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Abstract
The Albanian Ndihma Ekonomike is one of the first poverty reduction
programs launched in transitional economies. Its record has been judged
positively during the recession period of the 1990s and negatively during
the more recent growth phase. This paper reconsiders the program using
a regression-adjusted matching estimator first suggested by Heckman et
al. (1997, 1998) and exploiting discontinuities in program design and
targeting failures. We find the program to have a weak targeting capacity
and a negative and significant impact on welfare. We also find that recent
changes introduced to the program have not improved its performance.
An analysis of the distributional impact of treatment based on stochastic
dominance theory suggests that our results are robust.
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Introduction

There is a long-standing debate on the relative merits of cash versus in-kind
transfers as instruments of redistribution in the developing world. Classical
theory on the welfare state suggests that if the objective of a public good program is reducing poverty, the immediate response is providing cash directly to
the poor. Cash transfers would be “Pareto-dominant” to public services because
individuals would be able to allocate resources more efficiently. On the other
hand, in-kind transfers are preferable for their long-term investment properties
and the reduced risk of leakage-use of payments in non-desirable commodities.
In the former command economies of Europe and Central Asia, anti-poverty
programs launched during the 1990s in response to the transitional recession
were very few and built on a complex system of categorical cash transfers heritage of the socialist past. These programs took the form of cash transfers and
were initially devised for the poor.
The focus on the poor constituted a break from the past and emerged as a
combination of several factors. First, the transitional recession had increased
poverty to unprecedented levels and this required a government response. Second, transitional economies acted under a severe budget constraint and the
choice of a restricted number of beneficiaries was essential. And third, these
countries worked in the framework of international financial assistance and this
assistance was largely earmarked to the poor. Targeting the poor with cash
transfers was an almost obliged choice for transitional economies.
Were cash transfers for the poor successful in mitigating the negative consequences of transition on poverty? The answer to this question is mixed. Ravallion et al. (1995) found that the safety net in Hungary was able to protect
effectively from poverty but did not play an important role in lifting people out
of poverty. Okrasa (1999a, 1999b) found for Poland a general positive impact of
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social transfers on redistribution, a positive but moderate impact on reducing
the poverty spell and a positive impact on exiting poverty. Milanovic (2000)
found for Latvia a weak pro-poor role of social protection benefits. Lokshin and
Ravallion (2000) analyzed the role of the social safety net in protecting the poor
from the 1998 Russian financial crisis and concluded that the social safety net
in place was largely insufficient to protect the poor. Van de Walle (2004) tested
the public safety net in Vietnam and found a very marginal role of the social
safety net in protecting people from poverty or promoting an exit from poverty.
Verme (2008) looked at social assistance benefits in Moldova using panel data
between 2001 and 2004 and found a non-positive impact on welfare.
All these studies emerged in the context of World Bank assistance to transitional economies and share the feature of evaluating bundles of transfers rather
than individual programs. This is evidently a limitation given that only a few
cash transfers were specifically designed for the poor. Several of the early evaluations also relied on scarce data resulting in incidence rather than impact evaluations with limited or no consideration of behavioral implications. Moreover,
only a handful of countries had pro-poor programs in place at the beginning
of the 1990s during the deep recession and only some of these countries maintained these programs during the more recent growth phase. As a consequence,
evaluations of pro-poor programs during the recent growth phase are scarce and
they do not benefit from benchmark evaluations carried out during the 1990s.
One program that received consistent attention during the recession and
growth periods is the Ndihma Ekonomike (Economic Support) program in Albania. Case (2001) looked at political factors influencing the local budget allocations for the program during the 1990s and found these factors to be relevant.
Alderman (2001, 2002) used a 1996 survey to assess the targeting performance
and found that a) targeting was rather good as compared to other poverty reduc-
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tion programs in developing economies; b) local officials use local information to
target the poor not easily captured by household surveys and leading to better
targeting and c) poorer jurisdictions are better in targeting the poorer than
richer jurisdictions. More recently, Dabalen et al. (2008) have looked at the
program and tested the poverty implications as compared to the old-age pension program using the pooled 2002 and 2005 living standards surveys. They
find a negative impact of Ndihma Ekonomike on poverty and a higher level of
discontent with life with program participants as compared to a control group.
In this paper we return to the 2002 and 2005 surveys but follow a different
evaluation strategy to assess and validate the impact of Ndihma Ekonomike
on poverty. We consider the 2002 and 2005 surveys separately and exploit
a discontinuity in program design occurred during the period to evaluate the
impact of these changes on poverty. The treatment effect is estimated using a
regression-adjusted matching method first proposed by Heckman et al. (1997,
1998). Exploiting a few distinct features of our data, we are able to meet the
basic conditions required by the method and estimate single means differences
for both years and the difference-in-differences over the period.
In contrast to Alderman (2001), we find the program to have a very poor
targeting performance. However, we find great heterogeneity in targeting performance across local administrations supporting both Case (2001) and Alderman
(2002) findings in this respect. We also find a negative and significant effect on
poverty for 2002 and 2005 which is in line with Dabalen et al. (2008) findings
on the pooled 2002-2005 sample. In addition, we find a non-positive effect for
the period 2002-2005 indicating that changes in program design have not improved the performance of the program. Results are robust to adjustments in
the outcome variable and to an analysis of the treatment distributions based on
stochastic dominance theory.
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The paper is organized as follows. Section two provides a description of
the program. Section three illustrates the evaluation approach and section four
presents the results. Section five concludes.

