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ABSTRACT

Are teachers' impacts on students' test scores ("value-added") a good measure of their quality? This

question has sparked debate partly because of a lack of evidence on whether high value-added (VA)

teachers who raise students' test scores improve students' long-term outcomes. Using school district

and tax records for more than one million children, we find that students assigned to high-VA teachers

in primary school are more likely to attend college, earn higher salaries, and are less likely to have

children as teenagers. Replacing a teacher whose VA is in the bottom 5% with an average teacher

would increase the present value of students' lifetime income by approximately $250,000 per classroom.





that students attend, as measured by the average earnings of previous graduates of that college. Students

who are assigned higher VA teachers have steeper earnings trajectories in their 20s. At age 28, the oldest

age at which we currently have a sufficiently large sample size to estimate earnings impacts, a 1 SD increase

in teacher quality in a single grade raises annual earnings by 1.3%. If the impact on earnings remains

constant at 1.3% over the lifecycle, students would gain approximately $39,000 on average in cumulative



are roughly constant in percentage terms by parents’ income. Hence, higher income households, whose

children have higher earnings on average, should be willing to pay larger amounts for higher teacher VA.

Teachers’ impacts are significant and large throughout grades 4-8, showing that improvements in the quality

of education can have large returns well beyond early childhood.

Our conclusion that teachers have long-lasting impacts may be surprising given evidence that teachers’

impacts on test scores “fade out” very rapidly in subsequent grades (Rothstein 2010, Carrell and West 2010,

Jacob, Lefgren, and Sims 2010). We confirm this rapid fade-out in our data, but find that teachers’ impacts

on earnings are similar to what one would predict based on the cross-sectional correlation between earnings

and contemporaneous test score gains. This pattern of fade-out and re-emergence echoes the findings of

recent studies of early childhood interventions (Deming 2009, Heckman et al. 2010b, Chetty et al. 2011).

To illustrate the magnitude of teachers’ impacts, we evaluate Hanushek’s (2009) proposal to replace teach-

ers in the bottom 5% of the VA distribution with teachers of average quality. We estimate that replacing

a teacher whose current VA is in the bottom 5 percent with an average teacher would increase the mean

present value of students’ lifetime income by $250,000 per classroom over a teacher’s career, accounting for

drift in teacher quality over time.3 However, because VA is estimated with noise, the gains from deselecting

teachers based on data from a limited number of classrooms are smaller. The present value gain from dese-

lecting the bottom 5% of teachers using three years of test score data is $185,000 per classroom on average.4

This gain is still about 10 times larger than recent estimates of the additional salary one would have to pay

teachers to compensate them for the risk of evaluation based on VA measures (Rothstein 2013). This result

suggests that VA could potentially be a useful tool for evaluating teacher performance if the signal quality

of VA for long-term impacts does not fall substantially when it is used to evaluate teachers.

We also evaluate the expected gains from policies that pay bonuses to high-VA teachers to increase re-

tention rates. The gains from such policies are only slightly larger than their costs because most bonus

payments end up going to high-VA teachers who would have stayed even without the additional payment.

Replacing low VA teachers may therefore be a more cost effective strategy to increase teacher quality in the

short run than paying bonuses to retain high-VA teachers. In the long run, higher salaries could attract more

high VA teachers to the teaching profession, a potentially important benefit that w



adult outcomes. Sections III and IV present results on teachers’ long-term impacts using the two research

designs described above. We analyze the heterogeneity of teachers’ impacts in Section V. Section VI

presents policy simulations and Section VII concludes.

I. Conceptual Framework

In this section, we first present a simple statistical model of students’ long-term outcomes as a function

of their teachers’ value-added. We then describe how the reduced-form parameters of this statistical model

should be interpreted. Finally, we show how we estimate the impacts of teacher VA on long-term outcomes

given that each teacher’s true value-added is unobserved.

Statistical Model. Consider the outcomes of a student i who is in grade g in calendar year ti (g). Let

j = j (i, t) denote student i’s teacher in school year t ; for simplicity, assume that the student has only

one teacher throughout the school year, as in elementary schools. Let µ j t represent teacher j’s “test-score

value-added” in year t , so that student i’s test score in year t is

(1) A∗
i t = βXi t + µ j t + εi t .

Here, Xi t denotes observable determinants of student achievement, such as lagged test scores and family

characteristics and εi t denotes a student-level error that may be correlated across students within a classroom

and with teacher value-added µ j t . We scale µ j t in student test-score SDs so that the average teacher has

µ j t = 0 and the effect of a 1 unit increase in teacher value-added on end-of-year test scores is 1. We allow

teacher quality µ j t to vary with time t to account for the stochastic drift in teacher quality documented in

our companion paper (Chetty, Friedman, and Rockoff 2014).

