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Abstract

When evaluating the impact of a program, the effects of interventions on program
outcomes must be measured against a valid counterfactual case. Constructing a valid
counterfactual is especially important when experimental data is not available. Building a
baseline ensuring that treatment and comparison groups are similar as well as identifying
potential sources of bias are essential first steps towards constructing a valid
counterfactual. This paper assesses the comparability of groups of participants and non-
participants for conducting an impact evaluation of the Agriculture for Basic Needs
(A4N) program in Nicaragua. We examine the degree of similarity between A4N
participant and non-participant comparison households using propensity scores
(estimated probability of program placement). Propensity scores are matched for the two
groups, comparing results from using caliper matching and nearest neighbor matching
without and with replacement, and caliper matching. The analysis uses the pretreatment
characteristics of households belonging to the treatment (participant) and comparison
(non-participant) groups in order to verify whether the comparison group is statistically

similar to the treatment group.



Introduction

When evaluating the impact of a program, challenges arise in estimating the benefits of
interventions on program outcomes, particularly when evaluations are conducted in a
non-experimental setting. In general, when conducting an impact assessment, we are able
to observe realized outcomes for program beneficiaries when they participate in the
program interventions, but we do not know what might have happened if the beneficiaries
had not participated in the program. Therefore, program evaluation is a problem of

missing data.

A key challenge is to construct a valid counterfactual or comparison group comprised of
individuals who did not participate in the program but have characteristics similar to the
program participants. Evaluating program performance in comparison to such a
counterfactual group permits assessment of whether observed changes are due to the
program, as opposed to changes that would have occurred anyway. A complicating
factor is that many anti-poverty programs aim to target individuals with certain
characteristics (like low incomes), so the targeted program population (i.e. people who
meet the eligibility criteria) will often differ systematically from the non-targeted
population. In the program evaluation literature this is known as selection bias on
observable characteristics. Another source of bias may arise within the targeted eligible
population when some individuals voluntarily select to participate in all the components
of a program intervention offered to them, some participate in only some components of
a program, and some elect not to participate at all. Such self-selection bias is known as

bias on un-observables. In other words, such selection bias occurs when unobservable



characteristics that affect the decision to participate or not to participate in a program are
correlated with characteristics that affect the process that determines program outcomes

of interest.

Conducting a program evaluation to isolate true program impacts requires determining an
effective way to construct a valid counterfactual that is as similar as possible to the
factual case in both observable and unobservable characteristics (i.e., is free from any
bias). The literature on impact evaluation proposes different methods to correct selection
bias and construct a valid counterfactual under different assumptions about the choice of
program participants. This includes methods such as difference in difference (DID),
propensity score matching (PSM) and regression discontinuity design (RDD). The latter
two correct for bias on observable characteristics, usually when there is cross sectional
data available. In PSM, the estimated probability of being selected for program
participation, known as the propensity score, is used to match members of an untreated
comparison group with members of the treatment group for the purpose of estimating
impacts as the difference in outcomes between the treatment and comparison
group(Becerril & Abdulai, 2009; Cox-Edwards & Rodriguez-Oreggia, 2009; Dillon,
2011; Jyotsna & Ravallion, 2003; Mendola, 2007; Cavatassi, Salazar, Gonzalez-Flores, &
Winters, 2011). RDD can be used when program participants are chosen according to a
threshold value for a given characteristic that determines program eligibility. A
comparison group with similar characteristics to the ones of the treated can be selected
from nonparticipants who fall just beyond the eligibility threshold. In a sharp regression
discontinuity design, the assignment is a deterministic function of the covariate used for

selecting program participants. Alternatively, in a fuzzy regression discontinuity design,



where probability of being eligible does not necessarily have to switch from zero to one
at the threshold, producing a jump on the probability distribution between participants
and nonparticipants(Carrella, Hoekstra, & West, 2011; Klinger & Schiindeln, 2011;

Lalive, 2008; Skoufias & Buddermeyer, 2004).

