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Abstract

We provide comprehensive evidence on how new parenthood impacts the lives of
economically disadvantaged women in the U.S. Using high-frequency individual-level
administrative panel data from a large urban county combined with an event study
design, we document how parenthood engenders far-reaching and persistent changes.
It triggers large eligibility changes that sharply and greatly increase enrollment in
Medicaid and SNAP by more than 50%, underscoring the profound importance of the
social safety net for new mothers with low incomes. Simultaneously, new parenthood
appears to motivate significant behavioral shifts, with increased uptake (+45%) in
opioid use disorder treatment and notable reductions in criminal behavior (—48%). Yet,
despite these positive changes, there are also significant challenges: first-time parenthood
precipitates increased housing instability, causing a 50-70% increase in homeless shelter
stays, and eventually leading to a large and lasting increase in reliance on public housing
(+42%). Robustness checks, including two separate (matched) difference-in-differences

analyses, suggest robustness to endogeneity in the timing of first parenthood.
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1. Introduction

Parenthood can profoundly reshape the lives of new parents, affecting far more than just
the ability to work; it may alter housing needs, mental and physical health, the stability of
relationships, and more. These disruptions might be especially severe for individuals already
facing unstable living conditions. Yet, for those individuals in particular, parenthood could
also serve as a stabilizing influence—providing better access to the social safety net and
catalyzing positive changes to “turn one’s life around”. Hence, it remains unclear whether, and
in which domains of life, parenthood ultimately exacerbates existing challenges or provides
opportunities for improvement in living conditions.

Despite their importance for individual welfare, our understanding of the broader effects of
first-time parenthood on living conditions—beyond labor market effects—is severely limited,
including for individuals living in poverty. This gap in the evidence base is problematic,
given its relevance for designing effective safety net policies and the fact that it concerns a
substantial segment of the population: in the United States, 13.2% of families with children
have incomes below the poverty limit, and this fraction rises to 31% for single-mother headed
households, who make up 24% of all households with children (US Census Bureau, 2021).

In this paper, we investigate how pregnancy and parenthood shape key aspects of economic
and psycho-social well-being among women of low socioeconomic status (SES) in the United
States, aiming to reveal both the challenges and stabilizing forces that emerge. Using
high-frequency administrative records from a large urban US county—Allegheny County,
Pennsylvania—spanning the years 2005-2019, we capture a comprehensive view of new
mothers’ living conditions. The data includes detailed birth records, alongside information
on health, housing, welfare benefits, and criminal justice involvement—allowing us to track
transitions in areas like healthcare access and housing stability, as well as behavioral changes.
Focusing on the 13,000 first-time mothers whom we identify as being of low socio-economic
status based on their pre-pregnancy Medicaid enrollment, we explore how these transitions

unfold with the onset of parenthood. We also cautiously extend the analysis to first-time



fathers, acknowledging the limitations due to incomplete data on paternal identification.!

Our empirical strategy centers on an event-study design around first-time parenthood
that controls for individual and time fixed effects, operating under the assumption that
any endogenous confounds change smoothly around the timing of conception and birth.
While this assumption is strong and may be violated in some cases, we use a four-pronged
approach to reinforce the robustness of our findings. First, visual analysis of our raw outcomes
reveals sharp, discontinuous shifts either at the discovery of pregnancy, at childbirth, or both,
indicating strong event-related changes. Second, the raw data reveals a lack of pre-trends for
most outcomes, and linear pre-trends for some—the latter of which are driven by general
time trends that disappear with the inclusion of time fixed effects—further supporting the
validity of our approach. Third, to further account for endogeneity in the timing of pregnancy,
we perform two matched difference-in-differences analyses: one compares the outcomes of
first-time mothers to a control group of similar demographics who have their first child two
years later, while the other contrasts women who experience a live birth with those who
have a miscarriage. Finally, we highlight that for many policy applications—particularly in
“tagging” scenarios a la Akerlof (1978), where pregnancy or parenthood acts as a predictor
for allocating services—the observed changes are intrinsically valuable, making the precise
isolation of causal effects secondary in importance.

To circumvent issues with staggered event-study designs arising from treatment effects
being heterogeneous across time or across treated units, we employ the “imputation estimator”
by Borusyak, Jaravel and Spiess (2024) as our main estimator. It relies on estimating
individual and time fixed effects based on pre-conception observations only. As shown in
the robustness section, the results are unchanged when we use the traditional two-way fixed
effects estimator.

We establish three main findings. First, new parenthood profoundly increases the use of
key government assistance programs, highlighting the importance of the social safety net for
first-time mothers living in poverty. Becoming a parent leads to a 28 percentage point increase

in Medicaid coverage in the year following childbirth—a change that is more than twice the

IThe birth records, which we use to identify parenthood, do often—38% of the time for children born to
low SES mothers—not list a father, introducing selection concerns in the analysis of impacts of parenthood on
men.



impact of the Affordable Care Act (ACA) expansion on this population. The enrollment
in food assistance (SNAP) also increases substantially, by 16 percentage points. This rise
in program participation is immediate—half of women enroll during the first trimester of
pregnancy—and enduring, suggesting eligibility-driven changes in early pregnancy play a
major role in providing access.

Second, parenthood triggers significant behavioral shifts, as evidenced by increased
treatment for substance use disorders (SUD) and a profound reduction in criminal behavior.
Treatment for opioid use disorder (OUD), the most prevalent SUD in our sample, rises by 45%
(or 0.68pp) in the year after childbirth. This effect is not attributable to changes in insurance
status, which we control for. The sharp onset of effects early on in pregnancy suggests
that they are driven by women seeking treatment for pre-existing conditions, motivated by
pregnancy (rather than with pregnancy leading women to increase their consumption of illicit
substances). In terms of crime, we find that in the year following childbirth, criminal charges
decrease by 48%, particularly for theft and drug offenses. This reduction is not driven by
increased access to social programs, as it occurs regardless of enrollment in important safety
net programs such as Medicaid and SNAP. Instead, the decrease likely reflects a combination
of behavioral incapacitation and a desire to “turn one’s life around”—a finding in line with
the “turning point hypothesis” formulated by Sampson and Laub (1990).

However, not all changes are for the better. Our third main result shows that pregnancy
and childbirth precipitate increased housing instability. During pregnancy, the incidence of
homeless shelter stays—an extreme outcome in our data—jumps by 73% or 0.08 percentage
points (pp), and stays in longer-term housing programs also increase after childbirth. Over
time, this instability often translates into persistent reliance on public housing, with occupancy
rising by 42% twelve months after childbirth. These effects are likely driven by real changes
in housing needs rather than by eligibility changes resulting from pregnancy and parenthood:
when studying the birth of a second child—an event that does not substantially change
eligibility for homelessness services, since a child is already present throughout—we observe
even stronger effects on the homelessness outcomes. They underscore the challenges new
mothers of low socioeconomic status face in securing stable living conditions.

Together, our findings have significant policy implications. First, optimizing the timing
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of moving-to-opportunity and other housing mobility programs relative to life events like
first-time parenthood could be extremely valuable. Given the increased residential mobility
and reliance on housing assistance we document around first births, this period offers a
window of opportunity for housing mobility programs to achieve higher take-up rates and
willingness to move to high-opportunity neighborhoods, which can greatly improve child
outcomes (Chyn and Katz, 2021). The increased housing instability we observe during this
life period further suggests that such timing would yield particularly large benefits for both
parents and children, aligning with research on the critical role of in-utero and early-childhood
environments for development (Almond, Currie and Duque, 2018; Rossin-Slater and Persson,
2018), as well as the literature showing that the earlier children move to opportunity, the
better their outcomes (Chetty, Hendren and Katz, 2016; Chetty and Hendren, 2018).

Second, the profound changes we document in criminal behavior and substance use
treatment suggest that social factors like new parenthood may serve as a pivotal moment for
fostering positive change. Thus, it is possible that also other social factors that provide a
strong sense of meaning and purpose and that could be influenced by government programs—
by returning social capital, economic opportunities, or both—might help improve individual
welfare and generate positive externalities at the community level.

This paper contributes to the literature on the impact of parenthood by painting a more
comprehensive and detailed picture of the effects of parenthood on the non-labor-market
outcomes of individuals of low SES than has previously been possible. Most of the existing
literature focuses on labor-market outcomes—that is, earnings and employment—with special
attention to differences across gender (see the “Child Penalty Atlas” by Kleven and Leite-
Mariante, 2024, for an overview). As far as non-labor-market outcomes are concerned,
the closest papers to ours are Miller, Wherry and Foster (2023) and Massenkoff and Rose
(2024). The former study documents the effects of abortion denial among a sample of 600

women seeking to terminate their pregnancies. The authors find that abortion denial leads

2Also related is Stanczyk (2020), who studies the receipt of SNAP and TANF using self-reports from
the SIPP in an event study framework. Furthermore, there are correlational studies on individual programs
(Medicaid, SNAP, and SUD treatment) that largely rely on self-reported survey data (Daw et al., 2017;
Adams et al., 2003; D’Angelo et al., 2015; Gordon, Lewis and Radbill, 1997; Kim, 2018; Wolfe et al., 2007).
See Celhay, Meyer and Mittag (2021) for a discussion of systematic errors in self-reports for the case of
government benefits.
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to increases in financial instability measured through credit reports, consistent with our
finding of increased homelessness encounters. Massenkoff and Rose (2024) employ an event
study design to investigate the effects of pregnancy on crime using administrative data from
Washington State and also find that pregnancy leads to large reductions in criminal behavior.?
We contribute to this literature in three main ways: first, we study a broader set of domains
than has previously been possible. Second, we employ a multi-domain approach that allows
us to explore the effects of pregnancy and parenthood across multiple life dimensions relevant
to well-being at once. This approach provides a unique and nuanced understanding of how
social assistance uptake, behavioral changes, and housing transitions are interconnected and
unfold over time. Third, except for Miller, Wherry and Foster (2023) and the study of
criminal behavior, we can estimate more precise and robust effects and trace out changes at
a high resolution, thanks to high-quality administrative data available at high frequency and
encompassing a large sample.

This paper also contributes to a large and growing literature on the causes of economic
distress. It is similar in methodology to studies about the economic consequences of adverse
life events, such as health shocks or the death of a spouse (Dobkin et al., 2018; Fadlon and
Nielsen, 2021). We add to this literature by providing evidence on how the major life event of
parenthood affects life outcomes, by showing that parenthood can trigger significant shifts in
social assistance use, behavioral health, and housing stability. Finally, this paper contributes
to the literature on housing instability and homelessness.* Most closely related, Curtis et al.
(2013) study how homelessness rates differ between families with a healthy child and those
with a child born with a severe health condition. More recent work explores the role of
evictions and eviction policies in causing homelessness (Collinson et al., 2024; Abramson,
2024). The remaining literature, rather than focusing on the causes of homelessness, largely
focuses on evaluating different homelessness service programs and the expansion of funding
for homelessness services (e.g. Lucas, 2017; Corinth, 2017). We contribute to this literature by

providing evidence that pregnancy and childbirth are important drivers of housing instability

3See Massenkoff and Rose (2024) for a detailed review of the literature related to criminal behavior and
family formation, which has largely focused on the impact on fathers (e.g. Britto et al., 2024; Dustmann and
Landersg, 2021; Savolainen, 2009).

4See Evans, Phillips and Ruffini (2019) for a review of the literature on homelessness prevention.
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and homelessness.

The rest of the paper proceeds as follows. Section 2 describes the setting, data, sample,
and outcomes. Section 3 outlines our empirical strategy. Section 4 presents our main results,
as well as mechanism and heterogeneity analyses; Section 5 presents robustness checks.

Section 6 shows results for first-time fathers. Finally, Section 7 concludes.

2. Setting, Data, and Definitions

2.1 Setting and Data Sources

Setting We use a comprehensive set of administrative records for all residents of Allegheny
County, a large US metropolitan area including the city of Pittsburgh, located in the state
of Pennsylvania. Its 1.2 million residents—25% of them reside in Pittsburgh-—stand out as
strikingly representative of the US as a whole in terms of socioeconomic and demographic
make-up. Based on 2015-2019 American Community Survey 5-year and US Census Bureau
estimates presented in Table A.1, in Allegheny County (nationwide), the median household
income is $60,000 ($61,000), the share of the population living below the federal poverty
level is 13% (14%). The share of households with children headed by a single parent is 33%
(32%), and 14% (13%) of the population is of Black race/ethnicity. Rent levels are also very
similar to the national average, with a 2-bedroom apartment renting for $890 on average,
compared to $980 nation-wide. The only notable differences are a much lower population
share that is foreign-born (5% vs. 13% nationwide) and a much lower population share of
Hispanic ethnicity (2% vs. 16% nationwide). Among all adult residents in the county, 19%
are Medicaid-insured (Allegheny HealthChoices, 2017). Among all births in the county, 27%

are to Medicaid-insured mothers (Pennsylvania Department of Health, 2018).

Data Source The data used for this analysis spans birth records, housing, health, public
assistance program use, and crime, and covers the years 2005-2019. It is collected and
stored in the Allegheny County Data Warehouse, a centralized data warehouse established
by the county’s Department of Human Services (DHS) in 1999 to improve DHS planning

and decision-making (Kitzmiller, 2013). The data covers all individuals, who at any point
6



between 2005-2019 resided in the county,” and includes a unique identifier that is used to
link a resident’s records across domains. Records were provided to the research team as
anonymized individual-level panel data at a monthly frequency. We provide an overview of
each data element in Table A.2, and describe each element in more detail in Appendix B.
From a data depth and breadth point of view, the Allegheny County data is ideal because
it provides a comprehensive set of key markers of well-being and economic hardship at a high
frequency and of high quality. It includes important domains that are traditionally difficult
to observe in survey data (e.g. homelessness and substance use disorders) and to link across

domains in administrative data.

2.2 Sample selection

Our primary aim is to study the effect of pregnancy and childbirth on the lives of economically
disadvantaged individuals. We focus on this demographic group because they are particularly
vulnerable to economic shocks (and thus may experience disproportionate impacts on economic
security and well-being), they are particularly relevant for policy design (since more reliant
on public assistance programs), and they are an underexplored population. Thus, from
the sample of all county residents, we first identify the occurrence and date of first-time

parenthood, and second identify the socioeconomic status.

Identifying first birth events Using birth record data covering all births in Allegheny
County between 1999 and 2020, we extract records for all 248,000 children born between
2007 and 2020. This choice of period guarantees that we have at least two years of pre-birth
outcome data for each parent since we observe all outcomes back to at least 2005.

For all but 130 children, a mother is identified on the birth record, yielding ca. 156,000
unique mothers. In contrast, no father is listed on 39,000, or 16%, of birth records and this
fraction rises to 38% for economically vulnerable children—those whose birth is paid for

through Medicaid. This sizeable, likely selective attrition of fathers on birth records motivates

5As common with administrative records at the sub-national level, we do not observe in- and out-migration
(see, e.g. Grogger, 2013, for a discussion of this issue). Consequently, we perform several robustness checks
in Section 5 that focus on sub-samples with ex-ante low likelihoods of out-migration, finding our results
essentially unchanged.
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our decision to focus on women for our main analysis; we report results for men in a shorter
section after the main analysis.

We further restrict the sample to those ca. 100,000 women who have their first birth
in the sample period. We focus on first births because we expect any changes to living
conditions to be strongest for new parents.® We identify first-time mothers as those for whom
no birth record from a date earlier than 2007 (and after 1998, the earliest year for which
we observe birth records) exists, and whose birth record of the first observed birth between
2007 and 2020 lists the number of previous live births as zero. We further exclude the 2%
of women who experience the relevant birth event at ages younger than 16 or older than 40

because of small cell sizes, resulting in a sample of 97,400 first time mothers.

Identifying individuals of low SES Since we do not observe education and income
directly, we proxy for low SES with receipt of public assistance ahead of the first pregnancy.
Specifically, we construct a low SES indicator that equals one if we observe the person
is Medicaid-insured at any point during the five years leading up to the pregnancy. We
choose this criterion because it captures a large fraction of low SES individuals: Medicaid
is the largest means-tested program in the United States (Congressional Budget Office,
2013), and its eligibility cutoff for household income—138% of the Federal Poverty Level
(FPL)—captures the 17% poorest households in Pennsylvania (US Census Bureau, 2018);
furthermore, its take-up rate is relatively high—estimated at 70% among adults and 80-90%
among children (Sommers et al., 2012)—and thus ensures we are not missing too many
economically disadvantaged individuals. We focus on the five-year window before pregnancy
because it is the longest window we can observe for all women in the sample since our
Medicaid data starts in 2002 and we include births from 2007 onward.

For completeness and robustness, we also provide results for the entire sample of first
live births, as well as for alternative low SES criteria, such as pre-pregnancy SNAP receipt,

pre-pregnancy Medicaid or SNAP receipt, and childhood Medicaid enrollment.”

6We explore differences in effects around first and second births in Section 4.3 to uncover the mechanisms
behind the changes we observe around first birth.

"We find that the Medicaid criterion is indeed comprehensive. It captures 82% of individuals for whom
we observe any use of public assistance programs in the five years leading up to pregnancy (including housing
assistance, SNAP/TANF, and Medicaid).



It is important to note that low-income adults aged 21 and over without dependent children
became eligible for Medicaid only later in our sample period. Pennsylvania’s Affordable Care
Act (ACA) expansion rendered this previously ineligible group eligible so long as household
income is below 138% of FPL starting in June 2015 (Kaiser Family Foundation, 20210).%
Hence, relative to the full sample of first-time mothers in the county with incomes below
138% of FPL pre-pregnancy, our preferred low SES criterion—but not the alternative criteria
we use for our robustness checks—misses older (> 25 years old) first-time moms with births
before 2015. Furthermore, since we only capture the estimated 70-90% of Medicaid-eligibles
who take up the benefit, the sample also skews towards those more familiar with government
assistance.

