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Abstract 18 

 A regional nuclear war between India and Pakistan could decrease global surface 19 

temperature by 1 to 2°C for 5 to 10 years, and have major impacts on precipitation and solar 20 

radiation reaching Earth’s surface.  Using a crop simulation model forced by three global climate 21 

model simulations, we investigate the impacts on agricultural production in China, the largest 22 

grain producer in the world.  In the first year after the regional nuclear war, a cooler, drier, and 23 

darker environment would reduce annual rice production by 30 Mt (29%), maize production by 24 

36 Mt (20%), and wheat production by 23 Mt (53%).  With different agriculture managements – 25 

no irrigation, auto irrigation, 200 kg/ha nitrogen fertilizer and 10 days delayed planting date, 26 

simulated national crop productions reduce 16-26% for rice, 9-20% for maize and 32-43% for 27 

wheat during five years after the nuclear war event.  This reduction of food availability would 28 

continue, with gradually decreasing amplitude, for more than a decade.  Assuming these impacts 29 

are indicative of those in other major grain producers, a nuclear war using much less than 1% of 30 

the current global arsenal could produce a global food crisis and put a billion people at risk of 31 

famine.  32 

 33 

Key Points 34 

1. Agriculture responses to climate changes of a regional nuclear war were simulated with a 35 

crop model. 36 

2. Chinese production of rice, maize and wheat fell significantly. 37 

3. These agriculture responses could cause Chinese, as well as global, food insecurity. 38 

 39 

Keywords: regional nuclear war, nuclear winter, agriculture impacts, China, DSSAT, agricultural 40 

modeling, famine 41 
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1. Introduction 42 

 The potential for nuclear war to cause global famine has been known for three decades, 43 

since the nuclear winter research of the 1980s [Turco et al., 1983; Harwell and Cropper, 1989].  44 

Smoke from fires ignited by nuclear weapons dropped on cities and industrial areas would block 45 

out the Sun, making it cold, dark, and dry at Earth’s surface.  This danger from a full-scale 46 

nuclear war between the United States and Russia remains with us to this day [Toon et al., 2008]. 47 

 Even a small-scale regional nuclear war, using much less than 1% of the global nuclear 48 

arsenal could produce climate change unprecedented in recorded human history [Robock et al., 49 

2007a], reducing food production in the Midwest United States [Özdoğan et al., 2013] and China 50 

[Xia and Robock, 2013].  Those results were based on only one climate model simulation 51 

[Robock et al., 2007a] of 5 Tg of soot injected into the upper troposphere over India and Pakistan 52 

[Toon et al., 2007], and applying the resulting changes in surface air temperature, precipitation, 53 

and insolation to crop models simulating soybean and maize production in the U.S. and rice 54 

production in China.  Now two more climate model simulations of the same scenario are 55 

available [Stenke et al., 2013; Mills et al., 2013].  The results from the new models bracket the 56 

original results, making the climate response in this scenario much more robust, and also 57 

providing a measure of the range of possible responses.  For China, the results are more variable 58 

than for global averages, as expected.  Because China is the world’s largest producer of grain, we 59 

have applied the climate change scenarios from of all three models to rice, maize, and wheat 60 

production in China, and found much larger reductions in food production, especially for wheat.  61 

Because China is the world’s largest producer of rice and wheat, and second (after the U.S.) in 62 

maize, and the food reduction lasts for a decade, these results suggest a food crisis not just for 63 

those living marginal existences, but for the entire world. 64 
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2.  Agricultural simulations for China 65 

 We used the Decision Support System for Agrotechnology Transfer (DSSAT) crop 66 

model version 4.5 [Jones et al., 2003] to simulate crop responses to climate changes of a regional 67 

nuclear war at 51 locations in China for ten years.  The model was previously evaluated for rice 68 

and maize in China [Xia and Robock, 2013; Xia et al., 2013].  The evaluation for wheat is shown 69 

in Figures 1 and 2.  While the model does not do as well for winter wheat as it does for spring 70 

wheat, rice, and maize, its performance is quite good.  We used a 30-year control run with 71 

weather observations of 1978-2007 to get control yields of rice, maize and wheat.  To create 72 

nuclear war weather input for DSSAT, monthly simulated climate anomalies from the National 73 

Aeronautics and Space Administration Goddard Institute for Space Studies (GISS) ModelE 74 

[Robock et al., 2007a], the Solar Climate Ozone Links (SOCOL) [Stenke et al., 2013], and the 75 

Community Earth System Model - Whole Atmosphere Community Climate Model 76 

(CESM1(WACCM)) [Mills et al., 2014] models were downscaled to daily anomalies to perturb 77 

30 years of daily observations [Xia et al., 2013].  We used the average of climate anomalies of 78 

three ensemble members for each climate model, since that method showed no significant 79 

difference in crop production compared with averaging crop production forced by individual 80 

ensemble members of nuclear war simulations (Supplemental Material, Figures 1 and 2), with 81 

the exception of maize, for which the productivity reduction is slightly larger when using 82 

individual ensemble forcing.  To exclude other influences, all default simulations used fixed 83 

fertilizer (150 kg/ha), fixed planting dates for each cultivar, constant CO2 concentration (380 84 

ppm), and no irrigation.  The dependence of the results on different agriculture management 85 

practices was also investigated. 86 

 Figure 3 shows monthly climate anomalies from the three climate models averaged over 87 

