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Abstract 

Policies supporting families with young children provide an important context for human 

development. The two primary public policies available to caregivers around and after childbirth 

are parental leave and early care and education (ECE). A substantial body of research evaluates 

the effects of parental leave and ECE policies on various outcomes, but most existing studies focus 

on average treatment effects in the population. We know much less about how policy effects vary 

by family demographics or by child care program characteristics. The three studies in this 

dissertation aim to increase our understanding about the circumstances under which child and 

family policies are more or less effective in supporting families with young children.  

Study 1 documents maternal wage dynamics around childbirth and their heterogeneity by 

education using German administrative data. Women with low education experience a smaller 

drop and a faster recovery of their wages than women with higher levels of education. These 

differences are largely explained by the fact that women with low education have their first child 

at a younger age. To investigate whether public policies can influence these wage dynamics, I 

exploit a paid family leave policy change in 2007 to set up a differences-in-regression-

discontinuities design. The policy change shortened the duration of monthly benefit receipt, 

increased the amount of monthly transfers, and encouraged secondary caregivers to spend at least 

two months on leave. I find suggestive evidence that the policy did not have an effect on wage loss 

after childbirth for women with high education. Women with low education earn a larger share of 

their pre-birth wage in the second year after childbirth under the new policy regime. This is most 

likely because they return to work faster. My results suggest that the policy change only influenced 

labor market behavior of mothers with economic constraints. 
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Study 2 provides novel insights into ECE access by using a new indicator: distance traveled 

for child care. It documents trends in how far families travel to access care in the United States by 

neighborhood income using geographic mobility data for 2019 for n = 106,916 child care 

programs. The findings indicate that distance traveled follows an inverted U-shaped pattern. 

Families who live in the lowest and highest income neighborhoods tend to travel less for child care 

than families in the middle of the income distribution. In a case study examining the state of 

Illinois, the pattern is consistent with the physical availability of child care. Findings are discussed 

in terms of how distance traveled as an indicator can help define the child care market and its 

implications for early childhood policy. 

Study 3 focuses on the effect of ECE on parental outcomes. In this paper, coauthored with 

Professor Terri Sabol, we use family stress theory to argue that the financial and logistical burden 

of paying for and managing child care arrangements can act as repeated stressors in families’ lives, 

and may negatively influence parental mental well-being. We examine whether the provision of 

free and high-quality early care alleviates these stressors and leads to better parental health and 

well-being. We use data from the Head Start Impact Study, a nationally representative randomized 

controlled trial from the early 2000s, to answer the research question. Next to documenting the 

average effect of offering Head Start on parental well-being, we also explore heterogeneity in these 

effects by program characteristics, including family-centered services and supports in a program.  

The three studies in this dissertation inform our understanding of how birth-to-5 child and 

family policies influence lives of families with young children within two different national 

contexts, Germany (with high public funding) and the United States (with lower public funding). 

Moving beyond documenting average effects, they showcase how policy impacts vary by family 

demographics and child care center characteristics. These insights contribute to policy design and 
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could help researchers, practitioners, and policy makers to work together to build policies that 

better support families with young children.  
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Introduction 

Policies supporting families with young children provide an important context for human 

development (Teti et al., 2017). The two primary public policies available to caregivers around 

and after childbirth are parental leave and early care and education. Parental leave provides time 

off of work to ensure that caregivers are able to spend time with their children in the early weeks 

and months, but at the same time stay attached to the labor market so their transition back to 

employment is possible (Rossin-Slater, 2018). Early care and education (ECE) enables caregivers 

to work outside the home, and provides a conducive environment for child development (Blau & 

Currie, 2006; E. U. Cascio, 2021). 

Around childbirth, countries across the world support parents to varying degrees. Member 

countries of the Organisation for Economic Co-operation and Development (OECD) spend on 

average 2.1% of their Gross Domestic Product (GDP) on family benefits, but there are large 

differences across countries (OECD, 2022). While the United States spent only 0.61% in 2018 on 

public financial support for families and children, Germany spent 2.33% (OECD, 2022). A 

substantial body of research evaluates the effects of parental leave and ECE policies on various 

outcomes. Findings from these studies provide information on how successful these policies are 

in supporting parental employment and wages, parent and child health, and child development (see 

reviews by Morrissey, 2017a; Olivetti & Petrongolo, 2017; Rossin-Slater, 2018; Rossin-Slater & 

Uniat, 2019). However, most existing studies focus on average treatment effects in the population. 

We know much less about how policy effects vary by family demographics or by child care 

program characteristics. This dissertation aims to increase our understanding about the 

circumstances under which child and family policies are more or less effective in supporting 
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families with young children. It is important to document these differences to help refine existing 

policies and to target public funds to build a policy environment that serves families better. 

Study 1 in this dissertation focuses on maternal wage dynamics around childbirth and the 

degree to which parental leave policies can support female income after women have children. I 

study this question in the German context. Germany is a large Western-European country with 

generous parental leave policies. The large majority of mothers take time off of work to care for 

their children in the early years, and they may or may not return to the labor market full-time 

(Collins, 2019). The policy environment over the past two decades have been encouraging women 

to participate in the labor force after having children and they introduced measures that aim to 

increase gender equality in the labor market and in caretaking (Huebener et al., 2016). The 

changing policy context along with available administrative data make Germany an ideal context 

for my analyses. I use data on labor market histories to document maternal wages before and after 

childbirth. I extend prior work by disaggregating average patterns by education. I show that women 

with lower levels of education experience a smaller drop and a faster recovery in their wages 

following childbirth than women with higher levels of education. These differences are largely 

explained by the fact that women with lower levels of education have children at a younger age. 

To investigate whether public policies can influence these wage dynamics, I exploit a paid family 

leave policy change in 2007 to set up a differences-in-regression-discontinuities design. The policy 

change shortened the duration of monthly benefit receipt, increased the amount of monthly 

transfers, and encouraged secondary caregivers to spend at least two months on leave. I find 

suggestive evidence that the policy did not have an effect on wage loss after childbirth for women 

with high education. Women with low education earn a larger share of their pre-birth wage in the 

second year after childbirth under the new policy regime. This is most likely because they returned 
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to work faster. My results suggest that the policy change only influenced labor market behavior of 

mothers with economic constraints. 

Returning to the labor market following childbirth is only possible if caregivers have access 

to non-parental care for their children. Next to enabling caregiver work outside the home, early 

care and education (ECE) is often framed as an important tool to help children, especially children 

from disadvantaged families, to develop their academic skills (Phillips et al., 2017). ECE can also 

influence children’s development of socio-emotional skills like executive function, self-regulation, 

and relationship with others (Sabol et al., 2021; Weiland & Yoshikawa, 2013).  It may also 

contribute to the well-being of the whole family, not just to that of children (Teti et al., 2017). 

Furthermore, ECE is an important part of the social safety net (Bitler et al., 2020; Small, 2006a). 

Studies 2 and 3 of this dissertation focus on the early care and education landscape of the United 

States, a country that does not have a universal system of ECE. This stands in contrast to many 

European settings where publicly funded ECE is often universally available. In the U.S. context, 

effective investment is critical and my work seeks to inform the broader line of research on how 

best to structure an underfunded system and better understand the significance of child care in the 

lives of families with young children. 

Over the past few decades federal, state, and local investments into early care and education 

have focused on increasing access to child care (Friedman-Krauss et al., 2021; Friese et al., 2017). 

Access to child care is a multi-dimensional concept including the physical availability, cost, and 

quality of child care programs, and how well they serve families’ needs (Friese et al., 2017). 

Common indicators to measure ECE access are physical availability, i.e. the number of programs 

in a given geographic area (Cochi Ficano, 2006; Gordon & Chase-Lansdale, 2001; Malik et al., 

2018), and enrollment in ECE (Bainbridge et al., 2005; Magnuson & Waldfogel, 2016). These 
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indicators capture certain aspects of ECE access, however, they cannot provide a comprehensive 

picture of the child care market families face across the income spectrum. Study 2 introduces a 

novel indicator of access: distance traveled for child care. By using fine-grained geographic 

mobility data, I document trends in how far families travel to access care in the state of Illinois. I 

also examine differences by income across the whole income distribution. This new indicator 

provides a data-driven method to assess the size of the child care market and allows additional 

insights into current patterns of care. Findings from this study contribute to our understanding 

about where the highest need for child care is and where to target future funds. 

The majority of the research on the effects of early care and education on human 

development focuses on children. We know much less about how ECE influences parental 

development and well-being. In study 3 of my dissertation, which is a coauthored paper, we use 

family stress theory (Conger & Elder, 1994; Elder & Caspi, 1988) to argue that the financial and 

logistical burden of paying for and managing child care arrangements can act as repeated stressors 

in families’ lives, and may negatively influence parental mental well-being. We examine whether 

the provision of free and high-quality early care alleviates these stressors and leads to better 

parental health and well-being. We study Head Start, the only federally funded preschool program, 

which has been available for low-income families since 1965 (Vinovskis, 2008). Head Start 

promotes school readiness and family well-being by providing educational, as well as nutritional, 

health, and social services. In 2019, Head Start programs around the U.S. served about 1 million 

children and their families (Administration for Children and Families, 2019). We use data from 

the Head Start Impact Study, a nationally representative randomized controlled trial from the early 

2000s, to answer the research question. Next to documenting the average effect of offering Head 

Start on parental well-being, we also explore heterogeneity in these effects by program 
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characteristics, including family-centered services and supports in a program. Investigating 

treatment impact heterogeneity has become an important tool in education effectiveness research 

to understand “under what circumstances” and “for whom” interventions such as Head Start work 

best (Reardon & Stuart, 2017). 

The three studies in this dissertation inform our understanding of how birth-to-5 child and 

family policies influence lives of families with young children within two different national 

contexts, Germany (with high public funding) and the United States (with lower public funding). 

Moving beyond documenting average effects, they showcase how policy impacts vary by family 

demographics and child care center characteristics. These insights contribute to policy design and 

could help researchers, practitioners, and policy makers to work together to build policies that 

better support families with young children. 
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1) Chapter 1 – The effects of a paid parental leave policy change on maternal labor 

market outcomes: Evidence from Germany  

Introduction 

Despite convergence over the past several decades, differences in labor market 

participation and wages between men and women still exist (Olivetti & Petrongolo, 2016). Among 

the traditional explanations are the fact that women spend more time on non-paid household 

activities and child care, they prefer more flexible work arrangements, and work in different 

occupations than men (Cortes & Pan, 2020). More recently, this literature has been focusing on 

the role of children in explaining the remaining gender gaps. After the arrival of children, mothers, 

compared to men or to childless women, experience a sizeable drop in earnings, as well as a 

decrease in hours worked and employment. This is often called the “child penalty” and has been 

well established across a wide range of countries (Aguilar-Gomez et al., 2019; Andresen & Nix, 

2021; Bertrand et al., 2010; Kleven, Landais, & Søgaard, 2019; Kleven, Landais, Posch, et al., 

2019). An important question is whether and to what extent public policies can mitigate the effects 

of having children on maternal labor market outcomes. 

 Parental leave policies can support parental employment after childbirth or adoption. They 

provide time off of work to care for children and at the same time, they allow caregivers to stay 

employed and to return to their pre-child jobs once their leave ends. Many countries pay benefits 

to caregivers on leave to protect their income. While parental leave policies often allow either 

parent to take time off of work, mothers are more likely to take leave (Bana et al., 2018; Bünning, 

2015). 
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There is a large literature on the effects of parental leave policies on female labor market 

attachment (recent summaries are provided by Olivetti & Petrongolo, 2017; Rossin-Slater, 2018). 

In general, papers find a relatively small short-term effect on maternal employment (0-2 years after 

childbirth), and no change in labor market behavior on average in the long-term (starting 2-3 years 

after having children and observing behavior up to 10 years). Both extensions of job protected 

leave and increased benefit payments encouraged women to return to the labor market later, but 

the effects were small in magnitude in Austria (Lalive et al., 2014; Lalive & Zweimüller, 2009), 

in Germany (Schönberg & Ludsteck, 2014), and in Sweden (Ginja et al., 2020). Moreover, parental 

leave policy changes did not reduce the “child penalty” in Austria (Kleven et al., 2020) or in 

Norway (Andresen & Nix, 2022). 

Two potential explanations for the small and null effects of paid leave policy changes on 

maternal labor market outcomes are (1) strong preferences about time allocation between market 

work and home production; and (2) the presence of heterogeneous effects. Most papers do not 

analyze policy effects on sub-groups of mothers, and while they find no impact on average, there 

might be differences in labor market responses based on budgetary or institutional constraints 

families face. For example, higher-income mothers may face lower pressure to return to the labor 

market to protect household income, or lower-income mothers could have lower access to child 

care which prevents them from working outside the home. There is some evidence that mothers 

with different education and pre-birth income levels respond to policies differently. In a cross-

country analysis of a sample of Organisation for Economic Co-operation and Development 

(OECD) members, Olivetti and Petrongolo (2017) find that correlations between the number of 

weeks of job protected leave and female employment rate are only statistically significantly 

different from 0 for women with the lowest level of education. However, other papers find similar 
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responses in labor market behavior to paid leave extensions across income groups (Ginja et al., 

2020; Lalive & Zweimüller, 2009). 

The current paper expands our understanding about the heterogeneous effects of childbirth 

and paid leave policy changes on maternal labor market outcomes. I investigate maternal wage 

dynamics around childbirth and analyze the impact of a 2007 policy change in Germany on 

maternal wages by level of education. Multiple aspects of the policy supported female labor force 

participation following childbirth, but it influenced families differently based on pre-birth income 

(Huebener et al., 2016). The new policy regime reduced the length of transfer receipt from 24 to 

12 months. It also increased the transfer amount. The prior regime provided a means-tested 300-

euro monthly transfer to eligible families, while the new regime introduced a 2/3 replacement of 

pre-birth earnings and stopped means-testing. This meant that lower-income families were made 

worse off and higher income families were made better-off in terms of income during leave 

(Huebener et al., 2019). These differences may have led to heterogeneous effects by pre-birth 

income. Since family income and education are highly correlated, I use maternal education at birth 

as a proxy for income. 

I first document maternal wage dynamics around childbirth using administrative data from 

Germany. I replicate trends from prior papers that used survey data for the overall population 

(Kleven, Landais, Posch, et al., 2019), and provide new findings on sub-groups by educational 

attainment. My dataset covers a 2% random sample of individuals who paid social security 

contributions, which is about 2 million people, and includes their complete labor market histories 

since 1975. I identify mothers with a first birth between 2003-2007 and use an event-study design 

to describe their wages 5 years before to 10 years after childbirth. Mothers experience a 53% drop 

in their raw earnings in the first year after childbirth compared to the year right before childbirth, 
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and they only recover about half of this loss by 10 years after childbirth. However, once I account 

for age and year effects, this recovery disappears, and maternal wages remain at around 60% of 

their pre-birth levels throughout the observed 10-year post-birth period. Mothers with no 

vocational training or university diploma (mothers with low education) have a faster recovery of 

earnings. They start to earn as much as they did before childbirth by 8 years after childbirth. 

Mothers with at least a university degree (mothers with high education) and mothers who have 

vocational training (mothers with mid-level education) have similar wage dynamics to that of the 

overall sample. Post-birth dynamics including age and year effects are similar for all four groups 

(all mothers, and mothers with all three levels of education).. This indicates that the increasing 

wage post-childbirth is mainly due to age and economic growth. The faster recovery for mothers 

with low levels of education is mostly explained by the fact that they are younger when they have 

children. 

In the second half of the paper, I analyze whether a 2007 change in the paid parental leave 

policy of Germany had an effect on maternal wage dynamics around childbirth. The new policy 

came into effect on January 1, 2007. I employ a differences-in-regression-discontinuities 

framework to analyze the effect of the policy on maternal wages. I compare mothers who gave 

birth in the last quarter (October-December) of 2006, who were subject to the old policy regime, 

to mothers who gave birth in the first quarter of 2007 (January-March), who were eligible for the 

new benefits. Because of the seasonality of births around January (Buckles & Hungerman, 2013; 

Currie & Schwandt, 2013), I use the same two quarters in prior years (2003, 2004, and 2005) to 

account for seasonal differences in demographic characteristics of mothers who gave birth at the 

end of the year versus those in the beginning of the year. My main outcome of interest is the change 

in earnings loss mothers experience following childbirth. I find suggestive evidence that maternal 
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wages fall by less under the new policy regime than they did under the old policy regime, but the 

point estimates are imprecise. This downward trend is true up to 15 months after the arrival of 

children. The results are driven by mothers with low education. I find no effect of the policy on 

wage loss of mothers who have a high level of education. 

This paper contributes to two strands of the literature. First, it adds to our understanding 

about maternal wage dynamics around childbirth (often called the “child penalty”). Several papers 

across a range of countries document a large and immediate decrease in female wages, hours 

worked, and participation following childbirth, with no convergence between men and women 

even several years after the birth of children (Aguilar-Gomez et al., 2019; Andresen & Nix, 2021; 

Kleven, Landais, Posch, et al., 2019; Sandler & Szembrot, 2019). Kleven et al. (2019) estimate a 

long-run child penalty of 61% for women in Germany using the Socio-Economic Panel survey and 

births between 1985-2003. I bring more descriptive evidence on maternal wage dynamics in 

Germany by using an administrative data source for births between 2003-2007. This dataset 

provides a larger sample size and is less susceptible to misreporting of income. I also document 

trends for women with different levels of education. It is important to understand heterogeneities 

in wage dynamics as they can help understand differences in policy impacts. 

Second, my paper extends analyses of parental leave policy effects on maternal labor 

market participation by focusing on women with different levels of education. In general, parental 

leave shorter than 1 year encourages women to stay employed and is beneficial for female labor 

force participation. Longer leave tends to reduce long-term employment of women (Rossin-Slater, 

2018). Extension of leave duration and increase in the number of months parents receive transfers 

for while on leave lengthens the amount of time mothers stay home in Austria, but only to a small 

extent and in the short-run (Lalive et al., 2014; Lalive & Zweimüller, 2009). Women have similar 
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behaviors regardless of whether their incomes are below or above the median before childbirth. 

Furthermore, only 20-25% of women return to work when their leave ends in the Austrian sample 

(Lalive & Zweimüller, 2009). Findings are qualitatively similar in Germany. Schonberg & 

Ludsteck (2014) estimate a 1-month extension of time at home after childbirth when benefit receipt 

increased by 4 months, and a 3-month extension with a 16-month increase in benefit receipt. These 

papers suggest that it is difficult to change maternal labor market behavior by paid leave policies, 

at least on the aggregate level. Mothers may have relatively strong preferences about market work 

and home production that cannot be altered by policy changes, or social norms could be highly 

internalized around caregiving. Lack of child care to enable parental work outside the home can 

also be an explanation for the small effects of paid leave on employment. 

An active strand of the “child penalty” literature investigates whether public policies like 

parental leave or the provision of child care can influence parental wage changes around childbirth. 

Parental leave policy changes have been found to have no effect on maternal earnings in Austria 

(Kleven et al., 2020). In Norway, a family leave policy change that encouraged both mothers and 

fathers to take time off of work to care for their children had no effect on parental earnings, either 

(Andresen & Nix, 2022). In this Norwegian context, the provision of public child care led to a 

reduction in the child penalty for mothers in the short-run (Andresen & Nix, 2022). In Germany, 

mothers who lived in counties with low public child care provision experienced a larger drop in 

their earnings following childbirth than mothers in counties with a high provision of child care 

(Chhaochharia et al., 2020). The current paper contributes to this literature on policy effects on the 

“child penalty” the following ways. First, I generate the outcome of wage loss after childbirth at a 

monthly frequency. Most prior papers use annual data, which can mask important insights into 

wage dynamics. Monthly wage dynamics may be especially important given that prior papers 
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found changes in return to the labor market at the monthly level. I also analyze whether the policy 

change had heterogeneous effects on wage loss by education. Women with different levels of 

education tend to experience different career and family life trajectories, as well as different 

constraints, so paid leave policies could have different impacts on their wage dynamics. It is 

important to understand these differences to refine existing policies to better serve families with 

young children. 

Institutional background 

In Germany, maternity leave is available for mothers, which starts 6 weeks before the due 

date of the child and lasts for 8 weeks after childbirth (Bergemann & Riphahn, 2022). The leave 

is job protected and mothers are only allowed to work in the weeks prior to childbirth with explicit 

written consent. They are not allowed to work in the 8 weeks after childbirth (Huebener et al., 

2019). Employed mothers receive their full pay during their leave. 

Next to the maternity leave, job protected parental leave has also been available in 

Germany for either parent. The 2007 reform called the Elterngeld changed the benefit structure 

associated with the existing parental leave policy (Bergemann & Riphahn, 2022). The policy 

change aimed (1) to increase family income in the first year of a child’s life; (2) to encourage 

mothers to participate on the labor market; and (3) to increase gender equality by encouraging 

fathers to take part in family life (Huebener et al., 2016, 2019). The new system went into effect 

on January 1, 2007. All parents whose children were born on or after this date were eligible for the 

new benefits. The government coalition decided on the reform in May 2006 and parliament agreed 

in September 2006 (Kluve & Tamm, 2013), which means that parents whose children are born 

around  January 1, 2007 did not know about this reform when they decided to have children.  
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This policy changed several aspects of the prior system (Huebener et al., 2016). First, it 

changed the amount of paid time parents could take off work to care for their child. Before 2007, 

one parent could stay home for 24 months and receive some transfers. The leave was almost always 

taken by the mother, only 3.5 percent of fathers took any leave in 2006 (Bünning, 2015). The 

reform cut this time in half to 12 months. Second, under the prior scheme, there were no specific 

incentives in place for the second caregiver to stay home. The reform allowed 2 extra months, 

bringing the total to 14, if both parents took at least 2 months. These 2 months are referred to as 

the “partner months”. Parents could allocate the 14 months however they saw fit if one parent took 

at least 2.1 Third, the reform also changed financial incentives. Under the prior policy, the monthly 

transfer was 300 euros for the duration of the leave, which was means-tested. In 2006, 77% of 

families received the payments for 6 months and about 50% from month 7 on (Ehlert, 2008). The 

new policy incorporated earnings replacement, with parents receiving about 2/3 of their net 

monthly income for the duration of their leave. The minimum payment remained 300 euros and a 

cap of 1,800 euros was imposed. Those who were not employed prior to childbirth also received 

the 300-euro minimum transfers. 300 euros is about 11% of the average net household income pre-

birth for the years 2005-2008 (Huebener et al., 2019). 

