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Abstract

Using a sample of French crop farms during the 18383 period, we test whether less
technically efficient farmers are more likely togage in organic farming in order to benefit
from conversion subsidies. Despite some limitationgur data, we find no evidence of such
selection effect. On the contrary, our estimatiesuits indicate that more technically efficient
farmers are more likely to convert to organic farquiThis finding is found to be robust to the
method of calculation of efficiency scores, eitlp@rametric or non-parametric. This study
also confirms that farm’s characteristics (educatiarm size and legal status) and farmers’

practices under conventional farming do impactditwbability of conversion to OF.
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1. Introduction

A number of food-safety events along with incregsiconcerns for sustainability of
ecosystems make organic farming (OF) an appealptgoro for both governments and
consumers. As a consequence, most governmentgupety in the United States (US) as
well as in the European Union (EU), have encouratmdhers to convert to OF by
distributing conversion subsidies. In an era ofirfglincome in the agricultural sector, this
subsidy scheme may have attracted “subsidy-huniets”OF, who are also likely to be less
productive (and hence less efficient) than conwerati farmers. This “selection problem” has
been discussed by Pietola and Oude Lansink (20@d)faouvelekas et al. (2001) but tested
only once, as far as we know: Kumbhakar et al. 200n a sample of Finnish farms,
estimate simultaneously technical efficiency (TH)daorganic adoption, and find that
inefficiency did not increase the probability ofo@dion. In this article we test the selection
hypothesis on a sample of French crop farms bysassgg the impact of past TE on the

decision to convert to OF.

This article adds to the growing literature linkiagoption of OF and farmers’ efficiency

measures. A number of articles report TE scoresofganic and conventional farmers.
However, the comparison of their respective TE esatoes not tell whether one group is
more efficient than the other since they likely igpe under different technologies. Also, it
does not inform on whether technical efficiencydoefconversion plays a role or not. The
only evidence so far is found in Kumbhakar et 2000) for a sample of Finnish farms. We
propose to address a similar question throughfardiit approach. By contrast to Kumbhakar
et al. (2009) who perform a joint estimation, wepdoy a two-stage approach by estimating
the influence of several determinants, including G&culated in a first stage, on the
probability to convert to OF. In order to draw rgbgonclusions, technical efficiency scores
are calculated using both parametric methods (akimh frontier) and non-parametric

methods (bias-corrected Data Envelopment AnalyBEsA), and Free Disposal Hull (FDH)).

In addition we take into account that French fasmgperate in very different agro-climatic

conditions when calculating the TE scores.

Our article also provides the first comprehensiualygsis of factors driving the adoption of

OF in France, a country which lies behind otherdpean partners in terms of organic food



production® Our results can be useful to policy makers who“areler pressure” since the
French government (through tierenelle de I'Environnementhas set as an objective a
threefold increase of the area under OF betweeid 30@ 2012 (i.e., an increase from 2% to
6%). At the end of 2008, only 2.1% of the nationélized agricultural area (UAA) were
under OF.

Section 2 explains the modeling framework. In Sect8, we describe the data and discuss
our hypotheses regarding the role of the main b&sof interest on OF adoption. In Section
4, we present the methodology for calculating TBres and estimating the probability of

conversion to OF. The results are commented in@ebt Section 6 concludes.

2. Modeling framework

We assume that a representative crop farmer (dlynesing conventional practices) takes the
decision to adopt organic technology (OT) or totoare with the conventional technology
(CT) based on the comparison of his/her expectefitpmder the two technologies during
the next five years. In France this duration cqoesis to the period during which the farmer
receives subsidies for conversion after the comwersccurred. Since the conversion to OF is
not an irreversible decision, the farmer may decatethe end of the five-year period, to

switch back to conventional farming.

For simplicity, we assume that the farmer owns ong of land, and that all this land is
converted to OF in case of adoption of this tecbggl In addition, we assume that converting
to OT does not alter the crop pattern on the faNe. also assume that the farmer is risk-

neutral and we neglect the discount factor. A farm#é adopt OT in yeat if and only if

t+5 t+5

Ste(nen) > Sefne) g

t+1 t+1

with 11 ?T — ptOTytOT_ WOT)SOT + $OT and A E:T _ ptCTthT_ WCT)SCT + $CT, the t-th period
profit under the OT and CT, respectively. Variabfes/, w, X, ands denote respectively

output prices, output levels (and in our case,dggl input prices, input quantities, and
subsidies received by the farms. The underlyindprietogy is assumed to be different for

! Among others, with 2% of the total arable landem@F in 2007, France lies behind Italy (9%), Si{aib),
Germany (5%), Sweden (10%), and Portugal (6%).

Source: Agence Bio, document available at http:inagencebio.org/upload/pagesEdito/fichiers/bioUE.pd



organic and conventional farmingP' = fOT(xOT; QtOT) and y°' = fCT(xCT;HtCT) where

g°7 and -7 represent farmer's TE under OT and CT, respegtivéithough most of the

machinery can be used in both technologies, theobapplying synthetic fertilizers and plant

protection in OF suggests that both technologigspaaduction practices are different.

In general, we expect the price of organic prodteise higher than the price of conventional

products once the production has been organiceltyfied: ptOT = pr int+1andt+ Zand

pCT > p¢T from t+ 3 onward;, as the farmer cannot sell products under orgtatieling

before three years of conversion have passEue price differential should compensate (at

least partly) for the loss in productivity sinceelg under OT is expected to be lower than

yield under CT(ytOT < thT). Input prices are assumed to be the seém%T = V\{CT) 2 The

impact of converting to OT on input costs is ambiggex antesince we expect a decrease in
the use of fertilizers and plant protection unddr laut an increase in the use of labor and
machinery costs. Finally, under the assumptionsnzhanged crop pattern on the farm and
similar agricultural policy over the period congiel@d, subsidies received by the farm are

higher under OT due to the specific subsidies veckby the farmer during the period of

conversion(qOT > QCT). Subsidies are provided to compensate the lossvenues due to

technical difficulties implying lower yields duringhe conversion period, and to the
impossibility for the farmer to sell at the orgapigce during the first years of the conversion

period.

