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A B S T R A C T   

An accurate estimation of crop yield under climate change scenarios is essential to quantify our ability to feed a 
growing population and develop agronomic adaptations to meet future food demand. A coordinated evaluation 
of yield simulations from process-based eco-physiological models for climate change impact assessment is still 
missing for soybean, the most widely grown grain legume and the main source of protein in our food chain. In 
this first soybean multi-model study, we used ten prominent models capable of simulating soybean yield under 
varying temperature and atmospheric CO2 concentration [CO2] to quantify the uncertainty in soybean yield 
simulations in response to these factors. Models were first parametrized with high quality measured data from 
five contrasting environments. We found considerable variability among models in simulated yield responses to 
increasing temperature and [CO2]. For example, under a + 3 ◦C temperature rise in our coolest location in 
Argentina, some models simulated that yield would reduce as much as 24%, while others simulated yield in-
creases up to 29%. In our warmest location in Brazil, the models simulated a yield reduction ranging from a 38% 
decrease under + 3 ◦C temperature rise to no effect on yield. Similarly, when increasing [CO2] from 360 to 540 
ppm, the models simulated a yield increase that ranged from 6% to 31%. Model calibration did not reduce 
variability across models but had an unexpected effect on modifying yield responses to temperature for some of 

Abbreviations: nRMSE, Normalized root mean square error; LW, Logworth; LAI, Leaf Area Index; FACE, Free-Air Carbon dioxide Enrichment. 
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the models. The high uncertainty in model responses indicates the limited applicability of individual models for 
climate change food projections. However, the ensemble mean of simulations across models was an effective tool 
to reduce the high uncertainty in soybean yield simulations associated with individual models and their 
parametrization. Ensemble mean yield responses to temperature and [CO2] were similar to those reported from 
the literature. Our study is the first demonstration of the benefits achieved from using an ensemble of grain 
legume models for climate change food projections, and highlights that further soybean model development with 
experiments under elevated [CO2] and temperature is needed to reduce the uncertainty from the individual 
models.   

1. Introduction 

Soybean (Glycine max L. (Merr.)) is globally the fifth most widely 
grown crop and first among legumes. Future soybean yield projections 
are essential to develop management adaptations and inform policy-
makers to ensure sufficient and sustainable productivity of this major 
crop. Uncertainties in crop yield projections that hinder effective plan-
ning and adaptation to a changing climate are attributed to multiple 
sources. First, there is uncertainty associated with different climate 
scenarios from global climate circulation models that is based on a range 
of trajectories of future greenhouse gas emissions (Moss et al., 2010; 
Müller et al., 2021; Qian et al., 2020). Additionally, there is uncertainty 
associated with the responses from different process-based eco-physio-
logical models that are typically used to estimate crop yield under a 
changing climate (Müller et al., 2021; Ruane et al., 2016). The Agri-
cultural Model Inter-comparison and Improvement Project (AgMIP) was 
established to quantify and reduce uncertainties in projections of agri-
cultural production by facilitating multi-model analyses and improve-
ment of existing crop models Rosenzweig et al., 2013). While there have 
been prior crop multi-model comparison studies in wheat (Asseng et al., 
2013), maize (Bassu et al., 2014), rice (Li et al., 2015), sugarcane (Marin 
et al., 2015), and potato (Fleisher et al., 2017), this type of coordinated 
effort, comparing responses of crop models to key climate change fac-
tors, is still missing for soybean and other legume crops. In a prior 
assessment of future yield projections from global gridded crop models, 
there was a higher variability for soybean than for the other major crops 
(Jägermeyr, 2021; Rosenzweig et al., 2014). Thus, there is a pressing 
need to address this scientific gap and for a coordinated pilot 
multi-model evaluation to support global yield projections for soybean. 

Differences in model responses to temperature and [CO2] are main 
sources of variability in yield simulations under climate change (Asseng 
et al., 2013). Consequently, an essential first step for a new coordinated 
multi-model initiative is to evaluate how soybean models differ in their 
responses to temperature and [CO2] under contrasting environments 
and as affected by various levels of input data used for calibration. This 
approach has proven useful to identify sources of model variability and 
opportunities to reduce uncertainty in yield simulations (Asseng et al., 
2013; Bassu et al., 2014; Fleisher et al., 2017; Li et al., 2015; Marin et al., 
2015; Wang et al., 2017). For instance, in prior crop model 
inter-comparisons, researchers discovered the value of using 
multi-model ensembles to reduce the uncertainty in yield simulations for 
various applications (Asseng et al., 2013; Bassu et al., 2014; Fleisher 
et al., 2017; Li et al., 2015; Marin et al., 2015; Martre et al., 2015). These 
teams showed that individual models may perform better for the regions 
and conditions for which they were developed and thoroughly tested. 
However, many of these models did not reproduce observed yield for all 
treatments and regions consistently well. Conversely, the model 
ensemble results, for these different crops, were close to the measured 
yield, even with limited available data for calibration. 

In this study, we evaluated ten soybean models and their multi- 
model ensemble for the simulation of yield under baseline climate, 
and the sensitivity of models to variable temperature and [CO2] sce-
narios. Our goal was to quantify uncertainties in yield simulations under 
baseline conditions and under changing climate that may be associated 
with the use of different models, or with the amount of data available for 

calibration. An additional goal was to assess the applicability of multi- 
model ensembles to reduce uncertainty in yield simulations from soy-
bean models. We selected five sites with contrasting climate that had 
high quality observed data for model evaluation under baseline condi-
tions. Four of the sites represent major global soybean production areas; 
the USA, Argentina, and Brazil together account for greater than 80% of 
global soybean production (Grassini et al., 2021) (Fig. 1). The results 
presented have direct implications toward improving future soybean 
yield projections and informing policy decision-makers. 

2. Methods 

2.1. Model initialization and calibration under baseline conditions 

We calibrated ten eco-physiological soybean models (Supplementary 
Tables 1 and 2) using experimental data from five sites (Fig. 1). There 
were 19 treatments across the five sites, including irrigated, rainfed, and 
planting date treatments depending on the experimental site (Supple-
mentary Table 3). Briefly, there were irrigated and rainfed treatments in 
Azul, Argentina for three years (n = 6 treatments) and Auzeville, France 
for two years (n = 4 treatments); all irrigated treatments in Fayetteville, 
Arkansas, US for three years (n = 3 treatments); all rainfed treatments 
with early and late planting dates in Ames, Iowa, US for two years (n=4 
treatments) and Brasilia, Brazil for one year (n = 2 treatments). The 
long-term mean growing season temperature ranged from 19.8 oC 
(Argentina) to 25 oC (Arkansas, USA) and seasonal precipitation ranged 
from 253 mm (France) to 640 mm (Brazil) (Fig. 1). Soil information for 
parametrization of soil physical and chemical properties was provided to 
the crop modelers (Supplementary Table 4). 

