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Delayed use of bioenergy crops might 
threaten climate and food security

Siqing Xu1, Rong Wang1,2,3,4,5,6 ✉, Thomas Gasser7, Philippe Ciais8,9, Josep Peñuelas10,11, 
Yves Balkanski8, Olivier Boucher12, Ivan A. Janssens13, Jordi Sardans10,11, James H. Clark1,14, 
Junji Cao15, Xiaofan Xing1, Jianmin Chen1,2,3, Lin Wang1,2,3, Xu Tang2,3 & Renhe Zhang2,3,4,5

The potential of mitigation actions to limit global warming within 2 °C (ref. 1) might 
rely on the abundant supply of biomass for large-scale bioenergy with carbon 
capture and storage (BECCS) that is assumed to scale up markedly in the future2–5. 
However, the detrimental effects of climate change on crop yields may reduce the 
capacity of BECCS and threaten food security6–8, thus creating an unrecognized 
positive feedback loop on global warming. We quantified the strength of this 
feedback by implementing the responses of crop yields to increases in growing- 
season temperature, atmospheric CO2 concentration and intensity of nitrogen (N) 
fertilization in a compact Earth system model9. Exceeding a threshold of climate 
change would cause transformative changes in social–ecological systems by 
jeopardizing climate stability and threatening food security. If global mitigation 
alongside large-scale BECCS is delayed to 2060 when global warming exceeds about 
2.5 °C, then the yields of agricultural residues for BECCS would be too low to meet  
the Paris goal of 2 °C by 2200. This risk of failure is amplified by the sustained demand 
for food, leading to an expansion of cropland or intensification of N fertilization to 
compensate for climate-induced yield losses. Our findings thereby reinforce the 
urgency of early mitigation, preferably by 2040, to avoid irreversible climate change 
and serious food crises unless other negative-emission technologies become 
available in the near future to compensate for the reduced capacity of BECCS.

One hundred and ninety-one parties responsible for 97% of global 
anthropogenic greenhouse gas (GHG) emissions have joined the Paris 
Agreement, with the objective to limit global warming by this century 
to 2 °C while pursuing efforts to stay within warming of 1.5 °C (ref. 1). 
Global warming in 2021 is approaching 1.2 °C above the 1850–1900 
average2. Achieving all pledges under the nationally determined con-
tributions may limit warming to just below 2 °C, which requires steep 
emissions reductions in the current decade10. Many mitigation sce-
narios nonetheless assume that climate change could be mitigated 
by negative-emission technologies such as BECCS, which would be 
deployed in the second half of this century to benefit from techno-
logical advances3–5. However, large-scale deployment of BECCS faces 
biophysical, technical and social challenges11,12. An over-reliance on 
BECCS could delay other decarbonizing technologies and fail to meet 
the Paris goal under overshoot scenarios13. Early actions are important 
to avoid irreversible climate change and pronounced shifts in land use14. 
The USA, the European Union and China, the three largest emitters of 
carbon dioxide (CO2), aim to achieve carbon (C) neutrality by either 

2050 or 2060 (ref. 1). The effectiveness of these pledges depends largely 
on the remaining emissions in countries that have not yet made such 
pledges and on feedbacks in the carbon–climate systems15 that have not 
been fully recognized by current integrated assessment models (IAMs)2.

Climate change is projected to be decelerated by strongly abating CO2 
emissions from fossil fuels10, but large-scale negative-emission technolo-
gies at a global scale are required in most of the scenarios limiting global 
warming to 2 °C (ref. 2). Retrofitting coal-fired power plants to BECCS, 
which substitutes fossil fuels by generating electricity with biomass 
from lignocellulosic energy crops or residues and removes CO2 from 
the atmosphere, is assumed to be a cost-effective option in IAMs16,17. 
Capturing CO2 from the combustion of agricultural residues from food 
crops (such as maize and rice) or dedicated energy crops and storing it 
in geological sites are proposed to achieve the 2 or 1.5 °C target in the 
sixth assessments of the Intergovernmental Panel on Climate Change 
(IPCC)2. Using the biomass from agricultural residues as feedstocks 
to generate electricity is more economical than growing dedicated 
energy crops (such as Miscanthus)18,19. Because the population and food 
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demand from developing countries are both increasing20, transferring 
residues of agricultural crops to BECCS would reduce the competition 
of new dedicated energy crops with food production for resources 
such as land, fertilizers and water21. Future crop yields, however, may 
decline owing to the detrimental effects of climate warming6–8 if strong 
mitigation actions are delayed, thereby reducing the capacity of BECCS 
for mitigation (Fig. 1). These feedbacks have not been considered in cur-
rent IAMs2–4, which rely on the availability of agricultural residues18 or 
dedicated energy crops5 for BECCS at a large scale. The impacts of BECCS 
on the food–climate–energy nexus have been assessed in the literature 
(Supplementary Table 1), but the feedbacks of reduced BECCS capacity 
to climate warming are unclear. Further measures such as irrigation22, 
adaptation of crop cultivars23 and conservation agriculture8 are helpful 
for increasing the productivity of cropland, but the widespread water 
scarcity owing to the increasing frequency and intensity of droughts 
around the globe24 may limit the potential of those adaptation measures 
for increasing crop yields. A quantification of the impact of reduced 
crop yields on climate change mitigation is needed for estimating the 
interactions between biological and techno-economic components25 
of the Earth system, recognizing the tipping points in social–ecological 
systems26 and assessing the effectiveness of emission pledges to meet 
the 2 °C goal in the Paris Agreement1.

Scenarios of climate mitigation with BECCS
We examined how the benefits of ambitious mitigation with large-scale 
BECCS aimed at meeting climate and food targets could be offset owing 
to reduction in crop yields under climate change (Fig. 1). We quantified 
the impact of climate change on crop yields in a set of scenarios in which 
global large-scale mitigation is initiated at the start of each decade 
from 2030 to 2100. When ambitious mitigation starts, we assumed that 
policy reduces fossil emissions from the baseline scenario of the Shared 
Socioeconomic Pathway (SSP) 5-8.5 to the lower-emission scenario of 
SSP2-4.5 (ref. 2) while BECCS is deployed using agricultural residues 
globally (Supplementary Fig. 1 and Methods). There are other decarbon-
izing technologies taking place from 2030 to meet emission pledges 
in the SSP2-4.5 scenario, but they imply a lack of negative emissions to 
be compliant with net-zero emissions2 by 2100. SSP5-8.5 is worse than 
what seems to be ‘business-as-usual’ emissions27, but phasing out fossil 
fuels rapidly and deploying BECCS moves our projections close to the 
IPCC low-warming scenarios2. Cumulative emissions during 2021–2050 
in our scenario with mitigation starting in 2030 are 380 Gt C from fossil 
fuel reduction alone, with further negative emissions of −120 Gt C from 
BECCS by 2050 (Supplementary Fig. 2). These net emissions (260 Gt C) 
are higher than SSP1-1.9 (150 Gt C) but similar to SSP1-2.6 (250 Gt C)2, 
which meets the Paris goal of 2 °C (ref. 1).

