year

trends that are generated by the interactions of the year with all the temperature variables

control for unobserved factors that may lead to a smooth reduction in agricultural sensitivity

to extreme temperatures. The interactions between temperature change and the change in eco-

nomic development indicators such as GDP and cargo quantities shipped by road (a proxy for

infrastructure development) control for factors that may affect input adjustments. As we cannot

rule out all the sources of bias, we only claim the association between irrigation expansion and

temperature sensitivity reduction as suggestive evidence for the adaptation effect of irrigation.

Following the second part estimating marginal adaptation effect of irrigation, the third part

of the empirical analysis quantifies the contribution of irrigation expansion to the decline in tem-

perature sensitivity, which is calculated by the product of marginal adaptation effect of irrigation

and change in the penetration rate. By examining the heterogeneous adaptation effects by the

extent of irrigation expansion, we find that only counties with an increase in irrigation coverage

experienced a significant decline in agricultural sensitivity to extreme temperatures, suggest-

ing that irrigation is an important driver for the decline in the temperature sensitivity. The
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estimated marginal adaptation effect of irrigation and average change in irrigation penetration

suggest that expansion of irrigation coverage over time accounts for 25% to 30% of the decline

in extreme temperature impacts. We speculate that the unexplained part may be generated by

other adaptation strategies that cannot be observed due to data limitation such as technology

advancement.

This paper mainly contributes to the literature on adaptation to climate change in the fol-

lowing aspects. First, it contributes to the literature on estimating the overall adaptation effects

that has been conducted with two approaches recently (Shrader, 2021). Following Dell et al.

(2009), the first approach has estimated the overall adaptation effects by comparing responses of

outcome variables to high-frequency weather variation (e.g., year-to-year variation) with those

to low-frequency weather variation (e.g., decade-to-decade variation or cross-sectional weather

average).2 The most recent development of the first approach compares panel estimates with

long-difference estimates to quantify adaptation effects (Burke and Emerick, 2016; Chen and

Gong, 2021). The second approach is comparing estimates derived from high-frequency varia-

tion in weather realization across subsamples with different characteristics (e.g., cooler versus

hotter areas or earlier versus later period).3 There have been attempts to quantify agricul-

tural adaptation in the U.S. by examining evolution of agricultural sensitivities to extreme high

temperatures over time but little evidence of decline in temperature sensitivity has been found

(Schlenker and Roberts, 2009; Roberts and Schlenker, 2011; Ortiz-Bobea et al., 2018; Bleakley

and Hong, 2017).4

We adopted the second approach, which has two major advantages over the long difference

approach. First, the long difference approach may underestimate the adaptation effects if the

panel estimates already incorporate some degree of adaptation effects, which is the exact finding

of this paper.5 Second, it is less straightforward in practice for the long difference approach

which estimates the without-adaptation effects and with-adaptation effects separately to quantify

contributions of potential mechanisms to the overall adaptation effects. Chen and Gong (2021)

2 The intuition is that high-frequency variation in weather identifies without-adaptation effects of climate change
(direct effects) while low-frequency variation in weather identifies with-adaptation effects (a combination of direct
effects and adaptation effects) (Shrader, 2021). Therefore, the difference between the two can be used to estimate
adaptation effects. The recent literature using this approach includes Dell et al. (2009, 2012), Butler and Huybers
(2013), Schlenker et al. (2013), Moore and Lobell (2014), Burke and Emerick (2016), and Bento et al. (2020).

3 Literature using the second approach to estimate adaptation effect for topics other than agriculture includes
Barreca et al. (2016), Auffhammer (2018), and Carleton et al. (2021).

4 Bleakley and Hong (2017) is an exception among the literature estimating adaptation effect using temporal
evolution of temperature impacts. It documents the temperature sensitivity of farm value in the US of the 20th
century was significantly lower than that in the 19th century but does not show how the farm value had evolved
within the 20th century while others studying the same topic only focus on the temporal evolution of extreme
temperature effects since the 20th century.

5 The underestimation will be more salient if ex post adaptation strategies such as pumping underground water
for irrigation in a hot year are not available in the long run due to depleted resources (Fisher et al., 2012; Burke
and Emerick, 2016; Lemoine, 2021).
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finds that input usage (labor, fertilizer, and machinery) is less affected by extreme heat in

the long run than in the short run, which is argued as a mechanism for adaptation effects.

However, they do not quantify the extent to which input adjustments contribute to the overall

adaptation effect. Lack of knowledge on adaptation benefits of input adjustments prevents

policy makers from identifying effective adaptation strategies. Our paper adopts a unifying

approach with a single augmented panel model that just includes interactions between inputs

and temperature variables. We provide evidence of the marginal adaptation effect of each input

and the corresponding contribution to the overall adaptation effect.

Second, this paper contributes to the literature on specific adaptation strategies. An emerg-

ing literature has focused on farmers’ adjustments of inputs in response to short-run temperature

shocks in developing countries but lacks formal evaluations on how those input adjustments mod-

erate the extreme temperature impacts (Aragon et al., 2021; Jagnani et al., 2020; Cui and Xie,

2021).6 This paper adds to the literature by estimating marginal adaptation effects of inputs and

their contributions to the overall adaptation effects. Especially, our paper provides evidence for

the importance of irrigation in adaptation to temperature extremes, which has not been formally

documented in the literature. Taraz (2017) and Fishman (2018) focus on the use of irrigation

as adaptation to precipitation shocks. Tack et al. (2017) and Zaveri and Lobell (2019) find

that temperature sensitivity of yields in irrigated farming areas is lower than that in the pure

rain-fed farming areas. The major difference between this study and those by Tack et al. (2017)

and Zaveri and Lobell (2019) is that they focus on a cross-sectional comparison of temperature

sensitivity across areas with different irrigation coverage while we use a longitudinal change in

temperature sensitivity that varies by extent of irrigation change. The longitudinal variation

allows us to restrict the correlation between irrigation adoption and unobserved confounding

factors.

Third, this study contributes to the literature evaluating the capability of panel model in

terms of estimating adaptation effects. It is assumed by default that adaption should be made ex

ante in anticipation to future altered climate. Panel model relies on weather fluctuations rather

than climate differences whereby literature argues that panel model cannot identify adaptation

effects (Deschênes and Greenstone, 2007; Dell et al., 2014; Kolstad and Moore, 2020; Lemoine,

2017, 2021; Shrader, 2021). However, this paper provides evidence that adaptation can be made

ex post in response to weather shocks and panel model identifies a combination of without-

6 Earlier relevant studies quantified how farmers adapt to their current climate in developing countries by comparing
choices of inputs and farming methods in one climate zone versus another (Kurukulasuriya and Mendelsohn,
2008a,b,c; Wang et al., 2010; Haigh et al., 2015; Huang et al., 2015) and factors that impact farmers’ adaptation
decisions (Bryan et al., 2009; Di Falco et al., 2011; Di Falco and Veronesi, 2013; Di Falco, 2014). The estimation
in this earlier literature is mainly derived from cross-sectional variation in average weather, which is the major
difference from the most recent emerging literature.
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adaptation effects of extreme temperatures and ex post adaptation effects given ex ante adapta-

tion fixed.7 This shares the idea of adaptation with air conditioning in the aspect of heat-related

mortality (Barreca et al., 2016) and amelioration behavior after the state of environmental qual-

ity realizes (Graff-Zivin and Neidell, 2013). The finding in our paper implies that panel model

may understate the direct effects of extreme temperatures without considering the temporal

evolution of the direct effects.

The remainder of the paper is organized as follows. Section 2 introduces agricultural policies

that promote adaptation after 1996 as the background of the study. Section 3 introduces a

conceptual framework that explains how ex post adaptation effects can be identified. Section

4 describes the data sources and reports the summary statistics. Section 5 presents the econo-

metric models used to examine the temporal evolution of the temperature-yield relationship

and contributions of input adjustments to the decline in the temperature sensitivity of yields.

Section 6 reports the results from fitting the models in Section 5. Section 7 concludes.

2 Background

This section introduces several policies launched after 1996 to encourage investments on agricul-

ture and may improve agricultural adaptation (i.e., 1996 marks the starting year of the change in

the temperature–yield relationship). In 1996, the Chinese government set an objective for grain

self-sufficiency, aiming to satisfy a minimum of 95% of domestic consumption of rice, wheat,

corn, coarse grains, soybeans and potatoes through domestic production (The State Council of

China, 1996; Hyde and Syed, 2014). This state objective stems from the Chinese government’s

view that China’s food security is best maintained by meeting its domestic food demand with

domestically produced food, thereby minimizing its reliance on international markets. While

the target explicitly focuses on these crops, the production of other food is generally supported

by a range of other policies (Hyde and Syed, 2014; Siebert et al., 2014).

The self-sufficiency objective is one of the main reasons why the Chinese government inter-

venes in China’s agricultural market. Self-sufficiency is supported by market price support and

agricultural subsidies that encourage agricultural production. Price support refers to a minimum

purchase price set by the Chinese government for each targeted crop (OECD, 2005, 2013), which

is shown to increase monthly average prices and reduce the price volatility (Li and Chavas, 2018).

Therefore, price support may increase farmers’ income and stimulate investment on agriculture.

7 Another approach to show panel model with fixed effects and nonlinear weather effects can capture adaptation
effects is presented in Merel and Gammans (2021) where adaptation effects enter in the form of "climate penalty"
term (a quadratic term of deviations of current weather from weather averages) added to a quadratic weather-
outcome relationship with fixed effects.
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Agricultural subsidies for private farmers are designed to improve uptake of modern agricul-

tural practices, thereby providing farmers with an incentive to adopt capital-intensive inputs

that may include adaptive inputs (OECD, 2013).8 Other subsidies known as awards are paid

directly to county governments in areas that have high grain production. These subsidies are

aimed to encourage public investment in both infrastructure and research to support production

(Gentzkow, 2013).

Although the policies supporting the national objective of food self-sufficiency are designed

to ensure food security and increase farmers’ income, rather than targeting climate change, they

may improve adaptation to extreme weather conditions because they encourage the adoption

of more efficient agricultural inputs such as fertilizer, irrigation and agricultural machinery.

Understanding how input utilization driven by these agricultural policies moderates extreme

temperature impacts is thus important for developing effective adaptive strategies.

3 Conceptual Framework

3.1 Identifying Ex post Adaptation

In this section, we present the theoretical framework used to formalize how temporal evolution

of extreme temperature impacts implies effect of adaptation to temperature extremes and the

relationship between ex ante adaptation and ex post adaptation, which helps us understand the

identification strategy for the ex post adaptation effect and the linkage between theory-predicted

input adjustment and the real input adjustment that can be observed in the data. The key factor

to understanding the relationship between ex ante adaptation and ex post adaptation is the

timing of adaptation. For extreme temperature shocks that occur after the start of the growing

season, farmers can adjust inputs in response to realization of extreme temperatures (e.g., using

irrigation water). Ex ante adaptive inputs can facilitate the use of ex post adaptive inputs. For

example, it is very costly to extract irrigation water after extreme temperature realizes unless

irrigation infrastructure (e.g., drainage ditches, wells, dams, canals) has been built up ex ante.

Consider a farmer producing a single type of crop on a unit parcel of land in year t. Con-

ditioning on the capital stock K∗ for adaptation, which is determined before weather realizes,

the farmer chooses input xt after weather realizes to maximize the profits in equality (1). The

yield is a function of realized weather wt during the growing season of year t, adaptive capital

8 An example is the "One Exemption and Three" policy. "One Exemption" refers to the exemption of agricultural
taxes. "Three Subsidies" refers to subsidies to farmers based on individual’s total planted area to increase their
income, subsidies for high-quality seed varieties and subsidies for the purchase of mechanized agricultural inputs.
The adaptation effect of adopting heat-resilient seed varieties cannot be explicitly investigated because of data
limitations. Hence, we use county-specific time trends in the panel model to account for the smooth change in
crop yields that may be driven by technology advancement including high-quality seeds.
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stock K and an adaptive flow input xt determined after weather wt realizes.9 The adaptive

capital stock K∗t (e.g., irrigation infrastructure) is ex ante adaptation input that is determined

before weather realizes while the flow input xt is ex post adaptive input that is determined after

weather realizes. Therefore, the farmer’s problem can be written as

max
xt

πt(K
∗
t , wt) = Pt · F (xt,K

∗
t (Et−1(wt)), wt)− Px,t · xt − PK,t ·K∗t (Et−1(wt)) (1)

The farmer choosesK∗t in year t−1 based on Et−1(wt) which is farmer’s expected weather of year

t conditional on information about the weather in all years up to and including the most recent

year t− 1.10 Pt, Px,t and PK,t denote the crop price and input prices. Assume that production

function F (x,K,w) is continuous, twice differentiable and concave. The marginal productivity

of the two inputs is assumed to be strictly decreasing. Ex ante adaptive capital Kt is assumed to

be complementary to ex post adaptive input xt such that F ′w < 0, F ′′wx > 0, F ′′wK > 0, F ′′xK > 0.11

Conditioning on a fixed K∗ and a realization of weather wt, the first order condition is

Pt · F ′x(xt,K
∗
t (Et−1(wt)), wt) = Px,t

The first-order condition clarifies that optimal x∗t is a function of realized weather wt and

ex ante input K∗. Differentiating the first order condition with respect to K∗t and wt, we can

show that ∂x∗t /∂wt > 0 given the ex ante adaptive input K∗t and dx∗t /dK
∗
t > 0 conditioning

on weather realization wt. The former implies that ex post adaptation is positively responsive

to rising temperatures and the latter suggests ex ante adaptation facilitates use of ex post

adaptation. The complementary relationship between ex ante and ex post adaptive inputs

provides a basis for using the change in the ex ante input as a proxy for the change in the ex

post input. This is applicable to estimating the adaptation effect of irrigation. In the data, we

can only observe irrigation coverage (i.e., the fraction of arable land that is irrigated) which is

a measure more about ex ante adaptation. The complementary relationship between irrigation

capital and irrigation water use allows us to use the change in irrigation coverage as a proxy for

ex post use of irrigation water.

Denote yt = F (x∗t (K
∗
t , wt),K

∗
t , wt) as realized crop yield at the optimal input level. The

9 As we aim to estimate effects of realized extreme temperatures during the growing season, seed variety and
cropping area are determined prior to weather realizations and therefore are not arguments of the realized
production function.

10 For a derivation of ex ante investment as a decision in anticipation of future weather conditions, see Lemoine
(2021)

11 F ′w = ∂F
∂w
, F ′′wx = ∂2F

∂w∂x
, F ′′wK = ∂2F

∂w∂K
, F ′′xK = ∂2F

∂x∂K
.
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aggregate effect of a temperature shock on crop yields can be expressed as

∂yt
∂wt

=
∂F

∂wt
+
∂F

∂x∗t

∂x∗t
∂wt

(2)

The first term is the direct effect of an extreme temperature shock without adaptation and the

second term is the ex post adaptation effect. The effect of weather realization is a combination of

the direct effect of realized weather without an adaptation effect and ex post adaptation effect.

