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1 Introduction

Concerns over climate change and increasing pressure on land have resulted in increased
promotion of sustainable production methods that increase yields, while protecting the
environment as well as increasing the resilience of crops to climatic change (Kassam et al.,
2012; Branca et al., 2011; FAO, 2011; Knowler and Bradshaw, 2007; Erenstein, 2002). Such
agro-ecological practices form part of organic agriculture principles, but in practice, low-input
production with none, or very little sustainable soil and water management practices are
frequently certified as organic in many developing countries.

To encourage the adoption of sustainable production methods, national governments,
NGOs and international donors have promoted the marketing of export crops through certified
marketing channels, mostly through farmer-based groups, as an attractive business model for
smallholders in developing countries (Beuchelt and Zeller, 2011). These sustainable
certification schemes have become increasingly popular in many countries because they
combine valued traits that are related to the environment, poverty alleviation, and health
outcomes into a single commodity (Barham and Weber, 2012). Consumers generally show
their preferences for such products by paying higher prices to support an environmentally
healthy world. However, the success of these schemes depends to a large extent on prices
received and incomes earned by the farmers.

The significance of these schemes in promoting sustainable farm practices and
improving the incomes of smallholders in developing countries has attracted the attention of
many policy analysts over the last few years. In particular, several studies have examined the
impacts of certification schemes on farm outcomes such as farm revenues, profits, and
household poverty (Pretty et al., 2003; Ninan and Sathyapalan, 2005; Bolwig et al., 2009;
Valkila, 2009; Beuchelt and Zeller, 2011; Barham and Weber, 2012). Most researchers find
modest positive impacts of organic certification on farm revenues and household income,
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certification to price premiums that are paid at least for part of the crop sales (e.g. Valkila,
2009; Bolwig et al., 2009; ITC, 2011), although it is usually not clear whether the effect
comes from certification, contract farming, or export market access. It is important to note that
some researchers have been rather skeptical on the ability of certification to lift farmers out of
poverty, given the usually low revenue increases. The main reasons for this skepticism are the
high certification and investment costs involved in the process (Calo and Wise, 2005; Valkila,
2009; Beuchelt and Zeller, 2011).

Despite this increasing number of impact assessment studies, very few studies have
considered the environmental outcomes of different certification programs (Barham and
Weber, 2012). Philpott et al.’s (2007) study on Mexico examines environmental outcomes by
analyzing the impact of certification on vegetation and ant, as well as bird diversity in coffee
farms and forests. Rather surprisingly, their findings show no differences between in
vegetation characteristics, ant or bird species richness, or fraction of forest fauna in farms
based on certification. Pretty et al. (2006) conduct a review of 286 interventions to show that
the use of sustainable agricultural practices increases productivity on developing country
farms, albeit using best practices. Bolwig et al. (2009) studied the effect of organic contract
farming and adoption of organic practices on 112 coffee producing smallholders and conclude
there are somewhat higher revenues for farmers that adopt organic farming techniques,
findings confirmed by Blackman and Naranjo (2010) who find that organic certified farmers
in Costa Rica use less chemicals and adopt some environmental friendly management
practices. However, they base their analysis on only 35 certified coffee farmers in Costa Rica.

With the notable exception of the study by Pretty et al. (2006), which includes
countries from sub-Saharan Africa, we find no empirical evidence on the impacts of
certification on environmental outcomes in sub-Saharan Africa. In particular, the dependence
of the yield impact of organic certification on the intensity of agro-ecological practice use has

hardly been studied in the existing literature. Some authors have argued that organic farming



in Africa mostly implies the non-application of chemical inputs, without necessarily adopting
alternative soil fertility management practices. This is particularly so for the many
smallholders in Africa, who traditionally produce “organically by default”, since they virtually
use no external input. The smallholders who use no chemical inputs or very low levels of
external inputs normally face lower entry barriers into organic certification programs, since
they require small adjustments to meet certification requirements. Organic certification only
requires abstaining from the use of chemical substances, but not the active use of alternative
inputs. However, Barham and Weber (2012) suggest that improving productivity by means of
agronomic practices may be more important than focusing on price increases by means of
certification. On the other hand access to higher-priced organic markets may provide
incentives to adopt (more) agro-ecological practices (Wollni et al., 2010).

This study contributes to the literature by examining the effect of organic certification on the
extent to which agro-ecological practices are used, as well as the impact of the intensity of use on the
return on investment (ROI). We employ data from a recent farm-level survey of 386 small-scale
pineapple farmers in the Greater-Accra and Central Regions of Ghana. The study accounts for
selection bias due to unobservable factors by using the framework of endogenous switching regression
approach (Lee, 1978). The approach allows us to analyze the determinants and effects of the adoption
decision of organic farming on the use of agro-ecological practices, separately for adopters and non-
adopters among the sample of 386 pineapple farmers. In investigating the impact of agro-ecological
practice on ROI, we use the generalized propensity score approach developed by Hirano and Imbens
(2004) to control for selection bias.

As in many other developing countries, agricultural production in Ghana contributes to
environmental damage such as underground water depletion, soil erosion, water and soil pollution, loss
of biodiversity, deforestation, and global climate change. In particular, crops that are produced for
export are usually intensively treated with pesticides to assure the required quality and uniformity.
This is also the case for pineapple, the third most important agricultural export product of the country,

after cocoa and palm oil. On the environmental side, climate change is expected to have negative



effects on agricultural production, while population pressure will contribute to increased soil
degradation and consequently lower crop yields (Diao and Sarpong, 2007). The Ghanaian government
has attempted to address these problems through environmental protection (Government of Ghana,
2010) and has established an organic agriculture desk in the Ministry of Food and Agriculture
(MOFA).

Our findings show that organic certification increases agro-ecological practice use, suggesting
that certification already serves as a catalyst for the use of agro-ecological practices. We also find that
the use of agro-ecological practices generally has a positive and nonlinear effect on the return on
investment.

