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Abstract This article quantifies the contribution of pre-treatment dynamic selection to
the relationship between fertility timing and postsecondary attainment, after controlling
for a rich set of predetermined characteristics. Eventual mothers and nonmothers are
matched using their predicted birth hazard rate, which shares the desirable properties of a
propensity score but in a multivalued treatment setting. I find that eventual mothers and
matched nonmothers enter college at the same rate, but their educational paths diverge
well before the former become pregnant. This pre-pregnancy divergence creates
substantial differences in ultimate educational attainment that cannot possibly be due to
the childbirth itself. Controls for predetermined characteristics and fixed effects do not
address this form of dynamic selection bias. A dynamic model of the simultaneous
childbirth-education sequencing decision is necessary to address it.
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Introduction

Educational attainment and timing of entry into parenthood are intimately related.
Individuals who have children early are less likely to graduate from high school,
attend college, or receive a college degree. Teenage parents also have lower incomes,
are more likely to be in poverty, and are more likely to receive welfare assistance as
adults than their peers who delay parenthood. How much these correlations reflect
causation or simply unobserved factors has been the subject of much research and
debate, but is very important for policy.1 This debate has focused almost exclusively
on the relationship between teenage childbearing and high school graduation, with
relatively little attention paid to fertility and schooling after high school. This is an
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1See Hofferth (1987) for a review of the early literature that interpreted this correlation as causal. See
Abrahamse et al. (1988) for a discussion of how teenage mothers differ from other mothers.
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unfortunate gap in the literature, given the increased labor market importance of a
college degree and dramatic changes in the timing of fertility over the past several
decades.2 From 1970 to 2000, the share of first births to mothers aged 23 or younger
dropped from 76% to less than 50% (Fig. 1). For most women today, childbearing
occurs after the typical college age. This article examines the relationship between
fertility at college ages and postsecondary attainment.

To assess the causal impact of fertility timing on education, many researchers
have used cross-sectional data with controls for observable characteristics, matching,
or sibling fixed effects to overcome the omitted variable, selection, and endogeneity
problems that plague identification in this context. Levine and Painter (2003)
matched teen mothers to similar nonmothers in the same junior high school as a
flexible way of controlling for the many environmental and background factors that
may influence both education and fertility timing. Sanders et al. (2007) used a kernel
matching estimator based on the estimated propensity score, which should be more
efficient than the pair matching estimator used by Levine and Painter (2003). To
account for unobserved differences in family background, Geronimus and Korenman
(1992) compared sisters whose first births occurred at different ages. Chevalier and
Viitanen (2003) and Lee (2010) used binary propensity score matching to form
comparison groups. All these studies found that matching (either within schools or
sibling pairs or via the propensity score) greatly diminishes but does not eliminate
cross-sectional differences in socioeconomic outcomes between teenage mothers and
nonmothers. The identifying assumption in these approaches is that any within-
match unobserved determinants of fertility timing are uncorrelated with educational
decisions, but this is inherently not testable.

Recognizing that fertility timing may not be exogenous even conditional on a rich
set of observables, previous researchers have dealt with selection on unobservables
in two ways. The most common approach is to use instrumental variables (IV)—for
example, miscarriages, twin births, or abortion access—as a source of exogenous
variation in fertility timing.3 These studies have found evidence of selection on
unobservables, but the bottom-line conclusions have been mixed, with some (e.g.,
Hotz et al. 2005) finding negligible detrimental effects of teenage fertility and others
(e.g., Angrist and Evans 1999) finding larger effects. A second strategy, taken by
Sanders et al. (2007), is to quantify the extent of selection on unobservables that
would need to be present in order to eliminate the estimated effect. Although useful
as a bounding diagnostic, this approach does not allow one to quantify just how
problematic selection on unobservables is in a particular setting. I propose a third
approach, exploiting the fact that educational attainment results from the
accumulation of educational investment made over many time periods. For instance,
students typically must accumulate 120 course credits over several years to earn a

2 See Katz and Autor (1999) for a review of trends in earnings differences by education.
3 Hotz et al. (2005), Ashcraft and Lang (2006), and Fletcher and Wolfe (2008) used miscarriages and
Cristia (2008) used unsuccessful fertility counseling/treatment to identify women who intended to have
children but did not or could not. See Bronars and Grogger (1994) and Angrist and Evans (1998) for
studies on the use of twin births and child sex mix as determinants of number of children. Ribar (1994)
used age at menarche and Olsen and Farkas (1989), Angrist and Evans (1999), and Klepinger et al. (1999)
used abortion availability as instruments for teen fertility. Ribar (1999) attempted to reconcile the evidence
from sibling matching and IVestimates.
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bachelor’s degree. This feature of schooling outcomes permits an identification test
of cross-sectional approaches when longitudinal data are also available: treatment
(childbirth in this context) should have no effect on intermediate outcomes (such as
credits taken in each semester) before the treatment actually occurs. Intermediate
outcomes can also be used to quantify the fraction of cumulative outcome
differences between treatment and control groups resulting from pre-treatment
factors that were not adequately controlled for, whether these factors are fixed or
time-varying. This identification test has a long history in labor economics,
particularly in the study of job training and welfare programs, but has yet to be
applied to the study of fertility and education.4

To implement this approach, I match women who had children within eight years
of high school to similar women who did not, using the predicted birth hazard rate
estimated from a Cox proportional hazard model. The hazard ratio is a sufficient
statistic for the entire probability distribution of possible birth outcomes, so it is
valid as a “balancing score” in the Rosenbaum and Rubin (1983) framework. This
approach generalizes the propensity score to the situation in which treatment is
temporal and may prove useful in other applications when the treatment has this
characteristic.5

The longitudinal approach taken also illuminates the proximate mechanism
through which early childbirth and ultimate educational attainment are related. As
noted by Moffitt (2005:102), most studies of teenage childbirth “that have attempted
to address the endogeneity problem have not been able to determine the mechanism
by which postponement affects outcomes, which makes it difficult to interpret the
results.” This article determines whether mothers leave school earlier, attend college
less intensively, or begin on a completely different educational trajectory than
nonmothers. While this research cannot directly overcome the endogeneity problem
solved by IV, it can show how early, on what dimensions, and with what magnitude
the educational trajectories of eventual mothers and nonmothers diverge.

