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Teen Fertility and Siblings’
Outcomes
Evidence of Family Spillovers
Using Matched Samples

Jennifer A. Heissel

ABSTRACT

U.S. teen birth rates remain high relative to other industrialized countries.
Despite extensive literature on teen mothers and their children, almost no
research examines the effects of teen fertility on the rest of the mother’s family.
I address this gap, finding that teen birth negatively affects mothers’ younger
siblings. Using several matched control methods, I find that sisters of new
teenage mothers experience a 3.8 percentage point decrease in test scores, a
7.6 percentage point increase in grade repetition, and a 9.3 percentage point
increase high school dropout, while brothers experience a 9.2 percentage
point increase in juvenile justice system exposure.

I. Introduction

Economists have long studied how the family environment affects child
outcomes (for example, Becker 2009). While there is a large literature on children
having children, there is almost no evidence on the effect of teen childbearing on the
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other children already in the household.1 This paper has three primary contributions.
First, I show teen childbearing has negative spillovers to younger siblings of the teen
mother. Second, I demonstrate that families where a teen birth eventually occurs are on
a downward trajectory in terms of test scores for several years before the birth. Finally,
I demonstrate that sibling fixed-effects estimates understate the true effect of teen preg-
nancy on the mothers’ own outcomes.
Siblings share neighborhood environments, similar genetics, and (limited) parental

resources, and it seems probable that an unexpected change in one sibling could change
the outcomes of children living under the same roof. However, given their shared
context, it is difficult to analyze the effect of one sibling on another, and little is known
about how a negative shock to one sibling affects the rest of the family, particularly in
older children.2 The birth of a child to a teen mother is one presumably large shock that
directly affects one child and may have ripple effects in the family.
Understanding the full consequences of teen motherhood matters for policymakers

in the United States, which has the highest birth rate among teenagers of any indus-
trialized country (Kearney and Levine 2012). Adding a newborn to the home might
have profound effects on the whole family, including increased family conflict and
loss of sleep. The new grandparents often take on childcare responsibilities, which
descriptive studies suggest can take away their time to work outside the home, in-
crease their stress levels, and reduce their time available for their other children
(Bailey, Haynes, and Letiecq 2013; Chase-Lansdale et al. 1999; East 1998). After the
birth, new grandmothers monitor and communicate less with their nonparenting chil-
dren, relative to the same families before a daughter gave birth (East 1999). Comparing
families with a teen pregnancy to families without teen pregnancy, and controlling for
prenatal-period characteristics, the appearance of the baby is associated with an increase
in family stress, which in turn is associated with harsher parenting and more family
conflict (East and Chien 2013).
To date there has been almost no research on the effects of teen motherhood on the

outcomes of other children in the family. Some prior work along these lines pertains to

1. Prior research has reached conflicting conclusions about whether teen pregnancy causes poor outcomes for
themother or whether teen pregnancy is a symptom of prior trends. Teen parenthood is popularly understood to
be a negative outcome for the mother, including reduced education attainment and worse long-term economic
prospects (Kane et al. 2013; Miller 2009). However, many such studies do not account for negative selection
into pregnancy and, among thosewho get pregnant, positive selection into abortion. Several studies instead use
miscarriage as an instrumental variable to examine teen motherhood, generally finding null or small effects
(Ashcraft, Fernández-Val, and Lang 2013;Hotz,McElroy, and Sanders 2005;Hotz,Mullin, and Sanders 1997).
Work by Fletcher and Wolfe (2009) argue that miscarriage is correlated with community-level factors, and
after accounting for this correlation, they find that teen pregnancy reduces high school graduation rates and
annual income.
2. We do have some information on family spillover. Younger siblings with disabilities or health problems can
negatively affect their older siblings’ educational outcomes (Black et al. 2017; Breining et al. 2015; Breining
2014), while higher-achieving older siblings can positively affect their younger siblings (Joensen and Nielsen
2018; Nicoletti and Rabe 2019; Qureshi 2018). Additionally, a small component of the correlation in sibling
substance abuse is caused by older siblings modeling behavior to younger siblings (Altonji, Cattan, and Ware
2017). Parentsmay also shift their intrahousehold allocation of resources following shocks to one child. Among
twins in China, healthy children whose twin sibling has a health shock at age zero to three receive less in
medical spending but more in educational spending, compared to the less healthy twin (Yi et al. 2015).
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sibling fertility: the younger siblings of teen mothers are at increased risk to become
teen parents themselves (Monstad, Propper, and Salvanes 2011).3 The siblings of teen
mothers may also reallocate their time away from activities that improve their own
human capital development. New responsibilities could involve either childcare or
home production tasks that had previously been completed by other family members.
In a difference-in-differences strategy, the siblings of teen parents had larger increases
in drug and alcohol use and in frequency of sex from before or just after birth (T1) to 1.5
years later (T2), relative to families without teen pregnancy (East and Jacobson 2001).
The siblings of teen parents also spent an average of 10.3 hours per week caring for the
sister’s child and were more likely to be pregnant with their own child relative to the
control siblings in T2 (East and Jacobson 2001).
The present paper, along with Heissel (2017), represents the first research, to my

knowledge, that studies the causal effects of teen motherhood on their siblings’ short-
and medium-term human capital development. While Heissel (2017) examined high
school academic outcomes, this work adds juvenile justice system exposure, college
attendance, college completion, and a supplementary analysis of time use to study po-
tential mechanisms. This study also adds family trajectories to the matching algorithm.
The data come from detailed longitudinal student data from a large Florida county-level
school district linked to postsecondary data from the National Student Clearinghouse,
as well as a separate file from the American Time Use Study.
The primary causal identification problem is that teen pregnancy is generally not an

exogenous event for the family, and the pregnancy itself may be a symptom of family
conflict and disruption.4 Thus, teen mothers—and their siblings—may be on a down-
ward trajectory well before the birth. Indeed, I demonstrate that teen mothers and their
siblings have falling test scores for several years before the birth of the child. Unless
researchers account for these underlying trends, the negative estimated consequences of
a birth in the familymay reflect these unobserved family factors rather than the spillover
effects of teen motherhood per se. This fundamental uncertainty underlies the ongoing
debate on the effects of teen pregnancy (see Diaz and Fiel 2016). Moreover, many
identification strategies that work for studying teen fertility (for example, the Buckles
and Hungerman [2018] study of condom distribution programs) cannot disentangle
the spillover consequences of teen pregnancy, especially given that siblings tend to be
relatively closely spaced. In this paper, I make use of longitudinal school district data,
in which children are observed annually throughout their schooling years, to conduct

3. Kearney and Levine (2015) show that the MTV show 16 and Pregnant led to a decrease in teen pregnancy.
Otherwork finds that peer pregnancy increases own pregnancy, at least among schools without family-planning
services (Fletcher andYakusheva 2016), while a friend’s pregnancy, as opposed to amiscarriage, decreases teen
pregnancy (Kapinos and Yakusheva 2016). The variety of results indicates that teenagers are responding to a
variety of signals.
4. For instance, in a sample collected as a control group for families of teenmothers, siblingswithout a pregnant
older sister had more maternal monitoring (by the siblings’ shared mother), more school involvement, fewer
depressive symptoms, less defiant and “partying” behavior, higher parental marriage rates, and less family
disruption in the prenatal period than siblings with a pregnant older sister (Chien and East 2012; East and
Chien 2013). East and Jacobson (2001) also averaged outcomes over time and found that siblings of teen
parents had lower school aspirations and more school problems than siblings of nonparents.
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an event study analysis. I match children in families experiencing a teen birth event to
observationally equivalent children who were on the same trajectories, in terms of test
scores, in the years leading up to their sisters’ pregnancies. Throughout the paper, I refer
to the teen siblings of teen mothers as “teen aunts/uncles.”
In terms of test scores, teen aunts/uncles and their matched comparators are on sim-

ilar downward trajectories for several years prior to the start of pregnancy. They continue
on that trajectory in the year of pregnancy. Teen aunts/uncles then diverge post-birth,
with a marked drop in test scores between 4.2 and 4.4 percentile points, relative to those
on a similar trajectory before birth (from a base at the 44th percentile). Among teen aunts
(that is, sisters of the teen mothers), high school dropout is 9.3 percentage points more
likely relative to females who had been on a similar trajectory (from a base of 14.2
percent); the effect is null for teen uncles.Among teen uncles, the chance of encountering
the juvenile justice system increases by 9.2 percentage points after the birth (from a
base of 12.9 percent); the effect is a null 2.2 percentage points for aunts (from a base
of 4.0 percent). In the longer term, the chance of attending college drops by 5.4 to 9.7
percentage points across all children (from a base of 56.6 percent), though the effects
are not consistently statistically significant.
I use data from the American Time Use Survey to study whether time allocation may

