Global nitrogen needs to improve wheat yield under climate change
[bookmark: _Hlk107332993]Pierre Martre1*, Sibylle Dueri1, Jose Rafael Guarin2,3,19, Frank Ewert4,5, Heidi Webber4,6, Daniel Calderini7, Gemma Molero8, Matthew Reynolds9, Daniel Miralles10, Guillermo Garcia10, Hamish Brown11, Mike George11, Rob Craigie11, Jean-Pierre Cohan12, Jean-Charles Deswarte13, Gustavo Slafer14,15, Francesco Giunta16, Davide Cammarano17, Roberto Ferrise18, Thomas Gaiser5, Yujing Gao19, Zvi Hochman20,$, Gerrit Hoogenboom19,21, Leslie A. Hunt22, Kurt C. Kersebaum4,23,24, Claas Nendel4,24,25, Gloria Padovan18, Alex C. Ruane26, Amit Kumar Srivastava5, Tommaso Stella4, Iwan Supit27, Peter Thorburn20, Enli Wang28, Joost Wolf29, Chuang Zhao30, Zhigan Zhao28,31, Senthold Asseng32
1. LEPSE, Univ Montpellier, INRAE, Institut Agro Montpellier, Montpellier, France
2. Center for Climate Systems Research, Columbia University, New York, NY, USA
3. NASA Goddard Institute for Space Studies, New York, NY, USA
4. Leibniz Centre for Agricultural Landscape Research, Müncheberg, Germany
5. Institute of Crop Science and Resource Conservation, University of Bonn, Bonn, Germany
6. Brandenburg University of Technology Faculty of Environment and Natural Sciences, Cottbus, Germany
7. Institute of Plant Production and Protection, Austral University of Chile, Valdivia, Chile
8. KWS, Lille, France
9. International Maize and Wheat Improvement Center, Mexico DF, Mexico
10. Department of Plant Production, University of Buenos Aires, IFEVA-CONICET, Buenos Aires, Argentina
11. The New Zealand Institute for Plant & Food Research Limited, Christchurch, New Zealand
12. ARVALIS, Loireauxence, France 
13. ARVALIS, Villiers-le-Bâcle, France
14. Department of Agricultural and Forest Sciences and Engineering, University of Lleida, AGROTECNIO-CERCA Center, Lleida, Spain
15. Catalonian Institution for Research and Advanced Studies, Lleida, Spain
16. Department of Agricultural Sciences, University of Sassari, Sassari, Italy
17. Department of Agroecology, iClimate, CBIO, Aarhus University, Tjele, Denmark
18. Department of Agriculture, food, environment and forestry, University of Florence, Florence, Italy
19. Agricultural and Biological Engineering Department, University of Florida, Gainesville, FL, USA
20. CSIRO Agriculture and Food, Brisbane, Queensland, Australia
21. Global Food Systems Institute, University of Florida, Gainesville, FL, USA
22. Department of Plant Agriculture, University of Guelph, Guelph, Ontario, Canada
23. Tropical Plant Production and Agricultural Systems Modelling, University of Göttingen, Göttingen, Germany
24. Global Change Research Institute, Academy of Sciences of the Czech Republic, Brno, Czech Republic
25. Institute of Biochemistry and Biology, University of Potsdam, Potsdam, Germany
26. Climate Impacts Group, National Aeronautics and Space Administration Goddard Institute for Space Studies, New York, NY, USA
27. Water Systems and Global Change Group, Wageningen University, Wageningen, The Netherlands
28. CSIRO Agriculture and Food, Canberra, Australian Capital Territory, Australia
29. Plant Production Systems, Wageningen University, Wageningen, The Netherlands
30. College of Resources and Environmental Sciences, China Agricultural University, Beijing, China
31. Department of Agronomy and Biotechnology, China Agricultural University, Beijing, China
32. Technical University of Munich, Department of Life Science Engineering, Digital Agriculture, HEF World Agricultural Systems Center, Freising, Germany
$ Current address: University of Melbourne, Melbourne, Australia
*Corresponding author: Pierre Martre
Email: pierre.martre@inrae.fr

Abstract
[bookmark: _Hlk108108464]Increasing global food demand will require more food production without further exceeding the planetary boundaries, while at the same time adapting to climate change. We used an ensemble of wheat simulation models, with improved yield traits from the highest-yielding wheat genotypes to quantify potential yield gains and associated N requirements. This was explored for current and climate change scenarios across representative sites of major world wheat producing regions. The improved yield traits increased yield by 16% with current N fertilizer applications under both current climate and mid-century climate change scenarios. To achieve the full yield potential, a 52% increase in global average yield under a mid-century high warming climate scenario (RCP8.5), fertilizer use would need to increase fourfold over current use, which would unavoidably lead to higher environmental impacts from wheat production. Our results show the need to improve soil N availability and N use efficiency, along with yield potential.
