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Abstract

This paper explores the impact of conditional cash transfer (CCT) programs
on children’s gender role attitudes, with a focus on Juntos, the largest CCT
program in Peru. Using data from the Young Lives Survey and employing the
fuzzy regression discontinuity design, I find that the program reinforces tradi-
tional gender role attitudes among children in beneficiary households. These
attitudes align notably with children’s behaviors, particularly among girls. Ben-
eficiary girls devote more daily time to caregiving and unpaid household labor,
aligning with their lower test scores in reading and mathematics. Investigat-
ing potential mechanisms reveals that beneficiary mothers are more likely to
prioritize their time on home production over paid work or self-employment.
This shift in mother’s time priority serves as a channel for perpetuating tradi-
tional gender role attitudes among children. By offering novel insights into the
impact of social policies in a developing context, this paper contributes to our
understanding of the complex relationship between policies and gender norms.
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1 Introduction

Gender norms, which refers to beliefs about roles and behaviors for men and women,

pose significant challenges to gender equality (Bursztyn et al., 2023).1, 2 These norms

have been shown to be persistent and resistant to change (Fernández et al., 2004;

Alesina et al., 2013; Farré and Vella, 2013). Therefore, understanding the factors

that contribute to the formation and evolution of gender norms is of paramount im-

portance. In recent years, a growing body of literature has emerged to explore how

policies, especially those with the potential to alter gender specialization patterns

within households, can influence gender norms. Policies such as tax reforms and pa-

ternity leave initiatives have demonstrated their capacity to reshape gender norms

in developed contexts, as exemplified by the 1975 Earned Income Tax Credit in the

United States (Bastian, 2020) and paternity leave in Spain (Farré et al., 2022). How-

ever, little attention is devoted to the connection between policies and gender norms

in developing countries, where these norms continue to be among the most significant

drivers of gender inequality (Jayachandran, 2015).

This study aims to bridge this gap by providing novel evidence that policy can

influence gender norms within a developing context. To this end, I focus on the

impacts of conditional cash transfer (CCT) programs on gender role attitudes of ben-

eficiary children. Starting in the late 1990s, CCT programs in Latin America aim

to reduce poverty by making the transfer to poor households conditional upon meet-

ing conditions. The common conditions include school enrollment and attendance,

regular health check-ups of children and their vaccinations. These programs often

designate mothers as the cash recipients (Fiszbein et al., 2009), and in response,

mothers bear the responsibility for meeting these program requirements. The act of

targeting mothers can have dual effects on their roles and behaviors, either enhancing

their participation in decision-making or reinforcing traditional gender roles through

added responsibilities.3 Moreover, previous research consistently demonstrates that

maternal roles and behaviors play a pivotal role in shaping their children’s gender

1For more details about the concept of gender norms, see Akerlof and Kranton (2000), Pearse
and Connell (2016).

2The related literature documents adverse effects of gender norms on female employment rate,
gender pay gaps and other aspects of women’s lives (Fernández et al., 2004; Fortin, 2005; Bertrand
et al., 2015).

3CCT programs can impact women’s decision-making in contraception, household spending on
children’s health and education (Attanasio and Lechene, 2002; de Brauw et al., 2014; Bergolo and
Galván, 2018), but may also reinforce traditional gender roles by imposing time and resource de-
mands on female recipients to fulfill program conditions (Cookson, 2018; Margolies et al., 2023).
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role attitudes.4 Therefore, in this paper, I argue that CCT programs may influence

children’s gender role attitudes by triggering changes in the roles and behaviors of

their mothers.

To establish causality, I study the effects of the largest-scale CCT program in

Peru, Juntos, which has been in operation since 2005. Peru serves as an interesting

context for the study for several reasons. First, despite some progress in economic

development in recent decades, gender inequality poses a significant concern in Peru.

On average, Peruvian women devote 24 more hours weekly to unpaid tasks than men,

while men allocate 21 extra hours per week to paid work compared to women (OECD,

2022). Moreover, approximately 60% of Peruvian women report lifetime experiences

of intimate partner violence.5 Second, initially serving with only 70 districts, Juntos

gradually expanded to cover more than 700,000 families in 1,305 districts as of 2017.6

As per the Government of Peru’s records in 2023, 96.1% of the program recipients were

mothers. Third, within the cultural context of Peru, parents have a profound influence

on their offspring. Generally, Peruvian children are brought up to be respectful of

their parents, obedient, and firmly committed to their parents’ decisions (Ember and

Ember, 2001).

The study utilizes the Young Lives panel data, which tracks the lives of approx-

imately 2,000 Peruvian children over a span of 15 years. This dataset provides rich

information on children’s demographics, education, attitudes toward gender roles, and

household data, including participation in Juntos, household composition, and hous-

ing characteristics.7 My identification strategy relies on the Juntos eligibility rules, in

which a household is eligible if (i) it resides in an eligible district, (ii) it includes preg-

nant women or children up to 19 years old, and (iii) it has a poverty score exceeding

a predetermined threshold. This eligibility framework enables a comparison between

children in households that were barely eligible and those who were barely ineligible.

Specifically, I employ a non-parametric fuzzy regression discontinuity (RD) design to

exploit the institutional rules.

My results fall into four categories. The first set of results focuses on Juntos’

4See Serbin et al. (1993), Cunningham (2001), Halpern and Perry-Jenkins (2016).
5Instituto Nacional de Estad́ıstica e Informática. Perú: Encuesta Demográfica y de

Salud Familiar 2019 - Nacional y Departamental [website]. https://www.inei.gob.pe/media/

MenuRecursivo/publicaciones_digitales/Est/Endes2019/
6Out of a total of 1,943 districts in Peru, Juntos has covered almost 70% of them.
7The outcome variable of interest is gender role attitudes, which was measured when the Young

Lives children reached approximately 15 years old. This aspect is particularly significant because at
this age, children have achieved a notable level of maturity, enabling them to engage in reflection
and contemplation on complex moral questions.
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impact on the gender role attitudes of children in beneficiary households.8 I measure

these attitudes using a composite index, where a score of 0 signifies a non-traditional

attitude, and 1 represents an extremely traditional attitude. The findings indicate

that the program leads to more traditional gender role attitudes in children. Jun-

tos children exhibit a 27.7 percentage point increase in agreement with traditional

attitudes, representing more than 85% over the comparison group’s mean. I further

analyze the gender attitude index by breaking it down into three thematic sub-indices:

power, equality, and behavior dimensions.9 The results suggest that the effect is most

pronounced in the power dimension, which captures the relative power of girls and

women compared to boys and men.

The second set of results reveals heterogeneous treatment effects of Juntos. Con-

cerning child gender, taken at face value, the point estimates suggest that boys exhibit

a larger effect compared to girls, indicating a more pronounced impact on boys. How-

ever, the estimate within the female subsample is only statistically significant at the

10 percent level, whereas the estimate within the male subsample lacks statistical sig-

nificance. In relation to maternal educational level, I present supporting evidence that

Juntos significantly affects children whose mothers have an educational level below

secondary school. Furthermore, concerning regional disparities, my findings demon-

strate a statistically significant impact of Juntos on children residing in mountainous

areas.

The third set of results documents the impact of Juntos on children’s behaviors

and test scores. An important consideration in this study is the potential for social

desirability bias in measuring gender role attitudes through sensitive questions. To

tackle this issue, I examine whether the impact on gender role attitudes is in line with

children’s actual behaviors using detailed daily activity data. The results reveal that

girls in beneficiary households allocate more time to caregiving and unpaid household

labor, aligning with traditional views, especially related to the power dimension. I

further investigate the impact of the Juntos program on children’s performance in

reading comprehension and mathematics achievement tests. My findings show that

beneficiary girls perform significantly less accurately than non-beneficiary girls in both

tests, while no statistically significant effects are observed in boys. This suggests that

8Gender role attitudes encompass perceptions regarding the desirability or undesirability of be-
haviors, abilities, and interactions among boys and girls.

9Following Jaruseviciene et al. (2014), the power dimension assesses the relative power of girls
and women compared to boys and men, the equality dimension measures the aspiration for increased
gender equality, and the behavior dimension evaluates social expectations regarding the conduct of
boys and girls.
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behaviors aligned with traditional gender role attitudes appear to be in line with

lower academic performance among girls.

Finally, I show that my estimates of the impact of Juntos remain stable to a

broad set of robustness checks. These checks encompass different selections of local

polynomial degree, kernel, and bandwidths in the non-parametric method, estima-

tions from a parametric model and wild cluster bootstrap, and different approaches

to measure the main outcome variable. Additionally, I provide the findings derived

from a placebo cutoff exercise to validate the fuzzy RD design. Lastly, I estimate the

treatment effect with an expanded sample size, and find qualitatively similar evidence,

reinforcing the reliability of the main findings.

Moving on to the mechanism behind the main results, I analyze the information

regarding mothers’ three most significant jobs or occupations in terms of time spent

during the 12 months leading up to the fourth round of the Young Lives survey. This

allows me to assess Juntos’ impact on mothers’ time priority and working behaviors.

I find that beneficiary mothers are more likely to prioritize their time on home pro-

duction over regular or stable income-generating work. To gain further insight into

mothers’ working behaviors, I examine the extensive margin as it is possible for a

mother to choose household chores or being a housewife as their most important job

in terms of time spent, while still engaging in work. The results suggest that there

is no significant effect on mothers’ labor supply. While Juntos does not appear to

directly alter mothers’ employment status, the noteworthy shift towards traditional

gender roles in terms of time priority offers a plausible explanation for the emergence

of traditional gender role attitudes in children.

This study contributes to several strands of literature. First and foremost, it builds

on the nascent literature concerning the relationship between policies and cultural

practices and/or attitudes. One pioneering research in this field is Beaman et al.

(2009), which show that female leadership quotas alter voter perceptions of female

leaders in India. In a more recent work, Bau (2021) provides evidence that government

pension plans reduce matrilocal and patrilocal practices in Ghana and Indonesia.10

In the realm of gender norms, there are only two noteworthy papers that examine

the effects of public policies, exclusively within developed contexts. Bastian (2020)

shows that the introduction of the Earned Income Tax Credit (EITC) in the United

States contributes to a rise in working mothers, fostering greater acceptance and sup-

10Bau (2021) defines that matrilocal refers to daughters living with their parents after marriage
and supporting them in their old age, while patrilocal pertains to sons in a similar living arrangement.
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port for women in the workforce within the same generation. Farré et al. (2022), the

closest paper to mine, investigate the impact of paternity leave in Spain on inter-

generational gender role attitudes, demonstrating that children of eligible fathers

adopt more progressive views. On the contrary, my study focuses on a child-targeted

social program in a developing country, with mothers serving as the channel for im-

plementation. Moreover, while the aforementioned studies offer evidence of reshaping

gender norms and promoting gender equality, my research reveals a contrasting result

in the Peruvian context. These distinctions highlight the unique dynamics at play in a

developing country setting. Therefore, this paper advances our comprehension of the

complex interplay between policies and gender norms, which are intrinsic components

of broader cultural norms.

Second, this paper adds to the extensive literature on CCT programs and their

effects on beneficiary children in Latin America. While numerous studies in this field

predominantly focus on the direct effects of such programs on child health (Gertler,

2004; Barber and Gertler, 2008; Reis, 2010; Amarante et al., 2016), child education

(Paul Schultz, 2004; Attanasio et al., 2010; Baird et al., 2013) and child labor (Ed-

monds and Schady, 2012; Del Carpio et al., 2016), my research goes beyond the

conventional scope. Specifically, I shed light on an often-overlooked and indirect as-

pect: the impact of CCT programs on gender role attitudes of beneficiary children.

This analysis is grounded in the prevalent practice of CCT programs designating

mothers as the recipients of cash transfers. By doing so, I contribute to this body

of literature by presenting novel evidence of unintended consequences that can arise

from CCT programs.

Third, this paper speaks to the literature concerning the responses of adult labor

supply to CCT programs, which has yielded mixed evidence. For instance, Banerjee et

al. (2017) reanalyze data from seven cash transfer programs in developing countries.

The authors report that these programs had no impact on female and male labor

supply, both in terms of the extensive margin (employment) and the intensive margin

(working hours). Similar findings are observed in other studies such as Rubio-Codina

(2010) in Mexico and Bosch and Schady (2019) in Ecuador.11

On the other hand, contrasting results are found by Fernández and Saldarriaga

(2014), who document that cash recipients from the Juntos program in Peru reduced

11Rubio-Codina (2010) finds limited effects of Oportunidades on adult time allocation in Mexico,
with adult women substituting for children in non-remunerated activities. Bosch and Schady (2019)
provide evidence that the Bono de Desarrollo Humano program does not reduce adult labor supply
over 4 or 5 years in Ecuador.
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their working hours by approximately 6 to 10 hours in the week following the payment

date. Similarly, De Brauw et al. (2015) show that Brazilian rural women receiving

transfers from Bolsa Famı́lia experience a reduction in their labor supply. This paper

contributes to the existing research by examining a new outcome variable related

to the intensive labor supply margin, which represents the most important job or

occupation based on time spent. The findings suggest that CCT programs impact

mothers’ time priority, reducing their likelihood of dedicating time to stable income-

earning activities.

Finally, this paper contributes to the literature that explores parental influences,

particularly maternal influences, on their children’s gender role attitudes. Previous

research mainly focuses on mothers’ behaviors and gender role attitudes in developed

countries, such as: Serbin et al. (1993) in Canada, Cunningham (2001) in the United

States or Cano and Hofmeister (2023) in Australia. In contrast, the developing world

remains relatively understudied. Only two papers investigate the inter-generational

transmission of gender role attitudes in India (Dhar et al., 2019) and Ethiopia (Leight,

2021). This paper complements the existing literature by providing evidence that

when mothers prioritize their time for activities associated with traditional gender

roles, their children exhibit more traditional attitudes in a Latin American setting.

The remainder of the paper proceeds as follows. Section 2 provides the conceptual

framework that guides the study. Section 3 offers the institutional context. Section 4

presents the data source and measurement of the main outcome variable. Section 5

introduces the empirical approach. Section 6 provides the empirical results, followed

by the mechanism behind the main findings in Section 7. Finally, Section 8 concludes

the paper.

2 Conceptual Framework

In this section, I construct the conceptual framework that guides this study, drawing

upon several key theoretical perspectives and empirical evidence regarding how CCT

programs may influence gender role attitudes of children within beneficiary house-

holds. The principal avenue for this effect involves the intermediary mechanism of

altering maternal roles. Firstly, my analysis focuses on the impact of CCT programs

on women’s empowerment in decision-making within households, alongside potential

additional burdens imposed on mothers. Secondly, I delve into gender socialization

theory and the influence of mothers’ gendered behaviors on their children’s gender
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role attitudes.

Women’s Empowerment in Decision-Making. CCT programs predomi-

nantly target women with the explicit goal of empowering them and improving out-

comes for children. By providing income support to women, they may increase their

involvement in household decisions through a better control over the allocation of

funds. The related empirical literature documents the positive effect of CCT pro-

grams on the standing of women within households. For instance, by examining the

Progresa program in Mexico, Attanasio and Lechene (2002) reveals a noteworthy

shift in household decision-making dynamics. The program’s implementation leads

to a transformation from traditional male-dominated decision-making to a more eq-

uitable structure. In this new framework, decisions are jointly made by both men and

women across various domains, including household expenditures, children’s health,

and education.

Similarly, in the context of the Brazil’s Bolsa Famı́lia program, de Brauw et

al. (2014) find that beneficiary women experience increased decision-making power

concerning contraceptive use. Furthermore, particularly in urban areas, the program

empowers women by augmenting their influence over children’s school attendance,

health expenses, and household durable goods purchases. In line with aforementioned

studies, Bergolo and Galván (2018) provide suggestive evidence that the cash transfer

program Asignaciones Familiares-Plan de Equidad (AFAM-PE) in Uruguay leads

to increased female (perceived) involvement in making decisions related to specific

aspects of household expenditures. Moreover, by employing the collective household

model and constructing a new measure of women’s empowerment, Almås et al. (2018)

show that the cash transfer program in Macedonia improves women’s household-

decision making power.12 Overall, CCT programs have been shown to have a positive

contribution in empowering women and promoting more gender-equitable decision-

making within households across different countries.

