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a b s t r a c t

This paper uses data from small-scale potato farmers in Ecuador to examine the impact of the program
Plataformas de Concertación on productivity growth. Using propensity score matching combined with a
Stochastic Production Frontier model that corrects for sample selection bias, we disaggregate the yield
growth attributable to the program into technological change (TC) and technical efficiency (TE). While
the results do not exhibit a clear indication of selection bias, the analysis does show that on average ben-
eficiaries exhibit higher yields than control farmers given the same input levels, but lower TE with respect
to their own frontiers. These results suggest that while the program raised the technology gap in favor of
beneficiaries, it had a negative effect on TE in the short run. The latter finding is consistent with the
notion that beneficiaries enjoyed a significant change in production techniques, but it is very likely that
they were still in the ‘‘learning by doing’’ stages at the time the data was collected. In fact, the results
suggest a fast recovery in TE levels on the part of beneficiaries as time with project increased.

� 2013 Elsevier Ltd. All rights reserved.

Introduction

Agricultural projects often seek to improve productivity with
the expectation that such improvements would lead to higher in-
come and welfare among beneficiaries. Examples of interventions
include the introduction of new seed varieties, the adoption of
new farming techniques (such as integrated pest management or
IPM), linking farmers to markets, better accounting practices, pro-
vision of extension services, farmer field schools (FFS), or a combi-
nation of various actions. The effective use of a newly adopted
technology requires investing the time and effort to become ac-

quainted with the new practices before the full benefits of adop-
tion can be felt by the farmer. This may entail a process of trial
and error during several agricultural cycles. While adopting new
techniques or inputs can potentially lead to increases in production
at the end of an agricultural cycle, this does not necessarily mean
that the new procedures are being implemented in an efficient
manner. This is particularly true for smallholders, who are typically
characterized by having lower levels of education, living in isolated
rural areas, and having limited access and exposure to information
and markets. Thus, much of the innovative content and techniques
can be quite foreign and may entail a challenging process for this
type of farmers. Therefore, when evaluating the impact of an agri-
cultural project, it is important to differentiate between indicators
of technological change (TC) versus managerial performance (or
technical efficiency, TE).

The economic impact evaluation literature has been growing in
recent years, and this growth has been mainly focused on the social
sectors where the indicators of impact tend to be more easily iden-
tifiable (Winters et al., 2011). Rigorous impact evaluations of agri-
cultural projects have been relatively scarce and the evidence on
the effectiveness of such projects in developing countries is mostly
inconclusive (IDB, 2010; Del Carpio and Maredia, 2009). The rela-
tive scarcity of formal evaluations of agricultural projects is likely
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due to several reasons. First, agricultural projects are generally de-
signed to increase output and therefore impact evaluations focus
on production-based indicators, typically associated with TC. How-
ever, collecting this type of data can be challenging, beginning with
the definition of the sample unit, since production is often linked to
multiple plots but the decision-making process takes place at the
household level. The challenge is greater when attempting to eval-
uate the impact of a project on different types of households, such
as smallholders and large holders, who often have very distinct
production systems (Winters et al., 2010).

Second, in analyzing agricultural production, the relationship
between inputs and outputs or profitability is often examined
through gross margins or total value product functions. Yet, pre-
sumably, agricultural projects have an impact not just on inputs
and outputs, but also on how these inputs are used and combined.
Whether these inputs are being used in an efficient manner to ob-
tain the maximum possible levels of output needs to be considered
in an evaluation (Winters et al., 2010). Yet, this is rarely done since,
as noted, most project evaluations focus on TC indicators. While
such focus allows the researcher to identify impact on different
components of production, it does not provide any information
on whether farmers made the right use of the available inputs
and technology at their disposal, i.e., managerial performance is
ignored.

Given these difficulties, combining Stochastic Production Fron-
tier Analysis (SPFA) with impact evaluation methodologies pro-
vides a useful avenue for measuring the productivity impact of
agricultural projects. SPFA is a widely used econometric technique
that estimates the ‘best practice’ relationship between inputs and
output of the farm households in the sample. In addition, SPFA
can help identify the levels of efficiency (or inefficiency). Therefore,
this approach makes it possible to quantify the potential to in-
crease agricultural output without the need for additional inputs
or new technology (Coelli et al., 2005).

Papa Andina, the focus of this paper, is a partnership that
worked to address rural poverty in the Andean highlands by foster-
ing innovation and market development for potatoes. The ap-
proach recognizes that while agricultural research is a main
driver of TC and agricultural development in addressing rural pov-
erty, this research needs to be linked to practical improvements in
value chains that are important to smallholders (Horton et al.,
2011). A key program within Papa Andina is the Plataformas de Con-
certación, hereafter Plataformas. This program offered a space for
public and private sector partnerships where diverse actors—
including farmers, potato processors, supermarkets, national re-
search institutes, universities and non-governmental organiza-
tions—could work together to innovate and link small-scale
potato producers to commercial interests. Plataformas offered a
mechanism not just to support agricultural research in the field,
through new varieties and different mechanisms to enhance pro-
duction and marketing, but also served as an experiment in insti-
tutional innovation. The question is whether this approach is an
effective mechanism to increase farmer production and efficiency
and this constitutes the overall goal of this paper.

In implementing impact evaluations of development projects,
several researchers have promoted the use of randomized experi-
ments (Duflo et al., 2008). However, it is often the case that exper-
imental designs are costly and difficult to implement; thus, one
needs to rely on non-experimental methods (Barrett and Carter,
2010). One common non-experimental approach to assessing pro-
ject impact is propensity score matching (PSM), which alleviates
biases stemming from observable variables (World Bank, 2006).
However, in projects where beneficiaries self-select, unobservable
variables (e.g., managerial ability) can also be a source of bias. If pa-
nel data are available, fixed effects estimators along with PSM can
be used to deal with the problem, provided that the unobservables

are time invariant (Angrist and Pischke, 2009). Thus, the genera-
tion of a counterfactual along with the mitigation of biases from
observables and unobservables can be addressed in non-experi-
mental designs as long as one has data on treatment and control
groups at both the baseline and the endline. Recent applications
of this methodology to agricultural projects include the work of
Bravo-Ureta et al. (2011) in Honduras and Cerdán-Infantes et al.
(2008) in Argentina.

