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Introduction 

  

In this report we present an impact evaluation of a conditional cash transfer 

(CCT) program, Ingreso Ciudadano. This intervention was a component from the wider 

Plan Nacional de Atención a la Emergencia Social (PANES), which was carried out in 

Uruguay from April 2005 to December 2007.  

The objectives of the whole intervention were very ambitious. In this research, 

we concentrate on the impacts on child well-being and on the potential channels 

affecting this result. Specifically, we analyse program effects on child labor and school 

attendance for children aged 6 to 17, and on two potential channels affecting these 

results, pointed out by the cash transfer literature: household income and adult labor 

supply. 

This impact evaluation is based on three main data sets: the administrative 

records from PANES applicants and two waves of a panel follow-up survey, specially 

designed to carry out the impact evaluation of the program. In order to check the 

robustness of our results, we provide evidence based on two different identification 

strategies: a regression discontinuity approach, using data from the second wave of the 

evaluation survey, and a difference in difference approach, exploiting the longitudinal 

nature of the collected data.  

The report is organized as follows. Section 1 reviews the literature relating cash 

transfers and our main outcomes. Section 2 contains background information about 

Uruguay. Section 3 describes the program. Section 4 presents the data and methodology 

used in this study. Our main results are presented in section 5. Finally, section 6 gathers 

our main conclusions.  
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1. Cash transfers, child labor and school attendance 

 

1.1 The determinants of child labor and school attendance 

 

Traditionally, economic modeling has treated school attendance and child labor 

as two opposite alternatives, considering them as a joint decision (Cardoso and Verner, 

2007; Nielsen, 1998). The determinants of schooling have then been thought as the 

reverse of the determinants of child labor, topic that has captured most of the attention 

of the economic research on child well-being (for a survey, see Basu, 1999). However, 

ignoring the difference between the determinants of child work and the determinants of 

school attendance could lead to severe unintended consequences. If the determinants are 

not exactly the same, policies that promote the eradication of child work could not 

necessarily foster school attendance and can potentially produce an increase in the 

amount of idle children. Deb and Rosati (2004) develop a model that, in addition to 

these two options, considers a third status, allowing for children being idle. In turn, the 

determinants of school attendance by themselves have been studied to a lesser extent. 

The standard economic model on child labor and school attendance has been set 

in an overlapping generations framework (see Basu, 1999; Rosati and Rossi, 2003; Deb 

and Rosati, 2004). According to this view, parental income depends on their previous 

human capital accumulation. At the same time, the unitary household decision model 

assumes that children’s consumption is entirely determined by parental transfers. 

Parents are supposed to control the time of their children and they allocate it to work or 

study. Whereas work increases present consumption, school attendance yields to an 

increase in future income. Considering the amount of resources available, the parental 

decision on children time allocation is based on the relative cost of present and future 

consumption. Higher costs of education and returns to child labor increase the relative 

cost of future consumption whereas it decreases as returns to human capital 

accumulation increase.  

In this setting, optimal behavior leads to two corner solutions (a child works 

only or studies only) or to a combination (a child both studies and works). But a third 

corner solution is possible, where children neither go to school nor work (Deb and 

Rosati, 2004). Deb and Rosati (2004) argue that this third solution can be observed if 

the value of children’s leisure is positive or if work or schooling entails fix costs. 
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Income (particularly low), assets and the availability of credit have been considered the 

main determinants of child labor. 

Deb and Rosati (2004) point out however, that the empirical literature has 

confirmed a general lack of explanatory power from income, wealth and credit 

availability. At the same time, country specific studies show that there is a relevant 

proportion of children that remain idle. These findings have three main implications: i) 

unobserved household characteristics could play a key role if they explain unobserved 

heterogeneity in access to credit and income; ii) it may be possible to reduce child labor 

without relying only on income growth; iii) the phenomenon of children who neither 

work nor attend school needs to be tackled to a greater extent both in theoretical and 

empirical studies. If some training can be in job, idle children could be worse off in 

terms of human capital accumulation. In the same sense, if participation in the labor 

market or school attendance involves networks integration, the idle child condition may 

lower social capital in the life cycle.  

Cardoso and Verner (2007) resume the main results obtained in the empirical 

literature on child school attendance, child labor and idleness: 

i) Child characteristics. Older children and males are more likely to both attend 

school and work; older siblings are less likely to attend school; children with 

lower ability are more likely to drop-out from school, specializing in work or 

becoming idle; negative unexplained correlation between school attendance 

and work (endogeneity problems). 

ii) Household characteristics. Intergenerational persistence in child labor status; 

positive association  between household socioeconomic status and child 

schooling and negative association between household socioeconomic status 

and child labor; on the other hand, poverty yields to specialization in just 

labor or inactivity; families that run a business are more likely to have their 

children working (but not necessarily abandoning school); negative shocks 

as adult unemployment or other income shocks increase the probability of 

school drop-out and entrance to work.  
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1.2 The impact of conditional cash transfer programs on child labor and school 

attendance 

 

CCT programs are supposed to affect school attendance and child labor on the 

basis of two different mechanisms: changes in household income (due to the reasons 

presented in section 1.1) and conditionalities. According to Skoufias and Parker (2001), 

if the amount of a cash transfer is higher than a certain minimum, the household will 

modify its allocation of child´s time in favor of schooling. The incentive for sending 

children to school will be different depending on the original household income; 

heterogeneous effects can be analyzed. For instance, suppose that many eligible 

households were already sending their children to school. In this case, the incentive will 

result in making children allocating more time to study rather than increasing 

enrollment rates. In this way, the income channel will be operating. But to do so it 

requires a positive net increase in household income, meaning that the increase 

produced by the transfer is not compensated by a reduction in adult working effort.  

Moffit (2002) and Tabor (2002) discuss the substitution and income effect that 

can be occasioned by an income transfer. The transfer may cause an income effect on 

the beneficiaries; if leisure is a normal good, they may end up consuming more leisure 

and working less. Additionally, beneficiaries may supply less labor in order to be 

eligible for the program and not to lose the benefit. Finally, they may also have less 

time available for work as they have to devote some time to the fulfillment of 

conditionalities. This kind of adverse effect have led to introduce changes in the design 

of important welfare programs in USA, as evaluations suggested the existence of an 

important disincentive effect (Moffit, 2002). In Latin America, a considerable number 

of studies have analyzed this aspect, but they have not found evidence of disincentive 

effects on adult labor supply (see Fizbein and Schady, 2009). 

