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Predicting annual crop yields is of interest for many agricultural applications. We present a prediction
scheme at the departmental level, circa 100 km by 100 km, of winter wheat yields in France, applied for 23
departments, using official yield statistics from 1986 to 2010. Each model is a linear combination of 5-7
variables, selected from an initial pool of over 250 candidates. Candidate variables were generated using a
phenological model and a crop water balance model, applied to a representative cropping situation for the
department. Variable selection was carried out with forward stepwise regression methods. The variable
Keywords: . . . .
Wheat selection process was cross-validated, so as to select robust variables. Model prediction performance
Yield was also evaluated by cross-validation. Satisfactory models were created for 20 departments, with root

Model mean square error of prediction ranging from 0.25 t/ha to 0.39 t/ha. During use, whole season weather
Cross-validation data is not available: this is complemented by frequential calculation over the past 20 years of historical
Prediction weather data. We assessed the impact of time of prediction on model error by hindcasting yields for all

Agrometeorology 25 years of the dataset. We estimate that predictions can start 20 days after heading on average. We
analysed predictive performance in an independent dataset and propose recommendations for use of

these models outside their training dataset. The models give new insight as to the climatic factors that

are key in determining yield in France.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

One of the main objectives of agrometeorological studies is
to estimate crop production as a function of weather, soil and
crop management parameters (Hoogenboom, 2000). Such studies
have applications spanning very large temporal and spatial scales,
from within-season adjustment of crop management practices to
national and international forecasting of crop yields for political
and economical stakeholders in famine early warning systems or
commodity trading, from evaluation of strategic evolutions of crop
management at the grower’s scale to assessments of climate change
impacts (Hoogenboom, 2000; Gommes et al.,2010). Predicting crop
yields at international, national or sub-national levels has received
attention from researchers for many years, especially for impor-
tant staple crops, such as wheat (Hill et al., 1979; Feyerherm and
Paulsen, 1981; Walker, 1989; Travaso, 1990; Hébel et al., 1993;

Abbreviations: RMSE, root mean square error; RMSEP, root mean square error
of prediction.
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Supit, 1997; Landau et al., 2000; Qian et al., 2009; Gobin 2010;
de Wit et al., 2010). Although different approaches have been
mobilized to develop crop yield prediction schemes, these can be
broadly categorized into two approaches: regression models and
process-based models. The first family attempts to link synthetic
weather variables calculated over all or part of the growing sea-
son to regional yield variations, whereas the second makes use of
crop simulation models that describe crop-soil-climate interac-
tions with interwoven equations representing the response of crop
functions to weather. Despite regular controversy between the two
methods (Landau et al., 1998, 1999; Jamieson et al., 1999; Semenov
and Shewry, 2011), both types of approaches have shown useful
and convincing results. Common across both types of approaches
are the difficulties in choosing relevant scale, as yields at aggregated
scales depend on yields obtained across a wide variety of fields
differing in soil properties, local weather, and crop management
(Bakker et al., 2005; Challinor et al., 2003). Background tendencies
for yield increases, or decreases, through improved management
and cultivars, or reduced investments, respectively, also need to
be accounted for, and this is mostly accomplished by detrend-
ing observed yields, although the choice of the trend model in
and of itself is not straightforward (Supit, 1997; Lobell and Field,
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Fig. 1. Numbers of French departments for which winter wheat (in black: bread
wheat; in grey: durum wheat) yield prediction models were established and tested.

2007; Peltonen-Sainio et al., 2010). Recently, hybrid approaches
have been developed where synthetic agrometeorological vari-
ables, including crop water balance indices, are calculated over
relevant simulated phenological periods (Landau et al., 2000; Qian
et al., 2009).

In the work presented here, we aim at developing a tool for
regional prediction of winter wheat yields in different French
regions, directly tailored to the needs and operational environment
of the applied agricultural research and development institute
Arvalis so as to maximise its effectiveness for the institute (Walker,
1989): best possible predictive ability, lead-time, simplicity of use
and simplicity of communication. These constraints included read-
ability of model results for dissemination purposes and ease in
obtaining soil, weather and crop characteristics for calculations.
These constraints lead to the use of a hybrid approach, constructing
multiple regression models based on agrometeorological indicators
calculated over phenological phases. Model performance based on
root mean square error (RMSE) and root mean square error of pre-
diction (RMSEP) assessed by cross-validation was measured so as to
evaluate potential usefulness of the models. Lead-time for predic-
tion was also assessed, as this is an important factor in determining
the operational uses of the system (Hansen, 2002; Bannayan et al.,
2003; Lawless and Semenov, 2005). The resulting models were
also tested during four subsequent years (2011-2014), and this
highlighted the need to provide tools to end-users that indicate
if, and how far, outside of its range the model is being used. Results
are discussed in terms of model performance, interpretation, and
potential uses.

