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Accounting for spatial interactions between farms is highly relevant for the analysis of agricultural policy impacts. Existing studies, however, only account for homogeneous (average) spatial interactions. We develop a mixture modelling framework to account for unobserved heterogeneity, allowing spatial interaction to vary across endogenously-defined farm types. We apply this approach to study farmer decisions to exit the farming business using a large panel dataset covering all registered farms in Brittany, France, for the period 2004-2014. While exiting is on average positively correlated with neighbouring farm size, we find substantial variation between farm types, and a negative correlation for a significant proportion of farms. The approach we develop not only enables us to identify different correlations between neighbouring farm size and exits from farming, but it also yields different results than pooled estimations.

Introduction
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Comment citer ce document : SAINT-CYR, L. D. F., Storm, H., Heckelei, T., Piet, L. (2019). Heterogeneous impacts of neighbouring farm size on the decision to exit: evidence from Brittany. European Review of Agricultural Economics, 46 (2), 237-266. , DOI : 10.1093/erae/jby029 et al., 2010). Understanding the factors that affect farmers' decisions to enter or exit farming, as well as the factors that determine farm growth, has been a concern of agricultural economists and policy makers for quite some time. [START_REF] Weiss | Farm growth and survival: Econometric evidence for individual farms in upper austria[END_REF], for example, analyses farm survival and growth in Upper Austria, [START_REF] Breustedt | Driving forces behind exiting from farming in Western Europe[END_REF] examine the exit process for Western European farmers, [START_REF] Dong | Contract and exit decisions in finisher hog production[END_REF] study the exit decisions of finisher hog producers in North America, and Aubert and [START_REF] Perrier-Cornet | Is there a future for small farms in developed countries? Evidence from the French case[END_REF] investigate the factors that influence the survival and growth of small farms in France. Among others, these studies have identified important aspects of structural change in farming and demonstrate that studying farmers exit decisions can help in better understanding farm dynamics in different farming contexts. More recently, [START_REF] Storm | Direct payments, spatial competition, and farm survival in Norway[END_REF] empirically investigate the effects of direct payments on the exit rates of Norwegian farms and show that the spatial interdependence between farms is an important factor in shaping farmer decisions to maintain their production activities. The authors show that accounting for spatial interdependence between farms maybe highly relevant for an aggregate assessment of policy changes in agriculture.

Insofar as most studies addressing neighbour effects estimate the mean effect of neighbouring farm characteristics on farmer decisions (see for example [START_REF] Case | Neighborhood influence and technological change[END_REF]; [START_REF] Holloway | Bayesian spatial probit estimation: a primer and an application to HYV rice adoption[END_REF]; [START_REF] Läpple | Sustainable technology adoption: a spatial analysis of the Irish dairy sector[END_REF]), they implicitly assume that farmer behaviours are homogeneous in this regard. [START_REF] Storm | Direct payments, spatial competition, and farm survival in Norway[END_REF] also estimate the mean effect of neighbouring farm characteristics on farmer decisions to exit the profession. Results from studies that use this type of estimation approach therefore assume that all farms will behave alike with respect to the investigated characteristics. However, some farms may be more or less sensitive to the characteristics of neighbouring farms (e.g., regarding direct payment received, farm size, etc.), and these differences could arise due to specific individual characteristics. If all of these characteristics were observed, controlling for them would lead to a more efficient estimation of the impacts associated with neighbouring farms. When this is not the case, the resulting parameters may be biased and inconsistent due to unobserved heterogeneity among farms [START_REF] Kyriazidou | Estimation of a panel data sample selection model[END_REF][START_REF] Pennings | Hedging behavior in small and medium-sized enterprises: the role of unobserved heterogeneity[END_REF]. One way to tackle this issue is to use modelling frameworks that are able to control for unobserved heterogeneity among farms.

In this paper, we apply a mixture modelling approach in order to investigate heterogeneity in spatial interactions in the context of farmers' decisions to exit farming. The finite mixture model offers several advantages over other modelling approaches used to control for unobserved heterogeneity, such as fixed and random effects models and random parameter models. In particular, the simplicity and intuitiveness of the finite mixture model makes it relatively straightforward to implement [START_REF] Greene | Econometric analysis[END_REF][START_REF] Holloway | Spatial econometric issues for bio-economic and land-use modelling[END_REF]. Finite mixture models enable observations that are characterised by a similar relationship between dependent and independent variables to be endogenously selected from the data [START_REF] Holloway | Spatial econometric issues for bio-economic and land-use modelling[END_REF]. We therefore apply the mix-
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ture modelling approach in order to identify farms that are characterized by similar behaviours regarding the impact of neighbouring producer characteristics.

We develop the mixture modelling approach in order to use it in conjuncture with panel data.

Some studies in the literature have already used panel data to study farmer decisions to exit farming (see [START_REF] Landi | Regional differentiation and farm exit: a hierarchical model for Tuscany[END_REF] for a recent example). However, to the best of our knowledge, we are the first to investigate spatial interactions between farms both using panel data and controlling for unobserved heterogeneity. The fundamental advantage of a panel dataset over a cross-sectional dataset is that the former allows greater flexibility in modelling differences in the behaviour of individuals [START_REF] Greene | Econometric analysis[END_REF]. We therefore expect that using a mixture modelling approach in conjunction with panel data will better describe differences in farmer behaviour through the impacts of neighbouring farm characteristics on farmer decisions to exit farming.

However, rather than introducing farm fixed effects, we take advantage of the panel dimension of the data by specifying that the type membership for each farm remains fixed over time. Even though farmer behaviour could conceivably change over time, this is likely to be a long-run rather than a short-run process. We thus implement the mixture model keeping farm type membership constant over time; that is, farmers are not allowed to switch from one endogenous type to another. This approach is consistent with our objective to demonstrate unobserved heterogeneity in farmer behaviour as observed by their repeated responses to specific stimuli such as neighbouring farm characteristics.

This paper is structured as follows. The next section provides theoretical justification for the empirical application of this study. Sections 3 and 4 present the modelling approach and the corresponding estimation procedure, respectively. The data used for our empirical application and explanatory variables for the model specification are presented in Section 5. Section 6 reports the main results. The last section concludes with some considerations regarding possible improvements of this study for further research.

On heterogeneity in spatial interactions between farms

The characteristics of neighbouring farms may have important impacts on farm size and/or on a farmer's decision to exit farming. Farmer decisions in this regard can indeed be influenced by their interactions on the real estate market, which is highly localised due to the inherent immobility of the asset in question [START_REF] Happe | Agent-based analysis of agricultural policies: an illustration of the agricultural policy simulator AgriPoliS, its adaptation and behavior[END_REF]. As farms compete for a piece of land, transactions in the real estate market are driven by the differences between farmer willingness to pay (WTP) for land. Focusing on farmer exit decisions, a farm will remain active if its WTP for land is greater than that of its neighbours. This implies that competition in the real estate market depends not only on the characteristics of a given farm, but also on the characteristics of neighbouring farms. Focusing on the specific characteristic of the size of
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neighbouring farms, we extend [START_REF] Storm | Direct payments, spatial competition, and farm survival in Norway[END_REF]'s theoretical framework, providing some additional elements supporting this proposition.

The existing literature distinguishes between two types of effects that neighbouring farms' size can have, both of which originate from technology adoption. On the one hand, neighbours can be viewed as competitors, especially regarding the acquisition of plots [START_REF] Weiss | Farm growth and survival: Econometric evidence for individual farms in upper austria[END_REF]. In this case, a farmer whose land is surrounded by larger farms may be forced to shut down his/her operation if these larger farms are quicker to adopt new technologies given that they are likely to have greater access to information and financial resources [START_REF] Goddard | Economics of structural change in agriculture[END_REF]. Neighbours with larger farms therefore have a higher WTP for land, leading neighbouring farm size to have a negative impact on the survival probability of the farm under consideration. On the other hand, neighbours can be considered as a source of motivation and as role models for the adoption of new technologies [START_REF] Case | Neighborhood influence and technological change[END_REF][START_REF] Holloway | Bayesian spatial probit estimation: a primer and an application to HYV rice adoption[END_REF]. In this case, the size of neighbouring farms positively influences the survival of the farm under consideration, because a farmer surrounded by larger farms is more likely to adopt the innovative technologies they use [START_REF] Harrington | A synthesis of forces driving structural change[END_REF]. This could imply an increase in the WTP for land for those neighbouring farms since the adoption of new technology generally means that the farm must acquire enough land in order to optimize its use of the technology.

