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Abstract: This essay is an evaluation of year one of the IlBusiness Development (RBD)
program for small rice farmers in Ledn, Nicaragliae RBD program is administered by the
Millennium Challenge Corporation, and is designedeliver agricultural extension advice and
affordable credit in the form of inputs to farm kseholds. This essay estimates the average
impact of the program on rice yields and revenu#iging inverse propensity score weighting
combined with linear regression. In conductingist&gl inference, it also accounts for the fact
that agricultural outcomes are likely correlate@mspace in a small area such as the one studied
here. The results suggest that the program hachpadt on average, likely due to the presence
of a severe drought during the 2008 — 2009 ricevgrg season, but that poorer households may
have done better than their wealthier counterp@his does not account for program costs,
which when factored in would surely make the overat benefit of the program negative. There
may very well be long term benefits to exploitingension advice and better access to credit
created by the RBD program, and the it appearse Bhielded poorer farmers somewhat from
the impact of the drought. But the results highligiie danger of introducing programs aimed at
raising productivity and incomes in areas subjedyistem unanticipated shocks. Incorporating
risk management techniques or insurance againt&rsigsrisk into extension programs may
improve welfare and encourage broader participatiaygricultural productivity programs going
forward.



1 Introduction
When thinking of interventions designed to comba&lrpoverty, agricultural extension and

credit appear to be natural complements. By defigetnowledge to farmers about productivity
enhancing techniques and the proper use of inpxtsnsion can increase returns to capital
invested in agricultural activities or diminishk$sassociated with agriculture. At the same time,
including credit as a component of an agricultesdension program can give farmers the
resources necessary to fully exploit the knowlegigjeed via extension services, and bring

households into the market for extension servisasdtherwise could not afford to participate.

This essay evaluates year one of the two-year Busihess Development (RBD)
program for rice farmers in Leodn, located on theifRaCoast of Nicaragua. The program
combines credit in the form of agricultural inputish agricultural extension services tailored to
individual farms. The RBD program is funded joyribly the U.S. and Nicaraguan Governments,
and is administered by the local office of the Bhihium Challenge Corporation (MCC), a

development agency of the U.S. Government.

Estimated impacts indicate that the program haunpact on yields or revenues on
average, but that farmers with relatively less wegl productive agricultural assets did better
than wealthier farmers. There are reasons to leetieat the lack of a positive impact on average
is due to the combination of the nature of the Geneffered by the RBD program and the
severe drought that occurred in the 2009-2010 algui@l year in the study area due to an El
Nifilo event. The timing of rice planting decisionde6n and Chinandega are such that the
magnitude of the 2009-2010 EI Nifio event was natwkmuntil quite late in the growing season;
the vast majority of farmers plant in July, whishwhen the presence of an El Nifio event in

2009 was first confirmed, but its magnitude waskmmwn until much later in the growing



season (IRI 2009). According to MCC documentataokey element of the extension advice and
credit package offered by the RBD program was fasuthe proper and intensive use of
chemical fertilizers. A severe drought would litie ability of the rice plant to take up nutrients

from fertilizer through its root system, undermigisome of the benefit of the program.

Failing to detect a positive impact in a droughdryeay or may not indicate a lack of
benefits to participation in the RBD program. Déagito join an extension program that also
offers credit may require weighing a tradeoff beswéigher expected returns and greater risk.
Farmers might elect to participate in the RBD pamgibecause of gains from participation that
occur over time in years characterized by favorgbbeluction conditions, while output in years
with poor conditions for rice production could beaffected or even decrease due to enrolling in

the program.

In the case of the RBD program, the skills leamiadextension agents could be applied
in future years in which conditions are more suédbr rice. Thus the complete stream of
benefits due to the program cannot be capturedstata framework. However, the negative
aspects of poor outcomes among participants alg® dgnamic implications. At one extreme, a
long-term deepening of poverty may occur if housdhsell off assets to meet debt obligations
(Carter and Barrett 2006). Whether this outcomddcobtain depends on how well insured
households are against shocks, a question thexdatet well suited to answer, although as
mentioned earlier poorer households did bettervenage than richer farmers, suggesting that
the program did serve as something of a buffeaniycase, extension and technology adoption
programs in areas subject to largely unanticipayastiemic shocks might be improved by

measuring the extent to which households can altkede shocks, and possibly by including an



insurance component to the package of benefitseuffeo participants or tailoring extension

advice to include risk management techniques wpessible.

This paper adds to the literature on agricultuxéémesion and credit interventions in
developing country agriculture. Much has been emithbout agricultural extension in
developing countries, and earlier work in this a@retne context of developing economies is
surveyed by Anderson and Feder (2004). When ecamiemeethods have been employed,
much of this literature reports high returns toasiwnents in extension services, e.g., Bindlish
and Evenson (1997). But as noted by Anderson addrFdata quality and issues of econometric
methodology give reason to doubt some of thesdtse#\s shown by Gautam and Anderson
(1999), small changes to model specifications ¢astitally reduce high estimated returns to

extension investments.

Later studies have made improvements to econonm@ibodology, and several of these
are summarized in Cerdan-Infantes, Maffioli, anddUf2008). Studies such as those by
Praneetvatakul and Waibel (2007) and Godtland. €2@04) tend to find that extension services
have had success with respect to knowledge trabstanixed effects on productivity and
income. Overall, the evidence for the benefitsx@émsion to agriculture in developing countries
is mixed, and this conclusion extends to the varimodalities by which extension services can

be delivered (Anderson and Feder 2007).

Rural credit markets are the subject of their oiwh literature, but only a small portion
of research has been aimed at measuring the effectsdit on agricultural productivity and
incomes. Existing studies generally find posititlees of credit receipt and access on

agricultural productivity and incomes, but magnésdiary considerably. Carter (1989) finds



weak evidence of a positive relationship betweeript of credit and farm income and
productivity in Nicaragua. Feder et al. (1990) &wdtz (2004) find modest effects of relaxing
credit constraints on households on output andhiesy the former in the case of rural China and
the latter using a sample of Tunisian farms. Gagkr and Boucher (2008) use a broader
definition of credit rationing than that employeyl Beder et al. and Foltz, expanding the group
of rationed households to include those that éetdredit market due to transaction costs or
unwillingness to bear the risk of losing collateératase of default. They estimate much larger
impacts of eliminating credit constraints on farsgr rural Peru equal to an increase of 26

percent in the value of output per hectare.

As summarized by Del Carpio and Maredia (2009)eleee a relatively small number of
rigorous impact evaluations of agricultural extensand rural credit market projects in the
literature. Their survey of the literature from P0@ early 2009 identified 20 studies of
agricultural extension projects and 10 addressing credit interventions that satisfied a few
basic criteria for categorization as a rigorousastgevaluatiort. When the scope of these studies
is limited to evaluations of projects that comb@éxension services with credit, the number
becomes smaller still. One recent example is Asl@aré, and Karlan (2009), who evaluate the
impact of DrumNet in Kenya, a program designedhtwaase participation of horticulturalists in
export markets. The authors of that study randas$ygn groups of farmers to treatments
including extension services, extension with atjbability loan, and no treatment. They find
significant impacts of both versions of the programproduction of export crops, formal
financial market participation, and significantieases in income among first time growers of

export crops.

! Basic criteria for inclusion were 1) A focus orriaglture, 2) A defined agricultural interventios), A clearly
stated counterfactual (e.g., cannot measure ingiagly by using a before and after comparison simgle group).



This essay does not have the benefit of randonagsjnment to treatment. Instead, the
identification strategy employed is to assume fledtction into the program is based on
observable characteristics, and program effectestimated using inverse propensity score
weighting combined with linear regression (WooldadInverse Probability Weighted
Estimation for General Missing Data Problems 200%g soundness of this assumption is tested
to the extent possible using available data, asdlt®suggest that while there are unobserved
factors affecting program participation as wellyadds and revenue, there is no reason to alter

the conclusion of no program impacts.

