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I. Introduction

What are the long-term impacts of early childhood education? Evidence on this important policy
question remains scarce because of a lack of data linking childhood education and outcomes in
adulthood. This paper analyzes the long-term impacts of Project STAR, one of the most widely
studied education experiments in the United States. The Student/Teacher Achievement Ratio
(STAR) experiment randomly assigned one cohort of 11,571 students and their teachers to different
classrooms within their schools in grades K-3. Some students were assigned to small classes (15
students on average) in grades K-3, while others were assigned to large classes (22 students on
average). The experiment was implemented across 79 schools in Tennessee from 1985 to 1989.
Numerous studies have used the STAR experiment to show that class size, teacher quality, and
peers have significant causal impacts on test scores (see Schanzenbach 2006 for a review). Whether
these gains in achievement on standardized tests translate into improvements in adult outcomes
such as earnings remains an open question.

We link the original STAR data to administrative data from tax returns, allowing us to follow
95% of the STAR participants into adulthood.! We use these data to analyze the impacts of STAR
on outcomes ranging from college attendance and earnings to retirement savings, home ownership,
and marriage. We begin by documenting the strong correlation between kindergarten test scores
and adult outcomes. A one percentile increase in end-of-kindergarten (KG) test scores is associated
with a $132 increase in wage earnings at age 27 in the raw data, and a $94 increase after controlling
for parental characteristics. Several other adult outcomes — such as college attendance rates,
quality of college attended, home ownership, and 401(k) savings — are also all highly correlated
with kindergarten test scores. These strong correlations motivate the main question of the paper:
do classroom environments that raise test scores — such as smaller classes and better teachers —
cause analogous improvements in adult outcomes?

Our analysis of the experimental impacts combines two empirical strategies. First, we study the
impacts of observable classroom characteristics. We analyze the impacts of class size using the same
intent-to-treat specifications as Krueger (1999), who showed that students in small classes scored
higher on standardized tests. We find that students assigned to small classes are 1.8 percentage
points more likely to be enrolled in college at age 20, a significant improvement relative to the mean

'The data for this project were analyzed through a program developed by the Statistics of Income (SOI) Division

at the U.S. Internal Revenue Service to support research into the effects of tax policy on economic and social outcomes
and improve the administration of the tax system.



college attendance rate of 26.4% at age 20 in the sample. We do not find significant differences in
earnings at age 27 between students who were in small and large classes, although these earnings
impacts are imprecisely estimated. Students in small classes also exhibit statistically significant
improvements on a summary index of the other outcomes we examine (home ownership, 401(k)
savings, mobility rates, percent college graduate in ZIP code, and marital status).

We study variation across classrooms along other observable dimensions, such as teacher and
peer characteristics, using a similar approach. Prior studies (e.g. Krueger 1999) have shown that
STAR students with more experienced teachers score higher on tests. We find similar impacts
on earnings. Students randomly assigned to a KG teacher with more than 10 years of experience
earn an extra $1,093 (6.9% of mean income) on average at age 27 relative to students with less

experienced teachers.?

We also test whether observable peer characteristics have long-term impacts
by regressing earnings on the fraction of low-income, female, and black peers in KG. These peer
impacts are not significant, but are very imprecisely estimated because of the limited variation in
peer characteristics across classrooms.

Because we have few measures of observable classroom characteristics, we turn to a second
empirical strategy that captures both observed and unobserved aspects of classrooms. We use an
analysis of variance approach analogous to that in the teacher effects literature to test whether
earnings are clustered by kindergarten classroom. Because we observe each teacher only once
in our data, we can only estimate “class effects” — the combined effect of teachers, peers, and
any class-level shock — by exploiting random assignment to KG classrooms of both students and
teachers. Intuitively, we test whether earnings vary across KG classes by more than what would
be predicted by random variation in student abilities. An F test rejects the null hypothesis that
KG classroom assignment has no effect on earnings. The standard deviation of class effects on
annual earnings is approximately 10% of mean earnings, highlighting the large stakes at play in
early childhood education.

