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Abstract
Dairy farms are systems with multiple dependent variables whose practices influence their economic and environmental 
performances. Decisions made and actions taken to improve environmental performances of dairy farms carry the risk of 
decreasing farm profitability. Correlations among multiple variables must therefore be considered to reliably assess risks of  
improving environmental performances of farms. We applied copula models to a dataset of conventional dairy farms surveyed 
in France to decscribe relationships among their characteristics, such as forage dry matter (DM) production, milk production, 
and greenhouse gas (GHG) emissions. By modeling relationships among farm characteristics, copula models can identify  
the characteristics’ joint distributions, unlike other statistical methods. For dairy farms, copula models are useful for esti- 
mating probabilities of reaching a milk production goal or not exceeding a regulatory emission limit as a function of forage  
production. For instance, when a farm produced at least 4,500 kg DM/livestock unit (LU)/year of maize silage, the probability of  
producing at least 7,000 l milk/cow/year was 75%, while the probability of emitting less than 7,000 kg CO2 eq./LU/year (a 
value close to the mean of 6669 kg CO2 eq./LU/year for all of the farms) was 48%. When the same amount of grass from 
pasture was produced, these probabilities changed to 48% and 78%, respectively (i.e., decreased probability of reaching a 
production goal, but increased probability of not exceeding an emission threshold). Farmers must make trade-offs, since 
increased milk production goals are likely to increase GHG emissions per LU and/or reduce GHG emission intensities per 
l of milk, but are less likely to be reached for a given amount of forage DM. By providing information about relationships 
among farm characteristics that other statistical approaches cannot, copula models are useful for investigating these trade-offs.

Keywords  Animal feeding · Conditional probability · Environmental impact · Farm productivity · Joint distribution

1  Introduction

Agricultural systems involve variables that characterize 
farming practices, climate conditions, or the economic con-
text. These variables influence economic and environmen-
tal performances of these systems. For instance, a French 
study investigated ten measures based on farming practices 
to improve environmental performances of dairy farms [1]. 

In this study, potential decreases and increases in greenhouse 
gas (GHG) emissions due to the measures were analyzed, 
as were trade-offs among them for farmers. When varying 
a farm input to decrease emissions, dependence between 
inputs must be considered to address indirect effects on dairy 
farms. For instance, farmers’ animal-feeding strategies also 
influence enteric methane (CH4) emissions of dairy cattle 
[2]. However, the composition of animal diets (e.g., amounts 
of concentrate feed and maize silage) also influences milk 
productivity. Likewise, increasing milk productivity (dis-
cussed as an alternative to reduce GHG emissions) did not 
reduce GHG emissions at a larger scale when considering 
other systems that milk productivity influenced indirectly, 
such as beef production [3]. Thus, there is practical interest 
in approaches that can consider dependence among variables 
of dairy farms in order to assess GHG-mitigation strategies.
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To address the issue raised by choosing among alterna-
tive solutions that contain trade-offs among multiple cri-
teria, many studies have investigated methods of multicri-
teria decision analysis. For instance, life cycle assessment 
(LCA), which is recognized as the leading framework for 
multicriteria environmental assessment of systems [4], can 
benefit from multicriteria decision analysis to assess trade-
offs among multiple criteria [5]. Likewise, to help choose an 
alternative based on comparative environmental assessments 
such as LCA, others have used stochastic multi-attribute 
analysis, which incorporates performance uncertainty into 
the assessment [6]. Sensitivity analysis methods have also 
been integrated into LCA steps to help stakeholders (e.g., 
farmers) in the decision-making process, by studying the 
contribution of each input parameter to the variance in out-
put [7, 8]. However, the potential for dependence among 
input parameters is an additional complication in the envi-
ronmental assessment of systems [9].

The present study was interested in analyzing indirect 
effects and potential trade-offs when farm characteristics 
are varied to improve environmental and economic per-
formances of dairy farms. However, such analysis requires 
modeling relationships among variables of dairy farm char-
acteristics. Regression models are traditionally used to relate 
variables that contribute to environmental impacts of dairy 
farms (e.g., enteric CH4 emissions) to explanatory variables 
(e.g., dry matter (DM) intake of dairy cows), which describe 
farm characteristics [10]. However, traditional modeling 
approaches are often limited by the need to assume that 
variables are independent and follow a given distribution, 
usually normal. Traditional modeling approaches therefore 
encounter limits when the data contain extreme values (e.g., 
due to farms with uncommon characteristics) or when ran-
dom variables exhibit tail dependence (i.e., stronger cor-
relation as they move further into the tails of their distribu-
tions). A traditional regression model would not have been 
sufficient for our objectives, since it cannot identify tail 
dependence or generate explanatory and output variables 
simultaneously as a function of their respective probability 
distribution functions (pdfs).