Of the approximately 97,400 first birth events observed in our sample period, 16% are to
women whom we identify as low SES. In our discussion of sample demographics in Section 2.3,
we compare demographic characteristics of the low SES sample to its non-low SES counterpart,
documenting clear markers of socio-economic vulnerability in the low SES sample relative to

the non-low SES sample.

Selecting the event time window For our event study regression, we restrict observations
to a window of one year before the approximate date of conception to one year after birth,
covering a total of 33 months per individual.” We include data from twelve months pre-
conception (that is, almost two years of data pre-childbirth), and not earlier, in order to
ensure sufficient sample size (since we restrict the sample to those with complete panel
data—hence, individuals with births in 2007 or later, since our outcome data starts in
2005); restricting the post-birth observations to a one-year window, as opposed to a longer
time horizon, ensures that our difference-in-differences imputation estimator, which predicts
post-birth outcomes based on pre-conception observations, does not extrapolate out too far.
In additional analyses presented in Section 4.5, we extend the event time window to estimate

effects of first-time parenthood up to five years after childbirth, using a standard two-way

8For individuals aged 6-20, the maximum household income threshold increased from 100% to 138% of
FPL in 2014 (Kaiser Family Foundation, 2021a).

9We set the approximate date of conception to nine calendar months before the month of childbirth. This
approximation is “conservative” in that pregnancies may last shorter than nine months, but rarely last longer.



fixed effects estimator. Since our outcome data does not extend beyond September 2019, we
estimate treatment effects only for individuals for whom we have complete panel data—that
is, all 12,928 individuals whose first childbirth falls into the period January 2007 to September
2018.

Sub-sample for substance use disorder analysis Since we observe substance use out-
comes only for Medicaid-insured individuals, we limit this sub-analysis to those continuously
insured by Medicaid throughout the event time window. This approach ensures that observed
changes around the birth event reflect actual changes in service receipt, rather than changes
in the visibility of such services due to fluctuating insurance status. This restriction reduces
the sample size to about 2,700 individuals, or 21% of the full sample. Compared to the overall
low-SES cohort, women in this restricted sample are on average 1.3 years younger at the
time of their first birth and display greater economic vulnerability, with 2.6% experiencing

homelessness in the year before pregnancy (versus 1.7% in the broader low-SES sample).

2.3 Summary Statistics

In Table 1, we present summary statistics for our main event study sample of first-time
mothers of low SES in column (1), alongside statistics for all other first-time mothers in column
(2). As expected, the low-SES sample displays significantly greater economic vulnerability.
Compared to non-low-SES mothers, they are much younger at first birth (average age 22 vs.
28), more likely to be underage (10% vs. 1%), more likely to be Black (52% vs. 8%), and
more likely to have no father listed on the birth certificate (43% vs. 9%). Additionally, a
higher percentage of these women receive SNAP benefits in the year before pregnancy (38%
vs. 1%) and experience at least one homelessness encounter (2% vs. 0%) or contact with the
criminal justice system (11% vs. 1%).

While our data does not explicitly record the fraction of births resulting from unin-

tended pregnancies, we estimate that this figure is around 47%, based on studies of similar
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populations.!°

2.4 Outcome Construction

Our analysis focuses on six primary outcomes spanning the domains of social assistance
program use, behavioral outcomes related to substance use and crime, and housing. For each
outcome, we construct individual-month level indicators that equal one in case a given event
occurred that month, and zero otherwise; we provide a short description below and more

details, including on secondary outcomes, in Appendix B.

Social Assistance Program Use In the domain of social assistance, we observe enrollment
in key programs for healthcare coverage, food assistance, and cash assistance available to
individuals with low incomes in the United States: Medicaid, SNAP, and TANF. We consider
the first two as primary and the last one as a secondary outcome. The outcomes are coded as
dummies that equal one if the person (or their household, in the case of SNAP and TANF) is

enrolled in a given program that month.

Substance Use Disorders Our mental health claims data captures treatment encounters
for mental health disorders paid for through Medicaid. While this dataset allows studying a
range of mental health outcomes, we focus specifically on SUDs for several reasons. SUDs
are not a fringe issue: in our sample of first-time mothers of low SES, 11% have been treated
for a SUD at least once in their life before their first pregnancy—33% of them for opioid
use disorder (OUD), the most common substance use disorder observed in our data. These
disorders substantially burden affected individuals, their children, and society as a whole
(Degenhardt and Hall, 2012; Romanowicz et al., 2019; U.S. Department of Health and Human
Services, 2016). Despite the availability of highly effective treatments, these services are often
underutilized (Blanco et al., 2013). Moreover, there is limited quantitative evidence on the

individual determinants of treatment uptake beyond correlational studies.

10 According to Finer and Zolna (2016), approximately 60% of viable pregnancies are unintended among
American women aged 20-24 or with incomes below the poverty line, and around 60% of those unintended
pregnancies are not terminated. Thus, in this demographic group, out of 76 live births, 36 are on average
unintended.
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Our primary outcome of interest is a dummy that equals one in months in which a
person receives treatment for opioid use disorder, the most prevalent SUD in our data (OUD
treatment). As secondary outcomes, we consider different types of OUD treatment, treatment

for any substance use disorder, as well as treatment for the next most common SUDs.

Criminal Behavior For our analysis of criminal behavior, the primary outcome indicator,
Criminal offense, is defined as one in any month when a new criminal charge is filed against
the individual in a county court and zero otherwise. As secondary outcomes, we differentiate
between felony and misdemeanor cases. Among felony cases, we further categorize them into
major types, including assault, theft, drug possession, DUI charges, and a combined category

for all other charges.

Housing Housing is a key determinant of well-being and may be particularly sensitive
to the changes brought on by having a child. For individuals of low SES, pregnancy and
childbirth can lead to short-term housing instability if existing housing arrangements end
suddenly without sufficient savings to secure new accommodations (e.g., due to expulsion
from a parental home or conflict in a romantic relationship). In the longer term, the financial
pressures of parenthood may drive a shift to more affordable housing options to manage
increased space requirements and child-related expenses.

Our data enables us to capture both short-term and long-term aspects of housing transi-
tions. We measure short-term housing instability through homeless shelter stays (Homeless
shelter). For longer-term housing changes, we track reliance on key housing support programs
observable in our data. These programs fall into two categories: medium-term support
designed for individuals experiencing homelessness, such as Rapid Rehousing, Transitional
Housing, and Permanent Supportive Housing—grouped under the secondary outcome Long-
term homeless; and rental subsidy programs aimed at the low-income population, including
residence in Public housing—our other primary housing outcome—and the receipt of Section

8 rental assistance.
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2.5 Program Eligibility Rules

To draw welfare conclusions we need to understand whether observed changes in outcomes
reflect changes in underlying need (i.e. demand-side factors), eligibility (i.e. supply-side
factors), or information. Eligibility criteria are the only elements readily observable to us.
Hence, we collected information on program eligibility rules for each outcome in our data.
We provide a detailed overview in Table A.3 and a short summary below.

Eligibility for Medicaid and SNAP increases substantially when individuals transition
from a household with no dependent children, to pregnancy, to a household with dependent
children. For example, in the case of Medicaid, the income eligibility threshold for a woman
living alone changes from $1,400 per month before pregnancy, to $3,100 during pregnancy, to
$2,000 at 60 days postpartum.

The homelessness assistance environment also changes as individuals transition into
parenthood, though not with additional children—a feature we will exploit to investigate
mechanisms later. Both homeless shelters and long-term homeless housing are provided in
separate facilities depending on whether a child is present, potentially altering the supply
and quality of program slots for women as they become parents.

In contrast, eligibility for substance use disorder treatment (conditional on Medicaid
enrollment) and public housing does not change significantly with family status. SUD treat-
ment is covered by Medicaid for both pregnant and non-pregnant individuals. Furthermore,
a recent RCT on opioid use disorder documents that pregnancy status does not increase
treatment access conditional on attempting to make an appointment (Patrick et al., 2020).
Public housing, allocated via waitlists that do not prioritize pregnant women or families with
children, bases placement solely on the order of application submission (Allegheny County
Housing Authority, 2021). However, larger households are eligible for bigger units, potentially
affecting wait times (Allegheny County Housing Authority, 2020), and, although against
official policy, housing authority administrators could use discretion to prioritize pregnant
women or families with young children.

In summary, eligibility for Medicaid, SNAP, and homelessness assistance changes signifi-

cantly during pregnancy and after childbirth. In contrast, eligibility for SUD treatment and
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public housing remains relatively unchanged with family status.

3. Empirical Strategy

The primary goal of this paper is to map the impact of parenthood on living conditions for
economically vulnerable women. In the absence of a randomized experiment, we leverage
detailed panel data in an event study framework based on sharp changes around pregnancy

' However, clearly, unobserved changes to life

and childbirth to estimate causal effects.
circumstances may impact the decision to engage in “risky” sexual behaviors (for unplanned
pregnancies) or to conceive a child (for planned pregnancies) and may also impact domains
such as housing and crime. Under the assumption that such endogenous factors evolve
smoothly around the exact time of conception/childbirth, we can recover the impact of
parenthood via estimating discontinuous changes from such smooth trends at the event
of childbirth (Kleven, Landais and Sggaard, 2019). The validity of this approach is much
enhanced by using high-frequency, monthly-level individual panel data—a type of data not
typically available in landmark studies on the childbirth penalty.

Our empirical approach proceeds in three steps. First, we analyze raw means of the
outcome variables over time relative to a woman’s first live birth. Plotting raw means
allows us to visually assess the existence of pre-trends and the sharpness of changes upon
discovery of pregnancy and childbirth. Second, we present event study estimates that net out
overall time trends and fixed differences across individuals who give birth at different times.
Third, we implement two complementary identification strategies—a one-to-one matching
approach that matches observably similar women who give birth two years apart and a
difference-in-differences analysis that compares the trajectories of women who experience a

miscarriage to those who have a life birth.

1Compared to instrumental variable approaches that leverage variation in access to abortion or IVF—
neither of which are government-funded in the U.S. and thus neither are visible in administrative data—this
method allows us to estimate average impacts across all first-time mothers, not just those on the margin of
using these treatments.
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3.1 Event Study Specification

For the baseline event study analysis, we follow recent advances in the econometrics literature
by using the “imputation” estimator developed in Borusyak, Jaravel and Spiess (2024).
It addresses limitations of conventional event study methods that may yield inconsistent
estimates when treatment effects vary across time or units. We also present results using a
traditional two-way fixed effects estimator, finding our main results unchanged. Following
Borusyak, Jaravel and Spiess (2024), the imputation estimator is constructed in three steps:
(1) estimate individual and time fixed effects using only pre-treatment (i.e. pre-conception)
observations; (2) use these estimates to impute untreated potential outcomes for post-
conception periods; and (3) calculate the treatment effect for a given relative period as the
average difference between actual and imputed outcomes across all individuals.

In the first step, this approach relies on a simple two-way fixed effect model with individual

and calendar year-month fixed effects, estimated among the untreated observations only, via

OLS:

Yit = O+ [y + 7 + €, (1)

where y;; is the outcome of interest for individual ¢ in calendar year-month ¢, where p; and ~,
are individual and calendar year-month fixed effects. In our context, “untreated observations”
are all those observed ahead of a woman’s pregnancy that results in her first live birth. In
robustness checks, we also control for a linear pre-trend in event time, finding that it leaves
our results unchanged.

In the second step, we obtain observation-level causal effect estimates as the difference

between actual and predicted outcomes, for each treated observation:

Tit = Yit — Yit, (2)

where ¢ is the prediction obtained from model Equation (1). Treated observations are all
observations occurring at or after the onset of pregnancy.

Finally, our target treatment effects are then estimated as simple averages across observa-
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tions for relative event time periods. We report results for two types of periods: First, to
trace out dynamic effects in as much detail as possible, we show treatment effects for each
month relative to conception in event study figures. Second, to summarize the magnitude of
estimated effects, we bin relative event time months into two aggregate periods—pregnancy,
and year post-birth-—and report results in table-form. We report conservative standard errors
clustered at the individual level, whose formula is derived and shown to be valid in large

samples in Borusyak, Jaravel and Spiess (2024).

3.2 Assessing Raw Trends and Pre-Trends

Given that pregnancy likely occurs with a lag relative to any changes in living conditions
that also influence the outcomes of interest (such as meeting a new partner), and given
the high-frequency nature of our outcome data, we first visually and informally check for
pre-trends in the raw data. The left panels in Figures 1-3 graph the time series of raw mean
outcomes relative to the month of first childbirth.

Across all outcomes, the raw time series reveal either small and smooth linear trends
or no trends leading up to the pregnancy, as well as sharp trend breaks either around the
discovery of pregnancy in months 2-3, or around the month of childbirth, or both. For those
outcomes with pre-trends in the raw data, we find that those trends disappear in the event
study upon the inclusion of individual and time-fixed effects, suggesting that they are due
to a combination of overall time trends and aging (and thus not biasing our event study
results).!?

To formally assess whether this specification accurately nets out any pre-trends, we test
for and reject the presence of pre-trends across all our twelve outcome variables, using the
pre-trend test derived by Borusyak, Jaravel and Spiess (2024).'® Results from this test are

reported in the bottom row of our main results Table 2.

12 Accordingly, in a robustness check that includes a linear pre-trend control in event time in our event
study specification, we find that magnitudes remain unchanged.

13The test works as follows: first, estimate the model from Equation (1) on untreated observations via
OLS, including dummies for each of the six (out of 12) months immediately preceding conception. Second,
use the Wald test statistic to test whether the six pre-treatment dummies are jointly equal to zero.
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3.3 Matching and Miscarriage Specifications

To the extent that the onset of pregnancy is correlated with sharp changes to living conditions,
residual endogeneity could remain even in the absence of pre-trends. Therefore, we provide
further evidence with a difference-in-differences analysis, comparing women who experience
live births to those who experience miscarriages (similar to Massenkoff and Rose, 2024). This
design addresses the potential endogeneity in the (sharp) timing of pregnancy. Finally, to
directly net out any sudden age-related effects (that could bias our results in case pregnancy
onset correlates with, for example, finishing high school), we employ a matched difference-
in-differences analysis that compares a woman’s change in outcomes around childbirth to
the contemporaneous change of a matched control peer of the same cohort with similar
demographic characteristics who gives birth two years later. We describe the two empirical
strategies in detail in Appendix C and discuss their results, which are in line with those of

our main specification, in Section 5.

4. Results

We first present results for our main outcome variables (sub-sections 4.1-4.3), followed by

analyses of mechanisms, heterogeneity, and long-term effects (subsections 4.4-4.5).

4.1 Impacts on Social Assistance Program Use

In this section, we show that pregnancy and parenthood lead to very large increases in the
use of social assistance programs, and that much of the increase is likely driven by eligibility
changes.

Figure 1 shows raw scatter plots and event study results for the impact of pregnancy
and parenthood on healthcare coverage and food assistance side-by-side. A summary of the
corresponding effect sizes averaged over pregnancy and over the first year of parenthood is
provided in columns 1-2 of Table 2. For both outcomes, the figures reveal extremely flat
pre-trends, followed by sharp and very large increases at key moments around pregnancy and

childbirth.
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In terms of magnitudes, we find that having a child increases Medicaid and SNAP
enrollment in the year after childbirth by 28pp and 16pp, respectively, corresponding to a
more than 50% increase relative to the pre-pregnancy mean.'* For the case of Medicaid, we
benchmark this magnitude against two other events that greatly impact Medicaid eligibilty—
the ACA expansion, and aging out of Child Medicaid. We find that effect of first-time
parenthood on Medicaid enrollment trumps that of the former by a factor of more than two,

while it is similar in magnitude to the effect of the latter (see Figure A.1).

4.2 Impacts on Behavioral Outcomes

Substance Use Disorder We find that new parenthood leads to a large, 45% increase in
the treatment for Opioid Use Disorder, and that this increase is likely driven by individuals
with pre-existing disorders commencing treatment.

The top panel of Figure 2 presents a time series of raw means of treatment for OUD
on the left, and the associated results from the event study specification on the right; a
summary of the corresponding effect sizes in table form is provided in column 3 of Table 2.
The event study figure shows that treatment for OUD starts increasing around four months
after conception, and remains at a relatively stable level in the year after childbirth. The
magnitude of the effect is substantial: we estimate an increase of 0.34pp (or 23% relative to
the pre-pregnancy mean) during pregnancy, and an increase of 0.68pp (or 45%) in the year
post-childbirth, compared to the no-pregnancy/no-child counterfactual.'®

We present results for secondary SUD outcomes in Table A.4. In terms of treatment for
any substance use disorder, we estimate a 1.21pp (or 47%) increase in the year post-childbirth,
56% of which is accounted for by OUD. When investigating different treatment types for OUD,
we find large increases in medication-based treatment (such as methadone and buprenorphine),
which has been shown in the medical literature to be highly effective in non-pregnant patients

(Mattick et al., 2014), and is also strongly recommended in pregnant patients (World Health

14We also find a 15pp increase in enrollment in the cash assistance program TANF, see Table A .4.
15In Appendix D.1 we combine this finding with our results from the previous section to discuss the
implications of pregnancy-related health insurance churn.
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Organization, 2014).1°

Criminal Behavior Next, we investigate the impacts of parenthood on criminal behavior,
the direct and indirect consequences of which shape the lives of many individuals in economi-
cally vulnerable communities: in our sample of first-time mothers of low SES, 25% have been
charged with a criminal offense at least once in their life before their first pregnancy. We
begin by documenting overall effects on criminal behavior that are in line with findings from
Massenkoff and Rose (2024), before analyzing mechanisms including the role of access to
government assistance, such as healthcare coverage.

