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SUPREME COURT FOR THE STATE OF NEW YORK
COUNTY OF ALBANY

JOHN KEONI WRIGHT; GINET BORRERO;
TAUANA GOINS; NINA DOSTER; CARLA
WILLIAMS; MONA PRADIA; ANGELES
BARRAGAN,
Plaintiffs,

Index No.:
Date purchased: July 28, 2014
umn-tons
Plaintiffs designates Albany
County as the place of trial.
The basis for venue is CPLR §§ 503(a), 505

- against STATE OF NEW YORK; REGENTS OF THE
UNIVERSITY OF THE STATE OF NEW
YORK; MERRYL H. TISCH, CHANCELLOR
OF THE BOARD OF REGENTS; JOHN B.
KING, COMMISSIONER OF EDUCATION
AND PRESIDENT OF THE UNIVERSITY OF
THE STATE OF NEW YORK,

Defendants reside at
County of Albany

Defendants.

To the State of New York:
Pau are 4rrehu .6mumuncil to answer the complaint in this action and to serve a copy
of your answer, or, if the complaint is not served with this summons, to serve a notice of
appearance, on the Plaintiff s Attorneys within 20 days after the service of this summons, exclusive
of the day of service (or within 30 days after the service is complete if this summons is not personally
delivered to you within the State of New York); and in case of your failure to appear or answer,
judgment will be taken against you by default for the relief demanded in the complaint.

Dated: July 28, 2014

Attorneys for the Plaintiffs

Defendant's address:

& ELLIS LLP
Office of the Attorney General
Justice Building, Second Floor
Empire State Plaza
Albany, NY 12224

Jay P. Lefkowitz
lefkowitz@kirkland.corn
Devora W. Allon
devora.allon@kirkland.corn
Danielle R. Sassoon
danielle.sassoon@kirkland.corn
Sarah M. Sternlieb
sarah.sternlieb@kirkland.corn
601 Lexington Avenue
New York, New York 10022-4611
Telephone:
(212) 446-4800
Facsimile:
(212) 446-4900
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PRELIMINARY STATEMENT
1.

New York's Constitution guarantees all children in the State a sound basic

education. Yet in any given school year, New York schoolchildren are at risk of being assigned
to an ineffective teacher.

2.

A child's teacher is the single most influential school-based variable in the

adequacy of the child's education, and a teacher's quality is a critical determinant of a student's
educational success. For the all-too-many New York children taught by an ineffective teacher,
the damage to their educational advancement is significant and long-lasting.

3.

The status quo in New York's education system is neither tolerable nor

unavoidable. It is the product of outdated laws that protect ineffective teachers well above what
due process requires and at the direct expense of their students' constitutional rights. These laws
hamstring school administrators from making employment decisions based on student need and
obstruct them from restoring the quality of the New York public education system.
Cumulatively, these laws make it nearly impossible to dismiss and discipline teachers with a
proven track record of ineffectiveness or misconduct. Plaintiffs, and other New York State
schoolchildren, are the primary victims of this failing system.

4.

Plaintiff John Keoni Wright's twin daughters, Kaylah and Kyler are New York

public school students whose divergent experiences at school exemplify the direct effects that a
teacher's quality has on a child's education. Kaylah and Kyler share nearly everything in
common, including their birth date and home life. But one variable separates their life
experiences and futures: last year, Kyler was assigned to an ineffective teacher.

5.

The effects are apparent. In one year alone, the difference in the twins' teachers

caused measurable differences in their educational progress. Kaylah excelled with the benefit of
an effective teacher, while Kyler fell behind and is still struggling to catch up with her twin. In
terms of reading skills alone, Kaylah and Kyler are now reading several levels apart. The gulf
between Kaylah's and Kyler's learning illustrates what is a matter of common sense. An
ineffective teacher can leave a student ill-equipped to advance, or even to stay apace of those
alike in all respects except the quality of their teacher.

6.

This suit challenges the constitutionality, in whole or in part, of Education Laws

§§ 2509, 2510, 2573, 2585, 2588, 2590, 3012, 3012-c, 3020, and 3020(a) (the "Challenged
Statutes"). The Challenged Statutes confer permanent employment, prevent the removal of
ineffective teachers from the classroom, and mandate that layoffs be based on seniority alone,
rather than effectiveness. These Statutes prevent students like Kyler Wright and the other
plaintiffs from obtaining the sound basic education guaranteed under Article XI, § 1 of the New
York Constitution (the "Education Article").

7.

This suit seeks to strike down the legal impediments that prevent New York's

schools from providing a sound basic education to all of their students, as guaranteed by the New
York Constitution. Plaintiffs seek a declaration that the Challenged Statutes violate the
constitutional rights of New York schoolchildren and a permanent injunction to prevent their
future enforcement.
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JURISDICTION AND VENUE
8.

Venue is proper in the County of Albany pursuant to the Civil Practice Law and

Rules 503(a) and 505(a) because the Defendants' principal offices are located in the County of
Albany.
9.

The Supreme Court has jurisdiction to hear this case and grant declaratory

judgment and appropriate injunctive relief pursuant to Civil Practice Law and Rules 3001 and
3017(b).
PARTIES
Plaintiffs
10.

Plaintiff John Keoni Wright sues on his own behalf and on behalf of his minor

children, Kaylah and Kyler Wright, students who attend P.S. 158, a Brooklyn school in the New
York City School District.

11.

Plaintiff Ginet Borrero sues on her own behalf and on behalf of her minor child,

Raymond Diaz, Jr., a student who attends I.S. 171, a Brooklyn school in the New York City
School District.
12.

Plaintiff Tauana Goins sues on her own behalf and on behalf of her minor child,

Tanai Goins, a student who attends P.S. 106, a Queens school in the New York City School
District.
13.

Plaintiff Nina Doster sues on her own behalf and on behalf of her minor children,

Patience and King McFarlane, students who attend P.S. 140, a Queens school in the New York
City School District.

14.

Plaintiff Carla Williams sues on her own behalf and on behalf of her minor child,

Jada Williams, a student who previously attended Nathaniel Rochester Community School No. 3
in the Rochester City School District and now attends World of Inquiry School No. 58 in the
Rochester City School District.
15.

Plaintiff Mona Pradia sues on her own behalf and on behalf of her minor child,

Adia-Jendayi Pradia, a student who previously attended Audubon School No. 333 in the
Rochester City School District and now attends Norman Howard School, paid for by the
Rochester City School District.
16.

Plaintiff Angeles Barragan sues on her own behalf and on behalf of her minor

child, Natalie Mendoza, a student who attends P.S. 94, Kings College Elementary School, a
Bronx school in the New York City School District.

Defendants
17.

Defendant the State of New York (the "State") is responsible for the educational

system in New York.
18.

Defendant Regents of the University of the State of New York ("Board of

Regents") is an executive department of the State of New York. The Board of Regents is
empowered by the New York Legislature to determine educational policy and promulgate rules
to effectuate New York State education law and policies.
19.

Defendant Merryl H. Tisch is the Chancellor of the Board of Regents. As

Chancellor, Ms. Tisch is the head of the Board of Regents and presides over Regents meetings
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and appoints its committees. N.Y. Educ. L. § 203; 8 NYCCR 3.1(a). She is sued in her official
capacity.
20.

Defendant John B. King, Jr. is the Commissioner of Education and President of

the University of the State of New York. As Commissioner, Mr. King has the obligation and
authority to supervise and monitor all public schools and to assure that educational services are
being provided in New York as required by law and regulation. N.Y. Educ. L. §§ 302-03,
305(2), 308. He is sued in his official capacity.
21.

Collectively, the defendants are legally responsible for the operation of the New

York State educational system and are required to ensure that its operation complies with
relevant state and federal constitutional requirements.
BACKGROUND

22.

The Education Article provides that "Whe legislature shall provide for the

maintenance and support of a system of free common schools, wherein all the children of this
state may be educated." N.Y. Const. Art. XI, § 1. Article XI guarantees all students in New
York a sound basic education. A sound basic education is the key to a promising future,
preparing children to realize their potential, be productive citizens, and contribute to society.
23.

The State fails to meet its constitutional obligation when it provides deficient

inputs to adequately educate its students. Students are entitled to adequate teaching by effective
personnel because teachers are the core "input" of a sound basic education.
24.

The New York Legislature enacted the Challenged Statutes.

Through

enforcement by the Defendants, the Challenged Statutes confer permanent employment, prevent
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the removal of ineffective teachers, and result in layoffs of effective teachers in favor of lesseffective, more senior teachers. Under the existing tenure laws, teachers are granted essentially
permanent employment before their effectiveness can be determined. The current dismissal and
disciplinary laws for tenured teachers make it nearly impossible to remove ineffective teachers
from the classroom once they are prematurely tenured.
25.

Because of the Challenged Statutes, New York schoolchildren are taught by

ineffective teachers who otherwise would not remain in the classroom. These laws prevent
school administrators from dismissing and disciplining teachers who do not meet the most basic
standards of adequacy and effectiveness, and from making employment decisions driven by their
students' constitutional right to a sound basic education.
26.

The State's promotion and retention of ineffective teachers, through its

promulgation and enforcement of the Challenged Statutes, violates the New York Constitution.
I.

TEACHER EFFECTIVENESS IS A NECESSARY INPUT TO A SOUND BASIC
EDUCATION.

27.

Effective teachers are the most important factor in student performance. Recent

studies have confirmed what the Court of Appeals recognized over ten years ago: teachers "are
the first and surely the most important input" in creating an adequate education.

Campaign for

Fiscal Equality, Inc. v. State (CFE II), 100 N.Y.2d 893, 909 (2003).

28.

The key determinant of educational effectiveness is teacher quality.

(See, e.g.,

Ex. 1, Chetty et al., Nat'l Bureau of Econ. Research, The Long-Term Impacts of Teachers:
Teacher Value-Added and Student Outcomes in Adulthood (2011).)
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29.

In the short-term, effective teachers provide tangible educational results in the

form of higher test scores and higher graduation rates. (Ex. 2, Bill & Melinda Gates Found.,
Ensuring Fair and Reliable Measures of Effective Teaching: Culminating Findings from the
MET Project's Three-Year Study (2013); Ex. 3, Eric A. Hanushek, Valuing Teachers: How Much
Is a Good Teacher Worth?, Education Next, Summer 2011, at 42.)

30.

In the long-term, students taught by effective teachers are given a strong

foundation from which to advance and achieve. These students are less likely to become teenage
parents and more likely to progress in their education, attending college and matriculating at
colleges of higher quality. They are more likely to earn more money throughout their lives, live
in neighborhoods of higher socioeconomic status, and save more money for retirement. (See Ex.
1, Chetty et al., supra.)

31.

Teacher quality affects student success more than any other in-school factor.

High-quality instruction from effective teachers helps students overcome the traditional barriers
demographics impose, (see Ex. 4, Steven G. Rivkin et al., Teachers, Schools, and Academic
Achievement, 73 Econometrica 417, 419 (2005)), and may have the greatest positive effect on
low-performing students and minorities, (see Ex. 5, Daniel Aaronson et al., Teachers and Student
Achievement in the Chicago Public High Schools, 25 J. Lab. Econ. 95, 126-128 (2007)).

32.

If schools were able to replace the least effective teachers, it would add enormous

value to the future earnings of students and the U.S. economy as a whole. (Ex. 3, Hanushek,
supra, at 43-44.)

33.

In light of the substantial and enduring effect that teachers have on their students'

achievement, the ability to remove ineffective teachers employed by the New York public school

8

system would improve the lives and better the futures of the students who would otherwise be
assigned to those teachers. Yet the Challenged Statutes deprive New York students of a sound
basic education, providing no true means for administrators to remove teachers with a track
record of ineffectiveness, and causing too many students to remain in the classroom with
ineffective teachers.

II. THE TEACHER TENURE STATUTES CONFER PERMANENT
EMPLOYMENT ON INEFFECTIVE TEACHERS.
34.

Sections 2509, 2573, 3012 and 3012-c (the "Permanent Employment Statutes"),

alone and in conjunction with the other statutes at issue, ensure that ineffective teachers unable to
provide students with a sound basic education are granted virtually permanent employment in the
New York public school system and near-total immunity from termination.

35.

New York Education Law § 3012(2) 1 provides that "at the expiration of the

probationary term of a person appointed for such term, subject to the conditions of this section,
the superintendent of schools shall make a written report to the board of education or the trustees
of a common school district recommending for appointment on tenure those persons who have
been found competent, efficient and satisfactory, consistent with any applicable rules of the
board of regents adopted pursuant to section 3012(b) or this article."

36.

Tenure confers extraordinary benefits and protections, but it is out of the ordinary

for a teacher to be denied tenure. The default is to grant teachers tenure and the process is a
formality, rather than an appraisal of teacher performance.

(See Ex. 6, Ann Duffett et al., Educ.

Section 3012 applies to certain school districts, including common school districts and/or school districts
employing fewer than eight teachers, other than city school districts. Section 2509 applies the same law to
school districts of cities with less than 125,000 inhabitants. Section 2573 applies the same law to school
districts of cities with 125,000 inhabitants or more.
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Sector, Waiting to Be Won Over: Teachers Speak on the Profession, Unions, and Reform 3
(2008).)
37.

In 2007, 97 % of tenure-eligible New York City teachers received tenure. Even

with recent reforms meant to strengthen the evaluation system, few teachers are denied tenure.
In 2011 and 2012, while some teachers had their probationary periods extended, only 3 % of
tenure-eligible teachers were denied tenure outright.

(See Ex. 7, Susanna Loeb et al.,

Performance Screens for School Improvement: The Case of Teacher Tenure Reform in New York
City (2014).) These numbers indicate that most ineffective teachers are not denied tenure.

38.

New York school districts typically grant tenure to new teachers after a

probationary period of three years, and after only two years of performance review. The
statute's prescribed methods for evaluating effectiveness before granting tenure are deficient and
three years is inadequate to assess whether a teacher has earned the lifelong benefits of tenure.
39.

Pursuant to New York Education Law § 3012-c(1), New York State implemented

the Annual Professional Performance Review (the "APPR") to evaluate teachers and principals.
A teacher's review is meant to be a significant factor in employment decisions, including tenure,
retention, and termination. N.Y. Educ. Law. § 3012-c(1).
40.

Under the APPR, teachers receive a numerical score every year that is transposed

into one of four ratings: "Highly Effective," "Effective," Developing," or Ineffective." Each
school district negotiates the specific terms of their APPR plans, which must comply with
§ 3012-c. State-developed measures of student growth, such as test results, must form twenty
percent of a teacher's rating. Another twenty percent must be based on locally selected measures
of student achievement. Locally deten -nined evaluation methods, such as classroom observations
10

by administrative staff, form the remaining sixty percent. Rather than impose a uniform
definition of what constitutes conduct unworthy of tenure, the Permanent Employment Statutes
have invited variable and superficial definitions of ineffective teaching that do not ensure tenure
is awarded only to effective teachers.

41.

The APPR does not adequately identify teachers who are truly "Developing" or

"Ineffective." For example, teachers are not rated ineffective even when their students
consistently fail state exams. In 2012, only 1 % of teachers were rated "Ineffective." 2 At the
same time, 91.5 % of New York teachers were rated "Highly Effective" or "Effective," even
though only 31 % of students taking the English Language Arts and Math standardized tests met
the standard for proficiency. (Ex. 8, Cathy Woodruff, Why Are Most Teachers Rated Effective
N.Y. St. Sch. Bds. Ass'n, (Dec. 16, 2013),

When Most Students Test Below Standards?,

http ://www.nys sb a. org/news/2013/12/12/on-b o ard-online-decemb er-16-2013/why- are-mo stteachers-rated-effective-when-mo st- students-test-b el ow-standards/.)

42.

Similarly, of the New York City teachers eligible for tenure from 2010-11 to

2012-2013, only 2.3 % received a final rating of "Ineffective" (302 teachers), even though 8 %
of the teachers had low attendance (more than twenty absences over prior two years) and 12 % of
teachers had low value added. (See Ex. 7, Loeb et al., supra.) These discrepancies indicate that
the APPR ratings operate as a rubber stamp for tenure and are not a meaningful check within the
tenure process.

2

The data excludes New York City teachers because the city and teachers' union were unable to agree on a plan
for the teacher evaluation system. (Ex. 9, Geoff Decker, Few Teachers Across New York State Earned Low
Ratings Last Year, Chalkb eat, (Oct. 22, 2013), http://ny.chalkbeat.org/2013/10/22/few-teachers-across-newyork-state-earned-low-ratings-last-yearAU3oacP1dXgU.) On information and belief, the New York City data
would be similar to the overall New York State data.
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43.

The APPR's deficient and superficial means of assessing teacher effectiveness is

the most highly predictive measure of whether a teacher will be awarded tenure.

44.

(See id.)

The few teachers receiving an "Ineffective" or "Developing" rating are not the

only ineffective teachers in the New York public school system. It is less likely that so few
teachers are ineffective than that the ratings of many ineffective teachers are inflated and the
ineffective performance by teachers is roundly ignored.

The ratings do not identify

pedagogically incompetent teachers, including teachers unable to control their classroom, who
fail to provide instruction, prepare lesson plans, or distribute homework, and teachers indifferent
to their students' educational advancement.

45.

Of the miniscule percentage of ineffective teachers actually rated as such, not all

are denied tenure. Between 2010 and 2013, close to 1 % were approved for tenure and 18.2 %
had their probationary periods extended. (See id.) In addition, teachers have the right to appeal
an Ineffective rating 3 and tenure cannot be denied to a probationary teacher while an APPR
appeal about the teacher's performance is pending. N.Y. Educ. Law § 3012-c(5). Moreover,
administrators renew probationary teachers in their final probationary year despite any
performance concerns. (Ex. 11, Communities for Teaching Excellence, Earned, Not Given:
Transforming Teacher Tenure 3 (2012).)

46.

A teacher's long-term effectiveness • cannot be determined with any degree of

confidence during the first two or three years of teaching. Most studies indicate that teacher
effectiveness is typically established by the fourth year of teaching.
3

(Id. at 5.) After that,

Most districts also allow tenured, as well as non-tenured, teachers to appeal a Developing rating. (See Ex. 10,
Alexander Colvin et al., Scheinman Inst. on Conflict Resolution, APPR Teacher Appeals Process Report
(2014).)
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effective teachers tend to remain relatively effective, and ineffective teachers remain relatively
ineffective. Deciding tenure after a three-year probationary period confers permanent
employment on many teachers who will be ineffective for the rest of their teaching career.
47.

The statute's notification requirements make it effectively impossible to consider

a teacher's third-year APPR before a tenure detennination is made, even if a teacher is found to
be ineffective in the third year of his or her probationary period. Section 3012 requires the
superintendent of school to notify in writing "each person who is not to be recommended" for
tenure of that decision no later than sixty days before the expiration of his or her probationary
period. N.Y. Educ. Law § 3012(2). Typically, however, a teacher's probationary tenn ends
before the third-year APPR is reported, at the end of the school year.

(See Ex. 12, Warren H.

Richmond III, Evaluation Law Could Limit Ability to Terminate Probationary Teachers,
N.Y.L.J., May 16, 2013, at 2.) The final APPR rating may not be provided until September 1 of
the following school year. N.Y. Educ. Law § 3012-c(2)(c)(2). A tenure determination,
therefore, may be made on the basis of only two years of APPR reviews, and without regard to
an ineffectiveness determination in the third year.
48.

Once a teacher receives tenure, he or she is guaranteed continued employment

except in limited enumerated circumstances and only after a disciplinary hearing pursuant to
section 3020(a).
III. THE DISCIPLINARY STATUTES KEEP INEFFECTIVE, TENURED
TEACHERS IN THE SCHOOL SYSTEM.

49.

Once a teacher receives tenure, he or she cannot be removed except for just cause,

and in accordance with the disciplinary process prescribed by § 3020-a. N.Y. Educ. Law
§ 3020(1) (§ 3020-a and § 3020 hereinafter collectively referred to as the "Disciplinary
13

Statutes"). The following causes may constitute reason to remove or discipline a teacher:
insubordination, immoral character or conduct unbecoming of a teacher, inefficiency,
incompetency, physical or mental disability, or neglect of duty, or a failure to maintain required
certification. N.Y. Educ. Law § 3012(2).
50.

As applied, the Disciplinary Statutes result in the retention of ineffective teachers.

The Disciplinary Statutes impose dozens of hurdles to dismiss or discipline an ineffective
teacher, including investigations, hearings, improvement plans, arbitration processes, and
administrative appeals. On top of these procedural obstacles, the standard for proving just cause
to terminate a teacher is nigh impossible to satisfy. The statutorily mandated hearings are
"consuming and expensive hurdles that make the dismissal of chronically ineffective, tenured
teachers almost impossible." (Ex. 11, Communities for Teaching Excellence, supra, at 5.)

51.

The Disciplinary Statutes make it prohibitively expensive, time-consuming, and

effectively impossible to dismiss an ineffective teacher who has already received tenure.
Because of the difficulty, cost, and length of time associated with removal, the number of
ineffective teachers who remain employed is far higher than the number of those disciplined or
terminated.
52.

Disciplinary proceedings are rarely initiated. It is well known that "because of the

cumbersome, lengthy, and costly due process protections [tenure] affords, many school districts
rarely attempt to fire teachers--in effect granting them permanent employment."

53.

(Id. at 2.)

As an initial matter, administrators are deterred from giving an Ineffective rating.

On information and belief, principals and other administrators may be inclined to rate teachers
artificially high because of the lengthy appeals process for an ineffectiveness rating and because
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they must partake in the development and execution of a teacher improvement plan ("TIP") for
Developing and Ineffective teachers. N.Y. Educ. Law § 3012-c(4). The TIP must be mutually
agreed upon by the teacher and principal and must include "needed areas of improvement, a
timeline for achieving improvement, the manner in which improvement will be assessed, and,
where appropriate, differentiated activities to support a teacher's or principal's improvement in
those areas." Id.
54.

Section 3020-a imposes a three-year limit for bringing charges against a teacher.

But before administrators may initiate proceedings to discipline or terminate an ineffective or
incompetent teacher, they must meticulously build a trove of evidence that includes extensive
observation, detailed documentation, and consultation with the teacher. On information and
belief, it may be difficult for school districts to collect enough evidence for a 3020-a hearing
within the three-year period. This laborious and complicated process deters administrators from
trying to remove ineffective teachers from the classroom. (See Ex. 13, John Stossel, How to Fire
an

Incompetent

Teacher,

Reason

(Oct.

2006),

http://cloudfront-

assets.reason. com/assets/db/12639308918768.pdf.)
55.

On information and belief, principals and administrators would be more likely to

use the 3020-a process to discipline or dismiss a teacher if it was less time-consuming and more
effective. A 2009 survey found that 48 % of districts surveyed considered bringing 3020-a
charges at least once, but did not. The districts stated multiple reasons for not filing charges,
including that the process was too cumbersome, too expensive, that their case was not strong
enough, or that the employee resigned.
Slow,

Costly,

N.Y.

St.

(See Ex. 14, Patricia Gould, 3020-a Process Remains
Sch.

Bds.
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Ass'n

(May

11,

2009),

http://www.nyssba.org/index.php?src=news&refno=853&category=On%20Board%200nline%2
0May%2011%202009.)
Once an administrator clears the hurdles to file charges, termination can result

56.

only after a 3020-a hearing. Despite statutory time limits, from 2004-2008, 3020-a disciplinary
proceedings took an average of 502 days, from the time charges were brought until a final
decision.

(See Ex. 15, 3020-a Teacher Discipline Reform, N.Y. State Sch. Bds. Ass'n,

http ://www.nys sb a. org/index .php? src=gendo cs &ref=3020a%20Teacher%20Discipline%20Reform&category=advocacy_legislation.) 4

57.

Incompetency proceedings, which may include charges such as inability to

control a class and failure to prepare required lesson plans, take even longer. From 1995-2006,
incompetency proceedings in New York took an average of 830 days, costing $313,000 per
teacher. (Id.)
58.

Two consecutive Ineffective ratings constitute a pattern of ineffective teaching or

performance, subjecting a teacher to an expedited § 3020-a hearing. N.Y. Educ. Law § 3020a(3)(c)(i-a)(A). But few teachers receive two consecutive Ineffective ratings to trigger an
expedited process.
59.

While charges are pending, ineffective teachers continue to be paid even if they

are suspended. Unless a teacher is convicted of certain felony crimes, the teacher "may be
suspended pending a hearing on the charges and the final determination thereof' with pay. N.Y.
Educ. Law § 3020-a(2)(b).

4

The statistics in paragraphs 56-57 exclude New York City, which has an alternate disciplinary process.
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60.

The Disciplinary Statutes require the following procedure to discipline a teacher:

6. The Commissioner must notify the American
Arbitration Association, who provides a list of
names to serve as potential hearing officers. The
Commissioner mails the list to the employing board
and the employee.

1. The charge must be filed with the clerk/secretary
during the school year.

2.

Within 5 days, the employing board decides by
majority vote whether probable cause exists to
bring a disciplinary hearing.

3.

If probable cause exists, the employee receives a
written statement detailing the charges, the
maximum penalty that may be imposed without a
hearing, and the employee's rights.

4.

5.

7. The employee and employing board must mutually
agree to select a hearing officer from the list and
notify the Commissioner of their selection within
15 days. If the employee and employing board fail
to agree, or fail to notify the Commissioner within
15 days, the Commissioner shall appoint a hearing
officer from the list.

8. The hearing officer must render a decision within
30 days of the last day of the final hearing. Within
15 days of receipt of the decision, the employing
board shall implement the decision.

Within 10 days, the employee must notify the clerk
of whether they desire a hearing. If no hearing is
requested, the employing board must, by majority
vote of all members, determine the case and fix the
penalty.

9. The Employee or employing board has 10 days to
appeal to the New York Supreme Court to vacate
or modify the award.

Within 3 days of a request for a hearing, the
clerk/secretary must notify the Commissioner of
the need for a hearing.

61.

Section 3020(1) incorporates the "alternate disciplinary procedures contained in a

collective bargaining agreement." N.Y. Educ. Law § 3020(1). This means that the Statute
allows its procedural requirements to be modified by contract.

In practice, the collective

bargaining agreements make it even more difficult to remove ineffective teachers and add
conditions that delay the process even further. For example, in New York City the arbitrator
must be jointly selected with the union, which effectively grants the union the power to veto
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arbitrators on the list. The refusal to appoint hearing officers contributes to the massive backlog
of disciplinary cases in New York City.

62.

These proceedings are not only long, they are futile. When administrators do

pursue disciplinary action, few 3020-a proceedings result in termination, even when an arbitrator
determines that the teacher is ineffective, incompetent, or has engaged in misconduct.

In a study

of New York City 3020-a proceedings from 1997-2007, only twelve teachers were dismissed for
incompetent teaching. (Ex. 16, Katharine B. Stevens, Firing Teachers: Mission Impossible, N.Y
Daily News (Feb. 17, 2014), http://www.nydailynews.corn/opinionlfiring-teachers-missionimpossible-article-1.1615003.)

63.

On information and belief, dismissals are so rare not because there are no

incompetent teachers, but because the Permanent Employment and Disciplinary Statutes make it
impossible to fire them.

64.

Thus, if administrators are ever able to comply with the myriad procedural

requirements that precede disciplinary action, they then confront a burden of proof that is nearly
insurmountable. In order to ten-ninate a teacher, administrators must not only validate the
charges, but also prove that the school has undertaken sufficient remediation efforts, that all
rernediation efforts have failed, and that they will continue to fail indefinitely. See, e.g., deSouza
v. Dep't of Educ., 28 Misc. 3d 1201(A) (N.Y. Sup. 2010).

65.

The result of these proceedings is that ineffective teachers return to the classroom,

and students are denied the adequate education that is their right.
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IV. THE LIFO STATUTES REQUIRE THE STATE TO RETAIN MORE SENIOR
TEACHERS AT THE EXPENSE OF MORE EFFECTIVE TEACHERS.

66.

When school districts conduct layoffs that reduce the teacher workforce, New

York Education Law § 2585 mandates that the last teachers hired be the first teachers fired (the
"Last In First Out" or "LIFO" Statute). 5 Under the LIFO Statute, "[w]henever a board of
education abolishes a position under this chapter, the services of the teacher having the least
seniority in the system within the tenure of the position abolished shall be discontinued." N.Y.
Educ. Law § 2585(3).
67.

New York is one of only ten states to conduct layoffs on the basis of seniority

alone, irrespective of a teacher's performance, effectiveness, or quality. (Ex. 17, Vergara v.
California, No. BC484642 (Cal. Super. Ct. June 10, 2014).)

68.

Under the LIFO Statute, school districts conducting layoffs must fire, junior high-

performing teachers. While these teachers are lost to the classroom, senior, low-performing, and
more highly-paid teachers continue to provide poor instruction to their students.
69.

Seniority is not an accurate predictor of teacher effectiveness.

Studies

demonstrate that a teacher's effectiveness generally levels off of returns to experience after five
to seven years. (Ex. 18, Allison Atteberry et al., Do First Impressions Matter? Improvement in
Early Career Teacher Effectiveness 4 (CALDER, Working Paper No. 90, 2013).) Yet the LIFO

Statute requires that seniority, which has little correlation to a teacher's effectiveness, be the sole
factor in layoffs.
5

Section 2585 applies to school districts of cities with 125,000 inhabitants or more, such as Rochester City
School District. Section 2510(1)-(2) applies the same law to school districts of cities with less than 125,000
inhabitants. Section 2588 applies to school districts of cities with over 1,000,000 inhabitants, such as New
York City.
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70.

In recent years, various school districts in New York, including the Rochester

City School District, have implemented district-wide layoffs due to budgetary constraints. In
Rochester, the district laid off 116 teachers in 2010, 400 teachers in 2011, and 56 teachers in
2012. Pursuant to the LIFO Statute, school administrators discontinued the employment of topperfonning teachers with lower seniority, and retained low-performing teachers with greater
seniority.
71.

Under a seniority-based layoff system, school districts must fire more teachers to

satisfy budgetary constraints because newer teachers are paid less. The higher the number of
layoffs, the greater the detriment suffered by schools and students.

72.

Seniority-based layoffs affect children at struggling schools the most, because

lower-performing schools generally have a disproportionate number of newly-hired teachers.
73.

The LIFO Statute hinders recruitment of talented personnel because newly-hired

teachers face a heightened risk of being laid off, regardless of their abilities and performance.

74.

Layoffs determined on the basis of teacher effectiveness, rather than seniority

alone, would result in a more effective workforce. If New York City had conducted senioritybased layoffs between 2006 and 2009, none of the New York City teachers that received an
Unsatisfactory6 rating during those years would have been laid off In the absence of the LIFO
Statute, school administrators conducting layoffs would consider teacher performance, a higher
number of effective teachers would be retained, and fewer children would suffer the loss of an

6

New York changed their rating system in 2010, from rating teachers as 'Satisfactory' or 'Unsatisfactory,' to
'Highly Effective,"Effective,"Developing,' and 'Ineffective.'
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effective teacher. (Ex. 19, Donald Boyd et al., Teacher Layoffs: An Empirical Illustration of
Seniority Versus Measures of Effectiveness, 6 Educ. Finance & Pol. 439 (2011).)

75.

The LIFO Statute, both alone and in conjunction with the other Challenged

Statutes, ensures that a number of ineffective teachers unable to provide students with a sound
basic education retain employment in the New York school system.

76.

Cumulatively, the State's enforcement of the Challenged Statutes forces schools

to retain ineffective teachers and violates New York students' right to a sound basic education.

FIRST CAUSE OF ACTION
77.

Plaintiffs repeat and re-allege each and every allegation set forth in Paragraphs 1

through 76 as though fully set forth herein at length.

78.

The Permanent Employment Statute violates the Education Article of the New

York Constitution because it has failed, and continues to fail to provide all children in New York
State with a sound basic education.
79.

Teacher effectiveness carmot be determined within three years. The teachers who

obtain tenure may fail to provide students with an effective education, but are guaranteed
lifetime employment and compensation.

SECOND CAUSE OF ACTION
80.

Plaintiffs repeat and re-allege each and every allegation set forth in Paragraphs 1

through 76 as though fully set forth herein at length.
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81.

The Disciplinary Statutes violate the Education Article of the New York

Constitution because they fail to provide all children in New York State with a sound basic
education by preventing the dismissal of ineffective teachers.

82.

Principals are unlikely to take action to attempt to dismiss or discipline an

ineffective teacher. Because disciplinary proceedings are time-consuming, costly, and unlikely
to result in the removal of teachers, ineffective teachers are kept in the classroom.

THIRD CAUSE OF ACTION
83.

Plaintiffs repeat and re-allege each and every allegation set forth in Paragraphs 1

through 76 as though fully set forth herein at length.

84.

The LIFO Statute violates the Education Article of the New York Constitution

because it has failed, and will continue to fail to provide children throughout the Rochester City
School District with a sound basic education.

85.

LIFO prohibits administrators from taking teacher quality into account when

conducting layoffs so that ineffective, more senior teachers are retained and effective teachers
are fired.

PRAYER FOR RELIEF
WHEREFORE, plaintiffs respectfully request that this Court enter a judgment against
Defendants as follows:

(i)

As to each Count, a declaratory judgment, that the Challenged Statutes violate the
New York Constitution in the manner alleged above.
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(ii)

As to each Count, preliminary and permanent injunctions enjoining Defendants from
implementing or enforcing the Challenged Statutes.

(iii)

Award plaintiffs all costs and expenses incurred in bringing this action, including
reasonable attorney's fees and costs;

(iv)

Such other relief available under New York law that may be considered appropriate
under the circumstances, and further relief as this Court deems just and proper.

Dated: New York, New York
July 28, 2014

Kirkland & Ellis LLP

By:
Jay P. Lefkowitz
Jay P. Lefkowitz
Devora W. AlIon
Danielle R. Sassoon
Sarah M. Sternlieb
KIRKLAND & ELLIS LLP
601 Lexington Ave.
New York, NY 10022
Telephone (212) 446-4800
Facsimile (212) 446-6460
Attorneys for Plaintiffs
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Introduction

Many policy makers advocate increasing the quality of teaching, but there is considerable debate
about the best way to measure and improve teacher quality. One prominent method is to evaluate
teachers based on their impacts on their students’ test scores, commonly termed the “value-added”
(VA) approach (Hanushek 1971, Murnane 1975, Rockoﬀ 2004, Rivkin, Hanushek, and Kain 2005,
Aaronson, Barrow, and Sander 2007, Kane and Staiger 2008). School districts from Washington
D.C. to Los Angeles have begun to publicize VA measures and use them to evaluate teachers.
Advocates argue that selecting teachers on the basis of their VA can generate substantial gains
in achievement (e.g., Gordon, Kane, and Staiger 2006, Hanushek 2009), while critics contend that
VA measures are poor proxies for teacher quality and should play little if any role in evaluating
teachers (e.g., Baker et al. 2010, Corcoran 2010).
The debate about teacher VA stems primarily from two unanswered questions.1 First, do the
diﬀerences in test-score gains across teachers measured by VA capture causal impacts of teachers
or are they driven primarily by student sorting? If students are sorted to teachers in ways that are
not accounted for when estimating value-added, VA estimates will incorrectly reward or penalize
teachers for the mix of students they get. Researchers have reached conflicting conclusions about
the degree of bias in VA (e.g. Kane and Staiger 2008, Rothstein 2010) and there is still disagreement
about this important issue.

Second, do teachers who raise test scores improve their students’

outcomes in adulthood or are they simply better at teaching to the test? Recent work has shown
that early childhood education has significant long-term impacts (e.g. Heckman et al. 2010a, 2010b,
2010c, Chetty et al. 2011), but no study has identified the long-term impacts of teacher quality as
measured by value-added.
We address these two questions using information from two administrative databases.

The

first is a dataset on test scores and classroom and teacher assignments in grades 3-8 from a large
urban school district in the U.S. These data cover more than 2.5 million students and 18 million
tests for math and English (reading) spanning 1989-2009. The second is selected data from United
States tax records spanning 1996-2010.2

These data contain information on student outcomes

such as earnings, college attendance, and teenage births as well as parent characteristics such as
1

There are also other important concerns about VA besides the two we focus on in this paper. For instance,
as with other measures of labor productivity, the signal in value-added measures may be degraded by behavioral
responses if high-stakes incentives are put in place (Barlevy and Neal 2012).
2
Tax microdata were not directly used to write the present paper, as all results using tax data are drawn from
tables contained in a Statistics of Income paper on the long-term impacts of tax policy (Chetty, Friedman, and
Rockoﬀ 2011). We describe the details of how the tax data were analyzed here as a reference.

household income, retirement savings, and mother’s age at child’s birth. We match nearly 90% of
the observations in the school district data to the tax data, allowing us to track a large group of
individuals from elementary school to early adulthood.
Our analysis has two parts. In the first part, we develop new tests for bias in VA measures.
We estimate teacher value-added using standard Empirical Bayes methods, conditioning on predetermined variables from the school district data such as lagged test scores (Kane and Staiger 2008,
Kane, Rockoﬀ, and Staiger 2008). Our estimates of VA are consistent with prior work: a 1 standard
deviation (SD) improvement in teacher VA raises end-of-grade test scores by approximately 0.1 SD
on average. To evaluate whether these VA estimates are biased by sorting on observables, we use
parent characteristics from the tax data, which are strong predictors of test scores but are omitted
from the VA models.

We find that these parent characteristics are uncorrelated with teacher

value-added conditional on the observables used to fit the VA model from the school district data.
In addition, lagged test score gains are essentially uncorrelated with current teacher VA conditional
on observables. We conclude that sorting on observable dimensions generates little or no bias in
standard VA estimates.
To evaluate sorting on unobservables, we develop a quasi-experimental method of testing for
bias in VA estimates that exploits changes in teaching assignments at the school-grade level. For
example, suppose a high-VA 4th grade teacher moves from school s to another school in 1995. If
VA estimates have predictive content, then students entering grade 4 in school s in 1995 should
have lower quality teachers on average and their test score gains should be lower on average than
the previous cohort.

In practice, we find sharp breaks in test score gains around such teacher

arrivals and departures at the school-grade-cohort level.

Building on this idea, we assess the

degree of bias in VA estimates by testing if observed changes in average test scores across cohorts
match predictions based on the changes in the mean value-added of the teaching staﬀ.3

We

find that the predicted impacts closely match observed impacts: the point estimate of the bias in
forecasted impacts is 2% and statistically insignificant.4 Although it rests on stronger identifying
assumptions than a randomized experiment, our approach of using variation from teacher turnover
3

This research design is related to recent studies of teacher turnover (e.g., Rivkin, Hanushek, and Kain 2005,
Jackson and Bruegmann 2010, Ronfeldt et al. 2011), but is the first direct test of whether the VA of teachers who
enter or exit aﬀects mean test scores across cohorts. We discuss how our approach diﬀers from this earlier work in
Section 4.4.
4
This quasi-experimental test relies on the assumption that teacher departures and arrivals are not correlated at
a high frequency with student characteristics. We find no evidence of such correlations based on observables such as
lagged test scores or scores in other subjects. This is intuitive, as parents are unlikely to immediately switch their
children to a diﬀerent school simply because a single teacher leaves or arrives.
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can be implemented in many datasets and yields much more precise estimates of the degree of bias.
Our method requires no data other than school district administrative records, and thus provides
a simple technique for school districts and education researchers to validate their own value-added
models.5
As we discuss in greater detail below, our results reconcile the findings of Kane and Staiger
(2008) and Rothstein (2010) on bias in VA estimates. Rothstein finds minimal bias in VA estimates
due to selection on observables but warns that selection on unobservables could potentially be a
problem because students are sorted to classrooms based on lagged gains.

Like Rothstein, we

find minimal selection on observables. We then directly test for selection on unobservables using
an approach analogous to Kane and Staiger (2008), but exploiting quasi-experimental variation
in lieu of a randomized experiment. Like Kane and Staiger, we find no evidence of selection on
unobservables. We therefore conclude that our value-added measures provide unbiased estimates of
teachers’ causal impacts on test scores despite the grouping of students on lagged gains documented
by Rothstein.6
In the second part of the paper, we analyze whether high-VA teachers improve their students’
outcomes in adulthood. We structure our analysis using a stylized dynamic model of the education
production function in which cumulative teacher inputs over all grades aﬀect earnings, as in Todd
and Wolpin (2003). We regress outcomes such as earnings for a given set of students on teacher VA
estimated using other cohorts to account for correlated errors in scores and earnings, as in Jacob,
Lefgren, and Sims (2010). The resulting coeﬃcients capture the “reduced form” impact of being
assigned a teacher with higher VA in grade g, which includes both the grade g teacher’s direct eﬀect
and any indirect benefits of being tracked to better teachers or receiving better educational inputs
after grade g.
We first pool all grades to estimate the average reduced-form impact of having a better teacher
for a single year from grades 4-8. We find that teacher VA has substantial impacts on a broad range
of outcomes. A 1 SD improvement in teacher VA in a single grade raises the probability of college
attendance at age 20 by 0.5 percentage points, relative to a sample mean of 36%. Improvements
in teacher quality also raise the quality of the colleges that students attend, as measured by the
average earnings of previous graduates of that college.
5

Changes in the quality of the teaching

STATA code to implement this technique is available at http://obs.rc.fas.harvard.edu/chetty/va_bias_code.zip
Our findings do not contradict Rothstein’s results; in fact, we replicate them in our own data. However, while
Rothstein concludes that selection on unobservables could potentially generate significant bias, we find that it is
actually negligible based on quasi-experimental tests that provide more definitive estimates of the degree of bias.
6

3

staﬀ across cohorts generate impacts on college attendance and quality of a similar magnitude,
supporting the view that these estimates reflect the causal impact of teachers.
Students who get higher VA teachers have steeper earnings trajectories, with significantly higher
earnings growth rates in their 20s. At age 28, the oldest age at which we 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 about 1% on average.

If this impact on earnings remains constant over the

lifecycle, students would gain approximately $25,000 on average in cumulative lifetime income from
a 1 SD improvement in teacher VA in a single grade; discounting at a 5% rate yields a present value
gain of $4,600 at age 12, the mean age at which the interventions we study occur.
We also find that improvements in teacher quality significantly reduce the probability of having
a child while being a teenager, increase the quality of the neighborhood in which the student lives (as
measured by the percentage of college graduates in that ZIP code) in adulthood, and raise 401(k)
retirement savings rates.

The impacts on adult outcomes are all highly statistically significant,

with the null of no impact rejected with p < 0.01.
Under certain strong assumptions about the nature of the tracking process, the net impacts
of teacher VA in grade g can be recovered from the reduced-form coeﬃcients by estimating a set
of tracking equations that determine how teacher VA in grade g aﬀects VA in subsequent grades.
Using this approach, we find that the net impacts of teacher VA are significant and large throughout
grades 4-8, showing that improvements in the quality of education can have large returns well
beyond early childhood.7
The impacts of teacher VA are slightly larger for females than males.

A given increase in

test scores due to higher teacher quality is worth more in English than math, but the standard
deviation of teacher eﬀects is 50% larger in math than English. The impacts of teacher VA are
roughly constant in percentage terms by parents’ income. Hence, high income households, whose
children have higher earnings on average, should be willing to pay larger absolute amounts for
higher teacher VA.
The finding that one’s teachers in childhood 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 test score impacts stabilize at about 1/3 the original impact after 3
7
Because we can only analyze the impacts of teacher quality from grades 4-8, we cannot quantify the returns to
education at earlier ages. The returns to better education in pre-school or earlier may be much larger than those
estimated here (Heckman 2000).
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years, showing that some of the achievement gains persist.

Despite the fade-out of impacts on

scores, the impacts of better teaching on earnings are similar to what one would predict based on
the cross-sectional correlation between earnings and contemporaneous test score gains conditional
on observables. This pattern of fade-out and re-emergence echoes the findings of recent studies of
early childhood interventions (Heckman et al. 2010c, Deming 2009, Chetty et al. 2011).
To illustrate the magnitude of teachers’ impacts, we use our estimates to evaluate the gains from
selecting teachers based on their estimated VA. We begin by evaluating Hanushek’s (2009) proposal
to deselect the bottom 5% of teachers based on their value-added. We estimate that replacing a
teacher whose true VA is in the bottom 5 percent with an average teacher would increase the present
value of students’ lifetime income by $267,000 per classroom taught.8

However, because VA is

estimated with noise, the gains from deselecting teachers based on a limited number of classrooms
are smaller. We estimate the present value gains from deselecting the bottom 5% of teachers to
be approximately $135,000 based on one year of data and $190,000 based on three years of data.
We then evaluate the expected gains from policies that pay bonuses to high-VA teachers in
order to increase retention rates. The gains from such policies appear to be only modestly larger
than their costs. Although the present value benefit from retaining a teacher whose estimated VA
is at the 95th percentile after three years is nearly $200,000 per year, most bonus payments end up
going to high-VA teachers who would have stayed even without the additional payment (Clotfelter
et al. 2008). 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 we do not measure here.9
It is important to keep two caveats in mind when evaluating the policy implications of our
findings. First, teachers were not incentivized based on test scores in the school district and time
period we study.

The signal content of value-added might be lower when it is used to evaluate

teachers because of behavioral responses such as cheating or teaching to the test (Jacob and Levitt
2003, Jacob 2005, Neal and Schanzenbach 2010).

Our results quantify the gains from higher

VA teachers in an environment without such distortions in teacher behavior.10 Further work is
8

This calculation discounts the earnings gains at a rate of 5% to age 12. The total undiscounted earnings gains
from this policy are $52,000 per child and more than $1.4 milllion for the average classroom.
9
Increasing salaries or paying bonuses based on VA could also result in gains to students via changes in teacher
eﬀort in the short run. However, a recent experimental study from the U.S. found no significant impacts of this type
of incentive program (Springer et al. 2010).
10
Even in our sample, we find that the top 2% of teachers ranked by VA have patterns of test score gains that are
consistent with test manipulation based on the proxy developed by Jacob and Levitt (2003). Correspondingly, these
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needed to determine how VA should be used for education policy in a high stakes environment with
multitasking and imperfect monitoring (Holmstrom and Milgrom 1991, Barlevy and Neal 2012).
Second, our analysis does not compare value-added with other measures of teacher quality. It
is quite plausible that aspects of teacher quality which are not captured by standardized tests have
significant long-term impacts. This raises the possibility that other measures of teacher quality
(e.g., evaluations based on classroom observation) might be even better predictors of teachers’
long-term impacts than value-added scores, though the signal content of these measures in a high
stakes environment could also be degraded by behavioral distortions. Further work comparing the
long-term impacts of teachers rated on various metrics is needed to determine the optimal method
of teacher evaluation. What is clear from this study is that improving teacher quality is likely to
yield substantial returns for students; the best way to accomplish that goal is less clear.
The paper is organized as follows. In Section 2, we present a statistical model to formalize the
questions we seek to answer and derive estimating equations for our empirical analysis. Section 3
describes the data sources and provides summary statistics as well as cross-sectional correlations
between scores and adult outcomes as a benchmark. Section 4 discusses the results of our tests
for bias in VA measures. Results on teachers’ long-term impacts are given in section 5. Section 6
presents policy calculations and Section 7 concludes.

2

Conceptual Framework

We structure our analysis using a stylized dynamic model of the education production function
based on previous work (Todd and Wolpin 2003, Cunha and Heckman 2010, Cunha, Heckman,
and Schennach 2010).

The purpose of the model is to formalize the identification assumptions

underlying our empirical analysis and clarify how the reduced-form parameters we estimate should
be interpreted. We therefore focus exclusively on the role of teachers, abstracting from other inputs
to the education production function, such as peers or parental investment. Using this model, we
(1) define a set of reduced-form treatment eﬀects, (2) present the assumptions under which we can
identify these treatment eﬀects, and (3) derive estimating equations for these parameters.

2.1

Structural Model of Student Outcomes

Our model is characterized by three relationships: a specification for test scores, a specification
for earnings (or other adult outcomes), and a rule that governs student and teacher assignment to
high VA outlier teachers also have much smaller long-term impacts than one would predict based on their VA.
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classrooms. School principals first assign student i in grade g to a classroom c(i, g) based on lagged
test scores, prior inputs, and other unobserved determinants of student achievement. Principals
then assign a teacher j to each classroom c based on classroom characteristics such as mean lagged
scores and class demographics. Let j(i, g) = j(c(i, g)) denote student i’s teacher in grade g. Let
ej denote teacher j’s years of teaching experience.
Student i’s test score in grade g, Aig , is a function of current and prior inputs:
g

Aig =

(1)

σ sg μj(i,s) + λc(i,g) + η i + ζ ig
s=1

where μj(i,g) represents the impact of teacher j on test scores, which we term the teacher’s “valueadded.” We scale teacher quality so that the average teacher has quality μj = 0 and the eﬀect of
teacher quality in grade g on scores in grade g is σ gg = 1. For s < g, σ sg measures the persistent
impact of teacher quality μ in grade s on test scores at the end of grade g.

λc(i,g) represents

an exogenous transitory classroom-level shock, η i represents academic ability, and ζ ig represents
idiosyncratic noise and other period-specific innovations in individual achievement.
The model for scores in (1) makes two substantive restrictions that are standard in the valueadded literature. First, it assumes that teacher quality μj is fixed over time, except for the eﬀects
of teacher experience, which we model in our empirical specifications. This rules out the possibility
that teacher quality fluctuates across years (independent of experience) or that it depends upon
the characteristics of the students assigned to the teacher (e.g., high vs low achieving students).11
Second, our model does not explicitly account for endogenous responses of other inputs such as
parental eﬀort in response to changes in teacher quality.

We discuss the consequences of these

assumptions for our results below.
Earnings Yi are a function of the inputs over all G grades:
G

(2)

γ g τ Yj(i,g) + η Yi

Yi =
g=1

where τ Yj(i,g) represents teacher j’s impact on earnings, γ g measures the eﬀect of teacher quality
in grade g on earnings and η Yi reflects individual heterogeneity in earnings ability, which may be
correlated with academic ability η i . This specification assumes that the transitory classroom and
individual-level shocks that aﬀect scores have no impact on earnings, a simplification that has no
eﬀect on the results below.
11

One could reinterpret λ in equation 1 as a class-specific component of teacher quality. In that case, the methods
we implement below would estimate the component of teacher quality that is constant across years.
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2.2

Identifying Teachers’ Impacts on Scores

Our first goal is to identify the causal impacts of changing the teacher of class c from teacher j to j
in grade g on test scores and earnings. Define the potential outcome Aig (j ) as the test score student
i would have in grade g if his teacher were j(i, g) = j . With the normalization σ gg = 1, the causal
eﬀect of replacing teacher j with j on student i’s end-of-year score is simply Aig (j ) − Aig (j) =
μj − μj . In our stylized model, the treatment eﬀect Aig (j ) − Aig (j) coincides with the structural
impact of teachers on scores. In a more general model with endogenous parent inputs and peer
quality, this reduced-form treatment eﬀect combines various structural parameters. For instance,
students assigned to a better teacher may get less help on their homework from parents. Though it
is not a policy-invariant primitive parameter, the reduced-form parameter μj is of direct relevance
to certain questions, such as the impacts of retaining teachers on the basis of their VA (Todd and
Wolpin 2003).
To estimate μj , we begin by estimating the following empirical model for student i’s test score
in grade g in school year t:
(3)

Aigt = f1g (Ai,t−1 ) + f2 (ej(i,g,t) ) + φ1 Xigt + φ2 X̄c(i,g,t) + ν igt
where ν igt = μj(i,g,t) + θc(i,g,t) + εigt

Here f1g (Ai,t−1 ) is a control function for individual test scores in year t − 1, f2 (ej(i,g,t) ) controls
for the impacts of teacher experience, Xigt is a vector of student characteristics (such as whether
the student is a native English speaker), and X̄c(i,g,t) is a vector of classroom-level characteristics
determined before teacher assignment (such as class size or an indicator for being an honors class).
We decompose the error term in the empirical model into three components: teacher quality (μj ),
class shocks (θc(i,g,t) ), and idiosyncratic shocks (εigt ). We can distinguish teacher eﬀects μj from
class shocks θc(i,g,t) by observing teachers over many school years.12 Note that because we control
for the eﬀects of teacher experience in (3), μj represents the variation in teacher quality that is
independent of experience.13
The empirical model for test scores in (3) diﬀers from the structural model in (1) because we
cannot observe all the terms in (1), such as heterogeneity in individual ability (η i and ζ ig ). Value12

This is the key distinction between our paper and Chetty et al.’s (2011) analysis of the long term impacts of
Project STAR using tax data. Chetty et al. observe each teacher in only one classroom and therefore cannot separate
teacher and class eﬀects.
13
To simplify notation, we assume that teachers teach one class per year (as in elementary schools). Because the
j and c subscripts become redundant, we drop the c subscript. When teachers are assigned more than one class per
year, we treat each class as if it were in a separate year for the purposes of the derivation below.
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added models address this problem by controlling for prior-year test scores, which in principle
should capture much of the variance in ability because η i is a component of previous test scores.
With these controls, the idiosyncratic error term in the empirical model εigt reflects unobserved
student-level heterogeneity in test scores arising from the components of the structural model in
(1) that are orthogonal to lagged scores and other observable characteristics. The class-level error
term θc(i,g,t) reflects analogous unobserved class-level heterogeneity.
There are various methods one could use to estimate μj and the other error components in (3),
such as estimating a correlated random eﬀects model, a hierarchical linear model, or implementing
an Empirical Bayes procedure. All of these methods rely on the following identification assumption
to obtain consistent estimates of μj .
Assumption 1 Students are not sorted to teachers on unobservable determinants of test scores:




E θc(i,g,t) + εigt |j = E θc(i,g,t) + εigt
Assumption 1 requires that each teacher is no more likely than other teachers to be assigned students
who score highly, conditional on the controls in the empirical model (3). If this assumption fails,
the estimated teacher eﬀects μ̂j will pick up diﬀerences in unobserved student characteristics across
teachers and not the causal impacts of the teachers themselves. Note that Assumption 1 is not
inconsistent with some parents sorting their children to particular teachers. Assumption 1 only


requires that the observable characteristics Ai,t−1 , Xigt , X̄c(i,g,t) are suﬃciently rich so that any
remaining unobserved heterogeneity in test scores is balanced across teachers.14 The first half of
our empirical analysis focuses on assessing whether this is the case using two tests that we describe
in Section 4.
Empirical Implementation.

We estimate μj using an Empirical Bayes procedure following

Morris (1983) and Kane and Staiger (2008, pp 14-16), which is the most commonly used approach
to estimate VA (McCaﬀrey et al. 2003).

We use this approach because of its computational

simplicity and because our primary goal is to evaluate the properties of existing VA measures
rather than devise new measures. Our procedure for estimating μj consists of three steps, which
we implement separately for math and English observations:
Step 1: Calculate residual test score gains. We estimate (3) using OLS and compute residuals
of student test scores, ν̂ igt . We then estimate the variances of the error components σ 2μ , σ 2θ , and
14

For example, suppose motivated parents are able to get their children better teachers. These children would
presumably also have had higher test scores in the previous grade. Hence, conditional on prior test scores, the
remaining variation in current test scores could be balanced across teachers despite unconditional sorting.
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σ 2ε using equations (2)-(4) in Kane and Staiger (2008). Intuitively, the within-classroom variance
identifies σ 2ε , the within-teacher cross-classroom covariance identifies σ 2μ , and the remaining variance
is due to σ 2θ .
Step 2: Calculate average teacher eﬀects. Let ν jt denote the mean score residual for the classroom taught by teacher j in year t and njt the number of students in that class. We estimate each
teacher’s quality using a precision-weighted average of ν jt across the classes taught by teacher j:
ν̄ j =

hjt ν̄ jt /
t

hjt
t

where hjt = 1/(σ̂ 2θ + σ̂ 2ε /njt ) denotes is the inverse of the variance of the estimate of teacher quality
obtained from class t.
Step 3: Shrink teacher eﬀect estimates. Finally, we shrink the mean test score impact ν j toward
the sample mean (0) to obtain an estimate of the teacher’s quality:
(4)

μ̂j = ν j

where r ≡

V ar(μj )
V ar(ν j )

σ̂ 2μ
σ̂ 2μ + 1/

hjt

= νj · r

t

is commonly termed the “reliability” of the VA estimate.

To understand the purpose of the shrinkage correction, consider an experiment in which we
estimate teacher impacts ν j in year t and then randomly assign students to teachers in year t + 1.
The best (mean-squared error minimizing) linear predictor of student’s test scores Aig,t+1 based
on ν̄ j is obtained from the OLS regression Aig,t+1 = a + bν̄ j . The coeﬃcients in this regression
are a = 0 and b =

cov(Aig,t+1 ,ν̄ j )
var(ν j )

=

V ar(μj )
V ar(ν j )

impact on future scores is μ̂j = ν j · r.

= r, implying that the optimal forecast of teacher j’s

From a frequentist perspective, the measurement error

in ν j makes it optimal to used a biased but more precise estimate of teacher quality to minimize
the mean-squared error of the forecast. From a Bayesian perspective, the posterior mean of the
distribution of μj with Normal errors is a precision-weighted average of the sample mean (ν j ) and
the mean of the prior (0), which is Eμj |ν j = ν j · r = μ̂j . Because of these reasons, we follow the
literature and use μ̂j as our primary measure of teacher quality in our empirical analysis.

As a

robustness check, we replicate our main results using mean test score residuals (ν̄ j ) and show that,
as expected, the estimated impacts are attenuated by roughly the mean of the shrinkage factor r.
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2.3

Identifying Teachers’ Impacts on Earnings

The impact of changing the teacher of class c from j to j in grade g on mean earnings is:
(5)

μYj − μYj

(6)

= EYi (j(i, g)) − EYi (j (i, g))


= γ g τ Yj (i,g) − τ Yj(i,g) +

G

s=g+1


γ s Eτ Yj(i,s) |j (i,g) − Eτ Yj(i,s) |j(i,g) .

Replacing teacher j aﬀects earnings through two channels.
direct impact of the change in teachers on earnings.

The first term in (5) represents the

The second term represents the indirect

impact via changes in the expected quality of subsequent teachers to which the student is assigned.
For example, a higher achieving student may be tracked into a more advanced sequence of classes
taught by higher quality teachers. In a more general model, other determinants of earnings such
as parental eﬀort or peer quality might also respond endogenously to the change in teachers.
In principle, one could estimate teacher j’s reduced-form causal impact on earnings, μYj , using
an empirical model analogous to the one used above for test scores:
Y
(Ai,t−1 ) + f2Y (ej(i,g,t) ) + φY1 Xigt + φY2 X̄c(i,g,t) + ν Yigt
Yi = f1g

(7)

ν Yigt = μYj(i,g,t) + θYc(i,g,t) + εYigt
Teacher impacts on earnings μYj can be identified under an assumption about sorting analogous to
Assumption 1:
(8)



E θYc(i,g,t) + εYigt | j = E θYc(i,g,t) + εYigt

This condition, although similar to Assumption 1, is a much stronger requirement in practice.
Assumption 1 holds if εigt is balanced across teachers, which requires that η i is orthogonal to
Aigt conditional on lagged test scores and other observables.

The condition in (8) holds if εYijt

is balanced across teachers, which requires η Yi to be orthogonal to Yi conditional on lagged test
scores and other observables.

Because η i appears directly in Ai,t−1 , it is likely to be absorbed

by controlling for lagged scores.

In contrast, η Yi does not appear in lagged scores and hence is

unlikely to be absorbed by these controls. If we observed an analog of lagged scores such as lagged
expected earnings, we could eﬀectively control for η Yi and more plausibly satisfy (8).
As a concrete example, suppose that students have heterogeneous levels of ability, which aﬀects
scores and earnings, and family connections, which only aﬀect earnings.
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Students are sorted to

teachers on the basis of both of these characteristics.

While ability is picked up by lagged test

scores and thus eliminated from εigt , family connections are not absorbed by the controls and
appear in εYigt . As a result, teachers’ impacts on scores can be consistently estimated, but their
impacts on earnings cannot because there is systematic variation across teachers in their students’
earnings due purely to connections.
In practice, we are unable to account for η Yi fully: tests for sorting on pre-determined characteristics analogous to those in Section 4.1 reveal that (8) is violated in our data.

