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Abstract

Using administrative data from South Carolina and a regression discontinuity
design, we present novel evidence on the effects of school quality on health,
fertility, and mortality in early adulthood as well as health of the next generation.
Students that attended improving schools have lower likelihood of hospitalization
(16%), ED visit (5.0%), dying (25%) and having children (9.8%) at ages 18 to
28. For those with children we do not find differential gains in birth outcomes of
the next generation. Candidate mechanisms include improved cognitive ability,
school satisfaction, short-run health and reductions in risky behaviors while we
can rule out meaningful changes in extensive margin of education, employment,
income, and welfare utilization.
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1 Introduction

There is large variation in school quality in the U.S. both across (Card and Krueger, 1992)
as well as within (Fahle and Reardon, 2018) states, and even within school districts (Figlio
and Karbownik, 2017). Such educational inequality is not unique to the US and has been
documented in both developed (see e.g., (Bradley et al., 2004) for Australia or Agasisti and
Cordero-Ferrera (2013) for Italy and Spain) and developing (see e.g., Asadullah and Yalonet-
zky (2012) for India or Lucas and Mbiti (2014) for Kenya) countries. To the extent that
school quality causally affects long-run outcomes, these inequities in inputs could translate
to meaningful inequality in adult outcomes. An obvious problem establishing such causal
relationship is the fact that school quality is not randomly assigned. In contrast, it is corre-
lated with, among others, neighborhood (Wodtke et al., 2023), demographic (Reardon et al.,
2024), socioeconomic (Jang and Reardon, 2019), and even health (Jessica and Domingue,
2023) characteristics. At the same time, to the extent that such causal relationship exists, it
opens promising avenues for policy interventions and experimentation, which could reduce
long standing societal gaps.

Two non-market outcomes that have long been considered as moderated by education
are health and fertility. Individuals with less education have worse health consistent with
the former playing a crucial role in the demand for health model (Grossman, 1972). This
observation has been confirmed in multiple countries, both developed (Marmot, 2015) and
developing (Le and Nguyen, 2020), and across subjective (Ross and Wu, 1995) and objective
(Meara et al., 2008) measures of health. Similarly, seminal work by Becker (1960) predicts
that more educated women will have fewer children, due to increased opportunity cost, a data
pattern observed in both developed (Zang et al., 2022) and developing countries (Kebede
et al., 2019).

Despite strong theoretical foundations and overwhelming descriptive evidence, causal esti-
mates of the effects of education on health (Galama et al., 2018) and fertility (Vasireddy et al.,
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tification strategies, and locations. For example, considering health outcomes, Lleras-Muney
(2005) shows improvements, Clark and Royer (2013) show no effects, while Barcellos et al.
(2023) even show declines in health. When it comes to fertility, Sohn and Lee (2019) find
declines in childbearing, McCrary and Royer (2011) find no effects, while Virtanen et al.
(2024) find increases in fertility. One common feature of all these studies is that they use
exogenous variation in the extensive margin of education e.g., being forced to stay in high
school one more year or attending newly accessible college. At the same time, despite the
aforementioned huge variation in school quality, there is a dearth of evidence on the effects
of changes in the intensive margin of education. Put differently, it is entirely plausible that
it is the amount of learning (intensive margin) that matters for long-run outcomes rather
than an additional year(s) (extensive margin) one spends in schooling.

Considering the intensive margin, rather than or in addition to the extensive margin,
could be important for at least two reasons. First, theoretical models by Becker (1960) and
Grossman (1972) require that education increases the opportunity cost and makes people
more efficient health producers, respectively. To the extent that schooling quality rather than
quantity could affect these factors (more), there is a theoretical reason to investigate this con-
jecture empirically. Second, some of the null extensive margin results present a conundrum
whereby education, commonly thought of as a panacea for improving health (Acemoglu and
Johnson, 2007) and reducing fertility (Li and Zhang, 2007) in order to increase economic
growth, might not be an actionable tool for policy makers. This naturally extends beyond
developing countries as policy makers might likewise be concerned with health inequality
(Link and Phelan, 1995) or cost of healthcare (Papanicolas et al., 2018).

In this paper we seek to understand the role of school quality in health production function
and fertility decisions. Specifically we ask if improvements in high school quality boost health
outcomes in short- and long-run? Using administrative data, we measure the former when
individuals are still in high school while the latter at ages 18 to 28. We also ask if these
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evidence for the first two research questions we then turn to studying mechanisms behind
the causal effects we uncover. Specifically, we ask if school quality affects extensive margin
of education, labor market outcomes, welfare utilization, and criminal activity. Finally, we
investigate if these effects differ across demographic, socioeconomic and cognitive dimensions
including: gender, race/ethnicity, poverty, and baseline test scores.

Our empirical approach is a regression-discontinuity design based on a targeted policy
stemming from South Carolina’s school accountability rules. We compare students in schools
that barely missed the cutoff for “average rating” (out treated group) to students in schools
that barely passed this cutoff (our control group). Under the policy the former set of institu-
tions is pressured to develop improvement plans explicitly designed to boosting educational
quality, academic performance, and character development which can proxy for behavioral
skills. Thus, we first document that schools that barely missed the cutoff indeed improve
student learning compared to schools that barely made the cutoff. Students in the treated
schools are 4.8% more likely to pass 10th grade exit exams, 11% more likely to obtain test
score that deems them proficients, have 0.42 SD higher subjective perceptions about their
educational experiences in school, and have 0.55 SD higher character development score. On
the other hand, we find no changes in the extensive margin of education and based on 95%
confidence interval can rule out increases in years in high school as small as 2.1%.

Having established that the policy improves schooling quality but does not change school-
ing quantity, we track students educated in the treated and the control group schools into
adulthood where we observe their health and fertility outcomes. Treated students are 16.0%
less likely to be hospitalized, 5.0% less likely to visit emergency department, and 25% less
likely to die between ages 18 and 28 compared to students educated in control schools. We
also observe large reductions in the intensive margin of hospital and ED utilization. When
it comes to fertility, the probability of having children by age 28 declines by 9.8%. On the
other hand, we find no statistically significant effects on the health at birth of children born

to parents educated in treated compared to control group schools.



We consider several mechanisms that could explain our findings and find support for
improvements in short-run (ages 15 to 18) health and cognition (measured both as higher
test scores on exit exams and lower likelihood as being labeled as learning disabled) as well
as reductions in risky behaviors through juvenile criminal activity. At the same time, we can
rule out meaningful changes in employment, earnings, and welfare utilizationin adulthood
as well as extensive margin of education. Our conservative back-of-the-envelope calculation
using average costs of hospital stay and emergency department visit suggests that improving
school quality of failing schools in South Carolina saved the state at minimum USD 225M
between 2004 and 2019 with relatively minimal educational costs. Additionally, in aggregate,
individuals themselves likely saved at minimum USD 11M based on information on Medicare
deductibles (CMS, 2014).

Our results are robust to alternative specifications including non-parametric estimation
and adding control variables as well as samples including donut RD and changes in bandwidth
used. Furthermore, they do not change when we expand the sample to include Covid-19
years or extend observation period to age 30. Statistical significance is unaffected by either
alternative standard errors adjustments or randomization inference.

Our primary contribution is to the literatures investigating the effects of education on
health and fertility. Although much prior work considers each of these dimensions separately,
here we investigate them simultaneously together with exogenous variation in school quality
rather than school quantity. To the best of our knowledge there is no prior research on
the effects of school quality on both those outcomes for the same population and there is
no prior research on the effects of improving quality of failing schools for either of those
outcomes. We view this as an important gap in the literature given large variation in school
quality in many countries, increasing number of failing schools in the US, and the (low)
likelihood that policymakers will be able to change extensive margin of schooling via either
increase mandatory schooling age or investments in school/college expansion which have

been commonly used as sources of exogenous variation to date. Through our mechanisms



analyses, we also extend the limited literature on the returns to school quality in terms of
crime, labor market outcomes, and welfare participation.

First, we contribute to the voluminous body of work on the effects of education on health
(see e.g., Zajacova and Lawrence (2018), Xue et al. (2021) or Lleras-Muney (2022) for re-
cent reviews). Despite robust descriptive evidence suggesting that schooling is positively
associated with multiple health outcomes in short- and long-run, causal evidence is mixed
and limited. Prior work has predominantly relied on regression discontinuity/instrumental
variables/difference-in-differences estimation using school leaving age reforms (e.g., Lleras-Muney
(2005) for the US, Clark and Royer (2013) for the UK, Jiang et al. (2020) for China, Mala-
mud et al. (2023) for Romania, or Brunello et al. (2013) for multi-country study in Europe),
genetic data and Mendelian randomization (e.g., , Ding et al. (2019) for the US, Lehtiméaki
et al. (2022) for Finland, or Howe et al. (2023) for the UK and Norway), or sibling/twin fixed
effects (e.g., Lleras-Muney et al. (2022) for the US, Gensowski and Gertz (2024) for Den-
mark, or Amin et al. (2013) for the UK). The findings in these studies range from positive
effects (e.g., Lleras-Muney (2005) or Howe et al. (2023)), through zero effects (e.g., Clark
and Royer (2013) or Malamud et al. (2023)), to even some negative effects (e.g., Barcellos
et al. (2023) for blood pressure or Palme and Simeonova (2015) for breast cancer). Other
less commonly used approaches rely on variation in compulsory school openings (Aaronson
et al. (2021) for historical US context and Mazumder et al. (2023) for Indonesia), college
openings (Fletcher and Noghanibehambari (2024) and Gonzalez et al. (2024)), the Vietnam
Draft lottery (Grimard and Parent (2007) and de Walque (2007)), or abolishing of school
fees (Barlow, 2021). Here likewise the results range from null to positive effects.

All of the aforementioned studies examine the extensive margin effects of schooling i.e.,
these papers seek to utilize credible variation in an additional year of schooling or in access
to schooling at a given level. Our approach is fundamentally different in that we ask if
increasing quality of schooling improves health. To the best of our knowledge this intensive

margin question has not been examined in the extant literature while papers most similar



to ours rely on admission cutoffs to elite high schools in Norway (Biitikofer et al., 2023),
school tracking reforms in UK and France (Basu et al., 2018; Canaan, 2024) or variation in
school financing in the US (Rauscher et al., 2025). Although Rauscher et al. (2025) focuses
on U.S. context, they can only investigate mortality at an aggregate level while children
are in schooling. Our work presents the first evidence that improving failing schools could
lead to long-run gains in health, a positive externality underappreciated when considering
cost-benefit analyses of the education reform, and to changes in fertility.

