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This is anOpe
Abstract – This study examined the factors influencing the quality of rapeseed (Brassica napus L.) and
sunflower (Helianthus annuus L.) seeds, to find out the factors having the greatest impact on protein and oil
concentration. Historical data from variety and N fertilization trials were used for these analyses, and to
subsequently develop predictive models of seed quality.
The results showed that several environmental, agronomic and genetic factors significantly affect seed
quality of oilseeds. These factors include region, soil texture, weather conditions (global radiation,
precipitation, temperature), variety characteristics (maturity and flowering earliness, flowering duration,
plant height, oil and protein potential concentrations), and crop practices (sowing date and density,
N-fertilization).
The best-performing model for predicting protein and oil concentration in rapeseed and sunflower seeds was
the Random Forest model. The model achieved good predictive accuracy, with over 84% of well-predicted
values falling within acceptable ranges for rapeseed seed quality (oil and protein concentrations), and the
same for sunflower protein concentration. However, some progress has to be done for sunflower oil
concentration, as less than 59% of the situations were satisfactorily predicted.

Keywords: Rapeseed (Brassica napus L.) / sunflower (Helianthus annuus L.) / seed protein concentration / seed oil
concentration / random forest / seed quality

Résumé – Analyse des facteurs impactant la qualité des graines du colza et tournesol, et
développement de modèles prédictifs. Cette étude a examiné les facteurs influençant la qualité des
graines de colza et de tournesol, pour déterminer ceux qui impactent le plus les teneurs en protéines et en
huile. Des données historiques provenant d'essais variétaux et de fertilisation azotée ont été utilisées pour ces
analyses, et pour développer des modèles prédictifs de la qualité des graines.
Les résultats ont montré que plusieurs facteurs affectent de manière significative la qualité des graines. Ces
facteurs comprennent la région, la texture du sol, les conditions climatiques (rayonnement, précipitations,
température), les caractéristiques variétales (précocité à maturité et à floraison, durée de floraison, hauteur
de la plante, teneurs potentielles en huile et en protéines des graines), et les pratiques culturales (date et
densité de semis, fertilisation azotée). Le modèle le plus performant pour prédire la concentration en
protéines et en huile des graines de colza et de tournesol était le modèle « Random Forest ». Ce modèle a
permis de prédire plus de 84% des valeurs de qualité des graines de colza (teneurs en huile et en protéines), et
de teneur en protéines des graines de tournesol. Cependant pour la teneur en huile du tournesol, moins de
59% des valeurs ont été correctement prédites.

Mots-clés : Colza (Brassica napus L.) / tournesol (Helianthus annuus L.) / teneur en protéines / teneur en huile /
random forest / qualité des graines
on to the Topical Issue: “Diversity of Plant Proteins extracted from Oil & Protein Crop / Diversité des protéines végétales issues des
ineux”.
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Highlights

* A significant database (>1200 trials) was compiled

for relating seed quality to environment, manage-
ment and variety in rapeseed and sunflower

* Random Forest was the best predicting model of
protein and oil concentration on both crops

* Seed quality (oil, protein) on rapeseed and seed
protein on sunflower were predicted in more than
84% of cases

* The prediction of seed oil concentration should be
improved in sunflower
1 Introduction

Oilseeds represent a sustainable source of oils and proteins
for food and feed (Zhang et al., 2023). Recent market trends
are driving the production of oilseeds to significantly higher
seed protein concentrations (Arrutia et al., 2020). In rapeseed,
industrial processes can create protein ingredients with a
particularly attractive amino acid balance (Carré, 2021). They
require sourcing rapeseed seeds with protein levels 2 to 3%
higher than current French production. The same trend is
observed in sunflower: defatted meals are particularly well
suited to fish farming and monogastric breeding, provided they
achieve high protein concentrations (Pilorgé, 2020). On the
other hand, maintaining a marketable oil concentration is also
an issue. However, a negative correlation between oil and
protein concentrations is generally observed in rapeseed
(Grami et al., 1977; Peltonen-Sainio et al., 2010; Kirkegaard
et al., 2021) and sunflower seeds (Bauchot and Merrien, 1988;
Diepenbrock et al., 2001; Roche, 2005; Andrianasolo et al.,
2014; Aguirrezábal et al., 2015). Improving protein levels
while maintaining oil concentrations requires genetic im-
provement and adapted cropping practices (Peltonen-Sainio
et al., 2010; Aguirrezábal et al., 2015).

To take full advantage of the more profitable markets
demanding high protein concentrations, predictive models of
seed protein and oil concentrations are needed in order to
assess the potential of territories for producing high-protein
oilseeds. Increasing the ability of the different stakeholders
(farmers, advisers, commodity traders) to predict protein and
oil concentrations at field level prior to harvest could provide a
competitive ability to segregate quality and create an economic
advantage to better position production in domestic and global
markets (Hernandez et al., 2023).

