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Abstract 

This paper evaluates the impacts of unpaid maternity leave provisions of the 1993 Family 

and Medical Leave Act (FMLA) on children’s birth and infant health outcomes in the United 

States. My identification strategy uses variation in pre-FMLA maternity leave policies across 

states and variation in which firms are covered by FMLA provisions. Using Vital Statistics data 

and difference-in-difference-in-difference methodology, I find that maternity leave led to small 

increases in birth weight, decreases in the likelihood of a premature birth, and substantial 

decreases in infant mortality for children of college-educated and married mothers, who were 

most able to take advantage of unpaid leave. My results are robust to the inclusion of numerous 

controls for maternal, child, and county characteristics, state and year fixed effects, and state-

year interactions, as well as across several different specifications.  
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I. Introduction 

 

Maternity leave policies are designed to address the challenges faced by working mothers 

and their newborn children. Before 1993, only thirteen U.S. states and Washington, D.C. had 

enacted maternity leave provisions, which enable women to take time off during pregnancy and 

the first months of their child’s infancy while maintaining their health insurance and their right to 

resume work at the conclusion of the leave. The length of leave varied between six and sixteen 

weeks, and was unpaid except for some women in a few states, who received about half-pay with 

a benefit cap
1
. In 1993, President Bill Clinton signed into law the Family and Medical Leave Act 

(FMLA), which mandated a minimum of twelve weeks of unpaid maternity leave for the slightly 

more than half of working women who were eligible. Since 1993, only California (in 2004) and 

New Jersey (in 2008) have mandated paid maternity leave, so by law the vast majority of eligible 

working women are only entitled to unpaid maternity leave.
2
 In this study, I measure how unpaid 

maternity leave affected children’s outcomes at birth and infancy, and whether this policy has 

differential impacts on children from different socio-economic backgrounds. This is the first 

study to analyze the causal effects of the existing maternity leave provisions on children in the 

United States.  

There are several mechanisms through which unpaid maternity leave may exert opposing 

impacts on child outcomes. The guarantee of maternity leave may reduce maternal stress during 

                                                 
1
 After the 1978 Pregnancy Discrimination Act, five states (Rhode Island, California, New 

Jersey, New York, and Hawaii) allowed women to take up to 6 weeks of paid leave to recover 

from childbirth through the Temporary Disability Insurance system.  
2
 Washington was planning to enact the Family Leave Insurance, which would provide 5 weeks 

of paid leave to new parents, in October 2009. However, due to state budget shortfalls, the 

program has been postponed to October 2012.  
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pregnancy. However, if a woman is forced to work more hours during pregnancy than she 

otherwise would have in order to qualify for the leave, then her stress level may be heightened. 

Given that stress during pregnancy adversely impacts birth outcomes (Copper et al. (1996)), the 

net effects of maternity leave on birth outcomes are theoretically ambiguous. After birth, 

maternity leave may affect the amount of time a child spends with his mother rather than in non-

maternal care. Maternity leave will also affect the quality of time the child spends with the 

mother, depending on changes to her stress level and her satisfaction with the trajectory of her 

career. The quantity and quality of time a mother spends with her child in his first year of life 

matter for the child’s well-being (Berger, Hill and Waldfogel (2005); Baum (2003)). For 

example, a mother may have more time to take care of her ill child, to breastfeed, or to seek 

prompt medical care when she is able to take time off work. Further, the effect of maternal time 

depends on the quality of non-maternal care relative to the quality of maternal time. There exists 

substantial variation in the quality levels of non-parental care options available for children of 

working parents in the U.S., and the quality level plays an important role in child development 

(Lefebvre, Merrigan and Verstraete (2006), Loeb et al. (2007), Gormley Jr. and Gayer (2006)). 

Finally, unpaid maternity leave may exert an effect on the mother’s income and therefore the 

family’s material resources available for child rearing. Hence, not all new mothers may be able 

to take advantage of unpaid leave, and it may have different implications for the welfare of 

children depending on whether they grow up in low-income and low-educated one-parent 

households or high-income and high-educated two-parent households, as these families likely 

face different constraints.  

I examine the effects of unpaid maternity leave due to FMLA on birth outcomes and 

infant mortality rates using Vital Statistics natality and mortality data in difference-in-difference 
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(DD) and difference-in-difference-in-difference (DDD) frameworks. My identification strategy 

relies on the facts that some states enacted maternity leave policies prior to FMLA, and that 

FMLA eligibility rules only apply to women who work in firms with 50 or more employees. 

Women employed by firms with fewer than 50 employees, and women living in states that had 

maternity leave prior to FMLA should not be affected by the policy, and can serve as a 

comparison group. Unfortunately, there does not exist a dataset that combines information on 

mother’s firm size and children’s outcomes during the relevant time period. To approximate 

maternity leave eligibility based on firm size, I use data from the County Business Patterns 

(CBP) for 1989—1997 to estimate the likelihood that a resident of a particular county is 

employed in a firm with 50 or more employees in each year. I link this information to the Vital 

Statistics data by county and year, and then split the sample into likely eligible and likely 

ineligible mothers. I compare the likely eligible and likely ineligible groups before and after 

FMLA and across states. I also conduct sub-sample analysis on children of college-educated and 

married mothers and children of less-educated and single mothers to test my theoretical 

predictions.  

 My results suggest that unpaid maternity leave due to FMLA led to small improvements 

in birth outcomes and substantial reductions in infant mortality rates for children of college-

educated and married mothers, and had much smaller or non-existent effects on children of less-

educated and single mothers. I also find effects on parity at birth that indicate that more 

previously childless women gave birth, while fewer women had later parity births. The effects on 

parity are especially present for the less-educated and single mothers, suggesting that these 

women were most constrained in their childbearing ability before a guarantee of maternity leave. 

However, given that these women are more likely to be low-income, the lack of effects on their 
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children’s health suggests that they could not afford to take the full twelve weeks of unpaid 

leave
3
. Further, the results on parity imply that any favorable effects of FMLA may be slightly 

understated, given that higher-parity children are likely to have better health at birth (Gluckman 

and Hanson (2005)). I find no consistent effects on risk factors or complications during 

pregnancy or at birth or on overall fertility. My findings of larger effects on infant mortality rates 

than on health at birth for children of college-educated and married mothers suggest that the 

effects of FMLA are concentrated on the care of children after birth.  

 My results are robust to a number of different specifications that especially test the 

validity of the eligibility approximation. Further, the robustness checks suggest that the results 

are not driven by differential selection into motherhood based on observable characteristics or by 

changes to county-level firm size distributions. Additionally, the magnitudes of the effects on 

parity are too small to produce substantial selection bias in the main results on infant mortality, 

suggesting that FMLA truly affected the likelihood of survival in infancy for children of mothers 

who were likely eligible for and able to take the full length of leave.  

 Recent studies on the effects of maternity leave policies in Canada (Baker and Milligan 

(2010)), Germany (Dustmann and Schönberg (2008)), and Sweden (Liu and Skans (2010)) find 

no effects on children’s outcomes at various ages throughout their lives. However, the effect of 

U.S. maternity leave policies on children has not been previously examined, and my findings 

suggest that the institutions and available alternatives where these policies are enacted can 

determine the degree of their effectiveness. Additionally, a recent study on the long-term effects 

of a maternity leave expansion in Norway finds that children of mothers who were eligible for 

the leave (and thus likely affected by the expansions) are less likely to drop out of high school 

                                                 
3
 Han, Ruhm and Waldfogel (2009) find that college-educated and married women take more 

maternity leave than less-educated and single women in the U.S.  
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(Carneiro et al. (2010)). Thus, properly accounting for eligibility is important for identifying 

effects of maternity leave. 

The paper proceeds as follows. Section II discusses FMLA. Section III reviews the 

relevant background literature. Section IV describes the data. Section V discusses the empirical 

methods and presents summary statistics. Section VI presents the results on the effects of unpaid 

maternity leave. Section VII presents some robustness checks. Finally, section VIII concludes.  

II. The Family and Medical Leave Act of 1993 

FMLA affected the lives of women as mothers and workers by being the first federal law 

to grant unpaid maternity leave to women in every state in the U.S. Signed in January of 1993, 

the law actually went into effect on August 5, 1993. The federal government mandated that all 

eligible new mothers receive 12 weeks of unpaid leave with guaranteed health insurance 

coverage.
 4

 Eligibility requirements include having worked for at least 1,250 hours in the past 12 

months for an employer with at least 50 employees, and approximately half of all private sector 

workers are estimated to be eligible for leave under FMLA (Han, Ruhm, and Waldfogel (2009), 

Ruhm (1997))
 5

. As a result of FMLA, the share of full-time workers employed by firms with 

more than 100 employees that were covered by leave policies rose from 35% in 1988 to 86% in 

1995, while the share of full-time workers in firms with less than 100 employees covered by 

leave policies rose from 19% in 1990 to 47% in 1995 (Waldfogel (1999)).  

The link between FMLA and child outcomes relies on the assumption that FMLA 

actually increased maternity leave-taking among women with infants. There is evidence that 

supports this assertion: in medium-sized firms, leave-taking increased by 23% due to FMLA for 

                                                 
4
 Women are free to take the leave during their pregnancy and/or after childbirth. 

5
 FMLA also provides unpaid leave for medical reasons and to take care of ill family members 

for male and female workers. 
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women with children under age 1 (Waldfogel (1999)). Other research shows that women took 

about 6 more weeks of unpaid leave due to FMLA (Ross (1998)). In more recent work, Han, 

Ruhm and Waldfogel (2009) find that US maternity leave policies are associated with a 13% 

increase in maternal leave-taking during the birth month, 16% increase during the month after 

birth, and a marginally significant 20% increase during the second month after birth. Further, 

they find that these policies only had an effect on leave-taking for college-educated and married 

mothers, and had no effect for less-educated and single mothers. 

III.  Background Literature 

Much of the existing literature on effects of parental leave policies on childhood 

outcomes is somewhat limited in scope and suffers from endogeneity concerns arising in cross-

sectional and cross-country regression methods. Several of such studies suggest a significant 

negative association between parental leave and post-neonatal mortality, as well as child 

mortality between ages one and five in European countries (Ruhm (2000), Tanaka (2005)).  

Three more recent studies use plausibly exogenous policy changes to identify the effects of 

maternity leave polices on children. Baker and Milligan (2010) find no statistically significant 

impacts of a recent expansion in paid maternity leave from six months to a year in Canada on 

early childhood development indicators for children up to 29 months old. Dustmann and 

Schönberg (2008) find no statistically significant impacts of expansions in unpaid and paid 

maternity leave policies in Germany on any long-run child outcomes, including wages, 

employment, selective high school attendance, grade retention, and attendance.
6
 Liu and Skans 

(2010) examine the effects of an expansion in paid leave from 12 to 15 months in Sweden, and 

                                                 
6
 In particular, the authors study three different expansions. The first policy reform increased 

paid maternity leave from 2 to 6 months in 1979. The second reform increased paid leave from 6 

to 10 months in 1986. The third reform increased unpaid leave from 18 to 36 months in 1992.  
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find no impact on children’s scholastic performance at age 16, or on intermediate outcomes such 

as mothers’ subsequent earnings, measures of child health, parental fertility, divorce rates, and 

the mothers’ mental health. They do find positive effects on age-16 educational achievement of 

children of well-educated mothers. Carneiro et al. (2010) analyze the long-term effects of a 

reform in Norway, which increased paid leave entitlements from 0 to 4 months, and unpaid 

entitlements from 3 to 12 months. Unlike in the other three studies, the authors are actually able 

to observe eligibility for maternity leave in administrative data. They find that children of 

mothers who were affected by the leave expansions are less likely to drop out of high school. 

