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Abstract 

This thesis empirically investigates the impact of the conditional cash transfer Jun-

tos in Peru on the time allocation of beneficiary children, and unpaid child labour 

in particular. While Juntos is designed to incentivise school attendance and indi-

rectly lower child labour, previous evidence demonstrates that beneficiary children 

engage more in unpaid activities in family businesses and agriculture. Applying a 

matching difference-in-difference approach which controls for both observable and 

unobservable characteristics to the Young Lives dataset, I confirm the previous 

evidence and find significant gender differentials in the time allocation of program 

beneficiaries. Beneficiaries spend on average 19 minutes more per day performing 

unpaid tasks while the driving force is the increased work participation of girls. 

While girls tend to combine working and schooling adjusting leisure accordingly, 

boys seem to compensate the additional time working by reducing their school 

attendance.    

 

Keywords:  Conditional Cash Transfer, Impact Evaluation, Unpaid Child La-
bour, Matching Difference-in-Difference 

JEL: J13, J16, J22, I38 
 
 
 
 
 
 
The data used come from Young Lives, a longitudinal study of childhood poverty 
that is tracking the lives of 12,000 children in Ethiopia, India (Andhra Pradesh), 
Peru and Vietnam over a 15-year period www.younglives.org.uk. Young Lives is 
funded by UK aid from the Department for International Development (DFID) and 
co-funded by the Netherlands Ministry of Foreign Affairs from 2010 to 2014 and 
by Irish Aid from 2014 to 2015.  
 
The views expressed here are those of the author. They are not necessarily those of 
the Young Lives project, the University of Oxford, DFID or other funders. 
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1 Introduction 

An estimated 208 million children between 5 and 17 years are in employment world-

wide (ILO, 2017). Early employment is thought to have detrimental short and long-term 

consequences on the children’s life, impeding human capital accumulation in school and 

affecting mental and physical health. Beyond the direct effects, child labour has negative 

externalities and is linked to slow economic growth and social development. Thus, the 

eradication of child labour is a policy objective of many developing countries seeking to 

spur economic development. The literature on child labour usually focuses on paid mar-

ket work. Nevertheless, child labour is a complex phenomenon which encompasses a wide 

range of activities including unpaid tasks in family businesses and agriculture. Since the 

vast majority of affected children work for their parents, the emphasis on paid work 

likely underestimates the real extent of child labour in developing countries. By focusing 

on unpaid tasks in form of employment in family businesses, agriculture and production 

of handicrafts, this thesis contributes to the sparse literature and improves the under-

standing of the time allocation of working children. 

The complexity of the child labour phenomenon requires that public policy responses 

be well designed. Simply banning child labour by law is unlikely to yield unambiguously 

positive results for the children’s welfare, since many poor households crucially rely on 

the extra income. A promising alternative are conditional cash transfers (CCT), which 

are social protection interventions often targeted towards children and seeking to break 

the intergenerational transmission of poverty: conditional on the adherence of certain 

behavioural requirements in the area of health and education, beneficiary households 

receive a monetary transfer. Although lowering the incidence of child labour is rarely the 

prime policy objective, CCTs are thought to have an indirect effect on the latter. By 

relaxing the budget constraint of poor households while also lowering the opportunity 

costs of school attendance, CCTs may play a powerful role in the combat of child labour.   
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This thesis investigates the impact of the conditional cash transfer Juntos in Peru, a 

country where poverty is prevalent and the child labour incidence is among the highest 

in Latin America. While general evidence suggests that CCTs are effective in reducing 

child labour, existing research on Juntos is inconclusive but suggests that program ben-

eficiary children are more likely to engage in wage work and spend more time on unpaid 

tasks at home. I use the Young Lives dataset, a longitudinal study of childhood poverty 

which contains detailed information of the time allocation of children, to test whether 

these adverse results hold. By focusing on the transmission channels and considering 

gender differentials in the impact of Juntos on the time allocation of beneficiary children, 

this thesis adds to the existing literature. 

Since Juntos was initially not designed to be evaluated, beneficiaries were not selected 

randomly but following a three-stage targeting procedure. Relying on the combination of 

two quasi-experimental impact evaluation techniques, this thesis applies a matching dif-

ference-in-difference approach which controls for observable and time invariant unob-

servable characteristics in identifying the causal treatment effects of the cash transfer.   

The remainder of this thesis is organized as follows: Section 2 offers a succinct review 

of the existing literature on (unpaid) child labour, the impact of CCTs on child labour 

and the effects of the Peruvian CCT Juntos in particular. In addition, background infor-

mation about the design, objectives and targeting mechanisms of Juntos are outlined. 

Drawing from the literature, the theoretical framework, research questions and corre-

sponding hypotheses are formulated in Section 3. In Section 4, I outline the research 

methodology of this thesis by explaining both the data and the identification strategy. 

In Section 5 results are presented, transmission mechanisms and channels discussed and 

gender differentials provided. Section 6 concludes. 
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2 Background 

2.1 Child labour 

Child labour is a complex phenomenon which is prevalent in many developing econo-

mies and caused by a variety of factors. In a seminal paper Basu and Van (1998) define 

poverty as the key determinant of child labour and propose the luxury hypothesis, ac-

cording to which altruistic parents see child leisure as a luxury good. Consequently, child 

labour enters the family welfare function as a bad, but is relied upon to meet the sub-

sistence need. Challenging the luxury hypothesis Bhalotra and Heady (2003) propose the 

wealth paradox, based on the empirical observation that children of land-rich households 

are more likely to work than children of households lacking those productive assets. Basu 

et al. (2010) suggest that the relationship between poverty and child labour is non-linear 

and best described by an ‘inverted U’-shape, which first increases with household wealth 

in form of land holdings or family businesses and declines after a certain point when the 

income effect dominates.  

Market imperfections in developing economies are closely related to poverty and 

thought to be a key determinant of child labour. Poor households are often considered 

to lack formal access to insurance services and credit markets due to the absence of 

collaterals and poor financial infrastructure (Banerjee & Duflo, 2011; Karlan & Morduch, 

2010). Credit market and insurance imperfections might influence child labour decisions 

in the household through two channels. First, they prevent the household to borrow 

against the future returns to education (Baland & Robinson, 2000). Second, they hinder 

agrarian households from borrowing against the next crop cycle which leaves child labour 

as the only coping strategy (Edmonds & Pavcnik, 2005).  

In Peru, as a result of extensive poverty and a constitutional legal minimum working 

age of 12 years, almost one in four children (22 per cent) between 5-17 years are classified 
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as child labourers (UNICEF, 2017).1 Even though the child labour incidence in Peru is 

among the highest in Latin America (LA: 11 per cent), limited research is available. 