Two types of numerical models are generally used for
predicting seed quality at field or regional level: statistical
models and process-based models. Multivariate statistical
approaches based on linear models (e.g stepwise regression,
partial least squares (PLS) regression...) or machine learning
tools (artificial neural networks (ANN), random forest regres-
sion (RFR), support vector machine (SVM)...) are most often
used at regional level by integrating environmental data such as
weather and soil data (Porter et al., 1982; Söderstroem et al.,
2010; Saruta et al., 2013; Hara et al., 2022; Song et al., 2023).
When they assimilate information from remote sensing (drones
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or satellites), they can be used for in-season prediction and yield
forecast (Wang et al., 2014; Hernandez et al., 2023; Longmire
et al., 2023; Zhu et al., 2023). Mechanistic crop models can
simulate dynamically cropdevelopment, growth, yield andgrain
quality (protein and/or oil concentration) and sometimes the
nature of proteins or the amino acid composition (Martre et al.,
2006; Aguirrezábal et al., 2015). Thesemodels can be applied at
field level provided sufficiently accurate information is available
on initial conditions, soil characteristics and crop management.
These crop growth models are used mostly for unravelling
complexGenotypebyEnvironmentbyManagement (GxExM)
relationships, testing some morpho-physiological traits and
supporting the agronomic analysis of field experiments.Most of
themodelseitherstatisticalorprocess-basedare intendedfirst for
grain yield prediction. The prediction of protein content is often
embedded in the models developed for cereals (Asseng and
Milroy, 2006; Martre et al., 2006; Beillouin et al., 2018).
Recently, Fila et al. (2024) developed a Bayesian hierarchical
model to assess the impact of cultivar and weather on total seed
oil content and fattyacidcompositionof linseed.However, toour
knowledge, no statistical models have been developed for
predicting both protein and oil concentration in oilseeds. A few
crop growth models developed for oilseeds include a specific
sub-model for predicting seed oil and sometimes protein
concentration as a function of variety, environment and crop
management (Pereyra-Irujo andAguirrezábal, 2007;Chen et al.,
2015; Casadebaig et al., 2016; Gilardelli et al., 2016; Zanetti
et al., 2019). Therefore, models for predicting jointly oil and
protein concentrations are lacking for oil-protein crops either at
field or regional level.

Both operational and scientific reasons justified why a
modelling study was undertaken to develop a predictive tool of
seed quality for two major oilseed crops grown in France:
rapeseed and sunflower. The first objective was to determine
the factors impacting seed quality. The second objective was to
carry out modelling in order to set up a predictive tool based on
the factors impacting the most seed quality.

2 Materials and methods

2.1 Conceptual model

To better understand the factors affecting the quality
of rapeseed and sunflower seeds, we designed a conceptual
model from our expertise and the literature integrating all the
factors that - to our knowledge - should likely have an impact
(Fig. 1).

An initial analysis of these factors will be carried out to
check the availability of data in the source databases to reduce
the number of influencing factors to be analyzed for modeling.

The two components of rapeseed or sunflower seed quality
that will be analyzed and predicted by the model are seed
protein concentration on de-oiled dry matter (DDM) and oil
concentration to standards, referred to in the rest of the article
as “seed quality”. DDM protein concentration was chosen
instead of protein concentration on dry matter (DM) to meet
the needs of manufacturers who want to know the protein
quality of the pressed cake they sell. Oil concentration to
standards is measured according to seed marketing standards
(9% water and 2% waste).
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Fig. 1. Factors that impact the quality of rapeseed and sunflower
seeds.
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2.2 Data used

The seed quality data used in this study came from
historical variety and fertilization trials conducted by Terres
Inovia from 2008 to 2021 for rapeseed (including 273 varieties
in 644 trials) and from 1992 to 2021 for sunflower (including
358 varieties in 599 trials). Variety characteristics were
extracted from myVar, a variety decision support system
(www.myvar.fr), except for seed quality, as only oil
concentration is provided in this tool. Common character-
istics for both oilseed crops are : richness in oil (4 classes),
flowering and maturity earliness (5 classes), plant height
(4 classes), susceptibility to fungal diseases (3-5 classes :
phoma and cylindrosporiose for rapeseed; phomopsis,
verticillium, orobanche, sclerotinia, mildew for sunflower);
additional characteristics are varietal type (3 classes),
susceptibility to stem elongation in autumn (5 classes) and
richness in glucosinolates (5 classes) for rapeseed and seed
size (3 classes) and oil type : oleic vs linoleic for sunflower.
Consequently, potential oil and protein concentrations were
calculated directly from variety trials to characterize the seed
quality of varieties in the model on the basis of trials
conducted by Terres Inovia from 2013 to 2021 for rapeseed
and from 1991 to 2021 for sunflower.