Therefore,

we cannot identify teachers’ total impacts on earnings μYj despite being able to identify teachers’
impacts on test scores.

Given this constraint, we pursue a less ambitious objective: estimating

the correlation between teachers’ impacts on scores and earnings, cov(μj , μYj ). This yields a lower
bound on teacher eﬀects on earnings μYj , as the standard deviation of μYj is bounded below by
β g σ μ , which measures the portion of var(μYj ) due to cov(μj , μYj ).
To see how we can identify cov(μj , μYj ), consider the following empirical model for earnings as
a function of teacher VA for student i in grade g in year t:
(9)

μ
Yi = β g μ̂j(i,g) + f1g
(Ai,t−1 ) + f2μ (ej(i,g,t) ) + φμ1 Xigt + φμ2 X̄c(i,g,t) + εμigt .

The coeﬃcient β g in this equation represents the mean increase in student earnings from a one
unit increase in teacher VA in grade g, as measured using the Empirical Bayes procedure described
above. Estimating (9) using OLS yields an unbiased estimate of β g under the following assumption.
Assumption 2 Teacher value-added is orthogonal to unobserved determinants of earnings:

cov μ̂j , εμigt = 0.
Assumption 2 is weaker than (8) because it only requires that there be no correlation between
teacher value-added and unobservables.15

In our example above, it allows students with better

family connections η Yi to be systematically tracked to certain teachers as long as those teachers
do not systematically have higher levels of value-added on test scores, conditional on the controls


Ai,t−1 , ej(i,g,t) , Xigt , X̄c(i,g,t) . While this remains a strong assumption, it may hold in practice

because teacher VA was not publicized during the period we study and VA is very diﬃcult to predict

based on teacher observables.

We evaluate whether conditioning on observables is adequate to

15

Assumption 2 would be violated if the same observations were used to estimate μ
j and β because the estimation
errors in (3) and (9) are correlated. Students with unobservably high test scores η i are also likely to have unobservably
j as described in
high earnings η Yi . We deal with this technical problem by using a leave-out mean to estimate μ
Section 4.
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satisfy Assumption 2 using quasi-experimental techniques in Section 5.
The coeﬃcient β g in (9) represents the reduced-form impact of having a higher VA teacher in
grade g and includes the impacts of subsequent endogenous treatments such as better teachers in
later grades. While this reduced-form impact is of interest to parents, one may also be interested
in identifying the impact of each teacher net of potential tracking to better teachers in later grades.
Let β̃ g denote the impact of teacher VA in grade g on earnings holding fixed teacher VA in subsequent grades. One intuitive specification to identify β̃ g is to regress earnings on teacher VA in all
grades simultaneously:
G

β̃ g μ̂j(i,g) + εμi .

Yi =

(10)

g=1

 

Identifying β̃ g in (10) requires the orthogonality condition Cov μ̂j(i,g) , εμi = 0. As we discussed
above, this assumption does not hold unconditionally because students are assigned to teachers in

grade g based on grade g − 1 test scores Ai,g−1 . Because we must condition on Ai,g−1 in order to
obtain variation in grade g teacher VA μ̂j(i,g) that is orthogonal to student characteristics, we cannot
directly estimate (10), as Ai,g−1 is endogenous to grade g − 1 teacher VA μ̂j(i,g−1) .16 Instead, we
develop a simple iterative method of recovering the net impacts β̃ g from our reduced form estimates
β g and estimates of the degree of teacher tracking in Section 6.1.

3

Data

We draw information from two databases: administrative school district records and information
on these students and their parents from U.S. tax records. We first describe the two data sources
and then the structure of the linked analysis dataset. Finally, we provide descriptive statistics and
cross-sectional correlations using the analysis dataset.

3.1

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 school
years 1988-1989 through 2008-2009 and cover roughly 2.5 million children in grades 3-8. For simplicity, we refer below to school years by the year in which the spring term occurs (e.g., the school
16

For the same reason, we also cannot estimate the complementarity of teachers across grades. Estimating
complementarity requires simultaneous quasi-random assignment of teachers in both grades g and g − 1, but we are
only able to isolate quasi-random variation one grade at a time with our research design.
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year 1988-89 is 1989).
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 exception of 7th grade English scores in 2002.17 In the early and mid 1990s, all
tests were specific to the district. Starting at the end of the 1990s, the tests in grades 4 and 8 were
administered as part of a statewide testing system, and all tests in grades 3-8 became statewide
in 2006 as required under the No Child Left Behind law.18

Because of this variation in testing

regimes, we follow prior work on measuring teachers’ eﬀects on student achievement, taking the
oﬃcial scale scores from each exam and normalizing the mean to zero and the standard deviation
to one by year and grade. The within-grade variation in achievement in the district we examine
is comparable to the within-grade variation nationwide, so our results can easily be compared to
estimates from other samples.19
Demographics. The dataset contains information on ethnicity, gender, age, receipt of special
education services, and limited English proficiency for the school years 1989 through 2009. The
database used to code special education services and limited English proficiency changed in 1999,
creating a break in these series that we account for in our analysis by interacting these two measures
with a post-1999 indicator. Information on free and reduced price lunch is available starting in
school year 1999.
Teachers.

The dataset links students in grades 3-8 to classrooms and teachers from 1991

through 2009.20 This information is derived from a data management system which was phased
in over the early 1990s, so not all schools are included in the first few years of our sample. In
addition, data on course teachers for middle and junior high school students–who, unlike students
in elementary schools, are assigned diﬀerent teachers for math and English–are more limited.
17

We also have data on math and English test scores in grade 2 from 1991-1994 and English test scores in grades
9-10 from 1991-1993, which we use only when estimating teachers’ impacts on past and future test scores. Because
these observations are a very small fraction of our analysis sample, excluding them has little impact on the placebo
tests and fade-out estimates reported in Figure 2.
18
All tests were administered in late April or May during the early-mid 1990s, and students were typically tested
in all grades on the same day throughout the district. Statewide testing dates varied to a greater extent, and were
sometimes given earlier in the school year (e.g., February) during the latter years of our data.
19
The standard deviation of 4th and 8th grade English and math achievement in this district ranges from roughly
95 percent to 105 percent of the national standard deviation on the National Assessment of Educational Progress,
based on data from 2003 and 2009, the earliest and most recent years for which NAEP data are available. Mean
scores are significantly lower than the national average, as expected given the urban setting of the district.
20
5% of students switch classrooms or schools in the middle of a school year. We assign these students to the
classrooms in which they took the test to obtain an analysis dataset with one observation per student-year-subject.
However, when defining class and school-level means of student characteristics (such as fraction eligible for free lunch),
we account for such switching by weighting students by the fraction of the year they spent in that class or school.
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Course teacher data are unavailable prior to the school year 1994, then grow in coverage to roughly
60% by school year 1998 and 85% by 2003. Even in the most recent years of the data, roughly
15 percent of the district’s students in grades 6 to 8 are not linked to math and English teachers
because some middle and junior high schools still do not report course teacher data.
The missing teacher links raise two potential concerns.

First, our estimates (especially for

grades 6-8) apply to a subset of schools with more complete information reporting systems and
thus may not be representative of the district as a whole. Reassuringly, we find that these schools
do not diﬀer significantly from the sample as a whole on test scores and other observables. Second,
and more importantly, missing data could generate biased estimates.

Almost all variation in

missing data occurs at the school level because data availability is determined by whether the
school utilizes in the district’s centralized data management system for tracking course enrollment
and teacher assignment. Specifications that exploit purely within-school comparisons are therefore
essentially unaﬀected by missing data and we show that our results are robust to exploiting such
variation. Moreover, we obtain similar results for the subset of years when we have complete data
coverage in grades 3-5, confirming that missing data does not drive our results.
We obtain information on teacher experience from human resource records. The human resource
records track teachers since they started working in the district and hence give us an uncensored
measure of within-district experience for the teachers in our sample. However, we lack information
on teaching experience outside of the school district.
Sample Restrictions. Starting from the raw dataset, we make a series of sample 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 drop the 2% of observations where the
student is listed as receiving instruction at home, in a hospital, or in a school serving solely disabled
students. We also 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. Third, we drop classrooms with less than
10 students or more than 50 students as well as teachers linked with more than 200 students in a
single grade, because such students are likely to be mis-linked to classrooms or teachers (0.5% of
observations). Finally, when a teacher is linked to students in multiple schools during the same
year, which occurs for 0.3% of observations, we use only the links for the school where the teacher is
listed as working according to human resources records and set the teacher as missing in the other
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schools. After these restrictions, we are left with 15.0 million student-year-subject observations.
Of these, 9.1 million records have information on teacher and 7.7 million have information on both
teachers and test score gains, which we need to estimate value-added.

3.2

Tax Data

In Chetty, Friedman, and Rockoﬀ (2011), we obtain data on students’ adult outcomes and their
parents’ characteristics from income tax returns. Here, we briefly summarize some key features of
the variables used in the analysis below. 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 t are filed during the calendar year t + 1. We express all monetary variables in 2010
dollars, adjusting for inflation using the Consumer Price Index.
Earnings. Individual earnings data come from W-2 forms, which are available from 1999-2010.
W-2 data are available for both tax filers and non-filers, eliminating concerns about missing data.
Individuals with no W-2 are coded as having 0 earnings.21 We cap earnings in each year at $100,000
to reduce the influence of outliers; 1.2% of individuals in the sample report earnings above $100,000
at age 28.
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 — 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, missing data concerns are minimal.22 Comparisons to other data sources
indicate that 1098-T forms accurately capture US college enrollment.23 We have no information
about college completion or degree attainment because the data are based on tuition payments.
The 1098-T data are available from 1999-2009.
College Quality.

We construct an earnings-based index of college quality as in Chetty et al.

(2011). Using the full population of all individuals in the United States aged 20 on 12/31/1999
21

We 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 measure is that it does not include self-employment income.
22
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, the forms are generally available even for such cases, perhaps
because of automated reporting to the IRS by universities.
23
See Chetty et al. (2011) for a comparison of total enrollment based on 1098-T forms and statistics from the
Current Population Survey. Chetty et al. use this measure to analyze the impacts of Project STAR on college
attendance. Dynarski et al. (2011) show that using data on college attendance from the National Clearinghouse
yields very similar estimates to Chetty et al.’s findings, providing further confirmation that the 1098-T based college
indicator is accurate.
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and all 1098-T forms for year 1999, we group individuals by the higher education institution they
attended in 1999.

We take a 0.25% random sample of those not attending a higher education

institution in 1999 and pool them together in a separate “no college” category. For each college or
university (including the “no college” group), we then compute average W-2 earnings of the students
in 2009 when they are aged 30.

Among colleges attended by students in our data, the average

value of our earnings index is $42,932 for four-year colleges and $28,093 for two-year colleges.24
For students who did not attend college, the imputed mean earnings level is $16,361.
Neighborhood Quality. 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 construct a measure of a neighborhood’s SES using data
on the percentage of college graduates in the individual’s ZIP code from the 2000 Census.
Retirement Savings.

We measure retirement savings using contributions to 401(k) accounts

reported on W-2 forms from 1999-2010. We define saving for retirement as an indicator for ever
contributing to a 401(k) during this period.
Teenage Birth. We first identify all women who claim a dependent when filing their taxes at
any point before the end of the sample in tax year 2010. We observe dates of birth and death for all
dependents and tax filers until the end of 2010 as recorded by the Social Security Administration.
We use this information to identify women who ever claim a dependent who was born while the
mother was a teenager (between the ages of 13 and 19 as of 12/31 the year the child was born). We
refer to this outcome as having a “teenage birth,” but note that this outcome diﬀers from a direct
measure of teenage birth in three ways.

First, it does not capture teenage births to individuals

who never file a tax return before 2010.

Second, the mother must herself claim the child as a

dependent at some point during the sample years. If the child is claimed as a dependent by the
grandmother for all years of our sample, we would never identify the child. In addition to these two
forms of under-counting, we also over-count the number of children because our definition could
miscategorize other dependents as biological children. Because most such dependents tend to be
elderly parents, the fraction of cases that are incorrectly categorized as teenage births is likely to
be small. Even though this variable does not directly measure teenage births, we believe that it is
a useful measure of outcomes in adulthood because it correlates with observables as expected (see
24
For the small fraction of 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.
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Section 5.3). For instance, women who score higher on tests, attend college, or have higher income
parents are significantly less likely to have teenage births.
Parent Characteristics.

We link students to their parents by finding the earliest 1040 form

from 1996-2010 on which the student was claimed as a dependent. We identify parents for 94.7%
of students linked with tax records as adults. 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 Adjusted Gross Income (capped at $117,000, the 95th
percentile in our sample), averaged over the three years when the child was 19-21 years old.25
For years in which parents did not file, we impute parental household income from wages and
unemployment benefits, each of which are reported on third-party information forms. We define
marital status, home ownership, and 401(k) saving as indicators for whether the first primary filer
who claims the child ever files a joint tax return, makes a mortgage interest payment (based on
data from 1040’s for filers and 1099’s for non-filers), or makes a 401(k) contribution (based on data
from W-2’s) during the years when the child is between 19 and 21.

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 typically the mother but is sometimes the father or another relative.26
When a child cannot be matched to a parent, we define all parental characteristics as zero, and we
always include a dummy for missing parents in regressions that include parent characteristics.

3.3

Analysis Dataset

Because most of the adult outcomes we analyze are at age 20 or afterward, we restrict our linked
analysis sample to students who would graduate high school in the 2007-08 school year (and thus
25

To account for changes in marital status, we always follow the primary filer who first claimed the child and define
parent characteristics based on the tax returns filed by that parent when the child is between 19 and 21. For instance,
if a single mother has a child and gets married when the child was 18, we would define household income as AGI
including the mother and her new husband when the child is 19-21. If the child does not turn 21 before 2010, we
code the parent characteristics as missing.
26
We 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.
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turn 20 in 2010) if they progress through school at a normal pace.27 The school district records
were linked to the tax data using an algorithm based on standard identifiers (date of birth, state of
birth, gender, and names) described in Appendix A, after which individual identifiers were removed
to protect confidentiality. 89.2% of the observations in the school district data were matched to
the tax data and match rates do not vary with teacher VA (see Table 2 below).
The linked analysis dataset has one row per student per subject (math or English) 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
assignment if available. Each row also lists all the students’ available adult outcomes (e.g. college
attendance and earnings at each age) as well as parent characteristics. 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 estimation of equation (3). We account for the fact
that each student appears multiple times in the dataset by clustering standard errors as described
in section 4.1.
To maximize precision, we estimate teacher value-added using all years for which school district
data are available (1991-2009).

However, the impacts of teacher VA on test scores and adult

outcomes that we report in the main text use only the observations in the linked analysis dataset
(i.e., exclude students who would graduate high school after 2008), unless otherwise noted.28

3.4

Summary Statistics

The analysis dataset contains 6.0 million student-year-subject observations, of which 4.8 million
have information on teachers. Table 1 reports summary statistics for the linked analysis dataset;
see Appendix Table 2 for corresponding summary statistics for the full school district data used to
estimate teacher value-added.

Note that the summary statistics are student-school year-subject

means and thus weight students who are in the district for a longer period of time more heavily, as
does our empirical analysis. There are 974,686 unique students in our analysis dataset; on average,
each student has 6.14 subject-school year observations.
The mean test score in the analysis sample is positive and has a standard deviation below
27

A few classrooms contain students at diﬀerent grade levels because of retentions or split-level classroom structures.
To avoid dropping a subset of students within a classroom, we include every classroom that has at least one student
who would graduate school during or before 2007-08 if he progressed at the normal pace. That is, we include all
classrooms in which mini (12+ school year − gradei ) ≤ 2008.
28
Within the analysis data, we use all observations for which the necessary data are available. In particular, when
estimating the impacts of VA on scores, we include observations that were not matched to the tax data.
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1 because we normalize the test scores in the full population that includes students in special
education classrooms and schools (who typically have lower test scores). The mean age at which
students are observed is 11.7 years. 76% of students are eligible for free or reduced price lunches.
2.7% of the observations are for students who are repeating the current grade.
The availability of data on adult outcomes naturally varies across cohorts. There are more than
4.6 million observations for which we observe college attendance at age 20. We observe earnings
at age 25 for 2.2 million observations and at age 28 for 850,000 observations.

Because many of

these observations at later ages are for older cohorts of students who were in middle school in the
early 1990s, they do not contain information on teachers. As a result, there are only 1.4 million
student-subject-school year observations for which we see both teacher assignment and earnings at
age 25, 376,000 at age 28, and only 63,000 at age 30. The oldest age at which the sample is large
enough to obtain reasonably precise estimates of teachers’ impacts on earnings turns out to be age
28. Mean earnings at age 28 is $20,327 (in 2010 dollars), which includes zero earnings for 34% of
the sample.
For students whom we are able to link to parents, mothers are 28 years old on average when
the student was born. The mean parent household income is $35,476, while the median is $27,144
Though our sample includes more low income households than would a nationally representative
sample, it still includes a substantial number of higher income households, allowing us to analyze
the impacts of teachers across a broad range of the income distribution. The standard deviation
of parent income is $31,080, with 10% of parents earning more than $82,630.
As a benchmark for evaluating the magnitude of the causal eﬀects estimated below, Appendix
Tables 3-6 report estimates of OLS regressions of the adult outcomes we study 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 $7,440 (37%) increase in earnings at age 28. Conditional
on prior-year test scores and other controls that we use in our analysis below, a 1 SD increase in
the current test score is associated with $2,545 (11.6%) increase in earnings on average. We show
below that the causal impact of teacher VA on earnings is commensurate to this correlation in
magnitude.
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4

Does Value-Added Accurately Measure Teacher Quality?

Recent studies by Kane and Staiger (2008) and Rothstein (2010) among others have reached conflicting conclusions about whether VA estimates are biased by student sorting (i.e., whether Assumption 1 in Section 2.2 holds). In this section, we revisit this debate by presenting new tests
for bias in VA estimates.

4.1

Empirical Methodology

Throughout our empirical analysis, we regress various outcomes on estimated teacher value-added.
In this subsection, we discuss four aspects of our methodology that are relevant for all the regression
estimates reported below: (1) leave-out mean estimation of VA, (2) control vectors, (3) standard
error calculations, and (4) the treatment of outliers.
First, there is a mechanical correlation between μ̂j and student outcomes in a given school year
because μ̂j is estimated with error and these errors also aﬀect student outcomes.29 We address this
problem by following Jacob, Lefgren and Sims (2010) and use a leave-year-out (jackknife) mean to
calculate teacher quality.30 For example, when predicting teachers’ eﬀects on student outcomes in
based on all years of the sample except 1995. We then regress outcomes for
1995, we estimate μ1995
j
students in 1995 on μ1995
. More generally, for each observation in year t, we omit score residuals
j
from year t when calculating teacher quality.31 This procedure is essential to eliminate mechanical
biases due to estimation error in μ̂j both in our tests for sorting and our estimates of teachers’
impacts on adult outcomes.32
Second, we use a control vector that parallels existing VA models (e.g., Kane and Staiger 2008)
29
This problem does not arise when estimating the impacts of treatments such as class size because the treatment
is observed; here, the size of the treatment (teacher VA) must itself be estimated, leading to correlated estimation
errors.
30
Because we need at least two classes to define a leave-out mean, our analysis only applies to the population of
teachers whom we see teaching two or more classes between 1991 and 2009. Among the classrooms with the requisite
controls to estimate value-added (e.g. lagged test scores), we are unable to calculate a leave-out measure of VA for
9% of students because their teachers are observed in the data for only one year. The first-year VA of teachers who
leave after one year is 0.01 SD lower than the first-year VA of those who stay for more years. Hence, the mean VA
of the subset of teachers in our sample is only 0.001 SD higher than mean VA in the population, suggesting that our
estimates are likely to be fairly representative of teacher eﬀects in the full population.
31
An alternative approach is to split the sample in two, for instance using data after 1995 to estimate teacher VA
and data before 1995 to estimate its impacts on outcomes for students who are old enough to be seen in the tax data.
We find that such a split-sample approach yields similar but less precise estimates.
32
Regressing student outcomes on teacher VA without using a leave-out mean eﬀectively introduces the same
estimation errors on both the left and right hand side of the regression, yielding biased estimates of teachers’ causal
impacts. This is the reason that Rothstein (2010) finds that “fifth grade teachers whose students have above average
fourth grade gains have systematically lower estimated value-added than teachers whose students underperformed in
the prior year.”
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to estimate student test score residuals using (3):
Aigt = f1g (Ai,t−1 ) + f2 (ej(i,g,t) ) + φ1 Xigt + φ2 X̄c(i,g,t) + ν igt
We parameterize the control function for lagged test scores f1g (Ai,t−1 ) using a cubic polynomial
in prior-year scores in math and a cubic in prior-year scores in English. We interact these cubics
with the student’s grade level to permit flexibility in the persistence of test scores as students age.
We parametrize the control function for teacher experience f2 (ej(i,g,t) ) using dummies for years of
experience from 0 to 5, with the omitted group being teachers with 6 or more years of experience.33
The student-level control vector Xigt consists of the following variables: ethnicity, gender, age,
lagged suspensions and absences, and indicators for grade repetition, special education, limited
English.

The class-level control vector X̄c(i,g,t) includes (1) class size and class-type indicators

(honors, remedial), (2) cubics in class and school-grade means of prior-year test scores in math and
English each interacted with grade, (3) class and school-year means of all the individual covariates
Xigt , and (4) grade and year dummies. To avoid estimating VA based on very few observations,
we follow Kane and Staiger (2008) and exclude classrooms that have fewer than 7 observations
with test scores and the full vector of controls Xigt (2% of observations). Importantly, the control
vectors Xigt and X̄c(i,g,t) consist entirely of variables from the school district dataset. We adopt
this approach because our goal is to assess properties of value-added estimated without access to
information available in tax data, which will not typically be available to school districts.
When estimating the impacts of teacher VA on adult outcomes using (9), we omit the studentlevel controls Xigt . By omitting Xigt , we can conduct most of our analysis of long-term impacts
using a dataset collapsed to class means, which significantly reduces computational costs. We show
in Appendix Table 7d that the inclusion of individual controls has little impact on the coeﬃcients
and standard errors of interest for a selected set of specifications.
Third, our outcomes have a correlated error structure because students within a classroom
face common class-level shocks and because our analysis dataset contains repeat observations on
students in diﬀerent grades.

One natural way to account for these two sources of correlated

errors is to cluster standard errors by both student and classroom (Cameron, Gelbach, and Miller
2011). Unfortunately, implementing two-way clustering on a dataset with 6 million observations
was infeasible because of computational constraints.
33

We instead cluster standard errors at the

We choose this functional form because prior work (e.g. Rockoﬀ 2004) has shown that the impacts of teacher
experience rise sharply and then stabilize after the first three years.
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school by cohort level, which adjusts for correlated errors across classrooms and repeat student
observations within a school. Clustering at the school-cohort level is convenient because it again
allows us to conduct our analysis on a dataset collapsed to class means. We evaluate the robustness
of our results to alternative forms of clustering in Appendix Table 7 and show that school-cohort
clustering yields more conservative confidence intervals than the more computationally intensive
techniques.
Finally, in our baseline specifications, we exclude classrooms taught by teachers whose estimated
VA μ̂tj falls in the top two percent for their subject (above 0.21 in math and 0.13 in English) because
these teachers’ impacts on test scores appear suspiciously consistent with testing irregularities
indicative of cheating.

Jacob and Levitt (2003) develop a proxy for cheating that measures the

extent to which a teacher generates very large test score gains that are followed by very large
test score losses for the same students in the subsequent grade. Jacob and Levitt establish that
this is a valid proxy by showing that it is highly correlated with unusual answer sequences that
directly point to test manipulation. Teachers in the top 2% of our estimated VA distribution are
significantly more likely to show suspicious patterns of test scores gains, as defined by Jacob and
Levitt’s proxy (see Appendix Figure 1).34
specifications reported in the main text.

We therefore trim the top 2% of outliers in all the
We investigate how trimming at other cutoﬀs aﬀects

our main results in Appendix Table 8. The qualitative conclusion that teacher VA has long-term
impacts is not sensitive to trimming, but including teachers in the top 2% reduces our estimates of
teachers’ impacts on long-term outcomes by 20-40%. In contrast, excluding the bottom 2% of the
VA distribution has little impact on our estimates, consistent with the view that test manipulation
to obtain high test score gains is responsible for the results in the upper tail. Directly excluding
teachers who have suspect classrooms based on Jacob and Levitt’s proxy for cheating yields very
similar results to trimming on VA itself.
Because we trim outliers, our baseline estimates should be interpreted as characterizing the
relationship between VA and outcomes below the 98th percentiles of VA. This is the relevant
range for many questions, such as calculating the gains of switching a child from an average teacher
to a teacher 1 SD above the mean. If school districts can identify and eliminate teacher cheating —
34

Appendix Figure 1 plots the fraction of classrooms that are in the top 5 percent according to Jacob and Levitt’s
proxy, defined in the notes to the figure, vs. our leave-out-year measure of teacher value-added. On average,
classrooms in the top 5 percent according to the Jacob and Levitt measure have test score gains of 0.46 SD in year t
followed by mean test score losses of 0.43 SD in the subsequent year. Stated diﬀerently, teachers’ impacts on future
test scores fade out much more rapidly in the very upper tail of the VA distribution. Consistent with this pattern,
these exceptionally high VA teachers also have very little impact on their students’ long-term outcomes.
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e.g. by analyzing the persistence of test score gains as suggested by Jacob and Levitt — our estimates
would also shed light on the gains from retaining the remaining high-VA teachers. Nevertheless,
the fact that high-VA outliers do not have lasting impacts on scores or adult outcomes serves as
a warning about the risks of manipulability of VA measures. The signal content of VA measures
could be severely reduced if teachers game the system further when VA is actually used to evaluate
teachers. This is perhaps the most important caveat to our results and a critical area for further
work, as we discuss in the conclusion.

4.2

VA Estimates and Out-of-Sample Forecasts

The first step in our empirical analysis is to estimate leave-year-out teacher eﬀects μ̂tj for each
teacher j and year t in our sample.

We estimate VA using all years in the school district data

for which we have teacher information (1991-2009). The standard deviation of teacher eﬀects is
σ μ = 0.118 in math and σ μ = 0.081 in English, very similar to estimates from prior work. Note that
these standard deviations measure the dispersion in teacher eﬀects that is orthogonal to teacher
experience as well as other controls.35 Throughout, we scale μ̂tj in units of student test scores, i.e.,
a 1 unit increase in μ̂tj refers to a teacher whose VA is predicted to raise student test scores by 1
SD. Because the standard deviation of teacher eﬀects is approximately 0.1 SD of the student test
score distribution (averaging across math and English), a 1 SD increase in teacher VA corresponds
to an increase of 0.1 in μ̂tj .
We begin our evaluation of the properties of μtj by verifying that our VA estimates have predictive power for test score gains outside the sample on which they were estimated.

Under our

assumption in (3) that true teacher eﬀects μj are time-invariant, a 1 SD increase in μtj should be
associated with a 1 SD increase in test scores in year t.36

Figure 1a plots student test scores

(combining English and math observations) vs. our leave-year-out estimate of teacher VA in our
linked analysis dataset.

We condition on the classroom-level controls used when estimating the

value-added model in this and all subsequent figures by regressing both the x- and y-axis variables
on the vector of controls and then computing residuals.

We then bin the student-subject-year

residuals into twenty equal-size groups (vingtiles) of μtj and plot the mean residual score in each
35

Students assigned to first-year teachers have 0.03 SD lower test score gains, consistent with prior work. Because
the impact of experience on scores is small, we have insuﬃcient power to estimate its impacts on adult outcomes; we
can rule out neither 0 eﬀects nor eﬀects commensurate to the impacts of VA estimated below. We therefore do not
analyze teacher experience further in this paper.
36
Although the estimation error in value-added leads to attenuation bias, the shrinkage correction we implement
in (4) exactly oﬀsets the attenuation bias so that a 1 unit increase in μ
tj should raise scores by 1 unit.
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bin. Note that these binned scatter plots provide a non-parametric representation of the conditional expectation function but do not show the underlying variance in the individual-level data.
The regression coeﬃcient and standard error reported in each figure are estimated on the micro
data, with standard errors clustered by school-cohort as described above.
Figure 1a shows that a teacher with μtj = 1 generates a 0.86 SD increase in students’ test scores
in year t, with a t-statistic over 80 (see also Column 1 of Table 2).

This confirms that the VA

estimates are highly predictive of student test scores. The coeﬃcient on μtj is below 1, consistent
with the findings of Kane and Staiger (2008), most likely because teacher value-added is not in fact
a time-invariant characteristic. For instance, teacher quality may fluctuate when teachers switch
schools or grades (Jackson 2010) and may drift over time for other reasons (Goldhaber and Hansen
2010). Such factors reduce the accuracy of forecasts based on data from other years. Because we
estimate teacher VA using data from 1991-2009 but only include cohorts who graduate from high
school before 2008 in our analysis dataset, the time span between the point at which we estimate
VA and analyze test score impacts is especially large in our analysis sample. Replicating Column
1 of Table 2 on the full sample used to estimate teacher VA yields a coeﬃcient on μtj of 0.96.
Because we are forced to use data from more distant years to identify value-added, our estimates
of the impacts of teacher quality on adult outcomes may be slightly downward-biased.37
The relationship between μtj and students’ test scores in Figure 1a could reflect either the
causal impact of teachers on achievement or persistent diﬀerences in student characteristics across
teachers. For instance, μtj may forecast students’ test score gains in other years simply because
some teachers are always assigned students with higher income parents. We now implement two
sets of tests for such sorting.

4.3

Test 1: Selection on Observable Characteristics

Value-added estimates consistently measure teacher quality only if they are uncorrelated with unobserved components of student scores.

A natural first test of this identifying assumption is to

examine the correlation between our estimates of VA and variables omitted from standard VA
models.38 We use two sets of variables to evaluate selection: parent characteristics and prior test
37

We do not account for variation over time in VA because our primary goal is to assess the properties of teacher
VA measures currently being used by school districts. In future work, it would be interesting to develop time-varying
measures of VA and evaluate whether they are better predictors of adult outcomes.
38
Such correlation could arise from either actual selection of students to teachers with higher quality μj or sorting
across teachers that is unrelated to true quality but generates measurement error in μ̂tj that is correlated with student
characteristics. Either of these sources of correlation would violate Assumption 1 and generate biased estimates of
VA.
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scores.
Parent Characteristics. The parent characteristics from the tax data are ideal to test for selection because they have not been used to fit value-added models in prior work but are strong
predictors of student achievement. We collapse the parent characteristics into a single index by
regressing test scores on mother’s age at child’s birth, indicators for parent’s 401(k) contributions
and home ownership, and an indicator for the parent’s marital status interacted with a quartic in
parent’s household income.39

Let Apit denote the predicted test score for student i in year t in

this regression, which we calculate only for students for whom test score data are available. These
predicted test scores are an average of the parent characteristics, weighted optimally to reflect their
relative importance in predicting test scores.

The standard deviation of predicted test scores is

0.26, roughly 30% of the standard deviation of actual test scores in our analysis sample.
Figure 1b plots Apc,g−1 against teacher VA measured using a leave-year-out mean as described
above. There is no relationship between predicted scores and teacher VA. At the upper bound of
the 95% confidence interval, a 1 standard deviation increase in teacher VA raises predicted scores
based on parent characteristics by 0.01 SD (see also Column 2 of Table 2). This compares with
an actual score impact of 0.86 SD, showing that very little of the association between teacher VA
and actual test scores is driven by sorting on omitted parent characteristics. Note that this result
does not imply that students from higher vs. lower socioeconomic status families uniformly get
teachers of the same quality. Our finding is that controlling for the rich set of observables available
in school district databases, such as test scores in the previous grade, is adequate to account for
sorting of students to teachers based on parent characteristics. That is, if we take two students
who have the same 4th grade test scores, classroom characteristics, ethnicity, suspensions, etc., the
student assigned to a teacher with higher estimated VA in grade 5 does not systematically have
diﬀerent parental income or other characteristics.
A second, closely related method of assessing selection on parent characteristics is to control
for predicted scores Apit when estimating the impact of VA on actual scores. Columns 3-4 in Table
2 restrict to the sample in which both score and predicted score are non-missing; the coeﬃcient
on μtj changes only from 0.866 to 0.864 after controlling for predicted scores.

Note that parent

characteristics have considerable predictive power for test scores even conditional on the controls
39

We code the parent characteristics as 0 for the 5.4% of matched students for whom we are unable to find a parent,
and include an indicator for having no parent matched to the student. We also code mother’s age at child’s birth as
0 for a small number of observations where we match parents but do not have data on parents’ ages, and include an
indicator for such cases.
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used to estimate the value-added model; the t-statistic on the predicted score Apit exceeds 60. The
fact that parent characteristics are strong predictors of residual test scores yet are uncorrelated
with μtj suggests that the degree of bias in VA estimates is likely to be small (Altonji, Elder, and
Taber 2005).
A third approach to evaluating the extent to which the omission of parent characteristics aﬀects
VA estimates is to re-estimate μtj , controlling for the parent characteristics to begin with. We repeat
the three-step estimation procedure in Section 2.2, controlling for mean parent characteristics by
classroom when estimating (3) using the same functional form used above to predict test scores.
We then correlate estimates of teacher VA that control for parent characteristics with our original
estimates that condition only on school-district observables. The correlation coeﬃcient between
the two VA estimates is 0.999, as shown in rows 1 and 2 of Table 3.

All three tests show that

selection on previously unobserved parent characteristics generates minimal bias in standard VA
estimates.
Prior Test Scores. Another set of pre-determined variables that can be used to test for selection
are prior test scores (Rothstein 2010). Because value-added models control for Ai,t−1 , one can only
evaluate sorting on Ai,t−2 (or, equivalently, on lagged gains, Ai,t−1 − Ai,t−2 ).

The question is

whether controlling for additional lags substantially aﬀects VA estimates once one controls for
Ai,t−1 .

We now present three tests to answer this question that parallel those above for parent

characteristics.
We first examine whether twice-lagged test scores are correlated with our baseline estimates of
VA. Figure 1c plots twice-lagged scores Ai,t−2 against teacher VA, following the same methodology
used to construct Figure 1a. There is virtually no relationship between VA and twice-lagged score
conditional on the controls used to estimate the VA model.

As a result, controlling for Ai,t−2

when estimating the impact of VA on out-of-sample test scores has little eﬀect on the estimated
coeﬃcient (columns 6-7 of Table 2). The coeﬃcient on VA is stable despite the fact that Ai,t−2
has significant predictive power for Ai,t , even conditional on Ai,t−1 and X̄c ; the t-statistic on Ai,t−2
exceeds 350. Finally, controlling flexibly for Ai,t−2 at the individual level (using cubics in math
and English scores) when estimating the VA model does not aﬀect estimates significantly.

The

correlation coeﬃcient between our baseline VA estimates and estimates that control for Ai,t−2 is
0.975, as shown in row 3 of Table 3. We conclude based on these tests that selection on grade t − 2
scores generates minimal bias in VA estimates once one conditions on t − 1 characteristics.
We further develop this test by examining the correlation of our baseline VA measure with
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additional leads and lags of test scores. If our VA measures reflect the causal impact of teachers,
the correlation between current teacher VA on test scores should jump in the current year.

To

test this hypothesis, we estimate (9), changing the dependent variable to test scores Ai,t+s for
s ∈ [−4, 4], four years before and after the current grade t.
current teacher VA from each of these regressions.40
jump at the end of the grade taught by that teacher.

Figure 2 plots the coeﬃcients on

As predicted, teachers’ impacts on scores
A 1 unit increase in teacher VA raises

end-of-grade test scores by 0.86 SD, matching the estimate in column 1 of Table 2. In contrast,
the same increase in teacher VA in grade g has essentially no impact on test scores prior to grade g.
This finding suggests that VA measures capture causal eﬀects of teachers rather than systematic
diﬀerences across teachers in their students’ characteristics, as such characteristics would have to
be uncorrelated with past test scores and only aﬀect the current score.
Figure 2 also shows that the impact of current teacher VA fades out in subsequent grades. Prior
studies (e.g., Kane and Staiger 2008, Jacob, Sims, and Lefgren 2010, Rothstein 2010) document
similar fade-out after one or two years but have not determined whether test score impacts continue
to deteriorate after that point. The broader span of our dataset allows us to estimate test score
persistence more precisely.41 In our data, the impact of a 1 SD increase in teacher quality stabilizes
at approximately 0.3 SD after 3 years, showing that students assigned to teachers with higher VA
achieve long-lasting test score gains.
The last column of Table 2 analyzes the correlation between teacher VA and the probability that
a student is matched to the tax data. In this column, we regress an indicator for being matched
on teacher VA, using the same specification as in the other columns.

There is no significant

relationship between VA and match rates, suggesting that our estimates of the impacts of VA on
outcomes in adulthood are unlikely to be biased by attrition.

4.4

Test 2: Teacher Switching Quasi-Experiments

The preceding tests show that the bias in VA estimates due to the omission of observables such
as parent characteristics and twice-lagged scores is minimal. They do not, however, rule out the
40

The estimates underlying this figure and their associated standard errors are reported in Appendix Table 9.
Naturally, the grades used to estimate each of the points in Figure 2 vary because scores are only available for grades
3-8. We continue to find that VA has an eﬀect on prior test scores that is two orders of magnitude smaller than its
impact on current test scores if we restrict to individual grades and use the available leads and lags (e.g. two leads
and two lags for grade 6).
41
For instance, Jacob, Lefgren, and Sims estimate one-year persistence using 32,422 students and two-year persistence using 17,320 students. We estimate one-year persistence using more than 2.8 million student-year-subject
observations and four-year persistence using more than 790,000 student-year-subject observations.
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possibility that students are sorted to teachers based on unobservable characteristics orthogonal to
these variables. The ideal method of testing for selection on unobservables is to evaluate whether
VA estimates using observational data accurately predict students’ test score gains when students
are randomly assigned to teachers. Kane and Staiger (2008) implement such an experiment in Los
Angeles involving approximately 3,500 students and 150 teachers. Kane and Staiger’s point estimates suggest that there is little bias in VA estimates, but their 95% confidence interval is consistent
with bias of up to 50% because of their relatively small sample size (Rothstein 2010). Moreover,
Rothstein notes that because certain classes and schools were excluded from the experiment, the
external validity of the findings is unclear.
Motivated by these concerns, we develop a quasi-experimental method of estimating the degree
of bias due to selection on unobservables. Our approach yields more precise estimates of the degree
of bias on a representative sample of a school district’s student population.
Research Design. Our research design exploits the fact that adjacent cohorts of students within
a school are frequently exposed to teachers with very diﬀerent levels of VA because of teacher
turnover.

In our school district dataset, 14.5% of teachers switch to a diﬀerent grade within

the same school the following year, 6.2% of teachers switch to a diﬀerent school within the same
district, and another 6.2% switch out of the district entirely. These changes in the teaching staﬀ
from one year to the next generate variation in VA that is “quasi-experimental” in the sense that
it is plausibly orthogonal to students’ characteristics.
To understand our test, suppose a high-VA teacher moves from 4th grade in school s to another
school between 1994 and 1995. Because students entering grade 4 in school s in 1995 have lower VA
teachers on average, their mean test scores should be lower than the 1994 cohort if VA estimates
capture teachers’ causal impacts.

Moreover, the size of the change in test scores across these

adjacent cohorts should correspond to the change in mean VA. For example, in a school-grade
cell with three classrooms, the loss of a math teacher with a VA estimate of 0.3 based on prior
data should decrease average math test scores in the entire school-grade cell by 0.1. Importantly,
because we analyze the data at the school-grade level, we do not exploit information on classroom
assignment for this test, eliminating any bias due to non-random assignment of students across
classrooms.
Changes in the quality of the teaching staﬀ across school years constitute quasi-experimental
variation under the assumption that they are uncorrelated with changes in the quality of students
across adjacent cohorts.

Let Δμ̂sgmt denote the change in mean teacher VA μ̂sgmt from year
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t − 1 to year t in grade g in subject m (math or reading) in school s, and define mean changes in

student unobservables Δεsgmt and Δεμsgmt analogously. The identification assumption underlying

the quasi-experimental design is
(11)



Cov Δμ̂sgmt , Δεsgmt = 0 and



Cov Δμ̂sgmt , Δεμsgmt = 0.

This assumption requires that the change in mean VA within a school-grade cell is uncorrelated with
the change in the average quality of students, as measured by unobserved determinants of scores
and earnings.

This assumption could potentially be violated by endogenous student or teacher

sorting. Student sorting at an annual frequency is minimal because of the costs of changing schools.
During the period we study, most students would have to move to a diﬀerent neighborhood to switch
schools, which families would be unlikely to do simply because a single teacher leaves or enters a
given grade. While endogenous teacher sorting is plausible over long horizons, the sharp changes
we analyze are likely driven by idiosyncratic shocks such as changes in staﬃng needs, maternity
leaves, or the relocation of a spouses. Hence, we believe that (11) is a plausible restriction at high
frequencies in our data and we present evidence supporting this assumption below.
Our approach complements recent work analyzing the impacts of teacher turnover on student
achievement, but is the first to use turnover to validate VA models directly. Rivkin, Hanushek,
and Kain (2005) identify the variance of teacher eﬀects from diﬀerences in variances of test score
gains across schools with low vs. high teacher turnover. In contrast, we identify the impacts of
teachers from first moments — the relationship between changes in mean scores across cohorts and
mean teacher quality — rather than second moments. Our approach does not rely on comparisons
across schools with diﬀerent levels of teacher turnover, which may also diﬀer in other unobserved
dimensions that could impact earnings directly.

For instance, Ronfeldt et al. (2011) show that

higher rates of teacher turnover lead to lower student achievement, although they do not assess
whether the mean value-added of the teaching staﬀ predicts student achievement across cohorts.42
Jackson and Bruegmann (2009) document peer eﬀects by analyzing whether the VA of teachers
who enter or exit aﬀects the test scores of other teachers’ students in their school-grade cell, but
do not compare changes in mean test scores by cohort to the predictions of VA models.43
42

This is less of a concern in Rivkin, Hanushek, and Kain’s analysis of test score impacts because they are able to
test whether the variance of test score gains is higher in grades with high turnover, thereby netting out school fixed
eﬀects. This is infeasible with outcomes in adulthood, which are observed only after schooling is complete. Rivkin,
Hanushek, and Kain are unable to implement the teacher switcher design we develop here because they do not have
class assignment data and thus cannot estimate each teacher’s individual eﬀect μj , which is necessary to construct
the school-grade-cohort level mean of teacher quality.
43
The peer eﬀects documented by Jackson and Bruegmann could in principle aﬀect our validation of VA using
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Event Studies. We begin our analysis of teaching staﬀ changes with event studies of scores
around the entry and exit of high and low VA teachers (Figure 3). Let year 0 denote the school
year that a teacher enters or exits a school-grade-subject cell and define all other school years
relative to that year (e.g., if the teacher enters in 1995, year 1992 is -3 and year 1997 is +2). We
define an entry event as the arrival of a teacher who did not teach in that school-grade-subject cell
for the three preceding years; analogously, we define an exit event as the departure of a teacher who
does not return to the same school-grade-subject cell for at least three years. We estimate VA for
each teacher using only data outside the six-year window used for the event studies to eliminate
bias due to correlated estimation errors.44 We define a teacher as “high VA” if her estimated VA
based on years outside the event study window is in the top 5% of the distribution for her subject;
a “low VA” teacher has an estimated VA in the bottom 5%.45 To obtain a balanced sample, we
analyze events for which we have data on average test scores at the school-grade-subject level for
at least three years before and three years after the event.46 Because these balanced event studies
require data over several years, we use the full school district data spanning 1991-2009 (rather than
only the analysis sample linked to the tax data), excluding school-grade-subject cells in which we
have no information on teachers.
Figure 3a plots the impact of the entry of a high-VA teacher on mean test scores. The solid
series plots school-grade-subject-year means of test scores in the three years before and after a
high-VA teacher enters the school-grade-subject cell, with year fixed eﬀects removed to eliminate
any secular trends.47 We do not condition on any other covariates in this figure: each point simply
shows average test scores for diﬀerent cohorts of students within a school-grade-subject cell adjusted
for year eﬀects. When a high-VA teacher arrives, end-of-year test scores in the subject and grade
the switcher design. However, peer learning eﬀects are likely to be smaller with teacher exits than entry, provided
that knowledge does not deteriorate very rapidly. We find that teacher entry and exit yield broadly similar results,
suggesting that spillovers across teachers are not a first-order source of bias for our technique.
44
More precisely, we calculate VA for each teacher in each year excluding a five year window (two years prior, the
current year, and two years post). Coupled with our definitions of entry and exit — which require that the teacher
not be present in the school-grade-subject cell for 3 years before or after the event — this ensures that we do not use
any data from the relevant cell between event years -3 and +2 to compute teacher VA.
45
In cases where multiple teachers enter or exit at the same time, we use the teachers’ mean VA in decided whether
it falls in the top or bottom 5% of the VA distribution. To eliminate potential selection bias, we include high VA
outliers in these event studies and our cross-cohort research design more generally; that is, we do not drop the top 2%
outliers who may achieve test score gains via manipulation as we do in our baseline analysis that exploits variation
across classrooms. Excluding these outliers yields very similar conclusions, as can be seen from Figure 4, which
shows that changes in VA predict changes in test scores accurately throughout the value-added distribution.
46
In school-grade-subject cells with multiple events (e.g. entry of a high VA teacher in both 1995 and 1999), we
include all such events by stacking the data and using the three years before and after each event.
47
We remove year fixed eﬀects in this and all other event study graphs by regressing mean test scores on year dummies, computing residuals, and adding back the mean test score in the estimation sample to facilitate interpretation
of the scale.
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taught by that teacher rise immediately. The null hypothesis that test scores do not change from
year -1 to year 0 is rejected with p < 0.001, with standard errors clustered by school-cohort as
above. The magnitude of the increase in test scores, which is 0.036 SD from year -1 to year 0, is
very similar to what one would forecast based on the change in mean teacher VA. Mean VA rises by
0.044 SD from year -1 to year 0.48 The estimate in Column 1 of Table 2 based on cross-classroom
variation implies that we should expect this increase in teacher VA to increase students’ scores by
0.044 × 0.861 = 0.038 SD.49 The hypothesis that the observed change in mean scores of 0.036
equals the predicted change of 0.038 is not rejected (p = 0.76).
Figure 3a implies that value-added accurately measures teachers’ impacts on students’ test
scores under the identification assumption in (11).

We evaluate this assumption by examining

test scores for the same cohort of students in the previous school year. For example, the entry of
a high-VA teacher in grade 5 in 1995 should have no impact on the same cohort’s 4th grade test
scores in 1994. The dashed line in Figure 3a plots test scores in the previous grade for the same
cohorts of students. Test scores in the prior grade remain stable across cohorts both before and
after the new teacher arrives, supporting our view that school quality and student attributes are
not changing sharply around the entry of a high-VA teacher.50
The remaining panels of Figure 3 repeat the event study in Panel A for other types of arrivals
and departures. Figure 3b examines current and lagged test scores around the departure of a highVA teacher. There is a smooth negative trend in both current and lagged scores, suggesting that
high-VA teachers leave schools that are declining in quality. However, scores in the grade taught
by the teacher drop sharply relative to prior scores in the event year, showing that the departure of
the high quality teacher lowers the achievement of subsequent cohorts of students. Figures 3c and
3d analyze the arrival and departure of low VA teachers. Test scores in the grade taught by the
teacher fall sharply relative to prior-year scores when low VA teachers enter a school-grade cell and
rise sharply when low VA teachers leave. In every case, the magnitude of the test score change is
significantly diﬀerent from 0 with p < 0.001 but is not significantly diﬀerent from what one would
48

When computing this change in mean VA, we weight teachers by the number of students they teach. For teachers
who do not have any VA measures from classrooms outside the leave-out window, we impute VA as the mean leave-out
VA in the sample. For a small fraction of students for whom we have no teacher information (5% of observations),
we also impute teacher VA as the sample mean.
49
We expect the observed change in scores when a high VA teachers enters to be smaller than the change in mean
VA for the same reason that the cross-class coeﬃcient is less than 1 — namely that teacher VA likely changes over time,
and we use data from at least three years before or after the event to estimate teacher VA. Hence, the appropriate
test for bias is whether the change in test scores matches what one would predict based on the cross-class coeﬃcient
of 0.861.
50
We also find that class size does not change significantly around the entry and exit events we study.
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forecast based on the change in mean teacher VA.51 Together, these event studies provide direct
evidence that deselecting low VA teachers and retaining high-VA teachers improves the academic
achievement of students.
Teaching Staﬀ Changes. The event studies focus on the tails of the teacher VA distribution and
thus exploit only a small fraction of the variation arising from teacher turnover in the data. We
now exploit all the variation due to teaching staﬀ changes to obtain a broader estimate of the degree
of bias in VA measures. To do so, we first estimate VA for each teacher using data excluding a
given pair of adjacent years, t − 1 and t. We then calculate the change in mean teacher VA for each
school-grade-subject-year cell and define Δμsgmt as mean teacher VA in year t minus mean teacher
VA in year t − 1. With this definition, the variation in Δμsgmt is driven purely by changes in the
teaching staﬀ and not by changes in the estimated VA for the teachers. This leave-out technique
again ensures that changes in mean test scores across cohorts t and t − 1, which we denote by
ΔAsgmt , are not spuriously correlated with estimation error in Δμsgmt .
Figure 4a plots the changes in mean test scores across cohorts ΔAsgmt against changes in mean
teacher value-added Δμsgmt .

As in the event studies, we remove year fixed eﬀects so that the

estimate is identified purely from diﬀerential changes in teacher quality across school-grade-subject
cells over time. For comparability with the estimates in Table 2, we only use data from the linked
analysis sample in this figure. Changes in the quality of the teaching staﬀ strongly predict changes
in test scores across consecutive cohorts of students in a school-grade-subject cell. The estimated
coeﬃcient on Δμsgmt is 0.843, with a standard error of 0.053 (Table 4, Column 1). This estimate
is very similar to the coeﬃcient of 0.861 obtained from the cross-class out-of-sample forecast in
Column 1 of Table 2.

The point estimate of the degree of bias is 2% and is not statistically

distinguishable from 0. At the lower bound of the 95% confidence interval, we reject bias of more
than 14%.
Figures 4b through 4d evaluate the identification assumption in (11) underlying our research
design using additional placebo tests. Each of these panels replicates Figure 4a with a diﬀerent
dependent variable; the corresponding regression estimates are reported in Columns 2-4 of Table 4.
Figure 4b shows that changes in the quality of the teaching staﬀ are unrelated to changes in parent
characteristics, as captured by the predicted score measure used in Column 2 of Table 2. In Figures
4c and 4d, we examine the impact of changes in the teaching staﬀ in one subject on mean scores
51
The event studies in Figure 3 pool variation from teachers switching within schools, across schools, and out of
the district. Teacher switches across grades within schools have similar impacts on test scores to teacher switches
out of schools.
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in the other subject. Here, it is important to distinguish between elementary and middle schools.
In elementary school, students have one teacher for both math and English. Because elementary
school teachers’ math and English VA are highly correlated (r = 0.59), changes in mean teacher VA
across cohorts are highly correlated across the two subjects. But students have diﬀerent teachers
for the two subjects in middle school, and changes in mean VA across cohorts in one subject are
thus uncorrelated with changes in mean VA in the other subject. Hence, if (11) holds, we would
expect changes in mean teacher VA in English to have much smaller eﬀects on test scores in math
(and vice versa) in middle school relative to elementary school. Figures 4c and 4d show that this is
indeed the case. In elementary school, changes in mean teacher VA across cohorts strongly predict
changes in test scores in the other subject (t = 11.9, p < 0.001), whereas in middle schools, the
coeﬃcient is near zero and statistically insignificant (t = 0.04, p = 0.97).
Given the results of these placebo tests, any violation of (11) would have to be driven by selection
on unobserved determinants of test scores that have no eﬀect on prior test scores and only aﬀect
the subject in which teaching staﬀ changes occur. We believe that such selection is implausible
given the information available to teachers and students and the constraints they face in sorting
across schools at high frequencies.
Finally, we use our quasi-experimental design to evaluate how the choice of controls aﬀects the
degree of bias in VA estimates.

The results of this analysis are reported in the last column of

Table 3. For comparability, we estimate the models on a constant sample of observations for which
the covariates required to estimate all the models are available. Row 1 recalculates the degree of
bias — defined as the percentage diﬀerence between the cross-cohort and cross-class VA coeﬃcients
as above — on this sample for the baseline model. Rows 2 and 3 show that the degree of bias is
very similar when parental controls and twice-lagged test scores are including in the control vector,
consistent with the very high correlations between these VA estimates and the baseline estimates
discussed above. In row 4, we include only the controls that are a function of prior-year test scores:
cubic polynomials in student, classroom, and school-grade math and English scores interacted with
grade level. These VA estimates remain fairly highly correlated with the baseline estimates but
have a somewhat larger degree of bias (14%). Finally, row 5 estimates VA without any controls
at all, i.e. using raw mean test scores by teacher. These VA estimates are very poorly correlated
with the other VA measures and are biased by nearly 90%.

We conclude that most of the bias

in VA estimates is eliminated by controlling for lagged test scores, and that further controls for
demographic variables typically available in school district datasets bring the bias close to zero.
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4.5

Relationship to Prior Work

Our results on the validity of VA measures reconcile the conflicting findings of prior work, including
Kane and Staiger (2008) and Rothstein (2010). Rothstein reports two important results, both of
which we replicate in our data. First, there is significant grouping of students into classrooms based
on twice-lagged scores (lagged gains), even conditional on once-lagged scores (Rothstein 2010, Table
4). Second, this grouping on lagged gains generates minimal bias in VA estimates: controlling for
twice-lagged scores does not have a significant eﬀect on VA estimates (Rothstein 2010, Table 6;
Kane and Staiger 2008, Table 6).52 The results from our tests in Table 2 and Figure 2 are consistent
with Rothstein’s conclusions. Therefore, the literature is in agreement that VA measures do not
suﬀer from bias due to selection on observables.
Rothstein quite appropriately emphasizes that his findings raise serious concerns about the
potential for bias due to selection on unobservable student characteristics.53

Kane and Staiger’s

point estimates from a randomized experiment suggest that selection on unobservables is relatively
small. Our quasi-experimental tests based on teaching staﬀ changes confirm that the bias due to
selection on unobservables turns out to be negligible with greater precision. In future work, it may
be useful to explore why the grouping on lagged gains documented by Rothstein is not associated
with significant selection on unobservables in practice. However, the findings in this paper and
prior work are suﬃcient to conclude that standard estimates of teacher VA can provide accurate
forecasts of teachers’ average impacts on students’ test scores.
Note that our test, like the experiment implemented by Kane and Staiger, evaluates the accuracy
of VA measures on average across teachers. It is conceivable that VA measures are biased against
some subgroups of teachers and that this bias is oﬀset by a second source of bias which is negatively
correlated with true value-added (Rothstein 2009, page 567). We focus on the accuracy of average
forecasts in this paper because our analysis of long-term impacts primarily evaluates the mean
impacts of teacher value-added on students. A fruitful direction for future work would be to adapt
the methods we propose here to evaluate the accuracy and predictive content of VA measures for
52

An interesting question is how Rothstein’s two findings are consistent with each other. There are two explanations
for this pattern. First, the degree of grouping that Rothstein finds on Aig,t−2 has small eﬀects on residual test score
gains because the correlation between Aig,t−2 and Aigt conditional on Aig,t−1 is relatively small. Second, if the
component of Aig,t−2 on which there is grouping is not the same as the component that is correlated with Ai,t , VA
estimates may be completely unaﬀected by grouping on Ai,t−2 . For both reasons, one cannot infer from grouping
on Ai,t−2 that VA estimates are significantly biased by selection on Ai,t−2 . See Goldhaber and Chaplin (2012) for
further discussion of these and related issues.
53
To be clear, this was the original lesson from Rothstein (2010). In personal correspondence, Rothstein notes
that his findings are “neither necessary nor suﬃcient for there to be bias in a VA estimate” and that “if the selection
is just on observables, the bias is too small to matter. The worrying scenario is selection on unobservables.”
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subgroups of the population.

5

Impacts of Value-Added on Outcomes in Adulthood

The results in the previous section show that value-added is a good proxy for a teacher’s ability to
raise students’ test scores. In this section, we analyze whether value-added is also a good proxy for
teachers’ long run impacts. We do so by regressing outcomes in adulthood Yi on teacher quality
μ̂j(i,g) and observable characteristics, as in (9). We begin by pooling the data across all grade levels
and then present results that estimate grade-specific coeﬃcients on teacher VA. Recall that each
student appears in our dataset once for every subject-year with the same level of Yi but diﬀerent
values of μj(i,g) . Hence, in this pooled regression, the coeﬃcient estimate β represents the mean
impact of having a higher VA teacher for a single grade between grades 4-8.

We account for

the repeated student-level observations by clustering standard errors at the school-cohort level as
above.
We first report estimates based on comparisons of students assigned to diﬀerent teachers, which
identifies the causal impact of teachers under Assumption 2. We then evaluate this identification
assumption by comparing these estimates to those obtained from the teacher switcher research
design, which isolates quasi-experimental variation in teacher VA. We analyze impacts of teacher
VA on three sets of outcomes: college attendance, earnings, and other indicators such as teenage
birth rates.

5.1

College Attendance

We begin by analyzing the impact of teacher VA on college attendance at age 20, the age at which
college attendance rates are maximized in our sample. In all figures and tables in this section, we
condition on the standard classroom-level controls as in Figure 1.
Figure 5a plots college attendance rates at age 20 against teacher VA. Being assigned to a
higher VA teacher in a single grade raises a student’s probability of attending college significantly.
The null hypothesis that teacher VA has no eﬀect on college attendance is rejected with a t-statistic
above 7 (p < 0.001).

To interpret the magnitude of the impact, recall that a 1 SD increase in

teacher VA raises students’ test scores by 0.1 SD on average across math and English. Because
we measure teacher quality μj in units of student test scores, a 1 unit increase in μj corresponds
to a 10 SD increase in teacher VA. Hence, dividing the regression coeﬃcients β by 10 yields a
rough estimate of the impact of a 1 SD increase in teacher VA on the outcome of interest. In the
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case of college attendance, β = 4.92%, implying that a 1 SD better teacher in a single grade raises
the probability of being in college by 0.49% at age 20, relative to a mean of 37.8%. This impact
of a 1.25% increase in college attendance rates for a 1 SD better teacher is roughly similar to the
impacts on other outcomes we document below.
To confirm that the relationship in Figure 5a reflects the causal impact of teachers rather than
selection bias, we implement tests analogous to those in the previous section in Table 5.

As a

reference, the first column replicates the OLS regression estimate reported in Figure 5a. In column
2, we replace actual college attendance with predicted attendance based on parent characteristics,
constructed in the same way as predicted scores above. The estimates show that one would not
have predicted any significant diﬀerence in college attendance rates across students with high vs.
low VA teachers based on parent characteristics.
To account for potential bias due to unobservables, we exploit quasi-experimental variation from
changes in teaching staﬀ as above. Column 3 regresses changes in mean college attendance rates
across adjacent cohorts within a school-grade-subject cell on the change in mean teacher VA due
to teacher staﬀ changes Δμsgmt , defined as in Table 4.

As above, we include no controls other

than year eﬀects. Students who happen to be in a cohort in their school that is taught by higher
VA teachers are significantly more likely to go to college.

The estimate of β = 6.1% from this

quasi-experimental variation is similar to that obtained from the cross-classroom comparison in
column 1, though less precise because it exploits much less variation.

The null hypothesis that

β = 0 is rejected with p < 0.01, while the hypothesis that β is the same in columns 1 and 3 is not
rejected. This finding provides further evidence that teacher VA has a causal impact on college
attendance rates and confirms that comparisons across classrooms with high and low VA teachers
yield consistent estimates of teachers’ impacts.54
Next, we analyze whether high-VA teachers also improve the quality of colleges that their
students attend. We quantify college quality using the age 30 earnings of students who previously
attended the same college, as described in Section 3.