Additional Burdens and Impacts on Mothers’ Labor Supply. Despite

showing a positive effect on women’s control within households, CCT programs have

been criticized on putting additional burdens on mothers. This arises from the pre-

requisite for mothers to fulfill conditions to receive the transfers. Drawing from a

12Alm̊as et al. (2018) introduce a new measure of women’s empowerment, which is the amount
of money that a women is willing to pay to obtain control over an amount that would otherwise
be given to her husband. Within the framework of intra-household allocation models, the authors
prove that this measure is responsive to shifts in women’s bargaining power, and targeted transfers
to women enhance their bargaining power within the couple.
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qualitative analysis, Nagels (2016) shows that CCT programs in Bolivia and Peru con-

tribute to the reinforcement of maternalistic and coercive practices. In line with this

finding, Cookson (2018) argues that the CCT program in Peru can lead to additional

burdens on female recipients in time and resource investments, thereby exacerbating

existing gender inequalities.

Building upon this body of literature, by combining both quantitative and quali-

tative methods, Margolies et al. (2023) report that engagement in a nutrition-based

CCT program in Malawi leads to a significant increase in caregiving time for partici-

pating women, particularly during the lean season. In terms of labor force participa-

tion, empirical evidence suggests that CCT programs can reduce maternal working

hours (Fernández and Saldarriaga, 2014) and employment (De Brauw et al., 2015;

El-Enbaby et al., 2019). Taken together, these studies demonstrate one significant

concern of potential adverse effects of CCT programs on women that can actually

perpetuate traditional gender roles.

Gender-socialization Theory and Maternal Influences on Children’s

Gender Role Attitudes. The parental influences on children’s gender role atti-

tudes can be explained through various approaches, with the most influential theory

in the literature being the gender socialization theory (Perales et al., 2021). Ac-

cording to this theory, children acquire knowledge about gender roles from an early

age by observing their parents’ actions and behaviors (Martin et al., 2002). This

phenomenon is referred to as the process of role modeling. In this process, children

absorb the rules and underlying structure behind their parents’ gendered activities

to form their gendered beliefs and specific patterns of gendered behaviors that align

with structural properties (Bussey and Bandura, 1999).

Aligning with the gender-socialization theory, empirical literature documents that

mothers’ behaviors have a pronounced impact on shaping gender role attitudes of their

children. For instance, Serbin et al. (1993) report that children whose mothers engage

in more traditionally male household chores have less traditional ideas about gender

roles. Similarly, Cunningham (2001) finds that daughters whose mothers dedicated

more time to paid employment during their first years of life are less likely to engage

in traditionally feminine household chores as adults. Fernández et al. (2004) show

that men whose mothers worked have wives with a significant higher likelihood of

being employed. Expanding on the existing body of literature, Halpern and Perry-

Jenkins (2016) document that mothers play a crucial role in imparting knowledge

about feminine behaviors to girls and masculine behaviors to boys. More recently,
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Bertrand (2019) confirms that children raised in families where mothers hold greater

economic power exhibit more egalitarian attitudes.

Expected Impact. Taken as a whole, CCT programs, which assign mothers

as cash recipients and, in response, require them to fulfill specific program require-

ments, have the potential to alter the roles and status of mothers within households.

Consequently, such changes may impact the gender role attitudes of children as they

observe and internalize shifts in their mothers’ roles and involvement in various as-

pects of family life. Nonetheless, due to the diverse findings in the empirical literature,

where CCT programs can either empower women in decision-making or impose ad-

ditional burdens and reduce mothers’ labor supply, the direction of influence on the

gender role attitudes of children remains uncertain.

3 Institutional Context

In this section, I briefly provide the background of the Peruvian Juntos program and

some features related to its eligibility rules, conditions and responsibilities.

In April 2005, the Peruvian Government created the National Direct Support Pro-

gram for the Poorest – Juntos, which is a conditional cash transfer program focusing

on poor households with children or pregnant women. The objectives of the program

are to reduce the current poverty, and to break the inter-generational transmission of

poverty by human capital investments on education and health. The Juntos program

stands as the largest program in the country with a budget of US$308 million for the

year 2016, which constitutes 26.1% of the total budget of the Ministry of Development

and Social Inclusion (MIDIS) and 0.16% of Peru’s gross domestic product (GDP).13

Prior to 2009, the program provided a monthly payment of 100 soles (roughly 30$
or approximately 10% of poor households’ monthly consumption and over 50% per

capita households’ expenditure). Since 2010, the transfer has been made bimonthly

with 200 soles (Sánchez et al., 2020). This change was implemented due to the low

rate of transfer withdrawals from bank accounts, attributing to the long distances

that beneficiaries must travel to collect their transfer. According to official sources,

the program had already supported an estimated 72% of all eligible households by

2015 (MIDIS 2015).14

13Inter American Development Bank Data 2016. https://www.iadb.org/en/toolkit/conditional-
cash-transfer-programs/peru-juntos

14Ministerio de Desarrollo e Inclusión Social - MIDIS. 2015. JUNTOS: “Memoria Anual 2014.”
Gobierno del Perú.
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In terms of eligibility rules, the Juntos program carried out the selection process

in two stages. The first stage was conducted at the district level, where districts were

chosen based on five criteria, including exposure to violence, high levels of economic

inequality, chronic child malnutrition, high rates of extreme poverty, and a high pro-

portion of the population with unsatisfied basic needs. The second stage involved

selecting eligible households within eligible districts. It is crucial to emphasize that

the household must have resided in the district for a period exceeding six months

before the enrollment date in the program. Since the objective of the program is to

support poor groups in the population, household eligibility should be based on the

precise documentation of individual or household income. However, such information

is typically not available or difficult to obtain in developing countries because a large

part of the population works in the informal sector. Household eligibility for the Jun-

tos program was therefore determined by the poverty score, which was formulated

using household-level data obtained from a census conducted in each district.

In principle, the poverty score is a linear combination of household characteristics

using an official algorithm created by the program’s administration. Prior to 2012,

the Peruvian government implemented a universal threshold value across all regions.

From 2012 and beyond, following the integration of all social protection programs

under MIDIS, a new poverty score denoted as the Indice de Focalizacion de Hogares

(IFH) and 15 regional-specific thresholds were established. Households in eligible

districts with pregnant women or children up to 19 years old, whose poverty score

exceeds the cutoff value, qualify for the program.15, 16 Finally, a commission consisting

of community members and local and national representatives verified the list of

eligible households in the checked stage. In Appendix B, I describe the algorithms

and variables used to compute the poverty score in two periods.

The program enrolls all eligible members of a household selected as beneficiaries,

and a representative, typically the mother, signs an agreement form with the pro-

gram.17 Upon enrollment, the mother becomes responsible for fulfilling the program

conditions for each and every one of her children (in case of having children up to 19

years old), with no exceptions. There are several conditions that a beneficiary house-

hold must meet to receive the transfers. Firstly, children up to 59 months old must

15Before 2014, the age limit of the children was 14.
16In the first few years, after the selection of a district, a survey was conducted for each household

to assess eligibility. Subsequently, the program administration approached eligible households and
extends invitations to join Juntos. In the present practice, households are not individually informed;
instead, the list of eligible households is posted in the municipality.

17For more details of the agreement form, see Appendix D.
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receive the comprehensive health and nutrition care (including growth monitoring and

complete vaccinations). Secondly, pregnant women must receive the comprehensive

health care (including monthly pre-birth check-ups from the day that the pregnancy

is identified). Thirdly, children aged 6 and above must be enrolled in school and main-

tain an attendance rate of at least 85% until they reach the age of 19 or complete

their education (including allowance for up to three absences per month). Lastly, it

is necessary for children to have a national identification number.

Whether or not the households meet conditions of the program relative to health

and education services are monitored by local managers and Juntos fieldworkers, who

have access to information from schools and health centers. In particular, health

visits are verified by attendance (pre-birth checkup) and check-up records (growth

and development controls) while the educational condition is verified by school at-

tendance records. Disaffiliation from the program occurs when a household cannot

meet conditions frequently or when all household members no longer belong to the

targeted population or when the household loses eligibility according to their poverty

score. Note that disaffiliation could also be voluntary.18

4 Data and Measures

In this section, I first describe the data source used in this paper with descriptive

statistics of key variables. I then introduce the approach to measure the main outcome

variable - gender attitude index.

4.1 Young Lives

The dataset in this paper comes from the Young Lives panel data led by Oxford

University during five rounds in 2002, 2006, 2009, 2013 and 2016. The Young Lives

study is a longitudinal research initiative that aims to examine the evolving landscape

of childhood poverty. Over a period of 15 years, the study has been employing both

qualitative and quantitative research methods to track the development of 12,000

children across four countries: Ethiopia, Peru, India (Andhra Pradesh), and Vietnam.

The project has been following two cohorts in each country since 2002. In each

country, the younger cohort, comprising approximately 2,000 children, was between 6

and 18 months old in 2002, while the older cohort, consisting of around 1,000 children,

was between 7.5 and 8.5 years old in 2002.

18For detailed explanation, see Huerta and Stampini (2018).
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In this study, I use data from the younger cohort of the Peruvian Young Lives

survey. Focusing on the younger cohort offers several advantages, including: (i) it

allows for the examination of the long-term effects of Juntos on children’s outcomes,

as the younger cohort has been followed from childhood to adolescence, and (ii)

it provides a large enough sample size of Juntos recipients to allow for meaningful

analysis, as compared to the older cohort which has less than 100 beneficiary children.

The sampling procedure of Young Lives in Peru began with the district level that

the sentinel sites were chosen using a multi-stage, cluster-stratified, random sampling

approach. Based on the poverty map developed by Fondo Nacional de Compensación

y Desarrollo Social (FONCODES) in 2000, the Peruvian research team excluded

the richest 5% of districts, and subsequently selected surveyed districts from the

remaining pool. Once the districts were chosen, households within each district were

selected randomly. For the younger cohort, all selected households were visited by a

fieldworker to identify eligible households with at least one child aged between 6 and

18 months in 2002.

Young Lives sample in Peru is pro-poor, but comparable to nationally represen-

tative samples. Escobal and Flores (2008) compare the Young Lives sample with two

nationally representative samples including the Living Standard Measurement Survey

2001 (ENAHO 2001) and the Demographic and Health Survey 2000 (DHS 2000). The

authors conclude that Young Lives households are very similar to the average house-

hold in Peru, and Young Lives sample captures the full range of diversity in Peruvian

children in terms of their varied attributes and experiences. Table A1 in Appendix

A presents the comparison of some key variables between the Young Lives 2002 and

the DHS 2000 adapted from the Appendix 5 in Escobal and Flores (2008). In this

comparison, the authors take into consideration the different sample frames. The re-

sults reveal that two samples are comparable in several aspects, including household,

respondent and child characteristics.

For the research purpose, I mainly use the child survey and the household sur-

vey, with a specific focus on households located in eligible districts.19 The household

survey covers a wide range of topics such as participation in Juntos, household com-

position, housing quality and asset, access to basic services, jobs and education of

household members. From the child survey, I obtain rich information on Young Lives

children along the following dimensions: demographic characteristics (e.g., gender,

19The information regarding the eligibility period of districts is obtained from the official website
of MIDIS. For detailed information, see http://www2.juntos.gob.pe/infojuntos/.
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age, religion, ethnicity, mother’s education), child health (e.g., vaccination, health

long term issues), cognitive abilities (e.g., maths test result, reading test results), and

attitudes toward women’s role.

Given that my primary outcome variable of interest, gender role attitudes, is ob-

served only in the fifth round, I construct a cross-sectional dataset that combines

key information from the fifth round with data from previous rounds. This com-

bined dataset is then merged with information regarding household participation in

the Juntos program and other relevant data from the household survey. My con-

structed sample comprises 1,119 children, including 596 beneficiary children and 523

non-beneficiary children. It is important to note that beneficiary children in this

paper refers to children who are members of beneficiary households that have ever

participated in the program at any point between 2002 and 2016. Table 1 summarizes

some key variables for the sample.

Table 1. Descriptive Statistics of Key Variables

Mean Standard Deviation Min Max Count
Juntos (Yes=1) 0.53 0.50 0.00 1.00 1,119
Female (Yes=1) 0.50 0.50 0.00 1.00 1,119
Urban (Yes=1) 0.48 0.50 0.00 1.00 1,119
BMI-for-age z-score 0.70 1.30 -4.91 11.34 1,111
Weight-for-age z-score -0.47 1.13 -5.54 5.33 1,112
Height-for-age z-score -1.64 1.29 -9.50 4.79 1,112
Polio vaccination (Yes=1) 0.97 0.16 0.00 1.00 1,113
BCG Vaccination (Yes=1) 0.96 0.19 0.00 1.00 1,113
Measles vaccination (Yes=1) 0.35 0.48 0.00 1.00 1,101
Age of child (months, 2002) 11.68 3.56 5.00 22.00 1,119
Health long term issues (Yes=1, 2002) 0.22 0.41 0.00 1.00 1,119
Catholic (Yes =1) 0.81 0.39 0.00 1.00 1,119
Mestizo (Yes = 1) 0.94 0.24 0.00 1.00 1,119
Mother education (<secondary school = 1) 0.63 0.48 0.00 1.00 1,111
Age of mom (years, 2002) 27.13 6.91 15.00 49.00 1,108
Caregiver’s gender preference for the child (Male=1) 0.51 0.44 0.00 1.00 1,110
Household size (members, in 2002) 5.81 2.33 2.00 18.00 1,119
Reading test in 2016 (accuracy rate) 0.60 0.15 0.07 1.00 1,077
Maths test in 2016 (accuracy rate) 0.34 0.15 0.00 0.81 1,119
Male sibling (Yes=1) 0.76 0.43 0.00 1.00 1,119
Female sibling (Yes=1) 0.76 0.43 0.00 1.00 1,119
Coastal area (Yes=1) 0.21 0.41 0.00 1.00 1,119
Mountainous area (Yes=1) 0.61 0.49 0.00 1.00 1,119
Observations 1119

Note: Descriptive statistics is computed from the estimating sample to examine the effect of Juntos on gender role attitudes.
The variables, including Juntos, Female, Urban, Polio vaccination, BCG vaccination, Measles vaccination, Health long term
issues, Catholic, Mestizo, Mother education, Caregiver’s gender preference for the child, Male sibling, Female sibling, Coastal
area, Mountainous area are indicators. The z-scores for Weight-for-age, Height-for age and BMI-for-age are calculated based on
the World Health Organization (WHO) reference tables and software (Briones, 2018). Note that the body mass index (BMI) is
the ratio between a child’s weight in kilograms and their height in metres squared. The formula proposed by WHO is z-score =
(X-m)/SD, where X is the observed value of the child (height, weight or BMI), m and SD are the mean and standard deviation
value of the distribution corresponding the reference population. Reading test and maths test in 2016 are measured by the rate
of correct answers.

Over the 15-year study period, 596 children, or 53% have ever benefited from
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the Juntos program. Moreover, the sample is characterized by a balance in terms

of child gender, with the majority identifying as Mestizo (94%) and Catholic (81%).

At baseline, the average age of mothers was approximately 27 years old, and 63%

of them have the education level below secondary school. Additionally, the table

reports that the average household size is around six individuals, and most children

have female or male siblings. The caregiver gender preferences before the child was

born was equally distributed with the mean of 0.51. This indicates that there should

be no overall bias in caregiver gender preference towards male or female offspring in

the analysis sample.

4.2 Measurement of Gender Role Attitudes

In this study, the main outcome variable of interest is gender role attitudes of chil-

dren aged 15. To construct an index, I combine 12 gender attitude variables that are

exclusively obtained from the fifth round of the survey. These variables are based on

the Attitudes toward Women Scale for Adolescents (AWSA), a widely recognized tool

for assessing gender role attitudes among adolescents.20 The 12 variables are gathered

by asking children whether they agree with statements about the attributes, expec-

tations, roles and rights acceptable for each gender. Following Dhar et al. (2019), I

transform the variables from a 4-Likert scale into binary values. In this case, the corre-

sponding indicator equals 1 if children answer ‘Agree’ or ‘Strongly agree’ (‘Disagree’

or ‘Strongly disagree’) when the statement is in favour of (opposed to) traditional

views. Gender attitude index (unweighted index) is the average of the twelve indi-

cators. In principle, the value of the constructed index ranges from 0 to 1, where a

score of 0 signifies an extremely non-traditional attitude, while 1 denotes an extremely

traditional attitude.21, 22

One potential concern pertains to the representativeness of the gender attitude

index due to the lack of national representativeness in the Young Lives Sample. In

order to address this concern, I present descriptive evidence in Appendix A, comparing

the responses to gender attitude statements in this survey with those from other

surveys in Peru and some other Latin American countries.