drive the results. Using a proxy for the teen aunts/uncles, I find that the teen aunts spend
more time on childcare on all days and less time on homework on weekends, relative to
the teen uncles and other teen girls. Teen aunts also spend less time with friends and
parents on weekends. Substitution of time from homework to childcare and reduced
parental supervision may drive the academic results for the teen aunts.
While not the primary contribution of this paper, I can apply the same analytical

strategy to add to the literature on the effect of teen childbirth onmothers’ ownoutcomes,
though remaining selection issues are arguably more important in the own-outcomes
case than they are for the siblings. The teen mothers display a marked decrease in
test scores, an increase in grade repetition and high school dropout, and a decrease
in college attendance and graduation relative to female students who had been on a
similar trajectory before the birth. Unlike their siblings, whose test scores begin to
drop relative to matched comparators after the birth of the new child, teen mothers’
relative test scores begin to drop in the year prior to the arrival of the baby. This
difference in timing provides evidence that it is not some common shock to the family
that leads to a decrease in test scores: instead, teen aunts/uncles diverge only once
the baby arrives in the home.
Some concerns about unobservable differences between the treated siblings and

their matched controls, as well as underidentification of teen mothers, remain in this
analysis. Despite this weakness, the present analysis offers the best evidence to date on
how teen pregnancy affects the other teenagers in the family. The finding of sibling
spillovers offers a warning to researchers using sibling fixed-effects models. I show
that sibling fixed-effects models can mechanically understate the negative estimates
for teen motherhood. Within-family comparisons are a common tool in econometrics,
and researchers should be careful to consider how a policy or phenomenon might
affect the whole family—for teen pregnancy and other topics—before using sibling
fixed effects.
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II. Data

Data come from an anonymous large Florida school district’s admin-
istrative files for the 1989–1990 through 2004–2005 school years (henceforth, 1990–
2005). Data are limited to one large county in Florida for students in families with
at least two siblings. The years of birth for the students range from 1974 to 1993.
One challenge in the analysis is that I cannot perfectly identify all teen mothers. I use

two methods. First, in 2005 the district identified the school ID of parents of current
students if the parents also attended school in the district. The mother’s school data are
then connected to the child’s date of birth, which is used to calculate the mother’s age at
birth (the “birthday method”). Mothers are identified with this first method even if they
dropped out of the public school system if their children were enrolled in school in the
county in 2005. This method does not identify most births before 1982 because most of
the childrenwould have graduated by 2005. This does not change the available analysis,
as I do not have the necessary test scores for teen mothers and teen aunts/uncles from
early years.
Second, until 2003 the district identified when students became mothers, as long as

they remained enrolled in public school in the county (the “district method”). This
second method misses any teen mothers who dropped out of school. Data were not
reported for 2002, but limiting the analysis to mothers identified in 2001 and prior
does not change the results.
Combined, these methods identify those who became teen mothers until 2003, though

the 2004–2005 data are retained to examine outcomes after the birth. I can combine
the data in multipleways:Method 1 only,Method 2 only, privileging the information in
Method 1 over Method 2 (as in the main analysis), or privileging the information in
Method 2 over Method 1.
Last names and shared address at first observation identify siblings. The year of entry

into teenmotherhood is also the year that teenmothers’siblings became the aunts/uncles
to teen-parented children.5 To avoid spillover contamination, younger siblings that be-
come teen mothers themselves in later years are categorized as younger siblings of teen
mothers. It is the younger siblings of teen mothers who are mymain groups of interest in
this study.6

I underidentify teen mothers (and their siblings) if a teen mother both dropped out
of public school and her child did not attend the same school district—or if she both
dropped out and her child attended the same school district but not in 2005. My identified
sample may then be more advantaged than the full population (if it missed teen mothers
who dropped out or if the child attending an alternative school district implies negative
selection) or less advantaged (if the child attending an alternative school district implies

5. Year t= 0 was the first academic year that the baby appeared in the home, but a portion of that year also
occurred before the birth, when the teen mother-to-be was still pregnant. Similarly, t= –1 could contain almost
all of the pregnancy (if the birth occurred at the beginning of the year) or none of it (if the birth occurred at the
end of the year and year t= 0 contains all of the pregnancy). This timing issue adds noise to the test score
estimates. This is less of a concern in longer-term outcomes, where monthly timing is less important.
6. Because I do not precisely identify every sibling of teen mothers, some siblings of teen mothers may be
misclassified as control students. See the Online Appendix for a full discussion of this issue, including an
exercise that shifts the number of matches used in the analysis.

44 The Journal of Human Resources

https://uwpress.wisc.edu/journals/pdfs/JHRv56n01_Heissel_OnlineApp.pdf


positive selection). Underidentification may also attenuate the results if some of those
who are really treated are available for matching in the control group. I discuss various
checks under cases of underidentification in the Results section.
There are several outcomes of interest. Themost immediate outcome is the nationally

norm-referenced individual-level scores on the annual California Test of Basic Skills
and later the Stanford Achievement Test in math and reading. Tested grades differed
by year and ranged from Grades 1 to 10.7 The data were reported on a 1–100 scale,
representing the student’s rank in the national distribution of test scores in each subject.
About 4.8 percent of student–test years were missing test data that ranked them on a
national percentile scale, but did have data from the Florida Comprehensive Assessment
Test (FCAT). For each grade and subject (math and reading), I regressed the national
percentile rank on a cubic function of the FCAT for the cases in which I observed both
tests. I used these estimates to impute the estimated national percentile rank for the years
missing data. I use these imputed scores for the pre-test trajectories, but not as outcomes.8

For brevity, I combine themath and reading scores to estimate the average percentile rank
for each student in each year. Analyzing the data separately generally produces similar
results.
The analysis also examines longer-term outcomes, including whether the student re-

peated a grade in at least one of the years following the birth, whether the student dropped
out of school after the birth, and whether the student first encountered the juvenile justice
system after the birth.9 Testing did not occur in every grade, so the number of observa-
tions is lower in the test score analysis than in these other high school outcomes. The
National Student Clearinghouse provide college-going data for the subsample of stu-
dents expected to be in college during 1997–2006 (about 60 percent of the data).
Relative to families without a teen mother, both teen mothers and their siblings were

more likely to be eligible for free- and reduced-price lunch (FRL), identify as Black, have
lower first-observed test scores, and attend schools with a higher proportion of these
characteristics in their first observation in the data (seeOnlineAppendix TableA1). These
differences highlight the importance of finding a good control group in the analysis.

III. Analytic Method

Research on teen pregnancy often compares teen mothers to girls in
families without a teen mother. Selection into teen pregnancy means that such research
may not provide reliable results: students from the sorts of families likely to contain teen
mothers are disadvantaged relative to students from the sorts of families unlikely to
contain teen mothers, even without a baby in the home. Kearney and Levine (2012), for
example, argue that teen childbearing is a consequence of low economic prospects. Such
prospects are not stationary over years, and I demonstrate that families that eventually
have a teen birth are on a downward trajectory prior to the birth. This trajectorymatters in

