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a b s t r a c t
Simulations using crop models can assist designing ideotypes for current and future agricultural conditions. This approach consists in running simulations for different “in silico genotypes” obtained by varying
the most sensitive genotypic parameters of these models, and analyzing results obtained for different
environments, so as to identify the best genotypes for a target population of environments. However,
this approach has rarely been used to guide commercial breeding programs so far. In this paper, we
attempt to address some of the gaps yet to be ﬁlled before this kind of approach can be implemented,
and identify some remaining issues that should be addressed in future research. Our focus is on optimizing wheat phenology, integrating simulations from a modiﬁed version of the ARCWHEAT model of
wheat growth stages with available knowledge on the genetic control of wheat phenology obtained via
molecular markers. Based on simulations, stem extension could be advanced by 10 days in 2025–2049
without increasing frost risks, thus opening up opportunities for lengthening the rapid growth period.
Analysis of the current genetic variability for major phenology genes in French elite varieties, showed
that the insensitive PpdD1—spring Vrn3 allele combination appears undesirable and current genotypes
with early stem extensions are unstable (i.e. show a strong response to temperature and can start the
stem extension very early in case of mild winter temperatures). We ﬁnally use a case study on gene-based
modelling of wheat phenology in France to illustrate how it can be used to dissect the genetic basis of the
quantitative nature of the three components of earliness, beyond the effects of major genes. We identify
the need to link the variability for optimized model parameters and the allelic variations at the gene level
as a critical step of this type of approach.
© 2015 Elsevier B.V. All rights reserved.

1. Introduction

Abbreviation: RMSEP, root mean square error of prediction.
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Wheat is one of the world’s key staple crops (Reynolds et al.,
2009), and has been impacted by worrisome negative impacts of
climate change, in a great deal of regions worldwide, including
high-yield potential breadbaskets of Europe such as France (Brisson
et al., 2010) and both higher and lower-yielding areas in developing countries (Lobell et al., 2005; Ortiz et al., 2008; Liu et al., 2014).
These existing trends are projected to continue, with a reported
6% worldwide reduction in production per degree Celsius of
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temperature increase (Asseng et al., 2015). In France, Brisson et al.
(2010) attributed part of the yield levelling-off trend to a signiﬁcant increase in the number of heat stress days during grain
ﬁlling: two to three more days of heat stress since the mid-1990s,
which can be quantiﬁed as having caused average yield losses of
circa 0.3–0.45 Mg ha−1 (Gate et al., 2010). Gouache et al. (2012)
showed that without adaptation measures, the number of heat
stress days during grain ﬁlling will increase by 1.4 days on average in 2020–2049 and by 5.1 days in 2070–2099 compared to a
1970–1999 baseline, despite the naturally occurring earlier grain
ﬁlling period which does not sufﬁce to compensate increased heat
stress unlike what has been shown for Germany (Rezaei et al.,
2015). Similar trends of increasing negative impacts of heat stress
have been projected for the UK (Semenov, 2009; Semenov and
Shewry, 2011) and Europe (Stratonovitch and Semenov, 2015).
However, it has also been shown that adaptation measures may
reduce or annul these negative impacts, especially in the temperate
wheat growing regions of Europe (Challinor et al., 2014; Moore and
Lobell, 2014). Cultivar adaptation, i.e. plant breeding, is considered
as one of the key adaptation measures (Mba et al., 2012; Chapman
et al., 2012; White et al., 2011; Challinor et al., 2014). Modelling is
an attractive tool to evaluate the possible improvements of crops
through breeding: in silico variation of model genotypic parameters can be coupled with future climate scenarios to quantify and
compare the effects of different genotypic variations on yield or
other relevant farming objectives without having to actually go
through the painstaking process of creating the plant material.
Thus, many “virtual genotypes” can be assessed much more than
possible via experimentation (Semenov and Halford, 2009), potentially aiding the breeding community in prioritizing trait values.
Consequently, in silico approaches using crop models have stimulated renewed interest in designing “ideotypes” that can guide
plant breeders toward the most relevant targets for future agriculture (Stratonovitch and Semenov, 2015; Rötter et al., 2015;
Semenov et al., 2014; Semenov and Stratonovitch, 2013; SylvesterBradley et al., 2012; Zheng et al., 2012; Messina et al., 2011;
Harrison et al., 2014; Martre et al., 2015; Casadebeig et al., 2011;
Hammer et al., 2005). The crop ideotype is deﬁned as per Donald’s
(1968, in Semenov and Stratonovitch, 2013) deﬁnition as an idealized “model” plant that successfully combines a suite of traits
leading to an increase in yield (or other target trait) for a given
target population of environments.
In this study, we will focus on deﬁning ideotypes of phenology
for future winter wheats in France. Phenology is a key target in
wheat ideotype approaches (Sylvester-Bradley et al., 2012; Zheng
et al., 2012): matching growth stages to optimal growing conditions to maximize resource capture while avoiding climatic stresses
is generally one of the ﬁrst and foremost objective (in addition to
disease resistance) of any wheat improvement program (Reynolds
et al., 2009; Foulkes et al., 2011). Sylvester-Bradley et al. (2012)
developed an ideotype building approach in which positioning of
the crop cycle is considered the ﬁrst step. They divided the crop
growth season into three periods: foundation (the period from sowing to start of stem extension), construction (from stem extension
to ﬂowering), and production (grain ﬁlling to maturity). Optimal
positioning of the wheat crop cycle requires the avoidance of terminal stresses such as heat during the production period and the
avoidance of frost during the particularly sensitive construction
period (Fowler and Limin, 2004; Fowler et al., 1999; Dhillon et al.,
2010, Lecomte et al., 2003; Lecomte, 2005). In France, these objectives have been used to set sowing date windows and evaluate
suitability of wheat cropping for projected future climate (Rieu
and Gate, 1997; Bancal and Gate, 2010). The criterion used for heat
stress is the number of days between heading (BBCH55, Lancashire
et al., 1991) and physiological maturity (BBCH 89, Lancashire
et al., 1991) with maximum air temperatures exceeding 25 ◦ C, as
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described in Gouache et al. (2012). For frost during construction
period, the criterion used is avoiding minimal temperatures below
−4 ◦ C after the onset of stem extension (BBCH30, Lancanshire et al.,
1991) (Gate, 1995; Lecomte, 2005).
The ﬁrst step of this study will consist in complementing
Gouache et al.’s (2012) analysis of the terminal stress indicator
with the frost stress indicator. They have shown that adapting
wheat phenology may be required to avoid the increase of heat
stress during grain ﬁlling due to projected climate change in France.
They demonstrated that despite natural advancement of heading
dates due to temperature increases, the occurrence of detrimental
heat stress days would increase unless a supplementary advance
in heading dates is obtained by breeding earlier cultivars, so as
to advance heading by 5–6 days in 2020–2049, and by 19 days in
2070–2099. A clear limit to this avenue for adaptation is that such
earlier heading wheat may have reduced yield potential considering the typical trade-off between stress avoidance and duration of
biomass accumulation (Asseng et al., 2015). Climate change may
however provide an opportunity to counter this problem by reducing frost stresses thanks to much earlier occurrence of the last
day of frost, (Zheng et al., 2012). This would in turn allow for a
shorter foundation and longer construction period, thus lengthening the period of accelerated growth and permitting increased yield
potential (Sylvester-Bradley et al., 2012; Spink et al., 2009).
In a second step, we will explore whether current French breeding programs have the necessary genetic variability and tools to
build the targeted ideotype phenology. As stated by Semenov and
Halford (2009) and Rötter et al. (2015), ideotype approaches now
need to concern themselves with the underlying genetic variability and control of the traits they propose to optimize. Thankfully,
a wealth of knowledge now exists regarding the genetic control of
wheat phenology. A number of major genes have now been characterized such as PPD1, VRN1, VRN2 and VRN3 (Beales et al., 2007;
Yan et al., 2004, 2006; Distelfeld et al., 2009a,b). By exploring the
diversity of French wheats for these candidate genes and how they
are cultivated, we will set an additional target for wheat phenology:
namely stability or limited plasticity (Sadras and Richards, 2014;
Box 1) of stem extension.
In a third step, we will assess whether marker-based phenology models hold promise to aid in building the required
ideotypes. The concept of marker-based model is one of the possible directions for crop modelling to integrate data generated
at different levels of complexity, from DNA to ﬁeld experiments
(White and Hoogenboom, 2003; White, 2006, 2009). Gene-based
or marker-based models have been produced for grain yield in
Hordeum vulgare (Yin et al., 2000), leaf elongation rate in Zea mays
(Reymond et al., 2003), quality parameters in Prunus sp. (Quilot
et al., 2005), phenology in Glycine max (Messina et al., 2006), leaf
senescence in Solanum tuberosum (Malosetti et al., 2006), ﬂowering date (Nakagawa et al., 2005) and grain yield (Gu et al., 2014)
in Oryza sativa, ﬂowering date in Phaseolus vulgaris (White and
Hoogenboom, 2003), wheat (White et al., 2008), Brassica oleracea
(Uptmoor et al., 2010) and transpiration rate in Arabidopsis thaliana
(Reuning et al., 2015). In particular, White et al. (2008), Zheng et al.
(2013) and Bogard et al. (2014) proposed marker-based models to
predict cultivars’ genetic model parameters using multiple linear
regressions with genetic markers as predictors and obtained RMSEP
of ca. 4–5 days for heading date. We will show this type of approach
can be successfully applied to the stem extension stage (BBCH30)
of wheat.
After having (1) deﬁned phenology targets for BBCH30, (2)
deﬁned limits to the current use of available genetic variability to
attain these targets, and (3) shown that marker-based models can
be applied for this growth stage, we will discuss the implications
of these results in terms of:
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- design of future wheats for France and western Europe
- the need to tackle correlations between traits
- the need to understand the genetics underpinning traits and their
correlations
2. Materials and methods
2.1. Phenology model
The phenology model used in this study is based on the
ARCWHEAT model (Weir et al., 1984) and was further adapted to
French conditions (Gate, 1995). In this model, growth stages occur
once a given accumulated modiﬁed thermal time since the previous growth stage has been reached. The model has been modiﬁed
to simulate the start of stem elongation (BBCH 30; Lancashire et al.,
1991), instead of double-ridge, and heading (BBCH 55; Lancashire
et al., 1991), instead of anthesis. Thermal time is calculated using
the same type of four-piece linear function described in Weir et al.
(1984) characterized by 3 cardinal temperatures (Tbase , Topt , Tmax ).
The cardinal temperatures used have been slightly modiﬁed to 0,
24 and 35 ◦ C, respectively.
As in Weir et al. (1984) emergence is reached once a given
temperature sum has been reached (152 ◦ C-days). Temperature
accumulation during the emergence-BBCH30 phase is modiﬁed by
vernalization and photoperiod effects. Photoperiod effect is modelled as a factor (FP) calculated daily and limited to vary between
0 and 1:
FP =

