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Abstract

Accounting for spatial interdependency is relewahen assessing policy changes in farming
because of potential interactions between farmsve¥er, impacts of neighbouring farm
characteristics may vary according to farmers’ magtons. To identify specific impacts of
neighbouring farm size both on farm survival andvgh, we use a mixture modelling
framework that allows accounting for heterogenaityinteractions between farms. An
application to a panel of farms in Brittany ove3Go 2014 shows that interactions between
farms are rather competition for land than posite@hnology adoption spill overs, leading to
a negative impact of neighbouring farm size orpifudability to survive. The results also show
that neighbouring farm size has a positive butrextieffect on farm growth through its impact
on farm survival. These results prove that morendéittn should be paid to heterogeneity in
spatial interactions in farming for a better untemging of farm size dynamics.

Keywords: Farms interdependence, Finite mixture model, $roked heterogeneity, Spatial
interaction

JEL classification: C23, D22, Q12



I. Introduction

The farming sector faced considerable structurangk over the last decades. In most
developed countries, the total number of farmsebs®d significantly and their average size
increased, implying changes in the distributiorfas sizes (Bollman, Whitener, and Tung,
1995; Eastwood, Lipton, and Newell, 2010). Undemditiag the factors affecting farmers'
decision to exit farming and farm growth has beeamcern of agricultural economists and
policy makers for quite some time. For example, $§¢1999) investigated farm survival and
growth in Upper Austria; Breustedt and Glauben {@@xamined the exit process of Western
European farmers; Dong, Hennessy, and Jensen (&Qti¢d the exit decision of finisher hog
production in North America. In France, Aubert &efrier-Cornet (2009) studied factors that
influence survival and growth of small farms whiBakucs, Bojnec, and Ferto (2013)
investigated the relationship between size and fgrowth. Among others, these studies
identified important aspects of structural chanmg&arming and showed that farm survival and
growth processes may help understanding farm dyssamidifferent farming contexts. More
recently, Storm, Mittenzwei, and Heckelei (2015)p@mcally investigated the effects of direct
payments on exit rates of Norwegian farms and sdawat spatial interdependence between
farms is an important factor in farmers' decisitmkeep their production activities. They show
that accounting for spatial interdependency of famay be highly relevant for an aggregate
assessment of policy changes in agriculture.

The objective of this paper is to analyze spa@amf interdependence in the French
farming sector. The paper adds to the existingditee in three ways. First, we account for
spatial interdependency between farms in both feshalecisions to continue their production
activities over time and farm growth process. Ijageighboring farm characteristics may
influence farm survival as well as farm growth siribese two processes are related to each
other given the regulation of the land market irmeocountries, particularly in France.
Accounting for interdependence in both farmerslgieos to survive and farm growth process
may therefore improve the analysis of structuralnge in farming. Some studies have already
investigated both farm growth and survival in Feaaad in other farming contexts (see Aubert
and Perrier-Cornet (2009) and Weiss (1999) for eptag). However, none of these studies
have so far taken into account the potential spatierdependence between farms, to the best
of our knowledge.

Second, we extend the existing methods by usingxéure modeling approach to
investigate spatial interdependency between fa@enerally, studies in this strand of the
literature estimate mean effects of neighboringifaharacteristics on farmers' decision to exit
farming or to increase their operated farm sizee Tésults from these studies are therefore
based on the assumption that all farms have the gaabability to survive or all farms will
behave alike given the investigated characterisiicsur case for example some farms may be
more or less sensitive to the characteristics eir theighbors (e.g. direct payment received,
farm size, etc.), due to some specific individuahracteristics. If all of these characteristics
were observed, controlling for them would lead torenefficiently estimate the impacts of
neighboring farm characteristics. Otherwise, thsulteng parameters may be biased and
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inconsistent due to unobserved farm heterogenKiyidzidou, 1997; Pennings and Garcia,
2004). On way to tackle this issue is to use madelrameworks that allow controlling for
unobserved farm heterogeneity. Various modeling@ghes such as fixed and random effect,
random parameter and mixture models can be usedrivol for unobserved heterogeneity
(Greene, 2012). Holloway, Lacombe, and LeSage (R@&jorted also some strategies that
could be adopted in order to control for unobsenhaterogeneity in modeling spatial
dependence. Among these strategies, they arguethéhmixture modeling framework seems
to be the most attractive since it is simple andiiive. According to these authors, one of the
main advantages of a mixture modeling approadmisit allows the data itself to sample select
and designate observations into the most appremiegignations corresponding to a particular
form of spatial dependence. The mixture modelingre@ch can gather farms with similar
behaviors and therefore help to identify specifipacts of neighboring characteristics

Third, we develop the mixture modeling approachoider to handle panel data to
capture potential dynamics effects in farmers' glens. Some studies in the literature have
already used panel data to study farmers’ decidiorexit farming and farm growth process
(see Bakucs, Bojnec, and Ferto (2013) for a reegample). However, to the best of our
knowledge, we are the first to investigated spé&iah interdependence both using a panel data
and controlling for unobserved heterogeneity. Timedmental advantage of a panel data set
over a cross section is that it will allow a maexibility in modeling differences in behavior
of individuals (Greene, 2012). We can thereforesgkghat using a mixture modeling approach
could gather farms with similar behaviors and tlaveal different impacts of neighboring farm
characteristics on farmers' decision to exit fagronto increase their production capacity.