Students who do not attend college are

assigned the mean earnings of individuals who do not attend college. Figure 5b plots this earningsbased index of college quality (based on the colleges students attend at age 20) vs. teacher VA.
Again, there is a highly significant relationship between the quality of colleges students attend and
54

This result rules out bias due to omitted variables that aﬀect long-term outcomes but not test scores. For
instance, one may be concerned that students who are assigned to better teachers in one subject are also assigned
to better teachers in other subjects or better extracurricular activities, which would inflate estimates of long-term
impacts. The cross-cohort research design rules out such biases because fluctuations in teaching staﬀ are highly
subject-specific and are uncorrelated with other determinants of student outcomes, as shown in Figure 4d.
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the quality of the teachers they had in grades 4-8 (t = 9.5, p < 0.001). A 1 SD improvement in
teacher VA (i.e., an increase of 0.1 in μj ) raises college quality by $164 (0.66%) on average (Column
4 of Table 5). Column 5 shows that exploiting the cross-cohort teacher switcher variation again
yields similar estimates of the impact of teacher VA on college quality.
The $164 estimate combines intensive and extensive margin responses because it includes the
eﬀect of increased college attendance rates on projected earnings.

Isolating intensive margin

responses is more complicated because of selection bias: students who are induced to go to college by
a high-VA teacher will tend to attend lower-quality colleges, pulling down mean earnings conditional
on attendance. We take two approaches to overcome this selection problem and identify intensivemargin eﬀects.

First, we define an indicator for “high quality” colleges as those with average

earnings above the median among colleges that students attend in our sample, which is $39,972.
We regress this indicator on teacher VA in the full sample, including students who do not attend
college. Column 6 of Table 5 shows that high-VA teachers increase the probability that students
attend high quality colleges. A 1 SD increase in teacher VA raises the probability of attending a
high quality college by 0.36%, relative to a mean of 17%. This increase is most consistent with an
intensive margin eﬀect, as students would be unlikely to jump from not going to college at all to
attending a high quality college. Second, we derive a lower bound on the intensive margin eﬀect
by assuming that those who are induced to attend college attend a college of average quality. The
mean college quality conditional on attending college is $38,623, while the quality for all those who
do not attend college is $16,361. Hence, at most (38, 623 − 16, 361) × 0.49% = $109 of the $164
impact is due to the extensive margin response, confirming that teachers improve the quality of
colleges that students attend.
Figure 5c shows the impact of teachers on college attendance at other ages. Teacher VA has
a significant impact on the college attendance rate through age 25, partly reflecting attendance
of graduate or professional schools.

The impacts on college attendance at age 25 are smaller in

magnitude (0.28% per 1 SD of teacher VA) than at age 20 because the mean college attendance
rate at age 25 is 18.1% in this sample (Column 7 of Table 5). These continued impacts on college
attendance in the mid 20’s aﬀect our analysis of earnings impacts, to which we now turn.

5.2

Earnings

The correlation between annual earnings and lifetime income rises rapidly as individuals enter the
labor market and begins to stabilize only in the late twenties. We therefore begin by analyzing the
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impacts of teacher VA on earnings at age 28, the oldest age at which we have a suﬃciently large
sample of students to obtain precise estimates.55 Figure 6 plots earnings at age 28 against teacher
VA, conditioning on the same set of classroom-level controls as above. Being assigned to a higher
value-added teacher has a clear, statistically significant impact on earnings, with the null hypothesis
of β = 0 rejected with p < 0.01. A 1 SD increase in teacher VA in a single grade increases earnings
at age 28 by $182, 0.9% of mean earnings in the regression sample.

This regression estimate is

also reported in Column 1 of Table 6. Column 2 shows the eﬀect on wages at age 30. The point
estimate is slightly larger than that at age 28, but because the sample is only one-sixth the size,
the 95% confidence interval for the estimate is very wide. We therefore focus on earnings impacts
up to age 28 for the remainder of our analysis.
To interpret the magnitude of the eﬀect of teacher VA on earnings at age 28, we calculate
the lifetime earnings impact of having a 1 SD higher VA teacher in a single grade.

We assume

that the percentage gain in earnings remains constant at 0.9% 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 $522,000.56 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
0.9% × $522, 000

$4, 600 per grade.57 Another useful benchmark is the increase in earnings from

an additional year of schooling, which is around 6% per year (see e.g., Oreopoulos 2006). Having a
teacher in the first percentile of the value-added distribution (2.33 SD below the mean) for one year
thus has an earnings impact equivalent to attending school for about 60% of the school year. This
magnitude is plausible, insofar as attending school even with very low quality teaching is likely to
have some returns due to benefits from peer interaction and other factors.
Next, we analyze how teacher value-added aﬀects the trajectory of earnings by examining earnings impacts at each age from 20 to 28. We run separate regressions of earnings at each age on
teacher VA and the standard vector of classroom controls. Figure 7a plots the coeﬃcients from
these regressions (which are reported in Appendix Table 10), divided by average earnings at each
55

Although individuals’ earnings trajectories remain quite steep at age 28, earnings levels at age 28 are highly
correlated with earnings at later ages (Haider and Solon 2006), a finding we confirm in the tax data (Chetty et al.
2011, Appendix Table I).
56
We calculate this number using the mean wage earnings of a random sample of the U.S. population in 2007 to
obtain an earnings profile over the lifecycle, and then inflate these values to 2010 dollars (see Chetty et al. 2011 for
details).
57
The undiscounted earnings gains (assuming a 2% growth rate but 0% discount rate) are approximately $25,000
per student.
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age to obtain percentage impacts.

As above, we multiply the estimates by 0.1 to interpret the

eﬀects as the impact of a 1 SD increase in teacher VA. The impact of teacher quality on earnings
rises almost monotonically with age.

At early ages, the impact of higher VA is negative and

significant, which is consistent with our finding that higher VA teachers induce their students to
go to college. As these students enter the labor force, they have steeper earnings trajectories and
eventually earn significantly more than students who had lower VA teachers in grades 4-8. The
earnings impacts become positive and statistically significant starting at age 26. By age 28, the
earnings impact is nearly 1% of earnings, as in Figure 7.

Stated diﬀerently, higher teacher VA

increases the growth rate of earnings when students are in their 20s. In column 3 of Table 6, we
verify this result by regressing the change in earnings from age 22 to age 28 on teacher VA. As
expected, a 1 SD increase in teacher VA increases earnings growth by $180 (1.3%) over this period.
We obtain further insight into the role of college in mediating these changes in earnings trajectories by comparing the impacts of teacher VA on students who attend grade schools with low vs.
high college attendance rates. We divide the sample into two groups: students who attend schools
with an age 20 college attendance rate above vs. below 35%, the sample mean. In schools with
low college attendance rates at age 20, few students are in college at age 25. As a result, teacher
VA does not have a significant impact on college attendance rates at age 25 for students in these
schools, as shown in Column 4 of Table 6.

In contrast, in schools with high college attendance

rates, a 1 SD increase in teacher VA raises college attendance rates by 0.47 percentage points even
at age 25. If college attendance masks earnings impacts, we should expect the eﬀects of teacher
VA on wage growth to be higher in these high college attendance schools.
Figure 7b tests this hypothesis by plotting the eﬀect of value-added on earnings by age for
students who attended schools with above- and below- average college attendance rates.

As

expected, the impacts of teacher VA on earnings rise much more sharply with age for students who
attended grade schools with high college attendance rates. Teacher VA has a negative impact on
earnings in the early 20’s for students who attended such schools, whereas its impacts are always
positive for students who attended schools with low college attendance rates. The positive impacts
of teacher VA on earnings even in subgroups that are unlikely to attend college indicates that better
teaching has direct returns in the labor market independent of its eﬀects on college attendance.
Columns 6 and 7 of Table 6 confirm that the eﬀect of teacher VA on wage growth from age 22 to
28 is much larger for students who attended schools with high college attendance rates.
The results in Figure 7 suggest that the 0.9% mean earnings impact per SD of teacher VA
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at age 28 may understate the impact on lifetime earnings, particularly for high SES groups. To
gauge how much further the earnings impacts might rise over time, we use the cross-sectional
correlation between test scores and earnings, which we can estimate with greater precision up to
age 30. Appendix Table 4 lists coeﬃcients from OLS regressions of earnings at each age on test
scores.

These regressions pool all grades, control for the same variables used to estimate the

baseline value-added model, and use a constant sample of students for whom we observe earnings
from 20-30 to eliminate cohort eﬀects. The correlation between test scores and earnings is roughly
20% higher at age 30 than at age 28.

If the causal impacts of teacher VA match these cross-

sectional patterns by age, the lifetime earnings impact of a 1 SD improvement in teacher VA in a
single grade would likely exceed 1.1%.
The cross-sectional relationship between test scores and earnings reported in Appendix Table
4 implies that a 0.1 SD increase in test scores is associated with a 1.1% increase in earnings at
age 28. Hence, the impact of teacher VA is similar to the impact one would have predicted based
on the impact of VA on end-of-grade test scores and the cross-sectional relationship between test
scores and earnings.

This result aligns with previous evidence that improvements in education

raise contemporaneous scores, then fade out in later scores (as shown in Figure 2), only to reemerge
in adulthood (Deming 2009, Heckman et al. 2010c, Chetty et al. 2011).

5.3

Other Outcomes

We now analyze the impacts of teacher VA on other outcomes, starting with our “teenage birth”
measure, which is an indicator for filing a tax return and claiming a dependent who was born
while the mother was a teenager (see Section 3). We first evaluate the cross-sectional correlations
between this proxy for teenage birth and test scores as a benchmark. Students with a 1 SD higher
test score are 3.8 percentage points less likely to have a teenage birth relative to a mean of 8%
(Appendix Table 3). Conditional on lagged test scores and other controls, a 1 SD increase in test
score is associated with a 1 percentage point reduction in teenage birth rates. These correlations
are significantly larger for populations that have a higher risk of teenage birth, such as minorities
and low-income students (Appendix Table 5). These cross-sectional patterns support the use of
this measure as a proxy for teenage births even though we can only identify children who are
claimed as dependents in the tax data.
Column 1 of Table 7 analyzes the impact of teacher VA on the fraction of female students who
have a teenage birth. Having a 1 SD higher VA teacher in a single year from grades 4 to 8 reduces
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the probability of a teen birth by 0.099 percentage points, a reduction of roughly 1.25%, as shown
in Figure 8a.

This impact is very similar to the cross-sectional correlation between scores and

teenage births, echoing our results on earnings and college attendance.
Column 2 of Table 7 analyzes the impact of teacher VA on the socio-economic status of the
neighborhood in which students live at age 25, measured by the percent of college graduates living
in that neighborhood. A 1 SD increase in teacher VA raises neighborhood SES by 0.063 percentage
points (0.5% of the mean) by this metric, as shown in Figure 8b. Column 3 shows that this impact
on neighborhood quality more than doubles at age 28, consistent with the growing earnings impacts
documented above.
Finally, we analyze impacts on retirement savings.

Teacher VA does not have a significant

impact on 401(k) savings at age 25 in the pooled sample (not reported).

However, Column 4

shows that for students who attended schools with low college attendance rates (defined as in
Column 4 of Table 6), a 1 SD increase in teacher VA raises the probability of having a 401(k)
at age 25 by 0.19 percentage points (1.6% of the mean).

In contrast, Column 5 shows that for

students in high college-attendance schools, the point estimate of the impact is negative. These
results are consistent with the impacts on earnings trajectories documented above. In schools with
low college attendance rates, students who get high-VA teachers find better jobs by age 25 and are
more likely to start saving in 401(k)’s. In schools with high college attendance rates, students who
get high-VA teachers are more likely to be in college at age 25 and thus may not obtain a job in
which they begin saving for retirement until they are older.

5.4

Heterogeneity Analysis

In Table 8, we analyze whether teacher value-added has heterogeneous eﬀects across demographic
groups and subjects. We study impacts on college quality at age 20 rather than earnings because
the heterogeneity analysis requires large samples and because the college quality measure provides
a quantitative metric based on projected earnings gains.
Panel A studies impact heterogeneity across population subgroups. Each number in the first
row of the table is a coeﬃcient estimate from a separate regression of college quality on teacher
VA, with the same classroom-level controls as in the previous sections. Columns 1 and 2 consider
heterogeneity by gender.

Columns 3 and 4 consider heterogeneity by parental income, dividing

students into groups above and below the median level of parent income in the sample. Columns
5 and 6 split the sample into minority and non-minority students.
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Two lessons emerge from Panel A of Table 8.

First, the point estimates of the impacts of

teacher VA are larger for girls than boys, although one can reject equality of the impacts only
at a 10% significance level.

Second, the impacts are larger for higher-income and non-minority

households in absolute terms. For instance, a 1 SD increase in VA raises college quality by $123
for children whose parents have below-median income, compared with $209 for those whose parents
have above-median income. However, the impacts are much more similar as a percentage of mean
college quality: 0.56% for low-income students vs. 0.75% for high-income students.
The larger dollar impact for high socioeconomic students could be driven by two channels: a
given increase in teacher VA could have larger impacts on the test scores of high SES students
or a given increase in scores could have larger long-term impacts. The second row of coeﬃcient
estimates of Table 8 shows that the impacts of teacher VA on scores are virtually identical across
all the subgroups in the data.

In contrast, the correlation between scores and college quality is

significantly larger for higher SES students (Appendix Table 5). Although not conclusive, these
findings suggest that the heterogeneity in teachers’ long term impacts is driven by the second
mechanism, namely that high SES students benefit more from test score gains.

Overall, the

heterogeneity in treatment eﬀects indicates that teacher quality is complementary to family inputs
and resources, i.e. the marginal value of better teaching is larger for students from high SES
families. An interesting implication of this result is that higher income families should be willing
to pay more for teacher quality.
Panel B of Table 8 analyzes diﬀerences in teachers’ impacts across subjects. For these regressions, we split the sample into elementary (Columns 1-3) and middle (Columns 4-6) schools. We
first analyze the eﬀects of teacher VA in each subject separately on a constant sample with a fixed
set of controls and then include both math and English teacher VA in the same regression. In all
the specifications, the coeﬃcients on VA are larger in English than math. An English teacher who
raises her students’ test scores by 1 SD has a larger long-term impact than a math teacher who
generates a commensurate test score gain. However, it is important to recall that the variance of
teacher eﬀects is larger in math than English: a 1 SD improvement in teacher VA raises math test
scores by approximately 0.118 SD, compared with 0.081 SD in English. Hence, a 1 SD increase
in the quality of a math teacher actually has a relatively similar impact to a 1 SD increase in the
quality of an English teacher.
Including both English and math VA in the same regression has very diﬀerent eﬀects in elementary vs. middle school.

As discussed above, students have one teacher for both subjects in
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elementary school but not middle school.

Because a given teacher’s math and English VA are

highly correlated (r = 0.59), the magnitude of the two subject-specific coeﬃcients drops by nearly
40% when included together in a single regression for elementary school (Column 3). Intuitively,
when math VA is included by itself in elementary school, it partly picks up the eﬀect of having
better teaching in English as well. In contrast, including both math and English teacher VA in
middle school has a much smaller eﬀect on the estimates, as shown in Column 6.

5.5

Robustness Checks

We conclude our empirical analysis by assessing the robustness of our results to alternative empirical
specifications, focusing on the simplifications we made for computational tractability.
First, we assess the robustness of our statistical inferences to alternative forms of clustering
standard errors.

Appendix Table 7 reports alternative standard error calculations for three of

our main specifications: the impact of teacher VA on scores, college attendance at age 20, and
earnings at age 28. We estimate each of these models using the baseline control vector used in
Table 2. Panels A of Appendix Table 7 shows that a block bootstrap at the student level, which
accounts for repeated student observations, yields narrower confidence intervals than school-cohort
clustering. Panel B shows that in smaller subsamples of our data, two-way clustering by class and
student yields slightly smaller standard errors than school-cohort clustering. Panel C shows that
school-cohort clustering is also conservative relative to clustering by classroom in a sample that
includes only the first observation for each student.
Second, we assess the robustness of our estimates to alternative control vectors (Panel D of
Appendix Table 7). Including the student-level controls used when estimating the VA model in
addition to the baseline classroom-level control vector used to estimate the regressions in Tables 2,
5, and 6 has virtually no impact on the coeﬃcients or standard errors. The last row of the table
evaluates the impacts of including school by year fixed eﬀects. In this row, we include school by
year eﬀects both when estimating VA and in the second-stage regressions of VA on adult outcomes.
The inclusion of school by year fixed eﬀects does not aﬀect our qualitative conclusion that teacher
VA has substantial impacts on adult outcomes, but the estimated impact on college attendance at
age 20 falls, while the impact on earnings at age 28 rises.58
Finally, we replicate the baseline results using raw estimates of teacher quality without the
58

We did not include school-year fixed eﬀects in our baseline specifications because school districts typically seek
to rank teachers within their districts rather than within schools. Moreover, our tests in Section 4 suggest that such
fixed eﬀects are not necessary to obtain unbiased estimates of the impacts of teacher VA.

44

Empirical Bayes shrinkage correction, denoted by ν j in Section 2. We again exclude the current
year when estimating ν j to account for correlated estimation error as above.

In columns 1-4 of

Appendix Table 11, we estimate specifications analogous to (9) using OLS, with a leave-year-out
measure ν tj on the right hand side instead of μtj . The estimated coeﬃcients are roughly half of those
reported above, reflecting the substantial attenuation from measurement error in teacher quality.
The shrinkage correction implemented in our baseline measure of teacher VA is one approach to
correct for this measurement error. As an alternative approach, we regress each outcome on test
scores, instrumenting for scores using the raw teacher eﬀects ν j .

The resulting two-stage least

squares coeﬃcients are reported in Columns 5-7 of Appendix Table 11. These 2SLS estimates are
very similar to our baseline results, confirming that our findings are not sensitive to the way in
which correct for measurement error in teacher quality.

6

Policy Calculations

In this section, we use our estimates to answer two policy questions. First, do teachers matter more
in some grades relative to others? Second, what are the expected earnings gains from retaining or
deselecting teachers based on their estimated VA?

6.1

Impacts of Teachers by Grade

The reduced-form estimates in the previous section identify the impacts of replacing a single teacher
j with another teacher j in one classroom. While this question is of interest to parents, policymakers are typically interested in the impacts of reforms that improve teacher quality more broadly.
As shown in (5), the reduced-form impact of changing the teacher of a single classroom includes
the impacts of being tracked to a better teacher in subsequent grades.

While a parent may be

interested in the reduced-form impact of teacher VA in grade g (β g ), a policy reform that raises
teacher quality in grade g will not allow every child to get a better teacher in grade g + 1. In this
section, we estimate teachers’ net impacts in each grade, holding fixed future teacher VA (β̃ g ), to
shed light on this policy question.
Because we have no data after grade 8, we can only estimate teachers’ net eﬀects holding fixed
teacher quality up to grade 8.59 We therefore set β̃ 8 = β 8 . We recover β̃ g from estimates of β g
by subtracting out the impacts of future teachers on earnings iteratively.

Consider the eﬀect of

59
If tracking to high school teachers is constant across all grades in elementary school, our approach accurately
recovers the relative impacts of teachers in grades 4-8.
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teacher quality in 7th grade. Our reduced-form estimate of β 7 , obtained by estimating (9) using
only grade 7, can be decomposed into two terms:
β 7 = β̃ 7 + ρ78 β̃ 8
where ρ78 is the extent to which teacher VA in grade 7 increases teacher VA in grade 8. We can
estimate ρ̂78 using an OLS regression that parallels (9) with future teacher VA as the dependent
variable:
μ̂j(i,8) = α + ρ̂78 μ̂j(i,7) + f1 (Ai,t−1 ) + f2 (ej(i,7,t) ) + φ1 Xi7t + φ2 X̄c(i,7,t) + η μit78 .
Combining these two equations shows that the net impact of the grade 7 teacher is simply her
reduced-form impact minus her indirect impact via tracking to a better 8th grade teacher:
β̃ 7 = β 7 − ρ̂78 β 8 .
Iterating backwards, we can calculate β̃ 6 by estimating ρ̂68 and ρ̂67 and so on until we obtain the
full set of net impacts. We show formally that this procedure recovers net impacts β̃ g in Appendix
B.
This approach to calculating teachers’ net impacts has three important limitations.
it assumes that all tracking to future teachers occurs via teacher VA on test scores.

First,

We allow

students who have high-VA teachers in grade g to be tracked to higher VA (μj(i,g+1) ) teachers in
grade g + 1, but not to teachers with higher unobserved earnings impacts μY . We are forced to
make this strong assumption because we have no way to estimate teacher impacts on earnings that
are orthogonal to VA, as discussed in Section 2. Second, β̃ g does not net out potential changes
in other factors besides teachers, such as peer quality or parental inputs.

Hence, β̃ g cannot be

interpreted as the “structural” impact of teacher quality holding fixed all other inputs in a general
model of the education production function (e.g., Todd and Wolpin 2003). Finally, our approach
assumes that teacher eﬀects are additive across grades. We cannot identify complementarities in
teacher VA across grades because our identification strategy forces us to condition on lagged test
scores, which are endogenous to the prior teacher’s quality.

It would be valuable to relax these

assumptions in future work to obtain a better understanding of how the sequence of teachers one
has in school aﬀects outcomes in adulthood.
Figure 9 displays our estimates of β g and β̃ g , which are also reported in Appendix Table 12.
We use college quality (projected earnings at age 30 based on college enrollment at age 20) as
46

the outcome to have suﬃcient precision to identify grade-specific eﬀects.

We estimate β g using

specifications analogous to Column 4 of Table 5 for each grade separately.

Because the school

district data system did not cover many middle schools in the early and mid 1990s, we cannot
analyze the impacts of teachers in grades 6-8 for more than half the students who are in 4th grade
before 1994. To obtain a more balanced sample for comparisons across grades, we restrict attention
to cohorts who would have been in 4th grade during or after 1994 for this analysis.
Figure 9 has two lessons.

First, the net impacts β̃ g are close to the reduced-form impacts.

This is because the tracking coeﬃcients ρg,g are generally quite small, as shown in Appendix Table
13. Tracking is slightly larger in middle school, as one would expect, but still has a relatively small
impact on β̃ g . Second, teachers’ long-term impacts are large and significant in all grades. Although
the estimates in each grade have relatively wide confidence intervals, there is no systematic trend
in the impacts. This pattern is consistent with the cross-sectional correlations between test scores
and adult outcomes, which are also relatively stable across grades (Appendix Table 6).
One issue that complicates cross-grade comparisons is that teachers spend almost the entire
school day with their students in elementary school (grades 4-5 as well as 6 in some schools),
but only their subject period (Math or English) in middle school (grades 7-8). If teachers’ skills
are correlated across subjects — as is the case with math and English value-added, which have a
correlation of 0.59 for elementary school teachers — then a high-VA teacher should have a greater
impact on earnings in elementary school than middle school because they spend more time with the
student. The fact that high-VA math and English teachers continue to have substantial impacts
even in middle school underscores our conclusion that higher quality education has substantial
returns well beyond early childhood.

6.2

Impacts of Selecting Teachers on VA

In this section, we use our estimates to predict the potential earnings gains from selecting and
retaining teachers on the basis of their VA. The primary objective of these calculations is to
illustrate the magnitudes of teachers’ impacts rather than evaluate selection as a policy to improve
teacher quality.
We make three assumptions in our calculations. First, we assume that the percentage impact
of a 1 unit improvement in teacher VA on earnings observed at age 28, which we denote by b,
remains constant over the life-cycle. Second, we do not account for general equilibrium eﬀects that
may reduce wages if all children are better educated or for non-monetary returns to education such
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as reductions in teenage birth rates (Oreopoulos and Salvanes 2010).

Third, we follow Krueger

(1999) and discount earnings gains at a 3% real annual rate (consistent with a 5% discount rate
and 2% wage growth) back to age 12, the average age in our sample. Under this assumption, the
present value of earnings at age 12 for the average individual in the U.S. population is $522, 000,
as noted above.
We first evaluate Hanushek’s (2009, 2011) proposal to replace the 5 percent of teachers with the
lowest value-added with teachers of average quality. To calculate the impacts of such a policy, note
that a teacher in the bottom 5% of the true VA distribution is on average 2.04 standard deviations
below the mean teacher quality. Therefore, replacing a teacher in the bottom 5% with an average
teacher generates a gain per student of
$522, 000 × 2.04 × bσ μ
where σ μ denotes the standard deviation of teacher eﬀects.

We set b = $1, 815/20, 362 = 8.9%

based on the estimate in Column 1 of Table 6 and σ μ = (0.081 + 0.118)/2, the average of the SD
of teacher eﬀects across math and English. With these values, replacing a teacher in the bottom
5% with an average teacher generates earnings gains of $9, 422 per student in present value at age
12, or $267, 000 for a class of average size (28.3 students).

The undiscounted cumulative earnings

gains from deselection are 5.5 times larger than these present value gains ($52,000 per student and
$1.48 million per classroom), as shown in Appendix Table 14.60

These calculations show that

improving teacher VA — whether by selection, better training, or other methods — is likely to have
substantial returns for students.
The $267, 000 present value gain is based on selecting teachers based on their true VA μj . In
practice, we only observe a noisy estimate of μj based on a small number of classrooms.

To

calculate the gains from deselecting the bottom 5% of teachers based on their estimated VA, note

that (4) implies that σ μ̂ = σ μ r(nc ) where r(nc ) is the reliability of VA estimates based on nc

classrooms of data.

Hence, with nc years of data, the bottom 5 percent of teachers ranked on

μ̂j have a mean forecasted quality of 2.04σ μ r(nc ). The gain from deselecting the lowest 5% of

teachers based on nc classrooms of data is thus G(nc ) = $267, 000 · r(nc ).61
60

These calculations assume that deselected teachers are replaced by teachers with the same amount of experience
rather than rookies. Rookie teachers’ test score impacts are 0.03 SD below those of experienced teachers, on average.
However, given that the median teacher remains in our data for 6 years, the expected benefits of deselection would
0.03/6
) from hiring inexperienced teachers to replace those deselected.
be reduced by less than 3% ( 2.04σ
μ
61
This calculation accounts for estimation error due to noise but ignores drift in VA over time (except for drift due
to teacher experience, which we control for in our analysis). Drift aﬀects the calculation in two ways. First, our
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Figure 10 plots G(nc ) assuming a constant class size of 28.3 students; see Appendix Table 14
for the values underlying this figure.

It yields three lessons.

First, the gains from deselecting

low quality teachers on the basis of very few years of data are much smaller than the maximum
attainable gain of $267,000 because of the noise in VA estimates.
gains are about half as large ($135,000).
is approximately r(1) =

1
4

With one year of data, the

This is because reliability with one class of students

in our data, consistent with prior work on teacher eﬀects (Staiger and

Rockoﬀ 2010, McCaﬀrey et al. 2009). That is, one-quarter of the variance in the mean test score
residual for a single classroom is driven by teacher quality, with the remaining variance due to
classroom and student level noise.

Second, the gains grow fairly rapidly with more data in the

first 3 years but the marginal gains from additional information are small.

With three years of

data, one can achieve more than 70% of the maximum impact ($190,000). Waiting for three more
years would increase the gain by $30,000 but has an expected cost of 3 × $190, 000 = $570, 000.
The marginal gains from obtaining one more year of data are outweighed by the expected cost of
having a low VA teacher on the staﬀ even after the first year (Staiger and Rockoﬀ 2010). Third,
because VA estimates are noisy, there could be substantial gains from using other signals of quality
to complement VA estimates, such as principal evaluations or other subjective measures based on
classroom observation.
An alternative approach to improving teacher quality is to increase the retention of high-VA
teachers.

Retaining a teacher at the 95th percentile of the estimated VA distribution (using 3

classrooms of data) for an extra year would yield present value earnings gains of $522, 000 × 1.96 ×

bσ μ r(3) = $182, 000. In our data, roughly 9% of teachers in their third year do not return
to the school district for a fourth year.62

Clotfelter et al. (2008) estimate that a $1,800 bonus

payment in North Carolina reduces attrition rates by 17%.

Based on this estimate, a one time

bonus payment of $1,800 to high-VA teachers who return for a fourth year would increase retention
rates in the next year by 1.5 percentage points and generate an average benefit of $2,730.

The

expected benefit of oﬀering a bonus to even an excellent (95th percentile) teacher is only modestly
larger than the cost because for every extra teacher retained, one must pay bonuses to 60 (91/1.5)
additional teachers.
estimate of b uses estimated VA from other years and thereby understates the impact of a 1 unit increase in true
VA on earnings. This leads us to understate the $267,000 gain. Second, if true VA is mean reverting, deselecting
teachers based on their current VA will yield smaller gains in subsequent years, because some of the low VA teachers
improve over time. An interesting direction for future research is to estimate the process that VA follows and then
identify the expected gains from selecting teachers based on their true VA over various horizons.
62
The rate of attrition bears little or no relation to VA, consistent with the findings of Boyd et al. (2009).
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One important caveat to these calculations is that they assume that teacher eﬀectiveness μj
does not vary with classroom characteristics. Our estimates of VA only identify the component of
teacher quality that is orthogonal to lagged test scores and the other characteristics that we control
for to account for sorting. That is, teachers are evaluated relative to the average quality of teachers
with similar students, not relative to the population.

Thus, while we can predict the eﬀects of

selecting teachers among those assigned to a sub-population of similar students, we cannot predict
the impacts of policies that reassign teachers to randomly selected classrooms from the population
(Rubin, Stuart, and Zanutto 2004).

This is a limitation in all existing value-added measures of

teacher quality and could have significant implications for their use if teaching quality interacts
heavily with student attributes. Lockwood and McCaﬀrey (2009) argue that such interactions are
small relative to the overall variation in teacher VA. In addition, our estimates based on teaching
staﬀ changes suggest that VA is relatively stable as teachers switch to diﬀerent grades or schools.
Nevertheless, further work is needed on this issue if a policymaker is considering reassigning teachers
across classrooms and seeks a global ranking of their relative quality.

7

Conclusion

This paper has presented evidence that existing value-added measures are informative about teachers’ long-term impacts. However, two important issues must be resolved before one can determine
whether VA should be used to evaluate teachers.

First, using VA measures in high-stakes eval-

uations could induce responses such as teaching to the test or cheating, eroding the signal in VA
measures.

This question can be addressed by testing whether VA measures from a high stakes

testing environment provide as good of a proxy for long-term impacts as they do in our data.63 If
not, one may need to develop metrics that are more robust to such responses, as in Barlevy and
Neal (2012). Districts may also be able to use data on the persistence of test score gains to identify
test manipulation, as in Jacob and Levitt (2003), and thereby develop a more robust estimate of
VA. Second, one must weigh the cost of errors in personnel decisions against the mean benefits
from improving teacher value-added. We quantified mean earnings gains from selecting teachers
on VA but did not quantify the costs imposed on teachers or schools from the turnover generated
by such policies.
63
As we noted above, even in the low-stakes regime we study, some teachers in the upper tail of the VA distribution
have test score impacts consistent with test manipulation. If such behavior becomes more prevalent when VA
is actually used to evaluate teachers, the predictive content of VA as a measure of true teacher quality could be
compromised.
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Whether or not VA should be used as a policy tool, our results suggest that parents would
place great value on having their child in the classroom of a high value-added teacher. Consider
a teacher whose true VA is 1 SD above the median who is contemplating leaving a school. Each
child would gain approximately $25,000 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 pool resources and pay this teacher approximately
$130,000 ($4,600 per parent) to stay and teach their children during the next school year.

Our

analysis of teacher entry and exit directly confirms that retaining such a high-VA teacher would
improve students’ outcomes.
While these calculations show that good teachers have great value, they do not by themselves
have implications for optimal teacher salaries or merit pay policies. The most important lesson of
this study is that finding policies to raise the quality of teaching — whether via the use of value-added
measures, changes in salary structure, or teacher training — is likely to have substantial economic
and social benefits in the long run.
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Appendix A: Matching Algorithm
We follow the matching algorithm developed in Chetty et al. (2011) to link the school district
data to tax records. The algorithm was designed to match as many records as possible using
variables that are not contingent on ex post outcomes. Date of birth, gender, and last name
in the tax data are populated by the Social Security Administration using information that is
not contingent on ex post outcomes. First name and ZIP code in tax data are contingent on
observing some ex post outcome. First name data derive from information returns, which are
typically generated after an adult outcome like employment (W-2 forms), college attendance (1098T forms), and mortgage interest payment (1098 forms). The ZIP code on the claiming parent’s
1040 return is typically from 1996 and is thus contingent on the ex post outcome of the student
not having moved far from her elementary school for most students in our analysis sample.
Chetty et al. (2011) show that the match algorithm outlined below yields accurate matches
for approximately 99% of cases in a school district sample that can be matched on social security
number. Note that identifiers were used solely for the matching procedure. After the match was
completed, the data were de-identified (i.e., individual identifiers such as names were stripped) and
the statistical analysis was conducted using the de-identified dataset.
Step 1 [Date of Birth, Gender, Last Name]: We begin by matching each individual from the
school-district data to Social Security Administration (SSA) records. We match individuals based
on exact date of birth, gender, and the first four characters of last name. We only attempt to
match individuals for which the school records include a valid date of birth, gender, and at least one
valid last name. SSA records all last names ever associated in their records with a given individual;
in addition, there are as many as three last names for each individual from the school files. We
keep a potential match if any of these three last names match any of the last names present in the
SSA file.
Step 2 [Rule Out on First Name]: We next check the first name (or names) of individuals from
the school records against information from W2 and other information forms present in the tax
records. Since these files reflect economic activity usually after the completion of school, we use
this information in Step 2 only to “rule out” possible matches in order to minimize selection bias.
In particular, we disqualify potential matches if none of the first names on the information returns
match any of the first names in the school data. As before, we use only the first four characters of
a first name. For many potential matches, we find no first name information in the tax information
records; at this step we retain these potential matches. After removing potential matches that are
mismatched on first name, we isolate students for whom only one potential match remains in the
tax records. We declare such cases a match and remove them from the match pool. We classify
the match quality (MQ) of matches identified at this stage as M Q = 1.
Step 3 [Dependent ZIP code]: For each potential match that remains, we find the household
that claimed the individual as a dependent (if the individual was claimed at all) in each year. We
then match the location of the claiming household, identified by the 5-digit ZIP code, to the home
address ZIP code recorded in the school files. We classify potential matches based on the best ZIP
code match across all years using the following tiers: exact match, match within 10 (e.g., 02139
and 02146 would qualify as a match), match within 100, and non-match. We retain potential
matches only in the highest available tier of ZIP code match quality. For example, suppose there
are 5 potential matches for a given individual, and that there are no exact matches on ZIP code,
two matches within 10, two matches within 100, and one non-match. We would retain only the
two that matched within 10. After this procedure, we isolate students for whom only one potential
match remains in the tax records. We declare such cases a match and remove them from the match
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pool. We classify the match quality of matches identified at this stage as M Q = 2.
Step 4 [Place of Birth]: For each potential match that remains, we match the state of birth
from the school records with the state of birth as identified in SSA records. We classify potential
matches into three groups: state of birth matches, state of birth does not match but the SSA state
is the state where the school district is, and mismatches. Note that we include the second category
primarily to account for the immigrants in the school data for whom the recorded place of birth is
outside the country. For such children, the SSA state-of-birth corresponds to the state in which
they received the social security number, which is often the first state in which they lived after
coming to the country. We retain potential matches only in the best available tier of place-of-birth
match quality. We then isolate students for whom only one potential match remains in the tax
records. We declare such cases a match and remove them from the match pool. We classify the
match quality of matches identified at this stage as M Q = 3.
Step 5 [Rule In on First Name]: After exhausting other available information, we return to the
first name. To recall, in step 2 we retained potential matches that either matched on first name
or for which there was no first name available. In this step, we retain only potential matches that
match on first name, if such a potential match exists for a given student. We also use information
on first name present on 1040 forms filed by potential matches as adults to identify matches at this
stage. We then isolate students for whom only one potential match remains in the tax records.
We declare such cases a match and remove them from the match pool. We classify the match
quality of matches identified at this stage as M Q = 4.
Step 6 [Fuzzy Date-of Birth]: In previous work (Chetty et al. 2011), we found that 2-3% of
individuals had a reported date of birth that was incorrect. In some cases the date was incorrect
only by a few days; in others the month or year was oﬀ by one, or the transcriber transposed the
month and day. To account for this possibility, we take all individuals for whom no eligible matches
remained after step 2. Note that if any potential matches remained after step 2, then we would
either settle on a unique best match in the steps that follow or find multiple potential matches even
after step 5. We then repeat step 1, matching on gender, first four letters of last name, and fuzzy
date-of-birth. We define a fuzzy DOB match as one where the absolute value of the diﬀerence
between the DOB reported in the SSA and school data was in the set {1, 2, 3, 4, 59, 10, 18, 27} in
days, the set {1, 2} in months, or the set {1} in years. We then repeat steps 2 through 5 exactly as
above to find additional matches. We classify matches found using this fuzzy-DOB algorithm as
M Q = 5.X, where X is the corresponding M Q from the non-fuzzy DOB algorithm. For instance,
if we find a unique fuzzy-DOB match in step 3 using dependent ZIP codes, then M Q = 5.2.
The following table shows the distribution of match qualities for all student-test-score observations. In all, we match 89.2% of student-subject observations in the analysis sample. We match
90.0% of observations in classes for which we are able to estimate VA for the teacher. Unmatched
students are split roughly evenly among those for whom we found multiple matches and those for
whom we found no match.
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Match Quality (MQ)
1
2
3
4
5.1
5.2
5.3
5.4
Multiple Matches
No Matches

Frequency
3327727
1706138
146256
64615
84086
6450
747
248
304436
341433

Percent
55.63%
28.52%
2.44%
1.08%
1.41%
0.11%
0.01%
0.00%
5.09%
5.71%

Cumulative Match Rate
55.63%
84.15%
86.59%
87.67%
89.08%
89.19%
89.20%
89.20%

Appendix B: Identifying Teachers’ Net Impacts
This appendix shows that the iterative method described in Section 6.1 recovers the net impacts
of teacher VA, β̃ g , defined as the impact of raising teacher VA in grade g on earnings, holding fixed
VA in subsequent grades.
We begin by estimating the following equations using OLS for g ∈ [4, 8]:
(12)

μ
μ
(Ai,t−1 ) + f2g
(ej(i,g,t) ) + φμ1g Xigt + φμ2g X̄c(i,g,t) + εμigt
Yi = β g μ̂j(i,g) + f1g

g
(13) μ̂j(i,g ) = ρgg μ̂j(i,g) + f1g
(Ai,t−1 ) + f2g (ej(i,g,t) ) + φg1g Xigt + φg2g X̄c(i,g,t) + η itgg ∀g > g

The first set of equations estimates the reduced form impact of teacher VA in grade g on earnings.
The second set of equations estimates the impact of teacher VA in grade g on teacher VA in future
grade g . Denote by X the vector of controls in equations (12) and (13). Note that identification
of the tracking coeﬃcients ρgg using (6.1) requires the following variant of Assumption 2:
Assumption 2A Teacher value-added in grade g is orthogonal to unobserved determinants of
future teacher value-added:

Cov μ̂j(i,g) , η itgg | X = 0.


 
After estimating β g and ρgg , we recover the net impacts β̃ g as follows. Under our definition
μ
. Substituting this definition of Yi into (12)
of β̃ g , earnings can be written as G
g=1 β̃ g μ̂j(i,g) + εi 

and noting that ρgg = Cov μ̂j(i,g ) , μ̂j(i,g) | X /V ar μ̂j(i,g) | X yields
Cov
βg =



G
g =1 β̃ g

G
μ̂j(i,g ) + εYi , μ̂j(i,g) | X

=
ρgg β̃ g .
V ar μ̂j(i,g) | X
g =1

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

Cov μ̂j(i,g ) , μ̂j(i,g) | X = 0 for g < g

since past teacher quality μ̂j(i,g ) is one component of the error term εμigt in (12). Combined with
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the fact that ρgg = 1 by definition, these equations imply that
G

β g = β̃ g +

ρgg β̃ g
g =g+1

∀g < G

β G = β̃ G .
Rearranging this triangular set of equations yields the following system of equations, which can be
solved by iterating backwards as in Section 6.1:
(14)

β̃ G = β G
G

β̃ g = β g −

ρgg β̃ g
g =g+1
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∀g < G.

FIGURE 1
Effects of Teacher Value-Added on Actual, Predicted, and Lagged Scores
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Notes: These figures plot student scores, scaled in standard deviation units, vs. our leave-year-out measure of teacher
value-added, which is also scaled in units of student test score standard deviations. The figures are drawn using the linked
analysis sample described in section 3.3, which includes only students who would graduate high school in or before 2008 if
progressing at a normal pace. There is one observation for each student-subject-school year. Teacher value-added is
estimated using data from classes taught by the same teacher in other years, following the procedure in Sections 2.2 and
4.1 and using the control vector in model 1 of Table 3. In Panel A, the y variable is actual end-of-grade student scores; in
Panel B, it is the predicted score based on parent characteristics; and in Panel C, it is the score two years before in the same
subject. Predicted score is based on the fitted values from a regression of test score on mother’s age at child’s birth,
indicators for parent’s 401(k) contributions and home ownership, and an indicator for the parent’s marital status interacted
with a quartic in parent’s household income (see Section 4.3 for details). All three figures control for the following
classroom-level variables: school year and grade dummies, class-type indicators (honors, remedial), class size, and cubics
in class and school-grade means of lagged test scores in math and English each interacted with grade. They also control for
class and school-year means of the following student characteristics: ethnicity, gender, age, lagged suspensions, lagged
absences, and indicators for grade repetition, special education, limited English. We use this baseline control vector in all
subsequent figures unless otherwise noted. To construct each binned scatter plot, we first regress both the y- and x-axis
variable on the control vector and calculate residuals. We then group the observations into twenty equal-sized (5
percentile-point) bins based on the x-axis residual and scatter the means of the y- and x-axis residuals within each bin. The
solid line shows the best linear fit estimated on the underlying micro data estimated using OLS. The coefficients show the
estimated slope of the best-fit line, with standard errors clustered at the school-cohort level reported in parentheses.
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FIGURE 2
Impacts of Teacher Value-Added on Lagged, Current, and Future Test Scores
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Notes: This figure shows the effect of teacher value-added in year t  0 on student scores from four years prior to
assignment to the teacher of interest to four years after. The figure is drawn using the linked analysis sample described in
section 3.3, which includes only students who would graduate high school in or before 2008 if progressing at a normal
pace. There is one observation for each student-subject-school year. Each point shows the coefficient estimate from a
separate OLS regression of test scores (including all available grades and subjects) on teacher value-added and the baseline
control vector used in Figure 1. The points for t  "1 represent placebo tests for selection on observables, while points for
t  0 show the persistence of teachers’ impacts on test scores. The point at t  0 corresponds to the regression coefficient
in Panel A of Figure 1. The point at t  "1 is equal to zero by construction, because we control for lagged test scores.
Teacher value-added is estimated using data from classes taught by the same teacher in other years, following the
procedure in Sections 2.2 and 4.1 and using the control vector in model 1 of Table 3. The coefficients from the regressions
along with their associated standard errors are reported in Appendix Table 9.

FIGURE 3
Impacts of Teacher Entry and Exit on Average Test Scores by Cohort
a) High Value-Added Teacher Entry

b) High Value-Added Teacher Exit
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Notes: These figures plot event studies of current scores (solid line) and prior-year scores (dashed line) by cohort as
teachers enter or leave a school-grade-subject cell in year t  0. Panels A and B analyze the entry and exit of a high-VA
teacher (teachers with VA in the top 5% of the distribution); Panels C and D analyze the entry and exit of a low-VA
(bottom 5%) teacher. All panels are plotted using a dataset containing school x grade x subject x year means from the
linked analysis sample described in section 3.3. To construct each panel, we first estimate each teacher’s VA using data
from classes taught outside the years t  ¡"3, 2¢. We then plot mean scores in the subject taught by the teacher for
students in the entire school-grade-subject cell in the years before and after the arrival or departure of the teacher. We
remove year fixed effects by regressing the y variable on year indicators and plotting the mean of the residuals, adding
back the sample mean of each variable to facilitate interpretation of the scale. Each point therefore shows the mean score
of a different cohort of students within a single school-grade-subject cell, removing secular time trends. Each panel reports
the change in mean score gains (mean scores minus mean lag scores) from t  "1 to t  0. We also report the change in
mean teacher VA multiplied by 0. 861, the cross-class coefficient of score on VA (Column 1 of Table 2). We multiply the
change in mean VA by this factor to forecast the change in test scores implied by the change in mean VA. We report p
values from F tests of the hypotheses that the change in score gains from t  "1 to t  0 equals 0 and equals the change in
mean VA times 0. 861. Mean teacher VA is calculated using a student-weighted average, imputing the sample mean for
teachers who do not have data outside the t  ¡"3, 2¢ window.

FIGURE 4
Effect of Changes in Teaching Staff on Scores Across Cohorts
b) Changes in Predicted Scores Across Cohorts
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Notes: This figure plots changes in average test scores across cohorts versus changes in average teacher VA across cohorts,
generalizing the event study in Figure 3 to include all changes in teaching staff. All panels are plotted using a dataset
containing school x grade x subject x year means from the linked analysis sample described in section 3.3. We calculate
changes in mean teacher VA across consecutive cohorts within a school-grade-subject cell as follows. First, we calculate
teacher value-added for each teacher in a school-grade-subject cell in each adjacent pair of school years using information
excluding those two years. We then calculate mean value-added across all teachers, weighting by the number of students
they teach and imputing the sample mean VA for those for teachers for whom we have no estimate of VA. Finally, we
compute the difference in mean teacher VA (year t minus year t " 1) to obtain the x axis variable. The y axis variables are
defined by calculating the change in the mean of the dependent variable (year t minus year t-1) within a
school-grade-subject cell. In Panel A, the y-axis variable is the change in end-of-grade scores across cohorts in the
relevant subject. In Panel B, the y-axis variable is the change in predicted test scores based on parent characteristics,
defined as Figure 1b. In Panels C and D, the y-axis variable is the change in test scores in the other subject (e.g. math
scores when analyzing English teachers’ VA) for observations in elementary and middle school, respectively. To construct
each binned scatter plot, we first regress both the y- and x-axis variable on year dummies and calculate residuals. We then
group the observations into twenty equal-sized (5 percentile-point) bins based on the x-axis residual and scatter the means
of the y- and x-axis residuals within each bin. The solid line shows the best linear fit estimated on the underlying
school-grade-subject-year data estimated using an unweighted OLS regression. The coefficients show the estimated slope
of the best-fit line, with standard errors clustered at the school-cohort level reported in parentheses.

FIGURE 5
Effects of Teacher Value-Added on College Attendance
a) College Attendance at Age 20
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b) College Quality at Age 20

c) Impact of Teacher Value-Added on College Attendance by Age
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Notes: Panel A plots the relationship between teacher VA and college attendance rates at age 20. College attendance is
measured by receipt of a 1098-T form in the year during which a student turned 20. The figure is drawn using the linked
analysis sample described in section 3.3, which includes only students who would graduate high school in or before 2008 if
progressing at a normal pace. There is one observation for each student-subject-school year. Teacher value-added is
estimated using data from classes taught by a teacher in other years, following the procedure in Sections 2.2 and 4.1 and
using the control vector in model 1 of Table 3. To construct the binned scatter plot, we first regress both the x- and yvariables on the baseline control vector used in Figure 1 and calculate residuals. We then group the observations into
twenty equal-sized (5 percentile-point) bins based on the residual of the x variable and scatter the means of the y- and
x-variable residuals within each bin, adding back the sample means of both variables to facilitate interpretation of the scale.
The solid line shows the best linear fit estimated on the underlying micro data estimated using OLS. The coefficient shows
the estimated slope of the best-fit line, with the standard error clustered at the school-cohort level reported in parentheses.
Panel B replicates Panel A, changing the y variable to our earnings-based index of college quality at age 20. College
quality is constructed using the average wage earnings at age 30 in 2009 for all students attending a given college at age 20
in 1999. For individuals who did not attend college, we calculate mean wage earnings at age 30 in 2009 for all individuals
in the U.S. aged 20 in 1999 who did not attend any college. Panel C replicates the regression specification in Panel A and
plots the resulting coefficients on college attendance from ages from 18 to 27. Each point represents the coefficient
estimate on teacher value-added from a separate regression. The dashed lines show the boundaries of the 95% confidence
intervals for the effect of value-added on college attendance at each age.

FIGURE 6
Effect of Teacher Value-Added on Earnings at Age 28
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Notes: This figure plots the effect of teacher value-added on wage earnings at age 28, computed using data from W-2
forms issued by employers. The figure is drawn using the linked analysis sample described in section 3.3, which includes
only students who would graduate high school in or before 2008 if progressing at a normal pace. There is one observation
for each student-subject-school year. Teacher value-added is estimated using data from classes taught by a teacher in other
years, following the procedure in Sections 2.2 and 4.1 and using the control vector in model 1 of Table 3. To construct the
binned scatter plot, we first regress both earnings and value-added on the baseline control vector used in Figure 1 and
calculate residuals. We then group the observations into twenty equal-sized (5 percentile-point) bins based on the
value-added residual and scatter the means of the earnings and value-added residuals within each bin, adding back the
sample means of earnings and value-added to facilitate interpretation of the scale. The solid line shows the best linear fit
estimated on the underlying micro data estimated using OLS. The coefficient shows the estimated slope of the best-fit line,
with the standard error clustered at the school-cohort level reported in parentheses.

FIGURE 7
Effect of Teacher Value-Added on Earnings by Age
a) Impact of Teacher Value-Added on Earnings by Age
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b) Impact of Teacher VA on Earnings by Age in
Schools with Low vs. High College Attendance Rates
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Notes: This figure shows the effect of a 1 SD increase in teacher value-added on earnings at each age, expressed as a
percentage of mean earnings at that age. The figure is drawn using the linked analysis sample described in section 3.3,
which includes only students who would graduate high school in or before 2008 if progressing at a normal pace. There is
one observation for each student-subject-school year. To construct the figure, we first run a separate OLS regression of
earnings at each age (using all observations for which the necessary data are available) on teacher value-added, following
exactly the specification used in Figure 7 . We then divide this regression coefficient by 10 to obtain an estimate of the
impact of a 1 SD increase in teacher VA on earnings. Finally, we divide the rescaled coefficient by the mean earnings
level in the estimation sample at each age to obtain the percentage impact of a 1 SD increase in VA on earnings by age.
Panel A shows the results for the full sample. The dashed lines represent the 95% confidence interval, computed using
standard errors clustered at the school-cohort level. Panel B replicates Panel A, splitting the sample into two based on the
average college attendance rate at each school. The mean school-average college attendance rate is 35%. The solid series
includes schools with attendance rates below 35% while the dashed series includes schools with attendance rates above
35%. The coefficients and standard errors underlying these figures are reported in Appendix Table 10.

FIGURE 8
Effects of Teacher Value-Added on Other Outcomes in Adulthood
a) Women with Teenage Births
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b) Neighborhood Quality at Age 25
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Notes: These figures plot the effect of teacher value-added on teenage births (for females only) and neighborhood quality.
We define a teenage birth as an individual claiming a dependent who was born when she was between the ages of 13 and
19 on the 1040 tax form in any year in our sample (see Section 3.2 for details). We define neighborhood quality as the
fraction of residents with a college degree in the ZIP code where the individual resides. The figures are drawn using the
linked analysis sample described in section 3.3, which includes only students who would graduate high school in or before
2008 if progressing at a normal pace. There is one observation for each student-subject-school year. Teacher value-added
is estimated using data from classes taught by a teacher in other years, following the procedure in Sections 2.2 and 4.1 and
using the control vector in model 1 of Table 3. To construct each binned scatter plot, we first regress both the y- and xaxis variables on the baseline control vector used in Figure 1 and calculate residuals. We then group the observations into
twenty equal-sized (5 percentile-point) bins based on the x-axis residual and scatter the means of the y- and x-axis
residuals within each bin, adding back the sample means of x- and y- axis variables to facilitate interpretation of the scales.
The solid line shows the best linear fit estimated on the underlying micro data estimated using OLS. The coefficients show
the estimated slopes of the best-fit line, with standard errors clustered at the school-cohort level reported in parentheses.

Impact of VA on College Quality at Age 20

FIGURE 9
Impacts of Teacher Value-Added on College Quality by Grade
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Notes: This figure plots the impact of a 1 SD increase in teacher VA in each grade from 4-8 on our earnings-based index of
college quality (projected earnings at age 30 based on the college in which the student is enrolled at age 20). The figure is
drawn using the linked analysis sample described in section 3.3. The upper (circle) series shows the reduced-form effect of
improved teacher quality in each grade, including both the direct impact of the teacher on earnings and the indirect effect
through improved teacher quality in future years. Each point in this series represents the coefficient on teacher
value-added from a separate regression of college quality at age 20 on teacher VA for a single grade. We use the same
specification as in Figure 5c but limit the sample to cohorts who would have been in 4th grade during or after 1994 to
obtained a balanced sample across grades. The shaded area represents a 95% confidence interval, calculated based on
standard errors clustered by school-cohort. The lower (square) series plots the impact of teachers in each grade on college
quality netting out the impacts of increased future teacher quality. We net out the effects of future teachers using the
tracking coefficients reported in Appendix Table 13 and solving the system of equations in Section 6.1.

Lifetime Earnings Gain Per Class (discounted to age 12)

FIGURE 10
Earnings Impacts of Deselecting Low Value-Added Teachers
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Notes: This figure displays the present value of lifetime earnings gains for a single classroom of students from deselecting
teachers whose estimated value-added is in the bottom 5% of the distribution. The horizontal line shows the gain that
could be achieved by deselecting the bottom 5% of teachers based on their true VA 6 j , measured noiselessly using an
infinite number of classes per teacher. The increasing series plots the feasible gains from deselection of the bottom 5% of
teachers when their VA is estimated based on the number of classes shown on the x axis, accounting for finite-sample error
in VA estimates. Appendix Table 14 lists the values that are plotted as well as undiscounted cumulative earnings gains,
which are approximately 5.5 times larger in magnitude. To obtain the values in the figure, we first calculate the present
value of average lifetime earnings per student using the cross-sectional life-cycle earnings profile for the U.S. population in
2007, discounting earnings back to age 12 using a 3% net discount rate (equivalent to a 5% discount rate with 2% wage
growth). Column 1 of Table 6 implies that a 1 SD increase in VA raises earnings by 0.9% at age 28. We assume that this
0.9% earnings gain remains constant over the life cycle and calculate the impacts of a 1 SD improvement in teacher quality
on mean lifetime earnings, averaging across English and math teachers. Finally, we multiply the mean lifetime earnings
impact by 28.3, the mean class size in our analysis sample.

