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Abstract (250 words):  22 

Meeting the global food demand of roughly 10 billion people by the middle of the 21st century 23 

will become increasingly challenging as the earth’s climate continues to warm. Earlier studies 24 

suggest that once the optimum growing temperature is exceeded, mean crop yields decline, and 25 

the variability of yield increases even if interannual climate variability remains unchanged. Here 26 

we use global datasets of maize production and climate variability combined with CMIP5 27 

temperature projections to quantify how yield variability will change in the world’s major maize 28 

producing and exporting countries under 2°C and 4°C of global warming. We find that as the 29 

global mean temperature increases -- absent any breeding gains in heat tolerance -- the 30 

Coefficient of Variation (CV) of maize yields increases almost everywhere, to values much 31 

larger than present-day. This higher CV is due both to an increase in the standard deviation of 32 

yields, and a decrease in mean yields. For the top four maize exporting countries, which 33 

account for 87% of global maize exports, the probability that in any given year they have 34 

simultaneous production losses greater than 10% is presently virtually zero, but increases to 7% 35 

under 2°C warming, and 86% under 4°C warming. Our results portend rising instability in global 36 

grain trade and international grain prices, affecting especially the ~800 million people living in 37 

extreme poverty who are most vulnerable to food price spikes. They also underscore the 38 

urgency of investments in breeding for heat tolerance. 39 

 40 

Significance Statement (120 words):  41 

Climate-induced shocks in grain production are a major contributor to global market volatility, 42 

which creates uncertainty for cereal farmers and agribusiness, and reduces food access for 43 

poor consumers when production falls and prices spike. Our study, by combining empirical 44 

models of maize production with future warming scenarios, shows that in a warmer climate, 45 

maize yields will decrease and become more variable. Because just a few countries dominate 46 

global maize production and trade, simultaneous production shocks in these countries can have 47 

tremendous impacts on global markets. We show that such synchronous shocks are rare now, 48 

but will become much more likely if the climate continues to warm. Our results underscore the 49 

need for continued investments in breeding for heat tolerance. 50 

 51 

 52 

 53 

  54 



Introduction 55 

Global cereal markets have been highly volatile during the past decade, and this pattern of 56 

volatility is likely to persist well into the future. Between 2007 and 2017, nominal prices for 57 

maize, wheat, and rice varied widely, with peak monthly prices 200 to 300 percent higher than 58 

low monthly prices (1). Such volatility creates great uncertainty for cereal farmers, livestock 59 

producers, and the agribusiness sector, and it reduces food access for poor consumers when 60 

production falls and prices spike. While there are many factors contributing to the recent pattern 61 

of cereal market volatility (e.g., biofuel, trade, and grain stocking policies, and fluctuating 62 

international financial conditions (2, 3)), climate-induced production shocks have played a 63 

significant role. Here we build on existing literature quantifying the impact of climate change on 64 

crop yields over the course of the 21st century, and examine how the rising global mean 65 

temperature is likely to increase crop yield variability worldwide. 66 

Numerous studies have concluded that unabated warming will lead to substantial 67 

declines in mean crop yields by the mid-21st century, and that the most serious agricultural 68 

impacts will occur in the tropics where the majority of the world’s food insecure population 69 

resides (4–8). High temperatures negatively impact plant development in multiple ways, 70 

including reduced spikelet fertility, reduced grain filling, and increased respiration (9, 10). 71 

Generally, crops have an optimal temperature for performance, beyond which yields rapidly 72 

decline (Fig. 1) (11, 12). With continued warming under business-as-usual greenhouse gas 73 

emissions, global crop yields are expected to decline significantly: for every degree increase in 74 

global mean temperature, yields are projected to decrease on average by 7.4% for maize, 6.0% 75 

for wheat, 3.2% for rice, and 3.1% for soybean (5). Although rainfall variability and resulting 76 

changes in soil moisture also affect crop yields, the negative effects of future warming are 77 

expected to outweigh those of precipitation changes due to the large magnitude of projected 78 

warming compared to historical variability (13).  79 

 An increase in the mean temperature beyond the optimum growing temperature also 80 

results in greater yield variability, even if interannual temperature variability remains the same 81 

(Fig. 1). Regional studies of climate change impacts on staple crops, such as maize in the 82 

United States  (14–16), and wheat (17), maize (18), and rice (19) in China, project that an 83 

increase in mean temperature will lead to rising yield variability and incidences of crop failure 84 

(4). Our study extends these regional analyses to the global scale by aggregating climate 85 

impacts on yield variability across the world’s largest producing and exporting countries. 86 

Specifically, we quantify the likelihood of multiple large producing and exporting countries facing 87 

simultaneous crop shortfalls in the future, with implications for global cereal trade, prices, and 88 



food security. Our analysis focuses on maize production, as maize is the world’s most grown 89 

and heavily traded cereal crop in international markets, and the relationship between maize 90 

yields and climate is fairly well established. 91 

 92 

Changes in mean yields 93 

Present-day maize yields vary widely across the globe, depending on the regional climate and 94 

crop management system (Fig. 2a). Yields are highest in intensive, temperate-zone production 95 

systems such as the United States corn belt and western Europe, followed by regions in China, 96 

Argentina, and South Africa. Maize research and development organizations, such as the 97 

International Maize and Wheat Improvement Center (CIMMYT) and the Australian Center for 98 