The bottom panels of Figure 2 show that pregnancy and childbirth lead to a substantial
reduction in criminal behavior. Criminal behavior decreases gradually upon the discovery of
pregnancy, reaches its lowest point in the month of birth (a 60% decrease from a base rate of
1.7% pre-pregnancy), to then increase again, but stays significantly below its pre-pregnancy
level even one year after birth. Summarizing event study estimates into more aggregate time
periods in Table 2, we find sizeable and statistically significant effect sizes of -0.67pp and
-0.83pp during pregnancy and the year after birth, respectively. Relative to the pre-pregnancy
mean of 1.74%, the decreases correspond to -39% and -48%, respectively.!”

When distinguishing the two sub-components of criminal offenses, misdemeanor and
felony offenses, we find significant reductions of similar magnitudes to both (see the first two
columns of Table A.5). In terms of felony offenses, we observe the largest impact on criminal

charges related to theft and controlled substances (columns 4-5).

4.3 Impacts on Housing

In this section, we first present results on short-term housing solutions in the form of homeless

shelter visits, and then present results on long-term housing solutions.

6 Furthermore, we find evidence of substitution from rehab-based to outpatient-based treatment (columns
3-4 of Table A.4). Considering the next most prevalent substance use disorders after opioid use disorder
(cannabis, alcohol, and cocaine), we detect no statistically significant effects on treatment for any of the three
disorders in the year after childbirth (columns 6-8).

1"The magnitudes are consistent with Massenkoff and Rose (2024), who document effects on the order of
a 70% decrease around birth on arrests among first-time mothers of Washington State.
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Short-Term Emergency Housing Assistance While homeless shelter stays are a rela-
tively rare occurrence even among economically vulnerable individuals—the cumulative risk of
having at least one homeless shelter stay in the year before pregnancy is 2% in our sample—we
find that pregnancy and new parenthood increase this risk substantially. The top panel of
Figure 3 contains two graphs showing the use of homeless shelters surrounding pregnancy
and childbirth: the left figure presents a time series of raw means; the right panel traces out
average effects for each month relative to conception, obtained from event study analysis
as described in Section 3. The figure shows significant evidence that shelter visits increase
due to pregnancy and suggestive evidence that they also remain at a higher-than-baseline
rate after childbirth. Column 5 of Table 2 summarizes causal effect estimates by averaging
the monthly estimates into the two aggregate time periods of pregnancy and the year after
birth. The magnitudes of the effects are substantial: during pregnancy, homeless-shelter
visits increase by 0.08pp (73%) compared to the no-child counterfactual-—an estimate that
is highly statistically significantly different from zero; the coefficient estimate for the year
post-birth is of similar magnitude, but noisier. These results suggest that childbirth and
especially pregnancy may generate substantial short-term housing disruptions for women

who are economically disadvantaged.

Long-Term Housing Assistance We present the raw time series and event study plot
for public housing in the bottom panels of Figure 3; results in table-form are in column 6 of
Table 2. We present results for secondary outcome (for long-term homelessness programs and
Section 8) in columns 7-8 of Table A.5. For all three housing programs, we observe an increase
in use after childbirth, but the magnitude and precision of the estimates vary considerably.
The starkest pattern emerges for public housing: we find statistically significant, positive
effects starting two months before childbirth that increase linearly with time such that, twelve
months after childbirth, parenthood increases the share of women who live in public housing
by 42% (or 2pp), compared to the no-child counterfactual. Results for our secondary housing
outcome that proxies for living outside of one’s parental household—using information on
whether a person is registered as “head of household” in her subsidized housing—suggest

that the effect is not driven by moves back into the parental household. It is more likely due
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to moves out of parental households straight into public housing: we find a large positive
effect of new parenthood on the probability of heading a household in public housing. The
effect size of 1.74pp (or 171% relative to the pre-pregnancy mean) is even larger than that
observed for public housing residence, overall (Table A.5).

The effects on Section 8 rental subsidy receipt are more imprecisely estimated, begin later,
and are about a quarter of the size of those on public housing in the year after birth. This
suggests public housing more readily addresses women’s short-term housing needs due to new
parenthood. Most likely because it is less desirable than Section 8, making it more readily
available: in Allegheny County, the average waitlist time for public housing is 9.2 months,
compared to nearly three years for Section 8 (Deitrick et al., 2011). Given the persistence of
housing choices and evidence that Section 8 rental assistance leads to better child outcomes
than public housing (Chyn, 2018), the welfare loss from directing new mothers into public

housing instead of prioritizing them for Section 8 could be substantial.

4.4 Mechanisms

In this section, we investigate the mechanisms driving the observed effects for each of our
outcome variables, finding that mechanism vary widely across outcomes. The large increases
in enrollment in key government assistance programs is likely largely eligibility-rule driven,
while the increase in OUD treatment and decrease in criminal behavior is likely due to
motivational factors; finally, the increase in homeless shelter stays is likely due to a real

increase in housing instability.

Social Assistance Programs The observed increases in benefit enrollment around first-
time parenthood could be purely eligibility rules-driven, or could be due to changes in other
factors (such as income). Our findings suggest that eligibility expansions are the dominant
force driving these trends. We see a sharp and significant rise in benefit uptake two to three
months after conception—approximately when the pregnancy is discovered. This timing is
crucial, as it precedes any significant decline in earnings but aligns with the more lenient
eligibility criteria for pregnant women. Furthermore, benefit enrollment shows additional
sharp changes at key program milestones: two months postpartum for Medicaid, and around
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the month of birth for SNAP, which coincide with further eligibility changes due to updated
family status.'®

These findings highlight that new parenthood is one of the most critical life events driving
access to public benefit programs for individuals with low incomes in the U.S. They are
consistent with Han, Meyer and Sullivan (2021), who highlight the important role of policy
in explaining the diverging trends in consumption patterns of low-educated single mothers

over the last 30 years, relative to trends among low-educated single women without children.

Substance Use Disorder Our data does not allow us to determine with certainty whether
the increased treatment for OUD is due to increased treatment for already preexisting,
non-worsening OUDs, vs. new cases or a worsening of OUD caused by pregnancy and
parenthood. However, the timing of the increase points to the former story rather than the
latter. Specifically, as shown in Figure 2, medical encounters for OUD increase sharply in
months 3-4 of pregnancy, which is arguably when women find out about their pregnancy and
begin to visit health providers more assiduously for pregnancy-related health checks. The
increase is thus consistent with referral to treatment by medical providers at pregnancy-related
encounters, as well as increased motivation on the part of the pregnant woman to treat her
disorder to protect her unborn child. Qualitative evidence suggests an important role for
such motivational factors: pregnant women in substance use disorder treatment report their
pregnancy as the top treatment motivator (Jackson and Shannon, 2013).

Hence, our findings suggest that new parenthood can be an important push factor out of

untreated substance use disorders.

Criminal Behavior The breadth of our data allows us to investigate key mechanisms
behind the observed decrease in criminal behavior. Specifically, on the one hand, the reduction
in criminal behavior might be due to pregnant women’s desire to “turn one’s life around”—the
so-called “turning point” hypothesis formalized by Sampson and Laub (1990); on the other

hand, we document in Section 4.1 a large increase in access to key social assistance programs

18For Medicaid, the income eligibility threshold becomes significantly stricter 60 days postpartum (Kaiser
Family Foundation, 2021¢). The drop in SNAP benefit receipt in the two months post-birth is due to a
special nutrition program (WIC) for breastfeeding mothers that substitutes for SNAP benefits during the
first three months after birth.
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providing healthcare coverage, food and cash assistance, which may in turn decrease the
need to engage in criminal behavior.!? In particular, the crime-reducing effects of benefit
receipt have been documented by Jacome (2022) for the case of healthcare coverage, Carr
and Packham (2019) for the case of food assistance, and Foley (2011) and Deshpande and
Mueller-Smith (2022) for the case of cash assistance.

To disentangle the two mechanisms, we split the sample into two distinct groups: those
who had access to key government assistance programs all along (the “Access all along” group),
and those who could potentially gain access due to new parenthood (the “Gained access”
group).?’ We present time series of mean outcomes separately for each group in Figure A.2,
adjusting for cohort, year of childbirth, and race. Panel B shows that the propensity for
criminal offending follows a remarkably similar trajectory in both groups—including a marked
decrease during pregnancy—suggesting that gaining access to Medicaid is not the primary
driver behind the decrease.?! This finding is consistent with access to healthcare coverage
driving at most a small part of the negative effect of childbirth on crime observed in the
period after childbirth for the average woman in our sample. Rather, the observed trajectories
are more consistent with mechanisms of incapacitation, a motivation to turn one’s life around,

or both.

Homelessness We find that increase in homeless shelter stays due to first-time parent-
hood likely reflect real increases in housing disruptions, as opposed to changes in eligibility
for /referral to homeless services due to changes in family status: when comparing effect sizes
across first and second births for women for whom we observe two births, we find that effects
of the second birth—where eligibility is unlikely to change substantially since a first child is

already present—are at least as large if not larger than those observed around the first birth

9A third channel, yielding similar predictions as the turning point hypothesis, is that of (physical)
incapacitation due to late-stage pregnancy and/or childcare responsibilities.

20%Access all along” is defined as enrollment in a given government benefit program for at least 90% of
the event time window (29 out of 33 months). “Gained access” is defined as having been enrolled at most
20% of the months preceding pregnancy (2 out of 12 months). The total sample size for this analysis includes
6,653 women, 50% of whom fall into the Access all along group.

21Similarly, for the case of SNAP, we find an equal-sized reduction in crime for SNAP-gainers and those
who were enrolled in the benefit all along both during pregnancy and after childbirth, suggesting that
newly-acquired access to food assistance is unlikely to contribute to the observed decrease in crime.
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(see Figure A.3).%2

4.5 Heterogeneity and Long-Term Effects

Heterogeneity in the impacts of first-time parenthood We analyze how the effects
of new parenthood vary across different subgroups based on age and race, the presence of a
father on the birth record, and criminal justice and SUD history. We examine age-by-race
groups because they are fundamental demographic markers that correlate with socioeconomic
disparities. The presence of a father listed on the birth record serves as a useful proxy for
whether an individual is parenting alone, which is crucial as solo parents may face distinct
challenges compared to those co-parenting. Additionally, we consider subgroups based on past
criminal justice or SUD involvement, as these are key indicators of a person’s vulnerability
and stability, potentially shaping the pathways through which parenthood affects broader
outcomes. Understanding these variations can shed light on which subgroups are most
affected, and in which domain, and thus help inform more tailored policy approaches to
address their specific needs and challenges.

We summarize results in Figure 4. For government benefits like Medicaid and SNAP, older
Black women exhibit the largest increases in enrollment, suggesting that this demographic
might experience the largest change in access during this period. In contrast, reductions in
criminal behavior occur similarly across all demographic groups, indicating that parenthood
acts as a universal motivator for behavioral change (or universal incapacitator), regardless of
age or race. The effects on OUD treatment are driven by older white women, aligning with
the broader context of the opioid epidemic disproportionately affecting this group. Meanwhile,
the effects on housing stability—both increased homeless shelter stays and transitions into
public housing—are most significant for younger Black women and those without a father

listed on the birth record, pointing to acute housing challenges for these subgroups.

Long-Term Effects of First-Time Parenthood When examining the long-term effects of

first-time parenthood up to five years after childbirth in Figure 5, we find that the effects in all

22Gummary statistics for this sample and results in table-form are presented in Table A.6 and Table A.7,
respectively. For power reasons, we do not restrict this analysis to women of low SES.

24



domains we measure—government benefits, behavioral outcomes, and housing—persist well
beyond the immediate year after childbirth, suggesting that the challenges and opportunities
of parenthood for individuals of low SES shape economic and social outcomes for years.
Specifically, for Medicaid and SNAP enrollment, while the effects do decrease over time,
they remain substantial even five years later, highlighting the enduring role of parenthood in
connecting families to critical social support. In terms of criminal behavior, we find that the
initial behavioral changes wane slowly and only lose statistical significance five years after
childbirth. For public housing, effects peak 2-3 years after childbirth and stay high throughout,
indicating that parenthood creates lasting moves into and needs for government-assisted
housing. Results for homeless shelter stays become smaller and noisier in later periods.
However, when considering longer-term homelessness assistance programs, we find large
and persistent effects (see Figure A.4), suggesting that new parents in need transition from
shelters into the latter type of housing assistance over the years, and thus keep experiencing
lasting housing instability.

The persistence of these effects across most outcomes reinforces the importance of timely
interventions during pregnancy and early parenthood, as they have the potential to yield

benefits that extend far into the future for both parents and children.

5. Robustness

Sample Selection and Model Specification Robustness Checks The event study
results presented in the previous sections are robust to key specifications checks. These
include a) changing our sample selection criterion in various ways (i. include all first-time
mothers; ii. use alternative low SES criteria); b) robustness to “attrition” from in- and
out-migration; ¢) excluding pre-conception months to rule out bias from “anticipatory effects”;
d) including a linear pre-trend control; and e) using a standard two-way fixed effect estimator.

We discuss these robustness checks in detail in Appendix C.1.

Matched DiD approach To account for age effects non-parametrically, we employ a

matched DiD design similar to Fadlon and Nielsen (2021) and Mello (2023), who apply
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this method to estimate the effects of health shocks on labor supply and of traffic fines
on financial wellbeing, respectively. Applied to our setting, this approach compares the
evolution of outcomes for first-time mothers around childbirth (the “treatment group”) with
the simultaneous evolution for a matched control group of comparable individuals who have
their first birth three years later. We match women based on age (that is quarter and year of
birth), race, and Medicaid history. See Appendix C.2 for details. We report dynamic causal
effect estimates in Figures A.5-A.7. We find matched pairs of ‘treated” and ‘control” women
to be on parallel trends ahead of the treated peer’s pregnancy and find sharp divergence in
trends upon discovery of pregnancy, childbirth, or both. These patterns suggest that age
effects do not bias our results in the main analysis. Effect sizes are summarized in table-form
in Table A.18. In terms of both magnitudes and precision, the matched DiD results closely

match those from our main event study.

Variation in pregnancy loss We present results from a robustness check that accounts
for potential endogeneity in the timing of pregnancy by exploiting naturally occurring
variation in pregnancy loss. Specifically, we conduct a difference-in-differences analysis that
compares women who have a live birth to observably similar childless women who experience
a miscarriage. See Appendix C.3 for details, including a discussion of the limitations of this
analysis, especially that women experiencing a miscarriage are slightly disadvantageously
selected. We report results from the DiD estimation based on 1,019 miscarriage events and
27,329 live birth events in Table A.19, and find them in line with results from our main
analysis for most outcomes. Having a live birth, compared to a miscarriage, is associated with
a statistically significantly larger increase in enrollment in Medicaid and SNAP, treatment
for OUD, homeless shelter stays, and movement into public housing. Results for criminal

behavior are noisier but show the same sign as in our main analysis.

6. Results for Men

In this section, we present our findings for first-time fathers, finding results that differ

substantially from those for women across all outcomes.
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The absence of fathers from birth records—38% of children born to Medicaid-insured
mothers lack a father on the birth record—complicates this analysis due to likely selection
bias. In Pennsylvania, unmarried parents must jointly sign a “Voluntary Acknowledgment
of Paternity” form, often done immediately after birth, to establish legal rights and child
support. Consequently, parents may not file this form—Ilikely often in cases when the father
is not present for the birth—for many reasons related to recent developments in the romantic
relationship or economic situation of either parent. Whether parents are married (thus
automatically listing the father on the birth record) is also likely influenced by similar factors.
Consequently, men on better recent economic or psycho-social trajectories may be more likely
to be listed. Due to this selection issue, the results in this section should be interpreted
cautiously.

We present summary statistics for first-time fathers in Table A.20. A total of 5,046
first-time fathers satisfy our low SES criterion, making up 8.3% of all first-time fathers. They
share similar characteristics to first-time mothers of low SES, except for a higher baseline
rate of criminal charges (19.5% vs. 11%). We report results, estimated using our baseline
imputation estimator, in Table A.21. Among men of low SES, new parenthood shows no
statistically significant association with most outcomes and the sign of the association often
contrasts with that found for women. There is no significant link between new parenthood
and housing and OUD treatment outcomes after childbirth, a negative association with
Medicaid enrollment (supporting the positive selection hypothesis), and a positive association
with criminal behavior after birth. In the full sample of fathers, significance levels are similar
(see Table A.22). However, coefficients for Medicaid and OUD treatment switch signs, thus
directionally matching those found for women, consistent with higher rates of cohabitation
and co-parenting (and thus co-movement of outcomes) among less economically disadvantaged
new parents.

Acknowledging potential selection concerns, these results tentatively suggest that while
it has been established that new parenthood leads to diverging trajectories of women and
men in the labor market, on average, among individuals from economically disadvantaged
backgrounds, having a child also has vastly different consequences for the overall living

conditions of women relative to men, including in the domains of housing, social insurance
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use, and criminal behavior. These differences plausibly arise in contexts where many parents

do not cohabit and parenting responsibilities are not equally shared.

