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Abstract: Global crop–climate impact studies using gridded, process-based models are essential for 

understanding how climate change may affect agricultural productivity. Due to high computational demand, these 15 

models are typically driven by a limited subset of projections from up to five global climate models (GCMs) from 

CMIP experiments. Yet, there is limited understanding of whether these subsets adequately capture variability in 

climate drivers within the whole ensemble and how the captured variability in drivers translates into crop yield 

impacts. Here, we analyze climate and crop yield projections from 29 GCMs contributing to CMIP6 ScenarioMIP 

that provide all required forcing variables and have been bias-adjusted and downscaled. To address computational 20 

constraints, we apply a high-performant crop model emulator to estimate yields of four staple crops across 150k 

global locations under the four core emission pathways and for the whole climate ensemble from 1984–2099. We 

then aggregate results to major regions and use linear programming with the objective to minimize ensemble sizes 

while bracketing projected changes in temperature, precipitation, or crop yields. I.e., we identify the smallest 

GCM subsets that capture each variables’ full range. We find that ensemble sizes required to bracket ranges for 25 

individual variables increase from temperature (around 5–20 GCMs) to precipitation and further to crop yields 

(about 10–29 GCMs each), depending on the selection of crops and scenarios, and the strictness of the boundaries. 

Capturing yield responses across contrasting crops and emission pathways commonly requires the full ensemble. 

Notably, bracketing climate variables alone fails to capture the range of yield outcomes, highlighting the limited 

predictive value of individual climatic drivers. Our results emphasize the need for thorough contextualization of 30 

GCM selection in impact studies and suggest that emulators can fill a gap in complementing mechanistic model 

simulations with comprehensive climate uncertainty quantification. 

1 Introduction 

Forcing process-based impact models with projections from global climate models (GCMs) is a central approach 

to forward-looking climate impact and adaptation planning and to inform policymaking for climate mitigation 35 

(Bezner Kerr et al., 2022). Most global process-based impact modelling - spanning sectors such as hydrology, 

agriculture, health, and energy systems (Frieler et al., 2024) - covers only a small fraction of climate projections 
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due to substantial computational constraints. In contrast, the number of GCMs participating in key exercises 

providing such projections, most prominently the climate model intercomparison project (CMIP, presently in its 

phase CMIP6), has grown over the past decades to presently several dozen ensemble members. These diverge 40 

substantially in their conceptualization and representation of Earth System processes, their configurations of 

modules, and consequently projections of future climate along anthropogenic and natural greenhouse gas (GHG) 

forcings. In CMIP6 ScenarioMIP these are defined by Shared Socio-economic Pathways (SSPs) as drivers of 

Representative Concentration Pathways (RCPs), commonly combined into SSP-RCPs (Meinshausen et al., 2020) 

covering four core scenarios with increasing GHG forcings, namely SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-45 

8.5 besides several side tracks (Riahi et al., 2017). For global impact studies, it is common practice to select 3 to 

5 GCMs and two concentration scenarios bracketing highest and lowest emissions (SSP5-8.5 and SSP1-2.6) or 

worst case and business-as-usual scenarios (SSP5-8.5 and SSP2-4.5). 

The selection of GCMs is far from trivial with 39 members originally contributing to the CMIP6 scenario track 

(Tebaldi et al., 2021). Various methods have been proposed for GCM sampling or weighting, typically to limit 50 

computational requirements while maintaining robustness in the first case or to arrive at more robust ensemble 

responses in the latter (Katzenberger et al., 2026). Merrifield et al. (2023) for example provide a toolbox with 

various skill- and independence-based metrics to identify optimal sub-ensembles for user defined study regions. 

Brunner et al. (2020) applied similar metrics to weight GCMs within the ensemble as a transient approach rather 

than binary selection. A very common approach to select GCMs in terms of their robustness is to first exclude 55 

models that are considered to be too sensitive to increases in atm. CO2 compared to observed past changes, which 

results in more conservative warming estimates both globally and regionally (Cannon, 2024; Hausfather et al., 

2022; Nijsse et al., 2020; Tokarska et al., 2020). Extending this approach to precipitation, Chai et al. (2021) used 

observed sensitivity of precipitation change to temperature change to narrow down the likely range of changes in 

runoff across CMIP6 projections. In the face of these contrasting approaches to GCM selection, it needs to be 60 

noted that there is so far no commonly accepted method to climate ensemble sub-selection and any criteria chosen 

are eventually normative (Sobolowski et al., 2025). 

In global impact modelling, the most widely used selections of GCMs in recent years are the five-member sets 

provided by the Intersectoral Impact Model Intercomparison Project (ISIMIP) phase 2b based on CMIP5 and 

phase 3b based on CMIP6. In both phases, GCMs were selected based on timeliness and completeness of available 65 

data, bracketing of a wide range of global changes in temperature and precipitation across the ensemble, as well 

as structural independence and skill of models (Lange, 2021). Limited research has addressed how these and other 

GCM sub-ensembles relate to wider CMIP projections. Two studies evaluated the ranges of changes in 

temperature and precipitation covered by ISIMIP phase 2b experiments compared to the CMIP5 ensemble and 

found that the bracketing of temperature is reasonable but that of precipitation often rather limited across major 70 

world regions (Ito et al., 2020; McSweeney and Jones, 2016). Both also found that a larger number of GCMs 

would be required to bracket precipitation compared to temperature. Along the same lines, (Herger et al., 2018) 

combined different approaches to select GCM sub-ensembles from CMIP5 for two SSP-RCPs separately based 

on skill metrics and coverage of the ranges in selected climate variables, finding that the optimal selection is 

sensitive to the selected metrics. 75 

Few studies have evaluated how GCM selection affects impact projections in the land domain and cropping 

systems specifically. Teckentrup et al. (2023) conducted an extensive study modelling the land carbon cycles 
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across Australia while testing various GCM sampling, averaging, and bias-adjustment strategies out of a 21 

member CMIP6 ensemble. They found that bias-adjustment methods and ensemble averaging play substantial 

roles in reducing projection uncertainty. Using an 18 member CMIP6 ensemble, Swaminathan et al. (2024) found 80 

that removing GCMs with a transient climate response (TCR, an indicator for GCMs’ CO2 sensitivity) considered 

unlikely hardly affects the occurrence of extreme climate events such as atmospheric droughts. Thereby, the 

ISIMIP phase 3b ensemble was largely representative for the evaluated impact metrics. Müller et al. (2021) used 

statistical impact emulators for an ensemble of Global Gridded Crop Models (GGCMs; Franke et al., 2020b) to 

compare ranges of impact projections based on the CMIP6 and CMIP5 ensembles finding a trend towards more 85 

adverse projections between these CMIP phases.  