4 For an early application of this identification test to the analysis of job training programs, see Ashenfelter
and Card (1985).
5 To my knowledge, no study has used a multivalued treatment generalization of the propensity score
method to study the timing of fertility.
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As shown in previous work, I find that cross-sectional estimates indicate that
women with earlier first childbirths accumulate significantly fewer college credits
and are much less likely to obtain a college degree than those who give birth
later or not at all. This difference diminishes, though does not disappear, when a
rich set of demographic, family background, fertility and educational expec-
tations, and sexual behavior controls are included. However, longitudinal analysis
reveals clear evidence of pre-childbirth dynamic selection even after I control for
this rich set of characteristics. The college participation rates and credits taken by
mothers and matched nonmothers diverge well before the former become
pregnant, even though these two groups begin college at the same rate. No such
divergence should exist if the causal effect of childbirth is the only reason
educational attainment differs for the two groups. This finding holds for women
entering parenthood in many different time periods, though the divergence is
greatest for the earliest mothers. Overall, only 56% of the difference in college
credits accumulated after high school occurs post-pregnancy and could plausibly
be due to childbirth. This calls into question the validity of using nonmothers as
a control group even when very rich predetermined matching variables are
available. The strong relationship between timing of childbirth and educational
attainment appears to be partially due to time-varying factors that cause women
to reduce their educational investment and eventually enter parenthood; controls
for predetermined characteristics and fixed effects cannot address this source of
bias. A dynamic model of the simultaneous childbirth-education sequencing
decision seems to be a necessary framework for exploring this topic.

This article is organized as follows. The next section introduces the data.
Benchmark cross-sectional results are reported in the third section. The fourth
section presents a descriptive analysis of the time profile of postsecondary
educational investment and its relationship to fertility timing. In the fifth section, I
discuss the parameter of interest and implement a semiparametric matching routine
based on the estimated birth hazard rate; this section also quantifies how much of the
fertility effect estimated in the cross-section occurs pre-childbirth and thus is not
causal. Section six concludes.

Data

The data come from the fourth follow-up of the National Education Longitudinal
Study of 1988 (NELS) and the Postsecondary Education Transcript Study
(PETS). The NELS/PETS (published by the National Center for Education
Statistics) surveyed a nationally representative sample of the high school class of
1992 several times and collected college transcripts for any postsecondary
participants. My analysis sample consists of 2,955 women, including 751
eventual mothers. The sample excludes women who gave birth before August
1992 (or high school graduation), graduated before January 1992, or did not
participate in either the 1992 or 2000 survey, as well as those for whom
transcript data or key covariates were incomplete or missing. The analysis
sample is slightly more advantaged on most measures than the full representative
sample. Therefore, my results pertain to a slightly more advantaged group than
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the actual 1992 cohort of high school seniors. Online Resource 1 provides further
details about the sample and also evaluates its representativeness.

From the transcripts, I calculate the number of postsecondary credits taken by
institution type in the 16 semesters after high school, as well as indicators for having
earned an associate’s or bachelor’s degree by 2000. Postsecondary participation is
indicated by enrolling in at least one credit in a semester. Semester of first childbirth
is calculated using the birth date of each respondent’s first child, as reported in the
2000 survey.

Tables 4 and 5 in Online Resource 1 contain basic summary statistics for the
overall sample and separately by the timing of first childbirth. On average, women
in the sample accumulated 111 units of college credit within eight years of high
school graduation, and approximately half earned a bachelor’s degree. Approx-
imately one-quarter gave birth during this period. Women who had children within
four years of high school had earned fewer college credits and were much less
likely to earn a college degree than those who had children later or not at all.
Differences in outcomes, however, may also reflect that young mothers are also
more likely to come from disadvantaged backgrounds, as measured by parental
education, household income, and sibling teen pregnancy. Young mothers are also
less likely to plan to go to college immediately after high school and do take steps
toward parenthood earlier: by the end of 1992, 79% of early mothers were
sexually active, compared with only 67% and 59% for later mothers and
nonmothers, respectively.

Much previous work on the effects of early fertility has been concerned with the
likely presence of unobserved or difficult-to-measure factors that would lead some
women to begin parenthood early and also obtain less education. Figure 2
documents a strong correlation between two such factors: educational aspirations
and expected fertility timing. Women who plan to have children while they are
young are also less likely to aspire to earn a bachelor’s degree. Almost all women
who plan to delay parenthood until their late 20s or later expect to obtain a college
degree, and many of these also aspire to earn a graduate or professional degree.
Failing to account for this correlation will overstate the adverse consequences of
early childbirth on educational attainment.

Cross-Sectional Estimates

As a basis for comparison with previous work, Table 1 reports cross-sectional
estimates of the effect of birth timing on postsecondary credit accumulation. Linear
models were estimated using least squares. Each model includes eight birth-year
indicator variables (one for each academic year of first childbirth) and the indicated
control variables. Coefficients in column 1 are unadjusted for covariates; they
calculate the unadjusted mean difference in accumulated college credits between
mothers and nonmothers, by the academic year of first childbirth. Women who gave
birth within the first year of graduating from high school accumulated 88 fewer
college credits than women who had not yet had children seven years later. The
accumulated credit difference between mothers and nonmothers generally increases
with time from high school. Compared with the first cohort of mothers, women who
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gave birth in the eighth year after high school accumulated 62 more college credits,
yet still accumulated 26 fewer than nonmothers.

Columns 2 and 3 include an increasingly rich set of control variables observed in
respondent’s senior year of high school, including family background, educational
expectations, expected timing of childbirth, and sexual behavior. Accumulated credit
differences are reduced considerably—sometimes by more than 50%—when
controls are included, but the differences are not eliminated entirely. Even after
background, expectations, and sexual behavior are controlled for, the earliest
mothers accumulated 30 fewer college credits than nonmothers. Controlling for a
rich set of covariates cuts the 53 overall credit difference between mothers and
nonmothers in half. All differences are significant at conventional levels.

While not directly comparable to previous work, these cross-sectional estimates
are slightly smaller than those found in recent studies using abortion laws and the
availability of family planning services as instrumental variables when studying
fertility timing and total years of schooling. Kleplinger et al. (1999) found that
teenage childbearing reduces years of schooling by about two and one-half years,
which is roughly equivalent to 60 college credits.

