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Best of Both Worlds? Estimating the Treatment Effect of Teen Childbearing on Education

Using Propensity Score Matching in Sibling Clusters *

Abstract

Sibling difference (or family Fixed Effects, "FE") methods are a well-known strategy for
addressing selectivity bias due to omitted family-level variables. However, they face concerns
over efficiency, generalizability and within-family selectivity. Recent advances in Propensity
Score Matching (PSM) by Arkhangelsky and Imbens (2018) provide an alternative approach to
estimating treatment effects in clustered data that may address some of these concerns by
utilizing family-average treatment information. Using “Add Health” and NLSY79 data, we
illustrate this approach in family/sibling samples and compare cluster PSM treatment effects of
teenage childbearing on years-of-schooling to family FE and conventional PSM estimates.
Preliminary results indicate that the PSM cluster estimates are smaller than conventional PSM
estimates, and more similar to the (nearer-zero) family FE estimates. We discuss the findings in
the context of recent work on method choice and heterogeneous effects in the literature on the

educational consequences of teenage childbearing.



1. Introduction

Despite rapid and sustained declines in teenage fertility in the United States since the
early 1990s (Martin et al. 2018), concern over its consequences continues unabated, because U.S.
rates remain high in international comparisons (Kearney and Levine 2012) and due to recent
threats to funding of pregnancy prevention programs (e.g., Hellman 2018). Evidence on the
consequences of teenage births is mixed and contested (Kearney 2010; Geronimus and
Korenman 1992; Hoffman, Foster and Furstenberg 1993; Geronimus and Korenman 1993;
Ashcraft and Lang 2006; Fletcher and Wolfe 2009; Hotz et al. 2005; Levine and Painter 2003;
Kane et al. 2013; Diaz and Fiel 2016; Duncan et al. 2018; Heiland, Korenman and Smith 2019;
and Schulkind and Sandler 2019).

These studies have used one or more methods to support casual inference, including
propensity-score matching, sibling differences, instrumental variables estimation, semi-
parametric maximum likelihood and various combinations of these. All have strengths and
weaknesses. With instrumental variables, potential shortcomings include implausible identifying
exclusion restrictions and weak instruments. Propensity score methods can typically adjust for
measured confounders only, leaving open the possibility of confounding by unobservables. And
while sibling fixed-effects eliminate bias from unmeasured confounders common to siblings,
limitations include small sample sizes (low power), within-family selectivity/endogeneity,
limited generalizability, and possible contamination (e.g., a teen birth may affect a sibling’s
outcome).

Another recent strand of this literature studies whether effects are heterogeneous,
explaining variation in estimates across methods and samples by differences in effects across the

populations that identify the effect of a teen birth (e.g., Yakusheva 2011, Diaz and Fiel 2016,



Geroniums 2003). Diaz and Fiel (2016) used smoothing-differencing and inverse probability
weighting to allow heterogeneity and in NLSY79 data found that effects were more adverse
among women who are /ess likely to have teen births. Similarly, in the High School and Beyond
data, Yakusheva (2011) found that effects of a school-aged birth were not significant for
teenagers at high-risk of a birth; a few significant effects were found among teens at /ow risk of a
teen birth (e.g., Yakusheva 2011, Table 6).

Heiland, Korenman and Smith (2019) argued that sibling FE methods, despite
weaknesses, have particular advantages in the presence of bias from unmeasured family
background characteristics and heterogeneous effects. Sibling FE methods both reduce bias from
unmeasured family characteristics common to siblings and arguably estimate the effect of
interest for understanding the adverse outcomes actually observed among teenage mothers: the
Average Treatment Effect on the Treated (ATET). This is the effect of a teenage birth on teen
mothers, since the counterfactual outcome for a teenage mother is, essentially, her sister’s
outcome. The distinction between the ATET and the average effect in the population of
teenagers grows in importance as teenage childbearing becomes more selected in the population,
creating a greater difference between the average teen mother and the average teenager. As we
argue below, as teenager fertility rates have plummeted, increasing selectivity has indeed
occurred, at least judging by observable family background characteristics.

Recent advances in Propensity Score Matching (PSM) with clustered data (Arkhangelsky
and Imbens 2018) provide an alternative approach to estimating treatment effects from sibling
data that may overcome some of the concerns with sibling difference/FE estimates and with
conventional PSM estimators. The cluster PSM approach differs from conventional matching

approaches (“matching in non-clustered data”) in that it exploits similarities between



observations in different clusters using cluster-average treatment information. To our knowledge
this strategy has not been applied in the context of sibling data which offer individuals nested
within family clusters. Using recent data and large samples from the National Longitudinal Study
of Adolescent to Adult Health (Add Health) and the National Longitudinal Study of Youth -
1979 Cohort (NLSY79), we apply Arkhangelsky and Imbens’ approach with family cluster data,
compare cluster PSM estimates of the treatment effect of teenage childbearing on educational
attainment with conventional PSM estimates and family FE estimates, and discuss the relative
strengths and weaknesses of matching approaches using sibling cluster data. We explore the
possibility of heterogenous effects by using the cluster PSM approach to estimate both Average
Treatment Effects in the population (ATE) and Average Treatment Effects on the Treated
(ATET).

The remainder of the paper is organized as follows. In the next section, we introduce the
Add Health and NLSY79 data and describe the samples and measures used in the analysis.
Section III reports conventional and family cluster PSM estimates, estimates from sibling fixed
effects methods, and conventional OLS estimates. Section VI discusses the implications of

choice of method for policy in the presence of heterogeneous treatment effects.

I1. Data, Samples, and Measures
We select samples and measures to compare results across estimation strategies. We take
advantage of the relatively large sibling samples in Add Health and NLSY79 in order to

maximize sample sizes available for sibling FE and PSM family cluster estimates.