We also measure health differently. The vast majority of papers rely either on adminis-
trative mortality /longevity data (e.g., Lleras-Muney (2005) or Lundborg et al. (2016)) or on
survey data with mostly self-reported health measures (e.g., Jiang et al. (2020) or Mazumder
et al. (2023)). The former can be viewed as an extreme and very long-run outcome while the
latter is prone to measurement error (Bharadwaj et al., 2017) and Likert-scale estimation
biases (Bond and Lang, 2019). In contrast, we use administrative data on all emergency
department visits and hospitalizations in South Carolina between 2005 and 2019. This data
does not suffer from measurement error, is more relevant for young adults given their low
levels of mortality, and is policy relevant generating financial costs for both patients (Dobkin
et al., 2018) and insurers (Cooper et al., 2019). We are not aware of any other work causally
linking schooling and hospitalizations in the US while it is plausible that findings based
on research on European healthcare systems where the use of administrative data is more
common (Leuven et al., 2016; Malamud et al., 2023; Gensowski and Ggrtz, 2024) might not
apply to the US.

Second, we also contribute to the literature examining the effects of education on fertility.
Much of this literature likewise relies on compulsory schooling laws to generate exogenous
variation in education levels which is then linked to various measures of childbearing. The
findings range from negative (e.g., Cygan-Rehm and Maeder (2013) in Germany or Fort et al.
(2016) in England) to null (e.g., McCrary and Royer (2011) in the US and Fort et al. (2016)

in multiple continental Europe countries) effects. There is even some evidence — based on



exogenous variation in access to college (Virtanen et al., 2024) — that more education could
increase fertility. Other work that is closer to the intensive margin of schooling that we are
interested in, studied lengthening of school year in Norway (Abel et al., 2024), shortening
of school year in Germany (Koebe and Marcus, 2022), admission to elite high schools in
Scotland (Clark and Del Bono, 2016), and private tutoring bans in China (Meng et al.,
2025). These studies broadly support inverse relationship between education and fertility
although in all cases they operate partially through changes in extensive margin of education.
To the best of our knowledge, this is the first paper to directly study the effects of improving
school quality on fertility.

Third, we contribute to the literature on the intergenerational effects of education. Here
likewise much research relies on variation in the extensive margin of education while the two
papers closest to our work rely on variation in school curricula. Cuevas Ruiz et al. (2023)
study the effect of mothers educated using more general knowledge curriculum on health of
their babies and find reductions in very low births weight and very preterm births. Similarly
Dursun et al. (2024) study high school curricular reforms in the US and show that these
reforms significantly reduced incidence of low birth weight and prematurity for Black (but
not White) mothers. Findings from the curricular reforms which could have also improved
learning and school quality — although neither paper documents such effects directly — are
generally more positive than results based on variation in extensive margin of education
where findings are mixed. On the one hand, Currie and Moretti (2003) finds positive effects
on birth outcomes of access to higher educations in the US while Chou et al. (2010), Dursun
et al. (2022), Grytten et al. (2014) find positive effects on birth outcomes of compulsory
schooling laws in Taiwan, Turkey, and Norway, respectively. On the other hand, Lindeboom
et al. (2009), McCrary and Royer (2011), and Arendt et al. (2021) all report null effects of
such reforms in UK, US, and Denmark, respectively. We contribute to this literature by
offering the first evidence on interngerational effects of school quality rather than quantity.

More broadly, we build on the existing school accountability literature (see e.g., Figlio



and Loeb (2011) or Mittleman and Jennings (2018) for recent reviews). Although ours is not
a study evaluating the effects of school accountability on outcomes beyond education, we
leverage parts of the South Carolina accountability legislation to obtain exogenous variation
in school quality improvement at the bottom of the quality distribution. Prior work showed
that school accountability improves student test scores (Hanushek and Raymond, 2004, 2005;
Rockoff and Turner, 2010) and that these effects persist into graduation (McElroy, 2023) and
earnings (Deming et al., 2016). These papers generally use variation in either the introduc-
tion of school accountability or changes to how the accountability system is implemented,
and thus answer research questions related to efficacy of the system. Our approach is dif-
ferent, in that we utilize rules within the existing system that force certain set of schools to
improve their educational offering while allow other schools (control group) to conduct their
business as usual.

A separate strand of this research investigates how accountability can change school pro-
duction function affecting disciplinary actions (Figlio, 2006), instructional practices (Rouse
et al., 2013), teacher perceptions (Reback et al., 2014), and teacher labor supply (Dizon-
Ross, 2020). We likewise find that students in affected schools have improved educational
outcomes and satisfaction and we additionally link these changes to objective short- and long-
run health outcomes. Another paper examining externalities, Eren et al. (2023), focuses on
the effects of the South Carolina policy on crime. Understanding the non-educational effects
of education policies is important to fully understand their welfare implications.!

We view our results are having three important policy implications. First, documented
improvements in short- and longer-run health suggest that by focusing only on educational
(or labor market) outcomes policymakers might underestimate the economic benefits of
school improvement. Second, across various dimensions of health - including mental health -

we do not find any adverse effects. This is important given prior work suggesting that school

!Beyond human capital multiple papers examine the effects of school accountability and more broadly
school quality on housing values e.g., Black (1999) and Figlio and Lucas (2004) or more recently Lafortune
and Schonholzer (2022).



accountability could increase psychiatric drugs prescriptions (Bokhari and Schneider, 2011;
King et al., 2014) while increased instructional time can increase student’s stress-related
health problems (Marcus et al., 2020). In our setting we do not observe such trade-offs.
Third, these positive externalities appear to be particularly relevant now when many states

and countries are increasing the accountability pressures on schools.

2 Institutional Setting

In 2000, South Carolina Department of Education (SCDE) implemented a statewide ac-
countability system that assigns each public school to one of five performance categories:
Unsatisfactory, Below Average, Average, Good, and Excellent. These categories are deter-
mined by a continuous measure known as the accountability performance score. During the
period we consider, a high school’s performance score is calculated using a weighted sum of
four components: (i) the fraction of tenth-grade students meeting exit exam standards (20
percent), (ii) longitudinal exit exam performance (30 percent), (iii) the share of students
eligible for merit-based LIFE scholarship at a four-year institution (20 percent), and (iv) the

2 The accountability score, which ranges from 1 to 5, deter-

graduation rate (30 percent).
mines the category assigned to each school. For example, in the 2000-2001 academic year,
schools with scores below 2.2 are classified as Unsatisfactory, while a score of 2.2 corresponds
to Below Average category.?

The rating formula underwent a number of modifications in the early years of the ac-
countability system. For instance, the graduation rate component was incorporated into the

4

overall score starting in the 2002-2003 academic year.® These adjustments to the scoring

2From 1986 to 2005, the state used the Basic Skills Assessment Program as its exit exam, requiring
students to pass reading, writing, and math. Longitudinal performance is defined as the share of students
passing by twelfth grade, while LIFE scholarship eligibility is based on meeting state GPA and SAT/ACT
criteria.

3The threshold separating the Unsatisfactory and Below Average categories increased over time, rising
to 2.3 in 2003, 2.4 in 2004, and 2.5 in 2006.

4High school performance in the first two years of the accountability system was based on three compo-
nents: the share of tenth-grade students meeting exit exam standards (30 percent), longitudinal exit exam



methodology are important, as they reduced schools’ ability to precisely manipulate their
scores around the rating thresholds. Moreover, the accountability regime in South Carolina
constrained strategic behavior by restricting exemptions from high-stakes testing only if stu-
dents’ circumstances related to disabilities or Limited English Proficiency were in line with
federal guidelines. The SCDE releases these ratings to parents, as part of school report
cards, and the general public by mid-November, roughly two weeks after providing them to
schools.

The SCDE linked performance ratings to both incentives and corrective actions. Schools
assigned a Below Average or Unsatisfactory rating are required to prepare improvement plans
in collaboration with an external review team composed of representatives from the state
and selected school districts, as well as retired educators, parents, and community members.
These plans are expected to outline strategies to improve academic and behavioral outcomes,
incorporate professional development for teachers, and specify a timeline for implementation.
Furthermore, school ranked Unsatisfactory — which by default fall under the scrutiny of
the state’s oversight committee — had to implement a “Character Development Program”
which must include instruction in respect, responsibility, fairness, caring, trustworthiness,
and citizenship (SC Code of Laws Section 59-18-350).

Based on the review team’s recommendations, the state and district may also assign
teacher or principal specialists to underperforming schools. These specialists provide tar-
geted support, including the development of research-based instructional practices tailored
to student needs, facilitation of teacher learning groups, classroom observation with feed-
back, and instructional modeling. For example, teacher specialists often serve as instruc-
tional coaches, helping teachers strengthen classroom practices, develop new skills, and use
assessment data to identify and implement necessary changes in instructional strategies. In
addition, the SCDE introduced grant programs targeted at schools rated Unsatisfactory and

Below Average. These funds are intended to support necessary retraining of faculty and

performance (30 percent), and the proportion of students eligible for the LIFE scholarship at a four-year
institution (40 percent).
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administrators to help schools meet established standards and implement effective practices.

Although South Carolina’s accountability system provides similar targeted assistance to
both schools rated Unsatisfactory and Below Average, which the exception of mandatory
“Character Development Program” for the former set of schools, the associated pressures
are likely stronger for those rated Unsatisfactory given the consequences attached to that des-
ignation. In particular, schools receiving an Unsatisfactory rating, absent sufficient progress,
may face leadership changes, restructuring, or state takeover (South Carolina Education
Oversight Committee 2000-2003, Article 15). More broadly, the system is designed to exert
intense pressure on administrators in these schools to improve student achievement through
increased scrutiny, reputational concerns, and the threat of job loss (Rouse et al., 2013).
Finally, based on anecdotal evidence SCDE mostly intervenes with Unsatisfactory but not

with Below Average schools.’

3 Methods

3.1 Data
3.1.1 Data Sources

The data for this study are compiled from several different sources. We use the administrative
records from the South Carolina Department of Education, which contain information on
student race, gender, age, and free or reduced-price lunch status, as well as test scores for
selected grades. Unique student identifiers allow us to track individuals throughout their
enrollment in the public school system beginning in Fall 2000.

To study the effects of receiving a lower accountability rating on health and fertility

outcomes, using a common individual identifier, we link student records to administrative

50n the incentive side, schools with high performance ratings or improvement are eligible for additional
funding, although the amounts are modest—for example, average awards were about $4,500 per school in
2002-2003 (South Carolina Education Oversight Committee 2000-2003). Since we are focusing on failing
schools in this paper such incentives are not relevant for our sample.
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data from the South Carolina Hospital Encounters (SCHE) and the South Carolina Vital
Statistics (SCVS). The SCHE data include discharge-level information on all inpatient hos-
pitalizations and emergency department (ED) visits from 2005 to 2022. The SCVS data,
available over the same period, provide birth records that allow us to examine fertility among
female students. This information is based on maternal and hospital worksheets completed
shortly after birth. Students who do not match to any of these sources are coded as zeros
for the relevant outcome variables.

