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Abstract
We show that differences in childhood environments play an important role in shaping gender
gaps in adulthood by documenting three facts using population tax records for children born
in the 1980s. First, gender gaps in employment rates, earnings, and college attendance vary
substantially across the parental income distribution. Notably, the traditional gender gap in
employment rates is reversed for children growing up in poor families: boys in families in the
bottom quintile of the income distribution are less likely to work than girls. Second, these
gender gaps vary substantially across counties and commuting zones in which children grow
up. The degree of variation in outcomes across places is largest for boys growing up in poor,
single-parent families. Third, the spatial variation in gender gaps is highly correlated with
proxies for neighborhood disadvantage. Low-income boys who grow up in high-poverty, highminority areas work significantly less than girls. These areas also have higher rates of crime,
suggesting that boys growing up in concentrated poverty substitute from formal employment
to crime. Together, these findings demonstrate that gender gaps in adulthood have roots in
childhood, perhaps because childhood disadvantage is especially harmful for boys.
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A long literature has documented significant differences between men and women in earnings,
employment rates, and other outcomes in adulthood (e.g., Altonji and Blank 1999, Blau and Kahn
2000, Goldin, Katz and Kuziemko 2006, Goldin 2014). The most prominent explanations for these
gender differences focus on factors affecting the labor market, such as occupational preferences,
fertility patterns, and discrimination. A separate, more recent literature has shown that the effects of
family background and childhood environment on child development – as measured by outcomes
such as test scores, disruptive behavior, and high school graduation rates – also differ significantly
by gender (Alexander, Entwisle and Olson 2007, DiPrete and Jennings 2012, Bertrand and Pan
2013, Autor and Wasserman 2013, Autor et al. 2015). This paper connects these two literatures by
examining the role of family characteristics and childhood environment in shaping gender gaps in
adulthood.
We document three facts using population tax records for children born in the 1980s. First,
gender gaps in employment rates, earnings, and college attendance vary substantially with parent
income and marital status. Notably, the traditional gender gap in employment rates is reversed for
children growing up in poor families: boys in families in the bottom quintile of the income distribution are less likely to work than girls, especially when raised by single parents. Second, these
gender differences vary substantially across the areas (counties or commuting zones) in which
children grow up. Most of this variation reflects the causal impact of childhood exposure to neighborhoods rather than selection effects (Chetty and Hendren 2015). The variation in outcomes
across places is largest for boys growing up in poor, single-parent families. Third, the spatial
variation in gender differences is highly correlated with proxies for neighborhood disadvantage.
Low-income boys who grow up in high-poverty, high-minority areas work less than girls. These
areas also have higher rates of crime, consistent with a model in which boys with lower latent
earnings potential who grow up in environments of concentrated poverty switch from the formal
labor market to crime or other illicit activities. We conclude that gender gaps in adulthood have
roots in childhood, perhaps because poverty and exposure to disadvantaged neighborhoods during
childhood are particularly harmful for boys.
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I. Data
We use the dataset constructed by Chetty et al. (2014) to study intergenerational mobility. This
dataset is derived from a de-identified database of tax returns covering the U.S. population from
1996-2012. In our primary analysis, we focus on the “core sample” in Chetty et al. (2014),
which consists of children born between 1980-82 who are U.S. citizens as of 2013. There are
approximately 10 million children in this sample.
We identify each child’s parents as the first tax filers (between 1996-2012) who claim the child
as a dependent and were between the ages of 15 and 40 when the child was born. We define parent
income as mean pre-tax family income averaged over the 5 years from 1996-2000. For tax filers,
family income is defined as Adjusted Gross Income plus tax-exempt interest income and the nontaxable portion of Social Security and Disability benefits. For non-filers, family income is defined
as the sum of wage earnings (reported on form W-2), unemployment benefits, and gross social
security and disability benefits for both parents. In years where parents have no tax return and
no information returns, family income is coded as zero. We exclude the 1.2% of children whose
parents have zero family income between 1996-2000.
