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1. Introduction

The paradigm of the representative agent, which assumes that a public policy has the
same impact on all treated individuals, has produced a vast array of empirical work that
focuses on mean treatment impacts (see the survey in Heckman, Lalonde, and Smith
2001). Theory, however, predicts treatment heterogeneity in the impact of training and
welfare programs on earnings and income (e.g., Bitler, Gelbach, and Hoynes, 2006).

Most of the existing literature on heterogeneous impacts is based on social
experiments carried out in developed countries. For instance, Heckman, Smith, and
Clemens (1997), find strong evidence that heterogeneity is an important feature of impact
distributions using experimental data from the National Job Training Partnership Act
Study (JTPA). Black, Smith, Berger, and Noel (2002) using experimental data from the
Kentucky WPRS program find that the estimated impact of treatment varies widely
across quantiles of the outcome distributions. Bitler, Gelbach, and Hoynes (2004, 2006)
find strong evidence against the common effect assumption using experimental data from
the Connecticut’s Job First Waiver program and Self-Sufficiency Project in Canada.

For developing countries, we have scant evidence about heterogeneity in program
evaluation. Djebbari and Smith (2005) and Dammert (2006) are, to the best of our
knowledge, the first studies that study heterogeneous impacts from conditional cash
transfer programs in Latin America. The authors find that program impacts on wealth and
nutrition are greater for households who were at the higher level of wealth and nutrition
prior to the program.

In this paper, we analyze whether the poorest among the poor benefit the same



from active labor market programs that targets disadvantaged youths in Peru. This
research question is particularly relevant in the Peruvian case where the training system
excels in reproducing initial poverty conditions among youngsters (Jaramillo et al. 2007,
Valdivia 1997). We use a non-experimental training program, the Youth Training
Program PROJOVEN, which has provided training to around 40,000 disadvantaged
young individuals aged 16 to 24 since 1996. The availability of data for five different
public calls in a program operating for almost a decade has created an extraordinary
opportunity to estimate the overall heterogeneity of program impacts across households’
relative wealth status.

To estimate heterogeneous treatment impacts across the wealth distribution, we
construct an index based on the household asset information that PROJOVEN collects in
order to assess eligibility of applicants. The basic methodology consists in approximating
socioeconomic level through a household’s asset index, which is based on principal
component analysis of a determined number of asset variables. The method used here
provides a simple technique for creating a long-run wealth proxy in the absence of either
income or expenditure data. It has been used in examining wealth differences in
socioeconomic outcomes such as education attainment (Filmer and Pritchett 2001),
mortality, morbidity and utilization of health facilities (Gwatkin, Rutstein, Johnson,
Pande, and Wagstaff 2000, Bonilla-Chacin and Hammer 1999), and fertility, and
contraceptive use (Stecklov, Bommier, and Boerma 1999). We report a large difference
in the mean values across quantiles in the estimated wealth index distribution. This result
suggests that the principal component method applied to the PROJOVEN data has the

ability to sort individuals into different percentiles of the population.



We have four main findings. First, we find strong evidence about the
effectiveness of the PROJOVEN program. We find large overall point estimates for
monthly earnings and relative small impacts for the employment outcome. The results are
particularly robust for females who show much higher treatment impacts than male
participants for both earnings and employment outcomes. Second, quantile treatment
effects (QTE) show strong heterogeneity in the impacts of the PROJOVEN program. In
fact, 30 percent of the participants in the program report identically zero treatment
effects, whereas those individuals between the 40 and 70 quantiles report the highest
treatment impacts. For quantiles 80 to 90, the treatment group earnings exceed the
comparison group earnings but they eventually become smaller.

Third, both parametric OLS models and semiparametric matching models do not
reject the null hypothesis that treatment does not vary with the individuals’ initial poverty
level. This is a steady result for all public calls and independent of whether we measure
the impacts 6 or 18 months after the program. Put differently, the PROJOVEN program
does not reproduce the large wealth gaps observed in the Peruvian labor market. Fourth,
there is evidence of Ashenfelter’s dip in this program. Parametric estimators that are
consistent when the model of program participation stipulates pre-program earnings dip
show that our results are robust to alternative identifying assumptions.

The remainder of the paper is organized as follows. In section 2 we briefly
discuss the institutional analysis of the PROJOVEN program. Section 3 provides an
overview of the program design and operation. We then present the evaluation data in

section 4. Section 5 presents the QTE treatment impacts. In section 6 we present the



principal component analysis of household’s wealth status. Our main results appear in

section 7. Section 8 concludes.

2. Institutional Analysis of PROJOVEN
2.1 Macroeconomic and Labor Market Context
The economic context in which the PROJOVEN program was conceived was one of a
vigorous economic recovery after the implementation of an aggressive stabilization —
structural reform agenda. Indeed, Peru in the early nineties was one of the countries that
moved faster in the direction of opening up the economy, eliminating price controls
(literally, overnight), and restricting the role of the State in the economy. At the same
time, fiscal and monetary policy reforms were implemented in order to restore basic
macroeconomic equilibrium and reduce inflation." After a period of adjustment-induced
recession, by 1993 the economy was growing and in the following two years it was
among the fastest growing economies in the region. The results of the 1995 election were
supposed to secure the continuation of reform, though history did not quite turn out this
way. In any case, thanks to the brisk recovery and an effective tax reform, by 1995 the
country’s fiscal position had improved dramatically and increasing resources were being
allocated to the social sector.

Employment growth followed growth in output, though not equitably for different
social or demographic groups. Specifically, both unemployment and underemployment

rates for youth more than doubled those for adult workers. Thus, this one group seemed

" A detailed account of policies during this period can be found in Jaramillo and Saavedra (2005).

% Note that Chile Joven was also implemented in a period where the economy was growing at high rates.
Indeed, as expressed by one of the professionals involved in the design of the Program, this was a pre-
condition for the Program to work, because if there is no demand for labor training may only lead to
frustration among trainees. This was also one lesson from the Chilean experience (Marin 2003).



to be in need of extra help in order to take advantage of the new economic environment.
In addition, individuals between 15 and 24 years old are a sizable part of total population,
slightly above 30 percent. Its participation in the labor force is also large, accounting for
more than one-fourth of it (see Appendix Table A.1).?

From 1992 to 1997, labor force participation (LFP) grew at a rate of 2.3 percent
per year. The labor market absorbed the increase in labor supply mainly trough job
creation. In effect, after 1992 labor demand took a growing pace with a strong increase in
the employment rate, which more than compensated the increase in the working-age
population; thus, the increase in LFP was absorbed by an increasing labor demand.

The financial market and trade liberalization contributed to reduce the relative
price of physical capital, and thus allowed firms to acquire new capital and hire high-
skilled workers, a complement factor in production. At the same time, the deregulation of
the labor market allowed firms to replace expensive older workers with more educated
younger workers willing to accept lower wages. However, as we will see below,
education quality is unequally distributed among youth, being the poorest in considerable
disadvantage. The PROJOVEN program precisely aimed to give extra support to poor
youth, so that they can improve their chances of benefiting from current labor market
trends.

After a sharp fall in the late eighties, between 1992 and 1997 real monthly
earnings grew at a 3.3 percent per year, along with the rise in GDP and labor demand.
Concurrently, the dispersion of real earnings was also increasing. In terms of relative

earnings, measured with respect to average earnings, by 1997 both women and younger

3 For detailed descriptions of the situation of youth in the labor and education markets see Saavedra and
Chacaltana, 2001; Arréspide and Egger, 2000.



men with more education improved their relative situation with respect to the period
1986-1989. At the same time, by 1997 older workers and specially men with low levels
of education experienced the bigger drop in their relative position compared to their
situation in 1986-89. These upward trends on relative earnings for women and skilled
workers can be explained by an increase in the relative demand biased towards women
and high-skilled workers, which more than compensated the increase on the relative
supply of these groups (Saavedra 1996a and 1996b, Diaz 1999). Given these trends,
pertinent training may increase youth income, in addition to increasing their chances of a
job placement. Below we test whether the PROJOVEN program managed to produce any
of these potential effects.

2.2 The Education and Training Sectors

The expansion of the educational system in the seventies and eighties did translate in
nineties youth having more years of education than previous generations. However, this
came with a declining trend in public education expenditure per-student and thus a drop
in the quality of education.” Further, according to ENAHO, in 1997 less than 10 percent
of youth coming from poor households had any formal education beyond secondary. The
education system was in a poor state and it seemed quite clear that it was not fulfilling its
role in preparing Peruvian youth for the realities of the labor market. Although youth
from poor households have access to training, they use it with less frequency than youth
from non-poor households and tend to attend less qualified institutions in the context of a
highly heterogeneous and largely unregulated training market (Jaramillo and Diaz 2007).
A significant effort in training was needed to support disadvantaged youth in making

room for them in an increasingly competitive labor market. Thus, two elements,

* In 1990 expenditure per student was half of that in 1970 (Saavedra et al. 1996).



considerable disadvantages for youth in insertion in the labor market and a poorly
performing system of basic education, provided the rationale for a broad-ranging training
program focused on the poor, such as PROJOVEN.

2.3 Youth and Poverty in Urban Peru

This section describes in broad strokes the poverty situation in urban Peru for both the
general population and, specifically, for youth. In addition to provide context on the
poverty situation in urban Peru, this descriptive analysis is useful for two main purposes.
First, being aware of youth relative poverty situation (relative to total population) is
essential to evaluate the appropriateness of the program, that is, if its focus on poor youth
is in accordance with the disadvantaged situation of this group. Second, specific analysis
of the situation of the urban youth in poverty, the target population of PROJOVEN
program, provides insights about inequalities within this group and therefore about
potential for heterogeneous impacts of PROJOVEN on their beneficiaries, which is the
central topic of this paper. Thus, below we explore education, labor market status and
labor income among poor urban youth.

As set out in Appendix Table A.1, total urban population of Peru is around 18
million people, of which a high 25% is between 16 and 24 years old. In the capital of the
country, Metropolitan Lima, this percentage is higher (31%), possibly reflecting its role
as a pole of attraction for young migrants.’ In all the urban areas, men and women are

fairly equally distributed within the young population.

> The most widely accepted classification of Peru’s geography identifies three regions: Coast, Highlands
and the Amazonic Region. Representative household survey data is available for these three regions, in
addition to Metropolitan Lima. PROJoven has provided vocational training to approximately 42,000
youngsters in ten major cities across the country: Trujillo, Chiclayo, Piura and Chimbote (Coast); Arequipa
and Huancayo (Highlands); Iquitos (Amazonic Region) and Lima and Callao (Metropolitan Lima).



An important aspect concerning training programs is the educational level of the
target population. This is summarized in Appendix Table A.2. It is remarkable the
relatively high educational attainment among urban youth: 97% has completed
elementary school, while 70% has finished secondary education and more than one fourth
has some kind of post secondary education. Among the latter, half of them have at least
some non-university tertiary education and the other half has some university education.
An interesting fact is the percentage of women with secondary and post secondary
education is higher, although only marginally so, than the percentage of men with such
educational level.

Though general educational attainment is relatively high, differences are
significant across the distribution of income. This can be gathered from a comparison
between the lowest and the highest income quintiles. As shown in Appendix Table A.3,
the percentage of youth with complete secondary education is 72% in Metropolitan Lima
and 60% in the urban area for youth belonging to the lowest income quintile, while it
reaches 90% for both areas for youth in the highest income quintile. Similarly, the
percentage of youth with post secondary education is 31% in Metropolitan Lima and 25%
in the urban area for the lowest income quintile while around 66% for both areas for the
highest income quintile. On the other hand, the gender inequality goes in the opposite
direction for each quintile. In the lowest income quintile, women have on average lower
educational levels, while the opposite occurs in the highest quintile, where the percentage
of women with complete secondary is twenty percentage points higher than that for men

and the percentage of women with post secondary education almost doubles that of men.



As a result, an interesting finding is that inequality between quintiles is much greater
among women that among men.

Labor market status of target age population is also a crucial aspect to consider for
training programs. In urban Peru, youth represents 23% of total labor force and its
activity rate is 45%. Appendix Table A.4 presents a comparison between youth and total
labor force. The activity rate of youth is about two-thirds that among total population, but
the gap is narrower among women. This has to do with the fact that younger cohorts of
women tend to participate more in the labor market. It stands out that the portion of labor
force currently (at the moment of the survey) with a job is significantly lower for youth,
in other words unemployment is more prevalent among youth. This fact supports the
focus of active labor market policies on this disadvantaged group. As far as the
distribution of occupation by gender, no significant differences are found between youth
and the labor force as a whole.

As far as indicators of welfare, the average levels of monthly expenditures and
income among Peruvian urban household are US$ 549 and US$ 641, respectively; while
in per capita terms, US$ 115 and US$ 134. There are clear differences between
Metropolitan Lima and total urban areas, the former showing higher levels of both
expenditure and income.