Main text
Wheat is the most important food crop in the world1 but even more will be needed to satisfy the increasing demand associated with continuous population and economic growth2-5. However, wheat cropping contributions to biodiversity loss6,7, surface and ground water pollution8, and greenhouse gas emission through fertilizer and pesticide use and mechanization are significant9. In fact, agriculture, with wheat cropping being a major component, has contributed to the transgression of several of the safe and equitable planetary boundaries in several world regions10,11, mainly due to N fertilizer use12. The recovery efficiency of N fertilizer applied to wheat crops varies greatly (20-90%) between regions and between farms within a region13. Globally, wheat crop takes up only 48% of applied nitrogen (N) fertilizers in famers’ fields, with most of the remainder being lost to the environment14. Not surprisingly, N use efficiency (NUE, the amount of grain yield produced per amount of crop available N) is used as an indicator for monitoring and assessing progress in achieving the United Nation’s Sustainable Development Goals15. While food production needs to continue to increase, it must simultaneously reduce its negative footprint on the environment16. Climate change will further challenge both of these17,18.
Plant breeding and biotechnology have seen significant public and private investments to improve crop yield and increase the overall resilience of agriculture to climate change19. During the past seven years, the International Wheat Yield Partnership (IWYP20) has significantly contributed to this effort, with the goal to increase wheat yield potential by 50% in 20 years. Previous investments at CIMMYT supported a linear increase in grain yield potential since the Green Revolution in the 1960’ and 1970’s21,22, which contributed to a four-fold increase in global cereal production during the same period23. However, in many regions of the world, the translation of genetic yield progress into farmers’ fields is increasingly constrained by significant yield gaps, that is, the difference between currently achieved yields in farmers’ fields and the yield that can be achieved by using the best adapted cultivar with the best current crop and land management practices24.
In most regions of the world, soil nutrient availability, primarily N, is the main factor constraining wheat yield gap closure25-28. However, the amount of N fertilizer that will be required to increase crop yield potential using current yield traits has not yet been investigated. Recent simulation studies have evaluated potential yield gains for wheat and rice through in silico ideotype selection, showing that a mean yield increase of 16% to 100% may be possible through optimal cultivar design29,30. However, these studies considered neither the genetic constraints between physiological traits that define the phenotypic space for wheat, nor the increase in wheat cropping systems intensification that would be required to reach simulated potential yields. In this study, we analyzed the improvement in grain yield that can be expected from promising yield trait combinations (ideotypes) identified by crop physiologists in large genetic populations and that currently incorporated by breeders in their breeding germplasms20. We quantified yield increase with present N application rates and the amount of N-fertilizer needed to achieve full yield potential with these improved traits. Finally, we quantified the increase in the global amount of N fertilizer use that would be needed to close the yield gap with the best available genetic resource combining high-yielding traits, for both current and future climate scenarios.
First, we used a multi-model ensemble (MME) of 12 wheat models (Supplementary Table S1) that we tested at five global high-yielding field sites with contrasting growing season duration, climate (Supplementary Fig. S1), and grain yield potential. The MME simulated grain yield satisfactorily with an overall relative error (RRMSE) of 12% (Fig. 1; Supplementary Table S2). It also simulated well the above-ground biomass, harvest index, grain number, and average grain dry mass with overall RRMSEs ranging from 6% (for harvest index) to 22% (for average grain dry mass; Supplementary Table S2).
We then applied the MME at 34 high-rainfall or irrigated sites across the major wheat producing regions of the world. For the 1981-2010 period, the MME simulated average N-unlimited yields ranging from 4.7 t ha-1 (at Wad Medani, The Sudan) to 13.4 t ha-1 (at Leeston, New Zealand; Fig. 1), with a global average of 9.1 t ha-1 (Extended Data Fig. 1). Projected average N-unlimited grain yield for the 2040-2069 future period under RCP4.5 and RCP8.5 increased at 21 sites (from 1.4% to 10.9%) and 23 sites (from 2.3% to 16%), while it decreased at 13 sites (from -0.6% to -20.5%) and 11 sites (from -0.1% to -26.6%), respectively (Fig. 1), due to specific compounding regional and climate change effect. 
