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Highlights 56 

- 15 wheat crop models were improved for the simulation of the impact of heat stress 57 

- Crop model improvements increased accuracy of simulations 58 

- Improvements reduced multi-model ensemble yield impact uncertainty 59 

- Required number of models for multi-model ensemble impact assessment was reduced  60 
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Abstract 61 

To improve climate change impact estimates and to quantify their uncertainty, multi-model ensembles 62 

(MMEs) have been suggested. Model improvements can improve the accuracy of simulations and reduce 63 

the uncertainty of climate change impact assessments. Furthermore, they can reduce the number of models 64 

needed in a MME. Herein, 15 wheat growth models of a larger MME were improved through re-65 

parameterization and/or incorporating or modifying heat stress effects on phenology, leaf growth and 66 

senescence, biomass growth, and grain number and size using detailed field experimental data from the 67 

USDA Hot Serial Cereal experiment (calibration data set). Simulation results from before and after model 68 

improvement were then evaluated with independent field experiments from a CIMMYT world-wide field 69 

trial network (evaluation data set). Model improvements decreased the variation (10th to 90th model 70 

ensemble percentile range) of grain yields simulated by the MME on average by 39% in the calibration 71 

data set and by 26% in the independent evaluation data set for crops grown in mean seasonal temperatures 72 

>24°C. MME mean squared error in simulating grain yield decreased by 37%. A reduction in MME 73 

uncertainty range by 27% increased MME prediction skills by 47%. Results suggest that the mean level of 74 

variation observed in field experiments and used as a benchmark can be reached with half the number of 75 

models in the MME. Improving crop models is therefore important to increase the certainty of model-76 

based impact assessments and allow more practical, i.e. smaller MMEs to be used effectively.  77 

 78 

Keywords: 79 

Impact uncertainty, 80 

High temperature, 81 

Model improvement, 82 

Multi-model ensemble, 83 

Wheat crop model  84 
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1. Introduction 85 

Wheat is the most widely grown crop in the world and provides more than 20% of the daily protein and 86 

food calories for the world population (Shiferaw et al., 2013). With a predicted world population of 9 87 

billion in 2050, the demand for food including wheat is expected to increase by then (Alexandratos and 88 

Bruinsma, 2012). Climate trends are significantly affecting agricultural production systems, including 89 

wheat, in several regions of the world, thereby posing risks to global food supply and security (Sundström 90 

et al., 2014). Therefore, quantifying the potential impact of climate variability on crops has become a 91 

priority in order to develop effective adaptation and mitigation strategies (Burton and Lim, 2005; Denton 92 

et al., 2014).  93 

Process-based crop simulation models are useful tools to assess the impact of climate as they consider 94 

the interaction between climate variables and crop management and their effects on crop productivity. 95 

Their use in climate impact studies and for analyzing and developing adaptation and mitigation strategies 96 

has increased during the recent years (Byjesh et al., 2010; Donatelli et al., 2012; Moradi et al., 2013; 97 

Rosenzweig et al., 2014). Nevertheless, most of the current crop models lack explicit definitions of 98 

relevant physiological thresholds and crop responses to extreme weather events, particularly for 99 

temperatures exceeding these thresholds (Rötter et al., 2011). These omissions might be one of the reason 100 

for the considerable differences in estimates of grain yield observed among models especially for high 101 

temperatures, and between models and field observations (Palosuo et al., 2011). In addition, since a clear 102 

methodology is lacking, most climate change impact assessments for agriculture have not addressed crop 103 

model uncertainties (Müller, 2011), which have become a major concern recently in climate impact 104 

assessments  (Lobell et al., 2006; Ruane et al., 2013; Zhang et al., 2015). 105 

White et al. (2011) reported that over 40 wheat crop models are in use worldwide. They differ in the 106 

processes they include, or in the modelling approaches used to simulate physiological processes. A recent 107 

work carried out by the Wheat Team of the Agricultural Model Inter-comparison and Improvement 108 

Project (AgMIP) (Rosenzweig et al., 2013) compared 27 wheat crop models and showed that a greater 109 

portion of the uncertainty in climate change impact projections was due to variations among crop models 110 

than to variations among climate models, and that uncertainties in simulated yield increased dramatically 111 

under high temperature conditions (Asseng et al., 2013). Following the example of the climate modelling 112 

community, to increase reliability of impact estimates and to give better estimates of uncertainty, use of 113 

crop multi-model ensembles (MME) has been suggested (Asseng et al., 2015; Bassu et al., 2014; Li et al., 114 

2015; Pirttioja et al., 2015). Model improvements have been suggested for improving the accuracy of 115 

simulations and reducing the uncertainty of climate impact assessments (Asseng et al., 2013; Challinor et 116 

al., 2014; Rötter et al., 2011). Martre et al (2015) argued that one of the consequences of model 117 
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improvements will be the reduction of the number of models required for an acceptable level of simulation 118 

uncertainty. Furthermore, the improvement of the models in an ensemble using good quality field-based 119 

experimental data could substantially widen the range of research questions to be addressed and increase 120 

the confidence in simulation results of applications under changed climatic or management conditions 121 

(Martre et al., 2015). 122 

Herein, we investigated the effects of model improvements in 15 wheat crop models with regards to 123 

heat stress and its impact on model performances, uncertainty, and the number of crop models required in 124 

multi-model ensembles used for impact studies. 125 

2. Materials and methods 126 

2.1. Experimental data 127 

Detailed quality-assessed data from the USDA ‘Hot Serial Cereal’ (HSC) experiment (Grant et al., 128 

2011; Kimball et al., 2015; Ottman et al., 2012; Wall et al., 2011) and from the ‘International Heat Stress 129 

Genotype Experiment’ (IHSGE) coordinated by CIMMYT (Reynolds et al., 1994b) were used. Both 130 

experiments were well watered and fertilized to avoid drought and nutritional stress to assure that 131 

temperature would be the main environmental variable. Daily global solar radiation, maximum and 132 

minimum air temperature, average wind speed, dew point temperature and precipitation were recorded at 133 

weather stations near the experimental plots. The mean daily average air temperature for the growing 134 

season (sowing to physiological maturity) was calculated from minimum and maximum daily air 135 

temperatures as described in Asseng et al. (2015) and reported in Supplementary Information S2. In both 136 

experiments phenological development measurements included: emergence date (Zadock scale 10), 137 

anthesis date (Zadock scale 65), and maturity date (Zadock scale 89). From these measurements the 138 

number of days from sowing to anthesis (days), from anthesis to maturity (days), and from sowing to 139 

maturity (days) were calculated. In both experiments, the plots were kept weed-free, and plant protection 140 

methods were used as necessary to minimize damage from pest and diseases. The two data sets are further 141 

described in Asseng et al. (2015). Following is a brief description with focus on the measurement data that 142 

were available for this study. 143 

The HSC experiment was conducted at Maricopa, AZ, USA (33.07° N, 111.97° W, 361 m a.s.l.): The 144 

spring wheat cultivar ‘Yecora Rojo’ was sown about every six weeks for two years, and infrared heaters 145 

were deployed on six of the sowing dates in a T-FACE (temperature free-air controlled enhancement) 146 

system which warmed the canopies of the heated plots on average by 1.3°C and 2.7°C during the day and 147 

the night, respectively (targets were 1.5°C and 3.0°C; modes were 1.4°C and 3.0°C; Kimball et al., 2015). 148 

Yecora Rojo is of short stature, requires little to no vernalization, is not or little photoperiod sensitive, and 149 
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matures early (Qualset et al., 1985). In-season measurements included leaf area index (LAI, m2 m-2), total 150 

above ground dry biomass, dry matter weight of grain per square meter and nitrogen content measured at 151 

milk stage and maturity. End-of-season (i.e. ripeness-maturity) measurements were total above ground dry 152 

biomass (t DM ha-1), grain yield (t DM ha-1), single grain dry mass (mg DM grain-1), and grain number 153 

(grain m-2). Biomass harvest index was calculated as HI = 100 × (grain yield)/(above ground biomass) 154 

(%). 155 

Data from the IHSGE experiments used in this study includes two spring wheat cultivars (Bacanora 88 156 

and Nesser) grown during the 1990-1991 and 1991-1992 winter cropping cycles at hot, irrigated, and low 157 

latitude sites in Mexico (Ciudad Obregon, 27.34° N, 109.92° W, 38 m a.s.l.; and Tlatizapan, 19.69° N, 158 

99.13° W, 940 m a.s.l.), Egypt (Aswan, 24.1° N, 32.9° E, 200 m a.s.l.), India (Dharwar, 15.49° N, 74.98° 159 

E, 940 m a.s.l.), Sudan (Wad Medani, 14.40° N, 33.49° E, 411 m a.s.l.), Bangladesh (Dinajpur, 25.65° N, 160 

88.68° E, 29 m a.s.l.), and Brazil (Londrina, 23.34° S, 51.16° W, 540 m a.s.l.) (Reynolds, 1993; Reynolds 161 

et al., 1994a, 1994b). Experiments in Mexico included normal (December) and late (March) sowing dates. 162 

Bacanora 88 has moderate vernalization requirement and low photoperiod sensitivity and Nesser has low 163 

to no vernalization requirement and photoperiod sensitivity. The seven sites (out of the original 12 164 

locations) were chosen to represent a range of temperature as detailed in Asseng et al. (2015). Bacanora 88 165 

and Nesser were chosen (out of the original 16 cultivars) for their low photoperiod sensitivity and low 166 

vernalization requirements. Variables measured in the experiment included plant number per square 167 

meter, anthesis and final above ground biomass, final grain yield and yield components (number of ear per 168 

square meter, number of grain per ear, and single grain dry mass). These experimental data were not 169 

publicly available and could therefore be used in a blind model evaluation. 170 

2.2. Model inter-comparison and improvement protocols 171 

Of the 30 models that participated in the original study using the HSC data (Asseng et al., 2015), 15 172 

models accepted to participate in this new study. There was no explicit criterion of inclusion, so this 173 

would be an “ensemble of opportunity” as defined in the climate model community (Tebaldi and Knutti, 174 

2007). All of the models have been described in publications and are currently in use. For the evaluation 175 

data set measurements, above ground biomass and grain yield were simulated by all the models. 7 out of 176 

15 models did not simulated single grain dry mass and grain number but used a harvest index approach. 177 