PH − Pbase
Popt − Pbase

(1)

where PH is the effective photoperiod (hours) calculated daily and
Pbase and Popt are parameters expressed in hours, equal to 6.3 h
and 20 h respectively. Daily temperature is multiplied with daily
FP, thus reducing daily temperature accumulation. Similarly, the
vernalization factor (FV) is calculated daily as
FV =

VDD − Vbase
Vsat − Vbase

(2)

with VDD being the accumulated number of vernalizing days,
and Vbase and Vsat parameters expressed in number of vernalizing
days. Vbase is set to 0 days and Vsat to 45 days. VDD is calculated as
in Weir et al. (1984), using a ﬁve-piece linear function of temperature, deﬁned by 4 cardinal temperatures, T1, T2, T3, T4. In Weir
et al. (1984), the values were set to −4 ◦ C, 3 ◦ C, 10 ◦ C, and 17 ◦ C
for T1, T2, T3, and T4 respectively (“step-shaped” function). In our
case, the values were set to −1 ◦ C, 6 ◦ C, 6 ◦ C, and 17 ◦ C for T1, T2,
T3, and T4, respectively (T2 = T3 = 6 ◦ C, “spike-shaped” function).
The modiﬁed temperature sum threshold (sPTV) for reaching BBCH
30 is 221.8 ◦ C-days. Regarding the duration between BBCH 30 and
heading, daily temperature accumulation is only modiﬁed by the
photoperiod factor (FP). Tbase is set to 3.5 ◦ C and Pbase is set to 7.7 h
for this phase. The threshold to reach heading (sPT) is 231 ◦ C-days.
Other details are presented in Gouache et al. (2012).
2.2. Simulation of climate change effects on BBCH30 and
occurrence of frost stress
The simulation protocol used was the same as the one exposed
in Gouache et al. (2012). Brieﬂy, phenology was simulated for cultivar Soissons sown on 20/10 for 10 sites in France (Supplementary
material, Table S1) representing all the key wheat growing areas of
France (Mediterranean, continental, and oceanic). The simulations
were carried out with climate data from the ARPEGE regional climate model (Gibelin and Déqué, 2003). Scenarios were obtained
for both the A1B and the A2 Special Report on Emissions Scenarios
(SRES) (Christensen et al., 2007). The A1B scenario was downscaled

according to three different approaches, namely “Anomalies”
(ANO), “Weather typing” (WT), and “Quantile–quantile” (QQ). The
A2 scenario was downscaled using the QQ method. Thus, four
downscaled scenarios were available, providing data at a daily time
step for the following variables: maximum and minimum daily
temperature at 2 m, global incoming radiation at the soil surface,
total precipitation, relative humidity at 2 m and wind speed at 10 m.
The date of simulated BBCH30 was calculated for 2 time periods:
near future (NF, 2025–2049) and far future (FF, 2075–2099). For
each of these 2 periods, the date of the latest frost episode at −4 ◦ C
was also calculated for each year, and then the earliest date at
which this frost occurs less than 2 out of 10 years was calculated.
This was considered as the earliest possible date at which BBCH30
could potentially occur. We then calculated the difference between
simulated BBCH30 and earliest possible BBCH30, thus deﬁning the
potential advancement of BBCH30 that could be targeted by breeding.
2.3. Marker-based phenology model
After a preliminary model sensitivity analysis (data not shown),
we considered 5 genotypic parameters. Three parameters relate to
the emergence to BBCH30 period: sPTV, Vsat and Pbase (hereafter
refered to as Pbase30), and two parameters relate to the BBCH30 to
BBCH55 period: sPT and Pbase (hereafter refered to as Pbase55). The
overall workﬂow consisted in obtaining genotype speciﬁc parameters for a calibration set of varieties. Then, linear additive models
predicting parameter values based on a set of genome-wide and
candidate gene markers were obtained. Finally, the marker-based
models were evaluated on a second independent set of varieties.
2.3.1. Phenotypic data sets
The ﬁrst data set consists in observations of BBCH30 and BBCH55
growth stages in ﬁeld trials. Heading dates (BBCH55) were recorded
when 50% of the stems had 50% of their spike visible. The beginning of stem elongations (BBCH30) were determined according to
Gate (1995) by measuring the height from the basis of the tillering plateau to the top of the spike on 10 plants per plot as BBCH30
approached (measurement repeated in time if necessary). The date
of BBCH30 was then derived using the following equation:
TTZ30i = ln (hi ) × 97.75