2

The Ndihme Ekonomike Program

Ndihme Ekonomike (NE) was introduced in 1993 in response to the economic
crisis induced by the transition process and is the only program in Albania
targeting specifically the poor.1 Eligibility to the program is based on means
testing and categorical criteria and the program provides cash transfers to selected households on a monthly basis.
When the program was launched it was very large and accounted for about
1.4% of GDP. The economic situation in Albania has improved since but the
program continues to be important in size accounting for about 0.4 % of GDP
and 10% of government expenditure in 2005 (World Bank 2006) despite a sharp
drop in program allocation of about 29% and a subsequent reduction in the
number of households beneficiaries from 150,000 in 2002 to 112,000 in 2006.
Allocations per household have also decreased between 2002 and 2005 by about
10% (World Bank 2007).
The program design changed on several occasions. NE was originally designed to support urban families without other sources of income and rural
families with small land ownership. In 1994 and 1995 the law governing the
program was reformed and the program was extended to all poor households.
The program was again revised in early 2005 with the replacement of the meanstesting formula and a few changes on administrative procedures. NE was the
first public service scheme to be decentralized and its administration is now
1 Details of the program can be found in Kolpeja (2006) and from the Albania Law no. 9355
on Ndihme Ekonomike and social services available from the Albanian Council of Ministers
(http://www.mpcs.gov.al/ligje-legjislacioni-social-ligje).
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mainly responsibility of municipalities and communes. In this paper we focus
on the period 2002-2005 and we are most concerned about the last reform occurred in early 2005.
Application to the program is responsibility of the household. The head of
the household files an application form, undergoes an interview at the local NE
office and provides a list of documents on the status of the household and its
members provided by other state institutions such as the property registry and
the employment office. Upon verification of the necessary documentation the
household is visited by a social welfare officer who is responsible for drafting
a first list of beneficiaries based on personal judgments and on the eligibility
criteria established by law.
Eligibility criteria defined by law include categorical “exclusion criteria” and
means-tests. Households are excluded from the program if the head of the household is employed or at least one member: 1) owns capital assets with the exception of the living house and agricultural land; 2) is employed or self-employed,
except agricultural workers; 3) is unemployed and not registered as job-seeker,
with the exception of disabled and agricultural workers; 4) is leaving abroad for
any reason except for studying, medical treatment or working for diplomatic
offices or international organizations; 5) refuses offers for employment, community work or land if in working age; 6) takes “deliberate actions” aiming to get
NE benefit if not eligible. In practice, these criteria aim at excluding those
households whose members are likely to have other sources of income and/or
exhibit a passive behavior.
The means-testing formula is based on household composition and changed
over the period considered. Until 2005, means-tests were based on a formula that
computed income thresholds by household as T = M (0.95H + 0.95E + 0.19W +
0.2375C), where M was the national level of unemployment compensation, H
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referred to the head of household, E was the number of other family members
over working age or disabled, W was the number of working age members, and
C was the number of household members under working age. In substance, the
income threshold was equal to the unemployment benefit per adult equivalent
where the equivalence scales were the weights in parenthesis attributed to the
different type of household members. An eligible household received a cash
transfer equal to the difference between this threshold and actual household
income calculated from all sources of income. If the resulting benefit was zero
the family was not eligible. The level of the NE benefit was designed to be below
incomes generated from unemployment benefit, pension schemes and minimum
wage. This was to encourage households to resume work when this became
available.
Starting from 2005, a new law regulates program administration. Two major
changes have been introduced. The first is that the income threshold is no more
linked to unemployment benefit and the second is that the freedom of local
officials in granting benefits has been narrowed. The level of benefit that each
family can receive now depends on the income threshold computation defined
as T = 2600H + 2600E + 600W + 700C where numbers are expressed in local
currency (lek). The new law also introduced a lower bound for the transfer
at 800 lek, which excludes households previously entitled to a transfer smaller
than 800 lek. A maximum transfer of 7000 lek is also established. Moreover, the
smaller freedom granted to local officials in assigning benefits reduces de facto
the capacity of the government to use local information for better targeting, an
attractive feature of the program until 2005. Thus, we have an opportunity here
to use the discontinuity in program design for evaluating the impact of changes
in the means-test and in the freedom of choice granted to local administrators.
In substance and given the characteristics of the program described, we can
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argue that the key aspects to take into account for selection into the program
are: 1) Eligibility based on household income; 2) Employment status of household members; 3) Local heterogeneity in decision making and 4) Urban/rural
location (agricultural workers are waived from some of the categorical exclusion
criteria for eligibility). These are observable characteristics to prioritize when
considering program participation in the evaluation strategy.
The data we dispose of are two rounds of the Albanian Living Standards
Measurement Survey (ALSMS), 2002 and 2005. These data contain information
on income and cash transfers divided by program as well as sections on labor
participation, migration and household assets, allowing us to identify the NE
transfer and also recover some of the variables used for eligibility.2
Estimates from the two samples are fully comparable. The 2002 and 2005
surveys covered 3,599 and 3,640 households respectively, employed the same
questionnaire and the same sampling procedure. Both surveys include a community questionnaire with information on local services and socio-economic conditions3 . This helps us controlling for community fixed effects and determining
the behavioral traits of administrators otherwise unobserved.