51 locations (Table 1) in China compared with climate model control run conditions.  The 88 
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different atmospheric dynamics in the three climate models produce different lifetimes of black 89 

carbon in the atmosphere and hence cause slightly different climate responses after the injection 90 

of 5 Tg black carbon.  However, a regional nuclear war between India and Pakistan results in 91 

cooler, drier, and darker conditions in China in all three climate models, but of different 92 

magnitudes than the global averages [Robock et al., 2007a; Stenke et al., 2013; Mills et al., 93 

2013].  Compared with the control, temperature drops immediately after the injection of black 94 

carbon on 1 May of year 0 in the GISS and SOCOL simulations and on 1 January of Year 0 in 95 

WACCM (Figure 3a).  The first winter after the nuclear conflict, GISS ModelE, WACCM and 96 

SOCOL showed temperature drops of 2.6 K, 4.0 K and 3.4 K, respectively, and this cooling 97 

effect continues in GISS ModelE and WACCM through the end of year 9, while in SOCOL, the 98 

temperature is back to the control run values by year 6.  Temperature reduction is much stronger 99 

in winter than summer (Figure 3a) because of a stronger Arctic Oscillation (AO) due to the larger 100 

stratospheric temperature gradient between the tropics and polar regions [Robock, 2000, Deser, 101 

2000], which would enhance the Siberian High and the winter monsoon in East Asia [Going et 102 

al., 2012].  Surface downwelling solar radiation under all sky conditions decreases immediately 103 

after the injection.  In GISS ModelE and WACCM, ten years are not long enough for solar 104 

radiation to recover back to the control level, but at year 5, SOCOL shows positive solar 105 

radiation anomalies already because of a shorter black carbon lifetime and local cloud responses 106 

(Figure 3c).  A cooler continental surface reduces the temperature gradient between land and 107 

ocean and therefore reduces summer monsoon precipitation in Asia [Robock et al., 2007a].  The 108 

three models produce different precipitation changes in China, although overall they agree on 109 

precipitation reduction during the first several years after a regional nuclear war (Figure 3b).  110 

GISS ModelE shows summer precipitation reductions of 0.9 mm/day and 0.6 mm/day in years 0 111 

and 1, respectively.  Also, spring and fall precipitation simulated by GISS ModelE with a 112 
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regional nuclear war have negative changes through all 10 years.  However, summer 113 

precipitation after year 1 simulated by GISS ModelE changes in the opposite direction with 114 

gradually positive anomalies from 0.01 mm/day (year 2) to 0.4 mm/day (year 8).  In particular, 115 

national weather anomalies weighted by maize production in 2008 show strong summer 116 

precipitation increases of 0.4-0.8 mm/day after year 1 (Supplemental Material, Figure 4).   In the 117 

WACCM simulation, precipitation shows a consistent reduction during 10 years with the largest 118 

anomaly of -0.8 mm/day in spring and summer of year 0 and anomalies gradually approaching 119 

zero at the end of 10 years (Figure 3b).  Precipitation changes simulated by SOCOL vary more 120 

strongly than the other two models with positive changes in years 2, 3, 4 and 8, 9. 121 

 Climate changes due to a regional nuclear war between India and Pakistan (or any other 122 

conflict that put 5 Tg soot into the sub-tropical upper troposphere) would affect agricultural 123 

activity in China.  The changes of year1 weather elements for the different provinces in China, 124 

averaged for all three models, are shown in Figures 4a-4c, and the agricultural responses (after 125 

the climate changes from each of the models are applied to the agricultural model separately for 126 

each crop, and the yield changes are averaged) are shown in Figures 4d-4f, and summarized in 127 

Table 2 and Figure 5.  The three major grains, rice, maize, and wheat, show lower yields at most 128 

locations in China.  Different regional climates lead to different responses of crop yield 129 

perturbed by the same injection event. 130 

 In general, rice yield in northern China is damaged significantly while in southern China 131 

the rice yield reduction is mild (Figure 4d).  Temperature reduction in southern China is not as 132 

strong as that in northern China (Figure 4a), which causes less yield reduction in southern China 133 

and even yield increase in certain locations.  However, since the natural variability of annual-134 

average rice production in China is 12%, all four provinces that show positive changes are within 135 

this natural variability.  Without changing the planting date (25 March) and without irrigation, 136 
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rice grown in most regions of China (20 provinces) would suffer in a colder and drier 137 

environment with a yield decline of 5% to 98%, and 15 out of 23 provinces show a reduction 138 

larger than 12%. 139 

 There are two types of maize in this study: summer maize, which is planted on 9 June in 140 

northern China and spring maize, which is planted on 19 April in central and southern China.  141 

Maize yield declines in most of the provinces in southern and northern China, while in central 142 

China, several provinces show a slight yield increase after a regional nuclear war (Figure 4e).  143 