The analysis of variance shows that kindergarten classroom assignment has significant impacts
on earnings, but it does not tell us whether classrooms that improve scores also generate earnings
gains. That is, are class effects on earnings correlated with class effects on scores? To analyze
this question, we proxy for each student’s KG “class quality” by the average test scores of his
classmates at the end of kindergarten. We show that end-of-class peer test scores are an omnibus

?Because teacher experience is correlated with many other unobserved attributes — such as attachment to the
teaching profession — we cannot conclude that increasing teacher experience would improve student outcomes. This
evidence simply establishes that a student’s KG teacher has effects on his or her earnings as an adult.



measure of class quality because they capture peer effects, teacher effects, and all other classroom
characteristics that affect test scores. Using this measure, we find that kindergarten class quality
has significant impacts on both test scores and earnings. Students randomly assigned to a classroom
that is one standard deviation higher in quality earn 3% more at age 27. Students assigned to
higher quality classes are also significantly more likely to attend college, enroll in higher quality
colleges, and exhibit improvements in the summary index of other outcomes. The class quality
impacts are similar for students who entered the experiment in grades 1-3 and were randomized
into classes at that point. Hence, the findings of this paper should be viewed as evidence on the
long-term impacts of early childhood education rather than kindergarten in particular.

Our analysis of “class quality” must be interpreted very carefully. The purpose of this analysis
is to detect clustering in outcomes at the classroom level: are a child’s outcomes correlated with
his peers’ outcomes? Although we test for such clustering by regressing own scores and earnings
on peer test scores, we emphasize that such regressions are not intended to detect peer effects.
Because we use post-intervention peer scores as the regressor, these scores incorporate the impacts
of peer quality, teacher quality, and any random class-level shock (such as noise from construction
outside the classroom). The correlation between own outcomes and peer scores could be due to
any of these factors. Our analysis shows that the classroom a student was assigned to in early
childhood matters for outcomes 20 years later, but does not shed light on which specific factors
should be manipulated to improve adult outcomes. Further research on which factors contribute
to high “class quality” would be extremely valuable in light of the results reported here.

The impacts of early childhood class assignment on adult outcomes may be particularly surpris-
ing because the impacts on test scores “fade out” rapidly. The impacts of class size on test scores
become statistically insignificant by grade 8 (Krueger and Whitmore 2001), as do the impacts of
class quality on test scores. Why do the impacts of early childhood education fade out on test
scores but re-emerge in adulthood? We find some suggestive evidence that part of the explanation
may be non-cognitive skills. We find that KG class quality has significant impacts on non-cognitive
measures in 4th and 8th grade such as effort, initiative, and lack of disruptive behavior. These
non-cognitive measures are highly correlated with earnings even conditional on test scores but are
not significant predictors of future standardized test scores. These results suggest that high quality
KG classrooms may build non-cognitive skills that have returns in the labor market but do not
improve performance on standardized tests. While this evidence is far from conclusive, it highlights

the value of further empirical research on non-cognitive skills.



In addition to the extensive literature on the impacts of STAR on test scores, our study builds
on and contributes to a recent literature investigating selected long-term impacts of class size in
the STAR experiment. These studies have shown that students assigned to small classes are more
likely to complete high school (Finn, Gerber, and Boyd-Zaharias 2005) and take the SAT or ACT
college entrance exams (Krueger and Whitmore 2001) and are less likely to be arrested for crime
(Krueger and Whitmore 2001). Most recently, Muennig et al. (2010) report that students in small
classes have higher mortality rates, a finding that we do not obtain in our data as we discuss below.
We contribute to this literature by providing a unified evaluation of several outcomes, including
the first analysis of earnings, and by examining the impacts of teachers, peers, and other attributes
of the classroom in addition to class size.

Our results also complement the findings of studies on the long-term impacts of other early
childhood interventions, such as the Perry and Abecederian preschool demonstrations and the
Head Start program, which also find lasting impacts on adult outcomes despite fade-out on test
scores (see Almond and Currie 2010 for a review). We show that a better classroom environment
from ages 5-8 can have substantial long-term benefits even without intervention at earlier ages.

The paper is organized as follows. In Section II, we review the STAR experimental design
and address potential threats to the validity of the experiment. Section III documents the cross-
sectional correlation between test scores and adult outcomes. Section IV analyzes the impacts of
observable characteristics of classrooms — size, teacher characteristics, and peer characteristics —
on adult outcomes. In Section V, we study class effects more broadly, incorporating unobservable
aspects of class quality. Section VI documents the fade-out and re-emergence effects and the

potential role of non-cognitive skills in explaining this pattern. Section VI concludes.

II. Experimental Design and Data

II.A.  Background on Project STAR

Word et al. (1990), Krueger (1999), and Finn et al. (2007) provide a comprehensive summary of
Project STAR; here, we briefly review the features of the STAR experiment most relevant for our
analysis. The STAR experiment was conducted at 79 schools across the state of Tennessee over
four years. The program oversampled lower-income schools, and thus the STAR sample exhibits
lower socioeconomic characteristics than the state of Tennessee and the U.S. population as a whole.