3

Evaluation Strategy

Let D = 1 define individuals treated by the program and D = 0 individuals nontreated by the program under study. Let also Y1 be the potential outcome in
the treated state and Y0 the potential outcome in the untreated state. We then
have two possible potential outcome states for each of the two groups, treated
and non-treated. The main parameter of interest in program evaluations is the
2 Data can be freely downloaded from www.worldbank.org/lsms. The web site also contains information on the questionnaire, variables, sampling procedure and construction of
aggregates.
3 Note that the community questionnaire is not administrated at municipality/communes
level, but at a smaller territorial unit such as rural villages or urban blocks.
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Average impact of Treatment on the Treated (ATT):4

AT T = E(Y1 − Y0 |D = 1)

(1)

The central problem in program evaluations is that the potential outcomes of
the treated Y1 and Y0 cannot be observed simultaneously. We have a missing
data problem. We then need an evaluation strategy able to overcome the missing
data problem given a set of available data. When the researcher disposes of a
random experiment designed ex-ante, the treated group can be considered as
a representative sample of the population and the estimation of the ATT boils
down to the difference between the observed outcome of the treated and the
observed outcome of the non-treated in the post-treatment phase.
In our case, we do not dispose of a random experiment and a simple comparison of the post-treatment outcomes of the treated and non treated groups
would result in a bias estimate of the ATT. Program participation in NE is based
on a number of observable and non observable criteria that self-select into the
program only households with certain characteristics and this generates a selection bias. We also do not dispose of a baseline study. The data we have are
subsequent to the introduction of the NE program in 1993. In substance, we are
confronted with a retrospective evaluation and we need to seek a proper control
group before estimating the treatment effect.
As noted by Heckman et al. (1997), critical conditions of non-experimental
data are that: (1) Participants and controls have the same distributions of unobserved attributes; (2) The two groups have the same distribution of observed
attributes; (3) The same questionnaire is administered to both groups; and
4 See Rosenbaum and Rubin (1985) or Heckman and Robb (1985). Note that the program
evaluation literature has focused mainly on program participants assuming that the indirect
effects on non participant are negligible (Todd 2008). This assumption is not always true
but generally holds with non-contributive antipoverty program financed by general taxation,
which is the case of the NE program.
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4) Participants and controls are placed in a common economic environment.
Condition (1) is the main problem with non-experimental evaluations and will
require some assumptions. Condition (2) can be met with a proper matching
procedure while conditions (3) and (4) can be met with a proper choice of data.
In this paper, we use a methodology first proposed by Heckman et al. (1997,
1998) to address condition (2) and we exploit two features of our data to address
conditions (3) and (4). Heckman et al. (1997) have also shown that if conditions
(2), (3) and (4) are met, the remaining bias may not be a major problem. Below,
we discuss more in detail these four conditions and how we address them.
Selection on unobservables. In non-experimental studies, condition (1) requires the conditional independence assumption where Y0 and Y1 are independent of D conditional on X - (Y0 , Y1 )⊥D|X.5 If this condition is met, the ATT
can be estimated simply comparing participants with non participants. Furthermore, with P (X) = P r(D = 1|X) and 0 < P (X) < 1 for all X, the ATT
is defined for all values of X and experimental and non-experimental evaluations can be said to identify the same parameters. These two assumptions are
known as the “strong ignorability” assumptions following Rosembaum and Rubin (1983). In fact, if ATT is the only parameter of interest, it is sufficient for
Y0 ⊥D|X to hold given that the ATT measures the impact on the treated only.
Rosembaum and Rubin (1983) also showed that the strong ignorability assumptions imply Y0 ⊥D|(P (X) which suggests that matching can be performed
on P (X) rather than on X. Based on these findings, Heckman et al. (1998)
derived that for the estimation of the ATT is sufficient a weaker identifying
assumption described as E(Y0 |P (X), D = 1) = E(Y0 |P (X), D = 0). Now,
if we partition the X vector of variables into a vector of variables used in
program selection Z and a vector of variables used for the outcome equation T and if we consider the econometric specifications of the outcome vari5 The

symbol ‘⊥’ in this paper stands for ‘independence’.

10

able (Y(.) = βX(.) + U(.) ), we can re-write the basic matching assumptions in
terms of residuals as E(U0 |T, Z, D) = E(U0 |, Z, D) and E(U0 |P (Z), D = 1) =
E(U0 |P (Z), D = 0) as it is done with similar additively separable models in
econometrics. These are weaker assumptions than the strong ignorability assumptions and they can be used to construct alternative matching estimators.
Selection on observables. The question of selection on observables is generally addressed with a process of matching where a comparison group for the
treated is constructed from a group of non treated based on common observed
characteristics. Following from the discussion above, in this paper we use the
Regression-Adjusted Matching Estimator (RAME) formally justified in Heckman et al. (1998) and tested in Heckman et al. (1997).
RAME consists of estimating matched outcomes for the treatment group
combining a local linear matching on the covariates of eligibility with a regressionadjustment on the covariates of outcome. More in detail, the procedure we follow implies the following steps: 1) Estimation of a probit participation equation
using a set of selection variables Z; 2) Estimation of the predicted values of
participation and creation of the corresponding variable (“pscore”); 3) Estimation of a standard OLS welfare regression using a set of non selection variables
T ; 4) Estimation of the residuals of the welfare equation and creation of the
corresponding variable (“res”); 5) Matching treated and non treated groups
with a local linear matching estimator and using “res” as outcome variables
and “pscore” as propensity scores; 6) Estimate of the single mean difference in
outcomes between treated and matched group.
The matching procedure is based on a local linear regression which uses and
weighs all the comparison group observations. This procedure has several advantages. It is possible to use more information and achieve a lower variance
than methods based on selected observations since all the comparison group
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observations on common support are included. A local polynomial regression
instead of a standard kernel offers a greater robustness to different data design
densities and has a faster rate of convergence near boundary points (Fan, 1992).
This is a clear advantage given that a large part of our data is concentrated
at boundaries. Moreover, according to Caliendo (2008) local linear regression
is expected to perform better than kernel estimation when the nonparticipants
observations on P (Zi ) fall on one side of the participant observations, which
is the case of the propensity score distribution estimated by our participation
equation. Finally, nonparametric methods characterize better than traditional
matching methods the form of evaluation bias, since they estimate more precisely the function of the dependent variable.
The local linear matching estimator is defined as:

α̂ =

1
n1

X

[U1i −

iI1 ∩Sp

X

W (i, j)U0j ]

(2)

jI0 ∩Sp

where I1 is the set of participants, I0 the set of non-participants, Sp is the
region of common support and n1 is the number of individuals in the set I1 ∩
Sp . The match of each participant is constructed as a weighted average over
the outcomes of non-participants where W (i, j) is computed by a local linear
weighting function on the distance between Pi and Pj (see also Todd, 2008):

W (i, j) =

Gij

P
P
2
kI0 Gik (Pk − Pi ) − [Gij (Pj − Pi )][
kI0 Gik (Pk − Pi )]
P
P
P
(3)
2
Gij (Pk − Pi ) − ( kI0 Gik (Pk − Pi ))2
jI0 Gij

A fixed bandwith of 0.06 and a biweight kernel (G(.)) are used for the estimator.
We impose a common support condition because Sp needs to be determined to
compute . Moreover, to ensure that the propensity score density under the
common support is strictly positive, we apply a trimming procedure excluding
any P point for which the estimated density is zero and the two percent of the
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remaining P points for which the estimated density is positive but relatively
small.
Based on the AT T estimations for 2002 and 2005, we can then estimate the
difference-in-differences (DID) across the two years to capture the impact of
changes in program design. Heckman et al. (1997 and 1998) have shown that
with panel or repeated cross-section data it is possible to adopt weaker conditional independence assumptions using a difference-in-differences estimator of
the type DID = E(Y1t − Y0t0 |X, T = 1) − E(Y0t − Y0t0 |X, T = 0), where t and t0
represent time after and before treatment respectively. In fact, it is sufficient for
E(Y0t − Y0t0 |X, T = 1) = E(Y0t − Y0t0 |X, T = 0) to hold. Under additive separability and index sufficiency, this condition becomes E(U0t − U0t0 |P (Z), T = 1) =
E(U0t − U0t0 |P (Z), T = 0). In substance, the DID estimator does not require
E(U0 |X, D = 0) and allows for unobservable but time-invariant differences in
outcomes between matched NE beneficiaries and non-beneficiaries. The DID is
estimated as:



 1

X
X
U1ti −
α̂DID =
W (i, j)U0tj 
 n1t

jI0t ∩Sp
iI1t ∩Sp



 1

X
X
U1t0 i −
−
W (i, j)U0tj 
 n1t0


(4)

jI0t0 ∩Sp

iI1t0 ∩Sp

We use this estimation to evaluate the marginal impact of the policy intervention
occurred between 2002 and 2005. Note that between 2002 and 2005 Albania
experienced rapid growth and poverty reduction. With the DID matching we
can isolate the impact of the program from the impact of growth since we will
perform a matching for both years, comparing individuals equally affected by
economic growth.
Common questionnaire. We will estimate counterfactual outcomes from the
comparison group of non treated individuals found within the same survey used
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to observe the treated group. This ensures that the questionnaire administered
to both groups is the same, which satisfies condition (3). Note also that the
questionnaire is the same for the two years considered.
The problem of this choice is that finding good matches of the treated in the
pool of non-treated may be difficult due to self-selection. However, a combination of factors specific to our data ensures that this is not the case. Among the
pool of non treated individuals it is common to find eligible households who did
not apply to the program and eligible households who applied to the program
but were rejected. According to Kolpeja (2006): “The number of applicants for
NE is much higher than those who receive the benefit. Some estimations indicate
that about 30-35 percent of applications are rejected. The reasons for the refusal
of NE benefit are: a) incompatibility with (eligibility) criteria (about 5 percent),
insufficient funds (15-20 percent), and c) provision of false information (10 percent).” We also find in the pool of treated non eligible households who were
selected. In substance, program leakage and under-coverage (documented further in the paper) ensure that among the treated and non treated groups we can
find comparable households. Indeed, we will see that our matching procedure
will achieve full common support.
Common labor market. This condition is addressed by controlling for local
areas using a territorial dummy variable which ensures that matching takes into
account the local economic environment. The territorial variable selected is the
district (rrethe in Albanian). Albania is a small country of about 28,000 squared
kilometers subdivided into 36 districts. We judged the average district to be
of reasonable size to represent local labour markets. Smaller territorial units
were also difficult to use in the regressions due to sample size. In addition, the
participation equation includes a dummy for urban and rural areas capturing
the different features of urban and rural labour markets.
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Key variables. Our objective is to measure the welfare improving capacity
of the NE program and our outcome variable is a measure of welfare. We opted
to use household expenditure per capita normalized by an absolute poverty line,
which is a standard practice in similar studies (Ravallion et al. 1995; van de
Walle 2003). The consumption aggregate we use has been elaborated by the
World Bank, includes food, clothings, household articles, utilities, education
and durables and is computed in the same way for the two years considered.
The treatment group D = 1 is identified with a treatment indicator variable
for households receiving benefits (the survey reports the last NE payment received and the referring period). The comparison group includes all non treated
households on common support weighted with the matching procedure already
described.
To reproduce the assignment process and define the Z vector of variables,
we constructed dummies for eligibility based on the 2002 and 2005 means-test
formulae and dummies for the exclusion criteria already described. We were
able to reconstruct from data four of the six exclusion criteria and two of these
have been retained in the final specification of the selection equations. The first
variable is employment of any household member6 in the formal sector where
the formal sector is identified with the variable that captures individuals who
contribute to social security. This proxies the employment exclusions criteria
and makes sure that we capture only those households whose employment status
is likely to be observed by the program administrators. The second variable
captures households with at least one member unemployed and not seeking
work.
To take into account the freedom of choice attributed to local administrators
in selecting participants, we constructed a targeting coefficient for each of the 36
Albanian districts following a methodology proposed by Galasso and Ravallion
6 With

