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Abstract

Using a longitudinal panel of students’ standardized test scores and college enrollment records in
California, we estimate high school impacts on test score performance, post-secondary enrollment, and
the relationship between the two. We estimate two measures of school quality — a base model measuring
each school’s “total” contribution to student outcomes and a second measure which isolates the “mal-
leable” component of school quality accounting for peer, neighborhood, and family quality. Results show
substantial variation in quality across schools in both test scores and college enrollment. A one-standard
deviation increase in total school quality is associated with a 0.15 standard deviation increase in stan-
dardized test scores and a 9.9 percentage point increase in four-year college enrollment, although these
impacts shrink considerably (0.10 s.d. & 4.8 p.pts.) when isolating the malleable component of school
quality. Importantly, our results show that test score impacts “persist” to college enrollment. Higher
test score value-added schools increase college enrollment across multiple margins — lower-ability students
move from no college to two-year colleges while higher ability students move from two-year to four-year

colleges.
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1 Introduction

The notion that “schools matter” is the rationale behind many types of education policies. For instance,
policies that expand school choice and that establish school accountability systems emerge from the idea that
access to high-quality schools and the incentives faced by schools have important consequences for students’
educational outcomes. Moreover, policies and programs (e.g., school funding, or curricular materials) are also
differently effectuated depending on school quality. Similarly, the widespread perception of the importance
of schools has been the catalyst behind recent efforts to redraw school attendance zone boundaries and
priorities for assigning students to oversubscribed schools (Goldstein, 2018; Veiga, 2021).

A number of recent studies have estimated school effects on student outcomes using quasi-experimental
variation in settings with centralized school assignments and lotteries for oversubscribed schools (examples
include Angrist et al. (2017, 2021); Abdulkadiroglu et al. (2017, 2022); see Angrist, Hull and Walters (2022)
for a review of recent advances in this literature). While these studies have produced valuable insights on
school effects, these methods are not feasible in contexts without centralized school assignment. This has
made it challenging to estimate the impacts of schools for the schools attended by the vast majority of
students in the United States. Several studies show that observational “value-added” methods that control
for incoming student test scores perform fairly well for estimating impacts on test scores (Deming, 2014;
Angrist et al., 2017). However, there remain important concerns about the validity of this approach when
examining other crucial outcomes, such as college enrollment, for which there are no lagged outcomes. As
such, it difficult to ascertain the effect of schools on longer-run outcomes that may be more closely tied to
lifetime well-being. In particular, even though policies such as school accountability often emphasize test
scores when evaluating schools, it remains unclear whether schools’ impacts on test scores “persist” to longer-
run outcomes such as college enrollment.> And of course test scores are not the only, or even main, goal of
schooling. Whether and how school quality influences longer-run outcomes, such as college attainment, is
not well understood.

In this paper, we use rich statewide data from California that links K-12 student records to information on
college enrollment to examine schools’ contribution to test performance, post-secondary schooling outcomes,
and the degree to which schools’ impacts on test scores affect post-secondary outcomes. We begin by
estimating the effect of high schools on 11th grade math and English tests using value-added models by

adapting the procedure Chetty, Friedman and Rockoff (2014) use to estimate teacher effects.? We then

1For instance, some have argued that any effect schools have on test scores might simply reflect “gaming” by schools (e.g.,
focusing on test preparation or manipulating the set of students taking the tests). Numerous studies have examined evidence
of gaming as a response to school accountability (Figlio and Winicki, 2005; Jacob, 2005; Dee, 2005; Neal and Schanzenbach,
2010; Dee, Jacob and Schwartz, 2013; Figlio and Rouse, 2006; Reback, 2008; Chiang, 2009; Rockoff and Turner, 2010)

2Value-added models were developed by researchers attempting to estimate teacher effectiveness, and a large literature
examines the validity of value-added models in this context (see for exampleRothstein (2017, 2010); Chetty, Friedman and



estimate value-added models using postsecondary enrollment in either a two-year or four-year college as the
outcomes to measure school e ects on college-going.

For both sets of outcomes, we estimate two classes of value-added models. Our base model controls for pre-
high school test scores and student demographics. These are standard covariates available in administrative
school records and have been used to estimate school value-added in other studies (Willms and Raudenbush,
1989; Meyer, 1997; Everson, 2017; Kane and Staiger, 2008; Chetty, Friedman and Rocko, 2014; Deming,
2014; Angrist et al., 2017). The second model goes beyond the typical controls and includes a much richer
set of covariates. Using student name and home address, we construct measures of neighborhood quality,
proximity to colleges, and sibling characteristics. We also include school-level averages of these covariates to
account for peer characteristics (Altonji and Mans eld, 2018). The estimates from the base model serve as a
useful benchmark for comparability to other estimates in the literature as well as estimates from our models
with richer sets of controls. The base model also incorporates potential peer and neighborhood e ects that
may contribute to a school's \total" e ect. However, the second model is less prone to omitted variables
bias from student sorting to schools. Furthermore, since peer and neighborhood e ects are largely not under
the control of schools, the second model helps isolate school e ects driven by factors more \malleable" to
school practices (e.g., teacher e ectiveness, school disciplinary practices), and are likely more appropriate
for school accountability purposes.

We present a number of tests of the identifying assumptions underlying each model, including \forecast
bias" tests that examine the correlation between estimated value-added and covariates excluded from the
value-added model. A key advantage of the rich set of controls we have available is that it allows us to control
for many key omitted variables while still retaining \leave-out" variables that we can use to evaluate whether
estimated value-added is correlated with excluded omitted variables. These tests are especially valuable for
college enrollment where lagged outcomes cannot be used as a control and the selection-on-observables
assumption may be less plausible.

Having estimated short- and long-run value-added and examined the validity of these estimates, we then
examine the link between test score value-added and postsecondary enrollment. First, we see if schools that
generate test score gains also generate positive impacts on postsecondary outcomes. The degree to which test
score and postsecondary value-added are imperfectly correlated is informative about the multidimensionality
of school quality (Beuermann et al., 2023; Abdulkadirgylu et al., 2020) and whether policies that focus on
test scores miss important components of school e ectiveness (Jennings et al., 2015). Second, we estimate
postsecondary value-added models that control for test score value-added. The coe cient on test score value-

added provides information about whether test score gains attributable to a student's high school \persist”

Rocko (2014); Bacher-Hicks, Kane and Staiger (2014); Bacher-Hicks et al. (2017)).



to longer-run outcomes. We also explore how this relationship varies by academic ability (measured by pre-
high school test scores) and di erent postsecondary enrollment margins (i.e., no college to two-year college
and two-year college to four-year college).