A challenge frequently encountered in the field is that analysts
and/or policy makers might be interested in measures of impact
even when baseline data is not available. In such a situation, which
is the case for Plataformas, one needs to rely on cross-sectional data
along with suitable matching procedures and other econometric
techniques, such as instrumental variables, in order to obtain the
desired impact measures (Cavatassi et al., 2011a). In this paper,
we are particularly interested in separating the effect of TC and
TE on farm productivity. To achieve our goals we make use of
cross-sectional data collected after the project was underway. A
number of steps were taken to ensure that the data on treatment
and control groups would have been very similar at the baseline,
but it is likely that selection issues still remain. Therefore, we ad-
dress possible self-selection in a stochastic frontier context using
the model recently introduced by Greene (2010) and adapted to
the evaluation of development programs by Bravo-Ureta et al.
(2012).

In sum, a key feature of this paper is bridging SPFA with impact
evaluation methods. Development projects often have a major
component intended to improve decision-making and managerial
ability along with the transfer of technologies designed to increase
output. Thus, for such projects, SPFA methodologies are ideally sui-
ted to decompose productivity growth into technological and man-
agerial components; however, these methodologies have hardly
been applied for this purpose. A major reason for the absence of
such applications is likely to be the challenges posed by selectivity
bias, which is a common feature in development projects. In this
fashion, this paper adds to a very limited but emerging literature
that combines SPFA modeling with impact evaluation techniques.

The remainder of the paper is structured as follows. Section 2
provides an explanation of Plataformas, and a description of the
data is provided in Section 3. Section 4 presents the analytical
framework for analyzing TC and TE and the closely related empir-
ical strategy. Section 5 provides the results and Section 6
concludes.

Plataformas de Concertacion1

The Plataformas are multi-stakeholder alliances, which bring
farmers together with a range of agricultural support service pro-
viders, including INIAP (Instituto Nacional Autónomo de Investigaci-
ones Agropecuarias), local NGOs, researchers, universities, and local
governments. The Plataformas pay special attention to expanding
the direct participation of low-income farmers in high-value pro-
ducer chains by providing them with new technologies, by pro-
moting their organizational skills and social capital, and by
involving them in a ‘‘value chain vision’’ of production and com-
mercialization that directly links them to the final output markets,
thus circumventing intermediaries (Cavatassi et al., 2009). As
noted by Devaux et al. (2009, p. 36), ‘‘this facilitates knowledge
sharing, social learning and capacity building, leading to improve-
ments in small farmer productivity and the quality of potatoes sup-
plied to market.’’ The overall objective of the Plataformas is then to
‘‘reduce poverty and increase food security, through increasing

1 More information on the different aspects and activities of Plataformas can be
found in Cavatassi et al. (2009).
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yields and profits of potato smallholders’’ (Pico, 2006, as cited in
Cavatassi et al. (2009), p. 8).

A central component of Plataformas was the training provided at
FFS, which involved lectures and applied exercises in experimental
plots. FFS emphasized improved production technologies and IPM
techniques aimed at enhancing the quality and quantity of produc-
tion. Farmers were taught techniques to manage soil, seeds
(renewing and stock selection), insects (Andean weevil and tuber
moths), diseases (late blight), and agrochemicals (insecticides, fun-
gicides, pesticides, and fertilizers) efficiently. An important ele-
ment under the IPM approach was to reconcile improvements in
production with the use of these techniques while preserving the
environment and protecting human health. The training also ex-
posed farmers to the quality requirements of high-value markets.

Previous evaluations have found positive and significant im-
pacts of the program on technical indicators, such as yields, profits,
and gross margins (Cavatassi et al., 2011a,b). However, an issue
that has not been evaluated is whether the program had an effect
on managerial performance or TE, i.e., are beneficiary farmers pro-
ducing closer to their best practice production frontier than non-
beneficiaries? Given that all participants in the Plataformas re-
ceived the same comprehensive ‘package’ of ‘treatments’, one
would expect that the program would have a positive effect on
farmers’ TE. On the other hand, if much of this new information
and technologies were too complex to process, comprehend, and
master right away, then one would expect that while farmers
might attain higher output, TE might remain about the same or
might even decrease. The lack of improvement or even a lower
TE is plausible if farmers had exposure to the program for only a
short period and thus not enough time may have elapsed for them
to become proficient with the new methods. Hence, the actual ef-
fect of the Plataformas on the TE of beneficiaries is an empirical
question.

Data

The data used in this paper comes from ‘‘La Nueva Economía
Agrícola’’ household and community level surveys implemented
by the Food and Agriculture Organization (FAO) in collaboration
with the International Potato Center (IPC). The Plataformas were
active in the Ecuadorean provinces of Chimborazo and Tungurahua
and surveys were administered in these provinces from June to Au-
gust of 2007, and they encompass information for the year prior to
the survey. Data was collected at the plot, household and commu-
nity levels.

To ensure a robust evaluation of the impact of the program, the
data collection was done in multiple steps and the counterfactual
was designed with a great deal of care. First, communities partici-
pating in the Plataformas program (treated communities) were
identified in each of the two provinces and information on these
was obtained. Second, using population and agricultural census
data, the treated communities and a set of potential control com-
munities that did not participate in the program but who had sim-
ilar geographic, agro-ecological and socio-demographic
characteristics were identified. This provided a list of all possible
treatment and control communities to be included in the survey.
Third, using PSM, control communities that were most comparable
to treated communities from a statistical standpoint were deter-
mined. Fourth, the resulting list of potential control communities
was discussed with key local organizations that had a central role
in Plataformas to determine if they were indeed comparable to the
treated communities. Some of the key characteristics considered
were production and agro-ecological similarities and levels of com-
munity and farmer organization. Thus, the selection of treatment
and control communities that resulted from the application of

PSM was fine-tuned by local agronomists and leaders of organiza-
tions with local knowledge. Through this process, the most appro-
priate control communities were identified. Further, treated
communities for which a suitable control community could not
be found were excluded from the sample (three in total).

Once the communities for inclusion in the sample were deter-
mined, lists of households from treatment and control communi-
ties were obtained by Plataformas coordinators and community
leaders to randomly select those to be included in the final sample.
The lists from treated communities included households who par-
ticipated in the program and those that did not. The final sample
includes a total of 35 communities (18 treatment and 17 controls)
and contains 1007 households that were randomly selected from
control communities and among participants and non-participants
in treated communities. Given the focus of this paper, the analysis
is restricted to farms that had at least one full potato production
cycle (from planting to harvesting) and this final sample consists
of 495 households. A test was conducted to check for systematic
differences between treated and control farms in their probabilities
of having had a complete production cycle and no differences were
found.

