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Weather index insurance will offset heat-induced rice loss under global 

warming 

 

Abstract Global warming threatens food security through causing increasing and severe yield 

losses from heat extremes, especially for smallholder rice-cropping farmers in Asia. Weather index 

insurance (WII) could transfer weather-related risks, secure farms’ income, and recover 

agricultural systems. Under future warming scenarios, however, the related studies are still scarce. 

Here, compared with the historical period (1961-2010), heat-induced loss will approximately 

increase by up to 5%, 18%, and 26% at 2100 under three shared socioeconomic pathways of 

CMIP6, respectively. As an ex-ante strategy, county-specific WII will improve farmers’ income 

by up to 13% and stabilize it by up to 36%, even though the pure premium rate of WII will increase 

by 10% at 2050 and by 30% at 2100. For the first time, our study proves WII is one effective 

adaptation strategy for the most susceptible farmers under global warming and has the potential to 

be applied for other crops and countries. 

 

Introduction 

Global warming demonstrates increasingly frequent and severe threats to agricultural systems. A 

number of studies have assessed the impacts of temperature trends and heat extremes on crop yield 

in a warming world1-7. Specifically, heat extremes consistently commits huge yield losses5,7, while 

the temperature trends show relatively moderate or even positive impacts in some areas1,4,8. Thus, 

how to adapt heat extremes in the future is of the most crucial concern to many governments in 

terms of ensuring national food security under global warming. As one of the most important stable 

crops in the world, rice is highly sensible to extreme heat. Previous experiments have shown that 
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extreme high temperatures during the reproductive period, even for just a few hours, can lead to 

spikelet sterility in rice9. Given that main rice-producing regions are located in the east and 

southeast Asia, a region dominated by the poor smallholder farmers, farmers are particularly 

susceptible to heat extremes because of their high dependence on agriculture, low productivity, 

poor infrastructure, and worsening global warming10,11. Therefore, effective adaptation strategies 

to mitigate adverse effects of heat extremes on rice production are urgently needed in the east and 

southeast Asia. 

Technological adaptations, such as selecting hazard-tolerant crop varieties, changing sowing 

dates, and upgrading irrigation systems, have been confirmed that can reduce crop damages from 

climate change12-14. However, the economic adaptations have rarely been touched for the future 

warming, for example, crop insurance. Crop insurance has been widely accepted as one of the most 

importantly economic adaptations for agricultural systems15,16. Particularly, weather index 

insurance (WII) has dominated its greater appeals than traditional indemnity-based insurance in 

terms of compensating weather-specific loss for the last decades17,18. WII pays indemnities based 

on an objective weather index that is highly correlated with actual losses, which can avoid farm-

level loss assessments and proceed indemnities timely and economically17-19. More importantly, 

WII is one sustainable risk-transfer tool because its direct and immediately financial payments can 

in turn promote other technological adaptations to sustain agricultural systems15,20. But, our 

knowledge on its efficiency in the warming future is still very limited. Considering that the current 

WII markets are generally underdeveloped and could offer tremendous potential for smallholder 

farmers in developing countries, filling the gap of WII’s effectiveness will facilitate the research 

of economic adaptations to global warming, and furtherly broaden national governments’ 

navigations to ensure food security. 
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Using three shared socioeconomic pathways (SSP) in Phase 6 of the Coupled Model 

Intercomparison Project (CMIP6), we focus on future heat extremes in the largest smallholder rice-

cropping country in Asia, China (Fig. SI-1). By applying crop model and machine learning, we try 

to answer the following questions: (1) what features of rice responses to heat stress (called as heat 

vulnerability21); (2) how much heat-induced yield loss (YHloss) and economic loss in the future; 

and (3) how about efficiency after implementing WII in future.   