For both experiments, all modeling groups were provided with daily weather data, crop management, 178 

soil, and cultivar information. Qualitative information on vernalization requirements and day length 179 

response for each cultivar were also provided. 180 

The HSC experiment (calibration data set) was used to improve the models. All available measurements 181 

from the HSC experiment were provided to modelers to improve and refine the parameterization and 182 
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processes of their model. The objective was to improve wheat models for the simulation of the impact of 183 

high temperature and heat stresses on crop development and growth. Modelling groups were allowed to 184 

decide how to improve and implement heat stress impact in their models. 185 

The IHSGE experiment (evaluation data set) was used as independent evaluation data set to test single 186 

models and model ensemble performances before and after improvement. All measurements of the 187 

evaluation data set were withheld from modelers (blind test) with the exception of phenology for all 188 

treatments and grain yield for one of the treatments (one year at Ciudad Obregon, Mexico) which was 189 

used to calibrate genotypic coefficients. 190 

The experimental data used in this study were not previously used to develop or calibrate any of the 15 191 

models used in this study. Except for the two Expert-N models which were executed by the same group, 192 

all models were simulated by different groups without communication between the groups regarding the 193 

parameterization of the initial conditions or cultivar specific parameters. In most cases the model 194 

developers executed their own models. 195 

2.3. Evaluation of model improvement effects on single models and on multi-model ensemble accuracy 196 

We evaluated the effect of model improvement on two different performance characteristics, accuracy 197 

and uncertainty, and on three model entities: (i) single models (accuracy only); (ii ) multi-model ensemble 198 

(MME, the ensemble of 15 models in this experiment exercise); and (iii) MME median (e-median). 199 

 Accuracy was measured using the mean squared error (MSE), the root mean squared error (RMSE), 200 

and the root mean squared relative error (RMSRE). 201 

For measuring single model error in reproducing the calibration and the evaluation data set we 202 

concentrated on the root mean squared relative error (RMSRE). This error indicator has the advantage of 203 

giving more equal weight to each measurement, and it’s meaningful when comparing very different 204 

environments likely to give a broad range of responses (Martre et al., 2015). RMSRE was calculated as: 205 

2

,

1

ˆ-1
RMSRE 100

N
i m i

m
i i

Y Y

N Y

 
    

 
  (1) 

where RMSREm is the RMSRE of model m, i is the site/year/sowing dates combinations (treatment), N 206 

is the total number of treatments, iY is the observed variable for treatment i, ,m̂ iY is the variable simulated 207 

by model m for treatment i. Since this indicator is very sensitive to errors when measured values are small, 208 

RMSE was used as additional supporting information for a better understanding of RMSRE when needed. 209 

RMSE was calculated as: 210 
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 2

,
1

1 ˆRMSE -
N

m i m i
i

Y Y
N 

   (2) 

where, RMSEm is the RMSE of model m. 211 

The accuracy of the population of 15 models before and after improvement was analyzed using the 212 

mean squared error (MSE) and its two components squared bias and variance, averaged across treatments: 213 

 

 

2

,
1 1

2

M , ,
1 1

1 1 ˆMSE

1 1ˆ ˆvar ( ) bias ( , )

N M

MME i m i
i m

N N

m i M m i i
i i

Y Y
N M

Y Y Y
N N

 

 

 

 



 
 (3) 

where, MSEpm is the MSE of the population of models in the ensemble, N is the number of treatments, M 214 

is the total number of models in the ensemble (i.e. 15), Mvar and biasM are the variance and the bias for 215 

the model population, respectively. From eq. 3 it is evident that while bias is based on both observations 216 

and simulations, variance only takes into account simulated values. 217 

2.4. Evaluation of model improvement effects on MME prediction uncertainty 218 

 To assess the MME prediction uncertainty we considered both the variability in MME and the 219 

comparison with hindcast (i.e. retrospective forecasts using known inputs and known field measurements) 220 

(Wallach et al., 2015) using the two available measurement data sets.  In order to evaluate the prediction 221 

uncertainty of the MME before and after improvement we used the HSC calibration-data set to simulate 222 

model hindcast in respect to observed data, and the IHSGE experiment as the “unknown” data set used to 223 

simulate model prediction to unknown data and to evaluate the predictive skills of the models in the 224 

ensemble. As a measure of uncertainty we used the mean squared error of prediction (MSEP) and its 225 

decomposition in prediction squared bias ( 2
predictionbias ) and prediction variance ( predictionvar ). According to 226 

Wallach et al. (2016) the average squared error across treatments of MME-mean calculated using the 227 

known data set (hindcast) ( hindcast
e-meanMSE ) can be used as a reference estimate of the model population 228 

squared bias when calculating prediction estimates. This corresponds to the average squared bias of 229 

hindcasts as calculated in eq (4): 230 
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hindcast
2

2 hindcast hindcast hindcast 2
prediction e-mean , hindcast

1 1hindcast

1 1 ˆbias MSE bias
N M

i m i
i m

Y Y
N M 

 
    

 
   (4) 

where, hindcastN is the number of treatments in the known data set, hindcast
iY is the observed variable for 231 

treatment i of the known data set, hindcast
,m̂ iY is the hindcast of the simulated variable for treatment i by the 232 

model m. The prediction variance predictionvar is the variance of the values simulated by the population of 233 

models for the unknown data set averaged across treatments: 234 

prediction
prediction

prediction
1prediction

1 ˆvar var ( )
N

M i
i

Y
N 

   (5) 

where, predictionN is the number of treatments in the unknown data set, prediction
iY is the simulated variable 235 

for the treatment i of the unknown data set. Therefore an estimate of MSEP can be composed as: 236 

2
prediction predictionMSEP bias var   (6) 

2.5. Evaluation of model improvement effects on MME-median 237 

Following Asseng et al (2015) and Martre et al (2015), we used the median of the model simulations (e-238 

median) as the estimator of the ensemble model simulations. In order to evaluate the overall e-median 239 

accuracy we calculated the same criteria as for the individual models, namely RMSRE (eq 1). 240 

To explore how the e-median and its error (RMSRE) varied with the number of models and with the 241 

random selection of models in the ensemble, we performed a bootstrap calculation (i.e. random sampling 242 

with replacement) for each value of M’ (number of models in the ensemble) from 1 to 15. For each 243 

ensemble of size M’ we drew 20 × 103 bootstrap samples (substantially higher than the 3200 samples 244 

found by Martre et al. (2015) as a sufficient number of samples for 27 models) of M’ models with 245 

replacement, so the same model might be represented more than once in a sample. The variation of e-246 

median across the bootstrap samples due to random model selection was estimated with the coefficient of 247 

variation (CV): 248 
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where, 'e-median,
ˆCV(y )

M
is the estimate of the coefficient of variation of e-median for the model ensemble 249 

of size M’, 
'

e-median,ˆsd (y )M
B i and 

'

e-median,ˆmean (y )M
B i are the standard deviation and the mean of B (number of 250 

bootstrap samples) e-medians of model ensembles of size M’ for the ith treatment. A benchmark CV of 251 

13.5%, previously established through a meta-analysis of field trials (Taylor et al., 1999) was used to 252 

evaluate the minimum number of models required within a MME. 253 

The final estimate of RMSRE for e-median was calculated as: 254 

2

e median,
'

1 1

ˆ-1 1
RMSRE 100

bB N
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y y

B N y


 

 
    

 
   (8) 

where, 'RMSREM is the RMSRE of e-median of the model ensemble of M’ size, e median,ˆb
iy  is the e-255 

median estimate in bootstrap sample b of the ith treatment. 256 

All calculations and graphs were made using the R statistical software R 3.1.3 (R Core Team, 2013) and 257 

the development environment RStudio (RStudio Team, 2015). Bootstrap sampling used the R function 258 

sample. 259 

3. Results 260 

3.1. Individual model improvements 261 

The major draw backs in simulating the HSC experiment were related to the impact of the higher 262 

temperature range (Tmean > 22°C) on yield, biomass and phenology (Asseng et al., 2015). Furthermore it 263 

was shown that the few models that already included heat stress routines affecting canopy senescence 264 

were the only ones able to reproduce the impact of very high mean seasonal temperatures (Tmean ≥ 29°C) 265 

on grain yield and above ground biomass. Therefore, the process that received most attention was leaf 266 

senescence, followed by heat stress effects on processes related to biomass growth and/or phenological 267 

development, grain number and/or size, leaf development (Table 1, Fig. 1). Based on experimental 268 

evidences (e.g. Parent and Tardieu, 2012; Porter and Gawith, 1999), in several models linear temperature 269 

responses were replaced by non-linear (APSIM-E and SiriusQuality) or trapezoidal (APSIM-Wheat, 270 

GLAM-Wheat, Expert-N-SPASS, Expert-N-SUCROSS) response functions. The cardinal temperatures 271 
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for these processes were fixed using values reported in the literature or calibrated using the HSC 272 

experimental data set. One model (APSIM-Nwheat) added a canopy temperature sub-routine. In addition 273 

to the inclusion/modification of heat stress impacts on physiological processes, five models improved 274 

processes not directly related to heat stress using the HSC data set or other published data sets (Table 1). 275 

One model (GLAM-wheat) removed the sub-routine for heat stress effect on grain set and potential 276 

harvest index as they observed no substantial improvement and decided not to increase the complexity of 277 

their model (Table 1 and Supplementary Methods). 278 
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Table 1. 
Outline of individual model improvement. More details are given in the Supplementary Data. 

 

Mode
l code Model name Reference Description of model improvements 

 

   Introduction and/or modification of process representation Calibration 
AE APSIM-E (Chen et al., 2010; 

Keating et al., 2003; 
Wang et al., 2002; 
Zhao et al., 2015) 

Introduction of a nonlinear temperature response function for 
phenological development and biomass growth. 

 

Calibration of 14 parameters related to the modified temperature 
response functions and to radiation use efficiency and maximum 
specific leaf area. 

AW APSIM-Wheat (Keating et al., 2003) Modification of the temperature response function for thermal time 
accumulation from a triangular to a trapezoidal function. 

Modification of heat stress effect on leaf senescence to remove 
discontinuity around the threshold temperature. 

. 

Calibration of nine parameters related to the modified temperature 
response function for thermal time accumulation, canopy 
senescence, grain number, and grain filling rate. 

AN APSIM-Nwheat (Asseng et al., 2004, 
1998; Keating et al., 
2003) 

Introduction of an empirical model of canopy temperature as a 
function of evapotranspiration and daily mean air VPD (described in 
Webber et al., 2015). 

Modification of heat stress effect on leaf senescence to remove 
discontinuity around the threshold temperature. 

 

Calibration of seven parameters related to the new canopy 
temperature model and the modified leaf senescence heat stress 
response. 