The data used in this paper makes it possible to create alterna-
tive counterfactuals including: (1) non-beneficiaries living in trea-
ted communities (non-participants); (2) non-beneficiaries living in
non-treated communities (non-eligible); and (3) a combination of
1 and 2. There are two concerns with option 1. First, non-participa-
tion is an explicit choice made by those producers and that choice
might reflect that they are different from participants, which could
lead to self-selection bias, i.e., the estimates may reflect fundamen-
tal differences between the two groups rather than the impact of
the program. Second, since non-participants live in close proximity
to beneficiaries they may obtain indirect benefits from the pro-
gram (spillover effects). Thus, using non-participants as a control
group could be problematic. Nevertheless, this is a potentially use-
ful group because their observable characteristics are likely to be
very similar to those of participants since they live in the same
communities. Further, previous analysis of these data indicates
that there is little evidence of spillover effects (Cavatassi et al.,
2009).

The non-eligible farmers can be considered as a ‘pure’ counter-
factual since spillover effects are unlikely. Importantly, given that
the program was not offered in these communities, non-eligible
farmers are not subject to possible self-selection bias, although
they may exhibit program placement bias if the process used to se-
lect control communities is imperfect (Baker, 2000). As explained
below, the final sample uses option 3 including 340 households
who reside in treated communities (171 beneficiaries and 169
non-participants), and 155 in non-treated communities (non-
eligible).

The survey has multiple modules containing several variables
well suited for the prediction of participation into the program,
such as information on land (number of plots, soil quality), socio-
demographic variables (household composition and head of house-
hold characteristics), welfare and assets, social capital, and com-
munity-level variables. Table 1 presents descriptive statistics for
the entire sample (pooled) and a test of difference in means be-
tween beneficiaries, non-participants and non-eligible as well as
all control farmers together (non-participants and non-eligible).2

Table 1 shows that, as expected, non-participants (column V) have
very similar characteristics as beneficiaries (column II)—the two
groups exhibit statistically significant differences for only 4 out of
28 variables. The only category in which the two groups differ is

2 The variables included are theoretically exogenous, i.e., they were not affected by
Plataformas.
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for welfare variables: on average, non-participants have a higher
probability of living in a house, rather than a hut, and have a higher
probability of living in a brick house which gives an indication that
they may be marginally better off. The comparison between non-
eligible (column IV) farmers and beneficiaries indicates that these
two groups are also very similar in terms of land-related, social cap-
ital, welfare, and community variables, but they do differ slightly in
socio-demographic characteristics. As expected, when the two possi-
ble control groups are pooled (column III), their differences with
beneficiaries fall between what was described for columns IV and
V. The two groups differ in 7 out of 28 variables. In sum, the descrip-
tive statistics show that there are relatively minor differences
between beneficiary and non-participant and non-eligible farmers.
This gives an indication that the rigorous process of identifying con-
trol communities prior to data collection was quite successful
although not perfect — a fact considered in the empirical strategy
discussed below.

The data set also contains information on the value of potato
production and input variables, which are used in the SPFA, and
are presented in Table 2 on a per hectare basis along with a test
of difference in means. Looking at the value of total output per
hectare, as expected given the emphasis of the project, the test of
means shows that beneficiary farmers have a significantly higher
value; and this is true when doing the comparison against non-par-
ticipants, non-eligible farmers, or the pooled group of controls
although the magnitudes vary. Table 2 also shows that beneficiary
farmers, on average, spend more per hectare on labor, on seeds and
on other inputs, and have a higher likelihood of hiring paid labor.

Analytical framework and empirical approach

Two critical components of productivity growth are TC and TE.
The former captures ‘‘jumps’’ in the production function stemming

from the application of improved practices that come from re-
search and development efforts, whereas the latter can be inter-
preted as a relative measure of managerial ability for a given
technology. In this paper, these two effects are disentangled mak-
ing use of the Stochastic Production Frontier (SPF) framework in
order to determine if the Plataformas had an impact on each com-
ponent of productivity. Identifying program impact on TC and TE
requires ensuring that selection, particularly self-selection, does
not bias the estimates. Although the process of creating treatment
and control groups, already discussed, attempted to minimize bias,
this could still arise from differences in observable and unobserv-
able characteristics of treatment and control households. To
address this issue, we follow the framework presented by Bravo-
Ureta et al. (2012), where PSM is used to mitigate biases stemming
from observable variables when selecting the counterfactual/con-
trol groups and then bias from unobservables is addressed using
SPF with sample selection.

The SPF model incorporates a composed error structure where a
two sided symmetric term captures standard random variability
and a one sided component captures inefficiency. In general terms,
the model used in this study can be expressed as:

Y ij ¼ f ðX;TDÞ þ mij � uij ð1Þ

where Yij is the yield (value of output per hectare) of the ith farm-
er, X is a vector of inputs per hectare, the variable TD is a farm spe-
cific dummy variable that captures the effect of the new
technology (i.e., innovations coming from participation in the
Plataformas), mij is the two sided error term, and uij is the one
sided error that captures efficiency. The subscript j is equal to B
for beneficiaries or C for control farmers. The key technology effect
that we are interested in identifying relates to the impact of par-
ticipating in the Plataformas on potato yields. Two null hypotheses
(H0) will be tested:

Table 1
Description of the data.

Variables (units) I II III Testa IV Test V Test
Pooled Benef. All controls Non-elig. Non-partic.

Altitude (m) 3475 3435 3497 * 3497 3496
Land owned (ha) 2.77 2.75 2.78 3.33 2.27
Owned plots (#) 3.04 3.37 2.86 *** 3.11 2.63 ***

Black soil (%) 81% 77% 83% ** 86% ** 81%
Flat land (%) 39% 38% 39% 37% 40%
Irrigated land (%) 60% 57% 62% 63% 62%
Family size 4.71 4.85 4.64 4.66 4.62
Max educ. in HH 7.85 8.44 7.53 *** 7.86 7.24 ***

% of Labor force male 48% 47% 48% 48% 48%
Dependency share 0.29 0.29 0.29 0.28 0.30
Credit constrained (1,0) 18% 16% 19% 24% * 15%
Average educ. of head 4.91 5.05 4.83 4.59 5.05
Indigenous head (1,0) 60% 56% 62% 70% ** 56%
Female head (1,0) 11% 12% 10% 10% 11%
Single head (1,0) 12% 11% 13% 14% 9%
Age of head 41.7 42.0 41.5 43.3 39.9
House (1,0) 87% 83% 89% * 88% 89% *

Concrete/brick house (1,0) 87% 82% 90% ** 89% * 91% **

Refrigerator (1,0) 16% 12% 17% 18% 17%
Access to water system (1,0) 94% 93% 95% 97% 93%
Sewage (1,0) 5% 5% 6% 5% 7%
Big farm animals (#) 5.67 5.32 5.43 6.35 5.28
Ag. ass. membership 5 years + (1,0) 8% 6% 9% 9% 8%
Non-Ag. ass. membership 5 years + (1,0) 66% 63% 68% 70% 66%
Bus in community (1,0) 46% 43% 47% 45% 50%
Elementary school (1,0) 87% 88% 87% 85% 89%
Distance to closest city (km) 29.68 27.36 30.90 ** 36.54 *** 25.73
Chimborazo (1,0) 50% 50% 50% 45% 41%
N 495 171 324 155 169

* p < 0.10.
** p < 0.05.
*** p < 0.01.

a Tests are for differences in means with respect to treated farmers.
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(1) The parameter of TD = 0; and
(2) Mean TEB = mean TEC or equivalently mean uiB = mean uiC.