20The Attitudes Toward Women Scale for Adolescents (AWSA) is derived from the short form
of the Spence-Helmreich Attitudes Toward Women Scale (Galambos et al., 1985). AWSA has been
used widely to capture gender belief in the psychology literature, for instance: Caso et al. (2020),
Puzio and Best (2020) and Coyne et al. (2022).

21In Figure A1 in Appendix A, I present the distribution of the gender attitude index.
22The full sentences of all statements are presented in Appendix C.
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Figure A2 compares the average response to the statement Men make better po-

litical leaders than women do in the World Values Survey in Peru and other Latin

American countries with the average response to the statement Men are better leaders

than women in the Young Lives Survey.23 Generally, Peru exhibits a more progressive

stance compared to neighboring countries, with approximately 20% of respondents

strongly agreeing/agreeing with the statement. Furthermore, despite the age differ-

ence of respondents (ranging from 18 to 88 years old) in the World Values Survey, the

mean responses of the Young Lives Survey and the Peruvian World Values Survey

are highly similar. Considering gender, the mean responses of female respondents in

both surveys are closely aligned, while male respondents in the Young Lives Survey

display more regressive views compared to the other survey.

In Figure A3, a comparison between two cohorts in the Young Lives Survey is

presented. In Round 5, the older cohort consists of individuals around 22 years old.

By employing identical questions for both cohorts, the mean responses on a 1-to-

4 scale for all 12 gender attitude items are compared. The results indicate a high

degree of similarity in the mean responses of the two cohorts across the 12 items.

In conclusion, through comparisons with other surveys and with different cohorts

within the same survey, I am able to proceed with confidence that the responses of

the younger cohort are reasonably representative of Peru.

Following Jaruseviciene et al. (2014), I then classify gender role attitudes into

three dimensions: (i) power dimension: measures the level of power held by girls

and women in comparison to boys and men, (ii) equality dimension: captures the

desire for greater gender equality, such as expectations around sharing housework or

the same freedoms for boys and girls, and (iii) behavior dimension: measures social

expectations for the behaviors of boys and girls.24 The three sub-indices are obtained

using the same procedure as the gender attitude index.

Table 2 describes the attitudes towards gender roles of children in the sample. I

23The World Values Survey (www.worldvaluessurvey.org) is an international scholarly endeavor
aimed at investigating the dynamics of changing values and their influence on social and political
realms. Commencing in 1981, the survey employs robust research methodologies tailored to individ-
ual countries, encompassing almost 100 nations, which collectively represent nearly 90 percent of the
world’s population. Employing a standardized questionnaire, this non-commercial, cross-national,
longitudinal investigation boasts the participation of nearly 400,000 respondents, making it the most
extensive academic study encompassing the entire spectrum of global variations, from impoverished
to affluent countries, across all major cultural zones.

24Jaruseviciene et al. (2014) conduct a factorial analysis of the AWSA with the same 12 statements
as in this paper. Using a sample of 3,518 adolescents in Bolivia and 2,401 adolescents in Ecuador, the
authors provide three distinct dimensions of gender role attitudes, including the power dimension,
the equality dimension, and the behavioral dimension.
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report descriptive statistics of all twelve statements, three sub-indices and the aggre-

gated index. Overall, the attitudes are quite regressive among youth in the behavior

dimension and power dimension. For example, 58% believe that swearing is worse

for women than men, while 57% support the idea that it is more important for men

than women to do well in school. With respect to the equality dimension, there is

significantly less support for traditional norms. For instance, only 13% believe that

women should not have the same freedom as men.

Table 2. Descriptive Statistics of Attitudes towards Gender Roles (Young
Lives Round 5, Age 15)

Agree/Strongly Agree with... Mean SD Min Max

Behavior dimension 0.51 0.28 0.00 1.00
Women should not swear 0.58 0.49 0.00 1.00
Men pay for date expenses 0.54 0.50 0.00 1.00
Women cannot ask men out 0.42 0.49 0.00 1.00

Equality dimension 0.15 0.20 0.00 1.00
Women are not smart as men 0.18 0.39 0.00 1.00
Women should not play rough sports 0.11 0.32 0.00 1.00
Husband should not share housework duties with wives 0.16 0.37 0.00 1.00
Women should not have the same freedom as men 0.13 0.33 0.00 1.00

Power dimension 0.34 0.29 0.00 1.00
Incentivize college attendance more for sons than daughters 0.26 0.44 0.00 1.00
Fathers should have greater authority than mothers in family decisions 0.35 0.48 0.00 1.00
Men’s academic success is more significant than women’s 0.57 0.50 0.00 1.00
Men are better leaders than women 0.23 0.42 0.00 1.00
Women’s priority should be good homemakers and mothers 0.27 0.44 0.00 1.00

Gender attitude index 0.32 0.16 0.00 0.83

Observations 1119

Note: All variables, except Gender attitude index and three sub-indices related to behavior, equality and power dimen-
sions, are indicators taking value 1 if children answer ‘Agree’ or ‘Strongly agree’ (‘Disagree’ or ‘Strongly disagree’) when
the statement is in favour of (opposed to) traditional views. Gender attitude index and three sub-indices (unweighted in-
dices) are as the averages of their respective component indicators.

5 Empirical Approach

This section presents the empirical approach. To estimate the causal effect of the

Juntos program on gender role attitudes of beneficiary children, I exploit the eligibil-

ity rules, which identify that a household is eligible if it resides in an eligible district,

includes pregnant women or children up to 19 years old, and has a poverty score

exceeding a predetermined threshold. In my analysis sample, since all households re-

side in eligible districts and surveyed children was approximately 15 years old in 2016,

therefore, the eligibility of households is identified solely based on their poverty score.

First, I introduce the approach for calculating household poverty scores based on

surveyed data. Despite that I do not observe the government’s eligibility-determining
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score, I show that measurement error would not pose a concern since there is a clear

jump in the share of participating households at the threshold. I then provide the

identification strategy - a fuzzy RD design following Battistin et al. (2009). Moreover,

I conduct several validation tests to show the robustness of the design.

5.1 Household Poverty Score

My identification strategy exploits the assignment rule of the program, whereby

households with poverty scores equal to or exceeding the corresponding thresholds

are selected as eligible. To implement the identification strategy, I need to observe

household poverty scores, which condition eligibility. Utilizing extensive data from

the household survey conducted in five rounds, I recompute the poverty scores using

the official formulas implemented in the Juntos program. The beneficiary house-

holds are defined as households that have received cash transfers at any point in time

between 2002 and 2016.

The approach for calculating poverty scores relies on the time that the district,

where the household lived in, became eligible for the Juntos program, spanning from

2002 to 2016. As discussed in Section 3, the Juntos program updated its poverty score

computation approach in 2012. Therefore, I employ the former method, utilizing a

universal threshold value, for households in districts that became eligible between

2005 and 2011. For households in districts that became eligible between 2012 and

2016, I apply the current method, which employs the IFH index and regional-specific

thresholds.

In principle, the poverty scores are calculated using data from the previous round

corresponding to the eligibility time of districts for non-beneficiary households. For

Juntos beneficiary households, poverty scores are determined based on data from

their previous round corresponding to the time of enrollment, indicating the initial

program entry. Given that the poverty scores in the former method are on a scale from

0 to 1, with higher scores indicating greater poverty, and the current method uses a

scale from 0 to 100 with higher scores indicating greater wealth, I re-scale the scores

obtained from the current method by a factor of 100 and adjust their direction to align

with the former method. This transformation is necessary to maintain consistency in

the poverty scores across the two methods and ensure that the direction of the scores

accurately reflects the level of poverty. Subsequently, the poverty scores are centered

with their corresponding eligibility cutoff values, and then the eligible threshold is 0

in this setting. A non-negative centered poverty score implies that households are
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eligible for the program.

In my identification, an issue may arise due to potential differences between Young

Lives Study data and administrative data used for household poverty score calcula-

tion, potentially resulting in measurement error. The calculation result indicates that

25% of households have centered poverty scores below 0, but reported receiving the

benefit. Moreover, 23.9% of households have centered poverty scores greater than 0,

but did not take part in the program, which can be explained because participation

in the program is not mandatory.

In general, this evidence is also consistent with measurement error in the reporting

of the participating status. However, the inaccuracy in participating status is unlikely

to happen. This is because households are asked whether they are beneficiaries of

the Juntos program from the third to the fifth round, and there is no inconsistency

in their report during the whole study period. Therefore, I make an assumption that

the participating status is not misreported. All inconsistencies in the data between

the poverty score and the observed participating status are presumed to come from

measurement error in the poverty score.

Measurement error would pose a major issue if it had smoothed out any discon-

tinuity in the share of participating households at the threshold (Davezies and Le

Barbanchon, 2017). However, as shown in Figure 1, this is not the case. For the

sake of brevity, I plot the share of participating households by excluding the top 2%

and the bottom 2% of the running variable. The figure shows a clear jump at the

threshold. Therefore, following Battistin et al. (2009), I can refer that the measure-

ment error in the eligibility variable arises due to contaminated data, in which the

observed distribution of poverty scores includes both accurately measured values and

those reported with some degree of error.

In this study, a direct assessment of the correlation between my computed house-

hold poverty score and the government’s eligibility-determining score is not feasible.

However, to provide suggestive evidence about the quality of the computed poverty

score, Table A2 in Appendix A presents a positive correlation between my computed

poverty score from Young Lives and the poverty score from ENAHO.25, 26 It is es-

25In order to facilitate an appropriate comparison, two sub-samples are drawn from the ENAHO
dataset. Specifically, the ENAHO 2004 dataset is confined to households with children aged between
3 and 4 years, while the ENAHO dataset for the year 2009 includes households with children aged
between 7 and 9 years. Notably, the ENAHO surveys lack information on children under three
years old, rendering a comparison between ENAHO 2002 and Young Lives 2002 unfeasible. Detailed
explanations of the calculation methods can be found in Appendix B.

26To better illustrate the quality of the computed score, I use the complete sample, encompassing
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Figure 1. Discontinuity in the Share of Participating Households (Exclud-
ing Top 2% and Bottom 2%)

Note: In this graph, the support of the running variable (centered poverty score) is divided into
disjoint bins. The observations situated to the right of the vertical line are considered eligible for
Juntos.

sential to note that ENAHO’s questions provide precise information for identifying

the variables used in the algorithms to calculate the poverty score. Additionally, the

Peruvian government utilized ENAHO data from 2001 to 2004 to establish coeffi-

cients in the algorithm used for the former method and data from ENAHO 2009 to

determine the set of variables for the IFH computation.

In Panel A of Table A2, when employing the former method with a universal

threshold value, the correlation rate is 0.875. This correlation is derived from the

average poverty scores in 14 departments in Young Lives 2002 and ENAHO 2004. In

Panel B, the current method is employed to compute the IFH index. Based on the

average indices in 13 clusters, a moderate and positive correlation (0.562) is observed

between the computed IHF index in Young Lives 2009 and the IFH index in ENAHO

2009. More importantly, the average poverty scores or IHF indices are very similar

in several departments and clusters, which supports the claim that the household

poverty score is partially observed with errors.

households from both eligible and ineligible districts, resulting in a total of 1,860 observations across
20 districts.
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5.2 Identification Strategy

In the presence of measurement error due to contaminated data, following Battistin

et al. (2009), I employ the fuzzy regression discontinuity design, where the eligibility

status is used to solve the endogeneity of the participating status. In the RD design

framework, it is assumed that households near the eligibility cutoff on either side

share similar characteristics, except for their program eligibility status. The specific

estimating equations are as follows:

Juntosij = α + β1[Xij≥0] + h(Xij) + λj + ϵij (1)

Yij = µ+ γ1[Xij≥0] + h(Xij) + κj + υij (2)

where Juntosij is a binary variable that takes the value of one if the household of

child i in district j participated in Juntos at any point between 2002 and 2016. The

variable Yij represents my measure of gender role attitudes for child i in district j.

Xij is the centered poverty score of the household of child i in district j. 1[Xij≥0] is an

indicator variable that equals 1 if the centered poverty score is greater than or equal

to 0. h(Xij) captures the relationship between the outcome variable and running

variable Xij. λj and κj are district fixed effects, which account for time-invariant

factors specific to each district. It is important to control for district fixed effects

in the first stage due to variations in how household poverty scores are calculated

across different districts. Moreover, as described in Appendix B, some components of

household poverty scores are influenced by district-specific factors, such as household

access to water, electricity, and drainage systems. Intuitively, I compare the gender

role attitudes of children within the same district in this setting. ϵij and υij are error

terms. Following Abadie et al. (2022), standard errors are clustered at the district

level.

The relevant parameters include β̂ in Equation 1, the intention-to-treat (ITT)

estimate γ̂ from Equation 2, and the ratio τFRD = γ̂/β̂, which represents the local

average treatment effect (LATE) given some additional assumptions.27 To estimate

27According to Hahn et al. (2001), there are three additional assumptions for identification, which
allows τFRD to be interpreted as LATE. The first assumption is monotonicity, that is having a
non-negative centered poverty score does not decrease the probability of receiving cash transfer for
any household (which seems plausible). The second assumption is the existence of the first stage.
The third assumption - local independence - indicates that in a neighborhood around the threshold,
household treatment effects and treatment status are jointly independent of the centered poverty
score.
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the causal effect, I employ a non-parametric RD design strategy, focusing solely on

observations near the threshold where a discontinuous change in the probability of

treatment assignment occurs. This approach does not impose any assumptions regard-

ing the functional form of the running variable. However, as highlighted by Calonico

et al. (2014), the traditional bandwidth selecting procedure of the non-parametric

method often leads to bias in the distributional approximation of the estimator. To

overcome this challenge, I adopt the local polynomial non-parametric RD design with

data-driven bandwidth selectors and bias-correction techniques proposed by Calonico

et al. (2014) and Calonico et al. (2019).

In this paper, I primarily use the mean square error (MSE) optimal bandwidth

(ĥMSE), which optimizes point estimates by minimizing the asymptotic mean square

error (Calonico et al., 2020). In my baseline regression specification, I use the MSE

optimal bandwidth, triangular weights and linear local polynomial. In all RD spec-

ifications, I report the conventional point estimators and the corresponding robust

p-values.

5.3 Threats to Identification and Assessment of Validity

Within the RD design framework, the assignment of households to the Juntos program

can be viewed as locally randomized around the threshold of the centered poverty

score, which serves as the running variable. While it is challenging to directly assess

the randomness assumption, there are several methods available to evaluate its valid-

ity. This subsection presents the tests for discontinuity in both the running variable

and other covariates near the threshold.

5.3.1 Testing Discontinuities in the Running Variable Density

In the Juntos program, manipulation of household poverty scores might occur at dif-

ferent levels, including the household level and district level. Manipulation behaviors

often require knowledge of the formulas to calculate poverty scores before applying

to the program. At the household level, it is hard to believe that households could

precisely manipulate their poverty scores. First, the targeted population of the pro-

gram is poor households, who are less likely to know the formulas. Second, those

formulas are quite complicated with several different variables and their correspond-

ing coefficients. Most of variables are long term and not easy to adjust in response to

expectations regarding the program’s commencement. Moreover, it is very unlikely
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that the households know the cutoff value. The households only know the result of

the eligibility evaluation, but not the value of their poverty scores.

Another concern related to manipulation is that districts might attempt to adjust

the poverty scores of their households to maximize the program’s benefits. However,

the likelihood of such an event is pretty low, given that the Juntos program has

implemented a checked stage with a commission consisting of both local and national

representatives to verify the list of eligible households.