 The second channel refers to the conditionalities. In Fiszbein and Schady (2009) 

the main argument for conditionalities is developed. Basically, it refers to the idea that 

household decisions about children education may respond to misguided beliefs about 

the process of investment in human capital or the returns to those investments, or that 

parents may also discount the future more heavily than they should (“incomplete 
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altruism”). These aspects would result in a lower level of investment in child’s human 

capital, and conditionalities are seen as a way to address these inefficiencies.1  

 Impact evaluations have shown that CCT programs succeeded at increasing 

child school attendance, particularly at the primary school level (see for example, 

ECLAC, 2006; Coady, 2001; Coady and Parker, 2002; Skoufias and Parker, 2001; 

Attanasio et al., 2002), although compliance was difficult and expensive to control. 

These effects were larger in countries with lower initial enrollments. They were also 

concentrated in specific groups such as ethnic minorities, girls, children living in rural 

areas. Evidence regarding the effects on final educational outcomes is scarcer, and 

comes to a great extent from a single experience (Oportunidades in Mexico). 

Apparently, CCTs had a modest impact on years of schooling completed by adults, but 

they do not seem to have affected learning outcomes of children (ECLAC, 2006; 

Fiszbein and Schady, 2009).  

In relation to child labor, the review provided by Fiszbein and Schady (2009) 

indicates that CCTs have been successful in reducing child work, and that favorable 

results are higher among older children. However, other studies show that show that 

child labor was reduced but not to the extent policy designers have originally expected. 

This led to the hypothesis that schooling partly increased at the expense of a reduction 

of child leisure time but not of child work. Ravallion and Wodon (2000) show that in 

the case of Bangladesh, increased school attendance did not imply a reduction of child 

labor but probably reduced the leisure time of children. Idleness has been studied to a 

lesser extent. 

 

2. Poverty, inequality, child labor and school attendance in Uruguay 

 

In this section we present some background information about poverty and 

inequality in Uruguay, and discuss some basic statistics about our main outcomes: 

school attendance and child labor. 

Uruguay is a small middle income Latin American country. It is 50th in the 

Human Development Index global ranking and third among the countries in the 

                                                 
1 The other well known argument for conditionalities refers to the political economy of redistribution 
programs, as citizens tend to support conditional programs. Nevertheless, the arguments for and against 
the imposition of conditions are a debated issue. Some authors consider conditionalities as costly, 
inequitable, inefficient and offensive to basic egalitarian principles (Standing, 2008), whereas others 
highlight their benefits (de Brawu and Hoddinott, 2008). 
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continent (after Chile and Argentina). Its poverty and inequality indexes are among the 

lowest in the region and the PPP-adjusted annual per capita income is currently just 

below US$10,000. Nevertheless, an increasing trend in the incidence of indigence and 

poverty between 1994 and 2005 is documented in many studies (Amarante et al., 2004; 

UNDP, 2008; among others), as well as that of income inequality (UNDP, 2008; Alves 

et al., 2009) (Graph 1). The underlying causes of this erosion on household well-being 

are to be found mainly in the evolution of the labor market performance, the severe 

2002 economic crisis, the scarce amount of public transfers to poor households and the 

existing social safety net, which was largely focused on transfers to the elderly 

population. At the start of PANES (2005), poverty incidence reached 29% of total 

population, being 49.4% for children (0-18 years) (Table A.1). 

 

Graph 1a. Poverty and indigence    Graph 1b. Inequality 
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Source: based on household surveys 

In regard to children aged 3 to 17, the Uruguayan educational system is 

organized in three main blocks: three years of pre-primary school; six years of primary 

education; and six years of secondary education. At 2005, attendance was compulsory 

for children aged 5 years old till completion of the third year of secondary school.2 

Attendance rates for children aged 4 and 5 have increased significantly in the last 

decade, as a result of a reform of the educational system carried out in the mid 1990s.  

Meanwhile attendance rates at primary school are almost universal since the early 

decades of the XX century and have been steady for a long time (Graph 2). The main 

problems at the primary level are repetition and absenteeism (UNDP, 2008).  

                                                 
2 Since January 2009 a new education law establishes as compulsory schooling since 4 years old till 
completion of 6 years of secondary school. 
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Graph 2. Attendance rates to the educational system. Uruguay. 1996-2008 
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Source: based on household surveys 

The main failure of the Uruguayan educational system is located at secondary 

school where drop-out rates have been steady since the 1980 decade. As a result, 

average years of schooling among adults have been growing slowly in the last decades 

(reaching 8.6 years in 2008) and Uruguay’s early achievements in this dimension have 

been surpassed by other Latin American countries (UNDP, 2008). Drop-outs are mainly 

concentrated at lower income strata and mainly affect boys, who also show higher labor 

market participation rates (Bucheli and Casacuberta, 2000).3 The reasons for this high 

school drop-out rates have not been clearly established in the existing literature, which 

shows a high correlation with income shortages and poor socioeconomic conditions.  

The quality of education provided at secondary school is also an issue of present 

concern. Although in the Latin American context Uruguay had a good performance in 

the standard PISA assessment, there is a significant proportion of teenagers that are 

below the minimum required competencies.  

Regarding child labor, the Uruguayan household surveys gather information on 

work status only for children aged 14 to 17 (table 1). They show that the number of idle 

children (do not attend school nor work) is surprisingly high, reaching 24% in poor 

households and 34% in indigent ones. The percentage of children of this age only 

working is relatively low. A proportion of these apparently idle children could be 

engaged in domestic chores.  

