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In this study we take for granted that farmers’ choices rdy on

randc

routinely used by empirical investigators considering esnomic discrete choices (Train, 2009).

MOTIVATIONS

Farmers face different production conditions due to letegeneous soil quality or usual climatic conditions acass space. They also own different machineries and déffent wealth levels. Finally, farmers are also differenbecause of their various
educational level or abilities, as well as because theyay have different objectives with respect to income sk or with respect to the leisureversus labour trade-off. These heterogeneity sources are lity to have important impacts on farmers’
production choices. But to control for the effectof these heterogeneity sources is difficult . First, manheterogeneity sources are not suitably described imé data sets usually used by agricultural economist&econd, these heterogeneity sources
are numerous. As a result, empirical investigators a usually forced to focus on a few of these heteroga)\sources when specifying their empirical models.

y i models.l.e., we account for t
relevant to a given farmer relies on a parameter vectospecific to this farmer. Of course, the use of contl variables is allowed in our modelling approach. Buft is omitted for simplicity as well as for investigating the potential of random
parameter models. Such models are already used in othecenomic litteratures, e.g. in labour economics (sees.g., Bonhomme and Robin, 2009) or in empirical indust@l organization (Ackerberg et al, 2007). Random parametr models are now

in farmers’ vice models not by considering that the model

MODELLING FRAMEWORK

We consider short run production choices of farmersj.e. an acreage (share) demand system and yield supply syste
We use panel data so that observations are indexed byfarm/farmers) and t (year). A (parametric) random parameter
model is composed of two parts.

The first part of the model, the core model, descries the process of interest. The equationx, =g(z,:a,, q;g) decribes
the choices x of farmer i in yeart as a response function g to the observed determinantsand to the unobserved
determinants e, (error terms) defined according to the farmer specific mrameter vector . The term g, is a fixed
paramter vector. The core model is parametric, asit is the casehere, if the probability distribution of €, conditional on z;
and g is given. The second part of the model describes tparametric model, g, ~ d(b,) . of the probabiy distribution

of the random parameters q. This probability distribution describes the distribution of the b across the considered
famers’ population. The more the gare variable across farmers, the more heterogeneity atters for modelling farmers’

EMPIRICAL MODEL

The model considered in this study can be interpreted aa random parameter version of the model
considered by Carpentier and Letort (2013) . This modl combines a Nested MNL acreage share model with
quadratic yield functions. It assumes that farmers maxinize their expected profit in two steps. First they
maximize the expected return to each crop under the assuption that this return doesn’'t depend on the crop
acreage. Second farmers allocate land to the different crops for maximizing their expectec profit provided
that they incur implicit acreage mar costs. Tt 1t costs provide incentive for crop
diversification. In the 3 crop case with crop 3 (oilseds) as the reference crop and crops 1 (wheat) and 2
(othser cereals) grouped into a nest, the core producth choice model is composed of two equation systems,

choices. The to be arg,ahe fixed vector of the core model, and § the parameter
vector of the probability distribution of q;.

The core model of a random parameter models accountingf farms and farmers’ heterogeneity can be interpreted a a
local approximation of what might be the « true » modebf each farmer’s choice process. Of course, the coneodel
needs to be flexible enough for adequately representirfgrmers’ choices. Similarly, the choice of the probhility
distribution of the random parameters plays a crucialrole for the abilility of the specified statistical mixture model to
suitably account for the heterogeneity of the farmers dcision process in the considered sample.

the acreage share system :
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with s, =1-s,, —s,,, and the yield supply system:

{Yeu =B ~112xa MR +Y,, fork=12,2
Itis assumed that the error terms y, and v, arei.i.d. across years and farms and that they are independent
from each other. We basically assume that the dynamic feéares of the agricultural production and choices
processes are sufficiently stable for being suitably @ounted for by the random parameter specification. Tle
terms u; and v;, can be assumed to be independent becausgis unknown to farmer i when choosing g.
The ic random model is by ditribution ions related to the error
terms of the core model and to the random parameter véor:

U~ N(O¥,), Vo~ N O.A,) andg, ~ N & ©,) fort= LT, and= 1N

The error terms (u;,.V;,), the explanatory variables z and the random parameters q are assumed to be
mutually independent.

DATAAND ESTIMATION APPROACH

We use a panel data set of 111 French grain producepbserved from 2004 to 2007 obtained from the Europeanafm
Accountancy Data Network (FADN). The considered farrers are located in northern France. The crop price indies
are computed from the observed data while the variablénput price index is computed by considering the obsemd
input uses (fertilisers, pesticides, energy and segdand price indices obtained from the French Agricultral
Department. We do not model variable input uses inttis preliminary study. To extend our modelling framework is
relatively involved with input uses observed at the farmlevel such as those provided by the French FADN.
Whereas econometricians mainly rely on Simulated Maximunt.ikelihood (ML) estimators for estimating the

of random models, isticians uglly employ ML estimators computed by Stochastic
Expectatlon -Maximisation (SEM) algorithms (McLachlan and Krishnan, 2008). In this study we compute ML
of the model by using the SEM gérithm proposed by Delyon et al (1999).