Data and Samples



The data for this study come from the National Longitudinal Study of Adolescent Health
(“Add Health”) contractual dataset (Harris 2009) and the National Longitudinal Survey of Youth
— 1979 Cohort. Add Health is a longitudinal, nationally representative sample of over 20,000
U.S. adolescents in grades seven through twelve who attended 80 high schools and 52 middle
schools in 1994-95. The first wave was collected through student in-school questionnaires
(90,118), and a subsample was interviewed in-home (20,745) and included an in-home parent
questionnaire (17,670). At Wave I the Add Health “provides a nationally representative sample
of ... adolescents in grades 7 to 12”” (Chen and Chantala, 2014, p.4); this sample (12,105) is
referred to as the “core in-home sample.” Three further waves of data were collected from the
original in-home adolescent respondents in 1996 (II), 2001-02 (III), and 2007-08 (IV). The data
for our analyses come from Wave I and Wave IV. Wave IV included 15,701 respondents who
were then aged 24-34.

Supplemental samples were also drawn at Wave I, including oversamples of those of
Cuban, Puerto Rican and Chinese ethnicity, black adolescents with highly-educated parents,
adopted children, those with disabilities, as well as based on genetic relatedness (Chen and
Chantala, 2014, p. 4). Add Health identified adolescent pairs (or multiples) related to varying
degrees, including twins, full sibling, half siblings, unrelated adolescents living in the same
household, and siblings of twins. Co-resident adolescent pair members were identified through
reports on the in-school questionnaire or during the in-home interview. Members of pairs were
both in grades seven through twelve at Wave I (see Harris et al. 2009; Harris et al. 2013). In the
construction of our samples, we attempted to maximize the number of (female) siblings. The

largest sample includes all (8,345) female respondents to both the Wave I and Wave IV



questionnaires, including co-residing female members of the core in-home sample as well as the
supplemental samples, most notably the supplemental samples of siblings.

The NLSY 1979 is a longitudinally, nationally representative sample of 12,686 men and
women between the ages of 14 and 21 as of January 1979. Information on personal and family
characteristics was collected at the baseline interview in 1979. Information on educational
attainment and fertility was collected in annual (biennially since 1994) follow-up interviews. We
use data on all (6,283) female respondents from the core sample and the minority and low-
income white over-samples. The poor white over-sample was dropped after 1990. We combined
data from the baseline interview with education and birth history data from 1990. Siblings in
NLSY79 are any co-residing female sample members that are identified as sisters on the baseline
household roster.

The large number of (female) siblings in a longitudinal study with detailed information
on family background and educational and fertility trajectories are recognized strengths of Add
Health and NLSY79. The cohorts studied in the two surveys are almost two decades apart and
have been used in numerous studies on the educational consequences of teen childbearing. This
allows us to analyze the role of method choice on the treatment effect of teenage birth on
education in two different generations and relate to a wide range of previous estimates.

In each survey, we implement the cluster PSM approach in three samples: (I) A sample of
all women (or “all families”) as mentioned above (Add Health: N=8,345; NLSY79: N=5,305).
(IT) A sample of all siblings consisting of female respondents who co-resided at baseline with
another female survey member (Add Health: N=1,361; NLSY79: N=1,558). This sample of all
siblings is of course a subsample of the all families sample. A detailed breakdown of this sample

for Add Health in terms of the distribution by treatment status/family type and the corresponding



means of outcome and characteristics is shown in Table 2. (III) A “discordant sibling”
subsample, consisting of female siblings in families where (at least) one sibling is a teen mom

and one is not (Add Health: N=289; NLSY79: N=383).

Measures

Add Health respondents’ educational attainment at Wave IV is a categorical variable
(h4ed2) ranging from 1-13 (1 = 8" grade or less; 11 = completed a doctoral degree; 13 =
completed post baccalaureate professional education). We applied a recoding suggested by Jason
Fletcher (personal communication). For this “Fletcher” version, we coded “completed a doctoral
degree” as 21 years of schooling. This version of the educational outcome variable has a mean of
14.4 years and a range of 8 to 21 years.! In the NLSY79, we used highest grade completed based
on the 1990 wave (variable HGREV90).

We defined a teen birth as a dichotomous variable indicating a young woman had a live
birth before exact age 19 (henceforth: “Teen Birth (by age 19)”). (We plan to examine the
sensitivity of results to varying the cut-off age, using either age 18 or 20, and to restricting the
sample to mothers only.)

Additional covariates used in the analysis below are respondent age and academic ability
test score. In Add Health we use the Add Health Picture Vocabulary Test age-standardized
percentile score from Wave I (henceforth: “PVT”), a measure of verbal ability. In NLSY79 we
use the age-standardized Armed Forces Qualification Test score (henceforth: “AFQT”), a

measure of verbal and math ability based on the Armed Services Vocational Aptitude Battery

! Stata code for our the “Fletcher” version is as follows: rename h4ed2 educationw4; recode educationw4 96=. 98=.
13=19 12=18 11=21 10=18 9=18 8=17 7=16 6=14 5=14 4=13 3=12 2=11 1=8. The h4ed2 education variable is
described here: www.cpc.unc.edu/projects/addhealth/documentation/ace/tool/variable? Variableld=6896.



administered in 1980 (recoded in 2006; variable: AFQT 3). (Respondents with missing PVT or
AFQT scores are flagged and a dummy for missing is included in models with PVT/AFQT score
but not reported in the results tables shown below.)

Key measures constructed to implement the cluster PSM approach following
Arkhangelsky and Imbens (2018) are the proportion of siblings in the family who had a teen
birth (“Mean # Teen Moms”), the average age of the siblings (“Mean Age”, and the average
PVT/AFQT score of the siblings in the family (and the proportion missing) (“Mean PVT/AFQT”
and “Mean PVT/AFQT missing”).

Table 1 shows (unweighted) means for a number of individual and household-level
variables including our education outcome measure, teen birth indicator, age at baseline,
PVT/AFQT score, race/ethnicity, foreign-born status, number of (female) “siblings™ in the
household and income-to-needs ratio for the three samples in Add Health and NLSY79. Both
surveys are racially/ethnically diverse and the proportions foreign-born are comparable.
Educational attainment is greater among the women in the Add Health, which follows a more
recent cohort. NLSY 79 respondents are in household of lower socio-economic status and are

more likely to have a teen birth.