To explore the extent of possible improvements in wheat yield potential, first, we analyzed the genetic variability and the phenotypic space of sink-source traits driving high yields for a population of doubled haploids (DH) obtained from a cross between Bacanora and Weebil, two high-biomass elite spring wheat cultivars. The best DH lines have grain yield up to 17.85 t ha-1, a 31.8% and 21.7% increase compared Bacanora and Weebil, respectively31. Compared to Bacanora, which we used as a reference elite cultivar in this study, the best-yielding DH line had a 34% higher light use efficiency (LUE), a 10% higher canopy light extinction coefficient (K), a 21% higher potential grain-filing rate (GFR), and a 16% higher average grain dry mass (GMpot; Fig. 2A, Supplementary Table S3). The fruiting efficiency (FE, the number of grains set per unit of ear dry mass at anthesis), and the grain filling duration (GFD) were 5% and 4% lower for the best yielding line compared with Bacanora, respectively.
We further analyzed the relationship between these sink-source traits for the High Biomass Association Mapping Panel (HiBAP). This panel consists of 143 spring wheat elite genotypes including landraces and synthetically derived lines32. LUE, FE, GMpot, and GFR were positively correlated with grain yield (Fig. 2A). These traits were not independent. LUE was correlated with GMpot, GFR, and GFD; GFR was correlated with K, FE, GMpot, and GFD; and GMpot was correlated with FE and GFD. As for the Bacanora x Weebil DH population, high grain yield was associated with high values of LUE, FE, GMpot, and GFR, while GFD and K appeared less important (Fig. 2B). The similar values of FE for Bacanora and the best-yielding DH line is likely due to the very high value of these traits for the former, which was close to the highest values calculated in the HiBAP panel (Fig. 2A).
We tested the MME with the trait combination of the best-yielding DH line at three global sites. For all field trials, the MME simulated grain yield of the best-yielding DH line with a RRMSE of 22% (Supplementary Table S2). The MME also simulated well the effect of the high-yield traits combination on above-ground biomass, but it overestimated the increase in grain number, which was compensated for by an underestimation of average grain dry mass (Extended Data Fig. 2, Supplementary Table S2). For the 34 global sites for the baseline period, the simulated N unlimited grain yield for the high yield ideotype increased between 21.7% (at Orleans, France) and 68.3% (at Karaj, Iran) as compared to locally adapted elite cultivars (Fig. 1). We found a similar yield increase under RCP4.5 (ranging from 12.0% to 68.4%) and RCP8.5 (ranging from 11.7% to 64.0%) future climate scenarios, showing, as expected, that these constitutive (i.e. expressed in all environments) high yield traits are climate neutral (Extended Data Fig. 3), that is with the same yield gain in both current and future climate scenarios.
[bookmark: _Hlk159318482]We then simulated the response of grain yield (Extended Data Figs. 4), N used efficiency (Extended Data Figs. 5) and grain protein concentration (Extended Data Figs. 6) to N fertilizer application and estimated the impact of high-yielding traits at the N fertilizer rate currently applied in farmers’ fields at national level. Frist, we evaluated how the MME estimated national average N application rates and yields, and global yield gap. The MME reproduced well the response of grain yield to plant available soil N (Supplementary Fig. S2), as well as the responses of crop N, N surplus (total above ground N minus N applied N fertilizer), and NUE (Supplementary Fig. S3) observed in long term field experiments33. Simulated N application rates aggregated to national levels at historical national average grain yield (interpolated from Extended Data Fig. 4) were well correlated with reported national N application rates (r2 = 0.63, P < 0.001; Extended Data Fig. 7A). Similarly, simulated yields aggregated to national levels at reported national average N fertilizer application rates were well correlated with reported national yields (r2 = 0.73, P < 0.001; Extended Data Fig. 7B). However, on average the MME overestimated national yields by 43% and underestimated national N application rates by 54 kg N ha-1, which is expected due to impact of pests, diseases and weeds on grain yield or negative responses to some extreme climatic impact-drivers34,35 which are not considered in the wheat crop simulation models used in this study. Aggregated to global level, average simulated grain yield at the reported national average N fertilizer application rate for the baseline period was 5.66 t ha-1 compared with 3.45 t ha-1 for the average reported yield for the 2015-2019 period. (Fig. 3A). The average global yield gap due to N availability was 4 t ha-1 which corresponds to a 78% yield increase if the global yield gap due to N availability was closed to 100%. This global yield gap is not significantly different from previous reports (71%)28, considering the uncertainty in both estimations, and it agrees well with reports that have shown that N availability is the main cause for the wheat yield gap for several important global wheat production regions26-28.