For fertilization, the difference of N amount between the
applied nitrogen dose and the theoretical dose calculated using
the N balance sheet method (X dose) was used as an indicator
of plant N status (deficiency or excess) as Nitrogen Nutrition
Index was not measured. For rapeseed, the percentage of
N-fertilizer applied early or lately was also calculated from
crop management data.

Soil data, if needed, were extracted from the BDAT (land
analysis database) of the French National Institute for
Geographic and Forestry Information (IGN, www.gissol.fr).

Information on the soil water holding capacity was not
available in most experiments (8% of experiments). To
overcome this, we used the Arvalis “Irré-LIS” tool (https://
irrelis.arvalisinstitutduvegetal.fr/) to estimate this information
indirectly from the location and 5 key soil criteria (depth,
texture, stoniness, hydromorphy, presence of limestone). Daily
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climatic variables were extracted from the Climbox tool
developed by Arvalis.

2.3 Statistical methods

To determine the factors affecting the quality of rapeseed
and sunflower seeds, the crop growth cycle was divided into
several growth phases. Different climatic indicators were
calculated for each growth phase (Terres Inovia, 2024 a-b) to
determine which one had the greatest impact on seed quality
and during which growth phase. For rapeseed, up to 18 growth
phases were tested (Fig. S1); for sunflower, only 5 growth
phases were tested: 1. Flower Bud (from E1 to F1);
2. Flowering (from F1 to M0); 3. Grain filling (from M0 to
M3); 4. “Sowing-E4”; 5. “E4-M0”, E4 corresponding to pre-
flowering bud stage (Fig. S2). To do so, we could perform
either a multiple linear regression or a PLS (Partial Least
Square) regression model. The nature of the indicators
(qualitative or quantitative) and the possibility of facing
multicollinearity problems between the variables led us choose
the PLS regression. PLS handles well this type of problem and
is a method that combines principal component analysis (PCA)
and multiple linear regression.

At theendof thefirstPLSprocedure, the identified indicators
were tested indifferentpredictivemodelsof seedquality.Several
modelswere tested:PLS,RandomForest (DecisionTreeForest),
Support Vector Machine (SVM), and Gradient Boosting (GB).
80% of the initial data was used to train the model and 20%
was used to test the prediction. A cross-validation system was
used to determine the best parameters for each model during the
training phase. The R procedures used for running these models
are given in Tables S1 to S4.

The prediction accuracy of the models was evaluated by
analyzing several statistical criteria. Mean-Squared Error of
prediction (MSEp), Root Mean-Squared Error of prediction
(RMSEp), and Mean Absolute Error of prediction (MAEp),
which measure the mean squared error, its root and the mean
absolute error, respectively. Being not in the linear case, R2 was
not a criterion to consider. Overall, it is preferable to choose a
model with the lowest RMSEp, since this measure weighs large
errors more than small ones and favors a model capable of
responding to short-termchanges.We also selected a forecasting
modelwith the lowestMAEp, as it weighs small and large errors
equally,making it robust tooutliers.Therefore, it indicateswhich
model has the highest overall prediction accuracy.

MSEp ¼ 1

n

Xn
i¼1

ðYi � ^YiÞ2

RMSEp ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn
i¼1

ðŷi � yiÞ2

n

vuut

MAEp ¼ 1

n

Xn
i¼1

jŷl � yij:

where
ŷ = Predicted value for the ith data point
yi = Actual value for the ithdate point
n = Number of observations
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The evaluation of the quality of the predicted values was
based on the uncertainty ranges of BIPEA (an organization that
carries out inter-laboratory comparisons of seed composition)
for the analytical methods used to measure seed quality
(Nuclear Magnetic Resonance (NMR), near infraRed spec-
troscopy (NIRS), Soxhlet extraction, etc.): 2.5% for DDM
protein concentration and 1% for oil concentration.

Multiple comparisons of DDM protein and oil concen-
trations means as a function of varietal characteristics and crop
management were submitted to HSD Tukey post-hoc test if
significant ANOVA.

3 Results and discussion

3.1 Rapeseed
3.1.1 Factors affecting seed quality: variable selection

The first analysis based on expertise and literature brought
out 65 variables, including climatic variables, to predict seed
quality. A PLS regression model was used on a basis of 11249
individuals, and the parameters with a VIP (Variable
Importance in Projection) coefficient > 0.8 were considered
important. Correlations between quantitative variables were
also analyzed, to keep only the parameters that provide the
most information in the PLS model. At last, 18 and 21
variables either numerical or categorical were selected in the
models for protein and oil concentrations respectively (Tab. 1).