This response is partially due to the combination of temperature reduction and summer 144 

precipitation increase in certain provinces forced by climate change in GISS ModelE.  Another 145 

reason for this positive change in Ningxia and Gansu (provinces 19 and 4 in Figure 4e) is that the 146 

control level of maize yield is low due to a relatively warm and dry environment, with no 147 

irrigation.  When temperature goes down after the regional nuclear war, maize yield in Ningxia 148 

and Gansu increases compared with the control run.  However, only three provinces (4, 19, and 149 

21) have an increase greater than the natural variability (12%), while other provinces (provinces 150 

1, 2, 6, 11, and 17) show decreases greater than 12%. 151 

 Wheat yield decreases in all 12 provinces studied.  Four northern provinces are planted 152 

with spring wheat on 25 March and the other eight provinces are planted with winter wheat on 153 

16 October (Figure 4f).  Although winter wheat needs a few weeks of cold before being able to 154 

flower, persistent snow cover would be disadvantageous.  In addition, if the fall temperature is 155 

too low, winter wheat cannot sprout before freezing occurs.  Therefore, even winter wheat – a 156 

cold crop – shows a large negative impact from a regional nuclear war.   157 

 Grain production was calculated by multiplying grain yield in each province by the grain 158 

planting area in 2008 (Table 1).  The control level of grain production is lower than the actual 159 

national grain production, since no irrigation is applied during the simulation and not all 160 
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provinces in China are simulated.  We ran 30 simulations for each nuclear war year, and compare 161 

the average rice production summed for the 25 provinces to the average and standard deviation 162 

of our control runs in Figure 5a.  In year 1, rice production is reduced by 30 Mt (29%), falling 163 

well outside the control 1 standard deviation variability.  Average rice production does not return 164 

to natural variability at the end of year 9.  Similar to rice production, the strongest maize 165 

reduction is in year 1 with a value of 36 Mt (20%) of the average of three climate models.  166 

However, since climate forcing such as summer precipitation from the three climate models is 167 

different at major maize production locations (Supplemental Material, Figure 4), simulated 168 

maize production using different climate anomalies varies quite a bit.  Maize simulations driven 169 

by climate anomalies of WACCM showed gradual recovery, but at the end of year 9, their maize 170 

production reduction is still 17% (Figure 5b).  Chinese maize production forced by GISS 171 

ModelE only shows 11% reduction in the first two years after the regional nuclear war, and then 172 

is back to the level of the control run.  This positive response of maize production forced by 173 

climate changes of GISS ModelE is mainly driven by its precipitation anomalies.  We have 174 

switched climate forcing between GISS ModelE and WACCM – one variable one time, and 175 

precipitation itself can explain 64% of the difference between maize production forced by GISS 176 

ModelE and WACCM (Supplemental Material, Figure 7).  Precipitation is also the controlling 177 

factor in maize simulation driven by the SOCOL climate anomalies.  The strong maize 178 

production reduction in years 5-7 (Figure 5b) is due to strong summer precipitation reductions in 179 

major maize production regions during those years (Supplemental Material, Figure 4).  During 180 

this period, simulations of spring wheat and winter wheat production driven by SOCOL climate 181 

anomalies show strong reductions as well (Figures 5c and 5d).   182 

Different temperature anomalies predicted by three climate models induce different 183 

winter wheat production responses (Figure 5c).  In SOCOL, the black carbon dispersion rate is 184 
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faster than for GISS ModelE and WACCM, and hence surface temperature reductions last for a 185 

shorter period of time.  Higher temperature (compared with GISS ModelE and WACCM) in fall 186 

insures that winter wheat can sprout before freezing, and the relative cold environment compared 187 

with the control condition benefits winter wheat before its flowering.  Therefore, winter wheat 188 

production using SOCOL climate forcing shows no significant decrease due to a regional nuclear 189 

war.  However, temperature reduction in the other two climate models continues through each of 190 

the first 9 years after the regional nuclear war, which causes winter wheat production to decline 191 

by 22.3 Mt (52%) and 29.4 Mt (69%) in year 1 for GISS ModelE and WACCM, respectively, 192 

and by 17.3 Mt (40%) and 20.8 Mt (49%) at the end of year 4.  Spring wheat has different 193 

production changes among climate models as well (Figure 5d).  Similar to maize, spring wheat 194 

dominated provinces show much weaker summer precipitation reduction in GISS ModelE 195 

compared with WACCM (Supplemental Material, Figure 6), which causes nearly no change in 196 

national spring wheat production when forced by GISS ModelE climate changes.  The sudden 197 

drop of spring wheat production forced by SOCOL in years 4-6 is due to the combination of 198 

stronger summer precipitation reduction and less temperature reduction, which will enhance the 199 

evaporation and therefore reduce the water available in the soil.  200 

Crop yield sensitivity to climate change is different under different agriculture practices.  201 