Copulas are mathematical models useful for describing 
complex relationships between random variables [12, 13]. 
Copula models can construct joint distribution functions of 
variables from data and do not require the usual assump-
tion that variables follow a normal distribution. They are 
also appropriate for measuring tail dependences for pairs of 
random variables [14, 15]. Copula models have been applied 
to a wide range of topics, including economics, risk manage-
ment, and meteorological events. For instance, they have 
been used to characterize droughts based on the behavior 
of multiple variables, such as precipitation, soil moisture, 
and streamflow [16–18]. Likewise, copula models have 

been used for risk management in economics to investigate 
dependence between sources of risk [19]. Copula models 
have also been used in hydrology to estimate the risk of 
the occurrence of extreme events, by analyzing tail depend-
ence between variables such as peak flow and volume [20, 
21]. Copula models were recently applied in agriculture to 
consider dependencies among distributions of LCA impact 
indicators to analyze uncertainty in estimated impacts of two 
tomato production systems [22].

The present study aimed to assess the probability of 
reaching an economic production goal (e.g., a given milk 
production) or not exceeding an environmental regulatory 
limit (e.g., a threshold of GHG emissions) as a function of 
forage-related characteristics. On dairy farms, DM intake 
by dairy cows is identified as a major driver of milk produc-
tion [23] and CH4 production from enteric fermentation (the 
largest source of GHG emissions in ruminant production) 
[24, 25]. For instance, varying the ratios of grazed grass and 
maize silage in dairy cow diets influences milk production 
and GHG emissions. Thus, the main goal of our study was to 
build joint distribution functions of pairs of variables, which 
represented dependencies among forage-related characteris-
tics (forage DM production), farm profitability (indirectly, 
via milk production), and environmental performance (GHG 
emissions) of dairy farms. To this end, relationships among 
DM of grass from pasture, DM of maize silage, milk pro-
duction, and GHG emissions of dairy farms were modeled 
using a sample of dairy farms in Normandy (France). Envi-
ronmental performances were also analyzed as a function 
of farm productivity.

2 � Data and Methodology

2.1 � Dataset

The dataset consisted of n = 76 conventional dairy farms 
in Normandy surveyed in 2014 by the French Livestock 
Institute (IDELE). Annual data for a variety of farm inputs, 
characteristics, and outputs were collected for each farm: 
areas of pastures and silage maize in the forage area, grass 
yield, number of livestock units (LU), milk produced per 
cow, amount of concentrated feed fed and estimated CH4 
emissions from dairy cows and heifers (Table 1). The main 
dairy cow breeds were Holstein (minimum, mean, and maxi-
mum of 45%, 89%, and 100% of the herd, respectively) on 
54 farms, Normande (61%, 89%, and 100%, respectively) 
on 17 farms, and crossbreeds (50%, 64%, and 100%, respec-
tively) on 5 farms. Milk production per cow was calculated 
as total uncorrected milk production per year divided by the 
number of dairy cows. Although we could have used energy-
corrected milk production, uncorrected milk production was 
sufficient for our goals. GHG emissions (CH4, nitrous oxide, 
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and carbon dioxide) due to production and transport of pur-
chased feeds, purchased fertilizers, and on-farm energy use 
were estimated from the French project LIFE Carbon Dairy 
(www.​carbon-​dairy.​fr). All GHG emissions were estimated 
from information provided by farmers. The main sources 
of GHG emissions were enteric fermentation from cattle, 
manure storage and management, organic and inorganic 
fertilization, and production and transport of inputs (e.g., 
feeds, fertilizers) (Supplementary Fig. S1). GHG emissions 
from these sources were estimated using emission factors 
(e.g., kg CO2 eq./kg feed). Potential carbon sequestration 
(e.g., by pastures) was not considered. For dairy cows and 
heifers, IPCC Tier 3 methodology [26] was used to predict 
enteric CH4 emissions (g CH4/kg digestible organic mat-
ter), based on an empirical model adapted to French national 
contexts that considers factors such as feeding levels and the 
proportion of concentrated feed in the diet [27]. See the Sup-
plementary Information for details about GHG estimation. 
The GHG emission intensity of milk (GHGEmission_intensity; kg 
CO2 eq./l milk) was calculated by dividing gross GHG emis-
sions per farm by total uncorrected milk production per year.