We examine three outcomes for children in adulthood: employment, earnings, and college
attendance. Employment is defined as an indicator for having a W-2 form filed on one’s behalf
at age 30. As a robustness check, we consider alternative definitions of employment that account
for non-wage earnings and self employment income using data from 1099 forms and Schedule
C of 1040 forms. Earnings is defined as the sum of earnings reported on an individual’s W-2
forms. College attendance is defined as an indicator for having one or more 1098-T forms filed by
a college when a child is between the ages of 18 and 23. See Section III and Appendix A of Chetty
et al. (2014) for further details on sample and variable definitions.
II. Gender Gaps by Parent Income
We begin by examining the cross-sectional association between children’s employment rates and
their parents’ income. Figure 1 plots men’s and women’s employment rates at age 30 (as measured by having positive W-2 wage earnings) versus their parents’ income percentile. We define
parents’ income percentiles by ranking the parents of children within each birth cohort based on
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family income. Employment rates rise rapidly with parent income for both boys and girls, but
the association between parent income and employment rates is stronger for boys. In low-income
families, there is a striking reversal of the traditional pattern that men have higher employment
rates than women. Boys have lower employment rates than girls below the 26th percentile of the
parent income distribution, and higher employment rates than girls above that point.
When we broaden the definition of employment to include non-employee compensation (Box
7, Form 1099) or self-employment income (Schedule C, Form 1040), we continue to find that the
association between parent income and employment rates is stronger for boys than girls (Appendix
Figure 1). We also find similar differences in gender gaps by parent income for recent cohorts in
the Panel Study of Income Dynamics (Appendix Figure 2).
The reversal of the gender gap in low-income families occurs only among children who grow
up with unmarried parents (Appendix Figure 3). Among children with married parents, men work
more than women across the entire parental income distribution (although the gender gap narrows
at lower parent income levels). Having unmarried parents is associated with lower employment
rates for men relative to women throughout the parent income distribution, consistent with recent
evidence that growing up in a single-parent household is particularly harmful for boys’ outcomes
during childhood (Bertrand and Pan 2013, Autor et al. 2015).
We also find a stronger association between parent income and earnings (measured in dollars
or percentile ranks) as well as college attendance rates for boys than girls (Appendix Figure 4).
Boys have higher income levels than girls throughout the parent income distribution because men
have higher earnings than women conditional on working; however, the male advantage in earnings
shrinks as parent income falls. For college attendance, the levels are reversed: girls have higher
college attendance rates than boys in recent cohorts (Goldin, Katz and Kuziemko 2006). But
once again, men raised in low-income families do especially poorly relative to women in terms of
college attendance.
These cross-sectional patterns are consistent with the hypothesis that growing up in a disadvantaged childhood environment (i.e., a low-income family) is particularly detrimental for boys
relative to girls. However, the cross-sectional correlations between parent income and gender differentials could also be driven by other factors. For example, lower income families are more
likely to be black, and black men are more likely to be incarcerated than white men. Such racial
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differences could generate the cross-sectional patterns documented above even if gender gaps in
adulthood are not influenced by the environment in which a child grows up. In the next section,
we identify the effects of childhood environment more directly by examining local area variation
in gender gaps.1
III. Geographic Variation in Gender Gaps
Children’s outcomes in adulthood vary substantially based on where they grow up (Chetty et al.
2014). Chetty and Hendren (2015) show that most of this geographic variation is due to causal
effects of childhood environment by analyzing families who move across areas. Building on these
findings, we analyze how gender gaps in adulthood vary based on where children grow up.