However, the type of interaction that takes place between neighbours may depend on the farm in question. Indeed, we expect that the effect of neighbouring farms' size will tend to be heterogeneous across the farms we consider, and may depend on the type and characteristics of the farm and farmer considered. One of the most important sources of farm heterogeneity that could notably shape a farmer's behaviour are his/her motivations: neighbouring farms' size is more likely to have an impact (positive or negative) on farmers who are highly motivated by profit maximisation. In the context of free market competition, these business-oriented farms are forced either to innovate or to exit, leaving resources to be acquired by the more innovative competitors in the latter case [START_REF] Harrington | A synthesis of forces driving structural change[END_REF][START_REF] Jackson-Smith | Understanding the microdynamics of farm structural change: Entry, exit, and restructuring among Wisconsin family farmers in the 1980s[END_REF].

The existence of commercial farms thus depends on their competitiveness, that is, on their capacity to innovate. However, this capacity differs across farms and depends on a variety of factors, such as accessibility to technology and land, managerial capacity, risk perception, attitudes towards risk, etc. [START_REF] Bowman | Economic factors affecting diversified farming systems[END_REF][START_REF] Conradt | Yield trend estimation in the presence of farm heterogeneity and non-linear technological change[END_REF][START_REF] Trujillo-Barrera | Understanding producers' motives for adopting sustainable practices: the role of expected rewards, risk perception and risk tolerance[END_REF].

However, not all farmers place a high priority on the profit gained through farming activities [START_REF] Maybery | Categorising farming values as economic, conservation and lifestyle[END_REF][START_REF] Howley | It's not all about the money: understanding farmers' labor allocation choices[END_REF]. Some non-competitive farmers may continue farming due to non-pecuniary motives [START_REF] Harrington | A synthesis of forces driving structural change[END_REF], perhaps enjoying the farming lifestyle [START_REF] Hallam | Economies of size and scale in agriculture: an interpretive review of empirical measurement[END_REF], and may maintain agricultural production at sub-optimal levels [START_REF] Howley | The happy farmer: The effect of nonpecuniary benefits on behavior[END_REF]. This might be the case, for example, among some environmentally-oriented farms [START_REF] Willock | The role of attitudes and objectives in farmer decision making: Business and environmentally-oriented behaviour in scotland[END_REF] or certain hobby farms [START_REF] Daniels | Hobby farming in america: rural development or threat to commercial agriculture[END_REF][START_REF] Holloway | Smallholding, hobby-farming, and commercial farming: ethical identities and the production of farming spaces[END_REF]. For such farms, new technology is evaluated on criteria other than its financial viability [START_REF] Mzoughi | Farmers adoption of integrated crop protection and organic farming: Do moral and social concerns matter?[END_REF].

In these cases, the technology is adopted only if it is considered to conform to some predefined criteria that are set by the farmer according to his/her non-pecuniary objectives. Among farmers for whom such motives prevail, one can thus expect a lower (or even no) specific impact of neighbouring farms' size on the probability of remaining in business over time.

Moreover, the motives that shape farmer behaviours (profit maximisation or non-pecuniary motives) are, in fact, unobserved. Indeed, it is difficult to discern what exactly drives the heterogeneity in observed farmer behaviour in the real estate market. Even though farmer motivations may be related to certain farm and/or farmer characteristics, as discussed above, not all of these characteristics are observable. The analysis of farmer exit decisions is therefore a challenging task, one that requires appropriate modelling frameworks that are able to account for unobserved heterogeneity in farmer behaviours.

Based on these considerations, we hypothesise that there are at least two different types of farms that respond to the size of neighbouring farms in different ways: some farms may be more likely to respond negatively to large neighbouring farms' size due to competition for land, which would lead to a positive correlation between farm exit and the neighbouring farm size. Others, in contrast, may be more likely to respond positively in the same situation due to positive spillovers from the adoption of new technologies, which would lead to a negative correlation between farm exit and the size of neighbouring farms. Since both types of response may coexist for each farm, understanding structural change in a specific farming context requires identifying which effect dominates at both the individual and aggregate levels. However, the farm types that may be characterised by different spatial interactions are not observable and must thus be identified endogenously. Given its ability to group observations that are characterised by a similar relationship between dependent and independent variables, the mixture modelling framework mentioned in section 1 above is well-suited to handle this situation. The mixture model applied here is thus able to identify the directions and magnitudes of these different unobserved effect types.

Modelling approach

To analyse farm survival, we implement a probit model to represent a farmer's decision to exit.

The probit model can be understood as a latent utility model in which the latent variable represents the utility that is obtained from staying in or exiting the farming sector. A farmer's utility may be affected by his/her own characteristics as well as by the characteristics of neighbouring farms. The latent variable y * it underlying the probit model determines the outcome of the farmer's decision to stay in business from one year to the next. Given that we rely on annual data regarding farmer decisions, we define:

y it = 1 if y * it > 0, t = 1, 2, • • • , T i ≤ T y it = 0 if y * it ≤ 0 (1)
where y it is the observed outcome at time t for farm i which takes on the value: y it = 1 if the farm remains in farming for two consecutive years, and y it = 0 otherwise; T i is the length of time that farm i is observed in the sample.

Capturing spatial interactions between farms

To capture the spatial interactions between farms, we use a spatially-lagged explanatory variable (SLX) specification for the probit model. The latent variable at time t is thus given by:

y * it = x it-1 β + z it-1 θ + q it-1 γ + it , t = 1, 2, • • • , T i ≤ T (2)
where x it-1 are own farm characteristics; z it-1 are neighbouring farms' characteristics; q it-1 are regional farm characteristics and; β, θ and γ are the parameter vectors to be estimated. The disturbances it are T-variate, normally distributed with a T × T positive definite covariance matrix Σ.

From a spatial econometric point of view, accounting for neighbouring farms' characteristics through z it consists in defining an n × n dimensional weighting matrix, W t , that indicates which farms are actually neighbouring each other at a specific time t, where n is the total number of farms in the sample at time t. A value of 1 for w ijt (element of W t ) indicates that a specific farm j is a neighbour of farm i at a specific time t, and 0 otherwise. Because own characteristics are already accounted for in vector x it , the main diagonal of W t is by definition set to zero. The pdimensional vector of neighbouring farm characteristics (z it ) is then obtained by multiplying the row vector w it by the n × p dimensional matrix of explanatory variables, divided by the row sum of w it . In doing so, all neighbours are weighted equally [START_REF] Holloway | Bayesian spatial probit estimation: a primer and an application to HYV rice adoption[END_REF]. For notational simplicity, we omit the weighting matrix (W t ) in the formulations that follow, using z it as the resulting vector of spatially-weighted neighbouring farm characteristics. The SLX model thus makes it possible to identify the impacts of neighbouring farm characteristics on farmer decisions.

It also avoids several identification problems that arise in other types of specifications such as the spatial autoregressive model (SAR) [START_REF] Gibbons | Mostly pointless spatial econometrics?[END_REF][START_REF] Vega | The SLX model[END_REF].

Nevertheless, the identification of neighbour effects could still suffer from unobserved and spatially-correlated omitted variables that are correlated to the observed characteristics included in the model (e.g., geographic or historic regional characteristics that could have an impact on farmer exit decisions as well on average farm size in a region). To control for these types of omitted variables we follow [START_REF] Storm | Reducing omitted-variable bias in spatial-interaction models by considering multiple neighbourhoods[END_REF] and include average regional farm characteristics (q it ) as additional explanatory variables. This allows for the effects of farm interactions that take place on a smaller spatial scale to be distinguished from spatial correlations arising from unobserved and spatially-correlated regional characteristics at a larger spatial scale.

All of the explanatory variables in the model are lagged by one year, assuming that farmers make their decisions based on information from previous years. Using lagged explanatory variables also helps to avoid potential endogeneity problems with respect to explanatory variables from the same year, which could arise due to potentially simultaneous and interdependent decision-making processes among neighbouring farms.