I11. Results
Descriptive Evidence

Table 2 shows means for all young women in Add Health who co-resided with at least
one other young woman also in the sample. Of the 1,361 young women in this sample, 1,018
came from families in which no female sample member had a teen birth (before age 19), 289

came from “mixed” teen/non-teen families, i.e. families in which at least one sample member



had and one did not have a teen birth, and 54 came from families in which all members had a
teen birth.

Three things are apparent from this table. First, families in which no female sample
member had a teen birth are more socially advantaged than those where at least one did. Their
parents have more education (13.2 versus about 12.3 years), higher incomes (income/needs of
2.9 versus 1.7), they resided in wealthier areas (census tract per capita income of 13 thousand
versus 10.5 thousand), they were less likely to be racially identified as non-Hispanic black (21%
versus roughly 40%) and more likely to have two biological parents present at baseline (52%
versus 25 to 35%). They also attained more education by Wave IV; adolescents from families
where no sample members had a teen birth completed 1.5 to 1.8 more years of education than
teen mothers. But they also have substantially higher PVT scores (99 vs. about 92) at Wave 1.
Note that adolescents from families with no teen births also completed about 1.2 years more
education than non-teen mothers from “mixed” families (where a sibling had a teen birth),
underlining the importance of controlling for family background in estimating effects of teen
births on education.

Second, not surprisingly, siblings in mixed (teen/non-teen) families were very well-
matched on background characteristics; they have virtually identical parental education,
race/ethnicity, etc. (compare the second and third columns). The teen mothers scored slightly
below their sisters who were not teen mothers (including non-mothers) on the PVT (91.9 versus
92.9) and also completed about 0.3 fewer years of education. As we will see in the next section,
this unadjusted differential among matched (teen/non-teen) siblings of 0.3 years is far smaller
than the corresponding unadjusted or OLS regression-adjusted differentials in the sample of all

women/families. Also notable is the five-year difference in average age at first birth between
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matched siblings who did and did not have a teen birth (conditional on having a birth). A delay
of five years, from age 17 to age 22 on average, is not trivial, and takes place across ages with
considerable (but by no means universal) educational enrollment. In other words, the within
mixed family teen/non-teen difference in education is a modest 0.3 years despite a delay of first
birth of at least a five years over ages with high enrollment, and despite the fact that many of the
non-teen mothers had not had a first birth as of the Wave IV follow-up.

Third, families in which all sample members had teen births do not appear particularly
distinct or more disadvantaged than other families in which a female sample member had a teen
birth (other than that they are somewhat more likely to be non-Hispanic white). This similarity in
observed characteristics suggests that teens (and families) that identify sibling-difference in the

Add Health estimates are not highly distinct from the families of other teen mothers.

OLS and Sibling Estimates

Table 3 shows OLS and sibling Fixed Effects (FE) results from Add Health. Table 4
reports corresponding results from NLSY79. Columns 1-2 show cross-section (pooled) OLS
results (“XSEC OLS”) for the sample with all families (Add Health: N=8,345; NLSY: N=5,305),
columns 3-4 show OLS results for the sample of families with 2 or more siblings (Add Health:
N=1,361; NLSY: N=1,558), and columns 5-6 show results from models with sibling FEs for
those same samples (as required).

The educational differential by teen birth status in Add Health ranges from -1.464 and -
1.362 based on unadjusted OLS estimate from the sample of all women and the sibling sample,
respectively, to -0.237 for the unadjusted sibling FE estimate. The OLS estimates are

significantly smaller when adjusted for age and PVT score (-1.138 and -0.960, respectively, in
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the two samples). Table 3 also shows that the FE point estimate declines to -0.221 when age and
PVT are controlled for, which does not represent a statistically significant decline. Although this
estimate is imprecise (SE=0.18), the 95% CI [-0.575, 0.134] includes neither of the two OLS
estimates.

As shown in Table 4, the NLSY 79 estimates are larger (in absolute terms) than the Add
Health estimates. The unadjusted OLS results for the overall and sibling samples range from
-2.135 to -1.946, respectively, about 0.6 of a year of schooling greater than the corresponding
Add Health results. Adjusting for age and AFQT, the educational differential by teenage birth
falls to -1.205 in the sample of all women and -1.008 in the sibling sample, values slightly larger
than the corresponding Add Health estimates. The within-family estimates range from -0.656
unadjusted to -0.619 adjusted, which is about 0.4 years greater than the FE estimates from Add
Health.

The overall impression left by the sibling fixed-effects estimates is one of small to
moderate adverse effects of a teen birth relative to a sibling. Although the sibling estimates are
less precise (larger SEs) than the OLS estimates, the confidence intervals are sufficiently narrow

that they do not contain large adverse effects.

Propensity Score Matching Estimates

Tables 4 and 5 present our main propensity score matching results for Add Health and
NLSY, respectively. All models are estimated using the command suite “teffects ipwra” in Stata
14 and share the same basic set of controls in the treatment logit: age and test score
(PVT/AFQT). We report estimates of both the average treatment effect (ATE) and the average

treatment effect on the treated (ATET). We implement Arkhangelsky and Imbens’ (2018)
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approach by exploiting similarities between observations in different families using family-
average treatment information, namely the variation in the proportion of teen moms in the
family.

The top panel of each table shows the estimated treatment effects based on a conventional
PSM strategy using only the covariates mentioned above. Results with family-level average
variables included in the treatment equation are shown in the bottom panel of the table.
Specifically, all PSM cluster results are based on treatment equations that control for the
proportion of teen moms in the family (in addition to age, test score and a constant term). The
difference between the results in columns (1), (3) and (5) and columns (2), (4) and (6) is that, in
the latter, the treatment models also control for mean age and mean test score. Both strategies are
applied to the same three samples discussed above: All Families, Siblings, and Families with
Discordant Siblings. The complete PSM estimates for the ATE models are shown in Appendix
Tables A1-A4.