However, to my knowledge, there has been no rigorous evaluation of the effects of maternity 

leave policies in the United States on children’s outcomes at birth and in infancy.  

While the existing evidence suggests that maternity leave policies in Canada, Germany, and 

Sweden may not have much impact on children’s outcomes at various ages, the context where 

the policy is enacted matters. For example, a policy that expands paid leave from 12 to 15 

months in a setting where the alternative is good-quality subsidized child care and universal 

health insurance (as is the case in Sweden) is quite different from one that provides maternity 

leave for the first time on a national level in a setting where neither child care nor health 

insurance is guaranteed (as is the case in the United States). So while the FMLA provides unpaid 

maternity leave that only lasts for 12 weeks, it may have impacts on children because of the lack 

of existing supports in the U.S. Further, effects may be heterogeneous across children from 

different backgrounds, as only mothers with sufficient income from their job and/or spouse may 

be able to afford to take unpaid leave. Among the several studies that examine the effects of 

maternity leave policies in other countries, only two have considered such heterogeneous effects 

(Liu and Skans (2010); Carneiro et al. (2010)). I contribute to this literature by addressing these 
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questions for mothers and children in the United States, where the institutions and unpaid leave 

policy may augment the importance of mother heterogeneity. Additionally, Carneiro et al. (2010) 

provide evidence that properly accounting for eligibility for maternity leave is important. In my 

analysis, I attempt to proxy for eligibility to the best of my ability given the data limitations. 

 Maternity leave policies can impact child outcomes through several mechanisms. First, a 

legal maternity leave policy that forbids employers to fire women due to pregnancy or childbirth 

potentially affects the stress levels of working women during pregnancy.
7
 There is some medical 

evidence that maternal stress during pregnancy is associated with spontaneous pre-term birth 

(Copper et al. (1996)). Further, the fetal origins literature provides ample evidence for the 

importance of the prenatal environment on later child and adult outcomes. Aizer, Stroud and 

Buka (2009) find adverse effects of maternal cortisol levels during pregnancy on their children’s 

educational attainment. Studies by Almond and Mazumder (2005), Almond (2006), and Almond, 

Edlund and Palme (2009) illustrate the harmful impacts of poor prenatal conditions on adult 

health, educational, and labor market outcomes. More relevant to my study on childhood 

outcomes, Kelly (2009) documents that in utero exposure of British children to the Asian flu in 

1957 had detrimental effects on birth weight and cognitive outcomes at ages 7 and 11.  

 Maternity leave policies also affect child outcomes by increasing the amount of time a 

mother can spend with her child, especially in the first year of life. Several studies examine the 

                                                 
7
 To my knowledge, there are no existing studies that have analyzed the causal effect of FMLA 

policies on maternal employment and stress levels during pregnancy, perhaps due to data 

limitations. However, survey data suggests that the vast majority of women only take maternity 

leave after childbirth, and do not take leave during pregnancy in the U.S. (Declercq et al. 

(2007)). Thus, any effects of FMLA on birth outcomes likely operate through changes to 

maternal stress levels and overall conditions while she is employed during pregnancy. Numerous 

studies have found that stressful working conditions during pregnancy are adversely associated 

with birth outcomes (see Gabbe and Turner (1997) for a review). Thus, if there is a possibility 

that the enactment of FMLA changed working conditions for pregnant women, then one might 

expect there to be effects on birth outcomes. 
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relationship between maternal employment and child outcomes, but many suffer from omitted 

variables bias due to simple cross-sectional regression methodology. Maternal return to work 

within the first 12 weeks of her child’s life is associated with reduced breastfeeding and 

immunizations and increased behavior problems in early childhood (Berger, Hill and Waldfogel 

(2005)). Although the negative effects of maternal work are partially offset by the positive 

effects of increases in income, conditioning on income, maternal work in the first year of life is 

associated with decreases in reading and math test scores at ages 3-11 (Baum (2003)). Han, 

Waldfogel and Brooks-Gunn (2001) find a negative association between maternal employment 

in the first year of life and white children’s cognitive test scores at ages 3-8, but no effects on 

black children’s scores.  

 A common side effect of early maternal employment is an increase in non-parental care 

for the child. Studies on the effects of non-parental childcare show mixed results for child 

outcomes. Full-day publicly provided childcare in Quebec has been shown to have substantial 

adverse effects on children’s vocabulary scores at age 5, and motor and social development 

skills, emotional disorders, aggression, and overall health at ages 2-3 (Lefebvre, Merrigan, and 

Verstraete (2006), Baker, Gruber, and Milligan (2008)).
8
 For children below age 1 in the U.S., 

entry to non-parental care can have detrimental effects on cognitive and behavioral outcomes 

(Loeb et al. (2007)). Additionally, there is some evidence that the effects of non-parental care 

                                                 
8
 In the United States, evaluations of universal public pre-kindergarten programs in Oklahoma 

and New Mexico find positive impacts on cognitive, motor skills, language and vocabulary 

scores at school entry (Gormley Jr. and Gayer (2006), Gormley (2008), and Hustedt, Barnett, 

Jung and Figueras (2008)). However, increases in informal non-parental care due to changes in 

welfare laws in 1996 decreased test scores of children of single mothers aged 3-6 (Bernal and 

Keane (2010)). These findings suggest that the context where non-parental care arrangements are 

made and what the alternatives are matter.  
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depend greatly on its quality, especially for the most disadvantaged children (Karoly, Killburn 

and Cannon (1998), Blau (1999)).
9
 

 My focus on early childhood outcomes is supported by a wealth of literature pointing to 

the importance of early childhood factors in predicting later-life educational, labor market, and 

health outcomes. Case and Paxson (2008) document a positive link between early childhood 

health (proxied by adult height) and cognitive test scores at ages 7, 10, and 11, which are in turn 

positively related to earnings and occupational status in the labor market in adulthood. Currie, 

Manivong, Roos, and Stabile (2010) find lasting impacts of birth weight and health at various 

ages throughout childhood on the likelihood of being on welfare, of being in grade 12 by age 17, 

on literacy, and on the likelihood of taking a college-preparatory math course in high school. 

Further, early childhood health accounts for 18% of the gap in cognitive ability and 65% of the 

gap in language ability between children of college-educated and children of less-educated 

parents in Germany (Salm and Schunk (2008)).  

 Given the importance of childhood factors for later life outcomes, and the different 

potential mechanisms through which maternity leave can affect childhood outcomes, a careful 

study of the impact of FMLA on children born to working mothers is warranted. To my 

knowledge, no other study has rigorously considered the causal impacts of maternity leave 

policies generated by FMLA on child outcomes. My research will reveal whether or not the 

unpaid maternity leave policies generated by FMLA were in fact sufficient for actually affecting 

                                                 
9
 It is important to note that the effects of a maternity leave policy that substitutes maternal care 

for non-parental care depend on the quality of maternal care relative to the quality of non-

parental care. Thus, although one might expect that mothers from high socioeconomic status 

backgrounds have access to better quality non-parental care options, it may still be the case that 

there are beneficial effects of maternal time at home for their children, especially in the first few 

months after childbirth.  
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child outcomes, and whether there were heterogeneous impacts across children of different types 

of mothers.  

IV.  Data  

To measure birth outcomes I use data from the National Center for Health Statistics Vital 

Statistics natality data. I collapse the universe of birth records in the United States for 1989—

1997 into birth-year/birth-month/county/mother-education/mother-race/mother-age/mother-

marital-status cells.
10

 This results in 5,806,669 cells, with an average of 6.2 births per cell. Data 

on infant mortality comes from Vital Statistics mortality data for children under 1 year of age for 

1989—1998.
11

 I collapse this data into county/year/birth-month cells using the exact age at the 

time of death to calculate the birth month, and merge it to the natality data (also collapsed into 

county/year/birth-month cells) by county, year, and birth month. On average, there are 137.7 

births in each cell. I calculate the infant mortality rate by dividing the number of deaths for each 

birth month by the number of births in that birth month. The implicit assumption is that the out-

of-county mobility between birth and the end of the first year of life is negligible.
12

 Since this 

infant mortality rate approximation may be less valid for very small cells, I limit infant mortality 

                                                 
10

 I collapsed the data to make the sample size more manageable relative to the full data set of all 

individual birth records. Mother’s education is in 4 categories (less than high school, high 

school, some college, college or more), mother’s race is in four categories (white, black, 

Hispanic, or other), and mother’s age is in 5 categories (less than 20 years, 20-24 years, 25-34 

years, 35-44 years, and 45 or more years). 
11

 The linked birth-infant death files are not available for 1991-1994, which are key years in my 

analysis. 
12

 To check, I analyzed Current Population Survey (CPS) data over 1989—1997 on 28,815 

households with a youngest child who is less than 1 year old. Fewer than 10% of these families 

reported moving out of county within the last year. Given that my results are concentrated on 

high-socioeconomic-status mothers who tend to have lower than average mobility (U.S. Census 

Bureau, 2000), it is unlikely that out-of-county mobility severely affects my conclusions.  
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analysis to cells with more than 25 observations to make sure that small cells do not drive my 

results
13

. I am left with 185,431 cells for infant mortality rate analysis.  

I then merge the natality and infant mortality rate data with data from the CBP for 

1989—1997 by county and year to construct a county-by-year measure of the likelihood of 

maternal employment in a firm with 50 or more employees (as only these firms are covered by 

the FMLA mandate). The CBP provides information on the total employment in each county and 

year, as well as the number of firms in different size categories. I estimate the conditional 

probability that a person in a given county and year is employed by a firm with at least 50 

employees: 

Prob(Employed in firm with 50+|Employed) = 

μ(50-99)*n(50-99)+ μ(100-249)*n(100-249)+ μ(250-499)*n(250-499)+… 

Total Employment 

 

where n(i-j) = number of firms with firm size between i and j, and μ(i-j) is the median number of 

employees in each firm-size category.
 
 

For lack of better information on average firm size in each firm-size category, I use the 

median of each firm-size category to approximate the number of workers. To check the validity 

of this method, I plot the total employment calculated this way versus actual employment in 

Appendix Figure 1
14

. It seems like my method overestimates total employment somewhat, but 

slightly decreasing the number used to approximate average firm size in each firm-size category 

does not alter my results.  

                                                 
13

 The omitted cells with 25 births or fewer are very similar in observable characteristics to the 

included cells. A table of summary statistics is available upon request. 
14

 All appendix figures and tables are available online. 
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As a further check of the firm-size approximation, I use data from the Quarterly 

Workforce Indicators (QWI) database. This database is part of the U.S. Census Bureau’s Labor 

Employment Dynamics database, which combines information from unemployment wage 

records and businesses on various labor force indicators, including average establishment size for 

every county and year. I do not use these data in my main analysis because only seven states 

(California, Colorado, Florida, Idaho, Oregon, Washington, and Wisconsin) have data before 

1993. However, I can check whether my calculation of the conditional probability of working in 

a firm with 50 or more employees is consistent with QWI data for available counties and years. 

Reassuringly, across counties and years for which I calculate the conditional probability of 

employment in a firm with 50 or more employees to be greater than 0.5, the minimum average 

establishment size in the QWI is 60.  