Let Y ∗
i denote student i’s earnings in adulthood. Throughout our analysis, we focus on earnings residuals

after removing the effect of observable characteristics:

(2) Yi t = Y ∗
i − βYXi t

The earnings residuals Yi t



to the covariates. See Section I.B of our companion paper for further discussion of this issue.

We model the relationship between earnings residuals and teacher VA in school year t using the following

linear specification:

(4) Yi t = a + κgm j t + ηi t

where m j t = µ j t/σ µ denotes teacher j’s “normalized value-added” (i.e., teacher quality scaled in standard

deviation (σ µ) units of the teacher VA distribution).



onal to earnings VA estimates – does not hold in practice, as we discuss in Appendix A. We therefore focus

on estimating the effect of being assigned to a high test-score VA teacher on earnings (κg). Although κg

does not correspond directly to earnings VA, it reveals the extent to which the test-score based VA measures

currently used by school districts are informative about teachers’ long-term impacts.

Empirical Implementation. There are two challenges in estimating κg using (4). First, unobserved de-

terminants of earnings ηi t may be correlated with teacher VA m j t . We return to this issue in our empirical

analysis and isolate variation in teacher VA that is orthogonal to unobserved determinants of earnings. Sec-



benchmark to interpret the magnitude of the causal effects of teachers. Note that the dataset we use in this

paper is identical to that used in our first paper, except that we restrict attention to the subset of students who

are old enough for us to observe outcomes in adulthood by 2011.

A. School District Data

We obtain information on students, including enrollment history, test scores, and teacher assignments

from the administrative records of a large urban school district. These data span the 1988-1989 through

2008-2009 school years and cover roughly 2.5 million children in grades 3-8. For simplicity, we refer to

school years by the year in which the spring term occurs (e.g., the school year 1988-1989 is 1989). We

summarize the key features of the data relevant for our analysis of teachers’ long-term impacts here; see

Section II of our first paper for a comprehensive description of the school district data.

Test Scores. The data include approximately 18 million test scores. Test scores are available for English

language arts and math for students in grades 3-8 in every year from the spring of 1989 to 2009, with the



Sample Restrictions. Starting from the raw dataset, we make a series of restrictions that parallel those

in prior work to obtain our primary school district sample. First, because our estimates of teacher value-

added always condition on prior test scores, we restrict our sample to grades 4-8, where prior test scores

are available. Second, we exclude the 6% of observations in classrooms where more than 25 percent of

students are receiving special education services, as these classrooms may be taught by multiple teachers

or have other special teaching arrangements. We also drop the 2% of observations whe



Total Income. To obtain a more comprehensive definition of income, we define “total income” as the sum

of W-2 wage earnings and household self-employment earnings (as reported on the 1040). For non-filers,

we define total income as just W-2 wage earnings; those with no W-2 income are coded as having zero total

income. 29.6% of individuals have 0 total income in our sample.10 We show that similar results are obtained

using this alternative definition of income, but use W-2 wage earnings as our baseline measure because it (1)

is unaffected by the endogeneity of tax filing and (2) provides a consistent definition of individual (rather

than household) income for both filers and non-filers.

College Attendance. We define college attendance as an indicator for having one or more 1098-T forms

filed on one’s behalf. Title IV institutions – all colleges and universities as well as vocational schools and

other postsecondary institutions eligible for federal student aid – are required to file 1098-T forms that report

tuition payments or scholarships received for every student. Because the 1098-T forms are filed directly

by colleges independent of whether an individual files a tax return, we have complete records on college

attendance for all individuals. The 1098-T data are available from 1999-2011. Comparisons to other data

sources indicate that 1098-T forms capture college enrollment accurately (see Appendix B).





C. Summary Statistics

The linked school district and tax record analysis dataset has one row per student per subject (math or Eng-

lish) per school year, as illustrated in Appendix Table 1. Each observation in the analysis dataset contains

the student’s test score in the relevant subject test, demographic information, and class and teacher assign-

ment if available. Each row also includes all the students’ available adult outcomes (e.g. college attendance

and earnings at each age). We organize the data in this format so that each row contains information on

a treatment by a single teacher conditional on pre-determined characteristics, facilitating the estimation of

(5). We account for the fact that each student appears multiple times in the dataset by clustering standard

errors as described in Section III.A.



parent income is $34,515, with 10% of parents earning more than $100,000.

D. Cross-Sectional Correlations

Appendix Tables 3-6 report coefficients from OLS regressions of various adult outcomes on test scores.