Looking at the conventional PSM results, in Add Health, the estimated average treatment
effect of teen childbearing on years of schooling is -1.254 (SE=0.061) years in the full sample
and -1.100 (SE=0.146) years in the (full) sibling sample. The corresponding ATEs for NLSY are
-1.406 (0.078) and -1.327 (0.131). The ATET are smaller in absolute terms, especially in the
NLSY sample. Overall the magnitudes of the conventional PSM estimates are similar to the
adjusted OLS estimates in both samples and across both surveys. In fact, the ATET are almost
identical to the corresponding adjusted OLS point estimates, while the ATE are greater in
absolute terms.

The conventional PSM treatment effects are estimated with good precision and—taken at

face value—they reject the small effects in Add Health and the moderate effects in NLSY79
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implied by the sibling FE estimates. In addition, as shown in the Propensity Score Overlay Plots
in Appendix Figures Al and A2, the models have good overlap of propensity scores across
treatment and comparison groups, i.e. there are no concerns about lack of common support. In
terms of covariates in the treatment equation, both age and PVT/AFQT scores are found to be
important predictors of treatment status in the matching models as shown in Appendix Tables Al
and A2 (for ATE; ATET results are available upon request).

The bottom of Tables 4 and 5 show the results from family cluster matching. Here, all
treatment selection models include the proportion of teen moms in the family; additional family-
level average covariates are included in models (2), (4) and (6). (Model 6 could not be estimated
in NLSY due to insufficient overlap.) In the Add Health, the average treatment effect (ATE) of
teen childbearing on years of schooling ranges from -1.176 (0.082) to -1.145 (0.090) years in the
all women sample and from -0.915 (0.169) to -0.877 (0.176) years in the (full) sibling sample.
The ATE cluster PSM estimates are about 0.1 to 0.2 years smaller than the conventional PSM
ATE estimates. Similar order of magnitude reductions in the educational differential of teen birth
are observed for the ATE results in NLSY79.

Looking at the ATET results, we find major differences between the conventional and the
cluster PSM estimates. In the Add Health sample of all women, the average treatment effect on
the treated (ATET) declines from -1.165 (0.060) based on the conventional matching strategy to
-0.148 (0.135) in Model 1 and -0.190 (0.144) in Model 2. In the Add Health (full) sibling
sample, the ATET declines from -0.980 (0.139) in the conventional PSM to -0.268 (0.186) in
cluster PSM Model 3 and -0.315 (0.192) in cluster PSM Model 4. The corresponding cluster
PSM ATET results range from -1.042 (0.143) to -1.039 (0.145) in the full sample and from -

0.749 (0.177) to -0.727 (0.176) in the (full) sibling sample.
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The cluster PSM strategy yields treatment effects that are most similar to the family FE
estimates. In fact, the cluster PSM ATET estimates from Add Health are almost identical to the
(near-zero) FE estimates and for the cluster ATET and FE estimates in the NLSY and the 95%
Confidence Intervals overlap. We note that the cluster PSM effects are somewhat less precisely
estimated than the conventional PSM estimates. Also, there is evidence that the application of the
cluster matching strategy faces a common support challenge. As shown in Appendix Figures A3
and A4, the models with family mean treatment have high concentrations at extreme values of
support. In terms of covariates in the treatment equation, as shown in Appendix Tables A1 and
A2 (for ATE), the proportion of women with a teen birth in the family (a mean #Teen Moms)
emerges as the key predictor of treatment (individual PVT/AFQT and age are no longer
statistically significant predictors).

Inspecting the PSM estimates based on the sample of discordant siblings, we find that
both matching strategies yield much smaller estimates than in the full sibling sample (see
columns 5 and 6 in Tables 4 and 5). For example, in the discordant sample in Add Health, the
average treatment effect of a teen birth on education (ATE) ranges from -0.192 (0.205) to -0.186
(0.203) based on the cluster PSM estimate. The corresponding conventional PSM point estimate
is -0.233 (0.205), which is slightly larger (in absolute terms) than the cluster estimate, a pattern
consistent with results for the larger samples. The effect magnitudes are very similar to the
family FE results.

The similarity of the estimates for the discordant sibling samples is not surprising since in
these samples a greater proportion of the total variation is within-family, i.e. the type of variation
that identifies the FE estimates. In addition, families are more similar in this sample from an

average treatment perspective, which means the cluster approach may add little. Results from a
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one-way ANOVA of the predicted propensity scores confirm that, in these samples, PSM tends
to compare the treated more to their sibling (who, by construction of the samples, is not treated).
Consistent with this, common support is not a concern for these estimates as shown by the
overlap plots in the Appendix (see Panels V and VI in Figure A3 and Panel V in Figure A4).

In addition, we note that an interesting pattern emerges from the different outcome
models for the “treated” (teen mothers) and “untreated” groups, particularly in models estimated
on the discordant sibling subsample. First, the estimated effect of age on education is greater for
the treated (teen mothers) than their untreated siblings. Specifically, in Add Health (ATE
models): 0.118 (SE=0.072) vs. -0.070 (SE=0.075); Table A3, column 6. Second, the impact of
adolescent test scores on educational attainment is about twice as large for the untreated than
their treated sisters: 0.046 (SE=0.010) vs. 0.020 (SE=0.009) for teen mothers.

These results are consistent with Geronimus’ (2003) description of teenage mothers
following an alternative life-course, and continuing to gain education as they age into their late
twenties. While educational attainment does not literally decrease with age for the untreated, the
negative (though not significant) coefficient could reflect cohort differences in attainment, since
attainment has increased across these cohorts. The weaker relationship between test scores and
attainment among teenage mothers is consistent with either teenage births reducing academic
progress among more academically talented teenage mothers, or with births boosting the

motivation of less-academically-oriented teenage mothers to stay in or return to school.