The remainder of the study is structured as follows: The next section gives an
overview of the pineapple sector in Ghana and the data used in the analysis. It is followed by
the presentation of the corresponding descriptive statistics. Subsequently, section 3 presents
the conceptual framework and empirical strategy employed in the analysis. The empirical
results are presented in section 4. The final section provides concluding remarks and

implications.

2 Background and Data

2.1 Background

The agricultural sector in Ghana accounts for about 30% of gross domestic product (GDP)
and employs over 50% of the Ghanaian working population (WDI, 2011). In recent years,
non-traditional exports of horticultural products experienced significant growth. Exports of
fresh fruits and vegetables, especially to Europe, are now the most important growth sector of
Ghana’s agriculture. The country began exporting pineapples in small quantities in the 1980s.
Ghanaian pineapple farmers produce the varieties MD2, Smooth Cayenne, Sugar Loaf and
Queen Victoria, where Sugar Loaf is mainly produced for the local market, or for processing,
while Queen Victoria plays a minor role as a high-priced specialty product. Pineapple exports

increased rapidly until 2004, after which it declined towards 2010, partly because of a change
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in varieties demanded on world markets, to which the Ghanaian pineapple sector reacted
slowly. Many farmers gradually switched to the new world market variety (MD2), while some
produced organic pineapples for export. According to estimates from the Ghanaian export
promotion council (GEPC) and the Sea Freight Pineapple Exporters Association of Ghana
(SPEG) about 31,000 tons of the estimated 75000 tons produced in the country were exported
in 2009 (GEPC, 2010).

Actors in the Ghanaian Pineapple Sector

Pineapple farming in Ghana is largely located within a radius of 100 km north-west of the
capital Accra in the regions of Greater Accra, and the Central and Eastern Region. The
pineapple industry is driven by two dominant groups of producers that include few large or
medium-sized producers, and a large number of small-scale farmers. The small-scale farmers
mostly sell their fruits on the local market or to exporters. Among these smallholders, there
are two clusters, traditional low-input “organic-by-default” producers and another group of
farmers that strive to imitate large-scale high-input production. Smallholders prefer selling
their fruits on the export market because of higher prices, but due to high quality
requirements, fruits for export are also more expensive to produce (Suzuki et al., 2011).
Pineapple export in Ghana is predominantly organized by export companies that are also
engaged in pineapple production.

Organic Production

Certified organic products achieve price premia and access to new markets. According to
Kleemann (2011), organic certified pineapples from Africa receive a price premium on the
European market, which is normally passed on to the producers. About 0.19% of the
agricultural land in Ghana is organic certified, with a presumably higher part in pineapples'.
Organic certification refers to the standards in the EU regulations (EC) 834/2007 and (EC)
889/2008. It entails, among others, largely refraining from the use of synthetic inputs and the

use of only stipulated inputs for flower induction. These requirements lead to a higher labor



intensity of organic farming by way of more manual weeding, pest control and possibly own
production of fertilizers. The resulting use of on-farm/local inputs in organic farming can be
an advantage when markets are missing or do not function well. However, a major
disadvantage of organic farming is potentially lower yields, in particular, when synthetic
inputs are not replaced by organic inputs and when knowledge about soil nutrient and plant
pest and disease management is not sufficient. Moreover, since organic production involves a
long-term investment in soil fertility and sustainability, time lags between investment and
returns may prove to be an entry barrier for small resource- constrained farmers in insecure
environments. The Ministry of Food and Agriculture (MOFA), Agro Eco/Louis Bolk, West
African Fair Fruit (WAFF) and the German International Cooperation are involved in the

promotion of organic farming.

2.2 Data

The data used in the study come from a farm household survey that was conducted from
January to March 2010 in six different districts® of the Central, Eastern and Greater Accra
regions in southern Ghana, where pineapple cultivation is mostly located. Stratified random
sampling in three stages was used. First, districts with significant amounts of smallholder
pineapple production for export were selected, using information from development agencies
and the Pineapple Exporters Association of Ghana. Next, lists of all pineapple farmer groups
in the selected districts that are certified (organic or GlobalGAP if conventional) and
producing for the export market certified were obtained. Finally, in each group, a percentage
of farmers proportional to the total number of farmers in the group were selected randomly
from the lists. The farmer answered a detailed questionnaire on the household’s management
of the pineapple farm, inputs into pineapple production, harvesting and marketing, the
certification process, and relations with exporters. Besides, information on household

characteristics, social capital and land disposition were requested, as well as data concerning



non-income wealth indicators and perceptions of different statements about environmental
values, organic farming techniques and the use of fertilizers and pesticides.

The dataset includes 386 households from 75 villages and 9 (organic) and 14
(conventional) different farmer associations. In total, 185 organic farmers and 201
conventional farmers were interviewed. All organic farmers sold part of their produce as
organic certified to exporters or processors and part of it on the local market, without
reference to the certification. Respectively, all conventional farmers sold their produce
preferably to exporters or exporting processors, but also on the local market. In theory, there
could be one-directional overlaps. This means that organic certified farmers could sell as
organic certified (which has the highest price) as first preference, as conventional export
produce as second preference and on the local market as last option. However, this is not the
case in our sample. The opposite, i.e. conventional farmers trying to sell on the organic export
market is not possible.

Descriptive Statistics of Sociodemographic Variables

The typical household in our sample has a similar income compared to the average in Ghana
(country average 88.83 GHS per month, survey average: highest density in income groups 51-
150 GHS per month), and a higher income share from agriculture (47.8% versus 67%; data
from Ghana Living Standards Survey 5). All sociodemographic variables that are included in
the estimations are presented in Table 1.

Organic farm household heads are older and less educated than conventional farm
households. They have smaller farms, but are more specialized in pineapple farming. On
average 39% of the organic farms, including the homesteads and 16% of the conventional
farms are occupied with pineapple. They also seem to have fewer assets. However, the
average organic household head received credit more often during the last five years, and
stated a higher willingness to take risks in order to achieve success, as well as a greater

openness to innovation.