Taking a statistical perspective, we can assess the potential manipulation by ex-

amining the density of the running variable around the eligibility threshold. To do

this, I use a manipulation test that involves a local-polynomial density estimator

based on the observed sample’s cumulative distribution function. This allows me to

estimate the probability density function of the centered poverty score, following the

approach by Cattaneo et al. (2018). The null hypothesis posits that the density of

the centered poverty score variable remains continuous at the zero threshold.

Figure 2. Manipulation Testing Plot

Note: This graph presents the manipulation test based on density discontinuity following Cattaneo
et al. (2018). The observations situated to the right of the vertical line are considered eligible for
Juntos.

In Figure 2, there appears to be a noticeable jump at the threshold upon initial

observation. However, the results of the statistical test show that we cannot reject

the null hypothesis, indicating no manipulation of density at the threshold. This

conclusion is based on a test statistic of 0.7052 and a p-value of 0.481. To explain the
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Table 3. Covariate Discontinuity Test Around the Threshold

Variable MSE-Optimal RD Robust Inference Eff.Number
Bandwidth Estimator p-value Conf. Int. Observations

Child characteristics

Female 0.128 -0.011 0.981 [-0.545, 0.531] 554
BMI-for-age z-score 0.094 -0.916 0.248 [-2.403, 0.620] 451
Weight-for-age z-score 0.136 -0.511 0.517 [-2.681, 1.349] 580
Height-for-age z-score 0.171 0.414 0.537 [-1.301, 2.496] 685
Age of child (months, 2002) 0.130 -3.134 0.493 [-9.159, 4.411] 557
Polio vaccination (Yes=1) 0.150 0.161 0.284 [-0.171, 0.584] 630
BCG Vaccination 0.126 0.063 0.621 [-0.221, 0.369] 549
Measles vaccination 0.109 0.331 0.263 [-0.425, 1.556] 490
Health long term issues (Yes=1, 2002) 0.129 0.451 0.241 [-0.267, 1.060] 555
Mestizo (Yes = 1) 0.126 0.182 0.439 [-0.293, 0.674] 551
Catholic (Yes =1) 0.131 0.223 0.172 [-0.145, 0.813] 561

Household characteristics

Age of mom (years, 2002) 0.123 -9.059 0.206 [-24.353, 5.258] 534
Household size (members, in 2002) 0.123 -1.071 0.576 [-6.258, 3.478] 539
Mother education (<secondary school = 1) 0.123 -0.626 0.175 [-2.016, 0.367] 536
Caregiver’s gender preference for the child (Male=1) 0.143 0.501 0.155 [-0.210, 1.321] 611

Note: This table presents the LATE estimates when I replace the dependent variable in equation 2 by the characteristics of interest. The estimates are
obtained by utilizing the MSE optimal bandwidth, triangular weights and linear local polynomial. The p-values and 95% confidence intervals reported are
constructed using robust bias correction. Standard errors clustered at district level are shown in parentheses.

observed jump, it is possible that it is influenced by measurement errors, as discussed

in Subsection 5.1, which affect some of the poverty scores. In principle, there is no

statistical evidence to support the manipulation of the running variable’s density at

the threshold.

5.3.2 Testing Discontinuities in Covariate Distributions Around the

Threshold

To provide additional evidence regarding the exogeneity of the running variable, I

examine characteristics of children and their households close to the threshold. The

RD design is valid when other factors are smooth through the cutoff value. To test

for discontinuity, I run the estimating equations 1 and 2 with the dependent variable

replaced by the characteristics of interest. I focus on two categories of characteristics,

including child characteristics (such as: gender, vaccination, health issues in 2002)

and household characteristics (such as: baseline household size, age of moms, mother’s

education).

Table 3 presents the estimates of τFRD when characteristics of interest are outcome

variables. The results suggest that there is no significant discontinuity in observable

characteristics at the cutoff when all robust p-values are larger than 0.1. Note that

in all regressions conducted on equation 1, the estimates of β are strongly significant

with an approximate magnitude of 0.21.
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6 Results

In this section, I present four key categories of results. First, I document the ef-

fects of Juntos on gender role attitudes of beneficiary children and which dimensions

of attitudes are particularly affected. Second, I provide evidence on heterogeneous

treatment effects of Juntos. Third, I discuss how Juntos influences children’s daily

activity time use and their achievement test scores. Finally, I show that my estimates

of Juntos’ effects on gender role attitudes are robust to a rich battery of robustness

checks.

6.1 Effects on Gender Role Attitudes

I first present the RD graphical evidence to intuitively illustrate the discontinuous

changes at the threshold. Figure 3 shows the discontinuities in both the proportion

of Juntos participating households and the gender attitude index. In particular,

Panel A plots the residual proportion of participating in the Juntos program as a

function of the running variable (centered poverty score). Residuals are obtained

from a regression of Juntosij on the district fixed effects. The circles present the

sample average within bin over disjoint bins of the running variable. The solid lines

represent separate fourth-order global polynomial fits on each side of the threshold,

while the error bars indicate the 95 percent confidence intervals for the local means.

The figure reveals a jump in the proportion of participating in the Juntos program

at the threshold level. Transitioning from barely below to barely above the threshold

level results in an approximate 0.2 increase in the proportion of households receiving

the cash transfer.

Analogously, Panel B plots the residual gender attitude index, which is obtained

by regressing gender attitude index on the district fixed effects, as a function of the

running variable. The figure shows a clear jump at the threshold level, in which

the gender attitude index of beneficiary children is roughly 0.05 points higher than

non-beneficiary children.

Next, I provide the results of my main regression using the local polynomial

approach. Table 4 presents the results of estimating the coefficients β and τFRD

from equations 1 and 2 using nonparametric local polynomial methods proposed by

Calonico et al. (2014) and Calonico et al. (2019).

The estimates in row (1) confirm my observation in Figure 3 that I have a signif-

icant first stage when all estimates of the coefficient β are statistically significant at
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Figure 3. First Stage and Intention-to-Treat

(a) Panel A: First Stage (b) Panel B: Intention-to-Treat

Note: Each graph plots the outcome as a function of the running variable (centered poverty score).
In both graphs, the support of centered poverty score is divided into disjoint bins. The circles
illustrate the outcome’s local mean at the midpoint of individual bins. The solid lines depict distinct
fourth-order global polynomial fits on either side of the threshold. The error bars are the 95 percent
confidence intervals for the local means. The observations situated to the right of the vertical dashed
line are considered eligible for Juntos.

the 5% level. Regarding the estimates of τFRD, the results suggest that the Juntos

program leads to more traditional gender role attitudes among children in beneficiary

households. In terms of the effect size, when quantifying gender role attitudes as

an unweighted index, beneficiary children exhibit a 27.7 percentage point increase in

favor of traditional attitudes compared to those in non-beneficiary households (robust

p-value <0.05), as reported in column (2). The magnitude of the effect is substan-

tial, representing an 85% increase over the control group’s mean within the optimal

bandwidth.

Building upon the main result, I further investigate which dimensions of gender

role attitudes are particularly affected. To do so, I decompose the gender attitudes

index into thematic sub-indices, including the power dimension, equality dimension,

and behavior dimension, as outlined in Section 4.2. I present the results from estimat-

ing equations 1 and 2 when the dependent variables are three sub-indices in columns

(3) to (8) of Table 4. The findings suggest that Juntos has a significant impact on the

power dimension, reflecting the extent of power women hold in comparison to men.

However, no significant effects are observed in the domains of equality and behavior.

It is important to note that when considering the coefficient values at face value, the

influence on the equality dimension closely mirrors the estimated effect on the gender

attitude index.28

28In figures A4 and A5 in Appendix A, I present the RD graphical evidence of the first stage, along

25



Table 4. Effects on Gender Role Attitudes

Gender Attitude Index Power Dimension Equality Dimension Behavior Dimension

(1) (2) (3) (4) (5) (6) (7) (8)
Panel A. First stage (β) 0.209 0.201 0.209 0.201 0.209 0.201 0.209 0.201

(0.066) (0.066) (0.066) (0.066) (0.066) (0.066) (0.066) (0.066 )
Robust p-value 0.007 0.010 0.007 0.010 0.007 0.010 0.007 0.010

Panel B. LATE (τFRD) 0.278 0.277 0.457 0.454 0.233 0.225 0.077 0.086
(0.110) (0.110) (0.179) (0.184) (0.154) (0.147) (0.164) (0.174)

Robust p-value 0.033 0.030 0.027 0.029 0.157 0.160 0.973 0.920

District FEs Yes Yes Yes Yes Yes Yes Yes Yes
Controls No Yes No Yes No Yes No Yes

Control Group Mean (optimal BW) 0.323 0.323 0.329 0.329 0.174 0.174 0.548 0.548

Observations 527 522 527 522 527 522 527 522

Note: Panel A presents estimates of equation 1, where the dependent variable is participation in the Juntos program. Panel B report the LATE estimate of partici-
pation in Juntos on gender role attitudes, computed as the ratio of the ITT estimate to the first-stage coefficient. The optimal bandwidth is 0.120. Several control
variables are included in the analysis, such as the age of mothers (years) in 2002, dummy variables for gender of the child, mother education, location (urban), and
child’s religion. In columns (2), (4), (6) and (8), to include control variables in the non-parametric estimation, I employ a two-stage approach following Lee and
Lemieux (2010). Initially, the outcome variable is residualized by absorbing control variables through the Ordinary Least Squares (OLS) method. Subsequently, the
local linear RD approach is applied to the residualized outcome. The estimates are obtained by utilizing the MSE optimal bandwidth, triangular weights and linear
local polynomial. The robust p-values reported are constructed using robust bias correction. Standard errors clustered at the district level are shown in parentheses.

In brief, the results suggest that the Juntos program leads to more traditional

gender role attitudes in beneficiary children. Based on the discussion of gender-

socialization theory and maternal influences on children’s gender role attitudes in

Section 2, this finding can be explained by the program’s potential impact on mothers

that reinforces their traditional roles. I will delve deeper into this hypothesis in

Section 7.

6.2 Heterogeneous Effects by Child Gender, Maternal Educational Level

and Region

In this subsection, I explore whether the impact of the Juntos program on gender

role attitudes varies along three dimensions: child gender, maternal education, and

region.

First, I conduct a separate analysis to examine the impact of the Juntos program

on boys and girls in columns (1) and (2) of Table 5. Taking the point estimates

at face value, I find that the impact on females is smaller than the effect on males,

with values of 0.233 and 0.280, respectively. However, the estimated coefficient of

τFRD demonstrates weak statistical significance in the female sub-sample, with a

robust p-value just below 0.1. In contrast, the estimated coefficient in the male sub-

sample is statistically indistinguishable from zero. These inconclusive results could

be attributed to the relatively small number of observations in both sub-samples near

the threshold.

with the intention-to-treat estimates, utilizing the optimal bandwidth for the gender attitude index
and three sub-indices, including: power dimension, equality dimension and behavior dimension.
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Table 5. Heterogeneous Effects by Child Gender, Maternal Education and
Region

Gender Attitude Index

Child Gender Mother’s Educational Level Region

Female Male < secondary school ≥ secondary school Mountain Jungle & Coast
(1) (2) (3) (4) (5) (6)

Panel A. First stage (β) 0.250 0.185 0.237 0.290 0.233 0.132
(0.086) (0.077) (0.063) (0.120) (0.075) (0.094)

Robust p-value 0.020 0.062 0.001 0.018 0.015 0.284

Panel B. LATE (τFRD) 0.233 0.280 0.188 0.332 0.341 0.187
(0.129) (0.206) (0.072) (0.184) (0.132) (0.158)

Robust p-value 0.098 0.236 0.022 0.148 0.011 0.442

District FEs Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes

Control Group Mean (optimal BW) 0.316 0.326 0.350 0.301 0.337 0.334
Observations 237 301 318 164 441 253

Note: Panel A presents estimates of equation 1, where the dependent variable is participation in the Juntos program. Panel B report the LATE estimate
of participation in Juntos on gender role attitudes, computed as the ratio of the ITT estimate to the first-stage coefficient. Several control variables are
included in the analysis, such as the age of mothers (years) in 2002, dummy variables for location (urban) and child’s religion. In all columns, I employ
a two-stage approach, as detailed in Table 4, to include control variables in the non-parametric estimation. The estimates are obtained by utilizing MSE
optimal bandwidths and linear local polynomial. The robust p-values reported are constructed using robust bias correction. Standard errors clustered at
the district level are shown in parentheses.

Next, I investigate whether the impact of Juntos on children’s gender role at-

titudes varies across different levels of maternal education. I conduct a separate

analysis, distinguishing between children whose mothers have an educational level

below secondary school and those with at least a secondary school education. This

analysis is presented in columns (3) and (4) of Table 5. In column (3), I examine the

impact of the Juntos program on the gender role attitudes of children whose mothers

have an educational level below secondary school. The point estimate of τFRD (0.188)

is positive and statistically significant at a robust p-value level of 0.05. Shifting focus

to column (4), I turn to children whose mothers have at least a secondary school

education. The estimated coefficient of τFRD is positive but insignificant, indicating

no clear evidence of the program’s effect in this sub-sample. However, it is essential

to interpret this result cautiously due to the small number of observations (164) in

this particular sub-sample.

The ultimate facet of heterogeneity under consideration lies at the regional level.

Peru is renowned for its abundant diversity, characterized by three distinct natural

regions: the coastal areas, mountainous areas, and the jungle. Throughout Peru-

vian history, women residing in mountainous regions have consistently occupied a

subordinate status compared to men, a circumstance attributed to deeply ingrained

patriarchal systems and practices (Babb, 2018). To delve into the nuanced impact,

I present a separate analysis of children residing in the highlands and in coastal and

jungle areas in the last columns of Table 5.
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Column (5) reveals a large and statistically significant effect of Juntos (0.341) on

the gender role attitudes of children in the highlands (robust p-value < 0.05), whereas

no significant effect is observed in other areas in Column (6). However, it is important

to interpret the result of Column (6) with caution since the estimator of β in Panel

A is indistinguishable from zero, possibly due to the limited number of observations.

It is noteworthy to bear in mind that between 2005 and 2017, only 28% of eligible

districts belong to the jungle and coastal regions, as reported by Carpio et al. (2019).

6.3 Effects on Time Use and Test Scores

One crucial focal point within this investigation revolves around the measurement of

the gender attitude index through sensitive questions, thus giving rise to the predica-

ment of social desirability bias (Yan, 2021). That is, societal expectations dictate

certain behaviors and attitudes as socially desirable while designating others as so-

cially undesirable. Therefore, children might exhibit a bias towards responding in a

socially desirable manner. In other words, children might not actually change their

views towards gender role attitudes. To surmount this concern, I test whether the

main results are aligned with children’s actual behaviors.

Relying on detailed information on the time use in daily activities during a typical

day in Round 5, I examine the effect of the Juntos program on time use across five key

categories: caring for others, domestic tasks and chores, paid work, non-paid work

(labor force work for the household), and leisure.29

Figure 4 presents the results for male and female sub-samples. The results in the

right sub-graph indicate that beneficiary girls significantly allocate more time to care-

giving and unpaid labor (1.614 and 1.141 hours, respectively, robust p-value <0.05).

Moreover, beneficiary girls also spend more time on domestic tasks (0.418 hours)

and less time on leisure activities (-1.628), though these estimates are statistically

insignificant. In the left sub-graph, there is no statistically significant impact of the

Juntos program on boys’ time allocation. However, taking the coefficients at face

value, it appears that beneficiary boys spend less time on activities traditionally

associated with femininity, such as caregiving (-0.289) and domestic tasks (-0.151).30

29It is noteworthy that a ”typical day” in this context refers specifically to weekdays, excluding
weekends, holidays, and national holidays.