Among the methods that correct for selection bias on un-observables, the difference in
difference (DID) estimator is effective and feasible with panel data regression (Centeno,
Centeno, & Novo, 2009; Centeno, Centeno, & Novo, 2009; Schultz, 2004; Del Carpio,
Loayza, & Datar, 2011; Bravo-Ureta, Nunes-Almeida, Solis, & Inestrosa, 2011). The
DID estimator calculates an impact estimate by comparing the sample data between
program participants and non-participants, calculating the difference between the mean
outcomes of each group before and after the intervention and then the difference in means
between these two differences. By taking differences, it removes any bias related to
unobservable common time trends. Conducting a program evaluation to isolate true
program impacts requires determining an effective way to construct a valid

counterfactual.

Building a panel data set requires a baseline survey and one or more follow up surveys,
which is what is planned for the impact evaluation of the Agriculture for Basic Needs
(A4N) program. The economic impact evaluation of the A4N program implemented in
Nicaragua to be based on two different methods to estimate program gains. One is
comparing the post-treatment outcomes between the treatment and comparison
households based on PSM using the pre-treatment (baseline) data, and the other is the
DID analysis The estimates of program gains from these two methods will be checked for

robustness. Since the project is still in progress and only the baseline data have been



collected so far, this paper focuses on the comparison of different PSM methods to

establish a valid counterfactual.

The estimation of the propensity score (PS) considers the eligibility criteria of the
implementing agency, while attempting to control for household characteristics, asset
endowments and village characteristics (i.e., observable characteristics). The A4N
program eligibility criteria include households with limited resources, as measured by the
area of cultivated land, access to water, sanitation and electricity, and good quality house
construction materials. The program also targets households with children under five

years old, those headed by women, and those facing food scarcity.

The rest of this paper presents an overview of the A4N program, introduces the PSM
method, describes the survey data used for this exercise, presents the estimates of the
probability of program placement and then tests for sufficient overlap in probability
distributions between treatment and comparison groups in order to permit generating a

valid counterfactual.

The Agriculture for Basic Needs (A4N) program

Catholic Relief Services (CRS) and its partners, Caritas and the Foundation for Research
and Rural Development (FIDER), are implementing the A4N program in Nicaragua.
Activities started in August of 2009 and are scheduled to run until August of 2012.

This program aims to provide farmers with a set of skills for achieving sustainable farm
production and increased agricultural income. To accomplish these objectives, the
program promotes conservation agriculture and nutritious crops, improved crop varieties,

micro-livestock (poultry and fish), integrated pest management and practices to diminish



post-harvest crop loss. Other program interventions include saving and lending groups,
post-harvest processing, expanded participation in markets, and promotion of farmer
innovation groups.

The A4N project has first targeted villages that are considered poor. These villages are
characterized by high levels of poverty, located in areas of natural resource degradation,
and high vulnerability to natural disasters. Within these villages, eligible households are

expected to meet most of the following official eligibility criteria:

¢ Cultivated land area less than two manzanas (1 Mz = 1.73 acres).

¢ Cultivated land on steep slopes.

* Lack of access to any of the following public services: piped water, sanitation,
and electricity.

* Materials for house walls not brick or concrete; roof not concrete, zinc or brick;
floor not concrete, ceramic or tile.

* The household experiences hunger during some period of the year.

* Household head is female.

* Household includes children younger than five years old.

Within the villages, promoters trained by the A4N form groups of 15 to 20 eligible
farmers and offer them the opportunity to participate in selected program interventions.
Not all interventions are offered to each group of farmers. Due to limited project

resources, interventions are prioritized and offered where the need is considered greatest.

In the particular case of the A4N program, it is difficult to exclude the participation of

village members who are not officially eligible, and the program allows for technically



ineligible individuals to participate in the hope that they can facilitate spreading the

benefits of the interventions during and after program implementation.

Since program participants select themselves to participate in the program interventions
they are offered. In the case of A4N program, the impact evaluation must account for
potential selection bias from two sources--selection into the A4N project via official

eligibility criteria and self-selection into specific A4N activities by A4N participants.

Determining the comparison group by Propensity Score Matching.