By design, the policy had heterogeneous effects on family income based on pre-child 

earnings. Families who had higher pre-child earnings received more transfers from the state than 

families with lower earnings. Families who were eligible for the 300-euro transfer under the prior 

policy regime saw no change in their transfers in the first 12 months after the birth of their child, 

but they lost the monthly 300 euros for the second 12 months. There were some families who were 

eligible for the 300-euro transfer prior to the reform but had higher monthly earnings, so the 

 
1 Single parents are allowed to take all 14 months. 
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transfers they received in the first 12 months were higher. They also lost the 300-euro transfers for 

the second 12 months. Families who were ineligible for transfers prior to the policy change became 

eligible for at most 1,800 euros per months for the first 12 months after childbirth. These 

differences in transfers by pre-child family income can lead to heterogeneous effects on wage 

dynamics. I cannot calculate pre-child household income, so I use maternal pre-birth education as 

a proxy for the income category. I analyze the effects of the policy on mothers with no vocational 

training or university degree (mother with low education) and on mothers with at least a university 

diploma (mothers with high education). 

Conceptual background on the effects of the Elterngeld on maternal wages 

Labor force participation for mothers with young children has been relatively low in 

Germany. In 2006, 61.2% of women between the ages of 15-64 with at least one child (aged 0-14) 

were employed, compared to the average of 65.3% of the Organization of Economic Cooperation 

and Development (OECD, 2020). The paid parental leave reform changed the benefit structure 

with the specific aim to influence female labor force participation. The policy could achieve this 

goal via several pathways. First, it encouraged women to work prior to having children, so that the 

transfers they received while on leave were higher. Second, under the new policy regime more 

women, specifically those who had higher incomes pre-child, received transfers from the state in 

the first 12 months after childbirth. This could have led some women to take longer leaves given 

that their incomes were guaranteed at 2/3 of their pre-child earnings up to 12 months. Kluve and 

Tamm (2013) found a 6 percent reduction in the share of mothers who worked during the first year 

after giving birth induced by the reform. This pathway could lead to a larger loss in wages for 

mothers in the cohorts eligible for the reform in the first year after childbirth compared to previous 

cohorts, because while previous cohorts may have returned to their pre-child earnings before 12 
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months, the eligible cohorts would stay on leave and hence have lower wages for a longer time 

period. This pathway is expected to be more pronounced for women with higher pre-child 

earnings. 

The third pathway of the policy influencing female labor force participation is through 

encouraging mothers to return to the labor force earlier. During the prior policy regime, eligible 

mothers received transfers up to 24 months, which under the new regime was reduced to 12 

months. This implies that mothers have to go back to work earlier to retain their monthly income. 

This pathway is expected to apply especially to women with lower pre-child earnings as they 

would have received transfers during both systems. Bergemann & Riphahn (2022) found that those 

mothers who received transfers under both systems returned to the labor force 10 months earlier 

at the median after the reform. Mothers who were not eligible for transfers before 2007 returned 8 

months earlier. Maternal earnings in cohorts eligible for the reform should be higher in the months 

when they work instead of staying at home than earnings of mothers in non-reform eligible cohorts. 

This would mean that the policy increased wages for at least some months between 12-24 after 

childbirth. Given the shorter disruption of employment, mothers post-reform might advance in 

their careers faster than the pre-reform cohort, which could lead to higher wages, as well. Thus, 

the policy could have reduced wage loss after children starting in the second year after childbirth. 

This reduction is likely more pronounced for women with lower pre-child earnings. 

Post-child earnings of women and gender gaps in earnings is also influenced by paternal 

leave taking and fathers’ participation in both family life and in the labor force. While parental 

leave for fathers was technically available prior to the reform, only 3.5% of fathers took any leave 

in 2006 (Bünning, 2015). The reform encouraged fathers to take time off work on two accounts. 

First, the 2/3 earnings replacement provided a higher income for many fathers during the months 
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they were on leave. Second, if each parent took at least 2 months of leave, the total allowance 

increased from 12 to 14 months. In line with this incentive, the share of fathers who took leave 

increased to 34% by 2014 (Huebener et al., 2016). Fathers whose partners had a higher education 

were twice as likely to take time off as fathers with partners who had a lower education (Huebener 

et al., 2019). These changes in paternal behavior could have a direct effect on their wages, which 

is expected to decrease for the duration of their leave (as the replacement rate is 2/3 with cap). This 

by design makes wage loss after children larger for reform-eligible fathers. This could have an 

indirect effect on maternal wages if in turn women are encouraged to work during those months 

when the father is on parental leave to increase monthly family income. However, 55% of fathers 

took leave simultaneously with their partner (Bünning, 2015), and anecdotal evidence suggest that 

families used this time to take a long vacation together. 

Paternal leave taking can influence maternal wages through an indirect channel if the 

change in paternal behavior around child care is persistent and leads to changes in norms around 

family life participation. Policies that incentivize fathers to stay home for some time following the 

birth of their children were found to increase time spent with children and on household duties in 

several countries (Haas & Hwang, 2008; Kotsadam & Finseraas, 2011; Nepomnyaschy & 

Waldfogel, 2007; Tanaka & Waldfogel, 2007). Bünning (2015) and Tamm (2019) both analyze 

the Elterngeld and find that fathers reduced their working hours in the short-term, and increased 

the time they spend with child care, which is persistent even after their return to work. If social 

norms around female labor force participation after having children change and women are more 

likely to continue working after having children, maternal wage loss after childbirth can be reduced 

in the longer-run. However, these changes in social norms are relatively slow, and even if fathers 
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spend more time with their children when they are not at work, they may not change their behavior 

in the labor force. 

While I am not able to measure gender gaps in earnings in the Sample of Integrated Labour 

Market Biographies (SIAB) (Berge et al., 2021) the policy change could have an effect on gender 

gaps in wage loss following children. The definition of the child penalty provided by Kleven, 

Landais, & Søgaard (2019) is “the percentage by which women fall behind men due to children” 

(p.182). Since this number includes both the changes in maternal and paternal wages, both a 

smaller penalty for women and a larger penalty for men would result in a smaller overall gender 

gap. As outlined above, the policy by design could increase paternal child penalty in the short-run 

(for those fathers who took leave), and maternal child penalty is expected to increase in the short-

run and decrease in the long-run. Depending on the magnitudes of the increases in paternal and 

maternal child penalties in the short-run, the gender gap could either decrease, increase, or stay the 

same. In the longer run, the gender gap could decrease if maternal child penalty decreases or if 

social norms change in a way encourage fathers to substitute work time to more family time. 

To summarize, I expect to see an increase in wage loss (a larger child penalty) for mothers 

in the first year following childbirth, especially those who had higher earnings pre-child. After the 

first 12 months, I hypothesize a decrease in wage loss (a smaller child penalty), more pronounced 

for women with lower earnings pre-child. I do not expect to see a change in wage loss in the long-

term. 

The Elterngeld specifically aimed to increase equality on the labor market between men 

and women and to encourage higher female labor force participation. If families faced no 

constraints when they made decisions about allocating time for market work, childcare, 

housework, and leisure, the outcome of gender equality in the labor force would be a desirable 
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outcome without any qualifiers. However, given time and monetary constraints, as well as personal 

preferences around spending time with children and market work, even if the policy led to smaller 

child penalties for women and a more equal labor market, it might have reduced family welfare.  

The effect of Elterngeld on household income and child development 

The literature on the effects of the Elterngeld has focused on two other outcomes: 

household income and child development. Concerning household income, the policy influenced 

some, mostly low-earner, households negatively. Those families who would have been eligible for 

24 months of transfers in the old policy regime but were only eligible for 12 months under the new 

regime could have experienced a decrease in their household income in the second year. Indeed, 

while household income in the first year remained largely unchanged for previously eligible 

families, it decreased by about a 1000 euros in the second year after childbirth (Huebener et al., 

2019). Families who were ineligible during the prior reform (in general, higher-earner households) 

benefited from the reform. Huebener et al. (2019) estimate that household income for these 

families increased by about 7500 euros during the first year after childbirth. Changes in household 

income in the first few years after childbirth could indirectly influence decisions parents make 

about when and how much to participate in the labor market. 

Child development can be influenced on three accounts: (1) shorter overall time with 

parents; (2) longer time spent with fathers; and (3) changes in household income. Changes in 

household income are relatively small for most households especially in the long-term (Huebener 

et al., 2019). In a model of children’s cognitive development Del Boca et al. (2014) show that time 

spent with both parents matters more for cognitive development than financial investments. These 

points make it more likely that overall time with parents and time with fathers are the more 

important channels for child development. The effect of these changes would depend on alternative 
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care arrangements and the quality of both parental time and non-parental child care. Without 

directly measuring the quantity and quality of the types of care children receive, it is difficult to 

know how the potential changes in the amount of maternal, paternal, and non-parental care are 

going to influence child development. 

Two papers analyze the effect of Elterngeld on child development. Huber (2019) finds that 

infant socio-emotional development was negatively affected by the reform. This effect is driven 

by families who became worse off following the reform. When looking at an index of physical 

health mostly relying on doctor’s visits and whether children have medical problems, they find no 

changes in outcomes following the reform. Huebener et al. (2019) use data from school entry 

examinations to assess the effect of the policy on different child development indicators. These 

consist of four indicator variables of whether the child lags behind in language development 

(whether they can use prepositions, build plural words, or repeat pseudo-words); whether they lag 

behind in gross motor development (whether they can stand and jump on one feet); whether they 

have socio-emotional problems (whether they receive medical or psychological treatment); and 

whether they are ready for school overall assessed by a pediatrician. They find very small effects 

of the reform on these indicators. They also look at whether maternal employment, paternal leave 

taking, or the availability of child care in the county of residence mediates the effects, but they 

find no significant impacts. They conclude that the reform had no effect on children. 

Dataset and Measures 

I use the Sample of Integrated Labour Market Biographies (SIAB) from the Integrated 

Employment Biographies of the Institute for Employment Research (IAB) (Berge et al., 2021). 

The SIAB is produced by the Research Data Centre (FDZ) of the Federal Employment Agency at 

the IAB. The SIAB is an administrative dataset that includes labor market histories of individuals 
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who paid social security contributions, which is about 80% of the working population. The dataset 

does not include civil servants and self-employed workers. A 2% sample of this population is 

available for research use, which covers 1,940,692 individuals and their employment biographies 

(Dorner et al., 2010). These biographies are recorded continuously, so indicators can be created up 

to daily frequency. The dataset includes time periods (spells) of employment, as well as periods 

when people receive unemployment or other benefits in accordance with the Social Code Book III 

and Social Code Book II. Periods of registered job search are also included. The data are available 

for Western Germany since 1975 and for Eastern Germany since 1992. I use labor market histories 

for the years 1998-2019. 

One limitation of the SIAB dataset is that it does not contain specific information on 

childbirth for individuals. Women start maternity leave 6 weeks prior to their due date, which is 

recorded in the dataset. It is possible to impute children’s date of birth using this information for 

women. It is not possible to infer when men become fathers using the SIAB only. Fathers would 

also deregister from employment when they go on parental leave, however, as there is no universal 

leave taking at a specific time relative to children’s birth date, birth dates of children cannot be 

inferred for men. 

I use the strategy and code provided by Müller, Filser & Frodermann (2022) to generate an 

imputed birth date for women who go on maternity leave. They use the “grund” variable to identify 

when someone deregisters from employment due to “wage compensation from a statutory health 

insurance”, or code 151. The same code is used when someone goes on long-term sick leave, so 

they only impute childbirth for women who are at most 40 years old when they start their leave. 

The imputed birth date of children is the date when women start maternity leave plus 42 days (6 

weeks). I use mothers’ wages 2 months before giving birth as the baseline wage in my analyses 



33 

 

 

below to account for the fact that they are in general already on leave in the month before giving 

birth. There are several cleaning steps, too. If someone stays on leave for fewer than 98 days 

(maternity protection lasts 6 weeks prior to giving birth and 8 weeks after birth), women are 

considered to be on sick-leave and not on maternity leave. The number of days between 2 potential 

childbirths is also checked to make sure that sufficient time passes between two maternity leave 

periods. This method can identify about 50% of all births (Müller et al., 2022), because (1) the 

dataset does not include civil servants and self-employed workers; (2) the method cannot 

differentiate between live- and stillbirths; (3) it cannot identify twin births; and (4) it cannot 

account for multiple births if the mother is not employed between subsequent children. 

Employment histories are reported continuously as spells in the SIAB (Dorner et al., 2010). 

It means that one observation (for employment spells) is a period between two specific dates when 

a person is employed in the same position.2 Their wages are reported as a daily wage during that 

period. It is also indicated whether they work part-time or full-time. I generate monthly wages 

using the following procedure. I first adjust wages for inflation using 2015 as the base year for the 

consumer price index (CPI), following Dauth & Eppelsheimer (2020). Then, for each day in each 

month between January 1998 and December 2019 I check whether the employment spell contains 

that specific day. If it does, I assign the daily wage to that day. Then, I sum the daily wages by 

month. This creates a monthly panel for the period January 1998 to December 2019. If an 

individual has multiple jobs, wages from all jobs are added up. 

The SIAB contains a relatively limited set of demographic variables. I use birth year to 

measure people’s age, and the information on country of birth to generate an indicator variable for 

 
2 Benefit Recipient Histories while one is on unemployment or other benefits and Jobseeker Histories when people 

are registered to be on job search are also reported in the dataset (Dorner et al., 2010). 
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whether one was born in Germany or in a different country. I also generate three variables for the 

highest level of education relying on the imputed education variable from the FDZ (following 

Dauth & Eppelsheimer (2020)): (1) no vocational training or university diploma (or “low 

education”); (2) completed vocational training (or "mid-level education”); (3) degree from a 

university (or “high education”)3. I use these education categories to proxy for pre-birth household 

income. Monthly earnings of women in the high education category are 2,872 euros on average, 

monthly earnings of women in the middle education category are 1,797 euros on average, and 

monthly wages of women with low levels of education is 1,214 euros on average. In robustness 

checks, I also generate “high-income” and “low-income” categories using pre-birth earnings. 

Women who earn below the median are in the “low-income” category and women who earn above 

the median are in the “high-income” category. 

My sample includes women who had a first birth between 2003-2007. The policy came 

into effect on January 1, 2007 and I use a differences-in-regressions-discontinuities design to 

measure its impact. As I outline in section 5.1 below, for this identification strategy I need 

information not just on women who gave birth around the cut-off date, but also on women who 

gave birth in the same period in prior years. I chose to include only first births because the change 

from no children to one child is likely different than the changes families experience with 

subsequent children. I further restrict my sample to include women who are between 18-40 years 

old when they have their first child. The imputation strategy for children’s birth dates limits 

maternal age at 40, and I use 5 years of employment and wage history before childbirth. Women 

would be too young to work if I included mothers below 18. My analytic sample includes n = 

 
3 The imputed variable considers data errors and reporting differences across years. The sample size is similar if I 

use the raw education data provided in the dataset. 



35 

 

 

22,909 women with a first childbirth in 2003-2007 and age 18-40 at the time of first childbirth. 

For the regression discontinuity design, I only use births in the first (January-March) and last 

quarters (October-December) of the years.4 This sub-sample with only Q1 and Q4 births includes 

8,811 mothers. 

Table 1 includes summary statistics for the sample. Column 1 includes women with a first 

birth in 2003-2007, column 2 includes women with only Q1 and Q4 births, and column 3 further 

restricts the sample to include only women with Q1 and Q4 births who also have baseline wage 

data 2 months before giving birth. Women are 29 years old on average when they have their first 

child, and about 9% of them were not born in Germany. 13.4% of them have a university degree 

and another 13.4% of them have low levels of education (no vocational training or university 

diploma). Mothers earn on average about 2,500 euros before giving birth. There are no statistically 

significant differences between the samples in column 1 and column 2. Column 3 (the sample with 

a baseline wage in t = -2) is slightly older (by 0.4 years) and better educated on average (1 

percentage point fewer people have low education). These differences in sample means are 

statistically significant at 5%. 

Outcome variable: wages 

The main outcome variable of interest is monthly wage. When women are on maternity 

leave, they are still employed but their wages are set to 0 as they do not earn their monthly income 

from employment. If they do not return to work once their maternity leave ends, they disappear 

from the dataset. In general, when someone is not employed or is not actively looking for a job, 

 
4 In 2003 I only use the last quarter and in 2007 I only use the first quarter, so this sub-sample includes births in 

October-December 2003, January-March 2004, October-December 2004, January-March 2005, October-December 

2005, January-March 2006, October-December 2006, and January-March 2007. 



36 

 

 

they are absent from the SIAB. If they are employed in a civil servant position or they are self-

employed, there are also no observations. For mothers a typical employment history looks the 

following: (1) employment with non-zero wages; (2) maternity leave with 0 wages; (3) no 

observations for a period (when they stay out of the labor force to spend time with their children); 

(4) employment with non-zero wages (if they return to a non-civil-servant or non-self-employed 

position). For the purposes of my analyses, there is important information missing in periods when 

mothers are not observed in the dataset. Hence, I generate a balanced panel where I impute all 

months without observation in the dataset between January 1998 and December 2019 with 0 

wages. This method will set some women’s wages as 0 who are in effect earning wages as civil 

servants or are self-employed. I run the analyses both with and without the imputed zeros. Wages 

are top-coded as there is a ceiling for social security contributions. If one earns more than the 

contribution ceiling, their wage is reported as the ceiling. About 2.7% of the observed wages are 

top-coded in my sample of mothers. 

In graphs and regressions describing wage dynamics of mothers around childbirth I use an 

annual frequency. I index the year of childbirth as 𝑡 = 0. I generate the mean of monthly wages 

over the year for 5 years before and 10 years after childbirth as the outcome variable in these 

analyses. 

In analyses investigating whether the paid leave policy change influenced maternal wages, 

I use monthly wages. I generate a wage loss after childbirth variable to capture by how much 

maternal wages change after childbirth compared to pre-child wages. I use 𝑡 = 0 to index 

childbirth. To define wage loss in period 𝑡 + 1, I use the following formula: 
𝑦𝑏𝑎𝑠𝑒−𝑦𝑡+1

𝑦𝑏𝑎𝑠𝑒
, where 𝑦𝑡+1 

is an individual’s salary 1 month after childbirth, and 𝑦𝑏𝑎𝑠𝑒 is the individual’s salary 2 months 

before childbirth (as mothers are in general on leave the month before birth and their wages are 0 
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by design). For example, if someone earned 1800 euros 2 months before childbirth, and 300 euros 

1 month after childbirth, the child penalty in period 𝑡 + 1 is 
1800−300

1800
= 0.83. This number means 

that the individual earns 83% less after childbirth than what they earned before giving birth. If 10 

months after childbirth they earn 1200 euros, the child penalty in period 𝑡 + 10 is 
1800−1200

1800
=

0.33, meaning that they earn 33% less 10 months after childbirth than what they earned before 

childbirth. I generate this monthly wage loss variable for 60 months (5 years) after childbirth for 

each mother individually. 

Notes on interpretation: I analyze whether the paid leave policy change influenced wage loss. If 

the reform decreased wage loss, the group affected by the reform should retain a higher percentage 

of their pre-child wages, making their wage loss outcome smaller. Staying with the previous 

example, let’s say an individual in before-reform era earned 1800 euros before giving birth and 

300 after giving birth, earning 83% less after childbirth. In a counterfactual scenario, the individual 

in the reform era earned more than 300, say 500. Wage loss for the counterfactual scenario would 

be 
1800−500

1800
= 0.72. This means that wage loss in the reform era is smaller. The difference in wage 

loss is 0.72-0.83= -0.11. We would interpret this as the policy had an effect of -11 percentage 

points. Hence, if the policy decreased wage loss, effect sizes are going to be negative. From the 

point of view of the policy’s goals a lower wage loss is a “positive outcome”. Thus, a negative 

coefficient is interpreted as a “positive outcome”. A positive coefficient would mean that the policy 

increased wage loss, so it is a “negative outcome”. 

How to interpret the coefficients if someone earns more after giving birth than before? 

Let’s say they earn 1800 right before giving birth and 2500 after giving birth. Then their earnings 

difference would be 
1800−2500

1800
= −0.38. This means a 38% increase in salary. If in the 
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counterfactual scenario of the reform era they earn 2000 post-child (instead of 2500), their “wage 

loss” would be 
1800−2000

1800
= −0.11 (still an increase, but of a smaller 11 percentage points). The 

difference between the two counterfactual outcomes is -11-(-38) = 27 percentage points, which is 

bigger than zero, so we can interpret it the same way as above: the policy had a negative effect on 

earnings (because the individual is earning 2000 as opposed to 2500 post-child). If in a different 

counterfactual scenario the wage went up to 3000, the “wage loss” variable would show 

1800−3000

1800
= −0.66, or a 66% increase in wages from pre- to post-child. Here, the effect of the 

policy would be -66-(-38) = -28 (instead of earning 2500 the individual earns 3000 post-child 

compared to the 1800 base). This difference is smaller than 0, and the interpretation is the same as 

in the other cases: the policy had a “positive effect” on wages. 

Descriptive statistics 

Panel B of Table 1 reports descriptive statistics for a set of outcome variables. Wages 3 

months after childbirth are between 700-900 euros per month across the samples, but only a small 

percentage of mothers have non-zero wages this close to childbirth. If we impute all missing 

observations as 0, wages drop to between 200-300 euros. About 30% of mothers are reported to 

work part-time 3 months after birth, but again, a large share of the sample has missing information. 

A year after giving birth, maternal wages are around 1,200 euros per month, which is about half 

of pre-child wages. Around 55% of all mothers in the sample have missing wage data 13 months 

after childbirth. 50% of those who work are employed part-time. Their wages increase somewhat 

to about 1,400 euros per month by month 24 (2 years after childbirth). 45% of mothers have no 

wage information 2 years after childbirth. Close to 60% of mothers work part-time 2 years after 

childbirth, but this information is only available for about 55% of the sample. 
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Documenting maternal wage dynamics around childbirth 

In this section, I document maternal wage dynamics around childbirth in Germany for 

mothers whose first children were born in 2003-2007. I show that mothers experience a large and 

persistent drop in monthly wages right after childbirth, both overall and by education level. 

Monthly wages do not reach pre-birth levels for mothers in my analytic sample whom I follow for 

10 years after childbirth, except for the group with the lowest level of education. However, once I 

account for the effect of age and economic growth in wages, the differences between the groups 

disappear. 

I use event study regressions to document wage dynamics around childbirth. The event is 

the birth of the child. I set the year when the child is born to 𝑡 = 0. Wages in each year are indexed 

to the event of childbirth. I report wages annually for 5 periods before and 10 periods after 

childbirth. To describe maternal mean wages before and after children I run the following 

regression: 

(1) 𝑌𝑖𝑠𝑡  =  ∑ 𝛼𝑗  𝐈[𝑗 = 𝑡] + 𝜀𝑖𝑠𝑡 𝑗 ≠ −1  

where 𝑌𝑖𝑠𝑡 is the average monthly wage in year 𝑠 for individual 𝑖 in event time 𝑡. 𝐈[𝑗 = 𝑡] depicts 

a full set of event time dummies. I use the year before childbirth as the baseline wage, hence omit 

𝑡 =  −1 from the regression. The 𝛼𝑗̂ coefficients are the mean wages for each event time compared 

to the year before childbirth. I run the same regression for sub-samples of mothers with low levels 

of education, mid-level education, and mothers with high levels of education. Standard errors are 

clustered by individual. 