FA FASSET (Berntsen et al., 
2003; Olesen et al., 
2002) 

Introduction of a heat stress effect on leaf senescence. 

 

Calibration of seven parameters related to the new leaf senescence 
response and to LAI, DM allocation to roots, N concentration in 
storage organs. 

GL GLAM-Wheat (Challinor et al., 
2004; Li et al., 2010) 

Introduction of a trapezoidal temperature response function for leaf 
growth. 

Modification of the temperature response function for photosynthesis 
and transpiration efficiency from a bi-linear function with no 
reduction towards the base temperature to a trapezoidal function. 

Modification of the temperature response of phenological 
development from a trapezoidal to a triangular function. 

Modification of the magnitude of the response of canopy senescence 
to high temperature. 

Removed heat stress effect around anthesis on grain set and potential 
harvest index. 

Modification of the definition of anthesis (from beginning of 
flowering to mid-flowering). 

 

Calibration of 26 parameters related the modified or new 
temperature response functions and to LAI, HI, maximum 
potential leaf growth and transpiration, transpiration efficiency, 
and VPD calculation. 
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Table 1. 
Continued. 

HE HERMESS (Kersebaum, 2007; 
Kersebaum et al., 
2011) 

Correction of an error in the calculation of thermal time 
accumulation. 

Constant grain-to-chaff dry mass ratio at maturity replaced by a 
function based on the duration of the flowering-to-maturity period. 

N dilution curves for maximum and critical N concentration were 
fixed to a constant thermal time from emergence to maturity, now it 
is scaled to the varietal thermal time from emergence to maturity. 

Simulation of soil moisture and mineral N starts at the beginning of 
the year for equilibration based on given weather conditions. 

Calibration of thermal time for phenological development and of 
five parameters related to the correction of thermal time 
accumulation. 

LP LPJmL (Beringer et al., 2011; 
Bondeau et al., 2007; 
Fader et al., 2010; 
Gerten et al., 2004; 
Müller et al., 2007; 
Rost et al., 2008) 

Introduction of a heat stress effect on leaf senescence. 

 

Calibration of five parameters related to phenological 
development, the sensitivity to photoperiod and LAI. 

NP Expert-N-SPASS (Biernath et al., 2011; 
Priesack et al., 2006; 
Wang and Engel, 
2000) 

Introduction of a function to calculate hourly temperature. 

Modification of the temperature response functions for 
photosynthesis from a triangular to a trapezoidal function. 

 

Calibration of three parameters related to radiation use efficiency, 
specific leaf dry mass and grain number. 

NS Expert-N-SUCROSS (Biernath et al., 2011; 
Priesack et al., 2006) 

Introduction of a function to calculate hourly temperature. 

Modification of the temperature response functions for 
photosynthesis from a triangular to a trapezoidal function. 

 

Calibration of three parameters related to radiation use efficiency, 
specific leaf dry mass and grain number. 

OL OLEARY (O’Leary and 
Connor, 1996a, 
1996b; O’Leary et al., 
1985) 

Modification of the temperature response functions for phenological 
development and stem development from a linear to a triangular or 
bi-linear with a maximum function. 

Introduction of a dry-sowing emergence subroutine. 

Introduction of an effect of elevation on the psychometric constant 
and radiation use efficiency. 

Modification of the routine simulating transfer of N to grains from 
generic to cultivar specific. 

SA SALUS (Basso et al., 2010; 
Senthilkumar et al., 
2009) 

 Calibration of 35 parameters related to phyllochron, vernalization 
requirement, sensitivity to photoperiod, LAI, cardinal 
temperatures of the temperature response function for radiation 
use efficiency, leaf expansion, root growth, grain filling, grain 
number, grain N concentration and DM partitioning. 
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Table 1. 
Continued. 

SP SIMPLACE 
<LINTUL2ǦCCǦHEA
T> 

(Angulo et al., 2013) Introduction of a heat stress effect on leaf senescence. 

Reduction of yield due to heat stress calculated using Tmean instead of 
Tmax. 

Introduction of a sub-routine for post-anthesis biomass re-
translocation to grains. 

 

Calibration of four parameters related to radiation use efficiency, 
LAI, and critical heat stress response. 

S2 Sirius2010 (Jamieson and 
Semenov, 2000; 
Jamieson et al., 1998; 
Lawless et al., 2005; 
Stratonovitch and 
Semenov, 2015) 

Introduction of a heat stress effect on leaf maturation and senescence. 

Introduction of a heat stress and frost effects on grain number  

Introduction of a heat stress effect on potential grain dry mass. 

 

Calibration of six parameters related to the new heat stress and 
frost responses. 

SQ SiriusQuality (Ferrise et al., 2010; 
He et al., 2012; 
Martre et al., 2006) 

Introduction of a heat stress effect on leaf maturation and senescence. 

Modification of the temperature response functions for phenological 
development and leaf expansion from a linear to a non-linear 
function. 

 

Calibration of 13 parameters related to heat stress effect on leaf 
maturation and senescence, the non-linear temperature response 
function for development and leaf expansnion, daylength 
sensitivity, and vernalization requirement. 

WG WheatGrow (Cao and Moss, 1997; 
Cao et al., 2002; Hu 
et al., 2004; Li et al., 
2002; Pan et al., 
2007, 2006) 

Introduction of a heat stress effect on phenological development. 

Introduction of function to calculate hourly temperature. 

 

Calibration of four parameters related to the heat stress effect on 
phenological development and grain filling duration. 
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In the case of heat stress impacts on leaf senescence, a similar approach, based on Asseng et al. (2011), 279 

was adopted in all models (Table 1 and Supplementary Methods). A factor for accelerating leaf 280 

senescence is calculated as a linear function of air or canopy temperature (daily maximum, average or tri-281 

hourly according to the different model implementations) above a threshold temperature value. Some 282 

models included a plateau to the senescence factor.  283 

In the case of improvements related to heat stress impact on phenological and/or growth processes, the 284 

impact of heat stress was modeled by introducing a temperature response function which included a 285 

decreasing phase (triangular, trapezoidal, or nonlinear) at high temperatures and which substituted for a 286 

linear response function with or without a plateau. Only in one model (OLEARY) a linear response for 287 

phenological development was substituted for a linear with a plateau for some phenological stages. In the 288 

APSIM-wheat model the temperature effect on the phenological development was previously modeled 289 

using a function with a single optimum temperature (triangular function) that was now changed to a 290 

function with a range of optimum temperatures (trapezoidal function). The crop models that did not 291 

introduce such a type of response for phenological development and biomass growth already included this 292 

type of response for both processes (APSIM-NWheat, SIMPLACE), or already had a function with a 293 

decreasing phase above an optimum temperature for biomass growth and kept a linear temperature 294 

response function for phenological development (HERMESS, LPJmL, Sirius2010), or kept a linear 295 

approach for both processes (FASSET). 296 

3.2. Effects of model improvement on single models accuracy 297 

Figure 2 illustrates the effects of model improvement on the simulations of three treatments of the HSC 298 

calibration data set whose mean growing seasonal temperatures were different. In most cases, measured 299 

in-season and end-of-season LAI, above ground biomass, and grain yield were in the range of model 300 

simulations for both the un-improved and the improved models. Nevertheless, the improved models 301 

showed a lower level of variation (measured through the 10th to 90th percentile range of the 15 model 302 

simulations). For grain yield and above ground biomass, the improved MME was more precise at high 303 

temperatures than the unimproved MME (mean growing season temperature of 22°C and 27°C in Fig. 2). 304 

Most unimproved and improved models underestimated the impact of high temperature on LAI, but this 305 

was true to a lower extent for the improved compared to the un-improved models. Considering the e-306 

median of the model ensemble, the simulations of the improved MME appeared similar to the un-307 

improved population at 15°C but more accurate at 22°C and 27°C for LAI and above ground biomass, and 308 

for grain yield at 27°C. 309 

In order to explore if the population of 15 models used in this study had skills similar to that of the 30 310 

models that had previously been used to simulated the calibration data set (Asseng et al., 20015), we 311 

compared the RMSRE distribution of these two populations of models for the calibration data set (Fig. 3). 312 
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The RMSRE distribution for almost all the variables was similar for the 30 models and the 15 unimproved 313 

models included in this study. Therefore, we could reasonably exclude any “model sampling” effects on 314 

the results of this work. Comparison of RMSRE distribution of the 15 unimproved and improved models 315 

for the calibration data set showed a reduction in the median values for RMSRE of most of the variables: 316 

53% for days from sowing to maturity, 36% for above ground biomass, 31% for grain yield, 18% for HI, 317 

32% for grain number, 12.4% for single grain dry mass. However, RMSRE range for HI, grain number, 318 

and single grain dry mass remained almost unchanged.  319 

Figure 4 shows the effect of model improvement on the accuracy (as measured by RMSRE) of each 320 

model for grain yield and for the key variables leading to final yield for the calibration data set. In general, 321 

models were improved for almost all measured variables. As expected, models that had large errors for a 322 

specific variable were the ones that improved the most for that variable. All models had lower RMSRE for 323 

simulating above ground biomass and grain yield after model improvement. The only variables for which 324 

more than one model worsened after model improvements were LAI and HI. Five models (APSIM-325 

Nwheat, Expert-N – SPASS, Expert-N – SUCROSS, SALUS, and SIMPLACE<LINTUL2ǦCCǦHEAT>) 326 

increased the error for LAI after improvements (Fig. 4).  327 

Two of these models were among the ones that included or modified a sub-routine for heat stress 328 

impact on leaf senescence (APSIM-Nwheat and SIMPLACE<LINTUL2ǦCCǦHEAT>). Four models had 329 

higher RMSRE of HI after improvement (APSIM-Wheat, GLAM-Wheat, Expert-N – SUCROSS, and 330 

SiriusQuality), although they had lower RMSRE for both above ground biomass and grain yield after 331 

model improvement. For both the calibration and evaluation data sets, model improvement decreased the 332 

variation (measured through the 10th to 90th model ensemble percentile range) of most simulated variables 333 

at high mean seasonal temperatures (Fig. 5). For the calibration dataset the reduction of the variability 334 

between models and their convergence is an expected result as all the teams used the same dataset to 335 

improve and recalibrate their model. For grain yield, an increase in precision was observed for 336 

temperature > 24°C for both the calibration and the evaluation data set: grain yield variation decreased by 337 

4% and 21% considering the whole temperature range of the calibration and the evaluation data sets, 338 

respectively, and by 39% and 26% considering only mean seasonal temperatures >24°C. For the 339 

evaluation data set, consistent reduction of the range of variation among models was also observed for HI 340 

