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Abstract

This thesis examines the unintended consequences of social and political factors –

namely income inequality, gender beliefs, and family planning policies – on educa-

tional outcomes, labor market dynamics, and health across generations. The thesis is

structured into three distinct but interconnected essays, offering empirical evidence on

how these factors shape individual and group behaviors.

The first essay (Chapter 2) investigates the long-run effects of income inequality

within school peer compositions on educational attainment. I and my co-authors show

that an increase in the share of low-income peers within school cohorts benefits low-

income students by increasing their probability of graduating from the university, while

at the same time disadvantaging high-income students. We propose a novel theoretical

framework based on reference-dependent preferences and social comparison to explain

these patterns, emphasizing the role of frustration or motivation depending on students’

relative positions in the income distribution. This chapter also highlights that better

social connections within schools can mitigate these unintended consequences of income

inequality.

In the second essay (Chapter 3), I joined with another set of co-authors to examine

gendered beliefs about the effects of mothers working long hours relative to fathers on

children’s skill development. Using a novel survey design linked to an experiment con-

ducted among parents in England, this chapter elicits initial beliefs and tests the effect

of an information treatment on these beliefs. The results show that parents, especially

men and conservative voters, believe that mothers working longer hours negatively

affect children’s future outcomes. However, providing accurate information about chil-
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Chapter 0. Abstract

dren’s outcomes when mothers work full time leads to more positive and accurate

beliefs, especially among those who initially hold more positive but uncertain views

about maternal work. This chapter highlights the potential of targeted information to

update gendered beliefs and reduce labor market inequalities.

In the third essay (Chapter 4), I worked with a fellow PhD student studying the

spillover effects of China’s one-child policy on the health outcomes of the next gener-

ation. Using data from the China Family Panel Studies and employing a regression

discontinuity design, we find that children born to parents directly affected by the pol-

icy show significant improvements in both physical and mental health. These results

are attributed to increased parental investment and improved parental health, con-

tributing to the literature on the quantity-quality trade-off and the intergenerational

transmission of health. The results provide valuable insights into how family planning

policies can have profound and lasting effects on population health.

Taken together, this thesis provides a comprehensive analysis of how income in-

equality, gender perceptions, and policy interventions interact with individual behavior

to produce complex outcomes in education, labor markets, and health. The research

highlights the importance of considering these dynamics in the design and implemen-

tation of policies aimed at promoting equity and well-being across generations.
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Chapter 1

Introduction

This thesis examines the multifaceted effects of socioeconomic factors and policies on

inequalities in education, labor market and health outcomes. In three distinct essays,

we employ applied econometric methods to explore the nuances of income inequality,

gender norms, and family planning policies. Together, these essays provide compre-

hensive insights into the relationship between socioeconomic dynamics and individual

outcomes, with valuable implications for policy design and social interventions.

Chapter 2 is titled “Income Inequality and Peer Effects in Education”. In this

chapter, we study the long-run effects of income inequality on educational outcomes

within peer compositions. Specifically, this chapter examines how the share of low-

income peers, which we construct within school cohorts, affects the academic perfor-

mance of students across income distribution. The focus of this chapter is twofold.

First, it aims to show how changes in peer income composition affect long-term ed-

ucational outcomes differently across the income distribution. To do so, we use data

from the National Longitudinal Study of Adolescent to Adult Health (Add Health) to

examine the effects of the share of low-income peers in students’ school cohorts. We

compare students with similar family incomes and characteristics but different shares

of low-income peers, using a within-school, across-cohort design. This design aims to

isolate the effect of peer income composition while controlling for other variables.

Our main results show a distinct heterogeneous pattern. For students in the bottom

20th percentile of the income distribution, a standard deviation increase of 20% in
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Chapter 1. Introduction

the share of low-income peers increases the probability of college completion by 3.6

percentage points (pp). Conversely, for students in the top 20th percentile of income,

the same increase decreases college completion by 4.1 pp. For middle-income students,

null effects are observed. We further provide evidence that these patterns are not

solely attributable to commonly observed peer effect mechanisms such as nonlinear

peer ability effects, teacher and parent responses, or disruptive peer behavior.

Second, we propose a theoretical framework to explain our empirical findings. This

model posits that students’ effort choices are influenced by income-based social com-

parisons, leading to either motivation or frustration depending on their relative income

positions. Drawing on the literature about reference-dependent preferences and social

comparison, the framework suggests that perceived inequality among peers can have

dual effects – motivating some while discouraging others.

To support the theoretical framework, the chapter presents empirical evidence on

short-term performance and motivation measures, including high school grades, self-

esteem, perceived intelligence, mental health, and motivation. The results suggest

heterogeneous effects: low-income students benefit from increased motivation and self-

esteem, while high-income students show signs of decreased motivation and increased

depressive symptoms.

The chapter concludes by discussing the broader implications of these findings. It

highlights the potential benefits of integrating students from different income back-

grounds, suggesting that this can help disseminate information more effectively. It

also notes that when social cohesion within a school is strong, integrating students

across income groups can mitigate the negative effects observed at the aggregate level.

The findings suggest that better social integration within schools, through increased

connectedness and friendships, can help mitigate the negative effects of income inequal-

ity. This highlights the importance of considering social dynamics in efforts to address

educational inequality.

Chapter 3 is titled “Beliefs on Children’s Human Capital Formation and Mothers

at Work”. This chapter presents the results of a pilot survey experiment conducted

with a sample of parents in England. This chapter explores gendered beliefs about the

2
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impact of maternal employment on children’s skill development compared to paternal

involvement. The aim is to understand the persistence of gender gaps and gender norms

that limit women’s opportunities in the labour market.

The study employs a novel survey design that combines hypothetical scenarios and

incentivized beliefs, complemented by an information treatment about children’s skill

development when mothers work long hours. Participants, recruited through the online

platform Prolific, were asked to report their beliefs about children’s future outcomes –

such as the probability of university graduation and earnings at age 30 – under scenarios

where either the mother or the father works full-time, with the other working part-time

hours. This approach captures within-person differences in beliefs and how these beliefs

vary with hypothetical family income levels.

The initial findings reveal two key insights: first, there is a belief that mothers

working longer hours negatively affects children’s future outcomes; second, this nega-

tive belief diminishes only at very high levels of family income. The study also finds

clear heterogeneity in these beliefs, with men and conservative voters holding more

negative views. These initial beliefs serve as a benchmark for assessing the effects of

the subsequent information treatment.

In the information treatment, participants are randomly presented with actual data

from the Millennium Cohort Study (MCS) on GCSE pass rates. Participants are first

asked to estimate these pass rates under conditions where mothers work full time given

the rates where mothers work less than full time, with monetary incentives provided

for accurate estimates. After randomly receiving the actual information, participants

update their posterior beliefs about children’s behavioral problems using the same

incentivized approach. The results suggest that providing factual information about

GCSE pass rates when mothers work full-time leads to more positive and accurate

beliefs about children’s behavioral problems.

We further link the information treatment to the initial beliefs from the hypotheti-

cals we collect. Interestingly, the response to the information about GCSE pass rates

varies according to participants’ initial beliefs. Those who already hold more positive

views about children graduating from university when mothers work longer hours are
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more likely to update their beliefs accurately.

In addition to belief updating, the chapter explores changes in self-reported gender

norms following the information treatment. Although the results of the pilot study are

inconclusive due to insufficient statistical power, there is some indication that infor-

mation can lead to polarization. Participants with more positive initial beliefs about

maternal employment became more supportive of gender equality, while those with

negative initial beliefs tended to revert to more traditional views.

Overall, this chapter provides valuable insights into the strength and variability

of beliefs about the impact of maternal employment on children’s human capital for-

mation. It highlights the potential for real information to shift these beliefs, albeit

heterogeneously, and underscores the importance of understanding these dynamics for

designing policies to support working mothers. The findings lay the groundwork for

further research into how gender norms and beliefs shape labor market outcomes and

the effectiveness of information interventions in promoting gender equality.

Chapter 4 is titled “One-Child Policy in China and the Intergenerational Effects

on Health”. This chapter studies the spillover effects of the one-child policy in China

on the health outcomes of subsequent generations whose parents were born right before

and after the implementation of the policy. Although formally relaxed and abolished

in 2016, the one-child policy has had long-lasting and profound effects on at least two

generations of people. To date, only a limited number of studies have examined the

health effects of the policy and the intergenerational effects of family planning policies

on the health of subsequent generations.

Using data from the China Family Panel Studies (CFPS), we examine how the policy

that drastically altered family size and dynamics in China has affected both physical

and mental health outcomes in the subsequent generation. We focus on three measures

of physical health – the probability of being sick, self-rated health, and interviewer-

rated health – and one measure of mental health, distress, for children born to urban

Han parents. Our identification strategy relies on the fact that participants were unable

to sort themselves on either side of the policy implementation date, allowing us to use a

regression discontinuity (RD) design that exploits the policy cut-off in 1980 to estimate
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the causal effect of the policy on child health outcomes. This natural experiment setting

provides a robust framework for isolating the local average treatment effect of the policy

on children’s health.

Our results show that children born to mothers affected by the one-child policy

have significant improvements in both physical and mental health outcomes compared

to children born to mothers not affected by the policy. These results are robust to

a number of sensitivity checks and suggest that the policy has had lasting positive

effects on the health of subsequent generations. Similarly, although less statistically

significant, improvements are observed for children of fathers affected by the policy.

The chapter emphasizes the focus on maternal data, given the strong evidence

that urban Han daughters, who were primarily affected by the one-child policy, ben-

efited from demographic changes such as increased resource allocation. This focus is

supported by literature showing better educational and health outcomes for children,

especially urban daughters, in smaller families. Our analysis suggests several mecha-

nisms, including increased investment in child health, such as increased access to health

insurance, and the intergenerational transmission of health and household characteris-

tics. NotaIn particular, better health outcomes are observed for mothers born after the

policy’s implementation. In addition, parenting practices and parent-child interactions

in these families, where mothers were born after the policy, contribute to lower levels

of child distress.

Overall, this chapter provides a comprehensive analysis of the intergenerational

spillover health effects of the one-child policy, highlighting significant improvements in

both the physical and mental health of children born to parents affected by the policy.

The findings highlight the complex interactions between family planning policies, re-

source allocation and long-term health outcomes. It also highlights the importance of

considering intergenerational effects when assessing the outcomes of such policies, and

offers insights for policymakers and researchers interested in the long-term consequences

of population policies.

Chapter 5 concludes the thesis with a summary of the overall objectives and the

key contributions of each chapter.

5



Chapter 2

Income Inequality and Peer

Effects in Education

2.1 Introduction

The effects of exposure to income inequality for students are less clear than the sources

of inequality. We study changes in peer income compositions on students’ long-run

educational attainment and their short-run performance. A wide literature indicates

that students’ outcomes are influenced by peers (Sacerdote, 2014), but peer income

inequality is less well understood. It could work through well-known channels in the

literature that income may capture, such as the ability distribution, behavior, teach-

ers, or other characteristics (Billings and Hoekstra, 2023; Booij et al., 2017; Carrell

et al., 2018; Duflo et al., 2011; Feld and Zölitz, 2017). Alternatively, income inequality

may draw students’ attention to disparities in opportunity leading to unintended con-

sequences. This could generate frustration among low-income students who have fewer

opportunities, or motivation to get head among high-income students when surrounded

by those with similar opportunities.1

1As an anecdotal example, consider a story told by the “This American Life” radio program
about a group of high school students attending school in one of America’s poorest congres-
sional districts taken to visit a nearby elite private school (Episode 550: Three Miles available at
https://www.thisamericanlife.org/550/three-miles). Their reactions, described by a teacher, tell a pow-
erful story (Greenbaum, 2015). “They felt like everyone was looking at them. And one of the students
started screaming and crying. Like, this is unfair. This is – I don’t want to be here. I’m leaving.”

6
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Chapter 2. Income Inequality and Peer Effects in Education

In this paper, we make two main contributions. First, we empirically show that

changes in peer income compositions affect educational attainment heterogeneously

across adolescent students from lower to higher income families. Further, we show

evidence that this heterogeneous pattern is not likely to be explained by a range of

mechanisms discussed in the literature. Second, to help rationalize our results, we

propose a novel theoretical framework of students’ choice of effort where students make

income-based social comparisons. Subsequently, we provide some empirical evidence

in support of the key mechanisms highlighted by our model: depending on a student’s

relative position in the income distribution, social comparison based on income can be

motivating or, alternatively, lead to frustration and discouragement. Finally, we close

the paper with an extension highlighting a path through social cohesion and integration

that may help mitigate the consequences of income inequality.

Empirical analysis. Our first contribution is to empirically test the long-run effects

of changing adolescents’ peer income distributions on eventual university completion

heterogenous to students’ family income. To capture changes in income distributions,

we use data from the National Longitudinal Study of Adolescent to Adult Health (Add

Health) and the leave-one-out share of low-income peers in students’ school-cohort. We

choose this broad reference group level partly based on our motivation that income in-

equality may be about the general environment students are exposed to. In Section 2.2,

we discuss more on this choice, and later, in Section 2.7 we compare it against more

refined peer reference groups.

We use a within school, across cohort design and effectively compare students in

the same school, who have similar family incomes, face similar school-cohort variances

in the income distribution, and have similar characteristics, but who face differences

in the share of low-income peers across their cohorts. The key assumptions are that

unobserved selection factors into schools are fixed at the school level and that our

flexible own-income controls fully capture the link between students’ family income

and their outcomes. Based on these assumptions we avoid contamination of the peer

income effect which is split across students’ position in the income distribution. We
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discuss in detail our identification strategy and assumptions in Section 2.3. Moreover,

because part of our motivation here is that income inequality can change environments,

we condition on the leave-one-out standard deviation in school-cohort incomes so shifts

in the share of low-income peers capture real differences in distributions. These stronger

differences may represent more salient changes in the environment.2

Our main results reveal a clear heterogeneous pattern. Among students in the

bottom 20th percentile of the income distribution, a standard deviation increase of

20% in the share of low-income peers increases the propensity to complete university

by 3.6 percentage points (pp). For students in the top 20th percentile of income, this

same change decreases university completion by 4.1pp, while middle income students

have estimated null effects. Furthermore, we confirm that these results are robust to a

wide range of checks. In Section 2.4.4, we then turn to assess whether this pattern is

explained by common mechanisms within peer effects, such as non-linear peer ability

effects, teacher and parental responses, and disruptive peer behavior. We find no

evidence that the effects we observe from income inequality are explained by these

mechanisms, suggesting that students’ responses to income inequality can be significant

but not adequately addressed by the current literature.

Theoretical framing and mechanisms. In our second contribution, we advance

a novel theoretical model of student effort choice that offers a lens to rationalize the

patterns we observe. We consider students who have different capacities for translating

effort into an educational outcome, where capacity is a broader construct than just

raw ability, encompassing a combination of factors, such as differences in opportunity,

enabling a student to achieve outcomes. Importantly, we consider income as one such

factor that is both salient and observable in school. A central component of our theory

is then the idea that social comparison among students based on income can generate

both frustration and motivation depending on a student’s relative position in the income

distribution.

In our model, students compare realized outcomes in relation to a reference point for

2This is what is meant above on facing similar school-cohort variances in the income distribution.
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educational attainment, which we assume to be influenced by the capacity distribution

of their peers: an indicator for what others can achieve. We show that for students

with sufficiently high capacities (and therefore income), an increase in the share of

low-income peers implies an increase in perceived inequality which leaves them further

ahead of their peers. This generates loss of motivation, lower effort, and ultimately

lower educational attainment. On the other hand, those students with sufficiently low

capacities will see this as a reduction in the inequality of opportunities and will feel less

frustrated as they are now less far behind their peers, leading to greater motivation,

effort, and educational attainment. Middle-capacity students might experience both

situations, rationalizing an average null effect for this income group.

These predictions are based on a theoretical framework that builds on the litera-

ture on reference-dependent preferences (Kahneman and Tversky, 1979; Tversky and

Kahneman, 1991) and social comparison (see e.g. Clark et al. (2010) and Card et al.

(2012)). Additionally, our modelling of heterogenous effects on students’ behavior from

changes in the income distribution is in the spirit of Genicot and Ray’s (2017; 2020)

“dual nature” of socially determined aspirations. In our framework, a dual nature comes

clear as being surrounded by peers with greater capacities can be either motivating or

frustrating, depending on someone’s position in the capacity distribution.

Our model provides understanding on how changes in the exposure to income in-

equality can generate unintended consequences for students’ educational outcomes.

Moreover, it also highlights a potential mechanism based on students’ motivation (or

frustration) when choosing effort. To investigate this further, in Section 2.6 we look at

empirical evidence on performance in high school based on transcript data and mea-

sures of self-esteem, relative intelligence rating, mental health, and motivation. Once

again, we find a heterogeneous pattern: low-income students experience a strong, posi-

tive effect on performance and improvements in self-esteem and relative self-intelligence

rating, while higher income students exhibit an increase in depressive symptoms and

decreases in motivation. Altogether with the main results on long-run educational at-

tainment, our evidence is well explained by a model where disparities in income can

create contextual effects in the school environment that are unintended.
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Social cohesion and integration. Finally, mixing students of different backgrounds

may be desirable for many reasons, for example to spread information (Jackson, 2021).

In Section 2.7, we turn to an extension asking what may improve the ability of schools

to support disadvantaged students facing inequality. Recent work shows that better

connectivity (friendships) in school networks improves students’ perception of school

climate (Alan et al., 2021b) and improvements in social cohesion improve students’

outcomes (Alan et al., 2021a). Thus, we propose that better connections in the school

network can reduce the effects from changes in peer income distributions. Intuitively,

better cohesion may work against inequality effects by allowing students to put less

weight on peer income when forming reference points or by learning about their peers’

true abilities, feeling involved, and thereby more competitive. Using friendship nom-

inations, we show descriptive evidence in Section 2.7 that social integration through

friendships – either better centrality or more cross income group links – moderates

the effects from the share of low-income peers on university completion. This holds

for both low- and high-income students. We view this extension as descriptive but an

important area for further work and policy. Our findings suggest that attempts to ex-

pose students to different income backgrounds must be coupled with efforts to improve

social integration. Doing so, may help avoid unintended consequences due to reference

dependence from inequality in opportunity.

Related literature. Our study relates to a literature on the consequences of inequal-

ity for skill development. Much of this literature has focused on how environments dur-

ing early life affect skill development (for a review see Heckman and Mosso, 2014) and

how inequality leads to different incentives for skill investments across low and high SES

families (Doepke et al., 2019; Doepke and Zilibotti, 2017a). Additionally, neighborhood

inequality has long lasting effects on economic mobility (Chetty and Hendren, 2018a),

and children gaining entrance just on the margin to higher quality middle schools in

Mexico have been found to achieve lower conscientiousness scores and to shift aspira-

tions away from academics toward vocational tracks (Fabregas, 2022). We contribute

to this literature by highlighting the consequences of unabated inequality within peer
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groups in schools. Furthermore, our results offer an additional explanation for why the

benefits of moving to a better quality neighborhood are diminished if a child moves at

a later age (Chetty and Hendren, 2018b; Chetty et al., 2016).

Our study further relates to a growing literature on the effects of school environ-

ments and peer compositions. These include effects from teacher quality (Chetty et al.,

2014; Rothstein, 2017), smaller classes (Angrist and Lavy, 1999; Angrist et al., 2019;

Chetty et al., 2011; Krueger and Whitmore, 2001), school spending (Jackson et al.,

2015), and tracking students by ability (Duflo et al., 2011; Guyon et al., 2012). Re-

lated to these, a recent study by Jackson et al. (2022) finds that the benefits of attending

an effective high school for disadvantaged students runs through dimensions unrelated

to test score value added. Our study can help shed light here, as this fits with our

results on social cohesion representing where and when disadvantaged students may

not be harmed by exposure to income inequality.

We also contribute to a broad literature on the effects of peers. A non-comprehensive

summary of studies on short-run influences of peers includes the link between peers’ per-

sistence and academic achievement (Golsteyn et al., 2021), exposure to low-achieving

peers in Kindergarten (Bietenbeck, 2020), spillovers in educational attitudes among

friends (Gagete-Miranda, 2020; Norris, 2020), and the effects of peer gender composi-

tions (Black et al., 2013; Borbely et al., 2023; Gong et al., 2021; Lavy and Schlosser,

2011). Studies on the long-run effects of peers include disruptive peers (Carrell et al.,

2018), working mothers within peer groups (Olivetti et al., 2020), peer gender effects on

university major (Anelli and Peri, 2019), peers’ parental education (Bifulco et al., 2014,

2011), peer deprivation and risky behaviors (Balsa et al., 2014), and the effects of high

school ability rank on mental health in adulthood (Kiessling and Norris, 2022). More

relatedly, Cattan et al. (2023) find elite peers in Norway to positively affect enrollment

in elite schools and externally assessed exams.

Our focus is distinct in the literature and demonstrates that peer inequality, or

inequality of opportunity, can have important and very different effects across the dis-

tribution of students’ family income. We examine this within the US context, where
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inequality can be high.3 The role of peers in generating frustration or competition

may be especially salient in a relatively unequal context, where students can be placed

much further away from their reference point than in a more equal environment. Thus,

context may matter in shaping peer effects. Evidence from group based games in psy-

chology is suggestive of such contextual responses, showing that when informed about

the degree of income inequality in a group individuals with a low socioeconomic status

(SES) take more risks and report less satisfaction (Payne et al., 2017). Frustration

as a response to income inequality, particularly among low-income students, could

additionally help explain why programs relocating adolescents from disadvantaged to

advantaged areas have not always found success.4 Such interventions involve exposing

students to a different distribution of income both for the lower- and higher-income

students. Our results are consistent with peer inequality creating contextual effects on

students, our theory rationalizes this, and our evidence on mechanisms adds further

support. Moreover, our evidence on social cohesion suggests that better connections in

the school can mitigate the detrimental effects we find from income inequality further

emphasizing that context can shape peer mechanisms.

2.2 Data and Variables

We use restricted data from the National Longitudinal Study of Adolescent to Adult

Health (Add Health). Add Health is a longitudinal study representative of middle and

high schools in the United States in the mid-1990s. Add Health has several useful fea-

tures. First, it covers multiple cohorts within schools, which we need for our empirical

strategy of exploiting variation within schools across cohorts. Second, a representative

set of students from each cohort was first interviewed in 1994/95, when the majority

of students were between 12 and 18 years old, and followed for five waves until 2016-

3Higher prevalence and salience of inequality in the US is particularly true when compared to
countries such as Norway where the ratio between the top and bottom decile of the disposable income
distribution is twice as big in the US than in Norway (6.3 vs 3.1, OECD 2018).

4For instance, in the Moving to Opportunity experiment adolescent movers experienced on average
null or even negative effects (Chetty et al., 2016), while the integration of poor students into elite
schools in Delhi improved some pro-social outcomes among existing students but appears to have
harmed performance (Rao, 2019).
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2018. Third, it includes students’ household income, allowing us to observe within

school inequality. Our measure to capture changes in the income composition of peers

is the share of low-income peers within each student’s school-cohort. We then compare

long-run educational outcomes and short-run mechanisms as peer income composition

changes relative to a student’s position in the income distribution.

2.2.1 Income and Capacity

Before proceeding, we provide some descriptive patterns around income and capacity.

We refer to capacity as a term to capture the variety of ways that income allows effort

to be translated into outcomes. This can be about ability but also about opportunity

holding ability constant.

In Figure 2.1, we look at ability, depressive symptoms, and parental investments.

We measure cognitive ability using the Add Health Picture Vocabulary Test (PVT)

score.5 Consistent with evidence in the literature on skill trajectories and income

(Doepke et al., 2019; Falk et al., 2021), we observe a positive relationship between

PVT scores and income that persists when conditioning on school fixed effects (Fig-

ure 2.1a). Next, low-income may restrict capacity to achieve holding ability constant

through mental health. Adolescents exposed to multiple stressors are at greater risk of

experiencing higher depressive symptoms (Thapar et al., 2012), and the conditions of

poverty increase uncertainty, adding greater stress (Haushofer and Fehr, 2014; Lichand

and Mani, 2020; Mani et al., 2013). Low-income conditions may then expose a student

to more stressors, leading to more depressive symptoms, which can reduce motivation

and beliefs about the returns to effort (De Quidt and Haushofer, 2019). Supportive

of this assertion we see that lower income students tend to score higher on depressive

symptoms than do wealthier students (Figure 2.1b) using the Center of Epidemiologic

Studies Depression Scale (CES-D, Radloff, 1977a).6 Finally, we see that lower income

5PVT scores in Add Health have been used for ability in a range of papers. Kiessling and Norris
(2022) provide discussion on what it measures and show evidence that it is a stable measure of ability.

6The CES-D is a often used measure of depression in psychiatric epidemiology. This is a scale mea-
sure based on self-reported items that are 1-5 with higher values implying more depressive experiences.
AddHealth contains 19 of the 20 items on the full scale for which we follow the literature and collect
these into a sum. See Kiessling and Norris (2022) for more description and a lengthy discussion about
the CES-D score in AddHealth and see the Appendix Table A.3 for a list.
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students receive fewer monetary investments from parents (Figure 2.1c), which con-

nects to opportunity. This pattern holds even after conditioning on school fixed effects

and PVT scores, implying they are not simply reflecting endogenous school sorting or

ability.

Figure 2.1. PVT Scores, CES-D, and Parents’ Monetary Investment by Household
Income Deciles

(a) PVT Scores Wave I
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(c) Parents’ Monetary Investment Wave I
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Notes: For each household income decile, we report bin scatter plots with a quadratic fit line of PVT
scores in panel (a), CES-D scores in panel (b) and parental monetary investment in panel (c). The
bin scatter plot in panel (a) presents a quadratic fit line before and after conditioning on school fixed
effects. Bin scatter plots in panel (b) and (c) present quadratic fit lines before and after conditioning
on PVT scores and school fixed effects.

The patterns we find are consistent with a multi-dimensional interpretation of what

income captures. Exposure to inequality may then signal to adolescents their relative

opportunity, leaving an open question on how they will respond educationally across

the income distribution.
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2.2.2 Definition of Low-income Peers

We define low-income households at wave I of the survey when students were in grades

7 − 12 and the majority (72%) in grades 9 − 12. We will refer to grades as cohorts.

To define low-income households, we first include households below the 1994 poverty

threshold for a given family size. Second, we additionally include households who

are not below the poverty threshold but who are in the bottom third of the income

distribution for each family size.7 We use this definition to balance sample size for

the low-income category against miss-classification and to make sure our peer measure

has good support. In robustness checks, we explore alternative definitions and provide

more discussion.

Next, we define our peer measure as the leave-one-out share of low-income peers at

the school-cohort level. On average, this measure has a 35% share of low-income peers,

and it provides near full support (see Appendix Figure A.1a). Additionally, after the

inclusion of school and cohort fixed effects, we still maintain considerable variation to

identify our effects of interest (see Appendix Figure A.1b). We use this definition to

efficiently capture shifts in the distribution of peer incomes based on being around a

larger share of lower-income peers versus medium to higher income peers. The mean

itself may not capture sufficient variation if what matters is how far one is from their

peers, something we discuss more in Section 2.4.8

We use the school-cohort as the peer reference group, because we want to define

the general environment of income inequality that students are exposed to. Later,

in Section 2.7, we compare this against more refined peer reference groups. At that

point, we provide intuition and expectations on why the broader environment captures

effects that refined groupings may not capture, and we then provide evidence for these

expectations.

7Family sizes of 8 or more people are grouped together.
8Interacting the peer mean with the peer standard deviation of income is another possibility to

capture strong changes in the distribution, but this will considerably strain our data, because we need
to disaggregate effects across students’ own position in the income distribution. We did check results
using this approach and found consistent, though less efficient evidence.
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2.2.3 Educational Outcomes

To assess the long-run consequences of exposure to income inequality during adoles-

cence, we focus on whether or not a student has completed at least a university bach-

elor’s degree or higher by wave IV of the survey when respondents are on average 28

years old (range: 24-34).9 We focus on the long-run educational outcome for most of

our results, but later we also assess some short-run outcomes on performance in high

school. For participants who agreed, Add Health collected their full high school tran-

script data at wave III. We calculate cumulative GPA excluding courses taken in years

prior to the survey year of our treatment. We also construct indicators for whether the

student took advanced courses in Math, Science, and English.

2.2.4 Sample Selection and Summary Statistics

Summary statistics for our sample are reported in Columns (1) - (4) of Appendix

Table A.1. We first drop observations with missing household income, missing school

and cohort identifiers, missing family size, individuals older than 19 at wave I, and

individuals from schools with fewer than 20 students in total and 5 students per cohort

(6,433 observations).10 These steps leave us with complete information on the share of

low-income peers. Next, we drop those missing information on education level at wave

IV (3,174 observations), leaving us 11,165 students in our analytic sample. For all other

controls, we impute them to either 0 for discrete variables or to the mean for continuous

variables and control for corresponding missing indicators in all specifications.

In our analytic sample, 52% are female and the average age is 15.5 years old in wave

I. The majority of students are white (59%), about 17% report at least one foreign born

parent, 38% of all students come from university-educated households, and students

have on average 34% of peers from low-income families. Moreover, the mean university

graduation rate by wave IV (collected in 2008) in our sample is 33%, which is similar to

9While there is a wave V, attrition at this wave was much more severe. Our results, though, are
very similar if using the wave V sample and education information.

10Family size is important for how we define low-income peers thus we drop those missing family
size. The restrictions on school and cohort size are standard in the literature using Add Health for
peer effect analysis (see Elsner and Isphording, 2018; Kiessling and Norris, 2022).
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the national average of 29.4% at the time of the survey (U.S. Census Bureau, 2022). To

give a sense of how full sample compares to our analytical sample, we compare means

in the Appendix Table A.1 for each variable before and after our sample selection

criteria. Though most of the mean differences are statistically significant from zero, we

observe relatively small absolute mean differences. We interpret our analytic sample

as representative of the full population. Additionally, we provide summary statistics

for outcomes that we use in later analyses in the Appendix Table A.2. These include

our measures taken from the high school transcript data and measures of self-esteem,

beliefs, and mental health that we later use to assess frustration and motivation as

mechanisms.

2.3 Empirical Strategy

We need to surmount two hurdles to identify effects from the share of low-income peers.

One, selection into schools would likely bias our estimates, if unaccounted for. Two,

responses to peer income compositions may be heterogeneous to own-income given the

stark differences in opportunity that income can create. Thus, we need to disaggregate

effect estimates for the share of low-income peers over the household income distribution

and avoid contamination from any non-linear effects that stem from income. We address

these problems through (i) using a within school, across cohort design with school and

cohort fixed effects commonly deployed in the peer effects literature (e.g., see Sacerdote,

2014) and (ii) highly flexible controls for own-income.

2.3.1 Main Specification

We begin with the following specification:

Yics = SLP−ics ×
10∑
k=1

1
{
IncDecile = k

}
αk (2.1)

+ SD(ln(Inc))−ics ×
10∑
k=1

1
{
IncDecile = k

}
βk

+ f(ln(Incics)) +X
′
iγ1 +X

′
−iγ2 +XSD

′
−iγ3 + θics + ϵics,
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where Yics denotes the university graduation of student i in cohort c and school s and

SLP−ics denotes the leave-one-out percentage share of peers from low-income house-

holds in cohort c and school s. The coefficients αk are the marginal effects of SLP−ics

at each income decile. We take this as our starting point based on both classical rea-

sons to expect non-linear peer effects (e.g., differential responses to peer ability or by

teachers, etc.) and the motivation discussed in the introduction around the potential

for inequality to induce frustration among lower income students.

We further include as a control a measure for the dispersion of income in peer

groups, the leave-one-out standard deviation of peers logged household income, which

we also disaggregate across income deciles. We include this as Tincani (2018) shows

that higher order moments of peer distributions can exert separate effects. Including

this dispersion measure may capture a ranking mechanism if part of the effect from

exposure to the peer income distribution stems from rank concerns in ability and income

is correlated with ability. In expanded specifications, we will additionally include ability

rank disaggregated over the income distribution and later assess a wide range of checks

showing our results are not simply reflecting non-linear peer ability effects. Moreover,

controlling for income dispersion may also capture behavioral mechanisms separately

from our share (SLP−ics) effects, if those mechanisms correlate with the peer standard

deviation of the income distribution. Later, we directly add peer disruption measures

as further checks that income picks up other mechanisms.

Next, controls for own-income and school and cohort fixed effects are important for

identification. We flexibly control for non-linear effects from own-income by including

a cubic polynomial in logged household income. We use this polynomial approach

to maintain efficiency rather than including deciles indicators. However, we show in

robustness checks that our results are not sensitive to higher order polynomials in

income nor are they sensitive to going beyond decile fixed effects by controlling for

income ventile fixed effects. To focus on within school, across cohort variation we have

school and cohort fixed effects given by θics = µc + δs.

We then control for a set of exogenous demographics and characteristics in Xi.
11

11These are gender, age and age squared, indicators for race (Asian, Black, Hispanic, White, Other),
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In our preferred specification, we supplement these controls by adding peer leave-one-

out means for some of these characteristics (X
′
−i), as a way to capture other potential

mechanisms that may run through peer compositions.12 We also add peer leave-one-out

standard deviations (XSD
′
−i) for continuous characteristic controls (age and family

size) to further capture potential effects from second moments of peer compositions.

The error term is ϵics.

We could restrict our data further and estimate our effects on sub-samples of own-

income. This would allow all covariates to vary by each sub-sample, but the sample

sizes would prevent efficient estimation. Thus, we begin with the analytic sample and

in a later robustness check consider sub-sample restrictions.

2.3.2 Identifying Assumption

In order to identify the causal effects from the share of low-income peers over the income

distribution, αk, the share has to be as good as randomly assigned. Our assumption,

shared with all school-cohort based designs, is that we have exogeneity conditional on

a rich set of controls and fixed effects, implying that13

E
[
ϵics|SLP−ics ×

10∑
k=1

1
{
IncDecile = k

}
,X′

i,X
′
−i,XSD

′
−i, θics

]
= 0. (2.2)

Note that while we begin with the disaggregation across deciles of income, based on

results from this we then turn to a more parsimonious specification disaggregating over

income groups defined as the bottom two deciles, the middle, and top two deciles. In

this case, we replace the by decile interaction with SLP−ics×
∑3

k=1 1
{
IncGroup = k

}
.

In either case, our assumption really rests on two critical components. One, that we

adequately capture the relationship between our outcome and own-income, and two,

an indicator for being the child of an immigrant, the family size, indicators for parents’ highest degree
(less than high school, high school/GED, some college, college degree, postgraduate degree), and an
indicator for being raised in a single parent household.

12Note that we exclude peer controls in parental education as these could create collinearity problems
with our share of low-income peers. We have included them (indicators for whether parents have
completed high school, some college education, or post graduate education) in unreported results and
they did not change our baseline result but we believe they over-control.

13We could also include ln(Inc) SD−ics ×
∑10

k=1 1
{
IncDecile = k

}
in this expectation. We do not

show it here to keep things concise.
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that we cut any link between determinants of selection into schools and our treatment.

For the first, we use a flexible specification in own-income with a cubic polynomial. In

later checks, we expand this up to a sixth degree polynomial or replace the polynomials

with income ventile fixed effects.

For the second, we select factors likely correlate with SLP−ics. We show evidence

of this in the Appendix Figure A.2. This is a scatter plot of SLP−ics against school

mean income sorted from low to high among those in the bottom two income deciles

(panel (a)), the middle deciles (panel (b)), and the top two deciles (panel (c)). In

each case, we see that the raw, uncontrolled correlation is clearly negative. We then

show these same scatter plots after removing school fixed effects. Though mechanical,

as mean school income is a fixed factor, the plots illustrate our identification strategy

showing that with school fixed effects this link is now cut and will also be cut for all

other unobserved factors common at the school level. Moreover, we can see that in each

segment of the income distribution there remains variation in the residual SLP−ics that

we leverage to identify our effects.

Our assumption here implies that parents select into schools based on fixed school

factors thereby the school fixed effects remove all unobserved selection factors. We

also relax this assumption in some specifications in case parents select schools partly

based on school trends, adding these via δs × c or in other specifications adding school

specific income trends. Moreover, we explore an extensive set of robustness checks

demonstrating that our results are insensitive and unlikely to be spurious (via placebo

testing).

2.3.3 Balancing Test

We now test for evidence consistent with our identification assumptions using balance

tests presented in Table 2.1. Each cell in columns (1) - (4) presents a regression of our

treatment variable of interest on each row variable. In each test, we control for a cubic

in logged household income and school and cohort fixed effects, as these are crucial to

our identification. In columns (2) - (4), we restrict the sample around the bottom 20th,

the middle, and the top 20th of own-household income to check that our identification
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assumption is still reasonable within these important groups. Finally, in columns (5) -

(7), we repeat this but use the peer standard deviation of logged household income to

show that even our additional peer income controls are reasonably exogenous.

Consistent with quasi-random assignment of peers, we observe that most charac-

teristics are not related to our treatment variables. Only the indicator for whether a

student is the first-born child seems to be associated with a higher share of low-income

peers. Yet, given the number of tests performed is relatively high and the coefficient is

small (amounting to less than one percentile score) we interpret the balancing check as

strongly consistent with quasi-random assignment of peers.14

Table 2.1. Balancing test

SLP−ics SLP−ics × B20 SLP−ics × M SLP−ics × T20 Log(Inc)SD × B20 Log(Inc)SD × M Log(Inc)SD × T20

(1) (2) (3) (4) (5) (6) (7)

Female 0.001 0.001 -0.000 0.005* -0.000 0.001 0.001
(0.001) (0.003) (0.002) (0.003) (0.005) (0.003) (0.009)

White -0.000 -0.003 0.000 -0.003 0.011 0.001 -0.012
(0.002) (0.005) (0.003) (0.005) (0.009) (0.005) (0.010)

College-educated Parents -0.002 -0.006 -0.002 0.002 -0.002 -0.001 -0.005
(0.001) (0.006) (0.002) (0.004) (0.009) (0.003) (0.006)

Raised by a Single Parent 0.000 0.004 0.000 -0.005 0.000 -0.002 -0.009
(0.002) (0.003) (0.002) (0.005) (0.005) (0.003) (0.008)

Birth weight (ounces) 0.000 0.000 0.000 0.000 0.000* 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

First-born child 0.003** 0.002 0.003* 0.006** 0.001 0.007** 0.005
(0.001) (0.003) (0.002) (0.003) (0.005) (0.003) (0.005)

Child of an Immigrant -0.001 0.004 -0.002 -0.001 -0.011 -0.003 0.005
(0.002) (0.004) (0.003) (0.004) (0.007) (0.005) (0.011)

Household receives food stamps -0.001 0.003 0.003 -0.013 0.006 -0.000 0.013
(0.002) (0.003) (0.005) (0.024) (0.006) (0.006) (0.038)

Household size 0.001 0.001 0.001 0.000 -0.001 0.000 -0.000
(0.001) (0.001) (0.001) (0.002) (0.002) (0.001) (0.003)

Function of Log Household Income Yes Yes Yes Yes Yes Yes Yes
School and Grade FEs Yes Yes Yes Yes Yes Yes Yes

Observations 11165 2180 6920 2065 2180 6920 2065

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. SLP−ics denotes the leave-one-out percentage share of
peers from low-income households in cohort c and school s. Standard errors are in parentheses and
clustered at the school level. Columns (1) use the analytic sample; columns (2)-(4) and columns (5)-(7)
split the analytic sample by the bottom 20th percentile of household income, the 20th-80th percentiles
(endpoints are not included), and the top 20th percentile of households income.

14The significant, positive estimate on first-born does show up both on the average of SLP−ics and
on SLP−ics for the top-20 income group. We do not think that this is a concern. First-born children
often get better resources (Black et al., 2018), thus if anything, we may have predicted an opposite sign
effect here. Again, the magnitudes are small, go against our effects and are not persistently significant
in columns (2), (5), or (7). Finally, we have confirmed that including or excluding it from our controls
does not change our baseline nor mechanism results.
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2.4 Results: Long-run Effects on Educational Attainment

We test the effect from a shift in the share of low-income peers on the probability a

student completes a university degree or higher by the wave IV survey across students’

positions in the income distribution. We then turn to robustness checks followed by

tests for whether our results on income compositions are explained by standard peer

effects in the literature.