Thus far, no study has explicitly bridged the chain from global and regional changes in key climate variables over 

key climatic impact drivers to actual impacts, i.e., crop yields in agricultural modelling, to evaluate how ensemble 

sizes can be optimized on the one hand and how sampling strategies based on climate variable ranges translate 

into impacts on the other. While earlier research has addressed the bracketing of temperature and precipitation 90 

ranges alone it has neglected so far that complex mechanistic models account for further climate variables, 

interactions among changes in climate variables, and sub-seasonal patterns. Also the behavior of GCM ensembles 

and resulting impacts along emission scenarios has thus far received little attention with a common focus on the 

high emission scenario SSP5-8.5 that is as of now considered a less likely pathway (Hausfather, 2025; Wynes et 

al., 2024) and only one of several emission pathways of relevance for impact studies. In line with these gaps, this 95 

study addresses the three overarching research questions 

 

1. In how far can the number of CMIP6 ensemble members be reduced while bracketing ranges in key climate 

attributes and yield impacts? 

2. How is this affected by the choice of cropping seasons and emission pathways? 100 

3. How does the bracketing of climate attributes translate into crop yield impacts? 

To address these questions, we force a machine-learning based crop model emulator (Folberth et al., 2025a) 

trained on the global gridded crop model EPIC-IIASA (Balkovič et al., 2014) with bias-adjusted downscaled 

climate projections from 29 CMIP6 ensemble members for four SSP-RCP combinations (Thrasher et al., 2022) 

and the four major row crops wheat, maize, rice, and soybean. We then evaluate how GCM sampling based on 105 

climate variables ex ante or crop yields ex post affects ranges in outcomes covered globally and across major 

world regions. This is also done for a subset of GCMs with TCR in the IPCC likely range (Hausfather et al., 2022). 

Eventually, we put the set of GCMs from ISIMIP phase 3b commonly used in impact studies in the context of the 

whole ensemble to evaluate in how far impact ranges are covered for contrasting crops. 

2 Methods 110 

2.1 Study design 

The overarching objective of the study is to evaluate to what extent the CMIP6 ensemble can be reduced with the 

objective of bracketing most extreme (highest and lowest) projections of changes in key climate variables and 

crop yields. To overcome computational challenges posed by applying a process-based crop model across 

comprehensive climate projections, we use a high performant crop model emulator framework. The experiment 115 
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is organized in three main blocks addressing (A) the training of crop model emulators for yield predictions within 

the CMIP6 domain (see sect. 2.2), (B) application of these emulators to a comprehensive set of CMIP6 climate 

projections (see sect. 2.3), and (C) the evaluation of climate features and crop yield impacts including in how far 

CMIP6 projections can be bracketed by smaller sub-ensembles (Figure 1; see sect. 2.4 to 2.6). 

 120 

 

Figure 1. Study design schematic organized in three key blocks covering (A) training of crop model yield 

emulators for the CMIP6 application domain based on five GCMs, (B) feature engineering and crop yield 

predictions for the application domain of 29 GCMs, and (C) evaluation of CMIP6 ensemble climate feature 

characteristics, crop yield predictions, and feasibility to bracket ensemble boundaries in both climate and 125 

crop yield impacts for major geographic regions (see Figure S 1 for larger map). Items below the dashed 

line indicate key data produced along the chain, ranging from spatially explicit raw climate attributes (e.g., 

annual mean temperature over land) over growing-season climate (e.g., area-weighted maize growing 

season temperature) to crop yield predictions for the whole climate ensemble and eventually outcomes for 

ensembles bracketing climate attributes or crop yields across major geographic regions. 130 

Results are structured in four sections: (1) As a background on the ensemble characteristics and outcomes, we 

provide global aggregate analyses of temperature, precipitation, and crop yield changes for selected crops. (2) We 

subsequently quantify the required ensemble compositions to bracket crop growing season and annual temperature 

and precipitation ranges of the CMIP6 ensemble across major geographic regions. (3) The same is performed for 

crop yield impacts directly. (4) Eventually, we evaluate how the bracketing of climate features translates into crop 135 

yield impacts and how those relate to the actual range of outcomes across the whole ensemble. Eventually, we 

contextualize ranges of the whole ensemble by comparing to those of the frequently used GCM selection provided 

by ISIMIP phase 3b. 
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To reduce the complexity of presenting outcomes across GCMs, SSP-RCPs, various variables, and crops, we 

focus on maize and wheat (combined spring and winter wheat or the latter only depending on the scope) as two 140 

widely cultivated crops with contrasting seasons, while providing essential information also on soybean and rice. 

Following a climate-impact-driver approach (Ruane et al., 2022), we focus on changes in growing season climate 

change particularly but also compare this to annual mean changes in climate variables as a common approach to 

GCM selection.  

2.2 Crop model emulator, climate projections and other forcing data 145 

The experiment conducted herein requires producing annual yield estimates for 24-29 GCMs depending on the 

SSP, four SSP-RCPs and the historical time period, six crops and seasons, rainfed and sufficiently irrigated water 

supply, on average 90 years per scenario, and about 150k location, corresponding to around 9 x 109 simulations. 