We calculated each farm’s production of each forage per 
LU (kg DM/LU/year) by dividing the total DM of grass from 
pastures (GrassDM) or maize silage (MaizeDM) (equal to area 
(ha) × yield (t DM/ha)) by the number of LU. Since the yield 
of silage maize was not available for dairy farms in our data-
set, we used the mean regional yield of 19.3 t DM/ha in 2014 
[28]. Consequently, the variability in MaizeDM among farms 
was due only to that in their area of silage maize. Forage 
production served as a proxy of forage intake by cattle, which 
was not included in the survey. Forage production of dairy 
farms (e.g., areas and DM of forages) influenced both pro-
ductivity (e.g., milk production per cow (MilkProduced)) and 
environmental impacts (e.g., gross GHG emissions per farm 
(GHGEmissions)), which led to correlation between them (Sup-
plementary Fig. S2). Specifically, GrassDM was significantly 
and negatively correlated with MilkProduced (Spearman cor-
relation coefficient � was − 0.26, p = 0.02) and GHGEmissions 
( � = −0.27 , p = 0.02). Conversely, MaizeDM was signifi-
cantly and positively correlated with MilkProduced ( � = 0.32, 

p = 0.004) and GHGEmissions ( � = 0.54 , p < 0.001). These 
significant correlations highlighted the practical issue of 
examining their dependence in dairy farm systems in more 
detail, by considering the dependence between these and 
other characteristics throughout their respective distributions.

2.2 � Copula Method

This section provides a simplified overview of the funda-
mental concepts of the copula method for modeling the 
dependence structure between only two variables. Unlike 
other statistical methods, the copula method offers many 
(bivariate) functions to represent how two variables vary 
simultaneously, which reveals the regions of their respective 
distributions in which the variables have the highest depend-
ence. In an agricultural context, results of copula models are 
useful for estimating the probability of reaching a threshold 
(e.g., production goal) or not exceeding a threshold (e.g., 
regulatory limit) as a function of given farm characteristics. 
For more details, many articles review copulas comprehen-
sively [29, 30]. We consider continuous random variables 
(rv) X and Y , whose univariate marginal cumulative distribu-
tion functions (cdf) are denoted by FX and FY , and pdf are 
denoted by fX and fY . Then, the pair of variables ( X, Y) has a 
joint cdf and pdf denoted by FX,Y and fX,Y , respectively. The 
cdfs FX , FY , FXY are unknown functions to estimate from 
data with the corresponding densities. We also denote the 
copula cdf by C� , with a univariate or bivariate parameter � , 
and by c� , the copula density function.

2.2.1 � Definition

Given realizations x, y of variables X, Y  on ℝ (the set of all 
real numbers), a copula is a bivariate function that associ-
ates the pair (FX(x),FY (x)) ∈ [0, 1]2 of univariate marginal 
cdf to the joint cdf FX,Y (x, y) = Pr(X ≤ x, Y ≤ y) ∈ [0, 1] as 
follows [12]:

(1)FX,Y (x, y) = C�

(

FX(x),FY (y)
)

, x, y ∈ ℝ.

Table 1   Descriptive statistics 
of annual characteristics of n = 
76 dairy farms in Normandy 
(France) in 2014. CV coefficient 
of variation, GHG greenhouse 
gas

Characteristic Min Mean Max CV (%)

Utilized agricultural area (UAA) (ha) 30.6 119.4 258.1 43
Area of pastures in UAA (%) 15.2 46.7 92.0 37
Area of silage maize in UAA (%) 7.0 24.7 44.6 34
Number of livestock units (LU) 36 109 202 35
Grass yield (t dry matter/ha/year) 1.9 6.1 12.6 32
Concentrated feed fed (g/l milk) 0.0 187.4 319.0 33
Milk production per cow (l/year) 4819 7278 9490 17
Gross GHG emissions (kg CO2 eq./LU/year) 3830 6669 8118 11
Enteric CH4 emissions (kg CO2 eq./LU/year) 2537 3581 4408 9

http://www.carbon-dairy.fr
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By connecting FX,Y to FX and FY , the copula function C� 
describes the dependence between X and Y .

Copula C� is estimated from the data, as detailed later 
(Sect. 2.2.3). Once the copula is estimated, the cdfs FX 
and FY are also estimated to perform goodness-of-fit tests 
(Sect. 2.2.3).

2.2.2 � Examples of Parametric Copulas

A variety of parametric copulas have been developed, which 
are grouped into main classes such as Archimedean, ellipti-
cal, and extreme-value copulas [29]. The variety of copu-
las enables one to model various structures of dependence 
between variables, such as positive or negative dependence 
and lower or upper tail dependence. In an agricultural con-
text, modeling tail dependences is particularly useful since 
the occurrence of maximum (or minimum) values of one 
variable may be conditional on that of maximum (or mini-
mum) values of another variable. As an illustration, we pre-
sent the Archimedean copulas “Joe” [13] and “Frank”[30].

Example 1. The Joe copula C�
Joe , with its parameter 

� ≥ 1 , is defined by

The parameter � ∈ [1,∞) describes the degree of depend-
ence between X and Y  . Thus, � = 1 indicates an independ-
ence structure such that C�=1

Joe(u, v) = uv . The Joe copula 
is appropriate for modeling only positive dependence struc-
tures. It is consistent with bivariate extreme analyses and 
can be used to model upper-tail-dependence structures. The 
upper-tail-dependence coefficient of the Joe copula can be 
calculated and expressed as a function of parameter � , and 
it has a null lower tail-dependence coefficient.

