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Abstract

Efforts to limit global warming to below 2°C in relation to the pre‐industrial level
are under way, in accordance with the 2015 Paris Agreement. However, most

impact research on agriculture to date has focused on impacts of warming >2°C on

mean crop yields, and many previous studies did not focus sufficiently on extreme

events and yield interannual variability. Here, with the latest climate scenarios from

the Half a degree Additional warming, Prognosis and Projected Impacts (HAPPI) pro-

ject, we evaluated the impacts of the 2015 Paris Agreement range of global warm-

ing (1.5 and 2.0°C warming above the pre‐industrial period) on global wheat

production and local yield variability. A multi‐crop and multi‐climate model ensemble

over a global network of sites developed by the Agricultural Model Intercomparison

and Improvement Project (AgMIP) for Wheat was used to represent major rainfed

and irrigated wheat cropping systems. Results show that projected global wheat

production will change by −2.3% to 7.0% under the 1.5°C scenario and −2.4% to

10.5% under the 2.0°C scenario, compared to a baseline of 1980–2010, when con-

sidering changes in local temperature, rainfall, and global atmospheric CO2
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concentration, but no changes in management or wheat cultivars. The projected

impact on wheat production varies spatially; a larger increase is projected for tem-

perate high rainfall regions than for moderate hot low rainfall and irrigated regions.

Grain yields in warmer regions are more likely to be reduced than in cooler regions.

Despite mostly positive impacts on global average grain yields, the frequency of

extremely low yields (bottom 5 percentile of baseline distribution) and yield inter‐
annual variability will increase under both warming scenarios for some of the hot

growing locations, including locations from the second largest global wheat

producer—India, which supplies more than 14% of global wheat. The projected

global impact of warming <2°C on wheat production is therefore not evenly dis-

tributed and will affect regional food security across the globe as well as food prices

and trade.

K E YWORD S

1.5°C warming, climate change, extreme low yields, food security, model ensemble, wheat

production

1 | INTRODUCTION

The global community agreed with the Paris agreement to limiting

global warming to 2.0°C, with the stated ambition to attempt to cap

warming at 1.5°C (UNFCCC, 2015). While limiting the extent of cli-

mate change is critical, the more ambitious 1.5°C mitigation strategy

will likely require considerable mitigation effort in the agricultural

land use sector (Fujimori et al., 2018), with some studies suggesting

this would actually have more negative consequence for food secu-

rity than climate change impacts of 2.0°C (Frank et al., 2017; Ruane,

Antle, et al., 2018; van Meijl et al., 2018). However, these economic

land use studies generally only consider the average effects of cli-

mate change and not the changes in yield variability and risk of yield

failure, key factors constraining intensification efforts in many devel-

oping regions (Kalkuhl, Braun, & Torero, 2016). Further such studies

have generally not considered real cultivars nor typical production

conditions.

Agricultural production and food security is one of many sectors

already affected by climate change (Davidson, 2016; Porter, Xie, &

Challinor, 2014). Wheat is one of the most important food crops,

providing a substantial portion of calories for about four billion peo-

ple (Shiferaw et al., 2013). Wheat production systems’ response to

warming can be substantial (Asseng et al., 2015; Liu et al., 2016;

Rosenzweig et al., 2014), but restricted warming levels of <2.0°C

global warming above pre‐industrial are under‐represented in previ-

ous assessments (Porter et al., 2014). Thus, assessing the impact of

1.5 and 2.0°C global warming above pre‐industrial conditions on

crop productivity levels, including the potential benefits of associ-

ated carbon dioxide (CO2) fertilization, and the likelihood of extre-

mely low‐yielding wheat harvests, is critical for understanding the

challenges of global warming for global food security.

Several simulation studies have assessed the changes in global

wheat production due to the changes in climate and CO2

concentration (Assenget al., 2015, 2018; Rosenzweig et al., 2014).

However, previous studies have almost all considered more extreme

warming and most of current studies investigated the impact of glo-

bal warming >2.0°C, which means that previous impact assessments

lacked details for <2°C of warming. Also, many previous studies did

not focus sufficiently on extreme events and yield interannual vari-

ability (Challinor, Martre, Asseng, Thornton, & Ewert, 2014; Challi-

nor, Watson, et al., 2014; Porter et al., 2014). Therefore, in terms of

food security, it is important to analyze the effect of the new 1.5

and 2.0°C warming scenarios on the interannual variability of crop

production. In particular, studies on impact of 1.5 and 2.0°C global

warming on wheat production at a global and regional scale are

missing.

Process‐based crop simulation models, as tools to quantify the

complexity of crop growth as driven by climate, soil, and manage-

ment practice, have been widely used in climate change impact

assessments at different spatial scales (Challinor, Martre, et al., 2014;

Challinor, Watson, et al., 2014; Chenu et al., 2017; Ewert, Rötter,

et al., 2015; Porter et al., 2014), including multi‐model ensemble

approaches (Assenget al., 2015, 2013; Wang, Martre, et al., 2017;

Wang, Lin, et al., 2017). The multi‐model ensemble approach has

been proven to be a reliable method in reproducing the main effects

anticipated for climate chance when simulations are compared with

field experimental observations (including changes in temperature,

heat events, rainfall, atmospheric CO2 concentration [CO2], and their

interactions) (Assenget al., 2015, 2013, 2018; Wallach et al., 2018;

Wang, Martre, et al., 2017; Wang, Lin, et al., 2017).

Here, we applied a global network of 60 representative wheat

production sites and an ensemble of 31 crop models (Asseng et al.,

2015, 2018) developed by the Agricultural Model Intercomparison

and Improvement Project (AgMIP) Wheat Team (Rosenzweig et al.,

2013) with climate scenarios from five Global Climate Models
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(GCMs) from the Half a degree Additional warming, Prognosis and

Projected Impacts (HAPPI) project (Mitchell et al., 2017; Ruane, Phil-

lips, & Rosenzweig, 2018) to evaluate the impacts of the 2015 Paris

Agreement range of global warming (1.5 and 2.0°C warming above

the pre‐industrial period, referred hereafter as “1.5 scenario” and

“2.0 scenario”) on global wheat production and yield interannual vari-

ability. We hypothesize that the mean impacts of warming may not

differ greatly between the two scenarios as losses due to acceler-

ated development are compensated by gains from elevated CO2.

However, we expect that the higher frequency of extreme events

under 2.0°C (Ruane, Phillips, et al., 2018) would result in greater

damages of heat and drought stress, greater inter‐annual variability,
and higher risk of yield failures. Such information could supply

important nuance in understanding the implications of the two levels

of warming and associated mitigation efforts of the two warming

scenarios.

2 | MATERIALS AND METHODS

2.1 | Model inputs for global simulations

An ensemble of 31 wheat crop models was used to assess climate

change impacts for 60 representative wheat‐growing locations devel-

oped by the AgMIP‐Wheat team (Assenget al., 2015, 2018; Wallach

et al., 2018). All models in the ensemble were calibrated for the phe-

nology of local cultivars and used site‐specific soils and crop man-

agement. The multi‐model ensemble used here has been tested

against observed field data and showed reliable response to chang-

ing climate in several previous studies, including responses of model

ensemble to elevated CO2, post‐anthesis chronic warming and differ-

ent heat shock treatments during grain filling (Asseng et al., 2018;

Wallach et al., 2018). Hoffman et al. (2015) and Ruane et al. (2016)

showed that a multi‐model ensemble can also reproduce some of

observed seasonal yield variability. The 60 locations are from key

wheat‐growing regions in the world (Supporting Information

Table S1 in Appendix S1). Locations 1–30 are high rainfall or irri-

gated wheat‐growing locations representing 68% of current global

wheat production. These locations were simulated without water or

nitrogen limitation. Details about these locations can be found in

Asseng et al. (2015). Locations 31–60 are low rainfall locations with

average wheat yield <4 t/ha and represent 32% of current global

wheat production (Asseng et al., 2018).

Thirty‐one wheat crop models (Supporting Information Table S2

in Appendix S1) within AgMIP were used for assessing impacts of

1.5 and 2.0°C global warming above pre‐industrial time on global

wheat production (Asseng et al., 2018). The 31 wheat crop models

considered here have been described in publications. All model simu-

lations were executed by the individual modeling groups with exper-

tise in using the model they executed. All modeling groups were

provided with daily weather data, basic physical characteristics of

soil, initial soil water, and N content by layer and crop management

information. One representative cultivar, either winter or spring type,

was selected for each location after consulting with local experts or

literature. Different wheat types may be used at different locations

in one country (e.g., China, Russia, and United States), to cover some

of the possible heterogeneity in cultivar use (Supporting Information

Table S1 in Appendix S1). Observed local mean sowing, anthesis,

and maturity dates were supplied to modelers with qualitative infor-

mation on vernalization requirements and photoperiod sensitivity for

each cultivar. Observed sowing dates were used and cultivar param-

eters calibrated with the observed anthesis and maturity dates by

considering the qualitative information on vernalization requirements

and photoperiod sensitivity. More details about model inputs are

provided in the supplementary methods and in Asseng et al. (2018).