This implies that the effect of weather realization on economic outcomes estimated through

a panel fixed effect model conditional on ex ante adaptation bounds the direct effect without

adaptation from above.

The adaptation effect consists of marginal adaptation effect of the ex post input (∂F/∂x∗)

and responsiveness of the ex post input to weather realization (∂x∗/∂w). Hence, mechanisms for

ex post adaptation are either a quantity change in inputs or a efficiency change in inputs in terms

of adapting to temperature extremes, which may be related to technological innovation (e.g., drip

irrigation is more efficient than sprinkler irrigation which is more efficient than surface irrigation).

Because we only observe agricultural inputs rather than technological innovation in the data, this

study aims to estimate the ex post adaptation effect through the mechanism of quantity change

in inputs. Our approach is to compare extreme temperature impacts on crop yields (∂y/∂w)

over time periods based on the assumption that the direct effect (∂F/∂w) remains constant

over time periods. We use a model specification of province-by-year fixed effects and local time

trends to account for the temporal change in technology that may affect the marginal adaptation

effects of inputs over time. In this way, we can disentangle the adaptation mechanism of change

in marginal adaptation effects over time from the mechanism of change in inputs quantity over

time.

Figure 1 illustrates the empirical strategy by depicting the evolution of temperature-yield

relationship over time periods. This relationship is modeled as an inverted U shaped parabola be-

cause the literature has documented the nonlinear effects of temperature on crop yields Schlenker

and Roberts (2009); Lobell et al. (2013). The steeper parabola denotes the temperature-yield

relation in Period 1 and the flatter one denotes the relation in Period 2. In Period 1, an unantic-

ipated increase of temperature from the yield-maximizing T0 to T1 generates yield loss measured

by AB = Y0 − Y1. If farmers have more access to adaptive inputs in Period 2, the yield loss

caused by the same temperature increase reduces to AC = Y0 − Y2. The adaptation benefit is

BC = Y2−Y1, which represents the reduction in temperature-related yield loss due to increased

use of adaptive inputs. The evolutionary effects of extreme temperatures on crop yields can

be estimated by a period-specific panel fixed effect model following the empirical strategy by
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Barreca et al. (2016). Instead of estimating AB and AC directly, we can only estimate marginal

effects of temperature rise. The period-specific coefficients for the high temperature variable in

the regression model estimate |AB|
|T1−T0| and

|AC|
|T1−T0| .

3.2 The Ideal Econometric Model and A Practical Substitute

The temperature-yield relationship derived above suggests that contemporaneous crop yield is

a function of both realized weather and expectation of current weather conditions from the

previous standing point. Therefore, the ideal econometric model on this relationship would be

yit = b0 + b1 · wit + b2 · Ei,t−1(wit) + νit (3)

where i denotes the cross-sectional unit (e.g., counties). wit is the current realization of weather

at place i. Ei,t−1(wit) is individual i’s expectation about the future weather based on previous

realized weather up to and including year t−1, as described in equality (1). The term of weather

realization is to estimate the marginal effect of a temperature shock including the direct effect

and the ex post adaptation benefit. The term of weather expectation is to estimate the ex

ante adaptation benefit. However, observing private expectation is impossible in this study and

finding good proxies for farmers’ beliefs is challenging in general. Leaving the expected weather

term into the error term would threaten the identification assumption for weather realization

(i.e., E(witνit) = 0) because weather expectation as a function of previous weather may be

correlated with the current weather.

A panel model with two-way fixed effects is thus the preferred substitute for the ideal model.

By conditioning on county and province-by-year fixed effects, the weather variation comes from

county-specific deviations in weather around the county averages after controlling for shocks

common to all counties in a province which is less likely to suffer from the serial correlation

problem (Deschênes and Greenstone, 2007; Lemoine, 2021; Shrader, 2021). In addition, we es-

timate spatial heteroskedasticity- and autocorrelated-consistent (HAC) standard errors to allow

for county-specific serial correlation (Hsiang, 2010). Therefore the practical model for estimation

is

yit = αi + b0 + b1 · wit + ηpt + νit (4)

where αi are the county fixed effects and ηpt is province-by-year fixed effect. We extend equation

(4) to a period-specific panel fixed effect regression model in Section 4.
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4 Data Sources and Summary Statistics

4.1 Data Sources

Agricultural production data. We collect a county-level agricultural dataset on China from 1981

to 2010. The county-level agriculture data comes from the Chinese Academy of Agricultural Sci-

ences, which collected this data jointly with the Ministry of Agriculture. The Chinese Academy

of Agricultural Sciences sent agricultural survey teams to villages where surveyors interviewed

farmers. The data were then aggregated to the county level. Agricultural data on the Xizang

Autonomous Region (Tibet) and Qinghai Province are very limited. These two provinces are lo-

cated on the Qinghai–Tibet Plateau with an average elevation of over 4000 m; hence, agricultural

activities involving corn and soybean are scarce.

The variables in the agricultural data relevant to this research include the county-level pro-

duction and planted area for the two investigated crops, corn and soybean, as well as agricultural

inputs that may alleviate extreme temperature effects. These inputs include the irrigated sown

area, agricultural machinery power, aggregate labors (number of labors employed in the crop

farming, forestry, husbandry, and fishery sector as a whole), fertilizer, and electricity in each

county’s rural area. However, we cannot observe agricultural inputs for a single crop, preventing

us from accurately estimating the role of agricultural inputs for each crop in mitigating the

heat-related yield loss.

Crop region division and growing season. Corn and soybean are planted across China but

they differ in variety and growing season by region because of spatially varying climatic condi-

tions. Liu (1993) provide us with the division of the corn and soybean regions and corresponding

growing seasons, as illustrated in Figure A.1 and A.2 in Appendix A, respectively. Corn and

soybean in China can be categorized by season (Chen et al., 2016). Spring corn and soybean,

typically planted in April and harvested in late September, are concentrated in the northeast,

northwest inland areas, and southwest mountainous areas. Summer corn and soybean are grown

in June and have a slightly shorter growing season than spring corn does and are primarily pro-

duced in the Huang-Huai-Hai (HHH) Plain area. Autumn corn and soybean are mainly planted

in the mountainous areas of the south and southwest regions. A small amount of winter corn

and soybean is planted in the tropical areas of the south and southwest regions, accounting for

less than 5% of national production (Zhang et al., 2017). Figure A.2 shows that the growing

seasons of the two crops are concentrated around April to September (i.e., spring and summer)

when the country is experiencing frequent heat shocks. This provides us more data variation for

estimating the heat-related yield loss.
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Weather. The weather data are from the National Meteorological Information Center of

China, which is the official institute of weather data gathering and publishing. We collected

station-day data for 824 stations across China from 1981 to 2010 (see Figure A.3). To transform

the weather data from the station level to the county level, we use the inverse distance weighting

method, a standard method commonly used in the literature (Mendelsohn et al., 1994; Deschênes

and Greenstone, 2007, 2011; Zhang et al., 2017). First, we choose a circle with a 200 km radius

for each county’s centroid. We then take the weighted average of the weather data for all the

stations within the circle, where the weights are the inverse of the distance between each station

and the county’s centroid. Finally, we assign the weighted average to each county.12

4.2 Summary Statistics

Weather and crop yields statistics. Table 1 summarizes the corn and soybean productivity and

climate conditions within the growing season of each crop. The mean value of each variable

is the national mean of county’s average within each time period (1981-1995 and 1996-2010)

weighted by county’s planted area for each crop. To highlight changes over time, Table 1

reports summary statistics separately for the 1981-1995 and 1996-2010 periods. From the pre-

1996 period to the post-1996 period, the average annual corn(soybean) yield increased from

4262 kg/ha (1361 kg/ha) to 5698 kg/ha (1819 kg/ha). Climate conditions are described by

two parts: regular climate variables including temperature and precipitation and additional

climate variables including relative humidity, sunshine duration, wind speed, evaporation and

ground surface temperature. Evolution of these climate conditions over the two time periods

suggests that the climate has become hotter, drier, less humid and exposed to less sunshine in

the historical long run.

Figure 2 presents the spatial distribution of the change in temperature and precipitation

change in the corn and soybean area over time in Panel (a) and (b). The climate has changed

largely and the extent of change vary substantially over space. China has experienced a nation-

wide temperature rise from 1981 to 2010, with the annual average temperature increase varies

from less than 0.2 ℃ to more than 1 ℃. Only a few counties in the south and southwest of the

corn and soybean area experienced a decreasing temperature. Counties in the north experienced

a more rapid temperature increase. The annual average of precipitation decreased in the north

12 Auffhammer et al. (2014) suggest using a relatively continuous weather record for weather stations when averaging
daily station-level data across space. This is to avoid the large pseudo-variation generated by missing station-level
data, which is crucial for estimating standard errors because the weather variation should be small in the panel
setting relative to the cross-sectional setting. This is a minor issue, as the proportion of missing values in all the
observations is less than 0.01% for all the climate variables except evaporation (Zhang et al., 2017). The share
of missing values for evaporation is about 25% and the stations with a large amount of missing observations for
evaporation are all located in the Tibet–Qinghai Plateau, which is dropped from the analysis.
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or increased in the south as much as 10 mm (1 cm). The spatial difference and changing climate

provide large variation for reliably estimating the temperature-yield relationship.

Panel (c) and (d) of Figure 2 depict spatial distribution of annual average of corn and soybean

yields over 1981-2010 and of percentage change of annual average of 1981-1995 relative to 1996-

2010. The majority of counties had increasing yields of the two crops but counties experiencing

larger temperature increase in Panel (a) and (b) tend to have a lower increasing rate of crop

yields, implying that high temperature deteriorate crop yields.

Agricultural inputs statistics. The agricultural data set provides data on irrigation coverage,

fertilizer use, agricultural machinery and electricity. These four inputs are the potential inputs

that can effectively moderate extreme temperature effects on crop yields.13 Irrigation coverage

is measured by the fraction of arable land that is effectively irrigated, i.e., the ratio of irrigated

land area over arable land area14; agricultural machinery is measured by agricultural machinery

power used for each hectare of total planted area; fertilizer is measured by fertilizer inputs used

for each hectare of total planted area; electricity is measured by electricity consumption per

capita of rural population. The total planted area is the aggregate planted area for all crops.

We cannot observe separate inputs for each crop in the data.

We are more interested in the change in the four inputs over time than the level because we

aim to estimate the extent to which the change in potential adaptive inputs accounts for the

change in temperature sensitivity. Figure 3 depicts the distribution of the change between the

pre-1996 and post-1996 periods for each adaptive input. The change in an input variable over

time is calculated by the difference between the 1981–1995 average and 1996–2010 average. The

mean value of each input change, as depicted by the dashed line in each histogram, is positive,

implying that agricultural inputs have increasingly been used in China over time, which is

consistent with the rapid growth in the Chinese economy in the past three decades. There is

large variation in the change in each input across counties, allowing us to accurately estimate

the effects of inputs in mitigating extreme heat impacts. In contrast to those inputs increasingly

13 The four inputs may help farmers moderate extreme temperature effects in different ways based on agronomic
theory. Irrigation may reduce heat stress by offsetting the additional evapotranspiration demand due to higher
temperatures (Lobell et al., 2013) and cooling the canopy temperature (Siebert et al., 2014). Fertilizer use
enhances plant growth by providing the nutrients essential to leaf growth (nitrogen) as well as the development
of roots, flowers, seeds, and fruit (phosphorus) and strong stem growth, moving water in plants, and promoting
flowering and fruiting (potassium). Apart from at the start of the growing season for sowing, agricultural
machinery also plays an important role in plant protection (mobile sprayers) and harvesting (Edwards and
Hanna, 2020), the timing of which is sensitive to daily weather conditions. Electricity, as a necessary fuel to
power agricultural activities, should be regarded as a potential mechanism for mitigating extreme temperature
effects.

14 According to Technical Terminology for Irrigation and Drainage by Ministry of Water Resources of China (1993),
effective irrigation area is defined as the area of arable land that is relatively flat, accompanied by water sources
nearby, equipped with irrigation infrastructure and can be irrigated normally in the situation without extreme
weather intervention. So effective irrigation area refers to part of arable land.
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used in most counties, counties with irrigation contraction are almost as many as those with

irrigation expansion, generating a close-to-zero mean value of irrigation change.

5 Empirical Strategy

This section describes the empirical models to estimate the relationship between crop yields and

weather shocks over time periods and effects of agricultural inputs in terms of moderating the

extreme temperature impacts.

5.1 The Econometric Model for Temperature-Yield Relationship

We use a panel model with county and province-by-year fixed effects to estimate the temperature-

yield relationship. All the weather variables are interacted with a dummy variable of period

indicator to capture the evolution of temperature-yield relationship due to adaptation. The

baseline regression model we estimate is as follows:

yit =
D∑

d=1

GDDit,l0:l1 · 1{period = d} · β1,d +
D∑

d=1

GDDit,l1:∞ · 1{period = d} · β2,d

+
D∑

d=1

Precit,p<p0 · 1{period = d} · β3,d +
D∑

d=1

Precit,p>p0 · 1{period = d} · β4,d

+

D∑
d=1

wit · 1{period = d} · β5,dβ5,dβ5,d +

D∑
d=1

w′it ·wit · 1{period = d} · β6,dβ6,dβ6,d

+ αi + ηpt + λi,1t+ λi,2t
2 + εit (5)

where yit is the log of annual crop yields in county i and year t. D denotes the number of

periods in the panel. The baseline period is 15 years, i.e., the first period is 1981 to 1995

and the second period is 1996 to 2010. The motivation for the 15-year division is based on a

series of agriculture policies formulated in the post-1996 period in compliance with the national

objective of maintaining self-sufficiency of grain food. In addition, the 15-year division allows

us to construct two balanced time periods as there are 30 years of data in total.

GDDit and Precit denote growing degree days and precipitation, which are classified by

endogenously-selected thresholds into a low-level piece and a high-level piece. The vector wit

denotes the additional climate variables other than temperature and precipitation including

relative humidity, sunshine duration, wind speed, evaporation and ground surface temperature

and their quadratic forms captured by the inner product of vector wit. Additional climate

variables are controlled for because the full set of climate variables are correlated (Lawrence,
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2005; Wooten, 2011) and omitting climate variables other than temperature and precipitation

can overestimate the extreme temperature effects on crop yields (Zhang et al., 2017). The

indicator variable 1{period = d} specifies the time period denoted by d and this interacts with

all climate variables.

