INTERNATIONAL
FOOD POLICY
RESEARCH

‘ A INSTITUTE

IFPRI

IFPRI Discussion Paper 01485

December 2015

US Maize Data Reveals Adaptation to Heat and
Water Stress

Timothy S. Thomas

Environment and Production Technology Division



INTERNATIONAL FOOD POLICY RESEARCH INSTITUTE

The International Food Policy Research Institute (IFPRI), established in 1975, provides evidence-based
policy solutions to sustainably end hunger and malnutrition and reduce poverty. The Institute conducts
research, communicates results, optimizes partnerships, and builds capacity to ensure sustainable food
production, promote healthy food systems, improve markets and trade, transform agriculture, build
resilience, and strengthen institutions and governance. Gender is considered in all of the Institute’s work.
IFPRI collaborates with partners around the world, including development implementers, public
institutions, the private sector, and farmers’ organizations, to ensure that local, national, regional, and
global food policies are based on evidence. IFPRI is a member of the CGIAR Consortium.

AUTHOR

Timothy S. Thomas (tim.thomas@cgiar.org) is a research fellow in the Environment and Production
Technology Division of the International Food Policy Research Institute, Washington, DC.

Notices

' IFPRI Discussion Papers contain preliminary material and research results and are circulated in order to stimulate discussion and
critical comment. They have not been subject to a formal external review via IFPRI’s Publications Review Committee. Any opinions
stated herein are those of the author(s) and are not necessarily representative of or endorsed by the International Food Policy
Research Institute.

2 The boundaries and names shown and the designations used on the map(s) herein do not imply official endorsement or
acceptance by the International Food Policy Research Institute (IFPRI) or its partners and contributors.

Copyright 2015 International Food Policy Research Institute. All rights reserved. Sections of this material may be reproduced for
personal and not-for-profit use without the express written permission of but with acknowledgment to IFPRI. To reproduce the
material contained herein for profit or commercial use requires express written permission. To obtain permission, contact
ifpri-copyright@cgiar.org.


mailto:tim.thomas@cgiar.org

Contents

Abstract v
Acknowledgments vi
1. Introduction 1
2. The Approach Used 3
3. Important Statistical Results 5
4. Estimating Climate Impact on Maize 9
5. Concluding Remarks 10

References 11

1ii



Tables

1.1 Percentage change in yield due to climate change only between 2000 and 2050 for global rainfed
maize

1.2 Percentage change in yield due to climate change only between 2000 and 2050 for rainfed maize,
United States

3.1 Regression results for log of rainfed maize yield
3.2 Regression results for log of rainfed maize yield with interaction of time trend and weather

variables

4.1 Projected yield changes from regression estimates, 2000 to 2050

v



ABSTRACT

Heat is a serious barrier to maize productivity increases, and heat is expected to rise as a result of climate
change. Using county-level annual yields for rainfed maize for 2,616 US counties from 1980 to 2010, we
conduct a multivariate, nonparametric yield response analysis to weather, maize price, and time trend to
project climate impact on maize and to compare with climate projections from crop models. When we
compare with climate impacts predicted by biophysical models, we find that our analysis tends to support
the most pessimistic of the biophysical model projections for climate change.

We also demonstrate that growth in maize yields in the United States between 1980 and 2010 was
higher under high temperatures than under moderate temperatures, with yields growing 20.2 percent
faster when the mean daily maximum temperature for the warmest month ranged from 34 to 35 degrees
Celsius instead of 28 to 29 degrees. Similarly, we find that US maize has become more tolerant of lower
rainfall levels, with yields growing 15.9 percent faster between 1980 and 2010 when rainfall is below 250
millimeters in the first four months of the growing period compared with when it is between 400 and 450
millimeters (the optimal amount of rainfall). This suggests that significant adaptation to current and future
effects of climate change is already taking place for US maize.