To examine mechanisms underlying the observed effects of school quality, we further link
these data to administrative information from (i) the South Carolina Department of Juvenile
Justice (SCDJJ), (ii) the South Carolina Department of Social Services (SCDSS), and (iii)
the South Carolina Department of Employment and Workforce (SCDEW). The juvenile
crime data include date of offense and arrests by category of crime from 2002 to 2017. From
the SCDSS, we use information on the receipt of food stamps and Temporary Assistance
for Needy Families (TANF) to capture long-run dependence on government assistance. We
obtained quarterly earnings records (based on the South Carolina Unemployment Insurance)
from the SCDEW through 2022. Finally, we rely on publicly available school report cards
for information on schools’ performance ratings (Unsatisfactory, Below Average, etc.), their
overall score, its components, and other school-level attributes such as measures of school
climate, character development scores, and graduation rates.

To avoid potential confounding effects from the COVID-19 pandemic, we restrict our
analysis sample to administrative records through the end of 2019. However, as discussed
in Section 5, the results are robust to including COVID-19 years. Our analysis focuses on
first-time ninth graders entering high school between the 2000-2001 and 2005-2006 academic
years, roughly corresponding to cohorts born between 1985 and 1991. We assign students
to the first high school they attended. Doing so circumvents concerns related to endogenous

responses from students and parents such as transferring to another school following a low
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performance rating and it gives our results an intent-to-treat interpretation.® In addition, this
sample restriction ensures that individuals can be followed into mid-adulthood to measure
long-run outcomes. For example, in our main analysis sample, fertility is observed through
age 34 for those born in 1985, with the observable horizon declining by one year for each
successive cohort (to age 28 for the youngest cohort born in 1991). Thus, in the main analysis

to maintain balanced panel, we restrict follow-up age to 28 for all cohort.

3.1.2 Outcomes

Using the administrative data, we construct several short- to long-run outcomes for each
student. Adult health outcomes include (i) an indicator for ever being hospitalized as an
inpatient, (ii) number of hospitalizations, (iii) total number of days hospitalized, (iv) an
indicator for any ED visits, (v) number of ED visits, and (vi) mortality—an indicator for
patient discharge codes indicating expired status and discharge to hospice. We further
classify adult health outcomes by disease categories based on the International Classification
of Diseases, Ninth Revision Standard (ICD-9). To examine short-run health effects, we
define analogous measures prior to age 18. Finally, we consider several different measures of
fertility, including a dummy variable for having a birth, number of births, teen birth, and
age at first birth. In order to avoid conditioning on outcome we assign zeros to intensive
margin measures of fertility for those who do not have children.

As part of our mechanism analysis, we examine a school’s receipt of a lower rating on
youth criminal involvement by defining an indicator for ever being arrested as a juvenile. For
academic performance, we use a dummy variable for performing at or above the “proficient

T We further complement these analyses using

level” on the state’s mandatory exit exam.
several school-level aggregate measures such as graduation rate and fraction of students eli-

gible for LIFE scholarship. In order to measure any changes in school climate following the

SWe also examine school switching and school leaving as educational outcomes.

"South Carolina repealed the Common Core Standards in 2015. As part of this policy change, the state
discontinued its exit exams. This decision was part of a broader effort to develop state-specific educational
standards and implement assessments better suited to identifying areas of academic strength and weakness.
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receipt of a lower rating, as in Eren et al. (2023), we take advantage of a survey administered
annually. As part of the survey, students were asked about their satisfaction level with the
school’s learning, social and physical environment, and home/school relationship. Further-
more, we collected information on character development scores assigned to each school on
annual basis which range from 0 to 4, with 4 being “Excellent”. We derive this information
using school report cards.

Using the SCDSS data, we also constructed indicators for whether the student ever
received welfare benefits (food stamps or TANF) during adulthood. Finally, we analyze
labor market outcomes by defining indicators for employment and average annual earnings,
both of which are measured at different ages. Years with no observed earnings are coded as

zero. All dollar amounts are adjusted to 2015 dollars.

3.1.3 Descriptive Statistics

Online Appendix Table A1 reports summary statistics for the full sample (Column 1) and
separately for schools at the lower end of the ratings distribution (Columns 2 and 3). Panel A
shows that Black and White students account for 41 and 55 percent of the all students sample,
respectively, with a much higher share of Black students in schools rated Unsatisfactory
and Below Average. The share of students eligible for free or reduced-price lunch is also
substantially higher in lower-rated schools. Students in Unsatisfactory schools have lower
baseline (eighth-grade) English Language Arts (ELA) and math test scores than those in
schools rated Below Average, and both groups are at least 0.38 SD below the state average.

Panel B presents long-run outcomes. Adult hospitalization rates are around 16 percent,
and the total number of days hospitalized is slightly above one day for students who attended
Unsatisfactory and Below Average schools in ninth grade. Emergency Department visits are
more common than hospitalizations, with about 80 percent of these students experiencing at
least one adult ED visit at ages 19 to 28. The fraction of female students with a biological

child is 63 percent among those who attended high schools rated Unsatisfactory in ninth
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grade, compared to 61 percent for those in schools designated as Below Average. Both of
these values are higher than statewide average in Column 1. Teen birth is also more common
among students at the bottom end of the ratings distribution, with the highest rate in schools

rated Unsatisfactory (at nearly 21 percent).

3.2 Estimation

We combine the regulation and the administrative data into a reduced-form regression dis-

continuity design. The estimating equation is

Yies = a+ BrrBelow.s + f(Score.s) + Below.s x f(Scoreg) + €;es (1)

where Y., is an outcome of interest (e.g., hospitalization) observed for individual i from
entry cohort ¢ at high school s. Our treatment variable — Below,s — takes value of 1 if school
is below the “Unsatisfactory” performance school cutoff and 0 otherwise. This treatment
varies at school-by-year level meaning that school can change their position around the cutoff
over time.

Given the semi-transitory nature of the shock, we define a cohort (¢) in our data as
first time 9th graders in any given school year which we then follow over time through high
school and into their adulthood up to the age of 28. Thus, in our data, we consider six
cohorts entering high school for the first time between school years 2000-01 and 2005-06
whose outcomes we observe for years 2000 to 2019. We balance this sample which means
that we follow each entering cohort for 14 years until they are 28 which is 2014 for the
first and 2019 for the last cohort. We generally consider observations during high school
(ages 14/15 to 17/18) as short-run outcomes while observations after expected on time
high school graduation as long-run outcomes. Thus, for most analyses we collapse these
periods to a single data point meaning that we measure hospitalization in adulthood as any

hospitalization between ages 19 and 28 while the short-run hospitalizations are coded as any
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hospitalization between grades ages 14/15 to 18.

Our estimation strategy faces two related data challenges when it comes to the running
variable: discreteness and sparsity. Namely our running variable is not only discrete which
calls for specific set of estimation tools but it is also sparse meaning that it has small number
of data points. Because of this, in the main analysis, we rely on a global linear polynomial
fit with a uniform kernel as advised by Cattaneo et al. (2024). We center our running
variable around the “Unsatisfactory” vs. “Below average” rating cutoff, which we define
as zero, and consider all schools in the range of -1.3 to 0.3 points around this recentered
cutoff. The asymmetry in distance to the cutoff on either side is due to the fact that score
of “cutoff value” + 0.3 points qualified school for the next best i.e., “Average” designation
level. In Section 5 we further present results using local linear estimation, data driven non-
parametric estimation (Cattaneo et al., 2018), and local randomization approach. We note
that the last approach estimates treatment effect in the neighborhood of the cutoff rather
than at the cutoff as the other methods do. Finally, given that our three variables of interest
are count variables with wide count range — number of hospitalizations, number of ED visits,
and days spend in hospital — we use Poisson Pseudo Maximum Likelihood (PPML) for these
estimations. These coefficients can be interpreted as semi-elasticities of healthcare utilization
and the estimation method handles well present of zeros in the dependent variable (Silva and
Tenreyro, 2011). Another useful feature of PPL is that it allows for a proportional analysis
that ensures the comparability of estimates in short- and long-run e.g., the baseline risk of

any hospitalization in our adult sample is 16% while it is only 4% during high school years.

3.3 Identification

In order to causally identify parameter of interest, Srr, we need to assume that potential
outcomes of interest are smooth across the policy cutoff which for most analyses in this
paper falls at the “Unsatisfactory” vs. “Below average” margin. Although this assumption

is not testable, as is common in the RDD literature (Lee and Lemieux, 2010; Cattaneo et al.,
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2019, 2024) we provide empirical evidence that is consistent with the assumption based on
density and balance of covariates tests. Figure 1 presents the distribution of schools across
the cutoff with the size of the bubble referencing the density. Two important conclusions
steam from this graph. First, the discontinuity is sharp meaning that no schools scoring
below the cutoff are rated as “Below average” and no schools above the cutoff are rated
as “Unsatisfactory”. Second, the density appears to be smooth around the cutoff. Formal
tests for “no manipulation” condition confirm this with p-values of 0.47 and 0.11 based on
procedures proposed by Cattaneo et al. (2018) and Frandsen (2017), respectively. The latter
test is particularly suited for discrete running variables.

In Tables 1 and A2 we further present multiple tests of covariates balance. The former
table executes our preferred RDD analysis (panel A) and local randomization approach anal-
ysis (panel B) for two demographic characteristics, a SES proxy, and baseline test scores.
Out of the 10 estimates, none is statistically significant at conventional levels and they are all
quantitatively small compared to the control group mean. Table A2 then presents balance
in predicted adult outcomes of interest likewise using these two different econometric ap-
proaches. Here we predict all main outcomes of interest using pre-determined characteristics
including gender, race, free and reduced price lunch, test scores, and cohort fixed effects and
then estimate the models using predicted rather than true outcomes.® Out of 18 estimates
none are statistically significant at conventional levels and none imply imbalances larger
than 1.6% of the control group mean. These results stand in stark contrast to the estimates
presented in Section 4 where we use real outcomes. Overall, both tests are consistent with

the identifying assumption and suggest that our estimates are unlikely to be biased.

8The results are very similar when we exclude test scores and estimate the regression on a larger sample
for which demographic variables but not student assessments are available.
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4 Results

4.1 Effects of the Policy on School Quality and Educational Out-

comes

Before moving to long-run health and fertility we first present evidence that the policy “had
a bite” and indeed led to improvements in school quality. We measure this using multiple
educational outcomes at both school and individual level which reflect both intensive and
extensive margins of education. This is important because to the extent that the policy does
not affect schooling outcomes and experiences we could not claim that it changed school
quality and expect it to influence health and fertility, or at least not through the quality
dimension. Table 2 presents these results. Panel A presents aggregate school-level findings
while Panel B uses individual level data. We note that data for several outcomes are missing
for subset of years but the results are substantively unchanged when we redo the analysis
for the smallest common denominator. Dependent variables in the top panel represent
the three inputs into the performance score (columns 1 to 3), an aggregate index of these
components (column 4), students’ satisfaction index (column 5) and character development
score (column 6). Grade 10 student satisfaction index is not an input into the performance
index calculations and reflects self-reported satisfaction of students with leaning environment,
social and physical environment as well as home-school relationship. Similarly, the character
development score does not enter accountability formula but it is directly targeted by the
policy at schools labeled “Unsatisfactory” All six estimates are positive while five of those
are statistically significant at conventional levels. Focusing on the summary indexes, the
academics improve by 31% of a SD, student subjective perceptions about schooling improve
by 42% of a SD, and character development improves by 55% of a SD. Note that although
the last outcome is directly targeted by the policy (and does improve), the student subjective
perceptions are not targeted by the policy and should be thought of as reflecting broader

improvements in school climate and quality as a result of the changes that the policy triggers.
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Moving to individual level data we have proxy for achievement which is defined as reach-
ing proficient level on 10th grade exit exams. Despite much smaller sample size we find
positive and statistically significant effects on academic achievement among students at-
tending treated compared to control schools. The effect size of 11% compared to control
group mean appears meaningful and serves at the best example we can offer using individual
level data of the policy improving student ability.