Finally, we examine potential mechanisms driving variation in school e ectiveness using data from parent
and student climate surveys. In particular, we estimate the relationship between estimated value-added and
contemporaneous perceptions of school climate, teacher and sta quality, and counseling support. In addition
to helping understand potential mechanisms, these results provide an additional validity check of the value-
added estimates as these survey measures o er an alternative measure of school quality based on perceptions
of parents, students, and sta .

Our ndings suggest that schools make important contributions to both test scores and college going.
A one standard deviation increase in the estimated \total" school e ectiveness in our base value-added
model is associated with a 0.15 standard deviation increase in test scores and a 9.9 percentage point increase
in the likelihood of attending a four-year college. In models that control for the richest set of covariates
(including peer, sibling, and student neighborhood controls), these impacts shrink substantially to 0.10
standard deviations and 4.8 percentage points, respectively. We also nd strong evidence that test score
impacts \persist" to postsecondary outcomes. A one-standard deviation increase in a school's math test
score value-added is associated with a 1.6 to 3.6 percentage point increase in four-year college enrollment,
while the association with two-year enrollment is close to zero and negative in some speci cations. When
examining heterogeneity in persistence by pre-high school test scores, we nd this latter result is driven by
higher value-added schools increasing college enrollment across multiple margins { lower ability students
move from no college to two-year enrollment and higher ability students move from two-year to four year
enrollment.

The validity of our analysis rests on whether estimated value-added re ects causal school e ects or bias
from sorting of students to schools. We show that our base value-added estimates on test scores have only
minimal correlation with both excluded lagged test scores and sibling college-going. Further, when we control
for peer means of the controls in the base model, there is only minimal correlation between estimated value-
added and neighborhood quality. We interpret these results as providing support for the strong \selection
on observables" assumption required for the validity of the value-added estimates in models that control
for peer averages of standard coviariates used in value-added models. Furthermore, the correlation between
the value-added estimates in models with the base and richest set of controls is about 0.9, suggesting the
base model produces similar estimates to the model with the richest controls. These ndings are consistent
with research that nds that test score value-added models that control for lagged achievement and student

demographics eliminate much of the selection bias and are useful for evaluating school performance (Angrist



et al., 2017; Deming et al., 2014; Angrist et al., 2021).

For postsecondary enrollment, however, the base-valued estimates are strongly correlated with a student's
own-neighborhood quality, proximity to the nearest public two and four-year college, and older-sibling college-
going. These are factors outside of the control of school administrators and that signi cantly in uence student
outcomes, which implies that the base value-added models likely provide a misleading picture of schools'
e ects on college going. However, when we control for sibling college going, neighborhood quality and
school peer averages of the included controls, we nd that proximity to college is nearly uncorrelated with
four-year college value-added and only weakly correlated with two-year college value-added. Adding peer
averages to the base speci cation alone also reduces most of the correlation between estimated value-added
and neighborhood quality. Altogether, these results suggest that using a rich set of covariates in value-added
models may be su cient to generate estimates that are re ective of actual school impacts on postsecondary
enrollment.

Finally, our results examining student and parent perceptions of school climate, teacher and sta quality,
and the level of counseling support are positively correlated with schools that are better at improving
shorter-run test-score outcomes and longer-run four-year college enroliment. Additionally, similar to our
persistence results, value-added on two-year college enroliment is negatively correlated with parent and
student perceptions of school quality. As such, in addition to providing evidence on the potential mechanisms
driving school quality, these results provide a validation of our value-added estimates.

Our study contributes to a growing literature on estimating school quality using value-added methods
(see Angrist, Hull and Walters (2022) for a review of this work). Several recent studies use quasi-random
variation arising in settings with centralized school assignment or lotteries for oversubscribed schools (Angrist
et al., 2017; Beuermann et al., 2023; Abdulkadirglu et al., 2020; Angrist et al., 2021). While these studies
produce well-identi ed estimates of school impacts, the methods they employ cannot be used to measure
school e ectiveness in the vast majority of schools in the United States where centralized school assignment
and admissions lotteries remain rare. Our paper takes an alternative approach, which is to compare estimated
school impacts from conventional value-added models to those that control for a much richer set of controls
(e.g., peer and neighborhood characteristics) than have been used in most prior studies. Although the
validity of our estimates requires stronger assumptions than those based on quasi-experimental variation
in school assignments, our approach can be applied broadly and our results arguably have greater external
validity.

This paper also builds on other studies that have examined school impacts on non-test score outcomes
and the relationship between impacts on test scores and impacts on non-test score outcomes. Dobbie and

Fryer (2020) nd that Texas charter schools that reduce test scores also reduce labor market earnings, while



those that increase test scores have no detectable e ect on earnings. Jackson et al. (2020) estimates the
e ect of Chicago high schools on self-reported measures of socioemotional development and relates these to
estimates of schools' e ects on test scores and longer-run outcomes. Other studies have found that school
impacts on high school test scores are positively correlated with school impacts on longer-term outcomes
including college enrollment and earnings (Altonji and Mans eld, 2011; Hubbard, 2017; Jennings et al., 2015;
Mbekeani et al., 2023). Finally, Deming et al. (2016) nd that students subjected to strong accountability
pressure in Texas experienced signi cant test score gains as well as improved longer-run outcomes, while
lower-scoring students su ered negative e ects. Our study contributes to this literature by showing that the
relationship between school-level test score impacts and longer-run outcomes varies across student ability,
and by demonstrating that estimates of impacts on long-run outcomes are sensitive to the covariates used
to control for student sorting to schools.

Finally, we contribute to the literature on the factors that drive school quality. Education scholars have
long been interested in the practices that characterize e ective schools (see Coleman et al. (1966); Phillips
(1997); Purkey and Smith (1983); Sammons et al. (1995) for a review of this research). Several recent studies
have examined the practices and attributes associated with positive charter school impacts (Angrist, Pathak
and Walters, 2013; Hoxby and Murarka, 2009; Dobbie and Fryer Jr, 2013). A number of studies have used
survey data to generate measures of school contexts and related these to student outcomes (Dobbie and
Fryer Jr, 2013; Kraft, Marinell and Shen-Wei Yee, 2016; Bloom et al., 2015; Davis and Warner, 2018). Our
analyses relating estimated school impacts to survey-based measures of school contexts focus on a much
broader set of schools than the charter and urban schools examined in earlier work. In addition, we examine

how measures of school contexts correspond to school impacts on postsecondary schooling outcomes.