7. Students took the tests in the spring of Grades 3–8 in all years, and testing also occurred in Grade 1 in 1990,
Grade 2 in 1990–1992, and Grades 9–10 in 2000–2005.
8. Including these imputed years for the outcomes does not change the estimates.
9. Juvenile justice exposure equals one if the district data indicated the student was sent through the county
juvenile justice system. The age of majority in Florida is 18.
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teen pregnancy analysis because a simple difference-in-differences approach would
overstate the effect of teen pregnancy on teen mothers and their siblings relative to
families without teen births. Indeed, this intuition of a differential trajectory is the
reasoning behind the instrumental variables and other identification strategies pursued in
the teen mother literature (Ashcraft, Fernández-Val, and Lang 2013; Fletcher andWolfe
2009; Geronimus andKorenman 1992;Hotz,McElroy, and Sanders 2005;Hotz,Mullin,
and Sanders 1997). If research does not account for preexisting trends, it could falsely
create the appearance of a causal effect of the teen birth.
The primary contribution of the present paper tests whether teen birth changes the

trajectory of teen aunts/uncles. I create several matched control groups to estimate
whether observably similar students diverge after the eventual teen mother gives birth.
I focus on teen aunts/uncles younger than the teen mother, both because older siblings
were less likely to have the necessary test score data in the years leading up to the birth,
and because theoretically there is a stronger influence from older to younger siblings
(Monstad, Propper, and Salvanes 2011).
I use several different logit models to predict the probability of being the sibling of a

teenage mother based on observable characteristics. For each model, I remove variables
to minimize the Akaike information criterion (AIC). Each teen aunt/uncle is matched to
five control students on the basis of this probability. Each matched control receives a
weight of 0.2 per match. The matching procedure is based on the treated observation in
the year before the birth. Potential controls in the matching pool are included in the
sample in each available year. I only allow a given control student to match to a given
teen aunt/uncle at one age. This requirement prevents a control student very similar to
a given teen aunt/uncle from being matched to that teen aunt/uncle in multiple years.
The procedure uses replacement, so a control could have a higher weight if selected
as a match for multiple teen aunts/uncles. A given control student could be matched to
different teen aunt/uncles at the same ages or at different ages.10

The first logit model includes the sort of early-year variables that might be available
in a data set that follows students over time, but has several-year gaps between waves.
Specifically, the model predicts the probability that a student becomes a teen aunt/uncle
using the student’s age; family size (as measured by the number of siblings in the data);
early test score data (as measured by the first individual test score observed in the data);
school characteristics for percent Black, percent FRL, and test scores in the first school
the student attended; and indicators for identification as female, FRL (at first obser-
vation), and Black.11 The control group produced by this procedure is referred to as
the early matched control, abbreviated as EARLY.
Because I have annual data, I can conduct the matching procedure in years that are

closer to the appearance of the baby in the home, which may better reflect the student’s
current situation. I create another match (called JUST BEFORE) that uses individual

10. For example, say teen aunt/uncle X is very similar to control student A. Control student Awould be in the
sample at every available age (say, 12, 13, 14), while teen aunt/uncleXwould bematched at the age theywere in
the year before the birth (let’s say age 13). Teen aunt/uncle X could only be matched to control student A once,
likely at age 13. The other four matches would be to control students B, C, D, and E. Teen aunt/uncle Y might
also be very similar to control student A. I would select the age for control student A that best matches that the
observed characteristics of teen aunt/uncle Y (which could be 13, 14, or 15).
11. The modal first-observed score is in Grade 3. School average first-observed test scores provide an estimate
of the characteristics of the school a student first attends. Data on Hispanic students are not included as
inclusion could reveal the anonymous county.
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test scores from the year before the pregnancy (t = –2) instead of the individual score
from the early years of data.12 The other variables are the same as in the EARLYanalysis.
A trajectory-based method adds multiyear trends to the algorithm. For the teen aunt/

uncle analysis, a majority of teen aunts/uncles have pre-birth test scores in years t = –4,
-3, -2, and -1 (see Online Appendix Figure A1). However, the pregnancy itself in year
t = –1may affect outcomes, so I limit the trajectorymatching to years t = –4,-3, and -2.
Students must have at least two of the three years of prior data.13 This trajectory method
is called the “individual trajectory match” (abbreviated as IND). The other control vari-
ables are the same as in the previous methods.
A second trajectorymethod adds family trajectories, calculated as themean scores for

the families (not including the individual) in each of years t= –4 to -2 before birth. This
second trajectory method is called the “individual and family trajectory match” (ab-
breviated as IND+FAM). In addition to requiring the students to have at least two of the
three years of prior data, students must also have at least one sibling with test score data
in the trajectory analysis. For this reason, the number of observations is somewhat
smaller in the family trajectory analysis.
A final condition requires that the matched control be from the same microneighbor-

hood as the teen aunts/uncles at the first observation in the data. Microneighborhoods
are small areas similar to block groups and identified by the county. They contain an
average of 103 students per neighborhood per year. This trajectory method is abbre-
viated as IND+FAM+NBHD.
Online Appendix Table A3 displays the results of the logit models predicting the

probability of being a teen aunt/uncle under these various methods.14 Table 1 displays
descriptive statistics for the teen aunts/uncles (Column 1) and their matched control
groups (Columns 2–6).Most characteristics of thematched control groups are similar to
the teen aunts/uncles, but the prior test scores highlight the difference between the
EARLY (Column 2) and trajectory methods (Columns 4–6). All methods produce
control groups that are similar to the teen aunts/uncles at t= –4. At t= –2, however, the
teen aunts/uncles’ and trajectory controls’ scores dropped relative to t= –4, while the
EARLYmatches’ scores remained higher. The teen aunts/uncles scored around the 40th
percentile at t = –2, while the EARLY matches scored 44.5 (p-value of difference be-
tween teen aunts/uncles and their EARLY matches= 0.054).
The final column requires the control students to have similar demographic and

school characteristics as the teen aunts/siblings at the first time they are observed, to be
on a similar trajectory in terms of individual and family test scores for several years,
and to be from the same microneighborhood as the teen mothers at the first observa-
tion. The microneighborhood requirement may make unobservable local conditions

12. I do not use t = –1, because the pregnancy itself may have affected the teen aunts/uncles.
13. For years missing data, the FCATapproximation replaces missing data; otherwise I replacewith the closest
available prior year. Indicators for missing data are included in the logit model. EARLY and JUST BEFORE
matches must have at least two of the prior three years of data to make the results comparable to the trajectory
analysis. OnlineAppendix FigureA1 displays the percent of observationswith test score data by year relative to
birth for teen aunts/uncles and teen mothers. Similar analysis by alternative timeframes or more/fewer years of
data required yield qualitatively similar results.
14. The trajectory models predict that teen aunts/uncles are more likely to be female, be aged 12–14, come
from larger families, identify as FRL, identify as Black, and have first attended schools with more FRL
students and higher first-observed test scores, holding other factors constant. No siblings are off-support of
the control student propensity score distribution.
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equal between the siblings and controls, which should reduce unobserved bias (Cook,
Shadish, andWong 2008). Indeed, Fletcher andWolfe (2009) show that it is necessary
to account for community factors in research designs that rely onmiscarriages to create
variation in teen parenthood, implying that neighborhoods can affect pregnancy out-
comes in ways not picked up by other control variables. However, these local neigh-
borhoods are small, and it may be difficult to perfectly match the students on the
observable characteristics within the pool of potential controls from the same neigh-
borhood. In the final column the IND+FAM+NBHD matched controls are younger at
t = 0 and from slightly smaller families, relative to the teen aunts/uncles. In the second-
to-last column, the IND+FAM matched controls without the neighborhood require-
ment are similar to the teen aunts/uncles across all observable characteristics; however,
the matches in Columns 2–5 may be different from the aunts/uncles on unobservable
neighborhood characteristics. The main analysis presents results from multiple mat-
ched control groups to show how using different groups changes the estimates, though
my preferred estimate is the IND+FAMmodel due to the consistent similarities across
observables.
Using these matched control groups, the main analysis examines several outcomes of

interest using ordinary least squares (OLS) regression, as follows:

(1) Yi = b0+ b1TeenAuntUnclei +Xia + ei

where TeenAuntUnclei is an indicator variable equal to one if the student is the younger
sibling of a teen mother, Xi includes the characteristics used in the matching procedure
from above, and ei is an error term with a mean of zero. The main outcomes Yi are
observed once in the data (after the birth). The main outcomes examined are the test
score in the year of the birth (at t= 0), whether the student repeated a grade in at least one
of the years following the birth, whether the student dropped out after the birth, whether
the student encountered the juvenile justice system after the birth, college-going, and
whether the student obtained any college certification/degree or a four-year degree.
An additional analysis includes multiple years of test score data, which allows the

inclusion of age and individual fixed effects, as follows:

(2) Yit = b0 +b1TeenAuntUnclei ·PostBirtht + ci + lt + eit

where TeenAuntUnclei ·PostBirtht is equal to one for the teen aunts/uncles after the
birth, gi is an individual fixed effect, and mt is an age fixed effect. The data includes t= –5
to t =+2. The year before birth (t= –1) is excluded because pregnancy itself may be a
treatment. The age fixed effects capture year-over-year patterns in the population as a
whole. Thus, b1 provides an estimate of whether the average scores of teen aunts/uncles
diverge from what would be expected from a similar control student of the same age,
after accounting for individual fixed effects.