The location of the trial was integrated into the models by
aggregating the data at the level of the Terres Inovia
development regions (11 French regions). Soil texture was
also considered, and 17 modalities were defined according to
the GEPPA diagram (GEPPA, 1963). The variety effects have
not been integrated as such but through the parameters that
characterize them.

Oil concentration is a complex quantitative trait highly
influenced by seed development and environmental conditions
in oilseeds (Debaeke and Izquierdo, 2021; Kirkegaard et al.,
2021). Seed oil concentration ranged from 34.6% to 49.7% (at
standards) and averaged 44.0% over the rapeseed population.
This trait is controlled by several genes with an additive effect
(Engqvist and Becker, 1991; Attia et al., 2021). DDM seed
protein concentration ranged from 30.4% to 53.9% (39.2% on
average). A negative correlation between oil and protein
concentrations was observed (r = -0.58; n = 9279) for rapeseed
which is consistent with the general observations of those two
seed components (Grami et al., 1977; Kirkegaard et al., 2021).

Due to the important number of individuals both for DDM
protein and oil concentration, varietal characteristics were
analyzed through regions, soils and years after ANOVA and
multiple comparison test of Tukey (Tab. 2). Hybrid varieties
(HR) resulted in a higher DDM protein concentration than
inbred lines (+0.9 points on average) whatever the year or
region, and vice versa for oil concentration (�0.4 points on
average). Varieties with a mid-early to mid-late maturity had a
slightly higher DDM protein concentration (+0.6 to 1.1 point
on average) than late ones and vice versa for oil concentration
(�0.6 to �0.9 points). This effect was similar for earliness at
flowering, with a tendency to have higher DDM protein
concentration (+0.5 to 0.7 points on average) for early to mid-
late flowering varieties, but there was no obvious impact on
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their oil concentration. The varietal plant height also provided
information for the model: the taller the variety, the higher its
protein concentration (up to +2.2 points on average), and vice
versa for oil concentration (�1.1 points between very tall and
short cultivars).

For sowing periods, a tendency was observed for DDM
protein concentration to be higher when sowing fromAugust 15
(+2.9 points compared with sowing before this date), and vice
versa for oil concentration (�2.2 points).

The N fertilization variables are also important for the
predictive quality of the model as an excess of N fertilization
can result in lower oil concentration (Zhu et al., 2023). For the
deviation from the “a priori X dose” of nitrogen, the trend for
DDM protein concentration was upward (r = 0.19), with an
opposite trend for oil concentration (r = -0.16). The fraction of
N amount applied late from the E stage (i.e., separated flower
buds) should theoretically influence DDM protein and oil
concentrations, although poor correlations were observed
between this variable and seed quality. Excessive N late in the
growing season can divert resources from oil synthesis toward
protein production, leading to lower oil concentrations.

Radiation, water availability and temperature are well-
known determining factors of photosynthesis and biomass
accumulation with consequences on oil biosynthesis, N uptake
and seed N content in oilseed crops (Debaeke and Izquierdo,
2021; Kirkegaard et al., 2021). Grain yield could act as a
limiting factor for the DDM protein concentration, with a
tendency observed in the literature to decrease the seed N
concentration with the increase in yield (due to a dilution
effect) at least among genotypes under the same crop
management (Stahl et al., 2017; Kirkegaard et al., 2018).

3.1.2 Prediction of DDM protein concentration

The comparison of the prediction accuracy between the
four models (PLS, RF, SVM and GB) which integrated the
variables of Table 1 was done by calculating the quality criteria
mentioned in section 2.3.

Clearly the MSEP, RMSEP, and MAEP criteria are the
lowest for the "Random Forest" algorithm (Tab. 3). Therefore,
RF is the algorithm that gives the best quality prediction for
DDM protein concentration. We split the predicted values into
three prediction classes to better visualize the prediction
accuracy of this model (Fig. S3a). With this model we get
97.5% of well-predicted values in our reference interval
(|prediction-actual|<=2.5%). Only 2.5% of the values used for
the prediction test of the RF model were under- or over-
predicted.

3.1.3 Prediction of oil concentration

Similarly, for predicting oil concentration, the measured
quality criteria indicated that the RF algorithmwas the best one
(Tab. 4).

Compared to the DDM protein concentration prediction
model, the oil concentration prediction model resulted in better
RMSEP/MSEP/MAEP criteria values. However, only 84% of
well-predicted values were within the reference interval for oil
concentration (|prediction-actual |<= 1%) (Fig. S3b). This was
explained by the 1% threshold set for oil concentration
compared to the 2.5% threshold set for DDM protein
f 13
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Table 3. Model quality criteria for DDM protein concentration prediction: rapeseed.