International Agricultural Research (ACIAR), have previously used the different growing 99 

conditions of maize to define so-called ‘maize mega-environments’ across which maize cultivars 100 

perform similarly (20, 21). The response of maize yields to climate variability and climate 101 

change will differ between these different environments, and will also depend on management 102 

characteristics such as cropping intensity and irrigation. We therefore use climate (growing 103 

season mean temperature, growing season total precipitation, latitude) and cropping (mean 104 

yield, level of irrigation) data as input for a K-means cluster analysis in which we divide the 105 

globe into seven growing regions (SI Fig. 1, SI Fig. 2). For each of these seven regions, we 106 

develop statistical models relating changes in yield to climate variability [Methods]. 107 

 Empirical models of climate-crop relationships use a variety of indicators to capture the 108 

effects of climate variability on crop yields (10). Growing season mean temperature and 109 

precipitation are easily calculated and commonly used metrics. However, these season-mean 110 

variables smooth out the opposing contributions of early season warming and extreme summer 111 

heat on plant development. Alternative model formulations therefore make use of growing and 112 

killing degree days (GDDs and KDDs) to distinguish between thermal time to development and 113 

the harmful effects of high temperatures (11, 12). Using temperatures of individual months 114 

rather than averaged over the growing season is another way to capture the differential effect of 115 

temperatures on plant development by phenological phase. For each growing region, we test a 116 

number of model formulations, and select the one providing the best fit [Methods]. In six out of 117 

seven clusters, this is a model using a degree day formulation. 118 

 In all but the most draconian emission reduction scenario, global annual mean 119 

temperature rises by about 2°C by the mid-21st century when compared to the 1980-1999 120 

average. We evaluate the effect of this common temperature target on crop yields by 121 

normalizing the monthly multi-model mean patterns of end-of-century temperature changes from 122 



the CMIP5 RCP8.5 simulations by the global annual mean temperature, and adding the 123 

temperature anomaly pattern to present-day temperature fields (SI Fig. 4) [Methods]. We thus 124 

create a future climate history that features identical variability as in the historical record, but 125 

acting on top of an annual cycle in temperature associated with global annual mean warming of 126 

2°C. Additionally, we assess the risk of failing to reduce carbon emissions by quantifying the 127 

potential impacts of 4°C global annual mean warming (SI Fig. 4). Under business-as-usual 128 

emissions (RCP8.5), the global mean temperature is projected to increase by 2°C as early as 129 

2042, with a median prediction of 2055, and by 4°C between 2075 and 2132. Even in an 130 

emissions scenario aiming to stabilize greenhouse gas concentrations by mid-21st century (RCP 131 

4.5), global mean temperature could rise by 2°C as early as 2052 (SI Table 1). We do not 132 

consider the effect of changes in the annual cycle of rainfall on future crop yields because of the 133 

high uncertainties in magnitude and pattern of future precipitation changes, and the 134 

comparatively higher signal-to-noise ratio in temperature changes (13). 135 

With the exception of a few locations in western Europe and China, maize yields decline 136 

everywhere in response to 2°C of warming, with particularly strong declines in the south-eastern 137 

United States, eastern Europe, and south-eastern Africa (Fig. 2). In the mid-latitudes, an 138 

increase in GDDs contributes positively to crop yields, while more KDDs lead to yield declines. 139 

At 4°C warming, the negative contribution of additional KDDs far outweighs the positive effect of 140 

increased GDDs, so that substantial changes in mean maize yields of >40% are predicted in 141 

many places, most notably in the United States, Mexico, eastern Europe, and southern Africa. 142 

These values are within the range of response to warming found in previous empirical and crop 143 

modeling studies (5). The magnitude of projected yield changes is comparable between the 144 

three linear regression models that we test (SI Fig. 5). When including quadratic terms in the 145 

models, the model fit is generally equivalent or slightly better, and the projected yield reductions 146 

are much more extreme, especially for the 4°C warming scenario (SI Fig. 5). Our predictions 147 

using the linear models may therefore be on the conservative side. 148 

Global maize production is highly concentrated within a few locations: just four countries 149 

(U.S., China, Brazil, Argentina) produce 68% of the world’s maize, and the top four maize 150 

exporting countries combined (U.S., Brazil, Argentina, Ukraine) account for 87% of global maize 151 

exports (22) (SI Table 2). In the United States, China, Brazil, and Argentina (the top four 152 

producing countries), mean total production is projected to decline by 18%, 10%, 8% and 12% 153 

respectively under 2°C of global warming, and 46%, 27%, 19%, and 29% with 4°C of warming. 154 

Averaged over the 2012-2017 period, global annual maize exports were 125 million tons, and 155 

global maize production was 986 million tons (22). In response to 2°C of global warming, total 156 



production in the top 4 maize exporting countries is projected to decline by 54 million tons, 157 

equivalent to 43% of global maize export volume. For 4°C of warming, projected production 158 

declines in these top exporting countries increase to 139 million tons, which amounts to 14% of 159 

current global production and exceeds present-day exports. 160 

 161 

Changes in yield variability 162 

Not all variability in yields is a result of variability in weather and climate. Socio-economic 163 

drivers, plant breeding, pests and pathogens, and other agronomic variables also contribute to 164 

yield and production variance. In highly managed high-yield cropping systems such as the U.S., 165 