2.2 | Future climate projections

Baseline (1980–2010) climate data for each wheat modeling site

come from the AgMERRA climate dataset, which combines observa-

tions, reanalysis data, and satellite data products to provide daily cli-

mate forcing data for agricultural modeling (Ruane, Goldberg, &

Chryssanthacopoulos, 2015). Climate scenarios here are consistent

with the AgMIP Coordinated Global and Regional Assessments

(CGRA) 1.5 and 2.0°C World study (Rosenzweig et al., 2018; Ruane,

Antle, et al., 2018; Ruane, Phillips, et al., 2018), utilizing the methods

summarized below and in the Supporting Information Appendix S1

and fully described by Ruane, Phillips, et al. (2018). Climate changes

from large (83–500 member for each model) climate model ensemble

projections of the +1.5 and +2.0°C scenarios from the Half a Degree

Additional Warming, Prognosis and Projected Impacts project

(HAPPI; Mitchell et al., 2017) are combined with the local AgMERRA

baseline to generate driving climate scenarios from five GCMs

(MIROC5, NorESM1‐M, CanAM4 [HAPPI], CAM4‐2degree [HAPPI],

and HadAM3P) for each location (Ruane, Phillips, et al., 2018). Only

five GCMs here were used due to data availability at the time the

study was conducted. Specifically, HAPPI ensemble changes in

monthly mean climate, the number of precipitation days, and the

standard deviation of daily maximum and minimum temperatures are

imposed upon the historical AgMERRA daily series using quantile

mapping that forces the observed conditions to mimic the future dis-

tribution of daily events (Ruane, Phillips, et al., 2018; Ruane, Winter,

McDermid, & Hudson, 2015). This results in climate scenarios that

maintain the characteristics of local climate while also capturing

major climate changes. As in previous AgMIP assessments, solar radi-

ation changes from GCMs introduce uncertainties that can at times

overwhelm the impact of temperature and rainfall changes and thus

were not considered here other than small radiation effects associ-

ated with changes in the number of precipitation days (Ruane, Win-

ter, et al., 2015).

HAPPI anticipates atmospheric [CO2] for 1.5 scenario (1.5°C

above the 1861–1880 pre‐industrial period = ~0.6°C above current

global mean temperature; Morice, Kennedy, Rayner, & Jones, 2012)

and 2.0 scenario (2.0°C above pre‐industrial = ~1.1°C above current

global mean temperature) at 423 ppm and 487 ppm ([CO2] in the

center of the 1980–2010 current period is 360 ppm). Uncertainty

around these CO2 levels from climate models’ transient and
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equilibrium climate sensitivity is not explored here, although [CO2]

for 2.0°C warming may be slightly overestimated (Ruane, Phillips,

et al., 2018).

This large climate × crop model setup enabled a robust multi‐
model ensemble estimate (Martre et al., 2015; Wallach et al., 2018)

as well as analysis of spatial heterogeneity (Liu et al., 2016) and

inter‐model uncertainty. There were 11 treatments (baseline, five

GCMs for 1.5 and five GCMs for 2.0 scenarios) simulated for 60

locations and 30 years (see additional detail on climate scenarios in

Supporting Information Appendix S1 and in Ruane, Phillips, et al.,

2018).

2.3 | Aggregation of local climate change impacts
to global wheat production impacts

Simulation results were up‐scaled using a stratified sampling method,

a guided sampling method to improve the scaling quality (van Bussel

et al., 2016), with several points per wheat mega region when neces-

sary (Gbegbelegbe et al., 2017). During the up‐scaling process, the

simulation result of a location was weighted by the production the

location represents as described below (Asseng et al., 2015). Liu

et al. (2016) recently showed that stratified sampling with 30 loca-

tions across wheat mega regions resulted in similar temperature

impact and uncertainty as aggregation of simulated grid cells at

country and global scale. And Zhao et al. (2016) indicated that the

uncertainty due to sampling decreases with increasing number of

sampling points. We therefore doubled the 30 locations from Asseng

et al. (2015) to 60 locations (Supporting Information Table S1 in

Appendix S1) to cover contrasting conditions across all wheat mega

regions.

Before aggregating local impacts at 60 locations to global

impacts, we determined the actual production represented by each

location following the procedure described by Asseng et al. (2015).

The total wheat production for each country came from FAO coun-

try wheat production statistics for 2014 (www.fao.org). For each

country, wheat production was classified into three categories (i.e.,

high rainfall, irrigated, and low rainfall). The ratio for each category

was quantified based on the Spatial Production Allocation Model

(SPAM) dataset (https://harvestchoice.org/products/data). For some

countries where no data were available through the SPAM dataset,

we estimated the ratio for each category based on the country‐level
yield from FAO country wheat production statistics. The high rainfall

production and irrigated production in each country were repre-

sented by the nearest high rainfall and irrigated locations (locations

1–30). Low rainfall production in each country was represented by

the nearest low rainfall locations (locations 31–60).
For each climate change scenario, we calculated the absolute

regional production loss by multiplying the relative yield loss from

the multi‐model ensemble median (median across 31 models and five

GCMs) with the production represented at each location. Global

wheat production loss was determined by adding all regional produc-

tion losses, and the relative impacts on global wheat production

were calculated by dividing simulated global production loss by

historical global production. Similar steps with global impacts were

used for calculating the impacts on country scale impacts, except

that only the local impacts from corresponding locations in each

country were aggregated to the country impacts.

We also tested the significance of the differences in the esti-

mated impacts and the changes in simulated yield inter‐annual vari-
ability between the two warming scenarios. More detailed steps

about impact aggregation and significance tests can be found in the

supplementary methods.

2.4 | Environmental clustering of the 60 global
locations

The 60 global wheat‐growing locations were clustered in order to

analyze the results by groups of environments with similar climates

(Supporting Information Figure S5 in Appendix S1). A hierarchical

clustering on principal components of the 60 locations was per-

formed based on four climate variables for 1981–2010: the growing

season (sowing to maturity) mean temperature, the growing season

cumulative evapotranspiration, the growing season cumulative solar

radiation, and the number of heat stress days (maximum daily tem-

perature >32°C) during the grain filling period. All data were scaled

(centered and reduced to make the mean and standard deviation of

data to be zero and one, respectively) prior to the principal compo-

nent analysis.

After determining the wheat yield impacts for each of the 1.5

and 2.0°C scenarios, yield variability for both scenarios was assessed,

including the extreme low yield probability and yield interannual

variability. For each location, we determined the yield threshold of

the bottom 5% from the yield series for the baseline period and cal-

culated the cumulative probability series of simulated yields under

1.5 and 2.0°C scenarios. Next, the probability of occurrence for

extreme low yield for each scenario was assessed as the correspond-

ing cumulative probability of the yield threshold of the bottom 5%

from baseline period from the cumulative probability series. Interan-

nual yield variability was quantified as the coefficient of variation of

simulated yields over the 30‐year simulation period. In all cases, the

multi‐model median from the 31 models was employed.

3 | RESULTS

3.1 | Impacts of 2015 Paris Agreement compliant
warming

Compared with the present baseline period (1980–2010; 0.67°C

above pre‐industrial), the HAPPI scenarios gave projected tempera-

ture increases of 1.1–1.4°C (25%–75% range of 60 locations) for the

60 wheat‐growing locations spread over the globe under the 1.5

scenario and 1.6–2.0°C under the 2.0 scenario (Supporting Informa-

tion Figure S1 in Appendix S1). Temperature increase during the

wheat‐growing season (sowing to maturity) typically warms about

0.5°C less than the annual mean under both warming scenarios: 0.7–
1.0°C (25%–75% range of 60 locations) under the 1.5 scenario and
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1.0°C to 1.5°C under 2.0 scenario (Supporting Information Figure S2

in Appendix S1). In the HAPPI scenarios, annual rainfall is projected

to increase in most of the 60 locations under both warming scenar-

ios (Supporting Information Figure S3 in Appendix S1; Ruane, Phil-

lips, et al., 2018).

Based on baseline climate conditions (1980–2010), we catego-

rized the 60 wheat production sites into three environment types

(temperate high rainfall, moderately hot low rainfall, and hot irri-

gated; Supporting Information Figure S5 in Appendix S1). Across

these environments, increasing temperatures reduce wheat crop

duration due to accelerated phenology (Supporting Information Fig-

ure S22a in Appendix S1). As a consequence, the crop duration

declines with future climate change scenarios compared with the

baseline. For most of the locations from temperate high rainfall and

moderately hot low rainfall regions, simulated cumulative growing

season evapotranspiration (ET) and growing season rainfall decreased

slightly under the 1.5 and 2.0 scenarios (Supporting Information Fig-

ure S20b and S21b in Appendix S1). In hot irrigated regions, simu-

lated cumulative evapotranspiration decreased (in average by −16

and −25 mm) under both warming scenarios during the crop dura-

tion (Supporting Information Figure S20b in Appendix S1), while sim-

ulated cumulative rainfall increased slightly (usually <10 mm) in more

than half of the locations (Supporting Information Figure S21b in

Appendix S1) due to projected increase in annual rainfall (Supporting

Information Figure S3 in Appendix S1). The decrease in cumulative

ET was mostly due to shorter crop duration (in average by −4.9 and

−7.2 days) due to warming, as shown with significant negative rela-

tionship between growing season cumulative ET and crop duration

in all hot irrigated locations (Supporting Information Figure S23 in

Appendix S1). For example, cumulative ET decreased by about

2.2 mm with a shortening of the growing season by 1 day in Aswan,

Egypt. Heat stress days (daily maximum air temperature >32°C; Por-

ter & Gawith, 1999) during grain filling already occur in almost all

regions, but their frequency increases under both warming scenarios,

particularly in moderately hot low rainfall (in average by 1.0 and

1.6 days) and hot irrigated locations (in average by 1.8 and 2.5 days;

Supporting Information Figure S22b in Appendix S1).

Simulated impacts on wheat yields for the 1.5 and 2.0 scenarios

(Figure 1) are negatively correlated with baseline crop season mean

temperature (Figure 2a), suggesting that cooler regions will benefit

more from moderate warming. For example, most locations with

crop growing season mean temperature (sowing to maturity) <15°C

will have mostly positive yield changes, while for growing season

mean temperature >15°C, any increase in temperature will reduce

grain yields (Figure 2a) despite the growth stimulation from elevated

[CO2]. Generally, regions which produce the largest proportion of

wheat globally are projected to have small positive yield changes

under both scenarios, but there are exceptions such as India, which

is currently the world's second largest wheat producer (Figure 2).

