
Europ. J. Agronomy 68 (2015) 22–37

Contents lists available at ScienceDirect

European Journal of Agronomy

journa l homepage: www.e lsev ier .com/ locate /e ja

Which cropping systems to reconcile weed-related biodiversity and
crop production in arable crops? An approach with simulation-based
indicators

Delphine Mézièrea,1, Nathalie Colbacha,∗, Fabrice Dessainta, Sylvie Grangerb

a INRA, UMR1347 Agroécologie, F-21000 Dijon, France
b AgroSup Dijon, UMR1347 Agroécologie, F-21000 Dijon, France

a r t i c l e i n f o

Article history:
Received 18 December 2014
Received in revised form 20 April 2015
Accepted 22 April 2015
Available online 15 May 2015

Keywords:
Weed
Cropping system
Indicator
Model
Biodiversity
Harmfulness
Agroecology

a b s t r a c t

Weed management must both control weed harmfulness for crop production and promote weed contri-
bution to biodiversity as an essential component of biodiversity in agricultural landscapes. The objective
of the present paper was to evaluate a large range of existing cropping systems to determine manage-
ment rules for reconciling weed-related biodiversity and weed harmfulness, comparing 26 contrasting
cropping systems identified via farm surveys in two contrasting French regions, Burgundy and Poitou-
Charentes. These systems were simulated, using the weed dynamics model FlorSys which predicts weed
flora dynamics over the years, depending on cropping system and pedoclimate. The simulated flora
was translated into five weed harmfulness indicators (crop yield loss, harvest contamination, harvest-
ing difficulty, field infestation, additional crop disease due to weeds) and five weed-related biodiversity
indicators (weed species richness and equitability, weed-based trophic offer for birds, insects and polli-
nators). Cropping system performance was assessed with a Principal Component Analysis (PCA) on the 10
weed-impact indicators, followed by a hierarchical clustering analysis. Five contrasting profiles in terms
of weed harmfulness and contribution to biodiversity were identified, combining different levels of weed
harmfulness and biodiversity. To identify management strategies (i.e., combinations of cultural practices)
for reaching these different performance profiles, tree-based regression and classification models (CART)
were constructed to explain performance profiles as a function of cropping system descriptors and pedo-
climatic variables. Ten management strategies were identified for reaching the five performance profiles.
The most interesting performance profile, which minimized all harmfulness indicators (except harvest
contamination and harvesting difficulty) and maximized all biodiversity indicators (except species rich-
ness), was reached by a single strategy type, consisting of low or no-till systems. Systems with cover
crops and little or no mechanical weeding also reconciled most production and biodiversity goals. Mul-
tiple management pathways for reaching a given goal present the advantage of letting farmers choose
the strategy most compatible with the objectives and constraints of their farm. The present results were
obtained with annual weed species only, and taking into account the management of perennial weeds will
probably modify the strategies. The same method was also applied to identify strategies for reconciling
crop production, biodiversity and reduced herbicide use, though none of the investigated cropping sys-
tems was able to reconcile all three objectives, indicating that novel cropping systems must be designed
specifically for this objective.
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1. Introduction

The intensive use of pesticides in agriculture induces dramatic
effects on the environment (Matson et al., 1997; Tilman, 1999;
Stoate et al., 2001; Geiger et al., 2010). Consequently, crop protec-
tion against pests must be rethought in order to drastically reduce
its reliance on pesticides while maintaining sufficient crop produc-
tion (Tilman et al., 2002; Millennium Ecosystem Assessment, 2005).
Weeds are a particularly interesting pest model case as they are
responsible for the highest potential yield losses (Oerke, 2006), as
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well as an important component of vegetal biodiversity in agricul-
tural landscapes (van Elsen, 2000; Marshall et al., 2003; Le Roux
et al., 2008). Moreover, they are also a crucial trophic resource for
many other guilds (Marshall et al., 2003; Petit et al., 2011). Thus,
cropping systems cannot be solely assessed for their ability to limit
weed-related yield loss but must also be evaluated for their poten-
tial contribution to biodiversity.

Moreover, cropping systems reconciling both production and
biodiversity will probably require an in-depth reorganization of
current agricultural practices, modifying and complicating crop-
ping system components as a whole. To identify the best candidate
solutions, performing a diagnosis of a large range of existing com-
mercial fields is essential to identify and to rank the most pertinent
factors (e.g., Doré et al., 2008; Casagrande et al., 2009; Delmotte
et al., 2011) and thus, to develop guidelines for designing new weed
management strategies.

Various innovative approaches are currently evaluated in long-
term field trials to assess cropping systems and weed flora impact
on crop production and biodiversity (e.g., Gerowitt, 2003; Chikowo
et al., 2009; Davis et al., 2012) but these can only test a small number
of systems in a small number of locations. Farm and field surveys
can monitor a larger number of situations but they usually only
produce a single “snapshot” of weed flora and other biophysical
state variables. Indicators calculated from usual practices and a
few pedoclimatic characteristics, instead of direct annual measure-
ments, try to overcome this short-term approach and to consider a
larger scale (Bockstaller et al., 2008; Castoldi and Bechini, 2010).
Such indicators are though scarce for evaluating weed-related
impacts and they were developed assessing floras periodically
observed in fields (Franke et al., 2009; Sattler et al., 2010).

Models are increasingly used to overcome these shortcomings.
A first evaluation of both weed conservation and weed-induced
loss of production was performed with a model of weed growth
and competition, demonstrating the potential contribution of weed
models to design strategies for weed biodiversity conservation
and crop production (Storkey and Cussans, 2007). However, this
study was restricted to a short-time assessment, as the employed
model only considered part of the weed-life cycle and neglected
cultural techniques essential for managing weeds (e.g., tillage).
Consequently, in a previous study, we developed a new approach
combining a model simulating multispecific weed floras as a func-
tion of cropping systems and pedoclimate with a set of indicators
assessing the impact of these floras on crop production and biodi-
versity (Mézière et al., 2015).

The objective of the present paper was to perform a diag-
nosis of existing contrasted cropping systems identified in farm
surveys, using the previously developed simulation-based indi-
cators of weed-related harmfulness and biodiversity, as well as
herbicide-use intensity, in order to identify (1) the key components
of cropping systems impacting weed-related harmfulness and bio-
diversity criteria, and (2) cropping system strategies to reach single
or multiple objectives of weed management. The weed dynamics
model used in the present study was FlorSys (Gardarin et al., 2012;
Munier-Jolain et al., 2013, 2014; Colbach et al., 2014b,c) because
it is, to the best of our knowledge, to date the only model that (1)
not only predicts mean cropping system effects but also their vari-
ability as a function of weather and location, which is essential to
assess the performance and robustness of cropping systems, and (2)
represents weed species as a combination of species traits, which
not only makes possible the prediction of cropping system compo-
nents on weed flora but also the latter’s effect on crop production
and biodiversity.

Because weed seeds survive over several years (Gardarin et al.,
2010), crop management techniques affect weed dynamics over
several years (Liebman and Ohno, 1998; Doucet et al., 1999; Bond
and Grundy, 2001; Koocheki et al., 2009; Colbach et al., 2013).

Thus, a large number of cropping system determinants must be
studied. Moreover, cropping system components are logically and
pragmatically combined by the farmer to optimize their effects
and interactions as well as their implementation. Their effects on
weed-related biodiversity and harmfulness can thus not be inves-
tigated with multiple linear regressions as these are not adapted
to data with high-order interactions or multi-colinearity (e.g.,
Davidson and Ramsey, 2000; O’Brien, 2007). Moreover, relation-
ships between explanatory cropping system variables and target
variables might not be linear (Tittonell et al., 2008). We thus used
the classification and regression tree (CART, Breiman et al., 1984)
method to explain weed impact variables from cropping system
components. This method was shown to overcome the complex-
ity of numerous interactions between explanatory variables and
non-linear relationships between explanatory and target variables
(De’ath and Fabricius, 2000; Tittonell et al., 2008; Ferraro et al.,
2009; Delmotte et al., 2011).