(20%), grain number (71%), and single grain dry mass (44%) (Fig. 5). 341 

3.3. Effects of individual model improvement on MME accuracy and prediction skills 342 

For both the calibration and evaluation data sets, model improvements decreased MSE of models for 343 

grain yield (Fig. 6, panel A), phenology, and above ground biomass (Fig 6, panel B). This reduction was 344 

mainly due to a reduction in MME variance. Considering the calibration data set (Fig 6, panel A), MSE of 345 
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grain yield decreased on average by 29%, equally due to decrease in squared bias (-33%) and variance (-346 

27%). Considering the evaluation data set, MSE of grain yield was reduced by 37%, due to a 49% 347 

reduction in variance, while the squared bias increased by 27% (Fig. 6); and MSE of above ground 348 

biomass was reduced by 44% due to a 54% reduction in variance, while the squared bias did not change 349 

significantly (Fig 6, panel B). Analysis of the prediction skills of the model population showed that the 350 

level of prediction error (MSEP) when simulating the “unknown” data set was reduced after improvement 351 

by 47% (Fig. 6). As the MSEP is the sum of the squared bias for the calibration data set and the variance 352 

for the evaluation data set (Eq. 6), changes in bias and variance of MSEP followed the same reduction 353 

patterns. 354 

3.4. Effect of individual model improvement on MME e-median skill 355 

The RMSRE of e-median was reduced by 38% for grain yield and by 46% for above ground biomass, 356 

in the calibration data set, and by 2% for grain yield and 11% for above ground biomass in the evaluation 357 

data set (Fig. 3). The relationship between the number of models in an ensemble and the CV and RMSRE 358 

of e-median estimation of grain yield and above ground biomass was analyzed through a bootstrap 359 

approach to create a large number of random ensembles of 1 to 15 models. Independently of the number 360 

of models in the ensembles, for the evaluation data set the CV of e-median was about 41% lower for 361 

improved models compared with unimproved models (Fig. 7, panel A and B).  362 

Therefore, model improvement decreased variation of e-median in a range between 15% for M’ = 1 and 363 

7% for M’ = 15 for above ground biomass and between 14% at M’ = 1, and 9% for M’ = 15 for grain 364 

yield. As a consequence, while with the unimproved models the benchmark CV% of 13.5% (Taylor et al 365 

1999) was not achieved for grain yield even with the maximum model ensemble size, with the improved 366 

models this threshold was reached with eight models in the ensemble. Model improvements reduced e-367 

median RMSRE of grain yield in a range between 12% at M’ = 1, and 2% at M’ = 15 for grain yield for 368 

the evaluation data set (Fig 8).  369 

4. Discussion 370 

For the first time, using two unique experimental field data sets with a large range of temperature, we 371 

improved the predictive skills of a MME of 15 wheat models. As a result we increased MME accuracy 372 

while reducing model ensemble uncertainty. As a consequence, the number of required models for MME 373 

impact assessments on yield to achieve observed levels of field experimental variation was halved. This is 374 

a significant step forward for crop modelling and future climate impact studies as until now very few 375 

models have explicitly considered heat stress impacts on wheat development and growth (Asseng et al., 376 

2011; Moriondo et al., 2010). 377 
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4.1. Model improvements 378 

Model improvements increased the accuracy of single models in reproducing heat stress impact on 379 

wheat crops. As a consequence, the accuracy of the models and of the e-median in simulating the impact 380 

of high temperatures and heart stress increased and the variance among models in the population was 381 

reduced. 382 

As we focused on the effects of model improvements on a MME of 15 models and on the possible 383 

consequences for future MME impact assessments studies, we did not analyze each model improvement in 384 

detail. In this exercise, the concept of “model improvement” was implemented as an improvement of the 385 

applicability of models across diverse environments and climates including climate extremes.  Each crop 386 

model aimed to improve how high temperature effects were captured by incorporating and/or improving a 387 

range of different processes using a high-quality data set. The process descriptions in the models were 388 

mostly updated using new information from the literature, e.g. a new approach to heat stress, or they 389 

accounted of a harmful effect of high temperatures for the first time. Each team was left free to decide 390 

how to implement heat stress in their model. This choice was made considering the diversity of 391 

implementation of key physiological processes, and/or the diversity in the level of empiricism/mechanism 392 

in their approaches (see supplementary information in Asseng et al., 2015, 2013). In most cases, being 393 

primarily developed to simulate “standard” climate conditions, models had to improve how high 394 

temperature effects were captured by including or modifying some key biological processes involved in 395 

crop heat stress response. All the models improved their skills in simulating most of the tested variables. 396 

However, in several models HI simulation was not improved and in three models (APSIM-Wheat, 397 

GLAM-Wheat, Expert-N-SUCROSS) it was slightly worsened, showing that grain yield and above 398 

ground biomass did not improve proportionally to each other. As observed by Challinor et al. (2014) this 399 

might indicate some level of compensation error during the calibration phase despite the improvement of 400 

both yield and biomass. Furthermore, model improvement was focused on heat stress, and most of the 401 

improvement was observed for mean growing season temperature > 24°C which is also the range where 402 

most of the disagreement was observed before improvement.  403 

Seven models included a sub-routine for simulating the acceleration of leaf senescence above a 404 

temperature threshold. Heat stress was reported to enhance leaf senescence with a consequent reduction in 405 

the total amount of intercepted light, reduction of the accumulation of assimilates, and shortening of the 406 

grain filling period(Chauhan et al., 2010; Wardlaw and Moncur, 1995; Wardlaw, 2002; Xu et al., 1995).  407 

Most biological processes respond exponentially to temperature until an optimum and then they decline 408 

(Dell et al., 2011; Parent and Tardieu, 2012). The declining phase of a temperature function has become 409 

particularly important when considering climate change impacts (Schlenker and Roberts, 2009). Five 410 
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models modified their temperature sub-routines by including this declining phase with increasing 411 

temperatures, and 3 models that already included a declining phase used the HSC calibration data set to 412 

calibrate the implemented function or to change their shape (e.g. from trapezoidal to non-linear). 413 

Regarding cardinal temperatures used for describing the temperature response of phenological 414 

development and biomass growth (i.e. the minimum, optimum, and maximum temperatures), there was no 415 

clear accordance among models, with the exception of the optimum temperature for radiation use 416 

efficiency (~20°C) and the minimum temperature for both phenological development and biomass growth 417 

(~0°C) (Wang et al., unpublished). Some models calibrated the optimum and the maximum temperatures 418 

using the calibration data set and the best matching values obtained through calibration might have been 419 

influenced by the specificities of each model (Eitzinger et al., 2012).  420 

Three models added a sub-routine for accounting for heat stress impact on grain number and/or size. 421 

Elevated temperatures before anthesis accelerate development of the spike and decrease grain number 422 

(Saini and Aspinall, 1982) and potential final grain size (Ferrise et al., 2010). Temperatures above 31°C 423 

around anthesis were reported to reduce ear fertility and grain set and consequently grain number 424 

(Alghabari et al., 2014; Ferris et al., 1998), and temperatures above 35°C at the beginning of grain filling 425 

were reported to reduce potential final grain size (Hawker and Jenner, 1993; Keeling et al., 1994; Saini et 426 

al., 1984, 1983).  427 

Two models considered heat stress impact on leaf development and expansion growth, which was 428 

reported to slow down under heat stress (Kemp and Blacklow, 1982). Some models improved the 429 

performances by including or modifying canopy temperature routines.  430 

However, modelling of such temperature responses are currently limited by the availability of 431 

experimental data sets where these responses can be quantified. Further modeling and experimental work 432 

are also needed to reach agreement among models regarding the cardinal temperature of key physiological 433 

processes determining wheat development and growth. Furthermore, improved model versions should be 434 

further tested through sensitivity analysis in order to better understand the impact of new and revised 435 

processes and additional parameters in model structures on simulated variables. 436 

4.2. Model improvement effects on the accuracy and predictive skills of MME 437 

After improvement, the variation range of the MME was reduced at high temperatures in the evaluation 438 

data set. The reduction of the variation between the models at high temperatures does not eliminate the 439 

value of using MME as model structures remain still different and uncertainty will continue to be part of 440 

impact assessment. Grain yield predictive skill (quantified in this study by MSE) of the MME was 441 

doubled, and after improvement it was comparable to that of hindcasts, suggesting that the improved 442 
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model predictions related to the impact of heat stress can be considered reliable and consistent in relation 443 

to the observed error. 444 

MME accuracy for grain yield and above ground biomass was also doubled after improvement. The 445 

unimproved and the improved MME had similar squared bias, indicating that the main source of variation 446 

in the considered MME was due to differences between models. These results suggest that the current 447 

level of bias might be an intrinsic property of current simulations or of the considered MME or also 448 

possibly linked to other uncertainty factors that are still not considered explicitly. Due to the similarity of 449 

the improved and unimproved MME squared biases, the results related to the analysis of the predictive 450 

skills of the MME were similar to the evaluation results. The agreement between the evaluation and the 451 

prediction results is an important result and is related to the usefulness of crop models in exploring the 452 

consequences on climate change. A fundamental question in crop model impact assessments is the quality 453 

assessment of estimates of uncertainty (Wallach et al., 2015). For the first time, the quality of a MME was 454 

measured, and it showed that at the current state of crop model development, especially after 455 

improvement, prediction uncertainties and hindcast errors are at the same level. Therefore, given a certain 456 

level of squared bias measured with hindcast and applied to predictions, we can assume that predictions 457 

with these models are reliable. Since in this work the level of prediction uncertainty was measured using 458 

the squared bias for a data set that was also used for calibration, we suggest that for future prediction 459 

uncertainty assessments done with this MME, the squared bias of the improved models calculated for the 460 

evaluation data sets is used as the reference prediction squared bias. 461 

4.3. Model improvement effects on e-median uncertainty 462 

Two fundamental questions in MME uncertainty are what is the uncertainty of the MME predictor and 463 

how does the quality of the uncertainty estimates vary with the number of models (Wallach et al., 2015).  464 

As expected, the CV and the RMSRE of e-median decreased with the number of models. On average 465 

the unimproved version of MME was not able to reach the benchmark of CV ≤ 13.5% for grain yield 466 