2.4.1 Baseline Results

We begin by studying the marginal effects from a student’s share of low-income peers at

wave I on their probability of completing university by wave IV. We use our preferred

specification, as discussed in Section 2.3, to calculate the marginal effects (αk) at each

decile of the own-household income distribution at wave I. Figure 2.2 reports the results.

We cluster standard errors at the school level here and in all results to follow. We find

positive and significant effects for lower-income students (bottom two deciles), null

effects over the middle, and negative and significant effects for higher-income groups

(top two deciles). These effects are consistent with the idea that shifts in the degree of

income inequality create different responses across the income distribution.

To empirically shed light on the sharp cutoffs in effects, we calculate the gap between

the individual logged household income and the school-cohort peer mean of logged

household income to give the percentage difference (gap: ln(Incics)− ln(Inc−ics)). In

the Appendix Figure A.4, we present plots of the interquartile range, median, and

mean for this gap over household income deciles. We see that students in the first two

deciles are much further behind their peers than better off students. Even students

in the third decile are considerably less far behind their peers than those in the first

two deciles. Next, for the top household income deciles, we see that those in the ninth

and tenth deciles are consistently much further ahead of their peers. Overall, we think

the patterns on distance discussed above support our findings in Figure 2.2, suggesting

that being further away from one’s peers drives the effects as it is predominately the

bottom and top two income deciles that have much distance. This does not, however,
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Figure 2.2. The share of low-income peers and effects on university completion over
deciles of the own-household income distribution
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Notes: This figure presents the marginal effects on the probability of completing university by wave
IV of the survey from the leave-one-out mean (share) of low-income peers in the same-high school and
cohort (wave I). The effects are calculated at each decile of the own-household income distribution at
wave I.

explain why being further away to either side should matter.

In the next section we turn to a more parsimonious specification, and after a series

of robustness checks we also show, in Section 2.4.4, that our empirical results are not

explained by a variety of mechanisms that can be drawn from the literature. Hence,

in Section 2.5 we develop a model of social comparison and students’ effort choice that

can rationalize our findings, and subsequently provide some evidence in support of its

main mechanisms.

2.4.2 Baseline Results: Parsimonious Specification

Based on the by decile results, we group the distribution of own-household income into

the bottom 20th, middle, and top 20th. We then use these groups to disaggregate the

effect from the share of low-income peers. In Table 2.2, we present the results across

multiple specifications in columns (1) - (6), finding stable results across specifications.
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Interpreting our preferred specification (column 2), we find that for the bottom 20th

of the household income distribution in high school, a 100% shift in the share of low-

income peers yields a 18 percentage point (pp) increase in the likelihood of holding at

least a four year degree by wave IV. For the middle group, we find null effects, and

for the top 20th of household income the marginal effect is a 25pp decrease. A 100%

shift, however, is not realistic. Interpreting these in standard deviation shifts (20%)

translates the effect for the bottom 20th into a 3.6pp increase and for the top 20th into

a 4.1pp decrease.

The estimates for the bottom and top 20th groups are significantly different across

all specifications. One concern is that multiple hypothesis testing within and across

specifications could lead to false rejections of the null (Clarke et al., 2020). To account

for this, in the Appendix, Table A.11, we report Romano Wolf p-value adjustments

across all specifications based on a block cluster bootstrap around schools. Although

we obtain higher p-values, our results remain statistically significant at the 5% level for

the bottom 20th group and at the 10% level for the top 20th group.

To give some context to the effect estimates, we compare them to the average

probability of having at least a four year degree split across income groups. The overall

average in our analytic sample is 33%, which breaks into 15% for those in the bottom

20th of the household income distribution in high school, 31% for the middle group,

and 59% for the top 20th group. Thus, for the bottom 20th students the effect from the

share of low-income peers amounts to a 24% increase from the group mean, whereas

the effect within the top 20th group is only about 7%. We also compare these effects

to conditional university completion gaps over gender and socioeconomic differences,

detailed in the Appendix, Figure A.5.15 These results are sizeable for low-income

students and of similar magnitude to other interventions targeting low-income families

and their children. For perspective, the magnitude of our effects is comparable to

financial assistance programs, such as the Social Security Student Benefit Program,

15The standardized effect for the bottom 20th group amounts to about half of the gap between females
and males, around 40% of the gap between university and non-university parents, and is similar in size
to the gap between single and two-parent homes. Comparisons are similar looking at the top 20th
group.
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Table 2.2. Baseline effects on university completion: Share of low-income peers

University Graduate

(1) (2) (3) (4) (5) (6)

SLP−ics × Bottom 20 0.18** 0.18** 0.16** 0.19*** 0.27*** 0.22**
(0.07) (0.07) (0.07) (0.07) (0.09) (0.10)

SLP−ics × Middle 0.01 0.02 0.01 -0.00 0.07 -0.02
(0.07) (0.07) (0.06) (0.06) (0.09) (0.07)

SLP−ics × Top 20 -0.25** -0.25** -0.27** -0.27** -0.19 -0.29**
(0.11) (0.11) (0.11) (0.11) (0.13) (0.13)

Peer Log(Inc) (SD) Yes Yes Yes Yes Yes Yes
Own-Characteristics Yes Yes Yes Yes Yes Yes
School and Cohort FEs Yes Yes Yes Yes Yes Yes
Peer Effects (means) No Yes Yes Yes Yes Yes
Peer Effects (SD) No Yes Yes Yes Yes Yes
Own-Ability Polynomials No No Yes Yes Yes No
Ability Rank × Income Position No No No Yes Yes No
School-specific Cohort Trends No No No No Yes No
School-specific Income Trends No No No No No Yes

Mean University Graduation 0.33 0.33 0.33 0.33 0.33 0.33
Observations 11,165 11,165 11,165 11,165 11,165 11,165
R2 0.241 0.243 0.263 0.264 0.273 0.253
Difference between B20 and T20 <0.001 <0.001 <0.001 <0.001 <0.001 0.002

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. SLP−ics denotes the leave-one-out percentage share of
peers from low-income households in cohort c and school s. School and cohort fixed effects are included
in all specifications. Standard errors are in parentheses and clustered at the school level. Estimates
of marginal effects of SLP−ics are for those in the bottom 20th percentile of household income, in the
middle, and finally in the top 20th percentile of household income. Peer Log(Inc) (SD) denotes the
standard deviations of peer log income. We always include a 3-degree polynomial of log household
income in the own characteristics control. Ability rank means the ability rank within school cohorts.

a large financial assistance program paid to children of deceased, disabled, or retired

Social Security beneficiaries in the US to finance post-secondary education (Dynarski,

2003). Effect estimates suggest that an offer of $1,000 in grant aid corresponds to an

increase in the probability of high-school students attending university by about 3.6pp

(Dynarski, 2003).

Next, in columns (3) - (4), we check our results against the inclusion of flexible

controls for own-ability and rank. We include a quartic polynomial in the PVT scores

and control for the peer (school-cohort) leave-one-out mean as well as the standard

deviation in PVT scores (column 3). We also check that our effects are not driven by
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a rank mechanism, as a wide literature illustrates the importance of relative ability

(Bertoni and Nisticò, 2019; Denning et al., 2021; Elsner and Isphording, 2017; Murphy

and Weinhardt, 2020). Thus, we next add the PVT school-cohort rank, which we

disaggregate by students’ position in the bottom 20th, middle, or top 20th income group

(column 4).16 Our key results on the bottom and top 20th groups remain consistent

and significant.

In columns (5) - (6), we now add school-specific trends to relax the assumption

that selection factors are captured by the school fixed effects. First, in column (5), we

include the expansive specification from column (4) and allow for a linear trend within

schools. This specification allows for selection based on linear-trends, but is the most

restrictive on the data. Second, in column (6), we use our preferred specification as in

column (2) but allow for school specific trends across our defined income groups. In

both cases, we find very similar results to those in our simpler specifications.

Finally, we consider a different outcome by using the natural log of individual in-

come at wave IV. These results are reported in the Appendix Table A.4. We find that

wave IV income improves for the bottom 20th household income group at high school in

response to an increase in the share of low-income peers, while for the top 20th group,

we see null effects on wave IV income. Note, that for top income students, the effect

size on university completion as a percent of the mean is much smaller than it is for

lower-income students. Also, it may be that those from higher parental income back-

grounds are better positioned to maintain higher-income regardless of their university

completion status. This question is beyond the scope of our paper. Nevertheless, the

pattern of results suggests strong effects for the bottom 20th group that are different

from the experience of the top 20th group.

Altogether, the results here suggest the presence of strong, heterogeneous effects

stemming from peer income inequality. We further examine additional heterogeneity

within each income group across student characteristics using a causal forest (Athey

et al., 2019). See the Appendix Section A.6 for a detailed description of the method and

16In an additional checks against alternative mechanisms (see Section 2.4.4), we will go even further
and allow for a wide range of non-linear peer ability effects and also consider income rank effects.
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results. We find that our pattern of results on the effects from the share of low income

peers across income groups remains consistent when estimated with a causal forest (see

the Appendix Figure A.9a). Additionally, we see that these peer effects within income

groups are generally persistent across other student characteristics, including across the

ability distribution.

2.4.3 Robustness Checks

In this section, we report a series of additional analyses to probe the robustness of our

results.

Definitions for the share of low-income peers. We define low-income households

as those whose household income is either below the 1994 poverty threshold or in the

bottom third of the income distribution for a given family size. We then calculate the

leave-one-out share of low-income peers at the school-cohort level based on this defini-

tion. Yet, other definitions of low-income households are conceivable for assignments of

the share of low-income peers for those students who are in the same school cohort and

have the same household income. For instance, we could define low-income households

based on (i) the bottom 20th percentile of the income distribution for a given family

size, (ii) below the median of the income distribution for a given family size, or (iii)

the bottom third of the household income distribution based on school region, school

urbanicity, and family size (grouping households whose family size is equal or larger

than 5).

Of these, we expect most results to be similar except for the below median definition

to introduce measurement error by misclassifying a larger share of students as low-

income peers when they are not, implying it should return smaller and less precise

effects. Moreover, definitions that shrink the size of the low-income peer groupings

have another tradeoff in that they reduce the degree of variation available within schools

thereby potentially yielding less efficient results. In Appendix Table A.5, we compare

results from these different definitions. We find similar effects across definitions except

for the below median definition where we find weaker effects, as expected, and some
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less efficient results where the definitions are more stringent. Importantly, the results

– absent the definition by the median – are stable. Generally, our current definition

of low-income households seems reasonable to capture the stratification of household

income.

Non-linearity in household income. In our main specification, we adopt a cubic

polynomial in logged household income to take the relation of university graduation

and own-income into account. Yet, one might worry that we have not captured all the

relevant non-linearity between our outcome and logged household income. In Appendix

Table A.6, we therefore examine different polynomials up to the sixth order. We find

that our results are highly robust regardless of the degree we control for. Moreover,

we include a specification with indicators for each ventile level of the logged household

income, which non-parametrically controls for different own-income levels, and find our

results remain unchanged.

Subsample by income groups. In our main specification, we disaggregate our

results by own-household income groups for being in the bottom 20th, the middle,

and the top 20th. While we gain efficiency from this specification, we do not allow

all covariates to vary by each subsample. In Appendix Table A.7, we examine the

consistency of our results by splitting the sample over each of the income groups we use.

We start from our baseline specification and then add a quartic own-ability polynomial

and the school-cohort ability rank as an additional check. We find that our subsample

results for the share of low-income peers are consistent with our main results. While

the results slightly lose some efficiency, we find the point estimates are quite stable and

robust.

Placebo tests. Our identification strategy assumes that the share of low-income

peers is as good as randomly assigned conditional on own income and school and cohort

fixed effects. One way to test against failures of this assumption is with placebo tests.

In Appendix Table A.8, we reproduce our main specification results with an alternative

treatment variable and then with an alternative outcome variable. As for the placebo
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treatment, we take the share of low-income peers within the same school but from a

different cohort with a 1-year or 2-year time gap. As for the placebo outcome, we use

an indicator for ever repeating a grade in the past. This is a pre-treatment placebo

outcome. Given our identification assumptions hold, we would not expect a link to

past repetition of school grades. For the bottom 20th group of own-household income,

both placebo tests yield an expected zero. For the top 20th group, we do find some

correlation between the placebo treatment and our university graduation outcome, but

this effect disappears once we control for school-specific income trends. As is shown in

column (6) of Table 2.2, our point estimates stay consistent when we control for school-

specific income trends. These placebo tests are highly consistent with our identifying

assumptions and suggest that our main model is well identified.

Attrition. In wave IV, approximately 14 years after the treatment in wave I, about

78% of the baseline sample remains.17 Appendix Table A.9 shows that attrition pat-

terns do not differ by treatment status across own-household income groups regardless

of the school and cohort fixed effects we control for. We further assess the robustness

of our results to accounting for attrition in two ways. First, we calculate treatment

effects using inverse probability weighting (IPW), where the weights are calculated as

the predicted probability of being in the wave IV follow-up sample based on the main

specification controls and an additional variable for whether the family was willing to

move.18 Second, we use the wave IV sampling weights provided by Add Health to ad-

just for non-response in longitudinal models. Our results survive parametric corrections

for attrition using either IPW or sampling weights in Wave IV.

Random sampling of students per school. The impact of sampling error on

estimates is not entirely clear in a nonlinear model with group means. We assess

the consequences of observing a random sub-sample of students per school using a

simulation. The data generating process (DGP) is specified in Appendix A.3 and is

17Note that the baseline sample is defined after our initial set of sample selection criteria but before
dropping those missing information on education level at wave IV.

18We then replicate our results with IPW weights using the specifications in column (2) and column
(6) of Table 2.2.
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based on our estimated values for the share of low income peers. We simulate 500

schools of 240 students and decrease the share of students in our sample from full

saturation, where all students in a school are sampled, to a situation where we observe

only 10% of all students.19 Our simulations in Appendix Figure A.6 show that it leads

to attenuation for the bottom and top 20th income group students, while the middle

income group shows a small upward bias. We then repeat the simulations based on

estimates for subgroups by income in Appendix Figure A.7 and find that sampling

variation attenuates the estimates when the true coefficient is non-zero for both the

bottom and top 20th income groups and has no effect on the middle income group

where the true effect is set to 0.

Measurement error in income. We then turn to measurement error in our income

measure. Specifically, we assess how our estimates change when we introduce noise to

the measure of income, i.e., we measure ˜ln(Inc) = ln(Inc) + ϕ · v, where ln(Inc) ∼

N (3.5, 0.85), v ∼ N (0, 0.85), and ϕ ∈ [0, 1]. Thus ϕ = 0 corresponds to situations

where we have no measurement error, while ϕ = 1 corresponds to situations where we

allow as much measurement error as noise in our income measure. This measurement

error then translates into measurement error in the share of low income peers that

each student faces. We then combine the measurement error in income with random

sampling of students, taking the situations with 100% and 30% sampling, respectively.

In Table A.10, we report estimates of the effect for the share of low income peers

among the bottom 20th, middle, and top 20th income groups along with the ratio of

the estimated effect to the true coefficient in parentheses. For the middle group, the

ratio is not reported because the true coefficient is 0. Our simulation results show that

for the bottom 20th and top 20th income groups the effects are attenuated, resulting

in an underestimation of the true effects.

19Our approach is adapted from the designs used by Elsner and Isphording (2017) and Kiessling and
Norris (2022) to assess measurement error for ability rank effects.
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2.4.4 Results Explained by Common Peer Effects in the Literature?

Effects from shifts in the share of low-income peers could be rationalized by responses

from students, teachers, and parents. We now turn to whether commonly observed

mechanisms in the literature explain the patterns we observe on income inequality in

peer groups. We investigate whether our heterogeneous peer income effects seems to

pick up the following set: non-linear peer ability and ability rank effects; responses from

teachers to changes in peer income compositions; changes in disruptive behaviors; and

parental responses to changes in the peer income composition. We provide a thorough

discussion of each of these and report our results in the Appendix, Section A.5.1

We find no evidence that the heterogeneous effects from the share of low income

peers documented in Sections 2.4.1 and 2.4.2 are explained by this wide range of plau-

sible mechanisms. Next, we propose a novel explanation to rationalize our findings. It

is based on reference dependence and the idea that social comparison among students

can generate both frustration and motivation depending on a student’s relative position

in the income distribution.

2.5 A model of Social Comparison and Student Effort

We propose a theoretical model of student effort choice towards the achievement of

an educational outcome. The model provides a lens to understand how exposure to

income inequality may generate the patterns we have observed.

Our model is based on two premises. First, we think of income as a salient and ob-

servable characteristic signaling students’ capacity, in-line with the evidence we present

in Section 2.2. Moreover, capacity here can be thought of as differences in opportunity

even holding raw ability fixed. Second, we consider a possible non-monotonicity in the

effect that social comparison on this capacity dimension can have on students’ behav-

ior. Our model provides a novel perspective on how exposure to income inequality, and

therefore to inequality of opportunities, may affect students’ effort and their educa-

tional attainment. Thus, we consider how income inequality may affect the contextual

environment students live within.
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To capture this we build on reference dependence (Kahneman and Tversky, 1979;

Tversky and Kahneman, 1991) and social comparison (see e.g. Clark et al. (2010) and

Card et al. (2012)). More precisely, we assume that a student’s reference point for

educational attainment is, at least in part, determined by the capacity distribution of

their peers—a proxy for what others can achieve. Further, in the spirit of Genicot and

Ray’s (2017; 2020) model of socially determined aspirations, we provide a framework

in which changes in the capacity distribution of peers can have heterogeneous effects

across students depending on their relative position in the income distribution.

We place particular emphasis on the effects of changes in the composition of peers’

family income on students’ behavior. The theoretical framework explains a contextual

effect, but alternatively, our framework can also be considered a reduced-form model of

students’ best response with non-linear peer effects in which students use peers’ income

as a salient and observable indicator of what others can achieve.20

In fact, the reference point for educational attainment in our model is an artifact

which, together with our assumption of reference-dependent preferences, enables us to

capture the effect of inequality in opportunities on a student’s utility.

2.5.1 Preferences

Students are endowed with initial capacity θ defined as the combined set of factors that

enable a student to translate effort into educational outcomes. In particular, we assume

that capacity is a strictly increasing function of both ability s and income I. That is,

θ ≡ θ(s, I) > 0, with θs > 0 and θI > 0, and that the only source of heterogeneity

in capacity in our model is income.21 Denote the distributions of income and capacity

20An extension of our framework could also incorporate the possibility that students’ reference point
for social comparisons is influenced by their beliefs about peers’ effort (in addition to peers’ capacities).
This would then generate strategic complementarities between students’ effort, as in game-theoretic
foundations of social interaction peer effects (see e.g. Boucher et al. (2024)). Such an extension would,
however, require a more specific form of the students’ reference point than the one we consider below, as
well as the characterization of an equilibrium in which students’ beliefs are consistent. We believe this
extension to be interesting, but also beyond the scope of the model developed in this paper. Moreover,
it can be deduced that the predictions we derive to rationalize our empirical findings, which are based
on changes in the composition of peers’ capacities, will also hold in a more elaborated model with
strategic complementarities in effort.

21This assumption is made for simplicity and to capture the fact that income is more salient and easily
observable than ability. For instance, in the absence of complete information about peers’ abilities, this

32



Chapter 2. Income Inequality and Peer Effects in Education

by F I and F θ respectively. Our assumption implies that F θ is a transform of F I :

the distribution of capacities a student faces in school captures within-school income

inequality.

Students choose effort e to achieve an educational outcome y, realized attainment,

given by y ≡ y(e, θ) = θe. Further, to capture the effect of social comparison and

inequality of opportunity on behavior, we assume that students compare their realized

outcome in relation to a reference outcome r which is influenced by the capacity dis-

tribution they face. In particular, we assume r to be positively related to someone’s

own capacity as well as to the capacity of their peers. More formally, r ≡ r(θ, F θ)

with the following properties: i) rθ > 0; ii) r(θ, F̂ θ) > r(θ, F θ) when F̂ θ first-order

stochastically dominates F θ; and iii) r(λθ, F λθ) = λr(θ, F θ) for all λ > 1, where F λθ

denotes the distribution of θ when all capacities increase by λ. This last assumption

implies that if all capacities increase by the same proportion, then r increases by the

same proportion.22

Students’ preferences are characterized by the following additively separable utility

function:

u(e, y, r) = b(y)− c(e) + µ(y − r), (2.3)

where b(y) = yα, α ∈ (0, 1), captures the benefit from achieving the outcome y; c(e) =

e2/2, is the cost of effort (where the marginal cost is normalized to e); and µ(y − r)

captures the effect of social comparison over outcomes on a student’s utility. We assume

µ to be a reference-dependent gain-loss function, such that µ′′(y − r) < 0 if y > r (i.e.

concavity over gains) and µ′′(y − r) > 0 if y < r (i.e. convexity over losses):

µ(y − r) =

 [y − r]β if y ≥ r

−[r − y]β if y < r;
(2.4)

assumption would imply that students’ use income as a proxy for capacity. This set up also enables
a closer matching between our theoretical model and the empirical analysis, in which we control for
peers’ ability.

22Our formulation of the properties of r is inspired by the model of socially determined aspirations
in Genicot and Ray (2017, 2020). In particular, r(θ, F θ) satisfies both “scale-invariance” and “social
monotonicity”.
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where β ∈ (0, 1).23 The properties of µ, combined with our assumptions on r, are a

central component of our model, capturing the effect of inequality of opportunity, due

to income inequality, on students’ behavior. Figure 2.3 plots µ as a function of y − r

when θ and e are fixed, and shows the partial effect of an increase in the reference

outcome r on the slope of µ: the marginal returns of effort that stem from reference

dependence. For instance, consider a student with a relatively high θ′ and such that

y > r, implying they perceive additional satisfaction from achieving the educational

outcome y (the student is in the gain domain, the upper-right panel of Figure 2.3). In

this case, an increase in peer income, and therefore peer capacity, generates an increase

in the marginal returns to effort (r increases and the slope of µ becomes steeper), and

an increase in effort will increase utility. As we will formally establish later, this effect

can be interpreted as greater motivation stemming from a reduction in inequality of

opportunity between the student and their peers.

Figure 2.3. The Gain-loss Function

y − r

µ(y − r)

0

r ↑, µ′ ↑

r ↑, µ′ ↓

23This formulation is in the spirit of Kahneman and Tversky (1979) value function under riskless
choice (Tversky and Kahneman, 1991). In particular, our function µ displays both “reference depen-
dence” and “diminishing sensitivity”, but it does not feature “loss aversion”. Note that while both
reference dependence and diminishing sensitivity are crucial ingredients of our model, the consideration
of loss aversion—despite adding one additional parameter and layer of complexity—would not affect
our qualitative predictions. Moreover, while there is ample evidence of the existence of loss aversion in
the evaluation of monetary/material payoffs, less is known about its role in less tangible domains such
as that of educational outcomes.
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Instead, consider a student with a relatively low θ′′ and such that y < r, implying

they perceive a sense of frustration, which negatively affects utility (the student is in

the loss domain, the lower-left panel of Figure 2.3). Here, an increase in peer income

generates a decrease in the marginal returns to effort (r increases, but the slope of µ

becomes flatter), implying that decreasing effort will increase utility: as the inequality

in opportunity between the student and their peers widens, higher frustration dampens

the incentive to exert effort.

In the remainder of this section we will formally characterize the consequences of

these changes in the reference outcome on a student’s choice of effort. Subsequently,

we will establish how shifts in peers’ income can affect effort differently depending on

the student’s relative position in the income distribution.

2.5.2 Capacities, Peers, and Students’ Effort

Consider a student endowed with capacity θ, facing capacity distribution F θ, and with

reference outcome r, that needs to choose effort e to maximize their utility as given by

(2.3). The first-order conditions characterizing this maximization problem are given

by:

α[θe]α−1θ + β[θe− r]β−1θ = e if y > r, (2.5)

α[θe]α−1θ + β[r − θe]β−1θ = e if y < r, (2.6)

where the left-hand side captures the marginal benefit of exerting effort, while the

right-hand side is the marginal cost. The solution, denoted by ẽ(θ, r), is the level of

effort at which these are equal.24

Because the marginal benefit of effort crucially depends on the gap y − r, we know

from the preceding discussion that the properties of ẽ(θ, r) might differ depending on

whether the student is experiencing frustration y < r, or greater motivation, y > r, in

24Our assumptions over µ imply that there may be at most two solutions when y < r. To proceed,
we only consider the one according to which a student’s effort would be decreasing in its marginal cost:
a student with higher marginal cost would exert less effort than a student with lower marginal cost
(note, however, that marginal cost is normalized to e in this model for simplicity). See Appendix A.1
for more details.
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achieving the educational outcome y.

To see this, consider a student that is currently perceiving additional satisfaction

so that y > r at the optimal effort, which is the solution to (2.5) and denoted by

ẽ+ ≡ ẽ(θ, r)+. To understand how changes in the reference outcome can affect behavior

in this case, suppose that r increases. For example, this could stem from the student

being exposed to peers with higher income, and therefore higher capacities. In this

case, the marginal benefit of increasing effort is higher, implying that the student will

exert more effort to achieve a better educational outcome. However, higher effort is

increasingly costly and the marginal benefit of achieving better outcomes decreases. As

we formally establish below, this implies there exists a threshold reference outcome r∗

beyond which utility is maximized by the solution to (2.6), denoted by ẽ(θ, a)−. In this

case, y < r, the student perceives frustration, and further increases in r will decrease

the marginal benefit of effort, resulting in lower effort and worse educational outcomes.

Proposition 1. For a given θ, there exists a unique reference outcome r∗ such that:

if r < r∗, then y(ẽ+, θ) > r(θ, F θ) and optimal effort ẽ(θ, r)+ is increasing in r; and if

r > r∗, then y(ẽ−, θ) < r(θ, F θ) and optimal effort ẽ(θ, r)− is decreasing in r. Moreover,

r∗ ≡ r∗(θ) is increasing in θ.

Proposition 1 establishes that the effect of changes in a student’s reference outcome

is non-monotonic: effort and educational outcomes are increasing in r for all r < r∗ and

decreasing in r for all r > r∗. This relationship is plotted, for a given θ, in Figure 2.4.

In fact, since students are heterogeneous in θ, due to differences in income, there exists

a distribution of r∗: each student has a different reference threshold depending on their

capacity, and the greater is their capacity, the higher this threshold will be. Intuitively,

the greater is a student’s capacity, the larger the increase in their peers’ capacity, and

therefore r, will have to be before they feel frustrated by their peers having greater

opportunities to achieve higher outcomes.

The results established in Proposition 1 characterize a mapping between effort and

reference outcomes, by taking as given an individual student’s capacity θ. However,

both the reference outcome r(θ, F θ) and the reference threshold r∗(θ) are functions

of θ. This suggests that for a given distribution of capacities F θ, whether a student
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Figure 2.4. Optimal Student Effort

0 r

ẽ(θ, r)

ẽ(θ, r)+

ẽ(θ, r)−

r∗(θ)

perceives satisfaction, or a sense of frustration, crucially depends on their capacity in

relation to the ones of their peers, that is, it depends on their position in the income

distribution. The following proposition formally establishes this role for a student’s

initial capacity endowment.

Proposition 2. For a given F θ, there exists a unique threshold θ∗ such that, for all

θ < θ∗ then students are frustrated, while for all θ > θ∗ then students are satisfied.

Proposition 2 states that students with lower capacities are more likely to be in

the frustration zone than students with higher capacities. This result bears important

implications for the effect of changes in the composition of the peer capacity distribution

on students’ behavior and educational outcomes. For instance, being exposed to peers

with higher capacities and opportunities may be beneficial for students at the highest

end of the capacity distribution, but detrimental for students at the lowest end of the

capacity distribution.

2.5.3 Predictions and Empirical Counterpart

At this stage, it is possible to use the results just established to illustrate how our

the model can rationalize our empirical findings. First, note that our assumptions on
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the determinants of students’ capacities immediately imply that, for a given income

distribution F I , there exists a unique threshold income, which we denote by I∗F , such

that students with income I < I∗F are frustrated, while students with income I > I∗F are

in the satisfaction zone. This also implies that we can express the reference outcome in

terms of income: r = r(I, F I). Next, we can classify students in terms of their relative

position in the income distribution F I . For a given ε > 0, where ε is large enough,

denote with I lF ≡ I∗F − ε and with IhF ≡ I∗F + ε, and define “low income” students those

endowed with I ≤ I lF , “high income” students those endowed with I ≥ IhF , and “middle

income” students those endowed with I ∈ (I lF , I
h
F ).

In the next proposition, we characterize the response of students to a change in the

composition of the income distribution they face, which mimics our empirical analysis.

In particular, we will do a comparative statics exercise across the income groups defined

above, where we shift the income distribution from F I to GI such that GI contains a

larger share of low income peers. Hence, we consider a distribution GI that is first-

order stochastically dominated by F I . In our model this implies that students’ reference

outcome will be lower, with heterogeneous effects across the income distribution. For

simplicity, we will assume that even the richest of the low income students remains

frustrated.

Proposition 3. Consider a shift in the income distribution from F I to GI , such that

GI > F I and r(I lF , G
I) > r∗. Low capacity students will increase effort and achieve

better educational outcomes, high capacity students will decrease effort and achieve

worse educational outcomes, while the effect on middle income students is ambiguous:

while those endowed with I ∈ (I∗F , I
h
F ) will decrease effort, those endowed with I ∈

(I lF , I
∗
F ) will increase effort, only as long as r(I,GI) > r∗.

Proposition 3 establishes the existence of heterogeneous effects of a change in the

composition of peers’ income on students’ educational attainment, which is conditional

on their relative position in the income distribution. Through the lens of our model we

can interpret this result as follows. An increase in the share of low income peers will

reduce the inequality of opportunity from the perspective of low income students, who

will now feel less frustration and greater motivation (as the marginal benefit of effort
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is greater), leading to an increase in effort and higher educational outcomes. On the

other hand, from the perspective of high income students there is an increase in the

inequality of opportunity which leaves them even “further ahead of their peers”. This

generates a loss of motivation (as the marginal benefit of effort is smaller) and a drop

in effort, which ultimately translates into lower educational attainment. For middle

income students, the effect is qualitatively ambiguous: some of these students will see a

reduction in the inequality of opportunity and feel less frustrated, while others although

feeling satisfied to be ahead, will loose motivation and decrease their effort.

This result rationalizes our empirical finding that, controlling for students’ ability,

an increase in the share of low-income peers has positive effects on low-income students,

negative effects on high-income students, and null effects on middle-income students

(see Figure 2.2 and Table 2.2 in Section 2.4). Moreover, our theoretical model suggests

a potential mechanism based on student effort and generated by heterogeneous effects

on students’ motivation and frustration depending on their relative position in the

income distribution. In the next section, we investigate the empirical plausibility of

this mechanism.

2.6 Results: Effort, Frustration, and Motivation

We look now at short-run measures in terms of high-school performance and then at

measures related to frustration and motivation.

2.6.1 High-school Performance

Although we lack a good measure of pure effort, Add Health has excellent measures of

high-school performance from transcript data which we use to proxy effort. Our baseline

results on university graduation and our model predictions suggest there should be non-

linear effects on performance. We start with self-reported grades and then use high

school transcripts collected by Add Health for all participants in the wave III survey,

who agreed, and for whom the transcripts were accessible. To overcome attrition at

wave III and from wave III into the transcript sample, Add Health constructed specific
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non-response weights for the education transcript data, which we use in the following

analysis.25 We calculate each person’s cumulative GPA from the year of their wave I

survey (time of our treatment) to the end of high school.26 Also, we construct separate

indicators for whether someone chose to take an advanced course in Math, in Science,

or in English anywhere from the time of their wave I survey to the end of high school.27

In Table 2.3, we report effect estimates for a shift in the share of low-income peers

using our baseline specification. With self-reported GPA (column 1), we observe null

effects, but with transcript cumulative GPA (column 2), we observe a strong, positive

increase in GPA for the bottom 20th group. We also see a positive, but smaller, effect

for the middle-income group and a null for the top 20th.

We then look at the choice to take advanced courses (columns 3 - 6). The bottom

20th income group continues to respond positively to an increase in the share of low

income peers. They are significantly more likely to take advance Math and to take more

than one advanced subject. We see no change for the middle income group, and the

top 20th group have mainly null results with a marginally significant negative effect on

taking Advanced Sciences. We also repeat the Romano Wolf p-value adjustment con-

ducted at the baseline to check that our inference is not driven by multiple hypothesis

test bias (see Table A.12 in the appendix). We find that the key results here for the

bottom 20th group survive this adjustment.28

While the results here point toward effort responses, they could rather be explained

by grading on a curve. If low-income students tend to have lower grades than high

income students, then having more low-income students in a cohort means that these

students are on average in classes with lower overall grades. In this case, grading on

25Wave III was collected over 2001 and 2002 with participants in young adulthood aged roughly
18-24.

26For example, this means that for someone in 10th grade at the wave I survey we calculate their
GPA from 10th-12th, while for someone in 12th at the wave I survey we use only their 12th grade
scores.

27Core required credits for graduation are set by each state, but advanced courses are often at the
choice of the student in an effort to pursue University entrance. For Math, this is defined by taking
pre-calculus or calculus. For Science, it is whether one took advanced science or physics. For English,
it is whether one took an honors English class.

28We have restricted the sample to those present in our baseline analysis, meaning we drop those
who are missing data for university completion. In the Appendix Table A.17, we also report the results
where we include even those who are not present in the baseline analytic sample. These are generally
similar to our results in Table 2.3 and qualitatively yield similar conclusions.
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Table 2.3. GPA and advanced Courses

GPA Advanced Courses GPA

Self Transcript Math Science English More than one Transcript Transcript Transcript

(1) (2) (3) (4) (5) (6) (7) (8) (9)

SLP−ics × Bottom 20 0.05 0.81*** 0.36*** 0.25 0.13 0.47*** 0.75*** 0.96** 0.60**
(0.15) (0.25) (0.13) (0.16) (0.22) (0.17) (0.24) (0.43) (0.28)

SLP−ics × Middle -0.07 0.49** 0.08 0.01 0.05 0.14 0.49** 0.33 0.51**
(0.13) (0.21) (0.12) (0.14) (0.23) (0.14) (0.20) (0.27) (0.25)

SLP−ics × Top 20 -0.18 0.04 0.10 -0.30* 0.23 -0.00 0.02 0.23 -0.03
(0.17) (0.29) (0.15) (0.18) (0.25) (0.17) (0.28) (0.40) (0.39)

Peer PV T−ics -0.01** -0.00 -0.02**
(0.01) (0.01) (0.01)

Peer PV TSD−ics 0.01 0.00 0.01
(0.01) (0.01) (0.01)

Edu non-response weights NA Yes Yes Yes Yes Yes Yes Yes Yes
Ability Tracking Split NA NA NA NA NA NA NA Yes No

Mean Dep Var 2.77 2.41 0.40 0.45 0.23 0.59 2.41 2.41 2.40
Observations 11074 7297 7309 7277 5183 7318 7297 4409 2771
R2 0.20 0.28 0.25 0.22 0.26 0.24 0.32 0.31 0.33

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at the
school level. Each specification includes all controls as in our preferred baseline specification in column
(2) of Table 2.2. Column (1) shows the effects of share of low-income peers on self-reported GPA from
Wave I In-Home data while column (2) shows the effects on average GPA calculated from the first
interviewed year to the end of the high school from Wave III high school transcript data. Columns
(3) - (6) show the effects of share of low-income peers on the taking rate of advanced courses of Math,
Science, English, and if ever took more than one advanced course. Columns (7) - (9) control for the
distribution of peer ability where PVT is Picture Vocabulary Scores and SD is standard deviation. In
columns (8) and (9), we stratify the sample by schools who report to use ability tracking for English
and Language Arts. We use specific educational sampling weights constructed to adjust for transcript
non-response as well as survey non-response in column (2) - (9). We trim our data to our analytic
sample as in Table 2.2.

a curve would make these students appear to have higher grades. To check this, in

columns (7) - (9) we compare students who face similar distributions of ability in their

school-cohort – controlling for both the peer leave-one-out mean in PVT scores and

its standard deviation – but who have variation in the share of low-income peers. The

idea here is that they will on average face similar grade distributions thereby remaining

effects from shifts in the share of low-income peers are unlikely to be due to such grade

inflation.

The effect estimates for the share of low-income peers upon controlling for the

peer ability distribution (column 7) remain essentially unchanged. We also see that an

increase in the peer mean of ability (PVT scores) leads to weakly lower GPA (about 6.7

points lower for a standard deviation increase in peer ability). This negative effect on

peer ability would be consistent with a grading on the curve mechanism. If so, then this
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effect on peer ability should disappear in schools which track by ability. In column (8),

using schools who report to track by ability on English and Language Arts, we see this

is indeed the case.29 Moreover, the effects from the share of low income peers remain

consistent across this stratification (columns 8 and 9). Overall, we see no evidence for

a grading on a curve mechanism instead of an effort or motivation mechanism.30

2.6.2 Frustration and Motivation

Our model implies that shifts in income inequality can affect students through frus-

tration and motivation. To proxy these, we use measures of self-esteem, relative intel-

ligence (self) rating, depressive symptoms (the CES-D scale), and a scale we formed

for motivation.31 Details for these are reported in Table A.3 of the Appendix. We see

self-esteem and depressive symptoms as particularly good proxies, because they relate

to pessimistic beliefs on the returns to effort that once too low lead to withdrawal

(De Quidt and Haushofer, 2019; Kiessling and Norris, 2022). This interpretation is

consistent with exposure to income inequality generating frustration when inequality

in opportunity is salient for those who are too far behind the opportunities of others.

It is also consistent with generating competition for those with similar opportunities

keeping effort higher.

In Table 2.4, we show that the effects from the share of low-income peers on these

measures are non-linear across students’ income groups. Students in the bottom 20th

improve on self-esteem (column 1, significant) and self-perception of intelligence (col-

umn 2, weakly significant), while we continue to find null effects for middle-income

students. Students in the top 20th see an increase in depressive symptoms (column 3,

weakly significant) and a decrease in our measure of motivation (column 4, significant).

29The survey does not provide information about whether schools track by ability on other dimen-
sions.

30We also explore outcomes on self-reported risky behaviors. The evidence on risky behaviors is
inefficient, with a clearer suggestion of an increase in risky behavior for adolescents from higher income
families as the share of low income peers increases, while we see null or negative effects on lower income
adolescents. We describe these results in more detail in the Appendix Section A.5.3.

31Our motivation scale is an aggregate of two questions about how often the student has problems
paying attention in school and getting their homework done. We scale these so that higher values
imply less trouble. We recognize that this may also capture effort but it also can capture a degree of
motivation.
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Table 2.4. Frustration and motivation

Self-Esteem Intelligent Feeling CES-D scale Motivation

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

SLP−ics × Bottom 20 1.75** 0.34* 0.94 -0.10
(0.85) (0.20) (1.44) (0.17)

SLP−ics × Middle 0.98 -0.01 0.74 -0.21
(0.80) (0.18) (1.06) (0.16)

SLP−ics × Top 20 0.15 -0.00 3.11* -0.52***
(1.04) (0.26) (1.78) (0.19)

Mean Dep Var 28.56 3.9 11.02 28.56
Observations 11134 11151 11154 11164
R2 0.088 0.111 0.092 0.069

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at
the school level. School and cohort fixed effects are included in all specifications. Each specification
includes all controls as in our preferred baseline specification in column (2) of Table 2.2. Self-esteem is
measured from 7-items that we base on discussions in (Rosenberg, 1989) and higher values imply better
self-esteem. Intelligent feeling is a student’s perception of their relative intelligence. The CES-D scale
measures depressive symptoms where higher values imply worse mental health. Finally, motivation is
composed of students’ report on a 0-4 scale of how frequently they do not pay attention in school and
a second 0-4 scale on not getting homework done. We reverse code these so that higher values imply
they pay more attention and get homework done more frequently and then take the average of these
two. Details of those variables can be found in the Appendix, Table A.3.

