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Abstract

Value-added modeling is a popular approach for evaluating school and teacher
effectiveness. Previous research focuses primarily on average treatment effects,
finding a positive relationship between education quality and student outcomes.
We estimate quantile treatment effects of school quality and find heterogene-
ity in the impact on long-run student outcomes, with worse off students
disproportionately benefiting from gains to school quality.

1 Introduction

Quality secondary education is critical to equip young people with the skills and knowl-
edge they will need for a successful working life. Going beyond retaining facts, quality
secondary education builds critical-thinking and communication skills that allow stu-
dents to succeed in higher education, adapt to new circumstances, and advance in the
workforce. There is a wealth of evidence that teacher, and more broadly, school qual-
ity matters for student achievement, both in educational settings and in long-term
career trajectories (Hanushek 1997; Rivkin, Hanushek, and Kain 2005). Measuring
school quality, however, is difficult, given the inherently multi-dimensional nature of
students, teaching, and learning. Policymakers seek objective, quantifiable metrics of
school effectiveness with which they can evaluate programs and identify tools to boost
student success.

At the same time, there is an increasing recognition that higher-quality schools
may not benefit all students equally. Disadvantaged and minority students are not only
more likely to attend worse-quality schools, but in those schools they disproportionally
bear the consequences of improper preparation for the workforce (Jimenez 2020).
Scholars have explored heterogeneity in the returns to education by gender, race,
parental income, and student ability (Barrow and Rouse 2005; Tobias and Koop 2004;
Coady and Dizioli 2018; Henderson, Polachek, and Wang 2011; Harmon, Oosterbeek,
and Walker 2003). This also matters for how we define quality education: creating
superstar students may require different strategies than catering to their struggling
peers.
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One increasingly common measure of teacher quality is the value-added (VA)
approach, which observes a teacher’s impact through changes in students’ test scores.
Value-added measures (VAMs) have been touted due to their use of objective data,
standardized test scores, and because they appear to capture variance in teacher qual-
ity unaccounted for previously (Hanushek and Rivkin 2010). As policymakers seek to
narrow the student achievement gap, VAMs have been proposed to evaluate individ-
ual teachers’ performance and better hold them accountable. VAMs are not just useful
for calculating the effectiveness of individual teachers but can be aggregated across
classrooms to the school-level, including for evaluation purposes (Fuhrman 1999). As
Ladd and Walsh (2002) note, the proliferation of district and school-specific report
cards to parents that include information on student outcomes and test performance
has generated public pressure for school improvement, including financial incentives
or sanctions in some districts (Ladd and Walsh 2002).

In this paper, we seek to explore the effects of quality education on students’
success in the long term. We follow research from Chetty, Friedman, and Rockoff
(2014b) that demonstrates that VA measures are not only unbiased (using a quasi-
experimental design), but also have long-term impacts on college attendance, salaries,
and teenage pregnancy. However, the effects of school quality may differ from teacher
VA, compounding over multiple years as well as encompassing other resources, includ-
ing mentoring by other adults such as coaches, available in the school. Furthermore,
it is possible that teacher and school quality may benefit some students more than
others, as opposed to an average effect spread evenly across the achievement distri-
bution. It could be that while high-performers that engage fully with quality schools
benefit in the long term from the VA, lower-performing students are left behind or
enter occupations that do not reward quality education. Alternately, it could be that
higher-achieving students perform well in the long term no matter the quality of their
schooling, so VA disproportionately impacts the left of the distribution.

This paper will address the question of heterogeneity in the effects of school quality
with a cross-sectional research design, using data published from the National Center
for Educational Statistics’ (NCES) Education Longitudinal Study of 2002 (ELS:2002).
The ELS:2002 tracks the transition of a national sample of high school sophomores—
first through their senior year, and eventually into adulthood. Using standardized
test scores in mathematics and relevant covariates, we calculate a measure of school
VA. Calculating a VAM requires estimating students’ future test scores based on a
baseline score, and then assessing the difference between students’ actual and predicted
scores, holding other relevant factors fixed which impact achievement by introducing
demographic controls. We then explore the relationship between student outcomes and
school quality by regressing long-term outcome data available in the ELS on school
VA estimates. We also estimate quantile treatment effects (QTEs) to examine the
distributional effects of VA across the long-term outcome distribution.

Using the ELS:2002 data, we find that school VA is significantly related to a
suite of long-term outcomes for students. Students who attend better high schools are
more likely to attend postsecondary school, attend more selective institutions, earn
scholarships, and be employed as adults. In addition to these discrete outcomes, we
also find that higher school VA is associated with substantially higher adult income
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and socioeconomic status (a measure which takes into account the prestige of an
individual’s occupation). These mean effects are broadly in line with those found
elsewhere in the literature, such as those of Chetty, Friedman, and Rockoff (2014b).

When we turn to the distribution of these effects, we uncover important hetero-
geneity masked by standard OLS regression. In particular, the income gains from
school VA are larger in the left-hand side of the distribution: for every one stan-
dard deviation improvement in school VA, individuals in the 20th percentile of adult
income have approximately a 18.8 percent gain in earnings, compared with 2.5 per-
cent at the median. This is an important result: school quality is more important in
predicting outcomes for lower-income students, suggesting that effective schools can
play an equity-enhancing role. It seems plausible that higher-income students have
resources that can substitute for lower value-added schools, while lower-income stu-
dents depend more on formal education; this is consistent even with early-childhood
evidence of the distribution of summer vs. school-year investments in Coley, Kruzik,
and Votruba-Drzal (2020). Interestingly, we find almost no unconditional impact of
school value-added on adult income at the lowest quantiles, although this appears to
be driven by the substantial proportion of zero incomes in our data. The overall pat-
tern, of stronger results at lower incomes, is particularly marked for male students;
for female students, patterns of heterogeneity in treatment effects are more muted.

We make two primary contributions to an active literature about the value of
education, and particularly the quality of education. First, and most substantially,
we use quantile regression to explore the role of VA across the distribution. To our
knowledge, we are the first to identify these distributionally heterogeneous treatment
effects of secondary school quality on long-term outcomes, rather than mean effects
and coarse heterogeneity on observables. Additionally, we focus on school value-added
rather than the more common teacher VA, which is more policy-relevant for resource
allocation and choices made by parents. Together, our results suggest that higher-
achieving students perform well regardless of the quality of their institution, so VA
matters more for low-performing students. This implies research on school quality that
focuses on mean impacts may be understating the benefit that effective schools have
on ‘at-risk’ students that much educational reform policy seeks to target. Policymakers
seeking to improve equity of outcomes may find improving school quality to be an
effective lever.

2 Literature Review

This literature review is organized as follows. Section 2.1 outlines the economic sig-
nificance of teacher and school quality. Section 2.2 provides an overview of one key
measure of teacher and school quality, value-added, and discusses its reported strengths
and shortcomings. Next, 2.3 details literature documenting the relationship between
value-added and student outcomes. Finally 2.4 describes quantile treatment effects
and its applications on education research.
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2.1 Quality of Education

As an investment into a future worker’s human capital, education is highly correlated
to earnings. In one seminal paper, Angrist and Krueger (1991) analyzed the returns
to education by exploiting experimental conditions related to compulsory education
laws. Using U.S. Census data, they found that men born in the first quarter of the
calendar year that can drop out in a lower grade tend to not only drop out sooner but
have decreased average earnings compared to their peers born later.

Research suggests that the quality of education is just as critical to positive eco-
nomic outcomes as the years of schooling (Hanushek and Kimko 2000; Jamison,
Jamison, and Hanushek 2007). Teachers appear to be a particularly important input
to education quality. To quote Hanushek (2011): “Literally hundreds of research stud-
ies have focused on the importance of teachers for student achievement.” (467) The
belief that the quality of instruction influences student achievement comes mainly
from the fact that average learning gains across classrooms are starkly different; as
demonstrated by Hanushek (1992) in his study of students in Gary, Indiana, a good
teacher versus a bad teacher can potentially be the difference between one full year
of standardized achievement. Two students starting the year at similar levels of prior
achievement may end up in drastically different places based on the quality of their
teacher.