(3)

where TTZ30i is the thermal time between date i and the date of
BBCH30 in degree days (◦ C days) and ln(hi ) the natural logarithm
of the mean height of 10 plants (cm) at date i. Eq. (3) was considered
valid only when mean heights ranged from 8 to 13 mm.
The second phenotyping dataset consisted in measurements of
earliness components, i.e. sensitivity to photoperiod, vernalization
requirement, and earliness per se (also known as intrinsic earliness) as described in Rousset et al. (2011) and Le Gouis et al.
(2012). Brieﬂy, vernalization requirements were measured using
two spring sowings (one in march and the other in april) in nursery
plots at Clermont-Ferrand (45◦ 46 N, 03◦ 09 E) and Mons (49◦ 06 N,
3◦ 18 E) in 2009 and 2010 harvest years. For each genotype, the vernalization requirement corresponded to the mean of the heading
dates observed on these two late sowings (Oury et al., 2015). Earliness per se and photoperiod sensitivity were obtained by planting
fully vernalized plants (grown for eight weeks at 4 ◦ C in a vernalization chamber) in Mons (49◦ 06 N, 3◦ 18 E) glasshouse, as described in
Le Gouis et al. (2012), in harvest year 2009. Genotypes earliness per
se corresponded to their heading dates observed in the glasshouse
under long days. Genotypes photoperiod sensitivity were derived
from their heading dates observed in the glasshouse under short
days, after subtraction of their earliness per se. The three earliness
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components were expressed in growing degree days (◦ C days, 0 ◦ C
base temperature).
2.3.2. Calibration and validation datasets
A set of 27 and 24 genotypes were used to calibrate markerbased statistical models predicting the ecophysiological model
parameters for BBCH30 (Pbase30, Vsat and sPTV parameters) and
BBCH55 (Pbase55 and sPT parameters), respectively. These genotypes had phenotyping data for both types of phenotypic data, i.e.
earliness components and BBCH30/BBCH55 observations. The validation dataset comprised 58 and 61 genotypes, for BBCH30 and
BBCH55 respectively. Data for these genotypes was available only
for BBCH30 and BBCH55 observations, but not for earliness components. All the cultivars used in this study were grown in various
locations, years and sowing dates (Table S2).
2.3.3. Model parameterization
Model parameterization was carried out based on 2 objectives: minimization of RMSEP (Wallach and Gofﬁnet, 1987) and
biological relevance of parameters (Bogard et al., 2014). Preliminary analysis showed that different parameter combinations (a
parameter combination being deﬁned as Pbase30, sPTV and Vsat
values for BBCH30, and Pbase55 and sPT values for BBCH55) led
to similar RMSEP (data not shown). Consequently, our approach
consisted in two major steps. First, we implemented numerical
optimization aimed at minimizing RMSEP between predicted and
observed BBCH30 or BBCH55, with a large number of start values,
so as to obtain a large number of candidate parameter combinations. Second, we ﬁltered the obtained parameter combinations
so as to obtain high correlations between parameter values and
earliness component measurements. Indeed, photoperiod sensitivity, vernalization requirement and earliness per se as calculated
from controlled experiments are not direct measures of the ecophysiological model parameters. However, these measurements
bring information about the ranking of genotypes for each earliness component. Therefore, borrowing information from earliness
component measurements appeared attractive in order to select
parameter combinations reﬂecting genotype characteristics.
For the ﬁrst step, we used the PORT algorithm implemented in
the nlminb() function of R (R Core Team, 2012). Parameters were
constrained as follow: [30;60] for Vsat (it was not worth testing values below 30 days as we worked on winter wheat varieties only),
[0;12] for Pbase30 and Pbase55, [150;400] for sPTV, and [200;400]
for sPT. Random start values were taken from uniform distributions
deﬁned by these limits. For computational reasons, we drew 100
start values for varieties with less than 10 observations, but only 25
for varieties with at least 100 observations. These parameter combinations were then ﬁltered according to an iterative procedure
developed so as to match ranking of genotypes parameters with
ranking of earliness component measurements. First, parameter
combinations minimizing RMSEP were selected. Then, the following iterative procedure was applied:
1. Linear relationships between earliness components obtained
from controlled experiments and the corresponding model
parameters were ﬁtted (Pbase30 or Pbase55 versus photoperiod sensitivty, Vsat versus vernalization requirement and sPTV
or sPT versus earliness per se) using data from all the calibration
genotypes.
2. Predicted parameters values from the relationships with earliness components were calculated.
3. Deviations between predicted and actual parameters values
were calculated.
4. For each genotype and each growth stage, results were then ﬁltered for all the parameters simultaneously (Pbase30, sPTV and
Vsat for BBCH30 and Pbase55 and sPT for BBCH55): among all
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the possible parameter combinations, those showing deviations
inferior to the ﬁrst quartile of the deviations calculated in step 3
for each parameter were kept.
a.) If no parameter combination was selected, the threshold was
extended to the second quartile. If this failed, the threshold was
further extended to the third quartile.
b.) If multiple parameters combination matched this criterion, the
one minimizing RMSEP was chosen.
The procedure was iteratively applied from until convergence
(when no parameter combination with lower deviation to the predicted values from the relationships with earliness components
could be found). In practice, circa 10 runs were sufﬁcient to reach
convergence.
2.3.4. Marker based prediction of model parameters
The initial data included 4983 markers. All the markers were
SNP markers derived from ISBP (Paux et al., 2010) except diagnostic marker for the PPD-D1 gene (Beales et al., 2007). Rare alleles
(frequency <20%) were considered as missing data and markers
showing any missing data were removed, leaving a total of 717
markers. Each marker was then tested for association with each
phenotype (i.e. the 5 model parameters) using a simple univariate test. Only markers signiﬁcant at the 5% level were retained. We
then eliminated collinear markers by calculating r2 of all marker
pairs. For each pair with r2 > 0.9, only one of the two markers was
retained. A simple forward stepwise selection procedure was then
used with the retained markers, consisting in adding markers one
by one with the ﬁrst marker being the most associated according
to the univariate test, the second being the second most associated,
and so forth. Markers were kept in the model if the model with the
additional marker was signiﬁcantly improved at the 5% level compared to the model without the marker. Finally, we tested marker
by marker interaction terms for the markers that had been retained
in the models.
2.3.5. Model evaluation
Predictions were carried out for all the points in the calibration
and validation datasets using parameter values derived from the
marker based regression equations. These predictions were compared to those obtained with pre-existing parameter values based
on classical numerical optimization (cultivar-speciﬁc parameters).
2.4. Candidate gene distribution in French varieties
2.4.1. Choice of varieties
To choose varieties, we compiled data from two available
sources. The ﬁrst is the results of regional post-registration trials
from ARVALIS. Every year, ARVALIS trials include registered varieties from the past two years, along with controls and popular
regional cultivars, and publishes these results, including yield rankings by region (ARVALIS-Institut du végétal, 2014 for an example).
We listed all the cultivars that had appeared once or more in a top
ten regional yearly ranking from 1988 to 2013. The second is the
survey of cultivated varieties carried out by FranceAgriMer et al.
(2013) (FranceAgriMer and Arvalis—Institut du vegetal, 2013 for
an example). Again, we listed all the varieties having appeared at
least once in a top ten regional yearly ranking from 2003 to 2013. In
this case, we were also able to obtain the proportion of cultivated
area associated with each cultivar in each region and year. Uniting these two lists led to identifying 426 varieties that had been
of interest in French growing conditions between 1988 and 2013.
We were able to secure seed for DNA extractions for 405 genotypes
(Supplementary material 2).
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Table 1
Information on markers for candidate genes (see Supplementary material S4 for detailed information on ampliﬁcation protocol).
Name

Gene

Ampliﬁcation protocol
(dose of Kaspar mix and
protocol code)

References

Localization

Percent
missing data
(%)

PpdD1-Ex7Del
PpdD1-Intr1Ins
PpdD1-PromDel
PpdB1-Cstrunc
PpdB1-UpLine1
DEAP MOULON PPD-A1-GS100 12
DEAP MOULON PPD-A1-GS105 13
PpdA1-303del
DEAP MOULON VRN1A-EX8 20
DEAP MOULON VRN1APR4/5 10
VRNA1
DEAP MOULON VRN-1DIN1 7
VRND1
DEAP MOULON VRN1BIN1 11
VRNB1
DEAP MOULON CA 6905 28
DEAP MOULON FTA 2
DEAP MOULON FTD 3
VRND3
ARVPRECO-11
RhtB1-60
RhtD1-60
Gwm261

PpdD1
PpdD1
PpdD1
PpdB1
PpdB1
PpdA1
PpdA1
PpdA1
VRNA1
VRNA1
VRNA1
VRND1
VRND1
VRNB1
VRNB1
VRNB3/FTB
VRNA3/FTA
VRND3/FTD
VRND3
VRNA2
RhtB1
RhtD1
Rht8

1.8 mM; K1
1.8 mM; K1
1.8 mM; K1
1.8 mM; K1
2.2 mM; K1
2.5 mM; K1
2.5 mM; K1
2.2 mM; K1
2.5 mM; K1
2.5 mM; K1
SSR
2.2 mM; K4
SSR
2.5 mM; K1
SSR
2,2 mM; K1
2.5 mM; K1
2.5 mM; K1
SSR
2.5 mM; K1
1.8 mM; K1
2.2 mM; K1
SSR