[bookmark: _Hlk159315090]At the current N fertilizer rates, the high-yielding traits increased average global yield by 16% for the baseline period and by 15% and 17% for mid-century RCP4.5 and RCP8.5 climate scenarios, respectively (Fig. 3D). As a result, NUE was on average 17% higher for the high yield ideotype than for the standard elite cultivars for the baseline period and under the RCP4.5 and RCP8.5 future climate scenarios. The benefit of the high-yielding traits on simulated yield increased with increasing N application rate (Fig. 3A). We calculated the N application rate maximizing grain yield of standard elite cultivars and the high yield ideotype at each of the 34 global sites (Extended data Fig. 4). Although baseline N may vary significantly with soil type, weather conditions, production system, or mineral soil N residue, simulated N fertilizer application rates that maximize yields at the 34 global sites were in good agreement with values reported in the literature for different regions (e.g. 75-125 kg N ha-1 in the Indo-Gangetic Plains of India36; 120-130 kg N ha-1 in the Canadian prairie37, 150-180 kg N ha-1 in the Pacific Northwestern USA38,39, and 200 kg N ha-1 in the UK33, 250 kg N ha-1 in North China Plain40). At the optimum N application rate to maximize grain yield (for both standard elite cultivars and the high-yielding ideotype), simulated global average yield increased by 40% with the high-yielding traits for the baseline period, and by 38% and 43% for the mid-century RCP4.5 and RCP8.5 climate scenarios, respectively. Such an increase in grain yield would increase the average global crop N demand by 27% for the baseline period and by 27% and 31% (Fig. 3E) for the mid-century RCP4.5 and RCP8.5 climate scenarios. To meet the higher N demand of the high yielding ideotypes, global N fertilizer use was projected to increase by 46% under the current climate and by 47% and 50% (Fig. 3F) under the RCP45 and RCP8.5 future climate scenarios, respectively. These numbers may be overestimated, as not all yield-limiting factors are considered by the MME (see above), but this bias was most likely limited. The uncertainty of N requirements to maximize grain yield due to crop models was slightly higher than the variability across locations (Supplementary Fig. S4).
Maintaining grain protein concentration, the main determinant of wheat end-use values, at the value required for bread making (i.e., 12%) may require even more N fertilizer with improved high-yielding wheats. With current N fertilizer application rates, simulated global average grain protein concentration decreased by 1.3 percentage points (average grain protein content 8.9%) with the high-yielding traits for the baseline period (Fig. 3C, Extended Data Fig. 8), and by 1.1 and 1.2 percentage points under the RCP4.5 and RCP8.5 future climate scenarios, respectively. In the field, a trade-off between grain protein concentration and N utilization efficiency (defined as grain yield divided by N uptake) is usually observed, for both environmental and genetic sources of variations41. In good agreement, we found a unique relationship between simulated grain protein concentration and N utilization efficiency (Supplementary Fig. S5). Owing of the similar N remobilization efficiency of the high yield ideotype and standard elite cultivars this trade-off resulted in the dilution of grain protein (Supplementary Fig. S6).
With high-yielding traits, we predicted that crop N demand to maximize grain yield and maintain grain protein concentration > 12% would increase by 46% compare with standard cultivars (Fig. 3E), which would require 40% more N fertilizer for the baseline period (Fig. 3F). Globally, 19 Tg year -1 of N fertilizer are applied to wheat14,42. If the crop N demand of the high yield ideotype at its potential yield was to be met by mineral N fertilizer, 55 Tg N year-1 of additional N fertilizer would be required now compared with the current global N fertilizer use, and 56 and 59 Tg N year-1 in mid-century under RCP45 and RCP8.5 climate scenarios, respectively. This represents an almost fourfold increase in N fertilizer use compared to the farmers’ current practices.
The high yielding ideotype has shown similar positive yield benefits under current and future climate change scenarios across the world (Extended data Fig. 9). With yield benefits also under future climate change scenarios, this high yielding ideotype should be pursued in wheat breeding programs to support future food security, as this trait combination was observed in the field (Fig. 2). The simulated increase in NUE with these high-yielding traits would reduce the environmental footprint of wheat cultivation. However, the full realization of the potential yield benefits of these high-yielding traits, which would match the wheat production needed to feed the global population by mid-century2, will only be possible with significantly more N fertilizer input, which in turn will further threaten the planetary boundaries. Therefore, new sources of N and novel solutions to improve N management reducing N fertilizer losses for high-yielding wheat crops are urgently needed, in particular in regions where yield is already strongly limited by nutrients, like Africa25, and where the access to fertilizer is most difficult.