The decision of each farmer to convert to OF willg depend, among other things, on
production technology, organic price premium, calétferentials, and farmer’s characteristics
including technical efficiency. Since all these téas may differ across crops and

geographical areas, the decision to convert tog€dfams an empirical question.

2 In France farmers are allowed to sell their praslumder the organic label after two years of cosive for

field crops and three years for permanent cropssiaplicity, we used the duration of three yearsur model.

% This may be a strong assumption since seeds ahdried fertilizers may indeed be more expenshant

those used in conventional farming. Unfortunatelg,do not have any statistical evidence to suppatclaim.



3. Description of the data and variables used in thanalysis
3.1. Database

We use farm-specific data extracted from the FreRahm Accountancy Data Network
(FADN) database between 1999 and 2006. These datableen combined with NUTS2 and
NUTS3 regional data from the French Institute forviEonment (IFEN) and the French

Observatory for Rural Developmer@§servatoire du Développement Ru{@DR)*

The FADN database includes accounting data fornapka of professional farms above a
specific size threshold, with a five-year rotatisgmpling system. Only crop farms are
considered here. In the FADN database farms amsitied according to their production
specialization based on their products’ gross margfi least 66 percent of the gross margin
must come from a specific crop or group of cropke Tlassification is the standard EU
classification called Type of Farming (TF). The dénsidered here include farms specialized
in cereal, oil- and protein-seeds (COP) (TF13)pother field crops (TF14), in fruits and
vegetables (TF28), in horticulture (TF29), in higlality wine (TF37), in other grape
production (TF38), in permanent crops (TF39) andhired crop farming (TF60). All values
relating to production were deflated by the natigméce index of agricultural output with
base 2000. Values relating to capital were defldigdthe national price index of inputs
contributing to investment in agriculture, and \eduelating to variable inputs were deflated
by the national price index of inputs currently somed in agriculture, both with base 2000.

Within the FADN database, information on whether tarm has engaged in OF is available
since 2002 only. The specific variable enableslemiify farms that are fully operating under
CT, and farms that are fully operating under OTrn#athat are partially operating under CT
and OT are not considered here due to data unitéyiali herefore, we consider that a farm

has converted to OF in periddif it was fully operating under CT at ye&l and fully

operating under OT at yearSince information on OF practices is availabtesi2002 only,

* The EU Nomenclature of Territorial Units for Sstits (NUTS) defines standard territorial unitsttie EU
(http://ec.europa.eu/eurostat/ramon/nuts/home_msgien.html). In France, NUTS1 level correspondshi®
national territory, NUTS2 regions are the 22 Freadministrative regions (“régions”) and NUTS3 regiare

the 96 French administrative sub-regions (“dépaetast).

Data from IFEN and ODR are available through thefgang websites:
http://www.stats.environnement.developpement-dergbluv.fr/bases-de-donnees.html, and

http://esrcarto.supagro.inra.fr/, respectively.



the first conversion period that is considered herberefore 2003. The earlier years of data
(1999-2002) will be used to calculate TE scoreghef farmers still present in the FADN
sample during the 2003-2006 years.

Table 1 presents the number and share of farms)¢paanverted to OF during the period
from 2003 until 2006. The number of farms adopting OT is in general low, and this may
be due to the fact that we cannot consider thegbadnversions in our database. Overall 56
farms in our sample have converted to OF in thecsetl TFs, which represents 0.9% of the
sampled farms. A higher rate of conversion is olestifor TF38 (other grape production).
Among the 56 farms, 15 have converted to OF in 2008 2004, 17 in 2005, and 17 in 2006.

Table 1: Number of farms having converted in thega per TF

2003-2006
TF13 10 (0.6%)
TF14 8 (0.9%)
TF28 4 (1.4%)
TF29 4 (1.9%)
TF37 13 (1.3%)
TF38 6 (1.9%)
TF39 6 (1.4%)
TF60 5 (0.3%)
Total 56 (0.9%)

Note: the figures in brackets represent the nurab&rms having converted given as a share of theample
over the period 2003-2006.

3.2. Factors hypothesized to influence OF adoption
Farmer’s characteristics

It is commonly acknowledged that non-economic fecteuch as political and ideological
perspectives, sensitivity to environmental problelmsalth and food quality considerations
may induce a farmer to convert to OF. In a survieys® organic farmers made in Sweden in
1990, 79% responded that the primary reason forverting was non-economic (i.e.
enjoyment, environment, health, food quality, euoetric or previous experience) instead of

being related to reduce grain surplus, market aaj@ist, better economy or support provided



(Lohr and Salomonsson, 2000). Our data do not coatay variable describing the farmer’s
opinion about issues related to environment, heaithfood quality. However we will control
for the farmer’s level of education. Since bettdu@ted persons are often more sensitive to
these issues but also because of the assumedeliwiedn education and knowledge regarding
new technologies, we hypothesize better educatetkfa to be more likely to adopt OT. In a
review of factors influencing the adoption of consgion agriculture practices (including, but
not restrained to, OT), Knowler and Bradshaw (20@YJ that “education, be it specific or
general, commonly correlates positively with theom@ttbn of conservation agriculture
practices; however, some analyses have found adndatbe an insignificant factor or even
to negatively correlate with adoption”. Finally, well introduce in our model a variable
measuring the share of agri-environmental subsidig¢stal operating subsidies received by
the farmer, as a proxy for his/her environmentah@ness and environmental practices. We
hypothesize that a farmer getting more agri-envirental subsidies is more likely to convert
to OF.