Therefore, we tested crop yield changes in response to a regional nuclear war under four 202 

different agricultural managements including the one we used above, which we call the default 203 

run (Table 2).  Also control runs under the four agriculture managements were examined.  In 204 

general, if auto irrigation is applied, the crop production shows less reduction compared with the 205 

default run (Figure 6) except for spring wheat, which indicates that for rice, maize and winter 206 

wheat, with auto irrigation a regional nuclear war has less impact on yields, but for spring wheat, 207 

auto irrigation makes the negative climate impact stronger.  Since we are comparing crop yield 208 
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under auto irrigation with the auto irrigated control run, the larger spring wheat reduction is 209 

because auto irrigation promotes spring wheat under the control run climate more than under the 210 

regional nuclear war climate.  Although with auto irrigation, most crops show less reduction, the 211 

natural variability is largely reduced as well (Supplemental Material, Figure 8).  Therefore, a 212 

regional nuclear war would cause significant crop production reduction in China during the first 213 

five years even with auto irrigation turned on (Table 2).  Increasing fertilizer also reduces 214 

regional nuclear war impact on crops, especially for rice (Figure 6 and Supplemental Material, 215 

Figure 9).  Additional 50 kg/ha nitrogen fertilizer would increase rice production by 17 Mt, 216 

which is 17% of the default control run.  Planting crops 10 days later than the default run make 217 

no difference (Figure 6 and S Figure 10).  Therefore, auto irrigation and more nitrogen fertilizer 218 

could help reducing the negative impacts on agriculture from a regional nuclear war, but even 219 

under these two agriculture practice scenarios, the crop production reductions are still significant 220 

during the first five years (Table 2). 221 

However, those results contain uncertainties.  Although there are three climate models 222 

that performed the same regional nuclear war experiment, more climate models are needed to 223 

better understand regional precipitation changes since the three climate models in this paper 224 

differ on regional precipitation changes, especially for the summer.  Also, the downscaling 225 

method could make a difference in an agriculture impact study.  Although our method is likely a 226 

good way to downscale temperature anomalies [Hawkins et al., 2013], creating precipitation 227 

input is more complicated and could produce differences, especially considering that 228 

precipitation is an important factor controlling the crop response in our study.   In addition, we 229 

only used one crop model in this study and crop models with different climate sensitivities would 230 

produce different crop yield responses even under the same climate forcing and the same 231 

agriculture management [Palosuo et al., 2011; Rötter et al., 2011; Asseng et al., 2013].  232 
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Therefore, to make a robust conclusion, it would be valuable to have more climate models and 233 

crop models repeat this study. 234 

3.  Famine in China 235 

 By using three different state-of-the-art climate models, all forced by the same scenario 236 

of 5 Tg of soot in the upper troposphere [Toon et al., 2007], we have produced a robust estimate 237 

of the impacts of a regional nuclear war on grain production in China (Table 2).  These estimates 238 

warn of famine in China as a result. 239 

 China has only 9% of the world’s cultivated land, but 22% of the world’s population.  240 

With such a large fraction of the population, Chinese food demand and China’s ability to meet it 241 

affect global food security [Brown, 1995; Brown and Halweil, 1998].  At present, the food 242 

supply seems secure in China because per capita grain production has been above 350 kg/capita 243 

for most years since 1980, which is close to the world average [Halweil, 2007].  At baseline, 244 

China is in a better position to withstand the effects of decreased food production than the poorer 245 

nations of the world.  Caloric intake has risen significantly with the dramatic economic 246 

expansion of the last three decades and the average Chinese now consumes about 3000 calories 247 

per day [Food and Agricultural Organization of the United Nations, 2009].  The Chinese diet has 248 

also become more diversified with some decline in the proportion of calories obtained from 249 

grains and a rise in the amount obtained from fruits, vegetables and meat products, although 250 

cereals still account for more than 40% of caloric intake [Cheng, 2009].  In addition, expressed 251 

as days of food consumption, China has significantly larger reserves of grain than the world as a 252 

whole.  In the summer of 2013, wheat reserves totaled nearly 167 days of consumption, and rice 253 

reserves were 119 days of consumption [Foreign Agricultural Service, 2013]. 254 

 Despite this relatively strong position, China would be hard pressed to deal with the very 255 

large reduction in wheat projected in the new study.  While rice (144 million tons per year) is the 256 
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most important grain in China in terms of direct human consumption, wheat (125 million tons) is 257 

a close second and accounts for more than 1/3 of grain consumption [Zhou et al., 2012], and 258 

China’s wheat consumption amounts to 19% of world production  [Foreign Agricultural Service, 259 

2013].  As a 2012 Australian government study noted, “Security of supply for these two cereals 260 

is of uttermost importance in China and therefore food security in China often refers to ‘grain 261 

security.’  Not surprisingly, China pays much attention to ensuring a high-level of self-262 

sufficiency in these two crops.” [Zhou et al., 2012] 263 

 A 38% shortfall in wheat production, coupled with a 15% decline in rice production for 264 

five years, would end China’s state of self-sufficiency.  Even the large reserves that China 265 

maintains would be exhausted within 2 years.  At that point China would be forced to attempt to 266 

make massive purchases on world grain markets driving prices up even more.  If, as expected, 267 

international hoarding made grain unavailable, China would have to dramatically curtail rice and 268 

wheat consumption.  269 

 The 15% decline in Chinese maize production for five years would further affect food 270 

security.  Maize is actually China’s largest grain crop, at 177 million tons in 2010 [Zhou et al., 271 