Mothers and nonmothers may also differ in the type of postsecondary
education they receive. Community colleges, which have more adult and part-
time learners and flexible schedules, may be more accommodating to young
mothers trying to blend parenthood and school. The second and third panels of
Table 1 repeat the analysis, using cumulative credits at four-year and two-year
institutions as the dependent variable. The relationship between fertility timing and
educational attainment is stronger for four-year college credits than for credit
accumulation overall. In fact, mothers actually accumulate slightly more
community college credits than nonmothers. Fertility timing is thus related to
both the amount and the type of education, with earlier mothers receiving less
education overall and at four-year institutions in particular.
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Table 2 repeats this analysis, using degree attainment as the dependent variable.
Early mothers are 30% to 40% less likely than nonmothers to obtain an associate’s or
bachelor’s degree within eight years of high school graduation, even after observable
differences in background, expectations, and sexual behavior are accounted for.
Degree attainment differences are not diminished as much as accumulated credit
differences when these observable characteristics are accounted for.

The identifying assumption in this and previous cross-sectional analyses is that
individuals’ timing of first childbirth is uncorrelated with unobservable determinants

Table 2 Cross-sectional probit estimates of fertility timing on degree attainment

Academic Year of First Childbirth

Associate’s Degree or Higher Bachelor’s Degree or Higher

(1) (2) (3) (4) (5) (6)

1992–1993 –0.516 –0.443 –0.366 –0.490 –0.459 –0.403

(0.054) (0.087) (0.116) (0.028) (0.060) (0.072)

1993–1994 –0.455 –0.396 –0.303 –0.449 –0.413 –0.358

(0.041) (0.054) (0.077) (0.029) (0.042) (0.048)

1994–1995 –0.498 –0.448 –0.393 –0.445 –0.399 –0.326

(0.029) (0.038) (0.046) (0.025) (0.034) (0.040)

1995–1996 –0.434 –0.385 –0.353 –0.449 –0.432 –0.395

(0.035) (0.044) (0.051) (0.025) (0.031) (0.031)

1996–1997 –0.353 –0.310 –0.254 –0.379 –0.350 –0.294

(0.043) (0.047) (0.054) (0.033) (0.040) (0.044)

1997–1998 –0.273 –0.245 –0.203 –0.296 –0.277 –0.235

(0.048) (0.052) (0.059) (0.041) (0.046) (0.050)

1998–1999 –0.211 –0.149 –0.149 –0.181 –0.114 –0.105

(0.046) (0.050) (0.053) (0.044) (0.049) (0.053)

1999–2000 –0.113 –0.054 –0.059 –0.173 –0.111 –0.118

(0.052) (0.054) (0.058) (0.048) (0.054) (0.056)

Pseudo-R2 .089 .173 .285 .097 .203 .355

1992–2000 –0.350 –0.285 –0.242 –0.372 –0.312 –0.272

(0.020) (0.022) (0.025) (0.019) (0.021) (0.024)

Pseudo-R2 .071 .159 .277 .079 .187 .345

Control Variables

Background No Yes Yes No Yes Yes

Educational expectations No No Yes No No Yes

Expected age at first childbirth No No Yes No No Yes

Age became sexually active No No Yes No No Yes

Observations 2,955 2,955 2,955 2,955 2,955 2,955

Notes: Reported coefficients are marginal effects. Robust standard errors are in parentheses. Academic
year is August through July. The omitted category is women who have not yet had children as of July
2000. Background variables include race, Hispanic ethnicity, parent’s highest education, mother’s and
father’s employment status, log of family income, and having a sister with a high school pregnancy.
Educational expectations include own educational expectations and an indicator for planning to go directly
to college after high school.
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of educational attainment. This assumption is inherently not testable with cross-
sectional data, although evidence from siblings models suggests it is likely violated
(Geronimus and Korenman 1992). Longitudinal data can be used to partially address
this shortcoming. The educational outcomes analyzed in Tables 1 and 2, and in most
of the previous literature, are the cumulative result of educational investments made
incrementally over many time periods. Receiving a bachelor’s degree is not a
decision made at one point in time. Rather, it is the end result of a sequence of
decisions to enroll in and complete college courses over a span of four to eight or
more years. The remainder of this article exploits this cumulative nature of
educational attainment to partially test the identification assumption. Intuitively,
the pre-birth course-taking of women who enter childbirth early and women in an
appropriate control group should be similar. Cross-sectional approaches do not
permit such a test.

Descriptive Longitudinal Analysis

This section documents the temporal relationship between childbirth and
educational investment during the eight years following high school, differenti-
ating between several possible mechanisms through which early childbirth is
negatively related to educational attainment. Young mothers may leave school
earlier, attend college less intensively, or begin on a completely different
educational trajectory than nonmothers, but cross-sectional analyses cannot
distinguish between these mechanisms.

Figure 3 plots the postsecondary participation rate and average number of
postsecondary credits taken by women in the first 16 semesters (eight years)
following high school, separately by semester of first childbirth.6 Women in the final
panel had not yet had a child by the spring of 2000. Their enrollment and course-
taking is as expected from traditional college students: on average, they take 12 to 14
credits per semester (approximately full-time) for four years, then reduce investment
levels significantly thereafter. The drop-off in credit accumulation precisely after
eight semesters is much smaller for women who had children, although smaller
sample sizes make these series much noisier than for nonmothers.

The vertical line in each graph indicates the semester of first childbirth. In
most cases, educational investment declines steadily in the semesters leading up
to childbirth and flattens out afterward. There is no evidence of a precipitous
drop in educational investment precisely at the time of childbirth; the investment
decline is much more gradual. Women learn of their pregnancy either one or two
semesters before their birth. There does not appear to be an acceleration of the
decline during the semesters the conception is known. Looking across all panels,
however, there is clear evidence that later childbirth is associated with later
attrition from school: the earliest mothers begin dropping out before slightly later

6 Because more of the summer months were included in the spring, the number of credits taken in the
spring tends to be greater than the number of credits taken in the fall.
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mothers, who drop out before slightly later mothers, and so on. The precise
timing of childbirth seems to matter.

The time profile of participation and total average credits taken are remarkably
similar, save for the spring-fall seasonality in credits. This suggests that nearly all
adjustment in postsecondary educational investment occurs on the participation
margin, rather than in investment intensity. Figure 8 in Online Resource 1 plots the
average credits taken, conditional on taking at least one college credit. There is very
little discernible adjustment in the number of credits individuals take, either over
time or with childbirth. On average, those participating in postsecondary education
take 10 to 15 units of college credit both before and after childbirth and regardless of
how much time has passed since high school.