Interpreting in aggregate across all four measures in Table 2.4, the effects we observe

here are consistent with the predictions of our model. Changes in income inequality

generate non-linear patterns of frustration and motivation. Also, our model is unique

in the non-linear predictions it makes. For instance, if changing income inequality

only changed the structure of academic rank, then higher income students are likely

to improve in rank as the share of low income peers increases. No mechanism in the

literature on ranks (Elsner and Isphording, 2017; Kiessling and Norris, 2022; Murphy

and Weinhardt, 2020) predicts worse outcomes among the top students.32 Introducing

social comparisons via reference-dependent preferences, as in our model here, brings

this to focus and the empirical patterns are confirmatory.

32Also, as discussed earlier, we have controlled in several ways for rank effects and did not find them
to explain our results for either the bottom or top income students.
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2.7 Social Cohesion: Avoiding Harm from Inequality

In this last section, we ask what can be done to avoid harmful effects from exposure

to inequality? Matching lower income students to better environments may in fact be

desirable but only if it opens opportunities. Theoretical work on networks suggests

that homophily can prevent the flow of information and opportunity across groups

(for a review, see Jackson, 2021). For instance, a low-income student placed into a

higher income school where the network is highly segmented by income groups, will be

less likely to have network links with high income students and therefore not receive

information nor experience any complementaries in effort. We view this as a low social

cohesion environment consistent with an observed link between perceptions of school

climate and network centrality (Alan et al., 2021b). Moreover, recent evidence shows

that improving social cohesion improves student outcomes for both worse and better

off students (Alan et al., 2021a).

In light of our model, better network integration could dampen the reference de-

pendence mechanism that leads to our observed non-linear patterns. This could work

through simply allowing a student to put less weight on their peers’ income distribution

to determine their reference point. It also may allow students who are unsure about

the true abilities and opportunities of the peers to learn more and feel more involved

and competitive. On the low-income side, students would then feel less frustrated and,

on the high income side, less likely to lose motivation.

We test these implications by splitting our sample based on data from students’

friendship nominations within the school. This is, of course, a descriptive exercise. It is

beyond the scope of this paper to deal with the endogeneity of friendship nominations.

Nonetheless, this is instructive for future work and points toward a hopeful direction.

In Figure 2.5, we split the effects from the share of low income peers on university

graduation based on having high versus low network centrality33 and links outside of

a student’s own income group. We interpret having a high centrality and having a

high number of links outside own income group as representing a high social cohesion

33We use Bonacich centrality, an index score that takes into account students’ direct and indirect
friendship links in the school (Bonacich, 1987).
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environment where information and opportunity is more likely to be shared.

Figure 2.5. University completion: heterogeneity by network centrality and school
climate

(a) Sample split by centrality
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0.57

High Centrality

Low Centrality
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Low Centrality

High Centrality
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Coefficients and p-values of Diff.

(b) Sample split by links outside own income
group
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Low Links

High Links

Low Links

High Links

Low Links
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Coefficients and p-values of Diff.
Notes: This figure tests how different high and low network centrality students react to the share of
low-income peers where we split the sample by those above or below the median centrality in panel
(a). In panel (b) we do the test over friendships nominated by the students outside their own income
group. We always include school and cohort fixed effects as in column (2) of Table 2.2. P-values of
differences are presented at the side.

Across both measures of social cohesion and integration, we observe a similar pat-

tern. When a student has better network links, the effects from the share of low

income peers are near zero and insignificant. However, when network links are poor,

then the effects from the share of low income peers are large, significant, and aligned

with our previous results for the bottom and top 20th income groups. We must be

careful here because statistical efficiency does not allow making strong conclusions on

the heterogeneity, but taken together, this descriptive evidence points to social cohesion

as a moderator of the results we observe and potentially of harmful mechanisms from

exposure to income inequality.

We finally turn to a more plausibly exogenous approach. Throughout this paper the

peer reference group has been set at the same school-cohort level. We now compare this

against more refined peer groupings where stronger friendship ties are likely to exist

due to homophily. If social integration mitigates harm from peer inequality, then we

should expect stronger peer inequality effects at the broader school-cohort level where
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exposure to income inequality signals more about the inequality in opportunity. Thus,

we enrich our main specification and add a second share of low-income peers effects

calculated (i) within school, cohort, and gender, (ii) within school, cohort, and race,

or (iii) within school, cohort, gender, and race.34 These results are reported in the

Appendix, Figure A.8. In all cases, we find no effects on these more refined groupings,

consistent with expectations based on more likely interactions in these groups, while

our prior observed effects at the school-cohort level remain unchanged.

Our evidence throughout this paper contributes an important point to the litera-

ture, that income inequality may signal inequality of opportunity to students. This

can then have adverse effects that our model rationalizes in theory and our evidence is

consistent with. The results here on social cohesion then point toward a path forward

that policy can take: attempting to expose students to different income backgrounds

requires coupling this with efforts to improve social cohesion to avoid reference depen-

dence from inequality in opportunity.

2.8 Conclusion

Exposure to income inequality among students may draw their attention to dispari-

ties in opportunity, in turn producing unintended consequences that are heterogeneous

across the income distribution. Low-income students may realize they have fewer op-

portunities than their more fortunate peers, whereas high-income students can be mo-

tivated to do better if surrounded by students with similar opportunities. In this

paper, we empirically examine the role of changes in peer income compositions on stu-

dents’ long-run educational attainment and their short-run performance, and how these

change by own income.

We model the shift in school peer inequality using the share of low-income peers

in a student’s cohort within school. We then use this measure to examine how peer

distributional shifts affect university completion and how these effects differ across the

distribution of students own-household income. In order to identify these effects, we

34This is a “horse race”, as we include both our baseline peer reference group definition and a more
refined grouping in the same regression.
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leverage within school, across cohort variation and flexibly control for students’ house-

hold income. We also compare adolescents facing similar variances in the distribution

of school-cohort income and additionally control for a rich vector of individual charac-

teristics.

Our results show that low-income students benefit from an increase in the share

of low-income peers, which positively affect their likelihood of university completion.

Middle-income students experience on average null effects, and high-income students

experience a reduced likelihood of university completion. These findings are robust to a

rich battery of robustness checks. Our effects are sizable in magnitude: a 20% increase

in the share of low-income peers raises the likelihood of completing university by 3.6pp

for the bottom income students and decreases it by 4.1pp for the top income students.

We also provide evidence that common mechanisms discussed in the peers literature

do not explain our findings.

We then propose a novel theoretical framework that helps rationalize our results.

We consider students with varying capacities for translating effort into educational

outcomes, where capacity goes beyond the concept of raw ability and includes factors

like opportunity and income. Students compare their outcomes to a reference point

for educational attainment influenced by their peers’ capacities. High-capacity (high-

income) students perceive an increase in inequality when surrounded by a greater share

of low-income peers, leading to lower motivation, effort, and attainment. Conversely,

low-capacity (low-income) students see a reduction in inequality, resulting in higher

motivation, effort, and attainment. Middle-capacity students may experience both

situations, explaining an average null effect for this group. Hence, our model establishes

that social comparison based on income can generate either frustration or motivation,

depending on a student’s relative position in the income distribution, and helps to

understand potential unintended consequences of exposure to income inequality.

In further empirical analysis, we examine measures of performance, frustration,

and motivation and find support for heterogeneous effects that are consistent with

the theoretical predictions. Low-income students benefit from exposure to low-income

peers in terms of short-term school performances, self-esteem and relative self-intelligent
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rating, whereas high-income students react with an increase in depressive symptoms

and decreases in motivation.

Finally, we show descriptive evidence that the unintended effects of income in-

equality on students can be mitigated by social cohesion and a more integrated school

environment. Social integration, measured through friendship nominations and cross-

income group links, moderates the effects of low-income peers on university completion

for both low- and high-income students. This suggests that policies fostering social co-

hesion can mitigate the consequences of exposure to peer group inequality. Overall, our

evidence points to unintended consequences of exposure to peer income inequality that

policy needs to take into account in order for students to benefit from this integration.
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Chapter 3

Beliefs on Children’s Human

Capital Formation and Mothers

at Work

3.1 Introduction

Gender gaps in labor markets, to the detriment of women, are well documented (Bertrand,

2011, 2020; Goldin, 2006), particularly harmful for new mothers (Kleven et al., 2019),

and have remained stubborn in the face of a range of family policies to alleviate the

cost for mothers to work (Kleven et al., 2023). One possible explanation put forward

lies within gender norms via persistent beliefs about the dominant role of women in

childcare that may constrain women’s choices or affect their opportunity (Blau and

Kahn, 2017; Cortés and Pan, 2023). This could mean that expectations about how

well children will do are more pessimistic when a mother works longer hours relative

to a father.1 Yet, beliefs are difficult to gauge in standard surveys because different

combinations of preferences and beliefs can be consistent with a given choice (Manski,

2004). Further, beliefs about how well children do when mothers work longer hours

could be inaccurate opening a question on whether information about children’s de-

1Even for mothers who are working these beliefs could affect not only a mother’s decision to accept
a more advanced and demanding role at work but also the decision to offer her the role.
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velopment may shift beliefs and change support for policy that helps mothers go to

work.

We address these questions in a novel survey design. We combine the elicitation

of initial beliefs about children’s skills and future human capital when mothers work

longer hours relative to fathers with an information treatment about the actual relative

development of children’s skills when mothers work full-time. We advance four core

contributions. One, we examine the beliefs people hold for children’s future outcomes

when mothers work longer hours relative to fathers. Two, we ask whether these be-

liefs vary over the population and what characterizes this variation. Three, we assess

whether people respond to information about how well children do when mothers work

full-time. And, fourth, we assess whether responses to information are homogeneous or

polarized around initial beliefs. Answering these questions are particularly important

to understand what drives variation in beliefs about mothers at work and to better

understand how to message policies that aim to reduce the cost of mothers to work.

Sample and initial beliefs. We recruit participants for our pilot who are parents

living in England through the online platform Prolific. The inclusion criteria and

characteristics of our sample are discussed in Section 3.3.1. To elicit initial beliefs, we

employ (i) hypothetical scenarios and (ii) incentivized beliefs about children’s actual

skill when mothers work full-time.

In the first step, we present participants with a hypothetical family of a mother

and father with a primary school aged child. We then extract beliefs about child’s

future outcomes (graduation from university and earnings) across whether the mother

or father works longer hours in the labor market while we hold constant the family’s

income. The design details are covered in Section 3.3.2. For each participant, we

capture these beliefs at iterations of overall family income levels by varying the wage of

the parent working the longer hours. This allows us to capture within-person differences

in perceptions on the child’s future outcomes when comparing a mother versus a father

working longer hours at the same wage rate. It additionally allows us to capture how

beliefs vary as these comparisons are made repeatedly along a hypothetical family
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income distribution. Importantly, we can estimate individual level average perceived

returns from mothers working longer hours in the labor market that we will use as a

measure of initial beliefs.

From the hypothetically extracted beliefs, we can summarize two key results. One,

there is a belief that mothers who work longer hours relative to fathers are harmful to

their child’s future outcomes in terms of both the likelihood to graduate university and

earnings. And, second, these gendered beliefs of harmful effects when mothers work

longer hours only disappear as the hypothetical family income becomes very high. Thus,

even when a mother would command the same wage as a father, there remains a strong

gendered belief in terms of the return to children’s skills. Furthermore, it appears

that among our participants men and those who voted more conservatively in the last

election drive more negative perceptions. Finally, we find a high degree of heterogeneity

in these beliefs at the individual level that we use later to assess differences in responses

to information. We believe that this pilot provides the first evidence of strong gendered

beliefs from parental time to children’s skills when maternal and paternal time are

compared ruling out potential income effects due to wage differentials.

In the second step, we draw incentivized beliefs. We use data from the Millennium

Cohort Study (MCS) which follows a cohort of children born in the year 2000 in the

UK. From these data, we calculate a statistic that is well known to English parents

as it is relevant for being admitted to college: the share of children passing five or

more of their GCSE tests.2 We compare dual parent families equalized by income and

education levels. Details are covered in Section 3.4 and Appendix Section B.4. We

present participants with the pass-rate for the share of five or more GCSE tests when

mothers work part-time or fewer hours. We then ask them what they believe this pass-

rate to be when mothers work full-time or more hours where we have compared families

with similar income and education levels. We incentivize their answers by offering £1.5
2In England, a GCSE is a qualification in a specific subject typically taken by students aged between

14 and 16. GCSEs are below A-levels. If each University has its own admission criteria, they require,
in most cases, at least a grade C/4 in Maths and English at the GCSE level, along with three or more
GCSEs at the same grade or higher. In England, students are expected to take 9 subjects in GCSEs,
among which 3 of them are compulsory – Maths, English and Science. Maths gives you 1 GCSE,
English 2 GCSEs (English Language and Literature) and Combined Science is worth 2 GCSEs.
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if it falls within plus/minus 2 percentage points (pp) of the actual pass-rate. We show in

Subsection 3.4.2 that participants’ beliefs extracted from the hypotheticals are indeed

related to their incentivized belief about the GCSE pass-rate.

Finally, we look at these measures of initial beliefs and their links with self-reported

gender norms. The results are too inefficient to draw conclusions at this time. However,

we do see a consistently positive relationship between each of our initial beliefs and an

index constructed from a set of questions on liberal versus more traditional gendered

norms.3

Information treatment and effects. Next, we ask whether participants respond

to information and whether this is heterogeneous to their initial beliefs. We randomly

allocate participants to receive the actual information about the GCSE pass-rate when

mothers work full-time or more hours. We then collect another incentivized belief. We

inform participants that among children aged 7, and of the same gender, around 36

out of 100 have more behavioral problems than the median child in families where the

mother works on average less than 35 hours per week. We then ask them what they

expect this to be in families with similar education and income levels where the mother

on average works 35 hours or more per week.4 Again, we offer £1.5 for an answer that

is within 2 percentage points of the actual statistics.

We also collect a range of additional outcomes. We ask participants a set of ques-

tions aimed to capture more liberal versus traditional gender norms and a set of ques-

tions on channels related to beliefs around parenting. These we motivate in Section 3.2

where we discuss possible paths creating heterogeneity in initial norms that if move-

able may explain belief updating due to information. Finally, we design an obfuscated

follow-up, inviting participants back one week later but obscuring any connection to

the original survey.5 In this survey, we ask participants a range of policy questions

some on unrelated topics and some on topics related to support for policies to help

mothers go to work.

3Since we can only look at these relationships in the information treatment control group, we will
need more data beyond the pilot to make any stronger conclusions.

4See Subsection 3.4.1 for the specific wording given to participants.
5Approximately, 95% of our pilot sample participated in the follow-up.
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We now summarize some key results on belief updating. In Subsection 3.4.3, we

find that information about GCSE pass-rates when mothers work full-time yields sig-

nificantly more positive and accurate beliefs about children’s behavior. Furthermore,

this appears to be driven by both those who under-estimated the GCSE pass-rate and

those who hold more positive views about the likelihood a child will graduate university

when a mother works longer hours relative to a father. It appears that participants who

respond to the information are those who, while under-estimating the GCSE pass-rate

when mothers work full-time, nevertheless do hold some positive views about women

working. We cannot from our pilot results draw any strong conclusions, but these re-

sults suggest there is potentially important heterogeneity by initial beliefs and that a

single measure of initial beliefs may not fully capture this heterogeneity.6

We also analyze the information treatment effect on self-reported gender norms but

lack the variation to interpret these in a meaningful way. However, the scale of gender

norms capturing more liberal versus more traditional views on women and mothers

provides the best variation on these that we can get in the pilot. While the results on

this scale are not significant, we see that the information treatment effect is split across

our measure of initial beliefs about the likelihood to graduate university based on the

hypothetical vignettes. The scale moves toward more liberal views among those who

receive the treatment and have pre-existing more positive beliefs when mothers work

longer hours. Yet, we see this scale move toward more traditional views among those

receiving the information who have pre-existing more negative beliefs. This pattern is

suggestive of a polarizing effect; however, we do not draw conclusions at this time as

we do not find a similar pattern when looking at initial beliefs split by the expected

earnings dimension.

Our evidence from the pilot is suggestive that responses to our information treat-

ment may be heterogeneous to initial beliefs. Additionally, our evidence is quite clear

that there is substantial heterogeneity in the initial beliefs we elicit. These suggest

that indeed there are strong norms about the impact of mother’s working on their

6It is important to note that treatment effects split by participants expected returns to children’s
future earnings when mothers work longer hours give less clear results than those split by expectations
on children’s likelihood to graduate university. See Table 3.6.
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children’s skill development consistent with suggestions in the literature that beliefs,

or norms, may shape women’s labor market behavior. Thus, whether beliefs respond

to information and whether this is heterogeneous to initial beliefs is important for pol-

icy that aims to provide information about working mothers. Our pilot indicates that

these initial beliefs are present and that information may lead to belief updating albeit

heterogeneously.

We are not able to make strong or further conclusions at this time. Moreover, at the

one-week follow-up, we see no link between our information treatment and support for

policies to help mothers be in the labor market. Nevertheless, we expect that both on

self-reported gender norms and policy views a much larger sample is required to obtain

sufficient variation, which we will explore following adjustments to our pilot design.

Related literature. Our study relates to the literature on gender gaps in the labor

market and their potential drivers. Gender gaps and the under-representation of women

in the labor market are economically important as they are costly in terms of economic

efficiency (Hsieh et al., 2019). The literature has highlighted that, despite substantial

progress of women in terms of human capital investment, where women caught up and

even surpassed men in many rich countries (Bertrand, 2020), gender earnings gaps are

still persistent (Bertrand, 2020; Blau and Kahn, 2017). Recent studies examine the

role of children in the gender earnings gap (Angelov et al., 2016; Cortés and Pan, 2023;

Kleven et al., 2019). One common finding from these studies is that gender earnings

gaps are mostly driven by gender differences in both the extensive and intensive margin

of the labor supply. Women tend to reduce their working time after the birth of the

first child where we see the gap begins to open. We contribute to this literature by

examining the role of gendered beliefs in returns to parental time investment with

children that ultimately can affect specialization within the couple, and labor supply

decisions.

Our study is also related to the literature examining gender differences in preferences

for job attributes as another potential driver of gender earning gaps. Job amenities are

an important factor that women (but not men) consider in the decision making about
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their jobs (Hotz et al., 2018; Wasserman, 2022). Women relative to men are typically

observed sorting into less demanding jobs in terms of working time, with a larger share

of female co-workers, part-time workers, and female co-workers with young children, a

pattern confirmed by experimental studies (Maestas et al., 2023; Wiswall and Zafar,

2017). Our study speaks to this literature insofar as the beliefs that mothers working

longer hours relative to fathers can be harmful for children’s development leads women

to sort into more flexible jobs requiring shorter hours.

We further contribute to the growing literature on parental time investment and

parental beliefs about returns to parental time in terms of children’s skill development

and future success in the labor market (Attanasio et al., 2020; Boneva et al., 2022;

Boneva and Rauh, 2018; Kiessling, 2021). Parental time with children is increasing

in many countries (Aguiar and Hurst, 2007; Borra and Sevilla, 2019), due partially to

increasing returns to education and competition in the education market (Ramey and

Ramey, 2009). One recent study examines beliefs about effects of mothers’ decision

to work on children’s skill development (Boneva et al., 2022). They find that beliefs

on children’s skills and family outcomes are improving for mothers moving from no

work to part-time work, effects that are partially driven by increases in income, but

declining relative to part-time work when moving into full-time work. Our paper sets

out to explore a related though different mechanism, by focusing on beliefs about the

comparison between mothers working longer versus shorter hours relative to fathers,

abstracting from mechanisms operating via income effects. And, we turn attention to

the updating of beliefs based on information provision heterogeneous to initial beliefs.

Finally, we also relate to the literature on gender norms and the role that they

can play in constraining women’s behavior and shaping individual preferences for work

(Blau and Kahn, 2017; Cortés and Pan, 2023). Recent evidence from Norway (An-

dresen and Nix, 2022) shows that child penalties differ substantially between women in

heterosexual couples and same-sex couples, suggesting gender norms potentially play

an important role. Moreover, these beliefs can be incorrect, as evidence from a US

sample shows that people under-estimate the progressiveness of peers in their state

about women working but update their beliefs in response to information about their
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peers’ beliefs (Cortés et al., 2022). Thus far, beliefs about women working appear

substantially heterogeneous but to some degree malleable. We turn attention to under-

standing the strength of these beliefs, what characterizes them, and whether responses

to information are homogeneous or polarizing.

3.2 Skills Development and Belief Distributions

Skill development. Suppose a simple model of a household with one child. The

parents jointly maximize utility over consumption, leisure, and the child’s uncertain

future human capital (or skill) accumulation. The child attains future skills based on

initial skills (s0), purchased investments (Ipu0 ), and time investments from the mother

(IM0 ) and from the father (IF0 ). The production function for skill accumulation at

adulthood then follows:

S1 = f0(s0, I
pu
0 , IM0 , IF0 ). (3.1)

We make standard assumptions on the technology of skill formation f(·), assuming

it is continuous, monotonically increasing, and concave in the inputs. We do not as-

sume, however, that people necessarily hold accurate beliefs on the technology of skill

formation. Specifically, we outline three mechanisms that could vary beliefs hetero-

geneously and in turn be important for gendered differences in the selection of time

investments and hours worked in the labor market.

Our empirical interest is on how people perceive the returns to children’s skill ac-

cumulation to differ across whether a mother or father work longer hours in the labor

market when we hold constant the budget constraint. We can summarize some rele-

vant points to consider even when both the mother and father command the same wage

offer.

1. Beliefs on marginal productivity. Differential beliefs on the marginal productivity

of mother’s and father’s time investments can form incentives for heterogeneous

sorting on time investments into the child and hours worked in the labor market.

The presumed values of the productivity parameters need not match reality, and

there can be believed differences across gender leading to differential beliefs on
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∂f0
∂IM0

versus ∂f0
∂IF0

. Also, wider societal beliefs on these productivity differences

may act to put further pressure on the partner presumed to have the higher

productivity to sort out of the labor market.

2. Beliefs on differences in preferences. Differential beliefs on the preferences for

leisure between mothers and fathers, or alternatively differences in the weight each

places on the child’s future skills in the utility function, can lead to differential

sorting on hours worked through different choices on the level of time investments.

People may form beliefs about their partner’s preferences and these can then

impact their own choices such that, for example, let ϕM
F represent the belief

the mother forms about the father’s preference for leisure. If
∂IM0
∂ϕM

F

> 0, then the

mother increases her time investment in compensation as the belief on the father’s

leisure preference increases. Wider societal expectations about men’s preferences

could lead to beliefs that women working longer hours will harm children through

less overall time investments.

3. Beliefs on resource allocation. When the partner who works longer hours, and

earns a greater share of the household budget, has greater control of allocating

household resources, then different preferences between the mother and father

for consumption versus purchased investments (Ipu0 ) imply a different allocation

of resources depending on who works longer hours holding constant the overall

budget. Beliefs on who gains greater control over the household budget can then

imply different beliefs on children’s skill production.

Belief distributions. We aim to empirically investigate the belief differences people

hold based on whether a mother or father works longer hours in the labor market.7 We

define a belief distribution on the expected future outcomes of a child (Ht+1) – reflecting

human capital accumulation which we assume directly reflect St+1 – when a mother

works the longer hours (MWL = 1) to be Bi(Ht+1|k,MWL = 1), where we index this

over individuals (i) and wage offers (k). Likewise, Bi(Ht+1|k,MWL = 0) represents

the belief distribution when a father works longer hours. The belief distributions we

7Note in our design this belief is not necessarily only for the individual but the belief each individual
holds in general when a mother or father works longer hours.
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propose share some similarities to the belief distributions that Wiswall and Zafar (2021)

consider when they explore beliefs that college students hold about future returns to

different choices of college majors in that our distributions (i) reflect uncertainty, (ii)

can vary over individuals, and (iii) can be wrong, e.g., not reflect actual outcomes.8

Through collecting expectations on children’s future outcomes in hypothetical sce-

narios we will investigate:

∆B,i,k(MWL) = Bi(Ht+1|k,MWL = 1)−Bi(Ht+1|k,MWL = 0). (3.2)

We allow for differences in these belief distributions to be heterogeneous over individuals

(i) and wage offers (k). These ex ante beliefs are important for determining labor market

choices between mothers and fathers and our previous summary points have relevance

now to expectations on the sign of ∆B,i,k(MWL). We consider this from the likely

direction of beliefs under what may be thought of as traditional gender norms. From

(1), if people hold different beliefs on the marginal productivity of time investments

across mothers and fathers such that mothers are expected to be more productive, then

this would press ∆B,i,k(MWL) downward. From (2), if people expect fathers to have

different preferences where consequentially they put in less time investments, then again

this presses ∆B,i,k(MWL) downward. Finally, from (3), if people believe women have

stronger preferences for purchased investments than do men, and they also believe that

when a woman earns a higher share of the household budget she has greater allocative

control, then this would press ∆B,i,k(MWL) upward.

We could draw different hypotheses based on different expectations about points

(1), (2), and (3). Nevertheless, these are instructive, because even when gender norms

form beliefs that put pressure on women to select fewer hours worked, point (3) could

confound our ability to capture these beliefs as it can work in the opposite direction.

Therefore, in our survey design we introduce information aimed at shutting down this

channel. An empirical estimate of the average overN individuals andK wage iterations,

expressed as (
∑N

i=1

∑K
k=1 ∆B,i,k(MWL)), removing point (3) will provide evidence

8Further, for simplicity, we do not index these beliefs by time, but we can easily allow for learning
by allowing multiple periods where people can update beliefs.

58



Chapter 3. Beliefs on Children’s Human Capital Formation and Mothers at Work

on gendered beliefs but not on whether the important channel is either from beliefs

over marginal productivity (point 1) or differences in preferences for time investments

(point 2). Thus, in our survey we introduce questions on these two points to investigate

mechanisms.

3.3 Hypothetical Belief Elicitation: Design and Results

3.3.1 Sample

We conducted our experiment on the online platform Prolific, and considered 2 main

inclusion criteria. We required participants to be (i) parents of at least one child aged

18 or below, and (ii) currently residing in England.9 We then drew 249 participants

meeting those criteria, among which 133 (47%) receive the information treatment (see

Subsection 3.4.1 for further details). Table B.1 in the Appendix Section B.1 provides

summary statistics on our pilot respondents, as well as a balance check for treated and

control participants. Overall, our sample demographics indicate a balanced sample,

where the differences in characteristics between treated participants and the control

group are mainly non-significant. The only significant differences worth mentioning are

about the ages of the eldest and youngest child(ren). Indeed, the control group has

overall younger children than treated participants.

3.3.2 Hypothetical Design

Framing. We use hypothetical scenarios in vignettes to elicit people’s beliefs on the

human capital accumulation of children in response to women vs. men working longer

hours in the labor market. The following is the text participants see to set the stage

for the scenarios:

We are interested in your opinion on children’s future outcomes, comparing

families with different financial resources and time demands.

9We focus on England only, as we will focus, later in the survey, on a metrics (the GCSE pass rates,
see Subsection 3.4.1) mainly known in England. In other countries of the United Kingdom, the name
and content of the GCSEs, as well as the exam requirements may be different.
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Setup: For this purpose, we would like to ask you to imagine an average

family in your community. Suppose this family consists of a father and a

mother who are both employed, and they have a boy (girl, randomized)

who is aged 10 (4, randomized). Suppose household expenditure decisions

are made jointly by the father and the mother, and this hypothetical family

spends 10% (20%, randomized) of their total income on the child’s educa-

tional activities such as clubs, tutoring, music, sports, etc. Assume that

there is no inflation (i.e. prices do not increase).

More specifically, we will show you different scenarios, and ask your opinion

about the likelihood that the child will be successful in education and the

labor market. There are no clear right or wrong answers, and we know

these questions are difficult. Please try to consider each scenario carefully

and tell us what you believe the likely outcomes will be.

Randomization in the setup. We randomize several features in the setup, which

are also presented in Table B.2 in the Appendix Section B.1. These are whether the

participant reads that the family has a boy or a girl, the age of the child, and the

share of income allocated by the family to the child’s educational activities. The last

one relates to our discussion in Section 3.2 on the potential for people to hold different

expectations about the household allocation of resources to purchased investments when

the mother versus the father contributes the most to the family budget. We aim to

hold this allocation constant since it may divert attention from the mechanisms we are

interested in eliciting. We randomize the level of this share that different participants

see in order to provide a check that participants actually pay attention to this part of

the setup.

Scenarios and outcomes. Next, for each participant we iterate through a set of

scenarios (6 total) varying two components through 2 pages — presenting 3 scenarios

on each page: (i) whether the father or mother works longer hours and (ii) the wage

rate of the parent who works the longer hours. An example scenario is as follows:
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The father works 36 hours per week at a wage rate of £25 per hour.

The mother works 15 hours per week at a wage rate of £11 per hour.

We then ask each participant for what probability they believe the child will eventu-

ally graduate from university (0-100 scale answered with a slider) and what they expect

the earnings of the child to be at age 30 (textbox entry). We iterate on the scenarios

and re-collect the expectations/beliefs. Example images of what the participants see

here are presented in the Appendix Section B.1. Finally, we convert the outcomes to a

0 to 1 scaled probability of graduating from university and the log of expected earnings

at age 30.

Randomization in the scenarios. Table 3.1 contains the design on how we iterate

through scenarios. Participants work through 2 pages each containing 3 scenarios. To

avoid order effects, we randomize whether each participant starts with the man or

woman working longer hours. We also randomly draw the kth iteration of wages shown

within each page so that participants do not move sequentially through wage changes.

In all cases, we hold constant the wage of the parent working fewer hours. We further

randomize whether the wage profile of the one working longer hours has a lower bound

of either £11 or £15 and an upper bound of either £25 or £29. This allows across

participants for the overall wage profile to range from £11 to £29.

Table 3.1. Design

Man Works More Woman Works More

wm wf wm wf

k = 1 15£(11£) 15£(11£) 15£(11£) 15£(11£)
k = 2 22£(18£) 15£(11£) 15£(11£) 22£(18£)
k = 3 29£(25£) 15£(11£) 15£(11£) 29£(25£)

Note: The man works more scenario corresponds to 42 (36) hours vs. the woman with 20 (15) hours.
The woman works more scenario repeats this switching the longer hours to the woman and the shorter
hours to the man. wm is the man’s wage rate and wf is the female’s wage rate.

Finally, the number of hours worked is randomized across participants. Some in

the “works more” category see 36 hours and others see 42 hours, while for the partner
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working part time some see 15 hours and others see 20 hours. We will use this later

for heterogeneity. Additionally, further technical details on the operation of the survey

are in the Appendix Section B.1.

Checks and confidence. We follow Haaland et al. (2023) to test participant at-

tention to the survey and confidence in their answers. First, upon completing the

hypothetical scenarios we provide participants with a paragraph of text wherein we

ask them to report that their favourite colour is “turquoise” in the textbook below.

Then at the textbook we simply ask “what is your favourite colour?.” Later in the

survey we use a second attention check that we will discuss in Section 3.4. Second, we

ask participants to what extent they are sure about their answers to the hypothetical

scenarios.10

We report summary statistics on both our attention and confidence checks, in Ta-

ble B.4, in the Appendix, Section B.1. At least 99% of our participants passed the two

attention checks, suggesting strong attention to our survey. On confidence, 63% of our

participants report being at least “somewhat sure” of their answers to the hypothetical

scenarios. We perform robustness checks later using these screeners, to highlight the

reliability of our estimates.

Additionally, we look at the share spent on educational (SSEi) activities (e.g.,

clubs, tutoring, music, sport, etc.) of the hypothetical family’s total income and its

association with our two main expected outcomes: 1) the expected probability of the

child’s graduation, and 2) the expected earnings at age 30 of the child. We include

this randomized dimension (SSEi) because it can constitute a potential channel where

parents believe that, when mothers work longer hours, they allocate more resources

to the child’s education. Therefore, to investigate the relationship between SSEi and

our expected outcomes, we first run an OLS regression of each outcome on indicator

for SSEi, allowing random effects and controlling for the hypothetical child’s char-

acteristics, as well as the hypothetical monthly household income.11 Second, we run

10In the Appendix Figures B.1 and B.2, we provide screenshots of the attention check and confidence
questions that participants actually see. For the additional attention check, see Figure B.3 in the
Appendix.

11In order to obtain the hypothetical monthly household income, we calculated the individual’s
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another OLS regression, as before, but by interacting the working profile of the mother

(MWL) with the SSEi. The results are displayed in Table B.3 in the Appendix Sec-

tion B.1. They highlight that there seems to be no association between the SSEi and

our two main outcomes. Thus, at this time, we cannot rule out that beliefs on resource

allocation matter in the beliefs we elicit.

3.3.3 Results: Hypothetical Beliefs Elicitation

We now address our first set of aims to elicit beliefs on children’s future outcomes based

on whether a mother versus a father in a family works longer hours. We do this around

two main empirical assessments.

Empirical strategy on gendered beliefs. Our design collects expectations as the

household budget constraint rises in exactly the same way when the mother or father

works longer hours. If there are no gendered beliefs, then we expect that the average

change in expectations as the household budget rises will be the same regardless of who

works the longer hours.

Empirically, we want to aggregate the difference in beliefs defined in equation 3.2 as

∆B,i,k(MWL) across the k wage iterations within individuals and across individuals.

We define the average change in beliefs on the child’s future outcomes as the mother’s

wages rise to be ∆B,M and the average change in beliefs as the father’s wages rise to

be ∆B,F . When there are no gendered beliefs, we expect that δ = ∆B,M −∆B,F = 0.

Because we can control for the effect from changes in the household budget, then an

estimated δ̂ ̸= 0 will be consistent with gendered beliefs.

We estimate this for each expectation (e) that we collect based on our design with

the following specification:

yei,j,k = α0 + δMWLj + τk + µi + ϵi,j,k. (3.3)

A vector of participant fixed effects is captured by µi, representing our preferred

(mother’s and father’s) income by multiplying the hourly wage rates and the number of hours worked
per week, which we multiplied by four to be displayed monthly. We then summed individual incomes.
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specification. In some specifications, we replace these with a vector of participant

characteristics which are age, gender, and an indicator for whether they have at least

a degree. Lastly, τk refers to household income fixed effects, which corresponds to the

hypothetical monthly household income. As previously explained, we retrieved this

information by multiplying the hourly wage rates and the number of hours worked per

week, which we multiplied by four to be displayed monthly. We then summed individual

incomes.

Thus, we will use variation within participants and across whether the mother works

longer hours (MWLj=1) or the father works longer hours (MWLj=0) holding constant

the effect from the change in the household income. An estimate of δ, then captures

average differential beliefs based on whether the mother or father works longer hours.

A δ̂ < 0 will be consistent with gendered beliefs that suppose it is more harmful for

women to work longer hours than men for children’s human capital accumulation.

To investigate heterogeneity in gendered beliefs, we further estimate various versions

of equation 3.3. First, we investigate heterogeneity in this effect based on hypotheti-

cal’s family income, by interacting MWLj with hypothetical household income tertiles.

Second, we investigate heterogeneity in gendered beliefs by hypothetical features (e.g.,

child’s gender and age, etc.). Lastly, we investigate heterogeneity by participant’s char-

acteristics.

Average estimates of gendered beliefs. Results of OLS regressions for equation

3.3 and for each outcome are presented in Table 3.2 below.

Result 1. There is a belief that mothers who work longer hours are harmful to their

child’s future outcomes.

Our estimates of δ̂ with individual fixed effects return both significant and negative

effects for mothers working longer hours versus fathers on both of the hypothetical

child’s outcomes.12 Specifically, our estimates indicate that when women work longer

hours (compared to men working longer hours), participants on average reduce their

12Our estimates of δ̂ seem to be more efficient when we use individual fixed effects (columns 2 and
4) than when we simply control by participants’ characteristics. The magnitude of the coefficients is
the same for both specifications

64



Chapter 3. Beliefs on Children’s Human Capital Formation and Mothers at Work

Table 3.2. OLS Results – Gendered Beliefs

(1) (2) (3) (4)
IP(graduate) IP(graduate) ln(earnings) ln(earnings)

MWLj=1 -0.014*** -0.014*** -0.016** -0.016*
(0.005) (0.005) (0.008) (0.009)

Mean Dep. Var .566004 .566004 3.4526 3.4526
Individuals 249 249 249 249
Observations 1494 1494 1494 1494
Indiviual Controls Yes No Yes No
Individual Fixed Effects No Yes No Yes
Household Income Fixed Effects Yes Yes Yes Yes

Notes: * p <0.10; ** p <0.05, *** p <0.01. Standard errors are clustered on individuals. Individual
controls include participant’s age, gender, a dummy variable for having a degree or less, and a dummy
for ethnicity (white vs. non-white). For the ease of interpretation, the probability to graduate has been
recoded to be ranging from 0 to 1, i.e., we divided the original variable by 100.

expected probability of the child graduating University by 1.4 percent. For future

earnings at age 30, they reduce their expectation by an average of 1.6 percent.

Heterogeneity by hypothetical design features. Here, we investigate hetero-

geneous effects of mothers working longer hours than fathers, by features of the hy-

pothetical setup. We focus first on the role of household income in the scenarios in

Table 3.3.13

At low and medium income categories, beliefs about the child’s likelihood of gradu-

ating university are 1.7 percent (lower income) and 1.9 percent (medium income) lower

for scenarios when mothers work longer hours than fathers. However, these beliefs are

essentially identical at high income. For expected income, the point estimates again

only drop to near zero for the high income scenarios, albeit our results here are only

significant at the low income scenarios.

Overall, gendered beliefs do disappear at scenarios with high income families but

13Due to sample issues, here, we interact MWLj with income tertiles, deduced from the hypothet-
icals. The low, medium and income categories encompass, respectively, 604 (40.43%), 498 (33.33%),
and 392 (26.35%) observations. The average hypothetical annual household income for the low income
group is £36,135. For the medium income group, the average is £51,171, and for the high income
group, the average is £64,524. We acknowledge that these are quite generous bands. In particular,
40% of our sample earns £36,135 in the hypothetical scenarios while recent ONS estimates indicate a
median household disposable income, for 2022, of £31,883.
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Table 3.3. OLS Results of δ̂ – Gendered Beliefs and Hypothetical’s Household Income

(1) (2)
IP(graduate) ln(earnings)

Low income × MWLj=1 -0.017** -0.024*
(0.007) (0.014)

Medium income × MWLj=1 -0.019*** -0.016
(0.007) (0.012)

High income × MWLj=1 -0.003 -0.006
(0.008) (0.011)

Individuals 249 249
Observations 1494 1494
Individual Fixed Effects Yes Yes
Household Income Fixed Effects Yes Yes

Notes: * p <0.10; ** p <0.05, *** p <0.01. Standard errors are clustered on individuals. The low,
medium and high categories are quantiles of the hypothetical household income.

these beliefs are persistent across a large range of potential family incomes. A possible

explanation is that people hold heterogeneous beliefs and assume that with high enough

income any negative channels from mothers working longer hours will be outweighed

by income effects. Our results suggest this only occurs once income is quite high,

suggesting these beliefs are fairly sticky.

Additionally, in Table B.5 in the Appendix, Section B.2, we report heterogeneity

estimates by the remaining randomized hypothetical design features. These include the

hypothetical child’s gender (boy or girl) and age (4 or 10), whether participants see

36 or 42 hours for full time work and whether participants see an overall lower wage

profile (starts lower and finishes lower) or higher wage profile (starts higher and finishes

higher). We estimate equation 3.3, which we further stratify by the above-mentioned

dimensions. For both outcomes, our estimates are mostly homogeneous across these

features with the exception of across the child’s gender. Here we find that mothers who

work longer hours relative to fathers are believed to be particularly harmful for boys

rather than for girls.

We can now summarize the key results for how beliefs vary over features of the

hypothetical design.
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Result 2. Beliefs of harmful effects from a mother working longer hours only disappear

as the hypothetical family income becomes very high and are the strongest when the child

is a boy.

Heterogeneity by participant’s characteristics. Heterogeneous results by par-

ticipant’s characteristics are reported in Table B.6 in the Appendix Section B.2. We

stratify the sample by participant characteristics and estimate δ̂. Our evidence here is

relatively mixed.

We observe some evidence that men drive the gendered beliefs we mentioned in Re-

sult 1, especially concerning the expected probability of graduating from University14.