2012].  The vast majority is used, not for direct human consumption, but for animal feed.  The 272 

decline in maize production would primarily affect the 20% of caloric intake currently provided 273 

by meat and poultry. 274 

 Taken together, the declines in rice, maize, and wheat would lead to a decline of more 275 

than 10% in average caloric intake in China.  However, this is the average effect, and given the 276 

great economic inequality seen in China today the impact on the billion plus people in China 277 

who remain poor would probably be much greater.  There are still 158 million people (12% of 278 

the total) in China undernourished in 2010-2012 [Food and Agricultural Organization of the 279 

United Nations, 2012].  It is clear that this dramatic decrease in food supply would cause 280 
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profound economic and social instability in the largest country in the world, home to the world’s 281 

second largest economy, and a large nuclear arsenal of its own. 282 

4.  Global implications 283 

 The data on Chinese grain production are particularly disturbing because of the possible 284 

implications for global production.  Most of the world’s wheat is grown in countries at similar 285 

latitudes to China, and the impact of climate disruption on wheat after limited nuclear war has 286 

not been studied in any other country. 287 

 Although this study is based on one crop model and focused on one region, we would 288 

expect similar agriculture responses all over the world because of the global climate changes 289 

after a regional nuclear war [Robock et al., 2007b; Stenke et al., 2013; Mills et al., 2014].  The 290 

climate signal from the same nuclear conflict in this study would reduce maize and soybean yield 291 

in the United States as well [Özdoğan et al., 2013].  We have not modeled the impact on wheat 292 

production in the U.S., but there is no reason to believe that it would not be similar to that in 293 

China.  Therefore, even a regional nuclear war using less than 0.03% of the explosive yield of 294 

the current global nuclear arsenal would damage world agriculture production.  Rice, maize and 295 

wheat are the major cereal crops in the world.  With a large reduction of agriculture production 296 

after a regional nuclear war, countries would tend to hoard food, driving up prices on global 297 

grain markets.  As a result the accessible food, the food that people could actually afford to buy, 298 

would decline even more than the fall in production.  Hence there would be less food available 299 

on the market, with higher prices.  Considering that at present there are 805 million people 300 

undernourished (791 million living in developing countries) [FAO et al., 2014], which is 11% of 301 

the world population, those people will be under high risk of starvation.   302 

 A regional nuclear war could bring famine to developing countries and major disruptions 303 

to developed countries.  While the direct effects of the use of nuclear weapons, blast, fire, and 304 
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radiation, would be horrible, the indirect effects on food would affect far more people.  It is 305 

beyond the scope of this paper to analyze how global food markets and political systems would 306 

respond to this shock, but recent events, such as the Arab Spring, show that even small changes 307 

in global food supply can have large repercussions [Sternberg, 2012; Anonymous, 2012; Perez 308 

and Climatewire, 2013].  These results also imply that the current level of nuclear arsenals in the 309 

world threaten global catastrophic consequences if even a small portion of them is used [Robock 310 

et al., 2007b].  311 

 312 

 313 

 314 

Acknowledgments.  We thank Luke Oman for providing us with the GISS ModelE output. 315 

Christopher Hoyle, Eugene Rozanov, and Thomas Peter are kindly acknowledged for supporting 316 

the SOCOL model simulations.  The National Center for Atmospheric Research is supported by 317 

the National Science Foundation (NSF).  This work is partially supported by the Switzerland 318 

Federal Department of Foreign Affairs, NSF grants AGS-1157525 and GEO-1240507, and SNF 319 

grant 200021 138037/1.  All the data used in this paper are available upon request from the 320 

Corresponding Author. 321 

322 



15 

References 323 

Anonymous (2012), Let them eat baklava, Food and the Arab Spring, The 324 

Economist, http://www.economist.com/node/21550328 (Mar. 17, 2012). 325 

Asseng, S., et al. (2013), Uncertainty in simulating wheat yields under climate change, Nature 326 

Climate Change, 3, 827-832, doi:10.1038/nclimate1916. 327 

Brown, L. R. (1995), Who Will Feed China? W.W. Norton, New York. 328 

Brown, L. R. and B. Halweil (1998), China’s water shortage could shake world food security, 329 

World Watch, 11 (4), 10-18. 330 

Cheng, F. (2009), The nutrition transition and obesity in China, Chap. 9 of Case Studies in Food 331 

Policy for Developing Countries: Vol. 1, Policies for health, nutrition, food consumption, 332 

and poverty, P. Pinstrup-Andersen and F. Cheng (Eds.), 103-113. 333 

Deser, C. (2000), On the teleconnectivity of the “Arctic Oscillation,” Geophys. Res. Lett., 27 (6), 334 

779-782. 335 

Food and Agricultural Organization of the United Nations (2009), 

Food and Agricultural Organization of the United Nations (2012), Undernourishment around the 338 

world in 2012, The state of food insecurity in the world 339 

2012. 