Discussion and Conclusion
Sibling difference methods are a well-known strategy for addressing selectivity bias due

to omitted family-level variables. However, they face concerns over efficiency, generalizability
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and within-family selectivity. Recent advances in Propensity Score Matching (PSM) by
Arkhangelsky and Imbens (2018) provide an alternative approach to estimating treatment effects
in clustered data that may address some of these concerns by utilizing family-average treatment
information. Using large family/sibling samples based on nationally representative data from
“Add Health” and NLSY 79, this paper illustrates this approach and compares cluster PSM
treatment effects of teenage childbearing on years-of-schooling to family FE and conventional
PSM estimates.

To our knowledge, this is the first application of Arkhangelsky and Imbens’ approach to
family/sibling data. Preliminary results indicate that the cluster approach yields estimates of the
effect of teen birth on education that are smaller than conventional PSM estimates, which are of
comparable magnitude to adjusted OLS estimates, and more similar to the (nearer-zero) family
FE estimates which address bias from family-level unobservables. This indicates that the cluster
PSM approach has the potential to act as a quasi-fixed effects approach in family data while
delivering an additional advantages of “double robustness” to misspecifications.

The fact that the average treatment effects on the treated (ATET) in the cluster strategy
were consistently more similar than the ATEs to the FE estimates is noteworthy in the context of
the ongoing debate on method choice and effect heterogeneity (Heiland, Korenman and Smith
2019; Diaz and Fiel 2016; Kane et al. 2013). It is consistent with heterogeneous treatment effects
in teenage childbearing. It also supports the notion that sibling FE estimates provide policy-
relevant estimates of the impact of teen childbearing as those estimates generalize to the
educational consequences faced by actual teenage mothers (see discussion in Heiland, Korenman

and Smith 2019).

17



While the cluster PSM approach by Arkhangelsky and Imbens (2018) is promising in the
context of family/sibling data, the implementation may face challenges. In our application, we
observed that the cluster PSM effects were slightly less precise than conventional PSM estimates
and we encountered lack of common support in the cluster-matched propensity scores. These

issues will require further investigation.
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Table 1: Means by Type of Sample and Survey (unweighted), Add Health and NLSY79.

Add Health NLSY79

All Women Fam. w/ > 2 Sibs. Discordant Sibs. All Women Fam. w/ > 2 Sibs. Discordant Sibs.

Number of Obs. 8,345 1,361 289 5,305 1,558 383
Outcome
Years of Com-
pleted Education! 14.5 14.2 13.3 12.9 13.0 11.8
Characteristics
Teen Birth 11.6 % 14.5 % 49.5 % 19.9 % 16.9 % 48.6 %
Two-Parent Fam.2 52.1 % 45.8 % 27.7 % 67.1 % 70.4 % 554 %
Parents’ Education® 13.2 13.0 12.3 10.7 10.5 9.7
Income-To-Needs
Ratio (% missing)* 3.1 (25.3) 2.8(23.4) 1.8 (18.3) 2.3 (20.9) 2.2(17.5) 1.5(12.3)
# of “Siblings™ 1.18 2.08 2.14 0.67 2.28 2.38
Race/Ethnicity
NH Black 232 % 26.5 % 433 %
Hispanics 15.7% 14.0 % 19.7 %
NH White 53.9% 542 % 35.6 %
NH Other 7.2 % 5.4 % 1.4 %
Black 25.5% 30.0 % 452 %
Hispanic 16.4 % 16.4 % 13.8 %
Not Black or Hisp. 58.2 % 53.7% 41.0 %
Foreign-born 6.4 % 5.0 % 35% 6.3 % 55% 3.7%
PVT® 99.8 97.6 92.4
AFQT’ 41.3 40.3 25.5
Aget 15.5 15.5 15.2 17.7 17.3 17.0
Notes:
1. Add Health measure recoded following Fletcher, Max = 21 years.
2. Living with both parents in Wave I in Add Health and at age 14 in NLSY79.
3. Years of education completed. Add Health measure is recoded from a categorical variable on the parent
survey. NLSY79 measure is father’s education or mother’s education if father data is missing.
4. Household income data are missing for a large proportion of the sample.
5. “Siblings” in Add Health are any co-residing female Wave I sample members. “Siblings” in NLSY79 are
any co-residing female sample members identified as sisters on the baseline household roster.
6. PVT score is the age-standardized Wave I Add Health Picture Vocabulary Test (normed against a
distribution with a mean of 100 and standard deviation of 15).
7. AFQT is the age-standardized Armed Forces Qualification Test score in the NLSY79 (a percentile score
based on Armed Services Vocational Aptitude Battery administered in 1980 and renormed in 2006).
8. Age is measured age at baseline (Wave [ in Add Health, baseline interview in 1979 in NLSY79).
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Table 2: Sample Means by Family Type, Breakdown of Sibling Sample (N=1,361), Add Health. 23

Discordant Siblings Families, i.e. Sibs in
Fam. w/ No  Mixed Teen/Non-teen Families (N=289) Fam. w/ All

Variable Sibs Teen Sibs Teen
Moms Not Teen Moms Teen Moms Moms
Number of women (outcome variable 1,018 146 143 54

sample size)

Outcome
Years of Completed Education (Wave 14.6 13.4 13.1 12.8
IV) (recoded following Fletcher, Max
=21 years)
Characteristics
Two-Parent Family 51.6 28.6 26.8 354
Parent’s Education (yrs. recoded from 13.2 12.3 12.3 12.4
categorical)
Income-to-Needs Ratio 3.10 1.93 2.00 2.17
Race/Ethnicity
NH Black 21.1 43.8 42.7 37.0
Hispanic 12.5 19.9 19.6 11.1
NH White 59.8 349 36.4 46.3
NH Other 6.6 1.4 1.4 5.6
Foreign-born 5.4 3.8 3.2 6.4
PVT score 99.4 92.9 91.9 91.5
Age (Wave 1V) 28.4 28.2 27.8 28.1
Per Capita Income (census tract) 13.0 10.3 10.5 10.8
Age at first birth (conditional) 23.1 21.9 16.9 17.3
Number of siblings in sibling sample 2.1 2.1 2.1 2.1
Number of teen moms among 0.0 1.0 1.1 2.1
respondents in family
Number of moms among respondents 1.1 1.8 1.8 2.1
in family
Notes:

1. Teen mother is defined having a live birth before exact age 19. Non-mothers are included in the non-
teen mother category.