 

Results  

The heat vulnerability of rice in China. Our analysis reveals that nonlinear relationship between 

the YHloss  and heat extremes (calculated as the heating growing degree days, HGDD; see the 

Methods) is consistently positive in all rice-cropping zones (Fig. 1), but varies by locations. For 

single rice (Fig. 1a-e) and late rice (Fig. 1k-o), the slope of the trend line decreases from north to 

south, suggesting that the heat vulnerability became less sensitive in lower-latitude areas. Notably, 

the minimum slopes are found in Yunnan for single rice (Fig. 1e) and in Nanling and Huanan for 

late rice (Fig. 1n and 1o). For early rice (Fig. 1f-j), the infection point of the trend line moves from 

north to south, with the standardized HGDD around 0.8 in Yanjiang and Lianghu (Fig. 1f and 1g) 

and around 0.6 in Zhemin, Nanling, and Huanan (Fig. 1h-j). The heat vulnerabilities reveal 

spatially specific response process of rice to heat extremes, which highlights the importance of 

discrete loss estimation for each cropping zone based on its explicit vulnerability.



4 

 

 

Fig. 1 The heat vulnerability of rice at different rice-cropping zones for (a-e) Single Rice, (f-j) Early Rice, 

and (k-o) Late Rice. The heat extremes are calculated as HGDD at x axis and is standardized by the min-max 

normalization. The YHloss percentage at y axis is YHloss divided by the no-stress yield (the potentially maximum 

yield, see details in the Methods).
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Future heat-induced yield and economic losses. Future YHloss is determined by heat vulnerability 

and its intensity (Fig. SI-2). We find that the YHloss varies significantly by rice zones under different 

warming scenarios (Fig. 2). Notably, YHloss decreases from north to south under all future scenarios 

for single and late rice (Fig. 2a-e and Fig. 2k-o), but not for early rice (Fig. 2f-j). For single rice, 

the YHloss could be up to 10.1% ± 7.8% (average ± standard deviation) in near future (2021-2050) 

and 30.1% ± 15.6% in mid-far future (2051-2100) in Lower Yangtze (Fig. 2b), with the minimums 

respectively of 1.7% ± 1.6% and 1.7% ± 1.9% in Yunnan (Fig. 2e). Similarly, YHloss of late rice 

will reach up to 9.3% ± 6% in near future and 27.5% ± 14.7% in mid-far future in Yanjiang (Fig. 

2k), with the minimum of 2.9% ± 2.5% in both near and mid-far future in Nanling (Fig. 2n). As 

for early rice, YHloss  will be as high as 9.8% ± 8.5% in near future and 26.6% ± 19.4% in mid-far 

future in the southernmost zone (Huanan, Fig. 2j), while the minimum is 2.4%± 2.1% in both near 

and mid-far future in Zhemin (Fig. 2h). Moreover, the maximum YHloss is consistently under shared 

socioeconomic pathway 5-8.5 (SSP5-8.5), while the minimums under SSP1-2.6. 

In comparison to the historical period (1961-2010), YHloss will change slightly in near future 

but increase dramatically in mid-far future. In near future, the maximum increase of YHloss is in 

Lower Yangtze for single rice (by 3.8%, 5.3%, and 5.6% SSP5-8.5, SSP3-7.0, and SSP1-2.6, 

respectively; Fig. 2b), in Huanan for early rice (by 2.5%, 3.9%, and 4.8%; Fig. 2j), and in Lianghu 

for late rice (by 3.8%, 4.8%, and 5.3%; Fig. 2I). In mid-far future, such maximum increase is in 

Lower Yangtze for single rice (5.3%, 17.5%, and 25.6%; Fig. 2b), in Lianghu for early rice (by 

1.9%, 14.3%, and 23.1%; Fig. 2g), and in Yanjiang for late rice (by 4.9%, 16.4%, and 24.3%; Fig. 

2k). Overall, the difference between two future periods in terms of YHloss is up to 20%. Overall, 

the projected losses highlight the importance of spatially- and temporally-specific adaptations to 

mitigate negative impacts of heat extremes. 
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Fig. 2 The estimation of YHloss during history period (1961-2010), near future (2021-2050), and mid-far 

future (2051-2100) at different rice-cropping zones for (a-e) Single Rice, (f-j) Early Rice, and (k-o) Late 

Rice. Green lines indicate the average of YHloss in the history period. Box plots include the average (horizontal 

line in box), interquartile range (IQR, edge of box), whiskers to the extent of 1.5IQR, and outliers. 
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Fig. 3 Total heat-induced economic loss during 2021-2100 at the county scale for rice in China: (a-b) SSP1-

