1. Introduction

The farmer’s decision to adopt technological innovations is an issue intensively studied since Griliches’ (1957) pioneering work on the adoption of hybrid corn in the US.
  The major body of the existing economic research on technology adoption has been concerned with the question of what determines the decision of a farmer to adopt or reject an innovation.  However, there is a relative dearth of empirical research in addressing the link between the farmer’s decision to adopt innovations and his information about the new technologies available.  Nelson and Phelps (1966)  suggest that the adoption and the rate of diffusion of a continuously changing set of technological innovations is primarily affected by the degree of human capital intensity and in particular to the information set owned by farmers. Furthermore, Just and Zilberman  (1983), found that information accumulation reduces uncertainty and therefore may induce new technology adoption by risk-averse farmers.
 

Evenson and Westphal (1995) go one step further, identifying both tacitness and circumstantial sensitivity of new technologies.  Techniques of production are tacit if they are not fully embodied in a set of artifacts like a collection of machines, seeds, manuals or blueprints for example.  The tacit elements of the new technology might be employed quite differently across producers using ostensibly identical techniques of production.  Moreover, the performance characteristics of a particular technique or production might be sensitive to the circumstances under which is used. Non-tradable inputs (most obviously land) vary in characteristics in ways that the affect the performance of different technologies.  The institutional context in which  a new technology is used and in particular the relationship between hired workers and farmers can also influence the performance of techniques of production.  Further, the general economic or political environment may also affect the application of the new technology and thus adoption rates.  If a technology is characterized by these kinds of tacitness and circumstantial sensitivities, then learning and innovation are interrelated wherever it is newly developed even if the explicit elements of technology are indeed embodied. 

To overcome these tacit and circumstantial barriers to adoption, there must be investments in learning.  There are two types of learning.  Farmers might engage themselves in learning-by-doing, experimenting with the new technology to reveal the tacit elements of the technology or to determine the sensitivity of the technology to local conditions.  Alternatively, farmers might learn-from-others, either from other producers engaged in learning-by-doing, or from locally based researchers and extension agents.  The two types of learning have different implications for policy and for the character of agricultural growth. When producers learn from their own experimentation, they actually undertake an investment that yields uncertain returns.  When producers learn from each other, not only is there risky investment, but that investment generates an informational spillover.
 

In modern agriculture, one of the most widespread technological innovations in both developed and developing countries is organic farming. In the European Union (EU), this mode of farming has been actively promoted in the context of the Common Agricultural Policy (CAP) during the last decades, via mainly subsidy-driven policies (summarized in EU Regulation 1257/1999).
  Indeed, financial incentives such as direct subsidies (via which the central government essentially “shares”  the risk of adoption) are common and effective means of overcoming farmers’ adverse perceptions.  These types of incentives are however costly, especially if adoption depends primarily on perceptions about future yields.  A promising and equally effective way to promote technological adoption in the farming sector is the provision of informational incentives that actually revise producers’ perceptions abolishing thus barriers to adoption of new farming technologies. Although fixed initial costs are incurred, informational incentives may be less costly than financial incentives in the long-run as information spreads throughout the rural communities. 

In light of this, the objective of this  paper is to offer an empirical framework for modeling the farmer’s decision to adopt organic farming analyzing at the same time the effect of informational spillovers in these decisions. We incorporate learning-by-doing and learning-from-others in a modified version of target input model of new technology developed by Foster and Rosenweig (1995), Munshi (2004) and Bandiera and Rasul (2006).  The theoretical model is applied to a sample of olive and cereal farms in Greece and Germany, respectively.  In traditional adoption models, the choice problem is one in which the profitability of adoption is uncertain and exogenous;  farmers thus learn from experience about true profitability.  However, empirical evidence suggests that optimal input use to be central to producers’ concerns in environments subject to technological change, and there appears to be some direct evidence of learning about the best use of inputs from others as well as from their own experience.  In addition, the profitability of any new technology grows over time as knowledge accumulates. It is therefore more appropriate to test directly for learning externalities in terms of productivity, rather than by inference from farmer adoption behavior.  

The main feature that distinguish conventional and organic farming methods, is fertilization and pest killing activities that involve the utilization of different nutritional or pest abatement materials.  While the form of the underlying production technology for organic farming is known with certainty, the specific features of this technology related in particular with fertilization or pest abatement are unknown to the farmers before applying the new technique on their crops. This uncertainty in turn affects all variable input use. For instance, more labor is required to produce organic materials than conventional nutritional practices, a different capital mix is necessary such as specific spraying equipment, or even different irrigation techniques may be also applied so that plants absorb more efficiently organic nutrients.  The reason behind this lack of knowledge on the specificities of the new technology is the information set owned by farmers.  Lack of information may result in inappropriate input choice and therefore in failure of maximizing farm profits under the new technology.  Informational gaps can be filled either from learning-by-doing when farmers are engaged into the new organic technology or from learning-from-others observing neighbors behavior.  