Farm'’s characteristics

We will control for farm size. Pietola and Oude kark (2001), for a sample of Finnish
farms, find that farmers with large land areas armhsequently, good opportunities for
practicing extensive farming technologies, are miely to switch to OF. The marginal
effect of land area on the probability to adopt @8s estimated at 0.5. The situation may be
different in France, though, since the largest f&rwhich are commonly located in plains, are
usually the most productive ones (in terms of \@gldn the contrary, farms in less favored

areas are usually smaller. Hence the yield diffigmeretween organic and conventional

farming (y"t— th) is expected to be lower for smaller farms, whitlowdd then have a

higher probability to adopt OT. For the particutase of France, we thus hypothesize that
larger farms (as measured by the farm UAA) willdgs likely to adopt OT.

Policies

Even if the theory indicates that the higher thiessdies to OF, the greater the probability of
adoption should be, there is little evidence onrtlfagnitude of the effect. Pietola and Oude
Lansink (2001) find that the probability of switolgi to OF increases at an increasing rate
with increasing premium subsidies to the OF fornish farms during 1994-1997. They
estimate that a 1% increase in the premium subsityfor OF increases the probability of
choosing OT by 0.2%. Interestingly, the elastiatythe probability of conversion to the non-



organic specific subsidy rate for land is the saift@s latter result may suggest that the
subsidy to support conversion may be seen by s@maefs as a way to increase their
revenues, at least during the period of converditence policies promoting OF may suffer
from selection problems because subsidies maycatéss productive conventional farmers to
OF. Tzouvelekas et al. (2001), in a study of thgesgrowing sector in Greece, make a
similar analysis. They assess that a “loose” aligybcriterion for receiving the conversion
subsidy has attracted “subsidy-hunters” not tratgriested in producing organically but rather
in absorbing the “organic” financial aid. Kumbhaletral. (2009), for a sample of Finnish
dairy farms (followed during the period from 1995 2002), also find evidence that higher
subsidies increase the probability of OT adoption.

In what follows, we will estimate the subsidy tlegtch farmer would get over the next five
years if converting to OF in the next year. Thikghkation is based on the assumption that the
whole area is converted to OF and that the crofepatioes not changéwe hypothesize that

a higher expected subsidy will increase the prdibald convert to OF.

We will also introduce in the model the total ambahCommon Agricultural Policy (CAP)

subsidies received by the farm (as a ratio ofataltoutput) to control for the dependency of
farmers upon subsidies in general. Finally, soneeifip subsidies may be distributed by local
administrations to encourage adoption of OF. Bezaus do not have such information, we
will use as a proxy the average amount of subsidiesived per farm in thdépartement

where each farm of our sample is located. The efi€dhe non-organic subsidies on the
probability to adopt the OT may reflect the attgunf the farmer towards subsidies but may
be ambiguous. On the one hand, “subsidy-huntery’ lmeanterested in both non-organic and
organic subsidies, implying a positive effect. e bther hand, farmers receiving a large
amount of subsidies may find it sufficient and nrayt be interested in getting additional

subsidies.
Potential change in input costs

Farmers who make an intensive use of fertilizeds @ant protection may experience a larger
reduction in input costs after adoption of OT, amaly thus be more likely to adopt. However,
a non-intensive use of fertilizers and plant prttec (before adoption) could also indicate
farmers’ environmental awareness and thus a higiadrability to adopt. Also, farmers who

use (before adoption) a relatively low level oftilezers and pesticides are more likely to use

® Crop-specific conversion subsidies were obtaimechfMinistére de I'Agriculture (2001).



a technology which is more similar to the OT and/rraus be more likely to adopt OT. The
effect of the intensity of fertilizer and plant peotion use (before conversion) is therefore
ambiguous but we expect the latter to dominatéhénforthcoming empirical application, we
will use the ratio of fertilizer expenditure ovdret standard gross margin as a measure of

intensity of fertilizer usé.
Potential change in revenues

We would expect that farms for which the expectess lin revenue after conversion from CT
to OT is lower to be more likely to adopt OT. Tleenue differential will depend on both
yield and price differentials between OT and CTrdgions where yield has been historically

high we expect a lower probability of conversion.

The price differential between OT and CT also hashgact on expected revenues. Official
statistics regarding the price of organic produddsnot exist in France. We therefore make
use of the information available in our FADN samfecompute a price index for organic
products and build a variable that measures thee gmiemium that farmers could get if they
were switching to OF. Again, this calculation isdeaunder the assumption that the cropping
pattern remains unchanged and that the entire arep is convertedWe are not aware of
any study using such a variable to explain adoptiRiatola and Oude Lansink (2001) find
that a 1% output price decrease increases the lpibdpaf choosing OT by 0.4%, but output
price in their model is the same for both orgam @onventional products. We expect
farmers with a higher expected price premium toehabhigher probability to adopt OT.

Technical efficiency

As mentioned earlier, there exists a number ofisfudomparing the TE of organic producers
and conventional producers but few of which tryassess the influence of TE (before
adoption) on the decision to convert to OF. Sonueliss suggest that organic farmers are
more efficient technically compared to conventiofafmers (Tzouvelekas et al. 2001

applying stochastic frontier to data on olive-grosven Greece; Oude Lansink et al. 2002

® As far as we know, there is no study comparing dbst of organic versus conventional farming with a
empirical analysis on a sample of farms. Cobb .et18199), with a case-study of one farm in Engldimd] that
switching to OF induces higher labor costs and dnidixed costs (in this particular farm the convemnsto

organic agriculture required different machinery).