The unique features of this paper are the comditimder which the RBD program was
rolled out, and the use of spatial methods in cotidg statistical inference. By evaluating the
RBD program in the context of a severe and unexgedimatic shock, the results of the
analysis can serve aid the design of agricultuggetbpment programs in areas characterized by
high production risk from systemic shocks. In cortthg inference, standard errors are
estimated using the spatial autocorrelation andrbstedasticity robust covariance (spatial
HAC) matrix of Kelejian and Prucha (2007). A revieWwthe literature uncovered no previously

published impact evaluations in agricultural depetent that account for spatial autocorrelation.

In what follows, Section 2 describes the study afdae6n and Chinandega and the
characteristics of the RBD program. Section 3 dessrthe goals of the evaluation, and Section
4 describes the estimation strategy employed. @ebtreports estimation results and Section 6

subjects these results to robustness checks; 8éctioncludes.



2 The Rural Business Development program

2.1  The Study Area and the goals and benefits of the RBD program
Ledn and Chinandega are home to around 830,000n=139 percent of which live in rural

areas and are involved in agriculture. Nearly mihBholder agriculture is rainfed, with the vast
majority of irrigated land under the control ofdaragribusinesses, usually sugarcane or plantain.
Along with sesame seeds, maize, and sorghum,gigee of the primary crops planted by small

farms in the region.

Rice farmers patrticipating in the RBD program dren@mbers of cooperatives, and
cooperatives with members in the program receivellas of inputs for rice production
sufficient for three manzaniper participating farmer from MCC. These inputs tiren leant
out to participating members; interest rates osd@Heans vary across cooperatives, as credit
contract details are controlled by cooperativesaiathan MCC. While the input packets are
meant to spur production in the short term, theyadso designed to help each cooperative
establish a rotating credit fund that will makeuldjty available to farmers at in future years. For
each participating cooperative, MCC pays a maxinofiB0 percent of the costs associated with

the program; the rest is paid for by the coopeeativ

At the level of the producer, the RBD programroe farmers also features benefits in
the form of agricultural extension services, foclea tailoring the use of chemical fertilizers to
the soil characteristics of each individual farngrenefficient use of agrochemicals meant to
control threats to the plant, and on better managemf the post-harvest stages of production;

conversations in the field and MCC documentaticggests that particular emphasis was placed

2 This section and the one that follows draw fromutnentation provided by the Nicaragua office of M@6d are
available from the MCC Nicaragua website (http:/iwauentadelmilenio.org.ni) or from the author.
%1 manzana = 1.72 acres = 0.70 hectares



on the first of these componefitShe costs of this technical assistance are fattote the

portion of the total cost of program participatioorne by each participating cooperative.
2.2 Eligibility criteria and participation in the RBD program

For rice farmers, participation in the RBD conswtseveral stages, the first of which is

satisfying eligibility for participation in the pgoam. Eligibility criteria include:

* The producer has planted or currently has at Rasanzanas of rice.

* Area of farm must be between 2 and 50 manzanasiyngated.

» The main rice parcel must be property of the bereefy.

* The main rice parcel must be outside environmensahsitive areas.

» The beneficiary must be at least 20 years of age.
As indicated by the eligibility criteria, the pr@gn targeted rice farmers with some degree of
experience with the crop, and also focused on smealirrigated farms. Forcing farmers to own
their own land might rule out some of the pooresideholds in the area, but this restriction
makes sense in the context of plot-specific extanservices if permanent increases in
productivity are to be achieved. As will be disaés more detail when describing the data set,
these criteria were not strictly enforced in thetfyear, particularly with regards to land tenure

status. This evaluation focuses on farmers whadisfy program participation criteria.

Rice farmers interested in participating in the R@Dgram submitted requests for
assistance to their cooperatives. The cooperathersorganized these requests into a single

business plan that was submitted to the MCC offiddicaragua for approval. The business

* From thePlan de Accién de la Estrategia de Saliftavnloaded from the Nicaraguan MCC office website:
“Given that the rice plant is highly responsivehe level of fertilization, the focus in terms abgductivity growth
will be based principally on the adoption of Begfrisultural Practices with emphasis on adoptiorbbyeficiaries
of a program of fertilization personalized and lobse the results of soil analysis and the nutrdiaequirements of
the plant.”



plans themselves are at the cooperative levelreutssentially collections of requests made by
individual farms to participate in the RBD prograwihether or not an individual farmer
participates in the program depends upon the decieade by MCC with regard to the business
plan submitted by his or her cooperative.

3 Outcomes and parameters of interest

The goal of this evaluation is to estimate the agerimpact of the RBD program on participants;
that is, the Average Treatment on the Treated (A®iTa set of outcome variables. Altering the
sample to exclude farmers not satisfying prograieria affects the interpretation of the ATT
estimate in that it will only capture average effean participants for the population satisfying
program criteria. In addition, estimated impact8 describe effects on farmers who planted rice
in 2009, rather than the entire population of farsneho meet program criteria; after trimming

down the sample, 242 out of 300 farmers remained.

| focus on two outcomes of interest: yields angereies from growing rice. While cost
data are available, they are incomplete and thadficient for constructing a measure of profit
or net revenue. Instead, cost data are used ® gmteral idea as to whether program
participants farmed land more intensively than participants by checking per hectare

expenditures on chemical inputs such as fertiliae pesticides.

While better measures of welfare exist than yieldd revenues, there are good reasons
for concentrating on these agricultural variabkésstly, the main goal of the program is to

address poverty among small rice farmers in Le@Gininandega by raising agricultural

® Four farmers that were not members of eligiblepevatives reported being participants in the RB&ypam.
Their names were cross-checked against databasemimed by MCA in Nicaragua, and this could noteeified.
These households were dropped from the sampleinisied analysis, leaving 243 rice planters. Thelteseported
are robust to their inclusion, however. In additiarsingle non-participant household with extrentegh reported
yields was excluded from the analysis, leaving akiag sample of 242.



productivity and efficiency. The program is designe accomplish this by making information,
credit, and high quality inputs available to farmehereby removing the constraints keeping
them from becoming more commercially successfulolincrease in productivity or revenues is
observed, and there do not appear to be any eféigigains among RBD participants, then this

would suggest that the program had not workedtasdied, at least in its first year.

Another benefit of focusing on yields is that thevey data contain a measure of rice
yields pre and post-RBD. An implication of the itlgnng assumptions made in the econometric
analysis of the RBD program presented here isahatshould not detect any impact of the
treatment on outcomes that could not have beentatfdy participation in the RBD program.
For example, suppose we were to estimate the effgurticipation in the RBD program on
lagged yields. If the model has adequately coradolbr differences between treatment and
control households, we should detect no significkfférence in pre-program yields across these
two groups. If we do find a difference, this wosldongly suggest the presence of unobservable

factors correlated with RBD patrticipation and thecome of interest being modeled.

4 Identifying assumptions and estimation technique

4.1  Inverse propensity score weighting
The evaluation of programs where participationasrandom is complicated by the fact that

outcomes of interest may be correlated with housetitaracteristics which are also driving the
participation decision. In this case, merely cormgaparticipants and non-participants will yield
a biased estimate of the ATT. Here | will attengptontrol for confounding factors via the

Inverse Propensity Score-Weighted Least SquaresotétPS-WLS).

The ATT is equal to the average outcome amonguhsasnple of participants when

receiving the treatment, minus the average outcammeng this same group in the absence of the



10

program. This first average is observed in thesiddut the second must be estimated using the

subsample of non-participant households. In omelotso, the following assumption is made:

Assumption 1- Unconfoundedness

Let y° denote the outcome without participation in the RBDgram. Letl, =1 represent
membership in the treatment group dne Ofor all non-participant households. Holding
observed characteristics constant, the untreateshpyal outcomey; is independent of selection

into treatment. That is:
y’ Od |x =x 1)

This is known as the “unconfoundedness” assumpéind,in this manifestation it states
that the untreated potential outcome is indepenaligpérticipation in the RBD program

conditional on holding, fixed, wherex. is the vector of observed characteristics (Imbestp
Note that because we are only estimating the aearayeated outcome among participants, we

need not assume that the treated potential outcdemeted;’,is independent of treatment.