2.6, (c-d) SSP3-7.0, and (e-f) SSP5-8.5. M: million; B: billion. Bar graphs reflect the percentage of counties 

with different-level economic losses. Pie graphs shows the percentage of economic loss for single rice, early rice, 

and late rice. 
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Assuming a constant rice price and cropping area from 2010 onward, we map the total 

economic losses from heat extremes during the period 2021-2100 at the county scale (Fig. 3). The 

economic losses range from thousands to billions RMB and show identically geographical 

characteristics under different SSP scenarios. The total economic loss of rice due to heat extremes 

is 1536 billion RMB, 569 billion RMB, and 966 billion RMB under SSP1-2.6 for single rice, early 

rice, and late rice, respectively (Fig. 3a and b); then increases to 3161 billion RMB, 1794 billion 

RMB, and 2357 billion RMB under SSP3-7.0 (Fig. 3c and d); finally reaches at 4358 billion RMB, 

2613 billion RMB, and 3300 billion RMB under SSP5-8.5 (Fig. 3e and f). Hence, the single rice 

will experience the greatest economic loss, even though its percentage decreases from 50.1% via 

43.3% to 42.5% (Fig. 3) as future SSP became warming. Moreover, the economic loss of early 

rice is lower than that of late rice under all warming scenarios, even though its percentage increases 

from 18.5% via 24.6% to 25.5% (Fig. 3) as future SSP became warming.  

The economic losses show a similar spatial pattern under all warming scenarios, whereby 

counties suffering high economic loss (>1billion RMB) are mainly located in Chuanyu and Lower 

Yangtze for single rice, in Yanjiang, Lianghu, and Huanan for early rice and late rice (Fig. 3). 

Actually, the percentage of such counties increases from 34.8% via 62.6% to 71.3% as future SSP 

became warming. Conversely, Yunnan experiences the smallest economic loss under all warming 

scenarios, with economic losses < 1billion RMB in most counties.  
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The WII pure premium rate (PPR) and efficiency.  

Fig. 4 The PPR at zonal scale for (a) Single Rice, (b) Early Rice, and (c) Late Rice. The zonal PPR is the 

average PPR of all counties within one rice-cropping zone  
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Table 1 Future insurance efficiency measured by (a) CTE and (b) MRSL 

(The rice-cropping zones were sequenced as latitude decreasing) 

 

(a) CTE Difference (%) 

Near future 

(2021-2050) 

Mid-far future 

(2051-2100) 
   

SSP1-2.6 SSP3-7.0 SSP5-8.5 SSP1-2.6 SSP3-7.0 SSP5-8.5    

Single 

Rice 

Upper Yangtze 0.70  0.92  0.80  0.01  3.73  7.28     

Lower Yangtze 2.22  3.82  3.83  0.65  7.28  13.46    30% 

Chuanyu 1.99  2.09  2.54  0.14  5.27  10.64     

Guizhou 0.02  0.31  0.20  0.06  2.66  4.94     

Yunnan 0.02  0.04  0.04  0.00  0.28  0.56     

           

Early  

Rice 

Yanjiang 0.65  1.21  1.50  -0.14  4.74  9.09    20% 

Lianghu 1.24  1.88  2.10  -0.46  6.79  13.33     

Zhemin 0.12  0.29  0.20  -0.06  2.04  4.12     

Nanling 0.33  1.03  0.85  0.00  5.10  10.62     

Huanan 1.32  2.87  3.13  0.37  7.39  13.00     

          10% 

Late  

Rice 

Yanjiang 2.48  3.13  4.13  0.57  7.77  13.17     

Lianghu 1.64  1.85  2.23  0.11  6.87  10.87     

Zhemin 0.67  0.92  1.13  0.06  4.62  6.73     

Nanling 0.92  1.36  1.41  0.02  5.13  8.20     

Huanan 0.61  1.17  1.21  0.04  4.11  6.71    0% 
           

(b) MRSL Difference (%) 

Near future 

(2021-2050) 

Mid-far future 

(2051-2100) 
   

SSP1-2.6 SSP3-7.0 SSP5-8.5 SSP1-2.6 SSP3-7.0 SSP5-8.5    

Single 

Rice 

Upper Yangtze -7.36  -9.15  -8.26  -14.34  -25.48  -17.31     

Lower Yangtze -13.41  -11.63  -1.33  -35.57  -7.49  3.47    -10% 

Chuanyu 3.68  4.54  11.67  -14.25  -7.99  -2.89     

Guizhou -8.08  -8.43  -8.19  -10.04  -14.94  -15.10     

Yunnan 0.96  2.48  1.00  0.73  1.27  1.51     

           