It is important to note that my approximation of eligibility based on firm size abstracts 

away from several issues. In particular, counties with lower total employment may by 

construction have higher conditional probabilities of employment in a firm with 50 or more 

employees. However, constructing unconditional probabilities of employment necessitates the 

use of yearly county-level population estimates which can be very unreliable, especially for 

small counties.
15

 Further, female employment differs by industry, and industries differ by 

average firm size. Additionally, certain industries are more likely to have unionized occupations, 

which may have been more likely to offer maternity leave benefits prior to FMLA enactment
16

. 

Ideally, I would like to estimate the probability that a woman in a given county would have been 

                                                 
15

 Nevertheless, I estimate the DDD model with unconditional probabilities as a robustness check 

in section VII and all the results are quite similar to the main results. 
16

 Concrete evidence on the provision of maternity leave benefits by industry or occupation is 

difficult to obtain. For instance, the CPS Survey of Employee Benefits Supplement of 1993 – the 

most comprehensive publicly available data source on employee benefits during that time – 

contains no questions about maternity leave benefits.   
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affected by the FMLA based on her employment status, occupation or industry, and firm size. 

However, given the lack of information on any of these variables in the natality and mortality 

data, and the lack of information on maternity leave provisions among different industries and 

occupations, I am forced to rely on crude approximations of eligibility using county-year level 

firm size information in the CBP. Nevertheless, my results are robust to a number of 

specification checks that test this eligibility approximation (presented in section VII), and my 

identification strategy is an improvement over existing analyses that attempt to estimate the 

causal effects of maternity leave provisions and maternal employment on child outcomes in the 

U.S.
17

  

As a result, I obtain a range of conditional probabilities across the cells that vary on a 

county-year level. Because of the way they are calculated, these probabilities can potentially be 

greater than 1, but only 1,521 out of 5,806,669 cells (0.02%) have this problem in the natality 

data and 239 out of 185,431 cells (0.1%) have this problem in the infant mortality rate data. 

Omitting them from the analysis does not alter the main findings. I then compute the median 

probability. Cells that have a probability higher than the median belong to the likely eligible 

group and the rest to the likely ineligible group.
18

 Section VII presents several specification 

checks that test the validity of this eligibility approximation. 

Since my eligibility approximation is made at the county level, I include a number of 

county-level controls in my estimation. In particular, I merge the natality and infant mortality 

data to county-level summary data from the 1990 Census by county of birth. For each county, I 

calculate the proportion of the population that is white, black, urban, living below poverty, and 

                                                 
17

 The existing studies do not study FMLA specifically, and largely rely on multiple regression 

methods, which are subject to omitted variables bias concerns (for example: Berger, Hill and 

Waldfogel (2005); Baum (2003)). 
18

 In Section VII, I also present results that use the continuous measure of eligibility. 
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female aged 18 to 44. I also calculate the proportion of the female population aged 15 and older 

that is employed and the proportion that is married, and the proportion of the female population 

aged 25 and older that has a college degree. 

Finally, I merge the natality and infant mortality rate data with data on the monthly state-

level unemployment rates from the Bureau of Labor Statistics by state, year, and month of birth 

to control for labor market conditions that may affect a mother’s decision to work immediately 

after childbirth.  

V.  Estimation and Summary Statistics 

In the DD specification, I use the fact that some states had maternity leave policies in 

place prior to FMLA and compare outcomes between children born in states that had maternity 

leave and states that did not, before and after FMLA. Hereafter, I will call the group of states that 

had some kind of maternity leave policies before FMLA as the control states, and the group with 

no maternity leave policies as the treatment states. I use information from Han, Ruhm, and 

Waldfogel (2009) to determine which states to put into the treatment and control groups based on 

whether the states had maternity leave policies in 1989—1992. Table 1 presents information on 

the length of leave provided in the control states.
 19

  

I first estimate the following equation:  

                                                 
19

 Since FMLA provided 12 weeks of unpaid maternity leave, some of the control states 

experienced an increase in the length of leave. Note that the states that originally guaranteed 16 

weeks of leave (DC and Tennessee) continued to provide 16 weeks even after FMLA went into 

effect. In my main analysis, I am interested in the effect of maternity leave relative to no legal 

leave. Hence, I combine all the states that had any length of leave into the control group. In 

earlier versions of this paper, I analyzed the consequences of increasing leave from 6-8 weeks to 

12 weeks, and my results suggest that there are no effects on infant health (results available upon 

request). Further, eliminating the states that had maternity leave that was less than twelve weeks 

prior to FMLA from the analysis does not alter the main results, suggesting that grouping all 

states with any leave into the control group is a sound strategy. 
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(1) Yiscmy = α + β1*POSTmy + β2*TREATMENTs + β3*POSTmy*TREATMENTs + γ’Xiscmy + 

ρ’Cc + θm + λy + δs + δs*timetrend + φ’ηsmy + εiscmy  

for each cell i in state s, county c, for birth month m, and birth year y. Yiscmy is the outcome of 

interest, and POSTmy is an indicator equal to 1 if i’s birth date is in or after August, 1993 and 0 

otherwise. TREATMENTs is an indicator equal to 1 if the birth occurred in a state that had no 

maternity-leave policies prior to FMLA. Xiscmy is a vector of cell-specific control variables for 

maternal and child characteristics, Cc is a vector of county-level controls, θm is a month-of-birth 

fixed effect, λy is a year-of-birth fixed effect, δs is a state fixed effect, δs*timetrend is a state-

specific time trend, and ηsmy is the unemployment rate in the state, year and month of birth. εiscmy 

is a cell-specific error term. The key coefficient of interest is β3, which measures the DD estimate 

of the effect of FMLA on children born in treatment states. 

 Table 2 presents summary statistics for selected variables in the Vital Statistics data, for 

the whole sample and split according to the four groups in the DD specification. In the whole 

sample, average birth weight is about 3,300 grams, and about 7% of babies are born low birth 

weight (<2,500g). About 11% of all births are considered premature (born after less than 37 

weeks of gestation). The total infant mortality rate over 1989—1997 is about 8 deaths per 1,000 

births. Most mothers are between 25 and 34 years old and have a high school degree. About 40% 

of all mothers are unmarried at the time of giving birth. The differences between the four groups 

are quite negligible for most variables, although the large sample size will provide me with 

sufficient power to detect small effects on outcomes.
20

 The control state mothers are more likely 

                                                 
20

 In section VII, I also present evidence that there are no selection effects of FMLA – the DDD 

coefficients for regressions that use maternal characteristics as dependent variables are mostly 

statistically insignificant. 
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to be college-educated and either white or Hispanic, while the treatment state mothers are on 

average less educated and more likely to be black. 

A key assumption in DD analysis is that the underlying trends of the two groups being 

considered are similar. In particular, we must assume that in the absence of FMLA, the trends in 

birth outcomes and infant mortality rates between the treatment and control states would have 

been the same, and that no other factors that might affect these outcomes occurred at the same 

time as FMLA. If this assumption is violated, then the DD estimates will be biased. I include 

state-specific linear time trends in the DD specifications to partially address this issue. However, 

placebo checks for differential time trends presented in Section VII suggest that some of the DD 

results may still be slightly biased. Additionally, the DD specifications might produce inaccurate 

results because they do not take into account that many new mothers were not affected by the 

FMLA. In particular, the DD specification does not account for the fact that women working in 

firms with less than 50 employees are ineligible for maternity leave under FMLA.  To address 

these issues, I employ a DDD technique by comparing children born to mothers who were likely 

eligible for FMLA benefits with children born to mothers who were likely ineligible, in the two 

groups of states, before and after FMLA went into effect. This specification also allows me to 

include a full set of state-year interactions to control for any other factors that are changing at the 

state-year level that may affect my outcomes of interest. The triple-difference estimation is my 

preferred specification.  

 More precisely, I estimate the following DDD model with state, year, and month of birth 

fixed effects, as well as state-year interactions: 

(2) Yiscmy = α + β1*POSTmy + β2*TREATMENTs + β3*ELIGcy + β4*POSTmy*TREATMENTs 

+ β5* POSTmy* ELIGcy + β6*ELIGcy* TREATMENTs + β7*ELIGcy* 

POSTmy*TREATMENTs + γ*Xiscmy + ρ’Cc + φ’ηsmy + θm + λy + δs + μsy + εiscmy 
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where ELIGcy is an indicator equal to 1 if i’s county and year of birth place i into the likely 

eligible group (estimated using CBP) and 0 otherwise. μsy is a state-year interaction effect. The 

rest of the variables and parameters are as defined before. The key coefficient of interest is β7, 

which measures the estimate of the DDD effect of FMLA. 

 To get a better sense of the firm size variation used to identify the triple difference 

effects, I present some county-level summary statistics split by treatment and control states and 

by likely eligible and likely ineligible county-years in Appendix Table 1. In both the treatment 

and control states, likely eligible county-years are more urban, have a lower proportion of whites 

and a higher proportion of blacks, and have a lower proportion of married females and a higher 

proportion of employed females. Interestingly, the likely eligible county-years also tend to have 

more college-educated females and fewer people living below poverty.  

However, although there are clear differences between the likely eligible and likely 

ineligible counties, the validity of the DDD model relies on the assumption that in the absence of 

FMLA, the difference in outcomes between likely eligible and likely ineligible counties in 

treatment states after FMLA would have been similar to the difference in outcomes between 

these counties in control states and before FMLA went into effect. While I cannot rule out that 

there are other unobservable factors that have a divergent effect on this difference, a series of 

robustness checks suggests that this is unlikely. First, there are no changes to the difference in 

observable maternal characteristics between likely eligible and likely ineligible counties in 

treatment states after FMLA relative to the difference in control states and before FMLA went 

into effect. This suggests that my results are not driven by FMLA-induced selection into 

motherhood based on observable characteristics (for instance, the observed reduction in infant 

mortality is not a result of more educated women being more likely to have a child once FMLA 
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went into effect). Second, the FMLA did not affect the county-year level firm size distribution. 

Thus, my results are not driven by endogenous selection of firms into firm-size categories (for 

example, this means that the observed reduction in infant mortality is not a result of lower-

quality firms changing firm-size categories to be below the 50-employee cut-off and thus 

mothers with a higher probability of employment in a firm with 50 or more employees being 

employed in higher-quality firms). Section VII discusses these issues in more detail.   

VI.  Results on the Effects of FMLA  

A.  Effects on Birth Outcomes and Infant Mortality Rates 

 Figure 1 depicts a graphical representation of some of the key results from my analysis. 

In particular, for three outcomes (birth weight, an indicator for a premature birth, and the total 

infant mortality rate) I plot the yearly coefficients from the DDD model – each point represents 

the coefficient on the interaction between an indicator for a birth in a treatment state, an indicator 

for a birth in a likely-eligible county-year, and an indicator for the year on the x-axis. I include 

all the controls, fixed effects, and state-year interactions listed in equation (2) in the regressions 

used to estimate these coefficients. The graphs suggest that after 1993, there is a positive effect 

on birth weight and negative effects on the likelihood of a premature birth and on the infant 

mortality rate of being born in a treatment state and in a likely-eligible county-year. Thus, these 

graphs present suggestive evidence that FMLA may have improved infant health for children of 

mothers who were most likely affected by FMLA provisions.  