In our assumptions, the area of land converted from forests or mar-
ginal lands to cropland and the intensity of N fertilization depend on 

the food demand in 2030 (for example, a higher food demand elicits 
more land conversion from forests or marginal lands to cropland). 
The impacts of transferring C associated with land-use change (LUC) 
from soils and vegetation to the atmosphere, and of the terrestrial 
emissions of methane and nitrous oxide (N2O) on climate change, were 
simulated using the OSCAR Earth system model9. We estimated the 
average growing-season temperature for maize, rice and wheat by 
country based on global crop calendar data (Methods). We considered a 
scenario in which half of cropland expansions from forests and marginal 
lands28 were used to grow new energy crops and the other half were 
used to grow food crops with the residues used for BECCS. Because 
technologies increase crop yields, we considered two scenarios: (1) 
the N use efficiency would be enhanced globally29 and (2) the growing 
season was brought forward or delayed by one month to increase the 
crop yield by country. Negative emissions from BECCS were estimated 
on the basis of the amount of C produced as biomass and an efficiency 
of capturing 90% of the CO2 emitted by BECCS plants30, while we exam-
ined the climate benefits for different types of bioenergy. Interactions 
between climate change and the global C cycle have been calibrated 
using the results of models in Coupled Model Intercomparison Project 
(CMIP)31 Phase 5 and Phase 6. By running Monte Carlo simulations with 
OSCAR9, our results are representative of the CMIP ensembles31 and the 
variation in the yield–climate relationships.

Relationships between crop yields and climate
We estimated the relationships between crop yields (Y) and the average 
growing-season temperature (Tatm), atmospheric CO2 concentration 
(XCO2) and N fertilization (Znit) using global data. First, crop yield peaks 
at an optimal temperature (Topt) and decreases when temperatures 
increase beyond Topt owing to increasing water loss by evapotranspira-
tion and lower enzymatic activity in foliar photosynthesis when Tatm 
exceeds a criterion7,32 (Fig. 2a,b). In our central case, we used a quad-
ratic function to fit the yields of wheat and maize from field-warming 
experiments and local process-based or statistical crop models (Sup-
plementary Table 2 and Supplementary Data Set 1) by constraining Topt 
(Supplementary Table 3). We considered that the yield of wheat would 
be reduced to 1% of its maximum value when Tatm exceeded 29 °C (Tdam)33 
to represent the effect of heat exposure over the whole growing sea-
son. Short exposures to temperatures above 40 °C with low humidity 
may be lethal34, but the effect of extreme heat events is not considered 
owing to the lack of direct evidence. Following this, we examined the 
impact of increasing Topt or Tdam by 1 °C or using data from field-warming 
experiments only, which altered the Y–Tatm function moderately (Sup-
plementary Fig. 3). We examined the linear or non-linear Y–Tatm func-
tions to fit the sensitivity of wheat yield to temperature for Tatm ≤ 15 °C 
from field-warming experiments7, which led to a faster decline in crop 
yield for Tatm < 25 °C than our estimate (Supplementary Fig. 3).
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Second, elevated XCO2 increases the rate of plant photosynthesis of 
C3 crops and the yields of wheat and rice35. This effect saturates when 
XCO2 exceeds 700 ppm (Fig. 2c), probably owing to the co-limitation 
of soil nutrients and water36. We used a quadratic function to fit the 
saturating yield of wheat grown with ample water and nutrients at 
an optimal temperature in free-air CO2-enrichment experiments37 
for XCO2 < 700 ppm (P < 0.001) and assumed a flat response for 
XCO2 > 700 ppm. This empirical sensitivity of Y to XCO2 is similar to the 
sensitivity obtained with crop models for wheat in the Netherlands 
and rice in Japan, but is larger for maize as a C4 crop in Tanzania that 
is exposed to higher temperatures38 (Supplementary Fig. 3). Third, N 
addition is beneficial for the growth of crops, but the effect decreases 
with excessive inputs39. We used a logarithmic function to fit the yields 
of rice, wheat, maize and soybeans40 by region from 1961 to 2019 after 
adjusting for the impacts of Tatm, XCO2 and precipitation (Fig. 2d and 
Supplementary Fig. 4). The yield of rice increases sixfold when N 
fertilization increases from 5 to 100 kg ha−1 but only by 12% when it 
increases further from 100 to 150 kg ha−1.

The yield–climate relationships are compared among five agricul-
turally important countries (Supplementary Fig. 5). Crop yield is more 
sensitive to warming at lower latitudes and more sensitive to N inputs in 
the USA than in other countries38. We assumed that the dependencies 
of crop yield on air temperature, CO2 concentration and N fertilization 
for a limited set of species could be generalized to energy crops owing 
to the lack of consistent data for those specific cultivars. We adopted 
the parameters calibrated in a previous study9 to prescribe regional 
responses of yield to precipitation owing to the lack of data to esti-
mate the relationship between crop yield and precipitation. Similar 
to a previous study6, the impact of precipitation was estimated to be 
low in our model (Supplementary Fig. 6), but the compound effect of 
temperature and precipitation on crop yield deserves attention7,20. 
Our yield model is different from previous studies (for example, ref. 6) 
using national crop yield from the Food and Agriculture Organization 
(FAO) dataset40. However, identifying the impact of climate change 
on national crop yield40 can be prevented in some regions in which 
the impact of historical climate change was not strong enough yet to 
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Fig. 2 | Relationships between crop yield, climate and land management. 
a,b, A quadratic function of average growing-season atmospheric temperature 
(Tatm, °C) is used to fit the yields of wheat (a) and maize (b). The yields are 
derived from field-warming experiments and process-based or statistical 
models from 13 countries worldwide (Supplementary Table 2), in which the 
yields are normalized to 1 at 25 °C for different studies. Six outliers are  
excluded (P < 0.005). We adopted the optimal temperature (Topt) for maize 
(19 °C) and wheat (9 °C) as an average in different countries or regions 
(Supplementary Table 3) and assumed that the yield is reduced to 1% of its 
maximum value when Tatm exceeds 29 °C (Tdam)33,34. We used the yield (Y)–
temperature functions fit to the local data to predict the crop yields by country 
if applicable and applied the functions fit to global data in the remaining 

regions of the world. The shaded area shows the 90% interval range of the fitted 
function, which is adopted in our Monte Carlo simulations. c, A quadratic 
function of atmospheric CO2 concentration (XCO2) is used to fit the wheat yield37 
for XCO2 < 700 ppm. The yields are normalized to 1 at 350 ppm. A constant yield 
is predicted for XCO2 ≥ 700 ppm, at which the correlation between Y and XCO2 is 
not significant (P = 0.16). d, A logarithmic function of N fertilization (Znit) is 
used to fit the yield of rice as an example (see Supplementary Fig. 4 for the 
yields of wheat, maize and soybeans)40 in the nine regions of the OSCAR model 
from 1961 to 2019. The yields in d have been adjusted for the impacts of Tatm, XCO2 
and precipitation (Methods). The data used to fit the functions are listed in 
Supplementary Data Set 1. The arrow in each panel shows the range of Tatm, XCO2 
or Znit in the OSCAR model.
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reduce crop yield substantially6. It is important to further improve our 
crop yield model when data from field-warming experiments become 
available in a broader range of countries or the regional impacts of cli-
mate change on crop yields are more substantial under global warming.

