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Abstract
Joint custody reforms are among the most consequential family-law changes for children, 
yet little is known about their long-term effects. Exploiting staggered adoption across US 
states and 13 million ACS observations, we show that childhood exposure reduces adult 
fertility by 7 percent, symmetrically for women and men and operates primarily through 
lower parenthood and couple formation. Effects are sub-additive within couples, while 
exposed individuals assortatively match. Our findings point to the formation of family 
preferences during childhood and align with a US fertility decline increasingly driven by 
rising childlessness and declining couple formation rather than smaller families among 
parents.
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1 Introduction

Fertility in the United States has fallen from nearly 3.0 children per woman in the 1960s

(Hamilton and Ventura, 2006) to 1.6 in recent years (Osterman et al., 2026), with no sign

of reversal. Two features of this decline stand out. First, it is concentrated at the extensive

margin: Kearney et al. (2022) show that between 2007 and 2020 first births fell by 5.7 per

1,000 women of childbearing age, second births fell by half that amount, and higher-order

births barely moved, so rising childlessness matters more than smaller completed families.

Second, the decline has coincided with a retreat from couple formation: the share of

women who were never married rose from 19% in 1960 to 32% in 2025, and the median

age at first marriage rose from 20.3 in 1960 to 28.4 in 2025 (U.S. Census Bureau, 2025).

Standard economic and policy explanations account for little of this. Kearney et al.

(2022) examine ten state-level determinants—unemployment, welfare generosity, minimum

wages, child-support enforcement, contraceptive access, abortion restrictions, and Medicaid

policy—and find they jointly explain only 6.2 percent of the decline; childcare and housing

costs, student debt, contraceptive technology, and declining religiosity fare no better.

They conclude that the explanation is unlikely to be a contemporaneous policy or price

shock and instead point to “shifting priorities” across cohorts.1

One source of such cohort-level shifts is the childhood family environment. Children

partly form beliefs about the roles of men and women by observing their parents, and

these early experiences can persistently shape family attitudes, labor supply, and the

division of market and household work in adulthood (Fernandez et al., 2004; Farré and

Vella, 2013; Nollenberger et al., 2016; Olivetti et al., 2020; Sanz-de Galdeano et al., 2022;

Hara and Rodŕıguez-Planas, 2025). The family may thus be a key setting through which

preferences are transmitted across generations.

Legal institutions can shape this environment by affecting how parents divide time and

responsibilities after separation. Many U.S. states have adopted reforms promoting joint

custody (JC), under which children spend substantial time living with both parents post-

1A large literature emphasizes rising female labor-force participation, education, delayed marriage,
and changing social norms (Goldin and Katz, 2002; Goldin, 2006; Baudin et al., 2015; Greenwood et al.,
2016).
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divorce, and existing work shows custody rules affect parental involvement, intrahousehold

bargaining, and other post-divorce outcomes (Halla, 2013, 2015; Adams et al., 2025;

Fernández-Kranz et al., 2021; Fernández-Kranz and Nollenberger, 2022). This literature,

however, focuses on the immediate effects of custody reform on parents or children during

childhood; much less is known about long-run effects on exposed children’s own fertility

and family-formation decisions.

This paper asks whether childhood exposure to pro-JC laws affects family formation

in adulthood. A central feature of these reforms is that they reshaped childrearing

asymmetrically, increasing fathers’ caregiving while reducing mothers’ burden. Growing

up under such a regime could shape children’s later family-formation preferences through

two channels. A gendered channel, in which children model themselves on the same-sex

parent, would affect sons and daughters differently, since the reform moves mothers’ and

fathers’ roles in opposite directions. A common-environment channel, operating through

the broader family and normative environment—and extending beyond children whose

own parents separate, since JC laws also affect intact families (Halla, 2015)—would instead

produce symmetric responses across sexes. We test these predictions using variation in

the timing of JC adoption across U.S. states, with most reforms occurring between 1977

and 1990.

We combine this policy variation with American Community Survey (ACS) data,

which record respondents’ states of birth and so allow us to assign childhood JC exposure.

Our sample of more than 13 million individuals aged 25–50 provides ample power to study

fertility outcomes and to link co-resident spouses for couple-level analysis. We estimate

causal effects with the imputation-based difference-in-differences estimator of Borusyak et

al. (2024), which addresses the biases of conventional two-way fixed-effects models under

staggered adoption and heterogeneous treatment effects (Goodman-Bacon, 2021; Sun and

Abraham, 2021; Callaway and Sant’Anna, 2021a).

Childhood exposure to JC laws reduces fertility, lowering the probability of parenthood

by 3.4 percentage points for women and 2.4 for men—about 5.5 percent of the sample

mean in each case—with effects that grow monotonically with exposure length: those
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exposed for their entire childhood are 5 to 7 percentage points less likely to become

parents, roughly twice the pooled average effect. This cumulative pattern points to a

gradual process of preference formation rather than a discrete response to the reform

itself.

The decline operates through two channels. Exposed cohorts are less likely to form

a couple, with the probability of remaining single rising by about 1.2–1.3 percentage

points (up to 1.6 for the college-educated); and among married couples, exposure reduces

the number of children by about 0.09, a 5–6 percent reduction. A back-of-the-envelope

decomposition attributes two-thirds (men) to three-quarters (women) of the total reduction

to this extensive margin—whether one becomes a parent at all—with the remainder from

smaller families among parents.

A central finding is the symmetry of this response across sexes, which suggests the

decline is not driven solely by gendered channels such as women’s labor-market oppor-

tunities or bargaining power. Consistent with this, we find no economically meaningful

effect of exposure on adult labor force participation, ruling out a simple reallocation of

time from home to market work.

At the couple level, both spouses’ exposure predicts lower fertility, but sub-additively:

one exposed partner is largely sufficient to lower the couple’s fertility, and a second adds

little—consistent with models in which the less-willing partner holds an effective veto over

additional births (Doepke and Kindermann, 2019). We also document positive assortative

matching on exposure: a sorting coefficient of 0.84 implies that exposed individuals partner

with one another about 2.3 times more often than age, education, and the population

margins would predict, consistent with exposure shifting preferences that bear on partner

choice.

Finally, the fertility effects are concentrated in states with more traditional gender

norms, measured by the state-level Gender-Career Implicit Association Test (Charlesworth

et al., 2023): the effect for women is −0.030 in high-IAT states, more than twice the

(insignificant) −0.013 in low-IAT states. This is consistent with JC reforms representing a

larger departure from prevailing expectations, and hence generating larger preference shifts,
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where those expectations are strongest. The effects do not, by contrast, vary systematically

with state divorce rates, suggesting the mechanism operates through broader normative

spillovers and not only through direct exposure to parental divorce.

This paper contributes to two literatures. First, it relates to work on the formation

and transmission of gender norms (Bertrand et al., 2015; Angelov et al., 2016; Kleven

et al., 2019, 2024; Rafols, 2025; Zhang et al., 2024; Farré and Vella, 2013; Farré et al.,

2023; Nollenberger et al., 2016; Sanz-de Galdeano et al., 2022; Hara and Rodŕıguez-Planas,

2025; Fernandez et al., 2004), which has focused mainly on parental labor supply and

cultural transmission within families; we show that legal institutions governing family

arrangements can likewise shape childhood expectations with consequences that persist

into adulthood. Second, it contributes to the literature on family-law institutions, which

has shown that custody laws, unilateral divorce, and parental leave affect parental behavior

following separation (Halla, 2013, 2015; Stevenson, 2008; Fernandez and Wong, 2014;

Patnaik, 2019). We extend this work by showing that the effects of family-law institutions

can extend well beyond the immediate context of divorce, shaping the family-formation

decisions of the next generation.

2 Empirical Strategy

A growing body of research exploits staggered policy adoption across regions and birth

cohorts to identify long-run effects of early-life conditions on adult outcomes (Hoynes

et al., 2016; Almond and Currie, 2011). We follow this approach, leveraging the fact

that U.S. states adopted JC laws at different times, mostly between 1977 and 1990 (see

Figure 1). The resulting variation in childhood exposure across state–birth-year cells is

plausibly exogenous to individual choices. We define exposure broadly as being raised

in a state that adopted pro-JC laws, regardless of whether one’s own parents divorced,

capturing both direct and indirect effects of the reforms. Our identifying assumption

is that, conditional on cohort and state-year fixed effects, the timing of JC adoption is

uncorrelated with unobserved determinants of adult fertility. We assess this via pre-trend
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tests.

Figure 1: Year of Joint Custody (JC) Law Adoption by US State
Notes:

The map shows the year in which each US state adopted legislation establishing joint
custody as the legal presumption in custody arrangements following separation. States in
grey did not adopt such legislation during the study period. Source: Authors’ compilation
from state statutes.

2.1 American Community Survey

We use the American Community Survey (ACS), pooling the 2003–2019 samples from

IPUMS-USA (Ruggles et al., 2025). The ACS records each respondent’s state of birth,

allowing us to assign childhood JC exposure based on the actual state of childhood. Its

large sample size—about 6.6 million women and 6.4 million men aged 25–50—provides

precise estimates of fertility and allows us to link co-resident spouses for couple-level

analyses.

We restrict the sample to U.S.-born adults aged 25–50, the ages when childbearing

is concentrated. Our primary fertility outcome is an indicator for having at least one

resident child (the extensive margin). For couple-level analyses, we link each married or

cohabiting respondent to their spouse’s or partner’s characteristics, including age, state

of birth, education, and race, allowing us to assign each partner’s childhood exposure.

Table 1 reports summary statistics: about 55% of women and 53% of men are married,
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61% of women and 47% of men have at least one resident child, and the average number

of resident children is 1.2 and 0.9, respectively.