" The price index for organic products was calcadtem the FADN data, using the quantities and eslof

products sold by farmers fully engaged in orgamadpction.



applying DEA on data from crop and livestock farig=inland). Other studies suggest the
opposite: Serra and Goodwin (2009), using the lowtimum likelihood method introduced

by Kumbhakar et al. (2007), find that (Spanish)amig farms have efficiency levels that are
below conventional farms. These authors argue disgiarities between their results and
results from other studies could be due to thesbfice in methodology. Sipildinen and Oude
Lansink (2005), in an unpublished paper, find thaganic dairy farms are less technically
efficient than conventional farms in Finland, usistpchastic frontier distance functions.

Strictly speaking, the difference between averagénical efficiencies between organic and
conventional farmers cannot be interpreted to ssiggat one group is more efficient than the
other one since production frontiers are differént organic and conventional holdings.

Differences in efficiency simply indicate that fasrbelonging to the group with the higher
average TE operate closer to their production feorthan farms from the other group do to
theirs. In a recent article Mayen et al. (2010)ngdormal testing, reject the hypothesis that
organic and conventional farms employ a single, dggneous technology using data on US
dairy farms. They also find that organic dairy tealogy is 13% less productive than that

used by conventional farms and find little diffecenn TE across the two groups.

To our knowledge, the only study which considersaBEa potential factor driving adoption of
OT is Kumbhakar et al. (2009). They propose a jastimation where TE drives both
technology choice and output. Using a sample ohiBmdairy farms (over the period from
1995 to 2002), their results suggest that inefficieis not a driving force behind adoption of
OT (inefficiency has a negative effect on the ptlits of adoption). They also find that on
average, organic farms are about 5% less effitient conventional farms.

In the forthcoming empirical application, we coreidfour-year average of TE (before

adoption for future OF adopters) in order to smdotlctlimate shocks.
Risk

OF is generally perceived to be riskier than cotie@al farming, as organic farmers are
restricted in the use of pesticides and artifiteadilizers that may help the farmer in reducing
production risk (Gardebroek et al., 2010). Alsojtas the case with any new technology, a
farmer willing to adopt OT has to face uncertaintgarding expected revenues and costs
since it may take some time for him/her to learowlthis new technology. Sipildinen and
Oude Lansink (2005), using data on Finnish dairgnf&g estimate the length of the conversion
and learning process of OF to be on average 6+5yea
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Gardebroek et al. (2010) estimate the Just-Popshastic production function using panel
data of Dutch organic and conventional specialiasable farms covering the period 1990—
1999. They find evidence that manure and fertiizare risk-increasing inputs on organic
farms but risk-decreasing inputs on conventionahfa Capital and land are found to reduce
production risk while labor and other variable itgpare found to increase production risk in
both farm types. However, unobserved differenceskmanagement or soil types are found
to be much more important in explaining output sisl both farm types than variations in

inputs used.

Using data from a sample of Spanish farms speeilin the production of arable crops,
Serra et al. (2008) find evidence that both conweat and organic farmers are risk averse.
Both groups are found to exhibit decreasing abeotigk aversion (DARA) but organic

farmers have preferences that are very close tetaonhabsolute and relative risk aversion
(CARA and CRRA). The authors explain that theséed#inces may come from the fact that
organic farmers in the sample considered are wealthan conventional growers (and may

thus be willing to take more risk).

The measurement of risk aversion goes beyond theesof this article. However, we will
consider explanatory variables that may be linkedrtobserved risk aversion. We include a
categorical variable to control for the legal statbf the farm which distinguishes between
farms managed through a sole proprietorship, pestie management, and companies. In the
latter, private assets are separated from profeslsassets so we would expect farms run as
companies to be less risk averse than individuahgain particular if there is no partnership

in farm management.

We will also control for the ratio of debt to assahd assume that farms with a higher share

of debt will be less likely to convert to OF duetheir current financial vulnerability.
Social learning / neighborhood effects

As far as we know, the role of social learning aetjhborhood effects on the adoption of OT
has not been studied yet. However, it is recogntbed information provided about new
technologies (by other farmers, media, meetingsenskon officers) usually positively
correlates with adoption of these technologies {(ieoand Bradshaw 2007). Thus we should
expect CT farmers neighboring OT farmers to leaonenguickly about the technology and to
have a higher probability to adopt OT. We will ube share of UAA under OT in the

11



départementvhere the farmer is located as a proxy for neighdad effects in our regression

models.
3.3. Descriptive statistics of the data

Table 2 presents descriptive statistics of the estgdt French farms during the years 1999-
2006. Overall, 7,702 farms were included in theseyrover this period. The largest farms in
our sample are those specialized in COP (TF13)oémer field crops (TF14), with an average
UAA of 142 hectares (ha) and 111 ha respectiveigese farms receive the highest amount of

operational subsidies, on average, and are thel&®as-intensive farms.

Table 2: Descriptive statistics of the data usedrages for the whole period 1999-2006

Type of Number of  UAA (ha) Total output ~ On-farm labor Total operational
farming farms (euros) (AWU) subsidies (euros)
TF13 2,505 142 109,193 1.6 52,939
TF14 1,298 111 186,270 2.4 36,063
TF28 412 14 261,059 4.8 6,647
TF29 275 4 255,058 4.7 2,031
TF37 1,441 23 231,215 3.4 3,477
TF38 517 41 128,975 2.5 7,860
TF39 603 32 196,269 5.2 15,356
TF60 651 81 151,978 2.6 28,457

Note: 1 AWU (Annual Working Unit) corresponds téu#i-time equivalent of 2,200 hours of labor peaye

A summary description of the variables that will ieed as explanatory factors in the OF

adoption model is available in Appendix Al.