The projected changes in growing season climate variables have

a significant impact on simulated grain yield under the two warming

scenarios at most global locations. As shown in Supporting Informa-

tion Table S4 in Appendix S1, a significant negative relationship

between simulated grain yield and growing season mean tempera-

ture and the number of heat stress days during grain filling were

found at most locations, especially for hot irrigated locations, while a

significant positive relationship between simulated grain yields and

growing season cumulative ET, solar radiation, and rainfall (only for

rainfed locations) were found in almost all locations. For example,

wheat grain yield at Griffith, Australia, was projected to decrease by

0.44 t/ha per °C increase in growing season mean temperature, and

decrease by 0.067 t/ha per day increase in heat stress days, but

increase by 0.008 t/ha per mm increase in growing season cumula-

tive ET. In addition, shortening the growing season duration was also

found to negatively impact simulated wheat yield significantly. For

example, wheat yield was projected to decrease by 0.1 t/ha per day

reduction in growing season duration, in Indore, India. Growing sea-

son rainfall also showed significant positive effects on projected

grain yield in most rainfed locations (Supporting Information

Table S4 in Appendix S1), however, projected growing season rainfall

declined in most locations, except for small rainfall increases in a

few hot irrigated locations (Supporting Information Figure S21b in

Appendix S1).

When scaling up from the 60 locations, we found that wheat

yields in about 80% of wheat production areas will increase under

1.5 scenario, but usually by <5% (Figure 3). Largest positive impacts

under 1.5 scenario are projected for United States (6.4%), the third

largest wheat producer in the world. Loss in wheat yields under the

1.5 scenario is projected mostly for Central Asia, Africa, and South

America (Figure 3), regions with generally high growing season tem-

peratures, shorter crop duration, and more heat stress days during

grain filling (Supporting Information Figure S14 in Appendix S1). Fur-

ther yield declines in these countries are expected with the 2.0 sce-

nario, including in large wheat‐producing countries such as India

(−2.9%; Figure 3).

Analysis for the three environment types projects a larger yield

increase for temperate high rainfall regions (3.2% and 5.5% under 1.5

and 2.0 scenarios, respectively) than for moderately hot low rainfall

(2.1% and 2.4%) but a decline in hot irrigated regions (−0.7% and

0.02%; Supporting Information Figures S9 and S10 in Appendix S1).

These positive values contrast with the negative trend found across a

meta‐analysis, with a large uncertainty range, with local temperature

change of 1.5–2.0°C, despite positive effects from elevated [CO2]

(Challinor, Martre, et al., 2014; Challinor, Watson, et al., 2014).

Up‐scaled to the globe, wheat production on current wheat‐pro-
ducing areas is projected to increase by 1.9% (−2.3% to 7.0%, 25th

percentile to 75th percentile) under the 1.5 and by 3.3% (−2.4% to

10.5%) under the 2.0 scenario (Figure 4a and Supporting Information

Figure S8a in Appendix S1). The differences in estimated ensemble

median impacts between the two warming levels may be small, but

significant, as indicated by a statistical test for the model ensemble

median of the global impacts (p < 0.001). Under the Representative

Concentration Pathway 8.5 (RCP8.5) for the 2050s, with a global

mean temperature increase of 2.6°C above pre‐industrial, global

wheat production are suggested to increase by 2.7% (Asseng et al.,

2018), highlighting the non‐linear nature of climate change impact.
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When up‐scaling the impact for different wheat types (Support-

ing Information Figure S26 in Appendix S1), the impact on global

wheat production of the multi‐model medians was 0.76% and 1.26%

for spring wheat types (planted at 39 global locations) under 1.5 and

2.0 scenarios but 3.2% and 5.7% for winter wheat types (planted at

21 global locations), respectively.

3.2 | More variable yields in hot and dry areas

While the 30‐year average yield is projected to increase under the

1.5 and 2.0 scenarios across many regions, the risk of extremely low

yields may increase, especially in some of the hot–dry locations. The

probability of extreme low yields (yields lower than the bottom 5

percentile of the 1981–2010 distribution) will increase significantly

in more than half of the moderately hot low rainfall locations under

both scenarios (Figure 5 and Supporting Information Figure S19a in

Appendix S1). For the hot irrigated locations, the probability of

extreme low yields will increase significantly in about half of the

locations (Supporting Information Figures S13 and S19a in

Appendix S1). In some hot irrigated locations, the likelihood of

extreme low yields will increase by up to five times, that is from 5%

under baseline to 11% and 22% under 1.5 warming and 2.0 warming

scenarios, respectively, for example, in Wad Medani from Sudan. But

in other hot irrigated locations (e.g., Maricopa in United States,

Aswan in Egypt, and Balcarce in Argentina) and most of temperate

high rainfall locations, the extreme low yield probability will decrease

or remain unchanged for the two warming scenarios (Supporting

Information Figures S11 and S19a in Appendix S1). The likelihood of

(a)

(b)

F IGURE 1 Impact of (a) 1.5 and (b) 2.0 scenarios on wheat grain yield for 60 representative global wheat‐growing locations. Relative
changes in grain yield were the median across 31 crop models and five GCMs, calculated with simulated 30‐year mean grain yields for
baseline, 1.5 and 2.0 scenarios (HAPPI), including changes in temperature, rainfall, and atmospheric [CO2], using region‐specific soils, cultivars,
and crop management
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extreme low yields will increase significantly from 1.5 warming to

2.0 warming scenarios only at three locations (from 11% to 22% at

Wad Medani in Sudan, from 14% to 15% at Swift Current in Canada,

and from 7% to 11% at Bloemfontein in South Africa) and remain to

be same at all other locations.

To determine the reasons for the changes in extreme low yield

probability, relationships between changes in growing season vari-

ables and changes in extreme low yield probability were quantified

with linear regressions. As shown in Supporting Information Fig-

ure S24 in Appendix S1, only growing season mean temperature,

maximum temperature, minimum temperature, heat stress days, and

cumulative rainfall (only in rainfed locations) were found to be signif-

icantly related to changes in extreme low yield probability (all

p < 0.05), but with relatively poor correlation (r between 0.26 and

0.61). Among these variables, growing season maximum temperature

explained most of the changes in extreme low yield probability, with

r = 0.54 and 0.61 for the 1.5 and 2.0 scenarios, respectively (Sup-

porting Information Figure S24 in Appendix S1). The probability of

extreme low yields was projected to increase by 10% and 9% per °C

increase in growing season maximum temperature under 1.5 and 2.0

scenarios, respectively.

Under 1.5 warming scenario, the inter‐annual variability of simu-

lated grain yields was projected to increase significantly in only few

locations (mostly in hot irrigated locations, Supporting Information

Figure S19b in Appendix S1), while moderate warmings of 2.0°C

above pre‐industrial are projected to increase the inter‐annual vari-
ability of simulated grain yields in about 50% of hot irrigated loca-

tions and parts of moderately hot low rainfall locations significantly,

including Sudan, Bangladesh, Egypt, and India (Figure 6). For exam-

ple, inter‐annual variability of simulated grain yields is projected to

increase by 23%–35% in Wad Medani from Sudan under 1.5 and 2.0

scenarios, respectively. The inter‐annual variability of simulated grain

yields will increase significantly from 1.5 warming to 2.0 warming

scenarios at five moderately hot low rainfall locations and four hot

irrigated locations and remain to be same at all other locations. For

example, the inter‐annual variability of simulated grain yields will

increase by 20% and 27% at Bloemfontein in South Africa under 1.5

and 2.0 scenarios, respectively. No significant changes in the inter‐
annual variability of simulated grain yields were found in most of the

temperate high rainfall locations under two warming scenarios (Fig-

ure 6 and Supporting Information Figure S19b in Appendix S1).

The relationship between changes in growing season variables

(including growing season duration, cumulative ET, cumulative solar

radiation, cumulative rainfall, mean temperature, maximum tempera-

ture, minimum temperature, and heat stress days) and changes in

yield interannual variability (CV) was also quantified with linear

regressions. As shown in Supporting Information Figure S25 in

Appendix S1, only growing season duration, cumulative ET, and heat

stress days were statistically significantly related to changes in yield

interannual variability (p < 0.05), but with relatively poor correlation

coefficients (0.24 < r <0.38). Among these variables, growing season

heat stress days explains most of the changes in yield interannual

variability, with r = 0.38 and 0.34 for the 1.5 and 2.0 scenarios,

respectively (Supporting Information Figure S25 in Appendix S1).

Yield interannual variability was projected to increase by 2.6% and

2.0% per day increase in growing season heat stress days under the

1.5 and 2.0 scenarios, respectively.