Both math and English test scores are highly positively correlated with earnings, college attendance, and

neighborhood quality and are negatively correlated with teenage births. In the cross-section, a 1 SD increase

in test score is associated with a $7,700 (36%) increase in earnings at age 28. Conditional on the student-

and class-level controls Xi t that we define in Section III.A below, a 1 SD increase in the current test score is

associated with $2,600 (12%) increase in earnings on average.

Appendix Figure 2 presents binned scatter plots of selected outcomes vs. test scores both with and without

controls. The unconditional relationship between scores and outcomes is S-shaped, while the relationship

conditional on prior scores and other covariates is almost perfectly linear. We return to these results below

and show that the causal impacts of teacher VA on earnings and other outcomes are com



so the variation in Xi t used to identify βY is orthogonal to the variation in VA across teachers.15 Hence,

regressing Yi t directly on m̂ j t identifies the relationship between Yi t and



0.098 for English in middle school. With this scaling, a 1 unit increase in m̂











classroom-level controls as above. Being assigned to a higher value-added teacher has a significant impact

on earnings, with the null hypothesis of κ = 0 rejected with p < 0.01. A 1 SD increase in teacher VA in a

single grade increases earnings at age 28 by $350, 1.65% of mean earnings in the regression sample.

Columns 1-3 of Table 3 evaluate the robustness of this estimate to the inclusion of parent characteristics

and lagged test score gains. These specifications mirror Columns 1-3 of Table 2, but use earnings at

age 28 as the dependent variable. As with college attendance, controlling for these additional observable

characteristics has relatively small effects on the point estimates, supporting the identification assumption

in (7). The smallest of the three estimates implies that a 1 SD increase in teacher VA raises earnings by

1.34%.

To interpret the magnitude of this 1.34% impact, consider the lifetime earnings gain from having a 1 SD

higher VA teacher in a single grade. Assume that the percentage gain in earnings remains constant at 1.34%

over the life-cycle and that earnings are discounted at a 3% real rate (i.e., a 5% discount rate with 2% wage

growth) back to age 12, the mean age in our sample. Under these assumptions, the mean present value

of lifetime earnings at age 12 in the U.S. population is approximately $522,000.27 Hence, the financial

value of having a 1 SD higher VA teacher (i.e., a teacher at the 84th percentile instead of the median) is

1.34% × $522, 000 ≃ $7, 000 per grade. The undiscounted lifetime earnings gain (assuming a 2% growth

rate but 0% discount rate) is approximately $39,000 per student.

A second benchmark is the increase in earnings from an additional year of schooling, which is around

9% (Gunderson and Oreopoulos 2010, Oreopoulos and Petronijevic 2013). Having a teacher in the first

percentile of the value-added distribution (2.33 SD below the mean) is equivalent to missing 2.33×1.34%
9%

= 1/3



response would raise mean earnings by $81. Since the marginal entrant most likely has lower earnings than

the mean, this implies that the extensive margin accounts for at most 81/350 = 23% of the total earnings

increase due to better teachers.





change in mean student outcomes across cohorts to the change in mean VA driven by teacher turnover

provided that student quality is stable over time.

To formalize this approach, let m̂
−{t,t−1}
j t denote the test-score VA estimate for teacher j in school year t

constructed as in our companion paper using data from all years except t − 1 and t . Similarly, let m̂
−{t,t−1}
j,t−1

denote the VA estimate for teacher j in school year t − 1 based on data from all years except t − 1 and t .

Let Qsgt denote the student-weighted mean of m̂
−{t,t−1}
j t across teachers in school s in grade g, which is the

average estimated quality of teachers in a given school-grade-year cell; define Qsg,t−1 analogously.29 Let

1Qsgt = Qsgt − Qsg,t−1 denote the change in mean teacher value-added from year t − 1 to year t in grade

g in school s. Define mean changes in student outcome residuals 1Ysgt analogously. Note that because we

exclude both years t and t−1 when estimating VA, the variation in 1Qsgt is driven purely by changes in the

teaching staff and not by changes in teachers’ VA estimates.30 As above, this leave-out technique ensures

that changes in 1Ysgt are not spuriously correlated with 1Qsgt due to estimation error in VA.

We estimate teachers’ long-term impacts by regressing changes in mean outcomes across cohorts on

changes in mean test-score VA:

(9) 1Ysgt = α + κ1Qsgt + 1η′
sgt

Note that this specification is the same as the quasi-experimental specification we used to estimate the degree

of bias in VA estimates in our companion paper, except that we use long-term outcomes as the dependent

variable instead of test scores. The coefficient in (9) identifies the effect of a 1 SD improvement in teacher

quality as defined in (6) under the following assumption.