[bookmark: _Hlk159339370][bookmark: _Hlk159666945]An integrated analyses N needs should consider, agronomic, genetic, and socio-economic drivers at local and regional scales to identify pathways for more sustainable crop production43,44. A variety of agronomic practices and genetic solutions could substantially increase NUE at the field and farm levels at a rate of 1% per year or more44,45. The use of biological N fixation from legume crops is currently the most renewable source of N, but might not be sufficient to realize the benefits of new cultivars with high-yield traits46 and a significant additional N demand. Biological nitrification and ammonia volatilization inhibitors are nature-based solutions that may help reducing greenhouse gas emission from N fertilizer and increasing N availability47. However, none of these solutions alone is likely to allow the level of intensification of wheat cropping required to fully benefit from the genetic improvement of wheat yield potential. 
[bookmark: _Hlk159323525]The use of N fertilizer also depends on socio-economic drivers, such as access to resources, markets, and technology, changes in diets and food choices, or the role of policies and institutions in promoting sustainable agricultural practices33,48. The rates of N fertilizer application estimated in this study may be significantly higher than the rates giving the maximum financial farming profits (that is considering the crop sale price and the fixed and variable costs of farm and contracted labor, capital and N fertilizer inputs) or the optimum the rate for society (that is considering the external cost of N pollution). Using a basic macroeconomic model, van Grinsven et al.33 found that the latter may be 40% lower than the optimal N rate that maximize grain yield. The balance between high yield and farming and society returns, define a safe operation space of N application49,50, above which development and access to higher-yielding varieties is a better strategy for more sustainable agriculture than strategies to increase application of synthetic nitrogen33.
[bookmark: _Hlk159667185]While here we focused on the role of N fertilizer in closing the yield gap and improving wheat yield potential, other nutrients, such as P and K, should also be considered. Under high yield conditions, the N:P and N:K ratios vary within a relatively narrow range51,52. Therefore, the supply of other nutrients would need to be increased along with N to maintain the stoichiometry between nutrients. 
The first Green Revolution was realized by solving the genetic-agronomic-socioeconomic-policy nexus53. The next Green Revolution will require finding novel solutions for supplying sufficient nutrients for higher-yielding crops while simultaneously addressing climate change adaptation and mitigation and reducing environmental damages53. Genetic variability in key yield-related traits is available in elite genetic resources now (Fig. 2) but incorporating such cultivars in farmers’ fields must address sustainable increase in N availability to crops to realize the full potential of improved wheat cultivars53-55.
Methods
Multi-model ensemble
A multi-model ensemble (MME) of 12 process-based wheat crop models (Supplementary Table S1) was used in this study. The models were tested at five high-yielding global locations using data sets from quality‐assessed field experiments and then applied at 34 representative locations across the world. All model simulations were executed by the individual modeling groups.
Field experiments for model testing
We evaluated the performance of the 12 wheat crop models in simulating the measured crop growth, yield components, and final grain yield for three independent global datasets from New Zealand (two locations), South America (three locations) and France (one location) to determine if the MME could simulate very high yields in environments with contrasted temperature and solar radiation patterns. In all experiments, the locally adapted elite cultivars were grown with ample N supply and agronomic practices to reach potential yield for the local soil and weather conditions. At all locations, irrigation was applied as needed to ensure that crop growth and final grain yield was not limited by water deficit. All other crop protection factors including weed, disease and pest control, potassium, phosphate, and sulfur fertilizers, were applied at levels to prevent any limitation on yield. Each experiment consisted of three to four replicated plots per treatments or cultivar. At all sites, daily weather data were provided from a weather station located < 2 km from the experimental field. For the South America experiments, the rainfall, wind speed, and relative humidity data were obtained from the NASA POWER database (https://power.larc.nasa.gov/). A brief description of the three datasets is provided below and in Supplementary Table S4. The ability of the MME to predict crop growth, yield components, and final grain yield measured associated with the high-yield traits identified in Bacanora x Weebil population and HiBAP panel (see below) was evaluated for the South America dataset.
New Zealand experiments – This dataset has been described in Dueri et al.56. The local elite winter wheat cultivar Wakanui was grown for six consecutive years in farmer’s fields, first at Leeston and then at Wakanui, in the Canterbury plan of the South Island of New Zealand. The Leeston farm established the Guinness World Record for the highest wheat grain yield in 2017 and 2020. In two years, crops were sown on two different dates, the locally recommended date and one month earlier, with the aim to increase biomass production during the autumn-winter period. The 12 crop models were calibrated with detailed crop data measured during the 2014–2015 growing season, including a combination of four sowing dates and four sowing densities, for a total of 16 different treatments. Two of the sowing dates and three of the sowing rate treatments were used only for model calibration.