Keywords: climate impacts | climate change adaptation | agricultural productivity | model
intercomparison panel analysis
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1. INTRODUCTION

We must understand the potential impact of climate change on agriculture if we are to continue to
improve food security and reduce hunger, malnutrition, and poverty. Researchers have been studying the
impact of climate change on agriculture for more than two decades (Rosenzweig et al. 2014; Rosenzweig
and Parry 1994), though they have not arrived at a consensus as to the magnitude of the impact. Some
models look only at the direct impact on agricultural productivity (Rosenzweig et al. 2014; Miiller and
Robertson 2014), while others incorporate productivity changes into economic models to get a fuller
picture of the impact of climate change taking into account things such as technological improvements in
agriculture and substitutions that take place on both the supply and demand side as a result of changes in
prices, productivity, population, and gross domestic product (Nelson et al. 2014; Nelson et al. 2013;
Rosegrant, Agcaoili-Sombilla, and Perez 1995; Nelson et al. 2009; Nelson et al. 2010; Fischer, Shah, and
Velthuizen 2002).

The Global Gridded Crop Model Intercomparison (GGCMI) project compared projections of
several different biophysical process-based and agroecosystem models (Rosenzweig et al. 2014), based on
common daily weather data for each general circulation model (GCM). Yields were computed at each
half-degree gridcell for a reference period (1980-2010) and future periods. We tabulated their gridded
datasets (Rosenzweig et al. 2014; Elliott et al. 2015) using mean crop area per gridcell from 2005 to 2007
as a weight (You and Wood 2006; You, Wood, and Wood-Sichra 2006, 2009, 2014). Of the three major
grains of the world (wheat, maize, and rice), maize is projected to face the highest losses from climate
change, so we choose to focus on that here.

Table 1.1 presents the results for those tabulations for global rainfed maize, taking into account
CO; fertilization. Each row is for a different crop modeling team (pDSSAT, Elliott et al. 2013, Jones et al.
2003; EPIC, Williams and Sharpley 1990, Williams 1995, Gassman et al. 2004, Izaurralde et al. 2006;
gEPIC, Jones et al. 2003, Williams and Sharpley 1990, Williams 1995, Liu et al. 2007; PEGASUS,
Deryng et al. 2011; LPJmL, Fader et al. 2010, Bondeau et al. 2007, Waha et al. 2012; LPJ-GUESS,
Deryng et al. 2011, Smith, Prentice, and Sykes 2001, Lindeskog et al. 2013; GAEZ-IMAGE, Leemans
and Solomon 1993, Bouwman et al. 2006). Each column represents a different GCM (GFDL-ESM2M,
Dunne et al. 2012, Dunne et al. 2013; HadGEM2-ES, Collins et al. 2011, Martin et al. 2011; IPSL-
CMS5A-LR, Dufresne et al. 2013; MIROC-ESM-CHEM, Sakamoto et al. 2012; NorESM1-M, Iversen et
al. 2013). For the HadGEM GCM, we calculated that despite using the same weather data, the seven
modeling teams projected change in global rainfed maize yield between 2000 and 2050 to range between
a loss of 27.4 percent (PEGASUS, Izaurralde et al. 2006) and a gain of 9.6 percent (LPJ-GUESS, Deryng
et al. 2011, Bondeau et al. 2007, Waha et al. 2012 ).

Table 1.1 Percentage change in yield due to climate change only between 2000 and 2050 for global
rainfed maize

Climate model

Crop model GFDL HadGEM IPSL MIROC NorESM
pDSSAT 2.1 -6.5 0.2 -4.3 -0.3
EPIC 4.0 -10.2 -71 -10.2 -5.7
gEPIC 0.1 -3.3 -1.7 -4.8 -4.9
PEGASUS -12.4 -27.4 -19.1 -20.4 7.7
LPJmL 6.4 1.5 1.1 -0.4 3.1
LPJ-GUESS 7.8 9.6 12.3 8.9 11.9
GAEZ-IMAGE 2.9 1.6 3.7 2.6 3.5

Sources: Rosenzweig et al. (2014); Elliot et al. (2015).
Note:  This assumes RCP8.5.



In a similar experiment with essentially the same weather data (though processed somewhat
differently) but without CO; fertilization (Miiller and Robertson 2014), global maize yields from two crop
models were computed to drop by 37.6 percent (DSSAT, Jones et al. 2003) and 9.9 percent (LPJmL,
Fader et al. 2010, Bondeau et al. 2007, Waha et al. 2012) for the HadGEM GCM, and 33.9 percent and
14.2 percent, respectively, for the IPSL GCM.