Model MSEP RMSEP MAEP

PLS 3.614 1.901 1.455

Random Forest (RF) 1.219 1.104 0.839
Support-vector machine (SVM) 1.557 1.248 0.962
Gradient Boosting (GB) 3.569 1.889 1.436

Table 4. Model quality criteria for oil concentration: rapeseed.

Model MSEP RMSEP MAEP

PLS 1.733 1.316 1.009

Random Forest (RF) 0.523 0.723 0.545
Support-vector machine (SVM) 0.715 0.846 0.646
Gradient Boosting (GB) 1.915 1.384 1.076

Table 2. Effect of some varietal and agronomic factors on rapeseed seed quality.

VA: varietal association; RH: restored hybrid; IL : Inbred line ; E: early; ME: mid-early; ML: mid-late; L: late S: short; M: medium; T: tall; VT:
very tall.
Groups with the same letter do not differ significantly according to the HSD Tukey test at P < 0.05.

9289 39.2

n Mean Max Min

DDM 
Protein %

53.9 30.4

Oil % at 
standards

10070 44.0 49.7 34.6

 

VA         39.2 a E        38.3 bc E        38.9 a S        36.9 a <01/08                 35.4 e
RH         39.1 a ME    39.3 a ME     39.1 a M      38.9 b 01/08-15/08       37.5 d
IL           38.2 b ML    38.8 b ML     39.1 a T       39.1 a 16/08-31/08       38.9 c

L         38.2 c L         38.4 b VT     39.1 ab 01/09/15/09       39.4 b
16/09-30/09        39.3 b
> 01/10                39.8 a

VA         44.4 a E        45.8 a E        43.9 a S        44.7 a <01/08                 46.1 a

RH         43.9 b ME    44.0 c ME    44.0 a M      44.4 a 01/08-15/08       45.0 a
IL           44.3 a ML    43.7 d ML     44.0 a T        43.8 b 16/08-31/08       44.1 b

L        44.6 b L        43.7 b VT     43.6 c  01/09/15/09       43.8 d
16/09-30/09       44.0 c 

> 01/10                43.7 d

Sowing dateCrop heightVarietal type
Maturity 
earliness

Flowering 
earliness
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concentration. Therefore 16% of the values were under- or
overestimated by the model prediction test.

3.1.4 Most influencing variables determining seed quality
in rapeseed

The most important variables selected by the RF model
were ranked and quantified (Tab. 5)

For both protein and oil concentration predictions,
environmental variables such as region (3) and soil type
(2) which are integrative of environmental conditions and,
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for the region factor, of crop management (including
variety) were identified as important variables for prediction
using RF model. Potential DDM protein (1) and oil (4)
concentrations which are related to genetics also appeared as
driving variables for seed quality prediction. However,
climatic deficit during grain filling (1) was the most
important variable for explaining oil concentration while
climatic deficit during spring recovery (5) and flowering (8)
partly explained the final oil concentration. Climatic deficit
during grain filling (4) and from spring recovery to end of
flowering or G1 (7) was also important for predicting DDM
f 13



Table 5. Importance of each variable selected by PLS and submitted to the Random Forest model (rank and absolute value of importance
between brackets): rapeseed.

Factors DDM protein concentration
(18 variables)

Oil concentration to
standards (21 variables)

Terres Inovia (TI) development regions 3 (40.3) 3 (36.2)

Soil texture 2 (42.5) 2 (36.8)
Varietal characteristics
* Potential DDM protein concentration
* Potential oil concentration to standards
* Type of variety
* Maturity earliness
* Flowering earliness
* Stem elongation
* Plant height

1 (45.9)
13 (12.9)
18 (6.2)
16 (7.5)
12 (13.1)
15 (7.6)
17 (6.3)

14 (11.1)
4 (35.8)
21 (5.5)
19 (8.2)
18 (8.3)
17 (8.6)
20 (7.5)

N Fertilization:
* Deviation of applied N rate from the

optimum (X rate)
* Fraction of N amount applied late from the

E stage

6 (34.5)
14 (8.2)

10 (24.7)
16 (9.2)

Sowing date 5 (35.6) 7 (26.7)
Grain yield to standards (at 9% moisture and 2%
of waste)

8 (31.2)

Radiation (PAR)
* phase 6
* phase 10

10 (28.2) 9 (25.1)
6 (29.0)