Focusing on the determinants of child labour in Peru and Pakistan, Ray (2000) finds 

that a decrease in the average adult male wage level results in higher child labour. In 

addition, he finds no evidence of the luxury hypothesis in his data, a finding which is 

supported by Gahlaut (2011) who doesn’t find an increase of child labour as a result of 

economic shocks.  

Even though economic causes tend to dominate the literature on the determinants of 

child labour, paternal and cultural preferences as well as the perception of school quality 

may influence household decisions. Gahlaut (2011) provides evidence for Peru that the 

aspirations parents have for their child in terms of years of schooling significantly de-

creases the likelihood of the child being a child labourer while Brown (2001) finds that 

poor school quality is the biggest factor explaining participation of children in the work-

force.  

2.2 Unpaid child labour  

Child labour is a complex phenomenon which appears in various forms. While the 

majority of the literature focuses on the determinants of salaried market work, only a 

fraction of the working children receives wages. Contrary to the popular believe that 

most child labourers work in factories under hazardous conditions, parents are the major 

employer of children in developing economies (Edmonds, 2008). In fact, only 2.5 per cent 

of the children in the Young Lives dataset are engaged in paid activities. Summarized 

by the wealth paradox, children are more likely to work when the household has access 

to land or owns a family business. In those cases, poor households might consider child 

labour a complement rather than a substitute to productive assets. Imperfect labour and 

land markets are considered as the main determinants of why parents put their children 

                                       
1 For a definition of child labour and data see UNICEF (2017). 
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to work (see Basu et al., 2010; Bhalotra & Heady, 2003). In a detailed analysis of this 

type of ‘hidden work’ in Africa and Asia, Webbink et al. (2010) find that household level 

factors, including socio-economic and demographic factors, best explain the variation of 

children’s engagement in unpaid tasks in family businesses and household chores.  

The one-dimensional focus of policy makers and researchers on wage work tends to be 

misleading and likely to systematically underreport the extent of children working in 

developing countries. Since boys are more likely to engage in paid market work, this is 

especially the case for girls’ engagement (Basu & Tzannatos, 2003; Dammert et al., 2017; 

De Hoop & Rosati, 2014; Ilahi, 2001). Considering paid work and unpaid housework, 

Ilahi (2001) specifically focuses on gender differentials in child labour incidence in Peru. 

In particular, she provides evidence confirming the luxury hypothesis for paid work but 

rejects it for unpaid household chores and family tasks, strengthening the wealth paradox 

argumentation. Since girls work more in households and boys tend to engage in work 

outside the home, her findings reveal interesting gender aspects of child labour and the 

need to approach the phenomenon with a broad definition. 

2.3 Conditional cash transfers, schooling and child labour  

It is well established that early employment as a child labourer has long-lasting direct 

consequences on the individual level and might affect the economic development of coun-

tries. Intentions to reduce child labour have let to popular calls for legal bans of the same 

and trade sanctions/consumer boycotts against products relying on child labour 

(Edmonds, 2008). Nevertheless, since most children are employed by their parents and 

engaged in non-market agricultural activities, these actions fail to reach a large part of 

the affected children. Furthermore, even if a ban of child labour could be effectively 

implemented and enforced, the welfare of children could be worsened since they would 

be exposed to more severe poverty as a consequence (Basu & Van, 1998). In the light of 

these possibly adverse effects policy makers need to address the root causes of child 

labour directly and not only the symptoms to combat the phenomenon effectively. 
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A promising pathway towards the eradication of child labour in developing countries 

are conditional cash transfers, which are social protection interventions experiencing a 

rapid growth in popularity – especially in Latin America – since the 2000’s. Even though 

the majority of CCTs have not included the reduction of child labour as a direct policy 

objective, their design and functioning might affect the complex child labour phenomenon 

indirectly. CCTs provide an income transfer to targeted households conditional on the 

receiving household adhering certain behaviours in the area of health (e.g. health check-

ups and vaccinations) and human capital accumulation (e.g. regular school attendance 

of children living in the household). Hence, CCTs provide the family with additional 

income which relaxes the household budget constraint, and additionally lower the relative 

price of schooling compared to alternative time uses through the conditionality.   

The theoretical effectiveness of CCTs in reducing child labour relies on the strong 

assumption that schooling and child labour are substitutes. Following this assumption, 

the promotion of school attendance thus automatically reduces child labour. Even though 

this assumption is compelling in its simplicity, schooling and work are not mutually 

exclusive and can be combined by adjusting leisure time accordingly. When evaluating a 

Bangladeshi enrolment subsidy Ravallion and Wodon (2000) observe increased enrolment 

but only a marginal reduction in child labour due to the fact that parents substitute 

leisure instead of labour. What’s more, Cardoso and Souza (2004) find that children tend 

to combine schooling and working when the cash transfer is too small to provide an 

incentive to forgo the labour income.  

According to De Hoop and Rosati (2014), the possible channels through which CCTs 

are expected to affect child labour are a) changes in the propensity to attend school and 

b) by modifying the returns to child labour. If school participation of the child is not 

affected (child would be in school independent of the transfer) and the transfer is con-

sumed by the household (only income effect) then child labour should decrease uncondi-

tionally. If school participation is positively affected, leisure or working will be reduced 
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in order to attend school. When working is reduced, consumption might decrease. From 

this framework, the change in child labour is undetermined since consumption and leisure 

are reduced and the final outcome depends on the relative utility of both. In both cases 

the impact of the cash transfer on child labour depends crucially on whether the house-

hold is consuming the transfer or investing it in productive assets which may increase 

the return on child labour. 

The empirical evidence of the impact of CCTs on child labour is limited and not as 

conclusive as it is on schooling outcomes such as attendance, attainment and perfor-

mance. Skoufias and Parker (2001) provide evidence that beneficiary children of the 

Mexican CCT Progresa/Oportunidades increase their school participation which is ac-

companied by a significant, albeit smaller reduction of participation in work activities. 