7. Conclusion

In this paper, we traced out the impacts of pregnancy and parenthood on key markers
of economic and psycho-social well-being of women of low socio-economic status in the
United States. Our findings highlight that becoming a parent brings unique challenges and
opportunities for individuals from this demographic group: on the one hand, we document
significant strain in the domain of housing in the form of greater housing instability, as well
as a large, persistent push into public housing. On the other hand, we find a tremendous
increase in access to valuable government assistance programs for healthcare, food, and cash,
as well as significant behavioral shifts towards commencing SUD treatment and reduced
criminal offending, consistent with a motivational mechanism.

Our results should be interpreted with caution for several reasons. First, despite flat
pre-trends and numerous robustness checks supporting our empirical approach, any remaining
unobserved endogeneity in the timing of first-time parenthood could pose challenges to
identification. However, for a range of policy questions, such as the allocation of homelessness
services, observed changes are directly relevant, and isolating causal effects is less crucial.
Second, our analysis is based on data from one large U.S. county. While representative of
national demographics in many respects, effects may differ in other regions, and our findings
are specific to the U.S. context. Lastly, as common when using administrative data to study
drug use and homelessness, we can only cautiously interpret changes in the use of SUD
treatment services and homeless shelter services in terms of an improvement vs. a worsening
of the underlying state of substance use and housing stability.

With these caveats in mind, we believe the two most important implications of our
results are the following: First, the time of new parenthood is a particularly important
and suitable one for programs assisting vulnerable women in moving to stable housing in
high-opportunity neighborhoods. Not only do we find that the period of new parenthood is
one marked by increased mobility and reliance on housing assistance, suggesting a particularly

high success rate in encouraging moves to high-opportunity neighborhoods; but we also
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find markers of increased housing instability during this period, suggesting that moving
families to opportunity very early on could yield particularly large returns, including for
children. Second, the profound changes we document in criminal behavior and substance use
treatment suggest that social factors like new parenthood may serve as a pivotal moment for
fostering positive change. Thus, other social factors that provide a strong sense of meaning
and purpose and that could be influenced by government programs—by returning social
capital, meaningful work opportunities, or both—may help improve individual welfare and
spur positive externalities at the community level. Developing and evaluating such programs
could provide an under-explored, potentially valuable complement to traditional government
assistance programs.

Overall, we hope to complement important qualitative and mixed-method work such
as Edin and Kefalas (2005) and DeLuca, Wood and Rosenblatt (2019) by providing more
data-driven insights into the impacts of parenthood on economically disadvantaged parents, to
inform policymakers in designing effective safety-net policies that help manage the disruptions
of parenthood and leverage its opportunities for positive change. Given the ample evidence
documenting the importance of a children’s pre- and postnatal environment for their long-
term health, well-being, and economic outcomes (Almond, Currie and Duque, 2018), such

improvements could have very large positive externalities.

29



References

Abramson, Boaz. 2024. “The Equilibrium Effects of Eviction Policies.” Working Paper.

Adams, E. Kathleen, Norma I. Gavin, Arden Handler, Will Manning, and Cheryl
Raskind-Hood. 2003. “Transitions in insurance coverage from before pregnancy through
delivery in nine states, 1996-1999.” Health Affairs, 22: 219-29.

Akerlof, George A. 1978. “The Economics of “Tagging” as Applied to the Optimal Income
Tax, Welfare Programs, and Manpower Planning.” American Economic Review, 68(1): 8-19.

Allegheny County Housing Authority. 2020. “Low Income Public Housing Information.”
https://www.achsng.com/applyLIPH.asp; last accessed 1 November 2020.

Allegheny County Housing Authority. 2021. “Housing Management Operations FAQ.”
https://www.achsng.com/FAQ-HMOapplicants.asp; last accessed 1 July 2021.

Allegheny HealthChoices. 2017. “The Impact Of Medicaid Expansion: Allegheny County’s
HealthChoices Behavioral Health Program.” Report by Allegheny HealthChoices Inc.
(AHCI), published in March 2017.

Almond, Douglas, Janet Currie, and Valentina Duque. 2018. “Childhood Circum-
stances and Adult Outcomes: Act I1.” Journal of Economic Literature, 56(4): 1360-1446.

Blanco, Carlos, Miren Iza, Robert P. Schwartz, Claudia Rafful, Shuai Wang, and
Mark Olfson. 2013. “Probability and predictors of treatment-seeking for prescription
opioid use disorders: A National Study.” Drug and Alcohol Dependence, 131(0): 143-148.

Borusyak, Kirill, Xavier Jaravel, and Jann Spiess. 2024. “Revisiting Event-Study
Designs: Robust and Efficient Estimation.” Review of Economic Studies.

Britto, Diogo G. C., Roberto Hsu Rocha, Paolo Pinotti, and Breno Sampaio.
2024. “Small Children, Big Problems: Childbirth and Crime.” Working Paper.

Burger, Ryan, Abigail Horn, Brian Bell, and FErin Dalton. 2015.
“Families Involved in the Allegheny County Homelessness System.” The
Allegheny  County  Department of Human  Services Research  Report.
https://www.alleghenycountyanalytics.us/wp-content/uploads/2016/05/

Families-Involved-in-the-Allegheny-County-Homelessness-System-5.pdf; last
accessed 4 October 2021.

Carr, Jillian B., and Analisa Packham. 2019. “SNAP Benefits and Crime: Evidence from
Changing Disbursement Schedules.” Review of Economics and Statistics, 101(2): 310-325.

Celhay, Pablo A., Bruce D. Meyer, and Nikolas Mittag. 2021. “Errors in Reporting
and Imputation of Government Benefits and Their Implications.” NBER Working Paper
No. 29184.

30


https://www.achsng.com/applyLIPH.asp
https://www.achsng.com/FAQ-HMOapplicants.asp
https://www.alleghenycountyanalytics.us/wp-content/uploads/2016/05/Families-Involved-in-the-Allegheny-County-Homelessness-System-5.pdf
https://www.alleghenycountyanalytics.us/wp-content/uploads/2016/05/Families-Involved-in-the-Allegheny-County-Homelessness-System-5.pdf

Chetty, Raj, and Nathaniel Hendren. 2018. “The Effects of Neighborhoods on Inter-
generational Mobility I: Childhood Exposure Effects.” Quarterly Journal of Economics,
133(3): 1107-1162.

Chetty, Raj, Nathaniel Hendren, and Lawrence F. Katz. 2016. “The Effects of
Exposure to Better Neighborhoods on Children: New Evidence from the Moving to
Opportunity Experiment.” American Economic Review, 106(4): 855-902.

Chyn, Eric. 2018. “Moved to Opportunity: The Long-Run Effects of Public Housing
Demolition on Children.” American Economic Review, 108(10): 3028-56.

Chyn, Eric, and Lawrence F. Katz. 2021. “Neighborhoods Matter: Assessing the Evidence
for Place Effects.” Journal of Economic Perspectives, 35: 197-222.

Collinson, Rob, John Eric Humphries, Nicholas Mader, Davin Reed, Daniel
Tannenbaum, and Winnie van Dijk. 2024. “Eviction and Poverty in American Cities.”
Quarterly Journal of Economics, 139(1): 57-120.

Congressional Budget Office. 2013. “Federal Means-Tested Programs and Tax Credits
— Infographic.” https://www.cbo.gov/publication/43935; last accessed 1 September
2021.

Corinth, Kevin. 2017. “The Impact of Permanent Supportive Housing on Homeless Popula-
tions.” Journal of Housing Economics, 35: 69-84.

Curtis, Marah A., Hope Corman, Kelly Noonan, and Nancy E. Reichman. 2013.
“Life Shocks and Homelessness.” Demography, 50: 2227-2253.

D’Angelo, Denise, Brenda Le, Mary E. O’Neil, Letitia Williams, Indu B.
Ahluwalia, Leslie L. Harrison, R Louise Floyd, Violanda Grigorescu, and
CDC. 2015. “Patterns of health insurance coverage around the time of pregnancy among

women with live-born infants—Pregnancy Risk Assessment Monitoring System, 29 states,
2009.” MMWR Surveill Summ, 64: 1-19.

Daw, Jamie R., Laura A. Hatfield, Katherine Swartz, and Benjamin D. Sommers.
2017. “Women In The United States Experience High Rates Of Coverage ‘Churn’ In Months
Before And After Childbirth.” Health Affairs, 4: 598-606.

Degenhardt, Louisa, and Wayne Hall. 2012. “Extent of illicit drug use and dependence,
and their contribution to the global burden of disease.” The Lancet, 379(9810): 55-70.

Deitrick, Sabina, Angela Reynolds, Christopher Briem, Robert Gradeck, and
Lauren Ashcraft. 2011. “Estimating The Supply And Demand Of Affordable Housing
In Allegheny County.” University Center for Social and Urban Research, University of
Pittsburgh A Report For The Housing Alliance Of Pennsylvania Project: “Lessons From
The Foreclosure Crisis: An Agenda For Rebuilding Pennsylvania’s Housing Market”.

31


https://www.cbo.gov/publication/43935

DeLuca, Stefanie, Holly Wood, and Peter Rosenblatt. 2019. “Why Poor Families Move
(And Where They Go): Reactive Mobility and Residential Decisions.” City €& Community,
18(2): 556-593.

Deshpande, Manasi, and Michael Mueller-Smith. 2022. “Does Welfare Prevent Crime?
The Criminal Justice Outcomes of Youth Removed From SSI” Quarterly Journal of
Economics, 137(4).

Dobkin, Carlos, Amy Finkelstein, Raymond Kluender, and Matthew J. No-
towidigdo. 2018. “The Economic Consequences of Hospital Admissions.” American FEco-
nomic Review, 108(2): 308-352.

Dustmann, Christian, and Rasmus Landersg. 2021. “Child’s Gender, Young Fa-

thers’ Crime, and Spillover Effects in Criminal Behavior.” Journal of Political Economy,
129(12): 3261-3301.

Edin, Kathryn, and Maria Kefalas. 2005. Promises I Can Keep: Why Poor Women Put
Motherhood Before Marriage. Berkeley:University of California Press.

Evans, William N., David C. Phillips, and Krista Ruffini. 2019. “Reducing and
Preventing Homelessness: A Review of the Evidence and Charting a Research Agenda.”
Abdul Latif Jameel Poverty Action Lab Report prepared for the Abdul Latif Jameel Poverty
Action Lab.

Fadlon, Itzik, and Torben Heien Nielsen. 2021. “Family Labor Supply Responses to
Severe Health Shocks: Evidence from Danish Administrative Records.” American Economic
Journal: Applied Economics, 13: 1-30.

Finer, Lawrence B., and Mia R. Zolna. 2016. “Declines in Unintended Pregnancy in the
United States, 2008-2011.” The New England Journal of Medicine, 374(9): 843-852.

Foley, C. Fritz. 2011. “Welfare Payments and Crime.” Review of Economics and Statistics,
93(1): 97-112.

Goldman-Mellor, Sidra, and Claire E. Margerison. 2019. “Maternal drug-related death
and suicide are leading causes of post-partum death in California.” American Journal of
Obstetrics and Gynecology, 221(5).

Gordon, Ann, Kimball Lewis, and Larry Radbill. 1997. “Income Variability Among
Families with Pregnant Women, Infants, or Young Children.” Mathematica Policy Research,
Inc. Report to the U.S. Department of Agriculture Report.

Grogger, Jeffrey. 2013. “Bounding the Effects of Social Experiments: Accounting for
Attrition in Administrative Data.” Evaluation Review, 36(6): 449-474.

Han, Jeehoon, Bruce D. Meyer, and James X. Sullivan. 2021. “The Consumption,
Income, And Well-being Of Single mother-headed Families 25 Years After Welfare Reform.”
National Tax Journal, 74(3): 791-824.

32



Hotz, V. Joseph, Charles H. Mullin, and Seth G. Sanders. 1997. “Bounding causal
effects using data from a contaminated natural experiment: Analysing the effects of teenage
childbearing.” The Review of Economic Studies, 64: 575-603.

Jackson, Afton, and Lisa Shannon. 2013. “Perception of Problem Severity, Treatment
Motivations, Experiences, and Long-term Plans among Pregnant Women in a Detoxification
Inpatient Unit.” Int J Ment Health Addiction, 11: 329-343.

Jacome, Elisa. 2022. “Mental Health and Criminal Involvement: Evidence from Losing
Medicaid Eligibility.” Working Paper.

Kaiser Family Foundation. 2021a. “Medicaid Income Eligibility Limits for Children
Ages 6-18, 2000-2021.” Annual Survey Report; https://www.kff.org/medicaid/
state-indicator/medicaid-income-eligibility-limits-for-children-ages-6-18;
last accessed 23 August 2021.

Kaiser Family Foundation. 2021b. “Medicaid Income Eligibil-
ity Limits for Other Non-Disabled Adults, 2011-2021." Annual
Survey Report; https://www.kff.org/medicaid/state-indicator/
medicaid-income-eligibility-limits-for-other-non-disabled-adults/; last

accessed 23 August 2021.

Kaiser Family Foundation. 2021c. “Medicaid Income Eligibility Limits for Parents
and Pregnant Women, 2002-2021.” Annual Survey Reports; https://www.kff.org/
medicaid/state-indicator/medicaid-income-eligibility-limits-for-parents/
and https://www.kff.org/medicaid/state-indicator/
medicaid-and-chip-income-eligibility-limits-for-pregnant-women/; last ac-
cessed 23 August 2021.

Kaiser Family Foundation. 2021d. “Medicaid Postpartum Coverage Exten-
sion Tracker 7 Issue Brief; https://www.kff.org/medicaid/issue-brief/
medicaid-postpartum-coverage-extension-tracker/; last accessed 23 August
2021.

Kim, Jiyoon. 2018. “The Timing Of Exemptions From Welfare Work Requirements And
Its Effects On Mothers” Work And Welfare Receipt Around Childbirth.” Economic Inquiry,
56(1): 317-342.

Kitzmiller, Erika M. 2013. “IDS Case Study: Allegheny County’s Data Warehouse:
Leveraging Data to Enhance Human Service Programs and Policies.” Actionable Intelligence
for Social Policy (AISP), University of Pennsylvania.

Kleven, Henrik, and Gabriel Leite-Mariante. 2024. “The Child Penalty Atlas.” Review
of Economic Studies, forthcoming.

Kleven, Henrik, Camille Landais, and Jakob Egholt Sggaard. 2019. “Children
and Gender Inequality: Evidence from Denmark.” American Economic Journal: Applied
Economics, 11(4): 181-209.

33


https://www.kff.org/medicaid/state-indicator/medicaid-income-eligibility-limits-for-children-ages-6-18
https://www.kff.org/medicaid/state-indicator/medicaid-income-eligibility-limits-for-children-ages-6-18
https://www.kff.org/medicaid/state-indicator/medicaid-income-eligibility-limits-for-other-non-disabled-adults/
https://www.kff.org/medicaid/state-indicator/medicaid-income-eligibility-limits-for-other-non-disabled-adults/
https://www.kff.org/medicaid/state-indicator/medicaid-income-eligibility-limits-for-parents/
https://www.kff.org/medicaid/state-indicator/medicaid-income-eligibility-limits-for-parents/
https://www.kff.org/medicaid/state-indicator/medicaid-and-chip-income-eligibility-limits-for-pregnant-women/
https://www.kff.org/medicaid/state-indicator/medicaid-and-chip-income-eligibility-limits-for-pregnant-women/
https://www.kff.org/medicaid/issue-brief/medicaid-postpartum-coverage-extension-tracker/
https://www.kff.org/medicaid/issue-brief/medicaid-postpartum-coverage-extension-tracker/

Lucas, David S. 2017. “The Impact of Federal Homelessness Funding on Homelessness.”
Southern Economic Journal, 84(2): 548-576.

Massenkoff, Maxim, and Evan K. Rose. 2024. “Family Formation and Crime.” American
Economic Journal: Applied Economics, Forthcoming.

Mattick, Richard P, Courtney Breen, Jo Kimber, and Marina Davoli. 2014.
“Buprenorphine maintenance versus placebo or methadone maintenance for opioid depen-
dence.” Cochrane Database Syst Rev, Feb 6(2).

Mello, Steven. 2023. “Fines and Financial Wellbeing.” Working Paper.

Miller, Sarah, Laura R. Wherry, and Diana Greene Foster. 2023. “The Economic
Consequences of Being Denied an Abortion.” American FEconomic Journal: FEconomic
Policy, 15(1): 394-437.

Patrick, Stephen W., Michael R. Richards, William D. Dupont, Elizabeth McNeer,
Melinda B. Buntin, Peter R. Martin, Matthew M. Davis, Corey S. Davis,
Katherine E. Hartmann, Ashley A. Leech, Kim S. Lovell, Bradley D. Stein,
and William O. Cooper. 2020. “Association of Pregnancy and Insurance Status With
Treatment Access for Opioid Use Disorder.” JAMA Netw Open, 3(8).

Pennsylvania Department of Health. 2018. “Resident Live Births by Principal Source of
Payment and Age of Mother.” https://www.health.pa.gov/topics/HealthStatistics/
VitalStatistics/BirthStatistics/Documents/Birth_AgePay_Cnty_2014_2018.pdf;
last accessed 23 August 2021.

Pennsylvania Department of Human Services. 2021. “SNAP Income Lim-
its.” Pennsylvania DHS; https://www.dhs.pa.gov/Services/Assistance/Pages/
SNAP-Income-Limits.aspx; last accessed 23 August 2021.