2 Data

Our dataset consists of four 11th-grade cohorts of students from 2014-15 through 2017-18 who attended
California public high schools and took the Smarter Balanced Assessment Consortium (SBAGC)tests in
mathematics and English Language Arts (ELA). In total there are nearly two million students in our data
who attended one of California's roughly 1,400 public high schools.

We place a series of restrictions on the analytic sample similar to those found in other school value-added
studies. First, we only include schools in the analysis that serve traditional high school grades (since our
empirical approach uses middle school test scores as controls and we do not want the lagged test scores

to be from the same school as their 11th-grade school), enroll at least 10 students, and are conventional

3Scores on the SBAC tests are part of California's accountability system and all public-school students take these tests in
grades 3-8 and grade 11.



high schools?* Next, we only include students with non-missing high school test scores as well as pre-high
school test scores and demographic variables used as controls in the value-added models (e.g., race, economic
disadvantage and special education status). For students who repeat 11th grade, we use scores from the
earliest instance of that grade. For the pre-high school ELA test scores we use scores from 8th gratidsor
mathematics, we have to use sixth-grade scores because that is the last grade in which all students took the
same mathematics exanf. After imposing these restrictions, the nal sample used to estimate value-added
consists of over 1.2 million students. Online Appendix A: provides additional information on the restrictions
imposed when creating our samples.

Information on postsecondary enrollment comes from linking students in our sample to college enrollment
records from the National Student Clearinghouse (NSC). We focus on initial enroliment following high school,
and de ne a student to have enrolled in a college if they are observed attending college in the NSC data within
two years of 11th grade (i.e. within one year of graduating high school). The analyses below distinguish
between enrollment at a four-year and two-year college, with students enrolling in both a two- and four-year
college coded as a four-year college enrollee.

We use student-level home addresses and names to augment these data in two important waygsirst, we
construct sets of siblings by matching students who share a home address and surname in a given year and
then linking all students who share a common sibling. Second, we geocode the student addresses in order to
construct measures of college proximity and link students to Census tracts. Speci cally, we match a student's
address in sixth grade to average Census-tract characteristics, such as income, education, and race. For
college proximity, we compute the minimum distance to public two- and four-year colleges in California, which
has been shown to be strongly predictive of college enrollment and college choice (Card, 1993; Mountjoy,
2022). As described below, we use these additional sibling, neighborhood, and college proximity measures to
conduct validity checks and to estimate models while controlling for peer, neighborhood and family controls.
To our knowledge, this is the rst study to incorporate neighborhood-of-residence and sibling-level controls
when estimating school quality, which we nd economically important when estimating the quality of a
school that is subject to administrative control.

Sample means for the samples we use in our study are reported in Table 1. The rst column contains

values for the full population of 11th grade test-takers. The second column has data for the \base" value-

4Examples of non-conventional schools include special education centers and juvenile court schools.

5California did not administer tests in the 2013-2014 school year as they were transitioning to SBAC from the former
California Standardized Test (CSTs) used for accountability, so we use 7th grade ELA scores for the 2016-2017 11th-grade
cohort.

8For the cohorts in this study, the pre-high school math scores come from the test used prior to the adoption of the SBAC
test, which had 7th and 8th grade math assessments that were tied to the mathematics course a student was taking. All
6th graders took the same test. However, students take standardized mathematics tests under the SBAC that are directly
comparable across students, so we use eighth-grade mathematics test scores for the 2018 cohort.

7Student addresses were only available in our test score data during the 2002-2003 to 2012-2013 academic years.



added sample with the restrictions described above. The third column is for the subsample with data on
older siblings and neighborhood quality. Panel A shows summary statistics for our four cohorts of 11th-grade
test takers. With the exception of cohort size, the variables in Panel A are the dependent variable (current
z-score) or independent variables included in the \base model" version of equation 1.

Mirroring the demographics of the state of California, students in our sample are racially and economically
diverse. Comparing the values in the rst and second column indicates that students in the base value-
added sample have higher prior test scores and are more socioeconomically advantaged in a number of
characteristics. For instance, average math scores column 2 are 0.16 standard deviations higher than in the
full sample. These patterns are accentuated when dropping students missing the sibling and neighborhood
guality measures. The fact that our value-added sample is positively selected is not surprising and is similar
to the large teacher value-added literature that also relies on linking students to prior test scores (Chetty,
Friedman and Rocko , 2014).

Table 1 Panel B shows postsecondary-enrollment summary statistics for the students in our base sample
who we linked to NSC outcomes as well as the students excluded from our base sample who we linked to
NSC outcomes® College going rates in California are quite high, with 35 percent of all 11th-grade test takers
enrolling in a two-year college the year after scheduled high school graduation, and 28 percent attending a
four-year college. College-going rates among students we use in the value-added estimation are higher; in the
most restricted sample (column 3), 36 percent of students attend a two-year college and 37 percent attend

a four-year college.

3 Methods

We use a value-added framework to estimate school e ectiveness on shorter-run test score outcomes and
longer-run college going outcomes. Value-added on test scores is important since test scores are the primary
metrics used in school accountability systems, while value-added on college-going provides an indication of

how a school a ects student's longer-run well-being.

3.1 Estimating value-added

To measure each high school's value-added on student's outcomes, we rst consider the following base model:

Yist = o+ 1Xist + t+|st+{§+ ist} 1)

Uist

8The sample size for the postsecondary outcomes is slightly smaller than the sample used to estimate test score value-added
because some records were not able to be linked to data from the National Student Clearinghouse.



whereYig is studenti's outcome (e.g., 11th grade test score or college enroliment) in schoslnd yeart. Xig

is a vector of controls including prior test scores, student age, and indicators for gender, race and ethnicity
(Hispanic/Latino, white, Asian, black, \other"), economic disadvantage, limited English pro ciency, and
disability. For prior test scores, we use cubic polynomials in 8th-grade ELA scores and 6th-grade math
scores. The ; are year xed e ects for each of the four cohorts in our sample. The error termuis; is
comprised of three components: school-by-year value-added,, a school-by-year common shockg, and a
student-speci ¢c random term g .