In subsequent columns we consider various measures of the extensive margin of educa-
tion. First, we consider continuous enrollment as a result of the policy and we do not find
differential persistence in schooling. Unsurprisingly then we also do not observe differences
in years spend in high school between treated and control students. These coefficients are
generally small and often “incorrectly signed”. Second, we also considered school switching
which could be a result of stigma from attending school labeled as “failing” or differential
demand for school quality. We do not find any meaningful effects for these variables either.
Based on these analyses we conclude that our results should not be driven by changes in the
extensive margin of education that was investigated in almost all prior work but rather they
are driven by changes in intensive margin of education via improved achievement, behavioral
outcomes, and satisfaction.

One wrinkle in this interpretation could be a seemingly contradictory finding on positive
and statistically significant effect on graduating high school in 4 years at school level (column
3) and negative and statistically insignificant effect on years in high school measured at indi-
vidual level. A simple explanation for this is the fact that in South Carolina it is possible to
enroll in the last year of high school but not necessarily graduate from high school.Therefore,
increased high school graduation rate paired with no changes in enrollment/years in high
school is consistent with increased achievement rather than the extensive margin variation

in years of schooling.
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4.2 Effects of the Policy on Adult Health Outcomes

In Section 4.1 we established that the policy lead to improvements in school quality and
student achievement but it did not affect school quantity. We now move to one of our two
main outcomes of interest — long-run health measured at ages 19 to 28 — where we compare
students that attended improving vs. control schools. Table 3 presents these results for three
types of outcomes: hospitalizations (columns 1 to 3), emergency department visits (column
4 and 5), and probability of dying (column 6). The final column combines all these outcomes
into a single standardized index.

Irrespective of the outcome we find negative and statistically significant at conventional
levels estimates. Considering the extensive margin students who attended improving schools
had 16.0% lower likelihood of hospitalization, 5.0% lower likelihood of emergency department
visit, and 25.0% lower likelihood of death prior to age 28. We find even larger improvements
on the intensive margin with numbers of hospitalizations and ED visits declining by 19.3%
and 15.9%, respectively. Combining all the outcomes together we estimate that long-run
health outcomes of students in treated schools improved by 0.076 ¢ compared with students
in control group schools.

Given that most of our outcomes are based on administrative hospitalization and ED
visit data, it is natural to ask to what extent fewer events are due to improved health
and to what extent it is due to lower utilization (perhaps due to inability to access the
services or shifts to primary care). We address this concern in four ways. First, we also
document declines in mortality as a results of the treatment and one would expect increases
in mortality if declines in hospitalizations/ED visits were driven by avoidance or transition to
less appropriate sources of care. Second, in Section 6 we document no changes in employment,
income, or welfare participation. This means that our effects are unlikely to be driven by
changes in ability to afford healthcare. Third, prior literature documents very low elasticities
of demand for hospitalizations and ED visits implying that people are unlikely to underutilize

these services even if financially constrained (Aron-Dine et al., 2013). Fourth, in Section 6
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we also document improvements in health at ages 15 to 18 when our subjects are still in high
school and for the most part covered either by their parents insurance or by Medicaid. Given
this evidence we lean towards interpreting our findings as improvements in health, perhaps
as results of better health in teenagehood, and as a result of this declines in utilization rather
than underutilization or shifting of healthcare services.

Another question that arises relates to magnitudes. We address it in two ways. First,
we compute expected savings for the state from lower hospitalizations and welfare gains due
declines in mortality. Second, we compare our findings to the extant literature on the effects
of extensive margin changes in education on health and mortality. The average charges in
South Carolina in 2024 for adults age 18 to 28 were $34,467 per hospitalization (including
patients admitted through emergency department) while the average charges per ED ad-
mission (excluding patients subsequently admitted to hospital) were $4,297 (South Carolina
Revenue and Fiscal Affairs Office, 2024). Results in Table 3 imply 19.3% fewer hospital-
izations and 15.9% fewer ED visits of students in the treatment group (N=27,784) which
implies reductions in costs of about $51M and $152M, respectively. Thinking about patients
we can also consider their average expenses when hospitalized or visiting emergency room.
Given that these are almost impossible to get and vary widely by insurance and services
providers (Cooper et al., 2019), we consider 2024 Medicare inpatient hospital ($1,632) and
ED ($240) deductibles (CMS, 2024) as a lower bound. Repeating the same calculation we
arrive at $11M of consumer savings for individuals in our treatment group between 2004 and
2019. Finally, considering mortality we can use value of statistical life (VSL) estimates to
get some sense on the policy benefits with respect to mortality. Given that these estimates
vary depending on the study we chose to use relatively more conservative estimate of $2.8M
proposed by Ashenfelter and Greenstone (2004). During our time period 318 individuals
died in the control group sample while the policy reduced the number of deaths by 25% or

by 79 deaths which implies welfare gains of approximately $223M.°

9Tf we instead chose VSL of $10.3M proposed for the U.S. in a review article by Viscusi (2018), our
estimates gains from reducing mortality would be even bigger at about $820M.
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4.3 Effects of the Policy on Fertility

Our second set of main outcomes of interest relate to fertility. We present these results in
Table 4 where we consider two extensive margin measures (column 1 and 2) and two intensive
margin measures (columns 3 and 4). These outcomes are only available for women in our
sample. Irrespective of the outcome we find negative estimates on fertility, however, estimate
on teen birth is not statistically significant at conventional level. They imply almost 10%
decline in likelihood of having any children and 12.4% decline in number of children. We
also find reductions in age at first birth but this is an unconditional estimate which is driven
by the negative extensive margin estimate. When we condition having at least one child,
there is no difference in age at first birth between treated and control group individuals.
Given that our population is on the younger side we view the intensive margin estimates as
potentially less reliable despite the fact that we do not find any positive effects on age at
first birth conditional on having at least one child which would be suggestive of shifting of
births

Our findings stand in opposition to prior work by McCrary and Royer (2011) in the US
and Beck et al. (2024) in Norway but are consistent with work from Germany (Cygan-Rehm
and Maeder, 2013) and South Korea (Sohn and Lee, 2019). Compared to the latter two
studies, however, we find much smaller effect sizes. Our extensive margin estimate is less

than one-half of the estimates reported in those two studies.

5 Robustness

We presents several robustness checks that are specific to RDD designs as well as more
directly to the research questions we are studying. The first set of these results is presented
in Tables A3 and A4 for health and fertility outcomes, respectively. We do not present
robustness estimates for teen birth since this coefficient did not reach statistical significance

in the main analysis (and except of one robustness specification it did not reach statistical
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significance for these estimation permutations either). In both tables outcomes are in rows
while columns present alternative specifications. First column replicates the main results
from Tables 3 and 4 to ease comparisons.

In the main specification we use global linear polynomial approach (Cattaneo et al., 2024)
while in column 2 we present local linear estimates using bandwidth of 0.3 performance points
(Lee and Lemieux, 2010) and in column 3 local randomization estimation (Cattaneo et al.,
2015). In both cases sample sizes decreases meaningfully (over 50% in the latter approach)
but nonetheless most estimates are of similar size and remain statistically significant at
conventional levels. The only quantitatively meaningful departure is for probability of any
ED visit in local linear specification where the estimates is not statistically significant at
conventional levels and it is slightly more than a quarter of the preferred estimate. For
the remaining coefficients 11 out of 18 remain statistically significant at least at 10% level
and 14 out of 18 do not shrink in magnitude towards zero from the preferred estimate by
more than a third (and two out of the four coefficients that move towards zero by more
than a third nonetheless remain negative and statistically significant at least at 10% level).
We also ensure that our local linear estimates are not driven by specific bandwidth that we
chose. Figures A1 and A2 present local linear estimates where we expand the left side of
the distribution from 0.3 performance index points to 1.3 points. As noted before we cannot
expand the right side of the distribution beyond 0.3 points because this reaches threshold
for the next policy cutoff. Except of the very small bandwidths of 0.3 to 0.4 points all the
estimates are negative, stable, and mostly statistically significant. We thus view our findings
as broadly robust to alternative estimation strategies.

Even though Tables 1 and A2 presented balance of covariates and predicted outcomes
while tests performed for density of running variable distribution (Figure 1) suggested no
discontinuity there is always a concern in RDD designs about manipulation of running vari-
able close to the cutoff. In our application this concern could be heightened by the fact that

Frandsen (2017) test p-value is on the lower end at 0.11. Thus, to address this potential issue
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in column 4 we present donut RDD estimates where we exclude observations that are imme-
diately below and above the discontinuity. The estimates are largely similar to our preferred
specification — in fact in most cases they become more negative — and remain statistically
significant at conventional level for 16 out of 18 outcomes.

Third, there nonetheless could be a concern about sorting of students based on their
achievement or about independent effect of baseline ability on health and fertility outcomes
beyond the policy intervention. Therefore, in column 5, for the subsample of students for
whom we can observe grade 8 test scores we control for this input in regressions. The
estimates barely move and remain statistically significant at conventional levels for 17 out
of 18 outcomes. This exercise addresses balance in test scores, robustness to controlling for
powerful determinant of outcomes we consider,and different sample (we only observe grade
8 test scores for cohorts 2001-02 to 2005-06). It could also be the case that schools to the
left and to the right of the cutoff differ somewhat in their sociodemographic composition —
especially that although insignificant our imbalances in Table 1 reached 6.2% of the control
group mean — which could confound our findings. Thus, to be on the safe side in column 6
we control for school-level covariates: fraction of students who are female and Black, total
school enrollment, attendance and grade retention rates. Our estimates remain virtually
unchanged.