The United States is responsible for 35 percent of global maize production (FAO 2014), and
within the United States, 84 percent of maize production is rainfed (You and Wood 2006; You, Wood,
and Wood-Sichra 2006, 2009, 2014). Therefore, the impact of climate change on US maize production
has implications for global food security, and we focus mostly on US rainfed maize for the remainder of
this paper. Table 1.2 shows our tabulations of the GGCMI results for the United States. For the HoadGEM
GCM, yield changes range from a loss of 38.7 percent to a gain of 16.0 percent.

Table 1.2 Percentage change in yield due to climate change only between 2000 and 2050 for rainfed
maize, United States

Climate model

Crop model GFDL HadGEM IPSL MIROC NorESM

pDSSAT 1.7 -11.9 1.1 -8.3 -4.2
EPIC 16.5 -38.7 -12.7 -30.9 -18.4
gEPIC 0.6 1.3 3.5 -6.3 -9.9
PEGASUS -12.1 -35.5 -16.0 -21.3 -8.5
LPJmL 10.7 3.3 7.5 25 4.2
LPJ-GUESS 11.6 16.0 19.2 14.9 22.3
GAEZ-IMAGE 5.3 21 1.3 -2.0 2.6

Sources: Rosenzweig et al. (2014); Elliot et al. (2015).
Note:  This assumes RCP8.5.

With such a wide range of projections for climate impact on both US and global maize
production, policymakers may find it difficult to develop any kind of strategy for adapting to climate
change. To provide additional evidence to determine which projection is more likely to occur, we
compare these crop model results to a statistical analysis of historical data (Dell, Jones, and Olken 2014;
Miao, Khanna, and Huang 2015; Schlenker and Roberts 2009; Lobell, Schlenker, and Costa-Roberts
2011; Lobell and Burke 2010; Lobell et al. 2011; Choi and Helmberger 1993).

This approach has several advantages over crop modeling: it is tied directly to real data; it can be
used for crops that are not important enough to develop detailed crop models for; and it allows for some
adaptation (since it measures actual yields produced by farmers over many years, reflecting adaptations
they have made). We use the statistical results from our analysis to compute the impact of climate change
on maize in the United States, and then extrapolate the results to predict the impact of climate change on
global maize productivity.

In addition to making predictions for the impact of climate change on maize yields, we test to see
whether yield response to temperature and precipitation has shifted over the 1980-2010 period. We find a
very strong statistical indication that it has shifted over that period, suggesting that US agriculture, at least
for rainfed maize, is already adapting to climate change—or at least to the kind of stresses from weather
that are expected to be encountered with climate change: higher temperatures and some years with lower
rainfall.



2. THE APPROACH USED

We use US county-level data on maize yields for 2,616 counties for the 1980—2010 period from USDA-
NASS (USDA-NASS 2015), being careful to exclude irrigated maize. We combine the data with values
aggregated over time of daily temperature and precipitation data from the AgMERRA dataset (Ruane,
Goldberg, and Chryssanthacopoulos 2015), also for 1980 to 2010, focusing on values during the cropping
season. AgMERRA is a gridded dataset at a quarter-degree resolution, and we take the values from
AgMERRA that are located at the geographical center of each county. To know when the cropping season
is, we use data from the SAGE global cropping calendar (Sacks et al. 2010).

Because one of our objectives was to make the model simple enough to project yields into the
future under climate change, we hoped to discover a small number of summary weather statistics from the
daily data that would still give reasonable predictive accuracy. We began with monthly values for rainfall,
mean daily maximum temperature, and mean daily minimum temperature—values that are readily
available for most GCMs. With further testing, we settled on two weather indicators: mean daily
maximum temperature for the warmest month out of three months (second to fourth month of the growing
season); and the combined rainfall from the first four months of the growing season.

We decided to use fixed-effects panel regressions similar to other studies (Dell, Jones, and Olken
2014; Miao, Khanna, and Huang 2015; Schlenker et al. 2009; Lobell, Schlenker, and Costa-Roberts
2011), since the fixed effect controls for variables that are difficult to measure such as soil type and the
costs of getting inputs and crops to and from the market. We chose the log of county yield as the
dependent variable. For explanatory variables, we used a nonparametric version of the two weather
variables already mentioned, as well as a time trend and the log of maize price at the state level.

