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Abstract

It has long been recognized that Positive Mathematical Programming (PMP) and economet-
rics can be combined to estimate consistent cost function parameters for agricultural supply
analysis. Yet, the literature on Econometric Mathematical Programming (EMP) and its practi-
cal applicability is comparably scarce. This thesis methodologically refines a recently pro-
posed EMP modelling framework and then applies it to simulate the introduction of a green-
house gas emission cap for three major agricultural regions in France. The first-order condi-
tions of a non-linear total net revenue maximization problem are directly employed to esti-
mate the cost function parameters of a model that calibrates to reference values. Error terms
are specified as the deviation between the observed and the true values of activity levels,
fixed-input levels and fixed-input prices. Then, the developed approach is applied to estimate
the cost functions of French dairy, cattle, and crop farms, using panel data from the EU’s
Farm Accountancy Data Network (FADN) for the years 2005-2012. The estimated cost func-
tions are finally used to simulate the introduction of a greenhouse gas (GHG) emission cap at
regional level and retrieve marginal abatement costs (MAC) as the dual value of the emission
constraint, which can be interpreted as the market price of an emission cap-and-trade sys-
tem. A comparison with MAC estimated by other researchers confirms that the MAC simulat-
ed in this thesis are in a reasonable range. While the levels of almost all farm activities are
reduced if an emission cap is imposed, the magnitude of the reduction depends on the emis-
sions per unit value and the level of an activity produced by a farm in the reference scenario.
The simulations with GHG emission caps reveal that reductions in activity levels and GHG
emissions fall proportionally more on farms with smaller activity levels than on farms with

larger activity levels.
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1. Introduction

1. Introduction

Agricultural policies are globally transitioning from price or income support schemes towards
measures to reduce environmental degradation and incentivize the provision of ecosystem
services. This shift fuels the demand for tools for agri-environmental policy analysis that al-
low to spatially disaggregate resource allocation and output production and link decisions
made on farms with environmental outcomes at regional or national level (Mérel and Howitt
(2014); Pe’er et al. (2019)). A frequently used framework to investigate the impact of an agri-
cultural or an environmental policy on farmers’ choices ex ante is provided by Mathematical
Programming (MP) models, which represent farmers’ objectives as constrained optimization
problems (Carpentier et al., 2015). A milestone in the development of MP models was the
emergence of Positive Mathematical Programming (PMP) and its formalization by Howitt
(1995): By introducing calibrated non-linear terms in the objective function, PMP allows to
construct models that exactly replicate observed reference values of produced activities. In
opposite to linear programming models this is possible even if the number of activities ex-
ceeds the number of justifiable constraints. At least equally important is the much more real-
istic simulation behaviour obtained with PMP, as the non-linearity obviates abrupt disconti-
nuities in the modelled supply response. These features have led to a renewed interest in
MP in the early 2000s, especially as PMP makes it possible to handle decision problems
even if data (for example, at the subregional or farm level) is too scarce to perform econo-
metric procedures (Henry de Frahan et al., 2007).

However, it soon became apparent that the response behaviour of standard PMP models
would always exhibit a certain arbitrariness if the number of parameters to be specified ex-
ceeds the number of observations (Heckelei and Britz, 2000). Additionally, Heckelei and
Wolff (2003) demonstrated that PMP yields inconsistent parameter estimates and that it is
therefore not well suited for the exploitation of additional information, in opposite to econo-
metrics. They propose a general alternative which directly employs the optimality conditions
without the need to first set-up a linear model with a calibration constraint. Their attempt to
combine econometrics and MP initiated a field of research to develop models belonging to a
class that was later termed Econometric Mathematical Programming (EMP) (Buysse et al.,
2007). In spite of its theoretical soundness and its usefulness for agri-environmental policy
simulations, empirical works applying EMP are still scarce or contain potentially harmful ves-
tiges of PMP, such as first-phase linear models that may introduce bias into the final model
used for simulations. (Britz and Arata (2019); Heckelei et al. (2012)).

Contributing to the methodological literature on EMP, Henry de Frahan (2019) proposes a
framework to simultaneously estimate and calibrate model parameters using the Least

Squares criterion. This thesis builds on the suggested approach and follows three objectives:
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First, we assess the applicability of the procedure suggested by Henry de Frahan (2019) for
agricultural policy analysis. Second, we develop a methodological refinement to relieve the
rigid relationship between fixed-inputs and outputs and, thereby, also acknowledge the im-
pact of fixed-input levels on total variable costs. Third, we use the estimated model to simu-
late the introduction of a hypothetical greenhouse gas (GHG) emission cap-and-trade system
for specialized crop, dairy, and cattle farms in the three main agricultural regions in France.
The next chapter sets the scene by outlining the theoretical framework of PMP, starting with
a description of the original procedure and a discussion of its shortcomings. Then, the in-
creasing incorporation of econometrics into PMP is described from early applications of the
Generalized Maximum Entropy and Bayesian approaches to more recent examples that use
the Least Squares criterion and sometimes also account for uncertainty and risk aversion.
Finally, the method proposed by Henry de Frahan (2019) is delineated.

Chapter 3 describes and then critically reviews the methodology which the tested cost func-
tion estimation approach is based upon. Using a Monte Carlo simulation with artificial data
we show that the estimated cost function parameters indeed converge to their true values
with increasing sample sizes. However, we also reveal a decisive flaw that is rooted in the
Leontief fixed-input-output coefficient. A modification of the model specification proposed by
Henry de Frahan (2019) is developed to circumvent this limitation.

Chapter 4 shows the implementation of the cost function estimation using cross-sectional
FADN data. After describing the data and the necessary preparation processes, the calibra-
tion to observed reference values is validated. Then, output price changes are simulated.
Using a model specification identified as promising in chapter 4, chapter 5 simulates the re-
gional introduction of a GHG emission cap-and-trade system. After providing a brief theoreti-
cal background on emission trading systems, an emission constraint is added to the model.
With average values for GHG emissions per output level, the simulation is performed for mul-
tiple emission reduction scenarios and marginal emission abatement costs are estimated.
Finally, chapter 6 concludes by discussing the suitability of the modelling framework for ap-
plied agricultural and environmental policy analysis, drawing from the methodological discus-
sion in chapter 3, but most importantly from the empirical analyses in chapter 4 and 5. Sev-
eral pathways for further developments of the modelling framework are provided.

The simulation of the emission trading system helps to evaluate in how far the model can be
used to answer highly relevant applied research questions. However, it is important to note
that the objective of this thesis is not to provide exact information on emission mitigation
costs. At best, we contribute to a better understanding of emission trading systems and how
they might affect different farm types. Most importantly, this thesis aspires to illustrate the
potential of EMP models and address some of the challenges that have thus far confined the

applicability of EMP.
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2. Theoretical Framework

This chapter describes the theoretical foundations behind Positive Mathematical Program-
ming (PMP). The weaknesses of the original approach and the alternatives that led to the
development of Econometric Mathematical Programming (EMP) are illustrated. Finally, this
chapter introduces the theoretical framework suggested by Henry de Frahan (2019), which
provides a novel cost function estimation method that can be assigned to the realm of Econ-

ometric Mathematical Programming.

2.1. Evolution of Positive Mathematical Programming
2.1.1. Original Positive Mathematical Programming Framework

Positive Mathematical Programming is an approach for cropping decision modelling that al-
lows for exact calibration of decision variables to observed levels, while responding smoothly
to changes in prices or other external variables. The method was used by several agricultural
economists already in the late 1980s and early 1990s, but first formalized by Howitt in 1995
(Henry de Frahan et al., 2007). Even though several shortcomings of PMP were noted and
addressed by researchers in subsequent years, the paper by Howitt (1995) initiated the
widespread application and discussion of calibrated optimization models in agricultural eco-
nomics. It is continuously considered a seminal contribution to the field by reviewers and is
cited by modellers (see for example Henry de Frahan et al. (2007), Heckelei et al. (2012),
Mérel and Howitt (2014), Paris (2017), or Britz and Arata (2019)). The success of PMP origi-
nates in the advantages that the framework provides compared to its alternatives available in
the late 20th century:

Before the development of the PMP approach, attempts to model farmers’ production deci-
sions often relied on normative mathematical programming approaches based on concepts
from operations research. A substantial problem of these models is the often-imposed lineari-
ty assumption for the objective function and the constraints, which at least partly was pro-
voked by lack of computational power. Consequently, the number of activities produced by a
farm in the optimal solution was determined by the number of binding constraints, which in
many cases impeded calibration to observed activity levels. While various ad hoc approach-
es were developed to improve calibration, a fundamental shortcoming of linear programming
approaches remained unsolved, namely the jumpy supply behaviour induced by the changes
of prices or other external variables. This significantly impaired their aptitude for policy simu-
lations. The PMP approach formalized by Howitt (1995) finally provided a framework to gen-
erate more realistic simulation results without the need to impose weakly justified constraints
on the model (Heckelei and Britz (2005) and Mérel and Howitt (2014)).
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The PMP approach consists of a three-step procedure at the end of which a non-linear total
net revenue maximization function for a single economic agent (e.g., a farm) is received with
the observed activity levels as the optimal solution.

In the first step a linear total net revenue (TNR) maximization function of the following form is
specified (Howitt, 1995):

max,TNR = p'x — d'x (2.1)
subject to Ax<b [yl (2.2)
x<x°+e¢ [A] (2.3)
x>0 (2.4)

With the vector x being the vector of decision variables (a vector of output or activity levels)
and x° being a vector of the / observed and realized output or activity levels. Vector p is a
vector of market output prices and d is a vector of variable costs per output unit, both with
dimension I x 1. Vector b is referring to the J fixed-input constraints. A represents a fixed-
input-output matrix of the dimension J x I and indicates the usage of fixed-resource J per unit
of output or activity I. Finally, € is a vector of small perturbations that must be positive and
that are determined by the modeller. It guarantees that the calibration constraint (2.3) is de-
coupled from the resource constraint (2.2) and therefore the dual value y of each of the J
resource constraints is larger than zero (Paris, 2017).

The intention of the first step is to retrieve the I x 1 vector of dual values A of the calibration
constraint that can be interpreted as the differential marginal costs for each activity. Thus the
model (2.1)-(2.4) allows to obtain a measure of the total marginal cost of producing the out-
put or activity vector x, which is the sum of the accounting cost vector d and the differential
marginal cost vector A faced by the farmer (Paris and Howitt, 1998). The utilization of all
available information on observed decisions of an economic agent to infer essential econom-
ic behavioural determinants like the marginal costs is the principal tenet of the PMP frame-
work. It renders the approach “positive”, in contrast to “normative” mathematical program-

ming that is used to optimize the production plan of a firm (Paris, 2010).

In the subsequent steps a non-linear total net revenue maximization function is set up, for

example with a quadratic functional form':

primal: max, TNR = p'x—c'x— %X’QX (2.5)
subject to Ax<b [yl (2.6)
with the corresponding dual problem:

dual: min, TC = b’y + %X’QX (2.7)
subject to Ay+c+Qx=>p [x] (2.8)

T Howitt (1995) defines the derivation of the calibrating parameters as the second step and the specification of
model (2.5) - (2.6) as the third step.
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with non-negativity imposed on output or activity levels x for both the primal and the dual
problem. To retrieve the linear vector ¢ (I X 1) and the quadratic and symmetric matrix Q
(I x 1), the only terms in the model that are unknown thus far, the PMP approach makes use
of the values for the total marginal costs received in the first step:

MC=c+Qx=d+ 4 (2.9)
Consequently, by setting the marginal costs derived from the total net revenue maximization
model (2.5) — (2.6) equal to the sum of the accounting costs d per unit and the differential
marginal costs A, the cost function parameters ¢ and Q can be retrieved, completing the
quadratic programming model.
The total net revenue maximizing activity levels obtained by solving model (2.5) — (2.6) are
identical to the optimal activity levels derived by solving the linear model (2.1) — (2.4), indicat-
ing that the PMP model calibrates perfectly to observed activity levels without having to im-
pose additional constraints (Howitt, 1995). While the non-linearity of model (2.5) — (2.6)
therefore is an agreeable feature from a pragmatic angle, Howitt (1995) also provided an
agronomic justification: Heterogeneous land quality caused the decreasing gross margin,
together with declining marginal yields as the share of an activity increases within a region.
This interpretation also illustrates why the non-linear cost function parameter must be con-
vex, requiring that matrix Q be positive (semi)definite.
The model (2.5) — (2.6) also allows to quantify the impact of a change in output or activity
prices (p) or fixed-input quantities (b) on optimal output or activity levels (x) or shadow prices
(v), a property that makes the PMP approach so interesting for policy analysis (Paris, 2010).
Heckelei and Britz (2005) explain the popularity of PMP-type modelling at the end of the
1990s and at the beginning of the 2000s also partly by a general shift in the paradigm of (Eu-
ropean) agricultural policy away from price support: They argue that policy instruments such
as quotas or set-aside obligations could in many cases not be sufficiently well simulated by
standard econometric approaches. Programming models, on the other hand, allow the link-
age between economic and bio-physical aspects (such as natural resource requirements)
explicitly, a feature that largely prevents implausible results. Mérel and Howitt (2014) add that
the modest data requirements of PMP models facilitate their specification at very fine geo-
graphical resolution (e.g., farm level), making them attractive for the simulation of agri-

environmental policies.

2.1.2. Shortcomings of Positive Mathematical Programming and Development
of Alternatives

The attention that PMP received in the modelling community evoked a critical discussion
about both the flaws and the merits of the methodology, culminating in an array of papers
suggesting modifications to the original approach. Heckelei and Britz (2005), Henry de

Frahan et al. (2007) and Mérel and Howitt (2014) review the early developments extensively.

5
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This section focusses on three aspects: first, on the justification for a non-linear, convex cost
function specification, which deserves attention as it illustrates the conceptual link between
the rather theoretical model formulation and the agronomic reality. Second, on the second-
order behaviour of under-determined PMP models and third, on the estimation bias caused
by inconsistency between the models received in the different PMP phases. The remedies
that were developed in the early 2000s to address the under-determinacy and the estimation
bias constitute the foundation for econometric mathematical programming approaches, such

as the methodology developed and evaluated in this thesis.

2.1.2.1.  Justification for the Global Convexity of the Cost Function

As mentioned in the previous section, Howitt (1995) justified the nonlinearity in the second
and third step of PMP with declining marginal crop yields, mainly due to the heterogeneity of
land. Besides, increasing marginal costs are caused by the fixed nature of many farm inputs
(Howitt, 1995). A first objection against land heterogeneity as the reason for decreasing mar-
ginal yields was expressed by Heckelei (2002): If an increase in activity levels of a crop led to
continuously decreasing yields of this crop, one must assume that the additional unit of land
is the most productive unit of all available land that is not yet allocated to the respective activ-
ity. However, as in reality land is allocated to multiple activities, it is hard to justify why the
expansion of one crop by one unit should always lead to marginally lower average yields.
Mérel and Howitt (2014) later shared these reservations, remarking that land heterogeneity
could nevertheless lead to decreasing yields if one assumes that the land characteristics that
make land favourable vary between activities.

Mérel and Howitt (2014) also discuss the justification that fixed endowment led to increasing
marginal costs. They argue that, for example, crop-specific machinery or labour that cannot
be adjusted in the short run could decrease average gross margins if an activity is expanded.
However, they admit that this argument does no longer hold if the fixed-input is not activity-
specific.

The different justifications for nonlinearity also imply different assumptions about which part
of the net revenue function causes the convexity, as pointed out in the review by Mérel and
Howitt (2014): either, the marginal yield is decreasing or, as it is much more frequently as-
sumed in literature, the marginal cost is increasing in activity levels. The few papers that ap-
plied the former conceptualization usually implemented it using a yield function (like the orig-
inal paper by Howitt (1995)), a Cobb-Douglas function or a Constant-Elasticity-of-Substitution
framework. On the other hand, increasing marginal costs are mostly implemented in litera-
ture using a simple quadratic functional form or, in some cases, the generalised Leontief cost
function (Henry de Frahan, 2019).

In the review of Mérel and Howitt (2014), the authors express their moderate preference for

the decreasing marginal yield approach, arguing that the marginal cost approach implied the

6
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rather unrealistic assumption of constant yields. On the other hand, Heckelei and Britz (2005)
remark that it was unlikely that either only the yield changed but input application remained
constant or vice versa.

Given these equivocal argumentations, Mérel and Howitt (2014) summarize that most PMP
studies have taken the rather pragmatic stance that the net revenue maximization problem
must be concave to ensure that a solver may find a global optimum, regardless of whether

this is reached through decreasing marginal yields or increasing marginal costs.
2.1.2.2. Under-Determination Problem

The original PMP model as formalized by Howitt (1995) was developed as an approach to
represent the total net revenue maximization problem of one individual economic agent, typi-
cally a farm manager. This reflects the initial objective to develop a modelling framework that
can be used if data is too scarce to apply standard econometric approaches based on be-
havioural functions. However, the consideration of only one observation led to a problem that
was soon understood to be a general shortcoming of the PMP approach: the under-
determination of the system of equation (2.9), which consists of I equations used to derive I
linear and I(I + 1)/2 quadratic cost function parameters. The implication of this is that equa-
tion (2.9) can be fulfilled by an infinite number of parameters, all of which calibrate the model
but imply different response behaviour of the economic agents. Heckelei and Britz (2005)
elaborate this point and show that the change of the optimal level of each activity for a
change in output prices depends on the entire Q-matrix, i.e., not only the cost function pa-

rameters for the respective activity (see Annex |):

Z_; — Q—l _ Q—lAI(AQ—lA’)—lAQ_1 (210)

Several ad-hoc approaches were developed to address the under-determination problem, as
summarized by Henry de Frahan et al. (2007). They mainly concerned the assumptions
made for the cost function parameters ¢ and Q: By assuming that the off-diagonal elements

q;,; wWith i # j of matrix Q are all equal to 0, the number of parameters to be estimated can be

reduced to I + I. As the resulting model would still be ill-posed, additional assumptions have
to be made for the linear cost function parameter c:
By setting the parameter ¢ equal to 0, the diagonal elements of matrix Q would reflect the
accounting costs and the differential marginal costs (divided by the activity level) of each ac-
tivity 7in I:

TN

qil ) Cl=0 Vi=1,...,1

Xi
Or, by assuming that the vector c is equal to the accounting cost vector d, the quadratic cost

parameter Q would be equal to the differential marginal costs A divided by the activity level x:
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qi==—, ¢=4d; vi=1,..,1

The average cost approach provides yet another alternative to calculate the parameters ¢
and Q, by presuming that the accounting cost vector d for each activity unit is equal to the
average total variable costs. This assumption can then be used, together with the first order

condition (equation 2.9), to derive the parameters ¢ and Q as follows:

average TVC; = ¢; —%xiqii =d; vi=1,..,1

Qiizzﬁ , G =d;i— A vi=1,..,1

xj
It is noteworthy that this average cost approach requires that variable inputs can be attribut-
ed to each of the activities in I, an assumption that renders the off-diagonal elements of Q to
be zero by definition, but that is also inconsistent with the joint technology of a multi-product
cost function (Heckelei and Britz, 2005).
All of these approaches facilitate calibration, but they have some significant drawbacks,
which become apparent if one brings to mind the meaning of the elements of matrix Q. They
are the second derivatives of the variable cost function with respect to activity levels x and,
consequently, indicate how the marginal costs change when activity levels change. If only
one observation for the dual values of the calibration constraint (2.3) is considered it is simply
impossible to infer information on the change of marginal costs, meaning that the second-
order behaviour of the respective model becomes arbitrary and potentially unsatisfactory
(Heckelei and Britz, 2000).
An option to derive the parameters of the quadratic cost function in a less arbitrary way is the
incorporation of exogenous elasticities as prior information. Helming et al. (2001), who im-
plemented this method first, consider only own price elasticities (leaving aside the off-
diagonal elements of Q) and ignore the marginal effect of price changes on shadow prices
(Heckelei, 2002). This leads to a myopic calibration with model elasticities being lower than
the exogenous values. Mérel and Bucaram (2010) conclude that the utilization of exogenous
elasticities for better second-order behaviour may under certain circumstances allow perfect
calibration. However, they also note that exogenous cross-price elasticities are not often
available. Heckelei and Britz (2005) argue that the incorporation of exogenous information on
supply changes nevertheless presented the only convincing use of PMP if just one observa-
tion is considered.
Yet another approach was introduced and tested by Paris and Howitt (1998), who recovered
a total variable cost function by combining PMP with elements from the maximum entropy
approach. By using the Generalized Maximum Entropy (GME) estimator (see section 2.1.3.1)
as an econometric criterion, this “path breaking” contribution also prepared the ground for the
estimation rather than calibration of the cost function parameters (Heckelei and Britz (2005,

p. 59)). Besides, even though Paris and Howitt (1998) continued to use just one observation
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for the derivation of the cost function, their approach generally made the incorporation of
multiple observations possible. A first application of PMP for cross-sectional datasets was
then provided by Heckelei and Britz (2000). By including multiple observations, they could

derive changes in marginal costs based on observed differences between regions.
2.1.2.3. Inconsistent Parameter Estimation

The incorporation of multiple observations and the utilization of the Generalized Maximum
Entropy approach addressed the under-determination problem of PMP, but they largely built
on the original framework with its three-step procedure. Heckelei and Wolff (2003) scruti-
nized the PMP approach more generally. They concluded that it does not allow for consistent
parameter estimation and therefore is not well suited for the exploitation of additional data
information. The reason for this is that the shadow prices obtained in the first step are differ-
ent from the ones obtained in the second step, indicating that equation (2.9) cannot be seen
as unbiased. To elaborate this argument, equation (2.11) displays the first order condition of
the quadratic model (2.5) — (2.6), with rearranged terms, assuming strictly positive activity

levels and binding resource constraints:

y = (AQ'A") " (AQ'(p— ©) — b) (2.11)

However, the vector y of shadow prices of the resource constraints is different in stage one
of the PMP procedure, when being obtained with the linear model (2.1) — (2.4). To see this, it
is necessary to introduce the reader to the notion of ‘preferable’ and ‘marginal’ activities, that
follows from the linear model defined in the first PMP step: The vector £ of perturbations in
the calibration constraint (2.3) allows the optimal activity levels x to be & units larger than the
observed levels x°. However, to comply with the resource constraint (2.2), the elements of x
cannot be larger than the corresponding elements of x° for all activities. Thus, the calibration
constraint (2.3) is binding only for those activities with the highest marginal net revenue p; —
d;. Those activities are usually named ‘preferable’ activities. The remaining ‘marginal’ activi-
ties are confined by the resource constraint (2.2). Consequently, the dual value A of the cali-
bration constraint is zero for all marginal activities and strictly positive for all preferable activi-
ties, whereas the dual value y of the resource constraint takes positive values only for mar-
ginal activities and is zero for all preferable activities. This property allows to partition the
activity level vector x into an ((I — M) x 1) vector of preferable activities xP with the respec-
tive parameters AP, pP and dP, and an (M x 1) vector of marginal activities x™ with the re-
spective parameters A™, p™ and d™, with M being the number of marginal activities. There-

fore, the fixed-input shadow price derived from the linear model (2.1) — (2.4) in step one is

y = (Am) 7 (pm — am) (2.12)
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This shows that in the linear model in the first PMP step the dual values of the resource con-
straints are determined by different parameters than the dual values of the resource con-
straints in the quadratic model (equation 2.11). This also has implications for the dual values
of the calibration constraints, AP, which can be derived for preferable activities from the first

order condition of the linear model:
AP = pP —dP — AP’y (2.13)

As the dual values AP depend on the fixed-input shadow prices y determined in the first step,
and since the other values A are used to specify the marginal costs of the quadratic model,
Heckelei and Wolff (2003) argue that this leads to inconsistency between the linear and the
non-linear models. This inconsistency can also be grasped by recalling the reason for why
the calibration constraint was introduced at all, in the first PMP step as formulated by Howitt
(1995): It represents the unobserved factors that limit the expansion of the ‘preferable’, thus
the most profitable activities. In the quadratic model, however, calibration is achieved by en-
suring that marginal returns decrease in activity levels. Consequently, whether an activity is
among the most profitable activities depends on its level. This also implies that the dual value
of the fixed-input constraint is not necessarily determined only by those activities that are
among the ‘marginal’ activities in the first step. Given this erroneous calculation of the dual
values, the shadow prices y do not converge to the true shadow prices y when additional

observations are added (Henry de Frahan et al., 2007).

2.1.2.4. A General Alternative to Positive Mathematical Programming

From the perspective of an econometrician, the selected model specification should repre-
sent what is assumed to be the true data generating process. Heckelei and Wolff (2003)
elaborated an approach to estimate a model that is consistent with the modeler's assumption
about the ‘true’ model. The important feature to ensure consistency is the simultaneous esti-
mation of dual values and parameters in one step. In the case of a concave, quadratic total

net revenue maximization function, the objective function can be expressed as follows:

maxy TNRy = gmgxe — ¢'X¢ — %X;‘QXf (2.14)

subject to Afx¢ < by (el (2.15)

where gm is a I x 1 vector of (observed) gross margins. Besides, non-negativity for the activ-
ity levels x is imposed. A striking difference between model (2.14) — (2.15) and the non-linear
model set up in the second and third step of the PMP process (equation (2.5) — (2.6)) is the
introduction of indices for every observation (e.g., farm) f =1, ..., F. This reflects the econo-
metric stance of considering a subsample of a population, in contrast to the original PMP

approach that was explicitly developed for cases with only one observation. Therefore, gmg,

10
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X¢, by and y; are the vectors of gross margins, activity levels, fixed-input constraints and
fixed-input shadow prices, respectively, for each farm f. However, apart from the fact that
Heckelei and Wolff (2003) replace the vector of prices p by the vector of gross margins gm,
the objective function at the farm level is equivalent to the non-linear model specified by
Howitt (1995). The first-order conditions of model (2.14) — (2.15) can be written as

gm; —yiAs—c—Q(xf +he) <0 (2.16)
As(x? + hy) < by (2.17)

To ensure that curvature conditions are fulfilled (such as positive semi-definiteness of matrix
Q), second order conditions like the Cholesky factorisation must be imposed as well>. The
vector hg represents an I X 1 vector of stochastic errors with mean zero and standard devia-
tions g;. Consequently, and in opposite to the vector of perturbations € introduced in the first
step of the traditional PMP approach, the elements of the vector hy may take negative val-
ues. Heckelei and Wolff (2003) provide several interpretations of this error specification: It
may represent an error incurred by the analyst (e.g., a measurement error) or an optimization
error by the farmer. In any case does it imply that the optimal activity level for each observa-
tion is not necessarily equal to the observed activity level, as an observed activity level x&
varies from the optimal activity level x by this idiosyncratic error hg;.
Making use of the Karush-Kuhn-Tucker conditions, it is possible to transform equations
(2.16) — (2.17) into equalities:

(x¢ +hp) O (gm¢ —yjAf—c—Q(x¢ +h) =0  (2.16)

yi O (bf — Ag(xf +h)) =0 (2.17°)

Where the symbol © represents the elementwise (or Hadamard) product of two matrices. As
it will be elaborated in section 3.1.2, the representation of these conditions as an equality is
particularly useful if constraints may not be binding for every observation.

Heckelei and Wolff (2003) chose a generalized maximum entropy specification as the
framework for the parametrization of the error vectors, which they used to set up an objective
function with equations (2.16) and (2.17) as the constraints. This allowed them to simultane-
ously estimate the unknown dual values y and the cost function parameters ¢ and Q and to
analyse the impact of additional prior information (see also Heckelei and Britz (2005)). They
remarked that other estimation techniques such as the Least Squares or Generalized Meth-
ods of Moments could have been applied as well, given that their estimation problem is “well-

posed”.

2 The Cholesky factorisation is not explicitly written as a constraint here and for the following non-linear models,
as it just constitutes an easily implementable means of ensuring convexity, without being part of the generic mod-
el. For a more detailed description of the implementation, see subchapter 3.1.1.

11
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Heckelei and Wolff (2003) pointed out that the direct use of optimality conditions for estima-
tion purposes had already been used before, even though mainly in the context of invest-
ment models, but not yet as an alternative to the standard PMP framework. Heckelei and
Britz (2005) discussed the reasons for this comparably late adoption for programming model
estimation. They concluded that, apparently, mathematical programmers did not see the ne-
cessity for the estimation of programming models with multiple observations, while, on the
other hand, econometricians seem to have largely ignored the mathematical programming

literature.

2.1.3. Evolution Towards Econometric Mathematical Programming

The road for a more systematic incorporation of econometrics into the positive mathematical
programming framework was paved by Paris and Howitt (1998), who introduced an econo-
metric criterion (the GME estimator) and then by Heckelei and Wolff (2003), who provided a
more consistent alternative to PMP. Besides, the inconsistency between the linear and the
nonlinear model of the traditional PMP approach unveiled by Heckelei and Wolff (2003)
prompted most researchers after 2003 to estimate first- and second-order conditions directly,
without estimating a linear model first (Henry de Frahan, 2019). These developments largely
describe the advent of a framework that Buysse et al. (2007) termed “Econometric Mathe-
matical Programming” (EMP). The following section concisely summarizes the evolution to-
wards EMP: First, the GME principle and the Bayesian approach are briefly outlined. Then,
more recent developments are depicted with a focus on those papers that provide the con-

ceptual foundations for the methodology developed and implemented in this thesis.

2.1.3.1.  The Generalized Maximum Entropy and Bayesian Approaches

The possibility to systematically extract information provided by more than one observation is
a fundamental precondition for cost function parameter estimation, rather than calibration.
Heckelei and Wolff (2003) argue that the incorporation of information from multiple observa-
tions could in principle be accomplished with classical estimation techniques, such as Least
Squares. One may therefore wonder why so many modellers have employed the much less
classical (Generalized) Maximum Entropy procedure for estimation, such as Paris and Howitt
(1998), Heckelei and Britz (2000), Paris (2001), Arfini et al. (2008), Petsakos and Rozakis
(2011) or Graveline and Mérel (2014). One reason for the popularity of GME in early papers,
mainly Paris and Howitt (1998), certainly is that it provides a solution to the problem of under-
determinacy, even if only one observation is available. To comprehend this property, it is

important to understand the basic functionality of the Maximum Entropy approach.

The concept of entropy in statistics was first formalized by Shannon (1948), who measures it

as follows, for discrete probabilities:
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= Xiz1 piln(py) (2.18)

where p; stands for the probability of the ith among n support points. If entropy is maximized,
this usually implies that n probabilities p; are calculated so that equation (2.18) is maximized,

subject to the sum of all probabilities being equal to 1. One can easily verify that this is the
case if pj—; = % = p;=, = -* = p;=n, i.€., if all support points are equiprobable, in concurrence

with Laplace’s rule. The intuition behind maximum entropy is to find the probability distribu-
tion that best represents available information about a system while imposing as little as-
sumptions as possible about unknown aspects of this probability distribution. In a context of
econometrics the approach experienced a breakthrough in the late 1990s and early 2000s,
following the publication of a book by Golan, Judge and Miller (1996). They present a gener-
alized maximum entropy framework, consisting of a set of techniques that make it possible to
use prior information on estimation results. A feature that made GME particularly relevant for
the early PMP literature is that, given its strictly concave function of probabilities, it allows to
find a unique solution also for ill-posed problems with comparably little prior assumptions
(Paris and Howitt (1998)).

Heckelei and Wollf (2003) employ GME as a framework for the cost function parameter esti-
mation of a “well-posed” problem. They do this by reparametrizing the vector of error terms
h¢ of model (2.16) — (2.17) as expected errors, with a discrete probability distribution. They
set a support point at five standard deviations above and below the observed activity level
x¢, respectively. Striving to assign each support point the same probability, the entropy is
maximized for the vector ¢ and matrix Q that allow the vector of error terms h¢ to be as close
as possible to 0. Consequently, the GME approach can be used as an error term minimiza-
tion framework, comparable to the Least Squares method. In fact, Preckel (2001) shows that
for support points that are centred around zero and spanning a wide range, Least Squares
and GME produce essentially identical coefficient estimates.

GME also provides a useful framework for the incorporation of exogenous prior information,
such as elasticities. Again, Heckelei and Wolff (2003), provide an instructive example: First,
they write the vector of land allocation elasticities e with respect to own gross margins as a
function of the cost function parameters, the fixed-input-output coefficient, the sample mean
of the gross margin and the sample mean of observed land allocations, for each activity.
Then, they define an upper and a lower support point for each own-price elasticity, based on
exogenous information. Entropy maximization pulls the elements of vector e towards the
mean of the two elasticity support points, while at the same time the other entropy criterion
continues to minimize the vector h¢ of error terms. The authors point out that smaller support
ranges for the exogenous information lead to higher penalties for deviation from the support
centre, as this would require unequal probabilities for each support point and consequently

lower the entropy. The perspective on GME as a penalty function that punishes deviations
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from prior information with an intensity that depends on the strength of this prior information
is outlined by Preckel (2001) in more detail.
Also several more recent studies used GME for the incorporation of exogenous elasticities,

for example Severini and Cortignani (2012) or Petsakos and Rozakis (2015).

While GME has evidently served as a useful procedure in a PMP context and facilitated the
evolution from standard PMP towards EMP, it also entails some pitfalls that were outlined for
example by Heckelei et al. (2008). An important shortcoming is the lack of interpretability of
the interaction between the choice of support points, the choice of reference prior probabili-
ties and data information. Besides, the additional variables (such as probabilities) and equa-
tions that are introduced to incorporate GME in the estimation process render the model
computationally difficult. Therefore, the authors suggest a Bayesian alternative, which also
allows to find unique solutions to underdetermined systems of equations by identifying
Bayesian highest posterior density solutions. They argue that this approach successfully ad-
dressed the above-defined flaws of GME, while being able to reproduce the behaviour of
GME models perfectly, if desired. One example for the practical applicability of the Bayesian
approach was provided by Jansson and Heckelei (2011), who use it to estimate behavioural
parameters of supply models for 219 regions in the EU, within the framework of the CAPRI
model. Henry de Frahan (2019) provides a more extensive summary of the functionality and

the various applications of the Bayesian approach in recent literature.

2.1.3.2.  Standard Econometric Approaches to Cost Parameter Estimation
2.1.3.2.1. Application of Least Squares Estimators
An important advantage of GME or the Bayesian approach for estimation purposes certainly
is that it allows to find unique solutions even for underdetermined problems. However, with a
sufficiently large number of degrees of freedom more classical approaches, such as Least
Squares or the Generalized Methods of Moments, can be applied for parameter estimation
(Heckelei and Wolff (2003)). In the EU, the Farm Accountancy Data Network (FADN) pro-
vides a rich source of farm data and is frequently used in mathematical programming models
(Heckelei et al. (2012)). It is conceivable that its continuous extension in the early 2000s fa-
cilitated the rise of modelling approaches with comparably high data requirements. The im-
pact assessment of the “Health Check” of the EU’s Common Agricultural Policy by Arfini and
Donati (2011) presents an example for the incorporation of the Least Squares estimation
method in a PMP setting. In a first step, the authors set up an estimation model with the min-

imization of the squares of error terms u as the objective function:

. 1,
MiNygdea LS = 5 Ugly (2.19)
subject to ds + Af < QxP + ug (2.20)
dix? < TVCy (2.21)
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uxp +oxP'Qxf = TVC; (2.22)
df + A¢ + Aby; = py (2.23)
biyr + Aix} = pix} — dix (2.24)
Y u=0 (2.25)

To ensure convexity of the quadratic cost matrix Q the Cholesky factorisation is implemented,
too. Using the same notation as, e.g., in equations (2.1) — (2.8), the vectors d represent the
accounting variable costs and the vectors A the differential marginal costs. The scalars TVC
are the total farm variable costs retrieved from the FADN. Thus, they are observed parame-
ters. It is noteworthy that, in opposite to the original PMP approach, the accounting cost vec-
tors d are endogenous. Constraint (2.21) ensures that the accounting costs cannot be larger
than the observed TVC. The left-hand side of constraint (2.22) becomes the new cost func-
tion and must be at least as large as the observed TVC. Constraint (2.23) is the first order
condition of a TNR maximization function, equivalent to equation (2.8) and (2.16) of the pre-
viously defined nonlinear models. Equation (2.24) states that the optimal solution for the dual
problem must equate the optimal value for the primal problem. The estimated quadratic cost
function parameter Q and the vector of error terms @ can then be employed in a TNR maxi-

mization problem that can be used to simulate farm responses:

maxy, TNR; = pgxe — Ogxg — %x}Qxf (2.26)

subject to Agxs < by [ve] (2.27)

with non-negative activity levels x¢. Here, the meaning of the error terms u becomes evident:
They are the linear terms of the quadratic cost function that we denoted with c in the above-
mentioned models. First, this implies that the interpretation of the vector u of error terms is
different from the interpretation of the vector € of error terms in Howitt (1995) or h in Heckelei
and Wolff (2003). The latter defined the elements of h as the deviation of the observed activi-
ty level from the “true” unobserved activity level, a perspective that does not apply for the
elements of u. Second, by minimizing the elements of u Arfini and Donati (2011) must as-
sume that, with increasing sample size, the linear term of the cost function converges to ze-
ro.