Finally, we test robustness of our results to expanding the end year of the sample from
2019 to 2022. In the main specification we excluded years 2020 to 2022 to avoid noise in
the outcomes related to Covid-19 pandemic. This concern applies most directly to health
outcomes but we now know that during the pandemic fertility trends likewise changed and
did not necessarily reflect the steady state. Extending the sample represents a trade off.
On one hand, we potentially introduce noise due to pandemic events but on the other hand
we extend age horizon of individuals in our sample from 28 to 31 years. These results are
presented in Column 7 and irrespective of outcome our estimates remain similar both in

quantitative terms as well as when it comes to statistical significance.
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Our final robustness exercise is a placebo check. Specifically we create “fake cutoffs” by
adding 0.1 index points to the running variable in the range or -1.0 to 0.2 points and then
re-estimating our equation of interest. Note that this placebo cutoffs could still pick up some
treatment effects since many schools will nonetheless be correctly assigned if we move the
cutoff by just 0.1 points either way. Figures A3 and A4 present these results. For all fertility
outcomes as well as three out of six health outcomes our true estimates are clearly away from
any of the placebo estimates. This is less true for number of hospitalizations, number of ED
visits, and likelihood of dying although even in this case the true estimate is always one of
the most negative estimates. We have verified that the placebo estimates close to the true
estimates in these cases all come from small movements of the cutoff (of 0.1 to 0.2 points)
and thus these are less reliable as true placebos. Once we exclude them even for these three

outcomes our true estimates are clearly to the left of the placebo distribution.

6 Mechanisms

We have already established in Section 4.1 that the policy led to improvements in quality
of treated schools compared to their unaffected counterparts. This has manifested by both
improved student satisfaction from schooling (subjective measure) as well as academic (ob-
jective) outcomes but it did not lead to changes in years of schooling. Thus, our focus is on
the effects of school quality rather than quantity and in this section we explore some of the
possible consequences of such improvements that could moderate our long-run health and
fertility effects.

We propose and test multiple mechanisms that can be broadly classified as leading to
relaxed budget constraint and/or to behavioral changes. When it comes to the former
we consider income and employment, utilization of welfare benefits, and special education
classification when still in high school. For the latter set, we analyze health and criminal

activity under the age of 18. All of these outcomes could plausibly be affected by changes in
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school quality and lead to improved health and declines in fertility through either increased
productivity or improved outside options (be it monetary or not).

We begin by presenting effects on employment and quarterly earnings at ages 23 to 28 in
Table 7.1° Recall that we study a disadvantaged population where only approximately 70%
of students graduate on time and less than 7% are eligible for LIFE scholarship to attend
college. Therefore, we believe that life-cycle bias in earnings is less likely to play an important
role in our estimates (Bhuller et al., 2017) or at least it should be similar in treatment and
control group. Nonetheless, to be on the safe size, we present results separately for ages
23-25 (Columns 1 and 3) and 26-28 (Columns 2 and 4).

We find inconsistently signed, never statistically significant at conventional levels, and
quantitatively small effects on both employment and earnings. The former coefficients are
negative while the latter are positive while for both outcomes effect sizes are small at -2.0 to
-3.7% for employment and 0.1 to 0.2% for earnings. Based on these results we conclude that
our findings are unlikely to be driven by long-run changes in labor market opportunities.

Lack of meaningful changes in employment and income is confirmed when considering
welfare enrollment. In Table A6 we present RDD estimates for the probability of being
enrolled in any welfare program (column 1), TANF (column 2), and SNAP (column 3) at
ages 19 to 28. This information is based on administrative data from the South Carolina
Department of Social Services. Irrespective of the outcome, we do not find any statistically
significant effects while the relative magnitude of the coefficients does not exceed 1%. Using
95% confidence intervals and any welfare participation, we can rule out reductions larger
than 5.1% and increases larger than 3.6% (relative to control group mean). Small, negative,
and statistically insignificant effects on welfare participation are consistent with small, mixed

singed, and statistically insignificant effects on employment and earnings.

10We have also investigated employment and earnings at ages 18 to 22. We do not find any treatment
effects on this outcome. First, such result alligns with later ages evidence presented in Table 7. Second,
it suggests that treated students are unlikely to differentially enroll in college compared to control group
students. Should this be the case, we’d expect lower employment and earnings in the treated group but we
do not find such result.
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Two prior analyses considered additional resources available to treated vs. control group
children in adulthood, plausibly as a result of improved educational outcomes documented
in Section 4.1, however we can also consider if increased resources could be available to these
individual in high school. We proxy for this using special education classification, which in
South Carolina triggers additional resources to schools. Specifically, the state provides $2.6
for every student with an Individual Education Plan (IEP) per $1 spend on a student without
an IEP. It is thus plausible that schools under accountability pressure will designate more
students as special education and use at least some of these resources to improve student
outcomes (Jacob, 2005). Note that fraction of students classified as “learning disabled” does
not affect student testing or school designation under South Carolina accountability ratings.

Table A5 presents these results for grades 9 to 12 separately (Columns 1 to 4) as well
as for any high school grade (Column 5). Note that school designation happens after start
of the academic year, and thus results in the first grade of high school (Column 1) could
be treated as another balance check. Indeed, in grade 9, we do not see any differential
labeling of students in treated vs. control group schools. In contrast for subsequent grades
we observe statistically significant and quantitatively meaningful reduction in number of
students designated as “learning disabled”. This is inconsistent with the story of schools
seeking additional resources for their students via “disability labeling”, but it aligns with
our improved human capital and learning evidence presented in Section 4.1. Therefore, we
conclude that learning improvements are the likely cause of decline in share of students with
learning disability.

Having established that primary drivers of our long-run findings are unlikely to be due to
relaxed budget constraint, we now consider behavioral adjustments as another explanation.
Prior work by Eren et al. (2023) using the same source variation as we use in this paper
documented declines in crime in adulthood. Here we attempt to understand if these effects
manifest already in high school and could thus lead to improved health in both short- and

long-run. Table 6 presents these results for any arrests at ages 15-18 (column 1) as well
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as category-specific arrests (column 2 to 5). We find negative and sizable reductions in all
forms of crime that are particularly meaningful for drugs and alcohol arrests. Overall, as a
result of the policy juvenile criminal activity declines by almost 30% compared to control
group mean. We are not aware of any prior work that would document effects of this type of
policy on juvenile crime, but it is reasonable to assume that behavioral adjustments leading
to reductions in arrests — particularly those related to substance abuse — could translate into
better health short-run and ultimately in the long-run.

Following this train of thought we also investigate short-run health effects. Here we
replicate the results from Table 3, excluding mortality which is extremely rare event among
teens, but for ages 15 to 18 when most individuals are still in school. Table 5 presents these
results. We find pattern of results that is largely consistent with long-run health estimates.
All coefficients are negative but four out of six are estimated more noisily, perhaps because
incidence of the health outcomes we consider is 2 to 9 times smaller in teenagehood than in
adulthood. The effect sizes are somewhat smaller for hospitalizations, and particularly so for
number of days hospitalized, but are modestly larger for emergency department visits. This
is consistent with the type of healthcare received in teenagehood compared to adulthood.
Furthermore, fewer risky behaviors related to criminal activity documented in Table 6 could
also lead to fewer ED visits. When we combine all the outcomes into a single health utilization
index (Column 6) we find negative and statistically significant reductions in utilization of
health services which is consistent with improvements in short-run health. The coefficient
of -0.075 ¢ is very similar to -0.076 o estimated in adulthood (Column 7 of Table 3). This
means that a non-trivial share of long-run health gains can likely be attributed to short-run
health gains with the caveat that hospitalizations effects are larger in adulthood while ED
visits effects are larger in teenagehood.

Overall, we conclude that the likely mechanisms behind our long-run findings include
direct improvements in cognitive ability and behavior as a result of the policy that translate

into, or act in addition to, fewer risky behaviors and improved short-run health. On the
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other hand, we can rule out major role of changes in extensive margin of education (e.g.,
years of schooling or college going), labor market effects operating through either extensive

(employment) or intensive (earnings) margins, and increased utilization of welfare services.

7 Heterogeneity

In this section we present heterogeneity analyses along sociodemographic and baseline ability
dimensions. These are important in order to understand distributional effects of the policy
and to ensure that our positive average gains do not represent a combination of very positive
effects for one set of individuals paired with negative effects for another set of individuals.

We being with sociodemographic splits presented in Tables 8 and 9 for health and fertility
outcomes, respectively. In Table 8, columns 1 and 2 split the sample by sex, columns 3 and
4 by race, columns 5 and 6 by socioeconomic status in grade 9, and columns 7 and 8 by the
median of grade 8 test scores (our proxy for baseline ability). Since fertility outcomes are
limited to females in our sample, columns 1 and 2 represent split by race, columns 3 and 4
represent split by socioeconomic status, and columns 5 and 6 respect split by baseline ability
in Table 9.

We find relatively similar effects for males and females except perhaps for total days
hospitalized and mortality which appear to be meaningfully larger for males. Nonetheless
given relatively large 95% confidence intervals we cannot rule out that these estimates are
statistically identical. Splitting the sample by race presents a more nuanced story. Effects
appear to be very similar for probability of any hospitalization and mortality but they are
meaningfully larger for Black students when it comes to intensive margin of hospitalizations
and either ED utilization measure. In a stark contrast for fertility outcomes we observe
larger reductions in White compared to Black fertility.

When it comes to socioeconomic status — proxied by free and reduced price lunch eligi-

bility in grade 9 — except for mortality where the percentage point estimates are similar we
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find meaningfully larger estimates for those who are in deeper poverty. Specifically, although
still negative there is not a single statistically significant estimate for students who were not
eligible for free and reduced price lunch. Lining up closely with the racial divide, however,
we find larger reduction in fertility for students less likely to be in poverty.

Although sample of individuals for whom we can observe baseline test scores is smaller
than what we use in the preferred specification, it is important to investigate effects by
baseline ability. This is because prior research suggests that teachers and schools might be
particularly saavy in terms of targeting specific students in response to strong incentives.
However, we note that in our population students who have lower test scores are also more
likely to be Black and low SES. Thus, consistent with the aforementioned results, we find
larger reductions in hospitalizations and mortality for those with below-median baseline test
scores. On the other hand, the effects for emergency department visits are somewhat larger
for those with above-median baseline test scores. When it comes to fertility outcomes the
findings are much more clear cut: students with above-median baseline ability have larger
reductions in fertility. This last result is consistent with larger fertility effects for White
students and those not on free or reduced price lunch.

Overall, the heterogeneity analysis presents interesting divergent findings. Long-run
health gains are concentrated among individuals with markers of disadvantage, irrespec-
tive of how exactly we measure it. On the other hand, fertility reductions are concentrated

among the more advantaged students.

8 Intergenerational Effects

The final analysis in the paper pertains to intergenerational effects. Namely we investigate
health at birth of children born to adults who attended either the improving schools (treat-
ment group) or the status quo schools (control group). Unlike work by McCrary and Royer

(2011) who do not find any fertility effects of compulsory schooling laws, our analysis is
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complicated by the fact that as a result of the policy females in the treatment group are
less likely to have children compared to females educated in the control group schools. With
that in mind, Table 10 presents the results for two indicators: low birth weight (columns 1
to 3) and prematurity (columns 4 to 6). We present effects for both the subset of women
who give births in our sample (columns 1 and 4) as well as estimates a’la Lee bounds (Lee,
2009) where we impute extreme positive (columns 2 and 5) or extreme negative (columns 3
and 6) outcomes for those women for whom we do not observe births in the sample.