The state-level expected maize price was imputed before running the main regression to take
advantage of the ideal expected price of maize—the futures price of maize (Choi and Helmberger 1993;
Barchart 2015)—modified by observed spatial variation of USDA-NASS (2015) data on actual prices
received by farmers by state (Miao, Khanna, and Huang 2015).

A number of studies have used regressions of weather variables on maize yields. Dell, Jones, and
Olken (2014) provide a thorough review of panel data models used for a broad class of problems that
have dependent variables that include yields but are not limited to the agricultural sector. Miao, Khanna,
and Huang (2015) is one of the most recent analyses that uses yield regressions, including the same
county data that we do here, but slightly offset (1977 to 2007). The authors endeavored to include both
input and output prices in their analysis. They use growing degree days, overheat days, and monthly
temperature deviations instead of a more direct measure for actual temperatures, which makes their
analysis difficult to compare directly with the approach we use here. However, they projected a
productivity decline of 25.1 percent plus or minus 13.9 percent by 2041-2060 (comparable to what we
call “2050” here in this paper) for RCP8.5 and HadGEM-ES GCM, which is one of the models we use in
this study.

Schlenker and Roberts (2009), using the same county data (though for 1950 to 2005), discover
that maize yields increase up to 29 degrees Celsius (°C), then decline as temperatures rise higher. They
use a nonparametric form for temperature that has the number of days during the growing season spent in
each 1 °C interval. They find this method reduces the root-mean-square error over parametric approaches.
They predict that in the climate of 2020-2049 there will be a 30 percent yield impact assuming a high-
emission scenario (A1F1) and Hadley III climate model. They evaluated whether there was any
improvement in maize’s ability to withstand heat, and they failed to find any, though they did this by
breaking the dataset into two groups, 1950—-1977 and 1978-2005.

Lobell et al. (2011) use maize data from across the continent of Africa that come from trial plots.
They found that using 30 °C as a critical threshold, each degreed day above the threshold reduces yields
by 1 percent when there is sufficient water, and by 1.7 percent in drought conditions.

Lobell, Schlenker, and Costa-Roberts (2011) used country-level data on temperature and
precipitation to show that climate changes between 1980 and 2008 reduced maize yields by 3.8 percent.



Lobell and Burke (2010) tested the ability of statistical models to project future yield responses by using
simulated yields from a maize crop model, using in some cases a quadratic form with temperature and
precipitation. They found that at broader geographical scales, performance of statistical models was much
better than at individual sites.

Finally, in one of the earliest attempts to estimate this type of equation, Choi and Helmberger
(1993) used only deviation from normal precipitation as a weather variable for maize, though they did use
temperature, as well, for wheat.



3. IMPORTANT STATISTICAL RESULTS

Table 3.1 shows results for the simple model, in which (except for the first and last categories) rainfall is
divided into 50-millimeter intervals and temperature is divided into 1 °C ranges. The only difference
between the two regressions reported in Table 3.1 is that the second one includes the log of maize price.
Economics suggests that other parameter estimates could be biased if price is omitted from the regression
(Miao, Khanna, and Huang 2015), but we see that even though the statistical significance of the price
variable is high, none of the other parameters (except the intercept) is very different between the two
regressions (which we confirmed with a statistical test on the difference of each pair).

Table 3.1 Regression results for log of rainfed maize yield

Regression 1 Regression 2
Standard Standard
Variable Coefficient error Coefficient error

Rainfall for cultivation months one to four (millimeters)

<250 -0.2495 0.0039  *** -0.2440 0.0039 o
250-300 -0.0893 0.0031  *** -0.0865 0.0031 o
300-350 -0.0432 0.0026  *** -0.0417 0.0026 o
350-400 -0.0197 0.0025  *** -0.0188 0.0025 o
450-500 -0.0013 0.0028 -0.0017 0.0027
500-600 -0.0192 0.0028  *** -0.0215 0.0028 o
> 600 -0.1760 0.0039  *** -0.1767 0.0039 o
Mean daily maximum temperature for warmest month, cultivation months two to four (°C)
<27 -0.0347 0.0033  *** -0.0308 0.0033 o
27-28 0.0106 0.0030  *** 0.0135 0.0030 o
29-30 -0.0255 0.0026  *** -0.0230 0.0026 o
30-31 -0.0712 0.0028  *** -0.0680 0.0028 o
31-32 -0.1483 0.0032  *** -0.1460 0.0032 o
32-33 -0.2616 0.0037  *** -0.2593 0.0037 o
33-34 -0.3554 0.0047  *** -0.3567 0.0047 o
34-35 -0.4627 0.0060  *** -0.4679 0.0060 o
> 35 -0.5711 0.0070  *** -0.5800 0.0070 o
Year (time trend) 0.0163 0.0001 o 0.0171 0.0001 fl
Log of expected maize