Accounting for unobserved heterogeneity

As described in section 2, neighbouring farms' size may influence a farmer's decision in a number ways. To demonstrate the heterogeneity in farmer responses to the characteristics of their neighbouring farms, we apply a mixture modelling approach, which is able to capture unobserved heterogeneity. The mixture modelling approach assumes that the farm population is divided into more than one homogeneous type; each type of farm is characterised by a specific effect of the exogenous variables, including neighbouring farm size, on a farmer's decision. Let y = (y T 1 , • • • , y T n ) denote the observed random sample where y i is the sequence of choices or states of farm i over a certain period of time. Under a mixture approach, the conditional density of y i is written as [START_REF] Mclachlan | Finite mixture models[END_REF]:

f (y i |Ψ) = G g=1 π g f g (y i |Φ g ) (3) 
where Ψ = (π 1 , ..., π G , Φ 1 , ..., Φ G ) are the parameters; π g is the probability of belonging to farm of type g with g = 1, 2, • • • , G, and f g is g-type conditional density with parameter Φ g .

Since the unobserved types must be exhaustive and mutually exclusive, the π g proportions are non-negative and sum to one.

Under this mixture approach, the conditional probability density for the observed data for farm i given the formulation in equation ( 2) is:

f (y i |X i ; Z i ; Q i ; Ψ) = G g=1 π g f g (y i |X i ; Z i ; Q i ; Φ g ) (4) 
where Φ g = (β g , θ g , γ g ) are the parameters to be estimated; and f g (y i |X i ; Z i ; Q i ; Φ g ) is the respective probability density function specific to farm type g. Under the probit formulation in equation ( 2), the probability density function writes:

f g (y i |X i ; Z i ; Q i ; Φ g ) = Ti t=1 F (x it-1 β g ; z it-1 θ g ; q it-1 γ g ) yit 1 -F (x it-1 β g ; z it-1 θ g ; q it-1 γ g ) (1-yit)
(5) where F (x it-1 β g ; z it-1 θ g ; q it-1 γ g ) is the cumulative density function of the normal distribution for farm type g and y it is the observed outcome at time t. In the interest of simplicity and saving space, in the following we replace the expression on the right-hand side of equation ( 5)

by Ti t=1 f g (y it |x it-1 ; z it-1 ; q it-1 ; Φ g ).

Model estimation

The mixture model described in the previous section is estimated using the maximum likelihood method via the expectation-maximisation (EM) algorithm. Assuming that observations are independent within farm types given x it-1 , z it-1 and q it-1 , the log-likelihood (LL) function for the parameters Ψ of the model, conditional on observing y i , is written as:

LL(Ψ) = N i=1 ln    G g=1 π g Ti t=1 f g (y it |x it-1 ; z it-1 ; q it-1 ; Φ g )    (6)
where f g (y it |x it-1 ; z it-1 ; q it-1 ; Φ g ) is the conditional density function for the probit as given in equation ( 5). To take into account the panel dimension of the data, the likelihood function is written considering the set of observations for each farm in the sample. The probability of belonging to a specific farm type is thus invariant over time. Indeed, even though farms could switch from one farm type to another, we assume that this is more likely to happen in the long run, based on the discussion in Section 2.

Implementing the Expectation-Maximisation (EM) algorithm

Since farm type is a priori unknown, the EM algorithm is used to estimate the model parameters.

The EM algorithm simplifies the complex log-likelihood in equation ( 6) into a set of easily solvable log-likelihood functions by treating the unobserved farm type as missing information [START_REF] Mclachlan | The EM algorithm and extensions[END_REF]. Let v ig be a discrete unobserved variable indicating the type of each farm. The random vector

v i = (v i1 , v i2 , • • • , v iG ) is thus g-dimensional with v ig = 1 if
farm i belongs to type g, and 0 otherwise. Assuming that v ig is unconditionally multinomially distributed with probability π g , and conditional on observing y c = (y, v), the complete likelihood function writes:

L c (Ψ) = N i=1 G g=1 π g Ti t=1 f g (y it |x it-1 ; z it-1 ; q it-1 ; Φ g ) vig (7) 
The complete log-likelihood (LL c ) then writes:

LL c (Ψ) = N i=1 G g=1 v ig ln π g Ti t=1 f g (y it |x it-1 ; z it-1 ; q it-1 ; Φ g ) (8) 
In this case, v ig is called the 'posterior' probability that farm i belongs to type g given y i , that is P (v ig = 1|y i ), while π g is the 'prior' probability of the mixture [START_REF] Mclachlan | Finite mixture models[END_REF]. The expression in equation ( 8) can then be divided into two components:

LL 1 = N i=1 G g=1 v ig lnπ g LL 2 = N i=1 G g=1 v ig Ti t=1 lnf g (x it-1 ; z it-1 ; q it-1 ; Φ g ) (9)
Since the farm type is not observed, the posterior probability that farm i belongs to type g (i.e., v ig ) must be estimated from the observations. The EM algorithm therefore consists of the following four steps [START_REF] Dempster | Maximum likelihood from incomplete data via the em algorithm[END_REF]:

(i) Initialisation: Arbitrarily choose initial values Ψ 0 = (π 0 1 , ..., π 0 G , Φ 0 1 , ..., Φ 0 G )
for the parameters of the model, assuming that the sample consists of G homogeneous farm types.

(ii) Expectation: At iteration p + 1 of the algorithm, compute the expected probability that farm i belongs to a specific type g while observing y i and given the parameters Ψ (p) . This conditional expectation probability, that is, the 'posterior' probability v (p+1) ig = v ig (y i ; Ψ p ), can be obtained according to Bayes' law:

v (p+1) ig = π (p) g Ti t=1 f g (y it |x it-1 ; z it-1 ; q it-1 ; Φ (p) g ) G h=1 π (p) h Ti t=1 f h (y it |x it-1 ; z it-1 ; q it-1 ; Φ (p) h ) (10) 
Replacing v ig by its expected value in equation ( 8) yields to the conditional expectation of the complete data log-likelihood.

(iii) Maximisation: Update Ψ p = (π p 1 , ..., π p G , Φ p 1 , ..., Φ p G ) by maximising the complete loglikelihood conditional on the observations, given by LL 1 + LL 2 in equation ( 9). The model parameters specific to each farm type are thus updated from LL 2 as:

Φ (p+1) g = argmax Φg N i=1 G g=1 v (p+1) ig Ti t=1 lnf g (y it |x it-1 ; z it-1 ; q it-1 ; Φ g ) (11) 
The maximisation process of equation ( 11) is straightforward. The parameters of the model

( Φ(p) g ) are updated considering v ig (y i ; Ψ (p)
) as weighting factors for each farm i. The 'prior' probability of belonging to type g is then updated from LL 1 as:

π (p+1) g = N i=1 v (p+1) ig N i=1 G h=1 v (p+1) ih , ∀g ∈ G (12) 
(iv) Iteration: Return to expectation step (ii) using π (p+1) and Φ (p+1) and iterate steps (ii) and (iii) until the observed log-likelihood given by equation ( 6) converges.

At convergence, the resulting parameters ( Ψ) are considered to be optimal. Due to the potential presence of a high number of local maxima [START_REF] Hess | A systematic comparison of continuous and discrete mixture models[END_REF], the EM algorithm must be run several times with various randomly chosen initial values, and those providing the largest likelihood at convergence are retained as the best ones.
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Choosing the optimal number of farm types

Despite our intuition regarding the relationships between farms as described in Section 2, we have no a priori information about the optimal number of unobserved homogeneous farm types that may exist in a specific farming context. The total number of components for the mixed probit model are thus chosen based on information criteria. The selected criteria are derived from the resulting value of the log-likelihood of the corresponding model LL G (y; Ψ) for a total of G homogeneous types. The basic principle under these information criteria is parsimony, that is, all other things being equal, the model with fewer parameters is preferred [START_REF] Andrews | Retention of latent segments in regression-based marketing models[END_REF]. The selection criteria can thus be derived from the following formula:

C G = -2 LL G (y; Ψ) + κN G ( 13 
)
where LL G (y; Ψ) is the overall population log-likelihood value computed with the resulting estimated parameters for a model specified with G types; N G is the total number of free parameters in the model; and κ is a penalty constant.

Depending on the value chosen for κ, we obtain the well-known Akaike Information Criterion (AIC) if κ=2, and Bayesian the Information Criterion (BIC) if κ = ln(N ) where N is the total number of observations in the sample. However, based on Monte Carlo simulations, it has been shown that the modified AIC (AIC3) with κ=3 and the consistent AIC (CAIC) with κ = ln(N ) + 1 are preferable to the basic AIC and BIC since they more severely penalise the addition of parameters [START_REF] Andrews | Retention of latent segments in regression-based marketing models[END_REF]. For all of these criteria, smaller values mean more parsimonious models, that is, the lower the information criteria, the more preferable the specification.