2.2 Overview of Value-added

One proposed alternative to teacher evaluation already being used in some states and
districts is the incorporation of value-added models (VAMs).VAMs are statistical mod-
els which input several educational inputs to measure the effect of individual teachers
on student achievement. Using VAMs, teacher quality has generally been shown to
vary dramatically in ways unaccounted for with prior evaluation techniques (Hanushek
and Rivkin 2010). Evidence of the stability of VAMs over time and across classrooms
has also been demonstrated in several sources (Aaronson, Barrow, and Sander 2007;
Goldhaber and Hansen 2013; Jackson 2014; Chetty, Friedman, and Rockoff 2014a;
Koedel, Mihaly, and Rockoff 2015)

Despite this fact, discussions on VA are fraught with controversy, with many cri-
tiquing the validity of VAMs as measures of teacher quality. As outlined by Baker et
al. (2010), there are several issues that arise when assessing VAMs’ validity due to the
insufficiency of statistical controls. Although VAMs attempt to account for the back-
grounds of different students and the context of classrooms, there are issues related to
the nonrandom sorting of teachers to students across schools and students to teach-
ers within schools. Affluent schools may appear to have more effective teachers just
because their student body has more access to support resources outside of school;
this would influence not just students’ starting places, as VAMs aim to account for,
but also the rate at which they progress.

Questioning VAMs’ claim of causality, Rothstein (2010) worked with data on stu-
dents in North Carolina public elementary schools to test for bias using falsification
tests. Exploiting the fact that future teachers cannot influence students’ past perfor-
mance, his linear regression model found that fifth-grade teacher assignments appear
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to have large effects on students’ third-grade gains, indicating bias from classroom
assignments conditional on the typical controls. In a similarly designed study, Bitler
et al. (2021) apply a VA model to estimate teachers’ effect on an outcome they
surely cannot control: students’ height. After using VA models that fail to control for
classroom-by-teacher level error, Bitler et al. (2021) find a 0.65 inch impact on height
per standard deviation increase in teacher VA. These non-zero effects raise doubt
about the precision and magnitude of VAM estimates.

Analyzing the placement of students into classrooms in Arizona public and charter
elementary schools, Paufler and Amrein-Beardsley (2014) found that both parents and
teachers play a prodigious role in student placement in most schools sampled. These
findings appear to be consistent with previous scholarship, including Aaronson, Bar-
row, and Sander (2007), Clotfelter, Ladd, and Vigdor (2006), Jackson (2014), Koedel
and Betts (2011), and Rothstein (2009, 2010).

Much of contemporary literature on VAMs has attempted to respond to criticism.
Kane et al. (2013) addressed bias in VAMs with their Measures of Effective Teaching
(MET) project, a study of teacher effectiveness from six districts around the country.
Their analysis concluded that measures of effectiveness from the prior period correctly
predicted student achievement growth based on teacher assignment, with the magni-
tude of achievement gains consistent with expectations. Despite these results, there
are several caveats raised by researchers. For one, sample sizes and compliance con-
straints are such that findings are noisy–while the 2013 study did greatly expand the
sampling size and thus increase statistical precision, bias at the 95 percent confidence
interval cannot be ruled out (Rothstein and Mathis 2013). Additionally, these experi-
ments were performed both inside schools that had consented to be part of the study
and wherein teachers were amicable to random assignment, calling into question the
potential to externalize these findings to a more general model of teacher evaluation
(Koedel, Mihaly, and Rockoff 2015).

To estimate the degree of bias in the VAM, Chetty, Friedman, and Rockoff (2014a)
generated predicted test scores based on parental characteristics obtained from the
tax data and regressed these scores on teacher VA. Controlling for prior test scores,
Chetty, Friedman, and Rockoff (2014a) found that “forecast bias from omitting parent
characteristics is at most 0.3 percent at the top of the 95 percent confidence interval.
Using a similar approach, we find that forecast bias from omitting twice-lagged scores
from the VA model is at most 2.6 percent”. (295) Due to this minimal bias, they con-
cluded that the influence of household and parental characteristics on student/teacher
sorting not controlled for in typical VAMs is limited. Given there may be unobservable
variables still contributing to forecast bias, Chetty, Friedman, and Rockoff (2014a)
also employed a quasi-experimental design based on teacher turnover in fourth-grade
classrooms. They found that simply controlling for a student’s lagged test scores pro-
duces a forecast bias of five percent not statistically different from zero. However,
omitting these lagged scores exhibits a forecast bias of over 40 percent. Clearly, then,
much of the sorting of students to teachers relevant for predicting future achievement
is captured using prior test scores.
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2.3 Value-added and Student Outcomes

In addition to establishing the validity and usefulness of VAMs, recent scholarship
has attempted to prove the impact of VA on important student outcomes later in
life. Numerous studies on the impact of test performance on earnings for young work-
ers—including Lazear (2003), Mulligan (1999), and Murnane et al. (2000)—1 have
found that one-SD increase in mathematics performance in high school results in 10
to 15 percent higher annual earnings. Looking earlier into a student’s life, Chetty et
al. (2010) used data from the Tennessee STAR experiment to examine how kinder-
garten test scores affect adult outcomes. When controlling for a rich set of parental
characteristics in their analysis, they discovered that a one-SD increase in the kinder-
garten end-of-year scores is correlated with an 18 percent increase in earnings at age
27.

A highly influential study on teacher quality and outcomes comes from Chetty,
Friedman, and Rockoff (2014b). Employing both a cross-sectional comparison across
classrooms and a quasi-experimental design based on teacher turnover, they found that
a one SD improvement in teacher VA in a single grade raises the probability of college
attendance at age 20 by 0.82 percentage points and increases the annual earnings
by 1.3 percent at age 28 (the oldest age for which data was available at the time of
publication); assuming this earnings effect remains constant, just one SD increase in
teacher VA in a single grade would cause a lifetime increase of approximately $39,000.

In addition to average total effects, Chetty, Friedman, and Rockoff (2014b) ana-
lyzed heterogeneity in the impact of teacher VA across several subgroups, including
demographics, test subjects, and grades, using gains to college quality at age 20. They
found that the long-term impacts of VA are slightly greater for women than men, that
improvements in teacher quality in English are more valuable than improvements in
mathematics, that impacts of VA appear constant in percentage terms by parents’
income, and that gains appear large and significant through grades four through eight.

Demonstrating the efficacy of VA estimates in settings outside of the U.S.,
Kirkebøen (2022) observes the impact of school quality in Norway, as it relates to
student achievement and to outcomes in adulthood. Using population-level adminis-
trative data on student backgrounds to construct school VAMs, he observes student
outcomes into their 30s, finding a persistent and strong relationship between school
quality and long-term outcomes.

It must be acknowledged that peer quality may also play a role in influencing stu-
dent achievement, and may be associated with school quality. Recent research has
supported the idea that peer quality is an important determinant of student success,
identifying positive relationships between exposure to high quality peers and labor
market outcomes (Billings and Hoekstra 2023; Humlum and Thorsager 2021). Con-
flicting findings include those from (Belfield and Rasul 2020), who demonstrate that
marginal students’ achievement is adversely impacted by increased proximity to high
quality peers. Finally, findings from (Feng and Li 2016) indicate that negative peer
effects are ameliorated or reversed when in the presence of high quality teachers,
suggesting that the two have a reciprocal relationship with one another on student
achievement.