Our findings in columns 1 and 4 imply no statistically significant effects on health at birth
of the next generation. Although the coefficients are positive, they are small in percentage
points terms or even considering the relatively low means in terms of effect sizes. Average
rates of low birth weight and prematurity incidence in our sample are 10.4% and 6.4%,
respectively. Both numbers correspond closely with what is reported for the full population
of births in South Carolina. Given that our population is disadvantaged this means that
relatively better off individuals are more likely to have births in our sample and thus our
estimates could be downward biased.

We try to address this issue in the remaining columns of the table where we impute
either the negative or the positive outcome for all mother that do not give birth in our
sample. This is an extreme exercise which should be obvious given the changes in control
group means that become unbelievably low (when we assume the most positive outcome)
or unbelievably high (when we assume the most negative outcome). Nonetheless, the lower
bound coefficients remain relatively small and not statistically significant while the upper
bound coefficients are positive and statistically significant. We caution readers about putting
too much emphasis on the estimated increases in low birth weight and prematurity as these

coefficients are based on a sample with implausibly large baseline means.
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9 Conclusions

There is an extensive and inconclusive literature on the effects of education on health and
fertility. Almost all of the causal research on this topic uses variation in extensive margin of
schooling e.g., years of schooling or access to particular educational level. In this paper we
propose that extensive margin variation might not be most relevant given groundbreaking
theoretical work by Grossman (1972) and Becker (1960). Rather it could be the intensive
margin of schooling — its quality and associated learning — that should be of central interest
to economists and policy makers. This dimension appears particularly relevant from policy
perspective given that it’s unlikely that many countries could massively scale up their supply
of educational institutions or increase mandatory schooling age.

We present evidence that school quality affects both long-run health and fertility. Us-
ing exogenous variation in accountability pressure and a regression discontinuity design, we
compare long-run outcomes of students from schools that were incentivized to improve vs.
schools that did not face such pressures. We first document that both subjective and objec-
tive measures of school quality improved in the former compared with the latter group of
schools. We then document that students educated in improving schools have lower likeli-
hood of hospitalization, emergency department visit, and death at ages 18 to 28. They are
also less likely to have children. On the other hand, we do not observe differential birth out-
comes for the children of treated vs. control group students. Candidate mechanisms include
improvements in cognitive and behavioral skills, reductions in risky behaviors, and better
health in high school. At the same time, we can rule out meaningful changes in educational
attainment, employment, income, and welfare utilization.

Our findings present a policy conundrum. On one hand, it is clear that motivating
failing schools to improve could work and generate positive health externalities beyond direct
educational gains. Thus, reductions in school accountability or other mechanisms forcing
school to improve their quality — especially at the bottom of the distribution — might have

been premature. On the other hand, our fertility findings suggest that better schools could
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deepen the reproductive crisis that many developed countries face with their fertility rates

well below replacement.
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10 Figures

Figure 1: Distribution of Schools

Ratings
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Notes: The figure displays the distribution of scores relative to the school accountability cutoff for schools rated as Unsatisfactory
and Approaching Basic over the sample period. The number of schools at each point is proportional to the size of the bubbles

The vertical line denotes the accountability cutoff centered at 0.
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11 Tables

Table 1: Regression Discontinuity and Local Randomization Balancing Tests

M ) €) 4 ®
Female White Free.or reduced Baseline test scores .
price lunch Math Reading
Panel A: Local linear regression
Receipt of lower rating 0.003 0.015 0.039 0.013 0.015
(0.007) (0.050) (0.035) (0.044) (0.044)
Control group mean 0.472 0.321 0.629 -0.402 -0.379
Implied imbalance (%o) 0.6 4.7 6.2 N/A N/A
Sample Size 54,336 54,336 54,336 35,322 35,322
Panel B: Local Randomization
Receipt of lower rating 0.010 -0.007 0.040 -0.015 -0.018
(0.007) (0.045) (0.038) (0.045) (0.040)
Control group mean 0.476 0.292 0.653 -0.426 -0.401
Implied imbalance (%o) 2.1 2.4 6.1 N/A N/A
Sample Size 22,609 22,609 22,609 14,382 14,382

Note: All specifications in Panel A use a linear polynomial with a uniform kernel. The analysis sample in Panel B is restricted
to the interval of the running variable that contains only the index points, two on each side, that are immediately consecutive
to the cutoff value. Panel B reports the point estimates from regressions of observable student characteristics on an indicator
for the receipt of a lower accountability rating inside the interval. Standard errors are clustered at the school level. *** ** and
* mark estimates statistically different from zero at the 99, 95 and 90 percent confidence level.
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Table 2: Effects of the Policy on School Academics and Satisfaction
M e ©) “ © (©)

Panel A. School-level analysis

Rate of students Standardized index
in G.l 0 passing " S(I)loljlléible gréduating HS Academic Gm studcnt diiif;;i;t
exit exams . in 4 years satisfaction
scholarship ’ score
Receipt of lower rating 2.985%* 2.265 4.942% 0.311% 0.421% 0.547**
(1.407) (1.762) (2.663) (0.150) (0.199) (0.266)
Control group mean 61.69 6.43 71.10 0.311 0.018 -0.123
Implied effect size (%) 4.8 35.2 7.0 N/A N/A N/A
Sample Size 226 122 220 226 175 137
@ ® ©) (10) an (12) (13) i)
Panel B. Individual-level analysis
G10 exit exam School persistence: Enrollend in Years in high School changes: Same school in
proficient 10th grade 11th grade 12th grade school 10th grade 11th grade 12th grade
Receipt of lower rating 0.054* -0.029 0.003 -0.016 -0.039 -0.005 -0.012 -0.010
(0.028) (0.024) (0.026) (0.027) (0.046) (0.016) (0.017) (0.018)
Control group mean 0.493 0.723 0.593 0.591 2.310 0.931 0.932 0.927
Implied effect size (%) 11.0 -4.0 0.5 2.7 -1.7 -0.5 -1.3 -1.1
Sample Size 13,824 54,336 54,336 54,336 54,336 54,336 54,336 54,336

Note: The outcomes in Columns (1), (2), (5) and (6) are measured at the school-year level using information from (t+1), while
Column (3) measures high school graduation using information from (t+3) . Eligibility for LIFE scholarship to a four year
institution is based on meeting both the grade point average and SAT/ACT criteria established by the state. Academic index
includes the outcomes from Columns (1)to (3). The index is constructed by averaging z-scores over all nonmissing components.
The students’ satisfaction index, reported in column (5), includes percent of students satisfied with (i) learning environment,
(ii) social and physical environment, and (iii) homeschool relationship. The index is constructed by averaging z-scores of each
component. Character development score, reported in column (6), is a state-constructed index capturing non-academic aspects
of school performance based on administrative indicators such as discipline, attendance and school climate. It is reported on
a 0-4 scale where higher values indicate better outcomes. Regressions in panel A are weighted by the total school enrollment
at time t. Covariates include fraction of students at the school who are female and black and academic year fixed effects.
The outcomes in columns (7) to (14) are measured at individual level. Dependent variable in column (7) is an indicator for
performing at or above the proficient level on the state’s exit exam. Dependent variables in column (8) to (10) are indicators
for being observed enrolled in grades 10, 11, and 12, respectively. Dependent variable in is the number of years observed in
high school after grade 9. Dependent variable in columns (12) to (14) are indicators for being enrolled in the same school as in
grade 9 in grades 10, 11, and 12, respectively. Covariates include indicators for gender, race, FRPL, and cohort fixed effects.
Standard errors are clustered at the school level. *** ** and * mark estimates statistically different from zero at the 99, 95
and 90 percent confidence level.
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Table 3: Effects of the Policy on Adult Health Outcomes

M ) ©) ) ©) ©) @)
Hospitalizations ED visits . Health
Mortality .
Any Number Days Any Number index

Receipt of lower rating S0.026%%  -0.214%0k  _0.215%  -0.040%* -0.173* 20.003*x  -0.076%**
(0.011) (0.080) (0.097) (0.020) (0.093) (0.001) (0.026)

Control group mean 0.163 0.276 1.095 0.806 8.022 0.012 -0.001
Implied effect size (%) -16.0 -19.3 -19.4 -5.0 -15.9 -25.0 N/A
Sample Size 54,336 54,336 54,336 54,336 54,336 54,336 54,336

Note: All specifications use a linear polynomial with a uniform kernel. Adulthood is defined up to age 28. Covariates include
indicators for gender, race and free/reduced lunch and cohort fixed effects. The dependent variables are: an indicator for
ever being hospitalized as an inpatient during adulthood (Column 1), number of hospitalizations during adulthood (Column
2), number of days hospitalized during adulthood (Column 3), an indicator for ever having an emergency department visit in
adulthood (Column 4), number of emergency department visits in adulthood (Column 5), dying during our sample window
(Column 6), and omnibus health index (Column 7). Health care utilization index is constructed by averaging the z-scores of
variables in columns 1 to 6. OLS estimates in columns (1), (4), (6), and (7). Poisson pseudo maximum likelihood (PPML)
estimates in columns (2), (3), and (5). Standard errors are clustered at the school level. *** ** and * mark estimates
statistically different from zero at the 99, 95 and 90 percent confidence level.
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Table 4: Effects of the Policy on Fertility

0 ) G) @
Has a birth Has a teen birth  Number of births ~ Age at first birth
Receipt of lower rating -0.060%* -0.012 -0.156%* -1.310%*
(0.026) (0.014) (0.066) (0.569)
Control group mean 0.610 0.194 1.263 21.64
Implied effect size (%) -9.8 -6.2 -12.4 -6.1
Sample Size 25918 25918 25918 25918

Note: All specifications use a linear polynomial with a uniform kernel. Covariates include indicators for gender, race and
free/reduced lunch and cohort fixed effects. The dependent variables are: an indicator for having birth by age 28 (Column
1), an indicator for having birth before the age of 20 (Column 2), number of births by age 28 (Column 3), and age at first
birth (Column 4). Individuals without birth by age 28 are imputed zero as an outcome in dependent variable in column (4).
Standard errors are clustered at the school level. *** ** and * mark estimates statistically different from zero at the 99, 95
and 90 percent confidence level.
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Table 5: Effects of the Policy on Health Outcomes in Teenagehood
M @) ©) ) ®) ©)

Hospitalizations ED visits Health
Any Number Days Any Number index

Receipt of lower rating -0.005 0.113 -0.044 -0.073 -0.334%F 0 075%*
(0.005) (0.120) (0.134) (0.047) (0.168) (0.036)
Control group mean 0.039 0.039 0.128 0.387 0.846 0.014
Implied effect size (%) 12.8 -10.7 453 189 -28.4 N/A
Sample Size 29,911 29,911 29,911 29,911 29,911 29,911