Interestingly, they find that this reduction is less pronounced for girls. Similarly, evalu-

ating the Ecuadorian CCT Bono de Desarrollo Humano, Schady and Araujo (2006) ob-

serve that participation in the program increases the likelihood of school participation 

and significantly decreases the likelihood of working as a child. In a detailed meta-anal-

ysis of cash transfer evaluations, De Hoop and Rosati (2014) find broad evidence that 

program participation generally lowers both children’s participation in child labour and 

their hours worked. In addition, they state that CCTs serve as effective safety nets ab-

sorbing economic shocks which may lead households to resort to child labour as a coping 

strategy. What’s more, they find interesting gender heterogeneity in the data: while boys 

experience a strong decrease of economic activities girls experience such decrease in 

household chores. Emphasising the latter, Skoufias and Parker (2001) for instance 

provide evidence that Progresa/Oportunidades participation led to a sigificant reduction 

in economic activities for boys but not for girls, who tend to combine schooling and 

working by adjusting leisure time accordingly. 
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The empirical research on the impact of Peru’s CCT Juntos on child labour and time 

allocation of children is rather limited compared to the voluminous body of CCT evalu-

ations. Perova and Vakis (2009) were the first who quantitatively evaluated the impact 

of Juntos on a variety of key child welfare indicators based on the Peruvian household 

survey ENAHO. They find a positive impact of Juntos on school enrolment albeit only 

at the transition from primary to secondary school, as a result of the already high initial 

enrolment and attendance rates in Peru. Furthermore, their findings suggest that bene-

ficiary children are more likely to have worked the previous week compared to non-

beneficiary children. When evaluating the program five years after its implementation 

they substantiate their previous findings and observe that longer exposure to the cash 

transfer increases the likelihood of being a child labourer (Perova & Vakis, 2012). Draw-

ing on qualitative interview data from the Young Lives study Jones et al. (2008) find 

that Juntos participation changes the time allocation of children in the sense that they 

perform more unpaid household chores on weekends. Escobal and Benites (2012) are the 

first to make use of the Young Lives dataset when quantitatively evaluating the impact 

of Juntos on children’s welfare. They provide evidence that Juntos beneficiary children 

engage less in paid economic activities but shift their free time towards unpaid tasks. 

Since no changes in the time allocation of studying, time in school or leisure are found, 

the authors argue that beneficiary households substitute paid for unpaid work at home.  

Johansson and Rondeau (2015) provide in their thesis paper evidence that when the cash 

transfer was partially invested in family businesses, employment opportunities for chil-

dren at home were created, thus increasing unpaid child labour.  

2.4 The conditional cash transfer Juntos in Peru  

The Peruvian conditional cash transfer Programa Nacional de Apoyo Directo a los Más 

Pobres, short Juntos, constitutes the country’s largest social protection intervention 
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(0.13% GDP) focused on childhood welfare.2 It was designed with close reference to the 

previously started CCTs in the region, among others Progresa/Oportunidades in Mexico, 

Chile Solidario in Chile and Bolsa Familia in Brazil. The short term objective is the 

targeted relieve of monetary poverty as well as increased access to public health and 

educational services to the country’s poor (Sánchez & Rodríguez, 2016). Regarding the 

long-term objective, cash transfers conditional on educational attainment aim at promot-

ing human capital accumulation which eventually enables the beneficiary child to break 

the intergenerational transmission of poverty. Even though the reduction of the child 

labour incidence is not a direct policy objective of Juntos, it has been argued that the 

design of conditional cash transfers implicitly aims at this policy objective, as outlined 

above.  

Conditional on the adherence of a set of behavioural requirements in the area of nutri-

tion, health and education outlined in Table 1, beneficiary households received the bi-

monthly lump-sum payment of 200 Nuevos Soles (equivalent to US$ 133 in PPP terms3), 

which represents approximately 16 per cent of the beneficiary household income in the 

Young Lives dataset in 2013.   

 
Table 1: Juntos conditionalities  

Target group  Conditionality  

Children under 3 years Attendance regular health checks, vaccinations  
Children aged 6 - 14 years School attendance at least 85 per cent of the year 
Pregnant women Pre-and post-natal health checks  

Source: authors’ compilation.  
 

In contrast to other conditional cash transfers in the region (e.g. Progresa/Oportuni-

dades), Juntos wasn’t originally designed to be evaluated. Program beneficiaries were 

                                       
2 See Sánchez and Rodríguez (2016) for a detailed description of the conditioal cash transfer Juntos.  
3 The PPP exchange rate is based on the ICP calculation for 2013 (Peru Nuevos Soles: 1,504 [US$: 1,00]). 
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thus not selected randomly but identified following a three-step procedure.4 The first 

stage was geographical focalization of poor districts based on a poverty index calculated 

taking into account the prevalence of unsatisfied basic needs, the levels of child malnu-

trition, poverty gaps and exposure to political violence in the previous decade (Sánchez 

& Rodríguez, 2016). Based on this score, a total of 638 districts were gradually incorpo-

rated within the first expansion phase (2005-2007), with the poorest districts given pri-

ority. Within each selected district, the second stage included individual targeting based 

on the Sistema de Focalizacion de Hogares (SISFOH), where the eligibility was deter-

mined taking into account the following household characteristics: the ratio of illiterate 

women, the rate of minors (6-14) that don’t attend school, access to industrial sources of 

fuel, dwelling characteristics and access to public services. In a third stage, preselected 

and eligible households were verified by a community validation process in order to min-

imize both inclusion and exclusion errors.  

The program was first introduced in late 2005 and subsequently rolled out in two 

expansion phases (2005-2007, 2011-2014). During the first expansion phase, 70 districts 

were incorporated in 2005, 250 in 2006 and 318 in 2007, cumulating in 638 at the end of 

2007 (373.000 beneficiary households). In 2008-2009, no new districts were incorporated 

but the program intensified within the selected districts. At the end of the second expan-

sion phase, 1143 districts in 15 departments and 834.000 households were direct benefi-

ciaries of Juntos (Sánchez & Rodríguez, 2016).  

3 Theoretical expectations and hypotheses 

As outlined in the previous section, the impact of CCTs on child labour is a priori 

undetermined and depends on the size of the transfer, whether the propensity of school 

attendance is affected, the relative return of child labour and whether schooling and 

                                       
4 See Escobal (2012) and Sánchez & Rodríguez (2016) for a detailed description of the targeting mechanisms into 
Juntos.  
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labour are substitutes. While the vast majority of empirical research finds that the in-

come and substitution effects dominate the possible increase of child labour though in-

vestments in productive assets (see De Hoop & Rosati, 2014), previous research about 

Juntos provides a different picture. This motivates the subject of this thesis. Since CCTs 

are generally considered as a cost-effective public policy directed at increasing children’s 

welfare, a careful examination of potentially unintended and harmful consequences is of 

great relevance to policy makers in order to gradually improve the effectiveness of cash 

transfers by adjusting their design according to the empirical findings. 

Furthermore, while the effect of early labour market participation has attracted con-

siderable attention from researchers and policy makers, the literature on unpaid child 

labour in the form of tasks and household chores remains sparse. The narrow focus on 

paid work likely underestimates the extent to which children engage in working activities 

in developing economies and thus presumably results in biased public policy responses 

missing important fractions of potential beneficiaries. Due to a narrow definition of child 

labour and data constraints, little empirical research on the impact of CCTs on the time 

allocation – specifically unpaid tasks in family businesses and agriculture as well as and 

household chores – currently exists. Since boys are more likely to engage in paid market 

work while girls spend more time doing household chores and caring for others, the nar-

row focus on paid child labour of most impact evaluations is likely to report a biased 

picture of the complex reality (De Hoop & Rosati, 2014). Specifically, the extent to which 

girls engage in activities which could hinder their human capital accumulation is likely 

to be underreported. 