Shaw et al. (2013)
Shaw et al. (2013)
Beales et al. (2007)
Sourdille, pers. com.; Ranoux et al. (2015)
Sourdille, pers. com.; Ranoux et al. (2015)
Bentley et al. (2010)
Bentley et al. (2010)
Shaw et al. (2013)
Sherman et al. (2004)
Rhoné (2008)
Yan et al. (2004a)
Fu et al. (2005)
Fu et al. (2005)
Fu et al. (2005)
Fu et al. (2005)
Thépot (2014)
Bonnin et al. (2008)
Bonnin et al. (2008)
Bonnin et al. (2008)
Yan et al. (2004b)
Ellis et al. (2002)
Ellis et al. (2002)
Korzun et al. (1998)

2DS
2DS
2DS
2BS
2BS
2AS
2AS
2AS
5A
5A
5A
5B
5D
5B
5B
7BS
7AS
7DS
7D
5A
4BS
4DS
2D

0.25
0.99
0.99
0.99
0.49
1.98
1.98
0.49
0.25
0.25
1.23
0.99
2.96
0.49
0.25
1.73
0.74
0.74
0.49
2.22
1.48
0.00
1.98

2.4.2. Genotyping
We genotyped 23 markers for candidate genes (Table 1, Table S3,
ESM 5) and 16 neutral SSR (Single Sequence Repeat) markers (Table
S4) (Roussel et al., 2004). Among the candidate genes, 8 markers for
photoperiod response (3 for Ppd-A1, 2 for Ppd-B1 and 3 for Ppd-D1),
12 for vernalization (7 for Vrn1, 1 for Vrn2 and 4 for Vrn3) and 3 for
height (Rht-B1, Rht-D1, Rht8) were tested. DNA extraction protocols
and ampliﬁcation protocols are described in Supplementary material 4. SSR migration and analysis was carried out on an Applied
Biosytems 3130 Sequencer along with GeneMapper software (version 5). SNP ampliﬁcation and analysis was carried out on a Roche
LightCycler 480.

2.4.3. Data analysis
We calculated allelic frequencies for each marker or for multimarker genotypes (all the different combinations of alleles at two
markers) on the 405 varieties. From these initial frequencies, we
calculated weighted frequencies. We weighted allelic frequencies
according to (1) the number of occurrences of the genotypes in yield
top tens, or (2) the proportion of cultivated area. We especially
focused on detecting situations in which the allelic frequencies
were signiﬁcantly modiﬁed by the weighing according to presence
in the two top tens. To do so, we built contingency tables for all possible marker pairs. After exclusion of monomorphic or imbalanced
markers, this led to a total of 134 possible marker pairs for candidate genes, and 109 marker pairs for neutral markers. For each
marker pair, we built three contingency tables: the ﬁrst (a) based
on the allelic frequencies in the 405 varieties, the second (b) based
on the allelic frequencies weighted by the number of occurrences in
yield top ten and the third (c) based on allelic frequencies weighted
by cultivated area. By comparing contingency tables (a) and (b),
and (a) and (c), we were able to identify if the allelic frequencies
were signiﬁcantly affected by the two weighting schemes. In other
words, we were able to detect whether applying a “selection pressure” on the initial pool of varieties according to their performances
in post-registration trials or according to their performances in
the market resulted in signiﬁcant shifts in some allelic frequencies, which could indicate whether some combinations are more
or less adapted to French growing and market conditions. These

comparisons between contingency tables were carried out with a
Chi-squared test (Méot, 2003).
2.5. Plasticity of stem extension
Plasticity of a trait can be calculated from typical multilocal
variety trials by regressing a given cultivar’s phenotype across all
environments against the environmental mean of the phenotype
(Sadras et al., 2014, Box 1; Sadras et al., 2009). For BBCH30, previous
observations showed that under late sowing (cold conditions), cultivars tended to reach BBCH30 at relatively similar dates whereas
under earlier sowing (warmer conditions), some cultivars reacted
strongly (reaching BBCH30 very early) while others reacted less.
This tendency for some cultivars to reach BBCH30 very early in
warmer conditions corresponds to high plasticity, while less reactive cultivars exhibit low plasticity. Based on a dataset of 183
cultivars in 11 environments (site-year-sowing date combinations)
described in Bogard et al. (2015), we calculated plasticity using a
simple linear model (Sadras et al., 2009):
Yij =  + Gi + P × Ŷj + Pi × Ŷj + e
with Yij the phenotype of genotype i in environment j, ( + Gi )
the intercept of genotype Ŷj , the environment mean of environment
j, e the normally distributed error term, and (P + Pi ) the slope of
genotype i. The P + Pi term represents plasticity. We analysed the
effects of candidate gene markers on plasticity using segmentation
trees and analysis of variance (de Mendiburu, 2014).
3. Results
3.1. Reduced frost stress under climate change opens
opportunities for earlier stem extension
Median dates for the beginning of stem extension for each site,
time period and climate series are presented in Table 2. On average,
the beginning of stem extension would occur the 15th of March in
the near future, and on the 7th of March in the far future. These
ﬁgures should be compared to the baseline date of BBCH30 in the
recent past of 21st march. In other words, the beginning of stem
extension will naturally occur earlier than in the recent past by 6
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Table 2
Median stem extension (BBCH30) date for 10 French sites in near future (2025–2049) and far future (2075–2099) according to simulation by a modiﬁed ARCWHEAT 1 model
for a Soissons wheat cultivar sown on the 20th of October, for 4 climate series (A1B ANOMALIES, A1B TT, A1B QQ, A2 QQ), and opportunity for further advancement (number
of days) of stem extension without exceeding an occurrence of frost stress of 2 years out of 10. Additional informations on the different sites can be found in Table S1.
2025–2049
Site