Table 1: Descriptive Statistics - Pooled ACS Sample

All Women College Women All Men College Men

A. Sample characteristics

Observations 6,598,562 2,424,017 6,437,960 1,971,404
Age (mean, years) 37.6 37.2 37.5 37.6
White (%) 78.3 84.1 79.7 86.7
Employed (%) 73.6 83.6 81.8 92.8

B. Marital status (%)

Married 55.0 62.0 52.5 62.4
Cohabiting 8.1 6.7 8.8 6.8
Divorced or separated 13.5 8.7 10.1 5.9
Widowed 1.0 0.5 0.4 0.2
Never married 22.5 22.1 28.2 24.7

C. Fertility

Has resident children (%) 61.3 55.9 46.9 50.1
Number of resident children 1.21 1.08 0.94 1.02

Notes:

ACS 2003–2019, U.S.-born adults aged 25–50 (IPUMS-USA). College denotes a bach-
elor’s degree or above. Cohabitation is identified from the presence of an unmarried
partner in the household, and the marital-status categories are mutually exclusive
(cohabitors are separated out of the other categories). Employed is the share with
employment status “employed.” Has resident children and Number of resident children
count own children living in the household. All statistics are weighted by ACS person
weights.

2.2 Difference-in-Differences with Staggered Policy Adoption

We exploit the staggered adoption of JC laws across states to estimate the effect of

childhood exposure on adult fertility. For an individual born in state s in year b, let JCs

denote the year state s enacted a pro-JC law. We define the fraction of childhood spent

under JC as:

Esb =
1

18
max(0,min(18, b+ 18− JCs)), (1)

where childhood spans birth through age 18. Esb equals zero for cohorts who turned 18

before the reform, one for cohorts born in or after the reform year, and increases linearly
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in between.

To estimate the effect of JC exposure on fertility, we rely on the imputation-based

difference-in-differences estimator developed by Borusyak et al. (2024). This estimator

addresses the well-documented problems of conventional two-way fixed effects (TWFE)

regressions with staggered adoption and heterogeneous treatment effects, including negative

weighting and spurious identification of long-run effects (Callaway and Sant’Anna, 2021a;

Goodman-Bacon, 2021; Sun and Abraham, 2021).

We collapse the ACS microdata to cells defined by state of birth, birth year, sex,

education, race, and survey year, weighting each cell by the sum of person weights.

The imputation estimator then proceeds in three steps. First, using only untreated

observations—those from never-adopting states (Washington and West Virginia) as well

as cohorts born before the reform within ever-adopting states—we estimate a flexible

model of potential outcomes without treatment:

Ysbt = αs + γb + λs×t +X′
sbtβ + εsbt, (2)

where Ysbt is the fertility outcome for cell sbt. We include state-of-birth fixed effects

(αs), birth-cohort fixed effects (γb), and state-of-birth × survey-year fixed effects (λs×t)

to absorb persistent differences in fertility across states and cohorts. Xsbt includes

demographic controls such as age, race, and education. Second, we impute the untreated

potential outcome for each treated observation using the estimated parameters, yielding

τ̂sbt = Ysbt − Ŷsbt(0). Third, we aggregate these observation-specific effects into the

average treatment effect on the treated (ATT) by taking a weighted average with weights

corresponding to our estimand.

The imputation estimator provides a built-in test of the parallel-trends assumption by

computing a joint F -test of the null hypothesis that all pre-treatment cohort coefficients

are zero (Borusyak et al., 2024). We report the ATT for each outcome and indicate with

a dagger (†) those specifications where the pre-trend test rejects the null hypothesis of

parallel trends at the 5% level. We also present event-study graphs that display the

dynamic treatment effects across horizons, allowing us to visualize how the fertility effects
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evolve with the length of childhood exposure and to confirm the absence of pre-trends.

Standard errors are clustered at the state level throughout. We estimate all models

separately by sex and education to explore heterogeneity in the fertility response.

A potential concern in staggered designs is that the set of states identifying each

post-reform horizon may shift as late-adopting states drop out at longer horizons and

early adopters at shorter ones. In our setting, this concern is quantitatively minor. Of

the 49 treated states (all states and D.C. except the two never-adopters), 45 contribute

to every post-reform horizon up to 17 years. The number of identifying states remains

48–49 through horizon 15 and falls only to 47 at horizon 16 and 45 at horizon 17. Only

four late-adopting states are ever horizon-limited, and the weighted share of the treated

sample at each horizon is stable at roughly 5–6%. Thus, our event-study trajectories are

identified off a nearly constant set of states.

3 Childhood JC Exposure and Adult Fertility

Panel A of Table 2 presents our main estimates of the effect of childhood exposure to

JC laws on the probability of parenthood. Our imputation estimator exploits a binary

staggered adoption design: an individual is treated if they turned 18 after their state

adopted JC, meaning they were exposed during at least part of childhood. The ATT thus

summarizes the average effect of any childhood exposure across all treated cohorts. To

better understand the effects on individuals with varying exposure lengths, we complement

this analysis with the event-study dynamics displayed in Figure 2, which reveal how the

fertility response varies with the length of childhood exposure. The event-study design also

allows for a visual inspection of the parallel-trends assumption: the pre-trend coefficients

for both men and women are tightly clustered around zero, supporting the common-trends

assumption and reinforcing our causal interpretation.

Panel A of Table 2 shows that childhood exposure to JC reduces parenthood for

both women and men. The ATT is −3.4 percentage points for all women and −3.2 for

college-educated women, compared with −2.4 for all men and −2.7 for college-educated
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men. These smaller percentage-point effects for men reflect their lower baseline parenthood

rate—47 percent versus 61 percent for women. Relative to baseline, exposure reduces

parenthood by a similar 5–6 percent across all four groups, indicating a broadly symmetric

fertility response by sex. The symmetry across genders, together with the absence of any

economically meaningful effect on adult labor force participation (Appendix Table A1),

suggests that the fertility decline reflects a broader shift in preferences for family formation

rather than a reallocation of time from home to market work.

However, the pooled ATT masks substantial heterogeneity across cohorts with different

exposure lengths. Figure 2 reveals that the post-reform coefficients decline steadily and

monotonically as the number of years of childhood exposure increases. For cohorts with

the longest exposure—those who spent their entire childhood (ages 0–17) under the JC

regime, represented by the t+ 17 horizon—the reduction in the probability of parenthood

reaches approximately 5 to 7 percentage points — 11-12% relative to baseline. This is

roughly twice the size of the pooled ATT, implying that the average effect is diluted by

cohorts with limited exposure. This rescaling is stable across the reproductive-age range:

dividing the ATT by the average childhood exposure within each age subsample yields a

nearly constant implied full-exposure effect (Appendix Table A2), so the pooled estimate

is representative of all ages rather than driven by particular cohorts—the smaller raw

ATT in older subsamples simply reflects that older cohorts spent less of childhood under

the law. The gradual, cumulative nature of the decline—building up over the years of

childhood—is consistent with a causal mechanism operating through gradual preference

formation during the formative years, rather than a sharp break at the reform date.

This accumulation could arise from two complementary channels: the broader normative

influence of growing up in a state with pro-JC laws, and the increased probability of

directly experiencing shared physical custody if one’s parents divorced under the new

regime.
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Table 2: Childhood JC Exposure and Adult Family Formation

All Women College Women All Men College Men

Panel A: Fertility

Pr(parenthood) −0.034∗∗

(0.016)

−0.032∗

(0.017)

−0.024∗∗

(0.011)

−0.027∗∗

(0.011)

Panel B: Couple formation

Single 0.013∗∗∗

(0.005)

0.013∗∗

(0.006)

0.012∗∗

(0.005)

0.016∗∗∗

(0.006)

Cohabiting 0.002

(0.003)

0.001

(0.003)

0.001

(0.003)

0.001

(0.003)

Married −0.007∗

(0.004)

−0.011

(0.008)

−0.012∗∗

(0.005)

−0.018∗∗

(0.007)

Divorced −0.006∗∗

(0.003)

−0.004

(0.002)

0.000

(0.002)

0.003∗∗

(0.002)

Observations 165,953 45,721 166,113 43,417

Notes:

ATT from the Borusyak et al. (2024) imputation estimator, ACS 2003–2019, U.S.-
born adults aged 25–50, with childhood joint custody exposure assigned from the
state of birth. Panel A reports the effect on the probability of having at least one
resident child. Panel B reports effects on marital status categories, which are mutually
exclusive (cohabitors are separated out). Fixed effects: state of birth, survey year,
birth cohort, state×year, race, education, and age; standard errors clustered on state
of birth. No pre-trend test rejects at the 5% level for any of the reported estimates.
∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

We turn next to a more detailed investigation of the potential pathways through which

childhood JC exposure affects fertility. First, we examine whether the fertility decline

operates through reduced couple formation, lower childbearing within unions, or both.

Second, we disentangle the effects of own versus spouse exposure to understand whether

it is the respondent’s own childhood environment or that of their partner that matters.

Third, we assess the contribution of assortative matching on childhood exposure to family

formation. Fourth, we compare states with high and low divorce rates to shed light on

whether the effects are driven primarily by the broader normative environment or by

direct exposure to shared physical custody following parental divorce. Finally, we explore

heterogeneity by state-level gender norms, using Implicit Association Test (IAT) scores

to test whether the effects are stronger in states where traditional gender roles are more
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deeply entrenched.