In order to have an idea of distributional inequality, we estimated the same
indicators for the lowest and the highest income quintiles (Appendix Table A.5). These
indicators reveal the high levels of inequality existent in urban Peru. The average

monthly expenditure (per household and per capita) is on average 8 times higher for the

% It must be pointed out that these data are in nominal terms. Since the cost of living is higher in Lima, the
actual difference between Lima and total urban area is not as large.



highest income quintile than for the lowest income quintile. On the income side, the
difference is even bigger, being the average monthly income 14 times higher for the
highest quintile than for the lowest quintile. It is important to notice that income
inequality is even greater in Metropolitan Lima, being on average 17 times higher for the
highest quintile than for the lowest quintile. Therefore, the capital of the country, the area
with higher income levels, has also the highest inequality levels.

The large income gaps hold for the young population as well. In Appendix Table
A.6, it can be seen that the average monthly labor income for the highest quintile is on
average 11 times higher than for the lowest income, individuals in the latter quintile
earning around US$ 30 per month.

Income distribution among the PROJOVEN’s target population, roughly the two
lowest income quintiles, constitutes relevant information for the present study, since
income heterogeneity is a potential source of heterogeneous effects. Appendix Table A.7
presents income distribution indicators for youth and households of the two lowest
income quintiles, which are useful to highlight the inequality both between these income
quintiles and within each of them. It must be pointed out that average labor income of
youth belonging to the second lowest income quintile is more than two times the income
of the most disadvantaged youth. Also, inside each income quintile significant inequality
also shows up. It must be noted that inequality is higher inside the lowest income
quintile, with a standard deviation representing around 40% of the mean, than inside the
second lowest income quintile, in which the standard deviation represents around 20% of
the mean. Income dispersion among households is similar to income dispersion among

youth.
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Income inequality typically goes together, to some extent, with health and
education inequality; and all three of them can potentially influence the benefit level
obtained from PROJOVEN program. This fact already suggests the idea of heterogeneity
in PROJOVEN’s impacts. On the other hand, the relationship between youth income and
household wealth has yet to be established. We do this below with data from
PROJOVEN.

In sum, this sub-section has described some relevant features of PROJOVEN’s
target population. Among youth, average educational attainment is relatively high, but
unequally distributed: poorer youth tend to have significantly lower educational levels.
As far as labor market status, close to half of the Peruvian urban youth are active and, as
it is typical in labor markets of both developed and non-developed economies, their
unemployment rates are systematically higher than for those in the total labor force.
Income levels are particularly low for those youth in the poorest quintile, but significant
variance is found both within and between the two lowest quintiles. This means that there
is vast room for active labor market policies targeted to this group, such as training
programs, oriented to increase the chances of job placement and to improve the earnings
of their beneficiaries. It also indicates that not all participants are on equal foot to take
advantage of PROJOVEN, suggesting potential for heterogeneous impacts of

PROJOVEN on their beneficiaries across the distribution of pre-treatment earnings.
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3. The PROJoven Program

3.1 Goals and Treatment

The Youth Training Program PROJOVEN is an ongoing active labor market policy that
seeks to improve the productivity and employability of disadvantaged youth through
labor training services. The PROJOVEN program was designed as a demand-driven
program, with public and private training institutions competing for public resources
through international bidding processes. Since its creation in 1996, and for almost a
decade, over 40,000 out-of-school unemployed poor individuals aged 16 to 24 years old
have been selected as beneficiaries of PROJOVEN, and a total of 542 training institutions
have participated, providing more than 2,160 vocational courses.’

The PROJOVEN program provides funding for basic training in low-skill
occupations. The treatment consists of a mix of formal and on-the-job training organized
into two sequential phases. The first consists of 300 hours of classes at the training center
locations roughly five hours per day for three months. The program covers the full cost of
the courses. In the second phase, training institutions must place trainees into a paid, on-
the-job training experience in private manufacturing firms for an additional period of
three months. In this phase, trainees are supposed to receive no less than the minimum
wage paid by the firm providing the internship.

To ensure the paid, on-the-job training experience, the program relies on a
demand-driven mechanism that stipulates that all training centers must present, as part of
their offers, formal agreements with private firms that guarantee a paid, on-the-job

training for each beneficiary. This design requires a strong match between the content of

7 General equilibrium effects for the PROJOVEN program are highly unlikely because the modest number
of trainees with respect to the Peruvian youth poor population (less than 1 percent in 10 years of operation).
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the training courses and the firm’s labor skill requirements. It supposes a strict
coordination between the training institutions and firms when designing and
implementing the training courses. As a result, the coverage of this training program is
limited because of its costly design and relatively intense package of services.

3.2 The Selection of Training Services

The selection of training services follows a two-step standardized process. The first step
focuses on the selection of training institutions. Before determining the eligibility of
prospective young beneficiaries, the program operator opens a training directory called
RECAP where all training institutions that want to participate in the program have to
enroll. To be part of the RECAP, the training centers must pass a minimum quality
threshold following standardized instruments that mostly evaluate the legal status
(formality) and the existence of some acceptable level of human resources and
infrastructure.

In the second step, the program operator invites institutions enrolled in the
RECAP to participate in public bidding processes where the selection of training courses
rather than training institutions takes place. The selection of the training courses relies on
bidding processes that targets the relatively best training courses at the best competing
prices. The program operator selects those courses with the relative highest scores at the
best competing prices. The number of selected courses depends on the available training
slots that are determined ex-ante.

3.3 The Beneficiary Selection Process
The beneficiaries’ selection process consists of multiple stages governed by different

actors: target individuals, bureaucrats, and training centers. Figure 1 shows the dynamic
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of this process. The program awareness strategy (position A) constitutes the first formal
effort to reach out to the target population and aims to inform potential participants about
the program’s benefits and rules. This first filter, under the responsibility of the program
operator through local training offices, focuses only on those neighborhoods with a high
concentration of households below the poverty line. Those prospective participants
attracted by the expected benefits and perceived opportunity costs of participation
voluntarily show up in the registration centers (position B) where qualified personnel
determine their eligibility status. A standardized targeting system based on five key
observable variables (poverty status, age, schooling, labor market status, and pre-
treatment earnings) determines who is eligible and who is not. The low percentage of
targeting errors shows the combination of self-targeting with individual assessment
through objective indicators has been quite effective.® This process concludes when the
total number of eligible individuals exceeds by around 90 percent the total number of
slots available in each public call on a first-come-first-served basis.

The eligibility status does not guarantee participation in the program. Program
enrollment depends on both training centers’ and applicants’ willingness to pursue the
application process to its conclusion. The program operator invites eligible individuals to
an orientation process (position C), where they choose the courses they want to attend on
a first-come-first-served basis. This process concludes when the number of eligible
individuals exceeds by 75 percent the number of available slots in each course. Finally,
the program operator sends to the training institutions this final pool of eligible applicants

(position D). This is the only step where training institutions intervene in the selection of

¥ Targeting errors have been documented to be below 10 percent (Arréspide and Egger 2000).
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participants. Because of the high dropout rate, as we will see below, on average the

training institutions have a limited role in selecting beneficiaries.

4. Dropping Out and Program Participation

About half of those youth eligible and registered to participate in PROJOVEN drop out
before being sent to a training institution (Table 1). This is large considering the rather
short period of time, two to three months, between registering and being assigned to a
course.” The existence of a database of eligibles where it is possible to identify
beneficiaries from non-beneficiaries provides an opportunity to study the choice between
participating and dropping out.

Conceptually, one would expect that those dropping out are the ones facing the
highest costs from participating. Costs of participating include the opportunity cost of
time, transportation, materials and other goods associated to attending the course.
Opportunity costs will be higher for those who have relatively more human capital
accumulated, those who already have a job or those who would have to travel longer
distances in order to reach the training institution. While human capital is probably
associated to the less poor among the poor, having a job is not necessarily. Transportation
costs will be more onerous for the poorer participants, both in absolute terms, because
they will tend to live in the more marginal urban areas, where training institutions
participating in PROJOVEN tend not to be located, and relatively, because they will

represent a larger portion of their household budgets. This is also the case for materials

? In the case of the widely studied JTPA program dropout rates were around 30 percent (Heckman Lalonde
and Smith 2001).
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and other goods participants will need to use to properly attend the course. This may
include from notebooks and pencils to proper shoes or shirt.

Thus, we may conclude two things from the previous discussion. First, we expect
that beneficiaries and dropouts will differ in several characteristics associated with the
individuals’ human capital and poverty status. Second, while dropping out may be
associated to greater human capital, it may also be positively correlated with the poverty
level of the youth and her household. Thus, the poorest among the poor may be self-
selecting themselves out of PROJOVEN.

In order to test these ideas we use the database on PROJOVEN’s eligibles. Table
1 compares the characteristics of eligible beneficiaries and eligible non-beneficiaries
(dropouts) for the different rounds for which data are available and for the pooled data.
Although differences are not large, we do find that beneficiaries differ from non-
beneficiaries in some dimensions.

Dropouts are on average older and a greater percentage of them are men for all
public calls considered, being the sixth call the only exception. Also, dropouts are on
average less educated than beneficiaries. For all public calls a smaller percentage of non-
beneficiaries have secondary education (incomplete or complete secondary), and for most
calls and the pooled data also a smaller percentage of them have tertiary education.
Evidence is not clear regarding to education level of the head of household. About labor
characteristics, we find for all public calls that a higher percentage of dropouts were
employed when registering for the program.

Table 1 also compares household assets for beneficiaries and non-beneficiaries.

The household assets refer to features of the dwelling: floor materials, ceiling materials
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and toilet characteristics. Regarding floor materials, results for first and sixth call suggest
that beneficiaries have floor of lower quality materials than non-beneficiaries. In contrast,
dropouts have ceiling of lower quality materials for all calls, except for second and the
sixth calls, and poorer toilet facilities for all calls, except for the first and second.

To identify which characteristics are associated with the decision to participate in
the program, a probit model was estimated, participation being the dependant variable
and the same variables presented in Table 1 the covariates. We use dwelling
characteristics as indicators of socioeconomic status. The base values for the dwelling
characteristics are the poorer ones. Table 2 sets out the results'’. Sex is a significant
predictor for all calls, being men more prone to drop out, as expected. Age is significant
for all calls, except the first and second and the results indicate an inverse relation
between age and participation. Schooling is also a significant predictor. Eligibles with
highest education level tend to participate in the program. This is a counterintuitive
result, as these youth has the highest opportunity cost. A possible explanation of this is
that we may be capturing here the effect of socioeconomic status, as lower educational
attainment is associated with greater poverty. Employment appears to be significant only
in the sixth and eighth call, being the employed eligibles, as expected, more prone to drop
out. Regarding dwelling characteristics, at least one of them suggests that lower socio-
economic status explains dropping out in all public calls except in the first, while the
eighth call, the one with more observations and with more covariates available, reports

most clearly the inverse relation between poverty and participation.'’

"' We do not estimate a probit model for the pooled data since the definitions of the covariate values are not
the same for each call.
"' We must point out that first call is the one with fewer observations and with fewer covariates available.
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In sum, results in this section suggest that a main determinant of participation in
the program is the socioeconomic status of the participant, as, among those that are
informed about the program and go through the registration process, it is the poorer who
tend to drop out. Thus, exclusion in this case works through self-selection out of the
program. Given the rules of the program concerning the number of slots available in the
program, the large proportion of dropouts allow us to rule out cream-skimming on the
average, though higher quality training institutions attracting a larger share of
beneficiaries may be in a position to exercise selection. Overall, this is important new
evidence that has not been considered in previous evaluations of PROJOVEN and that

needs to be taken into account when assessing the equity aspects of the intervention.

5. The Evaluation Data
From 1996 to 2004, the period for which we currently have data, the PROJOVEN
evaluation datasets consist of 10 different sub-samples associated with five different
cohorts of beneficiaries receiving treatment in Lima, and five corresponding comparison
group samples.'” The beneficiary subsamples are selected by the program operator from a
stratified random sample of the population of participants corresponding to the first,
second, fourth, sixth, and eighth rounds of the program."®

Individuals in the corresponding comparison subsamples are selected from a

random sample of “nearest-neighbor” households located in the same neighborhoods as

'2 These periods extend from November 1996 to April 1997; February 1998 to July 1998; March 1999 to
August 1999; June 2000 to December 2000; and August 2001 to January 2002, respectively. The program
operator constructs the baseline and follow-up datasets without any intervention from the training
institutions to guarantee a technical and objective evaluation of the program.

13 The total number of participants in these five rounds is 1,507, 1,812, 2,274, 2,583, and 3,114,
respectively. The corresponding number of treated individuals in the random sample is 299, 321, 343, 405,
and 421.
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those participants included in the evaluation sample aimed at reaching the same target
population. In particular, once the treatment group individuals are selected, a sample of
comparison group individuals is selected by a survey fielded in the same poor
neighborhoods where individuals from the treated group reside. The program operator
uses the same eligibility instruments applied to the treatment sample and by pairing each
beneficiary to a random neighbor who has the same sex, age, schooling, employment
status, and initial poverty condition. The neighborhood dimension may have the ability to
control some unobservables, including geographic segregation, transportation costs, and
firms’ location, which may affect the propensity to work and the potential outcomes.
This costly evaluation design greatly ameliorates support problems in the data as we see
later.