2. Siblings are defined as co-resident female sample members at Wave I with educational outcomes at
Wave IV.

3. Total number of observations (based on outcome variable) is 1,361 (=sum of obs. across four types of
families).
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Table 3: XSEC OLS and Sibling Fixed Effect Estimates of Teen Birth on Years of Education, Add Health." >3

Coefficients (SEs), Number of Observations (N)

All Families (N=8,345) Families w/ > 2 Siblings (N=1,361)
XSEC OLS XSEC OLS Sib Fixed Effects
Variable No Controls Age & PVT No Controls Age & PVT No Controls Age & PVT
Teen Birth -1.464 -1.138 -1.362 -0.960 -0.237 -0.221
(0.061) (0.060) (0.148) (0.144) (0.170) (0.181)

95%CI  [-1.58-1.35]  [-1.26,-1.02]  [-1.65,-1.07]  [-1.24,-0.68]  [-0.57,0.10] [-0.58,0.13]

Age 0.005 0.060 0.045
(0.011) (0.031) (0.039)
PVT 0.053 0.057 0.030
(0.002) (0.004) (0.006)
Constant 14.655 14.449 14.418 12.767 14.255 12.830
(0.025) (0.343) (0.074) (0.916) (0.045) (1.191)
Notes:

1. “Siblings”: young women co-resident at Wave I interview.

2. Robust SEs: for pooled sample, clustered on family ID, for fixed-effects: robust SEs, not clustered.

3. Age is measured age at Wave IV. PVT score is the Wave I Add Health Picture Vocabulary Test with missing observations
imputed as a value of 50. A separate dummy for PVT non-missing is included.
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Table 4: XSEC OLS and Sibling Fixed Effect Estimates of Teen Birth on Years of Education, NLSY79.%23

Coefficients (SEs), Number of Observations (N)

All Families (N=5,305) Families w/ > 2 Siblings (N=1,558)
XSEC OLS XSEC OLS Sib Fixed Effects
Variable No Controls Age & AFQT No Controls Age & AFQT No Controls Age & AFQT
Teen Birth -2.135 -1.205 -1.946 -1.008 -0.656 -0.619
(0.074) (0.066) (0.140) (0.122) (0.160) (0.151)

95%CI  [-2.28,-1.99]  [-1.34,-1.07]  [-2.22-1.67]  [-1.25.0.77]  [-0.97,-0.34]  [-0.92.-0.32]

Age 0.066 0.129 0.031
(0.012) (0.022) (0.027)
AFQT 0.046 0.043 0.035
(0.001) (0.002) (0.003)
Constant 13.291 11.197 13.321 10.178 13.102 11.701
(0.039) (0.271) (0.077) (0.485) (0.046) (0.782)
Notes:

1. “Siblings”: young women co-resident and identified as sisters in baseline interview (1979).

2. Robust SEs: for pooled sample, clustered on family ID, for fixed-effects: robust SEs, not clustered.

3. Age is measured at baseline (1979). AFQT is the Armed Forces Qualification Test score (based on Armed Services
Vocational Aptitude Battery administered in 1980; recoded in 2006) with missing observations imputed as a value of 50. A
separate dummy for AFQT non-missing is included.
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Table 5: PSM Estimates of Effect of Teen Birth on Years of Education, Various Samples, Add Health.'-2

Treatment Effect of Teen Birth (SEs)

All Families (N=8,345) Families w/ 2 Sibs. (N=1,361) Fam. w/ Discordant Sibs. (N=289)3

(1) 2 A3) “4) ) (6)
Conventional PSM
ATE -1.254 -1.100 -0.233
(0.061) (0.146) (0.205)
95% CI [-1.37,-1.14] [-1.39,-0.81] [-0.64, 0.17]
ATET -1.165 -0.980 -0.252
(0.060) (0.139) (0.212)
95% CI [-1.28, -1.05] [-1.25,-0.71] [-0.67, 0.16]
Treatment Model (Logit) Specification
Age v v v
PVT v v v
Constant v v v
Cluster PSM
ATE -1.176  -1.145 -0.915 -0.877 -0.192 -0.186
(0.082) (0.090) (0.169) (0.176) (0.205) (0.203)
95% CI [-1.34,-1.02] [-1.32,-0.97] [-1.25,-0.58] [-1.22,-0.53] [-0.59, 0.20] [-0.58, 0.21]
ATET -0.148 -0.190 -0.268 -0.315 -0.228 -0.267
(0.135) (0.144) (0.186) (0.192) (0.207) (0.211)
95% CI [-0.41,0.12] [-0.47,0.09] [-0.63,0.10] [-0.69, 0.06] [-0.63,0.18] [-0.68, 0.14]
Treatment Model (Logit) Specification
Age v v v v v v
PVT v v v v v v
Mean #Teen Moms v/ v v v v v
Mean Age v v v
Mean PVT v v v
Constant v v v v v v

Notes:
1. Models are estimated using the teffects command in Stata 14: “teffects ipwra (...) (...), aeq” with option “ate” or “atet” to
estimate the Average Treatment Effect (ATE) or the Average Treatment Effect on the Treated (ATET).
2. Age is measured age at Wave IV. PVT score is the Wave I Add Health Picture Vocabulary Test with missing observations
imputed as a value of 50. A separate dummy for PVT non-missing is included.
3. Discordant siblings are siblings from families in which at least one woman had a teenage birth and one did not. Teenage is
defined as younger than exact age 19.
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Table 6: PSM Estimates of Effect of Teen Birth on Years of Education, Various Samples, NLSY79."2