As shown by Rosenbaum and Rubin (1983), (1) caedtated as follows:
y, 0d | p(x) 2)

wherep(x) = P(d =1|x; =x)is the propensity score, or the probability of juiwating in the

RBD program given the observed values ofxtliector. In other words, if unconfoundedness
holds, we can recover unbiased estimates of progrgacts by conditioning on the scalar

propensity score rather than the entire vectobskoved characteristics.
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In order to condition on the propensity scoreadditional assumption must be made:

Assumption 2- Overlap

0< p(x)<1for allx. (3)

This is the overlap assumption, and it insurestthere are treatment and control households at

all values ok in the support of observable characteristics.

If there are no unobserved factors correlated hat the outcome of interest and
selection into the RBD program, then it is only th&tribution of observed characteristics along
with treatment status that determines the averaggmme in any given group. This suggests that
we could recover an unbiased estimate of the agevatrome without treatment among the
group of participating households by applying wisgio the subsample of control households. If
the weights adjust the distribution of observedrabgeristics in the control group to reflect that
of the treatment group, then the weighted averag@me among control group households
would be an unbiased estimate of the average uetteatcome among households participating
in the RBD program. This is the intuition behindngsweights that are based on the probability
of being in the treatment group given observedattaristics, i.e., weights based on the

propensity score.

More formally, suppose we construct weights forgeholds that did not participate in

the RBD program that are equal to:

Pl 4)
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We then take the weighted expectation of the ouecpamong untreated households, multiplied

by(1-d,), holding thex vector constant:

E 1_p£)8() y,(l—CI)|XI =X|=

1_p£)8() El:yl(l_q) |%; :X]=

1—p£)8() E[y’(1-d)Ix =x]= (5)
p(x) E[)}i)lxi :x]:

p(x) E[Vi)| d =1x —x}

The second line is due to holding thegector constant, and the third line comes fronféoe

that for control households the product of the olesg outcomey, and (1— d ) is equal to the

product of the potential outcorgdand(1-d,). The fourth line stems from the fact that the

propensity score is equal to the expected valaehoiding thex; vector constant. The final term

follows from unconfoundedness, i.e., the averadgeeated outcome conditional @ought to be
equal regardless of the decision to select intttnent. By the law of iterated expectations,

taking the expected value of this last term overdistribution ofx yields the average untreated

outcome among participating households in the atesehthe RBD progranE[yi0 |d = 1] .

Equation (5) can be estimated using the obseruembmes among the control
households, and an estimate of the propensity sBofgose the population-level model for the
decision to enroll in the RBD program follows aitagpecification. Then we can write down the

propensity score as:
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exp( 71z, +x/m)

X) = 6
P(x) 1+ exp( 77, + X ) ©)

Plugging the logit equation into the equation fog tveights given in (4) yields:
P(x) =exp( 7%, +x(m) (7)

Once the parameters of (6) are estimated, thel f\i/lm;esf)(x)are used to construct the

weights given in (7), and the ATT can be estimated

iyid i‘,Y( d) X)

= B(
-h(¥)

N
=1

1_
(8)
g >(-d)*

1
N
i=1

This is the difference in two sample averages. firseterm is the average outcome among the
treated households in the sample, and the secdhd sample version of the term in brackets in
the first line of (5). The difference given in 8)Il be a consistent estimator of the ATT if the
model for the propensity score is correct and adalarge numbers can be applied to the two

averages that appear in the formula.

4.2  Weighted linear regression
Inverse propensity score weighting only yields c¢stesit estimates of program impacts if we

have the correct model for the propensity score nvdg be more confident in our ability to
construct a correct regression model for the cayntit expectation of a given outcome of
interest than in our ability to model the selectaacess. It turns out that inverse propensity
score weighting and regression can be combinednaraer that yields an unbiased and

consistent estimate of the ATT, as long as eithemtodel for the propensity score or the
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regression model of the conditional expectatiothefoutcome is correct; this is the “double
robustness” property of inverse propensity scorighted least squares (IPS-WLS) estimation

(Wooldridge 2007).

Consider the following regression model for thedibanal expectation of the outcome

variabley, among the group of RBD program participants:

E[ylo|q =11X]:a0+(xi _F)qu

E[Y}'d =1,X]:0’0+0’1+(Xi _H)laz

9)

The first line of (9) specifies the conditional expation of yields for the group of RBD
participants in the absence of the RBD program,thadecond line is the conditional
expectation of yields for this same group whemi&nbers actually participate. Here it is

assumed that thevector that appears in (9) is identical to tha{6)f although this need not be
the case. The vectprcontains the means of thevariables within the population of participants.
The parameter vectayis the derivative of the conditional mean of thécome with respect to
thex; vector, and it captures how the conditional exgemtachanges in the absence of treatment
asx, moves away from its mean. The veatgrcaptures this same effect when treatment is
received; any difference betweepnanda,can be attributed to interaction effects between th

treatment and observed characteristics.

By the law of iterated expectations, taking theeztation of the first line of (9) over the

distribution ofx gives the expected value ypfor the group of participants when not enrolled in

the RBD program, while the expected value of thie@me for the group of participants when
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the treatment is received can be derived similasing the second line. The difference between

these two expectations is the AT,

4.3  Thedoublerobustness property of inverse propensity score weighted least squares
regression
Given the assumption of unconfoundednli{g(i0 |d = 1,x] = E[ 3? | d= Ox], and the first line

of (9) can be replaced with an equivalent exprestiat uses the population of non-participant

households. This makes it possible to combinewiodihes of (9) as:
E[y [x]=a,+ da, +xa, + d(x-n) a (10)

The ATT is still given by, . The vectou, is interpreted as before, and the sunugdnd
a,is equal tar, in (9). If the conditional expectation gfis indeed equal to (10), then the
ordinary least squares estimatevill be consistent for the ATT. Furthermore, we egply

weights to the data and estimate the paramete(s@fvia weighted least squares. The

consistency ofr, will be unaffected when the regression model iscthreect one for the

conditional expectation (Greene 2003, 226).

If the conditional mean is not linear, but we h#éwve correct model for the propensity

scoreg, will still be a consistent estimate of the ATTtifs estimated via weighted least squares,

where the weights for non-participant householdsgaren by (4) and the true propensity score
is replaced by its estimate. To see why, assunmewitioss of generality that there is only a
single covariatex. The weighted least squares formula for the ijgramong treated

households is:
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2vd > xd
ﬁo + A1 = I:]l;j _dz i:rlxl (11)
Zld. Zld

The interaction betweahandx — X has dropped out because the latter is evaluated aX

when solving for the intercept, whexds the average of among RBD participants. The
probability limit of the first term of (11) is thexpected value of the treated outcome among
households enrolled in the RBD program. The set¢emd converges in probability to the

probability limit ofa, times:

E[xd]=E x d x= ¥]= € xp ¥ (12)

The intercept formula for non-participant houselsak:

. :;yi(l_q) 5(x) » ;X(l‘(ﬂ B(¥) 13
" 3-a) PO Samg) RS

Assuming thap(x) = p( ¥, the probability limit of the first term is the pacted value of the

untreated outcome among households enrolled iRBi2 program. The probability limit of the

second term is equal to the probability limiggimultiplied by:

s P e do- 9 e 4 ey ao
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The second terms on the right hand side of eaeincept formula are asymptotically equivalent.
Taking the difference between the probability Isrof the two intercepts therefore causes the

second term to drop out of each, leaving:

0,08 =E[y|d =1]- § ¥ |d=1]= ATT (15)
wherey'andy’ are the potential outcomes with and without treatmnespectively.
44  Estimation and inference
Estimating the parameters of the regression maefuhe IPS-WLS technique is
straightforward. First, the logit model is estinthtéa maximum likelihood, and the fitted values
of the propensity score are used to construct #ighvs for non-participant households. Next,
the parameters of the regression model, includiegXTT, are estimated by minimizing the

weighted sum of squared residuals. Definas thex vector augmented to include the number

one, andz as thex vector expanded to include one, the treatment &tdid, , and the de-meaned

covariates used in the regression model. Usingtioie compact notation, the objective

function for the logit model can be written as:

_
I+ exgw!m)

exp(w!7)

L1
—ldIn————= 16
iZ:;‘N 'n1+exp(w{7“t) (15)

+(1-d)In

Minimizing (16) with respect ta yields the estimated weights. The estimated regness

coefficients are found by minimizing:

3 L0 +(1-d)explwia)][y ~2a’ an

i=1
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The first term in brackets in (17) follows from tfeet that the weights for non-participant
households simplify texp(w{fr) . The estimated ATT is the valuedthat results from

minimizing equation (17).