A1B ANOMALIES

A1B QQ

A1B TT

A2 QQ

Mean

21

Median BBCH30
Possible further advancement

31/3
14

29/3
6.4

25/3
20.8

29/3
0.8

28/3
10.5

31

Median BBCH30
Possible further advancement

4/3
0

1/3
-5

3/3
6

4/3
-0.6

3/3
0.1

33

Median BBCH30
Possible further advancement

3/3
13

27/2
24.6

2/3
18.8

1/3
7.6

1/3
16

35

Median BBCH30
Possible further advancement

11/3
19.4

10/3
4.6

9/3
13.8

5/3
17

8/3
13.7

42

Median BBCH30
Possible further advancement

21/3
−4.2

19/3
−8.2

17/3
7.2

23/3
−7.2

20/3
−3.1

78

Median BBCH30
Possible further advancement

20/3
14.8

21/3
12.6

17/3
19

19/3
11.8

19/3
14.55

80

Median BBCH30
Possible further advancement

27/3
14

24/3
20.8

23/3
24.8

23/3
16.8

24/3
19.1

84

Median BBCH30
Possible further advancement

4/3
22.4

3/3
15.2

4/3
14.8

27/2
29

2/3
20.35

86

Median BBCH30
Possible further advancement

13/3
17

12/3
7.2

11/3
15.8

13/3
6.8

12/3
11.7

88

Median BBCH30
Possible further advancement

6/4
6.8

6/4
0

30/3
10.6

7/4
4

4/4
5.35

Mean

Median BBCH30
Possible further advancement

17/3
11.72

15/3
7.82

14/3
15.16

15/3
8.6

15/3
10.825

Median BBCH30
Possible further advancement

A1B ANOMALIES
19/3
19.8

A1B QQ
21/3
21.8

A1B TT
18/3
20

A2 QQ
14/3
9.2

Mean
18/3
17.7

31

Median BBCH30
Possible further advancement

25/2
33

25/2
9.6

26/2
13.6

21/2
20.4

24/2
19.15

33

Median BBCH30
Possible further advancement

26/2
32.6

24/2
31

24/2
47.8

24/2
36.4

24/2
36.95

35

Median BBCH30
Possible further advancement

5/3
29.6

4/3
18.6

5/3
21.8

3/3
47.2

4/3
29.3

42

Median BBCH30
Possible further advancement

11/3
−3.2

13/3
4.8

9/3
10.6

4/3
-0.8

9/3
2.85

78

Median BBCH30
Possible further advancement

13/3
19

13/3
20.8

10/3
27.6

7/3
22.6

10/3
22.5

80

Median BBCH30
Possible further advancement

16/3
25.4

15/3
28.6

15/3
37.2

11/3
20.2

14/3
27.85

84

Median BBCH30
Possible further advancement

27/2
50.2

23/2
34.4

27/2
18

23/2
44

25/2
36.65

86

Median BBCH30
Possible further advancement

9/3
21.4

5/3
13.6

5/3
45.6

2/3
41.6

5/3
30.55

88

Median BBCH30
Possible further advancement

25/3
−6

26/3
−10.2

22/3
12.4

20/3
8.6

23/3
1.2

Mean

Median BBCH30
Possible further advancement

9/3
22.18

8/3
17.3

7/3
25.46

4/3
24.94

7/3
22.47

2075–2099
Site
21

days in the near future, and by an additional 8 days in the far future.
We also observed a signiﬁcant reduction in the risk of frost stress
at the beginning of stem extension. We calculated that, on average,
stem extension could theoretically occur up to 10 days earlier in the
near future, and up to 22 days in the far future, without increasing
the occurrence of frost stress above 2 years out of 10. Consequently,
future ideotypes could target an average BBCH30 in the beginning
of March in the near future and in mid-February in the far future.
Two sites (42 and 88) were outside of this general trend and did not
exhibit reduced frost risk. Site 42 is a higher altitude site and site

88 is the most continental. Both sites are quite marginal for wheat
production.
3.2. Candidate gene allelic frequencies identify Ppd-D1–Vrn-A3
combinations undesirable for current French production
When comparing contingency tables between (a) allelic frequencies of the 405 varieties and (b) allelic frequencies of the same
varieties weighted by their occurrence in top tens of trials, we identiﬁed 20 out of 134 marker pairs for which allelic frequencies of
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Table 3
Frequency of the 4 possible haplotypes (alleles combinations) for Ppd-D1 and VrnA3 in (A) 405 French wheat varieties, (B) the same varieties weighed by their
frequency in top 10 yields in post-registration trials (i.e. ﬁtness in post-registration
trials), (C) the same varieties weighed by their cultivated area (i.e. ﬁtness in the
market).
VrnA3
Spring
Sensitive
Insensitive

Winter
0.25
0.13

0.20
0.42

(B) Weighed by occurrence in top
10 yields
PpdD1

VrnA3
Spring
Sensitive
Insensitive

Winter
0.36
0.11

0.22
0.31

(C) Weighed by
cultivated area
PpdD1

VrnA3
Spring
Sensitive
Insensitive

Winter
0.34
0.04

0.25
0.36

(A) 405 varieties
PpdD1

3.3. Plasticity of stem extension may explain why a
PpdD1–VrnA3 combination is undesirable, and is strongly
correlated to average earliness
The genotypic effect Pi on the slope was highly signiﬁcant (pvalue <10−16 ). The average slope P is equal to 0.99, not signiﬁcantly
different from the expected value 1. After excluding genotypes with
poor ﬁts, we extracted genotypic values of plasticity for 169 genotypes. Values were as expected centered around 0 (median equals
to 0.02), and within a range of −0.67 to 0.87 with ﬁrst and third
quartiles of −0.09 and 0.13, respectively. In other words, in existing French genotypes, for every 10 days of earlier stem extension
due to environmental conditions, the advancement of stem extension will be of 18, 11, 9 and 4 days for maximum, 3rd quartile, 1st
quartile, and minimum plasticity genotypes.
Segmentation tree analysis of plasticity (Pi ) revealed the two
most inﬂuential markers as being PpdD1-PromDel and Vrn-A3
(DEAP MOULON FTA 2), with 36% and 30% variable importance
respectively. Segmentation trees also identiﬁed, in descending
order of importance, the other Ppd-D1 markers, Vrn-B3 and
Ppd-A1 as having impact on plasticity. Analysis of variance of
models integrating these markers retained only PpdD1-PromDel
and VrnA3. The variation for plasticity and the effects of the four
alleles combinations on this trait are shown in Fig. 1. Despite strong
variability, it is fairly clear that the four combinations inﬂuence
plasticity in the following order of increasing plasticity: sensitive + winter < sensitive + spring < insensitive + winter < insensitive
+ spring. Tukey’s Honest Signiﬁcant Difference Tests showed that
the Insensitive + Spring combination was signiﬁcantly different
from the two combinations with the Sensitive PPD-D1 allele at
the 95% probability level. Fig. 1 also revealed a strong correlation
between plasticity of stem extension and average earliness (R2
of the regression line equal to 0.39). This shows that the earliest
genotypes are also the most responsive to warm conditions.

3.4. marker based phenology model appears suitable to identify
variation in earliness and photoperiod sensitivity without
excessive plasticity
Fig. 1. Scatterplot and regression line of genotypic plasticity (Pi ) as a function of
average earliness to stem extension (BBCH30) in days from January 1. Small size
points represent individual genotypes. 4 larger sized points represent the average
values for the 4 PpdDA-VrnA3 haplotypes (allele combinations). Error bars around
these 4 points represent 95% conﬁdence intervals.

candidate genes were signiﬁcantly modiﬁed. In comparison, the
same analysis carried out on the 109 neutral markers pairs revealed
only 3 signiﬁcant modiﬁcations of allelic frequencies. When comparing contingency tables between (a) the 405 varieties and (c)
the same varieties weighted by the surface they occupy, we identiﬁed 60 marker pairs with signiﬁcant shifts in allelic frequencies
for candidate genes. The same analysis on neutral markers revealed
13 signiﬁcant differences in allelic frequencies. Finally, 14 marker
pairs for candidate genes exhibited signiﬁcant allelic frequency
shifts in both comparisons, while none were detected for neutral
markers. Among those, we focus on one pair, speciﬁcally PpdD1PromDel (Beales et al., 2007) and VrnA3 (DEAP MOULON FTA 2;
Bonnin et al., 2008). The three contingency tables are presented
in Table 3, after excluding heterozygotes (1% for Ppd-D1, 11% for
VrnA3) for ease of presentation. For these 2 markers, one of the four
combinations, namely photoperiod insensitive and spring, exists
in 12% of the 405 varieties. This frequency dropped to 10% and
4% when accounting for ﬁtness in post-registration trials and ﬁtness in the market, respectively, thus indicating that this allelic
combination may be poorly adapted to French conditions.

3.4.1. Ecophysiological model parameters
As expected, multiple runs of parameter optimization based on
RMSEP led to different parameter combinations with very similar
RMSEP levels. For example, for cultivar Tremie, minimal RMSEP
values could be obtained with Vsat ranging from 31 to 41 days. At
the start of the procedure, chosen parameter combinations exhibited correlations (R2 ) between model parameters and measured
earliness components of 0.34, 0.06 and 0.00 for Pbase30, Vsat and
sPTV respectively. At the end, the ﬁnal chosen parameter vectors
revealed correlations (R2 ) with measured earliness components of
0.67, 0.72 and 0.07 for Pbase30, Vsat and sPTV respectively.