Next, by participants education level and employment status we see some heterogene-

ity but no clear pattern across outcomes and significant results in places across all

categories. Thus, we omit further interpretation at this time.

Finally, we split the results by participants’ voting behavior in the last election.

Those who voted for the conservative party and those who did not vote for any pre-

listed party hold stronger beliefs of harm for both of the future outcomes when mothers

work the longer hours.

Robustness checks. In the Appendix, Section B.2, Table B.7, we test the robustness

of our key finding (Result 1) by implementing different sample restrictions. First,

we asked participants how confident they were in their answers to the hypothetical

scenarios (cf. Figure B.2). Here we exclude participants who reported being unsure or

very unsure about their answers – the results for those at least somewhat certain are

displayed in column 1. Second, we exclude participants who did not pass at least one,

out of the two, attention checks (see Figures B.1 and B.3). The results are reported

in column 2. Third, and finally, despite our attention checks respondents may either

give minimal attention and swiftly navigate through the survey or engage in activities

14Earlier we observed that scenario setups with “boys” are are where we observe the strongest
beliefs. One concern for our heterogeneous result by participant gender is that men could have by
random chance been allocated more (than women) “boy” setups as the hypothetical child’s gender. We
cross-tabulate participant’s gender and the hypothetical child’s gender to dismiss this concern and find
that 49.17% of men got assigned “boys”, while 47.62% of women got assigned “boys”. The gendered
belief we observe is therefore not due to an unbalanced distribution of our randomized design features.
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unrelated to answering the survey, which would provide unreliable estimates of our

gendered beliefs. Therefore, we exclude participants with the 5% lowest and highest

response times.15

Our main result is robust to the checks we implement. The coefficients associated

with MWLj=1, in every column of Table B.7, are about the same magnitude as the

ones we find in Table 3.2 without sample restrictions.

3.3.4 Individual Perceived Returns

Approach. We estimate individual level average perceived returns to mothers work-

ing longer hours versus men. To do this, we estimate equation 3.3 for each person in the

sample dropping the household income fixed effects and individual fixed effects. This

recovers each respondent’s average gap between scenarios with mothers versus fathers

working longer hours. We do this for each expectation outcome labelling the perceived

returns to mothers working longer hours compared to fathers as θgraduate,i (graduating

university) and θearnings,i. We winsorize the resulting returns at the 1 and 99% levels

to account for outliers.16 We then explore how these relate to each other (consistency

check) and to individual respondent characteristics. Later, we will use these to assess

how they relate to our incentivized beliefs and survey outcomes along with whether our

information treatment is heterogeneous to these hypothetically elicited beliefs that we

recover here.

Perceived returns consistency. We check the consistency of individual perceived

returns over the probability of graduating University and earnings by age 30. We

report in the appendix, Figure B.5, a strong and positive relationship between the two

individual-level perceived returns significant at the p < 0.01 level. Reassuring for our

empirical approach, both of our expectation outcomes garner comparable beliefs with

some variation.

15Note here that, due to technical issues, we could not retrieve response times for 17 participants out
of the original 249. After applying the sample restriction excluding participants with the 5% lowest
and highest response times, we have 208 participants.

16See Figure B.4 in the Appendix for the histograms of both θs, with kernel density plot.
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Individual characteristics and perceived returns. Finally, in Table B.8 of the

Appendix, we check how these perceived returns relate to participant characteristics,

by regressing both dimensions of θs on a set of individual characteristics. We lack the

sample size to detect significant variation and only point out a few suggestive patterns.

First, being older, above the median age, seems to be associated with a reduction in

both perceived returns albeit stronger for earnings. Second, being from another ethnic

background than white is also associated with a reduction in both perceived returns.

Third, voting for a liberal party at the last UK General Elections, compared to voting

for the Conservative party, is associated with an increase (more positive belief about

women working longer hours) in both perceived returns.

We further investigate the relationship between individual’s perceived returns and

their actual behavior with their child(ren), and on the labor market. In particular, we

focus on the the time they spend with their child(ren) to 1) develop their skills, 2) doing

outdoors activities, and the log of their weekly hours worked. Results are provided in

Appendix Table B.9 – for all participants (Panel A) and for the control group (Panel

B). Additionally, we produce the same results by gender in Table B.10. However, we

are again underpowered to detect relationships leaving very noisy estimates with no

clear pattern in the pilot.

3.4 Information Experiment: Design and Results

So far we observe that women versus men working longer hours in the labor market is

believed to be harmful for children’s future outcomes. We now want to investigate the

following set of objectives.

First, we assess whether the hypothetically extracted beliefs predict an incentivized

belief about children’s skill. We further assess how self-reported beliefs on gender

norms and channels related to our discussion in Section 3.2 associate with both the

hypothetically extracted beliefs and the initial incentivized belief about child skill.

Second, we ask whether beliefs are moveable in response to information about chil-

dren’s skill among families with similar education and income levels when mothers
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work full-time hours compared to less than full-time. We also test whether the effect

of information is heterogeneous to the prior beliefs both from the hypotheticals and

the incentivized initial belief. Thus, we ask are responses to information dependent on

prior beliefs?

Third, and finally, we assess policy views related to promoting mother’s labor market

opportunities and the link between these and our initial beliefs as well as the impact

of information.

3.4.1 Treatment Design and Outcomes

We use the Millennium Cohort Study (MCS) to draw some statistics on child develop-

ment. The MCS is a longitudinal study following a nationally representative sample of

families and children born in the year 2000. We calculate the share of children passing

five or more of their secondary school GCSE’s with a C/4 or higher.

This pass rate is a common metric in school league tables in England, which will

likely be familiar to our sample of parents living in England.17 We split this metric by

families where the mother on average worked 35 hours or more when the child was aged

5 and 718 versus families where the mother worked less than 35 hours or did not work at

all. We draw our calculations from dual-parent homes in England and compare families

where parents have similar income and education levels. We provide more details on

the data and our calculations in the Appendix, Subsection B.4.1.

Prior belief. We first inform participants of this pass rate for families where the

mothers worked fewer hours19. We then collect their incentivized belief about this pass

rate for families where the mother works longer hours. Below is the text participants

read.

We, as researchers at the University of Strathclyde, have calculated the

17See the UK Government website for further information about GCSEs results in 2023. Also see
the subject content of GCSEs, by field.

18We use age 5 and 7 sweeps (respectively years 2006 and 2008) because we want to retrieve mother’s
working hours at primary school age of the child.

19We present unweighted versions but also provide in the Appendix, in Figure B.6, the weighted
version, which are nearly identical.
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share of children passing five or more of their GCSEs with a C/4 or higher.

For dual-parent homes in England who have similar income and education

levels, we obtain the following statistics.

This graph indicates that among families where the mother worked less than

35 hours per week, around 74% of children passed five or more GCSEs with

a C/4 or higher.

Among families with similar income and education levels but where the

mother worked 35 hours or more per week, what percentage of children do

you believe eventually passed five or more GCSEs with a C/4 or higher?

You will gain £1.50 if your answer is within 2 percentage points of what

was actually found.

Participants respond by dragging a slider between 0 and 100% in increments of 1

percentage points.

Information treatment. Next, we randomize participants to either receive the ac-

tual pass rate when mothers work longer hours or to the control group with no infor-

mation. Those who are assigned to the treatment are shown the statistics graphically,

71



Chapter 3. Beliefs on Children’s Human Capital Formation and Mothers at Work

(see Figure below20.) and told in text the following:

Making comparisons among families with similar income and education lev-

els and where the mother worked 35 hours or more per week while the child

was aged 5 and 7, we found that around 76% eventually passed five or more

of their GCSE’s with a C/4 or higher.

Compared to families with similar income and education levels but where

the mother worked less than 35 hours per week this means these children

did on average about 2 percentage points better.

Outcomes. We follow the information treatment by collecting a set of outcomes.21

First, we collect another incentivized belief this time focusing on behavioral problems

when mothers work part-time or less compared to full-time or more when the parents

have similar education levels and income. Relative to our question on GCSE pass-rates

we use a different response scale and change the direction of the scale that implies

better perceptions to mitigate concerns over numerical anchoring. Below is what we

show and ask of participants.

20For further details on the information treatment statistics (notably the weighted versions), see
Figure B.6 in the Appendix Section B.4

21Refer to the Appendix, Subsection B.4.4 for descriptive statistics and more details about our final
outcomes.
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The data that we used to calculate the share of children passing five or more

GCSEs also provides information on the children’s externalising behavioural

problems at age 7 (e.g. conduct problems and hyperactivity/inattention).

Comparing families with similar income and education levels in England, we

calculate, by gender, the percentage of children who had more behavioural

problems than the national average. We further split our statistics according

to the mother’s number of hours worked per week while the child was aged

between 5 and 7.

Among families where the mother worked on average less than 35 hours per

week during this period, out of 100 children aged 7 and of the same gen-

der, around 36 of them had more behavioural problems than the median

child.*

Among families where the mother worked 35 hours or more per week, out

of 100 children, how many of them do you believe had more behavioural

problems within their own-gender than the middle (median) child?

You will gain £1.50 if your answer is within 2 values of what was actually

found.

* The median child corresponds to the child in the middle of the distribution

Participants are asked to report their expectation in a textbox.22

Second, we collect self-reported gender norms and channels related to our discussion

in Section 3.2 that may relate to beliefs about mothers working longer hours. We ask a

set of questions to explore (i) beliefs about marginal productivity across mothers and

fathers for investments in a child’s skills (Q1 of Table 3.4); (ii) beliefs about resource

allocation (Q2 and Q3 of Table 3.4); and (iii) beliefs about differences in preferences

for child investments (Q4 and Q5 of Table 3.4).

Participants are asked the following questions (Table 3.4). For each of the first three

questions, we define a variable to be equal to 1 if the participant replied “mother” as

22The acutal share of children with more behavioral problems than the median for when mothers
work 35 hours or more per week making comparisons among families with similar income and education
levels is 36.58 out of 100.
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being the more efficient in the dimension considered, 0 if they either replied “father”

or “both equally”. For the last two questions, we simply use reported expected hours

as the outcome.

Table 3.4. Beliefs on Channels Related to Gender Norms

Answer modalities

Q1 – Productivity: In a family where the mother and father have the same education level,
in time spent on helping a child with educational activities, if only one parent can be involved,
which parent do you believe would be the most effective?

1. Mother
2. Father
3. Both equally

Q2 – Resource Allocation: In a family where the mother and father have the same education level,
in money spent on helping a child with educational activities, if only one parent is allowed to
make the resource (money) allocation decisions, which parent do you believe would allocate more
money to the child?

Q3 – Resource Allocation: In a family where the mother and father have the same income level,
who do you believe would be more likely to make the resource (money) allocation decisions?

Q4 – Preferences: In a typical family where the father works full time, how many hours
per day on average do you think the father spends helping their children develop
educational and social skills? Drop down menu

ranging 1 to 24
Q5 – Preferences: In a typical family where the mother works full time, how many hours
per day on average do you think the mother spends helping their children develop
educational and social skills?

Notes: Descriptive statistics for the beliefs on channels related to gender norms available in the
Appendix, Table B.13.

We use these self-reported beliefs to examine a link (in the information control

group) between them and our elicited beliefs about women working longer hours on

children’s future outcomes. We then turn to whether our information treatment can

shift these beliefs, and again, whether this treatment effect is heterogeneous to initial

beliefs we have extracted.

We ask a second set of questions related to gender norms in Table 3.5. We reverse

the scale for Q3, Q5 and Q6 from the variables presented in Table 3.5 so that the

first category corresponds to more traditional attitudes. We then generate a gender

norms score variable – ranging from 1 (traditional) to 5 (liberal) – corresponding to the

within-individual average to these 6 questions. An histogram of this score is presented

in Figure B.8 in Appendix. Additionally, we construct an indicator for being more

liberal than the median.
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Table 3.5. Gender Norms

Answer modalities

Q1 – A pre-school child is likely to suffer if his or her mother works
1. Strongly agree
2. Agree
3. Neither agree, nor disagree
4. Disagree
5. Strongly disagree

Q2 – All in all, family life suffers when the woman has a full-time job
Q3 – Both the husband and wife should contribute to the household income
Q4 – A husband’s job is to earn money, a wife’s job is to look after the home and family
Q5 – Employers should make special arrangements to help mothers combine jobs and childcare
Q6 – Women are facing discrimination in the labor market

Attention check. As motivated in Subsection 3.3.2, we provide participants with a

last attention check to test whether they are attentive to the survey. Upon completing

the demographic information part of the survey, we provide participants with a para-

graph of text wherein we ask them to report “none”, in a textbox, as their current

feeling. The textbox simply asks them “what is your current feeling?”.23

Obfuscated follow-up. We invited participants back one week later and collected a

set of self-reported policy views. We want to see whether information effects are persis-

tent on policy views and whether they are heterogeneous to initial beliefs. Additionally,

experimenter demand effects are a concern for our main survey. While recent evidence

suggests that bias from experimenter demand effects is typically minimal (Bursztyn

et al., 2022; De Quidt et al., 2018), we obfuscate the follow-up survey to alleviate this

concern. Participants received a generic invitation from Prolific to take a five-minute

survey which did not reveal the connection to the main survey. Among the 249 par-

ticipants of the first part of the survey, we ended up with 227 (around 91%) of them

taking part in the obfuscated follow-up. Further, we asked five questions but only two

of these are related to our research questions and are about policies to lower the cost for

mothers to work, e.g., on childcare policies and paternity leave policies. The additional

questions serve to obscure a link between this survey and the original. These questions,

as well as answer modalities, are presented in the Appendix, Figure B.14.

23See Figure B.3 in the Appendix for a screenshot of this attention check.
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3.4.2 Heterogeneity in Beliefs about Children’s Skills

Distribution of incentivized beliefs. Figure 3.1 below provides representative ev-

idence of participants’ beliefs over two dimensions. Panel A (Subfigure 3.1a) shows

the cumulative distribution function for beliefs about the passing rate of 5 or more

GCSEs (with at least C/4) for when the mother works 35 hours or more per week.

Panel B (Subfigure 3.1b), using only control group respondents, shows the cumulative

distribution function for beliefs about the share of children out of 100 who had more

behavioral problems than the median, when the mother works 35 hours or more per

week. This quantitative belief elicitation allows us to assess the fraction of respon-

dents who overestimate and underestimate GCSEs pass rates and behavioral problems.

Moreover, we observe high degree of variation in these beliefs suggesting a significant

degree of heterogeneity across participants.

Hypothetically elicited beliefs and incentivized beliefs. We now look at whether

the elicited beliefs (θi,k) from the hypothetical scenarios predict the initial incentivized

belief (GCSE pass rates) of participants. In Figure 3.2a, we check this first with the

perceived returns for the probability of the child to graduate from University (Panel

A), and second with the perceived returns of the log of expected earnings when the

child is 30 (Panel B). Although not significant, we observe there appears to be a strong

positive association between both the perceived returns and the prior beliefs on the

GCSE pass rates. In other words, when participants hold positive views about mothers

working longer hours on both dimensions (University and earnings) – deduced from

their hypothetical elicited beliefs – they tend to report higher GCSE pass rates for

when the mother works full time.

We explore this again in Figure 3.3 by reporting density plots of the GCSE beliefs

split by θgraduate ≥ 0 and θgraduate < 0 in Panel A and likewise in Panel B by θearnings.

In Panel A, we find that those with more positive perceptions of children’s probability

to graduate university when mothers work longer hours have a distribution of GCSE

beliefs that is massed around the true GCSE pass-rate. For those with more negative

views (dashed line in Panel A), we see a different story with the entire distribution
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Figure 3.1. Beliefs about Children’s Skills When The Mother Works Full-Time

(a) Panel A: Beliefs About GCSEs
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(b) Panel B: Beliefs About Behavioral Problems
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Notes: Panel A (Subfigure 3.1a) shows the cumulative distribution function for beliefs about the
passing rate of 5 or more GCSEs (with at least C/4) for when the mother works 35 hours or more
per week. Panel B (Subfigure 3.1b) reports the same for beliefs about behavioral problems using only
control group respondents. In both panels, the short-dashed lines respectively indicate the true levels.

shifted to the left with a greater density over a much lower GCSE pass-rate. In Panel

B, where we split by θearnings we see a similar, though less stark, pattern. Thus, overall,

those with more positive perceptions based on the hypothetically elicited beliefs have

on average more accurate incentivized beliefs about the GCSE pass-rates.
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Figure 3.2. Hypothetically Elicited Beliefs and Beliefs about GCSE Pass Rates

(a) Panel A: Perceived Return on IP(graduate) and GCSE pass
rates
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(b) Panel B: Perceived Return on ln(earnings) and GCSE pass
rates

Slope: 1.3514
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Notes: N = 249. Both dimensions of perceived return are standardised, to be read as z-scores, with a
mean equal to 0 and a standard deviation (SD) equal to 1. A one SD shift in the perceived returns for
the probability to graduate is associated with higher beliefs on GCSE pass rates, for when the mother
works longer, by about 1.30%. A one SD shift in the perceived returns for the child’s log of expected
earnings at 30 is associated with higher beliefs on GCSE pass rates, for when the mother works longer,
by about 1.35%.

Predictors of beliefs and norms. Our aim here is to understand how both the

perceived returns drawn from the hypothetical scenarios and the incentivized belief
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Figure 3.3. Distribution of GCSE Pass Rate Beliefs by Hypothetically Elicited Beliefs

(a) Panel A: Split by θgraduate
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(b) Panel B: Split by θearnings
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Notes: N = 249. We report density plots for the GCSE pass-rate expectation splitting by positive or
negative values of θgraduate and θearnings.

on GCSE pass rates associate with a range of self-reported beliefs related to gender

norms. To do so, we regress each self-reported gender norms in Table 3.4 and the scale

based on Table 3.5 separately on each of the perceived return measures as well as the
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incentivized belief about GCSE pass rates. We also explore how the GCSE pass-rates

correlate with a range of participant characteristics. We report these results in the

Appendix, Table B.12.

These associations are limited due to our sample size for the pilot. However, all

measures of initial beliefs appear to positively predict the gender norms index (score),

i.e., more positive beliefs about women working longer hours predict more liberal self-

reported gender norms. Also, there is suggestive evidence that the initial beliefs are

positively linked with expecting that when mothers control the allocation of the budget

they will allocate more to the child. At the same time, more positive initial beliefs

appear to also correlate with believing the father to be more likely to control the

budget. Thus, participants with more positive values of the θ′s (believed returns to

mothers working longer hours) seems to expect better resource allocation from mothers

but fathers to be the one more likely exercising control over the allocation. However,

note that we ask about who is more likely to make resource allocation decisions when

both the mother and father earn the same amount. This may not match well with

our hypothetical design where in a given scenario the parents never have equal income.

Nevertheless, beliefs about resource allocation may play a role in the heterogeneity of

the initial beliefs that we observe as well as overall traditional versus liberal gender

norms.

3.4.3 Information Treatment Effects

We go through the following set of information treatment effect results: (i) belief up-

dating (expected behavioral problems), (ii) beliefs on gender norms, and (iii) policy

views from an obfuscated one-week follow-up survey.

Belief Updating

Information – average effect. We begin with the incentivized belief on the share of

children out of 100 with more behavioral problems than the median when mothers work

full-time. We initially estimate an average treatment effect for exposure to information

about the GCSE pass rate when mothers work full-time or more hours given by the
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following:

yi = β0 + γDi +
J∑

j=1

βjXij + ϵi. (3.4)

The outcome yi is the behavior belief for each individual (i) rescaled to lie between 0

and 1.24 Exposure to the information treatment is captured by Di = 1 and otherwise

it is 0. The Xij ’s are individual and predetermined demographic variables.

Information – effects by prior belief splits. We expect, though, that this treat-

ment effect may be heterogeneous based on initial beliefs. We look at this first by

disaggregating the treatment effect across under- and over-estimators of the GCSE ini-

tial belief. We define a binary indicator, Ui for under-estimators as those who report a

value strictly less than the actual pass rate of five or more GCSE’s when mothers work

full-time or more. We then estimate the following:

yi = β0 + γ1Di × 1{Ui = 1}+ γ2Di × 1{Ui = 0} (3.5)

+ γ3Ui +

J∑
j=1

βjXij + ϵi.

Second, we repeat this exercise but use the hypothetical scenario-based perceived re-

turns estimates for when the mother works longer hours. We do this replacing Ui with

an indicator for whether a person has a strictly negative perceived return or a positive

or null perceived return looking separately at both return dimensions, i.e., by θgraduate,i

and then by θearnings,i.

Information Results – average effects and by prior beliefs. We start in Fig-

ure 3.4 by plotting beliefs on behavior (the posterior) against the initial GCSE pass-rate

expectation split by treatment status. For control participants, the prior belief (GCSE)

predicts the posterior belief (behavior). Control participants yield a negative relation-

ship between the two beliefs suggesting those who expect low GCSE pass-rates also

24We asked participants to report the share of children with more behavioral problems than the
median for families where the mothers worked at least full-time hours in whole numbers ranging from
0 to 100. Thus, we rescale this dividing by 100.
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expect high behavioral problems when mothers work full-time relative to working part-

time or less in families with similar education and income levels. Treated participants,

however, show a weaker relationship between the prior GCSE belief and the posterior.

It appears the treatment partially breaks the link between the GCSE initial belief and

the behavioral belief.

Figure 3.4. Belief Updating in Response to the Information Treatment
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Notes: This figure displays a binscatter plot of the behavioral belief against the initial GCSE pass-rate
belief split by treatment status.

Next, we report results for the specifications in equations 3.4 and 3.5 in Table 3.6.

The average effect from the information treatment is a reduction (or improvement) in

beliefs about behavioral problems for children when mothers work full-time or more

by about 4.4 percentage points (pp). In column (2), we show that this information

treatment effect seems to be driven by participants who under-estimated GCSE pass

rates. Under-estimators have a significant and negative treatment effect estimate of

about a 6.3pp decrease, while over-estimators have a insignificant and close to zero

estimate.
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In column (3), we look at results split by participants who hold a positive versus

negative perceived return to University graduation when mothers work longer hours.

We find a significant and negative information effect (≈ −6.1pp in column (3)) for

those with a more positive perception of mothers working longer hours relative to

fathers (θgraduate,i ≥ 0). Those who hold a negative perceived return (θgraduate,i < 0)

on average have a weaker point estimate (≈ −2.8pp) that is insignificant in our pilot

data. The picture is less clear, however, when we split by more positive versus negative

perceived returns to earnings (θearnings,i) in columns (4). Here, we find significant,

negative effects for both groups and the effects appear even stronger for those with

more negative views.

Table 3.6. Belief Updating and Information Effects by Sub-Groups of Initial Beliefs

(1) (2) (3) (4)
All Participants By GCSE Beliefs By θgraduate,i By θearnings,i

ATE: γ -0.044***
(0.016)

GCSEs under-estimators: γ1 -0.063***
(0.019)

GCSEs over-estimators: γ2 0.001
(0.025)

(θgraduate,i ≥ 0)× Treat: γ1 -0.061***
(0.021)

(θgraduate,i < 0)× Treat: γ2 -0.028
(0.025)

(θearnings,i ≥ 0)× Treat: γ1 -0.035*
(0.019)

(θearnings,i < 0)× Treat: γ2 -0.058**
(0.028)

Individuals 249 249 249 249
(γ1 – γ2) Test: p-value .0394 .3087 .5019

Notes: * p <0.10; ** p <0.05, *** p <0.01. Robust standard errors in parentheses. This Table presents
regressions of equation 3.5 for all participants (column 1), by prior beliefs (column 2), and by average
perceived returns for the probability of the child to graduate from University (column 3-4) and for the
log of expected earnings (column 5-6). Control variables include participant’s gender, age, a dummy
variable for ethnicity (white vs. non-white), and a dummy variable for having a degree or less.

To explore these results further, we repeat analysis in Figure 3.5 with binscatter

plots based on equally spaced bins of the GCSE pass-rate belief. We now, however,
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condition on sub-samples based on splits of the θ’s around positive or negative values.

In Panel A, we report this analysis for θgraduate ≥ 0 and see a stark pattern. Those

who received the treatment in this group completely break the link between the initial

GCSE pass-rate belief and behavior. In Panel B, for participants with θearnings < 0 we

see the complete opposite, with a strong negative relationship between behavior and

the GCSE pass-rate regardless of treatment status. Put differently, the information

responders were those with more positive views based on θgraduate, while those with

more negative views did not respond at all.

Figure 3.5. Beliefs Updating in Response to the Information Treatment

(a) Panel A: When θgraduate ≥ 0
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(b) Panel B: When θgraduate < 0
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(c) Panel C: When θearnings ≥ 0
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(d) Panel D: When θearnings < 0

20

30

40

50

Be
ha

vi
ou

r

20 40 60 80 100

GCSE

Control
Treated

Notes: Binscatter plots are reported for behavior beliefs against the GCSE pass-rate beliefs each split
by treatment status.

The patterns in Panels C and D are less clear. Here we split by positive (Panel

C) and negative (Panel D) values of θearnings and see evidence that both groups have

some response to treatment. The response here appears nevertheless much weaker that

84



Chapter 3. Beliefs on Children’s Human Capital Formation and Mothers at Work

what we see in Panel A when looking at those with positive views of mothers working

longer hours based on the likelihood a child graduates university. This continues the

trend in our results of a clearer picture with θgraduate but less so with the earnings

dimensions. It may be that participants are less clear or more unsure how to answer

for the earnings dimension leading to more noise and less clarity. This is an issue we

need to think about beyond the pilot.

Information effects and the degree of learning. Finally, we replace the binary

splits around Ui in equation 3.5 with the perception gap (PGi). This is the difference

between the prior GCSE beliefs and the signal participants receive (i.e., 74% the actual

pass rate of 5 GCSEs with at least C/4 when the mother works more than 35 hours).

We use this, as in Haaland and Roth (2023), to assess the degree of learning in response

to the information treatment. The specification is now

yi = β0 + β1Di + β2Di × PGi + β3PGi +

J∑
j=1

βjXij + εi. (3.6)

Participants with a positive perception gap are over-estimators on GCSE pass-rates and

those with a more negative gap are under-estimators. In Table 3.7, we see that among

all participants there is stronger updating when the perception gap is more negative.

We illustrate this in Figure 3.6 by plotting the linear predictions of the behavioral belief

across the perception gap split by treatment status. The information treatment leads

to less biased and more accurate beliefs among those who had negative perceptions and

this is particularly strong for more negative perceptions.

In Table 3.7, we then split the sample by positive or negative initial beliefs based

on θgraduate,i. We see that among those a positive view of women working – based on

θgraduate,i – the treatment leads to better expectations about behavior when mothers

work at least full-time, particularly for those who initially misperceived the GCSE pass-

rate. Again, we find no effects for those with initially more negative views. Turning to

the same analysis split by the θearnings,i dimension we continue to see a similar pattern

across either positive or negative values.
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Table 3.7. Beliefs Updating and the Perception Gap

All articipants By θgraduate,i By θearnings,i

≥ 0 < 0 ≥ 0 < 0

Perception Gap × Treat -0.002* -0.002* -0.001 -0.002 -0.002
(0.001) (0.001) (0.002) (0.001) (0.002)

Perception Gap 0.003*** 0.002** 0.003** 0.003*** 0.003
(0.001) (0.001) (0.002) (0.001) (0.002)

Treatment -0.025 -0.048** -0.006 -0.021 -0.038
(0.017) (0.021) (0.029) (0.020) (0.034)

Individuals 249 127 122 150 99
Controls Yes Yes Yes Yes Yes
Mean Dep. Var: Control Group .4063

Notes: * p <0.10; ** p <0.05, *** p <0.01. Robust standard errors in parentheses. This table shows
OLS regression results of equation 3.6 where the dependent variable is the posterior belief, i.e., the
reported belief, for when the mother works 35+ hours a week, on the share of children having more
behavioral problems than the median. The estimates for all participants are then split in Columns 2
and 3, by values of θi,k. For the ease of interpretation, we divide this by 100 for a final variable ranging
from 0 to 1.

Summary. We now summarize our results on belief updating.

Result 3. Information about GCSE pass-rates when mothers work full-time yields more

positive and accurate beliefs on children’s behavior. This appears to be driven by a strong

response to information by those who already hold more positive views about children

graduating from university when women work longer hours who then fully break any

link between the initial beliefs on GCSE pass-rates and expectations about behavior.

We do not draw a strong conclusion here due to our small, pilot sample, but our key

result in Result 3 bears some discussion. Those who respond to information appear

to be those who were unsure about GSCE pass-rates when mothers work full-time

relative to the rate when mothers work part-time or less but at the same time hold

weaker beliefs about the overall harm to children’s future when mothers work more than

fathers. This is suggestive that responders to information are those who while unclear

about how well the children will do in terms of GCSEs nevertheless have more positive

expectations overall when women work. We stress, though, that the results when split
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Figure 3.6. Belief Updating: Perception Gap
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Notes: This Figure displays the linear predictions of the behavioral belief across the perception gap by
treatment status. Linear predictions are based on the regression results reported in Table 3.7, column
1 for all participants corresponding to the specification in equation 3.6.

by θearnings,i do not allow us to conclude that beliefs only respond when intial norms are

more postive and we must leave further investigation to beyond the pilot. Additionally,

it will be useful to allow further heterogeneity in the information treatment effect by

initial beliefs. With more data, we will disaggregate the effect at quintiles of each initial

belief thereby allowing for treatment effects at a strongly negative, mildly negative,

equal, mildly positive, and strongly positive beliefs on mothers at work and returns to

children’s future outcomes.

Heterogeneity by participant’s characteristics. Additionally, we look at whether

there are heterogeneous treatment effects on incentivized beliefs, by individual char-

acteristics. We regress equation 3.5 for each of the participant’s main characteristic,

i.e., for when the participant is a man, a woman, has a degree, etc., and we present

the estimated γ̂, corresponding to the average treatment effect. Our heterogeneity re-
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sults are presented in Table B.15, in the Appendix, Section B.5. Overall, our pilot

results suggest that women on average respond more strongly to the information, as

do those with more education, suggesting information on the performance of children

when mothers work longer hours may be more useful to women and those with more

education.

Additional Results

We aim to look at channels to understand the effects of information under (i) self-

reported beliefs about gender norms and (ii) policy views from the obfuscated follow-

up. We have included a range of measures discussed previously to assess these channels.

However, we lack the variation in our pilot data to adequately assess them. We include

these in the Appendix Section B.5 for reference but omit them from the discussion here.

3.5 Conclusion

We contribute to the literature on gender gaps in the labor market by examining beliefs

about the effects of mothers working long hours relative to fathers on children’s skill

development. The belief that mothers’ and fathers’ time has different returns in terms

of children’s skill development and future success in the labor market can drive different

decisions by gender in terms of labor supply and ultimately be responsible for the gender

earnings gap that we observe in most countries.

In order to estimate gendered beliefs, we develop a novel survey design linked to

an experiment on a sample of parents in England. First, we elicit initial beliefs using

hypothetical scenarios, presenting participants with a hypothetical family of a mother

and father with a primary school aged child. We then extract their beliefs about the

child’s future outcomes (graduation from university and earnings) across whether the

mother or father works longer hours in the labor market while we hold constant the

family’s income. Second, we incentivize beliefs presenting participants with the pass-

rate for the share of five or more GCSE tests when mothers work part-time or fewer

hours. We then ask them what they believe this pass-rate to be when mothers work full-
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time or more hours where we have compared families with similar income and education

levels. Our findings point to beliefs that mothers who work longer hours relative to

fathers are harmful to their child’s skill development and future labor market success.

There is also some evidence that these beliefs are driven by men and those who voted

for more conservative parties in past elections.

Finally, we provide an information treatment about children’s school performance

when mothers work full-time. We find that information provision leads on average

to more positive beliefs about children’s behavior when mothers work full-time. The

group most responsive to the information treatment are those who hold more positive

views about women working longer hours based on hypothetical initial beliefs. We then

argue that providing information in this context leads to belief updating among those

with pre-existing more positive perceptions but who nevertheless have some uncertainty

about performance, while those with pre-existing negative perceptions are less likely to

react to the information.
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Chapter 4

One-Child Policy in China and

the Intergenerational Effects on

Health

4.1 Introduction

The One-Child Policy is a family planning policy implemented nationwide in China from

late 1979 to 2016 to control the country’s rapid population growth. The policy strictly

limited the number of children in each family to a minimum number, except those from

ethnic minorities or living in rural areas. More than three decades of implementing

the policy significantly changed the social dynamics and family structures in China

(Settles et al., 2012; Zhang, 2017). Low fertility rates and reduced family size have

led to population aging and increasing pressures on elderly care (Bai and Lei, 2020;

Chen and Liu, 2009; Nie and Zhao, 2023). However, findings indicate that reducing

sibling size would prompt increased investment in children, subsequently leading to

improved education and health outcomes (e.g. Cáceres-Delpiano, 2006; Lee, 2008;

Rosenzweig and Zhang, 2009; Zhong, 2017). Additionally, if the parental generation

receives significant investment and wealth as a result of family planning policies, we

expect them to allocate more resources to their offspring. Furthermore, improved health
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outcomes of parents can also be passed on to the next generation, resulting in better

health observed among their children (Emanuel et al., 1992; Eriksson et al., 2005;

Strauss and Thomas, 2007).

At present, there are only a limited number of studies addressing the effects of

sibling size on health, and no research has explored the intergenerational effects of

family planning policies and family size on health across successive generations. We

fill this gap in literature by utilizing the one-child policy in China and examining the

policy’s spillover effects on the health outcomes of the next generations whose parents

are single kids. Since the policy was strictly enforced in urban areas and only applied

to Han Chinese1 (Huang et al., 2016b), our study focuses on Han Chinese in urban

areas with strict adherence to the policy.

We leverage data from the China Family Panel Studies (CFPS), a nationally repre-

sentative biennial longitudinal survey funded by the Chinese government and conducted

by the Institute of Social Science Survey (ISSS) at Peking University since 2010. The

CFPS covers both economic and non-economic aspects of the Chinese population, pro-

viding rich data on economic activities, education, family dynamics, and health (Xie

and Hu, 2014). We focus on three physical health measures, including the likelihood of

being sick, self-rated health, interviewer-rated health and one mental health indicator

– distress level, which we construct based on the Kessler Psychological Distress Scale

(K6) and the Center for Epidemiologic Studies Depression Scale (CES-D).2 We em-

ploy a regression discontinuity design (RDD), exploiting the policy cut-off in 1980 that

creates a discontinuity in the number of single-kid families, thereby precisely isolating

the policy’s local average treatment effect (LATE) on the next generation’s health out-

comes. We show that our design passes multiple checks to ensure the validity of core

RDD assumptions. Our results suggest that children born to policy-affected parents,

especially policy-affected mothers, demonstrate better physical and mental health. Fi-

nally, we provide empirical evidence that increased investment in children’s health and

1This group is the major ethnicity group in China, which accounts for 92% of the population (Xu
et al., 2009).

2Detailed description of the data and our selection of outcome variables are presented in Section
4.3.
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improved health outcomes in the parents’ generations are mechanisms driving our re-

sults. Additionally, these parents are less demanding and more responsive toward their

children, which explains the lower levels of distress observed among their children.

Our baseline results, in section 4.5, show that children born to policy-affected moth-

ers exhibit significant improvements in both physical and mental health. Specifically,

the likelihood of them being sick decreases by 1.8 percentage points. Their self-rated

health improves by 8.2 percentage points, representing an increase of 20% over the

mean. Interviewers also observe better health among these children, with observed

health improved by 1.8 percentage points. In addition, they experience lower levels of

mental distress, with the probability of having distress reduced by roughly two-thirds.

We find similar but less statistically efficient results when examining children whose fa-

thers were born after 1980 and affected by the policy. Children born to policy-affected

fathers are less likely to be sick and have better interviewer-observed health. They

also have lower levels of distress, although the estimate is not statistically significant.

Given the significantly smaller sample size for father data and numerous evidence show-

ing that urban Han mothers benefited from the demographic pattern created by the

one-child policy (Fong, 2002; Veeck et al., 2003; Zhang, 2019), we focus primarily on

the effects of the policy from the mothers’ side.3 We conduct a wide range of sensitivity

checks to show that our baseline estimates from the mothers’ data remain robust.

In Section 4.6, we empirically investigate several mechanisms to explain our results.

First, higher investment in children’s health, when family size becomes smaller, can

explain better health in children. This is consistent with the quantity-quality trade-off,

formulated by Becker (1960), illustrating a negative correlation between family size

and the resources allocated to each child. Second, the intergenerational transmission

of health and household characteristics is another mechanism that elucidates our re-

sults. A lower fertility rate, which is transmitted from grandparents to parents (Kolk,

2014; Murphy and Knudsen, 2002), leads to increased human capital investment per

child, supporting our narratives on child health investment. Additionally, mothers af-

3Although analysis using fathers’ data yields similar results, given the smaller sample size and
narrower bandwidth, we interpret these results with caution. See Section 4.5.1 for more details.
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fected by the policy exhibit better health outcomes, which can pass on to their children

(Emanuel et al., 1992; Eriksson et al., 2005). Third, parenting practices and parent-

child interactions show that policy-affected parents demonstrate high responsiveness

but low parental demand toward their children, resulting in their children becoming

more relaxed and exhibiting lower levels of distress. This aligns with literature on

parental demands (Lo et al., 2020; Soysa and Weiss, 2014; Wong et al., 2019) and

parental responsiveness (Davidov and Grusec, 2006; Miller-Slough et al., 2018), espe-

cially in the Chinese context where children are the only child (Liu et al., 2010; Lu and

Chang, 2013).

Related Literature. Our research question is relevant to several strands of litera-

ture. The theoretical basis for the quantity and quality of children is commonly referred

to as the quantity-quality trade-off. This framework was first theorized in the work of

Becker (1960), who considered children a consumption good, requiring a family to de-

cide not only on the number of children but also on the corresponding expenditure

allocated to them. This theory was further developed in the work of Becker and Lewis

(1973), Becker and Tomes (1976), and Willis (1973), which emphasized the negative

correlation between the quantity and quality of children due to both the ”price effect”

and the ”income effect”, given the limited resources and time a family has to invest

in its children – budget and time constraints. In essence, this trade-off arises from the

fact that parents have to spread their time and resources more thinly as the number

of children increases (Hanushek, 1992). This model is consistent with the resource

dilution model in sociology, which demonstrates that as the number of children in a

family increases, resources are divided among them, resulting in each child having fewer

resources and, consequently, lower quality of life (Blake, 1981, 2022).

The literature presents mixed empirical evidence on the quantity-quality trade-off.

Numerous studies have found a negative association between family size and investment

in children (Cáceres-Delpiano, 2006; Chen, 2020; Lee, 2008; Li et al., 2008; Ponzo and

Scoppa, 2022; Rosenzweig and Zhang, 2009). However, several others have observed no

evidence of the quantity-quality trade-off (Angrist et al., 2010; Black et al., 2005; Diaz
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and Fiel, 2021) or even a positive relationship (Gomes, 1984; Lao and Lin, 2022; Qian,

2009). The majority of these studies focus on educational attainment and schooling

as a quality indicator, with only limited literature examining health outcomes as a

determinant of child quality.

Several studies provide evidence of a negative association between family size and

health, consistent with the quantity-quality trade-off. Liu (2014) and Zhong (2017)

investigate the one-child policy in China as an exogenous shock and find negative

impacts of family size on child height. A similar study conducted by Liang and Gibson

(2018) considers nutrient intake as a measure of parental investment in children and

discovers that an additional sibling reduces nutrient intake by between one-tenth and

one-fifth of the recommended level. Chen (2021) exploits the two-kid policy in Vietnam

and shows that having another sibling worsens the health of children in terms of height

and weight. Moreover, using twin data, Glick et al. (2007) indicate that unplanned

births in Romania have negative effects on children’s human capital, measured through

nutrition and schooling and that these effects extend significantly to later-born siblings

of first-born twins. Similarly, Rosenzweig and Zhang (2009) examine the effects of

twinning in China and provide evidence that an additional child leads to a significant

decline in self-assessed health of all children within the family.