APPENDIX FIGURE 1
Jacob and Levitt (2003) Proxy for Test Manipulation vs. Value-Added Estimates
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Notes: This figure plots the relationship between our leave-out-year measure of teacher value added and Jacob and Levitt’s
proxy for cheating. The figure is drawn using the linked analysis sample described in section 3.3. Teacher value-added is
estimated using data from classes taught by a teacher in other years, following the procedure in Sections 2.2 and 4.1 and
using the control vector in model 1 of Table 3. The y- axis variable is constructed as follows. Let Ɩ c,t  Ɩ c,t "Ɩ c,t"1
denote the change in mean test scores from year t " 1 to year t for students in classroom c. Let R c,t denote the ordinal rank
of classroom c in Ɩ c,t among classrooms in its grade, subject, and school year and r c,t the ordinal rank as a fraction of the
total number of classrooms in that grade, subject, and school year. Jacob and Levitt’s (2003) measure for cheating in each
classroom is JL c  r c,t 2 1 " r c,t1 2 . Higher values of this proxy indicate very large test score gains followed by very
large test score losses, which Jacob and Levitt show is correlated with a higher chance of having suspicious patterns of
answers indicative of cheating. Following Jacob and Levitt, we define a classroom as an outlier if its value of JL c falls
within the top 5% of classrooms in the data. To construct the binned scatter plot, we group classrooms into percentiles
based on their teacher’s estimated value-added, ranking math and English classrooms separately. We then compute the
fraction of Jacob-Levitt outliers within each percentile bin and scatter these fractions vs. the percentiles of teacher VA.
Each point thus represents the fraction of Jacob-Levitt outliers at each subject-specific percentile of teacher VA, where VA
for each teacher is estimated using data from other years. The dashed vertical line depicts the (subject-specific) 98th
percentile of the value-added distribution. We exclude classrooms with estimated VA above this threshold in our baseline
specifications because they have much higher frequencies of Jacob-Levitt outliers. See Appendix Table 8 for results with
trimming at other cutoffs.
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Notes: (DFK FROXPQ UHSRUWV FRHIILFLHQWV IURP DQ 2/6 UHJUHVVLRQ ZLWK VWDQGDUG HUURUV FOXVWHUHG E\ VFKRROFRKRUW
LQ SDUHQWKHVHV DQG WVWDWLVWLFV LQ VTXDUH EUDFNHWV 7KH UHJUHVVLRQV DUH HVWLPDWHG RQ WKH OLQNHG DQDO\VLV VDPSOH
GHVFULEHG LQ VHFWLRQ  ZKLFK LQFOXGHV RQO\ VWXGHQWV ZKR ZRXOG JUDGXDWH KLJK VFKRRO LQ RU EHIRUH  LI
SURJUHVVLQJ DW D QRUPDO SDFH 7KHUH LV RQH REVHUYDWLRQ IRU HDFK VWXGHQWVXEMHFWVFKRRO \HDU 7HDFKHU 9$ LV
VFDOHG LQ XQLWV RI VWXGHQW WHVW VFRUH VWDQGDUG GHYLDWLRQV 9$ LV HVWLPDWHG XVLQJ GDWD IURP FODVVHV WDXJKW E\ WKH
VDPH WHDFKHU LQ RWKHU \HDUV IROORZLQJ WKH SURFHGXUH LQ 6HFWLRQV  DQG  DQG XVLQJ WKH FRQWURO YHFWRU LQ PRGHO
 RI 7DEOH  ,Q WKLV DQG DOO VXEVHTXHQW WDEOHV ZH H[FOXGH RXWOLHU REVHUYDWLRQV ZLWK WHDFKHU 9$ LQ WKH WRS  RI
WKH 9$ GLVWULEXWLRQ XQOHVV RWKHUZLVH QRWHG ,Q FROXPQV     DQG  WKH GHSHQGHQW YDULDEOH LV WKH VWXGHQW¶V
WHVW VFRUH LQ D JLYHQ \HDU DQG VXEMHFW ,Q FROXPQ  WKH GHSHQGHQW YDULDEOH LV WKH SUHGLFWHG YDOXH JHQHUDWHG IURP D
UHJUHVVLRQ RI WHVW VFRUH RQ PRWKHU V DJH DW FKLOG V ELUWK LQGLFDWRUV IRU SDUHQW V  N FRQWULEXWLRQV DQG KRPH
RZQHUVKLS DQG DQ LQGLFDWRU IRU WKH SDUHQW V PDULWDO VWDWXV LQWHUDFWHG ZLWK D TXDUWLF LQ SDUHQW V KRXVHKROG LQFRPH
6HH 6HFWLRQ  IRU GHWDLOV RI WKH HVWLPDWLQJ HTXDWLRQ IRU SUHGLFWHG VFRUHV ,Q FROXPQ  WKH GHSHQGHQW YDULDEOH LV
WKH VFRUH WZR \HDUV HDUOLHU LQ WKH VDPH VXEMHFW 7KH GHSHQGHQW YDULDEOH LQ FROXPQ  LV DQ LQGLFDWRU IRU EHLQJ
PDWFKHG WR WKH WD[ GDWD 7KH VHFRQG LQGHSHQGHQW YDULDEOH LQ HDFK RI FROXPQV  DQG  LV WKH VDPH DV WKH
GHSHQGHQW YDULDEOHV LQ FROXPQV  DQG  UHVSHFWLYHO\ $OO VSHFLILFDWLRQV FRQWURO IRU WKH IROORZLQJ FODVVURRPOHYHO
YDULDEOHV VFKRRO \HDU DQG JUDGH GXPPLHV FODVVW\SH LQGLFDWRUV KRQRUV UHPHGLDO  FODVV VL]H DQG FXELFV LQ FODVV
DQG VFKRROJUDGH PHDQV RI ODJJHG WHVW VFRUHV LQ PDWK DQG (QJOLVK HDFK LQWHUDFWHG ZLWK JUDGH 7KH\ DOVR FRQWURO
IRU FODVV DQG VFKRRO\HDU PHDQV RI WKH IROORZLQJ VWXGHQW FKDUDFWHULVWLFV HWKQLFLW\ JHQGHU DJH ODJJHG
VXVSHQVLRQV ODJJHG DEVHQFHV DQG LQGLFDWRUV IRU JUDGH UHSHWLWLRQ VSHFLDO HGXFDWLRQ OLPLWHG (QJOLVK :H XVH WKLV
EDVHOLQHFRQWUROYHFWRULQDOOVXEVHTXHQWWDEOHVXQOHVVRWKHUZLVHQRWHG

7$%/(
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Notes: &ROXPQV  RI WKLV WDEOH UHSRUW FRUUHODWLRQV EHWZHHQ WHDFKHU YDOXHDGGHG HVWLPDWHV IURP ILYH PRGHOV
HDFK XVLQJ D GLIIHUHQW FRQWURO YHFWRU 7KH FRUUHODWLRQV DUH ZHLJKWHG E\ WKH QXPEHU RI \HDUV WDXJKW E\ HDFK
WHDFKHU 7KH PRGHOV DUH HVWLPDWHG RQ D FRQVWDQW VXEVDPSOH RI  FODVVURRPV IURP WKH OLQNHG DQDO\VLV
GDWDVHW IRU ZKLFK WKH YDULDEOHV QHHGHG WR HVWLPDWH DOO ILYH PRGHOV DUH DYDLODEOH )RU HDFK PRGHO ZH HVWLPDWH
VWXGHQW WHVW VFRUH UHVLGXDOV XVLQJ HTXDWLRQ  XVLQJ WKH UHOHYDQW FRQWURO YHFWRU DQG WKHQ LPSOHPHQW WKH UHPDLQLQJ
VWHSV RI WKH (PSLULFDO %D\HV SURFHGXUH LQ 6HFWLRQ  LGHQWLFDOO\ 0RGHO  XVHV WKH VWXGHQW DQG FODVVOHYHO
FRQWURO YHFWRU XVHG WR HVWLPDWH YDOXHDGGHG LQ RXU EDVHOLQH VSHFLILFDWLRQV 7KLV FRQWURO YHFWRU LQFOXGHV D FXELF
SRO\QRPLDO LQ SULRU\HDU VFRUHV LQ PDWK DQG D FXELF LQ SULRU\HDU VFRUHV LQ (QJOLVK LQWHUDFWHG ZLWK WKH VWXGHQW V
JUDGH OHYHO GXPPLHV IRU WHDFKHU H[SHULHQFH DV ZHOO DV WKH IROORZLQJ VWXGHQWOHYHO FRQWUROV HWKQLFLW\ JHQGHU
DJH ODJJHG VXVSHQVLRQV DQG DEVHQFHV DQG LQGLFDWRUV IRU JUDGH UHSHWLWLRQ VSHFLDO HGXFDWLRQ OLPLWHG (QJOLVK
7KH FRQWURO YHFWRU DOVR LQFOXGHV WKH IROORZLQJ FODVVURRPOHYHO FRQWUROV FODVVW\SH LQGLFDWRUV KRQRUV UHPHGLDO 
FODVV VL]H FXELFV LQ FODVV DQG VFKRROJUDGH PHDQV RI ODJJHG WHVW VFRUHV LQ PDWK DQG (QJOLVK HDFK LQWHUDFWHG ZLWK
JUDGH FODVV DQG VFKRRO\HDU PHDQV RI DOO WKH VWXGHQWOHYHO FRQWUROV DQG VFKRRO \HDU DQG JUDGH GXPPLHV 0RGHO
 DGGV FODVVURRPOHYHO PHDQV RI WKH IROORZLQJ SDUHQWDO FKDUDFWHULVWLFV WR PRGHO  SDUHQW V DJH DW FKLOG V ELUWK
PHDQ SDUHQW KRXVHKROG LQFRPH DQG LQGLFDWRUV IRU ZKHWKHU WKH SDUHQW RZQHG D KRXVH LQYHVWHG LQ D N RU ZDV
PDUULHG ZKLOH FKLOG ZDV  DQG DQ LQGLFDWRU IRU ZKHWKHU QR SDUHQW ZDV IRXQG IRU WKH FKLOG LQ WKH WD[ GDWD
0RGHO  DGGV D FXELF LQ WZLFHODJJHG WHVW VFRUHV LQ WKH VDPH VXEMHFW WR PRGHO  0RGHO  FRQWUROV IRU RQO\ ODJJHG
VFRUHV XVLQJ FXELFV LQ VWXGHQW V SULRU\HDU PDWK DQG (QJOLVK VFRUHV LQWHUDFWHG ZLWK JUDGH OHYHO DQG FXELFV LQ WKH
PHDQ SULRU\HDU PDWK DQG (QJOLVK VFRUHV IRU WKH FODVVURRP DQG VFKRROJUDGH FHOO DOVR LQWHUDFWHG ZLWK JUDGH OHYHO
0RGHO  LQFOXGHV QR FRQWUROV ,Q FROXPQ  ZH HVWLPDWH WKH GHJUHH RI ELDV LQ WKH 9$ HVWLPDWHV SURGXFHG E\ HDFK
PRGHO XVLQJ TXDVLH[SHULPHQWDO FKDQJHV LQ WHDFKLQJ VWDII DV GHVFULEHG LQ 6HFWLRQ  7R FDOFXODWH WKH GHJUHH RI
ELDV ZH ILUVW HVWLPDWH WKH HIIHFW RI FKDQJHV LQ PHDQ 9$ RQ FKDQJHV LQ WHVW VFRUHV DFURVV FRKRUWV XVLQJ WKH
VSHFLILFDWLRQ LQ &ROXPQ  RI 7DEOH  :H WKHQ HVWLPDWH WKH HIIHFW RI GLIIHUHQFHV LQ WHDFKHU 9$ DFURVV FODVVURRPV
RQ WHVW VFRUHV XVLQJ WKH VSHFLILFDWLRQ LQ &ROXPQ  RI 7DEOH  EXW ZLWK WKH FRQWURO YHFWRU FRUUHVSRQGLQJ H[DFWO\ WR
WKDW XVHG WR HVWLPDWH WKH YDOXHDGGHG PRGHO )LQDOO\ ZH GHILQH WKH GHJUHH RI ELDV DV WKH SHUFHQWDJH GLIIHUHQFH
EHWZHHQ WKH FURVVFRKRUW DQG FURVVFODVV FRHIILFLHQWV 6WDQGDUG HUURUV IRU WKH ELDV FDOFXODWLRQ DUH FDOFXODWHG DV
WKH VWDQGDUG HUURU RI WKH FRHIILFLHQW LQ WKH FURVVFRKRUW UHJUHVVLRQ GLYLGHG E\ WKH FURVVFODVV HVWLPDWH WKLV
FDOFXODWLRQLJQRUHVWKHHUURULQWKHFURVVFODVVHVWLPDWHZKLFKLVQHJOLJLEOHDVVKRZQLQ&ROXPQRI7DEOH
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&KDQJHVLQPHDQWHDFKHU
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Notes: (DFK FROXPQ UHSRUWV FRHIILFLHQWV IURP DQ XQZHLJKWHG 2/6 UHJUHVVLRQ ZLWK VWDQGDUG HUURUV
FOXVWHUHG E\ VFKRROFRKRUW LQ SDUHQWKHVHV DQG WVWDWLVWLFV LQ VTXDUH EUDFNHWV 7KH UHJUHVVLRQV DUH
HVWLPDWHG RQ D GDWDVHW FRQWDLQLQJ VFKRRO [ JUDGH [ VXEMHFW [ \HDU PHDQV IURP WKH OLQNHG DQDO\VLV VDPSOH
GHVFULEHG LQ VHFWLRQ  :H FDOFXODWH FKDQJHV LQ PHDQ WHDFKHU 9$ DFURVV FRQVHFXWLYH FRKRUWV ZLWKLQ D
VFKRROJUDGHVXEMHFW FHOO DV IROORZV )LUVW ZH FDOFXODWH WHDFKHU YDOXHDGGHG IRU HDFK WHDFKHU LQ D VFKRRO
JUDGHVXEMHFW FHOO LQ HDFK DGMDFHQW SDLU RI VFKRRO \HDUV XVLQJ LQIRUPDWLRQ H[FOXGLQJ WKRVH WZR \HDUV :H
WKHQ FDOFXODWH PHDQ YDOXHDGGHG DFURVV DOO WHDFKHUV ZHLJKWLQJ E\ WKH QXPEHU RI VWXGHQWV WKH\ WHDFK
DQG LPSXWLQJ WKH VDPSOH PHDQ 9$ IRU WKRVH IRU WHDFKHUV IRU ZKRP ZH KDYH QR HVWLPDWH RI 9$ )LQDOO\
ZH FRPSXWH WKH GLIIHUHQFH LQ PHDQ WHDFKHU 9$ \HDU W PLQXV \HDU W WR REWDLQ WKH LQGHSHQGHQW YDULDEOH
:H GR QRW H[FOXGH WHDFKHUV ZKRVH HVWLPDWHG 9$ LV LQ WKH WRS  RI WKH GLVWULEXWLRQ ZKHQ FRPSXWLQJ
PHDQ 9$ 7KH GHSHQGHQW YDULDEOHV DUH GHILQHG E\ FDOFXODWLQJ WKH FKDQJH LQ WKH PHDQ RI WKH GHSHQGHQW
YDULDEOH \HDU W PLQXV \HDU W ZLWKLQ D VFKRROJUDGHVXEMHFW FHOO ,Q FROXPQ  WKH GHSHQGHQW YDULDEOH LV
WKH FKDQJH LQ PHDQ VFRUHV LQ WKH FRUUHVSRQGLQJ VXEMHFW ,Q FROXPQ  LW LV WKH FKDQJH LQ WKH SUHGLFWHG
VFRUH FRQVWUXFWHG DV GHVFULEHG LQ WKH QRWHV WR 7DEOH  ,Q &ROXPQV  DQG  WKH GHSHQGHQW YDULDEOH LV
WKH FKDQJH LQ WKH VFRUH LQ WKH RWKHU VXEMHFW HJ PDWK VFRUHV IRU (QJOLVK WHDFKHUV  &ROXPQ  UHVWULFWV
WKH VDPSOH WR HOHPHQWDU\ VFKRROV ZKHUH PDWK DQG (QJOLVK DUH WDXJKW E\ WKH VDPH WHDFKHU FROXPQ 
UHVWULFWV WKH VDPSOH WR PLGGOH VFKRROV ZKHUH GLIIHUHQW WHDFKHUV WHDFK WKH WZR VXEMHFWV $OO VSHFLILFDWLRQV
LQFOXGHQRFRQWUROVH[FHSW\HDUIL[HGHIIHFWV

7$%/(
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Notes: (DFK FROXPQ UHSRUWV FRHIILFLHQWV IURP DQ 2/6 UHJUHVVLRQ ZLWK VWDQGDUG HUURUV FOXVWHUHG E\ VFKRROFRKRUW
LQ SDUHQWKHVHV 7KH UHJUHVVLRQV DUH HVWLPDWHG RQ WKH OLQNHG DQDO\VLV VDPSOH GHVFULEHG LQ VHFWLRQ  ZKLFK
LQFOXGHV RQO\ VWXGHQWV ZKR ZRXOG JUDGXDWH KLJK VFKRRO LQ RU EHIRUH  LI SURJUHVVLQJ DW D QRUPDO SDFH
&ROXPQV     DQG  XVH FURVVFODVV YDULDWLRQ ZKLOH FROXPQV  DQG  XVH FURVVFRKRUW YDULDWLRQ )RU
VSHFLILFDWLRQV WKDW XVH FURVVFODVV YDULDWLRQ WHDFKHU YDOXHDGGHG LV HVWLPDWHG XVLQJ GDWD IURP FODVVHV WDXJKW E\ D
WHDFKHU LQ RWKHU \HDUV IROORZLQJ WKH SURFHGXUH LQ 6HFWLRQV  DQG  DQG XVLQJ WKH EDVHOLQH FRQWURO YHFWRU LQ
PRGHO  RI 7DEOH  7KH GHSHQGHQW YDULDEOH LQ FROXPQ  LV DQ LQGLFDWRU IRU FROOHJH DWWHQGDQFH DW DJH  7KH
GHSHQGHQWYDULDEOHLQFROXPQLVWKHSUHGLFWHGYDOXHJHQHUDWHGIURPDUHJUHVVLRQRIFROOHJHDWWHQGDQFHDWDJH
RQ SDUHQW FKDUDFWHULVWLFV XVLQJ WKH VDPH VSHFLILFDWLRQ DV IRU SUHGLFWHG VFRUH GHVFULEHG LQ WKH QRWHV WR 7DEOH 
7KH GHSHQGHQW YDULDEOH LQ FROXPQ  LV WKH HDUQLQJVEDVHG LQGH[ RI FROOHJH TXDOLW\ GHILQHG LQ WKH QRWHV WR 7DEOH 
7KH GHSHQGHQW YDULDEOH LQ FROXPQ  LV DQ LQGLFDWRU IRU DWWHQGLQJ D FROOHJH ZKRVH TXDOLW\ LV JUHDWHU WKDQ WKH PHGLDQ
FROOHJH TXDOLW\ DPRQJ WKRVH DWWHQGLQJ FROOHJH ZKLFK LV  7KH GHSHQGHQW YDULDEOH LQ FROXPQ  LV DQ
LQGLFDWRU IRU FROOHJH DWWHQGDQFH DW DJH  $OO FURVVFODVV UHJUHVVLRQV LQFOXGH WKH EDVHOLQH FODVVOHYHO FRQWURO
YHFWRU XVHG LQ 7DEOH  )RU WKH VSHFLILFDWLRQV WKDW H[SORLW FURVVFRKRUW YDULDWLRQ LQ FROXPQV  DQG  ZH XVH
FKDQJHV LQ PHDQ WHDFKHU YDOXHDGGHG DV WKH PDLQ LQGHSHQGHQW YDULDEOH GHILQHG H[DFWO\ DV LQ 7DEOH  7KH
GHSHQGHQW YDULDEOHV LQ &ROXPQV  DQG  DUH FKDQJHV LQ PHDQ FROOHJH DWWHQGDQFH DQG TXDOLW\ DFURVV FRQVHFXWLYH
FRKRUWVZLWKLQDVFKRROJUDGHVXEMHFWFHOO&ROXPQVDQGLQFOXGHQRFRQWUROVH[FHSW\HDUIL[HGHIIHFWV
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Notes: (DFK FROXPQ UHSRUWV FRHIILFLHQWV IURP DQ 2/6 UHJUHVVLRQ ZLWK VWDQGDUG HUURUV FOXVWHUHG E\ VFKRRO
FRKRUW LQ SDUHQWKHVHV 7KH UHJUHVVLRQV DUH HVWLPDWHG RQ WKH OLQNHG DQDO\VLV VDPSOH GHVFULEHG LQ VHFWLRQ 
ZKLFK LQFOXGHV RQO\ VWXGHQWV ZKR ZRXOG JUDGXDWH KLJK VFKRRO LQ RU EHIRUH  LI SURJUHVVLQJ DW D QRUPDO SDFH
7KHUH LV RQH REVHUYDWLRQ IRU HDFK VWXGHQWVXEMHFWVFKRRO \HDU 7HDFKHU YDOXHDGGHG LV HVWLPDWHG XVLQJ GDWD
IURP FODVVHV WDXJKW E\ D WHDFKHU LQ RWKHU \HDUV IROORZLQJ WKH SURFHGXUH LQ 6HFWLRQV  DQG  DQG XVLQJ WKH
FRQWURO YHFWRU LQ PRGHO  RI 7DEOH  7KH GHSHQGHQW YDULDEOH LQ FROXPQV  DQG  DUH WKH LQGLYLGXDO V ZDJH
HDUQLQJV UHSRUWHG RQ : IRUPV DW DJHV  DQG  UHVSHFWLYHO\ 7KH GHSHQGHQW YDULDEOH LQ FROXPQV   DQG
 LV WKH FKDQJH LQ ZDJH HDUQLQJV EHWZHHQ DJHV  DQG  7KH GHSHQGHQW YDULDEOH LQ FROXPQV  DQG  LV DQ
LQGLFDWRU IRU DWWHQGLQJ FROOHJH DW DJH  $OO UHJUHVVLRQV H[SORLW YDULDWLRQ DFURVV FODVVURRPV DQG LQFOXGH WKH
EDVHOLQH FODVVOHYHO FRQWURO YHFWRU XVHG LQ 7DEOH  &ROXPQV  XVH WKH HQWLUH DQDO\VLV VDPSOH ,Q FROXPQV 
ZHVSOLWWKHVDPSOHLQWRWZREDVHGRQWKHDYHUDJHFROOHJHDWWHQGDQFHUDWHDWHDFKVFKRRO7KHPHDQVFKRRO
DYHUDJH FROOHJH DWWHQGDQFH UDWH LV  &ROXPQV  DQG  XVH VFKRROV ZLWK DWWHQGDQFH UDWHV EHORZ  ZKLOH
FROXPQVDQGXVHVFKRROVZLWKDWWHQGDQFHUDWHVDERYH
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Notes: (DFK FROXPQ UHSRUWV FRHIILFLHQWV IURP DQ 2/6 UHJUHVVLRQ ZLWK VWDQGDUG HUURUV FOXVWHUHG E\
VFKRROFRKRUW LQ SDUHQWKHVHV 7KH UHJUHVVLRQV DUH HVWLPDWHG RQ WKH OLQNHG DQDO\VLV VDPSOH
GHVFULEHG LQ VHFWLRQ  ZKLFK LQFOXGHV RQO\ VWXGHQWV ZKR ZRXOG JUDGXDWH KLJK VFKRRO LQ RU EHIRUH
 LI SURJUHVVLQJ DW D QRUPDO SDFH 7KHUH LV RQH REVHUYDWLRQ IRU HDFK VWXGHQWVXEMHFWVFKRRO \HDU
7HDFKHU YDOXHDGGHG LV HVWLPDWHG XVLQJ GDWD IURP FODVVHV WDXJKW E\ D WHDFKHU LQ RWKHU \HDUV
IROORZLQJ WKH SURFHGXUH LQ 6HFWLRQV  DQG  DQG XVLQJ WKH FRQWURO YHFWRU LQ PRGHO  RI 7DEOH 
7KH GHSHQGHQW YDULDEOH LQ FROXPQ  LV DQ LQGLFDWRU IRU KDYLQJ D WHHQDJH ELUWK GHILQHG DV LQ 7DEOH 
7KH GHSHQGHQW YDULDEOH LQ FROXPQV  DQG  LV WKH IUDFWLRQ RI UHVLGHQWV LQ DQ LQGLYLGXDO¶V ]LS FRGH RI
UHVLGHQFH DW DJHV  DQG  ZLWK D FROOHJH GHJUHH RU KLJKHU EDVHG RQ GDWD IURP WKH  &HQVXV
=,3 FRGH LV REWDLQHG IURP HLWKHU  RU : IRUPV ILOHG LQ WKH FXUUHQW \HDU RU LPSXWHG IURP SDVW
\HDUV IRU QRQILOHUV 7KH GHSHQGHQW YDULDEOH LQ FROXPQV  DQG  LV DQ LQGLFDWRU IRU ZKHWKHU DQ
LQGLYLGXDO PDGH D FRQWULEXWLRQ WR D  N SODQ DW DJH  $OO UHJUHVVLRQV H[SORLW YDULDWLRQ DFURVV
FODVVURRPV DQG LQFOXGH WKH EDVHOLQH FODVVOHYHO FRQWURO YHFWRU XVHG LQ 7DEOH  &ROXPQV  XVH WKH
HQWLUH DQDO\VLV VDPSOH ,Q FROXPQV  DQG  ZH VSOLW WKH VDPSOH LQWR WZR EDVHG RQ WKH DYHUDJH
FROOHJH DWWHQGDQFH UDWH DW HDFK VFKRRO 7KH PHDQ VFKRRODYHUDJH FROOHJH DWWHQGDQFH UDWH LV 
&ROXPQV  DQG  XVH VFKRROV ZLWK DWWHQGDQFH UDWHV EHORZ  ZKLOH FROXPQV  DQG  XVH VFKRROV
ZLWKDWWHQGDQFHUDWHVDERYH
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Panel A: Impacts by Demographic Group
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Panel B: Impacts by Subject
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Notes: (DFK FHOO UHSRUWV D FRHIILFLHQW IURP D VHSDUDWH 2/6 UHJUHVVLRQ RI DQ RXWFRPH RQ WHDFKHU YDOXHDGGHG ZLWK
VWDQGDUG HUURUV FOXVWHUHG E\ VFKRROFRKRUW LQ SDUHQWKHVHV 7KH UHJUHVVLRQV DUH HVWLPDWHG RQ WKH OLQNHG DQDO\VLV
VDPSOH GHVFULEHG LQ VHFWLRQ  ZKLFK LQFOXGHV RQO\ VWXGHQWV ZKR ZRXOG JUDGXDWH KLJK VFKRRO LQ RU EHIRUH  LI
SURJUHVVLQJ DW D QRUPDO SDFH 7HDFKHU YDOXHDGGHG LV HVWLPDWHG XVLQJ GDWD IURP FODVVHV WDXJKW E\ D WHDFKHU LQ
RWKHU \HDUV IROORZLQJ WKH SURFHGXUH LQ 6HFWLRQV  DQG  DQG XVLQJ WKH FRQWURO YHFWRU LQ PRGHO  RI 7DEOH  $OO
UHJUHVVLRQV H[SORLW YDULDWLRQ DFURVV FODVVURRPV DQG LQFOXGH WKH EDVHOLQH FODVVOHYHO FRQWURO YHFWRU XVHG LQ 7DEOH 
,Q 3DQHO $ WKHUH LV RQH REVHUYDWLRQ IRU HDFK VWXGHQWVXEMHFWVFKRRO \HDU LQ 3DQHO % WKH GDWD DUH UHVKDSHG VR WKDW
ERWK VXEMHFWV PDWK DQG (QJOLVK DUH LQ WKH VDPH URZ ZLWK RQH REVHUYDWLRQ IRU HDFK VWXGHQWVFKRRO \HDU 7KH
GHSHQGHQW YDULDEOH LQ WKH WRS KDOI RI 3DQHO $ DQG LQ 3DQHO % LV WKH HDUQLQJVEDVHG LQGH[ RI FROOHJH TXDOLW\ VHH
7DEOH  IRU GHWDLOV  7KH GHSHQGHQW YDULDEOH LQ WKH VHFRQG KDOI RI 3DQHO $ LV WKH VWXGHQW V WHVW VFRUH ,Q 3DQHO $ ZH
VSOLW WKH VDPSOH LQ FROXPQV  DQG  EHWZHHQ ER\V DQG JLUOV :H VSOLW WKH VDPSOH LQ FROXPQV  DQG  EDVHG RQ
ZKHWKHU D VWXGHQW¶V SDUHQWDO LQFRPH LV KLJKHU RU ORZHU WKDQ PHGLDQ LQ VDPSOH ZKLFK LV  :H VSOLW WKH
VDPSOH LQ FROXPQV  DQG  EDVHG RQ ZKHWKHU D VWXGHQW EHORQJV WR DQ HWKQLF PLQRULW\ %ODFN RU +LVSDQLF  ,Q 3DQHO
% ZH VSOLW WKH VDPSOH LQWR HOHPHQWDU\ VFKRROV VFKRROV ZKHUH WKH VWXGHQW LV WDXJKW E\ WKH VDPH WHDFKHU IRU ERWK
PDWK DQG (QJOLVK DQG PLGGOH VFKRROV ZKLFK KDYH GLIIHUHQW WHDFKHUV IRU HDFK VXEMHFW  $OO VSHFLILFDWLRQV LQ 3DQHO %
FRQWUROIRUWKHEDVHOLQHFODVVOHYHOYDULDEOHVGHVFULEHGLQ7DEOHLQERWKWKHVWXGHQW VPDWKDQG(QJOLVKFODVVURRPV
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0DWFKHG
WR7D[ ,QFROOHJH (DUQLQJV 3DUHQW
6WXGHQW 6XEMHFW <HDU *UDGH &ODVV 7HDFKHU 7HVW6FRUH 'DWD" DW$JH" DW$JH ,QFRPH
«
%RE
%RE
%RE
%RE
%RE
%RE
1DQF\
1DQF\
1DQF\
1DQF\

0DWK
(QJOLVK
0DWK
(QJOLVK
0DWK
(QJOLVK
0DWK
(QJOLVK
0DWK
(QJOLVK
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-RQHV
-RQHV
6PLWK
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+DUULV
$GDPV
'DQLHOV
'DQLHOV
-RQHV
-RQHV
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Notes: 7KLV WDEOH LOOXVWUDWHV WKH VWUXFWXUH RI WKH DQDO\VLV GDWDVHW ZKLFK FRPELQHV LQIRUPDWLRQ IURP WKH VFKRRO
GLVWULFW GDWDEDVH DQG WKH WD[ GDWD 7KH OLQNHG DQDO\VLV GDWD LQFOXGHV RQO\ VWXGHQWV ZKR ZRXOG JUDGXDWH KLJK
VFKRRO LQ RU EHIRUH  LI SURJUHVVLQJ DW D QRUPDO SDFH 7KHUH LV RQH URZ IRU HDFK VWXGHQWVXEMHFWVFKRRO
\HDU ZLWK  URZV LQ WRWDO ,QGLYLGXDOV ZKR ZHUH QRW OLQNHG WR WKH WD[ GDWD KDYH PLVVLQJ GDWD RQ DGXOW
RXWFRPHV DQG SDUHQW FKDUDFWHULVWLFV 7KH YDOXHV LQ WKLV WDEOH DUH QRW UHDO GDWD DQG IRU LOOXVWUDWLYH SXUSRVHV
RQO\

$33(1',;7$%/(
6XPPDU\6WDWLVWLFVIRU6FKRRO'LVWULFW'DWD8VHGWR(VWLPDWH9DOXH$GGHG
9DULDEOH

&ODVVVL]H QRWVWXGHQWZHLJKWHG
1XPEHURIVXEMHFWVFKRRO\HDUVSHUVWXGHQW
7HDFKHU([SHULHQFH \HDUV
7HVWVFRUH 6'
)HPDOH
$JH \HDUV
)UHHOXQFKHOLJLEOH 
0LQRULW\ %ODFNRU+LVSDQLF
(QJOLVKODQJXDJHOHDUQHU
6SHFLDOHGXFDWLRQ
5HSHDWLQJJUDGH

0HDQ


6'


2EVHUYDWLRQV






































Notes: 6WDWLVWLFV UHSRUWHG DUH IRU WKH VHW RI REVHUYDWLRQV XVHG WR HVWLPDWH WHDFKHU YDOXHDGGHG 7KHVH DUH
REVHUYDWLRQV IURP WKH IXOO VFKRRO GLVWULFW GDWDVHW VSDQQLQJ  GHVFULEHG LQ VHFWLRQ  WKDW KDYH
LQIRUPDWLRQ RQ WHVW VFRUHV WHDFKHUV DQG DOO WKH FRQWURO YDULDEOHV VXFK DV ODJJHG WHVW VFRUHV QHHGHG WR
HVWLPDWH WKH EDVHOLQH YDOXHDGGHG PRGHO LQ 7DEOH  :H H[FOXGH REVHUYDWLRQV IURP FODVVURRPV WKDW KDYH
IHZHU WKDQ  VWXGHQWV ZLWK WKH QHFHVVDU\ LQIRUPDWLRQ WR HVWLPDWH YDOXHDGGHG 7KH VDPSOH KDV RQH
REVHUYDWLRQ SHU VWXGHQWVXEMHFWVFKRRO \HDU 6HH QRWHV WR 7DEOH  IRU GHILQLWLRQV RI YDULDEOH DQG DGGLWLRQDO
GHWDLOV

$33(1',;7$%/(
&URVV6HFWLRQDO&RUUHODWLRQV%HWZHHQ2XWFRPHVLQ$GXOWKRRGDQG7HVW6FRUHV
'HS9DU (DUQLQJVDW &ROOHJHDW &ROOHJH4XDOLW\ 7HHQDJH 3HUFHQW&ROOHJH*UDGV
%LUWK
LQ=,3DW$JH
$JH
$JH
DW$JH




















1R&RQWUROV
















:LWK&RQWUROV
















0DWK
)XOO&RQWUROV
















(QJOLVK
)XOO&RQWUROV
















0HDQRI'HS9DU











Notes: (DFK FHOO UHSRUWV FRHIILFLHQWV IURP D VHSDUDWH 2/6 UHJUHVVLRQ RI DQ RXWFRPH LQ DGXOWKRRG RQ WHVW
VFRUHV PHDVXUHG LQ VWDQGDUG GHYLDWLRQ XQLWV ZLWK VWDQGDUG HUURUV UHSRUWHG LQ SDUHQWKHVHV 7KH
UHJUHVVLRQV DUH HVWLPDWHG RQ WKH OLQNHG DQDO\VLV VDPSOH GHVFULEHG LQ VHFWLRQ  ZKLFK LQFOXGHV RQO\
VWXGHQWV ZKR ZRXOG JUDGXDWH KLJK VFKRRO LQ RU EHIRUH  LI SURJUHVVLQJ DW D QRUPDO SDFH 7KHUH LV RQH
REVHUYDWLRQ IRU HDFK VWXGHQWVXEMHFWVFKRRO \HDU DQG ZH SRRO DOO VXEMHFWV DQG JUDGHV LQ HVWLPDWLQJ WKHVH
UHJUHVVLRQV 7KH GHSHQGHQW YDULDEOH LV ZDJH HDUQLQJV DW DJH  LQ FROXPQ  DQ LQGLFDWRU IRU DWWHQGLQJ
FROOHJH DW DJH  LQ FROXPQ  RXU HDUQLQJVEDVHG LQGH[ RI FROOHJH TXDOLW\ LQ FROXPQ  DQ LQGLFDWRU IRU
KDYLQJ D WHHQDJH ELUWK GHILQHG IRU IHPDOHV RQO\ LQ FROXPQ  DQG WKH IUDFWLRQ RI UHVLGHQWV LQ DQ
LQGLYLGXDO¶V ]LS FRGH RI UHVLGHQFH ZLWK D FROOHJH GHJUHH RU KLJKHU DW DJH  LQ FROXPQ  6HH QRWHV WR
7DEOH  IRU GHILQLWLRQV RI WKHVH YDULDEOHV 7KH UHJUHVVLRQV LQ WKH ILUVW URZ LQFOXGH QR FRQWUROV 7KH
UHJUHVVLRQV LQ WKH VHFRQG URZ LQFOXGH WKH IXOO YHFWRU RI VWXGHQW DQG FODVVOHYHO FRQWUROV XVHG WR HVWLPDWH
WKH EDVHOLQH YDOXHDGGHG PRGHO GHVFULEHG LQ WKH QRWHV WR 7DEOH  7KH UHJUHVVLRQV LQ WKH WKLUG DQG
IRXUWK URZ ERWK LQFOXGH WKH IXOO YHFWRU RI FRQWUROV DQG VSOLW WKH VDPSOH LQWR PDWK DQG (QJOLVK WHVW VFRUH
REVHUYDWLRQV

$33(1',;7$%/(
&URVV6HFWLRQDO&RUUHODWLRQV%HWZHHQ7HVW6FRUHVDQG(DUQLQJVE\$JH
'HSHQGHQW9DULDEOH(DUQLQJV 
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0HDQ(DUQLQJV           
3FW(IIHFW
ZLWKFRQWUROV

          

Notes: (DFK FHOO LQ WKH ILUVW WZR URZV UHSRUWV FRHIILFLHQWV IURP D VHSDUDWH 2/6 UHJUHVVLRQ RI HDUQLQJV DW D
JLYHQ DJH RQ WHVW VFRUHV PHDVXUHG LQ VWDQGDUG GHYLDWLRQ XQLWV ZLWK VWDQGDUG HUURUV LQ SDUHQWKHVHV :H
REWDLQ GDWD RQ HDUQLQJV IURP : IRUPV DQG LQFOXGH LQGLYLGXDOV ZLWK QR : V DV REVHUYDWLRQV ZLWK 
HDUQLQJV 7KH UHJUHVVLRQV DUH HVWLPDWHG RQ D FRQVWDQW VXEVDPSOH RI WKH OLQNHG DQDO\VLV VDPSOH LH WKH
VXEVHW RI VWXGHQWV IRU ZKRP GDWD RQ HDUQLQJV DUH DYDLODEOH IURP DJHV  7KHUH LV RQH REVHUYDWLRQ IRU
HDFK VWXGHQWVXEMHFWVFKRRO \HDU DQG ZH SRRO DOO VXEMHFWV DQG JUDGHV LQ HVWLPDWLQJ WKHVH UHJUHVVLRQV 7KH
ILUVW URZ LQFOXGHV QR FRQWUROV WKH VHFRQG LQFOXGHV WKH IXOO YHFWRU RI VWXGHQW DQG FODVVOHYHO FRQWUROV XVHG WR
HVWLPDWH WKH EDVHOLQH YDOXHDGGHG PRGHO GHVFULEHG LQ WKH QRWHV WR 7DEOH  0HDQV RI HDUQLQJV IRU WKH
DYDLODEOH HVWLPDWLRQ VDPSOH DUH VKRZQ LQ WKH WKLUG URZ 7KH ODVW URZ GLYLGHV WKH FRHIILFLHQW HVWLPDWHV IURP WKH
VSHFLILFDWLRQZLWKFRQWUROVE\WKHPHDQHDUQLQJVWRREWDLQDSHUFHQWDJHLPSDFWE\DJH

$33(1',;7$%/(
+HWHURJHQHLW\LQ&URVV6HFWLRQDO&RUUHODWLRQV$FURVV'HPRJUDSKLF*URXSV
(DUQLQJVDW
'HSHQGHQW9DULDEOH
$JH

&ROOHJHDW &ROOHJH4XDOLW\
DW$JH
$JH
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Notes: (DFK FHOO UHSRUWV FRHIILFLHQWV IURP D VHSDUDWH 2/6 UHJUHVVLRQ RI DQ RXWFRPH LQ DGXOWKRRG RQ WHVW
VFRUHV PHDVXUHG LQ VWDQGDUG GHYLDWLRQ XQLWV ZLWK VWDQGDUG HUURUV UHSRUWHG LQ SDUHQWKHVHV 0HDQV RI WKH
GHSHQGHQW YDULDEOH IRU WKH UHOHYDQW HVWLPDWLRQ VDPSOH DUH VKRZQ LQ VTXDUH EUDFNHWV 7KH UHJUHVVLRQV DUH
HVWLPDWHG RQ WKH OLQNHG DQDO\VLV VDPSOH GHVFULEHG LQ VHFWLRQ  ZKLFK LQFOXGHV RQO\ VWXGHQWV ZKR ZRXOG
JUDGXDWH KLJK VFKRRO LQ RU EHIRUH  LI SURJUHVVLQJ DW D QRUPDO SDFH 7KHUH LV RQH REVHUYDWLRQ IRU HDFK
VWXGHQWVXEMHFWVFKRRO \HDU DQG ZH SRRO DOO VXEMHFWV DQG JUDGHV LQ HVWLPDWLQJ WKHVH UHJUHVVLRQV 7KH
GHSHQGHQW YDULDEOH LV ZDJH HDUQLQJV DW DJH  LQ FROXPQ  DQ LQGLFDWRU IRU DWWHQGLQJ FROOHJH DW DJH  LQ
FROXPQ  RXU HDUQLQJVEDVHG LQGH[ RI FROOHJH TXDOLW\ LQ FROXPQ  DQG DQ LQGLFDWRU IRU KDYLQJ D WHHQDJH
ELUWK GHILQHG IRU IHPDOHV RQO\ LQ FROXPQ  $OO UHJUHVVLRQV LQFOXGH WKH IXOO YHFWRU RI VWXGHQW DQG FODVVOHYHO
FRQWUROV XVHG WR HVWLPDWH WKH EDVHOLQH YDOXHDGGHG PRGHO GHVFULEHG LQ WKH QRWHV WR 7DEOH  7KH
GHPRJUDSKLF JURXSV DUH GHILQHG LQ H[DFWO\ WKH VDPH ZD\ DV LQ 7DEOH  :H VSOLW WKH VDPSOH LQ URZV  DQG 
EDVHG RQ ZKHWKHU D VWXGHQW EHORQJV WR DQ HWKQLF PLQRULW\ %ODFN RU +LVSDQLF  :H VSOLW WKH VDPSOH LQ URZV 
DQG  EDVHG RQ ZKHWKHU D VWXGHQW¶V SDUHQWDO LQFRPH LV KLJKHU RU ORZHU WKDQ PHGLDQ LQ VDPSOH ZKLFK LV


$33(1',;7$%/(
&URVV6HFWLRQDO&RUUHODWLRQVEHWZHHQ7HVW6FRUHVDQG2XWFRPHVLQ$GXOWKRRGE\*UDGH
(DUQLQJVDW &ROOHJHDW &ROOHJH4XDOLW\ (DUQLQJVDW &ROOHJHDW &ROOHJH4XDOLW\
$JH
DW$JH
$JH
$JH
DW$JH
'HS9DULDEOH $JH
:LWK&RQWUROV

1R&RQWUROV
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0HDQRI'HS9DU













Notes: (DFK FHOO UHSRUWV FRHIILFLHQWV IURP D VHSDUDWH 2/6 UHJUHVVLRQ RI DQ RXWFRPH LQ DGXOWKRRG RQ HQGRI
JUDGH WHVW VFRUHV PHDVXUHG LQ VWDQGDUG GHYLDWLRQ XQLWV XVLQJ GDWD IURP RQO\ D VLQJOH JUDGH 6WDQGDUG HUURUV
DUH UHSRUWHG LQ SDUHQWKHVHV 7KH UHJUHVVLRQV DUH HVWLPDWHG RQ WKH OLQNHG DQDO\VLV VDPSOH GHVFULEHG LQ VHFWLRQ
 ZKLFK LQFOXGHV RQO\ VWXGHQWV ZKR ZRXOG JUDGXDWH KLJK VFKRRO LQ RU EHIRUH  LI SURJUHVVLQJ DW D QRUPDO
SDFH 7KHUH LV RQH REVHUYDWLRQ IRU HDFK VWXGHQWVXEMHFWVFKRRO \HDU &ROXPQV  GR QRW LQFOXGH DQ\ FRQWUROV
&ROXPQV  LQFOXGH WKH IXOO YHFWRU RI VWXGHQW DQG FODVVOHYHO FRQWUROV XVHG WR HVWLPDWH WKH EDVHOLQH YDOXH
DGGHG PRGHO GHVFULEHG LQ WKH QRWHV WR 7DEOH  7KH GHSHQGHQW YDULDEOH LQ FROXPQV  DQG  LV ZDJH HDUQLQJV
DW DJH  7KH GHSHQGHQW YDULDEOH LQ FROXPQV  DQG  LV DQ LQGLFDWRU IRU FROOHJH DWWHQGDQFH DW DJH  7KH
GHSHQGHQWYDULDEOHLQFROXPQVDQGLVRXUHDUQLQJVEDVHGLQGH[RIFROOHJHTXDOLW\

$33(1',;7$%/(
5REXVWQHVV$QDO\VLV&OXVWHULQJDQG&RQWURO9HFWRUV
'HSHQGHQW9DULDEOH

6FRUH

&ROOHJHDW$JH

(DUQLQJVDW$JH
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Panel A: Baseline Analysis Sample
%DVHOLQHHVWLPDWHV
%DVHOLQHVH VFKRROFRKRUW
&,
&,XVLQJVWXGHQWERRWVWUDS
SYDOXHXVLQJVWXGHQWERRWVWUDS







Panel B: Observations with Data on Earnings at Age 28
QRFOXVWHULQJ
VFKRROFRKRUW
WZRZD\VWXGHQWDQGFODVV
















Panel C: First observation for each child, by subject
0DWK
QRFOXVWHULQJ
VFKRROFRKRUW
FODVV
















(QJOLVK
QRFOXVWHULQJ
VFKRROFRKRUW
FODVV
















Panel D: Additional Controls
%DVHOLQHFODVVFRQWUROV
VFKRROFRKRUW










$GG,QGLYLGXDO&RQWUROV
VFKRROFRKRUW










$GG6FKRRO<HDU(IIHFWV
VFKRROFRKRUW










Notes: 7KLV WDEOH UHSRUWV FRHIILFLHQW HVWLPDWHV ZLWK VWDQGDUG HUURUV RU FRQILGHQFH LQWHUYDOV LQ SDUHQWKHVHV IURP 2/6 UHJUHVVLRQV
RI YDULRXV RXWFRPHV RQ WHDFKHU YDOXHDGGHG 7KH GHSHQGHQW YDULDEOH LQ FROXPQ  LV VFRUH 7KH GHSHQGHQW YDULDEOH LQ FROXPQ 
LV DQ LQGLFDWRU IRU FROOHJH DWWHQGDQFH DW DJH  7KH GHSHQGHQW YDULDEOH LQ FROXPQ  LV ZDJH HDUQLQJV DW DJH  3DQHO $
UHSRUWV WKH UHVXOWV IURP WKH EDVHOLQH VSHFLILFDWLRQV HVWLPDWHG RQ WKH IXOO OLQNHG DQDO\VLV VDPSOH DORQJ ZLWK D  FRQILGHQFH
LQWHUYDO JHQHUDWHG IURP D EORFNERRWVWUDS DW WKH VWXGHQW OHYHO 3DQHO % UHSRUWV UHVXOWV IRU WKH VXEVDPSOH RI REVHUYDWLRQV IRU ZKRP
ZH KDYH GDWD RQ HDUQLQJV DW DJH  :H UHSRUW WKUHH VHWV RI VWDQGDUG HUURUV QR FOXVWHULQJ FOXVWHULQJ E\ VFKRROFRKRUW DV LQ RXU
EDVHOLQH DQDO\VLV DQG WZRZD\ FOXVWHULQJ E\ VWXGHQW DQG FODVVURRP &DPHURQ *HOEDFK DQG 0LOOHU   ,Q 3DQHO & ZH
HOLPLQDWH UHSHDWHG REVHUYDWLRQV DW WKH LQGLYLGXDO OHYHO E\ XVLQJ RQO\ WKH ILUVW REVHUYDWLRQ SHU VWXGHQW LQ HDFK VXEMHFW :H WKHQ
UHSRUW WKH VDPH WKUHH VHWV RI VWDQGDUG HUURUV )LQDOO\ 3DQHO ' HYDOXDWHV WKH VHQVLWLYLW\ RI WKH HVWLPDWHV WR FKDQJHV LQ WKH FRQWURO
YHFWRU 7KH ILUVW DQG VHFRQG URZV RI 3DQHO ' XVH WKH VXEVDPSOH RI REVHUYDWLRQV ZLWK QRQPLVVLQJ VWXGHQWOHYHO FRQWUROV 7KH
ILUVW URZ XVHV WKH EDVHOLQH FODVVURRPOHYHO FRQWUROV XVHG LQ 7DEOH  DQG RWKHU WDEOHV ZKLOH WKH VHFRQG DGGV WKH VWXGHQWOHYHO
FRQWUROV XVHG WR HVWLPDWH RXU EDVHOLQH YDOXHDGGHG PRGHO PRGHO  LQ 7DEOH   7KH WKLUG URZ XVHV WKH IXOO DQDO\VLV VDPSOH DQG
LQFOXGHVVFKRRO\HDUIL[HGHIIHFWVLQERWKWKHHVWLPDWLRQRIWHDFKHU9$DQGWKHRXWFRPHUHJUHVVLRQV

$33(1',;7$%/(
,PSDFWVRI7HDFKHU9DOXH$GGHG6HQVLWLYLW\WR7ULPPLQJ



3HUFHQW7ULPPHGLQ8SSHU7DLO
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DW$JH
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Notes: (DFK FRHIILFLHQW UHSRUWV WKH FRHIILFLHQW RQ WHDFKHU 9$ IURP D VHSDUDWH 2/6 UHJUHVVLRQ ZLWK VWDQGDUG
HUURUV FOXVWHUHG E\ VFKRROFRKRUW LQ SDUHQWKHVHV 7KH GHSHQGHQW YDULDEOH LV HQGRIJUDGH WHVW VFRUH LQ WKH ILUVW
URZ DQ LQGLFDWRU IRU FROOHJH DWWHQGDQFH LQ WKH VHFRQG URZ RXU HDUQLQJVEDVHG LQGH[ RI FROOHJH TXDOLW\ LQ WKH WKLUG
URZ DQG HDUQLQJV DW DJH  LQ WKH IRXUWK URZ 7KH UHJUHVVLRQV LQ HDFK RI WKHVH URZV UHSOLFDWH H[DFWO\ WKH
EDVHOLQH FURVVFODVV VSHFLILFDWLRQ XVHG LQ &ROXPQ  RI 7DEOH  &ROXPQV  DQG  RI 7DEOH  DQG &ROXPQ  RI
7DEOH  7KH EDVHOLQH HVWLPDWHV DUH UHSRUWHG LQ FROXPQ  ZKLFK VKRZV WKH UHVXOWV ZLWK WULPPLQJ WKH WRS  RI
9$ RXWOLHUV &ROXPQV  UHSRUW UHVXOWV IRU WULPPLQJ WKH XSSHU WDLO DW RWKHU FXWRIIV &ROXPQ  VKRZV HVWLPDWHV
ZKHQ ERWK WKH ERWWRP DQG WRS  RI 9$ RXWOLHUV DUH H[FOXGHG )LQDOO\ FROXPQ  H[FOXGHV WHDFKHUV ZKR KDYH
PRUH WKDQ RQH FODVVURRP WKDW LV DQ RXWOLHU DFFRUGLQJ WR -DFRE DQG /HYLWW V  SUR[\ IRU FKHDWLQJ -DFRE DQG
/HYLWW GHILQH DQ RXWOLHU FODVVURRP DV RQH WKDW UDQNV LQ WKH WRS  RI D WHVWVFRUH FKDQJH PHWULF GHILQHG LQ WKH
QRWHVWR$SSHQGL[)LJXUH

$33(1',;7$%/(
,PSDFWVRI7HDFKHU9DOXH$GGHGRQ/DJJHG&XUUHQWDQG)XWXUH7HVW6FRUHV
'HSHQGHQW9DULDEOH7HVW6FRUH 6'
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Notes: 7KLV WDEOH UHSRUWV WKH YDOXHV SORWWHG LQ )LJXUH  (DFK FROXPQ UHSRUWV FRHIILFLHQWV IURP DQ 2/6 UHJUHVVLRQ
ZLWK VWDQGDUG HUURUV FOXVWHUHG E\ VFKRROFRKRUW LQ SDUHQWKHVHV 7KH UHJUHVVLRQV DUH HVWLPDWHG RQ WKH OLQNHG
DQDO\VLV VDPSOH GHVFULEHG LQ VHFWLRQ  ZKLFK LQFOXGHV RQO\ VWXGHQWV ZKR ZRXOG JUDGXDWH KLJK VFKRRO LQ RU
EHIRUH  LI SURJUHVVLQJ DW D QRUPDO SDFH 7KHUH LV RQH REVHUYDWLRQ IRU HDFK VWXGHQWVXEMHFWVFKRRO \HDU
7HDFKHU YDOXHDGGHG LV HVWLPDWHG XVLQJ GDWD IURP FODVVHV WDXJKW E\ D WHDFKHU LQ RWKHU \HDUV IROORZLQJ WKH
SURFHGXUH LQ 6HFWLRQV  DQG  DQG XVLQJ WKH FRQWURO YHFWRU LQ PRGHO  RI 7DEOH  (DFK FROXPQ UHSOLFDWHV
H[DFWO\ WKH VSHFLILFDWLRQ LQ &ROXPQ  RI 7DEOH  UHSODFLQJ WKH GHSHQGHQW YDULDEOH ZLWK VFRUHV LQ \HDU t + s WR
PHDVXUH WKH LPSDFW RI WHDFKHU TXDOLW\ LQ \HDU t  ZKHUH s YDULHV IURP  WR  :H RPLW WKH VSHFLILFDWLRQ IRU s = -1
VLQFHZHFRQWUROIRUODJJHGVFRUH

$33(1',;7$%/(
,PSDFWVRI7HDFKHU9DOXH$GGHGRQ(DUQLQJVE\$JH
(DUQLQJV 

'HSHQGHQW9DULDEOH













































Panel A: Full Sample
9DOXH$GGHG

  

 










0HDQ(DUQLQJV

        
Panel B: Schools with Low College Attendance Rates

9DOXH$GGHG

0HDQ(DUQLQJV




























        
Panel C: Schools with High College Attendance Rates

9DOXH$GGHG

  
  



















0HDQ(DUQLQJV

        

Notes: (DFK FRHIILFLHQW UHSRUWV WKH HIIHFW RI WHDFKHU 9$ RQ HDUQLQJV IURP D VHSDUDWH 2/6
UHJUHVVLRQ ZLWK VWDQGDUG HUURUV FOXVWHUHG E\ VFKRROFRKRUW LQ SDUHQWKHVHV $OO UHJUHVVLRQV XVH
WKH VSHFLILFDWLRQ DQG VDPSOH XVHG WR HVWLPDWH &ROXPQ  RI 7DEOH  UHSODFLQJ WKH GHSHQGHQW
YDULDEOH ZLWK HDUQLQJV DW WKH DJH VKRZQ LQ WKH FROXPQ KHDGLQJ ,Q 3DQHOV % DQG & ZH VSOLW WKH
VDPSOH LQWR WZR EDVHG RQ WKH DYHUDJH FROOHJH DWWHQGDQFH UDWH DW HDFK VFKRRO 7KH PHDQ VFKRRO
DYHUDJH FROOHJH DWWHQGDQFH UDWH LV  3DQHO % FRQVLGHUV VFKRROV ZLWK DWWHQGDQFH UDWHV EHORZ
 ZKLOH 3DQHO & FRQVLGHUV VFKRROV ZLWK DWWHQGDQFH UDWHV DERYH  7KH VHFRQG URZ LQ HDFK
SDQHOUHSRUWVPHDQHDUQLQJVIRUWKHREVHUYDWLRQVLQWKHFRUUHVSRQGLQJHVWLPDWLRQVDPSOH

$33(1',;7$%/(
,PSDFWVRI7HDFKHU4XDOLW\,QVWUXPHQWDO9DULDEOHV6SHFLILFDWLRQV

'HSHQGHQW9DULDEOH

6FRUH

2/6 5HGXFHG)RUP

(VWLPDWLRQ0HWKRG

5DZ7HDFKHU4XDOLW\
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&ROOHJH
4XDOLW\ (DUQLQJV &ROOHJH
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DW$JH DW$JH DW$JH DW$JH DW$JH DW$JH
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2EVHUYDWLRQV
0HDQRI'HS9DULDEOH

   








  






Notes: 7KLV WDEOH UHSURGXFHV WKH EDVHOLQH VSHFLILFDWLRQV LQ 7DEOH  &RO   7DEOH  &ROV  DQG   DQG 7DEOH
 &RO  XVLQJ UDZ HVWLPDWHV RI WHDFKHU TXDOLW\ 5DZ WHDFKHU TXDOLW\ LV WKH HVWLPDWH QM REWDLQHG DIWHU 6WHS  RI
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Ensuring Fair and Reliable Measures of Effective Teaching

Executive Summary
States and districts have launched unprecedented efforts in recent years to
build new feedback and evaluation systems that support teacher growth and
development. The goal is to improve practice so that teachers can better help
their students graduate from high school ready to succeed in college and beyond.
These systems depend on trustworthy

We have reported ﬁndings as we learned

information about teaching effective-

them in order to provide states and dis-

ness—information that recognizes the

tricts with evidence-based guidance to

complexity of teaching and is trusted

inform their ongoing work. In our initial

by both teachers and administrators.

report in 2010 (Learning about Teaching),

To that end, the Measures of Effective

we found that a well-designed student

Teaching (MET) project set out three

perception survey can provide reliable

years ago to investigate how a set of

feedback on aspects of teaching practice

measures could identify effective teach-

that are predictive of student learning.

ing fairly and reliably. With the help of

In 2012 (Gathering Feedback for Teaching),

3,000 teacher volunteers who opened

we presented similar results for class-

up their classrooms to us—along with

room observations. We also found that

scores of academic and organizational

an accurate observation rating requires

partners—we have studied, among other

two or more lessons, each scored by a

measures:

different certiﬁed observer. With each
analysis we have better understood

■

Classroom observation
instruments, including both
subject-speciﬁc and cross-subject
tools, that deﬁne discrete teaching
competencies and describe different
levels of performance for each;

■

Student perception surveys that
assess key characteristics of the
classroom environment, including supportiveness, challenge, and
order; and

■

the particular contribution that each
measure makes to a complete picture of
effective teaching and how those measures should be implemented to provide
teachers with accurate and meaningful
feedback.
This ﬁnal brief from the MET project’s
three-year study highlights new analyses that extend and deepen the insights
from our previous work. These studies
address three fundamental questions

Student achievement gains on state

that face practitioners and policymakers

tests and on more cognitively chal-

engaged in creating teacher support and

lenging assessments.

evaluation systems.
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“Feedback and evaluation systems depend
on trustworthy information about teaching
effectiveness to support improvement in teachers’
practice and better outcomes for students.”

on classroom practice. For example:
How many observers are needed to
achieve sufﬁcient reliability from a given
number of observations? Do all observations need to be the same length to
have conﬁdence in the results? And
what is the value of adding observers

The Questions

assigned to the teachers who seemed
more effective when we evaluated them

Can measures of effective teaching
identify teachers who better help
students learn?

the prior year? And, second, did the

Despite decades of research suggesting

correspond with expectations?

that teachers are the most important inschool factor affecting student learning,
an underlying question remains unan-

magnitude of the difference in student
outcomes following random assignment

How much weight should be placed
on each measure of effective
teaching?

swered: Are seemingly more effective

To help answer these questions, we
designed a study in which administrators and peer observers produced more
than 3,000 scores for lessons taught by
teachers within one MET project partner
school district.
Key ﬁndings from those analyses:
1. Effective teaching can be measured.

teachers truly better than other teachers

While using multiple measures to

We collected measures of teaching

at improving student learning, or do they

provide feedback to teachers, many

during 2009–10. We adjusted those

simply have better students?

states and districts also are combining

measures for the backgrounds and

measures into a single index to support

prior achievement of the students

Ultimately, the only way to resolve that

decisionmaking. To date, there has been

in each class. But, without random

question was by randomly assigning

little empirical evidence to inform how

assignment, we had no way to know if

students to teachers to see if teachers

systems might weight each measure

the adjustments we made were sufﬁ-

previously identiﬁed as more effective

within a composite to support improve-

cient to discern the markers of effec-

actually caused those students to learn

ments in teacher effectiveness. To help

tive teaching from the unmeasured

more. That is what we did for a subset

ﬁll that void, we tasked a group of our

aspects of students’ backgrounds.

of MET project teachers. Based on data

research partners to use data from MET

we collected during the 2009–10 school

project teachers to build and compare

year, we produced estimates of teach-

composites using different weights and

ing effectiveness for each teacher. We

different outcomes.

adjusted our estimates to account for
student differences in prior test scores,
demographics, and other traits. We
then randomly assigned a classroom of

How can teachers be assured
trustworthy results from
classroom observations?

students to each participating teacher

Our last report on classroom observa-

for 2010–11.

tions prompted numerous questions from practitioners about

4

from outside a teacher’s own school?

Following the 2010–11 school year we

how to best use resources

asked two questions: First, did students

to produce quality infor-

actually learn more when randomly

mation for feedback

Ensuring Fair and Reliable Measures of Effective Teaching

In fact, we learned that the adjusted

of the weight to state tests did nearly

a. Additional shorter observations

measures did identify teachers who

as well and were somewhat better at

can increase reliability. Our

produced higher (and lower) average

predicting student learning on more

analysis suggests that having

student achievement gains following

cognitively challenging assessments.

additional observers watch just

random assignment in 2010–11. The
data show that we can identify groups
of teachers who are more effective
in helping students learn. Moreover,

part of a lesson may be a costMultiple measures also produce
more consistent ratings than stu-

including additional perspectives.

dent achievement measures alone.
Estimates of teachers’ effective-

the magnitude of the achievement

effective way to boost reliability by

b. Although school administrators

ness are more stable from year to

rate their own teachers some-

year when they combine classroom

what higher than do outside

observations, student surveys, and

observers, how they rank their

In addition, we found that more

measures of student achievement

teachers’ practice is very similar

effective teachers not only caused

gains than when they are based

and teachers’ own administrators

students to perform better on state

solely on the latter.

actually discern bigger differ-

gains that teachers generated was
consistent with expectations.

tests, but they also caused students
to score higher on other, more cognitively challenging assessments in

ences in teaching practice, which
3. Adding a second observer increases
having the same observer score

math and English.
2. Balanced weights indicate multiple

increases reliability.

reliability signiﬁcantly more than
c. Adding observations by observ-

an additional lesson. Teachers’

ers from outside a teacher’s

observation scores vary more

school to those carried out by a

aspects of effective teaching. A com-

from observer to observer than

teacher’s own administrator can

posite with weights between 33 per-

from lesson to lesson. Given the

provide an ongoing check against

cent and 50 percent assigned to state

same total number of observations,

in-school bias. This could be done

test scores demonstrated the best mix

including the perspectives of two or

for a sample of teachers rather

of low volatility from year to year and

more observers per teacher greatly

than all, as we said in Gathering

ability to predict student gains on mul-

enhances reliability. Our study of

Feedback for Teaching.

tiple assessments. The composite that

video-based observation scoring also

best indicated improvement on state
tests heavily weighted teachers’ prior
student achievement gains based on

revealed that:

The following pages further explain
these ﬁndings and the analyses that
produced them.

those same tests. But composites
that assigned 33 percent to 50 percent
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Can Measures of
Effective Teaching
Identify Teachers Who
Better Help Students Learn?

2

By deﬁnition, teaching is effective when it enables student learning. But
identifying effective teaching is complicated by the fact that teachers often have
very different students. Students start the year with different achievement levels
and different needs. Moreover, some teachers tend to get particular types of
students year after year (that is, they tend to get higher-performing or lowerperforming ones). This is why so-called value-added measures attempt to
account for differences in the measurable characteristics of a teacher’s students,
such as prior test scores and poverty.

“Teachers previously
identiﬁed as more effective
caused students to learn
more. Groups of teachers
who had been identiﬁed
as less effective caused
students to learn less.”