Table 3 presents the regression results on the effects of FMLA on birth outcomes in the 

natality data. The first four columns list the coefficients from the DD specification based on 

treatment and control states, while the last three columns present the coefficients from the DDD 

specification. The regressions with controls include maternal and child cell-level characteristics 
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(four dummies for mother’s age category, three dummies for mother’s education, three dummies 

for mother’s race, a dummy for mother’s marital status at the time of childbirth, and the 

proportion of male births), county-level characteristics (percent white population, percent black 

population, percent urban population, percent population below poverty, percent female aged 18-

44 population, percent females employed, percent females married, and percent females aged 

25+ with a college degree), and the unemployment rate in the state, year, and month of birth.
21

 

Robust standard errors are clustered on the state level, and all regressions are weighted by cell 

size. Notably, the coefficients of interest do not change significantly as fixed effects and control 

variables are added to the specifications, thus providing some validation of the identification 

strategy. While the DD results suggest that there are no effects on birth outcomes for the whole 

sample, the more reliable DDD results show small but statistically significant effects on birth 

weight and likelihood of a premature birth. The magnitudes of the coefficients imply that the 

FMLA is associated with a 0.2% increase in birth weight, a 0.04% increase in the gestation 

length, a 3% decrease in the likelihood of a low-birth-weight birth, and a 3% decrease in the 

likelihood of a premature birth
22

. There seem to be larger and more statistically significant 

effects on births by college-educated and married mothers, who were more likely to be eligible 

for FMLA and able to afford unpaid leave, than on births by less-educated and unmarried 

mothers. This is also consistent with evidence that U.S. maternity leave policies only affect the 

                                                 
21

 Given that Dehejia and Lleras-Muney (2004) find that business cycles at the time of 

conception affect selection into fertility, some might argue that it is also important to control for 

the unemployment rate at the time of conception. I estimated models that control for the state-

level unemployment rate nine months before the month of birth, and the results are very similar 

to the ones presented here. These results are available upon request.  
22

 I also estimated specifications the DD and DDD specifications for birth weight controlling for 

gestation length in weeks. The results are very similar to ones presented here and available upon 

request. 
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leave-taking of college-educated and married mothers (Han, Ruhm, and Waldfogel (2009))
23

. I 

also conducted analysis on the five-minute Apgar score, risk factors, labor complications, and 

births with congenital anomalies, and found no statistically significant effects for the whole 

sample or for the sub-samples.  

 Table 4 presents the results on the effects of FMLA on infant mortality rates. Again, the 

first four columns of this table list the coefficients from the DD specification based on treatment 

and control states, while the last three columns present the coefficients from the DDD 

specification. The controls are the same as in Table 3, robust standard errors are clustered on the 

state level, and all regressions are weighted by cell size. There is a statistically significant and 

negative effect of FMLA on infant mortality for the college-educated and married sub-sample
24

. 

The results suggest that for this sub-sample, FMLA reduced the overall infant mortality rate by 6 

deaths per 10,000 births (10% decline at the sub-sample mean), the post-neonatal mortality rate 

by 2 deaths per 10,000 births (10% decline at the sub-sample mean), and the neonatal mortality 

rate by 3 deaths per 10,000 births (7.5% decline at the sub-sample mean). Since there is no effect 

                                                 
23

 Additionally, I conducted some analysis of CPS data over 1989-1997 to check whether 

employed college-educated and married mothers are more likely to take up leave benefits than 

less-educated and single mothers. I limited my analysis to 10,472 women with a youngest child 

under 1 year old who report being in the labor force. The CPS did not ask information about 

maternity leave until 1994, and thus Han, Ruhm, and Waldfogel (2009) conducted their analysis 

on the effects of FMLA using a variable that indicates being absent from work ―for other 

reasons‖; they argue that this is a good measure of maternity leave-taking for this group of 

women. Over 1989-1997, 22% of college-educated and married working women with an infant 

child report being absent from work ―for other reasons‖, while only 4% of less-educated and 

single working mothers do so. Over 1994-1997, 11% of college-educated and married working 

mothers report taking maternity leave, while less than 2% of less-educated and single working 

mothers do.    
24

 The college-educated and married sub-sample consists of county/birth-year/birth-month cells 

where the proportion of college-educated and married mothers is greater than the median in each 

state and year, while the less-educated and single sub-sample consists of cells where the 

proportion is less than the median in each state and year. The mortality records have no 

information on the mothers’ characteristics, so I cannot get any more precise measure of 

education level or marital status. 
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on the overall number of births
25

, these results are not mechanically driven by an increase in the 

denominator of the infant mortality rate. While these effects may seem large, it is important to 

note that they are only present for a specific sub-sample that was most likely to be eligible for 

FMLA and able to take unpaid leave, and in which the mean infant mortality rates are relatively 

low. There are no statistically significant effects on infant mortality in the less-educated and 

unmarried sub-sample, suggesting that the children of these mothers were unaffected by FMLA’s 

unpaid leave. 

Appendix Table 2 presents the DDD results on birth weight, premature births, and the 

total infant mortality rate for college-educated and married mothers in more detail across 

different specifications and with coefficients for the main effects and double interactions. As in 

the DD specifications, the DDD key coefficients of interest do not vary significantly as the 

various controls and fixed effects are added. 

 To further understand the mechanisms through which maternity leave might affect infant 

deaths, I estimate the triple-difference models for the number of deaths per 1,000 births 

separately by cause of death for the whole sample and the college-educated and married sub-

sample. Table 5 presents the results from these regressions. For the whole sample, the decline in 

the infant mortality rate seems to be driven by deaths from ill-defined causes (which include 

deaths from the Sudden Infant Death Syndrome), while for the college-educated and married 

sub-sample it is also driven by deaths from congenital anomalies. In particular, at the sub-sample 

mean, the estimates suggest there is a 16% decline in deaths from congenital anomalies, and a 

16% decline in deaths from ill-defined causes for the college-educated and married sub-sample.  

                                                 
25

 I discuss the effects on parity and fertility in part B of this section. 
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To put this in context, we can consider that these estimates represent reduced-form or 

intent-to-treat (ITT) effects, given that I do not observe leave-taking. To calculate the treatment-

on-the-treated (TOT) effects on women who actually take up maternity leave, consider that Han, 

Ruhm, and Waldfogel (2009) estimate that about 36% of college-educated and married women 

take leave as a result of FMLA
26

. Using this as an estimate of the ―first-stage‖ effect of FMLA 

on leave-taking among college-educated and married women, my results suggest that FMLA led 

to a 47% reduction in the likelihood that a child born to one of these women dies from a 

congenital anomaly in infancy
27

. To calculate a confidence interval for this TOT effect size, I use 

the delta method to estimate a standard error of 0.15. With these estimates, I can conclude that 

the 95% confidence interval for the TOT effect size for infant mortality from congenital 

anomalies ranges from 18% to 76%. For overall infant mortality among children of college-

educated and married mothers, the implied TOT effect size is 27% with a 95% confidence 

interval that ranges from 8% to 44%. Unfortunately, since, to my knowledge, this is the first 

paper to estimate the causal effect of U.S. maternity leave policies on infant mortality, there is no 

benchmark effect size for comparison. However, literature on the effects of air pollution on 

infant mortality in the U.S. reports relatively comparable effect sizes. In particular, Chay and 

Greenstone (2003) find that a 1% reduction in total suspended particulates (TSP) exposure leads 

to a 0.5% decrease in infant mortality. They write that TSP concentrations decreased from 95 

μ/m
3
 to 60 μ/m

3
 over the 1970s and 1980s – a 37% decline. This means that the reductions in 

TSP exposure over this time period led to an 18% decline in total infant mortality. Currie and 

                                                 
26

 Han, Ruhm, and Waldfogel (2009) estimate coefficients of 0.13-0.17 for leave-taking during 

the birth month among college-educated and married women. They do not report sub-sample 

means, but at the whole-sample mean of 0.415, this corresponds to an effect size of 31-41%. I 

take the median of 36% in this illustration.   
27

 To calculate this magnitude: TOT = ITT/First Stage = 0.17/0.36 = 0.47. 
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Neidell (2005) and Currie, Neidell, and Schmieder (2009) estimate that a 1-unit increase in 

carbon monoxide exposure leads to a 2.5-5% increase in total infant mortality in California and 

New Jersey. Given they find that the effects of air pollution exposure on infant health are 2-6 

times bigger for smokers and older mothers, their estimated effect sizes for these subgroups 

would overlap with the confidence intervals that I present. Thus, while seemingly large, the 

magnitudes that I estimate are not unreasonable especially at the lower end of the implied range 

of effect sizes and given the low incidence of infant deaths for the sample of interest. 

The observed pattern of results suggests that FMLA allowed new mothers to take better 

care of their ill children by spending more time with them at home, by seeking prompt medical 

care (with their guaranteed health insurance), and by breastfeeding them
28

. In particular, the 

American Academy of Pediatrics highlights the importance of prompt professional medical care 

for infants who have different kinds of congenital anomalies. For instance, parents of children 

with spina bifida, a congenital anomaly of the spine, should be very alert for signs of infection 

and ensure that their children receive immediate medical treatment (American Academy of 

Pediatrics (2009)). It seems that mothers who are able to spend time at home with their newborns 

as a result of FMLA are less constrained in their ability to immediately respond to such signs, 

and thus potentially save their children’s lives. While data limitations prevent me from analyzing 

these particular mechanisms empirically, the findings suggest that maternal time at home after 

birth may be a key factor for preventing infant deaths among ill newborns.  

It is important to note that I find no statistically significant effects on risk factors during 

pregnancy, incidence of complications during labor, or on births with congenital anomalies. In 

                                                 
28

 Experts on the Sudden Infant Death Syndrome (SIDS), which falls under the category of ill-

defined causes, recommend breastfeeding and ensuring that a baby sleeps on his/her back to 

reduce the risk of SIDS (A.D.A.M., Inc., 2010, accessed through Google Health). 
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fact, it appears that FMLA did not affect the number of births of ill children or children with 

birth defects, rather, mothers with more leave were better able to take care of their children and 

keep them alive. Finally, some may conclude that the fact that FMLA did not have an impact on 

deaths from external causes (such as homicides and traffic accidents) and causes originating in 

the perinatal period suggests that the policy had little net effect on mothers’ stress levels or well-

being during pregnancy and after childbirth (and this is also consistent with the very small 

effects on birth outcomes). However, evolving research on fetal origins suggests that in utero 

conditions, including maternal stress during pregnancy, have lasting causal effects on adult 

health and well-being, and that these effects may not operate through impacts on birth weight 

and infant health (Gluckman and Hanson (2005)). Thus, while my results point to increased 

maternal time at home after childbirth following FMLA as being a crucial factor for improving 

infant health, I cannot rule out the possibility of effects on later-life health and other outcomes as 

a result of  reductions in maternal stress during pregnancy due to FMLA enactment.  

B.  Effects on Parity of Birth 

Given that maternity leave provisions may affect women’s decisions to have children, it 

is important to determine whether the policy impacted selection into the birth sample. In 

particular, there is evidence that higher-parity births have healthier birth outcomes because of a 

better in utero environment (Gluckman and Hanson (2005)).
29

 So, if FMLA affects the ratio of 

first-parity births to later-parity births, one must account for the selection effects due to a change 

in the composition of the birth sample to isolate the true effect of FMLA on birth outcomes and 

infant mortality rates.  