Even though organic farming is supposedly more management intensive, organic
farmers did not receive more training for improving farming techniques. The most likely
reason is the lack of opportunities resulting from niche position of organic agriculture. Even
with more labor needed for production, organic farmers more often recruit their workers from
the family than hiring farm workers, which is reflected in the lower proportion of the
production cost they spend on hired labor. Concerning location specific variables, organic
farmers own a larger share of their land and grow pineapple on different soil types compared
to conventional farmers. There is also a difference concerning the variety of pineapples
planted: Organic farmers prefer Sugar Loaf, whereas conventional farmers favor Smooth
Cayenne or MD2. To our knowledge this difference is caused by the buyers’ preferences.

Of relevance to the adoption mechanism is the fact that organic farmers seem to have a
stronger link to the local government and visit the capital more frequently. They are also more
likely to have learned pineapple farming from friends or family members compared to in
training courses or as laborers on large farms. Moreover, their certification process is more
often organized by the farmer organization, compared to conventional farmers. The majority
of farmers of both groups have been certified within the last two years and about 40 % have a
written contract with an exporter, all others have an oral contract. The number of years that
the farmers have been certified is slightly longer for organic farmers.

Descriptive Statistics of Economic Variables

Differences in economic characteristics of the farmers are presented in Table 2. Columns (2)
and (3) of Table 2 show the average costs for each category per kilogram of pineapples.
Kilogram is taken as a base factor instead of pieces to control for the fact that organic fruits
are on average smaller than conventional fruits, they are on average 0.18 kg lighter than
conventional fruit.

As expected, there are large differences in labor, equipment and input costs per Kg

between organic and conventional pineapple production, and costs for land are similar for



both groups. While organic farmers spent much more on labor - hired workers as well as
household labor - conventional pineapple producers use more inputs and equipment’. We also
observed that (not presented in the Table), organic farmers do not use any chemicals, and
utilize very little organic fertilizers, spent a lot of time with manual removal of weeds and
more often produce their own planting and mulching material, or exchange it with other
farmers. Expenses for inputs like inorganic fertilizers, herbicides, fungicides and pesticides, as
well as suckers (seedlings), are hence much higher for conventional farmers. In addition, they
use chemicals to induce flowering more frequently (90% of conventional but only 30% of
organic farmers) and spend more on plastic foil and safety equipment for their farm.

Certification costs are higher for conventional farmers, but in total they are small,
because this Table shows only the part that the farmers themselves cover. A large part is often
paid for by the exporter or a donor or NGO. Overall, these cost differences form the
individual investment that each farmer makes in his production structure. For instance, for
organic certification as such the farmer has to invest in certification, and potential changes in
production.

Note that the production cycle on organic farms is on average longer than the
production cycle on conventional farms, namely 18.72 month instead of 15.46 month. The
different lengths of the production cycles do not affect the informative value of the returns on
investment (ROI). However, it obviously affects other key figures such as yearly income from
pineapple farming. The average ROI of certified organic farming is higher than of
conventional farming, due to higher prices and lower production costs.

It is evident from Table 2 that conventional farmers sold 1.5 times as many pineapples
as organic farmers. This is mainly because of the larger areas under conventional farming, as
well as the higher yields obtained from this farming method.

As expected, export prices were in general higher than local prices for both groups.

But organic pineapple achieved a price premium on both local and export markets, even
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though they were not marketed as certified locally. This suggests different marketing
strategies by organic farmers, which seem to better match local preferences, a presumption for
which we however do not have further information for verification. One hint is that the Sugar
Loaf variety yielded the highest prices on the local (and export) market and was produced

more frequently by organic than by conventional farmers.

Descriptive Statistics of Intensity of Agro-ecological Practice Use

To examine the impact of organic agricultural practices on the ROI we employ the framework
proposed by Rigby et al (2001) to construct a variable that consists of the different organic
cropping practices most relevant for pineapple production. The framework is based on a
scoring system that range from 0 (technique not used) to 5 (highest frequency or intensity this
technique was used, taking into account the type of material used). The practices considered
include organic fertilizer, non-chemical weeding, mulching, manure, trash lines, infiltration
ditches and crop rotation. The information on relevant practices was given by an agronomist
and included in the questionnaire. Weeding seems to be an out of range at first sight; however
it is very important in pineapple production. Since pineapple grow relatively small, apart from
using herbicides or not, the weeding technique is relevant for soil water management and
erosion control. Variables for organic pesticide use, cover crops, and leguminous residues use
are zero when not used, and one when used”. All the variables were weighted according to the
average importance of each practice for sustainability given by 13 Ghanaian agronomists. The
variable used in the analysis (AGRECPRAC) was then constructed by adding up.

Table 3 shows the descriptive statistics for each method. Robustness checks were
made by a) repeating the analysis without any weights and b) using an alternative weighting
scheme which consisted in giving similar practice groups (fertilizers and fertilizing material,
soil cover, and weeding and pesticides) the same overall weights, and c) by excluding

weeding, since we cannot distinguish between weeding by hand (which is not strictly a
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sustainable practice) and weed prevention using e.g. beneficial organisms. For a), b) and c) all
regressions were replicated.

Figure 1 presents kernel density estimates of the intensity of agro-ecological practices
by the two categories of farmers. The estimates reveal that although conventional farmers
also use sustainable farming methods, their intensity of use is generally less than that of their
counterparts practicing organic farming. Moreover, it is clear from the results that there are
hardly any organic farmers that do not employ these farming practices, whereas some

conventional farmers never employed agro-ecological practices.