In the 1985-86 school year, 6,323 kindergarten students in participating schools were randomly

assigned to a small (target size 13-17 students) or regular-sized (20-25 students) class within their



schools.®> Students were intended to remain in the same class type (small vs. large) through 3rd
grade, at which point all students would return to regular classes for 4th grade and subsequent years.
As the initial cohort of kindergarten students advanced across grade levels, there was substantial
attrition because students who moved away from a participating school or were retained in grade
no longer received treatment. In addition, because kindergarten was not mandatory and due to
normal residential mobility, many children joined the initial cohort at the participating schools after
kindergarten. A total of 5,248 students entered the participating schools in grades 1-3. These new
entrants were randomly assigned to classrooms within school upon entry. Thus all students were
randomized to classrooms within school upon entry, regardless of the entry grade. As a result, the
randomization pool is school-by-entry-grade, and we include school-by-entry-grade fixed effects in
all experimental analyzes below.

Upon entry into one of the 79 schools, the study design randomly assigned students not only
to class type (small vs. large) but also to a classroom within each type (if there were multiple
classrooms per type, as was the case in 50 of the 79 schools). Teachers were also randomly assigned
to classrooms. Unfortunately, the exact protocol of randomization into specific classrooms was
not clearly documented in any of the official STAR reports, where the emphasis was instead the
random assignment into class type rather than classroom (Word et al. 1990). We present statistical
evidence confirming that both students and teachers indeed appear to be randomly assigned directly
to classrooms upon entry into the STAR project, as the original designers attest.

As in any field experiment, there were some deviations from the experimental protocol. In
particular, some students moved from large to small classes and vice versa. To account for such
potentially non-random sorting, we adopt the standard approach taken in the literature and assign
treatment status based on initial random assignment (intent-to-treat).

In each year, students were administered the grade-appropriate Stanford Achievement Test, a
multiple choice test that measures performance in math and reading. These tests were given only
to students participating in STAR, as the regular statewide testing program did not extend to the
early grades.* Following Krueger (1999), we standardize the math and reading scale scores in each
grade by computing the scale score’s corresponding percentile rank in the distribution for students

3There was also a third treatment group: regular sized class with a full-time teacher’s aide. This was a relatively
minor intervention, since all regular classes were already assigned a 1/3 time teacher’s aide. Prior studies of STAR
find no impact of a full-time teacher’s aide on test scores. We follow the convention in the literature and group the
regular and regular plus aide class treatments together.

*These K-3 test scores contain considerable predictive content. As reported in Krueger Whitmore (2001), the

correlation between test scores in grades g and g+1 is 0.65 for KG and 0.80 for each grade 1-3. The values for grades
4-7 lie between 0.83 and 0.88, suggesting that the K-3 test scores contain similar predictive content.



in large classes. We then assign the appropriate percentile rank to students in small classes and
take the average across math and reading percentile ranks. Note that this percentile measure is a

ranking of students within the STAR sample.

II.B.  Variable Definitions and Summary Statistics

We measure adult outcomes of Project STAR participants using administrative data from United
States tax records. 95.0% of STAR records were linked to the tax data using an algorithm based on
standard identifiers (SSN, date of birth, gender, and names) that is described in Online Appendix
AD

We obtain data on students and their parents from federal tax forms such as 1040 individual
income tax returns. Information from 1040’s is available from 1996-2008. Approximately 10%
of adults do not file individual income tax returns in a given year. We use third-party reports
to obtain information such as wage earnings (form W-2) and college attendance (form 1098-T) for
all individuals, including those who do not file 1040s. Data from these third-party reports are
available since 1999. The year always refers to the tax year (i.e., the calendar year in which the
income is earned or the college expense incurred). In most cases, tax returns for tax year ¢ are filed
during the calendar year t+1. The analysis dataset combines selected variables from individual tax
returns, third party reports, and information from the STAR database, with individual identifiers
removed to protect confidentiality.

We now describe how each of the adult outcome measures and control variables used in the
empirical analysis is constructed. Table I reports summary statistics for these variables for the
STAR sample as well as a random 0.25% sample of the US population born in the same years
(1979-1980).

FEarnings. The individual earnings data come from W-2 forms, yielding information on earnings

6

for both filers and non-filers.” We define earnings in each year as the sum of earnings on all W-2

forms filed on an individual’s behalf. We express all monetary variables in 2009 dollars, adjusting
for inflation using the Consumer Price Index. We cap earnings in each year at $100,000 to reduce
the influence of outliers; fewer than 1% of individuals in the STAR sample report earnings above

5 All appendix material is available as an on-line appendix posted as supplementary material to the article. Note
that the matching algorithm was sufficiently precise that it uncovered 28 cases in the original STAR dataset that were
a single split observation or duplicate records. After consolidating these records, we are left with 11,571 students.