This paper is structured as follows. In the rs@dtion, we provide theoretical arguments
supporting the empirical application of this stu@ections 3 and 4 present the modeling
approach and the estimation procedure, respectiSelstion 5 reports the application to a panel
of French farms located in Brittany, starting watkdescription of the data used and explanatory
variables investigated following by a presentatbthe main results. Finally, we conclude with
some considerations on possible improvements sfstioidy for further research.

II. On farm heterogeneity

Neighboring farm characteristics may have imporiamacts on own farm size and/or on
farmers’ decision to exit farming. Storm, Mittenaywand Heckelei (2015) argued that a farm
will survive if its WTP for land is greater thanethVTP for land of its neighbors. As the WTP
for land of farms depends on farm characteristfesmers' decision resulting from the
difference in their WTP for land is therefore relhto their neighboring farm characteristics.
In this study, we state that the impact of neighigpcharacteristics of farms depends on farmer
characteristics. Focusing on neighboring farm simeextend Storm, Mittenzwei, and Heckelei
(2015)'s theoretical background providing some tamitkl elements supporting this statement.

The existing literature distinguishes two typeseffiects of neighboring farm size
originating from technology adoption. On the onendyaneighbors can be viewed as a
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competitor especially for plots (Weiss, 1999).Histcase, farmers surrounded by larger farms
may be pushed to close their operation since lafgens are more likely to adopt new
technologies earlier given their potentially greadecess to information and better financial
capacity (Goddard et al., 1993). Larger neighboesdfore have a higher WTP for land leading
to a negative impact on the probability to survi@n the other hand, neighbors can be
considered as source of motivation and exampledtptanew technologies (Case, 1992;
Holloway, Shankar and Rahmanb, 2002). In this caséghboring farm size positively
influence farm survival because farmers surrourtmethrger farms are more likely to profit
from the innovation of larger neighboring farms (kHtagton and Reinsel, 1995). This may
imply an increase of the WTP for land for thoserfsusince new technology adoption generally
required acquisition of land for to reduce costymat of output.

However, these neighboring interactions mightlm®equally important for all farms.
Instead we expect that the effect of neighborimmfaize is rather heterogeneous across farms
and crucially depends on the type and charactesisfia farm and the farmer. One of the most
important sources of farm heterogeneity that mapstarmer's behavior is their motivation.
Neighboring farm size is more likely to have an aup(positive or negative) on farms which
are mainly motivated by profit maximization. In tbentext of free market competition, such
business-oriented farms are constrained eithemrtoviate or to exit, leaving resources to be
acquired by the innovative farms (Harrington andnBel, 1995; Jackson-Smith, 1999). The
persistence of commercial farms thus depends andbrapetitiveness, that is, on their capacity
to innovate. However, this capacity differs acrtamsns and depends on a variety of factors
such as accessibility to the technology and landnagerial capacity, risk perception, risk
tolerance, etc. (Bowman and Zilberman, 2013; Cdretdl., 2014; Trujillo-Barrera, Pennings
and Hofenk, 2016).

Nevertheless, not all farmers give priority to #te@mmercial aspect of the farming
activities (Maybery, Crase and Gullifer, 2005; HewIDillon and Hennessy, 2014). Some non-
competitive farms may keep their activity becausdess or even non-financial/pecuniary
motives (Harrington and Reinsel, 1995), perhapsyang the farming lifestyle (Hallam, 1991)
or maintain production at sub-optimal levels (Howl2015). It may be the case of some
environmentally oriented farms (Willock et al., PJ%r certain hobby farms (Daniels, 1986;
Holloway, 2002). For such kinds of farms, new tembgy is evaluated for different aspects
others than financial viability before adoption (@dmhi, 2011). Then, the technology will be
adopted only if it is considered as conformed tme@redefined criteria. On overall, one can
thus expect a lower or even no specific impactegimboring farm size on the probability to
survive or to increase operated size for those dacharacterized by less or non-pecuniary
motives.

Based on these considerations we hypothesizehbet aire two different types of farms
that respond differently to neighboring farm size/o questions arise from this: which farms
are more likely to be in one of these specific pAnd, what is the dominant type of effects
in the French farming sector, particularly in Baity? The response to the first question is
theoretical while the second one requires empirioadstigations.