However, students differ in other

and demographics. The following year

ways—such as behavior and parental

(2010–11), we randomly assigned differ-

involvement—which we typically cannot

ent rosters of students to two or more

account for in determining teaching

MET project teachers who taught the

effectiveness. If those “unaccounted for”

same grade and subject in the same

differences also affect student learning,

school. Principals created rosters and

then what seems like effective teaching

the RAND Corp assigned them randomly

may actually reﬂect unmeasured char-

to teachers (see Figure 1). Our aim was

acteristics of a teacher’s students. The

to determine if the students who were

only way to know if measures of teaching

randomly assigned to teachers who

truly identify effective teaching and not

previously had been identiﬁed as more

some unmeasured student characteris-

effective actually performed better at

tics is by randomly assigning teachers to

the end of the 2010–11 school year.3

students. So we did.
They did. On average, the 2009–10

6

In 2009–10, we measured teachers’

composite measure of effective teaching

effectiveness using a combined mea-

accurately predicted 2010–11 student

sure, comprising teachers’ classroom

performance. The research conﬁrmed

observation results, student perception

that, as a group, teachers previously

survey responses, and student achieve-

identiﬁed as more effective caused stu-

ment gains adjusted for student char-

dents to learn more. Groups of teachers

acteristics, such as prior performance

who had been identiﬁed as less effective

Ensuring Fair and Reliable Measures of Effective Teaching

caused students to learn less. We can

of their students. In addition, the mag-

represents perfect prediction. Dots

say they “caused” more (or less) student

nitude of the gains they caused was

above the diagonal line indicate groups

learning because when we randomly

consistent with our expectations.

of teachers whose student outcomes fol-

assigned teachers to students during the
second year, we could be conﬁdent that
any subsequent differences in achievement were being driven by the teachers,
not by the unmeasured characteristics

lowing random assignment were better
Figure 2 illustrates just how well the
measures of effective teaching predicted student achievement following
random assignment. The diagonal line

than predicted. Dots below the line indicate groups of teachers whose student
outcomes following random assignment
were worse than predicted. Each dot

Figure 1

Putting Measures of Effective Teaching to the Test with
Random Assignment
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Do measures of teaching really identify teachers who help students learn more, or do seemingly more effective teachers
just get better students? To ﬁnd out, the MET project orchestrated a large-scale experiment with MET project teachers
to see if teachers identiﬁed as more effective than their peers would have greater student achievement gains even with
students who were assigned randomly.
To do so, the MET project ﬁrst estimated teachers’ effectiveness using multiple measures from the 2009–10 school year.
As is common in schools, some teachers had been assigned students with stronger prior achievement than others. In
assessing each teacher’s practice that year, the project controlled for students’ prior achievement and demographic
characteristics. But there may have been other differences among students as well. So for the following school year
(2010–11), principals created rosters of students for each class in the study, and then researchers randomly assigned
each roster to a participating teacher from among those who could teach the class.
At the end of the 2010–11 school year, MET project analysts checked to see if students taught by teachers identiﬁed as
more effective than their colleagues actually had greater achievement gains than students taught by teachers identiﬁed as less effective. They also checked to see how well actual student achievement gains for teachers matched
predicted gains.
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represents 5 percent of the teachers in

impacts are approximately in line with
5

of students. When we removed this

the analysis, sorted based on their pre-

the predicted impacts. We also found

control, we wound up predicting much

dicted impact on student achievement.4

that teachers who we identiﬁed as being

larger differences in achievement

effective in promoting achievement on

than actually occurred, indicating that

the state tests also generated larger

student assignment biased the results.

gains on the supplemental tests admin-

However, our analysis could not shed

istered in spring 2011.

as much light on the need to control

As seen in Figure 2, in both math
and English language arts (ELA), the
groups of teachers with greater predicted impacts on student achievement

for demographics or “peer effects”—

generally had greater actual impacts on

Based on our analysis, we can unam-

student achievement following ran-

biguously say that school systems

dom assignment. Further, the actual

should account for the prior test scores

that is, the average prior achievement
and demographics of each student’s
classmates. Although we included those

Figure 2

Effectiveness Measures Identify Teachers
Who Help Students Learn More

Actual =
Predicted
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These charts compare the actual 2010–11 school
year achievement gains for randomly assigned
classrooms with the results that were predicted
based on the earlier measures of teaching
effectiveness. Each dot represents the combination
of actual and estimated student performance for 5
percent of the teachers in the study, grouped by the
teachers’ estimated effectiveness. The dashed line
shows where the dots would be if the actual and
predicted gains matched perfectly.
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On average, students of teachers with higher teacher
effectiveness estimates outperformed students of
teachers with lower teacher effectiveness estimates.
Moreover, the magnitude of students’ actual gains
largely corresponded with gains predicted by their
effectiveness measured the previous year. Both
the actual and predicted achievement are reported
relative to the mean in the randomization block. That
is, a zero on either axis implies that the value was
no different from the mean for the small group of
teachers in a grade, subject, and school within which
class lists were randomized.
Impacts are reported in student-level standard
deviations. A .25 standard deviation difference
is roughly equivalent to a year of schooling. The
predicted impacts are adjusted downward to account
for incomplete compliance with randomization.

Ensuring Fair and Reliable Measures of Effective Teaching

“We can unambiguously say that school systems should adjust their achievement
gain measures to account for the prior test scores of students. When we removed
this control, we wound up predicting much larger differences in achievement than
actually occurred.”
controls, we cannot determine from

within every group there were some

Nonetheless, our analysis should

our evidence whether school systems

teachers whose students performed

give heart to those who have invested

should include them. Our results were

better than predicted and some whose

considerable effort to develop practices

ambiguous on that score.

students performed worse. Second,

and policies to measure and support

we could not, as a practical matter,

effective teaching. Through this large-

randomly assign students or teachers to

scale study involving random assign-

a different school site. As a result, our

ment of teachers to students, we are

study does not allow us to investigate

conﬁdent that we can identify groups of

bias in teacher effectiveness measures

teachers who are comparatively more

arising from student sorting between

effective than their peers in helping stu-

To avoid over-interpretation of these
results, we hasten to add two caveats:
First, a prediction can be correct on
average but still be subject to measurement error. Our predictions of students’
achievement following random assignment were correct on average, but

different schools.

6

dents learn. Great teaching does make
a difference.

Culminating Findings from the MET Project’s Three-Year Study

9

How Much Weight
Should Be Placed
on Each Measure of
Effective Teaching?

7

Teaching is too complex for any single measure of performance to capture it
accurately. Identifying great teachers requires multiple measures. While states
and districts embrace multiple measures for targeted feedback, many also are
combining measures into a single index, or composite. An index or composite
can be a useful summary of complex information to support decisionmaking.
The challenge is to combine measures in ways that support effective teaching
while avoiding such unintended consequences as too-narrow a focus on one
aspect of effective teaching.
To date, there has been little empiri-

in the Gathering Feedback for Teaching

cal evidence to suggest a rationale for

report, these composites included stu-

particular weights. The MET project’s

dent achievement gains based on state

report Gathering Feedback for Teaching

assessments, classroom observations,

showed that equally weighting three

and student surveys. The research-

measures, including achievement gains,

ers estimated the ability of variously

did a better job predicting teachers’

weighted composites to produce con-

success (across several student out-

sistent results and accurately forecast

comes) than teachers’ years of experi-

teachers’ impact on student achieve-

ence and masters’ degrees. But that

ment gains on different types of tests.

work did not attempt to determine optimal weights for composite measures.

The goal was not to suggest a speciﬁc set of weights but to illustrate

10

Over the past year, a team of MET

the trade-offs involved when choosing

project researchers from the RAND

weights. Assigning signiﬁcant weight

Corporation and Dartmouth College

to one measure might yield the best

used MET project data to compare dif-

predictor of future performance on that

ferently weighted composites and study

measure. But heavily weighting a single

the implications of different weighting

measure may incentivize teachers to

schemes for different outcomes. As

focus too narrowly on a single aspect
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of effective teaching and neglect its

assigned 50 percent of the weight to

81 percent of the weight to prior gains

other important aspects. For example, a

students’ state achievement test gains;

on the same tests (best-predictor

singular focus on state tests could dis-

(Model 3) a composite that applied

weights for other grades and subjects

place gains on other harder-to-measure

equal weights to each measure; and

are in the table on page 14).

outcomes. Moreover, if the goal is for

(Model 4) one that gave 50 percent to

students to meet a broader set of learn-

observation ratings and 25 percent

ing objectives than are measured by a

each to achievement gains and student

state’s tests, then too-heavily weighting

surveys. The weights that best predict

that test could make it harder to identify

state tests, shown for Model 1 in

teachers who are producing other val-

Figure 3, were calculated to predict

ued outcomes.

gains on state ELA tests at the middle
school level, which assigns a whopping

ing schemes on three criteria, using
middle school ELA as an example (see
the table on page 14 for other grades
and subjects). The ﬁrst is predicting
teachers’ student achievement gains
on state assessments. A correlation of
1.0 would indicate perfect accuracy in

Composites Compared
The research team compared four
different weighting models, illustrated
in Figure 3: (Model 1) The “best
predictor” of state achievement
test gains (with weights calculated
to maximize the ability to predict
teachers’ student achievement gains on
state tests, resulting in 65+ percent of
the weight being placed on the student
achievement gains across grades and
subjects); (Model 2) a composite that

Figure 4 compares the different weight-

“Heavily weighting a single measure may incentivize
teachers to focus too narrowly on a single aspect of
effective teaching and neglect its other important
aspects. ... [I]f the goal is for students to meet a
broader set of learning objectives than are measured
by a state’s tests, then too-heavily weighting that test
could make it harder to identify teachers who are
producing other valued outcomes.”

Figure 3

Four Ways to Weight
Model 1

Model 2

Model 3

Model 4

17%
25%

2%

33%

33%

25%

25%

50%
81%

25%

Weighted for maximum
accuracy in predicting
gains on state tests*

50% weight on
state test results

Achievement gains
on state tests

33%

50%

Equal weights

50% weights on
observations

Student surveys

Observations

*Weights shown for Model 1 were calculated to best predict gains on state tests for middle school English
language arts. Similar best predictor weights for other grades and subjects are in the table on page 14.

These charts illustrate four ways to construct a
composite measure of effective teaching. Each
model uses different weights but includes the
same components— student achievement gains
on the state tests, student perception surveys,
and classroom observations. Model 1 uses the
weights that would best predict a teacher’s
impact on state test scores. Across grades and
subjects, the “best predictor” model assigns
65 percent or more of the weight to a teacher’s
prior state test gains. Models 2–4 are not based
on maximizing any particular outcome. They
approximate different weighting schemes
used by states and districts, with each model
placing progressively less weight on student
achievement gains on state tests.

Culminating Findings from the MET Project’s Three-Year Study
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Figure 4

Trade-Offs from Different Weighting Schemes
Middle School English Language Arts
Correlation with
state tests gains

Correlation with
higher-order tests

Reliability

0.69

0.76

0.75

3

4

0.66

0.63
0.53

0.51
0.43
0.34

0.33

0.32

2

3

4

0.29

Models

1

2

3

4

1

1

2

These bars compare the four weighting schemes in Figure 3 on three criteria: accuracy in
predicting teachers’ achievement gains on state tests; accuracy in predicting student achievement
gains on supplemental assessments designed to test higher-order thinking skills; and reliability,
reﬂecting the year-to-year stability of teachers’ results. Shown are the results for middle school
ELA (see Table 1 on page 14 for results for other grades and subjects).
As indicated, Model 2 (50 percent state test results) and Model 3 (33 percent state tests) achieve
much of the same predictive power as Model 1 (the “best predictor” of state test results) in
anticipating teachers’ future state test results (Model 1). Model 4 (50 percent observation) is
considerably less predictive. However, the ﬁgures also illustrate two other trade-offs. Models
2 and 3 also are somewhat better than Model 1 at predicting gains on the tests of higher-order
thinking skills (for all but elementary school math). Across most grades and subjects, Model 1 was
the least reliable.

predicting teachers’ student achieve-

2; to 0.53 with Model 3; and to 0.43 with

test outcomes. The middle set of bars

ment gains on state tests. By deﬁnition,

Model 4. Other grades and subjects

in Figure 4 compares the four models

the best composite in this regard is

showed similar patterns, as indicated in

(see Figure 3)—each using state test

Model 1, the model weighted for maxi-

the table on page 14.

results to measure achievement

mizing accuracy on state test results.
Models 2–4 show the effect of reducing
weights on student achievement gains
on state tests for middle school ELA. As
shown from middle school ELA, reducing weights on student achievement
gains decreases the power to predict
future student achievement gains on
state tests from 0.69 to 0.63 with Model

12

gains—on how well they would predict
While it is true that the state tests
are limited and that schools should
value other outcomes, observations
and student surveys may not be more
correlated with those other outcomes
than the state tests. As a result, we
set out to test the strength of each
model’s correlation with another set of

Ensuring Fair and Reliable Measures of Effective Teaching

teachers’ student achievement gains
on supplemental tests that were
administered in MET project teachers’
classrooms: The SAT 9 Open-Ended
Reading Assessment (SAT 9 OE)
and the Balanced Assessment in
Mathematics (BAM).

While covering less material than

supplemental tests than the ones

supplemental assessments, with little

state tests, the SAT 9 OE and BAM

on the state assessments. Shown

difference between the two models.

assessments include more cogni-

in Figure 4 is the effect of reduc-

The one exception was elementary

tively challenging items that require

ing the weight on state test gains

school math, where Model 1 (best pre-

writing, analysis, and application

in predicting gains on these other

dictor) was best.

of concepts, and they are meant to

assessments, again for middle school

assess higher-order thinking skills.

ELA. For most grades and subjects,

Sample items released by the assess-

Model 2 and Model 3 (50 percent state

ment consortia for the new Common

test and equal weights for all three

Core State Standards assessments

measures) best predicted teachers’

are more similar to the items on these

student achievement gains on these

The third set of bars in Figure 4
compares composites on their reliability—that is, the extent to which the
composite would produce consistent
results for the same teachers from
year to year (on a scale from 0–1.0, with

Increasing Accuracy, Reducing Mistakes
When high-stakes decisions must be made, can these
measures support them? Undoubtedly, that question will
be repeated in school board meetings and in faculty break
rooms around the country in the coming years.
The answer is yes, not because the measures are perfect
(they are not), but because the combined measure is better
on virtually every dimension than the measures in use now.
There is no way to avoid the stakes attached to every hiring, retention, and pay decision. And deciding not to make a
change is, after all, a decision. No measure is perfect, but
better information should support better decisions.
In our report Gathering Feedback for Teaching, we compared
the equally weighted measure (Model 3 in Figures 3 and 4)
to two indicators that are almost universally used for pay or
retention decisions today: teaching experience and possession of a master’s degree. On every student outcome—the
state tests, supplemental tests, student’s self-reported
level of effort and enjoyment in class—the teachers who
excelled on the composite measure had better outcomes
than those with high levels of teaching experience or a master’s degree.
In addition, many districts currently require classroom
observations, but they do not include student surveys or
achievement gains. We tested whether observations alone
are enough. Even with four full classroom observations (two
by one observer and two by another), conducted by observers trained and certiﬁed by the Educational Testing Service,
the observation-only model performed far worse than any of

our multiple measures composites. (The correlations comparable to those in Figure 5 would have been .14 and .25 with
the state tests and test of higher-order skills.)
Still, it is fair to ask, what might be done to reduce error?
Many steps have been discussed in this and other reports
from the project:
Q First, if any type of student data is to be used—either
from tests or from student surveys—school systems
should give teachers a chance to correct errors in their
student rosters.
Q Second, classroom observers should not only be trained
on the instrument. They should ﬁrst demonstrate their
accuracy by scoring videos or observing a class with a
master observer.
Q Third, observations should be done by more than one
observer. A principal’s observation is not enough. To
ensure reliability, it is important to involve at least one
other observer, either from inside or outside the school.
Q Fourth, if multiple years of data on student achievement
gains, observations, and student surveys are available,
they should be used. For novice teachers and for systems
implementing teacher evaluations for the ﬁrst time, there
may be only a single year available. We have demonstrated that a single year contains information worth
acting on. But the information would be even better if it
included multiple years. When multiple years of data are
available they should be averaged (although some systems may choose to weight recent years more heavily).

Culminating Findings from the MET Project’s Three-Year Study
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1.0 representing perfect consistency

Model 4 (50 percent observations) is

generally show the greatest accuracy.

and no volatility). Again, results shown

slightly less stable than achievement

However, reducing the weights on the

are for middle school ELA. Across all

gains alone for middle school math.

state test achievement gain measures to

grades and subjects, the most reliable

50 percent or 33 percent generates two

composites were either Models 2 (50

positive trade-offs: it increases stability

General Implications

percent state test) or 3 (equal weights).

(lessens volatility from year to year) and

For all but middle school math, the least

The intent of this analysis was not to

it also increases somewhat the correla-

reliable composite was Model 1 (best

recommend an ideal set of weights to

tion with tests other than the state tests.

predictor). Model 4 (50 percent observa-

use in every circumstance. Rather, our

tions) was somewhat less reliable than

goal was to describe the trade-offs

However, it is possible to go too far.

Model 2 (equal weights) for all grades

among different approaches.8

Lowering the weight on state test
achievement gains below 33 percent,

and subjects. Although not shown, student achievement gains on state tests
by themselves are less stable than all
of the composites, with one exception:

If the goal is to predict gains on state

and raising the weight on observations

tests, then the composites that put 65+

to 50 percent and including student

percent of the weight on the student

surveys at 25 percent, is counter-

achievement gains on those tests will

productive. It not only lowers the

Table 1
CALCULATED WEIGHTS FOR MAXIMUM ACCURACY IN PREDICTING GAINS ON STATE TESTS
English Language Arts

Math

State Tests

Observations

Student Surveys

State Tests

Observations

Student Surveys

Elementary

65%

9%

25%

85%

5%

11%

Middle

81%

2%

17%

91%

4%

5%

RELIABILITY AND ACCURACY OF DIFFERENT WEIGHTING SCHEMES

Middle

Elementary

English Language Arts
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Math

Weighted
for Max
State Test
Accuracy

50% State
Test

Equal
Weights

50%
Observations

Weighted
for Max
State Test
Accuracy

50% State
Test

Equal
Weights

50%
Observations

Reliability

0.42

0.46

0.50

0.49

0.52

0.57

0.57

0.55

Correlation
with state
test

0.61

0.59

0.53

0.45

0.72

0.65

0.54

0.46

Correlation
with higherorder test

0.35

0.37

0.37

0.35

0.31

0.29

0.25

0.20

Reliability

0.51

0.66

0.76

0.75

0.86

0.88

0.88

0.83

Correlation
with state
test

0.69

0.63

0.53

0.43

0.92

0.84

0.73

0.65

Correlation
with higherorder test

0.29

0.34

0.33

0.32

0.38

0.44

0.45

0.45
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correlation with state achievement

in formal evaluation, then it should be

The CKT tests studied by the MET

gains; it can also lower reliability and

shown that teachers who perform better

project did not pass our test for validity.

the correlation with other types of

on that measure are generally more

MET project teachers who performed

testing outcomes.

effective in improving student outcomes.

better on the CKT tests were not

This test for “validity” has been central

substantively more effective in

to the MET project’s analyses. Measures

improving student achievement on

that have passed this test include high-

the outcomes we measured. This was

quality classroom observations, well-

true whether student achievement

designed student-perception surveys,

was measured using state tests or the

and teachers’ prior records of student

supplemental assessments of higher-

achievement gains on state tests.

order thinking skills. For this reason,

Ultimately, states, local education
authorities, and other stakeholders need to decide how to weight the
measures in a composite. Our data
suggest that assigning 50 percent or
33 percent of the weight to state test
results maintains considerable pre-

the MET project did not include CKT

dictive power, increases reliability,

Over the past year, MET project

and potentially avoids the unintended

researchers have investigated another

negative consequences from assigning

type of measure, called the Content

too-heavy weights to a single measure.

Knowledge for Teaching (CKT) tests.

These results, however, speak to the

Removing too much weight from state

These are meant to assess teach-

validity of the current measure still

tests, however, may not be a good idea,

ers’ understanding of how students

early in its development in predicting

given the lower predictive power and

acquire and understand subject-

achievement gains on particular stu-

reliability of Model 4 (25 percent state

speciﬁc skills and concepts in math

dent assessments—not to the impor-

tests). In short, there is a range of

and ELA. Developed by the Educational

tance of content-speciﬁc pedagogical

reasonable weights for a composite of

Testing Service and researchers at the

knowledge. CKT as a concept remains

multiple measures.

University of Michigan, these tests are

promising. The teachers with higher

among the newest measures of teaching

CKT scores did seem to have somewhat

included in the MET project’s analyses.

higher scores on two subject-based

Mostly multiple choice, the questions

classroom observation instruments:

Validity and Content
Knowledge for Teaching

results within its composite measure of
effective teaching.

ask how to best represent ideas to

the Mathematical Quality of Instruction

Teachers shouldn
shouldn’tt be asked to expend

students, assess student understand-

(MQI) and the Protocol for Language

effort to improve something that doesn’t

ing, and determine sources of students’

Arts Teacher
Teach Observations (PLATO).

confusion.

Moreover, the MET project’s last report

help them achieve better outcomes
for their students. If a measure
is to be included
s

suggested that some content-speciﬁc
observation
observatio instruments were better
than cross-subject
ones in identifying
cross
teachers w
who were more effective in
improving student achievement in ELA
and math. Researchers will continue to
develop measures
for assessing teachm
ers’ conte
content-speciﬁc teaching knowledge and validating
them as states
v
create new assessments aligned to the
Common Core State Standards. When
they have been shown to be substantively related
to a teacher’s students’
rela
achievement
gains, these should be
achievem
considered
for inclusion as part of
conside
a com
composite measure of effective
teaching.
teach
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How Can Teachers
Be Assured
Trustworthy Results from
Classroom Observations?

9

Classroom observations can be powerful tools for professional growth. But
for observations to be of value, they must reliably reﬂect what teachers do
throughout the year, as opposed to the subjective impressions of a particular
observer or some unusual aspect of a particular lesson. Teachers need to know
they are being observed by the right people, with the right skills, and a sufﬁcient
number of times to produce trustworthy results. Given this, the challenge for
school systems is to make the best use of resources to provide teachers with
high-quality feedback to improve their practice.

“For the same total
number of observations,
incorporating additional
observers increases
reliability.”

The MET project’s report Gathering

■

Can additional observations by exter-

Feedback for Teaching showed the

nal observers not familiar with a

importance of averaging together

teacher increase reliability?

multiple observations from multiple
observers to boost reliability. Reliability

■

the entire lesson or can partial les-

represents the extent to which results

sons be used to increase reliability?

reﬂect consistent aspects of a teacher’s

And,

practice, as opposed to other factors such as observer judgment. We

Must all observations involve viewing

■

What is the incremental beneﬁt of

also stressed that observers must be

adding additional lessons and addi-

well-trained and assessed for accuracy

tional observers?

before they score teachers’ lessons.
These questions came from our
But there were many practical ques-

partners, teachers, and administra-

tions the MET project couldn’t answer in

tors in urban school districts. In

its previous study. Among them:

response, with the help of a partner

■

Can school administrators reliably
assess the practice of teachers in
their schools?
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district, the Hillsborough County (Fla.)
Public Schools, the MET project added
a study of classroom observation

Hillsborough County’s Classroom Observation Instrument
Like many school districts, Hillsborough County uses an
evaluation instrument adapted from the Framework for
Teaching, developed by Charlotte Danielson. The framework
deﬁnes four levels of performance for speciﬁc competencies in four domains of practice. Two of those domains

pertain to activities outside the classroom: Planning and
Preparation, and Professional Responsibility. Observers
rated teachers on the 10 competencies in the framework’s
two classroom-focused domains, as shown:

Domain 2: The Classroom Environment

Domain 3: Instruction

 Creating an Environment of Respect and Rapport

 Communicating with Students

 Establishing a Culture of Learning

 Using Discussion and Questioning Techniques

 Managing Classroom Procedures

 Engaging Students in Learning

 Managing Student Behavior

 Using Assessment in Instruction

 Organizing Physical Space

 Demonstrating Flexibility and Responsiveness

reliability. This study engaged district

principals—and 76 were peer observers.

These observers each rated 24 lessons

administrators and teacher experts

The latter are district-based posi-

for us and produced more than 3,000

to observe video-recorded lessons of

tions ﬁlled by teachers on leave from

ratings that we could use to investigate

67 Hillsborough County teachers who

the classroom who are responsible

our questions. MET project research-

agreed to participate.

for observing and providing feed-

ers were able to calculate reliability

back to teachers in multiple schools.

for many combinations of observers

In Hillsborough County’s evaluation

(administrator and peer), lessons (from

Comparison of Ratings

system, teachers are observed multiple

1 to 4), and observation duration (full

Two types of observers took part in

times, formally and informally, by their

lesson or 15 minutes). We were able to

the study: Fifty-three were

administrators and by peer observ-

compare differences in the ratings given

school-based administrators—either
principals or
assistant

e Administrators and peers are
ers.

to teachers’ lessons by their own

trained and certiﬁed in the district’s

and unknown administrators

observation
instrument, which is
o

and between administrators

based on Charlotte Danielson’s

and
a peers.

Framework for Teaching.

Culminating Findings from the MET Project’s Three-Year Study
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Effects on Reliability

from observer to observer, then averag-

second lesson, reliability increases from

ing teachers’ ratings across multiple

.51 to .58, but when the second lesson

Figure 5 graphically represents many

lessons or observers decreases the

is observed by a different administra-

of the key ﬁndings from our analyses

amount of “error” due to such factors,

tor from the same school, reliability

of those ratings. Shown are the esti-

and it increases reliability.

increases more than twice as much,

mated reliabilities for results from a

from .51 to .67. Whenever a given number

given set of classroom observations.

Adding lessons and observers increases

Reliability is expressed on a scale from

the reliability of classroom observa-

0 to 1. A higher number indicates that

tions. In our estimates, if a teacher’s

results are more attributable to the

results are based on two lessons, having

particular teacher as opposed to other

the second lesson scored by a second

factors such as the particular observer

observer can boost reliability signiﬁ-

or lesson. When results for the same

cantly. This is shown in Figure 5: When

teachers vary from lesson to lesson or

the same administrator observes a

of lessons was split between multiple
observers, the reliability was greater
than that achieved by a single observer.
In other words, for the same total
number of observations, incorporating
additional observers increases reliability.
Of course, it would be a problem if
school administrators and peer observers produced vastly different results for
the same teachers. But we didn’t ﬁnd

Figure 5

that to be the case. Although adminis-

There Are Many Roads to Reliability

trators gave higher scores to their own
teachers, their rankings of their own

Reliability
.67

.67

.66

.58

.69

.72

A

.51

by peer observers and administrators
from other schools. This implies that
administrators are seeing the same

B
A
B

Lesson observed by own administrator = 45 min
Lesson observed by peer observer = 45 min
Three 15-minute lessons observed by three additional peer observers = 45 min
A and B denote different observers of the same type

These bars show how the number of observations and observers affects
reliability. Reliability represents the extent to which the variation in results
reﬂects consistent aspects of a teacher’s practice, as opposed to other
factors such as differing observer judgments. Different colors represent
different categories of observers. The “A” and “B” in column three show
that ratings were averaged from two different own-school observers.
Each circle represents approximately 45 minutes of observation time (a
solid circle indicates one observation of that duration, while a circle split
into three indicates three 15-minute observations by three observers).
As shown, reliabilities of .66–.72 can be achieved in multiple ways, with
different combinations of number of observers and observations. (For
example, one observation by a teacher’s administrator when combined with
three short, 15-minute observations each by a different observer would
produce a reliability of .67.)
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things in the videos that others do, and
they are not being swayed by personal
biases.
If additional observations by additional
observers are important, how can the

“Although administrators gave higher scores to
their own teachers, their rankings of their own
teachers were similar to those produced by external
observers and administrators from other schools.”

time for those added observations
be divided up to maximize the use

one way to increase reliability is to

Together, these results provide a range

of limited resources while assuring

expose a given teacher’s practice to

of scenarios for achieving reliable

trustworthy results? This is an increas-

multiple perspectives. Having three

classroom observations. There is a

ingly relevant question as more school

different observers each observe for

point where both additional observers

systems make use of video in providing

15 minutes may be a more economical

and additional observations do little to

teachers with feedback on their prac-

way to improve reliability than having

reduce error. Reliability above 0.65 can

tice. Assuming multiple videos for a

one additional observer sit in for 45

be achieved with several conﬁgurations

teacher exist, an observer could use the

minutes. Our results also suggest that

(see Figure 5).

same amount of time to watch one full

it is important to have at least one or

lesson or two or three partial lessons.

two full-length observations, given that

But to consider the latter, one would

some aspects of teaching scored on the

want to know whether partial-lesson

Framework for Teaching (Danielson’s

Ultimately, districts must decide how to

observations increase reliability.

instrument) were frequently not

allocate time and resources to class-

observed during the ﬁrst 15 minutes

room observations. The answers to the

of class.

questions of how many lessons, of what

Our analysis from Hillsborough County

Implications for Districts

showed observations based on the

duration, and conducted by whom are

ﬁrst 15 minutes of lessons were about

informed by reliability considerations,

60 percent as reliable as full lesson

as well as other relevant factors, such

observations, while requiring one-third

as novice teacher status, prior effec-

as much observer time. Therefore,

tiveness ratings, and a district’s overall
professional development strategy.
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What We
Know Now
In three years we have learned a lot about how multiple measures can identify
effective teaching and the contribution that teachers can make to student
learning. The goal is for such measures to inform state and district efforts to
support improvements in teaching to beneﬁt all students. Many of these lessons
have already been put into practice as school systems eagerly seek out evidencebased guidance. Only a few years ago the norm for teacher evaluation was to
assign “satisfactory” ratings to nearly all teachers evaluated while providing
virtually no useful information to improve practice.10 Among the signiﬁcant lessons
learned through the MET project and the work of its partners:
■

Student perception surveys and

to account for differences among

classroom observations can

students) can help identify groups

provide meaningful feedback to

of teachers who, by virtue of their

teachers. They also can help system

instruction, are helping students

leaders prioritize their investments

learn more.

in professional development to target
the biggest gaps between teachers’

■

A balanced approach is most sensible when assigning weights to form

actual practice and the expectations

a composite measure. Compared

for effective teaching.

with schemes that heavily weight
■

■

Implementing speciﬁc procedures

one measure, those that assign 33

in evaluation systems can increase

percent to 50 percent of the weight

trust in the data and the results.

to student achievement gains

These include rigorous training and

achieve more consistency, avoid the

certiﬁcation of observers; observa-

risk of encouraging too narrow a

tion of multiple lessons by different

focus on any one aspect of teaching,

observers; and in the case of student

and can support a broader range of

surveys, the assurance of student

learning objectives than measured

conﬁdentiality.

by a single test.

Each measure adds something

■

There is great potential in using

of value. Classroom observations

video for teacher feedback and for

provide rich feedback on practice.

the training and assessment of

Student perception surveys provide

observers. The advances made in

a reliable indicator of the learning

this technology have been signiﬁcant,

environment and give voice to the

resulting in lower costs, greater ease

intended beneﬁciaries of instruction.

of use, and better quality.

Student learning gains (adjusted
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The Work Ahead
As we move forward, MET project

This will allow countless educators to

student surveys and observations, and

analyze instruction and see examples of

other practical concerns. Finally, com-

great teaching in action.

mercially available video-based tools for

teachers are supporting the transition

observer training and certiﬁcation now

from research to practice. More than

Furthermore, the unprecedented data

300 teachers are helping the project

collected by the MET project over

build a video library of practice for use

the past three years are being made

in professional development. They will

available to the larger research com-

Many of the future lessons regarding

record more than 50 lessons each by

munity to carry out additional analyses,

teacher feedback and evaluation systems

the end of this school year and make

which will increase knowledge of what

must necessarily come from the ﬁeld, as

these lessons available to states, school

constitutes effective teaching and how

states and districts innovate, assess the

districts, and other organizations com-

to support it. MET project partners

results, and make needed adjustments.

mitted to improving effective teaching.

already are tapping those data for new

This will be a signiﬁcant undertaking,

studies on observer training, combining

as systems work to better support great

exist using the lessons learned from the
MET project’s studies.

teaching. Thanks to the hard work of

“Many of the future lessons regarding teacher
feedback and evaluation systems must necessarily
come from the ﬁeld, as states and districts
innovate, assess the results, and make needed
adjustments. This will be a signiﬁcant undertaking,
as systems work to better support great teaching.”

MET project partners, we have a solid
foundation on which to build.
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Teachers
For some time, we have recognized that the academic

have a clear idea of what it takes to improve achievement. The
achievement of schoolchildren in this country threatens, to
quality of the teachers in our schools is paramount: no other
borrow President Barack Obama’s words, “the U.S.’s role as
measured aspect of schools is nearly as important in deteran engine of scientific discovery” and ultimately its success in
mining student achievement. The initiatives we have emphathe global economy. The low achievement of American stusized in policy discussions—class-size reduction, curriculum
dents, as reflected in the Program for International Student
revamping, reorganization of school schedule, investment in
Assessment (PISA) (see “Teaching Math to the Talented,” featechnology—all fall far short of the impact that good teachers
tures, Winter 2011), will prevent them from accessing good,
can have in the classroom. Moreover, many of these interhigh-paying jobs. And, as demonstrated in another
ventions can be very costly.
article in Education Next (see “Education and
Indeed, the magnitude of variation in the
Economic Growth,” research, Spring 2008),
quality of teachers, even within each school,
lower achievement means slower growth
is startling. Teachers who work in a given
in the economy. From studying the hisschool, and therefore teach students with
torical relationship, we can estimate that
similar demographic characteristics, can
closing just half of the performance gap
be responsible for increases in math and
with Finland, one of the top international
reading levels that range from a low of oneperformers in terms of student achievehalf year to a high of one and a half years
ment, could add more than $50 trillion
of learning each academic year.
to our gross domestic product between
But while most parents are able to disBy
2010 and 2090. By way of comparison, the
tinguish a good teacher from a bad one,
ERIC A. HANUSHEK
drop in economic output over the course of
few have any idea what difference it makes
the last recession is believed to be less than $3
in the lives of their children. And researchers do
trillion. Thus the achievement gap between the U.S.
not help, tending to talk in terms of standard deviaand the world’s top-performing countries can be said to be
tions of achievement and effect sizes, phrases that simply
causing the equivalent of a permanent recession.
have no meaning outside of the rarefied world of research.
According to the president in this year’s State of the Union
Here, I translate the researchers’ shorthand into concepts
address, this is “our generation’s Sputnik moment,” the time
that might be more readily understood: the impact of teachwhen we realize the urgent need to step up the performance
ers on the earnings of individuals and on the future of the
of our education system. Only today, unlike in the 1950s, we
economy as a whole.

How much
is a
good teacher
worth?
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Measuring Teachers’ Impact

researchers have worked hard to isolate the impact of teachers from these other influences. Rigorous studies consistently
show that the impact of a more-effective teacher is substantial
A high-performing teacher, one at the 84th percentile of all
teachers, when compared with just an average teacher, produces students whose level of achievement is at least 0.2 standard deviations higher by the end of the school year. In fact,
the impact of having such a teacher could plausibly be as large
as 0.3 standard deviations.
Those impacts attenuate somewhat over time, however. The
literature, though less than definitive, suggests that perhaps 70
percent of the gains achieved that year are retained in the long
run by the student. The persistence of achievement gains is
important, because the more sustained that these increases are,
the greater the positive impact teachers will have on the lifetime skills and therefore the earnings of students. Put together,
this evidence suggests that a teacher in the top 16 percent of
effectiveness will have a positive impact (as compared to an
average teacher) on longer-term student achievement that is
70 percent of the immediate gain, which as noted is at least
0.2 standard deviations. That lower bound of the estimated
effect is what we will use as we calculate the economic worth
of a teacher by combining a teacher’s impact on achievement
with the associated labor market returns.
Let’s start with some conservative estimates of the impact
on an individual student. Take a good but not great teacher,
one at the 69th percentile of all teachers rather than at the 50th
percentile (that is, a teacher who is half a standard deviation
above the average). She produces an increase
of $10,600 on each student’s lifetime earnings.
Even a modestly better than average teacher
A good, but not great,
(60th percentile) raises individual earnings by
$5,300, compared to what would otherwise
teacher increases each
be expected.
While those numbers are not trivial, they
student’s lifetime earnings
burgeon dramatically once we recognize that
every student in the class can expect such
by $10,600. Given a
increases in earnings. Consider, for example,
a teacher with a class of 20 students. Under
class of 20 students, she will raise their
such circumstances, the teacher at the 60th
aggregate earnings by $212,000.
percentile will—each year—raise students’
aggregate earnings by a total of $106,000. The
Does 10 to 15 percent amount to much? For the average
impact of one at the 69th percentile (as compared to the averAmerican entering the labor force, the value of lifetime earnage) is $212,000, and one at the 84th percentile will shift earnings for full-time work is currently $1.16 million. Thus, an
ings up by more than $400,000.
increase in the level of achievement in high school of a standard
But there is also symmetry to these calculations. A very
deviation yields an average increase of between $110,000 and
low performing teacher (at the 16th percentile of effective$230,000 in lifetime earnings.
ness) will have a negative impact of $400,000 compared to an
How do increases in teacher effectiveness relate to this?
average teacher.
Obviously, teacher quality is not the only factor that affects
Moreover, the economic value of an effective teacher grows
student achievement. The student’s own motivations and
with larger classes, as do the economic losses of an ineffective
support from family and peers play crucial roles as well. But
teacher. Figure 1 illustrates the aggregate impact on students’
Many of us have had at some point in our lives a wonderful
teacher, one whose value, in retrospect, seems inestimable.
We do not pretend here to know how to calculate the lifetransforming effects that such teachers can have with particular
students. But we can calculate more prosaic economic values
related to effective teaching, by drawing on a research literature that provides surprisingly precise estimates of the impact
of student achievement levels on their lifetime earnings and
by combining this with estimated impacts of more-effective
teachers on student achievement.
Let’s start with the researcher’s point of view. With a normal
distribution of performance (the classic bell curve), a standard
deviation is simply a more precise measure of how spread out
the distribution is. Somebody who is one standard deviation
above average would be at the 84th percentile of the distribution. If we then turn to the labor market, a student with achievement (as measured by test performance in high school) that is
one standard deviation above average can later in life expect to
take in 10 to 15 percent higher earnings per year.
That estimate may be deemed conservative for two reasons. First, it does not account for increases in years of education that may result from having a higher level of performance
early on. Also, the estimate is based on information from
people’s wages and salaries early in their careers, before they
have reached their full earnings potential. Other calculations
that take into account earnings throughout entire careers
estimate 20 percent increases over the course of a lifetime.
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lifetime earnings for higher- and lower-performing teachers. As we will discuss below, these results
are all very large compared with, for instance, the
$52,000 annual salary U.S. teachers were paid on
average in 2008.

Effective Teachers Raise Students’ Earnings
(Figure 1)

The economic value of an effective teacher grows with larger classes,
and the economic costs of having an ineffective teacher are substantial.
Annual Impact of Teacher Quality on the
Lifetime Incomes of a Class of Students*

An Alternate Thought Experiment

Impact on student lifetime earnings

We can also approach this valuation calculation from
the perspective of the impact of teacher effectiveness
$1,000,000
on the U.S. economy as a whole, rather than just
on the future earnings of students. As noted above,
student achievement, which provides a direct measure of later quality of the labor force, is strongly
500,000
related to economic growth. Improving achievement
leads to a better prepared workforce and to greater
growth, and this growth translates into higher levels
of national income.
Average Teacher
0
Starting again with the estimates of the difference
in effectiveness of teachers, it is possible to calculate
the long-term economic impact of policies that would
focus attention on the lowest-quality teachers from
-500,000
U.S. classrooms. Let us propose the following thought
experiment: What would happen if the very lowest
performing teachers could be replaced by just average teachers? Based on the estimates of variation in
-1,000,000
teacher quality identified above, Figure 2 shows the
5
10
15
20
25
30
overall achievement impact through a cycle of K–12
Class size
instruction. Assuming the upper-bound estimate of
90th percentile teacher
40th percentile teacher
teachers’ impact, U.S. achievement could reach that
75th percentile teacher
25th percentile teacher
in Canada and Finland if we replaced with average
60th percentile teacher
10th percentile teacher
teachers the least effective 5 to 7 percent of teachers,
*Compared to an average teacher
respectively. Assuming the lower-bound estimate of
SOURCE: Authors’ calculations
teachers’ impact, U.S. achievement could reach that
in Canada and Finland if we replaced with average
teachers the least effective 8 to 12 percent of teachers, respectively.
make the very large effects disappear, you have to make either
Here the estimated value almost loses any meaning. Closthe very strong assumption that student learning has little
ing the achievement gap with Finland would, according to
effect on the U.S. economy or the equally strong assumption
historical experience, have astounding benefits, increasing
that teachers have little impact on students.
the annual growth rate of the United States by 1 percent
of GDP. Accumulated over the lifetime of somebody born
What Would It Take?
today, this improvement in achievement would amount to
The majority of our teachers are hardworking and effective.
nothing less than an increase in total U.S. economic output
The previous estimates point clearly to the key imperative of
of $112 trillion in present value. (That was not a typo—$112
eliminating the drag of the bottom teachers. Here we can offer
trillion, not billion.)
several alternatives.
Admittedly, these estimates are subject to some uncertainty.
One approach might be better recruitment so that inefSo if you think those that are given here are too high, even
fective or poor teachers do not make it into our schools.
though they are based on the best of contemporary research,
Or, relatedly, we could improve the training in schools
then just cut them in half. You will still have effects on growth
of education so that the average teaching recruit is better
of one-half of 1 percent per year, which produces impacts of
than the typical recruit of today. Unfortunately, we have
$56 trillion over the lifetime of today’s child. In other words, to
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relatively few successful experiences with either approach
as compared to considerable wishful thinking, particularly
among school personnel.
An alternative might be to change a poor teacher into an
average teacher. This approach is in fact today’s dominant
strategy. Schools hope that through mentoring of incoming
teachers, professional development, or completion of further

Performance gain (standard deviations)

The final option is a clearer evaluation and retention strategy for teachers. Today, obtaining an entry job into teaching
is virtually tantamount to an indefinite contract that stays in
force regardless of actual effectiveness in the classroom. Yet the
calculations above show the enormous value to individuals and
society of “deselecting” the least effective teachers.
Is such a policy change feasible? If we contemplate asking 5 to 10 percent of teachers to find a job at
which they are more effective so they can be
replaced by teachers of average productivity,
Measuring Up (Figure 2)
states and school districts would have to change
their
employment practices. They would need
The U.S. could reach the achievement levels attained by such countries
recruitment,
pay, and retention policies that
as Canada and Finland by replacing the lowest-performing teachers with
allow
for
the
identification and compensation
average teachers.
of teachers on the basis of their effectiveness
with students. At a minimum, the current dys1.00
functional teacher-evaluation systems would
need to be overhauled so that effectiveness in
the classroom is clearly identified. This is not an
impossible task. The teachers who are excellent
0.75
would have to be paid much more, both to compensate for the new riskiness of the profession
and to increase the chances of retaining these
Finland
individuals in teaching. Those who are ineffec0.50
tive would have to be identified and replaced.
Canada
Both steps would be politically challenging in a
heavily unionized environment such as the one
in place today.
0.25

Salary Politics

The above discussion also highlights the difficulties in recruiting high-quality teachers, due
in part to the difficulties of paying them well.
1
2
3
4
5
6
7
8
9
10
12
14
Collective bargaining mechanisms do not proPercent replaced
vide incentives for the best people to enter or
Upper-bound estimate of teachers’ impact
remain in the profession and likely hold the averLower-bound estimate of teachers’ impact
age pay down: given the uniform salary structure,
increases in salary are bound to be unrelated to
Note: As derived from studies of teacher effectiveness, the lower bound assumes that a
teacher at the 16th percentile of the distribution will obtain learning gains that are 0.2
increases in effectiveness, making large pay raises
standard deviations less than the average teacher obtains. The upper bound corresponds to
0.3 standard deviations less.
politically problematic. This is likely one of the
SOURCE: Authors’ calculations
main reasons that teacher salaries now lag those
in other professions. In the 1940s, the salaries of
male teachers were slightly above the average pay
for all male college graduates, and female teachgraduate schooling, ineffective teachers can be transformed
ers had higher salaries than 70 percent of other female college
into acceptable (average) teachers. Again, however, the existing
graduates. Today, despite the collective bargaining process,
evidence is not very reassuring. While such efforts undoubtedly
the salaries of male teachers are at the 30th percentile of the
help some teachers, there is no substantial evidence that cerdistribution of all college graduates, and women who teach are
tification, in-service training, master’s degrees, or mentoring
at the 40th percentile of their college-educated peers.
programs systematically make a difference in whether teachers
Teachers’ salaries today are based on credentials and
are in fact effective at driving student achievement.
years of experience, factors that are at best weakly related
0.00
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Unless we can replace the current system with
one that better links teacher recruitment,
compensation, and retention to effectiveness,
we should expect both our schools and our economy
to underperform relative to their potential.
to productivity. In a competitive marketplace, a firm must
compensate employees according to their productivity or risk
bankruptcy. Yet no school district goes out of business if it
retains ineffective teachers and pays them as much as effective ones. Salaries become political footballs, and it is often
awkward for politicians to explain why a large pay increase
goes equally to ineffective and effective teachers.
The challenge of implementing reform of the teaching profession remains considerable. Most of the benefits of implementing
the “thought experiment” explored here would be fully realized
only many decades later, while the costs of economic, and especially political, reform must be paid at the beginning. These costs
would be steep, as they would likely negatively affect some of the
most vocal constituents in education policy: current teachers.

The magnitude of the above valuations of teacher effectiveness, however, suggest that we should be willing to consider
more radical reforms than have been commonplace in recent
decades. Salaries several times higher than those paid teachers
today would be economically justified if teachers were compensated according to their effectiveness. But unless we can
replace the current system with one that better links teacher
recruitment, compensation, and retention to effectiveness, we
should expect both our schools and our economy to underperform relative to their potential. The cost to the nation at a
time of intensifying international competition is high indeed.
Eric A. Hanushek is a senior fellow at the Hoover Institution,
Stanford University.
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Econometrica, Vol. 73, No. 2 (March, 2005), 417–458

TEACHERS, SCHOOLS, AND ACADEMIC ACHIEVEMENT
BY STEVEN G. RIVKIN, ERIC A. HANUSHEK, AND JOHN F. KAIN1
This paper disentangles the impact of schools and teachers in inﬂuencing achievement with special attention given to the potential problems of omitted or mismeasured
variables and of student and school selection. Unique matched panel data from the
UTD Texas Schools Project permit the identiﬁcation of teacher quality based on student performance along with the impact of speciﬁc, measured components of teachers
and schools. Semiparametric lower bound estimates of the variance in teacher quality based entirely on within-school heterogeneity indicate that teachers have powerful effects on reading and mathematics achievement, though little of the variation in
teacher quality is explained by observable characteristics such as education or experience. The results suggest that the effects of a costly ten student reduction in class size
are smaller than the beneﬁt of moving one standard deviation up the teacher quality
distribution, highlighting the importance of teacher effectiveness in the determination
of school quality.
KEYWORDS: Student achievement, teacher quality, school selection, class size,
teacher experience.

1. INTRODUCTION
SINCE THE RELEASE of Equality of Educational Opportunity (the “Coleman Report”) in 1966, the educational policy debate in the United States and elsewhere has often been reduced to a series of simplistic arguments and assertions
about the role of schools in producing achievement.2 The character of this debate has itself been heavily inﬂuenced by confusing and conﬂicting research.
While this research has frequently suffered from inadequate data, imprecise
formulation of the underlying problems and issues has been as important in
obscuring the fundamental policy choices. This paper deﬁnes a series of basic
issues about the performance of schools that are relevant for current policy debates and considers how observed student performance can be used to address
1

While John Kain participated fully in this project, he sadly died before its publication. We
are grateful to Kraig Singleton, Jaison George, and Dan O’Brien for excellent research assistance, and we thank Eric French, Caroline Hoxby, Jessica Wolpaw Reyes, Finis Welch, Geoffrey
Woglom, and a co-editor, along with seminar participants at UC Berkeley, UC Davis, UC San
Diego, the National Bureau of Economic Research, the Public Policy Research Institute, Stanford University, University of Texas, and Texas A&M University for their many helpful comments.
The arguments and estimation were considerably strengthened by the comments of anonymous
referees. Hanushek and Rivkin thank the Donner Foundation, the Smith Richardson Foundation, and the Packard Humanities Institute for funding, and Kain thanks the Smith-Richardson
Foundation and the Spencer Foundation.
2
The original Coleman Report (Coleman et al. (1966)) was subjected to considerable criticism
both for methodology and interpretation; see, for example, Hanushek and Kain (1972). The ensuing controversy led to considerable new research, but this new work has not ended the controversy; see Hanushek (1996, 2003) and Greenwald, Hedges, and Laine (1996). Those discussions
represent the starting point for this research.
417

418

S. RIVKIN, E. HANUSHEK, AND J. KAIN

each. It then employs a unique panel data set of students in Texas to identify
the sources of differences in student achievement and the relevance of a broad
class of policies related to school resources.
Some very basic questions that have arisen from prior work command a central position in most policy discussions. First, partly resulting from common
misinterpretations of the Coleman Report, do schools “make a difference”
or not? While a surprising amount of controversy continues over this issue,
it comes down to a simple question of whether or not there are signiﬁcant
and systematic differences between schools and teachers in their abilities to
raise achievement. Second, how important are any differences in teacher quality in the determination of student outcomes? Finally, are any quality differences captured by observable characteristics of teachers and schools including
class size, teacher education, and teacher experience? If so, how large are the
effects? This third issue is in fact the genesis of the ﬁrst, because the Coleman Report reported relatively small effects of differences in the measured
attributes of schools on student achievement—a ﬁnding that has frequently
been interpreted as indicating that there are no systematic quality differences
among schools.
An extraordinarily rich data set providing longitudinal information on individual achievement of students in the State of Texas permits analyses that yield
quite precise answers to each of these questions. The data contain test scores
spanning grades 3 through 7 for three cohorts of students in the mid-1990s.
The multiple cohorts and grades coming from repeated observations on more
than one-half million students in over three thousand schools permit the clear
identiﬁcation and detection of even very small teacher and school effects.
A primary objective of the initial empirical analysis is to obtain estimates of
differences in teacher contributions to student learning that eliminate the major sources of possible contamination from student selection or teacher assignment practices. Because family choice of neighborhood and school depends
on preferences and resources, students are nonrandomly distributed across
schools (Tiebout (1956)). Schools also use student characteristics including assessments of ability and achievement to place students into speciﬁc programs
and classes. Such nonrandom selection may easily contaminate estimates of
school or teacher effects with the inﬂuences of unmeasured individual, family,
school, and neighborhood factors.
Repeated performance observations for individual students and multiple cohorts provide a means of controlling explicitly for student heterogeneity and
the nonrandom matching of students, teachers, and schools through the use of
ﬁxed effects models. The models control for ﬁxed student, school-by-grade,
and in some cases school-by-year effects and then relate remaining differences in achievement gains between grades and cohorts to differences in school
characteristics or teachers. This variation in academic performance cannot be
driven by unchanging student attributes such as ability or motivation or by unchanging school characteristics and policies that are either common across all

ACADEMIC ACHIEVEMENT
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grades at a point in time or unique to speciﬁc grades. Moreover, the empirical
models also account for potentially important time varying inﬂuences not captured by the student or school ﬁxed effects. Therefore we are able to identify
the impacts of schools and teachers uncontaminated by the many unobserved
family and other inﬂuences that have plagued past research.
The results reveal large differences among teachers in their impacts on
achievement and show that high quality instruction throughout primary school
could substantially offset disadvantages associated with low socioeconomic
background. These differences among teachers are not, however, readily measured by simple characteristics of the teachers and classrooms. Consistent with
prior ﬁndings, there is no evidence that a master’s degree raises teacher effectiveness. In addition, experience is not signiﬁcantly related to achievement
following the initial years in the profession. These ﬁndings explain much of the
contradiction between the perceived role of teachers as the key determinant
of school quality and the body of research showing that observed teacher characteristics including experience and education explain little of the variation in
student achievement.
Students also appear to beneﬁt from smaller classes, particularly in grades
4 and 5. In comparison to the gains from higher teacher quality, however, the
estimates indicate that even a very costly ten student reduction in class size
such as that undertaken in some U.S. states produces smaller beneﬁts than a
one standard deviation improvement in teacher quality.
The next section provides an overview of patterns of achievement gains that
suggests the presence of substantial within school variation in teacher quality.
Section 3 describes the empirical approach used to generate a lower bound
estimate of the within school variation in teacher quality. Section 4 provides a
detailed description of the Texas data on students and teachers. Section 5 reports estimates of the variance in teacher quality based on the method developed in Section 3, and Section 6 presents an extension of traditional analyses
of the effects of measured resources: class size, teacher education, and teacher
experience on achievement. The ﬁnal section considers the policy implications
of the ﬁndings, particularly the importance of measured resources relative to
the overall contribution of teachers.
2. SCHOOLS AND TEACHERS
Students and parents refer often to differences in teacher quality and act to
ensure placement in classes with speciﬁc teachers. Such emphasis on teachers
is largely at odds with empirical research into teacher quality. There has been
no consensus on the importance of speciﬁc teacher factors, leading to the common conclusion that the existing empirical evidence does not ﬁnd a strong role
for teachers in the determination of academic achievement and future academic and labor market success. It may be that parents and students overstate
the importance of teachers, but an alternative explanation is that measurable
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characteristics such as teacher experience, education, and even test scores of
teachers explain little of the true variation in quality.
To motivate the concentration on teacher quality, we begin with aggregate
statistics on the variation in student achievement. Table I displays correlations of school average annual mathematics and reading achievement gains
in grades 5, 6, and 7 between two cohorts of students for all public elementary schools in Texas.3 The diagonal elements report correlations for the same
grade in adjacent years, while the off-diagonal elements report correlations for
adjacent grades in the same year.
The striking difference in magnitudes of the diagonal and off-diagonal elements suggests the existence of substantial within-school heterogeneity in
school quality. Remarkably, the correlation of between-cohort average gains in
different grades in the same year (the off-diagonal terms) is quite small despite
the homogeneity of family backgrounds and peers within most schools and despite the common school organization, leadership, and resources for the two
cohorts. Indeed for comparisons of 6th and 7th grade reading performance,
the correlation is −001. In contrast, the correlations of between-cohort average gains in the same grade in adjacent years (the diagonal terms) are much
larger. A number of factors may explain this pattern, but perhaps the most obvious explanation is that there will be many common teachers for two cohorts
when observed in the same grade, while virtually all of the teachers will be different when comparing cohort performance across grades at a single point in
time.
Table II reports the R2 values from a series of achievement gain regressions
for reading and mathematics performance run over the sample of schools and
grades in which there is only a single teacher per subject. (As we discuss beTABLE I
PEARSON CORRELATION COEFFICIENTS OF SCHOOL AVERAGE TEST SCORE GAINS
IN MATHEMATICS AND READING ACROSS GRADES AND YEARS

Grade of
Cohort I

5
6
7

Mathematics
Grade of Cohort II
5

6

Reading
Grade of Cohort II
7

5

∗∗

0.32
0.13∗∗

6

7

0.43∗∗
−0.01

0.44∗∗

∗∗

0.52∗∗
0.05

∗∗

0.46

0.19
0.13∗∗

Notes: Cohort I attended 4th grade in 1994; Cohort II attended 4th grade in 1995. Thus, for example, Cohort I is
attending the 6th grade during the same academic year that Cohort II is attending the 5th grade. All calculations are
weighted by the average enrollment of the pairs.
∗ signiﬁcant at 10% level; ∗∗ signiﬁcant at 1% level.