How to conduct statistical inference @is less obvious, for two reasons. Firstly, the
variance ofiwill depend on the parameters of the estimatedeusipy scoreg, if the regression
model is not correct; Wooldridge (2002) gives a engeneral condition that must be satisfied for
this dependence to be absent. For the estimatéehearto be robust to misspecification of the
regression model, it must account for this depeagleé®econdly, this particular evaluation is
concentrated on agricultural outcomes over a kaltismall geographic area. There is good
reason to believe that unobserved characterigiids as climate and soil quality will be

correlated over space, causing spatial autocowelat the error term of the regression model.

Kelejian and Prucha (2007) offer a way forward.a&ralogy between their method and
the Newey-West method of computing robust standenat's for time series data is useful. The
Newey-West formula assumes that dependence betixsenvations is a decreasing function of
distance on the timeline, and selects a maximuigtheof time beyond which two observations
are assumed to be uncorrelated. The variance bfregcession coefficient is then estimated as a
weighted sum of the sample variances and covarsaoicéne residuals from the regression
model about which inference is being conducted{ipligdd by the appropriate explanatory
variables; under the assumptions described abakiegtthe square root of the terms yielded by

this procedure generates consistent estimatee aftéimdard error for each regression coefficient.

The Kelejian and Prucha method works in much tineesaay, while accounting for the

peculiarities of spatial data (e.g., at least twoethsions). The authors assume that dependence
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between observations is a decreasing functioneopltysical space between them, and that
beyond a certain distance the dependence is zbeovariance of each coefficient is estimated
using the weighted sum of sample variances andriemes, where the weights are given by a
kernel function using the Euclidean distance betwa#servations as the argument and the
cutoff distance as the bandwidth. Additional dstail the spatial covariance matrix and

inference procedures used in the following secti@npresented in the appendix.

5 Results

5.1 Data
The sample was drawn from lists of rice produceosiped by farmer cooperatives participating

in the RBD program. These lists were pooled insingle database of farmers belonging to the
11 cooperatives originally chosen to participatthemRBD program and thought to satisfy the
criteria listed in above in section 2.2 for progrpatticipation. Of these 11 cooperatives, one
was eliminated because it had dropped out of thgram partway through the agricultural year,
and two others were eliminated because no namesmeparticipant farmers were made

available. The remaining eight cooperatives seagthe basis of the sample.

During the process of data collection, a large nemab farmers were replaced in the
sample at the request of MCC due to not satisfgiogram eligibility criteria; the program was
to last for two years, but farmers found to violptegram criteria would be disqualified in their
first year of participation. MCC wanted to maint#i@ option of conducting a second round of
data collection, and in order to avoid high rateattrition in was decided that farmers not
meeting program criteria would be dropped fromgample. Nearly 50 percent of the original
sample had to be replaced, with the most commosecheing failure to satisfy program criteria

with respect to land tenure status, followed bydatwlds being listed more than once on the
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roster provided by MCC. To round out the samplemnall number of farmers not belonging to
cooperatives but satisfying other program criterge surveyed; enumerators located a number

of such farmers in the field, and a random subsarmpthis group was chosen to be interviewed.

The data were collected in a single household sisittly after the post-harvest stage of
the agricultural calendar, allowing sufficient tirfee farmers to have marketed their production
of rice. The danger of using data collected afterihtervention is that we will hold variables
constant that were affected by the treatment amd@mwelated with outcomes of interest; this
would eliminate a portion of the impact from théiraated effect, and potentially introduce other
sources of bias (Rosenbaum 1984). Recall questiens asked about purchases and sales of
consumer durables, agricultural implements, and larorder to reconstruct the wealth of each
household prior to implementation of the RBD pragrd hese are major sources of wealth and
it seems reasonable to expect households to remembstantial changes in asset holdings over

a one year period.

These data were used to construct indices of dgrralland non-agricultural wealth via
Principal Components Analysis (PCA). The indiceglaix 26.23 percent and 30.25 percent of
variation in agricultural and non-agricultural wigaih the sample, respectivélyzor data on the
agricultural year immediately prior to the RBD praign, households were asked about loans
taken out for agricultural activities, changes ausehold membership and demographics, sown
area of marketed crops, and rice production. Qtb&ntial explanatory variables, such as non-
agricultural and unearned income, geographic lonasown rice area suffering plausibly

exogenous production shocks (drought, floodingesgive rain), and expectations regarding rice

® PCA maps variables into a series of orthogonalpmmrents explaining successively smaller sharelseofdtal
variation of whatever is being indexed. Hardle (206ffers a more detailed explanation of PCA witaraples of
applications.
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production levels enter into the different modéltheir reported levels for the 2009-2010
agricultural year.

5.2  Resultsof propensity score estimation and construction of weights

The propensity score and weights were estimatetyw@slogit model that was linear in its
arguments. Figure 1 below shows the overlap oéstienated propensity score and a histogram

of the estimated weights.

Propensity Score Overlap and Weights

Propensity Score Overlap Weights
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The degree of overlap in the propensity scoreilligions for the two groups gives us an idea of
how similar treatment and control households ath wispect to observable traits. A linear
regression model estimated using one particulargoan give a good approximation to the
conditional mean in another group if the two grobpse similar characteristics; otherwise, if

there any underlying nonlinearities in the proc#ss,approximation can be poor. In this
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particular case, the degree of overlap appears &irbng. In addition, we might be concerned
about outliers in the distribution of the estimatesight, as observations with particularly large
weights will strongly influence the estimate of tineerage untreated outcome among participant
households. In the right panel of Figure 1, theeeaasmall number of outliers to the right of 10.
However, deleting these observations negativelgcadfthe degree of overlap for the estimated
propensity score, as all mass to the right of 0.8& left panel of Figure 1 disappears for the

control households.

Alternatively, we could trim high values from bgitopensity score distributions,
removing outliers and preserving covariate balaBoéng so results in a large loss of sample
size, moving the sample from 242 to 204, and resultess success with respect to removing
significant differences in covariate means acrbeswo groups by way of inverse propensity
score weighting. Instead, | opt to not trim thegaosity score distributions for the model
specifications that generate the main resultseptper, but | check the sensitivity of results to
removal of propensity score outliers. Tableelow presents the means of the outcomes and
explanatory variables for the subsamples of paditis and non-participants, as well as the

weighted and unweighted differences across thegtwops.