2. Materials and methods
2.1. Yield data

Winter wheat yield and cultivated areas used are the survey
data collected by the French Ministry of Agriculture (AGRESTE:
http://agreste.agriculture.gouv.fr) for harvest years 1986-2010.
Data was obtained for 22 French departments (Fig. 1). Departments
studied are mostly regrouped in the main bread wheat (Triticum
aestivum) production area of the northern half of France, and cover
43% of its total bread wheat growing area. The last 4 departments
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Fig. 2. Two types of trends potentially included in yield prediction models, example
of department 10.

correspond to durum wheat (Triticum durum) growing areas. Culti-
vated area was not used in the analyses, but was used to verify that
trends in yield could not be explained by trends in increased culti-
vated area, that would imply that less fertile soils have recently
been mobilized for wheat cultivation: no obvious link was ever
found between the two. Cultivated area was also used to aggregate
departmental yields to higher scales.

2.2. Agrometeorological variables and other predictors

Over 250 potential explanatory variables were calculated for
each department and year. Two variables were included to account
for technological trends in wheat yields. One is harvest year
(HY). This variable creates a positive linear trend. The second
trend variable is harvest year above breakpoint (HYB), calculated
as max(0,HY-threshold). If integrated in the model, this variable
allows for a bilinear trend (Fig. 2). Indeed, Brisson et al. (2010) have
shown that yield trends in France have shown a significant lev-
elling off since the mid 1990s. We used the method proposed in
Brisson et al. (2010) to calculate the value of ‘threshold’ for each
department, as the year for which the most significant levelling off
of yields appears.

All other variables included in the analyses are agrometeorolog-
ical variables reported to influence wheat growth in France (Gate,
1995; Lecomte, 2005), and worldwide (Landau et al., 2000; Qian
et al,, 2009; Gobin 2010; Peltonen-Sainio et al., 2010; Bouffier,
2014). These include: heat stress (Gate et al., 2010), drought stress,
waterlogging, excess rain leading to poor disease control, freez-
ing, and balance of climatic offer, such as photothermal quotient
(Fischer, 1985). Given the number of studies and the breadth
of agrometeorogical conditions in wheat growing environments,
there is no unique set of variables to represent the totality of envi-
ronmental factors affecting wheat production. We thus devised
our set of variables based essentially on reported factors affect-
ing French wheat yields (Gate, 1995; Lecomte, 2005), and so
as to cover all phonological phases, from sowing until harvest.
Variables were calculated as means, sums or number of days
above or below thresholds for given phenological phases of wheat
growth. The complete list of variables is available in Supplementary
material S1. The phenological model used for calculations is a mod-
ified version of the AFRC-Wheat1 model (Weir et al., 1984; Gate,
1995; Gouache et al., 2012; see the third reference for a detailed
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Table 1
Description of representative situations used to calculate agrometeorological variables for yield prediction models.

Department Weather station Longitude Latitude Soil water reserve (mm) Sowing date Variety
14 L'oudon -0.01 48.99 120 20/10 Vivant
61 Alencon 0.10 48.43 100 1/11 Vivant
50 St. Hilaire Du Harcouet -1.10 48.57 150 20/10 Vivant
72 Le Mans 0.20 47.95 150 20/10 Vivant
27 Breteuil Sur Iton 0.92 48.84 160 5/10 Bermude
76 Neuville Les Dieppe 1.10 49.94 190 20/10 Bermude

2 Saint Quentin 3.20 49.82 180 15/10 Bermude
60 Beauvais-Tille 2.12 49.46 180 15/10 Bermude
80 Oisemont 1.77 49.96 150 14/10 Bermude
59 Lille-Lesquin 3.10 50.58 180 15/10 Bermude
10 Troyes—Barberey-St.-Sulpice 4.02 48.33 180 10/10 Apache
51 Fagnieres 4.42 48.95 180 25/9 Caphorn
52 Chaumont Ville 5.15 48.10 80 25/9 Caphorn
18 Bourges 2.37 47.07 100 15/10 Apache
36 Chateauroux-Deols 1.72 46.86 100 15/10 Soissons
28 Chartres-Champhol 1.52 48.47 150 15/10 Premio
37 Tours-Parcay-Meslay 0.75 47.44 180 10/10 Premio
41 Orleans-Bricy 1.78 47.98 120 15/10 Altigo
45 Orleans-Bricy 1.78 47.98 120 15/10 Altigo