Note: All specifications use a linear polynomial with a uniform kernel. Teenagehood is defined as being in high school in grades
9 to 12. Covariates include indicators for gender, race and free/reduced lunch and cohort fixed effects. The dependent variables
are: an indicator for ever being hospitalized as an inpatient (Column 1), number of hospitalizations (Column 2), number of
days hospitalized (Column 3), an indicator for ever having an emergency department visit (Column 4), number of emergency
department visits (Column 5), and omnibus health index (Column 6). Health care utilization index is constructed by averaging
the z-scores of variables in columns 1 to 5. OLS estimates in columns (1), (4), and (6). Poisson pseudo maximum likelihood
(PPML) estimates in columns (2), (3), and (5). Standard errors are clustered at the school level. *** ** and * mark estimates
statistically different from zero at the 99, 95 and 90 percent confidence level.
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Table 6: Effects

of the Policy on Juvenile Crime

©)

Any juvenile

©) S) )

Category-specific juvenile arrests

®)

arrest Dalr:()g}sl(ir Property Violent Other
Receipt of lower rating -0.024%* -0.006** -0.005 -0.009 -0.023%*

(0.011) (0.023) (0.004) (0.006) (0.010)
Control group mean 0.084 0.012 0.026 0.028 0.055
Implied effect size (%) -28.6 -50.0 -19.2 -32.1 -41.8
Sample Size 47,580 47,580 47,580 47,580 47,580

Note: All specifications use a linear polynomial with a uniform kernel.
free/reduced lunch and cohort fixed effects. The dependent variables are: an indicator for any juvenile arrest (Column 1), an
indicator for having juvenile arrest related to drugs or alcohol (Column 2), an indicator for having juvenile arrest related to
property crime (Column 3), an indicator for having juvenile arrest related to violent crime (Column 4), and an indicator for
having juvenile arrest related to other crimes not enumerated in columns 2 to 4 (Column 5). Juvenile arrest is defined as an
arrest before age 18. Standard errors are clustered at the school level. *** ** and * mark estimates statistically different from

zero at the 99, 95 and 90 percent confidence level.
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Table 7: Effects of the Policy on Employment and Earnings in Adulthood

©) 2) 3) )

P(working) Annual earnings
Ages 23-25 Ages 26-28 Ages 23-25 Ages 26-28
Receipt of lower rating -0.023 -0.012 5.987 20.785
(0.028) (0.024) (492.82) (648.91)
Control group mean 0.623 0.611 8,222.79 10,936.20
Implied effect size (%) -3.7 -2.0 0.1 0.2
Sample size 54,336 54,336 54,336 54,336

Note: All specifications use a linear polynomial with a uniform kernel. Covariates include indicators for gender, race and
free/reduced lunch and cohort fixed effects. The dependent variables are: indicators for being employed on unemployment
insurance covered contract at ages 23 to 25 (Column 1) or ages 26 to 28 (Column 2) and annual earnings at ages 23 to 25
(Column 3) or ages 26 to 28 (Column 4). Earnings data are based on unemployment insurance records. Earnings are defined as
average annual earnings deflated to 2015 Dollars with zeros imputed to individuals not observed on unemployment insurance
covered contracts. Standard errors are clustered at the school level. *** ** and * mark estimates statistically different from
zero at the 99, 95 and 90 percent confidence level.
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Table 8: Heterogeneity Analysis: Adult Health Outcomes

) @ ©) Q) ©) © 0 ®)
Sex Race Free or reduced price lunch  Baseline achievement (p50)
Female Male Black White Eligible Not eligible Below Above
Panel A. P(any hospitalization)

Receipt of lower rating -0.031%* -0.022* -0.022%* -0.029* -0.031#%* -0.015 -0.046* -0.019*
0.012) (0.013) (0.010) 0.018) (0.011) 0.014) (0.015) (0.010)

Control group mean 0.172 0.154 0.158 0.179 0.170 0.150 0.181 0.138

Implied effect size (%) -18.0 -14.3 -13.9 -16.2 -18.2 -10.0 -25.4 -13.8

Panel B. Total number of hospitalizations

Receipt of lower rating -0.253%%* -0.177 -0.2294%% -0.133 -0.2504%* -0.128 -0.318%k* -0.152
0.071) (0.108) (0.086) (0.126) (0.082) 0.112) (0.108) (0.099)

Control group mean 0.292 0.260 0.272 0.296 0.289 0.253 0.310 0.216

Implied effect size (%) -22.4 -16.2 -20.5 -125 =221 -12.0 -27.2 -14.1

Panel C. Total days hospitalized

Receipt of lower rating -0.359%¢* -0.129 -0.267%* -0.100 -0.296%* -0.110 -0.268** -0.131
(0.102) (0.141) (0.115) (0.191) 0.117) (0.138) (0.125) (0.148)

Control group mean 1.122 1.070 1.140 1.059 1.161 0.982 1.240 0.820

Implied effect size (%) -30.2 -121 -23.4 -9.5 -25.6 -10.4 -23.5 -12.3

Panel D. P(any emergency department visit)

Receipt of lower rating -0.040%* -0.039* -0.045%* -0.019 -0.048+¢* -0.023 -0.024 -0.043%*
0.019) (0.023) (0.021) (0.030) (0.018) (0.029) (0.022) (0.022)

Control group mean 0.832 0.782 0.842 0.766 0.846 0.737 0.884 0.755

Implied effect size (%) -4.8 -5.0 -5.3 -2.5 -5.7 -3.1 -2.7 -5.7

Panel E. Total number of emergency department visits

Receipt of lower rating -0.167* -0.179%* -0.207+* -0.038 -0.196** -0.100 -0.133 -0.176*
(0.100) (0.090) (0.098) (0.135) (0.092) (0.123) (0.099) (0.105)

Control group mean 9.960 6.290 8.722 7.176 9.125 6.152 10.050 5.736

Implied effect size (%) -15.4 -16.4 -18.7 -3.7 -17.8 -9.5 -12.5 -16.1

Panel F. Mortality

Receipt of lower rating -0.004* -0.002 -0.004* -0.003 -0.003 -0.004 -0.001 0.000
(0.002) (0.002) (0.002) (0.003) 0.002) (0.003) (0.003) (0.002)

Control group mean 0.009 0.014 0.013 0.009 0.013 0.009 0.013 0.007

Implied effect size (%) -42.2 -14.3 -30.8 -33.3 -23.1 -44.4 -7.7 0.0

Sample size 25,918 28,418 39,110 13,647 36,456 17,880 17,667 17,655

Note: All specifications use a linear polynomial with a uniform kernel. There are no additional covariates beyond cohort fixed
effects in these regressions. Outcome variables are in panels: an indicator for ever being hospitalized as an inpatient during
adulthood (panel A), number of hospitalizations during adulthood (panel B), number of days hospitalized during adulthood
(panel C), an indicator for ever having an emergency department visit in adulthood (panel D), number of emergency department
visits in adulthood (panel E), dying during our sample window (panel F). Columns represent heterogeneity dimensions with
splits by sex (Columns 1 and 2), race (Columns 3 and 4), poverty proxy (Columns 5 and 6), and baseline achievement in grade
8 test scores (Columns 7 and 8). Standard errors are clustered at the school level. *** ** and * mark estimates statistically
different from zero at the 99, 95 and 90 percent confidence level.
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Table 9: Heterogeneity Analysis: Fertility
M ) ©) * ®) ©)
Race Free or reduced price lunch Baseline achievement (p50)
Black White Eligible Not eligible Below Above
Panel A. P(has a birth)
Receipt of lower rating -0.054%* -0.100* -0.049* -0.085%* -0.022 -0.076*
(0.023) (0.053) (0.025) (0.035) (0.024) (0.039)
Control group mean 0.620 0.604 0.644 0.550 0.686 0.545
Implied effect size (%) -8.7 -16.6 -7.6 -15.5 -3.2 -13.9
Panel B. Total number of births
Receipt of lower rating -0.156%%* -0.220 -0.138** -0.194%* -0.099 -0.169
(0.055) (0.138) (0.066) (0.085) (0.069) (0.103)
Control group mean 1.315 1.191 1.373 1.074 1.500 1.058
Implied effect size (%) -11.9 -18.5 -10.1 -18.1 -6.6 -16.0
Panel C. Age at first birth
Receipt of lower rating -1113%* -2.168** -1.082* -1.859%* -0.462 -1.582*
(0.503) (1.083) (0.560) (0.747) (0.539) (0.819)
Control group mean 21.48 21.98 21.30 22.31 20.79 21.76
Implied effect size (%o) -5.2 -9.9 -5.1 -8.3 -2.2 -7.3
Sample size 18,847 6,317 17,622 8,296 8,682 8,680

Note: All specifications use a linear polynomial with a uniform kernel. There are no additional covariates beyond cohort fixed
effects in these regressions. Outcome variables are in panels: an indicator for having birth by age 28 (panel A), number of births
by age 28 (panel B), and age at first birth (panel C). Individuals without birth by age 28 are imputed zero as an outcome in
panel C. Columns represent heterogeneity dimensions with splits by race (Columns 1 and 2), poverty proxy (Columns 3 and
4), and baseline achievement in grade 8 test scores (Columns 5 and 6). Standard errors are clustered at the school level. ***

** and * mark estimates statistically different from zero at the 99, 95 and 90 percent confidence level.
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Table 10: Effects of the Policy on Health at Birth of the Next Generation

1) @) €) Q) ® ©)
P(birth weight < 2500g) P(gestation weeks < 36)
Conditional Missing =0 Missing =1 Conditional Missing =0 Missing = 1

Receipt of lower rating 0.002 -0.002 0.045%** 0.003 -0.001 0.047**

(0.007) (0.002) (0.021) (0.000) (0.005) (0.022)
Control group mean 0.104 0.011 0.324 0.064 0.048 0.294
Implied effect size (%) 1.9 -18.2 13.9 4.7 -2.1 16.0
Sample Size 32,261 42,311 42,311 32,261 42,311 42,311

Note: Sample is limited to female students observed in schools around the cutoff whom we also observe in adulthood with
or without births. All specifications use a linear polynomial with a uniform kernel. Covariates include indicators for gender,
race and free/reduced lunch and cohort fixed effects. The dependent variables are an indicator for birth weight below 2500g
(Columns 1 to 3) and an indicator for having gestational age below 36 weeks (Columns 4 to 6). Columns 1 and 4 present
conditional estimates meaning that the sample is limited to mothers whom we observe giving at least one birth. Columns 2,
3, 5, and 6 include all high school females from the baseline sample and present extreme imputation bounds. Specifically in
columns 2 and 5 we impute zero to all females without childbirth while in columns 3 and 6 we impute one to all females without
childbirth. Standard errors are clustered at the school level. *** ** and * mark estimates statistically different from zero at
the 99, 95 and 90 percent confidence level.