3.4.2. Marker based prediction of parameters
For BBCH30, four markers were retained for each of the three
model parameters, Pbase30, Vsat and sPTV, explaining 83%, 64% and
79% of their variance, respectively. For BBCH55, eight markers were
retained for model parameter Pbase55 and four markers for sPT,
along with one signiﬁcant marker–marker interaction. These two
models explained 93% and 80% of the variance for these parameters.
Analysis of variance tables for all ﬁve models are provided as Supplementary material 5. The marker PpdD1-PromDel was included
in the models for both Pbase30 and Pbase55 as the most inﬂuential marker, explaining 56% (Table S6-1) and 60% (Table S6-4) of
variance for these parameters respectively. It was not included in
models for sPT and sPTV but it did integrate the model for Vsat ,
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although it explained only 10% of variance for this parameter (Table
S6-2).
3.4.3. Model performance
Tables S7 shows that most of the variation in BBCH30 was
due to sowing date and location effects in both the calibration
and validations datasets (60–80%, respectively). The cultivar effect
explained 9% of the variation of BBCH30 in the calibration dataset
and 31% in the validation dataset (Table S7). These large environment effects were also present for BBCH55 in the calibration dataset
with approximately 80% of the variation explained by location and
sowing dates and 15% explained by cultivars (Table S7). However,
the cultivar effect was markedly higher in the validation dataset
explaining 60% of the variation (Table S7).
RMSE pusing the model with marker-based parameters on the
calibration dataset was 7.3 days and 3.5 days for BBCH30 and
BBCH55, respectively (Fig. 2A and B). RMSEP calculated on the validation dataset was 7.7 days and 4.2 days for BBCH30 and BBCH55,
respectively (Fig. 2A and B). This relatively small increase of the
RMSEP of prediction between the calibration and validation dataset
for BBCH30 and BBCH55 showed that the marker-based model
was able to capture a signiﬁcant part of the genetic effects which
were indeed higher in the validation datasets for both BBCH30 and
BBCH55 (Table S7).
We compared these results to existing cultivar speciﬁc parameterizations on a per variety basis by comparing the RMSEP obtained
with cultivar-speciﬁc parameters and RMSEP obtained with
marker-based parameters for each cultivar. Regarding BBCH30,
RMSEP of the calibration dataset using marker-based parameters
was increased by 0.6 days on average, with 30% of the cultivars showing lower RMSEP than with cultivar speciﬁc parameters
(Fig. 3A). Regarding BBCH55, RMSEP was decreased by 0.1 day on
average when using marker-based parameters, and 61% of the cultivars showed lower RMSEP when using marker-based parameters
instead of cultivar-speciﬁc parameters (Fig. 3B). In the validation
dataset, average RMSEP per cultivar was increased by 0.65 and
0.95 days for BBCH30 and BBCH55 respectively, and 32 and 29%
of the cultivars showed lower RMSEP when using marker-based
parameters, respectively (Fig. 3A and B). The higher values for
average per-cultivar RMSEP in the validation dataset are due to a
much wider variability of the RMSEP obtained using marker-based
parameters for some cultivars in the validation dataset (Fig. 3A and
B): for the most poorly predicted cultivars, RMSEP with the markerbased model was 9.32 and 8.76 days higher than RMSEP with the
existing cultivar-speciﬁc parameterization.
3.4.4. Photoperiod sensitivity is not correlated to earliness nor
plasticity when viewed quantitatively
Using the markers included in the model for Pbase30 (Table 4),
we were able to calculate this parameter for 109 of the 169 cultivars with plasticity values. These values revealed that Pbase30
exhibited no signiﬁcant correlation either with plasticity (R2 of
0.009) or with average earliness (R2 of 0.005), despite the fact that
PpdD1-PromDel is the most signiﬁcant marker associated with all
3 traits.

115

Table 4
Predicted Pbase30 values for every possible haplotypes (alleles combinations). Letters in the Table indicate allele (S, sensitive; I, insensitive to photoperiod for marker
Ppd.D1) or genotypes (A/C, A/G or G/T SNPs for markers cfn0003360, cfn0003403
and cfn0002161, respectively) of the corresponding marker.
Ppd.D1

cfn0003360

cfn0003403

cfn0002161

Pbase30

S
I
S
I
S
I
S
I
S
I
S
I
S
I
S
I

C
C
A
A
C
C
A
A
C
C
A
A
C
C
A
A

A
A
A
A
G
G
G
G
A
A
A
A
G
G
G
G

G
G
G
G
G
G
G
G
T
T
T
T
T
T
T
T

5.56
4.30
6.13
4.87
6.07
4.81
6.64
5.38
6.04
4.78
6.61
5.35
6.55
5.29
7.12
5.86

would require advancing heading dates by 5.6 and 19.1 days on
average in the near and far future, respectively. Combined, these
results deﬁne a phenology window to avoid the abiotic stresses
that constrain the positioning of the wheat growth phases (Rieu
and Gate, 1997; Sylvester-Bradley et al., 2012). The overall wheat
crop cycle would need to be shortened by ﬁve to six days in the
near future and 20 days in the far future to avoid detrimental late
season stresses, especially heat stress. In a ﬁrst approach, one could
worry that shortening the overall crop growth cycle would reduce
yield potential by decreasing the duration of radiation interception (Asseng et al., 2015). On the contrary, the phenology window
we calculated may actually contribute to increasing yield potential.
Indeed, the proposed phenology would be based on a shortened
foundation period (10 days in the near future, 20 in the far future)
and an equivalent or longer construction period (5 days in the near
future, 0 days in the far future). There is wide evidence suggesting
that a shortened foundation period has little effect on yield, and
may even have positive effects (Slafer et al., 2014; Sylvester-Bradley
et al., 2012). Moreover, increasing the duration of the stem extension period is suggested as one of the avenues for raising wheat
yield potential through increased light capture (Spink et al., 2009)
and improved partitioning to the spike (Miralles and Slafer, 2007;
Foulkes et al., 2011). We have not studied the potential to optimize
the duration of the production (i.e. grain-ﬁlling period) but it should
be noted that simulations for France have shown that despite a
shortened duration of light interception due to increased temperatures, cumulative radiation during this phase is projected to be
equivalent to current values in the future (Bancal and Gate, 2010).
Taken together, these results suggest that the future optimal phenology window could actually open a window for increased yield
potential. Moreover, Gouache et al. (2012) showed that increasing
tolerance to heat stress could completely (near future) or partially
(far future) cancel the need for earlier heading. In such a case, stem
extension periods would be even longer and yield potential would
further increase.

4. Discussion
4.1. Earlier stem extension as a possible avenue to counter
negative impacts of climate change on wheat production in France
We have shown that climate change offers the possibility to signiﬁcantly advance the date of stem extension of French wheats by
10 days in the near future and 22 days in the far future without
increased frost risk. Gouache et al. (2012) previously calculated that
avoidance of heat stress during grain ﬁlling under future climates

4.2. Current genetic construction of early stem extension in
France is unsatisfactory due to excessive plasticity
Optimizing average phenology cannot however guarantee the
systematic realization of yield potential because crop growth is
submitted to climatic variation, hence care must be taken to also
design a wheat crop that will have improved responses to environmental cues (Foulkes et al., 2011). Typically, in particularly warm
autumns and winters (2007 harvest year in France for example),
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Fig. 2. Observed versus predicted dates (in Julian days) of growth stages BBCH30 (A) and BBCH55 (B) using a gene-based parameterization of the modiﬁed ARCHWHEAT
model for the calibration and validation datasets. The equation of the regression line, the determination coefﬁcient (r2 ), the number of datapoints (N) and the root mean
square error (RMSE) of prediction are indicated. The dashed line ﬁgures the 1:1 line and the solid line ﬁgures the regression line with its conﬁdence interval in grey.

onset of stem extension has been observed as early as beginning of
January in France for the most responsive genotypes (Gate, personal
communication). This type of plasticity exposes such cultivars to
increased risks of frost stress. Our analysis of the ﬁtness of existing
genotypes in the French farming environments led us to discover
that a particular combination of photoperiod insensitivity allele
(on PpdD1) and low vernalization requirement allele (on VrnA3)
is currently undesirable in France. We have shown that these two
genes determine the responsiveness (i.e. plasticity) of stem extension to temperature, and that this combination leads to the most
responsive genotypes. We hypothesize that this particular insensitive + spring combination is undesirable to French growers because
of its excessive plasticity. Therefore, when designing an ideotype
for phenology, we propose that plasticity also needs to be addressed

as an important criterion. We also showed that in existing French
elite germplasm, earliness of stem extension and plasticity of stem
extension are correlated. Ppd-D1 explains a large part of this correlation, due to its pleiotropic effect on earliness and plasticity.
This type of correlation and pleiotropy represent a challenge both
for ideotype optimization and for breeding. In the ideotype design
phase, such genetic constraints on the parameter space must be
taken into account in the optimization process: not placing such
constraints will produce an ideal but probably unachievable genotype (Martre et al., 2015). However, quantifying such constraints
is far from obvious: it may be possible for major effect genes like
PpdD1 but may be more complex with smaller effect QTLs. From a
breeding standpoint, breaking correlations between traits is always
a challenge. In our case, there is probably enough variability around