6We obtain similar results using household adjusted gross income reported on individual tax returns. We focus on
the W-2 measure because it provides a consistent definition of individual wage earnings for both filers and non-filers.
One limitation of the W-2 easure is that it does not include self-employment income.



$100,000 in a given year. To increase precision, we typically use average (inflation indexed) earnings
from year 2005 to 2007 as an outcome measure. The mean individual earnings for the STAR sample
in 2005-2007 (when the STAR students are 25-27 years old) is $15,912. This earnings measure
includes zeros for the 13.9% of STAR students who report no income 2005-2007. The mean level of
earnings in the STAR sample is lower than in the same cohort in the U.S. population, as expected
given that Project STAR targeted more disadvantaged schools.

College Attendance. Higher education institutions eligible for federal financial aid — Title IV
institutions — are required to file 1098-T forms that report tuition payments or scholarships received
for every student.” Title IV institutions include all colleges and universities as well as vocational
schools and other postsecondary institutions. Comparisons to other data sources indicate that
1098-T forms accurately capture US college enrollment.® We have data on college attendance from
1098-T forms for all students in our sample since 1999, when the STAR students were 19 years
old. We define college attendance as an indicator for having one or more 1098-T forms filed on
one’s behalf in a given year. In the STAR sample, 26.4% of students are enrolled in college at age
20 (year 2000). 45.5% of students are enrolled in college at some point between 1999 and 2007,
compared with 57.1% in the same cohort of the U.S. population. Because the data are based purely
on tuition payments, we have no information about college completion or degree attainment.

College Quality. Using the institutional identifiers on the 1098-T forms, we construct an
earnings-based index of college quality as follows. First, using the full population of all individuals
in the United States aged 20 on 12/31/1999 and all 1098-T forms for year 1999, we group individuals
by the higher education institution they attended in 1999. This sample contains over 1.4 million
individuals.” We take a 1% sample of those not attending a higher education institution in 1999,
comprising another 27,733 individuals, and pool them together in a separate “no college” category.
Next, we compute average earnings of the students in 2007 when they are aged 28 by grouping
students according to the educational institution they attended in 1999. This earnings-based
index of college quality is highly correlated with the US News ranking of the best 125 colleges and

"These forms are used to administer the Hope and Lifetime Learning education tax credits created by the Taxpayer
Relief Act of 1997. Colleges are not required to file 1098-T forms for students whose qualified tuition and related
expenses are waived or paid entirely with scholarships or grants; however, in many instances the forms are available
even for such cases, perhaps because of automation at the university level.

8In 2009, 27.4 million 1098-T forms were issued (Internal Revenue Service, 2010). According to the Current
Population Survey (US Census Bureau, 2010, Tables V and VI), in October 2008, there were 22.6 million students in
the U.S. (13.2 million full time, 5.4 million part-time, and 4 million vocational). As an individual can be a student
at some point during the year but not in October and can receive a 1098-T form from more than one institution, the
number of 1098-T forms for the calendar year should indeed be higher than the number of students as of October.

9Individuals who attended more than one institution in 1999 are counted as students at all institutions they
attended.



universities: the correlation coefficient of our measure and the log US news rank is 0.75. The
advantages of our index are that while the US News ranking only covers the top 125 institutions,
ours covers all higher education institutions in the U.S. and provides a simple cardinal metric for
college quality. Among colleges attended by STAR students, the average value of our earnings
index is $35,080 for four-year colleges and $26,920 for two-year colleges.!’ For students who did
not attend college, the imputed mean wage is $16,475.

Other Outcomes. We identify spouses using information from 1040 forms. For individuals
who file tax returns, we define an indicator for marriage based on whether the tax return is filed
jointly.  We code non-filers as single because most non-filers in the U.S. who are not receiving
Social Security benefits are single (Cilke 1998, Table I). We define a measure of ever being married
by age 27 as an indicator for ever filing a joint tax return in any year between 1999 and 2007. By
this measure, 43.2% of individuals are married at some point before age 27.