The main conditions for using propensity score matching (PSM) for constructing the
counterfactual are that 1) there is unconfoundedness in program assignment, given by
Equation (1); and 2) there is a common support (overlap) between the probability
distribution of program participants and non-participants, given by equation (2) (Caliendo

& Kopeinig, 2007).

yo, y1 L Partic |x (1)

0 < prob (Partic=1 [x) <1 (2)

where yj is the outcome for non-participants and y is the outcome for participants,
“Partic” is participation and x represents a set of variables that may influence
participation. The sign L means that program outcomes are independent of program

participation, conditional on x.

The PSM method consists of choosing the comparison group according to the probability

of being selected for a treatment, given a set of observable pre-treatment characteristics



and outcome values that do not change with program intervention but that affect program

placement.

The characteristics of the treatment and the comparison groups (individuals participating
and not participating in the program) prior to program interventions are used to determine
their probability of participating in the program. The propensity score is the estimated
baseline (i.e., pre-treatment) probability of being selected for program participation. It is
used to test for the degree of overlap in the probability-of-selection distributions between
the comparison and treatment groups to determine whether the two groups can be
matched. Matching is important, because it means the two groups are sufficiently similar
that the matched comparison group can serve as a valid counterfactual to estimate

program gains after the treatment.

The empirical analysis is conducted in three steps. In the first step, sample means of
individual covariate variables are compared in order to test for potential selection bias
between non-participants and participants. Covariates are compared via a measure of bias

defined as follows:

M*IOO, (3)

bias = —
AlS+ S,

where X, and X, are the means of the sample averages of variable j for the groups of

participants (1) and non-participants (0), and s, and s, estimated standard errors for



variable j for participants and non-participants. An absolute value of bias above 25 is

typically interpreted to mean that the two groups are not similar by those covariates. >

In the second step, the probability of program participation is estimated by the use of a
binary response econometric model. The dependent variable is participation in the
program, which takes values of one for farmers participating in the program and zero
otherwise. Participation in A4N is defined as participating and benefiting from any one or

more of the program interventions.

To assess the overall program participation, a logit model is estimated. The expected

probability of program participation is
E(y|x) = P(Partic=1|x) = G(x8) 4)

Here, 0 < G(xP) < 1, G refers to the logistic probability distribution function, and xf is
an index model, where x represents the set of explanatory variables (Heckman & Smith,
2004; Coady & Parker, 2009). In this case, the explanatory variables refer to program
eligibility criteria (elig), household characteristics (househ), village characteristics

(village), farm characteristics (farm), and wealth (wealth).
xP = B1+PaelegtPshouseh+Pavillage+Pefarm+Prwealth+e  (5)

The partial effects of the beta coefficients can be used to measure the marginal effect of

each of these characteristics on the probability of program participation. From the

? Personal communication, J. Wooldridge, Cross Sectional and Panel Data Econometrics II class (EC
821b), Michigan State University, spring, 2011.
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estimation we obtain the estimated probability of participation for both participants and

non-participants, given by equation (6),
f’(Partic) = G(/g’l + /§2elig + /3’3h0useh + /§4village + /3’5 farm+ /§6wealth) (6)

Dehejia and Wahba’s (2002) suggested algorithm for estimating the propensity score is
then applied to determine whether higher order terms and/or interaction terms need to be
included in the model. With these estimated probabilities we check for the overlap of the
probability distributions of selection into the two groups and conduct matching of

participants to non-participants using the propensity scores (Wooldridge, 2010).

In the third empirical analysis step, non-participant observations are matched, one to one,
with a participant observation by the value of its estimated propensity score, minimizing
the absolute difference between the estimated propensity scores between observations.
This procedure, known as matching by nearest neighbor (NN), was first conducted
without replacement (a non-participant observation is used only once to match a
participant observation), to compare participants and not participants on the estimated
value of their propensity scores. Caliper matching was conducted as well, where
individual observations for non-participants are paired with matching participant
observations within a caliper or range of its propensity score. Then the NN matching
procedure was conducted with replacement, which means that an observation of a non-

participant can be used more than once as a match for a non-participant observation.