4 Greoux 5.86 43.75 150 18/10 Claudio
13 Marignane-Marseille 5.23 43.44 150 25/10 Pescadou
83 Le Luc En Provence 6.38 43.38 150 25/10 Pescadou
84 Orange 4.85 4414 150 25/10 Pescadou

description). The crop water balance model used to calculate
drought stress and waterlogging indices (see Supplementary mate-
rial S1 for details) is that presented by Choisnel (1985),and based on
exactly the same principles as the reference water balance model
described in Allen et al. (1998), parametrized with specific crop
coefficients that vary with phenological stages.

These calculations imply that representative situations for each
department are defined. For a given department, one to three rep-
resentative situations were identified by the Arvalis regional wheat
crop expert. A representative situation is defined by a weather
station, a maximum soil water reserve, a sowing date, and a
cultivar earliness. For departments where more than one repre-
sentative situations were identified, this was narrowed down to
one based on performance of the first set of models established
(phase 1, see below and Fig 2). Characteristics of representative
situations are presented in Table 1: the majority belong to the
MétéoFrance national weather service, with stations for depart-
ments 04 and 51 belonging to Arvalis and INRA-AgroClim networks,
respectively. It should be noted that the choice of weather sta-
tions was constrained by the need for a continuous 25 year
weather series and for each station to provide real time daily
updates to be usable in an operational setting. No such weather
station could be identified in the available Arvalis database in
department 62. In department 27, the 2nd criterion was not
met. The weather stations provide daily measurements of mini-
mum and maximum temperature, rainfall, radiation, and reference
evapotranspiration.

2.3. Variable selection

The overall workflow of the modelling work is presented in
Fig. 3. In phase 1, starting with the initial set of variables, a forward
step-wise selection procedure, based on ordinary least squares,
implemented in Delphi, allowed for sets of candidate models to be
established. The objective of this phase was solely to identify a set of
circa 20 variables that seemed to be the most promising candidates
for a systematic evaluation in phase 2. This required the imple-
mentation of multiple forward stepwise selection procedures. This
was done as follows: after carrying out a first forward selection,
we analysed the coefficients of the variables in the model. When
the sign of the coefficient was inconsistent with known effects in

wheat (for example, a positive effect of waterlogging stress on yield
is deemed inconsistent), a new instance of forward selection was
implemented, after eliminating the inconsistent variable. This was
repeated multiple times, until the models obtained displayed RMSE
values that increased. This phase led to a number of candidate mod-
els, generally comprising 4-8 explanatory variables. This allowed
for the initial 250 variables, covering the breadth of wheat pheno-
logical stages and possible agroclimatic parameters, to be narrowed
down to approximately 20 variables per department (Supplemen-
tary material S2). The second phase then consisted in selecting a
final model, based on the robustness of the variable selection proce-
dure, as evaluated by the approach proposed in the MMIX package
of R (Morfin and Makowski, 2009; Prost et al., 2008; Casagrande
et al., 2009). Briefly, this consisted in bootstrapping and/or cross-
validating the stepwise procedure. The bootstrapping procedure
consisted in generating 500 random samples with replacement
from the original dataset. The cross-validation approach consists
in generating 25 samples from the data, removing each year one
by one, i.e. leave-one-out cross-validation. Respectively, 500 and
25 models are obtained. For each variable included in this step,
their frequency of selection in the models, and the distribution of
their coefficients, can be calculated. Variables with the highest fre-
quency of selection, with coefficients presenting a stable sign and a
small spread, were considered most robust. No systematic thresh-
old was applied in this phase, but generally, variables chosen for
the final models were selected through the stepwise procedures at
over 90% frequency, and had consistent positive or negative coef-
ficients in circa 90% of situations. For departments 14, 50, 61, 37,
and 72, both bootstrapping and cross-validation were carried out.
As results were very similar (data not shown), only cross-validation
was used for other departments.