53



Appendix: For Online Publication
Effects of school quality on health and fertility

Ozkan Eren, Krzysztof Karbownik, and Orgul Ozturk

Al



A Appendix Tables

Table A1l: Summary Statistics by Accountability Ratings

) ) 3
School Ratings
All Unsatisfactory Below average
Panel A: Student Characteristics
Female 0.487 0.482 0.472
Black 0.410 0.791 0.646
White 0.549 0.185 0.321
Free or reduced price lunch 0.436 0.711 0.629
Math test score (z-score) in 8th grade -0.003 -0.543 -0.402
ELA test score (z-score) in 8th grade -0.002 -0.511 -0.379
Panel B: Adult Outcomes

Any adult hospitalization 0.139 0.161 0.163
Total number of days hospitalized 0.904 1.131 1.095
Any adult ED visit 0.692 0.810 0.806
Any birth 0.526 0.626 0.610
Total number of births 1.040 1.324 1.263
Teen birth 0.154 0.208 0.194
Sample size 309,890 27,784 26,552
School-year observations 1,111 136 97

Note: The tabulations reflect the research sample which comprises first time ninth graders between the 2000-2001 and 2005-2006
academic years. Column 1 presents all students and schools while columns 2 and 3 present our empirical sample. *** **
mark estimates statistically different from zero at the 99, 95 and 90 percent confidence level.
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Table A2: Regression Discontinuity and Local Randomization Validation Tests: Predicted outcomes

) @ ©) ) ® © 0] ® O
Hospitalizations ED visits 4 ' Number of  Age at firs
P(any) Number Nur::zzr of P(any) Number Mortality  Plany birth) births birth
Panel A: Local linear regression
Receipt of lower rating 0.001 0.001 -0.001 -0.001 -0.018 -0.000 0.004 0.011 0.087
(0.003) (0.005) 0.014) (0.006) (0.141) (0.000) (0.005) (0.015) (0.090)
Control group mean 0.156 0.259 1.027 0.808 7.580 0.010 0.613 1.270 26.620
Implied imbalance (%) 0.4 0.3 -0.1 -0.1 -0.2 0.0 0.7 0.8 0.3
Sample Size 35,326 35,326 35,326 35,326 35,326 35,326 17,365 17,365 17,365
Panel B: Local Randomization
Receipt of lower rating 0.002 0.003 0.011 0.004 0.109 0.000 0.007 0.020 0.131
(0.002) (0.004) 0.012) (0.0006) (0.131) (0.000) (0.005) (0.014) (0.090)
Control group mean 0.157 0.260 1.003 0.804 7.325 0.010 0.608 1.246 26.320
Implied imbalance (%) 1.2 1.2 1.1 0.4 1.5 1.0 1.2 1.6 0.5
Sample Size 14,382 14,382 14,382 14,382 14,382 14,382 7,101 7,101 7,101

Note: All specifications in Panel A use a linear polynomial with a uniform kernel. The analysis sample in Panel B is restricted
to the interval of the running variable that contains only the index points, two on each side, that are immediately consecutive
to the cutoff value. Panel B reports the point estimates from regressions of observable student characteristics on an indicator
for the receipt of a lower accountability rating inside the interval. Standard errors are clustered at the school level. Outcomes
variables are our predicted values for our main health outcomes in adulthood (Columns 1 to 6) and our main fertility outcomes
in adulthood (Columns 7 to 9) with predictions based on observed pre-determined covariates. Standard errors are clustered at
the school level. *** ** and * mark estimates statistically different from zero at the 99, 95 and 90 percent confidence level.
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Table A3: Robustness Checks: Adult Health Outcomes

O] @ ©) O] ®) ©) )
Include school-
Bascline Nonparamettic Local DonueRp ~ Control for 8th grade 2005-2022 sample
randomization grade test scores .
characteristics

P(any -0.026%* -0.030%* -0.018* -0.029%* 0,032+ -0.025%* -0.031%*
hospitalization) 0.011) (0.014) (0.010) (0.013) (0.010) (0.010) (0.013)
Sample size 54,336 31,851 22,609 47,983 35,322 53,191 54,336
Number of -0.214%5% -0.063%* -0.131* -0.198* -0.250%5 -0.208+# -0.21 5%
hospitalizations (0.080) (0.030) (0.076) (0.102) (0.087) (0.078) (0.079)
Sample size 54,336 31,851 22,609 47,983 35,322 53,191 54,336
Number of days -0.215%* -0.279** -0.177* -0.183 -0.213* -0.211%* -0.200%*
hospitalized (0.097) (0.130) (0.093) (0.127) (0.113) (0.094) (0.091)
Sample size 54,336 39,876 22,609 47,983 35,322 53,191 54,336
P(any ED visit) -0.040%* -0.012 -0.031 -0.049%* -0.033* -0.039%+ -0.034*

(0.020) (0.015) (0.020) (0.024) (0.019) (0.019) (0.018)
Sample size 54,336 31,851 22,609 47,983 35,322 53,191 54,336
Number of ED -0.173+ -0.229 -0.127 -0.250%* -0.150 -0.186%* -0.175%*
visits (0.093) (0.394) (0.093) (0.102) (0.097) (0.085) (0.088)
Sample size 54,336 31,851 22,609 47,983 35,322 53,191 54,336

p

Mortality -0.003+ -0.004 -0.002 -0.004 -0.005%* -0.003* -0.003*

(0.001) (0.003) (0.001) (0.003) (0.002) (0.002) (0.002)
Sample size 54,336 39,876 22,609 47,893 35,322 53,191 54,336

p

Note: This table resents a series of robustness checks for our primary adulthood health outcomes of interest. Each coefficient
comes from a separate regression with outcomes indicated in rows. Column 1 replicates the baseline results for comparison.
Column 2 presents non-parametric estimation, column 3 presents local randomization estimation, column 4 presents donut RD
where we exclude observations close to the cutoff, column 5 controls for 8th grade test scores, column 6 includes school-by-grade
covariates in high school, and column 7 includes Covid-19 years from the sample. Standard errors are clustered at the school
level. *** ** and * mark estimates statistically different from zero at the 99, 95 and 90 percent confidence level.
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Table A4: Robustness Checks: Fertility
M @ ) @ ) © %)
. Include school-
Baseline Nonparametric Logal . Donut RD Control for §th grade 2005-2022 sample
randomization grade test scores ..

characteristics
Has a birth -0.060%* -0.059%¢ -0.043* -0.064** -0.049* -0.063%+* -0.057+*
(0.026) (0.022) (0.025) (0.028) (0.028) (0.021) (0.026)
Sample size 25918 19,003 10,861 22,842 17,362 25,356 25918
Number of births -0.156%* -0.096 -0.107* -0.194#%¢ -0.135%* -0.166%+* -0.175%*
(0.066) (0.064) (0.062) (0.067) (0.066) (0.050) 0.072)
Sample size 25918 19,003 10,861 22,842 17,362 25,356 25918
Age at first birth -1.310%* -2.51 1%k -1.012%* -1.259%* -1.040%* -1.374k00k -1.216%*
(0.569) (0.604) (0.543) (0.593) 0.617) (0.470) (0.571)
Sample size 25,918 15,118 10,861 22,842 17,362 25,356 25918

Note: This table resents a series of robustness checks for our primary adulthood fertility outcomes of interest. Each coefficient
comes from a separate regression with outcomes indicated in rows. Column 1 replicates the baseline results for comparison.
Column 2 presents non-parametric estimation, column 3 presents local randomization estimation, column 4 presents donut RD
where we exclude observations close to the cutoff, column 5 controls for 8th grade test scores, column 6 includes school-by-grade
covariates in high school, and column 7 includes Covid-19 years from the sample. Standard errors are clustered at the school
level. *** ** and * mark estimates statistically different from zero at the 99, 95 and 90 percent confidence level.
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Table A5: Effects of the Policy on Learning Disability Designation in High School

) 2 ©) “4) o)
Classified as learning disabled in grade
Any grade

9 10 11 12

Receipt of lower rating -0.000 -0.017*% -0.01 3Kk -0.011* -0.017%%
(0.012) (0.008) (0.005) (0.006) (0.008)

Control group mean 0.075 0.056 0.045 0.041 0.071
Implied effect size (%) 0.0 -30.4 -28.9 -26.8 -23.9
Sample Size 54,336 54,336 54,336 54,336 54,336

Note: All specifications use a linear polynomial with a uniform kernel. Covariates include indicators for gender, race and
free/reduced lunch and cohort fixed effects. The dependent variables are indicators for being classified as learning disabled in
grades 9 to 12 (Columns 1 to 4) or in any of those grades (Column 5). Standard errors are clustered at the school level. ***,
** and * mark estimates statistically different from zero at the 99, 95 and 90 percent confidence level.
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Table A6: Effects of the Policy on Welfare Participation in Adulthood

(D 2 3)
Welfare enrollment
Any TANF SNAP

Receipt of lower rating -0.005 -0.001 -0.006
(0.015) (0.009) (0.015)
Control group mean 0.674 0.159 0.673
Implied effect size (%) -0.7 -0.6 -0.9
Sample Size 54,510 54,510 54,510

Note: All specifications use a linear polynomial with a uniform kernel. Covariates include indicators for gender, race and
free/reduced lunch and cohort fixed effects. The dependent variables are indicators for being on any welfare assistance in
adulthood (Column 1), receiving TANF in adulthood (Column 2), and receiving SNAP (Column 3). Adulthood is defined up
to age 28. Standard errors are clustered at the school level. *** ** and * mark estimates statistically different from zero at

the 99, 95 and 90 percent confidence level.
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Figure A1l: Robustness of Adult Health Results: Local Linear Estimates with Varying Band-
width
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Notes: Bandwidth robustness analysis for our main adulthood health outcomes of interest. All estimates are obtained from a
linear polynomial using alternative bandwidths, over a range from 0.3 to 1.3 index points by incrementally adding 0.1 points,
with a uniform kernel. The height of the bars from each point represents the bounds of the 95% confidence interval. Standard
errors are clustered at the school level.
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Figure A2: Robustness of Fertility Results: Local Linear Estimates with Varying Bandwidth
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Notes: Bandwidth robustness analysis for our main adulthood fertility outcomes of interest. All estimates are obtained from a
linear polynomial using alternative bandwidths, over a range from 0.3 to 1.3 index points by incrementally adding 0.1 points,

with a uniform kernel. The height of the bars from each point represents the bounds of the 95% confidence interval. Standard
errors are clustered at the school level.

A10



Figure A3: Robustness of Adult Health Results: Placebo Estimates
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Notes: Placebo estimates for our main adulthood health outcomes of interest. Each placebo estimate assigns a false rating
cutoff by incrementally adding 0.1 index points to the actual accountability score cutoff (Unsatisfactory vs. Below Average)
over a range of [-1.0, 0.2]. All specifications use a linear polynomial with a uniform kernel.
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Figure A4: Robustness of Fertility Results: Placebo Estimates
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Notes: Placebo estimates for our main adulthood fertility outcomes of interest. Each placebo estimate assigns a false rating
cutoff by incrementally adding 0.1 index points to the actual accountability score cutoff (Unsatisfactory vs. Below Average)
over a range of [-1.0, 0.2]. All specifications use a linear polynomial with a uniform kernel.
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