3 Conceptual Framework
The conceptual framework employed here is based on the assumption that farmers choose
between adopting organic farming and practicing conventional farming. For analytical
purposes, we assume here that farmers are risk neutral, and take into account the potential
benefit derived from adopting organic farming or non-adoption in the decision making
process. Farmers are therefore assumed to choose the technology that provides maximum
benefits. Under these assumptions, let us represent the net benefits farmer i derives from
adopting the technology as D;, and the net benefits from non-adoption represented as D;y.
These two regimes can be can be specified as

Dip = Zifa + wia (1)

Diy = Zifn + uin &
Where Z;is a vector of variable factor prices, fixed factors, as well as farm and household
characteristics; 4 and By are vectors of parameters; u;, and u;y are iids. The farmer will
normally choose the organic technology if the net benefits obtained by doing so are higher
than that obtained by not choosing the technology, that is D;4 > D;y.

The individual preferences of the farmers are normally unknown to the analysts, but
the characteristics of the farmer and the attributes of the technology under consideration are
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observed during the survey period. Given the available information, net benefits can be
represented by a latent variable D', which is not observed, but can be expressed as a function
of the observed characteristics and attributes, denoted as Z, in a latent variable model as
follows:

D = BZ;+uw;, D;=1[D; >0] 3)
where D; is a binary indicator variable that equals 1 for household i, in case of adoption of the
technology and 0 otherwise, f is a vector of parameters to be estimated, Z; is a vector of
household and plot-level characteristics as defined earlier, and y; is an error term assumed to
be normally distributed. The probability of adoption can then be expressed as

Pr(D; =1) =Pr(D] > 0) = Pr(y; > —BZX;) =1 —-F(—BZX;)

4

where F'is the cumulative distribution function for y;.

Impact of organic farming on agro-ecological practices

As indicated earlier, the intensity of use of agro-ecological practices vary between organic
farm practices and conventional farm practices. To capture the effects of the different farm
practices on the use of agro-ecological farm methods, we employ a specification from the
impact assessment literature on outcomes to participation choice. Specifically, we hypothesize
that adoption or non-adoption of organic technology, positively influences the use of agro-
ecological farm practices. This may be expressed as

YVi=XiB+6D; + ¢ (%)
where Y; represents the intensity of agro-ecological practices and D; is the adoption dummy;
X; is a vector of farm-level and household-level characteristics, such as age and education of
farmer, access to credit, social network variables, farm size, and soil quality variables. The
coefficient § in the specification captures the impact of adoption on the use of agro-ecological
practices. The issue of self-selection is crucial here because the decision of households to

adopt or not to adopt organic farming may be associated with the net benefits of adoption.
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Selection bias arises if unobservable factors influence both the error term of the technology
choice, y;, in equation (13) and the error term of the outcome specification (g;), in equation
(5), resulting in correlation of both error terms. When the correlation between the two error
terms is greater than zero, OLS regression techniques tend to yield biased estimates. To
address these issues, we employ an endogenous switching regression model (ESR) to jointly
examine the determinants of adoption and the impact of adoption on the intensity of agro-
ecological practice use’.

The parametric approach of the endogenous switching regression (ESR) model goes
back to Lee (1978) and Maddala (1983), and accounts for self-selection and systematic
differences across groups. Outcome equations are specified differently for each regime,
conditional on the adoption decision, which is estimated by a probit model. Thus, if we define
Y;4 and Y;y as the intensity of agro-ecological practices for organic and non-organic farmers,
we can specify the outcome equations as:

Yia= XiBa+$a ifD;=1 (6)

Yiv=Xify+&n ifD;=0 (7)

Although self-selection based on observables is taken into account in the above
specification, unobservable factors could still create a correlation between p; and &4, &;n.The
endogenous switching regression model treats the sample selectivity problem as a missing
variable problem, which can be estimated and plugged into the equations (6) and (7). Thus,
after estimating a probit model in the first stage, the Mills ratios A, and A; and the covariances
Oua = Cov(ué,) and o,y = Cov(uéy) can be computed and employed in the following
second stage specification:

Yia = XiBa+ oahia+ua ifD;=1 8)

Yin = X{By + oyAiy +u;y ifD; =0 )
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In these equations, the error terms u;4, and u;y have conditional zero means.
Following Lokshin and Sajaia (2004) we use the full information maximum likelihood
method (FIML) to estimate this model, i.e. the selection equation and the outcome equations
are estimated simultaneously.

When the correlation coefficients of u and &4 (pja = 0ya/0,0,) and of p and §y
(pin = oun/0,0y) are significant, the model has an endogenous switch, i.e. selection on
unobservables is substantial. The coefficients obtained from the endogenous switching

regression model can be employed to derive the average treatment effect (ATT) 725K as:

TR =E(iulD =1 —E¥iyID =1) = X' (Bia— Bin) + (0pa —0oun)Ay  (10)

4. Empirical Results

4.1. Empirical Results for Adoption

The full information maximum likelihood estimates of the determinants of adoption of
organic farming, as well as the impact of adoption on the intensity of use of agro-ecological
practices are presented in Table 4. As mentioned earlier, identification of the model requires
that there is at least one variable in the selection equation that does not appear in the outcome
equation. The variable representing relation to the local government is used as identifying
instrument, and as such dropped from the outcome equations. Quite interesting is the
insignificance of the correlation coefficients presented in the Table. This finding indicates the
absence of any endogenous switch, suggesting that there is no substantial selection on
unobservables.

The selection equation, which can be interpreted as probit estimates of determinants of
adoption generally indicate that farm-level and household characteristics do influence
adoption decisions of farmers. The estimates of the impact of adoption on the intensity of use
of agro-ecological practices show that the farm-level and household characteristics influence

the behavior of adopters and non-adopters differently. In particular, education and wealth
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appear to have positive and significant effects on organic farmers using more agro-ecological
practices, while no significant effect is observed for conventional farmers. Land ownership
also appears to influence the intensity of use by organic farmers, but not by conventional
farmers. Similarly, the number of years being certified positively and significantly influences
the intensity of agro-ecological practices by organic farmers, but exerts a negative, albeit
insignificant effect on conventional farmers.