23

Table 1: Covariate Balance

Sample average Unweighted Weighted
difference difference
Variable name Participants Non-
participant
Rice yields (QQ/mz), 2009 46.982 51.247 -4.265 4P.7
[2.321] [2.624] [3.513] [5.349]
Rice revenue per mz. (Cérdobas) 13,569.61 13,403|80 165.803 1295.777
[904.087] [1,015.512] [1,359.646] [1,686.40]
Altitude 107.822 150.009 -42.187 10.08
[7.606] [8.543] [11.439]*** [13.745]
Distance from city center 55.709 43.598 12.11 -0.28
[2.387] [2.681] [3.589]*** [5.896]
Years of education, household head 5.104 4.243 10.86 -0.603
[0.381] [0.428] [0.574] [6.021]
Rice experience 6.593 7.028 -0.435 -0.748
[0.290] [0.326] [0.436] [1.702]
Gender of household head (Female |= 0.081 0.103 -0.021 0.027
1 [0.025] [0.028] [0.037] [0.032]
Number of adults 3.178 2.944 0.234 -0.013
[0.120] [0.135] [0.180] [0.239]
Number of dependents 1.852 1.86 -0.008 -0.127
[0.117] [0.131] [0.176] [0.233]
Proportion of sown area hit by shocks 0.77 0.63 40.1 -0.024
[0.037] [0.035] [0.056]* [0.066]
Expected yield in a bad year 38.896 36.935 1.962 799D.
[1.442] [1.620] [2.169] [2.468]
Expected yield in a normal year 66.37 61.607, 4.763 -0.279
[1.290] [1.449] [1.939]* [1.857]
Index of agricultural wealth 0.038 0.275 -0.238 4L
[0.170] [0.191] [0.256] [0.474]
Index of non-agricultural wealth 0.286 0.064 0.222 -0.379
[0.192] [0.215] [0.288] [0.885]
Feel secure about tenure rights = 1 0.941 0.907 340.0 0.001
[0.023] [0.025] [0.034] [0.033]
Loan coop. in 2008 = 1 0.259 0.065 0.194 -0.044
[0.032] [0.036] [0.048]** [0.125]
Loan formal fin. inst. in 2008 =1 0.467 0.477 0D. -0.012
[0.043] [0.048] [0.065] [0.104]
Loan other inst. in 2008 = 1 0.148 0.112 0.036 0.04
[0.029] [0.033] [0.044] [0.048]
Observations: 242 242 242 242

Standard errors in brackets, Significant at *10%%%, *** 1%.
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For “Rice yields” and “Rice revenue per mz.,” theighted differences are estimates of
the ATT corresponding to equation (8); the impactlte former has a negative coefficient while
the latter is positive, but neither is statistigaignificant. The remaining variables serve as the
explanatory factors in the models that follow. Altle above sea level, distance in kilometers
from the center of Ledn, subjective expectationic# yields in a “normal” year, and the
proportion of farmers receiving a loan from a farimeooperative all show significant raw
differences, but these differences are all insigaift after weighting. Propensity score weighting

has done a good job of correcting for observaliferdinces between the two groups.

5.3 Impact onriceyields
Table 2 presents results from estimation of the\WASS model for rice yields in quintdl$or

2009. Coefficients generated by estimating the oxehe full sample are presented in the first
column. The remaining columns report t-statistied differ by the specification used for the
covariance matrix for the parameters of the yiehdslel. The columns headed by “Huber-White
Robust Standard Errors” conducts inference usiagdbust standard errors developed
independently by Huber (1967) and White (1980) gratcommonly reported in regression
output, e.g., by using the “robust” option in Stdthe columns under “Kelejian and Prucha
Spatial Autocorrelation-Heteroscedasticity Robuan8ard Errors” attempt to account for

spatial autocorrelation while maintaining robustsheteroscedasticity. This estimator
requires selection of a bandwidth beyond whick assumed that observations are uncorrelated.
Here results are presented for three different Wwadtt sizes that allow for correlation between

an observation and its one, five, or ten nearaghbers.

" A quintal is around 100 pounds and is preferratiafrmeasure for rice production in Nicaragua.
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Table 2: ATT of RBD participation on Rice Yields inQuintals

Dependent variable: Rice yields (Quintals/mz), 2009 Huber-White Kelejian and Prucha Spatial Autocorrelation
Robust Standard Heteroscedasticity Robust Standard Error
Errors 1 nearest 5 nearest 10 nearest
neighbo neighbor neighbor
Explanatory variable Est. t-stat t-stat t-stat t-stat
coefficien
Intercept -1.11 -0.07 -0.07 -0.07 -0.06
ATT (coefficient ond) -3.71 -1.68 -1.69 -1.69 -1.82
Altitude (m) 0.05 1.73 1.75* 152 1.33
Distance from city center (km) 0.13 1.53* 1.54* a4 1.27
Years of education, household head 0.04 0.08 0.08 .08 0 0.08
Rice experience 1.24 1.75 1.76 1.85 1.79
Gender of household head (Female =1) 3.08 0.66 0.66 0.75 0.81
Number of adults -0.48 -0.47 -0.48 -0.45 -0.44
Number of dependents 0.73 0.40 0.41 0.42- 0.43
Prop. area hit by shocks -27.97 -5.23%** -5.28*** 3grrx -4,92%**
Expected yield in a bad year 0.69 2.98** 2.98** 28 3.12**
Expected yield in a normal year 0.35 1.40 1.40 141 1.47
Index of agricultural wealth 0.02 0.02 0.02 0.02 020.
Index of non-agricultural wealth -0.73 -0.60 -0.60 -0.66 -0.67
Feel secure about tenure rights = 1 1.32 0.19 0.19 0.20 0.20
Loan coop. in 2008 = 1 0.93 0.24 0.24 0.27 0.38
Loan formal fin. inst. in 2008 = 1 0.15 0.03 0.03 .03 0.03
Loan other inst. in 2008 = 1 3.88 0.82 0.83 0.83 860.
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Table 2: ATT of RBD participation on Rice Yields in Quintals continued: Interactions with treatment indicador

dXAltitude 0.02 0.49 0.49 0.48 0.46
dXDistance -0.11 -1.02 -1.02 -1.02 -1.05
dXEducation 0.33 0.50 0.50 0.44 0.41
dXExperience -0.51 -0.56 -0.56 -0.57 -0.56
dXGender 1.35 0.16 0.16 0.16 0.20
dXAdults 1.18 0.72 0.73 0.72 0.67
dXDependents 1.18 0.18 0.18 0.19 0.18
dXShocks -2.22 -1.01 -1.02 -0.99 -1.00
dXExp. yields in bad year -0.11 -0.41 -0.41 -0.37 .370
dXEXxp. yields in a normal year -0.10 -0.35 -0.35 349. -0.36
dXAg. Wealth -2.91 -2.10* -2.11 -2.06* -2.10*
dXNon-ag wealth 0.45 0.30 0.30 0.34 0.36
dXTenure security -7.83 -0.85 -0.85 -0.82 -0.78
dXCoop. Loan 9.40 1.61 1.61 1.63 1.72
dXFormal loan 1.57 0.28 0.28 0.28 0.25
dXOther loan -5.20 -0.70 -0.71 -0.70 -0.82
Observations: 242 242 242 242
Number of bootstrap replications: 996 996 995 991
* Significant at 10%, ** 5%, *** 1%. P-values based bootstrap distribution of the t-statistic.

Using a linear model to estimate the conditionaamtinction for yields might be
problematic, since yields can only take on positigkies. However, the fitted values from the
regression were negative for only two observatisnghis does not appear to be a concern. After
estimating the model and computing t-statisticagigihe full sample, the distribution of the t-
statistics for the different coefficients were es&ited via the bootstrap. Statistical significance
was determined by the location of the t-statistmsiputed using the full sample in the
bootstrapped distributions. This process is knos/feaymptotic refinement” and can reduce the

bias associated with using asymptotic approximatiorthe distribution of a test statistic when
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its limiting distribution does not depend on unkmoparameters, such as is the case with the t-
statistic (Cameron and Trivedi 2005, 363-364). Higpsis testing is done using two-tailed tests
and not assuming a symmetric distribution of tiseatistic. For example, for a coefficient to be
significant at the 10 percent level, the t-statisbmputed using the full sample would have to be
less than or equal to the fifth percentile of tketstrapped t-statistic distribution, or greaterth

or equal to the 95percentile.

The -3.71 point estimate of the ATT represent gei@ent decrease of average yields for
treated households, but it is not quite significana 10 percent level. Removing outliers with
respect to the estimated weight yielded estimdi&iswiere more negative but less precise, likely
due to the loss of nearly a quarter of the sangitmificant direct effects include altitude,
distance from the city center, proportion of sovae iarea hit by shocks, and expected yields in a
bad year. On average, households that are at hadfitades, more remotely located, and expect
to have higher yields under poor conditions haghi yields; the first two effects are very
small in magnitude, as one standard deviation as&e in distance and altitude would result in
yield increases of less than a quintal. The impéshocks is potent; farmers with the a
proportion of rice sown area hit by shocks equdhesample average (around 70 percent)
would have yields 20 quintals lower than a farmbpsge rice parcels were not hit by shocks,
other things being equal. Lastly, the fact thatpctivity under poor conditions is important is

not surprising given the drought of the 2008 — 2068 season.