After matching, we conducted balancing tests, estimated the bias (as defined by equation
(3)), and conducted t-tests for equal means before and after matching. These tests were

conducted for each of the covariates included in the propensity score estimation for both
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participants and non-participants. The tests aim to determine whether the matching
procedures have served the purpose of making participants and non-participant groups
more similar, or if on the contrary, differences have increased after matching of
observations in the two groups. For the purpose of constructing a valid counterfactual, it
is desirable to identify nonparticipants whose estimated probabilities of selection are

close to those of the control group.

The data.

The data used in this paper comes from a household and village baseline survey
conducted in the departments of Esteli, Jinotega and Matagalpa, in northwestern

Nicaragua between July and September of 2010.

The sampled villages were selected according to the population weights of each of the
municipalities where the project intervened. The villages for the survey were randomly
selected from the lists of participating villages provided by CRS. Non-participant villages
were identified according to national census data on poverty levels, as measured by the
index of unmet basic needs (Instituto Nacional de Informacion de Desarrollo, 2005), the
importance of staple crops, small landholdings (Instituto Nacional de Informacion de

Desarrollo, 2003) and location in the same agrarian zones (Nitlapan, 2001).

From each community, 10 - 15 households were selected randomly from the lists of all
households. The aim was to collect information from 10 households in the small villages
and 15 households in the larger villages. In A4N participant villages, CRS provided lists

of participating households. In non-participant villages, sample lists were developed in

12



consultation with village leaders, who were requested to identify households that would

meet the eligibility criteria of the A4N program.

A total of 297 participant households in 31 participant villages, and 350 non-participant
households in 32 non-participant villages were used for this exercise. More non-
participant households were interviewed to take into account the trimming of
observations to be done when applying the propensity score matching. A survey of
village characteristics was conducted among village leaders in each of the 63 villages

used here.

Results

Based on comparison of individual covariate sample means (Table 1), the A4N
participant and the non-participant groups are similar by most of the covariates. All bias
measurements for the eligibility criteria variables are less than 25 except for female
household head, with a difference of 27, which is marginal. Household characteristics

and asset endowments also do not differ significantly.

In terms of village characteristics, the bias for distance to nearest market is 32, indicating
that A4N program participants are located in villages that are closer to markets than the
non-participant villages. However, there is no significant bias in the distance to the

nearest paved road.

Looking at the eligibility criteria, the average area of cultivated land among the

participants is 3.2 Mz, which is greater than the 2.5 Mz maximum area of land proposed

13



as a formal eligibility criterion for participation. In practice, this type of eligibility

criterion is difficult to enforce.

The propensity score model was estimated first using a logit model with the data from
294 treated and 341 non-treated households. Fifteen observations across the two groups
were dropped due to missing data. Dehejia and Wahba’s (2002) algorithm for estimating
the propensity score (see Appendix 1 for details) was used to determine whether
interaction terms and higher level terms were required to improve the estimation. It was
found that these terms were not required, so the model chosen was a parsimonious logit

model with all covariates entering linearly.

The logit model estimates probability of program participation (Table 2). Results
suggest that female-headed households are more likely to participate in the A4N
program. Similarly, households in villages located farther away from markets, or in
villages that lack access to a health facility or that include a high proportion of farms less
than 10 Mz are more likely to participate in the A4N program. These coefficient
estimates are significant at the 0.01 probability of a Type I Error, as measured by both the
logit model in Table 2 and the tests for equal means in Table 1, implying that the

participants and non-participants differ on these covariates.

The probability distributions of selection into the A4N participant and non-participant
groups are presented in Graph 1. Only two A4N participant observations fall outside the
common support. However, the two distributions are not mirror images, and the non-
participant distribution contains more observations with propensity scores bellow 0.6, and

a disproportionate number of observations with propensity scores below 0.2, compared

14



with participants observations, for which there are not observations with propensity

scores over this range.