The estimates for the average treatments effect (ATT), which shows the impact of
organic certification on the use of agro-ecological practice was computed with equation (10).
The results are presented in the first row in Table 5. Unlike the mean differences in the use of
agro-ecological practices shown in Table 3, the ATT estimate accounts for selection bias
arising from the fact that adopters and non-adopters may be systematically different. The
estimated ATT is positive and highly significant, suggesting that organic certification does
indeed act as a catalyst for the increased use of agro-ecological practices. Specifically, organic
certification moves the farmer up 15-20% on the full range of possible intensities, or by about
80% taking the overall mean use as a reference point. It is interesting to note that when asked
directly for changes in production methods after certification, 67% of organic and only 35%
of conventional households claimed to have changed their use of agro-ecological practices.
The robustness of the ESR is checked by estimating the same model, but using the three other
specifications described in section 3.2. The estimates, which are also reported in the Table 5,
also confirm the positive and highly significant impact of organic certification on the intensity
of agro-ecological practices.

Given the absence of any endogenous switch, we also employed propensity score
matching (PSM) approach to compute the ATT and compare with those from the ESR. PSM
is basically a technique that mimicks an experiment ex post. The results, which are presented
in the lower part of Table 5, show that the ATT ranges between 4.07 and 4.23, depending on

the matching algorithm used. Overall, the results confirm the positive and significant impact
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of organic certification on the intensity of agro-ecological practices. The matching quality test
conducted with the Rosenbaum and Rubin (1985) test shows that differences in the means of
the covariates between the two groups vanish after matching. The sensitivity of the estimates
to unobservables was also tested with the Rosenbaum (2002) bounds. Based on kernel
matching, the critical value of I'(I'*) =1.35 indicates that the ATT would still be significant

even if matched pairs differ in their odds of certification by the factor 1.35.

4.2. Impact of Intensity of Agro-ecological Practice Use on ROI

In this section, we examine the impact of agro-ecological practices on the return on
investment (ROI), in order to ascertain whether using these practices tend to affect the
economic viability of the farm. Given that the intensity of agro-ecological practices is a
continuous variable, we employ the generalized propensity score (GPS) approach developed
by Hirano and Imbens (2004). Thus, the analysis in this section considers the treatment
variable as a continuous variable, and not a dichotomous decision variable as was assumed in
the previous analyses.

In line with GPS approach, equation (5) can be re-specified as Y; = f(X;T;), where Y;
refers to the return on investment and T; is the actual level of agro-ecological practice of the
farm. Of significance is the average dose response function (DRF), which relates to each
possible treatment level ¢;, the unbiased potential outcome Y;(t) of the farmer i:

0(t) =E[Y;(1)]VtinT (11)
where 6 represents the DRF. In line with Hirano and Imbens (2004), we presume that the
assignment to the treatment is weakly unconfounded given the controls, i.e.

Y;() LT;| Y;(t)VtinT (12)

Thus, the treatment assignment process is supposed to be conditionally independent of
each potential outcome, given the control variables. Hence, there is no systematic selection
into specific levels of agro-ecological practice intensity caused by unobservable
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characteristics (Flores et al., 2009). Weak unconfoundedness implies that this independence
only has to hold for each level of treatment ¢ but not jointly for all potential outcomes. The
generalized propensity score (GPS) suggested by Hirano and Imbens (2004) is defined as the
conditional probability of a particular treatment given the observed covariates. When
r(T;, X;) = frix(t L x) is the conditional density of potential treatment levels given specific
covariates, then the GPS of a household i is given as R; = r(T;, X;). The GPS is a balancing
score, i.e. within strata with the same value of r (t,X) the probability that 7 = ¢ does not
depend on the covariates X;. Given this balancing property and weak unconfoundedness,
Hirano and Imbens (2004) show that using the GPS to remove the selection bias allows the
estimation of the average DRF of equation (11).

In the first step the conditional expectation of the outcome as a function of treatment 7'
and GPS R is estimated as
B,r) =EXI|T;=¢t,R; =1) (13)

Then, the DRF at each level of treatment can be estimated by averaging the conditional
expectation over the GPS at that treatment level:
o(t) = E[B(t,r(t, X)] (14)

In our application, the GPS is estimated using a normal distribution of the logarithmic
treatment given covariates X;. The validity of the assumed normal distribution is assessed
using the Kolomogorov-Smirnov test for normality. We followed Hirano and Imbens (2004)
and took the logarithm of the treatment variable, because the distribution of the agro-
ecological practices was skewed. This procedure yielded low skewness (0.090) and kurtosis
(1.698) values and a positive Kolmogorov-Smirnov test for normality at the 5% level of
significance. The balancing property of the estimated GPS is tested by employing the method
proposed by Hirano and Imbens (2004). The common support condition, i.e. that households
in one group have to match with comparable households in other treatment groups, is imposed
by employing the method suggested by Flores et al. (2009). After estimating the GPS, the
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DRF is estimated using a flexible polynomial function as in Bia and Mattei (2008). The
average potential outcome at each treatment level is estimated using a quadratic
approximation of the treatment variable and a linear one for the GPS. The specification is
estimated using OLS regression for the ROI. Confidence bounds at 95% level are estimated
using the bootstrapping procedure.

Results of Generalized Propensity Score Matching

The treatment variable is AGRECPRAC as indicated previously. The results of the maximum
likelihood estimation of the GPS, which are presented in Table A.1 in the appendix, are not
discussed here, since the estimates only serve to balance the observed distribution of
covariates across the treated and untreated groups (Hirano and Imbens, 2004). It is however
interesting to note that as in the regressions in the previous section, the organic certification
dummy is again highly significant in the probit regression. Balancing tests indicate that the
GPS has quite well balancing properties, i.e. the GPS eliminates bias in the estimates of the
dose-response function’. Regarding the common support condition, 278 farmers were on
support, which represents 87% of the initial 311 farmers for which we have sufficient data to
calculate the ROI.