Example 2. The Frank copula C�
Frank , with its real param-

eter � ≠ 0 , is defined by

The value of parameter � provides information about the 
structure of copula C�

Frank . For instance, � → 1 corresponds 
to independence, 0 < 𝜃 < 1 corresponds to positive depend-
ence, and 𝜃 > 1 corresponds to negative dependence. The 
Frank copula is not appropriate for modeling tail-dependence  
structure and has null lower and upper tail-dependence 
coefficients.

There also exist rotated copulas that consist of a simple 
rotation of existing copulas C� by 90°, 180°, and 270°. For 
instance, the 180°-rotated copula of C� , with the density func-
tion c� , is given by setting u to 1 − u and v to 1 − v , which yields 
C�

180rotated (u, v) = u + v − 1 + C�(1 − u, 1 − v), u, v ∈ [0, 1]. 

(2)
C�

Joe(u, v) = 1 −
(

(1 − u)� + (1 − v)� − (1 − u)�(1 − v)�
)1∕�

.

(3)C�
Frank(u, v) = −

1

�
ln

(

1 +
(e−�� − 1)(e−�� − 1)

e−� − 1

)

.

Likewise, the 270°-rotated copula of C� is given by 
C�

270rotated (u, v) = u − C�(u, 1 − v) . The rotated copulas give 
more flexibility for using classes of copula that can dis-
play only one type of (tail) dependencies. For instance, a 
270°-rotated Joe copula can fit negative dependencies, even 
though the non-rotated Joe copula (Example 1) fits only posi-
tive dependencies.

2.2.3 � Copula Selection and Goodness‑Of‑Fit Tests

Given independent realizations ( xi, yi), i = 1,… , n, from the 
pair ( X, Y) of continuous random variables with their mar-
ginal cdf FX and FY . The selection procedure first consists 
of fitting several copulas from the main copula classes. For 
each copula C� considered, an estimate �̂n of parameter � is 
first calculated using the method of maximum likelihood 
such that �̂n = argmax

�

∑n

i=1
lnc�

�

ui, vi
�

 , with c� the copula 

density and ( ui, vi) the pairs are obtained by transforming 
realizations ( xi, yi) to uniform margins on [0, 1]2 . We then 
select the copula that minimizes the Akaike information cri-
terion (AIC) given by AICn = −2

∑n

i=1
ln
�

c�̂n

�

ui, vi
�

�

+ 2p , 
with p being the number of parameters of the copula (e.g., 
p = 2 if � has two components).

Once one copula C�̂n
 with the estimate �̂n of its parameter 

was selected, we plotted two graphs to check the adequacy 
of C�̂n

 to the data [31]. The first graphical test consisted of 
plotting N = 1, 000 random pairs ( Uj,Vj), j = 1,… ,N, simu-
lated using the Monte Carlo (MC) method from copula C�̂n

 
along with pairs ( xi, yi), i = 1,… , n, of observations trans-
formed to uniform margins on [0, 1]2 ( n = 76 for the dataset 
of dairy farms). The MC method is well adapted for simulat-
ing relationships among multiple dependent variables [11], 
such as copulas, thus extrapolating the relatively small sam-
ple to a much larger one and increasing the robustness of the 
results obtained. The second graphical test first required that 
random pairs ( Uj,Vj), j = 1,… ,N, simulated from copula C�̂n

 
(and their margins) be transformed back into the original 
units of pairs ( xi, yi), i = 1,… , n, of observations. Then, the 
scatterplot of pairs (F̂

−1

X

(

Uj

)

, F̂−1
Y

(

Vj

)

) was compared to the 
pairs ( xi, yi) , where F̂X and F̂Y are the estimates of cdf FX and 
FY . This is a simple way to simulate rv X with a (fitted) cdf 
F̂X , since we have F̂−1

X
(U) ∼ F̂X , for any random variable U 

uniformly distributed on [0, 1].
All analyses were performed in R software [32] using 

packages that applied the copula method, such as Vine-
Copula [33] and VC2copula [34]. In particular, parametric 
copulas were chosen using the function “BiCopSelect” of 
the VineCopula package, which fits several copula classes, 
estimates parameters using the maximum likelihood method, 
and calculates AIC.
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2.3 � Application of the Copula Method

The copula selection procedure was first applied to model 
joint distribution functions of pairs of variables from the 
data. Using maximum likelihood estimation, we tested log-
normal, gamma, Weibull, and normal pdfs to fit distribu-
tions of the variables. Based on the Kolmogorov–Smirnov 
test, distributions of GrassDM and MaizeDM were ultimately 
fitted by lognormal pdfs, while those of MilkProduced and 
GHGEmissions were fitted by Weibull pdfs (Supplementary 
Figs. S3 and S4). Conditional probabilities of one variable 
exceeding or not exceeding a threshold given that another 
variable exceeded a given threshold were calculated (Sup-
plementary Eq. S1). To this end, thresholds of milk produc-
tion, GHG emissions, and DM of forages were predefined 
according to the variation range of variables from the dataset 
of 76 dairy farms, as detailed below. Conditional probabili-
ties were calculated from the N = 1,000 points simulated 
from the selected copula using the MC method for the pairs 
of variables considered.