The next section presents the theoretical framework we suggest to analyze learning-by-doing and learning-from-others within technological adoption decisions of organic farmers; section 3 presents the resulting econometric specification;  section 4 presents the data used and the estimation results and underlines some important policy recommendations implied by our findings; finally, summary remarks are offered in the last section.

2. A Theoretical model of social learning

Learning-by-Doing and Learning-from-Others

Let’s start assuming that farmers utilize a vector of j variable inputs 

[image: image1.wmf] (e.g., land, physical capital, intermediate inputs, labor) to produce a single organic crop output , through a well-behaved technology described by the following non-empty, closed set:  
[image: image3.wmf], where I denotes the information set of farmers with respect the new farming method, and 
[image: image4.wmf] is a strictly increasing, differentiable concave farm production function, representing the maximal organic output from variable inputs given information set and technological constraints.  Hence, for farmers facing strictly positive crop 
[image: image5.wmf] and variable input 
[image: image6.wmf] prices, the maximal profits from organic farming with an information endowment of I about the new organic technology are those obtained from the following optimization problem:
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where, 
[image: image8.wmf] is positive linear homogeneous in output and, variable inputs prices, non-decreasing in output price and information set and non-increasing in variable input prices.  Under a complete information set, 
[image: image9.wmf], the maximal profits are achieved at the optimal levels of variable input use and output supply, 
[image: image10.wmf], on the boundary of 
[image: image11.wmf].  However, lack of information on using the new organic technology may result in choosing a different combination of variables inputs resulting thus, in lower profits.  In other words for any incomplete information set I, optimal variable-input demands differ, i.e., 
[image: image12.wmf] and therefore, farm total profits are less than those obtained under 
[image: image13.wmf], i.e., 
[image: image14.wmf].  

Following Foster and Rosenweig (1995), Munshi (2004) and Bandiera and Rasul (2006) we focus on variable input choices to analyze the effect of informational spillovers on technology adoption.  First, we assume that farmers use Bayesian updating to improve their information set and learn about the optimal target of variable input mix of the new organic farm technology.  That optimal input-mix has both a systematic and an idiosyncratic component.  Ex post farmers observe what the target had been drawing thus inferences about the systematic component.  Simplifying further the model, we normalize farm profits to one.  Then, realized profits obtained from organic produce, decline in the square of the distance between utilized variable input-mix and the uncertain optimal target input level as:
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where, 
[image: image16.wmf]it
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 is the vector of actual input choice under organic technology and 
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 is the optimal variable input-mix which is unknown to the farmers at the beginning of the cropping period.  After the input-mix has been chosen and organic output is realized, farmers update their beliefs on the actual input-mix.  Therefore, with repeating trials over input use during the cropping period, farmers actually form the distribution of the optimal level of organic input-mix.  

In this setup, the optimal organic variable input-mix fluctuates randomly around the mean optimal variable input-mix determined through farmers’ learning process as: 
[image: image18.wmf] where 
[image: image19.wmf] is an iid random term due to factors related with farmers’ informational level, prevailing environmental conditions and structural characteristics.  In other words, in every cropping period farmers form their own beliefs about the optimal variable input use that are normally distributed as 
[image: image20.wmf].  Assuming that the variance of the optimal input level is known to the farmers, profits are maximized when input level is chosen at the expected optimal target level, i.e., 
[image: image21.wmf] under a complete information set.  Thus, expected farm profits are given by:
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If farmers are learning only by their own trials, neglecting for the time being informational spillovers generated by their neighbors, then in each period an input bundle is chosen, organic produce is realized, and an inference is made which is used to update individual beliefs about optimal input-mix.  Before decisions are made the variance of farmers’ i prior belief about 
[image: image23.wmf] is 
[image: image24.wmf].  In the next period, after observing 
[image: image25.wmf], farmers apply Bayes’s rule to update their beliefs on the variance of 
[image: image26.wmf].  Their posterior beliefs are 
[image: image27.wmf] with 
[image: image28.wmf] being the precision of their initial beliefs on the true value of 
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 before decisions are made and, 
[image: image30.wmf] is the precision of information generated by their own field trial.  After repeated backwards substitution posterior beliefs can be written as 
[image: image31.wmf] where 
[image: image32.wmf] is the number of trials that farmer i has with the new technology on his own farm between periods 0 and 
[image: image33.wmf].  Substituting that into (3)

, farm expected profits are given now by the following:
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which imply that learning-by-doing increases expected organic profits since 
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If, now, we incorporate informational externalities assuming that farmers have a network of friends or relatives with which they share the same distribution of the optimal target input level, then they can eventually learn from each others’ trials.  Assuming that observation of neighbor choices is costless, then their posterior beliefs on the true variance of 
[image: image36.wmf] may be redefined as 
[image: image37.wmf], where 
[image: image38.wmf] denotes farmer’s i netowrk of friends and relatives and 
[image: image39.wmf] are the trials made by them. Therefore, expected organic farm profits may be written as: 
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The above implies that once a farmer in the network adopts the new organic technology, he generates an informational externality for all other farmers within his network, increasing their expected organic profits, i.e.,
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¶