Quenby, Siobhan, Ioannis D Gallos, Rima K Dhillon-Smith, Marcelina Podesek,
Mary D Stephenson, Joanne Fisher, Jan J Brosens, Jane Brewin, Rosanna
Ramhorst, Emma S Lucas, Rajiv C McCoy, Robert Anderson, Shahd Daher,
Lesley Regan, Maya Al-Memar, Tom Bourne, David A Maclntyre, Raj Rai,
Ole B Christiansen, Mayumi Sugiura-Ogasawara, Joshua Odendaal, Adam J De-
vall, and Phillip R Bennett. 2021. “Miscarriage matters: the epidemiological, physical,
psychological, and economic costs of early pregnancy loss.” The Lancet, 397(10285): 1658
1667.

Rellstab, Sara, Pieter Bakx, and Pilar Garcia-Gomez. 2022. “The Effect of a Mis-
carriage on Mental Health, Labour Market, and Family Outcomes.” Tinbergen Institute
Discussion Paper TI 2022-027/V.

Romanowicz, Magdalena, Jennifer L. Vande Voort, Julia Shekunov, Tyler S.
Oesterle, Nuria J. Thusius, Teresa A. Rummans, Paul E. Croarkin, Victor M.
Karpyak, Brian A. Lynch, and Kathryn M. Schak. 2019. “The effects of parental

opioid use on the parent—child relationship and children’s developmental and behavioral

34


https://www.health.pa.gov/topics/HealthStatistics/VitalStatistics/BirthStatistics/Documents/Birth_AgePay_Cnty_2014_2018.pdf
https://www.health.pa.gov/topics/HealthStatistics/VitalStatistics/BirthStatistics/Documents/Birth_AgePay_Cnty_2014_2018.pdf
https://www.dhs.pa.gov/Services/Assistance/Pages/SNAP-Income-Limits.aspx
https://www.dhs.pa.gov/Services/Assistance/Pages/SNAP-Income-Limits.aspx

outcomes: a systematic review of published reports.” Child and Adolescent Psychiatry and
Mental Health, 13(5).

Rossin-Slater, Maya, and Petra Persson. 2018. “Family Ruptures, Stress, and the
Mental Health of the Next Generation.” American Economic Review, 108(4-5): 1214-52.

Sampson, R J, and J H Laub. 1990. “Crime and deviance over the life course: The
salience of adult social bonds.” American Sociological Review, 55: 609-627.

Savolainen, Jukka. 2009. “Work, Family And Criminal Desistance: Adult Social Bonds In
A Nordic Welfare State.” The British Journal Of Criminology, 49(3): 285-304.

Sommers, Ben, Rick Kronick, Kenneth Finegold, Rosa Po, Karyn Schwartz, and
Sherry Glied. 2012. “Understanding Participation Rates In Medicaid: Implications for
the Affordable Care Act.” US Department of Health and Human Services ASPE Issue Brief.

Stanczyk, Alexandra B. 2020. “The Dynamics of U.S. Household Economic Circumstances
Around a Birth.” Demography, 57: 1271-1296.

US Census Bureau. 2018. “Poverty Status By State in 2017 (Table POV-46).”

US Census Bureau. 2021. “Historical Poverty Tables: People and Families 1959 to 2020
(Table 4).” Reported statistics in the first paragraph of the introduction are for 2019, for
families with children under age 18.

U.S. Department of Health and Human Services. 2016. “Facing Addiction in America:
The Surgeon General’s Report on Alcohol, Drugs, and Health.” Washington, DC.

Wolfe, Ellen L., Joseph R. Guydish, Ann Santos, Kevin L. Delucchi, and Alice
Gleghorn. 2007. “Drug treatment utilization before, during and after pregnancy.” Journal
of Substance Use, 12: 27-38.

World Health Organization. 2014. “Guidelines for identification and management of sub-
stance use and substance use disorders in pregnancy.” http://www.who.int/substance_
abuse/publications/pregnancy_guidelines/en/; last accessed 1 September 2021.

35


http://www.who.int/substance_abuse/publications/pregnancy_guidelines/en/
http://www.who.int/substance_abuse/publications/pregnancy_guidelines/en/

Tables

Table 1: Sample Demographics

(1) (2)

Low SES
(main analysis sample) All others

mean mean
Age 21.90 28.44
Age 16-17 0.10 0.01
Black 0.52 0.08
White 0.46 0.85
Father listed 0.57 0.91
Married 0.10 0.71
SNAP recipient 0.38 0.01
Homeless service encounter 0.02 0.00
Criminal offense charge 0.11 0.01
SUD treatment encounter 0.05 0.00
Observations 12928 66529

Notes: Table shows demographic characteristics of all women in Allegheny County who experienced a first
live birth between 2007 and 2018 and were aged 16-40 at the time. Women proxied to be low SES (our main
event study sample) are in column (1); all others are in column (2). Observations are at the individual level.
Age and marital status are measured as of month of childbirth. “Father listed” indicates whether a father
is listed on the birth record. “SNAP recipient” equals one if the individual received SNAP benefits in any
month during the year before pregnancy. “Any homeless encounter” is one if the individual used at least
one homelessness service in the year before pregnancy. “Criminal offense charge” is one if the individual was
charged with a crime in an Allegheny court at least once in the year before pregnancy. “MHD treatment
encounter” and “SUD treatment encounter” are dummies for having received treatment for any mental health
disorder (excluding SUDs) or any SUD, respectively, at least once in the year before pregnancy, based on
Medicaid records. See Section 2.2 for details on sample construction.
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Table 2: Main Results on the Impact of First-time Parenthood

Benefit use Behavioral outcomes Housing

(1) (2) ) (4) (5) (6)
Opioid UD  Criminal ~Homeless Public
Medicaid SNAP  treatment offense shelter ~ Housing

Pregnancy 16.50"*  6.30™** 0.34** -0.67* 0.08*** 0.10
(0.35) (0.27) (0.12) (0.09) (0.02) (0.08)
Post-birth 27.727*  15.59"* 0.68" -0.83*** 0.06 1.44%*
(0.77) (0.61) (0.29) (0.19) (0.04) (0.21)
Mean 52.98 26.72 1.51 1.74 0.11 4.75
Observations 456756 457309 97823 380254 457309 457309
Individuals 12928 12928 2715 10593 12928 12928
Pre-trend p-value 0.89 0.37 0.90 0.16 0.61 0.43

Notes: This table shows estimates of the effect of pregnancy and the effect of parenthood in the first year after
birth on our six primary outcomes, for our main analysis sample of first-time mothers of low SES detailed in
Section 2.2. We estimate effects using the “imputation estimator” described in Section 3. Observations are at
the individual-month level. “Pregnancy effect” (“Post-birth effect”) is the average effect across months —9 to
—1 (0 to 11) relative to month of childbirth. "Mean" gives the mean of the dependent variable (x100) twelve
months before childbirth. The p-value of a Wald test statistic for a joint test of all six pre-conception month
dummies being jointly equal to zero is reported in the last row. Cluster-robust standard errors clustered at
the individual level are shown in parentheses. Coefficient estimates and standard errors are multiplied by 100
for better readability. Coefficient estimates with p-values < 0.01 (< 0.05) [< 0.1] are denoted by *** (**)[*].
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Figures

Figure 1: Government Benefit Use

Medicaid: Raw Time Series Medicaid: Event Study

Fraction Medicaid-insured (x100)
Event study estimate

Month relative to birth Month relative to birth

SNAP: Raw Time Series SNAP: Event Study

Fraction receiving SNAP benefits (x100)
Event study estimate

Month relative to birth Month relative to birth

Notes: The figures on the left show raw means of primary government benefit outcomes (x100) by month
relative to childbirth, for our main analysis sample of first-time mothers of low SES. The figures on the right
show the corresponding event study estimates (x100), based on the “imputation estimator” described in
Section 3. 95% confidence bars based on cluster-robust standard errors clustered at the individual-by-birth
level are also shown. The left (right) vertical dotted line in each figure shows the approximate month of
conception (childbirth).
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Figure 2: Behavioral Outcomes

OUD Treatment: Raw Time Series OUD Treatment: Event Study

Fraction treated for OUD (x100)
Event study estimate

Month relative to birth Month relative to birth

Criminal Behavior: Raw Time Series Criminal Behavior: Event Study

Fraction with criminal offense charge (x100)
Event study estimate

Month relative to birth Month relative to birth

Notes: The figures on the left show raw means of primary behavioral outcomes (x100) by month relative to
childbirth, for our main analysis sample of first-time mothers of low SES. The figures on the right show the
corresponding event study estimates (x100), based on the “imputation estimator” described in Section 3.
95% confidence bars based on cluster-robust standard errors clustered at the individual-by-birth level are

also shown. The left (right) vertical dotted line in each figure shows the approximate month of conception
(childbirth).
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Figure 3: Housing

Homeless Shelter Stays: Raw Time Series Homeless Shelter Stays: Event Study
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Notes: The figures on the left show raw means of primary housing outcomes (x100) by month relative to
childbirth, for our main analysis sample of first-time mothers of low SES. The figures on the right show the
corresponding event study estimates (x100), based on the “imputation estimator” described in Section 3.
95% confidence bars based on cluster-robust standard errors clustered at the individual-by-birth level are

also shown. The left (right) vertical dotted line in each figure shows the approximate month of conception
(childbirth).

40



Figure 4: Heterogeneity Results
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Notes: Each panel shows estimates of the causal impact of new parenthood on a given outcome (listed in the
panel header) obtained from the “imputation estimator” described in Section 3, and estimated separately
for each demographic group listed on the left. Effect estimates are multiplied by 100 for better readability.
Estimates are for the “Post-birth effect” (i.e. first year after childbirth). 95% confidence intervals based on

cluster-robust standard errors clustered at the individual level are also shown.
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Figure 5: Longer Term Effects
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Notes: Each figures shows the effect of first-time parenthood by year since childbirth, estimated via a two-way
fixed effects regression of a given outcome on dummies for each year since childbirth (plotted above), a
dummy for the pregnancy period, as well as individual- and calendar year fixed effects. The effect estimates
are multiplied by 100 for better readability Based on our main analysis sample of first-time mothers of low
SES; For each individual, all observations from twelve months before the onset of pregnancy to the end of the
sample period are included.
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A. Appendix Tables and Figures

A.1 Appendix Tables

Table A.1: Allegheny County Characteristics

Allegheny County  Rest of US

mean mean
College plus 0.35 0.28
Foreign born 0.05 0.13
Median hshld income 60,055.76 61,287.21
Poor 0.13 0.14
White 0.81 0.64
Black 0.14 0.13
Hispanic 0.02 0.16
Asian 0.02 0.04
Single parent 0.33 0.32
Rent 2-bedroom 890.77 982.46
Population 1,223,348.00 1,094,111.02

Notes: Table shows mean demographic characteristics of Allegheny County residents (left column), as well as
the average across all other US county-level means, weighted by county population (right column). "Poor"
refers to share of individuals who fall below the federal poverty level. "Single parent" refers to the share of
households with children that are headed by a female head (no husband present) or a male head (no wife
present). Data comes from county-level estimates based on 2010 Census and ACS 5-year data (2006-2010,
2012-2016), provided by Opportunity Insights and collected in Chetty and Hendren (2018).
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Table A.2: Overview of Data Elements

Type ‘ Population ‘ Details ‘ Years
Birth records | All birth records | Child ID, mother ID, father ID, birth weight, mari- | 1999-2019
filed in  the | tal status of mom, number of previous live births of
county mom, calendar year-month of most recent non-live
birth of mom.
Demographics | All* Calendar year-month of birth, gender, race, state, | 2005-2019
and country of birth, flag for born in Allegheny
County.
Medicaid, All* Month-level indicators of enrollment status for Med- | 2002-2019
SNAP, TANF icaid, SNAP (household-level), TANF (household-
level).
Housing Assis- | All* Month-level indicators for residence in public hous- | 2005-2019
tance ing and for Section 8 voucher receipt (household-
level).
Homelessness | All* Date and length of stay, type of encounter (shelter, | 2005-2019
Services rapid re-housing, transitional housing, permanent
supportive housing).
Mental health | Medicaid- Date and type of each treatment received. Type in- | 2005-2019
and substance | insured or | cludes psychotherapy, medication-based SUD treat-
use treatment | otherwise pub- | ment encounters (e.g. methadone receipt), inpa-
licly funded tient stays in psychiatric hospitals and SUD treat-
ment centers, and other services; includes diagnosis
codes for each encounter.
Court records | All* All criminal charges filed in Allegheny courts | 2007-2019
(Court of Common Pleas and Magisterial District | (felonies),
Courts). Includes date, court type, and offense | 2010-2019
type (misdemeanor, felony, and within felony: as- | (misde-
sault, theft, drug possession, DUI). Outcome—such | meanors)
as “not guilty”, “guilty”, “guilty plea”, “dismissal”,
“withdrawal”—listed for some cases.
Physical Medicaid- Dates of all inpatient and outpatient encounters | 2015-2019
health encoun- | insured not covered by Medicaid Behavioral Health (i.e.

ters

excluding treatment of MHD and SUD), including
diagnosis codes; does not include pharmaceutical
claims.

Notes: Table provides an overview of all data elements used in this study. *All refers to all residents who
have resided in Allegheny County at any point in the years of data coverage; we do not have information

about when someone moved into or out of the county.
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Table A.3: Eligibility Changes By Family Status

Program Eligibility Before first | Eligibility During first | Eligibility with one child
pregnancy pregnancy in household

Medicaid* non-disabled adult age 21 or | <$3,100 non-disabled adult age 21 or
over: ineligible before 2015 over: <$580 before 2015 and
and <$1,400 since 2015 <$2,000 since 2015

SNAP? <$1,400, must participate in | <$1,400, no work require- | <$2,250, no work require-
work program at least 20 | ment ment
hours per week to receive
benefits for more than 3
months (waived 2009-2015)

TANFT ineligible <$205 <$316

Homeless Services® 12 shelters and 47 per-| Can access single shelters, | 7 shelters and 55 per-
manent/transitional housing | plus 3 extra shelters for preg- | manent/transitional housing
programs for singles nant women programs for families with

children
Public Housing & Sec- | <$3,875, min. 18 year old | unchanged <$4,429, min. 18 years old
tion 8t household head household head

Notes: All eligibility thresholds listed in US$ refer to gross monthly household income for a household with
one adult (and one child, for the last column) unless otherwise noted, and correspond to 2020 eligibility
thresholds for adult household members. The only program with a major change to eligibility thresholds
over the sample period is Medicaid, which was expanded in 2015 to include households without children and
to increase income thresholds for parents. "Unchanged" means no change relative to eligibility before first
pregnancy. Under Medicaid Pennsylvania, for individuals aged 6-20 a household income threshold of 138% of
FPL applies since 2014, corresponding to about $2,000 in a household of size two. Before 2014, the threshold
was 100% of FPL (Kaiser Family Foundation, 2021aq).

Sources: * Kaiser Family Foundation (2021b), Kaiser Family Foundation (2021¢); T Pennsylvania Department
of Human Services (2021); ¥ Burger et al. (2015); ¥ Allegheny County Housing Authority (2020).

Table A.4: Pregnancy and Parenthood Effect Estimates for Secondary Outcomes I

Benefit use

(1) (2)

SUD treatment

(3) (4) (5)

(6) 7 ©®

Medi- Psycho-  Any  Canna-  Alco- Co-

TANF cation Rehab therapy SUD bis hol caine

Pregnancy 4.20 0.43** -0.33** 0.33"*  0.09 -0.17  -0.12*  -0.01
(0.16) (0.12)  (0.09) (0.11)  (0.19) (0.14)  (0.06) (0.03)

Post-birth 15.06*** 0.66™  -0.46*  0.64™* 1.21"  0.40 -0.04  0.04
(0.37) (0.26)  (0.25) (0.19)  (0.50) (0.35)  (0.14) (0.10)

Mean 5.38 1.14 0.33 0.37 2.58 0.66 0.18 0.11
Observations 457309 97823 97823 97823 97823 97823 97823 97823
Individuals 12928 2715 2715 2715 2715 2715 2715 2715
Pre-trend p-value 0.15 0.35 0.94 0.28 0.11 0.05 0.10 0.56

Notes: This table shows results from the same analysis as our baseline results reported in Table 2, but for
our secondary outcomes in the domains of government benefits and SUD treatment.
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Table A.5: Pregnancy and Parenthood Effect Estimates for Secondary Outcomes I1

Criminal behavior Housing
(1) (2) 3) (4) () (6) (7) (8) 9)
Misde- Drug Long-term Pub. Hous.
meanor Felony Assault Theft offense  DUI homeless  Sec. 8 (Head)
Pregnancy -0.37 -041™*  -0.03 -0.15* -0.09"* -0.06"** -0.01 -0.03 0.20"*
(0.10)  (0.07)  (0.03) (0.04) (0.03) (0.02)  (0.04)  (0.09)  (0.05)
Post-birth -0.26  -0.55"** 0.04  -0.23"* -0.19"* -0.09** 0.14 0.43** 1747
(0.19)  (0.15)  (0.07)  (0.08)  (0.07) (0.04)  (0.10)  (0.21)  (0.16)
Mean 1.07 1.08 0.22 0.24 0.25 0.08 0.58 11.85 1.02
Observations 269110 380254 380254 380254 380254 380254 457309 457309 457309
Individuals 7225 10593 10593 10593 10593 10593 12928 12928 12928
Pre-trend p-value 0.29 0.21 0.24 0.42 0.34 0.84 0.38 0.26 0.47

Notes: This table shows results from the same analysis as our baseline results reported in Table 2, but for
our secondary outcomes in the domains of criminal behavior and housing.