                                                 
3 During the crisis, attendance rates in secondary school grew.  
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Table 1.  Socioeconomic characteristics of children (14-17) by income group. Uruguay. 2006 

Income group Attends school
Attends school 

and works 
Only works 

Does not attend 

school and does 

not work 

Hh. under the poverty line 62% 5% 9% 24% 

Hh. under the indigence line 52% 5% 9% 34% 

All households  74% 3% 6% 15% 

Source: based on household survey 

 

In 2006, a special module was attached to the household survey aimed at 

capturing child labor including children under 14 years old. Results indicate that only 

1.5% of children aged 5 to 11 work, whereas the percentage climbs to 9.2 for those 

between 12 and 17 (table 2). 

 

Table 2. Incidence of child labor in Uruguay. 2006 (in percentage) 

 5 to 11 12 to 17 5 to 17 

Montevideo 1.9 7.1 4.5 

Rest of the country 1.4 9.5 5.4 

Total 1.5 9.2 5.4 

Source: Arim and Salas (2007) 

 

 

3. The intervention: PANES 

 

3.1 Characteristics of the program 

 

After the national elections of November 2004, in March 2005 a centre left party 

(Frente Amplio) took power for the first time in Uruguay. The government created a 

new Ministry for Social Development (Ministerio de Desarrollo Social, MIDES) and 

designed and implemented the Plan de Atención Nacional a la Emergencia Social 

(PANES), one of the pillars of its electoral campaign. PANES was a temporary anti-

poverty program that lasted since April 2005 to December 2007. The program 

encompassed two main aims: first, to provide direct assistance to households who had 

experienced a rapid deterioration in living standards since the onset of the 2001-2002 

crisis; and second, in light of rising poverty during the 1980s and 1990s, to strengthen 
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the human and social capital of the poor, to enable them to eventually climb out of 

poverty on their own. Although the program was in principle conditional on children’s 

school attendance and health checks, conditionality enforcement was poor.  

The target population consisted of households belonging to the bottom quintile 

of the income distribution among those below the national poverty line. 95% of 

participant households had children. In all, 102,353 households eventually became 

program beneficiaries, approximately 10% of total households (and 14% of the 

population). Targeting was very successful compared to most Latin American cash 

transfer programs (World Bank, 2007). The total cost of the program - that was financed 

by internal resources - was US$247,657,026, i.e., US$2,428 per beneficiary household. 

On an annual basis, this represents 0.41% of GDP and 1.95% of government social 

expenditures.  

 PANES included several components. The largest element was a monthly cash 

transfer (Ingreso ciudadano, “Citizen income”), whose value was set at US$56 

(UY$1,360 at the 2005 exchange rate), independently of household size. This transfer 

value amounted to approximately 50% of the average pre-program household self-

reported income. Households with children or pregnant women were also entitled to a 

food card (Tarjeta alimentaria), an in-kind transfer that operated through an electronic 

debit card whose monthly value varied between US$13 and US$30. Seventy percent of 

PANES beneficiary households received the food card. Additional but smaller 

components included public works employment opportunities, job training, and health 

care subsidies. 

As originally planned, the program was discontinued in December 2007 and 

replaced by a new system of family allowances that covered both PANES beneficiary 

and non-beneficiary (applicant) households. 

 

3.2 Enrollment and eligibility 

 

Enrollment occurred in two phases. All low income households were publicly 

invited to apply. The application form (F1) recorded the name, sex, age, nationality and 

ID number of all household members and self-reported per capita income. Concurrently, 

the government made a large outreach effort, sending enumerators to poor communities 

in an attempt to boost applications and ensure program take-up among the most 
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deprived households. Application was accepted for the entire period of life of the 

program and rejected households could then reapply. 

The program was means tested: only households with a level of per-capita 

income below approximately US$50 per month were eligible and were subsequently 

visited.4 The income condition disqualified around 10% of initial applicants. 

Eventually, 188,671 applicant households were visited by MIDES personnel and 

administered a detailed baseline survey (F2). The questionnaire of this survey resembles 

a typical household survey, collecting information on demographic and socioeconomic 

characteristics of individuals (age, sex, access to health insurance, education and 

schooling, labor market participation, income), possession of durables and housing 

conditions. 

Among visited households, assignment to PANES was determined using a 

predicted income score that depended on household socioeconomic characteristics 

collected in the baseline survey (F2).5 Since a higher score denotes lower predicted 

income, only households with a score above a predetermined level were assigned to the 

program.6 The decision of using a predicted score rather than income itself was driven 

by a number of factors. First, many households in the objective population had highly 

unstable income flows, so current income was seen as a bad proxy for permanent 

income. Second, because the target population was often employed in the informal 

sector, it was difficult to verify their reported income against Social Security records, 

opening up the possibility of misreporting. By using a wide array of socioeconomic 

characteristics, as opposed to self-reported income, the government also hoped to 

minimize strategic misreporting.  

Similar to other Latin American CCT programs, PANES participation was in 

principle conditional on children's school attendance and health checks. Children aged 6 

to 14 years old were expected to be enrolled and regularly attend school; pregnant 

women had to attend to monthly prenatal controls (plus weekly controls starting from 

week thirty-six of pregnancy) and to three mandatory ecographies; and children aged 0 
                                                 
4 Per capita income was computed as the greatest between Social Security income (excluding non 
contributory benefits, i.e. child allowances and non contributory pensions) and self-declared income. 
5 The income score is based on a probit model of the likelihood of being above a critical per capita 
income level (details can be found in Amarante et al., 2005).  
6 The eligibility thresholds were allowed to vary across the country’s five main administrative regions. 
The regional thresholds were set to entitle similar shares of poor households in each area to the program. 
The regions are: Montevideo, North (Artigas, Salto, Rivera), Center-North (Paysandú, Río Negro, 
Tacuarembó, Durazno, Treinta y Tres, Cerro Largo), Center-South (Soriano, Florida, Flores, Lavalleja, 
Rocha) and South (Colonia, San José, Canelones, Maldonado). 
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to 5 were supposed to comply with the mandatory paediatric checks and vaccinations 

prescribed by the Ministry of Health. Due to scarce inter-institutional coordination, 

conditionalities were de facto not enforced, an issue publicly acknowledged by MIDES 

after the end of the program.  

  

4. Data and methodology 

 

4.1 Data 

 

This report is based on the two waves of a follow-up survey specially designed 

to carry out the impact evaluation of the program, and their combination with the 

administrative records from PANES.   