We characterize spatial variation at two geographic levels: counties and commuting zones
(CZs). CZs are aggregations of counties based on commuting patterns that provide a natural definition of local labor markets. We focus on the CZ-level results in the text; the qualitative patterns
across counties are very similar. We first analyze the outcomes of children of “permanent residents” of each CZ – children whose parents never move in the years we observe them (1996-2012)
– and then discuss the outcomes of children whose parents move between CZs.2
We begin with an example that illustrates the key geographic patterns. Figure 2 plots employment rates at age 30 by parent income quintile for men and women who grew up in the New York
City and Charlotte CZs.3 Employment rates for women are fairly similar in New York and Charlotte throughout the parental income distribution. Boys with high-income parents also have similar
employment rates in both CZs. In contrast, employment rates for men with low-income parents
are much lower in Charlotte than in New York. For children with parents in the bottom quintile,
boys who grow up in Charlotte are 12 percentage points (pp) less likely to be employed than girls;
the comparable gap in New York is only 3 pp.
The large differences in gender gaps between New York and Charlotte for children who grow
1 We

cannot directly control for racial differences because we do not observe race in our data. However, race is just
one of many potential unobservable factors that may confound the cross-sectional relationship between parent income
and children’s outcomes. This is why we turn to an approach that identifies the effects of childhood environment in a
manner that is not confounded by any such unobservables.
2 We assign children to CZs based on where their parents live (i.e., where they grew up) irrespective of where they
live as adults when we measure their employment rates.
3 In this figure as well as the rest of the paper, we define parent ranks in the national (rather than local) income
distribution.
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up in low-income families are representative of the variation across CZs more generally. Figure
3 presents a CZ-level map of the male-female difference in employment rates for children with
parents in the bottom quintile of the national distribution (see Appendix Figure 5 for analogous
county-level maps). In the top decile of CZs (the lightest color on the map), boys who grow up
in poor families have employment rates that are around 10 pp higher than girls; in the bottom
decile, women are 10 pp more likely to work than men. Boys have particularly low employment
rates relative to girls in the South and Midwestern cities such as Milwaukee and St. Louis; boys
have very high employment rates relative to girls in the Mountain states and parts of Texas.4 The
CZ-level data show that the aggregate gender gaps plotted in Figure 1 mask substantial variation
across areas. In particular, the “reversal” of the gender gap in poor families is far from a universal
pattern throughout the U.S.
To quantify the degree of spatial variation in employment rates across the parental income
distribution more systematically, we calculate the population-weighted standard deviation (SD) of
employment rates across CZs for males and females in each parent income quintile (Appendix
Figure 6).5 For girls, the SD of employment rates is approximately 3 pp at all levels of parent
income. For boys, the SD of employment rates across CZs falls sharply from 5 pp at the bottom
of the parental income distribution to 2 pp at the top. These results show that – consistent with the
patterns observed in the New York vs. Charlotte comparison – the spatial variation in gender gaps
is much larger for children growing up in poor families, and the majority of this variation comes
from differences in employment rates of boys rather than girls. The variation in employment rates
across CZs is particularly large for boys who grow up in single-parent households. For boys with
parents in the bottom quintile of the household income distribution, the SD of employment rates
across CZs is 5.5 pp for those with unmarried parents and 3.4 pp for those with married parents
(Appendix Figure 7).
Importantly, Chetty and Hendren (2015) show that most of the variation in children’s outcomes
across CZs reflects the causal effects of childhood environment rather than differences in the types
4 See Appendix Table 1 for a list of CZs with the largest and smallest gender differences in employment rates
for children in low-income families among the 100 most populous CZs. The differences range from a 9.8 pp higher
employment rate for men relative to women in Salt Lake City, UT to a 16 pp lower employment rate for women relative
to men in Richmond, VA.
5 When computing these standard deviations, we exclude the portion of the variation due to estimation error by
subtracting the noise variance – estimated as the mean standard error squared – from the total variance of employment
rates across CZs.