The specification includes a full set of fixed effects. αi are the county fixed effects that account

for county-specific time-invariant determinants of crop yields such as soil quality; ηpt denotes

province-by-year fixed effects to account for province-specific shocks that may affect crop yields

(e.g., agricultural subsidies and government-procuring crop prices). By conditioning on county

fixed effects and province-by-year fixed effects, the responses of crop yields to weather shocks are

identified from county-specific deviations in weather about county averages after adjusting for

common shocks to all counties within a province in a year. The plausibly exogenous variation in

weather over time is unlikely to be correlated with farmers’ expectations of the current weather

conditions which is a function of previous weather conditions whereby the temporal change in the

extreme temperature effects only captures effects of ex post adaptation given ex ante adaptation

fixed.

The vector of controls also includes a quadratic time trend that is allowed to vary at the

county-year level. The time trend along with province-by-year fixed effects can control for

changes in crop yields over time at the local level that may confound with the effect of adaption

through ex post adjustment of inputs. One confounding factor is the gradual advancement in

adaptation technology that can increase marginal adaptation effect of inputs over time such

that extreme temperature effects do not need to be moderated through input adjustments. For

example, water-saving irrigation technologies allow farmers to irrigate more extensively with the

same amount water as used under old technologies.

The variable of central interest is extreme high temperature. The literature has demon-

strated strong nonlinearities in the relationship between temperature and agricultural outcomes

(Schlenker and Roberts, 2009). Nonlinearities are captured by the concept of growing degree

days (GDD), which measure the amount of time a crop is exposed to temperatures between a

given lower and upper bound. Following Schlenker and Roberts (2009) and Burke and Emerick

(2016), we use the within-day distribution of temperatures to calculate the percentage of each

day that each county is exposed to temperatures between given lower and upper bounds, and

then sum these daily exposures over a fixed growing season (e.g., April 10 to October 20 for

corn in North region) to get a measure of annual growing degree days for those bounds.15 The

15 We use trigonometric sine curve to approximate the within-day distribution following Snyder (1985). In the
following illustrative example, we assume instantaneous temperature within a day is identical. If l0 = 0 and
l1 = 30, a set of daily average temperature of -1, 0, 5, 10, 29, 31 and 35 would generate GDDit,l0:l1 equal to
0,0,5,10,29,30 and 30 and GDDit,l1:∞ equal to 0,0,0,0,0,1 and 5. This example is the same as the one in Burke

16



lower temperature piece GDDit,l0:l1 is the sum of GDD between bounds l0 and l1 and the upper

temperature piece GDDit,l1:∞ has a lower bound l1 and is unbounded at the upper end. Sim-

ilarly, we measure precipitation in a county as a piece-wise linear function with a kink at p0.

The variable Precit,p<p0 (Precit,p>p0) is the difference between precipitation and p0 interacted

with an indicator variable for precipitation being below (above) the threshold p0.16

We set l0 = 8 because 8 ℃ is considered as the minimum temperature for crop growth Chen

et al. (2016) and allow the data to determine l1 and p0 by looping over all possible thresholds

and selecting the model that best fit the data based on the Bayesian Information Criterion. This

selection process is applied to both the full sample (nationwide) and each single region described

in Figure A.1 in Appendix A. The selected thresholds for growing degree days and precipitation

by region are reported in Table B.1 in Appendix B.1.17 The choice of period length, either

10 or 15 years as a period does not make a big difference to the selected thresholds both for

the nationwide sample and regional samples, implying the thresholds of GDD and precipitation

have remained stable over time and verifying that evolution of temperature-yield relationship is

mainly reflected by flattening the temperature response function instead of shifting temperature

thresholds over time, as illustrated by Figure 1. We also conduct robustness checks with multiple

thresholds other than the initially selected ones in Table B.1 to avoid threshold misspecificiation.

The results will be presented in Figure B.2 in Appendix B.4.

The key coefficients of the model in equation (5) is the β2 in each period, which measures

how crop yields are impacted by exposure to extreme heat in each time period. If economic

agents adapt well to extreme temperatures, we would expect β2,d=1 < β2,d=2 < 0; in other

words, the estimated marginal effect of a daily exposure to temperature above the threshold

in the later period should be significantly lower than that in the earlier period. The value

(β2,d=1 − β2,d=2)/β2,d=1 provides the percentage of the direct impacts of extreme heat offset by

ex post adaptation.

and Emerick (2016).
16 We use a simple example to illustrate the idea of piece-specific linear measurement of precipitation. Suppose a

county with precipitation of 60 cm this year and the kink point is 48cm, then Precit,p<p0 = 0 and Precit,p>p0 =
12.

17 We do not estimate a separate temperature–yield relationship for the Loess Plateau region of soybean. Both the
northeast region and the Loess Plateau are subregions of the north region in the primary classification of soybean
production according to the Chinese cropping system (Liu, 1993). Although they share a common growing season
(see Figure A.2), the two subregions have a huge difference in the size of soybean planted areas. The county-level
average soybean planted area of the northeast region (14,502 ha) is 6.7 times as large as that of the Loess region
(2162 ha). Restricting the analysis to the northeast subregion only does not make a difference to our conclusion
of the adaptation effects in the north of China.
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5.2 The Econometric Model for Estimating the Marginal Adaptation Effects

of Inputs

This part of empirical analysis aims to figure out inputs that may have muted the temperature-

yield relationship overtime. We estimate an augmented panel model described in equation (6),

where the interactions of temperature variables and inter-temporal change in the quantities of

agricultural inputs are added to estimate the marginal adaptation effects of inputs.

yit =GDDit,l0:l1 · β1 +GDDit,l0:l1 · Inputsit · θ1 +GDDit,l1:∞ · β2 +GDDit,l1:∞ · Inputsit · θ2

+Inputsit · φ+ Precit,p<p0 · β3 + Precit,p>p0 · β4 + wit · β5β5β5 + w′it ·witβ6β6β6

+αi + ηpt + λi,1t+ λi,2t
2 + εit (6)

where Inputsit is a vector of inputs that including irrigation, machinery, fertilizer, and elec-

tricity. Equation (6) is different from equation (5) in two ways. First, equation (6) includes the

main effects for the inputs (denoted by Inputsit ·φ) and their interactions with the temperature

variables (GDD low piece and high piece) to estimate marginal adaptation effects of inputs, the

extent to which the effect of an additional-day exposure to extreme temperatures is affected by

marginal increase in inputs. Second, equation (6) is estimated without specifying the period-

specific effects. This specification aims to derive a unifying estimation of marginal adaptation

effects of inputs over time periods, which echoes the stability assumption of the direct effects

of extreme temperatures (without-adaptation effects) and marginal adaptation effects of inputs.

The adaptation effect of each input is estimated by comparing the temperature sensitivity of

yields in counties with a larger increase of input adoption to that in counties with a smaller

increase or even decrease. Our hypothesis is that the coefficients for the interaction terms (θ2)

will be positive at the high temperature categories. A positive coefficient vector (θ2>0) would

be interpreted as evidence that the diffusion of a particular input reduces a crop’s vulnerability

to temperature extremes.

A challenge to identification of the inputs’ adaptation effects is the fact that the variation

in inputs is not experimental, so the estimation of θ2 coefficients is likely to be biased. One

source of the bias is that unobserved adaptation strategies co-vary with the inputs, which may

lead to an overestimation of the marginal adaptation effects of the inputs. We investigate the

correlations between temporal change in the extreme temperature variable and the counterparts

in inputs. The weakly negative correlation presented in Figure A.5 suggests that other potential

temperature-directed adaptation strategies are less likely to be important sources of bias for the
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adaptation effects of the inputs investigated in this study.

Although we cannot rule out all sources of bias, we adopt the following strategies to minimize

the confounding effects generated by factors move in parallel with the investigated inputs. First,

province-by-year fixed effects and county-specific time trends are controlled for so that the

bias generated by confounding factors cannot occur through province-by-year differences (e.g.,

Province A expanded irrigation coverage this year relative to Province B as A encountered a

growing season with abnormally high temperature) or county-specific gradual changes that may

affect crop yields (e.g., gradual replacement of surface irrigation with drip irrigation such that

marginal adaptation effect of irrigation has increased over time).

Second, interactions between inputs and the low temperature category (i.e., GDDl0:l1) serves

as a placebo check because adaptive inputs will not directly protect crops from low temperatures.

Moreover, we add a temperature-by-year trend to equation (6) as a robustness check following

Barreca et al. (2016). The local temperature trend consists of the interaction between all the

temperature variables and a linear year trend. This specification allows for the possibility that

temperature sensitivity of crop yields changes over time for temperature-related factors that may

be correlated with the investigated inputs. In addition to local temperature trend, we further

control for factors that may affect the use of the investigated inputs. Utilization of inputs for

adaptation such as water, fertilizer, electricity, and machinery relies on local economic prosperity

and infrastructure development. In light of this, interactions of temperature variables with local

GDP and cargo quantities shipped by road (a proxy for infrastructure development) over time

are added to equation (6) as a second check of robustness. The results for these two robustness

checks are provided in Section 6.2.

5.3 The Econometric Model for Quantifying the Contributions of Inputs to

the Decline in Temperature Sensitivity

The results of estimating equation (6) that will be presented in Section 6.2 point to irrigation

as the central input for adaptation. Our approach for quantifying the contributions of irrigation

to the decline in temperature sensitivity is calculating the share of the aggregate adaptation

effects that is attributed to the adaptation effects via irrigation expansion. Given that we

estimate the marginal adaptation effect of irrigation in the first step, in the second step we

need to understand how the change in irrigation coverage over time is associated with decline

in temperature sensitivity. An appropriate way is investigating the heterogeneous reductions in

temperature-related yield losses by the extent of irrigation expansion. Therefore, we estimate

equation (7)
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yit =
4∑

j=1

1996∑
d=1981

GDDit,l0:l1 · 1{∆Irrigationi ∈ Ij} · 1{period = d} · βT<l1
j,d

+

4∑
j=1

1996∑
d=1981

GDDit,l1:∞ · 1{∆Irrigationi ∈ Ij} · 1{period = d} · βT>l1
j,d

+
4∑

j=1

1996∑
d=1981

Precit,p<p0 · 1{∆Irrigationi ∈ Ij} · 1{period = d} · βP<p0
j,d

+

4∑
j=1

1996∑
d=1981

Precit,p>p0 · 1{∆Irrigationi ∈ Ij} · 1{period = d} · βP>p0
j,d

+
1996∑

d=1981

witγ1,d · 1{period = d}+
1996∑

d=1981

w′it ·witγ2,d · 1{period = d}

+ αi + ηpt + λi,1t+ λi,2t
2 + εit (7)

where ∆Irrigationi = 1
15

∑2010
t=1996 Irrigationit−

1
15

∑1995
t=1981 Irrigationit and 1{∆Irrigationi ∈ Ij} is

an indicator variable specifying whether each county’s change in irrigation coverage over periods

denoted by ∆Irrigationi belongs to a specific category of the national distribution of irrigation

variation. We classify all the counties into four categories based on the distribution of irrigation

variation: strictly below the 25th percentile (denoted by I1), above the 25th percentile but

strictly below the 50th percentile (denoted by I2), above the 50th percentile but strictly below

the 75th percentile (denoted by I3) and above the 75th percentile (denoted by I4). We also

interact irrigation categories with precipitation which affects water resources for irrigation. All

other model specifications are the same as equation (5).

According the distribution of irrigation variation depicted in Figure 3 (a), the 25th, 50th, and

75th percentile are -0.022, 0.029, and 0.095, respectively. With the triple interaction of extreme

temperature variable, irrigation category and period indicator, we estimate the heterogeneous

evolution of yield sensitivity to temperature extremes by the extent to which irrigation coverage

has changed over time. We expect that counties with irrigation expansion (Category I3 and I4)

outperform those counties with irrigation contraction (Category I1 and I2) in terms of decline

in temperature sensitivity of crop yields.
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6 The Evolution of the Temperature-Yield Relationship Over

1981-2010

This section presents the estimates of temperature-yield relationship over time periods. Our

primary analysis focuses on the period-specific effects of random year-to-year variation in tem-

perature on the yields of corn and soybean. We also quantify roles of agricultural inputs in

the temporal evolution of temperature sensitivity by estimating marginal adaptation effects of

inputs and changes in penetration rates of inputs over periods. For accessibility of the empirical

results, the unit for the temperature hereafter is 100 degree days and the unit for precipitation

is 100 centimeter (cm).

6.1 Temporal Evolution of the Temperature-Yield Relationship

6.1.1 Corn and Soybean Yields

Table 2 provides the results based on equation (5) for corn yields. In our piece-wise linear

approach, yield is expected to increase linearly up to an endogenous threshold and then decrease

linearly beyond that threshold. The temperature threshold for the whole country is selected at

28 ℃ and the precipitation threshold is at 51 cm. Columns 1-3 vary on the specification of

fixed effects as articulated in the table. Columns 4 and 5 are different from 1-3 on estimation of

standard errors. In Columns 1-3, the standard errors are clustered at the county level, whereas

we use spatial HAC robust standard error in Columns 4 and 5. Exposure to growing degree days

(GDD) below 28 ℃ in 1981-1995 and 1996-2010 has small and generally insignificant effects on

yields but increases in exposure of corn to temperatures above 28 ℃ result in sharp declines in

yields, as shown in the third and fourth row in Table 2. In the period of 1981-1995, the point

estimate of yield loss due to additional 100-day exposures to temperature above 28 ℃ ranges

from -37 % to -23 % while the corresponding estimates in the period of 1996-2010 ranges from

-11% to -4%, significantly lower than the yield loss estimation of 1981-1995, as shown by the

row of p values which are derived from an F test of the null hypothesis β1981 = β1996. The

comparison among Columns 1 to 3 shows the relatively robust estimates of the temperature-

yield relationship in the two periods and that the province-by-year differences and county-specific

gradual changes in unobserved determinants of corn yields to some extent affect the yield loss

caused by extreme temperatures. As shown in Columns 1 to 3, the relative adaptation effect

are 90%, 71% and 50%, respectively; hence, it declines as the model specifications become more

restrictive.18 Column 3 reports the results of temperature-yield relationship estimation for corn
18 The relative adaptation effects for different model specifications are estimated through the uniform formula shown

in the previous section: (β2,d=1 − β2,d=2)/β2,d=1.
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using the main specification in equation (5). The 11.7 percentage-point or 50% decline in the

extreme temperature effects over time is therefore accepted as the most valid estimation of the

aggregate adaptation effects. Our estimation of adaptation benefits is robust when using spatial

HAC robust standard errors, as reported in Columns 4 and 5.19

Precipitation impacts also exhibit a nonlinear pattern. Corn yields significantly increase as

annual precipitation increase up to 51 cm, beyond which an additional 100 additional centimeter

of rainfall decreases corn yields by about 15% to 30%. However, the yield loss due to exces-

sive precipitation has not significantly decline over time periods. Irrigation may influence how

excessive precipitations affects crop yields in a number of ways. For example, surface drainage

can solve the waterlogging problem due to excessive rain (Konukcu et al., 2006). We speculate

that yields of counties with irrigation expansion will be less sensitive to extreme amount of

precipitation. This speculation is verified in Section 6.3 after we introduce the irrigation effect.