We measure retirement savings using contributions to 401(k) accounts reported on W-2 forms
from 1999-2007. 28.2% of individuals in the sample make a 401(k) contribution at some point
during this period. We measure home ownership using data from the 1098 form, a third party
report filed by lenders to report mortgage interest payments. We include the few individuals who
report a mortgage deduction on their 1040 forms but do not have 1098’s as homeowners. We define
any individual who has a mortgage interest deduction at any point between 1999 and 2007 as a
homeowner. Note that this measure of home ownership does not cover individuals who own homes
without a mortgage, which is rare among individuals younger than 27. By our measure, 30.8% of
individuals own a home by age 27. We use data from 1040 forms to identify each household’s ZIP
code of residence in each year. For non-filers, we use the ZIP code of the address to which the W-2
form was mailed. If an individual did not file and has no W-2 in a given year, we impute current
ZIP code as the last observed ZIP code. We define a measure of cross-state mobility by an indicator
for whether the individual ever lived outside Tennessee between 1999 and 2007. 27.5% of STAR
students lived outside Tennessee at some point between age 19 and 27. We construct a measure
of neighborhood quality using data on the percentage of college graduates in the individual’s 2007
ZIP code from the 2000 Census. On average, STAR students lived in 2007 in neighborhoods with
17.6% college graduates.

We observe dates of birth and death until the end of 2009 as recorded by the Social Security

""For the small fraction of STAR students who attend more than one college in a single year, we define college
quality based on the college that received the largest tuition payments on behalf of the student.



Administration. We define each STAR participant’s age at kindergarten entry as the student’s age
(in days divided by 365.25) as of September 1, 1985. Virtually all students in STAR were born in
the years 1979-1980. To simplify the exposition, we say that the cohort of STAR children is aged
a in year 1980 + a (e.g., STAR children are 27 in 2007). Approximately 1.7% of the STAR sample
is deceased by 2009.

Parent Characteristics. We link STAR children to their parents by finding the earliest 1040
form from 1996-2008 on which the STAR student was claimed as dependents. Most matches were
found on 1040 forms for the tax year 1996, when the STAR children were 16. We identify parents
for 86% of the STAR students in our linked dataset. The remaining students are likely to have
parents who did not file tax returns in the early years of the sample when they could have claimed
their child as a dependent, making it impossible to link the children to their parents. Note that
this definition of parents is based on who claims the child as a dependent, and thus may not reflect
the biological parent of the child.

We define parental household income as average Adjusted Gross Income (capped at $252,000,
the 99th percentile in our sample) from 1996-1998, when the children were 16-18 years old. For
years in which parents did not file, we define parental household income as zero. For divorced
parents, this income measure captures the total resources available to the household claiming the
child as a dependent (including any alimony payments), rather than the sum of the individual
incomes of the two parents. By this measure, mean parent income is $48,010 (in 2009 dollars) for
STAR students whom we are able to link to parents. We define marital status, home ownership,
and 401(k) saving as indicators for whether the parent who claims the STAR child ever files a joint
tax return, has a mortgage interest payment, or makes a 401(k) contribution over the period for
which relevant data are available. We define mother’s age at child’s birth using data from Social
Security Administration records on birth dates for parents and children. For single parents, we
define the mother’s age at child’s birth using the age of the filer who claimed the child, who is

1" By this measure, mothers

typically the mother but is sometimes the father or another relative.
are on average 25.0 years old when they give birth to a child in the STAR sample. When a child
cannot be matched to a parent, we define all parental characteristics as zero, and we always include

10 Alternative definitions of income for non-filers — such as income reported on W-2’s starting in 1999 — yield very

similar results to those reported below.

1We define the mother’s age at child’s birth as missing for 471 observations in which the implied mother’s age
at birth based on the claiming parent’s date of birth is below 13 or above 65. These are typically cases where the
parent does not have an accurate birth date recorded in the SSA file.



a dummy for missing parents in regressions that include parent characteristics.

Background Variables from STAR. In addition to classroom assignment and test score variables,
we use some demographic information from the STAR database in our analysis. This includes
gender, race (an indicator for being black), and whether the student ever received free or reduced
price lunch during the experiment. 36% of the STAR sample are black and 60% are eligible for
free or reduced-price lunches. Finally, we use data on teacher characteristics — experience, race,
and highest degree — from the STAR database. The average student has a teacher with 10.8 years
of experience. 19.5% of kindergarten students have a black teacher, and 35.9% have a teacher with
a master’s degree or higher.

Our analysis dataset contains one observation for each of the 10,992 STAR students we link
to the tax data. Each observation contains information on the student’s adult outcomes, parent
characteristics, and classroom characteristics in the grade the student entered the STAR project
and was randomly assigned to a classroom. Hence, when we pool students across grades, we include

test score and classroom data only from the entry grade.