To cope with the large volume of crop yield simulations, we make use of a novel high accuracy and performance 

emulator CROp model Machine learning Emulator Suite (CROMES) (Folberth et al., 2025a). This software 150 

package serves for predicting crop yields simulated by global gridded crop models (GGCMs) by training machine-

learning algorithms on forcing data and simulation outputs. Mimicking the way GGCMs simulate crop growth, 

daily climate data are aggregated dynamically for each growing season and cardinal sub-seasons based on growing 

season timing and growing degree day accumulation for each location and year. CROMES has been shown to 

reproduce the GGCM’s yield estimates with very high accuracy for climate projections unseen during training 155 

(Folberth et al., 2025a), qualifying it specifically for the application on climate projection uncertainty herein. In 

training emulators, we follow the exact same approach as in the cited study but pool training data for all five core 

GCMs and four SSP-RCPs for which EPIC-IIASA simulations have been produced. We assume sufficient nutrient 

supply in both training data simulations and predictions to focus on the climate signal. 

Climate features required by the emulator and simultaneously serving as diagnostic information are produced for 160 

the whole growing season, the emergence phase (1st quarter of growing season), and the reproductive phase (2nd 

half of the growing season). They comprise aggregates of raw climate data as well as derivatives including 

potential evapotranspiration based on Penman-Monteith, climatic moisture deficit, and numbers of days crossing 

specific thresholds such as wet and dry days or heating degree days. Details are provided in (Folberth et al., 

2025a), the code is available in a public repository (Folberth et al., 2025b). Following a climate-driver-impact 165 

approach (Ruane et al., 2022), we evaluate herein changes in (a) global mean climate variables calculated as 

annual arithmetic mean changes in key climate variables over the whole land mask as commonly used indicators 

for comparison of GCM responses and (b) changes in climate variables over crop-specific dynamic growing 

seasons and cropland as estimated by the above climate feature pipeline. 

Crop yield estimates are based on the field-scale crop model Environmental Policy Integrated Climate v0810 170 

(EPIC; (Izaurralde et al., 2006; Williams et al., 1989)) and the geo-spatial infrastructure of the global gridded crop 

model EPIC-IIASA, which is based on a global spatial base resolution of 5 arcmin x 5 arcmin (Balkovič et al., 

2014). These base pixels are aggregated to simulation units reflecting similarities in soil, topography, 

management, and climate, which can have a maximum resolution of 30 arcmin x 30 arcmin (Skalský et al., 2008). 

Based on general suitability, EPIC-IIASA simulates cropping systems for approx. 150k simulation units globally, 175 

treating each as a homogenous field based on the input data. EPIC-IIASA has been positively evaluated against 

yield observations and is typically located around the ensemble mean response to climate change (Jägermeyr et 
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al., 2021a; Müller et al., 2017, 2024). It has also shown positive performance at the site scale when applied with 

higher resolution forcing data (Balkovič et al., 2020; Couëdel, 2024). To produce a training sample for the crop 

model emulator, we force EPIC-IIASA with the five ISIMIP priority GCMs (Frieler et al., 2025; Jägermeyr et al., 180 

2021a; Lange, 2021) and for all four core SSP-RCPs (see sect. 2.3) We simulate six key crops and seasons 

commonly used in ISIMIP impact assessments, namely maize, rice (main season, second season), soybean, spring 

wheat, and winter wheat using crop calendars provided by GGCMI (Jägermeyr et al., 2021b). The two wheat 

types are considered spatially mutually exclusive and mapped to a combined wheat crop using a mask from the 

same source. The two rice seasons area weighted by seasonal harvested area extent according to (Laborte et al., 185 

2017). 

2.3 Climate projections 

Target climate projections were obtained from the NASA Earth Exchange Global Daily Downscaled Projections 

(NEX-GDDP-CMIP6; Thrasher et al., 2022). We selected all projections that provide the required climate 

quantities min. and max. temperature, precipitation, wind speed, shortwave solar radiation, and relative humidity, 190 

resulting in a total of 24-29 GCMs or GCM configurations, respectively, depending on the SSP-RCP (Table S 1). 

To study how ensemble behavior relates to emission scenarios, we conduct all evaluations for the four core SSP-

RCPs SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5. To provide a general characterization of the ensemble, Figure 

S 2 shows global changes in temperature and precipitation for all GCMs and SSPs over the land mask and for the 

growing season and harvested area of each crop. 195 

To account for the ‘hot model problem’, i.e., the fact that some climate models respond more sensitive to atm. 

CO2 increases than expected (Hausfather et al., 2022; Tebaldi et al., 2021; Tokarska et al., 2020), we 

complementary evaluate a sub-ensemble of GCMs with a transient climate response (TCR) considered to be in 

the likely range proposed earlier by the IPCC, referred to as TCR-likely hereafter (Hausfather et al., 2022). While 

this presents just one method among many for how to define an expectedly more robust climate ensemble, it 200 

allows for exemplary insights, how such constraints translate into ensemble properties and outcomes. The 17 

GCMs remaining after this filtering are indicated in Table S 1. 

To contextualize the findings, we compare impacts across the whole ensemble with those derived from an sub-

ensemble frequently used in climate impact modelling, the five GCMs (GFDL-ESM4, IPSL-CM6A-LR, MPI-

ESM1-2-HR, MRI-ESM2-0, UKESM1-0-LL) provided by ISIMIP (Frieler et al., 2025). This is done using these 205 

GCMs’ bias-corrected climate projections from NEX-GDDP-CMIP6 for consistency. 

2.4 Post-processing and spatial aggregation of crop yield and climate features 

Prior to evaluation, gridded crop yield estimates and climate features are aggregated for macro-regions, i.e., 

globally and for 20 major geographic sub-regions defined by the United Nations Statistics Division (UNSD) geo-

scheme (UNSD, 1996), UN regions hereafter, that provide sufficient data coverage (see Figure S 1 for map). 210 

These or similar regions are the scale of aggregation commonly used in global economic modelling and global 

agro-economic land use foresight, both of which frequently rely on crop model yield predictions (Stehfest et al., 

2019). It is therefore considered herein an adequate functional scale of spatial aggregation to inform the relevance 

of outcomes for food security modelling chains. Aggregation is done using area weighting. Harvested areas for 

the studied crops per 5 arcmin x 5 arcmin pixel were obtained from the Spatial Production Allocation Model 215 
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(SPAM) 2010 v2.0 dataset (IFPRI, 2020; Yu et al., 2020). The two types of wheat and the two rice seasons 

simulated independently but relying on the same harvested areas are combined as described in sect. 2.2. 