Feedbacks of reduced BECCS capacity to climate 
change
Our simulations indicated that global warming would reach 2.5 °C 
(2.3–2.8 °C as the range of 90% uncertainty) in 2050, 2.7 °C (2.4–3.2 °C) 
in 2100 and 1.7 °C (1.2–2.6 °C) in 2200 (Fig. 3a) if large-scale mitiga-
tion alongside BECCS was initiated in 2040 (Methods). Cropland area 
is expanded to meet the caloric target41 of 2 million calories per day 
(Mcal day−1) per capita in 2030 for countries in which the supply is below 
this threshold and cropland area is maintained for other countries. 
Owing to the detrimental effects of climate change on crop yields, there 
is a decline in global average per capita calories from 2.2 Mcal day−1 
in 2030 to 1.8 (1.6–2.0) and 2.1 (1.8–2.2) Mcal day−1 in 2100 and 2200, 
respectively, if the benefits of technology29 were not considered 
(Fig. 3b). By contrast, global warming is estimated to reach 3.4 and 
4.2 °C in 2100, followed by a decrease to 2.6 and 3.7 °C in 2200, if ambi-
tious mitigation is delayed to 2050 and 2060, respectively, because of 
a longer maintenance of fossil emissions and reduced biomass feed-
stocks for BECCS. We provided the relationship between the quantity of 
bioenergy from agricultural residues and the projected level of global 
warming in 2050, 2100 and 2200 (Supplementary Fig. 7), which could 
be implemented into IAMs2–5.

If climate-induced feedbacks on crop yields are not considered by 
maintaining crop yields and BECCS capacity at their levels simulated 
with current climatology in 2020, global warming will decrease by 0.3, 
0.6 and 0.8 °C in 2200 when ambitious mitigation with BECCS is initi-
ated in 2040, 2050 and 2060, respectively, relative to our central cases 
(see Supplementary Fig. 8 for the temporal evolutions of global warm-
ing and crop calories in all scenarios). Furthermore, global warming will 
be lower than our central case if 50% of marginal lands are used to grow 

dedicated energy crops (such as Miscanthus) rather than agricultural 
crops whose residues are used for BECCS, because energy crops pro-
duce more bioenergy than do agricultural crops through the recovery of 
agricultural residues30. Further, if afforestation is considered together 
with BECCS by converting marginal lands to forests, global warming will 
be lower than in the BECCS-only scenarios without afforestation (Fig. 3). 
Last, if agricultural residues are used to produce liquid bioethanol to 
replace vehicle oils without carbon capture and storage (CCS) or if the 
gas-fired power plants were retrofitted for BECCS, the climate benefits 
of bioenergy would be lower than retrofitting coal-fired power plants 
for BECCS, owing to the higher CO2 emissions incurred. If the biomass 
is used for liquid biofuel production with a high efficiency of energy 
conversion (47.5%)42, then bioenergy at biorefineries generates less 
climate benefits than BECCS power plants if only 15% of CO2 released at 
a high purity during the fermentation process to manufacture bioetha-
nol is subject to CCS43, but generates more benefits than BECCS power 
plants if 55% of CO2 in the fermentation process can be captured43. Given 
different types of bioenergy, the impact of the yield–climate feedback 
remains robust, which could lead to a failure of meeting the 2 °C goal1 
(Supplementary Fig. 9).

After propagation of uncertainties, the probability of meeting the 
2 °C goal1 by 2200 would be reduced from 47% to 3% after considering 
agricultural feedbacks when mitigation is initiated in 2050. If mitiga-
tion is initiated in 2040, this probability only decreases from 93% to 
75% by considering agricultural feedbacks. We examined the sensitivity 
of our results to the choice of yield–temperature functions fitted to 
experimental data only, fitting the Y–Tatm function to the sensitivity 
of crop yields to temperature7, increasing Topt or Tdam by 1 °C when con-
straining the Y–Tatm function and adopting the Y–XCO2 relationship for 
maize in Tanzania, wheat in the Netherlands or rice in Japan from crop 
models38 (Supplementary Fig. 3). The impact of feedbacks on failure to 
meet the 2 °C goal1 owing to delayed mitigation remains robust, but the 
crop caloric production could be increased or decreased using those 
alternative yield–climate relationships (Fig. 3). We did not account for 
all possible factors that could further limit BECCS capacity, such as soil 
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deploying large-scale BECCS together with decarbonizing technologies  
from the SSP2-4.5 scenario2 after the year of mitigation onset. The results  
of scenarios without climate feedbacks on crop yields are obtained by 
maintaining the simulated capacity of BECCS for current climate (dashed  
violin plots). The results are estimated from Monte Carlo simulations 
combining uncertainties in the Y–Tatm functions with uncertainties in the  
Earth system model (Methods). The horizontal line in each violin plot shows  

the median estimate. The Y–Tatm function is derived from our central case, of 
which the sensitivity is examined to increasing Topt (I) or Tdam by 1 °C (II), using 
experimental data only to fit the Y–Tatm function (III) and fitting the sensitivity7 
of Y to Tatm (sY/T) to a linear (IV) or non-linear (V) function (Supplementary Fig. 3). 
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between two neighbouring violin plots is examined (*** for P < 0.001).
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degradation12 or imbalanced nitrogen–phosphorus supplies44, so our 
model may be optimistic and meeting the Paris goals1 may require even 
earlier or more ambitious mitigation than we estimated.

Implications for food security
The previous section demonstrated a failure of delayed mitigation to 
meet the climate goal1 of 2 °C as climate warming reduces crop yields 
and BECCS capacity, but the demand on crops for food needs to be 
considered together with bioenergy production. We assessed whether 
enlarging cropland area by converting marginal lands and forests to 
cropland would ameliorate the conflict between food crops and BECCS 
by considering their impact on the global C cycle through LUC emis-
sions. To do so, we assumed that first marginal lands and then forests 
are converted to cropland or that N fertilization is increased (see Sup-
plementary Fig. 10 for the spatial distributions of per capita cropland 
area and N fertilization in 2019) to meet higher caloric targets in 2030. 
The food supply then depends on the responses of crop yields to climate 
change (Methods).