1. All of which as cited by Hanushek (2011).
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2.4 Distributional Literature

Most regression analysis is oriented around the mean; that is, the standard regres-
sion models only the average value of the response variable for a given value of the
covariate. However, conditional-mean models are not infallible and come with some
limitations. First, OLS regression assumes that the relationship between predictor
and response variables is the same across all values, making it ill-equipped to observe
effects at noncentral locations on the distribution (Cook and Manning 2013). Usually,
it is acceptable to center estimates on the mean as it is assumed the mean treatment
is the same treatment for everyone— but there may be times where this assumption
does not hold up. Second, the models’ attention solely to the mean ignores how vari-
ables change the total shape of a distribution. In the context of teacher quality, it is
easy to imagine that the impact of teacher quality may be heterogeneous across the
distribution of student achievement; in other words, perhaps good teachers make more
of a difference for high-performing students than average or low-performers.

To better address the potential distributional effects of teacher quality as men-
tioned above, we employ a quantile regression approach, as first outlined by Koenker
and Bassett (1978). Quantiles can be used to specify any position on a distribution,
including those beyond the central location. Originally, this method sought to esti-
mate conditional quantile functions, in which quantiles of the conditional distribution
of the response variable are expressed as functions of the observed predictor variables
(Koenker and Hallock 2001).

In recent years, there has been increasing attention to QTEs in the economics liter-
ature, specifically as it surrounds education policy. Eide and Showalter (1998) used a
conditional QR to estimate the distributional effects of school quality on standardized
test score gains. Their findings indicate that certain inputs to education may affect
student achievement at points in the distribution of test score gains unrecognized by
observing mean treatment effects; for example, increasing the marginal expenditure
per pupil in a district seems to raise test score gains at the bottom of the impact dis-
tribution without changing the mean, while increasing the length of the school year
improved performance for high-achieving students with a null average effect. Arias,
Hallock, and Sosa-Escudero (2001) used data on identical twins to observe if peo-
ple with differing levels of ability obtain different returns to education, to determine
whether there is a causal effect of education on earnings exogenous from ability. Using
twins allows the authors to control for ability bias caused by family effects. Estimat-
ing QTEs, they interpreted heterogeneity in the estimated returns to education, by
which individuals of higher baseline ability become more educated, in turn seeing
higher returns to schooling. However, the authors note that this may be due to an
upward ability bias at high quantiles due to the endogeneity of schooling choices, an
observation that is likely missed by observing only average treatment effects.

With data on U.K. students, Arulampalam, Naylor, and Smith (2012) estimated
a QR of student performance to monitor the effects of class absences on performance
across the conditional performance distribution. The results indicated that absence
does have adverse effects on performance across the conditional distribution. How-
ever, when controlling for unobserved characteristics, the effects of absence are more
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varied across the distribution. When accounting for characteristics like innate abil-
ity and work ethic, top-performing students demonstrate a causal impact of absence
on performance; for low-performing students, this is not the case. In their analysis of
the famous Tennessee STAR experiment, Jackson and Page (2013) used QTEs to find
heterogeneity in the effects of class-size reduction policies across the achievement dis-
tribution: test score gains for treatment recipients were the greatest at the top of the
achievement distribution, and smallest at the bottom.

Andrews, Li, and Lovenheim (2016) use UQR to examine heterogeneity in the
earnings returns to university quality. Using data on male students who graduated from
Texas high schools, they find significant differences in earnings premiums across the
flagship Texas universities: UT Austin has an earnings premium that increases at the
top of the earnings distribution, while Texas A&M has decreasing earnings premium
across the distribution, from a peak of 36.4 percent at the 1st percentile to 17.6
percent at the 84th percentile. Community colleges have an overall negative effect on
earnings, but heterogeneity exists and there are notable returns at the very top of the
earning distribution. Also using unconditional QTEs, Penner (2016) studies potential
differential effects of Teach for America (TFA) teachers on classroom performance
across the distribution of student achievement. She finds that while TFA teachers
outperform their non-TFA counterparts in mathematics education across the student
achievement distribution, results in English were heterogeneous; while students at the
top of the reading achievement distribution made greater gains with TFA teachers,
students at the bottom of the distribution scored worse than those with traditional,
veteran teachers.

Most recently, Shea and Jenkins (2021) use QTEs to observe the impact of curricula
interventions targeting socio-emotional (SE) skills on preschool students’ develop-
ment across the outcome distribution. They find that while there are positive impacts
of curricula interventions on emotional intelligence and problem-solving ability on
average, gains are unequal across the outcome distribution–children at the upper
end of emotional knowledge and problem-solving skills gained more from the curric-
ula than others, seemingly supporting a “skills beget skills” hypothesis of treatment
effectiveness.

3 Data

In this paper, we use data from the Educational Longitudinal Study of 2002
(ELS:2002), a nationally representative study of 10th graders during the spring term
of the 2001-2002 school year. The random sampling of students was first strati-
fied at the school level, with 750 public, Catholic, and non-Catholic private schools
included. The base year design included cognitive assessments, along with a survey of
students, parents, teachers, and school administrators. In the base year, 15,400 sopho-
mores answered the questionnaire, out of 17,590 eligible selected students; additionally,
13,500 of the students’ parents and 7,100 of their teachers participated as well (Ingels
et al. 2004). Student surveys collected information about the student’s background,
school and employment experiences, and language background, among other charac-
teristics. Parental surveys solicited data on home backgrounds, family structure, and
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the degree of academic support students receive, while teacher questionnaires collected
information on the teacher’s professional background and credentials (Bozick, Lauff,
and Wirt 2007). Of the group of students who completed the questionnaire, 14,540 of
them also completed the cognitive assessment, including standardized tests in math-
ematics and reading (Ingels, Burns, et al. 2005). A nonresponse bias assessment was
performed to limit identified biases, and key data that was missing in the survey and
for test performance variables was imputed (Ingels, Burns, et al. 2005).

Measures of interest available from the base-year include the following: sex,
race/ethnicity, English as a native language, having an individualized education plan
(IEP), granted test accommodations for the cognitive assessment, number of siblings,
family composition, the highest level of education between both parents (if applicable),
combined parental income, the type of school attended (Public, Catholic, or Other
Private), total school enrollment, the school-wide rate of 10th grade students eligible
for reduced price or free lunch, the highest educational degree earned by the math
teacher, the school’s number of full time teachers, and the standardized test scores in
mathematics and reading, estimates of achievement that are relative to the total pop-
ulation of 2002 sophomores. One cause for concern in the survey design and available
data is the lack of prior test scores. As described in the literature review above, most
VAMs include a rich set of lagged student test scores prior to the base year. While
the bias from omitting twice-lagged prior test scores in Chetty, Friedman, and Rock-
off (2014a) cross-sectional study was minimal, they do assert that the most robust of
VAMs control for students’ achievement in the preceding years. However, work from
Angrist et al. (2021) and Kirkebøen (2022) indicates that adjustment for family back-
ground provides VA estimates that are suitable even for schools with an insufficient
record of standardized test performance.

After 2002, the first follow-up occurs in the spring of 2004: of the 16,500 students
invited, 15,000 participated (a weighted response rate of 91 percent), a majority of
whom were seniors (Bozick, Lauff, and Wirt 2007).2 Similar to the initial survey
design, students in the follow-up cohort were surveyed and administered a cognitive
assessment, this time only in mathematics. Transfer students who did not remain in
their base year schools did not participate in testing, but had scores imputed for them.
Test scores are re-standardized to have a national mean of 50 and standard deviation
of ten (Ingels, Planty, et al. 2005). The standardized test scores in mathematics,
taken from both the base year and the first follow-up, provide the foundation for
our calculated school VA, which is covered in-depth later in this paper. As stated by
Bozick, Lauff, and Wirt (2007), this reassessment of mathematics two years later can
provide an estimate of achievement gains as related to school processes.