2.5 Identification of minimum ensemble size required to bracket climate features or yield impacts 

We use linear programming to identify the minimum number of GCMs required to bracket the ranges of the NEX-

GDDP-CMIP6 ensemble for key climate attributes or crop yields themselves. That is, we identify for a defined 220 

number of SSP-RCPs and crops the minimum and maximum values for an attribute globally or per UN region and 

subsequently minimize the ensemble size while maintaining these boundaries. Besides full coverage of such 

boundaries we allow some flexibility at the fringes using ε-bracketing to evaluate in how far marginal differences 

among GCM projections may affect results. In this case, the selected sub-ensemble must approximate both the 

lower and upper extremes of the full range at every location within a defined ε, a pre-defined fraction of the range 225 

that is permitted not to be bracketed. Herein, we use values of 0 (no tolerance), 0.1, and 0.2. This approach 

translates into a minimum cardinality set cover problem.  

 

For a selected variable (a single climate feature or crop yield) A from model i in pixel j the range is bracketed by 

the minimum mj = mini Ai,j and the maximum Mj = maxi Ai,j. The eligible GCM subsets per location are accordingly 230 

defined as  

 

𝐿௝(𝜀) = ቄ𝑖: 𝐴௜,௝ ≤ 𝑚௝ +
ఌ

ଶ
ቅ ,    𝑈௝(𝜀) = {𝑖:  𝐴௜,௝ ≥ 𝑀௝ −

ఌ

ଶ
}      (1) 

 

The optimization problem is to minimize the number of selected models subject to covering both ends within 0.5ε 235 

tolerance at every location according to 

 

min ∑ 𝑥௜௜     s.t.     ∑ 𝑥௜௜∈௅ೕ(ఌ) ≥ 1, ∑ 𝑥௜௜∈௎ೕ(ఌ) ≥ 1  ∀𝑗;  𝑥௜ ∈ {0,1}.     (2) 

 

For each location 𝑗, two covering constraints are imposed: (I) at least one selected model must fall within 0.5ε of 240 

the minimum mj (hence serve as an approximate lower bracket), and (II) at least one must fall within 0.5ε of the 

maximum Mj (to be an approximate upper bracket). We chose the tolerance 𝜀 to be set uniformly, hence once 

matrix Anxm is normalized column-wise to the range 0 to 1, 0.5ε becomes a uniform tolerance range fraction. The 

technical implementation is done with the PuLP linear programming toolkit for Python for high level model 

formulation (Mitchell et al., 2011) and the COIN-OR Branch-and-Cut solver (Forrest et al., 2026). Missing data 245 

(i.e., GCMs not present within an SSP-RCP) were filled with midpoints of the range, naturally removing missing 

models at location j from potential candidates to bracketing pairs at j. 

2.6 Optimization of ensemble composition to bracket ensemble boundaries 

While the prior section yields the minimum number of GCMs required to fully bracket ensemble boundaries as a 

top-down approach, we also estimate bottom-up what minimum coverage of variable ranges can be achieved 250 

across UN regions with a given number of GCMs. I.e., we apply a maximin approach that aims to maximize the 

minimum coverage for a variable (that is, the worst outcome) across all regions and therefore provides a best 

guaranteed coverage fraction. 

https://doi.org/10.5194/egusphere-2026-4018
Preprint. Discussion started: 4 August 2026
c© Author(s) 2026. CC BY 4.0 License.



8 

 

This approach is implemented based on an input matrix Anxm where rows correspond to n GCMs and columns to 

m locations. Entry Ai,j represents the variable of interest - such as annual mean temperature - for GCM i in location 255 

j. In this context, locations are understood broadly as any distribution of interest indexed by GCMs. Depending 

on the scenario specifications, these also include combinations of SSP-RCPs. The full range FR of a variable at 

location j is 

 

𝐹𝑅௝  ≔ max
௜

𝐴௜,௝ − min
௜

𝐴௜,௝.          (3) 260 

 

For ensemble size k, we seek R(k), the maximum worst-case fractional range covered across locations j according 

to 

 

R(k) = max
ୗ:|ୗ|ୀ୩

min
୨

୫ୟ୶
೔∈ೄ

஺೔,ೕି୫୧୬
೔∈ೄ

஺೔,ೕ

୫ୟ୶
೔

஺೔,ೕି୫୧୬
೔

஺೔,ೕ
         (4) 265 

 

We convert this combinatorial problem to a 0–1 integer linear programming solvable to optimality via branch-

and-bound along the following equations 

 

max R  𝑠. 𝑡. 270 

 

∑ x୧୧ = k; x୧ ∈ {0,1}          (5) 

 

∑ 𝑦௝,௣,௤௣,௤ = 1 ∀𝑗;  𝑦௝,௣,௤ ∈ {0,1}         (6) 

 275 

  𝑦௝,௣,௤ ≤ 𝑥௣;  𝑦௝,௣,௤ ≤ 𝑥௤  ∀𝑗, 𝑝, 𝑞         (7) 

 

∑ 𝑦௝,௣,௤൫𝐴௤,௝ − 𝐴௣,௝൯௣,௤ ≥ 𝑅 ⋅ 𝐹𝑅௝ ∀𝑗        (8) 

 

 280 

where Eq. (5) selects exactly k climate models, Eq. (6) enforce one bracketing pair of climate models (p,q) per 

location j, and Eq. (7) ensures bracketing pairs use only selected models. To improve computational time, Eq. (7) 

can be equivalently streamlined to 

 

∑ 𝑦௝,௣,௤௤ ≤ 𝑥௣ ∀𝑗, 𝑝           (7p) 285 

 