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of people living in different areas (selection effects). They establish this result by showing that
the outcomes of children who move to a given CZ converge in expectation to the outcomes of
the permanent residents of that CZ in proportion to the number of years that the child grows up
there. Moreover, Chetty and Hendren show that there is gender-specific convergence in outcomes
in proportion to exposure time. When a family with a daughter and son moves to a place where
boys do especially well, their son does better than their daughter in direct proportion to the number
of years they spend growing up in the new area. Combining the findings of Chetty and Hendren
(2015) with the results reported above, we conclude that gender gaps in adulthood are shaped by
the neighborhoods in which children grow up.6
IV. Correlates of Gender Gaps
What are the characteristics of areas that produce lower employment rates for low-income boys
relative to girls in adulthood? In Figure 4, we correlate the male-female gender difference in
employment rates for children with parents in the bottom quintile with various CZ-level characteristics: the fraction of black residents, measures of racial and income segregation, properties of the
income distribution, the quality of the K-12 education system, proxies for social capital, measures
of family structure, local tax rates, local college attendance and affordability, labor market characteristics, and migration flows. These variables are taken directly from Chetty et al. (2014, Figure
VIII); see Appendix G of that paper for definitions and data sources for each variable.
Figure 4 plots point estimates of the magnitude of each univariate correlation (populationweighted) along with 95% confidence intervals, with standard errors clustered by state. The sign
of the correlation is shown in parentheses next to each variable. Boys have lower employment
rates than girls in areas with three characteristics: (1) a larger fraction of black residents, (2)
greater residential segregation, as measured by Theil indices of racial and income segregation from
Reardon (2011), and (3) less stable family structures, as measured by the fraction of single mothers
and marriage rates. The association between all of these factors and gender gaps is stronger for
children growing up with single parents rather than married parents (Appendix Table 2).
When the three strongest predictors of gender gaps are included together in a multivariable
6 The

fact that children’s outcomes vary with the number of years they are exposed to a given area during childhood
shows where a child grows up (rather than where he or she works as an adult) matters for gender gaps in adulthood.
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regression, income segregation and fraction black continue to predict the gender gap, while the
fraction of single parents loses significance (Appendix Table 3, Panel A). Segregation and the fraction of black residents also predict the variation in gender gaps within states in a specification that
includes state fixed effects. We also find similar results when we examine the gender gap in income
ranks rather than employment rates (Appendix Table 3, Panel B). Finally, when we calculate the
gender gap using Chetty and Hendren’s (2015) estimates of the causal effect of growing up in each
CZ based on families who move (Appendix Table 3, Panel C), we find that boys who grow up in
more segregated areas do worse than girls (see Appendix A for further details on this analysis).
This last finding shows that the correlation between segregation and gender gaps is largely driven
by the causal effect of growing up in a more segregated area rather than differences in the types of
families who live in such areas.7
In sum, there is robust evidence that boys who grow up in poor families in highly segregated
neighborhoods – i.e., environments of concentrated poverty – have much lower employment rates
than girls who grow up in the same environment. One potential explanation for this result is that
growing up in poverty may induce low-ability boys to switch from formal employment to crime
or other illicit activities, perhaps because of lower perceived returns to work (Kearney and Levine
forthcoming). Since women have a much lower latent propensity to enter the criminal sector
than men, this mechanism would generate differential impacts by gender. Consistent with this
explanation, we find that CZs with higher levels of income segregation also have higher rates of
crime (correlation = 0.27).
V. Conclusion
This paper has shown that childhood disadvantage – growing up in a poor family, a single-parent
family, or a neighborhood with concentrated poverty – has particularly negative long-term effects
on boys relative to girls. Understanding why boys are more vulnerable than girls – and how one
can mitigate these effects – is a key area for future research.
More generally, our findings illustrate that gender gaps in adulthood can be better understood
7 Using

the causal estimates based on movers makes the correlation between the fraction black and the gender gap
weaker. This suggests that the strong correlation between the fraction of black residents and male-female differences
in employment rates for permanent residents in Figure 4 may be driven primarily by selection effects (e.g., black boys
who grow up in poor families have lower employment rates independent of neighborhood effects).