4 | DISCUSSION

With the latest climate scenarios from the HAPPI project, we used a

multi‐crop and multi‐climate model ensemble over a global network

of sites to represent major rainfed and irrigated systems to assess

global wheat production and local yield interannual variability under

1.5 and 2.0°C warming above pre‐industrial, which considered

changes in local temperature, rainfall, and global [CO2]. Under the

(a) (b) (c)

5 × 107t

107t  – 5 × 107t 
106t  – 107t 
105t  – 106t 

F IGURE 2 Projected Impact of the 1.5 and 2.0 scenarios on wheat grain yield and crop duration. Simulated change in grain yield vs. (a)
growing season mean temperature and (b) mean growing season duration (sowing to maturity) for the 1.5 (orange) and 2.0 (dark cyan)
scenarios (HAPPI). (c) Differences in relative change in grain yield between the 1.5 and 2.0 scenarios vs. growing season mean temperature for
60 representative wheat‐producing global locations. Relative changes in grain yield were the median across 31 crop models and five GCMs,
calculated with simulated 30‐year (1981–2010) mean grain yields for baseline, the 1.5 and 2.0 scenarios (including changes in temperature,
rainfall, and [CO2]) using region‐specific soils, cultivars, and crop management. The size of symbols indicates the production represented by
each location (using 2014 FAO country wheat production statistics). The vertical and horizontal range crosses indicate the median 25%–75%
uncertainty range of relative change in grain yields, growing season mean temperature, and crop duration across the 31 crop models and five
GCMs, respectively. In (a), r2 of linear regressions were 0.32 and 0.33 under 1.5 and 2.0 scenarios, respectively (p < 0.001)
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two warming scenarios, climate impact on wheat yield can be largely

attributed to elevated [CO2], shorter wheat growth duration due to

increasing growing season temperature and a decrease in cumulative

evapotranspiration in most of the 60 locations (Supporting Informa-

tion Table S4 and Figure S20–22 in Appendix S1). In addition, even

with restricted warming levels, increasing weather variability also

negatively impacts projected wheat production (Supporting Informa-

tion Table S4 and Figure S22 in Appendix S1). However, considering

the uncertainty related to [CO2] in the 1.5 and 2.0°C scenarios (see

below), the small differences in yield impact for the two scenarios

do not allow concluding on the putative benefits of a limitation of

global warming to 1.5°C compared with 2.0°C for global wheat yield

production.

4.1 | Changes in atmospheric CO2 concentration
drive the impacts of 1.5 and 2.0°C scenarios on
wheat yield

Using four independent methods (Liu et al., 2016; Zhao et al., 2017),

global wheat yields had been previously projected to decline by an

average of −5.0% for each increase in 1.0°C global warming, but in

the absence of concomitant atmospheric [CO2] increase. Similar find-

ings have been reported for various typical wheat cultivation regions

in Europe when applying a systematic climate sensitivity analysis

(Pirttioja et al., 2015). In a sensitivity analysis with the same crop

model ensemble for the same 60 representative locations, global

wheat production could increase by about 15.8% when CO2

(a)

(b)

F IGURE 3 Simulated multi‐model ensemble projection of global wheat grain production for wheat‐growing area per country under the 1.5
and 2.0 scenarios (HAPPI). Relative climate change impacts on grain production under (a) the 1.5 and (b) 2.0 scenarios (including changes in
temperature, rainfall, and [CO2]) compared with the 1981–2010 baseline. Impacts were calculated using the average over 30 years of yields
and the medians across 31 models and five GCMs, using region‐specific soils, current cultivars, and crop management. Impacts from 60 global
locations were aggregated to impacts on country production by weighting the irrigated, high rainfall, and low rainfall production, based on FAO
wheat production statistics
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increased from 360 to 550 ppm. The two HAPPI scenarios include

423 and 487 ppm [CO2], and the impacts from CO2 fertilization

under the two scenarios are a proportion of the impacts with those

for 550 ppm [CO2]. When assuming a linear response of wheat yield

to elevated CO2 (Amthor, 2001), the impacts of elevated CO2 under

1.5 and 2.0 scenarios would be 5.2% and 10.5%, respectively, if

nitrogen was not limiting. As the overall impacts of climate change

under 1.5 and 2.0 scenarios were 1.9% and 3.3%, thus, we can con-

clude that most of the projected increases in global wheat produc-

tion under the 1.5 and 2.0 scenarios can be attributed to a CO2

fertilization effect (Figure 4b and Supporting Information Figure S8b

in Appendix S1). This conclusion is consistent with field observations

in a range of growing environments (Kimball, 2016; O'Leary et al.,

2015) and with a rate of 0.06% yield increase per ppm [CO2] derived

from a meta‐analysis of simulation results (Challinor, Martre, et al.,

2014; Challinor, Watson, et al., 2014). The CO2 fertilization effect is

often found to dominate model‐based projections of future global

wheat productivity (Rosenzweig et al., 2014; Ruiz‐Ramos et al.,

2018; Wheeler & von Braun, 2013), but with substantial uncertain-

ties and regional differences (Deryng et al., 2016; Kersebaum & Nen-

del, 2014; Müller et al., 2015).

The relatively low warming levels of the HAPPI scenarios (0.6

and 1.1°C above 1980–2010 global mean temperature) but high

increases in [CO2] suggest that CO2 fertilization effects also domi-

nate here (Kimball, 2016; O'Leary et al., 2015), but could be less, if

nitrogen is limiting growth. However, the impacts here could be

slightly overoptimistic with estimates of heat stress, as most of crop

models do not account for well‐established canopy warming under

elevated CO2 (Kimball et al., 1999; Webber et al., 2018). Also, Sch-

leussner et al. (2018) have shown that CO2 uncertainties at 1.5 and

2.0°C, which is not considered here, are comparable to the effect of

0.5°C warming increments. This indicated possible differences in

F IGURE 4 Simulated global impacts of climate change scenarios on wheat production. Relative impact on global wheat grain production for
(a) 1.5 and 2.0 warming scenarios (HAPPI) with changes in temperature, rainfall, and atmospheric [CO2]. Atmospheric [CO2] for the 1.5 and 2.0
scenarios was 423 and 487 ppm, respectively. (b) Local temperature increase by +2°C (360 ppm CO2 +2°C) and +4°C (360 ppm CO2 +4°C) for
the baseline period with historical [CO2] (360 ppm) and elevated [CO2] (550 ppm) for no temperature change (baseline), +2°C (550 ppm [CO2]
+2°C) and +4°C (550 ppm [CO2] +4°C). Impacts were weighted by production area (based on FAO statistics). Relative change in grain yields
was calculated from the mean of 30 years projected yields and the ensemble medians of 31 crop models (plus five GCMs for HAPPI scenarios)
using region‐specific soils, cultivars, and crop management. Error bars are the 25th and 75th percentiles across 31 crop models (plus five
GCMs for HAPPI scenarios)

F IGURE 5 Projected impacts of the 1.5 and 2.0 scenarios on the probability of extreme low wheat yields. (a) Grain yield distribution at
three locations representative of the three main types of environments (see below) for the 1981–2010 baseline and for the 1.5 and 2.0
scenarios (HAPPI; including changes in temperature, rainfall, and [CO2]). The yield distribution at the 60 global sites is given in Supporting
Information Figures S11–S13 in Appendix S1. The vertical dashed lines indicate the value of extreme low yields (defined as the lower 5% of
the distribution) for the baseline. (b) Probability of extreme low yield (≤5% of the baseline distribution) for the 2.0 scenario at 60
representative global wheat‐growing locations for clusters of temperate high rainfall or irrigated locations (green; 26 locations), moderately hot
low rainfall locations (yellow; 20 locations), and hot irrigated locations (red; 14 locations). In (b), and indicate the changes in extreme low
yield between warming scenarios and baseline was significant at p < 0.05 and p < 0.01, respectively. (c) and (d) Probability of extreme low
yields for each type of environment for the 1.5 and 2.0 scenarios, respectively. Horizontal dashed lines are the probability of extreme low yield
for the baseline (defined as the bottom 5% of the baseline distribution). Horizontal thick solid lines are the median probability of extreme low
yield. The circles are the 60 global locations shown in (c and d), their size indicates the production represented at each location (using FAO
country wheat production statistics) and their color indicated the growing season mean temperature at each location for the 1.5 and 2.0
scenarios. Within each environment type, the circles have been jiggled along the horizontal axis to make it easier to see locations with similar
probability values, which means that the horizontal positions of circles in each environment type were used to avoid the overlapping of circles
and have no meaning. The shaded areas show the distribution of the data. Numbers above each box are the mean yields for the baseline
period and in parenthesis the average yield impacts of the 1.5 and 2.0 scenarios compared with the 1981–2010 baseline yield. See Supporting
Information Material and Methods in Appendix S1 for more details on clustering of wheat‐growing environments
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impacts on wheat production in the simulated 1.5 or 2.0°C worlds

(Seneviratne et al., 2018), as a transient 1.5 or 2.0°C world may see

higher CO2 concentrations because of the lagged response of the

climate system (peak warming around 10 years after zero CO2 emis-

sions are reached) and differences in aerosol loadings (Wang, Lin,

et al., 2017). Ruane, Phillips, et al. (2018) also noted uncertainties

(a)

(b)

(c)

F IGURE 6 Projected impacts of 1.5 and 2.0 scenarios on wheat yield interannual variability. (a) Relative climate change impacts for the
2.0°C warming scenarios (HAPPI) compared with the 1981–2010 baseline on interannual yield variability (coefficient of variation) at 60
representative global wheat‐growing locations for clusters of temperate high rainfall or irrigated locations (green; 26 locations), moderately hot
low rainfall locations (yellow; 20 locations), and hot irrigated locations (red; 14 locations). In (a), and indicate the changes in interannual
yield variability between warming scenarios and baseline was significant at p < 0.05 and p < 0.01, respectively. The circles and triangles
showed increased and decreased interannual variability, respectively. (b) and (c) Relative climate change impacts for the 1.5 and 2.0 scenarios
compared with the 1981–2010 baseline on interannual yield variability (coefficient of variation) in temperate high rainfall or irrigated (26
locations), moderately hot low rainfall (20 locations), and hot irrigated (14 locations) locations. Horizontal thick solid lines are the median
change in interannual yield variability for each environment type. The circles are the 60 global locations shown in (a), their size indicates the
production represented at each location (using FAO country wheat production statistics) and their color indicated the growing season mean
temperature at each location under the 1.5 and 2.0 scenarios. Within each environment type, the circles have been jiggled along the horizontal
axis to make it easier to see locations with similar probability values, which means that the horizontal positions of circles in each environment
type were used to avoid the overlapping of circles, and have no meaning. The shaded areas show the distribution of the data
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related to CO2 impacts in the 1.5 and 2.0°C worlds, as well as pecu-

liarities in the definition of CO2 concentrations in HAPPI. CO2 is also

identified as the primary cause of increases between 1.5 and 2.0°C

worlds in Rosenzweig et al. (2018). Our study focused on stabilized

1.5 and 2.0°C worlds rather than the transient pathways that get us

there, which will include gradually increasing CO2 concentrations

even as some scenarios include an overshoot in global mean temper-

atures. Elevated CO2 concentrations are expected to have a particu-

larly strong initial effect, although the benefits will saturate as CO2

concentrations increase in RCP8.5 or other higher emission path-

ways.