price 0.0559 0.0036 ok
Intercept -23.455 0.1675  *** -25.123 0.1980 i

Source: Authors.
Notes: The omitted categories are 400—450 millimeters of rain and 28-29 °C. *** significant at 1% level; ** significant at 5%
level; * significant at 10% level.

The results show that maize yield peaks at between 400 and 450 millimeters of rainfall in the first
four months of the growing period, and that yield peaks when the mean daily maximum temperature of
the second to fourth months of the growing period is between 27 °C and 28 °C. Over the observed range
of temperatures and rainfall, the variation of yield due to precipitation is much smaller than that due to
temperature.



In addition to noting that the price elasticity of rainfed maize yield is 5.59 percent, we also see
that the rate of yield growth between 1980 and 2010 after controlling for prices and weather is in the
range of 1.63 percent to 1.71 percent per year. A growth rate of 1.63 percent per year would result in yield
growth of 63.1 percent over a 30-year period. This is how much yield would be expected to grow without
any changes in climate. Our analysis is not able to distinguish the various contributions to that growth,
which likely include technology embodied in seed development, changes in cultivation practices of
farmers, and CO; fertilization of maize.

Table 3.2 shows the results of a third regression, similar to Regression 2 of Table 3.1, but now
with interaction terms between the time trend and each categorical variable for rainfall and temperature.
The first columns are for the noninteracted terms and the last are for the interacted terms. We note that all
of the parameter estimates for the interacted terms are statistically significant at the 1 percent level—
except for those in the 450-to-500-millimeter rainfall range, which is next to the omitted category of 400—
450 millimeters, and not expected to be very different than the neighboring category. We note that for the
temperature interaction terms, the parameters get quantitatively larger as the temperature ranges go
higher, suggesting that yield is improving faster at higher temperatures. Similarly, for rainfall interaction
terms, parameters get quantitatively larger as precipitation levels decrease.

Table 3.2 Regression results for log of rainfed maize yield with interaction of time trend and
weather variables

Noninteracted Variables with time
variable trend interaction
Standard Standard
Variable Coefficient error Coefficient error

Rainfall for cultivation months one to four (millimeters)

<250 -10.0669 0.8287 *** 0.0049 0.0004 b
250-300 -9.5030 0.6766 *** 0.0047 0.0003 b
300-350 -3.1055 0.5727 *** 0.0015 0.0003 b
350-400 -2.1574 0.5570 *** 0.0011 0.0003 b
450-500 0.6049 0.6039 -0.0003 0.0003
500-600 2.9672 0.5820 *** -0.0015 0.0003 b
> 600 5.4258 0.8311 *** -0.0028 0.0004 b
Mean daily maximum temperature for warmest month, cultivation months two to four (°C)
<27 -9.5899 0.7783 *** 0.0048 0.0004 b
27-28 -2.2371 0.6747 *** 0.0011 0.0003 b
29-30 -2.1305 0.5575 *** 0.0011 0.0003 b
30-31 -5.3545 0.5759 *** 0.0026 0.0003 b
31-32 -10.0770 0.6132 *** 0.0050 0.0003 b
32-33 -10.0201 0.7063 *** 0.0049 0.0004 b
33-34 -10.0664 0.8219 *** 0.0049 0.0004 b
34-35 -12.7247 1.0282 *** 0.0061 0.0005 b
> 35 -16.2374 1.1017 *** 0.0079 0.0006 b
Year (time trend) 0.0137 0.0003 ***

Log of expected maize

price 0.0637 0.0036 ***

Intercept -18.3495 0.5407 ***

Source: Authors.