In the preceding specifications, we imputed the sample mean of VA (0) for classrooms for which we could

not calculate actual VA. This generates downward bias in our estimates because we mismeasure the change



quality by $197 (s.e. = $60), which is not statistically distinguishable from the estimates of $266-$299

obtained using the first research design. We find no evidence that predicted college quality based on parent

characteristics is correlated with changes in teacher quality. In addition, changes in teacher VA again affect

college quality in the year of the change rather than in preceding or subsequent years, as shown in Figure

6b.





the effect of having better teaching in English as well.

We find that a 1 SD increase in teacher VA in English has larger impacts on college quality than a 1 SD

improvement in teacher VA in math. This is despite the fact that the variance of teacher effects in terms

of test scores is larger in math than English. In Table 2 of our companion paper, we estimated that the







b = 1.34% (Table 3, Column 2) over the lifecycle.35





drift.41

Drift in Quality over Subsequent School Years. The values in Figure 8a reflect the gains in the first year

after the deselection of teachers, based on m̂ j,n+1 in school year n + 1. Now consider the impacts of such a

policy on the earnings of students in a subsequent school year n + m:

G(m, n) = −E
[
m j,n+m | m̂ j,n+1 < F−1

m̂ j,n+1
(0.05)

]
× $522, 000 × b,

where E
[
m j,n+m | m̂ j,n+1 < F−1

m̂ j,n+1
(0.05)

]
denotes the mean VA of teachers in year n + m conditional on

having estimated VA in year n + 1 below the 5th percentile.

The lower series in Figure 8b plots GC(m, 3) = 28.2×G(m, 3), the gains per class in school year m from

deselecting teachers based on their estimated VA for year 4 (m̂ j,4), constructed using the first 3 years of data.



Costs of Teacher Selection. The calculations above do not account for the costs associated with a policy

that deselects teachers with the lowest performance ratings. First, they ignore downstream costs that may be

required to generate earnings gains, most notably the cost associated with higher college attendance rates.

Second, and more importantly, they ignore the fact that teachers need to be compensated for the added

employment risk they face from such an evaluation system. Rothstein (2013) estimates the latter cost using

a structural model of the labor market for teachers. Rothstein estimates that a policy that fires teachers if

their estimated VA after 3 years falls below the 5th percentile would require a mean salary increase of 1.4%

to equilibrate the teacher labor market.43 In our sample, mean teacher salaries were approximately $50,000,

implying that annual salaries would have to be raised by approximately $700 for all teachers to compensate

them for the additional risk. Based on our calculations above, the deselection policy would generate NPV

gains of $184,000 per teacher deselected, or $9,250 for all teachers on average (because only one out of

twenty teachers would actually be deselected). Hence, the estimated gains from this policy are more than

10 times larger than the costs. Together with the preceding results, Rothstein’s (2013) findings imply that

deselecting low VA teachers could be a very cost effective policy if the signal quality of VA does not fall

substantially when used for personnel evaluation.44

Retention of High VA Teachers. An alternative approach to improving teacher quality that may impose

lower costs on teachers is to increase the retention of high-VA teachers by paying them bonuses. Using

Monte Carlo simulations analogous to those above, we estimate that retaining a teacher at the 95th percentile

of the estimated VA distribution (using 3 years of data) for an extra year would yield present value earnings

gains in the subsequent school year of $522, 000 × 28.2 × 1.34% × E

[
m j,n+1|m̂ j,n+1 = F



increasing the salaries of high VA teachers could attract more talented individuals into teaching to begin

with or increase teacher effort. The preceding calculations do not account for these effects.

VII. Conclusion

Our first paper (Chetty, Friedman, and Rockoff 2014) showed that existing test-score value-added mea-

sures are a good proxy for a teacher’s ability to raise students’ test scores. This paper has shown that the

same VA measures are also an informative proxy for teachers’ long-term impacts. Although these findings

are encouraging for the use of value-added metrics, two important issues must be resolved before one can

determine how VA should be used for policy.

First, using VA measures to evaluate teachers could induce responses such as teaching to the test or

cheating, eroding the signal in VA measures (e.g., Jacob 2005, Neal and Schanzenbach 2010).45 One can

estimate the magnitude of such effects by replicating the analysis in this paper in a district that evaluates

teachers based on their VA. If behavioral responses substantially reduce the signal quality of VA, policy

makers may need to develop metrics that are more robust to such responses, as in Barlevy and Neal (2012).

For instance, districts may also be able to use data on the persistence of test score gains to identify test

manipulation and develop a more robust estimate of teacher quality, as in Jacob and Levitt (2003).

Second, one should compare the long-term impacts of evaluating teachers on the basis of VA to other

metrics, such as principal evaluations or classroom observation. One can adapt the methods developed

in this paper to evaluate these other measures of teacher quality. When a teacher who is rated highly

by principals enters a school, do subsequent cohorts of students have higher college attendance rates and

earnings? What fraction of a teacher’s long-term impact is captured by test-score VA vs. other measures

of teacher quality? By answering these questions, one could ultimately estimate t



$39,000 in total (undiscounted) lifetime earnings from having this teacher instead of the median teacher.