2.4. Model evaluation: cross-validation

Once the final model had been chosen, a second leave-one-
out cross-validation was applied to evaluate predictive ability of
the models by calculation of RMSEP (Wallach and Goffinet, 1987).
Briefly, this consisted in iteratively excluding each year from the
dataset, refitting model coefficients (without any more variable
selection), and predicting the year that was excluded.
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Fig. 3. Workflow of the modelling work.

2.5. Model evaluation: new data

Yield data from harvest years 2011-2014 was used to provide
a second estimation of RMSEP. To analyse further, the prediction
errors in these years that had not been used in the modelling
process, we compared the distribution of the explanatory vari-
ables in the dataset used to fit the models to the values taken
in the new dataset. To do so, for each department, we compared
the range of explanatory variables in the new data set to that in
the training data set. We also carried out, for each department,
principal component analysis (PCA) on the explanatory variables
with years as individuals, in the training dataset, and projected
the years of the new dataset in this space. We then calculated the
distance between the 4 new years and each year of the training
dataset.

2.6. Hindcasts and model lead time

All models created here were established on observed weather
data. However, in an operational context, observed weather data
for the whole of the crop growing cycle is unavailable. Despite
this, users of the predictions may want to obtain data from the
model before all weather is observed. The method used to do so
consists in completing the observed weather series with each of
the observed weather series from the previous 20 years. Thus, the
model proposes a distribution of future wheat yield, integrating
both observed weather up to the date of prediction and historical
weather data: the model prediction is the median of this distri-
bution. We evaluated operational prediction capability by carrying
out hindcasts (Challinor et al., 2005). We simulated situations in
which observed weather data is absent, and prediction is car-
ried out using the approach presented above. For each year and

department, we simulated an absence of observed weather start-
ing at heading date of the representative situation, then heading
date +10 days, and so forth until heading date + 60 days. We were
thus able to calculate RMSE as a function of prediction date for each
department. This RMSE was compared to 2 naive predictors: the
mean department yield or use of a prediction based on a positive
yearly trend.

2.7. Other modelling strategies tested

For departments 14, 50, 61, 37, and 72, predictive ability of
models obtained from stepwise selection were compared to model
mixing approaches (Morfin and Makowski, 2009; Prost et al.,
2008; Casagrande et al., 2009). Briefly, this consists of fitting every
possible additive multiple regression model from the candidate
variables. A prediction is then provided by each model. Finally,
these predictions are averaged into one value, using different
weighing criteria, for exemple Aikaike Information Criteria, of each
model.

For these same departments, we also tested fitting a model to
more than one department at a time. This consisted in grouping
the 5 departments into 2 groups for which yields exhibited a very
strong linear correlation with a slope not significantly different
from 1: 14, 50 and 61 on one side, and 37 and 72 on the other.
Explanatory variables remained calculated specifically for each
department, but the variable selection and model fitting procedure
was carried out on the grouped dataset. An additive departmental
effect was included.

In department 02, a model was also created for a different repre-
sentative situation (sowing date 10/11), given the fact that roughly
30% of cultivated wheat area is sown late, following late-harvest
preceding crops such as sugar beet and potato.
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Table 2

Predictive ability (root mean square error, RMSE, and root mean square error of
prediction, obtained from cross-validation, RMSEP, both indt/ha) of the selected
departmental models.

Department RMSE RMSEP
14 2.37 3.26
61 2.33 3.37
50 2.83 3.86
72 2.56 3.42

2 1.88 2.81
60 2.52 3.47
80 213 2.87
59 2.12 3.15
10 3.07 4.09
51 2.52 3.94
52 1.89 2.65
18 2.39 3.34
36 1.89 248
28 2.83 3.7
37 2.36 3.12
41 2.70 3.34
45 1.70 2.7

4 1.85 243
13 2.24 3.29
84 2.65 3.55

3. Results

3.1. Model performance: RMSE and RMSEP

RMSEP of models ranged from 2.5 to 4.1dt/ha (Table 2). This
should be compared with mean bread wheat yields ranging from
60 to 80dt/ha, mean durum wheat yields of 30-35dt/ha, and
observed range (maximum to minimum) of these yields spanning
20-40dt/ha. Without a model, predicting yield based on average
yield of the past 25 years would provide RMSEP values that are
generally twice as high. RMSEP was generally 1 dt/ha above RMSE,
indicating that models are not overfitted to the data.