Table B.2 in Appendix B.1 presents the effects of additional climate change variables (humidity,

sunshine duration, wind speed, evaporation, and ground surface temperature) on corn yields.

Table 3 shows the results for soybean yields in the same format as Table 2 does for corn.

The temperature threshold for the linear piece-wise temperature-yields for soybean is selected at

26 ℃ and the precipitation threshold is at 44 cm. Exposure to GDD below 26 ℃ in the period

of 1981-1995 and 1996-2010 both has small and generally insignificant effects on yields, whereas

increases in the exposure of corn to temperatures above 26 ℃ result in sharp declines in yields,

as shown in the third and fourth rows in Table 3. In the period of 1981-1995, the point estimate

of yield loss due to additional 100-day exposures to temperature above 26 ℃ ranges from -16%

to -3% while that in the period of 1996-2010 ranges from -8% to 6%, significantly lower than the

yield loss estimation of pre-1996 period, as shown by the row of p values which are derived from

an F test of the null hypothesis β1981 = β1996. Decline in extreme temperature effects over time is

robust to specifications regarding fixed effects, time trend and standard error estimator. Column

3 presents the primary results of the temperature-yield relationship estimation using the main

specification in equation (5). The 6.45 percentage-point decline or 42% (0.0645/0.1527) decline

in the extreme temperature effects is the aggregate adaptation effects on soybean. Precipitation

impacts exhibit an inverted V-shaped pattern as well. The yield loss due to an additional 100

cm of precipitation above 44 cm is approximately 20% and does not significantly decline over

time periods. Results for impacts of additional climate change variables are presented in Table

19 We obtain different point estimates when we switch from cluster robust standard errors to spatial HAC robust
standard errors (comparing Column 2 with Column 4 and Column 3 with Column 5). The difference between
the point estimates is the calculation error generated by manually demeaning the variables for the regression in
terms of the province-by-year fixed effects and local time trends for the spatial HAC model. The Stata package
for calculating spatial HAC standard errors provided by Hsiang (2010) can only be applied to cross-sectional
data.
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B.3 of Appendix B.1.

As shown in Table 1, the annual average corn yield in the post-1996 period is 4262.52 kg.

Therefore, it saves about 468 kg (4262.52 × 12%) of corn per hectare if the effect of 100-day

exposure to temperature above 28 ℃ is reduced from 23% to 11%. The annual planted area of

corn in the post-1996 period is 24.8 million hectares on average. Therefore, the loss reduction

of national aggregate corn production is about 15.5 million tons per year (0.468 ton/hectare ×

24.8 million hectares) compared with the scenario in which the pre-1996 extreme temperature

impacts prevailed. The loss reduction of aggregate soybean production is about 1.1 million tons

per year based on the same reasoning. A presumption for our back-of-envelop estimation of

the loss reduction is that the planted areas of the two crops are not affected by temperature

extremes, which is reasonable because planted areas are determined before temperature shocks

realize.

Corn and soybean have been accounting for a substantial share of total planted area in the

last three decade, as demonstrated by the time trend of planted area of the two crops and the

percentage of total farmland planted to the two crops shown in Figure A.5 in Appendix A. This

implies that the magnitude of the decline in the yield loss due to extreme high temperatures is

substantial. The annual average corn yield in the post-1996 period is 4262.52 kg (see Table 1).

Therefore, it saves about 468 kg (4262.52 × 12%) of corn per hectare if the effect of 100-day

exposure to temperature above 28 ℃ is reduced from 23% to 11%. The annual planted area of

corn in the post-1996 period is 24.8 million hectares on average. Therefore, the loss reduction

of national aggregate corn production is about 15.5 million tons (0.468 ton/hectare × 24.8

million hectares) or 12% of the national corn production per year compared with the scenario

in which the pre-1996 extreme temperature impacts prevailed. The loss reduction of aggregate

soybean production is about 1.1 million tons or 7% per year based on the same reasoning. A

presumption for our back-of-envelop estimation of the loss reduction is that the planted areas

of the two crops are not affected by temperature extremes, which is reasonable because planted

areas are determined before temperature shocks realize.

A secondary result documents heterogeneous temperature-yield relationship by the crop re-

gions defined in Figure A.1 (Liu, 1993). This approach allows us to investigate whether areas

that are accustomed to temperature extremes have adapted better such that they have a more

muted temperature-yield relationship. The estimation is conducted with a single regression in

which the sample is restricted to the corresponding corn regions in Figure A.1. The results

are reported in Table B.4 and Table B.5. We find that northern regions generally suffer more

from extreme temperatures than southern regions and the yield loss of the two crops due to
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temperature extremes in the southern regions has declined by a larger percentage than that of

the northern regions, which is consistent with the idea that hotter places adapt to temperature

extremes better than cooler ones.

6.1.2 Robustness Check

The standard error estimator is changed to a spatial HAC standard error estimator in the

robustness check to account for heteroskedasticity, county-specific serial correlation and cross-

sectional spatial correlation (Hsiang, 2010). The nonparametric estimation of the variance-

covariance matrix for the error term allows for contemporaneous spatial correlations between

counties whose centroids lie within d km of one another Conley (1999). Following Conley (2007),

the weights in the matrix are uniform up to the cutoff distance d. Moreover, nonparametric

estimates of county-specific serial correlation are estimated using linear weights that decrease to

zero after a lag length of q years (Newwey and West, 1987). In our model, the cutoff distance d

takes the value from 100 km to 400 km with an increment of 100 km and the length of years q is

3 years and 5 years. We find that the spatial HAC standard errors do not change the estimation

of temperature-yield relationships for the two crops compared with clustering-robust standard

errors. The results are reported in Figure B.1 in Appendix B.4.

Varying temperature thresholds are applied to check the sensitivity of estimation to variation

in temperature thresholds. It is a concern that the selected temperature thresholds may be mis-

specified. Figure B.2 in Appendix B.4 reports the estimation of temperature-yield relationships

of corn and soybean for the full sample using five consecutive temperature thresholds including

the initially selected thresholds in Table 2.20 The significance of the yield loss decline is robust

to variation in temperature thresholds.

The length of time period is varied to test the sensitivity of estimation results to the choice

of endpoint years of time periods and the number of years in a time period. We use 5 years and

10 years as the period lengths and rerun regression in equation (5).21 The results are reported

in Figure 4, which display the point estimates and 95% confidence intervals of the extreme

temperature impacts on crop yields in the first period (1981-1986 is the first period in the 5-year

setting and 1981-1990 is the first period in the 10-year setting) and of the change in the extreme

temperature impacts in later periods relative to the first period. Varying temperature thresholds

are also applied to the 5-year and 10-year period settings, the results for which are reported in
20 We fix the precipitation thresholds at the initially selected values in Table 2, as we find that changing the

precipitation thresholds does not change the estimation results and the results are available upon request.
21 An alternative way of checking the robustness of the results to the ending years of the time periods is running

panel regressions over rolling time periods such as 1950 to 1965 compared with 1966 to 1980, 1966 to 1980
compared with 1981 to 1995, 1981 to 1995 compared with 1996 to 2010, and so on. However, we only collected
30 years of data from 1981 to 2010. Hence, using rolling time periods is not feasible.
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Figure B.3 to Figure B.6.

The significantly positive estimates of the difference between the initial period and later

periods show that the finding of the decline in the extreme temperature impacts adaptation

effects is not sensitive to the choice of the period lengths. In the 5-year setting, the improvement

of temperature sensitivity to extreme heat for the 1986-1990 period and 1991-1995 period is not

statistically significant at 5% level, which justifies 15-year period as the baseline specification

for the period length.

The model specification is changed from a period-specific panel model to a more flexible panel

model that allows all the climate variables to interact with polynomials of calendar years such

that the impact of extreme temperature can change smoothly and flexibly over time (Roberts

and Schlenker, 2011) . The polynomial takes linear, quadratic and cubic form in this study.

Specifically, the new regression model is

yit =GDDit,l0:l1 · β1 +GDDit,l0:l1 · f1,L(t) +GDDit,l1:∞ · β2 +GDDit,l1:∞ · f1,H(t)

+ Precit,p<p0 · β3 + Precit,p<p0 · f2,L(t) + Precit,p>p0 · β4 + Precit,p>p0 · f2,H(t)

+ wit · β6β6β6 + wit · f3(t) + w′it ·wit · β6β6β6 + w′it ·wit · f4(t) + αi + ηpt + fy(t) + εit

where the functions f(·) are the polynomial of years and all the other variables are defined in the

same way as in equation (1). Figure B.7 and Figure B.8 in Appendix B.4 display β2 + f1,H(t)

which is the temporal evolution of marginal impacts of exposure to temperature above some

threshold. The linear and quadratic form of year trend exhibit a steadily rising tolerance of crop

yields to extreme temperatures. In the linear(quadratic) model, the effect of 100-day exposure

to temperatures above 28 ℃ on corn yields increases from -23% (-27%) to -9% (-13%), consistent

with the results provided by the period-specific panel model. We have a similar evolutionary

pattern for soybean. The model of cubic time trend depicts a more complex evolutionary path

but exhibits an improving trend of heat tolerance.

6.2 Estimating the Marginal Adaptation Effects of Agricultural Inputs

The analysis in Section 6.1 showed a large decline in the temperature sensitivity of crop yields.

The question that arises is why the temperature sensitivity declines over time periods. We

address this question in two steps. The first step, presented in this subsection, estimates the

marginal adaptation effects of agricultural inputs, which is the parameter of ∂F/∂x∗ in the

conceptual framework of Section 3. It also helps us determine which inputs contribute to the

decline in temperature sensitivity of crop yields. The marginal adaptation effects are estimated
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by the interactions of extreme temperatures with temporal changes in the inputs in equation

(6).

We now describe the estimation results of equation (6), the augmented model to quantify

how agricultural inputs moderate the impacts of extreme temperatures on crop yields. The data

allows us to examine four inputs. Table 4 and 5 report the direct effects of exposure to extreme

temperatures on the two crops and the interaction effects between the extreme temperature

variables and inputs variables. Each interaction effect captures how the extreme temperature

impacts on yields have been moderated by marginal change in the corresponding input, i.e.,

the marginal adaptation effect of each input. We consider the specification in which each input

enters individually (Columns 1–4 in Table 4 and 5) as well as the one in which all the inputs

enter the same specification (Columns 5 in Table 4 and 5).

Columns 1 in Table 4 and Table 5 show that the diffusion of irrigation is associated with

a sizable and significant decrease in crop yield loss due to extreme temperatures. In Table 4

(Table 5), an expansion of irrigation coverage from 0% to 100% in a county is associated with a

reduction in the impact of 100-day exposure to extreme temperatures on corn (soybean) yields

by 25 to 28 (13 to 15) percentage points on average. On the contrary, none of the other three

inputs generate significant reduction in the extreme temperature impacts on crop yields.

Endogeneity of the agricultural inputs may lead to the problem of overestimating the adap-

tation effects of inputs if inputs are positively correlated with other temperature-directed adap-

tion strategies (e.g., heat-resilient seed varieties) that cannot be controlled for in the augmented

model. However, the weakly negative correlations between the temporal change in extreme tem-

perature and the counterparts in inputs shown in Figure B.9 in Appendix B.5, suggests that

the investigated inputs are less likely to co-vary with confounding adaptation strategies. We

conduct two more analyses that can lend credibility to our finding of adaptation effects.

First, as a placebo test, we show that none of the inputs moderates the yield sensitivity to

low temperatures, suggesting that adoption of these adaptation strategies is not coincident with

factors that determine the overall crop yields. The results are provided in Table B.6 and B.7 in

Appendix B.5. Second, we add a temperature-by-year trend and interactions of temperature with

observed factors that affect use of inputs to equation (6) to account for confounding factors that

co-vary with the inputs following (Barreca et al., 2016). Table 6 presents the results of this ro-

bustness analysis, where only estimations of the interaction effects between inputs and variables

of the high temperature category are reported. Columns 1 and 3 only add temperature-by-year

trends (i.e., interactions between calendar years and both of the low and high temperature vari-

ables) in the baseline specification to control for unobserved factors that may lead to smooth
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change of temperature sensitivity. Columns 2 and 4 add interactions of temperature with factors

that may affect farmers’ decision making on input utilization to the specifications in Columns 1

and 3. Our new data source–the Statistical Yearbook of Chinese Cities(1984 to 2010) allows us

to control for prefecture-level GDP and tons of cargo that is transported by road as a proxy for

local infrastructure development, both of which are positively correlated with input utilization.22

Comparison of Table 6 with Table 4 and 5 suggests that controlling for potential confound-

ing factors through the above specifications does not significantly change the estimates of the

adaptation effects of inputs. The robustness analysis thus supports the key finding in Table 4

and 5 that irrigation is the central input among the four examined ones to moderate the ex-

treme temperature impacts on yields. Although the variation in inputs over time have exogenous

characteristics (see Figure B.9) and the estimation is robust to specifications with confounding

factors, the evidence on adaptation effects of inputs is only suggestive rather than causal.

6.3 The Contribution of Irrigation Expansion to the Decline in Temperature

Sensitivity

Based on the estimated marginal adaptation effects of the four inputs, irrigation should be an

important driver of the decline in the extreme temperature effects. This subsection calculates the

extent to which the irrigation has been expanded over the country and quantifies the contribution

of irrigation expansion to the decline in temperature sensitivity, which serves as the second step

to explain the decline in temperature sensitivity. To document that irrigation is a crucial driver

of the decline in temperature sensitivity, we investigate heterogeneous evolution of temperature

sensitivity by the extent of irrigation expansion. Our hypothesis is that a higher increase in the

irrigation coverage should be associated with a larger decline in the extreme temperature effects.