(a) All Women (b) Married Women

(c) All Men (d) Married Men

Figure 2: Event Study: Effects of Childhood JC Exposure on Family Formation
Notes:

Event-study coefficients from the Borusyak et al. (2024) imputation estimator on the ACS 2003–2019,
with childhood joint custody exposure assigned from the state of birth. Event time is ksb = b+ 18− JC s;
reference category k = −1. Fixed effects: state of birth, survey year, birth cohort, state×year, race,
education, age. Panels (b) and (d), sample restricted to currently married individuals. Dependent
variables: Panels (a) and (c), indicator for at least one resident child; Panels (b) and (d), number of own
resident children. Shaded bands are 95% confidence intervals; standard errors clustered on state of birth.

4 Decomposing the Fertility Response

The fertility reduction could operate through two distinct channels: (i) reduced cou-

ple formation—exposed individuals are less likely to marry or cohabit—or (ii) reduced

childbearing within existing unions. We explore each in turn.

4.1 Couple Formation

Panel B of Table 2 examines whether childhood JC exposure affects the likelihood of

forming a couple. The results show a clear shift away from marriage and toward singlehood.
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Exposure increases the probability of being single by 1.3 percentage points for all women

and 1.2 to 1.6 percentage points for men. Conversely, it reduces the probability of being

married by 0.7 to 1.8 percentage points, with the largest and most precisely estimated

effects among men. Cohabitation is essentially unchanged—the point estimates are near

zero and never statistically significant—so the decline in marriage is not offset by a move

into informal unions. Divorce rates also move little, suggesting that the lower marriage

rate reflects fewer marriages forming rather than more dissolving.

4.2 Childbearing Within Unions

Table 3 shows the resuls of estimating the effect of childhood JC exposure on the number

of children among married and cohabiting couples. Among married individuals, exposure

significantly reduces the number of children by 0.075 to 0.091 at full exposure—roughly a

5 to 6 percent reduction relative to the married-couple mean of about 1.5 children. The

effect is statistically significant for all four groups, including men, implying that both the

wife’s and the husband’s childhood exposure lower the couple’s fertility. Among cohabiting

couples, the estimates are also negative but smaller and statistically insignificant, likely

reflecting the smaller sample size and the lower stability of cohabiting unions.
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Table 3: Childhood JC Exposure and the Number of Children Within Unions

All Women College Women All Men College Men

Married couples

Number of children −0.087∗∗

(0.038)

−0.091∗∗

(0.039)

−0.089∗∗

(0.038)

−0.075∗∗∗

(0.028)

Cohabiting couples

Number of children −0.047

(0.053)

−0.038

(0.047)

−0.023

(0.036)

−0.017

(0.033)

Notes:

ATT from the Borusyak et al. (2024) imputation estimator, ACS 2003–2019, U.S.-born
adults aged 25–50, with childhood joint custody exposure assigned from the state of
birth. The outcome is the number of resident own children (including zeros). Each panel
restricts the sample to the indicated union type. Fixed effects: state of birth, survey
year, birth cohort, state×year, race, education, age; standard errors clustered on state of
birth. Sample sizes: Married: All Women = 137,896, College Women = 39,694, All Men
= 137,782, College Men = 37,398; Cohabiting: All Women = 83,401, College Women =
20,735, All Men = 86,852, College Men = 19,286. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Combining these two channels, a back-of-the-envelope decomposition gauges how

much of the total fertility response runs through each margin (Appendix Table A3).

Childhood JC exposure lowers the number of children by about 0.08 per woman and

0.07 per man—roughly 7 percent of the sample mean, and about 13 to 15 percent at

full childhood exposure. The decline is majority extensive: about three-quarters of

women’s reduction and two-thirds of men’s comes from fewer people becoming parents

at all—reflecting both lower couple formation and childlessness within couples—while

the remainder, about a quarter for women and a third for men, comes from parents

having fewer children. That the response works mainly through whether to have children

rather than how many is consistent with childhood JC exposure shifting the underlying

preference for a child-intensive family life rather than merely rescaling desired family size.

4.3 Own versus Spouse Exposure

Another question is whether the within-couple fertility response is driven by the respon-

dent’s own childhood exposure or by the spouse’s. Because couples sort on background

characteristics, own and spouse exposure are highly correlated, so we disentangle the
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two using a continuous-exposure two-way fixed-effects specification that includes both

partners’ exposure simultaneously; we use two-way fixed effects rather than the imputation

estimator because the latter accommodates only a single binary staggered treatment. This

approach raises identification concerns—addressed in Appendix B—that we show do not

undermine the results below.

The results reveal a symmetric pattern. When own exposure is included alone, the

coefficient is large and negative for all married groups. When spouse exposure is added,

both own and spouse exposure remain negative and significant, each retaining roughly

three-quarters of its magnitude; for college men, the spouse’s coefficient is even larger

than the respondent’s own.

The interaction between own and spouse exposure is positive and significant for

all married groups (Appendix Table A6): a partner’s own exposure reduces fertility

substantially when the spouse is unexposed, but much less when the spouse is also

exposed. A categorical version of this exercise—comparing couples where neither, one,

or both partners were heavily exposed—shows that one heavily exposed partner lowers

fertility by about 0.08 to 0.13 children, while two heavily exposed partners lower it by

only 0.07 to 0.08—essentially the same as one, and far less than additivity would imply.2

The fertility response is therefore symmetric but sub-additive: either partner’s childhood

exposure is largely sufficient to reduce the couple’s fertility, and a second exposed partner

adds little.

This “one is enough” pattern indicates that couple fertility is governed by the partner

who wants fewer children. If either spouse arrives with a lower-fertility preference shaped

by childhood exposure, the couple realizes the smaller family size; a second low-fertility

partner is redundant because the constraint already binds. This is consistent with models

in which having a child requires mutual agreement, so the less-willing partner holds an

effective veto over additional births (Doepke and Kindermann, 2019). This pattern is

robust to controlling for both partners’ education (Appendix Table A7), ruling out an

artifact of assortative matching on schooling.

2This sub-additivity is not a mechanical floor effect: see Appendix B.

15



4.4 Assortative Matching

The within-couple results imply that childhood JC exposure lowers desired fertility for

both partners. If desired family size is itself a margin along which couples sort, exposed

individuals should be more likely to partner with one another than chance would dictate.

We test this using the transferable-utility matching framework of Choo and Siow (2006):

a Poisson regression of state-level marriage counts on an exposed-man × exposed-woman

interaction, θC , with fixed effects absorbing each type’s marginal distribution (Appendix C).

Table A8 reports θC across specifications. In the most demanding specification, the

coefficient on exposed-man × exposed-woman is 0.84, implying that exposed individuals

partner with one another about 2.3 times more often than the margins, age, and education

would imply. For comparison, the analogous sorting coefficient on education is 0.51, so

matching on childhood exposure is at least as strong as sorting on education. This provides

additional evidence that exposure shifts preferences that bear on matching.

4.5 Comparing High- and Low-Divorce States

As a further test of the mechanism, we examine whether the fertility effects are concentrated

in states where divorce—and hence potential direct exposure to joint custody arrangements

following parental separation—is more prevalent. If the mechanism operates primarily

through children’s direct experience of shared physical custody after their parents divorce,

effects should be larger in high-divorce states. Conversely, if the normative environment

created by pro-JC laws matters more broadly, effects need not be concentrated in high-

divorce states.

We split states into two groups based on the median divorce probability (11.6%),

computed from the ACS for individuals aged 25–50. States above the median form the

high-divorce group (25 states), and states at or below the median form the low-divorce

group (26 states).

Appendix Table A9 reports the ATT estimates for the probability of parenthood,

separately by sex and divorce-rate group. For women, the effect is significant and highly

similar across both groups (−0.033 in both high-divorce and low-divorce states), though
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the low-divorce estimate should be read with caution as it fails the pre-trend test. For

men, the effect is significant only in low-divorce states (−0.031), while the estimate for

high-divorce states is small and imprecise (−0.015).

The absence of a systematic pattern suggests that both direct exposure to shared

custody in case of parental divorce and normative channels may operate in parallel. As

such, JC laws may influence household behavior and gender-role expectations even within

intact families (Halla, 2013).

4.6 Heterogeneity by Gender Norms

In another heterogeneity exercise, we examine whether the fertility effects of childhood JC

exposure vary with the prevailing gender norms in the state of birth. To measure gender

norms, we use data from Project Implicit’s Gender-Career Implicit Association Test (IAT),

which captures implicit associations between gender and career versus family concepts

(Charlesworth et al., 2023). The standard D-score ranges from −2 to +2, with positive

values indicating a stronger implicit association of men with career and women with family

(Greenwald et al., 2003). We construct state-level averages of the IAT D-score and split

states into high-IAT (more traditional gender norms) and low-IAT (more egalitarian)

groups based on the median score. A growing body of evidence demonstrates that the IAT

score strongly correlates with real-world psychological responses and economic decision-

making, including hiring discrimination, labor market outcomes, and political behavior

(Bertrand et al., 2005; Glover et al., 2017; Carlana, 2019; Bursztyn et al., 2024).

If JC laws shape fertility through the normative environment they create, effects should

be larger in states where traditional gender norms are more prevalent, as the legal reform

represents a larger departure from prevailing expectations.

Appendix Table A10 reports the ATT estimates separately by sex and IAT group.

The fertility effects are concentrated in states with more traditional gender norms. For

women, the effect in high-IAT states is −0.030, more than twice as large as the estimate

in low-IAT states (−0.013, insignificant). For men, the pattern is similar: a marginally

significant effect in high-IAT states (−0.018) and an insignificant estimate in low-IAT
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states (−0.012, which also fails the pre-trend test).

These results are consistent with a normative mechanism: JC reforms that emphasize

shared parental responsibilities generate larger shifts in family-formation preferences

precisely where traditional gender roles are more deeply entrenched.