the exception of self-employed in rural areas.
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(2005). The targeting coefficient measures the difference between the proportions of the poor and non-poor households receiving the transfer and varies
between ‘1’ (perfect targeting) and ‘-1’ (perfect leakage). We split this variable
into three quantiles and used dummies for two of these quantiles as regressors
in the selection equation.
We also add in the participation equation a dummy variable for urban and
rural areas. This has two major advantages. First, we expect urban and rural
residents to have different information and opportunities about the NE program.
And we also know from the categorical exclusion criteria that rural residents are
not covered by some of these criteria. These two factors imply that urban and
rural residency can be considered as an important determinant of participation.
We preferred this option to splitting the sample into urban and rural areas to
rely on as many observations as possible in the matching procedure and reduce
the problem of dimensionality.
In substance, we are able to capture all four major factors that determine
program participation as described in section 2. The capacity to predict participation of the probit models is estimated with the hit or miss method. The
method classifies observations as ‘1’ if the estimated propensity score is larger
than the sample proportion of the treated and ‘0’ otherwise.
The T vector of variables selected for the outcome equation includes characteristics of the head of the household (age, health and education), household
characteristics (dummies for number of children according to age) and community variables (presence of educational, health and financial institutions). Note
that employment status variables are included into the participation equation
and are excluded from the outcome equation.
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4

Results

If we limit our analysis to the comparison of welfare with and without treatment,
we find that the incidence of Ndihma Ekonomike on poverty is relevant. Table 1
shows that the poverty headcount index and the poverty gap index in 2002 would
have been 1% and 0.6% higher respectively in the absence of the program. Such
incidence increases in 2005 for the poverty headcount ratio to about 1.2% and
decreases for the poverty gap ratio to about 0.4%. In the absence of behavioral
considerations, the Ndihma Ekonomike program would appear to have a positive
effect on poverty (Table 1).
[Table 1]
The overall targeting capacity of the poor is weak (Table 2). The program
covers a considerable share of the population (11% in 2002 and 12% in 2005)
but undercoverage and leakage rates (Cornia and Steward 1995) have been very
high in both years considered. In 2002, about three quarters of the poor were
not targeted and 57% of the households treated by the program were non poor.
The Galasso and Ravallion (2005) targeting coefficient also indicates that the
targeting capacity of the program is very low.
The targeting performance over time is mixed. If we compare our results
with those of Alderman (2001), which refer to a survey carried out in 1996, we
find that targeting has worsened.7 Figure 1 shows that the targeting curve by
decile was steeper in 1996 as compared to 2002 and 2005 indicating that the
share of NE expenditure going to lower deciles was higher than the share going
to upper deciles in 1996 as compared to subsequent periods.8 Coverage and
undercoverage rates and the targeting coefficient improved between 2002 and
7 The survey used by Alderman (2001) is a different survey from those we use but both
sets of surveys are nationally representative and we have reconstructed the same consumption
indicator used by Alderman.
8 Consumption for all years is net of NE benefits.
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2005 but this has been accompanied by an increase in leakage and a decrease
in adequacy (Table 2).9 Figure 1 also shows that the share of NE expenditure
going to the poor has marginally decreased between 2002 and 2005 especially
for the third decile. In section two we noted that NE expenditure during this
last period has declined by about 29% and here we find that this decline has
not been pro-poor. In other words, between 2002 and 2005 improvements in
coverage have been achieved at the expenses of leakage and adequacy. The
program has been able to capture more poor households but expenditure per
capita has got thiner overall and marginally thiner for poor households.
The targeting performance of the program may be explained in terms of
several factors. First, funds may be misallocated with insufficient funds reaching poor areas and excessive funds reaching rich areas. The central NE budget allocation mechanism to local administrations determines ex-ante the funds
available for local areas. Case (2001) found that political constituencies were
an important factor in explaining budget allocations and Kolpeja (2006) has
noticed that 15-20% of applications rejected are because of lack of funds. These
two findings could explain a bias allocation of funds in favor of richer areas. Such
problems are generally difficult to address but can be improved if the design of
the budget allocation criteria are demanded to an independent body.
Second, the targeting mechanism in place may not be able to target the
poor efficiently, even if perfectly implemented. Means-testing is only one of
the criteria used to select households, selection is based on income rather than
consumption and the program has no proxy-means tests in place. Program
administrators do not have the same information available in surveys to measure
poverty and this may partly explain the targeting ratios which we estimate with
surveys data on consumption. This problem can be addressed by introducing
9 Our