Weather data, consisting of daily total solar radiation, maximum and 
minimum temperature, total precipitation, wind speed, relative hu-
midity, and dew point temperature were obtained from weather stations 
on-site or close to the experimental sites for model simulations during 
the experimental years. For the long-term (1980–2010) simulations, 
data were obtained from weather stations on-site when available, or 
from the closest weather station at the same location with complete 
data. Gaps and outliers in the long-term weather data were filled with 
the AgMERRA dataset (Ruane et al., 2015), adjusted after comparing the 
monthly values of the observed dataset (see Supplementary Information, 
SI1). 

Management information including planting date, cultivar maturity 
group, irrigation dates and amounts, were provided to describe the 
different treatments (Supplementary Table 3). Nitrogen fertilizer was 
only applied at the Brazil site at a low rate of 8 kg N ha− 1. Volumetric 
soil water content and soil inorganic nitrogen concentration was pro-
vided based on measurements or preliminary simulations initialized on 
January 1 (France, Arkansas, and Iowa), or July 1 (Brazil and 
Argentina). 

Each model was calibrated in two steps using different levels of data 
for calibration: 1) Blind calibration with only phenology data; and 2) Full 
calibration with in-season stem, pod, leaf, total aboveground biomass, 
seed weight, and leaf area index (LAI). The calibrations followed a 
similar approach that was used in the other multi-model comparisons 
(Bassu et al., 2014; Fleisher et al., 2017), where models were evaluated 
after a Blind and a Full model calibration. During Blind calibration, 
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modelers optimized crop phenology coefficients for the prediction of 
observed dates of beginning flowering (R1) and physiological maturity 
(R7). In addition, modelers optimized cultivar coefficients for the pre-
diction of beginning seed (R5) when available. Under Full calibration, 
modelers optimized all cultivar growth and phenology coefficients as 
needed to get simulated yield as well as in-season LAI, total biomass, 
leaf, stem, and pod weight close to the observed. Soil parameters were 
also modified as needed during Full calibration as modelers tried to 
match simulated volumetric water content with the observed. A detailed 
description of model calibration is provided in Supplementary Infor-
mation, SI2. 

2.2. Sensitivity analysis 

After calibrating each individual model for baseline conditions dur-
ing the experimental years, sensitivity exercises were conducted with 30 
years (1980–2009) of weather data from each site modified for five 
temperature levels (− 3, 0, +3, +6, and +9 oC variation from baseline), 
and five atmospheric [CO2] levels (360, 450, 540, 630, and 720 ppm). 
The modified temperature levels were created by decreasing or 
increasing the daily minimum and maximum temperatures of the 
baseline time-series. For example, to create the level of baseline + 3 ◦C, 
the daily maximum and minimum temperatures were increased by 3 ◦C 
throughout the 30 years. The relative humidity was kept the same as the 
baseline even when the temperature was altered, which resulted in a 
shift in dew point temperature and vapor pressure deficit. For the [CO2] 
concentration, a single value of 360 ppm was used for all 30 years for the 
baseline and was replaced by a higher value to create elevated [CO2] 
scenarios. All the treatments in the sensitivity analysis used auto- 
irrigation to avoid the confounding effect of water stress in studying 
[CO2] and temperature responses. The auto-irrigation was triggered to 
refill the soil profile to field capacity when there was 50% or less crop 
available water in the top 0.3 m of soil. There were no fertilizer 

applications, and the crop management during the sensitivity analysis 
was kept the same as one of the treatments during calibration. All the 
models simulated biological nitrogen fixation, except AQUACROP. The 
calibration and sensitivity simulations were carried out by teams for 
each model listed in Supplementary Table 1. Simulations started on 1 
January (France, Arkansas, and Iowa), or 1 July (Brazil and Argentina) 
of each year, and soybean was sown on 6 June in Arkansas, 11 
November in Argentina and Brazil, 2 May in Iowa, and 11 May in France. 
The management and initial conditions of the sensitivity setup were 
taken from one of the treatments of calibration (1999 Irrigated in 
Argentina, 2012 Irrigated in Arkansas, Early Planted Rainfed in Brazil, 
2017 Irrigated in France, and 2015 Early Planted Rainfed in Iowa). The 
management was held constant during the sensitivity analysis. 

2.3. Multi-model ensemble 

To evaluate multi-model ensembles under baseline conditions, we 
created a total of 3200 random combinations of multi-model ensembles 
composed of 1 and up to 10 models in the group. Therefore, any given 
model was selected randomly with repetition to create the multi-model 
ensemble using the sample function in the R statistical software version 
3.6.1 (Team, 2019). The number of multi-model combinations was set to 
3200, since a larger number of combinations was found by Martre et al. 
(2015) to have no effect on results in a multi-model ensemble from a 
pool of 27 wheat models. Thus, 3200 model combinations from a pool of 
10 soybean models provided robust estimates of the mean and nRMSE in 
model ensemble predictions in our study. This multi-model ensemble 
analysis assumed that any combination of models has the same chance of 
being selected as part of the ensemble. However, in reality model users 
may force their preferred model to be included in the ensemble, as 
opposed to creating an ensemble of random models, which may not 
include the model with which they are more experienced. For this 
purpose, we created a second type of model ensemble by imposing the 

Fig. 1. Locations of experimental sites used for model calibration under baseline conditions and soybean harvested area from 2010 to 2019 (FAOSTAT). Azul, 
Argentina (ARGN); Brasilia, Brazil (BRZL); Auzeville, France (FRNC); and Ames, IA (IOWA) and Fayetteville, Arkansas (AKNS), USA. Figure inserts show average 
daily growing season (GS) temperature and total precipitation during the experimental years (blue points), and during 30-years (1980–2009) used for sensitivity 
analysis (boxplots). Boxplot bounds show 25th and 75th percentiles, whiskers are 10th and 90th percentiles, the median is shown as a vertical bold line, and the mean 
as a plus symbol. 