 

Given these shortcomings in the literature on unpaid child labour, this thesis 

contributes to the literature by answering the following research questions:   
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What is the impact of Juntos on the time allocation on beneficiary children com-
pared to non-beneficiary children? Specifically, what is the effect of Juntos on un-
paid tasks in family businesses/farms and the impact on household chores? What 
are the effects of Juntos on time spent at school and leisure? Are there notable 
gender differences? 
 

Based on the findings of the literature review, I derive the following hypotheses:  

1. Paid work decreases since the cash transfer relaxes the budget constraint of the 

households.  

2. Unpaid child labour increases due to the investment of parts of the cash transfer 

in productive assets.  

3. No increase of household chores as an effect of program participation.  

4. No increase in the time that beneficiary children spend in school due to the 

already exceptionally high enrolment rates prior to Juntos.  

5. Existence of gender differentials in the time allocation of beneficiary children 

and differences in how they combine unpaid labour, leisure and schooling: girls 

will combine working and schooling adjusting leisure accordingly, while boys 

might reduce schooling or leisure to compensate for the increase in time spent 

working.   

4 Methodology  

4.1 Data 

This thesis draws upon the Peruvian sub-sample of the Young Lives Study, an inter-

national panel-study of the causes and consequences of childhood poverty financed by 

DFID, supervised by the University of Oxford and implemented by GRADE in Peru. It 

follows 2700 households over a 15-year timespan, with four survey-rounds currently being 

available (2002, 2006, 2009, 2013). The younger cohort consists of 2052 children aged one 

in the first survey round and aged twelve in 2013, while the older cohort consists of 714 
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children aged eight in the first and 19 in the last survey round. Compared to other similar 

panel studies, attrition is comparably low and although drop outs are to a certain extend 

non-random, it is highly unlikely that they will generate a noticeable attrition bias when 

used for impact evaluations (Outes-Leon & Dercon, 2008). Table 2 represents the basic 

structure of the Young Lives study in Peru. 

 

Table 2: Structure of the Young Lives Panel  

  Younger Cohort  Older Cohort 
Round  2002 2006 2009 2013  2002 2006 2009 2013 

N  2052 1963 1942 1879  714 685 675 585 
Juntos  0 104 353 430  0 29 74 50 
Mean age   1.00 5.25 7.95 11.92  7.98 12.35 14.92 18.93 
Boys  1027 990 979 946  386 368 360 323 
Girls  1025 973 963 933  328 317 315 285 

Source: authors’ calculation based on Young Lives Study.  

 
 

Since the study’s objective is investigation of childhood poverty determinants, it ex-

cludes the five per cent richest districts (all of them in Lima) thus not being nationally 

representative (Melendez et al., 2015). While poor children are over-sampled, a wide 

range of children were included through the selection of a semi-random/semi-purposive 

approach, aiming at producing a nationally more representative sample (ibid.). The se-

lection of households which are followed upon was random within each cluster. In my 

data, approximately 19 per cent of the households were Juntos beneficiaries in the last 

survey round.  

The study collects detailed data on the various determinants of children’s wellbeing 

such as the socio-economic living conditions of the household, expenditure patterns, pa-

rental and community background, the children’s health status, school attendance and 

detailed accounts of children’s time allocation. In addition, the study includes various 

direct questions regarding the participation of Juntos since the third survey round in 
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2009. Since no such direct question is asked in 2006, I construct a participation variable 

using a retrospective question about the beginning of enrolment into the program (be-

tween 2005-2006). 

Table 3 display the comparison of household characteristics of Juntos beneficiary 

households and non-benefitting households in 2006. It shows that beneficiaries live on 

average in larger households, are considerably poorer, live in rural areas and have indig-

enous roots. Striking contrasts become visible when comparing the education of the 

mothers: with only 2.6 years of formal education, mothers in beneficiary households pos-

sess merely a third of that of non-beneficiary mothers. Even though this thesis doesn’t 

aim at evaluating the targeting efficiency of the program, the descriptive statistics clearly 

indicate that the targeting mechanisms seem to work as intended, with poorer and less 

human capital possessing households getting preference.  

 
Table 3: Descriptive Statistics – Household characteristics by treatment status in 2006 

Household characteristics Non-beneficiaries Beneficiaries Difference 
 Mean  N Mean  N Points |t-stat| 

Household size  5.49 2515 6.26 133 0.78 4.3 
Wealth index5 0.49 2515 0.22 133 -0.27 14.0 

Total per capita expenditure   166.2 2515 72.4 133 -93.8 6.4 
Child ethnic: Mestizo 91.6% 2632 97.8% 134 6.20% 2.6 

Child ethnic: White   5.5% 2632 2.2% 134 -3.2% 1.6 

Childs first language Spanish  85.2% 2632 28.6% 133 -56.8% 17.8 
Rural 25.2% 2632 81.3% 134 56.1% 14.7 

Mother’s education (in years)  8.0 2390 2.6 130 5.4 13.7 
Household head’s education 8.6 2509 5.2 132 -3.4 9.2 
Mother’s age  33.1 2390 33.3 130 0.2 0.3 
Minutes to school  13.9 2500 19.5 132 5.6 4.7 

Source: authors’ calculation based on Young Lives Study. 

                                       
5 The wealth index is a composed index consisting of three equally weighted three sub-indices: (i) the 
housing quality in terms of size and building materials, (ii) access to services of water, sanitation and 
electricity and (iii) possession of consumer durables. See Annex for detailed description.  
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A simple comparison of beneficiary and non-beneficiary child-level time allocations and 

schooling outcomes yields interesting results displayed in Table 4. Remarkably, the de-

scriptive statistics show that beneficiary children work slightly less than non-beneficiary 

children but spent on average three times more time on domestic tasks and a third more 

on household chores. Since they spend similar time in school and sleeping, the extra time 

working seems to be compensated by less leisure and less time studying at home. Re-

garding schooling outcomes, a slightly higher rates of beneficiary children is enrolled, 

while both are at an extraordinarily high level. Contrary to the high rate of enrolment, 

Juntos beneficiary children tend to have on average almost one year less of education 

and are less likely to continue education in secondary school.   