http://faostat3.fao.org/ faostat-336 

gateway/go/to/download/FB/*/E. 337 

FAO, IFAD and WFP (2014), The State of Food Insecurity in the World 2014. Strengthening the 341 

enabling environment for food security and nutrition. Rome, FAO. 342 

http://www.fao.org/docrep/016/i3027e/i3027e02.pdf 340 

Foreign Agricultural Service, U.S. Dept. of Agriculture (2013), China: Grain supply and 343 

demand. http://www.fas.usda.gov/psdonline/psdreport.aspx?hidReportRetrievalName= 344 

BVS&hidReportRetrievalID=867&hidReportRetrievalTemplateID=13 345 

http://www.economist.com/node/21550328�
http://faostat3.fao.org/%20faostat-gateway/go/to/download/FB/*/E�
http://faostat3.fao.org/%20faostat-gateway/go/to/download/FB/*/E�
http://www.fao.org/docrep/016/i3027e/i3027e02.pdf�
http://www.fas.usda.gov/psdonline/psdreport.aspx?hidReportRetrievalName=%20BVS&hidReportRetrievalID=867&hidReportRetrievalTemplateID=13�
http://www.fas.usda.gov/psdonline/psdreport.aspx?hidReportRetrievalName=%20BVS&hidReportRetrievalID=867&hidReportRetrievalTemplateID=13�


16 

Gong, D. Y., S. W. Wang, and J. H. Zhu (2012), East Asian winter monsoon and Arctic 346 

Oscillation, Geophys. Res. Lett., 28 (10), 2073-2076. 347 

Harwell, M. A., and W. P. Jr. Cropper (Eds.) (1989), Potential effects of nuclear war on 348 

agricultural productivity. Chapter 4, Environmental Consequences of Nuclear War, SCOPE 349 

28, Volume II Ecological and Agricultural Effects, 2nd Edition, John Wiley & Sons. 350 

Hawkins, E., T. M. Osborne, C. K. Ho, and A. J. Challinor (2013), Calibration and bias 351 

correction of climate projections for crop modeling: An idealised case study over Europe, Ag. 352 

Forest Meteorol., 170, 19-31, doi:10.1016/j.agrformet.2012.04.007.  353 

Jones, J. W., et al. (2003), The DSSAT cropping system model, Eur. J. Agron., 18 (3-4), 235-354 

265, doi:10.1016/S1161-0301(02)00107-7. 355 

Mills, M., O. B. Toon, J. Taylor, and A. Robock (2014), Multi-decadal global cooling and 356 

unprecedented ozone loss following a regional nuclear conflict, Earth’s Future, 2(4), 161-357 

176, doi:10.1002/2013EF000205. 358 

Ministry of Agriculture of the People’s Republic of China (2009), 60 Years of Agriculture of the 359 

People’s Republic of China. China Agriculture Press, Beijing, China. 360 

Özdoğan, M., A. Robock, and C. Kucharik (2013), Impacts of a nuclear war in South Asia on 361 

soybean and maize production in the Midwest United States, Climatic Change, 116, 373-387, 362 

doi:10.1007/s10584-012-0518-1. 363 

Perez, I., and Climatewire (2013), Climate change and rising food prices heightened Arab 364 

Spring. Sci. American, https://www.scientificamerican.com/article.cfm?id=climate-change-365 

and-rising-food-prices-heightened-arab-spring. 366 

Palosuo, T., et al. (2011), Simulation of winter wheat yield and its variability in different 367 

climates of Europe: A comparison of eight crop growth models, Eur. J. Agron., 35(3), 103-368 

114, doi:10.1016/j/eja.2011.05.001. 369 

https://www.scientificamerican.com/article.cfm?id=climate-change-and-rising-food-prices-heightened-arab-spring�
https://www.scientificamerican.com/article.cfm?id=climate-change-and-rising-food-prices-heightened-arab-spring�


17 

Robock, A., et al. (2007a), Climatic consequences of regional nuclear conflicts, Atm. Chem. Phys. 370 

7, 2003-2012. 371 

Robock, A., O. B. Toon, P. T. Richard, L. Oman, G. L. Stenchikov and C. Bardeen (2007b), The 372 

continuing environmental threat of nuclear weapons: Integrated policy responses needed.  373 

Eos, 88, 228-231, doi:10.1029/2007ES001816. 374 

Rötter R. P., T. R. Carter, J. E. Olesen, and J. R. Porter (2011), Crop-climate models need an 375 

overhaul, Nature Clim. Change, 1(4), 175-177, doi:10.1038/nclimate1152.  376 

Stenke, A., et al. (2013), Climate and chemistry effects of a regional scale nuclear conflict, 377 

Atmos. Chem. Phys., 13, 9713-9729, doi:10.5194/acp-13-9713-2013. 378 

Sternberg, T. (2012), Chinese drought, bread and the Arab Spring, Applied Geography, 34, 519-379 

524. 380 

Toon, O. B., A. Robock and R. P. Turco (2008), Environmental consequences of nuclear war, 381 

Physics Today, 61, No. 12, 37-42.  382 

Toon, O. B., et al. (2007), Atmospheric effects and societal consequences of regional scale 383 

nuclear conflicts and acts of individual nuclear terrorism.  Atm. Chem. Phys., 7, 1973-2002. 384 