Europe and China, climate variability accounts for a relatively large share of the total yield 166 

variance compared to low yield environments (Fig. 3a-b; SI Table 3). Irrigation generally 167 

reduces sensitivity to changes in temperature (23), lowering the climate-driven share of yield 168 

variability in intensive, highly managed environments (SI Table 3). In this study we do not 169 

consider future changes in precipitation, and as such do not quantify changes in future yield 170 

variance that result from the covariance between temperature and rainfall variability. Depending 171 

on the growing region, the covariance between temperature and precipitation currently explains 172 

on average 2% of the total yield variance, and 17% of the climate-driven variance. 173 

 A commonly used measure of yield variability is the Coefficient of Variation (CV) (24), 174 

which captures both changes in the standard deviation and mean. In our yield projections, 175 

climate warming causes the CV to increase in most places, especially in the United States, 176 

eastern Europe, and southern Africa (Fig. 3c-d), to values much greater than present-day (Fig. 177 

3a-b). A decomposition of CV changes into contributions from changes in the mean and 178 

standard deviation (SI Fig. 6) shows that both factors contribute to this increase: not only will 179 

mean maize yields decrease with warming (Fig. 2b-c) -- leading to an increase in CV -- but 180 

absolute variability is also projected to increase, including in the major maize producing regions 181 

of the United States, Europe, China, and Argentina (SI Fig. 6). The increase in CV due to 182 

increased yield variability is comparable to or greater than the increase due to decreasing mean 183 

yields. In locations where crop failures become the norm under high (4°C) warming (mostly in 184 

tropical, low-yield environments), the standard deviation of yields ultimately decreases. 185 

 An increase in yield variability has implications for both farmers, who rely on their crops 186 

for income stability, and for global markets, where crop availability influences food prices (2, 16, 187 

25). Six countries--the United States, China, Brazil, Argentina, the Ukraine, and France--188 

collectively account for 73% of global production and 93% of total exports, and in all of these 189 

countries, mean yields decrease and yield variability increases under higher temperatures 190 



compared to present-day (Fig. 4, SI Fig. 7). In line with the theoretical prediction that yield 191 

losses will decline precipitously above an optimum temperature (Fig. 1), our results show that 192 

extreme yield losses become increasingly likely under global warming. For the Ukraine in 193 

particular, yield losses of up to 100% become a possibility under 4°C warming, where the losses 194 

are compared to the mean yield baseline for the period 1999-2008 (see Methods).  195 

 Extreme crop losses in large producing areas are presently rare because of the highly 196 

controlled environments in which maize is grown in these regions. Yields are tightly constrained 197 

around their mean (Fig. 4), and climate-induced yield losses of >10% only occur every fifteen to 198 

a hundred years (Table 1). Climate-induced yield losses of >20% are virtually unseen. In a 199 

warming climate, however, these extreme crop failures become increasingly likely. With a 2°C 200 

warming, the probability of a >10% yield loss in any given year in the world’s top four producing 201 

countries (U.S., China, Brazil, Argentina) rises to 69%, 46%, 39%, and 50% respectively. 202 

Assuming that weather varies independently between our regional clusters, the probability that 203 

maize production will fall by more than 10% in the high-productive areas of all four countries in 204 

the same year is 0% today, but increases to 6% under 2°C warming, and 87% under 4°C 205 

warming. Given that these four countries alone account for almost 70% of global maize 206 

production, such synchronized production shocks are likely to have tremendous impacts on 207 

global cereal markets. This pattern is even more pronounced for the top four exporting countries 208 

(U.S., Brazil, Argentina, Ukraine). With a 2°C warming, the probability of a >10% yield loss in 209 

any given year for each of these four countries is 69%, 39%, 50%, and 52%, respectively. 210 

Collectively, the probability that these large exporting countries will incur simultaneous 211 

production losses  greater than 10% in any given year is virtually zero under present-day 212 

climate conditions, but rises to 7% under 2°C warming and 86% under 4°C warming 213 

 214 

 215 

Implications for food security 216 

The projected increase in maize yield variability across major producing and exporting countries 217 

has important implications for global food security, as defined by the ability to provide adequate 218 

and affordable food supplies to all people at all times, and to ensure economic access to a 219 

nutritious diet for all. Meeting this food security goal will become increasingly difficult as the 220 

world’s population grows from 7.5 billion today to ~10 billion by 2050 – a 30% increase (26). 221 

Virtually all of this growth will occur in developing countries, most notably within sub-Saharan 222 

Africa, and over half the global population will reside in urban areas, where international trade 223 

plays a key role in ensuring affordable food supplies. 224 



 Temperature-induced volatility in global maize prices results from production shocks in 225 

both exporting and importing countries. When rising temperatures affect yields in large maize 226 

exporting countries, such as the U.S., Brazil, Argentina, and Ukraine, global export supply falls. 227 

Similarly, when shocks affect large maize producing countries that also import, such as China 228 

and Mexico, global import demand rises. Synchronous production shocks across multiple large 229 

trading countries is therefore expected to lead to a higher frequency in international price 230 

spikes. Our analysis indicates that the probability of a synchronous decline in yield of >10% for 231 

the world’s three largest maize exporters and three largest maize importers is virtually zero 232 

today but jumps to 69% under 4°C warming (Table 1). Simultaneous production shocks among 233 

these large trading countries will have a direct impact on urban consumers, as well as on 234 

agribusiness, grain producers, and poor households who spend a large share of their income on 235 

staple foods. The degree to which these groups in any given country are affected by 236 

international market volatility depends importantly on trade policies designed to insulate 237 

domestic markets from international price fluctuations. From a global dataset of 82 countries for 238 

the period 1985 to 2010, the price transmission coefficient for maize is estimated to be 0.63 239 