The administrative records and the follow-up surveys contain information on 

demographic and socioeconomic characteristics of individuals (age, sex, access to 

health insurance, education and schooling, labor market participation, income), 

possession of durables and housing conditions. 

The design of the impact evaluation of the program implied the collection of 

data through a special panel survey to a sample of beneficiaries and non beneficiaries.  

Exploiting the program entrance criteria and considering the lack of information for 

many outcomes of interest (related to opinions, etc.) the main strategy chosen for 

program evaluation was regression discontinuity analysis. 

The first wave of the follow-up survey was carried out between December 2006 

and March 2007, roughly eighteen months after the beginning of the program. To 

exploit the discontinuity design, the original survey sample contained data on 3,000 

households, including both eligible and non-eligible applicants, in the neighborhood of 

the program eligibility threshold score. There was a desire to over-represent eligible 

households, leading the sample to be split between eligible and ineligible households in 

a 2:1 ratio.7 The initial non-response rate was moderate at 30%, so replacement 

households with approximately the same score as the non-response households were 

subsequently interviewed. A second follow-up household survey round was collected 

between February and April 2008, shortly after the temporary PANES program had 

already ended. Attrition is a minor concern, as 92% of households from the first follow-

                                                 
7 This main sample was supplemented with data on 500 eligible households farther away from the 
eligibility threshold, although we do not use these data in this paper. 
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up round were successfully re-surveyed.8 To limit strategic responses, surveyed 

households were not informed about the exact scope of the follow-up surveys. Both the 

survey names and information provided to respondents only referred to the university 

department and neither made specific mention of PANES or the Ministry.9

In order to carry out the differences in differences analysis, we devoted 

considerable effort to merging the administrative records and the follow up surveys. The 

procedure was easy at the household level since all data share the same household 

identification variable. However, there is not a unique identification variable at the 

individual level between datasets, so in order to merge individuals from the 

administrative data with those of the follow-up surveys we had to take several steps.  A 

first step consisted on merging the data using the individual identity card. In a second 

step, we joined the data sets using a combination of variables: household identification, 

individual date of birth and sex. Finally, we merged the data using a combination of 

household identification variable, individual first name and family names. As a result, 

we could merge 7805 cases from a total of 10380 (75%).  

To control for any possible bias generated by the merging process we tested the 

existence of a discontinuity between treatment and control groups taking as dependent 

variable a dummy that indicates if the individual was merged or not. We did not find 

any evidence of discontinuity, allowing us to discard the existence of a bias in the 

merging process and validating the use of the double differences approach (see table 3 

and graph A.1).  

 

Table 3. Effects on merging. Marginal effects coefficient and standard deviation of the 

treatment variable. 

Variable Linear specification Quadratic specification 

0.0209 0.0532 
Merged 

(0.0265) (0.0410) 

Standard errors in brackets* significant at 10%; ** significant at 5%; *** significant at 1%. 

 

 
                                                 
8 The third wave of the follow-up survey is planned to be carried out during 2010. 
9 In addition to information on housing, household composition, durables possession, work, income and 
schooling (as in the baseline survey), the follow-up survey collected information on health, economic 
expectations, knowledge of political, labor and civil rights, trust in a wide set of institutions, participation 
in social groups, people or institutions he/she asks for help when in trouble, opinions about the PANES 
program, and political attitudes, including support for the government.  
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4.2 Methodology 

 

In this section we present the two methods used for the impact evaluation of 

PANES. First, we use a discontinuity regression approach, as the follow-up survey was 

especially designed for this purpose. We also apply a Differences in Differences 

approach to exploit the longitudinal nature of our data. This method was applied using 

the longitudinal data from the administrative records and the second wave of the follow 

up survey. The application of these two alternative methods allows obtaining rigorous 

results about the effects of the program. 

 

a) Discontinuity regression 

 

As described, assignment to PANES among applicant households was done on 

the basis of a predicted income score that depended only on household socioeconomic 

characteristics collected in a baseline survey. Only households with predicted income 

scores above a predetermined threshold were assigned to the program. 

Evidence from previous work on PANES (Manacorda et al., 2009) that focuses 

on the effect of the program on political attitudes shows almost perfect compliance with 

the intended assignment rule. The following graph reports the proportion of households 

ever enrolled in PANES as a function of the standardized score (based on administrative 

data), making it clear that the implementation of PANES was remarkably clean. This 

design provides a credible quasi-experimental variation in assignment to the program 

that lends itself naturally to a sharp regression discontinuity approach. 

 

Graph 3. PANES eligibility and participation 
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To operationalize the Regression Discontinuity Design (RDD) approach, let Si 

be the predicted income score assigned to household i (where a higher score denotes 

lower predicted income) and let E denote the eligibility threshold, such that in principle 

only households with scores above E are eligible for treatment. Let Ni=Si-E be the 

normalized income score. Following Lee and Card (2008), we propose to regress the 

variable of interest for household i, yi, on a constant, an indicator for households above 

the threshold 1(Ni>0), and two parametric polynomials in the normalized score (f(Ni) 

and g(Ni)), on each side of the threshold, such that f(0)=g(0)=0: 

 

(1) yi=!0 + !1 1(Ni>0) + f(Ni) + 1(Ni>0) g(Ni) + X’" + ui 

 

Where X represents additional covariates. The identification assumption for the 

RDD requires that outcome variables are a monotonic function of the score other than 

for the effect of treatment (see for example Imbens and Lemieux, 2008). The potential 

discontinuity in the outcome variables around the discontinuity point will hence 

legitimately be interpreted as the effect of the program. The impact of the program will 

be then captured by !1, i.e., the change in y at the eligibility threshold.  

One drawback of the RDD is that it provides local average treatment effects in 

the neighborhood of the discontinuity point that – in the presence of heterogeneous 

effects - cannot be necessarily generalized to the beneficiaries of the program as a 

whole. 

 

b) Differences in differences 

 

For all the outcomes included in this study, we have data for treatment and 

control groups before and in two moments after the program was implemented. The first 

moment after the program implementation corresponds to the first round of the follow-

up survey, collected eighteen months after the start of the program, and while it still was 

running. The second one corresponds to the second wave of the survey, collected two 

months after the program ended. The results presented in this report correspond to the 

time span between the registration to the program (administrative records) and the 

second follow up survey. 