However, some studies have found positive impacts of having siblings on children’s

health. Lordan and Frijters (2013) utilizing data from the Young Lives Project (YLP)

in Peru find that the association between family size and health outcomes such as

height is negative specifically for unplanned pregnancies, while it becomes positive for

planned childbirths. Datar (2017) investigates the relationship between family size and

obesity in the US and provides evidence that children with siblings have lower BMI

and are less likely to be obese because they have healthier diets. Meanwhile, Millimet

and Wang (2011) employing data from the Indonesia Family Life Survey observe only

modest evidence. Zhong (2014) even finds null evidence of the trade-off in terms of the

height and BMI using China’s one-child policy, while Zhang et al. (2020) find being

raised in a one-child family increases the probability of being overweight or obese.

In terms of subjective wellbeing, several studies have found being an only child

94



Chapter 4. One-Child Policy in China and the Intergenerational Effects on Health

negatively impacts self-reported psychological health (Wu, 2014; Zeng et al., 2020).

Cameron et al. (2013), leveraging the one-child policy in China, provide evidence that

these ”little emperors” are less trustworthy and more pessimistic. However, Liu et al.

(2010) and Rao et al. (2024) compare single-kid and multiple-kid families and show that

single kids reported lower levels of psychological distress and mental health problems,

as a result of higher parental responsiveness.

Our paper also relates to the literature on the intergenerational transmission of

health and household characteristics across generations. Studies consistently demon-

strate modest yet persistent effects in the transmission of parents’ fertility patterns to

their children (Kolk, 2014). Several papers have found that parents’ fertility or fam-

ily size preferences influence the preferences of their offspring (Anderton et al., 1987;

Johnson and Stokes, 1976; Murphy and Knudsen, 2002). Another body of work fo-

cuses on investigating intergenerational transmission of health from parents to their

off-spring. These studies are commonly rooted in the ”fetal origin hypothesis” formu-

lated by Barker (1990), which asserts that early-life (in-utero) health and circumstances

play a crucial role in shaping health and economic conditions in later stages of life. A

different framework is summarized by Strauss and Thomas (2007) who emphasize the

transformation of health inputs into health outputs, given technological and biological

constraints, as the mechanism explaining health transmission within a family. In partic-

ular, in addition to genetic endowments that would be transmitted across generations,

non-genetic aspects of parental health also influence their ability to manage inputs into

the health production function of their children. These frameworks have been validated

by the work of Emanuel et al. (1992) and Eriksson et al. (2005), which show a robust

correlation between the health of parents and that of their offspring. There is also a

large and growing body of literature exploring the impact of external health shocks on

the health of subsequent generations (e.g. Camacho, 2008; Islam et al., 2017; Moyano,

2017).

Contribution. Our primary contribution is to provide new causal evidence about

the intergenerational effects of family size and family planning policies on subsequent
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generations. First, we leverage data from the China Family Panel Studies (CFPS),

a nationally representative and one of the most comprehensive social panel surveys

conducted in China (Xie and Hu, 2014), ensuring a high level of reliability and coverage.

Second, we examine the spillover effects on both the physical and mental health of

children whose parents were affected by the policy. Third, we also explore several

mechanisms from the CFPS data to explain our results, contributing to the literature on

quantity-quality trade-offs and intergenerational effects across generations. In addition,

we further address the question of parenting behaviors and parent-child relationships

in modern Chinese families.

The paper is structured as follows: Section 4.2 provides historical background and

the introduction of the one-child policy in China; Section 4.3 describes the data and

sample; Section 4.4 illustrates empirical strategy and identification assumptions; Sec-

tion 4.5 presents estimation results and robustness tests; Section 4.6 investigates pos-

sible mechanisms that can explain our results and Section 4.7 concludes the paper.

4.2 Background

Since 1949, China started its industrialization process, experiencing substantial popu-

lation growth, with the belief that this growth would contribute to the national effort

(Zhu, 2012). However, consistent poverty and high fertility rates caused fears of over-

population (De Silva and Tenreyro, 2017). From 1970 onwards, citizens were encour-

aged to marry at a later age because of the large population, and in the early 1970s,

the state introduced a series of birth planning policies. In 1978, the authorities began

to encourage one-child families, and in early 1979 they announced their intention to

advocate for one-child families, which later became a national policy.

The one-child policy was introduced in China in 1979 as a strict family planning

policy to curb the country’s rapid population growth (Wang et al., 2016), and it was

formally written into the country’s constitution in 1982. The policy focuses on the Han

Chinese, which makes up 92% of the population (Huang et al., 2016b). In principle, a

couple was only allowed to have one child from late 1979, except in some rural ethnic
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minority areas such as Xinjiang, Yunnan, Ningxia and Qinghai.

The evolution of the one-child policy had several phases (Greenhalgh, 2008; Scharp-

ing, 2013a). It was first announced as “Best is one, at most two; eliminate third births”

in the second half of 1978. In December 1979, the National Population and Family

Planning Commission announced the policy as “Best is one”. From February 1980, it

quickly changed to “One for all” policy. Over time, however, various exceptions were

made and the policy was further revised in early 1989 to “One child with exceptions

for rural couples with only a daughter”.

In 2016, China officially relaxed its one-child policy, marking a significant shift in

its approach to population control. The policy change, which allowed families to have

two children from 2015 with some modifications, reflected growing concerns about the

policy’s negative demographic and socio-economic impacts. The relaxation aimed to

address issues such as the rapidly aging population, shrinking workforce, and gender

imbalances. However, more urban families choose to have only one child spontaneously

because of the financial and social pressures, even after the relaxation (Qian and Jin,

2024). The long-term effects of this policy change on family dynamics, economic sta-

bility and population health remain areas of policy debate.

Social consequences of the one-child policy (OCP). The one-child policy in

China has led to several social consequences, notably a significant decline in the fertility

rate, which had already been decreasing due to earlier family planning campaigns in

the 1970s (Feng et al., 2014). The average family size reduced from 4.8 in the early

1970s to 3.1 in 2010 (Aird, 1983; Census Office of the State Council, 2020). Single-child

families became prevalent, especially in urban areas, where about 80 percent of families

consisted of three members by the end of the 20th century (Tu, 2016). Other direct

outcomes included a skewed male-to-female ratio and higher fertility rates in rural

areas compared to urban ones, disadvantaging rural families economically (Ebenstein,

2010; Hannum, 2003). Despite criticisms, urban daughters often benefited from the

policy, receiving more family resources and achieving higher educational attainment

and empowerment (Fong, 2002; Huang et al., 2016a, 2021). Long-term impacts include
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accelerated population aging, increased pressure on elderly care, and the rise of ”empty

nest” families in urban areas (Bai and Lei, 2020; Chen and Liu, 2009; Nie and Zhao,

2023; Yuesheng, 2014; Zhu and Walker, 2021).

Policy effects on the first generation. The first generation subjected to the one-

child policy experienced notable benefits, particularly in urban areas. Families were

able to concentrate their resources on their single child’s education and health, lead-

ing to substantial investments in these areas (Zhang, 2019). This focus resulted in

higher educational attainment for females and improved overall health outcomes (Fong,

2002; Huang et al., 2016a; Rao et al., 2024). Women born under the one-child policy

achieved higher educational levels (Huang et al., 2016a), and stricter early-life fertility

restrictions increased female empowerment, as evidenced by a rise in female-headed

households (Huang et al., 2021).

The policy also brought qualitative changes in family dynamics, including simplified

family structures, reduced patriarchy in daughter-only families, and greater individual

choice regarding family living arrangements and childbearing (Fong, 2002; Shi, 2017).

Furthermore, greater parental involvement in childcare led to improved parent-child

interactions (Short et al., 2001). As a result, this generation enjoys higher income

levels and reduced overall stress. The persistence of intergenerational income in urban

China also highlights the lasting economic impacts of the policy (Yi, 2016).

Policy cut-off in this paper. We examine the introduction of the policy during

the 1979-1980 period to identify the exact policy cut-off for our study. In China,

before the birth of the one-child policy, the government had imposed restrictions on

the number of children a couple could have. In 1977 and 1978, both urban and rural

couples were required to limit their family size to only two children (Hardee-Cleaveland

and Banister, 1988). In early 1979, several intentions for the universal one-child policy

were introduced, and the policy “Best is One” was officially announced in December

1979. “One for all” policy followed quickly in February 1980, clearly stating that every

couple is only allowed to have one kid. Later on, the Chinese Communist Party’s

Central Committee issued a public letter urging all party members and the Communist
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Youth League to adhere to the one-child policy on 25th September 1980, a date often

mentioned as the policy’s “official” start date (Scharping, 2013b). The revised 1980

Marriage Law, ratified during the Third Session of the National People’s Congress

on September 10, 1980, also explicitly mandated that all couples must practice birth

control (Hardee-Cleaveland and Banister, 1988; Hare-Mustin, 1982; Santana Cooney

et al., 1991). Before that, however, strict fines for violating the one-child policy already

started to be imposed nationwide in January 1980 (Santana Cooney et al., 1991).

During this period, abortions were required in several provinces in China, even in

the second and third trimesters of pregnancies. The number of induced abortions

increased sharply in 1979 and rose even higher in subsequent years (Hardee-Cleaveland

and Banister, 1988).

We expect that there was a sharp increase in the proportion of single-child births in

1980 (the first quarter of 1980 according to our data structure we will mention later).

Although official announcements and legislation related to the one-child policy and

birth control were issued in September 1980, the policy started to be strictly enforced

in 1980 with a wide range of rigorous measures like required abortions and birth control

practices. Additionally, beginning in 1980, penalties were imposed on women who

had a second child without official permission (Hardee-Cleaveland and Banister, 1988),

confirming that it was difficult for Han mothers living in urban areas to have another

child. We later verify this cut-off date by illustrating the discontinuity in the ratio of

individuals with no siblings at our predicted cut-off point (the first quarter of 1980)

within our dataset.

4.3 Data and Descriptive Statistics

4.3.1 Data

We use the China Family Panel Studies (CFPS) from the Institute of Social Science

Survey (ISSS) at Peking University, China.4 CFPS is a nationally representative, bien-

4The data are from the China Family Panel Studies (CFPS), funded by the 985 Program of Peking
University and carried out by the Institute of Social Science Survey of Peking University.
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nial longitudinal survey of Chinese families and individuals, starting in 2010. For our

analysis, the CFPS dataset has several key features. First, it allows us to identify the

intra-household relationships, which we need for our empirical strategy using parents’

birth information. Second, adults were asked about their parents’ information and

their siblings in the first wave – 2010, providing valuable data for studying sibling size

and policy effects. Third, with six waves up to 2020, the CFPS provides national-level

information on family dynamics and health outcomes for our study.

Children’s health status. We use the following outcomes as measures of children’s

health status:

1. Whether a child was ever sick in the last month: CFPS interprets sickness as a

situation in which the child experiences physical discomfort and needs to take

treatment (medicines or others).

2. Children’s self-rated health: The survey asked respondents to rate their health

status on a scale from 1 to 5 indicates healthy, fair, relatively unhealthy, un-

healthy, and very unhealthy respectively. Only those aged 10 and above answered

this question. We recode this into a binary variable with 1 for healthy and 0 for

all other ratings.

3. Interviewer-observed child health: The interviewer from the ISSS recorded their

assessment of the health of the presented respondent, choosing from 1 (worst) to

7 (best). We also recode this variable into a binary format, with 1 for observed

health rating greater than or equal to 4, otherwise 0.

4. Distress indicator based on K6 and CES-D: We incorporate two psychological

scales – Kessler Psychological Distress Scale (K6) (Kessler et al., 2002) and the

Center for Epidemiologic Studies Depression Scale (CES-D) (Radloff, 1977b) –

to measure children’s mental health because these scales are available in different

waves. A detailed description of the mental health scales can be found in the

Appendix C.1. We construct a consistent variable called “distress”, which is

coded 1 if a child shows signs of mental distress, i.e. K6 is greater than or equal

to 5 (Prochaska et al., 2012), CES-D8 is greater than or equal to 7, or CES-D20
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is greater than or equal to 16 (Bi et al., 2023).

Mechanisms. We will later examine several potential mechanisms through which

the effects of the policy on the first generation, now parents, could be passed on to

the second generation, their children. First, we look at family income and expenditure,

focusing on expenditure directly on the child. This may influence the family resources

available for the child’s well-being. Second, we examine the policy’s impact on parents’

health status, the number of siblings they have, their fertility choices – the number of

children they decide to have, and their education level. Together, these factors shape

the environment in which children grow up and can affect their upbringing. Lastly,

we look at the interactions between parents and children, which can affect children’s

mental health. The quality and nature of these interactions are crucial in determining

the emotional and psychological well-being of children. By studying these mechanisms,

we aim to understand how policy effects are transmitted across generations.

4.3.2 Sample Selection and Summary Statistics

Table 4.1 presents summary statistics for our sample. We compile data from the six

waves of CFPS based on information from the child questionnaires to create a repeated

cross-sectional dataset and merge it with data on parents and family from the corre-

sponding questionnaires. We first focus on the sample with parents born before and

after 5 years of the policy cut-off in 1980. We then drop observations missing key

demographic characteristics such as age, gender, and rural or urban residence, birth

information of both parents, and family size (around 1% dropped at this stage). Next,

we exclude observations from provinces with fewer than 50 observations and restrict

the sample to Han ethnicity (87.11%) and urban parents (51.56% after keeping only

Han ethnicity) due to the policy focus.

These steps ensure complete information on the birth years and months of urban

Han parents. Due to the specific focus on urban Han parents, which limits the number

of observations, we construct our data based on quarterly birth information for these

parents to ensure statistical power. We then exclude those with missing information on
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children’s health outcomes at each wave, resulting in different sample sizes for various

outcomes. Finally, we create separate datasets using either mothers’ or fathers’ infor-

mation along with their children’s data. Overall, our final sample size is approximately

4,000 observations.

Table 4.1. Descriptive statistics

Mothers Fathers

All Control Treated Diff All Control Treated Diff

A. Health Outcomes
Child was ever sick last month 0.26 0.25 0.27 -0.02 0.28 0.28 0.28 -0.00

(0.44) (0.43) (0.45) (-1.70) (0.45) (0.45) (0.45) (-0.02)
Self-rated health (healthy = 1) 0.38 0.38 0.38 -0.01 0.39 0.37 0.41 -0.04

(0.49) (0.48) (0.49) (-0.24) (0.49) (0.48) (0.49) (-1.39)
Interviewer-observed health (≥ 4 on 1-7 scale) 0.98 0.98 0.98 -0.00 0.98 0.98 0.97 0.00

(0.14) (0.15) (0.13) (-0.56) (0.15) (0.15) (0.16) (0.47)
Distress indicator based on K6 and CESD 0.12 0.14 0.10 0.04* 0.11 0.11 0.11 0.00

(0.33) (0.34) (0.30) (2.42) (0.31) (0.31) (0.31) (0.11)
B. Demographics

Child’s age 8.29 9.23 7.48 1.76*** 7.74 8.36 7.15 1.21***
(4.26) (4.18) (4.16) (13.96) (4.19) (4.30) (3.99) (9.42)

Child’s gender (female = 1) 0.48 0.47 0.50 -0.03 0.49 0.47 0.50 -0.03*
(0.50) (0.50) (0.50) (-1.74) (0.50) (0.50) (0.50) (-2.23)

Child’s birthyear 2006 2005 2007 -2.36*** 2007 2006 2008 -1.62***
(3.94) (3.89) (3.64) (-20.68) (3.75) (3.89) (3.43) (-14.31)

Mother’s age 34.75 36.16 33.51 2.65*** 33.63 34.79 32.51 2.28***
(3.64) (3.36) (3.42) (25.46) (4.32) (4.25) (4.09) (16.69)

Mother’s birthyear 1980 1978 1981 -3.21*** 1981 1980 1983 -2.70***
(1.84) (0.81) (1.00) (-117.88) (3.18) (3.03) (2.73) (-29.49)

Father’s age 36.93 38.08 35.89 2.19*** 35.26 36.56 33.99 2.57***
(4.50) (4.48) (4.26) (15.13) (3.68) (3.47) (3.41) (23.27)

Father’s birthyear 1978 1976 1979 -2.95*** 1980 1978 1981 -3.01***
(3.47) (3.29) (3.01) (-29.77) (1.75) (0.80) (0.96) (-110.72)

Family size 4.82 4.73 4.90 -0.17** 5.17 4.84 5.48 -0.64***
(1.75) (1.74) (1.76) (-3.16) (1.90) (1.59) (2.12) (-11.13)

C. Grandparent’s characteristics
Grandfather’s age 59.03 61.37 56.87 4.50*** 58.61 60.71 56.46 4.25***

(6.14) (6.18) (5.26) (24.62) (5.76) (6.00) (4.60) (23.16)
Grandmother’s age 60.95 62.72 59.35 3.37*** 61.09 63.00 59.13 3.87***

(6.03) (6.16) (5.45) (18.07) (6.12) (6.00) (5.60) (19.23)
Literacy (grandfather) 0.83 0.78 0.87 -0.09*** 0.83 0.85 0.80 0.05***

(0.38) (0.41) (0.33) (-7.46) (0.38) (0.36) (0.40) (3.98)
Literacy (grandmother) 0.63 0.57 0.69 -0.12*** 0.59 0.59 0.58 0.01

(0.48) (0.50) (0.46) (-7.67) (0.49) (0.49) (0.49) (0.81)
Unemployment (grandfather) 0.14 0.12 0.16 -0.04*** 0.14 0.11 0.18 -0.07***

(0.35) (0.32) (0.36) (-3.39) (0.35) (0.32) (0.38) (-5.43)
Unemployment (grandmother) 0.25 0.27 0.23 0.04** 0.24 0.23 0.25 -0.02

(0.43) (0.44) (0.42) (2.98) (0.43) (0.42) (0.43) (-1.61)
Either of grandparents is communist 0.16 0.16 0.16 -0.00 0.15 0.13 0.17 -0.04***

(0.37) (0.36) (0.37) (-0.20) (0.36) (0.34) (0.38) (-3.83)

Observations 4418 2054 2364 4418 4206 2058 2148 4206

Note: The table provides the mean/standard deviation of the corresponding variables within 3 years (12 quarters) around the policy cut-off date (January
1980). ”All” means the whole sample, ”Treated” means mothers/ fathers have no siblings, and ”Control” means mothers/fathers have siblings. ”Diff” shows
the mean difference between treated and control groups. The scale for interviewer-observed child health ranges from 1 (worst) to 7 (best).

We further demonstrate the validity of the policy cut-off date in our data. Figure 4.1

shows the proportion of Han urban adults born within 12 quarters of the 1980Q1 policy

cut-off who have no siblings. As noted above, adult sibling information is only available
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in the first wave – 2010. We use weighted 2010 adult data using the sampling weights

provided by the CFPS to ensure national representativeness. The graph simply shows

the national average in each quarter and the solid lines show the linear fit estimated

separately on each side of the cut-off. The graph presents an upward trend in the

proportion of adults without siblings immediately following the policy, and suggests a

jump in this ratio in 1980Q1 among Han urban residents.

Figure 4.1. Proportion of adults without siblings born within 12 quarters of policy
cut-off
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Notes: This figure shows the proportion of Han urban adults nationally (using sampling weights
provided by CFPS) born within 12 quarters of the policy cut-off with no siblings. The policy cut-off
is 1980Q1. We use the 2010 CFPS adult data as this is the only wave that provides information on
adults’ siblings.
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4.4 Empirical Strategy

4.4.1 Main Specifications

To explore the spillovers of the policy, we employ a regression discontinuity design

(RDD) with the number of quarters between mothers’ date of birth and policy date

as the running variable. In an RDD, the running variable plays a crucial role in de-

termining the treatment status when there is a discontinuity in the treatment at a

specific cut-off point, such as the first quarter of 1980 in our context. However, all

other covariates should exhibit smoothness at the cut-off.

In this paper, we rely on a non-parametric approach to estimate the effects of the

policy on the health outcomes of children born to parents exposed to the policy. In all

regressions, we employ a triangular kernel weighting function where the weight assigned

to each observation decreases as the distance from the cut-off increases. In addition,

we estimate the effects from mothers and fathers separately.

For bandwidth selection, Table 4.2 shows the data-driven optimal bandwidths for

different health outcomes following Calonico et al. (2020). We select the bandwidth

equals to the average of optimal bandwidths generated for these outcomes within the

parent’s gender. In particular, we choose a bandwidth of 11 quarters when examining

the effects from the mothers’ side (maternal effects) and a bandwidth of 9 quarters when

examining the effects from the fathers’ side (paternal effects). All tables in our paper

will show the estimates using 11-quarter bandwidth for maternal effects and 9-quarter

bandwidth for paternal effects unless it has been specified differently. Specifications

with other bandwidth choices will be considered in our robustness checks.

The regression measuring the direct effect of the policy on the first-generation or

parents’ outcomes takes the following form:

Y P
i = αP

i + βP
i Policyi + f(quarterPi ) + γPXGP

i + θPAgePi

+λPProvincePi ×BirthyearPi + τPt + νPi (4.1)

where Y P
i denotes a parent’s outcomes; Policyi is a dummy variable equal to 1 if

104



Chapter 4. One-Child Policy in China and the Intergenerational Effects on Health

Table 4.2. Optimal bandwidths for RDD

Mother’s information Father’s information

(1) (2)

Sick 9.742 10.788
Self-rated health status 9.815 6.529
Observed health status 11.911 7.673
Distress 12.210 9.774

Notes: The table shows the mean square error optimal bandwidths of main outcomes following
Calonico et al. (2020) (CCT bandwidths with a linear polynomial). Standard errors are clustered
at the mothers’ or fathers’ birth years. Column (1) presents the optimal bandwidth for each outcome
using mothers’ information while column (2) using father’s information. The average optimal band-
width using mother’s information is around 11 quarters, and the average optimal bandwidth using
father’s information is around 9 quarters.

the mother’s/father’s date of birth is from 1980Q1. f(quarterPi ) is RD polynomials

controlling for the distance from the cut-off (1980Q1) in quarters. XGP
i contains pre-

determined demographic and social characteristics of grandparents, including their age,

literacy, employment status and whether either of them is a member of the communist

party.5 AgePi is a non-linear control for the parent’s age, including age and age2. We

also control for the parent’s province-birthyear fixed effects. τPt is interview year fixed

effects. Standard errors are clustered by parents’ year of birth. The causal effect of

the policy on the outcomes of parents is βP
i . However, our main focus is to examine

the spill-over effects of the policy on the second generation: children. The regression

estimating the intergenerational effects on children’s health outcomes takes the form

of:

Y C
i = αC

i + βC
i Policyi + f(quarterPi ) + γCXGP

i + θCAgePi + δCXC
i

+λCProvincePi ×BirthyearPi + ζCProvincePi ×BirthyearCi + τCt + νCi (4.2)

where Y C
i denotes a child’s health outcomes. In addition to the pre-determined char-

acteristics of the grandparents XGP
i and the parent’s non-linear age control AgePi , we

5Party members were urged to “take the lead” in the one-child policy campaign. In September
1980, the Central Committee of the Chinese Communist Party issued an ”Open Letter” to all Party
and Youth League members, asking them to lead the way in implementing the policy (Committee,
1984; White, 1990).
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also control for the characteristics of children XC
i , in particular, age and gender, and

province-by-children’s birthyear fixed effects.

In our RD design, f(quarterPi ) are RD polynomials controlling for the distance

from the cut-off in quarters. We use a linear RD polynomial in the baseline spec-

ifications (Gelman and Imbens, 2019), and higher orders of RD polynomials in our

robustness checks. Additionally, in robustness testing, we will also examine specifi-

cations that include the interaction between the treatment variable and the running

variable Policyi × f(quarterPi ). This interaction term allows for different functions on

either side of the cut-off.

4.4.2 Identifying Assumptions

Continuity assumption. The first assumption to make the RD design valid is the

smoothness of the covariates at the cut-off point. We expect that the changes in

our potential outcomes are solely due to the treatment initiated at the cut-off point.

No other changes or discontinuities occur at the policy cut-off. Since our treatment

is that the parents were born after the cut-off policy date, this assumption is only

satisfied when all other relevant covariates related to the parent’s birth date, in this

case, grandparents’ characteristics are continuous in 1980Q1.

We conduct a balance check on a list of pre-determined characteristics of both

maternal and parental grandparents using the main specifications. These characteristics

include birth year, literacy, employment status and whether either of the grandparents

is a member of the communist party. Table 4.3 and Table 4.4 show evidence that our

design satisfies the continuity assumption. Across all specifications, we do not observe

discontinuities of grandparents’ pre-determined characteristics at the cut-off quarter,

except the parental grandmother’s age. However, the coefficient is small in magnitude,

only 0.8% compared to the mean.

No manipulation. The second assumption ensures that participants are unable to

sort themselves on either side of the cut-off point. In our context, parents’ birth quarters

must not be manipulated around the policy date. Even though some families were pre-

106



Chapter 4. One-Child Policy in China and the Intergenerational Effects on Health

Table 4.3. Pre-determined characteristics of mothers’ parents

Dependent variable is:

Maternal grandfather Maternal grandmother Either

(1) (2) (3) (4) (5) (6) (7)
Age Literacy Unemployed Age Literacy Unemployed Communist

Policy -0.006 -0.087 0.082 -0.007 0.020 -0.019 -0.014
(0.027) (0.062) (0.045) (0.017) (0.029) (0.091) (0.017)

Mean 59.234 0.822 0.141 61.093 0.622 0.256 0.154
Observations 3,284 3,205 3,284 3,258 3,239 3,258 3,238
R2 0.998 0.200 0.163 0.999 0.226 0.131 0.173

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at the
mothers’ birth years. The policy cut-off is the first quarter of 1980. Regressions include mothers born
within 11 quarters around the policy cut-off. Columns (1) (2) (3) show the characteristics of mothers’
fathers, and columns (4) (5) (6) show the characteristics of mothers’ mothers.

Table 4.4. Pre-determined characteristics of fathers’ parents

Dependent variable is:

Paternal grandfather Paternal grandmother Either

(1) (2) (3) (4) (5) (6) (7)
Age Literacy Unemployed Age Literacy Unemployed Communist

Policy 0.021 -0.020 0.003 -0.500** 0.056 -0.030 0.014
(0.134) (0.056) (0.026) (0.155) (0.044) (0.046) (0.035)

Mean 58.558 0.838 0.141 61.243 0.581 0.222 0.155
Observations 2,257 2,215 2,257 2,233 2,205 2,233 2,226
R2 0.965 0.304 0.196 0.667 0.299 0.180 0.205

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at the
fathers’ birth years. The policy cut-off is the first quarter of 1980. Regressions include fathers born
within 9 quarters around the policy cut-off. Columns (1) (2) (3) show the characteristics of fathers’
fathers, and columns (4) (5) (6) show the characteristics of fathers’ mothers.

aware of the policy in early 1979, because grandmothers need a gestation period of

ten months, there is minimal to no opportunity for manipulation at the cut-off quarter

(1980Q1).
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4.5 Results

4.5.1 Baseline Results

We show our baseline results using mothers’ birth information in Table 4.5. Sick-

ness outcomes, which have the most observations, are available for all children in the

CFPS data because they include responses from both adult proxies and the children

themselves. In contrast, the other three outcomes require self-reporting or children’s

presence at the interview, resulting in smaller sample sizes.

The children of mothers born after the policy came into effect are less likely to be

sick, rate their health status better, and show better overall health at the time of the

interview. Specifically, the policy is associated with a 1.8 percentage point (pp) decrease

in the likelihood of being sick in the last month, an increase of 8.2pp of children rating

themselves as healthy, which represents around a 20% increase compared to the mean,

and a 1.8pp increase in the probability that the interviewer rating the child as being in

good health. Moreover, these children are also reported to have better mental health,

being 8.2pp less likely to be distressed. The results suggest significant improvements

in the physical and mental health of children born to mothers after the policy came

into effect. In Figure 4.2, we also present a visual representation of the policy’s impact

on various child health outcomes using maternal birth information.6 These figures

complement the regression results and show a clear improvement in children’s health

and mental well-being associated with the policy-taking effects.

In Table 4.6, we show the results for children using fathers’ birth information.

The results are consistent with those based on mothers’ birth information but are less

statistically efficient. Children of fathers born after the policy cut-off are less likely

to be sick (by 7.2pp) and have better overall observed health (by 4.6pp). They also

tend to be less distressed, although this result is not statistically significant. Unlike

the findings using birth information from mothers, there is no observed improvement

in the children’s self-rated health. Due to a much smaller sample size and narrower

bandwidth of the fathers’ data7, these results tend to be less statistically powerful and

6See Figure C.4 for quadratic polynomial regressions.
7The sex-specific marital status distribution of CFPS is characterized by a higher proportion of
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Table 4.5. Children’s results using mothers’ birth information

(1) (2) (3) (4)
Sick Self-rated health Observed health Distress

Policy -0.018** 0.082*** 0.018*** -0.082**
(0.005) (0.018) (0.004) (0.024)

Mean 0.263 0.379 0.980 0.123
Observations 3,056 1,176 1,564 1,175
R2 0.103 0.122 0.069 0.254

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at
the mothers’ birth years. The policy cut-off is 1980Q1. Regressions include children of mothers born
within 11 quarters around the policy cut-off. Only those aged 10 and over responded to the self-rated
health question, and self-rated health is equal to 1 if children rate themselves as healthy. The scale
for interviewer-observed child health ranges from 1 (worst) to 7 (best). The observed health variable
equals 1 if the rating is greater than or equal to 4. The interviewers only assessed the health of those
children who were present at the interview. Distress in column (4) equals to 1 if Kessler Psychological
Distress Scale (K6) is larger than or equal to 5 or CES-D8 is larger than or equal to 7 or CES-D20 is
larger than or equal to 16.

Table 4.6. Children’s results using fathers’ birth information

(1) (2) (3) (4)
Sick Self-rated health Observed health Distress

Policy -0.072** -0.084 0.046** -0.042
(0.025) (0.045) (0.014) (0.036)

Mean 0.283 0.384 0.978 0.102
Observations 2,100 666 957 666
R2 0.100 0.136 0.102 0.257

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at the
fathers’ birth years. The policy cut-off is 1980Q1. Regressions include children of fathers born within
9 quarters around the policy cut-off.

should be interpreted with caution.

Our analysis will later on focus mothers’ data for several reasons. First, datasets

using father information have smaller sample sizes and narrower bandwidth, which re-

duces our study’s statistical power. Second, research indicates that urban Han daugh-

ters have particularly benefited from the demographic patterns created by the one-child

policy. In particular, many studies show that daughters in urban Han families received

unmarried males. The average of the optimal bandwidths for fathers’ data is 9 quarters, compared to
11 quarters for mothers’ data.
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more resources and opportunities, leading to improved outcomes in education and over-

all well-being (Fong, 2002; Huang et al., 2016a, 2021; Veeck et al., 2003; Zhang, 2019).

Therefore, we will primarily use the mothers’ dataset for our main identification strat-

egy in the following analysis.

Figure 4.2. RD plots for all outcomes
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Notes: The points depict binned residuals from a main regression of the outcome variable on a linear
polynomial in birth quarter, along with other control variables. Solid lines display local linear regres-
sions, separately estimated on each side of the cut-off, with dashed lines indicating 90% confidence
intervals. Figure C.4 in Appendix C.4 displays RD plots for quadratic polynomial regressions.

4.5.2 Robustness Checks

Bandwidth sensitivity. We show bandwidth sensitivity in Appendix Figure C.1.

Each sub-graph reports coefficient estimates and 90% confidence intervals of our main

results for bandwidths ranging from 5 to 15 quarters. Our baseline results show ro-

bustness to changes in bandwidth.

For the sickness outcome, the policy effect remains negative and stabilizes at a
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small, significant level as the bandwidth increases from 10 quarters onwards. For self-

rated health status, the point estimates are quite stable and positive around 0.8pp

and are statistically significant when the bandwidth is greater than 8 quarters. The

estimates for observed health show slight fluctuations but generally remain positive and

stable. Lastly, for children’s mental health, the policy effects become more pronounced

with larger bandwidths, showing a consistent reduction in distress. This may be due

to increased statistical power with a larger number of observations and the smaller

bandwidth chosen for the main analysis, as shown in Table 4.2.

Choice of polynomial orders. In our main analysis, we use a linear polynomial of

our running variable – mothers’ birth quarters, which is the most common choice in

RD designs. We show the sensitivity of our results to RD polynomials up to the fourth

order in Appendix Figure C.2. The results suggest that our findings are not sensitive

to the choice of polynomial order, reinforcing the robustness of our main results. The

only exception is the sickness outcome in Appendix Figure C.2a, where policy effects

disappear when we move to a third order or fourth order polynomial, although the point

estimates still suggest a slightly negative effect. While higher order polynomials may

obscure the significance of the sickness results, the general trend remains consistent

with our main analysis.

Different specifications. We test the robustness of our main results using various

specifications, as shown in Appendix Table C.2. These include models where the treat-

ment is interacted with the running variable and with the quadratic of the running

variable, changing the triangular kernel weight to no weights or panel weights provided

by the data, and conducting a donut exercise that excludes observations near the cut-

off (within 1 quarter from the cut-off). In general, the results are consistent with our

main findings although we do lose efficiency in some results.

We first include the linear interaction of the treatment with the running variable in

column (1) to allow for differences in slopes on either side of the cut-off when making

extrapolation. We see some negative effects on the interaction term for the sickness

outcome and the results for other outcomes are consistent with the main. We further

111



Chapter 4. One-Child Policy in China and the Intergenerational Effects on Health

add the interaction with the quadratic term of the running variable in column (2) to

account for non-linearities in the treatment effects. The point estimates generally get

larger when we do so and maintain the consistency of the results.

In columns (3) and (4), we remove the kernel weights and replace them with the

panel weights to see if our results are sensitive to the weighting schemes. Here, we lose

the significance on observed health status, but the point estimates suggest the same

direction. Other outcomes remain stable. In column (5), we conduct a donut exercise

by removing all observations close to the policy cut-off – 1 quarter, and keeping the

rest of the sample to fit our main specification. The consistent results suggest that

the policy effects are not driven only by observations close to the cut-off. In general,

we argue that these results support the reliability of our main results across different

model specifications.

Placebo tests. Our identification strategy assumes that there is a discontinuity in

the treatment at the policy implementation date. One way to test against failures of this

assumption is with placebo tests of different policy cut-offs. In Appendix Figure C.3, we

reproduce our main specification results with alternative policy cut-offs up to 4 quarters

prior and post the policy cut-off employed – 1980 Q1. We find no significant effects

from the policy at the placebo cut-offs for sickness and self-rated health. However,

for observed health, the effects become stronger as we move the policy cut-off to later

quarters. This trend is not concerning because it suggests that the effects seen from

1980 Q1 onwards are driven more strongly by children born to mothers who were born

later in the year, as suggested in Figure 4.2c. For children’s mental distress, we observe

a significant effect at the 1979 Q4 placebo cut-off. While this effect is noteworthy, it

does not persist across other outcomes, suggesting it may be due to random variation

rather than a systematic issue with our identification strategy.

4.5.3 Heterogeneous Effects

Next, we examine the heterogeneous effects of the policy by children’s gender and age

groups.
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Table 4.7 presents the effects of the policy passed onto boys and girls separately.

We run our main specification on subsamples of boys and girls separately. Boys born

to a mother born after the policy have significantly higher self-rated health and lower

distress, while the effects on sickness and observed health are not significant. For

girls, there is a significant improvement in observed health but no significant effects

on others. The effects on self-rated health and distress for girls are modest and less

pronounced. This difference may be due to the tendency of adolescent girls to rate

themselves more conservatively in self-assessments, whether in self-rated health or dis-

tress levels (Boerma et al., 2016; Van Droogenbroeck et al., 2018). Research has shown

that girls often report lower self-rated health and higher levels of psychological dis-

tress than boys, which may explain the observed discrepancies between self-rated and

observed health outcomes (Breidablik et al., 2009; Jerdén et al., 2011).

Table 4.7. Heterogeneous effects by gender

Sick Self-rated health Observed health Distress

Gender groups Boy Girl Boy Girl Boy Girl Boy Girl
(1) (2) (3) (4) (5) (6) (7) (8)

Policy -0.036 -0.002 0.178** 0.039 0.000 0.031** -0.108** -0.032
(0.034) (0.031) (0.057) (0.073) (0.010) (0.011) (0.039) (0.044)

Mean 0.26 0.25 0.46 0.43 0.98 0.98 0.14 0.12
Observations 1,601 1,455 599 577 811 753 598 577
R2 0.127 0.108 0.184 0.250 0.163 0.116 0.303 0.300

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at
the mothers’ birth years. The policy cut-off is 1980Q1. Regressions include children of mothers born
within 11 quarters around the policy cut-off.

Table 4.8 presents the impact of the policy on mothers passed on to children across

different age groups (0-10 and 11-15). We group children under 10 together because

of the relatively small sample size in our data. The majority of significant effects are

seen in the 11-15 age group, which may be because older children are more capable

of self-reporting their health status and mental health. Specifically, for children aged

11-15, the effects are consistent with the main aggregated results, except for observed

health, which is no longer significant but still indicates a similar trend. For the younger

age group (0-10), there is a significant improvement in observed health and a reduction
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in distress. These two health status outcomes complement each other, indicating a

generally better health status for both age groups. However, due to the constraints of

the sample size, the results should be interpreted with caution.

Table 4.8. Heterogeneous effects by age groups

Sick Self-rated health Observed health Distress

Age groups 0-10 11-15 0-10 11-15 0-10 11-15 0-10 11-15
(1) (2) (3) (4) (5) (6) (7) (8)

Policy -0.003 -0.069** 0.004 0.121*** 0.021* 0.009 -0.221* -0.061**
(0.016) (0.018) (0.124) (0.021) (0.008) (0.011) (0.087) (0.019)

Mean 0.32 0.16 0.47 0.44 0.98 0.98 0.12 0.13
Observations 2,122 934 223 953 837 727 222 953
R2 0.107 0.119 0.358 0.131 0.191 0.104 0.450 0.275

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at
the mothers’ birth years. The policy cut-off is 1980Q1. Regressions include children of mothers born
within 11 quarters around the policy cut-off.

4.6 Mechanisms

In this section, we discuss potential mechanisms that we can investigate empirically

from the CFPS data. First, better health in children can be explained by higher

investment in child health when family sizes become smaller, which is consistent with

the quantity-quality trade-off. Second, we provide evidence that parents affected by the

policy show improvements in their health status, which can subsequently benefit their

offspring. Finally, parenting practices and parent-child interactions reveal that these

parents are highly responsive and often put less pressure on their children, explaining

the lower levels of psychological distress observed among their children.

Higher investment in child health. The first mechanism is increased investment

in children’s health, as suggested by the quantity-quality trade-off. We expect children

born to parents affected by the policy will receive higher investments from their par-

ents, given the fact that their family size is reduced. Table 4.9 presents the estimated

effects of the policy on family income, overall expenditure, and expenditure specifically

allocated towards children’s health. We observe a statistically significant increase in to-
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tal family income, although the magnitude is negligible compared to the mean (column

1).8 Higher family income can be attributed to either greater inherited wealth or higher

personal income thanks to better education. In the next analysis, we present evidence

showing that policy-affected mothers are more likely to have no siblings, potentially

receiving more wealth from their parents, and they also tend to be more educated than

those not affected by the policy.

In terms of expenditure, there is also no significant difference in both total expen-

diture (column 2) and direct medical expenses for children (column 3). Similarly, the

likelihood of children having public insurance is the same for those born to policy-

affected parents and those not (column 4). However, children born to mothers affected

by the policy are 28.2% more likely to have commercial or private health insurance

(column 5). Additionally, column 6 shows a considerable increase in parents’ spending

on children’s commercial insurance (0.467, a 33% increase compared to the mean). This

empirical evidence suggests that policy-affected mothers are more concerned about their

children’s health. They allocate more resources towards child healthcare and invest in

preventive measures such as health insurance. However, our analysis of fathers’ data

reveals no increase in investment in children’s health (Table C.5 in Appendix), which

emphasizes that the improvements in child health primarily come from their mothers’

concerns and investments.