K. Kothari et al.                                                                                                                                                                                                                                 



European Journal of Agronomy 135 (2022) 126482

4

condition that a particular model must be always present in the model 
ensemble. With this approach we obtained 10 model ensembles, one for 
each of the models included in the study, by selecting model combina-
tions that always included a given model from the 3200 random com-
binations previously generated. 

2.4. Data analysis 

We tested the efficacy of each individual model as well as a multi- 
model ensemble in reproducing seed yield and other measured vari-
ables using the normalized root mean square error (nRMSE). 

nRMSEm,s =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑Ns

i=1

(
Ys,i − Ŷ m,s,i

)2

Ns

√
√
√
√
√

×
100
Ys

(1)  

where nRMSEm,s is the nRMSE for the model or multi-model ensemble 
combination m at site s; Ys,i is the ith measured value at site s, and Ŷm,s,i is 
the corresponding simulated value by model m; Ȳs is the average of 
measured values at site s; and Ns is the number of measured values at site 
s. The nRMSE was calculated for each model and each site. 

The yield change (%) from the baseline under either a + 3 ◦C or a 
540 ppm [CO2] was analyzed with analysis of variance (ANOVA) using 
the PROC MIXED procedure in the SAS 9.4 software. Crop model, cali-
bration (Blind or Full), site, and their interactions were considered fixed 
factors in the ANOVA model. The year nested within site and the 
interaction of crop model with year nested within site were considered 
as random effects. We calculated the yield change from the baseline 
before analysis by dividing simulated yield simulations within each year 
and level by yield simulations under the baseline (+0 oC temperature 
variation at 360 ppm [CO2]) and expressing the yield change as a per-
centage. We quantified the effect of calibration on the yield change (%) 
using a least significance means of the crop model, location, and cali-
bration interaction with a slice by crop model and location. We trans-
formed the p-value using the LogWorth statistic (Greenland, 2019; Sall, 
2002) (LW), defined as –log10 (p-value), to compare the effect of cali-
bration in different models given the high incidence of p < 0.001 in our 
results due to crop models being deterministic in nature and void of 
random errors. To overcome the sensitivity of p-value in the large 
dataset and its favoring of factors with multiple levels, the LW statistic 
was found more suitable for testing calibration effect in our study 
(Greenland, 2019; Sall, 2002). 

In addition to analyzing the percent yield and biomass change under 
a 3 ◦C temperature increase, we investigated the relationship between 
these variables and mean growing season temperature utilizing data 
from model simulations at temperature levels ranging from 0 to + 9 ◦C. 
The − 3 ◦C temperature level was excluded from this analysis due to 
crop development rate being slowed down causing crop failure or 
causing steep changes in the shape of the response for some of the years. 
We first normalized grain yield and biomass by year, location, model, 
and calibration (See more details on the normalization approach in the 
Supplementary Information, SI3). Once yield data were normalized, we 
quantified the effect of model and calibration on the linear or quadratic 
relative yield or biomass response to mean growing season temperature 
with an analysis of covariance (ANCOVA) using the PROC MIXED pro-
cedure in SAS. Model, calibration, and site were considered as fixed 
factors, and mean growing season temperature and its square were 
covariates. The quadratic term was dropped from the model when not 
significant at P < 0.005 within a given location, model, and calibration. 
The shape of the relationship was specified for each location in the 
ANCOVA model by multiplying the square term of the model by a 
constant with a value of 0 or 1. The resulting ANCOVA model (Sup-
plementary Table 9) was used to quantify the effect of calibration on the 
shape of the response within each model and location with a contrast 
statement and expressed the p-value using the LW statistic, the higher 
the LW the lesser the probability of rejecting that the calibration effect is 

significant. The same approach was used to analyze relative biomass 
responses to mean growing season temperature by location, model, and 
calibration. 

We compared our model-simulated yield response to an increase in 
temperature with literature reported values from elevated temperature 
experiments conducted in outdoor heated experiments (Burkey et al., 
2020; Ruiz-Vera et al., 2013), controlled environment (Alsajri et al., 
2020; Xu et al., 2016), and temperature gradient chambers (Baek et al., 
2020; Tacarindua et al., 2013). In order to normalize the 
yield-temperature responses from the literature and our simulations, we 
calculated the yield change per 1 ◦C increase in temperature and chose 
studies that increased temperature higher than 1.5 ◦C compared to the 
control treatment. Similarly, we compared the simulated yield response 
to elevated [CO2] from our study with literature-reported values from 
Free-Air Carbon dioxide Enrichment (FACE) experiments (Bishop et al., 
2015; Gray et al., 2016; Hao et al., 2014; Morgan et al., 2005; Ruiz-Vera 
et al., 2013) and controlled environment experiments (Baker et al., 
1989; Wang et al., 2018). For a fair comparison, we compared our 
simulated yield increase from baseline to elevated [CO2] of 540 ppm 
with experiments where [CO2] was increased from baseline to 
540–600 ppm. Likewise, we compared yield response to [CO2] increased 
to 720 ppm in our study with experiments where [CO2] was raised to 
600–800 ppm. Further details regarding the experimental setup from 
the literature review are provided in supplementary section SI4. 

3. Results 

3.1. Baseline conditions and effect of calibration 

Measured soybean seed yield (Fig. 1) ranged from 3297 to 
6179 kg ha− 1 depending on the site and treatment (Fig. 2a). After Full 
calibration with detailed in-season observations, the variability and 
normalized root mean square error (nRMSE) for the simulated yield 
across the ten models was reduced for each site compared to the Blind 
calibration that was based on phenological observations only (Fig. 2b). 
Individual models simulated yield across all sites with an nRMSE that 
ranged from 20% to 51% after Blind calibration, and from 9% to 31% 
after Full calibration (Fig. 3a). As expected, the nRMSE for simulation of 
in-season biomass was also reduced from 22% to 109% under Blind 
calibration, to 16–48% across models after Full calibration (Supple-
mentary Fig. 1). Similarly, the nRMSE for simulation of LAI was reduced 
from 27% to 83% across models under Blind calibration, to 25–69% 
under Full calibration (Supplementary Fig. 1). The yield nRMSE after 
Blind calibration was greater than the 13.3% coefficient of variation 
(CV) typical across replications in soybean variety trials (Storck et al., 
2010), while after Full calibration four models simulated yield with an 
nRMSE below 13.3%. The ensemble mean and median ranked 3rd to 4th 
for the prediction of seed yield and, thus, were not the best predictors 
but did have a yield nRMSE below 13.3% (Fig. 3a). 