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by starting one’s analysis from childhood. For example, the secular decline in male labor force
participation rates in the U.S. has been attributed to factors such as the aging of the population,
changes in industrial structure, and globalization. Our findings suggest that part of the explanation
may instead lie in the growth of residential segregation, income inequality, and the fraction of
children raised in single-parent households – all factors associated with lower employment rates for
boys relative to girls. To facilitate further analysis of this and other questions on gender differences,
we have made statistics on employment rates and other outcomes by gender and parent income
quintile publicly available by county and commuting zone on the Equality of Opportunity Project
website.
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Appendix A. Panel Study of Income Dynamics: Sample and Variable Definitions
Appendix Figure 2 examines the relationship between parent income and children’s employment rates by gender using the Panel Study of Income Dynamics (PSID).8 To construct this sample, we use the family and individual files from the PSID, as well as a spine from the PSID which
matches parents to children.
We define income as total labor income until 1993; after 1993, we define income as total labor
income excluding farm and business income, which is the primary definition of labor income in
the PSID after 1993. We compute the income of each parent as their average labor income from
ages 30 to 50 (or whatever subset of those ages for which they are in the sample). We use a longer
average in the PSID than we do in the tax data (where we average income over 5 years) to account
for the greater degree of measurement error in the PSID, as discussed in Chetty et al. (2014). We
define parent family income as the sum of the father’s and mother’s average income.
We define an indicator for the child’s employment based on their response at age 30 to the
employment status question. We consider a child employed if they answer that they are “working
now” or “temporarily laid off” when asked about their employment status. A few children appear
twice at age 30 due to the timing of the PSID survey; we assign these children a single observation
where their employment is defined as the average of the two observed values of employment.
Some children who are interviewed at age 30 are not asked the employment question (e.g., due
to institutionalization); these children are coded as unemployed to match our definition in the tax
data. In addition, employment in adulthood is not observed for many children due to attrition from
the sample. We code these observations as missing and exclude them from our analysis.
Appendix B. Correlates of Gender Gaps: Permanent Residents’ Outcomes vs. Causal Effects
This appendix discusses the analysis in Appendix Table 3, which correlates selected CZ characteristics with different estimates of gender gaps.
8 We

are grateful to Alex Bell for suggesting and helping us implement the comparison to the PSID.
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Motivation. In Figure 4 of the paper, we present correlations of gender differences in employment rates for children who grew up in different CZs with a range of characteristics of those CZs.
These correlations with gender differences could reflect either the causal effect of growing up in
CZ with certain characteristics or sorting of different types of families to such CZs. For instance,
families who live in high-poverty neighborhoods might have different characteristics that lead to
worse outcomes for boys relative to girls, which would lead to the observed correlation even if
growing up in a high-poverty CZ does not have differential causal effects by gender. To address
this problem, one must correlate characteristics such as poverty rates with estimates of the causal
effect of growing up in each CZ on gender gaps.
Estimates of Causal Effects. Chetty and Hendren (2015) estimate gender-specific causal effects
of spending an additional year growing up in each CZ by analyzing families who move across CZs.
Their estimates are identified from differences in the ages at which children move to different CZs.
Intuitively, if children who move from New York to Boston do better as adults the earlier they
move, one can infer that growing up in Boston has a positive causal effect relative to New York.
Building on this logic, Chetty and Hendren (2015) estimate a fixed effects model that identifies
the causal effect of spending an additional year of childhood in each CZ on earnings in adulthood,
separately for boys and girls. We multiply these annual exposure effect estimates by 20 to obtain
an estimate of the causal effect of growing up in each CZ from birth.
Note that Chetty and Hendren (2015) do not compute causal effects on employment rates for
children who grow up low-income families. Instead, they estimate effects on individual income
ranks at age 26 for children whose parents are at the 25th percentile of the parental income distribution. Individual income is defined as the sum of individual W-2 wage earnings, UI benefits, SSDI
payments, and half of household self-employment income (see Online Appendix A of Chetty et al.
(2014) for details). We translate this income measure into percentile ranks (scaled from 0-100) by
ranking children relative to other children in the same birth cohort.