We estimate the heterogeneous evolution of temperature sensitivity by these categories of

irrigation change in equation (7), a triple-interaction panel model where temperature variables

interact with the category and period indicators. Figure 5 reports the estimation of the hetero-

geneous irrigation effects. There are five pairs of estimates in each panel. The first pair is for the

estimate of the temporal evolution of extreme temperature effects for the model in equation (5)

without the category interaction. The remaining four pairs are for heterogeneous evolution by

the categories of irrigation change. In each pair, the black circle denotes the extreme tempera-

ture effects in the first 15-year period and the blue triangle denotes the difference in the extreme
22 One obvious disadvantage of the Statistical Yearbook of Chinese Cities is that it only provides data in the

prefecture level which consists of several counties. But counties in a more prosperous prefecture are highly likely
to have a higher level of GDP than otherwise. County-level data sources such as the Public Finance Statistical
Materials of Prefectures, Cities and Counties and the Social and Economic Yearbook of Counties and Cities can
only provide county-level GDP since mid-1990s and lack of proxy variables for infrastructure development. We
trade fineness of data for richness of data.
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temperature effects between the first 15-year and the second 15-year period. Only in counties

experiencing irrigation expansion (in Categories 3 and 4) is there significant attenuation towards

zero on the extreme temperature effects from the first period to the second period. The decline

in Categories 3 and 4 is approximately 50%, consistent with that in the full sample estimated by

the uninteracted model. Thus, the decline in temperature sensitivity mainly occurs in counties

with irrigation expansion, suggesting that irrigation is an important driver for the decline in the

extreme temperature impacts.

Next, we quantify the contribution of irrigation expansion to the overall adaptation effects,

which is the share of temperature sensitivity decline explained by irrigation expansion. Tables 4

to 6 show that an increase in irrigation coverage from 0% to 100% is associated with a decrease

in extreme temperature effects on corn (soybean) yields by 25 to 28 (13 to 15) percentage points.

The average change in irrigation coverage for counties with irrigation expansion (Categories 3

and 4) is 0.14, which makes the heat-related yield loss reduce by 3.50 to 3.92 percentage points

(0.25 × 0.14 to 0.28 × 0.14) accounting for 29.17% to 32.67% of the 12 percentage-point decline

in the corn yield loss. Similarly, the irrigation coverage of the soybean counties with irrigation

expansion increased by 13.3 percentage points from the pre-1996 period to the post-1996 period,

which accounts for 25.63% to 32.02% of the 7 percentage-point decline in the soybean yield loss.

There are two caveats about the benefits of irrigation in terms of temperature sensitivity

reduction. First, the ex post adaptation effect of irrigation is conditioned on ex ante investment

in irrigation systems such as drainage ditches, wells and reservoirs. Ex ante investment in

irrigation capital stock is complementary instead of substitutable to the ex post use of irrigation

water after weather realizes. Second, irrigation may be a maladaptation to longer-term climate

change. Climate change in the long run may alter precipitation distribution and therefore the

availability of irrigating water. Investment in irrigation may be less efficient if viewed in relation

to the longer-term projections of drying in the region. Economic agents should thus consider

the longer-term risk of water shortages when expanding irrigation coverage.

Finally, we analyze why there is a lack of adaptation to precipitation shocks. We hypothe-

size that crop yields in counties with irrigation expansion become less sensitive to an extreme

precipitation shock compared with counties with irrigation contraction, because some irrigation

facilities such as drainage can protect crops from waterlogging due to excessive rainfall. Figure

B.10 in Appendix B.5 verifies this hypothesis by presenting the heterogeneous extreme precipi-

tation effects over time by categories of irrigation change. The impacts of excessive precipitation

have decreased only in counties of Category 4, i.e., top 25% counties in terms of irrigation ex-

pansion, which are not a representative of the whole country. As a result, the decline in extreme
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precipitation effects over the two periods is not significant for the full sample.

7 Conclusion

Using a comprehensive county-level dataset on agricultural production and weather conditions

during the period of unprecedented economic growth in China, this paper makes two primary

findings on the temperature-yield relationship over the past 30 years. First, we find a decline

in the effects of extreme temperatures on crop yields: the impact of daily exposure to tempera-

tures above a threshold on corn and soybean yields has declined by 40%-50% from 1981-1995 to

1996-2010, saving approximately 12% of national corn production and 7% of national soybean

production every year compared with the scenario in which the pre-1996 extreme temperature

impacts prevailed. The decline in temperature sensitivity implies large opportunities of adap-

tation to climate change and relaxes concerns over food security in the world’s most populous

country. Second, the empirical results on marginal adaptation effects of agricultural inputs point

to irrigation as a central input for adaptation. Irrigation expansion over the last 30 years can

explain about 25% to 30% of the decline in the temperature sensitivity of crop yields.

It is assumed in the literature by default that adaptation should be made ex ante while

this paper shows that adaptation can be made ex post and panel model with two-way fixed

effects can identify a combination of without-adaptation effects and ex post adaptation effects,

which extends the classical panel approach to the area of adaptation estimation. The statistical

association of temperature sensitivity reduction with increase in irrigation coverage stresses

the role of ex ante adaptation in facilitating ex post adaptation. There are a few promising

areas for future research. First, causal evidence on the adaptation effects of agricultural inputs

with quasi-experimental variation is highly needed. Second, research on benefits of adaptation

strategies other than irrigation such as technology advancement is called for to identify solutions

to moderate risks imposed by climate change. Third, it is important to understand adaptation

costs. Exploiting existing technologies and developing new technologies provide great promises

to climate change issues but incur costs that may offset the benefits of adaptation. Knowledge

of adaptation costs helps policy makers evaluate net benefits of adaptation strategies and decide

the tightness of public policies of mitigating greenhouse gas emissions.
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Tables

Table 1: Summary Statistics

1981-1995 1996-2010

Mean Min Max Std.Dev. Mean Min Max Std.Dev.
Corn
Yields(kg/ha) 4262.52 111.49 14764.87 1772.02 5697.73 100.24 14359.79 1898.82
Temperature (℃) 20.33 6.01 29.65 3.41 20.80 6.18 30.57 3.39
Precipitation (cm) 45.29 0.27 294.01 16.56 43.62 0.31 280.23 17.53
Humidity (%) 73.29 24.88 94.83 8.08 70.41 27.00 93.51 9.29
Sunshine Hours 6.45 0.94 11.34 1.65 6.41 0.32 11.29 1.61
Wind Speed (m/s) 2.20 0.20 7.25 0.79 2.14 0.19 7.00 0.67
Evaporation (mm) 5.44 0.03 17.75 1.40 3.24 0.00 16.46 2.60
Ground Surface
Temperature (℃) 23.11 0.20 34.89 3.67 23.80 0.83 36.15 3.39
Observations 29083 31917
Soybean
Yields(kg/ha) 1361.23 66.82 7101.01 569.40 1818.71 103.64 7748.96 629.56
Temperature (℃) 20.59 7.13 29.11 3.11 20.37 7.82 28.97 3.18
Precipitation (cm) 57.24 0.45 327.68 27.33 53.96 1.05 339.64 28.63
Humidity (%) 73.53 24.85 90.04 6.40 70.67 27.20 90.99 7.06
Sunshine Hours 6.66 2.37 11.20 1.24 6.77 0.33 10.94 1.51
Wind Speed (m/s) 2.41 0.34 6.27 0.67 2.29 0.33 6.93 0.60
Evaporation (mm) 5.63 0.13 17.53 0.94 3.63 0.00 16.36 2.59
Ground Surface
Temperature (℃) 23.57 0.70 34.56 3.16 23.63 0.69 35.04 2.94
Observations 27772 28084

Notes: The mean value of each variable is weighted by the corn or soybean planted area. Crop yields are defined
as products divided by planted area.
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Table 2: Temperature-Yield Relationship of Corn over Time Periods

(1) (2) (3) (4) (5)
Log Yields Log Yields Log Yields Log Yields Log Yields

period=1981 × GDD below T 0.0453∗∗∗ -0.0081 0.0071 -0.0096 0.0086
(0.0065) (0.0097) (0.0087) (0.0122) (0.0115)

period=1996 × GDD below T 0.0065 -0.0059 0.0029 -0.0057 0.0045
(0.0069) (0.0100) (0.0094) (0.0121) (0.0110)

period=1981 × GDD above T -0.3741∗∗∗ -0.2912∗∗∗ -0.2316∗∗∗ -0.2879∗∗∗ -0.2295∗∗∗

(0.0280) (0.0328) (0.0306) (0.0478) (0.0431)

period=1996 × GDD above T -0.0375∗ -0.0827∗∗∗ -0.1146∗∗∗ -0.0834∗∗ -0.1147∗∗∗

(0.0204) (0.0277) (0.0286) (0.0364) (0.0382)

period=1981 × Prec below T 0.1622∗∗∗ 0.1233∗∗ 0.1522∗∗∗ 0.1298 0.1781∗∗

(0.0533) (0.0542) (0.0474) (0.0916) (0.0700)

period=1996 × Prec below T 0.1916∗∗∗ 0.0795∗ 0.1085∗∗ 0.0936 0.1144∗∗

(0.0412) (0.0451) (0.0440) (0.0633) (0.0567)

period=1981 × Prec above T -0.3824∗∗∗ -0.1431∗∗∗ -0.2418∗∗∗ -0.1548∗∗ -0.2595∗∗∗

(0.0395) (0.0427) (0.0411) (0.0647) (0.0571)

period=1996 × Prec above T -0.3273∗∗∗ -0.2876∗∗∗ -0.1939∗∗∗ -0.2908∗∗∗ -0.1892∗∗∗

(0.0306) (0.0356) (0.0359) (0.0532) (0.0418)

p-Value for GDD below T : 0.0000 0.7332 0.5614 0.5538 0.5976
β1981 = β1996

p-Value for GDD above T : 0.0000 0.0000 0.0002 0.0000 0.0114
β1981 = β1996

p-Value for Prec. below P : 0.6577 0.5303 0.4905 0.7207 0.4541
β1981 = β1996

p-Value for Prec. above P : 0.2424 0.0070 0.3180 0.0494 0.2991
β1981 = β1996

Observations 59269 59269 59269 59274 59274
R squared 0.7525 0.7981 0.8421 0.0338 0.0210
Fixed Effects Cty,Year Cty,Prov-Yr Cty,Prov-Yr Cty,Prov-Yr Cty,Prov-Yr
County Quadratic Trend No No Yes No Yes
Std. Error Clustered Clustered Clustered Spatial HAC Spatial HAC
T threshold 28 ℃ 28 ℃ 28 ℃ 28 ℃ 28 ℃
P threshold 51 cm 51 cm 51 cm 51 cm 51 cm
Distance N/A N/A N/A 500km 500km
Years of Lag N/A N/A N/A 5 years 5 years

Note: Each column corresponds to a separate regression varying on specification of fixed effects and estima-
tion of standard errors as specified in the table. The dependent variable is log annual corn yields from 1981
to 2010. The regressions are weighted by annual corn hectares. Only coefficients on temperature and pre-
cipitation are reported but additional climate variables are also controlled for. The temperature threshold
is 28 ℃ and the precipitation threshold is 51 cm in all specifications. County-specific quadratic trends are
controlled for and standard errors are clustered at the county level. The p values for testing the hypotheses
of coefficient estimate distinction are provided at the bottom of the table. * p<0.1, ** p<0.05, *** p<0.01.
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Table 3: Temperature-Yield Relationship of Soybean over Time Periods

(1) (2) (3) (4) (5)
Log Yields Log Yields Log Yields Log Yields Log Yields

period=1981 × GDD below T 0.0106 0.0245 0.0436∗∗∗ 0.0257∗ 0.0457∗∗∗

(0.0088) (0.0159) (0.0144) (0.0141) (0.0119)

period=1996 × GDD below T 0.0001 0.0197 0.0254∗ 0.0210 0.0272∗∗

(0.0091) (0.0161) (0.0147) (0.0140) (0.0110)

period=1981 × GDD above T -0.0323 -0.1642∗∗∗ -0.1527∗∗∗ -0.1621∗∗∗ -0.1563∗∗∗

(0.0218) (0.0294) (0.0261) (0.0273) (0.0273)

period=1996 × GDD above T 0.0626∗∗∗ -0.0737∗∗ -0.0882∗∗∗ -0.0747∗∗∗ -0.0873∗∗∗

(0.0194) (0.0295) (0.0266) (0.0249) (0.0262)

period=1981 × Prec below T 0.5136∗∗∗ 0.4807∗∗∗ 0.5274∗∗∗ 0.4968∗∗∗ 0.5393∗∗∗

(0.1259) (0.1263) (0.1196) (0.1470) (0.1137)

period=1996 × Prec below T 0.5910∗∗∗ 0.4020∗∗∗ 0.3906∗∗∗ 0.3991∗∗∗ 0.3913∗∗∗

(0.1111) (0.1097) (0.1140) (0.1146) (0.0989)

period=1981 × Prec above T -0.1885∗∗∗ -0.2408∗∗∗ -0.2035∗∗∗ -0.2455∗∗∗ -0.2059∗∗∗

(0.0477) (0.0516) (0.0443) (0.0404) (0.0339)

period=1996 × Prec above T -0.1890∗∗∗ -0.1610∗∗∗ -0.1382∗∗∗ -0.1559∗∗∗ -0.1366∗∗∗

(0.0312) (0.0349) (0.0340) (0.0312) (0.0258)

p-Value for GDD below T : 0.0001 0.2019 0.0003 0.1408 0.0036
β1981 = β1996

p-Value for GDD above T : 0.0000 0.0001 0.0067 0.0000 0.0059
β1981 = β1996

p-Value for Prec. below P : 0.6573 0.6637 0.4546 0.5936 0.3386
β1981 = β1996

p-Value for Prec. above P : 0.9921 0.1574 0.1814 0.0646 0.0930
β1981 = β1996

Observations 54327 54322 54322 54323 54323
R squared 0.6819 0.7265 0.7869 0.0238 0.0239
Fixed Effects Cty,Year Cty,Prov-Yr Cty,Prov-Yr Cty,Prov-Yr Cty,Prov-Yr
Trend No No Yes No Yes
Std. Error Clustered Clustered Clustered Spatial HAC Spatial HAC
T threshold 26 ℃ 26 ℃ 26 ℃ 26 ℃ 26 ℃
P threshold 44 cm 44 cm 44 cm 44 cm 44 cm
Distance N/A N/A N/A 500 km 500 km
Years of Lag N/A N/A N/A 5 5

Note: Each column corresponds to a separate regression varying on specification of fixed effects and estima-
tion of standard errors as specified at the bottom of the table. The dependent variable is log annual soybean
yields from 1981 to 2010. The regressions are weighted by annual soybean hectares. Only coefficients on
temperature and precipitation are reported but additional climate variables are also controlled for in the
regression. The temperature threshold is 26 ℃ and the precipitation threshold is 44 cm in all specifications.
County-specific quadratic trends are controlled for and standard errors are clustered at the county level.
The p values for testing the hypotheses of coefficient estimate distinction are provided at the bottom of the
table. * p<0.1, ** p<0.05, *** p<0.01.
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Table 4: Interaction Effects of Inputs with High Temperatures for Corn Counties

(1) (2) (3) (4) (5)
Log Yields Log Yields Log Yields Log Yields Log Yields

GDD above T -0.2976∗∗∗ -0.1471∗∗∗ -0.1637∗∗∗ -0.1512∗∗∗ -0.2704∗∗∗

(0.0393) (0.0259) (0.0315) (0.0255) (0.0397)

GDD above T × Irrigation (%) 0.2522∗∗∗ 0.2815∗∗∗

(0.0452) (0.0498)

GDD above T × Machinery (kW/Ha) 0.0013 -0.0045
(0.0023) (0.0029)

GDD above T × Fertilizer (Ton/Ha) 0.0833 -0.1304
(0.0815) (0.0958)

GDD above T × Electricity (kWh per capita) 0.0236 0.0173
(0.0328) (0.0227)

Observations 59255 59229 59229 59169 59136
R squared 0.8663 0.8686 0.8686 0.8419 0.8702
County FE Yes Yes Yes Yes Yes
Prov-Year FE Yes Yes Yes Yes Yes
Cty-Quadratic Trend Yes Yes Yes Yes Yes
Std. Error Clustered Clustered Clustered Clustered Clustered
T threshold 28 ℃ 28 ℃ 28 ℃ 28 ℃ 28 ℃
P threshold 51 cm 51 cm 51 cm 51 cm 51 cm

Note: Each column corresponds to a separate regression varying on number of inputs that are controlled for.
The dependent variable is log corn yields. Precipitation and additional climate variables are included. The
standard error is clustered at county level and the regressions are weighted by annual corn planted area. *
p<0.1, ** p<0.05, *** p<0.01.