3.2. Number of models required in an ensemble under baseline conditions 

We explored the minimum number of models required in the 
ensemble to reduce the uncertainty for the simulation of yield (Fig. 3b). 
The nRMSE of the ensemble-mean decreased from 38% to 31% going 
from one to four models after Blind calibration, and from 18% to 14% 
after Full calibration (Fig. 3b). Adding more than four models to the 
ensemble reduced the nRMSE by less than 1% in absolute units. We also 
investigated a practical implication of using multi-model ensembles that 
had not been addressed in the past: modelers may prefer to always keep 
in the ensemble the model they are most experienced with. We inves-
tigated if the number of models required in the ensemble was influenced 
for ensemble cases containing the best- and worst-performing models 
within each location (Fig. 4). When the best performing models were 
always in the ensemble for a given site, adding more models increased 
the nRMSE. When the worst performing models were always in the 
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ensemble, adding more models decreased the nRMSE (Fig. 4). Interest-
ingly, there was no single model that minimized nRMSE at all sites, but 
different models were best at different sites. In addition, calibration 
altered the ranking of models within a given site (Fig. 4b). 

3.3. Model response to a + 3ºC temperature increase 

The models differed greatly in their responses to deviations from the 
baseline temperature of − 3, 0, + 3, + 6 and 9 ◦C (Fig. 5a). The ANOVA 
of + 3 ◦C temperature change showed that the variability in yield 
change (%) was mainly attributed to model and location main effects, 

Fig. 2. Mean observed and simulated yield and normalized root mean square error (nRMSE) for simulation of yield at each location after Blind and Full calibration. 
(a) Measured (blue symbol) and simulated seed yield across ten models (boxplots) with data averaged across treatments within a location and irrigation system 
(rainfed or irrigated), and (b) average nRMSE across models for simulation of seed yield by location after Blind and Full calibration. 

Fig. 3. Normalized root mean square error 
(nRMSE) for the simulation of seed yield by 
individual models and for ensembles created 
with different number of models. (a) Ranking in 
nRMSE of individual models and ensembles 
created from the mean and median across all 
models under Blind and Full calibration (b) 
nRMSE in ensembles created with an increasing 
number of models selected randomly with 
repetition. Error bars represent the standard 
deviation from 3200 random selections of 
models that comprise an ensemble. The hori-
zontal dashed line indicates a 13.3% yield co-
efficient of variation (CV) obtained from 
soybean variety tests (Storck et al., 2010).   
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and was affected by calibration in case of some models and locations 
(Supplementary Table 5). Most models and locations had a small cali-
bration effect as seen from smaller LW values (Supplementary Table 6). 
High LW values (LW>= 4 or p = 0.0001) were found only in 13 out of 
54 total cases, and the LW value of model ensemble was in the middle of 
that of the individual models, indicating that it was efficient in filtering 
large calibration effects. Some of the unaccounted variability in the 
ANOVA of the relative yield response to temperature was due to a year 
effect (Supplementary Table 5), given that growing season temperature 
varies from year to year within each location. The relative yield change 
in response to a + 3 oC temperature increase was highly variable across 
models after Blind calibration and this variability persisted after Full 
calibration (e.g., 0–42% decline after Blind and +3% (SSM) to − 38% 
(APSIM) after Full in Brazil). After Full calibration, for a temperature rise 
of + 3 ◦C from the baseline, the yield was simulated to decline by 1–19% 
depending on the model in France, by 12–21% in Iowa, and by 3–32% in 
Arkansas. For a + 9 ◦C temperature deviation from baseline, the model 
variability increased, with a yield decline ranging from 17% to 72% 
depending on the model in France, 4–70% in Iowa, 14–97% in Brazil, 
and 29–84% in Arkansas. In addition, for the coldest site, models did not 
agree on the direction of the yield change in response to the temperature 
increase. For instance, the yield change in Argentina under a tempera-
ture rise of + 3 ◦C ranged from a 24% yield decline (SWB) to a 29% yield 
increase (APSIM), and under a temperature raise of + 9 ◦C, yield 
changed from − 67% (SWB) to + 9% (APSIM) (Fig. 6a). Across all lo-
cations, the SSM model typically simulated the smallest yield decline 
with an increase in temperature, while the MONICA model predicted the 
greatest yield decline in response to an increase in temperature. 

The multi-model ensemble proved useful for filtering out the extreme 
temperature responses of the individual models, while also avoiding 
large calibration effects on these responses (Fig. 5a, Supplementary 
Table 6). For a 3 ◦C increase in temperature after Full calibration, the 

ensemble predicted a yield decrease of 0.2% (Argentina), 5.9% (Iowa), 
7.1% (France), 11.6% (Arkansas), and 16.1% (Brazil) (Fig. 5a). Under 
the most extreme temperature increase (+9 ◦C), the ensemble simulated 
yield decreases of 29.1% (Argentina) and 48.8% (Brazil). 

3.4. Analysis of model responses to mean growing season temperature 

Models differed in the magnitude and shape of the relationship be-
tween simulated yield and mean growing season temperature, which 
was both quadratic and linear for the same location depending on the 
model and calibration (see example in Fig. 7 and results from all sites in 
Supplementary Figs. 2a to 2d). Cooler sites such as Argentina were more 
likely to show a quadratic or non-linear response (Fig. 7). In contrast, for 
the warm sites in Arkansas and Brazil, yields responses to temperature 
showed a declining linear relationship in more instances (Supplemen-
tary Figs. 2c and 2d). The shape of biomass-temperature response curve 
was similar to that of yield-temperature response (Supplementary Figs. 
3a to 3e), although the reduction in biomass with an increase in tem-
perature was less in magnitude. For instance, the effect of a 6 ◦C tem-
perature increase on biomass (12–24% reduction) was less than that 
simulated for yield (12–34% reduction depending on the location). 

The effect of calibration on the shape of the yield and biomass- 
temperature response curves showed that LW values were lower than 
four (p = 0.0001 or LW = 4) for most models and location combinations, 
indicating a significant but small calibration effect (Supplementary Figs. 
3a to 3e). However, a greater calibration effect that modified the 
magnitude or shape of the response was found in six out of the 54 cases, 
and more often for the colder sites (Argentina and France) compared to 
the warmer sites. For example, in Argentina site, the APSIM and STICS 
models simulated an almost linear decline in yield with increasing 
temperature after Blind calibration, but after Full calibration a quadratic 
model with an optimum temperature above the baseline provided a 

Fig. 4. Normalized Root Mean Square Error (nRMSE) for simulation of observed seed yield imposing the condition that a given model is always present in the 
ensemble. (a) nRMSE after Blind and (b) nRMSE after Full calibration at each location by a mean multi-model ensemble composed of an increasing number of models. 
Rank 1 in parenthesis indicates the model with the lowest nRMSE for the prediction of observed yield within a location. The horizontal dashed line indicates 13.3% 
CV typical from field trials (Storck et al., 2010). 
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better relative yield response to temperature (Supplementary Figs. 2a to 
2d). 