4.7 Developmental Window of Exposure

If JC exposure lowers fertility by shaping preferences early in life, its effect should be

concentrated among cohorts exposed during early childhood. We split treated cohorts

by the share of childhood (ages 0–17) spent under JC law—more than half (early: law

adopted before roughly age nine) versus half or less (late)—retaining never-exposed cohorts

as controls, and re-estimate the main outcomes for each group. In all eight outcomes

the early-exposure effect exceeds the late-exposure effect, typically by a factor of two to

three, with both remaining statistically significant (Appendix Table A11). This monotonic

early> late gradient is consistent with a critical-period model of preference formation.

5 Robustness Tests

Callaway-Sant’Anna DiD estimator: Our main results use the Borusyak et al. (2024)

imputation estimator. To check that the fertility findings are not an artifact of that

particular estimator, we re-estimate them with the Callaway and Sant’Anna (2021b)

group-time approach. We map the childhood-exposure design to a staggered adoption

problem in which the unit is the state of birth, the running time variable is the birth

cohort, and a state’s cohorts become treated at Gs = JC s − 18 (the first cohort young

enough to have spent part of childhood under the reform); never-adopting states serve as

controls. The data are collapsed to population-weighted state×cohort cell means, and we

use the doubly-robust estimator with the not-yet-treated comparison group and standard

errors clustered on the state of birth.

This deliberately simple specification omits the survey-year, age, state×year, race, and

education fixed effects of the main design. That matters at long horizons: because each
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successive event time is identified from younger birth cohorts observed—mechanically,

within the fixed survey window—at younger ages and against an increasingly thin com-

parison group, the far-horizon Callaway–Sant’Anna coefficients are contaminated by an

age-at-observation confound and lose common support. We therefore restrict attention to

the event window e ∈ [−10, 18], over which the comparison groups remain age-comparable,

and report the average post-reform effect (Post avg) over e ∈ [0, 18].

Appendix Table A12 and Appendix Figure A2 report the results. Across all groups

the estimated effect is negative, mirroring the imputation estimates in sign and rough

magnitude; the average pre-reform coefficient is flat in every case except the all-men

intensive margin; and the event-study plots decline monotonically after the reform. The

fertility effects are thus robust to the choice of staggered difference-in-differences estimator.

Placebo falsification: To assess whether our estimates reflect genuine causal effects

rather than spurious correlations, we implement a fake-reform placebo test. In each of 100

independent iterations, pseudo-reform dates are randomly assigned to all states by drawing

uniformly from {1973, . . . , 2003}. Each pseudo-reform dataset is re-estimated using the

Borusyak et al. (2024) imputation estimator with the same fixed-effects structure as the

main results. If the original estimates reflect genuine policy effects, the real estimates

should lie in the tails of the placebo distribution; if they merely capture chance correlations,

they should be indistinguishable from the placebo draws. Table A13 reports the results

for our main fertility outcomes. The real ATT estimates fall in the tails of the placebo

distribution for all groups, with empirical p-values below 0.10 in each case. This confirms

that our fertility findings are unlikely to be driven by chance correlations or by the specific

timing of the JC reforms.

Leave-one-state-out robustness: To verify that no single state drives our baseline

estimates, we conduct a leave-one-state-out analysis. We sequentially exclude each

state from the collapsed data and re-estimate the Borusyak et al. (2024) imputation

baseline specification for our main fertility outcomes. This yields one set of estimates per

excluded state—51 leave-one-out samples in total, each re-estimated for all eight outcomes.

Table A14 presents the results. The core results are highly stable: no individual exclusion
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reverses the sign of any estimate—all 51 leave-one-out estimates are negative for every

outcome and group—or substantially alters its magnitude, and the leave-one-out means

coincide with the baseline. The estimates also remain statistically significant in the large

majority of samples: at the 10% level in 47 to 51 of the 51 samples for every group, and

at the 5% level in most, the sole exception being the college-women extensive margin,

which is only marginally significant at baseline. This provides strong evidence that our

baseline findings are not an artefact of any single influential state.

Non-movers: Childhood exposure is assigned from the state of birth, which need not

be the state where a respondent grew up. As a tighter version of the exposure measure,

we restrict the sample to the roughly 64% of respondents who still reside in their birth

state and re-estimate the main outcomes. The estimates, in Appendix Table A15, are if

anything slightly larger than in the full sample: the probability of parenthood declines

significantly for all four groups, and the number of children among parents declines

significantly for every group except mothers overall. Measurement error from childhood

migration is therefore unlikely to be driving our results.

Children living away from home: Because the ACS counts only resident children, it

may understate fertility if some own children no longer live in the household. As a check,

we draw on the CPS June Fertility Supplement, whose children-ever-born measure counts

children regardless of residence (with childhood exposure assigned by state of residence).

Appendix Table A16 compares the effect on the number of children across the two sources

over our main 25–50 window: the CPS estimates closely track the ACS—for married

women, −0.070 versus −0.087, both significant—indicating that children living away from

home are not biasing our results.

Robustness to unilateral divorce legislation: A legitimate concern is that our

findings on JC legislation might be confounded with another important family-law reform:

unilateral divorce (UD). For example, Indiana, which was among the earliest adopters of

UD, passed its UD and JC laws in 1973, making it impossible to distinguish the effects of

the two reforms based on timing alone. However, as Appendix Figure A1 illustrates, the

correlation between UD and JC adoption across all states is low. UD reforms predate JC
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reforms by roughly a decade (median adoption 1973 versus 1982; 46 of the 49 joint-custody

states adopted in 1979 or later). As a result, the two childhood-exposure measures share

almost no identifying variation: their partial correlation after the design’s fixed effects is

only 0.05 (R2 = 0.003), making it very unlikely that the effects of both reforms can be

confounded. Nonetheless, and to provide further evidence, we apply our empirical strategy

to the UD laws’ staggered diffusion and report the results in Appendix Table A17. The

estimated effects of UD exposure on the probability of parenthood are small, positive,

and statistically insignificant for both women (0.021, SE = 0.020) and men (0.020, SE

= 0.015). These results confirm that the fertility effects we document are specific to JC

reforms rather than a general consequence of divorce-law liberalization.

6 Conclusion

This paper asks whether the custody regime prevailing during childhood leaves a durable

imprint on adult family formation. Exploiting staggered adoption of joint custody laws

across U.S. states, we find that it does: adults who spent more of their childhood under

joint custody have fewer children. The response runs mainly through childlessness and

reduced couple formation—exposed cohorts marry less and remain single more, with no

offsetting rise in cohabitation—and partly through lower childbearing within marriage,

consistent with JC exposure shifting the preference for a child-intensive family life rather

than rescaling family size.

Both spouses’ exposure matter for couple fertility, to a comparable degree and with the

same sign, but sub-additively: either partner’s exposure largely suffices to lower fertility,

and a second adds little.

That sons and daughters are affected similarly sits uneasily with the dominant frame-

work for studying family-law reforms. Bargaining models of the household (Manser

and Brown, 1980; Chiappori, 1992; Lundberg and Pollak, 1993) treat such reforms as

shifting spouses’ outside options at divorce, predicting opposite-signed effects by sex—the

pattern the literature typically finds among adults whose own marriages were re-priced
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(Parkman, 1992; Stevenson and Wolfers, 2006; Chiappori et al., 2002; Halla, 2013, 2015).

Our estimates do not show this. Bargaining and transmission operate on different objects

and generations: our subjects were children whose bargaining positions were never altered.

What reached them was a rearing environment—the model of family the reform produced

at home—experienced alike by sons and daughters, so a transmitted preference over family

size has no reason to be sex-opposed. Symmetry is exactly what a shared-environment

account of transmission predicts.

Finally, we remain silent on the specific channels at work—the egalitarian, father-

involved parenting these reforms make salient, the demands of childrearing they signal,

the parent–child bond, or direct experience of the arrangement itself. Adjacent literatures

suggest such mechanisms, but none has been tied to joint-custody exposure, and even

its short-run effects on children remain contested (Halla, 2015; Nielsen, 2018; Fernández-

Kranz et al., 2021). Data linking childhood exposure to measured fertility and gender-

role preferences would let future work identify the dominant channel and sharpen our

interpretation.
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A Appendix Tables and Figures

Table A1: Childhood JC Exposure and Adult Labor Force Participation

All respondents

Outcome All Women College Women All Men College Men

Labor force participation −0.002†

(0.004)
0.001
(0.003)

−0.007∗∗

(0.003)
0.001
(0.001)

Parents only

All Mothers College Mothers All Fathers College Fathers

Labor force participation −0.001
(0.007)

0.000
(0.007)

−0.005∗

(0.003)
0.002∗∗

(0.001)

Observations 165,953 45,721 166,113 43,417

Mothers/Fathers: 147,948 / 38,983 / 135,641 / 34,803

Notes: ATT from the Borusyak et al. (2024) imputation estimator, ACS 2003–2019, U.S.-born adults
aged 25–50, with childhood joint custody exposure assigned from the state of birth. The outcome is
an indicator for being in the labor force (employed or unemployed and searching). Mothers/Fathers
are respondents with at least one resident child; College denotes a bachelor’s degree or above. Fixed
effects: state of birth, survey year, birth cohort, state×year, race, education, and age; standard errors
clustered on state of birth. †Pre-trend test rejects at the 5% level (p = 0.043). Sample sizes for parent
subgroups: All Mothers = 147,948; College Mothers = 38,983; All Fathers = 135,641; College Fathers
= 34,803. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table A2: Representativeness of the Pooled ATT Across the Reproductive-Age Range
(All Women)

Age window ATT (SE) Mean exposure Implied full exposure

Panel A: Pr(parenthood)