Empirical application to farm exits in Brittany

Data used

For our empirical application, we use data provided by the 'Mutualité Sociale Agricole' (MSA), the French authority for farmer healthcare and social security. The MSA database contains information about individuals who declared that they carry out a non-salaried farming activity in France, and as well as information their farm. Information is collected annually and is available for farmers who were active on January 1st of each year, from 2004 to 2014. The database can be considered almost exhaustive for the French farm population, 1 so we can assume that a farm: i) begins business if it enters the database after 2004; ii) exits farming if it leaves the database

1
The database is considered as 'almost' exhaustive only because it does not survey the smallest farms as they do not contribute to the MSA, along with corporate farms employing only a salaried workforce.
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The MSA data required several preparatory treatments before it could be used for analysis.

Here we only mention the most significant ones. First, the data had to be consolidated at the farm level because the MSA collects information at the level of the affiliated physical person, i.e., at the level of the farm holder and not the farm itself. This is made possible because each individual person is assigned to the farm number that he/she operates. Second, the utilised agricultural area (UAA) must be aggregated at the farm level with care because it is not simply the sum of the areas reported for each partner of the farm. Indeed, the recorded UAA at the individual partner level is calculated with respect to the proportion of the total capital shares of the farm he/she holds. Thus, whenever one or several partners are not affiliated with the MSA because they are external to the farming sector, shares in the database do not sum to one, and the total UAA must then be computed, taking into account the fact that a part of it accrues to partners who are not observed in the database. Third, in cases where the farm is run by several partners, assumptions must be made for other farm-level variables. This is typically the case for age, farming specialisation and legal status. Concerning age, a choice is made about which partner's age is associated with the farm. Here, we choose the partners' median age as a proxy at the farm level so as not to bias this variables towards either younger or older ages. 3 The specialisation of the farm is determined from the category of professional risks each partner is registered for. In the database, 16 such risk categories exist, such as 'cereals and industrial crops', 'dairy cattle breeding', 'pig farming', 'wine growing', etc. If the farm includes several production units (e.g., a 'crop' unit plus a 'livestock' unit in dairy farms), each partner may subscribe to only one of the corresponding professional risks depending on the unit he/she specialises in. Therefore, several such risk categories may coexist on the same farm and they must be consolidated so as to avoid a high prevalence of farms being classified as 'mixed farms'. Here, we chose to assign the farm to the risk category that covered at least two-thirds of the partners. Whenever such a majority did not exist, only then did we classify the farm as mixed. In the last step, the MSA risk categories were translated into 13 'types of farming' office for the agricultural census and related surveys. Finally, while a farm's legal status should be the same for all partners of a farm, it appeared that this was not so in some cases. In these situations, we assigned the most prevalent legal status (i.e., the mode of the observed values)

or, when this was not possible due to the presence of several modes, we assigned the status associated with the higher form of incorporation.

In this empirical application, we restricted our investigation to farms located in Brittany (Western France), which is one of the largest agricultural regions in the country. The unbalanced panel consists of a total of 317,242 observations, with an average exit rate of about 3% per year from 2004 to 2014.

The dependent variable and farm-level explanatory variables

To analyse farmer decisions to exit the farming business, the dependent variable takes the value 1 if the farm remains in business, and 0 otherwise. Since we consider all farms, whatever their production specialisation or legal status, a farm is said to survive from one year to the next if it remains present in the database for these two consecutive years.

The MSA database contains only a few variables that can be used to explain farmer decisions to exit from farming. We thus chose to concentrate on the possible impacts of this limited set of available variables (see Table 1). Farm size in terms of total UAA (area), farm agricultural profit per partner (agri profit), and the median age of farm holders (median age), among others, are farm characteristics that may play a role in the probability of remaining in or exiting from farming. Both farm size and agricultural profit are expected to positively influence the probability of remaining in farming because such farm characteristics may increase the farm's WTP for land. While the total land in use is a proxy for path dependency, the total agricultural profit divided by the total number of partners on the farms indicates whether or not farming is a profitable activity. Area squared and age squared are used to capture non-linear effects of the farm size and the age of farm holder on the probability of remaining in farming. Indeed, even though smaller farms may face more credit constraints, larger farms may be less resilient to economic shocks. The age of farmers may be positively related to the probability of remaining in farming, since experience and skill may increase over the years; in contrast, older farmers, especially those close to retirement, may be less motivated to either compete for land or to adjust their operating size over time, leading to the opposite effect. Because a farm's WTP for land may decrease at retirement time despite high agricultural profits, we control for this possible impact by using an interaction term between farm agricultural profit and a dummy variable indicating whether the farmer is close to retirement (agr profit × retirement). According to the MSA, the minimum age for retirement in France is 60 but farmer behaviour may begin to change even earlier. Since some studies have indeed shown that a farmer's succession is prepared between five and 10 years To capture the relevance of land with regard to the probability of remaining in farming, we define three dummy variables: lowlanduse takes the value 1 if the farm specialises in a production system where average farm size is less than 20 hectares, and 0 otherwise; middlelanduse takes the value 1 if the farm specialises in a production system where average farm size is between 20 and 50 hectares, and 0 otherwise and; highlanduse takes the value 1 if the farm specialises in a production system where the average farms size is more than 50 hectares, and 0 otherwise.

This classification is based on the distribution of farm sizes within the sample. In Brittany, production systems that use little land on average tend to be specialised in horticulture, market gardening and cereal-fed livestock other than pigs, while farms that use more land on average are dairy farms, pig farms and mixed (crop and/or livestock) farms. Land is important for livestock farms in order to produce their own feed grain, to provide grazing space, and to distribute animal waste. We thus expect a higher probability of exiting from farming for these types of farms than for other farm specialisations. To directly capture the importance of land for these farms to remain in farming, we include an interaction term between the dummy variable for farms that use large amounts of land and farm area (highlanduse × area). Corporate farms are assumed to have a higher probability of surviving because these farms are generally in a better position to compete for land given that they may have lower financial and credit constraints. We thus use a dummy variable, corporate, that takes the value 1 if the farm operates under a corporate legal status, and 0 otherwise. These variables are included in the model specification in order to capture observed heterogeneity among farms.

Spatial explanatory variables

A second limitation of the MSA database is that no information is available regarding the precise geographic location of the farmstead and farm plots. It is therefore impossible to determine the actual distance between farms. The municipality where the farmstead is located constitutes the finest spatial information available in the database. We thus consider the municipality to be the spatial zone within which farms compete for land. All farms whose farmstead are located in the same municipality are considered as neighbours and are used in the computation of spatially-weighted neighbouring farm characteristics as discussed in Section 3. as it has been shown that more than 75% of land transactions occur among farms located in the same municipalities [START_REF] Temesgen | Analysis of localized farmland sales market in France[END_REF][START_REF] Agreste-Bretagne | Les marchés fonciers de l'espace rural Breton. Des disparités selon les territoires et le profil de l'acquéreur[END_REF]. We nonetheless conduct a sensitivity analysis using four alternative spatial ranges larger than the municipality for the computation of average neighbouring farm characteristics. 5

To better capture the impact of neighbouring farm characteristics on farmer choice, we calculate the deviation from own farm characteristics. From this, we compute deviation from own farm size (area mun deviation), that is, the difference between average size in the municipality and own farm size, and use it as a proxy for deviation from the size of neighbouring farms.

To control for heterogeneity in farm size within the municipality, we include Gini coefficients computed at the municipality level in the model specification. We also calculate the deviation from (per partner) agricultural profit (agri profit mun deviation) and the deviation from the median age of farm holders (median age mun deviation). In addition, we compute the share of neighbouring farms that specialise in production systems that use more land on average (highlanduse mun share) and the share of neighbouring corporate farms (corporate mun share) at the municipality level. Own farm characteristics are excluded from the calculation in order to avoid double counting. This also adds variation to the data because farms in the same municipality are then characterized by different neighbouring farm characteristics.

Regional farm characteristics (q it-1 variables in the model) are computed at the small agricultural region (SAR) level. SARs are geographical units that are defined as groups of municipalities with homogeneous agricultural systems and soil and climatic conditions. As one referee noted, the spatial scale of the land market on which farms may compete may actually be narrower (rather than larger) than the municipality. However, the empirical evidence reported by [START_REF] Latruffe | Does land fragmentation affect farm performance? A case study from Brittany, France[END_REF] as regards the fragmentation of farmland in Brittany would rather support that the imbrication of parcels is usually such that farms belonging to the same municipality are likely to share common bordering third plots, hence may be competitors, be their farmstead close or remote from each other inside the municipality. It is therefore also likely that the parcels of a farm whose farmstead is located near the border of a municipality, overlap on neighbouring municipalities, justifying the reported sensitivity analysis with respect to larger spatial scales.
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Farm characteristics at the SAR level may capture spatial correlations arising from unobserved spatially correlated regional characteristics. This may therefore allow for the effects of farm interactions that take place at the municipality level to be distinguished from such larger-scale spatial correlations.