Table 5: Interaction Effects of Inputs with High Temperatures for Soybean Counties

(1) (2) (3) (4) (5)
GDD above T -0.1937∗∗∗ -0.1275∗∗∗ -0.1265∗∗∗ -0.1140∗∗∗ -0.2113∗∗∗

(0.0391) (0.0231) (0.0230) (0.0235) (0.0425)

GDD above T × Irrigation (%) 0.1384∗∗∗ 0.1507∗∗∗

(0.0495) (0.0527)

GDD above T × Machinery (kW/Ha) 0.0006 -0.0004
(0.0005) (0.0036)

GDD above T × Fertilizer (Ton/Ha) 0.0026 0.0063
(0.0023) (0.0252)

GDD above T × Electricity (kWh per capita) -0.0159 -0.0190
(0.0230) (0.0257)

Observations 54263 54287 54287 54252 54174
R squared 0.8203 0.8164 0.8164 0.7856 0.8213
County FE Yes Yes Yes Yes Yes
Prov-Year FE Yes Yes Yes Yes Yes
Cty-Quadratic Trend Yes Yes Yes Yes Yes
Std. Error Clustered Clustered Clustered Clustered Clustered
T threshold 26 ℃ 26 ℃ 26 ℃ 26 ℃ 26 ℃
P threshold 44 cm 44 cm 44 cm 44 cm 44 cm

Note: Each column corresponds to a separate regression varying on number of inputs that are controlled
for. The dependent variable is log soybean yields. Precipitation and additional climate variables are
included. The standard error is clustered at county level and the regressions are weighted by annual
soybean planted area. * p<0.1, ** p<0.05, *** p<0.01.
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Table 6: Robustness Analysis of the Interaction Effects of Inputs Change with High
Temperatures for Corn and Soybean Counties

(1) (2) (3) (4)
Corn Corn Soybean Soybean

GDD above T × Irrigation (%) 0.2814∗∗∗ 0.2741∗∗∗ 0.1523∗∗∗ 0.1724∗∗∗

(0.0499) (0.0521) (0.0531) (0.0581)

GDD above T × Machinery (kW/Ha) -0.0046 -0.0038 -0.0004 -0.0005
(0.0029) (0.0031) (0.0036) (0.0037)

GDD above T × Fertilizer (Ton/Ha) -0.1295 -0.0917 0.0061 0.0071
(0.0959) (0.0943) (0.0252) (0.0263)

GDD above T × Electricity (kWh per capita) 0.0173 0.0140 -0.0189 -0.0100
(0.0227) (0.0204) (0.0257) (0.0205)

Temperature × Year Yes Yes Yes Yes
GDP × Temperature No Yes No Yes
(Cargo by Road) × Temperature No Yes No Yes
Observations 59136 53400 54174 49409
R squared 0.8624 0.8702 0.8166 0.8213
County FE Yes Yes Yes Yes
Prov-Year FE Yes Yes Yes Yes
Cty-Quadratic Trend Yes Yes Yes Yes
Std. Error Clustered Clustered Clustered Clustered
T threshold 28 ℃ 28 ℃ 26 ℃ 26 ℃
P threshold 51 cm 51 cm 44 cm 44 cm

Note: Each column is a separate regression. The dependent variable is log crop yields.
Precipitation and additional climate variables are controlled for. The standard error is
clustered at county level and the regressions are weighted by annual planted area of corn or
soybean. * p<0.1, ** p<0.05, *** p<0.01.
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Figures

Figure 1: Crop Productivity of Two Periods As A Function of Temperature
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Figure 2: Annual Average of Crop Yields and Crop Yield Change Over Time

(a) Corn: Temperature Change (b) Soybean: Temperature Change

(c) Corn: Yields Change (d) Soybean: Yields Change

Notes: Panel (a) and (b) plots county-level changes in the extreme high temperatures over time periods
for corn and soybean, respectively. Panel(c) and (d) plots the counterparts in the yields of corn and
soybean, respectively. The change is calculated by the difference between the mean value in the pre-1996
period and the counterpart in the post-1996 period.

36



Figure 3: Distribution of Temporal Change of Agricultural Inputs

(a) Distribution of Irrigation Coverage Change
(%)

(b) Distribution of Machinery Power Change
(kW/Ha)

(c) Distribution of Fertilizer Change (Ton/Ha) (d) Distribution of Change (kWh per capita)

Notes: This figure presents the distribution of input change over 1981 to 2010. The change in each input
variable is calculated by the difference between the 1981-1995 average and the 1996-2010 average. The
solid line depicts zero and the dashed line depicts the average of the temporal change for each input.
The value for the average of the change for each input is presented below the dashed line.
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Figure 4: Sensitivity of Results to Starting Year and Length of Time Period
–Using 5 years or 10 years as a Period

(a) GDD above 28 ℃: 5 years (b) GDD above 28 ℃: 10 years

(c) GDD above 26 ℃: 5 years (d) GDD above 26 ℃: 10 years

Note: Figure 4 presents the evolution of extreme temperature effect on crop yields estimated with model
in equation (5) using 5 years or 10 years as a period. The regressions are weighted by annual planted
area for each crop and the standard errors are clustered at the county level. In each panel, we report the
point estimates and the corresponding confidence intervals at the 95% significance levels for the effects
of 100-day exposure to temperature above the threshold in the first period (period 1981-1985 or period
1981-1990 denoted by the circle symbol) and the difference in the effects between the following periods
and the first period (denoted by the triangle symbol). The initial year for each period is specified below
the horizontal axis.
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Figure 5: The Heterogeneous Evolution of Extreme Temperature Impacts by Categories of
Irrigation Coverage Change

(a) Corn: GDD above 28 ℃ (b) Soybean: GDD above 26 ℃

Note: The uninteracted model is the model in equation (5) and the rest four labels correspond to the
evolution of the extreme temperature effects by the category of irrigation coverage change, which is
estimated with equation (7). "<25%" denotes the category of counties with irrigation coverage change
below the 25th percentile of the nationwide distribution; "25%∼50%" denotes the category of counties
with irrigation coverage change above the 25th percentile but below the 50th percentile; "50%∼ 75%"
denotes the category of counties with irrigation coverage change above the 50th percentile but below
the 75th percentile; ">75%" denotes the category of counties with irrigation coverage change above the
75th percentile. We report the point estimates and the corresponding confidence intervals at the 95%
significance level for the effects of 100-day exposure to the extreme high temperatures in the pre-1996
period (denoted by the circle symbol) and the difference in the effects between the pre-1996 and post-1996
period (denoted by the triangle symbol).
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Appendices

A Figures and Tables on Summary Statistics of Data

Figure A.1: The Maps of Crop Regions: Corn and Soybean

(a) The Map of Corn Regions (b) The Map of Soybean Regions

Notes: Figure A.1 depicts the growing regions of corn and soybean. Most of the regions are directly
named after their geographical locations. The HuangHuaiHai (HHH) region is largely located on the
HuangHuaiHai Plain which is a alluvial plain created by the deposition of sediment over a long period of
time by Huang (Yellow) River, Huai River and Hai River. Similarly, the Loess region is largely the area
of the Loess Plateau which is named for its most distinctive feature, the highly friable loess soil that has
been deposited by wind storms over the ages.

Figure A.2: Growing Seasons of Crops by Region: Corn and Soybean

(a) Growing Seasons of Corn By Region (b) Growing Seasons of Soybean By Region

Notes: This graph exhibits the full growing season of all the main types of crops in terms of planted
hectares. For example, the main types of soybean planted in the South are spring, summer and autumn
and the consecutive growing seasons of the three types of soybean span over the period from April to
August.
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Figure A.3: The Locations of Weather Stations from 1981 to 2010

Notes: The black dots in the map denote the locations of all the 824 weather stations. All the 824
stations remained to be active from 1981 to 2010, avoiding selection bias created by opening and closure
of weather stations from time to time.

Figure A.4: Precipitation Change in the Corn and Soybean Region

(a) Precipitation Change in the Corn Region (b) Precipitation Change in the Soybean Region

Notes: Panel (a) and (b) plots county-level precipitation change in the corn and soybean region over
1981-2010, respectively.
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Figure A.5: The Planted Area of Corn and Soybean and the Corresponding Share in the Total
Planted Area Over Time

(a) The Planted Area of Corn and Soybean (b) The Percentage of Total Farmland Planted to
Corn and Soybean

Notes: The planted area of corn or soybean for each year is calculated by aggregating the corn or soybean
planted area of all the counties in each year. The corresponding share is calculated with the percentage
of aggregate corn or soybean area accounting for the total planted area for all crops.
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B Temperature-Yield Relationship

B.1 Selection of Temperature and Precipitation Thresholds for the Linear Piece-

wise Model

Table B.1 reports the thresholds of temperature and precipitation that are best fit for the period-

specific fixed effect panel model in equation (5) based on the Bayesian information criterion.

The selection process is conducted by running the regression model in equation (5) over a set of

temperature and precipitation thresholds and selecting the pair of thresholds that delivers the

lowest BIC score. We conduct the selection process both for the whole country and for crop

regions defined in Figure A.1.

Table B.1: Thresholds of Temperature (T) and Precipitation (P) for Linear Piece-wise
Temperature-Yield Relationship: (T,P)

(a) Panel A: Corn

Period Length Nationwide North Northwest HHH South Southwest
10 years 28 ℃, 49 cm 30 ℃, 51cm 32 ℃,26cm 28℃, 55 cm 30 ℃, 62 cm 30 ℃, 41 cm
15 years 28 ℃, 51 cm 30 ℃, 51 cm 32 ℃,24cm 28 ℃, 54 cm 30 ℃, 58 cm 30 ℃, 41 cm

(b) Panel B: Soybean

Period Length Nationwide Northeast Northwest HHH South Southwest
10 years 26 ℃, 48 cm 26 ℃, 46 cm 29 ℃, 19 cm 27 ℃, 56 cm 27 ℃, 60 cm 28 ℃ , 62 cm
15 years 26 ℃, 44 cm 26 ℃, 45 cm 28 ℃, 25 cm 26 ℃, 54 cm 27 ℃, 60 cm 30 ℃ , 64 cm
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B.2 Marginal Effects of Additional Climate Variables in the Temperature-Yield

Relationship

Table B.2: Marginal Effects of Additional Climate Variables on Corn Yields Over Time

(1) (2) (3) (4) (5)
period=1981 × Humidity 4.8558∗∗∗ 3.5170∗∗ 5.4263∗∗∗ 3.4188∗ 5.2651∗∗∗

(1.3424) (1.4536) (1.3551) (1.8339) (1.6802)
period=1996 × Humidity 3.0706∗∗∗ 1.0243 2.4456∗∗ 0.9064 2.5533∗∗

(0.7100) (0.9627) (0.9502) (1.2051) (1.0983)
period=1981 × Humidity2 -2.7303∗∗∗ -2.5158∗∗ -3.4348∗∗∗ -2.4548∗ -3.3423∗∗∗

(0.9218) (0.9907) (0.9095) (1.2996) (1.1992)
period=1996 × Humidity2 -2.0531∗∗∗ -0.5720 -1.4890∗∗ -0.4797 -1.5943∗∗

(0.5002) (0.6679) (0.6532) (0.8403) (0.7463)
period=1981 × Sunshine 4.5166∗ -1.5612 0.3593 -3.1237 -0.0303

(2.4985) (2.6176) (2.2980) (3.7980) (3.2589)
period=1996 × Sunshine 2.7386∗ 8.7506∗∗∗ 4.9695∗∗ 8.6309∗∗∗ 4.4465∗

(1.5250) (2.3257) (1.9995) (3.0080) (2.6196)
period=1981 × Sunshine2 1.1678 31.9171 14.2726 40.7551 16.7578

(18.4792) (20.4081) (19.3290) (29.8051) (26.1956)
period=1996 × Sunshine2 0.1462 -53.1059∗∗∗ -26.4431 -50.6477∗∗ -23.5103

(14.0209) (20.0276) (18.5532) (24.1883) (21.8004)
period=1981 × Wind 12.6822∗∗∗ 2.9003 1.7830 3.1931 1.9452

(4.4450) (4.3263) (4.2325) (4.0846) (3.8398)
period=1996 × Wind -2.5224 -4.5894 -1.9539 -4.7509 -2.1635

(3.9878) (4.0738) (4.3082) (4.0699) (4.0810)
period=1981 × Wind2 -284.8097∗∗∗ 16.3355 74.9892 13.8005 70.4159

(94.9079) (87.9925) (93.9014) (76.2907) (75.1698)
period=1996 × Wind2 100.4426 178.5359∗∗ 111.2850 181.6654∗∗ 115.4660

(86.8305) (86.6485) (98.2608) (82.4844) (81.9532)
period=1981 × Evaporation -12.4397∗∗∗ -12.8965∗∗∗ -6.6016∗∗∗ -11.0622∗∗∗ -6.8851∗∗

(3.5828) (2.7598) (2.4201) (3.0015) (2.8389)
period=1996 × Evaporation -1.2328∗ -0.7532 -0.7776 -0.6220 -0.6315