With an annual discount rate of 5%, the parents of a classroom of average size should be willing to pay this

teacher $200,000 ($7,000 per parent) to stay and teach their children during the next school year. Hence,

the most important lesson of this study is that improving the quality of teaching – whether via the use of

value-added metrics or other policy levers – is likely to have substantial economic and social benefits.

35
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Online Appendix A: Structural Interpretation of Reduced-Form Parameters

This appendix formalizes how the reduced-form parameters we estimate should be interpreted in a stylized

dynamic model of the education production function. The model we outline below follows previous work

(e.g., Todd and Wolpin 2003), except that we focus exclusively on the role of teachers, abstracting from

other inputs to the education production function, such as peers or parental investment.

Dynamic Model: Setup

The model is characterized by a specification for scores, a specification for earnings (or other adult out-



For a student in grade h, we model earnings Y ∗
i as

(17) Y ∗
i = βY X i t +

G∑

g=h

γ gτ j,ti (g) + εYit

where γ g measures the effect of teacher quality in grade g on earnings. The error term εYit reflects individual

heterogeneity in earnings ability, which may be correlated with academic ability εi t . The error εYit may also

be correlated with µ j t and τ j t because the principal may systematically sort certain types of students to

certain teachers. Accounting for such selection is the key challenge in obtaining unbiased estimates of

teachers’ causal impacts.

In the statistical model in (3), the teacher fixed effect α j =
G∑
g=h

γ gτ j,ti (g) combines the effects of the current







three ways.48 First, we find that the correlation between enrollment counts for students age 18-21 based on

1098-T’s and enrollment counts for colleges listed in the IPEDS dataset from the Department of Education

exceeds 0.95. Second, the aggregate counts of students enrolled in college are aligned with estimates based

on the CPS. In 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. Third, two independent evaluations of the Project STAR

class size experiment using data from 1098-T’s (Chetty et al. 2011) and the National Student Clearinghouse

(Dynarski et al. 2013) obtained nearly identical point estimates of the impacts of class size on college

attendance.

College Quality Index. Our index of college quality is based on the average earnings of the individuals

who attend each college. The construction of such an index requires several choices, including (1) the age at

which college attendance is measured, (2) the age at which earnings are measured, (3) the cohort of students

used, and (4) the definition of earnings. In what follows, we assess the stability of rankings of colleges with

respect to these four choices.

We begin by constructing measures of college quality that vary the four parameters above. In each case,

we first identify all individuals who are U.S. citizens as of February 19, 2013 to remove those who were

temporarily in the United States for college and for whom we do not have post-college earnings data.49 We

group individuals by the higher education institution they attended and by age of attendance, as measured on

December 31 of each year.50 We group individuals not enrolled at a higher education institution at a given

age (i.e., those who have no 1098-T form filed on their behalf during the tax year) in a separate “no college”

category. For each college (including the “no college” group), we then compute earnings of the students at

various ages (in real 2010 dollars). We begin by defining earnings based on individual W-2 wage earnings

and then consider broader income measures. We top code individual earnings at $10 million to reduce the

influence of outliers and we include only those who are alive at the age at which we measure earnings.





cohort. The correlation between these measures exceeds 0.94, showing that the rankings are not sensitive to

the concept of income used to measure earnings. We view W-2 earnings as the preferred measure because

it is unaffected by marriage and the endogeneity of filing.



Substituting this definition of Yig into (25) and noting that ρgg′ = Cov
(
m jg′,m jg

)
/Var

(
m jg

)
yields

κg =
Cov

(∑8
g′=4 κ̃g′m jg′ + εmig′,m jg

)

Var
(
m jg

) =

8∑

g′=4

ρgg′ κ̃g′ .

One implication of Assumption 2, the orthogonality condition needed to identify earnings impacts, is that

Cov
(
m jg′,m jg

)
= 0 for g′ < g



a student’s earnings by

G ′ = $522, 000 × 2 × 1.84 × 0.84% = $16, 100

and yields total gains of $454, 000 for an average-sized classroom.

Deselection on Estimated VA: Monte-Carlo Simulations. To calculate the integral in (15), we first con-

struct 6A, the VCV matrix of
−→
A −t

j , the vector of past class average scores, using the parameters of the

autocovariance vector of test scores reported in Columns 1 and 2 of Table 2 of our companion paper. We

define the off-diagonal elements of 6A directly based on the autocovariances σ As reported in Table 2 of our

first paper, setting the autocovariance σ As = σ A7 for s > 7. We define the diagonal elements of 6A as the

variance of mean class test scores, which we compute based on the estimates in Table 2 as (Class+Teacher

Level SD)2 + (Individual-Level SD)2/28.2, where 28.2 is the average number of students per class.