2. Material and methods

2.1. Panel of studied cropping systems

The diagnosis was performed with a sample of 26 cropping sys-
tems, identified from farm surveys in two French areas of arable
crop production: 10 were cropping systems identified in Burgundy
region (Eastern France) in 2007 and 2009 and, 16 in a long-term
monitoring site in Poitou-Charentes (“ZA Plaines & Val de Sèvres”,
Western France) (Boissinot et al., 2011; Mézière et al., 2015). In each
region, the surveyed farms and fields were chosen to reflect the
regional diversity in weed management practices, by varying prac-
tices for the main discriminating criteria known to structure weed
communities (Zanin et al., 1997; Cardina et al., 2002; Fried et al.,
2008, 2012; Gunton et al., 2011): (i) the diversity in crop sowing
periods in the rotation (from monocultures to diversified rota-
tions including multiannual crops), (ii) tillage practices (from no
tillage to intensive tillage), (iii) chemical weeding intensity (from
organic management, i.e., no herbicide, to intensive use of herbi-
cide). Among the 26 cropping systems, six were organic cropping
systems. Details are given by Mézière et al. (2015). Surveys con-
sisted in collecting information on all crops (including cover crops)
and operations carried out by the farmers during the past years
over at least one repetition of the crop succession pattern in one of
their field, chosen to be representative of farmer’s main practices.

2.2. Predicting weed communities and their impacts in the
surveyed cropping systems

2.2.1. The FlorSys model
FlorSys is a mechanistic (i.e., process-based) model that predicts

multi-specific weed dynamics as a function of cropping systems in
interaction with pedoclimate. The structure of FlorSys is described
in detail in previous papers (Gardarin et al., 2012; Munier-Jolain
et al., 2013, 2014; Colbach et al., 2014c) and further information
can be found in Section A of the Supplementary material online.
The input variables of FlorSys consist in:

• the above-ground climate: evapotranspiration, radiation, tem-
perature and rainfall for each simulated day;

• a description of the simulated location: soil texture and depth as
well as latitude;

• the initial weed seed bank (i.e., seed density for each weed species
and soil layer) present on the first day of the simulation;

• the cropping system during the whole simulated period, com-
prising the crop sequence including set-aside and cover crops,
the date of all operations (tillage, sowing, herbicide application,
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Table 1
Weed-related indicators calculated from FlorSys output and used for the diagnosis of weed management performances (see Mézière et al., 2015 for more details).

Indicator Code Description unit

Contribution for vegetal and animal biodiversity preservation (should be maximized)
Species richness S Number of emerged weed species present at least once during

the cultural year
Number of species

Species equitability E Pielou’s equitabilitya for the cultural year No unit
Trophic offer for birds (“bird food”) B Daily availability on soil surface of weed seeds important for

farmland bird dietb from 1 October to 15 March
No unit

Trophic offer for insects (“insect food”) I Daily availability on soil surface of weed seeds important for
seed-eating carabid dietc from 1 April to 1 October

No unit

Trophic offer for pollinators (“bee food”) P Daily availability of weed flowering plants important for honey
bee dietd from 1 March to 1 November

No unit

Harmfulness for crop production (should be minimized)
Yield loss YL Crop yield loss due to competition for light with weedse %
Harvest pollution HP Pollution of crop seed harvest by weed seeds and plant

fragmentsf, not calculated for multiannual crops, sugar beet
and silage maize

No unit

Harvesting difficulty HD Technical problems induced by weeds at harvest (i.e., jamming
of combine harvester), not calculated for multiannual crops,
sugar beet and silage maize (weed biomass relative to crop
biomass above cutting height)

No unit

Field infestation FI Average daily weed biomass in the field during crop cycle
(from crop sowing to harvest)

T ha−1 day−1

Additional take-all disease AD Additional cereal yield loss due to take-all disease induced by
host weed occurrenceg (only calculated for cereal crops)

%

a Pielou’s equitability varied between [0 and 1]. It approaches 0 when community is dominated by one species, or 1 when all species have the same abundance.
b Class of importance of the different weed species in the diet of farmland bird was determined after Wilson et al. (1999), and completed after Marshall et al. (2003).
c Seed lipid content of weed species (Gardarin et al., 2010) was used as a proxy of specific preferences of seed-eating carabids, after the observations of Trichard et al.

(unpublished).
d Pollination values of the different weed species for domestic honey bees were determined after Ricou et al. (2014).
e Indicator derived from the difference between simulations with weeds and simulations without weeds, all else input data being equal.
f Harvest pollution coefficient for the different weed species was determined after farmers’ expertise (Mézière et al., 2015).
g Yield loss due to take-all was calculated from the model TAKEALLSYS (quantifying the effect of cropping system in interaction with pedoclimate), connected to FLORSYS

model via an interaction model to take account for the effect of host weeds on disease increasing (Mézière et al., 2013).

mechanical weeding, mowing, harvest, manure spreading, irri-
gation) and their characteristics (e.g., for sowing: density, depth,
pattern and crop species and variety, or for herbicide application:
commercial product and rate).

The model is based on a generic life-cycle, consisting in a suc-
cession of life-stages chosen for their interaction with cropping
system components and valid for all annual weed species (see
Supplementary material online). The relationships between the
life-stages depend on these environmental variables and manage-
ment techniques. Interactions between plants (crops or weeds)
are limited to the most important competition process in crop-
weed canopies, i.e., light. Recently, FlorSys was connected to the
TAKEALLSYS model to integrate interactions between grass weeds
and the fungus responsible for take-all disease in cereals (Mézière
et al., 2013). Each day of the simulation, all stages of the life-cycle
are available as outputs.

Various submodels of FlorSys have been successfully evaluated
with independent data (Colbach et al., 2014a). The comparison of
simulated multi-annual weed densities with independent field data
showed that daily species plant and seed densities and, particularly,
densities averaged over the years were generally well predicted
and ranked, particularly at latitudes similar to the model’s orig-
inal region (i.e., Burgundy) and in regions where the dominant
species figure among the 16 parameterized species (Colbach et al.,
2015 submitted). Crop yields were also well predicted and ranked,
though yields of nitrophile species such as oilseed rape tended to be
overestimated. Above-ground biomass was usually overestimated
though multi-annual dynamics were not affected.

2.2.2. Weed impact indicators
The FlorSys output data were translated into indicators reflect-

ing various criteria of harmfulness and benefits resulting from the
weed flora simulated for each cropping system (Table 1). These

indicators were calculated for each cropping season (i.e., from the
day after the previous crop harvest to the day of the current crop
harvest), according to the methodology detailed by Mézière et al.
(2015). To optimize weed management, the weed-related biodi-
versity indicators should be maximized (as high indicator values
reflect high biodiversity contribution) whereas the weed harm-
fulness indicators should be minimized (as high indicator values
reflect high weed harmfulness).

2.2.3. Simulation plan
The 26 cropping systems were simulated for 30 years, and

repeated 10 times with 10 weather scenarios from the region where
the system originated. The weather scenarios were built by ran-
domly choosing (with replacement) annual weather records from
1989 to 2010 at INRA experimental stations in Lusignan (46◦25′N,
0◦07′E) and Dijon-Epoisses (47◦20′N, 5◦2′E) for Poitou-Charentes
and Burgundy, respectively. For each cropping system, soil inputs
were selected from available regional data sets to be as close as pos-
sible to the corresponding soil (two soil types in Burgundy, i.e., from
plains or from highland, two types in Poitou-Charentes: shallow or
deep soil; see Mézière et al. (2015) for soil descriptions).