Intergenerational transmission effects. The second possible mechanism for im-

proved child health is the intergenerational transmission of health and household char-

acteristics across generations. Existing literature has shown fertility patterns can be

transmitted from parents to their offspring (Kolk, 2014). Reduced fertility would lead

to increased human capital investment per child, which aligns with our narrative on

investing in children’s health. Moreover, we anticipate that the policy will have positive

causal effects on mothers’ health, which can, in turn, be passed on to their children

(Emanuel et al., 1992; Eriksson et al., 2005).

Table 4.10 displays the directly intended effects of the policy. Those mothers af-

8Total family income comprises five components: wage income, total/net business income, property
income, transfer income, and other income.
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Table 4.9. Family income and expenditure

(1) (2) (3) (4) (5) (6)

Total Income Total Exp. Med. Exp. Public Ins. Commercial Ins.
Commercial Ins.

Spending

Policy 0.221** 0.084* -0.215 0.019 0.062*** 0.467***
(0.070) (0.036) (0.143) (0.029) (0.009) (0.094)

Mean 10.702 10.939 5.370 0.714 0.220 1.412
Observations 3,006 3,004 1,463 3,048 3,035 3,031
R2 0.277 0.320 0.234 0.164 0.079 0.088

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered
at the mothers’ birth years. The first two are taken from family level expenditure and the rest are
directly on children. Total family income comprises five components: wage income, total/net business
income, property income, transfer income, and other income. We take natural logs of total income and
expenditure (columns 1 and 2), medical expenditure (column 5), and commercial insurance spending
(column 6). Public and commercial insurance in columns (3) and (4) are binary variables.

Table 4.10. Policy effects on mothers’ demographic characteristics

(1) (2) (3)
No siblings Number of children College+

Policy 0.104** -0.168*** 0.137***
(0.029) (0.041) (0.019)

Mean 0.103 1.661 0.228
Observations 3,135 3,146 3,146
R2 0.292 0.246 0.233

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at the
mothers’ birth years. No siblings is a dummy variable and College+ is column (3) takes 1 if a mother
has a college degree or higher.

fected by the policy are more likely to have no siblings (column 1) and tend to have

fewer children (column 2). Their fertility rate decreases by more than 10% compared

to the average.9 Furthermore, they receive better education, with their likelihood of

attending college increasing by 13.7 percentage points, which is over 60% above the

mean (column 3). This result is consistent with other studies examining the impacts of

the one-child policy on women’s education (Huang et al., 2016a; Qin et al., 2017). This

9We believe the policy does not influence their decision on the number of children they have. Mothers
within our selected bandwidths were born between 1977 and 1982, making them 34 to 39 years old when
the policy was eliminated in 2016, which means they could still have another child. Additionally, when
the policy was still effective, richer couples in urban areas were willing to pay fines to have another
child (Burgess and Zhuang, 2002; Li et al., 2008).
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positive effect on education can also explain higher family incomes we observe above.

Table C.6 presents the policy effects on fathers’ demographic characteristics. We

observe contrary effects on fathers: their sibling sizes do not change and they tend to

have more children. Additionally, we do not see any difference in the rate of attending

college, suggesting that the policy does not improve fathers’ education achievement.

Table 4.11. Policy effects on mothers’ health status

(1) (2) (3) (4) (5) (6)
Discomfort Chronic Disease Self-rated health Unhealthy Observed health Distress

Policy -0.082** -0.062** -0.112** -0.066** 0.004 -0.009
(0.030) (0.016) (0.037) (0.019) (0.004) (0.020)

Mean 0.245 0.074 0.225 0.186 0.981 0.175
Observations 2,477 2,477 3,141 3,141 2,632 2,476
R2 0.052 0.046 0.219 0.129 0.040 0.150

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at the
mothers’ birth years. Discomfort takes 1 if a mother reported physical discomfort in the last two weeks.
Chronic disease is a dummy variable indicating whether a mother was diagnosed with a chronic disease
in the past six months. Self-rated health is a binary variable, with 1 indicating good health, while
Unhealthy takes 1 if they rated themselves as very unhealthy. Interviewer-observed health is a binary
variable, with 1 indicating good health. Distress is a binary variable where 1 indicates psychological
distress.

In terms of their health status, generally, we can see mothers who were born after

the policy date have better health outcomes (Table 4.11). Particularly, for mothers

born after the policy date, the likelihood of experiencing physical discomfort in the

last two weeks decreases by 8.2 percentage points (column 1) and the probability of

being diagnosed with a chronic disease in the past six months also decreases by 6.2

percentage points (column 2). These effects are not only statistically significant but

also substantial in magnitude. Columns 3 and 4 present the policy effects on their

self-rated health. Although they are more likely to rate their health as inferior (column

3), only 22.96% of the sample think they have good health. Therefore, we constructed

a variable called “unhealthy”, which was coded 1 if they perceived their body as very

unhealthy. A negative and significant estimate demonstrates that the likelihood of

mothers being very unhealthy is lower for those affected by the policy (column 4). With

regard to interviewer-observed health and mental distress, however, we do not see any

significant effects of the policy (column 5). We found similar results when examining
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the policy effects on fathers’ health, with substantial improvements in physical health

but insignificant improvements in mental health (Table C.7). These results support our

main analysis that children born to policy-affected fathers have better physical health

but no improvement in mental health. However, we still interpret these results with

caution due to smaller sample sizes and a narrower bandwidth associated with fathers’

dataset.

Parenting and Family interactions. Finally, we examine the parenting practices

and interactions between parents and children to explain the lower level of distress

among children whose parents are affected by the policy. Previous research has exten-

sively examined the relationship between child-rearing practice and children’s anxiety.

Children may lose their chances to advocate for their interests under parental psycho-

logical control, which triggers higher levels of mental distress (Chyung et al., 2022;

Luebbe et al., 2014; Rapee, 1997). McCoby (1983), building on the work of Baumrind

(1971), identifies four parenting styles characterized by levels of demandingness and

responsiveness. Parental demandingness or control significantly influences children’s

anxiety levels (Pinquart, 2017). High demands from parents cause worry and anxiety,

especially for those with executive functioning deficits to manage these concerns. Con-

versely, low parental demands reduce anxiety among children because they may not be

worried about meeting parents’ expectations (Lo et al., 2020; Soysa and Weiss, 2014;

Wong et al., 2019). Meanwhile, parental responsiveness is another important element

that decides the level of anxiety among children. High responsiveness from parents

strengthens the family bond and fosters children’s social and emotional development,

whereas children with less responsive parents are more prone to mental disorders and

struggle with social functioning (Davidov and Grusec, 2006; McCoby, 1983; Miller-

Slough et al., 2018).

We constructed several variables from the CFPS surveys to explore this mechanism.

Table 4.12 reports the policy effects on the interactions between parents and children.

We can see positive and significant impacts on overall home environment, as parents

are more actively involved in communicating with their children (column 1). However,
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Table 4.12. Interaction between parents and children

Interviewers’ observation Children’s Response Parents’ Response

(1) (2) (3) (4) (5) (6) (7) (8)
Active

Communication
Care about
Education

Quarrel
Heart-to-heart

Talk
Give up

watching TV
Discuss

Homework
Check

TV
Restriction

Policy 0.020** 0.010 0.788*** 0.422 0.063*** -0.064 -0.063** -0.052**
(0.005) (0.009) (0.187) (0.450) (0.015) (0.037) (0.024) (0.015)

Mean 0.869 0.855 1.335 2.527 0.567 0.452 0.705 0.596
Observations 2,530 2,573 1,090 1,022 2,014 2,019 1,991 2,019
R2 0.572 0.396 0.127 0.127 0.288 0.248 0.526 0.151

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at the mothers’
birth years. The first two variables are dummy variables, showing interviewers’ observations on whether parents
communicate with their child actively and on whether home environment indicates parents care about their
child’s education. The next two variables are only reported by those aged 9-15. Quarrel refers to the number
of times children quarrelled with their parents last month (column 3). Heart-to-heart talk refers to the number
of times children had a heart-to-heart talk with parents last month (column 4). The last four variables are
all dummy variables constructed based on parents’ responses: whether parents often give up watching TV to
avoid disturbing their child (column 5), whether parents often discuss happenings at school with their child this
semester (column 6), whether parents often ask their child to finish homework or check their child’s homework
(column 7) and whether parents restrict their child from watching TV or restrict the type of TV programs their
child could watch (column 8).

there is no significant difference in their concern for children’s education (column 2).

From children’s responses10, we see children more frequently communicate with their

parents, either talking or arguing (columns 3-4). For those early teenagers who are

beginning to seek independence, the increase in arguments may be a natural part

of enhanced communication and may not necessarily indicate a worse environment.11

Overall, our results suggest that parents are more responsive, and as a result, children

also have more opportunities to speak up for themselves.

Meanwhile, based on parents’ responses, it is evident that parents born after the

policy cut-off tend to put less educational pressure on their children. They are 6.3 pp

more likely to forgo watching TV to avoid disturbing their children (column 5). Al-

though they are less likely to engage in discussions about school activities with them,

this estimate is statistically insignificant (column 6). They tend to exert less pres-

sure on their children, as evidenced by their reduced likelihood of checking children’s

homework or requiring their children to complete homework (column 7). Additionally,

these parents are also less likely to impose restrictions on their children’s TV watching

10Only children aged 9-15 provide answers to these questions.
11Table C.9 displays the results when we restrict our sample to those aged 9 or above. The results

stay consistent, suggesting more communication between parents and children.
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(column 8).12

Literature on parenting styles suggests that the ideal parenting style is “authorita-

tive”, associated with high responsiveness and an appropriate level of parental control

that can promote child autonomy (Baumrind et al., 2010; Doepke and Zilibotti, 2017b).

We lack sufficient evidence to determine the exact level of control these parents exert

on their children; however, our results indicate that policy-affected parents exhibit high

responsiveness and put less pressure on their children. Children benefit from increased

parents’ warmth and support, enjoy a more relaxed environment, and have greater

freedom in their actions. Our findings align with existing research on Chinese parents,

which indicates that increased parental responsiveness towards their children results

in lower psychological distress, especially among single kids (Liu et al., 2010; Lu and

Chang, 2013).

4.7 Conclusion

China’s one-child policy, although formally abolished and relaxed in 2016, has had

long-lasting and profound effects on the entire population. For 35 years, the policy

restricted most Chinese families to one child, directly affecting at least two generations

and leading to many unexpected consequences for family structure. In this paper, we

empirically examine the intergenerational effects of the one-child policy on the health

outcomes of children whose parents were directly affected by it. Using data from the

China Family Panel Studies (CFPS), we provide causal evidence on how the policy,

which significantly altered family size and dynamics, affected the physical and mental

health of the next generation.

Our results show that children of mothers born after the policy was implemented

show significant improvements in both physical and mental health. These children are

less likely to be ill, rate their health more positively, and are observed by interviewers to

be healthier. They also show lower levels of psychological distress, suggesting a positive

12We do not see any effects on parental practices and parent-child interaction from the fathers’ side
(Table C.8). This supports our main finding using fathers’ dataset that there is no discontinuity in
children’s level of distress at the policy cut-off.
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impact of the policy on their mental well-being.

We emphasize the importance of focusing on mothers’ side because of the unique

benefits observed for urban Han daughters under the one-child policy. These findings

are consistent with the theoretical framework of the quantity-quality trade-off, where

reduced family size leads to increased investment in the health and education of each

child. Furthermore, our results suggest that the intergenerational transmission of health

and improved parental health are key mechanisms driving these results. Parents who

benefit from the policy tend to be more responsive and less demanding, contributing

to the lower levels of distress observed in their children.

Our study contributes to the literature on quantity-quality trade-offs and intergen-

erational effects by providing comprehensive evidence from a nationally representative

dataset. We highlight the broader impact of family planning policies on child health

and well-being, and emphasize the need to consider both direct and spillover effects in

policy evaluations.

In conclusion, despite its controversial nature and significant social consequences,

the one-child policy in China has led to remarkable improvements in the health of

the next generation. These findings provide valuable insights for policymakers and

researchers interested in the long-term effects of family planning policies and their role

in shaping population health and family dynamics.
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Chapter 5

Conclusion

5.1 Summary

This thesis aims to provide evidence on the unintended consequences of income in-

equality, gendered labor market beliefs, and family planning policies. In three distinct

essays, it provides comprehensive evidence on how peers, beliefs, and policies inter-

act with individual and group behaviors, ultimately shaping long-term outcomes in

education, labor markets, and health.

Chapter 2 focuses on the effects of income inequality among school peers on stu-

dents’ educational outcomes. The results underscore that exposure to income inequality

within schools has heterogeneous effects across the income distribution. Low-income

students benefit from an increase in low-income peers, which increases their proba-

bility of university completion, while high-income students experience a decrease in

motivation and completion rates. The proposed model of social comparison helps to

rationalize these findings, highlighting how relative positioning within the income distri-

bution can generate either motivation or frustration. The descriptive evidence further

shows that social integration within schools can moderate these effects, suggesting a

potential mitigating solution of increasing cross-income group links and social cohesion.

Chapter 3 examines gendered beliefs about parental labor supply and its perceived

impact on children’s development. The novel survey design and experiment reveal that

beliefs about mothers’ and fathers’ working hours significantly influence labor supply
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decisions and their children’s human capital development. The study finds that beliefs

about the negative impact of mothers working long hours on children’s outcomes are

particularly strong among men and conservative voters. However, the provision of

information showing positive outcomes for children when mothers work full-time can

lead to an updating of beliefs, particularly among those with initially more positive

perceptions. This suggests that targeted information campaigns could be effective in

addressing gendered labor market disparities.

Chapter 4 studies the intergenerational effects of China’s one-child policy on health

outcomes. The results show that, despite its controversial nature, the policy has had

significant positive effects on the physical and mental health of the second generation

in urban areas. Children born to urban Han mothers affected by the policy report

better health outcomes, consistent with the quantity-quality trade-off theory. The

study highlights the role of improved parental health and reduced family size in driving

these results, providing important insights into the long-term and spillover effects of

family planning policies on population health.

In conclusion, these chapters contribute to a deeper understanding of how income

inequality, gendered beliefs, and family planning policies interact with social and indi-

vidual behaviors to produce complex and often unintended consequences. The findings

have important implications for policymakers aiming to address educational and income

inequalities, gender gaps in the labor market, and the long-term effects of population

control policies.

5.2 Further Research

For the extension of Chapter 3, we are conducting a full-scale experiment designed to

address some limitations of the pilot study. This refined experiment will have more

participants, thereby increasing the statistical power and robustness of the results.
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Appendix A

Chapter 2 Appendix

A.1 Mathematical Proofs

Proof of Proposition 1. To begin with, it is useful to summarize the properties of

the functional forms adopted in the model of Section 2.5, that is, b(0) = 0, b′(y) > 0,

b′′(y) < 0, and limy→∞ b′(y) = 0, limy→0 b
′(y) = ∞; c(0) = 0, c′(e) > 0, c′′(e) > 0, and

lime→∞ c′(e) = ∞; and µ(0) = 0, µ′(y − r) > 0, µ′′(y − r) < 0 if y > r (concavity over

gains) and µ′′(y − r) > 0 if y < r (convexity over losses), and limy→r µ
′(y − r) = ∞.

All functions are continuous, and continuously differentiable, the only exception being

µ which is not differentiable at y = r. Next, we proceed by analyzing the properties of

the solution for the case in which y > a, denoted by ẽ(θ, a)+ and then for the case in

which y < a, denoted by ẽ(θ, a)−.

Case of y > r. By definition, ẽ(θ, r)+ is the level of effort at which the first-order

condition given by (2.5) is satisfied. Since

uee = [b′′(y) + µ′′(y − r)]θ2 − c′′ < 0

where µ′′(y − r) < 0 when y > r, we conclude that u is strictly concave in e. This,

together with the fact that as e gets smaller (so that y approaches r from above),

limy→r ue = ∞ due to the fact that limy→r µ
′(y − r) = ∞, and as e gets larger,

lime→∞ ue = −∞ due to the fact that lime→∞ c′(e) = ∞, enables us to conclude that
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ẽ(θ, r)+ always exists, it is unique, and strictly positive. Moreover, note that

uer = −µ′′(y − r)θ > 0,

where µ′′(y− r) < 0 when y > r, enabling us to deduce by implicit differentiation that

ẽ+r = −uer/uee > 0, implying that ẽ(θ, r)+ is increasing in r.

Case of y < a. By definition ẽ(θ, r)− would be the level of effort at which the

first-order condition given by (2.6) is satisfied. However,

uee = [b′′(y) + µ′′(y − r)]θ2 − c′′,

the sign of which remains ambiguous, since µ′′(y−r) > 0 when y < r. Hence, we cannot

conclude whether u is concave or convex in e in the domain of losses. Nevertheless, we

can deduce that the marginal benefit of effort have a U-shape form, since limy→0 b
′ = ∞,

limy→a µ
′ = ∞ and

ueee =
{
[α− 2][α− 1]α[θe]α−3 + [β − 2][β − 1]β[r − θe]β−3

}
θ3 > 0.

This imply that we cannot be sure that a solution exists, or that if it does, that it is

unique. To proceed, we denote the value of r at which the slope of the left-hand side

of (2.6) is equal to the slope of the right-hand side, by r̂. Formally, this is the value of

r at which uee = 0. This value exists, and it is unique since

uer = −µ′′(y − r)θ < 0

when y < r. That is, as we increase r, the left-hand side of (2.6) will cross the right-

hand side, and r̂ is the value of r at which these are tangent. This imply that if r < r̂

then there is no solution for the case of y < r and the solution is ẽ(θ, r)+; while if r > r̂

then there are two solutions, one at which uee > 0 and one at which uee < 0. If we had

modelled variable marginal cost (e.g. c′(e) = ϕe, ϕ > 0, rather than ϕ being normalised

to one as in the model section), uee > 0 would imply that ẽ(θ, r)− is increasing in its
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marginal cost, while uee < 0 would imply that ẽ(θ, r)− is decreasing in its marginal

cost, which is the one we consider. Hence, if r < r̂ there is no solution in the loss

domain, and the student will choose ẽ(θ, r)+ (which always exists); while if r ≥ r̂ there

always exist two local solutions: one such that y > r and one such that y < r. In this

case, we assume the student will choose the one that yields the higher utility, in line

with the principle of utility maximization. To prove that ẽ(θ, r)− is decreasing in r we

use the fact that uer = −µ′′(y− r)θ < 0 which follows from the fact that µ′′(y− r) > 0

when y < r. Hence, implicit differentiation yields ẽ−r = −uer/uee < 0, implying ẽ(θ, r)−

is decreasing in r.

Next, we prove that r∗ exists and that it is unique. For this, it is sufficient to

consider a situation in which r ∈ [0, r] where r > r̂ and suppose that y > r such that

the solution is ẽ(θ, r)+ and that u(ẽ(θ, r)+, θ, r) > u(ẽ(θ, r)−, θ, r). Application of the

envelope theorem implies that both u(ẽ(θ, r)+, θ, r) and u(ẽ(θ, r)−, θ, r) are decreasing

in r, where (from the first order conditions (2.5) and (2.6))

du(ẽ(θ, r)+, θ, r)

dr
= −β[θẽ+ − r]β−1 = α[θẽ+]α−1 − ẽ+

θ

< α[θẽ−]α−1 − ẽ−

θ
= −β[r − θẽ−]β−1 =

du(ẽ(θ, r)−, θ, r)

dr
,

and where the inequality follows from the concavity of b and the fact that ẽ+ − ẽ− > 0

at a given r. This implies that as we increase r, u(ẽ(θ, r)+, θ, r) decreases faster than

u(ẽ(θ, r)−, θ, r), and that there exists a value of r, denoted by r∗ ≡ r∗(θ), at which

u(ẽ(θ, r)+, θ, r)− u(ẽ(θ, r)−, θ, r) = 0,

(and for which we assume the solution to be given by ẽ(θ, r)+). Further note that

if r > r∗ then it must be that u(ẽ(θ, r)+, θ, r) < u(ẽ(θ, r)−, θ, r), implying that the

solution switches from being ẽ(θ, r)+ to ẽ(θ, r)− and y < r. Next, since ẽ(θ, r)− is

decreasing in r it implies that as we increase r further beyond r∗ then y remains below

r. The same logic applies for all r ∈ [0, r∗], since as we increase r, and ẽ(θ, r)+ is

increasing in r, then y remains above r. This implies that r∗ is unique.
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To conclude, we prove that r∗ is increasing in θ. From the definition of r∗ above,

implicit differentiation yields:

dr∗(θ)

dθ
= −

du(ẽ(θ, r)+, θ, r)

dθ
− du(ẽ(θ, r)−, θ, r)

dθ
du(ẽ(θ, r)+, θ, r)

dr
− du(ẽ(θ, r)−, θ, r)

dr

> 0,

since the results above imply that the denominator is negative, while application of the

envelope theorem implies that

du(ẽ(θ, r)+, θ, r)

dθ
=

{
α[θẽ+]α−1 + β[θẽ+ − r]β−1

}
ẽ+

=
ẽ+

θ
ẽ+

>
ẽ−

θ
ẽ−

=
{
α[θẽ−]α−1 + β[r − θẽ−]β−1

}
ẽ− =

du(ẽ(θ, r)−, θ, r)

dθ
.

Hence, the numerator is positive, implying r∗ is increasing in θ. ■

Proof of Proposition 2. This proof proceeds in two steps. First we show that

the level of effort at which y = r, defined by ē(θ, r(θ, F θ)) ≡ r(θ,F θ)
θ , is decreasing in θ.

Then we prove the existence and uniqueness of θ∗.

Consider ē(θ, r(θ, F θ)) for given capacity θ and distribution F θ, our assumptions

on r imply that, for θ2 = λθ1 with λ > 1:

ē(θ2, r(θ2, F
θ)) =

r(θ2, F
θ)

θ2

<
r(θ2, λF

θ)

θ2
=

r(λθ1, λF
θ)

λθ1
=

λr(θ1, F
θ)

λθ1
= ē(θ1, r(θ1, F

θ)).

Hence ē(θ, r(θ, F θ)) decreasing in θ (and increasing in r). Next, from Proposition 1 we

know that if r < r∗ then ẽ+ > ē, and if r > r∗ then ẽ− < ē. Hence, there exists a

unique ē∗(θ, r∗(θ)) such that for all (θ, r) with ē(θ, r) > ē∗(θ, r∗(θ)) then r > r∗ and

y < r, while for all (θ, r) with ē(θ, r) < ē∗(θ, r∗(θ)) then r < r∗ and y > r. This, along

with the result established above that ē(θ, r(θ, F θ)) is decreasing in θ, can be used to

151



Appendix A. Chapter 2 Appendix

deduce that if ē(θ, r(θ, F θ)) > ē∗(θ, r∗(θ)) for some θ1 ≤ θ∗ so that r(θ1, F
θ) > r∗(θ1),

then this will be the case for all θ < θ1; while if ē(θ, r(θ, F θ)) < ē∗(θ, r∗(θ)) for some

θ2 > θ∗ so that r(θ1, F
θ) < r∗(θ1), then this will be the case for all θ > θ2. ■

Proof of Proposition 3. First note that if GI > F I , then r(I,GI) < r(I, F I)

for any given I, hence, the reference outcome decreases for all students. Next, con-

sider low income students, for which initially r(I, F I) > r∗(I). If r(I,GI) < r(I, F I)

then ẽ(I, r(I,GI))− > ẽ(I, r(I, F I))− by the results established in Proposition 1, since

our assumption that GI is such that r(I lF , G
I) > r∗(I) ensures that this is true for

any r(I,GI) with I ≤ I lF : even the richest of the low income students remains frus-

trated. Then consider high income students, for which initially r(I, F I) < r∗(I). Since

r(I,GI) < r(I, F I) then r(I, F I) < r∗(I) and ẽ(I, r(I,GI))+ < ẽ(I, r(I, F I))+ by the

results established in Proposition 1. Finally, consider middle income students. There

is a fraction of these students endowed with I ∈ (I∗F , I
h
F ) for which r(I,GI) < r∗(I),

which implies they behave the same as high income students. However, there is also

a fraction of these students endowed with I ∈ (I lF , I
∗
F ) whom will increase their effort

only as long as the decrease in r is such that r(I,GI) > r∗(I); while they will decrease

their effort if the decrease in r is such that r(I,GI) < r∗(I). ■
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A.2 Additional Tables and Figures

Table A.1. Summary statistics

Analytic Sample = 11,165 Full Sample

Mean SD Min Max Mean Mean diff. p-value

(1) (2) (3) (4) (5) (6) (7)

A. Outcome and Treatment
College Graduate in wave IV 0.33 0.47 0 1 0.32 0.01 0.01
Share of Low Income Peers (SLP−ics) 0.34 0.20 0 1 0.35 -0.01 0.00
B. Student Characteristics
Logged Household Income 3.56 0.84 0 7 3.52 0.04 0.00
Female 0.52 0.50 0 1 0.51 0.01 0.00
Age 15.47 1.68 11 19 15.66 -0.19 0.00
Hispanic 0.15 0.35 0 1 0.17 -0.02 0.00
White 0.59 0.49 0 1 0.52 0.07 0.00
Black 0.20 0.40 0 1 0.22 -0.02 0.00
Asian 0.05 0.21 0 1 0.07 -0.02 0.00
Other Races 0.02 0.13 0 1 0.02 0.00 0.08
Family Size 3.79 1.21 2 12 3.77 0.02 0.19
Child of and Immigrant 0.17 0.38 0 1 0.22 -0.05 0.00
Less than HS Parents 0.10 0.30 0 1 0.13 -0.03 0.00
HS or GED Parents 0.29 0.46 0 1 0.30 -0.01 0.16
Some College Parents 0.22 0.42 0 1 0.21 0.01 0.02
College Parents 0.25 0.43 0 1 0.23 0.02 0.00
Postgraduate Parents 0.13 0.34 0 1 0.12 0.01 0.07
Single Parent Household 0.30 0.46 0 1 0.32 -0.02 0.00
Grade 7 0.14 0.35 0 1 0.13 0.01 0.00
Grade 8 0.14 0.35 0 1 0.13 0.01 0.00
Grade 9 0.19 0.39 0 1 0.17 0.02 0.00
Grade 10 0.20 0.40 0 1 0.19 0.01 0.21
Grade 11 0.18 0.38 0 1 0.18 0.00 0.46
Grade 12 0.15 0.35 0 1 0.16 -0.01 0.00

Notes: Column (1) - (4) in this table present summary statistics for the sample in wave I of AddHealth
after restricting to our analytic sample but before imputing the sample, which has 11, 165 observations
left. Column (5) presents the mean of full sample available from the dataset. Each variable has around
20,000 observations in the full sample. Column (6) shows the difference in means and column (7)
presents the p-values from the mean-comparison tests.
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Table A.2. Additional summary statistics

Mean SD Min Max

A. GPA and Advanced Courses Taking
Self-reported GPA at wave I 2.80 0.77 1 4
Transcript average GPA after treatment 2.44 0.89 0 4
Advanced Math courses taking 0.41 0.49 0 1
Advanced Science courses taking 0.46 0.50 0 1
Advanced English couses taking 0.24 0.43 0 1
Taking more than one advanced couses 0.60 0.49 0 1
B. Frustration and Motivation
Self esteem 28.56 4.14 7 35
Intelligent feelings compared to others 3.90 1.08 1 6
CES-D mental health scale 11.02 7.46 0 54
Motivation 3.78 0.91 1 5

Observations 11165

Notes: This table presents additional summary statistics on GPA and advanced courses taking in
Table 2.3 and frustration and motivation measures in Table 2.4 after restricting to our analytic sample.
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Table A.3. Frustration and motivation variables

Original questions Answer modalities Final indicator

Self-Esteem

1. You have a lot of good qualities.
1. strongly agree
2. agree
3. neither agree nor disagree
4. disagree
5. strongly disagree

We reverse code the raw
variables, then aggregate those 7
variables to get the self-esteem
variable. Higher values imply
higher self-esteem.

2. You are physically fit.
3. You have a lot to be proud of.
4. You like yourself just the way you are.
5. You feel like you are doing everything just about right.
6. You feel socially accepted.
7. You feel loved and wanted.

Intelligent Feeling
Compared with other people your age, how Intelligent are
you?

1. moderately below average
2. slightly below average
3. about average
4. slightly above average
5. moderately above average
6. extremely above average

CES-D scale

1. You were bothered by things that don’t usually bother
you.

0. never or rarely
1. sometimes
2. a lot of the time
3. most of the time or all the
time

We reverse code items 4, 8, 11,
15 and aggregate those 19
variables to get a final score
ranging from 0 to 57, which
higher scores indicating a higher
propensity for despressive
symptoms.

2. You didn’t feel like eating, your appetite was poor.
3. You felt that you could not shake off the blues, even with
help from your family and your friends.
4. You felt you were just as good as other people.
5. You had trouble keeping your mind on what you were
doing.
6. You felt depressed.
7. You felt that you were too tired to do things.
8. You felt hopeful about the future.
9. You thought your life had been a failure.
10. You felt fearful.
11. You were happy.
12. You talked less than usual.
13. You felt lonely.
14. People were unfriendly to you.
15. You enjoyed life.
16. You felt sad.
17. You felt that people disliked you.
18. It was hard to get started doing things.
19. You felt life was not worth living.

Motivation

1. During the 1994-1995 school year, how often did you
have trouble paying attention in school?
2. During the 1994-1995 school year, how often did you
have trouble getting your homework done?

0. never
We reverse code these raw
variables and take the mean.
Higher values imply less
trouble/higher motivation.

1. just a few times
2. about once a week
3. almost everyday
4. everyday

Notes: This table presents details of the construction of the frustration and motivation variables in
Table 2.4.
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Figure A.1. Variation in share of low-income peers

(a) Raw variation
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(b) Variation post removal of school and cohort fixed effects
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Notes: This figure presents a histogram of the share of low-income peers in our analytic sample. Panel
(a) reports the variations in the sample, and panel (b) reports this variation after removal of school
and cohort fixed effects with the sample mean added back to place it on the same scale as panel (a).
Vertical lines denote the 2.5 and 97.5 percentiles.
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Figure A.2. Variation between the share of low-income peers and school quality het-
erogeneous to own income groups conditional on school fixed effects

(a) Bottom 20
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(b) Middle
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(c) Top 20
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Notes: These figures present the share of low-income peers and its residual after removal of school
fixed effects with the sample mean added back to it for the bottom 20th, middle, and top 20th of
the household income distribution by schools. Schools are sorted based on the mean logged household
income of students from the lowest to the highest.
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Figure A.3. Associations: PVT scores, rank, and household income

(a) PVT and ln(Income)
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(b) PVT Rank and ln(Income)
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(c) PVT Rank and ln(Income): Control for PVT
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Notes: In all panels, we control for school fixed effects so associations are based on within school
variation. Panel (a) reports a scatter plot and line of best fit between the residuals of the picture
vocabulary test (PVT) scores and logged household income after removing school fixed effects. We
add the full mean back to place the plot on the scale of the original variables. Panel (b) reports a bin
scatter plot between the percentilized PVT school cohort rank based on the PVT scores and logged
household income. Panel (c) reports the same as (b) but we control additionally for students’ PVT
scores.
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Figure A.4. Gap between individual and school-cohort peer mean of logged household
income
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Notes: For each household income decile, this figure presents box plots of the interquartile range
overlaid with lines for the mean and median.
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Figure A.5. Associations of covariates with university completion
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Notes: This figure presents a linear specification for logged household income and other characteristics.
The base race in our specification is white, and we control for school and cohort fixed effects.
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Table A.4. Long-run effects on labour market outcomes

Wave IV Log Individual Income

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

SLP−ics × Bottom 20 0.33 0.89*** 0.79** 0.67*
(0.25) (0.29) (0.38) (0.39)

SLP−ics × Middle 0.24 0.37* 0.33 0.30
(0.15) (0.21) (0.30) (0.19)

SLP−ics × Top 20 -0.05 0.06 0.08 0.05
(0.24) (0.30) (0.37) (0.41)

School-specific Cohort Trends No No Yes No
School-specific Income Trends No No No Yes
Wave IV Sampling Weight No Yes Yes Yes

Mean Log Income 10.18 10.16 10.16 10.16
Observations 9919 9614 9614 9614
R2 0.115 0.171 0.186 0.197

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. School and cohort fixed effects are included in all
specifications. Standard errors are in parentheses and clustered at the school level. Each specification
includes all controls as in our preferred baseline specification in column (2) of Table 2.2. We trim our
data to our analytic sample as in Table 2.2 and use Wave IV log household income as the long-run
labor market outcome variable. We use Wave IV sampling weight to adjust the attrition in column (2)
- (4). The sample weight was computed by the attrition for selecting schools and adolescents, as well
as characteristics related to non-response. We further add school-specific cohort trends in column (3)
and school-specific income trends in column (4). The result is consistent once we relax the sample size
to the fully available sample in Table A.17.
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A.3 Robustness Checks

Table A.5. Robustness to different definitions for the share of low-income peers

SLP−ics × Bottom 20 SLP−ics × Middle SLP−ics × Top 20

(1) (2) (3)

Original 0.18** 0.02 -0.25**
(0.07) (0.07) (0.11)

Bottom 20th Percentile 0.22*** -0.01 -0.32**
(0.08) (0.07) (0.16)

Below Median 0.13** 0.03 -0.09
(0.06) (0.05) (0.09)

By School Region and Family Size 0.18*** -0.00 -0.19*
(0.06) (0.06) (0.11)

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. School and cohort fixed effects are included in all
specifications. Standard errors are in parentheses and clustered at the school level. Each specification
includes all controls as in our preferred baseline specification in column (2) of Table 2.2. The first row
shows the results of our original definition of the share of low-income peers. In the second row, we
define the share of low-income peers as the share of peers in the bottom 20th percentile of household
size for a given family size. In the third row, we define the share of low-income peers as the share of
peers below the median of household income for a given family size. In the fourth row, we define the
share of low-income peers as share of peers in the bottom 3rd of the household income distribution by
school region, school urbanicity, and a family size indicator (whether the family size is larger than 4).
Observations are equal to 11,165 as our analytic sample size in each specification.
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Table A.6. Robustness to non-linearity in household income

Iterations of LnHHInc Polynomials Ventiles

(1) (2) (3) (4) (5)

SLP−ics × Bottom 20 0.18∗∗ 0.17∗∗ 0.16∗∗ 0.16∗∗ 0.16∗∗

(0.07) (0.07) (0.07) (0.07) (0.07)
SLP−ics × Middle 0.01 0.02 0.02 0.02 0.03

(0.07) (0.07) (0.07) (0.07) (0.06)
SLP−ics × Top 20 -0.25∗∗ -0.25∗∗ -0.26∗∗ -0.26∗∗ -0.26∗∗

(0.11) (0.11) (0.11) (0.11) (0.11)
(LnHHInc)3 -0.01∗∗∗ 0.01 0.10∗∗ 0.02

(0.00) (0.01) (0.05) (0.17)
(LnHHInc)4 -0.00∗∗ -0.02∗∗ 0.00

(0.00) (0.01) (0.05)
(LnHHInc)5 0.00∗ -0.00

(0.00) (0.01)
(LnHHInc)6 0.00

(0.00)

H.H. Income Ventiles No No No No Yes
Observations 11165 11165 11165 11165 11165

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. School and cohort fixed effects are included in all
specifications. Standard errors are in parentheses and clustered at the school level. Each specification
includes all controls as in our preferred baseline specification in column (2) of Table 2.2. Column (5)
includes household income ventiles to control for non-linearity.
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Table A.7. Subsample analysis

University Graduate

(1) (2) (3) (4) (5) (6)

SLP−ics × Bottom 20 0.27** 0.23*
(0.14) (0.13)

SLP−ics × Middle -0.03 -0.02
(0.08) (0.08)

SLP−ics × Top 20 -0.34 -0.39*
(0.21) (0.21)

Own-Ability Polynomials No No No Yes Yes Yes
School-Cohort Ability Rank No No No Yes Yes Yes

Observations 2180 6920 2065 2180 6920 2065

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. School and cohort fixed effects are included in all
specifications. Standard errors are in parentheses and clustered at the school level. Columns (1) - (3)
include all controls as in our preferred baseline specification in column (2) of Table 2.2. Columns (4) -
(6) add additional controls as in our specification in column (4) of Table 2.2.

Table A.8. Placebo test

Placebo treatment Placebo outcome

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

SLP−ics × Bottom 20 0.08 -0.08 -0.03 -0.11
(0.06) (0.10) (0.06) (0.12)

SLP−ics × Middle -0.04 -0.05 -0.00 0.01
(0.05) (0.05) (0.05) (0.05)

SLP−ics × Top 20 -0.20** 0.03 -0.07 0.05
(0.09) (0.11) (0.06) (0.09)

School-specific Income Trends No Yes No Yes

Observations 11047 11047 11149 11149

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. School and cohort fixed effects are included in all
specifications. Standard errors are in parentheses and clustered at the school level. Each specification
includes all controls as in our preferred baseline specification in column (2) of Table 2.2. Columns (1)
- (2) estimate the effects of the placebo share of low-income peers on the probability of graduating
from university. The placebo share of low-income peers is defined using the share of low-income peers
in another cohort within the same school. Columns (3) - (4) estimate the effects of actual share of
low-income peers on the placebo outcome, which is an indicator of ever repeated a cohort. Column (2)
and column (4) add the school-specific income trends to the baseline specification.
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Table A.9. Attrition analysis and sampling weights

University Graduate
Attrited in Wave IV IPW Adjusted Weighted

(1) (2) (3) (4) (5) (6) (7)

Share of Low Income Peers -0.05 0.07
(0.04) (0.06)

SLP−ics × Bottom 20 -0.08 0.05 0.19*** 0.23** 0.26***
(0.06) (0.07) (0.07) (0.10) (0.08)

SLP−ics × Middle -0.05 0.08 0.03 -0.01 0.04
(0.05) (0.07) (0.06) (0.07) (0.07)

SLP−ics × Top 20 -0.05 0.10 -0.23** -0.27** -0.26*
(0.06) (0.09) (0.11) (0.13) (0.14)

School and Grade Fixed Effects No Yes No Yes Yes Yes Yes
School-specific Income Trends No No No No No Yes No

Share Attrited .22 .22 .22 .22 .22 .22 .22
Observations 14339 14339 14339 14339 11115 11115 10818
R2 .026 .049 .027 .05 .24 .25 .27

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. School and cohort fixed effects are included in all
specifications. Standard errors are in parentheses and clustered at the school level. Each specification
includes all controls as in our preferred baseline specification in column (2) of Table 2.2. The dependent
variable in columns (1) - (4) is an indicator equal to one if an individual has attrited in wave IV and
zero otherwise. Estimates of marginal effects are for the share of low-income peers in the bottom 20th
percentile of household income, for the middle, and finally for the top 20th percentile of household
income. In columns (5) - (6), we calculate treatment effects of the share of low-income peers on the
probability of graduating from university using inverse probability weighting, where the weights are
calculated as the predicted probability of being in wave IV follow-up sample based on the available
baseline controls as in column (2) of Table 2.2. We further add the school-specific income trends to
the baseline specification in column (6). We use Wave IV sampling weight designed for estimating
single-level models to adjust the attrition in column (7). The sample weight was computed by the
attrition for selecting schools and adolescents, as well as characteristics related to non-response.

165



Appendix A. Chapter 2 Appendix

Simulations to assess measurement errors. We present simulations to assess the

role of two forms of measurement error. We assume the following data generating

process (DGP):

Yis = 0.18SLPis ×B20i − 0.25SLPis × T20i + 0.01ln(Inci)

where Y denotes our outcome, SLPis denotes the leave-one-out percentage share of

peers from low-income households in their school cohort defined by the bottom third

of the simulated income distribution, and Inci denotes a student’s household income,

which is randomly drawn from a log-normal distribution with the log-income mean of 3.5

and standard deviation of 0.85 (ln(Inc) ∼ N(3.5, 0.85)), consistent with our analytical

data. The indicator variables B20i and T20i flag observations in the bottom and top

20th deciles of the simulated income distribution. For the simulations, we use variation

across schools abstracting away from multiple cohorts in each school. However, we

model no selection effects into schools, thus variation across schools in our simulations

is exogenous conditional on income. The parameters in the DGP (β1 = 0.18, β2 = 0,

and β3 = −0.25) are based on the specification shown in column (1) of Table 2.2.