(27), meaning that, on average, domestic markets experience about two-thirds of the price 240 

volatility seen in international markets. 241 

Recent experience from the 2006-2008 global food crisis suggests that if food prices 242 

spike and urban consumers become discontent, governments become vulnerable to collapse, 243 

particularly in developing countries where consumer food safety nets (e.g., the U.S. SNAP 244 

program) do not exist (2). As a result, many governments restrict cereal trade in order to 245 

stabilize domestic food markets, resulting in even greater international market instability  (27–246 

29). During the 2006-2008 crisis, large maize exporting countries, including Brazil, Argentina, 247 

and Ukraine, imposed export bans on maize and thus further reduced global export supply, 248 

while maize importing countries introduced trade incentives to lower the price of imported grain 249 

and thus raised import demand. Together, these policies accounted for about one-ninth of the 250 

83% increase in the international maize price over the short period (29). Similar trade policies 251 

were implemented for rice and wheat with even greater contributions to international price 252 

spikes (27–29). 253 

The combination of global crop yield variability and disruptive government trade 254 

intervention in staple grain markets suggests that the pattern of high price volatility experienced 255 

over the past decade (SI Fig. 8) will likely persist, or even intensify in the future with rising 256 

temperatures. Maize is an important crop to examine in this context, as it accounts for roughly 257 

one-third of both global cereal production and trade, and it is closely connected to other cereal 258 



and oil crops through its versatile role in food, animal feed, and fuel markets (30). Grain and oil 259 

crop prices are highly correlated over time as a result of substitutions in consumption and 260 

production (SI, Table 5). The impact of rising mean temperatures on maize yields and maize 261 

yield variability thus has far-reaching consequences for the stability of global food systems 262 

overall, and for global food security. 263 

 264 

Conclusion 265 

Our work suggests that global cereal yields and markets will become increasingly variable 266 

throughout the 21st century. In our analysis, we assume constant technology and management 267 

in global maize systems, which abstracts from real-world adaptations and investments in 268 

agriculture. In low productivity maize regions where substantial yield gaps remain, closing those 269 

gaps would offset some of the projected yield losses shown in our study. However, most of the 270 

world’s maize volume is currently grown in highly intensified, high-productivity agricultural 271 

systems, such as the United States and China, where the gap between yield and potential yield 272 

is narrow (31). For these regions, the two ways to avoid a low-yield, high-volatility future while 273 

retaining maize systems are to mitigate CO2 emissions aggressively, or to breed for 274 

improvements in heat tolerance – in effect, breeding to stay on the temperature for optimum 275 

yield (see Fig. 1) in the face of a rapidly warming climate. Indeed, breeders are well-aware of 276 

the importance of heat stress for yield. Unfortunately, the mechanisms for heat tolerance in 277 

maize (and other major grains) are extremely complex and poorly understood, and progress in 278 

this area has been modest despite the innovation of techniques to accelerate breeding (32–35). 279 

The development of heat-tolerant varieties will likely require advanced genetic techniques, 280 

including genetic modification, which raises issues of social acceptance. Without significant 281 

genetic advances in heat tolerance, however, and the successful dissemination of heat-tolerant 282 

varieties throughout these high productivity systems, there may be little opportunity to increase 283 

maize production and stabilize grain markets in the face of projected yield declines. Breeding for 284 

heat tolerance is thus a high-priority, but as-of-yet an unattained goal in maize development (7).  285 

 286 

Materials & Methods 287 

Data sets 288 

Crop data 289 

We obtained annual maize yield and harvested area data from a global gridded dataset at 0.5° 290 

resolution that synthesizes ~2.5 million census observations, and spans the period 1961-2008 291 



(31, 36–38). Plant and harvest dates of maize were derived from a global gridded dataset at 292 

0.5° resolution which represents average planting conditions in roughly the year 2000 (39). The 293 

MIRCA2000 dataset contains monthly growing areas and annual harvested areas for 26 294 

different crops, separated according to irrigated and rainfed, around the year 2000, at 0.5° 295 

resolution (40). We calculate percent irrigated area by dividing the irrigated area in each grid cell 296 

by the total harvested area in that cell. Data on country level production of individual crops and 297 

total agricultural output of each country were obtained from the FAOSTAT Database (1). Based 298 

on these data, we excluded grid cells if their harvested area was less than 1% of the grid cell 299 

area, if a country’s maize production was not at least 5% of its total agricultural production or 300 

greater than three million tonnes in total, or if yield data appeared to be erroneous (> 17 301 

tonnes/ha). 302 

 303 

Climate data 304 

Monthly temperature and precipitation data derive from the CRU TS3.23 dataset, which 305 

presents data from the period 1901-2014 on a 0.5° global grid (41). Daily mean, minimum and 306 

maximum temperature are obtained from the ECMWF ERA-Interim reanalysis dataset (42), 307 

which is available from 1979 to 2015. Mean 2m-temperature is output four times daily, so daily 308 

mean is calculated as the mean over those four daily values. Minimum (maximum) 309 

temperatures at 2m-height are output eight times daily as the minimum (maximum) over the 310 

preceding three hours, so the daily minimum, Tmin,d, (maximum, Tmax,d) is calculated by finding 311 

the minimum (maximum) over those eight time steps. The ERA-Interim data are available on a 312 