We then simulate draws of average class scores from a N (0, 6A) distribution for one million teachers and

calculate m̂ j,n+1 based on scores from the first n periods using the same method used to construct the VA

estimates in our companion paper. Finally, we calculate the conditional expectation in (15) as the mean test

score in year n + 1 for teachers with m̂ j,n+1 in the bottom 5% of the distribution.

We calculate the gains from deselection based on true VA in Figure 8b using analogous Monte Carlo

simulations, except that we draw scores from the VCV matrix of true VA 6µ instead of test scores 6A. The

off-diagonal elements of the two matrices are identical, but the diagonal elements of 6µ reflect only the

variance of teacher quality σ 2
µ. We use the quadratic estimates of σ µ reported in the last row of Table 2 in





Dep. Var.:
College at 

Age 20

College at 

Age 20

College at 

Age 20

College

Quality at 

Age 20

College

Quality at 

Age 20

College

Quality at 

Age 20

High

Quality

College

4 or More 

Years of 

College,

Ages 18-22

(%) (%) (%) ($) ($) ($) (%) (%)

(1) (2) (3) (4) (5) (6) (7) (8)

Teacher VA 0.82 0.71 0.74 298.63 265.82 266.17 0.72 0.79

(0.07) (0.06) (0.09) (20.74) (18.31) (26.03) (0.05) (0.08)

Mean of Dep. Var. 37.22 37.22 37.09 26,837 26,837 26,798 13.41 24.59

Baseline Controls X X X X X X X X

Parent Chars. Controls X X

Lagged Score Controls X X

Observations 4,170,905 4,170,905 3,130,855 4,167,571 4,167,571 3,128,478 4,167,571 3,030,878

Impacts of Teacher Value-Added on College Attendance

TABLE 2

Notes: Each column reports coefficients from an OLS regression, with standard errors clustered by school-cohort in parentheses.

The regressions are estimated on the linked analysis sample (as described in the notes to Table 1). Teacher value-added is

estimated using data from classes taught by a teacher in other years, following the procedure described in Section III.A. The

dependent variable in Columns 1-3 is an indicator for college attendance at age 20. The dependent variable in Columns 4-6 is the

earnings-based index of college quality. See notes to Table 1 and Section II for more details on the construction of these

variables. The dependent variable in Column 7 is an indicator for attending a high-quality college, defined as quality greater than

the median college quality among those attending college, which is $43,914. The dependent variable in Column 8 is an indicator for

attending four or more years of college between the ages of 18 and 22. All columns control for the baseline class-level control

vector, which includes: class size and class-type indicators; cubics in class and school-grade means of lagged own- and cross-

subject scores, interacted with grade level; class and school-year means of student-level characteristics including ethnicity, gender,

age, lagged suspensions and absences, and indicators for grade repetition, special education, free or reduced-price lunch, and



Dep. Var.:
Earnings at 

Age 28
Earnings at 

Age 28
Earnings at 

Age 28
Working at 

Age 28
Total Income 

at Age 28
Wage Growth 
Ages 22-28

($) ($) ($) (%) ($) ($)

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

Teacher VA 349.84 285.55 308.98 0.38 353.83 286.20



Dep. Var.: Teenage Birth

Percent College 

Grad in ZIP at 

Age 28

Have 401(k) at 

Age 28

(%) (%) (%)

(1) (2) (3)

Teacher VA -0.61 0.25 0.55

(0.06) (0.04) (0.16)

Mean of Dep. Var. 13.24 13.81 19.81

Baseline Controls X X X

Observations 2,110,402 468,021 650,965

TABLE 4

Impacts of Teacher Value-Added on Other Outcomes

Notes: Each column reports coefficients from an OLS regression, with standard



Dep. Var.:

Pred. Coll. 

Attendance

(%)

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

Teacher VA 0.86 0.73 0.67 1.20 0.02

(0.23) (0.25) (0.26) (0.58) (0.06)

Year FE X

School x Year FE X X X X

Lagged Score Controls X

Lead and Lag Changes in Teacher VA X

Number of School x Grade x Subject x Year Cells 33,167 33,167 26,857 8,711 33,167

Sample: Full Sample Full Sample Full Sample
No Imputed 

Scores
Full Sample

Dep. Var.:
Pred. Coll.