First, we assess the consequences of observing a random subsample of students per

school using Monte Carlo simulations. Based on our DGP we run 1000 repetitions with

500 schools/cohorts each and 240 students per school, re-drawing Inci and SLPis at

each repetition. We evaluate the simulated data with the following specification:

y = β1SLPics ×B20i + β2SLPics ×Midi + β3SLPics × T20i + γln(Inci).

Additionally, we also evaluate it based on subgroups by income (B20i,Midi, T20i).

Second, we consider measurement error in our measure of income. Based on the

same DGP but using mismeasured income we run the same regression as above at each

repetition and combine this with the sampling error running a 100% sample and a 30%

of the school sample. Results from the simulations are presented below.
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Figure A.6. Simulations to assess bias due to random sampling within schools
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(c) Top 20 group
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Notes: These figures present results from Monte Carlo simulations with 1000 repetitions of 500 schools
for the bottom 20, middle, and top 20 groups respectively. The vertical dashed line of 30% is the average
percentage of an Add Health school that was sampled.
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Figure A.7. Simulations to random sampling within schools: subsample analysis
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(b) Middle group
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Notes: These figures present subsample analysis results from Monte Carlo simulations with 1000
repetitions of 500 schools for the bottom 20, middle, and top 20 groups respectively. The vertical
dashed line of 30% is the average percentage of an Add Health school that was sampled.
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Table A.10. Simulations to assess bias due to measurement error in income

Simulation: Measurement error in income
DGP: Yis = 0.18SLP−is ×B20i − 0.25SLP−is × T20i + 0.01ln(Inci);

ln(Inci) ∼ N (3.5, 0.85);

˜ln(Inci) ∼ ln(Inci) + ϕ · vi; ϕ ∈ [0, 1]; vi ∼ N (0, 0.85);

Estimate: Yis = β1S̃LP−is ×B20i + β2S̃LP−is ×Midi + β3S̃LP−is × T20i + γ ˜ln(Inci)
Measurement error (ϕ)

100% sampling 0 0.2 0.4 0.6 0.8 1.0

SLP−ics ×B20 0.18 0.09 0.04 0.01 0.00 -0.00
(100%) (52%) (22%) ( 6%) ( 0%) (-2%)

SLP−ics ×Mid 0.00 -0.00 -0.00 -0.00 -0.00 -0.00
SLP−ics × T20 -0.25 -0.15 -0.09 -0.05 -0.03 -0.02

(100%) (61%) (35%) (20%) (13%) ( 9%)

30% sampling

SLP−ics ×B20 0.17 0.09 0.04 0.02 0.00 0.00
(94%) (51%) (23%) ( 9%) ( 3%) ( 0%)

SLP−ics ×Mid 0.01 0.01 0.01 0.00 0.00 0.00
SLP−ics × T20 -0.22 -0.13 -0.07 -0.04 -0.03 -0.02

(88%) (53%) (30%) (17%) (10%) ( 7%)

Notes: This table presents the results of Monte Carlo simulations with 1000 repetitions of 500 schools
each. Shares in parentheses report the ratio of the estimate to the true coefficient from the data-
generating process. For the middle group, the ratio is not reported because the true coefficient is
0.
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A.4 Romano-Wolf p-value Adjustment

Table A.11. Romano-Wolf p-value adjustment for university graduation

University Graduate

(1) (2) (3) (4) (5) (6)

SLP−ics × Bottom 20
Original p-value 0.015 0.012 0.013 0.006 0.004 0.027
Romano-Wolf p-value 0.028 0.026 0.026 0.010 0.010 0.044
SLP−ics × Middle
Original p-value 0.854 0.810 0.922 0.986 0.396 0.783
Romano-Wolf p-value 0.948 0.926 0.948 0.982 0.521 0.926
SLP−ics × Top 20
Original p-value 0.030 0.028 0.017 0.014 0.139 0.028
Romano-Wolf p-value 0.052 0.052 0.028 0.028 0.190 0.052

Notes: We use Romano and Wolf’s step-down adjusted p-values to conduct multiple hypothesis testing
(Clarke et al., 2020; Romano and Wolf, 2005) across specifications. This table provides p-values
after controlling for the family-wise error rate. The specifications match specifications in our baseline
Table 2.2.

Table A.12. Romano-Wolf p-value adjustment for GPA and advanced courses

GPA Advanced Courses

Self Transcript Math Science English More than one

(1) (2) (3) (4) (5) (6)

SLP−ics × Bottom 20
Original p-value 0.719 0.001 0.008 0.130 0.552 0.006
Romano-Wolf p-value 0.998 0.026 0.070 0.535 0.978 0.054
SLP−ics × Middle
Original p-value 0.553 0.018 0.522 0.928 0.821 0.337
Romano-Wolf p-value 0.978 0.122 0.978 1.000 1.000 0.884
SLP−ics × Top 20
Original p-value 0.304 0.891 0.494 0.089 0.356 0.994
Romano-Wolf p-value 0.858 1.000 0.968 0.413 0.892 1.000

Notes: We use Romano and Wolf’s step-down adjusted p-values to conduct multiple hypothesis testing
(Clarke et al., 2020; Romano and Wolf, 2005) on different outcomes. This table provides p-values after
controlling for the family-wise error rate.
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A.5 Mechanisms and Additional Results

A.5.1 Results Explained by Alternative Mechanisms?

We now describe our analysis testing whether our results on the share of low income

peers capture dimensions related to peer ability, responses by teachers, disruptive peer

behaviour, and responses by parents.

Non-linearity in Peer Ability

One possibility is that our results are explained by non-linear effects from the peer

ability composition (Booij et al., 2017; Duflo et al., 2011; Feld and Zölitz, 2017). This

literature suggests that non-linear peer ability effects may stem from changes in teaching

practices that are more or less conducive to different ability groups. Alternatively, it

also points out factors directly related to peer interactions – helping studying, inducing

more effort, better information, etc. – that can generate differential responses to peer

ability. Generally, the evidence suggests that students do not benefit from mixing by

ability, implying that tracking by ability can be optimal. Our results on the share of

low-income peers could be explained by this type of mechanism given the correlation

between family income and ability. However, here we find no evidence for this.

In Table A.13, we control for nonlinear peer ability effects in several ways. We

begin, in column (2), by adding to our preferred specification peer mean ability – based

on PVT scores – and the standard deviation of peer ability interacted with own-income

positions. Next, in column (3), we introduce peer ability heterogeneity around own-

ability by adding interaction terms of peer mean ability, peer SD ability, and own-ability.

Going further, in columns (4) - (5), we consider interactions of quartiles of a school’s

position in the school mean ability distribution and likewise for the school’s position in

the SD ability distribution. This is motivated by suggestions in Denning et al. (2021)

aimed at capturing more effectively potential non-linear effects from reactions to the

distribution of ability in the school. Across all of these specifications our estimates on

the share of low-income peers remain remarkably consistent with our baseline estimates.

Finally, ability rank effects are known to exist separately from standard ability
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Table A.13. Accounting for non-linearity in peer ability

University Graduate

Non-linear peer ability effect Rank effect

(1) (2) (3) (4) (5) (6) (7)

SLP−ics × Bottom 20 0.18** 0.18*** 0.17** 0.17** 0.17** 0.22*** 0.23***
(0.07) (0.07) (0.07) (0.07) (0.07) (0.07) (0.07)

SLP−ics × Middle 0.02 0.00 0.01 0.02 0.02 -0.00 -0.01
(0.07) (0.06) (0.06) (0.06) (0.06) (0.07) (0.07)

SLP−ics × Top 20 -0.25** -0.28** -0.27** -0.26** -0.26** -0.27** -0.29**
(0.11) (0.11) (0.11) (0.11) (0.11) (0.12) (0.12)

Peer Effects (means) Yes Yes Yes Yes Yes Yes Yes
Peer Effects (SD) Yes Yes Yes Yes Yes Yes Yes
Own-Ability Polynomials No Yes Yes Yes Yes No Yes
Peer Ability (means & SD) × Income Position No Yes No No No No No
Peer Ability (means) × Peer Ability (SD) × Own-Ability No No Yes No No No No
School Ability Quartiles (means) × Own-Ability No No No Yes Yes No No
School Ability Quartiles (SD) × Own-Ability No No No No Yes No No
Income Rank × Income Position No No No No No Yes Yes
Ability Rank × Income Position No No No No No No Yes

Observations 11165 11165 11165 11165 11165 11164 11164
R2 0.243 0.263 0.263 0.264 0.264 0.243 0.264

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Each specification includes all controls as in our
preferred baseline specification in column (2) of Table 2.2, which is presented in column (1) of this
table. Standard errors are in parentheses and clustered at the school level. School ability quartiles
(means) are the quartiles of schools based on the school-level peer mean ability. School ability quartiles
(SD) denote the quartiles of schools based on the school-level standard deviations of peer ability. Income
rank denotes the rank of household income within school cohorts while ability rank denotes the rank
of ability within school cohorts.

effects possibly from a social comparisons or a learning about ability mechanism (Elsner

and Isphording, 2017; Kiessling and Norris, 2022). Thus, we expand our specification to

account for ability ranks. While we have already flexibly allowed for ability rank effects

in Table 2.2, we re-consider ranking concerns by allowing for both ability and income

rank effects disaggregated across the income distribution. As is shown in columns (6)

- (7) of the Table A.13, our results are not sensitive to ability nor income rank effects.

Thus, our main results on the share of low-income peers appear distinct from, and

insensitive to, both non-linear peer ability and rank effects.

Teachers

Responses by teachers that correlate with changes in the share of low-income peers could

explain our results. As mentioned above, the literature on peer effects in education

shows that teachers do change their behavior in response to classroom composition
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aimed at more effectively meeting students’ needs (Aucejo et al., 2022; Duflo et al., 2011;

Jackson, 2016; Lee et al., 2014; Papageorge et al., 2020). In this case, we would expect

that as the share of low-income peers increases in a given school cohort, teachers may

decide to devote more attention to them and also adapt their expectations and teaching

practices accordingly. This will benefit low-income students, providing an explanation

for our evidence on the bottom-20 students. However, the impact on middle or high-

income students is somewhat ambiguous, as it will depend on whether the attention

shift to low-income students comes at their expense or not. Moreover, predictions here

for low-income students are not entirely clear. Alternatively, if teachers hold implicit

stereotypes regarding different income groups, this may obstruct their interaction with

students, acting to harm low-income students (Carlana, 2019; Carlana et al., 2022b).

Table A.14. Teachers effects: share of low-income peers

Relationship with Teachers University Graduation

Care Teachers Close Teachers Fair Teachers Teacher Scale Tracking No Tracking

(1) (2) (3) (4) (5) (6)

SLP−ics × Bottom 20 -0.01 -0.33 -0.06 -0.19 0.20* 0.15
(0.22) (0.20) (0.18) (0.20) (0.11) (0.09)

SLP−ics × Middle -0.11 -0.14 -0.07 -0.14 0.02 0.04
(0.17) (0.18) (0.18) (0.19) (0.11) (0.07)

SLP−ics × Top 20 0.21 -0.08 0.00 0.05 -0.30* -0.08
(0.24) (0.21) (0.21) (0.22) (0.17) (0.12)

Observations 11110 11164 11162 11165 6755 4265
R2 0.068 0.074 0.055 0.066 0.227 0.254

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Each specification includes all controls as in our preferred
baseline specification in column (2) of Table 2.2. Standard errors are in parentheses and clustered at
the school level. The relationship with teacher variables are standardized. Columns (6) - (7) return to
University graduation as the outcome but the sample is stratified by schools who report they do (or do
not) to use ability tracking for English and Language Arts. Note that ability tracking was reported in
the school principle’s questionnaire and only asked on this dimension.

We next look at further evidence for a teacher mechanism to explain our results. In

the U.S. educational context, students typically change classrooms throughout the day

as they switch between classes and do not necessarily stay with the same classmates.

Thereby, we would expect a teacher driven mechanism for our effects to be dominant

only if all, or the significant share, of the teachers in the same school-cohort update their

behavior at the same time. This may translate into average shifts in teacher-student
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relationships heterogeneous to the income distribution, so we look at student-reported

measures of these relationships.1 The results, in the Table A.14 columns (1) - (4),

suggest there no effects here.

Finally, we look at our baseline model for University graduation split by schools

who use ability tracking for English and Language Arts.2 The effects should disappear

in schools that track by ability if increases in the share of low-income peers mainly

captures optimization of instruction for low-income students. Our results in columns

(5) - (6) of the Table A.14 are not consistent with this for low-income students, and

while the point estimates are inefficient, suggest similar results across school types. The

results for high-income students, however, suggest they are mainly present in tracking

schools, thus there is likely some role for the optimization story, albeit not enough to

explain the overall pattern we observe.

Disruptive peers

Another possibility is that an increase in the share of low-income peers also picks up a

shift in disruptive behavior. Disruptive behavior causes harm to academic achievement

both in the short and the long run (Billings and Hoekstra, 2023; Carrell et al., 2018;

Carrell and Hoekstra, 2010; Kristoffersen et al., 2015; Zhao and Zhao, 2021). In this

case, we would expect a negative effect of our peer treatment on educational attainment

at each point of the income distribution (see evidence in Carrell et al. (2018) and Carrell

and Hoekstra (2010)).3 Yet, in light of our baseline results, predictions based on the

effect of an increase in disruptive behavior would only be able to explain our negative

estimate on high-income students.

1We focus on four items that relate to these interactions from the student self-reported questionnaire
at wave I: whether teachers care about students, whether students have trouble getting along with
teachers, whether teachers treat students fairly, and a mean scale of the above three items. Higher
scores in these outcomes reflect better teacher-student interactions.

2Ability tracking is reported by school principles at a school wide level. Ability tracking is not asked
for other dimensions.

3Carrell and Hoekstra (2010), and Carrell et al. (2018) are the only two studies we are aware of
evaluating the effects of disruptive peers on student outcomes across the income distribution. Carrell
et al. (2018) is the only study examining long-term student outcomes, such as university attendance
or attainment of any degree. Their findings point to disruptive peers bringing about negative effects
on both low- and high-income students. Carrell and Hoekstra (2010) confirms similar results on test
scores in the short-run, though results are imprecisely estimated for the low-income group.
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Table A.15. Disruptive peers: share of low-income peers

University Graduate

(1) (2) (3)

Fight in School × Bottom 20 -0.03** -0.03**
(0.02) (0.02)

Fight in School × Middle -0.08*** -0.08***
(0.01) (0.01)

Fight in School × Top 20 -0.08*** -0.08***
(0.02) (0.02)

Share of Peers Fighting at School × Bottom 20 -0.01 -0.02 0.16
(0.14) (0.14) (0.17)

Share of Peers Fighting at School × Middle -0.16 -0.16 -0.03
(0.12) (0.12) (0.15)

Share of Peers Fighting at School × Top 20 -0.73*** -0.55*** -0.38
(0.19) (0.20) (0.24)

SLP−ics × Bottom 20 0.18** 0.20**
(0.07) (0.09)

SLP−ics × Middle 0.02 0.01
(0.06) (0.07)

SLP−ics × Top 20 -0.22* -0.15
(0.11) (0.12)

Observations 11123 11123 8358
R2 0.25 0.25 0.25
Only Non-Fighters No No Yes

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. School and cohort fixed effects are included in all
specifications. Standard errors are in parentheses and clustered at the school level. Each specification
includes all controls as in our preferred baseline specification in column (2) of Table 2.2. Fighting at
school is an indicator is equal to one if the last physical fight the student had occurred at school. The
share of peers fighting at school is a leave-one-out share calculated at the same school-grade level. We
also control for the variance of fighting in school at the school-grade level as we do for income. In
column (3), we restrict the sample only to those who report not having fought at school.

To assess this, we repeat our baseline regressions after also controlling for the share

of peers who have fought at school disaggregated by a student’s own-position in the

income distribution. As our sample consists of adolescents, we see fighting at school as

a particularly salient in-school disruption. Results are reported in the Table A.15. We

estimate regressions first including both those who report having been in a fight and

those who have not. We then drop fighters to avoid concerns over individual’s choice to

fight confounding the effects of peer disruption through spillovers (e.g., see Billings and
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Hoekstra, 2023). We find highly consistent estimates for the share of low-income peers

across the income distribution in all specifications, suggesting our baseline treatment

effects are not driven by changes in disruptive behavior. We reiterate here that our

flexible income controls and our disaggregation over income of the peer dispersion

(SD) of logged household income may already have picked up a mechanism via peers’

disruptive behavior and our results here are consistent with this interpretation.

Parental inputs

Another potential explanation for our results is through parental response to changes

in the share of low income peers. Recent evidence in fact points to substitution effects

between parental beliefs about school quality and parental time investments (Greaves

et al., 2023). If parents can observe their child’s peers and infer the distribution of

peer quality (through peer income), they may react adjusting their inputs or parenting

style.4 If peer quality is viewed by parents as a signal of school quality, parental response

could in part compensate, or even dominate, the negative effect of a decrease in school

quality (due to a higher share of low-income peers).5

To explore this, we leverage three different measures of parental involvement from

our survey, based on whether the child reported to have done any of the following

activities with their parents: (a) talking about their school work or grades, (b) working

on a project for school, and (c) talking about things they were doing in school. Then, we

construct a school-related involvement scale and use it as an outcome. We also build

a measure of overall involvement, given by a composite scale of ten items including

several activities such as going shopping and playing a sport. Results of this exercise

are reported in the Table A.16, where we see no response of parental involvement to

variation in the share of low income peers across all different outcomes, suggesting

that fluctuations in the share of low-income peers does not trigger any sort of parental

response.

4Recent literature examines how parental style can directly intervene in children’s peer group for-
mation (Agostinelli et al., 2020). However, we abstract from this mechanisms as both our theoretical
framework and our identification strategy treat peers as exogenously determined.

5Fredriksson et al. (2016) also provide evidence that the response of high-income parents is greater
than that of other groups, when there is an increase in class size.
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Table A.16. Parental involvement

School-related Involvement Overall Involvement

Mother Father Parents Parents

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

SLP−ics × Bottom 20 -0.06 0.03 -0.10 0.02
(0.19) (0.24) (0.19) (0.19)

SLP−ics × Middle -0.03 -0.18 -0.13 0.02
(0.16) (0.21) (0.16) (0.16)

SLP−ics × Top 20 -0.08 -0.32 -0.18 0.18
(0.23) (0.26) (0.22) (0.22)

Mean Dep Var 0.04 0.04 0.05 0.05
Observations 10699 8049 11073 11073
R2 0.052 0.054 0.060 0.103

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. School and cohort fixed effects are included in all
specifications. Standard errors are in parentheses and clustered at the school level. Each specification
includes all controls as in our preferred baseline specification in column (2) of Table 2.2. We use three
measures: (a) talked about their schoolwork or grades, (b) worked on a project for school, and (c)
talked about things they were doing in school to construct the school-related involvement scale for
mothers and fathers. Scales for mothers and fathers are averaged to create a parent score. Aggregated
involvement in column (4) is a composite scale of ten items including all activities such as going
shopping, playing a sport, going to a religious service or church-related event, talking about someone
they were dating, going to a movie, talking about a personal problem, and having a serious argument
about their behavior. Each scale is standardized.
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A.5.2 GPA and Advanced Courses with Maximum Sample

Table A.17. GPA and advanced courses: maximum sample estimates

GPA Advanced Courses

Self Transcript Math Science English More than One

(1) (2) (3) (4) (5) (6)

SLP−ics × Bottom 20 -0.02 0.71*** 0.40*** 0.30** 0.07 0.54***
(0.14) (0.24) (0.12) (0.15) (0.20) (0.16)

SLP−ics × Middle -0.11 0.57** 0.15 0.15 0.01 0.26*
(0.12) (0.22) (0.11) (0.14) (0.21) (0.14)

SLP−ics × Top 20 -0.26* 0.01 0.14 -0.16 0.11 0.05
(0.15) (0.27) (0.13) (0.17) (0.23) (0.15)

Edu non-response weights NA Yes Yes Yes Yes Yes

Mean Dep Var 2.77 2.41 0.40 0.45 0.23 0.59
Observations 14185 8326 8343 8304 5937 8353
R2 0.197 0.282 0.255 0.214 0.255 0.245

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. School fixed effects are included in all specifications.
Standard errors are in parentheses and clustered at the school level. Each specification includes all
controls as in our preferred baseline specification in column (2) of Table 2.2. Column (1) shows the
effects of share of low-income peers on self-reported GPA from Wave I In-Home data while column (2)
shows the effects on average GPA calculated from the first interviewed year to the end of the high school
from Wave III high school transcript data. Columns (3) - (6) show the effects of share of low-income
peers on the taking rate of advanced courses of Math, Science, English, and if ever took more than
one advanced course. We use specific educational sampling weights constructed to adjust for transcript
non-response as well as survey non-response in columns (2) - (6). We use our fully available sample in
this table.

A.5.3 Risky Behaviors

Effort in school may also be proxied by risky behaviors. Students who work harder

at school may be less likely to engage in such behaviors and vice-versa. There is

broad evidence that human capital investment reduces risky behavior (Conti et al.,

2010; Cutler and Lleras-Muney, 2010; Kenkel et al., 2006), as well as evidence that the

stringency of education dampens risky behavior (Hao and Cowan, 2019). This could be

explained by time constraints in case of contemporaneous effects as well as expectation

effects, if students anticipate the future cost of engaging in risky behavior in terms of

reduced return to human capital.

Add Health provides a range of self-reported risky behaviors that we use from wave
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I. We assess our effects of interest on these behaviors in Table A.19. We expect these

may measured with a degree of error that could obscure results and caution strong

conclusions.

We assess drinking behavior in columns (1) - (3). Frequent drinking is an indicator

for an above median report on frequency of drinking in the past year; drinking out is

whether one drank without their parents present; and binge drinking is an indicator

for having ever binged (5 or more) drinks in a single outing in the past year. Next, in

columns (4) - (6), we have the number of days one smoked in the past year (column 4);

an indicator for above median marijuana use (column 5); and an indicator for having

used hard drugs (column 6). Finally, in column (7), we report a measure for having

engaged in unprotected sex.

The results for the share of low-income peers have a generally consistent pattern

across outcomes. Qualitatively we see mostly negative point estimates for the bottom

20th group and positive point estimates for the top 20th. Many of these are null effects,

though not all, thus we do not want to over-interpret them. Nevertheless, the patterns

here are consistent with our results on education and particularly show that even if the

high income students did not suffer a significant drop in GPA, they still show behavioral

patterns consistent with the result on long-term university graduation.

Table A.18. Risky Behavior Summary Statistics

Mean SD Min Max

Frequently drinking 0.17 0.38 0 1
Drinking with people other than family 0.41 0.49 0 1
Ever binge drinking 0.29 0.45 0 1
Standardized smoking days during the past month -0.00 1.00 -0.49 2.51
Frequently using marijuana 0.14 0.34 0 1
Ever using hard drug 0.05 0.22 0 1
Standardized having unprotected sex recently -0.00 1.00 -0.23 6.41

Observations 11165

This table presents summary statistics for the risky behaviors in Table A.19 after restricting to our
analytic sample. The smoking variable originally ranges from 0 to 30 days, and the unprotected sex
variable ranges from 0 to 5 times. Both variables have many zeros (69.9% and 94.4%, respectively) and
are highly right-skewed. We standardize them to mean 0 and standard deviation 1.
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Table A.19. Risky Behavior Outcomes

Frequent Drinking Drinking Out Binge Drinking Smoking Marijuana Hard Drug Unprotected Sex

(1) (2) (3) (4) (5) (6) (7)

SLP−ics × Bottom 20 -0.11 -0.03 -0.09 -0.35* 0.02 -0.00 0.12
(0.07) (0.09) (0.10) (0.19) (0.06) (0.04) (0.19)

SLP−ics × Middle -0.06 -0.02 -0.05 -0.05 0.06 0.07** 0.34**
(0.06) (0.07) (0.08) (0.16) (0.05) (0.03) (0.17)

SLP−ics × Top 20 0.05 0.09 0.10 0.29 0.11* 0.14*** 0.46**
(0.08) (0.10) (0.09) (0.20) (0.06) (0.05) (0.22)

Mean Dep Var .17 .41 .29 0 .14 .05 0
Observations 11092 11101 10100 9502 11011 11021 11162
R2 0.083 0.137 0.139 0.134 0.075 0.039 0.038

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. School and cohort fixed effects are included in all
specifications. Standard errors are in parentheses and clustered at the school level. Each specification
includes all controls as in our preferred baseline specification in column (2) of Table 2.2. We trim our
data to our analytic sample as in Table 2.2 and standardize smoking and unprotected sex outcomes to
mean 0 and standard deviation 1.
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A.5.4 Social Cohesion: Additional Results

Figure A.8. University completion: different definitions of peers groups

(a) Peer effect estimates for bottom 20
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(b) Peer effect estimates for top 20
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Notes: These figures tests how different definitions of peer groups compare against our baseline effects
from the share of low-income peers on university graduation. We always include school and cohort fixed
effects as in column (2) of Table 2.2. Panel A presents the estimates for students in the bottom 20th
percentile of household income. Panels B presents the estimates for students in the top 20th percentile
of household income. In each sub-panel, we include both definitions of the share of low-income peers in
the regression. The middle-income students are included in the regression but we omit the estimates
here as they are null effects.
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A.6 Heterogeneity via a Causal Forest

We want to examine heterogeneity across subgroups in our data that may be relevant

for policy, e.g., by gender, single parent homes, and so forth. However, our main results

are already heterogeneous by whether a student is from a low, middle, or higher-income

family. Thus, further heterogeneity across many dimensions is difficult. While absent a

larger sample there is no way to avoid this problem, we can use the recently developed,

and data driven, causal forest approach to gain a better idea around how our effects

differ across both observable dimensions in our data and the family income groups we

have used throughout the paper.

Causal forests change the problem from estimating differences in effects across spe-

cific groups to nonparametrically recovering heterogeneous treatment effects across in-

dividuals. This approach, pioneered by Athey and Imbens (2016), Athey et al. (2019),

and Wager and Athey (2018), adapts regression trees to capture how treatment effects

vary across partitions based on feasible combinations of observable control variables.

With a binary treatment, this implies estimating differences in potential outcomes at

realization of specific values among the observed controls yielding conditional average

treatment effects (CATEs). In our case, we recover conditional average partial effects

as E[Cov[Yi,Wi]|Xi]/V ar[Wi|Xi] where Yi is university graduation, Wi is the share of

low-income peers, and Xi is our vector of exogenous individual characteristics. We will

refer to these as CATEs for simplicity.

Causal forest works by growing trees. Put simply each tree is a partition of leaves

whereby each leaf is a subset of observations with particular realizations of character-

istics. Leaves are partitioned by maximizing the variance in treatment effects across

partitions tuned with cross validation. In the “honest” implementation of Wager and

Athey (2018), each tree is grown by randomly splitting the data into training and esti-

mation subsets, using the training data to grow the tree, i.e., find the partitions, and the

estimation sample to make the “out of bag” estimation of the treatment effects within

partitions. The out of bag estimates are estimated on each leaf and then aggregated

across trees. Importantly, Athey et al. (2019) show that treatment effect estimates un-
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der unconfoundness and “honesty” are asymptotically normal, allowing the calculation

of confidence intervals.6

We employ causal forests but with two pre-step modifications. Note that causal

forests rely on unconfoundness either via randomization or through conditioning. Thus,

step one: we residualize Y ,W , and each of our controls removing school and cohort fixed

effects and we do this separately with the bottom 20th, middle, high-income groups.

Next, we want to investigate heterogeneity within our already defined low, middle,

and high-income groups due to our pre-existing focus on these groups motivated from

our theory. Thus, step two: we run the causal forest on each of these income groups

separately using the residualized variables from step one. Moreover, we employ cluster-

robust random forests at the school level as shown in Athey and Wager (2019).7 Finally,

we stack the out of bag CATE estimates across income groups for analysis.

We first demonstrate that the pattern in the CATEs across income groups matches

closely to our previous results in panel (a) of Figure A.9. For the bottom 20th income

group, the interquartile range falls entirely in the positive domain with a median of

0.234. The middle group falls right around zero. And, finally, the top 20th group has

an interquartile range below zero with a median of −0.229.

Next, in panel (b), we check whether our results vary over cognitive ability. We have

already discussed the link between income and ability and we have controlled flexibly

for ability and school-cohort ability rank. It could be, however, that only a portion of

the ability distribution drives our results. For instance, Carlana et al. (2022a) focus on a

treatment applied to higher ability disadvantaged students who at pre-treatment tended

to hold lower beliefs about their educational possibilities relative to more advantaged

students of the similar ability. It is useful for policy then to understand whether an

aspiration gap mechanism centers around certain portions of the ability distribution or

is relevant across ability types. We, however, expect that this mechanism is relevant

across cognitive ability types, per our arguments that capacity is broader than just

cognitive ability, meaning students of different ability types are also faced with other

6This discussion omits complexities on tuning parameters discussed in Athey and Imbens (2016),
Athey et al. (2019), and Wager and Athey (2018).

7To implement, we use the grf package and causal forest command in R.
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skills and constraints that our mechanism can operate around.

In panel (b) of Figure A.9, we find rather homogeneous effects across the ability

distribution (PVT scores) among the bottom 20th and middle-income groups. For the

bottom 20th, effects are always positive and quite similar and for the middle-income

group the CATEs are near zero and similar across ability. The top 20th group does show

some heterogeneity with effects that are always negative but somewhat mitigated at

the top end of the ability distribution. While these students may well have a very high

capacity, this pattern is suggestive that very high ability students are likely to complete

university for many other reasons or they place less weight on the social environment

to determine their reference points. This is proxied by γ in our theory. Students with

a high family income but who are not in the top of the ability distribution may still

have higher capacity due to better opportunities – or alternatively have high beliefs

due their family income such that their beliefs are above their true capacity – and may

then be the ones who put more weight on the social environment to determine their

reference points.

We then report binscatter plots across income deciles split by gender and by dual

vs. single parent homes in panel (c) and (d) of Figure A.9. The effects are generally

similar across genders but with females experiencing stronger, more positive, effects in

the bottom 20th, and somewhat more negative effects in the top 20th. Students from

dual parent homes exhibit a similar pattern, with particularly stronger effects among

the top 20th.

Now we turn to evaluate the variation in the CATEs across the set of individual

characteristics in Table A.20. Our individual characteristics included in the causal

forests correspond to those in the Appendix Table A.1. We split each income group

by those with a high or low CATE (above or below the median)8 and then test mean

differences in having a high or low CATE across student characteristics and report a

p-value adjusted for multiple hypothesis test bias.

First, the median CATE in each income group matches our expectations and pre-

8Our approach here is similar to that of Carlana et al. (2022a) except that we split across income
groups.
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vious results. The median CATE is 0.234 for the bottom 20th, −0.002 for the middle,

and −0.229 for the top 20th income group. Second, we see a number of significant

differences across high and low median groups in terms of characteristics. Many of

these are minimal in magnitude; however, gender and single parent homes stand out.

We find that in the bottom 20th there are significantly more females and more

students from dual parent homes with an above median CATE. For the top 20th,

we continue to see significant heterogeneity by gender and single parent home status.

These differences are significant even after adjusting for multiple hypothesis test bias.

Here there is a higher share of females and students from dual parent homes with a

below median CATE – as the median here is negative this implies they have a larger

magnitude effect in absolute value.

In this case, a reasonable assumption is that adolescents in dual parent homes,

and where incomes are high, likely have high capacity through a broader range of

opportunities and fewer life stressors. Thus, these students would be farther ahead of

their aspiration reference point as the share of low-income peers increases. We cannot,

however, make conclusions here and look to these results as suggestive. Possibly a more

important takeaway from this exercise is that our results overall are quite consistent

across income groups.
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Figure A.9. Causal forest heterogeneity in CATEs by income groups
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B.1 Beliefs Elicitation Survey: Design and Technical De-

tails

B.1.1 Beliefs Elicitation Survey Design

B.1.2 Beliefs Elicitation Survey Technical Details

Here, we present a few details on the survey which are important for the purpose of our

analysis. First, participants cannot proceed the next scenario page without answering

all six questions on the first scenario page. Second, when we ask participants what they

expect the earnings of the child to be at age 30, we set up a textbox entry, in which

we already set a fixed entry as such “X,000£”. Hence, participants only have to fill in

the “X” with their actual expected value, e.g., “32” for “32,000£”.

As explained in Subsection 3.3.2, we provide an attention check (cf. Figure B.1)

during and a confidence check (cf. Figure B.2) after the beliefs elicitation survey.

Finally, before collecting demographic variables on participants, we provide them

with a last attention check, presented in Figure B.3.

Table B.4 below presents the summary statistics for our attention and confidence

checks.
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Table B.1. Sample Demographics

Treated Control Diff. Overall

Participant’s Characteristics
Male 0.47 0.49 -0.01 0.48
Female 0.51 0.50 0.00 0.51
Other 0.02 0.01 0.01 0.01
Participant’s age 39.16 37.80 1.37 38.43
White 0.87 0.82 0.05 0.84
Other ethnic background 0.13 0.18 -0.05 0.16
Language at home: English 0.99 0.92 0.07* 0.96
Language at home: other 0.01 0.08 -0.07* 0.04
Education: less than a degree 0.47 0.40 0.07 0.43
Education: degree or higher 0.53 0.60 -0.07 0.57

Participant’s Employment
Non-employed 0.17 0.19 -0.02 0.18
Employed 0.83 0.81 0.02 0.82
Job: part-time 0.26 0.19 0.07 0.22
Job: full-time 0.58 0.63 -0.05 0.61
Job: NA 0.16 0.18 -0.02 0.17
Weekly hours worked 30.87 30.13 0.74 30.47

Household Characteristics
Partner’s montly net income 5771.20 6114.89 -343.70 5954.78
Partner’s gender: male 0.44 0.47 -0.03 0.45
Partner’s gender: female 0.46 0.43 0.03 0.44
Partner’s gender: prefer not to say 0.01 0.01 0.00 0.01
No partner 0.09 0.10 -0.00 0.10
Not married 0.43 0.39 0.04 0.41
Married 0.57 0.61 -0.04 0.59
Number of dependent children (aged 0-16) in the household 1.81 1.85 -0.04 1.83
Age of the first (eldest) child 9.79 7.77 2.02** 8.71
Age of the youngest child 6.64 4.60 2.04** 5.55
Nb. of hours spent per day on helping children develop their skills 2.72 2.82 -0.10 2.77
Nb. of hours spent per day doing outdoor activities with children 1.78 1.92 -0.14 1.85

Notes: * p <0.10; ** p <0.05, *** p <0.01. NA stands for “Not Applicable”.

Table B.2. Randomization in Set-up

Mean SD Count

Boy (vs. girl) 0.49 0.50 122
Aged 4 (vs. 10) 0.52 0.50 130
10% (vs. 20%) spent on the child’s educational activities 0.48 0.50 120
Received the treatment (vs. control) 0.53 0.50 133

Notes: Total N = 249. This table presents descriptive statistics for the randomization in set-up. For
instance, 49% of our sample (i.e., 122 participants) got displayed, in the hypothetical scenarios, a boy
child. 53% received the treatment (i.e., 133 participants out of 249), while the remaining 47% (i.e.,
116) participants were part of the control group.
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Table B.3. OLS Results – Share Spent on Education (SSEi) on Expected Outcomes

(1) (2)
IP(graduate) ln(earnings)

SSEi = 20% (ref:10% ) -0.024 0.003
(0.022) (0.030)

MWLj=1 × SSEi = 20% (ref:10% ) -0.019*** -0.027***
(0.006) (0.010)

Individuals 249 249
Observations 1494 1494
Controls Yes Yes

Notes: * p <0.10; ** p <0.05, *** p <0.01. Standard errors in parentheses. Control variables include
all hypothetical household income categories, as well as hypothetical child’s gender and age.

Figure B.1. Attention Check (1/2)

Figure B.2. Confidence Check (1/1)
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Figure B.3. Attention Check (2/2)

Table B.4. Attention and Confidence Checks Summary Statistics

Mean SD Min Max N

Turquoise check passed 0.99 0.11 0 1 246
Feeling check passed 1.00 0.06 0 1 248
Confidence: very sure 0.04 0.21 0 1 11
Confidence: sure 0.18 0.38 0 1 44
Confidence: somewhat sure 0.41 0.49 0 1 102
Confidence: unsure 0.31 0.46 0 1 76
Confidence: very unsure 0.06 0.25 0 1 16

Notes: Total number of participants: N = 249. Interpretation notes: 99% and almost 100% of our
participants passed respectively the “turquoise” and “feeling” attention checks. As for the confidence
in their answers for the hypotheticals, 63% of our participants report being at least “somewhat sure”.
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B.2 Additional Results: Hypothetical Beliefs Elicitation

Table B.5. OLS Results of δ̂ – Gendered Beliefs Stratified by Hypothetical Features

Child’s Gender Child’s Age Working Hours Profile Wage Profile First Shown

Boy Girl 4 10 36 hrs. 42 hrs. Lower Higher Father Mother

IP (graduate): MWLj=1 -0.025***-0.004 -0.014** -0.014** -0.012* -0.016** -0.015** -0.013** -0.026***-0.004
(0.007) (0.006) (0.006) (0.007) (0.007) (0.007) (0.007) (0.006) (0.007) (0.006)

ln(earnings): MWLj=1 -0.028** -0.005 -0.017 -0.016 -0.020 -0.013 -0.015 -0.017 -0.026** -0.007
(0.013) (0.012) (0.011) (0.014) (0.014) (0.011) (0.012) (0.012) (0.013) (0.012)

Individuals 122 127 130 119 128 121 115 134 118 131
Observations 732 762 780 714 768 726 690 804 708 786
Individual Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Household Income Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Notes: * p <0.10; ** p <0.05, *** p <0.01. Standard errors are clustered at the individual level. We
estimate equation 3.3 for each of the feature, i.e., when the hypothetical’s child is a girl, a boy, is 4,
etc. and report here the δ̂ associated with MWLj=1 for each of those regressions. The “first shown”
column corresponds to what the participant was shown first MWL = 1 (mother works longer hours)
or MWL = 0 (father works longer hours) in the beliefs elicitation survey.

Heterogeneity by participant’s characteristics. We report here additional re-

sults for gendered beliefs, by participant’s main characteristics, i.e., gender, education,

employment status, and voting behavior.

Robustness checks. Here, we ensure the robustness of our key findings by imple-

menting different sample restrictions:

1. We keep participants who report being at least somewhat certain about their

answers to the hypothetical beliefs elicitation (column 1);

2. We keep participants who passed at least one out of the two attention checks

(column 2);

3. We exclude participants with the 5% lowest and highest response times (column

3).
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Table B.7. OLS Results of δ̂ – Beliefs Robustness

(1) At Least Somewhat Certain (2) Passed At Least (1/2) Check (3) Response Time

IP (graduate) ln(earnings) IP (graduate) ln(earnings) IP (graduate) ln(earnings)

MWLj=1 -0.016*** -0.029*** -0.012*** -0.016** -0.015*** -0.022***
(0.006) (0.011) (0.005) (0.008) (0.005) (0.008)

Individuals 152 152 236 236 216 216
Observations 912 912 1416 1416 1296 1296

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are clustered at the individual level.
Column 1 “At least somewhat certain” corresponds to the first restriction, keeping only individuals
who reported being somewhat certain about their answers to the beliefs elicitation. Column 2 “passed
at least (1/2) check” corresponds to the second restriction, keeping only participants who passed at
least one out of the two attention checks. Finally, column 3 “response time” corresponds to the third
sample restriction, excluding participants with the 5% lowest and highest response times.
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B.3 Perceived Returns Estimation Strategy and Addi-

tional Results

Distribution of perceived returns. Figure B.4 below presents the distribution of

our perceived returns on both dimensions: 1) the probability of the child graduating

from University, and 2) the log of the child’s expected earnings at age 30.