30Detailed results of the effects on children’s time use in daily activities are presented in Table A3
in Appendix A.
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Figure 4. Effects on Time Use in Daily Activities

Note: This graph presents the effects of Juntos on children’s time use in daily activities. The point
estimates are obtained from replicating the specification in Table 4’s Column (2) by replacing the
dependent variable by variables representing time use in daily activities in Round 5. Time use is
measured in hours during a typical day (not weekends, holidays or national holidays). Caring (time)
indicates time that children spend on caring for others (younger siblings, ill household members).
Domestic tasks (time) denote time that children spend on domestic tasks and chores (fetching water,
firewood, cleaning, cooking, washing, shopping, etc.). Paid work (time) indicates time that children
spend on activities for pay/sale outside of household or for someone not in the household. Non-paid
work (time) denotes time that children spend on tasks on family farm, cattle herding, other family
business, shepherding, piecework or handicrafts done at home. Leisure (time) indicates time that
children spend on playing or general leisure (including time taken to eating, drinking and bathing).

The increase in time devoted on caring and non-paid work among female children

seems to align with some traditional views, particularly in the power dimension.

These views are characterized by two statements: (i) women’s priority should be

good homemakers and mothers, and (ii) men’s academic success is more significant

than women.31 It is essential to interpret the magnitude of estimated coefficients

cautiously since the recorded hours are rounded to the nearest integer.32 In summary,

the findings indicate that the traditional attitudes among children are in line with

their gendered behaviors, especially among girls.33

31Power dimension of gender attitude index measures the level of power held by girls and women
in comparison to boys and men.

32The number of hours is recorded in the following way: if the time is less than 30 minutes, enter
0 ; and if it is 30 minutes or more, enter 1 (1 hour).

33In Table A4 in Appendix A, I present the results of of Juntos’ impacts on other daily activities,
including study time, school time, and sleep duration. Although the statistical significance of these
results is lacking, when considering the estimated values at face value, it becomes apparent that
male beneficiaries allocate less time to caregiving, domestic chores, and leisure pursuits. Conversely,
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Figure 5. Effects on Test Scores

Note: This graph the effects of Juntos on children’s test scores. The point estimates are obtained
from replicating the specification in Table 4’s Column (2) by replacing the dependent variable by
reading test scores and maths test scores.

Next, I examine the impact of Juntos on children’s performance in reading com-

prehension and mathematics achievement tests. Having been administered since the

second round, these tests were designed by the Young Lives team to evaluate chil-

dren’s intellectual and cognitive abilities. During the fifth round, the mathematics

test consisted of 31 questions. Some questions were drawn from the Programme for

International Student Assessment (PISA) tests. Students were given 50 minutes to

complete the mathematics test. The reading comprehension test comprised 27 ques-

tions, and students had 30 minutes to complete it. Figure 5 illustrates the estimation

results of Juntos’ impact on children’s accuracy in reading and mathematics tests.

The findings reveal that beneficiary girls exhibit a significant decrease in accuracy,

scoring 25.5% lower in reading and 29.6% lower in math compared to non-beneficiary

girls. In contrast, there are no statistically significant effects for boys in either read-

ing or math tests. Notably, the decline in achievement test scores among girls aligns

with a substantial increase in time spent on caregiving and non-paid work, suggest-

ing a potential negative association between engagement in gendered behaviors and

academic performance.34

they spend more time on after-school studies, particularly at home or through extra tuition.
34Table A5 in Appendix A presents detailed results of the effects on children’s test scores. More-

over, to provide a robustness check for the effects of Juntos on test scores, Table A6 in Appendix A
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6.4 Robustness Checks

In this subsection, I show that my estimates of Juntos’ effects on gender role attitudes

are robust to a rich battery of robustness checks.

Different Selections of Local Polynomial Degree, Kernel, or Bandwidth.

In Table 6, I show that the main results are not sensitive to the selection of local

polynomial degree, kernel, or bandwidth. Following Gelman and Imbens (2019),

in column (1), I present the result when replacing the local linear polynomial by

a quadratic polynomial, but selecting a different optimal bandwidth ĥMSE. The

result indicates that the point estimate of the RD LATE is very similar with those

estimated with the linear specification in Table 4. Importantly, the point estimate

remains consistent in both direction and statistical significance at the 5 percent level.

Shifting the focus to columns (2) and (3), I use the uniform and epanechnikov kernels.

In column (4), I use the coverage error rate (CER) bandwidth (ĥCER), which optimizes

confidence intervals by minimizing the asymptotic coverage error rate (Calonico et al.,

2020).35 In column (5), I follow the common practice in the RD design by employing

the ĥMSE for the ITT only. Moving to columns (6) and (7), I allow for different

bandwidths on each side of the zero threshold when recalculating hMSE and hCER. In

general, the estimates from columns (2) to (7) remain statistically significant at the

1 percent level or the 5 percent level. Moreover, the estimating results consistently

align with the baseline results in both sign and magnitude.

Parametric Model and Wild Cluster Bootstrap. Table 7 presents the para-

metric fuzzy RD results using the two-stage least squares (2SLS) technique. In all

columns, the optimal bandwidths are obtained through the methodology proposed by

Imbens and Kalyanaraman (2011). One concern in this study is the relatively small

number of clusters (12 districts), which may violate the asymptotic assumption of an

infinite number of clusters. To address this challenge, I employ the cluster-robust wild

bootstrap procedure following Cameron et al. (2008) and report the corresponding

p-values in all specifications. Overall, the results suggest positive and statistically sig-

nificant estimated treatment effects, which are consistent with the findings obtained

from the nonparametric fuzzy RD technique.

presents the estimated results on test scores in Round 4. Overall, beneficiary girls show a significant
decrease in accuracy in both reading and mathematics, while no significant effect is observed among
beneficiary boys.

35Calonico et al. (2020) show that ĥMSE , which minimizes the asymptotic mean square error, is

optimal for point estimates, while ĥCER, which minimizes the asymptotic coverage error rate, is
optimal for inference in confidence intervals.
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Table 6. Effects on Gender Role Attitudes, Robustness

Local Polynomial Degree Kernel Alternative bandwidths

(1) (2) (3) (4) (5) (6) (7)
Panel A. First stage (β) 0.211 0.194 0.201 0.202 0.208 0.225 0.215

(0.082) (0.070 ) (0.068) (0.066) (0.055) (0.055) (0.058)

Robust p-value 0.018 0.015 0.015 0.009 0.013 0.001 0.001

Panel B. LATE (τFRD) 0.280 0.274 0.286 0.275 0.272 0.254 0.287
(0.129) (0.122) (0.115) (0.113) (0.089) (0.088) (0.093)

Robust p-value 0.049 0.039 0.035 0.034 0.020 0.007 0.004

Bandwidth selection ĥMSE ĥMSE ĥMSE ĥCER ITT ĥMSE ĥMSE2 ĥCER2

Local Polynomial Degree 2 1 1 1 1 1 1
Observations 679 499 542 505 709 584 516

Note: The dependent variable is the gender attitude index as defined in Table 4’s columns (1) and (2). In each column, the specific local

polynomial degree and the algorithm for optimal bandwidth selection are indicated. The ĥMSE bandwidth selection algorithm is optimal for
point estimation; the ĥCER selection algorithm is optimal for inference of confidence intervals. The use of subscript 2 in the description of
the bandwidth selection algorithm indicates that distinct bandwidth lengths have been chosen on each side of the threshold. Several control
variables are included in the analysis, such as the age of mothers (years) in 2002, dummy variables for gender of the child, mother educa-
tion, location (urban), and child’s religion. The p-values reported are constructed using robust bias correction. Standard errors clustered at
district level are shown in parentheses.

Estimation through An Expanded Sample Size. One concern in this study

is the relatively small sample size around the eligibility threshold, which could af-

fect the precision of my estimates. To address this concern, I take the approach of

incorporating household data from ineligible districts into my analysis sample to es-

timate the impact of the Juntos program on children’s gender role attitudes.36 This

approach assumes that households near the eligibility threshold, whether in eligible

or ineligible districts, are comparable, with the exception of their eligibility status.

It is important to acknowledge that this assumption is strong. However, my primary

objective in including households from ineligible districts is to bolster the sample size

and enhance the robustness of my main findings.37

Given that all households in ineligible districts do not receive the cash transfer,

including district fixed effects in regression specifications might not be suitable. To

address this, I choose to control for the district poverty index from the year 2000,

a comprehensive index developed by FONCODES. This index covers various factors

related to access to essential services, such as health facilities, classrooms, availability

36In ineligible districts, I apply the current method, which will be used once they become eligible
after 2016, to calculate household poverty scores. For these calculations, I primarily use data from
rounds 4 and 5.

37In Table A7 and Figure A6 in Appendix A, I present the results of the manipulation test and
covariate discontinuity test conducted on the expanded sample around the threshold. The findings
indicate that we cannot reject the null hypothesis, suggesting no evidence of manipulation of density
at the threshold. Additionally, there is no significant observed discontinuity in characteristics at the
threshold.
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Table 7. Effects on Gender Role Attitudes (Parametric Method and Wild
Cluster Bootstrap), Robustness

Gender attitude index

2SLS (1) (2) (3) (4)

LATE (τFRD) 0.206∗∗∗ 0.184∗∗ 0.206∗∗∗ 0.181∗∗∗

(0.067) (0.078) (0.064) (0.069)
[0.016] [0.014] [0.016] [0.016]

Controls No Yes No Yes

First stage

Z 0.253∗∗∗ 0.251∗∗∗ 0.216∗∗ 0.223∗∗

(0.071) (0.071) (0.088) (0.086)
X 0.436∗ 0.451 1.909 1.730

(0.227) (0.252) (1.076) (1.026)
Z × X -0.754∗ -0.753∗ -3.039∗∗ -2.872∗∗

(0.349) (0.349) (1.319) (1.250)
X2 5.327 4.525

(3.476) (3.351)
Z × X2 -1.805 -0.919

(5.146) (5.044)
District FEs Yes Yes Yes Yes
1st stage F 11.33 10.60 12.63 12.07
1st stage R2 0.51 0.52 0.51 0.52
Regression type Linear Linear Quadratic Quadratic

Observations 885 882 885 882

Note: The dependent variable is the gender attitude index as defined
in Table 4’s columns (1) and (2). In all columns, the optimal band-
widths are selected following the methodology of Imbens and Kalya-
naraman (2011). Standard errors, shown in parentheses, are clustered
at the district level. Inference is also conducted using a cluster robust
wild bootstrap procedure following Cameron et al. (2008), and the cor-
responding p-values are reported in brackets. Asterisks denote signifi-
cance: *p < 0.1, **p < 0.05, ***p < 0.01.
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of piped water, sanitation facilities, and electricity. It also considers factors like road

accessibility, school attendance, and child malnutrition.

Additionally, I incorporate department fixed effects into the model to account

for time-invariant characteristics specific to each department. While the eligibility

criteria are determined at the district level, it is crucial to recognize the significant role

that departments play in designating eligible districts. Carpio et al. (2019) highlight

that logistical and budgetary constraints can lead the Juntos program to exclude

very poor districts in remote and isolated regions or departments with only a few

poor districts. The specific estimating equations are as follows:

Juntosijd = α1 + β11[Xijd≥0] + h(Xijd) + δDistrict poverty indexj + ηd + ζijd (3)

Yijd = µ1 + γ11[Xijd≥0] + h(Xijd) + θDistrict poverty indexj + ιd + νijd (4)

where Juntosijd is a binary variable that takes the value of one if the household of

child i in district j of department d participated in Juntos at any point between 2002

and 2016. The variable Yijd represents my measure of gender role attitudes for child

i in district j of department d. Xijd is the centered poverty score of the household of

child i in district j in department d. h(Xijd) captures the relationship between the

outcome variable and running variable Xijd. District poverty indexj is the poverty

index of district j in 2000 from FONCODES. ηd and ιd are department fixed effects.

ζijd and νijd are error terms. Standard errors are clustered at the district level.

Table 8 displays the estimation results. When comparing these results to those

in Table 4, the LATE estimates show similar signs and statistical significance across

two dependent variables: the gender attitude index and power dimension. In terms

of magnitude, the estimated coefficients are closely aligned between the child sample

in eligible districts and the child sample from both eligible and ineligible districts.

Specifically, for the gender attitude index, the coefficients are 0.278 and 0.238, for

the power dimension, they are 0.457 and 0.394, and for the equality dimension, they

are 0.233 and 0.213, respectively. Despite the imperfections in the replication, the

comparison of results suggests that the main findings of the study remain robust as

the sample size increases.

In addition, I present the estimation results for sub-samples of females and males

with expanded dataset sizes, as detailed in Table A8 and Table A9 in Appendix A. In

Table A8, taken the estimates at the face value, the results suggest that the impact

of the Juntos program is more pronounced for boys, particularly evident in columns
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Table 8. Effects on Gender Role Attitudes through An Expanded Sample
Size, Robustness

Gender Attitude Index Power Dimension Equality Dimension Behavior Dimension
(1) (2) (3) (4)

Panel A. First stage (β1) 0.257 0.257 0.257 0.257
(0.060) (0.060) (0.060) (0.061)

Robust p-value 0.000 0.000 0.000 0.000

Panel B. LATE (τFRD) 0.238 0.394 0.213 0.042
(0.090) (0.152) (0.099) (0.130)

Robust p-value 0.015 0.008 0.064 0.907

District Poverty Index Yes Yes Yes Yes
Department FEs Yes Yes Yes Yes

Observations 968 968 968 968

Note: Panel A presents estimates of equation 3, where the dependent variable is participation in the Juntos program. Panel B report the LATE esti-
mate of participation in Juntos on gender role attitudes, computed as the ratio of the ITT estimate to the first-stage coefficient. The optimal bandwidth
is 0.184. The estimates are obtained by utilizing the MSE optimal bandwidth, triangular weights and linear local polynomial. The robust p-values re-
ported are constructed using robust bias correction. Standard errors clustered at the district level are shown in parentheses.

(1) and (2). Columns (3) through (6) further reveal that girls who are beneficiaries

perform less accurately in reading and math tests, while no significant effects are

observed for boys. These results align with those in Table A5. Table A9 displays

the findings of the Juntos program on children’s daily activities. Notably, beneficiary

girls allocate significantly more time to caregiving and unpaid work while spending

less time on leisure activities. Conversely, there are no significant effects observed

among beneficiary boys. These findings are consistent with those in Table A3.

Different Approaches to Measure the Outcome Variable. In Table A10

in Appendix A, I further show that the estimates are robust when using different

approaches to construct the outcome variable. In columns (1) and (2), I construct

the weighted gender attitude index following Anderson (2008). The weighted gender

attitude index is the average of twelve binary variables, with weights derived in two

steps. First, I normalize the binary variables to have the same standard deviation.

Then, I calculate weights based on the inverse covariance matrix. In columns (3)

and (4), following Kolenikov and Angeles (2009), I conduct the polychoric principle

component analysis (PCA) using the twelve Likert scale variables and then use the

resulting first component as an index for gender role attitudes.

Furthermore, I normalize these gender attitude indices to be mean zero with

standard deviation one for the control group within the optimal bandwidths. Across

all specifications, even with a higher level of statistical significance, the RD estimates

consistently align with the baseline findings in Table 4 in terms of direction. This

finding suggests that Juntos program leads to more traditional gender role attitudes

among beneficiary children.

Placebo Cutoffs. One useful falsification exercise to validate the fuzzy RD

35



design is to examine the treatment effect at the placebo cutoffs. In this test, the

true threshold value is replaced with alternative values at which the treatment status

remains unchanged. Estimation and inference are then conducted using those artificial

cutoff point. The expected outcome is the absence of significant effects at the placebo

cutoff values. I present the results of this falsification test in Table A11 in Appendix

A, utilizing six artificial cutoffs (-0.15, -0.1, -0.05, 0.05, 0.01, and 0.15). Following

Cattaneo et al. (2020), I use only treated observations for artificial cutoffs exceeding

the true cutoff, while only control observations are employed for artificial cutoffs

falling below the true cutoff. Overall, the results reveal no evidence of significant

treatment effects at the placebo cutoffs. Therefore, I conclude that the poverty score

only exhibits a discontinuous change at the zero threshold.

7 Mechanisms

So far, it has been shown that the Juntos program leads to more traditional gender

role attitudes among children. This section delves into an in-depth exploration of the

underlying factors contributing to the main results observed in the study.