Climatic deficit (P-PET)
* phase 7 - flowering
* phase 8 - grain filling
* phase 9 (spring recovery to G1)
* phase 11 (spring recovery: C2 to D1)
* phase 12 (bud formation: D2 to E)

4 (36.5)
7 (34.1)

8 (25.3)
1 (37.1)

5 (30.6)
11 (21.6)

with Tmax > 30°C
* phase 17 (grain filling: G2 to G4)

Number of days with Tmax > 28°C
* phase 15 (mid-flowering)
* phase 16 (G1)

9 (28.2)

11 (21.3)

12 (19.5)

15 (10.4)
13 (13.1)
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protein concentration. In addition, sowing date was
identified as an important variable for predicting seed
quality for both concentrations (5 for protein, 7 for oil).
Other variables for protein prediction were N fertilization
(6) and grain yield (8) and, for oil prediction, accumulated
PAR between flowering and maturity (6).

The PLS regression coefficients were given in Table S5
for rapeseed. The sign of the PLS coefficient reflects the
relationship between the predictor and the dependent
variable. From the direction of the regression coefficients,
it was confirmed that the excess of N fertilization increased
DDM protein concentration but decreased oil concentration.
Protein concentration was promoted by later sowings while oil
concentration was favored by early ones. The radiation became
impactful from the beginning of flowering to harvest for the
protein concentration (with a very slight tendency to decrease
with the increase in radiation), and from vegetative recovery to
Page 7 o
harvest for oil concentration (with an inverse trend for protein).
Increasing PAR during grain filling clearly increased oil
concentration in rapeseed. The more days with temperatures
above 28 °C, the higher the seed protein increased,with a greater
impact during the seed-filling phase. However, increasing
temperature had a negative effect on oil concentration.

The analysis of the different growth phases of rapeseed
indicates that water deficit has an effect within the model from
vegetative recovery until harvest. Water deficit (as figured by
P-PET) until the end of flowering could negatively affect DDM
protein concentration. For oil concentration, the depressive
effect of water deficit was greatest during the silique filling
phase, with an inverse trend for seed protein.

However, a slight increase in seed protein concentration
was observed after early vegetative and flowering drought
treatments by Bouchereau et al. (1996). Taylor et al. (1991)
and Champolivier and Merrien (1996) obtained a marked
f 13
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Table 6. Factors impacting sunflower seed quality.

Factors Type of variable Modalities DDM protein %
14 variables

Oil %
14 variables

Terres Inovia (TI) development regions categorical 11 French regions + +

Soil texture categorical + +
Varietal characteristics
* Potential DDM protein concen-

tration
* Potential oil concentration to

standards
* Maturity earliness

numerical (%)

numerical (%)

categorical mid-early, mid-late,
early, late

+

+

+

+

+

Plant density numerical (plants m�2) + +
Sowing date numerical (d) days from Jan 1 + +
Deviation from a priori X-rate of N
fertilization

numerical (kg.ha�1) + +

Radiation (PAR)
* from E4 to M0 stage
* from M0 to M3 stage

numerical (MJ.m�2)
numerical (MJ.m�2)

+
+

+
+

Climatic deficit (P-PET)
* from E4 to M0 stage
* from M0 to M3 stage

numerical (mm)
numerical (mm)

+
+

+
+

Number of days with
* Tmax> 30°C from E4 to M0
* Tmax> 30°C from M0 to M3
* Tmax> 32°C from E4 to M0
* Tmax> 32°C from M0 to M3
* Tmax> 34°C from sowing to E4

numerical (d)
numerical (d)
numerical (d)
numerical (d)
numerical (d)

+
+

+
+
+

(*) water deficit increases with negative values of P-PET; see Figure S2 for the identification of growth stages.

Table 7. Model quality criteria for DDM protein concentration prediction : sunflower.

Model MSEP RMSEP MAEP

PLS 4.546 2.145 1.751

Random Forest 3.663 1.914 1.474
Support-vector machine (SVM) 5.014 2.239 1.768
Gradient Boosting (GB) 4.950 2.250 1.777
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reduction in seed oil concentration when water deficit occurred
from anthesis to maturity with an inverse relationship between
oil and protein concentration. From the recent meta-analysis
of Secchi et al. (2023), short heat and drought stresses at
flowering and pod setting would increase protein concentra-
tion by ~10% and stress during vegetative and seed filling
stages would reduce it by ~10%. Only short stress at pod
setting would have a negative effect on oil concentration.
Current scientific literature reports contrasting impacts on the
effect of heat and drought for rapeseed productivity (yield
and quality), and this is mainly linked to changes in
magnitude and duration of the stress between experiments
and environments.
Page 8 o
3.2 Sunflower
3.2.1 Factors affecting seed quality: variable selection

Starting with 40 variables, the PLS method was also used,
as previously. 14 important variables were selected both for
protein and oil concentration models. Location and soil texture
have been integrated, as for rapeseed (Tab. 6).