Global mitigation by 2050 is needed to match the increasing food 
demand in the face of decreasing crop yields (Fig. 4). Global warm-
ing will be higher in 2100 owing to LUC emissions but lower in 2200 
owing to more BECCS negative emissions when mitigation is initiated 

earlier than 2050. We decomposed the changes in GHG emissions into 
its drivers. Total emissions during 2041–2200 to meet a reasonable 
per capita caloric target41 of 2 Mcal day−1 would be 28 Gt C from the 
reduced terrestrial C sink, 10 Gt C from emissions induced by LUC and 
92 Gt C from terrestrial emissions of N2O (converted to equivalent CO2) 
(Methods) when mitigation is initiated in 2040 (Supplementary Fig. 11). 
Converting marginal lands, rather than forests, to cropland will slow 
warming (see Supplementary Fig. 12 for the difference between these 
scenarios) but increase the demand of fertilizers44. By contrast, if miti-
gation is delayed to 2060, cropland expansion will accelerate global 
warming owing to LUC and N2O emissions, because the effect of crop-
land expansion to increase BECCS will be overcome by the reduction 
of BECCS capacity caused by global warming. The effect of intensifying 
N fertilization alone on slowing global warming is smaller than in the 
scenarios of increasing the area of cropland (Supplementary Fig. 13) 
owing to larger terrestrial emissions of N2O (Supplementary Fig. 11), 
saturation of N fertilization (Fig. 2d) and potential co-limitations by 
water and phosphorus45.

Impact of agricultural feedbacks on the C budget
The impact of deploying BECCS on allowable fossil emissions depends on 
the magnitude of agricultural feedbacks under climate change (Fig. 5). 
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To meet the climate goal1 of 2 °C in 2100 in our central estimate, allowa-
ble CO2 emissions during 1850–2100 increases from 940 to 1,400 Gt C by 
deploying BECCS without accounting for agricultural feedbacks and to 
1,380 Gt C by including them. This negative emission service from BECCS 
(460 Gt C) agrees with previous model estimates (400–800 Gt C)46 but 
requires that global mitigation actions are initiated by 2030. The impact 
of agricultural feedbacks on the global C budget is larger in 2200 than 
in 2100. Allowable CO2 emissions during 1850–2200 for meeting the 
target of 2 °C in 2200 increase from 1,120 to 2,040 Gt C by implementing 
large-scale BECCS when excluding agricultural feedbacks, but only to 
1,890 Gt C with them. The effects of agricultural feedbacks in reducing 
allowable CO2 emissions will increase as the mitigation is delayed owing 
to increasing feedbacks to climate warming. For example, agricultural 
feedbacks would reduce allowable CO2 emissions by 150 and 270 Gt C 
to meet the targets of 2 and 3 °C in 2200, respectively. These reduc-
tions suggest that the ability to mitigate climate change by BECCS will 
decrease as a result of delayed mitigation actions.

Regional food gap under climate change
Mitigating climate change requires global early actions through 
large-scale BECCS implementation2, but the impact of climate warm-
ing on crop yields varies among regions. On the basis of the yield–cli-
mate relationships, warming increases yields of wheat and maize over 
high-latitude regions with an average growing-season temperature 
lower than 10 and 19 °C, covering 4% and 30% of the global cropland 
area, respectively (Supplementary Fig. 14). We define an index of food 
gap as one minus the ratio of per capita calories to a minimum under-
nutrition level of 1.5 Mcal day−1, in which a higher positive food gap 
indicates a larger shortage of food crops. The effect of a delay from 
2040 to 2060 of ambitious climate mitigation by deploying large-scale 
BECCS together with decarbonizing technologies in the SSP2-4.5 sce-
nario2 would be that the food gap in 2100 will increase to >50% in India, 
Africa and the Middle East without food trade (Fig. 6). Many developing 
countries are located at lower latitudes and exposed to higher tem-
peratures. Owing to a delay of climate mitigation from 2040 to 2060, 
the number of developing countries in which the food gap is positive 
will increase from 81 to 90 in 2100. By contrast, the food gap in 2100 
remains negative in developed countries if ambitious mitigation is 
delayed from 2040 to 2060.

The gap of food supply in low-latitude developing countries may be 
alleviated by international trade of crops from temperate and north-
ern countries to Central America, Africa and the Middle East. Export 
of food crops (such as wheat, rice and maize) from North America 
(417 Mt year−1), Europe (385 Mt year−1) and China (422 Mt year−1) to the 
remaining regions of the world is required to reduce the fraction of 
people with a positive food gap in 2100 from 65% to 30% when mitiga-
tion starts in 2060 (Supplementary Fig. 15). The projected export of 
crops, however, would be 3, 2 and 80 times larger than the current 
levels40 in 2019 for these three regions, respectively, indicating a large 
and probably implausible extent of increasing trade. Early climate 
mitigation10 or population migration47 may be the choice we have to 
make if the necessary food trade fails to occur.

Implications
Our results indicate that the negative impacts of climate change can 
reduce crop yields and, thus, the BECCS capacity, leading to exceed-
ing the 2 °C Paris goal1 and threatening food security. This process is 
absent in the future scenarios from current IAMs relying on large-scale 
deployment of BECCS during the second half of this century2–5,48,49.  
The capacity of BECCS could rapidly decrease after reaching a thresh-
old of climate warming. This would be the consequence of reduced 
biomass feedstocks in response to accelerated global warming owing 
to a 20-year delay in mitigation from 2040 to 2060. The climate warm-
ing threshold, modelled here to occur in around 2050 when global 
warming exceeds 2.5 °C, is lower than many known ‘tipping points’ in 
the climate system that would lead to failure of the Paris goals1, such as 
triggering the melting of the Greenland ice sheet or the collapse of the 
Atlantic thermohaline circulation50. Exceeding the warming threshold 
above will jeopardize food security in most developing countries, with 
a potential impact on developed countries. Accounting for these feed-
backs improves our understanding of the food–climate–energy nexus 
and reinforces the importance of early and ambitious mitigation10 to 
meet the Paris goals2.