Henry de Frahan (2019) remarked that the zero-profit condition imposed by constraint (2.24)
was a questionable assumption, as it implies that all farms observed in the sample must

have already reached their long-run equilibrium.

Another example for the application of Least Squares estimation in a PMP framework is Par-
is (2017). As several aspects of his paper provide the foundation for the model implemented
and analysed in this thesis, we will outline his approach in some detail. Different from Arfini
and Donati (2011) but similar to Heckelei and Wolff (2003), Paris (2017) distinguishes be-
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tween economically optimal activity levels x and observed activity levels x° which deviate
from x by an unrestricted error term h, so that x = x° + h. Another important feature is the
explicit incorporation of observed shadow prices y° in the cost function estimation model.
The idea to make use of potentially available information on the prices of fixed-resources
certainly is not new in itself. Early approaches to include observed land rents into a PMP
model specification to obtain more reliable results were developed for example by Gohin and
Chantreuil (1999), Cypris (2000) and R6hm and Dabbert (2003). Heckelei and Wolff (2003)
then describe how exogenous information on the mean value of shadow prices of the fixed
factors may be incorporated as prior information in their GME framework. Based on their
Monte Carlo simulations they conclude, that especially for small sample sizes this additional
piece of information may actually significantly reduce the Mean Square Errors of estimated
parameters. Paris (2017) incorporates land prices observed at farm level in his model, argu-
ing that “if the information on land price and other important limiting inputs is available, it
should be used (...) in order to avoid violating the principal tenet of the methodology: all the
available information should be used” (p. 21). By assuming that observed land prices y° de-
viate from the “true” shadow prices y by an unrestricted error u, he establishes the relation
y =y°®+u. The vector of error terms u makes it possible to include information on fixed-
resource prices, even if it is only available at a higher level of aggregation, for example at
regional level. However, as the vector u is finally minimized together with the vector h in a
Least Squares setting, a consistent parameter estimation hinges on the assumption that the
expected value of the vector u is 0. By alluding to the original PMP approach developed by
Howitt (1995), Paris (2017) starts by setting up a linear model in a first phase, starting with

the primal problem:

maxxf,thUXf = p;Xf - d;Xf - %h;thf (228)
subject to Asxp < by [ve] (2.29)
Xf = X? + hf [)Lf] (230)

with x¢ > 0. Equation (2.28) is an auxiliary function that is equal to a TNR maximization func-
tion subtracted by a weighted square of the error terms, %hf’wfhf. The matrix W is a weight
matrix with the only purpose to ensure consistent units of measurement®. The vectors d rep-

resent the unit accounting costs of each farm that are known to the modeller. From equations

(2.28) — (2.30) the following Lagrangian function with its first-order conditions can be derived:

I ! 1 ! ! !
LMAXp (X, by, yp, Ap) = Pexe — dexg — S hWehe + yp[be — Agxe] + A¢[xP + he — %] (2.31)

S pr—dp— Ay — A< 0 (2.32)

aXf

3 See section 2.2 for more details.
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BL;/I—I:Xf = —thf + A.f = 0 (233)
"Lg'—y“xf = b; — Agx; = 0 (2.34)
f
dLMAX
s f— X? + hf — X = 0 (235)

substituting (2.33) in (2.32) we can rewrite equation (2.32) as:

OLMAX '
%t f = Afo + thf + df > Pr (236)

The respective dual problem looks as follows:

miny, , AUX; = bgy + %u}Vfuf (2.37)
subject to Aty + df > ps [x£] (2.38)
Ve =yf +ur (W] (2.39)

with y¢ = 0. Analogous to the primal problem, the squared and weighted error terms that indi-
cate the difference between the optimal and the observed value of the shadow prices are
appended to the objective function to form an auxiliary function. Paris (2017) names the
weight matrix ensuring consistency of measurement units in the dual problem V. The respec-

tive Lagrangian function and its first order conditions are as follows:

LMINg (yg, ug, xg, We) = biye + 5 upVeug + x([Afy; + de — pel + Wilye — y¢ — ug] (2.40)
aLaLylfo=bf—Afo+l|Jf20 (2.41)
Tt = Viug — Wy = 0 (2.42)
aLaLxlfo = Afyr+de —pr = 0 (2.43)
a?:::fl\lf =¥~y —ur=0 (2.44)

and again, by substituting (2.42) in (2.41) we can rewrite equation (2.41) as:

OLMIN;
ays

= Afo < bf + Vfllf (245)

It is possible to combine the first-order conditions (2.36) and (2.45) to receive a system of the

following equations:

Afo < bf + Vfllf [Yf] (246)
A%y + Wrhg + d¢ > py [x¢] (2.47)
Xf = X? + hf [thf] (248)
Ve = yf + ug [Vrug] (2.49)

Paris (2017) shows that the Least Squares solution for equations (2.46) — (2.49) is unique.

According to the Karush-Kuhn-Tucker conditions, condition (2.46) is an equality if the re-
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source constraint is binding, and condition (2.47) is an equality if the respective activity level
is positive. The objective of this first step is to generate estimates of the marginal cost levels
Af¥¢ + Wehe + dg and of the input demand levels A¢%;. In a second phase Paris (2017) uses
these estimated levels to estimate a nonlinear cost function, more specifically an extended

Leontief specification of the following form:

Cr (% ye) = (giy0) (Afxe) + 5 (EryoxiQxe + Apxp) (/%) Gyi/?|  (2.50)

I¢ and g may take on any value, but Igx¢ and ggy; must both be strictly positive. As in all non-
linear models described above, the matrix Q is a symmetric, positive definite matrix of the
dimension I x I. The matrix G is of dimension J x J with the only restriction that all its off-
diagonal elements be non-negative. Paris (2017) connects this nonlinear model with the es-
timates from the first phase as follows: first (equation 2.51), he derives the marginal costs of
the Leontief specification (equation 2.50) and equates it to the estimated marginal costs of
the linear model (equation 2.47). Then (equation 2.52), he calculates the input demand func-
tion by applying the Shephard lemma as the derivative of equation (2.50) with respect to the
fixed-input price y; and equates it to the estimated fixed-input demand from the linear model
(equation 2.46)*

(@901 + (Bi90Q%e + 1¢ [(9¢7%) G9{/%| = Afg + Wihe + dy (2.51)
s 1 ! S rgs A ! A A
(UR0gs + 5 8 (XHQRN) + (U%)A (977 69177 = A%, (2.52)

Where A (9{1/2) is a diagonal matrix with terms §; /% on the main diagonal. To ensure con-

vexity, the Cholesky factorization is applied on matrix Q. The objective of equations (2.51)
and (2.52) is to estimate parameters I, g¢, Q and G, thanks to the estimates &, §; and hy
derived in the first phase®. In addition to the two equations depicted here Paris (2017) ap-
pends his model by four equations that allow for the incorporation of exogenous elasticities of
supply in the model. Besides, he notes that matrices Q and G could be specified at farm, re-
gional or even national level. Finally, he formulates the following calibrating equilibrium mod-

el:
mianf,de,Xf,YfCSCf = p;;)fo + p:ifxf (253)
H U PN 1. ey U - "4 =~
SUbJeCt to (lef)gf + ng(XfQXf) + (lef)A (yf 1/2) Gyf1/2 + ppf = bf + Vfllf (254)

@typls + Bty Qx¢ + I [(Yfl/z) GYfl/z] = Pr + Par (2.55)

4 Note that the Shephard lemma is generally applied with respect to the prices of variable inputs and not fixed-
inputs. However, Paris (2017, p. 24) calculates the vector of demand functions for fixed-inputs by deriving the cost
function with respect to fixed-input shadow prices y.

5 Paris (2017) estimates the parameters of the nonlinear cost function by minimizing the sum of the square of two
auxiliary slack variables. For reasons of brevity, this is not explicitly stated in the depicted model. See Paris (2017,
p. 27) for details.
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where slack-surplus variables for the primal constraints (p,¢) and for the dual constraints
(pgr) are added. Note that this model now uses the estimates from the second phase (model
(2.51) — (2.52)) to simulate activity levels and fixed-input prices, X and ¥s, respectively. Paris
(2017) remarks that model (2.53) — (2.55) does no longer include matrix A, whose presence
rendered the relation between fixed-inputs and outputs fixed. He shows that the objective
value of equation (2.53) reaches zero and the optimal values received for X; and §; are iden-
tical to the solutions of model (2.46) — (2.49), indicating that the model calibrates perfectly to
observed values adjusted by the error terms hs and ;. Model (2.51) — (2.53) may then be

used for policy simulation purposes.

2.1.3.2.2. Incorporation of Uncertainty

The models developed and analysed in the later chapters of this thesis ignore how uncertain-
ty (e.g., about prices) might affect farmers’ decision making. In spite of the neglect of this
important aspect in this work, the reader should be aware that various papers have been
published in recent years showing how risk can be incorporated in a PMP or EMP framework
(for example, Petsakos and Rozakis (2011), Severini and Cortignani (2012), Paris (2015),
Arata et al. (2017), Britz and Arata (2019)).

These approaches typically replace the vector of prices p (or gross margins gm, as for ex-
ample in Severini and Cortignani (2012)) by a vector of expected prices E(p;) (or gross mar-
gins E(gmy), respectively). Then, risk is introduced via a matrix of (co-)variances that deter-
mines the uncertainty about prices or gross margins. A setup that is frequently used to link
these two elements is the so called “mean-variance” (or “E-V”) approach that was mainly
developed by Markowitz (1952) in the context of investment portfolio selection. The basic
idea in a PMP context is to estimate cost function parameters as well as farmers’ risk aver-
sion by maximizing the total net revenue minus a risk component. The model developed by
Arata et al. (2017) integrates risk into the setup conceptualized by Arfini and Donati (2011)
that was already presented above (model (2.19) — (2.25)) and may therefore serve as a use-

ful illustration. They first specify a minimization function as follows:

. 1 1 ’ i ! = \/
MiNyeyeapar = 5 UsUs + Yebe + deX? + At (XF + &) + agx? VXP — E(Pr)'xf  (2.56)
subject to df + o;VX? + Afys + A = E(Pr) (2.57)
df + )\f = QX? + Ug (258)

with non-negativity constraints for y¢, A¢ and ay. Matrix V is an exogenous (I x I) variance-
covariance matrix of output prices, that is common to all farms and that is derived based on
monthly crop price time series. The vector € represents a perturbance that has the sole pur-

pose to prevent linear dependency between the resource and the calibration constraints, as
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in the early PMP models®. os is a coefficient representing the farmer’s absolute risk aversion.
The concept of risk aversion plays a crucial role for the incorporation of uncertainty in behav-
ioural models. According to classical theory of risk aversion as formalized by Pratt (1964)
and Arrow (1965) an agent is risk averse if for every uncertain wealth the expected utility of
this wealth is lower than the utility of the expected wealth. In other words: A risk averse agent
prefers a lower expected profit with low variance over a higher expected profit with high vari-
ance. It can easily be seen from (2.56) that for a risk-neutral decision maker a; = 0, as the
(co-)variances of activity prices do not influence her decision. A risk-averse individual, how-
ever, strives to minimize the variance of revenues, implying that a; > 0.” Constraint (2.55)
states that marginal costs must be larger or equal to the (expected) marginal revenue and is
equivalent to constraint (2.23) of the model by Arfini and Donati (2011) for a risk neutral
agent. Constraint (2.58) connects the linear and the non-linear model and is equivalent to
constraint (2.20). The estimates Q, i and @& are then employed in a non-linear model that

calibrates activity levels to the base year and can be used for simulation:

~ ’ a1 1 /&4 15
maxy EU(T); = pgXp — UgXg — Efoxf —-5 arxgVxe  (2.59)
subject to Agfx¢ < by [y¢] (2.60)

with non-negative activity levels x¢. Note that for a risk-neutral decision maker where @ = 0
problem (2.59) — (2.60) will be equivalent to model (2.26) — (2.27) from Arfini and Donati
(2011).

Paris (2015) incorporates risk in a PMP framework by setting up a model similar to the one
that was already outlined in equations (2.53) — (2.55) (Paris, 2017). Different from Arata et al.
(2017), he explicitly includes a coefficient capturing relative risk aversion, besides the coeffi-
cient for absolute risk aversion, as the exponents of the gross revenue and of the variance of
the revenue, respectively. This allows the model to reflect all possible combinations of in-
creasing, constant or decreasing absolute and relative risk aversion, whereas Arata et al.
(2017) assumes constant absolute risk aversion. Finally, the model by Paris (2015) includes
a wealth parameter w measuring exogenous income that does not depend on the produced
activity levels. This feature makes it possible to capture, for example, the effect of decoupled
direct payments on production decisions, which might be present under non-constant risk

aversion.

6 The authors do not provide any further interpretation and refer to the paper by Paris and Howitt (1998), where
the perturbance term € takes on an arbitrary small, but positive values, like in Howitt (1995).
7 By imposing non-negativity for a; Arata et al. (2017) rule out the possibility of risk-affinity.
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2.1.4. Preliminary Conclusions

The previous sections demonstrate that the “original” PMP approach formalized by Howitt
(1995) ignited the evolution of a strand of research with significant relevance for the devel-
opment of agricultural policy simulation models. Actually, a vast array of relevant regional,
national or international models for policy evaluation is at least partly based on PMP, among
them CAPRI for the EU, DRAM for Canada, and REAP for the USA (Heckelei et al., 2012).
While PMP was at the beginning mainly a calibration procedure that often relied on ad-hoc
solutions (e.g., for the problem of underdetermination), with the time it evolved increasingly
towards a framework for parameter estimation based on econometric assumptions and pro-
cedures. This development was initiated by Paris and Howitt (1998) who made it possible to
consider more than one observation and who introduced GME as an econometric criterion.
The cornerstone for consistent parameter estimation was then laid by Heckelei and Wolff
(2003) whose paper certainly coins the PMP literature until today. However, it is noteworthy
that, even though they illustrated how cost function parameters can be estimated in one sin-
gle step, many researchers still employ a multi-step procedure (e.g., Arfini and Donati (2011),
Paris (2015, 2017) or Arata et al. (2017)). They first set up the first-order conditions of a line-
ar model and use them as the constraints of an error term minimization function. Arfini and
Donati (2011) and Arata et al. (2017) estimate the non-linear cost function parameters al-
ready in this step by equating the marginal costs of the linear model with the marginal costs
of the non-linear model, just like in Howitt (1995).8 Paris (2015, 2017) estimates only the er-
ror terms for the activity levels and the fixed-input shadow prices in the first step and uses
them to estimate the parameters of a Leontief cost function in a second step. He therefore
also relies on the questionable assumption that the derivative of the costs with respect to the
fixed-input shadow price corresponds to the fixed-input demand function.

Apart from the differences in estimation procedures, various interpretations of the error terms
that are to be minimized exist: Paris (2015, 2017), for example, considers the error terms of
the activity levels and the fixed-input shadow prices as positive or negative deviations of op-
timal activity levels or fixed-input prices from observed activity levels or fixed-input prices,
respectively. This interpretation is equivalent to the one suggested by Heckelei and Wolff
(2003) and also provides a coherent explanation for why the squares of the error terms
should be minimized: If error terms are idiosyncratic and the cost function specification is
correctly determined, the cost function parameters that require the smallest error terms to
fulfil equations (2.44) — (2.47) for the sample observations should be the best approximation
of the population’s cost function. Other researchers, such as Arfini and Donati (2011) or Ara-

ta et al. (2017), minimize the error terms u¢ that in fact can be interpreted as the linear cost

8 However, in opposite to the early PMP models they do not face the problem of an underdetermined model, as
they estimate the cost function parameters with multiple observations and therefore should have sufficient de-
grees of freedom.
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function parameter in the final model (see equation (2.20) and (2.58)). Furthermore, Arata et
al. (2017) employ the “perturbance” terms € that were used in the very early PMP specifica-
tions to avoid linear dependency between constraints. As argued by Heckelei and Wolff
(2003) and later elaborated by Paris (2017), there should not be any necessity for this arbi-
trary, user determined and barely interpretable perturbances if one captures all deviations
between optimal and observed activity levels in a vector of errors, in this thesis denoted as
h;. While the discussion in this thesis focusses on methodologies conceptualized and applied
in scientific literature, Heckelei et al. (2012) review some of the existing models that were
built for repeated use in policy analysis. Interestingly, they conclude that many models still
use a multi-step procedure with a linear model in the first phase, leading to biased shadow

prices and myopic calibration.

2.2. A One-Step Cost Function Estimation and Calibration Procedure

The model specification that is further developed and tested in this thesis was conceptual-
ized by Henry de Frahan (2019). It bases upon the work that was conducted by researchers
in the field of PMP within the last three decades and bridges several of the conceptions that
were presented in section 2.1, especially the contributions by Heckelei and Wolff (2003) and
by Paris (2017). This approach allows to estimate in only one step the cost function parame-
ters of a non-linear model that is able to reproduce base-year values without the need of a
calibration constraint. Like suggested by Paris (2015, 2017) the first-order conditions of a
primal maximization problem and of the respective dual minimization problem are used as
the constraints of a (squared) error term minimization problem. However, an important dis-
tinction between the framework proposed by Henry de Frahan (2019) and many of the ap-
proaches published in recent years (Arata et al. (2017), Arfini and Donati (2011), Paris (2015,
2017)) is that no vestiges of a linear “first phase” model are required. The definition and in-
terpretation of the error terms follows the stance taken by Heckelei and Wolff (2003). The
observed values of the decision variables deviate from the optimal values by an idiosyncratic
error term that may represent both measurement errors made by the econometrician as well
as imperfect production decisions made by the farmer (see constraint 2.63). As in Paris
(2015, 2017), this reasoning is also applied on shadow prices of the resource constraint, as-
suming that some exogenous, “observed” fixed-input prices are available. The resulting pri-

mal total net revenue maximization problem, following Henry de Frahan (2019) is as follows:

maxxf,thUXf = p}Xf — C’Xf - %X;QXf - %h;thf (261)
subject to Asxs < by [vel (2.62)
Xf = X? + hf [lf] (263)

22



2. Theoretical Framework

where activity levels x; are non-negative. For better readability (and to remain consistent with
the notation in the previous models) the index f =1, ...,F is the only index explicitly stated,
representing all farms in the sample. However, one must be aware that, when using panel
data, all variables also have a dimension t =1, ..., T representing the points in time (usually
years) for which data is available. Using the same notation as above, the matrix Q is symmet-
ric, (semi-) positive definite, of dimension (I x I) and represents the quadratic cost function
parameters, while c is a vector of linear cost function parameters. An important feature of this
model specification is that no vector of accounting costs d¢ is introduced, as all costs that
increase linearly in activity levels, whether they are explicit or implicit, are captured by the
vector c. As in Paris (2015, 2017), an auxiliary maximization function is formed (2.61) that
strives to minimize the (squared) error terms h;. The diagonal weight matrix W; is of dimen-
sion (I X I) and ensures consistency of the units of measurements. For each time and farm

its diagonal elements are wy; = ps;/x7;. The Lagrangian and the respective first order con-

ditions are as follows:

LMAXg(X¢, he, yg, Ag) = peXe — €'X¢ — %X;Qxf — %hgwfhf + ye[be — Aexe] + A¢[XF + he — X¢]
(2.64)

OLMAX ’

a—xff=l9f—C—QXf—Afo—7\f50 (2.65)

OLMAXs — —Wih; + A = 0 (2.66)
ohs

OLMAXS — by — Agxs = 0 (2.67)
ayg

JdLMAX

Tf=X?+hf—Xf:0 (268)

And, by substituting (2.66) in (2.65):
Pr <c+ QXf + A,fo + thf (269)

Note that the only — but fundamental — difference between constraints (2.65) — (2.68) and
constraints (2.34) — (2.37) by Paris (2017) is that the marginal costs, which are on the right-
hand side of (2.69), are the marginal costs of the final, non-linear model. Henry de Frahan
(2019) then sets up the respective dual problem with an auxiliary minimization function con-
taining the weighted squares of the errors u; related to the resource prices as in Paris (2015,
2017):

miny, o AUX; = biy; + > X{Qx¢ + (xf + he)'A¢ + SufVpue  (2.70)
subject to Afys + ¢+ Qx¢ + A; = py¢ [x¢] (2.71)
Vi = yf + ug [Ws] (2.72)
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where the matrix Vi is a diagonal weight matrix of dimension (J x J) with the elements vy ;; =
bs ;/y7 - It is the equivalent of the matrix Wy in the primal problem and ensures consistency

of the units of measurement. Then, the Lagrangian function and its first-order conditions are

stated:

! 1 ! I 1 !
LMIN (g, Xg, ug, We) = be'ye + 2 X¢'Qxe + (X¢ + ) Ag + S ugVeug + x¢'[pr — € — Qxp—Afyr —

Agl + We'[yf + ug—ysl (2.73)
OLMING — b — Agxp — P; = 0 (2.74)
ays
ALMIN ,
Ttt = pt —C— th_Ath - )Lt S 0 (275)
% = Vfllf + lIJf =0 (276)
ug
OLMIN
—('hllf f — yf0 + ue—ys = 0 (277)

substituting (2.76) in (2.74) we can rewrite (2.74) as:
bf = Afo - Vfllf (278)

Equivalently to equations (2.46) — (2.49) as formulated by Paris (2017), Henry de Frahan
(2019) sets up a system of four equations by combining the first-order conditions from the

primal and the dual problems:

Af(yf +ug) + Wrh + ¢+ Q(xf + hy) > ps (2.79)
Ag(x? + hy) — Veug < by (2.80)
X? + hy > 0 2.81)
ye +u, =0 (2.82)

Finally, the cost function parameters ¢ and Q can be estimated by minimizing the squared

errors hy and ug with the following objective function, subject to constraints (2.79) — (2.82):
. 1 4 ’
mmhf’uf,c,QLS = Z?:l E (hfohf + Ufollf) (283)

It is crucial to recall that the objective of this minimization is the estimation of nonlinear cost
function parameters, i.e., those parameters that the modeler believes to be best representing
the true data generating process. In opposite to Paris (2017) and building upon the reasoning
developed by Heckelei and Wolff (2003), no second phase is necessary.

Henry de Frahan (2019) then suggests to impose that hy and us be equal to a vector of zero
for a year t serving as the base year for calibration. Under this assumption it is possible to
set up the following simulation model for each farm f in the reference year t, similar to model
(2.53) — (2.55) by Paris (2017), using the cost function parameters ¢ and Q that were esti-

mated for the entire sample:
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MiNy ¢ oarxey; CSCr = PagXe + Ppe¥e (2.84)
SUbjeCt to A,fo +c¢+ QXf = pr + Pas (285)
Afo + ppf = bf (286)

with non-negativity imposed for py¢, pas, ¥r and x¢. As in equations (2.53) — (2.55), the vec-
tors pyr and pgr represent slack variables and are related to the primal and the dual con-
straints that take the value of zero if constraints (2.80) and (2.79) are binding, respectively.
According to Henry de Frahan (2019), model (2.84) — (2.86) may then be used for policy
simulation, by evaluating, e.g., the impact of an output price change or availability of limiting
inputs. However, as we will show in section 3.3.1, it is not necessarily possible to simply
equate the vectors h; and u; of the error terms to a vector of zeros for an arbitrary base year.
Consequently, model (2.84) — (2.86) must be amended by incorporating the error terms hg

and ug, as it will be done in section 3.3.1.

3. Methodological Framework

Henry de Frahan (2019) conceptualizes a methodology to estimate and calibrate the pa-
rameters of a non-linear cost function in a one-step procedure, as we have seen in the previ-
ous chapter. This chapter prepares the methodological ground for the practical implementa-
tion of the approach with farm data in chapters 4 and 5. First, some general, methodological
foundations of non-linear programming models that were touched upon in the previous chap-
ters are outlined in more detail, such as the Karush-Kuhn-Tucker conditions and the Chole-
sky Factorization. Then, we will provide suggestions for amendments and extensions of the
approach, notably a within transformation to capture fixed effects, the introduction of a time
trend and a more complex cost function specification, based on a methodological note pro-

vided by Henry de Frahan for this thesis.

3.1. Methodological Foundations
3.1.1. Convexity of the Cost Function

As discussed in section 2.1.2.1, non-linearity of a PMP or EMP model requires that either the
marginal revenue is decreasing in outputs or that marginal costs are increasing in outputs. In
the approach that is scrutinized in this thesis non-linearity is on the cost side, requiring that
the cost function be convex in output activity levels. Only then there is a unique maximum of
the TNR for which marginal costs are equal to marginal revenue (see figure 1). Convexity of
the cost function can be ensured by forcing the non-linear parameters of the matrix Q to be
symmetric positive (semi)definite. One method to impose symmetric positive semi definite-
ness on a matrix that has frequently been used in the PMP literature is the Cholesky factori-
zation, an approach that was first published by Benoit (1924). The rationale behind it is that a

symmetric, positive semidefinite matrix Q may be decomposed in the product of a unit lower
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triangular matrix L, its transposed, a unit upper triangular matrix L', and a diagonal matrix

with nonnegative elements, H:

Q = LHL’ (3.1)

— — Total Variable Costsssssss Gross Revenue

Total Net Revenue

. TvC
-

wrt
.

Activity Level
Marginal Costs - - - - Marginal Revenue
Figure 1: Relation between variable costs, gross revenue and total net revenue for a nonlinear, convex
cost function. The optimum corresponds to the activity level for which the TNR is maximized and MC=MR (red
dot). Source: own visualization

This means that, instead of estimating the I(I + 1)/2 elements of matrix Q directly, the
I(I1+1)/2 — I elements of L and the I elements of H are estimated, subject to non-negativity

of the diagonal elements of H. Therefore, we append model (2.79) — (2.83) by®:

Q = LHL’ (3.1)
L =1 Vi=i (3.2)
Ly =0 Vi<i (3.3)
hiy >0 vi=1i' (3.4)
hiy =0 Vi (3.5)

It should be noted that the Cholesky factorization can also be implemented without a diago-

nal matrix H, but with the following constraints, instead:
Q=LL (3.6)
li,i, = 0 VI. < i’ (37)
where the diagonal elements of L are free (note that equations (3.7) = (3.3)). This latter fac-

torization was applied for example by Heckelei and Wolff (2003), whereas Paris and Howitt
(1998) and Paris (2015, 2017) use the former factorization.

9 We restate equation (3.1) for the sake of completeness.
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3.1.2. The Karush-Kuhn-Tucker Conditions and Duality
Figure 1 visualizes the TNR for a linear revenue function and a convex cost function. The
TNR maximizing activity levels can be found where marginal costs are equal to marginal rev-
enues, in consistency with economic theory. In figure 1 we implicitly assume that no con-
straint exists that might impact the optimal activity level. Figure 2 depicts the same situation
(1) but complements it by introducing a fixed-input constraint, e.g., a constraint for farmland,
for situations (2) and (3). In situation (2) this constraint forces the farm to produce at an activ-
ity level for which ¢ + Qx < py. If the farm is endowed with one more unit of this limited fixed-
resource, it could increase its TNR by A;l(pf — ¢ — Q). The parameters of matrix A¢ are
coefficients that indicate how many units of this fixed-resource are required to produce an
additional unit of the respective activity. We denote this implicitly derived value by which the
TNR could be increased, the “shadow price” of the respective fixed-resource, with y;. In the
cost function estimation framework by Henry de Frahan (2019) it is assumed that the ele-
ments of y; must be “close” to the observed price of the fixed-resource y¢, a feature that
connects values endogenously derived in the model with exogenous information. Figure 2
also indicates why the shadow price is strictly positive only if the resource constraint is bind-
ing: In situation (3) a constraint exists and would allow production up to a point where
MC = MR, but it would be irrational for a farm to exploit this fixed-resource beyond the level
for which MC = MR. An additional unit of this fixed-resource would be of no value to the farm,

its shadow price y; therefore must be zero.

— —Total Variable Costs
------ Gross Revenue
Total Net Revenue

a » TVC
e

Activity Level
Marginal Costs - - - - Marginal Revenue

Figure 2: Impact of resource constraints on the optimal activity level and shadow price. Situation (1) is
equivalent to the simplified situation in figure 1 where constraints are ignored. Situation (2) shows the impact of a
constraint at a level where MC<p (left orange line) and situation (3) the impact of a constraint at a level where
MC>p. Source: own visualization

Transferring the situation depicted in figure 2 to model (2.79) — (2.83), one can state that sit-

uation (2) indicates equality of constraint (2.80), whereas situation (3) indicates inequality.
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However, in both cases, constraint (2.79) is an equality, as MC=MR in situations (2) and (3).
This raises the question under which circumstances constraint (2.75) is an inequality. To an-
swer it, it is useful to recall that increasing marginal costs urge farms represented in a non-
linear model to diversify their production portfolio — a fundamental property of PMP and the
practical reason for convexity of the cost function. However, it is possible that, for some activ-
ities, marginal costs are larger than or equal to marginal revenues already for the first unit.
As marginal costs increase whereas marginal revenues remain constant, a rational decision
maker would not produce a single unit of the respective activity. This implies that, for a con-
cave TNR function with a global maximum, either the derivative with respect to the activity
level is zero or the activity level itself is zero. Therefore, the first-order condition can be trans-

formed from an inequality into an equality as follows:

T = MR—MC <0 > x 5% = X'(MR — MC) = 0 (3.8)

where MR and MC represent vectors of the activities’ marginal revenues and the marginal
costs, respectively. This theorem was discovered originally by Karush (1939) and then pub-
lished by Kuhn and Tucker (1951), which is why it is often referred to as (one of) the Karush-
Kuhn-Tucker (KKT) conditions (see for example Paris (2010). Making use of these KKT con-

ditions, constraint (2.79) can be rewritten as
(xf + hg)(ps — Af(yf +ug) — Wrhs —c— Q(x¢ + hg)) = 0 (2.79)

Equivalently, and by applying the reasoning depicted in figure 2, the resource constraint

(2.80) may be restated as
(yf +up)(by — Ag(x¢ + hg) + Vugp) = 0 (2.80°)

Thus, the KKT conditions allow to write the constraints in a way that they are correct regard-
less of whether they are binding or not. If one is willing to assume that all resource con-
straints are binding and all activity levels are strictly positive, constraints (2.79) and (2.80) are
equalities, without the need to employ the KKT conditions. Paris (2017) concludes that for his
first phase model both constraints can always be written as equalities: The resource con-
straint is binding by construction, because the fixed-input-output coefficients of matrix A; are
calculated as by/x7. As we will see in chapter 3.5.1, this is also the case when implementing
the model by Henry de Frahan (2019). However, a fundamental difference between the
models conceptualized by Paris (2017) and Henry de Frahan (2019) concerns the constraint
that MC must be larger than or equal to MR. To see it, it is important to note that both ap-
proaches hinge upon the following assumption: The error terms h¢; and uy; must be zero if

x¢; and y¢; are zero, respectively, and the sum of x¢; and y¢; as well as the sum of y¢; and

us,; must be strictly positive, if x¢; and yg; are strictly positive, respectively. In other words,
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the “true” or “optimal” activity level or fixed-input price is strictly positive if the observed activi-
ty level or fixed-input price is strictly positive, and vice versa. The intuition behind this as-
sumption is particularly clear if the discrepancy between observed and “true” activity levels or
fixed-input prices can be largely explained by measurement errors made by the analyst. It is
likely that the observed value is an under- or overestimation of the “true” value, but it seems
unreasonable that a strictly positive level is measured if the true level is zero or vice versa.

Therefore, constraints (2.81) and (2.82) may be stated more precisely as:
X?,i+hf.i>0 vqu,l>0 and Xgith’iZO Vx]?’l-ZO (281,)

yij + ugj > 0 VyP; >0 and  ygj=up; =0 Vyf; =0 (2.82))

Where indicesi and j indicate that this is valid for each activity i and each fixed-input j.
These rules that define under which circumstances hy and u; have strictly positive elements
are also valid for model (2.46) — (2.49) by Paris (2017). Following the reasoning given above,
MC can only be larger than MR if the respective activity level is zero, in all other cases they
must be equal. However, constraint (2.81’) helps understand why, for the model of Paris
(2017), MC equate to MR under all circumstances. If the observed level x7; of an activity is
zero, there is no information on the respective element of the fixed-input-output coefficient
as j;, the unit accounting costs dy;, or the price p;;'®. Consequently, these coefficients will
take on the null value. Since hy; is zero, the left-hand side and the right-hand side will both

be zero, meaning that MC always equal MR and constraint (2.45) is in both cases an equali-

ty:

Z;zl[a},j,i(}’ﬁj + uf_])] + Wf,ihf,i + df,i = pf,i A X}?’i >0 (2473)

i lowp +upl+0+0=0 V2, =0 (2.47b)

It is important to understand why this is not the case for the model developed by Henry de
Frahan (2019): The estimate for the linear cost function parameter c, that is estimated over
all observations in the sample, constitutes a summand of the marginal costs and is on the
left-hand side of constraint (2.75):

Z§=1(a}_j_i(y}9’j + Uf,])) + Wf,ihf,i +c+ Q(x;{i + hf,i) = pf,i v x}?’i >0 (2793)

0P +u,))+0+c+Q(0+0) =0 VP, =0 (2.79b)

Constraint (2.79) must be fulfilled for all farms and years in the sample and for each activity.
If for only one observation in the sample an observed activity level was 0, this would force
the linear cost function parameter c to be positive, as (2.79b) shows. Besides, if information

on activity prices is not available at farm level but only at a higher geographic scale, it is hard

10 Paris (2017, p. 32) sets pr,; = 0 if there is no information about non-produced crops.
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to justify why ps; should be 0 if xﬁi = 0. If a reasonable value is available for p;; even if the

respective activity level is 0, this would imply that (2.79b) becomes:
¢ = Pr.i v x]?,i =0 (279b’)

Allowing this would significantly impact the result, as the estimate € would have to be at least
as large as the highest output price of all activities in the sample for which a level of zero is
observed. Consequently, by applying the KKT conditions and transforming the inequalities
into equalities as in constraint (2.79’), this problem can be evaded when estimating the cost

function parameters of the model by Henry de Frahan (2019).

3.2. Introduction of a Fixed Effect and a Time-Varying Component
The purpose of the EMP model developed by Henry de Frahan (2019) is to receive con-
sistent estimates for the parameters of the “true” cost function, i.e., the cost function that de-
scribes the costs that the population of farms in the respective region faces. By using (unbal-
anced) panel data, one can capitalize on information from multiple years. So far, we have
assumed that the objective function (2.83) can be minimized subject to constraints (2.79) —
(2.82) for all farms in all available years at once. Hence, F farms in T years would be inter-
preted as F = T independent observations with error terms that are minimized in one process,
using pooled OLS. However, this only produces consistent estimates for the cost function
parameters if there is no unobserved effect that is constant over time, specific for each unit
(e.g., farm) and correlated with an explanatory variable (Wooldridge, 2016, p. 413). This un-
observed effect would manifest itself as part of the activity level and fixed-input price-related

error terms, so that, for example:
hee = €6 + g (3.9)

where g are vectors of idiosyncratic error terms and pg indicate vectors of unobserved
components that remain constant over time but vary between farms. It is reasonable to as-
sume that a farm’s cost function is influenced by geographic features such as soil quality or
altitude, by the skills and education of the manager, or by any other factors that are constant
through time but not explicitly included in the model. Those factors are captured by the farm
fixed effect p;. If there is reason to believe that pe might be different from 0, pooling all ob-
servations and minimizing their squared error terms would therefore lead to inconsistent pa-
rameter estimates. A potential solution is the so-called random effects estimator. However, it
only is efficient if ps is not correlated with any explanatory variables (ibid.). In the case of
farm models, it seems more likely that activity levels are correlated, e.g., with soil conditions

or market access''. For example, dairy production activities seem to be correlated with land

11 A classical theory that connects farmers’ land use decisions with distance from a central market place is von
Thinen’s location theory (1842).
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characteristics, sunk costs linked to buildings and equipment, available forage area and spa-
tial agglomerations (levoli et al. (2017), Mosnier and Wieck (2010)). Therefore, a more ade-
quate approach may be a within transformation: By subtracting the individual mean over time
of each variable and error term from the annual value of the variables and error terms, the
term p¢ is eliminated, being constant in time. To incorporate the within transformation in the
model conceptualized by Henry de Frahan (2019), constraint (2.79) is rewritten as a time-

demeaned constraint for each farm f:

subject to Wh = %ZLI W;h,

Au =137 (Au)

h = ;Z;r=1 h,
where tilde (~) indicates the demeaned value, thus the value for the respective year sub-
tracted by the farm mean over all years (see Annex |l for more details). Note that the vector ¢
of linear cost parameters has vanished from equation (2.79_FE), because its parameters are
fixed over time, and unlike the coefficients of matrix Q, they are not multiplied by any varia-
ble. However, after having received the estimates h, © and Q, the vector ¢ can be recovered

as follows:
A o= A/ (=0 = el Afl<so =
c—p—[Ai(yj +ui)+Wh+Q(x +h)] (3.10)
It is important to note that the parameters of the linear cost function are now farm dependent,

even though they remain constant over time. Writing out all subscripts, ¢; (the ith element of

a (I x 1) vector) now becomes ¢;; (an element of a (F x I) matrix). The estimates of vectors

h, @, ¢ and of matrix Q may now be used in model (2.84) — (2.86) for simulation purposes as

before, with the only difference that the estimated vectors ¢ are now farm-individual.