E

t

p

i

t

é

ë

ê

ù

û

ú

¶

n

t

-

1

i

=

x

1

x

0

i

+

T

t

-

1

x

1

+

n

t

-

1

i

x

1

é

ë

ê

ù

û

ú

2

>

0





 MACROBUTTON MTPlaceRef \* MERGEFORMAT (7)
Apart of that some more interesting results are obtained from 
(6)

.  First, the two sources of information, i.e., learning-by-doing and learning-from-others, are substitutes as  GOTOBUTTON ZEqnNum191814  \* MERGEFORMAT .  Second, if farmers have more precise initial information set on the optimal variable input mix, informational spillovers are lower as 
[image: image43.wmf].  In other words, farmers that are better informed of how to use the new organic technology are less responsive to the choices of their own network.  Third, farmers that are able to absorb and digest more easily the information obtained from their own network need to observe fewer trials in order to gain the same profits as 
[image: image44.wmf].  
The latter means that networks are not generating the same informational spillovers either because they are more geographically concentrated or because farmers are having better ability to absorb and digest information on the new organic technology. 

The Adoption Decision

Let assume that adoption decision is formulated with a discrete choice: 
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 if farmer i adopts organic technology at period t and 
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 otherwise.   If farmers benefit from informational externalities then the value of their future profits from period t to T is given by:
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where 
[image: image48.wmf] 
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 are the profits obtained from conventional farming practices, 
[image: image49.wmf] is the number of trials that farmer i has made up to period s, 
[image: image50.wmf] is the number of trials of his own network over the same period and, δ is the discount rate.  If we assume that the adoption of organic farming practices is irreversible and there is only an informational cost of acquiring the new organic technology, then farmer i adopts organic technology in period 0 if the following inequality holds:
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that is, if the present value of profits from adopting organic technology in period 0 is higher than the present value of leaving crop technology unchanged. 
From (8)

 it is obvious that individual expectations on the adoption rate of organic technology by the members of the social network, have a direct effect on the value of individual expected farm profits.  The more experimentation farmers expect from their social network, the higher the profit they expect taking advantage of the generated informational spillovers.  On the other hand, individual farmers may have an incentive to delay adoption if many members of their social network are expected to adopt organic technology early.  Farmers who expect that many of their neighbors will adopt the new organic technology may delay their own adoption as the value of the information that they will receive from experimenting with the crop is lower.  
The derivative of net gains in 
(8)

 from adopting in period 0 with respect to  GOTOBUTTON ZEqnNum843771  \* MERGEFORMAT  is:
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From (10)

 is more likely to be positive.  This creates a positive correlation between the propensity of farmer to adopt and the adoption choices of his network.  On the other hand, for more forward-looking farmers this is more likely to be negatively correlated.  Both the informational externality and the strategic delay effect are concave in the number of adopters in the network. 
(10)

 it is obvious that on the one hand farmers’ incentive increase as the use of new organic technology by network members creates an externality for them that increases their current profitability and on the other, farmers have an incentive to delay adoption because the value of information they receive from their own trials is lower as more network members adopt.  Thus, the net gains from adopting in period 0 can be increasing or decreasing in the number of adopters among the network.  Intuitively, if farmers are myopic they will have less incentive to delay strategically adoption and 
3. Empirical modeling of adoption decisions

The profitability condition in (9)

 implies that farmers adopt organic technology if the present value of profits from adopting in period 0 is higher than the present value of keeping the conventional crop technology.  This condition is determined by both informational channels (i.e., learning-by-doing and learning-from-others), conversion subsidies and, by individual perceptions on the profitability of both farming technologies.  First, to quantify empirically learning-from-others we make use of Rogers (1995, p.12) distinction of homophilic neighbors.  Specifically, we proxy the information available to farmers from his social network as the stock of homophilic adopters in his village area, i.e., 
.  Following Rogers (1995) the stock of homophilic adopters include those that share common characteristics, i.e., religious beliefs, education, age, with farmer i.  Given our data availability, we define homophilic farmers using education levels, age and farm specialization.  Farms in the village area were classified into four quartiles using these variables and then homophilic farmers were defined as those belonging to the same quartile according to all variables. 

As this network is farmer specific and defined within the village, we also control for village effects denoted by the vector 
[image: image55.wmf].  These variables  control for village determinants of adoption such as proximity to markets, land quality and any component of information on new technology that is commonly known to all farmers. Specifically, in our empirical application we use the following village-specific variables: (a) the average off-farm income level in the village measured in euros as a proxy of farmers motivation in farming business. The more household income farmers are gaining from off-farm activities the less their motivation would be to innovate and increase their farming income; (b) a categorical variable indicating soil quality in the area. Poor soil quality may discourage farmers to innovate as their expectation of future profits would be low from any innovation. Using individual farmer perception soil was classified into three categories depending on its fertility; (c) the extent of participation in cooperatives. (i.e., percentage of farmers participating in cooperatives in the village). Rural cooperatives usually act as information channels for farmers about farming innovations in general as well as in passing through important information concerning  farming practices and; (d) farmers innovative ability in the area.  Using Yaron, Dinar and Voet (1992) approach we have constructed an index of innovativeness at the village area as a proxy of farmers ability to innovate and adopt new farming technologies.  