No models are presented for 3 departments: 27, 76, 83. For
department 27, this is due to the absence of a weather station with
25 years data and real time availability of data. In department 83,
durum wheat growing areas are small, and closely located to those
in department 84. Model results from the latter were judged to be
sufficient to represent yield for both departments. Models created
for department 76 were not judged satisfactory. The best model
for this department obtained an RMSEP of 4 dt/ha, not above the
highest values for the other departments, but, more importantly,
displayed individual years with errors reaching 0.8 dt/ha, which
was judged too high.

3.2. Model description: selected predictor variables

Almost all departments include a positive technological trend
variable, with the exception of 13. Wheat cropping in this depart-
ment is very particular, as it is carried out in rotations with flooded
rice in the Camargue delta. Cultivated area and grower investment
into their wheat crops in this sector are highly dependant on the
relative economical opportunity presented by each crop, varying
strongly year to year without any obvious trend. In 9 of 21 depart-
ments, a second, negative trend was also included in the model,
more or less counterbalancing the technological trend (Fig. 2).

The significance and importance of the agrometeorological vari-
ables included in the model are presented in Table 3. In all but 4
departments, excess temperature during grain filling was selected
as a variable influencing yields negatively. In these departments,
heat stress during grain filling explained from 4 to over 30% of
variance in yields, with an average of 13.6%. In all the northwest-
ern, departments studied, excess rainfall during grain filling was

also included in the models, explaining an average of 15.7% of
variance in yields. Other key effects on winter wheat yields identi-
fied are winter waterlogging, and growing conditions during stem
extension. Winter waterlogging appeared significantly in all but 6
departments, in which it explained an average of 17.5% of variance
in yields. Departments in which this factor explained the highest
proportions of variance in yields correspond to those in which soil
types susceptible to waterlogging occupy a significant proportion of
cultivated wheat areas. This limiting factor also appears strongly in
the Mediterranean departments studied, where heavy autumn and
winter rains are typical. Favourable growth conditions during stem
extension appeared through three types of variables, representing
excess temperatures, crop water balance, or ratio of radiation to
temperature. Crop water balance during stem extension appeared
in all but 6 departments, explaining a proportion of variance rang-
ing from 1% to 35%. Crop water balance plays a less important role in
departments on the northwest oceanic border, and becomes a more
important predictor of yields in more continental and southern
departments.

3.3. Model performance: hindcasts

Fig. 4 represents average prediction error (RMSE) as a function
of the time of prediction, expressed in days from heading. In many
departments, there is an appreciable decrease in error between 20
and 30 days after heading. RMSE values can be compared to the 2
naive predictors of yield: average department yield or use of a linear
trend: on average across departments, these naive RMSE values are
6.7 dt/ha and 5.9 dt/ha, respectively. Most importantly, the RMSE
value with the model is always inferior to the naive predictor (see
Supplementary material S3), even at heading. This implies that the
model provides a substantial reduction in uncertainty of regional
yield rapidly after heading. Departments from the Centre region
are those for which prediction is most skillfull at heading. This is
obviously linked to a much stronger weight of variables determined
earlier on in the crop growing cycle in those models.

3.4. Model performance: comparison with a model-mixing
approach

Table 4 presents predictions obtained through stepwise selec-
tion to those obtained from model mixing approaches, both
according to Akaike Information Criterion (see Morfin and
Makowski, 2009). Model mixing approaches provided less robust
predictions, yielding RMSEPs 1.6dt/ha to 2.3dt/ha above those
from stepwise selection. Results obtained using the other stepwise
and model mixing approaches available in the MMIX package lead
to equivalent conclusions.

3.5. Model performance: 2011-2014

We tested the model in harvest years 2011-2014. These 4 years
were not involved in the model development process. Error levels
in these 4 years proved to be much higher than those observed in
the leave-one-out cross-validation. Indeed, RMSEP in this data set
were, for years 2011-2014: 6.4, 11.7, 7.4, 9.2 dt/ha, respectively.
The distribution in these errors is presented Fig. 5. The overall dis-
tribution of absolute errors shows a median value of 5.8 dt/ha, a
third quartile value of 9.3 dt/ha, and an extreme value of 24.3 dt/ha.
This median value remains acceptable, but is nonetheless close to
double the value obtained through leave-one-out cross-validation.
Most importantly, a significant proportion of situations displayed
extreme errors, above 9 dt/ha. These extreme prediction errors dis-
played some important characteristics. First of all, year 2012 errors
were skewed towards negative values, i.e. overprediction. More-
over, among the 27 cases with extreme errors (over 9 dt/ha), 10 of



Table 3
Signification, sign of effect on yield, and weight (percentage of variance explained) of different explanatory variables on departmental yields. Columns with more than one value indicate that more than one explanatory variable
of the considered type is included in the model.