4. Methodology
4.1. A two-stage approach

We proceed in two steps. In the first step, weudate the TE scores of all farms present in
the FADN sample between 1999 and 2006. As it wdl dxplained below, we use three
competing methods to obtain TE scores and takeaictount that farmers operate in different
agro-climatic conditions. In the second step, warege the probability of a farm converting

to OF in the next year as a function of a set ahfand farmer characteristics including the

12



farmer’s average TE score computed over the pastylears. The second-stage estimation is
made on a selected sample of farms: those farmsatbaresent at least one year during the
2003-2006 period and for which the TE score cowddchlculated over the four past years.
Since our sample is a rotating sample, we are bbletta control for entry and exit of farms

over time. We believe that this procedure will naluce selection bias in the second-stage

estimation.

We chose to calculate the average TE score overasiefour years in order to get a “robust”
measure of TE for each farmer. Indeed, farmers endnybit lower TE scores when facing
adverse weather conditions. A four-year averagenvalismoothing such effects. Going further
than four years would have entailed the loss ofnh@my observations at the second-stage of
the analysis. Further details on the methodologypaovided in the following.

4.2. First stage: calculation of TE

In the literature two main approaches compete foutate TE: parametric methods, in
particular stochastic frontier (SF), and non-paraimenethods, in particular DEA and FDH.
The SF approach relies on estimating a productiorction with a double error term,
including a random error term and a term represgritie technical inefficiency (Aigner et al.
1977; Meeusen and van den Broeck 1977). This methalles to account for noise, but may
give rise to misspecification errors. By contr&EA is a deterministic method but does not
rely on specification assumptions (see Farrell 1957arnes et al. 1978). The idea behind
DEA is to construct, with linear programming, a qaevise frontier that envelops all
observations of the sample used. The distance obaarvation to the frontier represents its
technical inefficiency, with observations on therftier being fully technically efficient and
with a TE score of 1. FDH relies on the same ids@gept that the convexity assumption of
the frontier is relaxed, and thus the frontiertepswise and envelops the observations more
closely than DEA does (see Tulkens 1993).

In order to draw robust conclusions, the three eggites, namely SF, DEA and FDH, are
used here. In each case the model includes onle sintput, namely total output in value, and
four inputs, namely UAA (ha), total labor used immial Working Units (AWU; 1 AWU

corresponds to one full-time equivalent that iss@y 2,200 hours of labor per year),
intermediate consumption in value, and the valuasskts. The Translog function is specified
for the SF approach. An input-oriented model isias=d for DEA and FDH. The assumption
of variable returns to scale (VRS) is made for DEA model. Separate frontiers are

constructed per TF. In addition, in the case of DdfW FDH, yearly frontiers are constructed,

13



while a single frontier on the merged period isneated with SF, including a trend in the

production function.

Farmers’ TE may be affected by agro-climatic candg, and the efficiency scores calculated
may not reflect only farmers’ management practited may also incorporate some
inefficiency component due to unfavorable natu@iditions if the latter are not controlled
for in the efficiency model. In our case, this mayturn affect the influence of TE on the
probability to convert. For this reason, TE frordi@re constructed separately for groups of
farms, depending on their agro-climatic conditioRarms are firstly classified into two or
three groups within each TF with a hierarchicallaggerative clustering procedure based on
annual municipality data relating to slope, altéuéverage monthly minimal temperatures,
average monthly maximal temperatures, average wafesits and average monthly climatic
indices (calculated with sunshine and frost duretiand evapotranspiration). Then TE is

calculated with separate frontiers for each clusterach TF.

Non-parametric methods are sensitive to outliew. this reason, in addition to cleaning
manually inconsistent data, outliers were remowveidre efficiency computations with DEA
and FDH based on Wilson’s (1993) outlier detectroethod that relies on comparing
geometric volumes spanned by subsets of data. Mergefficiency results from the DEA
method may be affected by sampling variation. Pinegblem, inherent to the method, implies
that distance from the frontier (and thus inefindg) may be underestimated if the most
performing units of the population are not includedhe sample at hand. To correct for this
problem, bootstrapping followed by bias-correctanconfidence interval construction is the
only method available (Simar and Wilson 2000a).eHére smooth homogenous bootstrap
proposed by Simar and Wilson (1998, 2000b) is useg@rovide bias-corrected technical

efficiency scores for DEA.
4.2. Second stage: estimation of the determinant$ the conversion to OF

Following (1), we assume that farmetecides to convert to OF in peribd the expected net
benefit of this decision is positive, that is if
t+5 t+5

d, => E(MT) - E(NST)>0 )

t+1 t+1

The latent variabledﬁ, is not observed; only the decision to adopt Ofhairis known to the

econometrician. We assume that fatsnexpected net benefit from converting to OF can b
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modeled as foIIowsdi: = X}tB + & , where the vectoXj includes characteristics of the farm

and its environment. The decision model at tinsethus written as
dii =Xt +&; =0. (3)

And the probability that farmaradopts OT in yearr is estimated using the following Probit
model:

di; = F(xiltB)"'Vlt ) (4)

whered;; equals 1 if the expected net benefiﬁt is positive, and 0 otherwise. Functibnis
the cumulative distribution of thesj; error term, assumed standard normal. Maximum-

likelihood provides consistent estimates of thexpaater vectog .

Our purpose is to model the decision to conve®ko In the data used farms that do adopt
OT take the decision to convert to OF only onceer€fore, in our adoption model, a farm
that converts to OF is included in the sample anmige, in the year that the conversion is
made, and excluded from the sample in the subséquars (Khanna and Damon 1999
followed a similar approach). Since it is likelyatithe decision to adopt OT is made a year
before the actual conversion, and in order to elateé simultaneity bias, all explanatory

variables are measured in yedr.