results on coverage, leakage and targeting coefficient coincide with those published
in World Bank (2007).
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proxy-means tests based on household surveys to complement or replace the
means-test formula.
Third, administrators may not be able to apply the targeting mechanism
properly. This may be due to supply side reasons such as difficulties in administrative procedures, collection of documents or misbehavior on the part of
administrators or demand side reasons such as fraudulent behavior or lack of
information on the part of clients. Alderman (2002) found that the information available to local administrators improved the targeting capacity of the
program. World Bank (2007) decomposed the targeting coefficient reported in
Table 2 into intra-commune and inter-commune components and found that
two thirds of the targeting coefficient is explained by the intra-commune component. The performance of program administrators within communes seems to
be more relevant than differences across communes partly explained by factors
such as different funding levels. The 2005 program reform reduced the freedom
of choice of local administrators. This may be a good or bad factor depending
on how good local administrators were in the first place. Our results indicate
an improvement in the targeting coefficient between 2002 and 2005 together
with a growth in leakage and a reduction in adequacy, a rather mixed picture.
Nevertheless, the targeting capacity of administrators can be improved with
a combination of training, public information campaigns and anti-corruption
measures.
Fourth, targeting during a recession phase may be different from targeting
during a growth phase. During a recession public resources are scarcer while
poverty is widespread. With more poor it is easier to catch the poor although
transfers may be low. Different is the outlook during a growth phase. With more
money and less poverty it is easier to spread money around increasing coverage
and leakage at the same time. Albania acted counter-cyclically with a 29%
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drop in NE program allocations in real terms between 2000 and 2006 (World
Bank, 2007) and achieved higher coverage and leakage by reducing average
transfers per household. The expenditure reduction may be partly explained by
a reduction in needs and applications to the program during the growth phase
but the reduction in expenditure per household is hardly a pro-poor policy. This
is another aspect of the program that can be improved.
[Figure 1 and Table 2]
Despite the weak targeting performance, was the program able to improve on
the living conditions of those targeted? Our results suggests that the program
had a negative effect on welfare in 2002 and 2005 and that the performance
of the program worsened over the period. In what follows we discuss first the
building blocks of the RAME method proposed including the probit participation equation, the OLS outcome equation and the ability of the matching
procedure to reduce selection bias on observables. We then report the single
means estimates of the treatment effect for 2002 and 2005 and the differencein-differences estimate for the period 2002-2005. Last, we test the robustness of
our results using a different outcome indicator and assessing the distribution of
the treatment effect based on stochastic dominance theory.
The probit selection equation (Table 3) shows that means-tests and some selected categorical criteria contribute significantly to selection into the program.
As expected, the coefficient for the dummy variable constructed for those households with an income below the income threshold determined by law is positive
and significant for both years.
The employment exclusion restriction is negative and significant as we should
expect. Households with at least one household member employed or selfemployed are less likely to participate to the program. The dummy for households with members unemployed and not job seeking is instead non significant in
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both years. This is perhaps due to the fact that it may be difficult for program
administrators to observe this household attribute with accuracy. This variable
was nevertheless maintained in the final specification because contributes to
keep matching results much more stable.
The variables capturing the district ability to target households are both
significant and with the expected sign. Households living in districts with a bad
targeting record are less likely to be selected into the program than households
living in districts with a good targeting record, other selection criteria being
equal. The dummy for urban areas is also significant but with a positive sign
in 2002 and a negative sign in 2005. We expected this variable to be significant
but to have a consistent sign over the period. This is not the case which would
suggest that changes in program design have been in favor of rural households.
Indeed, World Bank (2007) found that improvements in coverage observed between 2002 and 2005 are almost entirely explained by improvements in coverage
in rural areas. Central and local administrators seem to have put a major effort
in improving conditions in rural areas and this has shifted the balance between
urban and rural areas.
The participation prediction capacity of the probit models based on the hit
or miss method are around 76% for both years, which are rather good scores
considering that not all eligibility criteria could be used.
[Table 3]
The OLS model (Table 4) has a fairly good explanatory power as compared
to models of this kind, also considering that the program eligibility variables
are excluded. The model explains about 31% of the variance of welfare in 2002
and about 27% in 2005. Significant variables in both years are health and
higher education of the head of the household (both with positive signs) and
the number and age of children in the family (always negative).
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[Table 4]
In Table 5 we report the estimations of single and double differences. Program
treatment seems to have a negative effect on welfare.10 Both single differences
for 2002 and 2005 show negative and significant values. The average treatment
effect for 2002 is estimated at about 16.6% of the poverty line. This negative
effect rises to 25.7% in 2005 resulting in a negative effect also for the period
2002-2005. Single differences are significant in both years at the 1% level while
the double difference is non significant.
Table 5 also includes results using the OECD equivalence scale.11 Our previous results are based on an outcome variable that measures consumption per
capita relative to the poverty line. Poverty studies often use consumption per
adult equivalent to take into account household composition in addition to
household size and poverty ratios are known to be very sensitive to the use
or non use of equivalence scales. However, when we use our measure of welfare
per adult equivalent we find that the treatment effect is still negative and significant at the 1% level for both years considered. The difference-in-differences is
also negative but non significant as before. As compared to the use of consumption per capita, single and double differences for the adult equivalent measure
show much higher values, -23.3% of the poverty line in 2002 and -38.2% in 2005.
[Table 5]
In Tables 6 and 7 we test the capacity of the matching procedure described to
reduce the bias between treated and control groups based on the observed participation variables Z used in the probit selection equation. For both years, we
obtain full common support with no observations falling out and the matching
10 Single