III. Modeling approach

We separately investigate neighboring farm sizeaictgpon farm survival and growth process
in farming. For farm survival, a probit model ispéipd. Following Storm, Mittenzwei and
Heckelei (2015), the probit model can be motivabgda latent regression where the latent
variable represents the difference between farnaad'their neighbors’ willingness to pay
(WTP) for land. The latent variabjg, underlying the probit model determines the outcoie
farmer's decision to survive two consecutive yed&s.yearly information about farmers'
decisions is available, the observed outcome cahuseobtained as:

yit=1 if yl*t>0,\7’t S Tl'
| @
yie =0 if y;; <0

wherey;; is the observed outcome at timavhich takes values;; = 1 if farm survive two
consecutive years ang: = 0, otherwise. The latent variable at times thus given by:

Vie =XxieaBter, t=12,.,T <T )

wheref are parameters to estimag;_, are own and neighboring farm characteristics; and
e;: IS aniid normal error terms. The disturbances are T-vanatenally distributed with" x

T positive definite covariance matr®. The typical element of2 is denoteds,; and the
standard deviations;. The data orx;,_; are assumed throughout to be strictly exogenous,
which implies thatCov[x;; e;s] = 0 across all individuals andj and all periodg ands
(Greene, 2004).

Farm growth processes of farms staying in is sgreed by a linear model. The total
land used at any specific times thus given by:

yit:xit—10+uit)t:1121"':TiST (3)

where 0 are vectors of parameters to estimaig;_; are own and neighboring farm
characteristics; and,; is aniid normal error terms. In both models, the explayatariables
are lagged for one year to reflect the responssydwl the adjustment to exogenous variables.
Neighboring farm characteristics are introducedhim specification of the models to capture
spatial effects and interdependence between farms.

As argued in the previous section, neighboringnfasize may influence farmers'
decisions in various ways. To capture heterogemeitgrmers’ responses to their neighboring
characteristics, we apply a mixture modeling apgnpavhich allows capturing unobserved
heterogeneity. The mixture modeling approach sugpdisat the farm population is divided
into more than one homogeneous types; each tyfaerot is characterized by a specific effect
of the exogenous variables, including neighboriagnf size, on farmers’ decisions. Let=
(yT,...,yT) denotes the observed random sample whgithe sequence of choices or states



of farm i over a certain period of time. Under a mixturerapph, the density (y;) writes
(McLachlan and Peel, 2004):

G

FOD) =) mefy D) @

g=1

wherem, is the proportion of farms belonging to typewith g = 1, 2, ..., G, i.e. non-negative
quantities that sum to one; afidis typeg density as described by equations (2) and (3) for
farm survival and growth process, respectively.

Under the mixture approach above, the conditialeaisity for the observed data for
farmi is:

G

FOilXs0) = ) mf, (il Xis 0) )

g=1

wherep = @, @,, -+, @ are parameters aifglis the density function for the probit model or
the linear model specific for each tygesf farms.

IV. Estimation procedure

The mixture models described in the previous sedi@ estimated by maximum likelihood.
Assuming independence across time, the log-likelih@.L) function for the parametes of
the model, conditional on observigguvrites:

N G T;

1@ = > mp | [ Fririon) ©)
t=1

i=1 g=1

wheref (x;.—1; @4) are the cumulative density functions for the probodel or and the linear
model; respectively given by:

f(xit—l;ﬂg) = [F(xit—ﬁﬂg)]yit[l - F(xit—ﬁﬁg)](l_yit) (7)
and
1 1
f(ie-1; eg) = WGXP{—T‘&()% - xit—1eg)2} 8)

Where[F(xit_l;ﬁg)] is the probability of survival of farmat timet given that it belongs to
the specific typgy; andy;; is the observed outcomes as defined in section 3.

As the type of farms is unknown beforehand, thpeetation-maximization (EM)
algorithm is used to estimate the parameters ofrtbdels. The EM algorithm simplifies the
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complex log-likelihood in equation (6) in a set igasolvable log-likelihood functions by

treating farm type as missing information (McLachland Krishnan, 2007). Using a non-
parametric mixing distribution approach, the conml®g-likelihood is thus writes (Train,

2008):

N G T;

Le= > Y wghndmy | [Fixies 0) (7)
n=1g=1 t=1

In this casey;, is called the "posterior' probability that fairbelongs to thg-th type withy;

has been observed, thaPi@;;=1|y;, x;.—1, @), Whiler is a "prior' probability of the mixture

(McLachlan, G., and D. Peel, 2004). The above esgioa can be then divided into two
components:

LL, = Z Z vginm, ®)
T;

LL, = EN: EG: Vig Z g Inf(xie—1; 0g) 9

n=1g=1 t=1

As the farm type is not observed, the posteriobability that farmi belongs to type
g(vig) has to be estimated from the observations. Theakgrithm therefore consists in the
four following steps:

i) Initialization: Arbitrarily choose initial values?® = (nf,---,n2, @?,---,92) for the
parameters of the models.

i) Expectation: At iterationp + 1 of the algorithm, compute the expected probalitigt farm
i belongs to a specific typgg while observingy; and given parametegs®). This conditional
expectation probability, that is, the posterior hability v®*" = vig(y:; @) can be

ig
obtained according to the Bayes' law:

® T ()]
(p+1) _ T[g Ht=1 (xit;(pg )

ig o T;
Zg=1 ﬂ;(lp) Ht=1 (xit; (Pglp))
Replacingv;, by its expected value in equation (7) leads toctheditional expectation of the
complete data log-likelihood.