Failure to reject the first null hypothesis indicates that there is
no difference in yields, ceteris paribus, between control and treat-
ment stemming from TC. Failure to reject the second hypothesis
signifies that managerial ability, as measured by mean TE scores,
across the two groups is the same. In this context, Fried et al.
(2008) argue that although managerial ability is unobservable, it
can be inferred from a ranking of TE scores derived from a ‘‘best
practice’’ production frontier, which is the concept adopted here.

The empirical strategy to test these hypotheses involves several
steps. The first step is to use PSM to construct a counterfactual
group of farmers that have time-invariant characteristics similar
to farmers that participated in the project (beneficiaries). The
PSM procedure uses a Probit model to calculate the predicted prob-
ability of treatment based on observable characteristics. These
probabilities, or propensity scores, are then used to match similar
households in the treatment group with those from the control
group. The matching procedure applied here is the 1-to-1 nearest
neighbor (NN) with replacement criterion using a caliper width
of 0.001, which is more rigorous than the 0.25rP method suggested
in the literature (Guo and Fraser, 2010).3 While other papers rely on
the 1-to-1 NN without replacement, arguing that it has the most
intuitive interpretation of all alternatives available (e.g., Bravo-Ureta
et al., 2011), this paper opts for 1-to-1 NN with replacement since it
provides a better quality in the matching and it is more likely to de-
crease biases, although it adds variance in the estimations (Abadie
and Imbens, 2002; Caliendo and Kopeinig, 2008).4 From this step,
we obtain treatment and control groups with a similar range of ob-
servable characteristics.

The second step involves the estimation of SPF models. Conven-
tional SPF models are estimated using the combined sample of
beneficiary and control farmers (pooled data) as well as for each
group separately. This is done to test whether beneficiary farmers
display a different technology than the control group. If no techno-
logical difference is found then a single frontier combining all
farmers, treated and control, is the more desirable option. At this
stage, evaluating alternative functional forms for the SPF is advis-
able and the Cobb-Douglas (CD) was tested against the Translog
(TL), which are the two most commonly used in efficiency studies
(Bravo-Ureta et al., 2007). The results of maximum likelihood ratio

tests were mixed. The linear parameters for the CD and TL were
very similar in magnitude, and the coefficients for the quadratic
and interaction terms in the TL where, in most of the cases, not sta-
tistically significant. Thus, the Cobb-Douglas (CD) functional form
was selected for the analysis.

To control for possible biases based on unobserved characteris-
tics we implement the method recently introduced by Greene
(2010). The model assumes that the unobserved characteristics in
the selection equation are correlated with the noise in the stochas-
tic frontier model (i.e., the term vi in Eq. (2)).5 Greene (2010) frames
his model by noting that Heckman’s (1979) original sample selection
approach was developed for linear models and is not applicable for
non-linear cases such as the SPF.6 Thus, Greene proceeds to develop
a selection approach for the SPF, which can be expressed as:

Sample selection : di ¼ 1½a0zi þwi > 0�;wi � N½0;1�

SPF : yi ¼ b0xi þ ei; ei � N½0;r2
e �

ðyi; xiÞ is observed only when di ¼ 1

Error structure : ei � v i � ui

ui ¼ jruUij ¼ ruUi; where Ui � N½0;1�
v i ¼ rvVi; where Vi � N½0;1�
ðwi;v iÞ � N2½ð0;1Þ; ð1;q;rv ;r2

V Þ�

where d is a binary variable that takes the value of 1 for beneficia-
ries and 0 for control farmers, y is output, z is a vector of explana-
tory variables in the sample selection equation, x is a vector of
inputs in the production frontier, a and b are the parameters to
be estimated, and the error structure corresponds to that in the

Table 2
Descriptive statistics for inputs and output used in the SPF models.d

Variables Pooled Benef. All cont. Testa Non-elig. Test Non-partic. Test

Total output ($/ha) 5.72 6.17 5.48 *** 5.36 *** 5.59 ***

Total expenditures on labor ($/ha)b 5.81 5.99 5.72 ** 5.60 *** 5.83
Total expenditures on seeds ($/ha) 4.22 4.71 3.96 *** 3.85 *** 4.05 ***

Total expenditures on O. inputs ($/ha)c 5.11 5.41 4.96 *** 4.87 *** 5.03 ***

Hired labor (1,0) 0.58 0.65 0.53 *** 0.61 0.46 ***

N 495 171 324 155 169

⁄ p < 0.10.
** p < 0.05.
*** p < 0.01.

a Tests are for differences in means with respect to beneficiary farmers.
b Includes Family, Hired, and Minga (community) Labor.
c Includes expenditures on insecticides, fungicides (preventative and curative), fertilizer (organic and chemical), tractor, and animal draft.
d Values are in natural logarithm.

3 This means using a caliper width for the nearest neighbor that is less or equal to a
quarter of one standard deviation (0.25rP) of the estimated propensity scores of the
sample.

4 The alternative for 1-to-1 matching NN without replacement was also used and
the results are very similar.

5 The rationale for the underlying assumption that the bias arises from possible
correlation between unobservables in the production frontier with unobservables in
the selection equation is that one ‘‘. . .might expect that observations are not selected
into the sample based on their being inefficient to begin with’’ (Greene, 2010, p. 23).
As pointed out by one of the reviewers, this assumption is potentially a weakness of
the approach but the implications for the empirical results and subsequent analyses
are not evident. This is an issue that clearly merits additional methodological and
empirical work.