Quantifying learning-by-doing is more complicated.  In running the sample survey, a question was included asking from the farmers to indicate the extent of their initial knowledge concerning the new organic farming technique.  Specifically, farmers were asked to indicate within a range between 0 and 100, how they evaluate their know-how concerning organic farming. This quantitative variable was used in the empirical analysis to proxy learning-by-doing, i.e., 
[image: image56.wmf] 
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. Finally, we control for farmer i individual characteristics denoted by the vector 
[image: image57.wmf] to capture the precision of his initial beliefs about the parameters of the new technology and other characteristics that determine the costs and benefit of adoption in period 0.  

In particular, we use the following farm-specific variables: (a) the size of the farm measured in stremmas (one stremma equals 01 ha).  Larger farms may have a greater potential to adopt organic technologies because of the high costs involved in conventional fertilization and spraying practices.  However, on the other hand, larger farms may have less financial pressure to search for alternative ways to improve their income by switching to a different technology (Perrin and Winkelmann 1976; Putler and Zilberman 1984); (b) the age of the household head measured in years as a proxy of his farming experience and planning horizon. Farming experience, which provides increased knowledge about the environment in which decisions are made, is expected to affect adoption positively. On the other hand, younger farmers with longer planning horizons may be more likely to invest in new technologies as they have to take into account future generations; (c) the education level of the household head measured in years of schooling.  More educated farmers adopt profitable new technologies faster since the associated payoffs from innovations are likely to be greater (Rahm and Huffman 1984) and; (d) the gender of the household head to capture any difference in the innovative ability among genders.  

Denoting the unobservable present value of net gains from adoption to farmer i in village k as 
[image: image58.wmf] the stochastic element in the adoption decision can be modeled by the following general form

[image: image59.wmf] 
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where, 
[image: image60.wmf] is the stock of homophilic adopters in the village area, 
[image: image61.wmf] is farmers individual knowledge on the new organic technology, 
[image: image62.wmf] are the conversion subsidies recieved by farmers,
[image: image63.wmf] are the village-specific variables, 
[image: image64.wmf] are the farm-specific characteristics and, 
[image: image65.wmf] is an iid error term containing unobserved individual and network characteristics that determine the present value of net gains from adoption.  However, what is observed by the econometrician is whether somebody adopts the new crop technology.  A convenient representation of this situation is through a probit model, where we define an indicator 
[image: image66.wmf] that takes a value of 1 for those farms that adopt new farming methods and a value of 0 if new technology is not adopted, i.e., 
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Hence, the probability that farmer i adopts the new technology is given by 
[image: image68.wmf].  Given that the net gains from adopting the new technology may be increasing or decreasing in 
[image: image69.wmf] 
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 depending on whether the positive effect of the contemporaneous information externality prevails over the negative effect of the incentive to delay, we assume that the effect of learning-by-doing and learning-from-others enter into (11)

 takes the following general form:
(11)

 in a non-linear fashion. Specifically, relation 
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where β, γ and, δ are the parameters to be estimated. In order to be able to identify potential complementarities or not between informational cannels and conversion subsidies, these were also included into the 
[image: image72.wmf] function.  Following the informative approach similar to Bertrand et al., (2000) and Goolsbee and Klenow (2002) we estimate a quadratic specification for 
[image: image73.wmf] allowing at the same time for interaction terms between the two sources  of information. 
4. Data and empirical results

The model described above has been empirically applied to two case countries, namely, Greece and Germany. A primal survey was conducted among farmers concerning their  adoption behavior with respect to organic farming as well as their perceptions about their villages and networks. More specifically, farmers were asked to provide analytical information about their farm production activity, socio-demographic information about themselves, subsidies received and past innovation behavior and attitudes. In addition of providing details about themselves, farmers were asked about their perceptions about soil quality in their village
. Summary statistics for the data are presented in Tables 1 and 2 below. 

The Greek survey involved a total of 210 olive oil producers randomly selected from the Chania region in the western part of the island of Crete. The upper panel of Table 1 presents descriptive statistics related to individual farmers’ characteristics and shows that 28.6 per cent (60 farmers) of the surveyed farmers indicated that they had adopted organic farming techniques in their production process. The average age of the farmers in the sample was 55 while the corresponding figures for organic and conventional farmers were 52 and 56, respectively. The strong majority of organic and conventional farmers are males who have completed on average 12 years of formal education. The data show that organic farmers have on average larger farms (three times as large) and that amount of subsidies they receive is at least four times bigger than conventional farmers. In addition, large differences exist between the two groups with respect to the number of adopters among homophilic farmers, since it is at least three times bigger on average for organic farmers. Furthermore, as we should expect, organic farmers perceive themselves as more knowledgeable about organic farming, they also declare having adopted more innovations in the past and are more innovative according to the innovativeness index than their conventional counterparts. 
The middle panel of Table 1 is devoted to the characteristics of the farmer’s network, or in other words, of the farmers with whom the farmers interact. Conventional farmers interact with younger, slightly more educated farmers who exploit considerably smaller farms compared to those with whom organic farmers interact. Participation in cooperatives is smaller for the conventional networks. 