The within transformation is useful if differences between farms are presumed to be non-
variant in time, thus, if a farm fixed effect exists. However, regardless of whether there is a
relevant unobserved, farm specific component or not, it seems conceivable that some pa-
rameters change over time, such as technology. Frick and Sauer (2021), for example, meas-
ure a technological change of on average 1% per year for German dairy farms from 1995-
2013. This can be captured by model (2.79) — (2.83) by including a vector t of time-varying

components that take the values t = 1, ..., T in equation (2.79), for each farm f:
1y +uy) + Wihe + ¢o + cit + Q(xP + hy) > p; (2.79_1)

where we decompose the vector cin a (I x 1) vector ¢y + c3t where c;t may capture a linear
time trend. If it appears reasonable to combine a farm fixed effect and a time trend, equation

(2.79_FE) can be modified as follows, for each farm f:
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C1f + @Ot + ATlt + mt + Q(X? + ilt) = ﬁt (279_FE_t)

where £ is the time-demeaned time index and 9t can be interpreted like a component of the
linear cost function parameters of the vector c that varies in time and is farm-independent, as
in model (2.79 t).

3.3. Validation and Simulation
3.3.1. Minimization of the Complementary Slackness Conditions

After having solved model (2.79) — (2.83) the cost function parameter estimates ¢ and Q may
then be used for market or policy analysis. Under the assumption that the model reflects the
true data generating process adequately, ¢ and Q provide sufficient information to simulate
farms’ responses to a change in output prices, coupled subsidies, or constraints. Paris
(2017) suggests to implement this via a model that minimizes the complementary slackness
conditions (CSC) of the resource constraint and the constraint that MC should be equal to
MR (model (2.53) — (2.55)). Henry de Frahan (2019) proposes a similar approach (model
(2.84) — (2.86)). The intuition behind this procedure is, for the example of an output price
change, that farms will adjust their production so that MR again equals MC for every activity
while complying with all resource constraints. Consequently, when keeping all variables un-
changed compared to a reference year t,.; that is used for parameter estimation, the esti-
mated, CSC minimizing output levels and fixed-input shadow prices are expected to be
Rior = Xtry T Btref and ¥ . = ¥, T Uy, In other words, the model is expected to calibrate
perfectly to the optimal reference year values. From now on we refer to this phase in which
we validate whether the model replicates the variable levels of the reference year as the “val-
idation” phase. The phase in which the same model is applied with different exogenous vari-
ables is referred to as the simulation phase. However, we argue that the model suggested by
Henry de Frahan (2019) (model 2.84 — 2.86) must be modified slightly before being able to
perform this phase. The reason for this is that Henry de Frahan (2019) imposes the vectors
h; and u, to be zero for the reference year t,.. Therefore, unless the estimates h, and 1,
truly are zero, model (2.84) — (2.86) does not yield activity levels and fixed-input shadow
prices that are equal to x¢ _ + iltref orye., + U, respectively. To show this, let us recall that
with the estimated error terms and cost function parameters constraint (2.79) of the estima-
tion phase is an equality for positive activity levels in the year taken as the reference for the

validation, for each farm:

bror (Virer + Utree) + W + €4 Q0 + by ) =pe, (317)
Equation (2.85) of the validation phase states the following:

trotVtrer T €+ QX — Zar,, = Pros (3.12)
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Consequently, if the validation truly yields %, . =x¢  + iltref and i .. = Ve T U, We can

equate (2.79) and (2.85) and write it as follows:

! (Ytoref + ﬁtref) + Wtrefhtref + é + Q(X?ref + htref)

Cref

= A,tref (Ytoref + ﬁtref) + é + Q(X?ref + htref) - pdtref
- Wtrefhtref = _pdtref (313)

First, since pq,, is @ vector of slack variables that must not take any negative values, (3.13)
is insolvable if elements of iltref > 0, since W__ is always positive. Second, as the objective
function (2.84) attempts to minimize the slack variable pg ., it is reasonable that model
(2.84) — (2.86) finds values for x; . and y, . that will lead to |pdtref| < wtrefiltref' Therefore, let
us reformulate the CSC minimization problem so that the optimal solution is the “true” activity
level or fixed-input shadow price, i.e., the error term received in the estimation phase added
to the observed value. This can be done by simply restating the two constraints (2.79) and
(2.80) of the estimation phase as an equality with slack variables, with all estimates hy, G, ¢
and Q incorporated. Being a modification of the original CSC minimization model (2.84) —
(2.86), equations (3.14) and (3.15) display constraints that are applied for the reference year

trer ONIy:

Af(yr) + Wehg + & + Q(x¢) = pr + pas (3.14)
Ag(Xg) — Vilig + ppr = by (3.15)

Together with the objective function (2.84), constraints (3.14) and (3.15) constitute a model
that can be used to estimate x; and y; both to validate the results and to simulate a policy or
price change. Note that for validation we expect the elements of p4e and py¢ to be zero if
(2.79) and (2.80) of the estimation phase are equalities. If a time index is added in the esti-
mation phase, instead of & constraint (3.10) must contain the decomposition &, + €1t, as in
(2.79_t).

As the subscripts of the objective function (2.84) indicate, the CSC are minimized for each
farm individually. For some policy scenarios, like the one implemented in chapter 5, it might
be necessary to impose constraints that encompass a group of farms, for example, all farms
in a region or subregion. Besides, so far, we assume that each of the J resources is fixed at
farm level. While this might be a reasonable assumption especially in the short run, there are
certainly scenarios that would become more realistic if farmland, for example, could be ex-
changed among farmers. However, this necessitates that the resource constraint (3.15) is
imposed at the respective geographic level and that some link between the resource re-

quirements of each of the F individual farms is established. Fortunately, the CSC minimiza-
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tion model can easily be modified to accommodate multiple farms at once, by modifying the

objective function (2.84) accordingly:
minppf,pdf,Xf,YfCSC = Z;‘:l[p&fxf + p;)fo] (31 6)

subject to constraints (3.14) and (3.15) if the resource constraint persists at farm level. Sec-
tion 5.2 provides an example of how a resource constraint can be imposed at a higher geo-
graphic scale. The objective function (3.16) with the constraints (3.14) and (3.15) yields the
same estimates for activity levels and fixed-input prices as objective function (2.84) This is
because, as long as resources are confined at farm level, each farm allocates its own fixed-

inputs to produce outputs up to a level for which MC equate to MR.

3.3.2. Maximization of the Total Net Revenue

The interpretation of the objective value of a CSC minimization model and, consequently, the
interpretation of the shadow prices of the constraints, is not as obvious as in the case of a
TNR maximization model. The slack variables pg4s and pp¢ indicate for each farm, how much
larger the marginal costs are than the marginal revenue and how much more of a resource is
available than what is used by the farm, respectively (see equations (3.14) — (3.15). By mul-
tiplying pgs With the vector of activity levels and pp¢ with the vector of shadow prices of the
resources in the objective function (2.84), the CSC indicate the loss that a farm incurs by
deviating from optimality conditions. This is the reason why we would expect the CSC to be
zero for validation, because the estimates ¢, Q, h; and iy are estimated subject to the con-
straint that all optimality conditions be fulfilled. If an output price changes or a new constraint
is introduced, the CSC would not indicate how this impacts the total net revenue. It merely
presents a mean to mathematically express the objective of finding activity levels and shad-
ow prices for which the optimality conditions are fulfilled as good as possible. A more intuitive
approach might be to use the estimated cost function parameters and error terms to set up
the cost function of a farm TNR maximization problem. To ensure that CSC minimization and
TNR maximization yield the same solution, the TNR maximization should represent the pri-
mal problem whose first order conditions correspond to constraints (3.14) and (3.15) of the

CSC minimization problem. As the CSC minimization, it is applied for the reference year t,.s:
mafoTNRf = pf,Xf - é,Xf - %Xf,Q Xf — XfIWfilf (31 7)
SUbjeCt to A’fo - Vfﬁf < bf [Yf] (31 8)

and subject to x¢ > 0. Model (3.17) — (3.18) represents the problem that the farmer faces,
where the only decision variable are the activity levels x¢. Note that, instead of having two
equations with slack variables to minimize, as in model (3.14) — (3.15), the derivatives of

model (3.17) — (3.18) are inequalities to which the KKT conditions may be applied to trans-
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form them into equalities. The vector y; implicitly includes all shadow prices of the resource
constraint. As we will see in chapter 5, an appealing feature of this simulation model is that it
can be complemented by other constraints whose shadow prices can be interpreted intuitive-
ly: It is the value that the farm manager would be willing to pay to loosen the constraint by
one unit. Like the CSC minimization model, the TNR maximization model can be adapted to
maximize the TNR of multiple farms at once, by simply summing the objective function over

all respective farms (as in objective function 3.16).

3.4. Monte Carlo Evidence for the Cost Function Estimation

The incorporation of econometrics into the traditional PMP framework entails the notion of a
“true” model whose parameters can be estimated rather than calibrated, based on a repre-
sentative sample. In their pioneering paper, Heckelei and Wolff (2003) illustrate with Monte
Carlo simulations that their GME-based estimation approach truly yields consistent cost func-
tion parameters estimates for the non-linear parameters of matrix Q. They first define a ma-
trix Q of “true” parameters. Then, they generate a dataset with F random observations for
gross margins and land availability and calculate the corresponding optimal activity levels.
They add normally distributed errors to the activity levels and then estimate the parameters
of matrix Q. They repeat this procedure for increasing sample sizes one thousand times per
sample size and show that the estimation error decreases in sample size.

Before applying the model conceptualized by Henry de Frahan (2019) with some of the
amendments introduced in the methodology chapter to real farm data, we test it with a Monte
Carlo simulation, similar to the setup by Heckelei and Wolff (2003). The obvious advantage
over real world observations is that the “true” cost function parameters of the vector ¢ and the
matrix Q as well as the vectors h and u of the “true” error terms are known since they (or
their range) are determined by the analyst. This allows to assess the precision of the estima-
tion approach under different circumstances, such as increasing farm sample sizes. For dif-
ferent sample sizes F ranging from F = 10 to F = 150 we generate R = 100 datasets con-
taining each F farms with random fixed-resource availability and random activity prices with a
predefined mean (see Annex Il for more details). To keep the model simple, three different
activities (I = 3) can be produced by farms with one fixed-resource (J = 1). The fixed-input-
output coefficient matrix A is set to a vector of 1, so that b can be interpreted as farmland per
farm and x is a vector indicating the activity level, which in this case is the farmland attributed
to each activity. The vector x of optimal, “true” activity levels and the shadow price y; for
each farm in the respective sample are calculated by minimizing the CSC (model (2.84),
(3.14) — (3.15)). Finally, the error term vectors h and u are drawn from a normal distribution

with zero mean and a standard deviation of 5% of the average land allocation of each activity
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or the average shadow price.'? By adding the error terms to the “true” activity levels and
fixed-input shadow prices, for each farm in the sample we receive vectors x¢ and y¢, which
are finally used to estimate the set of cost function parameters for each farm sample accord-
ing to the model proposed by Henry de Frahan (2019) (model (2.79) — (2.83)).

Following the example set by Heckelei and Wolff (2003), we assess estimation precision with
the root mean squared error (RMSE) of the parameter estimates, which we calculate for
each sample size. In other words, the square root was taken of the mean squared distance
between parameter estimates and their true values over the one hundred datasets for each
sample size, so that the RMSE for parameters ¢ and Q is calculated for each sample size F

as:

RMSE Qi = \/%Zle(q\r,i,ii = Gi,i1)? (3.19)

RMSE ¢; = \/% YR (@i — )2 (3.20)

Finally, as in Heckelei and Wolff (2003), we sum the RMSE of all elements of the matrix Q
and vector c¢ for each farm sample size F to receive one single measure per sample size for

the estimation precision of matrix Q and vector ¢, SRMSE_Q and SRMSE _c, respectively.

SRMSE_Q = Yi_1 Xii-1 RMSE_Qj (3.21)
SRMSE _c = ¥!_; RMSE_c; (3.22)

Figure 3 shows the extent to which SRMSE_Q and SRMSE_c decrease with increasing farm
sample size F. The absolute value of the SRMSE is not particularly meaningful as it de-
pends, among others, on the absolute values of the parameter elements. However, its
change in farm sample size F reveals that for small farm samples with F < 30 the estimation
error is significantly higher than for larger farm samples. While the improvement is much
smaller for farm sample sizes with F > 30, it is noteworthy that the SRMSE seems to be con-

tinuously decreasing even for farm sample sizes of F > 100.

2 Heckelei and Wolff (2003) generate their error terms in a similar way, but with a standard deviation of 2% in-
stead of 5%.
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Figure 3: SRMSE of matrix Q and vector c for increasing farm sample sizes based on estimations with
model (2.79) — (2.83). The left vertical axis shows the SRMSE for the quadratic cost function parameter matrix Q
and the right vertical axis indicates the SRMSE for the vector c of linear cost function parameters. The horizontal
axis displays the farm sample size and each dot is the result of 100 random datasets of the respective farm sam-

ple size. The standard deviation of the error terms is set to 5% of the average activity level.
Source: own calculations and visualizations.

Figure 4 depicts the individual estimates for each element g; ;; of the non-linear cost parame-
ter matrix Q. Each dot represents the estimate of element q;;; for one run r (out of R = 100
datasets) for the respective farm sample size F. To interpret figure 3 and 4, it is useful to re-
call that the mean standard error (MSE) of G,.; ;; is the sum of the variance of g,.;; and its
squared bias (Wooldridge, 2016, p. 680). Accordingly, figure 4 implies that the estimates
Griii seem to be largely unbiased (the blue horizontal line represents the true value q;;),
while their variance seems to be particularly large for farm sample sizes of F < 50. This

would suggest that the SRMSE in figure 3 is mainly determined by the standard deviation of

~
Qriii-
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Convergence of Elements of Q Towards True Value
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Figure 4: Convergence of estimates for the elements of matrix Q towards their true values with increasing
sample sizes. Note that matrix Q is a quadratic, positive (semi-) definite matrix and therefore its elements q; ;; =
q:i,;- Each dot represents an estimate §,,;;;. The blue horizontal line indicates the true value of the element q; ;.
Source: own calculations and visualizations.

3.5. Development of a Cost Function Specification Including Activity
Levels and Fixed-Input Levels

3.5.1. Fixed Relationship Between Fixed-Inputs and Outputs

The Monte Carlo simulation underpins that the cost function parameter estimation approach
suggested by Henry de Frahan (2019) with the amendments from the methodology section is
a consistent procedure, in principle. We have also presented methodological remedies for
the potential correlation between the errors of individual units (farm fixed effect) or trends in
the underlying technology (time trend). However, a potentially significant shortcoming per-
sists. The fixed-input-output coefficient matrix A gives the model some rigidity, as it pre-
sumes that input-output ratios cannot be changed. Besides, in many cases information is
only available on the produced activity levels and the available quantities of fixed-resources,

but not on the allocation of fixed-resources to individual activities. As we will see in the next
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chapter for real farm data, erroneous fixed-input-output coefficients may have devastating
implications for the plausibility of the resulting estimates. To show this, let us again assume
that we have the information that a farm has b; units of J fixed-inputs and that it produces x;
units of I activities. A first challenge is that in many cases the quantity of fixed-input j allocat-
ed to the production of activity i, is not known to the analyst. Actually, the correct allocation of
fixed costs to outputs may also be difficult for the farm manager, since the exact contribution
of some fixed-inputs such as family labour or equipment to the production of individual activi-
ties is often hard to quantify (MuRhoff and Hirschauer, 2020). In section 4.2.1 we apply the

following approach to calculate q;;:

bj
Qi =53
T D= W)X

(3.23)

Where the parameter w;; is a dummy that takes the value 1 if the analyst has reason to be-
lieve that activity i uses fixed-input j and 0 otherwise. The coefficient a;; then indicates the
average fixed-resource requirements per activity level. In how far it is justifiable to assume
that all activities require the same amount of fixed-input per produced level evidently de-
pends also on how the activity levels are measured. In any case, often it is impossible for the
analyst to validate her choice of fixed-resource attribution, which makes the calculation of
matrix A¢¢ prone to arbitrariness. Incorrect assumptions about the allocation of fixed-
resources certainly may deteriorate the model. However, for some fixed-inputs, such as
farmland, information about the allocation to activities is usually available. For example, in
many cases farm data reveals the acreage of a certain crop. Therefore, it is possible to es-
tablish an unambiguous link between fixed-inputs (cropland) and activities (acreage of

crops). If the analyst knows that g;; units of fixed-resource j are dedicated to the production
of x/ units of output activity i, the calculation of the respective fixe- input-output coefficient

a;; is straightforward:

=

a; = f (3.24)

If the activity level x; is measured as acreage of activity i and if j is cropland, then a;; would
equal unity, as in the artificial example for the Monte Carlo simulations. If x/ is measured in
quantities sold or harvested, a;; would still be easy to calculate. However, one may question
if a; ;, that was calculated with observed activity levels of the farm in a given year, is a suita-
ble fixed-input-output coefficient for policy simulation. If farmers can adapt the input intensity
of production, a;; would impose an unrealistically rigid relation between the fixed-input and

the respective output. This rigidity becomes particularly problematic if a fixed-input is con-
sumed by only one activity. Then the model does not allow an extension of this activity if the

resource constraint is already binding for observed activity levels and estimated errors, im-
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plying an inelastic response to changing (especially increasing) prices. The significant short-
coming of the model in this situation is that the matrix A;¢ forces the marginal rate of tech-
nical substitution to be equal to zero. As we will see in section 4.2.1, an example for this fea-
ture is the fixed-input grassland for a farm that produces crops and dairy outputs. Evidently,
the only activity that may possibly require grassland is the dairy output. Therefore, the fixed-
input-output coefficient for grassland and dairy outputs is calculated as area of available
grassland divided by the observed level of dairy outputs. Even if the matrix A,¢ acknowledg-
es that other inputs (such as capital or labour) are required to produce dairy outputs, the re-
source constraint for grassland prohibits to extend dairy production compared to the level in
the reference scenario without extending the available level of grassland. In practice, a farm
could presumably substitute the grassland required for an extension of dairy outputs to some
extent by other fixed-inputs, such as cropland (to substitute grass in a feed ratio by maize, for

example) or a combination of labour and capital (e.g., to intensify grassland utilization).

3.5.2. Conceptualization of an Activity Level and Fixed-Input Level Dependent
Cost Function Specification

As demonstrated in the previous section, the matrix of constant technical coefficients As is
prone to misspecification and ignores potential substitutability between fixed-inputs. Accord-
ingly, it is unlikely that a model that relies on the matrix A ¢ to connect activity levels with
fixed-inputs correctly represents the true choices of producers. This is one of the reasons
why the calibrating equilibrium model set up by Paris (2017) in the second phase contains an
extended Leontief cost function specification, as this eliminates the matrix A ¢ which is still
required in the first phase. However, an extension of the approach suggested by Henry de
Frahan (2019) to remove some rigidity from the relationship between fixed-input and output
levels would have to appear already in the primal problem (2.59) — (2.61), to comply with the
fundamental tenet that the parameter estimation does not require two phases. Besides, a
crucial requirement for a cost function is that the resulting model may adequately represent
the true data generating process (Heckelei and Wolff, 2003). Consequently, it must avoid the
rigidity entailed in a constant fixed-input-output coefficient matrix and at the same time be
consistent with economic theory. Based on a methodological note by Henry de Frahan we
start by including both activity levels and fixed-input levels in a cost function. To make a clear
conceptual distinction between available fixed-input levels by and (utilized) fixed-input levels,
we name the latter z.¢. According to Chambers (1988), a well behaved neo-classical cost
function should be non-decreasing and convex in output quantities, non-increasing as well as
convex in fixed-inputs, and regular. The two conditions for output quantities and the regularity
condition are fulfilled for the activity level dependent cost function specification presented

above and utilized by Henry de Frahan (2019). The Cholesky factorization ensures convexity
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in output levels and by multiplying the parameters ¢ and Q with the activity levels the total
variable costs will always be zero if all activity levels are null. Finally, the optimality condition
which imposes MC to be larger than or equal to MR ensures that the total variable costs are
not decreasing for positive output quantities. A cost function that also includes fixed-input
levels must also fulfil the additional requirements: Convexity in fixed-inputs can be ensured
by imposing positive semi-definiteness on a quadratic parameter that is multiplied with fixed-
inputs, equivalent to the role that matrix Q plays for output levels. We denominate this quad-
ratic (J x J) matrix F, so that convexity in fixed-input levels of the new cost function is guaran-
teed by the term 0.5z;(Fz.¢. The estimated elements of the matrix F provide information on
the total variable costs for given levels of fixed-inputs. However, this requires that the term is
null if all activity levels are null (regularity condition). This could be ensured by multiplying the
term with a fixed-weight output quantity index ¢'x.¢, as in Henry de Frahan et al. (2011)
where

d) :T—l T [ Z?zlpt.f,lx ] (3 25)
ke Skl XA )

where the index [, denotes the respective activity. The vector of fixed-weight output quantity
indices, which only has the purpose to maintain regularity, can be approximated to ¢’'xgs, so
that it can already be employed in the estimation phase. The third requirement for the behav-
iour of a cost function is that costs must be non-increasing over the range of observed fixed-
input levels. To understand the rationale behind this condition, it is important to recall that it
refers to the derivative of total variable costs with respect to fixed-input levels, that is, a
change in fixed-input levels while keeping activity levels constant. The criterion states that no
rational farmer would employ an observed level zj’ of fixed-input j leading to TVC? if the
same activity levels could be produced with input level zj"l < z} at lower total variable costs
TVC°~1 < TVC°. Consequently, one can infer that dTVC/0z; < 0, and if a minimum of TVC in
fixed-input levels has been reached, then dTVC/dz; = 0. However, in this thesis, we consider
available quantities by of fixed-inputs as truly invariable, an assumption that seems justifiable
in the short- and mid-terms. Therefore, if the resource constraint is binding and the utilized
fixed-input level z.¢ = by, it is possible that dTVC/dz; < 0. While a farm could then produce
the same outputs at lower TVC if it had a higher level by, it is impossible to achieve this long-
run equilibrium in the short- or midterm.

Besides the quadratic parameter F, let us define a J vector g of linear fixed-input-related cost
function parameters. Just as the quadratic term, the product g'z, ¢ must be multiplied by ¢'x¢
to ensure that the regularity condition TVC(x = 0,z) = 0 holds.

A cost function capable of capturing the influence of fixed-input levels and activity levels on

TVC may also be extended by a term that accounts for potential interactions between the
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two. We denominate the respective (J x I) matrix H. Since it is multiplied by x,¢ and z¢, the
regularity condition is fulfilled. After having defined the additional cost function parameters
and the conditions they need to comply with, the complete TNR maximization function con-
taining the extended cost function specification can be stated for each farm in each year as

follows:

_ ’ ’ 1 ’ ; ; 1 ’ ’
MAXx, ¢z chepser AUXer = Peg Xef = € Xef = 5 Xef Q Xef — (d'%er) 8 Zes — 5 Zef FZgg ('xf) —

’ 1.9 1y
Zes HXep — S heeWeehes — 2 SeeTeeSer (3.26)
subject to Zeg < by [Veel (3.27)
Xef = Xpf + heg [Aee] (3.28)
Zymf = ng + St [Ks] (3.29)

with nonnegative elements of vectors x.¢ and z;¢ and the vectors of dual values indicated in
square brackets. As it was already implemented for activity levels and fixed-input shadow
prices, it is possible to account for potential disparities between observed and optimal utilized
fixed-input-levels by introducing a vector of error terms s.¢ (constraint 3.29). The further
steps follow the procedure for the generation of the cost function parameter estimation model
(2.64) — (2.83) as presented by Henry de Frahan (2019): An auxiliary function (3.26) includes
the squared error terms of vectors hy¢ and s,y multiplied with a diagonal weight matrix to
harmonise the units of measurement. The matrix W, again, has the elements p; s ;/x¢s; on
its main diagonal, and the diagonal elements of matrix T, are ygf,j/zgf,j. Then, the Lagran-

gian function is set up with its corresponding first order conditions:

o ’ 1y ’ /
LMAX, s (xt,f' Zes, e, Sep, g, Kt,f) = PefXef — C Xgf — EXt,fQXt,f - (¢ Xt,f) 8 Zys —

1 ’ ’ ’ 1.9 1y ’ ’ )
> Zef Fzyg (d'%er) — Zef HXep — SheeWiehee — -5 TeeSee + Vie[bee — Zeg] + Apg[x0p + her —

Xt.f] + K;,f [ng + Sgf — Zt,f] (330)
LMAX 1
atht,f = Pis— (C+ QXes + @1, 8 Zes + 52 Fzp ¢y, + H' Zg + Agp) < 0 (3.31)
ALMAX
— tf _ _((¢,Xt,f) g+ th’f((l),Xt’f) + Hx¢ +yer + Kt,f) <0 (3.32)
JdLMAX
AR —Wishis + 4= 0 (3.33)
dhes 10, ,
OLMAX, ¢ — _thstf + Kif = 0 (334)
6st'f d 2 y
LMAX
oy = Xor T he =X =0 (3.35)
t,f
LMAX
ey "2t Su—2r=0 (3.36)
t,f
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With nonnegativity for the elements of vectors x,¢ and z.¢. Equations (3.31) and (3.32) may
be transformed into equalities by applying the KKT conditions and multiplying them by vec-
tors x¢¢ and z.¢, respectively. Note that equations (3.33) and (3.34) allow to replace the vec-
tors of dual values A,¢ and k¢ in constraints (3.31) and (3.32) by the products W, ¢h¢ and
Tieses, respectively. Paris (2010, p. 69) describes how the dual problem of any nonlinear
maximization problem can be derived from the Lagrangian function of the primal problem. By

following this guideline, we can write the dual problem as
: 1 1
MiMy, 7 cyephepseruge AUXer = 5 Xer QRep + Oy Xer 8’ Zeg + 5 Xef Zog FZeg dr, + Zeg HXop +
1 1
2ot FZyg ('%er) +er(bee) + Age [XPp + hee] +wpe [206 + 5e6] + S UpeVeeuer (3.37)
. 1
subject to C+Qxes+ ¢y, 8 2 + Ezt,f’th,f ¢, + H zgg + Mg = pes [Xee]  (3.38)

(¢,xt,f) g+ th,f(q)lxt,f) + HXyf + K = —Vir [Z5] (3.39)
Yir = Yt(,)f + U [Wee]l (3.40)

With the elements of vectors x.¢, yis and z¢ all being non-negative, and the elements of the
error term vectors hy¢, s¢f and uye free. Again, it is possible to form an auxiliary function
which contains the sum of the squared deviations of vector u.¢ weighted by the diagonal ma-
trix Vi ¢. The Lagrangian function with its first-order conditions is as follows:

LMIN; ¢ (Yt,f' Xt.f) Zef) Ugf, lIJt,f) = %Xt,f,th,f + P Xer 8 Zes t+ %Xt,f Zos' Fzes @y + Zo g HX g +
%Zt,f,FZt,f ('%ee) +¥ie(ber) + Agg [xPr + heg] +xcge [2f + see] + %“i,fvt,fut,f + Xef' [pt,f —c—

1
Qxpr — P18 Zes — S2of Fzee by, — H zyg — )‘t,f] + Zo g [—Ver — (D'Xer) 8 — Fzee(d'Xes) —

HXer — Ker] + Wi p[yer + Uee— Vi (3.41)
OLMIN
Tt'f =bes—Z¢s — P =0 (3.42)
tf
OLMINy¢

ey Por — € — QX — (»blx g Zys — 1/ZZt,f’FZt,f (‘I)’Xt,f)_ H' Zis— Mg < 0

(3.43)2(3.31)

ALMIN , / =
atht.f = "Yof — (¢ Xt,f) g~ th,f(¢ Xt,f) — Hxyr— K< 0 (3.44)=(3.32)
ALMIN
an = Vises + Yor = 0 (3.45)
tf
ALMIN
6l|'t,ft'f = Vet T Ugs—Yer = 0 (3.46)

with nonnegativity imposed on the elements of vectors x¢, y;f and z¢. Again, it is possible to
transform constraints (3.43) and (3.44) into equalities by making use of the KKT conditions.
The vector ¢ of dual variables in constraint (3.42) may be replaced by the product —V, ¢u, ¢
based on condition (3.45). According to the conditions (3.35), (3.36) and (3.46) it is possible

to replace the "optimal” activity levels, fixed-input shadow prices and fixed-input levels by
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(xPs +hyr), (v +uer) and (zg +syf), respectively. Finally, by combining the first-order
conditions from the two Lagrangian functions the following optimality conditions may be de-

rived:

! 1 ! !
¢+ Q(xgr + he) + ¢y, 8" (2 + See) + 5 (Zer + 506) F(2ge + Se6) by, + H' (2 + Se6) + Weghys =
Pee  (3.47)

(‘I’I(ng + ht,f)) g+ F(ng + Sif) (‘I’I(ng + ht,f)) + H(ng + ht,f) + TyeSer = _(Yt(,)f + ug)

(3.48)

(205 + Ser) — Virler < byg (3.49)
Xpp +hee >0 (3.50)
Zeg + S = 0 (3.51)
Yer +Uge =0 (3.52)

Besides, the Cholesky factorization is implemented for the quadratic matrices Q and F to en-
sure their positive (semi) definiteness, as described in section 3.1.1. These conditions serve
as the constraints of the following weighted squared error minimization function, which allows
to estimate the vectors and matrices c, Q, g, F and H of cost function parameters as well as

the vectors of error terms hyg, s¢f and ugg:
. _ 1T F ]
mmht_f,st_f,ut_f,c,Q,g,F,HL5 = J4t=1 % f=1(ht,flwt,fht,f + g TeeSes + ut.f’Vt,fut,f) (3.53)

Constraint (3.42) states that MC should be larger or equal to MR, equivalent to constraint
(2.79) of the model with only activity levels as arguments of the cost function, as introduced
by Henry de Frahan (2019). Following the reasoning outlined in section 3.1.2 and applying
the KKT conditions, MC equal MR for strictly positive activity levels. According to constraint
(3.48) the marginal total variable costs with respect to the fixed-input levels of vector z, ¢ must
be larger than or equal to the element of the negative fixed-input shadow price vector y;.
Again, by applying the KKT conditions this constraint becomes an equality for positive fixed-
input levels. This implies that, if vector z.¢ > 0, total variable costs are non-increasing in
fixed-input levels, as required by the monotonicity condition for well-behaved cost functions.
Constraint (3.48) and the fixed-resource constraint (3.49) designate a fundamental difference
between the cost function specified only in activity levels and this more complete cost func-
tion: In model (2.79) — (2.83) the vector of available fixed-resources, b ¢, confines the exten-
sion of activity levels x,¢ beyond a certain point. The fixed-resource constraint (3.49) consti-
tutes a limit for the fixed-input levels of vector z.¢, but the maximal admissible activity level of
the vector x.¢ is only determined by the optimality condition that MC equals MR. When per-
forming simulations with the cost function as estimated in model (3.47) — (3.53), the optimal

activity levels of vector x; depend on the estimated cost function parameters and not on the
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exogenous fixed-input-output coefficient matrix A¢¢. The liberation from the fixed technologi-
cal coefficients is a pivotal advantage of the more complete cost function. However, it impli-
cates that the simulated activity levels could become unrealistically large if the elements of
matrix Q are all close to zero, as we will see in chapter 4.2.2. The different formulations of the
fixed-resource constraint in the two model specifications also impact the fixed-input shadow
prices of vector y,¢. As visualized by figure 2, an element of vector y; is only strictly positive if
the respective element of vector (¢ + Qx¢¢) < pi¢. The shadow price y; therefore indicates by
how much a farm could increase its TNR if an additional unit of the fixed-resource J permitted
the production of higher activity levels. In contrast, the resource constraint (3.49) in model
(3.47) — (3.53) never restricts the expansion of activity levels. However, by limiting z it pre-
vents a further reduction of the total variable costs. The elements of y,¢ therefore are the
values by which the TVC could be reduced if for given activity levels of vector x;¢ the farm
could employ one more unit of the fixed-input J. In other words, since the elements of vector
b.¢ do not confine an expansion of the activity levels but only a reduction in TVC, an addi-
tional unit of an element of vector b would not have an impact on the revenue but only on
the cost side of the TNR function. Applying the KKT conditions, constraint (3.48) is an equali-
ty if the respective element of vector z,¢ > 0. Then, the marginal costs w.r.t z;; must equal
the shadow prices of vector y;.

If it is reasonable to assume that a time trend exists (e.g., thanks to technology changes over
time), it is possible to extend the estimation model (3.47) — (3.53) to capture a time trend by
decomposing the vector c into the vectors ¢y and ¢4t and vector g into the vectors g, and g;.

Equations (3.47) and (3.48) are therefore modified as follows:

1
o+ it + Q(xPs + her) + Py 80 (205 + See) + 1,81 (285 + See)t + 5 e + sep) F(zgs +

Sef) Pi, + H’(ng + St,f) + Wichir = pes (3.47_t)
(&' (xPs + hee)) 8o + (@' (xPp + hye)) 8at + F(zds + sep) (' (x0p + heg)) + H(xPs + hye) +
TeSes = —(Yer + Ugr) (3.43_1)

where now a distinction is made between ¢, and ¢, as well as gy and g, to differentiate be-
tween linear cost function parameters that remain constant over time and those that evolve
over time. As in the case of the cost function specification with only activity levels, the esti-
mated parameters may then be used for policy simulation either in a CSC minimization
framework or in a TNR maximization function.

Equivalent to the objective function (2.84) with constraints (3.14) and (3.15), the CSC mini-

mization model can be defined as follows for each farm in a reference year t:

. _ ’ ’ ’
MU 4y, o Parg o Ppy, Xerzeryes CSCer = Paxer Xef + Pdzgs Zeg T Ppy, ¢ Vet (3.54)
. N P N 1 = = &
subjectto €+ Qxyf + ¢y, 8'Zes +5Zes F 2es dr, + H'Zee + Weghee = pes + Paxy e (3.55)
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(&' (xpg +hee)) 8+ Fzee(d'(xPp +hep)) + Hxpp + TegSee = —yor + Pdzy; (3.56)

Zyg — Vpgles + Ppy ¢ = by (3.57)

with non-negativity imposed on the six decision variables. As for the CSC minimization in

model (2.84) — (2.86), vector Ppy, ¢ is a slack-surplus variable vector that indicates the level of

unused fixed-inputs and is therefore multiplied by vector y;. Another vector of slack variables,
Paxy is related to the primal constraint and denotes by how much MC with respect to activity
levels exceed MR. The third vector of slack variables, Pz is introduced for this cost func-
tion specification. It is related to the dual constraints and takes strictly positive values if the
MC with respect to fixed-input levels are larger than the negative of the element of the shad-
ow price vector y;. If constraints (3.47) — (3.49) are fulfilled as equalities for the reference
year, then the CSC minimization is equal or very close to zero and yields vectors x; = x? +
h¢, y¢ = y¢ + us and z; = z¢ + s¢. As demonstrated for the cost function including only activity
levels in the objective function (3.16), the CSC minimization with this more complete cost
function specification may also be performed over multiple farms (for example, located within
a region) at once, by summing the right-hand side of the objective function (3.54) over the
respective farms f. If the parameter estimation model contains a time trend, the CSC minimi-

zation model can be slightly modified:

o + &t + Qxep + by, BoZes + b, B1Zest + %zt,f’l?zt,f ¢y, + H'zge + Weghee = pes + Paxy ¢
(3.55_1)

(‘I’I(ng + ht,f)) go+ (‘I’I(ng + ht,f)) g.;t+F Zt,f(q”(ng + ht,f)) +H Xef + TefSer = —Yer +

iy (3.56.0)

If the modeler wishes to perform validation and simulation using a TNR maximization frame-
work instead, for better interpretability of the dual values, the following model can be solved,
like (3.17) — (3.18):

! Al 1 ey I A 1 g !
MAaXy, (7, ¢ TNRyf = Pis Xef — € X — 7 Xef QXxyr— (‘b Xt,f) 8 Zef — ZZtf Fz ¢ (¢ Xt,f) -
Zt,f,ﬁ Xef — Xt,f’Wt,th,f - Zt,f,Tt,fgt,f (3.98)
SUbjeCt tO Zt,f - Vt,fﬁt,f S bt,f [Yt,f] (359)
Again, if a time trend is included in the estimation model, the TNR maximization model can
be adapted to distinguish between time-variant and time-invariant linear cost function param-

eters, by substituting vectors € and g in the objective function (3.58) by vectors ¢, and ¢;t

and vectors g, and g4t, respectively.
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4. Model Implementation

In this chapter we apply the approach developed in the previous chapters to estimate an ac-
tivity level dependent cost function as well as an activity level and fixed-input level dependent
cost function using farm data from the EU’s Farm Accountancy Data Network (FADN). After
a concise description of the farm samples, we outline how the data was prepared and aggre-
gated to be used in the modelling framework. Then, the results of the cost function estimation
are presented, focussing on the estimated parameters themselves, the error terms, the re-

sults of the validation phase and the simulated elasticities of supply.