The number of farms adopting OT is quite smallum sample (see Table 1), which makes it
necessary, first, to estimate a unique adoptionemwadgth all TF merged and, second, to
estimate the conversion model on a choice-basedauiple in order to get a more balanced
proportion of adopters and non-adopters (see Gre@08). At this stage, 25 farms that
converted to OF during the 2003-2006 period arkuded in our final sample along with 147

non-adopters randomly drawn from the entire popadadf non-adopters over the period. The
random draw is designed such that non-adoptersaappéy once in the final sample. In order
to correct the bias induced by over-sampling omelgrof farms, we estimate the model using
the weighted endogenous sampling maximum likelihQAESML) estimator derived by

Manski and Lerman (1977). The log-likelihood fuoctis written as follows:

InL = Zi,t Pt {dit InF (Xlitﬁ) +(1-d; )'”[1‘ l:(X'it B)}} (5)
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where  dj describes  the  adoption  decision d;(=0 or dy=1),
Pt =0 (k1/71) +(1-dy )(ko/{o), with k1 and «p the true population proportions
(obtained from the representative sample of farmasyg ¢; and { the proportions of

adopters and non-adopters in the choice-based sdmpl

Three regression models will be estimated, difiimthe TE score used as an explanatory
variable: one regression including the averager(tdwe past four years) TE score calculated
with DEA under VRS and corrected for sampling biaise regression including the average
TE score calculated with FDH; one regression inclgdhe average TE score estimated with
SF.

5. Results
5.1. Technical efficiency

Table 3 presents technical efficiency averages Tgercalculated with the three different
methods, withex anteclustering of farms depending on the agro-climabnditions. We
distinguish farmers who converted to OF and farmedie use a CT during the years 2003-
2006. For farmers who converted to OF, we repataherage TE score before conversion.
For each of the three TE scores (DEA-based, FDld¢ehaSF-based), we performed mean
comparison tests between the two groups of farmérsthe same TF (under the assumption
that the variances in the two sub-samples are @hedlfe indicate in the table when the null
assumption that the two means are equal is rejedtedpresent graphs of the distribution of
the TE scores for both groups of farmers in ApperAd.

The average TE scores by TF vary depending on dhguotation method. For all TFs, the
average TE score obtained using FDH is higher thanTE score calculated from the SF,
itself being higher than the TE score obtained WHEA under VRS assumption.

8 The first and second derivatives of the log-likethd function are weighted likewise and the asymipto

covariance matrix is corrected (Greene 2003).
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Table 3: Technical efficiency resuitsaverages over the period 1999-2006

Bias-corrected DEA-based FDH-based SF-based
TE score TE score TE score
Farms Farms Farms Farms Farms Farms
under CT under future under CT under future under CT under future
oTP oTP oTP
TF13 0.73 0.74 0.90 0.92 0.79 0.82(**)
TF14 0.71 0.75(%) 0.91 0.98(***) 0.81 0.78(*)
TF28 0.69 0.75 0.94 0.94 0.80 0.77
TF29 0.78 0.77 0.97 0.97 0.81 0.81
TF37 0.56 0.51(**) 0.78 0.70(***) 0.71 0.67(***)
TF38 - - - - 0.68 0.62(**)
TF39 0.65 0.63 0.89 0.91 0.71 0.71
TF60 0.72 0.75 0.92 0.93 0.78 0.83(***)
Total
number of 5,778 63 5,778 63 6,152 69
farms

& Larger scores indicate higher TE.

® (%), (**), (***) respectively indicates that theull assumption that the two means are equal istejeat the

10%, 5%, and 1% level of significance.

The mean comparison tests based on TE scores ataldwiith DEA indicate that farmers in
TF14 (field crops) who will convert to OT have heghaverage TE scores than farmers who
will keep operating with CT. The same conclusiomeiached from the mean comparison test
applied to FDH-based TE scores but we get the afgpresult from the SF-based TE scores.
The mean comparison tests provide consistent seaatbss the three types of TE scores for
TF37 (high quality wine): farmers who will conveéat OT have significantly lower TE scores
than farmers who will remain with CT. Finally, meaomparison tests indicate significantly
different SF-based TE scores between farmers whaleldo convert to OF and farmers
operating under CT in TF13 (COP), TF38 (other grgpeduction) and TF60 (mixed

cropping).
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5.2. Determinants of the conversion to OF

We present below the estimation results of theetli?eobit regression models, which differ
only by the method of calculation of the TE scofeEA-based, FDH-based, and SF-based)
used as an explanatory variable. The three modelssasimated on a sample of 172 farmers.
A number of models were estimated differing onekplanatory variables’ combination, and
we kept the one which provided the best fit to data® In this model, the TE score has been
interacted with the size of the farm (UAA), withetipotential conversion subsidy that the
farmer could receive if converting next year (POTOCBUBS) and with the potential
difference in price between organic and conventwoducts (POTDIFPRICE). Standard
errors have been corrected following the methodrie=d earlier. Some descriptive statistics
of the explanatory variables used in the final nh@de presented in Appendix A3. In order to
control for the representativity of our final sammf non-organic farmers, we perform mean
comparison tests for each explanatory variable &éetwthe 147 non-organic farmers
randomly drawn and the entire sample of non-orgtarmers. The means are not statistically
different except in one case: the second categbtizeneducation variable. Based on these
findings, we are confident that the randomly drasample of non-organic farmers is

representative of the entire population of non-oigéarmers.