∑ 𝑦௝,௣,௤௣ ≤ 𝑥௤  ∀𝑗, 𝑞          (7q) 

 

Equation (8) requires each pair to cover at least fraction R of the full range FRj (see Eq. (3)), with fraction R being 

maximized in the objective. 290 
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For the technical implementation, we use the same linear programming Python libraries as in sect. 2.5, i.e., PuLP 

(Mitchell et al., 2011) and the COIN-OR Branch-and-Cut solver (Forrest et al., 2026). Notably, for comparable 

targets, the relaxed coverage problem for the bracketing of ensemble ranges as in sect. 2.5 is more demanding 

than the maximin problem. I.e., a subset achieving maximin R = 1 - ε may still fail ε-bracketing if its coverage is 295 

concentrated entirely on one side of the range. Missing data (i.e., GCMs not present within an SSP-RCP) were 

filled with midpoints of the range as above. 

Eventually, for each GCM set optimized to bracket climate attributes at a given ensemble size, we quantify how 

these sub-ensembles translate into yield impact ranges by selecting the crop yield changes produced by the 

respective sub-ensemble. Comparing the resulting yield impact coverage to the direct bracketing of yield impacts 300 

informs in how far a climate variable is suitable to approximate changes in yield impacts. 

3 Results 

3.1 Global changes in temperature, precipitation and crop yield 

Global aggregate changes in growing season precipitation, temperature, and crop yield estimates by the end of 

century vary greatly among GCMs, across SSPs, and by crop, here maize or combined (winter and spring) wheat 305 

(Figure 2). Which GCMs are located at the fringes of the distribution depends on the observed variable and 

dimension, and there are few cases in which individual GCMs show consistency in bracketing the ensemble. For 

temperature, for example, GCM 29 (see Table S 1 for GCM names) consistently shows the largest upward change 

in all scenarios except in SSP1-2.6 for maize, albeit being still very close to the top. GCMs 9, 16, and 17 have a 

tendency to lower growing season temperature increase but are not consistently bracketing the ensemble. For 310 

precipitation, the latter two tend to have the largest increases for maize but are in the mid-range for wheat where 

GCMs 3 and 7 show large increases and GCM 18 often a decrease under higher emission scenarios. In line with 

these changes in key climate variables, the ranking of GCMs in resulting yield changes has limited consistency 

across SSPs and can be highly divergent between crops. The most consistent GCMs are 28 and 29, which dominate 

low yields for maize and are located at the lower fringe for wheat. This is more so the case under higher warming 315 

scenarios where GCMs’ temperature sensitivities play out more strongly. GCMs 16 and 17 result in the most 

positive outcomes for maize yields but are often in the mid-range for wheat. 

Notably, for both growing season temperature change and changes in crop yields, results for maize show largely 

a correlation with GCMs’ TCR values, especially in high emission scenarios. I.e., they scale with increasing TCR 

negatively (yield) or positively (growing season temperature). This is less the case for wheat, where some GCMs 320 

with low TCR are in the mid-range of growing season temperature change and crop yield changes show a highly 

divergent pattern with some of the GCMs with highest or lowest TCR at both ends of the yield change spectrum. 

Accordingly, there’s limited with TCR for temperature change in most scenarios and merely a trend for crop yield. 
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Figure 2. Global changes by end-of-century (period 2070-2099 vs 1984-2013) in area-weighted crop yield 325 

(Yield), growing season precipitation (Precip), and growing season temperature (Temp) for two contrasting 

crops, maize and combined spring and winter wheat, across the four SSP-RCPs and per GCM. Numbers 

serving here as symbols correspond to the column ID for GCMs in Table S 1. 

The patterns observed in the global aggregate changes of yield, growing season precipitation and temperature are 

further exacerbated at the level of major geographic UN regions as shown for crop yield change only in Figure S 330 

3 for maize and Figure S 4 for wheat. Already for the individual crops and within SSPs, hardly any GCMs provide 

consistently clearly high or low outcomes across regions. Several GCMs flip positions between regions such as 

GCMs 3 and 19 for maize in several SSPs, the first also for wheat. Furthermore, individual GCMs may also result 

in more positive or negative outcomes depending on the SSP such as GCM 1 in South Asia for wheat, ranking 

mid-range in ssp126 and constantly moving up along concentration pathways. 335 

3.2 Requirement of GCMs to bracket climate and impact ranges 

Estimating the minimum number of GCMs required to bracket ranges in growing season temperature, 

precipitation, or crop yield change across the whole GCM ensemble reflects varying levels of complexity in 

atmospheric and plant growth processes. This is further exacerbated by the coverage of different cropping seasons 

and SSPs on the one hand or relaxation of strictness of the extreme boundaries on the other (Figure 3). We find 340 

that, overall, ranges can be bracketed with fewest GCMs for temperature, requiring more GCMs for precipitation, 

and most for actual crop yields. For crop yields, the number of required GCMs is uniformly higher for SSP1-2.6 

than for SSP5-8.5, indicating that it is more challenging to bracket outcomes for the lower emission scenario than 

the most extreme. The likely reason is that the strong global warming signal in SSP5-8.5 overrides regional noise 
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and leads to more stable GCM rankings, making the boundaries easier to identify with fewer models. Otherwise, 345 

the number of required GCMs increases with the number of SSPs accounted for (in line with theory). The impact 

of relaxing minimum and maximum boundaries again depends on the target variable in the same order as above. 

I.e., the effect is largest for temperature followed by precipitation and least pronounced for crop yields. This 

highlights that the complexity of crop yield responses materializes throughout the ensemble. 

 350 

Figure 3. Minimum requirement for number of GCMs to bracket projected changes in area-weighted 

growing season temperature, precipitation, and crop yield (rows) for three levels of boundary relaxation 

(columns). I.e., values greater than zero allow for some flexibility if a GCM is close to the boundary to 

acknowledge that not necessarily the most extreme case needs to be selected.  