Figure 3 demonstrates an important element of heterogeneity in the sample.
Women who gave birth in 1994 or earlier began college with much lower
participation rates; as a result, they accumulated far fewer credits than those who
began parenthood later, even before the onset of parenthood. There is much more
pre-birth similarity among women who began parenthood in 1995 or later, although
women who delayed parenthood until at least 1997 appear to have started off even
stronger, participating in college in large numbers. The next section addresses this
initial condition heterogeneity by matching mothers with nonmothers who have
similar estimated birth hazard rates. This approach is similar in spirit to propensity
score methods used to deal with nonrandom treatment assignment, when assignment
is assumed to be random conditional on observable covariates. The primary

Fig. 3 Postsecondary participation rate and average number of credits taken, by semester of first
childbirth. Solid lines denote participation rate, and dashed lines denote average number of postsecondary
credits taken. Vertical lines indicate the semester of first childbirth. Postsecondary participation is indicated
by taking at least one unit of credit in the semester. Spring includes the months January through July; fall
includes August through December
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limitation of this approach is that differences attributable to unobserved factors
cannot be accounted for.

Longitudinal Matching Results

Evaluation Approach

This article is concerned with the causal effect of childbirth timing on the time
path of educational investment. To clarify ideas, it is useful to characterize the
problem using Rubin’s (1974) potential outcomes framework. Suppose that
women can have their first child during (T+1) different time periods,
corresponding to the first T semesters after graduating from high school plus
the post-observation period. In what follows, I refer to first childbirth timing as
(T+1) mutually exclusive treatments, in the language of the treatment effect
literature.7 Participation in a particular treatment s is indicated by the variable
S ∈ {1,2,…,T,T+}. Treatment T+ refers to first childbirth occurring some time after
the observation period and also includes women who will never have children. The
outcome of interest is the entire time profile of educational investment (e.g.,
participation or credits taken) in the semesters following high school graduation.
The potential outcomes associated with the various treatments are denoted by

Y ðsÞ � Y ðsÞ
t

n oT

t¼1
.

The parameters of interest, $ðs;TþÞ, are the average causal effects of having a
child s semesters after high school relative to not having a child during the
observational period.

$ðs;TþÞ ¼ E Y ðsÞ � Y ðTþÞ S ¼ sj
h i

¼ E Y ðsÞ S ¼ sj
h i

� E Y ðTþÞ S ¼ sj
h i

for s ¼ 1; 2; :::; T :

ð1Þ
There are many different causal effects that could be examined, such as the effect

of having a child during period s versus period sþ 1 $ðs;sþ1Þ� �
or during period s

versus some period after s $ðs;½sþ1;Tþ�Þ
� �

.8 The multitude of parameters that could be

estimated may partially explain the range of findings from previous work. For
instance, the ages between which childbearing is shifted by abortion availability may
be different than those for which childbearing is affected by miscarriages. Each of
these instruments (potentially) identifies different parameters. Similarly, some
previous matching estimates contrasted fertility in high school with later fertility,

7 I focus here on first births because they are likely to have the biggest impact on educational choices. The
impact of having additional children will be part of the treatment effect estimated here.
8 For example, Sianesi (2004) examined the causal effect of receiving job services after being unemployed
for t periods versus not receiving services at (or before) time t. She argued that this is the treatment effect
of greatest interest to policy-makers and individuals, and cautioned that using the “never-treated” as a
comparison group is equivalent to conditioning on successful employment outcomes. This concern is less
problematic in the current context because fertility timing is not as directly driven by educational failure as
job service receipt is driven by job search failure.
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while others focused on comparisons between specific age groups, such as 16/17
versus 18/19. The strong age pattern to educational outcomes makes the decision of
which causal effect to focus on a nontrivial one. Although this article emphasizes
$ðs;TþÞ, I also examine the effect of delaying childbearing until some later period
Tð$ðs;½T ;T �Þ for s ¼ 1; 2; . . . ; T � 1Þ

The parameters $ðs;TþÞ are not identified without further assumptions because of
the well-known causal inference problem: the counterfactual outcome
E Y ðTþÞ S ¼ sj� �

is not observed in the data. We cannot observe what the educational
profile of women who had children in period s would have been had they delayed
childbirth until after period T. To identify the counterfactual, I assume that potential
outcomes are independent of treatment, conditional on a set of observable attributes
X. I assume that among individuals with a given set of baseline characteristics X = x,
the unobserved distribution of Y(s) for individuals with S ≠ s is the same as the
observed distribution of Y(s) for individuals with S = s for all s = 1,2,. . .,T+.

Y ð1Þ; Y ð2Þ; :::;Y ðTþÞ? S X ¼ xj : ð2Þ
With this conditional independence assumption (CIA), the counterfactual is

identified from the observed outcomes of individuals in the comparison group:

E Y ðTþÞ S ¼ sj
h i

¼ EX S¼sj E Y ðTþÞ X ; S ¼ Tþj
h ih i

: ð3Þ

The outer expectation is taken over the distribution of X in the treatment group s.
In the case of a binary treatment (S ∈ {0,1}), Rosenbaum and Rubin (1983) showed
that if the CIA holds conditional on X, then it also holds conditional on specific
functions of X, referred to as balancing scores and denoted by b(X). This property is
very convenient when X is high dimensional and contains continuous covariates, as
is the case here. The most commonly used balancing score is the propensity score
P(X) ≡ Pr(S = 1|X), the conditional probability of treatment. Imbens (2000) and
Lechner (2001) showed that this property also holds in the more general case in
which treatments are multivalued. They showed that Eq. 3 can be replaced by:

E Y ðTþÞ S ¼ sj
h i

¼ EbðX Þ S¼sj E Y ðTþÞ bðX Þ; S ¼ Tþj
h ih i

ð4Þ

if the balancing score satisfies E PrðS ¼ s X ¼ xÞ bðX Þ ¼ bðxÞjj½ � ¼ Pr S ¼ s X ¼ xj½ � �
PðsÞðxÞ and 0 < PðsÞðxÞ < 1 for all s = 1,2,. . .,T+. The entire vector of treatment
probabilities Pð1ÞðxÞ;Pð2ÞðxÞ; :::;PðTþÞðxÞ� �

satisfies this condition. These probabilities
can be estimated by a multinomial probit or logit model, for instance. One limitation is
that the dimensionality is reduced only to the order of T, which may still pose common
support problems if the number of treatments is large. Consequently, Lechner (2001
and 2002) concentrated on pairwise treatment effects (e.g., between s and s′), where
one needs only to condition on the binary conditional probabilities
PrðS ¼ s X ¼ x; S 2 ðs; s0j ÞÞ. Here, I make use of the fact that the multivalued
treatment is temporal in my setting and model the distribution of treatments using a
Cox proportional hazard model, where time is given by months since high school:

ε ð5Þ
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hi(tm) is the probability that individual i has a child during the tm month after high
school, having not had a child by the end of the previous month.9 The baseline hazard
rate h0(tm) is allowed to vary over time, but it is left unspecified and is not directly
estimated. Individual heterogeneity enters multiplicatively on this baseline hazard. In the
estimation, I include a rich set of covariates observed at the end of high school,
including race, Hispanic ethnicity, parent’s highest education level, mother’s and father’s
labor force participation, log of family income, sister’s high school pregnancy, own
educational expectations and plans to attend college immediately, expected age of first
childbirth, year of first sexual intercourse, and use of birth control during first sexual
intercourse.10 The predicted hazard rate from the maximum likelihood estimation of
Eq. 5 parsimoniously summarizes the probability that an individual will have a child
early, based on characteristics that are observable at the end of high school. I use the
predicted hazard ratio as the balancing score:

β ð6Þ
In the Cox proportional hazard model, this hazard ratio is a sufficient statistic for

the full vector of treatment probabilities. Recall that each fall semester contains five
months, and each spring semester contains seven. The cumulative hazard is defined
as . The vector of treatment probabilities is given by

Pð1ÞðX Þ ¼ 1� e�rðX Þðe�H0ð5ÞÞ
Pð2ÞðX Þ ¼ e�rðX Þðe�H0ð5Þ � e�H0ð12ÞÞ
Pð3ÞðX Þ ¼ e�rðX Þðe�H0ð12Þ � e�H0ð17ÞÞ
..
.

PðTþÞðX Þ ¼ e�rðX Þðe�H0ð96ÞÞ:

ð7Þ

Based on the results of Imbens (2000) and Lechner (2001), the counterfactual
outcome for eventual mothers E Y ðTþÞ S ¼ sj� �

can thus be estimated from the
observed outcome of nonmothers with a similar hazard ratio:

E Y ðTþÞ S ¼ sj
h i

¼ ErðX Þ S¼sj E Y ðTþÞ rðX Þ; S ¼ Tþj
h ih i

: ð8Þ

An alternative approach taken in the dynamic treatment participation literature is
to match on the basis of covariates and pre-treatment outcomes directly (Fredriksson
and Johansson 2008; Lechner 1999) or on a time-varying discrete hazard rate
implemented using a sequence of probit regressions (Sianesi 2004). Since treatment
timing is treated as stochastic, some eventual late-treated observations in this
approach are used in the construction of the unobserved counterfactual for earlier-
treated observations.

The estimated hazard rate at the end of high school does a decent job predicting
the timing of first births. Figure 9 in Online Resource 1 plots the median and spread
of predicted hazard rate by actual year of first childbirth. Women who gave birth
earliest had the highest risk of childbirth, based on factors observable at the end of

10 Results from estimation of the proportional hazard model are contained in Table 7 in Online Resource 1.

9 In estimating the hazard rate, I specify months since July 1992 as the time an individual is at risk before
the event (childbirth) occurs. Nonmothers are included in the hazard rate estimation, but their time at risk
is censored at 96 months.
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high school. The median hazard rate generally decreases, though not monotonically,
as childbirth is delayed. Fortunately for the matching strategy described above, there
is considerable overlap across childbirth years. For instance, most mothers who gave
birth within a year of high school graduation can be matched to a comparable
nonmother who was at a similar risk for early childbirth at the end of high school. I
use these similarly risked nonmothers as a control group in the estimation of the
counterfactual educational investment profile of eventual mothers. This approach is a
specific form of matching whereby the weight that each control variable receives in
the balancing score is related to its importance in predicting birth timing.

In the main analysis, I implement matching through stratification of the balancing
score (also known as interval, blocking, or subclassification; see Rosenbaum and
Rubin 1984).11 All individuals were sorted by predicted hazard ratios and divided
into 10 ordered groups on the basis of this ranking. As a robustness check, I also
present results using kernel and nearest-neighbor matching. Table 8 in Online
Resource 1 displays the mean difference for several important characteristics
between mothers and nonmothers within each hazard group.12 By construction,
mothers and nonmothers with similar estimated hazard rates are very similar on
observable characteristics. In no hazard rate group is there a significant difference
between mothers and nonmothers in more than one of the characteristics examined.
Based on this quality of balance across observable characteristics and the predictive
power of the predicted hazard rate, I use similarly risked nonmothers to estimate the
counterfactual for each mother in my sample.

Pre-treatment Test of the Identification Assumption

Strictly speaking, the conditional independence assumption is not testable. However,
longitudinal data containing observations of intermediate outcomes (such as credits
taken in each semester) before the treatment actually occurs can suggest whether it is
likely to be violated. The pre-treatment effect is defined as the average difference in
accumulated credits between eventual mothers and their unobserved counterfactual
in the periods before their first childbirth actually occurs:

$pre
ðs;TþÞ � E Ypre

ðsÞ S ¼ sj
h i

� E Ypre
ðTþÞ S¼sj �for s ¼ 1; 2; :::; T ;

h

where E Y ðsÞ
pre S ¼ sj

h i
� E

Pt¼s�1
t¼1 Y ðsÞ

t S ¼ sj
h i

. As described above, the unobserved
counterfactual is estimated using nonmothers with similar predicted hazard rates. If
the process generating pre-birth outcomes and post-birth outcomes is the same in the
absence of treatment and if the treatment has no effect on pre-birth outcomes, then
the CIA implies that $ðs;TþÞ

pre ¼ 0 for all s. Nonzero estimates of $ðs;TþÞ
pre suggest that

pre-treatment factors (either fixed or time-varying) were not adequately controlled
for, violating the conditional independence assumption.

In many settings (and in most of the fertility-education literature) researchers have
access only to cross-sectional post-treatment outcome data, so this pre-treatment test
is not possible. Previous studies thus controlled for selection using pre-treatment

11 For a practical overview of implementing propensity score matching, see Caliendo and Kopeinig (2005).
12 Table 9 in Online Resource 1 contains the group means in addition to their difference.