Treatment Effect of Teen Birth (SEs)

All Families (N=5,305)

Families w/ 2 Sibs. (N=1,558)

Fam. w/ Discordant Sibs. (N=383)3

(1) 2 3) “4) ) (6)
Conventional PSM
ATE -1.406 -1.327 -0.621
(0.078) (0.131) (0.163)
95% CI [-1.56, -1.25] [-1.57, -1.06] [-0.94, -0.30]
ATET -1.165 -0.989 -0.645
(0.069) (0.120) (0.171)
95% CI [-1.30, -1.03] [-1.22,-0.75] [-0.98,-0.31]
Treatment Model (Logit) Specification
Age v v v
AFQT v v v
Constant v v v
Cluster PSM
ATE -1.276 -1.272 -1.246 -1.229 -0.642 (*)*
(0.086) (0.085) (0.156) (0.156) (0.12)
95% CI [-1.44,-1.11] [-1.44,-1.10] [-1.55,-0.94] [-1.53,-0.92] [-0.98,-0.30]
ATET -1.042 -1.039 -0.749 -0.810 -0.680 *
(0.143) (0.145) (0.177) (0.172) (0.172)
95% CI [-1.32,-0.76] [-1.32,-0.76] [-1.09 -0.40] [-1.15,-0.47] [-1.02, -0.34]
Treatment Model (Logit) Specification
Age v v v v v v
AFQT v v v v v v
Mean #Teen Moms v/ v v v v v
Mean Age v v v
Mean AFQT v v v
Constant v v v v v v
Notes:

1. Models are estimated using the teffects command in Stata 14: “teffects ipwra (...) (...), aeq” with option “ate” or “atet” to
estimate the Average Treatment Effect (ATE) or the Average Treatment Effect on the Treated (ATET).

2. Age is measured at baseline (1979). AFQT is the Armed Forces Qualification Test score (based on Armed Services
Vocational Aptitude Battery administered in 1980; recoded in 2006) with missing observations imputed as a value of 50. A
separate dummy for AFQT non-missing is included.

3. Discordant siblings are siblings from families in which at least one sister had a teenage birth and one did not. Teenage is

defined as younger than exact age 19.
4. Model could not be estimated due to insufficient overlap.
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Appendix Tables & Figures

Table Al: Conventional PSM Estimates of Teen Birth on Years of Education, Various Samples, Add Health.!-?

Coefficient (SEs)
All Families Families w/ > 2 Siblings Families w/ Discordant Siblings?
(N=8,345) (N=1,361) (N=289)
ATE (Teen Birth) -1.254 -1.100 -0.233
(0.061) (0.1406) (0.205)
95% CI [-1.37, -1.14] [-1.39, -0.81] [-0.64, 0.17]
Outcome Model “Untreated”
Age 0.002 0.052 -0.064
(0.012) (0.032) (0.075)
PVT 0.053 0.058 0.050
(0.002) (0.005) (0.010)
Constant 14.558 13.039 15.029
(0.366) (0.953) (2.132)
Outcome Model “Treated”
Age 0.037 0.117 0.101
(0.032) (0.082) (0.076)
PVT 0.031 0.025 0.022
(0.004) (0.011) (0.009)
Constant 12.323 10.074 10.402
(0.988) (2.433) (2.289)
Treatment Model (Logit)
Age -0.062 -0.156 -0.130
(0.019) (0.044) (0.067)
PVT -0.029 -0.036 -0.005
(0.002) (0.006) (0.009)
Constant -0.313 2.221 3.702
(0.5406) (1.329) (1.904)

Notes:

1. Models are estimated using the teffects command in Stata 14: “teffects ipwra (...) (...), aeq”.
2. Age is measured age at Wave IV. PVT score is the Wave I Add Health Picture Vocabulary Test with missing observations

imputed as a value of 50. A separate dummy for PVT non-missing is included.

3. Discordant siblings are siblings from families in which at least one woman had a teenage birth and one did not. Teenage is
defined as younger than exact age 19.
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Table A2: Conventional PSM Estimates of Teen Birth on Years of Education, Various Samples, NLSY79."2

Coefficient (SEs)
All Families Families w/ > 2 Siblings Families w/ Discordant Siblings?
(N=5,305) (N=1,558) (N=383)
ATE (Teen Birth) -1.406 -1.327 -0.623
(0.078) (0.131) (0.169)
95% CI [-1.56, -1.25] [-1.57, -1.06] [-0.95, -0.29]
Outcome Model “Untreated”
Age 0.057 0.120 0.085
(0.014) (0.025) (0.056)
AFQT 0.047 0.044 0.037
(0.001) (0.002) (0.007)
Constant 11.416 10.423 12.465
(0.317) (0.571) (1.376)
Outcome Model “Treated”
Age 0.060 0.118 0.085
(0.028) (0.059) (0.065)
AFQT 0.031 0.023 0.023
(0.003) (0.005) (0.005)
Constant 9.897 9.027 9.717
(0.567) (1.104) (1.233)
Treatment Model (Logit)
Age 0.003 -0.121 0.003
(0.016) (0.035) (0.054)
AFQT -0.033 -0.034 -0.001
(0.002) (0.003) (0.005)
Constant -1.238 0.800 1.044
(0.346) (0.740) (1.223)

Notes:

1. Models are estimated using the teffects command in Stata 14: “teffects ipwra (...) (...), aeq”.
2. Age is measured at baseline (1979). AFQT is the Armed Forces Qualification Test score (based on Armed Services
Vocational Aptitude Battery administered in 1980; recoded in 2006) with missing observations imputed as a value of 50. A

separate dummy for AFQT non-missing is included.