(Taylor et al., 1999): even with a random model population of 15 models the average CV was 17%. On 467 

the contrary, the improved MME reached CV ≤ 13.5% with 8 models in the ensemble and at this model 468 

ensemble size the RMSRE of e-median was reduced by 16%. MME can be a powerful tool for climate 469 

impact assessments as they take advantage of the presence of different models in the ensemble (Martre et 470 

al., 2015), but they are costly to execute. Execution of MME imply public availability of crop models 471 

and/or the interest of modeling groups in participating in coordinated simulation exercises, their 472 

availability of funding and/or computational resources to do the requested simulations (Tebaldi and 473 

Knutti, 2007). Crop models are developed using different software languages and/or implementations 474 

which makes their use by third parties difficult. A model framework that is able to host multiple crop 475 
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models most probably will overcome these limitations in the future (Bergez et al., 2014; David et al., 476 

2013; Donatelli et al., 2014; Holzworth et al., 2015), but the number of crop models included in these 477 

platforms is still limited and, even when available, executing several crop models requires at least some 478 

knowledge about the specifics of each model in order to correctly interpret results. Therefore the reduction 479 

of the required number of models in an ensemble is a fundamental result key conclusion of this study that 480 

makes multi-model impact assessments more realistic practical and less costly to be executed.  481 

Until now the constitution of crop MMEs has been based on the “ensemble of opportunity” approach 482 

without an a priori specification that defines the characteristics of a model that should or shoud not be part 483 

of an ensemble (Solazzo and Galmarini, 2015). In most cases, the only requirement for participation has 484 

been that there must be a published description of the model. However, one could envisage a more pro-485 

active choice of models. For example, Solazzo and Galmarini (2015) proposed screening models to be 486 

included in a MME in order to reduce redundancy.  They propose doing this in three steps: i) 487 

determination to what extent the variability present in the observations is reproduced by the MME, ii) 488 

determination of the minimum number of models necessary to represent the observed variability iii) 489 

identification of the models to be included in a reduced MME to be used for subsequent analysis. An 490 

alternative approach to excluding some models would be to differentially weight the different models in a 491 

MME in order to obtain a weighted average prediction. In the climate modeling community weighting 492 

methods based on model performance have been reported to improve performance of a MME predictor 493 

(Tebaldi and Knutti, 2007). However, weighting based on fit of hindcasts is difficult, because it requires a 494 

choice of which output variables to consider and how to combine them in an overall criterion.  Another 495 

open question is related to the quantification of the global uncertainty in impact assessments. Here we 496 

focused our attention on the uncertainty related to model simulations and MME assuming a fixed (non-497 

varietal) parameter set for each model. Furthermore we did not include uncertainty related to weather, soil, 498 

and management inputs. In the case of climate change impact assessments the uncertainty related to 499 

weather inputs may have a higher importance. 500 

5. Conclusions 501 

Following the example of the climate science community, the crop model community has recently 502 

proposed the use of MME as a valid approach to analyze impact assessment uncertainties for current and 503 

future climate conditions. However, differently from climate models, the performance of crop models can 504 

be evaluated against controlled field experiments from environments that already experience higher than 505 

normal growing season temperatures creating conditions that might become common in the future. Using 506 

a unique set of experiments for testing the impact of heat stress on wheat crops, we demonstrated that crop 507 
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model improvements can increase the accuracy of simulations, increase predictive skills of MME’s, 508 

reduce MME uncertainty, and reduce the number of models needed for reliable impact assessments.  509 
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S1. Description of model improvements 11 

S1.1 APSIM-E 12 

In APSIM-E, the temperature response functions for phenological development and biomass growth 13 

(RUE) in the original APSIM-Wheat model were modified using a unique nonlinear temperature response 14 

function (Wang and Engel 2000). The function has three input parameters with a clear biological meaning, 15 

i.e., the minimum (Tmin), optimum (Topt), and maximum (Tmax) temperature for the considered process: 16 
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 20 

In addition, the radiation use efficiency (RUE) was adjusted based on Meinke et al. (1997) (Table S1). 21 

The maximum specific leaf area was also adjusted.  22 
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Table S1 
Estimated parameter values of the original and improved versions of APSIM-E.  
Units Parameter description Original value Improved value 
°C Tmin for pre-anthesis phenological development 0 0 
°C Topt for pre-anthesis development 25 27.5 
°C Tmax for pre-anthesis development 35 40 
°C Tmin for post-anthesis phenological development 0 0 
°C Topt for post-anthesis development 25 27.5 
°C Tmax for post-anthesis development 35 40 
°C Tmin for biomass growth 0 0 
°C Topt for biomass growth 22 20 
°C Tmax for biomass growth 35 35 
g MJ-1 Radiation use efficiency 1.24 1.34 
m2 g-1 Maximum specific leaf area 2.7,                    LAI < 5 m2 m-2 

2.2,  5 m2 m-2 < LAI < 8 m2 m-2 
2.2,                    LAI < 8 m2 m-2 

3.2,                    LAI < 5 m2 m-2 
3.0,  5 m2 m-2 < LAI < 8 m2 m-2 
2.2                     LAI < 8 m2 m-2 

S1.2 APSIM-Wheat 23 

The temperature response function for thermal time accumulation was modified from a triangular to a 24 

trapezoidal response curve and the heat stress effect on leaf senescence model was modified from the one 25 

proposed by Asseng et al (2011) to a linear response including a plateau for Tmax > 43°C without 26 

discontinuity at the threshold temperature (34°C) (Stratonovitch and Semenov 2015).  27 

APSIM-wheat (v7.5; http://www.apsim.info/) module was re-parameterized against the experimental 28 

data from the HSC calibration data set. Parameters were estimated with the Gauss-Marquardt-Levenberg 29 

algorithm using the parameter estimation software PEST (Doherty and Johnston 2003). The weighted sum 30 

of squared errors (WSSE) between observations and model predictions was minimized. Seven 31 

phenological data types from each of 28 experiments were used for calibration. These were two to three 32 

LAI observations, Sow-Ant, Sow-Mat, GY, AGBM, GNumber and GDM, summing up to a total of 226 33 

data points in the objective function. To account for the different orders of magnitude of the different data 34 

types, data from each type were assigned with a different weight in the objective function. This was done 35 

to get a similar contribution of each data type to the objective function. Weighting factors were one for 36 

Sow-Mat and Sow-Ant, two for AGBM, two for GNumber and 10 for LAI, GY and GDM data. 37 

Parameters were estimated using a stepwise approach. First the phenological parameters and then the yield 38 

component parameters were estimated as suggested by Zhao et al. (2014). Parameters x_temp[3] and 39 

x_temp[4] were highly correlated, so both could not be estimated reliably. Therefore, x_temp[4] was fixed 40 

at 45 °C and the other parameters were estimated. 41 
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Table S2. 
Estimated parameter values of the original and improved versions of APSIM-Wheat. Only the parameters that were re-
calibrated or introduced with new sub-routines are shown 
Parameter name Units Parameter description Original 

value 
Improved 
value 

x_maxt_senescence[1] °C Threshold temperature for senescence heat 
response 

- 33.40 

x_maxt_senescence[2] °C Threshold temperature for the maximum heat 
response in senescence 

- 42.53 

y_heatsenescence_fac - Leaf senescence factor maximum value (i.e. 
value for the plateau) 

- 0.157 

x_temp[2] °C Topt1 for thermal time accumulation 26 28.50 
x_temp[3] °C Topt2 for thermal time accumulation 26 34.48 
x_temp[4] °C Tmax for thermal time accumulation 34 45* 
grains_per_gram_stem*  grains g-1  Number of grains per stem dry mass at the 

beginning of grain filling 
24 24.00 

potential_grain_filling_rate*  g DM grain-1 d-1 Potential daily grain filling rate 0.0019 0.0029 
max_grain_size† g DM grain-1 Maximum grain dry mass 0.041 0.042 
*Parameters for cultivar Yecora-Rojo, †Set as a fixed value 42 

S1.3 APSIM-Nwheat 43 

The original version of Nwheat considers the effect of heat stress based on a concept that leaf 44 

senescence is accelerated three-folds when the daily maximum air temperature exceeds 34°C and six-folds 45 

at 40°C (Porter and Gawith 1999). However, this function provided a sudden jump in heat stress factor 46 

(SLFT) for a slight increase in temperature above 34°C, which was smoothed-out by changing the 47 

threshold temperature to 32°C. 48 

A canopy temperature function was introduced to take into account canopy temperature effect on leaf 49 

senescence. Maximum daily canopy temperature (Tcanopy) was observed to be about 6°C higher than 50 

maximum daily air temperature (Tair) when the crop is fully stressed and it is cooler than the air 51 

temperature on average by 6°C when the crop is non-stressed (Ayeneh et al 2002; Maes and Steppe 2012; 52 

Siebert et al 2014). Based on Idso et al. (1981) and Jackson et al. (1981) the difference in Tcanopy and Tair is 53 

related to the ratio of actual (ETa) to potential (ET0) evapotranspiration and the vapor pressure deficit of 54 

the atmosphere (VPD). Thus, an empirical equation relating canopy temperature and air temperature has 55 

been included in Nwheat: 56 
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where, fVPD is a normalized factor of vapor pressure effect on Tcanopy . 60 

S1.4 FASSET 61 

A heat stress factor (Fh) accelerating wheat leaf senescence with high temperatures was implemented. 62 

The function (Fig S4) is based on the experimental data by Vignjevic et at. (2014) where 15 spring wheat 63 

cultivars were investigated and subjected to a post-anthesis (14 days after) high temperature period for 64 

five days. The derived function equation implemented in FASSET is: 65 

 h hs max hs1F b T T    (S5) 66 

In the previous version of the model, daily leaf senescence in FASSET was calculated as reported in 67 

Olesen et al. (2002). With the implementation of the heat stress function the algorithm is now: 68 
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 (S6) 69 

where, gxL  is the maximum modeled green area index, as is the duration of senescence equivalent to the 70 

period from anthesis to yellow ripeness, and  sb  is a factor that increases senescence under drought 71 

conditions. Parameters Ths and bhs were estimated by calibration for threshold temperatures up to 35°C 72 

(Table S3). Following the modification descripted above other parameters related to LAI, dry matter 73 

allocation and nitrogen content in storage organs were re-calibrated (Table S3). 74 
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Table S3. 
Estimated parameter values of the original and improved versions of FASSET. Only parameters that were re-parameterized, re-
calibrated, or introduced with new subroutines are shown 
Parameter 
name 