Essentially, around 10 GCMs out of the whole ensemble are required to bracket ranges of temperature change in 355 

individual SSPs and crops but more than 15 for all SSPs (panel a). This increases to 16 and 24 GCMs for 

precipitation (panel d) and further to 22 to 29 GCMs (i.e., the whole ensemble) for crop yields (panel g) if both 

seasons, maize and winter wheat are considered. This reflects increasing complexity in the underlying physics 

where temperature increases across large regions are a primary effect in GCMs, precipitation is the outcome of 

chains of far more complex atmospheric processes and spatial patterns of land-atmosphere feedbacks, including 360 

also aerosol and cloud dynamics. Crop yields eventually integrate six climate variables at daily time steps with 

various interactions and spatio-temporal changes of individual variables’ degree of influence. 

For the sub-ensemble constrained by likely TCR, the numbers of GCMs are lower but scale with the ensemble 

size. I.e., this sub-ensemble has 17 members as compared to the 29 in the whole ensemble and all 17 are required 
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in the most comprehensive combination of crops and SSPs to bracket crop yields (panel g). Notably, further 365 

relaxation of the boundaries results in only a minor reduction of required GCMs by one to two models (panels h, 

i). Also, the selection of SSPs plays a minor role for this sub-ensemble compared to the whole set of GCMs. 

3.3 Feasibility to bracket climate and impacts with incremental inclusion of GCMs 

To evaluate how well a defined number of GCMs can bracket ranges of outcomes across the UN regions, we 

perform an optimization of GCM sub-ensemble composition bottom up with increasing numbers of GCMs with 370 

the objective of maximizing the minimum range fraction covered across regions by the respective GCM ensemble 

(Figure 4). In contrast to other statistics such as the median, which is shown complementary, this informs whether 

the selection misses out substantially on any of the regions. 

 

 375 

Figure 4. The median (solid line) and minimum (dashed line) range fraction (y-axis) of selected climate 

attributes and crop yield outcomes along an increasing number of GCMs (x-axis) for contrasting crops 

(columns) and emission scenarios (rows). Remaining minimum range fractions were quantified by linear 
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optimization with the objective of maximizing the lowest achievable range fraction covered across all UN 

regions (see sect. 2.6). E.g., a value of 0.4 indicates that across all UN regions at least this fraction is covered 380 

by the selected GCMs. Vertical lines at the left end of each panel show the minimum and median range 

covered by the five ISIMIP priority GCMs for each variable. 

Across all scenarios and crops, the climate variable feasible to bracket with fewest GCMs is annual mean 

temperature over land with closure of minimum range fractions achieved (i.e., value of 1) already with less than 

10 GCMs in all individual SSPs except SSP3-7.0, and less than 15 for the combined SSPs 1-2.6 and 5-8.5. This 385 

is closely followed by crop-specific growing season temperature, which requires up to 15 GCMs and shows some 

distinction between crops, requiring more GCMs for wheat in both cases where either winter wheat is evaluated 

alone or in combination with spring wheat. Notably, winter wheat, which has a very distinct growing season from 

summer crops with initial growth in autumn and a dormancy period over winter. 

Precipitation is substantially more challenging to bracket, again for the growing season more so than annual 390 

changes. This requires up to 20 or more GCMs in SSP2-4.5 or the combined SSPs for maize (Figure 4e, n). For 

winter wheat typically less than 15 GCMs are required to fully bracket precipitation ranges, except in SSP5-8.5, 

but >15 for the combined wheat indicating that summer seasons are more complex to capture in a sub-ensemble. 

Notably, if only few GCMs are considered, precipitation indicators are the most challenging to bracket for maize 

and partly for the combined wheat, even more so than crop yields themselves (see below), and very dependent on 395 

SSPs with SSP2-4.5, SSP5-8.5, and the combined SSPs showing most pronounced effects. In these cases, 

precipitation in fact remains below crop yields along the trajectories of included GCMs, indicating that 

precipitation coverage is consistently poorer. 

Maximizing the minimum coverage of crop yields themselves ex post shows accordingly divergent patterns 

between the two crops and seasons. For maize, crop yields are often less challenging to bracket than precipitation 400 

and more challenging than temperatures regardless of the emission scenarios if only few GCMs are included 

(Figure 4b, e, h, k, n). A minimum range fraction of 1 is achieved with less than 15 GCMs, except for the combined 

SSPs where nearly 20 are required. For wheat, crop yield is in turn more challenging to bracket or ranking equally 

with precipitation indicators. At least 15 GCMs are required throughout, except for winter wheat alone in the 

lower emission SSPs, and more than 20 for the combined SSPs (Figure 4m, o). 405 

3.4 Ranges of crop yield outcomes resulting from bracketing of climate variables 

Translating the bracketing of climate attributes into crop yield outcomes presents a contrasting picture and reveals 

no clear pattern which climate attributes best reflect crop yields (Figure 5). As annual and growing-season 

temperature range fractions are fully covered with lower numbers of GCMs (Figure 4), the 

climate-variable-derived coverage of yields plateaus at 10 to 15 GCMs with a range fraction of around 0.7 410 

remaining for maize whereas growing season temperature is in most cases more informative than annual 

temperature. For wheat, more so winter wheat than for the combined types, the remaining minimum range fraction 

remains often around 0.5 and larger yield ranges can be covered where more GCMs are required to bracket the 

climate variables themselves. Annual mean temperature tends to in part outperform the growing season equivalent 

for combined wheat and low emission SSPs if less than 10 GCMs are included (Figure 5a, d). Precipitation allows 415 

overall for a larger fraction yield range coverage, in part due to the larger number of GCMs required to bracket 

precipitation uncertainties. At a given number of GCMs it depends on the SSPs whether temperature or 
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precipitation provide better coverage. Typically, it’s the first for higher emission pathways and the latter for lower, 

where growing season precipitation emerges as the best indicator of crop yield ranges for wheat (Figure 5a, c). 

Minimum range fractions larger than 0.8 can hardly be achieved through bracketing by any of the climate 420 

variables. 