Women earn on average 2,296 euros per month in the year before childbirth. Their wages 

decrease to 1,088 euros per month on average in the year after childbirth, which is a (1,088-
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2,296)/2,296*100 = 53% drop. They continue to earn less than before childbirth during the 10-

year period following childbirth. Even 10 years after the arrival of children mothers earn on 

average 23% less than before children. Women with high levels of education (at least a university 

diploma) earn 3,498 euros per month on average in the year before childbirth, which drops by 43% 

to 1,980 in the year after childbirth. Mothers in this group earn 16% less 10 years after childbirth 

than they did pre-child. Women with low levels of education (no vocational training or university 

diploma) experience a similarly large decrease in earnings after childbirth, a 46% drop (from 1,244 

euros to 669 euros). However, their raw earnings recover faster than wages of women in the two 

other groups. They reach their pre-child earnings 8 years after childbirth and have higher monthly 

wages in years 9 and 10 after childbirth than they did pre-child. Women with mid-level education 

(completed vocational training) earn on average 2,358 euros per months before childbirth, which 

drops by 28% to 1,687 after childbirth. They earn 28% less 10 years after childbirth than what they 

were earning before having children. Figure 1 Panel A shows maternal wages 5 years before to 10 

years after childbirth as percentages of the baseline wage right before childbirth for all four groups. 

The means reported in the previous paragraph do not account for the fact that many mothers 

exit the labor force when they have children at least for some time. For example, 13 months after 

childbirth only 46% of women have any wage data reported in the dataset. To correct for this 

selection, I produce similar estimates using a balanced panel where all missing wages are imputed 

as zero. This provides a lower bound for the estimates of maternal wages around childbirth. The 

imputed mean wage in the period before childbirth for the full analytic sample is 2,144 euros per 

month. Imputed maternal wages drop by 77.5% to 483 euros. Even 10 years after childbirth 

mothers earn 38% less than they did before childbirth once I account for the missing wages. 

Women with low levels of education experience a similarly large drop as the overall sample (75%), 
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but their wages recover faster. They do not reach pre-child levels of imputed wages, though. 10 

years after childbirth women in this group earn 20% less than before children. Imputed wages of 

women with high levels of education decrease by 67.5% right after childbirth. They earn 33.5% 

less 10 years after childbirth. Imputed wages of women with mid-level education drop by 51%, 

and they earn 41% less 10 years after childbirth than they did before having children. Figure 1 

Panel B shows imputed wage dynamics for all four groups of women. 

These differences in maternal wage dynamics by educations groups around childbirth can 

be explained by several factors. For example, age can drive the results. Women have children at 

different ages, and women with lower levels of education have children earlier on average. In my 

sample, women with low education are 25 years old on average when they have their first child, 

and women with at least a university degree have their first child on average at age 32. Wages also 

tend to be higher when one is older, which contributes to the different levels of wages mothers 

have before childbirth. Women at different ages are also at different stages of their careers, which 

likely contributes to the differences in wage dynamics. To control for these age-related life-cycle 

effects in wages, I run event-study regressions with including not only the event time dummies, 

but also indicator variables for each observed age in the sample. The model I estimate is the 

following:   

(2) 𝑌𝑖𝑠𝑡  =  ∑ 𝛼𝑗  𝐈[𝑗 = 𝑡] + ∑ 𝛽𝑘𝐈[𝑘 = 𝑎𝑔𝑒𝑖𝑠]𝑘 +  𝜀𝑖𝑠𝑡 𝑗 ≠ −1  

For each group of women, I estimate equation (2) separately, and I omit the indicator 

variable for the mean age (29 for the full sample, 25 for the low-education group, 29 for the mid-

level education group, and 32 for the high-education group). I also omit event time -1. The 

coefficient on my omitted variable (the constant in the regression) is an estimate of the average 
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wage in 𝑡 = −1 net of age effects. This can be interpreted as estimating the 𝛼̂𝑗 coefficients as if 

everyone in my sample had the mean age. 

Figure 2 shows wage dynamics around childbirth adjusting for age effects. Panel A uses 

observations with non-missing wage data. After controlling for the effect of age in wages, mothers 

in all three groups experience very similar dynamics. Their wages drop by about 50% in the year 

after childbirth, and then stay relatively flat. Women with low education experience an increase in 

their wages, but even 10 years after childbirth they earn 32% less than before childbirth. Dynamics 

are qualitatively similar if I use imputed wages. The drop in wages after childbirth is very large, 

between 70-80% across the four groups. Women with low levels of education again recover some 

of their lost wages, but they still earn only about half of what they did pre-child. 

A second factor I consider is year effects. Maternal wages are likely influenced by 

economic growth and events such as the Great Recession of 2007-2009, with heterogeneous effects 

on groups by levels of education. To control for such events, I include a set of year dummies in 

my event-study regressions next to the event time and the age dummies, making the full 

specification of my model the following:  

(3) 𝑌𝑖𝑠𝑡  =  ∑ 𝛼𝑗  𝐈[𝑗 = 𝑡]
𝑗≠1

+  ∑ 𝛽𝑘𝐈[𝑘 = 𝑎𝑔𝑒𝑖𝑠]
𝑘

+ ∑ 𝛾𝑦𝐈[𝑦 = 𝑠]
𝑦

+  𝜀𝑖𝑠𝑡 

I omit the mean of the year variable, 2008, to make the 𝛼̂𝑗 coefficients comparable to 

estimates from the other equations. I calculate the percentage change in wages by event time using 

the coefficient on the omitted variable as the baseline. 

Figure 3 shows the 𝛼̂𝑗 coefficients as a percentage of the baseline wage. Controlling for 

macroeconomic factors makes the estimated wage-drop larger. The recovery that women 
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experience over time disappears, which can be interpreted that it was mostly driven by economic 

growth (real wage growth). Women with low levels of education experience the lowest drop in 

their earnings, they earn about 40% of their pre-child wage throughout the observed period. 

Women in the full sample and those with higher levels of education experience a 55% drop that 

increases to 60-65% during the 10 years after first childbirth. 

The effect of the policy change on maternal wages 

In this section of the paper, I investigate whether the paid family leave policy change 

influenced the wage drop mothers experience around childbirth. As outlined in section 2.1, I expect 

to see an increase in wage loss in the first year following childbirth (the drop in wages is going to 

be larger under the new policy regime than what it was under the old regime). I expect this increase 

in wage loss to influence especially those who had higher earnings pre-child. After the first 12 

months, I hypothesize a decrease in wage loss: the drop from pre-child to post-child wages in the 

2nd year after childbirth to be smaller in the new regime than what they were in the old regime. I 

expect this effect to be more pronounced for women with lower earnings pre-child. I do not expect 

to see a change a change in wage loss in the long-term. 

Identification strategy 

This section answers the research question of whether the paid family leave policy change 

had an effect on labor market outcomes. The ideal experiment would randomly assign future 

potential parents to either the old (control group) or to the new policy regime (treatment group) 

and would look at the differences in average outcomes between these two groups. Since this ideal 

experiment is not feasible, I rely on the date when the policy became effective to allocate people 

to treatment and control groups. Parents whose children were born on or after January 1st, 2007 
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were eligible for the new paid parental leave benefits (treatment group), and people whose children 

were born on or before December 31st, 2006 stayed under the old regime (control group). This set-

up would make a regression discontinuity (RD) design possible. 

The identifying assumption for the RD design is that the potential outcomes are continuous 

with respect to the assignment variable, or in other words, there are no discrete changes in the 

outcome variables except due to the treatment. In this specific case, this means that in the absence 

of the policy change we would not expect to see any jumps or discontinuous changes in labor 

market outcomes of parents whose children are born in December compared to parents whose 

children are born in January. This also means that all observed and unobserved characteristics are 

expected to be continuous (or “vary smoothly”) around the cut-off (Lee & Lemieux, 2010). 

In Table 2, panel A, I compare mothers who gave birth in the year 2006 to mothers who 

gave birth in the year 2007. Their observable characteristics are mostly similar. Both are around 

29 years old when they have their first child, about 9% of them were born not in Germany, 14.5% 

have at least a bachelors degree, 13% have no vocational training or university education. They 

earn around 2200 euros a month before giving birth. The pre-birth wages including the imputed 

zeros of mothers who gave birth in 2006 are 1951 euros, versus 2013 for the mothers who gave 

birth in 2007, which is the only statistically significant difference between the two groups. 

To analyze the effect of the policy using a 12-month bandwidth around the cut-off date, I 

specify the following relationship between the variables of interest: 

(4) 𝑦𝑖 =  𝛽1𝑇𝑖 +  𝑓(𝑚) + 𝑓(𝑚)𝑇 +  𝛾𝑿𝑖 + 𝜀𝑖, 

where 𝑦𝑖 refers to the outcomes of individual 𝑖 (wage loss in period 1, 2, etc., each of which is a 

separate outcome in a separate equation). 𝑇 is an indicator variable =1 for the year 2007, 𝑓(𝑚) 
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refers to the function of the running variable 𝑚. More specifically, it indexes the month of birth 

relative to the cut-off of January 1st, so December is -1, January is 1, February is 2, etc. I allow this 

function to be different after the cut-off in 𝑇. 𝑿 contains a set of demographic control variables 

(age at first birth, being foreign-born, indicators for low and high education, baseline wage 2 

months prior to giving birth, part-time employment 2 months prior to giving birth), and 𝜀 is the 

error-term. I estimate this regression using Ordinary Least Squares.  

Prior research has documented a seasonality in births in the United States, which would 

make the identifying assumption invalid. Women who give birth in January tend to be less 

educated, younger, and are less likely to be married (Buckles & Hungerman, 2013; Currie & 

Schwandt, 2013). These findings could bias my results the following way. In general, people with 

fewer years of education tend to earn lower wages. If more people with lower wages give birth in 

January, the average wages in January are going to be lower. Attributing all of the differences in 

wages between December and January to the policy could overestimate the effect of the policy.5 

To overcome this limitation, I use a differences-in-regression-discontinuities design to 

estimate the effect of the policy change on maternal labor market outcomes, which is a popular 

method to study the effects of family leave policy changes on parental labor market and health 

outcomes (Lalive et al., 2014; Lalive & Zweimüller, 2009; Persson & Rossin-Slater, 2021; 

Schönberg & Ludsteck, 2014). For the RD set-up, I use October-December births in 2006 just 

before the policy as the control group, and January-March births in 2007 as the treatment group. I 

 
5 Misreporting of birth month could be another concern. Torun & Tumen (2017) show that in Turkey 20% more births 

are reported for January than for other months driven by families with lower-socioeconomic status due to geography 

and institutional reasons. This fact is relevant for my project because 3% of the nationally representative German 

Socio-Economic Panel survey sample report a Turkish nationality, which is the largest ethnic group after German 

(86%). However, the strategy I use to infer birth dates relies on administrative data on when mothers deregister from 

employment to go on maternity leave, so misreporting of birth dates is not of concern for this project. 
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call these births together the “reform sample”. I also use the same time periods in the three 

preceding years to control for seasonality, which constitute the “non-reform” sample. I use births 

from October 2003-March 2004, October 2004-March 2005, October 2005-March 2006 as the 

“non-reform sample”, with October-December births as the “control group” and January-March 

births as the “treatment group”, and October 2006-March 2007 births as the “reform sample”, with 

the same treatment-control set-up. I use a robust data-driven estimation to select the optimal 

bandwidth around the cut-off date (Calonico et al., 2014, 2017). The optimal number of days is 84 

around the January 1st introduction date. Since this is very close to using three months on each 

side, I keep the three-month bandwidth in the below analyses. 

I specify the following equation to describe the relationship of interest: 

(5) 𝑦𝑖 =  𝛽1𝑄1𝑖 +  𝛽2𝑅𝑖 +  𝛽3𝑄1𝑖𝑅𝑖 + 𝑓(𝑚) + 𝑓(𝑚)𝑄1 +  𝛾𝑿𝑖 + 𝜎𝑝 +  𝜀𝑖, 

where 𝑦𝑖 refers to the outcomes of individual 𝑖 (wage loss in period 1, 2, etc., each of which is a 

separate outcome in a separate equation). 𝑄1is an indicator variable =1 for the months of January-

March, 𝑅 is an indicator variable =1 for the reform sample (people whose children was born 

between October 2006 and March 2007), 𝑓(𝑚) refers to the function of the running variable 𝑚. 

More specifically, it indexes the month of birth relative to the cut-off of January 1st, so December 

is -1, January is 1, October is -2, etc. I allow this function to be different after the cut-off in 𝑄1. 𝑿 

contains a set of demographic control variables (age at first birth, being foreign-born, indicators 

for low and high education, baseline wage 2 months prior to giving birth, part-time employment 2 

months prior to giving birth), 𝜎𝑝 is period fixed-effects, and 𝜀 is the error-term. I estimate this 

regression using Ordinary Least Squares. 𝛽3 is the coefficient of interest, 𝛽̂3 is the estimate of the 

effect of the policy change on the reform sample if the identifying assumptions hold. 
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I build up my analyses to the full specification in (4) step-by-step. First, I estimate the RD 

models separately for the reform and non-reform groups by adding each term sequentially. I start 

with only the 𝑄1 dummy, then add control variables, then add the trends: 

(6) 𝑦𝑖 =  𝛽1𝑄1𝑖 +  𝑓(𝑚) + 𝑓(𝑚)𝑄1 +  𝛾𝑿𝑖 +  𝜀𝑖, 

then I pool the samples and add the “differences” (the reform dummy and the interaction term 

between reform and quarter 1) with the period fixed-effects. 

Table 2 shows differences in means of baseline variables by reform/non-reform group 

status. There are no statistically significant differences between observable characteristics of 

women who gave birth in October-December 2006 (reform sample, control group, n = 1054) and 

women who gave birth in January-March 2007 (reform sample, treatment group, n = 1026). 

Women who gave birth in January-March of 2004, 2005, or 2006 (non-reform sample, treatment 

group, n = 3289) are 0.6 years older on average than women who gave birth in October-December 

2003, 2004, 2005 (non-reform sample, control group, n = 3442). Women in the non-reform 

treatment group are 2 percentage points more likely to have at least a university degree and 3 

percentage points less likely to have low education. 

Manipulation of birth dates of children is a concern in this institutional set-up. Some 

women may have tried to give birth in the new year so that they become eligible for the new 

benefits. This would be possible by delaying labor inductions for example. As long as individuals 

are not able to precisely manipulate the date of the birth of their children, there would be a source 

of randomized variation in the treatment status very close to the threshold, which would make the 

RD strategy theoretically valid (Lee & Lemieux, 2010). It is not possible to precisely control the 

start and the length of all births, so if the sample had enough births one minute before midnight 
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and one minute after midnight, the two groups of mothers would be expected to be very similar to 

each other. However, researchers often extend the time period around the cut-off to include parents 

of children who are born in the few weeks or months on the two sides of the threshold to increase 

sample size. As one increases the time period considered around the policy introduction date, it 

becomes less likely that the treatment and control groups stay comparable to each other. 

Looking at a 7-day period around the January 1, 2007 threshold, papers have shown that 

about 1000 births, which account for about 8% of births in the general population, were shifted 

from the last week of December to the first week of January (Neugart & Ohlsson, 2013; Tamm, 

2013). This shift was driven by working women. On average about 40% of births are a result of 

C-section or a labor induction on a working day, and 25% on a weekend or public holiday. Jürges 

(2017) shows that 80% of the “missing” births in December and 90% of the excess births in 

January can be explained by delayed elective C-sections and labor inductions. This means that the 

majority of the births are still expected to fall randomly on either side of the threshold. I could 

over- or underestimate the effect of the policy if people who achieved the delayed C-sections and 

labor inductions have observable characteristics that correlate with potential outcomes. However, 

I use the date when mothers go on maternity leave 6 weeks prior to their due date to infer the birth 

date of children. As long as mothers do not adjust the first day of their maternity leave 

systematically, I will infer non-manipulated dates of birth. This will allow me to estimate intent-

to-treat effects. 

Looking at the number of births by week compared to the January 1, 2007 cut-off would 

provide some evidence that the manipulation of birth is not of concern in my set-up. Figure 4 

graphs the number of births by week for one year before and one year after the cut-off date. While 

there appears to be more weeks with a higher number of births after the reform, there is no discrete 
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jump at the cut-off date. The local linear smoothing shows somewhat fewer births in the first week 

of January (which is the opposite of the expected direction if women delay their births), but the 

95% confidence intervals are highly overlapping.  

As a last threat to identification, the policy could have induced some families to have 

(more) children. The government coalition decided on the reform in May 2006, and parliament 

agreed in September 2006 (Kluve & Tamm, 2013), which means that parents whose children were 

born around the January 1, 2007 date did not know about the policy change when they decided to 

have children. This implies that changes in fertility close to the cut-off date do not threaten the 

identifying assumptions. 

Results: The effect of the policy change on maternal wage loss 

I first run the Regression Discontinuity analyses of maternal wage loss (the difference in 

earnings between pre- and post-child) on giving birth in the first quarter of the year. I define a 

separate outcome for each month after childbirth. I show results for 3 outcomes: wage loss in t=3 

(3 months after childbirth), wage loss in t=13 (13 months, or a little over a year), and wage loss in 

t=24 (2 years after childbirth). I also use imputed wages for these time periods (where I include 

wage observations of mothers who are not in the dataset in a specific time period as having 0 wages 

for that period). 

 Figure 5 shows the change in wage loss in t = 13 (panels A and B) and wage loss in t =24 

(panels C and D) around the cut-off date with local linear smoothing and 95% confidence intervals. 

Panels A and C show the reform sample (when the policy was introduced) and Panels B and D 

show the same period in prior years (with no change in policy). Wage loss 13 months after 

childbirth is lower after the cut-off date in the reform sample, while there is no discontinuous 
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change in the non-reform years. Wage loss 24 months after childbirth looks similar in both reform 

and non-reform years.6  

Table 3 shows regression coefficients for the RD models. Panel A reports coefficients with 

a 12-month bandwidth, Panel B reports coefficients for the Reform sample with a 3-month 

bandwidth, and Panel C reports coefficients for the Non-reform sample with a 3-month bandwidth. 

There is no statistically significant difference between wage loss 3, 13, or 24 months after 

childbirth for women who gave birth in 2006 versus 2007, or between women who gave birth in 

Q4 and women who gave birth in Q1. This is true both for the reform and non-reform sample. 

There are significant differences in imputed wage loss 13 and 24 months after childbirth. Women 

who gave birth in 2007 experience a larger wage drop 3 months after childbirth than women who 

gave birth in 2006.  Women who gave birth in 2007 also experience a smaller wage drop 13 and 

24 months after childbirth than women who gave birth in 2006. Women in the reform sample who 

gave birth in January experience a 3 percentage point lower wage drop between their pre-child 

wages and wages 13 months after birth than women who gave birth in December based on the 

model with baseline control variables and time trends. The drop is statistically significantly 

different in the other specifications, too (without controls and/or time trends), but the coefficient 

changes a lot between the specifications. The coefficients on the 24-month-post-birth wage loss 

variables also indicate a decrease in wage loss as a result of the policy. However, the point 

estimates are very large: 10 and 26 percentage points, respectively, in models with controls and 

with time trends. A change in imputed wage loss but not in the raw wage loss indicates that fewer 

women have zero wages among those who give birth in Q1 compared to those who give birth in 

 
6 I cannot produce similar graphs for wage loss 3 months after childbirth because the sample size for non-missing 

wage information by week is too small. 
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Q4. The fact that there are statistically significant differences in wage outcomes between women 

who gave birth in Q4 and Q1 in the non-reform sample, too, makes it less credible that the changes 

in the reform sample are due to the policy itself. Hence, I turn to the full specification of the model 

where I check whether the differences in the regression discontinuity estimates are statistically 

significantly different from zero. 

Table 5 reports regression results from the full model specification with a 3-month 

bandwidth from equation (5) for the same set of outcomes: wage loss 3, 13, and 24 months after 

childbirth, and imputed wage loss 3, 13, and 24 months after childbirth. Panel A uses the full 

sample, panel B the sample of mothers who have no vocational training or university degree, and 

panel C uses the sample of mothers with at least a university degree at the time of childbirth. 

I also generate wage loss outcomes for each month up to 60 months (5 years) after 

childbirth and graph the coefficients on the “treated” dummy for the 12-month bandwidth, and on 

the interaction term for the 3-month bandwidth with the 95% confidence intervals. Figures 6, 7, 

and 8 show these estimated coefficients for the full sample, for the low education sample, and for 

the high education sample, respectively. The estimated coefficients on the figures for periods 3, 

13, and 24 are the same as the estimated coefficients in Table 5. 

For estimates using a 12-month bandwidth, the wage loss is larger in the initial periods 

under the new policy regime, but then becomes smaller under the new regime after month 4. This 

is true both for the raw wages and for the imputed wages in the full sample. For women with low 

education, the initially higher wage loss than smaller wage loss under the new regime is apparent 

for the raw wages, but not for the imputed wages. The confidence intervals for women with high 

levels of education are very wide and include zero for all periods. 
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In estimates using a 3-month bandwidth, for all three samples, confidence intervals are 

quite wide for all periods and with very few exceptions contain 0. This means that we cannot reject 

the null hypotheses that the policy had no effect on wage loss for any period. For the full sample, 

the point estimates are negative for periods 5-20 for raw wage loss and 9-25 for imputed wage 

loss, which would be interpreted as wage loss decreasing as an effect of the policy (the desirable 

outcome from the policy’s standpoint). However, these are not statistically significantly different 

from zero.  

The only group where the point estimates show a consistent pattern with my hypotheses is 

women with low levels of education. The sample size is relatively small, so the estimates are noisy, 

but they imply that wage loss decreased in each period in the first two years after childbirth. The 

imputed wage loss starts to decrease after 8 periods. The policy stopped transfers to this group 

after the first 12 months, encouraging mothers to return to work after the transfers stop to retain 

monthly earnings. If mothers in the old regime stayed home for the second year, but under the new 

regime went back to work, we would expect their wage loss 12-24 months after childbirth to be 

smaller in the new regime. The data support this story. The point estimates on imputed wages 

(Figure 8, Panel B) suggest that the gap between maternal wages pre-child and 15 months post-

child decreased by about 50 percentage points (the average gap is about 70%). The 95% confidence 

intervals are very wide, but they do not contain 0 for 15-18 months after childbirth. 