4.2 | The interannual yield variability and the risk
of extreme low yields will increase in a 1.5 and 2.0°C
world

Unlike the simulated grain yield impacts, aggregating the simulated

yield variability from representative locations to regions or globally

with a multi‐model ensemble approach has not been tested with

observed data. Different aggregation method may result in different

characteristics of climate‐forced crop yield variance at different spa-

tial scales. Therefore, the simulated yield variability at local scale was

not aggregated to region or global scale.

The fraction of yield interannual variability accounted for by

weather‐forced yield variability may vary substantially depending on

the region (Ray, Gerber, & Macdonald, 2015; Ruane et al., 2016);

therefore, comparing simulated and observed yield interannual yield

variability is critical to analyze changes in yield variability. However,

there are no time series data which would allow a scientific model‐
observation comparison for all the 60 global locations and even for

regions where historical yield records are available, they usually do

not allow an evaluation of model performance due to missing infor-

mation on sowing date, cultivar use, crop management of fertilizer N

and irrigation, soil characteristics, initial soil conditions, and bias in

the reported yields (Guarin, Bliznyuk, Martre, & Asseng, 2018). While

for these reasons, it is not possible for us to project meaningfully

how interannual yield variability will change at regional or global

scale, our study supplies important information on how the addi-

tional half degree of warming will impact on yield variability, consid-

ering the parallel changes in mean yield levels associated with the

combined warming and elevated CO2 levels. This information is

urgently required by national governments and international policy

makers in assessing the relative risks and costs of mitigating to

1.5°C warming vs. 2.0°C warming.

Here, we compared our simulated interannual yield variability for

the 60 global locations with the estimated global interannual yield

variability from statistic yield data in Ray et al. (2015) (Supporting

Information Figure S27 in Appendix S1) and we found that the spa-

tial patterns of interannual yield variability were similar for the two

studies. For example, both studies showed interannual yield variabil-

ity and estimated climate‐induced yield variability were high at loca-

tions in southern Russia, Spain, and Kazakhstan, and were small at

locations in western Europe, India, and some locations in China.

Climate‐driven yield variability is generally higher in more intensive

cropping systems, and many regions around the world now actively

pursue intensification of currently low‐yielding smallholder cropping

systems. Therefore, our current projections of estimates of climate‐
driven yield variability under the two warming scenarios may be con-

servative, if some regions will experience intensification and climate

change simultaneously.

Extreme low‐yielding seasons can impact the livelihood of many

farmers (Morton, 2007), but also disturb global markets (e.g., Russian

heat wave in 2010; Welton, 2011), or even destabilize entire regions

of the world (e.g., Arab Spring in 2011; Gardner et al., 2015). Climate

scenarios used for this study included monthly mean changes and

shifts in the distribution of daily events within a season but did not

include changes in interannual variability; these changes are there-

fore largely the result of warmer average conditions pushing wheat

closer to damaging biophysical thresholds. A recent study based on

the HAPPI 1.5 and 2.0 scenarios also identified an increased fre-

quency of interannual drought conditions in regions with declining

or constant total precipitations (Ruane, Phillips, et al., 2018),

although skewness toward drought in the interannual distribution

was small and highly geographically variable.

Despite mostly positive impacts on average yields, projections

suggest that the frequency of extreme low yields will increase under

both scenarios for some of the hot growing locations (for both low

rainfall and irrigated sites), including India, that currently supply more

than 14% of global wheat (FAO, 2014). Similarly, an increase in the

frequency of crop failures has been shown with 1.5°C global warm-

ing above the pre‐industrial period for maize, millet, and sorghum in

West Africa (Parkes, Defrance, Sultan, Ciais, & Wang, 2018). On the

other hand, Faye et al. (2018) did not detect a change in yield vari-

ability for the same three crops in West African between the 1.5

and 2.0°C warming scenarios using HAPPI climate data. In our study,

the change in climate extremes occurs due to projected shifts in

mean temperatures (which bring wheat cropping systems closer to

heat stress thresholds) as well as shifts in the distribution of daily

temperatures, which can increase or decrease the frequency of

future heat waves. Coupled changes in projected precipitation may

also exacerbate drought and heat stress yield damage.

4.3 | Impact of 1.5 and 2.0°C scenarios on wheat
production and food security

Wheat yields have been stagnating in many agricultural regions (Bris-

son et al., 2010; Lin & Huybers, 2012; Ray, Ramankutty, Mueller,

West, & Foley, 2012). Shifting agriculture polewards has been con-

sidered elsewhere, but might not be always possible or feasible for

adapting to increasing temperature due to land use and land suitabil-

ity constraints. Measures such as change in sowing date and irriga-

tion management, improved heat‐ and drought‐resistant cultivars,

reduced trade barriers, and increased storage capacity (Schewe,

Otto, & Frieler, 2017) will be necessary to adapt to changes in tem-

perature and precipitation for improving food security. However,

since the largest estimated yield losses and increased probability of
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extreme low yields occur in tropical areas (that is, in hot environ-

ment with low‐temperature seasonality) and under irrigated systems,

the above‐mentioned measures would probably not be sufficient.

Therefore, it will be challenging to find effective incremental solu-

tions and might need to consider transformation of the agricultural

systems in some regions (Asseng et al., 2013; Challinor, Martre,

et al., 2014; Challinor, Watson, et al., 2014). In this study, the

extreme low yield probability and inter‐annual yield variability of

simulated yield were projected to increase significantly in parts of

hot irrigated locations and moderately hot low rainfall locations, and

further increase could be expected from 1.5 scenario to 2.0 scenario,

especially for inter‐annual yield variability. This indicated that more

efforts will be needed for adaptation for food security in these loca-

tions.

4.4 | Uncertainties

Here, we up‐scaled the climate warming impacts from 60 represen-

tative global locations to country and global scales, following the

approach by Asseng et al. (2015). The 60 locations were selected

with local experts to be representative of each region, and high‐qual-
ity model inputs for each location were obtained (Supporting Infor-

mation Table S1 in Appendix S1). Liu et al. (2016) and Zhao et al.

(2017) recently showed that up‐scaled simulations for representative

locations, as suggested by van Bussel et al. (2015), have similar tem-

perature impacts to 0.5o x 0.5o global grid simulations or statistical

approaches. The projected impact for spring wheat reported here is

similar to that reported by Iizumi et al. (2017), who reported global

spring wheat production to increase by 1.43%–1.60% and 1.43%–
1.61% under 1.5 and 2.0 scenarios using a global gridded simulation

approach under different Shared Socioeconomic Pathways.

To analyze risks of the extreme low yields, we used a well‐tested
multi‐model ensemble (Asseng et al., 2015, 2013, 2018; Ruane et al.,

2016; Wallach et al., 2018) instead of individual wheat models, as

the model ensemble has shown to reproduce observed yields and

observed yield interannual variability. In Asseng et al. (2015), the

multi‐model ensemble median reproduced observed wheat yield

under different warming treatments, with wheat‐growing season

temperature ranging from 15 to 32°C, including extreme heat condi-

tions. Asseng et al. (2018) recently demonstrated that a multi‐model

ensemble could also simulate the impact of heat shocks and extreme

drought on wheat yield.

Global warming will also affect weeds, pests, and diseases, which

are not considered in our analysis, but could significantly impact crop

production (Jones et al., 2017; Juroszek & von Tiedemann, 2013;

Stratonovitch, Storkey, & Semenov, 2012). Possible agricultural land

use changes were not considered here, which could increase produc-

tion (Nelson et al., 2014), but also accelerate further greenhouse gas

emissions (Porter, Howden, & Smith, 2017), adding to the uncer-

tainty of future impact projections.

Projections in this study were designed to be consistent with the

AgMIP Coordinated Global and Regional Assessments (CGRA) of 1.5

and 2.0°C warming and therefore add additional detail and context

to linked analysis of climate, crop, and economic implications for

agriculture across scales (Ruane, Antle, et al., 2018). Here, the mean

impact of 1.5 and 2.0°C warming above preindustrial on global

wheat production is projected to be small but positive. In addition,

the significant differences between estimated ensemble median

impacts from the two warming scenarios indicate a potential yield

benefit from higher global warming level. However, in our study, the

uneven distribution of impacts across regions, including projected

average yield reductions in locations with rapid population growth

(e.g., India), the increased probability of extreme low yields and a

higher inter‐annual yield variability, will be more challenging for food

security and markets in a 2.0°C world than in 1.5°C world, particu-

larly in hot growing locations.