3
These data, subsequently used in the detailed empirical analyses, are described in detail in
Section 3. All correlations relate just to students in schools that have both of the relevant grades.
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TABLE II

COMPARISON OF THE EXPLANATORY POWER OF TEACHER EXPERIENCE, EDUCATION, AND
CLASS SIZE WITH TEACHER FIXED EFFECTS IN EXPLAINING ACHIEVEMENT GAINS
Mathematics

Included explanatory variables
Student covariates
yes
Teacher characteristics
no
Teacher ﬁxed effects
no
School ﬁxed effects
no
R squared
Observations

yes
yes
no
no

yes
no
yes
no

Reading

yes
no
no
yes

0.0151 0.0182 0.1640 0.0949
89,414

yes
no
no
no

yes
yes
no
no

yes
no
yes
no

yes
no
no
yes

0.0085 0.0093 0.0903 0.0507
81,897

Notes: Dependent variables are mathematics and reading test score gains; sample includes only grades in a school
with a single teacher for that subject.

low, these are the only schools in which students can be matched to their actual teachers.) The ﬁrst column for each subject is based on a speciﬁcation
with only student characteristics and year dummies; the second column adds
measured teacher and classroom characteristics (teacher experience, teacher
education, and class size); the third column substitutes teacher ﬁxed effects
for the observable teacher and classroom characteristics; and the ﬁnal column
employs school rather than teacher ﬁxed effects. The results demonstrate quite
clearly that the observable school and teacher characteristics explain little of
the between-classroom variation in achievement growth despite the fact that
a substantial share of the overall achievement gain variation occurs between
teachers. Importantly, even though the sample includes just schools with a single teacher per grade, the inclusion of school rather than teacher ﬁxed effects
reduces the explanatory power by over forty percent, suggesting that much of
the variation in teacher quality exists within rather than between schools.
Tables I and II are consistent with the existence of substantial variation in
teacher quality not explained by observable teacher characteristics. However,
other factors could clearly enter into these two simple comparisons, making
it necessary to utilize more comprehensive methods to identify the variance
of teacher quality and importance of observable factors. For example, a high
performing 4th grade teacher could leave less room for subsequent gains; the
curriculum could affect speciﬁc grade levels in differing ways across school
districts; test measurement errors could obscure the relationships; there may
be nonrandom sorting across schools; or some schools may have more or less
effective leadership. The next section develops a comprehensive model of student learning that provides the analytical framework for the estimation of the
variance of teacher quality.
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3. THE IDENTIFICATION OF TEACHER EFFECTS
In this section we develop an estimator of the variance of teacher quality
that avoids problems of student selection and administrator discretion that potentially have biased prior attempts. This estimator is based upon patterns
of within-school differences in achievement gains and ignores variations in
teacher quality across schools, because such variation cannot readily be disentangled from student differences and the contributions of other school factors.
This strategy yields a lower bound estimator for the importance of teacher
quality that relies upon minimal maintained assumptions about the underlying achievement process. Importantly, we do not focus solely on measurable
characteristics of teachers or schools as is typically done in this literature but
instead rely on student outcomes to assess the magnitude of total teacher effects, regardless of our ability to identify and measure any speciﬁc components.
This semiparametric approach provides both an estimate of the role of teacher
quality in the determination of academic achievement and information on the
degree to which speciﬁc factors often used in determining compensation and
hiring explain differences in teacher effectiveness.
3.1. Basic Model of Student Achievement
Academic achievement at any point is a cumulative function of current and
prior family, community, and school experiences. A study of the entire process
would require complete family, community, and school histories, and such data
are rarely if ever available. Indeed, the precise speciﬁcation of what to measure is poorly understood. In the absence of such information, analyses that
study the contemporaneous relationship between the level of achievement and
school inputs for a single grade are obviously susceptible to omitted variables
biases from a number of sources.
An alternative approach focuses on the determinants of the rate of learning
over speciﬁc time periods. The advantage of the growth formulation is that
it eliminates a variety of confounding inﬂuences including the prior, and often
unobserved, history of parental and school inputs. This formulation, frequently
referred to as a value-added model, explicitly controls for variations in initial
conditions when looking at how schools inﬂuence performance during, say,
a given school year. While such a value-added framework by no means eliminates the potential for speciﬁcation bias, the inclusion of initial achievement
as a means to account for past inputs reduces dramatically the likelihood that
omitted historical factors introduce signiﬁcant bias.4
Equation (1) presents a conventional value-added model that describes the
gain in student achievement (Acijgs ) for individual i in cohort c with teacher j
4

One restriction of this formulation is that the parameter estimates capture effects only for the
speciﬁc period, ignoring any continuing impacts of inputs at an earlier age. See Krueger (1999)
for a discussion of this issue. However, without detailed information and knowledge of the full
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in grade g of school s:
(1)

Acijgs = Acijgs − Acij g−1s
c
c
βT + Sgs
βS + fi + εcijgs 
= Xigc βX + Tjgs

This gain, measured as the difference between a student’s test scores in grades
g and g − 1, depends on family background (X); teacher characteristics (T );
school characteristics (S); inherent student abilities ( f ); and a random error (ε). Note that the term “inherent abilities” refers to the set of cognitive
skills, motivation, and personality traits that affect the rate of achievement
growth but that do not change during the school years being considered.5 Each
of the inputs can be thought of as a vector of underlying components.
Formulations similar to equation (1) have been estimated in a variety of circumstances in order to identify the causal link between a student outcome such
as achievement or years of schooling on the one hand and a school characteristic such as class size on the other (see, e.g., Murnane (1975) or Summers and
Wolfe (1977)). Much research has focused on the development of methods to
eliminate any remaining biases, and we address this concern as well. However,
a potentially much more important issue is the possibility that the measured
teacher and school factors do not adequately capture important differences in
the quality of education.
An alternative approach attempts to circumvent the problem of inadequate measures of quality through the estimation of classroom ﬁxed effects on
achievement gains (see, e.g., Hanushek (1971), Armor et al. (1976), Murnane
and Phillips (1981)). These analyses of covariance capture all betweenclassroom differences in achievement gains controlling for any included regressors. The resulting classroom differences in average achievement gain have
been interpreted as reﬂecting teacher quality, since the teacher is the most

cumulative achievement production process, it is virtually impossible to isolate any continuing
effects of speciﬁc school factors.
The precise estimation approach found in the literature does vary. At times, initial achievement is added to the right-hand side of a regression equation, possibly with corrections for measurement error. At other times, simple differences or growth rates in scores are analyzed. The
alternative formulations do place different restrictions on the form of the achievement process.
See Hanushek (1979) for a discussion of value-added models. Subsequent analysis, relying on
expected expansions of our database, will explore alternative speciﬁcations.
5
The isolation of inherent student abilities does not rely on any presumption about their source
(genetic, environmental, or an interaction of these). Any ﬁxed differences that affect the rate of
learning will be incorporated in this term. This formulation goes beyond typical discussions that
concentrate just on how ﬁxed ability, family, and motivational terms affect the level of achievement at a point in time. Here we explicitly allow for the possibility that ceteris paribus some
children will acquire knowledge at different rates even after allowing for variations in initially
observed achievement. Further, these differences do not have to be unidimensional.
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obvious factor differing across classrooms. However, problems from test measurement errors and potential school and classroom selection effects may be
even more serious for these types of models than in those that use observable
measures, making the interpretation of these as direct estimates of the teacher
component problematic.6
The central estimation problem results from the processes that match students with teachers, and schools. Not only do families choose neighborhoods
and schools, but principals and other administrators assign students to classrooms. Because these decision makers utilize information on students, teachers and schools, information that is often not available to researchers or
measured with error, the estimators are quite susceptible to biases from a number of sources. The following section develops an empirical model designed to
avoid these problems and to identify the variations in the quality of instruction.
3.2. An Extended Speciﬁcation of Education Production
Rather than attempting to deﬁne each variable in the education process, we
begin by thinking in terms of the total systematic effect of students, families,
teachers, and schools. In this, we depart from the parametric approach of equation (1) that involved measuring a small set of inputs in their natural units and
move to a semiparametric approach with inputs measured in achievement, or
output, units. Equation (2) describes a decomposition of education production
during grade g into a set of ﬁxed and time varying factors:
(2)

Acijgs = γi + θj + δs + υcijgs 

Test score gain in grade g is written as an additive function of student (γ),
teacher (θ), and school (δ) ﬁxed effects along with a random error (υ) that is a
composite of time-varying components. The ﬁxed student component captures
the myriad family inﬂuences including parental education and permanent income that affect the rate of learning; the ﬁxed school factor incorporates the
effects of stable school characteristics including resources, peers, curriculum,
etc. Finally, the teacher component captures the average quality of teacher j
over time. Of course families, schools, and teachers all change from year to
year, and such changes receive considerable attention in the analysis below.
Equation (2) is not intended to be a comprehensive model of the achievement determination process, and moreover we do not attempt to identify each
of the separate components. Rather, it provides a framework for the speciﬁc
models used to study the effects of teacher quality and school resource differences. We have not, for example, distinguished any role for school districts.
6

Hanushek (1992) does provide suggestive evidence that teachers are the primary component
by showing that classroom gains for individual teachers tend to be highly correlated across time
(for different groups of students).
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Many school policies—hiring, curriculum, school structure, etc.—emanate
from school districts and will produce common elements in the teacher and
school effects speciﬁed in equation (2). While the study of district effects is
clearly important, particularly in a policy context, our focus on within-school
achievement differences to avoid the difﬁculties associated with the endogeneity of school and district choice precludes identiﬁcation of separate district effects.7 Moreover, school ﬁxed effects also capture any systematic differences
across districts and communities, so there is no econometric reason to specify
separate district or community components in this estimation. We do, however, address district related issues as they are relevant to the identiﬁcation of
teacher quality and school resource effects.8
3.3. Estimator of the Variance of Teacher Quality
In the semiparametric approach of equation (2), the variance of θ measures
the variation in teacher quality in terms of student achievement gains. One
could estimate this variance directly using between-classroom differences in
average achievement gains. We do not adopt this approach for a number of
reasons, not the least of which is the inability to match students to speciﬁc
teachers. Yet even if students could be matched with teachers and the analysis considered only within-school variation in outcomes, both the intentional
placement of students into classrooms on the basis of unobservables and the
need to account for the contribution of measurement error to the betweenclassroom variation would introduce serious impediments to the identiﬁcation
of the variance of teacher quality.9
Consequently, we adopt a very different method that makes use of information on teacher turnover and grade average achievement gains to generate
a lower bound estimate of the within-school variance in teacher quality. This
approach avoids the need to identify and to estimate separately the test error
7

The role of district environment and policies is a topic that we intend to pursue in the future.
That analysis however, requires a different estimation strategy that, importantly, does not permit
the precise identiﬁcation of teacher inﬂuences that we pursue here.
8
The model also imposes the assumption of additive separability in order to simplify the presentation. We explore the possibility that the magnitudes of school resource effects vary by student characteristics, allowing for the most commonly cited type of potential complementarity. In
addition, we recognize that the matching of students and teachers likely affects the average rate
of learning in a school, and the subsequent inclusion of school and school-by-grade ﬁxed effects
captures any differences that are maintained across our observation period.
9
This discussion can be directly linked to prior estimation of classroom ﬁxed effects, which
develop classroom gains after conditioning on measurable characteristics of students or schools.
See, for example, Hanushek (1971), Armor et al. (1976), and Murnane and Phillips (1981). In
such cases, the interpretation of the individual and school components of equation (3) would relate directly to dimensions not captured by the included characteristics, and the test measurement
errors would remain.
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variance, and the aggregation to the grade level circumvents any problems resulting from classroom assignment.10 The cost of this aggregation is the loss of
all within grade variation in teacher quality and the inability to trace out the
teacher quality distribution.
Equation (3) represents average achievement gain in grade g in school s for
cohort c as an additive function of grade average student and teacher ﬁxed
effects, a school ﬁxed effect, and the grade average error:
(3)

c + θc + δ + υc 
Acgs = γgs
s
gs
gs

With two different cohorts of students (c and c  ), we can compare average
gains in the same grade:
(4)

 
 


c − γ c  + θc − θc 
c
c
Acgs − Acgs = γgs
gs
gs
gs + υgs − υgs 

Notice in equation (4) that all ﬁxed school components from equation (3) drop
out because they exert the same effect for both cohorts. These eliminated factors include ﬁxed aspects of peers, school administration, technology, and infrastructure as they affect the growth in achievement, even if they are grade
speciﬁc. They also include systematic (time invariant) sorting of teachers by
school or district that comes from a district’s salary or general attractiveness
along with its standard teacher assignment practices. The difference in cohort
average achievement gains is thus a function of the between-cohort differences
in teacher quality (θ), in ﬁxed student and family factors (γ), and an average
error component that includes not only measurement errors but time varying
individual, family, and school factors.
Though we do report estimates of the variance in teacher quality based on
simple between-cohort achievement differences for a single grade, cohort average differences in (γ) contaminate estimates of the variance in teacher quality.
Consequently, we concentrate on the difference between adjacent cohorts in
the pattern of average gains in grades g and g . In order to control fully for
student ﬁxed effects, we limit the sample to students who remain in the same
school for grades g − 1 and g:
(5)

10



 
 
Acgs − Acg s − Acgs − Acg s
 

 

 
 
= θcgs − θcg s − θcgs − θcg s + υcgs − υcg s − υcgs − υcg s 

This estimator assumes that there are not strong complementarities between speciﬁc students and teachers, that is, that the effects of teachers is linear and separable as in equation (2).
Yet as long as schools maintain similar assignment practices from year to year, as discussed below,
even such complementarities will not contaminate the estimates. Additionally, changes in assignment practices will tend to bias estimates of the variance in teacher quality downward, reinforcing
our interpretation of the estimator as a lower bound on teacher quality variance.
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As equation (5) shows, taking the difference between average gains in grades
g and g eliminates all ﬁxed student and family differences, leaving only cohortto-cohort differences in the grade average difference in teacher quality and
time varying student and school factors (contained in υ) as determinants of
the difference in the pattern of achievement gains.
Squaring both sides of equation (5) gives
(6)



 
 2
Acgs − Acg s − Acgs − Acg s
2

2
2
2

 
= θcgs + θcg s + θcgs + θcg s − 2 θcgs θcgs + θcg s θcg s
 


 
+ 2 θcgs θcg s − θcgs θcg s + θcg s θcgs − θcgs θcg s + e

The squared difference leads to a natural characterization of the observed
achievement differences between cohorts as a series of terms that reﬂect variances and covariances of the separate teacher effects plus a component e that
includes all random error and cross product terms between teacher and other
grade speciﬁc effects.
We now impose three assumptions that formally characterize the notion that
teachers are drawn from common distributions over the restricted time period
of our cohort and grade observations: (i) The variance of grade average teacher
quality is the same for all cohorts and grades; (ii) the covariance of grade average teacher quality for adjacent cohorts is the same for all grades; and (iii) the
covariance of grade average teacher quality for grades g and g for adjacent cohorts equals the covariance of grade average teacher quality for grades g and g
for each cohort. For ease of exposition, we also make the simplifying assumption that each school has one teacher per grade, but this is relaxed later.
Applying these assumptions and taking the expectation of equation (6) yields
(7)



 

 2
E Acgs − Acg s − Acgs − Acg s
= 4 σθ2s − σθcs θcs  + E(es )

where σθ2s is the variance of teacher quality in school s and σθcs θcs  is the covariance of teacher quality across cohorts in a school.
The key to the identiﬁcation of the magnitude of the within-school variance of teacher quality comes from the ﬁrst element on the right-hand side—
the within-school variance of grade average teacher quality minus the withinschool covariance of quality across cohorts. Consider ﬁrst schools in which the
two cohorts have the same teacher in each grade (i.e., the proportion of teachers who are different equals zero). As long as teachers perform equally well
in both years, σθ2s = σθcs θcs  , and teacher quality contributes nothing to student
performance differences across cohorts.
On the other hand, consider schools in which cohorts c and c  have different teachers in each grade (the proportion of teachers who are different
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equals one).11 In this case the within-school covariance of teacher quality
equals zero. Importantly, this is not to say that schools hire randomly, for as we
discuss below there can be little doubt that hiring practices and characteristics
related to teacher job preferences differ substantially across schools. Rather, it
says that the covariance across teachers in the deviation from the mean teacher
quality in a school is zero.
Equation (7) provides the basis for estimation of the within-school variance
of teacher quality. The left-hand side in most regressions is the squared divergence of the grade pattern in gains across cohorts, which we regress on the
proportion of teachers who are different. Ignoring the possible confounding
inﬂuences of other factors and maintaining the assumption that teacher quality remains unchanged in the absence of turnover, the coefﬁcient on this proportion divided by four will provide a consistent estimate of the within-school
variance in teacher quality.12
One empirical complication arises because most schools do not have a single teacher for each grade. Rather the number of teachers varies by school,
and consequently the coefﬁcient on the turnover variable would not have a
straightforward interpretation. Because the achievement gains and the effects
of teachers are averaged across the teachers in a grade, we actually have
the variation of the mean in each school, and the relationship of turnover
to the within-school variance will depend on the number of teachers. For
example, in a sample of schools with three teachers per grade, the coefﬁcient on proportion different would provide an estimate of four times one
third (i.e., 4σθ2s /3) of the within-school variation in teacher quality. This also
means that ﬁfty percent turnover in schools with three teachers per grade
would lead to the same expected squared cohort difference in grade average difference in gains as one hundred percent turnover in schools with six
teachers per grade. In order to account for such differences in the number
of teachers and place all schools on a common metric, the proportion differ11

Note that such differences result from both teacher departures and grade changes. There
is an extensive related literature on the determinants of teacher turnover, indicating that
salary, working conditions, and alternative wage opportunities do affect the probability of exiting a school (cf. Dolton and van der Klaauw (1995, 1999), Murnane and Olsen (1989),
Stinebrickner (2002), Hanushek, Kain, and Rivkin (2004b)). None, however, suggests that leavers
are systematically more effective teachers than stayers, an issue to which we return below. Moreover, our analysis of within-school patterns of student performance implicitly controls for the
overall determinants of turnover and focuses solely on the implications of turnover for performance. Regardless of any differences between leavers and stayers, the within-school covariance
of grade average quality equals zero in 100 percent turnover schools as long as any changes in
hiring procedures are not systematically related with the quality of leavers.
12
Note that we use teacher turnover as a method of identifying the variance in teacher quality.
Implicitly, we assume teacher turnover does not directly affect student achievement gains except
for the possibility of systematic quality differences by teacher experience. We test this assumption
within the general production function estimation (below) and cannot reject it.
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ent must be divided by the number of teachers per grade, and the coefﬁcient
on this variable provides an estimate of the within-school variance in teacher
quality.
Our empirical strategy focuses on the estimation of a lower bound on the
variation of teacher quality, and in that regard a variety of factors that suggest downward bias in our turnover estimator are not problematic. First is the
almost certain violation of the assumption that the variance and covariance
terms are equal in schools without turnover. Even in the absence of teacher
turnover, there is almost certainly some difference in teacher quality from yearto-year due to changes in pedagogy, personal problems, learning (particularly
for beginning teachers), etc., reducing the expected coefﬁcient on the turnover
variable below the true within-school variance.
Measurement error in the teacher turnover variable would tend to exacerbate any such downward bias. The administrative data have missing information on key variables, and it is not always clear who teaches which subjects.
Consequently, there is some error introduced into the calculations of both the
percentage of teachers who differ from cohort to cohort and in the number
of teachers per grade, and the ratio of the two may thus contain a nontrivial
amount of noise.
More worrisome for our approach, however, is that there are also two potentially important sources of upward bias. First is the standard problem of omitted variables. Teacher turnover may be precipitated or accompanied by other
changes such as a new principal or superintendent or district induced curriculum changes (Ingersoll (2001)). If, for example, administrator turnover also
leads to teacher turnover, any direct effects of new administrators on achievement growth would introduce an upward bias if they were not accounted for. In
the empirical work below, we take a number of steps to control for potentially
confounding time-varying factors including controls for the numbers of principal and superintendent changes over the observation period. We also perform
various sensitivity analyses directed at these issues.
Second is the possibility that teachers who exit are not drawn randomly from
the teacher quality distribution. If attrition and quality are systematically related, the average teacher quality in high turnover years will tend to differ systematically from the average quality of new hires. Consider the possibility that
high quality teachers are more likely to exit. In this case, schools that obtain a
particularly good draw of teachers in one year will tend to experience both a
greater turnover following the year and a larger average difference in achievement gains than would be experienced with random attrition. This situation
would lead to an upward bias in our estimator, as would the opposite case
where low quality teachers are more likely to exit. Even if attrition and quality are uncorrelated, if teachers in the tails of the distribution are more likely
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to exit, higher turnover schools will tend to have higher cohort differences in
achievement gains, again biasing our estimator upward.13
Appendix A demonstrates that a major departure from random exiting in
the form of higher probabilities in either or both tails of the distribution can
introduce substantial upward bias. In the absence of student/teacher matches,
we have little information on the actual distribution of departures. Moreover,
the literature on teacher turnover is not very informative on the quality distribution of any school attrition.14 A general presumption, particularly in more
policy-related analyses, is that union restrictions, the single salary schedule for
teachers, and the lack of performance incentives related to student achievement mute any relationship between teacher quality and attrition, but this is
clearly speculative.15 Fortunately, we do have student/teacher matches for a
single district, and we use that information to provide empirical evidence on
the likely magnitude and direction of any nonrandom turnover induced bias.
Finally, this framework relies on just the variation in teacher quality that is
found within schools and ignores all variation in teacher quality across schools.
If all schools were to hire randomly from a common pool, the between-school
variance would equal zero, but this is almost certainly not the case. Rather
schools able to offer higher salaries or better working conditions choose among
a larger pool of applicants and likely enjoy higher average teacher quality,
though the difﬁculty predicting productivity on the basis of education credentials and interviews almost certainly allows for substantial within-school heterogeneity.16 In the extreme, if schools were perfectly arrayed in their hiring,
all variations in quality would be between schools. In any event, the betweenschool differences would have to be added to the estimates reported below to
obtain an estimate of the total variation in the quality of instruction.
13

Note that heavy attrition in just one tail also implies drift in the average quality of teachers,
which would inappropriately add to our estimate of the within-school variance (and which we
explicitly assume is not the case).
14
Much of the turnover literature (footnote 11) relates to opportunity costs by specialties (e.g.,
math and science), but these studies are more relevant for secondary schools and do not directly
address issues of quality. Another approach investigates attrition by the teacher’s own test score
(see Murnane et al. (1991)) and ﬁnds some relationship suggesting that higher scoring teachers
are more likely to leave, but neither this relationship nor the relationship between teacher test
scores and student achievement is very strong. The one direct study relating attrition to classroom
performance ﬁnds that principal evaluations early in the teaching career are positively correlated
with continued teaching. At the same time, while teacher value-added based on student achievement is also positively related to retention of teachers, the estimates are statistically insigniﬁcant
(Murnane (1984)), perhaps because of the small samples.
15
For example, The Teaching Commission (2004, p. 46) notes: “once teachers have passed a
probationary period, it is notoriously difﬁcult to dismiss those whose performance is inadequate.
In 2002, for instance, only 132 of 78,000 teachers in New York City’s massive school system were
removed for poor performance.” However, no analyses of decisions before tenure or of more
informal actions are available.
16
Hanushek, Kain, and Rivkin (2004b) ﬁnd that teachers who switch schools tend to move to
schools with higher achieving, higher income, and lower proportion minority student bodies.
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4. THE TEXAS DATABASE
The data used in this paper come from the UTD Texas Schools Project,
conceived of and directed by John Kain. Data are compiled for all public
school students from administrative records in Texas, allowing us to use the
universe of students in the analyses. We use data for three cohorts: 3rd through
7th grade test scores for one cohort (4th graders in 1995) and 4th through
7th grade test scores for the other two (4th graders in 1993 and 1994).17 For
each cohort there are more than 200,000 students in over 3,000 public elementary and middle schools. (For details on the database, see Appendix B and
Table B1; currently available data along with variable deﬁnitions and estimation programs are found in Rivkin, Hanushek, and Kain (2005).) In comparison to studies that use only a small sample of students from each school, these
data permit much more precise estimates of school average test scores and test
score gains.
The administrative data contain a limited number of student and family
characteristics including race, ethnicity, gender, and eligibility for a free or reduced price lunch. Students who switch public schools anywhere within the
state of Texas can be followed just as those who remain in the same school
or district. Although explicit background measures are relatively limited, the
panel feature can be exploited as described previously to account implicitly for
time invariant individual and school effects on achievement.
Beginning in 1993, the Texas Assessment of Academic Skills (TAAS) was
administered each spring to eligible students enrolled in grades 3 through 8.18
These tests are designed to evaluate student mastery of the grade-speciﬁc subject matter that is prescribed for students in the state.19 We focus on test results for mathematics and reading, derived from tests of approximately ﬁfty
questions. Because the number of questions and average percent correct varies
across time and grades, we transform all test results into standardized scores
with a mean of zero and variance equal to one, though the empirical ﬁndings
17
Note that, while we have 3rd grade test information, our analysis begins at 4th grade because
of the focus on achievement gains.
18
Many special education and Limited English Proﬁciency (LEP) students are exempted from
the tests, as are other students for whom the test would not be educationally appropriate. In each
year roughly ﬁfteen percent of students do not take the tests, either because of an exemption or
because of repeated absences on testing days. This rate of missing tests appears comparable to
those for other high quality testing programs such as the National Assessment of Educational
Progress.
19
The TAAS tests are generally referred to as criterion referenced tests, because they refer
directly to pre-established curriculum or learning standards. The common alternative is norm
referenced tests that cover general subject matter appropriate for the subject and grade but that
are not as closely linked to the speciﬁc state teaching standards. In principle, all students could
achieve the maximum score on a criterion referenced test with no variation, while norm referenced tests focus on obtaining information about the distribution of different skills across the
tested population. In practice, scores on commonly available criterion referenced and norm referenced tests are highly correlated across students.

432

S. RIVKIN, E. HANUSHEK, AND J. KAIN

are robust to a number of transformations including the raw percentage correct. The bottom one percent of test scores (all less than or equal to expected
scores from random guesses) are trimmed from the sample in order to reduce
measurement error. Participants in bilingual or special education programs are
also excluded from the samples used in estimating teacher quality and resource
effects because of the difﬁculty in measuring teacher and school characteristics
for these students.20
Student data are merged with grade average information on teachers by subject. Because student and teacher data come from different reporting systems
that are not directly linked, matching students with their speciﬁc teachers is
not possible. Teacher personnel data provide information on experience, highest degree earned, and the class size, subject, grade, and population served
for each class taught. This information is used to construct subject and grade
average characteristics for teachers in regular classrooms. In the early grades
teachers tend to teach all subjects, while in junior high most specialize. We
consider those who self identify as general teachers as teachers of both mathematics and reading.
5. LOWER BOUND ESTIMATES OF THE VARIANCE OF TEACHER QUALITY
The estimation of the within-school variance in teacher quality relies on
the notion that teacher turnover increases the variance in student outcomes
across grades and cohorts in a school. Although we reﬁne the estimation below, the pattern can be seen directly by observing the higher correlations in
student achievement across cohorts for schools with lower teacher turnover
(fewer than twenty ﬁve percent of teachers are different) than schools with high
turnover (fewer than twenty ﬁve percent of teachers are the same). The correlations are 0.40 in math and 0.26 in reading respectively for the low turnover
schools and 0.22 in math and 0.14 in reading for the high turnover schools. Of
course other factors correlated with teacher turnover could also produce this
pattern, and it is necessary to turn to our more structured model in order to
identify the importance of teacher quality in the determination of achievement
gains. Note that on average roughly one third of teachers are new to a grade
and subject in any year. This is roughly double the rate of school leaving, meaning that incumbent teachers tend to change grades or subjects every ﬁve years
or so.
20

For an explicit analysis of the achievement of special education students, see Hanushek,
Kain, and Rivkin (2002). Kain and O’Brien (1998) provide additional analysis of special education students along with information on the performance of limited English proﬁciency (LEP)
students. These students are included in the calculations of class sizes for the analysis below when
they receive instruction in regular classrooms.
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5.1. Basic Estimates
Table III reports basic estimates from the regression of the squared betweencohort difference in gains on the proportion of teachers who are different and
other covariates. The sample includes only students who remain in the same
school for two successive grades, either 5th and 6th or 6th and 7th, and only
grades that have at least ﬁve students with valid test scores and nonmissing
data on teacher turnover.21 Just grades 5 and 6 are used for the small number
of schools with all three grades.22 The ﬁnal sample has 3,076 schools in the
mathematics speciﬁcations and 3,086 in the reading speciﬁcations.
The three left hand columns in Table III report results from the three speciﬁcations for mathematics and reading in order to isolate the sensitivity of
the estimates to the different ﬁxed components of achievement growth. The
ﬁrst regresses the squared difference in 5th (or 7th) grade gains between cohorts on 5th (or 7th) grade teacher turnover; the second and third regress the
squared difference in the difference of 5th (or 7th) and 6th grade gains between cohorts on the turnover of 5th (or 7th) and 6th grade teachers combined. As described previously, using the difference in gains between the two
grades controls for both student and school ﬁxed effects in gains. Finally, the
third speciﬁcation adds an additional school ﬁxed effect directly into the regression, identifying the variance in teacher quality on the basis of the difference in turnover rates between the ﬁrst and second cohorts and the second and
third cohorts. This last estimation, which captures school speciﬁc variations in
the grade pattern of performance, directly controls for systematic school and
grade speciﬁc unobservables that may be correlated with turnover. All three
speciﬁcations also include a dummy variable identifying the precise cohort
comparison, the inverse of enrollment (because the variance of measurement
error in student performance is inversely proportional to enrollment), the use
of 7th grade information, and the numbers of new principals and superintendents. The measures of new school and district leadership capture time varying
policy factors that could simultaneously affect teacher turnover and student
achievement.
The results show that differences in mathematics and reading achievement
gains among cohorts are strongly related to teacher turnover. All coefﬁcients
21

An additional observation in the reading sample was also excluded, because the grade average gain was more than six standard deviations from the mean (higher than any other school).
It turned out to be a single teacher whose students’ average gain in the previous year was quite
close to the mean and who did not teach in the subsequent year. In addition, the average gain
in the subsequent grade was roughly four standard deviations below the mean, far different than
the positive gain reported for the prior cohort taught by the same teacher. We believe there is
overwhelming evidence of either cheating or miscoding. The exclusion of this observation did not
have a large impact on the estimates except in the full ﬁxed effect model.
22
The majority of students move from elementary to middle school sometime between grades
5 and 7. Roughly ﬁfteen percent of schools with at least two of the three grades in this range have
all three.
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TABLE III

EFFECT OF TEACHER TURNOVER ON THE DIVERGENCE OF MATHEMATICS AND READING TEST
SCORE GAINS BETWEEN COHORTS (STANDARD ERRORS IN PARENTHESES)

No Fixed
Effectsa

Individual and Individual and
School Fixed School-by-Grade
Effectsb
Fixed Effectsc

1. Mathematics
Proportion of teachers
0.080
who are different/number (0.017)
of teachers

0.090
(0.015)

0.050
(0.021)

Absolute change in
proportion of teachers
with no experience
2. Reading
Proportion of teachers
0.067
who are different/number (0.013)
of teachers

0.082
(0.014)

0.036
(0.018)

Absolute change in
proportion of teachers
with no experience

Individual and
School Fixed
Effectsb

Individual and
School-by-Grade
Fixed Effectsc

0.080
(0.016)

0.045
(0.021)

0.033
(0.016)

0.027
(0.023)

0.078
(0.015)

0.029
(0.018)

0.015
(0.015)

0.041
(0.020)

Notes: All equations include the inverse of the number of students, numbers of new principals and superintendents
in the school during adjacent years, a grade 7 dummy variable, and a cohort dummy variable. The sample includes all
students who remain in the same school for grades 5 and 6 (or 6 and 7). Sample size is 3,076 for the mathematics and
3,086 for the reading speciﬁcations.
Equations have the same structure for mathematics and for reading. (The analyses of gain patterns between grades
6 and 7 take the same form as those for grades 5 and 6 that are shown.) For Φ = proportion different math (or reading)
teachers/#teachers and adjacent cohorts (c and c  ), the speciﬁcations take the following forms:






c c
c c
+ e6s ,
(a) (Āc5 − Āc5 )2 = βθ Φc6sc + βX X6s



c c
c c
c c
(b) [(Āc6 − Āc5 ) − (Āc6 − Āc5 )]2 = βθ Φ5 and 6 s + βX X5 and 6 s + e5 and 6 s ,










c
c c
c c
+ δs + βX X5 and 6 s + e5 and 6 s ,
(c) [(Āc6 − Āc5 ) − (Āc6 − Āc5 )]2 = βθ Φc5 and
6s
where δs is a ﬁxed effect for school s .

are positive and signiﬁcant at the ﬁve percent level, and except for the schoolby-grade ﬁxed effect speciﬁcations, all t-statistics exceed 4.5 in absolute value.
The declines in coefﬁcient magnitudes for the full ﬁxed effect speciﬁcations
are consistent with measurement error induced attenuation bias, but they may
also reﬂect the presence of omitted variables bias in the other speciﬁcations.
In order to avoid as much as possible the introduction of any upward biases,
we concentrate here on the full ﬁxed effect coefﬁcients of 0.050 and 0.036.
These imply lower bound estimates of the within school variance of teacher
quality (measured in units of student achievement) equal to 0.0125 (0050/4)
and 0.009 (0036/4) for mathematics and reading respectively. This means that
a one standard deviation increase in average teacher quality for a grade raises
average student achievement in the grade by at least 0.11 standard deviations
of the total test score distribution in mathematics and 0.095 standard deviations in reading.
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These estimates suggest the existence of substantial within school variation
in teacher quality, but they combine average differences across the experience
distribution with skill differences not related to experience. As we demonstrate
in the direct estimation of educational production functions below, the learning curve appears to be quite steep in the ﬁrst year or two of teaching before
ﬂattening out. Because many of the teachers new to a grade are in their ﬁrst
year, the share of the variance due to differences between beginning and experienced teachers might be quite sizeable. Fortunately, we can identify the
effects of beginning teachers by including the absolute change in the share of
teachers in their ﬁrst year as an additional variable.23
The ﬁnal two columns of Table III present estimates from the two ﬁxed effect speciﬁcations that include the absolute change in the share of beginning
teachers. These estimates suggest that quality differences between new and experienced teachers account for only ten percent of the teacher quality variance
in mathematics and somewhere between ﬁve and twenty percent of the variance in reading. The addition of the change in the share of teachers with one
year of experience (not shown) has virtually no effect on the estimates.
5.2. Speciﬁcation Checks
The consistency of the estimator relies on the assumption that the turnover
variable is unrelated to the error. One important threat to the estimation
strategy is the possibility that unobserved changes over time in schools may
be correlated with teacher turnover. A comprehensive control for other time
varying factors in the schools comes from looking at turnover of teachers not
involved in the speciﬁc subject. Speciﬁcally, by looking at schools that use separate teachers for mathematics and English, we can include English teacher
turnover as a control variable in the modeling of math performance and mathematics teacher turnover in the modeling of reading achievement.24
Table IV reports the results for ﬁxed effect speciﬁcations that include
turnover in the untested subject. These estimates are generated from the
smaller subsample of schools with subject specialists (deﬁned as schools that
have no teachers in either of the two sampled grades who teach both math
and English), which is roughly thirty percent of the full sample. The results for
mathematics remain highly signiﬁcant though somewhat smaller in the ﬁrst two
speciﬁcations and are signiﬁcant only at the ten percent level in the full ﬁxed
effects model, which is not that surprising given the substantial reduction in
23
Because we are looking at variance in outcomes across cohorts, any signiﬁcant change either
up or down in the proportion of teachers in their initial year of experience has a similar impact,
thus making the absolute value appropriate.
24
Because teacher turnover in the untested subject is used to identify any concomitant disruption in the school, the number of teachers in that subject will not directly affect the variance in
student performance. Therefore this turnover variable is not divided by the number of teachers
in the untested subject.
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TABLE IV

EFFECT OF TEACHER TURNOVER ON THE DIVERGENCE OF MATHEMATICS AND READING TEST
SCORE GAINS BETWEEN COHORTS, CONTROLLING FOR TEACHER TURNOVER IN OTHER
SUBJECTSa (STANDARD ERRORS IN PARENTHESES)
Individual and School
Fixed Effectsb

1. Mathematics
Proportion different math
teachers/number of teachers
Absolute change in proportion
math teachers with no experience
Proportion of same English teachers
2. Reading
Proportion different English
teachers/number of teachers
Absolute change in proportion
English teachers with no experience
Proportion of same
mathematics teachers

0059
0058
0069
(0015) (0015) (0016)

Individual and School-by-Grade
Fixed Effectsb

0034
0034
(0021) (0021)

−0029
(0013)
−0006 −0008
(0010) (0010)

0035
(0021)
−0005
(0020)

0002
(0014)

0002
(0014)

0027
0024
0010
(0016) (0016) (0016)

0001 −0001 −0005
(0021) (0021) (0022)

0042
(0015)

0013
(0021)

−0017 −0016
(0011) (0011)

−0020 −0020
(0013) (0013)

a The sample includes all students who remain in the same school for grades 5 and 6 (or 6 and 7) in schools with
no teacher offering both English and math instruction. All equations include the inverse of the number of students,
numbers of new principals and superintendents in the school during adjacent years, a grade 7 dummy variable, and a
cohort dummy variable. The sample size is 855.
b Table III notes describe the estimation speciﬁcations.

sample size. In contrast, the English teacher turnover coefﬁcients in the reading test score regressions become quite small and insigniﬁcant in all speciﬁcations, raising concern that confounding factors in this estimation method could
be driving the results. In this sample, the impact of inexperienced teachers is
very imprecisely estimated. Importantly, comparisons across speciﬁcations for
a common sample reveal that the inclusion of turnover information for the
untested subject has virtually no effect on the other turnover estimate in either
ﬁxed effect speciﬁcation.
The question remains as to why the estimates in Table IV are uniformly
smaller than those reported in Table III. An important difference between the
samples for the respective tables is the balance between 5th and 7th grade
classrooms. It is almost always the case that junior high schools use subject
speciﬁc teachers, while elementary schools use a single teacher for most subjects. Consequently the vast majority of schools with subject speciﬁc teachers
include grades 6 and 7, while the majority of all schools in the sample include
grades 5 and 6. Systematic differences by grade in the effects of teachers on
test scores could therefore account for the observed pattern of results.
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Table V reports estimates that allow the effect of turnover to vary by grade
combination based on the full sample used in Table III. The coefﬁcients suggest that the variance in teacher quality declines in mathematics as students
progress through school, though the interaction term becomes insigniﬁcant in
the full ﬁxed effect model. On the other hand, it appears that within school differences in teacher quality are quite substantial in reading in elementary school
but explain little or none of the variation in outcomes in junior high. In both
subjects the pattern of estimates in Table V explain the differences between
Tables III and IV. Interestingly, this pattern of diminishing effects will repeat
itself in the production function estimates below, suggesting either that school
TABLE V
GRADE DIFFERENCES IN THE EFFECTS OF TEACHER TURNOVER ON THE DIVERGENCE
OF MATHEMATICS AND READING TEST SCORE GAINS BETWEEN COHORTS
(STANDARD ERRORS IN PARENTHESES)a
Individual and
School Fixed
Effects

Individual and
School-by-Grade
Fixed Effects

Individual and
School Fixed
Effects

Individual and
School-by-Grade
Fixed Effects

0113
(0018)

0063
(0026)

0096
(0019)

0036
(0027)

−0075
(0031)

−0036
(0044)

−0068
(0032)

−0024
(0047)

Absolute change in
proportion of teachers
with no experience

0026
(0022)

0052
(0032)

6th & 7th grades
interaction with absolute
changeb

0018
(0033)

−0035
(0048)

1. Mathematics
Proportion of teachers
who are different/number
of teachers
6th & 7th grades interaction
with proportion differentb

2. Reading
Proportion of teachers
who are different/number
of teachers

0115
(0017)

0066
(0022)

0114
(0018)

0059
(0023)

−0092
(0028)

−0081
(0037)

−0101
(0029)

−0083
(0038)

Absolute change in
proportion of teachers
with no experience

0004
(0020)

0048
(0027)

6th & 7th grades
interaction with absolute
changeb

0030
(0031)

−0011
(0039)

6th & 7th grades interaction
with proportion differentb

a Table III notes describe the sample and estimation speciﬁcations.
b Interaction between an indicator for the grade 6 and 7 observations and speciﬁed variable.
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and teacher quality differences have much smaller effects on achievement in
junior high or that the test results do a poor job of capturing differences in
school quality in those grades.
There remains one other potential source of bias that must be addressed.
Although controls for any concomitant changes to teacher turnover address
the problem of omitted variables, they do not resolve the potential problem of
nonrandom teacher attrition described above. As noted previously, the estimation relies upon the assumption that turnover is uncorrelated with quality and
is not drawn heavily from either of the tails of the quality distribution. Since
our estimator is identiﬁed by the assumption of random departures, we cannot
readily test this assumption within our model and data.
Fortunately, for one large Texas school district we have developed some additional data that link student test score gains with individual teachers.25 Although we cannot account for unobservable selection into classes, sampling
error, and the other factors that we explicitly worry about in this paper, we can
use these data to compute a within-school measure of quality: average student
achievement gains for each teacher minus the average for all teachers in the
same school that year. We can then calculate attrition probabilities based on
this quality measure and use these probabilities to estimate the impact of any
nonrandom attrition on our estimator of the variance of teacher quality.
Table VI describes the distribution of teachers placed into twenty quality
categories along with the probabilities of exit for each group. We create these
categories by dividing the range of teacher average gains relative to the school
average into twenty intervals of equal length. (Because of concerns about outliers, we drop the top and bottom one percent of gains, but the results are
invariant to this sampling procedure as we show below.) Within each category
we use the mean gain as the index of quality. Since the division into twenty
categories is arbitrary, we examine the sensitivity of the results to changes in
the number of intervals.
With random departures there would be no systematic differences in the
probability of exiting. This does not appear to be the case in Table VI, as attrition clearly declines with quality, probably in part due to the fact that ﬁrst
year teachers have the highest attrition. On the other hand, attrition does not
appear to be concentrated in the tails of the distribution, the key element described in Appendix A. (Note that there are very few teachers in the lowest
quality category that is an outlier in the exit rate at 42.9 percent.)
We now use the method developed in the simulations in Appendix A to estimate the bias introduced by deviations from random departure of the type
observed in Table VI. Table C1 shows that the nonrandom attrition leads to a
very slight increase (less than one percent) in the estimated standard deviation
of teacher quality. This result also holds if the number of quality intervals is
doubled or tripled or if observations in the tails of the distribution are retained
25

These data are described in Hanushek et al. (2005).
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TABLE VI
TEACHER EXIT RATES BY QUALITY OF INSTRUCTION RELATIVE TO OTHERS
IN THE SCHOOL FOR TEACHERS IN A LARGE TEXAS DISTRICT
Quality Index

Frequency (Percent)

Exit Rate (Percent)

−156
−141
−127
−111
−094
−079
−063
−048
−032
−016
−001
014
029
045
060
076
092
107
122
138

017
020
045
056
117
173
286
508
958
1529
2135
1665
1058
651
355
207
096
062
043
019

429
118
237
234
306
262
222
226
213
206
202
1765
1851
1835
1279
1734
2500
1346
1389
000

Notes: The sample includes all teachers in grades 4–8 in one large Texas district. The measure of quality is the difference between average student gain in mathematics for a teacher
and the average gain for all other teachers in the school. These relative gains are divided into
twenty equal intervals, and the index for each interval is the interval mean. Frequency is the
percentage of all teachers in the city in the category, and exit rate is the percentage of teachers
who leave the school at the end of the year.

in the sample. Therefore, even if attrition is not random for the sample as a
whole, as long as it is not far more concentrated in the tails than is observed for
this single large district, it is extremely unlikely that it would introduce much if
any upward bias.26
A ﬁnal robustness check examines only schools with a single teacher per
grade. This quite select sample generates large, positive, and statistically signiﬁcant estimates in both mathematics and reading for the ﬁrst two speciﬁcations (see Table C2). Not surprisingly given the extremely small sample sizes,
the estimates for the full ﬁxed effect speciﬁcation remain positive but are quite
imprecise.
26

Note that the estimates of within school variation in quality based on individual teachers
are three times as large as our lower bound estimates in Table III. Of course, these estimates do
not deal with the selection effects that are the heart of the estimation here. They also include
potentially important measurement error.
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Importantly, the true magnitudes of the variances in mathematics and reading teacher quality are likely to be larger than the estimates presented here.
First, the identifying assumptions are likely to be violated in ways that bias
downward the extent of actual teacher quality differences within schools. Second, the measures of teacher turnover and number of teachers likely contain
some error, and the ratio of the two may in fact have substantial measurement
error that would likely attenuate the coefﬁcients. For example, the exclusion
of schools with large changes in the number of teachers in a grade from year
to year, an indicator of problematic data, tends to increase coefﬁcient magnitudes and the precision of virtually all estimates. Finally, we focus on just one
component of the variance in teacher quality, the within-school variance. All
between-school variation in teacher quality is ignored—not because of a belief it is small, but rather because it cannot be readily separated from other
factors. Thus, there can be little doubt that teacher quality is an important determinant of reading and mathematics achievement in elementary school and
mathematics achievement in junior high school.
6. EDUCATION PRODUCTION FUNCTION ESTIMATES
The frequently employed implicit assumption that schools are homogenous
institutions is clearly contradicted by the ﬁnding of substantial within-school
heterogeneity in teacher quality. These results also contrast sharply with the
much smaller estimated differences in teacher and school quality that comes
from studies investigating the impacts of speciﬁc school or teacher characteristics. Nevertheless, because teacher salaries are closely linked with experience
and formal education and because class size reductions have been a widely discussed and often used policy tool, a better understanding of the effects of these
speciﬁc factors remains important. From a policy viewpoint, a comparison of
the costs and beneﬁts of smaller classes or more educated and experienced
teachers with those of improved general teacher quality would be particularly
informative.
The results from the existing large body of literature on the effects of school
resources on a variety of outcomes remain highly variable, in large part, we believe, because of difﬁculty of controlling for other relevant achievement inputs
due to both conceptual and data limitations.27 The main concern is that either explicit resource allocation rules—such as the provision of compensatory
funds for poor achievers—or simple omitted variables problems could mask
27

For summaries of the education production function literature, see Hanushek (1986, 2003),
Levačić and Vignoles (2002), and Woessmann (2004). This work has been quite varied and controversial (Burtless (1996)). While concentrated on analyses of test score performance, continuing attention has also turned to longer run impacts on labor market outcomes (see, e.g., Card
and Krueger (1992), Betts (1995), Heckman, Layne-Farrar, and Todd (1996), Dearden, Ferri, and
Meghir (2002), and Dustmann, Rajah, and van Soest (2003)).
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or distort true causal impacts. A set of more recent studies focuses speciﬁcally
on identifying factors leading to exogenous variation in class size in order to
uncover causal impacts.28 Unfortunately, identiﬁcation of truly exogenous determinants of class size, or resource allocations more generally, is sufﬁciently
rare that other compromises in the data and modeling are frequently required.
These jeopardize the ability to obtain consistent estimates of resource effects
and may limit the generalizability of any ﬁndings.
As described in Section 3, our framework eliminates directly the most troubling potential endogeneity problems that are the focus of the alternative instrumental variables approaches. The large samples also permit detection of
small effects that may differ by grade or student demographic characteristics,
allowing us to distinguish between low power of tests and the true lack of a
relationship.
6.1. Empirical Speciﬁcation of Resource Models
Equation (8) describes the value-added empirical model that forms the basis
of our examination of school resource effects on achievement. This is a modiﬁed version of equation (2) that adds a vector of school resource characteristics
(SCH) measured at the grade level and a set of observable, time varying family
characteristics (X):
(8)

Acijgs = SCH cgs λ + Xigc β + γi + δsy + ωgs + υcijgs 


composite error

The family characteristics include indicator variables for students who switch
schools and students who are eligible to receive a free or reduced price lunch.
Teacher and school characteristics are computed separately for each grade and
subject, and they include the average class size in regular classrooms,29 the proportion of teachers with a master’s degree, and the proportion of teachers who
28
A variety of different approaches have been applied to sort out the causal inﬂuence of
school resources including instrumental variables approaches relying upon various circumstances
of the schooling institutions (e.g., Angrist and Lavy (1999), Feinstein and Symons (1999),
Hoxby (2000), Woessmann and West (forthcoming), Dobbelsteen, Levin, and Oosterbeek (2002),
Robertson and Symons (2003), and Bonesrønning (2004)) and direct consideration of potential
pre-treatment selection factors (e.g., Dearden, Ferri, and Meghir (2002)).
29
As Boozer and Rouse (1995) and others have pointed out, it is important to separate regular and special education students, because class size and possibly other characteristics differ
dramatically by population served and because special education students are much less likely
to take tests. If the proportion of students in special education classes or the gap between regular classroom and special education class size differs across schools, estimates of the effect of
class size based on the entire school average will be biased. Our measure of class size is the average class size for regular classrooms in speciﬁc grades and subjects. Both special purpose classes
and student achievement for special education and Limited English Proﬁciency (LEP) students
are eliminated from this estimation. At the same time, special education students in regular classroom instruction are included in the calculation of class size because they will affect the resources
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fall into four experience categories: zero years, one year, two years, and three
or four years (with the omitted category being ﬁve years and above).30 The
composite error terms should be reinterpreted as the unobserved components
of students and schools. Note that we have added two additional error terms:
school-by-year ﬁxed effects (δsy ) and school-by-grade ﬁxed effects (ωgs ). These
absorb the school ﬁxed effects previously considered.
Unlike most educational studies, we concentrate speciﬁcally on the actual
class sizes reported by regular classroom teachers rather than the more common pupil-teacher ratios for a school. Further, considerable attention was
given to the elimination of measurement error in the school variables. We have
access to longitudinal information on key data and can therefore adjust reports
for inconsistencies that occur over time. Data Appendix B describes in detail
the construction of the school characteristics and sample selection criteria.
Virtually all prior analyses of school resource effects have estimated speciﬁcations similar to equation (8) in either level or growth form, but none has been
able to account for all of the ﬁxed components of the composite error term.
The elimination of these factors in the estimation of equation (8) addresses
virtually all of the concerns typically raised about estimation of educational
production functions. For example, arguments about simultaneity arising from
compensatory resource allocations based on student performance are directly
eliminated, since the level and expected rate of gain of achievement for each
student are explicitly dealt with through the investigation of A and the estimation of the individual γi ’s. The removal of school ﬁxed effects would also
control for time invariant school characteristics that might be related to the
included teacher and school characteristics.
Though the removal of simple school ﬁxed effects (δs ) would eliminate the
confounding inﬂuences of ﬁxed school factors including stable curriculum,
neighborhood factors, peer characteristics, school and district leadership, and
school organization, changes over time in other school factors may be correlated to changes in the included teacher and school characteristics. Consider
the possibility that other events in a school—leadership changes, curricular developments, student perceptions and ﬂows, or the like—inﬂuence achievement
directly and are correlated with changes in school and teacher characteristics.
Importantly, the availability of a number of cohorts permits the inclusion of
school-by-year ﬁxed effects (δsy ) rather than simple school ﬁxed effects in some

allocated to regular instruction students in those classrooms. Separate analysis of special education is found in Hanushek, Kain, and Rivkin (2002).
30
Including the percentages of teachers with ﬁve to nine and twenty or more years of experience as separate categories did not change any of the results, and the hypotheses that teachers
with ﬁve to nine or twenty or more years of experience had a different impact from those with ten
or more years of experience was rarely rejected at any conventional signiﬁcance level. The class
size and teacher education estimates also remained unchanged if average experience was used in
place of the experience categories.
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speciﬁcations in order to account for any such systematic year-to-year changes
in school factors. Any pattern of events or policies common to the neighborhood and school will be eliminated, and the estimates are identiﬁed solely by
within-school-by-year differences across grades.31
We believe an extremely strong case can be made that the remaining differences in class size and other teacher characteristics emanate from two uncontaminated sources: random differences between cohorts in the number of
students who transfer in or out of the school as students age (i.e., changes in
enrollment);32 and school or district induced changes in class size policies that
are unlikely to be systematically related to the time varying error components
of individual students, controlling for student and school-by-year ﬁxed effects
in achievement gains.33
This approach to estimation goes well beyond what has been possible even
with the specialized effects of institutional structure that have entered into past
instrumental variables estimation. A concern, however, is that the signal to
noise ratio falls with the removal of the multiple ﬁxed effects, thus making it
difﬁcult to estimate the remaining elements of the speciﬁcation. We consider
this possibility below.
6.2. Impact of Teacher and School Characteristics
Table VII reports the full range of estimates obtained from value-added
models that progressively contain no ﬁxed effects; student and school ﬁxed effects; student and school-by-year ﬁxed effects; and, ﬁnally, student, school-byyear, and school-by-grade ﬁxed effects.34 Based on preliminary ﬁndings, class
size effects are further allowed to differ by grade. Robust standard errors that
account for the correlation of unobservables within a school are reported for
all coefﬁcients.35 Table B1 presents descriptive statistics for the school characteristics and achievement gain.
31
Less substantively, we also allow for changes in the tests over time through inclusion of a
ﬁxed effect for year for each subject-grade test (τgy ).
32
Note that the estimation explicitly controls for the effects of moving on the moving students’
achievement growth; see Hanushek, Kain, and Rivkin (2004a).
33
The availability of multiple cohorts also permits the inclusion of school-by-grade ﬁxed effects,
though at a cost of losing the ability to identify variable effects in the single 4th grade cohort.
This may be important if, as suggested to us by Caroline Hoxby, school average achievement and
class size change in a systematic way as students progress through school. However, the lack of
systematic differences in class size by student demographic composition in any grade suggests
that such problems are very minor if they exist at all. In the most complete model, coefﬁcients
are identiﬁed by school-by-grade-by-year differences in characteristics and achievement gains.
34
Related to the work in the prior section, we also included (not shown) the level of teacher
turnover in each year but found that it never had a systematic inﬂuence on student achievement.
Stable differences in teacher turnover for each school are removed with the school ﬁxed effects.
35
Robust standard errors in Tables VII–IX are clustered at the school level to correct for general autocorrelations among the errors across cohorts of students attending the same school; for
a discussion of the issue in a related context, see Bertrand, Duﬂo, and Mullainathan (2004).
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TABLE VII

EFFECTS OF TEACHER AND SCHOOL CHARACTERISTICS ON 4TH–7TH GRADE GAINS IN
MATHEMATICS AND READING TEST SCORES (ROBUST STANDARD ERRORS IN PARENTHESES;
n = 1,336,903 FOR MATHEMATICS AND 1,330,791 FOR READING)

No Fixed
Effects

Student and
School Fixed
Effects

Student and
School-by-Year
Fixed Effects

Student, School-by-Grade
and School-by-Year
Fixed Effects

−00049
(00023)
−00043
(00010)
−00014
(00010)
00002
(00009)

−00106
(00040)
−00085
(00017)
−00037
(00017)
00025
(00020)

−00107
(00037)
−00081
(00024)
−00041
(00020)
00032
(00024)

n.a.
−00055
(00018)
−00027
(00013)
00011
(00023)

Experience
Proportion
0 years
Proportion
1 year
Proportion
2 years
Proportion
3–5 years

−0085
(0012)
−0043
(0013)
−0018
(0013)
−0012
(0010)

−0103
(0021)
−0066
(0022)
−0045
(0021)
−0031
(0018)

−0128
(0028)
−0055
(0028)
−0055
(0030)
−0030
(0022)

−0073
(0023)
−0002
(0023)
−002
(0022)
−0017
(0018)

Education
Proportion with
graduate degree

−0025
(0009)

−0018
(0017)

−0023
(0021)

−0021
(0020)

1. Mathematics
Class size
4th grade
5th grade
6th grade
7th grade

6.2.1. Class size
The results reveal statistically signiﬁcant effects of class size on both mathematics and reading achievement gains, but the impact declines markedly as
students progress through school and tends to be smaller and less signiﬁcant in
reading than in mathematics. The discussion concentrates on the model that
removes school-by-year ﬁxed effects, because 4th grade estimates cannot be
produced for models that contain school-by-grade ﬁxed effects with only the
single available 4th grade cohort.
The estimated effects of class size are quite similar quantitatively and qualitatively across speciﬁcations that include student and either school or schoolby-year ﬁxed effects.36 Both the 4th and 5th grade class size coefﬁcients are
36

However, the addition of school-by-grade ﬁxed effects substantially reduces the magnitudes
and signiﬁcance levels of estimates in mathematics though not in reading. Nevertheless, class
size continues to exert a signiﬁcant effect on mathematics achievement in grades 5 and 6. It is
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TABLE VII—CONTINUED
Student and
School Fixed
Effects

Student and
School-by-Year
Fixed Effects

Student, School-by-Grade
and School-by-Year Fixed
Effects

−00031
(00017)
00000
(00007)
00021
(00009)
−00046
(00008)

−00090
(00031)
−00033
(00012)
00000
(00013)
−00022
(00017)

−00092
(00029)
−00032
(00018)
−00003
(00019)
−00028
(00024)

n.a.
−00043
(00016)
−00021
(00013)
−00013
(00020)

Experience
Proportion
0 years
Proportion
1 year
Proportion
2 years
Proportion
3–5 years

−0041
(0010)
−0037
(0010)
−0004
(0010)
0001
(0009)

−0045
(0019)
−0042
(0018)
−0006
(0019)
0014
(0015)

−0064
(0023)
−0070
(0023)
−0018
(0025)
0002
(0020)

−0026
(0021)
−0002
(0020)
0002
(0020)
0018
(0017)

Education
Proportion with
graduate degree

−0014
(0007)

−0004
(0014)

0001
(0018)

0010
(0017)

No Fixed
Effects

2. Reading
Class size
4th grade
5th grade
6th grade
7th grade

Note: All speciﬁcations include a full set of grade-by-year dummies and indicators for subsidized lunch eligibility
and a change of school prior to or during year. Robust standard errors in Tables VII–IX are clustered at the school
level to correct for general autocorrelations among the errors across cohorts of students attending the same school;
for a discussion of the issue in a related context, see Bertrand, Duﬂo, and Mullainathan (2004).

highly signiﬁcant in both subjects, though the magnitude of the 5th grade effect is roughly three-fourths as large as that for 4th grade in mathematics and
less than half as large in reading. The 6th grade effects are quite small, and
by 7th grade class size appears to have little systematic effect on achievement.
We discuss the magnitude of these estimates below. Note that the very large
samples permit the precise estimation of quite small effects of less than 0.004
standard deviations.
The pattern of estimated class size effects also reveals the importance of
controlling for student ﬁxed effects. The inclusion of student ﬁxed effects

not possible to know for certain the extent to which change with the addition of school-by-grade
ﬁxed effects results from the elimination of further biases as opposed to the exacerbation of any
problems with measurement error.
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TABLE VIII
EFFECTS OF CLASS SIZE ON TEST SCORE GAINS, BY FAMILY INCOME
(ROBUST STANDARD ERRORS IN PARENTHESES)
Mathematics

Class size
4th grade
5th grade
6th grade
7th grade

Reading

Disadvantaged
Students

Not Disadvantaged
Students

Disadvantaged
Students

Not Disadvantaged
Students

−00118
(00038)
−00077
(00025)
−00044
(00021)
00036
(00026)

−00103
(00037)
−00079
(00024)
−00040
(00020)
00031
(00024)

−00111
(00030)
−00027
(00019)
−00022
(00019)
00012
(00023)

−00087
(00029)
−00033
(00018)
−00007
(00017)
−00037
(00022)

Note: Estimates come from a single mathematics regression and a single reading regression. The models include
student and school-by-year ﬁxed effects, separate class size, and teacher experience variables for students eligible for
a subsidized lunch (disadvantaged) and those not eligible during a given school year, proportion of teachers with a
graduate degree, full sets of grade-by-year dummies, and indicators for subsidized lunch eligibility and a change of
school prior to or during year.

triples the 4th grade coefﬁcient and more than doubles the coefﬁcient for 5th
grade.37
An important and often studied question is whether lower income students
receive larger beneﬁts from class size reduction. In order to examine this claim
we relaxed the restriction that class size effects were the same by income (measured by subsidized lunch eligibility). The results in Table VIII generally do not
support the belief that class size effects are substantially larger for disadvantaged (subsidized lunch eligible) students. Class size effects are roughly 20 percent larger for disadvantaged students in 4th grade but actually smaller in 5th
grade. Both the grade pattern and the comparable mathematics and reading
results are very similar to the results in Table VII.
One potential perspective on these estimates comes from Project STAR, the
random assignment experiment in class size reduction conducted in Tennessee
(Word et al. (1990)).38 While these experimental results are not directly comparable because they consider just grades K to 3, they indicate that a reduction
37

The progressively more stringent estimates found across the columns does introduce some
instability in the estimates, particularly in the ﬁnal column. The smaller though still signiﬁcant
coefﬁcients in the full ﬁxed effects model for mathematics are consistent with the possibility that
the school-by-grade and school-by-year ﬁxed effects together aggravate problems associated with
measurement error, but the results for reading go in the opposite direction.
38
Project STAR randomly assigned a large group of kindergarten students to regular sized
classes (22–25 students), regular sized classes with an aide, or small classes (13–17 students).
It was designed to follow these students through grade 3, but there were signiﬁcant attrition
problems and subsequent additions of students to the experiment. Achievement tests were given
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of eight students per class yields kindergarten achievement gains in math and
reading of 0.17 standard deviations, which is roughly 60 percent larger than our
4th grade result for mathematics and reading. However, the deeper inconsistency that cannot be resolved here is that the experimental results indicate that
virtually all of the achievement gain in STAR is associated with the ﬁrst year in
a small class—generally kindergarten or 1st grade—and not subsequent small
class treatments (Krueger (1999)), while we ﬁnd that smaller classes still have
an effect in 4th and 5th grade.
The STAR experiment also reveals very large variation in student performance across individual classrooms. Speciﬁcally, all randomization occurred
within each experimental school, and students in the large classes outperformed schoolmates in smaller classes in almost half of the schools (Hanushek
(1999b)). This experimental ﬁnding is consistent with the conclusions here that
differences in teacher quality within schools are quite large.
The school-by-year ﬁxed effect estimates in column 3 of Table VII provide
the basis for a simple comparison of policy alternatives. While it is difﬁcult
to estimate the cost of improving teacher quality, our lower bound estimates
of the variation in quality found just within schools indicate that one standard deviation in quality is worth at least 0.11 standard deviations higher annual growth in mathematics achievement and 0.095 standard deviations higher
annual growth in reading in elementary school. This magnitude of change is
equivalent to a class size reduction of approximately ten students in 4th grade
and thirteen or more students in 5th grade, and an implausibly large number in
6th grade. In 7th grade there appears to be no signiﬁcant beneﬁt from smaller
classes in mathematics, while in reading neither class size nor teacher quality
appears to exert a substantial effect on achievement. Note that these comparisons assume both no accompanying changes in teacher quality and linearity
in class size effects, the latter of which appears reasonable based on semiparametric estimates for class sizes between 10 and 35 students (results not
reported).
6.2.2. Teacher characteristics
The results for teacher experience generally support the notion that beginning teachers and to a lesser extent second and third year teachers in mathematics perform signiﬁcantly worse than more experienced teachers. There may
be some additional gains to experience in the subsequent year or two, but the
estimated beneﬁts are small and not statistically signiﬁcant in both mathematics and reading in any of the ﬁxed effect speciﬁcations. Similar to the case for
class size, the results in the full ﬁxed effect model in column 4 are much weaker

at the end of each grade, and a comparison showed that students in small classes outperformed
those in regular classes in their ﬁrst experimental year (K or 1) but that no additional gains were
made. See Hanushek (1999b) and Krueger (1999).
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than in the other ﬁxed effects models, consistent with the view that multiple
ﬁxed effects can exacerbate problems with measurement error. The addition
of school-by-grade ﬁxed effects reduces the magnitude of all coefﬁcients, and
only the estimated effect of proportion of new teachers on math achievement
gain is signiﬁcant.
Importantly, the teacher experience effect conceptually combines two very
distinct phenomena. First, new teachers may need to go through an adjustment
period where they learn the craft of teaching along with adjusting to the other
aspects of an initial job. Second, a number of the early teachers discover that
they are not well matched for teaching and subsequently leave the profession
within the ﬁrst few years. Between entry and the end of two years, 18 percent of
teachers will leave the Texas public schools, and another 6 percent will switch
districts (Hanushek, Kain, and Rivkin (2004b)). The estimated parameters in
Table VII combine the effects of on-the-job learning and of selective exit and
mobility.
Table IX presents the basic estimates of ﬁrst year teaching on achievement
(with individual and school ﬁxed effects) for samples that exclude those who
immediately leave teaching or switch schools. The close similarity of the estimates across the samples compared to those in Table VII for both mathematics
and reading indicates that on-the-job learning is the dominant element of the
experience effect. Importantly, these results also suggest that the average quality of those who quit teaching after one year is similar to the average quality of
those who remain, providing additional support for the validity of the estimates
of the variance in teacher quality.
TABLE IX
EFFECTS OF PROPORTION OF TEACHERS WITH ZERO YEARS OF EXPERIENCE ON
MATHEMATICS AND READING TEST SCORE GAINS, BY NEW TEACHER TRANSITIONS
(ROBUST STANDARD ERRORS IN PARENTHESES)

Outcome
Measure

1. Mathematics
Proportion of teachers with 0
years experience
Observations
2. Reading
Proportion of teachers with 0
years experience
Observations

Excluding Teachers
Who Exit Teaching or
Switch Schools

Excluding Teachers
Who Exit Teaching

All Teachers

−0105
(0030)

−0114
(0028)

−0103
(0021)

[1,185,329]

[1,210,155]

[1,336,903]