25–50 −0.034∗∗ (0.016) 0.47 −0.073

28–50 −0.031∗∗ (0.013) 0.41 −0.076

31–50 −0.026∗∗ (0.011) 0.35 −0.075

35–50 −0.022∗∗∗ (0.008) 0.27 −0.080

Panel B: Number of children

25–50 −0.080∗ (0.044) 0.47 −0.172

28–50 −0.071∗ (0.037) 0.41 −0.173

31–50 −0.054∗ (0.029) 0.35 −0.155

35–50 −0.038∗ (0.019) 0.27 −0.138

Notes: All women, from the Borusyak et al. (2024) imputation estimator; each row
re-estimates the main specification on the indicated age window, exposure by state
of birth, SEs (in parentheses) clustered on state of birth. “Mean exposure” is the
population-weighted average childhood dose (fraction of ages 0–17 under JC law, 0–1)
in the window; “Implied full exposure” is the ATT divided by the mean exposure,
i.e. the effect of a full childhood under the law. As the lower age bound rises the
raw ATT falls, but only because the average childhood exposure of the older cohorts
that populate those windows is lower—the implied full-exposure effect is roughly
constant, so the pooled 25–50 ATT is representative of the whole reproductive-age
range. (The All-Women implied full-exposure parenthood effect, ≈7–8 p.p., is at
the upper end of the 5–7 p.p. range across all four demographic groups.) ∗p < 0.10,
∗∗p < 0.05, ∗∗∗p < 0.01.
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Table A3: Back-of-the-Envelope: The Fertility Effect of Childhood JC Exposure and Its
Extensive/Intensive Split

Women Men

Baseline children per adult (N̄) 1.21 0.94

Effect of childhood JC exposure (ATT)
Total, ∆N −0.080 −0.071
as % of baseline −6.6% −7.6%

Extensive margin (∆P · C̄) −0.068 −0.048
share of total 75% 67%

Intensive margin (P̄ ·∆C) −0.022 −0.024
share of total 25% 33%

At full childhood exposure (≈ 2× ATT)
Total, ∆N −0.16 −0.14
as % of baseline −13% −15%

Notes: Decomposition of the effect of childhood JC exposure
on the number of resident own children using E[N ] = P · C,
with P = Pr(parent) and C = E[N | parent], so ∆N ≈
∆P · C̄ + P̄ ·∆C. ∆P (Pr parenthood), ∆C (children per
parent, i.e. mothers/fathers), and ∆N (children per adult,
unconditional) are each a separate Borusyak et al. (2024)
imputation estimate on the ACS, exposure by state of birth,
ages 25–50; N̄ , P̄ , C̄ are weighted sample means. The
ATT is the average effect of any childhood exposure; the
event study implies the effect at full (ages 0–17) exposure
is roughly twice as large. Extensive/intensive shares are of
the additive decomposition, which sums to −0.090 (women)
and −0.071 (men), close to the directly estimated ∆N of
−0.080 and −0.071 (the small women’s gap is the omitted
∆P ·∆C interaction).
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Table A4: Joint Distribution of Own and Spouse Childhood joint custody Exposure:
Counts of Sampled Couples

Spouse exposure

Own exposure None=0 Low(0, .5] High(.5, 1) Full=1 Total

A. Married

None=0 1,487,571 404,501 86,357 24,011 2,002,440
Low(0, .5] 586,898 1,252,916 370,255 58,053 2,268,122
High(.5, 1) 112,623 381,749 855,755 244,620 1,594,747
Full=1 26,410 55,887 227,371 676,543 986,211

Total 2,213,502 2,095,053 1,539,738 1,003,227 6,851,520

B. Cohabiting

None=0 112,360 41,853 15,552 8,574 178,339
Low(0, .5] 65,736 104,864 54,702 19,834 245,136
High(.5, 1) 21,638 54,993 117,356 72,571 266,558
Full=1 9,411 16,841 58,461 233,231 317,944

Total 209,145 218,551 246,071 334,210 1,007,977

Notes: Raw (unweighted) counts of sampled couples, ACS 2003–2019, U.S.-born
respondents aged 25–50 with a U.S.-born spouse or partner. Childhood joint custody
exposure is the fraction of ages 0–17 spent under joint custody law, assigned from
each partner’s state of birth and birth cohort, and grouped into None (= 0), Low
(0 < exp ≤ 0.5), High (0.5 < exp < 1), and Full (= 1). The pairwise correlation
between the two partners’ exposure is 0.77 among married couples and 0.70 among
cohabitors. Cells off the main diagonal are the discordant couples that identify the
own–spouse horse race in Table A5.
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Table A5: Own versus Spouse Childhood joint custody Exposure and the Number of
Children Within Unions: Continuous-Exposure Two-Way Fixed-Effects Estimates

All Women College Women All Men College Men

A. Married

Own exposure (own only) −0.178∗∗∗ −0.157∗∗∗ −0.164∗∗∗ −0.163∗∗∗

(0.064) (0.053) (0.059) (0.046)
Own exposure (with spouse) −0.129∗∗ −0.112∗∗∗ −0.123∗∗ −0.120∗∗∗

(0.054) (0.043) (0.051) (0.042)
Spouse exposure (with spouse) −0.108∗∗ −0.114∗∗∗ −0.120∗∗ −0.140∗∗∗

(0.053) (0.044) (0.050) (0.039)

B. Cohabiting

Own exposure (own only) −0.100∗ −0.055 −0.077∗ −0.043
(0.060) (0.041) (0.041) (0.034)

Own exposure (with spouse) −0.074 −0.039 −0.074∗ −0.032
(0.053) (0.040) (0.040) (0.033)

Spouse exposure (with spouse) −0.079 −0.069 −0.051 −0.075∗

(0.053) (0.045) (0.047) (0.044)

Notes: Two-way fixed-effects estimates, ACS 2003–2019, U.S.-born respondents aged 25–50 with a
U.S.-born spouse or partner. The outcome is the number of resident own children (including zeros).
Exposure enters continuously as the childhood dose—the fraction of ages 0–17 spent under joint custody
law—so coefficients are effects of moving from no exposure to full exposure. The “own only” rows
include own exposure with own fixed effects (state of birth, birth cohort, state×year, race, education);
the “with spouse” rows come from a single regression that adds the spouse’s exposure and the spouse’s
state of birth, birth cohort, and state×year. Standard errors (in parentheses) are two-way clustered on
the respondent’s and the spouse’s state of birth. Rescaled by the mean childhood dose among treated
cohorts (≈ 0.5), the “own only” estimates reproduce the imputation estimates in Table 3. ∗p < 0.10,
∗∗p < 0.05, ∗∗∗p < 0.01.
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Table A6: Is the Own–Spouse Fertility Effect Additive? Own×Spouse Exposure Interaction

All Women College Women All Men College Men

A. Married

Own exposure −0.192∗∗∗ −0.206∗∗∗ −0.263∗∗∗ −0.293∗∗∗

(0.060) (0.050) (0.064) (0.064)
Spouse exposure −0.211∗∗∗ −0.255∗∗∗ −0.214∗∗∗ −0.264∗∗∗

(0.057) (0.057) (0.062) (0.055)
Own × Spouse +0.160∗∗ +0.221∗∗∗ +0.225∗∗∗ +0.278∗∗∗

(0.065) (0.055) (0.068) (0.061)

B. Cohabiting

Own exposure −0.073 −0.077∗∗ −0.124∗∗∗ −0.119∗∗∗

(0.050) (0.036) (0.038) (0.036)
Spouse exposure −0.076 −0.126∗∗∗ −0.083∗ −0.135∗∗∗

(0.048) (0.047) (0.046) (0.047)
Own × Spouse −0.002 +0.081∗∗ +0.073∗ +0.115∗∗∗

(0.045) (0.033) (0.037) (0.031)

Notes: Continuous-exposure two-way fixed-effects estimates from a single regression
of the number of resident own children on own exposure, spouse exposure, and their
interaction, ACS 2003–2019, U.S.-born respondents aged 25–50 with a U.S.-born spouse
or partner. “Own exposure” and “Spouse exposure” are the effects of one partner’s
full childhood dose when the other partner is unexposed; “Own × Spouse” is the
interaction, which equals the per-dose departure from additivity. A positive interaction
indicates sub-additivity: the effect of two exposed partners is smaller (in absolute
value) than the sum of the two single-partner effects. Fixed effects: own and spouse
state of birth, birth cohort, and state×year, plus race and both partners’ education.
Standard errors (in parentheses) are two-way clustered on the respondent’s and the
spouse’s state of birth. As an illustration, a categorical split of married couples by
whether neither, one, or both partners were heavily exposed (childhood dose ≥ 0.5)
gives reductions in the number of children of about 0.08–0.13 for one heavily exposed
partner and about 0.07–0.08 for two—roughly the same as one. ∗p < 0.10, ∗∗p < 0.05,
∗∗∗p < 0.01.
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Table A7: Own and Spouse Exposure Effects on the Number of Children, With and
Without Both Partners’ Education

All Women College Women All Men College Men

Own exposure

No education controls −0.130∗∗ −0.112∗∗∗ −0.122∗∗ −0.120∗∗∗

(0.054) (0.043) (0.050) (0.042)
Both educations absorbed −0.128∗∗ −0.111∗∗∗ −0.122∗∗ −0.119∗∗∗

(0.054) (0.042) (0.050) (0.042)

Spouse exposure

No education controls −0.108∗∗ −0.114∗∗∗ −0.120∗∗ −0.140∗∗∗

(0.053) (0.044) (0.050) (0.039)
Both educations absorbed −0.110∗∗ −0.114∗∗∗ −0.118∗∗ −0.139∗∗∗

(0.053) (0.044) (0.050) (0.038)