Table 1 provides descriptive statistics for the sample, as well as a comparison at
baseline between “low” and “high” VA schools. For simplicity’s sake, this distinction
is defined by having a VA score greater than one. These two groups appear remarkably
similar, with highly analogous student characteristics, household incomes, parental
educational attainment, and family compositions. Slightly less than half of the sample

2. Technically, the 2004 survey of seniors can be considered a second cohort. Although heavily overlapping
with the original 2002 sample, the 2004 cohort is a “freshened” sample that includes a small sample of
students who were not high school sophomores, were not sophomores in the U.S., were recovering from
serious illness, were institutionalized, or had temporarily dropped out during the time of the base year study.
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(1) (2) (1)-(2)
Low VA High VA Pairwise t-test

Variable Mean/(SE) Mean/(SE) Mean difference

Math Score 50.501 50.949 -0.448
(0.252) (0.297)

Male (=1 if male) 0.475 0.479 -0.005
(0.008) (0.009)

White non-Hispanic (= if white) 0.550 0.543 0.007
(0.016) (0.019)

English as First Language 0.804 0.788 0.017
(0.011) (0.013)

IEP 0.062 0.057 0.006
(0.004) (0.004)

BY Test Accommodations 0.007 0.001 0.006***
(0.002) (0.000)

Family Income 62821.230 63296.578 -475.348
(1330.715) (1507.585)

Two parents/guardians 0.739 0.731 0.008
(0.007) (0.008)

Parent with bachelor’s degree or higher 0.395 0.396 -0.000
(0.011) (0.013)

Number of observations 8469 7423 15892
Number of clusters 405 346 751

Table 1 Student Descriptive Statistics—Standard errors clustered by school.
***p<0.01,**p<0.05,*p<0.1

are men and more than half are white and non-Hispanic. Approximately 80 percent
of students in both groups are native English speakers (80 and 79 percent in low and
high VA schools, respectively). Finally, schools in both groups contained a similarly
small minority of IEP students, at approximately six percent of students each. This
seems to support existing literature that supports school VA as an adequate capture
of school quality alone.

Table 2 displays summary statistics for the schools sampled, once again separated
into low or high value-added. Schools in both groups are predominantly public, at
approximately 80 percent. Low VA schools are slightly less likely to be considered
urban at 33 percent, compared to high VA schools at nearly 35 percent. Both groups
have a total enrollment of close to 1000 students, with an average sophomore class
size of around 310. Schools across both groups have about 20 percent of sophomores
on free or reduced school lunch. Finally, both groups have between 26 and 28 teachers
on average, with slightly over 40 percent of them holding advanced degrees.

Later follow-ups first occurred approximately two years after most of the sample
had graduated high school, in 2006. Of the 15,900 eligible sample members, 14,200
participated, for a weighted response rate of 88 percent (Bozick, Lauff, and Wirt
2007). Students were asked questions about their high school graduation status, post-
secondary education, and labor force participation (Bozick, Lauff, and Wirt 2007).

10



(1) (2) (1)-(2)
Low VA High VA Pairwise t-test

Variable Mean/(SE) Mean/(SE) Mean difference

Public (=1 if public) 0.784 0.788 -0.005
(0.021) (0.023)

Urbanicity (=1 if urban) 0.329 0.349 -0.021
(0.024) (0.027)

Total School Enrollment-2001 984.803 952.129 32.675
(39.445) (43.579)

Grade 10 Enrollment 2001-2002 312.513 309.777 2.736
(10.429) (11.867)

Grade 10 Percentage on Free Lunc 20.763 22.220 -1.457
(1.207) (1.376)

Number of Teachers 27.982 26.369 1.614
(1.010) (1.129)

Math Teachers with Advanced Degree 0.409 0.421 -0.012
(0.015) (0.017)

Number of observations 8469 7423 15892
Number of clusters 405 346 751

Table 2 School Descriptive Statistics—Standard errors clustered by school.
***p<0.01,**p<0.05,*p<0.1

From this survey, we observe whether the student has attended college, if they have
attended a highly selective four-year university, and if they have ever been employed
since leaving high school.

The most recent update occurred in 2012, a decade after the original study and
eight years removed from when most of the participants were in high school. A total
of 13,250 individuals participated, out of the 15,724 eligible (Lauff and Ingels 2014).
Respondents were questioned about their high school completion, postsecondary edu-
cation, experience in the labor market, and current activities (Lauff and Ingels 2014).
Specifically, we incorporate 2011 employment income, socioeconomic status, whether
the respondent has ever been employed since leaving high school, whether they are a
single parent, and residential mobility into our model.3 Additional information from
external sources was collected in the subsequent year, including financial aid data from
the U.S. Department of Education, postsecondary transcripts (to complement high
school transcripts made available), and SAT/ACT scores. While such measures would
ideally be included in our analysis, much of this data is restricted and unavailable in
the publicly accessible codebook.

In addition to the aforementioned, there are several other caveats we must stress
with this data set. First, like in most value-added models, there is a concern of

3. Socioeconomic status is a composite measure that reflects the average of 2011 earnings from employ-
ment, the prestige score associated with the respondent’s current or most recent job, and educational
attainment. This measure does not account for the income, occupation, or education of the respondent’s
partner, which may factor into overall household status (Lauff and Ingels 2014). Residential mobility vari-
ables compare the distance (in miles) between the ZIP code centroid associated with the respondent’s
residence during the base year and the ZIP code centroid associated with their follow-up residence (Lauff
and Ingels 2014).
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measurement error. It is reasonable to assume that a student’s achievement during
standardized testing would vary given a different assortment of questions or on dif-
ferent occasions. This potential for random error may influence students’ initial test
scores, in turn biasing their calculated residuals. While this potential bias should be
minimized when aggregated at the school level, there is still potential for the school
VAM to be understating or overstating the true effect of school quality. While other
papers address this issue by including additional prior test scores, we are unfortu-
nately limited to a single prior score using this data. Similarly, we are limited by only
one additional testing period, occurring two years later. More frequent testing across
a longer stretch of time would be ideal for tracking purposes. Furthermore, our sample
size is smaller than those typically found in the literature. Finally, most of the vari-
ables, including those that are numerical, are coded as nominal categories or grouped
within intervals. This makes performing regressions, and obtaining precise estimates,
more difficult. While perhaps two of the most important outcomes, income in adult-
hood and socioeconomic status, are continuous, there are several other variables worth
observing that cannot be due to how the survey was conducted.

4 Empirical Strategy

To estimate school quality, we must first obtain each school’s VAM. Below, we present
a simple framework for calculating school VA. Much of this approach is borrowed from
previous research, including Kane, Rockoff, and Staiger (2008), Chetty, Friedman, and
Rockoff (2014a), and Deming (2014). In order to interpret our findings causally, we
need to rely on the identification assumption, in that unobserved causes of student
outcomes in adulthood must be unrelated to school VA conditional on our observed
factors. While this assumption is strong, it is corroborated with findings from Chetty,
Friedman, and Rockoff (2014a), who employed a quasi-experimental design to prove
the validity of VA. They used a difference-in-differences (DiD) design by exploiting
changes in teacher assignments for students who move from one grade to another or
from one school to another, finding that mean test scores across cohorts change sharply
when a low VA teacher is replaced by a high VA, and vice-versa. The estimates from
this quasi-experimental design matched the estimates from a second design which mir-
rored our cross-sectional design, as described above. Additional evidence from Deming
(2014), Kirkebøen (2022) on school VA and long-term outcomes supports this through
a cross-sectional and quasi-experimental approach; therefore, we tentatively interpret
our estimates as accurately representing the relationship between school effectiveness
and student outcomes.4

4.1 Calculating School Value-added

To generate an estimate of school quality for gains in student achievement, we first
use the following regression:

Ais = β1Xis + β2Wis + Γs + uis (1)

4. A conservative, correlational, interpretation of these results is also informative, however.
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Here, the dependent variable Ais denotes the mathematics assessment score of
student i in school s. Xis represents a vector of student characteristics including
base year test scores, demographics, IEP status, testing accommodations, parental
education, income, family composition, and number of siblings. Wis represents the
characteristics of the student’s school, like its size, urbanicity, type (public, Catholic,
or other private), number of teachers, and percentage of students on free or reduced
lunch. The residual is assumed to be comprised of Γs, the value-added effect from
entering school s that is constant over time, and uis, an idiosyncratic student effect
varied across students and over time (Kane and Staiger 2008).