Delayed mitigation of CO2 emissions inevitably requires a larger 
effort by deploying BECCS negative emissions, lasting for a longer 
time to offset the positive fossil emissions2. Food crises owing to an 
unprecedented climate change may also lead to a shift of the growing 
season7 and to population migration47. As a caveat, our study may 
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overestimate future food shortages because we did not consider all 
potential benefits of advancing technologies and optimizing man-
agements51. As half of the N added to cropland is at present lost to 
the environment52, and in many countries N fertilization is already 
very high, food shortage could be alleviated by increasing the N 
use efficiency with better phosphorus and potassium fertilization 
so as to reach an adequate balance among these three fertilizers44.  
For example, if the N use efficiency was increased following a recent 
projection29 to increase N uptake by region and reduce N2O emissions53 
for global croplands, per capita calories are projected to increase 
by 10% with a reduction of global warming by 0.2 °C in 2200 when 
mitigation is initiated in 2050 (Supplementary Fig. 16). We also pro-
jected an increase in per capita calories by 11% and a reduction of 
global warming by 0.3 °C in 2200 if we bring forward or delay the 
growing season for each country to optimize the crop yield under 
future, warmer climatology. Assuming that humanity can moderate 
the increase of N fertilizers use and achieve a better N use efficiency 
(by crops taking up more N and getting more benefits from the N 
applied) by equilibrating fertilization44, improving water use and 
developing new crop varieties51, technologies will further alleviate 
the shortage of food and increase the capacity of BECCS. Even so, 
if ambitious mitigation of CO2 emissions with a heavy reliance on 
BECCS is delayed, the impact of yield–climate feedbacks could still 
lead to a failure of meeting the 2 °C goal in the Paris Agreement1 by 
considering the interactions between crop yield and climate warming 
(Supplementary Fig. 16). Accounting for these feedbacks substantially 
undermines the feasibility of high allowable fossil-fuel emissions 
under overshoot scenarios13 of delayed mitigation relying heavily 
on BECCS after 2050 to limit global warming below 2 °C (refs. 2–5,48,49).

Our findings support the concerns of overshooting temperature 
targets by relying solely on BECCS and the assumption that BECCS pro-
duction would remain insensitive to climate change3. They also indicate 
that irreversible climate change and serious food crises should be best 

avoided by accelerating supply-side decarbonization54 if the reduced 
capacity of BECCS cannot be compensated by other negative-emission 
technologies. Although biophysical and technological barriers of 
BECCS have been widely recognized3,11,12,14,48,49, our results underscore 
an unrecognized drawback of BECCS owing to agricultural feedbacks 
that limit BECCS capacity to mitigate climate change in cases of delayed 
mitigation. If the climate benefits of BECCS were to be attained, this 
technology should be deployed as early as possible, otherwise the 
decreasing biomass feedstocks will reduce the BECCS efficacy and 
lead to failure of meeting the Paris goal of 2 °C (ref. 1), even by 2200. 
If the large-scale BECCS project cannot be put into place in the near 
term, these feedbacks will inevitably reduce the allowable emissions 
more than previously thought: demand-side decarbonization and 
other negative-emission technologies should undergo a more rapid 
deployment for human society to stay within the safe boundaries in 
regards to climate change.
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Methods

Earth system model
We used a compact Earth system model, OSCAR 2.2, to simulate climate 
change during historical and future periods driven by emissions of 
GHGs from human activities. Detailed descriptions of this model are 
provided by Li et al.55, Gasser et al.9,56 and Fu et al.57. The interactions 
between climate change and the C cycle in terrestrial systems were 
calibrated using the CMIP models31. In this study, we implemented 
the yield–climate relationships into the OSCAR model to simulate the 
interactions between climate change and agricultural development in 
assumed scenarios of cropland expansion and intensified N fertilization 
and to evaluate the impact of agriculture feedbacks on climate change 
under temperature overshoots13. Total anthropogenic CO2 emissions 
from fossil-fuel combustion and cement production before 2010 were 
obtained from the CDIAC dataset58, anthropogenic emissions of meth-
ane (CH4), N2O, nitrogen oxides (NOx), carbon monoxide (CO), volatile 
organic compounds (VOCs), sulfur dioxide (SO2), ammonia (NH3),  
11 hydrofluorocarbons, eight perfluorocarbons and 16 ozone-depleting 
substances were obtained from the EDGAR inventory59, anthropo-
genic and natural emissions of organic carbon (OC) and black carbon 
(BC) were obtained from the ACCMIP inventory60 and the GFED v3.1 
inventory61 and emissions of CO2 and non-CO2 GHGs owing to LUC 
were obtained from the LUH1.1 dataset62. Forcing data after 2010 were 
compiled from the SSP5-8.5 and SSP2-4.5 (excluding the contribution 
of negative emissions)2, including data for anthropogenic emissions of 
CO2, CH4, N2O, NOx, CO, VOCs, BC, OC, SO2, NH3, 11 hydrofluorocarbons, 
eight perfluorocarbons and 16 ozone-depleting substances.

The model was run with active interactions and feedbacks between 
various Earth elements63, in which the elements interacting with each 
other in the Earth system represented the responses of the climatic 
system to anthropogenic perturbations such as GHG emissions from 
industrial processes, cropland expansion, LUC and intensified N fertili-
zation. Changes in global C budgets and GHG emissions were modelled 
using the terrestrial C sink, LUC emissions and the terrestrial emissions 
of N2O. This model configuration allowed us to simulate the feedbacks 
of both climate change to agricultural activities and of agricultural 
yields to climate change. Calculations of the changes in atmospheric 
concentrations of CO2, tropospheric and stratospheric chemistry, sur-
face albedo, terrestrial C sinks, LUC emissions, air–sea gas exchanges 
and the regional responses of atmospheric temperature and precipita-
tion to the climatic forcers in the OSCAR model were identical to those 
in previous studies9,55–57, with a limit to the simulated concentrations 
of N2O and CH4 (420 ppb for N2O and 2,200 ppb for CH4).

Net primary production in cropland
The net primary production for cropland (NPP, g C year−1) in year t was 
represented by a function of crop yield (Yit, g biomass ha−1 year−1) and 
cropland area (Ait, ha):

∑
A Y μ f

ν I
NPP = (1)t

i

it it i i

i i=1
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in which i is the crop, νi is the fraction of shoots in the biomass, μi is the 
fraction of dry biomass, fi is the fraction of C in the dry biomass and Ii is 
a harvest index, defined as the ratio of the mass of the harvested yield 
to above-ground biomass. We divided all crops into eight categories: 
cereals, roots and tubers, beans, oil crops, fibre crops, sugar crops, 
primary fruits and primary vegetables. The values of the parameters 
μi, νi, fi and Ii for these categories are listed in Supplementary Table 4.