Turco, R. P., O. B. Toon, T. P. Ackerman, J. B. Pollack, and C. Sagan (1983), Nuclear winter: 385 

Global consequences of multiple nuclear explosions, Science, 222 (4630), 1283-1292, 386 

doi:10.1126/science.222.4630.1283.  387 

Xia, L., et al. (2013), Solar radiation management impacts on agriculture in China: A case study 388 

in the Geoengineering Model Intercomparison Project (GeoMIP).  J. Geophys. Res. Atmos., 389 

119, 8695-8711, doi:10.1002/2013JD020630. 390 

Xia, L., and A. Robock (2013), Impacts of a nuclear war in South Asia on rice production in 391 

mainland China. Climatic Change, 116, 357-372, doi:10.1007/s10584-012-0475-8. 392 



18 

Zhou Z., W. Tian, J. Wang, H. Liu, and L. Cao (2012), Food Consumption Trends in China, 393 

Australian Government Department of Agriculture, Fisheries and 394 

Forestry, http://www.daff.gov.au/__data/assets/pdf_file/0006/2259123/food-consumption-395 

trends-in-china-v2.pdf

397 

. 396 

http://www.daff.gov.au/__data/assets/pdf_file/0006/2259123/food-consumption-trends-in-china-v2.pdf�
http://www.daff.gov.au/__data/assets/pdf_file/0006/2259123/food-consumption-trends-in-china-v2.pdf�


19 

Table 1.  Province locations and agricultural data used in DSSAT simulations.  Numbers refer to 398 

province locations in Figure 2.  SW is spring wheat and WW is winter wheat.  Latitudes, 399 

longitudes, and elevations are for weather stations used to force the model for the different crops 400 

for the evaluation.  Climate model output was also extracted from these locations for the 401 

simulations.  Crop area and production data are for 2008 [Ministry of Agriculture of the People’s 402 

Republic of China, 2009]. 403 

 404 
No. Province Crop Latitude 

(°N) 
Longitude 

(°E) 
Altitude 

(m) 
Area 
(kha) 

Production 
(kt) 

1 Anhui Rice 31.9 117.2 28 1700 11024 
Maize 31.9 117.2 28 705 2866 
WW 30.5 117.1 20 2347 11679 

2 Beijing Rice 39.8 116.5 31 0.4 3 
Maize 39.8 116.5 31 146 880 

3 Fujian Rice 26.7 118.2 126 2670 437 
Maize 24.5 118.1 139 136 37 

4 Gansu Rice 40.3 97.0 1526 6 38 
Maize 40.3 97.0 1526 557 2654 

SW 40.0 94.7 1139 290 1136 
5 Guangdong Rice 24.7 113.6 61 933 4750 

Maize 22.8 115.4 17 144 635 
6 Guangxi Rice 22.0 108.6 15 151 877 

Maize 25.3 110.3 164 490 2072 
7 Guizhou Rice 26.6 106.7 1224 686 4576 

Maize 27.3 105.3 1511 735 3912 
8 Hainan Rice 20.0 110.3 64 129 650 

Maize 19.1 108.6 8 17 70 
9 Hebei Rice 40.4 115.5 54 82 556 

Maize 39.4 118.9 11 2841 14422 
WW 38.0 114.4 81 2413 12205 

10 Heilongjiang Rice 44.6 129.6 241 2391 15180 
Maize 48.1 125.9 235 3594 18220 

SW 47.4 127.0 239 239 895 
11 Henan Rice 36.1 114.4 76 605 4431 

Maize 36.1 114.4 76 2820 16150 
WW 34.7 113.7 110 5260 30510 

12 Hubei Rice 30.3 109.5 457 1228 10892 
Maize 30.3 109.5 457 470 2264 
WW 30.3 109.5 457 1001 3292 

13 Hunan Rice 26.2 111.6 173 1255 8831 
Maize 27.5 110.0 272 241 1280 
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14 Jiangsu Rice 34.3 117.2 41 2228 17688 
Maize 34.9 119.1 3 399 2030 
WW 34.3 117.2 41 2073 9982 

15 Jiangxi Rice 27.1 114.9 71 401 2680 
Maize 28.6 115.9 47 16 66 

16 Jilin Rice 45.1 124.9 136 659 5790 
Maize 43.9 125.2 236 2923 20830 

SW 43.9 125.2 236 6 18 
17 Liaoning Rice 42.4 122.5 79 659 5056 

Maize 41.5 120.5 170 1885 11890 
SW 42.4 122.5 79 10 49 

18 Neimenggu Rice 43.6 118.1 799 98 705 
Maize 40.2 104.8 1324 2340 14107 

SW 50.5 121.7 733 452 1540 
19 Ningxia Rice 38.5 106.2 1111 80 664 

Maize 38.5 106.2 1111 209 1499 
SW 37.8 107.4 1348 131 510 

20 Shandong Rice 37.5 117.5 12 131 1104 
Maize 37.5 117.5 12 2874 18874 
WW 36.6 109.5 96 3525 20341 

21 Shaanxi Rice 33.1 107.0 510 125 831 
Maize 37.4 122.7 48 1157 4836 
WW 33.1 107.0 510 1140 3915 

22 Sichuan Rice 32.1 108.0 674 2662 20254 
Maize 28.8 104.6 341 1729 8830 
WW 32.1 108.0 674 1507 4830 

23 Tianjin Rice 39.1 117.1 13 15 105 
Maize 39.1 117.1 13 160 843 

24 Yunnan Rice 25.1 101.3 1301 947 5775 
Maize 25.1 101.3 1301 1326 5296 

25 Zhejiang Rice 29.0 118.9 82 691 5099 
Maize 30.2 120.2 42 26 111 

 405 
406 
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Table 2.  Change of grain production during the decade after a regional nuclear war.  Mean 407 