Table A.6: Summary Statistics: Two Live Births Sample

mean
Age 26.55
Age 16-17 0.04
Black 0.16
White 0.80
Father listed 0.86
Low SES 0.18
Medicaid insured 0.13
SNAP recipient 0.08
Homeless service encounter  0.00
Criminal offense charge 0.02

MHD treatment encounter  0.02
SUD treatment encounter 0.01
Months between births 43.44
Observations 22683

Notes: Table shows summary statistics for all women with a first and second live birth in the sample period
(2007-2018) that are at least 24 months apart. All time-varying variables are reported as of the month of first
childbirth (or the year before first pregnancy, respectively).
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Table A.7: First vs. Second Live Birth DiD Results

Benefit use Behavioral outcomes Housing
SR N ) (4) (5) (6)
Opioid UD  Criminal ~Homeless Public
Medicaid SNAP  treatment offense shelter ~ Housing

Pregnancy x 2nd child  -5.03%*  -0.99"*  -0.03 -0.07 0.01 -0.05
(0.30)  (0.22) (0.06) (0.08) (0.02)  (0.07)
Post-birth x 2nd child ~ -6.88"*  -5.12*  0.14* 0.19** 0.00  -0.25"
(0.32)  (0.27) (0.07) (0.09) (0.02)  (0.10)
2nd child 9407  4.92% -0.08 -0.31%* 0.02  0.87
(0.33)  (0.27) (0.08) (0.07) (0.02)  (0.13)
Pregnancy 11.03% 217 0.14* -0.13* 0.01 0.08
(0.23)  (0.15) (0.04) (0.06) (0.02)  (0.05)
Post-birth 12.10%%  4.52%  0.15% -0.24* 0.00  0.43"
(0.26)  (0.20) (0.05) (0.06) (0.01)  (0.09)
Mean 13.81 8.75 0.29 0.33 0.02 1.47
Observations 1496789 1497078 1497078 1119558 1497078 1497078
Individuals 22683 22683 22683 16963 22683 22683

Notes: This table reports DiD estimates comparing the impact of first vs. second births among all women with
a first and second live birth in the sample period that are at least 24 months apart. Based on the following
event study specification: y;;, = o+ 2#_12 (v + B Tij) + VT + 11X jr + €545 where 7 is month relative
to the month of childbirth, i is individual, and j denotes the series (either first or second birth). 7, denotes
relative event time dummies, 7;; is an indicator that equals one if the observation pertains to a second birth,
and X;;, is a set of controls (individual FE, age FE, and calendar year FE). Only observations in the event
time window (—21 < r < 11) are included. Table shows coefficient estimates for 8_4, 83, v, 74, and 3 (in that
order). "Mean" gives the mean of the dependent variable (x100) 12 months before childbirth. Cluster-robust
standard errors clustered at the individual-by-birth level are shown in parentheses. Coefficient estimates and
standard errors are multiplied by 100 for better readability. Coefficient estimates with associated p-values
< 0.01 (< 0.05) [< 0.1] are denoted by *** (**)[*].

Table A.8: Results for All First-Time Mothers

Benefit use Behavioral outcomes Housing
(1) (2) 3) (4) (5) (6)
Opioid UD  Criminal Homeless Public
Medicaid SNAP  treatment offense shelter  Housing

Pregnancy 7.607** 1.66** 0.09*** -0.18** 0.02%** 0.03*
(0.08) (0.05) (0.01) (0.02) (0.00) (0.01)
Post-birth 13.18%*  4.73** 0.19** -0.23** 0.01* 0.33**
(0.16) (0.12) (0.03) (0.04) (0.01) (0.04)
Mean 8.62 4.94 0.20 0.42 0.02 0.93
Observations 2810029 2813499 2813499 2308764 2813499 2813499
Individuals 79457 79457 79457 64162 79457 79457
Pre-trend p-value 0.90 0.55 0.69 0.18 0.74 0.35

Notes: This table shows results from the same analysis as our baseline results reported in Table 2; the only
difference being that the effects of pregnancy and parenthood are estimated on the full sample of first-time
mothers (not just the sample of women of low SES).

A6



Table A.9: Results using SNAP and Medicaid Low SES Criterion

Benefit use Behavioral outcomes Housing

S ) (4) G (©
Opioid UD  Criminal Homeless Public
Medicaid SNAP  treatment offense shelter ~ Housing

Pregnancy 17.15"*  6.08* 0.34** -0.70** 0.08*** 0.11
(0.33) (0.26) (0.12) (0.09) (0.02) (0.08)
Post-birth 28.74%*  14.78* 0.68* -0.86** 0.06 1.38*
(0.73) (0.61) (0.29) (0.18) (0.04) (0.20)
Mean 48.97 28.09 1.51 1.73 0.10 4.68
Observations 494491 495081 97823 413472 495081 495081
Individuals 13985 13985 2715 11512 13985 13985
Pre-trend p-value 0.89 0.44 0.90 0.23 0.78 0.38

Notes: This table shows results from the same analysis as our baseline results reported in Table 2; the only
difference being that the effects of pregnancy and parenthood are estimated for a slightly different sample.
Instead of using the baseline low SES criterion of having been enrolled in Medicaid at some point in the
5 years preceding pregnancy, we use an alternative criterion of having been enrolled in either Medicaid or
SNAP or both at some point in the five years leading up to pregnancy.

Table A.10: Results using SNAP Low SES Criterion

Benefit use Behavioral outcomes Housing

noo@ G (4) (5) (6)
Opioid UD  Criminal Homeless Public
Medicaid SNAP  treatment offense shelter ~ Housing

Pregnancy 16.61*  3.64™* 0.23 -0.92% 0.11%* 0.11
(0.45) (0.46) (0.16) (0.13) (0.04) (0.11)
Post-birth 27.64%  6.47 0.66 -1 0.07 1.37
(0.96) (1.07) (0.40) (0.28) (0.07) (0.30)
Mean 54.59 53.54 1.80 2.18 0.15 6.39
Observations 263290 263672 64954 234962 263672 263672
Individuals 7337 7337 1780 6467 7337 7337
Pre-trend p-value 0.29 0.24 0.38 0.20 0.99 0.77

Notes: This table shows results from the same analysis as our baseline results reported in Table 2; the only
difference being that the effects of pregnancy and parenthood are estimated for a slightly different sample.
Instead of using the baseline low SES criterion of having been enrolled in Medicaid at some point in the 5

years preceding pregnancy, we use an alternative criterion of having been enrolled in SNAP at some point in
the five years leading up to pregnancy.
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Table A.11: Results using Childhood Medicaid Low SES Criterion

Benefit use Behavioral outcomes Housing

(1) (2) ) (4) (5) (6)
Opioid UD  Criminal ~Homeless Public
Medicaid SNAP  treatment offense shelter ~ Housing

Pregnancy 18.46™*  6.68*** 0.27* -0.63** 0.08"* 0.14*
(0.34) (0.27) (0.11) (0.09) (0.02) (0.08)
Post-birth 33.57  17.06* 0.57* -0.80*** 0.08* 1.53*
(0.71) (0.61) (0.24) (0.18) (0.04) (0.21)
Mean 46.47 24.56 0.80 1.63 0.09 4.82
Observations 454813 455424 89662 391074 455424 455424
Individuals 12813 12813 2510 10863 12813 12813
Pre-trend p-value 0.70 0.69 0.62 0.26 0.68 0.64

Notes: This table shows results from the same analysis as our baseline results reported in Table 2; the only
difference being that the effects of pregnancy and parenthood are estimated for a slightly different sample.
Instead of using the baseline low SES criterion of having been enrolled in Medicaid at some point in the 5
years preceding pregnancy, we use an alternative criterion of having been enrolled in Medicaid at any point
before the 21st birthday (but before the first pregnancy).

Table A.12: Robustness to In-/Out-Migration I: Results for Sub-Sample with Local Service
Records Before and After Event Time Window

Benefit use Behavioral outcomes Housing

(1) (2) ) (4) (5) (6)
Opioid UD  Criminal ~Homeless Public
Medicaid SNAP  treatment offense shelter ~ Housing

Pregnancy 19.07*  7.23" 0.34** -0.67** 0.11% 0.15
(0.40) (0.33) (0.12) (0.11) (0.03) (0.10)
Post-birth 37447 18.13" 0.68* -0.72% 0.07 1.73*
(0.87) (0.76) (0.29) (0.24) (0.05) (0.26)
Mean 62.23 34.06 1.51 2.08 0.12 6.17
Observations 345073 345567 97823 287982 345567 345567
Individuals 9645 9645 2715 7900 9645 9645
Pre-trend p-value 0.75 0.52 0.90 0.06 0.70 0.34

Notes: This table shows results from the same analysis as our baseline results reported in Table 2; the only
difference being that the effects of pregnancy and parenthood are estimated for the sub-sample of low SES
individuals who have an Allegheny DHS service encounter (that is, a Medicaid claim, court record, housing
record, or welfare benefit record) in both the year before and the year after the event time window.
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Table A.13: Robustness to In-/Out-Migration II: Results for Sub-Sample with Local Service

Record in Childhood

Benefit use Behavioral outcomes Housing
n @ (3) (4) (5) (6)
Opioid UD  Criminal Homeless Public
Medicaid SNAP  treatment offense shelter  Housing
Pregnancy 14,77 7427 0.12 -0.69** 0.10*** 0.19*
(0.46) (0.42) (0.09) (0.12) (0.03) (0.11)
Post-birth 29.23**  18.24** 0.33 -0.81** 0.10* 1.92%
(1.03) (0.94) (0.22) (0.26) (0.06) (0.30)
Mean 61.93 31.39 0.42 1.94 0.09 6.51
Observations 249927 250281 69540 231339 250281 250281
Individuals 6979 6979 1919 6405 6979 6979
Pre-trend p-value 0.73 0.93 0.15 0.09 0.74 0.34

Notes: This table shows results from the same analysis as our baseline results reported in Table 2; the only
difference being that the effects of pregnancy and parenthood are estimated for the sub-sample of low SES
individuals who have an Allegheny DHS service encounter (that is, a Medicaid claim, court record, housing
record, or welfare benefit record) before age 17, and ahead of the event time window.

Table A.14: Robustness to In-/Out-Migration III: Results for Sub-Sample Born in Pennsylva-

nia
Benefit use Behavioral outcomes Housing
(1) (2) (3) (4) (5) (6)
Opioid UD  Criminal Homeless Public
Medicaid SNAP  treatment offense shelter ~ Housing
Pregnancy 16.58"*  6.52*** 0.34** -0.68** 0.08"* 0.17*
(0.37) (0.29) (0.13) (0.10) (0.02) (0.09)
Post-birth 28.60*  16.15* 0.71* -0.80*** 0.05 1.58**
(0.82) (0.67) (0.29) (0.21) (0.04) (0.23)
Mean 53.74 27.66 1.44 1.80 0.08 4.92
Observations 401235 401703 89894 332799 401703 401703
Individuals 11391 11391 2503 9303 11391 11391
Pre-trend p-value 0.77 0.30 0.91 0.32 0.89 0.45

Notes: This table shows results from the same analysis as our baseline results reported in Table 2; the only
difference being that the effects of pregnancy and parenthood are estimated for the sub-sample of low SES
individuals who were born in Pennsylvania (information that is recorded on their child’s birth record).
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Table A.15: Robustness to Allowing for Anticipation Effects

Benefit use Behavioral outcomes Housing

S ) (4) G (©
Opioid UD  Criminal Homeless Public
Medicaid SNAP  treatment offense shelter ~ Housing

Pregnancy 16.34***  6.12 0.03 -0.77 0.13** 0.18%
(0.43) (0.32) (0.15) (0.13) (0.03) (0.10)
Post-birth 27.517*  15.21% 0.11 -1.02%* 0.14** 1.59*
(0.90) (0.74) (0.31) (0.29) (0.06) (0.23)
Mean 53.73 27.05 1.62 1.62 0.09 4.58
Observations 411339 411587 87872 341537 411587 411587
Individuals 12928 12928 2715 10593 12928 12928
Pre-trend p-value 0.80 0.67 0.87 0.37 0.52 0.62

Notes: This table shows results from the same analysis as our baseline results reported in Table 2; the only
difference being that we omit the three months immediately preceding conception from the estimation.

Table A.16: Robustness to Including Linear Pre-Trend Control

Benefit use Behavioral outcomes Housing

(1) (2) (3) (4) (5) (6)
Opioid UD  Criminal ~Homeless Public
Medicaid SNAP  treatment offense shelter  Housing

Pregnancy 16.527*  6.27"* 0.36* -0.73* 0.08*** 0.09
(0.48) (0.38) (0.17) (0.12) (0.03) (0.10)
Post-birth 27.79**  15.54*** 0.72* -0.97 0.07 1.42%
(0.99) (0.78) (0.39) (0.24) (0.06) (0.24)
Mean 52.98 26.72 1.51 1.74 0.11 4.75
Observations 456756 457309 97823 380254 457309 457309
Individuals 12928 12928 2715 10593 12928 12928
Pre-trend p-value 0.74 0.30 0.87 0.17 0.60 0.44

Notes: This table shows results from the same analysis as our baseline results reported in Table 2; the only
difference being that we include a (linear) control for relative event time.
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Table A.17: Results with Standard Two-Way Fixed Effects Estimator

Benefit use Behavioral outcomes Housing

(1) (2) (3) (4) (5) (6)
Opioid UD  Criminal Homeless Public
Medicaid SNAP  treatment offense shelter  Housing

Pregnancy effect  13.097°  5.06*  0.29" 059" 0.07*  0.08
(0.32)  (0.26) (0.12) (0.07) (0.02)  (0.09)
Post-birth effect  21.02°*  12.60™*  0.58"** 0,67 0.03  1.39%
(0.41)  (0.37) (0.19) (0.10) (0.03)  (0.14)
Mean 52.98  26.72 1.51 1.74 0.11 475
Observations 426624 426624 89595 349569 426624 426624
N individuals 12928 12928 2715 10593 12028 12928

Notes: This table shows estimates of the effect of pregnancy and the effect of parenthood in the first
year after birth on our six primary outcomes, for all first-time mothers of low SES in Allegheny County.
The estimates obtain from the following standard two-way fixed effects model estimated via OLS: Y;; =
Bo + B1 X Pregis + B2 X Postiy + i +y(it) + €it, where i denotes individual and ¢ denotes calendar year-month.
The regression includes controls for individual fixed effects (u;) and calendar year fixed effects (v,(t))-
Columns 5 restricts to the sub-sample of first-time mothers who were Medicaid-insured throughout the event
time window. Cluster-robust standard errors clustered at the individual level are shown in parentheses.
Coeflicient estimates and standard errors are multiplied by 100 for better readability. Coefficient estimates
with associated p-values < 0.01 (< 0.05) [< 0.1] are denoted by *** (**)[*].

Table A.18: Matched DiD Results

Benefit use Behavioral outcomes Housing

(1) (2) (3) (4) (5) (6)
Opioid UD  Criminal ~Homeless Public
Medicaid SNAP  treatment offense shelter  Housing

T x Pregnancy 18.95"*  7.49"* 0.17 057 0.08"  0.35
(0.42)  (0.33) (0.16) (0.06) 0.02)  (0.12)
T x Post-birth ~ 34.27** 1813  0.44* -0.62*** 003  1.71%
(0.54)  (0.45) (0.21) (0.06) (0.02)  (0.20)
Mean T 5340  26.97 1.54 1.67 0.09 479
Mean C 4638 21.00 0.66 0.94 0.02 4.02
Observations 843769 843876 209880 098942 843876 843876
T individuals 12786 12786 3180 14547 12786 12786

Notes: Table reports causal effect estimates on interaction coefficients of treatment (i.e. individual in matched
dyad who has the childbirth) and relative event time period dummies (treated peer’s pregnancy time window
and treated peer’s year after childbirth, respectively) from a matched DiD regression detailed in Section 5.
Regression includes controls for treatment, relative event period dummies, and their interaction. Sample is
restricted to treated-control dyads in which the treated peer satisfies the low SES criterion (that is, is observed
as Medicaid-insured in at least one month of the five years preceding pregnancy). "Mean T" and “Mean C” give
the mean of the dependent variable (x100) of the treated and control peers, respectively, at 12 months before
the treated peer’s childbirth. Sample in column 3 is restricted to continuously Medicaid-insured individuals.
Coefficient estimates and standard errors are multiplied by 100 for better readability. Cluster-robust standard
errors clustered at the individual-by-treatment level are shown in parentheses. Coefficient estimates with
associated p-values < 0.01 (< 0.05) [< 0.1] are denoted by *** (**)[*].
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Table A.19: Live Birth vs. Miscarriage DiD Results

Benefit use

(1)

(2)

Behavioral outcomes

(3)

(4)

Housing

(5)

(6)

Opioid UD  Criminal Homeless Public

Medicaid SNAP  treatment offense shelter ~ Housing
Pregnancy x Live birth 9.83* 311" 0.19 -0.44 0.07*** 0.22
(0.77) (0.69) (0.12) (0.28) (0.01) (0.15)

Post-Pregn. x Live Birth ~ 17.00"*  9.68*** 0.43* -0.16 0.04 1.29**
(1.05) (0.77) (0.15) (0.20) (0.02) (0.24)
Pregnancy 1.93*** -0.44 0.05 0.10 -0.02 -0.16
(0.75) (0.68) (0.11) (0.27) (0.01) (0.14)

Post-Pregnancy 4.84**  -1.65* 0.03 -0.23 -0.00 -0.47*
(1.02) (0.75) (0.15) (0.20) (0.02) (0.22)
Mean live birth group 20.87 11.81 0.28 0.96 0.04 2.37
Mean miscarriage group 27.38 12.95 0.39 2.07 0.00 2.65

Observations 929177 929370 929370 718218 929370 929370
N indiv.-event tuples 28348 28348 28348 21922 28348 28348