Seed oil concentration ranged from 31.5% to 48.5%
(at standards) and averaged 44.3% over the analyzed sunflower
population (n = 3652). DDM seed protein concentration
ranged from 19.5% to 49.2% (32.7% on average, n = 3010).
As for rapeseed, a negative correlation between oil and protein
concentrations was observed (r = -0.53; n = 2648).
f 13



Table 8. Model quality criteria for oil concentration : sunflower.

Model MSEP RMSEP MAEP

PLS 2.740 1.655 1.193

Random Forest 1.854 1.362 1.001
Support-vector machine (SVM) 3.070 1.752 1.352
Gradient Boosting (GB) 2.900 1.703 1.360

Table 9. Importance of each variable selected by PLS and submitted to the Random Forest model (rank and absolute value of importance
between brackets): sunflower.

Factors DDM protein concentration
(14 variables)

Oil concentration
to standards
(14 variables)

Terres Inovia (TI) development regions 10 (4.7) 13 (5.3)

Soil texture 6 (8.3) 4 (14.9)
Varietal characteristics
* Potential DDM protein concentration
* Potential oil concentration to standards
* Maturity earliness

13 (3.1)
3 (9.6)
7 (6.3)

1 (30.1)
11 (9.2)

Plant density 12 (3.6) 6 (13.5)
Sowing date 4 (9.4) 3 (15.0)
Deviation of applied N rate from the
optimum (X rate)

2 (9.6) 10 (10.6)

Radiation (PAR)
* from E4 to M0 stage
* from M0 to M3 stage

14 (0.9)
5 (8.4)

7 (13.3)
9 (10.9)

Climatic deficit (P-PET)
* from E4 to M0 stage
* from M0 to M3 stage

9 (5.8)
8 (6.1)

2 (18.6)
8 (13.3)

Number of days with
* Tmax> 30°C from E4 to M0 stage
* Tmax> 30°C from M0 to M3 stage
* Tmax> 32°C from E4 to M0 stage
* Tmax> 32°C from M0 to M3 stage
* Tmax> 34°C from sowing to E4 stage

11 (3.9)
1 (15.1)

5 (13.6)
12 (8.3)
14 (3.9)
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This negative correlation between oil and protein concentra-
tion has been reported in a wide range of growing conditions
(Bauchot and Merrien, 1988; Diepenbrock et al., 2001; Roche,
2005; Andrianasolo et al., 2014; Andrianasolo et al., 2016).

3.2.2 Prediction of DDM protein concentration

After integrating the 14 parameters listed in paragraph
3.1.2, the quality criteria of the models tested are presented in
Table 7.

As for rapeseed, the Random Forest algorithm gave the
lowest values for the quality criteria indicating the best quality
prediction of the MSD protein concentration.

With this model, 82.8% of the predicted values were within
the range of the reference interval (|prediction-actual|<=2.5%).
In the data set used to test the prediction of the RFmodel, 17.2%
of values were either under- or over-predicted (Fig. S3c).
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3.2.3 Prediction of oil concentration

Considering the 14 parameters listed in paragraph 3.1.2, the
quality criteria of the models tested are presented in Table 8.

The best predictions for oil concentration were provided by
theRFmodel.However, according to the reference interval set at
±1% (±2.5% for theDDMprotein concentration), only 58.8%of
the values fell within this interval (Fig. S3d).

3.2.4 Most influencing variables determining seed quality
in sunflower

According to RF model (Tab. 9) the most important
variables (1) for seed protein concentration were high
temperatures during grain filling (Tmax > 30°C from M0 to
M3 stage), then (2) N fertilization (deviation from X dose), (3)
potential oil concentration, (4) sowing date and (5) cumulative
f 13
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PAR during grain filling. Oil concentration was mainly
determined by (1) potential oil richness, (2) climatic deficit
during flowering, (3) sowing date, (4) soil texture and (5) high
temperatures (Tmax > 32 °C) during flowering.

The number of days with temperatures above 30°C
becomes significant from stage F1 to stage M3 for protein
concentration and from sowing for oil concentration with
several days with temperatures above 32°C. The more days
with high temperatures during the 3 phases of sunflower
growth, the higher DDM protein concentration was observed
and vice versa for oil concentration (Tab. S6). DDM seed
protein was increased by heat stress from E4 (pre-flowering) to
maturity (M3). Oil concentration was depressed by high
temperatures during flowering but not after this period.
Chimenti et al. (2001) also found that very high temperatures
(> 34°C) were responsible for a reduction in oil accumulation
because of a decrease in grain filling time that resulted in a
decrease in kernel weight and in an increase in the hull fraction.