The effect of model and calibration on the yield and biomass 
response curve to temperature may be partially associated with differ-
ences in the growing season duration and in the maximum LAI achieved, 
both of which will influence the amount of photosynthetically active 
radiation absorbed by the crop canopy. The relationship between the 
mean growing season temperature and its duration showed that growing 
season length was generally reduced with increasing temperature in 
most models (Supplementary Figs. 4a to 4e). However, for a group of 
models (i.e., APSIM, DSSAT, DSSAT-EBL, and STICS) the relationship 
between the growing season duration and temperature was best 
described by a negative quadratic relationship, where growing season 
length increased at extreme temperatures. The analysis of the relation-
ship between LAI and mean growing season temperature showed that a 
group of models (i.e., SSM, STICS) simulated an increase in LAI with 
increasing temperature, another group a decrease in LAI (i.e., APSIM, 
MONICA, LNTUL), while the remaining models showed a relatively 
small effect of temperature on maximum LAI (Supplementary Figs. 5a to 
5e). Models also differed greatly in their simulation of maximum LAI 
under baseline conditions after Blind calibration e.g., 3.8–12.8 m2 m− 2 

maximum LAI across models in Argentina. After Full calibration, the 
difference in simulated LAI decreased in magnitude but still persisted (e. 
g. 5.1–9.8 m2 m− 2 maximum LAI in Argentina). 

3.5. Response to [CO2] 

All models simulated a positive yield response to increasing [CO2], 
but their responses differed greatly in magnitude (Fig. 5b). The ANOVA 
of the percent yield increase in response to a [CO2] increase from 360 to 
540 ppm showed that the variations in yield response were mostly 
attributed to a model effect, whereas calibration and site had a limited 
effect on this response (Supplementary Tables 5 and 7). The effect of 
calibration on the yield-[CO2] response was noticeable for a few model 
and location combinations; however, the calibration effect was minor on 
the simulated yield response to [CO2] by the model ensemble (Supple-
mentary Table 7). 

The variation across models in the % yield response to [CO2] was 
high after Blind calibration, and this variability did not reduce after Full 
calibration (Fig. 8a). For instance, the increase in yield when increasing 
[CO2] from 360 to 540 ppm ranged from 12% (STICS) to 29% (LINTUL 
and AQUACROP) after Blind Calibration, and from 6% (SSM) to 31% 

Fig. 5. Simulated yield change (%) in response to a) temperature and b) [CO2] variation from the baseline at each site. Results are shown for each model after Full 
calibration, and for the model ensemble after Blind and Full calibration. The locations are sorted from cold (Argentina) to hot (Arkansas), left to right, based on mean 
growing season temperature. Data averaged across 30 years of simulations under no water limitations (automatic irrigation). 
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(LINTUL) after Full calibration (Fig. 8a). Similarly, the yield change 
when increasing [CO2] from 360 to 720 ranged from 22% (STICS and 
SSM) to 59% (LINTUL) after Blind calibration, and by 11% (SSM) to 61% 
(LINTUL) after Full calibration (Fig. 8a). The LINTUL and AQUACROP 
models consistently showed the largest yield response to rising [CO2], 
while the STICS and SSM models had a relatively smaller yield response. 
When evaluating differences across locations, most models simulated a 
yield gain under a [CO2] rise from baseline to 540 ppm that was greater 
for locations with a higher growing season temperature (Fig. 9a). In 
particular, two models, i.e., LINTUL and MONICA, exhibited a higher 
yield gain under higher temperature and increased [CO2], while the 
AQUACROP model showed similar yield responses across locations, and 
the SSM model showed a negative relationship between yield change 
and average growing season temperature (Fig. 9 and Supplementary 
Table 7). 

The mean multi-model ensemble was efficient avoiding extreme 
yield-[CO2] responses from the individual models, with a mean 

simulated yield increase ranging from 17% (France) to 22% (Arkansas) 
for 360–540 ppm after Full calibration (Supplementary Table 7). When 
doubling atmospheric [CO2] from 360 to 720 ppm, the ensemble model 
simulated a yield increase from 28% to 36% after Full calibration. 
Overall, the simulated yield gain under increasing atmospheric [CO2] 
had a tendency to be the highest for relatively warm environments such 
as Brazil and Arkansas, USA (Fig. 9a). 

We analyzed the effect of elevated [CO2] on additional model out-
puts other than yield to identify possible mechanisms for how crop 
models respond to [CO2] (Supplementary Table 8). For a [CO2] increase 
from 360 ppm to 540 ppm after Full calibration, the simulated increase 
in yield from the multi-model ensemble (17–23% across sites) was 
parallel to the simulated gain in total aboveground biomass (17–22%). 
Thus, the models simulated an increase in photosynthesis and growth 
under high [CO2] with similar partitioning to reproductive tissues. The 
maximum LAI also increased with increasing [CO2], indicating that the 
greater photosynthesis drives LAI in the models (Supplementary Table 

Fig. 6. Yield change under a + 3 ◦C temperature increase simulated in our study and comparison with a literature review of field experiments. a) Yield change (%) 
from the baseline by model and calibration for each location based on 30 year simulations. The baseline temperature varied for each location, Argentina (19.8 ◦C), 
France (21.2 ◦C), Iowa (21.7 ◦C), Brazil (22.7 ◦C), and Arkansas (25.0 ◦C). b) Comparison of the rate of yield and biomass change (% change per 1 ◦C increase in 
temperature) simulated by the model ensemble and measured in field experiments conducted in out-door heated plots (Burkey et al., 2020; Ruiz-Vera et al., 2013), 
controlled environment (Alsajri et al., 2020; Xu et al., 2016), and temperature gradient chambers (Baek et al., 2020; Tacarindua et al., 2013) (further details from 
field experiments are in Supplementary SI4). 
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8). 