II.C.  Validity of the Experimental Design

The validity of the causal inferences that follow rests on two assumptions: successful randomization
of students into classrooms and no differences in attrition (match rates) across classrooms. We
now evaluate each of these issues.

Randomization into Classrooms. To evaluate whether the randomization protocol was imple-
mented as designed, we test for balance in pre-determined variables across classrooms. The original
STAR dataset contains only a few pre-determined variables: age, gender, race, and free-lunch status.
Although the data are balanced on these characteristics, some skepticism naturally has remained
because of the coarseness of the variables (Hanushek 2003).

The tax data allow us to improve upon the prior evidence on the validity of randomization
by investigating a wider variety of family background characteristics. In particular, we check
for balance in the following five parental characteristics: household income, 401 (k) savings, home
ownership, marital status, and mother’s age at child’s birth. Although most of these characteristics
are not measured prior to random assignment in 1985, they are measured prior to the STAR cohort’s
expected graduation from high school and are unlikely to be impacted by the child’s classroom
assignment in grades K-3. We first establish that these parental characteristics are in fact strong

predictors of student outcomes. In column 1 of Table II, we regress the child’s earnings on the
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five parent characteristics, the student’s age, gender, race, and free-lunch status, and school-by-
entry-grade fixed effects. We also include indicators for missing data on certain variables (parents’
characteristics, mother’s age, student’s free lunch status, and student’s race). The student and
parent demographic characteristics are highly significant predictors of earnings.

Having identified a set of pre-determined characteristics that predict children’s future earnings,
we test for balance in these covariates across classrooms. We first evaluate randomization into the
small class treatment by regressing an indicator for being assigned to a small class upon entry on
the same variables as in column 1. As shown in column 2 of Table II, none of the demographic
characteristics predict the likelihood that a child is assigned to a small class. An F test for the joint
significance of all the pre-determined demographic variables is insignificant (p = 0.26), showing that
students in small and large classes have similar demographic characteristics.

Columns 3-5 of Table II evaluate the random assignment of teachers to classes by regressing
teacher characteristics — experience, bachelor’s degree, and race — on the same student and parent
characteristics. Again, none of the pre-determined variables predict the type of teacher a student
is assigned, consistent with random assignment of teachers to classrooms.

Finally, we evaluate whether students were randomly assigned into classrooms within small or
large class types. If students were randomly assigned to classrooms, then conditional on school
fixed effects, classroom indicator variables should not predict any pre-determined characteristics of
the students. Column 6 of Table II reports p values from F’ tests for the significance of kindergarten
classroom indicators in regressions of each pre-determined characteristic on class and school fixed
effects. None of the F' tests is significant, showing that each of the parental and child character-
istics is balanced across classrooms. To test whether the pre-determined variables jointly predict
classroom assignment, we predict earnings using the specification in column 1 of Table II. We then
regress predicted earnings on KG classroom indicators and school fixed effects and run an F' test
for the significance of the classroom indicators. The p value of this F' test is 0.92, confirming that
one would not predict clustering of earnings by KG classroom based on pre-determined variables.
We use only kindergarten entrants for the F' tests in column 6 because F' tests for class effects
are not powerful in grades 1-3 as only a few students enter each class in those grades. In Online
Appendix Table II, we extend these randomization tests to include students who entered in grades
1-3 using the technique developed in Section V below and show that covariates are balanced across
classrooms in later entry grades as well.

Selective Attrition. Another threat to the experimental design is differential attrition across
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classrooms (Hanushek 2003). Attrition is a much less serious concern in the present study than
in past evaluations of STAR because we are able to locate 95% of the students in the tax data.
Nevertheless, we investigate whether the likelihood of being matched to the tax data varies by
classroom assignment within schools. In columns 1 and 2 of Table III, we test whether the match
rate varies significantly with class size by regressing an indicator for being matched on the small
class dummy. Column 1 includes no controls other than school-by-entry-grade fixed effects. It
shows that, eliminating the between-school variation, the match rate in small and large classes
differs by less than 0.02 percentage points. Column 2 shows that controlling for the full set of
demographic characteristics used in Table II does not uncover any significant difference in the
match rate across class types. The p values reported at the bottom of columns 1 and 2 are for F'
tests of the significance of classroom indicators in predicting match rates in regression specifications
analogous to those in column 6 of Table II. The p values are approximately 0.9, showing that there
are no significant differences in match rates across classrooms within schools.