Considering the sample of women with high levels of education, the coefficients in the first 

3 years after childbirth are all very close to zero, with relatively tight confidence intervals (the 

coefficients are not precisely estimated as the sample size is relatively small). This could be 

interpreted as the policy had no effect on wage loss for women with high levels of education. No 

significant change is indicated for the imputed wage loss variable either, which implies that they 
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also did not change their responses on the extensive margin. These findings mean that wage 

dynamics of women in this group did not change as a result of the policy. They experience a similar 

drop in earnings compared to their pre-child levels for all periods under the new regime than what 

they experienced under the old regime. The policy change encouraged this group of women to 

work before having children (so they have higher transfers during their leave), and to return to 

work after the transfers stop, however, the data does not support a change in their behavior. I do 

not test whether levels of wages change, only if the difference changes. It is possible that someone 

earned 1000 in the old regime in t-2 and 600 in t+3, which is a 40% drop. In the counterfactual 

scenario, in the new regime, they could have earned 1100 in t-2 and 660 in t+3, which is the same 

40% drop. Their earnings are higher both pre- and post-child, but the gap is still 40%, so my 

analyses would show no effect of the policy. In terms of wage loss after children, their outcome is 

unchanged. 

Conclusion 

Women experience a large and persistent drop in their wages after childbirth (Aguilar-

Gomez et al., 2019; Andresen & Nix, 2021; Kleven, Landais, Posch, et al., 2019; Sandler & 

Szembrot, 2019). I document a 53% decrease in monthly wage one year after childbirth compared 

to their earnings in the year right before childbirth for German mothers who had a first birth 

between 2003-2007. Their wages are still 23% less 10 years after childbirth than what they were 

before having children. This increase of 30 percentage points between year 1 and year 10 after 

childbirth is explained by age effects and economic growth. Women with high and low education 

levels have similar dynamics, although women with low education experience a smaller drop in 

their earnings in percentage terms than women with high education. 
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The decision of how much market work, housework, and child care to provide after 

children arrive depends on many factors including personal preferences and social norms, as well 

as institutional, financial, and time constraints. Family and child policies, like paid family leave, 

can directly or indirectly influence these factors. The German paid family leave policy change in 

2007 reduced the number of months parents received transfers for but increased the amount they 

received. Low-income households received transfers under both regimes, for two years under the 

prior regime, and for one year after the new regime. High-income households received no transfers 

under the old regime, and 2/3 of their income in the new regime (Huebener et al., 2019). I use 

education levels as a proxy to sort women into these two groups. 

One specific aim of the policy was to encourage mothers to return to work earlier, which 

could also lead to a reduction in gender inequality in the labor market. If mothers indeed returned 

to work earlier under the new regime, their earnings should recover faster after childbirth. I find 

suggestive evidence that the paid family leave policy change of 2007 reduced maternal wage loss 

after childbirth in the second year after children were born. This change is driven by mothers with 

low levels of education. Wage loss of highly educated mothers is not influenced by the policy 

change. Even though prior research shows that women in both groups returned to work several 

months earlier under the new policy (Bergemann & Riphahn, 2022), I do not find evidence of this 

in my dataset and sample. Highly educated mothers who gave birth in 2006 and 2007 have a 

similarly long period of about 2 years of no market work after the arrival of their children. Mothers 

with low education return to market work about 3 months earlier in 2007 than in 2006. This 

suggests that policy incentives influence mothers with lower household income more. They are 

less likely to be able to stay home with their children in the absence of the transfers. High-income 
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mothers seem to have more flexibility in whether they return to work or stay home; their decision 

is not so strongly influenced by the paid leave policy. 

Paid family leave policy changes with incentives for secondary caregivers to take time off 

of work are promising tools to increase gender equality. Discussions about how to achieve gender 

equality often focus on enabling women to have similar labor market outcomes to men or on 

reducing the impact of children on maternal labor market experiences. However, gender equality 

can be achieved not just by a change in women’s behavior. Policies such as the Elterngeld have 

the potential to change paternal choices around market work, child care, and housework, which 

could lead to more equitable outcomes between genders both in the short- and in the long-term. In 

this project, I am only able to study women and their labor market response to the policy change. 

Future research should focus on the effects of family policies on household decision-making to 

understand the channels that can lead to gender equality.   
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Chapter 1 – Tables 

Table 1.1: Descriptive Statistics 

Panel A: Baseline variables 
 

(1) (2) (3) 

sample size 22,909 8,811 7,665 

Age 29.1 (4.9) 29.1 (4.95)  29.4 (4.8) 

Born abroad 9.2% 9.1% 8.5% 

High education 13.6% 13.4% 13.7% 

Low education 13.4% 13.4% 12.2% 

Wage in t = -2 2,247.3 (1262.1) 2,249.50 (1262.95) 2,249.50 (1262.95) 

Imputed wage t = -2 1,973.0 (1392.7) 1,956.9 (1400.1) 2,249.50 (1262.95) 

Works part-time t = -2 19.8% 19.9% 19.9% 

 

Panel B: Outcome variables 
 

(1) (2) (3) 

sample size 22,909 8,811 7,665 

Wage in t = 3 920.0 (1359.7) 723.5 (1201.9) 728.1 (1207.9) 

Imputed wage t = 3 291.2 (876.5) 230.7 (757.7) 263.5 (806.4) 

Wage in t = 13 1,240.80 (1308.5) 1,264.70 (1306.1) 1,296.50 (1319.1) 

Imputed wage t = 13 578.10 (1086.7) 563.80 (1075.0) 636.50 (1128.9) 

Wage in t = 24 1,415.20 (1258.1) 1,411.50 (1254.9) 1,451.90 (1266.2) 

Imputed wage t = 24 753.50 (1158.2) 745.20 (1152.3) 828.90 (1196.5) 

Notes: Sample includes mothers who gave birth between 01-01-2003 and 12-31-2007 and are 

between ages 18-40 at the time of first childbirth. Column (1) includes the full sample. Column 

(2) includes only women who gave birth in 2003 October-2004 March, 2004 October-2005 March, 

2005 October-2006 March. Column (3) incudes the same women as column (2) who also have 

baseline wage data in t = -2. Table reports means (standard deviations) of demographic 

characteristics (age, country of birth, education) at the time of childbirth. Baseline labor market 

indicators are reported for the period 2 months before childbirth, and outcome variables are 

reported for periods 3, 13, and 24 months after childbirth. Data come from the German Sample of 

Integrated Labour Market Biographies (SIAB) (Berge et al., 2021). “Low education” refers to the 

group of mothers who have no vocational training or a university diploma. “High education” refers 

to the group of mothers with at least a university diploma. When mothers are not working for pay, 

when they work in a civil servant job or are self-employed, they have no observations in the 

dataset. To generate imputed wages, all missing wages are set to 0.  
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Table 1.2: Differences in means of baseline variables (balance checks) 

Panel A: 2006 and 2007 births 

 2007 birth 2006 birth 
diff (2006-2007) p-value 

 "treated" "control" 

sample size 4442 4297 8739  

Age at first birth 29.21 29.11 -0.10 0.31 

Foreign born 8.58% 9.00% 0.41 0.51 

High education 14.58% 14.53% -0.05 0.95 

Low education 13.44% 13.05% -0.39 0.61 

Wage in t = -2 2193.88 2170.80 -23.08 0.41 

Imputed wage t = -2 2013.11 1951.04 -62.07 0.03 

Works part-time t = -2 20.01% 21.28% 1.20 0.19 

Notes: Table reports means of demographic characteristics (age, country of birth, education) at the 

time of childbirth for women who gave birth in 2007 (treated group) and women who gave birth 

in 2006 (control group). Data come from the German Sample of Integrated Labour Market 

Biographies (SIAB) (Berge et al., 2021). “Low education” refers to the group of mothers who have 

no vocational training or a university diploma. “High education” refers to the group of mothers 

with at least a university diploma. When mothers are not working for pay, when they work in a 

civil servant job or are self-employed, they have no observations in the dataset. To generate 

imputed wages, all missing wages are set to 0.     
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Table 1.3: Differences in means of baseline variables (balance checks, quarters) 

Panel A: Reform sample (birth in 2006 October-2007 March) 

 Q1 birth Q4 birth 
diff (Q1-Q4) p-value 

 "treated" "control" 

sample size 1026 1054 2080  

Age at first birth 29.17 28.91 0.26 0.21 

Foreign born 8.04% 7.87% 0.17 0.9 

High education 13.98% 12.37% 0.02 0.33 

Low education 14.27% 13.54% 0.01 0.67 

Wage in t = -2 2160.66 2154.67 5.99 0.92 

Imputed wage t = -2 1960.6 1958.42 2.18 0.97 

Works part-time t = -2 19.27% 22.13% -0.03 0.13 

 

Panel B: Non-reform sample (birth in 2003 October-2004 March, 2004 October-2005 March, 

2005 October-2006 March) 

 Q1 birth Q4 birth 
diff (Q1-Q4) p-value 

 "treated" "control" 

sample size 3289 3442 6731  

Age at first birth 29.30 28.78 0.59 <0.001 

Foreign born 9.20% 9.66% -0.005 0.53 

High education 14.58% 12.64% 0.02 0.04 

Low education 11.45% 14.53% -0.03 <0.001 

Wage in t = -2 2290.45 2269.31 21.14 0.52 

Imputed wage t = -2 1956.18 1956.14 0.04 0.99 

Works part-time t = -2 18.63% 16.27% -0.02 0.08 

Notes: Table reports means of demographic characteristics (age, country of birth, education) at the 

time of childbirth for women who gave birth in January-March (Q1, or treated group) and women 

who gave birth in October-December (Q4, or control group). Data come from the German Sample 

of Integrated Labour Market Biographies (SIAB) (Berge et al., 2021). “Low education” refers to 

the group of mothers who have no vocational training or a university diploma. “High education” 

refers to the group of mothers with at least a university diploma. When mothers are not working 

for pay, when they work in a civil servant job or are self-employed, they have no observations in 

the dataset. To generate imputed wages, all missing wages are set to 0.     
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Table 1.4:  Regression results for the Regression Discontinuity  

Panel A: 12-month bandwidth 

 Raw wage Imputed wage 

  t=3 t=13 t=24 t=3 t=13 t=24 

2007 birth 0.055 -0.073 -0.063 0.042*** -0.041 -0.052* 

  (0.033) (0.054) (0.048) (0.010) (0.028) (0.030) 

N obs. 2230 3945 4764 7935 7935 7935 

       
2007 birth + controls 0.069** -0.057 -0.065 0.044*** -0.037 -0.053* 

  (0.032) (0.054) (0.050) (0.011) (0.030) (0.032) 

N obs. 2187 3758 4496 7394 7394 7394 

       
2007 birth + controls + 

trends 
0.049 -0.155 -0.166* -0.004 -0.159*** -0.187*** 

(0.062) (0.101) (0.094) (0.023) (0.060) (0.066) 

N obs. 2187 3758 4496 7394 7394 7394 

 

Panel B: 3-month bandwidth, reform sample 

 Raw wage Imputed wage 

  t=3 t=13 t=24 t=3 t=13 t=24 

Q1 birth -0.0085 -0.07 -0.019 0.018 -0.054** -0.053 

  (0.048) (0.041) (0.048) (0.016) (0.025) (0.033) 

N obs. 531 947 1132 1889 1889 1889 

       
Q1 birth + controls 0.011 -0.068 -0.081 -0.011 -0.090*** -0.102*** 

  (0.045) (0.043) (0.049) (0.018) (0.030) (0.037) 

N obs. 518 843 978 1634 1634 1634 

       
Q1 birth + controls + trends -0.141 -0.092 -0.095 -0.187*** -0.03*** -0.257** 

(0.127) (0.136) (0.158) (0.058) (0.098) (0.123) 

N obs. 518 843 978 1634 1634 1634 
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Panel C: 3-month bandwidth, non-reform sample 

 Raw wage Imputed wage 

  t=3 t=13 t=24 t=3 t=13 t=24 

Q1 birth -0.016 -0.015 -0.056 -0.017** 0.002 -0.063* 

  (0.02) (0.046) (0.062) (0.009) (0.024) (0.037) 

N obs. 2242 2811 3238 5770 5770 5770 

       
Q1 birth + controls -0.015 -0.039 -0.061 -0.046*** -0.046* -0.099** 

  (0.02) (0.046) (0.066) (0.008) (0.025) (0.043) 

N obs. 2218 2668 3003 5217 5217 5217 

       
Q1 birth + controls + trends 0.002 0.143 0.176 -0.112*** -0.081 -0.036 

(0.054) (0.127) (0.138) (0.029) (0.066) (0.085) 

N obs. 2218 2668 3003 5217 5217 5217 

Notes: Each coefficient is from a separate regression. The sample includes mothers who gave birth 

between 2003-2007, and are between ages 18-40 at the time of first childbirth. The Reform sample 

includes women who gave birth in October 2006-March 2007. The Non-reform sample includes 

women who gave birth in 2003 October-2004 March, 2004 October-2005 March, 2005 October-

2006 March. Control variables are age at first birth, indicator variables for level of education, 

indicator variable for being born not in Germany, baseline wage in t=-2, and indicator for part-

time employment in t=-2.  Robust standard errors are in parentheses. *p<0.1, **p<0.05, 

***p<0.001 

  



61 

 

 

Table 1.5: Regression results for differences-in-regression-discontinuity design 

Full sample 

 Raw wage Imputed wage 

 t=3 t=13 t=24 t=3 t=13 t=24 

Coeff on RxQ1 0.027 -0.038 -0.025 0.033 -0.048 -0.005 

  (0.052) (0.066) (0.083) (0.21) (0.040) (0.057) 

N. obs 2736 3511 3981 6851 6851 6851 

Women with low education 

 Raw wage Imputed wage 

 t=3 t=13 t=24 t=3 t=13 t=24 

Coeff on RxQ1 -0.106 -0.235 -0.012 0.071 -0.240 -0.199 

  (0.153) (0.210) (0.286) (0.070) (0.137) (0.183) 

N. obs 343 350 399 837 837 837 

Women with high education 

 Raw wage Imputed wage 

 t=3 t=13 t=24 t=3 t=13 t=24 

Coeff on RxQ1 0.078 0.015 -0.037 0.034 0.006 -0.004 

  (0.125) (0.098) (0.127) (0.057) (0.081) (0.100) 

N. obs 418 560 587 936 936 936 

Notes: Each coefficient is from a separate regression. Regression equation is specified in equation 

(4) of the main text. The sample includes mothers who gave birth between 2003-2007, and are 

between ages 18-40 at the time of first childbirth. “Low education” refers to the group of mothers 

who have no vocational training or a university diploma.  “High education” refers to the group of 

mothers with at least a university diploma. When mothers are not working for pay, when they work 

in a civil servant job or are self-employed, they have no observations in the dataset. To generate 

imputed wages, all missing wages are set to 0.  Robust standard errors are in parentheses. *p<0.1, 

**p<0.05, ***p<0.001 
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Chapter 1 – Figures  

Figure 1.1: Maternal wage dynamics around childbirth 

Panel A: Raw wages 

 

Panel B: Imputed wages 

 

Notes: Figures show mean monthly wages annually for 5 years before and 10 years after childbirth. The 

analytic sample includes mothers with a first childbirth between 2003-2007 who were between the ages of 

18-40 at childbirth. Wage data is only considered for women who are at least 16. Mean wage in the year 

right before childbirth (𝑡 = −1) is set as the baseline and all other periods are calculated as a percentage of 

this baseline wage. Wage data come from the German Sample of Integrated Labour Market Biographies 

(SIAB) (Berge et al., 2021). “Low education” refers to the group of mothers who have no vocational training 

or a university diploma. “Middle education” refers to the group of mothers who have a completed vocational 

training, but no university diploma. “High education” refers to the group of mothers with at least a 

university diploma. When mothers are not working for pay, when they work in a civil servant job or are 

self-employed, they have no observations in the dataset. Panel B shows wage dynamics with imputed 

wages, where all missing wages are set to 0. 
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Figure 1.2: Maternal wage dynamics around childbirth without age effects 

Panel A: Raw wages 

 

Panel B: Imputed wages 

 

Notes: Figures show coefficients on the event time dummies from regressions of wages on event time 

dummies and age dummies. The graph can be interpreted as showing mean monthly wages annually for 5 

years before and 10 years after childbirth keeping age constant. The analytic sample includes mothers with 

a first childbirth between 2003-2007 who were between the ages of 18-40 at childbirth. Wage data is only 

considered for women who are at least 16. Mean wage in the year right before childbirth (𝑡 = −1) and 

mean age for each group (29 for the full sample, 25 for the low-education group, 32 for the high-education 

group) is set as the baseline. All other periods are calculated as a percentage of this baseline wage. Wage 

data come from the German Sample of Integrated Labour Market Biographies (SIAB) (Berge et al., 2021). 

“Low education” refers to the group of mothers who have no vocational training or a university diploma. 

“Middle education” refers to the group of mothers who have a completed vocational training, but no 

university diploma. “High education” refers to the group of mothers with at least a university diploma. 

When mothers are not working for pay, when they work in a civil servant job or are self-employed, they 

have no observations in the dataset. Panel B shows wage dynamics with imputed wages, where all missing 

wages are set to 0. 
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Figure 1.3: Maternal wage dynamics around childbirth without age and year effects 

Panel A: Raw wages 

 

Panel B: Imputed wages 

 

Notes: Figures show coefficients on the event time dummies from regressions of wages on event time 

dummies, age dummies, and year dummies. The graph can be interpreted as showing mean monthly wages 

annually for 5 years before and 10 years after childbirth keeping age and economic conditions constant. 

The analytic sample includes mothers with a first childbirth between 2003-2007 who were between the ages 

of 18-40 at childbirth. Wage data is only considered for women who are at least 16. Mean wage in the year 

right before childbirth (𝑡 = −1) , mean age for each group (29 for the full sample, 25 for the low-education 

group, 32 for the high-education group), and the mean year (2008) is set as the baseline. All other periods 

are calculated as a percentage of this baseline wage. Wage data come from the German Sample of Integrated 

Labour Market Biographies (SIAB) (Berge et al., 2021). “Low education” refers to the group of mothers 

who have no vocational training or a university diploma. “Middle education” refers to the group of mothers 

who have a completed vocational training, but no university diploma.  “High education” refers to the group 

of mothers with at least a university diploma. When mothers are not working for pay, when they work in a 

civil servant job or are self-employed, they have no observations in the dataset. Panel B shows wage 

dynamics with imputed wages, where all missing wages are set to 0. 
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Figure 1.4: Smoothness of birth around policy introduction 

 

Notes: Graph shows the number of births by week relative to January 1, 2007, which is the date of 

the policy introduction analyzed in the paper. Data come from the German Sample of Integrated 

Labour Market Biographies (SIAB) (Berge et al., 2021). Birth date of children is inferred based 

on the date when mothers go on maternity leave, which is registered in the SIAB. Maternity leave 

starts 6 weeks prior to one’s due date. Local mean-smoothing with 95% confidence intervals is 

also displayed on the graphs.  
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Figure 1.5: Wage loss after childbirth by week of childbirth 

Panel A: t = 13, year 2007 (reform) 

 

Panel C: t = 24, year 2007 (reform) 

 

Panel B: t = 13, year 2004-2006 (non-reform) 

 

Panel D: t = 24, year 2004-2006 (non-reform) 

 

Notes: Figures show mean wage loss after childbirth (the “child penalty”) compared to wages 2 

months before childbirth, by week of birth. Panels A and B show the wage loss variable 13 months 

after childbirth, and panels C and D show wage loss 24 months after childbirth. Panels A and C 

use 2007, the reform year, and panels B and D use 2004-2006, the non-reform years pooled. The 

vertical red line indicates January 1st. Local mean-smoothing with 95% confidence intervals is also 

displayed on the graphs.
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Figure 1.6: The effect of the paid leave policy change on maternal wage loss 

Panel A: Raw wages, 12-month bandwidth 

 

Panel B: Imputed wages, 12-month bandwidth 
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Panel C:  Raw wages, 3-month bandwidth 

 

Panel D: Imputed wages, 3-month bandwidth 

 

Notes: Figures show estimated coefficients from regressions in the fully specified form of 

equations (1) (Panel A and B) and equation (5) (Panel C and D). Point estimates and 95% 

confidence intervals come from separate regressions where the outcome is wage loss t months after 

childbirth (t = 1,2,..,60) compared to pre-birth wages. The coefficients should be interpreted as 

percentage point differences in wage loss as a result of the policy. Coefficients below 0 mean that 

wage loss became smaller, so the drop in wages between pre-child and post-child periods is smaller 

after the policy change. Panels A and B use sample of mthers who gave birth in 2006 and 2007. 

Panels C and D use the full sample of mothers who gave birth in 2003Q4, 2004Q1, 2004Q4, 

2005Q1, 2005Q4, 2006Q1, 2006Q4, and 2007Q1. Panels A and C show raw wages as they appear 

in the dataset. Panels B and D use imputed wages where all missing observations are set to 0. 
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Figure 1.7: The effect of the paid leave policy change on maternal wage loss: mothers with low 

education 

Panel A: Raw wages, 12-month bandwidth 

 

Panel B: Imputed wages, 12-month bandwidth 
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Panel C: Raw wages, 3-month bandwidth 

 

Panel D: Imputed wages, 3-month bandwidth 

 

Notes: Figures show estimated coefficients from regressions in the fully specified form of 

equations (1) (Panel A and B) and equation (5) (Panel C and D). Point estimates and 95% 

confidence intervals come from separate regressions where the outcome is wage loss t months after 

childbirth (t = 1,2,..,60) compared to pre-birth wages. The coefficients should be interpreted as 

percentage point differences in wage loss as a result of the policy. Coefficients below 0 mean that 

wage loss became smaller, so the drop in wages between pre-child and post-child periods is smaller 

after the policy change. The graphs show estimates for mothers who did not have any vocational 

training or university degree at time of childbirth. Panels A and B use sample of mthers who gave 

birth in 2006 and 2007. Panels C and D use the full sample of mothers who gave birth in 2003Q4, 

2004Q1, 2004Q4, 2005Q1, 2005Q4, 2006Q1, 2006Q4, and 2007Q1. Panels A and C show raw 

wages as they appear in the dataset. Panels B and D use imputed wages where all missing 

observations are set to 0. 
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Figure 1.8: The effect of the paid leave policy change on maternal wage loss: mothers with high 

education 

Panel A: Raw wages, 12-month bandwidth 

 

Panel B: Imputed wages, 12-month bandwidth 
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Panel C: Raw wages, 3-month bandwidth 

 

Panel D: Imputed wages, 3-month bandwidth 

 

Notes: Figures show estimated coefficients from regressions in the fully specified form of 

equations (1) (Panel A and B) and equation (5) (Panel C and D). Point estimates and 95% 

confidence intervals come from separate regressions where the outcome is wage loss t months after 

childbirth (t = 1,2,..,60) compared to pre-birth wages. The coefficients should be interpreted as 

percentage point differences in wage loss as a result of the policy. Coefficients below 0 mean that 

wage loss became smaller, so the drop in wages between pre-child and post-child periods is smaller 

after the policy change. The graphs show estimates for mothers who had at least a university degree 

at time of childbirth. Panels A and B use sample of mthers who gave birth in 2006 and 2007. Panels 

C and D use the full sample of mothers who gave birth in 2003Q4, 2004Q1, 2004Q4, 2005Q1, 

2005Q4, 2006Q1, 2006Q4, and 2007Q1. Panels A and C show raw wages as they appear in the 

dataset. Panels B and D use imputed wages where all missing observations are set to 0. 
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2) Chapter 2 -- Access to child care: Novel insights using distance traveled for 

care as an indicator  

Introduction 

High-quality early childhood education (ECE) programs have the potential to provide a 

conducive environment for developing children’s skills and consequently to promote success at 

each developmental stage (Brooks-Gunn et al., 2016; Chaudry et al., 2017; Phillips et al., 2017). 