The availability of panel data allows for the implementation of a difference in 

difference estimation, also known as double difference method. The method essentially 
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compares treatment and control groups in terms of outcome changes over time relative 

to the outcomes observed at a pre-intervention baseline. The method assumes 

unobserved heterogeneity is time invariant, so the potential biases from unobserved 

heterogeneity cancel out through the differentiation. This is known as the parallel trend 

assumption, which means that unobserved characteristics that affect program 

participation do not vary over time with treatment status. 

 Considering two periods, t=0 before the program, and t=1 after the program 

implementation, and the oucomes  and  for the treatment and control groups, the 

double difference method (DD) estimates the average program impact as:  

T
tY C

tY

(2)  )0()1( 101101 #$$#$# TYYETYYEDD CCTT  

Where  reflects the presence of the program at time t=1, whereas 

denotes lack of treatment at time t=1. In this formulation, the effect of the 

program is calculates as the difference between the differences in the observed 

outcomes for treatment and control groups before and after the intervention. The DD 

estimate can also be calculated within a regression framework; the equation can be 

specified as: 

1#T

0#T

tTtT

1

1

(3)  Y itiiit % ! & " '(((( 11

1#T 0

#  

Where  reflects the presence of the program at time t=1, whereas 1 1 #T  

denotes lack of treatment at time t=1. The coefficient ! , corresponding to the 

interaction between the treatment variable and the time variable, gives the average DD 

effect of the program. For the DD estimator to be interpreted correctly, the error term 

must be uncorrelated with the other variables in the equation, and specifically it must 

hold that: 

(4)  Cov 0),( #tTiit 1'  

The regression version of the DD estimator can include covariates (X), but two 

aspects must be taken into account. On the one side, the only helpful strategy would be 

to include time varying Xs. But on the other side, time varying Xs may be affected by 
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the treatment, introducing endogeneity. These aspects must be taken into account when 

introducing the covariates. 

(5) itiiiit XtTtTY % ! & " ) ( '((((# 11  

Where X represents additional covariates. 

 Finally, we combine the two methodologies by including the regression 

discontinuity polynomials interacted with time as a set of control variables in the 

differences in differences regression: 

(6) itiiiit Xt) g(Ni)t(Ni f(Ni)t TtTY ')"&!% (((*((((# 01 11  

5. Main results 

In what follows we explore the effect of PANES on child school attendance and 

child labor and then focus on two explanatory channels: adult labor supply and 

household income. Another potential channel, namely, compliance with conditionalities 

is not addressed here as long as it was previously stated, they were not properly 

controlled.  

 

5.1 Child outcomes: school attendance and child labor 

  

 As previously stated, to evaluate if the program had effects on school 

attendance, we apply two identification strategies: regression discontinuity (RDD) 

analysis and differences in differences (DiD). In the RRD specification, our dependent 

variable indicates if the child attends school, and we consider three alternative 

specifications. The first specification includes the treatment variable and the normalized 

score (in a linear way), the second one adds a quadratic term on that score, and the third 

one includes a set of covariates: sex and age of the child, region of residence, house 

characteristics (floor and roof materials) and characteristics of the household head (sex, 

age and education). In the DiD specification, we report results for the standard diff en 

diff regression, considering household fixed effects, individual fixed effects and 

including the RD polynomial. Time varying covariates are not included to avoid 

endogeneity. 
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 Our results indicate that the program did not have any impact on school 

attendance. We report the coefficient of the treatment variables (marginal effects) in 

table 4. The lack of impact on this outcome is robust to different specifications, and 

persists when considering disaggregated age or sex groups. Consistent with these 

results, no discontinuity appears in the RD graphical analysis (graphs A.2 to A.7). It 

must be noticed that the children assessed in the two identification procedures are not 

exactly the same. 

 

Table 4. Effects on school attendance by age group. Marginal effects coefficient and standard deviation of the 

treatment variable.  

Population 
Linear 

specification 

Quadratic 

specification

Quadratic 

specification 

and controls

Diff in 

diff 

Hh fixed 

effects 

Individual 

fixed 

effects 

Diff in diff 

including 

RD 

polynomial

3 to 5 years old           

0.00526 0.0212 0.0293 0.00555 0.106 0.103 0.0606 
Total 

(0.0616) (0.1028) (0.0853) (0.0867) (0.460) (0.454) (0.0968) 

6 to 17 years old           

0.0379 0.00465 0.00701 0.00138 0.0206 0.0206 -0.0148 
Total 

(0.0292) (0.0404) (0.0123) (0.0170) (0.0156) (0.0140) (0.0381) 

0.0108 -0.0411 -0.00125 -0.00227 0.0176 0.0216 -0.0148 
Boys 

(0.0363) (0.0504) (0.0162) (0.0223) (0.0629) (0.0176) (0.0381) 

0.0656 0.041 0.0125 0.0183 0.0772 0.0734 0.0318 
Girls 

(0.0418) (0.0529) (0.0159) (0.0599) (0.0634) (0.0586) (0.0148) 

6 to 12 years old           

-0.0126 -0.0206 -0.000335 0.00545 0.00642 0.00642 -0.00458 
Total 

(0.0086) (0.0333) (0.0006) (0.00951) (0.00900) (0.00892) (0.0212) 

13 to 17 years old               

0.0827 0.0318 0.141 0.0276 0.0840* 0.0776* 0.0318 
Total 

(0.0605) (0.0897) (0.0986) (0.0445) (0.0469) (0.0438) (0.112) 

Standard errors in brackets  

* significant at 10%; ** significant at 5%; *** significant at 1%.  
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 We estimated the PANES impact on child labor, for children aged 6 to 17. In this 

case, the dependent variable indicates if the child works, and again three different 

specifications were considered. No significant effect is found in any case (table 5), so it 

may be concluded that the intervention did not have any effect on this outcome. The 

graphical analysis is presented in graphs A.8 to A.10. 

 

Table 5. Effects on child labor. Marginal effects coefficient and standard deviation of the treatment variable. 