South America experiments – The experiments used for model testing have been described in Bustos et al.31 and Garcia et al.57,58. The Bacanora x Weebil population (see below) was grown for three seasons at Valdivia, Chile, and one season at Buenos Aires, Argentina and Ciudad Obregon, Mexico. Here, we simulated only Bacanora and the best yielding DH line. We used additional field trial data for Bacanora at Valdivia, Chile and Ciudad Obregon, Mexico for model calibration (Supplementary Table S4). Detailed crop growth data for Bacanora were provided to the modeling groups for model calibration for five seasons at Valdivia, Chile, one season at Buenos Aires, Argentina, and four seasons at Ciudad Obregon, Mexico. No data were provided to modelers for the high yield DH line. Only the calculated trait percent changes (Supplementary Table S3) and instructions describing how to modify the calibrated cv. Bacanora traits for the high-yielding DH line were provided to modelers. The model genotypic parameters that correspond to the six physiological traits for each of the 12 models are provided in Supplementary Table S5. Not all models were able to modify all cultivar parameters.
France experiments –The experiments were conducted by ARVALIS on its experimental station at Rots, France. The experiment used one popular local cultivar (Apache) that was grown under optimal growth conditions for 11 years between 2002 and 2016.
Global simulations
Thirty-four high-rainfall or irrigated locations from key wheat growing regions in the world, including the five field experimental sites used for model testing, and representing about 70% of current global wheat production were used for a global impact assessment. Thirty of these locations were used in previous Agricultural Model Intercomparison and Improvement Project (AgMIP) Wheat studies17,59. They were selected using a stratified sampling method60 with several points per wheat mega region61. Each location represents an important wheat-growing area worldwide. A bias could be introduced by the selection of these representative sites. However, we previously showed that this stratified sampling across wheat mega regions combined with weighting by the production that each location represent gives similar temperature impact and uncertainty at country and global scale as aggregation of simulated grid cells62,63, and it reduces uncertainty when estimating yield potential and yield gaps compared to ‘top-down’ gridded frameworks64.
For each location, local mean sowing, anthesis and maturity dates were supplied with qualitative information on vernalization requirements and photoperiod sensitivity (Supplementary Table S6). Popular local winter or spring wheat cultivars were chosen based on the available field experiment data and the dominant type of that region.
Modelers were asked to sow at the supplied sowing dates and to calibrate their cultivar parameters against the observed anthesis and maturity dates by considering the qualitative information on vernalization requirements and photoperiod sensitivity.
[bookmark: _Hlk159329815]There are many reasons why sowing date may change under climate change, including changes in rainfall patterns or risks of frost in spring, constraints due to crop rotation, and pest and disease pressures, etc. Also new cultivars more tolerant to terminal heat stress may reduce the need to adapt the sowing date to cope with heat17. Therefore, due to the uncertainty of changes in sowing date in the future and because all locations receive high rates of precipitations or irrigation, we used the same sowing dates for the baseline and future climates. At each site, we considered 1000 kg DM ha-1 of cereal surface residues with an organic soil C to organic soil N ratio of 80 and initial soil mineral N were set at 33 kg N-NO3- ha-1 and 5.8 kg N-NH4+ ha-1 with 65%, 25%, and 10% in the 0-60, 06-90, and > 90 cm soil layers. Initial soil water of the entire soil profile was set at 75% of soil plant available water. All simulations were executed with unlimited N supply and with total N fertilizer application rates ranging from 0 to 450 kg N ha-1 in steps of 50 kg N ha-1, split into 0 to 4 applications depending on the total rate (Supplementary Table S7). For the irrigated sites, the modelers were asked to simulate with automatic irrigation or by applying sufficient irrigation to avoid any drought stress. No irrigation was applied in the rainfed sites. The main soil characteristics used for simulations are given in Supplementary Figures S7-8.
Daily weather data for each of the 34 global locations for the baseline period (1980-2010) were obtained from the AgMERRA climate dataset65, which combines observations, data assimilation models, and satellite data products to provide daily maximum and minimum temperature, total solar radiation, total precipitation, wind speed, vapor pressure, dew point temperature, and relative humidity corresponding to the maximum temperature time of day for each location. These data correspond to an atmospheric carbon dioxide concentration ([CO2]) of 360 ppm for the middle 1995 year. 