Another potential source of attrition from the sample is through death. Columns 3 and 4
replicate the first two columns, replacing the dependent variable in the regressions with an indicator
for death before January 1, 2010. We find no evidence that mortality rates vary with class size or
across classrooms. The difference in death rates between small and large classes is approximately
0.01 percentage points. This finding is inconsistent with recent results reported by Muennig et
al. (2010), who find that students in small classes and regular classes with a certified teaching
assistant are slightly more likely to die using data from the National Death Index. We find that
154 STAR students have died by 2007 while Muennig et al. (2010) find 141 deaths in their data.

The discrepancy between the findings might be due to differences in match quality.!?

III. Test Scores and Adult Outcomes in the Cross-Section

We begin by documenting the correlations between test scores and adult outcomes in the cross-
section to provide a benchmark for assessing the impacts of the randomized interventions. Figure
Ta documents the association between end-of-kindergarten test scores and mean earnings from age
25-27.13  To construct this figure, we bin individuals into twenty equal-width bins (vingtiles) and

12As 95% of STAR students are matched to the our data and have a valid Social Security Number, we believe
that deaths are recorded accurately in our sample. It is unclear why a lower match rate would lead to a systematic
difference in death rates by class size. However, given the small number of deaths, slight imbalances might generate
marginally significant differences in death rates across class types.

13 Although individuals’ earnings trajectories remain quite steep at age 27, earnings levels from ages 25-27 are highly
correlated with earnings at later ages (Haider and Solon 2006), a finding we have confirmed with our population wide
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plot mean earnings in each bin. A one percentile point increase in KG test score is associated
with a $132 (0.83%) increase in earnings twenty years later. If one codes the x-axis using national
percentiles on the standardized KG tests instead of within-sample percentiles, the earnings increase
is $154 per percentile. The correlation between KG test score percentiles and earnings is linear
and remains significant even in the tails of the distribution of test scores. However, KG test scores
explain only a small share of the variation in adult earnings: the adjusted R? of the regression of
earnings on scores is 5%.14

Figures Ib and Ic show that KG test scores are highly predictive of college attendance rates and
the quality of the college the student attends, as measured by our earnings-based index of college
quality. To analyze the other adult outcomes in a compact manner, we construct a summary index
of five outcomes: ever owning a home by 2007, 401(k) savings by 2007, ever married by 2007, ever
living outside Tennessee by 2007, and living in a higher SES neighborhood in 2007 as measured
by the percent of college graduates living in the ZIP code. Following Kling, Liebman, and Katz
(2007), we first standardize each outcome by subtracting its mean and dividing it by its standard
deviation. We then sum the five standardized outcomes and divide by the standard deviation
of the sum to obtain an index that has a standard deviation of 1. A higher value of the index
represents more desirable outcomes. Students with higher entry-year test scores have stronger
adult outcomes as measured by the summary index, as shown in Figure Id.

The summary index should be interpreted as a broader measure of success in young adulthood.
Some of its elements proxy for future earnings conditional on current income. For example, having
401(k) savings reflects holding a good job that offers such benefits. Living outside Tennessee is
a proxy for cross-state mobility, which is typically associated with higher socio-economic status.
While none of these outcomes are unambiguously positive — for instance, marriage or homeownership
by age 27 could in principle reflect imprudence — existing evidence suggests that, on net, these
measures are associated with better outcomes. In our sample, each of the five outcomes is highly
positively correlated with test scores on its own, as shown in Online Appendix Table III.

Table IV quantifies the correlations between test scores and adult outcomes. We report standard
errors clustered by school in this and all subsequent tables. Column 1 replicates Figure Ia by
regressing earnings on KG test scores without any additional controls. Column 2 controls for
classroom fixed effects and a vector of parent and student demographic characteristics. ~ The

longitudinal data (see Online Appendix Table I).
" These cross-sectional estimates are consistent with those obtained by Currie and Thomas (2001) using the British
National Child Development Survey and Currie (2010) using the National Longitudinal Survey of Youth.
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parent characteristics are a quartic in parent’s household income interacted with an indicator for
whether the filing parent is ever married between 1996 and 2008, mother’s age at child’s birth,
and indicators for parent’s 401(k) savings and home ownership. The student characteristics are

15 We use this vector of demographic

gender, race, age at entry-year entry, and free lunch status.
characteristics in most specifications below. When the class fixed effects and demographic controls
are included, the coefficient on kindergarten percentile scores falls to $94, showing that part of
the raw correlation in Figure Ia is driven by these characteristics. Equivalently, a one standard
deviation (SD) increase in test scores is associated with an 18% increase in earnings conditional on
demographic characteristics.