In our model, the crop yield (Yit) in year t was predicted as:

Y Y
F C F T F Z F P
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in which Yi0 (g biomass ha−1 year−1) is the yield in 2019 and Ct, Tt, Zt and Pt 
denote atmospheric CO2 concentration, average temperature during 
the growing season, cropland intensity of N fertilization and precipita-
tion in a future year t, respectively. FC, FT, FZ and FP were estimated from 
the relationships between observed crop yields and atmospheric CO2 
concentration (Ct, ppm), atmospheric mean growing-season tempera-
ture (Tt, °C), intensity of N fertilization (Zt, kg N ha−1) and precipitation 
(Pt, mm year−1), respectively:
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in which the coefficients αC, βC, γC, αT, βT, γT, αZ and γZ were determined by 
fitting these functions to data (Supplementary Data Set 1). We compiled 
the yield data for maize and wheat from both field-warming experiments 
and local process-based or statistical models (Supplementary Table 2). 
After excluding data with a narrow range of growing-season tempera-
ture or without controlling the impact of confounding variables, our 
dataset covers 13 countries globally distributed in Africa, East Asia, 
South Asia, West Asia, North America and South and Central America, in 
which the average growing-season temperature ranges from 12 to 34 °C. 
As the environments for these experiments are different, it is necessary 
to normalize the variance of the yields between different studies. This is 
done by dividing the yields by the average yields measured around 25 °C 
using 10% of data. To constrain the yield–temperature functions, we 
compiled the optimal growing temperature (Topt) for maize and wheat 
growing in different countries or regions (Supplementary Table 3). 
We fit the yield–temperature functions to the local data in the USA, 
India, Sudan, Mexico, China, Pakistan and Africa using the local Topt if 
applicable or using the average Topt (Supplementary Fig. 3), and we fit 
the global yield–temperature functions to all data applying the aver-
age Topt (Fig. 2).

In our Earth system model, we used the yield–temperature functions 
fit to the local data to predict the future crop yields in these countries if 
applicable and used the yield–temperature functions fit to the global 
data in the remaining regions of the world. We did not find long-term 
data for other crops and assumed that the yield–temperature function 
for other crops is similar to that of wheat. We estimated uncertain-
ties in the fitted functions (Fig. 2 and Supplementary Fig. 3), which 
were considered in our Monte Carlo Earth system model simulations 
to estimate the climate impact of deploying BECCS. We performed 
more experiments to examine the sensitivity of the yield–temperature 
relationship to using only experimental data, increasing the optimal 
growing temperature (Topt) or the dampening temperature (Tdam) by 
1 °C and using a linear or non-linear function to fit the sensitivity of 
wheat yield to temperature change7 (Supplementary Fig. 3), which are 
considered to examine the sensitivity of the climate benefits of BECCS 
to these factors (Fig. 3).

The fitted parameters αT, βT and γT using all data and the fitted αC, βC, 
γC, αZ and γZ are listed by region in Supplementary Table 5. Different from 
the parameters in the response of crop yields to changes in tempera-
ture, atmospheric CO2 and intensity of N fertilization, the parameter γP 
in the response of crop yield to change in precipitation was determined 
by a previous study9. In that study, crop yield was simulated using seven 
Earth system models31,63 in a case using a fully coupled configuration 
with an increase of atmospheric CO2 of +1% year−1, in a case using the 
fixed climate and in a case using the fixed carbon cycle, respectively. For 
each region, an exponential function was used to fit the simulated crop 
yields based on the decadal moving averages of the relevant variables 
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in the seven models, in which the best fit returned the parameter γP in 
the response of crop yield to precipitation in each region. As a caveat, 
γP was not determined as other parameters owing to the lack of field 
experiments measuring the response of crop yield to precipitation 
change, but, similar to a previous study6, the impact of precipitation 
on crop yields in the future was estimated at a lower magnitude than 
temperature, atmospheric CO2 and intensity of N fertilization in our 
model (Supplementary Fig. 6).

For future scenarios, we predicted the yields of eight crops (cereals, 
roots and tubers, beans, oil crops, fibre crops, sugar crops, primary 
fruits and primary vegetables) (Yt) based on the yield of each crop for the 
year 2019 from the FAO dataset40 and the changes in N fertilization, CO2 
concentrations and the average growing-season temperature and pre-
cipitation over croplands from 2019 to a future year during 2020–2200 
by country. The crop yields (Y2019), N fertilization (Z2019), CO2 concentra-
tion (C2019) and the average growing-season temperature and precipita-
tion over cropland (T2019 and P2019, respectively) for 167 countries in 2019 
are listed in Supplementary Data Set 2. For dedicated energy crops, the 
average yield (8.5 t ha−1) in 2020 was derived from a previous study64 
as a conservative estimate. The yield of dedicated energy crops under 
climate change is predicted by equations (2)–(6) using the functions 
of atmospheric CO2 concentration, atmospheric surface temperature, 
N fertilization and precipitation, as for wheat crop.

Terrestrial C sink
The terrestrial C sink, which is one of the drivers of changes in atmos-
pheric CO2 concentration, responds to changes in atmospheric CO2 
concentration and other environmental changes. The OSCAR model9 
divided global land into five categories: bare soil, forest, grassland and 
shrubland, cropland and pasture. The change in the terrestrial C sink 
(ΔE↓land, Gt C year−1) for each biome relative to the pre-industrial period 
(1850–1900) was estimated as:

E e rh rh A AΔ = (Δ + Δ + Δ − ΔNPP) ( + Δ ) (7)land t t t t t↓
fire litter soil

0

in which A0 is the pre-industrial area for this biome, ΔAt is the change 
in area relative to the pre-industrial period, Δet

fire is the change in the 
flux of C from biomass burnt in wildfires, Δrht

litter is the change in the 
flux of C from biomass to the atmosphere when C in litter is oxidized by 
heterotrophic respiration, Δrht

soil is the change in the flux of C from soil 
to the atmosphere when soil C is oxidized by heterotrophic respiration 
and ΔNPPt is the intensive change in net primary production. Δet

fire was 
calculated as a function of the fire intensity and the amount of living 
biomass, in which the fire intensity was represented as a function of 
surface air temperature, precipitation and atmospheric CO2 concentra-
tion9. Δrht

litter was calculated as a function of the litter C concentration, 
annual mean atmospheric temperature and precipitation57. Δrht

soil 
was calculated as a function of the soil C concentration, annual mean 
atmospheric temperature and precipitation9. ΔNPPt was calculated 
for cropland using equation (1) and for other biomes as a function of 
atmospheric CO2 concentration, annual mean atmospheric tempera-
ture and precipitation9.

LUC emissions of CO2

The conversion of marginal lands first and then forests to cropland 
to meet the increasing food targets leads to further LUC emissions of 
CO2 by affecting the stock of C in living biomass, litter and soil C pools 
and harvested wood products. LUC emissions (ΔELUC) depend on the 
changes in C stocks in different pools:

∑E C C C CΔ = −
d

dt
Δ + Δ + Δ + Δ (8)

p

p
LUC veg litter soil hwp











in which p is the use of a wood product (1 for fuel wood, 2 for pulp-based 
products and 3 for hardwood-based products) and ΔCveg, ΔClitter, ΔCsoil 

and ΔChwp indicate the stocks of C in living biomass, litter, soil and har-
vested wood products, respectively. ΔCveg, ΔClitter, ΔCsoil and ΔChwp were 
calculated on the basis of the changes in the area from one biome to 
another biome and on the C concentration in each pool. The C concen-
tration in each pool was simulated using the dynamic scheme that is 
calibrated by the flux of C in the CMIP5 model63. The total LUC emissions 
from 1800 to 2020 are estimated at 137 Gt C, which is in the range of 
the estimates since 1800 (100–180 Gt) by Erb et al.65.