Early  

Rice 

Yanjiang -3.97  5.71  9.35  0.12  -13.91  2.37    -20% 

Lianghu -25.09  -15.18  -15.86  -23.18  -15.76  2.54     

Zhemin -8.25  -5.90  -6.72  -8.83  -16.76  -20.17     

Nanling -9.80  -7.54  2.37  -9.80  -21.22  -10.39     

Huanan 0.49  -3.76  6.61  -12.37  -9.63  -7.96     

          -30% 

Late  

Rice 

Yanjiang 6.06  -12.45  10.21  -25.62  -8.40  2.93     

Lianghu 18.89  15.29  21.61  22.17  -0.82  7.09     

Zhemin -2.20  -0.33  -3.02  -5.14  6.86  8.02     

Nanling -6.45  -4.85  -7.39  -15.33  -12.93  -6.80     

Huanan -7.88  -14.40  -16.32  -19.86  -3.65  2.20    -40% 
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PPR is the key factor of one WII product and determines its efficiency, thus the PPR is estimated 

for each county and year, then integrated into the zonal and decadal scale (Fig. 4). The zonal PPR 

mostly increases with global warming over time. During history period, the PPR was less than 5% 

in all rice-cropping zones. Especially, the PPR was below 1% in 60% of zones, including four 

single rice zones (Upper Yangtze, Chuanyu, Guizhou, and Yunnan; Fig. 4a), two for early rice 

zones (Zhemin and Nanling; Fig. 4b), and three late rice zones (Zhemin, Nanling, and Huana; Fig. 

4c). Around 2050s, PPR becomes higher than 10% in a few rice-cropping zones, for example, 

single rice in Lower Yangtze under SSP5-8.5. Finally, most PPRs under SSP3-7.0 and SSP5-8.5 

will exceed 10% by 2100, while all PPRs under SSP1-2.6 remain below 10%. Besides, the highest 

PPRs is in Lower Yangtze for single rice (33%, Fig. 4a), in Lianghu and Huanan for early rice 

(29%, Fig. 4b), and in Yanjiang and Lianghu for late rice (30%, Fig. 4c). More interestingly, 

several PPRs under SSP1-2.6 slightly decrease or remain constant in mid-far future (2050-2100), 

reflecting the changes of heat disasters over this period (Fig. SI-2).  

We calculate conditional tail expectation (CTE) difference and the mean root square loss 

(MRSL) difference to analyze the average and variability changes of farmers’ income before and 

after applying WII at county scale (details see Methods), and then integrate them into the zonal 

scale (Table 1). We find that most CTE differences are positive, while MRSL differences are 

negative, suggesting that applying WII for each county and year will effectively improve farmers’ 

income and reduce their variabilities under future global warming. Specifically, CTE differences 

become greater in the mid-far future than it in the near future under SSP3-7.0 and SSP5-8.5, 

indicating that WII can reduce more risks as global warming becomes more severe (Table 1a). 

Spatially, the CTE differences are relatively greater in higher-latitude areas for single rice and late 

rice, while they are mostly greater in lower-latitude areas for early rice (Table 1a). Although most 
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MRSL differences are negative, they tend to become positive in more rice-cropping zones under 

the warmest SSP scenarios. For example, in near future, positive MRSL differences are identified 

in three early rice zones under SSP5-8.5, but only one zone under the other SSPs (Table 1b); while 

in mid-far future, positive MRSL is identified in four late rice zones under SSP5-8.5, but only one 

zone for the rest SSPs (Table 1b). These results highlight that applying WII will fail to ensure the 

stability of farmers’ income under the warmest scenario, even though it significantly offsets such 

negative impacts under the SSP1-2.6 and 3-7.0 scenarios.  

 

Discussion 

Our study verifies that WII can offset farmers’ loss from global warming. Future warming 

scenarios may cause hundreds to thousands billion losses in RMB (Fig. 3), which varies among 

rice-cropping zones due to zonal-specific vulnerabilities (Fig. 2) and heat disasters (Fig. SI-2). 