Notes: Continuous-exposure two-way fixed-effects estimates on married couples, ACS 2003–2019,
from a single regression that includes both own and spouse exposure (each measured as the
childhood dose). All specifications include own and spouse fixed effects for state of birth, birth
cohort, and state×year, plus race; the “both educations absorbed” rows add fixed effects for the
respondent’s and the spouse’s education. Standard errors (in parentheses) are two-way clustered
on the respondent’s and the spouse’s state of birth. Each coefficient changes by less than three
percent when both educations are absorbed. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table A8: Assortative Matching on Childhood joint custody Exposure: Choo–Siow
Estimates

Specification θC (exposure sorting) exp(θC)− 1

Both interstate movers (any birth states) 1.872∗∗∗ (0.029) 5.50
Restrict to different birth states 1.150∗∗∗ (0.028) 2.16
+ same-Census-division control 1.159∗∗∗ (0.029) 2.19
+ single-year age matching 0.841∗∗∗ (0.041) 1.32

Notes: θC is the coefficient on exposed-man × exposed-woman in the Choo–Siow matching
regression of equation (3), estimated by Poisson with man-type-by-state and woman-type-
by-state fixed effects that absorb every marginal type distribution; childhood joint custody
exposure, education, and age enter as supermodular (continuous) interactions. Childhood
joint custody exposure is binary (state of birth had a pro-JC law in place before the
individual turned 18). Sample: opposite-sex married couples aged 25–50, ACS 2003–2019,
both partners interstate movers (born outside the state of residence); the lower three rows
additionally require the two partners to be born in different states. The age control is a
five-year band in rows 1–3 and single-year in row 4. exp(θC)− 1 is the implied proportional
excess of exposed–exposed couples relative to the margins. Standard errors clustered on
the residence-state market in parentheses. Weighted couples: 74.6 million (row 1) and 49.9
million (rows 2–4). In the row-4 specification the analogous sorting coefficient on education
is 0.51. ∗∗∗p < 0.01.
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Table A9: Childhood JC Exposure and Parenthood: Heterogeneity by State Divorce Rate

All Women All Men

High-divorce states

Pr(parenthood) −0.033∗∗∗

(0.009)

−0.015

(0.011)

Low-divorce states

Pr(parenthood) −0.033∗∗∗†

(0.010)

−0.031∗∗∗

(0.007)

Notes: ATT from the Borusyak et al. (2024)
imputation estimator, ACS 2003–2019, U.S.-born
adults aged 25–50, with childhood joint custody
exposure assigned from the state of birth. High-
divorce states are those with a divorce probability
above the sample median (0.116); low-divorce
states are those at or below the median. The
outcome is the probability of having at least one
resident child. Fixed effects: state of birth, survey
year, birth cohort, state×year, race, education,
and age; standard errors clustered on state of
birth. †Pre-trend test rejects at the 5% level (p =
0.000016). ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table A10: Childhood JC Exposure and Parenthood: Heterogeneity by State IAT Score

All Women All Men

High-IAT states (traditional gender norms)

Pr(parenthood) −0.030∗∗∗

(0.009)

−0.018∗

(0.010)

Low-IAT states (egalitarian gender norms)

Pr(parenthood) −0.013

(0.014)

−0.012†

(0.011)

Notes: ATT from the Borusyak et al. (2024) impu-
tation estimator, ACS 2003–2019, U.S.-born adults
aged 25–50, with childhood joint custody exposure
assigned from the state of birth. High-IAT states
are those with a state-level Gender-Career IAT score
above the sample median, indicating more tradi-
tional gender norms (stronger association of men
with career and women with family). Low-IAT
states are those at or below the median, indicating
more egalitarian gender norms. The outcome is
the probability of having at least one resident child.
Fixed effects: state of birth, survey year, birth co-
hort, state×year, race, education, and age; standard
errors clustered on state of birth. †Pre-trend test
rejects at the 5% level (p = 0.0078). ∗p < 0.10,
∗∗p < 0.05, ∗∗∗p < 0.01.
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Table A11: Fertility Effects by Developmental Window of Childhood JC Exposure

Exposure window All Women College Women All Men College Men

Panel A: Pr(parenthood)

Full childhood (baseline) −0.034∗∗ −0.032∗ −0.024∗∗ −0.027∗∗

(0.016) (0.017) (0.011) (0.011)

Early (>50% of childhood) −0.047∗∗ −0.041∗ −0.033∗∗ −0.036∗∗

(0.023) (0.024) (0.016) (0.014)

Late (≤50%) −0.018∗∗ −0.020∗∗ −0.012∗∗ −0.016∗∗

(0.008) (0.009) (0.006) (0.007)

Panel B: Number of children (married)

Full childhood (baseline) −0.087∗∗ −0.091∗∗ −0.089∗∗ −0.075∗∗∗

(0.038) (0.039) (0.038) (0.028)

Early (>50% of childhood) −0.129∗∗ −0.116∗∗ −0.120∗∗ −0.100∗∗∗

(0.057) (0.055) (0.058) (0.038)

Late (≤50%) −0.045∗∗ −0.063∗∗∗ −0.059∗∗∗ −0.051∗∗

(0.021) (0.024) (0.022) (0.021)

Notes: ATT from the Borusyak et al. (2024) imputation estimator, ACS 2003–2019, U.S.-born
adults aged 25–50, with childhood JC exposure assigned from the state of birth. Each cell is
a separate regression. “Full childhood” is the baseline sample (identical to Tables 2 and 3).
“Early” restricts treated cohorts to those with more than 50% of ages 0–17 spent under JC law
(adopted before roughly age 9); “Late” to those with 50% or less (adopted at roughly ages 9–18).
Never-exposed cohorts are retained as controls in all rows. Panel A: probability of having at least
one resident child. Panel B: number of resident own children among currently married individuals.
Fixed effects: state of birth, survey year, birth cohort, state×year, race, education, and age;
standard errors (in parentheses) clustered on the state of birth. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table A12: Callaway–Sant’Anna Estimates of the Fertility Effects

Group CS ATT (SE) Pre-trend p

Panel A: Extensive margin (Pr parenthood)

All Women −0.021∗ (0.012) 0.63
College Women −0.018 (0.013) 0.52
All Men −0.018∗ (0.010) 0.29
College Men −0.026∗∗ (0.010) 0.91

Panel B: Intensive margin (number of children, married)

All Women −0.067∗∗ (0.029) 0.70
College Women −0.057∗ (0.030) 0.66
All Men −0.071∗∗ (0.034) 0.03†

College Men −0.049∗ (0.029) 0.83

Notes: Callaway and Sant’Anna (2021b) group-time ATTs (dou-
bly robust, not-yet-treated comparison group), aggregated over
the post-reform window e ∈ [0, 18]; “CS ATT” is the windowed
Post avg. Unit = state of birth, time = birth cohort, treatment
cohort Gs = JC s − 18; data collapsed to population-weighted
state×cohort cell means; standard errors clustered on the state
of birth. “Pre-trend p” is the p-value of the average pre-reform
coefficient over e ∈ [−10,−1]. This specification omits the age,
survey-year, state×year, race, and education fixed effects of the
main estimates and is reliable only within the window where its
comparisons retain common age support. †Pre-trend rejects at 5%.
∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table A13: Placebo Falsification: 100 Pseudo-Reforms Randomly Drawn from 1973–2003

Subsample Real τ̂ (SE) Mean SD [5th, 95th] p̂

Panel A: Probability of parenthood (extensive margin)
All Women -0.034** (0.016) -0.004 0.019 [-0.032, 0.027] 0.06
College Women -0.032* (0.017) -0.005 0.018 [-0.033, 0.023] 0.08
All Men -0.024** (0.011) -0.002 0.015 [-0.023, 0.022] 0.08
College Men -0.027** (0.011) -0.004 0.015 [-0.025, 0.023] 0.06

Panel B: Number of children, married couples (intensive margin)
All Women -0.087** (0.038) -0.004 0.052 [-0.083, 0.083] 0.07
College Women -0.091** (0.039) -0.007 0.046 [-0.078, 0.062] 0.03
All Men -0.089** (0.038) -0.002 0.045 [-0.076, 0.070] 0.02
College Men -0.075*** (0.028) -0.004 0.040 [-0.070, 0.059] 0.06

Notes: For each of 100 iterations, pseudo-reform dates are randomly assigned to all
states—including never-adopters—by drawing uniformly from {1973,. . . ,2003}. Each
pseudo-reform dataset is re-estimated using the Borusyak et al. (2024) imputation
estimator on the ACS (exposure assigned by state of birth), with the same collapsed
pseudo-panel and fixed-effects structure as the main results (state of birth, year, birth
cohort, state×year, race, education, age; SEs clustered on state of birth). Panel A:
probability of having at least one resident child; Panel B: number of resident own
children among currently married individuals. Real τ̂ : BJS pooled ATT under the
true reform dates (SE in parentheses). Mean, SD: mean and SD of 100 placebo
τ̂ . [5th, 95th]: 5th–95th percentile range of the placebo distribution. p̂: empirical
two-sided p-value = fraction of placebo draws with |τ̂plac| ≥ |τ̂real|. *** p < 0.01, **
p < 0.05, * p < 0.10 (SE-based).
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Table A14: Leave-One-State-Out Robustness

Pr(Parenthood) No. children (married)

State Excluded All W. Col. W. All M. Col. M. All W. Col. W. All M. Col. M.