[bookmark: _Hlk499731927]Wheat production for the 34 global locations was also simulated under a climate change scenario corresponding to a moderate (RCP4.5, using 499 ppm [CO2] in 2055) and relatively high (RCP8.5, using 571 ppm [CO2] in 2055) emissions for the middle of the 21st century (2040-2069). Projections were taken from five global climate models (GCMs; HadGEM2-ES, MIROC5, MPI-ESM-MR, GFDL-CM3, and GISS-E2-R) drawn from the Fifth Coupled Model Intercomparison Project (CMIP5), with historical AgMERRA conditions modified to reflect projected changes in mean temperatures and precipitation along with shifts in the standard deviation of daily temperatures and the number of rainy days17. These scenarios were created using the Enhanced Delta Method66, and GCMs were selected to include models with relatively large and relatively small global sensitivity to the greenhouse gases that drive climate changes to account for the uncertainty of the CMIP5 GCMs ensemble67. We used the CMIP5 climate projections68 instead of the newer CMIP6 ScenarioMIP experiments69 to facilitate the comparison of climate change impacts with previous studies. In general, the CMIP6 and CMIP5 projections largely overlap, with the difference between models being larger than the difference between CMIPs70. The CIMP5 RCP4.5 and RCP8.5 result in similar 2010 radiative forcing levels to the CMIP6 SSP2-4.5 and SSP5-8.5 scenarios, but the CMIP6 scenarios showed slightly more negative globally aggregated yield impacts than the corresponding CMIP5 scenarios70. As we used a GCM subset including a variety of equilibrium climate sensitivities the differences would not be substantial.
The simulated grain protein concentration was calculated from the simulated percentage of grain N by multiplying by a conversion factor of 5.6271. All yield data were adjusted to 0.13 g water g-1 of moisture content. All other variables were expressed on a dry mass basis. Simulated NUE was calculated as simulated grain yield divided by the simulated amount of N available to the crop during the growing season. The latter was calculated as the sum of initial mineral soil N, applied N fertilizer, and simulated total soil N mineralization, minus simulated N loses by leaching, volatilization, denitrification, and immobilization.	 Simulated grain yield and N fertilizer application rate at each location were fitted with a spline function using the smooth.spline function of the stats package of the statistical software program R72. The rate of N fertilizer application to maximize grain yield was then calculated from the results of the spline fitting using the function predict of the stats R package as the N application rate at 90% of the maximum estimated grain yield. Nitrogen fertilizer application to wheat crops is usually managed to reach a target grain protein concentration, which vary according to the intended end-use. Therefore, we also calculated the N fertilizer application that maximize grain yield with a minimum grain protein concentration of 12%, considered as the optimum protein concentration for bread making. In the few cases where the maximum grain protein concentration was < 12%, the rate of N fertilizer to maximize grain yield was calculated at that grain protein concentration value. Simulated average grain yield for each location at the current N fertilizer application rate in each country was also calculated from the results of the spline fitting. The simulated national average grain yield was then calculated as the mean of the simulated average grain yield of the locations for the considered country. To upscale grain yield, total above grain N, grain protein concentration, and NUE simulated at the 34 locations to the globe, the results of each location were weighted by the Food and Agriculture Organization of the United Nations (FAO) wheat area that each location represented. Relative change in wheat production, crop N uptake (N demand), and N fertilizer application rate were calculated relative to the values for standard elite cultivars at the corresponding rate of N fertilizer applications. The climate change adaptation benefit for the high-yielding ideotype was calculated following Lobell73.
Historical national grain yield and N fertilizer use by wheat
National wheat production and area for the period 2016 to 2019 were obtained from the FAO public database (https://www.fao.org/faostat). National and global grain yields were calculated by dividing national and global production by national and global wheat area, respectively. N fertilizer used by wheat in each country of the 34 global locations was obtained from reports42,74-77. Data were available for one to three years depending on the country, as they showed no significant difference between years when several years were available, they were averaged (Supplementary Table S8). For consistency, global N fertilizer use by wheat was calculated as the sum of the values for the countries of the 34 global locations weighted by the fraction of the global wheat area each country represents. This method gave a global N fertilizer application rate that was close (73 vs 89 kg N ha-1) to that calculated from the global wheat area and global N use by agriculture reported by FAO, if we consider that both estimations come with large uncertainties, we assumed that  18% of the total amount of N fertilizer used by agriculture globally is applied to wheat42.
Reporting Summary. Further information on research design is available in the Nature Research Reporting Summary linked to this article.