changes with forcing by the three climate models.  These are means of the results shown in detail 408 

in Figure 5. 409 

 First 5 years (%) Second 5 years (%) 

Default1 AI2 F2003 P104 Default1 AI2 F2003 P104 

China maize -15% -9% -15% -20% -12% -4% -12% -15% 
China middle season rice -26% -16% -20% -26% -21% -10% -16% -21% 
China spring wheat -26% -36% -25% -26% -20% -28% -17% -18% 
China winter wheat -38% -32% -38% -44% -23% -14% -22% -24% 

 410 

1Crop simulations with no irrigation, 150 kg/ha nitrogen fertilizer applied at planting date, 411 

planting date fixed for each cultivar 412 

2Crop simulations with auto irrigation turned on, 150 kg/ha nitrogen fertilizer applied at planting 413 

date, planting date fixed for each cultivar 414 

3Crop simulations with no irrigation, 200 kg/ha nitrogen fertilizer applied at planting date, 415 

planting date fixed for each cultivar 416 

4Crop simulations with no irrigation, 150 kg/ha nitrogen fertilizer applied at planting date, 417 

planting date is 10 days later than in the default runs 418 

  419 
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 420 
 421 

Figure 1.  (a) Comparison of DSSAT simulated winter wheat yield (kg/ha) and observations for 422 

the eight provinces.  R2 is the coefficient of determination.  Also shown are time series of 423 

simulated winter wheat yield and observations for the top three winter wheat production 424 

provinces: (b) Henan, (c) Hebei, and (d) Shandong (1979-2007). 425 

  426 
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 427 
 428 

Figure 2.  (a) Comparison of DSSAT simulated spring wheat yield (kg/ha) and observations for 429 

the four provinces.  R2 is the coefficient of determination.  Also shown are time series of 430 

simulated spring wheat yield and observations for the top three spring wheat production 431 

provinces: (b) Heilongjiang, (c) Neimenggu, and (d) Gansu (1979-2007). 432 

433 
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 434 

Figure 3.  Monthly climate anomalies for (a) temperature, (b) precipitation, and (c) surface 435 

downwelling solar radiation, calculated as the simulated climate after a regional nuclear war 436 

minus the control run.  All lines are the average of all 51 locations in China (Table 1).  The 437 

regional nuclear war occurred in year 0, 1 May in GISS ModelE and SOCOL, and 1 January in 438 

WACCM.  439 
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Figure 4.  Left panel: maps of climate anomalies between simulated climate after a regional 443 

nuclear war and the climate control runs (year 1) (a) temperature (b) precipitation and (c) surface 444 

downwelling solar radiation under all sky conditions.  Blue indicates negative change, and pink 445 

indicates positive change.  Right panel: maps of crop yield changes (%) for year 1 after a 446 

regional nuclear war (d) rice, (e) maize and (f) wheat.  The average of the response of the 447 

DSSAT model to anomalies from all three climate models is shown.  Brown indicates negative 448 

change, and green indicates positive change.  See Table 1 for the list of provinces corresponding 449 

to the numbers.  In (e), red numbers indicate summer maize and black numbers are spring maize.  450 

In (f), provinces with red numbers are planted with spring wheat, and provinces with black 451 

numbers are planted with winter wheat. 452 

  453 
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 454 
 455 
Figure 5.  Chinese production (Mt) and percentage changes of the major grains: (a) rice, (b) 456 

maize, (c) winter wheat and (d) spring wheat.  The error bars are one standard deviation of grain 457 

production simulated from climate forcing of three climate models including 30 climate 458 

conditions for each year.  The gray area shows one standard deviation from the 30-year control 459 

run, illustrating the effect of interannual weather variations  The scale for production changes 460 

(right side of each panel) is different for wheat (panels (c) and (d)) than for rice (a) and maize 461 

(b). 462 

463 
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 464 

Figure 6.  Percentage changes of the major Chinese grains: (a) rice, (b) maize, (c) winter wheat 465 

and (d) spring wheat under different agriculture management practices.  Each line is the average 466 

of three crop simulations forced by three climate models.  The error bars are one standard 467 

deviation of grain production changes driven by climate forcing of three climate models 468 

including 30 climate conditions for each year.  The gray area shows the average of one standard 469 

deviation from the 4 control runs with different agriculture managements, illustrating the effect 470 

of interannual weather variations.  The scale for production changes is different for wheat 471 

(panels (c) and (d)) than for rice (a) and maize (b). 472 