Department Variables

Harvest year  Year above Cumulative Winter Excess Favorable crop Favorable Excess rain Excess Excess rain Favorable crop Favorable crop Favorable
threshold temperature  waterlogging temperature  water balance radiation/ during stem temperature  during grain water balance water balance radiation/
tillering during stem stem extension temperature  extension during grain  filling grain filling stem extension temperature
extension ratio stem filling & grain filling  ratio grain
extension filling
Effect on yield
+ - + — — + + — — — + + +
Weight in selected models (% variance explained)
14 26 17 6,6 19 22;5
61 27 17 4 9;4 38
50 40 27 4 8 22
72 48 12 9 7;2 22
2 24 9 19 6 21 19 2
60 36 16 3 22 9 14
80 34 15 1 10 14 27
59 17 26 20 8 26
10 33 28 33 6;5 5
51 8 22 32 18;7 14
52 17 27 19 21 10
18 24 14 16 3 31 12
36 50 29 7 10 3 2
28 24 3 6 26 19 23
37 44 16 16 14 4
41 41 13 19 19;3 5
45 13 16 35 18 15;4
4 34 8 3 29 26
13 25 29 2 9 28;6
84 12 20 19 29 15;6
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Fig. 4. Evolution of root mean square error (RMSE, in dt/ha) of predictions as a function of time of prediction (in number of days from heading) for all departments.

these correspond to 2012. Harvest year 2012 was characterized by
very intense frost episodes that led to significant destructions in
a great deal of fields across central, northern and eastern France
(Deudon and Deswarte, 2012; Deswarte et al., 2012). This led to
overturning of significant proportions of fields, that were re-sown
to wheat, and/or abandonment of wheat fields. In these cases, the
model is clearly out of its range of use. A second pattern is that
certain departments were not affected by extreme errors. Depart-
ments 04, 37, and 59 had RMSE across these 4 years that was similar
to that observed in cross-validation. Departments 50, 61 and 84
had RMSE levels in 2011-2014 not exceeding 6 dt/ha. Finally, we
examined the distribution of all the individual climatic variables in
2011-2014, as compared to that observed in the training dataset.
We noted that in 55% of the cases with extreme errors, at least one
of the climatic variables in the model was outside of the range it
had taken in the training data. We also compared the distribution of
climate variables in 2011-2014 compared to the training set from a
multivariate standpoint, by calculating the average of the distance
of each year to all the years in the training set. Here, we noted an
overall correlation between distance and absolute error and dis-
tance of 0.22. However, taken on a year by year basis, we observed
correlation 0f 0.68, 0.32,0.31, and 0.61 for 2011-2014, respectively

(Fig. 5).

Table 4

Comparison of predictive performance (root mean square error of prediction,
RMSEP, in dt/ha) of models obtained using stepwise selection of variables or model
mixing approaches.

Department Stepwise Model mixing
14 3.09 4.73
61 3.72 6.03
50 2.67 4.78
72 2.66 4.54
37 3.89 5.63

3.6. Model performance: aggregation at higher scales

Models established at a higher scale of aggregation for depart-
ments 37 and 72, and 14, 50, and 61, respectively, presented
RMSEPs higher than those provided by departmental models by
approximately 1dt/ha.

The predictions of each departmental model were aggregated
together, using cultivated area of each department, to evaluate
their capacity to predict the average yield over the whole bread
wheat growing area they cover. Aggregating all the models leads
to a very low prediction error (Fig. 6): 1.1 dt/ha RMSE and 1.3 dt/ha
RMSEP.

4. Discussion and conclusions

4.1. Advantages and disadvantages of the approach: model
performance

Predictive ability of the established models, as judged by RMSEP
values, can be deemed high. RMSEP values are close to 5% of the
mean yield values, and 10% of the observed range of variations.
These values are equivalent to those reported by Qian et al. (2009)
for Canada and Supit and van der Goot (1999) for France, who
respectively used a similar hybrid approach and a crop model
based approach, and appear better than those proposed by Balkovic
et al. (2013) with a crop model based approach. RMSEP results
are better than those provided by Hébel et al. (1993). This can
be attributed to the fact that in their study, agrometeorological
variables did not account for variation in phenological stages, but
integrated variables according to calendar dates. Clearly, explic-
itly integrating the interaction between weather and phenological
stages, whether through the use of a complete crop simula-
tion model or through a hybrid approach, appears necessary to
achieve the highest predictive ability. Our approach provides very
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Fig. 5. Distribution of errors in harvest years 2011-2014 that were not used in the model fitting process.