IV. Results

The analysis begins by examining whether the paths of the teen aunts/
uncles diverge from their matched comparators after the birth. Figure 1 displays the test
score patterns for teen aunts/uncles and various potential matches: all controls (that is,
nomatching), early test scores, recent test scores, and the three trajectory matches.Most
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matches are relative to year t= –4, while the just before prior match is relative to the
siblings at t= –2, adjusted to set the teen aunts/uncles equal to zero at t= –4. Each line
displays the coefficient of a regression of the standardized test score on years relative to
birth (t= –4 through t=+1) within the noted combined treatment and control popula-
tion, holding individual and age fixed effects constant. The light gray box marks the
period of the match used in matching the test scores; the darker gray box highlights the
year of birth. To limit compositional effects, I require students to have two of three test
scores observed before the pregnancy, per the matching methodology, as well as at least
one test score after the birth (in year t= 0 or t= 1).15

Figure 1
National Percentile Pre- and Post-Trends, by Group for Siblings
Notes: Teen aunts/uncles include all younger siblings from families where an older sister gave birth at age 15–
17. EARLY matches include matches from non-teen-childbearing families to teen aunts/uncles based on first-
observed characteristics. JUST BEFOREmatches replace first-observed test scores with scores from two years
before birth. IND matches include matches from non-teen-childbearing families to teen aunts/uncles based on
individual three-year test score trends and other observable characteristics. IND+FAMmatches add three-year
family average score trends. IND+FAM+NBHD matches add the requirement that matches be from the same
neighborhood at first observation. Estimates based on a regression of mean test score on years relative to birth
(or time relative to the match year for the JUST BEFOREmatches) with person and age fixed effects within the
noted population. The lighter shaded area marks the timing of the trajectory matching; the darker shading
marks the year of birth.

15. This slightly differs from subsequent test score analyses where students would need a score in t = 0 if I was
examining the t = 0 timeframe.
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The solid black (teen aunt/uncle) and gray (match) lines in the top three panels
highlight the importance of using trajectory matches. The top left panel displays the
estimated patterns when all potential controls are included; the controls contribute to
the estimate of age fixed effects. There is no estimate for matches in this panel, as the
controls have no time relative to (matched) birth. If there was no difference in perfor-
mance between teen aunts/uncles and others of the same age, the coefficient for teen
aunts/uncles would be zero in each year. Instead, the figure demonstrates decreasing
performance over time for the teen aunts/uncles relative to students of the same age. In
the second panel, the control group is limited to students who were similar on early test
scores and other observable characteristics, and I estimate year coefficients relative to
the year of the match for the controls. Here, a null effect would be represented by
overlapping lines. After the birth at t= 0, the estimated difference between teen aunts/
uncles and the first-observedmatches is quite large, but this divergence began well before
the birth and was not entirely caused by the new baby in the home. Using the more recent
match from two years before birth might also result in overestimating the negative effect,
as the matched controls are on a slightly flatter trajectory than teen aunts/uncles.
The bottom three trajectory match panels summarize the primary analytic strategy.

Across all three trajectory-based matches, the lines move together in the four years
before birth. The lines diverge after the birth, with a larger drop for the teen aunts/uncles
than shown by their matched controls.
The figure also displays how requiring the matched controls to be from the same

neighborhood changes the estimates. This requirement limits the number of potential
matches, which leads to matches that are less similar to the siblings on some observable
characteristics. However, they may be more similar on unobservable characteristics. In
the individual and family trajectory models, the post-pregnancy gap between the mat-
ched control and the teen aunts/uncles appears to be smaller in the bottom-middle
figure (without the neighborhood requirement) than in the bottom-right figure (with
the neighborhood requirement). Prior research has also found larger effects of teen
childbearing once community-level factors were included (Fletcher andWolfe 2009),
though caution should be taken given that the IND+FAM+NBHD matches were also
younger and from smaller families than the teen aunts/uncles.
More formally, Table 2 shows the estimated differences in outcomes between siblings

and variousmatched control options. Inmostmodels, the focus is on a particular year for
the test scores and whether an event ever occurs after the birth for the other outcomes.
Overall, the results are biased towards finding larger effects in the models that do not
account for trajectories, with smaller estimated coefficients for the trajectory-matched
samples.
The results in the first row again highlight the importance of the trajectory-matching

methods, demonstrating that the teen aunts/uncles diverged from their EARLY con-
trols even before the birth. The first two columns are based on early characteristics,
without (Column 1) and with (Column 2) matching, and here teen aunts/uncles score
a statistically significant -3.7 to -4.6 percentile points lower than their controls in the
year before birth.16 Matching instead on the more proximate test score in t = –2, the

16. In Column 1 without matching, t= 0 is set at the seventh observation in the data for the controls; the mean
age is 13.6. This ensures that outcomes that can only happen once (for example, dropping out) are not measured
multiple times in the control sample.
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estimated effect is a null -1.5 percentile points. The trajectory-based matches are
similarly null, ranging from -0.6 to -1.7 percentile points.
Once the baby arrives, test scores are estimated to be lower for the teen aunts/uncles in

the year following the birth across all estimates. The estimates are-5.5 to-5.9 percentile
points for the models using early characteristics. However, using trajectory-based
matches, the estimated drop in scores is -3.2 to -4.4 percentile points. The coefficients
in Columns 5 and 6 are about 28 percent smaller than the coefficient in Column 2. The
estimated effect is relative to a mean percentile score of 43.6 for the IND+FAM control
group. The fixed-effect method finds a similar average drop of -2.4 to -3.7 percentile
points for all post-birth test scores in the trajectory models; this is interpreted as the
average difference from the trajectory controls after the birth. The general picture that
emerges in the test score analysis is that there is a negative test score effect when a sibling
gives birth, but it is smaller than what would be estimated without accounting for
preexisting trajectories.17

When using the trajectory matching, I find no effect for grade repetition, a 5.4–7.7
percentage point increase in high school dropout (with significance ranges from the 1
percent to 10 percent level), and a 5.1–6.4 percentage point increase in exposure to the
juvenile justice system. Higher dropout among teen aunts/uncles could mean that the
test score analysis is biased due to compositional differences in who had testing data
available. However, I do not find evidence that high school dropout substantially changes
the estimates for test scores in t= 0, mainly because most dropouts happen in year t=+1
or later (that is, after I measure the test score outcome).18 The increases in dropout and
juvenile justice exposure are economically significant, producing a 43 percent increase
over the control group mean of 15.5 percent for the analysis based on individual and
family trajectories. Similarly, teen aunts/uncles have a 65 percent increase in juvenile
justice exposure over the control group mean of 7.8 percent.
The estimated effects are generally negative but statistically insignificant for college-

going once the analysis accounts for preexisting trajectories (see final three rows).

A. Patterns for Teen Aunts/Uncles by Sex, Race, and FRL Status

Different subgroups may have different effect sizes. Perhaps lower-income families
have fewer financial supports available for childcare than higher-income families. Or,
perhaps low-income and Black communities, which have a higher prevalence of mul-
tigenerational families, offer supports to handle teen childbearing (Burton 1999; Fuller-
Thomson,Minkler, and Driver 1997). Teen aunts may be expected to help with children
more than teen uncles (East 1998), and a reduction in monitoring by the new grand-
parents (East 1999) may affect the sexes differently. Table 3 explores patterns by sex,

17. Online Appendix Table A5 includes alternative outcomes. The results are similar in the OLS model
whether converting the outcomes to z-scores, looking only atmath or reading, and imputing outcome test scores
using the FCAT. For the FE model, results are similar whether converting outcomes to z-scores or imputing
using the FCAT. The coefficient is larger for math than reading. The results are also similar when requiring the
potential controls to have an older sister rather than an older sibling, though the number of potential matches is
also lower.
18. Online Appendix Figure A2 and Online Appendix Table A5 provide additional information on the timing
of dropouts and a bounding exercise that assumes all missing tests scored the minimum observed score on the
test.
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race (Black versus non-Black), and FRL status. To be conservative, I use the IND+FAM
trajectory as a baseline, as I know that the teen aunts/uncles and their matches are similar
on all observable baseline characteristics. The estimates using the IND+FAM+NBHD
trajectory are available in Online Appendix Table A6. The Table 2 estimate is included
in Column 1 for reference.
Teen aunts consistently have larger academic effects than teen uncles, thoughHausman

tests of the difference between estimates find no statistically significant differences.19

One exception to the broad pattern is in juvenile justice, where teen uncles are 9.2
percentage points more likely to enter the juvenile justice system after the birth, com-
pared to boys on a similar trajectory pre-birth. The effect for teen aunts is a 2.2 per-
centage point increase (p-value of difference using the Hausman test= 0.198). Note that
these changes occur on different margins, as 12.9 percent of boys in thematched control
group are ever exposed to the system, compared to 4.0 percent of girls.
The estimated effects onmost of the high school outcomes are generally similar in the

Black versus non-Black and FRL versus non-FRL comparisons, and no group con-
sistently has larger effects across outcomes.