41. Farm Data
4.1.1. Descriptive Statistics

The farm dataset used for applying the EMP models in this thesis is an unbalanced panel of
farms received from the FADN. The selected farm samples cover three of the most important
agricultural regions of the EU, namely Central France for crop production, West France for
dairy production and South-West France for beef production, in the years from 2005 to 2012.
Table 1 provides an overview of several (sub)regional farm characteristics in 2010 and, for

comparison, the French national average:

Farmland Average ;\;i?agrz share of share of share of livestock
Reqi Sub-Redi in region farm size tout (i cereal dairy beef  units per
egion Lb-region (UAAIn  (UAAIN Ou%%[}{m specialist specialist specialist ha UAA
1000 ha) ha) EUR) farms (%) farms (%) farms (%) (LU/ha)
Champagne- | 4567 | 25 | 1774 19 3 2 0.34
Ardenne
§ Picardy 1347 85.8 166.7 28 8 4 0.39
L]
L |Upper 735 674 | 1058 21 11 11 0.71
= MNormandy
= Centre 2303 922 119.5 48 3 7 0.31
1]
o |Lower 1208 | 506 83.2 7 25 19 1.23
MNormandy
Burgundy 1799 BB 7 1272 23 2 26 060
L11+]
O
E ErmozaloE 213 61.2 150.8 10 18 16 1.62
W Brittany 1695 476 169.4 10 30 8 2.84
- Foitou-
= Charentes 1699 6786 108.5 33 4 7 0.58
£ % § |Aguitaine 1392 342 80.5 19 4 g 0.77
a g E Midi-Pyrenées 2481 53.0 57.9 25 5 17 0.56
D~ w |Limousin 845 57.3 48.3 2 3 50 1.04
France 27814 539 8983 17 10 12 081

Table 1: Farm statistics at NUTS2 level for the main EU cropping, dairy and beef regions and the French
average in 2010. Source: Eurostat (2021d).

As table 1 reveals, the three NUTS 1 regions together cover almost 70% of the entire French
farmland. The share of cereal, dairy or beef specialist farms indicates the share of farms that

generate more than two thirds of their standard output with cereals, dairy products, or beef
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carcasses. Especially the subregions Centre, Brittany, and Limousin exhibit a high degree of
specialization for cereal, dairy, and beef production, respectively. Besides having highly spe-
cialized farms, all six subregions of the Central France region belong to the largest cereal,
oilseed, and protein (COP) producers in the EU. Together, they account for ca. 10% of the
total EU’s cereal production and almost 22% of the total EU’s pulses and oilseed production
on average over the years 2005-2012 (Eurostat, 2021c). Likewise, on the 2005-2012 aver-
age, the West France region produces almost 6% of the EU’s cow milk, with Brittany being
the subregion with the highest cow milk production in the entire EU (Eurostat, 2021g, 2021f).
During the same period, more than 6% of all bovine animals in the EU are raised in West
France, and almost 4% in the subregions Aquitaine, Midi-Pyrénées and Limousin in South-
West France (Eurostat, 2021b). These figures together with table 1 highlight the weight of the
Central, West, and South-West regions of France within the context of European agriculture,
but they also illustrate the regional differences between farming activities. However, when
estimating a cost function with a sample of farms, a crucial assumption is that all farms in this
sample share the same cost function. If this is the case, one would expect a certain degree
of similarity between farms with respect to the geographic, technological and climatic condi-
tions and the agricultural specialization. This prompted us to a) split the French farm data at
NUTS 1 level to receive three regional farm datasets and b) select for each region only those
farms with the specialization that is dominant in the respective region. The rules according to
which farms are defined as either crop farms, dairy farms or cattle farms are outlined in An-
nex lll. Following this categorization, we receive three unbalanced panel datasets for the
years 2005 - 2012:

e on average, 698 crop farms per year from Central France (Champagne-Ardenne,
Picardy, Upper Normandy, Centre, Lower Normandy, Burgundy),™

e on average, 238 dairy farms per year from West France (Pays de la Loire, Brittany,
Poitou-Charentes),

e on average, 238 cattle farms per year from South-West France (Aquitaine, Midi-

Pyrénées, Limousin).

Table 2 depicts the fixed-resource endowment of the specialist crop, dairy and cattle farms in
the selected farm samples on average over the years 2005-2012. Note that the size of farms
measured as the sum of cropland and grassland in ha UAA is in each subregion significantly
higher for the selected samples than for the corresponding farm population as depicted in
table 1. This disparity results from the fact that only those farms which are large enough to
be considered commercial are represented in the FADN (Neuenfeldt and Gocht, 2014). An

obvious difference between all three farm types and regions is that crop farms in Central

13 The crop farm sample is later split in two samples, one containing the crop farms in the northern subregions,
the other the crop farms in the southern subregions of Central France (see chapter 4.1.2.4)
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France have a fundamentally higher share of cropland compared to grassland, whereas dairy
farms in the West have roughly equal shares and cattle farms in the South-West have con-
siderably more grassland than cropland. Furthermore, the land-unpaid labour ratio reveals
that dairy farms in the West have the highest unpaid labour intensity (relative to their total
farmland), followed by cattle farms in the South-West, whereas the unpaid labour intensity of
crop farms in the Centre region is rather low. Note that the standard deviation of grassland
belonging to crop farms is larger than the mean, which indicates that some farms must have
considerably more grassland than the average, while others do not have grassland, at all.
Another important characteristic, even though not displayed by table 2, are the standard de-
viations within farms, that is, between different years for the same farm. On average over all
farms in all three farm samples the standard deviation within a farm is 4.1 for cropland, 2.6
for grassland, and 0.08 for unpaid labour. This underpins that the largest share of the stand-
ard deviation presented in table 2 is caused by differences between farms, whereas the

fixed-resource endowment of each farm does not change much between years.

Farm Cropland Grassland Unpaid Labour Land / Unpaid Labour
Type Region| Sub-Region [ meanin stdinha | meanin  stdinha | meanin std in ha/AWU
ha ha AWU AWU
Champagne-
— 154 2 724 70 200 14 06 1176
8 |Picardy 146 1 76.9 66 12 1 14 06 108 3
o | £ |Ypper 148 1 819 12.8 155 14 06 118.0
o "'_ﬂ‘j Normandy : : : : : : :
o 5 |Centre 161.1 78.0 6.6 217 13 05 132.1
L |Lower
(8]
Normandy 129.8 6.6 12.5 205 14 06 98.9
Burgundy 182.5 88.5 14.4 259 14 06 136 9
Pays de |
S | e 39.4 28.7 46.4 24.4 19 08 45.8
= © O_IFE,l
5 | & |Brittany 392 252 338 18 4 18 07 414
@ |Poitou-
2 |charentes 542 392 420 250 17 07 553
2 |£ 4 3|Aquitaine 12.5 12.9 57.7 33.1 1.4 0.5 51.1
e £ g|MidiPyrences| 126 11.4 777 51.0 13 05 68.4
O |® = i|Limousin 17.2 17.4 99.2 45 1 15 07 78.4

Table 2: Means and standard deviations of fixed-resource endowments of all farms in the three farm sam-
ples, over the years 2005-2012. The land labour ratio is the ratio between the sum of the subregional means of
cropland and grassland (=total land) and the subregional mean of unpaid labour in AWU. Source: own calculation
based on EU-FADN — DG AGRI.
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Share of farmland in % dedicated to the respective activities
F e & ¥ 8 o, 8 o B 224 2
e r— 18] i3] | =
Ti;n; Region | Sub-Region [£ 8 £ if‘ o £ s E £ 38 = B S ge I
EEE 8 & £ ¢ 2 & £ § s5gco 8
Champagne-
Ardenne 2094 00 239 01 19 01 167 23 12 81 08 02 43
§ Picardy 459 00 9% 03 27 00 112 53 35 98 10 16 43
w o Upper
g— L(_: Normandy 410 00 67 04 19 00 126 35 77 49 77 01 80
© = Centre 3/7 62 121 03 63 12 220 22 08 14 02z 07 40
G |Lower 395 04 91 10 40 05 108 61 09 78 53 02 88
Mormandy : : : : : : : : : : : : :
Burgundy 338 02 220 06 21 02 252 16 04 06 01 04 7.3
P de |
8 || °FF 1440 02 17 01 18 28 13 03 00 00 00 00 541
> © U-lre
g L Brittany 142 00 28 02 22 34 09 01 01 00 00 04 463
@ Poitou-
= Charentes 140 05 25 01 50 21 36 04 00 00 00 00 437
U gt bt Aquitaine 11 00 08 02 38 35 03 00 00 00 00 00 822
® a % E Midi-Pyrénées| 22 00 27 01 14 20 02 01 00 00 00 00 86.1
© | ® = |Limousin 27 00 20 03 04 4 Do 00 00 00 00 00 852

Table 3: Share of farmland dedicated to the production of different crops in % of total farmland. Average
over all farms in the three farm samples from 2005-2012. The rows do not add up to 100% as a) only the most
important crops are displayed and b) fodder crops are not displayed. Source: own calculation based on EU-FADN
— DG AGRI.

Table 3 indicates that the most important crops produced by the crop farms in the central
France are common wheat, oilseeds, and barley, as well as sugar beets, for most subre-
gions. The other industrial crops with a comparably high share in Upper and Lower Norman-
dy are mainly flax for fibre production, while oilseeds are mainly rapeseed for all regions in
Central France and Brittany and sunflowers for the subregions in South-West France, Pays
de la Loire and Poitou-Charentes. As for crop farms, the most important cereal produced by
dairy and cattle farms is common wheat, followed by barley and other cereals (such as rye),
even though their shares are rather small.

The rows in table 3, especially for the dairy farms, do not add up to 100. The reason for this
is mainly that only those cropland outputs that are sold are considered in this study. There-
fore, fodder crops that are used on the farm, such as maize for silage, are ignored.

Table 4 shows the average number of livestock units (LU) per farm in each subregion. While
it might appear surprising that in all subregions the specialized cattle farms have, on aver-
age, more dairy cows (in LU) than cattle, it is important to note that the categorization of the
farm type depends on the (economic) standard output generated by the respective activities
and not on the number of LU. Besides, one should keep in mind that calves, dairy cows, cat-
tle for fattening and heifers are, by nature, to some extent complements in production. Final-
ly, table 4 indicates that, in all subregions, the rearing of non-bovine animals plays only a

marginal role for the farms in the samples.
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Farm Animals in LU per farm
Region | Sub-Region dai
Type g g calves mwr: cattle heifers pigs poultry sheep goats horses
Champagne-
0.0 5.0 4.6 16 0.0 0.4 0.5 0.0 0.0
Ardenne
a Picardy 0.0 55 59 14 049 16 0.3 0.0 0.1
-
Upper
a 2 - 0.0 110 114 3.4 0.0 3.2 0.1 0.1 0.6
e = Normandy
~ E Centre 0.0 30 2.2 0.5 138 3.2 0.5 0.2 01
3 Lower
0.0 6.4 5.7 25 0.5 2.2 15 0.0 0.4
Normandy
Burgundy 0.1 559 6.1 17 1.3 0.7 15 0.0 0.3
Paysdela
g 1 V 0.8 53.9 314 109 0.4 3.4 0.2 0.0 0.1
- 5 c:_lre
Eu ; Brittany 0.5 545 27.3 8.1 2.8 0.5 0.0 0.0 0.2
u Poitou-
= 0.3 62.6 26.0 8.9 0.1 0.0 0.0 0.0 0.1
Charentes
w £ i @ Aquitaine 7.8 48.8 23.2 10.1 0.8 0.0 0.8 0.0 0.4
t= § 2 & |Midi-Pyrénées| 40 52.8 305 9.4 0.1 0.0 0.7 0.0 01
P
“ ¥ 7 L limousin 0.6 640 490 133 0.5 0.5 2.3 0.0 0.2

Table 4: Animals in livestock units (LU) per farm. Average over all farms in the sample from 2005-2012.
Source: own calculation based on EU-FADN — DG AGRI.

4.1.2. Data Aggregation and Preparation
Before being able to apply the estimation procedures (2.79) — (2.83) or (3.47) — (3.53) with
farm data, the modeller must specify several attributes, such as the level of aggregation for
decision variables and output prices, the units of measurement for the decision variables and

the fixed-inputs considered.

4.1.2.1. Output aggregation
The datasets received from the FADN distinguish between 22 different marketable crops and
27 different types of animal outputs. While some of them, such as common wheat or dairy
cows, are of high importance for the farms in the sample, others, such as ornamental flowers
or rabbits, are economically negligible. Let us also recall that for the cost function specifica-
tion with only activity levels as decision variables, the number of parameters to be estimated
is I+ I(I+1)/2, which is 1274, for 49 activities. For the fixed-input and output level depend-
ent cost function, which also considers fixed-input levels and the interactions between fixed-
input levels and activity levels, this number is even higher. In other words, to avoid potential
under-determinacy of the estimation problem, the number of activities to choose from must
be drastically reduced, even for comparably large sample sizes with several hundreds or
even thousands of observations. Besides, the rationale for estimating a flexible cost function
is also to capture potential interactions between different activities. It is unlikely that, for ex-
ample, the wheat production decision of a specialized crop farm is strongly influenced by
price changes for dairy products (provided that the wheat price remains unaffected), or that
the price for potatoes has a strong effect on the level of beef produced by a grassland-based

cattle farm. We therefore deemed it necessary to aggregate outputs in a different way for
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crop farms and the livestock farm types, receiving the following aggregated categories:

Crop Farms Dairy Farms Cattle Farms
- animal outputs - dairy products - dairy products
- pulses and oilseeds - other bovine animal outputs - other bovine animal outputs
- industrial crops - other non-bovine animal outputs |- other non-bovine animal outputs
- cereals - crops - crops
- other crops

Table 5: Aggregated output categories. Source: own presentation based on Henry de Frahan et al. (2015).

Annex Il provides more details on the aggregation scheme. While for crop farms we distin-
guish between four different crop categories and aggregate all animal outputs, for dairy and
cattle farms all crop outputs are aggregated. The output category “dairy products” aggre-
gates all outputs from dairy cows, but dairy cows as an output themselves (e.g., if they are
sold) are categorized as “other bovine animal outputs”. This distinction may be important for
some policy evaluation scenarios, as we will see in chapter 5 in the case of greenhouse gas
emission constraints. At the same time, it points towards the more general challenge of spec-

ifying decision variables in a coherent way for crops, animal products and living animals.

4.1.2.2. Output Level and Output Price Specification and Retrieval
For the Monte Carlo simulation in chapter 3.4 it was possible to interpret activity levels as
land allocations. Britz and Arata (2019) use the share of land (instead of absolute values)
dedicated to the production of a crop as the decision variable. Using the absolute or relative
land allocation certainly is appealing, as it reflects the decision that a farmer makes on her
farm, especially if variable inputs are ignored, as in this thesis. Britz and Arata (2019) fo-
cussed only on specialized crop farms and removed all observations of farms with livestock.
However, the absolute value or relative share of land dedicated to a certain crop is unlikely to
represent animal output levels adequately and therefore is unsuitable for this thesis, as two
of the three selected farm types are specialized on livestock activities. Therefore, we meas-
ure activity levels, and thus the decision variable, as the aggregated sales quantity in base-
year values. Their computation requires that a measure for output prices is available. Fig-
ure 5 provides a schematic overview on how observed activity levels and output prices are
retrieved from FADN data or, if output prices are missing, imputed with prices from Eurostat
or the OECD:
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| FADN

| | EUROSTAT or OECD

net sales value of all 49 output
types in nominal EUR

net sales quantity of all 49
output types in t or LU

national prices, if not

consumer price indices

disaggregated
outputs

output
aggregation

aggregated
outputs

net sales value of output
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Figure 5: Schematic representation of the activity level and output price retrieval from raw data. Calcula-
tion of the aggregated sales quantity in base-year values and the output price index. Source: own visualization
based on Henry de Frahan et al. (2015).

The calculation and the retrieval of observed activity levels and output prices is performed
within an existing FADN data preparation framework that uses the software package Stata
and that was developed and documented by Henry de Frahan et al. (2015). The observed

decision variable x;; is calculated as the aggregated observed output sales value divided

by the Térnqvist output price index. The net sales value is the sales value corrected for varia-
tion in output stock values, to ensure that the sales value truly reflects output production of
the respective year. The Tornqgvist index is a changing-weight index (see, for example, Dean
et al. (1996)) that is used in the context of this thesis to aggregate activity prices at regional
level. The reason for this aggregation is that farm-level aggregate price indices prove too
erratic, as explained by Henry de Frahan et al. (2015), who use the same farm data. In their

Stata routine, the Tornqvist price index for outputs is constructed as follows:

InrttdInrey
—_ 1N Pnrt 2
T = T (22 (4.1)
Pnrty
V t Vn?"to
where Gt = =2 and  gprp = e (4.2)
n Zk;nl Virt nrto Zkinl Vkrto

The index t,,, is the Térnqvist price index for the aggregated output category m in region r
at time t. The number N,,, represents the number of output components n which constitute
the output aggregate m. The variable p,,, denotes the average farm-gate price of output
component n in the respective region r at time t. The subscript t, represents the base-year,
which is the year 2005, in our case. The variable V,,,; is the total revenue generated by all
farms in region r with output component n in year t. This variable is divided by the revenue

generated in this region r and year t with all output components of output aggregate m. Con-
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sequently, the variable g,,. is the share of output aggregate m’s revenue that is generated
with output component n in a region r in year ¢, while the variable gy, is this share for the
reference year. As outlined by figure 5, the annual average farm-gate price p,, in region r is
obtained by dividing the nominal value of the total production of output n in this region r by
the number of units sold. The Stata routine developed by Henry de Frahan et al. (2015)
comprises a mechanism for the removal of extreme farm-gate prices and their replacement
by regional or national prices, along with the imputation of missing values following a scheme
that is described in Annex Ill. The computed price index t,,,; is then used to calculate the
aggregated activity level, as depicted in figure 5, but it also serves as the output price p; ¢ ;
for the cost function parameter estimation. The rationale behind this calculation process is,
besides aggregation, to receive an inflation-adjusted measure for observed activity levels
that can be used for all types of farm outputs. If the nominal aggregated output price increas-
es, this would also raise the nominal aggregated sales value, even if produced quantities
remain constant. However, by dividing the sales value by the Térnqvist price index, the activi-
ty level ng’i would only increase if the relative raise in sales value is larger than the relative
increase of prices, indicating that a farm produces higher quantities of an activity.

Before the calculated, “observed” activity levels x/;; are provided as inputs for other applica-

tions, the Stata program scales them, to ensure numerical stability for the solver:

o (scaled)

Xefi = X0 * St fi (4.3)

(—int[logw\/E[ng'i]z+Var[ng‘i]])

St,f,i =1 (44)

where int[ | is the nearest integer, so that by multiplying x, ¢; with s; ; the mean squared
error of the scaled activity lies between 1 and 10. Consequently, s, ;; may be different for
each activity. Note that, when maximizing the TNR according to equations (3.58) — (3.59), it
is necessary to maximize the unscaled TNR, to receive interpretable shadow prices. Howev-
er, the maximization of the unscaled TNR would only yield the same optimal activity levels as
the CSC minimization (3.54) — (3.57) if the scale factor is the same for all activities. There-
fore, we scale all activities by the same factor before estimating the activity level and fixed-
input dependent cost function.' Table A.4 in Annex Il provides an overview of the aggregat-

ed activity levels x;; in each region.

4.1.2.3. Retrieval of Fixed-Input Levels and Fixed-Input Prices
The fixed-inputs considered in this thesis are cropland, grassland, and unpaid labour. Again,

the data preparation was implemented with the Stata code developed by Henry de Frahan et

14 For the output cost function that depends on activity levels only, we just apply the CSC minimization, as we are
not using it for the policy simulation. Therefore, for the estimation of this cost function it is tolerable if different
activities are scaled by different scale factors.
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al. (2015). The information on all fixed-input levels is retrieved from the FADN. Cropland is
the total utilized agricultural area (UAA) of a farm subtracted by the area that is leased to
others and by temporary grassland, permanent pasture, as well as rough grazing land. The
sum of the latter three constituents is the fixed-input grassland. Accordingly, if a farm leases
out some of its land, then the sum of the two land types considered in the simulation
(cropland and grassland) is smaller than the total UAA owned by a farm. Excluding leased-
out farmland from the resources available in the mid-term can be justified by the fact that
French tenant protection laws stipulate long-term land contracts (Ciaian et al., 2012). The
third fixed-input, unpaid labour, is measured in annual work units (AWU) and refers to the
family labour that is remunerated by a farm’s total net revenue, like other fixed-inputs.

As mentioned above (e.g., table 3), the sum of the land allocations for each crop (or for all
aggregates) is in some cases smaller than the total available cropland, since fodder crops
are not incorporated in either output category. To ensure that the cropland constraint is bind-
ing for observed activity levels (to justify strictly positive observed resource prices

Ve f.croplana) the available resource level by ¢ cropiana IS defined as the sum of the cropland
allocated to the aggregates. The available resource levels by f grassiana @Nd by f unpaid tabour
are equal to the available grassland and unpaid labour, as retrieved from FADN and as ex-
plained above. The cost function specification that involves activity levels and fixed-input lev-
els requires values for the observed used fixed-input levels ng,j. In practice, usually it is im-
possible to distinguish between observed used fixed-input levels (which appear as z/; ; in
the model) and available fixed-input levels (b, ;). Therefore, we set z_; ; = b ¢ ;, lacking any
other information on fixed-resource usage. Remember that it is nevertheless important to
make a conceptual distinction between available fixed-resources and utilized fixed-
resources. We must allow for the case that, in simulation, not all of the available fixed-input
levels are used, leading to simulated shadow prices of zero. One may wonder why the differ-
entiation between “observed” and “true” utilized fixed-input levels is not equally applied to
available fixed-input levels b, ;, given that utilized and available fixed-input levels are prone
to the same kind of measurement errors. In fact, we conceptualized and tentatively imple-
mented a model in which observed and true available fixed-input levels are linked via an er-
ror termry ¢ ;, so that b s j = by ; + 1 ¢ ;. However, this extension is not further considered in
this thesis."®

In the activity level-dependent cost function specification (model 2.79 — 2.83) the product

As;X. ¢ indicates the fixed-input usage and Ay; is defined so that A¢g;x¢ = b ;. In section

15 The results of the first implementation trials are not convincing enough to pursue this extension further for this
thesis. Besides, a general reservation concerns the correlation between the error terms r.; (fixed-resource avail-
ability) and s¢; (fixed-resource usage). It seems likely that, if the fixed-resource usage is under- or overestimated,
so is the fixed-resource availability, especially if the data does not allow to distinguish between fixed-resource
usage and availability.
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3.5.1 we already described the calculation of the individual elements of A.¢; (equations 3.23
and 3.24). FADN provides information on allocation of cropland to (disaggregated) activities,
as depicted in table 3. The land allocated to each of the crop-related aggregated activities
can therefore easily be calculated. The fixed-input-output coefficient a; f cropiana, fOr €ach
farm in a given year is then computed as the cropland allocated to aggregate i divided by the

observed activity level x; i Of aggregate i, so that a; r cropiana,i represents the cropland re-

quired to generate one quantity unit of output i measured in base-year values. As fodder
crops are not incorporated in either output category (since their sales value is unknown if
they are used on the farm, as it usually is the case) cropland is not allocated to either of the
animal output categories. Instead, the entire grassland is allocated to the aggregated animal
outputs. For crop farms this implies that all grassland is used for the generation of just one
output category (animal outputs), whereas for cattle and dairy farms grassland must be dis-
tributed over the production of dairy products, other bovine animals and non-bovine animals
(see equation 3.23). Consequently, the requirement of grassland per activity level is identical
for all animal outputs, while their absolute usage is proportional to their activity levels, since
AirjXes = be g j. It certainly is a bold assumption that animal outputs do not require any
cropland. However, tables 2 and 3 indicate that, especially for cattle farms in the South-West
region, the production of bovine animals is indeed mainly grassland-based. The fixed-
resource unpaid labour is required by all output activities and, as for grassland, the resource

requirements per activity level are identical.

When selecting suitable “observed” fixed-input prices y.t for cropland and grassland, infor-

mation typically comes either in the form of (annual) rental prices or sale prices. In the EMP
approach suggested by Henry de Frahan (2019) y; is interpreted as the observed value of
the shadow price of the resource constraint. The shadow price of a constraint in a TNR max-
imization problem that is solved annually (we assume that farmers make their production
decision on an annual basis) indicates by how much the annual TNR could increase if the
constraint was loosened by one unit. In other words, the shadow price of the land constraint
is the annual value a farm would be willing to pay for one more unit of land. In a perfectly
competitive market this value would be the rental price. Rental prices for grassland and
cropland are obtained from Eurostat (2018) at national level, which is why y is identical for
every farm. Presumably, this aggregation represents the most important driver of a potential
deviation between the observed rental price and the “true” fixed-input price.®

The price for unpaid labour could be interpreted as the opportunity costs of a family mem-

ber’s labour, which is assumed to be at least the national minimum wage. We calculate it as

16 Note that a potential pitfall might stem from the fact that all farms in a region might face systematically higher or
lower “true” fixed-input prices compared to the observed national rental price, as one would expect land prices in
a region to be correlated.

56



4. Model Implementation

the minimum annual wage for France in the years 2005-2012 (OECD, 2021), divided by the

national purchasing power parity, as retrieved from the Penn World Table.

4.1.2.4. Final Sample Preparation

The scaled observed activity levels x/;;, the output price indices p; ,;, the fixed-input availa-
bility b, f ;, the observed fixed-input usage zgf,j, the observed fixed-input price y{’,f,j and the
matrix A.¢ of fixed-input-output coefficients can finally be used for the cost function estima-
tion, following the procedure described in the previous chapters.

While some of the subregions of Central France, such as Upper and Lower Normandy, are
located in the maritime north of France, other subregions, such as Centre and Burgundy,
extend several hundreds of kilometres further south (IGN, 2021). To account for the geo-
graphic and potentially climatic heterogeneity, we decide to split the crop farm sample in
farms from northern Central France (Champagne-Ardenne, Picardy, Upper Normandy, and
Lower Normandy) and from the southern subregions of Central France (Centre and Burgun-
dy). Besides, we detect observations with invalid values: In every sample some farms exhibit
negative “observed” activity levels, which presumably results from sale of stock without pro-
duction in the respective year. Every observation for which at least one activity level is strictly
negative is discarded from the initial farm sample, which affects per year on average 2.1
farms of the crop farms from northern Central France, 0.6 crop farms from southern Central
France, 11.5 dairy farms from West France and 54.6 cattle farms from South-West France.

The following table indicates the size of the samples that is finally used for parameter estima-

tion:
Central France Central France West France South-West
year (south) (north) France
crop farms crop farms dairy farms cattle farms
2005 276 375 188 152
2006 303 428 220 186
2007 201 425 213 200
2008 201 442 229 173
2008 284 445 229 182
2010 265 409 244 196
2011 260 412 241 176
2012 244 405 235 203
sum 2214 3350 1808 1468
mean 276.75 41875 226 183.5
(std) (19.42) (21.77) (16.01) (16.80)

Table 6: Sample size of data sets over the years used for parameter estimation. Source: own calculation
based on EU-FADN — DG AGRI.

4.2. Results

This section presents the results of the cost function estimation, applied on the crop, dairy,

and cattle farm samples from Central, West and South-West France, respectively, over the
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years 2005-2012. A core objective of this thesis is the implementation of the approach sug-

gested by Henry de Frahan (2019) to estimate a quadratic cost function that depends on ac-

tivity levels. Therefore, we first apply four different model specifications based on this estima-

tion framework, namely:

o The “pure” estimation approach, as suggested by Henry de Frahan (2019) and as
outlined in equations (2.79) — (2.83).

o A farm fixed effect extension with equation (2.79_FE) instead of equation (2.79).

o Atime index extension with equation (2.79_t) instead of equation (2.79).

o A combination of farm fixed effect and time index with equation (2.79_FE _t) instead

of equation (2.79).

Second, we use the cost function specification that is based on activity levels and fixed-input

levels, as presented in model (3.47) — (3.53), for all three farm types with and without a time

index.

First, the results of the activity level dependent cost function are presented, followed by the

results of the activity level and fixed-input level dependent cost function. For each cost func-

tion specification, three different phases can be distinguished:

1.

In the estimation phase we estimate the cost function parameters, as well as the error
term vectors h¢, us and sy¢ for activity levels, fixed-input prices, and fixed-input levels,
respectively, with the optimization software GAMS, using the CONOPT4 solver. This
solver is suitable for large-scale nonlinear optimization problems and uses the general-
ized reduced gradient method (McCarl et al., 2016). As described in the previous chap-
ters, the estimation procedure consists of the minimization of the sum of the squared er-
ror terms. To facilitate the finding of a feasible solution, initial values for the cost function
parameters were given (usually 1). The optimization process takes several minutes for
each of the different specifications of the output cost function, and multiple hours for the
estimation of each of the activity level and fixed-input level dependent cost functions.

For the artificial Monte Carlo simulation, the assessment of the estimation quality is
straightforward, as the cost function parameters of the population are known. This is not
the case for this simulation with actual farm data. However, the coefficient of determina-
tion (R?) may serve as an indicator to evaluate the extent to which an estimated cost
function specification fits the data. We calculate R? for each activity level, fixed-input price
and fixed-input level as follows, for the example of activity levels:

S, S35 s )?

Y1 XE0 05 e =i )

R_activity? =1 — (4.5)

In the validation phase we test if the estimated models satisfactorily replicate the ob-

served values of a base-year, adjusted by the error terms. Calibration has been a deci-
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sive property of the PMP related models since the first formalization by Howitt (1995). To
validate that the estimated model calibrates, Paris (2017) introduces a CSC minimization
as a “calibrating equilibrium model”. This approach is also adopted by Henry de Frahan
(2019) (see equations 2.84, 3.14 and 3.15 or equations 3.54 — 3.57). For this thesis, it is
implemented with the CSC minimization and with the TNR maximization model (3.17 —
3.18 or 3.58 — 3.59), which both yield identical results.

The measure of validation used in this section is the Theil's inequality coefficient, which
typically is used for forecast evaluation and compares true values with simulated values
(Cook, 2019). We calculated it as proposed by Pindyck and Rubinfeld (1998). The indica-
tor Theil_x. ; is the Theil inequality coefficient for activity levels in the reference year
2012:

\/%Z};l[(x?.f,i"'ﬁt,f,i)_ft,f,i]z

—~ 2 N 2
J% Z?:l(ng_i‘l'ht,f,i) +\/% E?=1(xt,fi)

Theil x;; = (4.6)

Note that the simulated values %, ; are compared with the observed values plus the es-
timated error term h, ¢; as, according to the interpretation of the error term, x; rit hegi
represents the “true” activity level.

In the simulation phase we examine the response of the estimated model to a price
change by calculating supply elasticities to output prices. Replication of base-year values
is a necessary but not a sufficient condition for a PMP or EMP model to be satisfactory. It
is equally important that its responses to changes (e.g., output price changes) largely re-
flect the behaviour of the farms represented by the model. In fact, a main problem of the
early ad-hoc solutions that were developed to cope with the under-determinacy of PMP
(see section 2.1.2) was the often arbitrary simulation behaviour, even if calibration is
guaranteed (Heckelei and Britz (2000); Heckelei and Wolff (2003)). We calculate supply
elasticities to prices for the two cost function specifications by simulating a 10% output
price increase for one activity, while keeping the prices of all other activities constant. The
percentage change of activity levels is then calculated relative to the simulated activity
levels of the reference scenario (i.e., the simulated activity levels of the validation phase),

so that the supply elasticity of output i with respect to a price change of output k is:

ZF— TIPS
100+ =1%e i~ %t £,

F ok
Xro1X £
%Apg

Eik = (4.7)

where % ; indicates the activity level that is optimal in the reference scenario, in our

case the year 2012, without price changes. The denominator %Ap, represents the per-

centage change of the price of activity k, and is determined by the analyst.
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4.2.1. Activity Level-Dependent Cost Function

Estimation Phase

Table 7 displays the coefficients of determination (R?) for different specifications of the cost
function that depends on activity levels, for all four farm samples. The R? values are one or
close to one for all activity levels in all farm samples, implying that the non-linear model with
its vectors ¢ and Q can explain a significant share of the deviation in the observed activity
levels. However, it is important to remark that the model contains a second error term, i, f ;,
which is why it cannot be guaranteed that the entire explanatory power suggested by the
high R? values for activity levels is solely due to the estimated cost function parameters. The
negative R? value for grassland in the crop farm samples and for cropland in the dairy and
cattle farm samples can partly be explained by the low variance in fixed-input prices, which
only vary between years, but not between farms. However, a closer look at those farms for
which (ﬁt,f,j)z is particularly high reveals that 1, ; equals the negative observed shadow

price, meaning that the sum of y,f"f'j and s ; is zero. For crop farms, this is more the case

for farms which are employed with grassland but do not have any animal outputs in the re-
spective year, for whatever reason. For dairy and cattle farms, this situation emerges if a
farm is employed with cropland but does not produce any crop outputs in the respective year.
The right column in table 7 indicates the least squares (LS) values of the estimation problem,
which is the sum of the weighted squared errors. The absolute LS values are not comparable
between different farm samples, as a sample with more observations also has more error
terms. However, for different model specifications within a farm sample these LS values are
meaningful: They reveal that in all cases the squared error terms could be reduced by em-
ploying a farm fixed effect, a time index, or a combination of the two. The lowest LS value is
given for all farm samples by the cost function specification that combines farm fixed effects

and time indices.
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Table 7: Precision of the estimation of the activity-level dependent cost function. The coefficient of determi-
nation is calculated for each activity and for each fixed-input price. The right column indicates the least squares
(LS) value of the estimation function. Source: own estimation.

Figure 6 visualizes the vector of error terms ﬁt,f,i estimated with the activity-level cost func-
tion for crop farms in southern Central France. Each dot represents an estimated error term
for one farm in one year and for one activity. On the horizontal axis, each point represents
one farm, so that all dots on a vertical trajectory are the error terms of the same farm, over all
years for which the farm produced any activities. Farms are sorted from left to right according
to the mean of all error terms for this farm. For the model specification without farm-fixed
effects and a time index, it appears that for some farms most of the error terms are negative
(on the left side of the horizontal axis), whereas for others most activity related error terms
are positive (on the right side of the horizontal axis). This indicates that there exists a sys-
tematic effect which biases all activity related error terms of a farm. Indeed, the use of a
farm-fixed effect specification removes some farm-specific bias of the error terms.