similar results to those obtained by Qian et al. (2009) using a sim-
ilar hybrid modelling, despite very big differences in agronomic
context (Canada vs. France, spring vs. winter wheat), confirming
the interest of such approaches.
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Fig. 6. Observed yield as a function of predicted yield (dt/ha) for the whole of the
area covered by the bread wheat prediction models (43% of French cultivated area).
1.1dt/ha RMSE, 1.3 dt/ha RMSEP, R? of 0.98. Data points are situated in the center of
each tag.

Prediction errors were quite high for years 2011-2014. This
raises a number of questions and operational recommendations
for use of the models. The first question raised is the evalua-
tion of the predictive ability of models. Indeed, leave-one-out
cross-validation is a very much recommended and used valida-
tion method (Wallach et al., 2006). In our case, we observe a
significant discrepancy between this method and introduction of
an independent dataset. Both approaches have their advantages.
Leave-one-out cross-validation allows to test the model on 25 years
of climate data. However, this approach does not generate evalua-
tion on a purely independent dataset since information from those
years was used in the choice of variables used. An independent
data set such as 2011-2014 solves this issue. However, it gives
access to amuch smaller sample size. At least, these results demon-
strate that even rigorous cross-validation may provide a somewhat
optimistic view on predictive ability of models. From a more oper-
ational standpoint, these results provide insight on how to account
for the fact that models should not be used too far outside the
range of conditions in which they were created. We propose 3 rec-
ommendations. First of all, the values of each variable should be
systematically compared to the range in the training set: this is sim-
ple to carry out and consists in a strong warning that the model may
provide poor predictions. Secondly, a more multivariate approach
can be taken. Again, this is straightforward, and can help to identify
situation in which individual variables may not be out of the train-
ing range, but their combination may be a particular case not well
represented in the training data. Finally, any model result requires
expertise before a prediction is given (Lazar and Genovese, 2004):
the case of 2012 exemplifies this. Destruction of significant wheat
surfaces during the winter is an obvious situation where the mod-
els will be out of range. In the same sense, recent years have all
seen record extreme events (Deudon and Deswarte, 2011, 2012,
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2013; Deswarte and Gouache, 2011; Gouache and Deswarte, 2012;
Deswarte et al., 2012), and local, field based expertise and mea-
surements can help in identifying situations in which the model
will be outside its range. This should be all the more important
under climate change (lizumi et al., 2013; Fischer et al., 2014).

It can be argued that in situations outside the range of model
development conditions, using a crop simulation model might be
more robust, comparatively to the statistical approach presented
here, in which variable selection limits the number of mechanisms
accounted for, and in which the linear, additive approach clearly
can not represent non-linearities and interactions known to exist
(Jamieson et al., 1999; Semenov and Shewry, 2011). However, both
types of approaches show relatively equivalent results, due to the
difficulties in parametrizing crop models, the way processes are
represented in them (Passioura, 1996; Wallach et al., 2006), and the
complexity of obtaining and aggregating input data at the proper
scale (Bakker et al., 2005). In our case, the objective of ease of com-
munication and utilization (i.e. input data collection) is more easily
served by a model with few explanatory variables than a fully inte-
grated crop model: these same reasons have even stimulated work
on building metamodels from crop models (Brooks et al., 2001).
Improvements in predictive ability of the approach proposed here
might be obtained by explicitely integrating non-linear reponses
(Landau et al., 2000) or using more elaborate estimators for model
parameters (Hébel et al., 1993).

At the highest level of aggregation, predictive ability is
improved. This result is consistent with those presented by Supit
and van der Goot (1999) and Bakker et al. (2005). Such a result can
probably be attributed to compensation between errors at lower
scales of aggregation.

4.2. Interpretation of climatic factors influencing wheat yields in
France

The results presented allow for the some of the main climatic
factors influencing yield at the departmental scale to be identified
and weighed against each other. This allowed fruitful interactions
with regional experts, which was key in obtaining the highest qual-
ity models possible.