The interaction terms are estimated impreciselyeineral, with the lone significant effect
being the interaction with the index of agriculluseealth. The program made an effort to
concentrate on poorer farmers, and this may be ishraflected in the interaction effect. The

coefficient on the interaction between the RBD pang and having received a loan from a
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cooperative in 2008 is not significant althougts iquite large, suggesting that farmers were
participating in the program were those alreadytified by cooperatives as productive and

therefore worthy credit risks.

54  Impact on rice revenue
Table 3 presents results from estimation of the\WWASS model for rice revenues in Nicaraguan

Cordobas per manzana in 2009.
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Table 3: ATT of RBD Participation on Rice Revenueén Nicaraguan Cérdobas per Manzana
Dependent variable: Rice revenues Huber-White Kelejian and Prucha Spatial Autocorrelation-
(Nicaraguan Cérdobas/mz), 2009 Robust Standard Heteroscedasticity Robust Standard Errors
Errors 1 nearest 5 nearest 10 nearest

neighbo neighbor. neighbor:

Explanatory variable Estimated t-stat t-stat t-stat t-stat
coefficien

Intercept 8,170.89 1.1y 1.19 1.08 1.08
ATT (coefficient ond) 388.40 0.39 0.4( 0.3 0.35
Altitude (m) 22.58 1.7 1.7¢ 1.36 1.35
Distance from city center 79.04 2.42 2.48 1.957 1.95¢
(km)
Years of education, -182.31 -0.63 -0.63 -0.58 -0.58
household head
Rice experience -85.1p -0.32 -0.33 -030 -0130
Gender of household heal -425.20 -0.19 -0.19 -0.21 -0.21
(Female =1)
Number of adults 355.27 0.55 0.55 0.3 0|53
Number of dependents -10,041.40 -1/19 -1.27 -1.19 1.19-
Prop. area hit by shocks -577.99 -3.79** -3.86** 8@** -3.80***
Expected yield in a bad 276.11 3.04** 3.05** 2.97* 2.97**
year
Expected yield in a -52.78 -0.75 -0.76 -0.7% -0.76
normal year
Index of agricultural 540.39 1.05 1.06 1.15 1.15
wealth
Index of non-agricultural 470.75 0.80 0.80 0.89 0.89
wealth
Feel secure about tenure -1,421.9 -0.44 -0.44 -0.46 -0.46
rights = 1
Loan coop. in 2008 = 1 -267.20 -0.13 -0.13 -014 140
Loan formal fin. inst. in 1,575.99 0.73 0.74 0.7p 0.79
2008 =
Loan other inst. in 2008 = 1,300.55 0.63 0.64 0.64 0.44
1
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Table 3: ATT of RBD Participation on Rice Revenues in Nicaraguan Cérdobas per Manzat continued: Interactions

with treatment indicatod

dXAltitude -1.64 -0.10 -0.10 -0.09 -0.09
dXDistance -48.59 -1.1 -1.1p -1.01 -1.01
dXEducation 352.16 1.02 1.04 0.89 0.89
dXExperience 440.23 13 1.33 1.29 19
dXGender 2,009.60 0.6 0.60 0.61 0.p1
dXAdults -824.57 -1.05 -1.0¢ -1.0b -1.05
dXDependents -79.84 -0.1 -0.12 -0.11 -0/11
dXShocks 3,218.43 1.0 1.05 1.03 1.03
dXExp. yields in bad year| -24.0p -0.2 -0.24 -0423 0.23
dXExp. yields in a normal 77.45 0.88 0.9Q 0.98 0.98
)(;;ig. Wealth -1,341.32 -2.12 -2.14 -2.47* -2.47*
dXNon-ag wealth -148.44 -0.2 -0.22 -0.22 -0.22
dXTenure security 720.76 0.1 0.15 0.15 015
dXCoop. Loan 3,553.36 1.2 1.27 1.37 137
dXFormal loan -240.60 -0.1 -0.10 -0.10 -0.10
dXOther loan -2,381.04 -0.8 -0.87 -0.88 -0.88
Observations: 242 242 242 242
Number of bootstrap replicatichs 996 996 995 991

* Significant at 10%, ** 5%, *** 1%. P-values based bootstrap distribution of the t-statistic.

To put these coefficients in context, around 20akiguan Cordobas is equal to 1 US dollar, and

the sample average level of revenue per manzat$496. The estimated ATT is positive but

not significantly different from zero in all specifitions. Pairing this with the non-regression

adjusted estimated ATT from Table 1 leads to theeksion that the RBD program had no

impact on revenue per hectare on average. The diffects of distance from Ledn, proportion

of area hit by shocks, and expected yields in ayead are significant as they were in the model

8 For all models 999 bootstrap replications weralu3@e actual number of replications is sometiness than this
because of problems estimating the covariance xnattthe model parameters; specifically, the roaisometimes

failed because the matrix was not positive definitegeneral, the number of failures was very small
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of yields and have the same signs. Most of thesmeemarginal effects are small, but the impact
of shocks is once again potent; moving from no areby shocks to the sample average reduces

revenue per manzana by over 7,000 Cordobas.

Examining the interactions effects, there is orgaraevidence that the program
successfully targeted poorer farmers, as the ageragginal effect of an increase in the
agricultural wealth index given by the sum of tlwefticient on the direct effect and the
interaction is equal to a decrease of 471 Cord@drgzarticipants, which is 3.5 percent of the
sample average for revenue; the effect is positiv@on-participants. There is some indication
that more experienced farmers and those receigeugsl from cooperatives in 2008 benefited
more on average in terms of revenue as well. Olyéhnal results suggest that the program had no
effect on average on either yields or revenue arzana, but that the program targeted poorer
farmers with some success.

6 Robustness checks

This section presents a series of robustness cloackkee model presented above. While at their
heart all of these tests are meant to look forsa@fromitted variable bias, they can be loosely
broken down into three categories: those that cfacgelection bias, those that verify lack of
sensitivity to the exclusion or inclusion of centaxplanatory variables, and those that look for

evidence of spillovers from treated to untreatedsetolds.

6.1  Selection effects
Table 4 below presents results of indirect testsoo$election bias.
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Table 4: Indirect Tests of No Selection Bids
1) (2 ®3) (4) (5) (6) (7
Dependent Yields, Yields, 2009  Revenue per Yields, 2009 Revenue per Yields, 2009  Revenue per
variable 200¢ mz., 200! mz., 200! mz., 200!
Sample: Planted Planted rice  Planted rice  Member of Member of RBD RBD
rice in in 2008 and in 2008 and RBD eligible RBD eligible participants participants
2008 and 2009 2009 cooperatives cooperatives and and
2009 ineligibles ineligibles
Explanatory All All All All plus All plus All All
variables: cooperative  cooperative
fixed effect:  fixed effect:
ATT: 7.51 -5.32 995.77 -3.13 1,831.94 -0.21 1,185.5
t-statistic: [2.50]** [-2.45]* [0.29] [-1.8] [1.42] [-0.08] [1.13]
dXAg. Wealth: 0.18 -2.26 -1,125.17 -3.62 -1,009.00 2.41 -1,430.14
t-statistic: [0.10] [-1.66] [-0.62] [-3.58]*** [-1.50] [-1.43] [-1.55]
Observations: 208 208 208 196 196 181 181
Bootstrap 975 996 991 994 998 999 999
replications:
*10%, ** 5%, *** 1%.

For each set of results, only the estimated caefftcon program participation and that of the
interaction between agricultural wealth and the RBBgram are reported. Column 1Tdble 4
uses rice yields in 2008 as the dependent varaidesstimates the parameters of the IPS-WLS
model using the full set of explanatory variabled ¢he subset of farmers who planted rice in
2008 and 2009. The fact that the coefficient onRB® program indicator is significant suggests
that the model may not be adequately controllimgcémfounding factors. Surprisingly, the
coefficient is positive, suggesting that participhouseholds tend to be more productive than

non-participants, at least among those that plantedth years.

