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Supplementary material 1 – model selection
The main data set, which includes agricultural input and biodiversity data, comes from the study by Perrot, Bretagnolle, and Gaba (2022). The SNH rate is defined within a buffer, the radius of which is estimated with the “bsiland” function of the “siland” package (Carpentier & Martin, 2021) to maximize the significance of the effect on pests. The spatial scale is estimated to be from 100 m (i.e., the minimum distance to the neighboring field) to 2,000 m (i.e., higher range of pollinators’ dispersion capacity) from the field border. Information on other variables is available directly in the aforementioned study. 
Variables and model selection procedure
We use the general-to-simple econometrics methodology, based mainly on the Hendry’s works  (Gilbert, 1986).[footnoteRef:2] It consists in defining a general unrestricted model with many potential variables of interest, and then simplifying it step by step (Campos et al., 2005). To construct the general unrestricted model, we select the variables of interest based on the framework in Bretagnolle & Gaba (2015) for intensive agricultural plains (see Table S1). We then exclude the highly correlated variables using Spearman tests (; Wooldridge 2008), keeping the one  with the highest correlation rate with yield among each pair of variables (Table S2). Data are centered to reduce the non-essential multicollinearity, which naturally increases with the presence of interaction terms.  [2:  It is an alternative to more traditional econometrics methods, criticized for the inadequation they involve between theory and empirical observations (more details in Gilbert, 1986). The traditional approach derives the relationship between exogenous and endogenous variables from theory and assumes a perfect knowledge of this relationship, while the general-to-simple modeling methodology involves viewing econometric models as reductions from some unknown data generation process (Campos et al., 2005). Given the nature and the complexity of ecosystem processes and agricultural production, we don’t know the exact structure of the yield model a priori, and thus we use the general-to-specific methodology.
] 

We apply an automated stepwise regression to select the best variables and models using the function “step” of the R base package “stats”. More precisely, we use an Akaike information criteria (AIC) minimization descent algorithm to select the best model by backward induction, corresponding to general-to-specific modeling (Campos et al., 2005). The coefficients of the final models are estimated using ordinary least squares (Wooldridge, 2008). The model with the lowest AIC is selected. The initial (i.e., general unrestricted) model is the classical translog production model with all single and quadratic effects and two-variable interactions. The model is then cleaned of its non-significant terms using likelihood-ratio tests on nested models. Once the final model is selected and coefficients estimated, we compare the mean and standard errors of these coefficients with estimations by bootstrap with 1,000 simulations. This allows us to increase the robustness of the estimation and remove the impact of extreme values on estimators. The model is checked for normality and homoscedasticity. We also check for multicollinearity computing variance inflation factors using the “vif” function of the R base package “car.”

	Variable
	References
	
	Unit
	Summary (N=124)

	Soil type
	(Bartomeus et al., 2015)
	
	
	0: 108
1: 16

	Pest abundance
	(Zheng et al., 2020)
	
	
	Mean: 2.87
SD: 4.6

	Year
	
	
	
	2013: 10
2014: 22
2015: 25
2016: 29
2017: 18
2018: 20

	
	
	
	
	

	Bees
	(Perrot et al., 2018)
	
	
	Mean: 1.22
SD: 1.44

	Fertilizers – Nitrogen
	(Perrot et al., 2022)
	
	kg.ha−1
	Mean: 171.4
SD: 53.4

	Fertilizers – Phosphorus
	(Perrot et al., 2022)
	
	kg.ha−1
	Mean: 55.62
SD: 42.6

	Fertilizers – Potassium
	(Perrot et al., 2022)
	
	kg.ha−1
	Mean: 31.15
SD: 58.9

	Pesticides – Insecticides
	(Oerke, 2006; Zheng et al., 2020) 
	
	TFI.ha−1
	Mean: 2.68
SD: 1.45

	Pesticides – Fungicides
	(Oerke, 2006; Zheng et al., 2020)
	
	TFI.ha−1
	Mean: 0.75
SD: 0.89

	Pesticides – Herbicides
	(Oerke, 2006)
	
	TFI.ha−1
	Mean: 1.79
SD: 1.22

	
	
	
	
	

	Semi-natural habitats
	(Perrot et al., 2022)
	
	% per buffer
	Mean: 0.089
SD: 0.10

	
	
	
	
	

	SNH  Bees
	(Garibaldi et al., 2014)
	
	
	

	Insecticides  Bees
	(Henry et al., 2015)
	
	
	

	Herbicides  Bees
	(Cullen et al., 2019)
	
	
	


[bookmark: _Ref134179967]Table S1 Variable pre-selection based on Bretagnolle and Gaba’s (2015) framework and variable description.