(0.6641) (0.7929) (1.0957) (0.7254) (0.8274)
period=1981 × Evaporation2 77.3252∗∗∗ 75.6097∗∗∗ 46.8512∗∗ 62.5565∗∗∗ 47.4403∗∗

(26.5534) (21.5832) (20.8486) (19.5488) (19.8966)
period=1996 × Evaporation2 2.7237 1.9537 4.0656 0.2661 1.6231

(6.4317) (8.8349) (9.9723) (8.0898) (7.7328)
period=1981 × GSTDD below T 0.0052 0.0136∗∗∗ 0.0078∗ 0.0137∗∗∗ 0.0081∗∗

(0.0047) (0.0036) (0.0041) (0.0044) (0.0041)
period=1996 × GSTDD below T 0.0136∗∗∗ -0.0011 -0.0002 -0.0016 -0.0000

(0.0041) (0.0037) (0.0041) (0.0046) (0.0041)
period=1981 × GSTDD above T -0.0012 -0.0051 -0.0014 -0.0052 -0.0008

(0.0070) (0.0060) (0.0052) (0.0076) (0.0071)
period=1996 × GSTDD above T -0.0187∗∗∗ -0.0153∗∗ -0.0131∗ -0.0149∗∗ -0.0125∗∗

(0.0068) (0.0072) (0.0079) (0.0061) (0.0059)
Observations 59269 59269 59269 59274 59274
R squared 0.7525 0.7981 0.8421 0.0338 0.0210
Fixed Effects Cty,Year Cty,Prov-Yr Cty,Prov-Yr Cty,Prov-Yr Cty,Prov-Yr
Trend No No Yes No Yes
Std. Error Clustered Clustered Clustered Spatial HAC Spatial HAC
T threshold 28 ℃ 28 ℃ 28 ℃ 28 ℃ 28 ℃
P threshold 51 cm 51 cm 51 cm 51 cm 51 cm
Distance N/A N/A N/A 500 km 500 km
Years of Lag N/A N/A N/A 5 5

Note: This table follows Table 2 to present the impacts of additional climate variables on corn yields including
humidity, sunshine duration, wind speed, evaporation and ground surface temperature. This table and Table 2
are based on the same regression. All the additional climate variables are measured in 100 counting units used in
Table 1. So, the coefficients are expanded by 100 times. * p<0.1, ** p<0.05, *** p<0.01.

50



Table B.3: Marginal Effects of Additional Climate Variables on Soybean Yields Over Time

(1) (2) (3) (4) (5)
period=1981 × Humidity 0.4105 3.3967 1.8653 3.3451 2.0624

(2.4224) (2.9606) (3.0894) (2.8254) (2.2054)
period=1996 × Humidity 4.9127∗∗ 3.0832 2.8996 3.4287 2.7038

(1.9167) (2.5472) (2.3184) (2.5587) (1.9574)
period=1981 × Humidity2 -0.6570 -2.4395 -1.3947 -2.3723 -1.5312

(1.5859) (1.9907) (2.0197) (1.8879) (1.5082)
period=1996 × Humidity2 -3.1913∗∗ -1.5905 -1.9717 -1.8375 -1.8703

(1.2839) (1.7860) (1.6238) (1.7915) (1.3251)
period=1981 × Sunshine 11.5723∗∗ 3.3262 0.5132 3.2316 -0.0231

(4.8105) (6.4674) (5.7232) (5.5624) (4.8487)
period=1996 × Sunshine -0.1673 3.1777 11.7199∗∗ 3.3445 11.5340∗∗∗

(3.9256) (5.1432) (5.4419) (5.1919) (4.3031)
period=1981 × Sunshine2 -46.3149 9.1336 25.5045 10.7672 29.0898

(38.8951) (53.1490) (48.2396) (48.5647) (39.7375)
period=1996 × Sunshine2 -8.6529 4.2461 -64.2970 2.7104 -64.6412∗

(28.8306) (40.0742) (40.2122) (43.4510) (36.1032)
period=1981 × Wind -0.6193 -2.9659 1.5109 -3.3065 1.4699

(7.0333) (6.9804) (7.4539) (5.9724) (4.8800)
period=1996 × Wind -4.7204 0.2266 1.8803 -0.4208 1.2214

(7.3825) (7.5822) (7.6391) (6.0988) (4.9070)
period=1981 × Wind2 63.8687 41.4636 68.0034 47.4491 64.0503

(124.5652) (129.5193) (141.3947) (146.0938) (104.6091)
period=1996 × Wind2 240.8413 79.0646 80.3120 92.1338 89.1135

(157.8163) (160.5469) (167.4935) (148.4572) (110.2699)
period=1981 × Evaporation -1.3909 1.3168 0.4985 -0.1275 -0.4049

(4.5617) (4.9764) (4.6616) (4.7136) (3.4755)
period=1996 × Evaporation 0.1464 1.0166 -0.8119 1.0141 -0.6465

(1.1356) (1.3028) (1.5506) (1.1316) (1.1587)
period=1981 × Evaporation2 -60.6455 -45.8914 -18.5320 -32.4938 -9.7248

(42.6463) (45.9285) (42.6171) (40.9255) (30.2648)
period=1996 × Evaporation2 -24.2417∗ -21.2860 -13.9129 -21.0577 -16.1461

(12.7238) (15.4893) (16.3715) (15.6708) (15.3188)
period=1981 × GSTDD below T 0.0128∗∗∗ 0.0027 0.0008 0.0030 0.0006

(0.0037) (0.0042) (0.0038) (0.0034) (0.0030)
period=1996 × GSTDD below T 0.0192∗∗∗ 0.0079∗ 0.0115∗∗ 0.0080∗∗∗ 0.0113∗∗∗

(0.0036) (0.0041) (0.0051) (0.0029) (0.0034)
period=1981 × GSTDD above T -0.0207∗∗∗ -0.0050 -0.0062 -0.0051 -0.0062

(0.0075) (0.0074) (0.0070) (0.0052) (0.0042)
period=1996 × GSTDD above T -0.0227∗∗∗ -0.0133∗∗ -0.0211∗∗ -0.0126∗∗∗ -0.0211∗∗∗

(0.0065) (0.0065) (0.0085) (0.0044) (0.0046)
Observations 54327 54322 54322 54323 54323
R squared 0.6819 0.7265 0.7869 0.0238 0.0239
Fixed Effects Cty,Year Cty,Prov-Yr Cty,Prov-Yr Cty,Prov-Yr Cty,Prov-Yr
Trend No No Yes No Yes
Std. Error Clustered Clustered Clustered Spatial HAC Spatial HAC
T threshold 26 ℃ 26 ℃ 26 ℃ 26 ℃ 26 ℃
P threshold 44 cm 44 cm 44 cm 44 cm 44 cm
Distance N/A N/A N/A 500 km 500 km
Years of Lag N/A N/A N/A 5 5

Note: This table follows Table 3 to present the impacts of additional climate variables on soybean yields
including humidity, sunshine duration, wind speed, evaporation and ground surface temperature. All the speci-
fications of the regression models are identical to Table 3. All the additional climate variables are measured in
100 counting units used in Table 1. So, the coefficients are expanded by 100 times.
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B.3 Heterogeneous Temperature-Yield Relationships by Corn or Soybean Region

In Table B.4 and Table B.5, we estimate heterogeneous temperature-yield relationships of corn

and soybean by crop regions defined in Figure A.1. Each column in Table B.4 comes from a sin-

gle regression in which the sample is restricted to the corresponding corn regions in Figure A.1.

The point estimates of the corn yield loss due to additional 100-day exposure to temperatures

above the regional thresholds vary largely across regions for both of the two periods. Northern

regions generally suffer more from extreme temperature than the southern regions (Northwest is

an exception among the northern regions but the estimated coefficient of the high temperature

category is not significant). All the regions except the inland Northwest experienced a dramatic

decline on the extreme temperature impacts over the two periods, indicating prevalent adapta-

tion effects all over the country. For the North, HHH, South and Southwest region, the relative

adaptation effects are 60%, 75%, 74% and 76%, respectively. The finding of large cross-sectional

and longitudinal variation in temperature-generating yield losses is consistent with the idea that

hotter places adapt to higher temperatures better than colder places do.

Table B.5 reports the regional differences in the temperature-yield relationships of soybean.

Each column presents the same of information as in Table B.4 except for soybean. 100-day

exposure to temperatures above the regional threshold generates a significant loss on annual

soybean yields for all the regions except the South. The detrimental impacts of extreme temper-

atures vary largely across regions for both periods. Northern regions suffer more from extreme

temperatures than southern regions, which is consistent with the idea that hotter places adapt

to high temperature better than the cooler places do. Only the HHH region and Northwest

region show significant declines in the yield loss due to extreme heat and the temporal decline

in the extreme temperature effect is about 80%.
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Table B.4: The Heterogeneous Temperature-Yield Relationships of Corn by Regions

(1) (2) (3) (4) (5)
North HuangHuaiHai Northwest South Southwest

period=1981 × GDD below T 0.0426∗∗ -0.0172 -0.0300 0.0449∗∗ -0.0158
(0.0174) (0.0129) (0.0195) (0.0207) (0.0130)

period=1996 × GDD below T 0.0255 -0.0294∗∗ -0.0296 0.0257 0.0027
(0.0181) (0.0134) (0.0198) (0.0211) (0.0133)

period=1981 × GDD above T -0.9987∗∗∗ -0.2054∗∗∗ 0.0915 -0.2963∗∗∗ -0.1509∗∗

(0.2115) (0.0501) (0.1549) (0.0797) (0.0706)

period=1996 × GDD above T -0.4029∗∗ -0.0516 0.0696 -0.0607 -0.0293
(0.1777) (0.0360) (0.1417) (0.0497) (0.0502)

period=1981 × Prec below P 0.1068 0.2638∗∗∗ 0.1236 0.0429 -0.1584∗∗

(0.1458) (0.0689) (0.4096) (0.0942) (0.0756)

period=1996 × Prec below P 0.3085∗∗∗ 0.0674 0.2998 0.0483 0.0319
(0.1130) (0.0444) (0.2614) (0.0556) (0.0526)

period=1981 × Prec above P -0.4479∗∗∗ -0.1591∗ -0.2592 -0.0543 -0.0554
(0.0870) (0.0840) (0.6325) (0.0494) (0.0600)

period=1996 × Prec above P -0.4036∗∗∗ -0.1803∗∗∗ -0.3608 -0.1012∗∗∗ -0.1703∗∗

(0.1153) (0.0430) (0.3986) (0.0270) (0.0702)

p-Value for GDD below T : 0.3915 0.2936 0.9825 0.1049 0.0869
β1981 = β1996

p-Value for GDD above T : 0.0256 0.0018 0.9174 0.0115 0.0949
β1981 = β1996

p-Value for Prec. below P : 0.3041 0.0105 0.7151 0.9563 0.0152
β1981 = β1996

p-Value for Prec. above P : 0.7298 0.8059 0.8987 0.3748 0.1912
β1981 = β1996

Observations 10532 16852 3031 16513 12341
R squared 0.8288 0.7909 0.9032 0.8912 0.8956
Fixed Effects Cty,Prov-Yr Cty,Prov-Yr Cty,Prov-Yr Cty,Prov-Yr Cty,Prov-Yr
County Trend Yes Yes Yes Yes Yes
Std. Error Clustered Clustered Clustered Clustered Clustered
T threshold 30 ℃ 28 ℃ 32 ℃ 30 ℃ 30 ℃
P threshold 51 cm 54 cm 24 cm 58 cm 41 cm

Note: This table presents regional-heterogeneous impacts of extreme temperatures on corn yields over time
periods. Division of corn regions is illustrated in Figure A.1. Each column is from a separate regression cor-
responding to a particular corn region. The regression model is presented in equation (5) and the rest model
specifications are the same as equation (5). The North region includes province-level administrative districts
of Heilongjiang, Jilin, Liaoning, Inner Mongolia, Northern Shaanxi, Northern Hebei (north to the Great Wall)
and Southern Gansu. The Huanghuaihai (HHH) region includes Beijing, Tianjin, Southern Hebei (south to the
Great Wall), Shandong, Henan, Shanxi, Middle Shaanxi, Northern Jiangsu (north to Huai River) and Northern
Anhui (north to Huai River). The Northwest region includes Xinjiang, Ningxia and Northern Gansu. The
South region includes Southern Jiangsu(south to Huai River), Southern Anhui(south to Huai River), Eastern
Hubei, Eastern Hunan, Jiangxi, Shanghai, Zhejiang, Fujian, Guangdong, Guangxi and Hainan. The Southwest
region includes Southern Shaanxi, Western Hubei, Western Hunan, Chongqing, Sichuan, Guizhou and Yunnan.
The Plateau region includes Qinghai and Tibet (Xizang). * p<0.1, ** p<0.05, *** p<0.01.
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Table B.5: The Heterogeneous Temperature-Yield Relationships of Soybean by Regions

(1) (2) (3) (4) (5)
Northeast HHH Northwest South Southwest

period=1981 × GDD below T 0.0609∗ 0.0075 0.3351∗∗∗ 0.0098 0.0259
(0.0347) (0.0306) (0.1225) (0.0106) (0.0247)

period=1996 × GDD below T 0.0562 0.0477 0.3191∗∗ 0.0111 -0.0024
(0.0346) (0.0312) (0.1244) (0.0103) (0.0277)

period=1981 × GDD above T -0.5078∗∗∗ -0.1590∗∗∗ -1.6760∗∗∗ 0.0200 -0.2450∗∗

(0.1457) (0.0597) (0.5607) (0.0256) (0.1032)

period=1996 × GDD above T -0.5659∗∗∗ -0.0345 -0.1357 0.0407 -0.1334
(0.1190) (0.0547) (0.3495) (0.0302) (0.0865)

period=1981 × Prec below P 0.3211 0.2350∗∗ -3.9404 -0.2040∗ 0.7679∗∗∗

(0.2669) (0.1106) (2.4742) (0.1110) (0.2470)

period=1996 × Prec below P 0.2609 0.1326 -1.4733 -0.0135 0.4525∗∗∗

(0.1938) (0.1033) (1.0640) (0.0576) (0.1732)

period=1981 × Prec above P -0.1273 -0.7281∗∗∗ 0.7403 -0.0652∗∗∗ -0.1034
(0.1027) (0.1707) (0.6737) (0.0242) (0.0789)

period=1996 × Prec above P -0.2637∗ -0.1654∗∗ -0.6868∗∗ -0.0846∗∗∗ 0.0243
(0.1394) (0.0743) (0.3144) (0.0194) (0.0463)

p-Value for GDD below T : 0.9110 0.2674 0.9386 0.7258 0.1514
β1981 = β1996

p-Value for GDD above T : 0.7580 0.0316 0.0230 0.1753 0.1802
β1981 = β1996

p-Value for Prec. below P : 0.8722 0.4811 0.3353 0.1343 0.2632
β1981 = β1996

p-Value for Prec. above P : 0.4277 0.0023 0.0390 0.5100 0.1502
β1981 = β1996

Observations 5870 16393 1750 21438 5860
R squared 0.6758 0.7983 0.7998 0.8941 0.8661
Fixed Effects Cty,Prov-Yr Cty,Prov-Yr Cty,Prov-Yr Cty,Prov-Yr Cty,Prov-Yr
County Trend Yes Yes Yes Yes Yes
Std. Error Clustered Clustered Clustered Clustered Clustered
T threshold 26 ℃ 26 ℃ 28 ℃ 27 ℃ 30 ℃
P threshold 45 cm 54 cm 25 cm 60 cm 64 cm