Figure 2 shows the dose response function of the impact of the use of agro-ecological
practices on the return on investment in pineapple farming’. There is a non-linear hook shaped
relationship, whereby the effect on the ROI is positive, but in different ways at different
levels. The impact if high at very low levels of agro-ecological practice use, but declines at
higher levels of use, before rising again, with increasing intensity. It is significant to note that
in our analysis, a low level of the index implies very little use of agro-ecological practices and
even a high level is still low compared to developed country agriculture. At the lowest point,
the estimated ROI is just below the mean of the sample (2.265). While the impact of using
agro-ecological practices is overall positive, relatively low and relatively high levels appear to

perform better in terms of rate of return than a medium level of agro- ecological practice
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intensity. This implies that the motivation to increase the use may be low when farmers are
unaware of the shape of this impact curve or have a high discount rate into the future. A look
at the kernel density estimates in Figure 1 shows that most farmers are exactly in this impact
dip.

To gain further insights into the differential behavior of the farmers, we also examined
the composition of agro-ecological practices used at different intensities. Specifically, we
divided the sample into several equally sized groups, according to the AGRECPRAC variable,
involving those below and above the low impact dip. It was observed that at low levels of
intensity, the average farmer restricts the use very few practices and first starts to use them
more intensively, before adding different practices. Noteworthy is the fact that it is not the
potentially costly organic fertilizers and pesticides that are used significantly less in the low-
use groups, but rather manure, animal mulch, and cover crops. Since the farmers stated that
they know what each practice is, the problem cannot be attributed to lack of information or
knowledge, but rather economies of scale in transport cost.”

Robustness Checks

The large confidence bands at the ends of the distribution in Figure 2 suggest that the impacts
are less clear among the non-users and the very intensive users. We therefore conducted a
robustness check in which we excluded values of AGRECPRAC of over 13. The result
obtained is shown in Figure A.1 in the appendix. It is slightly different at high values, with no
flattening out, with the predicted impact higher at the right end. However, the shape of the
curve, which is of primary interest, remains the same. As a further robustness check, we use
different specifications of the agro-ecological practice index. The results, which are are
presented in Figures A.2 (different weights described in section 3.2), A.3 (no weights), and
A.4 (weeding excluded) in the appendix appear to be similar to the findings presented in

Figure 2.
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5 Concluding Remarks

Some concerns have been raised that organic certification and sustainable farming practices
are insufficiently linked on farms in developing countries. Most farmers certified as organic
producers have therefore been considered to be producing organic-by-default, with very little
or no use of productivity-enhancing inputs and soil-improving measures, often resulting in
low yields and unsustainable production.

In this paper we examine the impact of organic certification on the intensity of agro-
ecological practice use, as well as the return on investment of such practices, using recent
farm-level data from the Greater Accra and Central regions in Ghana. Our empirical results
show that organic certification increases agro-ecological practice use, suggesting that
certification already serves as a catalyst for the use of agro-ecological practices.

The estimates of the economic impacts of agro-ecological practices generally reveal a
positive and nonlinear relationship between the rate of return and the intensity of agro-
ecological practice use, indicating that more intensive use of agro-ecological practices is
economically beneficial for farmers. This finding suggests that from an environmental policy
perspective this link needs to be strengthened considerably, since the intensity of agro-
ecological practice use is overall quite low. The low level of use is probably because of the
nonlinear relationship, which suggests economic benefits at low levels and high levels.
However, farmers need to surmount a low impact gap to attain high levels, including
availability of organic material and high transport costs for organic material. Given that
external inputs from cocoa production and juice factories are normally available for use, but at
prohibitive transport costs for individual farmers, government agencies or certification
agencies could organize intermediates to fill this gap by purchasing these organic materials
from juice factories and cocoa producers and selling to farmers. Certification may therefore

help ease the problem through high prices on the produce and the support by buyers.
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Moreover, certification systems could also require the active use of organic soil fertility
management methods to increase their intensity of use.

Overall, such a strategy could provide an alternative sustainable development strategy
for parts of the rural population. If successfully managed, organic certification for the
dominantly small farmers in Africa may provide two types of economic benefits. It may
reduce rural poverty by providing market access and higher profits through a combination of
high prices and better or more resilient yields, and it may provide environmental benefits for

the local economy in the long term.
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Figures and Tables

Figure 1: Intensity of Agro-ecological Practice Use and Certification
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Source: own estimation.

Figure 2: Impact of Intensity of Agro-ecological Practice Use on ROI
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Confidence Bounds at .95 % level
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Source: own estimation.
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Table 1: Descriptive Statistics of Variables Included in the Estimations