−0040
(0024)

−0040
(0023)

−0045
(0019)

[1,181,611]

[1,206,139]

[1,330,791]

Note: Estimates come from a model that includes student and school ﬁxed effects. Speciﬁcations also include
the percentage of teachers with a graduate degree, full sets of class size variables, and grade-by-year dummies and
indicators for subsidized lunch eligibility and a change of school prior to or during year.
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Finally, consistent with previous work, there is little or no evidence that a
master’s degree raises the quality of teaching. All estimates are small (or negative) and statistically insigniﬁcant.
7. CONCLUSIONS
Prior investigations of school and teacher effects have raised as many questions as they have answered, in large part because of the difﬁculties introduced
by the endogeneity of school and classroom selection and in part because of
the failure of observable teacher characteristics to explain much of the variation in student performance. The models and data used in this paper permit us
to draw a number of sharp conclusions about public elementary education and
to provide clear answers for the questions raised in the Introduction.
(i) Teachers and therefore schools matter importantly for student achievement. The issue of whether or not there is signiﬁcant variation in school quality
has lingered, quite inappropriately, since the original Coleman Report. This
analysis identiﬁes large differences in the quality of instruction in a way that
rules out the possibility that the observed differences are driven by family factors.
The Coleman Report also popularized the issue of whether family inﬂuences
are “more important” than school inﬂuences. This is not the relevant question
for policy, which should focus on whether the beneﬁts produced by any intervention justify the costs. Though our analysis does not consider the costs
of raising teacher quality, the estimated variation in the quality of instruction clearly reveals an important role for schools and teachers in promoting
economic and social equality. Even if none of the between-school variation in
achievement is attributed to schools or teachers, it is clear that school policy
can be an important tool for raising the achievement of low income students
and that a succession of good teachers could, by our estimates, go a long way
toward closing existing achievement gaps across income groups. At the very
least, more must be known about the feasible means of providing such consistently high quality teachers.
(ii) Achievement gains are systematically related to observable teacher and
school characteristics, but the effects are generally small and concentrated among
younger students. This analysis used a ﬁxed effects approach to identify the
causal relationship between achievement and key school resources. Four major
conclusions emerge from this work.
• Similar to most past research, we ﬁnd absolutely no evidence that having a
master’s degree improves teacher skills.
• There appear to be important gains in teaching quality in the ﬁrst year of
experience and smaller gains over the next few career years. However, there
is little evidence that improvements continue after the ﬁrst three years.
• Class size appears to have modest but statistically signiﬁcant effects on mathematics and reading achievement growth that decline as students progress
through school.
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• Any differences in school resource effects by family income are small.
Partially consistent with recent experimental and statistical efforts to identify
class size effects, we ﬁnd that lowering class size has a positive effect on mathematics and reading achievement, though the magnitude of the effect is small,
particularly following 5th grade. The costs of class size reduction have not been
well estimated, but they are likely to exceed the proportional increase in the
number of teachers needed to staff the smaller classes. First, class size reduction almost certainly leads to more support expenditure, increased building requirements, and the like. Second, and more directly relevant to this discussion,
it is highly unlikely that the supply of teacher quality is perfectly elastic, so that
expansion of the teacher work force, at least in the short run, is likely to lead
either to increased salary demands or a reduction in teacher quality. Moreover, the potential tradeoff between teacher quality and class size is probably
most acute in difﬁcult to staff schools serving largely disadvantaged student
populations (Hanushek (1999a), Jepsen and Rivkin (2002)).
(iii) The disjuncture between estimates of the variation of teacher quality and
the explanatory power of measured teacher characteristics creates a clear dilemma
for policy makers. Though it is tempting to tighten standards for teachers in
an effort to raise quality, the results in this paper and elsewhere raise serious
doubts that more restrictive certiﬁcation standards, education levels, etc. will
succeed in raising the quality of instruction. Rather the substantial differences
in quality among those with similar observable backgrounds highlight the importance of effective hiring, ﬁring, mentoring, and promotion practices. Research shows that principals can, when asked, separate teachers on the basis
of quality (Murnane (1975), Armor et al. (1976)), but the substantial variation documented in this paper strongly suggests that personnel practices in the
Texas public schools are very imperfect.
One dimension of policy does, nonetheless, deserve special attention. Economically disadvantaged students systematically achieve less than more advantaged students, on average falling some 0.6 standard deviations behind.39 While
we ﬁnd little reason to believe that school resources have a larger impact on
disadvantaged students, we do know that low income and minority students
face higher teacher turnover and tend to be taught more frequently by beginning teachers (Hanushek, Kain, and Rivkin (2004b)). Because beginning
teachers, regardless of their ultimate abilities, tend to perform more poorly,
policies should be developed to both keep more senior teachers in the classrooms of disadvantaged students and to mitigate the impact of inexperience.
These may include improved mentoring of new teachers and policies designed
speciﬁcally to cut down teacher turnover. Of course, it goes without saying that
39

The measure of family income is eligibility for a free or reduced price school lunch. This
measure, while quite commonly used because of its availability in administrative records, is an
imprecise categorization of economic circumstances.
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effective policies will pay particular attention to the substantial variation in
teacher quality.
The desirability of speciﬁc policy changes remains quite speculative because of the limited experience with alternative organizational forms, incentives, and accountability policies. A very appealing though untested approach
to raising teacher quality would move the focus away from the state legislatures and schools of education and toward principals and other administrators
(Hanushek and Rivkin (2004)). In the presence of incentives such as expanded
choice, school report cards, or other types of accountability systems, administrators would likely alter their behavior and personnel policies in ways that
beneﬁt students. In particular, there would likely be much more focus on student outcomes of interest. Not only would improved personnel policies likely
raise the performance level of existing teachers, there is strong reason to believe that a closer link between rewards and performance would improve the
stock of teachers. Of course inappropriate incentives likely lead to adverse outcomes, and it is imperative that schools learn from their mistakes and evolve
toward more effective systems of school governance.
Dept. of Economics, Amherst College, Amherst, MA 01002, U.S.A.;
sgrivkin@amherst.edu,
Hoover Institution, Stanford University, Stanford, CA 94305, U.S.A.;
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University of Texas at Dallas (deceased).
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APPENDIX A: THE EFFECT OF NONRANDOM TEACHER ATTRITION
ON TURNOVER-BASED ESTIMATOR OF TEACHER QUALITY VARIATION
The estimator of teacher quality derived from equation (7) assumes that the
error term (e) is uncorrelated with teacher turnover. If, however, there is systematic teacher attrition that varies by quality, the estimator may no longer be
a lower bound but may in fact overestimate the variance in quality. This specifically would be the case if attrition is concentrated in the tails of the quality
distribution. It is most natural to think of this as a problem of sample selection
where teachers who depart have a different distribution in terms of quality than
those who remain. Thus, schools with turnover would tend to have a different
quality distribution for teachers.
The nature of the problem with selective attrition using our estimator is easiest to see in the simpler comparison of the squared difference in grade g gains
for successive cohorts, although it would easily generalize to the full estimator.
The subtraction of 5th grade average gain from 6th grade average gain for a
cohort removes any student and school ﬁxed effects (including overall hiring
practices) but does not address problems related to nonrandom teacher departures.
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TABLE A1
UNDERLYING DISTRIBUTION OF TEACHER
QUALITY FOR NEW HIRES
Relative Teacher Quality (q)

Frequency: f (q)

−1
0
1

025
050
025

The potential impact of selective attrition is directly seen from a simple simulation using a trinomial quality distribution. Table A1 describes a distribution
of new hires that has a variance of quality equal to 0.5. With this distribution
of new hires, it is possible to simulate the estimator of school quality both with
random departures and with systematic departures that differ across the distribution.
First, consider the turnover-based estimator of the variance in teacher quality when there are random departures. Table A2 begins with the distribution
of teacher quality in Table A1 and then assumes that teachers leave randomly
(and are replaced by a random selection of teachers according to the distribution in Table A1). Consequently there are nine possible transitions, three for
each of the period 0 quality categories.
In this simple one grade example, the expected period 0/period 1 difference
in quality is two times the variance in teacher quality (instead of four times the
variance as derived in the full estimator that considers deviations across grades
and cohorts). Table A2 shows that the estimator yields the true variation in
quality when there is random hiring and departures.
Consider, however, the identical estimator with strongly nonrandom departures characterized by probabilities of departure of 0.5, 0.0, and 0.5 for the
TABLE A2
TRANSITION MATRIX AND VARIANCE ESTIMATE WITH RANDOM ATTRITION
Relative Teacher
Quality (q0 ) Period 1

Relative Teacher
Quality (q1 ) Period 2

Transition Frequency:
f (q1 q0 )

Squared Quality
Difference (q1 − q0 )2

−1

−1
0
+1

00625
0125
00625

0
1
4

0

−1
0
+1

0125
0250
0125

1
0
1

+1

−1
0
+1

00625
0125
00625

4
1
0

Notes: Weighted sum of squared differences = 10; estimated variance = 1/2 squared differences = 05.
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TABLE A3
TRANSITION MATRIX AND VARIANCE ESTIMATE WITH NONRANDOM ATTRITION
CONCENTRATED IN THE TAILS OF THE QUALITY DISTRIBUTION
Relative Teacher
Quality (q0 ) Period 1

Relative Teacher
Quality (q1 ) Period 2

Transition Frequency:
f (q1 q0 )

Squared Quality
Difference (q1 − q0 )2

−1

−1
0
+1

0125
0250
0125

0
1
4

0

−1
0
+1

00
00
00

1
0
1

+1

−1
0
+1

0125
0250
0125

4
1
0

Notes: Weighted sum of squared differences = 15; estimated variance = 1/2 squared differences = 075.

three quality groups in Table A1. Table A3 describes the transition probabilities, sum of squared quality differences, and the simulated variance estimates.
If departures were as concentrated in the tails of the distribution as they are
in this example, our method would overstate the variance in teacher quality by
50 percent: 0.75 instead of 0.5. Note that this upward bias would also arise if
all departures were concentrated in only one of the tails of the distribution.
In general, if attrition is weighted toward the tails of the quality distribution
the turnover-based estimator will tend to overestimate the variance of quality,
and the opposite will hold if attrition is concentrated in the center of the quality
distribution.
APPENDIX B: TEXAS SCHOOL DATA
The data that are used in this paper come from the data development activity of the UTD Texas Schools Project of the University of Texas at Dallas; see
Kain (2001). Working with the Texas Education Agency (TEA), this project
has combined a number of different data sources to compile an extensive data
set on schools, teachers, and students. Demographic information on students
and teachers is taken from the PEIMS (Public Education Information Management System), which is TEA’s statewide educational data base. Test score
results and a limited amount of student demographic information are stored in
a separate data base maintained by TEA and must be merged with the student
data on the basis of unique student IDs. Data are compiled for all public school
students in Texas, allowing us to use the universe of students in the analyses.
In this paper all of the information on students comes from the test score data
base, and we combine student information from the Texas Assessment of Academic Skills (TAAS) data base with teacher and school information contained
in the PEIMs data base for three student cohorts: 3rd through 7th grade test
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TABLE B1
VARIABLE MEANS AND STANDARD DEVIATIONS
Teacher Characteristics
Math Test
Score Gain

Reading Test
Score Gain

Class
Size

% with
Graduate Degree

% 0 Years
Experience

% 1 Year
Experience

4th grade

−001
(070)

−002
(073)

195
(23)

237
(243)

61
(124)

59
(125)

143,314

5th grade

001
(064)

001
(068)

226
(36)

251
(262)

59
(137)

60
(136)

438,561

6th grade

002
(061)

002
(068)

221
(39)

245
(274)

74
(166)

69
(157)

455,438

7th grade

−002
(055)

−001
(066)

215
(42)

220
(267)

92
(184)

89
(180)

299,590

Observations

scores for one cohort (4th graders in 1995) and 4th through 7th grade test
scores for the other two (4th graders in 1993 and 1994).40
Beginning in 1993, the Texas Assessment of Academic Skills (TAAS) was administered each spring to eligible students enrolled in grades 3 through 8. We
focus on test results for mathematics and reading. The bottom one percent of
test scores are trimmed from the sample in order to reduce measurement error.
Participants in bilingual or special education programs are also excluded from
the sample, because of the difﬁculty in measuring school and teacher characteristics for students who split time between regular classrooms and special
programs.
Student data are merged with information on teachers using unique school
identiﬁers. The personnel data provide information on all Texas public school
teachers for each year. Experience and highest degree earned are reported, as
are the class size, subject, grade, and population served for each class taught.
Although the currently available data do not permit linking individual students
with speciﬁc teachers, the available information is used to construct subject and
grade average characteristics for teachers in regular classrooms.
In an effort to reduce problems associated with measurement error, a number of observations are excluded from the data set. The following paragraphs
describe in detail the construction of the variables and the sample selection
procedures.
Measurement error in the teacher characteristics is an important issue. In
many cases reported teacher experience in one year does not correspond with
reported teacher experience for other years. If the experience sequence is valid
except for one or two years that do not follow from the others, we correct ex40
Note that, while we have 3rd grade test information, our analysis begins at 4th grade because
of the focus on achievement gains.
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perience for those years. If experience data are inconsistent for all the years, if
there are two consistent patterns, or if correction would impute negative years
of experience, no corrections are made. In any case, no teachers are excluded
from the ﬁnal sample on the basis of inconsistent experience data, though the
results are not sensitive to their inclusion, possibly because we used discreet
experience categories.
The case of average class size is somewhat more complicated. Teachers were
asked to report the average class size for each class they taught that was of a
different size. Unfortunately, many teachers appear to have reported the total
number of students taught per day. This becomes particularly problematic for
schools that move from general to subject speciﬁc teachers. Consider a school
with two 4th grade classes of twenty students in which the two teachers each
teach all subjects. If the school switches to math and reading specialists for
5th grade and each teaches one subject for each class, they will report class
sizes of forty if they report total number of students served. It will appear that
class sizes doubled as students aged, when in fact they remain the same.
In order to reduce problems introduced by measurement, all reported class
sizes that fall below ten or above twenty ﬁve in 4th grade (thirty ﬁve in higher
grades) are set to missing prior to the computation of school averages for each
grade. By statute, 4th grade classes are not supposed to exceed twenty two students, though some schools receive waivers to provide slightly larger classes.
It is our understanding that very few elementary schools in Texas have actual
class sizes in later grades that exceed thirty ﬁve students during this period. Estimates of class size effects increased in magnitude following these exclusions,
suggesting that class size was measured with error for these schools.
Access to the administrative data on student performance is currently restricted by U.S. federal law. Further information on data access along with the
speciﬁc variable deﬁnitions, data construction, and data that may currently be
released are found in Rivkin, Hanushek, and Kain (2005).
APPENDIX C: ALTERNATIVE TEACHER QUALITY ESTIMATES
TABLE C1
TEACHER QUALITY STANDARD DEVIATION ESTIMATES CALCULATED
FROM SQUARED DIFFERENCE IN QUALITY FOR PERIODS 0 AND 1, BASED
ON OBSERVED DISTRIBUTIONS OF TEACHER QUALITY AND DEPARTURE RATES
Number of Teacher
Quality Intervals

20 (Table VI)
40
60
30 with tails

σ Assuming Random
Departures

σ Assuming Empirical Distribution
of Departures

0.395
0.397
0.397
0.422

0.399
0.401
0.402
0.427
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TABLE C2

EFFECT OF TEACHER TURNOVER ON THE DIVERGENCE OF GAINS IN MATHEMATICS AND
READING TEST SCORES BETWEEN COHORTS FOR SCHOOLS WITH ONE TEACHER
PER GRADE (STANDARD ERRORS IN PARENTHESES)
No Fixed
Effects

Individual and
School Fixed Effects

Individual and
School-by-Grade Fixed Effects

1. Mathematics
Proportion different
math teachers/number
of teachers

0.124
(0.039)

0.117
(0.039)

0.042
(0.047)

2. Reading
Proportion different
English teachers/number
of teachers

0.181
(0.037)

0.180
(0.049)

0.061
(0.042)

Notes: All equations include the inverse of the number of students, numbers of new principals and superintendents
in the school during adjacent years, and a cohort dummy variable. Sample size is 294 for the mathematics and 300 for
the reading speciﬁcations. Table III notes describe the estimation speciﬁcations.
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capital measures—including those determining compensation—explain little of the variation in estimated quality.
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I. Introduction
The Coleman Report (Coleman et al. 1966) broke new ground in the
estimation of education production functions, concluding that family
background and peers were more important than schools and teachers in
educational outcomes such as test scores and graduation rates. While research since Coleman supports the inﬂuence of family background, substantiation of the importance of other factors, particularly schools and
teachers, has evolved slowly with the release of better data. Today, most
researchers agree that schools and teachers matter.1 However, how much
they matter, the degree to which they vary across subpopulations, how
robust quality rankings are to speciﬁcation choices, and whether measurable characteristics such as teacher education and experience affect
student educational outcomes continue to be of considerable research and
policy interest.
In this study, we use administrative data from the Chicago public high
schools to estimate the importance of teachers on student mathematics
test score gains and then relate our measures of individual teacher effectiveness to observable characteristics of the instructors. Our measure of
teacher quality is the effect on ninth-grade math scores of a semester of
instruction with a given teacher, controlling for eighth-grade math scores
and student characteristics. Our data provide us with a key advantage in
generating this estimate: the ability to link teachers and students in speciﬁc
classrooms. In contrast, many other studies can only match students to
the average teacher in a grade or school. In addition, because teachers are
observed in multiple classroom settings, our teacher effect estimates are
less likely to be driven by idiosyncratic class effects. Finally, the administrative teacher records allow us to separate the effects of observed teacher
characteristics from unobserved aspects of teacher quality.
Consistent with earlier studies, we ﬁnd that teachers are important
inputs in ninth-grade math achievement. Namely, after controlling for
initial ability (as measured by test scores) and other student characteristics,
teacher effects are statistically important in explaining ninth-grade math
test score achievement, and the variation in teacher effect estimates is large
1
Literature reviews include Greenwald, Hedges, and Laine (1996) and Hanushek (1996, 1997, 2002). A brief sampling of other work on teacher effects includes
Murnane (1975), Goldhaber and Brewer (1997), Angrist and Lavy (2001), Jepsen
and Rivkin (2002), Rivers and Sanders (2002), Jacob and Lefgren (2004), Rockoff
(2004), Kane and Staiger (2005), Rivkin, Hanushek, and Kain (2005), and Kane,
Rockoff, and Staiger (2006). The earliest studies on teacher quality were hampered
by data availability and thus often relied on state- or school-level variation. Aggregation and measurement error compounded by proxies such as student-teacher
ratios and average teacher experience can introduce signiﬁcant bias. More recent
studies, such as Rockoff (2004), Kane and Staiger (2005), Rivkin et al. (2005), and
Kane et al. (2006), use administrative data like ours to minimize these concerns.
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enough such that the expected difference in math achievement between
having an average teacher and one that is one standard deviation above
average is educationally important. However, a certain degree of caution
must be exercised in estimating teacher quality using teacher ﬁxed effects
as biases related to measurement, particularly due to small populations
of students used to identify certain teachers, can critically inﬂuence results.
Sampling variation overstates our measures of teacher quality dispersion
by amounts roughly similar to Kane and Staiger’s (2002, 2005) evaluations
of North Carolina schools and Los Angeles teachers. Correcting for sampling error, we ﬁnd that the standard deviation in teacher quality in the
Chicago public high schools is at least 0.13 grade equivalents per semester.
Thus, over two semesters, a one standard deviation improvement in math
teacher quality translates into an increase in math achievement equal to
22% of the average annual gain. This estimate is a bit higher than, but
statistically indistinguishable from, those reported in Rockoff (2004) and
Rivkin et al. (2005).2
Furthermore, we show that our results are unlikely to be driven by
classroom sorting or selective use of test scores and, perhaps most importantly, the individual teacher ratings are relatively stable over time and
reasonably impervious to a wide variety of conditioning variables. The
latter result suggests that test score value-added measures for teacher productivity are not overly sensitive to reasonable statistical modeling decisions, and thus incentive schemes in teacher accountability systems that
rely on similar estimates of productivity are not necessarily weakened by
large measurement error in teacher productivity.
We also show how estimates vary by initial (eighth-grade) test scores,
race, and sex and ﬁnd that the biggest impact of a higher quality teacher,
relative to the mean gain of that group, is among African American students and those with low or middle range eighth-grade test scores. We
ﬁnd no difference between boys and girls.
Finally, the vast majority of the variation in teacher effects is unexplained by easily observable teacher characteristics, including those used
for compensation. While some teacher attributes are consistently related
to our quality measure, together they explain at most 10% of the total
variation in estimated teacher quality. Most troubling, the variables that
determine compensation in Chicago—tenure, advanced degrees, and
teaching certiﬁcations—explain roughly 1% of the total variation in es2
Rivkin et al.’s (2005) lower bound estimates suggest that a one standard deviation increase in teacher quality increases student achievement by at least 0.11
standard deviations. Rockoff (2004) reports a 0.1 standard deviation gain from a
one standard deviation increase in teacher quality from two New Jersey suburban
school districts. In our results, a one standard deviation increase in teacher quality
over a full year implies about a 0.15 standard deviation increase in math test score
gains.
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timated teacher quality. These results highlight the lack of a close relationship between teacher pay and productivity and the difﬁculty in developing compensation schedules that reward teachers for good work
based solely on certiﬁcations, degrees, and other standard administrative
data. That is not to say such schemes are not viable. Here, the economically
and statistically important persistence of teacher quality over time should
be underscored. By using past performance, administrators can predict
teacher quality. Of course, such a history might not exist when recruiting,
especially for rookie teachers, or may be overwhelmed by sampling variation for new hires, a key hurdle in prescribing recruitment, retention,
and compensation strategies at the beginning of the work cycle. Nevertheless, there is clearly scope for using test score data among other evaluation tools for tenure, compensation, and classroom organization decisions.
While our study focuses on only one school district over a 3-year
period, this district serves a large population of minority and lower income
students, typical of many large urban districts in the United States. Fiftyﬁve percent of ninth graders in the Chicago public schools are African
American, 31% are Hispanic, and roughly 80% are eligible for free or
reduced-price school lunch. Similarly, New York City, Los Angeles Uniﬁed, Houston Independent School District, and Philadelphia City serve
student populations that are 80%–90% nonwhite and roughly 70%–80%
eligible for free or reduced-price school lunch (U.S. Department of Education 2003). Therefore, on these dimensions Chicago is quite representative of the school systems that generate the most concern in education
policy discussions.
II. Background and Data
The unique detail and scope of our data are major strengths of this
study. Upon agreement with the Chicago Public Schools (CPS), the Consortium on Chicago School Research at the University of Chicago provided us with administrative records from the city’s public high schools.
These records include all students enrolled and teachers working in 88
CPS high schools from 1996–97 to 1998–99.3 We concentrate on the performance of ninth graders in this article.
The key advantage to using administrative records is being able to work
with the population of students, a trait of several other recent studies,
including Rockoff (2004), Kane and Staiger (2005), Rivkin et al. (2005),
and Kane et al. (2006). Apart from offering a large sample of urban schoolchildren, the CPS administrative records provide several other useful fea3
Of the 88 schools, six are so small that they do not meet criteria on sample
sizes that we describe below. These schools are generally more specialized, serving
students who have not succeeded in the regular school programs.
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tures that rarely appear together in other studies. First, this is the ﬁrst
study that we are aware of that examines high school teachers. Clearly,
it is important to understand teacher effects at all points in the education
process. Studying high schools has the additional advantage that classrooms are subject speciﬁc, and our data provide enough school scheduling
detail to construct actual classrooms. Thus, we can examine studentteacher matches at a level that plausibly corresponds with what we think
of as a teacher effect. This allows us to isolate the impact of math teachers
on math achievement gains. However, we can go even further by, say,
looking at the impact of English teachers on math gains. In this study,
we report such exercises as robustness checks, but data like these offer
some potential for exploring externalities or complementarities between
teachers.
The teacher records also include speciﬁcs about human capital and
demographics. These data allow us to decompose the teacher effect variation into shares driven by unobservable and observable factors, including
those on which compensation is based. Finally, the student and teacher
records are longitudinal. This has several advantages. Although our data
are limited to high school students, they include a history of pre–high
school test scores that can be used as controls for past (latent) inputs.
Furthermore, each teacher is evaluated based on multiple classrooms over
(potentially) multiple years, thus mitigating the inﬂuence of unobserved
idiosyncratic class effects.
A. Student Records
There are three general components of the student data: test scores,
school and scheduling variables, and family and student background measures. Like most administrative data sets, the latter is somewhat limited.
Table 1 includes descriptive statistics for some of the variables available,
including sex, race, age, eligibility for the free or reduced school lunch
program, and guardian (mom, dad, grandparent, etc.). Residential location
is also provided, allowing us to incorporate census tract information on
education, income, and house values. We concentrate our discussion below
on the test score and scheduling measures that are less standard.
1. Test Scores
In order to measure student achievement, we rely on student test scores
from two standardized tests administered by the Chicago Public
Schools—the Iowa Test of Basic Skills (ITBS) administered in the spring
of grades 3–8 and the Test of Achievement and Proﬁciency (TAP) administered during the spring for grades 9 and 11.4 We limit the study to
4
TAP testing was mandatory for grades 9 and 11 through 1998. The year 1999
was a transition year in which ninth, tenth, and eleventh graders were tested.
Starting in 2000, TAP testing is mandatory for grades 9 and 10.

Table 1
Descriptive Statistics for the Student Data

Sample size:
Total
1997
1998
1999

All Students
(1)

Students with
Eighth- and
Ninth-Grade
Math Test
Scores
(2)

Students with
Eighth- and
Ninth-Grade
Math Test
Scores 1 Year
Apart
(3)

84,154
29,301
27,340
27,513

64,423
21,992
20,905
21,526

52,957
17,941
16,936
18,080

Mean
Test scores (grade equivalents):
Math, ninth grade
9.07
Math, eighth grade
7.75
Math change, eighth to ninth grade 1.15
Reading comprehension, ninth
grade
8.50
Reading comprehension, eighth
grade
7.64
Reading change, eighth to ninth
grade
.66
Demographics:
Age
14.8
Female
.497
Asian
.035
African American
.549
Hispanic
.311
Native American
.002
Eligible for free school lunch
.703
Eligible for reduced-price school
lunch
.091
Legal guardian:
Dad
.241
Mom
.620
Nonrelative
.041
Other relative
.038
Stepparent
.002
Schooling:
Take algebra
.825
Take geometry
.101
Take computer science
.003
Take calculus
.0001
Fraction honors math classes
.081
Fraction regular math classes
.824
Fraction essential math classes
.032
Fraction basic math classes
.001
Fraction special education math
classes
.014
Fraction nonlevel math classes
.006
Fraction level missing math classes
.042
Fraction of math grades that are A
.083
Fraction of math grades that are B
.130
Fraction of math grades that are C
.201
Fraction of math grades that are D
.233
Fraction of math grades that are F
.311
Fraction of math grades missing
.042

SD

Mean

SD

Mean

SD

2.74
1.55
1.89

9.05
7.90
1.15

2.71
1.50
1.89

9.21
8.07
1.14

2.64
1.41
1.75

2.94

8.50

2.89

8.63

2.88

1.94

7.82

1.88

8.01

1.80

2.02

.67

2.02

.62

1.95

.8
14.7
.500
.511
.184
.033
.498
.570
.463
.304
.047
.002
.457
.721

.8
14.6
.500
.522
.179
.036
.495
.562
.460
.307
.046
.002
.448
.728

.7
.500
.185
.496
.461
.046
.445

.288

.097

.295

.103

.304

.428
.485
.197
.191
.050

.244
.626
.039
.034
.002

.429
.484
.195
.182
.047

.253
.619
.037
.032
.002

.435
.486
.189
.177
.046

.380
.302
.054
.011
.269
.360
.172
.036

.865
.092
.003
.0001
.093
.827
.029
.001

.342
.290
.057
.010
.286
.356
.163
.031

.950
.022
.003
.0001
.101
.820
.032
.001

.217
.145
.057
.008
.297
.361
.172
.034

.114
.057
.166
.256
.297
.351
.371
.430
.166

.009
.005
.036
.085
.138
.218
.250
.272
.036

.093
.054
.146
.257
.304
.359
.378
.410
.146

.009
.006
.030
.093
.151
.232
.252
.241
.030

.093
.057
.125
.267
.313
.364
.374
.389
.125
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Table 1 (Continued)

Number of math/computer science
classes taken in ninth grade
Number of times in ninth grade
Changed school within the year
Average class size among ninthgrade math classes
Cumulative GPA, spring
Average absences in ninth-grade
math
Identiﬁed as disabled

All Students
(1)

Students with
Eighth- and
Ninth-Grade
Math Test
Scores
(2)

Students with
Eighth- and
Ninth-Grade
Math Test
Scores 1 Year
Apart
(3)

2.1
1.10
.034

2.1
1.08
.030

2.1
1.00
.027

22.7
1.71
13.9
.021

.4
.31
.180
7.5
1.08

23.2
1.82

16.7
11.6
.143
.024

.4
.28
.170
7.4
1.04
13.7
.154

23.6
1.93
9.9
.022

.4
.00
.163
7.5
1.03
11.7
.147

Note.—The share of students disabled does not include students identiﬁed as learning disabled.
Roughly 9% of CPS students in our estimation sample are identiﬁed as learning disabled.

ninth-grade students and primarily limit our analysis to math test scores.
By limiting the study to ninth-grade students, we can also limit the sample
to students with test scores from consecutive years in order to ensure
that we associate math achievement with the student’s teacher exposure
in that same year. Although we also have information on reading test
scores, we choose to focus on math achievement because the link between
math teachers and math test scores is cleaner than for any single subject
and reading scores. In addition, math test scores seem to have more, or
are often assumed to have more, predictive power than reading scores for
future productivity (see, e.g., Murnane et al. 1991; Grogger and Eide 1995;
and Hanushek and Kimko 2000).
Multiple test scores are vital, as important family background measures,
particularly income and parental education, are unavailable. While there
are various ways to account for the cumulative effect of inputs that we
cannot observe, we rely on a general form of the value-added model of
education production in which we regress the ninth-grade test score on
the variables of interest while controlling for initial achievement as measured by the previous year’s eighth-grade test score.
We observe both eighth- and ninth-grade test scores for the majority
of ninth-grade students, as shown in table 1. Scores are reported as grade
equivalents, a national normalization that assigns grade levels to test score
results in order to evaluate whether students have achieved the skills that
are appropriate for their grade. For instance, a 9.7 implies that the student
is performing at the level of a typical student in the seventh month of
ninth grade. Unique student identiﬁers allow us to match the ninth-grade
students to both their ninth-grade TAP score and their eighth-grade ITBS
score.
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Eighth- and ninth-grade test score data are reported for between 75%
and 78% of the ninth-grade students in the CPS, yielding a potential
sample of around 64,000 unique students over the 3-year period. Our
sample drops to 53,000 when we exclude students without eighth- and
ninth-grade test scores in consecutive school years and those with test
score gains in the 1st and 99th percentiles.
Since the ninth-grade test is not a high stakes test for either students
or teachers, it is less likely to elicit “cheating” in any form compared to
the explicit teacher cheating uncovered in Jacob and Levitt (2003). In
addition, by eliminating the outlier observations in terms of test score
gains, we may drop some students for whom either the eighth- or ninthgrade test score is “too high” due to cheating. That said, there may be
reasonable concern that missing test scores reﬂect some selection about
which students take the tests or which test scores are reported.
Approximately 11% of ninth graders do not have an eighth-grade math
test score, and 17% do not have a ninth-grade score.5 There are several
possible explanations for this outcome: students might have transferred
from another district, did not take the exam, or perhaps simply did not
have scores appearing in the database. Missing data appear more likely
for the subset of students who tend to be male, white or Hispanic, older,
and designated as having special education status (and thus potentially
exempt from the test). Convincing exclusion restrictions are not available
to adequately assess the importance of selection of this type.6 However,
later in the article we show that our quality measure is not correlated
with missing test scores, suggesting that this type of selection or gaming
of the system does not unduly inﬂuence our measure of teacher quality.
Finally, the raw data suggest that racial and income test score gaps rise
dramatically between the eighth and ninth grade. While we expect that
higher-ability students may gain more in 1 year of education than lowerability students, we also suspect that the rising gap may be a function of
the different exams. In ﬁgure 1, kernel density estimates of the eighthand ninth-grade math test scores are plotted. The ninth-grade scores are
skewed right while the eighth-grade test score distribution is more sym5

Eighty-six percent of the students took the TAP (ninth-grade test), and, of
this group, we observe scores for 98%.
6
If selection is based on potential test score improvements because schools and
teachers are gaming test score outcomes by reporting scores only for students
with the largest gains, we could overstate the impact of teacher quality. Identiﬁcation of a selection equation requires an exclusion restriction that is able to
predict the propensity to have a test score in the administrative records but is
not correlated with the educational production function’s error term. While there
is no obvious candidate, we tried several, including absences, distance to school,
and distance to school interacted with whether the student is in their neighborhood
school. With the caveat that none of these instruments are ideal, our primary
conclusions are unaffected by a selection correction that uses them.
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Fig. 1.—Kernel density estimates of eighth- and ninth-grade math test scores. Test scores
are measured in grade equivalents. Estimates are calculated using the Epanechnikov kernel.
For the eighth-grade test score a bin width of approximately 0.14 is used, while for the
ninth-grade test a bin width of approximately 0.26 is used.

metric. As a consequence, controlling for eighth-grade test scores in the
regression of ninth-grade test scores on teacher indicators and other student characteristics may not adequately control for the initial quality of
a particular teacher’s students and may thus lead us to conclude that
teachers with better than average students are superior instructors. We
drop the top and bottom 1% of the students by change in test scores to
partly account for this problem. We also discuss additional strategies,
including using alternative test score measures that are immune to differences in scaling of the test, accounting for student attributes, and analyzing groups of students by initial ability.
2. Classroom Scheduling
A second important feature of the student data is the detailed scheduling
information that allows us to construct the complete history of a student’s
class schedule while in the CPS high schools. The data include where
(room number) and when (semester and period) the class met, the teacher
assigned, the title of the class, and the course level (i.e., advanced placement, regular, etc.). Furthermore, we know the letter grade received and
the number of classroom absences. Because teachers and students were
matched to the same classroom, we have more power to estimate teacher
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effects than is commonly available in administrative records where matching occurs at the school or grade level. Additionally, since we have this
information for every student, we are able to calculate measures of classroom peers.
One natural concern in estimating teacher quality is whether there are
lingering inﬂuences from the classroom sorting process. That is, students
may be purposely placed with certain instructors based on their learning
potential. The most likely scenario involves parental lobbying, which may
be correlated with expected test score gains, but a school or teacher may
also exert inﬂuence that results in nonrandom sorting of students.7
To assess the extent to which students may be sorted based on expected
test score gains, we calculate test score dispersion for the observed teacher
assignments and for several counterfactual teacher assignments. In table
2, we report the degree to which the observed within-teacher standard
deviation in students’ pre-ninth-grade performance differs from simulated
classrooms that are either assigned randomly or sorted based on test score
rank. We use three lagged test score measures for assignment: eighthgrade test scores, sixth- to seventh-grade test score gains, and seventh- to
eighth-grade test score gains. Each panel reports results for the three fall
semesters in our data.8 The top row of each panel, labeled “Observed,”
displays the observed average within-teacher standard deviation of these
measures. This is the baseline to which we compare the simulations. Each
of the four subsequent rows assigns students to teachers either randomly
or based on pre-ninth-grade performance.
Row 2 displays the average within-teacher standard deviation when
students are perfectly sorted across teachers within their home school.9
Such a within-school sorting mechanism reduces the within-teacher standard deviation to roughly 20% of the observed analog. In contrast, if we
randomly assign students to classrooms within their original school, as
shown in row 3, the average within-teacher standard deviation is very
close to the within-teacher standard deviation that is observed in the data.
Strikingly, there is no evidence that sorting occurs on past gains; the
7
Informal discussions with a representative of the Chicago public school system
suggest that parents have little inﬂuence on teacher selection and, conditional on
course level, the process is not based on student characteristics. Moreover, our
use of ﬁrst-year high school students may alleviate concern since it is likely more
difﬁcult for schools to evaluate new students, particularly on unobservable
characteristics.
8
The estimates for the spring semester are very similar and available from the
authors on request.
9
For example, within an individual school, say there are three classrooms with
15, 20, and 25 students. In the simulation, the top 25 students, based on our preninth-grade measures, would be placed together, the next 20 in the second classroom, and the remainder in the last. The number of schools, teachers, and class
sizes are set equal to that observed in the data.
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Table 2
Mean Standard Deviation by Teacher of Lagged Student
Test Score Measures

Fall 1997:
Observed
Perfect sorting across teachers
within school
Randomly assigned teachers
within school
Perfect sorting across teachers
Randomly assigned teachers
Fall 1998:
Observed
Perfect sorting across teachers
within school
Randomly assigned teachers
within school
Perfect sorting across teachers
Randomly assigned teachers
Fall 1999:
Observed
Perfect sorting across teachers
within school
Randomly assigned teachers
within school
Perfect sorting across teachers
Randomly assigned teachers

Eighth-Grade
Scores
(1)

Sixth to Seventh
Change
(2)

Seventh to Eighth
Change
(3)

1.042

.659

.690

.214

.132

.136

1.211
.006
1.445

.635
.004
.636

.665
.004
.662

1.095

.653

.731

.252

.151

.175

1.279
.007
1.500

.635
.005
.633

.721
.008
.720

1.142

.662

.792

.274

.168

.217

1.320
.007
1.551

.647
.005
.652

.766
.009
.780

Note.—In each cell, we report the average standard deviation by teacher for the lagged math test
measure reported at the top of the column when students are assigned to teachers based on the row
description. “Observed” calculates the average standard deviation for the observed assignment of students
to teachers. “Perfect sorting” assigns students to teachers either within school or across schools based
on the test score measure at the top of the column. “Randomly assigned teachers” sort students into
teachers either within or across schools based on a randomly generated number from a uniform distribution. The random assignments are repeated 100 times before averaging across all teachers and all random
assignments. The top panel reports averages for the fall of 1997, the middle panel for 1998, and the
bottom panel for 1999.

observed standard deviations are even slightly larger than the simulations.
Using eighth-grade test scores, the randomly assigned matches tend to
have within-teacher standard deviations that are roughly 15% higher than
the observed assignments. But clearly, the observed teacher dispersion in
lagged math scores is much closer to what we would expect with random
sorting of students than what we would expect if students were sorted
based on their past performance.10
Finally, rows 4 and 5 show simulations of perfectly sorted and randomly
assigned classrooms across the entire school district. Here, the exercise
disregards which school the student actually attends. Consequently, this
10
These calculations are done using all levels of courses—honors, basic, regular,
etc. Because most classes are “regular,” the results are very similar when we limit
the analysis to regular-level classes.
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example highlights the extent to which classroom composition varies
across versus within school. We ﬁnd that the randomly assigned simulation (row 5) is about 18% above the equivalent simulation based solely
on within-school assignment and roughly 37% above the observed baseline. Furthermore, there is virtually no variation within randomly assigned
classrooms across the whole district. Thus, observed teacher assignment
is clearly closer to random than sorted, especially with regard to previous
achievement gains, but some residual sorting in levels remains. About half
of that is due to within-school classroom assignment and half to acrossschool variation. School ﬁxed effects provide a simple way to eliminate
the latter (Clotfelter, Ladd, and Vigdor 2004).
B. Teacher Records
Finally, we match student administrative records to teacher administrative records using school identiﬁers and eight-character teacher codes
from the student data.11 The teacher ﬁle contains 6,890 teachers in CPS
high schools between 1997 and 1999. Although these data do not provide
information on courses taught, through the student ﬁles we identify 1,132
possible teachers of ninth-grade mathematics classes (these are classes with
a “math” course number, although some have course titles suggesting they
are computer science). This list is further pared by grouping all teachers
who do not have at least 15 student-semesters during our period into a
single “other” teacher code for estimation purposes.12 Ultimately, we identify teacher effects for 783 math instructors, as well as an average effect
for those placed in the “other” category. While the student and teacher
samples are not as big as those used in some administrative ﬁles, they
allow for reasonably precise estimation.
Matching student and teacher records allows us to take advantage of a
11

Additional details about the matching are available in the appendix.
The larger list of teachers incorporates anyone instructing a math class with
at least one ninth-grade student over our sample period, including instructors
who normally teach another subject or grade. The number of student-semesters
for each teacher over 3 years may be smaller than expected for several reasons
(this is particularly evident in ﬁg. 2 below). Most obviously, some teacher codes
may represent errors in the administrative data. Also, some codes may represent
temporary vacancies. More importantly, Chicago Public Schools high school
teachers teach students in multiple grades as well as in subjects other than math.
In fact, most teachers of math classes in our analysis sample (89%) teach students
of multiple grade levels. For the average teacher, 58% of her students are in the
ninth grade. In addition, roughly 40% of the teachers in the analysis sample also
teach classes that are not math classes. Without excluding students for any reason,
the teachers in our sample have an average of 189 unique students in all grades
and all subjects. Limiting the classes to math courses drops the average number
of students to 169. When we further limit the students to ninth graders, the average
number of students is 80.
12
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third feature of the data: the detailed demographic and human capital
information supplied in the teacher administrative ﬁles. In particular, we
can use a teacher’s sex, race/ethnicity, experience, tenure, university attended, college major, advanced degree achievement, and teaching certiﬁcation to decompose total teacher effects into those related to common
observable traits of teachers and those that are unobserved, such as drive,
passion, and connection with students.
In order to match the teacher data to the student data we have to
construct an alphanumeric code in the teacher data similar to the one
provided in the student data. The teacher identiﬁer in the student data is
a combination of the teacher’s position number and letters from the
teacher’s name, most often the ﬁrst three letters of his or her last name.
We make adjustments to the identiﬁers in cases for which the teacher
codes in the student ﬁles do not match our constructed codes in the teacher
data due to discrepancies that arise for obvious reasons such as hyphenated
last names, use of the ﬁrst initial plus the ﬁrst two letters of the last name,
or transposed digits in the position number. Ultimately we are unable to
resolve all of the mismatches between the student and teacher data but
are able to match teacher characteristics to 75% of the teacher codes for
which we estimate teacher quality (589 teachers). Table 3 provides descriptive statistics for the teachers we can match to the student administrative records. The average teacher is 45 years old and has been in the
CPS for 13 years. Minority math and computer science teachers are underrepresented relative to the student population, as 36% are African
American and 10% Hispanic, but they compare more favorably to the
overall population of Chicago, which is 37% black or African American
and 26% Hispanic or Latino (Census 2000 Fact Sheet for Chicago, U.S.
Census Bureau). Eighty-two percent are certiﬁed to teach high school,
37% are certiﬁed to be a substitute, and 10%–12% are certiﬁed to teach
bilingual, elementary, or special education classes. The majority of math
teachers have a master’s degree, and many report a major in mathematics
(48%) or education (18%).13
III. Basic Empirical Strategy
In the standard education production function, achievement, Y , of student i with teacher j in school k at time t is expressed as a function of
cumulative own, family, and peer inputs, X, from age 0 to the current

13
Nationally, 55% of high school teachers have a master’s degree, 66% have
an academic degree (e.g., mathematics major), and 29% have a subject area education degree (U.S. Department of Education 2000).
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Table 3
Descriptive Statistics for the Teachers Matched to Math Teachers
in the Student Data

Demographics:
Age
Female
African American
White
Hispanic
Asian
Native American
Human capital:
BA major: education
BA major: all else
BA major: math
BA major: science
BA university, US News 1
BA university, US News 2
BA university, US News 3
BA university, US News 4
BA university, US News 5
BA university, US News else
BA university missing
BA university local
Master’s degree
PhD
Certiﬁcate, bilingual education
Certiﬁcate, child
Certiﬁcate, elementary
Certiﬁcate, high school
Certiﬁcate, special education
Certiﬁcate, substitute
Potential experience
Tenure at CPS
Tenure in position
Number of observations

Mean

Standard Deviation

45.15
.518
.360
.469
.100
.063
.007

10.54
.500
.480
.499
.300
.243
.082

.182
.261
.484
.073
.092
.081
.151
.076
.019
.560
.020
.587
.521
.015
.119
.015
.100
.823
.107
.365
19.12
13.31
5.96

.386
.440
.500
.260
.289
.274
.358
.266
.135
.497
.141
.493
.500
.123
.324
.123
.300
.382
.309
.482
11.30
10.00
6.11
589

Note.—There are 783 teachers identiﬁed from the student estimation sample that have
at least 15 student-semesters for math classes over the 1997–99 sample period. The descriptive
statistics above apply to the subset of these teachers that can be matched to the teacher
administrative records from the Chicago Public Schools. US News rankings are from U.S.
News & World Report (1995): level 1 p top tier universities (top 25 national universities ⫹
tier 1 national universities) ⫹ (top 25 national liberal arts colleges ⫹ tier 1 national liberal
arts colleges); level 2 p second tier national universities ⫹ second tier national liberal arts
colleges; level 3 p third tier national universities ⫹ third tier national liberal arts colleges;
level 4 p fourth tier national universities ⫹ fourth tier national liberal arts colleges; and
level 5 p top regional colleges and universities.

age, as well as cumulative teacher and school inputs, S, from grades kindergarten through the current grade:

冘
T

Yijkt p b

tp⫺5

冘
T

Xit ⫹ g

tp0

Sijkt ⫹ ijkt .

(1)

The requirements to estimate (1) are substantial. Without a complete set
of conditioning variables for X and S, omitted variables may bias estimates
of the coefﬁcients on observable inputs unless strong and unlikely as-
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sumptions about the covariance structure of observables and unobservables are maintained. Thus, alternative identiﬁcation strategies are typically applied.
A simple approach is to take advantage of multiple test scores. In particular, we estimate a general form of the value-added model by including
eighth-grade test scores as a covariate in explaining ninth-grade test scores.
Lagged test scores account for the cumulative inputs of prior years while
allowing for a ﬂexible autoregressive relationship in test scores. Controlling for past test scores is especially important with these data, as
information on the family and pre-ninth-grade schooling is sparse.
We estimate an education production model of the general form
8
Yikt9 p aYit⫺1
⫹ bXi ⫹ tTit ⫹ vi ⫹ rk ⫹ ijkt ,

(2)

where Yikt9 refers to the ninth-grade test score of student i, who is enrolled
8
in ninth grade at school k in year t; Yit⫺1
is the eighth-grade test score for
student i, who is enrolled in ninth grade in year t; and vi, rk, and ijk
measure the unobserved impact of individuals, schools, and white noise,
respectively.14 Each element of matrix Tit records the number of semesters
spent in a math course with teacher j. To be clear, this is a cross-sectional
regression estimated using ordinary least squares with a slight deviation
from the standard teacher ﬁxed effect speciﬁcation.15 Therefore, tj is the
jth element of the vector t , representing the effect of one semester spent
with math teacher j. Relative to equation (1), the impact of lagged schooling and other characteristics is now captured by the lagged test score
measure.
While the value-added speciﬁcation helps control for the fact that teachers may be assigned students with different initial ability on average, this
strategy may still mismeasure teacher quality. For simplicity, assume that
all students have only one teacher for one semester so that the number
of student-semesters for teacher j equals the number of students, Nj. In
Nj
Nj
this case, estimates of tj may be biased by rk ⫹ N1 冘 ip1
vi ⫹ N1 冘 ip1
ijkt.
The school term rk is typically removed by including measures of school
quality, a general form of which is school ﬁxed effects. School ﬁxed effects
estimation is useful to control for time-invariant school characteristics
that covary with individual teacher quality, without having to attribute
the school’s contribution to speciﬁc measures. However, this strategy
requires the identiﬁcation of teacher effects to be based on differences in
the number of semesters spent with a particular teacher and teachers that
switch schools during our 3-year period. For short time periods, such as
j

14

j

All regressions include year indicators to control for any secular changes in
test performance or reporting.
15
For repeaters, we use their ﬁrst ninth-grade year so as to allow only a 1-year
gap between eighth- and ninth-grade test results.
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a single year, there may be little identifying variation to work with. Thus,
this cleaner measure of the contribution of mathematics teachers comes
at the cost of potential identifying variation. In addition, to the extent
that a principal is good because she is able to identify and hire high quality
teachers, some of the teacher quality may be attributed to the school. For
these reasons, we show many results both with and without allowing for
school ﬁxed effects.
Factors inﬂuencing test scores are often attributed to a student’s family
background. In the context of gains, many researchers argue that timeinvariant qualities are differenced out, leaving only time-varying inﬂuences, such as parental divorce or a student’s introduction to drugs, in
Nj
1
冘 ip1
vi. While undoubtedly working in gains lessens the omitted variN
ables problem, we want to be careful not to claim that value-added frameworks completely eliminate it. In fact, it is quite reasonable to conjecture
that student gains vary with time-varying unobservables. But given our
statistical model, bias is only introduced to the teacher quality rankings
if students are assigned to teachers based on these unobservable changes.16
Furthermore, we include a substantial list of observable student, family,
and peer traits because they may be correlated with behavioral changes
that inﬂuence achievement and may account for group differences in gain
trajectories.
Finally, as the ﬁndings of Kane and Staiger (2002) make clear, the error
Nj
term N1 冘 ip1
ijkt is particularly problematic when teacher ﬁxed effect estimates are based on small populations (small Nj ). In this case, sampling
variation can overwhelm signal, causing a few good or bad draws to
strongly inﬂuence the estimated teacher ﬁxed effect. Consequently, the
standard deviation of the distribution of estimated tj is most likely inﬂated.
This problem is illustrated by ﬁgure 2, in which we plot our estimates
t̂j (conditional on eighth-grade math score, year indicators, and student,
family, and peer attributes, as described below) against the number of
student-semesters on which the estimate is based. What is notable is that
the lowest and highest performing teachers are those with the fewest
student-semesters. The expression 冘 i Tij represents the number of studentsemesters taught by teacher j over the 3-year period examined (see n. 12
for a discussion of the distribution of 冘 i Tij). As more student-semesters
are used to estimate the ﬁxed effect, the importance of sampling variation
declines and reliability improves. Regressing Ftˆ jF on 冘 i Tij summarizes this
association. Such an exercise has a coefﬁcient estimate of ⫺0.00045 with
a standard error of 0.000076, suggesting that number of student-semesters
is a critical correlate of the magnitude of estimated teacher quality. The
j

j

16
We do not discount the possibility of this type of sorting, especially for
transition schools, which are available to students close to expulsion. School ﬁxed
effects pick this up, but we also estimate the results excluding these schools.
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Fig. 2.—Teacher effect estimates versus student counts

association declines as we raise the minimum threshold on 冘 i Tij and completely disappears when 冘 i Tij ≥ 250.17
To address the problem of sampling error, we analytically adjust the
variance of t̂j for the size of the sampling error by assuming that the
estimated teacher ﬁxed effect is the sum of the true teacher effect, tj, plus
some error, j, where j is uncorrelated with tj . While we would like to
estimate jt2, the variance of the estimated teacher effects is jtˆ2 p jt2 ⫹
N⫺1. That is, the variance of the estimated teacher effects has two components—the true variance of the teacher effects and average sampling
variance. We use the mean of the square of the standard error estimates
of t̂j as an estimate of the sampling error variance and subtract this from
the observed variance of t̂j to get an adjusted variance, jt2 . We report the
associated standard deviations, jt and jtˆ , in subsequent tables. We also
show how these values vary as we increase the minimum evaluation
threshold, 冘 i Tij. For statistical models that include school ﬁxed effects,
we estimate that roughly 30% of the standard deviation in estimated
teacher quality is due to sampling error. If we raise the minimum number
When 冘i Tij ≥ 250, the point estimate and standard error are ⫺0.0000367
(⫺0.0001597). While the standard error doubles due to the smaller sample of
teachers as we move from the student threshold from 15 to 250, the point estimate
declines substantially as well.
17
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of student-semesters to identify an individual teacher to 200, only 14%
of the standard deviation in teacher quality is due to sampling error.18
In the section to follow, we present our baseline estimates that ignore
the existence of most of these potential biases. We then report results that
attempt to deal with each potential bias. To the extent that real world
evaluation might not account for these problems, this exercise could be
considered a cautionary tale of the extent to which teacher quality estimates can be interpreted incorrectly.
Finally, we examine whether teacher quality can be explained by demographic and human capital attributes of teachers. Because of concerns
raised by Moulton (1986) about the efﬁciency of ordinary least squares
(OLS) estimates in the presence of school-speciﬁc ﬁxed effects and because
students are assigned multiple teachers per year, we do not include the
teacher characteristics directly in equation (2). Rather, we employ a generalized least squares (GLS) estimator outlined in Borjas (1987) and Borjas
and Sueyoshi (1994). This estimator regresses t̂j on teacher characteristics
Z:
t̂j p fZj ⫹ uj .

(3)

The variance of the errors is calculated as the covariance matrix derived
from OLS estimates of (3) and the portion of equation (2)’s variance matrix
related to the t̂ coefﬁcient estimates, V.
Q p ju2IJ ⫹ V.

(4)

The Q term in (4) is used to compute GLS estimates of the observable
teacher effects.
IV. Results
A. The Distribution of Teacher Quality
Our naive baseline estimates of teacher quality are presented in table
4. In column 1 we present details on the distribution of t̂j, speciﬁcally
the standard deviation and the 10th, 25th, 50th, 75th, and 90th percentiles.
We also list the p-value for an F-test of the joint signiﬁcance of the teacher
effects (i.e., t̂j p 0 for all j) and the p-value for an F-test of the other
regressors. In this parsimonious speciﬁcation, the list of regressors is limited to eighth-grade math scores, year dummies, and indicators of the test
18

Note, however, that excluding teachers with small numbers of students is
limiting because new teachers, particularly those for whom tenure decisions are
being considered, may not be examined. This would be particularly troubling for
elementary school teachers with fewer students per year.
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Table 4
Distribution of the Estimated Teacher Effects
Distribution of Teacher Fixed Effects

10th percentile
25th percentile
50th percentile
75th percentile
90th percentile
90–10 gap
75–25 gap
Standard deviation
Adjusted standard deviation
Adjusted R2
p-value for the F-test on:
Teacher ﬁxed effects
Eighth-grade math score and
year dummies
Math scores units
Number of students
Number of teachers
Number of students threshold

Unweighted
(1)

Weighted
(2)

⫺.38
⫺.24
⫺.08
.17
.53
.91
.41
.398
.355
.69

⫺.33
⫺.19
⫺.05
.17
.53
.86
.36
.354

.000
.000
Grade equivalents
52,957
783
15

Note.—All results are based on a regression of ninth-grade math test score on eighthgrade math test score, ninth-grade test score level, eighth-grade test score level, an indicator
equal to one if the information on eighth-grade test score level is missing, teacher semester
counts, and year indicators.

level and format.19 Clearly, we cannot rule out the importance of confounding changes in family, student, peer, and school inﬂuences as well
as random ﬂuctuations in student performance across teachers. Rather,
19

Naturally, the key covariate in our production functions, regardless of speciﬁcation, is the eighth-grade test score. The t-statistic on this variable often exceeds
200. Yet the magnitude of the point estimate is somewhat surprising in that it is
often greater than 1. For example, in our sparsest speciﬁcation, the coefﬁcient on
eighth-grade test score is 1.30 (0.01). This suggests that the math test score time
series may not be stationary. However, this is not likely to be a problem since
we are working off of the cross-section. It would become an issue if we were to
include longitudinal information on tenth or eleventh grade. Nevertheless, a simple
way to deal with nonstationarity is to estimate eq. (2) in differenced form. Such
a speciﬁcation will lead to inconsistent estimates because of the correlation between the error term and the lagged differenced dependent variable, but a common
strategy to avoid this problem is to use the twice lagged differenced dependent
variable, in our case the difference between seventh- and sixth-grade scores, as
an instrument. This instrumental variables estimator reduces our estimates of the
dispersion in teacher effects slightly (by less than 0.02 in our preferred speciﬁcations) but broadly supports the results presented below. It also suggests that
controlling for student ﬁxed effects is not likely to change our results signiﬁcantly.
However, we do not want to stress this result too much since it is based on a
potentially nonrepresentative sample, those with test scores in every year between
sixth and ninth grade.
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Table 5
Quartile Rankings of Estimated Teacher Effects in Years t and
t ⫹ 1: Percent of Teachers by Row
Quartile in Year t ⫹ 1
Quartile in year t:
1
2
3
4

1

2

3

4

36
24
20
8

29
31
32
12

26
32
23
23

10
12
24
57

Note.—x2 test of random quartile assignment: p ! .000 . Quartile rankings are based
on teacher effects estimated for each year based on the speciﬁcation in col. 1 of table
6.

we report these estimates as a baseline for considering the importance of
these biases.
Consequently, the estimated range of the teacher ﬁxed effects is quite
broad, perhaps implausibly so. The standard deviation of t̂ is 0.40 with
gaps between the 90th percentile and 10th percentile teacher of 0.9 grade
equivalents. Furthermore, approximately 0.4 grade equivalents separate
average gains between the 75th and 25th percentile teacher. An F-test of
the joint signiﬁcance of t̂ easily rejects no teacher effects at the highest
signiﬁcance level.
Because we have multiple classrooms per teacher and can follow teachers across years, the robustness of these results can be explored by tracking
the stability of individual teacher quality over time. To do so, we simply
estimate equation (2) separately by school year and then compare estimates for the same teacher in different school years. The extent to which
t̂jt is autocorrelated gives a measure of the extent to which signal dominates
noise in our quality rankings.
Table 5 displays one such analysis. Here we report a transition matrix
linking quartile rankings of tˆ jt with quartile rankings of tˆ jt⫹1. Quartile 1
represents the lowest 25% of teachers as ranked by the teacher quality
estimate, and quartile 4 represents the highest 25%. The table reports each
cell’s share of the row’s total or the fraction of teachers in quartile q in
year t that move to each of the four quartiles in year t ⫹ 1 . If our estimates
are consistent with some signal, whether it is quality or something correlated with quality, we would expect masses of teachers on the diagonals
of the transition matrix. We expect cells farther from the diagonals to be
monotonically less common. Particularly noisy estimates would not be
able to reject the pure random assignment result that each cell would
contain equal shares of teachers. In this rather extreme case, teachers
would be randomly assigned a new quality ranking each year, and the
correlation between this year’s ranking and the next would be 0.
Our results suggest a nontransitory component to the teacher quality
measure. Of the teachers in the lowest quality quartile in year t, 36%
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remain in year t ⫹ 1, 29% move into quartile 2, 26% into quartile 3, and
10% into the highest quartile. Of those in the highest quartile in year t
(row 4), 57% remain the following year, 23% move one category down,
and only 20% fall into the lowest half of the quality distribution. A chisquare test easily rejects random assignment.20
Moreover, we have also explored to what extent teachers in the top
and bottom deciles of the quality distribution continue to rank there the
following year. Of the teachers in the top decile, 56% rank there the
following year. This is highly signiﬁcant relative to the random draw
scenario whereby 10% would again appear in the top decile in consecutive
years. However, of those teachers in the bottom decile, only 6% remain
there the following year. Given our sample sizes, this is not signiﬁcantly
different from the random assignment baseline.
We believe the latter result is partly driven by greater turnover among
teachers in the bottom decile. To appear in our transition matrix, a teacher
must be in the administrative records for two consecutive years. Therefore,
if poor performing teachers are more likely to leave the school system,
our test is biased; the random draw baseline would no longer be 10%.
To investigate this possibility, we regress an indicator of whether the
teacher appears in the teacher records in year t ⫹ 1 on whether she is
ranked in the top or bottom decile of the quality distribution in year t.21
We ﬁnd that a teacher ranked at the bottom is 13% less likely (standard
error of 6%) than a teacher ranked in the 10th to 90th percentile to appear
in the administrative records the following year. In contrast, teacher turnover for those in the top decile is no different than turnover for the 10th
to 90th percentile group. While accounting for the higher turnover rate
of bottom decile ranked teachers does not lead us to conclude that there
is signiﬁcant persistence at the very bottom of the quality distribution in
this particular speciﬁcation, it does once we begin to reﬁne the production
function speciﬁcation below.
Regardless, all of these results emphasize that teacher quality evaluated
using parsimonious speciﬁcations with little attention to measurement
issues still has an important persistent component. However, the transitory part, which is aggravated by sampling error when looking at estimates
based on one year, is also apparent. Furthermore, the magnitude of the
estimates is perhaps improbably large.
20

Similarly, regressing contemporaneous teacher quality on lagged teacher quality results in a point estimate of 0.47 (0.04) for 1998 and 0.62 (0.07) for 1999.
Limiting it to teachers in all 3 years, the coefﬁcients (and standard errors) on
lagged and twice lagged teacher quality are 0.49 (0.10) and 0.25 (0.09).
21
Unfortunately, we cannot distinguish quits from layoffs or exits out of teaching from exits into other school systems.
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B. The Impact of Sampling Error
We next consider how sampling error may affect our results. We already
attempt to improve the signal-to-noise ratio by throwing out students
with test score changes in the extreme tails and by restricting identiﬁed
teachers to those with more than 15 student-semesters. However, Kane
and Staiger (2002) show that more than one-half of the variance in score
gains from small North Carolina schools (typically smaller than our
counts of student-semesters, 冘 i Tij ) and one-third of the variance in test
score gains from larger North Carolina schools are due to sampling variation. Figure 2 emphasizes the susceptibility of our results to these concerns as well.
The row labeled “Adjusted Standard Deviation” in table 4 presents an
estimate of jt, the true standard deviation of the teacher effects after
adjusting for sampling variation as described earlier. This modiﬁcation
reduces the standard deviation from 0.40 to 0.36. We can conﬁrm this
result simply by adjusting for possible overweighting of unreliable observations. Column 2 reports the distribution of t̂j, when weighted by
冘 i Tij. The weighted standard deviation of the teacher effects drops to 0.35,
virtually identical to the adjusted standard deviation reported in column
1. In either case, we conclude that dispersion in teacher quality is wide
and educationally signiﬁcant.
C. Family, Student, and Peer Characteristics
The teacher quality results reported thus far are based on parsimonious
speciﬁcations. They do not fully capture heterogeneity in student, family,
and peer background that could be correlated with particular teachers. In
table 6 we report results in which available student, family, and peer group
characteristics are included. For comparison purposes, column 1 repeats
the ﬁndings from table 4. In each column we report unadjusted, adjusted,
and weighted standard deviation estimates, as well as p-values for F-tests
of the joint signiﬁcance of the teacher effects and the other regressors as
they are added to the production function.
In column 2 we incorporate student characteristics including sex, race,
age, designated guardian relationship (mom, dad, stepparent, other relative, or nonrelative), and free and reduced-price lunch eligibility. In addition, we include a measure of the student’s average ninth-grade math
class size, as is standard in educational production analysis, and controls
for whether the student changed high school or repeated ninth grade.22
22
Jointly these background measures are quite signiﬁcant; individually, the sex
and race measures are the primary reason. The ninth-grade scores for female
students are 0.16 (0.01) less than males, and African American and Hispanic
students score 0.50 (0.03) and 0.31 (0.03) less than non–African American, nonHispanic students. Accounting for additional student characteristics such as dis-
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Table 6
Distribution of the Estimated Teacher Effects

Standard deviation
Adjusted standard deviation
Weighted standard deviation
p-value, F-test of teacher effects
p-value, F-test of lagged test score
and year
p-value, F-test for basic student
covariates
p-value, F-test for school effects
p-value, F-test for additional student,
peer, and neighborhood covariates
Included covariates:
Year ﬁxed effects
Basic student covariates
Additional student covariates
Math peer covariates
Neighborhood covariates
School ﬁxed effects
Number of students threshold

(1)

(2)

(3)

(4)

(5)

.398
.355
.354
.000

.384
.341
.335
.000

.298
.242
.246
.000

.303
.230
.248
.000

.273
.193
.213
.000

.000

.000

.000
.000
.000
Yes
No
No
No
No
No
15

Yes
Yes
No
No
No
No
15

Yes
Yes
Yes
Yes
Yes
No
15

.000
Yes
Yes
No
No
No
Yes
15

Yes
Yes
Yes
Yes
Yes
Yes
15

Note.—All results are based on a regression of ninth-grade math test score on eighth-grade math test
score, teacher student-semester counts, year indicators, ninth-grade test level, eighth-grade test level, an
indicator equal to one if the information on eighth-grade test score level is missing, and other covariates
as listed in the table. All test scores are measured in grade equivalents. Basic student covariates include
gender, race, age, guardianship, number of times in ninth grade, free or reduced-price lunch status, whether
changed school during school year, and average math class size. Additional student covariates include
level and subject of math classes, cumulative GPA, class rank, disability status, and whether school is
outside of the student’s residential neighborhood. Peer covariates include the 10th, 50th, and 90th percentile of math class absences and eighth-grade math test scores in ninth-grade math classes. Neighborhood
covariates include median family income, median house value, and fraction of adult population that fall
into ﬁve education categories. All neighborhood measures are based on 1990 census tract data. There
are 52,957 students and 783 teachers in each speciﬁcation.