                                                 
29

 However, with regard to later-life outcomes, Black, Devereaux and Salvanes (2005) argue that 

higher birth order is negatively related to children’s educational attainment and earnings. This 

may be due to primogeniture effects on parental investment decisions. 
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Table 6 presents the results on the effects of FMLA on parity. The DDD results suggest 

that overall there was an increase in first-parity births and a decrease in later parity births in the 

whole sample. Interestingly, this effect is rather persistent, and still present when one compares 

1996-1997 outcomes to those pre-FMLA (results available upon request). However, there are no 

effects on overall fertility as measured by the number of births in each cell.
30

 Further, unlike any 

of the other outcomes, the positive effects on first-parity births are driven by the less-than-

college-educated and single mothers.  One explanation for these findings may be that the 

guarantee of maternity leave (and the employers’ inability to fire new mothers for taking time 

off) lowered the costs of childbirth for some working mothers, and hence encouraged previously 

childless women to give birth.
31

 Less-educated, single, and childless working women likely 

faced higher costs of childbirth prior to guaranteed maternity leave than college-educated and 

married women because they are less likely to have a safety net of savings, family support or a 

secondary income that can support them in case they lose their jobs. Hence, by eliminating the 

risk of unemployment due to childbirth, FMLA affected the decision to have a first child for this 

group of women. However, given that prior evidence suggests that these new mothers did not 

take much of the maternity leave (Han, Ruhm, and Waldfogel (2009)), there are no noticeable 

effects of FMLA on their children’s outcomes. In contrast, FMLA did not affect the decision to 

have a first child for college-educated and married women, but their children benefited from 

their mothers’ ability to take advantage of the twelve weeks of unpaid leave.  

                                                 
30

 The coefficients in the DDD specifications estimating effects on fertility for the whole sample, 

the college-educated and married sub-sample, and the less-educated and single sub-sample are 

statistically insignificant. For the whole sample, the coefficient is 1.4930 with a standard error of 

1.6122, for the college-educated and married sample, the coefficient is –0.1348 with a standard 

error of 1.4836, and for the less-educated and single sample, the coefficient is 2.2160 with a 

standard error of 1.5573. 
31

 However, there is no effect on the timing of giving birth. Results in section VII suggest that 

there is no effect of FMLA on maternal age at childbirth. 
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The decline in later-parity births can be potentially explained by a change in the 

workplace culture for women after FMLA. Since a large fraction of women giving birth to 

higher-parity children gave birth to their firstborn children prior to FMLA, it is likely that these 

women face different costs of childbirth than the women giving birth for the first time after 

FMLA. Prior to guaranteed maternity leave, it may have been customary for these women to stop 

working for some time (or quit the labor force entirely) to care for their newborn child. With the 

advent of FMLA, the standard changed to just taking twelve weeks of leave, and this may be 

seen as inadequate by women who already have children, thus reducing the rate of later-parity 

births.
32

 

Regardless of the exact explanation for the parity effects, these results suggest that my 

findings of FMLA’s favorable effects on birth outcomes and infant mortality rates may be 

slightly understated, given that the fraction of later-parity births declines. However, given that 

FMLA only increased the likelihood of a first-parity birth by 2.6%, decreased the likelihood of a 

second-parity and third-parity birth by 1.7%, and that the first-parity effects are not apparent in 

the college-educated and married sub-sample, the understatement of the true effects on infant 

mortality rates for this sub-sample is likely negligible.  

VII.  Robustness Checks 

My first specification check tests for differential time trends in the DD analysis. I include 

placebo interactions between indicators for years 1992 and 1991 and an indicator for treatment 

states into the DD model. If there are any differential time trends between treatment and control 

states, then we may see spurious effects in the years prior to FMLA enactment. Appendix Table 

                                                 
32

 There is some suggestive evidence on substantial heterogeneity in attitudes towards childbirth 

among working women in the United States and in the United Kingdom. Further, these studies 

point to workplace culture and leave policies playing a role in a woman’s decision to have a 

child and to return to employment after childbirth (Declercq et al. (2007); Dex et al. (1998)). 
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3 presents the results of this specification check for college-educated and married mothers, as 

this is the sample for which I find the most results. The results for infant mortality rates suggest 

that there are mostly no spurious effects prior to FMLA (except for an increase in the treatment 

state post-neonatal mortality rate in 1992), thereby strengthening the validity of my findings for 

these outcomes. However, there seems to be a downward trend in birth outcomes for treatment 

states prior to FMLA. This suggests that the lack of DD effects for birth outcomes may be driven 

by a downward bias due to these differential trends. Hence, the DDD model is a necessary 

improvement upon the DD specification, as it does not rely on an assumption of similar time 

trends between treatment and control states. The remainder of this section tests the robustness of 

the DDD model. 

First, since the split into likely eligible and likely ineligible groups across the median 

probability of employment in a firm with 50 or more employees is somewhat arbitrary, I also 

estimate a model using the continuous measure of the probability rather than a binary indicator. 

In particular, the effect of FMLA is measured by the coefficient on the interaction between the 

conditional probability that a mother is employed in a firm with 50 or more employees, an 

indicator for a birth occurring after August 1993, and an indicator for the state being in the 

treatment group. This coefficient represents the effect of the FMLA for a given conditional 

probability of being eligible. One can multiply this coefficient by the conditional probability to 

get the true treatment effect.  

Table 7 presents the results on birth outcomes and infant mortality rates from estimating 

this model. In the natality data, the mean probability is 0.56, while the median is 0.58, the 25
th

 

percentile is 0.49, the 75
th

 percentile is 0.65, and the 99
th

 percentile is 0.80. The results are 

qualitatively consistent with those in Tables 3 and 4, suggesting small effects on birth weight and 
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likelihood of a premature birth, and large negative effects on the infant mortality rate for the 

college-educated and married sub-sample only. The coefficients here can be interpreted as the 

effects for those mothers whose conditional probability of eligibility based on firm size equals 1, 

and so they are much larger than those in the triple-difference specifications. At the mean 

probability, the results suggest a 22g increase in birth weight, a 0.8 percentage point decrease in 

the likelihood of a premature birth, and a reduction in 1.6 deaths per 1,000 births for the college-

educated and married sub-sample. However, these magnitudes should be interpreted with 

caution, as they are based only on calculations of conditional probability of employment in a 

firm with 50 or more employees using the year and county of birth, and cannot assess individual 

mothers’ actual eligibility for FMLA.  

As another robustness check, I conduct my analysis on ―small-firm‖ counties where the 

likelihood of employment in a firm with 50 or more employees is less than 0.30, and ―big-firm‖ 

counties where it is greater than 0.70.
33

 If my analysis truly captures the effects of FMLA, then 

all the effects should be concentrated among the ―big-firm‖ counties, and we should not see any 

effects for the ―small-firm‖ counties, where mothers were likely ineligible for FMLA. More 

precisely, I estimate: 

(3) Yiscmy = α + β1*POSTmy + β2*TREATMENTs + β3*SMALLcy +  β4*BIGcy + 

β5*POSTmy*TREATMENTs + β6* POSTmy*SMALLcy + β7* POSTmy*BIGcy + 

β8*SMALLcy* TREATMENTs + β9*BIGcy* TREATMENTs + β10*SMALLcy* 

POSTmy*TREATMENTs + β11*BIGcy* POSTmy*TREATMENTs + γ*Xiscmy + ρ’Cc + φ’ηsmy 

+ θm + λy + δs + μsy + εiscmy 
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 Ideally, I would like to consider counties where there are no firms with fewer than 50 

employees and counties where there are no firms with 50 or more employees. However, there are 

no counties that fall in the first category, as every county has at least one small firm. As a result, 

I chose cut-offs that would allow some variation across states and years. Slightly changing the 

cut-offs to different probabilities does not affect the results.  
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where SMALLcy equals 1 if the birth occurred in a ―small-firm‖ county, and 0 otherwise, and 

BIGcy equals 1 if the birth occurred in a ―big-firm‖ county, and 0 otherwise. If there are any 

effects of FMLA, then we should expect β10 to be zero, and β11 to be statistically different from 

zero. 

Table 8 presents the results from estimating this specification for birth outcomes and 

infant mortality rates.
34

 Notably, the estimate of the coefficient on the DDD effect for ―small-

firm‖ counties (β10 in equation (3)) is only statistically significant at the 5% level in one out of 

the 24 specifications. However, there are statistically significant effects for the ―big-firm‖ 

counties (as measured by β11 in equation (3)) on the likelihood of a low-birth-weight birth, the 

likelihood of a premature birth, the overall infant mortality rate, and the post-neonatal mortality 

rate in the college-educated and married sample. These effects are consistent with those found in 

the main results, and suggest that FMLA had some impacts on the health of children of eligible 

women who could afford to take leave.  

To further check the robustness of the eligibility approximation, I limit my analysis to 

counties that have zero firms with more than 50 employees and to counties that have fewer than 

75 firms with less than 50 employees, but at least one firm with more than 50 employees
35

. 

Mothers in the former group of counties cannot be eligible for FMLA, while mothers in the latter 

group are much more likely to be eligible. Because there are only about 150 counties per year 

that fall into each group, I conduct the DDD analysis on individual-level births data (instead of 

                                                 
34

 As another robustness check, I limited my DDD analysis to counties that have a mean 

probability of employment in a firm with 50 or more employees in the bottom and top thirds of 

the distribution. The results from these regressions are consistent with those presented here and 

are available upon request. 
35

 For the second group, I attempted to only use counties that have fewer than 50 firms with less 

than 50 employees and at least one firm with more than 50 employees, but the resulting sample 

size is too small for any valid analysis.  
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cell data) in these two groups of counties. The results from this robustness check are generally 

consistent with my main results on birth outcomes despite substantial reductions in sample sizes 

that limit test power, and are available upon request.  

  

 An additional issue with the conditional probability measure is that it relies on total 

county-year employment. It is possible that differential changes in county-level employment that 

do not affect eligibility for FMLA are driving the results. To alleviate this concern, I use county-

year population projections from the U.S. Census to estimate unconditional probabilities of 

employment in a firm with 50 or more employees. In particular, I use the county-year population 

estimates of individuals aged 15-64 instead of county-year total employment from the CBP as 

the denominator of the eligibility measure. To reduce measurement error, I drop counties that 

have ever had a year with a population of less than 1000 people over 1989-1997. Table 9 

presents the results from these DDD models. Reassuringly, these results are quite similar to those 

in Tables 3 and 4.  

Another concern is that the large effects on infant mortality are driven by selection into 

motherhood based on maternal characteristics. For instance, if more college-educated and 

married mothers choose to give birth as a result of FMLA, then the pool of healthier babies born 

to these mothers might increase, hence driving down the infant mortality rate. Similarly, 

selection based on other maternal characteristics may be driving the results. To check, I run 

regression (2) with all available maternal characteristics as dependent variables. Appendix Table 

4 presents the results of this exercise. None of the coefficients is statistically significant except 

for the one in the regression of an indicator for the mother having a high school degree. 

However, there are no effects on any of the other educational categories, or the age, race, or 
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marital status categories. These results suggest that the effects of FMLA are not driven by 

selection into motherhood based on observable characteristics, thus providing more support for 

the validity of my identification strategy.  