All simulations started with a multi-specific seed bank con-
sisted of the 16 annual weed species currently parameterized
in FlorSys. These species are common in French arable fields
(www.infloweb.fr) and cover a diversity of preferential emergence
seasons (Mézière et al., 2015). There were three grass weeds
(Alopecurus myosuroides, Avena fatua, Echinochloa crus-galli) and
13 broadleaved species (Amaranthus retroflexus, Capsella bursa-
pastoris, Chenopodium album, Fallopia convolvulus, Galium aparine,
Geranium dissectum, Polygonum aviculare, Persicaria maculosa1,
Senecio vulgaris, Solanum nigrum, Sonchus asper, Stellaria media,

1 Previously Polygonum persicaria.

http://www.infloweb.fr
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Veronica hederifolia). At the onset of the simulation, i.e., on the
first day of the first cropping season, seed bank consisted of
2000 mg m−2 of each species (i.e., in average 3207 seeds m−2 per
species, ranging from 108 to 14,286 seeds m−2, depending on the
species), distributed over the first 10 cm of soil (see Section B.2 in
Supplementary material online).

The weed-impact indicators were calculated by FlorSys for
each simulated year of each cropping system and weather rep-
etition. Indicator values were then averaged, for each cropping
system × repetition combination, over the 20 years kept for analy-
sis.

2.3. Statistical analyses

The simulated data were analyzed in several steps: (1) syn-
thetic descriptors of cultural practices were identified and possible
correlations between these variables were analyzed, (2) the effect
of cropping system descriptors on weed-impact indicators and
herbicide-use intensity were analyzed to identify management
pathways for reaching individual weed management goals, (3) pro-
files of weed management performance in terms of weed impact
on crop production loss and biodiversity as well as herbicide use
intensity were determined, and (4) relationships between cropping
system descriptors and performance profiles were identified.

The first 10 years of simulations were not used for analyses; their
aim was only to let the weed flora adapt to regions and cropping
systems after starting the simulations with an identical, potential
weed flora pool. Since the effect of region in the data set was negligi-
ble compared to that of cropping systems (Mézière et al., 2015), the
26 cropping systems from the two regions were analyzed together,
and region and pedoclimate variables were integrated in the sta-
tistical analyses.

2.3.1. Identifying pertinent cropping system descriptors
Each cropping system (i.e., all crop management techniques

including the choice of crops along the rotation) was character-
ized by a series of variables describing cultural operations during
the crop rotation pattern, based on sensitivity analyses to cropping
system variables carried out with the monospecific grass-weed
prototype of FlorSys (Colbach et al., 2013; Colbach and Mézière,
2013), and completed with literature and our expert knowledge to
take account of the particularities of broadleaved species and multi-
specific weed communities. The rotations were characterized by
the frequency of crop sowing and harvesting periods in the rota-
tion, as these periods are crucial for the success of weed emergence
and reproduction (Koocheki et al., 2009; Fried et al., 2010; Gunton
et al., 2011). The resulting cropping system descriptors, used as
candidate variables to explain weed-management performances,
are summarized in Table 2. To have a more comprehensive view of
co-occurrences between techniques in the 26 surveyed cropping
systems, a Principal Component Analysis (PCA) was run to identify
the linear relationships between numerical descriptors in this crop-
ping system sample (26 data lines). For this analysis, the categorical
descriptors were transformed into numerical variables (with no = 0
and yes = 1).

2.3.2. Correlation between herbicide-use intensity and
weed-impact indicators

Herbicide-use intensity was quantified with the herbicide
treatment frequency index (hTFI), i.e., the number of herbicide
applications weighted by the applied rate relative to the full regu-
latory rate and by the proportion of sprayed field area (Gravesen,
2003). Spearman correlations were calculated between hTFI and
each weed-impact indicator (1) at the annual scale, correlating
the hTFI values of individual crops to the corresponding indica-
tor values (26 cropping systems × 20 simulated years × 10 weather

repetitions = 5200 data lines), and (2) at the cropping system scale,
correlating the hTFI values averaged over the simulation length
with indicator values averaged over 20 years (26 cropping sys-
tems × 10 weather repetitions = 260 data lines).

2.3.3. Identifying profiles of weed management performances
In a previous work, we determined profiles of weed manage-

ment performances in terms of weed-impact on crop production
loss and biodiversity from weed-impact indicators (Colbach et al.,
2014a; Mézière et al., 2015). Here, we extended the method by
including herbicide-use intensity. As in the first profiling, a PCA was
performed on the 10 weed-impact indicators, but here hTFI was
also included. The PCA was again followed by a hierarchical clus-
tering analysis (Ward’s method) on the four first components of the
PCA. The significance of differences between the profiles for each of
the weed-impact indicator were tested with Bonferroni’s least sig-
nificance difference (LSD) when the analysis of variance (ANOVA)
detected a significant effect of profiles on a given indicator. This sec-
ond profiling aims at establishing a typology of cropping systems
according to weed-impact on biodiversity and crop production loss
as well as herbicide-use intensity.

2.3.4. Regression trees for linking multiple weed management
objectives to cultural practices

The CART method aims to construct a tree-based regression
(for quantitative variable) or classification model (for qualitative
variable), by recursively partitioning the data into two groups,
in order to minimize the variability within a group while maxi-
mize it between groups (Breiman et al., 1984). This non-parametric
method makes it possible to explain one variable by a combina-
tion of non-linear and correlated explanatory variables. When the
latter are highly correlated, there is often a choice between sev-
eral variables to split a node, and only the first one maximizing
the variability between the two sub-groups is selected for the tree.
Thus, the variable importance index which takes the role of these
“hidden” or surrogate variables into account, is useful to rank the
weight of explanatory variables on the analyzed output variable.

Tree regressions were used to explain each weed-impact indica-
tor and hTFI as a function of cropping system descriptors (Table 2)
and pedoclimatic variables (region: Poitou-Charentes or Burgundy,
soil type: two types per region). For each of the 26 cropping sys-
tems and 10 repetitions, indicator and hTFI values were averaged
over 20 years, resulting in 260 data lines. The trees were selected
using the modal tree from 100 cross-validations, and were pruned
according to the 1-standard error rule to avoid overfitting the data
(Breiman et al., 1984). Variable importance index was calculated
for all explanatory variables as the sum of the decrease of deviance
at each node (Breiman et al., 1984; Therneau et al., 2012). The PCA
on cultural practices (see Section 2.3.1) was used to check whether
selected variables were not strongly correlated or opposed to hid-
den variables that explained indicator values more logically, based
on our knowledge of the functioning of the agroecosystem.

Finally, the two types of performance profiles (without and with
hTFI) were linked to cropping system descriptors through a classifi-
cation tree, following the same methodology and cropping system
descriptors as for regression trees, in order to identify the combina-
tions of management practices necessary to reach a given profile.

2.3.5. Statistical software
All the analyses were carried out with the R software (version

2.14, http://cran.r-project.org/), with the package ‘FactoMineR’ for
PCA and clustering, ‘car’ and ‘agricolae’ packages for ANOVA (type
II) and LSD test, ‘Hmisc’ package for the Pearson or Spearman cor-
relations, and ‘rpart’ package for classification and regression trees
(Therneau et al., 2012), as well as the inherent variable importance
analysis. Trees were drawn with the associated package ‘rpart.plot’.

http://cran.r-project.org/
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Table 2
Descriptors used to characterise the 26 cropping systems.