ACKNOWLEDGEMENTS

We thank the Agricultural Model Intercomparison and Improvement

Project (AgMIP) for support. B.L., L.X., and Y.Z. were supported by

the National Science Foundation for Distinguished Young Scholars

(31725020), the National Natural Science Foundation of China

(31801260, 51711520319, and 31611130182), the Natural Science

Foundation of Jiangsu province (BK20180523), the 111 Project

(B16026), and the Priority Academic Program Development of

Jiangsu Higher Education Institutions (PAPD). S.A. and B.K. received

support from the International Food Policy Research Institute (IFPRI)

through the Global Futures and Strategic Foresight project, the

CGIAR Research Program on Climate Change, Agriculture and Food

Security (CCAFS), and the CGIAR Research Program on Wheat. P.M,

D.R., and D.W. acknowledge support from the FACCE JPI MACSUR

project (031A103B) through the metaprogram Adaptation of Agricul-

ture and Forests to Climate Change (AAFCC) of the French National

Institute for Agricultural Research (INRA). F.T. and Z.Z. were sup-

ported by the National Natural Science Foundation of China

(41571088, 41571493, 31761143006, and 31561143003). R.R.

acknowledges support from the German Federal Ministry for

Research and Education (BMBF) through project “Limpopo Living

Landscapes” project (SPACES program; grant number 01LL1304A).

Rothamsted Research receives grant‐aided support from the Biotech-

nology and Biological Sciences Research Council (BBSRC) Designing

Future Wheat project [BB/P016855/1]. L.X. and Y.G. acknowledge

support from the China Scholarship Council. M.B and R.F. were

funded by JPI FACCE MACSUR2 through the Italian Ministry for

Agricultural, Food and Forestry Policies and thank A. Soltani from

Gorgan Univ. of Agric. Sci. & Natur. Resour for his support. K.C.K.

and C.N. received support from the German Ministry for Research

and Education (BMBF) within the FACCE JPI MACSUR project. S.M.

and C.M. acknowledge financial support from the MACMIT project

(01LN1317A) funded through BMBF. G.J.O. acknowledges support

from the Victorian Department of Economic Development, Jobs,

Transport and Resources, the Australian Department of Agriculture

and Water Resources. P.K.A. was supported by the multiple donors

contributing to the CGIAR Research Program on Climate Change,

Agriculture and Food Security (CCAFS). B.B. received financial

LIU ET AL. | 1441



support from USDA NIFA‐Water Cap Award 2015‐68007‐23133.
F.E. acknowledges support from the FACCE JPI MACSUR project

through the German Federal Ministry of Food and Agriculture

(2815ERA01J) and from the German Science Foundation (project

EW 119/5‐1). J.R.P. acknowledges the support of the Labex Agro

(Agropolis no. 1501‐003). La. T.P. and F.T. received financial support

from the Academy of Finland through the project PLUMES (decision

nos. 277403 and 292836) and from Natural Resources Institute Fin-

land through the project ClimSmartAgri.

CONFLICT OF INTERESTS

The authors declare no competing interests.

ORCID

Katharina Waha https://orcid.org/0000-0002-8631-8639

Juraj Balkovič https://orcid.org/0000-0003-2955-4931

Bruno Basso https://orcid.org/0000-0003-2090-4616

Davide Cammarano https://orcid.org/0000-0003-0918-550X

Giacomo De Sanctis https://orcid.org/0000-0002-3527-8091

Curtis D. Jones https://orcid.org/0000-0002-4008-5964

Sara Minoli https://orcid.org/0000-0001-7920-3107

Fulu Tao https://orcid.org/0000-0001-8342-077X

Heidi Webber https://orcid.org/0000-0001-8301-5424

Yan Zhu https://orcid.org/0000-0002-1884-2404

Senthold Asseng https://orcid.org/0000-0002-7583-3811

REFERENCES

Amthor, J. S. (2001). Effects of atmospheric CO2 concentration on wheat

yield: Review of results from experiments using various approaches

to control CO2 concentration. Field Crops Research, 73, 1–34.
https://doi.org/10.1016/S0378-4290(01)00179-4

Asseng, S., Ewert, F., Martre, P., Rötter, R. P., Lobell, D. B., Cammarano,

D., … Zhu, Y. (2015). Rising temperatures reduce global wheat pro-

duction. Nature Climate Change, 5, 143–147.
Asseng, S., Ewert, F., Rosenzweig, C., Jones, J. W., Hatfield, J. L., Ruane,

A. C., … Wolf, J. (2013). Uncertainty in simulating wheat yields under

climate change. Nature Climate Change, 3, 827–832. https://doi.org/
10.1038/nclimate1916

Asseng, S., Martre, P., Maiorano, A., O’Leary, G. J., Fitzgerald, G. J., …
Ewert, F. (2018). Climate change impact and adaptation for wheat

protein. Global Change Biology, 25, 155–173.
Brisson, N., Gate, P., Gouache, D., Charmet, G., Oury, F. X., & Huard, F.

(2010). Why are wheat yields stagnating in Europe? A comprehensive

data analysis for France. Field Crops Research, 119, 201–212.
https://doi.org/10.1016/j.fcr.2010.07.012

Challinor, A., Martre, P., Asseng, S., Thornton, P., & Ewert, F. (2014).

Making the most of climate impacts ensembles. Nature Climate

Change, 4(4), 77–80. https://doi.org/10.1038/nclimate2117

Challinor, A. J., Watson, J., Lobell, D. B., Howden, S. M., Smith, D. R., &

Chhetri, N. (2014). A meta‐analysis of crop yield under climate

change and adaptation. Nature Climate Change, 4, 287–291. https://d
oi.org/10.1038/nclimate2153

Chenu, K., Porter, J. R., Martre, P., Basso, B., Chapman, S. C., Ewert, F.,

… Asseng, S. (2017). Contribution of crop models to adaptation in

wheat. Trends in Plant Science, 22, 472–490. https://doi.org/10.1016/
j.tplants.2017.02.003

Davidson, D. (2016). Gaps in agricultural climate adaptation research.

Nature Climate Change, 6, 433–435.
Deryng, D., Elliott, J., Folberth, C., Müller, C., Pugh, T. A. M., & Boote, K.

J., … Rosenzweig, C. (2016). Regional disparities in the beneficial

effects of rising CO2 concentrations on crop water productivity. Nat-

ure Climate Change, 6, 786–790.
Ewert, F., Rötter, R. P., Bindi, M., Webber, H., Trnka, M., Kersebaum, K.

C., … Asseng, S. (2015). Crop modelling for integrated assessment of

risk to food production from climate change. Environmental Modelling

and Software, 72, 287–303.
FAO (2014). Asian wheat producing countries‐Uzbekistan‐Central Zone.

Retrieved from http://www.fao.org/ag/agp/agpc/doc/field/Wheat/

asia/Uzbekistan/agroeco_central.htm

Faye, B., Webber, H., Naab, J., MacCarthy, D. S., Adam, M., Ewert, F., …,

Gaiser, T. (2018). Impacts of 1.5 versus 2.0°C on cereal yields in the

West African Sudan Savanna. Environmental Research Letters, 13,

034014.

Frank, S., Havlík, P., Soussana, J. F., Levesque, A., Valin, H., Wollenberg,

E., … Obersteiner, M. (2017). Reducing greenhouse gas emissions in

agriculture without compromising food security? Environmental

Research Letters, 12(10), 105004. https://doi.org/10.1088/1748-

9326/aa8c83

Fujimori, S., Hasegawa, T., Rogelj, J., Su, X., Havlik, P., Krey, V., … Riahi,

K. (2018). Inclusive climate change mitigation and food security policy

under 1.5 °C climate goal. Environmental Research Letters, 13,

074033. https://doi.org/10.1088/1748-9326/aad0f7

Gardner, G., Prugh, T., Renner, M., Gardner, G., Prugh, T., & Renner, M.

(2015). State of the World 2015: confronting hidden threats to sustain-

ability. Washington, DC: Island Press.

Gbegbelegbe, S., Cammarano, D., Asseng, S., Robertson, R., Chung, U.,

Adam, M., … Nelson, G. (2017). Baseline simulation for global wheat

production with CIMMYT mega‐environment specific cultivars. Field

Crops Research, 202, 122–135. https://doi.org/10.1016/j.fcr.2016.06.
010

Guarin, J., Bliznyuk, N., Martre, P., & Asseng, S. (2018). Testing a crop

model with extreme low yields from historical district records. Field

Crops Research. (In press).

Hoffmann, H., Zhao, G., van Bussel, L. G. J., Enders, A., Specka, X., Sosa,

C., … Ewert, F. (2015). Variability of aggregation effects of climate

data on regional yield simulation by crop models. Climate Research,

65, 53–69.
Iizumi, T., Furuya, J., Shen, Z., Kim, W., Okada, M., Fujimori, S., … Nishi-

mori, M. (2017). Responses of crop yield growth to global tempera-

ture and socioeconomic changes. Scientific Reports, 7(1), 7800.

https://doi.org/10.1038/s41598-017-08214-4

Jones, L. M., Koehler, A. K., Trnka, M., Balek, J., Challinor, A. J., Atkinson,

H. J., & Urwin, P. E. (2017). Climate change is predicted to alter the

current pest status of Globodera pallida and G. rostochiensis in the

United Kingdom. Global Change Biology, 23, 4497–4507.
Juroszek, P., & von Tiedemann, A. (2013). Climate change and potential

future risks through wheat diseases: A review. European Journal of Plant

Pathology, 136, 21–33. https://doi.org/10.1007/s10658-012-0144-9
Kalkuhl, M., von Braun, J., & Torero, M. (2016). Volatile and extreme

food prices, food security, and policy: An overview. InM. Kalkuhl, J.

vonBraun, & M. Torero (Eds.), Food price volatility and its implications

for food security and policy (pp. 3–31). Cham, Switzerland: Springer.