Population 
Linear 

specification 

Quadratic 

specification

Quadratic 

specification 

and controls

Diff in diff
Hh fixed 

effects 

Individual 

fixed 

effects 

Diff in diff 

including 

RD 

polynomial

6 to 17 years old           

-0.0240 0.0177 0.0136 -0.035 0.021 0.0256 0.01235 
Total 

(0.0277) (0.0442) (0.0291) (0.57) (0.562) (0.0235) (0.0369) 

-0.0369 0.0165 0.00322 -0.0452 0.0132 0.00456 0.00455 
Boys 

(0.0418) (0.0647) (0.0455) (0.582) (0.785) (0.0785) (0.0236) 

-0.0139 0.0130 0.0115 -0.487 0.123 0.0223 0.0228 
Girls 

(0.0279) (0.0458) (0.0308) (0.963) (0.0256) (0.0317) (0.0658) 

6 to 12 years old               

-0.0164 0.00329 0.00493 -0.0523 0.0123 0.00349 0.0102 
Total 

(0.0206) (0.0395) (0.0228) (0.0254) (0.0452) (0.0354) (0.023) 

-0.0271 -0.0605 -0.0648 -0.0325 -0.0605 -0.785 -0.0785 
Boys 

(0.0347) (0.1304) (0.1209) (0.03586) (0.1235) (0.1052) (0.223) 

-0.00358 0.0296 0.0376 -0.00896 0.02967 0.0782 0.0875 
Girls 

(0.0208) (0.0338) (0.0405) (0.0162) (0.03785) (0.0756) (0.055) 

13 to 17 years old               

-0.0109 0.0444 0.0316 -0.12 0.0465 0.0453 0.03123 
Total 

(0.0513) (0.0840) (0.0775) (0.065) (0.78) (0.0785) (0.0853) 

-0.0229 0.0467 0.0563 -0.033 0.0568 0.05689 0.0585 
Boys 

(0.0810) (0.1267) (0.1231) (0.078) (0.1532) (0.235) (0.123) 

-0.0132 0.0285 0.00458 -0.096 0.02356 0.0536 0.05 
Girls 

(0.0536) (0.0847) (0.0834) (0.078) (0.0985) (0.789) (0.0785) 

Standard errors in brackets  

* significant at 10%; ** significant at 5%; *** significant at 1%. 
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5.2 Potential channels: Adult labor market participation and household income 

 

To carry out the analysis of potential impacts on labor market decisions of 

adults, we considered as dependent variables: activity, unemployment, employment, 

hours of work and labor income.  

No significant effects were found on activity, unemployment and hours of work 

(table 6). There is weak evidence of a positive effect on employment from the RDD 

estimation, implying higher probability of having a job for PANES participants. This 

weak effect is found both for men and women, and corresponds to those people leaving 

outside the capital, in the rest of the country. This effect was not found in the first round 

of the evaluation survey, and is not clear in the graphical analysis (graphs A.11 to 

A.34). Moreover, it does not hold for the DiD estimation, so it is not a robust result.  

 

Table 6. Effects on labor market. Marginal effects coefficient and standard deviation of the treatment variable.  

Population and 

variable 

Linear 

specification 

Quadratic 

specification

Quadratic 

specification 

and controls

Diff in 

diff 

Hh fixed 

effects 

Individual 

fixed 

effects 

Diff in diff 

including 

RD 

polynomial

All               

0.0488 0.0568 0.0488 0.0251 0.0193 0.0234 0.0108 
Activity 

(0.0289)* (0.0449) (0.0289)* (0.0194) (0.0189) (0.0187) (0.0421) 

0.00422 -0.0324 -0.0418 0.00189 0.00356 0.00624 -0.0103 
Unemployment 

(0.0157) (0.0271) (0.0312) (0.00860) (0.00926) (0.0106) (0.0175) 

0.0446 0.0863 0.122 0.0232 0.0158 0.0172 0.0212 
Employment 

(0.0267)* (0.0410)** (0.0457)*** (0.0184) (0.0186) (0.0185) (0.0418) 

-1.631 -5.175 -3.686 -0.769 -0.630 -0.796 -2.302 
Hours of work 

(1.888) (2.796)* (2.943) (1.197) (1.276) (1.324) (2.547) 

PANES holders or applicants             

0.0462 0.113 0.0963 0.00846 0.00986 0.00986 -0.0495 
Activity 

(0.0413) (0.0664)* (0.0676) (0.0252) (0.0248) (0.0248) (0.0588) 

-0.00993 -0.0574 -0.0617 0.00755 0.00844 0.00844 -0.0487* 
Unemployment 

(0.0276) (0.0500) (0.0507) (0.0133) (0.0134) (0.0134) (0.0266) 

0.0560 0.163 0.167 0.000908 0.00142 0.00142 -0.000817 
Employment 

(3.885) (5.409) (5.461) (0.0243) (0.0247) (0.0247) (0.0600) 

-2.939 -7.395 -7.172 0.448 -0.286 -0.286 1.329 
Hours of work 

(2.794) (4.228)* (4.270)* (1.595) (1.719) (1.719) (3.362) 

Men               
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!"!#$%& !"!%'(& !"!#)#& 0.0426 0.0471 0.0427 0.0841 
Activity 

*!"!+,#-& *!"!%!'-& *!"!%+'-& (0.0279) (0.0290) (0.0289) (0.0682) 

!"!(!.& /!"!!($'& /!"!!(.+& -0.00599 -0.00750 -0.00177 -0.0196 
Unemployment 

*!"!$+'-& *!"!.$(-& *!"!.!!-& (0.0131) (0.0152) (0.0155) (0.0291) 

!"!.(+& !"!%)$& !"!)#$& 0.0486* 0.0546* 0.0444 0.104 
Employment 

*!"!.$!-& *!"!%%(-& *!"!)!!-& (0.0286) (0.0304) (0.0300) (0.0698) 

!"!)'$& $"$%$& ("#+%& -0.420 -0.358 -0.266 -0.391 
Hours of work 

*(".#)-& *$"+%#-& *$"!,$-& (1.767) (1.898) (1.863) (3.913) 