 One more important concern is that FMLA led to endogenous selection of firms into 

firm-size categories. For instance, one might suppose that lower-quality firms or firms with less 

financial capital may choose to lower employment and move below the 50-employee firm-size 

cut-off to avoid bearing the costs of providing FMLA leave. As a result, after the FMLA, women 

in counties with a higher probability of employment in a firm with 50 or more employees would 

also be more likely employed in a better or wealthier firm. Thus, there could potentially be 

omitted variables that drive the results on birth outcomes and infant mortality for mothers in 

likely-eligible counties, in treatment states after FMLA.  

While I cannot observe firm characteristics or firm behavior, I can test whether the 

FMLA induced changes to the county-year firm size distribution. I estimate equation (1) with my 

measure of the conditional probability of employment in a firm with 50 or more employees as 

the dependent variable. If women giving birth in treatment states after FMLA did not experience 

a different likelihood of employment in a firm with 50 or more employees, then there is evidence 

that FMLA did not lead to any changes in the firm size distribution during the time period of my 

analysis, thus making it unlikely that my results are driven by endogenous sorting of firms. 

Appendix Table 5 presents the estimates of the key coefficient of interest for the whole sample, 

and for the two sub-samples that I analyze. Notably, this coefficient is not statistically significant 

at any conventional level in any of the samples. Given that my main results rely on this measure 

of conditional probability, it is reassuring that it is unlikely to suffer from endogenous selection 

issues.  
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VIII.  Conclusion   

High female labor force participation rates in the United States call attention to the 

importance of maternity leave policies. Unlike men, women who have children must take at least 

some time off from working during childbirth. Hence policies that ensure their job security 

during this time period are crucial for women’s careers, health, and overall well-being. These 

benefits alone provide support for the enactment and continuation of maternity leave policies in 

this country.  

 The effects of maternity leave on children, however, are not well established. Existing 

studies in Canada, Germany, and Sweden do not find significant effects of maternity leave on 

either early childhood or later outcomes. Studies in the U.S. find some negative effects of 

maternal work during a child’s first year of life, but do not evaluate current maternity leave 

policies. My study contributes to this literature as the first to analyze the causal effects of unpaid 

maternity leave due to FMLA on children’s birth and infant outcomes. I use difference-in-

difference and difference-in-difference-in-difference methodology and consider numerous 

outcomes. I also conduct sub-group analyses on children of college-educated and married 

women, as these are the women who are likely to be eligible under FMLA and able to take 

unpaid leave, and on children of less-educated and single mothers.  

I find that for the college-educated and married sub-sample of mothers, FMLA led to 

small increases in birth weight, decreases in the likelihood of a premature birth, and considerable 

decreases in infant mortality rates that are driven by decreases in deaths from congenital 

anomalies and ill-defined causes. I also find the policy affected parity – there is an increase in 

first-parity births, which is offset by a decrease in later-parity births among all mothers. 

However, the effects on parity are too small to produce meaningful selection bias for the main 
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results on infant health. Notably, there are no effects on birth outcomes or infant mortality rates 

for children of less-educated and single mothers.  

These results suggest that for mothers who were able to take advantage of the full length 

of leave, the policy’s effects on infant mortality are largely driven through increases in maternal 

time at home, and ability to provide and seek prompt care for an ill child during the first few 

months of life. Maternal stress and mental health during pregnancy and after childbirth are not 

affected, at least as measured by child outcomes that are likely impacted by maternal well-being.  

The consistent finding of significant effects for the sub-sample of college-educated and 

married mothers and no effects for the sub-sample of less-educated and single mothers implies 

that FMLA may have increased disparities in early childhood health between children from 

different socio-economic backgrounds. Further, back-of-the-envelope cost-benefit calculations 

suggest that unpaid maternity leave may not be the most cost-effective way to help working 

mothers and their children. In particular, businesses and their employees bear the costs of 

FMLA’s unpaid leave because of lost productivity, provision of health benefits while workers 

are on leave, foregone wages and benefits for employees, and administrative burdens. In 2004, 

FMLA cost approximately $21 billion (Neese, Heinen, and Wityk (2009)). However, the benefits 

of FMLA are only concentrated among mothers and children from high socio-economic 

backgrounds. In 2004, my results suggest that among the 1,011,125 births by college-educated 

and married mothers in the U.S., 607 of these babies were saved by FMLA. This implies that 

FMLA costs almost $35 million per life saved. Given that the incidence of poor birth outcomes 

and infant mortality is higher among women from lower socio-economic backgrounds, maternity 

leave policies that cover mothers and children from all backgrounds may result in much greater 

benefits that could outweigh the extra costs from covering more working women. 
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Children of poor, single and low-educated working mothers are a key vulnerable 

population that was not reached by the FMLA. However, these children and their families may 

benefit the most from policies that enable their mothers to take time off work during their early 

life without substantial losses in income. These mothers are often forced to work immediately 

after childbirth, and their newborn children are then placed in low-quality childcare. Their 

children already stand at a disadvantage for their later-life opportunities as they are born into low 

socio-economic status families, and lack of maternal time during their first few months of life 

may exacerbate this disadvantage. Thus, if policymakers are concerned with decreasing 

disparities in child health and well-being between children of different backgrounds, they need to 

consider the fact that an unpaid maternity leave policy may actually increase disparities because 

it only benefits those mothers who can afford to take it. On the other hand, paid maternity leave 

policies (such as those in California and New Jersey) may allow poor, single and working 

mothers to care for their newborn children at home, to seek prompt medical care when needed, 

and to develop a closer bond with them, thereby saving their lives and improving their life 

chances from the start. 
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Table 1. Maternity Leave Policies Prior 

to FMLA in Control States 
  

State 

Number of Weeks of 

Maternity Leave 

Under State Laws in 

1989-1992 

California 12 

Connecticut 12 

District of Columbia 16 

Hawaii 6 

Maine 10 

Massachusetts 8 

Minnesota 6 

New Jersey 6 

New York 6 

Oregon 12 

Rhode Island 6 

Tennessee 16 

Washington 12 

Wisconsin 6 

Source: Han, Ruhm, and Waldfogel (2009) 
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Table 2. Summary Statistics for Selected Variables in Vital Statistics Data 
     

            

  

WHOLE SAMPLE 

CONTROL 

STATE AND PRE-

FMLA 

CONTROL STATE 

AND POST-FMLA 

TREATMENT 

STATE AND PRE-

FMLA 

TREATMENT 

STATE AND 

POST-FMLA 

  
N (whole 

sample) mean sd mean sd mean sd mean sd mean sd 

OUTCOMES                       

Birth weight in grams 5,806,085 3324.915 455.045 3318.071 456.333 3298.097 492.859 3282.944 495.475 3297.621 485.849 

5-min Apgar Score 5,109,176 8.970 0.684 8.949 0.665 8.958 0.738 8.940 0.709 8.951 0.714 

Gestation in weeks 5,787,698 39.078 2.059 38.976 2.013 39.019 2.309 38.870 2.253 38.963 2.229 

Low birth weight 

(<2500g) 5,806,085 0.074 0.192 0.075 0.194 0.079 0.216 0.083 0.221 0.079 0.213 

Total infant mortality rate 185,431 0.008 0.012 0.007 0.010 0.006 0.009 0.009 0.012 0.008 0.012 

Low Apgar score (<8) 5,109,176 0.035 0.139 0.033 0.137 0.036 0.150 0.034 0.146 0.035 0.146 

Born premature (<37 

weeks of gestation) 5,787,698 0.110 0.230 0.110 0.232 0.120 0.261 0.122 0.263 0.118 0.255 

Parity 1  5,787,041 0.348 0.393 0.351 0.373 0.348 0.376 0.345 0.397 0.350 0.399 

Parity 2 5,787,041 0.271 0.341 0.261 0.312 0.260 0.315 0.274 0.348 0.274 0.350 

Parity 3 5,787,041 0.176 0.295 0.171 0.269 0.169 0.271 0.180 0.302 0.176 0.301 

CONTROLS                       

Child is male 5,811,445 0.512 0.385 0.513 0.357 0.512 0.361 0.512 0.392 0.511 0.394 

Mom <19 yrs old 5,811,445 0.138 0.345 0.133 0.340 0.127 0.333 0.143 0.350 0.137 0.344 

Mom 19-24 yrs old 5,811,445 0.340 0.474 0.318 0.466 0.312 0.463 0.349 0.477 0.346 0.476 

Mom 25-34 yrs old 5,811,445 0.362 0.481 0.356 0.479 0.352 0.478 0.368 0.482 0.362 0.481 

Mom 35-44 yrs old 5,811,445 0.157 0.363 0.187 0.390 0.200 0.400 0.138 0.345 0.153 0.360 

Mom 45+ yrs old 5,811,445 0.003 0.056 0.005 0.074 0.008 0.086 0.002 0.041 0.002 0.049 

Mom < HS education 5,569,391 0.281 0.449 0.278 0.448 0.263 0.441 0.294 0.455 0.273 0.445 

Mom has HS education 5,569,391 0.341 0.474 0.324 0.468 0.320 0.467 0.350 0.477 0.342 0.475 

Mom has some college 5,569,391 0.227 0.419 0.230 0.421 0.242 0.428 0.217 0.412 0.232 0.422 

Mom has college degree 

or more 5,569,391 0.151 0.358 0.167 0.373 0.175 0.380 0.139 0.346 0.153 0.360 

Mom is non-Hispanic 

white 5,716,135 0.623 0.466 0.583 0.464 0.564 0.465 0.642 0.465 0.633 0.465 
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Mom is black 5,716,135 0.212 0.409 0.174 0.380 0.170 0.375 0.231 0.422 0.217 0.412 

Mom is Hispanic 5,716,135 0.080 0.232 0.103 0.246 0.122 0.269 0.062 0.210 0.077 0.233 

Mom is unmarried 5,811,445 0.406 0.491 0.421 0.494 0.439 0.496 0.381 0.486 0.416 0.493 

Unemployment rate in 

state, year, and month of 

birth 
5,811,445 5.784 1.420 6.300 1.647 5.884 1.420 6.213 1.409 5.169 1.093 

Notes: The units of observation for the summary statistics presented here are county/year/birth month/mother age/mother race/mother 

education/mother marital status cells. Analysis is based on the universe of birth records in the United States for 1989-1997. Treatment 

state = birth occurred in a state that had no maternity leave laws prior to FMLA. Control state = birth occurred in a state that had some 

kind of maternity leave law prior to FMLA. Post-FMLA = birth occurred in or after August, 1993. Pre-FMLA = birth occurred before 

August, 1993.  
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Table 3. Effects of FMLA Maternity Leave on Birth Outcomes  
    

        

OUTCOMES: DD WHOLE SAMPLE 

DDD 

WHOLE 

SAMPLE 

DDD 

COLLEGE-

ED AND 

MARRIED 

DDD LESS 

THAN 

COLLEGE 

AND SINGLE 

Birth weight in grams -3.4727 -2.7452 1.0079 1.1151 6.5037*** 9.1972** 7.1445+ 

 

(2.0805) (1.9993) (1.8492) (1.8974) (1.7878) (3.7886) (3.5631) 

N 5,806,085 5,806,085 5,806,085 5,488,302 5,483,611 671,425 2,053,113 

     

  

  Gestation in weeks -0.0230+ -0.0211+ 0.0012 0.0034 0.0173** 0.0246+ 0.0065 

 (0.0118) (0.0115) (0.0113) (0.0113) (0.0085) (0.0143) (0.0139) 

N 5,787,698 5,787,698 5,787,698 5,478,550 5,473,862 670,866 2,048,140 

 

    

  

  Low birth weight 0.0010 0.0011 -0.0000 0.0001 -0.0020** -0.0020+ -0.0023+ 

 (0.0007) (0.0007) (0.0005) (0.0006) (0.0006) (0.0010) (0.0012) 

N 5,806,085 5,806,085 5,806,085 5,488,302 5,483,611 671,425 2,053,113 

 

    

  

  Premature 0.0011 0.0010 -0.0010 -0.0010 -0.0019** -0.0029** -0.0012 

 (0.0012) (0.0011) (0.0006) (0.0006) (0.0009) (0.0014) (0.0015) 

N 5,787,698 5,787,698 5,787,698 5,478,550 5,473,862 670,866 2,048,140 

                

Controls No No No Yes Yes Yes Yes 

Year of birth fixed effects No Yes Yes Yes Yes Yes Yes 

Month of birth fixed effects 
No Yes Yes Yes Yes Yes Yes 

State fixed effects No Yes Yes Yes Yes Yes Yes 

State-specific time trends No No Yes Yes No No No 

State-year interactions No No No No Yes Yes Yes 
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Notes: The results presented here list the difference-in-difference and difference-in-difference-in-difference effects on each of the 

outcomes listed in the first column. The units of analysis are county/year/birth month/mother's education/mother's race/mother's 

age/mother's marital status cells. The difference-in-difference regressions compare births in states with and without maternity leave 

policies prior to FMLA, before and after August 1993. The difference-in-difference-in-difference regressions compare likely 

eligibles with likely ineligibles (see text for description of how eligibility was calculated using County Business Patterns data), 

before and after August 1993, across states that had maternity leave policies prior to FMLA and states that did not.  