Fertility Timing and Schooling 945



baseline covariates only. With longitudinal data, however, one can use the pre-
treatment outcomes to test the CIA of this cross-sectional work. Heckman and Hotz
(1989) termed this a “pre-program specification test,” and it has been used
extensively in the evaluation of job training and welfare programs but has yet to
be applied to the study of fertility and education. In addition to quantifying the
extent of pre-treatment selection on unobservables, pre-treatment outcomes can also
be used in the matching process itself, as done in the program evaluation literature
(Card and Sullivan 1988; Dolton et al. 2008; Heckman and Smith 1999). Flexibly
matching on pre-program outcomes is one strategy for eliminating selection bias in
non-experimental evaluations.13

Longitudinal Estimates

To construct a counterfactual educational investment profile for mothers, I regress
the outcomes of nonmothers on a vector of 160 group × time indicator variables (10
hazard rate groups × 16 time periods).

ð9Þ

The estimated parameters {gj,t} are the average number of credits taken (or
average participation rate) by nonmothers in hazard group j at time t. The
coefficients obtained from estimating Eq. 9 are used to predict credits taken and
participation for mothers in the sample.

Figure 4 plots the actual (solid lines) and predicted (dashed lines) post-
secondary participation rate separately by semester of first childbirth.14 As
before, the vertical line indicates the semester of first childbirth. Several features of
Fig. 4 are striking. Most important, the actual participation rate deviates from its
prediction well before the event of pregnancy for most groups. For example,
women who gave birth in spring of 1996 had similar participation rates as
nonmothers with similar birth hazards immediately following high school. By fall
of 1994, however, the participation rate of eventual mothers was 20 percentage
points lower, even though their future pregnancy was still unknown. Participation
rates fall even further immediately preceding and during the semester of childbirth.
This general pattern of significant pre-birth decline in relative participation rate
holds for most birth cohorts prior to 1999.15 Women whose first childbirth
occurred in the spring of 1999 or later had similar postsecondary participation rates
as nonmothers with comparable birth hazards, presumably because most of those
who would earn bachelor’s degrees did so by this time and participation in
graduate education is less deterred by parenthood.

15 This does not apply to mothers in the first two birth cohorts for which pre-pregnancy educational
experience does not exist.

13 If pre-treatment outcomes are used in the matching process, then one cannot test the CIA itself. In this
article, I use pre-treatment outcomes to test the CIA associated with matching on the basis of baseline
covariates exclusively.
14 An analogous analysis on average postsecondary credits taken (not reported here) produced nearly
identical qualitative and quantitative results.
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Figure 5 plots estimates of $ðs;TþÞ, the actual minus predicted postsecondary
participation rates following high school, separately by semester of first childbirth (s). If
educational investments of mothers followed the same time path as those of nonmothers
with comparable fertility risk at the end of high school, then each plot would lie
precisely on the zero line. Alternatively, if mothers took a fixed number of fewer courses
than observably similar nonmothers, each plot would be a horizontal line below zero.
Both of these possibilities are clearly rejected by the data. The temporal pattern of
educational investment for mothers deviates significantly from that for observably
similar nonmothers over the eight years following high school. The deviation is most
significant for the earliest mothers and appears to be approximately centered and
symmetric around the time of first birth. Mothers reduce postsecondary participation in
the years leading up to their first childbirth, then gradually catch up to their nonmother
peers (albeit to a lower absolute level of participation) in the years following. The
reduction in educational investment associated with childbirth is gradual and begins
several semesters before the actual birth occurs, not sharply at the time of birth.

Figure 6 distinguishes between credits earned at four-year and two-year institutions.
With the exception of the earliest cohort of mothers, four-year institutions account for the
great majority of the credit difference between mothers and matched nonmothers. The
initial credit accumulation rate at four-year colleges is similar for nonmothers and
several cohorts of mothers. Therefore, some of the four-year credit difference between
mothers and matched nonmothers is due to a failure of matching to control completely
for pre-determined characteristics that predict college type. However, the general pattern
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Fig. 4 Predicted and actual postsecondary participation rate, by semester of first childbirth. Solid lines
indicated actual participation rate of mothers with the indicated birth year. Dashed lines are participation
rates predicted using nonmothers with similar predetermined characteristics. Postsecondary participation is
indicated by taking at least one unit of credit in the semester. Vertical lines indicate the semester of first
childbirth. Spring includes the months January through July; fall includes August through December
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Fig. 5 Deviation from predicted average postsecondary participation rate, by semester of first childbirth.
Vertical lines indicate the semester of first childbirth. Postsecondary participation is indicated by taking at
least one unit of credit in the semester. Spring includes the months January through July; fall includes
August through December
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Fig. 6 Deviation from predicted average postsecondary four-year and two-year college credits, by
semester of first childbirth. Solid lines represent four-year college credits. Dashed lines represent two-year
college credits. Vertical lines indicate the semester of first childbirth. Spring includes the months January
through July; fall includes August through December
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of substantial pre-pregnancy divergence between mothers and matched nonmothers
continues to hold for four-year credits as it does for credits overall.

The large differences in ultimate educational attainment presented in Tables 1 and
2 stem from the integral of this deviation over the full observational period, and
clearly much of the accumulated difference arises well before the advent of
pregnancy. The main benefit of a longitudinal approach is that this pre-pregnancy
difference can be quantified. Table 3 decomposes the accumulated credit difference
into differences arising pre- and post-childbirth. As a point of comparison, column 1
repeats the OLS cross-sectional estimates from Table 1. Total accumulated credit
differences between mothers and nonmothers estimated with matching, presented in
column 2, are very similar to these OLS estimates. Standard errors of the matching
estimators were constructed using bootstrapping.16 The credit difference that arises
before childbirth is presented in column 3, and the fraction of the total difference that
occurs pre-birth is shown in column 4. Although estimates for some birth cohorts are
imprecise, all the point estimates indicate that a large fraction of credit loss for
mothers relative to similar nonmothers occurs before their first child is born. The
condition that $ðs;TþÞ

pre ¼ 0 is clearly rejected. Overall, only 56% of the accumulated
credit difference between mothers and matched nonmothers arises post-childbirth,
suggesting that the true causal effect is, at most, about half of what the cross-
sectional estimates suggest, even after a rich set of covariates is controlled for.