For each treated and untreated cohort combination, we have panel data collected
in 4 rounds including a baseline and 3 follow-up surveys taken 6, 12, and 18 months after
the program. The baseline survey provides rich information for all variables that define
the eligibility status applied to treatment and comparison group individuals at the same
calendar time. It also contains demographics and labor-market information. In fact,
relevant factors affecting both the propensity to participate in the program and labor
market outcomes are available. There is information, for example, on education
attainment, marital status, number of children, parents’ schooling, and participation in
welfare programs.

The labor-market module includes information about labor force participation,
experience, monthly earnings, working hours, occupation, firm’s size, and participation

in previous training courses. At the household level, we have information about family
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size, family income, and household’s density rate. In addition, the datasets provide
detailed information on dwelling characteristics including source of drinking water, toilet
facilities, and house infrastructure (type of materials used in the floor, ceiling, and walls),
which is used to build a wealth index. Moreover, the follow-up surveys provide detailed
labor-market information for both treated and comparison groups, using the same
definitions and variables as the baseline instruments, which minimize potential biases due
to misalignment in the measurement of variables, and thus, overcoming one of the main
criticisms when solving the evaluation problem with non-experimental data (Heckman,
Ichimura, Smith, and Todd 1998).
5.1 Comparison of Pre-Treatment Sample Means

Table 3 compares the baseline means of several covariates for the treatment and
comparison samples for each one of five different cohorts. Column 2 shows the means
using the pooled sample and columns 3 to 7 show the means for the five different rounds.
In terms of demographic and socioeconomic characteristics, Panel A shows the
effectiveness of the “neighborhood” strategy to balance the distribution of covariates that
determine the eligibility status. Both groups have the same average age (19), sex ratio (42
percent are males), and schooling attainment (85 percent have completed high school).
The p-values for all cohorts under analysis do not reject the null hypothesis of equality of
means. The data show, however, that both marital status and children variables have
different distributions. About 90 percent of the participants are single and only 14 percent
have children, which differ from the comparison sample, which has a lower proportion of
single people (77 percent) and a higher proportion of individuals with offspring (25

percent). Estimated p-values reject the null hypothesis of equality of means in all cases.
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Panel B compares labor market characteristics for treatment and comparison
samples. Both groups have the same proportion of individuals in and out of the labor
force. Approximately 52, 25, and 22 percent of individuals were employed, unemployed,
and out of the labor force, respectively. These non-significant differences are consistent
across all cohorts as is backed by the p-values. The type of work depicts a somewhat
different pattern. A higher proportion of comparison individuals were working in the
formal private sector (63 versus 54 percent) whereas a higher proportion of treated
individuals were non-paid family workers (17 versus 10 percent). A comparison of
monthly earnings also shows that treated units receive on average smaller earnings than
their counterpart comparison sample, which is a steady result across all public calls.

Panel C compares households and dwelling characteristics. On average family
income is somewhat smaller for treated individuals, although the p-values show mixed
results across different public calls. In addition, the analysis of dwelling characteristics
shows that a higher proportion of treated individuals live in houses with somewhat better
infrastructure and access to flush toilet and piped water. These differences, however, are
not significant for several cohorts. Finally, the father’s schooling attainment is similar in
both samples. The p-values do not reject the null hypothesis of equality of means for
most of the categories.

In summary, Table 3 show that the treatment and comparison group individuals
are similar in several dimensions, including sex, age, schooling, employment, father’s
education, previous training, and family size. This result reveals the efficacy of the
“nearest-neighbor” approach to construct the comparison sample because of the balance

of all variables that define eligibility status between treated and untreated groups. On the
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other hand, the data also reveal some significant differences in three key variables:
marital status, presence of children, and unpaid family workers. The proportion of no-
parent single individuals is much larger in the treatment group than in the comparison
group, which suggests that those eligible individuals that do not applied to the program
cannot afford the cost of losing current earnings because of their marital status. Similarly,
a large proportion of treated individuals worked as unpaid family workers or
housekeepers relative to the comparison group. These variables need to be incorporated

in any econometric strategy that intends to eliminate selection bias.

6. Heterogeneous Treatment Impacts in PROJOVEN
The impact of the PROJOVEN program on earnings and employment of beneficiaries has
been studied in partial evaluations of the program.' These studies focus on average
treatment impacts that assume that everyone benefits the same from the program. The
reported mean treatment impacts on monthly earnings range from 12 to 100 percent,
whereas the mean gains on the probability of employment is estimated between 0 and 15
percentage points. These “common effect” estimates emerge from different econometric
techniques and different parameters of interest, which prevents the comparison of the
point estimates across different calls."

To investigate whether the poorest among the poor benefit the same from the

program, we first study whether there is heterogeneity in the distribution of treatment

' These are: Galdo (1998) for the first public call; Burga (2001) for the second public call; Chacaltana
(2003) for the second and fourth public call; and Nopo, Saavedra, and Robles (2003) for the sixth public
call.

' For instance, Nopo, Saavedra, and Robles (2002) implement nearest-neighbor matching and difference-
in-differences parametric estimators, whereas Burga (2001) uses kernel regression matching.
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impacts in the PROJOVEN program using quantile regression (Koenker and Bassett
1978).
6.1 Quantile Treatment Effects (QTE)
The quantile regression has been used to address heterogeneous treatment impacts in the
context of training programs (Heckman, Smith, and Clements 1997, Abadie, Angrist, and
Imbens 2002, and Friedlander and Robins 1997); welfare reform programs (Bitler,
Gelbach, and Hoynes 2004a, 2004b); conditional cash transfer programs (Djebbari and
Smith 2005, Dammert 2006); and profiling unemployment insurance programs (Black et
al. 2003). The appeal for this semiparametric approach relies on its flexibility to
accommodate observed and unobserved heterogeneity (Djebbari and Smith 2005) and on
the evidence that intra-group variation in quantile treatment effects greatly exceeds the
inter-group variation in mean impacts (Bitler et al. 2004a).

This technique provides a convenient framework for examining how the impact
varies at different quantiles of the untreated outcome distribution. Let Y; and Y, denote
the outcome of interest in the treated and untreated states with corresponding CDF's

F(y)=Pr[Y, < y] and F,(y)=Pr[Y, < y]. Denote the gth quantiles of each distribution

yi=inf{y:F,(y)2q},j=0,1. Thus, we can define the quantile treatment effect as

e i % The identification follows from assuming perfect positive dependence
(rank invariance), which implies that an observed individual would maintain his rank in
the distribution regardless of his or her treatment status (Heckman et al. 1997).

In order to analyze distribution aspects of the PROJOVEN program impact, I use

quantile regression of Y (monthly earnings) on an intercept and a discrete variable T

' For instance, estimating the quantile treatment effect at the 0.50 quantile involves taking the sample
median for the treatment group and subtracting the sample median for the control group.
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indicating whether the observation belongs to the treatment or comparison group. The
impact estimate for a given quantile ¢ distribution is the coefficient on the treatment
indicator from the corresponding quantile regression. Under the null hypothesis of a
common effect, these impact estimates should not vary over quantiles. To address the
non-experimental nature of our data, we use the inverse propensity score-weighting
(Bitler et al. 2004). This procedure corrects for bias in estimating quantiles of the
counterfactual treated and control distributions, with the simple differences of sample
adjusted quantiles then serving as consistent estimates of the population (see a formal
proof in Firpo 2003).

To implement the weighting approach we estimate the propensity score that
predicts the probability that the individual i is in the treatment group conditional on a rich

set of baseline covariates, P(T =1| X =x). We estimate a logit model subject to the

balancing test suggested by Dehejia and Wahba (1999). Parametric propensity score
models that pass standard balancing tests are regarded as valid because they balance the
distribution of pre-treatment covariates between matched units conditional on the
propensity score (Lechner 2000)."” The set of conditioning covariates include common
demographic variables (sex, age, schooling, marital status, and number of children); labor
market outcomes (past monthly earnings, employment status, type of work, previous
training courses, duration of previous training); household characteristics (number of
members, members / number of rooms, running water, drainage system, dwelling’s

quality materials); and father’s educational attainment.

't is important to indicate, however, that multiple versions of the balancing test exist in the literature, and
little is know about their statistical properties or the relative efficiency among them.
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Table 4 reports the coefficients and standard errors for logit models estimated
separately for each public call. As expected, the covariates used to construct the
comparison samples (age, sex, schooling, and employment status) are not significant
predictors for program participation as they are balanced between treatment and
comparison groups. In general, past earnings, experience, type of work, dwelling
characteristics, father’s education, and family density rate are the most important
predictors of participation in the PROJOVEN program. The estimates also show that
married individuals and people with offspring are less likely to participate, although the
coefficients are not significant for some public calls.

Denoting the estimated propensity score for person i as p,(x), we define the
inverse propensity score-weighting as,

h®
= AN 1
Y M

which are used to estimate the effects of treatment on the treated (Imbens 2004).18 Under

this approach the weighted empirical CDFs for Y; and Y) is given by

. 1/ " WY < . 1/ " WI(Y, <
F(y)=( n1)zi=lwz(1 ») and E)(y)=( nO)Z,-:le Y, <)

l an i BT
w; E w.
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where n; and n, are the number of treated and comparison observations and /(.) is an

)

indicator variable.
6.2 QTE Estimates for Monthly Earnings
Figure 2 plots the quantiles treatment impacts for monthly earnings 6, 12, and 18 months

after the program and for each public call separately. The associated dotted lines

'8 Alternative, Bitler et al. (2004) estimate 1, = L, =T {5 uncover treatment effects for the entire

p(x) 1= p,(x)

population.
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represent two-sided 90 percent confidence intervals. Overall, we find large and positive
treatment impacts for earnings in all public calls and periods of time. The estimates
depict large degree of treatment heterogeneity. For instance, 6 months after the program
the QTE impacts range between [-S.17, S.172], [S.0, S.107], [S.0, S.185], [S.0, S.158],
and [S.0, S.218] for the 1%, 2™, 4™ 6™ and 8" public call, respectively.

These point estimates show clearly that not everyone benefits the same from the
PROJOVEN program. In fact, participants in the first 30 quantiles of pre-treatment
earnings report identically zero treatment effects, whereas those individuals between the
40 and 70 quantiles report the highest treatment impacts. For quantiles 80 to 90, the
treatment group earnings exceed the comparison group earnings but they eventually
become smaller. This particular QTE earnings distribution is steady across all public calls
and, with the exception of the 1% public call; there is no evidence that suggest the
treatment heterogeneity decreases (increases) over time. These findings suggest that
households with lowest pre-treatment earnings do not benefit at all from the program.

Unlike welfare reform programs in which QTE heterogeneity is broadly
consistent with static labor supply theory (Bitler et al. 2004), the identification of the
source of QTE heterogeneity for the training treatment impacts is not direct. To test
whether the individuals’ wealth status explains this heterogeneity, we need to incorporate
explicitly in our econometric analysis measures of wealth under the assumption that the

initial wealth condition varies across individuals in the data.
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7. Measuring Household’s Wealth

To investigate the role of household economic status on PROJOVEN’s heterogeneous
treatment impacts, socioeconomic level data of beneficiaries is needed. Because
household income or expenditure data are not readily available for treatment and
comparison group individuals, we construct an asset index based on household asset
information that PROJoven collects to assess eligibility of applicants. This method has
been used in examining wealth differences in socioeconomic outcomes such as education
attainment (Filmer and Pritchett 2001), mortality, morbidity and utilization of health
facilities (Gwatkin, Rutstein, Johnson, Pande, and Wagstaff 2000, Bonilla-Chacin and
Hammer 1999), and fertility, and contraceptive use (Stecklov, Bommier, and Boerma
1999).

In contrast to expenditure data that is highly variable and sensitive to transitory
fluctuations (Jalan and Ravallion 1998), the asset index is more stable (Fields 1998 and
Skoufias 1999) and contains less measurement error (Filmer and Pritchett 2001) when
predicting household’s economic status. Two additional features are noteworthy. First, by
aggregating household assets, the index represents a proxy for long-run economic status
rather than a measure either of current welfare or of poverty. In fact, we are only
establishing a relative measure -households’ ranking within the distribution- which in the
context of our empirical problem makes sense since all treated and comparison
individuals are by definition below the poverty line.

Second, the weight each asset receives in the construction of the index is not
grounded theoretically. Thus, it is recommendable to perform empirical validation

exercises to establish the robustness (internal validity) of the index. Evidence for India
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suggests that this approach is a robust valid measure of household wealth (Filmer and
Pritchett 2001, Gwatkin et al. 2000), and comparable to the results emerging from
consumption expenditures in a sample of nineteen countries (Wagstaff and Watanabe
2003).