Note: This table presents regional-heterogeneous impacts of high temperature on soybean yields over time
periods. Division of corn regions is illustrated in Figure A.1. Each column is from a separate regression cor-
responding to a particular corn region. The regression model is presented in equation (5) and all the rest
model specifications are the same as equation (5). The Northeast region includes province-level adminis-
trative districts of Heilongjiang, Jilin, Liaoning, Eastern Inner Mongolia. The Huanghuaihai (HHH) region
includes Beijing, Tianjin, Southern Hebei (south to the Great Wall), Shandong, Henan, Southern Shanxi,
Middle Shaanxi, Southeastern Gansu, Northern Jiangsu (north to Huai River) and Northern Anhui (north
to Huai River). The Northwest region includes Western Inner Mongolia, Xinjiang and Most of Gansu. The
South region includes Southern Jiangsu(south to Huai River), Southern Anhui(south to Huai River), Shang-
hai, Zhejiang, Fujian, Guangdong, Guangxi, Hainan, Hubei, Eastern Hunan, Jiangxi, Chongqing and East-
ern Sichuan. The Southwest region includes Western Hunan, Western Sichuan, Guizhou and Yunnan. The
Plateau region includes Qinghai and Tibet (Xizang). * p<0.1, ** p<0.05, *** p<0.01.
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B.4 Robustness Analyses of the Temperature-Yield Relationship Estimation

This section reports the results for the robustness analyses of the temperature-yield relationship

estimation. Figure B.1 presents the estimation results of the temperature-yield relationship

using spatial heteroskedasticity and autocorrelation consistent standard error estimator of the

variance-covariance matrix, where the cutoff distance for the contemporaneous spatial correlation

and the lag length for the serial correlation are varied to test whether the estimation results are

sensitive to the parameters of the spatial HAC estimator.

Figure B.2 reports the estimation of temperature-yield relationships of corn and soybean

using temperature thresholds other than the initially selected ones (28℃ for corn and 26 ℃

for soybean). Figure B.3 to Figure B.6 present the temporal evolution of temperature-yield

relationship for the two crops when the 5-year period and 10-year period specification are used.

Temperature thresholds other than the initially selected are used to test whether the evolution-

ary patterns in the 5-year and 10-year settings are sensitive to choices of temperature threshold.

Figure B.7 and Figure B.8 report the temporal evolution of temperature-yield relationship esti-

mated with the polynomial approach that allows the impact of extreme temperature to change

smoothly and flexibly from year to year. Various temperature thresholds are used to define

extreme temperature variable for the sake of parameter sensitivity. All the figures depict the

point estimate and the corresponding 95% confidence interval for the coefficient for GDD above

the threshold of each period.
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Figure B.1: Robustness Analysis of Temperature-Yield Relationship Estimation Using Spatial
HAC Standard Errors

(a) Corn: Lag=3 years (b) Corn: Lag=5 years

(c) Soybean: Lag=3 years (d) Soybean: Lag=5 years

Notes: We estimate the model in equation (5) with spatial heteroskedastic autocorrelated standard error
using the stata code provided by Hsiang (2010). The regression is weighted by annual planted area for
each crop. In each panel, the cutoff distance is specified at the horizontal axis. For each distance choice,
we report the point estimate and the corresponding confidence interval at the 95% significance level for
the effects of 100-day exposure to temperature above the threshold in the pre-1996 period (denoted by
the circle symbol) and the difference in the effects between the pre-1996 and post-1996 period (denoted
by the triangle symbol).
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Figure B.2: Marginal Impacts of Extreme Temperatures on Corn and Soybean Yields by
Temperature Thresholds

(a) Corn (b) Soybean

Figure B.3: Marginal Impacts of Extreme Temperatures on Corn Yields by Temperature
Thresholds: 5 Years as a Period

(a) GDD above 29 ℃ (b) GDD above 30 ℃

(c) GDD above 31 ℃ (d) GDD above 32 ℃
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Figure B.4: Marginal Impacts of Extreme Temperatures on Corn Yields by Temperature
Thresholds: 10 Years as a Period

(a) GDD above 29 ℃ (b) GDD above 30 ℃

(c) GDD above 31 ℃ (d) GDD above 32 ℃
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Figure B.5: Marginal Impacts of Extreme Temperatures on Soybean Yields by Temperature
Thresholds: 5 Years as a Period

(a) GDD above 27 ℃ (b) GDD above 28 ℃

(c) GDD above 29 ℃ (d) GDD above 30 ℃
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Figure B.6: Marginal Impacts of Extreme Temperatures on Soybean Yields by Temperature
Thresholds: 10 Years as a Period

(a) GDD above 27 ℃ (b) GDD above 28 ℃

(c) GDD above 29 ℃ (d) GDD above 30 ℃

60



Figure B.7: Marginal Impacts of Extreme Temperatures on Corn Yields by Temperature
Thresholds: Using Polynomial Model of Time Trend

(a) GDD above 28 ℃ (b) GDD above 29 ℃

(c) GDD above 30 ℃ (d) GDD above 31 ℃

(e) GDD above 32 ℃
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Figure B.8: Marginal Impacts of Extreme Temperatures on Soybean Yields By Temperature
Thresholds: Using Polynomial Model of Time Trend

(a) GDD above 26 ℃ (b) GDD above 27 ℃

(c) GDD above 28 ℃ (d) GDD above 29 ℃

(e) GDD above 30 ℃
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B.5 The Interaction Effects of Agricultural Inputs with Temperatures

This section introduces supplemental results on the interaction effects of agricultural inputs with

temperatures to support the results on inputs in Section 6.2 and 6.3. Figure B.9 depicts the

correlation between the change in the extreme temperature and the change in the agricultural

inputs and shows that change in the inputs are weakly negatively correlated with the change

in the extreme temperature, which lends credibility to our argument that estimation of the

marginal adaptation effects of inputs using the input-augmented model is downward biased.

Table B.6 and B.7 reports the effects of agricultural inputs on the relationship between yields

and low temperatures, which are measured by the interaction effects between temporal change in

inputs and low temperatures (GDD below the threshold) using the model in equation (6). Table

B.8 reports the robustness analysis of the interaction effects of inputs with low temperatures by

adding the temperature-by-year trend and interactions of economic controls with temperatures.

The analysis on the interaction effects of inputs with low temperatures is a placebo test of the

moderation effects of inputs on extreme temperature impacts. We do not expect that inputs

can protect yields from low temperatures. Insignificant interaction effects of inputs with low

temperatures suggest that the adoption of inputs is not coincidental with factors that determine

the overall crop yields.

At last, Figure B.10 presents how period-specific impacts of excessive precipitation on crop

yields varies by the irrigation coverage change. The results show that significant decline in

excessive precipitation effects only happens in areas where the increase in the irrigation coverage

for the recent 15 years is among the group of 75% highest increase. But the local mitigation of

excessive precipitation impacts is not large enough to be extended to the nationwide scale, which

to some extent can help to explain the fact of no significant decline in the excessive precipitation

effects.
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Figure B.9: Correlations between Temporal Change in Extreme Temperature and
Counterparts in Inputs

(a) Corn Counties (b) Soybean Counties

Notes: The correlation is estimated by regressing input change on temperature change. The temporal
change is calculated by the difference of the mean values between the pre-1996 period and the post-1996
period. The extreme temperature exposure for corn (soybean) counties is measured by degree days for
temperature above 28 (26) ℃. Correlations are estimated by regressing temporal changes in inputs
against the counterpart in temperature either controlling for province fixed effects (denoted by triangles)
or not (denoted by circles). The stand errors for all the regressions are clustered at the county level.

Table B.6: Interaction Effects of Inputs Change with Low Temperatures for Corn Counties

(1) (2) (3) (4) (5)
Irrigation Machinery Fertilizer Electricity Combined

GDD below T 0.0043 0.0041 0.0004 -0.0015 0.0042
(0.0095) (0.0081) (0.0108) (0.0082) (0.0108)

GDD below T × Irrigation (%) 0.0020 0.0108
(0.0129) (0.0148)

GDD below T × Machinery (kW/Ha) -0.0006 -0.0006
(0.0006) (0.0008)

GDD below T × Fertilizer (Ton/Ha) 0.0081 0.0047
(0.0291) (0.0329)

GDD below T × Electricity (kWh per capita) 0.0093 0.0085
(0.0064) (0.0068)

Observations 59255 59229 59229 59169 59136
R squared 0.8663 0.8686 0.8686 0.8419 0.8702
County FE Yes Yes Yes Yes Yes
Prov-Year FE Yes Yes Yes Yes Yes
County-Quadratic Trend Yes Yes Yes Yes Yes
Std. Error Clustered Clustered Clustered Clustered Clustered
T threshold 28 ℃ 28 ℃ 28 ℃ 28 ℃ 28 ℃
P threshold 51 cm 51 cm 51 cm 51 cm 51 cm

Note: This table follows Table 4 to report the results for interaction effects between the low temperature
and inputs. The low temperature variable is the growing degree days below 28 ℃. Precipitation and ad-
ditional climate variables are included. The standard error is clustered at county level and the regressions
are weighted by annual corn planted area. * p<0.1, ** p<0.05, *** p<0.01.
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Table B.7: Interaction Effects of Inputs Change with Low Temperatures for Soybean Counties

(1) (2) (3) (4) (5)
Irrigation Machinery Fertilizer Electricity Combined

GDD below T 0.0388∗∗ 0.0328∗∗∗ 0.0322∗∗ 0.0272∗ 0.0399∗∗

(0.0168) (0.0127) (0.0126) (0.0147) (0.0176)

GDD below T × Irrigation (%) -0.0086 -0.0089
(0.0240) (0.0248)

GDD below T × Machinery (kW/Ha) -0.0009∗∗ -0.0001
(0.0003) (0.0019)

GDD below T × Fertilizer (Ton/Ha) -0.0076∗∗∗ -0.0069
(0.0022) (0.0133)

GDD below T × Electricity (kWh per capita) 0.0211 0.0211
(0.0214) (0.0301)

Observations 54263 54287 54287 54252 54174
R squared 0.8203 0.8164 0.8164 0.7856 0.8213
County FE Yes Yes Yes Yes Yes
Prov-Year FE Yes Yes Yes Yes Yes
Cty-Quadratic Trend Yes Yes Yes Yes Yes
Std. Error Clustered Clustered Clustered Clustered Clustered
T threshold 26 ℃ 26 ℃ 26 ℃ 26 ℃ 26 ℃
P threshold 44 cm 44 cm 44 cm 44 cm 44 cm

Note: This table follows Table 5 to report the results for interaction effects between the low temperature
and inputs. The dependent variable is log soybean yields. The low temperature variable for interactions
is the growing degree days below 26 ℃. Precipitation and additional climate variables are included in the
regressions. The standard error is clustered at county level and the regressions are weighted by annual
soybean planted area. * p<0.1, ** p<0.05, *** p<0.01.
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Table B.8: Robustness Analysis of the Interaction Effects of Agricultural Inputs with Low
Temperatures for Corn and Soybean

(1) (2) (3) (4)
Corn Corn Soybean Soybean

GDD below T -0.0318 -2.3353 -0.2016 -0.5584
(0.0408) (1.5179) (1.0503) (1.4504)

GDD below T × Irrigation (%) 0.0108 0.0100 -0.0092 -0.0096
(0.0148) (0.0145) (0.0249) (0.0259)

GDD below T × Machinery (kW/Ha) -0.0006 -0.0008 -0.0002 0.0003
(0.0008) (0.0008) (0.0019) (0.0019)

GDD below T × Fertilizer (Ton/Ha) 0.0042 -0.0080 -0.0068 -0.0100
(0.0330) (0.0281) (0.0133) (0.0134)

GDD below T × Electricity (kWh per capita) 0.0085 0.0086 0.0211 0.0155
(0.0068) (0.0061) (0.0302) (0.0247)

Temperature × Year Yes Yes Yes Yes
GDP × Temperature No Yes No Yes
(Cargo by Road) × Temperature No Yes No Yes
Observations 53475 37617 54174 40178
R squared 0.8601 0.8727 0.8176 0.8211
County FE Yes Yes Yes Yes
Prov-Year FE Yes Yes Yes Yes
Cty-Quadratic Trend Yes Yes Yes Yes
Std. Error Clustered Clustered Clustered Clustered
T threshold 28 ℃ 28 ℃ 26 ℃ 26 ℃
P threshold 51 cm 51 cm 44 cm 44 cm

Note: This table presents the robustness analysis on the interaction effects of agricultural
inputs with low temperatures. The dependent variable is log crop yields. The temperature
variables used for interactions are the growing degree days below the thresholds. Precipi-
tation and additional climate variables are included in the regressions. The standard error
is clustered at county level and the regressions are weighted by annual corn or soybean
planted area. * p<0.1, ** p<0.05, *** p<0.01.
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Figure B.10: The Temporal Evolution of Excessive Precipitation Impacts by Categories of
Irrigation Coverage Change

(a) Corn: Prec above 51 cm (b) Soybean: Prec above 44 cm

Note: The uninteracted model is the model in equation (5) and the rest four labels correspond to the
evolution of the extreme precipitation effects by the category of irrigation coverage change, which is
estimated with equation (6). "<25%" denotes the category of counties with irrigation coverage change
below the 25th percentile of the nationwide distribution; "25%∼50%" denotes the category of counties
with irrigation coverage change above the 25th percentile but below the 50th percentile; "50%∼ 75%"
denotes the category of counties with irrigation coverage change above the 50th percentile but below
the 75th percentile; ">75%" denotes the category of counties with irrigation coverage change above the
75th percentile. We report the point estimates and the corresponding confidence intervals at the 95%
significance level for the effects of 100-day exposure to temperature above the threshold in the pre-1996
period (denoted by the circle symbol) and the difference in the effects between the pre-1996 and post-1996
period (denoted by the triangle symbol).
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