Additionally, we use the rate of unemployment in the corresponding employment zone (regional unempl rate). According to INSEE, an employment zone is a geographical area that groups municipalities according to the areas in which most of the labour force lives and works.6 

Comment citer ce document : SAINT-CYR, L. D. F., Storm, H., Heckelei, T., Piet, L. ( 2019). Heterogeneous impacts of neighbouring farm size on the decision to exit: evidence from Brittany. European Review of Agricultural Economics, 46 (2), 237-266. , DOI : 10.1093/erae/jby029

There exist 18 employment zones in Brittany. The unemployment rate in the employment zone captures the opportunities for off-farm activities and is thus assumed to have a positive effect on the probability of a farm remaining in farming. Finally, a time trend variable is introduced to capture the potential effects of, for example, technical changes in the sector that may influence farm survival.

Table 1 reports descriptive statistics for the variables chosen in the specification of the model.

All explanatory variables are lagged by one year. Using lagged explanatory variables reduces potential endogeneity problems arising from the fact that exits from farming may influence average farm characteristics in municipalities. Indeed, while it is clear that exits from farming can contribute to increasing, for example, the average farm size in the municipality of interest, this should not influence the average farm size in the previous periods. As regards potential omitted variables in the specification of the model, we assume that the mixture modelling approach contributes to reducing omitted-variable problems since it controls for unobserved heterogeneity.

Results

The mixed probit model distinguishes between three optimal types of farms in the studied farm sample based on the information criteria reported in Table 2. Three was retained as the optimal number for two reasons: first, both the BIC and CAIC indicate that three is the optimal number of farm types; second, even if the AIC and AIC3 point to a higher optimal number of farm types, their values reveal that the improvement in these two criteria is relatively small when specifying more than three types of farms. This means that increasing the total number of homogeneous types in the sample increases the total number of parameters to be estimated considerably more than it does the representativeness of the data-generating process. For the sake of parsimony, a mixture of three types of farms is thus preferable for the analysis of farmers' decisions to remain in or exit from farming, assuming a heterogeneous population. 7

Benchmark: pooled probit

We first present the results from a homogeneous pooled probit, which represents a naive estimation in which unobserved heterogeneity is not considered. The estimated parameters for the homogeneous model thus reflect the mean effect of a farm's own characteristics and of neighbou-7 Three is the optimal number of unobserved types based on the chosen information criteria, but it should be noted that this is only one option for the model specification. As one referee pointed out, there remains a certain degree of model uncertainty. In a Bayesian context, one could consider a model averaging approach that would enable accounting for different models with different numbers of endogenous types. We see the potential advantages of such an approach but leave its implementation in this context to future research.

Comment citer ce document : SAINT-CYR, L. D. F., Storm, H., Heckelei, T., Piet, L. ( 2019). Heterogeneous impacts of neighbouring farm size on the decision to exit: evidence from Brittany. European Review of Agricultural Economics, 46 (2), 237-266. , DOI : 10.1093/erae/jby029 for spatial correlations at the SAR level. The results from the pooled probit model reported in column 1 of Table 3 are consistent with our expectations. Overall, a positive correlation is observed between farm exit and farm size in terms of the total UAA, the agricultural profit, and the median age of farm holders. The results also confirm a non-linear effect of both total farm area and the median age of farm holders, as the coefficients associated with these squared variables are negative and statistically significant. 8 The coefficient associated with the agricultural profit per partner is also positive, but interestingly, for farms close to retirement, the effect of profits is negative, 9 suggesting that farmers are more likely to retire when farming activities are profitable. One explanation for this result could be that these farmers expect a significant retirement pension or that these farms are able to find successors or buyers more easily. The results also indicate that the probability of exiting from farming is lower for farms specialising in productions systems characterized by an average land use of between 20 and 50 hectares. The coefficient of the interaction term between farm size in terms of the total UAA and the dummy variable representing whether a farm specialises in a production system that uses more land than average is positive but not significant. The positive and significant coefficient of corporate farms confirms that corporate farms have a higher probability of remaining in business over the years.

Turning to the impacts of neighbouring farm characteristics, all of the coefficients for the variables computed at the municipality level are found to be insignificant except for the Gini coefficients and the deviation from the average age of neighbouring farm holders. In particular, 8 It can be derived from the coefficients in Table 3 that the overall effect of farm size in terms of the total UAA becomes negative above around 6,155 (0.0027/3.84e-07) hectares and a median farm holder age of above 55 (0.0165/0.0003) years. This means that both non-linear effects are positive over the entire sample for farm size and most of the sample for age. 9 We find a negative effect of the interaction term between profits and retirement. Since the effect of the interaction term is larger in absolute terms (-0.0182) than the coefficient for profits (0.0027), the overall effect of profit becomes negative for those farmers who are close to retirement.

Comment citer ce document : SAINT-CYR, L. D. F., Storm, H., Heckelei, T., Piet, L. ( 2019). Heterogeneous impacts of neighbouring farm size on the decision to exit: evidence from Brittany. European Review of Agricultural Economics, 46 (2), 237-266. , DOI : 10.1093/erae/jby029 the pooled probit does not identify any link between a deviation of the average neighbouring farm size from own size and the probability of remaining in or exiting from farming. However, the effect of the Gini coefficient is significantly different from zero, suggesting that the probability of exiting increases with farm size heterogeneity within the municipality. This result is consistent with previous studies that have found that structural change accelerates with increased heterogeneity in farm size (see for example [START_REF] Zimmermann | Structural change of european dairy farms-a crossregional analysis[END_REF]). The probability of surviving is higher in SARs with higher average ages of farm holders, higher average agricultural profits, as well as in SARs with a greater percentage of farms specialising in production systems that use greater amounts of land.

As expected, the unemployment rate is found to be positively correlated with farm survival.

Farmers may be forced to stay in business if they do not anticipate having alternative local job opportunities. The coefficient of the time trend is also positive, which indicates that the probability of exiting decreases over time for the period considered (2004-2014), holding everything else constant.

Farm types from the mixed probit model

The estimated parameters for each farm types are presented in columns 2, 3 and 4 of Table 3. The mixture model identifies impacts that are specific to the endogenously-determined homogeneous farm types. The three types of farms differ especially with respect to the effect of neighbouring farm size. The first and second farm types in the mixture model are characterised by a significant positive and negative correlation between neighbouring farm size and the probability of remaining in farming for two consecutive years, respectively. For the third type of farm, the correlation is considerably smaller and not significant. A negative effect of neighbouring farm size on the probability of remaining in farming is found for the majority of farms (about 52%, type 2) while the positive correlation is observed only for about 19% of farms (type 1). Referring to the discussion in Section 2, one possible explanation for this difference in correlations could be that the first two farm types could consist mostly of business-oriented farms where farm holders are mainly motivated by profit maximisation. The resulting negative correlation between neighbouring farm size and the probability of remaining in farming for type 2 farms may indicate that farms of this type tend to be competitors for land, while the opposite effect for type 1 farms may arise from positive spillovers of new technology adoption.

Comment citer ce document : SAINT-CYR, L. D. F., Storm, H., Heckelei, T., Piet, L. ( 2019). Heterogeneous impacts of neighbouring farm size on the decision to exit: evidence from Brittany. European Review of Agricultural Economics, 46 (2), 237-266. , DOI : 10.1093/erae/jby029 Contrary to the first two farm types, the correlation between neighbouring farm size and the probability of surviving is highly non-significant for type 3 farms, which account for about 29% of farms in the sample. Referring again to the discussion in Section 2, this third, initially unanticipated, type of farm could represent farmers who are most motivated by non-pecuniary considerations. It could also represent business-oriented farms that have already reached their optimal economic size. The probability of remaining in or exiting from farming for such farms may therefore be independent of the size of neighbouring farms. 'Ceteris paribus', the probability of remaining in farming increases for type 3 farms over time, as the coefficient of the trend time is positive, while the inverse is observed for the other types of farms. An explanation for this result could be that the larger the neighbouring farms and the higher the competition for land, then the more difficult it becomes for farms to innovate since the adoption of new technology generally requires more land. Therefore, farmers that are primarily motivated by profit maximisation are more likely to close their business than farmers motivated primarily by non-pecuniary concerns.