 

Figure 5. Same as Figure 4 but showing the mapped yield outcomes for each optimally selected ensemble 

of the target climate and impact variables in the earlier figure. Accordingly, ranges for crop yield coverage 

itself are identical to those in Figure 4 and only the yield range fraction is shown for the five ISIMIP GCMs 425 

at the left end of each panel. 

Using the GCM sub-ensemble informed by TCR in the likely range slightly reduces the requirement of GCMs to 

bracket temperatures or leaves the number of required GCMs constant (Figure S 5). However, for SSP5-8.5 alone 

and the combined SSPs, the remaining range fraction is larger if only few GCMs are included. For the lower 

emission scenarios, also precipitation ranges can be covered more readily with less or equal 15 GCMs required 430 

for all crops. In SSP5-8.5 or the combined SSPs in turn, (nearly) the whole sub-ensemble of 17 GCMs is required 
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to bracket annual precipitation and slightly less for growing season precipitation. Crop yields again require 

typically fewer GCMs to bracket, except for the lower emission scenarios and wheat (compare Figure S 5 and 

Figure 5a, c, d, f). How the bracketing of climate indicators translates into crop yields changes most substantially 

for SSP5-8.5 (Figure S 6j, k, l). Here, the remaining minimum range fractions between crop yields directly and 435 

precipitation indicators start to converge from 10 GCMs on. Apart from that, no clear differences to the results 

derived from the complete ensemble emerge, considering that the constraint ensemble is substantially smaller. 

This is apparently the main driver in achieving an earlier closure of minimum range fractions. 

3.5 Regional patterns in yield range fractions covered by climate variable bracketing 

The prior results highlight the complexities and challenges in bracketing CMIP6 ensemble climate characteristics 440 

and crop yield outcomes. To illustrate spatial (in-)consistencies between the bracketing of specific climate features 

and crop yields, we map the fraction of instances in which the covered yield range is below 80% in major UN 

regions (Figure 6). This covers all SSPs and numbers of GCMs considered in Figure 5, using maize as an 

exemplary crop. 

 445 

 

Figure 6. Fractions of instances in which <80% of the maize yield range is covered within each major geo-

region when bracketing for specific climate variables with an increasing number of GCMs across SSPs. 450 

Essentially, this is a summary of Figure 5 panels b, e, h, and k using an arbitrary threshold of 80% for 

illustrative purposes. Panels herein show bracketing by (a) annual precipitation, (b) growing season 
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precipitation, (c) annual mean temperature, (d) growing season temperature, and (e) crop yield itself. Grey 

regions indicate that no values are under the threshold. See Figure S 7 for absolute numbers. See Figure S 

1 for map of major geo-regions. 455 

Bracketing crop yields directly following the maximin approach (i.e., maximizing the minimum covered yield 

range across regions) leaves Southeastern Asia the region most challenging to cover (Figure 6e). Yet, overall the 

number of instances with yield range fractions below 80% is low as already evident from Figure 5 where this 

threshold is solely undercut for maize yields across all SSPs if only 5-6 GCMs are considered (see also Figure S 

7 for mapped absolute numbers). This consequently indicates a similar pattern across SSPs. Bracketing by annual 460 

or growing season precipitation sums and translating this into crop yield coverages (a, b) results in similar patterns 

among the two scenarios but shows substantial divergence from the crop yield bracketing (Figure 6e). While in 

the case of annual precipitation Southeastern Asia and to a lesser extent Oceania remain hotspots of lacking 

coverage, other regions become equally or more important such as Eastern Europe (incl. Russia), Western Asia, 

West Africa, and Central America. Among SSPs as well, results diverge here more substantially (not shown). 465 

Eastern Europe, for example, has several instances falling under the threshold within all SSPs, while Southeastern 

Asia falls into this category only for the lower emission scenarios and Western Africa for the two central ones 

SSP245 and SSP370. For both annual and growing season temperatures (Figure 6c,d), the pattern changes 

substantially, rendering Northern Africa a hotspot in total and across SSPs (not shown), followed to a lesser extent 

by Central Asia, South America, and Oceania. The latter especially for growing season temperatures and in lower 470 

emission scenarios. 

These divergent patterns underpin that there are no particular regions that render it challenging to bracket climate 

impacts across the ensemble and SSPs, and different climate characteristics play out differently in individual 

regions. Noteworthy, in two predominantly temperate regions, Western Europe and Eastern Asia, crop yields are 

in most scenarios well bracketed suggesting that these are regions that can be reasonably robust represented even 475 

with smaller sets of GCMs selected based on climate features. However, it is also important to note that these 

results strongly depend on the methodology applied herein to cover crop yield impact ranges across regions 

through integer linear programming. Results of such an optimization approach are inherently also subject to 

“interactions” among regions and the overall objective to maximize the minimum yield range fraction at a given 

ensemble size, which prioritizes models helping the worst-performing region. The analysis is therefore not 480 

equivalent to a general assessment of the robustness of climate impacts across regions. 

3.6 Crop yield outcomes covered by the ISIMIP priority GCMs 

Practical implications of the limited feasibility to bracket the ensemble arise also for commonly used sub-

ensembles such as the CMIP6 priority GCMs selected for ISIMIP phase3b. Outcomes in crop yield changes 

between this ensemble and the whole CMIP6 ensemble show that ensemble averages (here median) are less 485 

affected and consequently surprisingly robust but the range of potential outcomes can be substantially affected 

depending on crop and SSP-RCP (Figure 7). 

Mean and median coverages of yield change ranges across all crops and SSPs by the ISIMIP ensemble compared 

to all GCMs are 65% and 70%, respectively, indicating overall reasonable representation of yield change ranges. 