Facing with such projected economic loss, WII demonstrates its efficiency through improving 

farmers’ income by up to 13% and stabilizing it by up to 36% (Table 1).  

To achieve WII’s efficiency, we estimate the annually dynamic PPR change under global 

warming and downscale WII from the province to county. Previous studies have assessed the 

impact of global warming on PPR, but mainly focused on PPR change per unit temperature 

increment. For example, Tack et al.22 has pointed the averagely marginal effect of temperature 

warming on premium rate was 39% per Celsius for corn in U.S. Considering the nonlinear 

relationship between global warming and premium rate, tracking the annually dynamic changes in 

PPR is significantly necessary for accurately estimating future impacts. Our study for the first time 

explores the dynamic PPR by 2100, so that future PPR can be designated at any time under various 

warming scenarios. For example, we find the increase in PPR will be up to 20% under SSP5-8.5 
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during mid-far period (Fig. 4c), while it is only 1.68% under SSP1-2.6 at the same period (Fig. 4a). 

As for the downscaled WII, our results facilitate the research of WII implementation at the county 

scale over large areas. The current policy of crop insurance premium is “One province, one rate” 

in China, which means the same premium rate is applied to the entire province for a given crop23. 

However, this policy ignores the spatial heterogeneity of farmers’ risk within the province. On the 

other side, field-level data are the most suitable for WII, but consistent series of such data over a 

long period are not available worldwide24,25. Thus, crop insurance at the county scale has been 

receiving more attention, as evidenced by the expanding range of insurance products at county 

scale in the United States22,26. An increasing number of pilot WII programs have also been 

introduced at the county scale in China23,27, but the covered area was limited to several counties or 

within one province. This study is the first to estimate WII PPR and its efficiency at the county 

scale across large regions (up to 15 provinces, 242 million ha) in China. Overall, the annual PPR 

at the county scale can provide the temporally- and spatially-specific guide for national 

governments in implementing WII to ensure national food security under global warming.  

However, the corresponding high PPR suggests that multiple supports will be needed for 

applying WII in the future. Specifically, the 2050s would be a turning point for WII, because at 

that point the WII becomes less economical with the zonal PPR exceeding 10% and even higher 

than 30% by 2100. Given that the normal PPR of crop insurance generally ranges from 1% to 

10%22,23,28, the increasing PPR would inevitably result in a higher need for government subsidy on 

crop insurance in the future. Crop insurance market would be thin without government subsidies 

on premium, and the current level of government subsidy has already hindered its growth in most 

developing countries, including China. Therefore, future WII needs multiple supports to achieve 

its effectiveness, which may include but are not limited to: involving private commercial insurance 
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and reinsurance companies to compete on price29, incorporating banks or microfinance institutions 

to provide credit for smallholder farmers19, and cultivating heat-tolerant rice varieties to decrease 

future PPR18. 

Even though WII can offset rice yield losses from heat extremes under all SSPs, farmers 

should caution the worst warming scenario. The future economic growth30 and heat-induced loss 

(Fig. 2 and 3) both vary hugely among three SSPs. Focusing on Chinese economy under CMIP6, 

Chen et al.31 has estimated that future GDP at purchasing power parity (GDP-PPP) per capita in 

China is highest under SSP5-8.5, followed by SSP1-2.6, and the minimum for SSP3-7.0 (around 

40% of GDP-PPP per capita under SSP5-8.5). Interestingly, our study reveals that economic loss 

from rice heat is the highest under SSP5-8.5, followed by SSP3-7.0 (around 70% of economic loss 

under SSP5-8.5), and the minimum under SSP1-2.6 (Fig. 5). Thus, farmers under SSP3-7.0 might 

face a heavier burden in terms of adapting to heat stress than under SSP5-8.5. Regarding that more 

significant rice losses are in the mid-far future (2051-2100, Fig. 2), governments should be aware 

of this challenge and help farmers to prepare for the worst future scenarios, that is, a mid-far future 

under SSP3-7.0. 

The main uncertainty of this study comes from the combined effect of temperature and CO2. 