Figure 1 reports the probability that an average farm remains active from one year to the next with respect to the difference between own-farm size and the average farm size calculated at the municipality level. The figure shows that, overall, the probability of surviving is lower for type 2 farms, which could represent highly competitive farms, and that this probability decreases when neighbouring farm size increases. The opposite effect is observed for type 1 farms that may benefit from positive spillovers of new technology adoption. Figure 1 also shows that the probability of surviving is higher and does not vary with the neighbouring farm size for type 3 farms, i.e. those farms that may have mainly non-pecuniary motives or that have already reached their optimal size. Since we also control for observed farm heterogeneity in the mixed probit model, it appears that the unobserved farm types are not correlated with the observed farm characteristics included in the model. 10 Even if small differences in the mean values of some farm characteristics such as farm size and share of corporate farms do exist across unobserved farm types, their standard deviations are very large, meaning that these characteristics are not differently distributed across the endogenously identified farm types. This suggests that the different types of correlations demonstrated by the mixture model, which may capture farm interactions on the real estate market, do pertain to unobserved heterogeneity that is not fully captured by the farm characteristics included in the model specification.

Impact of farm characteristics by type membership

The impacts of own farm and farmer characteristics on the probability of remaining in or exiting Source: MSA COTNS database, Brittany 2004-2014 -authors' calculations have already been presented in Section 6.1, only several results of interest from the mixture model will be discussed here. The impact of own farm size on the probability of remaining in farming for two consecutive years is positive overall for type 2 and 3 farms and negative for type 1 farms, but these effects are rather small, especially for types 3 farms (see Figure 2).

An explanation for this could be that the positive effect may result from the fact that larger farms are in a better position to compete for land, while smaller farms are more likely to benefit from positive spill-overs from new technology adoption by larger farms. Survival probabilities are rather large for type 1 and 2 farms and change with the age of the farm holder only to a limited extent. Whereas increasing farmer age corresponds to a slight decrease in survival probability for type 1 farms, an opposite -but again limited -effect is observed for type 2 farms (see Figure 3). One possible explanation could be that succession is better planned among type Source: MSA COTNS database, Brittany 2004-2014 -authors' calculations as the characteristics of potential successors [START_REF] Kimhi | A note on farmers' retirement and succession considerations: Evidence from a household survey[END_REF][START_REF] Glauben | Probability and timing of succession or closure in family firms: a switching regression analysis of farm households in Germany[END_REF].

Most strikingly, type 3 farms exhibit a very low survival probability for young farmers, which increases rapidly with farmer age. This could be explained by the fact that young farmers may have significantly better off-farm job opportunities relative to older farmers. The non-pecuniary motives that may be associated with type 3 farms could also explain the higher survival rate of farms owned by farm holders who are closer to retirement.

The agricultural profit of the farm has a positive effect on the probability of remaining in farming only for type 2 and 3 farms. While the negative impact of agricultural profit the survival probability for type 1 farms is more difficult to interpret, the positive effect for the other farm types confirms that farms are less likely to exit when farming activities are profitable. This probability generally decreases as farmers approach retirement. Results also indicate that farms specialising in production systems that use lower amounts of land have a higher probability of remaining in farming whatever their type. However, type 2 farms have a lower survival Source: MSA COTNS database, Brittany 2004-2014 -authors' calculations probability when they are specialised in production systems with an average farm size of less than 20 hectares in terms of total UAA. This suggests that the competitiveness and the sustainability of type 2 farms depend on an optimal size that lies between 20 and 50 hectares in Brittany. The results also indicate that legal status is relevant only for type 1 and type 2 farms. Because these farm types are likely to be more motivated by profit maximisation, operating under a corporate legal status may provide easier access to the capital necessary for technological innovation or farm expansion.

In order to allow for a direct comparison with the results of the benchmark pooled probit model, results from the mixture model may be aggregated at the population level using the estimated parameters for each farm type and their respective shares in the population. The results reported in column 5 of Note: observations are assigned as surviving or exiting according to the 0.5-cutoff rule : observations whose predicted survival probability is above 0.5 are classified as surviving and otherwise exiting.

Source: MSA COTNS database, Brittany 2004-2014 -authors' calculations for many parameters, showing that accounting for unobserved heterogeneity is important also in order to derive sound aggregate results. The correlation between neighbouring farm size and the probability of survival is negative but insignificant, as in the case of the homogeneous pooled probit where unobserved heterogeneity is not considered. The opposite and insignificant correlations obtained for the three farm types, however, are now able to offer an explanation for the insignificant effect of neighbouring farm size at the aggregate level. The insignificant coefficient obtained at the aggregate level does not imply that neighbouring farm size has no effect on farmer behaviours, but rather that the impact differs across the farm types such that they cancel each other out among the entire farm population in Brittany. The mixture model thus provides an opportunity to more comprehensively analyse the impact of neighbouring farm size on exit decisions by providing a more accurate portrayal of the differences that exist in the way that farmers interact in the real estate market.

Finally, in addition to identifying the differing impacts of neighbouring farm size that are not revealed in the pooled probit model, the mixture probit model is also more accurate especially in predicting exits from farming: as Table 4 shows, the share of total correct predictions is 93.85% for the mixed probit while it is 92.77% for the pooled probit. This result confirms that
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the mixture model outperforms the homogeneous model in representing the data-generating process.

Sensitivity analysis

Since farms may compete for land in neighbouring municipalities, we conduct a sensitivity analysis by estimating the mixture model using deviation of the average neighbouring farm characteristics from own characteristics computed at different spatial scales, that is, for different definitions of the spatial weighting matrix (W) in the computation of the vector of explanatory variables (z). First, we include in the calculation of the average neighbouring farm characteristics all farms whose farmstead is located in municipalities that are directly adjacent to the municipality of the farm under consideration. This leads to an average of 5.5 neighbouring municipalities with a minimum of 1 and a maximum of 15. In a second trial, we repeat the analysis considering the distance between municipality centroids. In this case, it appears that a distance of 6.5 kilometres as the crow flies between two municipalities yields an average of 5.7 neighbouring municipalities with a minimum of 1 and a maximum of 14, indicating comparability with the results obtained from the first order contiguity matrices. This distance, over which farms are thus assumed to compete for land, is all-the-more appropriate given that [START_REF] Latruffe | Does land fragmentation affect farm performance? A case study from Brittany, France[END_REF] show that the maximum average distance of a hectare in Brittany is about 6.8 kilometres as the crow flies. In a third trial, we compute average neighbouring farm characteristics using the distance in kilometers, and in a fourth, we use the total road travel time between two municipalities. The neighbouring municipality matrices using these two types of distances are derived from the Odomatrix software that enables the computing of different types of distances between the French municipalities [START_REF] Hilal | Odomatrix. Calcul de distances routiéres intercommunales[END_REF]. 11 For comparisons purposes, we again use a distance of 8 kilometers and 10 minutes travel time to identify neighbouring municipalities and to compute average neighbouring farm characteristics. The resulting average number of neighbouring municipalities are 5.6 and 5.5 for the third and fourth trials, respectively, with a minimum of 1 and a maximum of 14 for both types of distances. It should be noted that even though the different definitions for the spatial weighting matrix (W) were chosen so as to obtain similar average, minimum and maximum numbers of neighbours, each may lead to different neighbourhood subsets for specific municipalities.

The results using the four alternative spatial scales larger than the municipality lead to the same conclusion: that three types of farms exist in Brittany, and that these types are distin-

11
The Odomatrix integrates a codified road database made up of layers of geographic information describing the road network and the geographical environment. The calculation of the distance between municipalities thus takes into account the characteristics of the geographical environment as well as the effects of sinuosity (road nodes, traffic speed, ...). See [START_REF] Hilal | Odomatrix. Calcul de distances routiéres intercommunales[END_REF] for more details about the Odomatrix software.
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guished by different correlations between neighbouring farm size and their survival probability.

The results of the sensitivity analysis are reported in the appendix. Very similar proportions are obtained for each farm type identified by the mixture model in all of the iterations of the sensitivity analysis. The precision of the parameter of interest (neighbouring farm size) tends to decrease with the size of the geographical spread used for the calculation of the average neighbouring farm characteristics. However, the effect of the explanatory variables are quite similar across all estimations and the farm type considered, even though the coefficients and their level of significance occasionally differ.