Variable Abbreviation Variation range if
quantitative
variable

Modalities if categorical
variable

Min/mean/max Number of cropping
systems per modality

Tillage
At least one tillage or mouldboard ploughing during the rotation Till Yes: 25; no: 1
At least one mouldboard ploughing during the rotation Ploughing Yes: 17; no: 9
Frequency of mouldboard ploughing (operations per year averaged over rotation) FPloughing 0/0.39/1
Frequency of mouldboard ploughing after 1 January (operations per year averaged over
rotation)

FPloughingAfJan 0/0.15/1

Tillage operations per year (other than ploughing) (average over rotation) NbTill 0/2.83/6.5
Days between two tillage operations (average over all operations) IntervalTill 11.0/30.4/71.8
Days between last tillage and sowing IntervalTillSowing 0/3.6/24

Cultural timing
Days with covered soil (by cash or cover crops) per year (average over rotation) CoveredSoil 148/256.4/365
At least one multiannual crop in the rotation Multiannual Yes: 2; no: 24

Cover crop
At least one cover crop in the rotation CatchCrop Yes: 8; no: 18
Cover crops per year (average over rotation) FCatchCrop 0/0.13/1

Sowinga

Mix of autumn/winter and spring/summer sown crops in the rotation MixSowing Yes: 18; no: 8
At least one autumn or winter sown crop in the rotation AutumnWinterSowing Yes: 24; no: 2
Frequency of autumn-sown crops (crops per year averaged over rotation) FAutumnSowing 0/0.12/0.5
Frequency of winter-sown crops (crops per year averaged over rotation) FWinterSowing 0/0.55/1
At least one spring or summer sowing crop in the rotation SpringSummerSowing Yes: 20; no: 6
Frequency of spring-sown crops (crops per year averaged over rotation) FSpringSowing 0/0.13/0.67
Frequency of summer-sown crops (crops per year averaged over rotation) FSummerSowing 0/0.22/1

Chemical weeding
At least one herbicide application during the rotation Chemical Yes: 20; no (organic): 6
Herbicide applicationsb per year (average over rotation) NbChemical 0/1.39/2.75
At least one non-selective herbicide during fallow ChemInter Yes: 7; no: 19
Non-selective herbicides during fallow per year (average over rotation) FChemInter 0/0.14/1
At least one pre/post-emergence herbicide during the rotation ChemEmerg Yes: 18; no: 8
Pre/post-emergence herbicide applications per year (average over rotation) NbChemEmerg 0/0.58/2
At least one herbicide during crop vegetation during the rotation ChemVeget Yes: 18; no: 8
Herbicide applications on crop vegetation per year (average over rotation) NbChemVeget 0/0.81/2.17
Herbicide applications with at least one graminicide active ingredient per year (average over
rotation)b

NbChemMono 0/0.99/2.67

Herbicide applications with at least one anti-dicotyledon active ingredient per year (average
over rotation)b

NbChemDicot 0/1.33/2.5

Herbicide Treatment Frequency Index (average over rotation)c hTFId 0/1.26/3.09

Mechanical weeding
At least one mechanical weeding during the rotation Mechanical Yes: 15; no: 11
Mechanical weeding operations per year (average over rotation) NbMechanical 0/0.57/3.25
At least one harrowing during the rotation Harrow Yes: 6; no: 20
Harrowing operations per year (average over rotation) NbHarrow 0/0.38/2.75
Late harrowing (during crop vegetation) per year (average over rotation) NbHarrowVeget 0/0.24/2
At least one hoeing during the rotation Hoe Yes: 11; no: 15
Hoeing operations per year (average over rotation) NbHoe 0/0.19/1

Harvestc

At least one summer harvest in the rotation SummerHarvest Yes: 24; no:2
Frequency of summer-harvested crops (crops per year averaged over rotation) FSummerHarvest 0/0.72/1
At least one autumn harvest in the rotation AutumnHarvest Yes: 14; no: 12
Frequency of autumn-harvested crops (crops per year averaged over rotation) FAutumnHarvest 0/0.23/1
At least one autumn harvest and one summer harvest in the rotation FMixHarvest Yes: 12; no: 14

a Summer sowing: August–September (oilseed rape); Autumn sowing: October–November (winter cereals, winter legumes); Spring sowings: January–15th March (spring
cereals, spring pea, some sunflowers, majority of lucernes); late spring sowing: 16th March–June (maize, majority of sunflowers, soya, sorghum, sugar beet). Only the year
of implementation of multiannual crops is considered for sowing frequencies.

b One herbicide application can contain more than one active ingredient.
c Summer harvest = July–August, Autumn harvest = September–October (maize, sugar beet, sunflower, sorghum, soya).
d hTFI sums number of applications weighted by their application rate relative to the full regulatory rate and the proportion of sprayed field area.

3. Results

3.1. Characterizing the surveyed cropping system panel

The Principal Component Analysis (PCA) including all cropping
system descriptors showed that the surveyed cropping system

sample truly covered a great diversity in agricultural practices but
that this diversity was not sufficient to avoid correlations between
cropping system variables (Fig. 1). For instance, the intensities
of tillage (NbTill) and mechanical weeding (NbMechanical) were
opposed (i.e., negatively correlated) to herbicide-based systems
(Chemical) and, more generally, the intensity of chemical weeding
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Fig. 1. Structure of the linear relationships between cropping system descriptors through Principal Component Analysis performed on the whole set of numerical descriptors
(dark color) and binary categorical descriptors (light color) 26 studied cropping systems. Only the two first components which explain together 48.74% of inertia are
represented. Definitions of the descriptors are presented in Table 2. The longer an arrow, the more the descriptor is well represented; adjacent arrows show positive
correlation whereas opposite arrows show negative correlations; perpendicular arrows show no correlation. Categorical descriptors, all binary, were transformed into
numerical variables for the PCA, with only two possible values: 0 for “no”, and 1 for “yes”. (For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)

(NbChemical) whereas mouldboard ploughing frequency (FPlough-
ing, FPloughinAfJan) was positively correlated to summer sowing
(FSummerSowing) and autumn harvest (FAutumnHarvest). Con-
versely, the intensity of tillage, mechanical weeding and herbicide
use (mostly related to the first principal component) appeared to
be relatively independent of the frequency of winter or spring crops
in the rotation (whose variables were mostly related to the second
principal component).

Some descriptors used to characterize a given management
technique were strongly correlated, e.g., the herbicide treatment
frequency index (hTFI), the number of herbicide applications
(nbChemical), as well as the numbers of graminicide (nbChem-
Mono) and anti-dicot herbicides (nbChemDicot), respectively.
Consequently, the surveyed farmers mostly applied their herbi-
cides at the full regulatory rate rather than at reduced rates (i.e.,
correlation between hTFI and nbChemical, despite hTFI weighting
applications by their rates, in contrast to nbChemical) and the crop-
ping system sample did not cover a large diversity of strategies for
combining active ingredients (correlation between nbChemMono
and nbChemDicot).

Herbicide-use intensity hTFI ranged from zero in organic sys-
tems to 3 in some rotations with only spring crops. Variation in hTFI
was mostly due to late herbicide applications, i.e., it increased with
increasing number of late herbicide applications (y = 0.88x + 0.54,
R2 = 0.50, Appendix B.2 in Supplementary material online) whereas
no correlation with the number of herbicide applications dur-
ing summer fallow, or with pre or post-emergence sprayings was
observed.

The correlations and antagonisms must be kept in mind when
constructing and analyzing the trees in the following sections.