None (baseline) −0.034∗∗ −0.032∗ −0.024∗∗ −0.027∗∗ −0.087∗∗ −0.091∗∗ −0.089∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Alabama −0.032∗ −0.028 −0.024∗∗ −0.023∗∗ −0.084∗∗ −0.083∗∗ −0.091∗∗ −0.073∗∗

(0.017) (0.018) (0.012) (0.011) (0.041) (0.042) (0.042) (0.031)
Alaska −0.034∗∗ −0.032∗ −0.024∗∗ −0.027∗∗ −0.087∗∗ −0.091∗∗ −0.089∗∗ −0.074∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Arizona −0.035∗∗ −0.033∗ −0.025∗∗ −0.027∗∗ −0.087∗∗ −0.094∗∗ −0.091∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.040) (0.039) (0.029)
Arkansas −0.024∗ −0.020 −0.015∗ −0.021∗∗ −0.062∗∗ −0.067∗∗ −0.061∗∗ −0.059∗∗

(0.013) (0.012) (0.008) (0.009) (0.031) (0.032) (0.030) (0.025)
California −0.031∗ −0.029∗ −0.022∗ −0.024∗∗ −0.085∗∗ −0.086∗∗ −0.086∗∗ −0.070∗∗

(0.016) (0.017) (0.012) (0.011) (0.039) (0.040) (0.040) (0.029)
Colorado −0.034∗∗ −0.033∗ −0.024∗∗ −0.027∗∗ −0.089∗∗ −0.094∗∗ −0.090∗∗ −0.077∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Connecticut −0.033∗∗ −0.031∗ −0.023∗∗ −0.026∗∗ −0.084∗∗ −0.089∗∗ −0.086∗∗ −0.072∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Delaware −0.034∗∗ −0.032∗ −0.024∗∗ −0.026∗∗ −0.087∗∗ −0.091∗∗ −0.089∗∗ −0.074∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Dist. Columbia −0.038∗∗ −0.037∗∗ −0.026∗∗ −0.031∗∗∗ −0.099∗∗∗ −0.106∗∗∗ −0.098∗∗ −0.087∗∗∗

(0.016) (0.017) (0.011) (0.010) (0.037) (0.039) (0.038) (0.027)
Florida −0.035∗∗ −0.032∗ −0.024∗∗ −0.026∗∗ −0.089∗∗ −0.093∗∗ −0.090∗∗ −0.074∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.039) (0.028)
Georgia −0.035∗∗ −0.032∗ −0.025∗∗ −0.028∗∗ −0.092∗∗ −0.091∗∗ −0.094∗∗ −0.077∗∗∗

(0.016) (0.018) (0.012) (0.011) (0.038) (0.041) (0.039) (0.030)
Hawaii −0.034∗∗ −0.032∗ −0.024∗∗ −0.026∗∗ −0.087∗∗ −0.090∗∗ −0.089∗∗ −0.074∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Idaho −0.035∗∗ −0.032∗ −0.024∗∗ −0.027∗∗ −0.089∗∗ −0.092∗∗ −0.091∗∗ −0.077∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Illinois −0.034∗∗ −0.033∗ −0.023∗∗ −0.027∗∗ −0.082∗∗ −0.088∗∗ −0.087∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.037) (0.039) (0.038) (0.029)
Indiana −0.035∗∗ −0.032∗ −0.024∗∗ −0.027∗∗ −0.089∗∗ −0.092∗∗ −0.090∗∗ −0.074∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Iowa −0.035∗∗ −0.033∗ −0.024∗∗ −0.027∗∗∗ −0.089∗∗ −0.093∗∗ −0.091∗∗ −0.077∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Kansas −0.035∗∗ −0.033∗ −0.024∗∗ −0.027∗∗ −0.089∗∗ −0.093∗∗ −0.091∗∗ −0.077∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Kentucky −0.035∗∗ −0.033∗ −0.025∗∗ −0.027∗∗ −0.089∗∗ −0.092∗∗ −0.091∗∗ −0.076∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Louisiana −0.035∗∗ −0.033∗ −0.024∗∗ −0.027∗∗ −0.089∗∗ −0.093∗∗ −0.092∗∗ −0.077∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Maine −0.035∗∗ −0.032∗ −0.024∗∗ −0.027∗∗ −0.088∗∗ −0.092∗∗ −0.090∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Maryland −0.034∗∗ −0.032∗ −0.024∗∗ −0.026∗∗ −0.086∗∗ −0.091∗∗ −0.089∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Massachusetts −0.032∗∗ −0.030∗ −0.022∗ −0.025∗∗ −0.080∗∗ −0.085∗∗ −0.083∗∗ −0.070∗∗

(0.016) (0.017) (0.011) (0.011) (0.037) (0.039) (0.038) (0.028)
Michigan −0.034∗∗ −0.032∗ −0.024∗∗ −0.026∗∗ −0.086∗∗ −0.091∗∗ −0.089∗∗ −0.074∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.039) (0.028)
Minnesota −0.034∗∗ −0.032∗ −0.024∗∗ −0.027∗∗ −0.087∗∗ −0.091∗∗ −0.088∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Mississippi −0.035∗∗ −0.032∗ −0.025∗∗ −0.027∗∗ −0.088∗∗ −0.091∗∗ −0.091∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Missouri −0.035∗∗ −0.033∗ −0.024∗∗ −0.027∗∗ −0.089∗∗ −0.092∗∗ −0.091∗∗ −0.077∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)

Notes: Each row re-estimates the main ACS specification excluding one birth state at a time; the first row
(“None”) is the full-sample baseline. Borusyak et al. (2024) imputation estimator, exposure by state of birth, ages
25–50; fixed effects for state of birth, year, birth cohort, state×year, race, education, age; SEs (in parentheses)
clustered on state of birth. Panel columns: probability of having at least one resident child (extensive margin) and
number of resident own children among currently married individuals (intensive margin). ∗p < 0.10, ∗∗p < 0.05,
∗∗∗p < 0.01.
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Table A14: Leave-One-State-Out Robustness (continued)

Pr(Parenthood) No. children (married)

State Excluded All W. Col. W. All M. Col. M. All W. Col. W. All M. Col. M.

Montana −0.034∗∗ −0.032∗ −0.024∗∗ −0.027∗∗ −0.088∗∗ −0.092∗∗ −0.090∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Nebraska −0.034∗∗ −0.032∗ −0.024∗∗ −0.027∗∗ −0.087∗∗ −0.092∗∗ −0.089∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Nevada −0.034∗∗ −0.032∗ −0.024∗∗ −0.027∗∗ −0.088∗∗ −0.091∗∗ −0.089∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
New Hampshire −0.034∗∗ −0.032∗ −0.024∗∗ −0.026∗∗ −0.087∗∗ −0.091∗∗ −0.089∗∗ −0.074∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
New Jersey −0.031∗ −0.029∗ −0.021∗ −0.024∗∗ −0.077∗∗ −0.083∗∗ −0.080∗∗ −0.068∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
New Mexico −0.035∗∗ −0.033∗ −0.024∗∗ −0.027∗∗ −0.088∗∗ −0.092∗∗ −0.090∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
New York −0.027∗ −0.025 −0.018 −0.021∗ −0.071∗ −0.075∗ −0.071∗ −0.057∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.040) (0.038) (0.028)
North Carolina −0.036∗∗ −0.033∗ −0.025∗∗ −0.027∗∗ −0.088∗∗ −0.091∗∗ −0.091∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.039) (0.028)
North Dakota −0.034∗∗ −0.032∗ −0.024∗∗ −0.025∗∗ −0.085∗∗ −0.088∗∗ −0.088∗∗ −0.071∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Ohio −0.035∗∗ −0.032∗ −0.025∗∗ −0.027∗∗∗ −0.089∗∗ −0.091∗∗ −0.092∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.010) (0.037) (0.039) (0.038) (0.028)
Oklahoma −0.035∗∗ −0.032∗ −0.024∗∗ −0.025∗∗ −0.087∗∗ −0.088∗∗ −0.088∗∗ −0.073∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.029)
Oregon −0.034∗∗ −0.032∗ −0.024∗∗ −0.026∗∗ −0.088∗∗ −0.091∗∗ −0.090∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Pennsylvania −0.032∗∗ −0.030∗ −0.021∗ −0.024∗∗ −0.080∗∗ −0.084∗∗ −0.082∗∗ −0.067∗∗

(0.016) (0.017) (0.012) (0.011) (0.039) (0.040) (0.039) (0.029)
Rhode Island −0.035∗∗ −0.033∗ −0.024∗∗ −0.027∗∗ −0.090∗∗ −0.093∗∗ −0.093∗∗ −0.080∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.040) (0.038) (0.028)
South Carolina −0.035∗∗ −0.031∗ −0.024∗∗ −0.027∗∗ −0.091∗∗ −0.093∗∗ −0.090∗∗ −0.077∗∗

(0.017) (0.018) (0.012) (0.011) (0.040) (0.042) (0.040) (0.031)
South Dakota −0.034∗∗ −0.032∗ −0.024∗∗ −0.027∗∗ −0.087∗∗ −0.091∗∗ −0.088∗∗ −0.074∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Tennessee −0.036∗∗ −0.033∗∗ −0.025∗∗ −0.028∗∗∗ −0.092∗∗ −0.095∗∗ −0.092∗∗ −0.077∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.037) (0.039) (0.038) (0.028)
Texas −0.039∗∗ −0.035∗∗ −0.028∗∗ −0.031∗∗∗ −0.098∗∗∗ −0.100∗∗ −0.101∗∗∗ −0.082∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.029)
Utah −0.035∗∗ −0.033∗ −0.024∗∗ −0.028∗∗∗ −0.087∗∗ −0.093∗∗ −0.086∗∗ −0.076∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Vermont −0.034∗∗ −0.032∗ −0.024∗∗ −0.027∗∗ −0.087∗∗ −0.092∗∗ −0.090∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Virginia −0.035∗∗ −0.033∗ −0.024∗∗ −0.027∗∗ −0.088∗∗ −0.092∗∗ −0.089∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)
Washington −0.054∗∗∗ −0.054∗∗∗ −0.036∗∗∗ −0.038∗∗∗ −0.129∗∗∗ −0.135∗∗∗ −0.130∗∗∗ −0.101∗∗∗