Relationships of perceived returns. We present below a scatter plot between our

two thetas (for the probability of graduating from University and the log of expected

earnings) with a line of best fit.
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Figure B.4. Distribution of Perceived Returns

(a) Panel A: IP(graduate)
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Notes: N = 249. Histogram of θgraduate,i (Panel A) and θearnings,i (Panel B), both winsorized at the
1% and 99% levels to account for outliers, with kernel density plot.
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Figure B.5. Relationships of Perceived Returns
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Notes: Relationship of perceived returns for the log of the child’s expected earnings, θearnings,i, at
age 30 (x-axis) and the probability of the child graduating from University, θgraduate,i (y-axis). Both
perceived returns are winsorized at the 1% and 99% levels to account for outliers.
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Table B.8. Determinants of Individual-level Implicit Costs

(1)
θgraduate

(2)
θearnings

Female 0.005 -0.005
(0.011) (0.017)

Has at least a degree 0.025** 0.001
(0.010) (0.017)

Age ≥ median -0.006 -0.020
(0.010) (0.015)

Other ethnic background -0.024* -0.023
(0.013) (0.021)

Employment (ref: part-time)

Full-time -0.006 -0.001
(0.014) (0.024)

Not Applicable 0.010 -0.006
(0.015) (0.025)

Nb. of Dependent Children in the HH (ref: 1 or less)

2 or more -0.002 -0.010
(0.010) (0.017)

Vote at the last UK General Elections (ref: conservative)

Liberal 0.016 0.042*
(0.014) (0.024)

Other 0.015 0.034
(0.020) (0.030)

None 0.004 0.005
(0.016) (0.031)

Average Return -.0141 -.0162
Individuals 249 249
Observations 1494 1494

Notes: * p <0.10; ** p <0.05, *** p <0.01. Robust standard errors. This table presents regressions
of parental beliefs on the perceived returns of mothers working longer hours than fathers for (1) the
expected probability to graduate, and (2) the log of the child’s expected earnings at age. Estimates for
genders other than male and female are not shown due to sample size issues. Both perceived returns
are winsorized at the 1% and 99% levels to account for outliers. For the columns “Vote UK Elections”,
we asked participants: “Which party did you choose as your primary vote in the last UK General
Election?” and provided them with a list of candidate parties. We condensed information as follows
– Conservative Party = Conservative, Labour and Green Party = Liberal, Liberal Democrats and any
other = Other, None = None.
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Table B.9. Relationship between Perceived Returns and Participant’s Behavior

Skill Time Out Time ln(Hours Worked)

(1) (2) (3) (1) (2) (3) (1) (2) (3)

Panel A: All participants (N = 249)

θgraduate,i -2.838 -2.903 -0.139 0.618 -0.065 -0.052
(2.559) (3.128) (1.259) (1.689) (0.415) (0.510)

θearnings,i -0.799 0.075 -0.691 -0.877 -0.030 -0.013
(0.985) (1.282) (0.680) (0.933) (0.193) (0.243)

Mean Dep. Var 2.7711 1.8514 3.4847

Panel B: Control group (N = 116)

θgraduate,i -6.728 -6.801 1.797 2.631 -0.699 -1.261
(4.507) (6.087) (1.655) (2.346) (0.559) (0.895)

θearnings,i -2.296 0.085 -0.050 -0.971 0.146 0.603
(1.685) (2.718) (1.123) (1.513) (0.291) (0.511)

Mean Dep. Var 2.7155 1.7759 3.4847

Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes

Notes: We run OLS regressions on three main outcomes, reflecting participant’s behavior with their
child(ren), and in the labour market. Skill Time corresponds to the number of hours they spend, per
day, helping their child(ren) develop their skills, while Out Time is the number of hours they spend,
per day, doing outdoor activities with their child(ren). ln(Hours Worked) corresponds to the log of the
number of hours worked, per week. These regressions look at the associations between these outcomes
and their perceived returns on the probability of the child graduating from University (columns 1), the
expected earnings at age 30 (columns 2), and both dimensions (columns 3). Control variables include
participant’s gender, age, a dummy variable for ethnicity (white vs. non-white), and a dummy variable
for having a degree or less.
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Table B.10. Relationship between Perceived Returns and Participant’s Behavior, by
Gender

Skill Time Out Time ln(Hours Worked)

(1) (2) (3) (1) (2) (3) (1) (2) (3)

Panel A: Men (N = 120)

θgraduate,i -1.344 -1.938 0.063 0.273 0.470 0.069
(3.286) (4.097) (2.111) (2.933) (0.554) (0.769)

θearnings,i -0.015 0.615 -0.128 -0.217 0.412 0.388
(1.133) (1.559) (0.785) (1.259) (0.278) (0.388)

Mean Dep. Var 2.7711 1.8514 3.4847

Panel B: Women (N = 126)

θgraduate,i -3.762 -3.491 0.027 0.941 -0.449 -0.252
(3.828) (4.440) (1.608) (2.172) (0.559) (0.630)

θearnings,i -1.306 -0.369 -0.991 -1.243 -0.316 -0.246
(1.676) (1.978) (1.170) (1.516) (0.269) (0.308)

Mean Dep. Var 2.7155 1.7759 3.4847

Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes

Notes: We run OLS regressions on three main outcomes, reflecting participant’s behavior with their
child(ren), and on the labour market for men and women respectively. Skill Time corresponds to
the number of hours they spend, per day, helping their child(ren) develop their skills, while Out
Time is the number of hours they spend, per day, doing outdoor activities with their child(ren).
ln(Hours Worked) corresponds to the log of the number of hours worked, per week. These regressions
look at the associations between these outcomes and their perceived returns on the probability of the
child graduating from University (columns 1), the expected earnings at age 30 (columns 2), and both
dimensions (columns 3). Control variables include participant’s gender, age, a dummy variable for
ethnicity (white vs. non-white), and a dummy variable for having a degree or less.
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B.4 Information Treatment: Design and Technical Details

B.4.1 Information Treatment Construction

For both the information treatment construction and the incentivized beliefs about

behavioral problems, we make use of the same dataset – the Millennium Cohort Study

(MCS). In this section, we briefly present the dataset as well as the data manipulations

to get our final datasets , corresponding to different time points.

The Millennium Cohort Study. The Millennium Cohort Study (MCS) follows the

lives of around 19,000 young people (N = 18, 818) born across England, Scotland, Wales

and Northern Ireland in 2000-02. The MCS provides multiple measures of the cohort

members’ physical, socio-emotional, cognitive and behavioral development over time, as

well as detailed information on their daily life, behavior and experiences. Alongside this,

rich information on economic circumstances, parenting, relationships and family life is

available from both resident parents.1 For the purpose of our analysis, we use parents’

reported information on various variables, such as their education, their employment

status and number of hours worked per week, as well as the joint net household income,

with which we merge their child’s information we are interested in (i.e., non-cognitive

outcomes and GCSEs pass rates later on).

Data management. We construct two different datasets, respectively, for the incen-

tivized beliefs and for the information treatment. On the one hand, the incentivized

beliefs correspond to the number of primary school age children out of 100 having

more behavioral problems than the median student of their own gender. Therefore,

we make use of sweeps 1 (9 months of the child), 3 (age 5), and 4 (age 7). Parental

education is reported at sweep 1, and we consider sweeps 3 and 4, which correspond to

primary school ages. We don’t go further than sweep 4 because behavioral problems

(see the next paragraph for more details) are measured at sweep 4. In turn, we merge

information reported from sweeps 1 to 4, excluding sweep 2 (age 3, not corresponding

1See the MCS website for a more detailed description of the survey.
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to primary school age). We keep only England as well as dual parents families. This

leaves us with a sample of 6,787 children.

On the other hand, the information treatment (see the “outcomes” paragraph for

further details) corresponds to the share of 5 or more GCSEs passed, by mother’s

working hours during primary school (i.e., ages 5 and 7). To obtain this information,

we make use of the same sweeps as above but also include sweeps 7 (age 17), when the

GCSEs outcomes are measured. In turn, we merge parents’ reported information from

sweeps 1, 3, 4 and 7 (excluding sweep 2 again for the same reasons as above). Finally,

we keep only England as well as dual parents families, leaving us with a sample of 5,457

children.

Outcomes. The different outcomes have been constructed at the individual (child)

level, at different sweeps.

First, to obtain the number of primary school children out of 100 that have more

behavioural problems than the median child of their own gender, we used the age 7 sweep

(i.e., sweep 4), in which parents respond to the Strengths and Difficulties Questionnaire

(SDQ). More precisely, we focus on the externalising score (which we refer to as the

‘behavioural problems’), which ranges from 0 to 20 and is the sum of the conduct and

hyperactivity scales2. Once we have calculated this score for every child aged 7, we

create an individual dummy variable taking the value 1 if the child is above the median

of this score – meaning that s/he has more behavioral problems than the median – and

taking the value 0 otherwise.

Second, to obtain the share of 5 or more GCSEs passed, we used the age 17 sweep

(i.e., sweep 7) in which young pupils have been asked about their educational attain-

ment. At the age of 17, we expect students to have passed their GCSEs. Since the

exam conditions and requirements vary depending on which country you live in, we

restrict our analysis to England only. In England, particularly, students are expected

to take 9 subjects in GCSEs, among which 3 of them are compulsory – Maths, English

and Science. Maths earns you 1 GCSE, English 2 GCSEs (English Language and Lit-

2See the Early Intervention Foundation website.
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erature) and Combined Science, which is worth 2 GCSEs3. In turn, we calculate the

within-person number of GCSEs passed and create a dummy variable taking the value

1 if they have achieved 5 or more A*- C (4) grades at GCSE; otherwise this dummy

variable takes the value 0.

Estimation and predictors. To derive both final figures, we first regress our out-

comes on educational and income fixed effects. We then predict the residuals, to which

we add back the mean of our outcome variables4. For the educational fixed effects, we

use parents’ reported information at sweep 1 on their highest education achievement.

The final education variable we construct is a 3-category variable (high, medium and

low), as presented in Table B.11. We include both mother’s and father’s educational

fixed effects in the regressions, for both outcomes.

Table B.11. Education Coding Scheme

3-category coding 9-category coding Questionnaire items included

High education

1. Higher degree Higher degree (A)

2. Bachelor’s degree
First degree (A)
Professional qualifications at degree level (V)

3. HE below degree
Diplomas in higher education (A)
Nursing or other medical qualifications (V)

Medium education

4. A-level
A/AS/S level (A)
NVQ/SVQ/GSVQ Level 3 (V)

5. Trade apprenticeship Trade apprenticeship (V)

6. GCSE A-C
O-level/GCSE grades A-C (A)
NVQ/SVQ/GSVQ Level 2 (V)

Low education
7. GCSE D-G

GCSE grades D-G (A)
NVQ/SVQ/GSVQ Level 1 (V)

9. None None of these (A & V)

Notes: We exclude category 8, which corresponds to “other qualification including oversea”, for con-
sistency.

For the income fixed effects, we proceed in two different ways, depending on the

information we want to calculate. For the share of children that have more behavioral

problems than the median child of their own gender, we use income reported by the

3See this website for a full description.
4For the share of children having more behavioral problems than the average, the outcome is the

above-defined dummy variable taking the value 1 if the child is above the median of this score; 0
otherwise. For the share of 5+ GCSEs passed, the outcome is the dummy variable taking the value 1
if the child has achieved 5 or more A*- C (4) grades at GCSE; 0 otherwise.
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parents at sweep 4 (since our outcome is also measured at sweep 4, i.e., age 7 of the

child). The variable provided by MCS is a banded variable, including 19 categories,

ranging from less than £1,600 a year, to £100,000 or more. There are too many

categories to include this variable as fixed effects. Therefore, we divided individuals in

quintiles, roughly with respect to the original variable.

For the share of 5+ GCSEs passed, we use the income reported by the parents

at sweeps 3 and 4 (corresponding to primary school ages, i.e., ages 5 and 7). Like

previously, the income variable is categorical and contains too many categories to be

included as fixed effects. Thus, for each sweep and for each individual, we create a

new variable who takes the reported income mode and average this new variable across

sweeps to create a final version presented in quintiles.

Finally, we create a dummy variable to determine whether the mother works full-

time (i.e., 35 hours a week and more) or part-time (less than 35 hours a week). For

the share of primary school age children that have more behavioral problems than the

median child of their own gender, we use the reported mother’s working hours at sweep

4 (time of the outcome measurement). For the share of 5+ GCSEs passed, we take

the average of reported mother’s working hours at sweeps 3, 4 (corresponding to ages

5 and 7, i.e., primary school age) and end up with a dummy variable equal to 1 if, on

average, the mother was working 35 hours or more across those 2 sweeps, 0 if the was

working, on average, less than 35 hours.

Thus, our final calculated figures, weighted and unweighted, are presented in the

figure B.6 below.

B.4.2 Incentivized Beliefs: Associations with Participant Character-

istics

We present in Figure B.7 the correlates of participants’ beliefs with individual charac-

teristics. Panel A presents the correlates of the GCSE pass rate belief (i.e., the passing

rate of five or more GCSEs with at least C/4, when the mother worked 35 hours or

more per week) with participant’s main characteristics. We calculate these correlations

for the full sample. Panel B presents the correlates of the incentivized behavioral belief
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Figure B.6. GCSEs and Behavioral Problems Statistics

(a) GCSE Unweighted

73.7384
76.3814

0

20

40

60

80

Less than 35 hrs 35+ hrs

Sh
ar

e 
of

 c
hi

ld
re

n 
pa

ss
in

g 
fiv

e 
or

 m
or

e 
of

 th
ei

r G
C

SE
's

 w
ith

 a
 c

/4
 o

r h
ig

he
r (

%
)

(b) GCSE Weighted

75.8696 77.0664

0

20

40

60

80

Less than 35 hrs 35+ hrs

Sh
ar

e 
of

 c
hi

ld
re

n 
pa

ss
in

g 
fiv

e 
or

 m
or

e 
of

 th
ei

r G
C

SE
's

 w
ith

 a
 c

/4
 o

r h
ig

he
r (

%
)

(c) Behavioral Problems Unweighted

35.936 36.5882

0

10

20

30

40

Less than 35 hrs 35+ hrs

Sh
ar

e 
of

 c
hi

ld
re

n 
ha

vi
ng

 m
or

e 
be

ha
vi

ou
ra

l p
ro

bl
em

s 
th

an
 th

e 
m

ed
ia

n 
(%

) Externalising scales

(d) Behavioral Problems Weighted

35.3943
36.575

0

10

20

30

40

Less than 35 hrs 35+ hrs

Sh
ar

e 
of

 c
hi

ld
re

n 
ha

vi
ng

 m
or

e 
be

ha
vi

ou
ra

l p
ro

bl
em

s 
th

an
 th

e 
m

ed
ia

n 
(%

) Externalising scales

Notes: We present unweighted versions in our survey. The weighted versions are almost identical.

(i.e., about the share of children having more behavioral problems than the median

when the mother worked 35 hours or more per week) for the control group only with

participant’s main characteristics.

Our sample size does not allow us to display significant differences by individual

characteristics, but a few points are interesting to note here concerning the direction

of some estimates. First, being a woman – as opposed to being a man – is nega-

tively associated with the prior beliefs on GCSEs, but positively associated with the

incentivized beliefs. This goes in line with the result we highlight earlier, stating that

men tend to hold gendered beliefs, especially concerning the expected probability of

graduation. Second, being non-white correlates negatively with the prior beliefs, and

positively with the incentivized beliefs. Finally, relative to conservative, voting liberal
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is negatively associated with both beliefs.

B.4.3 Predictors of Beliefs and Norms

See Table B.12 on the association between beliefs and self-reported norms.

B.4.4 Additional Beliefs, Gender Norms and Policy Views

Table B.13 presents the distribution of the beliefs variables about mothers versus fathers

decisions and preferences in the investment to children’s skills as are defined in the main

text Table 3.4.

As stated in the main text, for each question, we define a variable to be equal

to 1 if the participant replied “mother” as being the more efficient on the dimension

considered (which corresponds to a gendered belief), 0 if they either replied “father”

or “both equally”.

Policy views. We are interested in collecting – without participants knowing that

this is linked to our main survey – a set of self-reported policy views on the government

spending, taxes, childcare policies, and paternity leave policies. We invited participants

back, one week later, by sending them a generic invitation from Prolific to undertake

a 5-minute survey that did not reveal the link to the main survey. Table B.14 presents

the questions and answer modalities.
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Figure B.7. Correlates of Beliefs and Individual Characteristics

(a) Panel A: Correlates with Prior Beliefs on GCSE pass rates
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(b) Panel B: Correlates with Incentivized Beliefs on Behavioral Problems
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Notes: N = 249. The dots indicate the mean values of the estimated multiple regression coefficients.
The dependent variable in Panel A is participant’s prior belief on the passing rate of five or more GCSEs
with at least C/4, when the mother worked 35 hours or more per week. The dependent variable in
Panel B is the share of children having more behavioral problems than the median when the mother
worked 35 hours or more per week. For gender, the “other” category groups participants who do not
identify either as a cisgender man nor as cisgender woman. Lines indicate 95% confidence intervals.
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Table B.13. Distribution of Channels Related to Gender Norms

Mean SD Min Max N

Q1 – Productivity (=1 if mother)
Mother 0.22 0.42 0 1 56
Father 0.12 0.33 0 1 31
Both equally 0.65 0.48 0 1 162
Q2 – Resource Allocation (=1 if mother)
Mother 0.63 0.48 0 1 158
Father 0.12 0.32 0 1 29
Both equally 0.25 0.43 0 1 62
Q3 – Resource Allocation (=1 if mother)
Mother 0.57 0.50 0 1 143
Father 0.07 0.25 0 1 17
Both equally 0.36 0.48 0 1 89

Preferences (in hours/day)
Q4 – Out time 1.85 1.91 0 15 249
Q5 – Skill time 2.77 2.87 0 20 249

Notes: This table presents descriptive statistics for the gender norms questions, presented in Table 3.4.
Questions are as follows: Q1 – In a family where the mother and father have the same education level,
in time spent on helping a child with educational activities, if only one parent can be involved, which
parent do you believe would be the most effective? Q2 – In a family where the mother and father have
the same education level, in money spent on helping a child with educational activities, if only one
parent is allowed to make the resource (money) allocation decisions, which parent do you believe would
allocate more money to the child? Q3 – In a family where the mother and father have the same income
level, who do you believe would be more likely to make the resource (money) allocation decisions? Q4
– In a typical family where the father works full time, how many hours per day on average do you
think the father spends helping their children develop educational and social skills? Q5 – In a typical
family where the mother works full time, how many hours per day on average do you think the mother
spends helping their children develop educational and social skills?
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Figure B.8. Gender Norms Score Distribution
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Notes: Histogram of the gender norms score variable with kernel density plot. The minimum (maxi-
mum) value can be 1 (5), corresponding to traditional (liberal) attitudes towards gender norms.
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B.5 Additional Results: Information Treatment Effects

Heterogeneity by participant’s characteristics. We report in Table B.15 below

additional results for the information treatment effects, by participant’s main charac-

teristics, i.e., gender, education, employment status, and voting behavior.

Beliefs on gender norms. We further look at whether beliefs about gender norms

respond to the information treatment. In Table B.16, we report results across the

self-reported gender norm questions. We lack enough variation in these measures to

say anything efficiently. Yet, we point out some patterns. The pattern in the point

estimates suggests that there may be a fair degree of heterogeneity across initial beliefs.

Policy views – obfuscated follow-up. As mentioned earlier in the paper, we are

interested in collecting – without participants knowing that this is linked to our main

survey – a set of self-reported policy views on government spending, taxes, childcare

policies, and paternity leave policies. We end up with 227 participants (out of 249,

circa 91%) with valid information. The questions asked to participants are reported in

Table B.14 in the Appendix. As we try to encompass participants’ policy views into

more or less liberal views, but mainly related to women’s behavior in the labor market,

we focus on Questions 4 and 5 related, respectively, to childcare and paternity leave

policies. We recode these two questions so that they equal 1 if the participant replied

1 (“strongly agree”) or 2 (“agree”); otherwise 0. We further focus, in column 3, on

an indicator reflecting support (or not) for both policies, equal to 1 if the respondent

answered supportively of both policies, 0 otherwise.
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Table B.16. Gender Norms Updating and Information Treatment Effects

Gender Norms Score Q1bis – Productivity Q2bis – Resource Allocation Q3bis – Resource Allocation Q4bis – Preferences Q5bis – Preferences

Continuous =1 if mother =1 if mother =1 if father Father’s # Hours Mother’s # Hours

All participants: ATE: γ -0.016 -0.039 0.016 -0.002 -0.001 0.028
(0.029) (0.064) (0.061) (0.041) (0.237) (0.308)

Panel A: by GCSEs Beliefs

GCSEs under-estimators: γ1 -0.023 -0.051 0.075 -0.038 0.051 -0.075
(0.036) (0.080) (0.076) (0.050) (0.376) (0.442)

GCSEs over-estimators: γ2 -0.011 -0.008 -0.090 0.055 -0.048 0.264
(0.048) (0.108) (0.102) (0.072) (0.218) (0.373)

Panel B: by θgraduate,i

(θgraduate,i ≥ 0)× Treat: γ1 0.004 -0.069 -0.071 -0.019 -0.171 -0.006
(0.040) (0.089) (0.085) (0.055) (0.236) (0.392)

(θgraduate,i < 0)× Treat: γ2 -0.039 -0.004 0.107 0.014 0.135 0.016
(0.043) (0.094) (0.089) (0.065) (0.442) (0.474)

Panel C: by θearnings,i

(θearnings,i ≥ 0)× Treat: γ1 -0.024 -0.047 0.013 0.020 -0.075 0.034
(0.037) (0.083) (0.078) (0.054) (0.340) (0.463)

(θearnings,i < 0)× Treat: γ2 0.003 -0.025 0.039 -0.030 0.146 0.086
(0.048) (0.104) (0.099) (0.064) (0.296) (0.338)

Controls Yes Yes Yes Yes Yes Yes
Individuals 249 249 249 249 249 249

Notes: * p <0.10; ** p <0.05, *** p <0.01. Robust standard errors in parentheses. This table
presents regressions of equation 3.4 for all participants. It also provides regressions of equation 3.5, by
prior beliefs (Panel A), by average perceived returns for the probability of the child to graduate from
University (Panel B), and by average perceived returns for the log of expected earnings (Panel C). The
outcomes considered are the following: the gender norms score (column 1), productivity (column 2),
resource allocation (column 3), and preferences (column 4 & 5). Q1bis = 1 if the participant thinks the
mother would be the most effective if only parent can be involved in time spent on helping the child
with educational activities. Q2bis = 1 if the participant thinks the mother would allocate more money
to the child, if only one parent was allowed to make the resource allocation decisions. Q3bis = 1 if the
participant thinks the father would be more likely to make the overall resource allocation decisions. Q4
and Q5 are continuous values corresponding, respectively, to the time the participant thinks the father
(Q4) and the mother (Q5) separately spend helping their children develop educational and social skills.
Control variables include participant’s gender, age, a dummy for ethnicity, and a dummy for having a
degree or less.
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Table B.17. Information Treatment Effects and Support for Policies

(1) (2) (3)

Q4bis – Childcare Q5bis – Paternity Leave Supportive of Both

All participants: ATE: γ -0.008 -0.064 -0.091
(0.048) (0.065) (0.066)

Panel A: by GCSEs Beliefs

GCSEs under-estimators: γ1 -0.063 -0.126 -0.183**
(0.065) (0.086) (0.087)

GCSEs over-estimators: γ2 0.072 0.024 0.040
(0.071) (0.097) (0.101)

Panel B: by θgraduate,i

(θgraduate,i ≥ 0)× Treat: γ1 -0.021 -0.082 -0.117
(0.073) (0.092) (0.093)

(θgraduate,i < 0)× Treat: γ2 -0.001 -0.059 -0.080
(0.065) (0.093) (0.095)

Panel C: by θearnings,i

(θearnings,i ≥ 0)× Treat: γ1 0.069 -0.052 -0.117
(0.065) (0.084) (0.087)

(θearnings,i < 0)× Treat: γ2 -0.128* -0.063 -0.045
(0.067) (0.106) (0.107)

Controls Yes Yes Yes
Individuals 227 227 227

Notes: * p <0.10; ** p <0.05, *** p <0.01. Robust standard errors in parentheses. This Table
presents regressions of equation 3.4 for all participants. It also provides regressions of equation 3.5, by
prior beliefs (Panel A), by average perceived returns for the probability of the child to graduate from
University (Panel B), and by average perceived returns for the log of expected earnings (Panel C). The
outcomes considered are final indicators Q4bis and Q5bis, presented in the last column of Table B.14,
and they are coded such as 1 reflect more liberal attitudes towards women working. In column 3, we
create an indicator reflecting support (or not) for both policies, equal to 1 if the respondent answered
supportively of both policies, 0 otherwise. Control variables include participant’s gender, age, a dummy
for ethnicity, and a dummy for having a degree or less.
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C.1 Description of Psychological Scales

CFPS uses different scales of mental health distress in different survey waves. One

such indicator is the Kessler Psychological Distress Scale (K6), developed by Kessler

et al. (2002), which was asked in the 2010 and 2014 surveys. Respondents reported

their experiences in the past month on items in Table C.1. We reverse code each item

to score as 0 (never), 1 (once a month), 2 (2-3 times a month), 3 (2-3 times a week)

and 4 (Almost every day) and aggregate them to a final score ranging from 0 to 24,

with higher scores indicting greater depressive symptoms. While a score of 13 usually

defines serious mental illness (Kessler et al., 2003), we use a lower threshold of K6 ≥ 5

to indicate moderate mental distress (Prochaska et al., 2012).

Another mental health indicator used in CFPS is the Center for Epidemiologic Stud-

ies Depression Scale (CES-D) (Radloff, 1977b). The full 20-item CES-D was included in

the 2012 and 2016 surveys, while an 8-item version was asked in the 2018 and 2020 sur-

veys. Respondents rated their past-week status on items in Table C.1. Each item was

scored as 1 (never(less than one day)), 2 (sometimes (1-2 days)), 3 (often(3-4 days)),

and 4 (most of the time (5-7 days)). We reverse code items 4, 8, 12, 16 and aggregate

those items, with the 20-item version ranging from 0 to 60 and the 8-item version from

0 to 24. Higher scores indicate more sever depression. The CES-D20 categorizes scores

as follows: ≤ 16 indicates no to mild depression, 17-23 indicates moderate depression,
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and ≥ 24 indicates severe depression (Bi et al., 2023). In this paper, we use a used

CES-D20 cut-off of 16, corresponding to an CES-D8 cut-off score of 7, as these scores

effectively identify individuals at risk of clinical depression in the Chinese context (Bi

et al., 2023).

Both K6 and CES-D are frequently used to evaluate psychological distress and

serious mental illness (Kessler et al., 2003; Kim et al., 2016; Weissman et al., 1977).

Because these scales do not appear in all survey waves, we construct a consistent

variable called “distress”. A child is coded as 1 (distressed) if their K6 score is ≥ 5

(Prochaska et al., 2012), CES-D8 score is ≥ 7, or CES-D20 score is ≥ 16 (Bi et al.,

2023).
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Table C.1. Items of psychological scales

2010 2012 2014 2016 2018 2020

K6: Please select according to your statuses in the past month.
(1) Feel depressed and cannot cheer up. X X
(2) Feel nervous. X X
(3) Feel agitated or upset and cannot remain calm. X X
(4) Feel hopeless about the future. X X
(5) Feel that everything is difficult. X X
(6) Think life is meaningless. X X

CES-D: Please select according to your statuses in the past week.
(1) I am worried about some trivial things. X X
(2) I have a poor appetite and do not want to eat. X X
(3) I feel depressed despite the help from relatives and friends. X X
(4) I find myself not worse than others. X X
(5) I cannot concentrate on things. X X
(6) I am in a low spirit. X X X X
(7) I find it difficult to do anything. X X X X
(8) I find the future promising. X X
(9) I feel that I have been a loser for a long time. X X
(10) I feel scared. X X
(11) I cannot sleep well. X X X X
(12) I feel happy. X X X X
(13) I talk less than usual. X X
(14) I feel lonely. X X X X
(15) I find that people are not friendly to me. X X
(16) I have a happy life. X X X X
(17) I cried or I want to cry. X X
(18) I feel sad. X X X X
(19) I find that others do not like me. X X
(20) I feel that I cannot continue with my life. X X X X

Number of items 6 20 6 20 8 8

Notes: This table presents detailed items of the K6 scale and the CES-D scale and in which wave they
were elicited.
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C.2 Robustness Checks

Figure C.1. Sensitivity of results to bandwidth choices
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Notes: Each sub-graph reports coefficient estimates and confidence intervals for different bandwidths
from 5 to 15 quarters. Each dot indicates the RD estimate using the specified bandwidth. Capped
spikes represent 90% confidence intervals of the estimates.
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Figure C.2. Sensitivity of results to different orders of polynomial
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Notes: Each dot represents the RD estimate using the specified order of RD polynomial. Capped
spikes represent 90% confidence intervals of the estimates.
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Table C.2. Robustness to different specifications

Linear Interaction Quadratic Interaction No weights Panel weights Donut 1Q
(1) (2) (3) (4) (5)

Panel A. Dependent variable is: Sick
Policy -0.022 -0.018 -0.023 0.014 -0.006

(0.012) (0.048) (0.021) (0.012) (0.021)
Policy × Running quarters -0.006** -0.005

(0.002) (0.016)
Policy × Running quarters2 0.000

(0.003)
Mean 0.263 0.263 0.263 0.253 0.263
Observations 3,056 3,056 3,274 2,907 2,938
R2 0.104 0.104 0.089 0.106 0.101

Panel B. Dependent variable is: Self-rated health
Policy 0.079*** 0.143* 0.091** 0.193** 0.057

(0.013) (0.057) (0.032) (0.073) (0.046)
Policy × Running quarters 0.013 0.059

(0.008) (0.033)
Policy × Running quarters2 0.003

(0.005)
Mean 0.379 0.379 0.379 0.378 0.378
Observations 1,176 1,176 1,266 1,251 1,130
R2 0.123 0.124 0.114 0.211 0.145

Panel B. Dependent variable is: Observed health
Policy 0.019** 0.043*** 0.006 0.009 0.041***

(0.006) (0.010) (0.011) (0.009) (0.010)
Policy × Running quarters 0.003 0.031**

(0.002) (0.009)
Policy × Running quarters2 0.001

(0.001)
Mean 0.980 0.980 0.980 0.983 0.980
Observations 1,564 1,564 1,666 1,529 1,500
R2 0.070 0.075 0.068 0.167 0.081

Panel B. Dependent variable is: Distress
Policy -0.083** -0.103*** -0.089** -0.217** -0.078*

(0.023) (0.020) (0.023) (0.067) (0.033)
Policy × Running quarters 0.005 0.021*

(0.005) (0.010)
Policy × Running quarters2 -0.002

(0.001)
Mean 0.123 0.123 0.123 0.125 0.125
Observations 1,175 1,175 1,265 1,250 1,129
R2 0.254 0.255 0.237 0.251 0.263

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at
the mothers’ birth years. The policy cut-off is 1980Q1. Regressions include children of mothers born
within 11 quarters around the policy cut-off. CFPS panel weights are used in column (4).
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Figure C.3. Placebo 1980 Q1 cut-offs
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Notes: This figure tests different policy cut-offs up to 4 quarters prior and post the policy cut-off
employed in this paper, at a 1-quarter frequency. The policy cut-off we choose for this paper is 1980Q1,
marked in red.
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C.3 Results on child growth

Growth indicators. In addition to the main results, we also look at children’s growth

indicators, which are often used for younger kids to indicate their general health. We

use the same specification as our main analysis but exclude controls for the children’s

gender and age, as the Z-scores already take these factors into account.

Table C.3 shows the effects of the policy on various indicators of child growth.

The results generally show null effects on child growth indicators, except for a slightly

significant increase in the probability of being overweight, as derived from the BMI

Z-score. These additional results suggest that children born to mothers who were

born right before or after the policy cut-off have similar growth patterns, except for

a marginally higher probability of being overweight. This is generally consistent with

some papers that also find null effects of sibling size on children’s height and BMI

(Zhong, 2014).

Table C.3. Growth indicators for children

(1) (2) (3) (4) (5)
Height-for-age

Z-score
Weight-for-age

Z-score
Body Mass Index

Z-score
Overweight Obese

Policy -0.062 0.204 0.175 0.070* 0.004
(0.039) (0.111) (0.157) (0.034) (0.015)

Mean 0.138 0.241 0.242 0.094 0.062
Observations 2,801 2,047 2,832 2,832 2,832
R2 0.149 0.140 0.099 0.051 0.095

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at the
mothers’ birth years. Z-scores are generated using the WHO Child Growth Standards, accounting for
age and gender. Overweight is defined as a BMI-for-age Z-score above 2, while obese is defined as a
BMI Z-score above 3.

Weight categories for mothers. Table C.4 shows the effects of the policy on the

body mass index (BMI) and different weight categories for mothers. The policy has

no significant effect on the BMI of mothers in general. However, we see a small but

significant increase in the probability of being in the overweight category for mothers

born after the policy cut-off date. This is consistent with the literature looking at the
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effects of the policy on health in middle age (Islam and Smyth, 2015; Wu and Li, 2012).

Meanwhile, we see a reduction in the probability of being obese for these mothers, and

null effects on the probability of being in the healthy weight or underweight categories.

These results suggest that the policy had a noticeable effect on the weight distribu-

tion of mothers, specifically by increasing the likelihood of being overweight. A possible

explanation for the increase in the overweight category but not in obesity could be that

the policy led to improved economic conditions and access to food and nutrition, which

caused mothers to gain weight and move from a healthy weight to overweight. How-

ever, the same improvements in economic conditions and access to health care may

have prevented the extreme weight gain that leads to obesity, explaining the decline

in obesity rates. This shift in weight categories reflects nuanced changes in maternal

health outcomes influenced by policy, highlighting the complex interplay between fer-

tility policy and health behaviors. This effect on mothers’ weight outcomes could also

be transmitted to their children, as shown in the above Appendix Table C.3.

Table C.4. Weight categories for mothers

(1) (2) (3) (4) (5)
Body Mass Index Healthy weight Overweight Obese Underweight

Policy 0.005 -0.056 0.073*** -0.032* 0.015
(0.119) (0.030) (0.016) (0.014) (0.023)

Mean 22.529 0.631 0.226 0.065 0.078
Observations 2,612 2,612 2,612 2,612 2,612
R2 0.197 0.078 0.095 0.088 0.075

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at the
mothers’ birth years. Healthy weight is defined as a BMI larger than or equal to 18.5 but smaller than
24. Overweight is defined as a BMI above 24, while obese is defined as a BMI above 28.
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C.4 Additional tables and figures

Figure C.4. Quadratic polynomial: RD plots for all outcomes
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(d) Distress
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Notes: The points depict binned residuals from a main regression of the outcome variable on a
quadratic polynomial in birth quarter, along with other control variables. Solid lines display quadratic
polynomial regression fit, separately estimated on each side of the cut-off, with dashed lines indicating
90% confidence intervals.
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Table C.5. Effects from fathers’ side: Family income and expenditure

(1) (2) (3) (4) (5) (6)

Total Income Total Exp. Med. Exp. Public Ins. Commercial Ins.
Commercial Ins.

Spending

Policy -0.211*** 0.017 -0.245 -0.032* -0.086** -0.556*
(0.036) (0.076) (0.135) (0.013) (0.027) (0.229)

Mean 10.726 10.943 5.542 0.721 0.206 1.315
Observations 2,542 2,491 1,149 2,533 2,530 2,528
R2 0.333 0.329 0.222 0.166 0.098 0.106

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered
at the fathers’ birth years. The first two are taken from family level expenditure and the rest are
directly on children. Total family income comprises five components: wage income, total/net business
income, property income, transfer income, and other income. We take natural logs of total income and
expenditure (columns 1 and 2), medical expenditure (column 5), and commercial insurance spending
(column 6). Public and commercial insurance in columns (3) and (4) are binary variables.

Table C.6. Policy effects on fathers’ demographic characteristics

(1) (2) (3)
No siblings Number of children College+

Policy -0.048 0.107** 0.037
(0.032) (0.033) (0.089)

Mean 0.215 1.751 0.220
Observations 2,147 2,158 2,158
R2 0.331 0.327 0.280

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at the
fathers’ birth years. No siblings is a dummy variable and College+ is column (3) takes 1 if a father has
a college degree or higher.

Table C.7. Policy effects on fathers’ health status

(1) (2) (3) (4) (5) (6)
Discomfort Chronic Disease Self-rated health Unhealthy Observed health Distress

Policy -0.102*** -0.069 0.124*** 0.012 -0.000 -0.021
(0.017) (0.047) (0.022) (0.025) (0.008) (0.036)

Mean 0.188 0.095 0.242 0.163 0.983 0.161
Observations 1,723 1,720 2,153 2,153 1,752 1,723
R2 0.092 0.077 0.224 0.116 0.056 0.150

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at the
fathers’ birth years. Discomfort takes 1 if a father reported physical discomfort in the last two weeks.
Chronic disease is a dummy variable indicating whether a father was diagnosed with a chronic disease
in the past six months. Self-rated health is a binary variable, with 1 indicating good health, while
Unhealthy takes 1 if they rated themselves as very unhealthy. Interviewer-observed health is a binary
variable, with 1 indicating good health. Distress is a binary variable where 1 indicates psychological
distress.
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Table C.8. Effects from fathers’ side: Interaction between parents and children

Interviewers’ observation Children’s Response Parents’ Response

(1) (2) (3) (4) (5) (6) (7) (8)
Active

Communication
Care about
Education

Quarrel
Heart-to-heart

Talk
Give up

watching TV
Discuss

Homework
Check

TV
Restriction

Policy -0.007 0.015 -0.287 -0.432 0.010 -0.033 0.020 -0.013
(0.018) (0.017) (0.165) (0.520) (0.023) (0.027) (0.022) (0.020)

Mean 0.843 0.843 1.140 2.506 0.533 0.426 0.655 0.582
Observations 1,729 1,774 626 609 1,294 1,296 1,271 1,296
R2 0.550 0.400 0.168 0.129 0.290 0.260 0.469 0.191

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at the
fathers’ birth years. The first two variables are dummy variables, showing interviewers’ observations
on whether parents communicate with their child actively and on whether home environment indicates
parents care about their child’s education. The next two variables are only reported by those aged
9-15. Quarrel refers to the number of times children quarrelled with their parents last month (column
3). Heart-to-heart talk refers to the number of times children had a heart-to-heart talk with parents
last month (column 4). The last four variables are all dummy variables constructed based on parents’
responses: whether parents often give up watching TV to avoid disturbing their child (column 5),
whether parents often discuss happenings at school with their child this semester (column 6), whether
parents often ask their child to finish homework or check their child’s homework (column 7) and whether
parents restrict their child from watching TV or restrict the type of TV programs their child could
watch (column 8).

Table C.9. Effects from mothers’ side: Interaction between parents and children,
restricted to children above 9 years old

Interviewers’ observation Children’s Response Parents’ Response

(1) (2) (3) (4) (5) (6) (7) (8)
Active

Communication
Care about
Education

Quarrel
Heart-to-heart

Talk
Give up

watching TV
Discuss

Homework
Check

TV
Restriction

Policy 0.053*** 0.023 0.788*** 0.422 0.062 -0.113 -0.034 -0.062**
(0.010) (0.024) (0.187) (0.450) (0.034) (0.064) (0.033) (0.016)

Mean 0.803 0.801 1.335 2.527 0.545 0.430 0.670 0.577
Observations 1,088 1,114 1,090 1,022 1,423 1,426 1,425 1,426
R2 0.598 0.425 0.127 0.127 0.300 0.280 0.499 0.176

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are in parentheses and clustered at the mothers’
birth years. The first two variables are dummy variables, showing interviewers’ observations on whether parents
communicate with their child actively and on whether home environment indicates parents care about their
child’s education. The next two variables are only reported by those aged 9-15. Quarrel refers to the number
of times children quarrelled with their parents last month (column 3). Heart-to-heart talk refers to the number
of times children had a heart-to-heart talk with parents last month (column 4). The last four variables are
all dummy variables constructed based on parents’ responses: whether parents often give up watching TV to
avoid disturbing their child (column 5), whether parents often discuss happenings at school with their child this
semester (column 6), whether parents often ask their child to finish homework or check their child’s homework
(column 7) and whether parents restrict their child from watching TV or restrict the type of TV programs their
child could watch (column 8).
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