The lower panel of Table 1 illustrates descriptive statistics for the personal perceptions of the surveyed individuals regarding the characteristics of the farmers in the village. Organic respondents display higher perceptions for soil quality in their village, while village participation in cooperatives is about the same for the two groups. On the other hand, big differences are displayed in the village average off-farm income (2354 euros for conventional versus 895 euros for organic) and in the village Innovativeness index which is almost 10 for organic respondents and only 5.9 for conventional.

Turning now to the case of German farmers, the survey involved 72 cereals producers of which 52 were organic and 20 were conventional.  We can see from the upper panel in Table 2 that in this case organic farmers are slightly older, substantially more educated (17 versus 13 years of education) while their farms are about four times smaller in size than their conventional counterparts. Another difference with the case of Greece is that 15% of the organic farmers are female while the corresponding number is 5% for the conventional case. As in the case of Greece, the number of homophilic adopters is bigger for organic respondents as is their knowledge of organic farming, their Innovativeness index and the number of innovations adopted in the past.

As far as network characteristics are concerned, we can see some substantial differences with the case of Greece. In effect, in this case we have that conventional farmers interact with less educated farmers whose farms are on average three times as large as those of organic farmers networks. Participation in cooperatives is larger for conventional networks than for the organic ones while similar to the case of Greece the average age of network members is higher in the case of organic respondents.

Finally, the lower panel of Table 2 displays the descriptive statistics for the respondent’s village characteristics which show that the perceptions of soil quality are higher while the Innovativeness index is much higher for villages of organic farmers. Off-farm income and participation in cooperatives are higher for villages of conventional farmers.  It should be noted that the numbers for the participation in cooperatives for both villages and networks and for both organic and conventional are much higher in Germany than what they are in Greece.  This could play an important role when trying to explain differences in adoption rates between the two countries since as mentioned before cooperatives act as important channels of information dissemination.

The binary discrete choice model described by equations (11)-(13) above was estimated for both countries separately under the assumption of normal errors.  The sets of regressors included in these probit models are the same for both countries in order to facilitate comparisons. In addition, all explanatory variables were converted to indices before estimation.  The specification of the models assumes that learning-by-doing 
[image: image74.wmf], the number of adopters among  homophilic  peers 
[image: image75.wmf] and the amount of subsidies 
[image: image76.wmf] affect adoption together with their interactions and their squares. This gives enough flexibility to the model so that a change in one of the above three regressors can have both positive and negative effects on the probability to adopt depending on its value. 

 In order to take into account farmers’ own characteristics the four variables described in the previous section, namely, the size of the farm, the age of the farmer, the gender of the farmer and  his/her educational level were included in the model. Finally, for village characteristics we include the four variables described above: off-farm income, soil quality, participation in cooperatives and innovative ability.  The probit estimates for Greece are shown in Table 3. In the first two models, learning-from-others and learning-by-doing are used alternatively as information variables in the estimation procedure, while in the third model, only subsidies are included. In model 1.4 both information variables, the amount of subsidies and their pairwise products are included as explanatory variables. No significant variations are observed between the estimation results of the four models as far as the sign of the parameters and their statistical significance. 
The parameters estimates in the first three models indicate the presence of positive effects which are hampered by the presence of the negative coefficients for the quadratic terms.  For model 1.4 the interpretation of the parameter estimates in the first panel of Table 3 is complicated by the fact that quadratic terms and interactions appear in the model making it difficult to uncover the direction of the effects of changes in the involved regressors. However, the marginal effects of 
[image: image77.wmf] 
[image: image78.wmf] and 
[image: image79.wmf] are easily computed and thus for the first panel we will discuss only the latter which are presented at the bottom panel of the table and which are computed at the mean values of the regressors. In addition, the analytical formulas for the derivatives of the three marginal effects with respect to the three aforementioned variables were used to find their signs (at the mean values of the regressors) for both countries and these are reported in Table 5. The highest marginal effect is achieved by the information variable 
[image: image80.wmf] and the lowest by the subsidies variable So and therefore the former has the greatest positive effect on the probability of adoption. The empirical results support the importance of learning-by-doing and learning-from-others in the diffusion process relative to the granting of subsidies and reveal the former as the most conducive information variable in the adoption of organic farming. Furthermore, the results imply that information cascades on the new technology and not awareness are crucial for the speed of the adoption. This is more important than blind provision of production subsidies to internalize information externality. 
Turning now to Table 5, each entry should be interpreted as the sign of the derivative of the marginal effect of the column variable with respect to the row variable whereas due to symmetry only the upper half is reported. Thus, the marginal effect of an increase in the number of adopters (or in the amount of own information) is decreasing in the number of adopters and the amount of own information, while it increases with the amount of subsidies. This means that information on the use of new technology was found to become less important as technology is spread among the population of farmers, implying that any internalization of the information externalities would be more effective at the early stages of the adoption.  This also means that well informed farmers are less influenced by increases in the number of homophilic adopters than less informed farmers, a finding that is consistent with Bandiera and Rasul (2006).  Moreover, an increase in the amount of subsidies seems to be more adoption promoting when the number of homophilic adopters or the amount of own information are high than when they are small. Therefore subsidies are more effective in attracting new adopters for those farmers who already interact with adopters or are well informed.  