The goal of this model estimation is to isolate ¢, which provides a yearly measure of a school's total
contribution to student outcomes beyond what would be expected given a student's demographic charac-
teristics and prior test scores. We refer to this parameter as the \total e ect" of schools. A component of
this total e ect is driven by factors controlled (or at least in uenced) by school administrators including
teacher quality, class size, and the quantity and quality of school support personnel (e.g., counselors). It
also includes a component that arises from factors that are less malleable to the decisions of school leaders
including peer composition and neighborhood e ects (Altonji and Mans eld, 2018).

We start with this base model for two reasons. First, the controls included in the base model are similar
to those used in other studies that use \observational" value-added models, as they are available in a typical
district or state-level education dataset. Thus estimates from this model provide a useful benchmark that
can be compared to other estimates in the literature, and could be estimated by policymakers interested
in measuring school e ectiveness. Second, this parameter is useful whenever the school e ect of interest
includes the in uence of factors over which school administrators have little or no control. For instance, a
parent seeking schools that would generate good outcomes for their children might be interested in a school's
e ect inclusive of peer and neighborhood e ects.

We are also interested in isolating the malleable component of school quality. This would be the parameter
of most relevance for school accountability and for evaluating the e ectiveness of a school's administrators
and sta . To estimate this type of e ect, we need to further control for peer, neighborhood and family factors
that are largely outside the control of school administrators. To do so, we re-estimate our base model while
additionally including a vector of peer, neighborhood, and family controls. To control for neighborhood
characteristics, we control for characteristics of the student's Census tract including measures of income,
race/ethnicity and educational attainment of Census tract residents® To control for family characteristics,

we control for indicator variables measuring whether an individual's older sibling enrolled in either a two-year

9Speci cally, we matched student addresses in sixth grade to their speci ¢ Census tract which we then link to the American
Community Survey (ACS). The variables we include to control for neighborhood characteristics are percent Asian, percent
Hispanic, percent Black, proportion high-school dropout, proportion with a bachelor's degree or higher, the percent of families
with children under the age of 18 in poverty, and median household income.



or four-year college. Finally, to control for peer quality at the school, we include school-by-grade-by-year
means of all the individual control variables in the model.

An important contribution of this study is our ability to compare estimates from the base value-added
model (i.e., what parents care about) to our fully speci ed model. If the estimates are highly correlated,
this would indicate the base value-added model is a useful metric for both parents choosing schools and for
school accountability. It would also provide support for the validity of widely-estimated school value-added
models as a metric to measure the e ectiveness of school administrators. Conversely, if the correlation is
weak (or negative), this indicates that the standard base value-added model should be avoided in assessing
school quality for accountability purposes.

For both sets of models, we employ the value-added with drift procedure developed in Chetty, Friedman
and Rocko (2014) for estimating teacher e ectiveness!® The rst step involves estimating Equation (1)
and computing the residuals (which we refer to as \student performance residuals”). We then collapse the

student performance residualsu;s; to the school by year level:

1 Nt
Ust:Ni [ st+ sttt ist]
Stj=g
= sttt st ixﬂ ist (2)
Nt

stt sttt st

where Ng; is the number of 11th-grade students in schook in year t. Under the assumption that iy is a
mean zero error term and that students do not sort to schools on unobservable characteristics, we have that
E[ istjst] = E[ ist ] = 0, thus the average student performance residual at each school in each yeag will
converge to zero.

In order to reduce the variation due to common shocks ¢, our value-added estimates are the predicted
value from a regression ofug; on ugo, Where ugo is the vector of ugo for all t°6 t. By construction, the
common shocks are uncorrelated with school value-addedc@\ <t; <o) = 0) and the common shocks are
assumed to be uncorrelated across timecp\( s;; sto) = 0). Therefore, this functions as the rst stage of an
instrumental variables regression in which we isolate variation in g while eliminating variation in . The
variation in s under this methodology comes from the assumption that school value-added is correlated
from year to year (cov «; sto 6 0)), which is likely given that most schools will not experience complete

faculty and sta turnover between years. Chetty, Friedman and Rocko (2014) and Naven (2022a) provide

101n practice, Chetty, Friedman and Rocko (2014) is a reweighted version of Carrell and West (2010).
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additional methodological details.?

3.2 Validity of Value-Added Estimates

The validity of the base value-added measures depends on the strong assumption that, after controlling
for pre-high school (i.e. lagged) test scores and student demographics, variation in high school outcomes
(e.g. test scores or college going) across schools re ects the in uence of schools and not omitted variables.
This assumption has been criticized in the teacher e ectiveness literature by Rothstein (2009, 2010, 2017),
though test score teacher value-added models have been shown to perform well when controlling for lagged
achievement (Chetty, Friedman and Rocko , 2014; Kane and Staiger, 2008). Similarly, while recent studies
show that school value-added estimates based on observational methods are useful for policymakers, some
studies show that these estimates have some bias, even when controlling for lagged achievement Angrist
et al. (2017).

To assess the validity of our school value-added estimates, we follow Chetty, Friedman and Rocko
(2014) and Rothstein (2017) and perform speci cation and forecast bias tests on our value-added estimates.
Speci cally, the speci cation test examines whether a change in estimated school value-added corresponds
to a one-for-one change in student outcomes. If instead there is a larger or smaller than one-for-one change
in student outcomes associated with a change in school value-added it would suggest that the value-added
estimates are biased. Below we present speci cation tests for both our shorter-run outcomes (i.e. test score
value-added) as well as our longer-run outcomes (i.e. two- and four-year college going value-added).