The last four columns of Table 3 repeat this analysis, using late mothers as a
control group for earlier mothers. Early mothers are expected to be more similar to
late mothers than to nonmothers, so this comparison will reduce omitted variable
bias. However, the treatment effect estimated by this comparison is that of having an
early birth relative to a late one, so the results are not directly comparable to previous
estimates. Early mothers accumulate 14 fewer credits than late mothers, and a large
fraction of this difference occurs before the former has children, though estimates are
much less precise because of a smaller number of control observations. Regardless,
the conclusion that a large share of credit differences occur pre-childbirth still holds
when early mothers are compared with late mothers.

The sensitivity of the main results in Table 3 to choice of matching method is
examined in Table 10 in Online Resource 1. Although many matching estimators are
consistent given the conditional independence assumption, they do behave differently
in finite samples, and characterizing the finite sample properties of various types of
matching estimators is an active area of research. For instance, Frölich (2004)
presented Monte Carlo simulations suggesting that kernel and ridge matching
estimators performed well (in an efficiency sense) relative to pair matching, k-
nearest-neighbor matching (of which stratification is a variant), and inverse propensity
score weighting, particularly when the number of controls was large.17 Based on this
evidence, Sanders et al. (2007) employed a kernel matching estimator, which should
be more efficient than the nearest-neighbor matching estimator used by Levine and

16 Though Abadie and Imbens (2008) cautioned that the standard bootstrap may not be valid for simple
nearest-neighbor matching with a fixed number of matches, the bootstrap should provide valid inference
for kernel-based matching estimators in which the number of matches increases with the sample size.
17 Busso et al. (2009) refuted this latter result, finding that properly constructed reweighting estimators
outperform matching estimators in realistic empirical settings, rather than the unrealistic hypothetical
setting examined by Frölich (2004).
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Painter (2003). The base results in this article use stratification matching with 10
groups. Stratification is easy to implement, computationally much faster than kernel
and nearest-neighbor matching, and more efficient than the latter. In practice, the
results are not much affected by the choice of matching method. Kernel estimators
with a wide bandwidth and a Gaussian kernel produce larger estimated credit
differences than the base case, but this is likely due to the bias caused by using

Table 3 Matching estimates of fertility timing on total and pre-birth credit accumulation

Dependent Variable: Cumulative Postsecondary Credits

Control Group: Nonmothers Control Group: Late Mothers

OLS Matching OLS Matching

Total Total Pre-birth % Pre-birth Total Total Pre-birth % Pre-birthAcademic Year

of First Childbirth (1) (2) (3) (4) (5) (6) (7) (8)

1992–1993 –29.84 –34.03 –3.25 0.096 –19.71 –9.65 –2.34 0.243

[n = 23] (11.91) (11.86) (1.18) (0.041) (11.25) (13.93) (1.28) (5.434)

1993–1994 –30.41 –32.41 –7.82 0.241 –14.72 –13.39 –8.05 0.602

[n = 71] (5.94) (6.02) (1.94) (0.048) (5.90) (7.46) (2.56) (1.303)

1994–1995 –35.45 –35.45 –10.66 0.301 –19.25 –15.23 –8.34 0.548

[n = 127] (4.70) (4.92) (2.51) (0.047) (5.14) (6.03) (3.21) (0.265)

1995–1996 –36.24 –34.40 –16.95 0.493 –18.41 –14.77 –11.53 0.781

[n = 117] (4.80) (5.16) (3.14) (0.051) (5.00) (5.77) (3.85) (0.413)

1996–1997 –31.83 –32.29 –18.93 0.586

[n = 103] (5.29) (5.20) (4.44) (0.071)

1997–1998 –19.85 –19.59 –10.84 0.553

[n = 96] (4.98) (5.71) (5.44) (0.262)

1998–1999 –17.68 –11.35 –6.03 0.532

[n = 116] (4.77) (5.29) (5.06) (15.35)

1999–2000 –12.32 –10.14 –7.43 0.733

[n = 98] (4.74) (5.70) (5.63) (1.977)

R2 .465 .399

1992–2000 –26.25 –25.47 –11.17 0.438

[n = 751] (2.33) (2.47) (1.80) (0.041)

1992–1996 –18.00 –14.31 –8.98 0.628

[n = 338] (3.71) (4.46) (2.22) (0.156)

R2 .461 .399

Control Observations 2,204 2,204 413 413

Notes: OLS robust standard errors are in parentheses. For matching estimates, bootstrapped standard errors
from 500 replications are in parentheses. Number of treated observations is in brackets. Academic year is
August through July. Nonmothers are women who have not had a child as of July 2000. Late mothers are
women whose first child was born between August 1996 and July 2000. Treated and control observations
were matched based on their predicted birth hazard rate using stratification with 10 groups, as described in
the text.
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controls with more dissimilar birth hazards. Nearest-neighbor matching should be the
least biased method because the matches are better, on average, but the estimates are
less efficient. The total credit difference between mothers and matched nonmothers is
very similar using stratification, nearest-neighbor, or kernel (with Gaussian kernel and
small bandwidth or with Epanechnikov kernel) matching. The estimated fraction of the
credit difference arising pre-birth is also very similar between the different matching
estimators, ranging from 44% to 52%.

Another advantage of the longitudinal approach is that the comparability of mothers
and similar-risk nonmothers can be directly tested in the periods before childbirth.
Intuitively, the pre-birth course-taking and participation pattern of mothers and
comparable-risk nonmothers should be similar. If this condition holds, the plots in
Fig. 5 should lie on the zero horizontal axis in the years preceding childbirth. From the
spring of 1994 onward, mothers and nonmothers do have similar participation rates
immediately after high school. All the deviations are negligible in the first semester after
high school, but they increase dramatically shortly thereafter. This indicates that
characteristics that are observable at the end of high school—such as family background,
educational aspirations, and fertility expectations—are useful predictors of immediate
postsecondary education behavior, but this predictive power erodes quickly.

To quantify the average magnitude and timing of this dip across all cohorts of mothers,
I estimate a pooled model that combines data from all cohorts. This formulation is an
application of the event-study approach utilized by Jacobson et al. (1993) to estimate the
earnings loss experienced by displaced workers. This method can be thought of as a
generalized difference-in-difference, where a treatment-control difference is calculated
at all points before and after treatment and averaged across treatments occurring at
different calendar times. I estimate Eq. 10 using linear regression:

yi,t ,t (Groupi j,Time t)

(earlyi ) ( k
early

k 15
k 15 Di,t

k )

(latei ) ( k
late

k 15
k 15 Di,t

k )
i,t .