Notes: Table shows effect estimates of having a live birth (vs. a miscarriage) obtained from OLS estimation
of the difference-in-differences model detailed in Section 5. The regression includes controls for individual-by-
event fixed effects and calendar year fixed effects. It is estimated off of the sample detailed in Appendix C.3.
The "Mean" rows give the mean of the dependent variable (x100) two months before the approximate
month of conception. Coefficient estimates and standard errors are multiplied by 100 for better readability.
Cluster-robust standard errors clustered at the individual-event level are shown in parentheses. Coefficient

estimates with associated %values < 0.01 (< 0.05) [< 0.1] are denoted by *** (**
0: Demographic Characteristics of First-Time

Table A

(1)

(2)

Low SES All Others

mean mean
Age 23.200 30.196
Age 16-17 0.050 0.003
Black 0.488 0.073
White 0.474 0.853
SNAP recipient 0.303 0.007
Homeless service encounter 0.011 0.000
Criminal offense charge 0.195 0.017
MHD treatment encounter 0.087 0.001
SUD treatment encounter 0.074 0.001
Observations 5046 55811

Hathers

Notes: Table shows demographic characteristics of all men in Allegheny County at the time they first become
parents, as identified via birth records. First-time parenthood is defined as the first birth record that lists the
individual as the father, that is also the first birth to the child’s mother, and that falls in the sample period
(2007-2018). To keep in parallel with the study of women, the sample includes men aged 16-40 at the event
only. Men identified as low SES are grouped into column (1). All other men are grouped into column (2).
Observations are at the individual level. Outcomes are measured as of month of childbirth unless otherwise

noted. Low SES is defined as b

eing Medicaid-insured in at least one month within the five years preceding

the mother’s pregnancy leading up to the birth. Pregnancy onset is approximated as 10 months before the

month of birth.
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Table A.21: Results for First-Time Fathers of Low SES

Benefit use Behavioral outcomes Housing

n @ 6 (4) (5) (6)
Opioid UD  Criminal Homeless Public
Medicaid SNAP  treatment offense shelter ~ Housing

Pregnancy -2.39** 0.56 -0.39* 0.20 -0.05* -0.00
(0.46) (0.36) (0.19) (0.20) (0.03) (0.09)
Post-birth -2.49** 0.52 -0.14 1.01** -0.07 -0.02
(1.10) (0.86) (0.45) (0.42) (0.06) (0.23)
Mean 41.06 20.11 2.38 3.10 0.08 2.87
Observations 179312 179494 20546 149398 179494 179494
Individuals 5046 5046 547 4134 5046 5046
Pre-trend p-value 0.02 0.36 0.39 0.44 0.20 0.23

Notes: This table shows results from the same analysis as our baseline results reported in Table 2; the only
difference is that the effects are estimated on a different sample. Namely, on all first-time fathers of low SES.
“Pregnancy” refers to the period spanning nine months before the birth of the child.

Table A.22: Results for All First-Time Fathers

Benefit use Behavioral outcomes Housing

(1) (2) 3) (4) (5) (6)
Opioid UD  Criminal Homeless Public
Medicaid ~SNAP  treatment offense shelter ~ Housing

Pregnancy 0.17* 0.14*** 0.00 -0.04* -0.00 -0.00
(0.04) (0.04) (0.01) (0.02) (0.00) (0.01)
Post-birth 1.21% 0.58"* 0.06™* 0.02 -0.00 0.01
(0.10) (0.09) (0.02) (0.05) (0.01) (0.02)
Mean 3.40 2.04 0.12 0.52 0.01 0.31
Observations 2158200 2160832 2160832 1775458 2160832 2160832
Individuals 60857 60857 60857 49179 60857 60857
Pre-trend p-value 0.02 0.38 0.80 0.14 0.27 0.61

Notes: This table shows results from the same analysis as our baseline results reported in Table 2; the only
difference is that the effects are estimated on a different sample. Namely, on all first-time fathers. “Pregnancy”
refers to the period spanning nine months before the birth of the child.
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A.2 Appendix Figures

Figure A.1: Benchmarking Effect Sizes for Medicaid Enrollment

(A) ACA Expansion (B) Aging out of Child Medicaid
- * |
7 ‘QOQQ".’O‘I
7 T METRIN
| *e%400
I [ ]
7 ) °®
. o000 ® ° °
_0'65 ?g ..'.... : '.oo'o.
g Z 6 I
2 | =t |
3 ! g !
2 | 2 5 !
Q — .
g 0 ! = !
s [ g [
<
© | <= 4 |
: : ’ :
©n ! !
554 | 3 |
| |
| |
| |
I 27 ! J ;
: N IS w
A A R e
\" s \S S \" « \S
B I SN Age at first birth

Calendar Year-Month ¢ 16-19 © 20-22 23-30

Notes: Panel A shows a time series of the share of women who are Medicaid insured around the time of the
ACA-expansion (which took place in June 2015). Panel B shows a time series of the share of women who are
Medicaid insured surrounding their 21st birthday (when stricter eligibility criteria go into effect for childless
individuals). Both panels are for our main analysis sample detailed in Section 2.2; Panel B further restricts
to those who had their first child before age 31 (such that we can observe their Medicaid enrollment going as
far back as age 20). See Table A.3 for eligibility thresholds.
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Figure A.2: Mechanism Analysis for Crime Results

(A) Raw Means: Medicaid enrollment (B) Raw Means: Criminal Behavior
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(C) Difference-In-Means: Criminal Behavior
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Notes: Figures A and B show means of Medicaid enrollment and criminal offending (x100), respectively, by
month relative to first childbirth, separately for two sub-samples drawn from the full sample of first-time
mothers: women who were continuously enrolled in Medicaid throughout the event time window (“Access all
along”, N = 3,339)—defined as being Medicaid enrolled in at least 29 out of the 33 months—and women
who were not enrolled in Medicaid in the year preceding pregancy (“Gained access”, N = 3, 314)—defined
as having been enrolled in at most 2 out of the 12 pre-pregnancy months. The two groups are matched
based on year of childbirth, year of own birth, and race, as follows: means for each relative time period are
computed for each demographic cell-by-access group separately and then averaged across demographic cells
within an access group and relative time period by using weights equal to the total number of individuals in
a demographic cell. Panel C shows the difference between the “access all along” average and the “gained
access” average from panel B.
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Figure A.3: Mechanism Analysis for Homelessness Results

Shelter Stays: Raw Time Series
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Notes: The figures on the left show raw means of our two homelessness-related outcomes (shelter stays at the
top, and stays in long-term homelessness programs at the bottom) by month relative to childbirth, separately
for first and second births. The figures on the right show the corresponding DiD estimates of the interaction
coefficients from the following event study specification: y;;, = a+ZT¢712(fyTTT+ﬁTTTEj) +vTi+1Xijr+€ijt;
where 7 is month relative to the month of childbirth, 4 is individual, and j denotes the series (either first or
second birth). 7, denotes relative event time dummies, 7;; is a dummy for second birth, and X;;, is a set of
controls (individual FE, age FE, and calendar year FE). We plot the (,’s, which give the deviation from the
baseline (r = —12) difference in outcomes across the events, at every month relative to childbirth. 95%
confidence bars based on cluster-robust standard errors clustered at the individual-by-birth level are also
shown. The sample is restricted to women with a first and second live birth in the sample period that are at
least 24 months apart (N = 22,890 individuals). See Table A.7 for DiD estimation results in table-form.
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Figure A.4: Longer Term Effects on Residence in Long-Term Anti-Homelessness Programs

Parenthood effect estimate

Year since childbirth

Notes: The figure shows the effect of first-time parenthood by year since childbirth, estimated via a two-way
fixed effects regression of a given outcome on dummies for each year since childbirth (plotted above), a
dummy for the pregnancy period, as well as individual- and calendar year fixed effects. The outcome is a
dummy for residence in a long-term anti-homelessness program and the effect estimates are multiplied by
100 for better readability. Based on our main analysis sample of first-time mothers of low SES; For each
individual, all observations from twelve months before the onset of pregnancy to the end of the sample period
are included.
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Figure A.5: Matched DiD Results for Benefit Outcomes
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Notes: The figures on the left show raw means of primary government benefit outcomes (x100), separately
for first-time mothers of low SES (“Treat”) and for a one-to-one exactly matched control group who give
birth two or more years later (“Control”), by month relative to the treated peer’s month of childbirth.
We match on age, race, and Medicaid history. The figures on the right show the corresponding causal
estimates (x100) from an OLS regression of a given outcome on a treatment dummy, relative event time
dummies, and their interaction. We plot the interaction coefficients. Month —12 relative to the treated peer’s
childbirth is the omitted category. 95% confidence bars based on cluster-robust standard errors clustered at
the individual-by-treatment level are also shown. See Appendix C.2 for more details.
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Figure A.6: Matched DiD Results for Behavioral Outcomes
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Notes: The figures on the left show raw means of primary behavioral outcomes (x100), separately for first-time
mothers of low SES (“Treat”) and for a one-to-one exactly matched control group who give birth two or more
years later (“Control”), by month relative to the treated peer’s month of childbirth. We match on age, race,
and Medicaid history. The figures on the right show the corresponding causal estimates (x100) from an OLS
regression of a given outcome on a treatment dummy, relative event time dummies, and their interaction. We
plot the interaction coefficients. Month —12 relative to the treated peer’s childbirth is the omitted category.
95% confidence bars based on cluster-robust standard errors clustered at the individual-by-treatment level
are also shown. See Appendix C.2 for more details.

A.19



Figure A.7: Matched DiD Results for Housing
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Notes: The figures on the left show raw means of primary housing outcomes (x100), separately for first-time
mothers of low SES (“Treat”) and for a one-to-one exactly matched control group who give birth two or more
years later (“Control”), by month relative to the treated peer’s month of childbirth. We match on age, race,
and Medicaid history. The figures on the right show the corresponding causal estimates (x100) from an OLS
regression of a given outcome on a treatment dummy, relative event time dummies, and their interaction. We
plot the interaction coefficients. Month —12 relative to the treated peer’s childbirth is the omitted category.
95% confidence bars based on cluster-robust standard errors clustered at the individual-by-treatment level
are also shown. See Appendix C.2 for more details.
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B. Data and Outcome Construction

Birth Records: Identifying First Births

We use birth records to 1) identify and date the first life birth event for each woman, and
2) identify and date the most recent non-life birth event for women in our within-person
dynamic difference-in-differences analysis.

Birth records cover all babies born alive in Allegheny County during 1999-2020. Each
birth record has fields for mother, father, and child identifiers, month and year of birth, and
information on how many previous life births the mother has had. For women with previous
non-life birth events (such as abortions, miscarriages, and stillbirths) who had a subsequent
life birth, the birth record of the life birth also lists the month and year of the most recent
non-life birth.

To use as moderators and for summary statistics, we also extract information on whether
a father is listed on the birth record, the marriage status of the mother at the time of birth,
birth weight, and the principal payment method of the birth (Medicaid, private insurance, or
other).

Welfare Benefit Programs

Welfare benefit records include indicators, for each year-month, for participation in each of
the following state/federal programs for low-income individuals: Medicaid, Supplemental
Nutrition Assistance Program (SNAP) colloquially referred to as food stamps, and Temporary
Assistance for Needy Families (TANF) cash benefits. The data covers the years 2002-2019.
Note that for the case of SNAP and TANF, our outcome indicators equal one for all household
members within a household that receives these benefits.

Substance Use Disorders

We use Allegheny County Behavioral Health (i.e. mental health) claims records to measure
mental health outcomes related to substance use disorder. The data pertains to all mental
health treatment services paid for through public funds (including Medicaid, Medicare, and
some care to uninsured individuals that is publicly funded), and covers the years 2005-2019.
The vast majority of care (90%) we observe in this dataset for individuals in our sample is
funded through Medicaid.

We use mental health records to construct month-level indicators for substance use
disorder treatment encounters. Treatment encounters span psychotherapy, medication-based
treatment, inpatient stays in psychiatric hospitals and addiction treatment centers, and
other services (such as the use of county-based crisis hotlines, and peer support programs).
Each treatment encounter recorded in the dataset features a diagnosis code, which we use
to identify substance use-related encounters. Our main SUD treatment outcome studied in
this paper is an indicator for receiving treatment for opioid use disorder (OUD)—the most
common SUD observed in the data.

As secondary outcomes, we consider receiving treatment for any SUD, as well as for the next
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most commonly treated SUDs (cannabis, alcohol, and cocaine use disorder).?® To gauge what
types of treatment for SUD pregnancy and parenthood trigger, we also distinguish between
the three main types of treatment for opioid use disorder: opioid use disorder medication
treatment encounters (such as methadone treatment encounters), inpatient opioid use disorder
treatment (i.e. rehab), psychotherapy for opioid use disorder, as well as unspecified outpatient
encounters (which are typically either psychotherapy- or medication-related).

Criminal Behavior

We use court records to assess changes in criminal behavior. The records include data for
all criminal charges filed in Allegheny courts—that is, in the Court of Common Pleas and
Magisterial District Courts; the former handles felony cases only, while the latter handles
both misdemeanor and felony cases. For each case, we observe its date, whether it is a
felony or misdemeanor charge, and, among felony charges, the type of charge. We group
felony charges into five broad categories: assault, theft, drug possession, DUI, and all others
(such as terroristic threats, criminal trespassing, and prostitution). The verdict of the case is
listed only in a small subset of cases, and hence we do not use this information. Expunged
records are not included in this dataset. The data covers the years 2007-2019 for the Court
of Common Pleas, and 2010-2019 for Magisterial District Courts. We combine data from
both courts—that is, for a given individual and month, the criminal offense outcome dummy
equals one in case a criminal charge was filed in at least one of the two types of courts.
When we analyze the secondary outcome "Misdemeanor offense” (which is measured based
on Magisterial District Court records only), we only consider the period 2010-2019, while
analysis of all other primary and secondary outcomes in the domain of criminal behavior is
based on the period 2007-2019.

Housing

To study housing instability, we use homelessness service records, Section 8 data, and public
housing residence information; all data sources span the years 2005-2019. For every individual-
month pair, we use indicators for whether an individual received a given type of housing
assistance that month. Our main outcomes comprise homeless shelter stays, and residence
in public housing. As secondary outcomes, we consider receipt of medium- to long-term
homelessness assistance, and residence in a household that receives a Section 8 voucher.

Homelessness service records include the date of entry and exit, as well as the type
of every individual encounter with the homelessness system in the county. To distinguish
an acute housing crisis in its most severe form from more general housing instability, we
distinguish between two outcomes: Homeless shelter stays, and participation in a medium-
to long-term anti-homelessness program. The latter includes rapid rehousing, permanent
supportive housing, and transitional housing. For both types of outcomes, we construct an
indicator outcome from the entry- and exit dates such that it equals one if an individual is
using a given homelessness service that month.

23The relevant ICD-9 and ICD-10 diagnosis codes are: opioid use disorder- 304.0x, 304.7, F11.x; alcohol
use disorder- 303.x, F10.x; cocaine use disorder- 304.2x, F14.x; cannabis use disorder- F12.x, 304.3, 305.2;
any substance use disorder- 303.x, 304.x, 305.x., Flx.x.
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For the public housing and Section 8 outcomes, we construct indicators that equal one
if an individual is registered as living in a public housing residence or in a household that
receives Section 8 rental assistance in a given month, respectively. To further proxy for
whether individuals relying on public housing or Section 8 vouchers live outside of their
parental home vs. with their parents, we use secondary outcomes indicating whether the
person is listed as the head of household for a given housing benefit. This information is
available for approximately 73% of public housing and Section 8 participants, and we code
missing as zeros.

C. Robustness Analyses

C.1 Sample Selection and Model Specification Checks

To probe the robustness of our results to sample selection criteria, we first omit our low SES
criterion altogether and report results for all first-time mothers in the county in Table A.8.
With this much larger sample of ca. 80,000 women, who are much less economically vulnerable
on average (see Table 1), we find sign and statistical significance across virtually all our
outcomes unchanged. While impacts are quite similar in relative terms across the two samples,
the absolute magnitude of parenthood’s impact on homelessness, public housing, and criminal
behavior is, expectedly, much smaller in the full sample, highlighting the vastly different
challenges and changes to environments that women of lower and higher incomes face as a
result of parenthood. For example, pregnancy increases the propensity to stay at a homeless
shelter by 0.02pp in the full sample compared to 0.08pp in the low SES sample. Similarly,
expanding low SES to include those who received either Medicaid or SNAP benefits at any
point in the five years leading up to conception (instead of using the Medicaid criterion only)
does not alter results (Table A.9); neither does using a criterion of low SES that disregards
Medicaid and only considers SNAP enrollment (Table A.10), or one that only considers
Medicaid-enrollment before age 21—i.e. child Medicaid (Table A.11).

We report results from the remaining robustness checks in Table A.12-Table A.17, and
find statistical significance levels and magnitudes largely unchanged. Table A.12-Table A.14
address potential concerns about in- and out-migration biasing results, by zooming in on
sub-samples of i) individuals with Allegheny DHS service encounters in the year before and
after the event time window, ii) individuals with Allegheny DHS service encounters during
childhood, and iii) individuals born in Pennsylvania. Table A.15 employs our standard
imputation estimator but omits the three months immediately preceding conception to rule
out that any anticipatory effects enter the estimation of individual- and time fixed effects.
Table A.16 also employs our standard imputation estimator but includes a linear pre-trend
control. Table A.17 shows results from a standard two-way fixed effects estimator.?*

24We estimate the following model based on the same data as our baseline estimation: Y;; = fy + f1 x
Preg;; + B2 x Postiy + i + Vy(it) T+ €it, where i denotes individual, ¢ denotes calendar year-month. The
regression includes controls for individual fixed effects (p;) and calendar year fixed effects (v,(;1)). Preg and
Post are dummies for pregnancy and the first year after childbirth, respectively.
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C.2 Matched Difference-In-Differences Analysis

To account for age effects, we perform a matched difference-in-differences analysis that follows
Fadlon and Nielsen (2021) and Mello (2023), who apply this method to estimate the effects
of health shocks on labor supply and of traffic fines on financial well-being, respectively. This
approach matches each individual in the data to a comparable “control” peer who experiences
the same event in the future (or never at all).