Finally, a caveat to be discussed is the implication of using average farm size at the municipality level in order to capture the impact of neighbouring farm size. This may indeed introduce some bias in the estimation of the parameters since the same weight is considered for all of the observations in the same municipality. The sensitivity analysis we performed using larger spatial scales than the municipality led to the same three types of farms identified by the mixture model and a similar distribution of farm types in all alternative specifications. The precision of the parameters, however, tends to decrease when using a wider geographical spread to calculate average neighbouring farm characteristics. Based on this, it is plausible that a more appropriate definition of the relevant geographic market (specifically using the exact location of farms) would improve the precision of the estimates, but it is unlikely to change the main conclusions of this study.

Concluding remarks

The analysis presented in this paper illustrates the importance of accounting for unobserved heterogeneity in spatial interactions between farms when analysing the decisions of farmers to remain in or exit from farming. This was made possible by the mixture modelling approach that endogenously groups farms into specific homogeneous types. This approach allows for farms of different types to be characterised by different impacts of neighbouring farm size on their likelihood of remaining in or exiting from farming. The model is applied to a panel of French farms located in Brittany and indeed demonstrates that there exist different types of correlations between neighbouring farm size and survival probability, which could be due to the interactions between farms on the real estate market. A negative correlation between neighbouring farm size and survival probability is estimated for the majority of farms, but a positive correlation is also obtained for a significant proportion of farms. These two opposite effects could respectively originate from competition for land and spillover from new technology adoption. However, for a significant proportion of farms in Brittany, the correlation between neighbouring farm size and the probability of remaining in farming over time is not significant. This may reflect the behaviour of farmers who have a limited interest in enlarging the size of their farm, possibly due to the presence of non-pecuniary motivations or having already achieved an economicallyoptimal farm size. Our results indicate that spatial interactions between farms on the real estate market may be driven by very different motivations.

From a methodological point of view, this analysis demonstrates the usefulness of the mixed modelling approach. The more flexible parametrization compared to a pooled (homogeneous)

model not only increases model fit, but provides a more accurate picture of the heterogeneous behaviour of farmers. Even if one is only interested in the aggregate impacts of certain determinants, applying a mixed modelling approach could be still prove useful, as the current analysis

shows how aggregate results across groups under a mixture modelling framework also differ from the results obtained when using an average modelling approach. More importantly, however, is the fact that average (pooled) modelling may actually mask the effect of certain determinants of behaviour among different farm groups behind insignificant coefficients, which increases the chances of drawing incorrect policy conclusions.

Although some additional discussion could be undertaken regarding potential sources of heterogeneity in spatial interactions between farms, the nature of 'unobserved' heterogeneity is that the data itself cannot be used for confirming hypotheses, which could be considered to be a limitation compared to the alternative of simply having more ideal data available. Future studies would benefit from including data on the subsidies received by the farms and their neighbours since such subsidies may have a significant impact on farmer decisions to remain in or exit from farming, as has been demonstrated by previous work (see [START_REF] Storm | Direct payments, spatial competition, and farm survival in Norway[END_REF] for a recent example). Even without the inclusion of this policy-relevant variable, however, are our results are nevertheless important for policy analyses. [START_REF] Storm | Direct payments, spatial competition, and farm survival in Norway[END_REF] find that neighbour effects are important for a policy assessment due to interactions between farms, particularly on the real estate market. Our findings indicate that the importance of competition on the real estate market and hence the effects of neighbouring farm characteristics, is quite heterogeneous in the population. Thus, mean neighbour effects, as studied in [START_REF] Storm | Direct payments, spatial competition, and farm survival in Norway[END_REF], can in fact reflect significant underlying heterogeneity among different groups of farms. It will be important to take this heterogeneity into account for future policy analyses, and the mixture modelling approach we develop here can provide the means to do so. 
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Fig. 1 .

 1 Fig. 1. Predicted probability of farm survival for varying levels of average neighbouring farm size (at the municipality level) by unobserved farm type.

2Fig. 2 .

 2 Fig. 2. Predicted probability of farm survival for varying levels of own farm size by unobserved farm type.

Fig. 3 .

 3 Fig. 3. Predicted probability of farm survival for varying levels of median farm holder age by unobserved farm type.

Fig. 4 .

 4 Fig. 4. Predicted probability of farm survival for varying levels of average farm size by unobserved farm type by the neighbourhood definition considered.

  

  [START_REF] Gaté | Difficultés rencontrées lors de la transmission d'exploitations agricoles[END_REF], we choose to consider farmers who are 55 and older as falling in the category of close to retirement.4 
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  municipality in the sample is 64, with a standard deviation of 38. Even though farms may compete for land in other neighbouring municipalities, we suppose that average farm characteristics at the municipality level are good proxy for neighbouring farm characteristics,

	1. Farms in
	the selected sample are located in 1,252 municipalities out of the 1,270 in Brittany and have an

average area of 21 square kilometers, with a standard deviation of 12 km 2 . The average number 4 A sensitivity analysis was performed varying the threshold between 55 and 60 years to account for the potential effect that anticipating retirement could have on farmer decisions, yielding robust results. The results, not reported here, are available upon request.
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  SARs in Brittany and their mean size is about 1,094 square kilometers, with a standard deviation of 914 km 2 . The average number of municipalities per SAR within the sample is 50, with a standard deviation of 42. The farm area, farm (per partner) agricultural profit, median age of farm holders, share of farms specialised in production systems that use more land and

	5

The mean size of a French SAR is 767 square kilometers, with a standard deviation of 722 km 2 . Based on the National Institute of Statistics and Economic Studies (INSEE) 2007 classification, there are 25

Table 1 .

 1 Definition and descriptive statistics of explanatory variables (n=317,242).

	Variable	Code	Mean St.Dev.	Min.	Max.
	Farm level					
	Total UAA (ha)	area	48.70	55.04	0.00 8,420.67
	Per partner agricultural profit (1,000 Euros)	agri profit	10.68	12.39	-313.92	465.72
	Median age of the farm holders (years)	median age	48.31	9.11	18.50	99.00
	Low-land-use farm dummy (1 if yes)	lowlanduse	0.07	0.25	0	1
	Middle-land-use farm dummy (1 if yes)	middlelanduse	0.28	0.45	0	1
	High-land-use farm dummy (1 if yes)	highlanduse	0.65	0.48	0	1
	Corporate farm dummy (1 if yes)	corporate	0.46	0.50	0	1
	Municipality level (mun)					
	Deviation from average farm size	area mun deviation	0.00	55.42 -8,366.12	642.69
	Gini coefficient of land distribution	gini mun	0.41	0.08	0.01	0.89
	Deviation from average agricultural profit	agri profit mun deviation	0.00	12.29	-443.785	323.48
	Deviation from average median age of farm holders median age mun deviation	0.00	9.20	-51.55	38.40
	Share of high-land-use farms (%)	highlanduse mun share	64.98	17.03	0	100
	Share of corporate farms (%)	corporate mun share	45.12	14.40	0	100
	Small agricultural region level (sar)					
	Average farm size	average sar area	48.70	7.60	13.93	68.18
	Average per partner agricultural profit	average sar agri profit	10.68	2.20	6.03	29.35
	Average median age of farm holders	average sar median age	48.31	1.04	44.31	50.97
	Share of high-land-use farms (%)	sar highlanduse share	65.78	8.73	21.26	75.79
	Share of corporate farms (%)	sar corporate share	46.03	8.26	24.44	66.67
	Employment regional level					
	Unemployment rate (%)	regional unempl rate	6.89	1.13	3.70	9.40

Note: Low-land-use are farm specialisations with an average farm size less than 20 hectares; middle-land-use are farm specialisations with an average farm size between 20 and 50 hectares; high-land-use are farm specialisations with an average farm size more than 50 hectares;

Source: MSA COTNS database, Brittany 2004-2014 -authors' calculations corporate legal status variables are defined as the averages at the SAR level: average sar area, average sar agri profit, average sar median age, sar highlanduse share and sar corporate share.

Table 2 .

 2 Information criteria for the selection of optimal number of farm types.

	Groups	LL	Parameters	AIC	BIC	CAIC	AIC3
	1	-76,206	24	152,460 152,716 152,740 152,484
	2	-73,857	49	147,812 148,335 148,384 147,861
	3	-73,574	74	147,296 148,085 148,159 147,370
	4	-73,471	99	147,140 148,196 148,295 147,239
	5	-73,381	124	147,010 148,333 148,457 147,134
	Source: MSA COTNS database, Brittany 2004-2014 -authors' calculations
	ring farm characteristics on the probability of remaining in or exiting from farming, controlling

Table 3 .