We find the largest coverages on average for soybean and maize across SSPs with 84% and 81%, the lowest for 490 

second season rice and winter wheat with 56% and 41%. Among emission scenarios, SSP1-2.6 has on average 
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the lowest coverage (50%) and SSP3-7.0 the highest (75%). For all crops and scenarios, the lowest coverage 

occurs for winter wheat in SSP1-2.6 and the highest for soybean in SSP2-4.5. Notably, for spring wheat, the 

smaller ISIMIP ensemble solely indicates positive yield changes in SSP1-2.6 and SSP2-4.5, while the whole 

ensemble also shows potential negative outcomes. This is to a lesser extent also the case for the higher emission 495 

scenarios. Vice versa, the sub-ensemble tends towards substantially lower values for the upper end of the range 

for the two rice seasons and partly winter wheat under high emission scenarios suggesting a likely more adverse 

outcome compared to the whole ensemble. 

We primarily include the TCR likely ensemble here for context as the selection of priority GCMs for ISIMIP do 

not account for such constraints and includes two GCMs (IPSL-CM6A-LR, UKESM1-0-LL) that are outside the 500 

likely TCR range (Table S 1). Consequently, in a nutshell the sub-ensemble with likely TCR results in further 

shift towards higher crop yield outcomes for most regions and crops.  

 

 

Figure 7. Relative changes in global area-weighted rainfed crop yields from 2070-2099 compared to 1984-505 

2013 for seven crop types and seasons across four SSPs for three sets of CMIP6 GCM selection covering 

the whole ensemble (all), a sub-ensemble based on likely TCR (TCR likely), and the five priority GCMs 

used in ISIMIP. 
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4 Discussion and conclusions 

Our analyses indicate limited scope to optimize GCM ensemble composition towards a small subset while 510 

maintaining comprehensive coverage of outcomes. While this is achievable for basic climate variables to some 

extent it is hardly feasible for crop yields. Even where it applies to individual climate variables or emission 

pathways, as has been subject to earlier research (Ito et al., 2020; McSweeney and Jones, 2016), it becomes more 

and more challenging with increasing dimensionality of covering different growing seasons and emission 

scenarios (Figure 3; Figure 4). This also indicates that selecting GCM subsets based on narrow assumptions may 515 

be misleading regarding their representativeness for wider scenario variations; even more so when using high-end 

emission scenarios only for GCM selection, such as SSP5-8.5. The latter also obfuscates that it can be more 

challenging to bracket climate projections and impacts in lower emission pathways where individual GCMs may 

not decisively dominate globally in terms of temperature response or precipitation amounts. 

 520 

Most importantly, bracketing of key climate variables does not go along with bracketing of yield impacts. Neither 

annual nor growing season aggregates for temperature or precipitation provide robust indications across crops and 

scenarios on how well crop yield change will be covered compared to the complete GCM ensemble. This fails for 

two reasons. First, complex non-linear impact functions as commonly implemented in mechanistic impact models 

do not in general preserve rank order. That is, bracketing an ensemble shows whether the members ranked lowest 525 

and highest in the climate space are also ranked lowest and highest in the impact space, which fails whenever the 

impact function re-orders the ensemble — a situation that arises generically for threshold-based or unimodal 

relationships between climate and impact. This is also evident in the fact that precipitation is in some cases more 

challenging to bracket than crops yields, which is likely due to the limited sensitivity of the applied crop model – 

and most other GGCMs – to excess precipitation (Oberleitner et al., 2025). Second, even if rank orders were 530 

preserved under the single-variable relationship, actual impacts are typically driven by multiple interacting climate 

variables simultaneously, so that correct ranking along any one climate dimension carries no guarantee of correct 

ranking in the full impact space. 

 

This will be further exacerbated if other impact models are included or model intercomparison studies are 535 

performed. Process-based GGCMs alone diverge substantially in their sensitivity to climatic drivers (Franke et 

al., 2020a; Müller et al., 2024; Oberleitner et al., 2025). This can be expected based on the complexity of crop 

growth processes that not only depend on mean temperature and precipitation sums but start with solar radiation 

as the key driver of photosynthesis, while atmospheric water demand as a driver of crop-water relations is also 

subject to wind speed and air humidity. Their importances and relative contributions to crop growth and yield 540 

vary in space and time globally (Oberleitner et al., 2025) rendering a reduction to few variables overly simplistic, 

even at aggregate scales. The diverse conceptualizations and implementations of the underlying Earth system 

physics within GCMs in turn can result in a corresponding wide variety of outcomes for atmospheric processes 

and variables. This is shown herein for a high degree of uncoupling between temperature and precipitation change 

(Figure 2; Figure S 2), which extends to and interact with differences in atmospheric aerosol dynamics, cloud 545 

formation and resulting differences in incoming solar radiation among others (Wild, 2020). In line with this, earlier 

studies addressing the bracketing of climate attributes within CMIP ensembles found similarly to our evaluations 
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that temperatures are easier to bracket than precipitation in SSP5-8.5 (Ito et al., 2020; McSweeney and Jones, 

2016).  

 550 

Comparing outcomes for the GCM selection used in ISIMIP with those for the whole ensemble indicates that this 

frequently used sub-ensemble largely reflects average impacts but can substantially underestimate the ranges of 

potential outcomes (Figure 7). This goes along with a bias towards more negative outcomes, which has 

implications for how climate impact uncertainties are conveyed where sub-ensembles are applied in impact 

studies. For impact studies making use of smaller sets of GCMs, our analyses stress that it is necessary to provide 555 

sufficient context on how the selected GCM projections relate to the wider ensemble. The best option would 

apparently be to quantify full ranges in outcomes across the ensemble. Where impact models themselves are 

computationally too costly, emulators as applied herein increasingly provide a viable option. These have thus far 

been developed in various forms for crop models, mostly based on machine-learning (Folberth et al., 2025a) or 

parametric response functions (Franke et al., 2020a; Liu et al., 2025) that can be applied at different scales and 560 

for different purposes. For other sectors such as hydrology and integrated land use, emulation of impact models 

is more challenging due to spatial interactions. Still, first emulators are being developed that reflect key functional 

relationships at aggregate spatial and temporal scales for land use modelling (Awais et al., 2024) and hydrologic 

modelling (Liu et al., 2018) or use deep learning to represent spatial interconnectedness and hierarchy of 

hydrologic models (Bennett et al., 2024).  565 
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