Notes: The omitted categories are 400-450 millimeters of rain and 28-29 °C, as well as the interaction of the time trend with
those two categories. The results in this table are from one regression, with the variables interacted with time trend
reported in the last two columns. *** significant at 1% level; ** significant at 5% level; * significant at 10% level.



Table 3.2 shows a similar price elasticity for maize to what was reported in Table 3.1, but the rate
of yield growth after controlling for price and weather is lower than in Table 3.1. This shows that growth
in total factor productivity is difficult to separate from adaptation to climate and weather stress, since the
growth rate would have been reported as being much higher if the omitted categories in the regression had
been temperatures in the 3435 °C range and rainfall below 250 millimeters instead of categories that
were near the peak of productivity and that had slower growth rates.

To better interpret the effect on yield from the parameter estimates, we show in Table 3.3 the
yield multipliers of each category of rainfall and temperature. The multipliers from Regressions 1 and 2
were found simply by exponentiating the values reported in Table 3.1, since the dependent variable was
the natural log of yield. The multipliers from Regression 3 are in two columns of Table 3.3, one computed
using 1980 as the time trend, and the other using 2010.

Table 3.3 Yield impacts relative to omitted categories

Regression 1 Regression 2 Regression 3
% of yield of % of yield of o/_° of yield of % increase in
omitted omitted omitted category relative yield,

Variable category category 1980 2010 1980-2010
Rainfall for cultivation months one to four (millimeters)
<250 77.9 78.4 73.5 85.2 15.9
250-300 91.5 91.7 85.8 98.8 15.2
300-350 95.8 95.9 93.8 98.2 4.7
350-400 98.1 98.1 96.6 99.7 3.3
400-450 100.0 100.0 100.0 100.0 0.0
450-500 99.9 99.8 100.4 99.5 -0.9
500-600 98.1 97.9 100.4 95.9 -4.4
> 600 83.9 83.8 87.4 80.3 -8.1
Mean daily maximum temperature for warmest month, cultivation months two to
four (°C)
<27 96.6 97.0 89.7 103.6 15.4
27-28 101.1 101.4 99.9 103.3 3.4
28-29 100.0 100.0 100.0 100.0 0.0
29-30 97.5 97.7 96.0 99.1 3.2
30-31 93.1 934 89.6 97.0 8.3
31-32 86.2 86.4 80.1 93.0 16.1
32-33 77.0 77.2 72.0 83.4 15.8
33-34 70.1 70.0 65.4 75.7 15.7
34-35 63.0 62.6 57.4 69.1 20.2
> 35 56.5 56.0 50.8 64.3 26.6

Source: Authors.
Note:  Regression 3 includes a log of maize price, as well as interaction terms of weather and time trend.

We note from the multipliers for Regression 3 that maize yields in the United States grew 20.2
percent faster between 1980 and 2010 when the mean daily maximum temperature for the warmest month
was in the 34-35 °C range compared to when it was in the 28-29 °C range. Similar results are noted for
other temperatures above 29 °C, and particularly for those above 31 °C. This is an important finding,
because Schlenker and Roberts (2009) suggested that there has been little adaptation to heat by maize. It
also suggests that studies using either days or growing degree days above a threshold temperature (Miao,



Khanna, and Huang 2015; Schlenker and Roberts 2009; Lobell et al. 2011) as their indicator for heat
stress may need to test for shifts in the threshold temperature when multiple years of data are used.

We also see from Table 3.3, Regression 3, that US maize has become more tolerant of lower
rainfall levels, with yields growing 15.9 percent faster between 1980 and 2010 when rainfall is below 250
millimeters in the first four months of the growing period compared with when it is between 400 and 450
millimeters (the optimal amount of rainfall). It has also grown less tolerant of higher rainfall levels
compared with the 400-to-450-millimeter range.

It is not clear why maize seems to be improving in its tolerance for higher temperatures and lower
moisture. We performed a number of tests to see whether some of the yield data might reflect irrigated
yields being improperly mixed with rainfed yields, but the results held up to such tests.1 We suspect that
much of the change in heat and low moisture tolerance is embedded in the seeds that are being developed.
An additional contributing factor might be the growth in the use of no-till cultivation.