7.1 Constructing the Wealth Index

From January 1996 to October 2004, the period for which we currently have data, the
evaluation datasets cover about 3,500 treated and untreated poor individuals
corresponding to the first, second, fourth, sixth, and eight rounds of the PROJOVEN
program. The baseline surveys include information on 21 poverty indicators that can be
grouped in four types: characteristics of the household’s dwelling (6 indicators for the
building materials used, 2 indicators for toilet facilities, 2 indicators for the source of
drinking water, 2 indicators about rooms in the dwelling); household landownership, with
2 indicators; household’s participation in welfare programs; and parent’s education
attainment. "

To aggregate this various asset indicators into one variable to proxy for household
wealth, we use the statistical procedure of principal components that determine the
weights for asset variable. This simple technique essentially consolidates the data around
the covariance structure of the variables under the assumption, in this particular context,
that household’s long-run wealth explains the maximum variance-covariance in the
wealth variables. Intuitively, it extracts from a set of variables those few orthogonal
linear combinations of all the variables that capture the largest amount of information that

is common to all of the variables (maximum variance). Then, it finds the second linear

' 1t is noteworthy to mention that there is no restriction on participation in any welfare program for those
prospective applicants to the PROJOVEN program.

28



combination for the variables, orthogonal to the first, with maximum remaining variance,
and so on. The first linear combination is called the first principal component of the set of
variables.

The mathematical steps to perform the principal component analysis are detailed
in Smith (2002) and Pande and Yazbeck (2002). Suppose we have a set of k variables
(assets) associated to each individual i, Xy, ..., xz. After normalizing the variables by its
mean and standard deviation, we express each scaled variable as a linear combination of

a set of underlying components for each individual i,

..... 3)

where v are the coefficients associated to the unobserved X components for each variable.
To solve this system of equations, the Principal Component technique solve the equations

(R-A1)v, =0 for 4, and v,, where R is the covariance matrix between the variables x,
A, are the eigenvalues of R and v, their associated eigenvectors. Finally, the weights or

“scoring factors”, wy, are recovered by inverting the system implied by Equation (3),
which yield a set of estimates for each of the & principal components,

WX,

..... “4)

Once the asset index is obtained for each individual in the dataset, the individuals
are ranked by their asset index score and divided into quintiles. Table 5 reports the
weighs (or scoring factors) from the principal component analysis implemented

separately for each round of the program. The mean of the index is 0 for all rounds with
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standard deviation in the range 1.46 to 1.93. Because the index ranks the households
within each distribution, the weights differ from round to round although we observe
similar patterns (signs) for all variables. In general, the characteristics of the household’s
dwelling receive the highest weights across all rounds. Because all the variables (except
household members / rooms in the household) are categorical ones, it is easy to interpret
the weights: a move from 0 to 1 changes the index by a factor equal to weight / standard
deviation (reported in columns 3, 6, 9, 12, and 15). For instance, Column 3 shows that a
treated or comparison individual that lives in a household with flush toilet has a wealth
index higher by 1.005 than one who does not. Similarly, Column 6 shows that individuals
living in households with low-quality walls (matting) have a wealth index lower by -0.89
than those who do not.

The last three rows of Table 5 report the mean wealth index for three different
groups of individuals that according to the value of their index are assigned to the bottom
quartile (“poorest”), second and third quartile (“poor”), and upper quartile (“less poor”).
The difference in the mean index between the “poorest” and “less poor” individuals is
remarkable: 3.99, 4.79, 3.97, 3.80, and 3.84 units for the first, second, fourth, sixth, and
eight round, respectively. Moreover, the difference in the mean index between the
“poorest” and “poor” individuals reaches 2.18, 3.77, 2.44, 2.23, and 2.03 units,
respectively. These results suggest that the principal component method applied to the
PROJOVEN data has the ability to sort individuals into different percentiles of the

population.
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7.2 Robustness Test

To evaluate the internal validity of the wealth index we investigate the mean distribution
of the asset variables across the different percentiles of the PROJOVEN population. We
expect that the “poorest” group individuals have the lowest level of asset ownership
whereas the “less poor” group individuals present the highest level.

Table 6 reports the average asset ownership across the bottom (25 percent),
middle (50 percent), and upper (75 percent) quartiles for all public calls of the
PROJOVEN program. We find, as expected, that the asset ownership differ consistently
across these groups of individuals in all rounds of the program. By looking at the first
three columns, we observe for instance that whereas only the 3.3 percent of the “poorest”
individuals have access to potable water, this percentage increases to 68 percent for the
“poor” individuals and to 97 percent to the “less poor” individuals. Likewise, the house
ownership increases from 36 percent (“poorest”) to 85 percent (“poor’”) and 99 percent
(“less poor”) in the second round of the program. Also, 62 percent of the “poorest”
individuals in the fourth round of the program live in houses with low-quality walls
(matting) versus 22 percent for the “poor” individuals and 0 percent for the “less poor”

individuals.

8. Treatment Impacts across Wealth Status
In this section we explore the heterogeneity of the impacts as a function of the estimated
wealth index. It considers variation in treatment impacts through the interaction of the

treatment indicator with the estimated long-run wealth status. If the PROJOVEN
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targeting mechanism is effective, one expect the poorest individuals will benefit the most

from the program.

Let ¥,(q) be the potential outcome in the treatment state (7' =1) for an individual
who is in the wealth quantile ¢ and let ¥,(g) be the potential outcome in the untreated
state (7'=0). We observe the pairs (¥,(¢),7;) and (Y,(q),7;) but never (Y,(¢),T,)or
(Y,(¢),T,) . Because of this missing data problem, we cannot identify for any particular
individual the treatment gains A, =(Y,(¢)—Y,(q)). We focus, instead, on the average

treatment impacts for subgroups of the population defined by the wealth index.
Our parameter of interest is the impact of treatment on the treated, which
estimates the mean effect of attending training course rather than not participating on the

individuals who attend the course:

A =EX (@) -Y(DIT=D)=EX(9|T=D)-EX(q)|T=1). &)
While E(Y,(q)|T =1) may be estimated from the observed treatment sample, the right-
hand side of the equation (5) contains the missing data E(Y,(q)|7 =1). Using the

outcomes of untreated individuals to approximate the missing counterfactual yield the
well-known selection bias because of differences in the distribution of observed and
unobserved characteristics between 7=/ and 7=0.

Because program participation in PROJOVEN depend on both observed and
unobserved characteristics which leads to self-selection, we can proceed under the
assumption that the distribution of systematic and unobserved differences varies across
T=1 and 7=0 but not over time within groups, which is the standard assumption of

difference-in-differences models. This approach, however, may be sensitive to the
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specific definition of the ‘before” period if we observe a drop in the mean earnings of
participants prior to program entry (Ashenfelter 1978).

Figure 3 depicts the earnings trajectory for the treatment and comparison groups
for the 4™, 6™, and 8" public calls. The evidence suggests the existence of Ashenfelter’s
Dip in the PROJOVEN program that may upward bias the conventional parametric
difference-in-difference estimates. Instead, we use an alternative econometric estimator
that is consistent when the model of program participation stipulates pre-program
earnings dip. This is the so-called semi difference-in-differences model (LaLonde 1986).
We use a regression-based estimator of the difference between the post-treatment
earnings of treatment and comparison group members, holding constant the level of pre-
treatment earnings and a set of control variables.

We compare treatment and comparison individuals through a linear regression of
the outcome variables Y (i.e., monthly earnings and employment) on the treatment status
(T) and interactions between 7 and dummy variables indicating whether the individual i
is in the upper, middle, or bottom quartile of the wealth index distribution,

Yy =0, +OW,+ W, + BT+ BT *W,, + BT, *W,, +yyat X, ate, (6)

The individuals in the “poorest” group (W) are the omitted group and, therefore, the
implicit counterfactual. The interaction terms are expected to be positive if individuals
from “less poor” households (W, and W,) benefit more from the program than individuals
living in the “poorest” households (/). Equation (6) also controls for other baseline
household and individual characteristics (X) to account for empirical differences in the
covariate distribution between treatment and comparison groups. The X-vector includes

sex, age, schooling, marital status, offspring, and pre-treatment participation in training
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courses. This parametric approach estimates the effect of a treatment under the
assumptions of selection on observables and that simply conditioning linearly on the
covariates suffices to eliminate selection bias.

We test whether the program impact along the wealth index is the same for all
individuals by testing the following hypothesis

Ho:p =p,=0.
Rejecting this null hypothesis is evidence of heterogeneous program impacts emerging
from differences in individuals’ wealth status.
8.1 Parametric Estimates
Tables 7 and 8 report the estimation results for monthly earnings and employment
outcomes 6, 12, and 18 months after the program. We do not reject the null hypothesis
that treatment does not vary with the individuals’ initial poverty level. This is a stable
result for all public calls and independent of whether we measure the impacts 6, 12 or 18
months after the program. This result suggests that the strong treatment heterogeneity
emerging from the QTE approach is not due to the variation in the initial poverty level of
the beneficiaries. These parametric estimates also confirm that the PROJOVEN program
has strong positive impacts on the monthly earnings of beneficiaries although they
decrease somewhat over time. On the contrary, the average impacts on the employment
variable are small and even negative for the second call (6 and 18 months after the
program), fourth call (12 months after the program), and sixth call (12 months after the
program).

The interaction of the treatment variable with a gender indicator report

statistically significant varying effects for males and females. Hence, we re-do the
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parametric wealth analysis separately for males and females after pooling the data across
all public calls to avoid large sampling variability due to small sample sizes. Two
patterns emerge from Table 9. First, the earnings and employment treatment estimates are
larger for females rather than males. This result suggests that the positive treatment
impacts found in the PROJOVEN program is driven by the performance of female
beneficiaries. In particular, the differences found in the employment variable are striking.
Second, we do not reject again the null hypothesis that treatment does not vary with the
individuals’ initial poverty level for both males and females. This is a consistent result in
the short- and medium-term. The p-values in all cases are above 0.10. It is noteworthy,
however, the sign of the interaction terms for males (mostly negative) and females
(mostly positive), which suggest that the “poorest” males and the “less poor” females
benefit more from the program.
8.2 Matching Treatment Impacts across Wealth Status
We exploit the panel structure of the evaluation data by implementing both difference-in-
difference and cross-section propensity score matching methods. In general, propensity
score matching methods are better equipped to deal with the pre-treatment earnings dip
after forcing one to compare individuals with the same pre-treatment observable
characteristics. This approach also allow us to relax any linear assumption that may mask
the earnings-wealth relationship by taking weighted averages over the outcomes of
observationally similar untreated individuals.

Difference-in-differences matching methods (Heckman et al. 1997) are
conditional semiparametric versions of the widely used parametric approach. This

method solves the evaluation problem by subtracting the before-after change in untreated
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outcomes from the before-after change for treatment outcomes. The identifying
assumption justifying this matching estimator is that there exists a set of conditioning
variables X such that
E(Y, (9) - Y, ()| X, T =1)= E(Y,,(¢9) - Y, (¢) | X, T =0). (7)

where ¢’ and ¢ refer to before and after the start of the program. This conditional
independence assumption (CIA) ensures that after conditioning on a rich set of
observable variables, the outcomes for treated and untreated individuals follow a parallel
path.

Matching methods force us to compare comparable individuals by relying on the
common support assumption

Pr(T=1|X) <1 forall X. (8)

The support condition ensures that for each X satisfying assumption (7) there is a positive
probability of finding a match for each treatment individual. Otherwise, if there are X for
which everyone received treatment, then it is not possible for matching to construct the
counterfactual outcomes for these individuals. In this sense, matching forces us to
compare comparable individuals in a way that standard regression methods do not.

Under conditions (7) and (8), we estimate the treatment impacts by computing
first the counterfactual outcome for each treatment unit using a weighted average of the
comparison units’ outcomes over the common support region, and then averaging these

results over the treatment group sample

7’11 iem NS, JjenynSs,

ar =Ly {Wq)—n,(qn—{ > W(Dz'—ju)m,(m—n,,(q)]}}. ©)

36



where n and n, are the sample of treatment and comparison individuals, S, is an

indicator function that takes the value 1 for individuals in the common support region (0

otherwise) and W (i— j[J) is the key weighting function that depends on the Euclidian

distance between each comparison group individual and the treatment group individual

for which the counterfactual is being constructed. We estimate the counterfactual

outcome ZW(I] i, jO[Y,,(q¢)—Y,,(q)] using local linear regression methods that were

developed in the early 1990s by Fan (1992) and have more recently been considered in
the evaluation literature by Heckman, Ichimura, Smith, and Todd (1998). This
nonparametric approach relies on standard kernel weighting functions that assign greater

weight to individuals who are similar (in terms of the estimated propensity score p ), and

is more efficient than local constant regression methods because of its lower boundary
bias in regions of sparse data.*’

The price to be paid for the greater flexibility of local linear matching is the
selection of the bandwidth parameter that achieves the best possible trade-off between
bias and variance (Imbens 2004). We choose the bandwidth /% to minimize the
approximation to the MISE (of the estimated counterfactual mean regression function)

associated with a particular bandwidth given by

MISE(%) = arg mln[ii((YO]t - Y()jr') - I/h_/(i)(xj )’h))zj . (10)

h no j=1
where m_;(p(x;),h) denotes the estimated conditional mean function for the untreated

outcome evaluated at p(x;) using all of the untreated units except unit *;”. The benefit

*The local constant regression presents bias inversely proportional to the density distribution of the
untreated sample. This feature may be problematic because typically the mass of the treated individuals is
located in regions where the number of untreated ones is sparse.
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of this cross-validation approach comes from using out-of-sample forecasts rather than
in-sample fit to guide the bandwidth choice. This approach implicitly weights the MISE
calculation by the distribution of estimated propensity scores in the untreated sample.
Operationally, this approach proceeds via a grid search over a set of candidate
bandwidths specified in advance.”’