Women               

!"!+,#& !"!%+#& !"!'!(& -0.00600 0.00356 0.00799 -0.0424 
Activity 

*!"!+%+-& *!"!#%'-& *!"!#'!-& (0.0236) (0.0240) (0.0244) (0.0567) 

/!"!!#('& /!"!%$#& /!"!%,!& 0.00443 0.00651 0.00742 0.00217 
Unemployment 

*!"!$%,-& *!"!.%+-& *!"!.)'-& (0.0132) (0.0142) (0.0151) (0.0352) 

!"!..,& !"(('& !"(#+& -0.0104 -0.00295 0.000575 -0.0271 
Employment 

*!"!+%!-& *!"!##.-00& *!"!##,-000 (0.0229) (0.0235) (0.0238) (0.0545) 

/!"!!#('& /!"!%$#& /!"!%,!& -0.999 -1.347 -0.894 -2.302 
Hours of work 

*!"!$%,-& *!"!.%+-& *!"!.)'-& (1.749) (1.935) (1.974) (2.547) 

Montevideo               

0.158 0.114 0.0976 0.219** 0.0834 0.0321 0.219** 
Activity 

(0.0667)** (0.0972) (0.0995) (0.103) (0.0517) (0.0491) (0.103) 

0.0494 0.0765 0.0849 0.0665 -0.0128 -0.00394 0.0665 
Unemployment 

(0.0370) (0.0464)* (0.0475)* (0.0453) (0.0218) (0.0261) (0.0453) 

0.105 0.0164 0.00117 0.152 0.0962* 0.0360 0.152 
Employment 

(0.0574)* (0.0785) (0.101) (0.103) (0.0509) (0.0477) (0.103) 

1.847 -4.062 -2.789 3.48 3.078 4.197 4.371 
Hours of work 

(3.885) (5.409) (5.461) (2.861) (3.468) (3.305) (5.957) 

Rest of the country               

0.0322 0.0545 0.0636 -0.0307 0.00739 0.0221 -0.0307 
Activity 

(0.0326) (0.0525) (0.0519) (0.0461) (0.0201) (0.0201) (0.0461) 

-0.00408 -0.0603 -0.0802 -0.0251 0.00638 0.00802 -0.0251 
Unemployment 

(0.0173) (0.0317)* (0.0370)** (0.0191) (0.0102) (0.0116) (0.0191) 

0.0362 0.109 0.146 -0.00558 0.00101 0.0141 -0.00558 
Employment 

(0.0300) (0.0471)** (0.0513)*** (0.0458) (0.0198) (0.0200) (0.0458) 

-2.539 -6.275 -5.337 -0.962 -1.426 -1.534 -2.452 
Hours of work 

(2.145) (3.336)* (3.488) (1.406) (1.479) (1.489) (2.996) 

Standard errors in brackets  

* significant at 10%; ** significant at 5%; *** significant at 1%. 
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Our results indicate that the program did not have any effect on personal labor 

income (people older than 20); no significant difference is found between beneficiaries 

and non beneficiaries around the threshold. This result is robust to different 

specifications, and persists when only men or women are considered, as well as when 

people living in the capital of the country (Montevideo) or in other geographical areas 

are considered separately (table 7). The RDD graphical analysis is presented in graphs 

A.35 to A.39. 

 

Table 7. Effects on personal labor income. Marginal effects coefficient and standard deviation of the treatment 

variable (people older than 20). 

Population 
Linear 

specification 

Quadratic 

specification

Quadratic 

specification 

and controls

Diff in 

diff 

Hh fixed 

effects 

Individual 

fixed 

effects 

Diff in diff 

including 

RD 

polynomial

-0.0778 -0.125 0.0162 0,02520* 0,007929* -0.08841 -0.6813 
Total 

(0.0823) (0.133) (0.112) (0.1406) (0.0382) (0.04021) (0.07555) 

-0.129 -0.110 -0.0219 0.1714 -0.407 -0.3913 -0.2078 
Women 

(0.108) (0.178) (0.161) (0.5576) (0.7178) (0.5886) (0.1146) 

-2.03e-05 -0.0497 0.0607 -0.156 0.342 0.6043 -0.1417 
Men 

(0.112) (0.182) (0.139) (0.1221) (0.138) (0.2294) (0.2316) 

-0.145 -0.372 -0.300 0.250* 0.1924 -0.1515 0.3942 
Montevideo 

(0.206) (0.305) (0.246) (0.1406) (0.1594) (0.2817) (0.2846) 

-0.0675 -0.0415 0.0704 -0.4605 -0.1745 -0.1988 -0.8414 
Rest of the country 

(0.0887) (0.147) (0.127) (0.5914) (0.6214) (0.8631) (0.1162) 

Standard errors in brackets  

* significant at 10%; ** significant at 5%; *** significant at 1%. 

 

Finally, we test the impact of PANES on three household income measures: per 

capita total income, per capita labor income and per capita transfer income.10 No 

discontinuity was found in any of the analyzed variables (table 8 and Graphs A.40 to 

A.42).  The results obtained in Amarante et al. (2008) for the first follow-up survey 

were in general similar to the ones reported here with the exemption of income, where a 

negative effect among PANES recipients was found. As long as no labor market effects 

were found, that income reduction could potentially obey to underreporting by 

beneficiary households. 

                                                 
10 Note that household income does not include the cash transfer since at the time the second follow-up 
survey was carried out PANES had already ended.  
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Table 8.Effects on per capita household income. Marginal effects coefficient and standard deviation of the 

treatment variable (people older than 20). 

Variable 
Linear 

specification 

Quadratic 

specification

Quadratic 

specification 

and controls

Diff in 

diff 

Hh fixed 

effects 

Individual 

fixed 

effects 

Diff in diff 

including 

RD 

polynomial

-0.0738 -0.00811 -0.0107 -0.148 -0.1515 -0.2589 -0.365 Per capital total 

household 

income (0.0647) (0.0999) (0.0952) (0.0537) (0.0875) (0.2792) (0.523) 

-0.0762 -0.0687 -0.0769 -0.289 -0.47 -0.568 -0.592 Per capita labor 

household 

income  (0.0921) (0.156) (0.156) (0.0975) (0.25156) (0.2365) (0.254) 

0.0594 -0.0335 0.0192 0.0567 -0.895 0.5689 0.256 Per capita 

transfer hh 

income  (0.105) (0.163) (0.149) (0.248) (0.265) (0.0567) (0.458) 

Standard errors in brackets  

* significant at 10%; ** significant at 5%; *** significant at 1%. 