6 It is worth noting that several papers have applied the Heckman correction
method to control for self-selection on unobservables in SPF studies. For instance,
Sipiläinen and Oude Lansink (2005) use a distance frontier model to analyze TE for
Finnish organic and conventional dairy farms, while Solís et al. (2007) analyze TE for
farmers in El Salvador who used different levels of adoption of soil conservation.
Wollni and Brümmer (2012) examined productive efficiency for specialty and
conventional coffee farmers in Costa Rica, and Rahman et al. (2009) analyzed
production efficiency for a sample of rice producers in Thailand using the Greene
(2010) method. However, these last two papers do not use matching techniques to
control for differences based on observed characteristics. As far as we know, only
Bravo-Ureta et al. (2012) use PSM along with Greene’s (2010) self-selection model to
identify the productivity impact of a development project.
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stochastic frontier model. In this model, the parameter q captures
the presence or absence of selectivity bias.

The log likelihood for the model in (2) is formed by integrating
out the unobserved |Ui| and then maximizing with respect to the
unknown parameters. Thus,

log Lðb;ru;rv ;a;qÞ ¼
XN

i¼1

log
Z
jUi j

f ðyijxi; zi;di; jUijÞpðjUijÞdjUij: ð3Þ

The integral in (3) is not known so it has to be approximated. To
simplify the estimation, Greene (2010) uses a two-step approach.
The single equation MLE of a in the Probit equation in (2) is consis-
tent but inefficient. The estimation of the parameters of the SPF
does not require the reestimation of a so estimates for the latter
are taken as given in the simulated log likelihood. Greene (2010)
indicates that standard errors are adjusted based on the Murphy
and Topel (2002) correction in a manner similar to what is done
in Heckman (1979).

Greene (2010) goes onto argue that the non-selected observa-
tions (i.e., when di = 0) do not contribute information about the
parameters to the simulated log likelihood and thus the function
to be maximized becomes:

log LS;Cðb;ru;rv ;qÞ ¼
X
di¼1

log 1=R
XR

r¼1

½expð�ð1=2Þ

� ððyi � b0xi þ rujUir jÞ2=r2
vÞÞ=rv

ffiffiffiffiffiffiffi
2p
p

�Uðqððyi � b0xi þ rujUirjÞ=re

þ aiÞ=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� q2

p
Þ�; ð4Þ

where ai ¼ â0zi. Model parameters are estimated using the BFGS ap-
proach and asymptotic standard errors are obtained using the
BHHH estimator. For full details on the model and its estimation
see Greene (2010).

The estimation also requires modeling the farmer selection into
the project. This selection process can be captured by a criterion
function, which is assumed to be associated with exogenous
household socio-economic variables, and can be expressed as:

Bi ¼ a0 þ
X6

j¼1

ajZji þwi ð5Þ

where B is a binary variable capturing the ith farmer’s participation
in the project (B = 1 for beneficiary farmers, and 0 for control farm-
ers); Z is a vector of exogenous variables; a are the parameters to be
estimated and w is the error term distributed as N(0, r2).

Within this framework, the predictor of TE can be obtained as
the expectation of ui conditional on the composed error term ei fol-
lowing Jondrow et al. (1982). Again, a full description of the esti-
mation of the TE scores can be found in Greene (2010).

Results

Table 3 reports the results of Probit models on participation in
the Plataformas using data on all controls (I), the non-eligible (II)
and non-participants (III). For each model, marginal effects calcu-
lated at the sample mean are reported. The models accurately pre-
dict 69.9%, 68.7%, and 62.7% of outcomes, respectively. As expected,
these results are consistent with those in Table 1. The Probit results
are used to calculate propensity scores for the treatment and con-
trol groups. Fig. 1 shows the density estimates of the distribution of
propensity scores for each group, along with the areas with and
without common support. The scores obtained are almost entirely
in the area of common support, suggesting that the different con-
trols consistently represent a reasonable counterfactual for the
treated group. Indeed, there are very few observations off common

support: 7 using all controls; 9 using non-eligibles; and 13 using
non-participants.7

Having identified the appropriate groups of control farmers, the
next step is to determine if the conventional SPF should be run for
the whole sample or if separate frontiers are necessary for benefi-
ciary and control farmers. First, a pooled SPF is estimated that in-
cludes a binary variable for participation in Plataformas. Next,
two separate SPF models, one for beneficiaries and a second one
for control farmers, are estimated. The LR tests confirm that treated
and control farmers display different technologies; thus, separate
SPFs are preferable. These results are corroborated by the pooled
models presented in Tables 4 and 5 where the parameters for the
variable Beneficiaries (beneficiary farmers) are positive and signif-
icant. Then, to correct for the possible bias from unobservables,
two separate SPF models are reestimated using Greene’s (2010)
selection correction framework.

The results of the SPF models are presented in Table 4 for the
unmatched samples, and in Table 5 for the matched samples. All
models presented in these two tables use the value of potatoes har-
vested per hectare (US$/ha) as the dependent variable. Each table
contains a total of nine models, divided into two groups, one
denominated conventional SPF and the second sample selection
corrected SPF. As expected, all estimated models present positive

Table 3
Probit on Plataformas participation (marginal effects).

(I) (II) (III)
All controls Non-

eligible
Non-
partic.

Land
Land owned (ha) �0.00325 �0.00643 0.00769
Owned plots (#) 0.0365** 0.0359** 0.0365**

Black soil (%) �0.126* �0.196** �0.112
Flat land (%) �0.0127 0.0416 �0.0219
Irrigated land (%) �0.0728 �0.0936 �0.102

Socio-demographic
Family size 0.00246 0.00598 �0.00566
Max educ. in HH 0.0186** 0.00722 0.0355***

% of labor force male �0.0506 �0.0745 �0.0578
Dependency share 0.0336 �0.0220 0.135
Credit constrained (1,0) �0.0580 �0.155** 0.0244
Indigenous head (1,0) �0.0571 �0.103 �0.0233
Female head (1,0) �0.0387 �0.0848 �0.0276
Age of head �0.00104 �0.00533* 0.00113

Welfare
House (1,0) �0.0461 �0.0696 �0.0405
Concrete/brick house (1,0) �0.158** �0.142 �0.187**

Refrigerator (1,0) �0.148** �0.204** �0.143
Access to water system (1,0) �0.0993 �0.313** 0.000203
Sewage (1,0) �0.0916 �0.0727 �0.136
Big farm animals (#) �0.00228 �0.00533 0.00223

Social capital
Ag. ass. membership 5 years + (1,0) �0.0779 �0.149 �0.0629
Non-Ag. ass. membership

5 years + (1,0)
�0.0800 �0.0490 �0.102

Community variables
Bus in community (1,0) �0.160** �0.177** �0.147*

Elementary school (1,0) 0.0458 0.158* �0.0179
Distance to closest city (km) �0.00537** �0.0114*** 0.000951
Chimborazo (1,0) 0.0780 0.0534 0.153*

N 495 326 340
Correctly classified 69.9% 68.7% 62.7%

* p < 0.10.
** p < 0.05.
*** p < 0.01.