The size of the farm and the educational level of the farmer affect positively the probability of adoption of organic farming techniques in Greek olive oil production, while the latter is negatively affected by increases in farmers’ age. Gender differences are not statistically significant with respect to adoption. These results imply that direct information provision would enhance technology adoption if it was directed to specific groups of farmers. Specifically, information provision should target young farmers with high education levels, and who are owners of larger farms.

Furthermore, the innovative ability of the farmers in the village and the perceived soil quality have a positive impact on the probability of adoption of organic farming in Greece.  This implies that diffusion is stronger in rural areas with professional farmers with high innovative ability and that good soil conditions affect adoption. On the other hand, the average village off-farm income has a negative effect on adoption due maybe to the fact that activities alternative to farming are present in the village, making farmers less dedicated to their farming activities. The village level of participation in cooperatives is not statistically significant in the case of Greece.
 If we turn to the case of Germany we will see that most of the above results are reproduced here as well. The probit estimates for the alternative model specifications are shown in Table 4. As mentioned before, the same models where estimated for the German case so as to make results comparable. The parameters in the first three models were found to have the expected signs, implying positive and decreasing marginal effects of the information variables and of subsidies. Again, learning-by-doing appears as the single most important factor of the three in the lower panel of the table. In terms of second order effects (from the square and interaction terms) the same pattern as in the case of Greece emerges in Table 5. Marginal effects are decreasing in their own variables implying that although positive they are decreasing. Higher levels of subsidies enhance the effects of the other two informational variables while the effect of each informational variable is hampered by increases in the other. Since the results for German cereal production are so similar to those for Greek olive production, the same policy implications can be derived in terms of information externalities.
With respect to farm characteristics it is worth noting that once again gender is not significant and that the coefficient for age is twice as big as in the case of Greece.  Turning to village characteristics, one difference worth noting  with respect to the Greek case is the fact that the level of village participation in cooperatives is significant now, this could indicate that the latter play an important role in the diffusion of information in Germany.

The results presented above show that information and subsidy policies interact with each other when trying to enhance the adoption of organic farming techniques. European Union policies aiming at boosting the adoption and diffusion of new technologies in the farm sector should recognize the importance of promoting information about the new techniques. In this sense, increasing the operation of public extension programs and the provision of agricultural practice seminars can contribute to the spread of information about the new techniques. Moreover, these programs should target young educated farmers engaged in professional farming activities since they are the most innovative socio-economic group in rural areas and the more likely group to adopt the new technology. This is in turn would create informational cascades among farmers in the area.  Subsidy policies in their own are not as effective in the diffusion process as information dissemination but they can help accelerate this process as information is being spread.  Specifically, subsidies accelerate the rate of adoption as the number of adopters grows. As the process of adoption proceeds, the people who have not adopted yet are those who look to organic farming with more distrust (the harder to convince people) and therefore subsidies can compensate for this distrust. Early adopters are innovative people willing to take risks so they do not need subsidies as much as those farmers who are not as keen to innovate. 

5. CONCLUDING REMARKS

The present paper uses the data from two surveys of farmers to analyze the factors that enhance the adoption of organic farming practices. Both surveys, one related to Greek olive growers while the other is composed by German cereal producers, provide the same answers as to the effects of social interactions, learning-by-doing and subsidies on the probability of adoption.  Our results show that the probability that a farmer adopts organic farming increases with the number of homophilic adopters but this increase diminishes as the number of homophilic adopters rises.   The same kind of behavior is displayed by learning-by-doing and by the level of subsidies. As the farmer acquires more information about organic farming he is more likely to adopt but each successive increase in the amount of information is every time less effective. 
Subsidizing early adopters has been advocated as a means to internalize these information externalities. Our results show that subsidies can enhance network effects even in those cases where there is already a critical mass of adopters.
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Table 1. Farmers’ and Farm Characteristics (Mean Values): Greek Olive Farms.

	
	
	All Farms
	Organic
	Conventional

	No of Farms
	
	210
	60
	150

	
	
	(100%)
	(28.6%)
	(71.4%)

	Farm Characteristics:
	
	
	
	

	Farmer’s Age (years)
	Age
	55
	52
	56

	Farmer’s Gender (%):
	Gen
	
	
	

	Male
	
	92.9
	91.7
	93.3

	Female
	
	7.1
	8.3
	6.7delete this row

	Farmer’s Education (years)
	Edu
	10
	12
	12

	Farm Size (stremmas)
	Size
	55.9
	89.4
	29.5

	No of Homophilic Adopters
	
[image: image81.wmf] 