0.75° resolution grid and are interpolated to the 0.5° resolution grid on which the crop and 313 

monthly climate data are available. For the temperature threshold years in SI Table 1, global 314 

annual mean temperature projections for all CMIP5 models in three emission scenarios 315 

(RCP4.5, RCP6.0, RCP8.5) were pulled from the KNMI Climate Explorer (43). 316 

We develop several empirical crop models (see below) that incorporate various climate 317 

indices. Growing season means (temperature, Tseas) and sums (precipitation, Pseas) are 318 

calculated by linearly interpolating the monthly mean temperature and precipitation data over 319 

365 days and taking the average over the days between plant and harvest date (39). For the 320 

linear regression model that includes the temperature of individual months, the middle three 321 

months of the growing season at each location are selected (TM1, TM2, TM3; three months is the 322 

minimum growing season length for maize). Growing Degree Days (GDDs) and Killing Degree 323 

Days (KDDs) are calculated following earlier work (44). GDDs are defined for each day as:  324 



𝐺𝐷𝐷# =
𝑇&'(,#∗ + 𝑇&,-,#∗

2
− 𝑇012 325 

where, 326 

𝑇&,-,#∗ =
𝑇&,-,#					if	𝑇012 < 𝑇&,-,# < 𝑇7'87,
𝑇012									if	𝑇&,-,# ≤ 𝑇012,																
𝑇7'87							if	𝑇&,-,# ≥ 𝑇7'87															

. 327 

 328 

𝑇&'(,#∗  is defined analogously. KDDs for each day are defined as: 329 

𝐾𝐷𝐷# =
𝑇&,-,# − 𝑇7'87					if	𝑇&,-,# > 𝑇7'87,
0																														if	𝑇&,-,# ≤ 𝑇7'87.

 330 

Tlow is set to 9°C and Thigh to 29°C. Yearly GDDs and KDDs are obtained by summing the daily 331 

values (GDDd, KDDd) over the growing season.  332 

Future climate projection data were obtained from the CMIP5 database (45) for the 333 

business-as-usual scenario RCP8.5. We first constructed the canonical global warming 334 

temperature pattern as the difference between the multi-model mean, monthly mean 335 

temperature climatology in 2080-2099 and 1980-1999, and then scaled the pattern so that the  336 

global mean, annual mean temperature change was 2°C (or 4°C).  The future climate is then 337 

calculated by adding the change in the (2°C or 4°C) climatology to the observed (1979-2008) 338 

climate history, thus preserving the present-day interannual and daily temperature variability. 339 

 340 

Clustering 341 

It is expected that the sensitivity of maize to climate variability is similar within regions of similar 342 

mean climate and management characteristics. Based on the definition of maize mega-343 

environments as defined by e.g., ACIAR (20), the following variables are used as input for a K-344 

means cluster analysis: growing season mean temperature, growing season mean precipitation, 345 

percent irrigated area in each grid cell, mean yield, and latitude. For all time-varying quantities, 346 

averages over the period 1989 to 2008 are calculated. Variables are standardized before the 347 

clustering. Because there is no objective means of determining the optimal number of clusters, 348 

we rather arbitrarily select seven. Cluster division is shown in SI Fig. 1; cluster statistics are 349 

shown in SI Fig. 2. 350 

 351 

Linear models 352 

The regression models are calculated using yield and climate anomalies with respect to a time-353 

changing mean. Because technology-driven trends in maize yields are substantial and 354 

nonlinear, we calculate yield anomalies with respect to a time trend by subtracting a third-order 355 



polynomial fit through the yield data at each grid cell. Climate anomalies are calculated by 356 

removing a linear trend, which is generally small.  357 

The performance of three different empirical crop models is compared:  358 

1. 𝑌@,'A = 𝛽C,D + 𝛽E,D𝑇FG,F	@,'A + 𝛽H,D𝑃FG,F	@,'A + 𝜖@,' 359 

2. 𝑌@,'A = 𝛽C,D + 𝛽E,D𝑇KE	@,'A + 𝛽H,D𝑇KH	@,'A + 𝛽L,D𝑇KL	@,'A + 𝛽M,D𝑃FG,F	@,'A + 𝜖@,' 360 

3. 𝑌@,'A = 𝛽C,D + 𝛽E,D𝐺𝐷𝐷@,'A + 𝛽H,D𝐾𝐷𝐷@,'A + 𝛽L,D𝑃FG,F	@,'A + 𝜖@,' 361 

where  is yield, primes indicate anomalies, β are the various regression coefficients, ϵ is the 362 

residual, and subscripts t, i, and c indicate year, location, and cluster respectively. For each 363 

cluster, all data points are strung together and the model is fitted to the entire dataset. In each 364 

cluster we select the model that maximizes the variance explained of the cluster-averaged 365 

annual yield anomalies (SI Table 3). In all but one of the clusters, this is the same model as the 366 

model that maximizes variance in a 10-fold cross-validation; in six out of seven of the clusters 367 

the degree day model performs best. As daily data are only available since 1979, the fitted 368 

models span the period 1980 - 2008. Because of strong trends in maize yields and harvested 369 

area over the last three decades, we use mean yield and harvested area over only the last ten 370 

years of the dataset (1999 - 2008) as the baseline to compare future yields against.  371 