4. Discussion 

4.1. Baseline conditions 

4.1.1. Additional observed field data reduce simulation uncertainty 
Model calibration with observed data is a necessary step before 

conducting field-scale model applications to study management and 
climate scenarios. However, such task is often impossible at regional- 
scale simulations due to limited data for calibration (Müller et al., 
2017, 2021). Part of soybean yield variability can be explained by the 
crop growth cycle duration, which allows for good yield estimates from 
soybean models previously calibrated for a region based on information 
on cultivar maturity (Salmerόn et al., 2017; Setiyono et al., 2010). 
Similarly, we found that models previously calibrated and evaluated 
with a larger number of independent soybean experimental data such as 
DSSAT and APSIM (Archontoulis et al., 2014; Gaydon et al., 2017; 
Mavromatis et al., 2002; Ruıź-Nogueira et al., 2001), had the lowest 
nRMSE for yield prediction under Blind calibration with phenology data 

only (<30%). The APSIM and DSSAT models also showed the lowest 
nRMSE for simulation of in-season LAI and biomass (<31%) after Blind 
calibration (Supplementary Fig. 1). However, with additional observed 
data for model calibration, the nRMSE for simulation of in-season 
biomass and LAI was reduced compared to Blind calibration with few 
exceptions (Supplementary Fig. 1). As a result of calibration with 
detailed in-season variables and final yield, some of the models with less 
a priori evaluation had a yield nRMSE that was lower than or similar to 
the expected experimental error (13.3%) (Storck et al., 2010). Thus, our 
study provided an opportunity for model improvement of less evaluated 
soybean models through calibration of cultivar characteristics with 
detailed crop data. 

Another source of uncertainty was associated with the simulation of 
water balance and water stress. The models showed high variability for 
simulating the soil and plant water balance as well as sensitivity to 
drought stress when provided with only phenological data and a local 
soil characterization (Supplementary Table 4), which contributed to the 
high nRMSE after Blind calibration. After Blind calibration, most models 
tended to under-estimate yield in Argentina and France, especially for 
rainfed conditions (Fig. 2). Overall, our results suggest that uncertainty 

Fig. 7. Relationship between relative yield and mean growing season temperature by model and calibration in Argentina. Data from 30-year simulations and 
temperature treatments 0 to + 9 ◦C. The circles show simulated relative yield, while the lines are fitted quadratic or linear curves by model and calibration with 
equations and R2 shown in figures. The bands are 90% confidence interval of the model fit. LogWorth values are the transformed probability values of the calibration 
effect within each model, with higher Logworth values indicating a lower probability that the calibration effect is not significant (e.g. LogWorth = 4 is equivalent 
to p = 0.0001). 
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in yield predictions under water stress was associated more to a location 
effect rather than to the a priori experience of the different soybean 
models. 

4.1.2. Role of multi-model ensembles to manage uncertainty 
A model ensemble can reduce uncertainty when limited data for 

model calibration are available. In prior maize (Bassu et al., 2014), 
wheat (Wallach et al., 2018), and sugarcane (Marin et al., 2015) 
multi-model studies, the mean or median across all models were better 
yield predictors than any individual model. In our study, the ensemble 
mean or median reduced nRMSE below that of most of the models after 
Blind and Full calibration, but they were not the best yield predictors. 
Prior studies in other crops showed that ensembles can reduce the 
nRMSE below the yield CV after Blind calibration with phenology data 
(Bassu et al., 2014; Fleisher et al., 2017; Li et al., 2015). In our study, the 
ensemble was only able to simulate yield with a nRMSE close to a CV of 
13.3% obtained in variety trials (Storck et al., 2010) after Full calibra-
tion (Fig. 3). 

We found that adding more than four models to the ensemble under 
either Blind or Full calibration did not further reduce the nRMSE (Fig. 3). 
Similarly, in a wheat multi-model study of 25 models, Wallach et al. 
(2018) concluded that five models were sufficient to minimize error in 
yield simulations. Battisti et al. (2017) found that an ensemble of five 
soybean models had lower bias (262 kg ha− 1) than the individual 
models (535–650 kg ha− 1). Model-ensemble analysis considers a 
random selection of the models that compose an ensemble. However, 
modelers may prefer to always include the model they are most 

experienced with as part of the ensemble. This question had not been 
addressed in past studies. We found that an ensemble of four or five 
models was also sufficient to minimize the yield nRMSE when included 
with the worst-performing model within a site (Fig. 4). Expectedly, an 
increase in the yield nRMSE was observed when starting with the 
best-performing model and then adding additional models to the 
ensemble. No single model minimized nRMSE at all sites, but different 
models performed best for different sites. Thus, even the best performing 
models for certain locations, benefited from using a multi-model 
ensemble when applied to other locations. There are major implica-
tions of this finding given that the ranking of models was variable from 
one site to another, and was affected by calibration. Without a priori 
information of model performance in a site, it is not wise to assume that 
a given model is better than a model ensemble. Rather, this finding 
supports the conclusion of prior multi-model studies (Battisti et al., 
2017; Wallach et al., 2018) for use of multi-model ensemble of 
approximately five models to increase confidence in yield predictions. 

Overall, our study found benefits from using a multi-model ensemble 
that were consistent with prior studies for other crops, but also identified 
some differences. The relatively high nRMSE of the model ensemble in 
our study after Blind calibration and its modest ranking could be 
attributed to difficulties in simulating yield under rainfed conditions. 
This conclusion is consistent with a recent maize study under low input 
conditions in Africa, where the yield nRMSE was 63% for the Blind 
ensemble and 26% for Full ensemble (Falconnier et al., 2020). Another 
explanation is that soybean models, with the exception of the 
CROPGRO-Soybean model of DSSAT, have been generally less robustly 

Fig. 8. Yield response under elevated [CO2] 
levels simulated in our study and comparison 
with a literature review of field experiments. 
Yield change (%) from the baseline (360 ppm) 
under elevated [CO2] levels of a) 540 ppm and 
b) 720 ppm, obtained from 30-year simulations 
and averaged across five locations. c) Compar-
ison of yield response simulated by the model 
ensemble in our study with elevated CO2 ex-
periments in FACE (Bishop et al., 2015; Gray 
et al., 2016; Hao et al., 2014; Morgan et al., 
2005; Ruiz-Vera et al., 2013), controlled envi-
ronment growth experiments (Baker et al., 
1989; Wang et al., 2018), and a meta-analysis 
of field studies (Ainsworth et al., 2002) 
(further details from field experiments are in 
Supplementary SI4). The dashed line across the 
figure panels shows yield response and the solid 
line shows biomass response of the model 
ensemble from our study.   
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evaluated with experimental data compared to cereal crop models, and 
in particular evaluated less for processes specific to legumes, including 
biological N2 fixation (Boote et al., 2009), that is known to be highly 
sensitive to environmental conditions and drought stress (Purcell et al., 
2004). 