Quality ($)

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

Teacher VA 197.64 156.64 176.51 334.52 2.53

(60.27) (63.93) (64.94) (166.85) (18.30)

Year FE X

School x Year FE X X X X

Lagged Score Controls X

Lead and Lag Changes in Teacher VA X

Number of School x Grade x Subject x Year Cells 33,167 33,167 26,857 8,711 33,167

Sample: Full Sample Full Sample Full Sample
No Imputed 

Scores





Student Subject Year Grade Class Teacher Test Score

Matched

to Tax

Data?

Earnings

at Age 28

Bob Math 1992 4 1 Jones 0.5 1 $35K

Bob English 1992 4 1 Jones -0.3 1 $35K

Bob Math 1993 5 2 Smith 0.9 1 $35K

Bob English 1993 5 2 Smith 0.1 1 $35K

Bob Math 1994 6 3 Harris 1.5 1 $35K

Bob English 1994 6 4 Adams 0.5 1 $35K

Nancy Math 2002 3 5 Daniels 0.4 0 .

Nancy English 2002 3 5 Daniels 0.2 0 .

Nancy Math 2003 4 6 Jones -0.1 0 .

Nancy English 2003 4 6 Jones 0.1 0 .

APPENDIX TABLE 1

Structure of Linked Analysis Dataset

Notes: This table illustrates the structure of the linked analysis sample which combines information from the

school district database and the tax data. There is one row for each student-subject-school year. Individuals who

were not linked to the tax data have missing data on adult outcomes and parent characteristics. The values in

this table are not real data and are for illustrative purposes only.



Age 23 Age 24 Age 25 Age 26 Age 27 Age 28 Age 29 Age 30 Age 31 Age 32

Age 23 1.000





Age: 20 21 22 23 24 25 26 27 28

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

No Controls 889 1,098 1,864 3,592 4,705 5,624 6,522 7,162 7,768

(20) (25) (28) (34) (39) (44) (48) (51) (54)

With Controls 392 503 726 1,372 1,759 1,971 2,183 2,497 2,784

(64) (79) (91) (110) (125) (139) (152) (161) (171)

Mean Earnings 6,484 8,046 9,559 11,777 14,004 16,141 18,229 19,834 21,320

Pct. Effect 6.1% 6.2% 7.6% 11.6% 12.6% 12.2% 12.0% 12.6% 13.1%
(with controls)

APPENDIX TABLE 4

Cross-Sectional Correlations Between Test Scores and Earnings by Age

Dependent Variable: Earnings ($)

Notes: Each cell in the first two rows reports coefficients from a separate OLS regression of earnings at a

given age on test scores measured in standard deviation units, with standard errors in parentheses. See

notes to Table 1 for our definition of earnings. We restrict this table to students born in cohorts 1979 and

1980, so that regressions are estimated on a constant subsample of the linked analysis sample. There is

one observation for each student-subject-school year, and we pool all subjects and grades in estimating

these regressions. The first row includes no controls; the second includes the full vector of student- and

class-level controls used to estimate the baseline value-added model described in Section III.A as well as

teacher fixed effects. Means of earnings for the estimation sample with controls are shown in the third row.



Earnings at College at College Quality Teenage

Dependent Variable: Age 28 at Age 20 Age 20 Birth

($) (%) ($) (%)

(1) (2) (3) (4)

Male 2,408 5.36 1,976 n/a

(88) (0.06) (16)

[22,179] [34.24] [26,205]

Female 2,735 5.74 2,262 -1.58

(80) (0.06) (17) (0.05)

[21,078] [41.07] [27,695] [13.25]

Non-minority 2,492 5.11 2,929 -0.72

(139) (0.08) (27) (0.04)

[31,587] [59.67] [34,615] [2.82]

Minority 2,622 5.65 1,734 -1.96

(62) (0.05) (12) (0.06)

[17,644] [28.98] [23,917] [17.20]

Low Parent Inc. 2,674 5.14 1,653 -1.72

(85) (0.06) (15) (0.07)

[18,521] [26.91] [23,824] [16.67]

High Parent Inc. 2,573 5.73 2,539 -1.29

(92) (0.06) (18) (0.06)

[26,402] [49.92] [30,420] [9.21]

APPENDIX TABLE 5

Heterogeneity in Cross-Sectional Correlations Across Demographic Groups

Notes: Each column reports coefficients from an OLS regression, with standard errors in

parentheses and the mean of the dependent variable in the estimation sample in brackets.

These regressions replicate the second row (full sample, with controls and teacher fixed

effects) of estimates in Columns 1-4 of Appendix Table 3, splitting the sample based on

student demographic characteristics. The demographic groups are defined in exactly the

same way as in Panel A of Table 6. We split rows 1 and 2 by the student's gender. We split

the sample in rows 3 and 4 based on whether a student belongs to an ethnic minority (black

or hispanic). We split the sample in rows 5 and 6 based on whether a student’s parental

income is higher or lower than median in the sample, which is $31,905. 