° All of the same specifications for the covarianuatrix used in Table 2 and Table 3 were used femntiodels in
Table 4, but not all are reported. The specificaticeported are those that lead to the most coatsevconclusions.
For example, in column 1 the results of using yiedds in 2008 as the dependent variable are regoA
significant coefficient on the treatment indicatbbwvould suggest selection bias, as the program awildhave
affected outcomes before being rolled out. Thegeforbe conservative | report results from the dewae matrix
specification that yielded the most precise resbkkgause this will be more likely to yield a stttially significant
coefficient. In the case of column 1, this turnedito be the Huber-White covariance formula thasdoot account
for spatial autocorrelation; precision was decreg#i the number of nearest neighbors allowed todoeslated
with one another.
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What may have occurred is that the RBD programaedwa number of less productive
eligible farmers to plant rice, dragging down therage productivity of the treated group.
Columns 2 and 3 examine this possibility by rereating the ATT of the RBD program on 2009
rice yields and revenue per manzana using onlgubsample of farmers who planted in both
years. The result does not support the possibdetseh effect described here, as the impact on

yields is now significant while becoming more négat

The remaining columns test the sensitivity of hssio composition of the control group.
In columns 4 and 5, ineligibles are dropped fromsample and fixed effects for each farmer’s
cooperative are added to the logit and weighterkessgpon models. In columns 6 and 7, eligible
non-participants are dropped from the sample. Hamge in the magnitude of the ATT for
yields when moving to Column 6 suggests that thesg have been unobserved selection effects
working within the cooperatives, although thersti8 no evidence of a positive average impact
on yields. The point estimate for the ATT on revenemains positive and becomes more
precisely estimated when altering the compositioth@ control group, but remains insignificant.

The average impact on revenue and yields still apjmebe zero.

The sign and magnitude of the coefficient forititeraction of the RBD program with
agricultural wealth is robust to the changes irc8jation, although it is generally estimated
with less precision than in the full models forlgieand revenue. The results in Table 4 support

the notion that the RBD program successfully tadegtoor farmers.

6.2  Changing the set of explanatory variables
Table 5 checks the sensitivity of the estimated ATi€cts to changes in the set of explanatory

variables.



34

Table 5: Sensitivity to Set of Explanatory Variables
) 2
Dependent variable: Yields, 2009 Revenue per mz., 2009
Sample: All All
Explanatory variables: No expected productivity in No expected productivity in
bad and normal years bad and normal years
ATT: -1.33 460.33
t-statistic: [-0.48] [0.35]
dXAg. Wealth: -4.47 -1,787.42
t-statistic: [-3.18]* [-3.96]***
Observations: 242 242
Bootstrap replications: 996 996
*10%, ** 5%, *** 1%.

Columns 1 and 2 drop the variables containing eglérted productivity in normal and bad
years. While the relevant survey questions werenirieacapture expectations based on past
experiences, it is possible that farmers in the RiB@yram incorporated productivity changes
due to their participation into their responseshis is so, holding these variables constantén th
model may bias the estimated ATT downwards. Agarsee that the ATT on yields appears to
be zero. The interaction effects for agriculturaiaith are significant, and continue to remain

similar in magnitude to the effects estimated ushegfull model.

6.3 No spillovers from treated to control
Table 6 checks for the presence of spillovers byggaring average outcomes among eligible and

ineligible non-participants.
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Table 6: Spillovers from Treated to Control

1) )

Dependent variable: Yields, 2009 Revenue per mz.,
2009

Sample: Non-participants Non-participants
Explanatory variables: All All
ATT of being eligible non-participant: 1.09 -2,398.
t-statistic: [0.32] [-1.17]
dXAg. Wealth: 0.32 428.18
t-statistic: [0.21] [0.41]
Observations: 107 107
Bootstrap replications: 796 757
*10%, ** 5%, *** 1%.

Spillovers can occur in the context of agricultieatension services if non-participant farmers
adopt the practices and technologies taken up tiicipants as a result of the program. The data
set does not have information on social networliscbmmon membership in a farmer’s
cooperative might serve as a proxy. This assumitime basis of the results in Table 6. A
significant difference between members of coopeeativho did not participate in the program
relative to other non-participants could suggestaserved differences between the two groups,
or the presence of externalities. In either casgyming that these two possibilities do not cancel
each other out, the results in Table 6 supporhtt®n that there were no spillovers from
participant to non-participant households. Noté tha bootstrap routine used to compute
standard errors was highly unstable, resultinglarge number of failed replications. But the

estimated t-statistics would be insignificant bg tisual standard as well.
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7 Seeking an explanation

7.1  Délivery of program services and farmer input choices
The above provides solid evidence that while theraye impacts on yields and revenues were

zero, the program was able to reach out to poarendrs. The model does not survive the
robustness checks without incident, as using lagggds as the dependent variable results in a
significant impact of the program when this shoutd occur if unconfoundedness holds. But on
the whole there is no reason to reject the commhssgenerated by the estimates presented in

Table 2 and Table 3 regarding the average impatteoprogram, i.e., that there were none.

This begs the question as to why program impaetg wo weak on average. The obvious
explanation is the impact of the drought in theéoegfor example, this would dampen the
beneficial effects of more intensive fertilizer uBeit the program may have shaped outcomes in
other ways. As described in Section 2, the RBD gogseeks to improve farmer welfare in
Ledn through extension advice, as well as by givargners credit in the form of inputs. While
there is no measure of how much information farmet@ined from extension agents, we would
expect to see greater input intensity among prograrticipants relative to non-participants, as
well as a higher volume of credit used for ricenfarg. Complete data on input costs are not
available, but the data do include information oamfity of fertilizer and other chemicals used,
with prices from local input stores collected bg MCC office in Ledn, as well as post-harvest
costs (drying, storage, transportation of rice,)efithey also include information on the total

volume of loans taken out for agricultural actie#j as opposed to just for rice.
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Table 7: Potential Causes of Muted Program Impacts
1) 2 ®3) 4) 5)
Dependent Value of Value of other Post-harvest Total credit Revenue per mz.
variable: fertilizer/mz., chemicals/mz., costs/mz., received in net of fertilizer,
Cérdobas Cérdobas Cérdobas 2009, Cérdobas chemical, and
post-harvest
costs
Sample: All All All All All
Explanatory All All All All All
variables:
ATT: 9.93 105.42 -169.46 -9,273.87 422.11
t-statistic: [0.87] [1.18] [-1.25] [-0.61] [0.41]
dXAg. Wealth: -20.80 43.86 -143.80 -78,320.30 -1,218.78
t-statistic: [-2.18]** [0.50] [-1.36] [-1.73] [-2.55]*
Observations 242 242 242 242 242
Bootstrap 994 996 996 995 996
replications
* Significant at 10%, ** 5%, *** 1%.

Table 7 provides no evidence that program farmeesl inputs any more intensively than their
non-program counterparts, or that they receivelaehn volume of loans. Of course, it is
possible that program benefits came in the forgreéter efficiency rather than intensity.
Column (5) uses revenues net of available costatathe dependent variable; the estimated
ATT is positive but insignificant. Since the cobtre were constructed using prices from input
stores, they may well be higher than what was pgigarticipants, given the 30 percent subsidy
on the value of inputs received by cooperatived pgiMCC. But market prices should reflect
the opportunity cost of inputs at least as web@assidized RBD prices, and thus are a better

indicator of gains or losses due to the program.

The negative and significant coefficient on the R@Dgram and agricultural wealth
interaction reinforces earlier conclusions regagdhre ability of the program to target poor

farmers. These cost data are not complete, anstadige might change if other inputs and labor
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were included. It is also not clear if this is freduct of sage extension advice, or just the
serendipitous outcome of applying fewer inputst{palarly fertilizer, as shown in Column 1) in
a year when they would be less effective due toagina In a typical year, less credit and lower
input intensity would likely lead to a worse ratllean better outcome. In any case, households
with fewer productive assets appear to have dotterbe the RBD program than their wealthier
counterparts.