Definition Variable Organic  Convent. t-Stat.
Farmers Farmers
(N=185) (N=201)
Gender of household head (HHH) GENDER 0.891 0.982 -3.51%F*
=female, 1=male
Age of HHH AGE 46.313 42.970 2.82%**
Household size (persons living in household) HHSIZE 5.23 5917 -2.35%*
Fraction of adults in household ADULT 0.684 0.665 0.75
(older than 15) (%)
Being native in community NATIVE 0.738 0.738 -0.01
0=no, 1=yes
Maximal educational level in household EDUC 9.470 10.195 -3.19%**
1=none, 2=primary school,
3=junior secondary, 4=senior secondary,
5=technical/vocational training, 6=tertiary/university
Farm size (acre) FSIZE 10.35 18.720 -5.02%%%
Share of land owned OWNLAND 0.549 0.204 7.628***
Pineapple land (acre) PINLAND 4.014 3.066 2.07%*
Access to credit during the last 5 years CREDIT 0.317 0.232 1.78*
0=no, 1=yes
Bank account with more than 200 GHS BANK 0.339 0.512 -3.20%%%
0=no, 1=yes
Number of durable goods owned WEALTH 4.765 8.481 -10.875%**
Relation to the local government GOVERN 2.257 1.774 4.27H%*
1=none,
2=HHH knows someone in the local government,
3=HHH has friends in the local government,
4=strong relation/politically active
Self-stated openness to innovation and risk (factor analysis: RISK 0.152 -0.166 3.01%%*
the stronger the agreement, the higher the factor)
Years of experience in pineapple farming EXPER 11.557 11.595 -0.05
How pineapple farming was learned
from family members and friends LEARN 1 0.863 0.501 7.97***
0=no, 1=yes
as a laborer on a farm or from LEARN 2 0.071 0.286 -5 Sk
0=no, l=yes
Importance of preserving the environment ENV 1.775 1.281 6.91%%*
1= very important, ..., 4= not important
Number of years being certified CERTIFYEARS 3.165 2.032 3.875%**
Distance to the closest local market (hours) DIST 0.698 0.804 -1.59
Soil characteristics SOIL 2.781 2.304 2.13%*
I=red or black sandy, 2=white sandy, 3=white rocky,
4=rocky red or black, 5=sandy or rocky clay, 6=clay,
7=other
Smooth Cayenne SC 0.098 0.351 -5.909%
Sugar Loaf SL 0.634 0.036 15.06%**
Share of production cost for (of total labor costs) hired HIRED 0.484 0.607 -3, 13%x*
workers
Assistance or training for farming received during last 5 ASSIST 0.732 0.708 0.50
years
0=no, 1=yes
Number of farm inspection during the last 5 years INSPECT 1.913 2.619 -0.94
Written contract with exporter CONTR 0.410 0.417 -0.13
0=no, 1=yes
Organizer of the certification process ORGA 0.508 0.143 7.84%%*

O=else than farmer organization,
1=farmer organization

Significance levels: *: 10% **: 5% ***: 1%.

We use a conversion factor of 1 GHS = 0.46 Euros (calculated on the basis of the exchange rate on January 12, 2012).
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Table 2: Descriptive Statistics of Economic Variables

Variable Organic Conventional  t-Stat.
Farmers Farmers

Agricultural equipment 0.002 0.009 -7 HEE
Agricultural inputs 0.011 0.077 -5.97 #*x*
Renewal of certification 0.000 0.006 =427 ***
Land used for pineapple 0.004 0.004 -0.004
Hired workers 0.037 0.019 3.77 ***
Household labor 0.034 0.009 5.68 ***
Yield (pineapple per acre) 15780 18259 -4, 11 ***
Quantity sold (in Kg) 23486 36235 -2.81 ***
Average local price (GHS per Kg) 0.210 0.131 8.50 ***
Average export price (GHS per Kg) 0.251 0.196 5.40 ***
Share sold on local market 0.495 0.354 3.00 ***
Revenue (GHS per Kg) 0.219 0.170 5.80 ***
Production costs (GHS per Kg) 0.105 0.118 -0.94
Profits (GHS per Kg) 0.114 0.052 4,01 **x*
ROI 2.760 1.800 311 ***

We use a conversion factor of 1 Ghana Cedi (GHS)=0.46 Euros. The t-statistic belongs to
the mean difference test between column (2) and (3). Significance levels: *:10% **:5%
***:1%
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Table: 3 Descriptive Statistics of Agro-Ecological Practices

Variable Organic Conventional t-Statistics

Farmers Farmers

(N=176) (N=168)
Organic fertilizer 2.164 0.030 8.288***
Organic fertilizer 2.164 0.030 8.288***
Organic pesticides 0.083 0.082 -0.032
Mulch 1.590 1.328 5.294%**
Manure 1.998 0.912 3.543%**
Weeding 2.410 2.327 0.566
Cover crops 0.175 0.161 0.353
Crop rotation 0.980 0.132 6.343%%*
Trash lines 2.932 1.043 9.451%%*
Infiltration ditches 1.066 0.721 1.979**
Leguminous residues 0.066 0.018 2.217**

Significance levels for the t-statistics of the mean difference test: *: 10% **: 5% ***: 1%
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Table 4: Estimation results of ESR for Impact of Organic Certification on Agro-ecological
Practice Use

Selection Eq. Organic farmers Convent. farmers

Variable Coefficient Std. Err.  Coefficient Std. Err. Coefficient Std. Err.

1) (2) 3) “4) (%) ©)
GENDER -0.122 0.513 0.173 0.101 1.769 0.597
AGE 0.004 0.018 -0.006 0.023 -0.056%* 0.024
NATIVE -0.151 0.275 0.443 0.513 0.401 0.399
RISK 0.306%** 0.095 -0.133 0.207 0.135 0.196
HHSIZE -0.058 0.052 -0.146 0.099 -0.068 0.071
EDUC -0.094* 0.059 0.323%* 0.096 0.135 0.286
WEALTH -0.296%** 0.090 0.397*** 0.142 0.138 0.089
FSIZE -0.012 0.010 -0.006 0.012 0.0001 0.011
OWNLAND 0.586** 0.236 1.051%* 0.558 0.927 0.827
EXPER 0.034 0.032 0.020 0.036 0.024 0.033
LEARNI1 0.829** 0.597 1.053 1.146 -0.774 0.440
LEARN2 -0.537** 0.217 0.357 1.387 -0.223 0.530
DIST -0.341%* 0.164 -0.130 0.405 -0.947%* 0.373
SOIL 0.008 0.058 -0.316%%* 0.1281 -0.268%** 0.085
ORGA 1.403%** 0.218 -1.232% 0.665 0.828 0.747
ENV 1.43]%** 0.325 -1.423%%* 0.412 0.038 0.388
GOVERN 0.445%** 0.164
BANK -0.468 0.558 0.403 0.497
CREDIT -0.526 0.466 -0.239 0.487
VARIETYMD2 2.55(%** 0.989 -0.128 0.396
HIRED -0.569 0.821 0.452 0.578
INSPECT -0.113 0.026 0.074%* 0.029
CONTR 1.154%* 0.543 -0.083 0.380
CERTIFYEARSNO 0.299%** 0.141 -0.203 0.457
INTERCEPT 1.038 0.985 1.027 1.347 3.455%* 1.754
P1ip -0.320 0.466
Inoy 0.916%** 0.070
Pob 0.260 1.048
Ingy 0.744%%* 0.104