Public money on child care programs can improve academic achievement (Brooks-Gunn et al., 

2016; Duncan & Magnuson, 2013; Heckman, 2006), but also contribute to children’s development 

of socio-emotional skills like executive function, self-regulation, and relationship with others 

(Sabol et al., 2021; Weiland & Yoshikawa, 2013).  The United States spends less as a percentage 

of GDP on early care for 3-to-5-year-olds than most other member countries of the Organization 

of Economic Cooperation and Development (OECD) and also has lower-than-OECD-average 

enrollment rates in ECE (OECD, 2019). Furthermore, inequalities in ECE access within the U.S. 

have been widely documented (e.g. Chaudry et al., 2017; Magnuson & Waldfogel, 2016). These 

have prompted policy makers to put improving access to ECE for all families on the policy agenda 

in recent years at the local, state, and federal levels. A comprehensive picture of ECE access is 

vital to understand where the highest need for child care is and what the attributes of child care 

programs are that policymakers should focus on. 

Access to child care is a multi-dimensional concept including the physical availability, 

cost, and quality of child care programs, and how well they serve families’ needs (Friese et al., 

2017). Common indicators to measure ECE access are physical availability, i.e. the number of 

programs in a given geographic area (Cochi Ficano, 2006; Gordon & Chase-Lansdale, 2001; Malik 
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et al., 2018), and enrollment in ECE (Bainbridge et al., 2005; Magnuson & Waldfogel, 2016). 

These indicators show that lower-income families and those living in rural areas have fewer 

programs available for them and they are also less likely to use center-based care. These indicators 

focus on specific attributes of access and point towards the same conclusion: low-income areas are 

the most in need of public investments. Distance-based indicators on the other hand suggest that 

in some areas higher-income families travel more for child care and urban areas have lower access 

(Davis et al., 2019; National Survey of Early Care and Education Project Team, 2016a). 

The current paper contributes to our understanding of ECE access by income. I use a novel 

indicator to examine ECE access: distance traveled for child care. By using fine-grained 

geographic mobility data, I document trends in how far families travel to access care in the United 

States and in the state of Illinois. I also examine differences by income across the whole income 

distribution. This new indicator provides a data-driven method to assess the size of the relevant 

child care market and allows additional insights into current patterns of care. Furthermore, I revisit 

the physical availability indicator by neighborhood income in Illinois. Given investments in public 

pre-kindergarten and early care programs over the last two decades (Friedman-Krauss et al., 2020), 

reexamining this indicator is useful to assess where future investments in early care should be 

targeted to. 

Literature review 

Indicators of ECE access 

Several indicators have been used to measure ECE access. Enrollment in ECE is one of the 

most popular ones. Lower-income children under the age of 5 are less likely to be enrolled in 

center-based care than higher-income children (Laughlin, 2013). Magnuson & Waldfogel (2016) 
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show that the difference in preschool enrollment for 3- and 4-year-olds between the top and bottom 

income quintiles are persistent. Enrollment was around 30% for children from the lowest income 

categories, while around 50% of children from the highest income families were enrolled in child 

care in the 1970s. In the 21st century, there is still a 20 percentage point difference between the top 

and bottom quintiles, with 60% of 4-year-olds enrolled in pre-school in the lowest income category 

versus 80% in the highest (Magnuson & Waldfogel, 2016). 

Other commonly used indicators of access are related to the physical availability of child 

care programs. This is most often measured by the number of programs in a given geographic area, 

the licensed capacity in child care programs, or the number of licensed child care workers (Friese 

et al., 2017; Gordon & Chase-Lansdale, 2001). One specific indicator in this category is the child 

care desert concept. Researchers at the Center for American Progress define a child care desert as 

a census tract that has either no licensed child care options, or has a ratio of more than three young 

children for every licensed child care slot (Malik & Hamm, 2017). According to this measure, 51% 

of Americans live in neighborhoods that can be characterized as child care deserts. Families living 

in rural areas and Hispanic/Latino families are the most likely to live in a child care desert (Malik 

et al., 2018). Supply indicators relying on the number of child care workers in a particular area 

similarly show that rural and mixed-income communities have the lowest availability of child care 

(Cochi Ficano, 2006; Gordon & Chase-Lansdale, 2001). 

These widely used access indicators paint a bleak picture about availability of and 

enrollment in ECE for low-income and rural families. Research on ECE access is not conclusive, 

though. Other papers show slight differences in access in the opposite direction by income and 

urbanicity. Using the number of children for each licensed slot as another indicator Davis et al. 

(2019) find that families in Minnesota have access to about half a slot on average. Families in large 
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urban areas of the state have somewhat lower access to ECE programs than families who live in 

more rural and smaller urban areas. Their analyses also indicate small but statistically significant 

differences in access to slots by income: the lowest-income families have somewhat higher supply 

of child care than middle- and high-income families (Davis et al., 2019). Nationally representative 

survey data shows that lower-income families travel shorter distances to access child care for 3-5-

year-old children than higher-income families (2.7 miles vs. 4.6 miles, NSECE Project Team, 

2016a). Papers use different indicators and different geographic areas over which they compute 

those indicators, which likely matters for conclusions about access.  

Defining the child care market 

When parents decide on which (if any) child care program to choose, they have to take into 

account both the physical availability of care, as well as their own preferences for child care 

programs. Many families may not look for non-parental care regardless of the options available 

for them. The ones who do may prioritize different factors and make decisions based on a 

combination of location, quality, cost, and other characteristics like hours of operations or 

language spoken by caregivers (Carlin et al., 2019; Herbst et al., 2020; Johnson et al., 2017). I 

conceptualize the geographic area where the programs that families consider are located as the 

child care market. Supply and demand jointly determine how families make choices given the 

market they face. One relevant question for measuring access is the size of this market, as many 

indicators of access like the number of programs or the number of licensed slots are often computed 

over a pre-defined geographic area (Friese et al., 2017). Existing studies determined the size of the 

market using area-based and distance-based measures. 

Area-based measures often take pre-defined administrative areas like states (E. U. Cascio 

& Schanzenbach, 2013), counties (Bassok et al., 2016), or census tracts (Malik et al., 2018), and 
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use these as approximations of the market. As another type of area-based measure, Brown (2019) 

creates a grid of tessellated hexagons for New York City, and analyzes how child care supply 

changes within one such hexagon. Gordon & Chase-Lansdale (2001) use two levels of geography, 

zip codes and counties, as well as a 30-mile radius around a zip code. They posit that counties 

capture the market best. Driving distance is another popular method to define markets, Davis et al 

(2019) and Malik et al (2020) both consider a 20-minute drive. These area-based measures of the 

child care market are not based on where parents look for care, but on pre-defined geographic areas 

that seem to be relevant for families or for which data are available. 

The National Survey of Early Care and Education (NSECE) Project Team (2016b) uses a 

data-driven method to get at the size of the market relevant for families. They rely on data from 

the 2012 NSECE survey and assess how far child care programs that children attend are located 

from families’ residences. Based on these data they define a two-mile radius around families’ 

census tracts as the market. 

Current study 

In the current study, I analyze how far families travel to access child care and look at 

differences by income. I follow a similar data-driven method to that of the NSECE, but revise their 

estimates using a larger sample and a more fine-grained dataset. The study contributes to the 

literature on several fronts. First, it defines a new indicator of access. Then, I use this new indicator 

to define the market that is relevant for families. Existing research often fails to explain why they 

chose the pre-specified geographic area in their measures. I provide evidence that the size of the 

pre-specified geographic area matters for conclusions about access. I also compare the size of the 

market I compute using the data-driven approach to two pre-specified geographic areas: Census 

Block Groups and Zip Code Tabulation Areas. It is important to understand which of these 
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geographic areas approximates the market best as demographic indicators from nationally 

representative surveys are only available for these areas. Lastly, I use this data-driven approach of 

the relevant market size to recalculate existing indicators of ECE supply, which gives novel 

insights into ECE access. 

Method 

Data 

I used SafeGraph’s Geographic Patterns data for September 2019 (SafeGraph, 2023). I 

chose this specific year and month because it provided a snapshot of the child care landscape in 

the beginning of the most recent school year not affected by the COVID-19 pandemic. SafeGraph 

provides geographic mobility data from about 45 million smartphones across the United States. 

The company partners with smartphone application providers who obtain opt-in consent from their 

users, and then collect anonymous latitude and longitude information from the devices. SafeGraph 

then aggregates this location information and connects it to points of interest (POI), which are 

businesses or other establishments that people visit during a particular month, including child care 

programs. They work with a panel of mobile devices, so the same mobile devices are tracked over 

time, until people opt out of using the mobile applications that are collecting their location data. 

SafeGraph assigns business names to the longitude/latitude information. They also provide North 

American Industry Classification System (NAICS) codes for each POI. They use the business 

names as the indications of a category, and they also use other open-source information and 

machine learning techniques to assign the correct NAICS code to a business (SafeGraph, n.d.). 

Code 624410 is associated with Child Day Care Services, which I used to identify child care 

programs in the dataset. One observation in the dataset is one child care program. 
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Sample of devices. SafeGraph did not provide individual-level information like name or address, 

they only provided the number of devices that were tracked in a Census Block Group (CBG). 

Based on the number of tracked devices, I described the geographic representativeness of the 

sample. In September 2019, 32,466,856 devices were tracked across the United States, and 

1,340,121 devices were tracked in the state of Illinois. An estimated 322,004,832 people lived in 

the U.S. during this month, and 12,851,612 people lived in Illinois. If the sampling were 

geographically representative, the ratio of the devices tracked in Illinois over the devices tracked 

in all of the U.S. should be very similar to the ratio of all people in Illinois over all people in the 

U.S. The first ratio was 0.0413, the second was 0.0399. Geographic representativeness was less 

precise with levels of geography below the state-level and no claims could be made about 

representativeness with regards to other demographic characteristics. 

Sample of child care programs. My analytic sample contained child care programs that people 

with tracked devices visited. In the month of September 2019 there were n = 106,916 child care 

programs in the U.S. sample, and there were n = 2,131 child care programs in the state of Illinois. 

In order to characterize the representativeness of these child care programs, the universe of 

all child care programs would be necessary. The universe of child care programs for the U.S. was 

not readily available, thus as a case study I examined child care programs in the state of Illinois, 

as well. Illinois is a state with a relatively large population, it provided a list of all licensed child 

care programs, and had an active child care policy environment. I downloaded the registry of all 

licensed child care programs from the website of the Illinois Department of Child and Family 

Services for December 2020. There were 9,663 licensed child care programs in the state of Illinois, 

of which 2,930 (30%) were child care centers and 6,733 (70%) were family day care homes. Child 

care centers had an average capacity of 81 slots, family day care homes had an average capacity 
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of 1.6 slots. 85% of centers provided care for children under the age of 3, 93% of centers provided 

care for children between the ages of 3 and 5, and 86% of centers provided care for children above 

age 5. 

My analytic sample of child care programs in Illinois (n = 2,131) contained 75% of licensed 

child care centers and virtually no other child care programs. Child care centers in my analytic 

sample had higher capacity than child care centers not in the sample. The centers in sample had 

84.8 slots on average compared to 72.8 slots in centers not in the sample (t-stat = -5.31). Child 

care centers in and out of the analytic sample were equally likely to provide care for children under 

the age of 3 (85% of centers provided such care). More centers provided care for 3- to 5-year-olds 

in the sample (94%) than centers not in the analytic sample (89%, t-stat = -4.51). Centers in the 

analytic sample were also more likely to provide care for children above age 5 (87% of centers in 

the sample versus 81% of centers not in the sample, t-state = -3.97). 

Measures 

The outcome of interest was the median distance visitors traveled for child care. If 100 

people visited the child care program in a month, the median distance these 100 visitors traveled 

between their homes and the child care program was reported as an aggregate measure at the child 

care program level. It is important to note that while the majority of the visitors were most likely 

parents bringing their children to child care, it was not possible to distinguish between teachers, 

staff, cleaners, or other suppliers who visited to the establishment for reasons other than to access 

child care. 

To proxy for visitors’ demographic information like income or urbanicity, I used 

demographics for the geographic area where they resided. These data were downloaded from the 
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National Historical Geographic Information System (Manson et al., 2021) and were 5-year 

estimates from the American Community Survey for the years 2015-2019 aggregated to the level 

of the geographic area. Two levels of pre-specified geographic areas were used in my analyses: 

Census Block Groups (CBG) and Zip Code Tabulation Areas (ZCTA). 

To measure supply or physical availability of child care in the state of Illinois, I constructed 

two indicators: (1) the number of licensed child care programs in a pre-specified geographic area, 

and (2) licensed capacity in a given pre-specified geographic area, which was the number of 

licensed child care slots per child under the age of 5. More details about these measures are 

available in the Appendix.  

Analytic strategy 

The main analytic approach was descriptive statistical analysis that compared means and 

medians of access indicators. I used Ordinary Least Squares regressions to estimate the correlation 

coefficients. I conducted analyses of distance traveled by income both for the U.S. sample and for 

the Illinois sample. In sensitivity tests by urbanicity and in the calculation of supply measures I 

only included child care programs from Illinois as these analyses required a complete set of zip 

codes and the universe of child care programs, which were not available for the U.S. All statistical 

analyses were executed in Stata (version 17). 

Results 

Distance traveled to access child care 

During September 2019, visitors traveled on average 5.26 miles (st.dev = 30.90) for child 

care programs in the United States (n = 101,758 with non-missing distance information). 50% of 

child care programs received visitors who traveled fewer than 3.70 miles. The average distance 
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traveled to child care in Illinois was 4.08 miles (st.dev = 4.37), and the median was 3.24 miles (n 

= 1,810 with non-missing distance information). There were 8 programs in Illinois that received 

visitors from more than 20 miles away. These observations were excluded from the analyses. 

Appendix Figure 1 shows histograms for distance traveled. 

Distance traveled by income 

The relationship between distance traveled and income followed an inverted U-shaped 

pattern. In the U.S. sample at the left end of the income distribution, visitors who lived in the 

lowest-income Census Block Groups (CBGs) traveled on average 4 miles to access child care.  

Similarly, at the right end of the distribution, visitors who lived in the highest-income CBGs 

traveled around 4 miles for child care. As income increased distance traveled increased, as well, 

up to the 70th percentile of the distribution, peaking at about 4.8 miles. Figure 1, Panel A illustrates 

this relationship. The figure shows binned scatter plots grouping income into deciles and plotting 

the mean distance traveled in each decile. 

The pattern between distance traveled and income followed a similar inverted U-shape for 

the Illinois sample. Distance traveled increased with income up to the 90th income percentile. 

However, people who visited from the highest-income areas traveled about as much as people who 

lived in areas below the 40th percentile of the income distribution. Figure 1, Panel B illustrates 

this relationship. To check whether the relationship was only linearly increasing or approximated 

the inverted U-shape pattern of the sample for the U.S. more closely, I also plotted income and 

distance traveled using 15 and 20 bins. As I increased the number of bins, the right end of the 

income distribution increasingly showed the downward trend in distance traveled (see Appendix 

Figure 2). 



83 

 

 

Regression results supported the graphical evidence of the relationship between distance 

traveled and income (see regression coefficients in Table 1). The coefficient on median income in 

the linear Ordinary Least Squares regression on distance traveled was not significant in the sample 

including all U.S. child care programs (column 1). In regressions including both linear and 

quadratic terms for median income (column 2), both coefficients were statistically significantly 

different from zero (with p < 0.001), which supported the existence of an inverted U-shaped 

relation between the two variables. For the sample of Illinois child care programs, the coefficient 

on median income in the univariate regression with only the linear term was significantly different 

from zero (column 3), which reflected the fact that distance traveled increased with income up to 

the 90th percentile in Illinois. However, the coefficients on both the linear (𝛽1 = 0.426 with p < 

0.001) and the quadratic term (𝛽2 = -0.020 with p < 0.001) were statistically significantly different 

from zero in the multivariate regression (column 4), which supported the existence of the inverted 

U-shape relation in the Illinois sample, too. 

Sensitivity tests by urbanicity 

The relationship between income and distance traveled can be confounded by the fact that 

rural areas are more scattered, so people who live in rural areas are more likely to travel longer 

distances than people who live in urban areas. Urban areas were more affluent in Illinois, the 

correlation coefficient between median income and the percentage of the population who lived in 

urban areas was 0.15. This could lead to biased coefficients in the regressions with only income 

as the explanatory variable. Controlling for urbanicity in analyses estimating the correlation 

between distance traveled and income in Illinois did not change the conclusions from the univariate 

analyses. The coefficients on median income (𝛽1 = 0.401 with p < 0.001) and its square term (𝛽2 

= -0.018 with p < 0.001) in multivariate OLS regressions including urbanicity as a control variable 
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were similar in magnitude and in significance to the regression coefficients where urbanicity was 

not included as a control variable (see Table 1, column 5).  

Physical availability of child care 

I calculated physical availability indicators for the state of Illinois using two levels of pre-

specific geographic areas. Census block groups (CBGs) are the second smallest level of geography 

defined by the Census Bureau. They cover areas with 600-3000 inhabitants. Illinois had 9,691 

CBGs. The average size of a CBG was 5.8 square miles, but the distribution had a long right tail. 

The median CBG was 0.31 square miles, and the CBG at the 75th percentile of the distribution 

was 1.4 square miles. CBGs in urban areas were much smaller than in rural areas, the mean CBG 

size was 0.6 square miles in urban areas and 11 in rural areas. Zip Code Tabulation Areas are zip 

codes created by the Census Bureau to make tractable, aerial representation of postal zip codes. 

ZCTAs are two levels bigger than CBGs, census tracts are in between. There were 1,383 ZCTAs 

in Illinois. ZCTAs were on average 40.5 square miles. 25% of ZCTAs were below 7.7 square 

miles, and 25% were larger than 58 square miles. Urban ZCTAs were smaller than rural ones, the 

mean size was 9.3 square miles in urban areas, and 51 in rural. Chicago ZCTAs were on average 

4 square miles. 

Of the 9,691 CBGs, 859 (8.9%) had fewer than 10 children under the age of 5. I included 

in analyses only the 8,832 CBGs that had at least 10 children under the age of 5. A little more than 

half (53%) of these CBGs had at least one child care program. There were 1.92 programs (st.dev 

= 1.42) per CBG on average in CBGs with at least one child care program, and there was on 

average 1.00 (st.dev = 1.81) licensed child care slot per child. However, the licensed capacity 

indicator had a long right tail, the median CBG had only 0.375 slots perc child, or about 2.7 
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children for each slot. 43% of children under the age of 5 lived in CBGs with no child care 

programs. 

When working with ZCTAs, I included ZCTAs with at least 50 children under age 5 in my 

analyses. Of the 1,383 ZCTAs in Illinois 450 (32.5%) had fewer than 50 children under age 5. 

82.6% of the 933 ZCTAs with at least 50 children under age 5 had at least one child care program. 

There were 12.32 programs (st. dev = 19.41) on average in these ZCTAs, and on average 0.39 (st. 

dev = 0.33) licensed slots per child. The median ZCTA had 0.32 slots per child, or about 3.1 

children for each slot. Only 1.2% of children under the age of 5 lived in ZCTAs without any child 

care program. 

There was a negative correlation between the number of child care programs and median 

household income in the geographic area both for CBGs ( = -0.095) and for ZCTAs ( = -0.037). 

CBGs with the lowest household income had on average 1.2 child care programs, CBGs in the 

middle of the income distribution had about 1.0 child care program, and CBGs with the highest 

median income had about 0.8 child care programs on average. This relationship was driven by 

family day care programs: there were 0.8 programs in the lowest income CBGs and the number of 

family day cares decreased gradually until the highest income decile where there were fewer than 

0.25 programs. There were between 0.25 and 0.5 centers per CBG across the income distribution. 

The lowest and the highest income deciles had somewhat more centers than the middle of the 

income distribution. Figure 2, panels A and B illustrate this relationship with binned scatter plots 

for number of programs by type and by income at the CBG level. 

Patterns at the ZCTA level were more pronounced than they were at the CBG level. The 

two lowest-income deciles had the most programs, about 25 and 13 on average. ZCTAs in the 

middle of the income distribution had fewer programs, between 5-10. The 3 highest-income deciles 
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had on average 10 programs. This relationship was driven by family child care programs. The two 

lowest-income deciles had on average 18 and 9 family child care programs, and the rest of the 

income deciles had about 5. The lowest income decile had the fewest, about 3. The number of 

child care centers followed a U-shaped pattern. ZCTAs both at the lowest and at the highest end 

of the income distribution had more than 5 child care centers, and ZCTAs at the middle of the 

income distribution had between 1-3. Figure 2, Panels C and D show binned scatter plots for the 

number of programs by type and by income at the ZCTA level. 

Table 2 shows regression results for the association between the number of programs and 

median income both at the CBG level (Panel A) and at the ZCTA level (Panel B). As median 

income increased the number of programs decreased by about 0.02 for each $10,000 at the CBG 

level and by 4 at the ZCTA level.  A quadratic functional form approximates the relationship better 

than a linear one. Adding urbanicity and the number of children under 5 as control variables did 

not change the results. Appendix Table 1 shows similar regressions results for the number of 

centers and the number of family day care homes as outcome variables. 

The number of slots per children under 5 showed a U-shaped pattern both at the CBG and 

at the ZCTA level. In the lowest-income CBGs there were on average 0.7 slots per child under age 

5. The middle of the income distribution had fewer slots, about 0.5 on average. CBGs at the 60th 

and 70th income percentile had the fewest slots, around 0.4 per child. The highest-income decile 

CBGs had about 0.6 slots. The lowest-income ZCTAs had about 0.4 slots per child. ZCTAs in the 

middle of the income distribution had between 0.2-0.3 slots per child. ZCTAs in the highest-

income decile had about 0.5 slots. Appendix Figure 6 shows the binned scatter plots that depict 

these relationships. 
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For CBGs, the univariate regression coefficient of capacity on the linear term on income 

was not significant. Including both the linear and quadratic term for income in regressions 

approximates the U-shaped relationship apparent on the graphs. The coefficient on the linear term 

was negative (𝛽1 = -0.04 with p < 0.01) and the coefficient on the quadratic term was positive (𝛽2 

= 0.002 with p < 0.01) in multivariate regressions. Both terms remained significantly different 

from zero in regressions including urbanicity as a control variable. Regressions at the ZCTA level 

were qualitatively similar. Appendix Table 2 shows regressions results for both sets of regressions. 