 3 Estimated parameters for both the pooled and the mixture of probit models.Note: area mun deviation, median age mun deviation and agri profit mun deviation are deviations from own farm characteristics and highlanduse mun share and corporate mun share are neighbouring farm shares computed at the municipality level; average sar area, average sar median age, sar highlanduse share and sar corporate share are averages and shares computed at the SAR

	Pooled

Source: MSA COTNS database, Brittany 2004-2014 -authors' calculations Comment citer ce document : SAINT-CYR, L. D. F., Storm, H., Heckelei, T., Piet, L. (2019). Heterogeneous impacts of neighbouring farm size on the decision to exit: evidence from Brittany. European Review of Agricultural Economics, 46 (2), 237-266. , DOI : 10.1093/erae/jby029

Table 4 .

 4 Classification tables for (a) the pooled probit model and (b) the mixed probit model.

		Observed	
				Total
		Survivals	Exits	
	Survivals	294,054	22,847 316,901
	Predicted			
	Exits	76	18	94
	Total	294,130	22,865 316,995
	Correctly classified			92.77%
	a) Pooled probit		
		Observed	
		Survivals	Exits	Total
	Survivals	293,948	19,323 313,271
	Predicted			
	Exits	182	3,542	3,724
	Total	294,130	22,865 316,995
	Correctly classified			93.85%
	b) Mixed probit		

  Comment citer ce document : SAINT-CYR, L. D. F., Storm, H., Heckelei, T., Piet, L. (2019). Heterogeneous impacts of neighbouring farm size on the decision to exit: evidence from Brittany. European Review of Agricultural Economics, 46 (2), 237-266. , DOI : 10.1093/erae/jby029
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 5 Comment citer ce document : SAINT-CYR, L. D. F., Storm, H., Heckelei, T., Piet, L. (2019). Heterogeneous impacts of neighbouring farm size on the decision to exit: evidence from Brittany. European Review of Agricultural Economics, 46 (2), 237-266. , DOI : 10.1093/erae/jby029 Appendix Descriptive statistics of observed characteristics by farm type endogenously identified by the mixed probit model. Note: Low-land-use are farm specialisations with an average farm size less than 20 hectares; middle-land-use are farm specialisations with an average farm size between 20 and 50 hectares; high-land-use are farm specialisations with an average farm size more than 50 hectares; for each farm, own farm characteristics are excluded from the calculation of averages and shares at the municipality level. Comment citer ce document : SAINT-CYR, L. D. F., Storm, H., Heckelei, T., Piet, L. (2019). Heterogeneous impacts of neighbouring farm size on the decision to exit: evidence from Brittany. European Review of Agricultural Economics, 46 (2), 237-266. , DOI : 10.1093/erae/jby029

	Farm characteristic	Type1		Type2		Type3	
		Means St. Dev.	Means St. Dev.	Means St. Dev.
	Total UAA	44.53	51.97	50.96	59.12	48.25	50.81
	Per partner agricultural profit	8.86	9.91	11.03	12.76	11.35	13.13
	Median age of farm holders	49.22	10.12	48.28	9.53	47.75	7.70
	Low-land-use farms	0.07	0.26	0.06	0.24	0.07	0.25
	Mid-land-use farms	0.31	0.46	0.27	0.45	0.26	0.44
	High-land-use farms	0.62	0.49	0.67	0.47	0.67	0.47
	Corporate legal status	0.43	0.50	0.48	0.50	0.45	0.50
	Municipality level						
	Deviation from average farm size	4.19	52.86	-2.44	59.03	0.72	50.58
	Deviation from average agricultural profit	1.67	10.10	-0.35	12.63	-0.56	12.98
	Deviation from average median age of farm holders	-0.81	10.04	-0.05	9.60	0.58	7.90
	Share of less land use farms	0.65	0.17	0.65	0.17	0.65	16.92
	Share of corporate	0.45	0.14	0.45	0.14	0.46	14.27
	Source: MSA COTNS database, Brittany 2004-2014 -authors' calculations		
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 6 Estimated parameters for both the pooled and the mixture of probit models, considering as neighbours all farms whose farmstead is located in municipalities which are directly contiguous.Note: area mun deviation, median age mun deviation and agri profit mun deviation are deviations from own farm characteristics and highlanduse mun share and corporate mun share are

	Pooled

neighbouring farm shares computed at the municipality level; average sar area, average sar median age, sar highlanduse share and sar corporate share are averages and shares computed at the SAR level; *, ** and *** indicate significance at 5%, 1% and 0.1% levels, respectively. Source: MSA COTNS database, Brittany 2004-2014 -authors' calculations Comment citer ce document : SAINT-CYR, L. D. F., Storm, H., Heckelei, T., Piet, L. (2019). Heterogeneous impacts of neighbouring farm size on the decision to exit: evidence from Brittany. European Review of Agricultural Economics, 46 (2), 237-266. , DOI : 10.1093/erae/jby029

Table 7 .

 7 Estimated parameters for both the pooled and the mixture of probit models, considering as neighbours all farms whose centroid is not further than 6.5 kilometres as the crow flies.Note: area mun deviation, median age mun deviation and agri profit mun deviation are deviations from own farm characteristics and highlanduse mun share and corporate mun share are neighbouring farm shares computed at the municipality level; average sar area, average sar median age, sar highlanduse share and sar corporate share are averages and shares computed at the SAR level; *, ** and *** indicate significance at 5%, 1% and 0.1% levels, respectively.

	Pooled

Source: MSA COTNS database, Brittany 2004-2014 -authors' calculations Comment citer ce document : SAINT-CYR, L. D. F., Storm, H., Heckelei, T., Piet, L. (2019). Heterogeneous impacts of neighbouring farm size on the decision to exit: evidence from Brittany. European Review of Agricultural Economics, 46 (2), 237-266. , DOI : 10.1093/erae/jby029
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 8 Estimated parameters for both the pooled and the mixture of probit models, considering as neighbours all farms which are not further than 8 kilometers by the road.Note: area mun deviation, median age mun deviation and agri profit mun deviation are deviations from own farm characteristics and highlanduse mun share and corporate mun share are neighbouring farm shares computed at the municipality level; average sar area, average sar median age, sar highlanduse share and sar corporate share are averages and shares computed at the SAR level; *, ** and *** indicate significance at 5%, 1% and 0.1% levels, respectively.

	Pooled

Source: MSA COTNS database, Brittany 2004-2014 -authors' calculations Comment citer ce document : SAINT-CYR, L. D. F., Storm, H., Heckelei, T., Piet, L. (2019). Heterogeneous impacts of neighbouring farm size on the decision to exit: evidence from Brittany. European Review of Agricultural Economics, 46 (2), 237-266. , DOI : 10.1093/erae/jby029
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 9 Estimated parameters for both the pooled and the mixture of probit models, considering as neighbours all farms for which the commuting time is not more than 10 minutes.Note: area mun deviation, median age mun deviation and agri profit mun deviation are deviations from own farm characteristics and highlanduse mun share and corporate mun share are neighbouring farm shares computed at the municipality level; average sar area, average sar median age, sar highlanduse share and sar corporate share are averages and shares computed at the SAR level; *, ** and *** indicate significance at 5%, 1% and 0.1% levels, respectively.

	Pooled

Source: MSA COTNS database,

Brittany 2004Brittany -2014 -authors' calculations -authors' calculations 

Note that we found 1,109 farms (about

3% of the sample) that left and then re-entered the database over the studied period. It appears that such cases are likely to correspond to farms whose contribution to the healthcare and social security fund was temporarily suspended for administrative reasons. Since such cases do not actually correspond to true exits or entries, they were excluded from the sample in order to avoid spurious counting.3 While the presence of young partners may ensure the continued farm operation over time, older partners may also contribute their experience and capital, which could contribute managing the farm more efficiently. Based on these considerations, we selected the median age of farm holders as a compromise that may better reflect the balance between younger and older partners than the average. A sensitivity analysis (not reported but available upon request) shows that the results are robust to replacing the median age with the age of the youngest partner.

More information on the employment zone division in France is available at https://www.insee.fr/en/ metadonnees/definition/c1361 (last accessed 20 August 2018).