As highlighted in Section 2, the argued channel for this effect involves the poten-

tial intermediary process of changing maternal roles and behaviors.38 To explore this

pathway, I analyze data from Round 4 of the household survey. Specifically, I use the

question that captures mothers’ primary job or occupation based on the time spent

in the 12 months preceding the survey.39 Initially, I classify jobs into three categories:

(i) household chores/housewife, (ii) self-employment in various sectors and regular

salaried or wage employment, and (iii) other working activities characterized by non-

salaried, irregular, or unstable income or part-time work, for instance, housemaid.

Subsequently, I create three indicators to represent these three aforementioned groups

(Household chores/Housewife, Self-employment/Wage employment, and Other work-

ing activities). I then estimate equations 1 and 2 with the dependent variable in the

intention-to-treat stage replaced by three dummy variables.

38By using the third, forth and fifth rounds of the household survey, I can identify Juntos recipients
in beneficiary households, which reveals that approximately 93% of the recipients are mothers.

39Survey question: “For each household member 10 years old or above, ask for the 3 most impor-
tant jobs / occupations (in terms of time) that he/she has done in the last 12 months, including
SALARIED and NON-SALARIED jobs, INSIDE and OUTSIDE home. If the household member
has had less than 3 occupations or he/she did not work (e.g., too old), enter 88 = N/A.”
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Table 9. Effects on Maternal Time Priority

Household chores/ Self-employment/ Other working
Housewife Wage-employment activities

(1) (2) (3)
Panel A. First stage (β) 0.285 0.226 0.293

(0.064) (0.050) (0.064)
Robust p-value 0.000 0.000 0.000

Panel B. LATE (τFRD) 0.532 -0.462 -0.277
(0.185) (0.273) (0.292)

Robust p-value 0.004 0.038 0.320

District FEs Yes Yes Yes
Controls Yes Yes Yes

Control Group Mean (optimal BW) 0.376 0.278 0.325
Observations 430 581 404

Note: The specifications in all columns replicate the specification Table 4’s Column (2) by replacing the dependent variable
by variables representing jobs/occupations. I employ a two-stage approach, as detailed in Table 4, to include control vari-
ables in the non-parametric estimation. Household chores/Housewife equals 1 if a mother selects household chores or being
housewife as the most important job in terms of time spent, and 0 otherwise. Self-employment/Wage employment equals 1
if a mother selects self-employment in agriculture, animal husbandry, fishing, forestry, manufacturing, and services, or regu-
lar salaried or wage employment as the most important job in terms of time spent, and 0 otherwise. Other working activities
equals 1 if a mother selects jobs with nonsalaried, irregular, or unstable incomes or part-time work as the most important
job in terms of time spent, and 0 otherwise. Controls include the age of mothers, a dummy variable for their education
(equals 1 if the level is less than secondary school and 0 otherwise), dummy variables indicating whether they live with a
partner, whether they have a health long-term issue, whether they live in urban areas, whether they have a job/occupation
related to agriculture, animal husbandry, fishing and forestry in 2006, and household size. The estimates are obtained by
utilizing MSE optimal bandwidths and linear local polynomial. The robust p-values reported are constructed using robust
bias correction. Standard errors clustered at district level are shown in parentheses.

The estimated results in Table 9 reveal important insights. Column (1) suggests

that beneficiary mothers are 53.2% more likely to prioritize their time on household

chores or housewifery compared to non-beneficiary mothers (robust p-value <0.01).

This finding aligns with Nagels (2016), who shows that the Juntos program reinforces

maternalistic and coercive behaviors. Turning to column (2), the finding indicates

that beneficiary mothers have a 46.2% lower likelihood of choosing self-employment

or wage employment as their most important activity in terms of time use (robust

p-value <0.05). The last two columns show no significant evidence of the program’s

effect on mothers’ time priority of other working activities.40

The results suggesting that mothers tend to prioritize household chores and home-

making over earning a stable income can be interpreted through various channels.

First, from the theoretical standpoint, this finding is line with the standard economic

40In Figure A7 in Appendix A, I present a discontinuity test of Household chores/Housewife and
Self-employment/Wage employment around the threshold in Round 2 in 2006. To ensure robustness,
all households that reported receiving the cash transfer before Round 2 were excluded from the
analysis. The findings from this analysis indicate that there is insufficient evidence to support the
existence of systematic differences between the treatment and control groups near the threshold
before the intervention took place.
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model of labor supply, which predicts that individuals should work less when they

receive a non-work income, such as: Becker (1965). In these models, individuals de-

termine the amount of work they perform by weighting the benefits of working more

hours against the costs. With the additional financial resource, mothers may choose

to prioritize their time on activities they find personally fulfilling, such as taking care

of their homes and families. This phenomenon reflects the persistence of traditional

gender roles, where women are often expected to bear primary responsibility for do-

mestic duties. This observation is particularly relevant within the context of Peru,

which is recognized as a patriarchal society (Flake, 2005).

Second, it is essential to consider the implications of women’s participation in cash

transfer programs, particularly in relation to their role in meeting program conditions.

The existing body of literature indicates that when women are specifically targeted

as beneficiaries of cash transfers, it reinforces their traditional roles as caretakers and

domestic workers (Cookson, 2018). This happens because mothers typically take on

responsibilities like ensuring their children to attend health check-ups and school.

Moreover, these additional tasks reduce their available time and opportunities to

work. Within the context of Peru, there is also evidence on the impact of Juntos

on the time use of female cash recipients. For instance, Fernández and Saldarriaga

(2014) show that mothers reduce their hours of labor supply in the week following

the pay date of Juntos. Similarly, Cookson (2016) reports that fulfilling the Juntos

program conditions adds to the workload of beneficiary women, involving time spent

attending services, seeking care, and collecting the cash transfer. The household

survey in Round 5 suggests that on average, mothers spend more than 50 minutes

and pay 5.3 soles on traveling from their house to the Juntos center to receive the

money.

To gain further insight into the extensive margin of mothers’ working behaviors,

the household survey includes questions that capture the second and third most im-

portant jobs or occupations in terms of time spent.41 This allows an examination of

the extensive margin of mothers’ labor supply. A mother may prioritize household

chores or being a housewife as their most important job in terms of time spent while

41The survey includes questions about daily hours spent on various activities, where respondents
rank their top three activities based on time spent in the last 12 months. Although there is no
specific information regarding the time mothers spend on household chores or fulfilling homemaking
roles, the data reveals that working mothers, prioritizing work as their first activity, allocate an
average of 7.12 hours to it. For those who prioritize work as their second most important activity,
they dedicate an average of 5.39 hours, and for those who rank work as their third most important
activity, they allocate an average of 5.20 hours.
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still engaging in other work. Table 10 presents the estimate results.

Table 10. Effects on Maternal Working Behaviors

Household chores/ Self-employment/ Other working
Housewife Wage-employment activities

(1) (2) (3)
Panel A. First stage (β) 0.296 0.306 0.295

(0.064) (0.062) (0.064)
Robust p-value 0.000 0.000 0.000
Panel B. LATE (τFRD) 0.313 0.108 -0.163

(0.212) (0.237) (0.282)
Robust p-value 0.252 0.415 0.492

District FEs Yes Yes Yes
Controls Yes Yes Yes

Control Group Mean (optimal BW) 0.242 0.313 0.431
Observations 388 340 394

Note: The specifications in all columns replicate the specification in Table 4’s Column (2) by replacing the dependent
variable by variables representing jobs/occupations. Household chores/Housewife equals 1 if a mother selects household
chores or being housewife as their job, and 0 otherwise. Self-employment/Wage employment equals 1 if a mother selects
self-employment in agriculture, animal husbandry, fishing, forestry, manufacturing, and services, or regular salaried or wage
employment as their job, and 0 otherwise. Other working activities equals 1 if a mother selects jobs with nonsalaried, irreg-
ular, or unstable incomes or part-time work as their job, and 0 otherwise. Controls include the age of mothers, a dummy
variable for their education (equals 1 if the level is less than secondary school and 0 otherwise), dummy variables indicating
whether they live with a partner, whether they have a health long-term issue, whether they live in urban areas, whether
they have a job/occupation related to agriculture, animal husbandry, fishing and forestry in 2006, and household size. The
estimates are obtained by utilizing MSE optimal bandwidths and linear local polynomial. The robust p-values reported are
constructed using robust bias correction. Standard errors clustered at district level are shown in parentheses.

Generally, in terms of the extensive margin, there is no significant evidence of

Juntos’ impacts on unemployment or labor supply of mothers in beneficiary house-

holds. This finding is consistent with previous studies on the relationship between

cash transfers and labor supply in developing countries, such as: Alzúa et al. (2013),

Banerjee et al. (2017), and Bosch and Schady (2019). One possible explanation might

be due to the low level of transfer. In Peru, the cash transfer amount per month is

100 soles which accounts for 10% of the minimum wage and less than one third of the

national poverty line (352 soles per capita per month).42

In summary, while the Juntos program may not directly influence mothers’ em-

ployment status, it does lead to a shift in their time allocation towards domestic

activities at the expense of regular income-generating pursuits. This shift suggests

that the program reinforces traditional gender roles among women. This alteration in

maternal roles has the potential to impact children’s gender role attitudes, as moth-

ers play a pivotal role in shaping their children’s perceptions of gender. Moreover,

42In Table A12 in Appendix A, I investigate the impact of the Juntos program on paternal working
behaviors, considering both time prioritization and extensive margin. The findings indicate that the
cash transfer program has no significant effect on paternal working behaviors.
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a recent study by Dı́az and Saldarriaga (2022) reports no evidence on the impact of

Juntos on changes in women’s empowerment or male partners’ responses to women’s

empowerment.43 Therefore, children’s exposure to their mothers’ traditional gender

roles may explain the observed traditional gender role attitudes in this study.44

8 Conclusion

This study examines the influence of CCT programs on the gender role attitudes of

children in beneficiary households, focusing on the context of the Juntos program in

Peru. To the best of my knowledge, this research represents the first of its kind in

this specific avenue of study. The findings presented in this paper provide valuable

insights into the relationship between social protection programs and gender norms,

particularly in the developing country setting.

The key takeaway from this study is that the Juntos program leads to the devel-

opment of more traditional gender role attitudes. When breaking down the gender

attitude index into three sub-indices, it becomes evident that the most pronounced

effect occurs in the power dimension, which captures the relative power dynamics

between girls and women compared to boys and men.

Furthermore, I explore the connection between attitudes and behaviors by utilizing

detailed data on children’s daily activities. The findings emphasize an alignment

between children’s attitudes and behaviors, particularly among female beneficiaries.

Furthermore, the study examines the impact of the Juntos program on reading and

math test scores, revealing that beneficiary girls demonstrate lower accuracy rates in

both tests. These results suggest that the decline in achievement test scores among

girls is in line with a significant increase in the time they allocate to caregiving and

non-paid work.

To elucidate the mechanisms driving these results, I investigate the impact of

the Juntos program on mothers’ time priority. The findings indicate that benefi-

43Using data from the Peruvian DHS from 2000 to 2015, Dı́az and Saldarriaga (2022) do not
find any statistically significant effects of Juntos on several dimensions of women’s empowerment,
including: decision-making autonomy, justification of (tolerance to) wife beatings, and working for
payment, or their male partners’ responses to marital control, and emotional support.

44In Table A13 in Appendix A, I present a robustness check for the impact of Juntos on maternal
time priority and working behaviors. This analysis uses an expanded sample of mothers. The
estimates are derived from the regression of equations 3 and 4 with outcome variables in equation
4, including Household chores/Housewife, Self-employment/Wage employment, and Other working
activities. Notably, the estimated coefficients maintain their signs and significance levels, consistent
with those in Tables 9 and 10, affirming the reliability of the mechanism results.

40



ciary mothers are more inclined to prioritize their time for household chores and

traditional homemaking roles, while they are less likely to engage in paid work or

self-employment. Furthermore, I delve into the extensive margin of mothers’ work-

ing behaviors. In particular, I consider the possibility that a mother may prioritize

household chores or homemaking as their primary time commitment while still par-

ticipating in some form of employment. The results reveal no significant effect on

mothers’ unemployment or labor force participation. While Juntos does not appear

to alter mothers’ employment status, the shift towards more traditional gender roles

in their time allocation could potentially serve as a pathway for reinforcing regressive

gender role attitudes among children.

My findings carry significant implications regarding the connection between poli-

cies and gender norms in developing countries. Policies, especially those with the

potential to alter gender specialization patterns within households, can influence gen-

der norms of the next generation. However, their design plays a pivotal role. The

unintended consequences on children’s gender role attitudes resulting from shifts in

mothers’ roles within households challenge the reliance on mothers as tools for en-

hancing children’s human capital. Therefore, policymakers should carefully consider

policy design to prevent reinforcing gender stereotypes and promote progressive gen-

der role attitudes among the youth, contributing to a more equitable society.
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A Appendix Tables and Figures

Appendix Table A1. Comparing Young Lives and DHS 2000: Sample
Frame and Wealth Index Groups (using sample frame, wealth index groups
(T1-T3), at national level, in %)

T1 (Poorest) T2 (Moderately poor) T3 (Least poor) Full sample

Variables DHS Young Lives DHS Young Lives DHS Young Lives DHS Young Lives

Household assets

Own fridge 0.0 0.4 5.0 5.0 42.0 38.3 15.5 14.5
Own radio 55.3 62.0 88.5 77.7 93.1 84.2 78.0 74.3
Own TV 8.3 14.3 58.0 57.7 94.3 91.9 52.0 53.8
Own car 0.4 0.0 2.5 1.9 14.9 8.6 5.8 3.5
Own phone 0.0 0.0 0.5 0.6 26.4 20.1 8.9 6.9
Type of cooking fuel:
gas or electricity 1.2 0.4 11.9 16.3 62.6 72.6 24.8 29.5
Wealth index 0.0568 0.1010 0.2451 0.2970 0.6753 0.6753 0.3021 0.3541

Respondent characteristics

Average age (years old) 27.6 26.6 27.1 27.3 27.9 27.3 27.5 27.1
Level of education
None 16.8 17.4 6.6 9.7 1.9 0.5 8.8 9.4
Primary school 61.9 61.3 50.1 45.7 16.8 14.6 43.3 40.8
Secondary school 17.8 18.9 36.8 36.4 53.1 52.1 35.3 35.5
Higher 3.5 2.0 6.5 7.1 28.1 32.3 12.6 13.7
Marital status
Single 5.5 11.4 7.2 7.3 10.2 9.4 7.5 9.5
Married 33.4 39.3 37.6 41.8 37.9 28.6 36.2 36.5
Living together 53.7 45.2 49.8 46.4 46.5 55.4 50.1 49.0

Child characteristics

Sex - male 52.8 46.4 49.1 52.6 52.7 49.3 51.6 49.3
Average birth weight (gram) 3142.4 3062.1 3122.3 3182.2 3295.9 3273.2 3187.2 3170.3
Stunting 31.4 38.8 25.7 28.7 6.2 11.4 21.3 26.5
Underweight 12.3 17.0 9.4 12.9 2.6 3.5 8.2 11.2

Note: Source: Young Lives and INEI 2001b. This table is adapted from the Appendix 5 of Escobal and Flores (2008). The wealth index is a composite measure
evaluating whether households can access to services such as water and sanitation, possess consumer durables like refrigerators, and the quality of materials used
for floors, roofs, and walls in their dwelling. The wealth index is characterized by a continuous scale representing household wealth, where higher values indicate
greater levels of wealth. To classify the sites into categories of the poorest, moderate poor, and least poor, arbitrary thresholds of 0.2 and 0.4 are implemented
on the wealth index. All other variables, except average age and average birth weight, are measured as percentages at the national level.
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Appendix Table A2. Comparing Poverty Scores/IFH Index: Young Lives
vs. ENAHO

Department/Cluster Young Lives ENAHO

Panel A: Former method Poverty Poverty
(YL 2002 & ENAHO 2004) score score

Tumbes 0.146 0.236
Piura 0.535 0.535
Amazonas 0.688 0.661
San Martin 0.389 0.220
Cajamarca 0.192 0.520
La Libertad 0.148 0.229
Ancash 0.448 0.433
Huanco 0.752 0.687
Lima 0.076 0.148
Junin 0.495 0.470
Ayacucho 0.707 0.636
Apurimac 0.708 0.711
Arequipa 0.238 0.237
Puno 0.119 0.316
Correlation 0.875