Using the estimated coefficients obtained from this regression, we calculate the pre-
dicted assessment score Âist, which we subtract from the student’s actual assessment
score Ais

ν̂is = Ais − Âis (2)

Here, ν̂is is the difference in expected and actual standardized achievement. While
Âis captures the expected achievement of student i in school s given their relevant
individual, parental, and school characteristics, Ais captures the student’s actual per-
formance. Therefore, ν̂is captures the value-added of school s for student i, reflecting
unobserved contributions of teachers, peers, and student-teacher match, as well as
idiosyncratic student-specific unobservables (Kirkebøen 2022). A positive value here
indicates a positive estimated VA. From this estimate, we estimate average school VA,
Γs, by taking the average of student residuals sorted in a school s.

4.2 Mean treatment effects of school quality on student
outcomes

Next, we examine the relationships between estimated school VA, Γs, and long-term
outcomes with the following general equation:

Yist = β1Xis + β2Wis + β3Γs + uist (3)

Here, Yist reflects each long-term outcome of a student i from school s at time t.
Coefficients β1 and β2 measure the effects from student, family, classroom, and school
controls previously described while β3 measures the estimated effect of school VA.
Building from the groundwork of previous empirical work we assume that persistent
differences between VA reflects school quality, and not any unobserved differences in
student group characteristics.

4.3 Quantile Treatment Effects

To estimate the distributional effects of school VA on student outcomes, we apply
an unconditional quantile approach, as first proposed by Firpo, Fortin, and Lemieux
(2009). Their method utilizes the influence function (IF) tool commonly appropriated
in econometric models: “The IF (Y;qτ ,Fγ) of a distributional statistic υ(Fγ) represents
the influence of an individual observation on that distributional statistic. Adding back
the statistic υ(Fγ) to the influence function yields what we call the recentered influence
function (RIF).” ((Firpo, Fortin, and Lemieux 2009), 954)
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At the qth quantile, the RIF is represented by the following equation:5

RIF (y; yq) = yq +
q − 1(Y ≤ yq)

fγ(yq)
(4)

Here, fγ(yq) is the density of at yq. Assuming a linear relationship between RIF
and the explanatory variables X, this approach can be implemented with an ordinary
least squares (OLS) regression. To this end, we use the Stata command rifhdreg,
dependent on the estimate of the density F(yq).

We also apply a more traditional conditional approach, as first described by
Koenker and Bassett (1978). The conditional quantile function at quantile τ given a
vector of regressors, xi is defined as:

Qτ (Yi|Xi) = F−1
Y (τ |Xi) (5)

This approach estimates the values of the coefficients that minimize the sum of the
absolute deviations between the actual values of the dependent variable and the
predicted values from the quantile regression function (Angrist and Pischke 2009).
Chernozhukov, Fernández-Val, and Melly (2020) extend this original concept while
incorporating less computationally intensive processes in their algorithm, which we
use to produce estimates of conditional QTEs using the Stata command qrprocess.

Although the results for either approach are likely to be similar when the estimated
mean effects are small, Angrist and Pischke (2009) advise caution in interpreting con-
ditional quantiles, particularly by distinguishing effects on the individual versus on
the distribution. Studying conditional QTEs means interpreting coefficients as condi-
tional on the entire outcome distribution. For instance, if we were to hypothetically
observe that a high quality school raises the lower deciles of the wage distribution for
our cohort, we could not suggest that someone who would be poor without attend-
ing a high VA school is now less poor; instead, it must be interpreted that those who
are currently in the lower deciles of wage earnings and attended high quality schools
are less poor than the poor would be who did not attend one (Angrist and Pischke
2009). Essentially, we are unable to know which individuals benefit from treatment.
Unconditional quantile regression estimates, on the other hand, are interpreted like
traditional OLS coefficients. Despite this, Angrist and Pischke (2009) acknowledge that
unconditional quantile regression is rife with theoretical uncertainty and is thus an
ongoing approach being developed through active research. Nevertheless, we prioritize
the unconditional quantile results in our discussion for their interpretability.

For each regression, we obtain estimates by every decile, from the 10th to the 90th.
We include the same vector of student and school covariates that were found in mean
regression estimates.

5 Results

Turning to our analysis and findings, we first consider mean treatment effects on
educational outcomes. Next, we assess school quality’s impact on employment and

5. Equation taken from Cameron and Trivedi (2022)

14



earnings. Then, we briefly discuss estimated effects on miscellaneous outcomes. Finally,
we observe any heterogeneity in treatment effects on income and socioeconomic status
using the QR techniques described previously. Our treatment variable is school VA,
normalized to zero mean and unit standard deviation. All regressions include base
student and school covariates. We also run regressions with and without the inclusion
of family covariates for several outcomes.

5.1 Education Outcomes

Table 3 displays the estimated mean effects of school quality regressed on several
college-related outcomes. The dependent variable displayed in Columns (1) and (2) is
a binary variable that measures whether the individual had ever attended college. One
standard deviation increase in school VA is associated with a 4.49 percentage point
increase in the likelihood of attending college, or a 4.32 percentage point increase after
the inclusion of family background covariates. The second outcome tested in this table
is whether the individual had attended a “highly-selective” four-year postsecondary
institution. “Highly-selective” institutions refer to those whose student body has test
scores that places the university in roughly the top fifth of baccalaureate institutions
(Ingels, Burns, et al. 2005). As seen in Column (3), a one standard deviation increase
in school VA is correlated with a 1.90 percentage point increase in the probability of
attending a “highly-selective” university. Finally, Column (4) presents the estimated
effects for an additional variable that measures whether students received a scholar-
ship during their first year at their first postsecondary institution. It shows a 2.34
percentage point increase in the likelihood of receiving a scholarship for a one standard
deviation increase in VA.

These results indicate statistically significant, yet relatively small effects. School
quality appears to have the largest effect on the probability of attending college, with a
mean college attendance rate of approximately 66 percent. The inclusion of additional
covariates has only a modest effect on point estimates. As evident in Table A1, the
differences in rates of college attendance and attendance of highly selective colleges
between the high VA and low VA are rather limited to begin with, and controlling
for the range of necessary covariates to isolate school VA’s impact only shrinks the
estimated effect further.

5.2 Employment and Earnings Outcomes

Table 4 shows school quality impacts outcomes in the labor market, along a couple
dimensions. First, Columns (1-3) display the relationship between school VA and the
dependent variable, income from employment transformed by an inverse hyperbolic
sine. An inverse hyperbolic sine transformation is used to approximate the natural
logarithm of income while retaining zero-valued observations, for which there are many
(Bellemare and Wichman 2020).6

Income information was collected during the third follow-up, when most of the
participants were around 26 years old. The regression seen in Column (1) reports

6. For a given variable x, the inverse hyperbolic sign can be calculated with the following equation:
arcsinh(x) = ln(x +

√
x2 + 1)
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(1) (2) (3) (4)
Attended a Attended a Attended a Received

VARIABLES Postsecondary Postsecondary Highly Selective Scholarship in
Institution Institution Institution First Year

School value-added 0.0449*** 0.0432*** 0.0190*** 0.0234***
(0.00524) (0.00471) (0.00371) (0.00437)

Constant 0.573*** 0.531*** 0.241*** 0.345***
(0.0381) (0.0625) (0.0569) (0.0647)

Observations 15,892 15,892 15,892 15,892
R-squared 0.118 0.170 0.188 0.061
Baseline controls Yes Yes Yes Yes
Family Controls No Yes Yes Yes

Table 3 Mean Effects on Education Outcomes - OLS Results, with standard errors clustered by
school. The dependent variable in Columns (1) and (2) is an indicator for ever attending a
post-secondary institution. Column (1) removes the controls on family characteristics that includes
number of siblings, family composition, parental education, and household income. Column (3)
indicates attendance of a highly selective institution, referred to those whose first-year students’ test
scores places them in roughly the top fifth of baccalaureate institutions. Column (4) indicates a
grant or scholarship offer in the respondent’s first year of study. ***p<0.01,**p<0.05,*p<0.1

a 18.2 percentage point increase in wages for one standard deviation of VA. Given
that the relationship may not be perfectly linear, we incorporate a quadratic term for
school VA in Column (2); this produces a new coefficient of 17.4 percentage points, but
the quadratic is insignificant. Additionally, Column (3) shows the inclusion of family
controls. Now, a one standard deviation increase in school VA is associated with a 16.6
percentage point increase in wages, statistically significant at the 95 percent confident
level. School quality appears to exhibit a significant impact on future earnings.