8.3 Matching Estimates

Tables 10 and 11 present difference-in-difference (DID) and cross-section (CS) matching
estimates for monthly earnings and employment outcomes reported separately for each
public call. In our estimation we only include the observations inside the overlapping
empirical support region. To impose the support condition we follow the “trimming”
procedure proposed by Heckman et al. (1997).

The upper panel (A) depicts short-run treatment impacts whereas the lower
panels (B and C) present medium-term impacts. Within each panel, three different
parameters of interest are presented: the average treatment effect on those located on the
top quantile of the wealth index (“less poor”), the average treatment effect on those
located in the second and third quantile (“poor”), and the average treatment effect on
those located in the bottom quantile (“poorest”). In all cases, we estimate the
counterfactuals using the full set of comparison group observations. The point estimates
for the treatment impacts are presented along with their corresponding bootstrapped
standard errors estimated with 200 replications.

Four patterns emerge. First, all matching estimates show the PROJOVEN
program is an effective, active labor-market initiative. For instance, 6 months after the

program the earnings treatment impacts on the treated ranges from S.27 to S.107 soles for

*! The grid for the bandwidth search equals [0.05, 0.10,..., 2].
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individuals located on the top quantile of the wealth index and from S.44 to S.104 soles
for individuals located in the bottom quantile of the poverty distribution. The
employment effects are also positive for most public calls although small relative to
earnings impacts.

Second, there is no evidence that link in any systematic way households’ wealth
status to the size of the treatment impacts. In fact, the matching estimates reinforce the
OLS findings regarding the no rejection of the null hypothesis that treatment does not
vary with the individuals’ initial poverty level. In this aspect, the PROJOVEN program is
very effective in not reproducing commonly observed wealth gaps on labor outcomes in
the Peruvian labor market.

Third, the cross-section matching estimates are lower than the difference-in-
difference estimates. This is explained by the existence of Ashenfelter’s dip in the
PROJOVEN data although these differences are modest. Finally, in almost all public calls
the point estimates also indicate a downward trend in the evolution of the earning gains
over time, which is consistent with theoretical predictions emerging from human capital
models (Becker, 1993).

Table 12 reports matching estimates for males and females separately using the
pooled data. The qualitative conclusions are similar to those emerging from the OLS
estimation. In particular, females show much higher treatment impacts than males in both
the short- and medium-term. In addition, we do not find any systematic relationship
between treatment impacts and pre-treatment household’ wealth status for neither of

these two groups.
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9. Summary of Findings and Policy Discussion
The following are the main findings in the analysis:

1. The large proportion of dropouts allows us to explore the determinants of
participation in the program among eligible individuals. An important determinant of
participation in the program is the socioeconomic status of the participant: poorer eligible
youth tend to drop out. Thus, exclusion in this case works through self-selection out of
the program. Given the rules of the program concerning the number of slots available in
the program, the large proportion of dropouts allow us to rule out cream-skimming on the
average, though higher quality training institutions attracting a larger share of
beneficiaries may be in a position to exercise selection.

2. The data reveal the effectiveness of the “neighborhood” strategy to balance the
distribution of covariates that determine the eligibility status. Both groups have the same
average age (19), sex ratio (42 percent are males), and schooling attainment (85 percent
have completed high school). The p-values for all cohorts under analysis do not reject the
null hypothesis of equality of means. On the other hand, the data also reveal some
significant differences in three key variables: marital status, presence of children, and
unpaid family workers. The proportion of single individuals is much larger in the
treatment group than in the comparison group, which suggests that those eligible
individuals that did not apply to the program cannot afford the cost of losing current
earnings because of their marital status. Similarly, a large proportion of treated
individuals worked as unpaid family workers or housekeepers relative to the comparison
group. These variables need to be incorporated in any econometric strategy that intends to

eliminate selection bias.
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3. The quantile treatment effects (QTE) show strong heterogeneous impacts in the
PROJOVEN program. In fact, the first 30 pre-treatment earnings quantiles of the
participants in the program report identically zero treatment effects, whereas those
individuals between the 40 and 70 quantiles report the highest treatment impacts. For
quantiles 80 to 90, the treatment group earnings exceed the comparison group earnings
but they eventually become smaller. These findings suggest that households with lowest
pre-treatment earnings do not benefit at all from the program. Unlike welfare reform
programs in which QTE heterogeneity is broadly consistent with static labor supply
theory (Bitler et al. 2004), the identification of the source of QTE heterogeneity for the
training treatment impacts is not straightforward. To test whether the individuals’ wealth
status explains this heterogeneity, we need to incorporate explicitly in our econometric
analysis measures of wealth under the assumption that exist variation in the wealth status
across individuals in the data.

4. The difference in the mean wealth index between the “poorest” and “less poor”
individuals is remarkable: 3.99, 4.79, 3.97, 3.80, and 3.84 units for the first, second,
fourth, sixth, and eight round, respectively. Moreover, the difference in the mean wealth
index between the “poorest” and “poor” individuals reaches 2.18, 3.77, 2.44, 2.23, and
2.03 units, respectively. These results suggest that the principal component method
applied to the PROJOVEN data has the ability to sort individuals into different wealth
percentiles of the population.

5. The evidence suggests the existence of Ashenfelter’s Dip in the PROJOVEN

program that may upward bias the difference-in-difference estimates.
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6. Both parametric OLS models and semiparametric matching models do not
reject the null hypothesis that treatment does not vary with the individuals’ initial poverty
level. This is a steady result for all public calls and independent of whether we measure
the impacts 6 or 18 months after the program. This result suggests that the strong
treatment heterogeneity emerging from the QTE approach is not due to the variation in
the initial poverty level of the beneficiaries. Put differently, the PROJOVEN program
does not reproduce the wealth gaps observed in the Peruvian labor market.

7. The earnings treatment impacts are relatively higher than the employment
treatment impacts for most public calls and rounds of the program. In addition, these
treatment estimates for both earnings and employment decrease over time.

8. The interaction of the treatment variable with a gender indicator report
statistically significant varying effects for males and females: the earnings and
employment treatment estimates are larger for females rather than males. This result
suggests that the positive treatment impacts found in the PROJOVEN program is driven
by the performance of female beneficiaries.

Policy discussion

The Youth Training Program PROJOVEN corresponds to a new array of demand- driven
training programs implemented in Latin America in the mid-1990s in the midst of
structural reforms in the labor markets. Similar programs have been implemented in
Argentina (Proyecto Joven), Chile (Chile Joven), Uruguay (Opcion Joven), and Colombia
(Youth Training Program). Therefore, our findings about the effectiveness of this
particular program exceed the evaluation of the Peruvian labor market. This “last

generation” of active labor market policies is based on market-based approaches where

42



public resources are assigned to training institutions via public bidding processes. In this
context, knowing whether this program produces the desired impacts or not constitutes a
test about the effectiveness of market-based approaches to improve the employability and
productivity of disadvantaged individuals.

Several of the findings presented in this report are of interest to policy makers.
First, policy makers interested in enhancing equity aspects of social programs should be
interested in the process of participation. While targeting and self-selection may ensure
that non-poor do not participate in programs intended for the poor, they do not ensure that
the poorest among the poor participate. The evidence from PROJOVEN suggests that
some effort should be invested in the latter direction as well, since self-selection out of
the program by the poorer has been shown to be an issue. Identification of the factors that
prevent the poorer from participating would be an important step in order to establish
strategies that are effective in incorporating them. We suggest that it may be both
opportunity costs, be it through employment or doing chores around the household, or
direct costs of participating (transportation, clothing, materials, etc.), but lack the
empirical evidence to back up these suspicions.

Second, regarding the impact of the program, overall results indicate that
PROJOVEN’s design is not only an effective mechanism to enhance employability of
youth from poor households that participate in the program, but it is also equity
enhancing among them as the evidence indicates similar returns for participants along
varying poverty levels. This result is likely related to the demand-driven mechanism,
which is a central feature of the program, and which conditions part of the payoff to

training institutes to placing the youth in a private firm for a minimum of three months.
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This conditioning on training institutes motivates them to produce course contents more
adequate to what firms are expecting from young workers. Although our evidence
indicates that there is little space for average cream-skimming, this is associated with the
large proportion of dropouts. Thus, countries or sub-national governments looking to
incorporate training as part of their policies to support the poor would do good in looking
at PROJOVEN’s design.

Third, impacts are largest for women, which suggests that interventions such as
PROJOVEN are relevant options for policy makers interested in reducing labor market
gender gaps. This is possibly associated with the fact that because of discrimination and
other factors women face greater difficulties in getting access to proper employment.
Within this context, exposing the participant to a package of basic training and a practical
experience in the firm seems to go a long way towards changing the labor market
prospects of the young women participating in the program. It should be noted that
PROJOVEN’s design includes a stipend for single mothers to cover costs of childcare.
This information may also be important for the discussion of which groups should this
type of policy target in the context of tight public budgets.

Fourth, PROJOVEN seems better fit to improve earnings of participants than
changing their employment status, as impacts on earnings are fairly consistently higher
than on employment. This result suggests that it is harder to produce changes in
employment status than in earnings. In other words, while the training dose seems
adequate to produce changes in earnings it does not seem to work the same for
employment. Thus, if the goal of the government is to improve employment opportunities

of those youth who do not have a job, policy makers should consider alternative
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treatments. Short of starting a different program, it may be a good idea to experiment
with a training module within the PROJOVEN setting specifically oriented to this goal.
Finally, an also relevant policy issue concerns the sustainability of treatment
impacts. Our evidence shows that PROJOVEN impacts tend to decline, but remain
positive up to eighteenth months after treatment. These estimates should be compared to

the program’s cost to have a reliable cost- benefit analysis.

45



References

Arrdspide, M. and P. Egger. 2000 “Capacitacion Laboral y Empleo de Jovenes en el
Perti: La Experiencia del Programa PROJoven.” OIT, Oficina de Area y Equipo
Técnico Multidisciplinario para los Paises Andinos. Documento de Trabajo 126

Ashenfelter, O. 1978. “Estimating the Effect of Training on Earnings.” Review of
Economics and Statistics 60: 47-57.

Behrman, J., Y. Cheng, and P. Todd. 2004. “Evaluating Pre-School Programs when
Length of Exposure to the Program Varies: A Nonparametric Approach.” Review
of Economics and Statistics 86(1): 108-132.

Bitler, M., J. Gelbach, and H. Hoynes. 2003. “What Mean Impacts Miss: Distributional
Effects of Welfare Reform Experiments.” Cambridge, Mass.: National Bureau of
Educational Research (NBER) Working Paper 10121.

Bitler, Marianne, Jonah Gelbach, and Hilary W. Hoynes. 2004. Distributional Impacts of
the Self-Sufficiency Project. Mimeo.

Bitler, Marianne, Jonah Gelbach, and Hilary W. Hoynes. 2006. What Mean Impact Miss:
Distributional Effects of Welfare Reform Experiments. Forthcoming in American
Economic Review.

Chacaltana, J. and D. Sulmont. 2003. “Politicas Activas en ¢l Mercado Laboral Peruano:
El Potencial de la Capacitacion y los Servicios de Empleo.” Lima, Peru:
Consorcio de Investigaciones Econémicas y Sociales (CIES).

Dammert, A. 2006. “Heterogenous Impacts of Condicional Cash Transfers: Evidence of
Nicaragua”, Manuscript.

Dehejia R. and S. Wahba. 1999. “Causal effects in Non-Experimental Studies: Re-
evaluating the Evaluation of Training Programs.” Journal of the American
Statistical Association 94: 1053-1062.

Fan, J. 1992. “Design-Adaptive Nonparametric Regression.” Journal of the American
Statistical Association 87: 998-1004.

Filmer, D. and L Pritchett. 2001. "Estimating Wealth Effects without Expenditure Data--
Or Tears: An Application to Educational Enrollments in States of India"
Demography , Volume 38, Number 1, pp. 115-132

Firpo, S. 2003. “Efficient Estimation of Semiparametric QTE”, Manuscript.

Fuller, B. 1987. “What School Factors Raise Achievement in the Third World.” Review
of Education Research 57(3): 255-292.

Galdo, J. 1998. “La Evaluacion de Proyectos de Inversion Social: Impacto del Programa
de Capacitacion Laboral Juvenil PROJOVEN.” Boletin de Economia Laboral 9,
Ministerio de Trabajo y Promocion Social.

Galdo, J., D. Black, and J. Smith. 2006. “Bandwidth Selection and the Estimation of
Treatment Effects with Unbalanced Data.” Manuscript.

Gwatkin, Davidson R., Shea Rutstein, Kiersten Johnson, Rohini P. Pande and Adam
Wagstaft. 2000. Socio-Economic Differences in Health, Nutrition and Population
in [44 countries]. Washington, D.C.: The World Bank, Health, Nutrition and
Population Department.