Figure 7 shows all activity level error terms that are estimated over all years, all farms, and
all activities, but sorted by year. As indicated by the sum of weighted squared errors in the

right column of table 7, the incorporation of a time index seems to have a stronger effect on
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the LS value for most farm samples than the use of a farm fixed effect. The use of the time
index seems to slightly reduce the time-specific variations in error terms, as figure 7 sug-

gests, and as one would expect.

no Farm-Fixed Effect or Time Index

Farm-Fixed Effect R

Time Index ..

estimated activity level error term i, ¢ ;

Farm-Fixed Effect and Time Index

¥

Farms sorted by mean of errors }_lf over all years and activities

Figure 6: Estimated activity-level error terms Tlt_f_l- per farm. Estimation for crop farms in southern Central
France for different specifications of the activity-level cost function. Source: own visualization.
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no Farm-Fixed Effect or Time Index

Farm-Fixed Effect

s L

. Time Index

estimated activity level error term h ¢,

Farm-Fixed Effect and Time Index

i i
S

2005 2006 2007 2008 2009 2010 2011 2012
years used for parameter estimation

Figure 7: Estimated activity-level error terms Tt,,f,i per year. Estimation for crop farms in southern Central
France for different specifications of the activity-level cost function. Source: own visualization.

The purpose of the entire estimation process is to receive estimates for vector ¢ and matrix Q
of the cost function parameter. The parameters determine the relationship between the dif-
ferent activities, which is scrutinized in the “simulation phase” section. The estimated param-

eters themselves are presented in Annex lll.

Validation Phase

Table 8 depicts the Theil inequality coefficient for the activity levels and fixed-input prices,
simulated using the activity-level dependent cost function. The closer the value is to zero, the
smaller is the difference between the simulated values and the “true” values (the observed
value plus the estimated error term) for the exact same exogenous parameters and varia-
bles, indicating calibration. The reference year is 2012, which means that the output prices,
the fixed-input-output coefficient matrices, the fixed-input limits, the error terms and the
weight matrices pzo12, Azo12,¢ and bzo1z, il2012,f, U2012,f, Wao12 and Vzo12¢ are used in
the CSC minimization model (2.84), (3.14) and (3.15).

The low Theil inequality coefficient for almost all activities indicates that the model seems
largely capable of replicating the “true” activity levels of a reference year. Interestingly, it ap-

pears that including solely a time index decreases the model’s ability to replicate reference
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activity levels in some cases, while it improves the replication of fixed-input prices (e.g., for

the crop farm samples).

Theil Inequality Coefficient
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Table 8: Theil inequality coefficients comparing simulated and “true” values for activity levels and fixed-
input prices, using the model based on the activity-level dependent cost function for the year 2012. A
coefficient of 0 indicates that all simulated values are equal to the “true” values. Source: own simulation.

Simulation Phase

For each farm sample and for each specification of the activity-level dependent cost function,
a 10% output price increase of each activity was simulated consecutively, while keeping the
other output prices constant, as observed for the year 2012. Table 9 displays the resulting
supply elasticities to prices for crop farms in southern Central France and dairy farms in West
France.

The supply elasticities to prices for crop farms from northern Central France and for cattle
farms can be found in Annex Il (tables A.7 and A.8). However, the limited usefulness of the
estimated models for simulation purposes becomes apparent when inspecting table 9. Ac-

cording to the simulated model, the supply of crops is entirely irresponsive to its own price for
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dairy farms. The reason for this is the fixed matrix of fixed-input-output coefficients, Ay,
which prevents any extension of crop production, as crops are the only outputs that require
cropland. For the sample of crop farms the same limitation exists, even if it is expressed less
obviously. As remarked above, animal outputs are the only activity that may utilize grassland.
Thus, a farm that has grassland cannot extend its animal activity level. The reason why the
supply elasticity to its own price is still positive is that farms without grassland (e.g., pork or
poultry farms) may increase the level of animal activities. This significant shortcoming of the
activity-level dependent cost function is the reason why from now on we apply the activity

level and fixed-input level dependent cost function.
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Cost Function
Specification

animal outputs

pulses and
oilseeds

industrial crops

price change

cereals

other crops

dairy products

other bovine
animal outputs
non-bovine
animal outputs

price change

crops

Supply Elasticities

fixed effect: no fixed effect: no fixed effect: yes fixed effect: yes mean over all cost function
time index: no time index: yes time index: no time index: yes specifications
Crop Farms from southern Central France

0 0 0 0 0

H H H H H

k=3 = 4] k=3 = 4] k=3 = 4] k=3 = 4] k=3 = 4]
3 54 E S 3 Su E S 3 Su E S 3 Su E S 3 Su E 3
= w T = n o = w T = n o = w T = n o = w T = n o = w T = L] o
E 5322 % 3 | E 23 :£ % z | E 83 2% % 5 | E 13328 % 3z | E £3:2 %
§ 2% £5 & % § 2% £5 & % § 2% £5 & % § 2% £5 & % § 2% £5 & %
033 000 -016 000 000 030 001 -014 000 000 058 003 -054 000 157 048 003 -054 000 104 042 002 -035 000 065
-017 386 040 -149 -069 -032 7T88 -004 -294 -042 111 692 173 -309 213 -0.33 1409 -007 -554 -115 -048 819 051 -326 -004
011 009 227 010 4493 011 006 158 -006 -293 044 009 173 023 141 -081 -009 342 -016 -6543 037 001 226 015 -396
-016 -350 -033 133 -080 -029 676 -034 242 -066 009 -566 424 232 180 -040 -905 107 342 -063 019 624 151 237 -007
-031 -018 -254 -018 10.95 -046 -011 -089 -004 453 073 011 377 025 2622 -046 -017 -343 -010 1531 -049 -009 -266 -014 1425

Dairy Farms from West France

] 2 2 ] 2 & ] 2 & ] 2 & ] 2 &

S 23 .3 S 23 .3 S 23 .3 S 23 .3 RN

B 33 £3 B 33 £3 3 33 £3 2B 83 53 2B 83 53

=9 =] Tu Qo TU =5 =] Tu Qo U_U =5 =] Tu Q U_U =5 =] Tu Q U_U =5 =] Tu Q U_d

> SE ZE & 2 T E ZE a 2 T E ZE a 2 T E ZE a 2 T E ZE a

® SE ©'E 2 ® SE ©E 2 ® SE ©E 2 ® SE ©E 2 ® SE ©E 2

- om £ @ =] - om £ @ =] - om E @ =] - om E @ =] - om E @ =]

511 047 -0.01 0.00 272 025 -0.01 0.00 623 -0.58 115 0.00 277 -026 000 0.00 420 -039 028 0.00
482 053 -929 000 -263 034 -1000 0.00 -598 059 444 000 -268 032 -823 000 403 045 -500 0.00
016 -044 4936 0.00 -0.98 -1.18 13670 0.00 032 013 1080 0.00 011 034 3856 0.00 -023 052 hBBS 0.00

0.00 000 000 000 0.00 000 000 000 0.00 000 000 000 0.00 000 000 000 0.00 000 000 000

Table 9: Elasticity of supply for crop farms in southern Central France and dairy farms in West France, calculated with the cost function that depends on activity levels
only (“simple” cost function). Elasticities were calculated for a 10% increase of the price of the activities indicated on the vertical axis. Source: own calculation
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4.2.2. Activity Level and Fixed-Input Level Dependent Cost Function

Estimation Phase

By minimizing the weighted sum of squared errors according to model (3.47) — (3.53), the
parameters of the activity level and fixed-input level dependent cost function are estimated.
As outlined in chapter 2, the matrix Q of the quadratic activity level dependent cost function
parameters has always been of particular interest for modellers using PMP or EMP, as its
elements are the second derivatives of the cost function with respect to the activity levels. In
other words, the diagonal elements g;; of this matrix Q indicate by how many Euros the mar-
ginal costs of activity i change if a farm changes its output of that activity level i by one unit.
Annex lll provides an overview of the parameter estimates for the four farm samples, with
and without a time index. Strikingly, many of the diagonal elements of matrix Q are close to
zero (see tables A.11-A.14). This implies that marginal costs raise only negligibly if a farm
increases the production of an activity, e.g., dairy outputs for the dairy farm sample. This has
serious implications. A small change of the marginal revenue (i.e., output prices) would re-
quire a much more drastic change in outputs to re-establish the relationship that marginal
costs equal marginal revenue'’’. This can be seen when solving the relation MC=MR (equa-

tion 3.47) for activity level x. ;; and then taking the derivative of x. ; with respect to its own
output price p; s ;:

Oxe g 1
—s = 4.8
overi Qi (4.8)

The elasticity of supply for a change of activity i’'s own price can then be calculated as:

1 Pt 8
Ee i = —— - (4.9)
™ Qi Xty o

Where the variable ¢, ; ; is the supply elasticity of activity i to its own price, the value Ptyep.i
the annual average output price of activity i in the reference scenario, and the value Xtyopi

the annual average level of activity i in the reference scenario. Note that the elasticity calcu-
lated in equation (4.9) only approximates the true, simulated elasticity, as it disregards the
off-diagonal element of matrix Q. Using the cost function estimates for dairy farms with a time
index and the price-activity level ratio for 2012, the elasticity for dairy outputs as calculated
with equation (4.9) would take a value of almost 900 000. Therefore, to ensure that elastici-
ties are in a more reasonable range, we impose a lower boundary q_min;; for the diagonal

elements of matrix Q as an ad-hoc solution:

7 In principle, it is also possible that marginal costs with respect to activity levels are adapted through a change of
utilized fixed-input levels z. However, as the resource constraint usually is binding for the reference scenario, it is
not possible to extend z. Reducing z would imply that the resource constraint is no longer binding, which would
require that marginal costs with respect to fixed-input levels must become zero. According to our test, the model
responds to a change in output prices mainly by adjusting output levels.
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qii = q_minii (4.10)

The rationale behind this intervention is that, if q;; = q_min;;, the own-price elasticity of sup-
ply, & ; i, could not become unrealistically large, according to equation (4.9) and for a given
ratio ﬁtreﬁi/i%ﬁi. This raises the question what value the modeller should attribute to
q_min;; to yield realistic own-price elasticities. If one has a notion of a realistic value for the
own-price elasticity of supply of activity i, for example, because exogenous supply elasticities
£_exog;; are available, it is possible to calculate q_min;; by solving equation (4.9) for g;; and

employing condition (4.10):

ming < 2 (4.11)
To maintain comparability between the farm samples, we decide to use one single value
q_miny; that is imposed as a minimum value for the diagonal of matrix Q of all four farm sam-
ples for all I activities. For each farm sample, we gather exogenous information on the own-
price elasticities of supply for the most important activity in each sample, being cereals for
crop farms, dairy products for dairy farms, and other bovine outputs for cattle farms. We re-

trieve the following values for e_exog;; from literature:

e 1.50 for cereals (Jansson and Heckelei (2011, p. 147); average of the supply elas-
ticity estimate for soft wheat, maize, and barley, computed with CAPRI)

e 0.41 for dairy products (Jongeneel and Tonini (2009, p. 275); average of dairy sup-
ply elasticities used by AGMEMOD, CAPSIM and EDIM for France)

¢ 1.06 for other bovine outputs (Balkhausen et al. (2005, p. 578), supply elasticity for
beef calculated with ESIM-GAMS)

Using these values as ¢_exog; ; in equation (4.11) with information on ﬁtref,i/ftref,i for the

respective farm sample and the respective main activity i, we calculate g_min;; for each of
the four farm samples and then calculate the average over these four values, which is 0.2.
We therefore add to the cost function estimation model (3.47) — (3.53) the following con-

straint:
qi; = q_min;; = 0.2 (4.12)

Table 10 shows the estimates for the activity level and fixed-input level dependent cost func-
tion with a time index for the dairy farms in West France, having imposed constraint (4.10) in
the estimation process. As the scale factor for dairy farms is 10 000 for all activities, the di-
agonal elements of matrix Q indicate by how many base-year Euros the marginal costs of
activity i increase if a farm increases its output of i by a quantity that is worth 10 000 base-

year Euros, while the levels of all other outputs remain equal. However, a change in the level
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of activity i also impacts the marginal costs with respect to activity levels of all other activities
via the off-diagonal elements of Q, and the marginal costs with respect to fixed-input levels
via the elements of matrix H. The net effect of a price change of activity i on activity levels
and fixed-input prices is therefore hard to evaluate by looking at table 10. This is why only
the cost function parameters for dairy farms are exemplarily depicted, while the remaining
estimated parameters are presented in Annex lll. Instead, we discuss the corresponding

elasticities in more detail in the next section, where they are calculated by simulating a price

change.
Estimated Cost Function Parameters Dairy Farms
activity level fixed-input level
Activity Level and - -
Fixed-Input Level E - B 5
Dependent Cost - E .E' 2 .E- - 2
Function with Time S 885 358 E E =
Index and = =2 S @ 2 o E
q_ming = 0.2 ‘s £ &t ] e ) =
5] | ="~ [~ (%] B = =
Q H
dairy products 0200 -0.084 0015 -0.032 -0.009 0015 05609
other bovine animal
outputs -0.064 0200 0023 -0.020 0006 0012 0538
non-bovine animal
outputs 0015 0023 0200 -0.048 0.001 0027 0555
crops -0.032 -0.020 -0.048 0.200 0011 0029 1.024
éu ﬁﬂ
-0.711 0104 -0.861 0.716 0.016 -0.07V6 -3.406
€ g1
-0.093 0039 -0.192 0.138 0.000 0.000 -0.045
F
cropland 0.000 0.000 0.000
grassland 0.000 0.000 0.002
unpaid labour 0.000 0002 0221

Table 10: Estimated parameters of the activity level and fixed-input level dependent cost function for dairy
farms for the cost function specification with a time index. Lower boundary for the diagonal q_min;; = 0.2.
Source: own estimation.

Nevertheless, a look at the signs of the parameters in table 10 already reveals something
about the relationships between the four different activities and the three fixed-inputs. It is
important to recall that positive off-diagonal elements of matrix Q indicate a substitutive rela-
tionship between two activities, whereas a negative off-diagonal element of matrix Q implies
a complementary relationship. The second element of the Q matrix indicates that the margin-
al costs of other bovine animal outputs decrease by -0.064 base-year Euros, if the production
of dairy products is increased by a value of 10 000 base-year Euros ceteris paribus, and vice
versa. This suggests that an increase of dairy outputs simultaneously leads to an increase of

other-bovine animal outputs, to maintain the relationship that MC=MR. A potential explana-
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tion is the complementarity, e.g., between milk production and calves that are born and
sold'®. However, whether the cross-price elasticity of supply is positive between dairy prod-
ucts and other bovine outputs, as we would expect for complementary goods, also depends
on the interrelation with other outputs.

Matrix H indicates how the marginal costs of the outputs change if an additional unit of a

fixed-input is used. However, the observed utilized fixed-input levels zgf,j are equal to avail-
able fixed-input levels b, ; and b, f; varies much more between farms than between years.

Consequently, the elements of matrices H and F do not necessarily indicate how the margin-
al costs of a farm change if the farm utilized more of a fixed-input, but rather how marginal
costs differ between farms with either a small or a large fixed-input endowment over the
years in the sample. By imposing positive (semi-) definiteness on matrix F marginal costs
with respect to fixed-inputs inevitably increase in fixed-inputs. The reason why the value for
unpaid labour on the diagonal of matrix F is so much larger than the other values may simply
be that the average levels of cropland and grassland are considerably higher than the levels
of unpaid labour (see table 2). The interplay between matrices F and H complicates the in-
terpretation of the elements of the two matrices, but by taking the derivative of the two MC
functions with respect to fixed-input levels it is possible to see how a change of fixed-input

levels impacts marginal costs:

A A 92
= 1. 0; +t b, 01, + b, Thoy (Frezi) + hy (413) ST =f; (4.14)

aZjaZj

9%TVC
6xi6z]-

The average dairy farm in Brittany, for example, has 39.2 ha of cropland, 33.8 ha of grass-
land and 1.8 AWU of unpaid labour (see table 2). The value the time index takes for the year
2012 is 8, since 2012 is the 8™ year for which we have observations in the farm sample. Tak-

ing dairy outputs as an example, with ¢ldwy = 0.22, the change in marginal costs with re-

spect to dairy outputs if one more AWU of unpaid labour was available is 0.22 * (—3.406) +
8 % 0.22 * (—0.045) + 0.22 = (0.002 * 33.8 + 0.221 * 1.8) + 0.509 = —0.217, according to equa-
tion (4.13). With the output price index for dairy outputs being 1.109 in 2012, this implies that
marginal costs for dairy outputs would decrease by almost 20% for the average dairy farm in
Brittany, if one more family AWU was available.

Marginal costs with respect to the fixed-input unpaid labour would change by 0.221, accord-

ing to equation (4.14). The price for the fixed-input labour would decrease by this value.

18 |t is also conceivable that dairy farms increase dairy outputs by culling dairy cows later or by increasing the
herd size with heifers raised on the farm, instead of selling heifer calves. This could lead to a short-term decrease
in other bovine animal outputs. However, De Vries et al. (2008) argue that an increasing number of dairy farms
specializes on dairy cow milking and buys pregnant dairy heifers instead of rearing them. For those farms, calves
are mere by-products that are sold. If such a specialized farm increases dairy outputs by extending its herd size
with purchased pregnant heifers, it would indeed be reasonable to expect that other bovine outputs increase with
an increase of dairy outputs.
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The vector ¢; of linear, time-dependent cost function parameters indicates that MC with re-
spect to the output levels of dairy products and non-bovine animal outputs decrease over the
years 2005-2012, while the MC with respect to the levels of other bovine animal outputs and
crops increase. A likely explanation for the decreasing MC of dairy outputs over time is the
steady rise of dairy activity levels while output prices remained largely stable (see figures A.3
and A4 in Annex lIll). Presumably, the increase of dairy output levels over time is at least

partly due to the phasing out of the dairy quota, as well as some technological progress.

Table 11 depicts the coefficients of determination (R?) and the sum of the weighted squares
of errors in the right column. All R? values are one or close to one, except for crop outputs in
the cattle sample, and the right column indicates that the sum of the weighted squared errors
is much lower than in the case in which the activity level dependent cost function is used
(see table 7). For dairy farms, the inclusion of the time index allows to reduce the least
squares value quite significantly. For cattle farms it notably increases the R? value for crops.

The coefficient of determination R? reveals that, overall, all error terms are comparably small.

Coefficient of Determination (R%)
activity levels fixed-input prices fixed-input levels .
w
m 2 =
Specification| 5 ] 5 5 2
g | oftheCost | § = s 2 - 2 - 2 =
- = | Function e cL -E P g E 8 = E 5 = :
=] ] ] = = @ = = @ = =
= E E & § = 3 @ o I} = =N Il L4 17}
g |5 E Iz E & £ 8 = g 2 = g g
[+4 L | Time Index = a's = 3 S G =) = G o = ]
g £ o no 1.00 1.00 1.00 0.95 0.86 1.00 1.00 1.00 1.00 1.00 1.00 42429
cigl e
E ;g, @ yes 1.00 1.00 1.00 0.95 0.86 1.00 1.00 1.00 1.00 1.00 1.00 378.23
E % o no 0.99 1.00 0.97 0.98 0.95 1.00 1.00 1.00 1.00 1.00 1.00 2,899.50
= o
giafl 8
DIl © yes 0.99 1.00 0.97 0.98 0.95 1.00 1.00 1.00 1.00 1.00 1.00 2,628 .54
activity levels fixed-input prices fixed-input levels P
. c w & 2 = = ?‘;
Specification| ¢ P = = = @
3 c £ o 2 ] ] E
g | of the Cost E = 5 £S5 = b= = - = = E
- 2 | Function = 25 z 2 = 5 = c 5 = 3
= ~ © 8 © w = o — = o — P!
& | E 2 3E LE o s @ 2 = @ 2 2
& L | Time Index | S S & 25 5 S o £ S o £ i
w8 = no 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 75.54
@ E =
] ]
= o | T yes 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 37.85
£=38|e no 1.00 0.99 1.00 0.85 1.00 1.00 1.00 1.00 1.00 1.00 164 .87
g @ E =
a3 i 8 yes 1.00 0.99 1.00 0.92 1.00 1.00 1.00 1.00 1.00 1.00 149.14

Table 11: Precision of the estimation of the activity level and fixed-input level dependent cost function
with a minimum value of 0.2 for the diagonal elements of matrix Q . The coefficient of determination is calcu-
lated for each activity, each fixed-input price and for each fixed-input level. The far-right column indicates the least
squares value of the minimized objective value of the estimation function. Source. own simulation.

However, table 11 does not inform about potential relationships between errors stemming
from systematic deviations for individual farms or for different years. Figures A.5 - A.16 in
Annex lll visualize the distribution of all three types of error terms for the four farm samples.

While the activity level related error terms iit'f_i do not seem to be strongly correlated within
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farms, deviations from observed fixed-input levels (3, ; ;) and fixed-input prices (i ;) appear
to be correlated at the farm level, for the four farm samples. It is quite striking that, e.g., for
crop farms in southern Central France, both $, ¢ ; and 1, r ; are systematically strictly positive
for cropland or strictly negative for grassland. A potential remedy would be the inclusion of a
farm-fixed effect, as it was done for the activity level dependent cost function. However, this
would presumably make the matrix F redundant: As the variation of fixed-input levels within

farms is minimal, F largely captures differences in costs between farms."®

Validation Phase

Table 12 displays the Theil inequality index for each sample, each activity and for each fixed-
input, for a lower boundary of 0.2 for the diagonal elements of matrix Q. Again, a Theil ine-
quality index of zero indicates that the simulated values equal the observed value plus the
error term (the “true” value) or are at least very close. Therefore, the size of the error terms
iit,f,ia i r; and 3, ; that was discussed in the previous section should not impact the quality
of the calibration. The highest value the index can take is one, which means, for our applica-
tion, that there is no calibration, at all. The validation is performed with the parameters and
error terms that are estimated in the estimation phase, with the output prices that are ob-
served for 2012. We implement this step by using the TNR maximization function (3.58) —

(3.59), as the TNR maximization is also used for the policy simulation in section 5.

19 Actually, the first tentative trials with the inclusion of a farm fixed effect into the activity level and fixed-input
level dependent cost function confirm that matrix F becomes redundant if a within transformation is performed.
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Theil Inequality Coefficient
activity levels fixed-input prices fixed-input levels
. . W -
Specification| £ = = =
« | ofthe Cost == = S w 3 3
S | Function 3 g w = g = H = = H =
5 = = m = = w = = = o = = =
o £ [=] * § W = . = [ = L [T =
= E ] = i @ = ] 2 = ] g
] & . = == 2 T = e = = o = =
o | Time Index = 2 'S = 8 5 o = = 5] @ =
@ % g no 0.01 0.08 0.03 0.08 0.04 0.33 0.29 012 0.07 0.00 0.04
= g
E 2i3s yes 0.00 0.00 0.00 0.00 0.00 0.10 0.04 0.01 0.00 0.00 0.00
E %‘ 2 no 0.03 0.06 0.06 0.06 0.08 0.11 0.75 0.27 0.06 0.00 0.04
= o E
S £i56 yes 0.07 0.05 0.03 0.01 0.00 0.29 0.31 0.39 0.00 0.04 0.02
activity levels fixed-input prices fixed-input levels
Specificati @ £ £ - ,_
pecification| g . = = =
@ | ofthe Cost = = £ 2 2
- . o 23 = 3 = = L - = L
- = | Function =3 2= 3 = = = T g = =
=] = = o = W = S = = = =
s | E 2 ZE ¢E g g @ 2 B ? 2
& & | TimeIndex | = B & 25 G G o s G o s
= § = no 0.03 0.08 0.00 0.07 0.04 0.05 0.03 0.01 0.05 0.03
q_; ——
[}
= E = yes 0.00 0.00 0.00 0.00 0.01 0.05 0.02 0.00 0.00 0.00
=% 8le no 0.00 0.00 0.03 0.00 0.33 0.04 0.14 0.00 0.00 0.00
2o 5|E
= i 8 yes 0.00 0.00 0.02 0.01 0.19 0.05 0.01 0.00 0.00 0.00

Table 12: Theil inequality coefficients comparing simulated and “true” values for activity levels, fixed-
input prices, and fixed-input levels for the reference year 2012. A minimum boundary of 0.2 for the diago-
nal elements of matrix Q is imposed. Values are simulated with the TNR maximization function. A coefficient of
0 indicates that all simulated values are equal to the “true” values. Source: own simulation.

The Theil inequality index is useful because it expresses the quality of the calibration for
each activity level, fixed-input level, and fixed-input price in a single value. However, a high
Theil inequality index does not inform about how simulated values deviate from “true” values.
Besides, for the crop farms in northern Central France and the cattle farms, the Theil inequal-
ity coefficients do not univocally indicate if the application of the time index leads to a better
calibration. The share of simulated values that deviate very little (<1%) or very much (2100%)
is therefore presented in table 13. In most cases the application of a time index reduces the
share of extreme deviations. For activity levels and fixed-input levels, almost all deviations
seem to be either very small or very large. In many cases, a deviation of at least 100% indi-

cates that the simulated activity or fixed-input level is erroneously zero.
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Share of Simulated Values that Deviate by < 1% (= 100%) from True Values
activity levels fixed-input prices fixed-input levels
Specification " w
ofthe Cost | 3 & 5 5
Functi = = 2 -

:-:: unction 5 2. = g - = 2 = b= B
= |& = T = m 3] = = = g L =
5 | : §§ ¢ 3 s |3 3% T |% 3§ 3%
= £ E w = @ (=8 %] o o %] o
@ @ | . £ == E T = o g = e ] c
&£ (L | Time Index © oo = 8 =] o = = 5] = S
f___ no 0.98 0.96 0.96 0.96 0.95 0.00 0.68 0.04 0.96 1.00 0.98
g °'8"_ (0.00) (0.01) (0.00) (0.02) (0.05) | (0.05) (0.01) (0.03) | (0.04) (0.00) (0.02)

2 ?L o es 1.00 1.00 1.00 1.00 1.00 0.24 0.70 0.89 1.00 1.00 1.00
E : y (0.00)  (0.00) (0.00) (0.00) (0.00) | (0.00) (0.00) (0.00) | (0.00) (0.00) (0.00)
[T T T T N N
5
£ B _ no 0.98 0.97 0.97 0.97 0.90 0.10 0.52 0.01 0.97 1.00 0.97
& 'E “é."_ (0.02) (0.01) (0.02) (0.01) (0.06) | (0.03) (018) (0.04) | (0.02) (0.00) (0.03)
_c'=: 5 es 0.96 0.97 0.97 0.99 1.00 0.81 0.51 0.07 1.00 0.95 1.00
: y (0.03)  (0.01) (0.01) (0.00) (0.00) | (0.01) (014)  (0.03) | (0.00) (0.00) (0.00)
activity levels fixed-input prices fixed-input levels
Specification °_E"
of the Cost %n .E = = =

o | Function E = > 8 E

& =32 = = ] = [
z |2 E 323X B T 8 T | B §E 3
= L ® a5 w Lo I = = o =
% |E 2 2E L& = - @ g = @ g
4 =] = = = = & 3 = r= = c = = =
& | | Time Index = o = E o = = = = ] = =
8 no 1.00 1.00 1.00 1.00 0.37 0.14 0.97 1.00 1.00 1.00
E = (0.00)  (0.00) (0.00) (0.00} (0.00)  (0.00) (0.00) | (0.00) (0.00y (0.00)
= |E
] s s 1.00 1.00 1.00 1.00 0.83 0.23 0.67 1.00 1.00 1.00
é y (0.00) (0.00) (0.00) (0.00) (0.00)  (0.00) (0.00) | (0.00) (0.00y (0.00)

g no 0.93 0.99 0.93 0.99 0.21 0.61 0.10 0.99 1.00 1.00
= E % (0.00)  (0.00) (0.07) (0.01) (0.02)  (0.00) (0.00) | (0.00) (0.00y (0.00)
g E 8 os 1.00 0.99 0.93 0.93 0.23 0.18 0.91 1.00 1.00 1.00
b’ y (0.00) (0.00) (0.06) (0.02) (0.01)  (0.00) (0.00) | (0.00) (0.00y (0.00)

Table 13: Share of simulated values that deviate by less than 1% and by at least 100% (in brackets) for the
reference year 2012. A minimum boundary of 0.2 for the diagonal elements of matrix Q is imposed. Values are
simulated with the TNR maximization function. Source: own calculation.

Simulation Phase

The employment of a time index seems to improve the validation of the model for all farm
samples. It allows to capture a potentially existing time trend, which is particularly helpful for
the dairy sample, as table 11 and figures A.5 - A.16 in the Annex reveal. However, also for
the three other farm samples it appears reasonable to believe that there is a trend in costs
per outputs over the observed period. Therefore, all simulations are performed using the cost
function estimates with the time index. Table 14 depicts the simulated supply elasticities to
prices for the four farm samples, using 2012 as the reference year. The own-price elasticity
is in a reasonable range for the major activities of each farm type (cereals for crop farms,

dairy products for dairy farms, and other bovine animal outputs for cattle farms).
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Supply Elasticities
Crop farms from southern Central France Crop farms from northern Central France
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animal outputs 1.94 0.02 0.01 002  0.00 3.06 055  -047 000  -0.83
g ~ Pulsesand 017 393 002 004 -099 176 841 -062 119 263
= oilseeds
=]
‘G industrial crops 0.03  0.00 1.18 0.05  -0.19 528 411 228 023 -0.12
8
= cereals 048 010 0.52 1850  -0.27 1.29 457 054 230 -2.08
other crops 000 -008 006 001 1.36 037 -020 005 -OM 1.32
Dairy farms from West France Cattle farms from South-West France
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dairy products 0.53 0.61 0.83 083 0.56 0.00 -0.50 0.04
@
& .
g other bovine 018 180 -126 066 000 079 -1000 0.80
£ animal outputs
g _nonbovine 000 000 1443 002 028 -147 16664 -116
-= animal outputs
(=9
crops 0.19 0.50 459 744 0.02 0.1 -7.30 2326

Table 14: Supply elasticities to prices, simulated using the activity level and fixed-input level dependent
cost function with a time index and a lower boundary of 0.2 for the diagonal elements of matrix Q for
2012. Elasticities are simulated for a 10% increase in output prices of the activity indicated on the vertical axis.
Source: own simulation.

The own-price elasticities of non-bovine animal outputs appear unrealistically high for dairy
farms, but especially for cattle farms. The reason for this is that MC of other bovine animal
outputs increase quite significantly if the activity level of non-bovine animal outputs is in-
creased, as the element of the matrix Q that connects the two is quite large (see table 10 in
Annex lll). Therefore, other bovine animal outputs and non-bovine animal outputs seem to be
strong substitutes in production: If the price of other bovine animal outputs increases, the
total level of non-bovine animal outputs drops to zero for farms that produce both in the ref-
erence scenario, and vice versa. However, the quantity of non-bovine animal products pro-
duced by dairy and cattle farms is negligible (see table A.4 in Annex Ill) and the number of

observations is low, which may explain the drastic supply response.

Using the TNR maximization model (3.54) — (3.55), fixed-input prices can be retrieved as the
dual values of the resource constraints. Figure 8 depicts the simulated fixed-input prices for
an increase of the price of the most important output for each farm type by 5%, 10%, and
15%.
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Figure 8: Simulated fixed-input prices for an increase of the output price of the most important activity
per sample. Price increase of 5%, 10%, and 15% for dairy products for dairy farms, other bovine animal products
for cattle farms, and cereals for crop farms. Fixed-input prices are simulated as the dual values of the resource

constraint (3.59). The simulation is performed using the estimated activity level and fixed-input level dependent
cost function with a time index. Source: own simulation.

Surprisingly, the rental rate of grassland increases quite significantly for crop farms in north-
ern Central France if the price of cereals increases, whereas the rental rate of unpaid labour
decreases. A potential explanation for the rise of the grassland rental rate is that the cross-
price elasticity between cereals and animal outputs for a price increase of cereals is positive-
ly (see table 14), indicating a complementarity between cereals and animal outputs. As the
increase of the TNR significantly enhances the remuneration for cropland and grassland, it

induces a decrease of the remuneration for unpaid labour. This is possible as the model ac-
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counts for the impact of activity levels on MC with respect to fixed-input levels — whether this

specific reaction is realistic or not is debatable.

5. Application for a Greenhouse Gas Emission Cap Simulation

In this chapter the estimated parameters of the activity level and fixed-input level dependent
cost function with a time-index are applied to simulate the introduction of a greenhouse gas
(GHG) emission constraint at regional level for dairy farms in West France, cattle farms in
South-West France, and crop farms in southern Central France?. First, a theoretical back-
ground on agricultural GHG emission mitigation and abatement costs is provided. Then, we
modify our model for the incorporation of a GHG emission constraint. We describe the com-
pilation and the preparation of GHG emission data to generate a link between the simulated
production decisions and farms’ GHG emissions. Finally, we simulate regional GHG emis-
sion caps of different magnitude, up to a reduction of 20% compared to the GHG emissions
in the reference scenario. The simulated marginal abatement costs, activity level changes

and fixed-input price changes are presented and discussed.

5.1. Agricultural Greenhouse Gas Emission Mitigation and Abatement
Cost Estimation in Literature
5.1.1. Agricultural Greenhouse Gas Emissions

According to the United Nation’s Intergovernmental Panel on Climate Change (IPCC) human
influence has unequivocally warmed the global climate and continues to do so, posing un-
precedented risk mainly to vulnerable populations and ecosystems (see for example IPCC
(2014b, 2021)). Against this backdrop, a first legally binding international agreement attempt-
ing to limit global warming to well below 2 degrees Celsius was signed by 196 parties in Par-
is in 2016 (United Nations, 2021). The EU’s approaches to comply with the Paris Agreement
and to tackle climate change were bundled and communicated by the European Commission
in 2019 in the so-called “Green Deal” strategy (European Commission, 2019). In 2021 the
European Climate Law was adopted by the European Parliament and the Council, a regula-
tion that establishes the legislative framework for achieving climate neutrality by 2050 and
cutting greenhouse gas emissions by at least 55% for 2030 compared to 1990 levels (Regu-
lation (EC) 2021/1119, n.d.). Within the Green Deal, the “Farm-to-Fork Strategy” constitutes
the overarching concept to ensure that the agri-food sector contributes “appropriately” to the

objectives set out by the European Climate Law (European Commission, 2020, p. 3)?'.

20 \We do not present the simulation results of crop farms from northern Central France, as they proofed too errat-
ic. The reason for this seems to be that the optimal solution found in the validation phase for many farms is only a
local maximum, and therefore a TNR that is larger than in the reference scenario was found for many farms if the
emission constraint is imposed. Below, we describe the same problem and its consequences in more detail for
cattle farms but disregard the results for crop farms from northern Central France for reasons of brevity.

21 To our knowledge, no binding emission reduction targets have been set so far for the agricultural sector.
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Agriculture is affected by climate change, but at the same time it contributes to global warm-
ing through the emission of greenhouse gases. In the EU-28, agriculture accounted for 10%
to 12% of all GHG emissions over the years 2010-2020. Methane (CH.) emissions from en-
teric fermentation of livestock and nitrous oxide (N2O) emissions from agricultural soils con-
tributed 38% and 32% of the total agricultural emissions in 2016, respectively. The use of
mineral and organic nitrogen fertilizers as well as livestock manure management are addi-
tional important contributors of non-CO, GHG emissions (EEA, 2019, 2021). In total, when
accounting also for the production, the transport, and the processing of feed, the livestock
sector is responsible for more than 80% of the agricultural GHG emissions. Almost 60% of
the emissions from livestock are caused by cattle production (dairy and beef with roughly
equal shares), and about 25% by pork production (Leip et al. (2010), Peyraud and MacLeod
(2020)).

The absolute value of the agricultural sector’'s emissions in the EU has significantly de-
creased in the early 1990s, followed by a moderate decline until 2012. Presumably at least
partly because of the phasing out of the dairy quota, agricultural emissions then increased
again slightly until 2017, before they declined in 2019 back to the level of 2009 (EEA, 2021;
Klootwijk et al., 2016).

In France, agriculture emitted about 84,000 kilotons of CO- equivalents in 2019, which corre-
sponds to a share of almost 20% of the country’s total emissions (12% on average in the EU-
28).22 France’s emissions from agriculture were approximately 10% lower in 2019 than in
1990, whereas the average reduction in the EU-28 over the same time period was 20%
(EEA, 2021). These figures highlight the particular importance of the agricultural sector for
the design of effective emission reduction strategies for France and the other EU member

states.

5.1.2. Marginal Emission Abatement Costs

While the contribution of agriculture to anthropogenic GHG emissions is indisputable, its cen-
tral function for food production and the provision of ecosystem services complicates the role
it may play for emission mitigation (Eory et al. (2018)). Besides, ill-designed GHG mitigation
strategies for the agricultural sector in Europe may deteriorate food security in low- and mid-
dle-income countries quite significantly, if they induce food price increases. Further on, espe-
cially if mitigation policies are implemented solely in the EU, this would impact producers’
global competitiveness and limit their income. Emission savings would be partly offset
through carbon leakage, i.e., the relocation of GHG emissions to countries outside the EU
(Beckman et al. (2020), Hasegawa et al. (2018), Himics et al. (2018)). To minimize the ad-

22 The global warming potential of a ton of CH4 or N20 is considerably higher than that of a ton of COz. To calcu-
late the total emissions of a country or a sector it is common practice to account for non-CO2 emissions by ex-
pressing their global warming potential in CO2 equivalents. See, for example, IPCC (2014a, p. 714).
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verse side-effects of emission mitigation, Fellmann et al. (2018) suggest a more flexible im-
plementation of mitigation efforts that would allow to reduce agricultural emissions where the
reduction is least costly, instead of a strict adherence to national mitigation targets.