Results of the Probit estimations are presentetiainle 4. Interestingly, only the TE score
calculated from SFs is found to have a significampact on the probability of conversion
directly as well as indirectly through its crosfeefs with farm sizeTE x UAA) and potential
subsidies from conversiomg x POTCONVSUB$. However, the marginal effect of past TE
on the probability to convert to OF is found to pesitive in the three models. In all three
cases, the predicted probability of conversionasitively related to average past TE (see
Figure 1). Our findings thus support those of Kuaitdr et al. (2009).

® In particular, farmer’s age and regional dummiesentested.
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Table 4: Results of the estimation of the probgbib convert to OF

Probability of conversion DEA-based P>z FDH-based P>z SF-based P>z

to OF in the next year TE TE TE

Constant -7.137 0.036 -12.876 0.065 3.987 0.140
TE score

(past 4-year average) 7.116 0.150 11.428 0.119 -8.736 0.022
UAA 0.000 0.993 0.013 0.447 -0.043 0.011
EDUC =1 (ref.) - - - - - -
EDUC =2 0.106 0.685 0.068 0.808 0.187 0.499
EDUC =3 0.706 0.028 0.602 0.070 0.742 0.038
STATUS =1 (ref.) - - - - - -
STATUS =2 0.208 0.403 0.094 0.708 0.154 0.528
STATUS =3 0.838 0.017 0.883 0.019 0.923 0.013
SH_ENVSUBS 0.015 0.062 0.015 0.069 0.007 0.241
DEBTTOASSET -0.054 0.760 -0.123 0.557 0.039 0.797
FERT_SGM -1.339 0.265 -1.635 0.208 -1.296 0.400
SUBTOOUT 0.109 0.918 0.519 0.623 1.326 0.250
POTDIFPRICE 0.021 0.570 0.017 0.769 -0.073 0.116
POTCONVSUBS 0.013 0.166 0.024 0.177 -0.017 0.033
TE x UAA -0.002 0.874 -0.016 0.394 0.049 0.011

TE x POTCONVSUBS -0.021 0.145 -0.028 0.156 0.023 0.052

TE x POTDIFPRICE -0.021 0.745 -0.008 0.903 0.101 128.
REG_SH_UAAOT -8.174 0.301 -6.286 0.506 -11.611 0.21
REG_FARMSUBS 0.000 0.945 0.000 0.882 0.000 0.673
REG_N_FERTAREA 0.000 0.898 0.001 0.823 -0.001 0.890
Year 2003 (0/1) -0.011 0.980 0.053 0.901 0.131 ®.76
Year 2004 (0/1) 0.315 0.379 0.443 0.216 0.319 0.318
Year 2005 (0/1) 0.714 0.033 0.766 0.020 0.622 0.057
Log-pseudolikelihood -7.527 -7.378 -71.577

Pseudo R2 0.147 0.164 0.142

Note: in bold, significant effects.

The three models also provide consistent findingsh® positive role of education: better
educated farmers are found to be more likely tovednto OF than less educated farmers.
More educated farmers may be more sensitive to@mviental and food safety issues, they
may also learn more quickly about new technologiean less educated farmers. The legal
status of the farm is also found to be a significdnver of conversion to OF. Farms with
company-type status are more likely to convert t tBan farms with sole proprietorship.
This result may be explained by farms in sole petprship being liable for all farm debts.

These two findings confirm our expectation.
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In the Probit model using SF-based TE, smaller $afwhen size is measured by UAA) are
found to be more likely to adopt OT, which is prblyaexplained by smaller farms getting
lower yields under CT than larger farms (and thxjzeeting a lower yield loss if converting
to OF).

In two out of the three Probit regression models, fimd the expected result that farmers
receiving more agri-environmental subsidies (aseecgntage of total subsidies) are more
likely to convert to OF. Also, farmers who incugher fertilizers expenditure (relatively to

their standard gross margin) are less likely toveonto OF (this variable is however not
significant in any of the three models). The roléhe potential difference in prices (organic
versusnon-organic products) and the potential conversiobsidies that could be received
annually if converting next year is indeterminatée find a (non-significant) positive effect

in two Probit regression models but a (non-sigaiit} negative effect in one model. The

variables observed at the aggregate level of NUAIRPNUTSS3 regions are not significant.

Figure 1: Predicted probability of conversion darection of TE scores
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In Table 5, we present the elasticity of the prolitsitof conversion with respect to the four

main variables of interest: 4-year average of T&rescUAA, potential difference in prices,
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and potential subsidies after conversion, for ted regression models. Elasticities have

been computed at the sample mean.

Table 5: Elasticity of the probability of conversio

Elasticity of the probability of conversion Elasticity Standard Error p-value
with respect to:

Model with DEA-based TE scores

TE score 0.891 1.597 0.577
UAA -0.437 0.721 0.545
Potential difference in prices -0.200 0.256 0.436
Potential conversion subsidies -0.632 1.942 0.745

Model with FDH-based TE scores

TE score 2.643 3.048 0.386
UAA -0.122 0.763 0.873
Potential difference in prices -0.269 0.282 0.341
Potential conversion subsidies -0.029 2.276 0.990

Model with SF-based TE scores

TE score 4,740 2.702 0.079
UAA -1.467 0.872 0.092
Potential difference in prices -0.109 0.197 0.580
Potential conversion subsidies 0.625 2.143 0.770

Note: in bold, significant elasiticities.

Elasticities of the probability of conversion witkspect to TE scores are found to be positive
in the three models, but significant only when Tarss are calculated using the SF approach.
Elasticity with respect to farm size (UAA) is negatin the three models but significant only
in the case of SF-based TE. The elasticities wadpect to the potential difference in prices
and with respect to the potential subsidies arefomatd significant. The low number of OT

adopters in our sample probably explains the lddigmificance of most elasticities.