Kersebaum, K. C., & Nendel, C. (2014). Site‐specific impacts of climate

change on wheat production across regions of Germany using differ-

ent CO2 response functions. European Journal of Agronomy, 52, 22–
32. https://doi.org/10.1016/j.eja.2013.04.005

Kimball, B. A. (2016). Crop responses to elevated CO2 and interactions

with H2O, N, and temperature. Current Opinion in Plant Biology, 31,

36–43. https://doi.org/10.1016/j.pbi.2016.03.006

1442 | LIU ET AL.

https://orcid.org/0000-0002-8631-8639
https://orcid.org/0000-0002-8631-8639
https://orcid.org/0000-0002-8631-8639
https://orcid.org/0000-0003-2955-4931
https://orcid.org/0000-0003-2955-4931
https://orcid.org/0000-0003-2955-4931
https://orcid.org/0000-0003-2090-4616
https://orcid.org/0000-0003-2090-4616
https://orcid.org/0000-0003-2090-4616
https://orcid.org/0000-0003-0918-550X
https://orcid.org/0000-0003-0918-550X
https://orcid.org/0000-0003-0918-550X
https://orcid.org/0000-0002-3527-8091
https://orcid.org/0000-0002-3527-8091
https://orcid.org/0000-0002-3527-8091
https://orcid.org/0000-0002-4008-5964
https://orcid.org/0000-0002-4008-5964
https://orcid.org/0000-0002-4008-5964
https://orcid.org/0000-0001-7920-3107
https://orcid.org/0000-0001-7920-3107
https://orcid.org/0000-0001-7920-3107
https://orcid.org/0000-0001-8342-077X
https://orcid.org/0000-0001-8342-077X
https://orcid.org/0000-0001-8342-077X
https://orcid.org/0000-0001-8301-5424
https://orcid.org/0000-0001-8301-5424
https://orcid.org/0000-0001-8301-5424
https://orcid.org/0000-0002-1884-2404
https://orcid.org/0000-0002-1884-2404
https://orcid.org/0000-0002-1884-2404
https://orcid.org/0000-0002-7583-3811
https://orcid.org/0000-0002-7583-3811
https://orcid.org/0000-0002-7583-3811
https://doi.org/10.1016/S0378-4290(01)00179-4
https://doi.org/10.1038/nclimate1916
https://doi.org/10.1038/nclimate1916
https://doi.org/10.1016/j.fcr.2010.07.012
https://doi.org/10.1038/nclimate2117
https://doi.org/10.1038/nclimate2153
https://doi.org/10.1038/nclimate2153
https://doi.org/10.1016/j.tplants.2017.02.003
https://doi.org/10.1016/j.tplants.2017.02.003
http://www.fao.org/ag/agp/agpc/doc/field/Wheat/asia/Uzbekistan/agroeco_central.htm
http://www.fao.org/ag/agp/agpc/doc/field/Wheat/asia/Uzbekistan/agroeco_central.htm
https://doi.org/10.1088/1748-9326/aa8c83
https://doi.org/10.1088/1748-9326/aa8c83
https://doi.org/10.1088/1748-9326/aad0f7
https://doi.org/10.1016/j.fcr.2016.06.010
https://doi.org/10.1016/j.fcr.2016.06.010
https://doi.org/10.1038/s41598-017-08214-4
https://doi.org/10.1007/s10658-012-0144-9
https://doi.org/10.1016/j.eja.2013.04.005
https://doi.org/10.1016/j.pbi.2016.03.006


Kimball, B. A., Lamorte, R. L., Pinter, P. J., Wall, G. W., Hunsaker, D. J.,

Adamsen, F. J., … Brooks, T. J. (1999). Free‐air CO2 enrichment and

soil nitrogen effects on energy balance and evapotranspiration of

wheat [J]. Water Resources Research, 35(1), 1179–1190.
Lin, M., & Huybers, P. (2012). Reckoning wheat yield trends. Environmen-

tal Research Letters, 7, 024016. https://doi.org/10.1088/1748-9326/

7/2/024016

Liu, B., Asseng, S., Muller, C., Ewert, F., Elliott, J., & Lobell, D. B., … Zhu,

Y. (2016). Similar estimates of temperature impacts on global wheat

yield by three independent methods. Nature Climate Change, 6,

1130–1136.
Martre, P., Wallach, D., Asseng, S., Ewert, F., Jones, J. W., Rötter, R. P.,

… Wolf, J. (2015). Multimodel ensembles of wheat growth: Many

models are better than one. Global Change Biology, 21, 911–925.
https://doi.org/10.1111/gcb.12768

Mitchell, D., Achutarao, K., Allen, M., Bethke, I., Beyerle, U., Ciavarella,

A., … Zaaboul, R. (2017). Half a degree additional warming, prognosis

and projected impacts (HAPPI): Background and experimental design.

Geoscientific Model Development, 10, 571–583. https://doi.org/10.

5194/gmd-10-571-2017

Morice, C. P., Kennedy, J. J., Rayner, N. A., & Jones, P. D. (2012). Quanti-

fying uncertainties in global and regional temperature change using

an ensemble of observational estimates: The HadCRUT4 data set.

Journal of Geophysical Research Atmospheres, 117, 8101. https://doi.

org/10.1029/2011JD017187

Morton, J. F. (2007). The impact of climate change on smallholder and

subsistence agriculture. Proceedings of the National Academy of

Sciences of the United States of America, 104, 19680–19685. https://d
oi.org/10.1073/pnas.0701855104

Müller, C., Elliott, J., Chryssanthacopoulos, J., Deryng, D., Folberth, C.,

Pugh, T. A. M., & Schmid, E. (2015). Implications of climate mitigation

for future agricultural production. Environmental Research Letters, 10,

125004. https://doi.org/10.1088/1748-9326/10/12/125004

Nelson, G. C., Valin, H., Sands, R. D., Havlík, P., Ahammad, H., Deryng,

D., … Willenbockel, D. (2014). Climate change effects on agriculture:

Economic responses to biophysical shocks. Proceedings of the National

Academy of Sciences, 111, 3274–3279. https://doi.org/10.1073/pnas.
1222465110

O'Leary, G. J., Christy, B., Nuttall, J., Huth, N., Cammarano, D., Stöckle,

C., … Asseng, S. (2015). Response of wheat growth, grain yield and

water use to elevated CO2 under a free‐air CO2 enrichment (FACE)

experiment and modelling in a semi‐arid environment. Global Change

Biology, 21, 2670–2686.
Parkes, B., Defrance, D., Sultan, B., Ciais, P., & Wang, X. (2018). Projected

changes in crop yield mean and variability over West Africa in a

world 1.5 K warmer than the pre‐industrial. Earth System Dynamics

Discussions, 9(1), 119–134.
Pirttioja, N., Carter, T. R., Fronzek, S., Bindi, M., Hoffmann, H., Palosuo,

T., … Rötter, R. P. (2015). Temperature and precipitation effects on

wheat yield across a European transect: A crop model ensemble anal-

ysis using impact response surfaces. Climate Research, 65, 87–105.
https://doi.org/10.3354/cr01322

Porter, J. R., & Gawith, M. (1999). Temperatures and the growth and

development of wheat: A review. European Journal of Agronomy, 10,

23–36. https://doi.org/10.1016/S1161-0301(98)00047-1
Porter, J. R., Howden, M., & Smith, P. (2017). Considering agriculture in

IPCC assessments. Nature Climate Change, 7, 680–683.
Porter, J. R., Xie, L., Challinor, A. J., Cochrane, K., Howden, S. M., Iqbal, M.

M., … Travasso, M. I. (2014). Food security and food production sys-

tems. In V. R. Barros, C. B. Field, D. J. Dokken, M. D. Mastrandrea, K.

J. Mach, T. E. Bilir, … L. L. White (Eds.), Climate change 2014: Impacts,

adaptation, and vulnerability. Part A: Global and sectoral aspects. Contri-

bution of Working Group II to the Fifth Assessment Report of the Inter-

governmental Panel on Climate Change (pp. 485–533). Cambridge,

United Kingdom and New York, NY: Cambridge University Press.

Ray, D. K., Gerber, J. S., Macdonald, G. K., & West, P. C. (2015). Climate

variation explains a third of global crop yield variability. Nature Com-

munications, 6(5989), 5989. https://doi.org/10.1038/ncomms6989

Ray, D. K., Ramankutty, N., Mueller, N. D., West, P. C., & Foley, J. A.

(2012). Recent patterns of crop yield growth and stagnation. Nature

Communications, 3, 1293. https://doi.org/10.1038/ncomms2296

Rosenzweig, C., Elliott, J., Deryng, D., Ruane, A. C., Müller, C., Arneth, A.,

… Jones, J. W. (2014). Assessing agricultural risks of climate change

in the 21st century in a global gridded crop model intercomparison.

Proceedings of the National Academy of Sciences, 111, 3268–3273.
https://doi.org/10.1073/pnas.1222463110

Rosenzweig, C., Jones, J. W., Hatfield, J. L., Ruane, A. C., Boote, K. J.,

Thorburn, P., … Winter, J. M. (2013). The agricultural model inter-

comparison and improvement project (AgMIP): Protocols and pilot

studies. Agricultural and Forest Meteorology, 170, 166–182. https://d
oi.org/10.1016/j.agrformet.2012.09.011

Rosenzweig, C., Ruane, A. C., Antle, J., Elliott, J., Ashfaq, M., Chatta, A.

A., … Wiebe, K. (2018). Coordinating AgMIP data and models across

global and regional scales for 1.5°C and 2.0°C assessments. Philo-

sophical Transactions of the Royal Society A: Mathematical, Physical

and Engineering Sciences, 376(2119), 20160455. https://doi.org/10.