Fig. 3. Comparison of the root mean square error of predictions (days) using the gene-based parameterization of the modiﬁed ARCWHEAT model (y-axis) and using the
crop model with cultivar speciﬁc parameters (x-axis) for BBCH30 (A) and BBCH55 (B) for each cultivar of the calibration and validation datasets. The ␦RMSE scale represents
the extent of the deviation between the RMSE of predictions obtained using marker-based parameters and the ones obtained with cultivar-speciﬁc parameters which is
considered as the reference. Abbreviations of cultivar names for cultivars with RMSE >3 are given (AND, ANDALOU; ROS, ROSARIO; CLA, CLAIRE; ALI, ALIXAN; PEP, PEPIDOR;
FRE, FRELON; RIC, RICHEPAIN; INS, INSTINCT; MAN, MANAGER; MAX, MAXYL; DIA, DIALOG; ESP, ESPERIA).
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the correlation between earliness and plasticity to expect possible
progress.
4.3. Using marker-based models of phenology could help to
identify early, low plasticity genotypes
We have developed a marker based model by directly linking
allelic variation to model parameters. This is essential because phenotypic selection for the model parameters is complex, whereas
marker assisted selection is now routinely used in many wheat
breeding programs. In our case, we focused on model parameter
Pbase30 that represents the sensitivity of cultivars to photoperiod
for the stem extension phase. We were able to view photoperiod
sensitivity in a more quantitative fashion, and we expect this can
contribute signiﬁcantly to designing early, yet stable genotypes.
Typically, in a ﬁrst approach, earliness, photoperiod sensitivity and
plasticity are all under control of PpdD1, which in all three cases
is the most explanatory marker. Taken superﬁcially, such a result
would lead to the conclusion that chances for building an early
yet stable genotype are low. However, with quantitative values of
Pbase30 obtained via the model, it seems that the rest of the genetic
variation for Pbase30 is mostly unlinked to plasticity and average
earliness, meaning the optimization space is probably quite unconstrained. The absence of correlation in existing germplasm between
Pbase30 and average earliness also indicates that manipulating
photoperiod sensitivity alone may not sufﬁce to obtain the required
future phenology. Thankfully, with a model-based approach, the
two additional components (vernalization and earliness per se) are
also accessible to improvement.
4.4. Marker-based model as a tool for breeding adapted cultivars
Establishing marker-based ecophysiological models has gained
increasing attention in recent years. Two types of approaches have
been developed: those in which model parameters are directly
measured (Reymond et al., 2003; Nakagawa et al., 2005; Quilot
et al., 2005; Yin et al., 2005; Malosetti et al., 2006; Uptmoor
et al., 2011) and those in which model parameters are ﬁtted
(Messina et al., 2006; White et al., 2008; Zheng et al., 2013;
Bogard et al., 2014). Our approach falls into the second category.
In these approaches, the issue of ﬁtting unambiguous, biologically relevant parameter values is paramount before attempting
to extract genetic associations (Bogard et al., 2014). In Bogard
et al. (2014), this issue was tackled by preferring a model with 2
marker-based parameters (photoperiod sensitivity and vernalization requirement), since integrating a 3rd marker-based parameter
(earliness per se) led to biologically less meaningful results. Likewise, in White et al. (2008) and Zheng et al. (2013), only these 2
parameters were targeted for a marker to parameter association.
Zheng et al.’s (2013) approach offered an interesting solution to
this problem by proposing a somewhat hybrid approach, with speciﬁc experiments including extreme vernalization and photoperiod
treatments allowing a direct ﬁt of major gene effects on model
parameters. This was however possible because only the effects
of major genes Vrn1 and PpdD1 were targeted in this study. In
this spirit, our study used speciﬁc experiments, initially designed to
obtain separate estimates of earliness components (Rousset et al.,
2011; Le Gouis et al., 2012), to inform the model parameterization process. We thus developed aniterative procedure to ﬁlter
parameter combinations minimizing RMSEP with these earliness
component results. This approach allowed us to obtain parameter
values with strong correlations to measured photoperiod sensitivity and vernalization requirement. It did not, however, provide
good correlations between measured earliness per se and the model
parameter sPTV or sPT. We propose that this is essentially due
to the fact that earliness per se as viewed by the model param-
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eters sPTV or sPT, or parameters such as TTFI,FL in Zheng et al.
(2013) or TTemhe in Bogard et al. (2014), do not represent the same
biological phenomenon as earliness per se in the earliness components experiments. In the former, the model parameter represents
a target thermal time accounting for the full range of photoperiod and vernalization effects, while in the latter, the measured
earliness per se represents thermal time in conditions that have
cancelled the effects of vernalization and photoperiod. Despite
the use of an external dataset to force parameter values toward
biological relevance, Ppd-D1 appeared as a marker signiﬁcantly
inﬂuencing the vernalization parameter Vsat . It should be noted
that in Le Gouis et al.’s (2012) association genetics analysis of
these earliness components, many common markers were found
between photoperiod sensitivity and vernalization requirement.
In particular associations to vernalization requirement colocalized
with PpdD1, indicating that these experimental protocols may not
completely have succeeded in separating out the two types of
effects. An improvement on our approach might be to use more
realistic ﬁeld experiments, as in Zheng et al. (2013), to obtain
data allowing a more direct ﬁt of vernalization requirement and
photoperiod sensitivity. Indeed, data for the aptitude to spring
sowing is not completely correlated to the vernalization requirement measurement for some extreme varieties (data not shown),
and could perhaps represent an easy to use source of data that
would need to be complemented with photoperiod modiﬁcation
experiments as in Zheng et al. (2013). Ultimately, avoiding the “statistical shoehorn” that this iterative procedure represents would
be more satisfactory but obtaining a dataset like that of Zheng
et al. (2013) is quite complex in western European conditions
where a spring (unvernalized) treatment is hard to combine with
reduced photoperiod. Obtaining this type of dataset would require
experimenting the varieties in lower latitudes, naturally providing
shorter photoperiods, that can then be extended experimentally.
The main difﬁculty would be identifying a site with a relatively
similar autumn and winter temperature regime to Western European conditions however. Ultimately, the biological relevance of
the approach could be improved by integrating known gene interactions as gene networks, as proposed by Brown et al. (2013). To
date however, this type of modeling has yet to be implemented on
wider genetic variability.
To date, reports on marker-based models of wheat phenology have all focused on heading date (White et al., 2008; Zheng
et al., 2013; Bogard et al., 2014). However, most phenology models
explicitly account for the separation of pre-anthesis wheat phenology into a certain number of phases. Our work is, to the best
of our knowledge, the ﬁrst that attempted a marker-based prediction model on different sub-phases of the pre-anthesis period. The
study may be limited in its physiological relevance since BBCH30
is not purely a developmental stage, unlike the double ridge stage
that is modeled in the initial formulation of the model by Weir
et al. (1984). However, modeling of BBCH30 using the same type
of model has proven feasible in France for over 20 years (Gate
et al., 1995; Brisson et al., 2002; Gouache et al., 2012; Bogard
et al., 2015). BBCH30 is easier to observe, opening access to much
larger datasets. Borràs-Gelonch et al. (2012) also showed that there
are strong and environmentally robust correlations between apex
stages and stem extension, making it a useful surrogate to begin
deciphering the genetics of subphases of stem extension. Finally,
and most importantly, it is of agronomic relevance in France for
planning management (Gate, 1995; Brisson et al., 2002) and for
positioning the crop cycle relatively to frost stresses (Gate and Rieu,
1997; Bancal and Gate, 2010). Having explicitly separated these
two phases in the marker-based model now opens the possibility
to speciﬁcally tackle the adaptation measure we propose, i.e. differentially modifying the foundation and construction growth periods
so as to optimize yield potential in response to climate change.
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Using a model to inform decision making requires that its predictive ability be well characterized. The RMSEP of our model
(four days) is comparable to values published for other similar
approaches for ﬂowering time, that report values of 10 days (White
et al., 2008; worldwide trials sites), six days (Bogard et al., 2014;
French trial network), and four days (Zheng et al., 2014, Australia;
Bogard et al., 2015; France). Prediction of BBCH30 exhibits RMSEP of
roughly twice that of BBCH55. It should be remembered that, under
French temperature regimes, average temperatures at the time of
heading are roughly twice those at the time of stem extension. Consequently, brought back to temperature sums, RMSEP values for
the two growth stages are actually quite similar. The RMSEP of the
model we propose is, for both growth stages, slightly inferior to the
magnitude of the change in phenology proposed for the near future,
and inferior for the far future. In consequence, the model appears
to have sufﬁcient precision to serve as a decision support tool to
aid in constructing genotypes that will reach these targets. However, especially for the far future, growing conditions may prove to
be different from those experienced by the trials used to calibrate
the model. It will be paramount to maintain and monitor the predictive ability of this and other models serving to aid in ideotype
design as climate change continues. Experiments like the Hot Serial
Cereal Experiment (Ottman et al., 2012) could help to experimentally evaluate our proposed ideotypes if winter cultivars could be
included in these experiments.