 

n

0

i


	9.8
	15.5
	4.2

	Knowledge on organic (%)
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T

0

i


	33.1
	54.3
	12.1

	Innovativeness (1-10)
	Inn
	5.9
	7.9
	3.1

	No of Innovations adopted
	InnA
	4.0
	6.4
	2.1

	Subsidies (euros)
	Sub
	3,496
	6,499
	1,475

	Farmer’s Network Characteristics:

	Farmer’s Age (years)
	NAge
	45.6
	46.0
	42.9

	Farmer’s Education (years)
	NEdu
	9.9
	9.5
	12.7

	Participation in Coop. (%)
	NCoop
	37.9
	38.7
	33.3

	Farm Size (stremmas)
	NSize
	58.9
	95.3
	22.4

	Village Characteristics:
	
	
	
	

	Off-farm income (euros)
	VOff
	1,324
	895
	2,354

	Soil Quality (1-4)
	VSoil
	2.5
	2.9
	2.1

	Participation in Coop. (%)
	VCoop
	33.7
	33.5
	34.2

	Innovativeness (1-10)
	VInn
	8.7
	9.5
	5.9



Table 2. Farmers’ and Farm Characteristics (Mean Values): German Cereal Farms.

	
	
	All Farms
	Organic
	Conventional

	No of Farms
	
	72
	52
	20

	
	
	(100%)
	(72.2%)
	(27.8%)

	Farm Characteristics:
	
	
	
	

	Farmer’s Age (years)
	Age
	48
	49
	46

	Farmer’s Gender (%):
	Gen
	
	
	

	Male
	
	87.5
	84.6
	95.0

	Female
	
	12.5
	15.4
	5.0 delete this row

	Farmer’s Education (years)
	Edu
	15
	17
	13

	Farm Size (stremmas)
	Size
	181
	112
	414

	No of Homophilic Adopters
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n

0

i


	5.9
	9.6
	2.3

	Knowledge on organic (%)
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T

0

i


	44.1
	66.3
	21.7

	Innovativeness (1-10)
	Inn
	7.3
	9.5
	6.1

	No of Innovations adopted
	InnA
	6.7
	8.2
	3.1

	Subsidies (euros)
	Sub
	50,842
	62,938
	1,005

	Farmer’s Network Characteristics:

	Farmer’s Age (years)
	NAge
	47.7
	48.3
	39.0

	Farmer’s Education (years)
	NEdu
	16
	16
	13

	Participation in Coop. (%)
	NCoop
	69.2
	68.7
	73.4

	Farm Size (stremmas)
	NSize
	156
	123
	354

	Village Characteristics:
	
	
	
	

	Off-farm income (euros)
	VOff
	3,245
	2,654
	4.654

	Soil Quality (1-4)
	VSoil
	2.8
	3.1
	2.5

	Participation in Coop.s (%)
	VCoop
	56.4
	52.3
	70.9

	Innovativeness (1-10)
	VInn
	6.5
	8.0
	2.9


Table 3. Parameter Estimates for Alternative Model Specifications: Greek Olive Farms.

	
	Model 1.1
	Model 1.2
	Model 1.3
	Model 1.4

	
	Estim.
	t-ratioa
	Estim.
	t-ratio
	Estim.
	t-ratio
	Estim.
	t-ratio

	Information Variables and Subsidies:

	
[image: image85.wmf]
	0.2781
	(2.342)
	-
	-
	-
	-
	0.2212
	(2.023)

	
[image: image86.wmf]
	-0.1124
	(1.892)
	-
	-
	-
	-
	-0.1023
	(1.902)

	
[image: image87.wmf]
	-
	-
	0.4783
	(3.672)
	-
	-
	0.4123
	(2.983)

	
[image: image88.wmf]
	-
	-
	-0.2123
	(3.123)
	-
	-
	-0.2024
	(2.654)

	
[image: image89.wmf]
	-
	-
	-
	-
	0.1342
	(2.643)
	0.0883
	(2.342)

	
[image: image90.wmf]
	-
	-
	-
	-
	-0.0621
	(2.123)
	-0.0332
	(1.553)

	
[image: image91.wmf]
	-
	-
	-
	-
	-
	-
	-0.1911
	(2.443)

	
[image: image92.wmf]
	-
	-
	-
	-
	-
	-
	0.0145
	(1.662)

	
[image: image93.wmf]
	-
	-
	-
	-
	-
	-
	0.0244
	(2.323)

	Farm Characteristics:

	Size
	0.0398
	(2.231)
	0.0491
	(2.543)
	0.0502
	(2.982)
	0.0532
	(2.653)

	Age
	-0.0298
	(1.423)
	-0.0473
	(2.092)
	-0.0532
	(2.312)
	-0.0635
	(2.332)

	Gen
	-0.3647
	(0.515)
	-0.3123
	(0.893)
	-0.2452
	(1.099)
	-0.2012
	(0.734)

	Edu
	0.4124
	(2.342)
	0.3342
	(1.827)
	0.3092
	(1.732)
	0.2039
	(1.664)

	Village Characteristics:

	VOff
	-0.7892
	(2.563)
	-1.0198
	(3.123)
	-1.1234
	(3.231)
	-1.2231
	(3.234)