Controls include: 1) maternal and child cell-level characteristics -- four dummies for mother's age, three dummies for mother's 

education, three dummies for mother's race, a dummy for mother's marital status at time of childbirth, the proportion of male births; 

2) county-level characteristics -- percent white population, percent black population, percent urban population, percent population 

below poverty, percent female aged 18-44 population, percent females employed, percent females married, percent females aged 25+ 

with a college degree; and 3) the unemployment rate in state, year, and month of birth.  

 

Robust standard errors are clustered on the state. All the regressions are weighted by the cell population.  

Significance levels: + p<0.10, ** p<0.05, *** p<0.001 
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Table 4. Effects of FMLA Maternity Leave on Infant Mortality  
   

        

OUTCOMES: DD WHOLE SAMPLE 

DDD 

WHOLE 

SAMPLE 

DDD 

COLLEGE-

ED AND 

MARRIED 

DDD LESS 

THAN 

COLLEGE 

AND SINGLE 

Total Infant Mortality -0.0002 -0.0001 -0.0003** -0.0003** -0.0002+ -0.0006*** 0.0000 

 

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0002) (0.0003) 

N 185,431 185,431 185,431 183,054 182,997 59,668 50,330 

Mean of dep. var. 0.008 0.008 0.008 0.008 0.008 0.006 0.009 

 

    

  

  

Infant Mortality: 28 days - 1 year -0.0000 -0.0000 -0.0001** -0.0001 -0.0001 -0.0002+ 0.0000 

 (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0002) 

N 185,431 185,431 185,431 183,054 182,997 59,668 50,330 

Mean of dep. var. 0.003 0.003 0.003 0.003 0.003 0.002 0.003 

 

    

  

  Infant Mortality: <28 days -0.0001 -0.0001 -0.0002** -0.0002+ -0.0001 -0.0003** 0.0000 

 (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0002) (0.0003) 

N 185,431 185,431 185,431 183,054 182,997 59,668 50,330 

Mean of dep. var. 0.005 0.005 0.005 0.005 0.005 0.004 0.005 

                

Controls No No No Yes Yes Yes Yes 

Year of birth fixed effects No Yes Yes Yes Yes Yes Yes 

Month of birth fixed effects 
No Yes Yes Yes Yes Yes Yes 

State fixed effects No Yes Yes Yes Yes Yes Yes 

State-specific time trends No No Yes Yes No No No 

State-year interactions No No No No Yes Yes Yes 
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Notes: The results presented here list the difference-in-difference and difference-in-difference-in-difference effects 

on each of the outcomes listed in the first column. The units of analysis are county-year-birth month cells. Cells 

with fewer than 25 births are omitted from the analysis. The difference-in-difference regressions compare infant 

mortality rates in states with maternity leave policies prior to FMLA to those in states without maternity leave 

policies, before and after August 1993. The difference-in-difference-in-difference regressions compare likely 

eligibles with likely ineligibles (see text for details of calculation of eligiblity using County Business Patterns data), 

before and after August 1993, across states that had maternity leave policies prior to FMLA and states that did not.  

Controls include: 1) maternal and child cell-level characteristics -- five categories for mother's age, four categories 

for mother's education, three categories for mother's race, mother's marital status at time of childbirth, the proportion 

of male births; 2) county-level characteristics -- percent white population, percent black population, percent urban 

population, percent population below poverty, percent female aged 18-44 population, percent females employed, 

percent females married, percent females aged 25+ with a college degree; and 3) the unemployment rate in state, 

year, and month of birth.  

The college-educated and married sample considers cells where the proportion of college-educated and married 

mothers is greater than the median in that state and year, while the less than college and single sample considers 

cells with proportions below the median. 

 

Robust standard errors are clustered on the state. All the regressions are weighted by the cell population.  

Significance levels: + p<0.10, ** p<0.05, *** p<0.001 
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Table 5. Effects of FMLA Maternity Leave on Infant Mortality – By Cause 

 

  

Deaths per 

1000 births 

from disease 

Deaths per 

1000 births 

from 

congenital 

anomalies 

Deaths per 1000 

births from 

causes 

originating in 

the perinatal 

period 

Deaths per 

1000 births 

from ill-

defined 

causes 

Deaths per 

1000 births 

from 

accidents 

Deaths per 

1000 births 

from 

homicide 

Deaths per 

1000 births 

from other 

causes 

Whole Sample DDD -0.0316 -0.0244 -0.0120 -0.1587** 0.0202 0.0177 0.0335 

 

(0.0401) (0.0568) (0.0889) (0.0545) (0.0244) (0.0158) (0.0280) 

N 182,997 182,997 182,997 182,997 182,997 182,997 182,997 

Mean of Dep. Var 0.725 1.890 3.267 1.460 0.296 0.068 0.441 

 

       College-Ed and Married 

DDD -0.0825 -0.2826** -0.0177 -0.1962** -0.0451 0.0328 0.0124 

 (0.0559) (0.0933) (0.1201) (0.0647) (0.0364) (0.0280) (0.0459) 

N 59,668 59,668 59,668 59,668 59,668 59,668 59,668 

Mean of Dep. Var 0.572 1.640 2.841 1.057 0.205 0.063 0.352 

                

Notes: The results presented here list the difference-in-difference-in-difference effects on each of the outcomes listed in the 

top row. The units of analysis are county-year-birth month cells. Cells with fewer than 25 births are omitted from the 

analysis. The difference-in-difference-in-difference regressions compare likely eligibles with likely ineligibles (see text for 

details of calculation of eligibility using County Business Patterns data), before and after August 1993, across states that had 

maternity leave policies prior to FMLA and states that did not. All regressions include all controls, year, month, and state 

fixed effects, and state-year interactions. Significance levels: + p<0.10, ** p<0.05, *** p<0.001 

Controls include: 1) maternal and child cell-level characteristics -- five categories for mother's age, four categories for 

mother's education, three categories for mother's race, mother's marital status at time of childbirth, the proportion of male 

births; 2) county-level characteristics -- percent white population, percent black population, percent urban population, 

percent population below poverty, percent female aged 18-44 population, percent females employed, percent females 

married, percent females aged 25+ with a college degree; and 3) the unemployment rate in state, year, and month of birth. 

The college-educated and married sample considers cells where the proportion of college-educated and married mothers is 

greater than the median in that state and year, while the less than college and single sample considers cells with proportions 

below the median. 

Robust standard errors are clustered on the state. All the regressions are weighted by the cell population.  
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Table 6. Effects of FMLA Maternity Leave on Parity 

    

OUTCOMES: 
DDD WHOLE 

SAMPLE 

DDD 

COLLEGE-

ED AND 

MARRIED 

DDD LESS 

THAN 

COLLEGE 

AND SINGLE 

Parity 1 0.0092** -0.0006 0.0149** 

 (0.0038) (0.0022) (0.0064) 

N 5,476,003 670,659 2,050,009 

   

  Parity 2 -0.0047** -0.0047** -0.0062** 

 (0.0017) (0.0019) (0.0028) 

N 5,476,003 670,659 2,050,009 

   

  Parity 3 -0.0031** 0.0013 -0.0035 

 (0.0011) (0.0016) (0.0030) 

N 5,476,003 670,659 2,050,009 

Notes: The results presented here list the difference-in-difference-in-

difference effects on each of the outcomes listed in the first column. 

The regressions include all controls, year, month, and state fixed 

effects, and state-year interactions. Please see notes under Table 3 

for more information about the sample, estimation details, and 

controls. Robust standard errors are clustered on the state. All the 

regressions are weighted by the cell population. 

Significance levels: + p<0.10, ** p<0.05, *** p<0.001 
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Table 7. Effects of FMLA Using Continuous Probability Measure 
  

        

  
Birth 

Weight (g) 

Gestation 

(weeks) 
LBW Premature 

Total 

Infant 

Mortality 

Infant 

Mortality: 

28 days - 

1 year 

Infant 

Mortality: 

<28 days 

WHOLE SAMPLE 27.8990 0.0284 -0.0068 -0.0068 -0.0007 0.0000 -0.0007 

 

(23.7618) (0.0571) (0.0062) (0.0045) (0.0007) (0.0003) (0.0006) 

N 5,483,611 5,473,862 5,483,611 5,473,862 182,997 182,997 182,997 

        COLLEGE-ED AND 

MARRIED SAMPLE 38.4834** 0.1039 -0.0067 -0.0148** -0.0029** -0.0015** -0.0014 

 (14.1071) (0.0813) (0.0046) (0.0069) (0.0012) (0.0006) (0.0011) 

N 671,425 670,866 671,425 670,866 59,668 59,668 59,668 

 

      

 

LESS THAN COLLEGE 

AND SINGLE SAMPLE 29.1966 -0.0482 -0.0045 -0.0032 -0.0004 0.0002 -0.0006 

 (32.1345) (0.1000) (0.0108) (0.0100) (0.0021) (0.0010) (0.0014) 

N 2,053,113 2,048,140 2,053,113 2,048,140 50,330 50,330 50,330 

Notes: The results presented here list the coefficients on the difference-in-difference effects of the 

FMLA scaled by the conditional probability of employment in a firm with 50 or more employees (as a 

proxy for FMLA eligibility) - see text equation (4) for more details. In particular, the coefficients 

represent the effect of the FMLA for any given conditional probability. All regressions include controls, 

year, month, and state fixed effects, and state-year interactions. Please refer to tables 3 and 4 for details 

about units of analysis, controls, and samples.  

 

Robust standard errors are clustered on the state. All regressions are weighted by the cell population. 