 

 

7. Conclusions 

 

In this report we analysed the effects of a CCT program on child labor and 

school attendance for children aged 6 to 17 and two potential channels established in the 

existing literature: labor market outcomes, considering adult labour supply and income; 

and total household income.  

Our results indicate that the program did not have any effect on child school 

attendance and child labor, neither for all children nor across specific groups by age or 

sex. Consistent with findings on child labor and school attendance, we did not find any 

effect on labor market attachment and on household income.  

Results on child school attendance are not surprising for children at primary 

school age, as attendance is almost universal at that level in Uruguay. For children at 

secondary school, our evidence suggests that either the amount of the transfer was not 

enough as an incentive to foster secondary school attendance or that other variables 

rather than income are related to this decision. It must also be kept in mind that 

conditionalities were not monitored, although this was not supposed to be known by 

beneficiaries. The result concerning the effects on secondary school attendance is 

relevant for the future design of policies in Uruguay, as conditional cash transfer 
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programs are visualized as a tool for fostering attendance at this level. Our results 

suggest that the transfer amount should probably be considerable higher to influence 

schooling decisions at the household level.  

Our findings also illustrate about the specificity of different interventions in 

different countries, and the risks of generalizations about successful policies. Policy 

debate tends to refer to broad policy aspects and to some well-known experiences in the 

region. The specific features of the interventions in a middle income country like 

Uruguay and its impacts provide some insights into how the role of these policies may 

vary in different contexts.  
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Annex 

  

Table A.1. Poverty incidence by age. 1990-2008. 

Year 0-5 6-12 13-17 0-17 18-64 
More 

than 65 
Total 

1990 49,6 46,7 41,6 46,0 24,3 15,0 29,6 

1991 41,1 39,8 33,0 38,0 19,1 9,7 23,3 

1992 37,8 36,6 29,5 34,6 16,1 6,7 20,2 

1993 32,5 31,2 26,7 30,1 13,4 5,5 16,9 

1994 30,5 28,6 24,0 27,7 11,9 4,1 15,1 

1995 34,3 32,1 25,9 30,9 14,0 5,0 17,3 

1996 35,3 31,8 25,6 31,0 13,6 4,8 17,0 

1997 36,1 30,3 25,6 30,7 14,1 4,8 17,1 

1998 34,7 29,2 26,7 30,1 13,1 4,1 16,7 

1999 32,9 29,2 23,4 28,4 12,4 3,4 15,7 

2000 37,7 32,0 25,9 31,7 14,4 3,8 17,8 

2001 38,3 35,4 27,7 34,0 15,3 3,9 18,8 

2002 46,5 41,9 34,6 41,1 20,3 5,4 23,6 

2003 56,5 50,2 42,8 49,8 27,8 9,7 30,9 

2004 56,5 53,7 45,0 51,9 28,7 10,8 32,1 

2005 54,1 51,0 42,8 49,4 25,8 9,2 29,4 

2006 48,6 47,6 40,0 45,6 22,6 7,7 26,8 

2007 46,4 46,5 39,7 44,5 21,3 6,9 25,8 

2008 38,4 36,8 32,1 35,8 17,1 6,0 20,6 

Source: based on household surveys 
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Table A.2. Poverty and informality. 2003-2008. 

Distribution of informal workers 
Year 

Poor Non poor Total 

Rate of 
informality 

(poor 
workers) 

Rate of 
informality 
(non poor 
workers) 

Rate of 
informality 

(total) 

2003 40,7 59,3 100,0 67,5 30,7 39,5 
2004 41,9 58,1 100,0 68,6 31,5 40,7 
2005 38,6 61,4 100,0 68,3 30,5 38,7 
2006 35,5 64,5 100,0 64,6 27,8 34,9 
2007 35,0 65,0 100,0 65,8 27,4 34,4 
2008 29,8 70,2 100,0 68,2 27,0 32,9 

Source: based on household surveys 
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Graph A.1. Discontinuity on the variable indicating merging 
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Graph A.2. School attendance 6 - 17 Graph A.3. School attendance 6 -17. Women Graph A.4. School attendance 6 -17. Men 
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Graph A.5. School attendance 3-5 Graph A.6. School attendance 13-17. Graph A.7. School attendance 6-12. 
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Graph A.8. Child labor 6-17 Graph A.9. Child labor 6-17. Women Graph A.10. Child labor 6-17. Men 
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Graph A.11. Activity. Graph A.12. Activity. Recipients. Graph A.13. Activity. Men. 
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Graph A.14. Activity. Women. Graph A.15. Activity. Rest of the country         Graph A.16. Activity. Rest of the country 
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Graph A.17. Employment Graph A.18. Employment. Recipients. Graph A.19. Employment. Men. 
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Graph A.20. Employment. Women. Graph A.21. Employment. Rest of the country Graph A.22. Employment. Montevideo. 
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Graph A.23. Unemployment.  Graph A.24. Unemployment. Recipients. Graph A.25. Unemployment. Men 
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Graph A.26. Unemployment. Women Graph A.27. Unemployment. Rest of the country. Graph A.28. Unemployment. Montevideo 
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Graph A.29. Hours of work.  Graph A.30. Hours of work. Recipients        Graph A.31. Hours of work. Men 
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Graph A.32. Hours of work. Women Graph A.33. Hours of work. Rest of the country   Graph A.34. Hours of work. Montevideo 
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Graph A.35. Personal labor income.  Graph A.36. Personal labor income. Men.        Graph A.37. Personal labor income. Women 
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Graph A.38. Personal labor income. Montevideo. Graph A.39. Personal labor income. Rest of the 

country  
 Graph A.40. Per capita total household income 
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 Graph A.41. Per capita labor household income Graph A.42. Per capita transfer household income 
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