Heat stress during grain filling appeared as a key factor influ-
encing yields across a great majority of departments studied.
Increasing temperatures during grain filling have indeed been
found to negatively influence yields, both in France and world-
wide (Brisson et al., 2010; Gate et al., 2010; Kristensen et al., 2011;
Lobell et al., 2005). More importantly, it has been shown that part
of the levelling off of wheat yields may be ascribed to an increase in
adverse thermal conditions for grain fill (Brisson et al., 2010; Gate
et al., 2010). Crop water balance during stem extension was also
seen to be an important cause of yield variations in many depart-
ments in France. Increasing drought stress, like heat stress, has
been shown to be a factor in the stagnation of French wheat yields
(Brisson et al., 2010; Gate et al., 2010). Only half of the models
obtained include a term specifying a trend for levelling off of wheat
yields. When they do, the levelling off trend does not completely
counterbalance the positive technological trend. This means that
the agroclimatic variables included in these models explain all or
part of the levelling off of wheat yields observed in France, reinforc-
ing the hypothesis that a significant part of this worrisome trend is
due to climate change. The variables identified in this work could
also be specifically tested to see if they can be linked to stagnating
wheat yields, as was done for drought stress and heat stress during
grain filling in Brisson et al. (2010) and Gate et al. (2010).

Three other key phenomenon influencing wheat yields were put
forward by this approach. The balance between incoming radia-
tion and temperature during stem extension influences yields in a
majority of departments studied. This is consistent with Fischer’s

(1985) findings and has already been reported as an important
parameter for yield in France (Gate, 1995). Excess rain during grain
filling was also found to be regularly detrimental to yield in the
northernmost regions of France. This was for example the case in
2007 (Gate, 2007), when very frequent rains caused sever yield
losses, due mostly to high disease pressure, but also to waterlogging
that reduced photosynthetic capacity during grain filling. Negative
effects of rainfall have also been reported to negatively influence
yield of durum wheat in southeastern France around anthesis, due
to increased disease pressure (Braun et al., 2010), although we did
not identify such a variable here. Waterlogging was also identi-
fied as an important variable influencing yield potential early on.
Interestingly, its relative weight in the models was more important
in departments presenting significant proportions of waterlogging-
prone soils. It was also a very important factor in the Mediterranean
departments studied. This is probably in part due to the particu-
larities of the Mediterranean climate, in which very heavy autumn
rainfall is frequent. It may also be explained by the fact that drought
stress during stem extension and grain filling in the region is very
frequent and strong (Braun et al., 2010), in which case winter
waterlogging that will have compromised efficient rooting can be
particularly detrimental. Overall, our approach led to the confir-
mation of the importance of drought and heat stress in influencing
French yields, but also to the addition of other factors, namely early
waterlogging, radiation/temperature balance, and excess terminal
rainfall.

4.3. Perspectives for use

The models developed in this study show important potential
for use, thanks to high predictive ability, robustness, and relative
ease in interpretation. They can be used to communicate to grow-
ers and advisers on the key limiting factors of yields in the region,
and can provide an opportunity to discuss the importance of pre-
serving soil structure in waterlogging-prone soils or to increase
crop protection inputs in heavy disease pressure situations (Gate,
2007). They also show that final yield is most influenced by the
grain filling phase in northwestern France, whereas in more cen-
tral departments, earlier phases have a stronger influence. This has
implications both for crop management and for breeding. From
a crop management standpoint, this means that in northwestern
France, factors influencing yield are determined once all crop hus-
bandry has been carried out (nitrogen and fungicides especially),
whereas in more central and southern regions, the yield poten-
tial of the year is significantly influenced by factors occurring at a
time when crop management can still be adjusted. In other words,
it appears that in central and southern regions, modifications in
crop management could be advised based on the models devel-
oped here. Advising modifications in crop management obviously
requires a very high degree of reliability. In certain extreme cases
where the model is outside its initial range, this may be risky. Use of
the model in 2011 showed that without proper expertise, use of the
model may lead to wrong decisions. To counter this, we have devel-
opped some simple approaches to identify situations in which the
model may be out of its range. From a breeding standpoint, it could
be advised that raising yields in northernmost France will require a
more important focus on improving the resistance of grain filling to
heat stress, whereas in other regions a balanced approach between
a number of abiotic stresses may be required.

Given their lead time, the models proposed may also be an
important tool for grain collectors and marketers to better adjust
their positions on commodity markets in response to predicted pro-
duction potential. Finally, integrating seasonal weather forecasts
with these models could increase lead time. This could add value
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both to the models developed here and to seasonal forecasts in
France (Hansen, 2005).
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