Data availability
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Figure Legends
Fig. 1 | Simulated and measured nitrogen unlimited wheat grain yield response to high-yielding traits at 34 representative high-rainfall or irrigated global sites in the major wheat production regions. Circles on the map shows baseline average simulated grain yields for 1981-2010 with unlimited nitrogen (N) supply at 34 representative global high-rainfall or irrigated sites for locally adapted cultivars. The bar plots on the map show measured and simulated grain yield for locally adapted cultivars grown in the field at Rots, France for 11 years; Leeston, New-Zealand for six consecutive years; for the spring wheat cultivar Bacanora and a high-yielding line at Ciudad Obregon, Mexico for one years, Buenos Aires, Argentina for one year, and Valdivia, Chile for two years. The height of bars indicates medians and error bars of the inter-quartiles of measured (for n = 3 to 4 independent replicates at each location for each year) and the ensemble median of 12 wheat crop models. The box plots surrounding the map show simulated N unlimited grain yield for locally adapted cultivars without and with high yielding traits at the 34 global sites for the 1981-2010 baseline period and the 2040-2069 future period under RCP4.5 and RCP8.5. The black and white plot in the lower center of the map shows the scales and climate scenarios of the vertical and horizontal axis of the boxplots around the map, respectively. For each box plot, the vertical bars represent 1.5 times the interquartile range and the box represents the interquartile. Data are the average of 30 years of yield simulated with 12 wheat crop growth models, and for future climate scenarios of five global climate models, using region-specific soils, cultivars, and sowing data and unlimited N supply from soil N mineralization and N fertilizer application. Irrigated sites are indicated with an asterisk.
Fig. 2 | Analysis of the phenotypic space of yield related traits. (A) Relationships between grain yield, light use efficiency (LUE), light extinction coefficient for photosynthetically active radiation (K), fruiting efficiency (FE), grain dry mass (GMpot), grain filling rate (GFR), and grain filling duration (GFD) for 143 lines of the HiBAP spring wheat diversity panel (grey circles), the top 5% yielding lines of the HiBAP panel (green circles), and traits values used to simulate the standard cultivar (Baccanora; orange circles) and the highest-yielding line of the Bacanora x Weebil cross (red circles). Trait values for the high yielding line of the Bacanora x Weebil cross used for simulation were calculated from those estimated for Bacanora using the relative changes given in Supplementary Table S2. Data are the mean of two years of field experiments conducted at Ciudad Obregon, Mexico. Note that no grain yield is shown for the high yielding line of the Bacanora x Weebil cross as this line is not part of the HiBAP panel and was not grown in the same environment. Grey lines are locally estimated scatterplot smoothing fitted to the data. Pearson correlation coefficient is given in each panel with it is significant level in parentheses (ns, P-value > 0.05, *, P-value < 0.05; **, P-value < 0.01; ***, P-value < 0.001). (B) Principal component analysis. The variables in blues were excluded from building the principal component axes. AGDM, above-ground dry mass; GN, grain number per square meter; HI, harvest index. 
Fig. 3 | Simulated global yield response to nitrogen (N) application for locally adapted cultivars without and with high-yielding traits under baseline and climate change scenarios. (A) to (C) simulated global grain yield, N use efficiency (NUE), and grain protein concentration responses to N application rate, respectively. Simulations are for locally adapted cultivars without (open symbols) and with (closed symbols) high-yielding traits (Supplementary Table S2) for the 1981-2010 baseline period (circles) and the 2040-2069 future period under RCP4.5 (triangles) and RCP8.5 (squares) climate change scenarios. Simulated grain yield, NUE, and grain protein concentration at 34 representative global sites were weighted and aggregated to global, based on national wheat growing areas they represent. In (A), the red cross shows the current global average grain yield at the current global average N application rate. In (D), simulated relative changes in global wheat production, (E) crop N uptake (N demand), and (F) N fertilizer application rate for high-yielding traits calculated at the average N fertilization rate currently used by farmers in each country (yellow bars) and at N rates that maximize grain yield at each location considering with (blue bars) or without (pink bars) a minimum grain protein concentration of 12%, respectively. Relative change values were calculated relative to the values for standard elite cultivars at the corresponding rate of N fertilizer applications. Data are the average of 30 simulated years with 12 wheat crop growth models, and for future climate scenarios from five global climate models, using region-specific soils, cultivars, and sowing data. The vertical bars represent 1.5 times the interquartile range and boxes represent the interquartile. The relative changes in production and N demand were weighted and aggregated globally, based on reported national wheat production data.
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