A commonly used framework to assess and compare the cost effectiveness of different GHG
mitigation options is the marginal abatement cost (MAC) curve approach. Marginal abate-
ment costs are the costs of eliminating an additional unit of GHG emissions. They can be
plotted against a corresponding emission reduction amount to obtain the MAC curve. The
area under the MAC curve then indicates the total abatement costs, i.e., the total costs of
reducing a certain quantity of emissions with the respective mitigation option (Eory et al.,
2018; Morris et al., 2012).2 However, the variety of production types, farm sizes, and general
farming conditions in the EU causes significant heterogeneity of the mitigation potential and
the MAC within the agricultural sector (Dominguez and Fellmann (2015), Fellmann et al.
(2018), Macleod et al. (2015)). Vermont and De Cara (2010) remark that MAC are rarely ob-
servable in an agricultural context, often because mitigation measures have not yet been
implemented, which is the reason why one has to resort to model simulations. In their meta-
analysis, they distinguish three categories of models that have been used for MAC assess-
ment.

First, in a strand of literature abatement potential and costs are analysed with engineering
approaches. Based on information about available technology, a set of potential emission
mitigation options is compiled along with the mitigation potential and the implementation
costs of each option. Options with their total mitigation potential are then ranked according to
their costs per unit of emission reduction to obtain the MAC curve. A recent example of the
engineering approach is the analysis of the abatement potential of GHG emissions in the
Irish agriculture (Lanigan et al., 2018). Various measures, such as the improvement of beef
genomics, extended grazing, or the selection of different fertilizer types, are ranked accord-
ing to their abatement costs per ton of CO.-equivalents, so that the total costs for a given
emission reduction can be derived.

Second, partial or general equilibrium models with endogenous equilibrium prices are used
to assess the effects of a mitigation policy. If an emission tax is introduced, this particularly
affects the supply-side directly and indirectly, through the change in equilibrium prices. The
economic assessment of GHG mitigation options for EU agriculture by Van Doorslaer et al.
(2015) represents such an approach, where the Common Agricultural Policy Regionalised
Impact (CAPRI) model is extended by options to account for GHG emissions and implement
technological mitigation options.

Third, micro-economic supply-side models are used to describe the behaviour of a sample of

representative farms who maximize their TNR subject to resource constraints. MAC can then

23 The term “welfare loss” might be more precise than “total costs”. If “producers” of mitigated emissions can ex-
ploit a producer’s rent, the costs paid e.g., by a government agency, will be higher than the area under the curve.
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be computed by introducing an emission tax, as it is done, for example, by De Cara et al.
(2005) who also use the FADN as their primary source of data. However, a second option to
compute MAC with farm models is by imposing an emission constraint whose dual value rep-
resents the MAC.

The calculation of MAC as the dual value of an emission constraint is pursued for example
by Morris et al. (2012), although their approach does not focus on the agricultural sector and
uses a computable general equilibrium model, instead of a farm supply model. Their interpre-
tation of the dual value is that it reflects the market price that would be obtained for the right
to emit one unit of GHG if emission allowances are traded under a cap-and-trade system.
The European Commission operates such an emission trading system (EU ETS) since 2005,
where a cap is set on the total amount of GHG emitted by all market participants of certain
sectors, who may trade allowances with one another. The cap is set low enough to be a
binding constraint and is reduced each year (European Commission, 2021). Although the EU
ETS does not comprise the agricultural sector, De Cara and Jayet (2011) argue that a cap-
and-trade system for agricultural emissions could significantly lower the total abatement
costs for the EU, compared to inflexible national mitigation targets. Given their advocacy for
the method and the theoretical appeal of a market for emission allowances, we apply the
model developed and tested in the previous chapters for the simulation of a GHG emission

constraint.

5.2. Incorporation of a Greenhouse Gas Emission Constraint into the
Initial Model

In chapter 3.3.2 we developed a total net revenue maximization model as an alternative to
the minimization of the complementary slackness conditions (CSC) for the validation of the
estimated cost function and for the simulation of output price changes. While TNR maximiza-
tion and CSC minimization yield identical optimal fixed-input and activity levels, the optimal
fixed-input prices are obtained in a different way. In the CSC minimization framework, they
(minus the value of a slack variable) are equated to the negative of the marginal costs with
respect to the fixed-input (equation 3.52). In the TNR maximization framework, they are re-
trieved as the shadow prices of the respective resource constraint and do not explicitly ap-
pear in the model as the optimization software calculates them (equation 3.59). This property
renders the TNR maximization particularly useful for policy simulation, as it allows to interpret
the dual values of constraints that were not included in the estimation phase. In the case of
an emission constraint, their dual values indicate the change in TNR for the elimination of an
additional unit of GHG emissions.

The crux of a cap-and-trade system in a perfectly competitive market for GHG emission al-
lowances is that the market price indicates the lowest costs per unit of GHG emissions at

which a desired amount of GHG emission savings can be achieved. For this market price to
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be positive, the total quantity of GHG emissions granted to all farms in the market via allow-
ances must be lower than the total GHG emissions of farms in a refence scenario without a
GHG emission cap. We define the total annual GHG emissions of the reference scenario TE;

as
* Fr T *
TE; = Y/, @ r(€cf X)) (5.1)

where the coefficient w, ; is a farm weight that is provided by the FADN dataset and that in-
dicates how many farms in the population are represented by each farm in the sample (Neu-
enfeldt and Gocht, 2014). The elements of vector e serve as a GHG emission factor, repre-
senting the emissions of CO, equivalents for each of the I activities per unit of output. It may
vary between farms and years. The vector x;¢ represents the activity levels of each farm that
are optimal in the reference scenario without emission cap and F,. stands for all farms partici-
pating in the market. Note that it is possible that E. does not comprise all F farms considered
for the cost function estimation, if the modeller imposes the emission constraint, for example,
at subregional level. As a perfectly competitive GHG emission market allows to maximize the
total welfare subject to the GHG emission constraint, the optimization problem (3.58 — 3.59)
must be rewritten to maximize the sum of the individual TNR, ;. We can therefore express the

optimization problem as

F ’ A =
MAth_f,zt,f TNR; = Zf;1 Wt f [Pef Xer — €'Xee — ¥Xes' Q Xef — (¢'xt,f) g Zys —
1/ZZt,f'FZt,f ((I)’Xt,f) - Zt,f'H Xpf — Xt,f’wt,fht,f - Zt,f’Tt,fgt,f] (5.2)

Su bJeCt tO zt’f - Vt,fut,f S bt,f [Yt,f] (53)

Zszrl wt,f(e;,fxt,f) <(1-w Z?:rl wt,f(eé,fXEf) =(A-a)TE; [n:] (5.4)

and subject to non-negativity for x;¢ and z.¢. Note that the individual farm’s TNR, ; is
weighted by the farm weight coefficient w ;. The parameter o [0,1] is a GHG emission reduc-
tion factor that is set by the policy analyst to impose an upper boundary on the total GHG
emissions of the E. farms. The dual value p ; indicates the marginal abatement costs (MAC)
per unit of GHG emissions for the reference year t, in the same currency units as used in the
objective function. When taking the derivative of the national (or regional) TNR maximization
function (5.2) with respect to the activity levels, the dual value p of the GHG emission con-
straint appears in the new optimality condition for each farm and each activity as follows:
MCi¢ + He€yr = Pet (5.5)

where MC, ¢ summarizes all terms that constitute the MC with respect to activity levels before
the introduction of the emission constraint. Equation (5.5) can be solved for p;, and for posi-

tive activity levels it can be written as the following equality:
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Me = (et,f)_l(pt,f - Mct,f) (5.6)

In the cap-and-trade system for the agricultural sector as modelled by Van Doorslaer et al.
(2015) all tradeable GHG emission permits are distributed at the beginning of the simulation
among market participants (either homogenously or according to distribution factors). The
EU ETS also grants a certain number of initial free allowances to some market participants,
which they may then trade (European Commission, 2021). Transferring this concept to our
model would imply that each farm initially receives allowances for (1 — a) TE ; units of GHG
emissions. The value of an additional emission allowance may now vary between farms: For
some farms, the gain in TNR they could generate if they had one more allowance may be
larger than the decline in TNR that other farms would incur if they had one allowance less,
indicating that the MAC of the former farms are higher than that of the latter farms. The for-
mer farms would become net buyers whereas the latter farms would become net sellers of
emission allowances. However, our model does not calculate the MAC for each farm, but
only the MAC of the last allowance that is traded on the market before market clearing is
completed, which is seen as the market price. The MAC that each individual farm faces for
the market equilibrium may lie below the market price, if the farm is a net suppler of emission
allowances, or above the market price, if the farm is a net receiver of emission allowances.
The sum of the supplier rents and the receiver rents is the welfare gain generated by the
emission allowance trade, compared to the situation where each farm must reduce its GHG

emissions by the factor «a.

5.3. Policy Scenario Simulation
5.3.1. Greenhouse Gas Emission Data Preparation and Aggregation

The vectors and matrices ¢, Q, g, F and H of the cost function parameters as well as the vec-
tors of error terms Btlf and S, ¢ were estimated in the estimation phase. The vectors and ma-
trices ¢, pys, Wis and Ty¢ are exogenous to the model. The vectors of optimal activity levels
x¢¢ Of the reference scenario can be easily estimated by running model (5.2) — (5.4) with the
GHG emission factor a set to zero. For policy simulation, the GHG emission reduction factor
a is set by the modeller. The only parameters of the simulation model with the emission con-
straint that still need to be defined before being able to run model (5.2) — (5.4) is e, vector of
emission factors for each activity.

An obvious shortcoming of the calculation of the total GHG emissions as the product of a
vector e of emission factors and the vector of activity levels is that it pretends that GHG
emissions depend exclusively on activity levels. The very important implication of this is that
farmers can reduce emissions only (and linearly) by lowering activity levels. This certainly

does not reflect reality since, for example, manure management, N-fertilizer application or
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soil management also have a significant impact on GHG emissions from farm practices, as
outlined in section 5.1.1. However, as our model does not take variable-input levels or poten-
tially available information on farm-specific technology into account, we resort to the use of
emission factors for activities, while being aware of the limitations of this approach.

To construct the vector e of GHG emission factors, that indicates GHG emissions per level of
the aggregated activity, we start by collating data on the GHG emissions of each of the 49
disaggregated activities. The IPCC elaborates guidelines for the estimation of agricultural
GHG emissions and distinguishes three tiers of detail for calculation: Tier 1 is the simplest
method and appears suitable under the conditions of this thesis, at least for the estimation of
GHG emissions stemming from livestock activities. The IPCC (2006) provides GHG emission
factors for different categories of livestock in different production systems (mainly catego-
rized by geographic region) that indicate average values of methane emissions from enteric
fermentation and manure management per head of animal. We transform these values into
COz-equivalents, based on data on the global warming potential of methane from IPCC
(2014a, p. 714), and use them as the starting point for the calculation of GHG emissions from
livestock.

GHG emission factors for crops and dairy products are retrieved from the freely accessible
and simplified database of Agribalyse (2020a, 2020b) as tons of CO2-equivalents emitted per
ton of the product, measured at the farm-gate for the average farm in France.?*

In the following step, the total GHG emissions per farm in the sample, for each year and for
each disaggregated activities are calculated by multiplying the emission factors of each of
the 49 disaggregated activities with the quantities produced in each year by each farm. As
indicated in figure 5 in section 4.1.2, produced quantities in the FADN dataset are expressed
in tons or LU. Consequently, GHG emission factors from IPCC have to be converted from
GHG emissions per head of animal to emissions per LU, using data on heads of animals per
LU from Eurostat (2020).

Then, the total GHG emissions per aggregated activity in each year for each farm are calcu-
lated by summing all the emissions of the disaggregated activities that belong to the same
aggregate. To avoid double counting of emissions from dairy outputs and the output “dairy
cows” (usually referring to animals sold alive), we assumed that all emissions from a dairy
cow are captured by the dairy outputs. Finally, the total GHG emissions per aggregated ac-

tivity are divided by x//;, the observed level of the aggregated activity measured in base-
year monetary values, to receive e, ;. Note that this GHG emission factor varies between

years and farms, as the composition of an aggregated activity also varies along these two

dimensions. In some cases, the produced quantities of a disaggregated activity in weight

24 As the freely accessible datasets from Agribalyse do not provide information on GHG emissions from oat pro-
duction, we use the estimates from Rajaniemi et al. (2011).
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units are not provided by the FADN dataset. This concerns the aggregated activity “other
crops” in the crop farm samples, and one (four) observation in the dairy (cattle) sample. The
reason seems to be that for vegetables, fruits, flowers or mushrooms only the sales value or
the cultivation area are provided. While this allows calculation of aggregated activity levels
(using exogenous output prices), it is not possible to calculate emission factors for aggregat-
ed activities according to the procedure applied for the other farms and activities. Therefore,
missing values of e, r; are imputed with the subregional average & s, pregion,i» if available, or
with the annual farm average for all other crops, e, ;. Table 15 displays the mean, the median

and the standard deviation of the emission factors e, ; ; for each sample in 2012.

GHG Emissions per Produced Activity Level (kg of CO;-equivalents/base-year €)
Crop farms from southern Central France
mean median std
animal outputs 4.56 476 2.40
pulsesand , o 230 0.28
oilseeds
industrial crops 0.78 0.67 0.61
cereals 3.09 3.06 0.35
other crops 2.00 1.88 045
farm's weighted 273 275 0.63
average
Dairy farms from West France Cattle farms from South-West France
mean median std mean median std
dairy products 413 4.18 0.36 4.25 4.27 017
other bovine| o7 434 448 547 5.29 259
animal outputs
non-bovine animal) —, 7, 1.62 1.62 5.80 4.85 5.83
outputs
crops 11.53 346 62.90 20.30 8.50 40.61
farm’s weighted) , 411 0.43 5.39 5.17 229
average

Table 15: Mean, median and standard deviation of the emission factor e s; for three samples of farms in
France in the year 2012. The farm’s weighted average is the average emission factor per farm weighted by the
farms activity levels. Source: own calculation based on Agribalyse (2020a, 2020b), EU-FADN — DG AGRI, Euro-
stat (2020), IPCC (2006) and Rajaniemi et al. (2011).

Strikingly, the means of the GHG emission factors for crops in the dairy and the cattle farm
samples are large compared with the GHG emission factors of other activities of dairy and
cattle farms, but also compared with the crop activities of the crop farms. At the same time,
the standard deviation of the GHG emission factor for crops is very large for dairy and cattle
farms. It is important to recall that the GHG emission factor e, f; indicates the GHG emis-
sions per output value and not per output weight. The differences between the GHG emis-

sion factors for crops, both within and between the dairy and cattle farm samples, result al-
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most entirely from a different average value per ton of produced crops: Dairy farms generate
on average 92.29 base-year Euros per ton of crop output and cattle farms only 52.64 base-
year Euros. The emissions per weight unit of crop output do not vary significantly between
the two samples.

However, the different emission factors of non-bovine animal outputs can be explained by
the types of non-bovine animals kept by farms: In the cattle farm sample sheep and pigs
dominate, whereas the few non-bovine animal outputs produced by dairy farms in 2012 are
mainly poultry.

Table 15 also indicates the mean of each farm’s weighted average emission factor, which
indicates how many kg of CO»-equivalents are emitted per average activity level in base-year
Euros. Notably, crop farms have lower average emissions per value unit than dairy or cattle

farms.

5.3.2. Policy Simulation Results
This section presents the results of the simulation of the introduction of a GHG emission cap
at regional level. To receive a MAC curve, eight reduction scenarios are simulated, ranging
from a 2.5% reduction compared to the reference level in 2012, to a 20% reduction. Besides
the MACs, which are presented first, other important simulation results are the impact of the
GHG emission cap on activity levels and fixed-input prices. All farms are weighted by the
farm weight that the FADN dataset provides and that indicates how many farms in the popu-

lation are represented by each farm in the sample (Neuenfeldt and Gocht, 2014).

5.3.2.1.  Estimated Marginal Abatement Costs
Figure 9 depicts the simulated MAC for dairy farms, cattle farms, and crop farms for eight
different emission caps at the regional level. The MAC displayed on the vertical axis are the
equilibrium prices of an emission trading system that would establish if the admissible GHG
emissions of the region are reduced by the value on the horizontal axis. The area under each
curve from the origin to a point on the horizontal axis represents the total GHG emission
abatement costs incurred by the region for the respective emission reduction. For a 10%
emission reduction the simulated MAC are 10.14 €/tCO-eq for cattle farms, 17.51 €/tCOzeq
for dairy farms, and 29.99 €/tCO.eq for crop farms in southern Central France. In section 5.4
we demonstrate that these values appear reasonable, when comparing our MAC with MAC
estimates from other researchers. The MAC curves for dairy farms and crop farms increase
linearly, so that the MAC for a 20% emission reduction are twice as high as the MAC for a
10% reduction. For cattle farms, the MAC curve has a slightly increasing upward slope, with

an interruption for an emission reduction between 15% and 17.5%.
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Marginal Emission Abatement Costs
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Figure 9: Marginal Emission Abatement Costs (MACs) for GHG emissions from dairy, cattle, and crop
farms. The horizontal axis displays the emission reduction scenario.

A likely explanation for the differences of the simulated MAC between the three samples are
the average GHG emissions generated by farms in each sample per activity level. As indi-
cated by table 15, crop farms emit less GHG per average activity level than dairy farms, and
dairy farms emit less GHG per average activity level than cattle farms. This implies that the
abatement of a ton of GHG on average requires a stronger activity level reduction for crop
farms than for dairy or cattle farms. It therefore appears reasonable that abatement costs per
ton of GHG are highest for crop farms, followed by dairy farms, while cattle farms have low-
est MAC.

The regional MAC do not reveal how farms change their supply behaviour or how the emis-
sion reduction is distributed between individual farms. In section 5.2 we briefly elaborated
that some farms would become net buyers, whereas others would become net sellers of
GHG emission certificates. Before assessing the simulated behaviour of individual farms, let
us recapitulate the process represented by the model. Farms can only reduce GHG emis-
sions by reducing outputs, and the reduction of the level of activity i ceteris paribus leads to a
decrease in the MC with respect to the level of activity i, as the underlying cost function is
upward sloping. In other words, the existence of a binding GHG emission constraint makes it
impossible (at least for some farms) to fulfill the economic optimality condition MC;; =
MR, ¢; and, hence, MC, ;; < MR, ;; for the scenario.?* According to equation (5.6) the MAC
is equal to the difference between MR, ; and MC, ;, divided by the emission factor e, ;.

Importantly, the dual value p, in equation (5.6) is identical for each farm and activity, as it

25 Note that what we refer to as MC does not include the emission costs per activity unit, see equation (5.5).
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stems from the national (or regional) GHG emission constraint. Besides, for our application
MR, ; does not vary between farms, because the reference output prices are identical for all
farms within the same region. The coefficient e, f ; is exogenous to the model, so that farms
can fulfil constraint (5.6) only by adjusting their MC, ;. Figure 10 shows exemplarily for dairy
outputs of dairy farms in West France that farms’ marginal costs are indeed (anti-) propor-

tional to their GHG emission factor ey ;.

Relationship Between the GHG Emission Factor and the Simulated Marginal Costs w.r.t. Dairy Outputs
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Figure 10: Simulated marginal costs with respect to dairy outputs for each of the dairy farms from West

France, represented by the respective GHG emission factor e 4,:,,. Four different emission reduction sce-
narios are displayed. Source: own simulation and visualization.
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Relationship Between the GHG Emission Factor and the Change of the Simulated Activity Level for Dairy Farms
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Figure 11: Relationship between the change of the simulated activity levels and the respective emission
factors e,y for dairy farms. Four different emission reduction scenarios are displayed. Source: own simulation
and visualization.

The MC with respect to the other three outputs of dairy farms are displayed in Annex IV and
exhibit the same relation towards the emission factor. Figure 11 shows that, by reducing the
levels of most activities, farms adjust their MC according to the total required GHG emission
reduction and according to the GHG emission factor of the respective activity. However, fig-
ure A.21 in Annex IV shows that the relation between the change of the activity level and the
emission factor is not equally distinct for all activities. The reason for this is that the MC of
dairy outputs, for example, is also affected by the levels of all other three activities, through
the matrix Q and other interaction parameters. This explains why it is possible that the activity
level of other non-bovine animal outputs even increases for one farm if an emission cap is
imposed (top left corner of figure 11, where one observation exhibits a positive activity level
change). Nevertheless, the absolute change in activity levels clearly depends on the GHG
emission factor, overall. This dependency has important implications. A farm that has high
activity levels in the reference scenario can adjust the MC with a relatively smaller change of
activity levels, compared to a farm that has the same GHG emission factor but that has low
activity levels in the reference scenario. This is because the change of marginal costs with
respect to activity levels in activity levels is determined by matrix Q, implying that a certain
change in MC requires the same absolute activity level change for each farm. The reader be
reminded that the GHG emissions caused by an activity are largely proportional to its simu-
lated activity level (see figure A.17 in Annex IV). For an emission cap at 10% below the re-
gional reference GHG emissions we hypothesize that the GHG emissions of an individual
activity are reduced by more than 10% if the reference activity level is rather small and if the

emission factor e, ¢; is comparably large. Figure 12 confirms this hypothesis:
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GHG Emission Reduction per Activity for a 10% GHG Emission Reduction Scenario for Dairy Farms
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Figure 12: Emission reduction of dairy farms per activity for a 10% emission cap, for all four activities.
Each dot represents one of the four outputs produced by dairy farms. Dots that lie above the horizontal line are
activities for which the emission reduction is less than 10%. The color of the dots indicates if the emission factor
for this activity of the respective farm is above or below the median over all farms and over all activities. Source:
own simulation and visualization.

Figure 12 represents the relative GHG emission reduction for each of the I activities for all F

farms, which is calculated as

(et,f,ixt,f,i—et,f,ix;,f.i) (5.7)

relative_GHG_emission_reduction,y; = 100 -
v t.fixtfi

where x; (; is the optimal activity level in the reference scenario without a GHG emission
cap. Figure 12 shows that the relative GHG emission reduction is stronger the lower the ref-

erence activity level x; ;. The GHG emissions of all activities for which the level in the refer-

ence scenario was below a certain threshold (ca. 103 base-year €) are reduced by 100%,
indicating that farms cease the production of these activities. Figure A.22 in annex IV shows
that this concerns almost exclusively the cropping activities of dairy farms. It also indicates
that most of the activities in the top right corner, i.e., activities with a high reference activity

level x; (; and a comparably low relative emission reduction e, ;, are dairy outputs.

To answer the question which farms would become net buyers of emission certificates and
which farms would become net sellers, the relative farm GHG emission change over all activ-
ities matters, not the relative farm GHG emission change per activity. Nevertheless, as the
total relative GHG emission change of a farm is composed of the emission changes of each
activity supplied by the farm, the pattern observed for individual activities is also largely valid
for entire farms. Table 16 indicates that the average net GHG emission buyer (i.e., a farm
that reduces its GHG emissions relatively little) has considerably higher activity levels in the

reference scenario and emits less GHG per activity level than a net GHG emission seller.
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Differences Between Net Sellers and Net Buyers of Emission Rights

Dairy farms from Cattle farms from Crop farms from
West France South-West France southern Central France
determinants of emission right net emission right... net emission right... net emission right...
trading behaviour buyers sellers buyers sellers buyers sellers
mean of the sum of actwitiy levels
per farm in the reference scenario | 231,497 119,631 109,153 45145 163,871 75,394

(quantity in base-year €)

mean of farms' weighted average
emission factor & 4.00 4.24 4.65 7.09 262 3.00
(kg of COz-eq/base-year €)

Table 16: Characteristics of net GHG emission right buyers and sellers for a 10% GHG emission reduction
scenario. Net buyers are farms that reduce their emissions by less than 10%. The first row indicates the mean of
each farm’s total activity level in the reference scenario (the sum of the levels of each activity produced in 2012).
The mean of farms’ weighted average emission factor in the second row indicates how many kg of GHG are emit-
ted per output level on average. Source: own simulation.

In conclusion, farms with higher activity levels reduce their GHG emissions proportionally
less than farms with lower activity levels. Already in the reference scenario farms contribute
unevenly to GHG emissions (see Lorenz curve in figure 13). This uneven contribution be-
comes even more pronounced the more restrictive the regional GHG emission cap, which
indicates that farms with comparably high GHG emissions in the reference scenario buy
GHG emission rights from others, usually farms with lower reference activity level. Besides,
the levels of activities with high GHG emissions per reference output value are stronger re-

duced than the levels of activities with a comparably smaller GHG emission factor.

Lorenz Curve far dairy farms' GHG emission distribution
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Figure 13: Lorenz curve indicating that emissions become more unevenly distributed if an emission cap
is imposed. Source: own simulation and visualization.
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5.3.2.2. Effect of Greenhouse Gas Emission Reduction on Activity Levels,
Shadow Prices and Farm Total Net Revenues

Figure 14 depicts the total levels of activities produced by the three farm samples in the ref-
erence scenario, in a scenario with a GHG emission cap at 90% of the reference emissions
and 80% of the reference GHG emissions. The levels of almost all activities decrease, as
farms can only reduce their emissions by reducing their activity levels. Importantly, the
strongest relative decrease of activity levels in every sample is observed for activities that
already have a comparably low level in the reference scenario: crop activities in the dairy and
in the cattle farm sample, and animal outputs in the crop farm sample. The contribution of the
main activities to GHG emission reduction is less than proportional for dairy farms and crop
farms (see figure A.25 in Annex IV).
As elaborated in the previous section, the explanation for this seems to be that the adjust-
ment of marginal costs requires an absolute change of activity levels that is relatively less
important for the most dominant activities. Surprisingly, the levels of other non-bovine animal
outputs produced by cattle farms increase by 529% if a regional GHG emission constraint at
10% below the reference level is imposed, and even more for a 20% emission reduction. A
look at the impact of the simulation on individual farms reveals that not all farms that pro-
duced other non-bovine animal outputs in the reference scenario increase their activity lev-
els. An important determinant for the supply response of non-bovine animals seems to be the
relation between the GHG emission factor e, ;; for other non-bovine animal outputs and the
farm’s GHG emission factor for other bovine outputs (see figure A.24 in Annex IV). If a farm
has higher GHG emissions per base-year € of other bovine outputs than per base-year € of
non-bovine animal outputs, it reduces only the former outputs. As the element of matrix Q
that connects the two activities is positive and quite large, a reduction of other bovine outputs
induces an increase of other non-bovine animal outputs for the respective farm. A closer look
at the disaggregated activities produced by the individual farms reveals that those cattle
farms that increase their outputs of other non-bovine animals mostly fatten pigs while those
that decrease the level of other non-bovine animals predominantly produce sheep. According
to our farm data, sheep cause more emissions per value unit than pigs, which is a likely ex-
planation for why the change of the levels of other non-bovine animal outputs is so different

between farms.
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Figure 14: Activity level change for dairy, cattle and crop farms induced by an emission cap. The height of
each columns indicates the total quantity of the output produced by all farms in the sample. The reference scenar-
io and two emission reduction scenarios (10% and 20% reduction) are displayed. The percentage change refers
to the output level in the reference scenario. Source: own simulation

Table 17 shows that the vectors z; of the fixed-input levels employed by dairy and crop farms
are not impacted by the emission cap. However, this is different for the cropland and the un-
paid labour of cattle farms. For a GHG emission cap at 10% below the reference GHG emis-
sion nine farms abandon their cropland entirely and give up the activity crop outputs. For a
GHG emission cap at 20% below the reference GHG emission this number grows to 14
farms. If the regional GHG emission is reduced by 17.5% or more, three farms entirely cease

their employment of unpaid labour.
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Change of Fixed-Input Levels and Prices for Different GHG Emission Reduction Scenarios
GHG fixed-input level fixed-input price
emission unpaid unpaid
farm type reduction | cropland grassland labour |cropland grassland labour
crop farms 10% 0% 0% 0% -36% 12% 0%
from southern
Central France 20% 0% 0% 0% T1% 23% 1%
dairy farms 10% 0% 0% 0% 5% -T% -12%
from West
France 20% 0% 0% 0% 13% -16% -25%
cattle farms 10% -T% 0% 0% -12% 12% 8%
from South-
West France 20% -11% 0% -3% -28% 23% 8%

Table 17: Change of fixed-input prices and fixed-input levels induced by an emission cap at 10% and 20%
below the reference emissions. The change of the fixed-input price is the weighted (by farm weight and fixed-
input level) average of individual farm’s fixed-input price change. Source: own simulation

Strikingly, by reducing the level of employed cropland or unpaid labour to zero, these farms
increase their TNR. This explains the raise of the TNR generated by all farms together in the
cattle sample for some scenarios in figure 15. However, the fact that the objective value of
the TNR maximization problem is larger with a GHG emission constraint than without it indi-
cates that the optimum found in the reference scenario is only a local optimum for the cattle
sample. We will discuss the reasons and implications of this in chapter 6. It is important to
remark that the increase in TNR and the reduction of the utilized fixed-input levels to zero is
only observed for 15 out of 203 cattle farms. Consequently, for the large majority of farms the
TNR decreases, and the employed fixed-input levels remain constant at their reference level.
The impact of the GHG emission constraint on fixed-input prices as represented in table 17 is
different for each sample. The displayed fixed-input price changes are averaged over all
farms in the respective sample and weighted by the farm’s population weight and the fixed-
input levels. As activity levels influence the MC with respect to fixed-input levels, the shadow
price of the fixed-input constraint is also affected by activity levels via matrix H. Again, a
closer look at the fixed-input prices of individual farms is informative. For example, the shad-
ow price of unpaid labour of cattle farms increases only for 36 out of 203 farms. Noteworthily,
almost all farms for which the level of non-bovine animal outputs increases also exhibit in-
creasing prices of unpaid labour. On the other hand, for those farms that reduce their pro-
duced levels of non-bovine animal outputs the shadow price of unpaid labour decreases.
This relation is explained by the strongly negative element of matrix H that connects non-
bovine animal outputs and unpaid labour for cattle farms (table A.10 in Annex IV). If non-
bovine animal output levels increase, the MC with respect to the level of unpaid labour de-

crease (i.e., they become more negative), and the shadow price of unpaid labour conse-
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quently increases. Similar interrelations determine the changes of the prices of the other

fixed-inputs.

Relative Total Net Revenue
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Figure 15: Relative Total Net Revenue generated together by all farms of each farm sample (reference
scenario=100%). Source: own simulation.

While we have outlined that activities contribute differently to the total GHG emission reduc-
tion, it is important to point out that GHG emission mitigation also varies between subregions
within one region. Figure A.26 in Annex IV shows that GHG emissions from farms from Poi-
tou-Charentes (West France), Midi-Pyrénées and Aquitaine (South-West France) as well as
from Burgundy (southern Central France) decrease more than the average regional GHG
emissions. Even though the subregional differences are not substantial, they underpin that

the most efficient GHG emission reduction is not necessarily the most even reduction.

5.4. Discussion of Policy Scenario Simulation Results

To assess the reasonability of the simulated MAC presented in the previous section (figure 9)
the values estimated by other studies may represent a suitable benchmark. However, we
acknowledge that GHG emission abatement from agriculture constitutes a comprehensive
and complex field of research. As our simulation is based on very simplified assumptions and
mainly serves as a practical test for the developed methodology, comparability with the re-
sults found in literature is limited. Nevertheless, the literature provides a range for the order
of magnitude that can be expected for MAC:

One of the most comprehensive meta-analyses up to this date was published by Vermont
and DeCara (2010) and reviews the assessments of marginal abatement costs of non-CO-

GHG emission from agriculture based on 21 studies. The reviewed studies include bottom-
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up, engineering approaches, supply-side mathematical models, and general or partial equi-
librium models. The authors find that, on average over all 21 studies, a 10% emission
abatement rate corresponds to an emission price of 20 €/tCOzeq. This suggests that our es-
timated MAC for a 10% emission reduction of 10.14 €/tCOeq for cattle farms, 17.51
€/tCO2eq for dairy farms, and 29.99 €/tCO-eq for crop farms are in a justifiable range. Ver-
mont and DeCara (2010) also conclude that the estimates for MAC vary significantly be-
tween studies: An emission price of 20 €/tCO.eq may lead to an emission abatement be-
tween 1% and 57%. Abatement rates for given emission prices are lower for supply-side
models than for engineering approaches, as the latter often detect measures that allow to
reduce a share of agriculture’s GHG emissions at low or even negative costs (Vermont and
De Cara (2010)). This is also the case for a more recent engineering study by Pellerin et al.
(2017), who focussed on the GHG mitigation potential of agriculture in France: They find that
about 10% of the total agricultural emissions in France in 2010 could be abated at negative
costs, while another 10% would cause costs of less than 25 €/tCOzeq.

Mosnier et al. (2017) analyze the impact of several GHG reduction scenarios on beef and
dairy farms in France with an ex-ante simulation for the year 2035. An emission tax of

40 €/1CO2eq would lead to a GHG emission reduction for grassland-based dairy farms of
about 20%. As figure 9 indicates, also according to our model a 20% GHG emission reduc-
tion corresponds to an emission price of about 40 €/tCOeq for dairy farms. For dairy and
cattle farms with temporary grassland and annual crops Mosnier et al. (2017) simulate a re-
duction of more than 70% for dairy farms and more than 50% for cattle farms. The grassland-
based cattle farms would cease beef production entirely, while all other farms either produce

organically or implement other changes of the production system.

Overall, literature confirms that the MAC estimated in this thesis are plausible and in some
cases very close to the values estimated by other researchers. The significant variance be-
tween the values calculated in different studies also underpins that the estimation approach,
the study region, and the analyzed activity types crucially impact the results. As farms in our
model can only reduce their emissions by lowering their output quantity, it seems likely that
we overestimate MAC. For example, if farms have the option to convert to organic production
as in Mosnier et al. (2017) or to adjust their nitrogen fertilization as in the engineering ap-
proach implemented by Pellerin et al. (2017), emission mitigation might be cheaper. On the
other hand, an equilibrium model that accounts for market feedback on output prices would
presumably also yield lower MAC. If the GHG emission cap induced a significant decrease of
market supply this would most likely have positive effects on output prices, a feed-back that

our model disregards.

We have addressed the shortcoming that our model only allows to reduce emissions by low-

ering activity levels. A further reason for scepticism might concern the calculation of the vec-
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tor e of emission factors, which admittedly is oversimplified. For example, the selection of
average emission factors for the disaggregated output quantities may in some cases only
poorly reflect the true emissions of an activity produced under the respective conditions in
West, South-West, or Central France. Besides, the aggregation of emission factors based on
observed values pretends that the composition of an activity aggregate cannot be changed.
For example, a dairy farm in our model would rather cease crop production entirely than to
switch to the production of less GHG emission intensive crops.

Finally, a problematic feature of the model is that the TNR for cattle farms increases if an
emission cap is imposed. The reason for this seems to be that some cattle farms modify the
levels of utilized fixed-inputs to change their marginal costs. While it is reasonable that farms
reduce their levels of employed cropland to zero if they stop producing crop outputs, it has
the illogical implication of an increasing TNR. Therefore, the maximum TNR found by the
solver in the reference scenario cannot be a global maximum. As this seems to be a meth-

odological issue, we will elaborate on it in the discussion in the next chapter.

However, regardless of the accuracy of the estimated MAC or the modelled supply response,
the emission cap simulation performed in this thesis reveals some important properties of the
mechanism behind agricultural emission mitigation. Whenever the supply of outputs is asso-
ciated with costs per ton of emissions, this reduces a farm’s marginal costs with respect to
activity levels i by p.e; f ;, where 1, is the cost per emission unit and e, s ; the GHG emissions
per activity level, as in equation (5.5). If the underlying cost function is upward sloping in ac-
tivity levels, it is likely that farms reduce their MC by reducing their activity level. Notably, this
is even the case if farms could reduce GHG emissions by changing technology without re-
ducing activity levels, as long as e, f; is larger than the increase in marginal revenue.