In contrast, the forecast bias test examines whether our value-added estimates are correlated with pre-
high school measures (e.g. prior test scores) that are not included in our base value-added modelIf our
school value-added estimates are uncorrelated with these excluded or \hold-out" variables, it suggests that
any bias from omitted variables would have to be from factors that are themselves uncorrelated with the
hold-out variables. For the forecast bias tests, as with Chetty, Friedman and Rocko (2014), we start by
using (further) lagged ELA scores as our hold-out variable. For test score value-added, we believe this is a
reasonable approach since the hold-out variable is a highly correlated lagged dependent variable. However,
for our models estimating college-going value-added, an obvious concern is that using lagged test scores as

the hold-out variables is a weaker test, since we are no longer using a lagged dependent variable as the hold

110ur value-added estimates di er slightly from Chetty, Friedman and Rocko (2014) and Naven (2022 a) because our esti-
mates do not include a school xed e ect when estimating equation (1), which would account for potential correlation between
school value-added and the demographic characteristics of students. This is because we want to use across-school comparisons
when controlling for test score value-added when estimating school value-added on long-run outcomes that operates indepen-
dently of test scores in Table 5. Test score value-added estimates that include a school xed e ect in equation (1) have a
correlation of 0.99 with the value-added estimates used in this paper.
cov (st i st)

12The coe cient from the forecast bias test is an estimate of the value of var (")
st
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out.!® Since there is no lagged outcome for postsecondary enroliment, we use two factors which are strongly
predictive of college enroliment as our hold-out variables for college-going value-added. One is geographic
proximity, speci cally, the linear distance from a student's high school to the nearest public two- and four
year college (Card, 1993; Mountjoy, 2022). The second are indicator variables for whether the student's

older sibling attended a two- or four-year college.

4 Results

4.1 Test Score Value-Added

Panels A and B of Table 2 present results for our estimates of ELA and mathematics test score value-
added, respectively. Each column represents a di erent combination of sample and controls, starting with
the least restrictive base model to the most restricted model controlling for peer, neighborhood and family
controls. Row 1 shows the standard deviation of the estimated test score value-added across our various
speci cations, which is a measure of variation in schools' contribution to test scores. The standard deviation
in test score value-added (~) in the base model is 0.146 for ELA and 0.151 for mathematics. These results
indicate that a one-standard deviation increase in school e ectiveness on test scores is associated with an
increase in average student test scores of about 0.15 standard deviations of the student standardized test
score distribution. These magnitudes are similar to estimates of school e ectiveness from other setting4.
Column 2, row 1 shows the standard deviation of value-added when restricting the sample to those
students who have information on the full set of covariates (speci cally older sibling college-going, additional
lagged test scores, and student neighborhood characteristicdy. In this sample, the standard deviation for
both ELA and math value-added declines slightly to 0.122 and 0.127, respectively. The correlations between
the full value-added sample and the restricted sample are high: 0.920 for ELA and 0.900 for math, as
shown in Figure 1, panels 1a and 1b. Columns 3-5 of Table 2 show results when sequentially adding peers,
neighborhoods, and prior test score leave-out control variables. Speci cally, column 3 includes average peer
characteristics for all of the covariates in the base speci cation. Column 4 adds both own and average peer

Census tract characteristics. Column 5 adds both own and average peer sibling college going and 7th-grade

13Tables 2 and 3 show the F-statistic for the hypothesis that coe cients on the leave-out variables added to 1 are jointly zero.
In all cases, the F-statistics are large and we strongly reject that the leave-out variables have no predictive power for both test
scores and postsecondary outcomes.

14Hubbard (2017) nds that a standard deviation in school value-added corresponds to 0.23 standard deviations in student
test scores, Deming (2014) reports standard deviations ranging from about 0.05 to 0.1, Naven (2022 a) and Naven (2022 b) report
standard deviations between 0.06 and 0.09, and Angrist et al. (2017) report standard deviations ranging from 0.15 to 0.25. They
are also similar to those found in the teacher quality literature which show that a one-standard deviation increase in teacher
quality is associated with between a 0.10 and 0.20 increase in student achievement (Kane, Rocko and Staiger, 2008; Chetty,
Friedman and Rocko , 2014).

15 For brevity, we only show results from our base model and the model with the richest set of controls. In results not shown,
but available upon request, we also estimated models for each combination of samples and leave-out controls.
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ELA scores. The standard deviation of test score value-added continues to shrink with each successive
inclusion of additional controls. For the fully speci ed model in column 5, the standard deviation in ELA
and math value-added are 0.105 and 0.101, or about 15 to 20 percent smaller than the standard deviation of
the value-added in the restricted sample and base controls (column 2). These results are consistent with the
variation in the malleable component of school quality (i.e., what administrators can control) being smaller
than the total variation in school quality (which would include, for instance, peer e ects). Nonetheless,
Figure 2, panels 2a and 2b, shows that the correlation between value-added from the base model (column 2)
and the model with the richest set of controls (column 5) is high { 0.931 for ELA and 0.876 for math.

Row 2 in Table 2 presents results for the speci cation test across the various samples and controls. For
both ELA and mathematics, all the models perform quite well, indicating a change in estimated school test
value-added corresponds to a one-for-one change in student achievement.

Rows 3-4 present results for the forecast bias test on lagged test scores and sibling college going. Reassur-
ingly, our test score value-added estimates have little correlation with these leave-out variables. Speci cally,
results in column 4 suggest that only 0.9% and 0.4% of the variation in school value-added for ELA and
math, respectively, is due to students sorting to schools on unobservable ability as measured by excluded
lagged test scores. Furthermore, students withlower excluded test scores sort to schools withhigher esti-
mated value-added, which would bias our results toward zero. Only 0.1% and 0.2% of the variation in school
value-added for ELA and math, respectively, is due to sorting on omitted sibling college going.

Finally, rows 5-6 present results when conducting the forecast bias tests using our Census tract neigh-
borhood characteristics and proximity to the nearest two and four-year college as the leave-out variables.
Results indicate these leave-out variables are correlated with the base value-added estimates, particularly
math value-added. For math, the results in column 2 indicate that 88% of variation in math value-added
is related to omitted neighborhood characteristics and 17% is due to college proximity. However, these
correlations shrink substantially when controlling for peer averages of the base controls (2.6% and 1.6%, re-
spectively) but remain statistically signi cant (column 3). For ELA, very little of the variation in value-added
is related to neighborhood characteristics or college proximity once we control for peer averages (column 3).