(0.011) (0.015) (0.010) (0.011) (0.032) (0.034) (0.031) (0.027)
West Virginia −0.030∗ −0.031 −0.021∗ −0.025∗∗ −0.079∗ −0.088∗∗ −0.079∗ −0.068∗∗

(0.017) (0.019) (0.012) (0.011) (0.041) (0.043) (0.041) (0.029)
Wisconsin −0.035∗∗ −0.032∗ −0.024∗∗ −0.027∗∗ −0.088∗∗ −0.092∗∗ −0.089∗∗ −0.075∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.039) (0.028)
Wyoming −0.034∗∗ −0.031∗ −0.024∗∗ −0.027∗∗ −0.086∗∗ −0.091∗∗ −0.088∗∗ −0.074∗∗∗

(0.016) (0.017) (0.011) (0.011) (0.038) (0.039) (0.038) (0.028)

Notes: Each row re-estimates the main ACS specification excluding one birth state at a time; the first row (“None”) is
the full-sample baseline. Borusyak et al. (2024) imputation estimator, exposure by state of birth, ages 25–50; fixed
effects for state of birth, year, birth cohort, state×year, race, education, age; SEs (in parentheses) clustered on state of
birth. Panel columns: probability of having at least one resident child (extensive margin) and number of resident own
children among currently married individuals (intensive margin). ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table A15: Robustness: Fertility Effects Among Non-Movers (Residents of Their Birth
State)

All Women College Women All Men College Men

Panel A: Pr(parenthood)

Full sample (baseline) −0.034∗∗ −0.032∗ −0.024∗∗ −0.027∗∗

(0.016) (0.017) (0.011) (0.011)

Non-movers −0.043∗∗ −0.046∗ −0.028∗∗ −0.035∗∗

(0.021) (0.024) (0.014) (0.015)

Panel B: Number of children among parents

Full sample (baseline) −0.036 −0.050∗∗∗ −0.050∗∗ −0.034∗∗

(0.023) (0.019) (0.021) (0.015)

Non-movers −0.051 −0.075∗∗ −0.065∗∗ −0.054∗∗∗

(0.032) (0.031) (0.026) (0.017)

Notes: ATT from the Borusyak et al. (2024) imputation estimator, ACS 2003–2019, U.S.-
born adults aged 25–50, with childhood JC exposure assigned from the state of birth. Each
cell is a separate regression. “Non-movers” restricts the sample to respondents who reside
in their state of birth (about 64% of the sample). Panel A: probability of having at least
one resident child (baseline row identical to Table 2). Panel B: number of resident own
children among parents; because the individual-level file lacks marital status, this conditions
on parenthood rather than marriage, so it is not directly comparable to the married-couple
intensive margin in Table 3—the relevant benchmark is the full-sample parent-conditional
baseline in the first row of the panel. Fixed effects: state of birth, survey year, birth cohort,
state×year, race, education, and age; standard errors (in parentheses) clustered on the state
of birth. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table A16: Robustness to Children Living Away from Home: Effect on the Number of
Children, ACS vs. CPS

ACS CPS

(resident children) (children ever born)

All women −0.080∗ −0.054

(0.044) (0.045)

Married women −0.087∗∗ −0.070∗∗

(0.038) (0.035)

Notes: Effect of childhood JC exposure on the number of children,
women aged 25–50, from the Borusyak et al. (2024) imputation es-
timator; standard errors (in parentheses) clustered on state. The
ACS outcome is the number of resident own children, with expo-
sure assigned by state of birth (ACS 2003–2019); the CPS outcome
is the number of children ever born, with exposure assigned by
state of residence (CPS June Fertility Supplements). “All women”
is the unconditional count (including zeros); “Married women” re-
stricts to the currently married. Observations (all /married): ACS
165,953 / 137,896; CPS 43,228 / 32,243. ∗p < 0.10, ∗∗p < 0.05.
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Table A17: Childhood Exposure to Unilateral Divorce and Fertility

All Women All Men

Pr(parenthood) 0.021

(0.020)

0.020

(0.015)

Notes: ATT from the Borusyak et al. (2024) im-
putation estimator, ACS 2003–2019, U.S.-born
adults aged 25–50, with childhood exposure as-
signed from the state of birth. The treatment
variable is childhood exposure to unilateral di-
vorce (UD) laws rather than JC. The outcome
is the probability of having at least one resident
child. All specifications include the same fixed
effects as the main analysis: state of birth, sur-
vey year, birth cohort, state×year, race, educa-
tion, and age; standard errors clustered on state
of birth. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Figure A1: Year of Unilateral Divorce Law Adoption by US State
Notes: The map shows the year each US state adopted unilateral (no-fault) divorce
legislation. States in grey had not adopted such laws by the end of the study period.
Source: Authors’ compilation from state statutes.
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(a) All Women (b) Married Women

(c) All Men (d) Married Men

Figure A2: Callaway–Sant’Anna Event Study: Probability of Parenthood
Notes: Callaway and Sant’Anna (2021b) group-time ATTs at the state×cohort level, doubly robust with
the not-yet-treated comparison group; capped bars are 95% confidence intervals, clustered on state of
birth. Cohort event time e = birth year −Gs; reference e = −1. Panels (b) and (d), sample restricted to
currently married individuals. Dependent variables: Panels (a) and (c), indicator for at least one resident
child; Panels (b) and (d), number of own resident children. Shaded bands are 95% confidence intervals;
standard errors clustered on state of birth.
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B Own versus Spouse Exposure: Identification De-

tails

A regression with two treatments—own and spouse childhood exposure—is precisely
the setting in which recent work warns of contamination bias, whereby heterogeneous
treatment effects make each coefficient absorb part of the other’s (de Chaisemartin and
D’Haultfœ uille, 2023; Goldsmith-Pinkham et al., 2024). Two features bound this concern
in our setting. First, with own exposure alone, the “own only” rows of Appendix Table A5
reproduce the heterogeneity-robust imputation estimates once rescaled by the mean
childhood dose (Table 3), so the two-way fixed-effects estimator is not distorting the own
coefficient. Second, the additivity test reported in the main text does not assume the
two effects are separable: it estimates the departure from additivity directly, rather than
relying on an additive specification to recover it.

Because the two exposures are assortatively matched, this separation is credible only if
it rests on couples that are genuinely discordant in exposure rather than on extrapolation
from the additive specification. Appendix Table A4 reports the joint distribution of the
two exposures, classified into four intensity categories, with raw counts of sampled couples.
The cells off the main diagonal are well populated: among married couples, about 23
percent differ in exposure by more than 0.25, and roughly 455,000 (6.7 percent) differ by
more than 0.50. The most extreme contrast—one partner in the highest category and
the other in the lowest—is thinner (the (Full, None) and (None, Full) cells together hold
about 0.7 percent of married couples), so identification at the extremes leans more on
functional form, but the bulk of the discordant mass that drives the separation lies in the
densely populated moderate-discordance region.

Finally, because the number of children is bounded below at zero, we verify that the
sub-additivity documented in the main text is not a mechanical floor effect: re-estimating
the interaction with a Poisson model—which respects non-negativity and tests departures
from additivity in proportional terms—leaves the own×spouse interaction positive and
significant at the 1% level in all four married groups (for example, +0.14, t = 3.9, for
college women).
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C Measuring Assortative Matching using the Frame-

work of Choo and Siow (2006)

With marriage markets indexed by state and partners described by discrete types, the
equilibrium number of marriages between a man of type x and a woman of type y
satisfies µxy =

√
µx0 µ0y exp(Φxy/2), where µx0 and µ0y count the unmatched of each

type and Φxy is the systematic marital surplus. Assortative matching corresponds to the
supermodularity of Φ, which is invariant to marginal type distributions; a useful property
is that singles cancel from this cross-difference, so the assortative-matching coefficient is
identified from the matched table alone and is unaffected by differential rates of remaining
single.

Following Galichon and Salanié (2022) and Dupuy and Galichon (2014), we estimate
the surplus with a Poisson regression of cell counts on supermodular interactions in
partners’ attributes, with man-type-by-market and woman-type-by-market fixed effects
that absorb all marginal distributions:

µs
xy ∼ Poisson

(
exp

[
ξsx + ζsy + θC CxCy + θE ExEy + θA AxAy

])
, (3)

where s indexes the state marriage market, ξsx and ζsy are man-type-by-state and
woman-type-by-state fixed effects, and C, E, and A denote childhood JC exposure,
education, and age. The parameter of interest is θC , the coefficient on exposed-man ×
exposed-woman: a positive value indicates positive assortative matching on exposure,
beyond sorting on age and education and beyond the population distribution of exposure.

Because exposure is a deterministic function of birth state and birth cohort, we address
potential confounding from homogamy on origin and cohort. We keep only couples in which
both partners are interstate movers, restrict to couples born in different states (removing
same-state homogamy), control for same-Census-division, and control for single-year age
matching and education.

48


	Introduction
	Empirical Strategy
	American Community Survey
	Difference-in-Differences with Staggered Policy Adoption

	Childhood JC Exposure and Adult Fertility
	Decomposing the Fertility Response
	Couple Formation
	Childbearing Within Unions
	Own versus Spouse Exposure
	Assortative Matching
	Comparing High- and Low-Divorce States
	Heterogeneity by Gender Norms
	Developmental Window of Exposure

	Robustness Tests
	Conclusion
	Appendix Tables and Figures
	Own versus Spouse Exposure: Identification Details
	Measuring Assortative Matching using the Framework of choosiow2006