Panel B: Current method IFH index IFH index
(YL 2009 & ENAHO 2009)

2 48.843 38.436
3 43.580 43.774
4 37.100 43.407
5 47.224 41.550
6 63.971 47.218
7 48.173 42.124
8 51.190 57.150
9 62.292 52.540
10 61.840 52.476
11 50.328 46.900
12 33.466 43.847
13 48.030 43.601
15 56.667 56.476
Correlation 0.562

Note: The table presents the comparison of the poverty score and IHF in-
dex between Young Lives data and ENAHO data. The algorithms used
to compute the poverty score and IFH index are described rigorously in
Appendix B. The value range of the poverty score in the former method
is between 0 and 1, while the corresponding value of the IFH index is be-
tween 0 and 100.
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Appendix Table A3. Effects on Time Use in Daily Activities

Caring Domestic Tasks Paid work Non-paid work Leisure
(1) (2) (3) (4) (5)

Panel A: Girls
LATE (τFRD) 1.614 0.418 0.072 1.141 -1.628

(0.701) (0.877) (0.114) (0.518) (1.003)
Robust p-value 0.031 0.788 0.500 0.044 0.179

Control Group Mean (optimal BW) 0.738 1.194 0.035 0.169 3.640
Observations 204 290 208 244 236

Panel B: Boys
LATE (τFRD) -0.289 -0.151 -0.686 0.053 -2.734

(0.647) (0.630) (0.815) (1.223) (2.394)
Robust p-value 0.811 0.681 0.426 0.780 0.265

Control Group Mean (optimal BW) 0.476 1.029 0.317 0.362 3.721
Observations 262 274 277 240 271

District FEs Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes

Note: All specifications replicate the specification in Table 4’s Column (2) by replacing the dependent variable by variables represent-
ing time use in daily activities in Round 5. Time use is measured in hours during a typical day (not weekends, holidays or national
holidays). Caring (time) indicates time that children spend on caring for others (younger siblings, ill household members). Domes-
tic tasks (time) denote time that children spend on domestic tasks and chores (fetching water, firewood, cleaning, cooking, washing,
shopping, etc.). Paid work (time) indicates time that children spend on activities for pay/sale outside of household or for someone
not in the household. Non-paid work (time) denotes time that children spend on tasks on family farm, cattle herding, other family
business, shepherding, piecework or handicrafts done at home. Leisure (time) indicates time that children spend on playing or general
leisure (including time taken to eating, drinking and bathing). Several control variables are included in the analysis, such as dummy
variables indicating whether the child is the first-born in the household, the presence of male and female siblings, the presence of
younger sibling(s) aged below 6 years and/or the existence of elderly family members or family members with long-term health issues,
and the household size. In all columns, I employ a two-stage approach, as detailed in Table 4, to include control variables in the non-
parametric estimation. The estimates are obtained by utilizing MSE optimal bandwidths and linear local polynomial. The robust
p-values reported are constructed using robust bias correction. Standard errors clustered at district level are shown in parentheses.
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Appendix Table A4. Effects on Time Use in Daily Activities, other activ-
ities

Study time School time Sleeping time
(1) (2) (3)

Panel A: Girls
LATE (τFRD) -1.022 -1.633 0.184

(0.674) (1.343) (1.267)
Robust p-value 0.169 0.210 0.958

Control Group Mean (optimal BW) 2.173 6.808 8.642
Observations 279 237 222

Panel B: Boys
LATE (τFRD) 1.137 0.139 -0.257

(0.947) (3.329) (1.442)
Robust p-value 0.317 0.957 0.969

Control Group Mean (optimal BW) 1.758 6.747 8.725
Observations 252 245 215

District FEs Yes Yes Yes
Controls Yes Yes Yes

Note: All specifications replicate the specification in Table 4’s Column (2) by replacing the dependent
variable by variables representing time use in daily activities in Round 5. Time use is measured in
hours during a typical day (not weekends, holidays or national holidays). Study time indicates time
that children spend on studying outside of school time (at home, extra tuition). School time denote
time that children spend at school (including travelling time to school and play time at school). Sleep-
ing time indicates time that children spend on sleeping. Several control variables are included in the
analysis, such as dummy variables indicating whether the child is the first-born in the household, the
presence of male and female siblings, the presence of younger sibling(s) aged below 6 years and/or the
existence of elderly family members or family members with long-term health issues, and the household
size. In all columns, I employ a two-stage approach, as detailed in Table 4, to include control variables
in the non-parametric estimation. The estimates are obtained by utilizing MSE optimal bandwidths
and linear local polynomial. The robust p-values reported are constructed using robust bias correction.
Standard errors clustered at district level are shown in parentheses.
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Appendix Table A5. Effects on Test Scores

Girls Boys

Reading Test Maths Test Reading Test Maths Test
(1) (2) (3) (4)

Panel A. First stage (β) 0.253 0.258 0.193 0.195
(0.082) (0.079) (0.083) (0.080)

Robust p-value 0.018 0.007 0.066 0.065

Panel B. LATE (τFRD) -0.255 -0.296 0.372 0.276
(0.098) (0.138) (0.242) (0.246)

Robust p-value 0.009 0.048 0.127 0.235

District FEs Yes Yes Yes Yes
Controls Yes Yes Yes Yes

Control Group Mean (optimal BW) 0.637 0.329 0.625 0.375
Observations 251 208 304 323

Note: All specifications replicate the specification in Table 4’s Column (2) by replacing the dependent variable by
reading test scores and maths test scores. Several control variables are included in the analysis, such as the age
of mothers (years) in 2002, dummy variables for mother education, location (urban), and child’s religion. In all
columns, I employ a two-stage approach, as detailed in Table 4, to include control variables in the non-parametric
estimation. The estimates are obtained by utilizing MSE optimal bandwidths and linear local polynomial. The
robust p-values reported are constructed using robust bias correction. Standard errors clustered at district level
are shown in parentheses.
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Appendix Table A6. Effects on Test Scores, Round 4 Robustness

Girls Boys

Reading Test Maths Test Reading Test Maths Test
(1) (2) (3) (4)

Panel A. First stage (β) 0.261 0.260 0.245 0.235
(0.089) (0.095) (0.105) (0.089)

Robust p-value 0.016 0.013 0.043 0.027

Panel B. LATE (τFRD) -0.325 -0.368 -0.135 0.155
(0.157) (0.206) (0.128) (0.224)

Robust p-value 0.068 0.096 0.299 0.544

District FEs Yes Yes Yes Yes
Controls Yes Yes Yes Yes

Control Group Mean (optimal BW) 0.553 0.481 0.559 0.503
Observations 229 222 200 255

Note: All specifications replicate the specification in Table 4’s Column (2) by replacing the dependent variable by
reading test scores and maths test scores. Several control variables are included in the analysis, such as the age
of mothers (years) in 2002, dummy variables for mother education, location (urban), and child’s religion. In all
columns, I employ a two-stage approach, as detailed in Table 4, to include control variables in the non-parametric
estimation. The estimates are obtained by utilizing MSE optimal bandwidths and linear local polynomial. The
robust p-values reported are constructed using robust bias correction. Standard errors clustered at district level
are shown in parentheses.
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Appendix Table A7. Covariate Discontinuity Test Around the Threshold
(Expanded Sample)

Variable MSE-Optimal RD Robust Inference Eff.Number
Bandwidth Estimator p-value Conf. Int. Observations

Child characteristics

Female 0.160 -0.362 0.106 [-0.929, 0.089] 883
BMI-for-age z-score 0.156 -0.553 0.374 [-2.178, 0.819] 869
Weight-for-age z-score 0.160 -0.879 0.179 [-2.384, 0.444] 881
Height-for-age z-score 0.180 -0.639 0.439 [-2.309, 1.001] 952
Age of child (months, 2002) 0.156 -0.433 0.938 [-4.838, 5.236] 868
Polio vaccination (Yes=1) 0.163 0.087 0.235 [-0.090, 0.367] 892
BCG Vaccination 0.164 0.026 0.651 [-0.131, 0.209] 900
Measles vaccination 0.114 0.229 0.273 [-0.380, 1.346] 668
Health long term issues (Yes=1, 2002) 0.180 0.276 0.170 [-0.142, 0.808] 957
Mestizo (Yes = 1) 0.171 0.137 0.280 [-0.147, 0.506] 934
Catholic (Yes =1) 0.153 -0.028 0.848 [-0.295, 0.359] 861

Household characteristics

Age of mom (years, 2002) 0.156 -4.982 0.159 [-13.277, 2.166] 862
Household size (members, in 2002) 0.189 -0.073 0.908 [-2.615, 2.323] 991
Mother education (<secondary school = 1) 0.161 0.011 0.728 [-0.808, 0.565] 884
Caregiver’s gender preference for the child (Male=1) 0.162 0.406 0.135 [-0.147, 1.088] 887

Note: This table presents the LATE estimates when I replace the dependent variable in equation 4 by the characteristics of interest. The estimates are
obtained by utilizing the MSE optimal bandwidth, triangular weights and linear local polynomial. The p-values and 95% confidence intervals reported are
constructed using robust bias correction and clustering at the district level.
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Appendix Table A8. Effects on Gender Role Attitudes and Test Scores in
Expanded Sub-samples of Boys and Girls, Robustness

Gender Attitude Index Reading Test Maths Test

Girls Boys Girls Boys Girls Boys
(1) (2) (3) (4) (5) (6)

Panel A. First stage (β1) 0.350 0.183 0.338 0.207 0.350 0.202
(0.070) (0.074) (0.076) (0.070 ) (0.071) (0.069)

Robust p-value 0.000 0.073 0.000 0.021 0.000 0.022

Panel B. LATE (τFRD) 0.150 0.373 -0.146 0.078 -0.133 0.090
(0.067) (0.253) (0.060) (0.143) (0.063) (0.159)

Robust p-value 0.057 0.135 0.028 0.495 0.076 0.481

District Poverty Index Yes Yes Yes Yes Yes Yes
Department FEs Yes Yes Yes Yes Yes Yes

Control Group Mean (optimal BW) 0.285 0.318 0.640 0.637 0.350 0.379
Observations 392 389 371 432 377 443

Note: Panel A presents estimates of equation 3, where the dependent variable is participation in the Juntos program. Panel
B report the LATE estimate of participation in Juntos on outcome variables of interest, computed as the ratio of the ITT
estimate to the first-stage coefficient. The ITT estimate is obtained through equation 4, where the dependent variables are
gender attitude index in columns (1) and (2); reading test scores in columns (3) and (4), and maths testing scores in columns
(5) and (6). The estimates are derived using MSE optimal bandwidths, triangular weights and linear local polynomial. The
robust p-values reported are constructed using robust bias correction. Standard errors clustered at the district level are
shown in parentheses.
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Appendix Table A9. Effects on Time Use in Daily Activities in Expanded
Sub-samples of Boys and Girls, Robustness

Caring Domestic Tasks Paid work Non-paid work Leisure
(1) (2) (3) (4) (5)

Panel A: Girls
LATE (τFRD) 1.745 0.253 0.038 0.755 -2.100

(0.558) (0.495) (0.071) (0.376) (0.855)
Robust p-value 0.003 0.621 0.570 0.053 0.021

Control Group Mean (optimal BW) 0.837 1.184 0.013 0.148 3.675
Observations 238 364 312 348 446

Panel B: Boys
LATE (τFRD) 0.145 0.226 -0.290 0.279 -2.340

(0.583) (0.626) (0.412) (0.829) (1.631)
Robust p-value 0.664 0.821 0.446 0.767 0.166

Control Group Mean (optimal BW) 0.500 1.014 0.223 0.419 4.094
Observations 352 464 460 401 395

District Poverty Index Yes Yes Yes Yes Yes

Department FEs Yes Yes Yes Yes Yes

Note: All specifications replicate the specification in Table 8’s Column (2) by replacing the dependent variable by variables represent-
ing time use in daily activities in Round 5. Time use is measured in hours during a typical day (not weekends, holidays or national
holidays). Caring (time) indicates time that children spend on caring for others (younger siblings, ill household members). Domes-
tic tasks (time) denote time that children spend on domestic tasks and chores (fetching water, firewood, cleaning, cooking, washing,
shopping, etc.). Paid work (time) indicates time that children spend on activities for pay/sale outside of household or for someone
not in the household. Non-paid work (time) denotes time that children spend on tasks on family farm, cattle herding, other family
business, shepherding, piecework or handicrafts done at home. Leisure (time) indicates time that children spend on playing or general
leisure (including time taken to eating ,drinking and bathing). Several control variables are included in the analysis, such as dummy
variables indicating whether the child is the first-born in the household, the presence of male and female siblings, the presence of
younger sibling(s) aged below 6 years and/or the existence of elderly family members or family members with long-term health issues,
and the household size. In all columns, I employ a two-stage approach, as detailed in Table 4, to include control variables in the non-
parametric estimation. The estimates are obtained by utilizing MSE optimal bandwidths and linear local polynomial. The robust
p-values reported are constructed using robust bias correction. Standard errors clustered at district level are shown in parentheses.
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Appendix Table A10. Effects on Gender Role Attitudes (different mea-
sures), Robustness

Weighted Gender attitude index Polychoric PCA Gender attitude index

(1) (2) (3) (4)
Panel A. First stage (β) 0.217 0.209 0.230 0.224

(0.067) (0.067) (0.059) (0.059)

Robust p-value 0.007 0.001 0.001 0.001

Panel B. LATE (τFRD) 1.263 1.271 1.011 0.966
(0.586) (0.578) (0.466) (0.464)

Robust p-value 0.076 0.064 0.066 0.054

District FEs Yes Yes Yes Yes

Controls No Yes No Yes

Control Group Mean (optimal BW) 0 0 0 0
(SD) (1) (1) (1) (1)
Observations 525 520 672 646

Note: The dependent variable in columns (1) and (2) is the weighted gender attitude index constructed as in Anderson (2008). In columns (3) and
(4), following the method of Kolenikov and Angeles (2009), I conduct the polychoric principle component analysis (PCA) using the twelve Likert
rating scale variables and use the resulting first component as an index for gender role attitudes. The estimates are obtained using MSE optimal
bandwidths and linear local polynomial. The robust p-values reported are constructed using robust bias correction. Standard errors clustered at
district level are shown in parentheses.
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Appendix Table A11. Placebo Cutoffs

Alternative cutoffs RD Estimates p-value CI 95% Bandwidth Obs Left Obs Right
(1) (2) (3) (4) (5) (6) (7)

-0.15 -0.357 0.635 [-1.815, 2.977] 0.064 69 76

-0.10 -0.001 0.977 [-0.818, 0.843] 0.038 42 59

-0.05 -0.635 0.899 [-3.625, 4.129] 0.067 85 69

0 0.278 0.033 [0.022, 0.535] 0.120 155 372

0.05 -1.247 0.690 [-6.327, 4.185] 0.015 49 58

0.10 -1.395 0.479 [-4.387, 2.060] 0.025 77 61

0.15 1.143 0.998 [-7.204, 7.188] 0.033 67 38

Note: The dependent variable is the gender attitude index as defined in Table 4’s columns (1) and (2). The LATE estimates are
calculated at the zero threshold and across different placebo thresholds. For the artificial cutoffs below the true threshold in the
first three rows, I use the sample with negative values of the running variable. The sample in the last 3 rows (with artificial cut-
offs above the true threshold) is restricted to non-negative values of the running variable. Estimates are obtained through the

utilization of a triangular kernel, a local linear polynomial, and a ĥMSE optimal bandwidth. The robust p-values reported are
constructed using robust bias correction. Standard errors clustered at district level are shown in parentheses.
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Appendix Table A12. Effects on Paternal Working Behaviors

Time Priority Extensive Margin

Self-employment/ Other working Self-employment/ Other working
Wage-employment activities Wage-employment activities

(1) (2) (3) (4)
Panel A. First stage (β) 0.279 0.279 0.279 0.279

(0.062) (0.062) (0.062) (0.062)
Robust p-value 0.000 0.000 0.000 0.000
Panel B. LATE (τFRD) -0.066 0.066 -0.066 0.066