The dependent variable in Column (4) is socioeconomic status as of 2011, a com-
posite measured created by ELS that accounts for income, the prestige score associated
with the individual’s latest job, and educational attainment. The measure is stan-
dardized to have a zero mean and standard deviation of one prior to averaging. A
one standard deviation increase in VA is correlated with a 0.0897 standard deviation
increase in socioeconomic composite scores, including parental controls.7

Finally, Columns (5) and (6) display the impact of school quality on whether the
respondent had held a job since leaving high school, as of the second follow-up for (5)
and third for (6). Both have a coefficient of less than two percentage points, indicating
a minimal effect of school quality on job attainment generally. Intuitively, this makes
sense, as job attainment generally seems more contingent on education quantity than
quality; that is, graduating high school (as almost everyone in this cohort did) is likely
a better predictor of an individual’s ability to get a job than the quality of the high
school attended.

7. It is worth noting that the composite measure does not account for the background of respondent’s
spouses or partner. Due to positive assortative matching, it is likely that joint SES is higher.
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(1) (2) (3) (4) (5) (6)
VARIABLES Adult

Income
Adult
Income

Adult
Income

SE Status Job - 2006 Job - 2011

School value- 0.182*** 0.174*** 0.166*** 0.0897*** 0.0150*** 0.0125***
(0.0548) (0.0532) (0.0517) (0.0219) (0.00427) (0.00379)

SVA2 -0.00864 -0.00836
(0.0289) (0.0279)

Constant 5.874*** 5.896*** 4.965*** -1.427*** 0.632*** 0.672***
(0.434) (0.441) (0.788) (0.319) (0.0615) (0.0596)

Observations 15,892 15,892 15,892 15,892 15,892 15,892
R-squared 0.035 0.035 0.047 0.080 0.047 0.042
Baseline controls Yes Yes Yes Yes Yes Yes
Family controls No No Yes Yes Yes Yes

Table 4 Mean Effects on Employment and Earnings - OLS results, with standard errors clustered
by school. The dependent variable in Columns (1-3) is 2011 income from employment transformed
by inverse hyperbolic sine. Column (1-2) omits the controls on family characteristics that includes
number of siblings, family composition, parental education, and household income. Columns (2) and
(3) include a quadratic term for school VA, SVA2. The dependent variable in Column (4) is a
socioeconomic composite measure. This measure is standardized at a 0 mean and 1 SD. The
outcome variable in Columns (5) and (6) is an indicator for whether the respondent had held a job
since leaving high school—first recorded in the 2006 questionnaire, and again in 2011. It is worth
noting that the third follow-up had more missing respondents whose answers were coded as 0 than
the second, likely skewing results slightly. ***p<0.01,**p<0.05,*p<0.1

5.3 Other Outcomes

Table 5 displays the effects of school quality on other outcomes of interest. In Column
(1), the dependent variable is whether the individual is a single parent, with a coeffi-
cient close to zero. Columns (2-4) report the effect on residential mobility, a variable
which produces the distance in miles between the respondent’s residences during two
different time periods. Column (2) reports the difference between residences from the
base year to third follow-up, (3) from the second follow-up to the third, and (4) from
the first follow-up (the cohort’s senior year) to the second.

Generally, these results have a statistically null estimated effect, indicating that
school quality does not appear to be particularly predictive for either outcome. Given
that only a very small portion of the sample are single parents (under three percent),
it is difficult to obtain an unbiased estimator. For the residential mobility measures,
it cannot be ignored that data for one-fourth of the sample is missing, with about
another quarter having a zero-mile difference between their two residences. Because
of this, it is equally hard to get unbiased estimations on the impact of school quality
on individual’s freedom to move.

5.4 Quantile Effects

Now, we move on to a discussion of quantile treatment effects. Fig. 1 displays the
unconditional quantile treatment effect, as estimated using rifhdreg.8 The dependent

8. Current quantile regression methods are not capable of estimating treatment effects on a binary
outcome, limiting the scope of our analysis to continuous variables.
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(1) (2) (3) (4)
Single Res. Mobility Res. Mobility Res. Mobility

VARIABLES Parent F3 vs. BY F3 vs. F2 F2 vs. F1
School value-added -0.00255* -4.953 0.885 1.528

(0.00145) (3.962) (3.940) (1.818)
Constant 0.0170 -28.34 45.71 0.232

(0.0221) (63.98) (57.77) (20.94)

Observations 15,892 15,892 15,892 15,892
R-squared 0.030 0.051 0.047 0.012
Baseline controls Yes Yes Yes Yes
Family controls Yes Yes Yes Yes

Table 5 Mean Effects on Other Outcomes - OLS results, with standard
erros clustered by school. Column (1) indicates respondents who are
currently unmarried or not in a marriage-like relationship, with a biological
or adopted child that lives with them in the household. Columns (2-4)
indicate the distance in miles between the respondent’s base year and F3
residence (2), F3 and F2 residences (3), and F2 and F1 residences (4),
respectively. All regressions include controls on baseline and parental
characteristics. ***p<0.01,**p<0.05,*p<0.1

(log)Adult Income
(1) (2) (3) (4) (5) (6) (7) (8) (9)

School 0.0306 0.240∗∗ 0.364∗∗ 0.0790∗∗ 0.0453∗ 0.0573∗∗∗ 0.0488∗∗∗ 0.0403∗∗ 0.0243∗

value-added (0.0241) (0.0789) (0.121) (0.0267) (0.0203) (0.0167) (0.0147) (0.0134) (0.0112)

Observations 15892 15892 15892 15892 15892 15892 15892 15892 15892

Table 6 Unconditional Quantile Effects on Adult Income –Columns (1-9) represent each decile,
10th-90th. Standard errors clustered by school. The dependent variable is adult income,
transformed by an inverse hyperbolic sine.***p<0.001,**p<0.01,*p<0.05

variable here is again the inverse hyperbolic sine of income. The dark blue line graphed
shows the estimated effect of school VA for an individual at that quantile in the
earnings distribution. The light blue area is the confidence interval at the 95 percent
level. For comparison, the mean treatment effect is displayed as the solid horizontal
line, with dashed lines as the 95 percent confidence intervals. From looking at this
figure, it is evident that the effects of school quality are positive, or perhaps non-
negative, throughout the outcome distribution, but are also heterogeneous.