N2O emissions
N2O was treated as a well-mixed GHG in the OSCAR model. Anthropo-
genic sources of N2O include direct and indirect emissions from agri-
culture, energy production, industry, waste and wildfires59,66,67. Natural 
sources of N2O include emissions from tropical soils68 and emissions 
from the application of N fertilizers69. N2O in the atmosphere is mainly 
removed by stratospheric photolysis, the rate of which is a function of 
the stratospheric N2O concentration owing to the autocatalytic feed-
back of N2O by reducing the concentration of stratospheric ozone70. 
For the future simulations, we modelled the agricultural practice of N 
fertilization with the average length of growing season (153 days)69. N2O 
emissions were converted to equivalent CO2 emissions using a constant 
ratio of 81.3 g C to 1 g N2O (ref. 69). For the future scenarios, N2O emis-
sions converted to equivalent CO2 emissions (ΔEN2O-fertilizer, t C year−1) 
owing to agricultural N fertilization in cropland were represented by 
an exponential function69:

E D A σ ZΔ = 4.93 ⋅ ⋅ ⋅ ⋅ exp(0.0134 ⋅ ) (9)N2O−fertilizer N2O

in which Z is the intensity of N fertilization in the cropland (kg ha−1), D 
is the duration of N fertilization, A is the area of cropland and σN2O is the 
coefficient for converting N2O emissions to equivalent CO2 emissions.

Average growing-season temperature in cropland
We used the OSCAR model to simulate the average atmospheric tem-
perature (Tjt) in cropland in region j in year t during the growing season 
based on the pre-industrial temperature for cropland in region j during 
the growing season (Tj0) and degree of global warming relative to the 
pre-industrial period (1850–1900) (ΔTjt):

T T ω T= + Δ (10)jt j j t0

in which j is the region (1 for North America, 2 for South and Central 
America, 3 for Europe, 4 for the Middle East and northern Africa, 5 for 
tropical Africa, 6 for the former Soviet Union, 7 for China, 8 for southern 
and south-eastern Asia and 9 for the developed Pacific region) and ωj is 
the ratio of regional to global warming, calibrated for each region from 
an ensemble of CMIP models31. Atmospheric surface temperature dif-
fers between cropland and other land types and between the growing 
and non-growing seasons in a region, so we assumed that the change 
in atmospheric growing-season temperature was homogeneous in a 
region. We estimated the average growing-season temperature by coun-
try based on global crop calendar data71 (Supplementary Data Set 3).

The degree of global warming (ΔTt) was simulated as a function of 
anthropogenic radiative forcing (ΔRF) of GHGs, ozone precursors, 
aerosols and aerosol precursors and the natural forcings caused by 
various anthropogenic activities:

τ
d

T λ T θ T D
d

t
Δ = ΔRF − Δ − (Δ − Δ ) (11)t t t t

in which τ is the temporal inertia of global mean atmospheric tem-
perature, λ is the equilibrium climate sensitivity, θ is the coefficient 
determining exchange of energy between the Earth surface and deep 
oceans and ΔD is the change in temperature of deep oceans. These 
parameters are identical to those determined by previous studies55–57. 



In the OSCAR model, we calibrated the pre-industrial surface air tem-
perature in the growing season over cropland (Tj0) in country j using 
the observed average temperature in the growing season in cropland 
for 2016–2019 (Tj,2016-2019) in country j and the simulated change in 
atmospheric surface temperature in this country in 2019 relative to 
the average of 1850–1900 (ΔTj,1900-2019). Atmospheric temperature in 
the growing season in cropland for 2016–2019 by country (Tj,2016-2019) 
was estimated from the global gridded daily temperature reanalysis 
dataset of the Global Forecast System released by the National Centers 
for Environmental Prediction72.

Global data of crop yields, cropland area and N fertilization
We compiled the yields of crops by country for 1961–2019 from the 
FAO global agricultural dataset40. We simulated the national crop 
yields for 2020–2200 using equations (2)–(6) based on the simulated 
atmospheric CO2 concentration, the simulated average growing-season 
temperature, the simulated precipitation and the targeted intensity of 
N fertilization. We compiled the national areas of cropland growing 
cereals, roots and tubers, beans, oil crops, fibre crops, sugar crops, pri-
mary fruits and primary vegetables for 1961–2019 from the FAO global 
agricultural dataset of cropland area40. The area of marginal lands is 
derived from a previous study73. We applied the per capita cropland area 
in 2020 to the period from 2020 to 2200 as a constant in the scenario 
without cropland expansion. In the scenarios of cropland expansion, 
we increased the per capita cropland area in 2020 to a specific area 
(0.16, 0.17,…, 0.24 ha) to meet the caloric targets of 1.5–2.5 Mcal day−1 
in 2030 in countries in which the cropland area is below this threshold, 
whereas the cropland area is maintained at the 2020 level for countries 
above this threshold. We assumed that first marginal lands and then 
forests in the expansion of cropland were converted to cropland74. We 
estimated the impact of a higher per capita food demand by adopting 
the national population in 2020 (ref. 75) to estimate the total area of 
croplands based on the per capita cropland area by country for years 
after 2020, so we took population as a control variable to estimate the 
impact of increasing per capita food demand on cropland area76. We 
estimated the amount of synthetic N fertilizer applied to the cropland 
in 167 countries for 1961–2019 by subtracting the amount of synthetic 
N fertilizer applied to pastures52 from the amount of synthetic N fer-
tilizer applied to both pastures and cropland from the FAO dataset of 
fertilizers77. In the future scenarios of intensified N fertilization, we con-
sidered that the intensity of N fertilization increases to a specific level 
(100, 110,…, 300 kg ha−1) during 2020–2030 in countries in which the 
intensity is below this threshold, whereas N fertilization is maintained 
at the 2020 level for countries above this threshold.

Calculation of calories in crops
We calculated the calories in cereal crops based on the production of 
wheat, rice and maize in the OSCAR model. We estimated the calories 
in a crop (L) based on the crop yield (Yi) and the cropland area (Ai):

∑L χA Y η ω E= (1 − ) (12)
i

i i i i i
=1

3

in which i is a crop, χ is the fraction of food loss and waste (56% for 
developed countries and 44% for developing countries)78, ηi is a fac-
tor for converting the agricultural product produced to the part that 
is edible79, ωi is the fraction of crops used for animal feed and other 
non-food purposes and Ei is the caloric content by weight for each crop. 
The fraction of crops used for animal feed and other non-food pur-
poses was derived from the FAO global food-balance dataset80. Caloric 
contents were compiled for wheat, rice and maize from the Calories 
dataset81. For each country, we considered the calories provided by the 
animal products compiled from the FAO global food-balance dataset75 
as a constant, which were added to the calories provided by crops. The 
parameters χ, ηi, ωi and Ei by crop are listed in Supplementary Table 6.