(0.220) (0.220) (0.220) (0.220)
Robust p-value 0.671 0.671 0.671 0.671

District FEs Yes Yes Yes Yes
Controls Yes Yes Yes Yes

Control Group Mean (optimal BW) 0.910 0.090 0.910 0.089
Observations 371 371 371 371

Note: This table presents the impact of the Juntos program on paternal working behaviors, considering both time priority and ex-
tensive margin. The specifications in all columns replicate the specification in Table 4’s Column (2) by replacing the dependent
variable by variables representing jobs/occupations. Self-employment/Wage employment equals 1 if a father selects self-employment
in agriculture, animal husbandry, fishing, forestry, manufacturing, and services, or regular salaried or wage employment as the most
important job in terms of time spent or as their job (extensive margin), and 0 otherwise. Other working activities equals 1 if a father
selects jobs with nonsalaried, irregular, or unstable incomes or part-time work as the most important job in terms of time spent or as
their job (extensive margin), and 0 otherwise. Controls include the age of fathers, a dummy variable for their education (equals 1 if
the level is less than secondary school and 0 otherwise), dummy variables indicating whether they live with a partner, whether they
have a health long-term issue, whether they have a job/occupation related to agriculture, animal husbandry, fishing and forestry in
2006, and household size. Standard errors clustered at district level are shown in parentheses.
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Appendix Table A13. Effects on Maternal Time Priority and Working
Behaviors in the Expanded Sample of Mothers, Robustness

Time Priority Extensive Margin

Household chores/ Self-employment/ Other working Household chores/ Self-employment/ Other working
Housewife Wage-employment activities Housewife Wage-employment activities

(1) (2) (3) (4) (5) (6)
Panel A. First stage (β) 0.287 0.289 0.289 0.288 0.289 0.288

(0.060) (0.062) (0.062) (0.061) (0.062) (0.060)
Robust p-value 0.000 0.000 0.000 0.000 0.000 0.000
Panel B. LATE (τFRD) 0.370 -0.343 -0.026 0.150 -0.172 0.117

(0.150) (0.177) (0.166) (0.148) (0.171) (0.125)
Robust p-value 0.006 0.036 0.866 0.234 0.250 0.524

District Poverty Score Yes Yes Yes Yes Yes Yes
Department FEs Yes Yes Yes Yes Yes Yes

Control Group Mean (optimal BW) 0.331 0.312 0.357 0.222 0.357 0.421
Observations 777 669 656 612 655 758

Note: Panel A presents estimates of equation 3, where the dependent variable is participation in the Juntos program. Panel B report the LATE estimate of participation in Juntos
on outcome variables of interest, computed as the ratio of the ITT estimate to the first-stage coefficient. The ITT estimate is obtained through equation 4, where the dependent
variables are Household chores/Housewife in columns (1) and (4); Self-employment/Wage employment in columns (2) and (5), and Other working activities in columns (3) and (6).
Household chores/Housewife equals 1 if a mother selects household chores or being housewife as the most important job in terms of time spent in column (1)/in terms of employ-
ment status in column (4), and 0 otherwise. Self-employment/Wage employment equals 1 if a mother selects self-employment in agriculture, animal husbandry, fishing, forestry,
manufacturing, and services, or regular salaried or wage employment as the most important job in terms of time spent in column (2)/in terms of employment status in column (5),
and 0 otherwise. Other working activities equals 1 if a mother selects jobs with nonsalaried, irregular, or unstable incomes or part-time work as the most important job in terms of
time spent in column (3)/in terms of employment status in column (6), and 0 otherwise. Controls include the age of mothers, a dummy variable for their education (equals 1 if the
level is less than secondary school and 0 otherwise), dummy variables indicating whether they live with a partner, whether they have a health long-term issue, whether they have
a job/occupation related to agriculture, animal husbandry, fishing and forestry in 2006, and household size. The estimates are obtained by utilizing MSE optimal bandwidths and
linear local polynomial. The robust p-values reported are constructed using robust bias correction. Standard errors clustered at district level are shown in parentheses.
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Appendix Figure A1. Distribution of Gender Attitude Index
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Appendix Figure A2. Comparison of Young Lives study’s question with
World Value Surveys in Peru and other Latin American countries
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Appendix Figure A3. Comparison of Younger Cohort and Older Cohort
in Round 5 - Young Lives (1: Strongly Disagree - 4: Strongly Agree)

(a) Item 1 to 6 (mean)

(b) Item 7 to 12 (mean)
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Appendix Figure A4. First Stage and Intention-to-Treat of Gender atti-
tude index (within the optimal bandwidth)

(c) First Stage
(d) Intention-to-Treat (Gender Attitude

Index)

Appendix Figure A5. Intention-to-Treat of Power Dimension, Equality
Dimension and Behavior Dimension (within the optimal bandwidth)

(a) Intention-to-Treat (Power Dimension) (b) Intention-to-Treat (Equality Dimension)

(c) Intention-to-Treat (Equality Dimension)
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Appendix Figure A6. Manipulation Testing Plot (Expanded Sample)

Note: This graph presents the manipulation test based on density discontinuity following Cattaneo
et al. (2018). The observations situated to the right of the vertical line are considered eligible for
Juntos.
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Appendix Figure A7. Discontinuity Test of Maternal Time Priority
Around the Threshold in Round 2

(a) Household chores/Housewife (Robust p-value: 0.137)

(b) Self-employment/Wage employment (Robust p-value: 0.229)
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B Further Details on Constructing the Household Poverty

Score

B.1 Household Poverty Score (2005-2011)

From 2005 to 2011, the Peruvian government conducted logistic regression analy-

sis using household data sourced from the National Household Survey, specifically

covering the period between 2001 and 2004:

Y = α + βX + µ (5)

where Y = 1 if the household was consider as poor, and Y = 0 if the household

was not poor. α is the constant, µ is the error term. X are explanatory variables

including: analf m, edu men, combust0, no equip, serv3, tipom2, tipom3, tipom4.

Below is the result of the regression:

Appendix Table B1. Result of the Logistic Regression

Variable Coefficient
analf m 1.1832

[12.66]***
edu men 0.2276

[5.13]***
combust0 -0.7624

[12.84]***
no equip 0.4446

[27.40]***
serv3 -0.3769

[3.23]***
tipom2 -0.2593

[5.55]***
tipom3 -0.8584

[14.86]***
tipom4 -1.3172

[17.53]***
Constant -1.3461

[12.48]***

The steps involved in producing the household poverty score are as follows:

1. Identifying the variables in the equation:
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Appendix Table B2. The list of variables used to produce household
poverty score

Variable Definition
Total illiterate female adults The sum of all female adults (over 18 years of age) in the

household who do not know how to read and write
Total adults The sum of all household members aged over 18
Total minors in school The sum of all minors (below the age of 18) in the household

who currently attends a regular educational center or program
Total minors The sum of all minors (below the age of 18) in the household
analf m The ratio between total illiterate female adults and total

adults
edu men The ratio between total minors in school and total minors
combust0 Equals 1 if the primary fuel used for cooking in the household

is of industrial origin (gas, electricity, kerosene), and 0 other-
wise.

no equip The quantity of equipment unavailable within a household.
The value ranges from 1 to 7, corresponding to the follow-
ing appliances: black and white television, color television,
refrigerator, electric iron, gas stove, motorized vehicle, and
pedal-powered vehicle

serv3 The value ranges from 1 to 3, depending on whether the house-
hold has access to electricity connected to the grid, public
network water supply, and sanitary toilet facilities.

The dummy variables tipom2, tipom3, and tipom4 correspond to housing type

groups 2, 3, and 4, respectively, which result from distinct combinations of wall,

roof, and floor materials. From an initial pool of 294 material combinations, 22

selections (91.1%) were chosen and organized into the subsequent variables:
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Appendix Table B3. Housing type groups

Variable Type Wall material Roof material Floor material
Group 1 102 Adobe Tiles Land

126 Adobe Straw Land
294 Mat Straw Land
210 Stone with mud Straw Land
114 Adobe Woven cane Land
168 Rushes covered with mud Straw Land

Group 2 108 Adobe Calamine Land
150 Rushes covered with mud Calamine Land
252 Wood Straw Land
276 Mat Calamine Land
113 Adobe Woven cane Concrete
101 Adobe Tiles Concrete
192 Stone with mud Calamine Land

Group 3 234 Wood Calamine Land
107 Adobe Calamine Concrete
250 Wood Straw Planks
106 Adobe Calamine Planks
24 Brick Calamine Land

Group 4 232 Wood Calamine Planks
23 Brick Calamine Concrete
5 Brick Concrete Concrete
233 Wood Calamine Concrete

2. All the variables previously generated are multiplied by their corresponding

coefficients obtained in the regression in Table B1. The result signifies the

probability that a household is poor. Considering that poverty in the rural area

stands at 65.9% in the household pool of 2001-2004, the threshold associated

with that percentage is 0.7567447.

B.2 Household Poverty Score - IHF Index (2012 on-wards)

As described in Section 3, from 2012 and beyond, a new poverty score - Indice de

Focalizacion de Hogare (IFH index) and 15 regional-specific thresholds were estab-

lished following the integration of all social protection programs under MIDIS. The

IFH index has a scale from 0 to 100, with higher scores indicating greater wealth.

Below, I explain how the index is calculated.

Initially, the responsible entity utilized data from ENAHO 2009 to determine the

collection of factors involved in the computation. They applied the Sommers test

to assess the correlation between potential explanatory variables and a poverty mea-

surement. Subsequently, they chose significant variables and implemented a Principal

Component analysis targeting discrete variables. The selected variables, which were

statistically significant at the 10% level in the Sommers test, fall into five categories,
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including: household assets, education, housing characteristics, labor and social secu-

rity characteristics. Finally, they calculated the weights of each component variable

in the equation. The method was applied separately across three geographic zones:

the Lima Province, other urban areas, and all rural areas.

The equation to calculate the IFH index is as follows:

IFHij = vj1Xi1j + ...+ vjpXipj (6)

where IFHij is the poverty score of household i in cluster j, Xinj is the nth selected

variable in the computation in cluster j, vjn is the corresponding weight of the variable

Xinj in cluster j.

Table B4 provides the list of selected variables and their corresponding weights in

three geographic areas. Using those weights, I can calculate the raw index IFHij and

then I standardize the index to obtain the standardized index. The value range of the

standardize index is between 0 and 100 in each cluster. The formula to standardize

the raw index is as follows:

IFH ′
ij = 100 ∗

IFHij − IFHmin
j

IFHmax
j − IFHmin

j

(7)

where IFH ′
ij is the standardized IFH of household i in cluster j, IFHmin

j and IFHmax
j

are the minimum and the maximum values of the raw IFH index in cluster j, respec-

tively.

Appendix Table B4. Variables and weights to construct IFH index

Variables Metropolitan Remaining Rural

Lima urban areas areas

Fuel used to cook

Do not cook -0.49 -0.67 -0.76

Other -0.40 -0.50 -0.38

Firewood -0.37 -0.33 0.05

Carbon -0.33 -0.22 0.36

Kerosine -0.29 -0.19 0.37

Gas 0.02 0.12 0.52

Electricity 0.43 0.69 0.52

Water supply in the home
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Other -0.78 -0.58

River -0.65 -0.42

Well -0.62 -0.37

Water tanker -0.51 -0.34

Pipe -0.41 -0.32

Outside -0.35 -0.25

Inside 0.10 0.12

Wall material

Other -0.70 -0.80

Wood or mat -0.48 -0.55

Stone with mud -0.44 -0.46

Rushes covered with mud -0.41 -0.43

Clay -0.39 -0.38

Sun-dried brick or adobe -0.37 -0.20

Stones, lime or concrete -0.33 -0.07

Brick 0.10 0.25

Type of drainage

None -0.89 -0.68

River -0.75 -0.49

Sinkhole -0.59 -0.40

Septic tank -0.46 -0.30

Drainage system outside the house -0.39 -0.21

Drainage system inside the house 0.10 0.20

Number of members with health insurance

None -0.26 -0.25 -0.10

One -0.04 0.06 0.50

Two 0.06 0.17 0.59

Three 0.14 0.27 0.66

More than three 0.32 0.48 0.86

Goods that identify household wealth

None -0.47 -0.35 -0.11

One -0.17 0.05 0.64

Three 0.15 0.40 0.90

Four 0.25 0.52 1.09
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Five 0.47 0.75 1.09

Has fixed phone

Yes -0.32

No 0.20

Roof material

Other -0.86 -0.90

Straw -0.74 -0.72

Mat -0.67 -0.62

Woven cane -0.38 -0.23

Tiles -0.23 0.03

Wood or mat -0.21 0.07

Concrete 0.17 0.32

Education of the Household head

None -0.51 -0.57 -0.59

Preschool -0.43 -0.25 -0.08

Primary -0.28 0.01 0.35

Secondary -0.06 0.19 0.59

Vocational education (VET) 0.10 0.33 0.68

Undergraduate 0.22 0.55 0.88

Postgraduate 0.40 0.55 0.88

Floor material

Other -0.97 -1.12

Land -0.60 -0.47

Concrete -0.16 -0.01

Wood 0.08 0.30

Tiles 0.16 0.40

Vinyl sheets 0.28 0.51

Parquet 0.51 0.71

Overcrowding

More than six -0.68

Between four and six -0.51

Between two and four -0.31

Between one and two -0.07
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Less than one 0.24

Highest level of education in the house

None -0.35

Primary 0.11

Secondary 0.41

Vocational education (VET) 0.62

Undergraduate 0.83

Electricity

No -0.29

Yes 0.22

Floor made of earth

Yes -0.17

No 0.47

Note: Taken from SISFOH (2010).

To determine whether a household is eligible, there are specific cluster thresholds.

The households that have an index below or equal to the threshold are eligible for the

Juntos program. Table B5 present the cluster-thresholds. The 15 clusters were ob-

tained by combining areas with similar monetary poverty in 2009. Generally, each of

these clusters comprises multiple geographically distinct areas that are not connected

to each other.
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Appendix Table B5. Eligibility Thresholds by Cluster (Taken from SIS-
FOH (2010))

Cluster Threshold Population Per capita Per capita Poverty
income (soles) spending (soles) status

1 33 208,101 2,184 1,815 0.5159
2 36 1,907,122 2,116 1,697 0.5994
3 34 2,284,876 2,332 1,937 0.5404
4 38 2,646,680 2,282 1,916 0.5389
5 35 634,472 2,067 1,595 0.6410
6 34 212,723 5,941 4,045 0.2606
7 52 2,544,448 5,141 4,260 0.2565
8 42 2,134,993 5,667 4,428 0.2397
9 44 3,740,611 6,403 5,050 0.1352
10 50 2,229,638 5,997 4,673 0.1620
11 44 490,207 5,498 4,015 0.2725
12 43 101,993 8,632 4,638 0.1645
13 43 1,636,740 5,045 4,024 0.2116
14 33 93,527 8,961 6,178 0.0261
15 55 9,342,700 8,712 6,612 0.1546
Peru - 30,208,831 5,793 4,501 0.2764
Note: Taken from SISFOH (2010).
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C Variables Description

In this appendix, I provide further details on the list of items used to measure gender

role attitudes (taken from Round 5 of the Child Survey).

Gender role attitudes. Indicate whether a child: Strongly disagree, disagree,

agree, or strongly agree about each statement.

(i) Swearing is worse for a girl than for a boy.

(ii) On a date, the boy should be expected to pay all expenses.

(iii) On the average, girls are as smart as boys.

(iv) More encouragement in a family should be given to sons than daughters to go

to college.

(v) It is all right for a girl to want to play rough sports like football.

(vi) In general, the father should have greater authority than the mother in making

family decisions.

(vii) It is all right for a girl to ask a boy out on a date.

(viii) It is more important for boys than girls to do well in school.

(ix) If both husband and wife have jobs, the husband should do a share of the

housework such as washing dishes and doing the laundry.

(x) Boys are better leaders than girls.

(xi) Girls should be more concerned with becoming good wives and mothers than

desiring a professional or business career.

(xii) Girls should have the same freedoms as boys.
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D Household Agreement with Juntos

Appendix Figure D1. Affiliated Household and Juntos Program Agree-
ment Form (Adapted from Appendix E, Pages 77-78, Huerta and Stampini
(2018))
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