 It should be noted that in many locations the mean summer temperature with 4°C of 372 

global warming is well outside the present-day range of interannual temperature variability, and 373 

that our statistical models thus have not been tested for these temperature regimes. Similarly 374 

however, this level of warming is also outside the validation-range of field experiments and 375 

process-based crop models.  376 

 377 

Calculating changes in mean and variability 378 

Before applying the regression models to the future climate data, we first check each grid point 379 

to see whether the projected change in growing season mean temperature under 2°C and 4°C 380 

global warming warrants assignment to a different cluster (SI Fig. 3). Future yield anomalies are 381 

then calculated by applying the best model for each cluster to the future climate data. If the 382 

projected yield is less than zero, it is set to equal zero.  For Fig. 4 and Table 1, relative yield 383 

anomalies are calculated compared to the present-day (1999 - 2008) mean; for SI Fig. 7 they 384 

are compared to the future mean. 385 

Measures of future yield variability represent only the component of yield variability that 386 

is due to climate variability. For the density plots in Fig. 4 and SI Fig. 7, we pick a roughly 5°x5° 387 

area (~100 grid cells) in the highest producing region of the six highest producing countries 388 



(Argentina, Brazil, China, France, the Ukraine, United States) and select the 25 highest 389 

producing grid boxes. 390 

 391 

Factors not considered  392 

This study isolates the effects of future temperature change on maize yields, primarily because 393 

of the high uncertainty in precipitation projections. In all models and clusters, the linear 394 

precipitation term is positive. This means that in locations where drying is projected, future 395 

rainfall reductions will amplify the predicted yield losses. It is possible that fertilization from 396 

elevated CO2 levels could offset these yield losses to some extent. However, as a C4-plant, 397 

maize benefits less from elevated carbon dioxide concentrations than C3-plants like rice and 398 

wheat, and there is no conclusive evidence that CO2-fertilization will lead to substantial yield 399 

gains in maize. We have therefore excluded CO2-fertilization effects from our analysis. 400 
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Figures 410 

 411 
Fig. 1 Schematic representation of temperature - yield relationship. In the absence of breeding for heat tolerance, an 412 
increase in mean temperature beyond the optimum temperature (black diamond) will lead to a decrease in mean 413 
yield and an increase in yield variability, assuming interannual temperature variability stays the same.  414 
 415 

  416 



 417 
Fig. 2 Warming-induced changes in mean yield -- (top) present-day average yield (ton/ha/y); (bottom) relative change 418 
in average yield (%) following annual mean global warming of (left) 2°C and (right) 4°C. 419 
 420 
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 422 
Fig. 3 Warming-induced changes in yield variability -- (top) present-day Coefficient of Variation (CV) due to (left) all 423 
sources of variability, and (right) climate variability; (bottom) change in CV following annual mean global warming of 424 
(left) 2°C and (right) 4°C.  425 



 426 
Fig. 4 Warming-induced changes in yield variability in top-producing regions of the six largest maize producing and 427 
exporting countries (SI Table 2): Probability density functions of yield anomalies with respect to present-day mean 428 
yield for present-day climate (black), following 2°C of annual mean global warming (blue), and 4°C of annual mean 429 
global warming (red). The vertical grey line denotes a relative yield reduction of 20%; boxed values indicate mean 430 
present-day yield in these areas for present-day (1999-2008; black), and for a 2°C (blue) and 4°C (red) warming. 431 

 432 

 433 

 434 

  435 



Tables 436 

 437 

Country 
Present-day 2°C warming 4°C warming 

>10% >20% >10% >20% >10% >20% 

United States 3.8% 0.0% 68.6% 29.5% 100.0% 96.9% 

China 6.6% 0.0% 46.2% 16.8% 98.8% 89.2% 

Brazil 1.4% 0.0% 38.7% 9.4% 90.5% 64.1% 

Argentina 3.4% 0.1% 50.0% 9.9% 96.9% 86.9% 

Ukraine 2.5% 0.3% 51.8% 19.2% 98.2% 85.0% 

Mexico 1.0% 0.0% 18.5% 1.7% 79.6% 44.0% 

India 0.8% 0.0% 7.4% 1.6% 50.9% 10.4% 

France 0.9% 0.0% 21.1% 2.3% 81.7% 52.3% 

Canada 0.3% 0.0% 12.0% 1.1% 70.0% 40.6% 

South Africa 16.6% 6.9% 79.2% 59.8% 97.5% 94.5% 

Combined 
Present-day 2°C warming 4°C warming 

>10% >20% >10% >20% >10% >20% 

Top 4 Producing 
(USA, CHN, BRA, ARG) 0.0% 0.0% 6.1% 0.0% 86.6% 48.1% 

Top 4 Exporting 
(USA, BRA, ARG, UKR) 0.0% 0.0% 6.9% 0.1% 86.1% 45.8% 

Top 3 Exporters + Top 3 
Importers (USA, BRA, 
ARG, MEX, CHN) 

0.0% 0.0% 1.1% 0.0% 68.9% 21.2% 



 438 

Table 1 Probability that in any given year, the relative yield in a country’s most productive region [Methods] will 439 
decline by 10% or 20% of the present-day mean yield for the ten top producing countries individually (top), and 440 
combinations of the countries that produce or trade the most maize (bottom). The magnitude and share of production 441 
and trade for the top maize countries are shown in SI Table 2. 442 
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Supplemental Figures 536 
 537 