4.2. Response to temperature 

We found a large variability in modeled-yield responses to changes in 
temperature (Figs. 5 and 6). Under a + 3 ◦C temperature increase, most 
models showed a reduction in yield at the warmest locations, but the 
direction of this effect differed across models at the cooler sites. 
Different temperature responses at cool versus warm sites were expected 
because baseline ambient temperatures at each site may be above or 
below the optimum cardinal temperatures for soybean. For instance, 
Hatfield et al. (2011) proposed an optimal range of 25–37 oC for vege-
tative production and 22–24 oC for reproductive seed yield in soybean, 
with failure of seed yield and harvest index at 39 ◦C (Battisti et al., 2018; 
Boote et al., 2005). Thus, an increase in temperature had direct effects 
on the rate of photosynthesis, growth and addition of reproductive sinks 
in some models based on their cardinal temperatures for growth and 
reproductive partitioning (Supplementary Table 2). Daily baseline 
temperatures were more likely to fall below the range of optimum 
temperature for soybean photosynthesis and growth (25–30 oC) (Jeffers 
and Shibles, 1969) for the coldest sites in our study, which may explain 
the positive yield change that was simulated with + 3 ◦C temperature 
increase by some of the models in Argentina. 

The relative biomass response to growing season temperature was 
similar to the relative yield response, but smaller in magnitude. This 
reduction in harvest index was simulated in many models with a direct 
temperature effect on the rate of partitioning to reproductive growth 

(Supplementary Table 2), and additionally in one of the models (DSSAT) 
by an indirect effect of temperature on rate of pod addition at above- 
optimal temperatures (equivalent to fruit abortion). However, a pri-
mary factor contributing to yield reductions with increasing tempera-
ture was the shortening of crop life cycle duration (Supplementary Figs. 
4a to 4e). Of interest, a few models showed a negative quadratic 
response to increasing mean growing season temperature that caused 
prolonged life cycles under extremely high temperatures (Supplemen-
tary Figs. 4a to 4e) that have been reported in controlled environment 
studies (Allen et al., 2018; Tacarindua et al., 2013; Thomas et al., 2010). 
This occurs because increase of mean daily temperature (~beyond 
31 ◦C) slows progression of pod-set, seed development, and crop 
maturation. Lastly, an increasing temperature that shortened the life 
cycle caused reductions in maximum LAI below critical values in several 
models that would partially explain the decrease in biomass (Supple-
mentary Figs. 5a to 5e). 

Prior studies found that the main factors driving the large un-
certainties in yield simulations under climate change were the different 
temperature responses for processes within the models (Asseng et al., 
2013; Wang et al., 2017). The soybean models showed a large variation 
in the complexity and number of processes affected by temperature 
(Supplementary Tables 1 and 2). More mechanistic approaches in some 
models may also pose additional challenges to parametrize and evaluate 
processes with observed data. It is important to note that we evaluated 
yield responses to temperature under well-watered conditions to avoid a 
confounding effect of water stress, thus we would expect greater vari-
ability in model responses under drought stress. While our study eval-
uated the uncertainty in simulated yield responses under changing 
temperature and [CO2] the accuracy of the response curves can only be 
validated against experimental data. Detailed model validation and 
parameterization with elevated temperature experiments under a wide 

Fig. 9. Yield response under elevated [CO2] as affected by growing season temperature. a) Simulated yield change (%) by individual models at the five different 
locations in this study; and b) comparison of yield change (%) simulated from the model ensemble in our study with values reported from the literature experi-
mentally. The figure shows the yield change from the baseline (360 ppm) under a [CO2] increase of 540 ppm in our study, and to 540–600 ppm for literature- 
reported values. 
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range of natural air temperatures or heated plots on the same genotype 
is needed to increase the validity of model-simulated temperature 
responses. 

We observed a calibration effect on the shape of the yield- 
temperature response (See example in Fig. 7) that was unexpected and 
in contrast with previous maize studies where calibration had a limited 
effect on the yield temperature response (Bassu et al., 2014). However, it 
should be noted that the maize team (Bassu et al., 2014) tested the 
calibration effect on the model ensemble and not on individual models, 
while we analyzed calibration effect on individual models. In our study, 
as in the maize study, cultivar crop coefficients were modified as needed 
during Full calibration to match the observed LAI, biomass, and pod 
growth. Most models showed a decrease in the nRMSE for simulation of 
biomass and LAI after calibration (Supplementary Fig. 1). Particular to 
soybean models and our study, modelers also modified phenology when 
needed to match observed pod growth. We found that changes in 
phenology or leaf area development during calibration also modified the 
maximum LAI and the growing season duration in response to temper-
ature (Supplementary Fig. 4 and 5), which may be partially associated to 
changes in the yield response to temperature after calibration. The effect 
of calibration on the yield response to temperature has not been 
explored in-depth previously, and could have implications on climate 
change predictions using crop models. This issue needs further 
investigation. 

The model ensemble was useful to reduce uncertainty associated 
with individual models and calibration. The model ensemble simulated 
yield reductions of 0.1–5.3% per 1 oC temperature increase that fol-
lowed the responses found in experimental studies with similar baseline 
temperatures (Fig. 6b). This range is also consistent with a U.S. climate 
assessment review by Hatfield et al. (2011), who concluded that soybean 
yield in the Southern USA (with mean baseline temperature of 26.7 ◦C) 
would be reduced by 2.4% for a 0.8 ◦C temperature increase, or 3.0% 
per 1 ◦C. We found several soybean temperature response experiments 
with yield data that can be compared with the model responses in our 
work (Fig. 6b). Of interest, some of those experiments showed high 
variability and greater yield reductions in response to temperature than 
those simulated in our work (see responses above 24 ◦C baseline in 
Fig. 6b), which highlights the need to evaluate soybean models under 
elevated temperature conditions. There are limitations when comparing 
simulated model ensemble response with field experimental data due to 
differences in soil, weather, and crop management. However, this 
comparison was still helpful to evaluate the temperature and [CO2] re-
sponses in models. Further details regarding the field experimental data 
derived from the literature review are provided in supplementary sec-
tion SI4 for elevated temperature experiments and [CO2] experiments. 