Log-Likelihood: -993.143

Wald test of indep. eqns.: y2(2) = 3.69***

Significance levels for the t-statistics of the mean difference test: *: 10% **: 5% ***: 1%
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Table 5: Results of Impact of Organic Certification on Agro-ecological Practice Use

Method Predicted Use of Predicted Use of ATT t-Statistic
certified non-certified

ESR
Organic certified farmers 5.921 2.518 3403  13.314%**
Conventional farmers 8.135 3.788

Alternative Specifications

ESR using different weights
Organic certified farmers 6.102 3.046 3.056  11.465%**
Conventional farmers 7.979 3.594

ESR using no weights
Organic certified farmers 5.986 2.136 3.851  12.258***
Conventional farmers 8.115 3.266

ESR (weeding excluded)
Organic certified farmers 5.728 2.667 3.061  10.894***
Conventional farmers 7.934 3.363

PSM
Kernel (bandwidth=0.4) 6.751 2.680 4.071 7.98%**
Radius (caliper=0.05) 6.751 2.523 4.228 7.34%%*
Nearest-neighbor 6.751 2.351 4.400 6.98***

Significance levels for the t-statistics of the mean difference test: *: 10% **: 5% ***: 1%

For PSM, standard errors are calculated with bootstrapping using 1000 replications. Bootstrapping of standards
errors is necessary because the estimated variance does not include the variance that may appear due to the
estimation of the propensity score and the imputation of the common support assumption (Caliendo and
Kopeinig (2008)). Even though Abadie and Imbens (2008) criticism the use of bootstrapping for the nearest-

neighbor algorithm, its application is still common practice.
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Appendix

Table A.1: Estimation Results of Generalized Propensity Score

Variable Coefficient Std. Err.
Equation 1

ORGANIC 0.165%** 0.026
GENDER 0.050 0.052
AGE -0.005%* 0.002
RISK 0.019 0.048
HHSIZE -0.041%** 0.018
EDUC 0.101** 0.079
FSIZE 0.003** 0.001
OWNLAND 0.283*** 0.096
EXPER 0.042* 0.021
LEARNI1 -0.101* 0.060
LEARN2 0.108* 0.074
DIST -0.152 0.135
ORGA -0.126 0.114
SOIL -0.112%** 0.022
WEALTH 0.165%** 0.071
ENV 0.266** 0.170
INTERCEPT 0.935%%** 0.149
Equation 2

INTERCEPT 0.31%** 0.014

Significance levels for the t-statistics of the mean
difference test:*: 10% **: 5% ***: 1%

Table A.2: Estimation Results of the Coefficients of the Dose Response Function

Variable Coefficient Std. Err.

T -0.305%* 0.121
T 0.019%** 0.004
GPS -3.252%* 1.401
T*GPS 0.385 0.259
INTERCEPT 4.638%** 1.251

Significance levels for the t-statistics of the mean
difference test:*: 10% **: 5% ***: 1%
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Figure A.1: Impact of Intensity of Agro-ecological Practice Use on ROI
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Source: own estimation.

Figure A.2: Impact of Intensity of Agro-ecological Practice Use on ROI
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Source: own estimation.
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Figure A.3: Impact of Intensity of Agro-ecological Practice Use on ROI
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Source: own estimation.

Figure A.4: Impact of Intensity of Agro-ecological Practice Use on ROI
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Source: own estimation.
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Notes

' Source: http://www.organic-world.net/statistics-data-tables-dynamic.html.

> Ajumako Enyan Esiam, Akuapem South, Ewutu-Efutu-Senya, Ga, Kwahu South and
Mfantseman.

> We are aware that measurement errors are frequent in measuring agricultural inputs and
outputs in developing countries. However, when farmers in both groups are sufficiently
similar in their sociodemographic characteristics we can assume that measurement errors do
not significantly differ between farmers.

* In these cases either it was logical to pose the question with a yes/no option only, as in the
case of cover crops or the quality of the data retrieved from the survey did not allow the
division into frequency of use, as in the case of organic pesticides and leguminous residues.

> The unbiased treatment effect is hard to measure because, when treatment is non-random as
in our case, untreated individuals may differ systematically because of self-selection into
treatment. A popular approach to avoid biased results is to randomize treatment. In our case
randomization over which farmers use which agro-ecological methods is impossible to realize
because all the methods in question are already common or widely known by the farmers. The
underlying treatment is not a development intervention, but the outcome of various
interventions in a longer time horizon.

® For testing the balancing property of the GPS, the treatment variable was divided into 4
intervals with cut-off points at 25%, 50%, etc. Without adjusting for the GPS, t-tests of mean
difference between the intervals revealed that 14 t-tests were significant at the 5% level, after
dividing into 4 intervals and conducting block-wise t-tests this number was reduced to 2. We
repeated the analysis with more intervals, namely 7, which did not affect our conclusions, but
the number of observations in each interval becomes quite small, so the results are weaker.

7 The estimated quadratic dose response function regression is shown in Table A.2 in the
appendix. All GPSM regressions were also repeated with net farm income as impact variable.
Due to the low investment level of the farmers, the results did not change significantly.
Therefore the results are omitted here, but are available upon request from the authors.

¥ When the farm is strongly specialized in pineapple, mulching material and manure cannot be
produced on the farm (see also e.g. Branca et al.,, 2011). The required material is often
available at no or low cost, but needs to be transported to the farm. Since this material is
relatively bulky, transport costs can impede their use in case of lack of cash, or if their
perceived benefits are lower than the effort of organizing and paying for their transport.
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