 
Table 4: Child-level time allocation and schooling by treatment status in 2009 

Hours/day spend… (mean) Non-beneficiaries Beneficiaries  Difference |t-stat| 
Paid activity 0.13 0.02 -0.11 2.28 
Domestic tasks (farming, 
helping in family business) 

0.28 0.78 0.50 9.88 

Household chores  0.96 1.29 0.33 7.56 

Leisure activities  4.02 3.50 -0.52 5.75 

Study outside school  1.98 1.57 -0.41 8.64 

School  5.95 5.99 0.04 0.53 

Schooling outcomes  Non-beneficiaries Beneficiaries  Difference |t-stat| 

Currently enrolled  97.33% 98.57% 1.24% 1.5 

Highest grade completed  3.07 (mean) 2.15 (mean) -0.92 5.97 

In secondary school 21.4% 12.4% -9.0% 4.27 
Source: authors’ calculation based on Young Lives Study. 
 

4.2 Identification strategy 

As the previous analysis of the descriptive statistics in Table 3 has shown, the time 

allocation between beneficiary and non-beneficiary children differs significantly with re-

gard to unpaid tasks and household chores. Nevertheless, a mere before-after comparison 
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of the means of the outcome of interest cannot be interpreted as causal impacts of the 

CCT since beneficiaries and non-beneficiaries would likely to have differed quite signifi-

cantly even in the absence of the treatment (Caliendo & Kopeinig, 2008). This selection 

bias illustrates the fundamental problem of impact evaluations, which is the impossibility 

to observe the same individual in both states of participation. Since the non-randomiza-

tion in the design of Juntos inhibits experimental evaluations, I have to resort to quasi-

experimental methods in order to construct credible counterfactuals allowing me to meas-

ure an unbiased impact. Following the identification strategy of Andersen et al. (2015) 

and Gaentzsch (2017), this thesis applies a unique combination of two of the most pop-

ular tools in applied economics – matching and difference-in-difference – in order to 

construct a credible comparison group. The matching difference-in-difference (MDID) 

approach was first described by Heckman et al. (1997; 1998) and allows time invariant 

differences in outcomes between beneficiaries and non-beneficiaries in order to identify 

the average treatment effect on the treated (ATT). The combination of matching with 

difference-in-difference (MDID) combines the advantages of both matching and differ-

ence-in-difference estimation while also relying on the assumptions of both techniques. 

Abadie (2005) argues, that this two-step strategy has advantages over the traditional 

difference-in-difference estimation when pre-treatment characteristics – which are be-

lieved to influence the outcome variable – are unbalanced between the treatment and 

control group. Since the MDID estimator does not impose linear functional form re-

striction in estimating outcomes and reweights observations based on the weighting func-

tion of the estimator, it is furthermore deemed superior to the traditional DID estimation 

(Smith & Todd, 2005).  

 
The general idea of matching is to construct a comparison group which resembles the 

treated individuals as closely as possible in observable characteristics X, thus creating 

‘statistical twins’ (Caliendo & Kopeinig, 2008). The underlying identifying assumption is 
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that selection into treatment is determined by observable characteristics and not con-

founded by unobservables which affect the outcome at the same time (unconfoundedness, 

conditional independence assumption) (Rosenbaum & Rubin, 1983; Lechner, 1999). In 

other words, the expected outcome, given non-participation of Juntos and conditional on 

observable characteristics X should be the same for participants and non-participants: 

 
 𝐸 𝑌0$ 𝑇 = 1, 𝑋$) = 𝐸 𝑌0$ 𝑇 = 0, 𝑋$)     (1) 

 
This is a strong assumption that may not hold when unobserved characteristics such 

as motivation, ability and information availability differ systematically across treatment 

status (Gaentzsch, 2017). This assumption can be relaxed when panel data is available 

by additionally applying the difference-in-difference (DID) estimator, which accounts for 

unobservable but time invariant differences by treatment status. The difference-in-dif-

ference estimator measures the treatment effect as the differences between treatment and 

control group taking into account the existing pre-treatment differences. The identifying 

assumption of DID is that both groups would follow a similar time trend in absence of 

the treatment (common time trend). The combination of matching with difference-in-

difference allows me to control for both observable and unobservable but time invariant 

characteristics yielding presumably more credible results. 

As mentioned before, MDID combines the identifying assumptions of the two estima-

tion techniques. First, in the absence of the treatment, both groups would have experi-

enced the same time trend. In other words, conditional on the observable characteristics 

X the development of the unobservable characteristics (captured by the error term 𝑢) 

over time t is independent of treatment status T:  

  
𝐸 𝑢1$ − 𝑢0$   𝑇 = 1, 𝑋$ = 𝐸 𝑢1$ − 𝑢0$   𝑇 = 0, 𝑋$    (2) 

 
Second, there must be a mutual overlap for the propensity score distributions of the 

treatment and control group (common support): 
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0 < 𝑃𝑟 𝑇1$ 𝑋$ < 1     (3) 

 
Put differently, this assumption assures that given the observables X, the probability 

of receiving the treatment lies between 0 and 1. If one is able to perfectly predict the 

treatment status based on the observables X (no common support, possibly achieved by 

perfect targeting) the assumption is violated and no comparison group can be con-

structed.  

When the two identifying assumptions hold, the average treatment effect of the treated 

(ATT) can be depicted as  

 
𝐴𝑇𝑇 -./. = { 𝑦1$ − 𝑦0$ − 𝑦1$ − 𝑦0$  𝑤$22 }$     (4) 

 
where y is the outcome of interest, subscripts 0 and 1 represent pre- and post-treatment 

timing respectively, subscripts i and j indicate whether the individual belongs to the 

treatment or comparison group respectively and w is a weighting factor depending on 

the selected model (e.g. Kernel-based estimator). In this sense, w determines the weight 

a ‘statistical twin’ gets in the construction of the comparison group.  

4.3 Constructing the Juntos comparison group: Matching   

In order to construct a credible comparison group, I try to replicate the program se-

lection criteria outlined in Section 2.4 as closely as possible. First, I exclude all districts 

from the Lima region since individuals from the densely populated urban area might not 

be suitable controls for the majoritarian rural Juntos beneficiaries. Geographically, I in-

dicate whether the household is rural and the distance to the next school, measured in 

time travelled. Household characteristics included are the composite wealth index, the 

total per capita expenditure (Nuevos Soles), the household size, the number of minors 

aged 6-17 in the household, whether the household head is female and the mother’s years 
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of education. Individual characteristics include the child’s gender, its age and ethnic 

background. The covariates used for matching are displayed in Table 5.  