Negative emissions from BECCS
We estimated the negative emissions from BECCS based on the quantity 
of agricultural residues that is harvested from crop production. Nega-
tive emissions from BECCS included the reduction in CO2 emissions by 
substituting coal to produce the same amount of electricity in power 
plants and the sequestration of C in biomass to geological repositories19. 
We assumed that BECCS was deployed by retrofitting coal-fired power 
plants. We estimated the negative emissions from BECCS as a function 
of crop yield (Yi, g biomass ha−1 year−1) and cropland area (Ai, ha) at an 
efficiency of C capture and storage of 90%:
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in which i is a crop (that is, cereals, roots and tubers, beans, oil crops, 
fibre crops and sugar crops), μi is the fraction of dry biomass, fi is the 
concentration of C in dry biomass, Ii is the harvest index, defined as the 
ratio of the mass of the harvested yield to total above-ground biomass, 
Vi is the ratio of bioenergy to dry biomass (5 MWh (g biomass)−1)82, Vcoal 
is the energy content of coal (7.44 MWh (g coal)−1)83, ξ is the emission 
factor of coal (0.67 g C (g coal)−1)84 and ηcoal and ηbio are the efficiencies 
of power generation in coal-fired power plants (39.3%) and BECCS plants 
(27.8%), respectively85. The parameters μi, fi and Ii are listed by crop in 
Supplementary Table 4.

We assumed that BECCS was used for retrofitting coal-fired power 
plants (that is, to substitute up to 57%, 83% and 85% of electricity gener-
ated by coal in Asia, Europe and North America, respectively, in 2030) 
before retrofitting oil-fired and gas-fired power plants. We considered 
four scenarios to examine the impacts of alternative bioenergy appli-
cations (Supplementary Fig. 9). First, we considered that BECCS was 
used for substituting oil or gas rather than coal, in which less emissions 
were abated owing to a higher power generation efficiency (41% and 
47% for oil and gas86, respectively, versus 39% for coal85) and a lower CO2 
emission factor (0.7 and 0.4 t CO2 MWh−1 for oil and gas87, respectively, 
versus 0.85 t CO2 MWh−1 for coal84) in power plants. Second, there are 
technological and market barriers for using bioenergy in transport88,89, 
which make it difficult to equip CCS on vehicles90. We considered a 
scenario in which biomass produces bioethanol with a 16% energy 
loss in production91 to substitute vehicle oils without CCS. Third, we 
considered a scenario in which the efficiency of energy conversion 
was increased from 27.8% for BECCS power plants in our central case 
to 47.5% in biorefinery plants42, but 15% of CO2 released at a high purity 
during the fermentation process can be captured43. Last, we considered 
an optimistic scenario in which the efficiency of energy conversion 
was improved from 27.8% to 47.5% in biorefinery plants, but 55% of 
CO2 released during the fermentation process in gasification can be 
captured at a high purity43.

Our method for estimating the quantity of agricultural residues for 
BECCS differed from those in previous studies (such as ref. 92) based 
on crop NPP, which scaled as the assumed fraction of agricultural 
residues that can be harvested in the field. We derived the quantity of 
agricultural residues from the quantity of the harvested grain using the 
crop-specified straw-to-grain ratio for above-ground biomass (exclud-
ing the difficult-to-obtain biomass, such as roots). The quantity of the 
collected agricultural residues for bioenergy (qstraw) could be computed: 
qstraw = xstraw·ηstraw = [xgrain·(1 − Ii)/Ii]·ηstraw = [qgrain/ηgrain·(1 − Ii)/Ii]·ηstraw =  
[qgrain·(1 − Ii)/Ii]·(ηstraw/ηgrain), in which xstraw is the quantity of agricul-
tural residues from all crops growing in the field, ηstraw is the fraction 
of agricultural residues that can be harvested for use as bioenergy, Ii 
is the harvest index, defined as the ratio of the mass of the harvested 
grain to total above-ground biomass (Supplementary Table 4), qgrain is 
the quantity of harvested grain and ηgrain is the fraction of grown grain 
that can be harvested for food. In the literature, ηgrain varies from 80% to 
95% (refs. 93,94) and ηstraw varies from 83% to 90% (refs. 95,96), which both 
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depend on the locations, type of crop and technology of pretreatment. 
We considered that the pretreatment of straw can improve ηstraw (for 
example, by reducing the volume of straw95), whereas the emissions of 
CO2 from diesel in the pretreatment estimated in our previous study19 
have been considered in this study. Therefore, we converted the quan-
tity of harvested grain (qgrain) to the quantity of harvested residue (qstraw) 
by assuming that it is possible to be equally efficient in harvesting grain 
and residue. However, this calculation may lead to an upper estimate 
of the effect of BECCS in mitigation, because sustaining a high ηstraw for 
long time may reduce soil fertility and require more fertilizer applica-
tions, which deserves attention97.

Uncertainty analyses
We estimated the uncertainty in global warming and crop calories by 
running valid Monte Carlo simulations 1,000 times using the OSCAR 
model9, randomly drawing parameters from their uncertainty distribu-
tions98. Parameters that varied in the Monte Carlo simulations were: 
(1) anthropogenic emissions of CO2, methane and N2O, LUC emissions 
of CO2, emissions of halogenated compounds, ozone precursors (NOx, 
CO), VOCs, aerosols (BC, OC, sulfate and nitrate) and aerosol precur-
sors (SO2, NOx, O3, NH3); (2) natural radiative forcings; (3) parameters 
governing the processes in oceans, biospheres, wildfires, land uses, 
hydroxyl groups, wetlands, photolysis, tropospheric ozone, strato-
spheric ozone, sulfate formation, nitrate formation, secondary organic 
aerosols, direct and indirect radiative forcings of aerosols, changes in 
surface albedo, temperature changes, precipitation and ocean acidifi-
cation; and (4) the fitted coefficients αC, βC, γC, αT, βT, γT, αZ and γ Z in the 
relationships between crop yields and atmospheric growing-season 
temperature, atmospheric CO2 concentration and intensity of N ferti-
lization. The standard deviations of these fitted coefficients as normal 
distributions were derived from the regression models, which are listed 
in Supplementary Table 5. We used the interquartile range and the 
range of 90% uncertainty from Monte Carlo simulations to indicate 
the uncertainties in the simulated global warming, crop production 
and per capita calories.

Data availability
Further material is available in the Supplementary Materials. Code 
and data used for our analyses are available on the GitHub repository: 
https://github.com/rongwang-fudan/OSCAR_Agriculture_Global.
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