Discussion 

In this paper I analyzed access to child care using a novel indicator: distance traveled for 

care based on geographic mobility data. I found that families traveled on average 5.26 miles across 

the United States, and 4 miles in the state of Illinois. The medians were 3.7 and 3.2 miles, 

respectively. Distance traveled by income followed an inverted U-shaped pattern: families residing 

in lower-income areas traveled less than families in higher-income areas, but families in the highest 

income areas traveled similar distances to the lowest-income families. This pattern was not 

explained by urbanicity. These findings were consistent with earlier distance traveled estimates 

using the National Survey of Early Care and Education. The NSECE Project Team (2016a) showed 

a gradient by income: distance traveled increased across income categories. My analyses painted 

a more nuanced picture. While distance traveled by income increased up to about the 70th 

percentile of the income distribution, people who resided in the highest-income areas traveled 

shorter distances. 

The estimates of distance traveled can inform our understanding of the relevant child care 

market families face. It is common in the literature to approximate the market using pre-defined 

geographic areas, like states (E. U. Cascio & Schanzenbach, 2013), counties (Bassok et al., 2016; 
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Gordon & Chase-Lansdale, 2001), or census tracts (Malik et al., 2018). Using pre-defined 

geographic areas might not accurately depict families’ child care options as parents can easily 

cross boundaries of these areas to access care (Davis et al., 2019). These administratively defined 

areas have advantages, though. Most importantly, many demographic variables from nationally 

representative surveys are only available at these pre-defined geographic levels. My estimates of 

distances of 3-5 miles of travel indicate that geographic areas below Zip Code Tabulation Areas 

(ZCTA) such as census tracts or census block groups are too small to approximate well the child 

care options that families likely consider. 

Supply indicators of access like the number of child care programs or the licensed capacity 

per pre-school aged child are most often calculated over one of the pre-defined geographic levels 

(Friese et al., 2017). These indicators are sensitive to the level of geographic area they are 

calculated for. For example, Malik et al. (2018) reports that 57.7% of families live in a child care 

desert in Illinois. They use census tracts as the level of geography. Using ZCTAs as the level of 

aggregation, which corresponds better to the distances families travel to access care, the same 

indicator suggests that 44.3% of families live in a child care desert. 

To provide a more comprehensive picture of child care supply in Illinois, I analyzed the 

number of licensed programs and the number of child care slots per under-5 children by income. 

While some papers find that rural and mixed-income areas have lower availability of child care 

(Cochi Ficano, 2006; Gordon & Chase-Lansdale, 2001; Malik et al., 2018), others show small 

differences and in the opposite direction: rural and lower-income areas have somewhat more child 

care options (Davis et al., 2019; NSECE Project Team, 2016b). I described these supply measures 

across the whole income distribution controlling for urbanicity. I found that the highest- and 

lowest-income areas had more child care programs and higher capacity than areas in the middle of 
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the income distribution. This finding might be somewhat unexpected given the narrative around 

disparities in access by income (Magnuson & Waldfogel, 2016; Malik et al., 2020), but can be 

explained by federal, state, and local efforts to invest more in early childhood education over the 

last few decades. Publicly funded pre-kindergarten programs have been on the rise and enrollment 

in these programs have increased from 14% in 2002 to 34% by 2019 (Friedman-Krauss et al., 

2020). Many of these pre-k programs were targeted towards families who live at 185% of the 

federal poverty line or who are otherwise disadvantaged. The Child Care Development Block 

Grants, which provide federal funding to states to invest in child care for low-income families 

(Herbst & Tekin, 2010) are another set of policies that could have contributed to the current supply 

patterns. 

Analyzing only supply patterns cannot paint a comprehensive picture about families’ child 

care decisions. Outcome indicators like distance traveled or enrollment in child care are 

determined by both the supply of programs and families’ preferences for child care. While the 

distances families travel or whether they enroll their children in child care are observable in 

datasets, these descriptive analyses do not answer the question of why families made those 

decisions. For example, several papers have documented that lower-income children are less likely 

to be enrolled in center-based care than higher-income children (Laughlin, 2013; Magnuson & 

Waldfogel, 2016). One explanation for this pattern could be related to the supply-side: there are 

not enough programs in lower-income areas. While analyses of indicators of supply showed that 

programs are available in many settings, it is possible that these are not the types of programs that 

families are looking for. These programs may have low quality, may be too expensive, may not 

operate during hours when families would need care, or may have other attributes that make them 

undesirable (Forry et al., 2013; Henly & Adams, 2018). Using different indicators of access both 
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from the supply and from the demand side would help researchers, practitioners, and policy makers 

to better understand families’ child care realities. 

Limitations 

This study provided novel insights into ECE access using distance traveled as an indicator 

and by reevaluating supply across the whole income distribution in the state of Illinois. There are 

important dimensions of access this paper did not consider. I did not have data about the cost or 

the quality of the child care programs that families have in their vicinity. While my findings 

indicated that families in the lowest and highest income categories traveled similar distances and 

had similar supply of child care available for them, it is very likely that these programs differ in 

terms of quality and/or cost. A more comprehensive access indicator would have to incorporate 

these other omitted dimensions, too. I used data on licensed child care programs, and many 

families, especially marginalized families, tend to use non-licensed child care arrangements  (L. 

Schochet, 2019; Snyder et al., 2005). My analyses could not account for relative-care or other 

informal arrangements, thus may not provide a comprehensive picture of access. 

Descriptive analyses such as the ones in this paper are helpful to understand the current 

child care landscape that families face and to point towards potential levers for intervention to 

increase access. However, they do not provide causal evidence that any of those interventions 

would indeed lead to higher access. Causal research designs would have to rely on exogeneous 

changes in either the supply- or demand-side and analyze how parental choice changes following 

those shocks. A supply-side change could be the entry of new child care programs to the market. 

Analyzing such a shock would require a panel dataset of child care programs, but these datasets 

are difficult to obtain and to harmonize over time (Bassok et al., 2016; Brown, 2019). A demand-

side intervention could be a policy change that increases families’ disposable income for child 
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care, such as an increase in child care subsidies. Analyzing such a policy change would require a 

longitudinal dataset of detailed parental child care choices, but to my knowledge such a dataset 

does not exist with regular frequency and a large enough sample-size. 

Conclusion 

Using different indicators of ECE access, distance traveled and supply of child care, I 

showed that families in the lowest and highest income areas have better access to ECE than 

families in the middle of the income distribution. These indicators help us better understand certain 

dimensions of access and bring attention to the fact that next to continued support for the most 

disadvantaged communities policy efforts should also focus on middle-income families. Yet, a 

stronger focus on parental preferences within these contexts is needed. Future work should bring 

together supply- and demand-side factors to make more informed investments into early care and 

education programs that serve families’ needs. 
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Chapter 2 – Tables 

Table 2.1: Regression results of distance traveled on income  

 (1) 

US 

(2) 

US 

(3) 

Illinois 

(4) 

Illinois 

(5) 

Illinois 

Median income ('0000 $) 0.0761 0.571*** 0.0645** 0.426*** 0.401*** 

 (0.0445) (0.117) (0.0213) (0.0846) (0.0818) 

      

Median income (squared)  -0.0309***  -0.0203*** -0.0176*** 

  (0.00607)  (0.00458) (0.00440) 

Urbanicity     -0.0200*** 

     (0.00335) 

Constant 4.759*** 3.043*** 3.426*** 2.021*** 3.705*** 

 (0.232) (0.425) (0.169) (0.358) (0.466) 

Observations 101,657 101,657 1,895 1,895 1,895 

R2 0.000 0.000 0.005 0.014 0.039 

Table shows coefficients from Ordinary Least Squares regressions at the child care 

program level. Robust standard errors are in parentheses. Median income is 

measured as median household income in visitors’ home census block groups. 

Urbanicity is measured as the percentage of people in visitors’ census block groups 

who live in an urban area. * p < 0.05, ** p < 0.01, *** p < 0.001 
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Table 2.2: Number of child care programs and median household income in Illinois 

Panel A: Census Block Groups 

 (1) (2) (3) 

Median income ('0000 $) -

0.0109**

* 

-

0.0226*** 

-0.0213*** 

 (0.00141

) 

(0.00460) (0.00456) 

    

Median income (squared)  0.000591
** 

0.000427 

  (0.00022

1) 

(0.000219) 

    

Urbanicity   0.00134*** 

   (0.000162) 

    

Under-5 population   0.000813**

* 

   (0.000064

3) 

    

Constant 0.604*** 0.649*** 0.472*** 

 (0.0114) (0.0203) (0.0247) 

Observations 8623 8623 8623 

R2 0.007 0.008 0.032 
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Panel B: Zip Code Tabulation Areas 

 (1) (2) (3) 

Median income ('0000 $) -1.093*** -4.215*** -4.301*** 

 (0.265) (1.106) (0.653) 

    

Median income (squared)  0.168** 0.156*** 

  (0.0529) (0.0289) 

    

Urbanicity   0.00284 

   (0.0113) 

    

Under-5 population   0.0127*** 

   (0.00105) 

    

Constant 19.81*** 32.17*** 20.97*** 

 (2.337) (5.301) (2.845) 

Observations 770 770 770 

R2 0.022 0.041 0.613 

Table shows coefficients from Ordinary Least Squares regressions at the level of Census Block 

Groups (Panel A) and Zip Code Tabulation Areas (Panel B). Illinois provides a registry of all 

licensed programs through the website of the Illinois Department of Child and Family Services. 

The list of licensed programs in December 2020 is used to generate the outcome variable in the 

above table. Median income is measured as median household income in the geographic area 

where visitors reside. Urbanicity is measured as the percentage of people who live in an urban 

area. Robust standard errors are in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001 
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Chapter 2 – Figures 

Figure 2.1: Distance Traveled and Income 

Panel A: United States 

 

Panel B: Illinois 

 

Notes: Figures present SafeGraph data for September 2019 and 5-year estimates from the 

American Community Survey for 2015-2019. Both panels show binned scatter plots with 10 bins 

of distance traveled to access child care by median household income in visitors’ home Census 

Block Groups. 
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Figure 2.2: Number of programs by income in Illinois

Panel A: Number of child care centers by 

CBG 

 

Panel B: Number of family child care 

programs by CBG 

 

Panel C: Number of child care centers by 

ZCTA 

 

Panel D: Number of family child care 

programs by ZCTA 

 

Notes: Figure shows the number of child care centers (Panels A and C) and the number of family 

child care programs (Panels B and D) in the state of Illinois by median household income in the 

Census Block Group (CBG) (Panels A and B) and Zip Code Tabulation Area (ZCTA) (Panels C 

and D) where the program is located. Illinois provides a registry of all licensed programs through 

the website of the Illinois Department of Child and Family Services. The list of licensed programs 

in December 2020 was used to generate the above graphs. Median household income at the CBG 

level was downloaded from the National Historical Geographic Information System (Manson et 

al., 2021) and were 5-year estimates from the American Community Survey for the years 2015-

2019.
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Chapter 2 – Appendix 

Additional information on measures 

Distance traveled 

The main outcome of interest in the paper, distance traveled, is a variable that is readily 

available in the SafeGraph Patterns dataset. They provide the median distance that all visitors 

traveled between their homes and the child care center they are visiting. If a child care program 

had 100 visitors during the month of September 2019, the dataset contains the median distance of 

these 100 visitors as an aggregated variable. 

As no individual demographic information is available about visitors other than the Census 

Block Group where they reside, I proxy for visitors’ demographic information using demographic 

information for their home CBG. Technically, their home CBG is determined as the CBG where 

the tracked mobile device resides during the night. 

I use the following method to determine median household income of child care program 

visitors. For each child care center, SafeGraph provides a list of all CBGs where visitors are 

coming from with the count of visitors (reported as 4 if the number is 4 or below). Following with 

the above example, if of the 100 visitors 25 are coming from CBG-1, 50 from CBG-2, and another 

25 from CBG-3, this information is available in the dataset. For each CBG, I merge in the median 

household income from the ACS 5-year estimates for that CBG. As visitors are coming from 

several CBGs, there are multiple observations for each child care program. To aggregate these to 

only one observation per child care program, I take the weighted average of the median income 

across all visitor CBGs, weighted by the number of visitors in each CBG. I use this weighted 

average as the “visitors’ household income” measure for the specific child care program. 
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Demographic Information for Geographic Areas 

I downloaded demographic information from the National Historical Geographic 

Information System (NHGIS) website at the CBG and at the ZCTA level (Manson et al., 2021). 

These are 5-year estimates from the American Community Survey for the years 2015-2019 

aggregated to the CBG or the ZCTA level. The primary demographic variables of interest are total 

population, population under the age of 5, median household income, and urbanicity. Urban/rural 

distinction is only available from the decennial censuses, and the latest at the time of the analyses 

was from 2010. The Census Bureau defines urban areas as “a continuously built-up area with a 

population of 50,000 or more“ and rural areas as “not urban” (Census Bureau, 1994). They provide 

the number of people who live in an urban area. I divide this number by the total population to 

receive a percentage of the population who live in an urban area. 

The sample of child care centers in the SafeGraph data contains the CBG where the child 

care program is located. For all other child care programs in the registry of Illinois child care 

programs that do not have this information, addresses have been geocoded and linked to CBGs 

using ArcGIS. This allows me to perform CBG-level analyses. 

Zip Code Tabulation Areas are zip codes created by the Census Bureau to make tractable, 

aerial representation of postal zip codes. ZCTAs and postal zip codes align very closely. Postal zip 

codes are available for child care programs both in the SafeGraph sample and in the Illinois registry 

data. I used a ZCTA to zip code crosswalk from the Uniform Data System (UDS) Mapper created 

by the American Academy of Family Physicians and available from their website 

https://udsmapper.org/zip-code-to-zcta-crosswalk/ (last accessed on 11/9/2022). 
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Chapter 2 – Appendix Tables 

Appendix Table 2.1: Number of child care programs by type and by household income in Illinois 

Panel A: Census Block Groups 

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

 Centers Centers Centers Family 

CC 

Family CC Family CC 

Median income 

('0000 $) 

0.0121*** -0.00583 -0.00413 -0.0481*** -0.0672*** -0.0697*** 

 (0.00210) (0.00670) (0.00659) (0.00247) (0.00911) (0.00889) 

       

Median income 

(squared) 

 0.000909** 0.000693*  0.000967** 0.000865* 

  (0.000338) (0.000333)  (0.000367) (0.000360) 

       

Urbanicity   0.00176***   0.00160*** 

   (0.000147)   (0.000298) 

       

Under-5 

population 

  0.00108***   0.00262*** 

   (0.000138)   (0.000287) 

       

Constant 0.219*** 0.288*** 0.0553 0.967*** 1.041*** 0.710*** 

 (0.0156) (0.0286) (0.0315) (0.0249) (0.0456) (0.0507) 

Observations 8623 8623 8623 8623 8623 8623 

R2 0.005 0.006 0.034 0.026 0.026 0.060 
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Panel B: Zip Code Tabulation Areas 

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

 Centers Centers Centers Family 

CC 

Family 

CC 

Family CC 

Median income ('0000 

$) 

0.193* -0.300 -0.324 -1.252*** -3.813*** -3.865*** 

 (0.0757) (0.306) (0.173) (0.199) (0.782) (0.538) 

       

Median income 

(squared) 

 0.0265 0.0224*  0.138*** 0.130*** 

  (0.0161) (0.00878)  (0.0360) (0.0231) 

       

Urbanicity   0.00553   0.00373 

   (0.00317)   (0.0103) 

       

Under-5 population   0.00346***   0.00775*** 

   (0.000279)   (0.000895) 

       

Constant 2.434*** 4.385** 1.079 16.16*** 26.30*** 19.37*** 

 (0.574) (1.333) (0.735) (1.748) (3.842) (2.368) 

Observations 770 770 770 770 770 770 

R2 0.010 0.016 0.652 0.054 0.078 0.483 

Notes: Appendix Table 1 shows coefficients from Ordinary Least Squares regressions at the level 

of Census Block Groups (Panel A) and Zip Code Tabulation Areas (Panel B). Illinois provides a 

registry of all licensed programs through the website of the Illinois Department of Child and 

Family Services. The list of licensed programs in December 2020 is used to generate the outcome 

variables in the above table. Median income is measured as median household income in the 

geographic area where visitors reside. Urbanicity is measured as the percentage of people who live 

in an urban area. Robust standard errors are in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001 
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Appendix Table 2.2: Regression results for capacity on income 

Panel A: Census Block Groups 

 (1) (2) (3) 

Median income ('0000 $) 0.00375 -0.0405** -0.0304* 

 (0.00448) (0.0147) (0.0146) 

    

Median income (squared)  0.00224** 0.00160* 

  (0.000706) (0.000705) 

    

Urbanicity   0.00405*** 

   (0.000300) 

    

Constant 0.494*** 0.665*** 0.310*** 

 (0.0351) (0.0659) (0.0682) 

Observations 8623 8623 8623 

R2 0.000 0.002 0.011 

Panel B: Zip Code Tabulation Areas 

 (1) (2) (3) 

Median income ('0000 $) 0.0170* -0.0529* -0.0531* 

 (0.00726) (0.0228) (0.0218) 

    

Median income (squared)  0.00376** 0.00353** 

  (0.00141) (0.00136) 

    

Urbanicity   0.00132*** 

   (0.000263) 

    

Constant 0.269*** 0.546*** 0.476*** 

 (0.0486) (0.0869) (0.0867) 

Observations 770 770 770 

R2 0.019 0.052 0.079 

Notes: Table shows coefficients from Ordinary Least Squares regressions at the level of Census 

Block Groups (Panel A) and Zip Code Tabulation Areas (Panel B). Illinois provides a registry of 

all licensed programs through the website of the Illinois Department of Child and Family Services. 

The list of licensed programs in December 2020 is used to generate the outcome variables in the 

above table. Median household income, urbanicity, and the number of children under the age of 5 

are available from the National Historical Geographic Information System (Manson et al., 2021) 

and are 5-year estimates from the American Community Survey for the years 2015-2019. Capacity 

is slots per child, defined as the number of licensed seats divided by the number of children under 

the age of 5. Median income is measured as median household income in the geographic area 

where visitors reside. Urbanicity is measured as the percentage of people who live in an urban 

area. Robust standard errors are in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001 
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Chapter 2 – Appendix Figures 

Appendix Figure 2.1: Histogram of distance traveled for child care 

Panel A: United States 

 

Panel B: Illinois 

  

Notes: Figures show the distribution of the median distance visitors traveled to access child care 

programs. The dataset is at the child care program level. For each child care program the median 

distance that all visitors in the month of September 2019 traveled to that child care program is 

reported. For example, the data show that 15% of U.S. child care programs received visitors from 

between 1-2 miles away. In Illinois, almost 25% of programs received visitors from 2-3 miles 

away. 
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Appendix Figure 2.2: Distance traveled and median household income in Illinois, robustness 

check 

Panel A: Binned scatter plot with 15 bins 

 

Panel B: Binned scatter plot with 20 bins 

 

Notes: Figure presents SafeGraph data for September 2019 and 5-year estimates from the 

American Community Survey for 2015-2019. Both panels show binned scatter plots of distance 

traveled to access child care by median household income in visitors’ home Census Block Groups 

in the state of Illinois. Panel A uses 15 bins and Panel B uses 20 bins. 
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Appendix Figure 2.3: Child care capacity and income 

Panel A: Census Block Groups 

 

Panel B: Zip Code Tabulation Areas 

 

Notes: Figure shows child care capacity at the CBG (Panel A) and at the ZCTA (Panel B) level by 

median household income in the geographic area where the program is located. Illinois provides a 

registry of all licensed programs through the website of the Illinois Department of Child and 

Family Services. The list of licensed programs in December 2020 is used to generate the above 

graphs. The registry lists the licensed capacity at each program. Median household income and the 

number of children under the age of 5 are available from the National Historical Geographic 

Information System (Manson et al., 2021) and are 5-year estimates from the American Community 

Survey for the years 2015-2019. Slots per child are defined as the number of licensed seats divided 

by the number of children under the age of 5. 
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3) Chapter 3 – Revisiting Family Stress Theory: A Case Study from the Head 

Start Impact Study 

Introduction 

Parents in the United States face a complex early childhood education (ECE) market. 

Currently the U.S. spends 0.3 percent of its Gross Domestic Product (GDP) on early childhood 

education and care from public sources, which is one of the lowest among member countries of 

the Organisation for Economic Co-operation and Development (OECD), where the overall average 

is 0.7 percent (OECD, 2021).  As there is no universal, federally funded early childhood education 

system in the U.S., parents have to find individual solutions for child care. Nearly half of all 

families report difficulty finding care (L. Schochet, 2019). Even when families find child care, the 

financial burden associated with these arrangements is high: middle-class working families spend 

on average 14% of their monthly income on child care (Malik, 2019). 

The difficulties associated with finding and paying for early care and education are 

significant for families (Malik, 2019; L. Schochet, 2019), especially for low-income families. 

These difficulties may become repeated stressors in parents’ lives. Social and psychological 

stressors were shown to trigger the body's stress response systems (Adam et al., 2017), and 

repeated stress exposure leads to adverse health outcomes (Sapolsky, 2004). Public provision of 

early care for free could ease some of the logistical and financial burdens families face and could 

promote better parental health. 

Head Start is one publicly funded preschool program which provides high-quality early 

education services for free for eligible families. It has been available for low-income families since 

1965 (Vinovskis, 2008) and in 2019, Head Start programs around the U.S. served about 1 million 
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children and their families (Administration for Children and Families, 2019). Next to promoting 

school readiness, Head Start supports family well-being by providing nutritional, health, and social 

services, as well. The benefits of Head Start on children’s outcomes have been extensively 

documented (Barnett, 1995; Currie, 2001; Deming, 2009; Ludwig & Miller, 2007; Ludwig & 

Phillips, 2008; Morris et al., 2018; Puma et al., 2010a; Yoshikawa et al., 2013), but research has 

focused less on how the program influences outcomes for parents. Head Start likely increases 

parental education and maternal labor force participation (Sabol & Chase-Lansdale, 2015; Wikle 

& Wilson, 2021) and has an influence on parenting practices (Gelber & Isen, 2013; Padilla, 2020; 

Puma et al., 2010a). This paper aims to add to our understanding on how Head Start promotes 

parental well-being using data from the Head Start Impact Study.  

The Head Start Impact Study is a nationally representative, longitudinal study that assigned 

eligible families of newly entering 3- and 4-year-olds to receiving Head Start services or to a non-

recipient control group. It was a multi-site randomized control trial with over 380 Head Start 

centers participating (Puma et al., 2010a). In this paper, next to documenting the average effect of 

offering Head Start on parental well-being, we also explore heterogeneity in these effects by 

program characteristics, including family-centered services and supports in a program. 