We use two criteria for matching: demographic characteristics (own birth cohort, race,
and Medicaid history) and childbirth timing. Matching occurs in two steps: first, define the
set of potential control matches based on exact matching on demographics. Second, among
the potential matches, select the best possible match concerning childbirth timing.

Matching on demographics For each woman in our main analysis sample (“treated
peers”), we define the set of “potential control matches” as the set of women who are of the
same age cohort (as measured by quarter-year of own birth), race, and Medicaid history
(ahead of the treated peer’s first pregnancy). We match on Medicaid history to compare
women of similar SES. Medicaid history is a categorical variable that can take four values,
given by the quartile of the number of months a person is observed Medicaid insured in the
years before a treated peer’s first pregnancy.

Matching on childbirth timing Choosing a control peer whose own first childbirth date
is as close as possible to that of a treated peer has the advantage of a higher similarity
between treated and control individuals. At the same time, it limits the length of the event
time window we can consider, since matching treated and control peers whose childbirth
dates are close in time implies that the conception date of a control peer occurs shortly
after the childbirth date of the treated peer. Because a minimum distance of three years in
events within a matched pair allows us to consider the same event time window as in our
main analysis (that is, spanning from twelve months before conception to twelve months
post-childbirth) without introducing any contamination and while maintaining comparability
as much as possible, we employ this threshold.

Accordingly, for each treated peer, we select as her control the peer from her “potential
control matches” who has her first child as close as possible in time to the treated woman’s
first child but a minimum of 36 months after (selecting randomly in case there is more than
one match); in case no such “control” exists, we match the treated woman to a woman who
satisfies the demographic matching criteria, but who is childless (and not pregnant) as of the
end of the sample period.

Sample and Summary Statistics Women can enter the sample only once as a treated
peer, but several times as a control peer (the average control peer acts as a control for 2.2
treated peers). If an individual acts as a control for more than one peer, we keep one outcome
series for each match. We find a control match for each treated woman; however, for 11 % of
treated women, the only control match available is that of a woman for whom we observe no
childbirth in the sample period (i.e. an always-childless control peer). Summary statistics
are reported in Table C.23 below.
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Table C.23: Summary Statistics for Matched DiD Sample

O )
“Control” | “Treated”
mean mean
Never has child 0.11 0.00
Months to first childbirth 38.44 0.00
No. of T peers matched to 2.21 0.55
Age 21.87 21.87
Black 0.53 0.53
Medicaid-enrolled 0.58 0.69
SNAP receipt 0.29 0.38
Homeless encounter 0.01 0.02
Criminal offence charge 0.07 0.11
OUD treatment encounter 0.01 0.02
Observations 12786 12786

Notes: Table shows summary statistics for the sample of women entering the matched difference-in-differences
analysis detailed in Appendix C.2. Observations are at the individual-event level (note that an individual
can enter both in the treated group and the control group and can enter in the control group more than
once). To construct the matching, we first identify all low SES women with a first childbirth in the sample
period (“treated”). Low SES is defined, as before, as being Medicaid-insured at any point in the five years
preceding pregnancy. Next, we match each treated woman to a woman of the same age (as measured by
quarter-year of own birth), race, and Medicaid history (ahead of the treated peer’s first pregnancy) who has
her first child as close as possible in time to the treated woman’s first child but a minimum of 36 months
after (selecting randomly in case there is more than one match); in case no such “control” exists, we match
the treated woman to a woman of the same age, race, and Medicaid history, but for whom we observe no
childbirth at all (marked as “Never has child” in the summary statistics table above). The summary statistics
table shows mean characteristics of the treated and control peers. For time-varying characteristics, we report
them as of month of the treated peer’s first childbirth (or pregnancy) event, as noted.

Estimating Equation The complete panel and one-to-one match design simplifies the
difference-in-differences analysis considerably. In particular, it makes including individual
fixed effects, date fixed effects, or age fixed effects obsolete. The simple estimating equation
is given by:

Yijr = & + Z (71“7-7‘ + BrTrnj) + VT’ij + €ijts (3)
r#—12

where r is month relative to the (placebo) month of childbirth, 7 is individual, and
j denotes the series (treated or control), since individuals can enter with more than one
series. 7, denotes relative event time dummies, and 7;; is an indicator that equals one if the
observation pertains to a treated peer. The objects of interest are the 3,’s. They provide
an estimate of the deviation from the baseline difference in outcomes between treated and
control peers, at every month relative to the treated peer’s month of first childbirth. Results
from this specification are presented in the event study Figures A.5-A.7.

To summarize effect sizes into more aggregate periods, in table form, we replace the
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month-level dummies 7, from the estimating equation above with two aggregate period
dummies: one for the pregnancy period, and one for the year post-childbirth period. These
results are presented in Table A.18.

C.3 Difference-in-Differences Miscarriage vs. Life Birth Analysis

To further account for the potentially endogenous timing in the onset of pregnancy, we present
results from a robustness check that explores naturally occurring variation in pregnancy loss.
Specifically, we conduct a difference-in-differences analysis that compares women who have a
live birth to observably similar childless women who experience a miscarriage. This strategy
was first employed in the teen birth literature (Hotz, Mullin and Sanders, 1997).

Sample Construction We identify miscarriage events via Medicaid claims and birth
records. We find that Medicaid claims records likely provide a comprehensive sample of all
miscarriage events that require medical attention and occur to Medicaid-insured women.??26
Because we only have Medicaid claims records for the period 2015-2019, which is too
short a period to provide enough sample, we supplement the sample of miscarriage events
with non-live birth events identified via birth records spanning the whole sample period
2005-2019. We can only identify non-live births from birth records of subsequent live births.
Each live birth record includes a field that lists the date of the most recent non-live birth
event experienced by the mother listed on the birth record; this is the field we use to identify
and date non-live births via birth records. Including such events increases the sample size
but introduces two important limitations: first, birth records do not distinguish between
causes for the non-live birth: a non-live birth could be a miscarriage (or stillbirth), or an
abortion.?” While abortions are likely heavily under-reported on birth records due to stigma
and lack of documentation in patients’ medical histories, we may still erroneously code some
abortions as miscarriages.?® Henceforth, we call all non-live birth events miscarriages, for
simplicity. Second, by using subsequent live birth records to identify miscarriages, we are
missing miscarriages experienced by women who do not have a subsequent live birth.
Among all miscarriage events, we keep those that are not preceded by a live birth. Because
our low SES criterion is too strict to deliver a large enough sample of miscarriage events
(a total of 500), we relax it by including all live birth and miscarriage events occurring to
young women (as a proxy for low SES). That is, we only include women who have their
first live birth or miscarriage event at age 25 or younger. Focusing on younger women also

2°Medicaid physical health claims include records for every inpatient and outpatient encounter (such as
Emergency Department visits, hospital stays, primary care encounters), including detailed diagnosis codes.
We identify miscarriages through ICD-9 and ICD-10 diagnosis codes. The codes are "634.xx" for ICD-9 and
'003.xx" for ICD-10.

26Using the Medicaid and birth records, we find a ratio of miscarriages to live births of approximately
1:10.05; that is, miscarriages make up 9.95% of all (recorded) birth events. This statistic is slightly lower
than the worldwide average of 15.3% of all recognized pregnancies, which includes miscarriage events that do
not require medical attention (Quenby et al., 2021).

2" Among non-live birth events not occurring by induced abortion, an event happening at < 20 weeks
gestation is defined as a miscarriage; otherwise, it is considered a stillbirth.

28Unfortunately, no study exists that measures the extent to which induced abortions are under-recorded
on birth certificates.
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makes us more likely to zoom in on unplanned pregnancies. As in our main analysis, we
exclude women younger than 16 at the event and we restrict to events for which we observe
complete panel data covering one year before conception to one year after birth. For women
in the miscarriage group, we only keep the first observed miscarriage in case we observe more
than one. Note that a woman can enter this sample more than once: she can enter with a
miscarriage event, and also with a subsequent live birth. The resulting sample includes 1,019
women who have a miscarriage and 27,329 women who have a live birth.

Summary Statistics Summary statistics for this sample are presented in Table C.24
below. Overall, the approximately 28,300 women in this sample have similar demographic
characteristics (in terms of age and race) to those in our main event study sample of low SES
first-time mothers, though only about 39% are identified as low SES based on our Medicaid
criterion. Furthermore, within this sample, women who experience a miscarriage look very
similar in terms of observable characteristics to women who experience a live birth: they
have the same average age of 21, and a very similar racial/ethnic composition (33% are
Black, in both samples). The sample of women who experience a miscarriage skews slightly
more vulnerable on socioeconomic characteristics, as evidenced by slightly higher rates of
pre-pregnancy SNAP use (19.5% vs. 16.6%), and slightly higher rates of homelessness (1.0%
vs. 0.7%). Of note is that within this sample, among the women who have a miscarriage
event, 27.6% also enter the sample with a subsequent live birth event.

Estimating Equation For simplicity and because our event study imputation estimator
cannot readily be applied in a setting that dynamically differences out trends observed among
a control group that itself gets “treated” by an event, we employ a simple difference-in-
differences estimator following Massenkoff and Rose (2024). It is given by the following
model:

Y;'jt = o+ Vij + ’erar(ijt) + Blpregnancyijt X LBU -+ BQPOStZ‘jt X LBU -+ ’yXijt + €ijt, (4)

where i indexes person, j indexes event (since a person can enter with both a miscarriage
and a live birth event), and t indexes calendar year-month. Furthermore, v;; and Yyear(ijt)
denote individual-by-event and calendar year fixed effects, respectively; LB is a dummy that
equals one for observations belonging to a live birth series; Post;j; is a dummy that equals
one for months 0-11 since the birth event. Pregnancy,;; is a dummy that equals one for
months 0-2 (0-8) since the approximate date of conception for miscarriage (live birth) events.
The approximate month of conception is defined as four (ten) months before the birth event
for miscarriages (live births). Finally, X,; contains the one-way interaction terms- that is a
dummy for Pregnancy and a dummy for Post.

Identification Assuming that conditional on pregnancy, having a miscarriage is not corre-
lated with our outcomes of interest, this strategy helps control for unobservable, time-varying
factors that are correlated with the timing of conception and influence our outcomes. Given
the high-frequency event study setting with detailed data pre-pregnancy, level differences
in the outcome variables during the pre-period among women who experience a miscarriage
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Table C.24: Summary Statistics for Life Birth vs. Miscarriage DiD Sample

Live birth | Miscarriage

mean mean
Age 21.391 20.876
Age 16-17 0.074 0.126
Black 0.335 0.334
White 0.631 0.629
Low SES 0.387 0.399
Medicaid insured 0.272 0.337
SNAP recipient 0.166 0.195
Homeless service encounter 0.007 0.010
Criminal offense charge 0.059 0.104
MHD treatment encounter 0.052 0.080
SUD treatment encounter 0.018 0.022
(Also) has miscarriage 0.010 1.000
(Also) has live birth 1.000 0.276
Months between events 39.423 39.423
Observations 27329 1019

Notes: Table shows summary statistics for women in the sample for the difference-in-differences analysis
comparing miscarriage events to live birth events as detailed in Appendix C.3. Observations are at the
individual-event level (note that an individual can enter both the live birth group and the miscarriage group).
The left column pertains to women with a first live birth in the sample period 2007-2018. The right column
pertains to women with a miscarriage event within the same time frame (measured via Medicaid claims
diagnosis codes and birth records) who have not had a previous live birth at the time of the event. The sample
is restricted to likely unplanned pregnancies, by restricting to age at event of 25 or younger, and to live births
to women with no miscarriage event in the preceding 24 months, and miscarriage events to women with no
live birth event in the following 24 months. Outcomes are measured as of month of the event unless otherwise
noted. Low SES is dummy that equals 1 if person is observed as Medicaid-insured at any point in the five years
preceding the pregnancy leading up to the event. Pregnancy onset is approximated as nine months before
the month of birth (for live birth events), and four months before the event (for miscarriage/non-live-birth
events). “Months between events” is the number of months between the miscarriage event and the live birth
event for the subset of women who enter the sample with two time series—one for each event.

compared to those who have a live birth are not a threat to identification. Those differences
are simply differenced out.

Three key empirical concerns related to sample selection, endogeneity in the timing
of miscarriages, and the shock of miscarriage itself persist that suggest the results from
this analysis should be interpreted cautiously. The first relates to sample selection bias:
miscarriage commonly happens early on in the pregnancy, before the decision about whether
to have an abortion is made. Therefore, the sample of women who experience a miscarriage
may include individuals who would have had an abortion had they not miscarried; while
any such unobservable differences that are fixed over time get differenced out, differences in
pre-existing trends across the two groups do not. The second one relates to an endogeneity
concern: Miscarriage may be triggered by unobservable, negative life events, such as physical
stress or psychological stress due to job loss, that also influence the outcomes of interest. The
third relates to interpretation. Experiencing a miscarriage may itself be a traumatizing event
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with detrimental impacts on mental health (Rellstab, Bakx and Garcia-Gomez, 2022), and
may thus not provide a suitable counter-factual when the counter-factual of interest is one
of not having had a pregnancy at all. The last two points imply negative selection into the
miscarriage sample relative to the live birth sample. Thus, for any negative change to living
conditions, we find in the live birth group relative to the miscarriage group, it may be an
underestimate in absolute terms; any positive change to living conditions we find in the live
birth group relative to the miscarriage group is likely to be an overestimate of the impact of
a live birth relative to the counterfactual of having no birth event at all.

Results We present results from the DiD estimation in Table A.19, and find them in
line with results from our main analysis. The coefficients of interest are those on the two
interaction terms Pregnancyx Live birth and Post Pregnancyx Live birth; they provide
an estimate of the change in outcomes due to new parenthood after differencing out the
change in outcomes observed among individuals who experience a miscarriage.

In terms of direction and statistical significance, the results obtained in our main event
study analysis for homeless shelter stays, public housing residence, social assistance use,
and OUD treatment also obtain in this robustness check. That is when controlling for the
potentially endogenous timing of pregnancy via the inclusion of the miscarriage control group,
we still find sizeable and statistically significant increases across all these outcomes. For
example, we find that relative to women who experience a miscarriage, women with a live
birth experience a 1.29pp larger increase in movement into public housing in the year after the
birth event—compared to an effect size estimate of 1.44pp in our main event study analysis.

In contrast, the magnitude of the coefficients for the social assistance program use outcomes
becomes smaller, consistent with the fact that the eligibility status of the miscarriage sample
also changes with pregnancy. Furthermore, while results for criminal behavior retain the
same sign as in our main event study analysis (in the sense that relative to the miscarriage
control group, the live birth group experiences larger decreases in criminal behavior), the
differences in effects of pregnancy and post-childbirth for the miscarriage and the live birth
group are not statistically significant.

D. Additional Analyses

D.1 Health insurance churn and SUD treatment

Combining our findings in the domains of SUD treatment and Medicaid insurance enrollment,
we can investigate the consequences of pregnancy-related health insurance churn. Figure 1
reveals that a substantial share of women—9% —abruptly loses Medicaid coverage at two
months postpartum when stricter eligibility criteria come into effect. This period precisely
coincides with the time in which women’s propensities to enter SUD treatment are highest
(see Figure 2). Accordingly, when we zoom in on the ca. 3,800 first-time mothers in our data
who lose Medicaid at 60 days postpartum, we find an abrupt, 0.6 pp (or 60%) drop in publicly
funded treatment for SUDs in the subsequent month (see Figure D.8 below). Even if many
of the women who lose Medicaid might manage to become privately insured, they would
likely have to change service providers and there might be a coverage gap. Experiencing
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disruptions or, worse, a complete loss of access to these services in a time of documented
need could have adverse consequences for affected women (and their children). The fact that
drug-related deaths are a major contributor to post-partum maternal mortality—they are
found to be the second leading cause of mortality in the year after childbirth (Goldman-Mellor
and Margerison, 2019)—underscores the importance of this issue. Therefore, expanding the
post-birth Medicaid eligibility period, or providing alternative subsidies in the months after
the end of Medicaid eligibility could help avoid disruptions in or loss of SUD treatment
services during a very sensitive time period for parents and children. The findings thus lend
support to a key reform of Medicaid enacted in March of 2021: the Postpartum Coverage
Extension, a provision in the American Rescue Plan Act, which gives all states the new
option to extend the postpartum coverage period under Medicaid from 60 days following
pregnancy to a full year (Kaiser Family Foundation, 2021d).

Figure D.8: OUD Treatment and Loss of Medicaid at 60 Days Postpartum
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Notes: This figure shows raw means of outcomes by month relative to childbirth for the sub-sample of women
who lose Medicaid coverage at three months postpartum, when stricter income eligibility rules come into
effect. The sample size is 3,757 individuals, 36.7% of whom are in our low SES sample. The dark dots show

the share of women receiving OUD treatment (multiplied by 100 for better readability), while gray triangles
give the share of women who are Medicaid-insured.
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