(10)

iii) Maximization: Updatee®) by maximizing the complete log-likelihood condital on the
observations. The model parameters are thus updated

N G Ti
P+ = argmax, Z Z vy Z Inf (xie—1; @) -
t=1

n=1g=1



The maximization process of the above equatiortraghtforward. The parameters of the
model® are updated considerir%(yi; w(®)) as weight factors for each observation. Then,
the prior probabilities of belonging to a spectifpe are updated as:

N » @D
(p+1) _ =1 "gi
g RS > p @D VgEG (12)
i=12h=1"VYip

iv) Iteration: Return to expectation step ii) using the updﬂm@metersﬁé”“) ande®+D)
and iterate steps ii) and iii) until convergencehef observed log-likelihood given by equation

(5).

At convergence, the resulting parame(@$¥’) are considered as optimal. Because of
the potential presence of a high number of locatima (Hess, Bierlaire and Polak, 2006), the
EM algorithm is run with various initial parametalues (randomly chosen) and the resulting
values with the largest likelihood at convergen@edhosen are chosen.

V.  Empirical application

For our empirical application, we use data from 'tketualite Sociale Agricole"” (MSA), the
French authority for farmer healthcare and socedusty. The MSA database contains
information about all individuals who declare a rsafaried farming activity in France and
their farms. Information is collected annually ascvailable for farmers who were active on
January 1st of each year from 2002 to 2014. Thab@se can be actually considered as almost
exhaustive so we can assume that a farm: i) suvivid remained in the database over the
whole period of observation; ii) started busindss entered the database after 2002; iii) quit
farming if it exited the database before 2014.

However, using the MSA data requires some preknyinorks to adapt the database
to analyze interdependence between farms. Thehdag first to be consolidated at the farm
level because the MSA collects information abouifaolders. Only data from 2004 to 2014
that is operated farms from 2003 to 2013 in thesobdation because of inconsistency
regarding information for the two first years otttatabase. We restrict our application on
farms located in Brittany, which is one of the kspagricultural regions in France.

5.1. Dependent and explanatory variables
For the analysis of farm survival, the dependeniabée takes the value 1 if farm survive and
0 otherwise. Since we considered all farm whatéwar production system, a farm survives if
it remains present in the database two consecyéses, that is, if farm holders contribute to
the MSA in the later year. Farm growth is represdiy the evolution of the total land used in
hectare over the period of observation. The aralysspatial interdependence between farms



in the process of farm survival and growth requspscial care because the MSA database
exhibit two main limitations.

First, the MSA database contains only few varialthet can be used to explain farm
survival and growth in Brittany. We thus choosedacentrate only on the possible impacts of
the limited set of available variables. All expleorg variables are derived from information
collected by the MSA on farm holders. The most ingoat farm characteristics that may play
a role for the probability to survive are farm simgerms of total land usea@rea and farm
total agricultural benefitagri_ben. Both explanatory variables are expected to eyt
influence the probability to survive and increageerated farm size because such farm
characteristics may increase the farm’s willingntegsay (WTP) for land. While the total land
used is rather a proxy of path dependency, théadgtecultural benefit indicates whether or not
farming is a profitable activity. As farm WTP farld may decrease at retirement time despite
high agricultural benefits, we control for retiremié@me impact by using a cross effect of farm
agricultural benefit and a dummy indicating that tarmer is over 54. According to the MSA,
the minimum age for retirement in France is 60,fathers’ behavior may change a bit earlier.
Age of farm holder dge and dummies indicating farm specialization in pigd/or poultry
production ¢oil-les§ and legal status of farmsdrporatg are also included in the model
specification.

Second, the MSA database contains no informatimutathe precise geographical
location of the farm-stead or plots. It is therefanpossible to determine the distance between
farms. Only the municipality where the farm-steadocated is available in the database. As
municipalities in France are relatively small angleg farm plots dispersion, farms may
compete for land over a whole municipality and eseer neighboring municipalities. We thus
use farm characteristics at the municipality léeetapture effects of neighboring farm size on
farm survival and growth. For this study, we coesatl only farms located in a same
municipality as neighbors. Brittany counts 1,270naipalities with an average area of 21 km?2.
We then derived the average farm size by munidipétun_ared as a proxy of neighboring
farm size. We also derived the average age of tastders (hun_agg the share of farms
specialized in pig and/or poultrgn(n_soil-lessand share of corporate farnmsyn_corporatg
at the municipality level. Following Storm and Hetdd (2016), we include that same variables
calculated at a larger spatial scale. The aim igligtinguish the effects of actual farm
interaction, take place on a smaller spatial seald,spatial correlation arising from unobserved
spatially correlated regional characteristics darger scale. Specifically, we calculate the
average characteristics withsmall agricultural areagsag), which is a geographical unit that
may contain one or more municipalities. Table 1sprés summary statistics for all the
explanatory variables.