7 Table A.1 reports the punctual test of means for the pooled sample following
Leuven and Sianesi (2003).
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partial production elasticities; however, their magnitudes and sta-
tistical significance differ. In every model, expenditures on seeds
make the greatest contribution to yields, followed by total expen-
ditures on other inputs.8 On the other hand, labor plays a minor role,
particularly for beneficiaries and the non-eligible. The results on in-
put expenditures are well in-line with those found by Kalirajan
(1991) and Bravo-Ureta et al. (2012). The former argues that the cash
required to buy inputs is one of the main production constraints for
smallholders in developing countries. The mixed results for labor
expenditures, where the coefficient is insignificant for beneficiaries
and the non-eligible, are consistent with the Lewis (1954) model.
This is the case because the farmers being studied have very limited
amounts of land with a relatively abundant work force; thus, the
marginal productivity of labor can be zero. In the case of beneficia-
ries, this might reflect the additional effort, in terms of labor used,
put forth to ensure that the new technology is successful. On the
other hand, the fact that the coefficient on labor is significant for
the non-participants (in treated communities) may reflect their pref-
erence to diversify their labor allocation by using it outside potato
production.

Given that expenditures on seeds and other inputs make the
greatest contribution to farm production, one way to interpret
these results is that since many of these farmers spend very little
on inputs, the marginal returns to these expenditures are very
high. The values for c, also reported at the end of Tables 4 and 5
are used to test whether inefficiency is statistically significant. As

shown in the tables, the null hypothesis that c = 0 is rejected,
which reveals that technical inefficiency is indeed an important
contributor to yield variability (Coelli et al., 2005).

Turning to the results obtained from the matching procedure
along with Greene’s (2010) sample-selection correction method,
we see that these are very similar to those obtained with the con-
ventional SPF method. The results of the selection equation are
presented in the Appendix Table A.2, which show that only the
parameters for the age variables are significant.

Moreover, when looking at the results for q for the various
models, there is no statistical support for selection bias. One impli-
cation of these results is that the rigorous process followed to de-
fine the counterfactual groups, including the PSM before
estimating the SPF models, have eliminated significant biases from
unobservables.

The results for average TE are presented in Table 6 separately
depending on the control group used along with tests for the dif-
ference in means.9 The average TE for the entire unmatched sample
is slightly higher than those found in other similar studies for small-
scale farmers in Central America (Bravo-Ureta et al., 2007). More
specifically, in all pooled models, the difference in TE between ben-

Panel 1: All Controls Panel 2: Non-eligible 

Panel 3: Non-participants 

0 .2 .4 .6 .8

Propensity Score

Treated:On supportUntreated
Treated: Off support

0 .2 .4 .6 .8 1

Propensity Score

Treated:On supportUntreated
Treated: Off support

.2 .4 .6 .8 1

Propensity Score

Treated:On supportUntreated
Treated: Off support

Fig. 1. Common support with different controls.

8 This variable includes expenditures on insecticides, fungicides (preventative and
curative), fertilizer (organic and chemical), tractors, and draft animals.

9 Average TE is computed for each group of farmers with respect to their respective
frontier and these means are then compared across groups. Therefore, these
comparisons are not absolute but relative to each group’s own frontier. In other
words, it is not possible to say which group or which specific farmer exhibits higher or
lower productivity for the overall sample. However, it is possible to investigate the
effect of selectivity bias on TE within each group and then discuss how close each
group, on average, is to its own frontier and thus make relative productivity/efficiency
statements.
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eficiaries and controls is negligible and non-significant. On the other
hand, in all separate models beneficiaries exhibit lower levels of TE
than control farmers independent of the control group used for com-
parison. Another point to highlight is that average TE decreases for
beneficiaries when going from the pooled to the separate model,
and then to the separate with sample selection models, although
the magnitude of the change is small. On the other hand, the oppo-
site is true for most cases for the controls for which generally TE in-
creases when going from the pooled to the separate, and from the
separate to the sample correction models. In sum, the main result
is that, independent of the group or method used for comparisons,
beneficiary farmers exhibit lower levels of average TE. That is, bene-
ficiary farmers tend to use their resources in a less efficient way than
the control group with respect to their respective technologies.

To explore the issue of TE further, we focus on the matched
sample and estimate TE levels for three different groups of benefi-
ciaries based on the number of years they had participated in Plata-
formas at the time the data was collected: (1) those who had

recently joined Plataformas (at least one year); (2) those who had
been in the program for up to two years; and (3) those that had
participated for three or more years.10 We then conduct a test of
means across groups by comparing the TE levels of farmers that
had been in the Plataformas for up to three years against the other
two groups, and against all controls. The results, presented in Table 7,
show that beneficiaries who had been in the program for only one
year exhibit the lowest levels of average TE (0.49) compared to those
who had been in the program for three years or more (0.57), and this
difference is statistically significant. Similarly, beneficiaries who had
been in the program for up to two years also exhibit lower levels of
TE (0.50), although slightly higher than the first group. Finally, when
comparing all controls against beneficiary farmers who had been in
the program for three years or more, while there are differences be-
tween their levels of TE (0.61 versus 0.57), these are not statistically

Table 4
Parameter estimates for the conventional and sample selection SPF models: unmatched sample.

Variables Pooled Conventional SPF Sample selection corrected SPF

Benef a All control Non-eligible Non-partic. Benef a All control Non-eligible Non-partic.

b1 = Labor ($/ha) 0.160** 0.063 0.180*** 0.153 0.170* 0.062 0.181*** 0.147 0.188**

b2 = Seeds ($/ha) 0.560*** 0.518*** 0.599*** 0.681*** 0.550*** 0.515*** 0.599*** 0.695*** 0.532***

b3 = O. Inputs ($/ha) 0.318*** 0.436*** 0.259*** 0.197* 0.341*** 0.442*** 0.257*** 0.193** 0.336***

Hired labor (0,1) 0.081 �0.036 0.121* 0.086 0.131 �0.023 0.121⁄ 0.086 0.122
Chimborazo �0.416*** �0.386* �0.460*** �0.404** �0.604*** �0.386** �0.479*** �0.426*** �0.584***