means difference and respective standard errors are estimated with the Stata module psmatch2 (Leuven and Sianesi, 2003). Bootstrapped standard errors were also estimated
but the difference with the standard errors reported in the table is negligible.
11 We use the OECD original scale attributing a weight of one to the first adult in the
household, 0.7 to other adults and 0.5 to children.
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procedure almost eliminates the bias on observables. In 2002, the percentage in
bias reduction is in between 75.7% and 99.5% depending on the variable considered. In 2005, these values vary in between 75% and 99.7%. For none of the
two years the means tests between treated and controls are significant.
In substance, we have been able to reduce very significantly the bias arising
from non-overlapping support and the bias arising from differences in observables. Given the use of a common questionnaire for treated and untreated groups
and considering the use of local fixed effects, the remaining bias arising from
differences in unobservables should be small (as the experiment in Heckman et
al.,1997, would suggest).
[Tables 5 and 6]
As a final test, we exploit stochastic dominance theory to assess the distributional impact of treatment. Stochastic dominance of first degree can be assessed
by comparing the cumulative distribution functions (CDFs) of the outcome variable for the treated and control groups.12 . This is equivalent to test our results
for all reasonable poverty lines. In Figure 2, we compare the CDFs for both
years using consumption per capita and consumption per adult equivalent as we
did in Table 5. As it can be seen, the CDFs for the control groups always dominate the CDFs for the treated groups in all four quadrants. It is also evident
that, for both outcome variables used, dominance of the control group increases
over the period. Overall, irrespective of the poverty line and of equivalence
scales, treatment has always a negative and significant effect on consumption
and this negative effect increases over the period.
[Figure 2]
12 See

Foster and Shorrocks (1988) and Abadie (2002).
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5

Conclusion

The paper evaluated the poverty reduction capacity of the Ndihma Ekonomike
program in Albania. The program is one of the earliest poverty reduction program implemented in transitional economies and had a positive record in terms
of targeting during the 1990s (Adelrman, 2001 and 2002). More recently, the
program was found to have a negative effect on poverty and life satisfaction
(Dabalen et. al., 2008).
We find the targeting performance of the program to be weak and to have
worsened as compared to the 1990s. Between 2002 and 2005 coverage has improved, especially in rural areas, but the average benefit per household has
decreased (especially for the poor) together with an increase in leakage. This
explains a decline in the overall budget share reaching the poor. Both undercoverage and leakage rates remain very high by any standard. Weak targeting
may be explained by various factors including central budget allocation mechanisms, the design of the targeting methodology, the behavior of clients and
administrators and the business cycle. All these factors are probably at work.
Making use of a regression-adjusted matching estimator first proposed by
Heckman et al. (1997, 1998), we find Ndihma Ekonomike to have a negative and significant effect on household welfare in 2002 and 2005. Changes in
program design between 2002 and 2005 seem to have worked in favor of rural households but, overall, the negative impact has increased. The estimated
difference-in-differences between 2002 and 2005 is also negative, although non
significant. Results seem to be robust. Using per adult equivalent welfare instead of per capita welfare increases marginally the negative impact. Testing
stochastic dominance of first degree comparing the cumulative distribution functions of the outcome variables for the treated and control groups shows that the
control groups dominate invariably the treated group all along the curves.
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The natural implications of these findings is that Ndihma Ekonomike should
be further revised. Possible reforms include the shift of the budget allocation
decisions to an independent body, the redesign of the targeting mechanism with
the introduction of proxy-means test and anti-corruption measures combined
with public information campaigns and training. A viable option would be
to discontinue the program and replace it with a new program. This would
allow to redesign the program altogether and to evaluate its performance with
a randomized experiment. This paper exploited the poor targeting performance
to the advantage of the matching procedure with ex-post data but this is a
second best solution to the evaluation of a properly targeted program with a
randomized experiment.
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Table 1
Poverty Incidence (%)
2002

2005

With NE

Without NE

With NE

Without NE

Headcount Ratio

19.1

20.1

14.0

15.2

Poverty Gap

4.0

4.6

3.0

3.4

Headcount Ratio

24.4

25.4

17.7

19.0

Poverty Gap

5.4

6.0

3.8

4.3

Households

Individuals

Table 2
Coverage and Targeting

2002

2005

1 Coverage

11.0

12.7

2 Adequacy

10.3

9.3

3 Undercoverage

75.4

67.5

4 Leakage

57.3

64.2

5 Targeting Coefficients

0.17

0.23

1
2
3
4
5

hh treated/population
av.transfer/av.consumption
poor not treated/tot. poor
non poor treated/tot. treated
(poor treated/tot. poor)-(non poor treated/tot. non poor)

Table 3
Probit Regression for Program Participation
2002

2005

0.891***

1.070***

(0.0765)

(0.0947)

-1.173***

-0.903***

(0.147)

(0.131)

0.0286

0.108

(0.0946)

(0.0792)

-0.478***

-0.605***

(0.102)

(0.0905)

0.436***

0.308***

(0.0848)

(0.0748)

0.447***

-0.292***

(0.0759)

(0.0675)

-1.704***

-1.062***

(0.0893)

(0.0700)

Observations

3599

3638

Prediction capacity (hit or miss method, %)

76.95

75.87

Dummy for hh with income below means-testing threshold

Dummy for hh with members employed or self-employed

Dummy for hh with members unemployed and not seeking work

District targeting coefficient (lower quantile, poor targeting)*

District targeting coefficient (upper quantile, good targeting)*

Dummy for urban areas

Constant

(*) Base category is intermediate targeting coefficient (middle quantile of three quantiles)
Robust standard error in parentheses. (*) Significant at 10%; (**) Significant at 5%; (***) Significant at 1%.