Investigating treatment impact heterogeneity has become an important tool in education 

effectiveness research to understand “under what circumstances” and “for whom” interventions 

such as Head Start work best (Reardon & Stuart, 2017). 

Head Start Participation and Parental Well-being 

Offering families Head Start services could lead to better health outcomes for parents 

through reducing the stressors associated with finding and paying for good quality child care. 

Parents who look for non-parental care prioritize quality, safety, and cost in child care programs 
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(Forry et al., 2013). Head Start programs are high-quality, they are subject to accreditation, and 

follow evidence-based curricula (see for example the Improving Head Start for School Readiness 

Act of 2007). These measures make sure that the programs provide enriching early experiences 

for children. When Head Start is available for families it can be a straightforward choice for 

parents, which makes the search process shorter. As Head Start is provided to eligible families for 

free, it helps with the cost of child care, too. If the time and monetary considerations are significant 

stressors for families, removing these stressors from their lives could influence their well-being. 

Insights from stress biology help to explain how removing stressors from families’ lives 

could promote better parental well-being. Stressors, including social and psychological stressors, 

initiate the body’s stress response system (Sapolsky, 2004). Psychological factors related to socio-

economic status, financial hardship, unemployment, relationships, or parenting tend to frequently 

activate the stress system that has evolved to help us survive short-term crises (Sapolsky, 2004; 

Schetter & Dolbier, 2011). These too frequent activations can lead to dysregulated stress 

hormones, which alters cardiovascular, metabolic and immune functions (McEwen, 2003). 

Research has also linked exposure to stress hormones to brain function, cognition, and mental 

health (Lupien et al., 2009). If the provision of Head Start is able to reduce the frequency and 

severity of stressors related to costs and logistical concerns families face when looking for and 

attending child care, existing literature on stress biology suggests that parental well-being can 

improve. 

Next to the direct channel of Head Start reducing stressors associated with finding and 

paying for high-quality child care, there are also indirect channels that may influence parental well-

being. One such indirect channel could be related to increased maternal labor force participation, 

which might lead to work-family conflict, which could be associated with worse parental well-
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being. Head Start, next to providing a high-quality early education setting for children, also acts 

as a work-support program. Availability of early child care, either through increased access or 

lower costs, is predicted to increase parental employment (Blau & Currie, 2006). Findings suggest 

that the effect of early care availability on maternal labor force participation is positive but the 

magnitude varies by context (Morrissey, 2017b). In the United States, public kindergarten 

enrollment around children’s 5th birthday increases single mothers’ labor supply (E. U. Cascio, 

2009; Gelbach, 2002). Universal pre-kindergarten programs in Georgia and Oklahoma did not 

change maternal labor force participation on average (Fitzpatrick, 2010), but once they 

disaggregate the effect by education Cascio & Schanzenbach (2013) show that while the effects 

are zero for mothers with at least some college education, universal pre-k helped lower-educated 

mothers to return to the labor market. Head Start does not seem to increase employment among 

parents who are unemployed when the program is offered to the families (Sabol & Chase-Lansdale, 

2015), but it does increase full-time employment of single mothers with one young child (Wikle 

& Wilson, 2021). 

When mothers re-enter the labor force or increase their hours worked, work-family conflict 

can arise. Work-family conflict refers to the difficulty of balancing both employment-related and 

caregiving responsibilities (Greenhaus & Beutell, 2019). Working longer hours, lack of control 

over one’s schedule, job-related stress, or lack of family support are examples of factors that 

contribute to work-family conflict (Byron, 2005; Frone et al., 1997). Work-family conflict is 

associated with lower life, marital, and family satisfaction, and it significantly increases 

psychological strain and both work- and family-related stress (Allen et al., 2000). As repeated 

psychological stressors are related to health and well-being, work-family conflict can be a mediator 

in the relationship between parental employment and well-being. Baker et al. (2008) find that in 
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Canada, following an expansion of public child care, families seem to have become more stressed. 

Mothers reported more hostile and less consistent parenting, worse mental health, and lower 

relationship satisfaction. Fathers' self-reported health also declined (Baker et al., 2008). Chatterji 

et al. (2013) find that among employed mothers of 6-month-old children more hours worked 

predicts more depressive symptoms and lower self-reported overall health. Qualitative evidence 

also supports the conclusion that the dual role of working and parenting is a significant stressor for 

mothers, especially in a country like the United States with low levels of social support (Collins, 

2019). 

However, a higher likelihood of being employed or more hours worked could also mean 

higher income for families. Family stress theory posits that instability in families’ lives including 

economic hardship or unstable work environments can lead to parental stress and negatively 

impact mental well-being, which can in turn negatively influence parent-child interactions (Conger 

& Elder, 1994; Yeung et al., 2002). Higher likelihood of being employed, increased income, and 

potentially more stable work arrangements related to having reliable child care can mitigate these 

effects. Higher family income has been causally linked to better child outcomes, as well (Brooks-

Gunn & Duncan, 1997). Prior research did not find a statistically significant average effect of Head 

Start on parental earnings, but parents of children who enrolled in Head Start at age 3 tend to have 

higher earnings 2-3 years after enrollment (O. N. Schochet & Padilla, 2021). 

Head Start has the potential to overcome the likely negative effects of parental employment 

on well-being by its focus on engaging and supporting parents, too. Head Start program design 

rests on the idea that caregivers and early education programs should work together to provide the 

best possible environment for the developing child (US DHHS ACF OHS, 2018). Many programs 

provide education- and employment-related services for parents (Aikens et al., 2017; Sabol & 
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Chase-Lansdale, 2015) and these work best to promote parental and child well-being when they 

incorporate a dual developmental framework (Chase-Lansdale & Brooks-Gunn, 2014; Sabol et al., 

2021). This framework recognizes that children and parents mutually influence each other’s 

development, and next to considering only one generation at a time, it incorporates the 

bidirectional relationship between children and adults and its contribution to developmental 

pathways (Sabol et al., 2021). CareerAdvance is one example of a two-generation program that 

combines Head Start services for children with workforce development training for parents 

(Chase-Lansdale et al., 2019). Parents can further their education and potentially achieve better 

labor market outcomes while their children are enrolled in Head Start. One important feature of 

the program is the alignment of training and child care hours and the additional supports parents 

receive for child care (Chase-Lansdale et al., 2019). This suggests that when we examine 

heterogeneous treatment effects, centers that have a better alignment of child and parent-support 

services could have a larger impact on parental well-being. 

Prior evidence on the Head Start Impact Study 

Our study uses data from Head Start Impact Study (HSIS), a nationally representative 

randomized control trial from 2002. There is a large body of research examining the effects of 

offering and enrolling in Head Start on child outcomes by analyzing data from the HSIS. Children 

who were offered Head Start were more ready for school one year after randomization based on 

measures of cognitive tests (Puma et al., 2010a). The average effects of higher scores in language 

and literacy and social-emotional outcomes faded out by first grade (Puma et al., 2010a). However, 

Head Start is not a uniform service. Researchers have found variation in program effects by 

counterfactual child care arrangements, child characteristics, and geographic location (Morris et 

al., 2018). For example, using moderation analyses, studies have found that dual-language 
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learners, children who reside in nonurban settings, and children whose mothers were themselves 

enrolled in Head Start gained more on average than other children (Bitler et al., 2014; Chor, 2018; 

Puma et al., 2010a). 

Moving beyond individual and family characteristics that moderate the effects of access to 

Head Start on child outcomes, Bloom & Weiland (2015) use a novel Hierarchical Linear Modeling 

technique, the fixed intercept, random coefficient approach, to quantify variation in treatment 

effects across Head Start centers. They find that there is a statistically significant variation in effect 

size across centers on language and literacy measures. 

While we have a relatively good understanding about the effects of Head Start on children’s 

cognitive and socio-emotional outcomes, fewer studies have looked at the effects of access to Head 

Start on parents. Researchers have analyzed data from the HSIS to look at parenting behaviors. 

Parents are more likely to engage in cognitively stimulating behaviors, like reading to their 

children, and are less likely to spank children as a disciplinary measure  (Gelber & Isen, 2013; 

Padilla, 2020; Puma et al., 2010a). Padilla (2020) found significant variation across Head Start 

centers in their success at promoting beneficial parent-child interactions. While all centers were 

effective at increasing parental reading time, they were not as successful in influencing disciplinary 

behaviors. 

Evidence on parental employment outside the home and earnings as a result of access to 

Head Start also exists. Head Start increased short-run labor supply of single mothers (Wikle & 

Wilson, 2021), but it did not increase maternal employment on average (Sabol & Chase-Lansdale, 

2015). Access to Head Start increased maternal education, especially for those mothers who 

already had some college education (Sabol & Chase-Lansdale, 2015). 
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To our knowledge, no published studies have looked at the effect of access to Head Start 

on parental well-being. While some evidence exists that child care in the form of government 

provided pre-school has negative influence on parental stress and well-being (Baker et al., 2008), 

Head Start with its two-generation focus might have different influences on parental well-being. 

Next to quantifying the average effects of Head Start on parental well-being, we are also analyzing 

treatment impact variation using the fixed-intercept, random coefficient method (Sabol et al., 

2022) to see whether some centers are more effective at increasing parental well-being than others. 

Thus, we provide both theoretical contributions to the literature on early care and education and 

parental well-being, as well as use novel methodologies to advance our understanding about 

impact variation. 

Current study 

This study uses data from the Head Start Impact Study, which was a multi-site randomized 

control trial with data collection running between 2002-2006 and a follow-up data collection in 

2008 when children were in grade 3. The study design used oversubscription, and at each center 

randomized families into two groups: one which were offered to enroll in Head Start and one 

control group (Puma et al., 2010a, 2012). This design makes it possible to estimate not just the 

overall average treatment effects pooling information on all centers, but also to analyze variation 

in treatment impact by center. 

The study contributes to the literature on several fronts. First, we examine average intent-

to-treat effects of offering Head Start on parental mental well-being, an outcome that has not been 

rigorously evaluated. We use an intent-to-treat analysis to shed light on average effects. Second, 

we use recent methodologies specifically designed to analyze variation in treatment effects to 

understand variation in effect size across centers. Lastly, we test specific features of Head Start 
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centers chosen based on developmental theory to see which, if any, are associated with impact 

variation. 

Methods 

Data and Sample 

The nationally representative HSIS successfully randomized 4,442 children into treatment 

and control groups in 378 centers. About 60% of the total sample was offered Head Start services. 

The program included newly entering 3- and 4-year-olds in two cohorts (Puma et al., 2010a). We 

restrict the full sample at baseline the following ways. We use parent interviews to get information 

about their health and well-being, so we drop 19.5% of the observations with missing data (n=865) 

in the 2002 parent interview. We keep observations only if the respondent was the biological, 

adoptive, or stepmother, or the father. Overall, we keep 3,436 observations. We run the analyses 

only for mothers, as well, thus we exclude the n=152 fathers. 

When we run our analyses, we further restrict the sample the following way for each 

outcome (following Bloom & Weiland (2015) and O. N. Schochet & Padilla (2021)). We first drop 

observations where the outcome variable is missing. We then calculate for each center the number 

of treatment and control group members, and the percentage of compliers. If a center has no 

compliers, we drop all observations within the center. Number of observations for each outcome 

thus vary. 

Measures 

Mental well-being. We draw measures of well-being from parent interviews at each follow-up 

time point, from the spring parent interviews for years 2003, 2004, 2005, 2006 and at the time of 

the third-grade follow-up, in 2008. We use the fall 2002 parent interview items as the baseline. 
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To measure mental well-being, we use a set of questions that are drawn from the 

questionnaire of the Center for Epidemiologic Studies Depression Scale (CES-D). These questions 

concern how often parents during the past week (1) were bothered by things that usually don’t 

bother them; (2) did not feel like eating, their appetite was poor; (3) felt depressed; (4) felt that 

they could not shake off the blues, even with help from their family and friends; (5) had trouble 

keeping their mind on what they were doing; (6) felt that everything they did was an effort; (7) felt 

fearful; (8) their sleep was restless; (9) they talked less than usual; (10) felt lonely; (11) felt sad; 

(12) they could not get “going”. They could choose from the answers (1) rarely or never; (2) some 

or little; (3) occasionally or moderately; (4) most or all of the time. We follow the HSIS 

recommendation in how to represent these items with a single number. The responses are first 

rescaled so that “refused”, “don’t know”, or “not asked” answers are assigned missing values. 

Then, values between 0-3 are assigned to the categorical answers the following way. Rarely or 

never is 0, some or little is 1, occasionally or moderately is 2, and most or all of the time is 3. Then, 

we sum these values for each variable for each person, and then collapse into four categories. 

Values between 0-4 are assigned 1 (no depressive symptoms), values between 5-9 are assigned 2 

(mild depressive symptoms), values between 10-14 are assigned 3 (moderate depressive 

symptoms), and values between 15-36 are assigned 4 (severe depressive symptoms). If a parent 

did not respond to at least 3 questions of the 12 the overall variable is set to missing.  

Figure 1 shows raw, unadjusted means for treatment and control groups members over time 

for the two outcomes. Overall health seems to be getting worse over time and control groups means 

are above treatment groups means. While overall depression scores are getting lower over time, 

there seems to be no different pattern between the two groups.  
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Treatment status. In models where we estimate average and heterogeneous effects of offering 

Head Start services on parental well-being, we use the indicator of whether a child was assigned 

to the Head Start group or to the control. Thus, we estimate intent-to-treat effects. 

Sample characteristics. Baseline sample characteristics are reported in Tables 1 and 2 for the 

three-, and four-year-old cohorts by treatment and control group status. There are some 

characteristics that are different between the two groups at baseline for the three-year-old cohort, 

but given the large number of characteristics examined, these could be due to chance. The 

treatment group has a higher percentage of parents who show mild depressive symptoms (26.5% 

vs. 22.3% in the control group, t = -2.03), more control group members report to sleep well at night 

(34.15% vs. 29.3% in the treatment group, t = 2.2), and more children have special needs in the 

treatment group (13% vs. 8.7% in the control group t = -2.83). The one characteristic that is 

concerning is the different rate of compliance with the random assignment in the two groups. While 

89.7% complied with the random assignment in the treatment group, 85.7% complied in the control 

group (t = -2.59). The same pattern was observed in the full sample, too, this difference is not due 

to the sample restrictions. There are no statistically significant differences between treatment and 

control groups for the four-year-old sample. 

Parents are on average 29 years old, about a third of them are working full-time and half 

are not working for pay. 75-78% of parents have at most a high school diploma and about a quarter 

gave birth to their first child before their 18th birthday. There are on average 2 adults and 2.6 

children in a household. In terms of race/ethnicity parents were asked to choose the race/ethnicity 

category that best described them. They could choose more than one category. For example, 40% 

of people who identified as white also reported to be Hispanic/Latino (n=689).  In terms of race, 

the majority of the sample reported to be either white or Black. Of the 20% of the sample who are 
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neither white nor Black (n=661), 86% (n=570) reported that they are from “another race” and did 

not list a specific race/ethnicity. 

In terms of income, parents were asked to report their monthly household income. For a 

third of the respondents who did not know what their income was (n=1,031), categorical responses 

for their monthly income ranges were provided to choose from. The categories were (1) less than 

$250; (2) between $251 and $500; (3) between $501 and $1,000; (4) between $1,001 and $1,500; 

(5) between $1,501 and $2,000; (6) between $2,001 and $2,500; (7) over $2,500. We use a random 

value falling in the respective range to have a continuous measure of income for all respondents 

who provided an answer. For category (7) we use the upper bound of $5,000 as the 99th percentile 

of the reported continuous monthly income is $5,000. This way, we have continuous income values 

for n=3,073 respondents. Average monthly household income is $1,400 for the three-year-old 

cohort and $1,500 for the four-year-old cohort. 

About half of the sample reports to have no depressive symptoms at baseline, and a third 

of the sample reports to sleep well. Between 50-58% of people report to have excellent or very 

good health at baseline. 

Program characteristics. Children in the sample are either enrolled in Head Start or another 

program of their choice (if they are in the control group or if they did not end up enrolling in Head 

Start). Interviews were conducted with program directors to gather information about the programs 

themselves. We use some of this information to generate variables to analyze whether any program 

characteristics predict treatment impact variation. The interviews were conducted at several time 

points, and we use the earliest available one, which is spring 2003, as these describe families’ 

experiences in the first year of the program. 
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Program characteristics are reported at the child level. We use the following procedure to 

generate center-level variables. In the center director survey the data are at the child level. There 

is one indicator for the Head Start center where the child initially applied and where the 

randomization happened (“centerID”). There is another indicator for the actual program where the 

child ended up enrolling in ("careID"). Center directors answer questions about the program where 

the child is enrolled (answers are at the "careID" level). However, there is no crosswalk between 

these two variables, so it is not always clear whether the answers apply to the Head Start center or 

to another program where the child enrolled. Even for treatment group compliers there are a few 

cases of where the “centerID” and the “careID” are not unique pairs, which means that more than 

one “careID” can be associated with a specific Head Start center. To overcome this issue, we assign 

the most frequent “careID” associated with a “centerID” as a unique match, and then take the 

average across treatment group compliers to generate the variables of interest for the Head Start 

centers. 

We use the following variables to describe centers. First, we generate measures of program 

structure. These variables include indicators for whether the center provides full-time care, part-

time care, or offers extended hours; the number of hours a center is open; and center capacity. 

To measure family-centered services and supports in a program, we use the list of services 

offered to family members other than children. These services are: (1) income assistance, including 

welfare, SSI, or unemployment insurance; (2) help with medical care; (3) food and nutrition 

assistance, including food stamps and WIC; (4) help with housing; (5) help with utilities (water, 

heat, electric, telephone); (6) adult education/literacy; (7) job training and employment assistance; 

(8) alcohol or drug abuse treatment or counseling; (9) family counseling or mental health services; 

(10) help dealing with family violence; (11) foster care payments; (12) any other service. We sort 
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these items into two domains that can be related to improving family and child outcomes based on 

prior research (Sabol et al., 2018). These two domains are (1) family support services (items 1, 2, 

3, 4, 5, 8, 9, 10, 11); and (2) education, career, and assets (items 6 and 7). We created a measure 

of breadth: how many of these 2 domains centers provide services from; and a measure of depth: 

how many sub-services they provide regardless of domain (out of the possible 11). 

Lastly, we generate variables that describe family demographics in each center. We take 

the average across all treatment compliers for these measures. We use family income; 

race/ethnicity (percentage white, percentage Black, percentage Hispanic/Latino); and percentage 

of children who are English language learners. We infer that a child is an English language learner 

if the language spoken in the home is Spanish. 

Analytic plan 

The set-up of the Head Start Impact Study, the randomization of families within centers, 

makes it possible to study not just the average effect of offering Head Start services, but also the 

variation in the average treatment effect across Head Start centers. Since there are both treatment 

and control families in each center, we can treat each center as its own mini-randomized control 

trial, and estimate treatment impacts for each (Sabol et al., 2022). We use a fixed intercept, random 

coefficient (FIRC) model, which is a hierarchical linear modeling technique (HLM) where an 

indicator variable is included for each center (this is the fixed intercept) and random effects are 

used to estimate the site-specific treatment impact (Bloom et al., 2017; Bloom & Weiland, 2015). 

Including center-fixed effects eliminates bias that arises due to the fact that there is variation across 

Head Start centers in the proportion of families who are assigned to treatment or control conditions 

(Bloom & Weiland, 2015). In order to have sufficient power to detect variations in treatment 

effects we need to have enough treatment and control group members in each center (Sabol et al., 
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2022). For the three-year-old cohort there are on average 10.4 children per center, and for the four-

year-old cohort there are on average 10.7 children in each center. We also investigate whether 

specific characteristics of centers (e.g. whether they offer family support services or extended care 

hours) predict differences in treatment impact.   

We use a two-level model that nests parents (level 1) in Head Start centers (level 2) where 

they initially applied for child care. More specifically, we estimate the following model to assess 

average treatment effect and variation in this effect for both cohorts separately: 

Level 1: Parents 

𝑌𝑖𝑗 =  𝛼𝑗 +  𝛽𝑗𝑇𝑖𝑗 +  ∑ 𝜋𝑚𝑊𝑚𝑖𝑗 +  𝜐𝑖𝑗

𝑀

𝑚=1

 

Level 2: Head Start centers 

𝛼𝑗 =  𝛼𝑗  

𝛽𝑗 =  𝛽0 + 𝑢𝑗 , 𝑢𝑗  ~ 𝑁(0, 𝜏𝛽
2) 

At level 1, 𝑌𝑖𝑗  represents the outcomes of interest for parent 𝑖 in Head Start center 𝑗; 𝛼𝑗 indexes a 

series of indicator variables for each Head Start center 𝑗; 𝑇𝑖𝑗 is an indicator variable for the random 

assignment status; 𝑊𝑚𝑖𝑗 is the matrix of covariates at baseline (indicator variables for whether the 

parent is female, white, Black, Hispanic, or of another race/ethnicity, whether the parent is foreign 

born, imputed family income, indicator variables for the highest level of education is less than high 

school, high school diploma, some college, or at least a bachelor’s degree, whether the parent is 

married, whether they are in good health, and baseline CES-D score in 2002). 𝜐𝑖𝑗 is the error term 

which varies independently across parents and has a mean of zero and separate variances for 
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treatment (𝜏𝑇
2) and control group (𝜏𝐶

2)  members. These separate individual variances across 

treatment group status are important because the it is possible that the Head Start program effects 

vary across individuals within a center, in which case outcome variance for treatment group 

members would be different than outcome variance for control group members (Bloom et al., 

2017).  At level 2, 𝛽𝑗 is the random slope that represents the average treatment effect in Head Start 

center 𝑗, which is the linear combination of 𝛽0, the mean of all the center-specific mean effects, 

and a random error 𝑢𝑗 , which varies across sites and has a mean of 0 and variance of 𝜏𝛽
2. 

Our estimands of interest are 𝛽0, the average treatment effect across all centers and 𝜏𝛽
2, the 

standard deviation of the distribution of the site-specific treatment effects. Larger values of 𝜏𝛽
2 

would mean a greater variation in the effect of offering Head Start services to parents across centers 

(Sabol et al., 2022). 

We also test whether the estimated variation in treatment effects is significantly different 

from 0 with specifying the null hypothesis that 𝜏𝛽
2 = 0. We compute a Q-statistic, which is used 

in meta-analysis to test whether cross-study impact variation is zero (Hedges & Olkin, 2014). We 

follow the method outlined in Bloom et al. (2017) to calculate the Q-statistic, which approximates 

a chi-square distribution with j-1 degrees of freedom, which we can use to test statistical 

significance. 

We conduct the analyses separately for the three-year-old and the four-year-old cohort, 

because initial random assignment was done separately for the two cohorts and baseline 

demographic characteristics are different between the two groups (Puma et al., 2010b). 