The elevated CO2 and increased temperature have the opposite impacts on crop growth. Numerous 

studies have indicated that the elevated CO2 can increase crop yield through improving the leaf 

photosynthesis rate and the number of panicles per unit area32-34, while high temperature decreases 

rice yield through causing infertile spikelet9. Taking the highest elevated CO2 under three SSPs as 

example, we find that the elevated CO2  does improve rice yield (Fig. SI-3), but the YHloss 

percentage changes slightly (Fig. SI-4) because the elevated CO2 also increases the no-stress rice 

yield (the potentially maximum yield, see details in the Methods).  In this context, our estimations 
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on future WII PPR (Fig. 4) and its efficiency (Table 1) are still creditable, because both of them 

are based on YHloss percentage (Fig. 2). Nevertheless, analysis for the long-term future, rather than 

only one decade with the highest elevated CO2  (Fig. SI-4), should be furtherly conducted to 

explore more possible impacts from the elevated CO2.  

Overall, future crop loss will increase as temperature warming under three SSPs, and the 

SSP3-7.0 might be the worst scenario for farmers to adapt. Unfortunately, the COVID-19 

pandemic, the increasing regional conflicts, and constrained international trades in recent years are 

likely to drag our world toward SSP3-7.0. Faced with such projected threats, this study provides a 

downscaling and replicable method to evaluate the effectiveness of WII for crops under climatic 

risks, and proves WII to be one positive adaptation strategy for the most susceptible smallholder 

farmers. Our results can greatly inspire farmers and governments to take actively measures to 

ensure global food security in a warming world.  
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Methods 

Study area. Based on the administrative borders, cropping systems, and geological conditions, we 

divided the study area into 10 rice-cropping zones (five for single rice: Upper Yangtze, Lower 

Yangtze, Chuanyu, Guizhou, and Yunnan; five for double rice: Yanjiang, Lianghu, Zhemin, 

Nanling, and Huanan; Fig. SI-1) in the southern China. Cropping systems and geological 

conditions were nearly consistent within each zone. There are 1100 counties and 15 provinces in 

total, covering more than 80% Chinese paddy field based on land use datasets (35,36). Constrained 

by data availability, crop model in this study could run at only 154 counties for single rice and 228 

counties for double rice (shown as red dots in Fig. SI-1), which were defined as “red-dotted” 

counties. 

 

Data. To simulate YHloss, we developed one hybrid simulation process combining crop model (the 

Crop-Weather relationship over a Large Area for rice37, MCWLA-Rice) and machine learning 

(XGBoost38). Multisource data were required in this hybrid simulation process. Firstly, we 

calibrated and validated MCWLA-Rice for each “red-dotted” county during the period of 1990-

2010 because of the limited data availability. Data for these “red-dotted” counties included daily 

weather data from Chinese Meteorological Administration (the maximum temperature, the 

minimum temperature, solar radiation, precipitation, wind speed, and vapor pressure), the location 

information (longitude and latitude), and soil texture and hydrological properties data37, 39. In 

addition, the MCWLA-Rice calibration required the remote sensing data (GLASS leaf area index40, 

LAI), the retrieved phenology dates based on GLASS LAI41, and rice yields from local yearbooks. 

All above data were collected or resampled to county scale. Next, to simulate YHloss based on the 

calibrated MCWLA-Rice and the trained XGBoost, the no-stress and heat-stress weather scenarios 



17 

 

were generated from daily weather data during the same period (1990-2010). Details are in the 

following section “Scenario-driven yield loss estimation based on MCWLA-Rice”. Similarly, data 

details of the XGBoost training process are in the section “Training and testing XGBoost”. As for 

the historical (1961-2010) and future (2021-2100) projected weather scenarios, we downloaded 

CMIP6 database42, which provides a range of future global warming scenarios based on various 

assumptions regarding economic growth, climate mitigation efforts, and global governance. To 

consider a range of possible futures, we used five best bias-adjusted models with 0.5° 

resolution43,44: GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-ESM2-0, and UKESM1-

0-LL. Each dataset has three Shared Socioeconomic Pathways45 (SSP) with different radiative 

forcing pathways by 210046: SSP1‐2.6 ( less than 2℃ warming; low end forcing pathway), 

SSP3‐7.0 (around 4℃ warming; medium to high end forcing pathway), and SSP5‐8.5 (around 

5℃ warming; high end forcing pathway). All CMIP6 data were also resampled to the county scale. 