Correlation among variables
We computed the Spearman-correlation matrix for all variables:
	
	Pests
	Bees
	SNH rate
	Insecticides
	Fungicides
	Herbicides
	Nitrogen
	Phosphorus
	Potassium
	Soil type
	Yield

	

	Pests
	1
	−0.137
	−0.133
	0.053
	0.075
	−0.020
	−0.008
	0.172
	0.068
	0.058
	−0.119

	Bees
	
	1
	0.161
	−0.042
	0.107
	0.014
	0.181
	0.147
	0.029
	−0.118
	0.291

	SNH rate
	
	
	1
	0.225
	−0.038
	−0.038
	0.105
	0.041
	−0.030
	−0.260
	0.011

	Insecticides
	
	
	
	1
	−0.111
	0.148
	−0.030
	0.142
	0.066
	0.010
	0.123

	Fungicides
	
	
	
	
	1
	−0.005
	0.151
	0.174
	0.057
	0.128
	0.210

	Herbicides
	
	
	
	
	
	1
	0.161
	0.047
	0.033
	−0.020
	0.153

	Nitrogen
	
	
	
	
	
	
	1
	0.454
	0.410
	−0.112
	0.142

	Phosphorus
	
	
	
	
	
	
	
	1
	0.434
	−0.083
	0.191

	Potassium
	
	
	
	
	
	
	
	
	1
	−0.021
	0.100

	Soil type
	
	
	
	
	
	
	
	
	
	1
	0.222

	Yield
	
	
	
	
	
	
	
	
	
	
	1



Table S2 Spearman-correlation matrix of production related data. Correlation coefficients greater than 0.2 are in bold.
Fertilizers K, N and P were highly correlated (). We kept the Phosphorus which presented the strongest correlation with yield, which is named Fertilizers in the following. In addition, we excluded the year effect because it was strongly linked to bees (Kruskal–Wallis test :, , df = 5) and pest (Kruskal–Wallis test :, , df = 5) abundances. 
Remaining variables, included in the initial production model are 
· Bees
· Bees – SNH interaction
· Bees  Insecticides interaction
· Bees  Fungicides interaction
· Fertilizers
· Fungicides
· Herbicides
· Insecticides
· SNH
· Soil type
· Pests
· Pests  SNH interaction
· Pests  Insecticides interaction
Supplementary material 2 – model estimations
Output of the crop production model
	Crop production model estimation

	

	
	Yield

	

	Bees
	0.045**

	
	(0.018)

	
	

	Fertilizers
	0.042**

	
	(0.018)

	
	

	Fungicides
	0.034*

	
	(0.018)

	
	

	Insecticides
	0.050***

	
	(0.018)

	
	

	Soil type
	0.055***

	
	(0.018)

	
	

	Pests
	−0.072***

	
	(0.018)

	
	

	Insecticides  Pests
	0.053***

	
	(0.020)

	
	

	SNH  Pests
	0.034*

	
	(0.019)

	
	

	Intercept
	1.317***

	
	(0.017)

	

	Observations
	124

	R2
	0.395

	Adjusted R2
	0.353

	Residual Std. Error
	0.192 (df = 115)

	F Statistic
	9.377*** (df = 8; 115)

	

	Notes:
	*p<0.1; **p<0.05; ***p<0.01
Standard errors are in parenthesis


[bookmark: _Ref134545194]Table S3 Crop production model estimation. OLS are used for the estimation.
Bee model estimation
Numerous studies have shown that grasslands can increase bee abundance and thus stimulate crop pollination, and benefits to the yield (but see for examples Garibaldi et al. 2014; Bengtsson et al. 2019). Our model shows that SNH proportion and bee abundance do not interact to increase OSR yield at the field level (the interaction is absent from the final selection; Table S3). However, bee abundance could be linked to the grassland and hedgerow proportion at a higher geographical scale. We employ a hierarchical multilevel model, where a sub-model for bee abundance is first estimated, and then integrated into the production model at the field scale.
We assume that bee abundance is dependent from the surrounding landscape (Woodcock et al. 2013; for review see IPBES 2016a), the latter being part of the farmers’ strategy through SNH implementation. More precisely, bee abundance is affected by SNH (Woodcock et al., 2013) and by mass-flowering crop proportion (Shaw et al., 2020) and by organic farming around (Kennedy et al., 2013). The general specification of the bee abundance  is 
		