	VSoil
	0.3634
	(1.314)
	0.2543
	(1.982)
	0.2231
	(1.872)
	0.1872
	(1.632)

	VCoop
	1.5432
	(1.120)
	1.4532
	(1.231)
	1.3522
	(0.963)
	1.2212
	(0.773)

	VInn
	3.2314
	(2.763)
	3.5324
	(2.987)
	3.6732
	(3.231)
	3.8882
	(3.653)

	Constant
	-21.235
	(2.345)
	-26.632
	(3.214)
	-28.983
	(3.209)
	-31.233
	(3.432)

	R-squared
	0.5523
	0.5342
	0.5534
	0.5823

	Marginal Effects of Information Variables and Conversion Subsidies:
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	0.0892
	-
	-
	0.0712
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	-
	0.1872
	-
	0.1543
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	-
	-
	0.0233
	0.0387


aThe absolute values of the t-ratios are in parenthesis


Table 4. Parameter Estimates for Alternative Model Specifications: German Cereal Farms.

	
	Model 1.1
	Model 1.2
	Model 1.3
	Model 1.4

	
	Estim.
	t-ratioa
	Estim.
	t-ratio
	Estim.
	t-ratio
	Estim.
	t-ratio

	Information Variables and Subsidies:
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	0.3654
	(2.432)
	-
	-
	-
	-
	0.2532
	(1.953)
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	-0.1243
	(2.012)
	-
	-
	-
	-
	-0.0782
	(2.423)
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	-
	-
	0.5043
	(2.123)
	-
	-
	0.3725
	(2.982)

	
[image: image100.wmf]
	-
	-
	-0.1302
	(1.892)
	-
	-
	-0.1244
	(1.873)

	
[image: image101.wmf]
	-
	-
	-
	-
	0.1102
	(2.342)
	0.0534
	(2.123)

	
[image: image102.wmf]
	-
	-
	-
	-
	-0.0522
	(1.920)
	-0.0234
	(1.899)
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	-
	-
	-
	-
	-
	-
	-0.0563
	(2.423)
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	-
	-
	-
	-
	-
	0.0981
	(1.401)

	
[image: image105.wmf]
	-
	-
	-
	-
	-
	-
	0.0203
	(1.982)

	Farm Characteristics:

	Size
	0.0546
	(1.893)
	0.0234
	(1.983)
	0.0384
	(1.892)
	0.0276
	(1.717)

	Age
	-0.0412
	(2.034)
	-0.0432
	(2.092)
	-0.0562
	(2.123)
	-0.0792
	(2.123)

	Gen
	0.0654
	(1.402)
	0.0877
	(0.982)
	0.0732
	(1.013)
	0.0534
	(0.872)

	Edu
	0.2045
	(2.324)
	0.3245
	(2.134)
	0.3324
	(2.231)
	0.4102
	(2.345)

	Village Characteristics:

	VOff
	-1.5463
	(3.123)
	-2.9282
	(1.742)
	-2.2315
	(1.892)
	-2.1233
	(2.092)

	VSoil
	0.6023
	(2.342)
	0.5102
	(2.234)
	0.4255
	(1.999)
	0.3124
	(2.124)

	VCoop
	2.6034
	(2.702)
	2.0924
	(2.235)
	1.9823
	(2.124)
	1.8722
	(2.423)

	VInn
	3.9034
	(2.802)
	4.1234
	(2.746)
	3.7362
	(2.424)
	2.5232
	(2.112)

	Constant
	-10.321
	(2.902)
	-11.553
	(3.092)
	-13.523
	(3.4243)
	-15.312
	(3.324)

	R-squared
	0.4903
	0.5162
	0.5245
	0.5535

	Marginal Effects of Information Variables and Conversion Subsidies:
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	0.1102
	-
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	0.0532
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	0.2134
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	0.1231
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	0.0142
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aThe absolute values of the t-ratios are in parenthesis

Table 5.  Relationship between Informational Variables and Conversion Subsidies.

	
	Changes in Marginal Effects

	Changes in
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ENDNOTES
� Excellent surveys of the existing literature on technological adoption models are provided by Feder, Just and Zilberman (1985), Feder and Umali (1993) and Sunding and Zilberman (2001). In addition, Besley and Case (1993) provide a detailed review of some possible empirical models for studying technology adoption in agriculture.  


� Similarly, imperfect information concerning new technologies may bring risks associated with innovation adoption that may raise the possibility of committing errors (Stigler, 1961; Lin, 1991).


� This learning externality underlies some modern models of economic growth and provides a role for government or other social institutions which might supply a mechanism for rewarding experimenters for the positive externality generated by their activities (Romer, 1990; Lucas, 1988).


� Lampkin and Padel (1994) analyzed these policy schemes and found conversion subsidies expanded organic farming significantly throughout Europe at least in the early years.


� The data were collected under the auspices of the EU FOODIMA-Food Industry Dyamics and Methodological Advances project (Contract No 044283). We are very grateful to our colleagues from the Martin Luther University in Germany for providing us with the German data.
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