1098/rsta.2016.0455

Ruane, A. C., Antle, J., Elliott, J., Folberth, C., Hoogenboom, G., Mason‐
D’Croz, D., … Rosenzweig, C. (2018). Biophysical and economic

implications for agriculture of +1.5° and +2.0°C global warming using

AgMIP Coordinated Global and Regional Assessments. Climate

Research, 76(1), 17–39. https://doi.org/10.3354/cr01520
Ruane, A. C., Goldberg, R., & Chryssanthacopoulos, J. (2015). Climate

forcing datasets for agricultural modeling: Merged products for gap‐
filling and historical climate series estimation. Agricultural and Forest

Meteorology, 200, 233–248.
Ruane, A. C., Hudson, N. I., Asseng, S., Camarrano, D., Ewert, F., Martre,

P., … Wolf, J. (2016). Multi‐wheat‐model ensemble responses to

interannual climate variability. Environmental Modelling & Software, 81,

86–101. https://doi.org/10.1016/j.envsoft.2016.03.008
Ruane, A. C., Phillips, M. M., & Rosenzweig, C. (2018). Climate shifts for

major agricultural seasons in +1.5 and +2.0°C worlds: HAPPI projec-

tions and AgMIP modeling scenarios. Agricultural and Forest Meteorol-

ogy, 259, 329–344. https://doi.org/10.1016/j.agrformet.2018.05.013

Ruane, A. C., Winter, J. M., McDermid, S. P., & Hudson, N. I. (2015).

AgMIP climate data and scenarios for integrated assessment. In C.

Rosenzweig, & D. Hillel (Eds.), Handbook of climate change and agroe-

cosystems: The agricultural model intercomparison and improvement

project (AgMIP) (pp. 45–78). London, UK: Imperial College Press.

Ruiz‐Ramos, M., Ferrise, R., Rodríguez, A., Lorite, I. J., Bindi, M., Carter, T.

R., … Rötter, R. P. (2018). Adaptation response surfaces for managing

wheat under perturbed climate and CO2 in a Mediterranean environ-

ment. Agricultural Systems, 159, 260–274. https://doi.org/10.1016/j.a
gsy.2017.01.009

Schewe, J., Otto, C., & Frieler, K. (2017). The role of storage dynamics in

annual wheat prices. Environmental Research Letters, 12, 054005.

https://doi.org/10.1088/1748-9326/aa678e

Schleussner, C.‐F., Deryng, D., Müller, C., Elliott, J., Saeed, F., Folberth,

C., … Rogelj, J. (2018). Crop productivity changes in 1.5°C and 2°C

worlds under climate sensitivity uncertainty. Environmental Research

Letters, 13, 064007. https://doi.org/10.1088/1748-9326/aab63b

Seneviratne, S. I., Rogelj, J., Séférian, R., Wartenburger, R., Allen, M. R.,

Cain, M., … Warren, R. F. (2018). The many possible climates from

the Paris Agreement's aim of 1.5 °C warming. Nature, 558, 41–49.
https://doi.org/10.1038/s41586-018-0181-4

Shiferaw, B., Smale, M., Braun, H. J., Duveiller, E., Reynolds, M., & Muri-

cho, G. (2013). Crops that feed the world 10. Past successes and

future challenges to the role played by wheat in global food security.

Food Security, 5, 291–317. https://doi.org/10.1007/s12571-013-

0263-y

LIU ET AL. | 1443

https://doi.org/10.1088/1748-9326/7/2/024016
https://doi.org/10.1088/1748-9326/7/2/024016
https://doi.org/10.1111/gcb.12768
https://doi.org/10.5194/gmd-10-571-2017
https://doi.org/10.5194/gmd-10-571-2017
https://doi.org/10.1029/2011JD017187
https://doi.org/10.1029/2011JD017187
https://doi.org/10.1073/pnas.0701855104
https://doi.org/10.1073/pnas.0701855104
https://doi.org/10.1088/1748-9326/10/12/125004
https://doi.org/10.1073/pnas.1222465110
https://doi.org/10.1073/pnas.1222465110
https://doi.org/10.3354/cr01322
https://doi.org/10.1016/S1161-0301(98)00047-1
https://doi.org/10.1038/ncomms6989
https://doi.org/10.1038/ncomms2296
https://doi.org/10.1073/pnas.1222463110
https://doi.org/10.1016/j.agrformet.2012.09.011
https://doi.org/10.1016/j.agrformet.2012.09.011
https://doi.org/10.1098/rsta.2016.0455
https://doi.org/10.1098/rsta.2016.0455
https://doi.org/10.3354/cr01520
https://doi.org/10.1016/j.envsoft.2016.03.008
https://doi.org/10.1016/j.agrformet.2018.05.013
https://doi.org/10.1016/j.agsy.2017.01.009
https://doi.org/10.1016/j.agsy.2017.01.009
https://doi.org/10.1088/1748-9326/aa678e
https://doi.org/10.1088/1748-9326/aab63b
https://doi.org/10.1038/s41586-018-0181-4
https://doi.org/10.1007/s12571-013-0263-y
https://doi.org/10.1007/s12571-013-0263-y


Stratonovitch, P., Storkey, J., & Semenov, M. A. (2012). A process‐based
approach to modelling impacts of climate change on the damage

niche of an agricultural weed. Global Change Biology, 18, 2071–2080.
https://doi.org/10.1111/j.1365-2486.2012.02650.x

UNFCCC (2015). Draft decision CP 21. Retrieved from http://unfccc.int/

resource/docs/2015/cop21/eng/l09r01.pdf

van Bussel, L. G. J., Ewert, F., Zhao, G., Hoffmann, H., Enders, A., Wal-

lach, D., … Tao, F. (2016). Spatial sampling of weather data for regio-

nal crop yield simulations. Agricultural and Forest Meteorology, 220,

101–115. https://doi.org/10.1016/j.agrformet.2016.01.014

van Bussel, L. G. J., Grassini, P., VanWart, J., Wolf, J., Claessens, L., Yang,

H. … vanIttersum, M. K. (2015). From field to atlas: Upscaling of loca-

tion‐specific yield gap estimates. Field Crops Research, 177, 98–108.
van Meijl, H., Havlik, P., Lotze‐Campen, H., Stehfest, E., Witzke, P., Dom-

ínguez, I. P., … van Zeist, W.‐J. (2018). Comparing impacts of climate

change and mitigation on global agriculture by 2050. Environmental

Research Letters, 13, 064021. https://doi.org/10.1088/1748-9326/

aabdc4

Wallach, D., Martre, P., Liu, B., Asseng, S., Ewert, F., Thorburn, P. J., …
Zhang, Z. (2018). Multimodel ensembles improve predictions of crop–
environment–management interactions. Global Change Biology, 24,

5072–5083. https://doi.org/10.1111/gcb.14411
Wang, E., Martre, P., Zhao, Z., Ewert, F., Maiorano, A., Rötter, R. P., …

Asseng, S. (2017). The uncertainty of crop yield projections is

reduced by improved temperature response functions. Nature Plants,

3, 17102. https://doi.org/10.1038/nplants.2017.102

Wang, Z., Lin, L., Zhang, X., Zhang, H., Liu, L., & Xu, Y. (2017). Scenario

dependence of future changes in climate extremes under 1.5°C and

2°C global warming. Scientific Reports, 7, 46432.

Webber, H., White, J. W., Kimball, B. A., Ewert, F., Asseng, S., Eyshi

Rezaei, E., … Martre, P. (2018). Physical robustness of canopy tem-

perature models for crop heat stress simulation across environments

and production conditions. Field Crops Research, 216, 75–88.
https://doi.org/10.1016/j.fcr.2017.11.005

Welton, G. (2011). The impact of Russia's 2010 grain export Ban. Oxfam

Policy & Practice Agriculture, 11, 76–107(132).
Wheeler, T., & von Braun, J. (2013). Climate change impacts on global

food security. Science, 341, 508–513. https://doi.org/10.1126/scie

nce.1239402

Zhao, C., Liu, B., Piao, S., Wang, X., Lobell, D. B., Huang, Y., … Asseng, S.

(2017). Temperature increase reduces global yields of major crops in

four independent estimates. Proceedings of the National Academy of

Sciences of the United States of America, 114, 9326–9331. https://doi.
org/10.1073/pnas.1701762114

Zhao, G., Hoffmann, H., Yeluripati, J., Xenia, S., Nendel, C., & Coucheney,

E., … Ewert, F. (2016). Evaluating the precision of eight spatial sam-

pling schemes in estimating regional mean of simulated yields for

two crops. Environmental Modelling and Software, 80, 100–112.

SUPPORTING INFORMATION

Additional supporting information may be found online in the

Supporting Information section at the end of the article.

How to cite this article: Liu B, Martre P, Ewert F, et al.

Global wheat production with 1.5 and 2.0°C above pre‐
industrial warming. Glob Change Biol. 2019;25:1428–1444.
https://doi.org/10.1111/gcb.14542

1444 | LIU ET AL.

https://doi.org/10.1111/j.1365-2486.2012.02650.x
http://unfccc.int/resource/docs/2015/cop21/eng/l09r01.pdf
http://unfccc.int/resource/docs/2015/cop21/eng/l09r01.pdf
https://doi.org/10.1016/j.agrformet.2016.01.014
https://doi.org/10.1088/1748-9326/aabdc4
https://doi.org/10.1088/1748-9326/aabdc4
https://doi.org/10.1111/gcb.14411
https://doi.org/10.1038/nplants.2017.102
https://doi.org/10.1016/j.fcr.2017.11.005
https://doi.org/10.1126/science.1239402
https://doi.org/10.1126/science.1239402
https://doi.org/10.1073/pnas.1701762114
https://doi.org/10.1073/pnas.1701762114
https://doi.org/10.1111/gcb.14542