B. Patterns by Baseline Test Scores

I also examine results by baseline test score distribution. In Figure 2, the horizontal axes
are the test score at the first observation in the data, and the vertical axes are various post-
birth outcomes for teen aunts/uncles and their IND+FAMmatched controls. The gap in
the horizontal lines is the unadjusted mean difference between these groups. The gray
vertical lines divide the baseline scores into tertiles. From this analysis, it appears that
the difference in test scores at t= 0 between the treated and control students are evenly
spread across the baseline scores, while there is a difference in post-birth grade repe-
tition only on the lower end of the distribution. Dropout is larger in the middle and top
tertiles, while the juvenile justice exposure effect is largest at the top of the distribution.
The largest differences in the college outcomes appear in the middle group.
These broad conclusions are generally supported by a more formal OLS estimate by

tertile (see Online Appendix Table A7), though the differences across tertile are only
close to statistically significant at traditional levels under the IND+FAM model for
juvenile justice exposure (p-value of the Hausman test= 0.141). Note that the margins
are different across groups; for instance, few (36.0 percent) of the low-tertile and many
(72.9 percent) of the high-tertile students attend college in the control group. Overall, I
take this as evidence that a sample with more power might detect differences, but I
cannot confidently say that effects are driven by one group or another.

C. Placebo and Robustness Checks

Table 4 contains several additional checks and estimates, including two placebo tests
that verify that the matching process does not mechanically create the estimated

19. The larger effects for teen aunts relative to teen uncles are not driven by teen aunts who eventually become
teen mothers. The exception is for grade repetition, which is higher among eventual teen mothers. I also find no
difference in estimates by family composition in terms of numbers of brothers and sisters in the family.
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effects.20 The first placebo test retroactively predicts differences in test scores, grade
repetition, and juvenile justice exposure two years pre-birth (Column 1). The second
placebo test randomly selects 200 students from nonchildbearing homes who were
matched to teen aunts/uncles in the main analysis (Columns 2 and 3). I include these
students and any nonoldest siblings from their families as placebo aunts/uncles. Each
placebo aunt/uncle is matched to similar students from the remaining sample of younger
siblings from non-teen-childbearing families. All placebo estimates are null at the 5
percent level of statistical significance. Grade repetition is statistically significant at the
10 percent level but in the opposite direction.
The final column of Table 4 examines aunts/uncles who are older than 18 when their

sister gives birth. These aunts/uncles are older than their childbearing sisters. They may

Figure 2
Distribution of Test Scores Following Birth for Teen Aunts/Uncles and Matched
Controls
Notes: Displays a locally weighted regression of the outcome (y-axis, noted in the panel header) and first-
observed test scores (x-axis) using Stata’s lowess command. Teen aunts/uncles include all siblings from
families where an older sister gave birth at age 15–17. Horizontal lines represent the unadjusted overall mean
for the outcome for siblings (black solid line) and their matches (gray dashed line) based on IND+FAM
matches. Vertical gray lines divide first-observed test scores into tertiles.

20. Additionally, Online Appendix Figure A3 includes a check on how the estimates change as I match tomore
or fewer control students.
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Table 4
Estimated Effects of Teen Birth on Various Outcomes for Alternative
and Placebo Treatment Groups

Placebo:
Pre-Scores
for Teen

Aunts/Uncles
(t= –2)

(IND+FAM)

Placebo:
Nonchildbearing

Families
(IND+FAM)

Placebo:
Nonchildbearing

Families
(IND+FAM+NBHD)

Alternative:
Older Siblings
as Treated
(IND+FAM)

(1) (2) (3) (4)

Test scores 0.321 0.199 -0.614
(1.111) (1.085) (1.191)

N 1,009 1,140 990
Repeats grade 0.704 -5.216+ -5.119+

(0.954) (2.917) (3.044)

N 1,078 1,696 1,392
Drops out -0.496 -0.130

(2.351) (2.292)

N 1696 1392
Juvenile justice -0.106 -1.470 -3.474+

(0.108) (1.628) (1.801)

N 1,078 1,696 1,392
Ever attends
any college

1.857 0.980 -25.530+
(3.839) (4.121) (14.174)

N 1,174 941 80
Obtains any degree
or certificate

1.209 -0.674 17.431
(3.261) (3.446) (10.750)

N 1,174 941 80
Obtains a four-year
degree

-0.240 0.500 5.731
(2.719) (2.889) (11.346)

N 1,174 941 80

Notes: Robust standard errors clustered by family ID. All analyses based on the trajectory matches with other controls
and same neighborhood requirement. Column 1 conducts the analysis for the older siblings of teen mothers. These
teen aunts/uncles are over 18 years old. I use an IND+FAM match because the IND+FAM+NBHD model has very
lowN. I use the six, seven, and eight years before the birth to estimate the trajectory, as these are the years with at least
50 percent of the test score data for the siblings who are 18 or older at the time of the birth. Outcomes are post-
secondary, though it is possible that the siblings may have started or completed college by the time of birth. The
outcome is Column 2 examines the outcomes for the IND+FAM control group two years before the birth. Columns 3
and 4 conduct the IND+FAM and IND+FAM+NBHD analysis using 200 randomly selected families without teen
childbearing in their family who had been used in the IND+FAM analysis as controls. These former controls are
treated as a placebo group and matched to a new set of matches, and the analysis displays the comparison between
these placebos and their matched controls.
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have moved out of their parents’ house and may thus be less affected by the birth than
siblings who remain in the home. Because these siblings are out of high school, the
analysis must go farther back in time to find test scores for the trajectory matching. I use
the years -7, -6, and -5 years relative to birth for the matching procedure. The number
of observations here is low (N = 80) because it requires a long timeframe of observations.
The outcomes are college-going/college completion, which are not ideal because these
over-18-year-olds may have started college before the baby was born. However, it is the
best available outcome for the older aunts/uncles. The results are noisy but, if anything,
suggest that the birth may decrease college attendance by 25.5 percentage points (95
percent confidence interval: [–53.7 percentage points, 2.7 percentage points]).

D. Teen Time Use

I use data from the American Time Use Survey (Hofferth, Flood, and Sobek 2017) to
examine how teens who live with a young child in their household differ in their time
use, relative to those who do not. I restrict the analysis to 15-, 16-, and 17-year-olds to
match the age range used in the main analysis. I create a proxy for teen aunts/uncles,
based on whether a respondent lives with a child under five years old who is not their
sibling or their own child, but is related to them in some other way. The control group
includes families without such a relative. I exclude respondents who livewith their own
child. See the Online Appendix for more data details.
I examine how respondents spend their time andwith whom they spend their time in a

24-hour period. I control for sex and other characteristics and estimate the additional
time spent on various activities for teen aunts/uncles. I also test whether the gap between
teen aunts and other females differs from the gap between teen uncles and other males. I
group activities into categories: sleep, school, work, childcare as a primary activity, all
childcare, timewith friends, and timewith family. The first four activities (sleep, school,
work, and childcare) are mutually exclusive.
Table 5 displays the analysis. Panel A includes all data, while Panels B and C break the

analysis into weekdays and weekends/holidays. Times spent on sleep, school, and work
do not differ for the teen aunts/uncles in Panel A. Teen aunts spend 22 more minutes
per day on childcare as a primary activity than other females, holding other observable
factors constant. There is no difference between teen uncles and other males, but the
estimated difference between teen aunts and teen uncles is not statistically significant
(p-value= 0.249). Adding childcare as a secondary activity, teen aunts spend 1.9 more
hours per day on childcare than other females. There is no difference between teen uncles
and other males, and the estimated coefficients for teen aunts and teen uncles statistically
differ (p-value= 0.001). Teen aunts also spendmore than an hour less per daywith friends
than other females. There is no difference between teen uncles and other males, and
estimated coefficients for teen aunts and teen uncles statistically differ (p-value= 0.087).
Splitting the analysis by weekdays and weekends/holidays, teen aunts spend more

time than others on childcare during both. Teen aunts also spend 26 fewer minutes on
schoolwork on weekends, relative to other females, and the estimated coefficients for
teen aunts statistically differs from that for teen uncles (p-value= 0.051). The difference
in teen aunt time with friends is driven by the weekends, perhaps because most of the
weekday timewith friends occurs during the school day. Teen aunts are also less likely to
be with their parents on the weekends.
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E. Teen Mothers