To assess whether center characteristics predict treatment impact variation, in a second set 

of analyses we include interaction terms between the treatment variable and the center 
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characteristic in the Level 2 (Head Start center) equations. Center-level characteristics are indexed 

with 𝑃𝑗 in the below equation. 

Level 1: Parents 

𝑌𝑖𝑗 =  𝛼𝑗 +  𝛽𝑗𝑇𝑖𝑗 +  ∑ 𝜋𝑚𝑊𝑚𝑖𝑗 +  𝜐𝑖𝑗

𝑀

𝑚=1

 

Level 2: Head Start centers 

𝛼𝑗 =  𝛼𝑗  

𝛽𝑗 =  𝛽0 + 𝛽1𝑃𝑗 +  𝑢𝑗 , 𝑢𝑗  ~ 𝑁(0, 𝜏𝛽
2) 

For each of the center-level characteristics (full-time care, part-day program, number of 

hours open in a week, capacity, whether the center is at full capacity, breadth of services, depth of 

services, average family income, percentage white families, percentage Black families, percentage 

Hispanic families, percentage families of other race, percentage of children who are English 

language learners) we run separate regressions. 

Results 

Effects of offering Head Start on mental health 

Results on the average treatment effects of access to Head Start on parental mental health outcomes 

are presented in Table 2. Random assignment to Head Start reduced mental health by 0.08 points 

on a 4-point scale in 2003 in the three-year-old cohort (one year after being offered Head Start), 

however, this result was not statistically significantly different from zero (p=0.141). Similarly, at 

each follow-up time (in 2004, 2005, 2006, and 2008) the point estimates were negative and not 
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statistically significant. For the four-year-old cohort, the magnitude of the coefficients was very 

small and they were all statistically non-significant. For example, the estimated coefficient was -

0.008 one year after being enrolled in Head Start, with a p-value of 0.89. 

Outcomes did not vary significantly across centers. While the standard deviation of the 

distribution of the site-specific treatment effect (√𝜏𝛽
2) was 0.23 for the three-year-old cohort one 

year after randomization, it was not statistically significantly different from zero (Q-

statistic=250.58, p=0.978). Even though their variation is not significantly different from zero, we 

computed and graphed the site-specific treatment effects. These site-specific treatment effects 

were computed using the random effects estimates produced by the regression specified in the 

Analytic plan section. These random effects estimates were then adjusted (multiplied) by the 

estimated variance of the predicted random effects. Figure 2, panel A shows the histogram of the 

site-specific treatment effects. The histogram shows that the large majority of the centers had a 

predicted zero effect on parental mental health. While some centers reached an estimated 1-point 

reduction or a 1-point increase in the depression scale measure, this may have just been due to 

estimation error. For each follow-up year, 𝜏𝛽
2’s were less than 0.001, which indicated no variation 

in effects across centers. It was not possible to produce histograms of these effects as they are all 

very close to zero. 

For the four-year-old cohort, the standard deviation of the site-specific treatment effect one 

year after randomization was 0.12, and 0.192 two years after randomization, but these were not 

statistically significantly different from zero. Figure 2, panels B and C show histograms for the 

site-specific treatment effects. In 2005 and 2008 𝜏𝛽
2 was smaller than 0.001. 
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Variation by center characteristics 

To predict treatment impact based on center characteristics, we used a set of variables 

describing structural aspects of Head Start centers (indicator variables for whether the center 

provides full-time care, whether the center has a part-day program, the number of hours the center 

is open in a week, capacity, whether the center is at full capacity); measures of family engagement 

and support services (breadth of services – how many domains they provides services from where 

the domains are (1) family support services and (2) education, career, and assets; and depth of 

services – the number of domains they provide services for from a total of 11). We also used a set 

of family demographic characteristics at the center (average family income, percentage white 

families, percentage Black families, percentage Hispanic families, percentage families of other 

race, percentage of children who are English language learners). We found that none of these 

center characteristics predicted parental mental health outcomes. Table 3 presents regression 

coefficients on the interaction term between the treatment variable and the center characteristic 

under consideration. None of them are statistically significantly different from zero. 

Discussion 

A large body of research examines the effects of Head Start on child outcomes, but we know much 

less about how Head Start contributes to the well-being of other family members, like parents. 

This study aimed to inform our understanding about whether offering families Head Start could 

ameliorate parental mental health. We found no statistically significant average treatment effect of 

offering Head Start on parental depression. Furthermore, we found that there was no variation in 

treatment impacts across Head Start centers. No centers contributed to parental mental health more 

than others either in the positive or the negative direction. Overall, we also found that no center 
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characteristic considered in this study moderated treatment impacts on parental mental health 

outcomes. 

There are several potential reasons for the overall null results of our study, which provide 

avenues for future research. The first one could be theoretical. Ecological systems theory posits 

that families’ contexts, including early childhood education centers and the larger policy 

environment around child and family support, matters for human development (Bronfenbrenner & 

Morris, 2006). Family stress theory posits that instability in families’ lives including economic 

hardship or lack of adequate child care can lead to parental stress and negatively impact mental 

well-being, which can in turn negatively influence parent-child interactions (Conger & Elder, 

1994; Yeung et al., 2002). Stress biology provides the biological underpinnings of how repeated 

social stressors can “get under the skin” and influence health and well-being (Adam et al., 2017; 

Sapolsky, 2004; Seeman et al., 2010). Based on these theories we hypothesized that providing free, 

high-quality child care to low-income families is going to ameliorate parental mental health. 

Potentially, stressors around child care are relatively small in families’ lives, or they may not be 

persistent. Future research could build theories that incorporate smaller or not persistent stressors 

and how they might contribute to parental mental well-being. 

A second potential explanation for the null findings could be measurement-related. We 

used the only available parental mental health measure in the Head Start Impact Study, the Center 

for Epidemiologic Studies Depression Scale (CES-D), which is a clinical depression measure 

collected once per year. Items that are more suitable to measure short-term changes in parental 

stress levels could be more appropriate. Annual scales may not be able to pick up changes in 

parental stress levels related to child care. More frequent data collection would be a useful addition 

in future studies about the effects of child care on parental mental health. 
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Third, in this paper we only consider intent-to-treat effects. The counterfactual child care 

arrangements of participants of the Head Start Impact Study may have been similar in terms of 

mitigating parental stress around child care concerns. 60% of control-group children were also 

enrolled in center-based care (Puma et al., 2010a). Exploring treatment-on-the-treated might shed 

light on some aspects of Head Start programs that can contribute to parental mental health. 

Conclusion 

We explored whether providing free, high-quality early childhood education improves 

parental mental health. We did not find any effects on average on parental mental health. Our 

study’s strength is not just the theoretical contribution on how early childhood education programs 

can contribute to the well-being of family members other than children. We also use robust and 

novel methods to test whether there is variation in treatment impact across child care centers. Our 

estimates from the random coefficient, fixed intercept (FIRC) approach show no statistically 

significant differences in impacts across centers. Furthermore, using moderation analyses, we also 

explore whether center characteristics, like structural factors and family support services provided, 

predict variation in treatment effects. We find that none of these characteristics predict variation. 

These null results may not mean that early childhood education cannot contribute to the 

well-being of family members other than children. The study uses data from the Head Start Impact 

Study, and the sample includes low-income and largely marginalized members of the society. 

Economic hardship and other stressors may be very salient in families’ lives and access to child 

care may not be enough support to ameliorate parental mental health. 
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Chapter 3 – Tables 

Table 3.1: Summary statistics and balance test 

A. Three-year-old cohort 

 Treatment Control Difference 

 Mean (sd) Mean (sd) t-stat/p-val 

Complier 89.69 85.73 -2.59** 

 (30.42) (35.00) 0.01 

Parent female 95.18 96.43 1.29 

 (21.43) (18.56) 0.20 

Hispanic/Latino 33.44 32.33 -0.50 

 (47.20) (46.81) 0.62 

White 44.58 48.56 1.68 

 (49.73) (50.02) 0.09 

Black/African American 38.27 35.20 -1.33 

 (48.62) (47.79) 0.18 

Another race 16.48 14.66 -1.05 

 (37.12) (35.39) 0.29 

Not born in USA 26.73 28.57 0.87 

 (44.27) (45.21) 0.38 

Works full-time 34.64 33.09 -0.68 

 (47.60) (47.09) 0.49 

Works part-time 16.28 16.48 0.11 

 (36.93) (37.12) 0.91 

Does not work for pay 49.00 50.36 0.57 

 (50.01) (50.03) 0.57 

Less than high school 32.03 35.43 1.52 

 (46.68) (47.86) 0.13 

High school diploma 43.04 40.29 -1.17 

 (49.53) (49.08) 0.24 

Some college 21.27 20.57 -0.36 

 (40.94) (40.45) 0.72 

College or more 3.67 3.71 0.05 

 (18.81) (18.92) 0.96 

Parent age 28.89 28.57 -1.08 

 (6.25) (6.03) 0.28 

Income 1423.78 1401.21 -0.45 

 (1004.20) (976.17) 0.65 

Parents married 43.19 45.06 0.79 

 (49.55) (49.79) 0.43 

Age at first birth <18 24.54 24.71 0.08 

 (43.05) (43.17) 0.93 
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Number of children 2.63 2.61 -0.27 

 (1.32) (1.27) 0.79 

Number of adults 2.04 2.11 1.50 

 (0.97) (1.05) 0.13 

Number of adult earners 1.6 1.66 1.61 

 (0.72) (0.86) 0.11 

CES-D score (0-36) 5.96 5.64 -1.10 

 (6.29) (6.15) 0.27 

Not depressed 51.71 55.97 1.79 

 (49.99) (49.68) 0.07 

Mild depression 26.48 22.30 -2.03* 

 (44.14) (41.66) 0.04 

Moderate depression 12.70 13.09 0.25 

 (33.31) (33.76) 0.80 

Severe depression 9.11 8.63 -0.35 

 (28.78) (28.11) 0.73 

Sleeps well 29.29 34.15 2.20* 

 (45.53) (47.45) 0.03 

Health excellent/very good 58.78 58.00 -0.33 

 (49.24) (49.39) 0.74 

Child female 51.54 51.07 -0.20 

 (50.00) (50.02) 0.84 

Child is English language learner 22.98 

(42.09) 

22.42 

(41.74) 

-0.27 

0.79 

Child has special needs 12.97 8.70 -2.83** 

 (33.61) (28.21) 0.00 

Observations 1203 701 1904 
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B. Four-year-old cohort 

 Treatment Control Difference 

 Mean (sd) Mean (sd) t-stat /p-val 

Complier 85.70 87.63 1.07 

 (35.03) (32.95) 0.29 

Parent female 95.62 95.30 -0.29 

 (20.48) (21.19) 0.77 

Hispanic/Latino 42.42 43.11 0.26 

 (49.45) (49.57) 0.79 

White 54.84 56.16 0.50 

 (49.79) (49.66) 0.62 

Black/African American 22.84 22.71 -0.06 

 (42.00) (41.93) 0.95 

Another race 20.63 20.60 -0.02 

 (40.49) (40.48) 0.99 

Not born in USA 38.87 38.74 -0.05 

 (48.77) (48.76) 0.96 

Works full-time 33.33 32.98 -0.14 

 (47.17) (47.06) 0.89 

Works part-time 13.90 16.06 1.15 

 (34.61) (36.74) 0.25 

Does not work for pay 52.77 50.87 -0.72 

 (49.95) (50.04) 0.47 

Less than high school 41.00 42.66 0.63 

 (49.21) (49.50) 0.53 

High school diploma 37.03 36.71 -0.12 

 (48.31) (48.24) 0.90 

Some college 17.26 16.61 -0.33 

 (37.81) (37.25) 0.74 

College or more 4.71 4.02 -0.63 

 (21.19) (19.66) 0.53 

Parent age 29.69 29.58 -0.33 

 (6.29) (6.22) 0.74 

Income 1495.33 1509.94 0.26 

 (965.53) (1074.29) 0.80 

Parents married 46.27 49.13 1.08 

 (49.89) (50.04) 0.28 

Age at first birth <18 24.32 25.61 0.57 

 (42.92) (43.69) 0.57 

Number of children 2.68 2.65 -0.37 

 (1.30) (1.28) 0.71 

Number of adults 2.15 2.15 0.15 
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 (1.06) (1.00) 0.88 

Number of adult ear-ners 1.62 1.60 -0.30 

 (0.77) (0.77) 0.76 

CES-D score (0-36) 6.32 6.02 -0.85 

 (6.87) (6.36) 0.40 

Not depressed 50.21 50.87 0.25 

 (50.03) (50.04) 0.80 

Mild depression 26.26 26.57 0.13 

 (44.03) (44.21) 0.89 

Moderate depression 13.34 11.89 -0.82 

 (34.02) (32.39) 0.41 

Severe depression 10.19 10.66 0.29 

 (30.27) (30.89) 0.77 

Sleeps well 32.67 32.52 -0.06 

 (46.92) (46.89) 0.95 

Health excellent/very good 55.50 52.18 -1.26 

 (49.72) (50.00) 0.21 

Child female 48.96 49.48 0.20 

 (50.02) (50.04) 0.84 

Child is English language learner 33.78 

(47.32) 

32.4 

(46.84) 

-0.54 

0.59 

Child has special needs 14.20 12.02 -1.21 

 (34.92) (32.55) 0.23 

Observations 958 574 1532 
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Table 3.2: FIRC model estimates of the effect of offering Head Start services to families on 

parental mental health 

Panel A: Three-year-old cohort 

 CES 2003 CES 2004 CES 2005 CES 2006 CES 2008 

ATE (s.e.) 

-0.084 

(0.057) 

-0.057 

(0.055) 

-0.0087 

(0.051) 

-0.07 

(0.050) 

-0.021 

(0.052) 

p-value 0.141 0.304 0.865 0.166 0.689 

√𝜏𝛽
2̂ 0.23 <0.001 <0.001 <0.001 <0.001 

Q-stat 250.58 219.01 244.38 193.62 190.33 

p-value of Q-

stat 0.978 0.999 0.994 0.999 0.999 

N individuals 1463 1454 1465 1443 1390 

N centers 290 292 295 287 287 

 

Panel B: Four-year-old cohort 

 CES 2003 CES 2004 CES 2005 CES 2008 

ATE (s.e.) 

-0.008 

(0.056) 

0.016 

(0.062) 0.06 (0.059) 

0.059 

(0.06) 

p-value 0.89 0.794 0.312 0.33 

√𝜏𝛽
2̂ 0.12 0.195 <0.001 <0.001 

Q-stat 127.95 190.12 140.16 134.72 

p-value of Q-

stat 1 0.999 1 1 

N individuals 1218 1172 1190 1131 

N centers 257 257 255 250 

Notes: Table shows estimates of average treatment effects and the standard deviation of the site-

specific treatment effects using the fixed-intercept, random coefficient method. Each column 

represents a separate regression. Sample includes parents who had non-missing CES-D depression 

scores at baseline in 2002, and non-missing CES-D depression scores in the indicated follow-up 

year. Centers where compliance was zero are excluded.  
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Table 3.3: Impact of access to Head Start on parental mental health moderated by center 

characteristics 

Outcome variable: CES-D 2003 

  

Three-

year-old 

cohort 

Four-year-

old cohort 

Structural factors   

Treatment*Full-day program 
-0.147 

(0.122) 

0.037 

(0.115) 

Treatment*Part-day program 
0.042 

(0.122) 

0.180 

(0.135) 

Treatment*Center hours 
-0.005 

(0.005) 

0.001 

(0.004) 

Treatment*Capacity 
-0.001 

(0.001) 

-0.008 

(0.001) 

Treatment*Center at full capacity 
0.117 

(0.119) 

-0.027 

(0.116) 

Family support services  

Treatment*Breadth 
-0.006 

(0.016) 

0.005 

(0.015) 

Treatment*Depth 
-0.094 

(0.104) 

0.099 

(0.095) 

Family demographic characteristics   

Treatment*Average family income 
0.000 

(0.000) 

0.000 

(0.000) 

Treatment*Percent Black 
-0.049 

(0.142) 

-0.276 

(0.168) 

Treatment*Percent white 
0.081 

(0.145) 

0.249 

(0.152) 

Treatment*Percent Hispanic 
-0.058 

(0.149) 

0.104 

(0.142) 

Treatment*Percent other race/ethnicity 
-0.138 

(0.240) 

-0.103 

(0.207) 

Treatment*English language learners 
-0.137 

(0.187) 

0.054 

(0.160) 

Notes: Each cell represents the coefficient on the interaction term, which is the result of estimating 

a separate fixed intercepts, random coefficient (FIRC) model. All models control for parent 

demographic variables outlined in the Methods section. Parentheses contain standard errors. 

To measure family-centered services and supports in a program, we use the list of 11 potential 

services offered to family members other than children. We sort these 11 items into two domains. 

Breadth is defined as the number of domains (out of 2) that are covered by a center, and depth is 

the number of items covered (out of 11). 
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Chapter 3 – Figures 

Figure 3.1: Graphs of outcomes over time for Treatment and Control group members, unadjusted 

 

Notes: These graphs show the unadjusted means of the CES depression scale over time for both 

cohorts across treatment status. The scale is constructed the following way: parental categorical 

responses for individual items are assigned values (1->0, 2->1, 3->2, 4->3), which are then 

summed and collapsed into 4 categories: 0-4 = 1, 5-9 = 2, 10-14 = 3, 15-36 = 4. The graphs show 

the mean across all respondents. 
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Figure 3.2: Adjusted site-specific treatment effect estimates of offering Head Start on mental 

health 

Panel A: Three-year-old cohort, one year after randomization 

 

Panel B: Four-year-old cohort, one year after randomization 

 

Panel C: Four-year-old cohort, two years after randomization 

  

Notes: Histograms show adjusted empirical Bayes estimates of random treatment effects predicted 

from fixed intercept, random coefficient models for each outcome separately. 
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Conclusion 

This dissertation explored two primary policies that are important tools for societies to 

support families with young children: parental leave, and early care and education. While there are 

large bodies of research on the average effects of these policies across a wide range of countries 

(for reviews see e.g. E. Cascio, 2021; Morrissey, 2017c; Rossin-Slater, 2018), we know much less 

about how these policies operate within countries by characteristics of families and child care 

programs. In this dissertation I explored paid leave and early care and education policies in two 

countries, Germany and the United States, and examined how these policies influence families 

from different socio-economic backgrounds. The results of these analyses can inform future public 

investments into families with young children.  

Study 1 of this dissertation documented maternal wage dynamics around childbirth in 

Germany. I documented a 53% decrease in mothers’ monthly wages one year after childbirth 

compared to their earnings in the year right before childbirth. These low post-birth wages were 

persistent, they were still 23% less 10 years after childbirth than what they were before having 

children. Women with high and low education levels have similar dynamics, although women with 

low education experience a smaller drop in their earnings in percentage terms than women with 

high education. A parental leave policy change in 2007 aimed to increase female labor force 

attachment (Huebener et al., 2016). It affected high- and low-income women differently by design. 

Lower-income women were worse off under the new policy as their length of transfer receipt was 

cut in half. Higher-income women were better off as they received higher transfers for a longer 

time period. I found that the policy had no effect on high-income mothers’ post-birth wages or on 

the length of leave-taking. They seem to have behaved similarly on the labor market under both 
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regimes. Lower-income women responded to the policy change: they returned to work earlier and 

had higher post-birth earnings under the new regime. 

Even if the response of women with low education was in line with the policy incentives, 

it is not clear whether the policy made families better or worse off. The decision of how much 

market work, housework, and child care to provide after children arrive depends on many factors 

including personal preferences, social norms, as well as institutional, financial, and time 

constraints. Constraints are easier to measure as it is possible to map the policy environment, see 

income information in administrative datasets, and there are only 24 hours during a day. Parental 

preferences about staying home versus returning to the labor force, especially by socio-economic 

background, are not salient. An imperfect measure of preferences are items in surveys that ask 

participants about values. Musick et al (2020) report that 59% of German women without a college 

education agree with the statement that pre-school-aged children likely suffer when their parents 

work, while only 39% of women do. This indicates that mothers with lower levels of education 

might have stronger preferences to stay home when their children are young. This fact, along with 

the reduction of transfer-receipt to lower-income families, may not off-set the increase in transfer 

amount and the gains in income that result from higher post-birth wages. The policy likely made 

lower-income families worse off. As higher-income families did not change their behavior as a 

response to the policy change, but they received on average higher transfers for a longer time 

period, the policy change most likely made these families better off. Thus, the policy likely 

increased inequalities between families. 

Parents are only able to work outside the home if they have non-parental child care 

available. Access to early care and education is a concept that often comes up in policy discussions 

and increasing access to early care and education has been on the policy agenda in many countries, 
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including the United States. Access is a multi-dimensional concept measured by different 

indicators (Friese et al., 2017). In the second study of this dissertation, I investigated access by 

using two different indicators: distance traveled for care and the number of child care programs 

within a geographic area. I showed that families living in the lowest- and the highest-income areas 

have better access to child care than families living in areas in the middle of the income 

distribution. These findings bring attention to the fact that next to continued support for the most 

disadvantaged communities policy efforts should also focus on middle-income families. To 

illustrate this point further, consider child care costs. Families with a monthly household income 

less than 200 percent of the poverty line pay 35% of their income on child care on average, but 

middle-class families also pay 10-14%, which is almost twice as high as deemed “affordable” by 

the U.S. Department of Health and Human Services (Malik, 2019). Thus, investments into the 

child care sector should also target middle-class families. 

Early care and education is one of the most important contexts for families with young 

children. Next to the potential of providing a conducive environment for child development, it also 

contributes to the well-being of the whole family (Phillips et al., 2017; Teti et al., 2017) and is an 

important part of the social safety net (Small, 2006b). Even when parents have access to child care, 

everyday logistics and the financial burden associated with paying for it can be significant for 

families (Malik, 2019; L. Schochet, 2019). Public provision of child care might alleviate some of 

these stressors and contribute to family well-being. Study 3 of this dissertation tested this 

hypothesis by using family stress theory and a novel empirical method to explore whether 

providing free, high-quality pre-school improves parental mental health. We used data from the 

Head Start Impact Study and did not find any effects on average on parental mental health. We 

also found no statistically significant differences in impacts of offering Head Start to families on 
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parental mental health across centers. Furthermore, using moderation analyses, we also explored 

whether center characteristics, like structural factors and family support services provided, 

predicted variation in treatment effects. None of these characteristics predicted treatment effects.  

These null results do not necessarily mean that early childhood education cannot 

contribute to the well-being of family members other than children. The analytic sample in the 

study included low-income and marginalized members of the American society. Economic 

hardship and other stressors may be very salient in families’ lives and access to child care may not 

be enough support to ameliorate parental mental health. Continued investments into early care and 

education and a focus on aspects of programs that parents need stays a vital policy tool to help 

families and children to reach their full potential. 
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