Observed variables x =(§, y) andgz=( p,w,) Error terms e, = (U, v,) Random parameters q = (Inp, ,Ina; ,Inp ,d, ) andb, = 1, ¥, A, 2, )
o = UiV,

Sait acrea.ge share of crép u,,, : random part of the yield of crdy B, : yield mean level of crop  for farmer
Yiie Y'?'d of cropk v,., : random part of the per hectar a; : acreage cost function flexibility parameter asrthe “cereal” and "oilseed and proteiap” nest
P : Price index of outpuk p, : acreage cost function flexibility parameter witthe "cereal” nest

management cost of crép v, (=

w, : price index of the variable input aggrate d,, : per hectare management cost of drof,; 0)

CONCLUSION: HETEROGENEITY MATTERS

Table 1. Selected parameter estimates, yield equations

Estimation results show that the model fits relativelywell to the data. Most - ) of

ially the fad p a, the

the random parametersp; and d,, and the variance matrices of the error terms yand v, — appear to be precisely estimated. As will be shown o ElnA.) Coulin By 1.}

below, some random parameter covariances appear to beste precisely estimated. This might be explained by thanited size of the Wheat  Oth. cereals Oilseeds
considered sample.

Theyield equation p are precisely This was expecte( since eact yleld equation basically is a regressior equation with (r=1) (1=2) (r=3)
individual random terms. The i lie ir ranges. In the price effect pmmeter parameter & is positive. Wheat (k =1) 1579% 2.175% 0.012* 0.012* 0.008*
The estimates of the probability distribution of g; show that the/,; parameters significantly vary accross farms while being sbngly positively

correlated to each other. This was expected because thield potential vary accross regions, as well as becaugeod growing conditions for a Oth. cereals(k =2)  0.989*  2.120* 0.012* 0.017% 0.011*
grain crop are also good for the others. The variancef fi; is equal to that ofuy, for cereals, but the variance ofy;, is four times that of in Oilseeds(k = 3) 0.862*  1.804* 0.008* 0.011* 0.008*

the oilseeds case. Provided that rapesseed is by far thst imporant oilseed in northern France, this may reflet the fact that the rapeseed
yield is more risky than the cereal yield, mostly due tdugs and diseases.

The acreage share equation also ranm 1able ranges. The of, ofp;, equals
0.149, respectively 0.223. These expectation estinggge higher to the corresponding fixed parameter estimas obtained by Carpentier and
Letort (2013) with similar, albeit different, models and data. Importantly, the estimate of the expectatiorof p; is higher than that of o;. This is
a sufficient condition for the entropic acreage manag®ent cost function lying at the root of the Nested MNL ateage share function to be

Table 2. Selected parameter estimates, acrege share atjons

convex. According to the estimates of their respectiveariances, thew; and p; parameters significantly vary accross farms. This resulis Expectation Covariance with

important for simulation studies b these p largely ine the acreage price elasticities in ML acreage share models. The Ina, Inp, Ing,; InB, InB,
higher ¢; and p; are, the more reactive the acreages are to price chaeg As a matter of fact the parametric considered in tis study allows i i
computation of estimates ofy; and p; for each farm of the sample, according to the logic ‘téme what you do, I'll tell you who you are’. The Wheat  Oth. cereals Oilseeds
parameter estimates obtained here can be used to compute aetlmate of the expectation; (indeed of any element of g conditionnal on (y;;,

Sy, Zy) for t=1,....T. Although the ding areat very precise, the elements df; appear to be positively Ina -2.327* 0.136* 0.061 0.006 0.012 0.008
correlated with ¢;. A possible interpretation of this result is as follows. High levels off; indicate good farming conditions for grain crops in Ing -2.039% 0.061 0.188* -0.016 -0.011 -0.006

farm i and/or farmer i technical ability. This implies that the farm operation is sufficiently profitable for allowing suitable machinery
investments which, in turn, implies a high level of; and, finally, relatively unconstrained acreage choices

Our results tend to show that heterogeinity matters inagricultural production choice models. Estimates of andom parameter models such as
the one presented here can be used for, at least, two pwges: for the calibration of simulation models accating for farm unobserved
heterogeneity and for investigating potential explanaons of this unobserved heterogeneity.

* indicates rejection of the null hypothis at the 5%ele /
REFERENCES

Ackerberg, D., C.L. Benkard, S.T. Berry and A. Paks. 2007 Econometric tools for analyzing market outcomes. Thadbaok of Econometrics. Heckman, J.J. and E. Leasus)(Chapter 63. North-Holland Bonhomme, S. and J.-M. Robin. 2009.
Assessing the equalizing force of mobility using stpamels: France, 1990-200®view of Economic Studies, 76(1):63-92; Carpentier, A. and E. Letort. 2013.Multicrop production models with Multinomial Logit aage share€nvironmental and Resource
Economics, forthcoming ;  Delyon, B., M. Lavielle and E. Moulines. 1999Convergence of a stochastic approximation of thedidgdrithm. Annals of Statistics, 27(1):94-128 ; McLachlan, G. and T. Krishnan. 2008 The EM algorithmand extensions, 2n¢

edition. Wiley Edition ; Train, K. 2009. Discrete choice models with simulation, 2 edition. Cambridge Unuversity Press

Alain Carpentier, Senior Researcher Email: a.carpentier@rennes.inra.fr
Fabienne Femenia, Research Fellow, Email: f.femenia@rennes.inra.fr

Philippe Koutchade, PhD, Email: p.koutchade@rennes.inra.fr




	entête poster.pdf
	Poster ACFFPK