Following standard procedures for propensity score matching, the next step was to
conduct matching of participant and non-participant observations according to the values
of the propensity score. First we started with matching on the nearest neighbor, or closest
value of propensity score, without replacement, to test how close the estimated propensity
scores is from the treated and untreated groups. The results in Graph 2, show that 294
pairs were formed, but after about 100 observations the quality of the matches decreases.
The propensity scores for non-participants get farther and farther away from the
estimated propensity score for the participants, which is a consequence of having fewer
matches as the propensity scores get closer to one. Graph 3 displays the results for caliper
matching with a range of 0.001. Within this narrow range, only 101 pairs could be
formed. Upon expanding the caliper range to 0.01, 183 pairs could be formed (Graph 4).
However there are still more than 100 participant observations lacking a match within

that range.

The use of the nearest neighbor with replacement appears to be more attractive, as shown
in Graph 5. NN with replacement allowed 294 pairs to be formed with 294 participants
and 141 non-participants. As the propensity scores got closer to one, non-participant
observations were used more than once to form pairs with corresponding participant
observations. This method clearly improves the quality of the matches, and allows pairing

each participant observation with a corresponding non-participant.
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The results for the balancing tests for nearest neighbor matching with replacement are
shown in Table 3. There are both reductions and increases in bias for different covariates
included. This finding occurs because PSM only considers the estimated probability of
program participation for pairing the data, and not the covariates directly. The most
remarkable cases are for increases in bias for the village level variables - size of the
village population and distance to closest paved road - with an increase in bias over

400%; however in absolute terms the value of the bias measure is still below 25.

In summary, for this particular set of data, matching with replacement appears as a most
suitable way to construct the comparison group. The need for replacement is driven by
differences in certain household-level characteristics of non-participants, such as
frequency of female household heads and by certain non-participant village level
characteristics, such as distance to the nearest market, which reduce the observations that

are suitable for matching with the participants.

Since the second round of panel data required for conducting impact evaluation of the
A4N project is not available yet, the main goal of testing the level of overlap between
participants and non-participants included in the sample is to determine whether there are
enough observations to generate a subset of non-participant observations to perform

propensity score matching of nearest neighbor with replacement.
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Conclusions

When conducting baseline data collection for impact evaluation of a program that was
not implemented based on the principles of randomized assignment, it is important to
determine whether the non-project comparison group households are sufficiently similar
to support subsequent comparisons. One method for checking if there is enough overlap
between the two groups is to estimate the propensity scores and using the score for each

observation as a matching variable.

Propensity score matching is frequently used to improve overlap between the probability
distributions of program placement between participants and non-participants based on
pre-treatment characteristics in order to estimate average treatment effects. In cases like
the one presented in this study, overlap is not a problem. The predicted probabilities of
program participation estimated in this paper allow us to conclude that there do exist
some differences in the characteristics for participants and non-participants, such as
gender of household head and distance between the village and nearest market.
Nonetheless, there is sufficient overlap between the observable traits of participant and
non-participant (comparison) households to enable valid comparisons. In this study, one
to one matching without replacement or one to one matching based on caliper method,
are not the best choices. Non-participants’ propensity scores concentrate towards zero,
and matches for participants’ propensity scores decrease when we get closer to one.
Therefore nearest neighbor matching with replacement emerges as the best alternative to
construct a comparison group that is statistically similar to the treatment group for impact

assessment.
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Appendix 1.

From Dehejia and Wahba, 2002, p. 161:

A simple Algorithm for Estimating the Propensity Score:

1. Start with a parsimonious logit specification to estimate the score.

2. Sort the data according to estimated propensity score (ranking from lowest to
highest).

3. Stratify all observations such that estimated propensity scores within a stratum for
treated and comparison units are close (no significant differences); for example,
start by dividing observations intro strata if equal range (0-0.2, 0.2-0.4, ..., 0.8-1)

4. Statistical test: for all covariates, differences in means across treated and
comparison units within each stratum are not statistically different from zero.

a. If covariates are balanced between treated and comparison
observations for all strata, stop.

b. If covariates are not balance for some stratum, divide the stratum into
finer strata and reevaluate.

c. Ifacovariate is not balanced for many strata, modify the logit by
adding interaction terms and/or higher-order terms of the covariates

and reevaluate.
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Table 1. Summary statistics for the variables included in the propensity score
regression, for A4N participants and non-participants, Nicaragua, 2009