Columns 1 and 2 use only kindergarten entrants. 55% of students entered STAR in Kinder-
garten, with 20%, 14% and 11% entering in grades 1 through 3, respectively. In column 3, we also
include students who entered in grades 1-3 in order to obtain estimates consistent with the exper-
imental analysis below, which pools all entrants. To do so, we define a student’s “entry-grade”
test score as her score at the end of the grade in which she entered the experiment. Column 3
shows that a 1 percentile increase in entry-grade scores is associated with a $90 increase in earnings
conditional on demographic controls. This $90 coefficient is a weighted average of the correlations
between grade K-3 test scores and earnings, with the weights given by the entry rates in each grade.

In column 4, we include both 8th grade scores (the last point at which data from standardized
tests are available for most students in the STAR sample) and entry-grade scores in the regression.
The entire effect of entry-grade test score is absorbed by the 8th grade score, but the adjusted R? is
essentially unchanged. In column 5, we compare the relative importance of parent characteristics
and cognitive ability as measured by test scores. We calculate the parent’s income percentile rank
using the tax data for the U.S. population. We regress earnings on test scores, parents’ income
percentile, and controls for the student’s race, gender, age, and class fixed effects. A one percentile
point increase in parental income is associated with approximately a $148 increase in earnings,
suggesting that parental background affects earnings as much as or more than cognitive ability in
the cross section.'6

Columns 6-9 of Table IV show the correlations between entry-grade test scores and the other
outcomes we study. Conditional on demographic characteristics, a one percentile point increase in

5We code all parental characteristics as 0 for students whose parents are missing, and include an indicator for
missing parents as a control. We also include indicators for missing data on certain variables (mother’s age, student’s

free lunch status, and student’s race) and code these variables as zero when missing.
YMoreover, this $148 coefficient is an underestimate if parental income directly affects entry-grade test scores.
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entry-grade score is associated with a 0.36 percentage point increase in the probability of attending
college at age 20 and a 0.51 percentage point increase in the probability of attending college at
some point before age 27. A one percentile point increase in score is associated with $32 higher
predicted earnings based on the college the student attends and a 0.5% of a standard deviation
improvement in the summary index of other outcomes.

We report additional cross-sectional correlations in the online appendix. Online Appendix
Table IV replicates Table IV for each entry grade separately. Online Appendix Table V documents
the correlation between test scores and earnings from grades K-8 for a fixed sample of students,
while Online Appendix Table VI reports the heterogeneity of the correlations by race, gender, and
free lunch status. Throughout, we find very strong correlations between test scores and adult
outcomes, which motivates the central question of the paper: do classroom environments that raise

early childhood test scores also yield improvements in adult outcomes?

IV. TImpacts of Observable Classroom Characteristics

In this section, we analyze the impacts of three features of classrooms that we can observe in our

data — class size, teacher characteristics, and peer characteristics.

IV.A. Class Size

We estimate the effects of class size on adult outcomes using an intent-to-treat regression specifi-

cation analogous to Krueger (1999):
(1) Yienw = Ona + /BSMALLcnw + Xicnw5 + Cicnw

where ¥iecnw 1S an outcome such as earnings for student ¢ randomly assigned to classroom c at
school n in entry grade (wave) w. The variable SMALLy,, is an indicator for whether the
student was assigned to a small class upon entry. Because children were randomly assigned to
clagssrooms within schools in the first year they joined the STAR cohort, we include school-by-
entry-grade fixed effects (ay,,) in all specifications. The vector Xjcpn, includes the student and
parent demographic characteristics described above: a quartic in household income interacted with
an indicator for whether the parents are ever married, 401(k) savings, home ownership, mother’s
age at child’s birth, and the student’s gender, race, age (in days), and free lunch status (along with
indicators for missing data). To examine the robustness of our results, we report the coefficient

both with and without this vector of controls. The inclusion of these controls does not significantly
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affect the estimates, as expected given that the covariates are balanced across classrooms. In all
specifications, we cluster standard errors by school. Although treatment occurred at the classroom
level, clustering by school provides a conservative estimate of standard errors that accounts for any
cross-clagssroom correlations in errors within schools, including across students in different entry
grades. These standard errors are in nearly all cases larger than those from clustering on only
classroom.'”

We report estimates of equation (1) for various outcomes in Table V using the full sample of
STAR students; we show in Online Appendix Table VIII that similar results are obtained for the
subsample of students who entered in kindergarten. As a reference, in column 1 of Table V, we
estimate equation (1) with the entry grade test score as the outcome. Consistent with Krueger
(1999), we find that students assigned to small classes score 4.8 percentile points higher on tests in
the year they enter a participating school. Note that the average student assigned to a small class
spent 2.27 years in a small class, while those assigned to a large class spent 0.13 