Since the matching covariates might be affected by the treatment itself (Blundell & 

Dias, 2009), I decide to establish the second survey round in 2006 as a baseline and match 

on those pre-treatment characteristics. Since some households have already received the 

cash transfer between the program start (end of 2005) and the survey (2006), I decide to 

exclude them in order to establish the baseline.6  

In addition, since my outcome of interest are differences in the time allocation between 

beneficiary and non-beneficiary children, I am unable to use the last survey round in 

2013 entirely, since the older cohort is on average nineteen years old and already expected 

to be engaged in (non)-remunerated work. Therefore, I decide to pool two survey rounds, 

namely the older cohort from the third survey round (2009) and the younger cohort from 

the fourth survey round (2013). The children in my sample are between 4 and 13 years 

old at baseline [mean: 7] and between 11 and 16 years old after the treatment [mean: 

12,5] (2009/2013). Since the design of the questionnaire already impedes to investigate 

how long the beneficiaries have benefitted from Juntos, the pooling of survey rounds does 

not result in a loss of information. 

Propensity score matching offers a variety of matching estimators with different ben-

efits and drawbacks. Due to the high number of control variables available in the dataset, 

the non-parametric kernel matching estimator is chosen for the analysis (Caliendo & 

Kopeinig, 2008). A kernel estimator uses weighted averages (depending on the propensity 

score) of all covariates7, thus making use of nearly all available information which reduces 

the variance of the estimation. Therefore, the average of a control places higher weights 

on individuals with a similar propensity score and less weight to distant ones. In the 

words of Smith and Todd (2005), kernel matching can be seen as the weighted regression 

                                       
6 As done by Sanchez et al., (2016), Gaetzsch (2017) and Andersen et al., (2015). 
7 Depending on the choice of the kernel function, it either uses all information (Gaussian) or just those covariates 
within a specific calipher of the estimated propensity score (Epanechnikov) (see Heckman et al., 1997). 
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of the counterfactual outcome on an intercept where the weights are determined by the 

kernel function. Since the choice of the specific kernel function is rather unimportant in 

applied research (Caliendo & Kopeinig, 2008), I chose to apply the popular Epanechnikov 

kernel function which uses only the information within a specific calipher of the estimated 

propensity score, thus avoiding bad matches (Heckman et al., 1997). The selection of the 

bandwidth of the kernel function exhibits a variance-bias trade-off: higher bandwidths 

yield smoother estimation of the density function thus displaying less variance but leads 

to an increased bias since it might smooth away valuable information (Caliendo & 

Kopeinig, 2008). When estimating the econometric specification, I rely on a data-driven 

automatic bandwidth selection which determines the optimal compromise between a 

small variance and an unbiased estimate of the true density function.8 Finally, the prob-

ability of program participation is estimated by a probit function.  

 
Table 5: Comparison of matching covariates of treated and comparison group at baseline   

 Unmatched Matched 
Covariates Treated Comp. StdDif Treated Comp. StdDif 

Rural site (=1) 0.73 0.18 1.34 0.73 0.72 0.01 
Time to school  17.70 13.46 0.28 17.34 15.04 0.15 
Wealth index 0.27 051 -1.43 0.27 0.25 0.15 
Expenditure per cap. 83.19 175.70 -0.69 84.18 81.44 0.02 
Household size  6.16 5.34 0.41 6.15 6.14 0.00 
Children aged 6-17 2.20 1.45 0.52 2.18 2.32 -0.10 
Generations in HH 2.13 2.07 0.13 2.13 2.15 -0.04 
Female-headed HH 0.91 0.12 -0.10 0.08 0.08 0.00 
Mother’s education  4.15 8.61 -1.15 4.31 4.36 0.00 
Child’s age  6.15 7.25 -0.38 6.18 6.52 -0.11 
Child’s sex (girl=1) 0.49 0.49 0.01 0.50 0.45 0.10 
Indig. language (=1) 0.38 0.04 0.91 0.35 0.32 0.09 

Probit likelihood estimation, Epanechnikov kernel function, data-driven automatic bandwidth selection. 
Source: authors’ calculation based on Young Lives Study. 

                                       
8 Please see Stata command kmatch written by Jann (2017). 
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Table 5 depicts the comparison of pre-treatment covariates between the treatment and 

control group before and after the matching procedure. Clearly, the means of the covari-

ates display considerable differences prior to matching. The two groups can be considered 

balanced after matching, since none of the means of the covariates differs significantly 

from the other. Graph A1 (Annex) graphically displays the results of Table 5. Graph A2 

(Annex) depicts the distribution of selected matching covariates before/after matching.   

Even if the treatment and comparison are well balanced in observable characteristics 

after matching, it is possible that they differ systematically in unobserved characteristics. 

Different level of trust in local health facilities, parental value of education and prefer-

ences for the time allocation of their children might lead to systematically different re-

sults. As has been put forward in the child labour literature, culture, ethnicity and pa-

rental preferences are considered important determinants of child labour (Edmonds, 

2008). In order to control for those unobservable but time invariant characteristics, a 

difference-in-difference estimator is applied on the matched sample. This allows me to 

compare outcomes of interest of households that are similar in observable characteristics 

expect the Juntos participation, while accounting for existing pre-treatment differences.  

In summary, my empirical strategy incorporates the critique of Sánchez and Rodríguez 

(2016, p. 229) of the previous research one the topic by including a baseline, controlling 

for selection and allowing non-linear estimations.  

4.4 Assumptions: Common support and parallel time trend  

As outlined above, the MDID estimation rests on two identifying assumptions. First, 

the correct observation of a common support area is of great importance and a failure in 

restricting the matching to the area of common support will lead to bad matches. The 

sequential roll-out of the program supports the common support assumption since it is 

likely that households with similar observable characteristics but not receiving the trans-

fer yet can be identified. 
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Graph 1: Area of common support and kernel density balancing plot after matching   

 
Source: authors’ compilation based Young Lives Study.  
 

 Graph 1 depicts the propensity score and the kernel density of the unmatched and 

matched sample, while Graph A3 and Graph A4 (Annex) display the cumulative pro-

pensity score and the distribution of the propensity score before and after matching, 

respectively. Clearly, the two groups share an area of common support prior to matching 

and only 20 individuals have to be excluded since they lie outside this area, graphically 

depicted in Graph A5. The propensity score after matching is well balanced. Thus, the 

first identifying assumption of the MDID estimator is empirically supported by the data. 

The second identifying assumption of the MDID estimator is the parallel time trend 

of the treatment and comparison group in the absence of the treatment. In other words, 

it is assumed that the changes of the time trend of the comparison group represent a 

good counterfactual for the treatment group if they would not have been treated. This 

assumption cannot be tested directly due to the impossibility to observe an individual in 

both treatment states of at the same time. Since panel data with a prior survey round is 
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available, I could have compared the pre-treatment time trend between 2002-2006 of the 

treatment and comparison group to verify whether they are parallel. Unfortunately, the 

Young Lives team did not include any time allocation questions in the first survey round 

thus making a pre-treatment comparison of time trends impossible. Nevertheless, the 

assumption that the treatment and comparison group follow a common time trend is 

reasonable: having controlled for observable household characteristics and unobservable 

but time invariant characteristics such as parental preferences towards child labour, the 

major determinants known in the child labour literature are controlled and accounted 

for. 