While the confidence intervals are generous, there is a clear pattern: gains to school
VA are substantially larger on the left of the distribution. Interestingly, the treatment
effect of school quality on income seems most pronounced at the 2nd through 3rd
decile, as displayed in Table 6. This may be the case because at the smallest quantiles,
individuals have absolute incomes of zero and experience no gain from school VA to
income as a result. Regardless, these results suggest that for those at the bottom of the
income distribution, gains from school VA are greater than for those at the top, who
school quality may not benefit much. High-achieving people may thrive no matter what
environment they are put in—whether due to innate ability or some other unobserved
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Fig. 1 Unconditional Quantile Treatment Effects on Adult Income

characteristic—and as such are highly likely to be successful regardless of school qual-
ity. These results are consistent with Dale and Krueger (2014), who find larger impacts
of attending selective universities for lower-income students. A plausible mechanism is
parental involvement: a large body of literature documents the importance of parental
involvement at all levels of education for long-run student success (Park and Holloway
2017; Rowan-Kenyon, Bell, and Perna 2008), and this extra-curricular engagement is
more common among high-income families (Park and Holloway 2017; Sun et al. 2018;
Benner, Boyle, and Sadler 2016; Barnard 2004). Parental engagement then can ‘sub-
stitute’ for low-quality schools, blunting the impact of school value-added for these
students on the right of the distribution. However, for lower-income students, quality
schools can make a substantial difference to their long-run earnings.

Fig. 2, which illustrates the effects on socioeconomic status as captured using
rifhdreg, support the findings from Figure 1. This time, however, gains from school
quality tapers off once near the middle of the distribution, rises between the 60th and
80th percentile, then declines again at high quantiles. The estimated effect is greatest
at the 20th percentile. Those at the very bottom of the socioeconomic status distribu-
tion are impacted minimally by school VA gains; however like Figure 1, this is likely
because the first decile of the distribution has an income of zero, a measure which fac-
tors into the socioeconomic composite score. Once again, parental involvement among
higher-income families may be driving the observed pattern, although selection into
prestigious occupations may be less affected by parental involvement.

School quality may be especially ineffective for improving socioeconomic status at
the top quintiles due to their non-school advantages. Individuals in the upper echelons
of society were likely to be in a high social class regardless of the school they attended,
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Fig. 2 Unconditional Quantile Treatment Effects on Socioeconomic Status

Socioeconomic Status
(1) (2) (3) (4) (5) (6) (7) (8) (9)

School 0.00635 0.0916∗∗∗ 0.0550∗∗∗ 0.0544∗∗∗ 0.0570∗∗∗ 0.0696∗∗∗ 0.0760∗∗∗ 0.0543∗∗∗ 0.0270∗∗

value-added (0.00501) (0.0245) (0.0124) (0.00994) (0.0102) (0.0104) (0.0118) (0.0103) (0.0103)

Observations 15892 15892 15892 15892 15892 15892 15892 15892 15892

Table 7 Unconditional Quantile Effects on Socioeconomic Status — Standard errors clustered by
school. The dependent variable is a socioeconomic composite score. This measure is standardized at
a 0 mean and a unit standard deviation.***p<0.001,**p<0.01,*p<0.05

unlike those near the other tail of the distribution who are more dependent on the
resources and opportunities provided by a quality education. In fact, it appears that
across much of the distribution, the mean estimated effect may be overstating the
actual (local) impact of school quality on gains to socioeconomic status.

Next, we estimate conditional QTEs using the qrprocess command. Fig. 3 dis-
plays an estimate for school quality’s impact on the conditional income distribution.
Here, the maroon line indicates estimated QTEs at each quantile with a 95 percent
confidence interval (light grey area), while the solid and dashed black lines represent
the mean treatment effect and its 95 percent confidence interval. The pattern shown
here is generally similar to the unconditional distribution shown in Figure 1, but with
a more gradual curve and less pronounced peak. Once again, the difference in effects
between the low and high quantiles of the distribution appear to be different and sta-
tistically significant. The largest estimated effect from increased school VA appears
at or around the 30th percentile on the conditional earnings distribution—therefore,
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Fig. 3 Conditional Quantile Treatment Effects on Adult Income

among those who received an additional unit of school quality, the lower range of
earners disproportionately benefits.

Fig. 4 maps school VA’s impact on the conditional socioeconomic composite distri-
bution. Here, the shape is broadly similar to the one presented in Figure 3, but with a
noticeably larger estimated effect at the 20th conditional percentile and a flatter slope
at increasing quantiles. Those at around the 20th percentile, conditional on having
an increased unit of school VA, demonstrate a gain to their socioeconomic composite
score that is higher than the mean treatment effect’s upper bound at the 95 percent
confidence interval. Those beyond the 80th percentile, meanwhile, seem to receive a
reduced (albeit still positive) impact of increased school quality on their socioeconomic
composite score, corroborating the results of the unconditional QR. While overall it
appears that the results from conditional quantile regression provide more conclusive
evidence of heterogeneity in treatment effects, due to the difficulty in interpretation
the unconditional quantile estimation is better suited to provide estimates of distribu-
tional gains from school VA not just conditional on attending a school with VA, but
on the overall distribution.

Finally, we compare differences in quantile treatment effects between subgroups.
Figures 5 and 6 plot estimated effects of VA on income between males and females.
While the pattern between the two is once again similar, there is a drastic difference in
the magnitude of the estimated quantile treatment effect between the sexes. Despite
having a relatively similar, if not slightly lesser, mean treatment effect compared to
women, men at the 20th through 30th percentiles seem to experience sizeable gains to
income. Even with generous confidence intervals—dropping approximately half of the
sample size has increased variance— there appears to be an estimated gain to school
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Fig. 4 Conditional Quantile Treatment Effects on Socioeconomic Status

quality for male earners around the 25th percentile that is more than double the effect
to female earners at the same point in the distribution. While both groups experience
the greatest estimated effect at around the 30th quantile, a one SD increase in school
VA is associated with around a 100 percent increase in earnings for men, compared to
around a 25 percent increase for women.

6 Conclusion

Most existing research on school effectiveness suggests that, on average, high VA
schools positively impact student achievement and influence long-term success. This
study moves beyond mean treatment effects and observes heterogeneity in the impact
of school VA on key outcomes in adulthood, including earnings from employment and
socioeconomic status. While individuals of all levels of success appear to benefit from
attending high quality schools, school VA appears to be most beneficial for those close
to the bottom of the outcome distribution. Furthermore, this heterogeneity differs
along gendered lines: men see significantly higher spikes in estimated effects on income
at around the 25th percentile. Our analysis indicates that subgroup analyses for mean
effects may inadequately capture the relevant distributional effects of school quality,
and that quantile regression approaches have their role in VA research.

There may be opportunity for further research. As mentioned by Chetty, Friedman,
and Rockoff (2014b), adopting a similar quantile regression methodology to teacher
VA could help reveal which teachers are effective at working with high or low achiev-
ing students. Given that some research suggests that teacher quality may be the most
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Fig. 6 Unconditional Quantile Treatment Effects on Adult Income for Males

important individual input to achievement (Hanushek 2011), knowing teachers’ distri-
butional impacts on student outcomes may improve classroom assignments and bring
up overall VA. It is also worth noting that the surveyed student cohort attended college
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and entered the workforce during a particularly turbulent time, the 2008 Great Reces-
sion. It is possible that during this time, broader macroeconomic conditions played a
greater role in labor market sorting, dampening gains to school quality for the upper
tail of earners. Some evidence suggests that this is not the case, with wage growth
appearing most stagnant for the middle quantile of earners (Smeeding 2012). Still, our
findings should be interpreted in the context of the recession, with additional research
needed to determine the long-term impacts on outcomes beyond this period.