In column 5 we examine the correlation between college proximity and our fully speci ed value-added
model, which additionally controls for peer, sibling and neighborhood controls. Results show the corre-
lation with college proximity is negligible and no longer statistically signi cant, highlighting the potential
importance of controlling for peer, family and neighborhood characteristics in value-added models used for
school accountability purposes. Column 6 shows that the results from the speci cation test and the standard

deviation of value-added are unchanged when controlling for college proximity.
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4.2 College Going Value-Added

Panels A and B of Table 3 present results for our estimates of two and four-year college-going value-added,
respectively. Similar to the previous section, each column represents a di erent combination of sample and/or
controls. Results in column 1, for the base model, show there is substantial variation in college-going value-
added across schools. The estimates of (in percentage points) indicate that a one-standard deviation
increase in school e ectiveness is associated with an increase in students' enrolling either a two or four-year
college by nearly ten percentage pointg®

Similar to our test score results, as shown in Table 2, when restricting the sample in column 2, row 1,
the distribution of the base value-added estimates shrinks slightly for both two- and four-year value-added
(0.088 and 0.091). Likewise, as shown in Figure 1, panels 1c and 1d, the correlation between estimates when
changing the sample is high (0.896 and 0.908). Results in columns 3-5 of Table 3 show the standard deviation
of college-going value-added shrinks substantially with the inclusion of controls for peers, neighborhoods, and
sibling college going. For the fully speci ed model in column 5, the standard deviation in two and four-year
value-added is nearly cut in half relative to the base model to 0.047 and 0.048, respectively. Figure 2 panels
2c and 2d shows the relationship between value-added obtained using the base controls (i.e., the speci cation
in column 2 of Table 2)and the fully-speci ed model. The correlation between the two sets of estimates is
0.755 for 2-year enrollment and 0.797 for 4-year enrollment. Though positive, these correlations are weaker
compared to our test score value-added results, further suggesting controlling for peer and neighborhood
controls a ects the value-added estimates more for postsecondary enrollment than for test scores.

Row 2 in Table 3 presents results for the speci cation test across the various samples and controls. For
both two and four-year value-added, all the models perform fairly well, indicating a change in estimated
college-going value-added corresponds to a one-for-one change in college enrollment.

Rows 3-4 present results for the forecast bias test on both lagged test scores and sibling college going.
Results show both our two and four-year value-added estimates are virtually uncorrelated with leave-out
test scores. We nd a statistically signi cant, but relatively small, correlation between these value-added
estimates and our leave out for older sibling college going. Speci cally, results in column 4 suggest that
2.0% and 2.7% of the variation in two- and four-year value-added is due to students sorting to schools on
unobservable ability as measured by sibling college-going.

Rows 5-6 present results when conducting the forecast bias tests using our neighborhood characteristics

and proximity to the nearest two- and four-year colleges as the leave-out variables. The magnitudes of the

16Note that these results come from separate models, each using a di erent indicator of postsecondary enroliment as the
dependent variable. 2-year and 4-year college enroliment are mutually exclusive such that students who have enrollment records
at both types of universities are coded as attending a 4-year university.
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correlations are high for both sets of leave out variables, even when controlling for peer characteristics in
column 3 for our two-year (5.0% and 4.7%, respectively) and four-year (8.2% and 3.6%, respectively) value-
added estimates. However, similar to our test score estimates, results in column 5 show the correlations
with our college proximity leave-out variables is substantially reduced when controlling for peer, family

and neighborhood controls. Though some bias remains for two-year value-added (3.0%), the correlation
with four-year value-added is only 1.0% and marginally statistically signi cant. These results underscore

the importance of controlling for peer, family and neighborhood characteristics in value-added models for
longer-run outcomes for which lagged outcomes are not available. At the same time, the weak correlation
between value-added estimates obtained from the fully-speci ed model and proximity to college, especially

for four-year college, suggests that the models with the richest set of controls are useful measures of schools

impacts on postsecondary enrollment.

5 Relationship Between Test Score Value-Added and College En-
roliment

The ndings in the previous section show that schools have sizeable impacts on both test scores and college
enrollment. An important question is whether schools that are e ective at improving test scores also improve
college enrollment. To address this question, we start by examining the raw correlation between college-
enrollment value-added and test-score value-added in Figures 3 and 4. As shown in panels 3a, 3b, 4a, and
4b, there is weak negative relationship (corr = -0.004 and -0.044) between both a school's ELA and math
value-added and their two-year enrollment value-added. However, as shown in panels 3c, 3d, 4c, and 4d, there
is a positive relationship (corr = 0.278 and 0.341) between test-score value-added and four-year enrollment
value-added. These results indicate that test score value-added is predictive of college value-added, but that
this relationship is far from one-to-one, and that this relationship di ers not just in magnitude but in sign

for two- and four-year college enrollment. We now explore these relationships in greater depth.

5.1 Persistence in test-score value-added

Next, to examine the degree to which test score value-added is associated with postsecondary enroliment,
we employ techniques rst developed by Jacob, Lefgren and Sims (2010) and Carrell and West (2010) to

estimate the \persistence" of test score valued-added to college enrollment. Speci cally, we consider the
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following value-added model in equation (3):

Yist = o+ Xiggt+ ¢+, st

+ ot elsl}

st {Z
®

ot 1 Xist + t+|st+ Q"'els}

ist

where Yig is a studenti's longer-run outcome who attended high schook in year t. Xis is the same vector
of demographic controls as in equation (1) and ; are year xed e ects. The error term iy is comprised
of four components: the persistence of test-score value-added ¢, the school's contribution to longer-run
outcomes that is orthogonal to its contribution to test score gains ¢, a school-by-year common shock ¢,
and a student-level noise termeg; . The parameter st + st IS the total contribution of school s in
year t to postsecondary schooling.

The primary parameter of interest is , which measures the relationship between a school's contribution
to 11th grade test score gains and postsecondary schooling outcomes. In other wordsye ects the extent
to which test score value-added \persists" to long-run outcomes. When is large and positive this indi-
cates schools that generate sizable test score gains also tend to induce signi cant numbers of students to
enroll in college. Knowing the sign and magnitude of this parameter is of interest, for example, for school
accountability programs that rely mainly on test performance to evaluate schools.

Estimates of are shown in Table 417 These estimates are scaled so that they re ect the percentage
point di erence in college enroliment associated with a one-standard deviation change in estimated test score
value-added?® The rst two rows present results for the persistence of ELA value-added and the second
two rows present results for the persistence of math value-added, while each column represents a di erent
combination of outcomes, samples and controls. Columns 1-4 show results for two-year enrollment outcomes
and columns 5-8 show results for four-year enroliment outcomes.