Beneficiaries 0.140* – – – – – – – –
Controls in PC �0.001 – – – – – – – –
Altitude �0.001** �0.001 �0.001* �0.001 �0.001* �0.001* �0.001** �0.001** �0.001**

Constant 2.671*** 3.535*** 2.434*** 2.740*** 2.663*** 3.241** 2.443*** 2.864*** 2.747***

c 2.192*** 2.658*** 1.861*** 1.667*** 2.279*** – – –
L. Likelihood �441.745 �173.378 �259.873 �130.035 �125.636 �316.064 �316.064 �244.745 �242.025
r(u) – – – – – 0.967*** 0.653*** 0.646*** 0.721***

r(v) – – – – – 0.385** 0.388*** 0.425*** 0.355**

q(w,v) – – – – – 0.446 �0.106 �0.238 �0.592
N 495 171 324 155 169 171 324 155 169

* p < 0.10.
** p < 0.05.
*** p < 0.01.

a Estimates from beneficiary sample using all controls for the matching procedure. The other two sets of estimates for beneficiaries show similar estimates and where
omitted from this table due to space limitation.

Table 5
Parameter estimates for the conventional and sample selection SPF models: matched sample.

Variables Pooled Conventional SPF Sample selection corrected SPF

Beneficiariesa All controls Non-eligible Non-partic. Beneficiaries a All controls Non-eligible Non-partic.

b1 = Labor ($/ha) 0.164*** 0.074 0.180*** 0.153 0.170* 0.067 0.180*** 0.147 0.194**

b2 = Seeds ($/ha) 0.550*** 0.495*** 0.599*** 0.681*** 0.550*** 0.494*** 0.609*** 0.687*** 0.527***

b3 = Oth. Inputs ($/ha) 0.322*** 0.447*** 0.259*** 0.197* 0.341*** 0.452*** 0.247*** 0.196** 0.328***

Hired labor (0,1) 0.08 �0.047 0.121* 0.086 0.131 �0.037 0.126** 0.080 0.128
Chimborazo �0.4076*** �0.367* �0.460*** �0.404** �0.604*** �0.343* �0.48979*** �0.421*** �0.580***

Beneficiaries 0.153* – – – –
Controls in PC �0.00056 – – – –
Altitude �0.00032*** �0.00045 �0.0002* �0.0003 �0.0003* �0.0004 �0.0002*** �0.0003** �0.0003**

Constant 2.636*** 3.494*** 2.434*** 2.740*** 2.663*** 3.119** 2.466*** 2.804*** 2.715***

RTS 1.04 1.03 1.04 1.03 1.06 1.01 1.04 1.03 1.05
c 2.208*** 2.644*** 1.861*** 1.667*** 2.279*** – – – –
L. Likelihood �434.999 �166.324 �259.872 �130.035 �125.636 �343.465 �396.058 �236.020 �239.961
r(u) – – – – – 1.0190*** 0.621*** 0.677*** 0.642***

r(v) – – – – – 0.387* 0.403*** 0.405*** 0.398***

q(w,v) – – – – – 0.325 �0.139 �0.020 �0.603
N 488 164 324 155 169 164 324 155 169

* p < 0.10.
** p < 0.05.
*** p < 0.01.

a Estimates from beneficiary sample using all controls for the matching procedure. The other two sets of estimates for beneficiaries show similar estimates and were
omitted from this table due to space limitation.

10 We thank an anonymous reviewer for suggesting this additional analysis.
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significant. One way to interpret these results is that farmers who
had applied the new technology package for one year or less experi-
enced a drop in their efficiency, but TE levels started to pick up by
the second year, and by the third year they got closer to the level
exhibited by the counterfactual group.

The results of Table 6 show that on average beneficiary farmers
are less efficient than control farmers, when compared to their
own frontiers, and now we are interested in examining which of
the two groups (beneficiaries versus controls) has higher value of
yields after controlling for biases from observed and unobserved
characteristics. These comparisons, shown in Table 8 along with
a test of the difference in means, are based on the average pre-
dicted frontier output obtained for beneficiaries and controls, using
their respective frontiers, after applying both PSM and Greene’s
(2010) selection correction.11 These results show that, on average,

beneficiary farmers are significantly more productive than control
farmers and this finding is consistent for all comparisons made.
Thus, an important implication of these results is that participation
in Plataformas has contributed to a technological advantage for par-
ticipants vis a vis non-participants—that is, the program induced TC.
This finding is compatible with previous studies that have looked at
the impact of Plataformas on farm output using very different con-
ceptual frameworks (Cavatassi et al., 2011a,b).

Overall, the results lead to the rejection of both of the null
hypotheses of this study: (1) equality of yields between beneficiary
and control farmers; and (2) equality in TE for both groups. How-
ever, the rejection of the second hypothesis is opposite to what
was anticipated. More precisely, beneficiaries of Plataformas have
significantly higher yields, but are significantly less efficient.
Therefore, beneficiaries operate on a higher production frontier
than controls due to the technology transferred by the program;
but, on average, they are further away from their frontier com-
pared to controls. However, TE levels rise with the length of partic-
ipation in the Plataformas. An initial lower level of TE for

Table 6
Technical efficiency levels.

Control group Sample and method Pooled Beneficiaries All controls Test of means

All Unmatched
Pooled 0.57 0.55 0.57
Separate – 0.51 0.61 ***

Sample Selection – 0.51 0.62 ***

Matched
Pooled 0.57 0.55 0.57
Separate – 0.51 0.61 ***

Sample Selection – 0.50 0.61 ***

Non-eligible Unmatched
Pooled 0.55 0.54 0.55
Separate – 0.51 0.61 ***

Sample Selection – 0.52 0.62 ***

Matched
Pooled 0.55 0.54 0.55
Separate – 0.52 0.61 ***

Sample Selection – 0.51 0.61 ***

Non-partic. Unmatched
Pooled 0.55 0.54 0.57
Separate – 0.51 0.60 ***

Sample Selection – 0.50 0.60 ***

Matched
Pooled 0.56 0.54 0.57
Separate – 0.52 0.60 ***

Sample Selection – 0.51 0.57 **

⁄ p < 0.10.
** p < 0.05.
*** p < 0.01.

Table 7
Technical efficiency levels by years of participation in Plataformas.

Length of time in Plataformas
3 or more years At least 1 yr. Testa At least 2 years Testa All controls Testa

0.57 0.49 ** 0.50 ** 0.61

** p < 0.05.
a Tests are for differences in means with respect to treated farmers with 3+ years in the Plataformas.

Table 8
Predicted frontier value of output per hectare after sample bias correction at the mean of the data.