2.3.1 � Milk Production or GHG Emissions as a Function 
of Forage DM

The probability of MilkProduced exceeding or GHGEmissions 
not exceeding given thresholds was calculated given that 
MaizeDM or GrassDM exceeded given thresholds, based on 
values simulated from the chosen copula. For milk pro-
duction, we considered the event A = {MilkProduced ≥ m} 
of exceeding thresholds m > 0 , given that the DM of each 
forage also exceeded thresholds f > 0 (Supplementary 
Eq. S1). For gross GHG emissions, we considered the event 
B = {GHGEmissions ≤ g} of not exceeding thresholds g > 0 , 
given that the DM of each forage also exceeded thresholds 
f > 0 (Supplementary Eq. S3). Thresholds m of MilkProduced 
were varied from 4,000 to 10,000 l/cow/year, with a step of 
1,000. Thresholds g of GHGEmissions were varied from 4,000 
to 9,000 kg CO2 eq./LU/year, with a step of 1,000. Thresh-
olds f of DM of each forage (MaizeDM and GrassDM) were 
varied from 1,500 to 7,500 kg/LU/year, with a step of 1,500.

2.3.2 � GHG Emissions or Emission Intensity as a Function 
of Milk Production

The probability of GHGEmissions or GHGEmission_intensity 
not exceeding given thresholds was calculated given that 
MilkProduced exceeded given thresholds, based on values 
simulated from the chosen copula. For gross GHG emis-
sions, we considered the event C = {GHGEmissions ≤ g} 
of not exceeding thresholds g > 0 , given that MilkProduced 
exceeded thresholds m > 0 (Supplementary Eq.  S4). 

For GHG emission intensities, we considered the event 
D = {GHGEmission_intensity ≤ i} of not exceeding thresholds 
i > 0 , given that MilkProduced exceeded thresholds m > 0 
(Supplementary Eq. S5). Thresholds g of GHGEmissions were 
varied from 4,000 to 9,000 kg CO2 eq./LU/year, with a  
step of 1,000. Thresholds i of GHGEmission_intensity were var-
ied from 0.4 to 1.4 kg CO2 eq./l of milk, with a step of 
0.2. Thresholds m of MilkProduced were varied from 4,000 to 
9,000 l/cow/year, with a step of 1,000.

3 � Results

3.1 � Milk Production as a Function of Forage DM

During the copula-selection procedure, a 180°-rotated Joe 
copula with �̂n = 1.7 (Example 1) and a Frank copula with 
�̂n = − 1.6 (Example 2) best fit the dependence structure 
between MilkProduced and MaizeDM and MilkProduced and 
GrassDM, respectively (Fig. 1).

The graphical test generally indicated reasonably good 
adequacy of the scatterplot of n = 76 points from the dataset 
of dairy farms to that of N = 1,000 points simulated from 
the selected copula using the MC method, for the pairs 
MilkProduced and GrassDM and MilkProduced and MaizeDM 
(Fig. 2). The scatterplots of points from the dataset and 
those simulated from selected copulas overlapped almost 
completely.

The conditional probability of MilkProduced exceeding 
a given threshold logically decreased as this threshold 
increased from 4,000 to 10,000 l/cow/year, given a constant 
threshold of forage DM (MaizeDM or GrassDM) (Fig. 3). 
For the minimum (or maximum) threshold of MilkProduced, 
the probability of exceeding 4,000 (or 10,000) l/cow/year 
was 100% (or 0%), regardless of the threshold of MaizeDM 
or GrassDM. More specifically, the probability of exceed-
ing a constant threshold of MilkProduced increased as the 
threshold of MaizeDM increased. Conversely, the probabil-
ity of MilkProduced exceeding a constant threshold gener-
ally decreased as the threshold of GrassDM increased. For 
instance, the probability of exceeding 7,000 l milk/cow/year 
increased from ca. 62% to 75% (or decreased from ca. 62% 
to 18%) as the threshold of MaizeDM (or GrassDM) increased 
from 1,500 to 7,500 kg/LU/year (Table S1). Then, for the 
same threshold of MaizeDM and GrassDM, the probability 
of MilkProduced exceeding a constant threshold was higher 
given MaizeDM than GrassDM. For instance, the probabil-
ity of exceeding 7,000 l milk/cow/year was 75% (or 48%) 
given that MaizeDM (or GrassDM) exceeded 4,500 kg/LU/
year. Finally, the rotated Joe copula modeled a lower tail 
dependence for MaizeDM and MilkProduced: producing a very 
small amount of milk was conditional on very low DM of 
maize silage.
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3.2 � GHG Emissions as a Function of Forage DM