Additionally, we used the rate of unemployment bgall employment area
(unempl_rat¢ The unemployment rate shows the possibilitydceas to non-farm activities
and is thus supposed to have a direct effect oprtttability of farms to remain in farming but
an indirect effect on farm growth because of itpaigt on farm survival. Given the land market
regulation in France, the more farms exit the fagrdector the higher the possibility to increase
operated farm size for the remaining farms. A tiread is also used to capture time effect on
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farm survival and growth. We used the same sexpif@atory variables to explain both farm
survival and growth. Since the dependent variabline total land used in the second model,
the logarithm of the total land is used to faciBtaonvergence of the model. All explanatory
variables are lagged one year because it is sugpbaefarmers take their decisions based on
available information.

5.2. Results

We estimate the finite mixture models in order tade farms in sub-populations on the basis
of similarity of their behaviors and identify — angothers — different impacts of neighboring
farm size. The mixture probit model and the mixtlinear model are estimated separately.
Based on the discussion in section 2, we estinmertodel specifying different numbers of
types from one to three. First, we focus on farmvisal from the finite mixture probit model;
then, we analyze the impact of neighboring farne sim farm growth process from the finite
mixture normal regression model.

5.2.1. Farm survival segments in Brittany
The mixture probit model casts the farm populatbBrittany into three mean types, differing
with respect to the effect of neighboring farm qizee Table 2). Across all farms the effect of
neighboring farm size is negative but insignificafbwever, the first and the second types of
farms are characterized, respectively, by a sicgmii positive and negative impact of
neighboring farm size on the probability to survilrethe third type the effects is considerably
smaller and insignificant. The negative influenta&ghboring farm size on the probability to
survive is found for the majority of farms (abod®b) while a positive impact is observed only
for about 18% of farms. Computed z-scores showttiede opposite effects are significantly
different at a level of 1% (see Table 3). Accordiadghe discussion in section 2, the two first
types could gather specially business oriented$ammere farm holders are meanly motivated
by profit maximization. The resulting negative impaf neighboring farm size on the
probability to survive indicates that farms in thype are especially competitors for land. As
competiveness is most often related to farm siae,larger are your neighbors the more
competitive they are. Because farms compete fotea fasset of land, business oriented farms
are thus constraint to close their activity if treeg not competitive. Conversely, farms that are
positively affected by the size of their neighbars farms benefiting from positive spillovers.
Since larger farms are more likely to adopt newhmetogy, farms surrounded by large
neighbors could have more access to informatiomtat@wy technology.

Contrary to the two first types of farms, the impaicneighboring farm size is highly non-
significant for about 28% of the farm populationBnttany. According to the discussion in
section 2, this type could gather farms charactdrizy less or even no pecuniary motives. It
could be also the case of business oriented fdratsiready reach their optimal economic size.
The probability of survival for such farms may berefore independent from the size of their
neighbors. The results also show that the effetti@maverage farm size at the small agricultural
area on the probability to survive of this typdarins is not significant contrary to the two first
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types. This could mean that the farming context rhaye no specific influence on the

persistence of such farms in the sector. This resuonfirmed by the positive impact of the

time trend meaning that the probability to survimereases for those farms which is not
surprising given the discussion in section 2. Tineerse trend is observed for farms that
compete for land. This negative trend could be @xrpld by the evolution of farm size and the
regulation of the land market over the last decad@lks larger neighbors become the higher is
the competition for land for farms and the mordiclilt it becomes to innovate since new

adoptions generally require more land.

Figure 1 represents the probability that average f@mains active to consecutive years
from 2003 to 2013 for varying average farm arethatmunicipality level. The figure shows
that overall the probability to survive is lowen foompetitors for land and this probability
decreases with neighboring farm size (farm typelBe opposite effect is observed for farms
that benefit from positive spillovers (farm type The figure also shows that the probability to
survive is higher and does not vary with the neayhiy size farm for farms having possible
non-pecuniary motives (farm type 3)

The impacts of observed farm and farmer charatiesien the probability to survive vary
according to the type specific that a farm belalwg©verall, a positive impact is observed for
age of farm holders, operated farm size, totakagiral benefit as well as for the fact that farm
is specialized in soil-less production system gmgd/or poultry) or is operated under corporate
legal status. However, the first type of farmshsracterized by a negative impact of age of
farms holders and total agricultural benefit. Wiiile second result is more difficult to interpret,
the negative impact of age of farm holders coulégxgained by the fact that young farmers
may be more likely to adapt their production cafyaosing new technology. This result is
conformed regarding the positive impact of the agerage of farm holder at the municipality
level on the probability of farm to survive. Theuymer are your neighbors the more
competitive they could be because of a possiblativel higher motivation or capacity to
innovate by adopting new technology.