3.2. Which cropping system determinants explain individual
weed-impact indicators and herbicide-use intensity?

Fig. 2 shows the regression tree model for Bird food, the indi-
cator based on weed seed availability on soil surface for feeding
birds in winter. The remaining trees can be found in the supple-
mentary material online. The first split of the tree segregated the
cropping systems with less than 16 days between two successive
tillage operations (IntervalTill < 16), from those with 16 and more
days (IntervalTill � 16). The latter increased bird food in average
by 2.3 compared to the former. Several additional successive splits
result in 10 different management pathways, combining 7 crop-
ping system descriptors. The best offer (B = 6.1) was obtained in
only one cropping system, combining less than 16 days between
tillage operations with frequent herbicide applications during fal-
low (FChemInter � 0.75). The latter were also often no-till systems
and the former those with multiannual crops in the rotation, i.e.,
conditions favoring weed seed accumulation on soil surface. This
particular example showed the risk of the present method of con-
fusing effects, and that the relations between explanatory variables
as those of Fig. 1 must be well known to correctly interpret the trees.

Conversely, the worst result (B = −2.4, one system, Fig. 2) was
also obtained with cropping systems with less than 16 days
between two successive tillage operations, but this time with
few herbicide applications during fallow (FChemInter < 0.75) and
targeting dicotyledonous weeds (NbChemDicot < 1.5). Again, the
selected variables probably hid the actual causes, as the latter
condition was correlated with frequent tillage, harrowing and
mechanical weeding in general (Fig. 1), and the former with fre-
quent ploughing, hoeing and, again, mechanical weeding in general.



28 D. Mézière et al. / Europ. J. Agronomy 68 (2015) 22–37

IntervalTill < 16

FChemInter < 0.75

NbChemDicot < 1.5

FAutumnHarvest < 0.21

FPloughingAfJan >= 0.083

NbTill >= 2.2 IntervalTill < 25

IntervalTill < 62

Ploughing = 1

IntervalTill >= 16

FChemInter >= 0.75

NbChemDicot >= 1.5

FAutumnHarvest >= 0.21

FPloughingAfJan < 0.083

NbTill < 2.2 IntervalTill >= 25

IntervalTill >= 62

Ploughing = 0

n=260

n=40

n=30

n=10 n=20 n=10

n=220

n=100

n=20

n=10 n=10

n=80

n=40 n=40

n=120

n=100

n=70 n=30 n=20

B=2.9

B=1

B=−0.68

B=−2.4 B=0.16 B=6.1

B=3.3

B=2.4

B=−0.14

B=−2 B=1.7

B=3

B=2.4 B=3.7

B=4

B=3.7

B=3.5 B=4.3 B=5.3

Fig. 2. Regression tree model describing Bird food indicator as a function of cropping system descriptors and pedoclimatic context. At each splitting node and at terminal
nodes, B indicates the average bird food value for the node; the gradient of colors is from green for the highest value of B to red for the lowest one; n is the number of
observations at the node among the 26 cropping systems × 10 repetitions. All the repetitions for a given cropping systems were classified in the same terminal node. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

More interestingly, this type of tree shows that different strate-
gies can result in similar indicator levels. For instance, an indicator
level of approximately 3.6 can be reached by two very differ-
ent pathways, one with more than 21% of autumn-harvested
crops (FAutumnHarvest � 0.21) and regular mouldboard ploughing
(Ploughing = 1), the other with less than 21% of autumn-harvested
crops (FAutumnHarvest < 0.21) and very rare winter/spring plough-
ing (FPloughingAfJan < 0.083).

The most influential cropping system components on indica-
tor variability were identified through the variable importance
index of the tree regression method (Table 3.A). In the case of
bird food, the time between successive tillage operations (Inter-
valTill) was the most important and the frequency of cover crops
in the rotation the least important. When looking more gen-
erally at biodiversity indicators, the most important variables
always referred to fallow practices, i.e., the number of tillage
operations (NbTill), the delay between tillage operations (Inter-
valTill) and non-selective herbicide applications (FChemInter).
NbTill was a major factor for all five biodiversity indictors, FChem-
Inter one for four out of five, together with cover crop frequency
(FCatchCrop). More generally, variables determining the timing
and duration of soil cover (FCatchCrop, CoveredSoil, FWinterSow-
ing) pre-dominantly influenced four indicators. In-crop herbicides
(NbChemVeget, NbChemDicot, NbChemMonon, NbChemEmerg)
were also major factors for four indicators. The details of crop
sowing (except FWinterSowing on species equitability) and har-
vest dates, mechanical weeding and pedoclimatic variables only
presented minor effects on biodiversity.

The results were very different for the harmfulness indicators.
The most important descriptors were always crop-related vari-
ables, i.e., the frequency of different sowing and harvest seasons
(FAutumnHarvest, FSummerHarvest, FSummerSowing, FWinter-
Harvest), the frequency of cover crops (FCatchCrop) and the
duration of soil cover (CoveredSoil). Only once a tillage variable
presented a major effect (i.e., NbTill for yield loss). The perti-
nent management variables varied much more with the analyzed
harmfulness indicator: no variable was dominant for all five or
even four out of five indicators. The most frequent dominant

variables were the crop-related variables listed above, and the win-
ter/spring ploughing frequency (FPloughingAfJan). Curative weed
control variables (mechanical and chemical weeding) presented
little effect. The same was true for pedoclimatic variables.

The cropping system determinants correlated to herbicide-use
intensity were very different and mostly consisted of mechanical-
weeding variables (NbMechanical, NbHoe NbHarrow). The rest
mostly consisted of numerous minor variables related to crop
rotation (CoveredSoil, FAutumnHarvest, FSummerHarvest, Spring-
SummerSow FSpringSowing, MixSowing).

3.3. Variation in weed impact indicators with herbicide use

At the annual scale (i.e., at the level of individual crops of each
cropping system), there was a slight impact of herbicide use on bio-
diversity: species richness and bird food decreased with increasing
hTFI whereas the opposite was true for species equitability and
bee food (Table 4). The latter two effects were though actually an
effect of herbicide-based vs. organic systems; when only consider-
ing herbicide-based systems, species equitability and bee food also
slightly decreased with increasing hTFI.

Reduced herbicide use did not always have the expected effect
on weed harmfulness either. Though yield loss, harvest pollu-
tion and harvesting problems slightly decreased with increasing
hTFI, field infestation and, particularly, additional cereal disease
increased. The increase in field infestation was also an effect of
herbicide-based vs. organic systems but weed-amplified disease
continued to increase with increasing hTFI when only consider-
ing herbicide-based systems, though to a lesser degree. Possibly,
intensive herbicide use mostly eliminated broad-leaved species to
the benefit of grass weeds which are the pathogen-bearing vec-
tor for the take-all disease. More importantly, hTFI was highest
in monotonous rotations (Section B.2 in Supplementary material
online) which are also those favoring the disease.

At the cropping system scale, the effect of herbicide use was
similar but usually even smaller, with an enormous variability in
indicator values for a given hTFI (Table 4). In summary, reduced
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Table 3
Summary of regression tree models predicting weed-impact indicators from synthetic cropping system variables. (For interpretation of the references to color in this table legend, the reader is referred to the web version of this
article.)