While these findings are encouraging, they present problematic implications for
policy. To best serve disadvantaged students, one proposal is the increased promotion
and distribution of school voucher programs, which offer families the opportunity to
send their children to private or charter schools in the area. On one hand, this has the
potential to match disadvantaged students to high quality teachers and grant them
access to high-aptitude peers. These students stand to disproportionately benefit from
attending better schools. On the other hand, voucher programs fundamentally benefit
a select few, redistributing tax dollars away from already-struggling schools to help
a limited number of voucher recipients. Therefore, underlying the debates on helping
needy students is a deep tension between individual and collective well-being. Although
this paper does not claim to solve the contradictions at the heart of education reform,
it is ultimately encouraging that quality schools can make a positive impact in the
lives of their worse-off students.
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A Appendix

A.1 Descriptive Statistics

(1) (2) (1)-(2)
Low VA High VA Pairwise t-test

Variable Mean/(SE) Mean/(SE) Mean difference

Adult Income 20997.573 21974.961 -977.389*
(343.164) (379.198)

Socioeconomic status -0.832 -0.689 -0.142***
(0.032) (0.032)

Attended PS Institution 0.627 0.689 -0.062***
(0.010) (0.010)

Attended highly selective PS 0.169 0.209 -0.040***
(0.009) (0.011)

Ever held a job-2006 0.794 0.804 -0.010
(0.006) (0.006)

Ever held a job-2011 0.796 0.812 -0.016**
(0.005) (0.006)

Single parent 0.030 0.026 0.004
(0.002) (0.002)

Residential Mobility - F3 vs BY 156.127 145.532 10.595
(7.540) (7.360)

Number of observations 8469 7423 15892
Number of clusters 405 346 751

Table A1 Descriptive Statistics for Outcomes in Adulthood—-Descriptive statistics,
with standard errors clustered by school.

A.2 Probit Regressions

This section presents probit regression results, as a robustness check for our mean
regression findings which use a linear probability model. Complementing findings in
the main paper, probit regressions were run for all relevant binary outcome variables.
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(1) (2) (3) (4)
Attended a Attended a Attended a Received

VARIABLES Postsecondary Postsecondary Highly selective Scholarship in
Institution Institution Institution First Year

School value-added 0.0449*** 0.131*** 0.0926*** 0.0727***
(0.00524) (0.0141) (0.0188) (0.0142)

Constant 0.573*** 0.0769 -0.612** -0.405**
(0.0381) (0.180) (0.262) (0.196)

Observations 15,892 15,892 15,885 15,892
R-squared 0.118
Baseline controls Yes Yes Yes Yes
Family controls No Yes Yes Yes

Table A2 Probit Regression analogue to Table 1’s OLS results, with standard errors
clustered by school. The dependent variable in Columns (1) and (2) is an indicator for ever
attending a post-secondary institution. Column (1) omits the controls on family
characteristics that includes number of siblings, family composition, parental education, and
household income. Column (3) indicates attendance of a highly selective institution, referred
to those whose first-year students’ test scores places them in roughly the top fifth of
baccalaureate institutions. Column (4) indicates a grant or scholarship offer in the
respondent’s first year of study.

(1) (2) (3)
VARIABLES Job-2006 Job-2011 Single Parent

School value-added 0.0541*** 0.0446*** -0.0347*
(0.0141) (0.0130) (0.0189)

Constant 0.286 0.382** -2.046***
(0.193) (0.193) (0.377)

Observations 15,885 15,892 15,781
Baseline controls Yes Yes Yes
Family controls Yes Yes Yes

Table A3 Probit Regression analogue to Table 2’s OLS results,
with standard errors clustered by school. Column (1) and (2)
indicate whether the respondent had held a job since leaving
high school—first recorded in the 2006 questionnaire, and again
in 2011. Column (3) indicates respondents who are currently
unmarried or not in a marriage-like relationship, with a
biological or adopted child that lives with them in the
household. All regressions include controls on baseline and
parental characteristics. ***p<0.01,**p<0.05,*p<0.1
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A.3 Mean Outcomes by Subgroup

This section of the appendix expands on our analysis by calculating mean impact by
subgroup. To ensure that quantile treatment effects specifically capture heterogeneity
across demographic groups, we run standard OLS regressions and restrict the sample
to various subgroups discussed in the paper: men, women, black students, and white
students.

Interestingly, women appear to have a slightly greater estimated average gain to
earnings from school quality compared with men. Black students on average continue
to see significantly fewer gains to earnings from school quality compared to their white
peers, although the sample of Black students in the ELS survey is relatively small.

(1) (2) (3) (4)
VARIABLES Female Male Black White

School value-added 0.196*** 0.166** 0.00285 0.177***
(0.0601) (0.0795) (0.113) (0.0607)

Constant 4.751*** 4.317*** 2.918 1.757
(1.273) (1.376) (2.057) (1.914)

Observations 7,666 7,578 2,020 8,682
R-squared 0.057 0.050 0.070 0.052
Baseline controls Yes Yes Yes Yes
Family controls Yes Yes Yes Yes

Table A4 Mean Impacts by Demographic Group—OLS Results,
with standard errors clustered by school. Dependent variable is
adult income, transformed by an inverse hyperbolic sign. ***
p<0.01, ** p<0.05, * p<0.1
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A.4 Quantile Regression Results

In this section, we display the unconditional quantile regression results for the demo-
graphic groups discussed in the main paper. Tables A6 and A5 show the output for
unconditonal quantile regression results on adult income for women and men. For the
graphs illustrating these findings, refer to Figures 5 and 6 in the main paper. Tables
A7 and A8 do a similar exercise for Black and White students, respectively, with the
graphs shown in figures A1 and A2, although the sample of nonwhite students in the
ELS:2002 survey is too small for credible quantile analysis.

(log)Adult Income
(1) (2) (3) (4) (5) (6) (7) (8) (9)

School 0.0410 0.174∗∗ 0.249∗∗ 0.0894∗∗ 0.0567∗ 0.0480∗ 0.0511∗∗ 0.0432∗∗ 0.0195
value-added (0.0247) (0.0644) (0.0952) (0.0301) (0.0220) (0.0208) (0.0170) (0.0159) (0.0143)

Observations 7666 7666 7666 7666 7666 7666 7666 7666 7666

Table A5 Unconditional Quantile Effects on Adult Income for Women — Standard errors
clustered by school. The dependent variable is (log)adult income. ***p<0.001,**p<0.01,*p<0.05

(log)Adult Income
(1) (2) (3) (4) (5) (6) (7) (8) (9)

School 0.0223 0.0223 1.017∗ 0.0554 0.0435 0.0720∗∗ 0.0550∗ 0.0353 0.0348
value-added (0.0369) (0.0369) (0.508) (0.0399) (0.0305) (0.0268) (0.0250) (0.0254) (0.0185)

Observations 7578 7578 7578 7578 7578 7578 7578 7578 7578

Table A6 Unconditional Quantile Effects on Adult Income for Men — Standard errors clustered
by school. The dependent variable is (log)adult income. ***p<0.001,**p<0.01,*p<0.05
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Fig. A2 Unconditional Quantile Treatment Effects on Adult Income for Whites
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(log)Adult Income
(1) (2) (3) (4) (5) (6) (7) (8) (9)

School 0.0411 0.0411 -0.0705 -0.00312 -0.0657 -0.0675 0.0137 0.0366 -0.0581
value-added (0.0415) (0.0415) (0.187) (0.0987) (0.0697) (0.0615) (0.0564) (0.0484) (0.0425)

Observations 2020 2020 2020 2020 2020 2020 2020 2020 2020

Table A7 Unconditional Quantile Effects on Adult Income for Blacks—Standard errors clustered
by school. The dependent variable is (log)adult income. ***p<0.001,**p<0.01,*p<0.05

(log)Adult Income
(1) (2) (3) (4) (5) (6) (7) (8) (9)

School 0.0145 0.142∗ 0.127∗ 0.0615∗∗ 0.0503∗∗ 0.0352∗∗ 0.0469∗∗∗ 0.0363∗∗ 0.0206
value-added (0.0140) (0.0550) (0.0636) (0.0229) (0.0179) (0.0132) (0.0123) (0.0110) (0.0113)

Observations 8682 8682 8682 8682 8682 8682 8682 8682 8682

Table A8 Unconditional Quantile Effects on Adult Income for Whites—Standard errors clustered
by school. The dependent variable is (log)adult income. ***p<0.001,**p<0.01,*p<0.05
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