8 Conclusion

This paper evaluated year one of the Rural BusiDesglopment program for small rice farmers
in Leon, Nicaragua, a program co-funded by the biEMNicaraguan governments and
administered by the Millennium Challenge Corponatibhe RBD program delivers personalized
extension services to small farmers, as well aditcire the form of inputs for rice production at a
discounted price. The results of the analysis ssigheat the program had no effects on
participating households on average; this imphes the total benefits to its implementation
were outweighed by the total costs. There is, h@nesome evidence that poorer households
benefited more than their better off counterp@tsing the 2008 — 2009 rice year Ledn suffered
an historically severe drought, which would likelydermine the impact of a program based
partly on the proper and more intensive use of ¢b@rfertilizers. The program may have partly
shielded poorer farmers from the effects of thsught, or these farmers may have just been

lucky to have made intensive use of inputs in a ydeen returns to doing so were low.

Participants in the RBD program may benefit overling term due to extension advice
received or better access to credit via their coatpees. But the results of year one of the
program underscore a danger of interventions dedigmraise welfare among agricultural

households in areas subject to large systemic shtbek cannot be perfectly predicted before
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planting decisions are made. These sorts of sharekkkely the most difficult to insure.
Households participated in the RBD program volulytaand are likely aware of the risks posed
by El Nifio. But adding stronger risk management gonents to extension programs, whether
they be insurance products, extension advice &llty minimize the impact of shocks (e.g.,
water management in the case of rice), might eragubroader participation in such programs

and increase their benefits overall.
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Appendix: Derivation of spatial HAC matrix
Recall that the objective function for the weighteast squares regression is:

ZN:%[di +(1-d)exp(w#) ][ y -za]" (A.18)

i=1

The vector of estimated coefficients for the regi@s modelg, is found by solving épX1)

vector of first order conditions, each element bich takes the following form:

> L ld+(1-d)exn(wia)] 2, [ y-2] = € (A.19)

i=1

wherez,  is thep™ element of,. Stacking these first order conditions yields:

ZN:%[di +(1-d)exp(wiw) |z [y -Za] = (A.20)

i=1

Letw (7) = ZN:%[di +(1-d ) exp(w;)]. A Taylor expansion of (A.19) around the probailit

i=1

limit of &, which we will labelx, yields:

M=

> Sa@zly-7i] =Y s @ (@2 [y e+ @ (@77 (i) @2

!
-

Rearranging and multiplying B{N gives us:

N (&—a):{Z%q(&)zizriﬁq(ﬁ)a [y - Zd] (A22)
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To estimate the asymptotic variancexpive need to first find the limiting distribution of

(A.22). The probability limit o[ZN: N (7)z, ;} will be equal t E[ w (7)2.Z ]|,

i=1

assuming the former is non-singular and its braké&trm obeys a law of large numbers. If

N
> N2 (#)z;[ y - Za] obeys a central limit theoretfithen the asymptotic covariance matrix
i=1

of awill be

Avar(a) =[ E(w (7)zZ)] Va{Z%w ()z[y- a’a]}[ Ha(7)z7)] (A23)

The middle term in brackets is the covariance matfithe first order conditions for the
regression objective function given in (A.19), exakd aw. If these first order conditions
depend asymptotically on the vector of logit caaéintse, then any estimating equation for this
term must take this dependence into account. Aarshiy Wooldridge (2002), there will be no
such dependence if the moment condition given i2@PAbehaves the same whether it is

evaluated at or its probability limitz. In other words:
N o ] .
pllm{zﬁcq (7)z [y - ;a]} = pllm[zﬁcq (n)z,[y - Za]} (A.24)
i=1 i=1

If this condition were to hold, it would imply thate can ignore the fact thats estimated. If the

regression model is the correct one, then as meadiearlier weighting the data will have no

9|n the case of spatial data, whether a centrat ttreorem and a law of large numbers will applpds always
clear cut; data are dependent in ways that diffenfwhat is commonly encountered with time serisdfor
example. Jenish and Prucha (2009) provide conditimrder which this will be the case. A key assuompis that
dependence decreases with distance, which seesmedde in the present context.
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effect on consistency éf conditional on the weights adgthe expected value py; —za] will

be zero. If the regression function is misspecijflealvever, this will not hold in general.

To correct for dependence betwaamdn we take an exact Taylor expansion of the first

term of the right hand side of (A.21) around thelability limit of

> @)z [y 20 =
. y (A.25)
> e (m)z [y 2ol + Y (7)zw [y - Za N (i)

This is g px1) vector, with an element for each coefficienkiThe second term of the bottom
line consists of th(apx j) matrix of derivatives of (A.20) with respect to baxf thej elements

of the vector of logit coefficients, multiplied tiye( j x1) vectorN? (7 —=). The vectof

consists of elements located somewhere betwaeds.

We cannot use tHe"?(—x)term in estimation, as substitutingaifior x would cause it

to drop out. Instead, it can be replaced with anvedent expression, following the same steps

used to arrive at (A.22). This yields:

(WG] [-elr)] B 4 o) (n.20

= 1+ exp(win)

whereF, is the matrix of second derivatives of the logifemltive function, evaluated at a vector

lying somewhere betwearandn. The right hand side of (A.26) is substituted indo265), which
is then is substituted into the asymptotic covargamatrix foi.given in (A.23). The latter can

now be rewritten as:
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Avar(a) =] E(w (7)z2 )]_lﬁ Va{g g }[ B (7)27)] (A.27)
whereg; is given by:

a.{(ﬂ:)[yi —Z{oz]zi +
@ (7)]y, -Zo]zw [-E[F]] — N{ ‘%}N (A.28)

TheE(cq (fr)zi;’)terms in(A.27) are estimated using their samplentaparts. The middle term

can be rewritten as:

varl S0 =3 var(a)+ 3 3 cofa.g) (29

i=1 i=1j=1j#

If there were no dependence across observatiogis thie second term in (A.29) would be zero,
and the remaining component could be estimatedyusanusual formula for a heteroscedasticity
robust covariance matrix (White 1980). In the cafsgpatial correlation, both components must

be estimated.
Kelejian and Prucha (2007) offer a way forward. App their technique yields the

N
following estimator for%Var{Z o} } :

i=1

1 K(dl,l/d*) K(dl,N/d) @'1 ~
N[Ql SN : : D= (A.30)

K(dy,/d) - K(dyy/d)[LO
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wherer anda have been substituted irgan place ofn, #,anda, d, ; is the Euclidean distance

between observationsandj, andd’ is the distance beyond which observations are amgtionbe
uncorrelated. Kelejian and Prucha showed thatishasconsistent estimator in the context of a
particular type of spatial regression model, wKilen and Sun (2010) generalized their proof of
consistency to apply to linear and nonlinear edtimsabased on the solution to a set of moment
conditions, such as in this essay. In the presssaye the maximum distandés set large

enough to allow for the main land parcel of a gihensehold to be correlated with those of its

nearest 1, 5, and 10 neighbors, depending on gefisation.

To guarantee that (A.30) is positive semi-defintite, functiorK( ) must satisfy the

conditions given in Assumption 7 of Kim and SuneTRsults presented in this paper are the

result of using a Parzen kernel:

1-6x°+ 6% for0<|§<1
K(x)=12(1-|%)  for y2<[¥< (A.31)

0 otherwise

Inference is then conducted by carrying out vimatstrapped asymptotic refinement. This

consists of the following steps:

1. Estimate the model on the full sample.

N

. Compute t-statistics for the weighted least squaergsession coefficients.
3. Draw a random sample with replacement from thesaithple.

4. Estimaten, a,and (A.30) using the bootstrapped sample.
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5. Compute t-statistics for the regression coeffigargntered on the coefficient estimates

from step 1.

The estimated distributions of the t-statisticstie model parameters are constructed by
repeating steps 1 through 3, and statistical sgante is determined by seeing where the t-
statistics computed using the full sample lie ia bimotstrapped distribution. The bootstrapped
procedure will not preserve the spatial correlabbthe full sample, but Kim and Sun present
simulation results showing that it improves thewaiacy of confidence intervals over the usual

symmetric normal approximation.
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