The pattern of results suggest several important ndings. Consistent with results in Figures 5 and 6,
there is, if anything, a negative relationship between test score value-added and two-year college enroliment.
In fact, results in Panel B, column 4, indicate that a one standard deviation increase in math test score
value-added is associated with a statistically signi cant 0.6 percentage point decrease in the probability of
students enrolling in a two-year college. Second, there is a strong positive relationship between test score
value-added and four-year college enroliment. For ELA, the estimated of 0.012 in column 8 indicates that

schools one-standard deviation above the mean in ELA test score value-added (i.e., test scores are improved

1770 estimate  we estimate equation (3) by regressing Yiss on Xist , t, and the estimated test score value-added ;.
18This approach is a reweighted equivalent of the methodologies employed by Jacob, Lefgren and Sims (2010) and Carrell
and West (2010).
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by roughly 0.142 standard deviations) increase four-year college enrollment by roughly 1 percentage points
(2.9 percent). Third, the estimates of are substantially larger for math value-added compared to ELA value-
added. Results in column 5 indicate a one standard deviation increase in math value-added is associated
with a 3.3 (9.9 percent) percentage point increase in four-year college enrollmef?. Finally, when adding
additional controls in columns 6-8, the estimates of become smaller in magnitude, but remain statistically
signi cant for four-year enrollment. These results indicate that test score value-added is more strongly
correlated with college enrollment when excluding important controls, such as neighborhood characteristics
and peer averages. This suggests that schools that generate test score gains also tend to be ones that serve
students from neighborhoods and families that have higher average college enrollment rates.

At rst glance, the negative persistence of math test score value-added on two-year college enrollment
is somewhat surprising. To further understand the relationship between test score value-added and two-
year college enrollment, we conduct two additional analyses. First, in unreported results, we estimate the
persistence of test score value-added oany college enroliment (i.e., two-year or four-year). Results show
the estimates of are positive and signi cant for both ELA (0.019) and math (0.028). Hence, these results
indicate overall college enroliment is higher in schools with higher test score value-added.

Second, to get a better understanding of how test score value-added in uences the various margins of
college enrollment (e.g., no college vs. two-year vs. four-year), we examine heterogeneity in our estimates
of across students based on pre-high school student achievement. To do so, we re-estimate equation (3)
including interactions between "« and decile of a student's pre-high school test score decile. We do these
analyses separately for prior math and ELA test scoreg? Results from this exercise are presented in Figures
5 and 6 for both ELA and math value-added. For two-year enrollment a clear patter of results emerges
showing that higher test score value-added schoolgicrease two-year enroliment for lower ability students
and decreasetwo-year enrollment for higher ability students. This relationship is particularly robust for
math value-added. For four-year enrollment, results show that higher test score value-added schools increase
the probability of enroliment for students of all abilities, though the e ects are largest in the middle and
upper end of the ability distribution. Combined, these heterogeneity results suggest that higher test score
value-added schools likely improve college enrollment outcomes on both margins. That is, the lowest ability
students are moved from no enrollment to two-year college enrollment, while students in the middle and

upper end of the ability distribution are moved from two-year to four-year college enroliment.

191n results not reported, we show that when we estimate persistence of both math and ELA value-added in the same
regression, the persistence of math value-added dominates ELA value-added, as the coe cient on ELA value-added is small
and not statistically di erent than zero. The graphical evidence in Figures 3 and 4 also shows the positive association between
test score and college enroliment value-added.

20We use 6th grade scores for math and 8th grade scores for ELA. Decilies are based on the statewide distribution of all
test scores in a particular grade-year. In results not reported, we obtain very similar estimates to the "restricted sample, full
controls" speci cation when we also include distance to college as a covariate.
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5.2 Contribution of Test Score Value-Added to College Enrollment Value-Added

The preceding results indicate that schools vary substantially in school quality as measured by both stan-
dardized test scores and college enroliment, and that test score impacts persist in the sense that schools that
generate larger test score gains also tend to generate better longer-run outcomes. An important remaining
question is how much of the variation in long-run valued added is explained by the persistence of test score
value-added?

We use two approaches to answer this question. First, we compare the variance in college enroliment
value-added obtained by estimating Equation (1) with the full controls to that obtained by estimating
Equation (3) with our full set of controls while also including math and ELA test score value-added as
additional controls. The ratio of these variances provides a measure of how much of the total value-added
in college enrollment remains after accounting for the correlation between test score value-added and college
enrollment.

Results in panel A of Table 5 for two-year enrollment are consistent with previous ndings and indicate
that test score value-added persistence accounts for virtually none of the variance in two-year enroliment
value-added. Results in panel B for four-year enrollment indicate that between 17 and 27 percent of the
variance in four-year college enrollment value-added is explained by the persistence of test score value-added.
As such, these nding indicate that, despite test score value-added being correlated with four-year college
enrollment, most of the variation in school e ects on postsecondary enrollment is due to factors orthogonal
to schools' e ects on test scores.

As an alternative approach, we also report the unexplained variation (1 R?) in a school-level regression of
college-enrollment value-added on both ELA and math value-added! These results are consistent with our
previous nding and again show that test-score value-added is largely uncorrelated with two-year enroliment
value-added (panel A), while between 8 and 15 percent of the of the variation in four-year enroliment value-

added is explained be test-score value-added.

6 Mechanisms: Correlation between Value-Added and Student,
Teacher, and Parent Perceptions

Our ndings indicate there is substantial variation across schools in both shorter-run test score outcomes
as well as longer-run college going outcomes. Additionally, our results show that schools that are better at

improving test scores, particularly in mathematics, also improve college enrollment outcomes. Given this,

2Lwe weight these regressions by the number of students that contributed to the value-added estimates.
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a natural question is what exactly do higher value-added schools do to improve test scores and/or college
outcomes? To date, relatively little is known regarding the mechanisms that drive school quality. In related
work to ours, Naven (2022) shows that school and district-level nance and sta ng variables such as school
spending or teacher to student ratios are largely uncorrelated with school value-added. However, some of
the best evidence to date regarding the e ectiveness of various school inputs comes from examining charter
schools in Boston and New York. For example, Angrist, Pathak and Walters (2013) nd that large test
score gains found in Boston urban charter schools is primarily driven by the \No Excuses" model, which
emphasizes school discipline and longer school days. Likewise Hoxby and Murarka (2009) nd in New York
charters that more e ective schools tend to have longer school years, more time devoted to ELA instruction, a
\small rewards/small penalties disciplinary policy", and teacher pay which provides performance incentives.