The 180°-rotated Joe copula with �̂n = 2.3 and Frank copula 
with �̂n = 1.8 best fit the dependence structures between 
GHGEmissions and MaizeDM and GHGEmissions and GrassDM, 
respectively. For each pair of variables, scatterplots of 76 
points from the dataset and of 1,000 points simulated from 
the chosen copulas overlapped almost completely, which 
indicated that the chosen copulas represented the data satis-
factorily (Supplementary Fig. S5).

Based on values simulated from the chosen copula, the 
probability of GHGEmissions not exceeding a given threshold 
logically increased as this threshold increased from 4,000 
to 9,000  kg CO2 eq./LU/year, given a constant thresh- 
old of MaizeDM or GrassDM (Fig. 4). For the minimum (or 
maximum) threshold of GHGEmissions, the probability of  
not exceeding 4,000 (or 9,000) kg CO2 eq./LU/year was 

0% (or 100%), regardless of the threshold of MaizeDM or 
GrassDM. The probability of GHGEmissions not exceeding a 
constant threshold decreased (or increased) as the threshold 
of MaizeDM (or GrassDM) increased. For instance, the prob-
ability of not exceeding 7,000 kg CO2 eq./LU/year (a value 
close to the mean of 6669 kg CO2 eq./LU/year for all of  
the farms (Table 1)) decreased from 65 to 36% (or increased 
from 66 to 83%) as the threshold of MaizeDM (or GrassDM) 
increased from 1,500 to 7,500 kg/LU/year (Table S1). Then, 
for the same threshold of MaizeDM and GrassDM, the prob-
ability of GHGEmissions not exceeding a constant threshold 
was lower given MaizeDM than GrassDM. For instance, the 
probability of not exceeding 7,000 kg CO2 eq./LU/year 
was 48% (or 78%) when MaizeDM (or GrassDM) exceeded 
4,500 kg/LU/year. Finally, the rotated Joe copula modeled a 
lower tail dependence for MaizeDM and GHGEmissions: emit-
ting a very small amount of GHG was conditional on very 

Fig. 1   Density functions of a (a) 180°-rotated Joe copula and (b) 
Frank copula selected to model the dependence structure between 
univariate marginal cumulative distribution functions of (c) milk pro-

duction and dry matter (DM) of maize silage and (d) milk production 
and DM of grass from pastures
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low DM of maize silage, like the relationship between milk 
production and maize silage.

3.3 � GHG Emissions or Emission Intensities 
as a Function of Milk Production

A 180°-rotated Joe copula with �̂n = 2.1 best fit the depend-
ence structure between GHGEmissions and MilkProduced. The 
graphical goodness-of-fit test was generally satisfactory, 
except for two points with the lowest GHGEmissions from the 
dataset of 76 dairy farms (Supplementary Fig. S6).

For the minimum (or maximum) threshold of 
GHGEmissions, the probability of not exceeding 5,000 (or 
8,000) kg CO2 eq./LU/year was ca. 0% (or ca. 100%),  
regardless of the threshold of MilkProduced (Fig. 5a). The 
probability of not exceeding a constant threshold of 
GHGEmissions decreased as MilkProduced increased: emitting a 
very small amount of GHG was conditional on producing a 
very small amount of milk.

A Frank copula with �̂n = − 7.7 best fit the dependence 
structure between GHGEmission_intensity and MilkProduced 

(Supplementary Fig. S6). Unlike GHGEmissions, the probabil-
ity of GHGEmission_intensity not exceeding a constant threshold 
increased as MilkProduced increased (Fig. 5b). For instance, 
the probabilities of not exceeding 0.8 kg CO2 eq./l were 
ca. 20% and 45% when MilkProduced exceeded thresholds of 
6,000 and 8,000 l/cow/year, respectively.

4 � Discussion

4.1 � Potential to Reach Thresholds

4.1.1 � GHG Regulatory Limit

To achieve certain objectives of environmental performances 
(e.g., not exceeding a given threshold of gross GHG emis-
sions or emission intensities) raises the issue of which 
functional unit(s) best represent environmental impacts of 
dairy farms. Our results and the choice of functional unit 
are important when discussing targets for reducing GHG 

Fig. 2   Random sample (gray circles) of size N = 1,000 simulated 
from selected copulas using the Monte Carlo method to model 
dependence structures between milk production (l/cow/year) and dry 
matter (DM) of (a) maize silage and (b) grass from pastures (both in 
kg/livestock (LU)/year). Black crosses represent points from the data-
set of n = 76 dairy farms

Fig. 3   Conditional probabilities of milk production (l/cow/year) 
exceeding given thresholds (“m”) as a function of dry matter (DM) of 
(a) maize silage or (b) grass from pastures (both in kg DM/livestock 
unit (LU)/year) exceeding given thresholds (“f”)
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emissions, and may change decisions about performances 
of dairy farms [35].