The reduction of activity levels that is necessary to achieve a certain reduction of marginal
costs depends only on the elements of matrix Q, provided that the fixed-input levels remain
constant. We demonstrated that, consequently, the relative activity level reduction is anti-
proportional to the absolute level of an activity supplied by a farm in the reference scenario.
We have also seen that GHG emissions are unevenly distributed between farms and that the
farms that already accounted for a disproportionally high share of GHG emissions in the ref-
erence scenario reduce their emissions relatively less. As emissions are largely proportional
to activity levels, it seems that smaller farms reduce their activity levels relatively more than
larger farms. This finding should be independent of the model complexity.

Additionally, our model and the simulation show that the change in marginal costs crucially
depends on the GHG emissions per activity unit, with implications for the activity levels. For
example, according to our simulation, the change of other non-bovine animal outputs pro-
duced by some cattle farms hinges on the relationship between the GHG emissions per ac-

tivity level of other bovine outputs and non-bovine animal outputs (see figure A.24 in Annex
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IV). However, the strong increase of other non-bovine animal outputs supplied by some cat-
tle farms underpins that one must not ignore how the marginal costs of one activity are im-
pacted by the levels of other activities, through the off-diagonal elements of matrix Q. The
acknowledgement of these interactions between different activities represents an important

strength of the modelling approach analysed throughout this thesis.

6. Conclusion

This chapter concludes by compiling the strengths and weaknesses of the design, the devel-
opment and the application of the model. First, we discuss and attempt to answer the re-
search questions defined in the introduction of this thesis. Then, the remaining challenges

are carved out to identify potential pathways for future research.

6.1. General Discussion

The first objective of this thesis was to test the validity and the applicability of the cost func-
tion estimation and calibration approach developed by Henry de Frahan (2019). As in Paris
(2017), the differentiation between observed and true values is not only made for activity lev-
els, but also for fixed-input prices. This proved particularly useful as the observed fixed-input
prices used for our simulation are national averages, with no distinction made between
grassland and cropland, or proxies such as the national minimum wage in the case of unpaid
labour. It is very likely that those observed values are not the true fixed-input prices faced by
the individual farm. A crucial characteristic of the procedure suggested by Henry de Frahan
(2019) is that it performs parameter estimation and calibration in a one-step procedure, in
opposite to, e.g., Paris (2015), Petsakos and Rozakis (2015), and Paris (2017). The cost
function parameter estimates are those values that allow to fulfil the first-order conditions of
the final, non-linear TNR maximization problem, by minimizing the error terms of variables
that are prone to error. Therefore, the approach accounts for the principle findings of Hecke-
lei and Wolff (2003), who proofed that the traditional PMP two-step procedure does not allow
consistent parameter estimation. Instead, Henry de Frahan (2019) follows their econometric
perspective that the estimated parameters should belong to the model that best represents
the true data-generating process — in this case assumed to be a non-linear cost function de-
pending on activity levels. With the Monte-Carlo simulation performed in section 3.4 we show
that the parameter estimates indeed converge to their true values, provided that the error
terms have a mean of zero. We extend the model by Henry de Frahan (2019) with a time
index and the possibility to capture farm fixed effects. This could improve the independence
of the error terms (see section 4.2.1). However, a fundamental weakness becomes apparent
when simulating a price change with the FADN data set: The fixed-input-output matrix A¢
renders the relationship between fixed-inputs and activity levels so rigid that the supply elas-

ticities of some activities are estimated to be zero — ignoring potential substitutability between
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fixed-inputs. This prompts us to modify the underlying model and to employ the same estima-

tion approach for a cost function that does not impose fixed-input-output coefficients.

The development and the exploration of a cost function that depends on activity levels and
fixed-input levels is therefore a second objective of this thesis, based on a methodological
note provided by Henry de Frahan for this thesis. Importantly, the resulting model not just
allows to simulate activity levels and fixed-input prices, but also fixed-input levels. This is why
a third vector s of fixed-input level-related error terms is introduced that allows the true uti-
lized fixed-input levels to deviate from the observed levels. A crucial property of this more
complete cost function is that it no longer imposes a strict relationship between fixed-input
and activity levels. Therefore, the resource constraint no longer confines the extension of
output levels. Instead, a farm only stops to produce more of an activity if the marginal costs
with respect to it becomes larger than its marginal revenue. As we have seen, this leads to
unrealistically large supply elasticities to prices if marginal costs increase too slowly in activi-
ty levels, i.e., if the elements of the matrix Q are very small. To circumvent this problem, we
impose minimum values for the diagonal elements of the matrix Q.

By confining the extension of fixed-input levels the resource constraint ensures that the fixed-
input price can be positive: In the reference scenario farms find themselves on the part of the
convex TVC function that is downward sloping in fixed-input levels. Consequently, the dual
value of a fixed-input is positive, as an additional unit of the fixed-input allows the farm to
decrease its TVC. Without the fixed-input constraint farms would not enhance their fixed-
input utilization infinitely, but until the MC with respect to fixed-input levels are zero.

We demonstrate that with the estimated cost function parameters and error terms it is possi-
ble to set up a model that replicates reference values and that can be used for simulation.
Instead of simulating activity levels, fixed-input levels and fixed-input prices by minimizing the
complementary slackness conditions as proposed by Paris (2017) and Henry de Frahan
(2019), we perform a TNR maximization using the estimated cost function parameters and
error terms. This allows a more intuitive interpretation of the objective value and dual values.

The simulated response to an output price increase is in a reasonable range.

Finally, we test the applicability of the model for agricultural or environmental policy analysis,
based on the activity level and fixed-input level dependent cost function. As variable inputs
are assumed constant, the range of policies that can be modelled is confined to interventions
that affect or are directly linked to fixed-input levels, fixed-input prices, activity levels, or out-
put prices. We deem GHG emissions of agricultural outputs, especially dairy and beef, suffi-
ciently tied to activity levels to apply our model for the simulation of an emission cap at re-
gional level. A comparison of the simulated MAC with MAC estimated by other researchers
reveals that our MAC are in a very reasonable range. However, the strong simplification of

agricultural emission processes in our model might impair trustworthiness of the accuracy of
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the results. Researchers or policy actors interested in precise estimates for emission mitiga-
tion costs may therefore find models more useful that account for the complex interrelations
between emissions and technology, farming systems or variable inputs. However, in many
cases the objective is not to accurately predict MAC curves, but rather to provide a “coherent
forum for the (...) complex discussions surrounding agricultural GHG mitigation” (Eory et al.,
2018, p. 714). We believe that, from this perspective, the model developed and discussed in
this thesis can serve as a truly helpful tool:

First, being a farm supply model, it bases on the assumption that economic optimality condi-
tions are fulfilled. Thereby the model draws attention to the impact of an emission price on
marginal costs and, potentially, marginal revenue. If marginal costs are not constant in activi-
ty levels, farms adjust their output levels accordingly. In other words, farms do not only re-
duce their activity levels to lower their GHG emissions, but because the pricing of GHG
emissions impacts the MC and therefore requires a change of activity levels to maintain the
condition that MC equal MR. As we have seen, the direction and the magnitude of the output
level change is not homogenous across activities, because of the interactions between activi-
ties. Our model allows to simulate the net effect of GHG emission pricing by acknowledging
these interactions between activity levels.

Second, the model illustrates that an efficient reduction of GHG emissions requires to look at
an activity’s emissions relative to its value, and not so much at the emissions relative to its
quantity. For example, dairy and cattle farms reduce their crop activity relatively more than
their livestock activities. Admittedly, it is possible that a more elaborated calculation of emis-
sion factors may lead to different conclusions in this specific case. Nevertheless, our results
highlight that the “low hanging fruits” in terms of GHG emission reduction are not necessarily
those activities with the highest GHG emissions per quantity.

Third, the same is true with regard to which farms reduce GHG emissions. We show that the
most efficient allocation of GHG emission rights may not always lead to even GHG emission
reduction across farms and subregions. This supports at a regional level the results that De
Cara and Jayet (2011) as well as Fellmann et al. (2018) found for the EU as a whole: Market-
based emission reduction may lead to considerably lower mitigation costs compared to in-
flexible national reduction targets. Presumably, the MAC calculated in this thesis would be
lower and the GHG emission reduction even more efficient if the emission cap was imposed
at national or European level. Besides, the fact that MAC vary between crop farms, dairy
farms and cattle farms implies that a trade of GHG emission certificates between farms with
different specialization would very likely reduce total GHG emission abatement costs. How-
ever, some researchers have pointed out that efficient, but uneven GHG emission reduction
may have undesired effects on distributional justice and may be perceived as unfair (Caney

and Hepburn (2011)). For example, our simulation results suggests that a GHG emission cap
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at regional level would lead to a relatively stronger reduction of GHG emissions and activity
levels by smaller farms. The model could therefore help quantify the benefits of market-
based environmental protection and identify potentially problematic distributional inequalities,

so that policies can be designed that sufficiently balance efficiency and social acceptability.

6.2. Challenges and Future Improvements

Several limitations and challenges remain that must be addressed in the future for the model
to fully unfold the potential described in the previous section. A first reservation concerns the
compliance with a fundamental precept of PMP-related models, namely the inclusion of all
available information. As suggested by Paris (2017) and Henry de Frahan (2019), we incor-
porate observed fixed-input prices into the model as shadow prices of the resource con-
straint. However, for all farm samples, except for the dairy sample, the fixed-input price-
related error terms u, ¢ seem to be systematically strictly positive for cropland and systemati-
cally strictly negative for grassland (see figures A.6, A.9 and A.15 in the Annex IV). Recall
that the observed price for both grassland and cropland in France is the national average
rental price of land. It is likely that the “true” rental rates systematically deviate from this ob-
served value at the spatial dimension (e.g., between regions) and between the types of us-
age (cropland or grassland). From Eurostat (2021a) we can retrieve the information that land
sales prices in all years from 2011 to 2016 are above the national mean in Central France
(Bassin Parisien) and South-West France and that, across the EU, cropland is more expen-
sive than permanent grassland. It is conceivable that these relations also exist between rent-
al rates of land in the years 2005 - 2012. This raises the question how the model could be
adapted to acknowledge justified assumptions, for example that rental rates for cropland are
higher than for grassland, even if no certain and precise information on rental rates for
cropland and grassland for the respective years and regions is available. The ignorance of
these likely (but uncertain) relations seems to violate the independency of the error terms.

A second weakness of the model based on the fixed-input and activity level dependent cost
function became apparent when implementing the GHG emission cap simulation for cattle
farms: the simulated regional TNR for some GHG emission reduction scenarios is larger than
in the reference scenario, which confirms that the optimal solution found in the reference
scenario is a local optimum. The fixed-input and activity levels simulated for the reference
scenario are very close to the “true” values given as the sum of the observed value and its
error term. This shows that there are other admissible values that allow to generate a higher
TNR than the TNR obtained with the “true” values, which by definition fulfil the optimality
conditions. To understand this apparent paradox, it is important to see that the individual
farms whose TNR is larger if a GHG emission constraint is imposed than their TNR in the

reference scenario all reduce at least one of their fixed-input levels to zero. In the estimation
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phase we set the vector of fixed-input levels zg; equal to the vector of fixed-input constraints
b, ¢ and therefore state that the elements of the vectors yt‘ff and yy¢ are strictly positive for
every observed fixed-input. We thereby assume that the fixed-input constraint is binding in
the optimal solution, and only under this assumption the generated TNR is optimal. As long
as output prices or constraints are identical or very close to their values in the estimation
phase, the GAMS solver finds a local optimum where simulated activity and fixed-input levels
are equal to their “true” values. This is the conventional idea of calibration and, in our case, it
can be improved by using the “true” values as initial values for the solver. However, if output
price changes or modifications of the constraints require the solver to search for optimal val-
ues that are away from the reference values, it detects that setting at least one of the fixed-
input levels to zero may lead to an optimal solution. Note that this means that the MC with
respect to fixed-input levels no longer need to be equal to the shadow price, which becomes
zero. While this leads to the illogical result of a TNR value that is higher with a GHG emission
constraint than without, it also means that the total level of fixed-inputs used at the regional
scale decreases, i.e., that crop- or grassland falls idle. At the same time, the shadow price of
cropland and grassland is positive for many other farms, indicating that there is still demand
for crop- and grassland. A potential pathway for further improvements of the model could
therefore be to allow trade of fixed-inputs between farms within one subregion, so that the
fixed-resource constraint at the farm level is replaced by a fixed-resource constraint at the
subregional level. This means that the shadow price of each resource is positive for all farms
as long as there is at least one farm which could decrease its TVC if more fixed-resources
are available at the subregional level than in the reference scenario. Without a fixed-input
constraint at the farm level that prevents the extension of a farm’s crop- or grassland it is
possible that all except one farm exit the market, while the remaining farm uses the entire
crop- and grassland of a subregion. However, in the reference scenario the model would
calibrate to optimal fixed-input levels that are equal to the observed fixed-input level sz,j
plus a minimized error term s, ¢ ;, which should prevent the agglomeration of fixed-inputs.
Besides, thanks to the upward sloping MC with respect to activity levels it seems unlikely that
MC would still equal MR if one single farm drastically increased its activity levels. If one re-
stricts the level of unpaid labour at the farm level, which appears reasonable, the growth of
individual farms would be limited even stronger. The change of the level at which the fixed-
resource constraint is imposed would have to be implemented already in the estimation
phase and the number of fixed-input price-related error terms would decrease to the number
of subregions multiplied by the number of years. This would help address another problem:
Currently, constraint (3.49) imposes a rigid relationship between the vector s, ¢ of fixed-input
level related error terms and the vector u¢ of fixed-input prices related error terms. Conse-

quently, the fixed-input level related error terms are impacted by the same independency
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problems that we already discussed for the fixed-input price related error terms. If the fixed-
input price related error terms indicate deviations between observed and true fixed-input
prices at the subregional level, the rigid linkage to the fixed-input level related error terms,
which are defined at the farm level, would cease to exist. It remains to be seen how this mod-
ification would impact the problem of a TNR that is larger with a GHG emission constraint
than without it.

A third obvious shortcoming of the simulation performed in this thesis is the fact that we im-
pose minimum boundaries for the diagonal of the quadratic cost function matrix Q to receive
estimates for the elasticities that are in a reasonable range. This is certainly an important
deficiency, as an explicit objective of bridging PMP and econometrics is to derive the neces-
sary information on the cost function parameters from the data. Besides, as the supply re-
sponse to an emission constraint is significantly determined by matrix Q, all interventions that
affect matrix Q are likely to also impact the simulated MAC.

Presumably the reason for why the diagonal elements of Q are so close to zero when there is
no lower boundary is that the output prices for an activity received by a farm are identical for
all farms in the region. Consequently, there are only eight different observations (one per
year) for the marginal revenue and therefore the marginal costs of each activity. As the ele-
ments of Q indicate the change of marginal costs for a change of an activity level, the estima-
tion of Q requires many sufficiently different observations for marginal costs. We therefore
expect that by using output prices with stronger variance the imposition of lower boundaries
for the diagonal elements of matrix Q would become redundant. However, one must keep in
mind that the law of a single market prevents large variations between the activity prices
faced by different farms within the same region. Therefore, the inclusion of observations from
more years in the estimation phase might be a promising approach to obtain stronger vari-

ance of marginal revenues across the full panel data set.

We have shown that with the EMP approach developed and tested throughout this thesis it is
possible to estimate cost function parameters that can replicate base-year values and that
can be used to simulate policy scenarios. This EMP approach allows to bridge the PMP pro-
cedure with the econometric conception of a “true” underlying model that can be estimated if
sufficient data is available. Even though the methodological foundations for EMP have al-
ready been laid in the early 2000s, there are still only few applications of econometric math-
ematical programming for agricultural or environmental policy analysis. Contrarily, the set-up
of a first-stage linear model as well as other vestiges of the original PMP method persist in
younger literature. The approach presented and applied in this thesis therefore represents an
easily implementable alternative belonging to the class of EMP models. Some of the flaws
that we identified in the previous section could presumably be remedied by using exogenous

variables that exhibit stronger variance between observations. Other shortcomings might
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require some model adjustments, such as the introduction of the possibility to trade some
fixed-inputs between farms. Further developments and applications of the model are neces-
sary to shed more light on the identified flaws and to explore the model’s potential for the

analysis of different agricultural or environmental policies.
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Derivation of equation 10 based on Heckelei and Britz (2005)
First, state the Lagrangian formulation of the non-linear PMP model (equations (5) and (6)):
L(x) =p'x—c'x—0.5x'Qx + y(b — Ax) (1.1)

If all optimal activity levels are positive, the first order conditions are:

oL _

potll Qx—A'y=0 (1.2)
)

Iy b—-Ax=0 (1.3)

Solving (1.2) for x:

x=Q ' (p—c—Aly) (1.4)
Substituting (1.4) in (1.3):

b—A(Q—l(p - c—A'y)) =0 (1.5)
Solving (1.5) for y:

’ -1 -

y=(AQ'A") (AQ'(p-c)-Db) (1.6)

Substituting (1.6) in (1.2) and solving for x:
’ - ’ -1 —

x=Q '(p—0)-Q'A((AQ7'A") (AQ'(p-0)-b) (1.7)
Finally, equation (10) can be derived as the derivative of (1.7) w.r.t. p:

g_; — Q—l _ Q—lAI(AQ—lAI)—lAQ—l
Cholesky factorization example

For a (3 x 3) symmetric, positive semidefinite matrix the Cholesky factorization would look as
follows (Paris, 2010):

q11 912 913 1 0 0y O 0711 1y I3
[%1 q22 %3] = [121 1 0][ 0 hyp O ”0 1 l32] (1.8)
31 932 433 37 13, 110 0 hgzllo 0 1

Annex Il — Methodological Framework
Within Transformation for simple cost function

The within transformation of constraint (2.75) looks as follows (assuming positive activity lev-
els):

[A,t,k,th(?k + A’t,k,mut,k + wt,mht,m + Cn + Qm,mm(xgm + ht,m)] - [A—yom + Hm + ‘N,mh,m +
Cpn t+ Qm,mm(i,cl'n + hm)] =Ptm — Pm (|9)

By indicating the time-demeaned variables with tilde (~) we get:
@ot,m + A\ﬁt,m + VVht,m + Q(igm + ht,m) = ﬁt,m (|-10))
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subject to Wh,, = %ZtT:lwt,mht,m
— 1
Auy, = ;ZtT;Ii,kq(At,k,mut,k)

hm = ?Zt:l ht,m

Where:
Ayot,m = AIt,k,mYé,)k - A—yom
Ay°m = %ZtT;Ii,kzl(At,k,myot,k)
A\"(lt,m = A,t,kut,k - Hm
Wht,m = Wt,mht,m - mm
Xtm = Xtm — Xm
Xm = %Zthl X°tm
ht,m = ht,m - r'lm
Ay°im, Ay°m, %P and X3 must be defined and calculated before the estimation, because

they consist only of exogenous parameters. Note that c,, vanishes from (1.9). However, after

having estimated Q, h,, and u.y, we can recover c from (1.9) as follows:

Pm — [K,k,m(y,(l){ +0x) + Wb + Qurmm ()_(gn + ilm)] = Pem — [Abiom (Vok + Uex) +
Wembem + Quumm (X8m + hem)]
From (2.75) we see that:
Pem — [Atkm (Yo + Uek) + Wembem + Qumm (X0m + hem)] = €m
So
P — |Akom (T + Wie) + Wnh i + Qnmn (X0 + Bin )| = €
Monte Carlo simulation

In a first step, the linear cost parameter ¢ and Q were set by the modeller (while ensuring

that Q is positive semi-definite), assuming that farmers can produce three activities i,, i, and

i3:

C =

1.5 4 2 0.2
5 ] Q= [ 2 17 0.5]
2 0.2 0.5 9.02

Then, the range of sample sizes F,; was set as [F;, = 10, F, = 30, ..., F; = 150]. For each sam-
ple size F, farms were “created” by drawing F, “land endowments” by from a random normal

distribution with a mean ¢ = 100 and a standard deviation ¢ = 25. The fixed-input availability

matrix b therefore is an (F; x 1) vector, since the number of fixed-inputs J = 1. Besides, since

117



Annex Il — Methodological Framework

each farm can produce I = 3 activities, an I x F, matrix of output prices p was generated. For
each of the I activities a mean was defined around which its prices would be distributed, with
Up, =340, w,, =420 and u,, = 410. To ensure that there is some heterogeneity in the pric-
es farmers face, p was drawn from a discrete uniform distribution with a range of +10% from

the respective mean p, . Finally, for each farm f the optimal, “true” activity levels x; and

fixed-input prices y; were calculated by minimizing the CSC according to model (2.80), (3.10)
and (3.11) with the generated output prices ps the fixed-input availabilities by and with the
“true” cost function parameters ¢ and Q. In other words: Whereas the CSC minimization is
used in the validation phase to estimate the values of x; and y; with the previously estimated
cost function parameters, we now use the true cost function parameters to generate the true
values of x; and y;. This procedure mimics the decision-making process of farmers who
know the true parameters of the cost function they face. Finally, error terms were added to
the “true” values to create “observed” activity levels and fixed-input prices. These error terms
were drawn from a standard normal distribution with y being the mean of the “true” activity
level or the “true” fixed-input price over all farms. The standard deviation ¢ was 5% of the
mean of the respective activity level or fixed-input price. Heckelei and Wolff (2003) use a
similar procedure (but a standard deviation of only 5%). For each sample size, this whole
procedure was repeated R = 100 times. Then, with the “observed” values the cost function
parameters were estimated for each of the 100 samples per sample size, using model (2.75)
— (2.79) as proposed by Henry de Frahan (2019). To evaluate the estimates, the root mean
squared errors (RMSE) and the summed root mean squared errors (SRMSE) were calculat-

ed, as described in chapter 3.4.
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Regions

Dairy Farm Sample Cattle Farm Sample Crop Farm Sample

Figure A.1: Location of the study areas in France. The dark blue area indicates the NUTS1 region that the farms in each of the farm samples are located in, being West France
(dairy farms), South-West France (cattle farms) and Central France (crop farms). Source: Eurostat (2021e).
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Annex Ill — Model Implementation

The cost function parameter estimation procedure presupposes that all farms in the sample

for estimation share a common cost function. For this to be a realistic assumption we select-

ed for each region only those farms that share common production characteristics, such as

farm specialization. Farms were grouped as either “dairy farms”,

farms” according to the following rules:

cattle farms” or “crop

Farm type for cost function

parameter estimation

Type of farming at recording
in A30 FADN code

Description

Crop farms

1310; 1320; 1330; 1410;
1420; 1443;

Specialist cereals, oilseeds
and proteins (COP); special-
ist rice; COP and rice com-
bined; specialist root crops;
cereal and root crops com-
bined; various field crops

combined;

Cattle farms

4210; 4220; 4310; 4320

Cattle rearing; cattle fatten-
ing; dairying with rearing &
fattening; rearing & fattening

with dairying

Dairy farms

4110; 4120

Milk; Milk & cattle rearing

Table A.1: Definition of farm types “crop farms”, “dairy farms” and “cattle farms”. Source for description of

FADN code: (Butault et al., 2011)

Aggregation of farm outputs for each farm type

Aggregation category

FADI:I\(:arla- FADN description Crop Farms | Dairy Farms Cattle
Farms
K162sa Milk sales animal outp. | dairy outp. dairy outp.
K163sa Milk products sold animal outp. | dairy outp. dairy outp.
N23sa Calves/fattening animal outp. | oth. bovine oth. bovine
N24sa Other cattle (<12m) animal outp. | oth. bovine oth. bovine
N25sa Male cattle (12-24m) animal outp. | oth. bovine oth. bovine
N26sa Female cattle (12-24m) animal outp. | oth. bovine oth. bovine
N27sa Male cattle (>24m) animal outp. | oth. bovine oth. bovine
N28sa Breeding heifers animal outp. | oth. bovine oth. bovine
N29sa Heifers/fattening animal outp. | oth. bovine oth. bovine
N30sa Dairy cows animal outp. | oth. bovine oth. bovine
N31sa Cull dairy cows animal outp. | oth. bovine oth. bovine
N32sa Other cows animal outp. | oth. bovine oth. bovine
N38sa Goat (breeding female) animal outp. | non-bovine non-bovine
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N39sa Other goats animal outp. | non-bovine non-bovine
N40sa Ewes animal outp. | non-bovine non-bovine
N41lsa Other sheep animal outp. non-bovine non-bovine
N43sa Piglets animal outp. | non-bovine non-bovine
N44sa Breeding sows animal outp. non-bovine non-bovine
N45sa Pigs/fattening animal outp. | non-bovine non-bovine
N46sa Other pigs animal outp. non-bovine non-bovine
N47sa Table chickens animal outp. | non-bovine non-bovine
N48sa Laying hens animal outp. non-bovine non-bovine
N49sa Other poultry animal outp. | non-bovine non-bovine
N22sa Horses animal outp. non-bovine non-bovine
N33sa Bees animal outp. | non-bovine non-bovine
N34sa Rabbits (breeding female) | animal outp. | non-bovine non-bovine
N50sa Other animals animal outp. | non-bovine non-bovine
K129sa Dry pulses pulses & oils. | crops crops
K132sa Oil seeds pulses & oils. | crops crops
K120sa Common wheat cereals crops crops
K121sa Durum wheat cereals crops crops
K126sa Grain maize cereals crops crops
K127sa Rice cereals crops crops
K122sa Rye cereals crops crops
K123sa Barley cereals crops crops
K124sa Oats cereals crops crops
K125sa Summer cereal mix. cereals crops crops
K128sa Other cereals cereals crops crops
K130sa Potatoes indust. crops | crops crops
K131sa Sugar beet indust. crops | crops crops
K135sa Other industrial crops indust. crops | crops crops
K133sa Hops other crops crops crops
K134sa Tobacco other crops crops crops
K136sa Vegetables other crops crops crops
K137sa Vegetables other crops crops crops
K138sa Vegetables other crops crops crops
K139sa Mushrooms other crops crops crops
K140sa Flowers other crops crops crops
K141sa Flowers other crops crops crops

Table A.2: Aggregation of farm outputs for each farm type. Source: Henry de Frahan et al. (2015)

Imputation of mission or extreme farm gate prices

The following description is based on Henry de Frahan et al. (2015), who provide an even
more detailed explanation of the data preparation procedure. Average regional output prices
are calculated by removing extreme farm-gate prices. A farm-gate price is considered ex-
treme if it has a probability of occurrence that is less than one over twice the sample size:

|(pt,f,m - pt,r,m)l > (1)_1 (1 - %Fr) * SDpt,f,m
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where p, ., is the price of an output disaggregate m for each farm and p, .., the regional
average, ¢ is a fixed weight input price index, as described in the text, E. is the number of

farms in the respective region, and SD

Pt,fm

is the standard deviation of farm-gate prices for

disaggregate m for each farm in the year and region. Extreme and missing values are re-
placed by their regional average if available, or otherwise, by the national average.

The following table demonstrates the process of the imputation of missing prices exemplary

for dry pulses:
Price Source Category/Description Variable name or formula
i - o T P ot RKT207
Pre FADN Dry pulses / farm-gate price m%
Pregionst FADN Dry pulses / regional (NUTS1) average E-,-ﬂ_m-r.\r.‘\"\129{?9;’2'_(_9“)”[KIQ‘JQQ}
Peountry:t FADN Dry pulses / country average Zm,,h.y{f\'lﬂﬁfp}/’zmn“Ur_'h'l?%q}
Dyls EUROSTAT Pulses / country average p41980
DPoth EUROSTAT | Other fresh vegetables / country average p41900
Derp EUROSTAT Crop output / country average p100000
cpi OECD Consumer price index MEI-Prices8

Table A.3: lllustration of the price imputation scheme for the example of dry pulses. Source: Henry de Fra-

han et al. (2015, p. 45).

mean (1 000 base year Euros)

standard deviation (1 000 base year Euros)

= & = *
i P 3 g . Sz E 3
= w = = o (5] e~ w = = w %]
Es 3§ i3 : 5 [EZ 2§ 22 % 3
§3 2% £5 8 E §3 &2%F £5 3 E
Champagne-
Ardenne 1269 19.61 40.75 6077 0.80 4662 1447  A4.31 32.20 £23
Picardy 1344 16.80 61.48 67.59 8.03 3667 1447  B402 3800 2996
w
£ Upper
E Normandy 28.20 18.79 122.06 63.76 0.78 41.70 16.66 24353 39.50 5.06
s |Centre .60 25 AT 14 45 74.30 539 2336 2109 3548 4701 2698
O
Lower
Normandy 13.28 16.63 4565 BV 12 1.46 2914 1234 A4.81 3021 £.19
Burgundy 11.86 31.28 6.03 68.90 2.85 2902 2183 2226 3843 1313
@ @
£ a E @
= £ £
£ 2_2 T 2 8_23_¢
= - B3 o ® 35 0 = - B35 o ®B 5 W
=] s Ea cEB a T dER 2EE =
w2 £ES GE S e T2 £ES5 cES e
=n=5 o m O = m O [ %] h=-=5 o m 0 = m O %]
Pays de la
g Loire 104 .32 41.07 251 9.40 R415  372h 16.22 13.68
(1]
'-:'; Brittany 107.61 v 0.58 10.37 5243 310 6.92 10.83
® Puoitou-
O
Charentes 12568 28.99 0.14 14.30 69.34  27.28 0.91 17.88
L Agquitaine 1.89 79.64 1.18 262 1199 7977 6.01 543
E sots 505 64 71 1.31 193 19.09 4010 14.29 418
= Pyrénées . - - . . . h .
O Limousin 6.84 7747 1.90 1.68 2837 4559 7.20 4.00

Table A.4: Aggregated activity levels in base year Euros, average values from 2005-2012. Source: EU-

FADN — DG AGRI.
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development of land labour ratio (2005=1)
13

1.2

1.1 ‘/—
T ——

ha of land per AWU

0.9
2005 2006 2007 2008 2009 2010 2011 2012

crop farms (south) crop farms (north) ~ =———dairy farms  ———cattle farms

Figure A.2: relative land labour ration for all four samples in ha of land per AWU (2005=1). Source: own
visualization based on EU-FADN — DG AGRI.
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relative output levels crop farms (southern Central France)
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relative output levels crop farms (northern Central France)
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relative output levels dairy farms
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0.5
0
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= dairy outputs other bovine animal outputs non-bovine animal outputs crops
relative output levels cattle farms
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2
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0
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= dairy outputs other bovine animal outputs non-bovine animal outputs crops

Figure A.3: relative average aggregated output levels per farm (2005=1). Source: own visualization based on
EU-FADN - DG AGRI.
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relative output prices crop farms

2005 2006 2007 2008 2009 2010 2011 2012

industry crops cereals other crops

relative output prices dairy farms
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other bovine animal outputs non-bovine animal outputs crops

relative output prices cattle farms

 ———
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Figure A.4: relative output prices for dairy, cattle, and crop farms (2005=1,00€). Source: own visualization
based on EU-FADN — DG AGRI.
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Activity Level Dependent Cost Function

Cost Function Parameters
fixed effect: no fixed effect: no fixed effect: yes fixed effect: yes
time index: no time index: yes time index: no time index: yes
Crop Farms from southern Central France

= -4 = -4 = n = n
So = s So 3 s So = s So 3 s
TE 28 §a0 8 O T2 28 §a 8 O € 28 Fa 8 O T2 28 £ 3 O
E2 ¢£8 38 & 2 EE g3 38 & 2 EE 23 38 & 2 EZ2 28 38 & 2
53 2% 5 § B 53 2% E5 3§ B 53 83 E5 & B 53 283 E5 ¥ B
Q Q Q Q
animaloutputs | 0.01 0.01 000 -0.01 0.00 0.01 -0.01 0.02 0.00 0.01 0.00 0.00 000 0.00 0.00 0.01 0.00 000 0.00 0.00

"(‘::f;ig:“ 0.01 010 -0.03 -0.02 0.0 0.01 0.05 -0.08 -0.01 -0.01 0.00 0.00 000 0.00 0.00 0.00 0.00 000 0.00 0.00
‘“g:':;':a' 0.00 -0.03 0.22 -0.03 0.01 002 -0.08 018 000 003 | 000 000 0.3% 000 000 | 000 000 000 0.00 0.00
cereals 001 -0.02 0.03 0.02 000 0.00 -0.01 0.00 001 0.00 0.00 000 000 007 0.00 0.00 000 000 004 000

other crops 0.00 0.01 0.01 0.00 0.00 0.01 -0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00

c co €1
052 160 183 102 083 057 029 050 055 084 -004 012 022 013 001
C1

0.00 017 0.04 013 0.00

Crop Farms from northern Central France

.3 g .3 & B, s g - g

o o = " = w Wo = " = w ™o = " = w @mo =2 @ =

TE 28 24 = 2 w5 F - = 2 w5 a7 g, = 2 ® 5 @ T 2, -] 2

EE 22 32 2 3 EZ 23 25 ¢ % EZ 22 22 3 3 ES 53 32 2 3

EZ Z= B @ =] E2 == Bc @ =] EZ2 Z= Bc @ = E3 Z= Bc @ =

Mo a9 = [¥] =] me a0 =Sw [¥] =] me a0 Sw %] =] Mo a0 =Sw %] =]

Q Q Q Q
animal outputs | 001 -001 000 000 0.00 001 -0.01 000 000 0.00 004 000 000 000 0.00 003 000 000 000 0.00

R 0.01 012 0.01 -0.05 0.00 0.01 0.14 0.01 -0.05 0.00 0.00 0.00

=
[=1
[=]
[==]
[=1
(=]
[==]
=
(=]
[=]
[a=]
[=]

0.00 0.00 0.00 0.00

oilseeds
‘“g:'j;';a' 000 001 000 000 000 000 001 000 000 000 000 000 000 000 000 000 000 000 000 000
cereals 000 005 000 003 000 | 000 -005 000 002 0.00 000 000 000 006 000 000 000 000 001 000

other crops 0.00 000 000 000 000 0.00 000 000 000 0.00 0.00 000 000 000 0.00 0.00 000 0.00 0.00 0.00

c € &)
061 246 100 105 093 084 104 085 054 092 -0.05 028 003 012 002
&

-0.02 013 003 013 0.0

Table A.5: estimated parameters of the activity level dependent cost function for crop farms in Central France. Source: own simulation.
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Cost Function Parameters
fixed effect. no fixed effect: no fixed effect: yes fixed effect: yes
time index: no time index: yes time index: no time index: yes
Dairy Farms from West France
@ 2 8 @ 2 & @ g & @ 2 =
s 22 o Z s BE .8 s 28 .8 S B8 48
= == E = = S = E = = S = E = = S = E=
5 28 8 S 35 =8 S 35 =8 S 385 =8
& 85 87 8 835 2% . & 835 B% . & 835 2% .
E SE ZE g £ SE LE g £ SE ZE @8 £ SE ZE g
= Es 8 = = Es 82 = = E=s 82 = = E=s 82 =
= oOm = m (%] b= om = o (%] = om = m (%] = om = o (%]
Q Q Q Q
dairy products | 010 001 003 -0.03 006 000 002 -001 027 001 000 000 010 001 000 000
otherbovine | 04 509 poo -0.01 000 000 000 000 001 000 000 000 001 000 000 000
animal out_uuts
s 003 000 001 -001 002 000 001 000 000 000 000 000 000 000 000 000
animal outputs
crops 003 -001 001 008 001 000 000 004 000 000 000 016 000 000 000 005
c €p €1
073 081 074 103 068 078 076 040 001 000 002 014
L}
002 000 001 013
Cattle Farms from South-West France
@ 2 8 @ 2 = @ 2 = @ 2 =
S 28 oF S 28 .8 S 28 .8 S 2E .8
= = = = ‘- = = ‘- = = ‘- =
& 238 £38 & 323 £328 & 2323 £8 & 2323 £8
2 2% 8% o & 2% 8% o & 2% B® o & 2% B® o
E 2E 2E 2 E 2E £2E 2 E 2E £E 2 E 2E £E 2
=] E: == = =] .E: (== = =] .E: a = = =] .E: a = =
= [=1"-] =E m [X] = =] [ =3 -] [¥] = =] [ =3 -] [¥] = =] [ =3 -] [X]
Q Q Q Q
dairy products | 0.01 0.00 0.01 0.00 0.01 0.00 -0.03 D.01 0.02 000 0.00 0.00 0.02 0.00 0.00 0.00
otherbovine | 0y ¢ po1 000 0.00 001 002 0.00 0.00 002 0.00 0.00 0.00 002 0.00 0.00
animal out_puts
e 0.01 001 0.07 -0.05 -0.03 0.02 0.32 -0.09 0.00 0.00 0.00 0.00 0.00 0.00 0.06 0.00
animal cutputs
crops 0.00 0.00 -0.05 0.03 0.01 0.00 -0.09 0.03 0.00 0.00 0.00 0.04 0.00 0.00 0.00 0.03
C Eu 61
066 047 023 033 063 049 -160 -0.06 000 001 003 009
c]
0.01 0.00 0.09 0.09