Units Parameter description Original 
value 

Improved 
value 

MaxGLAI m2 m-2 Maximum crop green leaf area ndex 8 7 
LAIDM m2 g-2 Maximum ratio between LAI and DM in vegetative top part 0.015 0.011 
MaxAlloctoroot - Maximum fraction of dry matter production that is allocated to the root 0.3 0.6 
MinN_store - Minimum content of nitrogen in storage organs 0.018 0.021 
MaxN_store - Maximum content of nitrogen in storage organs 0.026 0.036 
Ths °C Threshold temperature for heat response in senescence. - 30 
bhs °C-1 Coefficient increasing senescence due to heat stress - 0.095 

S1.5 GLAM-Wheat 75 

Several temperature response functions were modified:  76 

- The relationship between transpiration efficiency (TE) and temperature was modified from 77 

a bi-linear response function with no reduction towards the base temperature (Tbase = 0°C) 78 

to trapezoidal response function. 79 

- The temperature response function for phenological development was modified from a 80 

trapezoidal response function to a triangular response function. 81 

- A trapezoidal temperature response functions (based on the mean daily temperature as 82 

input) for leaf growth was introduced. 83 

The magnitude of canopy senescence for high temperature was modified using the approach described 84 

in Asseng et al. (2011) and the heat stress effect around anthesis on grain set and harvest index was 85 

removed as no substantial performance improvement was observed.  86 

The definition of the phenological stage “anthesis” was modified: in the previous version it was reached 87 

at the beginning of flowering while in the new version it is reached at mid-flowering. 88 

Various parameter values were modified in GLAM-Wheat. Some of them were introduced due to the 89 

modification of the temperature response functions, the others were re-calibrated to better match 90 

measurements in the HSC calibration data set (Table 4). 91 
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Table S4. 
Estimated parameter values of the original and improved versions of GLAM-Wheat. Only parameters that were re-parameterized, 
re-calibrated, or introduced with new subroutines are shown 
Parameter name Units Parameter description Original 

value 
Improved 
value 

TETR1 °C Topt2 for TE 25.0 30.0  
TETR2 °C Topt for TE 30.0 40.0 
TETR3 °C Topt for TE - 0.0 
TETR4 °C Topt1 for TE - 17.0 
TB °C Tmin for phenological development - 0.0 
TO °C Topt for phenological development - 27.5 
TM °C Tmax for phenological development - 45.0 
TRLAIB °C Tmin for leaf growth - 0.0  
TRLAIO1 °C Top1 for leaf growth - 17.0  
TRLAIO2 °C Top2 for leaf growth - 24.0  
TRLAIM °C Tmax for leaf growth - 40.0  
CRTIT_LAI_T m2 m-2 LAI above which potential transpiration = max value 5 1.2 
DHDT - Increase in harvest index during grain filling period 0.0175 0.0125 
DLDTMX m2 m-2 d-1 Daily maximum LAI expansion 0.1 0.08 
P_TRANS_MAX  Maximum value of potential transpiration 0.8 0.6 
TE - Transpiration efficiency 5 6.5 
TEN_MAX - Maximum value of normalized TE 6.8 8 
VPD_CTE - Empirical parameter for vapour pressure deficit (VPD) 

calculation (Tanner and Sinclair 1983) 
0.7 0.65 

SENSTEP - Leaf senescence acceleration factor at the threshold 
temperature 

- 2 

SENSLOPE - Maximum leaf senescence acceleration factor - 10 
GCPLFL °Cd Thermal time from planting to flowering 1260 1150 
GCFLPF °Cd Thermal time from flowering to start of grain filling 184 185 
GCPFEN °Cd Thermal time duration of grain filling 441 635 
TCRITMIN °C Temperature around flowering above which potential HI is 

reduced during flowering, 
28.0 - 

TLIMMIN °C Temperature around flowering above which seed set is null 36.0 - 
DLDTMXA m2 m-2 d-1 Daily decrease in LAI after peak LAI 0.02 DLDTMX  

S1.6 HERMES 92 

The previous version of HERMESS included a fixed percentage of grain (80% grain, 20% chaff) 93 

calculated on ear dry mass, which was replaced by a flexible function taken from Mirschel et al. (1986) 94 

which calculate the percentage depending on the duration from flowering to maturity. 95 

Nitrogen curves for maximum and critical nitrogen concentration were fixed to a constant thermal time 96 

from emergence to maturity, now it is scaled to the varietal specific thermal time from emergence to 97 

maturity. 98 

In the original version soil moisture and N simulations started just few days before sowing. In the 99 

improved version, initial soil moisture and mineral N conditions were determined starting soil moisture 100 

and N simulations at a fixed date at the beginning of the year allowing a longer equilibration according to 101 

the weather conditions. 102 
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In the original version of HERMES, the overhanging thermal time at the end of a growth phase was 103 

lost. In the improved version it is transferred to the next phase, which required the recalibration of the 104 

phenological parameters for both the calibration and the evaluation data sets (Table S5). 105 

Table S5. 
Estimated parameter values of the original and improved versions of HERMESS. Only parameters that were re-parameterized, 
re-calibrated, or introduced with new subroutines are shown 
Parameter 
name 

Units Parameter description Original 
value 

Improved 
value 

TS1 C°d Thermal time from sowing to emergence 164 164 
Dlbase2 h Base daylength for development between emergence and double ridge 5 6 
TS3 C°d Thermal time from double ridge to heading  500 498 
TS5 C°d Thermal time from flowering to maturity 440 480 
Tbase5 °C Base temperature from flowering to maturity 6 4 

S1.7 LPJmL 106 

Heat stress effect on leaf senescence was introduced. With daily mean air temperatures above 30°C 107 

daily mean air temperature is multiplied with a factor (as) between 1 and 2: 108 
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which accelerates growth and senescence when applied to the calculation of daily heat units for 110 

calculating thermal accumulation (HUsum): 111 

mean sen
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T f f


  

 (S8) 112 

where senHUf  is the fraction of the heat units from sowing to maturity required for the starting of 113 

senescence (Table S6). 114 
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Table S6. 
Estimated parameter values of the original and improved versions of LPJmL. Only parameters that were re-parameterized, 
re-calibrated, or introduced with new subroutines are shown 
Parameter name Units Parameter description Original 

value 
Improved 
value 

HU °Cd Heat units from sowing to maturity 2060 2120 
psens - Sensitivity to the photoperiod effect  0.8 0.6 
LAImax m2 m-2 Maximum leaf area index 8 5 
fHUsen - Fraction of growing period at which LAI start decreasing 0.5 0.70 
pb h Base photoperiod - 10 

S1.8 Expert-N-SPASS and Expert-N-SUCROS 115 

In both ExpertN-Spass and ExpertN-Sucros models, the daily gross rate of canopy photosynthesis is 116 

calculated based on temporal integration of the momentary photosynthesis rates over daytime (10 times 117 

per day in case of SPSS and 6 in case of SUCROS) as a function of radiation and air temperature. 118 

However, air temperatures were assumed to be constant over the day and corresponding to a weighted 119 

mean temperature (daily maximum temperatures multiplied by 0.71, and daily minimum temperatures 120 

multiplied by 0.29). The improved versions of the models include a routine for the calculation of hourly 121 

air temperature based on a sinusoidal function: 122 
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 (S9) 123 

where, SRt  is the time of sunrise and i  the day number of the year. In the improved model it is assumed 124 

that Tmin is at sunrise and Tmax at 14:00. 125 

The temperature response function of photosynthesis was modified from a triangular to a trapezoidal 126 

response function allowing a wider range of temperatures that do not reduce the photosynthetic efficiency. 127 

Table S7 shows the parameters that were adjusted in both models. No new parameters were introduced 128 

during model improvements; in both models three parameters were re-calibrated. 129 
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Table S7. 
Estimated parameter values of the original and improved versions of ExpertN-Spass and ExpertN-Sucros. Only parameters that 
were re-parameterized, re-calibrated, or introduced with new subroutines are shown 
Parameter name Units Parameter description Cultivar Original value Improved value 
ExpertN-Sucros 
LUE g DM MJ-1 Radiation use efficiency Bacanora 0.69 0.70 

Nesser 0.6 0.68 
SpcLW g DM m-2 Specific leaf dry mass Bacanora 40.0 41.5 

Nesser 373 415 
G1 grains g-1 DM Grains per gram of stem 

dry mass at anthesis 
Yecora  Rojo 33 34.5 
Bacanora 24 23.5 
Nesser 28.1 28 

ExpertN-Spass 
LUE g DM MJ-1 Radiation use efficiency Bacanora 0.695 0.70 

Nesser 0.68 0.69 
SpcLW g m-2 Specific leaf dry mass Bacanora 425 385 

Nesser 41.9 39.4 
G1 grains g-1 DM Grains per gram stem at 

anthesis 
Bacanora 28.8 30 

 Nesser 28.5 36 

S1.9 OLEARY 130 

In the previous version of the model phenological development was driven by a linear relationship with 131 

temperature. In the improved version, the relationship with crop emergence and stem development rates 132 

were modified to a triangular response function equation, the relationship with booting and anthesis 133 

development rates were modified to a linear approach with cut-off at a maximum rate. 134 

The following modifications were also applied:  135 

- Added effects of elevation on psychrometric constant and radiation use efficiency 136 

- The subroutine simulating N transfer to grain was modified from a generic implementation 137 

with a fixed duration (300°Cd) to a cultivar specific duration (parameter TTTDN, Table 138 

S8). 139 

- A dry-sowing emergence routine was implemented to delay emergence under very dry 140 

conditions. A minimum threshold for soil water content to start emergence is applied 141 

(parameter THEM, Table S8). 142 

 143 

Table S8 shows the parameters that were modified or introduced. Some of them were introduced due to 144 

the new subroutines (see above), the others re-calibrated 145 
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Table S8. 
Estimated parameter values of the original and improved versions of OLEARY. Only parameters that were re-parameterized, re-
calibrated, or introduced with new subroutines are shown 

Paramete
r name Units Parameter description 

cv Yecora rojo cv Bacanora cv Nesser 
Original 
value 

Improved 
value 

Original 
value 

Improved 
value 

Original 
value 

Improved 
value 

THEM g cm-3 Minimum threshold for 
soil water content to start 
emergence 

- 0.3 - 0.3 - 0.3 

SLNOPT g/m2 Optimum specific leaf 
nitrogen 

3 3.6 3 2.1 3 2 

OPT1 °C Optimum temperature for 
sowing to emergence 
phase 

20 33 20 33 20 33 

OPT4 °C Optimum temperature for 
sowing to anthesis phase 

20 33 20 33 20 33 

EMMDD  °Cd Thermal time for 
emergence 

180 110 180 110 180 110 

STMDD °Cd Thermal time for stem 
extension 

400 400 400 400 400 400 

BOOTDL °Cdh Photothermal time for 
booting 

3300 3300 3300 3500 3300 3500 

ANTHDL °Cdh Photothermal time for 
anthesis 

13800 13800 13800 18150 13800 16950 

GRMAX mg d-1 Maximum grain growth 
rate 

2.5 2.8 2.5 1.9 2.5 1.8 

GXM mg Maximum grain size 55 55 55 50 55 50 
PRES g g-1 Maximum proportion of 

biomass at anthesis to 
grain  

0.2 0.15 0.2 0.15 0.2 0.15 

S1.10 SALUS 146 

No subroutine was modified or introduced in the improved version of SALUS. Model improvement in 147 