From a product-based approach, environmental impacts 
of milk are studied by calculating GHG emission intensity 
per l or kg of milk, among other impacts. MilkProduced is 
indeed one of the variables that influences GHGEmissions the 
most on dairy farms [36]. Dairy farms with high MilkProduced 
had lower GHGEmission_intensity. For instance, the probabilities 
of GHGEmission_intensity not exceeding 1.1 kg CO2 eq./l of milk 
produced (the median value from 75 estimates for fat-and-
protein-corrected milk in the literature [37]) were ca. 94% 
and 99% when MilkProduced exceeded thresholds of 6,000 and 
8,000 l/cow/year, respectively (Fig. 5). Similar results were 
found in a study of three hypothetical dairy farms in Ger-
many with different milk yields — 6,000 (low-producing 
system), 8,000 (medium-producing system), and 10,000 
(high-producing system) kg milk/cow/year — and different 
breeds [38]. In that study, based on probability distributions 
simulated using the MC method, the low-producing system 

had probabilities of 49% and 91% of generating lower GHG 
emission intensities per kg of milk than medium- and high-
producing systems, respectively. However, recall that to 
reach a given threshold of GHG emission intensity, the prob-
ability of MilkProduced exceeding a given threshold depends 
on forage DM (Fig. 6).

Our results showed that unlike GHGEmission_intensity, 
extremely low GHGEmissions were conditional on extremely 
low MilkProduced. Therefore, the lower the minimum thresh-
old of MilkProduced (i.e., milk production goal) on dairy 
farms, the higher the probability of GHGEmissions not exceed-
ing a given threshold. Conversely, increasing the mini-
mum threshold of MilkProduced decreased the probability of 
GHGEmissions not exceeding a given threshold. For instance, 
when increasing the minimum threshold of MilkProduced from 
4,000 to 6,000 l/cow/year, the probability of GHGEmissions not  
exceeding 7,000 kg CO2 eq./LU/year decreased from ca. 
62% to 58%, respectively (Fig. 5a).

Fig. 4   Conditional probabilities of greenhouse gas (GHG) emissions  
(kg CO2 eq./livestock unit/year) not exceeding given thresholds (“g”) as a  
function of dry matter (DM) of (a) maize silage and (b) grass from  
pastures (both in kg/livestock unit (LU)/year) exceeding given thresh-
olds (“f”)

Fig. 5   Conditional probabilities of (a) gross greenhouse gas (GHG) 
emissions (kg CO2 eq./livestock unit/year) and (b) GHG emission 
intensities (kg CO2 eq./l milk/year) not exceeding given thresholds 
(“g” and “i”, respectively) as a function of milk production (l/cow/
year) exceeding given thresholds (“m”)
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4.1.2 � GHG Emissions as a Function of Forage DM

Farming practices to address GHGEmissions (and  
MilkProduced) should consider compromises among pro- 
portions of MaizeDM, GrassDM, and supplements in ani- 
mal diets to reduce GHG emissions (while maintaining 
farm productivity). The contribution of animal feed to 
GHGEmissions must consider how feed ingredients are pro-
duced (i.e., grown, transported, and processed). A grass-
based system would be expected to be more favorable for  
limiting GHGEmissions per LU per year. For instance, a  
high proportion of GrassDM in diets would imply a small 
contribution of purchased feed to GHGEmissions, depend- 
ing on a farm’s degree of feed self-sufficiency [39].  
Conversely, increasing MaizeDM would also increase 
the contribution of fertilization to gross GHG emissions 
[40]. In our results, the higher the minimum threshold of 
MaizeDM used on dairy farms, the lower the probability of 
GHGEmissions not exceeding a given threshold. Feed intake 
also contributes to enteric CH4 emissions and direct and 
indirect nitrous oxide emissions [41]. In addition, feed  
production and manure handling were identified as the  
main GHG emission sources in studies of dairy farms in  
the USA [42, 43].