Significance levels: + p<0.10 ** p<0.05 *** p<0.001 
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Table 8. Comparing Effects of FMLA on Birth Outcomes and Infant Mortality in Big-Firm 

and Small-Firm Counties
1
 

        

  

Birth 

Weight 

(g) 

Gestation 

(weeks) 
LBW Premature 

Total 

Infant 

Mortality 

Infant 

Mortality: 

28 days - 

1 year 

Infant 

Mortality: 

<28 days 

WHOLE SAMPLE 

   Small-Firm County * 

Post * Treatment State 0.7149 -0.0037 -0.0013 0.0009 0.0020+ 0.0010 0.0009 

 

(4.3459) (0.0264) (0.0010) (0.0025) (0.0011) (0.0008) (0.0007) 

        Big-Firm County * Post * 

Treatment State 2.0436 0.0206 -0.0008 -0.0027 -0.0002 0.0001 -0.0002 

 
(6.2221) (0.0337) (0.0024) (0.0029) (0.0003) (0.0001) (0.0003) 

 
       N 5,806,400 5,788,023 5,806,400 5,788,023 185,431 185,431 185,431 

                

COLLEGE-ED AND MARRIED SAMPLE 

   Small-Firm County * 

Post * Treatment State 11.8667 0.0611 -0.0054 0.0015 0.0027 -0.0011 0.0038** 

 

(14.8911) (0.0802) (0.0039) (0.0065) (0.0022) (0.0012) (0.0018) 

        Big-Firm County * Post * 

Treatment State 14.9578+ 0.0408 

-

0.0040** -0.0043** -0.0008** -0.0004** -0.0004 

 
(8.8581) (0.0247) (0.0019) (0.0019) (0.0004) (0.0002) (0.0003) 

 
       N 680,940 679,539 680,940 679,539 50,651 50,651 50,651 

                

LESS THAN COLLEGE AND SINGLE SAMPLE  

   Small-Firm County * 

Post * Treatment State -6.5206 0.1024 -0.0034 0.0002 -0.0001 -0.0004 0.0004 

 

(17.1318) (0.0611) (0.0057) (0.0044) (0.0015) (0.0009) (0.0012) 
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Big-Firm County * Post * 

Treatment State 5.0248 0.0305 0.0010 -0.0014 0.0003 -0.0000 0.0003 

 
(7.4235) (0.0347) (0.0021) (0.0028) (0.0003) (0.0003) (0.0004) 

 
       N 2,085,200 2,079,522 2,085,200 2,079,522 60,026 60,026 60,026 

                

Notes: The results presented here list the coefficients on the difference-in-difference-in-difference 

effects of the FMLA, separately for "big" and "small" counties.  All regressions include controls, 

year, month, and state fixed effects, and state-year interactions. Please refer to tables 3 and 4 for 

details about units of analysis and samples, and to equation (3) in the text for details about estimation 

and controls. Robust standard errors are clustered on the state. All regressions are weighted by the 

cell population. Significance levels: + p<0.10 ** p<0.05 *** p<0.001. 
1 

Big-Firm counties are those that have a conditional probability of employment in a firm with 50+ 

employees greater than 0.70. Small-Firm counties are those that have a conditional probability of 

employment in a firm with 50+ employees less than 0.30. 
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Table 9. Effects of FMLA Using Unconditional Probability of Eligibility 

        

  
Birth 

Weight (g) 

Gestation 

(weeks) 
LBW Premature 

Total 

Infant 

Mortality 

Infant 

Mortality: 

28 days - 

1 year 

Infant 

Mortality: 

<28 days 

WHOLE SAMPLE 4.9278** 0.0252+ 

-

0.0021*** -0.0028+ -0.0005** -0.0001 -0.0005** 

 

(2.0877) (0.0149) (0.0005) (0.0015) (0.0002) (0.0001) (0.0002) 

N 5,474,178 5,464,434 5,474,178 5,464,434 182,895 182,895 182,895 

        COLLEGE-ED AND 

MARRIED SAMPLE 6.0616** 0.0214+ -0.0026** -0.0024** -0.0006** -0.0002 -0.0004+ 

 (2.6420) (0.0107) (0.0011) (0.0010) (0.0003) (0.0002) (0.0002) 

N 669,830 669,270 669,830 669,270 59,877 59,877 59,877 

 

      

 

LESS THAN COLLEGE 

AND SINGLE SAMPLE 5.6331+ 0.0063 -0.0012 -0.0025+ -0.0003 -0.0001 -0.0001 

 (3.2004) (0.0119) (0.0008) (0.0014) (0.0004) (0.0002) (0.0003) 

N 2,050,765 2,045,790 2,050,765 2,045,790 50,458 50,458 50,458 

Notes: The results presented here list the coefficients on the difference-in-difference-in-difference 

effects of the FMLA on each of the outcomes listed in the top row. The difference-in-difference-in-

difference regressions compare likely eligibles with likely ineligibles, before and after August 1993, 

across states that had maternity leave policies prior to FMLA and states that did not. Likely eligibility is 

calculated using the unconditional probability of employment in a firm with 50 or more employees for 

a given county and year. This probability equals the ratio of approximate employment in all firms with 

50 or more employees to the population aged 15-64 in each county and year. Counties that have ever 

had a year with population less than 1000 people over 1989-1997 are omitted. All regressions include 

controls, year, month, and state fixed effects, and state-year interactions. Please refer to tables 3 and 4 

for details about units of analysis, controls, and samples.  

 

Robust standard errors are clustered on the state. All regressions are weighted by the cell population. 

Significance levels: + p<0.10 ** p<0.05 *** p<0.001 
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Appendix Table 1. Summary Statistics by County-Year Eligibility Status 

     

County Characteristics: 

CONTROL STATE 

AND LIKELY 

INELIGIBLE 

CONTROL STATE 

AND LIKELY 

ELIGIBLE 

TREATMENT 

STATE AND 

LIKELY 

INELIGIBLE 

TREATMENT 

STATE AND 

LIKELY 

ELIGIBLE 

Percent White 88.73% 82.85% 85.01% 80.72% 

Percent Black 2.69% 9.18% 9.80% 15.87% 

Percent Female Aged 18-44 20.02% 21.82% 19.63% 21.22% 

Percent Females Aged 18-44 

Employed 50.79% 54.96% 47.82% 52.29% 

Percent Females Married 57.30% 51.68% 57.71% 53.65% 

Percent Urban 30.59% 63.51% 16.35% 43.39% 

Percent Females Aged 25+ 

College-Educated 15.26% 18.63% 12.69% 14.69% 

Percent Below Poverty Line 12.75% 11.76% 17.96% 15.13% 

Unemployment Rate 6.25% 5.95% 5.76% 5.63% 

Notes: Data on county characteristics is from the 1990 US Census, while data on the unemployment rate is 

from the BLS. Treatment states that had no maternity leave laws prior to FMLA. Control states had some 

kind of maternity leave law prior to FMLA. In every year, likely ineligible counties have the likelihood of 

employment in a firm with 50 or more employees at or below the median, while likely eligible counties have 

the likelihood of employment in a firm with 50 or more employees above the median.  
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Appendix Table 3. Placebo Effects in Difference-in-Difference Model for College-

Educated and Married Mothers 

        

  

Birth 

Weight 

(g) 

Gestation 

(weeks) 
LBW Premature 

Total 

Infant 

Mortality 

Infant 

Mortality: 

28 days - 

1 year 

Infant 

Mortality: 

<28 days 

Treatment State * 

1991 (placebo 1) -4.0925 -0.0300** 0.0014+ 0.0021** -0.0000 0.0000 -0.0001 

 

(2.7573) (0.0089) (0.0008) (0.0007) (0.0001) (0.0001) (0.0001) 

        Treatment State * 

1992 (placebo 2) -3.6875 -0.0195** 0.0009 0.0007 -0.0000 0.0002** -0.0002 

 (2.2018) (0.0083) (0.0006) (0.0008) (0.0002) (0.0001) (0.0002) 

 

      

 

Treatment State * 

1993+ (DD effect) -5.3511+ -0.0222 0.0018** 0.0002 -0.0002** -0.0000 -0.0001 

 (2.8381) (0.0163) (0.0008) (0.0011) (0.0001) (0.0001) (0.0001) 

 

       N 672,850 672,290 672,850 672,290 59,683 59,683 59,683 

Notes: The results presented here list the coefficients on the difference-in-difference 

specifications which include placebo tests for treatment effects in the two years prior to 

FMLA. All regressions include controls, year, month, and state fixed effects, and state-specific 

time trends. Please refer to tables 3 and 4 for details about units of analysis, controls, and 

samples.  

 

Robust standard errors are clustered on the state. All regressions are weighted by the cell 

population. 

Significance levels: + p<0.10 ** p<0.05 *** p<0.001 
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Appendix Table 4. Selection into Motherhood 
       

            

  

Mom 

<19 yrs 

old 

Mom 19-24 

yrs old 

Mom 25-

34 yrs old 

Mom 

35-44 

yrs old 

Mom has 

< HS 

education 

Mom has 

HS 

education 

Mom 

has 

some 

college 

Mom is 

non-

Hispanic 

white 

Mom is 

black 

Mom is 

Hispanic 

Mom is 

unmarried 

            DDD 0.0009 -0.0022 -0.0017 0.0031 0.0063 -0.0114** -0.0008 0.0030 0.0032 -0.0029 0.0015 

 

(0.0020) (0.0036) (0.0036) (0.0023) (0.0116) (0.0053) (0.0050) (0.0056) (0.0052) (0.0155) (0.0067) 

N 185,374 185,374 185,374 185,374 184,070 184,070 184,070 185,374 185,374 185,374 185,374 

                        

Year of birth 

fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Month of 

birth fixed 

effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

State fixed 

effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

State-year 

interactions Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Notes: The coefficients listed here are from difference-in-difference-in-difference regressions that use the variables listed in the 

top row as dependent variables. The units of analysis are county-year-birth month cells. Cells with fewer than 25 births are 

omitted from the analysis. All regressions control for the unemployment rate in the state, year, and month of birth. 

 

Robust standard errors are clustered on the state level. All regressions are weighted by the cell population. 

Significance levels: + p<0.10 ** p<0.05 *** p<0.001 
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Appendix Table 6. Effects of FMLA on County-Level Firm 

Size Distribution 

    
Outcome: Conditional Probability of Employment in Firm with 50+ 

Employees 

  

WHOLE 

SAMPLE 

COLLEGE-

ED AND 

MARRIED 

LESS THAN 

COLLEGE 

AND SINGLE 

Treatment State * 

Post-FMLA 0.0008 0.0007 0.0004 

 

(0.0022) (0.0017) (0.0030) 

N 5,487,100 671,783 2,054,466 

Notes: The results presented here list the coefficients on the 

difference-in-difference effects on the county-year level 

conditional probability of employment in a firm with 50 or 

more employees estimated using the CBP. All regressions 

include controls, year, month, and state fixed effects, and 

state-specific time trends. Please refer to table 3 for details 

about units of analysis, controls, and samples.  

 

Robust standard errors are clustered on the state. All 

regressions are weighted by the cell population. 

Significance levels: + p<0.10 ** p<0.05 *** p<0.001 

 



Figure 1. 

 
 

Notes: These figures plot the group-specific yearly averages for birth weight, proportion of 

births premature, and the infant mortality rate over 1989-1997. Control states had some kind of 

maternity leave polices prior to FMLA, and are listed in Table 1. 



Appendix Figure 1. 

 

Notes: This figure plots the total employment in each county and year calculated using the 

formula in the text in Section IV versus the actual total employment in the data.  

 