4.3. Response to [CO2] 

Eight soybean models had an asymptotic positive yield response to 
[CO2], in line with extensive literature of [CO2] effects on photosyn-
thesis and yield, except for two models that had a linear response. Of 
interest, there were notable differences in the magnitude of the yield 
response to [CO2] among the ten models (Fig. 8a). The [CO2] increment 
from 360 ppm to 540 ppm is similar to the expected increase in [CO2] 
levels by 2100 (360 ppm in 1995, 411 ppm at present (NOAA-ESRL, 
2020), ~540 ppm lower limit of CO2-equivalent under RCP 4.5 climate 
scenario in 2100 (IPCC, 2014)). Crop models differed greatly in the 
magnitude of the [CO2] response (6–31% among models, averaged 
across sites, Fig. 8a). The presence of these large differences indicates 
inadequate approaches or parameterization of model responses to in-
crease in [CO2] and insufficient evaluation of some models with 
observed experimental data under elevated [CO2] in soybean. In 
contrast to the results obtained for the temperature response, the cali-
bration effect (Blind to Full) on the yield response to [CO2] was relatively 
small to non-existent depending on crop model. The effect of calibration 
on the yield response to [CO2] was an indirect result from the 

optimization of cultivar traits that determine the rate and duration of 
leaf area development to mimic observed LAI and biomass over time 
under ambient [CO2] conditions. This limited effect of calibration on the 
yield response to [CO2] was expected and agrees with previous 
multi-model studies for other crops (Bassu et al., 2014). Prior studies 
have argued that models used for climate change predictions should 
require parametrization of a photosynthetic response to [CO2] that is not 
cultivar-specific (Bassu et al., 2014). 

There is a small proposed temperature by [CO2] interaction on the 
rate of photosynthesis, based on the theory of photosynthetic enzyme 
function (Kirschbaum, 1994; Morison and Lawlor, 1999). Our study 
indicated that many models showed a greater yield response to [CO2] 
with increasing mean growing season temperature (Fig. 9a). However, 
the extent of site effect was very strong for two models (LINTUL and 
MONICA), and modest for most other models (Fig. 9a). Differences in 
[CO2] responses across models and locations cannot be attributed to 
variable levels of increased water use efficiency under high [CO2], given 
that simulations were conducted under automatic irrigation to avoid the 
confounding effect of water stress. 

The model ensemble was valuable to minimize uncertainty due to 
highly variable responses to [CO2] of individual models. The ensemble 
simulated a yield increase by 18–19% that is similar to the response 
reported in a meta-analysis by Ainsworth et al. (2002) with [CO2] in-
creases from ambient (330–415 ppm) to elevated levels (540–600 ppm) 
(Fig. 8b). Some FACE studies (Bishop et al., 2015; Morgan et al., 2005; 
Ruiz-Vera et al., 2013) have reported a relatively lower yield increase 
compared to that simulated by the model ensemble, which may be 
partially attributed to water stress in some studies (Fig. 8b, Fig. 9b). This 
hypothesis is supported when comparing with responses obtained dur-
ing wet seasons in the same FACE facility in Champaign, IL (Gray et al., 
2016) (Fig. 8b). In addition, a recent review by Allen et al. (2020) 
provides evidence that the rapid, widely fluctuating [CO2] in FACE ex-
periments results in an under-estimation of the yield [CO2] response 
compared to open-top and controlled-environment chambers by a ratio 
of 0.68. Thus, the 13% increase in soybean yield reported in a review of 
FACE studies by Ainsworth and Long (2020) with raising [CO2] from 
370 to 390–550 ppm would be 19% when corrected by a 0.68 ratio, 
similar to the yield increase obtained by the ensemble model in this 
study. The comparison of the ensemble model response to [CO2] levels 
above 600 ppm with experimental data is limited to growth chambers 
studies (Baker et al., 1989; Xu et al., 2016) (Fig. 8b). Of interest, the 
ensemble-mean simulated responses to rising [CO2] are similar for 
biomass and yield, which is inconsistent with literature showing re-
ductions in harvest index under rising [CO2] (Fig. 8b, Supplementary 
Table 8) and this requires further investigation. The FACE experiments 
(Bishop et al., 2015; Ruiz-Vera et al., 2013), and controlled environment 
studies in soil-plant-atmosphere research (SPAR) chambers (Ruiz-Vera 
et al., 2013; Xu et al., 2016) have shown relatively smaller yield in-
creases in response to [CO2] compared to increases in total aboveground 
biomass (Fig. 8b). Similarly, in a meta-analysis of FACE studies, Ains-
worth et al. (2002) reported a seed yield increase of 24% and a decline in 
harvest index by 11% under optimal growth conditions (Fig. 8b). 
Overall, there is consistent research evidence that harvest index de-
creases in soybean under elevated [CO2], whereas model-simulated 
harvest index was almost unaffected by [CO2] changes. Further 
research is needed to properly understand the mechanism that would 
allow a reduction in harvest index under elevated [CO2] in soybean crop 
models. 

In summary, yield simulations from a model ensemble can reduce 
uncertainty in [CO2] responses for climate change impact assessment; 
however, some models showed high deviations from the ensemble 
model response and the literature and would benefit from further 
development and evaluation with experimental data under elevated 
[CO2]. Models were markedly different in their responses to temperature 
and [CO2], and we found that the multi-model ensemble was useful for 
avoiding extreme responses from some models, unexpected effects from 
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calibration, and provided yield responses close to those reported in the 
literature for locations of similar baseline temperatures. 

5. Conclusions 

We conducted the first AgMIP soybean model inter-comparison with 
ten models and data from five contrasting environments. These models 
varied considerably in their yield responses to temperature and [CO2] 
regardless of the level of calibration. While calibration generally did not 
affect temperature and [CO2] response, it altered the shape of temper-
ature response curves for some models and sites. The variability among 
models in their yield response to key climate change factors suggests 
that the individual models may currently have limited applicability for 
climate change food projections. Our study demonstrates that multi- 
model ensembles are valuable in reducing uncertainty in soybean 
yield simulations that may be associated with model and calibration. We 
also found that the temperature and [CO2] responses of the model 
ensemble were close to those reported in the literature with some noted 
exceptions. Model ensembles, therefore, appear better suited than in-
dividual models in estimating climate change impacts on yield. Further 
improvement of soybean models by direct comparison with data from 
elevated [CO2] and temperature experiments is needed to help param-
etrize and verify validity of responses to temperature and [CO2] and to 
increase confidence in yield predictions under climate change. 
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