Sample Beneficiariesb All controls Testa Non-eligible Test Non-partic. Test

Unmatched 1689 940 *** 946 *** 1185 ***

Matched 1738 954 *** 859 *** 856 ***

*** p < 0.01.
a Tests are for differences in means with respect to treated farmers.
b Average frontier output for the 3 matched samples.

11 The results of the matched conventional SPFA model are very similar. We present
results using the matched sample with the sample correction since it is more rigorous
than the conventional model.
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beneficiaries is generally consistent with Schultz (1975) who pos-
tulates that traditional farmers, when faced with a production
shock, such as the introduction of a new technology, could experi-
ence an initial drop in productivity.

Conclusions

While there is growing interest in conducting impact evalua-
tions in the agricultural sector, most of the related literature
focuses on output indicators, such as increases in yields, total value
of product, profits, and gross margins, while attention to manage-
rial performance is rare. Focusing on TE, as an indicator of

managerial performance, can be a significant addition to impact
evaluation studies of agricultural projects. This paper uses data
from small-scale potato farmers in Ecuador to disentangle TE mea-
sures from TC indicators by combining impact evaluation tools
with the SPF approach. A matched group of beneficiaries and con-
trol farmers is generated using PSM techniques to correct for biases
based on observed characteristics. In addition, this paper deals
with possible self-selection arising from unobserved characteris-
tics using Greene’s (2010) selection correction method for stochas-
tic frontiers. The analysis presented in this study, does not exhibit
clear indication of selection biases. For instance, the PSM only
dropped, on average, 10 out of 495 observations,12 while Greene’s
(2010) method does not reveal clear evidence of selection bias from
unobservables. These findings suggest that the rigorous process
implemented in data collection and in constructing the counterfac-
tual groups was able to mitigate the presence of biases from both ob-
servable and unobservable variables.

The analysis presented in this paper suggests that while benefi-
ciary farmers have significantly improved their performance in
terms of TC indicators, their levels of TE are lower than those of
control farmers. Thus, while Plataformas had a positive and signif-
icant impact on inducing higher yields, the results suggest that the
implementation of the new technology package had a cost in terms
of lower managerial performance (TE), at least in the short run.

It is important to put these results in context. Given that Plata-
formas beneficiaries were taught an array of new procedures to
implement throughout the production cycle (starting with select-
ing the right type of seeds, turning the land, applying IPM tech-
niques, etc.), it is very likely that beneficiaries had to spend
additional effort to master their newly acquired skills. Moreover,
at the time of the interview, 30% of farmers had been with Platafor-
mas for only one year, another 30% had been in the program for
two years, and the average number of years for the entire sample
of beneficiaries was 2.3 years. This means that for about one third
of the beneficiaries, their most recent harvest was the first time
they had a chance to implement their newly acquired technology.
Thus, a significant share of beneficiaries had limited exposure and
not enough time to fully incorporate their new know how from
learning by doing. Indeed, our results do show losses in TE but only
during the first years of participation, while there is evidence that
TE starts to pick up the longer farmers are exposed to the new
technology package.

These results are in line with economic theory (Schultz, 1975),
and are compatible with those reported in related studies that have
looked at TE for farmers that have recently entered into new niche
markets. For instance, Sipiläinen and Lansink (2005) found that or-
ganic dairy farms experienced a decrease in TE when they first con-
verted into organic production. Moreover, these authors estimated
that TE started to increase only after 6 years from the switch and
concluded that learning by doing as well as experience acquired
over time are likely to be important factors in the efficiency of or-
ganic production.

Our results do suggest the need to conduct follow up evalua-
tions after a project is completed to address longer term impacts.
Such evaluations would make it possible to assess the sustainabil-
ity of the project and also to examine if the managerial perfor-
mance of beneficiaries improves as a result of the project
compared to that of the control group. If the TE of beneficiaries
continues to lag, in relation to the controls, it would be important
to understand why that might be the case.

Table A.1
Punctual test of means.

Mean % Reduction of
bias

P>|t|

Treated Control

Land
Land owned (ha) 2.75 2.72 9.5 0.944
Owned plots (#) 3.37 3.25 75.5 0.602
Black soil (%) 0.77 0.78 80.2 0.753
Flat land (%) 0.38 0.38 �1.6 0.890
Irrigated land (%) 0.57 0.60 46.9 0.567

Socio-demographic
Family size 4.85 4.85 97.0 0.977
Max educ. in HH 8.44 8.37 92.5 0.867
% of Labor force male 0.47 0.46 39.6 0.704
Dependency Share 0.29 0.29 �40.0 0.818
Credit constrained (1,0) 0.16 0.19 26.8 0.590
Indigenous head (1,0) 0.56 0.55 76.9 0.793
Female head (1,0) 0.12 0.12 71.4 0.903
Age of head 42.02 42.22 59.5 0.892

Welfare
House (1,0) 0.83 0.84 75.1 0.720
Concrete/brick house (1,0) 0.82 0.83 92.2 0.885
Refrigerator (1,0) 0.12 0.14 68.4 0.669
Access to water system (1,0) 0.93 0.93 90.3 0.952
Sewage (1,0) 0.05 0.06 �78.7 0.835
Big farm animals (#) 5.43 5.73 17.2 0.614

Social capital
Ag. ass. membership

5 years + (1,0)
0.06 0.06 86.7 0.912

Non-Ag. ass. membership
5 years + (1,0)

0.63 0.62 96.7 0.972

Community variables
Bus in community (1,0) 0.43 0.46 42.4 0.677
Elementary school (1,0) 0.88 0.89 �349.5 0.631
Distance to closest city (km) 27.36 27.29 98.2 0.966
Chimborazo (1,0) 0.49 0.50 82.5 0.835
N 164 324

Table A.2
Selection equation: treated communities only.

Unmatched Matched

Treated Controls Treated Controls
Coeff. Coeff. Coeff. Coeff.

Age of head .08031** �.08031** .0744** �.07444**

Age of head^2 �.00079** .00079** �.00073** .00073**

Education of head 0.03135 �0.03135 0.03976 �0.03976
Education of head^2 �0.00102 0.00102 �0.0013 0.00133
Family size 0.01074 �0.01074 �0.00225 0.00225
Land owned (ha) 0.01803 �0.01803 0.01228 �0.0123
Constant �2.03667*** 2.03667*** �1.89953** 1.89953**

N 340 340 327 327

⁄ p < 0.10.
** p < 0.05.
*** p < 0.01.

12 The models drop 7 using all controls; 9 using non-treated communities; and 13
using treated communities only.
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