SALUS consisted in an extensive model re-calibration to obtain better performances, including 148 

harmonization of the cardinal temperatures of the temperature response of RUE, adjustment of the 149 

photoperiod - phyllochron relationship, and optimization of biomass allocation coefficients driving the 150 

source/sink ratio. Table S9 shows the parameters that were parameterized or calibrated.  151 
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Table S9. 
Estimated parameter values of the original and improved versions of SALUS. Only parameters that were re-parameterized, re-
calibrated, or introduced with new subroutines are shown 
Parameter 
name 

Units Parameter description Original 
value 

Improved 
value 

Phyll °Cd leaf-1 Phyllochron 80 120 
KrPGr grain-1 d-1 Daily rate of grain fill at Topt 0.008 0.0019 
KrNPt grain-1 ear-1 Maximum potential grain number per ear 800 24 
Vcoef - Vernalization coefficient for winter cereals 20 0 
PhLow h Photoperiod lower limit 8 6 
EmgInt leaf eq. Intercept of the emergence leaf equivalents calculation 0.3 0.01 
EmgSlp leaf eq. cm-1 Slope of the emergence leaf equivalents calculation 0.1 0.01 
LEtg leaf eq. Leaf equivalents to germinate 0.5 0.8 
LEJuv leaf eq. Leaf equivalents to end of juvenile stage 4 0 
LEsec leaf eq. Leaf equivalent when first leaf starts senescing 3.5 2 
LEear leaf eq. Leaf equivalents for ear growth 4.1 1.4 
Legg leaf eq. Leaf equivalents for grain growth 5.5 4.5 
PhotoC - Photoperiod vs. phyllochron relationship constant 0.007 0.012 
RUE g DM MJ-1 Radiation use efficiency 2.9 2.5 
SLWmax g cm-2 Maximum specific leaf dry mass 0.005 0.0065 
Lncsf  factor for daily rate of leaf senescence 0.45 0.6 
ToptP °C Topt for photosynthesis 15 19 
MxNVg g N g-1 Maximum concentration of N in vegetative parts 0.04 0.035 
MxNKr g N g-1 Maximum concentration of N in grain 0.02 0.03 
StemF-EG 1.0 g DM g-1 Stem allocation factor at end (1.0) of the ear growth (EG) phase 1 0.5 
GRF-EG 1.0 g DM g-1 Grain allocation factor at end (1.0) of EG phase 0 0.5 
StemF-GG 0.0 g DM g-1 Stem allocation factor at begin (0.0) of the grain growth (GG) phase 0 0.5 
GRF-GG 0.0 g DM g-1 Grain allocation factor at begin (0.0) of GG phase 1 0.5 
RTF-EG 0.0 g DM g-1 Root fraction of tops sink at EG 1.0 phase 0.45 0.20 
RTF-EG 0.5 g DM g-1 Root fraction of tops sink at EG 0.5 phase 0.45 0.15 
RTF-EG 1.0 g DM g-1 Root fraction of tops sink at EG 1.0 phase 0.45 0.10 
RTF-GG 0.0 g DM g-1 Root fraction of tops sink at GG 0.0 phase 0.09 0.05 
RTF-GG 0.5 g DM g-1 Root fraction of tops sink at GG 0.5 phase 0.09 0.01 
RTF-GG 1.0 g DM g-1 Root fraction of tops sink at GG 1.0 phase 0.09 0.01 
RES-EG 0.0 g DM g-1 Reserve fraction of tops sink at EG 1.0 phase 0.45 0.10 
RES-EG 0.5 g DM g-1 Reserve fraction of tops sink at EG 0.5 phase 0.45 0.10 
RES-EG 1.0 g DM g-1 Reserve fraction of tops sink at EG 1.0 phase 0.45 0.05 
RES-GG 0.0 g DM g-1 Reserve fraction of tops sink at GG 0.0 phase 0.45 0.05 
RES-GG 0.5 g DM g-1 Reserve fraction of tops sink at GG 0.5 phase 0.45 0.01 
RES-GG 1.0 g DM g-1 Reserve fraction of tops sink at GG 1.0 phase 0.25 0.01 

S1.11 SIMPLACE<LINTUL2ǦCCǦHEAT> 152 

The acceleration of leaf senescence model was introduced in the new version of the model as described 153 

by Asseng et al. (2011). The previous version of the model already included a routine for the simulation of 154 

heat stress on grain yield based on daily maximum temperature. In the improved version of the model the 155 

average diurnal temperature is used (Teixeira et al. 2013). 156 

A function of post-anthesis biomass re-translocation to grains was introduced based on Jamieson et al. 157 

(1998) where 20% of accumulated biomass at anthesis is translocate to grains after anthesis. The rate of 158 

daily translocation is a function of total dry matter at anthesis, the fraction of dry matter available for re-159 

translocation, and thermal time after anthesis. 160 
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 161 

Table S10 shows the parameters that were modified or introduced in the 162 

SIMPLACE<LINTUL2ǦCCǦHEAT> model. 163 

Table S10. 
Estimated parameter values of the original and improved versions of SIMPLACE<LINTUL2 ǦCCǦHEAT>. Only 
parameters that were re-parameterized, re-calibrated, or introduced with new subroutines are shown 
Parameter 
name 

Units Parameter description Original 
value 

New 
value 

LUE g MJ-1 m-2  Radiation use efficiency 3 2.2 
RGRL - Relative growth rate of LAI during exponential growth 0.009 0.03 
LAII m2 m-2 Initial LAI 0.017 0.022 
HSTCritical °C Critical temperature threshold (heat stress component) 27 31 

S1.12 Sirius2010 164 

Improvements to Sirius2010 were described in Stratonovitch and Semenov (2015). In Sirius2010, the 165 

duration of leaf senescence is expressed in thermal time and linked to the rank of the leaf in the canopy, 166 

i.e. later emerged leaves have a longer period of senescence. Daily thermal time (T ) is calculated from 167 

3-hourly canopy temperatures estimated as described in Jamieson et al. (1995) To account for shortening 168 

of the leaf mature and senescence phase caused by high temperature, the 3-hourlly temperatures iT  are 169 

multiplied by an accelerated leaf senescence factor L
iR (dimensionless): 170 

  L
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  (S10) 171 

where, bT  is the base temperature (set at 0°C). L
iR  increases linearly form 1 when iT  exceeds LT : 172 

 L L L1 max 0,i iR T T S    (S11) 173 

where, LS  is the slope of the senescence acceleration per unit of canopy temperature above LT . As in the 174 

original version, grain filling is stopped prematurely if the canopy has fully senesced. 175 

The adverse effects of heat on grain number and size have been incorporated into Sirius2010 by 176 

modifying the calculation of the potential yield determinants: grain number and potential grain dry mass. 177 

In absence of heat stress, the sink capacity of the grains (potY ) is set to be the product of the potential 178 

number of grains by the potential dry mass of an individual grain (potW = 0.065 g grain
-1): 179 
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pot ear pot potDMY N W  (S12) 180 

where, earDM  is the dry mass accumulated in ears prior to anthesis, and potN = 122.4 (grains g
-1

) the 181 

maximum number of grain per unit of ear dry mass. To account for the effect of high temperature on 182 

meiosis and fertilization, the number of grain set per unit of ear dry mass is reduced when the daily 183 

maximum canopy temperature C
maxT during a period from 10 days before to anthesis exceeds a threshold 184 

temperature NT  (Table S11). In this case, the rate of grain number per unit of ear dry mass decreases 185 

linearly from 1 when C
maxT  exceeds, NT : 186 

   N C N N
H maxmax 0,min 1,1R T T S    (S13) 187 

where, N
HR  is the rate of fertile grain number per unit of ear dry mass limited by heat stress and NS  is the 188 

slope of the grain number reduction per unit of C
maxT  above NT  (Table S11). The rate of grain number set 189 

per unit of ear dry mass is reduced if the minimum canopy temperature C
minT  during a period from -3 to +3 190 

days around anthesis decrease from a threshold temperature of 0°C to -1°C: 191 

  N C
F minmax 0,min 1, 1R T   (S14) 192 

where, N
FR  is the rate of fertile grain number per unit of ear dry mass limited by frost. The actual number N 193 

of grain per unit of ear dry mass is the product of the potential number of grain by the heat and frost 194 

reduction rates: 195 

N N
pot H FN N R R  (S15) 196 

where After the reduction of grain numbers at flowering, the potential dry mass of single grains is limited 197 

in the advent of heat stress during endosperm development. The potential dry mass of each grain is 198 

reduced if the maximum canopy temperature S
maxT  occurring at the beginning of grain filling, i.e. a period 199 

of from 5 to 12 days after anthesis, exceeds a threshold temperature WT  (Table S11). The maximum dry 200 

mass of a grain is reduced linearly from potW  when S
maxT  exceeds WT : 201 

   S W W
pot maxmax 0,min 1,1W W T T S    (S16) 202 
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where, W is the actual potential dry mass of a single grain limited by heat stress and WS  the slope of the 203 

potential dry mass reduction per unit of canopy temperature above WT . Grain filling stops prematurely if 204 

the actual grain sink capacity lim earDMY N W   has been filled. 205 

Table S11. 
Estimated parameter values of the original and improved versions of Sirius2010. Only parameters that were re-
parameterized, re-calibrated, or introduced with new subroutines are shown 
Parameter 
name 

Units Parameter description Original 
value 

Improved 
value 

TL °C Temperature threshold for senescence acceleration - 28.93 
SL °C-1 Slope of the senescence acceleration factor - 0.108 
TN °C Temperature threshold for grain number reduction - 27 
SN °C-1 Slope of grain number reduction - 0.125 
TW °C Temperature threshold for maximum grain dry mass reduction - 30 
SW °C-1 Slope of maximum grain dry mass reduction - 0.004 