The average from five-model simulation results were used in this study. Moreover, the future 

period was divided into the near future (2021-2050) and the mid-far future (2051-2100).  

 

Scenario-driven yield loss estimation based on MCWLA-Rice. The calibration and validation 

of crop model is the preliminary stage for yield loss estimation. In this study, we calibrated and 

validated MCWLA-Rice for each “red-dotted” county (shown as red dots in Fig. SI-1). Moreover, 

the 2/3 from 1990-2010 was randomly selected for calibration, while the rest for validation. The 

sub-model component method47 sequentially calibrated the phenology module, the LAI module, 

and the yield module for MCWLA-Rice. The calibration and validation results were well satisfying 

(SI Section4).  
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We determined that the averages of weather variables during 1990-2010 made up the no-

stress weather scenario. Next, the extreme heat event was randomly generated for 1000 times based 

on its definition: the daily maximum temperature (Tmax) was higher than 35℃ for at least three 

days during the heading-flowing stage48, where the upper threshold of Tmax was set as 45℃ so that 

sufficient extreme heat events could be generated. After adding the extreme heat event into the no-

stress weather scenario, each county would have one no-stress scenario and 1000 heat-stress 

scenarios. Driven by no-stress and heat-stress weather scenarios, the calibrated MCWLA-Rice 

estimated the no-stress and heat-stress yields; with the difference between them being regarded as 

the YHloss. Furthermore, the weather index (HGDD) for the extreme heat event was calculated as 

following48,49: 

HGDD= ∑ (Ti
max-35)n

i=1       (1) 

where Ti
max

 was the daily maximum temperature during the heading-flowering stage at day i; n 

was higher than 2, indicating duration of the extreme heat event.  

 

Training and test XGBoost. Constrained by the data availability, MCWLA-Rice could only be 

calibrated for a small fraction of counties to generate YHloss. Therefore, we must develop a more 

general and flexible method to estimate YHloss  for all counties in order to conduct a more 

comprehensive investigation. Thus, we collected the county-scale YHloss and HGDD, as well as 

weather variables and location information (latitude and longitude), to train and test XGBoost 

model for each rice-cropping zone. Here, the weather variables were same as those used for 

MCWLA-Rice, including the daily maximum temperature, minimum temperature, precipitation, 

radiation, wind speed, and vapor pressure. In addition, weather variables were individually 

calculated into six weather indices through summing weather variable from the transplanting date 
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to the beginning of extreme heat event, representing weather conditions before the extreme heat 

event.  

The county-scale YHloss, HGDD, six weather indices, and location information were randomly 

divided into 70% for training and 30% for testing. The former was used to optimize the hyper-

parameters of the XGBoost through GridSearchCV with 10-fold cross-validation; the latter was 

used to evaluate the models’ prediction ability. The trained regional XGBoost was sufficiently 

accurate to estimate the county-scale YHloss within each zone (Fig. SI-8). Moreover, we replaced  

YHloss with the county-scale yield and trained the regional XGBoost again, so that the county-scale 

yield also could be well predicted (Fig. SI-9). 

 

Constructing heat vulnerability. Vulnerability can characterize the process and mechanisms 

whereby a crop responds to a specific natural hazard. Previous studies mostly developed crop 

vulnerability curves through using the historical records from very limited studied areas or pooling 

many field trials into only one vulnerability curve. Their results were event-specific or less 

accurate, because limited records they obtained probably did not include various event intensities 

and crop vulnerability might vary over large and spatially heterogeneous areas. To obtain more 

accurate and regional-specific vulnerability, we generated the full range of scenario-driven YHloss 

for each county based on the hybrid simulation process and 1000 heat-stress scenarios; and 

estimated the heat vulnerability through using the least square method to fit the relationship 

between HGDD and YHloss for each rice-cropping zone. Therefore, our vulnerability results could 

mechanically reflect all yield losses from heat stress across large and homogeneous areas. 

Moreover, we were able to apply the method into various crops and hazards, obtain spatially 
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specific vulnerability for a better understanding of crop’s response to natural hazards, and 

consequently provide a quick loss estimates for scientific decisions-making of governments.  