More radiation and water availability led to higher oil
concentration but lower DDM protein concentration
(Aguirrezábal et al., 2015). This effect was observed throughout
the sunflower's growth stages, from early anthesis (F1) to
physiological maturity (M3). Seed protein concentration was
positively influenced by increased PAR during flowering but
negatively hereafter while oil concentration was systematically
increased by higher PAR values but especially during grain
filling (M0-M3). Water deficit during both flowering and grain
filling negatively impacted seed protein and oil concentration.

The same goes for water stress, which impacts the seed
quality from F1 to M3 stages. The more water is available, the
higher the oil concentration, and vice versa for the DDMprotein
concentration. This result is consistentwith those reported in the
literature. Santonoceto et al. (2003) compared four contrasting
water regimes in southern Italy, and demonstrated thedepressive
effect of water limitation during the final stage of oil
accumulation. Anastasi et al. (2010) and Alahdadi et al.
(2011) observed 13% and 27%more oil with full irrigation than
with rainfed sunflowers in southern Italy and Iran, respectively.
Several other studies have reported positive effects of
supplemental irrigation on oil concentration (Champolivier
et al., 2011; Sezen et al., 2011), although the magnitude of the
responses depended on natural water availability.

Later planting dates were associated with higher DDM
protein concentration and oil concentration according to the
analysis (Tab. 2; Fig. S6). However, numerous studies have
also concluded that oil concentration was reduced when the
sowing date was delayed in the spring (Unger, 1980;
Thompson and Heenan, 1994; Goksoy et al., 1998; Flagella
et al., 2002; Zheljazkov et al., 2009; Petcu et al., 2010).

Varietal characteristics (potential protein and oil richness
and earliness of maturity) have an impact on seed quality in
sunflower. Seed protein was logically reduced when potential
oil concentration increased and when potential protein
concentration decreased. For the oil concentration, this
character has a strong genetic heritability but with some
influence of environmental factors (Fick, 1978; Andrianasolo
et al., 2016). Early-maturing genotypes resulted in higher seed
oil while late-maturing varieties where characterized by higher
seed protein.

Plant density also emerged as an influencing factor in our
model. Low plant densities (< 4 plants.m�2) strongly
Page 10
depressed seed oil concentration. This agrees with the study
of Champolivier et al. (2011) who found that low plant
densities in farmers' fields were responsible for the low oil
concentration observed at the field level. Positive correlations
between oil concentration and plant density and between hull
(%) and plant density were observed in farmers' fields.

The results obtained in this study for oil concentration
prediction outperformed those obtained with other statistical
models in sunflower (Andrianasolo et al., 2014; Andrianasolo
et al., 2016) as MLR (multiple linear regression, RMSEP =
2.41%), GAM (generalized additive model, RMSEP = 1.95%)
or RT (regression tree, RSMEP = 2.95%).

4 Conclusions

Four Random Forest models have been developed to
predict the quality of rapeseed and sunflower seeds, based on
the factors that impact the most this quality, with promising
results. These models incorporate various factors known to
influence seed quality, such as soil texture, sowing date,
variety, N fertilization and environmental conditions (radia-
tion, temperature, water availability). Generally the interpre-
tation of the effect of the environmental and crop management
was consistent with the literature. However, correlations
between growing region, sowing date, and variety earliness
made more complex the interpretation of individual agronomic
factors. Similarly, the buffering effect of the soil (texture,
depth) on crop water availability could have modulated the
sole representation of water deficit by the P-PET variable,
which is above all a climatic variable.

The rapeseed model performed well for both DDM protein
and oil concentration. The sunflower model performed
acceptably well for DDM protein concentration, but was less
satisfactory for oil concentration although it outperformed
previous attempts.

In spite of these limitations, the models have the potential
to be useful tools for grain storage companies in managing the
seed collection campaign. They could be used to assess the
potential of territories for producing high-protein oilseeds and
enable seed lots to be segregated at harvest time according to
their predicted quality.

Collaboration with grain storage companies is required to
obtain appropriate data over production areas for further model
evaluation. These data will enable us to test the models and to
improve the quality of predictions under real production
conditions and at more aggregated levels.
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Figure S2. Main growth stages of sunflower and definition of the 5
phenological phases (from Terres Inovia, 2024 b).

Figure S3. Projection of predicted vs actual values (Random
Forest).
a) DDM protein concentration: rapeseed.
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d) Oil concentration: sunflower.
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Table S5. PLS regression coefficients for DDM protein
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Table S6. PLS regression coefficients for DDM protein
concentration and oil concentration to standards : sunflower.
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