A. List of significant cropping system variables ranked as a function of their average relative variable importance index (cells >50 were highlighted in yellow)

Explanatory variable Relative variable importance index (VI index)a Mean

Biodiversity Harmfulness Herbicide use
intensity (hTFI)

Species
richness

Species
equitability

Trophic offer for Yield loss Harvest
pollution

Harvesting
difficulty

Field
infestation

Additional
disease

Birds Insects Pollinators

CoveredSoil 39 82 7 79 69 82 80 27 13 100 38 56
NbTill 62 100 83 100 90 100 16 29 7 7 54
FChemInter 100 48 72 81 100 82 13 4 45
IntervalTill 42 100 51 29 82 21 10 41 20 5 36
FSummerSowing 16 33 28 100 82 100 33
FAutumnHarvest 21 25 20 9 90 92 100 11 33
FCatchCrop 57 46 66 73 68 100 4 7 36
NbChemMono 72 31 28 74 27 18 39 36 11 13 32
FSummerHarvest 21 20 29 95 82 100 12 33
NbChemVeget 62 7 84 16 52 18 12 22 43 29
FPloughingAfJan 4 29 40 74 82 67 27
FWinterSowing 34 69 3 5 74 100 26
NbChemDicot 74 27 84 3 22 18 35 20 26
NbChemEmerg 39 7 73 11 22 48 12 19
Soilb 22 5 30 10 31 14 41 43 9 19
hTFI 38 10 12 9 51 45 19 17
NbMechanical 22 16 22 27 100 17
FPloughing 11 14 20 12 2 87 13
SpringSummerSow 24 18 16 87 16 15
NbHoe 7 27 30 7 18 9 17 50 15
FAutumnSowing 11 38 9 13 36 8 10
NbHarrow 10 15 13 67 10
NbChemical 18 3 10 32 23 8
FSpringSowing 4 3 5 13 11 37 7
SummerHarvest 67 6
Till 36 29 6
NbHarrowVeget 14 12 15 13 5
ChemInter 43 4
MixSowing 16 24 4
AutumnHarvest 20 16 3
ChemEmerg 32 3
MixHarvest 15 16 3
ChemVeget 18 2
FMultiannual 3 15 2
IntervalTillSowing 20 2
Multiannual 15 1
Harrow 13 1
Mechanical 13 1
Regionb 4 7 1
CatchCrop 9 1
Hoe 8 1
Ploughing 3 2 4 1

Relative error 0.23 0.30 0.04 0.06 0.27 0.41 0.45 0.47 0.22 0.24 0.25
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Table 3 (Continued)

B. Synopsis of the best and worst strategies to reach single weed management objective from regression tree models (results for the 26 cropping systems × 10 repetitions)

Weed management objective The one or two best strategiesc The one or two worst strategiesc

Increase species richness No herbicide application during fallow (<0.12 year−1), and
- Frequent mechanical weeding (>0.75 year−1)
- Or rare mechanical weeding (<0.75 year−1), frequent anti-dicotyledon herbicide applications (>1.1

year−1) but hTFI <1.9

Occasional application of a non-selective herbicide during fallow (>0.12 year−1) and
- Frequent cover crops (>0.83 year−1)
- Or rare cover crops (<0.83 year−1) and annual (or less frequent) pre/post emergence herbicides in

the rotation (<1.4 year−1)

Increase specific equitability - Medium tillage frequency (<2.2 year−1), and more than 67% of winter-sown crops in the rotation
- Frequent tillage frequency (>2.2 year−1) and less than 45% winter-sown crops, when deep

Poitou-Charentes or highland Burgundy soil

Frequent tillage (>2.2 year−1), frequent winter-sown crops (>45%) and
- At least one cover crop in the rotation
- Or no cover crops, and only autumn-sown crops (≥0.083 year−1)

Increase trophic offer for
birds

- Less than 16 days between successive tillage operations and annual non-selective herbicide
application during fallow (≥0.75 year−1)

- More than 62 days between successive tillage operations and >21% autumn- harvested crops

- Less than 16 days between tillage operations, rare fallow herbicides (<0.75 year−1), and few
anti-dicotyledon herbicides (<1.5 year−1)

- More than 16 days between tillage operations, <21% autumn-harvested crops, at least one
mouldboard ploughing after January during the rotation (>0.083 year−1) and frequent tillage (≥2.2
year−1)

Increase trophic offer for
insects

- Continuous crop cover by multiannuals or cover crops during fallow(≥328 days year−1)
- Discontinuous crop cover (<328 days year−1), but at least 25% of multiannuals in the rotation (≥0.25

year−1), less than 2.5 anti-monocotyledon herbicides year−1, deep Poitou-Charentes or Burgundy
highland soil, 1 ploughing frequency after January less than once per 3 years, >13 days between
successive tillage operations

Discontinuous crop cover (<328 days year−1) and
- ≥2.5 Anti-monocotyledon herbicides year−1

- Or <2.5 anti-monocotyledon herbicides year−1, shallow Poitou-Charentes or Burgundy plain soil, at
least one mouldboard ploughing after January during the rotation (≥0.083 year−1), <1.4 mechanical
weedings year−1

Increase trophic offer for
pollinators

- Frequent non-selective herbicide applications during fallow (≥0.42 year−1)
- Rare herbicide applications during fallow (≤0.42 year−1), <1.9 herbicide applications year−1 on crop

vegetation, <3.2 tillage operations year−1, and no spring or summer-sown crops

Less than 1.9 herbicide applications year−1 on crop vegetation, and
- Rare fallow herbicides (<0.12 year−1), <3.2 tillage operations year−1, at least one spring or

summer-sown crop in the rotation, >0.78 herbicides year−1 on crop vegetation
- Or few fallow herbicides (<0.42 year−1) and frequent tillage (>3.2 year−1)

Decrease yield loss More than 68 days between successive tillage operations and at least occasional tillage (≥0.33 operation
year−1)

- Between 16 and 68 days between successive tillage operations, deep Poitou-Charentes or Burgundy
plain soil, and more than 38% summer-sown crops

- Less than 68 days between tillage operations, shallow Poitou-Charentes or highland Burgundy soil,
frequent ploughing (>0.83 year−1), and hoeing (≥0.12 year−1)

Decrease harvest pollution More than 80% autumn-harvested crops in the rotation Less than 80% autumn-harvested crops, crop cover <274 days year−1, no summer-sown crop (<0.083
year−1), and
- Deep Poitou-Charentes soil
- Or shallow Poitou-Charentes or highland Burgundy soil

Decrease harvesting difficulty More than 80% summer-sown crops in the rotation Less than 80% summer-sown crops, and <0.42 pre-post-emergence herbicide applications year−1

Decrease field infestation Less than 66% autumn-harvested crops, and
- Less than 17 days between tillage operations
- More than 17 days between tillage operations, Poitou-Charentes soil, <0.71 pre/post-emergence

herbicides year−1 and frequent cover crops (>0.68 year−1)

More than 66% autumn-harvested crops in the rotation and more than 2.7 tillage operations year−1

Decrease additional take-all
disease

At least one spring-sown crop in the rotation No spring-sown crop in the rotation and crop cover ≤287 days year−1

Decrease herbicide
Treatment
Frequence index

At least 0.83 mechanical weeding year−1 Little or no mechanical weeding
- With monotonous rotations (100% autumn/winter crops or 100% spring/summer crops)
- Or with mixed rotations including autumn-harvest crops (sunflower, maize) with last tillage on

sowing day

a Variable importance index (VI index) was calculated from the CART method among cropping system descriptors and soil type variables. VI index was re-scaled in order to be 100 for the most important variable for each
indicator.

b Soil and region were the two pedoclimatic variables.
c Strategies identified in the resulting regression tree.
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herbicide use did not necessarily reduce agricultural production
nor increase biodiversity.