As expected, the results show that farms in Brytane more likely to be divided into three
types with a specific impact of neighboring farmesiln comparison to a pooled probit, the
finite mixture model performs better as consideratighe criteria reported in Table 1. More
specifically, the finite mixture probit model is meoaccurate in predicting farm survival in
Brittany. The superiority of the mixture model sifieally comes from the specificity. Indeed,
the mixture model does about 15% better in pratictarm exit in Brittany than the pooled
estimation.

The descriptive statistics reported in Table 4 skiwat farms that are more likely to behave
like competitors are rather corporate and largens$athan those in the other types. This result
is conformed to our discussion in section 2 singehsarms are more likely to be business
oriented and thus mainly motivated by profit maxation. Conversely, individual farmers
with smaller operated farm sizes are more likehbémefit from positive spillovers of new
technology adoption.
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5.2.2. Farm growth processes in Brittany

Contrary to our expectation, the mixture normakesgion model does not allow identifying
opposite impacts of neighboring farm size on owarapng size. Even though the results show
that the farm population in Brittany can be dividieth more than one homogeneous type, farm
size is found to be positively related to neighbgriarm size for all types (see table 5). The
positive impact of neighboring farm size on owresizay indicate a sample selection, that is,
farmers are constraint to continually adjust tleperated farm size while remaining in the
farming sector. However, the level of the impadtaaghboring farm size is specific for each
type of farms meaning that the motivation of farsnepuld be different. The results show that
this impact is relatively small for farm types Ida®(see figure 2). This could means that those
farms are less motivated by profit maximization #mgs are less sensitive to their neighboring
farm size.

Descriptive statistics show that farms in type H &) with a relative high impact of
neighboring farm size, are relatively larger thaose in type 3. These two types contain also a
higher percentage of corporate farms. Accordirtheéaesults discussed in the previous section,
this could mean that those farms are constrairtbdrdp innovate, by increasing their operating
size, or leave the farming.

VI. Concluding remarks

This paper applies a modeling approach that allmestifying heterogeneous effects of
neighboring farm size on farm survival and growthe results show that the relationship
between farms in Brittany is rather a competition fand than positive spillovers of new
technology adoption leading to a negative impaate@fhboring farm size on the probability
to survive for a majority of farms. The resultscashow that while neighboring farm size may
have no specific impact on the probability of cert@rms to remain active two consecutive
years, it seems that all farms tend to adjust thearated size over time since the impact is
always positive on farm growth. These results ecanfthat neighboring farm size may
differently influence farm survival and growth asuggest that farms should not be considered
as isolated entities and agricultural policies #thdake into account potential relationship
between farms.

The results from this work could be improved in tdiierent ways. First, the impact
of neighboring farm size was investigated by usin@verage farm size at the municipality and
small agricultural area levels. As farms may corapfdr land in other municipalities,
investigate impact of neighboring farm size usihg éxact location of farms could lead to
better results. Second, some other factors suckubsidies received by farms and their
neighbors may have a significant impact on farnvisal and growth as it has been shown by
previous studies. Incorporating such variableshi@a &nalysis of spatial interdependencies
between farms may lead to a better understandingighboring farm size impact.
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Tables and figures

Table 1:Definition and descriptive statistics of explanatory variables (n=344617)

Variable Code Mean Std.Dev  Min Max
Age of farm holder age 48.45 9.12 18.50 99.00
Total land used Area 48.82 41.20 0 580.30
Total agricultural benefit agri_ben 10.78 12.72 -313.92 465.72
Dummy if has pig/poultry soil-less 0.18 0.38 0 1
Dummy if corporate farm corporate 0.46 0.49 0 1
Municipality level (mun)

Average farm holder age mun_area 48.82 13.60 0 227.29
Average farm size mun_age 48.45 2.33 25.00 88.00
Share of pig/poultry farms mun_soil-less 0.18 0.13 0 1
Share of corporate farms mun_corporate 0.46 0.14 0 1
Small agricultural area level (saa)

Average farm holder age saa_area 48.82 7.66 13.92 70.61
Average farm size saa_age 48.45 1.12 44.30 51.28
Share of pig/poultry farms saa_soil-less  0.18 0.07 0.01 0.29
Share of corporate farms saa_corporate 0.46 0.08 0.24 0.70
Employment area level

Unemployment rate unempl_rate 7.03 1.21 3.70 9.90

Source: MSA, Bretagne 2003-2013 - authors' calmuiat
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Table 2:Estimated parametersfor the probit models