3. Discordant siblings are siblings from families in which at least one sister had a teenage birth and one did not. Teenage is
defined as younger than exact age 19.
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Table A3: Cluster PSM Estimates of Teen Birth on Years of Education, Various Samples, Add Health.'-2

Coefficient (SEs)
All Families (N=8,345) Families w/ 2 Sibs. (N=1,361) Fam. w/ Discordant Sibs. (N=289)3
(1) (2) 3) 4) (5) (6)
ATE (Teen Birth) -1.176 -1.145 -0.915 -0.877 -0.192 -0.186
(0.082) (0.090) (0.169) (0.176) (0.205) (0.203)
95% CI [-1.34,-1.02] [-1.32,-0.97] [-1.25,-0.58] [-1.22,-0.53] [-0.59,0.20] [-0.58,0.21]
Outcome Model “Untreated”
Age 0.007 0.005 0.051 0.047 -0.073 -0.070
(0.012) (0.012) (0.032) (0.032) (0.074) (0.075)
PVT 0.056 0.056 0.062 0.061 0.049 0.046
(0.002) (0.002) (0.004) (0.004) (0.010) (0.010)
Constant 14.329 14.446 12.794 13.078 15.135 15.317
(0.386) (0.367) (0.993) (0.954) (2.080) (2.150)
Outcome Model “Treated”
Age 0.061 0.082 0.138 0.163 0.105 0.118
(0.037) (0.037) (0.070) (0.065) (0.074) (0.072)
PVT 0.027 0.028 0.020 0.020 0.020 0.020
(0.004) (0.005) (0.009) (0.009) (0.009) (0.009)
Constant 11.571 11.033 9.284 8.823 10.225 10.025
(1.163) (1.118) (2.202) (1.982) (2.280) (2.170)
Treatment Model (Logit)
Age -0.144 -0.327 -0.141 -0.304 -0.132 -0.282
(0.072) (0.127) (0.071) (0.118) (0.068) (0.107)
PVT -0.009 -0.031 -0.008 -0.027 -0.005 -0.024
(0.010) (0.023) (0.009) (0.020) (0.009) (0.018)
Mean #Teen Moms 15.461 15.618 11.872 12.153 4.257 4.433
(0.656) (0.323) (0.730) (0.763) (2.102) (2.209)
Mean Age 0.323 0.300 0.281
(0.160) (0.154) (0.143)
Mean PVT 0.027 0.025 0.024
(0.026) (0.024) (0.021)
Constant -4.217 -8.319 -2.433 -6.467 1.447 -2.198
(2.114) (2.767) (2.053) (2.779) (2.197) (2.974)

Notes:

1. Models are estimated using the teffects command in Stata 14: “teffects ipwra (...) (...), aeq”.
2. Age is measured age at Wave IV. PVT score is the Wave I Add Health Picture Vocabulary Test with missing observations
imputed as a value of 50. A separate dummy for PVT non-missing is included.
3. Discordant siblings are siblings from families in which at least one woman had a teenage birth and one did not. Teenage is
defined as younger than exact age 19.
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Table A4: Cluster PSM Estimates of Teen Birth on Years of Education, Various Samples, NLSY79."-2

Coefficient (SEs)
All Families (N=5,305) Families w/ 2 Sibs. (N=1,558) Fam. w/ Discordant Sibs. (N=383)3
(1) (2) (3) 4) (5) (6)*
ATE (Teen Birth) -1.276 -1.272 -1.246 -1.229 -0.641
(0.086) (0.085) (0.156) (0.156) (0.172)
95% CI [-1.44,-1.11] [-1.44,-1.10] [-1.55,-0.94] [-1.53,-0.92] [-0.98,-0.30]
Outcome Model “Untreated”
Age 0.067 0.068 0.126 0.129 0.088
(0.014) (0.014) (0.026) (0.026) (0.057)
AFQT 0.047 0.047 0.044 0.044 0.037
(0.001) (0.001) (0.002) (0.002) (0.007)
Constant 11.279 11.235 10.461 10.300 12.372
(0.322) (0.319) (0.621) (0.589) (1.397)
Outcome Model “Treated”
Age 0.015 0.016 0.027 0.031 0.067
(0.049) (0.049) (0.104) (0.102) (0.01)
AFQT 0.036 0.037 0.028 0.029 0.023
(0.003) (0.003) (0.005) (0.005) (0.005)
Constant 10.720 10.711 10.682 10.701 10.036
(0.922) (0.911) (1.820) (1.781) (1.335)
Treatment Model (Logit)
Age -0.024 -0.029 0.005 0.031 0.011
(0.054) (0.090) (0.058) (0.085) (0.056)
AFQT -0.006 -0.002 -0.006 -0.005 -0.002
(0.005) (0.011) (0.005) (0.010) (0.005)
Mean #Teen Moms 12.572 12.619 10.164 10.264 4.192
(0.436) (0.451) (0.509) (0.539) (1.186)
Mean Age 0.008 -0.052
(0.111) (0.116)
Mean AFQT -0.004 -0.001
(0.012) (0.012)
Constant -5.107 -6.181 -4.325 -5.045 -1.188
(1.084) (1.373) (1.171) (1.613) (1.365)

Notes:

1. Models are estimated using the teffects command in Stata 14: “teffects ipwra (...) (...), aeq”.
2. Age is measured at baseline (1979). AFQT is the Armed Forces Qualification Test score (based on Armed Services
Vocational Aptitude Battery administered in 1980; recoded in 2006) with missing observations imputed as a value of 50. A

separate dummy for AFQT non-missing is included.

3. Discordant siblings are siblings from families in which at least one sister had a teenage birth and one did not. Teenage is
defined as younger than exact age 19.
4. Model could not be estimated due to insufficient overlap.
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Figure A1: Propensity Score Overlap Plots, Conventional PSM, Add Health (corresp. to models in Table A1)
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Figure A2: Propensity Score Overlap Plots, Conventional PSM, NLSY79 (corresp. to models in Table A2)
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Figure A3: Propensity Score Oveﬁlap Plots, Cluster PSM, Add Health (corresp. to models in Table A3)
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Figure A4: Propensity Score Overlap Plots, Cluster PSM, NLSY79 (corresp. to models in Table A4)
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