3.4. Cropping system typology based on weed-impact indicators

The PCA on weed-impact indicators, followed by the clustering
led to the identification of five contrasting cropping system pro-
files which correspond to different combinations of weed-impact
indicator values Fig. 3). None of the five types optimized all 10
weed-impact indicators. Profile P5 was the most interesting in
terms of weed impact, as it generally presented the highest bio-
diversity performance (except for species richness) and the lowest
weed harmfulness (except harvest pollution and harvesting diffi-
culty). However, it was also the profile with the second highest
herbicide use.

Profile P1 was generally the worst in terms of biodiversity
(except species richness), additional disease as well as herbicide
use. Profile P3 was worst for yield loss and field infestation but
usually had the lowest herbicide use. P4 was worst for harvest
pollution and harvesting difficulty, with intermediate hTFI. Indi-
cator values still varied inside each cropping system type, pointing
to residual variability that was not accounted for by the present
typology. This residual variability did not depend on the number
of cropping systems inside each cluster as the two largest clusters
(P2 and P4) did usually not present the highest variability. It was
due both to diversity in cropping system characteristics that could
not be linked to a common denominator, and to a larger interac-
tion between cropping systems and weather conditions in the 10
simulated repetitions.

3.5. Identifying strategies for optimizing weed management
performance

Table 3.B summarizes the best and worst management strate-
gies for reaching individual performance goals. Conversely, the
classification trees identify strategies reconciling several, possibly
antagonistic goals (Fig. 4). The final nodes of these classification
trees represent the five different performance profiles identified
above based on weed-impact indicators (Fig. 4A). Only one option
was available to reach the profile reconciling high biodiversity and
low weed harmfulness, i.e., profile 5. These were systems with little
or no tillage (NbTill < 1.1). Profiles 2 and 3 were the only ones max-
imizing species richness, with profile 2 presenting the lowest yield
loss. This profile can moreover be reached by two different path-
ways. One option allows frequent tillage (NbTill � 2.7) but limits
herbicide applications on crop vegetation (NbChemical < 0.83) and
requires more than 12% of winter crops in the rotation (FreqWin-
terSowing � 0.12). The other path limits tillage to approximately
1–3 operations per year (NbTill < 2.7 and NbTill � 1.1) but allows
almost annual vegetation herbicides (NbChemVeget � 0.92) and
pre/post-emergence herbicides approximately every other year
(NbChemEmerg � 0.42).

To identify cropping systems that reconcile reduced herbicide
use, crop production and biodiversity, a new cropping system
typology was built, including hTFI in addition to the weed-impact
indicators. Again, five profiles were identified, ranging from sys-
tems with a low hTFI on the left to high-hTFI systems on the right,
together with management strategies for reaching these profiles
(Fig. 4.B). There was no profile optimizing all performance indica-
tors, pointing to an antagonism between some of the indicators.

Profile B presented the lowest hTFI, maximum weed species
richness and intermediate bird food as well as minimum addi-
tional disease and intermediate field infestation. This performance
profile was reached via two different management pathways: the
first consisted in systems with more than 0.83 mechanical weed-
ing operations per year averaged over the rotation, and less than 0.5
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Fig. 3. Distribution of the weed-impact indicators (A) and herbicide-use intensity (B) for the 5 profiles of weed-management performances identified by clustering from
coordinates of Principal Component Analysis of indicator values. Profiles were approximately ranked from the least to the most performant in terms of biodiversity and
harmfulness control, with profile P1 (grouping 3 cropping systems × 10 repetitions), P2 (11 × 10), P3 (1 × 10), P4 (9 × 10) and P5 (2 × 10). Yield loss was rescaled with worst
system at 100%. Additional take-all disease was not defined for P3 as this profile was constituted by only one system performing grain maize monoculture. On each graph,
groups sited on top with a same letter were not statistically different at ˛ = 0.05 (LSD test following ANOVA with significant signal).
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Fig. 4. Classification tree model describing performance profile as a combination of individual indicator scores of weed-impact indicators only (A) or also including herbicide-
use intensity (B) as a function of cropping system characteristics and pedoclimatic context. Best performances would be represented by a diagram reduced to a green
semi-circle. Radius length of each pie part of the legend diagram corresponds to the maximum indicator value for the studied cropping systems. In profiles, length of
radius was proportional to the indicator value. Below each terminal node, ratio corresponds to the misclassification rate at the node, expressed as the number of incorrect
classifications and the number of observations in the node. Thus, there was no misclassification here, and numerator corresponds to the number of cropping systems in the
node × their 10 repetitions.
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graminicide applications per year; the second was very different,
with little or no mechanical weeding, few cover crops but many
summer-sown crops.

Profile E was the most interesting in terms of biodiversity and
crop production, optimizing most biodiversity (except species rich-
ness) and minimizing most harmfulness indicators (except harvest
contamination and harvesting problems). It was though the pro-
file with the highest hTFI. There existed only one strategy for this
profile, i.e., systems with little or no mechanical weeding and fre-
quent cover crops. The large hTFI was largely due to the chemical
destruction of these temporary crops.

Profile C was most interesting for seed producers as it was the
only case minimizing harvest pollution. It also presented a near
minimum hTFI and several high biodiversity indicators (species
richness and equitability, bird food). It was also reached by only
a single strategy, i.e., systems relying on both mechanical weeding
and frequent graminicides.

4. Discussion

4.1. An original and generic method to assess multiple objectives
of weed management for both production and biodiversity

In our previous work (Mézière et al., 2015), we developed a
set of indicators translating weed outputs from a cropping sys-
tem model into indicators for assessing weed-related harmfulness
and biodiversity. Here, we developed a novel approach, combining
these simulation-based indicators with decision trees to identify
cropping system strategies for reaching various biodiversity and
production objectives. Moreover, the present study is, to the best
of our knowledge, the first attempt to evaluate existing cropping
systems for their ability to manage arable weeds both for crop
protection and biodiversity.

As the method is simulation-based, it can evaluate a large range
of cropping systems, in the long-term and with different weather
repetitions, which is impossible in field trials. Moreover, it can test
prospective cropping systems and weed floras ex ante. Indeed, the
mechanistic structure of the FlorSys model can simulate new com-
binations of both cultural techniques and species traits, and the
trait-based indicators are easy to extrapolate to any new weed
species implemented in the model if the species trait values are
known.

4.2. A method producing realistic results

The FlorSys-indicator package allowed synthetizing and quan-
tifying a considerable amount of individual data and knowledge,
aggregating different models, experimental results and expert
knowledge. Existing literature supports most of our results but
our simulations can go much further because of the synthetic and
quantitative nature of the model used.

First, FlorSys was shown to rank cropping system and weed
species correctly as a function of plant densities at the cropping sys-
tem scale (Colbach et al., 2014a, 2015, submitted). More interesting
were the comparisons of biodiversity and harmfulness indicators.
The strong influence of tillage on weed seed offer for birds and
insects was not surprising as tillage influences the density of surface
seeds by burying and excavating seeds and stimulating germi-
nation (Mohler, 1993). The better performance of low or no-till
systems predicted here is consistent with studies on seed predation
(Meiss et al., 2010; Westerman et al., 2011; Trichard et al., 2014).
The same is true for the increase in bird food in case of rare or
no mouldboard ploughing, leaving over-winter stubbles that favor
seed-eating birds (Wilson et al., 1996; Robinson and Sutherland,
1999; Moorcroft et al., 2002; Cunningham et al., 2004).

Evaluating the prediction quality of weed-related harmfulness
is more difficult as experimental studies either focus on weed infes-
tation or on yield. The analysis of indicator correlations though
showed that yield loss and weed infestation are not necessarily
correlated (Mézière et al., 2015). Moreover, yield performance in
fields not only depends on weeds and other bioagressors but also
on weather, water and nutrient availability (Evans et al., 2011),
and field trials are often not planned to discriminate the differ-
ent factors. However, the undergoing evaluation of FlorSys showed
that the model produces satisfactory predictions for both potential
(Colbach et al., 2014c) and actual crop yields (Colbach et al., 2015,
submitted), even though yields of nitrophile crops such as oilseed
rape tend to be overestimated.