The TE scores were calculated taking into accduaitfarmers may operate in different agro-
climatic conditions. In order to test for the rale such conditions on OT adoption, we re-
calculated the TE scores without taking into ac¢dwaterogeneity in agro-climatic conditions
(i.e., without any clustering). The graphs showhogv the predicted probability of conversion
to OF varies as a function of TE scores are preseint Appendix A4. Interestingly, in two

out of the three Probit models, the relationshipas found negative. Hence, not controlling
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for agro-climatic conditions when calculating TEoses may lead to the misleading

conclusion that less efficient farmers have a higinebability to adopt the OT.

6. Conclusion

Using a sample of French farms over the 1999-2@0t @, we test whether less technically
efficient farmers are more likely to convert to Q¥ order to benefit from conversion
subsidies. Despite some limitations in our datafing no evidence of such selection effect
and our findings support those of Kumbhakar ef20109) on Finnish farms. On the contrary,
our estimation results indicate that more techhjcafficient farmers are more likely to
convert to OF. This finding is found to be robustthie method of calculation of TE scores,
either parametric (SF) or non-parametric (biasexdad DEA or FDH). This study also
confirms that farm’s characteristics (educationpfaize) and farmers’ practices under the CT
(as measured by the share of agri-environmentalidigls in total subsidies and expenditure

in fertilizers) do impact the probability of congesn to OF.

The low number of OT adopters in our sample wasntlaén limitation of our analysis and
probably explains the lack of significance of a tn@mof variables. With a higher number of
observations, we could have tested for heterogeneesponses across different types of
farming or geographical areas. We also expectenfikure to be able to assess how TE has
evolved for farmers who converted to OF.
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Appendices

Appendix Al: Description of the explanatory variabes used in the OF adoption model.

\

Variable name Measurement | Description Source
unit
Farm and farmer-specific data
UAA ha Farm’s UAA FADN 1999 to 2006
EDUC Categorical Farmer’s education level | FADN 1999 to 2006
variable 1. No or primary education
2. Low secondary education
3. High secondary educatign
STATUS Categorical Farm’s legal status FADN 1999 to 2006
variable 1. Sole proprietorship
2. Partnership
3. Companies
SH_ENVSUBS % Farm’s share of agri- FADN 1999 to 2006
environmental subsidies in
total operating subsidies
DEBTTOASSET ratio Farm’s debt to asset ratio FADI®A to 2006
FERT_SGM ratio Farm’s fertilizers FADN 1999 to 2006
expenditure to standard
gross margin
SUBTOOUT ratio Farm’s total operating FADN 1999 to 2006
subsidies to total output
POTDIFPRICE euro Potential difference in prige&uthors’ own
between organic and calculation based of
conventional products, for | FADN 1999-2006
the farm
POTCONVSUBS euro/ha Potential yearly conversiorAuthors’ own

subsidies, for the farm if
converting next year

calculation based or
FADN 1999-2006

\

NUTS3 (“département”) region-specific data

REG_SH UAAOT Ratio UAA under OT to regional IFEN
UAA

REG_FARMSUBS Euro Average amount of CAP | ODR
(pillar 1 and pillar 2)
subsidies received by farm
beneficiaries

NUTS2 (“région”) region-specific data

REG_N_FERTAREA kg/ha Average ratio of regional | IFEN

amount of nitrogen used to

regional fertilizable area
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Appendix A2: Distribution of TE scores for farmers with CT (left graphs) and farmers
who will convert to OT between 2002 and 2006 (righgraphs)

T T T T T T

0 5 1 0 .5 1
tevrsb_c

Graphs by futurbio

TE scores computed from DEA

15
L

10
L

Density

o

T T T T T T T T T T

2 4 6 8 1 2 4 6 8 1
tefdh_c

Graphs by futurbio

TE scores computed from FDH

T T T T T
0 B 1 0 B 1

Graphs by futurbio

TE scores computed from SF

27



Appendix A3: Descriptive statistics of the explanairy variables in the Probit models

(averages for the 2003-2006 period and mean-compson test)

Farmers with future=armers with CTFarmers with CT Mean comparison

oT random sample full sample test between
(B) and (C)
Average (A) Average (B) Average (C) p-value
Number of farmers 25 147 2,755
DEA-based TE score 0.64 0.65 0.66 0.40
FDH-based TE score 0.86 0.86 0.87 0.55
SF-based TE score 0.76 0.76 0.77 0.26
UAA 75 91 92 0.84
EDUC=1 0.20 0.30 0.36 0.11
EDUC =2 0.40 0.57 0.49 0.04
EDUC =3 0.40 0.13 0.15 0.46
STATUS =1 0.44 0.56 0.54 0.54
STATUS =2 0.36 0.37 0.40 0.42
STATUS =3 0.20 0.07 0.06 0.70
SH_ENVSUBS 6.0 3.4 2.9 0.59
DEBTTOASSET 0.96 0.80 2.00 0.69
FERT_SGM 0.10 0.13 0.13 0.90
SUBTOOUT 0.17 0.19 0.19 0.89
POTDIFPRICE -9.17 -8.32 -10.25 0.49
POTCONVSUBS 328 320 329 0.46
REG_SH_UAAOT 0.02 0.02 0.02 0.75
REG_FARMSUBS 7,348 8,419 8,187 0.45
REG_N FERTAREA 138 139 138 0.64
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Appendix A4. Results when TE scores are calculatedithout taking into account that

farmers operate in different agro-climatic conditions.

Predicted probability of conversion as a functiéB& scores
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Elasticity of the probability of conversion
Elasticity of the probability of conversion Elasticity Standard Error p-value
with respect to TE score:
DEA-based TE scores -0.652 1.367 0.633
FDH-based TE scores -0.171 2.017 0.933
SF-based TE scores 3.894 2.333 0.095
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