Earnings at College at College Quality Earnings at College at College Quality 

Dep. Variable: Age 28 Age 20 at Age 20 Age 28 Age 20 at Age 20

($) (%) ($) ($) (%) ($)

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

Grade 4 7,561 18.29 6,378 2,970 6.78 2,542

(57) (0.05) (13) (122) (0.09) (23)

Grade 5 7,747 18.27 6,408 2,711 5.28 2,049

(50) (0.05) (13) (108) (0.08) (23)

Grade 6 7,524 17.95 6,225 2,395 4.92 1,899

(51) (0.05) (14) (140) (0.10) (27)

Grade 7 7,891 18.23 6,197 2,429 4.48 1,689

(54) (0.05) (14) (198) (0.11) (29)

Grade 8 7,795 19.10 6,596 2,113 5.43 2,106

(48) (0.05) (13) (141) (0.11) (28)

 APPENDIX TABLE 6



Dep. Var.:
College at 

Age 20

College Quality 

at Age 20

Earnings at 

Age 28

(%) ($) ($)

(1) (2) (3)

Teacher VA, with baseline controls 0.825 299 350

(0.072) (21) (92)

Observations  4,170,905 4,167,571 650,965

Teacher VA, with additional individual controls 0.873 312 357

(0.072) (21) (90)

Observations 4,170,905 4,167,571 650,965

Teacher VA, school clustered 0.825 299 350

(0.115) (36) (118)

Observations 4,170,905 4,167,571 650,965

Teacher VA, cells > 95% VA coverage 0.819 277 455

(0.090) (26) (202)

Observations 2,238,143 2,236,354 363,392

Teacher VA, cells > median match rate 0.912 345 563

(0.094) (28) (203)

Observations 2,764,738 2,762,388 278,119

APPENDIX TABLE 7

Robustness of Baseline Results to Student-Level Controls, Clustering, and Missing Data

Notes



5% 4% 3% 2% 1% 0%

(1) (2) (3) (4) (5) (6) (7) (8)

Test Score



Dependent Variable:

Age: 18 19 20 21 22 23 24 25 26 27 28

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Teacher Value-Added 0.61 0.81 0.82 0.98 0.71 0.44 0.58 0.46 0.50 0.46 -0.01
(0.06) (0.07) (0.07) (0.08) (0.07) (0.07) (0.07) (0.08) (0.07) (0.09) (0.11)

Mean Attendance Rate 29.4 36.8 37.2 35.7 32.2 24.4 20.31 17.3 15.7 13.9 12.3

Dependent Variable:

Age: 20 21 22 23 24 25 26 27 28

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

Teacher Value-Added -32 -35 -18 44 74 141 230 254 350
(11) (14) (18) (25) (32) (44) (47) (63) (92)



Dep. Var.:

t t+1 t+2 t+3 t+4

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

Teacher VA 0.993 0.533 0.362 0.255 0.221

(0.006) (0.007) (0.007) (0.008) (0.012)

Observations 7,401,362 5,603,761 4,097,344 2,753,449 1,341,266

APPENDIX TABLE 10

Impacts of Teacher Value-Added on Current and Future Test Scores



Grade 4 Grade 5 Grade 6 Grade 7 Grade 8

Teacher Value-Added 226 289 292 482 198

(31) (33) (48) (61) (48)

Grade 4 Grade 5 Grade 6 Grade 7 Grade 8

Teacher Value-Added 194 270 173 402 198

Notes: This table presents the regression estimates plotted in Figure 7; see

notes to that figure for details.

APPENDIX TABLE 11

Impacts of Value-Added on College Quality by Grade

College Quality at Age 20

Panel A: Reduced-Form Coefficients

Panel B: Coefficients Net of Teacher Tracking



Grade 5 Grade 6 Grade 7 Grade 8

Grade 4 Teacher VA 0.028 0.057 0.024 0.027



Years Used to 
Estimate VA

Present Value of 
Earnings Gain 

per Class

Undiscounted
Sum of Earnings 
Gain per Class

Present Value of 
Earnings Gain 

per Class

Undiscounted
Sum of Earnings 
Gain per Class





FIGURE 2

Effect of Teacher Value-Added on Earnings

a) Earnings at Age 28





FIGURE 4

Effects of Teacher Value-Added on Future Test Scores
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FIGURE 5

Effects of Changes in Teaching Staff Across Cohorts on College Outcomes

a) Change in College Attendance Across Cohorts vs. Change in Mean Teacher VA





FIGURE 7





APPENDIX FIGURE 1

Stability of College Rankings by Age of Earnings Measurement

a) Rankings of Colleges Based on Earnings at Ages 23 and 27 vs. Age 32