A complementary analysis uses a strategy similar to the main teen aunt/uncle analysis
to examine whether the birth also changes the trajectories of teen mothers. The full anal-
ysis is available in the Online Appendix. I show that teen mothers, like the teen aunts/
uncles, are on a downward trajectory relative to other students of the same age.However,
the downward pattern exhibited by teen mothers could change following the pregnancy
or the birth of the child. Figure 3 displays the test score patterns for teen mothers and
their matches. Each line displays the coefficients from regressions of national percentile
rank on years relative to birth (t= –5 through t= 0) within the noted combined treatment
and control population, holding individual and age fixed effects constant. The control
groups are created using a similar matchingmethodology as conducted for the teen aunt/
uncle analysis. The light gray boxmarks the matching period, while the darker gray box

Figure 3
National Percentile Pre- and Post-Trends, by Group for Teen Mothers
Notes: Teen mothers include all females who gave birth at age 15–17. EARLY matches include matches from
non-teen-childbearing families to teen mothers based on first-observed characteristics. JUST BEFORE mat-
ches replace first-observed test scores with scores from two years before birth. IND matches include matches
from non-teen-childbearing families to teen mothers based on individual three-year test score trends and other
observable characteristics. IND+FAMmatches add three-year family average score trends. IND+FAM+NBHD
matches add the requirement that matches be from the same neighborhood at first observation. Estimates based
on a regression of mean test score on years relative to birth (or time relative to the match year for the JUST
BEFORE matches) with person and age fixed effects within the noted population. The lighter shaded area
marks the timing of the trajectory matching; the darker shading marks the year of birth.
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indicates the approximate school year the pregnancy began. To be included in the figure,
the students had to have the required test scores from before the pregnancy and a test
score observed in t= 0.
While the black and gray lines (representing teen mothers and their matches, re-

spectively) move together in the years used in the trajectory-based matching, there is a
divergence in the year closest to the pregnancy (t= –1), with the teenmothers increasing
their decline in test scores. The test scores remain low for teen mothers in t= 0, the year
of the birth.
The teen mother estimates are interesting by themselves, but they also provide a

useful check on the causality of the teen aunt/uncle analysis. Since the divergence from
their respective matched comparators occurs at different times for the teen mothers and
teen aunts/uncles, this provides evidence to rule out the possibility that a family-specific
negative shock led to both the teen’s pregnancy and the test score declines of her
siblings.

V. Discussion

Children in families where teen motherhood occurred had downward
trajectories in test scores that began well before the pregnancy. These patterns did not
occur in nonchildbearing families, on average. However, not every family with a down-
ward trajectory experienced teen motherhood. When the siblings of teen mothers were
connected to students on a similar trajectory, there appeared to be negative spillovers of
the birth to the siblings of teen mothers, with especially poor outcomes for the sisters of
teen mothers.
The analysis can be interpreted as causal if accounting for several years of pre-trend

data, plus other baseline characteristics, captures any differences between families with
and without teen births. One concern could be that some unobserved event led to teens
giving birth. For instance, perhaps parental job loss increased the chance that older
females had a child, and parental job loss was also associated with poor outcomes for all
siblings. Then, the underlying cause of the poor outcomes would be the job loss, not the
teen birth itself.
Teen mothers began their drop in performance in year t= –1. If some external event

led to both pregnancy and dropping scores in the family, then the drops in performance
should have occurred in the same year for teen mothers and teen aunts/uncles. Instead,
the teen aunts/uncles and their matched controls continued on parallel trends in the year
of the pregnancy; the two diverged only after the birth in t= 0. This differential pattern
decreases concerns about common shocks to the family and instead supports, at least for
the teen aunts/uncles, that the baby’s appearance in the home affected outcomes.
I do not take the teen mother analysis as causal. Because there is no differentiation in

timing between pregnancy and the drop in scores, scores may drop due to pregnancy—
or the pregnancy may be caused by some other unobserved shock. The estimates in
the teen mother analysis are larger than in prior literature that used miscarriage as an
instrument (for example, Fletcher and Wolfe 2009). To some extent, comparing com-
pleted pregnancies to miscarriages may understate the true effect of motherhood rela-
tive to no pregnancy, given that many teen mothers want to keep their babies and that
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miscarriage is associated with long-term psychological repercussions, such as elevated
anxiety and depression (Edin and Kefalas 2011; Lok and Neugebauer 2007; Hunfeld,
Wladimiroff, and Passchier 1997). Still, I mainly use the teen mother analysis to com-
plement the timing analysis in the teen aunt/uncle analysis and to highlight potential
problems with sibling fixed-effects models in the following section.
The effects are large for the younger siblings of teen mothers, especially for the teen

aunts. The effect sizes for teen aunts/uncles found here are similar to or smaller than
arguably causal estimates of teen birth for teen mothers. As a comparison, Fletcher and
Wolfe (2009) found a decrease of 8.0–9.2 percentage points in high school diploma
receipt for teen mothers, relative to teens who had a miscarriage.21 Here, I found a 9.3
percentage point increase in dropout for teen aunts (over a baseline of 14.2 percentage
points). The effect is a null 2.7 percentage points for teen uncles (over a baseline of 17.1
percentage points). I take the estimates as large, particularly for females, but not im-
plausibly so, especially given that the burden of childcare is more likely to fall on the
younger sisters than younger brothers of teen mothers.

A. Sibling Fixed-Effects Models

Prior work using sister fixed effects would understate the true effect for teen mothers
if there are spillovers to themothers’ siblings (for example, Geronimus andKorenman
1992). To highlight this problem, I take the females from families with at least one
sister who does and one sister who does not give birth as a teen. I can then run a sibling
fixed-effects estimate, making the comparison between teen mothers and teen aunts in
the same family (see Table 6). The sibling fixed-effects analysis is limited to outcomes
where all family members have data to keep sample composition comparable; it ex-
cludes test score and college-going data due to a low number of families meeting these
criteria.
The dropout estimate highlights the potential problem with sibling fixed-effects

analysis with spillovers. Under my primary analytic strategy, I estimate that teen
mothers have a 19.4 percentage point increase in dropout compared to females who
had been on a similar trajectory. The within-family estimate instead compares the
outcomes of the teen mothers to their sisters, finding a much smaller 9.1 percentage
point increase in the likelihood of dropping out for teen mothers, relative to their non-
childbearing sisters. However, my main analysis indicates that the sisters of teen
mothers are also affected by the baby (with a 9.3 percentage point increase in dropout).
The spillovers to the sisters works against the size of the coefficient for teen mothers
in the sibling fixed-effect analysis, and the 9.1 percentage point sibling fixed-effects
estimate is similar to the difference in point estimates between teen mothers and their
sisters in the trajectory analysis (that is, 19.4 – 9.3 = 10.1 percentage points).
Grade repetition has a similar pattern. For juvenile justice exposure, the small increase

in juvenile justice exposure for the younger sisters of teen mothers could contribute to the
appearance of protective effects of teen motherhood under the sibling fixed-effects model.
Sibling fixed-effects effects are generally interpreted as the effect of teen pregnancy, not

21. When limiting to teens who did not want to get pregnant (as proxied by being on birth control), the effect
was 7.3–11.9 percentage points, but also not statistically significant in this subgroup.
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Table 6
Comparison of IND+FAM Matching and Sibling FE Estimates

Teen
Moms,

IND+FAM

Teen
Aunts,

IND+FAM

Sibling
Comparison

OLS

Sibling
Comparison

FE
(1) (2) (3) (4)

Panel A: Repeats Grade in t5 0 or Later

Teen mothers 13.464*** 3.356 10.317
(3.540) (5.596) (6.325)

Teen aunts 7.759+
(4.554)

N 1,334 611 529 529
Groups 242
Sibling difference 5.705 10.317

Panel B: Drops out in t5 0 or Later

Teen mothers 19.425*** 23.277*** 9.106
(3.258) (5.869) (6.509)