Code Pooled Mixture Probit
Typel Type2 Type3
intercept 0.0358 1.3314** -0.8903* -60.2809***
0.3396 0.4774 0.3875 1.3082
trend 0.0062** -0.0222*** -0.0286*** 0.1037***
0.0028 0.004 0.0033 0.0092
age 0.0104*** -0.0258*** 0.0066* 3.2279**
0.0025 0.0036 0.0027 0.0328
age2 -0.0003*** 2.10e-05 -0.0001*** -0.040%***
2.23e-05 3.26-05 2.51e-06 0.0004
area 0.0042*** -0.0173*** 0.0092*** 0.0007
0.0002 0.0004 0.0002 0.0008
area? 9.64e-06*** 0.0001*** 2.40e-05*** 4.37e-05*+*
1.09e-06 2.29e-6 1.30e-06 6.01e-06
agri_ben 0.0009** -0.0499*** 0.004*** 0.0508***
0.0004 0.0007 0.0004 0.0045
agri_benXret -0.0185*** -0.0283*** -0.0162*** -0.0515%**
0.0006 0.0008 0.0006 0.0046
soil-less 0.0228** 0.2074*** 0.0281* 0.2085***
0.0105 0.0167 0.0119 0.0333
corporate 0.3093*** 1.2208*** 0.2897 -0.0157
0.0091 0.0144 0.0101 0.0319
mun_area -0.0003 0.0049*** -0.0013** -0.0001
0.0004 0.0005 0.0004 0.0012
mun_age 0.0051*** -0.001 0.0053* 0.0202***
0.0018 0.0025 0.0021 0.0061
mun_soil-less 0.0104 -0.0373 0.0062 -0.1104
0.0354 0.0504 0.0407 0.1149
mun_corporate -0.0545 -0.4082*** -0.0202 -0.0499
0.0358 0.0497 0.0409 0.114
saa_area 0.0018*** 0.0026** 0.0032*** -0.0022
0.0007 0.001 0.0008 0.0024
saa_age 0.0181** 0.0435*** 0.026*** 0.1549***
0.0071 0.0099 0.0081 0.0232
saa_soil-less 0.1488** 1.0079%** 0.1223 0.1305
0.0709 0.0993 0.0816 0.2306
saa_corporate 0.1402** 0.4428*** 0.1994** 0.0997
0.0677 0.0962 0.0770 0.221
unempl_rate 0.0104*** 0.0311*** 0.0164*** 0.0797***
0.0033 0.0046 0.0038 0.0105
Shares 17.90% 54.20% 27.90%
Number of obs 317177 317177
Correct predictions 92.73% 93.85%
Log pseudo-likelihood -76323 -73696
AlC 152684 147470
BIC 152886 147886
AIC3 152703 147509

Note: *, ** and *** are significance at 5%, 1% afdl% levels, respectively; standard errors
in shaded lines.

Source: MSA, Bretagne 2003-2013 - authors' calmulat
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Table 3:z-scorestests of the difference between estimated parameters of farm typesfrom
the finite mixture probit model

Z-SCOr es Z-SCOor es Z-SCOor es

Variables (1-2) p-value (1-2) p-value (1-2) p-value
intercept -3.61 0.00 -44.24 0.00 -43.53 0.00
trend -1.22 0.22 12.49 0.00 13.50 0.00
age 7.18 0.00 98.55 0.00 97.84 0.00
age_2 -2.49 0.01 -107.10 0.00 -106.99 0.00
area 55.92 0.00 19.68 0.00 -9.86 0.00
area_2 -26.93 0.00 -1.59 0.11 11.02 0.00
agri_ben 67.28 0.00 22.27 0.00 10.43 0.00
agri_benXret 11.67 0.00 -4.94 0.00 -7.58 0.00
soil-less -8.75 0.00 0.03 0.98 5.11 0.00
corporate -53.11 0.00 -35.38 0.00 -9.14 0.00
mun_area -8.95 0.00 -3.81 0.00 0.91 0.36
mun_age 1.90 0.06 3.21 0.00 231 0.02
mun_soil-less 0.67 0.50 -0.58 0.56 -0.96 0.34
mun_corporate 6.03 0.00 2.88 0.00 -0.25 0.80
saa_area 0.52 0.60 -1.87 0.06 -2.19 0.03
saa_age -1.37 0.17 4.42 0.00 5.24 0.00
saa_soil-less -6.89 0.00 -3.49 0.00 0.03 0.98
saa_corporate -1.98 0.05 -1.42 0.16 -0.43 0.67
unempl_rate -2.45 0.01 4.25 0.00 5.68 0.00