Heckman, J. 2001. “Micro data, Heterogeneity, and the Evaluation of Public Policy:
Nobel Lecture.” Journal of Political Economy 109: 673-748.

46



Heckman, J., H. Ichimura, J. Smith, and P. Todd. 1998. “Characterizing Selection Bias
Using Experimental Data.” Econometrica 66(5): 1017-1098.

Heckman, J., H. Ichimura, and P. Todd. 1997. “Matching as an Econometric Evaluation
Estimator: Evidence from Evaluating a Job Training Programme.” Review of
Economics Studies 64(4): 605-654.

Heckman, J., HR. LalLonde, and J. Smith. 1999. “The Economics and Econometrics of
Active Labor Programs.” In: O. Ashenfelter and D. Card, eds. Handbook of Labor
Economics, Volume 34. Amsterdam: North Holland, pp. 1865-2097.

Heckman, J. and J. Smith, 1999. “The Pre-Programme Earnings Dip and the
Determinants of Participation in a Social Programme. Implications for Simple
Programme Evaluation Strategies.” Economic Journal 109(457): 313-348.

Heckman, J., J. Smith, and N. Clement. 1997. “Making the Most Out of Program
Evaluations and Social Experiments: Accounting for Heterogeneity in Program
Impacts.” Review of Economic Studies 64: 421-471.

Heckman, J. and R. Robb. 1985. “Alternative Methods for Evaluating the Impact of
Interventions: An Overview”, Journal of Econometrics, 30 (1-2):239-267.

Imbens, G. “Nonparametric Estimation of Average Treatment Effects under Exogeneity.”
The Review of Economics and Statistics, 86(2004): 4-29

International Labor Organization. 2003. “Youth Training and Employment”.
CINTERFOR/ILO. Geneva.

Nopo, H., J. Saavedra, and M. Robles. 2001. “Una Medicion del Impacto del Programa
de Capacitacion Laboral Juvenil PROJOVEN.” Lima, Peru: Group for the
Analysis of Development (GRADE).

Pande Rohini P. and Abdo S. Yazbeck A. 2002 Beyond National Averages for
Immunization in India: Income, Gender, and Regional Inequalities. Washington,
DC: The World Bank.

Rosenbaum, P. and D. Rubin. 1983. “The Central Role of the Propensity Score In
Observational Studies For Causal Effects.” Biometrika 70(1): 41-55.

Saavedra, J. 1996a “Quienes Ganan y Quienes Pierden con una Reforma Estructural: Un
Analisis de la Estructura de Ingresos en el Peru antes y después de las Reformas”.
GRADE, Serie Notas para el Debate

Saavedra, J. 1996b. “Apertura Comercial, Empleo y Salarios”. Documento de Trabajo
No40. Oficina Regional de la OIT, Lima, 71 p.

Saavedra, J. and J. Chacaltana. 2001. “Exclusion y Oportunidad: Jovenes urbanos y su
insercion en el Mercado de Trabajo y en el Mercado de Capacitacion”. Grade:
Lima.

Smith, J. and P. Todd. 2005. “Does Matching Overcome LalLonde’s Critique of Non-
Experimental Estimators? Journal of Econometrics 125(1-2): 305-353.

Wagstaff, A. and N. Watanabe. 2003. “What difference does the choice of SES make in
health inequality measurement?” Health Economics

World Bank. 2004. “Impacts of Active Labor Market Programs: New Evidence from
Evaluations with Particular Attention to Developing and Transition Countries”,
Social Protection Discussion Paper Series #0402.

World Bank, “Quantitative Techniques for Health Equity Analysis”. 2004. Washington:
Technical Note #4.

47



Appendix Table A.1. Peru: Distribution of Young Population in Urban Areas,

2004
Total
Young Population (16 - 24 years old)
Population
% of Total
Total Men Women
Population
Coast 4 835 669 977 059 20% 489 222 487 837
Highlands 3485 632 776 987 22% 393322 383 665
Amazonic Region 1674 874 324 080 19% 168 956 155123
Metropolitan Lima 7942245 2427399 31% 1 180 795 1 246 603
Total Urban Area 17938420 4 505 525 25% 2232296 2273229

Source: National Household Survey (ENAHO) 2004.

Appendix Table A.2. Peru: Educational levels among urban youth (17-24 year-old), 2004

Educational level Metropolitan Lima Urban Area
Men Women Men Women

No formal education 0.46% 0.17% 0.40% 0.39%

igfl‘(’)r;plete clementary 1.68% 2.06% 2.45% 3.17%

i%fgllete clementary 2.77% 4.29% 3.79% 439%

Incomplete secondary 5 590, 19.73%  2722%  23.77%

education

Complete secondary 44.70% 48.92% 41.25% 40.51%

education

Incomplete non-

university tertiary 7.20% 7.30% 8.09% 8.89%

education

Complete non-

university tertiary 3.43% 3.59% 4.13% 4.95%

education

Incomplete university 12.10% 12.35% 11.80% 12.09%

education

Complete university 0.58% 1.59% 0.85% 1.83%

education

Post-degree education 0.00% 0.00% 0.02% 0.01%

Source: ENAHO 2004. Elaborated by authors.
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Appendix Table A.3: Peru: Educational Level among Urban Youth.

Lowest and highest income quintiles

Educational level

No formal education

Incomplete elementary
school

Complete elementary
school

Incomplete secondary
education

Complete secondary
education

Incomplete non-
university tertiary
education

Complete non-
university tertiary
education

Incomplete university
education

Complete university
education

Metropolitan Lima Urban Area
Lowest Income Highest Income Lowest Income Highest Income
Quintile Quintile Quintile Quintile

Men  Women Men Women Men Women Men Women
0.0% 0.0% 0.0% 0.0% 1.0% 0.9% 0.0% 0.0%
8.3% 3.2% 0.0% 0.0% 6.8% 6.6% 0.0% 0.1%
0.0% 0.0% 1.4% 0.0% 5.4% 6.3% 3.7% 0.0%
21.6%  23.0% 18.6% 0.0% 23.1% 29.2% 16.7% 0.0%
33.5%  47.6% 33.1% 14.7% 37.1% 33.4% 29.8% 16.4%
20.0%  5.3% 7.4% 2.9% 13.0% 8.1% 6.9% 3.1%
0.0% 6.5% 14.2% 19.4% 3.7% 6.5% 17.3% 21.1%
16.5%  9.8% 10.8% 42.3% 9.5% 6.3% 9.4% 36.5%
0.0% 4.6% 14.6% 20.8% 0.3% 2.7% 16.2% 22.7%

Source: ENAHO 2004. Elaborated by authors.

Appendix Table A.4. Peru: Urban Labor Force

Activity Rate Occupied labor force

Men Women Total Men  Women Total
Total labor force
Metropolitan Lima  78.3%  58.0% 67.6% 93.3% 90.7%  92.1%
Urban Area 792%  59.7%  69.1% 93.6% 91.9%  92.8%
Young labor force
Metropolitan Lima  38.7%  36.0% 37.3% 86.6% 83.3%  85.0%
Urban Area 49.0% 41.5% 452% 88.0% 854%  86.8%

Source: ENAHO 2004. Elaborated by authors.
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Appendix Table A.5. Peru: Average Expenditure and Income per quintile

Average monthly
expenditure per household
(US$)

Average monthly income per

household (US$)

Average monthly per capita

expenditure per household
(US$)

Average monthly per capita
income per household (US$)

Metropolitan Lima

Urban Population

Lowest Income Highest Lowest Highest
Quintile Income Income Income
Quintile Quintile Quintile
116 957 108 884
77 1332 82 1154
31 254 29 234
21 339 22 307

Source: ENAHO 2004. Elaborated by authors.

Appendix Table A.6. Peru: Average Monthly Labor Income per quintile for Youth

Metropolitan Lima Urban Population
Lowest Highest Lowest Highest
Income Income Income Income
Quintile Quintile Quintile Quintile
Average Monthly Income of
Youth (16 - 24 years old) 32 338 30 337

(USS$)

Source: ENAHO 2004. Elaborated by authors.
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Appendix Table A.7. Peru: Income Distribution for the Two Lowest Income Quintiles

Minimum Maximum Mean Stagdqrd
Monthly Monthly (US$ Deviation
Income (US$)  Income (USS$) (US$)

Youth
Metropolitan Lima
Lowest Income Quintile 6 47 32 11
Second Lowest Income Quintile 47 93 75 15
Urban Area
Lowest Income Quintile 1 47 30 13
Second Lowest Income Quintile 47 93 73 14
Household
Metropolitan Lima
Lowest Income Quintile 0 124 77 36
Second Lowest Income Quintile 127 211 173 25
Urban Area
Lowest Income Quintile 0 124 82 31
Second Lowest Income Quintile 124 211 172 51

Source: ENAHO 2004. Elaborated by authors.
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Figure 1. Beneficiary Selection Process
PROJOVEN, Lima 1996 to 2003
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Figure 2: Quantile Treatment Effects
PROJOVEN, Lima 1996-2003
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Figure 3: Monthly Earnings for Pooled Sample
PROJOVEN, Lima 1996-2003
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Table 1: Summary Statistics within eligibles

PROJOVEN, Lima 1996-2004

Pooled data 1st public call 2" public call 4th public call 6th public call 8th public call
cli);i;;s dropouts cli);;;s dropouts cli)gzzgt-s dropouts cli);;;s dropouts cli);:;;s dropouts cli);:r;s dropouts

Age and Sex

Age (average) 20.02 20.27 19.45 19.57 20.32 20.32 21.07 21.22 19.33 19.55 19.98 20.09
Sex(%) 42.88 45.35 44.10 47.90 43.58 48.91 41.35 44.56 42.63 39.42 43.11 47.03
Schooling (%)

Primary at most 1.25 3.17 0.75 1.96 1.73 2.19 1.03 2.28 1.57 4.90 1.10 4.03
Secundary at most 96.16 94.83 89.19 86.58 97.32 96.98 98.27 97.42 98.39 95.00 95.83 93.85
Tertiary 2.59 2.00 10.06 11.46 0.95 0.83 0.70 0.30 0.04 0.10 3.07 2.12
Schooling household head (%)

Primary at most - - - - - - - - 38.34 36.56 46.18 45.51
Secundary at most - - - - - - - - 56.55 58.85 50.87 50.26
Tertiary - - - - - - - - 5.11 4.59 2.94 4.23
Labor information (%)

Employed 25.74 27.54 18.80 19.66 20.87 21.85 21.94 23.81 27.17 29.88 33.59 37.37
Household assets (%)

Floor

Floor: high-quality mat. 35.48 36.90 57.15 60.30 4.02 3.18 1.36 1.33 0.75 1.07 0.81 0.40
Floor: medium-quality mat. - - - - 65.68 65.75 22.22 23.89 22.06 24.73 22.23 22.95
Iii‘t’or medium low-quality - - - - - - 098 110 075 071 061 084
Floor: low-quality mat. 64.52 63.10 42.85 39.70 30.30 31.07 75.43 73.68 76.45 73.48 76.34 75.81
Ceiling

Ceiling: high-quality mat. 34.18 33.12 38.66 38.21 43.25 43.01 34.04 31.70 28.23 29.12 31.59 27.98
Ceiling: medium-quality mat. - - - - 33.65 34.20 44.40 46.23 41.25 42.48 41.49 43.67
rgaetfllng: medium low-quality - - - 2176 2148 1913 2021 2698 2489 2417 2435
Ceiling: low-quality mat. 65.82 66.88 61.34 61.79 1.34 1.30 2.44 1.86 3.54 3.52 2.75 3.99
Toilet

Toilet: inside the household 79.84 74.87 67.71 70.08 67.97 67.67 22.08 21.05 62.49 61.19 62.23 58.96
Toilet: inside the building - - 7.87 6.52 4.80 6.31 7.74 6.11 5.27 6.94 7.80 7.70
Toilet: outside the building - - - - 21.43 21.06 - - 27.57 25.80 25.47 27.31
Toilet: no service 20.16 25.13 24.42 23.39 5.80 4.95 70.18 72.85 4.68 6.07 4.50 6.03
N 11,159 10,094 1,601 1,073 1,792 1918 2,133 2,637 2,543 1,961 3,090 2,505
% 5251 4749  59.87  40.13 4830 5170 4472 5528 5646  43.54 5523 44.77
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Table 2: Coefficient Estimates from Probit Models for Program Participation within eligibles

PROJOVEN, Lima 1996-2004

Coefficients

covariates 1st public call 2nd public call 4th public call 6th public call 8th public call