Teen aunts 9.337*
(4.237)

N 1,334 611 529 529
Groups 242
Sibling difference 10.088 9.106

Panel C: Juvenile Justice in t5 0 or Later

Teen mothers -0.431 -9.194** -11.149**
(0.908) (2.971) (3.777)

Teen aunts 2.146
(2.368)

N 1,334 611 529 529
Groups 242
Sibling difference -2.577 -11.149

Notes: Robust standard errors clustered by family ID. Column 1 is the preferred IND+FAM trajectory estimate
for teen mothers from Table 5; Column 2 is the preferred IND+FAM trajectory estimate for teen aunts (the sisters
of teen mothers) from Table 3. Column 3 runs an OLS estimate on the population of sets of sisters under age
18 where at least two sisters have the outcome data for a given row. Controls are the same as in the IND+FAM
models. Column 4 uses the same population to conduct a sibling FE estimate with controls for age. The
difference row displays the difference between the teen mother and teen aunt estimates (Column 1 minus
Column 2) and the estimate from the sibling FE model (Column 4). Analysis does not examine test scores
or college outcomes due to limited post-birth overlap in sibling pairs.
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the additional effect of teen pregnancy beyond the spillover effects. In other words, sibling
fixed-effects models may understate the true effect of a shock in cases of spillover.

B. Falling Birth Rates

Teen birth rates continue to fall in the United States (National Center for Health Sta-
tistics 2018). The teen birth rate in the anonymous county was around 25 per 1,000
women aged 15–17 in 2000; this was below the Florida average at the time (29.2 per
1,000 women aged 15–17) and the United States overall (26.9 per 1,000), but much
higher than the U.S. average as of 2016 (8.8 per 1,000). The results here then represent
the outcomes in a somewhat-advantaged county at a time of higher teen birth rates.
Thus, the results are perhaps currently most applicable to places with higher birth rates
(for example,Washington, DC, at 18.1 per 1,000, or NewMexico and Texas, at 15.1 per
1,000, as of 2016). The results also may be important if future programs and policies
reverse progress made in reducing teen fertility rates; then, an accounting of the cost of
such a reversal should include the spillover effects in the whole family.
Moreover, I found negative effects even for those in the bottom tertile of performance.

Family spillover effects likely continue to occur in the present low-birth rate environ-
ment, even if it is the least-advantaged who have continued to have teen births.
Examining sibling spillovers in the present context is a useful area for future study.

VI. Conclusion

The primary contribution of this analysis is to examine how teen fer-
tility affects the younger siblings of teen mothers. Using several matched control
methods, I show that teenage birth leads to a break in the trajectories of the younger
siblings, particularly for younger sisters, who have a 3.8 percentage point decrease in
test scores once the baby appears in the home. Relative to females who had been on a
similar trajectory, these teen aunts have a 7.6 percentage point increase in grade repe-
tition and a 9.3 percentage point increase in high school dropout following the arrival of
the baby. Teen uncles have a 9.2 percentage point increase in juvenile justice system
exposure.
Additionally, the patterns I document provide important warnings for researchers.

The families of eventual teen mothers were on a downward trajectory well before birth,
and I demonstrate that analyses that do not account for downward trajectories will
overestimate the negative effects of teen pregnancy on the teen mothers and their
siblings. Moreover, analyses using sibling fixed effects can understate the effects of
teen pregnancy. Unexpected family spillovers are a cautionary note to researchers in
topics beyond teen pregnancy. Given the popularity of sibling fixed effects in eco-
nomics and other disciplines, researchers should carefully consider pathways by
which the direct policy or change of interest may have spillovers on the family.
A supplementary analysis examines time use by using a proxy for sibling childbirth.

Teen aunts spendmore time on childcare and less on homework than either peer females
or the teen uncles. These differences in time allocation provide suggestive evidence to
explain the difference in academic outcomes for the teen aunts and uncles.
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A limitation of this study is that I may underidentify teen aunts/uncles. This may lead
to an underestimate of the effects if some unidentified teen aunts/uncles were in the
control group. Future studies with less measurement error may have larger estimated
effects. Additional research should also examine these patterns with data from an era of
lower teen birth rates.
Overall, the findings indicate that teen motherhood had short- and long-term nega-

tive effects on the siblings of teen mothers. These findings highlight the importance of
considering not just the teen mother and her child but potentially her whole family in
any assessments of the costs of teen pregnancy. Future research should invest in ex-
amining how teen pregnancy and its interventions affect thewhole family, including the
siblings and parents of teen mothers. Current estimates may understate the true cost of
teen pregnancy to families and society.

References

Altonji, Joseph G., Sarah Cattan, and Iain Ware. 2017. “Identifying Sibling Influence on Teenage
Substance Use.” Journal of Human Resources 52(1):1–47. https://doi.org/10.3368/jhr.52.1
.0714-6474R1

Ashcraft, Adam, Iván Fernández-Val, and Kevin Lang. 2013. “The Consequences of Teenage
Childbearing: Consistent Estimates When Abortion Makes Miscarriage Non-Random.”
Economic Journal 123(571):875–905. https://doi.org/10.1111/ecoj.12005

Bailey, Sandra J., DeborahC.Haynes, andBethanyL. Letiecq. 2013. “‘HowCanYouRetireWhen
YouStill Got aKid in School?’: Economics of RaisingGrandchildren inRuralAreas.”Marriage
& Family Review 49(8):671–93. https://doi.org/10.1080/01494929.2013.803009

Becker, Gary S. 2009. A Treatise on the Family. Enlarged Edition. Cambridge, MA: Harvard
University Press.

Black, Sandra E., Sanni Nørgaard Breining, David N. Figlio, Jonathan Guryan, Krzysztof
Karbownik, Helena Skyt Nielsen, Jeffrey Roth, and Marianne Simonsen. 2017. “Sibling
Spillover.” NBERWorking Paper 23062. Cambridge, MA: NBER. http://www.nber.org
/papers/w23062

Breining, SanniNørgaard. 2014. “ThePresence of ADHD: Spillovers between Siblings.”Economics
Letters 124(3):469–73. https://doi.org/10.1016/j.econlet.2014.07.010

Breining, Sanni Nørgaard, N. Meltem Daysal, Marianne Simonsen, and Mircea Trandafir. 2015.
“Spillover Effects of Early-Life Medical Interventions.” SSRN Scholarly Paper ID 2615250.
Rochester, NY: Social Science Research Network. http://papers.ssrn.com/abstract=2615250

Buckles, Kasey S., and Daniel M. Hungerman. 2018. “The Incidental Fertility Effects of School
Condom Distribution Programs.” Journal of Policy Analysis and Management 37(3):464–92.

Burton, Linda M. 1999. “Teenage Childbearing as an Alternative Life-Course Strategy in
Multigeneration Black Families.” Human Nature 1(2):123–43. https://doi.org/10.1007
/BF02692149

Chase-Lansdale, P. Lindsay, Rachel A. Gordon, Rebekah Levine Coley, Lauren S.Wakschlag, and
Jeanne Brooks-Gunn. 1999. “Young African AmericanMultigenerational Families in Poverty.”
In Coping with Divorce, Single Parenting, and Remarriage: A Risk and Resiliency Perspective,
ed. E. Mavis Hetherington, 165–91. Mahwah, NJ: Lawrence Erlbaum Associates.