Comparison p value
Treatment N=297 N=350 t-test for
equal

Variable Mean | Std. Dev. | Mean | Std. Dev. Bias means
Cultivated land in Mz 3.20 3.35 3.44 3.32 -5.03 0.37
Steep slope(0,1) 0.34 0.47 0.31 0.46 3.81 0.49
Inadequate services(0,1) 0.68 0.47 0.77 0.42 -14.55 0.01
Inadequate housing(0,1) 0.88 0.33 0.83 0.38 9.33 0.09
Electricity(0,1) 0.61 0.49 0.67 0.47 -9.63 0.09
The household experienced food scarcity(0,1) 0.40 0.49 0.31 0.46 13.27 0.02
Female head(0,1) 0.20 0.40 0.07 0.26 26.75 0.00
Number of children less than 5 years old 0.53 0.73 0.51 0.71 1.93 0.73
Age of household head 49.06 15.43 48.04 14.68 4.76 0.39
Head works in own farm(0,1) 0.77 0.42 0.84 0.37 -12.36 0.03
Head years of education 2.88 2.70 3.19 2.72 -7.92 0.16
Number of people in the household 5.16 2.28 5.39 2.28 -7.32 0.19
Number of people per room 3.81 1.99 3.85 2.09 -1.52 0.79
Value of livestock in 1000s Cordobas* 7.59 11.27 9.89 15.21 -12.14 0.03
Value of farm infrastructure in 1000s Cordobas* 0.59 1.70 1.13 3.19 -15.06 0.01
Value of farm equipment 1000s Cordobas* 2.68 6.49 3.67 7.62 -9.89 0.07
Television(0,1) 0.42 0.49 0.54 0.50 -16.83 0.00
Cellphone(0,1) 0.37 0.48 0.43 0.50 -8.40 0.13
Population 632.79 | 479.96 | 637.04 | 593.62 -0.56 0.92
Distance to closest market Km/10 1.40 0.68 1.95 1.59 -31.78 0.00
Distance to closest road Km/10 0.95 0.94 0.94 0.90 1.23 0.83
Health facility(0,1) 0.20 0.40 0.32 0.47 -19.10 0.00
Proportion farms which produce basic

grains(2003)** 0.84 0.24 0.87 0.10 -10.87 0.06
Proportion farms size less than 10 Mz (2003)** 0.59 0.23 0.51 0.20 25.49 0.00

*Exchange rate in July 2009 was US$1.00 = C21.35

**Source: Instituto Nacional de Informacion de Desarrollo. (2003). Censo Nacional

Agropecuario. Managua, Nicaragua.
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Table 2. A4N program participation propensity score logit model Nicaragua, 2009.

Dependent Variable: Participation in A4N (0, 1)

All households N=635

Covariates Coefficients Margeff | p-value
g Cultivated land in Mz 0.023 0.005 0.468
‘é Steep slope(0,1) 0.257 0.051 0.192
2 | Inadequate services(0,1) -0.412 -0.083 0.052
5 | Inadequate housing(0,1) 0.048 0.010 0.864
%" Electricity(0,1) 0.188 0.037 0.438
g The household experienced food scarcity(0,1) 0.347 0.070 0.075
& | Female head(0,1) 1.563 0.303 0.000
8. | Number of children less than 5 years old 0.059 0.012 0.681
# | Age of household head -0.001 0.000 0.913
E ‘é Head works in own farm(0,1) 0.485 0.094 0.087
% § Head years of education -0.003 -0.001 0.929
2 s Number of people in the household -0.014 -0.003 0.802
© | Number of people per room -0.041 -0.008 0.498
g 2 Value of livestock in 1000s Cordobas -0.013 -0.003 0.084
E % Value of farm infrastructure 1000s Cordobas -0.082 -0.016 0.060
E" Value of farm equipment 1000s Cordobas -0.005 -0.001 0.753
5 § Television(0,1) -0.392 -0.079 0.091
S & | Cellphone(0,1) -0.016 -0.003 0.934
Population 0.000 0.000 0.105
., | Distance to closest market Km/10 -0.645 -0.129 0.000
S | Log distance to closest road Km/10 0.183 0.037 0.092
% | Health facility(0,1) -0.999 -0.197 0.000
gb Proportion farms which produce basic grains
z |03 -0.220 -0.044 0.711
Proportion farms size less than 10 Mz 03 2.423 0.485 0.000
Constant -0.445
Log likelihood -369.351
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Graph 1. Estimated Propensity Scores, logit model results
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Graph 2. Propensity scores for participants and non-participants after matching
without replacement.
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Graph 3. Propensity score for participants and non-participants after caliper=0.001