Coeff. p-value Coeff. p-value Coeff. p-value Coeff. p-value Coeff. p-value
constant -0.0639 0.831 -0.0188 0.950 -0.0691 0.784 -0.235 0.300 -0.648%** 0.004
Age and Sex
age -0.0116 0.257 -0.00135 0.878 -0.0167** 0.033 -0.0209***  0.008 -0.0151* 0.055
sex -0.0869* 0.083 -0.132%%* 0.002 -0.0712* 0.056 0.0990** 0.011  -0.0964***  0.005
Schooling
secondary at most 0.658%*** 0.004 0.155 0.299 0.485%** 0.001 0.737%** 0.000 0.817*** 0.000
tertiary 0.573%* 0.016 0.23 0.384 0.998*** 0.001 0.118 0.878 1.059%** 0.000
Schooling household head
secondary at most_hh -0.0588 0.140 -0.00167 0.962
tertiary _hh 0.0181 0.843 -0.231%* 0.014
Labor information
employed -0.00967 0.879 -0.0029 0.955 -0.0366 0.409 -0.0878** 0.041 -0.0763** 0.033
Household assets
Floor
floor: high-quality mat. -0.100* 0.071 0.211* 0.082 -0.039 0.806 -0.216 0.285 0.453** 0.047
floor: medium-quality mat. 0.0416 0.424 -0.0875%* 0.049 -0.0767* 0.091 -0.0442 0.284
2‘;? medium low-quality -0.115 0.529 0.089 0.693 -0.206 0.307
Ceiling
ceiling: high-quality mat. 0.0567 0.307 -0.0263 0.887 -0.112 0.388 -0.0804 0.453 0.260%** 0.008
ceiling: medium-quality mat. -0.0187 0.919 -0.175 0.174 -0.0661 0.530 0.181* 0.061
Icl‘filgng: medium low-quality -0.00397  0.983 -0.188 0.155 20.0035 0974 0.239%* 0017
Toilet
toilet: inside the household -0.0419 0.501 -0.106 0.266 0.0498 0.273 0.193** 0.025 0.177** 0.025
toilet: inside the building 0.0971 0.361 -0.274%** 0.031 0.184** 0.013 0.0355 0.756 0.180* 0.064
toilet outside the building -0.0791 0.428 0.214%* 0.017 0.117 0.150
Observations 2674 3710 4770 4504 5595

Note: * 10% significance, ** 5% significante, ***1% significance
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Tabe 3: Simary Satistics

PROJOVEN Lina 19962004
Poded data Ist pblic call 2rdprbic call 4thpublic call Ghpublic call 8thpublic call

A Sodo-Denugraphic
age 1964 1975 1975 2024 2024 2023 2019 19% 942 1966 1875 1873
ex(%9 DPA PS3 B2 B9 408 #4415 407 4092 PR R4 LA P20
schooling (79

inconplete prinary 087 072 1.67 063 000 000 060 04 178 L4 028 061

oconplete primary 44 620 536 721 463 584 438 677 504 712 289 397

inconplete high schodl 80 795 771 79 827 714 13.16 1029 949 849 549 550

canplete high school R 85.00 823  &419 8609 8.6 8L Il 867 L7 IR 8990
narital status (%9

sinde 91.26 7134 9127 4l N72 1662 N0 T3 XL 73 HU21 &.01

narried andor cohabitating 817 204 838 2989 860 240 909 276 1038 214 462 1437

ofter 056 060 033 068 066 097 000 000 059 082 L15 061
have children (%) 1416 2584 1510 319 4% 3019 1506 2357 572 2% 10 17713
munber of childen 121 1.9 137 133 L15 13 L2 134 2 128 L5 L13
B Labor informmtion
wark stats (79

haveajdb 5150 5211 034 518 397 B3R 289 93 430 A5 50.00 4985

uenployed 2603 2657 2651 3024 268 2597 2571 2575 1840 1918 RIACY) 30

aut of Tabor force 247 2133 2315 1787 1921 1851 2539 2493 2730 2658 1734 17.13
kind of wark (%9

selfenployed 1042 1090 1711 1890 1258 1006 626 867 1008 1238 693 550

waker inprivate sector 2134 N 164 2217 2847 3051 2158 BN 2097 3287 A 4067

waker inpublic sectar 037 048 033 L10 066 032 062 000 000 04 028 061

unpeid fanily worker housekeeper 182 981 2416 412 2019 1850 17.86 1273 1928 98 10 336
nonthly eamings 9143 127.39 7397 14200 124 12600 & 11510 P 1BLY 0.57 123.00
perticipetion in training courses 265 2313 2013 2371 953 27 3197 2439 2759 2219 1416 26
hours of training 5802 S6.64 06 360 2515 4013 10500 4028 8LOB 8490 17.83 7695
C Parent's schodling
father (%9

canplete high school 27.00 319 — — 2115 2695 220 2331 2730 364 3006 41.59
nuther (79

conplete high school 1802 21.77 — — 17.88 1883 159 1734 554 2% R 212
N 1602 1660 298 201 30 308 319 30 337 365 346 37
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Table 4: Coefficient Estimates from Balanced Logit Models for Program Participation
PROJOVEN, Lima 1996-2004

Coefficients
covariates 1st Public Call 2nd Public Call 4th Public Call 6th Public Call 8th Public Call

A. Socio-demographic Coeff. p-value Coeff. p-value Coeff.  p-value Coeff.  p-value Coeft. p-value
constant -3.090 0.081 -3.113 0.005 -4.119 0.000 1.250 0.422 -3.560 0.001
age 0.086 0.108 0.140 0.002 0.101 0.031 0.019 0.701 0.104 0.039
sex 0.104 0.671 -0.177 0.402 0.057 0.770 0.022 0.910 0.139 0.487
schooling

incomplete primary 2.662 0.008 1.649 0.215 1.541 0.310 0.019 0.980 0.804 0.647

incomplete high school 0.715 0.227 0.258 0.628 1.140 0.345 0.214 0.653 0.504 0.409

complete high school 0.214 0.646 -0.419 0.331 0.606 0.186 -0.282 0.476 0.073 0.880
marital status

single 0.289 0.831 1.019 0.007 1.050 0.004 -0.055 0.962 1.117 0.011

married and/or cohabitating -1.349 0.307 0.571 0.587 — — -0.528 0.639 2.335 0.023
have children -0.465 0.404 0.294 0.636 0.493 0.391 0.162 0.801 0.603 0.553
number of children 0.151 0.615 -0.901 0.048 -0.460 0.257 -2.959 0.175 -1.383 0.137
B. Labor information

have a job -0.913 0.312 -0.609 0.209 -0.969 0.136 -1.027 0.115 0.130 0.901

unemployed -0.744 0.018 -0.108 0.704 -0.361 0.156 0.048 0.859 -0.118 0.657
kind of work

self-employed 1.490 0.105 1.764 0.002 0.589 0.427 2.040 0.004 0.459 0.672

worker in private sector 1.334 0.155 1.438 0.006 1.092 0.117 1.936 0.005 -0.284 0.783

unpaid family worker /housekeeper 2911 0.001 0.781 0.051 1.257 0.040 1.847 0.002 1.120 0.270
monthly earnings -0.006 0.000 -0.004 0.000 -0.002 0.097 -0.004 0.000 -0.002 0.033
participation in training courses -1.217 0.006 0.675 0.144 -0.262 0.382 0.612 0.013 0.722 0.098
hours of training 0.005 0.006 -0.006 0.026 0.004 0.001 -0.001 0.038 -0.007 0.002
C. Household characteristics
household members 0.098 0.026 -0.084 0.040 0.493 0.391 -0.087 0.022 -0.053 0.158
household members/rooms in house 0.115 0.126 0.016 0.810 0.182 0.001 -0.070 0.365 0.318 0.000
floor : high-quality materials 1.658 0.000 -0.316 0.184 0.466 0.079 -0.080 0.715 -0.133 0.497
ceiling: high-quality materials 1.361 0.000 0.111 0.602 0.724 0.001 0.197 0.339 0.476 0.025
walls: high-quality materials -1.130 0.000 0.057 0.833 -0.511 0.021 0.254 0.200 0.067 0.729
drinking water piped into house 0.894 0.002 1.625 0.000 1.731 0.000 -2.777 0.000 — —
flush toilet -0.403 0.172 -0.415 0.103 -0.770 0.000 -0.487 0.260 0.084 0.644
D. Father's schooling
no education -— -— -0.615 0.072 -0.403 0.318 -0.104 0.889 — —
incomplete primary — -— -0.388 0.585 0.129 0.862 0.636 0.345 0.116 0.875
complete primary -— -—- -0.134 0.625 0.286 0.239 0.130 0.580 0.308 0.187
complete high school — — -0.141 0.612 0.054 0.846 -0.320 0.182 -0.231 0.323
higher education - —- 0.237 0.546 0.327 0.372 0.549 0.184 0.293 0.495
N 589 610 688 702 673
R? 0.34 0.16 0.18 0.17 0.14
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Table 5: Wedlth Index Estimetes

PROJOVEN Lima 1996-2003
1st public call 2nd public call 4th public call 6th public call 8th public call
mean weights  weight / mean  weights weights/ mean weights  weights/ mean weights weights/ meaen  weights weights/
std. dev std. dev std. dev std. dev std. dev

Hoor: high-qudlity meteridls (conorete) 040 033 068 0.65 037 077 024 009 0.20 019 012 031 025 006 014
Hoor: lonqudlity meterids (eerthen) —_— — — 032 039 08 076 009 020 079 007 016 073 000 -001
Celling: high-qudity meterids (concrete) 025 042 0.9 040 030 062 031 031 067 02r 033 073 028 046 1.02
Ceiling: lonquality meteridls (metting) —_— — — 02 033 07 051 03 0.62 029 033 073 052 020 058
Wals: high-qudity meterials (concrete) 061 048 098 0.75 038 087 068 002 0.05 051 031 061 051 033 066
Wals: lonquality meteridls (metting) — — 010 026 09D 026 035 0.79 008 025 02 005 018 082
Hush toilet in the house 062 049 1.00 0.68 034 074 04 028 05 065 05% 116 058 049 099
Pit Tollet/ latrine —_ — — 006 019 08 — — — 033 0% 115 028 050 -11
Drinking weter piped into the house 059 049 0@ 0.69 025 054 042 033 0.66 —_ — — — — —
No drinking water —_— — — 010 018 060 025 037 08 —_ — — — — —
Househdd membersiroorsinthehouse 318 0068 004 243 016 00 353 008 0.05 282 000 000 2% 002 001
Own house —_— — 0.69 010 o022 077 039 093 _ — — — —_ —
Invaded land — — 020 013 032 018 042 1M —_ — — — — —
Partidpating in welfare program 042 006 013 — — — —_ — — —_ — — 048 006 012
No education (father) —_ — — 0.02 000 002 002 003 0220 002 002 016 003 006 031
Conplete primery schodling (father) —_ — — 017 002 OH4 023 004 009 020 005 012 018 016 042
Incorplete high schad or higher (father) — — — 019 002 005 020 003 008 02 006 -013 02 008 018
Conplete high schod (father) — — 0.27 000 -001 023 009 021 032 000 001 036 017 035
Hgher than high schod (father) — — — 0.08 003 012 008 0M4 0.14 006 002 007 004 008 039
Wealth Index quartile 1 ("poorest”) 209 283 221 210 -1.98

Wedlth Index quartile 2 & 3 ("poa™) 0.10 045 023 023 0.06

Wealth Index quartile 4 ("less poar") 1.90 1.96 1.76 1.70 1.87
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Table 6: Means of Wealth Assets
PROJOVEN, Lima 1996-2003

1st public call 2nd public call 4th public call 6th public call 8th public call
Poorest Poor  Less poor Poorest Poor  Less poor Poorest Poor  Less poor Poorest Poor  Less poor Poorest Poor Less poor

=1 g=2&3 g=4 g=1 g=2&3 g=4 ag=1 q=2&3 g=4 a=1 g=2&3 =4 g=1 g=2&3 =4
Floor: high-quality materials (concrete) 0.148 0.344 0.777 0.123 0.744 0.994 0.168 0.266 0.273 0.089 0.167 0.353 0.179 0.313 0.198
Floor: low-quality materials (earthen) —_ —_ —_ 0.871 0.198 0.000 0.832 0.731 0.727 0.000 0.014 0.023 0.006 0.009 0.012
Ceiling: high-quality materials (concrete) 0.000 0.118 0.783 0.026 0.308 0.942 0.046 0.249 0.686 0.006 0.142 0.803 0.000 0.122 0.884
Ceiling: low-quality materials (matting) —_— —_ —_ 0.581 0.386 0.045 0.543 0.581 0.314 0.520 0.312 0.000 0.665 0.696 0.035
Walls: high-quality materials (concrete) 0.074 0.679 0.993 0.265 0.867 1.000 0.237 0.749 1.000 0.218 0.524 0.775 0.231 0.513 0.785
Walls: low-quality materials (matting) —_— —_ —_ 0.303 0.042 0.000 0.618 0.217 0.000 0.162 0.076 0.000 0.139 0.032 0.000
Flush toilet in the house 0.040 0.722 0.972 0.226 0.750 1.000 — — —_ 0.011 0.796 1.000 0.017 0.684 0.919
Pit Toilet/ latrine —_— —_ —_ 0.181 0.026 0.000 0.734 0.445 0.145 0.933 0.184 0.000 0.884 0.116 0.000
Drinking water piped into the house 0.033 0.689 0.972 0.387 0.711 0.942 0.121 0.393 0.773 —_— —_— —_ —_— —_— —_—
No drinking water —_— —_ —_ 0.226 0.078 0.000 0.590 0.197 0.000 —_— —_— —_ —_ —_— —_—
Household members/rooms in the house 3.385 3.239 2.890 3.184 2.347 1.815 3.318 3472 3.838 2.849 2.892 2624 2.965 2.869 3.115
Own house —_— —_ —_ 0.619 0.666 0.812 0.358 0.855 0.994 —_— —_— —_ —_ —_— —_—
Invaded land —_ —_— —_— 0.297 0.214 0.078 0.584 0.058 0.000 —_— —_— —_ —_— —_— —_—
Participating in welfare program 0.513 0.445 0.283 —_ —_ —_ —_ —_ —_ — —_— —_ 0.445 0472 0.512
No education (father) —_— —_ —_— 0.019 0.023 0.013 0.023 0.023 0.012 0.017 0.023 0.029 0.064 0.023 0.023
Complete primary schooling (father) —_— —_— —_ 0.200 0.162 0.169 0.277 0.240 0.180 0.156 0.204 0.231 0.150 0.168 0.244
Incomplete high school or higher (father) —_ —_ —_— 0.219 0.195 0.169 0.220 0.188 0.192 0.263 0.235 0.162 0.168 0.238 0.227
Complete high school (father) —_— —_— —_ 0.271 0.289 0.234 0.156 0.237 0.308 0.346 0.303 0.329 0.486 0.345 0.244
Higher than high school (father) —_ —_ —_— 0.052 0.065 0.117 0.052 0.092 0.087 0.045 0.059 0.069 0.069 0.038 0.017
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Table 7: OLS Treatment Impacts for Monthly Earnings
PROJOVEN, Lima 1996-2003

6-months 12-months 18-months
coeff. std. err. coeff. std. err. coeff. std. err.