 

Prediction of yield loss and economic loss. Using the hybrid simulation process of MCWLA-

Rice and XGBoost, the historical and future YHloss could be estimated as far as the local location 

information, the transplanting date, the heading-flowering stage, and daily weather variables were 

available. However, the county-scale transplanting date and heading-flowering stage were only 

available during 1990-2010 for “red-dotted” counties (shown as red dots in Fig. SI-1). Therefore, 

we assumed that the rice-cropping systems and field managements were static from 2010. For 

“red-dotted” counties, the average transplanting dates during 1990-2010 were calculated as the 

transplanting dates for the historical (1961-1989) and future period (2021-2100); The MCWLA-

Rice simulated yearly heading-flowering stages for each “red-dotted” county for the historical 

(1961-1989) and future period (2021-2100). Thus, the transplanting dates and heading-flowering 

stages for the other counties could be determined by the closest “red-dotted” county. Finally, as 

for daily weather variables, both historical and future daily weather variables were from CMIP6 

models (details in Data Section) to avoid systematic errors.  

Assuming that rice price and area were constant from 2010, the economic loss caused by heat 

extremes (EHloss) was calculated as followings: 

EHloss = YHloss×P×Area     (2) 

Where, YHloss was the average heat-induced yield loss from five CMIP6 models in the current 

year. P was the nationally minimum purchase price in 2010: 2.54 RMB/kg for single rice, 2.02 

RMB/kg for early rice, and 2.21 RMB/kg for late rice. Area was the rice-cropping area for each 

county based on paddy field data from land use datasets of China (Fig. SI-1). 
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Prediction of insurance pure premium rate (PPR) and efficiency. Based on county-scale 

YHloss, the PPR was calculated as follows50: 

PPR= E(YHloss)
λ*Yno-stress

      (3) 

Where in this study, E(YHloss) is the expected value of YHloss  and the non-parametric kernel 

density approach was used to estimate it based on YHloss in the last 30 years.;  λ was coverage 

level and set as 100%; and Yno-stress was the no-stress yield (the potentially maximum yield).  

We also calculated the farmers’ income at the county scale. The income without and with 

WII was calculated using by formula (4) and (5), respectively: 

Ibefore=P×Y      (4) 

Iafter=P×Y+β-θ      (5) 

Where for each year,  Ibefore and  Iafter was farmers’ income before and after applying WII. P 

was the nationally minimum purchase price. Y was county-scale rice yield.  β was the insurance 

indemnity for extreme heat disasters, that is, P×YHloss. θ was yearly insurance premium and 

equaled to (insurance liability × premium rate). Here, the insurance liability was the max value 

of rice yield, that is, P×Yno-stress; the premium rate was PPR without considering administrative 

cost loading. Therefore, formula (5) also could also be expressed as follows: 

Iafter=P×(Y+YHloss-PPR×Yno-stress)    (6) 

To compare differences between Ibeforeand Iafter, we analyzed  Ibeforeand Iafter through using 

the CTE and MRSL as previous studies51-53. Notably, CTE measured the average of farmers’ 

income and MRSL for semi-variance. 

CTE= 1
T

× ∑ IT
t=1      (7) 

MRSL=√1
T

× ∑ [max(P×Y̅-I, 0)]2T
t=1     (8) 
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Where, T was 30 for near future (2021-2050) and 50 for mid-far future (2051-2100); Y̅ was the 

average yield in near future or mid-far future; P was the nationally minimum purchase price; I was 

Ibefore  or Iafter , so that we could have CTEbefore , CTEafter , MRSLbefore , and MRSLafter . After 

applying WII, the positive CTE difference ( CTEafter  minus CTEbefore ) and negative MRSL 

difference (MRSLafter minus MRSLbefore) both indicated that WII was effective.  

 

The fertilization effect from CO2 . The CO2  concentration remained 382ppm during our 

simulation process; however, it mostly increases under three SSPs in the future. To conduct 

whether the elevated CO2  affected our results in this study, we incorporated the highest CO2 

concentration to estimate CO2-fertilized Yno-stress, YHloss , and future yearly rice yield. Here, the 

highest CO2 concentration is 458ppm in 2050s, 750ppm in 2090s, and 1027ppm in 2090s under 

SSP1-2.6, SSP3-7.0, and SSP5-8.5, respectively54. 
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