4.5. Models for ideotype conception: necessary, but not sufﬁcient
Crop growth models, especially when driven by genotype
speciﬁc parameters, provide extremely powerful tools to design
ideotypes. In the face of climate change, using such tools is particularly attractive to anticipate required changes in future genotypes,
knowing that plant breeding requires 5–10 years to produce a
new genotype (Semenov and Halford, 2009; Harrison et al., 2014;
Rötter et al., 2015). However, modeling alone may not be sufﬁcient to provide insightful results for ideotype design. Indeed,
models will provide optimizations only based on the knowledge
they are provided with, i.e. based on the mechanisms they simulate and the targets they are asked to optimize. Although ultimately
the target trait can be reduced to yield, it is of great interest to
make use of complementary data sets, empirical knowledge and
expert insights to deﬁne intermediate target traits for ideotype
optimization. Typically, until recently, the adverse effects of heat
stress during grain set and grain ﬁll were unaccounted for in the
models used for climate change impact assessment and adaptation (Gouache et al., 2012; Semenov et al., 2014; Stratonovitch and
Semenov, 2015; Asseng et al., 2015). Ideotypes obtained once this
factor has been accounted for may prove substantially different
from those obtained without it. In our study, using datasets describing the ﬁtness of varieties on the French market, we uncovered
a strong indication that excessive plasticity of stem extension is
undesirable. Thus, this should be an important target when designing early ideotypes. With this new target in mind, we propose that
models used to optimize ideotype phenology should also be tested
on their ability to reproduce not only observed growth stages but
also different plasticity for different genotypes. Theoretically, one
can expect that varying the genotypic parameters for the three
earliness components should produce variable plasticity between
genotypes. This emergent property should however be veriﬁed as
a prerequisite in future ideotype design work on wheat. Likewise,
wheat models used in ideotype design should be veriﬁed for their
ability to reproduce the trend for positive effects of shortened foundation period and lengthened construction period (Slafer et al.,
2014; Sylvester-Bradley et al., 2012; Spink et al., 2009; Miralles
and Slafer, 2007; Foulkes et al., 2011), since a body of empirical

evidence suggests this may be a key avenue to future increases in
winter wheat yields.
4.6. The ﬁnal step: building real genotypes from ideotypes
Building genotypes that follow the proposed speciﬁcations
of our ideotype, i.e. earlier heading built via shortened foundation period and lengthened construction period, requires existing
genetic variability. Such variability exists in the set of elite French
germplasm we studied as it does in spring wheats (Borràs-Gelonch
et al., 2012). Using models, targets for earliness components
could be set but without the ability to evaluate large amounts of
germplasm for these criteria, the ideotypes would remain largely
theoretical. Obtaining information on earliness components and
plasticity requires speciﬁc, numerous, and expensive experiments,
justifying interest in linking these parameters directly to allelic
variations, opening the door to marker assisted selection. In this
study, we purposely chose to attempt a genome-wide approach to
linking molecular marker variations to our parameters despite an
extremely small set of varieties in our calibration dataset. Indeed,
our results show that a narrow focus on major genes would not
have provided a full view of the quantitative variations that could
break the correlation between earliness and plasticity. Despite this
very small number of cultivars in our calibration set, the predictive ability of our model proved to be within the range of similar
approaches. Although it is clear that our approach would beneﬁt
from obtaining a wider dataset for a proper genome-wide scan of
markers associated to model parameters, its results are encouraging. A certain number of markers we have identiﬁed colocalize with
existing genomic regions previously identiﬁed in meta-QTL or association genetics studies. For example cfn0003360, the marker with
the second largest effect on Pbase30 after PpdD1 coincides with
the meta-QTL from Grifﬁths et al. (2009), that was also detected
by Le Gouis et al. (2012) as inﬂuencing photoperiod sensitivity.
cfn0001979 and cfn0003643, the largest effect markers for Vsat
and sPTV, also colocalize with a 3B and 2B meta-QTLs from Grifﬁths
et al. (2009) that Le Gouis et al. (2012) detected as having an effect
on vernalization requirement and earliness per se, respectively.
As with any model, caution should be taken to apply it in the
range of situations it was developed in. For a model designed to
assist breeding, it should thus be applied within the genotypic range
it was developed in, i.e. elite French (possibly western European)
germplasm. Indeed, French material presents almost exclusively
winter alleles on the different Vrn1 homeologues (Rousset et al.,
2011; Le Gouis et al., 2012; Bogard et al., 2015), and, as a consequence, the effects of this well-known major gene are not at all
integrated into our model. Given the phenology windows set out
for the near future and the existing variability in the French elite
germplasm we studied, our approach may prove sufﬁcient to identify allelic combinations that need to be built via targeted crossing
and marker assisted selection. For the far future however, the target
phenology appears outside the existing range available in French
elite germplasm. In this case, the use of wider variations available
in more exotic germplasm will be important. Exploiting this wider
variability will be facilitated if the exotic alleles can be evaluated via
simulation. The characterization of material from the INRA core collection representing worldwide diversity with a similar approach
by Bogard et al. (2014) is an encouraging step in this direction. Flowering pathways in model plants and cereals are now increasingly
well described (Higgins et al., 2010) and are contributing to the
discovery of an increasing number of allelic variations at candidate
genes (Nitcher et al., 2014; Gawroński et al., 2014; Zikhali et al.,
2014). Near Isogenic Lines developed to ﬁne map and evaluate the
effects of these genes are also a valuable resource. Such material
could be used in conjunction with gene based models to quantify
the effects of these particular allelic variations on model parame-
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ters, thus allowing their value in breeding for phenology targets to
be assessed.
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Appendix A. Supplementary data
Supplementary data associated with this article can be found, in
the online version, at http://dx.doi.org/10.1016/j.fcr.2015.12.012.

5. Conclusion
References
Using crop models as tools to deﬁne ideotypes for breeding is
particularly attractive in the current context of climate change and
unprecedented computational power. However, these approaches
have yet to be widely adopted in commercial breeding programs.
Our study, focused on designing ideotypes for wheat phenology in
France, has attempted to show some avenues for future progress in
the implementation of ideotype breeding. We propose that, in addition to modelling exercises, ideotype targets need to be deﬁned by
making wide use of available expertise, empirical crop physiology
results, and available data on the factors involved in success or failure of existing varieties. In our case, using market data for French
cultivated varieties, we identiﬁed plasticity of stem extension as a
major challenge to developing an early ideotype. We also propose
that models should be validated for their ability to reproduce certain key emerging properties, especially when such properties are
thought to be important in designing successful varieties. Plasticity of stem extension and yield effects of shifting the durations of
foundation and construction periods are proposed as key emergent
properties for French conditions. Finally, linking models to allelic
variation is the current important frontier to permit breeders to create ideotypes, as the traits optimized by crop models are sometimes
“hidden”, and often complex to measure and breed for (Hammer
et al., 2005; van Eeuwijk et al., 2010; Semenov and Halford, 2009;
Martre et al., 2015). For earliness in France, gene/marker-based
models appear as potentially relevant tools to do so. We did show
that progress still needs to be made to obtain biologically relevant
parameters when these are ﬁtted and cannot be directly measured.
We also suggest that, to be fully relevant, marker-based modelling
needs to go beyond major gene effects. In our case of phenology
ideotypes for French wheats, taking a genome wide, quantitative
view will be necessary to break the correlation between earliness
and plasticity and develop early, yet stable genotypes for stem
extension. Finally, the scope of our results for phenology are obviously limited to the context of the French environment, both in
terms of climate type and genotypic variability. Given that French
environments span Mediterranean, oceanic, and semi-continental
climates of Europe (Gouache et al., 2012), some results could be
quickly transposable to other European winter wheat growing contexts. The general approach of gene/marker-based modeling for
ideotype design is however much more widely applicable (White
et al., 2008; Zheng et al., 2013).
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