1st Public Call
Treatment 92** 38 60* 36 80** 39
Treatment*q4 16 55 -44 52 -8 56
Treatment*q2 -40 45 -19 43 -21 46
Ho: B1=B,=0 0.249 0.583 0.790
Baseline Mean 142 142 142

2nd Public Call
Treatment 42 39 122** 44 73 50
Treatment*q4 -13 57 -108 65 -50 73
Treatment*q2 34 47 -29 53 -35 59
Ho: $4=B2=0 0.348 0.167 0.804
Baseline Mean 126 126 126

4th Public Call
Treatment 49 37 -16 38 14 41
Treatment*q4 -23 51 24 52 32 56
Treatment*q2 -19 44 33 45 35 49
Ho: B1=B>=0 0.915 0.825 0.958
Baseline Mean 115 115 115

6th Public Call
Treatment 60* 32 10 32 -8 40
Treatment*q4 -22 45 -38 45 59 57
Treatment*q2 -9 39 38 38 56 49
Ho: 34=B,=0 0.738 0.052 0.948
Baseline Mean 131 131 131

8th Public Call
Treatment 66** 27 66* 35 -
Treatment*q4 5 39 31 50 - -
Treatment*q2 9 33 35 43 — —
Ho: B41=B»=0 0.902 0.932 -
Baseline Mean 123

Pooled data

Treatment 61** 15 49** 16 40* 21
Treatment*q4 -7 21 -22 23 10 29
Treatment*q2 -3 18 12 19 10 25
Ho: 341=B,=0 0.825 0.088 0.996

Baseline Mean 127 127 127




Table 8: OLS Treatment Impacts for Employment
PROJOVEN, Lima 1996-2003

6-months 12-months 18-months
coeff. std. err. coeff. std. err. coeff. std. err.
1st Public Call
Treatment 0.052 0.082 0.082 0.083 0.1961** 0.084
Treatment*q4 -0.068 0.120 -0.100 0.121 -0.097 0.123
Treatment*q2 -0.048 0.098 -0.124 0.099 -0.138 0.100
Ho: B4=B,=0 0.848 0.816 0.704
Baseline Mean 0.520 0.520 0.520
2nd Public Call
Treatment -0.032 0.090 0.008 0.083 -0.1547* 0.090
Treatment*q4 0.010 0.133 0.002 0.122 0.190 0.132
Treatment*q2 0.141 0.108 0.147 0.100 0.212 0.108
Ho: B4=B>=0 0.264 0.177 0.848
Baseline Mean 0.550 0.550 0.550
4th Public Call
Treatment 0.007 0.080 -0.047 0.078 0.018 0.077
Treatment*q4 -0.064 0.109 0.019 0.107 0.096 0.106
Treatment*q2 0.035 0.096 0.081 0.094 -0.010 0.093
Ho: B4=B,=0 0.287 0.492 0.243
Baseline Mean 0.490 0.490 0.490
6th Public Call
Treatment 0.010 0.073 -0.095 0.071 0.1679** 0.071
Treatment*q4 0.006 0.104 0.038 0.100 -0.128 0.101
Treatment*q2 0.044 0.089 0.143 0.086 -0.104 0.087
Ho: B4=B>=0 0.669 0.226 0.789
Baseline Mean 0.540 0.540 0.540
8th Public Call
Treatment 0.062 0.070 0.042 0.071  e—— e
Treatment*q4 0.051 0.099 0.086 o101 e e
Treatment*q2 0.111 0.085 0.082 0087
Ho: B1=B»=0 0.484 o090
Baseline Mean 0.500
Pooled Data
Treatment 0.028 0.034 0.003 0.034 0.0746* 0.040
Treatment*q4 -0.012 0.049 0.010 0.048 -0.016 0.057
Treatment*q2 0.051 0.042 0.061 0.041 -0.028 0.048
Ho: B4=B>=0 0.140 0.222 0.801
Baseline Mean 0.520 0.520 0.520
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Table 9: OLS Eamings and Errployment Effedts by Sex, Podled Deta

PROJOVEN Lima 19962003
Eamings Inpacts Erployment Effects
6-nonths 12-nonths 18-nonths 6-nonths 12-nonths 18onths
ooeff.  std. er. ooeff. std. er. ooeff.  std. er. ooeff.  std. e ooeff. std. er. ooeff.  std. er.
Mides Mies
Treatment 45* 25 17 27 42 33 0040 0.049 0061 0048 0012 0058
Tretment‘od 21 35 42 33 -18 45 0039 0069 0.023 0067 0015 0080
Tregtment*q2 -39 30 1 33 -7r* 40 0000 0.0680 0030 0058 0070 0070
Ho: 33,70 0574 0.2043 0.1187 0519 0.359 0425
Basdine Mean 178 178 178 0620 0620 0620
Femrdles Fedes
Treatment 72+ 18 72 19 37 27 0072 0047 0044 0047 01182* 004
Trestment'cd 4 26 6 27 2 3B 0013 0.068 01 0067 0017 0.078
Tregtment*q2 25 2 23 23 75 K7 0.043° 0.057 0091 0057 0006 0.065
Ho: 33,0 0.3463 0.2269 0.1745 0.166 0.387 0.728
Basdine Mean 83 83 83 0440 0440 0440
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Table 10: Metching Treatment Inrpacts for Monthly Eamings

PROJOVEN, Lina 1996-2003
1¢t publiccl 2ndpiccdl  4thpubiccdl 6th public cl 8th public cl Poded Deta
DD CS DD CS DD GCS DD CS DD CS DD S
Pandl A 6 Months after the Program
Poorest (1) 18 104 79 % YR 2 8 51 44 8 &
42 (3 ©0) (60) (62) 49 & R @7 @) 2 @
Poor (GF283) B 6 % 8 7 & 64 58 76 & 78 63
@ & ) R ) (3 ® @ ) & (13) (14
Less Poor (G=4) 17 107 45 81 & 7 21 M 61 53
73 @n (0 6 @ ) A 42) (40 (18 (17
Basdine Meen 142 142 126 126 15 115 131 131 123 123 121 127
Pandl B: 12 Moniths after the Program
Poorest (1) 24 1 119 78 0 7 2 5 R B 5 28
2 63 2 &4 ©3) (57 ®1) @) @) @ 2 @
Poor (GR283) 31 -1 0 7 2 40 L B 14 %8 74
48 (44 4 X @ & ) @) 0 & (18) (18
Less Poor (G=4) 3 76 5 20 8 % 30 B 38 58 YR
(30) @45 ©) () (38) @) @ @ 0 () @) @)
Basdline Meen 142 42 126 126 15 115 131 131 123 123 121 127
Pandl C. 18 Moniths after the Program
Poorest (¢F1) 74 69 78 3 P 2 19 - — 60 40
(0) 45 &2 (%9 ) @) @1) (39 - — ) @)
Poor (GR283) 5 40 116 109 67 71 3 - — 67 56
(4) (40 37 (30 46) (3 32 (30 - — ) (17
Less Poor (G=4) < 80 & 67 81 2 19 - — 5 47
@) © @ & B 4 42 (X - — ) @)
Basdine Meen 142 142 126 126 15 115 131 131 123 123 121 127
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Table 11: Metching Treatment Inpadts for Enmployment

PROJOVEN Lia 19962003
itpbiccdl  2nd publiccall 4th public cal 6th public call 8th public call Poded Deta
DD S DD CS DD CS DD CS DD CS DD CS
Pand A 6 Moriths after the Program
Poorest (g=1) 0031 0031 0002 00518  005% 01041 004 00814  00% 00911 0037 0089
0136) (0009 (0.131) (0107) (0125 (0102) (0125 (0.120)  (0069) (0091)  (0057) (0.044)
Poor (F283) 0046 0068 0150 00931 0074 00458 0043 00673 0150 0.1616 0105 00%
©0.101) 0062 (0.116) (00B)  (009%5) (0078)  (00%0) (0065  (0084) (0071)  (0048) (0.037)
lessPor(g/4) 0025 0027 0036 00888 0031 00054 0037 00273 0047 001% 0003 0006
0.19%) (00%) (0.124) (0073)  (0116) (01120  (00%5) (0083)  (0.104) (0089)  (0053) (0.050)
Basdine Meen 052 052 05 055 049 049 054 054 050 050 052 052
Pand B. 12 Months after the Program
Poorest (1) 0018 00807 0055 0114 004 00085  00% 0052 0072 0000 0016 004
0.147) 0104 (0.113) (0088)  (0123) (00%2)  (019) (0109  (0.108) (0.107)  (0054) (0.042)
Poor (F283) 0038 00452 0189 01312 0150 0080 0036 00475 0033 00501 0102 00%
0117) 00%) (0.128) (00%2) (0115 (0075  (0079) (00%65)  (0111) (0079)  (0052) (0.038)
lessPoor(g=4) 0052 00575 0025 00369 0180 008% 0091 00314 0019 00501 0018 0034
0201) 0191)  (0.109) (00%4)  (0191) (0.130)  (0.133) (0089  (0097) (0079)  (0.054) (0.046)
Basdine Meen 052 052 05 055 049 049 054 054 050 050 052 052
Panel C. 18 Morths after the Program
Poorest (1) 018 02485 0109 00758 0038 00068 0182 01279 S 0042 0081
0.160) 01000 (0.118) (0077)  (0.143) (0109)  (0.172) (0.105) - = (0.075) (0.053)
Poor (F283) 013 01381 0238 01574 0120 00885 0064 00523 - — 0137 0109
0135 (01020  (0.109) (0.063)  (0.114) (0.088)  (0.0%) (0.065) - — (0.058) (0.042)
lessPoor(g=4) 0148 04482 0067 00072 0239 019333 0036 00285 S 0123 0073
0272) 0171 (012) (0128) (0187 (0135)  (0.129) (0.00) - — 0.071) (0.059)
Basdine Meen 052 052 05 055 049 049 054 054 050 050 052 082
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Table 12 Medhing Treetmert Inpedts for Earings and Envpoyment by Sex Roded Dita

FROJOEN Lina 19962003

Eamings Endoynert
6nmaihs 12nuths 18nuihs 6nmaihs 12naths 18nuihs
oD G oD (03] oD & oD G oD (03] oD G

Mies Mies
Roorest (1) 5] (] -1 5 40 A 006 004 017 0012 006 0018
& & @B & @ @ o) (00r) ) (o) Q0x)  (0074)
Ror (R283) % 2 31 3B 2 1 0017 o4 oot 000 001 000
@® &® @ @ @ & 0 ) 03 (0D Qo) (00
lessPRor@®) 15 45 -13 15 17 2 0130 0016 0123 0061 003 00R
@ @ @ @ @ @) Qo) (Q0er) Qo) (o) Qot)  (Q0o)
BesdineMeen 178 178 178 178 178 18 oe2 oe2 o oe2 oe2 oe2

Fardes Fardes
Roorest (1) 110 & 81 A 4 L 0124 0118 0081 0076 o115 007
& @ D @ & (0m)  (00) (QCm)  (00m) 0’ (00
Ror (R283) 17 b 100 & 112 B 0207 0158 010 o 026 0143
1 @® @ @O ® @ Qo) (o) Q0om)  (Qo4) 00 (00
lesRo(@) 9 67 ($§] 2 & 5¢] 0106 003 0152 oo 0237 013
@ @) B @ @ @ Qo) (o) Qo) (o) 01® (oA
BesdineMeen &8 &8 8 8 &8 &8 (077} (077} 044 (077} (077} (077}
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