Source: MSA, Bretagne 2003-2013 - authors' calmulat

Table 4:Main characteristics of type of farms from the finite mixture probit model

means t-tests

Variables

Typel  Type2  Type3 1-2) (1-3) (2:3)
age 49.25 48.27 47.77 39.52 60.86 21.35
area 43.91 50.49 48.04 -63.66 -37.70 22.22
agri_ben 8.80 11.02 11.36 -77.33 -78.59 -9.54
soil-less 0.17 0.18 0.19 -17.96 -25.60 -9.20
corporate 0.43 0.48 0.45 -35.74 -11.45 21.80
mun_area 48.19 48.30 48.58 -3.16 -10.66 -7.85
mun_age 48.46 48.25 48.31 36.31 25.23 -9.63
mun_soil-less 0.18 0.18 0.19 -16.35 -21.09 -6.06
mun_corporate 0.46 0.46 0.47 8.35 -13.38 -21.35

Source: MSA, Bretagne 2003-2013 - authors' calimulat

18



Table 5:Estimated parametersfor thelinear models

Code Pooled Mixture normal regression
Typel Type?2 Type3
Intercept 4.0651 -147.2279*** -59.9425%** -17.5979***
5.6072 1.0430 14.6292 1.0048
Trend 0.2524*** 0.0197* 0.4053*** -0.0964***
0.0475 0.0087 0.1218 0.0087
age -0.711%** -0.0976*** 0.0854 0.0025
0.0386 0.0110 0.1563 0.0066
age2 0.0003 0.0008*** -0.0093*** -0.0002***
0.0004 0.0001 0.0017 0.0001
In_area 5.6571*** 52.6593*** 4.8363*** 9.4797***
0.0372 0.0431 0.0325 0.0176
agri_ben 0.3538*** 0.0040*** 0.3598*** 0.0100***
0.0100 0.0011 0.0151 0.0012
agri_benXret 0.1108*** -0.0138*** -0.1086*** 0.0123***
0.0143 0.0017 0.0300 0.0030
soil-less -9.7902*** 0.2651*** -18.2485*** 0.1193***
0.1809 0.0317 0.4210 0.0355
corporate 27.1756%** 0.4472%* 24.545%** 0.9315***
0.1238 0.0234 0.3401 0.0366
mun_area 0.8599*** 0.0085*** 1.2661*** 0.0034**
0.0072 0.0011 0.0167 0.0012
mun_age 0.7470*** 0.0309*** 1.3864*** 0.0031
0.0306 0.0058 0.0816 0.0052
mun_soil-less 12.267*** -0.5257*** 21.3584*** 0.9872***
0.6074 0.1031 1.5000 0.1132
mun_corporate -31.8797*** -0.3832*** -50.9605*** 0.7515%**
0.6083 0.1049 1.5183 0.1081
saa_area 0.0585*** -0.0113%** 0.0718* 0.0080***
0.0122 0.0023 0.0331 0.0021
saa_age -0.4408*** -0.1048*** 0.0917 0.1777**
0.1172 0.0216 0.3054 0.0209
saa_soil-less -4,3395%** 0.2592 -25.2777** 0.3612
1.2088 0.2054 2.9371 0.2179
saa_corporate -5.6855*** -0.8635*** 8.6827** 0.2063
1.1420 0.2066 2.9053 0.2046
unempl_rate 0.2425*** 0.1176*** 0.4492*** -0.0651
0.0519 0.0095 0.1371 0.0104***
Lnsigma 3.4262 1.3233*** 3.7508*** 1.1468***
0.0032 0.0038 0.0046 0.0039
Shares 43.72% 27.68% 28.60
Number of obs. 294288 294288
Log pseudo-likelihood -1425877 -1036676
AlC 2851794 2073434
BIC 2852005 2073868
AIC3 2851814 2073475

Note: *, ** and *** are significance at 5%, 1% afdl% levels, respectively; standard errors
in shaded lines.

Source: MSA, Bretagne 2003-2013 - authors' calmrat
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Table 5:Main characteristics of types from the finite mixture of normal regression

Variables — SIS ‘
Typel Type2  Type3 (2-2) (1-3) (2-3)
Age 47.3 45.551 51.226 52.219 -97.306 -132.963
Area 54.521 79.304 12.849  -130.848 749.653 -107.485
agri_ben 12.285 12.593 6.438 -6.11 109.407 100.638
soil-less 0.148 0.242 0.179 -56.042 -19.48 33.515
Corporate 0.469 0.767 0.211 -154.652 134.212 287.64
mun_area 49.36 51.933 43.805 -46.601 98.916 -185.24
mun_age 48.183 48.206 48.561 -2.491 -37.264 -32.498
mun_soil-less 0.186 0.194 0.166 -14.623 36.044 56.5
mun_corporate 0.466 0.48 0.438 -23.204 45.846 @2.99

Source: MSA, Bretagne 2003-2013 - authors' calmuiat

Figure 1Theprobability to survivefor varying average farm area in municipality by type
of farms (predicted marginswith 95% CIs)
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Figure 2:Total land used for varying average farm area in municipality by type of farms
(predicted marginswith 95% Cls)
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