Table 4
OLS Welfare Equations

Age of the hh head
Age of the hh head (squared)
Head (1) is in good health
HH head-primary school
HH head-two years vocational
HH head-five years vocational
HH head-general secondary

HH head-university degree
HH head-postgraduate
HH has 1 under five child
HH has 2 under five children
HH has 3 or more under five children
HH has 1 child (6-18)
HH has 2 children (6-18)
HH has 3 children (6-18)
HH has 4 or more children (6-18)
Pre-school exists in the community
Primary school exists in the community
Secondary school exists in the community
Ambulatory exists in the community
Hospital exists in the community
Bank exists in the community
Credit cooperative exists in the community
District fixed effects (36 districts-coefficients omitted)
Constant
Observations
R squared

2002
0.00391
(0.00799)
-0.000054
(0.000075)
0.103***
(0.0377)
-0.00137
(0.0631)
0.310***
(0.0881)
0.0840
(0.104)
0.283***
(0.0727)
0.781***
(0.0869)
0.974***
(0.250)
-0.413***
(0.0357)
-0.767***
(0.0535)
-0.964***
(0.163)
-0.413***
(0.0445)
-0.657***
(0.0472)
-0.917***
(0.0561)
-1.092***
(0.0652)
-0.00717
(0.0512)
0.0400
(0.0529)
-0.0434
(0.0463)
0.0918*
(0.0517)
0.00269
(0.0449)
0.132***
(0.0507)
-0.0284
(0.0885)
Yes
2.062***
(0.230)
3599
0.309

2005
-0.0144
(0.0126)
0.000105
(0.000112)
0.118**
(0.0592)
-0.171*
(0.0907)
0.250**
(0.108)
0.0370
(0.124)
0.283***
(0.108)
0.955***
(0.128)
1.783***
(0.476)
-0.419***
(0.0594)
-0.876***
(0.0621)
-0.922***
(0.116)
-0.312***
(0.0525)
-0.536***
(0.0574)
-0.768***
(0.0684)
-1.012***
(0.0693)
0.216*
(0.119)
-0.0274
(0.0792)
0.0238
(0.0572)
-0.00847
(0.0836)
-0.0114
(0.0549)
0.0433
(0.0481)
-0.146
(0.229)
Yes
2.668***
(0.373)
3638
0.268

Table 5
Average Treatment Effects

Cons. per capita/poverty line

Cons. per adult equiv./poverty line

2002

2005

2002-2005

2002

2005

2002-2005

Treated

-0.187

-0.232

-0.045

-0.276

-0.348

-0.072

Controls

-0.021

0.025

0.046

-0.043

0.034

0.077

Difference

-0.166

-0.257

-0.091

-0.233

-0.382

-0.148

S.E.

0.038

0.051

0.063

0.050

0.068

0.084

T-stat

-4.400

-5.060

-1.435

-4.680

-5.610

-1.759

Table 6
Means Tests 2002
Variable

Sample

% Bias

% Bias Reduction

t-statistic

p-value

Dummy for means-testing

Unmatched
Matched

0.663
0.663

0.204
0.658

104.5
1.1

98.9

23.5
0.2

0.000
0.864

Unmatched
Matched

0.017
0.017

0.219
0.018

-65.8
-0.3

99.5

-11.1
-0.1

0.000
0.897

Dummy for hh member not seeking work
Unmatched
Matched

0.194
0.194

0.085
0.197

31.8
-0.7

97.8

7.7
-0.1

0.000
0.923

District targeting coefficient (bad)

Unmatched
Matched

0.103
0.103

0.401
0.108

-73.2
-1.3

98.3

-13.5
-0.3

0.000
0.787

Unmatched
Matched

0.724
0.724

0.353
0.705

80.2
4.1

94.9

16.6
0.7

0.000
0.501

Unmatched
Matched

0.442
0.442

0.562
0.471

-24.1
-5.9

75.7

-5.1
-1.0

0.000
0.344

Dummy for hh employment

District targeting coefficient (good)

Urban areas

Mean of Treated Mean of Controls

Table 7
Means Tests 2005
Variable

Sample

% Bias

% Bias Reduction

t-statistic

p-value

Dummy for means-testing

Unmatched
Matched

0.285
0.285

0.048
0.307

67.4
-6.1

91.0

19.5
-0.8

0.000
0.440

Unmatched
Matched

0.039
0.039

0.226
0.064

-57.6
-7.8

86.5

-10.3
-1.9

0.000
0.058

Dummy for hh member not seeking work
Unmatched
Matched

0.278
0.278

0.185
0.261

22.2
4.1

81.4

5.0
0.6

0.000
0.520

District targeting coefficient (bad)*

Unmatched
Matched

0.142
0.142

0.340
0.142

-47.5
-0.1

99.7

-9.3
0.0

0.000
0.980

District targeting coefficient (good)* Unmatched
Matched

0.436
0.436

0.282
0.457

32.6
-4.3

86.7

7.3
-0.7

0.000
0.497

Urban areas

0.355
0.355

0.584
0.412

-46.9
-11.7

75.0

-10.0
-1.9

0.000
0.053

Dummy for hh employment

Unmatched
Matched

Mean of Treated Mean of Controls