To date, literature about optimizing weed communities for rec-
onciling biodiversity and crop productivity is scarce. The key role of
tillage regime for weed management performance identified here
in simulations was though also reported to strongly influence weed
community composition and structure in fields (e.g., Bàrberi, 2002;
Cardina et al., 2002). These field reports also pointed to the main
short-coming of the simulation-based method, i.e., FlorSys only
considers annual weed species. This is not a problem in tillage-
based systems as shown by the evaluation (Colbach et al., 2015,
submitted) but certainly leads to underestimating weed harm-
fulness in no-till systems which tend to favor perennials (Buhler
et al., 1994; Tørresen et al., 2003; Norsworthy, 2008; Trichard
et al., 2013), indicating that the low or no-till strategies identified
here as optimal for reconciling production and biodiversity would
only remain efficient if there were no risk perennials. Pending the
development of a perennial weed dynamics model, an indicator of
perennial weed spread depending on cultural practices could be
developed from expert opinion.

4.3. A method that must still be improved

The regression trees, particularly the global performance tree,
were shown to be valuable tools to identify management strategies
to reach different crop production and biodiversity goals. Work-
ing from existing cropping systems ensured analyzing realistic and
feasible combinations of cultural techniques. Despite studying two
different pedoclimatic regions and using stratified sampling to sur-
vey a large range of contrasting cropping systems, the resulting
systems still covered only a small part of the possible combina-
tions of cultural techniques. As a consequence, several cropping
system descriptors were correlated (e.g., no-till and high herbicide
use, cover crops hinder intensive tillage), with a high risk of confus-
ing effects. Indeed, as already pointed out by Delmotte et al. (2011),
the classification and regression tree method does not necessarily
avoid confounding effects; splitting criteria in the trees were not
always the most relevant to interpret results and can be a surro-
gate for more comprehensive variables strongly correlated. Indeed,
the method tends to choose the splitter variables with the most
distinct values (Qin and Han, 2008). In this paper, we used a Prin-
cipal Component Analysis to identify links between variables in
order to help interpretation, however this only could reveal the
linear relationships. A first improvement would be to build regres-
sion trees with a subset of variables, excluding surrogate variables
(e.g., excluding the herbicide variables hiding the no-till systems
in the bird food tree). An alternative would be to consider only the
key variables identified with the variable importance index and to
pursue the analysis on this reduced number of variables with mul-
tiple linear or non-linear regressions (Colbach et al., 2004; Genuer
et al., 2010). Another possibility would be to explore more recent
regression tree methods, as the GUIDE method, based on unbiased
tree-based regression (Qin and Han, 2008).

Instead of changing the analytical and modeling methods to
reduce the risk of confusing effects, we could also aim at enlarging
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the data sets, in order to explore additional combinations of cul-
tural techniques. This is indeed imperative as our study showed
that though some of the investigated cropping systems were able
to reconcile crop production and biodiversity, none was able to
reconcile reduced herbicide-use as well. Indeed, the more evalu-
ation criteria must be satisfied, the less cropping system strategies
are able to answer the target requirements. The tested cropping
systems must not only include existing cropping systems but
also virtual cropping systems generated by combining different
modalities (Loyce et al., 2002; Colbach et al., 2013). Whatever the
method, the robustness of the tree model must be checked by
comparing its predictions to independent data. Field-based indi-
cator values are though difficult or impossible to obtained. Thus,
a feasible alternative is to use half of a data set to build the tree
model and the other half to evaluate it (Yohannes and Hoddinott,
1999).

4.4. A method for advising stakeholders

The present method was able to identify cropping system strate-
gies to reach different production and biodiversity objectives,
though the results are still preliminary because of the method-
ological shortcomings identified in the previous two sections. The
key techniques for biodiversity management were shown to be
fallow practices (i.e., tillage regime, non-selective herbicide appli-
cations and the presence of cover crops) and in-crop herbicides.
The key techniques for harmfulness control were crop-related tim-
ing variables (i.e., the frequency of different sowing and harvest
seasons) whereas curative weed control variables presented less
effect, indicating that weed prevention was much more impor-
tant than weed destruction (Storkey and Cussans, 2007; Chikowo
et al., 2009; Koocheki et al., 2009), as it is often anticipated by farm-
ers when designing their programme of weed management (Macé
et al., 2007).

What will interest stakeholders most, is the demonstration that
both production and biodiversity can be maximized in a given crop-
ping system, albeit only in a small number of situations. More
interestingly, several performance profiles were reachable by dif-
ferent management paths, presenting some flexibility to farmers
for choosing the strategies most adapted to the particular objec-
tives and constraints of their farm (e.g., pedoclimatic conditions,
farm machinery, workload).

Only one management strategy maximized both production
and biodiversity though other strategies optimized particular sub-
sets of objectives, for instance high species richness or reduced
harvest problems, which could interest specific stakeholders. For
instance, harvest purity is crucial for crop seed production (Macé
et al., 2007). Moreover, profiles could also be combined in space to
investigate the advantages of landsparing vs. landsharing, i.e., by
managing high-production and low-biodiversity cropping systems
in fields adjacent to other plots managed with low-production and
high-biodiversity systems, rather than trying to reconcile both bio-
diversity and production in each field. This would though mostly
concern highly mobile biodiversity components, such as birds or
bees. One possibility that was not mentioned here is the compen-
sation of low-production and high-biodiversity cropping systems
by subsidies paid by regional, national or supra-national regulators.

The study though also demonstrated that the investigated crop-
ping systems observed in farming practice were unable to reconcile
production, biodiversity and reduced herbicide use, which points
again to the necessity to test a larger range of cropping systems, and,
particularly, to design innovative cropping systems for this specific
objective. The present decision trees can be a helpful tool for design-
ing cropping systems for a particular combination of weed-impact
objectives.

5. Conclusion

The present study developed a novel method to identify
cropping-system strategies for achieving different weed man-
agement goals in terms of controlling weed harmfulness and
promoting contribution to biodiversity. The method (1) evaluates
cropping systems, in the long-term and with different weather sce-
narios, for their weed-related harmfulness and biodiversity, with
virtual experiments with a process-based weed dynamics model
and indicators translating the simulated weed flora into impacts on
crop production and biodiversity, and (2) establishes decision trees
identifying management strategies at field scale resulting in differ-
ent combinations of crop production and biodiversity goals. The
method was applied here to current cropping systems identified in
farm surveys, showing that there were indeed strategies reconcil-
ing production and biodiversity. None of the investigated systems
was though able to reconcile this dual goal with reduced herbicide
use, demonstrating the necessity to design innovative cropping sys-
tems for this particular aim. The present method is generic and
can thus be applied to a large range of prospective cropping sys-
tems, to identify these required novel management strategies, and
the resulting decision trees will be helpful tools for advisors to
design sustainable cropping systems. The method was applied here
at field scale but it can be upscaled to a cluster of fields. Differ-
ent cropping systems could thus, be combined to achieve sufficient
production and biodiversity at a larger scale by compensating insuf-
ficient individual production or biodiversity performances in given
fields by increased performances in neighboring fields. Moreover,
the range of evaluation indicators should be extended to integrate
the spread/abundance of perennial weeds which are not simulated
by FlorSys as well as other weed-related benefits (e.g., reduction of
nitrate leaching during fallow) and damages (e.g., habitat or host of
other crop pests).
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