Table A.6: estimated parameters of the activity level dependent cost function for dairy and cattle farms in West and South-West France. Source: own simulation.
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Cost Function
Specification

animal outputs

pulses and
cilseeds
industrial
crops

price change

cereals

other crops

animal outputs

pulses and
cilseeds
industrial
crops

price change

cereals

other crops

Supply Elasticities

fixed effect: no fixed effect: no fixed effect: yes fixed effect: yes mean over all cost function
time index: no time index: yes time index: no time index: vyes specifications
Crop Farms from scuthern Central France
o w o w o w o L] o ]
w S0 B ) o S0 B s o S0 B s o S0 B s w S0 E 3
T5 48 Gao =2 2 T5 98 G 2 2 T5 4% G =2 2 55 4% B0 2 2 5 99 5.0 2 2
EEB 98 32 3 3 EEB 98 32 3 3 EB 2% 32 8 3 EB 28 32 8 3 EEB 98 32 8 3
2 a5 =5 & % 2 a5 65 & % S53 25 5 & % 53 2z £5 & % 3 as £5 &8 %
033 000 -016 000 O0.00 030 001 -014 000 0.00 058 003 -054 000 157 048 003 -054 -001 1.04 042 002 -035 000 065
017 386 040 -149 -069 -032 788 -004 -294 -042 -1.11 692 173 -309 213 -0.33 1409 007 -554 -115 -048 819 051 -326 -004
011 009 227 010 498 011 006 158 006 -299 044 008 179 -029 -1.41 -081 -009 342 016 £43 037 001 226 -015 -396
-016 -350 -039 133 -080 029 676 -034 242 -066 009 -566 424 232 180 -0.40 905 107 342 -0863 -019 624 151 237 -007
-0.31 -018 -2.54 -0.18 10.95 -0.46 -0.11 -0.89 -0.04 453 -0.73 011 -3.77 025 26.22 -0.46 -0.17 -3.43 -0.10 15.31 -0.49 -0.09 -266 -0.14 1425
Crop Farms from northern Central France
o w o w o w o L] o ]
w S0 B ) o S0 B s o S0 B s o S0 B s w S0 E 3
55 9% Ba 2 2 55 9% Be 2 2 55 9% Bo 2 2 55 9% Bao 2 ¢ 5 99 5.0 2 2
EEB 98 32 3 3 EEB 98 32 3 3 EB 2% 32 8 3 EB 28 32 8 3 EEB 98 32 8 3
2 a5 =5 & % 2 a5 65 & % S53 25 5 & % 53 2z £5 & % 3 as £5 &8 %
1.01 010 -026 004 000 041 014 -014 000 059 122 012 -025 005 -075 048 008 -011 000 000 078 011 -019 002 -004
055 428 -068 -1.04 1.80 0.02 21.51 -3.86 -484 9.44 088 422 -1.87 -088 1057 0.02 3236 -3.38 907 3M 037 1559 245 -396 6.21
£36 -291 519 -192 900 2335 347 234 031 794 669 -355 569 276 B39 -379 161 379 -188 B48 505 288 425 172 845
051 -320 102 154 -466 -006 888 -093 294 913 049 -301 124 153 -146 005 -938 -310 420 022 025 612 -157 255 081
-0.37 -0.07 -1.46 -0.16 15.93 -0.14 017 -1.94 013 4112 -0.36 -0.02 -1.91 -012 33.07 -0.16 018 -1.86 -0.16 30.99 -0.26 007 -1.79 -0.14 30.28

Table A.7: Elasticities of supply for crop farms in the northern and in the southern part of Central France, calculated with the activity level dependent cost function.
Elasticities are calculated for a 10% increase of the price of the activities indicated on the vertical axis. Source: own simulation
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Supply Elasticities
Cost Function fixed effect: no fixed effect: no fixed effect: yes fixed effect: ves mean over all cost function
Specification time index: no time index: yes time index: no time index: yes specifications
Dairy Farms from West France
w = L o = L] o L] = ] L = 2] L] L]
S 28 o2 S 25 o2 S 23 o3 S 25 o2 S 23 o2
e %8 38 2 &3 338 2 &3 538 2 %% S8 e 383 38
- 32 2% 2 | 5 sE 2% g2 | 5 sEGF z | = sEGE oz | = 3E if g
o a a a [=9
s £ 6& @ s £E 68 @ s £E 68 @9 s £E 68 @2 % £ 6& @
= (=0 -] E o (1] = (=] E o (1] = (=] E o (1] = (=~} E o (X1 = (=] Ed (X1
animal outputs | 511 -0.47 -0.01 0.00 272 -025 -0.01 0.00 623 -058 115 0.00 277 -0.26 000 000 420 -0.39 028 000
a
oo
£ "::f;’;ﬂ:“ -482 053 -9.29 0.00 263 034 -1000 0.00 -5.9% 059 -4.44 0.00 -268 032 -828 0.00 -403 045 -8.00 0.00
&=
[X] . B
8 '"2:05;';‘“' 016 -0.44 4936 0.00 098 -1.18 13670 0.00 032 -012 10.80 0.00 -0.11 -0.34 3856 0.00 023 -0.52 58585 0.00
a
cereals 0.00 000 000 0.00 0.00 000 000 0.00 0.00 000 000 0.00 0.00 000 000 000 0.00 0.00 0.00 000
Cattle Farms from South-West France
# = L w 2 = 5 2 = 2] L L 2] = 2
3 B2 o8 3 B2 o8 3 EE2 o3 3 EE o8 3 B2 o8
& 23 30 & 83 33 & 83 353 & 33 53 & 23 52
> $E %% =2 > $E 9% =2 > $E %% 2 > 3§ %% > 5E 9F 2
a a a a (=9
s £ 68 @ s E£E 68 @ s S£E 6& © s £E 68 o " £ 68 @
= (=D~ ] E o [E] = (=2~ ] E ® [E] = (=D <] E ® o = o o E o (%] = [= =] E o (%]
dairy products | 511 -0.47 -0.01 0.00 272 -025 -0.01 0.00 623 -058 115 0.00 277 -0.26 000 000 420 -0.39 028 000
O
g .
£ otherbovine |, oo 53 g2g gqp 263 034 1000 0.00 -5098 059 -444 000 268 032 -223 000 -403 045 -3.00 000
£ animal outputs
oo IITloaE -0.16 -0.44 4936 0.00 -0.98 -1.18 13870 0.00 0.32 -0.13 10.80 0.00 -0.11 -0.34 3856 0.00 -0.23 -0.52 58.85 0.00
= animal outputs
crops 0.00 000 000 0.00 0.00 000 000 0.00 0.00 000 000 0.00 0.00 000 000 000 0.00 0.00 0.00 000

Table A.8: Elasticity of supply for dairy farms in West France and cattle farms in South-West France, calculated with the activity level dependent cost function. Elastici-
ties are calculated for a 10% increase of the price of the activities indicated on the vertical axis. Source: own simulation
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Activity level and fixed-input level dependent cost funtion
Estimated cost function parameters

Cost Function Parameters
Crop Farms from southern Central France Crop Farms from northern Central France
activity level fixed-input level activity level fixed-input level
Activity Level and " -
Fixed-Input Level 5 - 5 5
Dependent Cost g = _ g - 2 £ = _ g = 2
Function with Time = sz & m £ 2 = = = ce 2 n s 2 s =
Index and = 02 e = = =2 @ = = o ® Wa = = = ] =
E @ 2 =t E @ a =
Q A Q A
animal outputs 0200 0010 0.019 0029 0.005 -0.002 0.000 -0.336 0200 -0.037 0128 -0.012 0103 -0.005 0.037 -1.675
pulses and oilseeds -0.010 0200 0007 -0005 0078 -0.006 -0.005 0116 0037 0200 0012 -0110 0116 0.000 0.064 -1.105
industrial crops 0.019 0007 0200 -0.0458 0.032 0.001 -0.009 -0447 0128 0012 0200 -0.002 0.076 -0.010 0.070 -2.454
cereals 00239 -0005 -0048 0200 0013 -0.011 -0.003 0.010 -0.012 0110 -0002 0200 -0.008 -0.008 0.066 -1.272
other crops 0005 0078 0032 0013 0.200 -0.008 0.003 0.054 0103 0116 0076 -0.008 0.200 -0.011 0.054 -0.953
Cp Eu E‘I} ﬁu
1461 0746 -0.791 0815 -1.439 0.004 0032 -0.066 -0.026 0798 6463 0919 -0.785 -0.007 -0.261 5.235
¢ - . -
1 g ¢ g,
0133 0102 -0.062 0119 0.094 0.000 -0.002 0.023 -0.075 0154 0383 0145  0.071 0.000 -0.001  -0.027
F F
cropland 0.000 0000 -0.001 0.000 0.000 0.001
grassland 0.000 0.000 0.000 0.000 0.000 0.001
unpaid labour -0.001 0000 0054 0.00m 0.001 0.024

Table A.9: Parameter estimates used for all simulations — activity level and fixed-input level dependent cost function with time index and q_mini; = 0.2 for crop farms.
Source: own simulation
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Cost Function Parameters
Dairy Farms from West France Cattle Farms from South-West France
activity level fixed-input level activity level fixed-input level
Activity Level and - " " - " "
Fixed-Input Level - 5 5 = = = = -
Dependent Cost E -% g =25 o E é '% £ 22 = E
Function with Time S g2 3538 B E — S 285 35 E E —
index and > 5g 2ZE 8 g ¥ 7 ~ 5E S8 & g 2 3
q_ming; = 0.2 ‘s SEE ©S& 2 2 i = ‘s £EE ©&¢E = = B =
= [=] [:=] = @ [#] [#] = = = [=] [:=] = @ [ ] [#] = =
1] H ] A
dairy products| 0200 -0.064 0015 -0.032 0009 0015 0509 0200 0004 0038 -0.004 0019 0008 -0.807
D‘“e’““‘“ejl'l'::}’ﬂfs' 0.064 0200 0023 -0.020 0.006 0012 0538 0.004 0200 0195 -0.008 0.015 0007 -0.216
“““'“”""“E;:l'::}“;f; 0.015 0023 0200 -0048 0.001 0027 0558 0038 0195 0200 0.021 0008 0005 -0.919
crops| -0.032 -0.020 -0.048 0.200 0011 0029 1024 0004 -0.008 0021 0200 0020 0009 -0.040
éu ﬁﬂl 'E'*D ﬁﬂ'
0711 0104 -0861 0716 0016 -0076 -3.406 0938 -1144 0035 0897 0067 -0029 -0.320
€ g1 € g1
0093 0039 -0192 0.188 0.000 0000 -0.045 0127 0142 0109 0.083 0.000 0.001 0011
F F
cropland 0.000 0.000 0.000 0.000 0.000 -0.014
grassland 0.000 0.000 0.002 0.000 0.000  0.000
unpaid labour 0.000 0002 0221 0014 0000 0432

Table A.10: Parameter estimates used for all simulations — activity level and fixed-input level dependent cost function with time index and q_minii = 0.2 for dairy and
cattle farms. Source: own simulation
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Cost Function Parameters
Crop Farms from southern Central France Crop Farms from northern Central France
activity level fixed-input level activity level fixed-input level
Activity Level and - -
Fixed-Input Level 5 5 s 5
Dependent Cost g T _ 2 = 2 £ = _ a2 - 2
Function with Time 3 sg B @ s E = 2 = s £ o g - = =
index and £ 2z 3% & 3 s 8 3 £ &3 38 ¢ 3 s 8 &
g_ming; = 0 = = = B e @ ] = = B = = = B e @ ] e = E
-] == a1 (1] [=] (a = ] (=] a o = o [=] (1 = =
0 0 0 A
animal outputs 0001 -0.001 0002 0002 0000 -0.001 -0.002 -0.046 0.000 0000 0000 0000 0000 -0.001 -0.008 -0.051
pulses and oilseeds -0.001 0001 0001 -0.002 0.001 -0.001 -0.003 -0.047 0.000 0029 0002 -0.009 0.003 -0.002 0011 -0.076
industrial crops 0.002 0001 0013 -0.001 0.003 -0.001 -0.003 -0.132 0.000 0002 0.000 -0.001 O0.000 -0.001 -0.008 -0.062
cereals 0.002 -0.002 -0.001 0.009 -0.002 -0.002 -0.003 -0.043 0.000 -0.009 -0.001 0.003 -0.001 -0.002 -0.012  -0.046
other crops 0.000 0001 0003 -0002 0.001 -0.001 -0.002 -0.031 0.000 0003 0000 -0001 0000 -0.001 -0.007  -0.041
éo ﬁn € ﬁﬂ'
1.025 0908 1.023 1.055 0994 0.004 0011 0127 0.985 0949 1.002 1.040 1.024 0.006 0.051 0.140
€ E1 € g1
0014 0155 0018 0128 0014 0.000 0000 0013 0028 0159 0033 0133 0015 0.000 0.000 -0.007
F F
cropland 0.000 0000 O0.000 0.000 0.000 0.000
grassland 0.000 0000 0000 0.000 0.000 0.000
unpaid labour 0.000 0000 0.004 0.000 0.000 0.013

Table A.11: Parameters of the activity level and fixed-input level dependent cost function with time index and q_mini; = 0 for crop farms. Source: own simulation.
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Cost Function Parameters
Dairy Farms from West France Cattle Farms from South-West France
activity level fixed-input level activity level fixed-input level
Activity Level and " - - - - -
Fixed-Input Level = w S s 5 2 w5 £ .
Dependent Cost = = .g' z .g' - 2 E 2 ‘E o ‘E - 3
Function with Time S g5 35 - |- = S g5 35 B = =
index and = 5E 2E & i % i = s& SE & £ 3 3
q_ming =0 = 28 E& = 2 B E‘ = 28 5= = = B E‘
= [=T. | = m [5] [5] = = = [=T. | = @ [5] [5] = =
Q i Q 3
dairy products|  0.000 0.000 0000 0.000 0001 -0003 -0.061 0005 0001 0008 0.005 0010 0003 -0113
other bc""‘“ej"}:}':fs' 0.000 0.001 0001 -0.002 0.001 -0.002 0.021 0.001 0000 0002 -0.003 0009 0003 -0.115
"“"‘b“‘"eoi:l'::}";fs' 0.000 0001 0001 -0.004 0.001 -0.003 0030 0008 0002 0013 0.002 0011 0003 -0.240
crops| 0000 -0.002 -0.004 0011 0001 -0003 0039 0005 -0.003 0002 0.110 0014 0005 -0.110
€ go € go
1328 1093 1092 1022 0001 0007 -0.310 0998 1083 1139 0.792 0037  -0015 0440
€ g1 € g
0.016 0000 0021 0131 0.000 0.000 -0.001 0025 0013 0076 0.109 0.000 0000 -0.025
F F
cropland 0.000 0000 0000 0000 0000 0000
grassland 0.000 0.000 0.000 0.000 0000 0.000
unpaid labour 0.000 0.000 0053 0.000 0000 0.000

Table A.12: Parameters of the activity level and fixed-input level dependent cost function with time index and q_mini; = 0 for dairy and cattle farms. Source: own simula-
tion.
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Cost Function Parameters
Crop Farms from southern Central France Crop Farms from northern Central France
activity level fixed-input level activity level fixed-input level
Activity Level and " "

Fixed-Input Level 5 5 5 g

Dependent Cost = g _ 2 = 2 = = _ a = 2

Function without El sz 8 @ < E E — = e 32 e S = = =

Time Ind d =} & now ‘= st = 0 = =} -1 o ‘= Pt =z ] =

R £ i: 8 ¢ 2 s & B £ 25 Z8 & & s g

- ] ao = o [¥] =] 7] = 5 = Ba = o [¥] =] 7] =] £

Q A 1] A
animal outputs 0000 0000 0000 0000 0000 -0.008 0001 -0219 0001 0000 0000 -0004 0.000 -0.004 -0.013  -0.550
pulses and oilseeds 0.000 0012 -0.002 0.014 0.000 -0.012 0002 -0.240 0.000 0014 0001 0008 0.001 -0.008 -0.018  -0.826
industrial crops 0.000 -0.002 0012 -0.001 0.002 -0.008 0000 -0.256 0.000 0001 0000 0001 0000 -0.005 -0.013 0525
cereals 0.000 0014 -0001 0.017 0.000 -0.013 0002 -0.246 -0.004 0008 0001 0015 0.002 -0.008 0017 -0.780
other crops 0000 0000 0002 0000 0000 -0.008 0002 -0116 0000 0001 0000 0002 0000 -0.005 -0.010  -0.549
: g é g
1128 1590 1.033 1638 0994 0.045 -0.008 1.059 1.074 1745 1105 1656 1.156 0.029 0.073 2907
F F

cropland 0.000 0.000 -D.001 0.000 0.000 0.000
grassland 0.000 0.000 -0.001 0.000 0.000 0.000
unpaid labour -0.001 -0.001 0.115 0.000 0.000 0.036

Table A.13: Parameters of the activity level and fixed-input level dependent cost function without time index and q_minii = 0 for crop farms. Source: own simulation.
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Cost Function Parameters
Dairy Farms from West France Cattle Farms from South-West France
activity level fixed-input level activity level fixed-input level
Activity Level and " " " - " "
Fixed-Input Level = a2 5 = & .- = =
Dependent Cost = = .E' 2 .g = 2 2 2 g. 2 ‘E' o 3
Function without S 35 35 T |- = S g5 358 T E =
Time Index and =2 a8 4 = o = @ & wn = W =
g_ming; =0 'E % E = E E E E E' 'E % E 5 E E E E E’
= o m = @3 [ 5] [ 5] [=] =} = o m =E @ [ 5] [ 5] =] =}
Q H Q 3
dairy products| 0.000 0000 0.000 0.000 0.000 -0.002 -0514 0.010 0002 0010 -0.001 0024 0002 -0426
other ““‘"eofl'::]“l:f; 0.000 0.001 0000 -0.005 0.001 -0.002 -0.440 0.002 0.001 0001 -0.012 0022 0002 -0407
“““'“”"i"eﬂi‘::}’::fﬁ' 0000 0000 0000 -0.001 0.002 -0.002 -0485 0010 0001 0013 0034 0027 0001 -0538
crops| 0000 -0.005 -0.001 0.046 0.000 0000 -0697 0001 0012 0034 0343 0036 0004 -0494
é g e g
1383 1096 1179 1664 0004 0005 1794 1097 1151 1399 1221 0095 0010 1574
F F
cropland 0.000 0.000 0.000 0.000 0.000  0.001
grassland 0.000 0000 0.000 0.000 0.000  0.000
unpaid labour 0.000 0.000 0.040 0.001 0000 0012

Table A.14: Parameters of the activity level and fixed-input level dependent cost function without time index and q_minii = 0 for dairy and cattle farms. Source: own
simulation.

135




Annex Il — Model Implementation

Cost Function Parameters
Crop Farms from southern Central France Crop Farms from northern Central France
activity level fixed-input level activity level fixed-input level
Activity Level and " "

Fixed-Input Level s 5 s 5

Dependent Cost £ = _ 2 = 2 = b= _ 2 = 2

Function without E Se B o S E g = 2 g £ in S = = =

Time Index and -] a® Tw o ot = ] = - @ T Bow = = = @ =

g_min; = 0.2 E L:n E ‘E E E % E E E’ E L:n E ‘E E E % E E E’

(-] [=T'=] - B (%] [=] B (=] = -] (== - B [E] [=] (%] [=] =

Q H Q H
animal outputs 0200 -0.004 0018 0020 0022 -0.008 0.013 -0.683 0.200 0043 0125 -0.019 011 -0.006 0.024 -1.877
pulses and oilseeds -0.004 0200 -0.002 0022 0106 -0.015  0.012 -0.300 -0.043 0200 0016 -0.069 0117 -0.004 0.047 -1.4490
industrial crops 0.018 -0.002 0200 -0.044 00033 -0.005 0003 -0.738 0125 0016 0200 0001 0077 -0.011 0.058 -2 653
cereals 0020 0022 -0044 0200 0.018 -0.020 0.016 -0.396 -0.019 -0.069 0.001 0200 -0.001 -0.011 0.048 -1.633
other crops 0022 0106 0033 0018 0200 -0.015  0.014 -0.103 0111 017 0077 -0.001 0.200 -0.014 0.042 -1.196
¢ g ‘ g
-0.943 1166 1070 1331 1171 0.040 -0.049 1.743 -0.290 1513 4803 14585 -0453 0.005 -0.192 6400
F F

cropland 0.000 0000 -0.002 0.000 0.000 0.001
grassland 0.000 0000 -0.001 0.000 0.000 0.001
unpaid labour -0.002 -0.001 0110 0.001 0.001 0.034

Table A.15: Parameters of the activity level and fixed-input level dependent cost function without time index and q_minii = 0.2 for crop farms. Source: own simulation.
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Cost Function Parameters
Dairy Farms from West France Cattle Farms from South-West France
activity level fixed-input level activity level fixed-input level
Activity Level and - - " - - -
Fixed-Input Level = . s 5 & o E £ =
Dependent Cost = EE 28 - 2 3 EE 9«8 - 3
Function without S 3% 35 T = = S 3% 35 E g =
Time Index and ; s B 3 = @ 2 @ ‘i ; =S 2 g o 5 - E_
q_ming; = 0.2 ‘s == & e ] & £ ‘= = 5 E ] ] = 5
=] o m = @3 [ 5] [ 5] [=] =} = o m = @ [ [ 5] [=] =}
1] H Q H
dairy products| 0200 0200 0031 -0.042 0008 0018 -0.066 0200 0003 0044 -0.009 0028 0000 1777
other b“"‘“eﬂ:'t':}“;fﬁ' 0.200 0200 0030 -0.042 0.017 -0.001 -1.014 0.003 0200 0194 -0.016 0023 -0001 -1.125
““"'““""“EDEI']'::}T:'E' 0.031 0030 0200 -0053 0011 0029 -0.459 0044 0194 0200 0018 0015  -0.004 -1.959
crops| -0.042 -0.042 -0.053 0200 0.014 0031 -0.074 0.009 -0.016 0018 0346 0032 0001 1213
P g ¢ g
3386 -0470 -1.383 1.640 0.041 -0.077 -0.091 0494 -1.794 0397 1237 0.102 0009 3645
F F
cropland 0.000 0.000 -0.001 0.000 0.000 -0.016
grassland 0.000 0.000 0.000 0.000 0.000  0.000
unpaid labour 0001 0000 0254 0016 0000 0539

Table A.16: Parameters of the activity level and fixed-input level dependent cost function without time index and q_minii = 0.2 for dairy and cattle farms. Source: own
simulation.
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Estimated error terms of the activity level and fixed-input level dependent cost function with
g_min;i=0.2 — comparison between estimation with and without time index

Crops (South) activity level error h - no time index

Crops (South) activity level error h - time index

Farms sorted by mean of errars Ef aver all years and activities

Relative size of the estimated error term 'Er._f.i in % of observed activity level
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Figure A.5: Distribution of estimated activity level related error term h for crop farms in southern Central

France. Relative size of error term, measured in % of observed value. Activity level and fixed-input level depend-
ent cost function with q_minii = 0.2. Source: own simulation and visualization.
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Crops (South) fixed input price error u - noe time index

Farms sorted by mean of errors iy over all years and activities
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Figure A.6: Distribution of estimated fixed-input price related error term u for crop farms in southern Cen-
tral France. Relative size of error term, measured in % of observed value. Activity level and fixed-input level de-
pendent cost function with q_minii = 0.2. Source: own simulation and visualization.
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Crops (South) fixed input level error 5 - no time index

Farms sorted by mean of errors Ef over all years and activities
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Figure A.7: Distribution of estimated fixed-input level related error term s for crop farms in southern Cen-

tral France. Relative size of error term, measured in % of observed value. Activity level and fixed-input level de-
pendent cost function with q_minii = 0.2. Source: own simulation and visualization.
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Crops (Morth) activity level error h - no time index

Crops (Morth) activity level error h - ime index
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Figure A.8: Distribution of estimated activity level related error term h for crop farms in northern Central
France. Relative size of error term, measured in % of observed value. Activity level and fixed-input level depend-
ent cost function with q_minii = 0.2. Source: own simulation and visualization.
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Crops (North) fixed input price errer u - no time index
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Figure A.9: Distribution of estimated fixed-input price related error term i for crop farms in northern Cen-
tral France. Relative size of error term, measured in % of observed value. Activity level and fixed-input level de-
pendent cost function with q_minj; = 0.2. Source: own simulation and visualization.
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Crops (Morth) fixed input level error s - noe time index

Crops (North) fixed input level error s - time index
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Figure A.10: Distribution of estimated fixed-input level related error term s for crop farms in northern Cen-
tral France. Relative size of error term, measured in % of observed value. Activity level and fixed-input level de-
pendent cost function with q_minii = 0.2. Source: own simulation and visualization.
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Dairy activity level error h - no time index

Dairy activity level error h - time index
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Figure A.11: Distribution of estimated activity level related error term h for dairy farms in West France.
Relative size of error term, measured in % of observed value. Activity level and fixed-input level dependent cost
function with q_minj; = 0.2. Source: own simulation and visualization.
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Dairy fixed input price error u - noe time index
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Figure A.12: Distribution of estimated fixed-input price related error term u for dairy farms in West France.
Relative size of error term, measured in % of observed value. Activity level and fixed-input level dependent cost
function with q_mini; = 0.2. Source: own simulation and visualization.
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Dairy fixed input level error s - no time index
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Figure A.13: Distribution of estimated fixed-input level related error term § for dairy farms in West France.
Relative size of error term, measured in % of observed value. Activity level and fixed-input level dependent cost
function with q_mini; = 0.2. Source: own simulation and visualization.
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Cattle activity level error h - no time index

Cattle activity level error h - time index
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Figure A.14: Distribution of estimated activity level related error term h for cattle farms in South-West
France. Relative size of error term, measured in % of observed value. Activity level and fixed-input level depend-
ent cost function with q_minii = 0.2. Source: own simulation and visualization.
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Cattle fixed input price error u - no time index
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Figure A.15: Distribution of estimated fixed-input price related error term u for cattle farms in South-West
France. Relative size of error term, measured in % of observed value. Activity level and fixed-input level depend-
ent cost function with q_minii = 0.2. Source: own simulation and visualization.
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Cattle fixed input level error & - no time index
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Figure A.16: Distribution of estimated fixed-input level related error term § for cattle farms in South-West

France.

Relative size of error term, measured in % of observed value. Activity level and fixed-input level depend-

ent cost function with q_minii = 0.2. Source: own simulation and visualization.
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Annex IV — Application for a Greenhouse Gas Emission Cap

Simulation
GHG emissions for all outputs in CO» equivalents

K162 Agribalyse 1.18 Cow milk, national average, at
farm gate/FR U

K163 Agribalyse 4.74 Average of all dairy products

N23 IPCC livestock 3.68 Calves/fattening
emissions

N24 IPCC livestock 5.4 Other cattle (<12m)
emissions

N25 IPCC livestock 3.24 M cattle (12-24m)
emissions

N26 IPCC livestock 3.24 F cattle (12-24m)
emissions

N27 IPCC livestock 2.17 M cattle (>24m)
emissions

N28 IPCC livestock 2.96 Breeding heifers
emissions

N29 IPCC livestock 2.96 Heifers/ fattening
emissions

N30 IPCC livestock 4.09 Dairy Cows
emissions

N31 IPCC livestock 3.02 Cull dairy cows
emissions

N32 IPCC livestock 2.77 Other Cows
emissions

N38 IPCC livestock 1.44 Goat (breeding F)
emissions

n39 IPCC livestock 1.44 Other goats
emissions

N40 IPCC livestock 2.29 Ewes
emissions

N41 IPCC livestock 2.29 Other Sheep
emissions

N43 IPCC livestock 2.3 Piglets
emissions

N44 IPCC livestock 0.76 Breeding sows
emissions

N45 IPCC livestock 0.89 Pigs/fattening
emissions

N46 IPCC livestock 1.07 Other pigs
emissions

N47 IPCC livestock 0.08 Table chickens
emissions

N48 IPCC livestock 0.06 Laying hens
emissions
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N49

N22

N33

N34

N50

K129

K132

K120

K121

K126

K127
K122

IPCC livestock
emissions
IPCC livestock
emissions
IPCC livestock
emissions
IPCC livestock
emissions
IPCC livestock
emissions
Agribalyse

Agribalyse

Agribalyse

Agribalyse

Agribalyse

Agribalyse
Rajaniemi et
al. 2011

0.29

0.47

0.30

0.30

0.25

0.85
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0.05

0.68

Annex IV — Application for a Greenhouse Gas Emission Cap Simulation

Other poultry

horses

no data for bees

no data for rabbits

no data for other animals

average of the following catego-
ries in Agribalyse: French bean,
conventional, national average,
at farm gate/FR U; Spring faba
bean, conventional, national
average, at farm gate/FR U;
Spring pea, conventional, 15%
moisture, animal feed, at farm
gate, production/FR U; Winter
pea, conventional, 15% mois-
ture, at farm gate/FR U

average of the following catego-
ries in Agribalyse: Sunflower
grain, conventional, 9% mois-
ture, national average, animal
feed, at farm gate, produc-
tion/FR U; Rapeseed, conven-
tional, 9% moisture, national
average, animal feed, at farm
gate, production/FR U; Soybean,
national average, animal feed, at
farm gate/FR U

average of the following catego-
ries: Soft wheat grain, conven-
tional, breadmaking quality, 15%
moisture, at farm gate/FR U; Soft
wheat grain, conventional, na-
tional average, animal feed, at
farm gate, production/FR U
average of the following catego-
ries: Soft wheat grain, conven-
tional, breadmaking quality, 15%
moisture, at farm gate/FR U; Soft
wheat grain, conventional, na-
tional average, animal feed, at
farm gate, production/FR U
Maize grain, conventional, 28%
moisture, national average, ani-
mal feed, at farm gate/FR U

no data for French rice

rye



K123

K124

K125

K128

K130

K131

K135

K133
K134

Annex IV — Application for a Greenhouse Gas Emission Cap Simulation

Agribalyse

Agribalyse

Agribalyse

Agribalyse

Agribalyse

Agribalyse

Agribalyse

Agribalyse
Agribalyse

0.29

0.37

0.28

0.28

0.06

0.03

0.05

152

average of the following catego-
ries: Spring barley, conventional,
downgraded quality, animal
feed, at farm gate/FR U; Spring
barley, conventional, malting
quality, animal feed, at farm
gate/FR U; Winter barley, con-
ventional, malting quality, ani-
mal feed, at farm gate/FR U;
Winter forage barley, conven-
tional, animal feed, at farm
gate/FR U

Oat grain, national average, an-
imal feed, at farm gate/FR U
average of the following catego-
ries: Spring wheat, from inter-
crop, organic, system n°2, at
farm gate/FR U; Sorghum grain,
conventional, national average,
animal feed, at farm gate/FR U;
Triticale grain, conventional,
national average, animal feed, at
farm gate, production/FR U
average of the following catego-
ries: Spring wheat, from inter-
crop, organic, system n°2, at
farm gate/FR U; Sorghum grain,
conventional, national average,
animal feed, at farm gate/FR U;
Triticale grain, conventional,
national average, animal feed, at
farm gate, production/FR U
average of the following catego-
ries: Ware potato, conventional,
variety mix, national average, at
farm gate/FR U; Starch potato,
conventional, national average,
at farm gate/FR U

Sugar beet roots, conventional,
national average, animal feed, at
farm gate, production/FR U
average of the following catego-
ries: Sugar beet roots, conven-
tional, national average, animal
feed, at farm gate, produc-
tion/FR U; Ware potato, conven-
tional, variety mix, national av-
erage, at farm gate/FR U; Starch
potato, conventional, national
average, at farm gate/FR U

no data for French hop

no data for French tobacco
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K137

K138

K139
K140
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Agribalyse

Agribalyse

Agribalyse

Agribalyse
Agribalyse

0.18

0.32

0.46

0.77

153

average of the following catego-
ries: Carrot, conventional, na-
tional average, at farm gate/FR
U; Cauliflower, national average,
at farm gate/FR U; Chicory wit-
loof, conventional, national av-
erage at farm gate/FR U; Leek,
national average, at plant/FR U;
Lettuce, conventional, national
average, at farm gate/FR U;
Melon, open field, conventional,
at farm gate/FR U; Onion, na-
tional average, at farm/FR U;
Squash, open field, conventional,
at farm gate/FR U; Strawberry,
open field, conventional, at farm
gate/FR U;

average of the values for
pCO2o0tc_136 and pCO2otc_138
average of the following catego-
ries: Carrot, conventional, na-
tional average, at farm gate/FR
U; Cauliflower, national average,
at farm gate/FR U; Chicory wit-
loof, conventional, national av-
erage at farm gate/FR U; Leek,
national average, at plant/FR U;
Lettuce, conventional, national
average, at farm gate/FR U;
Melon, national average, at farm
gate/FR U; Onion, national aver-
age, at farm/FR U; Squash, con-
ventional, national average, at
farm gate/FR U; Strawberry,
national average, at farm
gate/FR U; Tomato, average
basket, conventional, heated
greenhouse, national average, at
greenhouse/FR U; Tomato, aver-
age basket, conventional, soil
based, non-heated greenhouse,
at greenhouse/FR U;

no data for mushrooms

average of the following catego-
ries: Potted shrub, national av-
erage, at production site/FR U;
Rose (cut flower), soilless, low-
heated, conventional pest man-
agement, at greenhouse/FR U;
Rose (cut flower), soilless, low-
heated, integrated pest man-
agement, at greenhouse/FR U
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Agribalyse 0.93

average of the following catego-
ries: Potted shrub, national av-
erage, at production site/FR U;
Rose (cut flower), production
mix, national average, at green-
house/FR U; Rose (cut flower),
soilless, heated and enlighted,
conventional pest management,
at greenhouse/FR U; Rose (cut
flower), soilless, heated and
enlighted, integrated pest man-
agement, at greenhouse/FR U

Table A.17: GHG emissions of each activity in tons of COzequ/t or LU. These values were used as the input
values to calculate the emission factors for each aggregated activity and farm.

Note: “Agribalyse” indicates Agribalyse (2020b) for conventional products and Agribalyse
(2020a) for organic products. “IPCC livestock emissions” refers to IPCC (2006).

Emissions per activity as a function of the activity level
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Figure A.17: Emissions per activity as a function of the activity level. Activity emissions depend largely on

the activity level. Source: own visualization and calculation.
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Emission Cap

Simulated Marginal Costs (w.r.t. Other Bovine Outputs) for Different Scenarios
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Figure A.18: Simulated marginal costs w.r.t. other bovine outputs for dairy farms, for four different emis-
sion reductions scenarios. Source: own visualization and simulation.
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Figure A.19: Simulated marginal costs w.r.t. other non-bovine animal outputs for dairy farms, for four
different emission reductions scenarios. Source: own visualization and simulation.
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Marginal Costs (in base-year ELR)

Simulated Marginal Costs (w.r.t. Crops) for Different Scenarios
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Figure A.20: Simulated marginal costs w.r.t. crop outputs for dairy farms, for four different emission re-

ductions scenarios. Source: own visualization and simulation.

Impact of Emission Factor on Qutputs produced by Dairy Farms - Activity Overview
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Figure A.21: Impact of emission factor on outputs by dairy farms. Source: own visualization and simulation.
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Figure A.22: impact of activity level in reference scenario on the emission reduction for a 10% emission
cap. Source: own visualization and simulation.
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Figure A.23: Dairy farm’s emission reduction for an emission cap of 10% compared to the reference sce-
nario. Farms that lie above the black line are net emission right buyers, whereas the farms below the line are net
sellers of emission rights. Source: own visualization and simulation.
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Cha n%%of level of non-bovine animal outputs for cattle farms (10% emission reduction)
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Figure A.24: Impact of the emission factors of other bovine outputs and non-bovine animal outputs of
cattle farms on the activity level change of non-bovine animal outputs. If the emission factor of non-bovine
animal outputs is larger than the emission factor of other bovine outputs, cattle farms reduce the level of non-
bovine animal outputs. If the emission factor of non-bovine animal outputs is comparably small, farms increase
the level of non-bovine animal outputs. This relationship explains why for a few cattle farms the level of non-
bovine animal outputs increases if an emission cap is imposed. Source: own visualization and simulation.
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Figure A.25: Impact of different GHG emission caps on GHG emissions caused by each output category.
Source: own visualization and simulation.
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West France (Dairy Farms)
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Figure A.26: Impact of emission cap on emissions from each subregion. Source: own visualization and
simulation.
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