γ

δ

δ

ε

ð10Þ

The first component of the right-hand side estimates the counterfactual
educational investment pattern for mothers using nonmothers with a similar fertility
risk at the end of high school.18 The last two terms calculate the average deviation
from this estimated counterfactual for the 15 periods before and after childbirth,

18 This equation could be estimated without matching by making assumptions on the functional form of
the counterfactual. Replacing the first term in Eq. 10 with gt assumes that, absent childbirth, all
individuals would have the same postsecondary investment pattern, an assumption refuted by the
descriptive longitudinal evidence. Mothers who give birth early begin postsecondary schooling on a
different trajectory than mothers who delay parenthood. Replacing the first term in Eq. 10 with gt × βXi,
where Xi is a vector of individual and family characteristics, assumes that heterogeneity shifts the intercept
of the time profile by a fixed amount that is proportional to individual and background characteristics.
This specification has the undesirable property that predicted credits or participation may be negative.
Replacing the first term with gt × βXi allows individual characteristics to scale the average profile by a
fixed amount. This specification restricts all individuals to have the identical profile shape, other than a
proportional scale factor. Matching permits individual characteristics to affect the counterfactual profile in
a much more general way.
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separately for births that occur early and those that occur late. The indicator variables
earlyi and latei denote a first childbirth occurring before or after August 1, 1996, by
which time a large number of students have obtained bachelor’s degrees. Dk

i;t is an
indicator for time relative to childbirth. Dk

i;t equals 1 if individual i had her first child
in period t – k (where k can be positive or negative), and 0 otherwise. ei,t is an
individual- and time-specific error component. Coefficients on the birth time
indicators, dk, measure the credit or participation differences between actual and
predicted behavior in the current period, having had a child k periods earlier (if k>0).
These are the parameters of interest. For instance, δ0 is the credit or participation
drop for mothers during the period of childbirth, relative to not having had a child.
Because the deviation from predicted behavior around the time of childbirth is much
smaller for later births than for earlier ones, I permit dk to vary with birth timing as
well. Conceptually, this procedure realigns the graphs in Fig. 5 around a common
vertical line at the time of childbirth to create a common “event time” relative to
childbirth. The coefficients dk are the average deviation of each plot from the zero
horizontal axis for each event-time period. No pre-pregnancy divergence would be
indicated by dk = 0 for all k<0.

Panel A in Fig. 7 plots the estimated coefficients dk from Eq. 10.19 Childbirth is
predicated by a sustained decline in participation for at least three years and is
followed by a gradual recovery, albeit to a lower absolute level. By the time of
childbirth, early mothers have a participation rate that is 30 percentage points
lower (approximately half of the base) than comparable nonmothers. The
participation deviation at childbirth is approximately 50% larger for early mothers
than for mothers who delay parenthood until four years after high school. Panel B
restricts but includes individual fixed effects. In addition to the
counterfactual attendance pattern predicted from nonmothers, this specification
permits each mother to have a different average participation rate. The basic results
are robust to this alternative specification. Although mothers begin postsecondary
education at a rate and intensity comparable to nonmothers, investment begins to
fall immediately thereafter for early mothers and only a few years thereafter for
late mothers.

Conclusion

Like previous studies, I found that women who enter parenthood earlier have much
lower levels of postsecondary educational investment over the eight years following
high school. This sustained lower level of investment results in much lower rates of
college degree attainment. About half of this discrepancy is explained by factors
such as background, educational aspirations, fertility expectations, and sexual
activity that is observed or stated at the end of high school. Although these factors
predict postsecondary behavior immediately after high school reasonably well,
eventual mothers deviate sharply from this prediction shortly thereafter, even before

19 Because the educational data are restricted to August 1992 through July 2000, coefficients cannot be
estimated for more than seven semesters before childbirth for early mothers or more than seven semesters
after childbirth for late mothers. The plots in Panel A are therefore truncated at these points.
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childbirth. The implication is that studies that control only for fixed individual
effects or differences in predetermined observable characteristics do not address a
major time-varying source of omitted variable bias. This bias can account for nearly
half (or more) of the effect estimated using matching with cross-sectional data.

Eventual mothers reduce educational investment well before the actual occurrence
of parenthood, primarily through nonparticipation rather than lower intensity. This
suggests that parenthood per se is not the causal explanation for the strong link
between fertility timing and educational outcomes, at least for women who give birth
after high school. The presence of time-varying factors that compel women to
halt postsecondary education and then eventually enter parenthood provides a
better description of the data. Deliberate postponement of childbirth until after
the completion of college is one such explanation. This finding is consistent
with the research of Upchurch et al. (2002), who found strong evidence that
women purposely sequence childbirth and school attendance. A dynamic model of
the simultaneous childbirth-education sequencing decision seems to be a
necessary framework for exploring the causal effect of fertility timing on
educational attainment.
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This article leaves several areas for future research. High school dropout is
generally of greater social concern than college dropout, which is why the literature
on fertility timing and schooling outcomes has focused on the effects of pregnancy
during high school. The present approach could be applied to high school pregnancy
and dropout using grade progression, credit accumulation, and course grades as
indicators of educational investment, analogous to my use of college attendance.
Such an analysis would be more directly comparable to previous studies and would
also illuminate any differences in childbirth effects between high school and college
educational decisions.

Within the context of postsecondary schooling, it would be fruitful to
examine the temporal relationship between women’s labor supply, educational
investment, and timing of first birth. Childbirth-induced adjustments in work
hours could not be accounted for in the preceding analysis. There also appear
to be differences in the pre-birth rate of decline in education investment by
fertility timing. Understanding the sources of these differences may further
illuminate why women choose to discontinue postsecondary education and how
this choice is related to fertility decisions. Other life events—notably marriage
or cohabitation—are also absent from this analysis. These events likely change
the risk of pregnancy during an individual’s lifetime. A time-dependent hazard
model that relaxes the constant proportional hazard assumption by incorporating
these life events would probably predict pre-birth behavior better than the static
one I employed. I leave these tasks for future work.

This article also demonstrates the use of the estimated hazard ratio as a balancing
score when the causal effect of interest concerns the timing of treatment. The
dimension-reduction properties of the propensity score can be directly applied in this
case because the hazard ratio is a sufficient statistic for the full vector of treatment
probabilities. This approach may prove useful in other applications in which
treatment has an important temporal dimension, such as the timing of health care,
job services, or school dropout.
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