4.1.3 � Milk Production Goal

When MaizeDM or GrassDM exceeded a low threshold, 
MilkProduced had nearly the same probabilities of exceed-
ing a given threshold of milk production for both MaizeDM 
and GrassDM. Our results also showed that extremely low 
MilkProduced was conditional on extremely low MaizeDM, 
which was not the case for MilkProduced and GrassDM. How- 
ever, increasing MaizeDM increased the probabilities of 
MilkProduced exceeding thresholds more than increasing 
GrassDM did (Table  1). The proportion of MaizeDM or 
GrassDM used in animal diets varies among dairy farms 
depending on geographic location, climatic conditions,  
and areas of pastures and silage maize in the total agri- 
cultural area. A high proportion of maize silage in diets is 
often used to obtain high milk production per cow. Con-
versely, a grass-based diet is usually less able to express  
the milk production potential of dairy cows [44]. For 
instance, North American Holstein–Friesian cows that 
grazed pasture, with no supplements (e.g., concentrates,  
feed additives), produced ca. 32% less milk per day (ca. 
30 kg) than those fed a total mixed ration in confinement  
(ca. 44 kg) [45]. Among other reasons, grass-based diets 
supply less metabolizable energy for milk production. 
Effects of feeding strategies on milk production depend  

Fig. 6   (a) Conditional probabilities of greenhouse gas (GHG) emis-
sion intensities not exceeding a threshold of 1  kg CO2 eq. per l of 
milk as a function of milk production (l/cow/year) and (b) conditional 
probabilities of milk production exceeding thresholds of 6,000 and 

8,000 l/cow/year as a function of dry matter of maize silage and grass 
from pastures exceeding (c) 1,500 and (d) 7,500  kg/livestock unit 
(LU)/year
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on the genetic potential of dairy cow breeds (e.g., Hol- 
stein, Normande) [46]. However, increasing levels of milk 
production raises the issue of potential negative effects on 
the reproductive performance of dairy cows, which is also  
a criterion of farm profitability [47].

4.1.4 � Trade‑offs Between Farm Profitability 
and Environmental Performances

Farmers must make trade-offs between the probability of 
GHG emission intensities not exceeding given thresholds 
as a function of milk production and the probability of milk 
production exceeding given thresholds as a function of for-
age DM (Fig. 6). In our results, the higher the milk pro-
duction, the higher the probability of not exceeding a given 
threshold of GHG emission intensity. Moreover, a threshold 
of milk production was more likely to be exceeded when 
exceeding a certain threshold of DM of maize silage than 
the same threshold of DM of grass from pastures in dairy 
cow diets. It is useful to recall that grass production depends 
more on environmental conditions and less on fertilizer 
applications than maize production, which makes its yields 
more difficult to manage. For instance, impacts of climate 
change on grassland-based production systems have been 
studied due to the dependence of these systems on rain-fed 
feed production [48].

4.2 � Limitations of the Study

The representativeness of this study’s results is limited by 
the relatively restricted geographic distribution (Normandy) 
and small sample size of dairy farms (n = 76), particularly its 
measures of tail dependence based on the number of farms 
with higher or lower milk production and GHG emissions 
as a function of forage production. Extrapolating joint pdfs 
using the MC method, however, did provide more robust 
estimates than the base sample alone would have provided, 
which makes extrapolation useful for the often small data-
bases compiled for whole-farm assessments; nonetheless, 
a larger base sample would have increased the represent-
ativeness of the data and copula modeling. In addition, a 
validation dataset of dairy farms would have been useful 
for evaluating the probabilities of reaching the production 
goals and environmental performances that were calculated. 
For more extensive analysis, probabilities of reaching milk 
production goals and not exceeding GHG regulatory limits 
should be also investigated conditional on variables such as 
concentrated feed, which is often used to supplement dairy 
cow diets. An analysis based only on forage DM provides 
useful information, but it may not be sufficient for reliable 
risk assessment and decision making.

4.3 � Copula Models

Applying copula models allowed us to build joint distri-
bution functions of pairs of variables, which represented 
dependencies among GHGEmissions, MilkProduced, and DM of 
grass from pastures and maize silage of dairy farms. Corre-
lated values of pairs of variables were thus generated accord-
ing to their identified joint distribution function, which is 
an advantage of copula models compared to traditional 
approaches such as regression models. Unlike traditional 
regression approaches, the copula models did not predict 
an output variable as a function of input variables. Instead, 
copula models enabled a larger dataset of dairy farms to be 
simulated by extrapolating characteristics from the original 
sample.

One research perspective is to perform a full multi-
dimensional analysis of economic and environmental perfor-
mances of dairy farms, since MilkProduced and GHGEmissions 
depend on variables besides forage DM. Copula models can 
be applied to model multivariate distribution functions of 
variables that describe a highly dependent multivariate sys-
tem by breaking the system into a cascade of pair copulas 
[49]. Copula models can thus be an approach for analyzing 
risk in environmental assessments of dairy farms by incor-
porating correlations between variables that are not neces-
sarily normally distributed [9]. Based on information about 
the simultaneous occurrence of larger or smaller values of 
variables, copula models can be used to develop perfor-
mance indicators of dairy farms, as an alternative to using 
highly complex models to describe these systems [50].
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