S1.13 SiriusQuality 206 

A nonlinear temperature response function (Yan and Hunt 1999) for phenological development and leaf 207 

expansion was introduced: 208 

min

max
max min

max min

( )

opt

opt

T T

T T

opt opt

T T T T
f T

T T T T




 
    

          
 

 (S17) 209 

where Tmin, Topt, and Tmax are the cardinal temperatures, and  is a shape parameter.  210 

Both phenological development and leaf expansion were parameterized with the same parameter values 211 

(Parent and Tardieu 2012) (Table S12). A heat stress response of the duration of the mature leaf phase and 212 

leaf senescence was introduced as described for Sirius2010. 213 
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Table S12. 
Estimated parameter values of the original and improved versions of SiriusQuality. Only parameters that were re-
parameterized, re-calibrated, or introduced with new subroutines are shown 
Parameter 
name 

Units Parameter description Original 
value 

Improved 
value 

TL °C Temperature threshold for senescence acceleration - 35 
SL °C-1 Slope of the senescence acceleration - 0.45 
TminPL °C Tmin for phenological development and leaf expansion - 0 
ToptPL °C Topt for phenological development and leaf expansion - 32 
TmaxPL °C Tmax for phenological development and leaf expansion - 55 
ShapePL °C Shape parameter of the nonlinear function - 2.1 
AreaPL cm2 lamina-1 Maximum potential surface area of the penultimate leaf lamina 40 36 
NLL leaf Number of leaves produced after floral initiation 6.5 6 
P °Cd Phyllochron 120 115 
SLDL leaf h-1 Daylength response of leaf production 0.62 0.47 
VAI [d°C]-1 Response of vernalization rate to temperature between Tmin and Topt 

for vernalisation 
0.00135 0.002 

Pdecr - Factor decreasing the phyllochron for leaf number less than 3 0.75 1 
Pincr - Factor increasing the phyllochron for leaf number higher than 8 1.25 1 

S1.14 WheatGrow 214 

A subroutine for simulating phenological development under heat stress was introduced. In the 215 

improved version of the model, the daily thermal effect (TE) on phenological development is composed 216 

by (1) the daily thermal effect under normal temperature range (NTE – as in the previous version 217 

of the model); and (2) the high temperature effect for accelerating plants senescence (HTE – 218 

added in the improved version): 219 

TE NTE HTE   (S18) 220 

with, 221 

1

R

HDD
HTE

HTS GDD

N

i
i

i




 (S19) 222 

where, HDD is the accumulated thermal time above a threshold temperature (Ths), i is the number 223 

of days after emergence, GDDR is the thermal time required for the vegetative and reproductive 224 

growth stages to occur, set at 480°Cd and 520°Cd, respectively, and HTS is the high temperature 225 

sensitivity parameter. HTS is a genotypic parameter that indicate the heat tolerance of wheat 226 

cultivars. HDD is calculated as the accumulation of hourly temperature above Th (Liu et al 2014): 227 
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 ,h

24

hs
1

1
HDD max 0,

24
ii

t

T T


   (S20) 228 

The hourly temperature is derived from the minimum and the maximum daily temperature 229 

using the cosine function described in Matthews and Hunt (1994). 230 

Table S13 shows the parameters that were modified or introduced in the WheatGrow model following 231 

improvement. Some of them were introduced due to the new subroutines (see above), the others re-232 

calibrated.  233 

Table S13. 
Estimated parameter values of the original and improved versions of WheatGrow. Only parameters 
that were re-parameterized, re-calibrated, or introduced with new subroutines are shown 
Parameter 
name 

Units Parameter description Original 
value 

Improve
d value 

Th °C High temperature threshold (value for spring wheat) - 34 
IE* - Intrinsic earliness 0.91 0.86 
HTS* - High temperature sensitivity - 0.09 
FDF* - Grain filling duration factor 0.95 0.85 
* Parameters value for cultivar Yecora-Rojo 234 

 235 

S2. Calculation of seasonal mean temperature 236 

Seasonal mean air temperature was calculated from daily air temperature (Tt), which was derived from the 237 

sum of eight contributions of a cosine variation between maximum and minimum daily air temperatures 238 

(Weir et al 1984). 239 

8

1

1
( )

8

r

t h b
r

T T T




    240 

with 241 

 min max min( )h rT r T f T T     242 

and 243 

 1 90
1 cos 2 1

2 8rf r    
 

  244 
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where r is an index for a particular 3-h period, Tb (°C) is the base temperature (0°C) and Th (°C) is the 245 

calculated three hour temperature contribution to estimated daily mean temperature. Negative 246 

contributions of Th were treated as zero. 247 
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FIGURE CAPTIONS 

 

Fig. 1. Number of models that included or modified (if already included) key processes related to heat 

stress during the model improvement exercise. 

 

Fig. 2. Simulated and measured wheat growth dynamics for the calibration data set. (A-C) leaf area index 

(LAI), (D-F) total above ground biomass, and (G-I) grain yield versus days after sowing for mean growing 

season temperatures 15°C (A, D, and G), 22°C (B, E, and H) and 27°C (C, F, and I). Black dotted lines and 

dark grey areas are e-median (MME median) and the 10
th

 to 90
th

 percentile range of the 15 original 

(unimproved) models, respectively. Solid red lines and light grey areas are e-median and the 10
th

 to 90
th

 

percentile range of the 15 improved models, respectively. Areas are grey when improved and 

unimproved ranges overlap. Blue symbols are measured mean ± 1 s.d. for n = 3 independent replicates. 

(The figure is available in color in the online version of the article). 

 

Fig. 3. Effect of model improvement on root mean squared relative error (RMSRE) distribution for days 

from sowing to anthesis  (A), days from anthesis to maturity (B), leaf area index (LAI) (C), harvest index 

(HI) (D), grain number (E), single grain dry mass (F), final total above ground biomass (G), final grain yield  

(H), for the calibration data set. RMSRE was calculated for the 30 models included in a previous study 

(AgMIP-Wheat) (Asseng et al., 2015) and the 15 unimproved and improved models included in the model 

improvement study. The left and the right side of the box are the first and third RMSRE quartiles. The 

line inside the box is the RMSRE second quartile or median of individual model errors. The ends of the 

whiskers indicate the RMSRE 10th and 90th percentile respectively. The empty points are the outliers. 

The red crosses indicate the e-median RMSRE. 

 

Fig. 4. Log2 difference of RMSRE for improved and unimproved models versus RMSRE of unimproved 

models for days from sowing to anthesis (A), days from anthesis to maturity (B), leaf area index (LAI) (C), 

harvest index (HI) (D), grain number (E), single grain dry mass (F), final total above ground biomass (G), 

ĨŝŶĂů ŐƌĂŝŶ ǇŝĞůĚ ;HͿ͕ ĨŽƌ ƚŚĞ ĐĂůŝďƌĂƚŝŽŶ ĚĂƚĂ ƐĞƚ͘ A ƉŽƐŝƚŝǀĞ ĚŝĨĨĞƌĞŶĐĞ ŽĨ ƚŚĞ ůŽŐϮRM“RE͛Ɛ ŝŶĚŝĐĂƚĞ ĂŶ 
improvement in model performance. The extent of model improvement in terms of RMSRE doubles for 

each unit of log2 RMSRE difference between the un-improved and the improved population of models. 

 

Fig. 5. Simulated and measured days from sowing to anthesis (A and B), days from anthesis to maturity 

(C and D), leaf area index (LAI) (E and F), harvest index (HI) (G and H), grain number (I and J), single grain 

dry mass (K and L), final total above ground biomass (M and N), final grain yield (O and P), versus mean 

growing season temperature for the calibration (A, C, E, G, I, K M, O) and evaluation (B, D, F, H, J, L, N, P) 

data sets. Black dotted lines and dark grey areas are e-median (ensemble median) and the 10th to 90th 

percentile range of the 15 original (unimproved) models, respectively. Solid red lines and light grey areas 

are e-median and the 10
th

 to 90
th

 percentile range of the 15 improved models, respectively. Symbols are 

Figure



measured mean ± 1 s.d. for n = 3 independent replicates. Note that for LAI, there were no observations 

for the evaluation data set. 

 

Fig. 6. Mean squared error (MSE) decomposition of grain yield simulated by the 15 unimproved and 

improved models for the calibration and evaluation (comparison with hindcast) data sets, and the 

ƉƌĞĚŝĐƚŝŽŶ ĚĂƚĂ ƐĞƚ ;͞ƵŶŬŶŽǁŶ͟ ĚĂƚĂ ƐĞƚͿ ;ƉĂŶĞů AͿ͘ M“E ĚĞĐŽŵƉŽƐŝƚŝŽŶ for days from sowing to anthesis 

(panel B), anthesis to maturity (panel C) and final total above ground biomass (panel D) simulated by the 

15 unimproved and improved models for the evaluation data set. In panel A, the prediction data set is 

the same as the ĞǀĂůƵĂƚŝŽŶ ĚĂƚĂ ƐĞƚ ďƵƚ ŝƐ ƵƐĞĚ ĂƐ ĂŶ ͞ƵŶŬŶŽǁŶ͟ ĚĂƚĂ ƐĞƚ ƚŽ ďĞ ƉƌĞĚŝĐƚĞĚ͘ M“E ǁĂƐ 
decomposed into squared bias (grey) and variance (white). Data are mean ± 1 s.e. for 15 (calibration) and 

14 (evaluation and prediction) site/year/sowing dates combinations. 

 

Fig. 7. Coefficient of variation of multi-model ensemble e-median for final grain yield (panel A), days 

from sowing to maturity (panel B) and final total above ground biomass (Panel C), versus number of 

models in an ensemble. Values were calculated based on 20,000 bootstrap samples of 1 to 15 original 

(unimproved) (blue circles) and improved (red triangles) models for the independent evaluation data set. 

The horizontal black dashed line in panel A indicates the mean coefficient of variation of GY calculated 

from a meta-analysis of agronomic field trials (Taylor et al., 1999). For readability, results for unimproved 

and improved models are shown for odd and even number of models, respectively. Symbols and error 

bars indicate mean and ±s.d. of the 20,000 sample e-median values, respectively. 

 

Fig. 8. Root mean squared relative error (RMSRE) of multi-model ensemble e-median for final grain yield 

(GY) versus number of models in the ensemble for original, unimproved models (blue circles) and 

improved models (red triangles) for the evaluation field data set. Values are mean ± 1 s.d. for 20,000 

bootstrap samples. For readability, results for unimproved and improved models are shown for odd and 

even number of models, respectively. 
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