	(S1)


 being the intercept,  the land use areas playing on bee abundance, and  being the associated coefficients. The model was estimated using OLS and checked for all linear regression assumptions as well as multicollinearity (Table S4). The dependent variable was the total bee abundance while the independent variables were land uses likely to play on the abundance (OSR, sunflower, wood and grassland proportions, as well as the organic farming coverage rate). For each landscape variable, buffer radius was estimated with the “bsiland” function of the “siland” package (Carpentier & Martin, 2021) in order to maximize the significance of the effect on bees. Spatial scale was estimated from 100 m (i.e., the minimum distance to the neighboring field) to 2,000 m (i.e., higher range of pollinators’ dispersion capacity) from the field border.
Ordinary least squares estimation of Eq. S1 shows that organic farming, SNH, wood and sunflower increase bee abundance (not significantly for the wood proportion), while OSR decreased this (Table S4). The literature shows that extensive OSR fields in the landscape neighboring the focal field may have a diluting effect on bees (Holzschuh et al., 2016).
Note: In the study we test how the modeling of the ecological dynamics impacts NBS efficiency by restricting . Concretely, this situation corresponds to the situation where the SNH beneficial effect on bees is no longer considered in the farmers’ strategy. 


	

	
	Bees

	

	OSR proportion
	−6.519*

	
	(3.900)

	
	

	Sunflower proportion
	10.487***

	
	(2.811)

	
	

	Wood proportion
	1.170

	
	(0.887)

	
	

	SNH proportion
	2.252***

	
	(0.665)

	
	

	Organic farming proportion
	1.253**

	
	(0.627)

	
	

	Intercept
	−1.429***

	
	(0.480)

	
	

	

	Observations
	124

	R2
	0.196

	Adjusted R2
	0.162

	Residual Std. Error
	1.318 (df = 118)

	F Statistic
	5.764*** (df = 5; 118)

	

	Notes:
	*p<0.1; **p<0.05; ***p<0.01
Standard errors are in parenthesis


[bookmark: _Ref134545819]Table S4 Bee abundance model estimation 


Gross margin model estimation
The gross margin model is estimated using our economic data on oilseed rape production in Catarino et al. (2019; Table S5). The coefficients can be interpreted as either the marginal costs associated with each input, or the price for the yield variable. 
	Gross margin model estimation

	

	
	Dependent variable:

	
	

	
	Gross margin

	

	Insecticides
	−51.903***

	
	(12.130)

	
	

	Fungicides
	−53.116**

	
	(24.066)

	
	

	Fertilizers
	−1.749***

	
	(0.359)

	
	

	Yield
	293.942***

	
	(21.968)

	
	

	Intercept
	184.906**

	
	(72.915)

	

	Observations
	294

	R2
	0.429

	Adjusted R2
	0.421

	Residual Std. Error
	227.861 (df = 289)

	

	Notes:
	*p<0.1; **p<0.05; ***p<0.01
Standard errors are in parenthesis


[bookmark: _Ref134547265]Table S5: Gross margin model estimation (without SNH implementation effort due to lack of data)
Because of a lack of available data, the SNH implementation effort is not directly included in the initial model in Table S5. We include it a posteriori, using a separate calibration. The aim is to estimate the opportunity cost of choosing grasslands over other crops. First, the gross margin of a hectare of grasslands is estimated using local technical references (Chambre d’Agriculture, 2022; IDELE, 2015b, 2015c, 2015a) at approximately  (), including all subsidies. The gross margins of all other crops are then estimated using grey literature and CERFRANCE (2021). The theoretical crop hectare that can substitute for grasslands is calculated using observed crop proportions in the study area and gross margins for each substitute. The “grassland free” gross margin of  gives the cost of substituting a crop with a meadow as . Finally, this cost is included in the gross margin final model, but the average cost is removed from the intercept, supposing that the existing grassland cost is already included.

Supplementary material 3 – risk modeling
In our risk modeling we use a Kolmogorov–Smirnov test and find that  follows a Gaussian distribution of mean  and standard deviation . We consider  as the pest rate (flea beetles) observed in the field, that is, . Following Law’s (2014) protocol for selecting probability distributions, we conduct a Kolmogorov–Smirnov test over a panel of six standard distributions (i.e., normal, log-normal, Beta, Gamma, Weibull, and Gompertz). The coefficients of each distribution are estimated using maximum likelihood estimation. The Kolmogorov–Smirnov test is not significant (p-value > 0.14) for the fitted Weibull distribution. Hence, we model pests using a Weibull distribution of parameters ,  – values in parenthesis are the standard deviations obtained by bootstrap with 1,000 simulations. The Weibull specification commonly fits with aggregated pest distributions since it mainly describes survival curves (Wagner et al., 1984). 