5 Results and discussion 

As outlined above, the MDID estimation allows me to identify the causal impact of 

the conditional cash transfer Juntos on the time allocation of beneficiary children by 

constructing a counterfactual comparison group, which is similar in observable charac-

teristics while also controlling for unobservables and accounting for pre-treatment differ-

ences. Panel A Table 6 reports the impact of Juntos on the time allocation of beneficiary 

children of the entire sample. The first row displays the differences between the treatment 

and comparison group at the baseline. The second row presents the follow-up differences 

after the treatment. Finally, the third row reports the difference-in-difference estimators 

of interest.  

I find no evidence of a reduction of paid work as a result of the Juntos intervention, 

thus rejecting hypothesis 1. While the estimation points in the direction predicted by my 

theoretical framework, the impact is statistically and economically insignificant. Alt-

hough in substance similar to the previous evidence of Juntos, this finding indicates that 

the design of the CCT lacks effectiveness in reaching the indirect policy objective of 

reducing child labour. Directing the attention towards the impact of Juntos on unpaid 

tasks, I find significant evidence that Juntos indeed increases the share of time spend 

doing unpaid tasks in family businesses or farms, thus validating the second hypothesis. 
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Table 6: Impacts Juntos on time allocation of treatment and comparison group (MDID) 
 (1) (2) (3) (4) (5) (6) 
Outcomes Paid 

work 
Unpaid 
tasks 

Household 
chores 

Leisure Studying 
at home 

School  

Panel 1: Pooled Sample  
Baseline        

Diff (T-C) -0.030 
(0.027) 

-0.009 
(0.082) 

0.046 
(0.059) 

-0.339 
(0.210) 

-0.005 
(0.066) 

0.340** 
(0.185) 

Follow-up        
Diff (T-C) -0.053 

(0.092) 
 

0.312*** 
(0.117) 

0.050 
(0.067) 

-0.385*** 
(0.133) 

0.001 
(0.073) 

0.156 
(0.117) 

DiD -0.024 
(0.096) 

0.321** 
(0.142) 

0.005 
(0.087) 

0.047 
(0.238) 

0.004 
(0.096) 

-0.184 
(0.223) 

Observations 
N matched 

1891 
419 

1891 
419 

1891 
419 

1891 
419 

1891 
419 

1891 
419 

Panel B: Boys       

Baseline        
Diff (T-C) -0.009 

(0.052) 
-0.026 
(0.156) 

0.021 
(0.081) 

-0.752*** 
(0.271) 

0.044 
(0.083) 

0.581** 
(0.253) 

Follow-up        
Diff (T-C) -0.082 

(0.125) 
 

0.195 
(0.179) 

0.035 
(0.085) 

-0.383** 
(0.189) 

0.041 
(0.097) 

0.783 
(0.115) 

DiD -0.073 
(0.131) 

0.223 
(0.257) 

0.013 
(0.122) 

0.369 
(0.329) 

-0.003 
(0.121) 

-0.503* 
(0.302) 

Observations 
N matched 

966 
204 

966 
204 

966 
204 

966 
204 

966 
204 

966 
204 

Panel C: Girls       
Baseline        

Diff (T-C) -0.006 
(0.018) 

0.080 
(0.068) 

0.142 
(0.086) 

0.095 
(0.312) 

-0.097 
(0.098) 

0.226 
(0.257) 

Follow-up        
Diff (T-C) 0.039 

(0.097) 
 

0.399*** 
(0.147) 

0.150 
(0.010) 

-0.253 
(0.190) 

-0.025 
(0.113) 

0.135 
(0.159) 

DiD 0.045 
(0.099) 

0.318** 
(0.140) 

0.007 
(0.123) 

-0.349 
(0.345) 

-0.121 
(0.145) 

-0.091 
(0.309) 

Observations 
N matched 

916 
208 

916 
208 

916 
208 

916 
208 

916 
208 

916 
208 

*** p<0.01, ** p<0.05, * p<0.1. Bootstrapped standard errors in parenthesis (10,000 replications). Kernel 
bandwidth Panel A: 0.006, Panel B: 0.015, Panel C: 0.015. Matching covariates include those displayed in 
Table 5. Source: authors’ calculation based on Young Lives Study 
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More specifically, beneficiary children spend on average 19.2 minutes more on those 

unpaid activities compared to the comparison group.9 The evidence supports the alarm-

ing findings of Escobal and Benites (2012) that Juntos participation actually increase the 

time spent in unpaid labour among beneficiaries. Since the effect of CCTs on child labour 

is a priori undetermined, its direction crucially depends on how the transfer is used. 

When a substantial part of the transfer is invested in productive assets such as the 

purchase of new machinery or expansion of family businesses, children’s time allocated 

to performing unpaid tasks can increase when considered as complements in the house-

hold decision making process. The literature provides evidence of this channels existence 

in other anti-poverty and income-generating interventions: the encouragement of entre-

preneurship for instance can increase unpaid child labour (Augsburg et al., 2012, Nelson, 

2011). Del Carpio et al. (2016) find that the CCT in Nicaragua (Atención en crisis) which  

was complemented by a wealth transfer to start a non-agricultural business, resulted in 

an increase in the engagement of children in business-related activities. The finding that 

paid labour doesn’t decrease while unpaid tasks increase significantly, rejects the luxury 

hypothesis and provides evidence for the existence of the wealth paradox, thus validating 

the statements of Ilahi (2001).  

What’s more, I find no evidence of an impact of the CCT on the participation in 

household chores, leisure and studying at home confirming my third hypothesis. Notably, 

even though not statistically significant at the standard significance levels, beneficiary 

children spend on average less time at school than the comparison group. This finding 

contradicts the forth hypothesis and might seem surprising since the cash transfer pro-

motes school attendance through the conditionality. Nevertheless, it can be explained by 

a combination of high enrolment prior to the intervention (98 per cent in my sample) 

combined with a lower likelihood of attending secondary schooling for beneficiary chil-

dren. I observe that the propensity to be enrolled in school does not increase significantly 

                                       
9 0.320 * 60 minutes = 19.2 minutes  
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as a results of the cash transfer (not reported), as has been emphasised by Gaentzsch 

(2017). In addition, the fact that beneficiary children are less likely to be enrolled in 

secondary school compared to the comparison group (not reported) partly explain the 

counterintuitive finding that beneficiaries spent less time in school. 