Between 1972 and 2012, no-till acreage grew 2.3 percent annually for all US crops Dobberstein
2014). Between 1996 and 2010, no-till maize acreage rose from 12.6 million acres to 19.5 million acres
(USDA-ERS 2015). One study indicates that high air temperatures near the ground are reduced when
using no-till maize, making the micro-environment near the ground more hospitable to maize growth
(Davin et al. 2014).

One other possibility to consider as to why maize seems to be growing in its tolerance of heat is
that CO, fertilization might be more beneficial to maize at higher temperatures than at lower
temperatures, though this would contradict the findings of other studies (Tubiello, Soussana, and Howden
2007; Caldwell, Britz, and Mirecki 2005; Baker 2004; Thomas et al. 2003). Some studies suggest that
higher CO; levels may help alleviate drought pressures (Tubiello, Soussana, and Howden 2007; Morgan
et al. 2004), which could help explain our findings concerning the improved tolerance to lower rainfall
levels between 1980 and 2010.

Despite both heat tolerance and low-rainfall tolerance increasing between 1980 and 2010, even at
the end of the period there are considerable yield reductions for low rainfall and high temperatures. This
means that despite apparent significant improvement, climate change will still adversely affect
agriculture.

!'One such test involved extracting agricultural census data for 1997, 2002, 2007, and 2012. Any county that had any
acreage of maize that was irrigated in any of those years was eliminated from the regression. The qualitative results held for both
precipitation and temperature, and the statistical significance of all temperature interaction terms remained at the 1 percent level,
and the two driest rainfall categories also maintained statistical significance at the 1 percent level.



4. ESTIMATING CLIMATE IMPACT ON MAIZE

We took the parameters from Regression 1, Table 3.1, and used a quadratic regression to extend them
beyond the temperature and precipitation limits of the original parameter estimates. Then we applied
baseline climate data and climate projections for 2050 using data from Miiller and Robertson (2014;
Hempel et al. 2013), and therefore also similar to that of Rosenzweig et al. (2014). The results are
presented in Table 4.1.

The regression predictions for the United States are closest to those of the PEGASUS model in
the GGCMLI. The EPIC model also had similar results for the United States, except for the GFDL GCM.
For the global predictions, the regression results were again closest to those of the PEGASUS model.
Because of the similarity between the regression predictions and those of the PEGASUS model for both
the United States and the world, this suggests that using US yield regression results with a quadratic
estimator to extend the results to a wider temperature and precipitation range may provide an acceptable
methodology to predict the impact of climate change on many types of crops around the world. More
testing would need to be done before fully implementing such a methodology.

For the estimations of Miiller and Robertson (2014) without CO, fertilization, the DSSAT model

was closer to the global prediction for the HaddGEM GCM, but the LPJmL model was closer for the IPSL
GCM.

Table 4.1 Projected yield changes from regression estimates, 2000 to 2050

Region GFDL HadGEM IPSL MIROC
United

States -9.8 -42.8 -22.9 -36.0
Global -8.6 -28.2 -18.5 -23.9

Source: Author.

Note:  The baseline period yields were rebased to yields from SPAM2005 (You and Wood 2006; You, Wood, and Wood-
Sichra 2006, 2009, 2014).



5. CONCLUDING REMARKS

Using a regression approach to historical agricultural data is a promising avenue for the future of
modeling climate impacts. In our analysis, we discovered a number of important results. First, at least in
the case of rainfed maize in the United States, prices can be ignored when trying to compute weather
impacts on yield. Second, US rainfed maize is becoming more tolerant of high temperatures and low
precipitation. Third, we seemed to validate the most pessimistic of all of the crop model estimates from
the GGCMI (Rosenzweig et al. 2014) for rainfed maize.

Possibly most important of all, we began examining the validity of using one country’s
agricultural and weather data not only to predict climate impact for that country but to extrapolate
predictions globally. Much remains to be done in this work, but if it bears fruit, the results could be used
to get better estimates of the impact of climate change on many crops.

A novel additional use of the methodology is that it may allow us to estimate historical growth in
total factor productivity for specific crops and countries. That is, if weather effects can be controlled for
(because the parameters were already measured from one country’s yield data), then using the parameter
estimates together with another country’s yield and weather data would allow us to estimate growth in
total factor productivity for that other country for that crop, even if the other country did not have any
cross-sectional yield data for subnational units, but only for itself for multiple years.
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