To get a better understanding of the potential mechanisms driving our results, we examine the relationship
between our value-added estimates and school-level survey responses from students, parents, and teachers
surveys from the California School Climate, Health, and Learning Surveys (CalSCHLS¥? We use these data
to generate three school-level average indices measuring (1) school climate, (2) teacher and sta quality, and
(3) counseling supports?® The "school climate" index measures perceptions about the overall environment
of the school - e.g., whether it is welcoming, has a good learning environment, and whether students have a
sense of belonging to the school. The teacher and sta quality index captures beliefs about whether school
sta provide rigorous, high-quality instruction, and whether the sta care about students. The counseling
index re ects perceptions of the adequacy of counseling services for students' socioemotional needs and
college planning.

We relate these indices to value-added by estimating the following equation (4):

A
s= ot 1Xs+ 2|nanS+ ist 4)

Where, s is a value-added estimate (e.g., ELA, math, 2-year or 4-year enrollment) X is a vector of
mean school level characteristic¥, and Index; is a vector of estimated indices measuring school climate,
teacher and sta quality, and school support. We estimate models with each index separately as well as a
speci cation that includes all three indices in the same regression.

Results from this exercise are shown in Table 6. Panel A presents results when regressing our estimated

"s's on each index measure separately, while Panel B presents results when including all three indices in

22 For more information on the surveys see: https://calschls.org/survey-administration/downloads/#staff_csss

23 0ur indices are averages across several questions within each category. The wording of the survey items used to construct
these indices is listed in Appendix Online Appendix B:. Because the survey is not administered in every year at every school,
we take school-level averages across all years of the survey from 2017-19, and standardize these so each index has a standard
deviation of one.

24\We include the means of all baseline demographic characteristics and prior test scores included in our value-added estimates.
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the same regression. Odd numbered columns show results for our baseline value-added estimates and even
numbered columns show results for our fully speci ed value-added estimates when including sibling, peer,
and neighborhood controls.

Starting with Table 6 Panel A, the pattern of results suggest several important ndings. First, save
for two-year enrollment, all three index measures are signi cantly positively correlated with our various
value-added measures. As such, students, parents and teachers perceptions of school climate, teacher and
sta quality, and the level of counseling support is positively correlated with schools that are better at
improving shorter-run test score outcomes and longer-run four-year college enrollment. Second, two-year
college enroliment is generally negatively correlated with our indices. This result provides a validation of
our previous ndings which test score value had a weak correlation with two-year enrollment value-added.
Finally, results show the largest e ects for our index measuring school climate and the smallest e ects for
our index measuring school support.

To further explore the relative importance of each index measure, in Table 6 Panel B we present results
when regress value-added on all three indices in the same regression. Con rming our previous ndings and
largely consistent with Angrist, Pathak and Walters (2013); Hoxby and Murarka (2009), we nd that our
school climate is the school-level factor most associated with increases in student learning. In the multivariate
regression with all three survey indices, we nd school climate to be signi cantly positively correlated with
schools' value-added for test score outcomes, as well as schools' value-added for four-year college enroliment.
We also nd that the level of counseling support becomes uncorrelated with schools' value-added on test
score and post-secondary enrollment. Counseling support also becomes largely uncorrelated with these value-
added measures, with the exception of being negatively correlated with ELA and Math test score value-added
as well as two-year college enroliment value-added in the speci cation with base covariates.

To check the internal consistency of our constructed survey indices, we calculate Cronbach's Alpha for all
three index measures. We nd that the alpha for the school climate index is 0.94, 0.90 for the teacher and
sta quality index, and 0.66 for the counseling support index. The relatively lower alpha for the counseling
support index is likely due to the smaller number (4) of questions in the index, compared to the school climate
index (20 questions) and teacher and sta quality index (17 questions). Overall, this provides evidence that

our constructed survey index measures are highly reliable.

7 Conclusion

This paper examines high school quality in California. We use rich data from California that links K-12

student records to data on college enrollment to examine high schools' contribution to test score performance,
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postsecondary schooling outcomes, and the relationship between the two. We estimate \value-added" models
by adapting the procedure Chetty, Friedman and Rocko (2014) use to estimate teacher e ects.

We examine the link between a school's impact on test scores and its e ects on post-secondary enroliment
to examine the extent to which test score gains \persist" to longer-run outcomes. We also estimate value-
added models using postsecondary schooling as the outcome to measure a school's e ect on college-going.
Finally, using results from student and parent surveys, we explore potential mechanisms.

Our results suggest that schools make important contributions to both test scores and college enroliment.
A one standard deviation increase in the \total" estimated school e ectiveness is associated with roughly
a 0.15 standard deviation increase in test scores and a 9.9 percentage point increase in the probability of
enrolling in a four-year college. We also nd that test score impacts are strongly related to improved college
going. An one-standard deviation increase in a school's math test score impact is associated with a roughly
3 percentage point increase in four-year college attendance. Notably, these e ects shrink considerably, but
remain meaningful when isolating the malleable component of school quality that accounts for factors outside
of the control of the school administration including the quality of peers, neighborhoods and family.

Importantly, we nd that higher test score value-added schools increase college enrollment across multiple
margins { lower ability students move from no college to two-year enrollment and higher ability students
mover from two-year to four-year enrollment. Using student and parent survey data, we also nd that higher
value-added schools are associated with better perceptions of school climate, teacher and sta quality, and

counseling support.
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Figure 1: Value-Addded Correlations: Base Controls, Base vs. Restricted Sample

(a) ELA (b) Math

(c) 2-Year Enrollment (d) 4-Year Enrollment

Each data point represents a high school's value-added in a given year for two di erent samples. Value-added is estimated
using the base set of controls described in equation (1) for both samples. The vertical axis gives value-added estimates for the
base value-added sample. The horizontal axis gives value-added estimates for the restricted value-added sample that can be
matched to peer, neighborhood, and sibling characteristics. Data comes from public schools in the state of California between

the 2014-2015 and 2016-2018 school years.
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Figure 2: Value-Added Correlations: Restricted Sample, Base vs. Full Controls

(a) ELA (b) Math

(c) 2-Year Enrollment (d) 4-Year Enrollment

Each data point represents a high school's value-added in a given year for two di erent speci cations. Value-added is estimated

using the restricted value-added sample that can be matched to peer, neighborhood, and sibling characteristics for both
speci cations. The vertical axis gives value-added estimates controlling for the base value-added controls described in equation
1. The horizontal axis gives value-added estimates that additionally control for peer, neighborhood, and sibling characteristics.

Data comes from public schools in the state of California between the 2014-2015 and 2016-2018 school years.
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