matching.
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Graph4. Propensity score for participants and non-participants after caliper=0.01
matching.
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Graph 5. Propensity score for participants and non-participants after nearest

neighbor matching with replacement.
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Table 3. Balancing tests after conducting Nearest Neighbor Matching

N=294 Sample average % reduc
Variable Sample Treated | Non Treat Bias bias
Cultivated land in Mz Unmatched 3.21 341 -6.20

Matched 3.21 3.20 0.20 97.50
Steep slope(0,1) Unmatched 0.34 0.32 4.30

Matched 0.33 0.30 5.80 -36.90
Inadequate services(0,1) Unmatched 0.67 0.76 -19.80

Matched 0.67 0.74 -14.50 26.90
Inadequate housing(0,1) Unmatched 0.87 0.82 14.00

Matched 0.87 0.89 -3.80 72.70
Electricity(0,1) Unmatched 0.60 0.69 -17.60

Matched 0.60 0.49 23.70 -34.30
The household experienced food scarcity(0,1) | Unmatched 0.40 0.31 18.30

Matched 0.40 0.45 -10.70 41.30
Female head(0,1) Unmatched 0.20 0.07 37.90

Matched 0.19 0.21 -4.10 89.20
Number of children less than 5 years old Unmatched 0.52 0.50 3.10

Matched 0.52 0.49 5.30 -68.60
Age of household head Unmatched | 49.12 47.84 8.50

Matched 49.15 47.55 10.60 -24.30
Head works in own farm(0,1) Unmatched 0.77 0.84 -16.90

Matched 0.77 0.82 -11.20 33.60
Head years of education Unmatched 2.88 3.18 -11.10

Matched 2.88 2.95 -2.70 75.90
Number of people in the household Unmatched 5.15 5.38 -10.20

Matched 5.17 4.73 19.20 -88.20
Number of people per room Unmatched 3.81 3.87 -2.50

Matched 3.83 3.77 2.90 -17.10
Value of livestock in 1000s Cordobas Unmatched 7.63 9.89 -17.00

Matched 7.68 6.35 10.00 41.10
Value of farm infrastructure 1000s Cordobas | Unmatched 0.59 1.15 -21.90

Matched 0.59 0.50 3.40 84.30
Value of farm equipment 1000s Cordobas Unmatched 2.70 3.74 -14.60

Matched 2.72 243 4.00 72.30
Television(0,1) Unmatched 0.42 0.55 -25.50

Matched 0.42 0.36 13.10 48.60
Cellphone(0,1) Unmatched 0.37 0.43 -13.00

Matched 0.36 0.32 8.40 35.50
Population Unmatched | 635.89 650.29 -2.70

Matched 637.08 562.24 13.80 -419.60
Distance to closest market Km/10 Unmatched 1.41 1.99 -47.00

Matched 1.42 1.30 9.20 80.40
Distance to closest road Km/10 Unmatched 0.95 0.94 0.90

Matched 0.95 0.88 7.30 -672.10
Health facility(0,1) Unmatched 0.20 0.32 -28.80

Matched 0.20 0.15 11.80 59.00
Proportion farms which produce basic grains | Unmatched 0.85 0.87 -13.20

Matched 0.85 0.88 -15.90 -20.50
Proportion farms size less than 10 Mz Unmatched 0.59 0.52 33.50

Matched 0.59 0.52 29.10 13.10