Supplementary material 4 – model validation
The asymmetry test consists of estimating and comparing the asymmetric and traditional model specifications (Saha et al. 1997). Our estimations show that the asymmetric specification clearly dominates since the Bayesian information criterion was lower for the former (Table S6). Additionally, a hypothesis test on the SNH coefficient (coefficient equal to zero) in the symmetric model yielded the result that the null hypothesis was not rejected (, ); the null hypothesis that risk-abating input parameters are jointly zero was strongly rejected (, ). This provides strong support for the asymmetric specification.
	

	
	Dependent variable:

	
	

	
	Yield models

	
	Asymmetric (main)
	Symmetric

	
	(1)
	(2)

	

	Bees
	0.088**
	0.085**

	
	(0.035)
	(0.037)

	
	
	

	Fertilizers
	0.024**
	0.028***

	
	(0.010)
	(0.011)

	
	
	

	Fungicides
	0.071*
	0.098**

	
	(0.039)
	(0.040)

	
	
	

	Insecticides
	0.116***
	0.143***

	
	(0.041)
	(0.044)

	
	
	

	Soil type
	0.163***
	0.131**

	
	(0.053)
	(0.057)

	
	
	

	Pests
	−0.323***
	−0.316***

	
	(0.080)
	(0.084)

	
	
	

	Insecticides Pests
	0.549***
	

	
	(0.209)
	

	
	
	

	SNH  Pests
	1.703*
	

	
	(0.969)
	

	
	
	

	SNH
	
	−0.165

	
	
	(0.223)

	
	
	

	Intercept
	1.317***
	1.318***

	
	(0.017)
	(0.018)

	
	
	

	

	AIC
	−46.2
	−34.4

	BIC
	−18
	−9

	Observations
	124
	124

	Adjusted R2
	0.353
	0.283

	Residual Std. Error
	0.192 (df = 115)
	0.203 (df = 116)

	F Statistic
	9.377*** (df = 8; 115)
	7.929*** (df = 7; 116)

	

	Note:
	*p<0.1; **p<0.05; ***p<0.01
Standard errors are in parenthesis
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Furthermore, most studies using the risk-abatement input model use a quadratic specification for the abatement function rather than linear or log-linear forms (see, e.g.,  Saha et al. (1997); Zhengfei et al. 2005; Möhring et al. 2020). We use a dominance test to determine if our log-linear specification leads to a better fit than the quadratic specification. According to our estimations, the Bayesian information criterion is lower for the former, showing the dominance of the log-linear form (Table S7). The quadratic terms are zero at the 5% significance level. In a further joint test, the null hypothesis is not rejected (, ), showing the clear dominance of the log-linear form. 
	

	
	Dependent variable:

	
	

	
	Yield models

	
	Log-linear (main)
	Quadratic

	
	(1)
	(2)

	

	Bees
	0.088**
	0.090**

	
	(0.035)
	(0.035)

	
	
	

	Fertilizers
	0.024**
	0.022**

	
	(0.010)
	(0.010)

	
	
	

	Fungicides
	0.071*
	0.057

	
	(0.039)
	(0.040)

	
	
	

	Insecticides
	0.116***
	0.117***

	
	(0.041)
	(0.041)

	
	
	

	Soil type
	0.163***
	0.169***

	
	(0.053)
	(0.053)

	
	
	

	Pests
	−0.323***
	−0.188

	
	(0.080)
	(0.122)

	
	
	

	Insecticides² Pests
	
	−13.863

	
	
	(10.103)

	
	
	

	SNH²  Pests
	
	−0.172

	
	
	(0.260)

	
	
	

	Insecticides  Pests
	0.549***
	0.461**

	
	(0.209)
	(0.232)

	
	
	

	SNH  Pests
	1.703*
	3.183**

	
	(0.969)
	(1.429)

	
	
	

	Intercept
	1.317***
	1.321***

	
	(0.017)
	(0.018)

	
	
	

	AIC
	−46.2
	−44.6

	BIC
	−18
	−10.7

	Observations
	124
	124

	Adjusted R2
	0.353
	0.354

	Residual Std. Error
	0.192 (df = 115)
	0.192 (df = 113)

	F Statistic
	9.377*** (df = 8; 115)
	7.731*** (df = 10; 113)

	

	Note:
	*p<0.1; **p<0.05; ***p<0.01


[bookmark: _Ref134549753]Table S7: Damage abatement function specification test
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