Since estimates of causal effects for employment rates are not available, we first compare
results for employment rates and individual income ranks in the sample of permanent residents
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(non-movers) and then turn to the causal effect estimates. In the interest of space, we focus on
three of the strongest predictors of gender gaps in employment rates: segregation of poverty, the
fraction of black residents in the CZ, and the fraction of single parents.
Results for Employment Rates at Age 30. In Panel A of Appendix Table 3, we regress gender
differences (male - female) in employment rates at age 30 for children with parents in the bottom
income quintile on the three CZ-level characteristics. Each covariate is standardized to have mean
0 and standard deviation of 1 in the full sample, so the regression coefficients can be interpreted
as the effect of a 1 SD increase in the covariate on the male-female difference in employment
rates (measured in percentage points). The sample used to estimate these regressions consists of
children whose parents never moved across CZs, as in Figure 3.
Columns 1-3 report estimates from univariate regressions, replicating specifications reported
in Appendix Table 2. Boys who grow up in areas with greater segregation, a higher fraction of
African Americans, or more single parents have lower employment rates than girls who grew up
in the same areas. Column 4 includes all three of these variables in a multivariable regression.
Both segregation and the fraction black continue to have a significant relationship with the gender
difference in employment; however, the coefficient on the fraction of single parents falls and is
no longer significantly different from zero. Column 5 adds state fixed effects and shows that both
segregation and the fraction black remain significant predictors of the gender gap in employment
across CZs within states.
Results for Income Ranks at Age 26. Next, we show that the pattern of correlations is similar
when measuring children’s outcomes using their income rank at age 26, as in Chetty and Hendren
(2015), instead of employment rates at age 30. Panel B of Appendix Table 3 replicates the specifications in Panel A, changing the dependent variable to the gender difference in mean individual
income rank at age 26 for children with parents at the 25th percentile of the national income distribution. These mean ranks are estimated as in Chetty et al. (2014) using linear regressions of
children’s percentile ranks on parent ranks.
Once again, we find that areas with greater segregation, a higher fraction of African Americans,
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and more single parents have better outcomes for women relative to men. For example, a one
standard deviation increase in the segregation of poverty is associated with a 3 percentile reduction
in men’s expected rank relative to women who grow up in the same areas. In the multivariable
regression in Column 4, both segregation and the fraction black have a significant relationship
with the gender difference in individual income ranks. However, the coefficient on the fraction of
single parents is positive but not statistically significantly different from zero, similar to the result
for employment rates at age 30. Adding state fixed effects in Column 5 does not change these
results. In short, the correlates of the gender gap in individual income ranks at age 26 are very
similar to those observed for employment rates at age 30.
Results for Causal Effects on Income Ranks at Age 26. Finally, in Panel C, we turn to the
correlates of the gender gap in causal effects estimated based on the outcomes of children whose
families moved across CZs. We replicate the same specifications as in Panel B, changing the
dependent variable to the gender difference in the causal exposure effect estimates reported in
Chetty and Hendren (2015) for children with parents at the 25th percentile (multiplied by 20 to
obtain the effect of 20 years of exposure).
Consistent with the pattern seen for the permanent residents in Panel B, we find that a one standard deviation increase in the segregation of poverty is associated with a 2.5 percentile reduction
in men’s expected rank relative to women who grow up in the same areas. The coefficient on segregation remains quite stable even when controlling for the fraction of black residents and single
parents (Column 4) and including state fixed effects (Column 5). Hence, there is robust evidence
that growing up in an area with greater segregation produces worse economic outcomes for men
relative to women in low-income families.
In contrast, using the causal estimates of the gender gap yields smaller coefficients on the
fraction black and fraction single parents relative to the specifications for permanent residents in
Panel B. This suggests that some of the correlation between permanent residents’ outcomes with
the fraction black and single parents is driven by sorting (selection effects) rather than a correlation
with the causal effect of childhood exposure to such areas.
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