 538 
 539 

SI Fig. 1 Map of global cluster division based on irrigation, growing season mean temperature, growing season total 540 
precipitation, yield, and latitude using a K-means analysis with seven clusters. 541 
 542 
  543 



 544 
 545 

SI Fig. 2 Median (black bars) and spread by cluster for each of the variables used in the analysis (irr = % irrigation; tmp = growing 546 
season mean temperature (°C); pre = growing season total precipitation (mm); yield = yield (tonnes/ha); lat = absolute latitude (°)). 547 
Box limits denote the 25th and 75th percentiles, with dots indicating outliers beyond 1.5 times the interquartile range from the 548 
hinges. The bottom right plot shows total annual maize production (106 tonnes) in each cluster. 549 
 550 
 551 

 552 
  553 



 554 

 555 
SI Fig. 3 Map of locations for which the cluster assignment changes after annual mean global warming of (A) 2°C and 556 
(B) 4°C. The number of changed points is 35 for (A) and 71 for (B) out of 9178 total. 557 

 558 
  559 



 560 
 561 

SI Fig. 4 Increase in (top) growing season mean temperature Tseas; (middle) Growing Degree Days (GDDs); and 562 
(bottom) Killing Degree Days (KDDs) following annual global mean warming of (left) 2°C and (right) 4°C. 563 
  564 



 565 
 566 

SI Fig. 5 Sensitivity of results to choice of model -- (top) results as presented in main text using best model by cluster; 567 
(2nd row) results using degree day model everywhere; (3rd row) results using linear monthly temperature model 568 
everywhere; (bottom) results using quadratic monthly temperature model everywhere. Results are shown for annual 569 
mean global warming of (left) 2°C and (right) 4°C. 570 
 571 
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 573 
 574 

SI Fig. 6 Attribution of changes in Coefficient of Variation (CV) -- (top) total change in CV; (middle) change in CV due 575 
to change in mean yield (μ); (bottom) change in CV due to change in standard deviation (σ). Results are shown for 576 
annual mean global warming of (left) 2°C and (right) 4°C. Locations in pink in the bottom two panels are where crop 577 
failures become common, and hence the standard deviation of yields ultimately decreases. 578 
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 582 
 583 

SI Fig. 7 Warming-induced changes in yield variability in top-producing regions of the six largest maize producing and 584 
exporting countries (SI Table 2): Probability density functions of yield anomalies with respect to concurrent mean 585 
yield for present-day climate (black), following 2°C of annual mean global warming (blue), and 4°C of annual mean 586 
global warming (red). The vertical grey line denotes a relative yield reduction of 20%; boxed values indicate the mean 587 
yield for present-day (black), 2°C warming (blue), and 4°C warming (red) in these areas. 588 
  589 



 590 
SI Fig. 8 Variability in agricultural commodity prices, January 2007 – August 2017 (Index values, Jan 2007 = 1). 591 
Notes: Nominal prices. Maize: No. 2 yellow, f.o.b. US Gulf Ports; Wheat: No. 2 soft red winter, f.o.b. US Gulf Ports; 592 
Rice: 5% broken, white rice, milled, government standard, f.o.b. Bangkok. Soybean oil: crude, f.o.b. ex-mill 593 
Netherlands; Palm oil: Malaysian, 5%, c.i.f. N.W. Europe (1).  594 



Supplemental Tables 595 

 596 

∆T  
(°C) 

Year at which x% of CMIP5 models exceed temperature threshold ∆T 

5% 25% 50% 75% 95% 

RCP 4.5 (42 models) 

1 2019 2026 2033 2037 2048 

2 2052 2065 2108 2166 - 

3 2113 2142 - - - 

4 2187 - - - - 

RCP 6.0 (25 models) 

1 2016 2029 2037 2045 2057 

2 2051 2066 2080 2094 2104 

3 2080 2096 2125 2139 2151 

4 2107 2124 2166 2187 - 

RCP 8.5 (39 models) 

1 2018 2023 2028 2031 2038 

2 2042 2047 2055 2059 2068 

3 2059 2065 2077 2083 2099 

4 2075 2082 2097 2107 2132 
 597 

SI Table 1 Year at which a specified fraction of CMIP5 climate models reaches temperature change of 1-4°C. Global 598 
annual mean temperature projections for each model were obtained from the KNMI Climate Explorer. Temperature 599 
anomalies were calculated with respect to the 1980-1999 reference period and smoothed using an 11-yr running 600 
mean. For years beyond 2095, projections for each model were extrapolated to the year 2200 based on a linear fit to 601 
the smoothed anomalies from 2066-2095. These extrapolated projections are italicized in the table. Missing values 602 
indicate times after the year 2200. 603 
  604 