Chien, Nina C., and Patricia L. East. 2012. “The Younger Siblings of Childbearing Adolescents:
Parenting Influences on on Their Academic and Social-Emotional Adjustment.” Journal of
Youth and Adolescence 41:1280–93. https://doi.org/10.1007/s10964-011-9715-x

Cook, Thomas D., William R. Shadish, and Vivian C. Wong. 2008. “Three Conditions under
Which Experiments and Observational Studies Produce Comparable Causal Estimates:

70 The Journal of Human Resources

https://doi.org/10.3368/jhr.52.1.0714-6474R1
https://doi.org/10.3368/jhr.52.1.0714-6474R1
https://doi.org/10.1111/ecoj.12005
https://doi.org/10.1080/01494929.2013.803009
http://www.nber.org/papers/w23062
http://www.nber.org/papers/w23062
https://doi.org/10.1016/j.econlet.2014.07.010
http://papers.ssrn.com/abstract=2615250
https://doi.org/10.1007/BF02692149
https://doi.org/10.1007/BF02692149
https://doi.org/10.1007/s10964-011-9715-x


New Findings from within-Study Comparisons.” Journal of Policy Analysis and Management
27(4):724–50. https://doi.org/10.1002/pam.20375

Diaz, Christina J., and Jeremy E. Fiel. 2016. “The Effect(s) of Teen Pregnancy: Reconciling
Theory, Methods, and Findings.” Demography 53(1):85–116. https://doi.org/10.1007/s13524
-015-0446-6

East, Patricia L. 1998. “Impact of Adolescent Childbearing on Families and Younger Sibling:
Effects That Increase Younger Siblings’ Risk for Early Pregnancy.” Applied Developmental
Science 2(2):62–74. https://doi.org/10.1207/s1532480xads0202_1

———. 1999. “The First Teenage Pregnancy in the Family: Does It Affect Mothers’ Parenting,
Attitudes, or Mother–Adolescent Communication?” Journal of Marriage and the Family
61(2):306–19. https://doi.org/10.2307/353750

East, Patricia L., and Nina C. Chien. 2013. “Stress in Latino Families Following an Adolescent’s
Childbearing: Effects on Family Relationships and Siblings.” Journal of Family Psychology
27(2):183–93. https://doi.org/10.1037/a0031536

East, Patricia L., and Leanne J. Jacobson. 2001. “The Younger Siblings of Teenage Mothers:
A Follow-Up of Their Pregnancy Risk.” Developmental Psychology 37(2):254–64. https://doi
.org/10.1037/0012-1649.37.2.254

Edin, Kathryn, and Maria J. Kefalas. 2011. Promises I Can Keep: Why Poor Women Put
Motherhood before Marriage. Revised Edition. Berkeley, CA: University of California Press.

Fletcher, Jason M., and Barbara L. Wolfe. 2009. “Education and Labor Market Consequences of
Teenage Childbearing: Evidence Using the Timing of Pregnancy Outcomes and Community
Fixed Effects.” Journal of Human Resources 44(2):303–25. https://doi.org/10.3368/jhr.44.2
.303

Fletcher, Jason M., and Olga Yakusheva. 2016. “Peer Effects on Teenage Fertility: Social
Transmission Mechanisms and Policy Recommendations.” American Journal of Health
Economics 2(3):300–317. https://doi.org/10.1162/AJHE_a_00046

Fuller-Thomson, Esme, Meredith Minkler, and Diane Driver. 1997. “A Profile of Grandparents
Raising Grandchildren in the United States.” Gerontologist 37(3):406–11. https://doi.org/10
.1093/geront/37.3.406

Geronimus, Arline T., and Sanders Korenman. 1992. “The Socioeconomic Consequences of
Teen Childbearing Reconsidered.” Quarterly Journal of Economics 107(4):1187–214. https://
doi.org/10.2307/2118385

Heissel, Jennifer A. 2017. “Teenage Motherhood and Sibling Outcomes.” American Economic
Review 107(5):633–37. https://doi.org/10.1257/aer.p20171130

Hofferth, Sandra L., Sarah M. Flood, and Matthew Sobek. 2017. “American Time Use Survey
Data Extract Builder: Version 2.6.” [Data Set.] College Park, MD: University of Maryland;
Minneapolis, MN: University of Minnesota.

Hotz, V. Joseph, SusanWilliamsMcElroy, and Seth G. Sanders. 2005. “Teenage Childbearing and
Its Life Cycle Consequences: Exploiting a Natural Experiment.” Journal of Human Resources
40(3):683–715. https://www.jstor.org/stable/4129557

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 Child-
bearing.” Review of Economic Studies 64(4):575–603. https://doi.org/10.2307/2971732

Hunfeld, J.A.M, J.W Wladimiroff, and J. Passchier. 1997. “The Grief of Late Pregnancy Loss.”
Patient Education and Counseling 31(1):57–64. https://doi.org/10.1016/S0738-3991(97)
01008-2

Joensen, Juanna Schrøter, and Helena Skyt Nielsen. 2018. “Spillovers in Education Choice.”
Journal of Public Economics 157(January):158–83. https://doi.org/10.1016/j.jpubeco.2017.10
.006

Kane, Jennifer B., S. Philip Morgan, Kathleen Mullan Harris, and David K. Guilkey. 2013. “The
Educational Consequences of Teen Childbearing.”Demography 50(6):2129–50. https://doi.org
/10.1007/s13524-013-0238-9

Heissel 71

https://doi.org/10.1002/pam.20375
https://doi.org/10.1007/s13524-015-0446-6
https://doi.org/10.1007/s13524-015-0446-6
https://doi.org/10.1207/s1532480xads0202_1
https://doi.org/10.2307/353750
https://doi.org/10.1037/a0031536
https://doi.org/10.1037/0012-1649.37.2.254
https://doi.org/10.1037/0012-1649.37.2.254
https://doi.org/10.3368/jhr.44.2.303
https://doi.org/10.3368/jhr.44.2.303
https://doi.org/10.1162/AJHE_a_00046
https://doi.org/10.1093/geront/37.3.406
https://doi.org/10.1093/geront/37.3.406
https://doi.org/10.2307/2118385
https://doi.org/10.2307/2118385
https://doi.org/10.1257/aer.p20171130
https://www.jstor.org/stable/4129557
https://doi.org/10.2307/2971732
https://doi.org/10.1016/S0738-3991(97
https://doi.org/10.1016/j.jpubeco.2017.10.006
https://doi.org/10.1016/j.jpubeco.2017.10.006
https://doi.org/10.1007/s13524-013-0238-9
https://doi.org/10.1007/s13524-013-0238-9


Kapinos, Kandice A., and Olga Yakusheva. 2016. “Long-Term Effect of Exposure to a Friend’s
Adolescent Childbirth on Fertility, Education, and Earnings.” Journal of Adolescent Health
59(3):311–317.e2. https://doi.org/10.1016/j.jadohealth.2016.05.003

Kearney, Melissa S., and Phillip B. Levine. 2012. “Why Is the Teen Birth Rate in the United States
so High and Why Does It Matter?” Journal of Economic Perspectives 26(2):141–66. https://
doi.org/10.1257/jep.26.2.141

Lok, IngridH., andRichardNeugebauer. 2007. “PsychologicalMorbidity FollowingMiscarriage.”
Best Practice & Research Clinical Obstetrics & Gynaecology, Psychological Issues in Obste-
trics and Gynaecology 21(2):229–47. https://doi.org/10.1016/j.bpobgyn.2006.11.007

Miller, Amalia R. 2009. “The Effects of Motherhood Timing on Career Path.” Journal of Popu-
lation Economics 24(3):1071–1100. https://doi.org/10.1007/s00148-009-0296-x

Monstad, Karin, Carol Propper, and Kjell G. Salvanes. 2011. “Is Teenage Motherhood Con-
tagious? Evidence from a Natural Experiment.” SSRN Scholarly Paper ID 1908553. Rochester,
NY: Social Science Research Network. http://papers.ssrn.com/abstract=1908553

National Center for Health Statistics. 2018. “NCHS Data Visualization Gallery—U.S. and State
Trends on Teen Births.” https://www.cdc.gov/nchs/data-visualization/teen-births/ (accessed
July 9, 2018).

Nicoletti, Cheti, and Birgitta Rabe. 2019. “Sibling Spillover Effects in School Achievement.”
Journal of Applied Econometrics 34(4):482–501.

Qureshi, Javaeria A. 2018. “Siblings, Teachers, and Spillovers on Academic Achievement.”
Journal of Human Resources 53(1):272–97. https://doi.org/10.3368/jhr.52.1.0815-7347R1

Yi, Junjian, James J. Heckman, Junsen Zhang, and Gabriella Conti. 2015. “Early Health Shocks,
Intra-Household Resource Allocation and Child Outcomes.” Economic Journal 125(588):
F347–71. https://doi.org/10.1111/ecoj.12291

72 The Journal of Human Resources

https://doi.org/10.1016/j.jadohealth.2016.05.003
https://doi.org/10.1257/jep.26.2.141
https://doi.org/10.1257/jep.26.2.141
https://doi.org/10.1016/j.bpobgyn.2006.11.007
https://doi.org/10.1007/s00148-009-0296-x
http://papers.ssrn.com/abstract=1908553
https://www.cdc.gov/nchs/data-visualization/teen-births/
https://doi.org/10.3368/jhr.52.1.0815-7347R1
https://doi.org/10.1111/ecoj.12291