 

Table 6 also provides the disaggregated effects by gender. Since splitting the sample 

reduces my sample size of treated individuals, the results and inference should be inter-

preted cautiously and taken as trends rather than precise estimates. In addition, when 

splitting the treatment group by gender, two individual matching estimations and two 

difference comparison groups are created. The results of the two sub-samples thus not 

necessarily add up to the pooled sample. Panel B reports the impact of Juntos on the 

time allocation for boys, while Panel C presents the results for girls.  

As in the pooled sample, I find no statistically significant evidence of an effect of the 

intervention on paid work for both genders. For unpaid work, contrary to my expecta-

tions, the driving force seem to be girls, for whom the effect is statistically and econom-

ically significant. The rejection of the luxury hypothesis regarding paid work and evi-

dence for the wealth paradox with respect to unpaid tasks seems to be particularly rele-

vant for girls in Peru. Since herding animals and farmwork are considered activities 

covered by males in Peru, it is likely that girls spend the additional time producing 

piecework of working in different types of family businesses. While girls in general tend 

to spend considerably more time doing household chores, I find no increase as an effect 

of Juntos. Interestingly, even though statistically not significant, I find opposite effects 

on leisure. While boys on average increase their leisure by roughly 22 minutes per day 

as an effect of Juntos participation, girls reduce their leisure time by approximately the 

same amount. The driving factor behind these worrying results of less school attendance 

as direct effect of program participation seem to originate from boys, who spend on 

average 30 minutes less at school than the comparison group.  The data shows that boys 
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who have received the treatment at one time during the period studied are more likely 

not to be enrolled secondary school than non-beneficiary boys and drive the negative 

results.  

The evidence of gender differentials yields both unexpected and hypothesized results. 

According to Skoufias and Parker (2001) girls tend to combine schooling and working by 

adjusting leisure accordingly. The evidence presented is strongly in line with these 

findings. Boys on the other hand, seem to subsitute school attendance in order to make 

up for the increased engagement in unpaid tasks. The hypotesis of the existence of gender 

differentials (5) is thus validated. Still, the finding that girls are the driver for increased 

engagement in unpaid activities is unexpected and surprising, and clearly demands 

further research.  

 

To check for the robustness of my findings, I exclude propensity score observations 

below the 10th percentile and above the 90th percentile thus focusing on the middle area. 

The results do not change significantly from my previous estimations. In addition, I run 

the same estimation with a logistic specification, which does not significantly change my 

results. Finally, I run the estimation with a bandwidth of 0.06 instead of the data-driven 

bandwidth selection, which is commonly used in the literature. While results and stand-

ard errors change slightly, the overall findings of the previous specification are supported. 

6 Conclusion 

This thesis has evaluated the effects of Peru’s conditional cash transfer Juntos on the 

time allocation of beneficiary children and unpaid labour in family businesses and farms 

in particular. The thesis has adopted a combined matching and difference-in-difference 

approach to analyse whether Juntos participation has a causal effect on the time alloca-

tion of beneficiary children. It has focused on a sample of roughly 1900 children which 

were on average seven years old at the baseline and 12.5 years old after the treatment. 
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My findings reveal that children living in a Juntos households perform considerably 

more unpaid tasks than non-beneficiary children in the comparison group, with a partic-

ular strong effect for girls, thus highlighting an unintended effect of program participa-

tion. I find evidence that boys and girls substitute differently to perform more unpaid 

tasks: while girls tend to combine working with schooling by reducing leisure, boys sig-

nificantly reduce their school participation and spend more time working on unpaid tasks 

and enjoying leisure. In this context, the conditional cash transfer Juntos fails to reach 

its implicit objective of reducing child labour and its direct objective of increasing human 

capital accumulation trough increased school attendance for boys.  

The main channel for the increase in unpaid child labour findings are assumed to be 

investments into productive assets in a family business or agriculture to which child 

labour is considered complementary. In addition, the counterintuitive reduction of aver-

age time spent at school as an effect of Juntos participation might be explained by the 

already exceptionally high enrolment rates prior to the program start as well as a lower 

likelihood of continuing education at secondary level for beneficiary children.  

The evidence provided in this thesis confirms previous findings that both paid and 

unpaid child labour do not decrease with higher household income thus rejecting the 

luxury hypothesis for Peru. Instead, the findings support the wealth paradox of an in-

crease in the time spend performing unpaid tasks when the available household income 

increases, especially so for girls.  

By focusing on the effect of a conditional cash transfer on the time allocation and 

particularly the impact on unpaid tasks at home on beneficiary children, this thesis con-

tributes to the literature by highlighting possible unintended consequences of the social 

protection intervention aimed at increasing the children’s welfare. By highlighting gender 

differentials, it further adds evidence to the gender related aspects of CCTs. These results 

may inform policy makers in designing and improving interventions aiming to tackle the 

complex phenomenon of child labour in developing countries.  
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In order to provide a sound empirical foundation to inform Peruvian policy makers, 

further research should focus on providing evidence on the existence of the hypothesized 

channels in order to empirically verify the causes of increased unpaid child labour. In 

addition, since a new survey round will be available later this year, further research could 

investigate whether children who have performed more unpaid work in their childhood 

as a result of Juntos participation have more difficulties entering the formal labour mar-

ket. Ultimately, the finding that girls are the driving force behind the increased 

engagement in unpaid activities merits a careful analysis and emphasizes the importance 

of taking into account gender differences when evaluating social protecion interventions.   
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Annex  

Graph A2: Comparison of the standard mean difference of matching covariates before 
and after matching 

 
Source: authors’ compilation based Young Lives Study.  
 
Graph A3: Distribution of baseline covariates in 2006 before and after matching by treat-
ment status 

 
 
Source: authors’ compilation based Young Lives Study.  



 35 

Graph A4: Cumulative propensity score by treatment status before and after matching 

 
Source: authors’ compilation based Young Lives Study.  

 
Graph A5: Distribution of the propensity score before and after matching  

 
Source: authors’ compilation based Young Lives Study.  

 
Graph A6: Common support before and after matching 

 
Source: authors’ compilation based Young Lives Study. 
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Description of wealth index 
The wealth index is a composed index consisting of three sub-indexes: 

i. housing quality index (hq) 
- simple average of crowding and main material of walls, roof and floor  

ii. access to services index (sv) 
- simple average of access to electricity, safe drinking water, sanitation and 

adequate fuels for cooking  
iii. consumer durables index (cd)  

- simple average of common items across all rounds: radio, television, bicycle, 
motorbike, automobile, landline phone, mobile phone, refrigerator, stove, 
blender, iron and record player.  

Wealth index 𝒘𝒊5 = 𝒉𝒒𝒊+𝒔𝒗𝒊+𝒄𝒅𝒊
𝟑  