 605 
 606 
 607 

Country 
Production Export Import 

(1000 MT) % of 
global (1000 MT) % of 

global 
% of 

domestic (1000 MT) % of 
global 

World 985,889.6 100.0% 125,054.4 100.0% 12.7% 130,827.0 100.0% 

United States 343,167.8 34.8% 44,268.0 35.4% 12.9% 1,777.8 1.4% 

China 216,787.0 22.0% 34.0 0.0% 0.0% 3,533.8 2.7% 

Brazil 82,400.0 8.4% 26,074.4 20.9% 31.6% 1,185.8 0.9% 

Argentina 30,550.0 3.1% 20,779.6 16.6% 68.0% 3.6 0.0% 

Ukraine 26,321.0 2.7% 18,097.2 14.5% 68.8% 43.2 0.0% 

Mexico 24,664.4 2.5% 823.2 0.7% 3.3% 11,295.4 8.6% 

India 23,903.4 2.4% 2,153.4 1.7% 9.0% 79.2 0.1% 

France* 15,166.3 1.5% 6,432.3 5.1% 42.4% 428.1 0.3% 

Canada 13,100.0 1.3% 1,477.2 1.2% 11.3% 983.4 0.8% 

South Africa 12,656.6 1.3% 1,608.6 1.3% 12.7% 880.0 0.7% 

 608 
SI Table 2 Top 10 countries for maize production with their export and import streams based on average production 609 
values over the period 2012-2017 (2). *The USDA dataset reports European data only at the level of the European 610 
Union. We therefore use FAO data from 2009-2013 to obtain European Union production values at the country level 611 
(3). The value for total maize production for France is virtually identical (within 1%) when using FAO data for France 612 
in 2009-2013 and when using USDA data for France’s share of EU production (based on the earlier FAO data) for  613 
2012-2017. 614 
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 617 
 618 

cluster description 

Model 1 Model 2 Model 3 

R2 from 
cross- 

validation 

R2 on 
cluster 

averages 

R2 from 
cross- 

validation 

R2 on 
cluster 

averages 

R2 from 
cross- 

validation 

R2 on 
cluster 

averages 

1 
Southeastern U.S., 

southern China, 
Argentina, South Africa 

0.151 0.170 0.176 0.130 0.223 0.229 

2 equatorial, low-yield 0.010 0.322 0.008 0.086 0.018 0.312 

3 U.S. corn belt, Western 
Europe 0.087 0.166 0.164 0.590 0.182 0.427 

4 tropics, low-yield 0.023 0.319 0.025 0.293 0.036 0.370 

5 tropics, high-precipitation 0.011 0.130 0.019 0.138 0.014 0.255 

6 Eastern Europe, north-east 
China 0.081 0.504 0.092 0.519 0.110 0.613 

7 irrigated, high-yield 0.035 0.245 0.057 0.214 0.062 0.336 

 619 
SI Table 3 Amount of variance explained by each of the three models in the seven different clusters. R2 from cross-620 
validation: R2 between observed and predicted yield anomalies following a 10-fold cross-validation; R2 on cluster 621 
averages: R2 between the observed and predicted annual harvested-area weighted cluster-averaged yield anomalies. 622 
For each cluster the model with the highest R2 on cluster-averaged values (bold) was selected. 623 
  624 
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 Crop 

Nominal Prices Real Prices (2007 base) 

Max. 
Price 

Month 
of max. 
price 

Min. 
Price 

Month 
of min. 
price 

Max. 
Price 

Month 
of max. 
price 

Min. 
Price 

Month 
of min. 
price 

Maize 333 Jul-12 147 Jul-07 309 Jul-12 126 Aug-17 

Wheat 420 Mar-08 158 Sep-16 411 Mar-08 136 Sep-16 

Rice 907 Apr-08 313 Jan-07 889 Apr-08 311 Feb-17 

Soybean oil 1537 Jun-08 697 Jan-07 1507 Jun-08 625 Jan-16 

Palm oil 1292 Feb-11 488 Nov-08 1225 Mar-08 470 Sep-15 

 627 
SI Table 4 Agricultural commodity prices, monthly highs and lows for period January 2007 – August 2017. Notes: 628 
Maize: No. 2 yellow, f.o.b. US Gulf Ports; Wheat: No. 2 soft red winter, f.o.b. US Gulf Ports; Rice: 5% broken, white 629 
rice, milled, government standard, f.o.b. Bangkok. Soybean oil: crude, f.o.b. ex-mill Netherlands; Palm oil: Malaysian, 630 
5%, c.i.f. N.W. Europe. Real prices calculated using US Department of Labor Consumer Price Index Inflation data. 631 
Maize: No. 2 yellow, f.o.b. US Gulf Ports; Wheat: No. 2 soft red winter, f.o.b. US (1). 632 
  633 
  634 
  635 
  636 
  637 
  638 
  639 
  640 
  641 
  642 
  643 
  644 
  645 
  646 
  647 
  648 
  649 
  650 
  651 
  652 
  653 
  654 
  655 
  656 
  657 
  658 



  659 

  Wheat Rice Soybean oil Palm oil 

Maize (Nominal Prices) 0.72 0.56 0.82 0.7 

Maize (Real Prices, 2007 
dollars) 0.73 0.37 0.81 0.77 

  660 
SI Table 5 Maize price correlations based on monthly data, January 2007 – August 2017. Maize: No. 2 yellow, f.o.b. 661 
US Gulf Ports; Wheat: No. 2 soft red winter, f.o.b. US Gulf Ports; Rice: 5% broken, white rice, milled, government 662 
standard, f.o.b. Bangkok. Soybean oil: crude, f.o.b. ex-mill Netherlands; Palm oil: Malaysian, 5%, c.i.f. N.W. Europe. 663 
Real prices calculated using US Department of Labor Consumer Price Index Inflation data (1, 4). 664 
 665 
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