These controls reduce the size of the adjusted standard deviation by a
small amount, but the estimates remain large and highly statistically
signiﬁcant.
In column 3 we introduce additional student controls, primarily related
to performance, school choice, peers, and neighborhood characteristics.
The additional student regressors are the level and subject matter of math
classes, the student’s cumulative grade point average, class rank, and disability status, and whether the school is outside of her residential neigh-

ability status and average grades, neighborhood characteristics, and peer controls
reduces the racial gaps markedly, but the female gap nearly doubles. Students
whose designated guardian is the father have, on average, 0.10–0.20 higher test
scores than do students with other guardians, but these gaps decline substantially
with other controls. Math class size has a positive and signiﬁcant relationship
with test scores that becomes negative and statistically signiﬁcant once we include
the col. 3 controls.
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borhood.23 The neighborhood measures are based on Census data for a
student’s residential census tract and include median family income, median house value, and the fraction of adults that fall into ﬁve education
categories. These controls are meant to proxy for unobserved parental
inﬂuences. Again, like many of the student controls, the value-added
framework should, for example, account for permanent income gaps but
not for differences in student growth rates by parental income or education. Finally, the math class peer characteristics are the 10th, 50th, and
90th percentiles of absences, as a measure of disruption in the classroom,
and the same percentiles of eighth-grade math test scores, as a measure
of peer ability. Because teacher ability may inﬂuence classroom attendance
patterns, peer absences could confound our estimates of interest, leading
to downward biased teacher quality estimates.24
Adding student, peer, and neighborhood covariates reduces the adjusted
standard deviation to 0.24, roughly two-thirds the size of the naive estimates reported in column 1.25 Much of the attenuation comes from
adding either own or peer performance measures. Nevertheless, regardless
of the controls introduced, the dispersion in teacher quality remains large
and statistically signiﬁcant.
Once again, transition matrices for the full control speciﬁcation clearly
reject random quality draws. The quartile-transition matrix is reported in
23

We also experiment with additional controls for student ability, including
eighth-grade reading scores, sixth- and seventh-grade math scores, higher-order
terms (square and cube) and splines in the eighth-grade math score, and the
variance in sixth to eighth-grade math scores. Compared to the col. 3 baseline,
the largest impact is from adding the higher-order terms in eighth-grade scores.
This reduces the adjusted standard deviation by just under 0.03. When school
ﬁxed effects are also included, the largest impact of any of these speciﬁcation
adjustments is half that size.
24
See Manski (1993) for a methodological discussion and Hoxby (2000) and
Sacerdote (2001) for evidence. While we hesitate to place a causal interpretation
on the peer measures, there is a statistical association between a student’s performance and that of her peers. The point estimates (standard errors) on the 10th,
50th, and 90th percentile of peer absences are 0.009 (0.005), ⫺0.002 (0.002), and
⫺0.002 (0.0007). Thus it appears that the main statistically signiﬁcant association
between own performance and peer absences is from the most absent of students.
The point estimates on the 10th, 50th, and 90th percentile of eighth-grade math
scores are 0.028 (0.013), 0.140 (0.025), and 0.125 (0.019). These peer measures
reduce the student’s own eighth-grade math test score inﬂuence by 17% and
suggest that high performers are most associated with a student’s own performance.
25
Arguably, part of the reduction in variance is excessive, as teachers may affect
academic performance through an effect on absences or GPA. About half of the
reduction in teacher dispersion between cols. 2 and 3 (adding peer and own student
performance and schooling measures) is due to peer measures. That said, when
we identify teacher effects within-school, peer measures have little additional
power in explaining teacher quality dispersion.
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Table 7
Quartile Rankings of Estimated Teacher Effects in Years t and
t ⫹ 1: Percent of Teachers by Row
Quartile in Year t ⫹ 1
Quartile in year t:
1
2
3
4

1

2

3

4

33
32
17
15

32
25
25
21

16
31
33
23

19
13
26
41

Note.—x2 test of random quartile assignment: p ! .001 . Quartile rankings are based
on teacher effects estimated for each year based on the speciﬁcation including lagged
math test score, year indicators, and all student, peer, and neighborhood covariates
(col. 3 of table 6).

table 7. Forty-one percent of teachers ranking in the top 25% in one year
rank in the top 25% in the following year. Another 23% slip down one
category, 21% two categories, and 15% to the bottom category.26
D. Within-School Estimates
Within-school variation in teacher quality is often preferred to the between-school variety as it potentially eliminates time-invariant schoollevel factors. In our case, since we are looking over a relatively short
window (3 years), this might include the principal, curriculum, school
size or composition, quality of other teachers in the school, and latent
family or neighborhood-level characteristics that can inﬂuence school
choice. Because our results are based on achievement gains, we are generally concerned only with changes in these factors. Therefore, restricting
the source of teacher variation to within-school differences will result in
a more consistent, but less precisely estimated, measure of the contribution
of teachers.
Our primary method of controlling for school-level inﬂuences is school
ﬁxed effects. As mentioned above, identiﬁcation depends on differences
in the intensity of students’ exposure to different teachers within schools,
as well as teachers switching schools during the sample period.27 We report
these results in columns 4 and 5 of table 6. Relative to the analogous
columns without school ﬁxed effects, the dispersion in teacher quality
and precision of the estimates decline. For example, with the full set of
student controls, the adjusted standard deviation drops from 0.24 (col. 3)
26

Twenty-six percent and 19% of those in the top and bottom deciles remain
the next year. Nineteen percent and 14% rated in the top and bottom deciles in
1997 are still there in 1999. Again, turnover is 15% higher among the lowest
performing teachers. Adjusting for this extra turnover , the p-value on the bottom
decile transition F-test drops from 0.14 to 0.06.
27
Of the teachers with at least 15 student-semester observations, 69% appear
in one school over the 3 years and 18% appear in two schools. Additionally,
13%–17% of teachers in each year show up in multiple schools.
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Table 8
Correlation between Teacher Quality Estimates across Speciﬁcations
Minimum Number of
Student-Semesters Required
to Identify a Teacher
Speciﬁcation Relative to Baseline
(0) Baseline
(1) Drop neighborhood covariates
(2) Drop peer covariates
(3) Drop additional student covariates
(4) Drop basic student covariates
(5) Drop basic and additional student, peer,
and neighborhood characteristics
(6) Drop school ﬁxed effects
(7) Drop school ﬁxed effects and basic and
additional student, peer, and neighborhood
characteristics
Number of teachers

15
(1)

100
(2)

200
(3)

1.00
1.00
.97
.92
.99

1.00
1.00
.98
.93
1.00

1.00
1.00
.99
.94
1.00

.88
.86

.85
.68

.87
.65

.62
783

.44
317

.45
122

Note.—The col. 1 baseline corresponds to the results presented in col. 5 of table 6. Columns 2 and
3 correspond to the results presented in table 9, cols. 2 and 3, respectively. All speciﬁcations include the
eighth-grade math test score, teacher student-semester counts, year indicators, the ninth-grade test level,
the eighth-grade test level, an indicator equal to one if the information on eighth-grade test schore level
is missing, and a constant. The baseline speciﬁcation additionally includes basic and additional student
characteristics, neighborhood and peer characteristics, and school ﬁxed effects. All other speciﬁcations
include a subset of these controls as noted in the table. See table 6 for the speciﬁc variables in each group.

to 0.19 (col. 5), roughly one-half the impact from the unadjusted valueadded model reported in column 1. Again, an F-test rejects that the withinschool teacher quality estimates jointly equal zero at the 1% level. We
have also estimated column 4 and 5 models when allowing for schoolspeciﬁc time effects, to account for changes in principals, curricula, and
other policies, and found nearly identical results. The adjusted standard
deviations are 0.23 and 0.18, respectively, just 0.01 lower than estimates
reported in the table.
Notably, however, once we look within schools, sampling variation
accounts for roughly one-third of the unadjusted standard deviation in
teacher quality. Furthermore, sampling variation becomes even more
problematic when we estimate year-to-year transitions in quality, as in
tables 5 and 7, with speciﬁcations that control for school ﬁxed effects.
E. Robustness of Teacher Quality Estimates across Speciﬁcations
One critique of using test score based measurements to assess teacher
effectiveness has been that quality rankings can be sensitive to how they
are calculated. We suspect that using measures of teacher effectiveness that
differ substantially under alternative, but reasonable, speciﬁcations of
equation (2) will weaken program incentives to increase teacher effort in
order to improve student achievement. To gauge how sensitive our results
are to the inclusion of various controls, table 8 reports the robustness of
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the teacher rankings to various permutations of our baseline results (col.
5 of table 6). In particular, we present the correlations of our teacher
quality estimate based on our preferred statistical model—which controls
for school ﬁxed effects as well as student, peer, and neighborhood characteristics—with estimates from alternative speciﬁcations.
Because the estimation error is likely to be highly correlated across
speciﬁcations, we calculate the correlation between estimates using empirical Bayes estimates of teacher effects (e.g., Kane and Staiger 2002). We
rescale the OLS estimates using estimates of the true variation in teacher
effects and the estimation error as follows:
ˆ
t*
j p tj 7

jt2
jt2 ⫹ jˆ 2

,

(5)

where t̂j is our OLS estimate of the value added by teacher j, jt2 is our
estimate of the true variation in teacher effects (calculated as described
above), and ĵ2 is the noise associated with the estimate of teacher j’s effect,
namely, the estimation error for t̂j . To further minimize concern about
sampling variability, we also look at correlations across speciﬁcations estimated from samples of teachers that have at least 100 or 200 students
during our period.
In rows 1–4, we begin by excluding, in order, residential neighborhood,
peer, student background, and student performance covariates. Individually, each of these groups of variables has little impact on the rankings.
Teacher rankings are always correlated at least 0.92 with the baseline.
Even when we drop all of the right-hand-side covariates, except school
ﬁxed effects, row 5 shows that the teacher ranking correlations are still
quite high, ranging from 0.85 to 0.88.
Only when school ﬁxed effects are excluded is there a notable drop in
the correlation with the baseline. In row 6, we exclude school ﬁxed effects
but leave the other covariates in place. The teacher quality correlation
falls to between 0.65 and 0.86. Excluding the other right-hand-side covariates causes the correlation to fall to between 0.44 and 0.62. That is,
without controlling for school ﬁxed effects, rankings become quite sensitive to the statistical model. But as long as we consider within-school
teacher quality rankings using a value-added speciﬁcation, the estimates
are highly correlated across speciﬁcations, regardless of the other controls
included.
Importantly, our results imply that teacher rankings based on test score
gains are quite robust to the modeling choices that are required for an
individual principal to rank her own teachers. But a principal may have
more difﬁculty evaluating teachers outside her home school. More generally, value-added estimates that do not account for differences across

122

Aaronson et al.

schools may vary widely based on speciﬁcation choices which in turn
may weaken teacher performance incentives.
F. Additional Robustness Checks
Thus far, we have found that teacher quality varies substantially across
teachers, even within the same school, and is fairly robust across reasonable value-added regression speciﬁcations. This section provides additional evidence on the robustness of our results to strategic test score
reporting, sampling variability, test normalization, and the inclusion of
other teachers in the math score production function.
1. Cream Skimming
One concern is that teachers or schools discourage some students from
taking exams because they are expected to perform poorly. If such cream
skimming is taking place, we might expect to see a positive correlation
between our teacher quality measures tj and the share of teacher j’s students that are missing ninth-grade test scores. In fact, we ﬁnd that this
correlation is small (⫺0.02), opposite in sign to this cream-skimming
prediction, and not statistically different from zero.
Another way to game exam results is for teachers or schools to test
students whose scores are not required to be reported and then report
scores only for those students who do well. To examine this possibility,
we calculate the correlation between teacher quality and the share of
students excluded from exam reporting.28 In this case, evidence is consistent with gaming of scores; the correlation is positive (0.07) and statistically different from zero at the 6% level. To gauge the importance of
this ﬁnding for our results, we reran our statistical models, dropping all
students for whom test scores may be excluded from school and district
reporting. This exclusion affected 6,361 students (12% of the full sample)
but had no substantive impact on our results.
2. Sampling Variability: Restrictions on
Student-Semester Observations
A simple strategy for minimizing sampling variability is to restrict evaluation to teachers with a large number of student-semesters. In table 9,
we explore limiting assessment of teacher dispersion to teachers with at
least 50, 100, or 200 student-semesters. We emphasize that a sampling
restriction, while useful for its simplicity, can be costly in terms of inference. Obviously, the number of teachers for whom we can estimate
quality is reduced. There may also be an issue about how representative
28
The student test ﬁle includes an indicator for whether the student’s test score
may be excluded from reported school or citywide test score statistics because,
e.g., the student is a special or bilingual education student.
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Table 9
Further Evidence on the Distribution of the Estimated Teacher Effects
Student Threshold
50
(1)

100
(2)

200
(3)

Dependent variable
mean
9.21
9.21
9.21
Mean test score gain
1.14
1.14
1.14
Number of teachers
508
317
122
Number of students
52,957
52,957
52,957
Without school effects:
Standard deviation
of teacher effects
.233
.227
.193
Adjusted standard
deviation
.205
.211
.180
Weighted standard
deviation
.223
.216
.188
p-value, F-test for
teacher effects
.000
.000
.000
With school effects:
Standard deviation
of teacher effects
.192
.183
.154
Adjusted standard
deviation
.143
.155
.133
Weighted standard
deviation
.182
.176
.152
p-value, F-test for
teacher effects
.000
.000
.000

Test Scores Trimming Top
Measured in and Bottom
Percentiles 3% in Changes
(4)
(5)
37.88
⫺2.08
783
52,957

9.08
1.06
773
50,392

2.66

.262

2.06

.203

2.22

.211

.000

.000

2.57

.244

1.75

.161

2.04

.188

.000

.000

Note.—See notes to table 6. All regressions include the student, peer, and neighborhood covariates
included in the table 6, cols. 3 and 5, speciﬁcations.

the teachers are, particularly since we overlook an important sample of
teachers—new instructors with upcoming tenure decisions—in addition
to teachers who teach multiple grades or nonmath classes. Finally, sampling variation exists with large numbers of students as well, so we would
not expect to completely offset concerns about sampling error by simply
setting a high minimum count of student-semesters.
Panel A of table 9 includes all covariates from the speciﬁcation presented
in column 3 of table 6. Panel B adds school ﬁxed effects (i.e., col. 5 of
table 6). Using a 50, 100, or 200 student-semester threshold, we ﬁnd that
the adjusted standard deviation is roughly 0.18–0.21 without school ﬁxed
effects and 0.13–0.15 grade equivalents with school ﬁxed effects. In both
cases, the teacher effects are jointly statistically signiﬁcant. Note that increasing the minimum student-semesters from 15 to 200 increases the
average number of student-semesters per teacher from 109 to 284. Consequently, sampling variability drops substantially, from an adjustment of
0.081 (0.273 ⫺ 0.192) for the 15-student threshold to 0.021 (0.155 ⫺
0.134) for the 200-student threshold.
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3. More on Test Score Normalization and the Undue
Inﬂuence of Outliers
The remaining columns of table 9 include attempts to minimize the
inﬂuence of outlier observations. Column 4 reports ﬁndings using national
percentile rankings that are impervious to the normalization problem
inherent in grade-equivalent scores.29 We ﬁnd that the adjusted standard
deviation of t̂j is 1.75 percentile points, a result that is statistically and
educationally signiﬁcant and broadly consistent with the grade-equivalent
results.
In the next column, we simply trim the top and bottom 3% of the
distribution of eighth- to ninth-grade math test gains from the student
sample. We would clearly expect that this sample restriction would reduce
the variance, as it eliminates roughly 2,600 students in the tails of the
score distribution. Still, the adjusted teacher standard deviation remains
large in magnitude and statistically signiﬁcant at 0.16 grade equivalents.30
4. Including Other Teachers in the Production Function
We explore one ﬁnal speciﬁcation that takes advantage of the detailed
classroom scheduling in our data by including a full set of English teacher
semester counts, akin to the math teacher semester count, Ti, in equation
(2). Assuming that the classroom-sorting mechanism is similar across subject areas (e.g., parents who demand the best math teacher will also demand
the best English teacher or schools will sort students into classrooms and
assign classes to teachers based on the students’ expected test score gains),
the English teachers will pick up some sorting that may confound estimates of t. Moreover, the English teachers may help us gauge the importance of teacher externalities, that is, the proverbial superstar teacher
who inspires students to do well not just in her class but in all classes.
In the presence of student sorting by teacher quality, these spillover effects
will exacerbate the bias in the math teacher quality estimates. Although
we cannot separately identify classroom sorting from teacher spillovers,
29

These rankings have the advantage of potentially greater consistency across
tests so long as the reference population of test takers is constant. The publisher
of the tests, Riverside Publishing, advertises the TAP as being “fully articulated”
with the ITBS and useful for tracking student progress. Less than 2% of the
sample is censored, of which over 98% are at the lowest possible percentile score
of 1. Estimates using a Tobit to account for this censoring problem result in
virtually identical coefﬁcient estimates and estimates of the standard deviation of
the t̂j.
30
We have also tried using the robust estimator developed by Huber to account
for outliers. The technique weights observations based on an initial regression
and is useful for its high degree of efﬁciency in the face of heavy-tailed data.
These results generate an even wider distribution of estimated teacher quality.
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Table 10
The Distribution of the Estimated Math Teacher Effects When English
Teachers Are Included
Teacher Quality Estimates
Math
Only
(1)
Math teachers:
Standard deviation
Adjusted standard deviation
Weighted standard deviation
Number of math teachers
English teachers:
Standard deviation
Adjusted standard deviation
Weighted standard deviation
Number of English teachers
p-value, F-statistic for math
teacher effects
p-value, F-statistic for English
teacher effects

.273
.193
.213
783

Math and
English
(2)
.278
.170
.208
783
.257
.075
.208
1,049

.000

English
Only
(3)

.254
.113
.209
1,049

.000
.000

.000

Note.—See notes to table 6. There are 52,957 students in each speciﬁcation. Column 1 is the same
as col. 5 of table 6. Column 2 additionally includes controls for the English teachers, while col. 3 only
controls for English teachers.

we are primarily interested in testing the robustness of our math teacher
effects to such controls.
We report estimates that condition on English teachers in table 10. For
additional comparison, we also report standard deviations of the English
teacher effect estimates both with and without controls for the math
teachers. Controlling for English teachers, the math teacher adjusted standard deviation is roughly 0.02 grade equivalents smaller and less precisely
estimated. Yet 88% of the math teacher impact remains. However, the
size of the English teacher effect is noteworthy on its own. While it is
less than half the size (0.075 vs. 0.170) of the dispersion in math teacher
quality, it appears to be educationally important. Analogously, when we
redo the analysis on reading scores (not reported), the adjusted standard
deviation for English teachers is again only slightly smaller, 0.17 versus
0.15 grade equivalents, when we control for other (in this case, math)
teachers. Furthermore, the size of the adjusted standard deviation for math
teachers is quite notable, roughly 0.12 grade equivalents. Arguably, reading tests are less directly tied to an individual subject. Nevertheless, these
results suggest two general conclusions. First, our quality measures, both
for math and English teachers, are generally robust to controls for additional teachers. But, second, future research could explore why there
are such large achievement effects estimated for teachers whom one would
not expect to be the main contributors to a subject area’s learning. Can
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this be explained by sorting or does a teacher’s inﬂuence reach beyond
his or her own classroom?31
G. Heterogeneity by Ability Level, Race, and Sex
Table 11 explores the importance of teachers for different student
groups. In columns 1–3, we look at teacher dispersion for students of
different “ability.” We stratify the sample into ability groups based on
the eighth-grade math test score and reestimate the teacher effects within
ability group. Low-ability students are deﬁned as those in the bottom
one-third of the Chicago public school eighth-grade score distribution,
at or below 7.5 grade equivalents. Low-ability students have a mean test
score gain of 0.54 grade equivalents. High-ability students are in the top
one-third of the eighth-grade test score distribution, with scores above
8.7 (i.e., performing at or above national norms). These students have
mean test score gains of 2.2 grade equivalents. All other students are
classiﬁed as “middle” ability. The middle group has an average gain of
0.67 grade equivalents. Looking at subgroups of students with more similar initial test scores should help reduce the possibility that teacher effect
estimates are simply measuring test score growth related to test format
and normalization issues. As such, it can be considered another test of
the robustness of the results. Moreover, it is of independent interest to
document the effect of teachers on different student populations, particularly those achieving at the lowest and highest levels. The major drawback, of course, is that by limiting the sample to a particular subgroup
we exacerbate the small sample size problem in estimating teacher quality.
Among all ability groups, we attribute one-third to one-half of the
standard deviation in estimated teacher effects to sampling variability. That
said, a one standard deviation improvement in teacher quality is still worth
a sizable gain in average test score growth: 0.13, 0.20, and 0.13 grade
equivalents for low-, middle-, and high-ability students. These outcomes
are 24%, 29%, and 6% of average test score gains between eighth and
ninth grade for each group, respectively.32 In relative terms, the largest
impact of teachers is felt at the lower end of the initial ability distribution.
These results are not sensitive to reﬁnements in the way previous test
31
As one informal test, we controlled for own student absences to assess
whether the mechanism by which English teachers might inﬂuence math test
scores is to encourage (or discourage) students from attending school. However,
we found that own absences have no impact on the dispersion of the English
teacher ﬁxed effects.
32
Although not related directly to the teacher effects, the dynamics of the test
scores differ across groups as well. The autoregressive component of math scores
is substantially lower for the lowest-achieving students (around 0.47) relative to
middle- and high-ability students (1.3 and 1.4).

Table 11
Distribution of the Estimated Teacher Effects for Selected Student Subgroups
Ability Level
Low
(1)
Mean gain
Standard deviation
Adjusted standard deviation
p-value, F-statistic for
teacher effects
Number of teachers
Number of students

Middle
(2)

Race/Ethnicity
High
(3)

Non–African American,
Non-Hispanic
(4)

Sex

African
American
(5)

Hispanic
(6)

Male
(7)

Female
(8)

.54
.236
.129

.67
.304
.196

2.22
.274
.132

2.19
.259
.105

.86
.293
.201

1.19
.248
.132

1.22
.303
.201

1.06
.264
.160

.000
518
16,880

.000
478
18,616

.000
390
17,461

.003
204
6,940

.000
579
29,750

.000
353
16,271

.000
627
25,299

.000
620
27,658

Note.—See notes to table 6. Ability level is assigned in thirds based on the eighth-grade test score distribution. High-ability students have scores above 8.7, middle-ability
students have scores between 7.5 and 8.7, and low-ability students have scores of less than 7.5. All regressions include school ﬁxed effects and the student, peer, and
neighborhood covariates included in the table 6, cols. 3 and 5, speciﬁcations.
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score results are controlled, including allowing for nonlinearities in the
eighth-grade score or controlling for sixth- and seventh-grade scores.
By race, teachers are relatively more important for African American
and, to a lesser extent, Hispanic students. A one standard deviation, one
semester increase in teacher quality raises ninth-grade test score performance by 0.20 grade equivalents (23% of the average annual gain) for
African American students and 0.13 grade equivalents (11% of the average
annual gain) for Hispanic students. The difference is less important for
non–African American, non-Hispanic students both because their mean
test score gain is higher and because the estimated variance in teacher
effects is somewhat smaller.
There is very little difference in the estimated importance of teachers
when we look at boys and girls separately. The adjusted standard deviation
of teacher effects equals 0.20 for boys and 0.16 for girls. For both girls
and boys, a one standard deviation improvement in teacher quality translates into a test score gain equal to 15%–16% of their respective average
annual gains.
Finally, we examined whether quality varies within teacher depending
on the initial ability of the student. That is, are teachers that are most
successful with low-ability students also more successful with their highability peers? To examine this issue, we use the 382 math teachers in our
sample that have at least 15 students in both the top half and bottom half
of the eighth-grade math test score distribution. We then explored whether
teachers ranked in the bottom (or top) half of the quality rankings when
using low-ability students are also ranked in the bottom (or top) half of
the ability distribution when using high-ability students. We ﬁnd that
67% of low-ranking teachers for low-ability students are low-ranking
teachers for high-ability students. Sixty-one percent of those teachers
ranked in the top half using low-ability students are ranked similarly for
high-ability students. The correlation between the teacher quality estimates derived from low- and high-ability teachers is a highly statistically
signiﬁcant 0.39, despite small sample sizes that accentuate sampling error.
Therefore, there is some evidence that teacher value added is not speciﬁc
to certain student types; a good teacher performs well, for example, among
both low- and high-ability students.
V. Predicting Teacher Quality Based on Resume Characteristics
This ﬁnal section relates our estimates of tj to measurable characteristics
of the instructors available in the CPS administrative records. Observable
teacher characteristics include demographic and human capital measures
such as sex, race, potential experience, tenure at the CPS, advanced degrees
(master’s or PhD), undergraduate major, undergraduate college attended,
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and teaching certiﬁcations.33 We report select results in table 12. All are
based on the full control speciﬁcation reported in column 5 of table 6.
We discuss common themes below.
First and foremost, the vast majority of the total variation in teacher
quality is unexplained by observable teacher characteristics. For example,
a polynomial in tenure and indicators for advanced degrees and teaching
certiﬁcations explain at most 1% of the total variation, adjusting for the
share of total variation due to sampling error.34 That is, the characteristics
on which compensation is based have extremely little power in explaining
teacher quality dispersion. Including other teacher characteristics, changing the speciﬁcations for computing the teacher effects, and altering the
minimum student-semester threshold have little impact on this result. In
all cases, the R 2 never exceeds 0.08.
Given a lack of compelling explanatory power, it is of little surprise
that few human capital regressors are associated with teacher quality.35
Standard education background characteristics, including certiﬁcation, advanced degrees, quality of college attended, and undergraduate major, are
loosely, if at all, related to estimated teacher quality. Experience and tenure
33
Potential experience is deﬁned as age ⫺ education ⫺ 6 and is averaged over
the 3 years of the sample.
34
The R2 is an understatement of the explanatory power since a signiﬁcant
fraction, perhaps up to a third, of the variation in t̂j is due to sampling error. If
we simply multiply the total sum of squares by a rather conservative 50% to
account for sampling variation, the R2 will double. However, in all cases it is
never higher than about 15%. By comparison, the R2 from a wage regression with
education, experience, gender, and race using the 1996–99 Current Population
Survey is about 0.2, without any corrections for sampling variation. Furthermore,
ﬁrm-speciﬁc data or modeling unobserved person heterogeneity causes the R2 on
productivity and wage regressions to be quite a bit higher (e.g., Abowd, Kramarz,
and Margolis 1999; Lazear 1999).
35
Other studies that correlate speciﬁc human capital measures to teacher quality
are mixed. Hanushek (1971) ﬁnds no relationship between teacher quality and
experience or master’s degree attainment. Rivkin et al. (2005) also ﬁnd no link
between education level and teacher quality, although they ﬁnd a small positive
relationship between the ﬁrst 2 years of teacher experience and teacher quality.
Kane et al. (2006) ﬁnd a positive experience effect in the ﬁrst few years as well.
Summers and Wolfe (1977) ﬁnd that student achievement is positively related to
the teacher’s undergraduate college while student achievement is negatively related
to the teacher’s test score on the National Teacher Examination test. In contrast,
Hanushek (1971) ﬁnds that teacher verbal ability is positively related to student
achievement for students from “blue-collar” families. Ferguson (1998) argues that
teacher test score performance is the most important predictor of a teacher’s ability
to raise student achievement. Goldhaber and Brewer (1997) ﬁnd some evidence
that teacher certiﬁcation in mathematics or majoring in mathematics is positively
related to teacher quality, but Kane et al.’s (2006) results suggest otherwise. Other
work on teacher training programs is likewise mixed (e.g., Angrist and Lavy 2001;
Jacob and Lefgren 2004).

Table 12
Impact of Observable Characteristics on Teacher Fixed Effects
(1)
Female

.073*
(.020)
.007
(.041)
.050*
(.023)
⫺.057
(.039)
.004
(.008)
.000
(.000)
.004
(.007)

Asian
Black
Hispanic
Potential experience
Squared
Cubed (divided by 1,000)
Potential experience !p 1:
Master’s
PhD
BA major: education
BA major: math
BA major: science

.002
(.020)
⫺.103
(.077)
.003
(.030)
.003
(.024)
.001
(.040)

Certiﬁcate, bilingual education
Certiﬁcate, child
Certiﬁcate, elementary
Certiﬁcate, high school
Certiﬁcate, special education
Certiﬁcate, substitute
Tenure at CPS
Squared
Cubed (divided by 1,000)

⫺.001
(.008)
.000
(.001)
.004
(.011)

BA university, US News 1
BA university, US News 2
BA university, US News 3
BA university, US News 4
BA university, US News 5
BA university, local
Adjusted R2
Number of teachers with
observables

(2)

.005
589

.004
(.020)
⫺.077
(.076)
⫺.012
(.034)
.022
(.025)
.029
(.040)
⫺.067*
(.037)
.121
(.082)
.004
(.038)
⫺.033
(.033)
.007
(.037)
⫺.004
(.026)
⫺.001
(.010)
.000
(.001)
.005
(.012)
⫺.010
(.037)
.013
(.037)
.004
(.029)
.003
(.038)
⫺.003
(.072)
.008
(.023)
.077
589

(3)
.069*
(.020)
.008
(.041)
.048*
(.023)
⫺.056
(.039)

.021
(.042)
.007
(.020)
⫺.068
(.076)
⫺.016
(.033)
.021
(.025)
.035
(.040)
⫺.069*
(.037)
.120
(.082)
.006
(.038)
⫺.033
(.032)
.008
(.036)
⫺.005
(.026)
.003
(.009)
.000
(.001)
.009
(.011)
⫺.014
(.037)
.012
(.037)
.002
(.029)
.003
(.038)
.002
(.072)
.005
(.022)
.074
589

Note.—The dependent variable is teacher quality estimated using the table 6, col. 5, speciﬁcation. Each speciﬁcation also includes a constant. Potential experience is calculated as
age ⫺ education ⫺ 6 and is the teacher’s average over the 3 years.
* Signiﬁcant at 10% level.
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have little relation to tj when introduced in levels (unreported), higher
order polynomials (col. 2), or as a discontinuous effect of rookie teachers
(col. 3). We have also tried identifying experience and/or tenure effects
from a speciﬁcation that includes teacher-year ﬁxed effects (rather than
just teacher ﬁxed effects) which allows us to use variation within teacher
over time, using various combinations of intervals for experience and
tenure (e.g., 0–3, 3–7, 7–10, 10 plus), and capping experience at 10 years.
None of these adjustments show a large or statistically important effect
for either tenure or experience. Rather, at best, it appears that there is a
0.02 grade-equivalent increase in quality over the ﬁrst few years of experience that ﬂattens and eventually recedes. Given our sample sizes, such
an effect is impossible to precisely estimate.
Female and African American teachers are associated with test scores
roughly 0.07 and 0.05 grade equivalents higher than male and white teachers. Some of this inﬂuence derives from students with similar demographics.36 In particular, African American boys and girls increase math test
scores by 0.067 (standard error of 0.037) and 0.042 (standard error of
0.034) grade equivalents in classrooms with an African American teacher
rather than a white teacher. However, we do not ﬁnd an analogous result
for Hispanic student-teacher relationships. Across all student race groups,
including Hispanics, math test scores are 0.05–0.10 grade equivalents
lower in classrooms with Hispanic teachers.
Likewise, female teachers have a larger impact on female students, especially African Americans. African American girls increase math test
scores by 0.066 (standard error of 0.032) grade equivalents when in a
classroom with a female teacher. This compares to a 0.032 (standard error
of 0.033) grade equivalent boost for boys. Because of small sample sizes,
we cannot distinguish Hispanic boys from Hispanic girls, but among all
Hispanic students, female teachers boost math test scores by 0.060 (standard error of 0.024) grade equivalents. All of these results are similar
under simpler speciﬁcations that include only the race and/or gender of
the teacher.
VI. Conclusion
The primary implication of our results is that teachers matter. While
this has been obvious to those working in the school systems, it is only
in the last decade that social scientists have had access to data necessary
to verify and estimate the magnitude of these effects. In spite of the
improved data, the literature remains somewhat in the dark about what
36

Goldhaber and Brewer (1997) ﬁnd teacher quality higher among female and
lower among African American instructors. Ehrenberg, Goldhaber, and Brewer
(1995) and Dee (2004) also look at teacher race and/or sex but instead focus on
whether students perform better with teachers of their own race and/or sex.
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makes a good teacher. Our results are consistent with related studies like
Hanushek (1992) and Rivkin et al. (2005), who argue that characteristics
that are not easily observable in administrative data are driving much of
the dispersion in teacher quality. Traditional human capital measures have
few robust associations with teacher quality and explain a very small
fraction of its wide dispersion. That our teacher quality measure persists
over time implies that principals may eventually be able to identify quality;
however, they are unlikely to have information on teacher quality when
recruiting or for recent hires for whom little or no information is available
on the teacher’s effect on students’ test score achievement. More generally,
teacher quality rankings can be quite sensitive in a value-added framework
when across-school differences are ignored. Without such controls, naive
application of value added may undermine teacher performance incentives.
One common proposal is to tie teacher pay more directly to performance,
rather than the current system, which is based on measures that are unrelated to student achievement, namely, teacher education and tenure. That
said, such a compensation scheme would require serious attention to
implementation problems (Murnane et al. 1991), including, but far from
limited to, important measurement issues associated with identifying
quality.
Data Appendix
The student administrative records assign an eight-character identiﬁcation code to teachers. The ﬁrst three characters are derived from the
teacher’s name (often the ﬁrst three characters of the last name) and the
latter ﬁve reﬂect the teacher’s “position number,” which is not necessarily
unique. In the administrative student data, several teacher codes arise
implausibly few times. When we can reasonably determine that the teacher
code contains simple typographical errors, we recode it in the student
data. Typically, we will observe identical teacher codes for all but a few
students in the same classroom, during the same period, in the same
semester, taking the same subject, and a course level other than special
education. These cases we assume are typographical errors. Indeed, often
the errors are quite obvious, as in the reversal of two numbers in the
position code.
A second problem we face in the teacher data occurs because a teacher’s
position and school number may change over time. We assume that administrative teacher records with the same ﬁrst and last name and birth
date are the same teacher and adjust accordingly. Additionally, for position
numbers that appear to change over time in the student data, we made
assumptions about whether it was likely to be the same teacher based on
the presence of the teacher in that school in a particular year in the teacher
administrative data.
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Finally, we match students to teachers using a three-letter name code
and the position number for the combinations that are unique in the
teacher data.37
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American public education is in the midst of intense change, and teachers,
in particular, are facing pressure to produce better outcomes for students.
As policymakers, teachers unions, and other stakeholders react to
changing demands on the nation’s public education system, there remains
considerable debate about what teachers think and what they want. Too
often assumptions define the conversation rather than actual evidence of
teachers’ views. Teachers unions and associations often claim to represent
the voice of all teachers. But, while these groups serve an important role,
they cannot possibly be expected to represent the diverse viewpoints of
a profession with 3.2 million practitioners.1 As such, independent public
opinion research that investigates what teachers think about various issues
is a necessary contribution to the national conversation on education
policy and reform.
In an effort to facilitate and inform this conversation,
Education Sector and the FDR Group surveyed 1,010
K–12 public school teachers about their views on the
teaching profession, teachers unions, and a host of reforms
aimed at improving teacher quality.2 The survey asks
speciﬁc questions about the work teachers do and about
reform proposals that are currently being debated. It also
examines the views of new teachers and veterans. And,
when possible, the survey discerns trends by asking some
identical questions from a 2003 national survey of K–12
public school teachers and comparing the responses.3 In
order to probe themes and develop the survey instrument,
Education Sector and the FDR Group conducted six focus
groups in ﬁve cities with approximately 60 current public
school teachers. (See appendices for a full discussion of
methods and the questionnaire.)
The survey revealed that it is hard to place teachers
deﬁnitively in any one camp even though advocates on all

1

Digest of Educational Statistics, 2007.

2

The term “union” is used throughout this report to refer to
unions and associations. The survey referenced both.

3

Steve Farkas, Jean Johnson, and Ann Duffett, Stand By Me:
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sides of various issues do just that. As a whole, teachers
today are what political analysts might describe as “in play”
and waiting to be won over by one side or another. Despite
frustrations with schools, school districts, their unions,
and a number of aspects of the job in general, teachers
are not sold on any one reform agenda. They want change
but are a skeptical audience. For instance, nearly half of
teachers surveyed say that they personally know a teacher
who is ineffective and should not be in the classroom.
But, although teachers want something done about
low-performing colleagues, they are leery of proposals to
substantially change how teachers can be dismissed.
Today’s teachers have different expectations than
teachers in the past, and they expect different things from
their professional lives. Yet, they recognize the problems
that undermine their profession, including job lock,
weak evaluation and reward structures, and too much
bureaucracy. With reformers pushing hard for change
and teachers unions holding tight to tradition, teachers
are caught in the middle, unsure of how their profession
should change but very aware that it needs to.
Teachers see problems with their unions as well. For
example, many say that the union sometimes ﬁghts
to protect teachers who really should be out of the
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classroom. But teachers still see the union as essential,
and they value the union’s traditional role in safeguarding
their jobs. New teachers are more likely today than they
were in 2003 to call unions “absolutely essential.” And
many teachers would like to see their unions explore
some new activities, especially some of the ideas
associated with the “new unionism” agenda, and take the
greater role in reform, but not if that comes at the expense
of the union’s core mission.
The ﬂuid environment presents both challenges and
opportunities for education leaders and policymakers.
Teachers unions may claim a deep loyalty from their
members but the relationship seems to be based mostly
on the practical beneﬁts that the union provides. Likewise,
school districts face high hurdles to convince teachers that
they have their best interests in mind and deserve their
trust. And in an environment of distrust, reformers face real
challenges to earn the support of teachers and turn today’s
most popular reform ideas aimed at improving teaching
and learning into public policy.
This report is organized into four sections. The ﬁrst
highlights key ﬁndings about the challenges that teachers
see in their profession, including weak evaluation
processes and a rigid tenure and pay system. The second
section describes how teachers feel about a range of
reforms aimed at improving their profession, from new
evaluation approaches to differential pay proposals.
The third section focuses on teachers’ opinions about
their union and what they feel the union role should be in
improving teacher quality. The ﬁnal section examines some
key points of comparison between new teachers, who
have been on the job fewer than ﬁve years, and veteran
teachers, who have been teaching for more than 20 years.

SYSTEMIC PROBLEMS
In order for teacher quality to improve, there are some
systemic problems in the profession that must be
changed. Teachers, for instance, say the beneﬁts structure
works against teacher quality by locking in people who
would rather move on or retire, and laws and contractual
rules hinder quality by making it difﬁcult to remove
persistently ineffective teachers. Teachers also point to
weak evaluation procedures and bureaucracy as serious
problems that hold back the profession.
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Locked In
Three in four public school teachers (76 percent) agree
that, “Too many veteran teachers who are burned out
stay because they do not want to walk away from the
beneﬁts and service time they have accrued.” And this
view resonates with majorities of teachers whether they
are newcomers to the profession (80 percent) or veterans
(68 percent). [Fig. 1–1]

Figure 1–1.* Trapped by Beneﬁts
Too many veteran teachers who are burned out stay because they do not want
to walk away from the beneﬁts and service time they have accrued.
[Question 8]
Not Sure
5%

Somewhat or Strongly Disagree

Strongly Agree
20%

40%

36%
Somewhat Agree

*Percentages in ﬁgures may not equal 100 percent due to rounding or omission of
answer categories. Question wording may be edited for space. Full question wording
is available in Appendix B. Small discrepancies between percentages in the text and
ﬁgures are due to rounding.

According to teachers, not only do the system’s incentives
lock in teachers who’d rather leave; its rules make it
hard to push colleagues out when they really should not
be teaching. Well over half of the teachers surveyed (55
percent) say that in their district it is very difﬁcult and
time-consuming to remove clearly ineffective teachers
who shouldn’t be in the classroom but who are past their
probationary period. Only 13 percent say this is not the
case. And almost half of teachers (46 percent) say they
know a teacher in their own building who is past the
probationary period but who is clearly ineffective and
shouldn’t be in the classroom (42 percent say they do not
know such a teacher). [Fig. 1–2]

Figure 1–2. Breaking Up Is Hard to Do
In some districts, the process for removing teachers who are clearly ineffective
and shouldn’t be in the classroom—but who are past the probationary
period—is very difﬁcult and time-consuming. Is this the case in your district, or
not? [Question 67]
No
13%

Not Sure

32%

55%

Yes
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At the same time, teachers can’t point to a single, preferred
strategy that principals use to deal with teachers who
clearly should not be in the classroom. One in four teachers
(26 percent) says a principal in their district, if faced with a
persistently ineffective teacher, would “make a serious effort
to retrain the teacher.” And 18 percent say a principal in
their district would most likely “initiate formal proceedings
to remove the teacher.” But some think that their district’s
principals would be most likely to do nothing (14 percent);
or that they would “transfer the teacher to another school”
(14 percent). Another 13 percent say the principals would
“quietly encourage the teacher to leave.” [Fig. 1–3]

Figure 1–3. No Clear Solution to Ineffectual Teachers
Which is the most likely course of action a principal in your district would
take if faced with a persistently ineffective teacher who was already past the
probationary period? [Question 70]
Make a serious effort to retrain the teacher

26%

Initiate formal proceedings to remove
the teacher from the district’s employ
Transfer the teacher to another school in
the district

18%
14%

Do nothing

14%

Quietly encourage the teacher to leave

13%
0
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40
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80
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Weak Evaluations
Teachers indicate that the most obvious technique used
to assess teacher quality—the formal observation and
evaluation—is not doing the job. In fact, only 26 percent
of teachers report that their own most recent formal
evaluation was “useful and effective.” The plurality—41
percent—say it was “just a formality,” while another
32 percent say at best it was “well-intentioned but not
particularly helpful” to their teaching practice. Almost
seven in 10 teachers (69 percent) say that when they hear
a teacher at their school has been awarded tenure, they
think that it’s “just a formality—it has very little to do with
whether a teacher is good or not.” [Fig. 1–4]

Figure 1–4. Evaluations: Just a Formality
Which statement describes your most recent formal evaluation? [Question 28]
Not Sure (2%)
It was useful and effective in terms of
helping you be a better teacher
26%
It was just
a formality

41%
32%
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It was well-intentioned but not
particularly helpful to your
teaching practice

Voices From the Field …
On Beneﬁts:
An experienced teacher in Chicago described the
calculations going through her mind as she approaches
retirement: “They will take 5 percent of your pension away
from you for every year that you quit before the age of 60. If
you’re at 30 years, and you’re burned out, you better go the
34, or they’re going to take 20 percent of your pension from
you. That is the really bad thing about it because it almost
makes these teachers be there whether they want to be or
not.”
Newcomers talked about being forewarned about the pitfalls
of the beneﬁt structure: “I’ve been around four years, and I’ve
heard people say, ‘If you want to get out of the system, get
out of it now before you’re locked in,’” explained a relatively
novice Milwaukee teacher.
On Ineffective Peers:
Teachers acknowledged the existence of ineffective peers
and how hard it is to remove them from the classroom. “I
have children in school right now, and there certainly are
some teachers that I will not let my children go into their
classrooms,” said a teacher working in the suburbs of
Milwaukee.
A teacher from the Milwaukee public schools described
her school’s effort to remove a problematic colleague:
“They have to go through a lot of hoops. … We had blatant
documentation, parent complaints, calls to a school board, all
sorts of things, but the principal’s hands were tied on every
single situation.”
And a teacher from a Milwaukee suburb said: “In our district
there’s a male teacher. … He is struggling very, very much and
is still probationary, but they renewed his contract. Our entire
department is shocked.”

Few Rewards
Outstanding teachers are unlikely to be recognized in
any formal way, if at all. Half of teachers (49 percent) say
school and district ofﬁcials “do not reward outstanding
teachers; the reward is solely intrinsic.” Twenty-nine
percent say outstanding teachers receive “ofﬁcial
recognition (for example, formal commendation or note to
ﬁle),” 16 percent say they receive some form of “informal
recognition (for example, better treatment or perks),” and
10 percent say they get a “token gift.”
Only 5 percent say that teachers receive a “ﬁnancial bonus”
for outstanding work. Ninety-seven percent of teachers say
salary increases in their district are determined “according
to a strictly deﬁned schedule mostly driven by their years of
service and the credits they attain.”
EDUCATION SECTOR REPORTS: Waiting to Be Won Over
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A Lot of Rules
Teachers describe schools that are tied up by
bureaucracy, governed by a clutter of rules, legal
stipulations, and contractual obligations that force good
teaching and learning to take a back seat. The vast
majority of teachers (86 percent) agree that, “Teachers are
required to do too much paperwork and documentation
about what goes on in their classrooms.”
They acknowledge that principals also work under difﬁcult
conditions, strapped for time and bogged down by the
restrictions of a heavily bureaucratic system. Almost six in
10 (59 percent) agree that, “All the paperwork and legal and
contractual restrictions make it difﬁcult for principals to get
things done”; only 28 percent disagree. In the end, when
things go wrong, teachers are somewhat more likely to
blame the system than to blame principals. More than half
(55 percent) reject the view that, “When individual schools
fail, it’s usually because they have ineffective principals at
the helm,” although 40 percent agree with that statement.
Most teachers, by a 68 percent to 21 percent margin, say
schools would be better for students if principals and
teachers had more control and ﬂexibility about work rules
and school duties. [Fig. 1–5]

Figure 1–5. More Flexible Schools
On the whole, which type of school would be better for students? One where:
[Question 66]
Principals and teachers
have more control and
flexibility over these
matters

68%
21%
8%

Work rules and school duties
affecting teachers are defined
by contract

Not Sure
Something else/Both (3%)

Summary and Analysis
Public school teachers in this national survey depict
a system that seems to be stuck when it comes to
ﬁne-tuning its workforce and making the most of its
professionals’ talents. Teachers who would rather move
on are often trapped by beneﬁts, and teachers who
should move on are often unduly protected. “We do
have people in the profession that get there and are
entrenched, burned out. I remember there was one
teacher who wanted to laminate her lesson plans. There
are those people, and that’s a negative stigma against our
profession,” said a Phoenix teacher.
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Yet, even when teachers are identiﬁed as not being effective,
the system does not make it easy to get rid of them, primarily
because the most common technique used to assess
teacher quality and award tenure—the formal observation
and evaluation—is not doing the job. When evaluations are
a mere formality, as many teachers say they are, not only do
teachers lose out on the chance to improve their craft, but
ineffective teachers slip through and gain tenure.
According to these ﬁndings, teachers see themselves, and
the principals who lead them, as overly constrained by
work rules that deﬁne what they can do, how they should
do it, and when it can be done. As a result, they feel treated
as less than professional. “It’s demoralizing,” said one New
York City teacher about having to punch a timecard each
day. “I have a master’s degree plus 30 credits, but I have a
timecard with my name on it. … It’s ridiculous.”
The ﬁndings suggest support among teachers for a
system that has more ﬂexible work rules, more trust in
teachers’ judgment and professionalism, and where
decisions about teacher quality are not dependent on rigid
rules, weak evaluations, and faulty tenure systems.

CONSIDERING CHANGE
In order to change and eliminate systemic problems,
school systems will need the support of teachers. Many
public school teachers are open to some new ways of
evaluating, rewarding, and paying teachers as well as
ideas for attracting and retaining high-quality teachers. But
some proposals do not gain wide support. For instance,
teachers are resistant to using student test scores as a way
of measuring teacher effectiveness in the classroom, and
most oppose the idea of offering higher starting salaries in
exchange for smaller pensions.

Stronger Evaluations
Concerned that the current evaluation process is weak
and often no more than a formality, teachers express a
willingness to reform the tenure system. Almost eight in
10 teachers (79 percent) support strengthening the formal
evaluation of probationary teachers so that they will get
tenure only after they’ve proven to be very good at what
they do. Tenured teachers are more likely to support this
proposal than their non-tenured colleagues (83 percent vs.
www.educationsector.org

66 percent). What’s more, most teachers think that even
tenured teachers should be formally evaluated on a regular
basis. Evaluations should occur each year according to 31
percent of tenured and 36 percent of non-tenured teachers,
and at least every two years according to 26 percent of
tenured and 30 percent of non-tenured teachers. [Fig. 2–1]

Figure 2–1. Regular Evaluations for Tenured Teachers
How often do you think tenured teachers should be formally evaluated?
[Question 32]
Tenured (n=778)

Non-Tenured (n=198)

At least every 2 years
Every 3–5 years

Percent who “strongly” or “somewhat” favor giving ﬁnancial incentives to:
2007 (n=1,010)

2003 (n=1,345)

80%*
70%*

Teachers who work in tough neighborhoods with
low-performing schools [Question 23]
Teachers who receive accreditation from the
National Board for Professional Teaching
Standards [Question 21]

64%*
57%*

Teachers who consistently receive outstanding
evaluations by their principals [Question 19]

58%*
62%*

Teachers who specialize in hard-to-fill subjects
such as science or mathematics [Question 22]

53%*
42%*

Teachers whose students routinely score higher
than similar students on standardized tests
[Question 20]

31%
36%
26%
30%
38%*
24%*

Yearly

Figure 2–2. What Merits More Pay?
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Figure 2–3. Swapping Tenure
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*Statistically signiﬁcant difference.

If you had the choice, would you: [Question 33]

Putting Pay on the Table

Trade tenure for a $5,000 pay
increase

Tenured

Teachers show support for some pay proposals,
especially those that reward demanding assignments or
additional work.
Eighty percent of public school teachers favor giving
ﬁnancial incentives to “teachers who work in tough
neighborhoods with low-performing schools,” an increase
of 10 percentage points from the 70 percent of teachers
who favored an identical proposal in 2003. A large
majority of teachers (64 percent) also favor giving ﬁnancial
incentives to “teachers who have pursued and achieved
accreditation from the National Board for Professional
Teaching Standards,” an increase of 7 percentage points
since the question was asked in 2003.
More than half of teachers (53 percent) favor giving ﬁnancial
incentives to “teachers who specialize in hard-to-ﬁll subjects
such as science or mathematics,” an increase of 11
percentage points from 2003. And a solid majority (58 percent)
favors giving ﬁnancial incentives to “teachers who consistently
receive outstanding evaluations by their principals.” [Fig. 2–2]
Even a proposal to trade tenure or job protection for
higher pay garners some support—although it is hardly
overwhelming. One in four tenured teachers (25 percent)
would trade their tenure for a pay increase of $5,000 per
year, while an additional 29 percent would consider the
trade if the pay increase was “a lot higher.” About three in
10 (29 percent) reject the idea outright. [Fig. 2-3]

Non-Tenured

25%*
39%*
29%*
21%*

Trade tenure if the pay increase
were a lot higher

29%*

Rather hold on to tenure

17%*
25%
17%

Not sure
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Still Uneasy About Test Scores
Teachers are resistant to using test scores as a measurement
of their performance and pay. As shown in Figure 2-2, one in
three teachers (34 percent) favors giving ﬁnancial incentives
to teachers “whose kids routinely score higher than similar
students on standardized tests.” Most teachers today (64
percent) oppose the idea, up 8 percentage points from the
56 percent who opposed it in 2003.
Almost half of the public school teachers surveyed (49
percent) say it’s an excellent (15 percent) or good (34
percent) idea to measure teacher effectiveness based
on student growth, or “to assess students’ skills and
knowledge when they ﬁrst come to a teacher and to
measure them again when students leave.” But almost
half (48 percent) say it is a poor or fair idea. Similarly, the
percent of public school teachers who favor (44 percent) or
oppose (51 percent) ﬁnancially rewarding teachers whose
students make comparatively more academic progress in
terms of “improved reading levels, teacher evaluations, and
classroom tests” hovers around the halfway mark. [Fig. 2–4]
EDUCATION SECTOR REPORTS: Waiting to Be Won Over
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Figure 2–4. Adding Value
Oppose
How much would you favor/oppose
financially rewarding teachers whose
students make comparatively more academic
progress in terms of improved reading levels,
teacher evaluations, and classroom tests?
[Question 24]

51% 44%

Fair/poor
How would you rate this as a way of
measuring teacher effectiveness: Assessing
48% 49%
students’ skills and knowledge when they first
come to a teacher and again when they leave to
see what progress was made? [Question 27]

Favor

higher starting salaries in exchange for smaller pensions
when they retire.” A large majority (71 percent) view it as
either a poor or fair idea. Large majorities of both union
members and non-members view this proposal negatively
(72 percent of members and 69 percent of non-members).
[Fig. 2–5]

Figure 2–5. Attracting the Best and Brightest
How would you rate each idea for attracting and retaining high-quality teachers
to the teaching profession?

Excellent/
good

Excellent

Give teachers more time during the
school day for class preparation and
planning [Question 14]

Attracting and Retaining Teachers

Support among public school teachers is also apparent
for recruiting teachers from other industries and easing
state certiﬁcation requirements. Fifty-four percent say
they would be open to “actively recruiting and training
second-career candidates from business and other
sectors of the economy.” High school teachers are more
likely than elementary school teachers to support this
idea (62 percent vs. 49 percent). However, only 43 percent
of teachers think it is an excellent or good idea “to ease
state certiﬁcation requirements while intensifying in-class
supervision, observation, and mentoring.”
Teachers are less supportive about using ﬁnancial
incentives to attract teachers. Less than half (43 percent)
of teachers say it is an excellent or good idea to “pay
signing bonuses to attract new talent.” Non-union
members are more likely than union members to be
supportive of this proposal (52 percent vs. 39 percent).
And minority teachers (self-identiﬁed as African-American,
Hispanic, or Asian) are more likely to support this idea
than white teachers (63 percent vs. 41 percent).
Only 22 percent of public school teachers think it’s an
excellent or good idea to offer new teachers “substantially
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57%

Make it far easier to leave and return to
teaching without losing retirement
benefits [Question 15]

Teachers show strong support for recruitment strategies
that improve the conditions and ﬂexibility of their work.
The majority of teachers (85 percent) agree that it is an
excellent or good idea to “give teachers more time during
the school day for class preparation and planning” as a
way to attract and retain high-quality teachers. Almost
eight in 10 (78 percent) say it is either an excellent or good
idea to “make it far easier to leave and return to teaching
without losing retirement beneﬁts.” And seven in 10 (70
percent) think positively of a proposal that would “make
it easier to earn and take sabbatical leave for teachers
working in really challenging schools.”

Good

44%

Make it easier to earn and take
sabbatical leave for teachers working in
really challenging schools [Question 18]

34%

30%

Actively recruit and train second-career
candidates from business and other
sectors of the economy [Question 12]

37%

(54%)

Ease state certification requirements
while intensifying in-class supervision, 14%
observation, and mentoring [Question 13]

29%

(43%)

Pay signing bonuses to attract new
talent [Question 17]

27%

(43%)

15%

(78%)

(70%)

40%

17%

(85%)†

28%

7%

Offer new teachers substantially higher
starting salaries in exchange for smaller
pensions when they retire [Question 16]

15% (22%)
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Figures in parentheses represent totals.

Summary and Analysis
This national survey highlights public school teachers’
willingness to explore new ideas for assessing and
rewarding performance and for attracting new candidates
to the profession. And while teachers overall are far from
convinced that differences in teacher impact can be
measured fairly or measured at all, there does seem to
be room for negotiation around pay initiatives, an insight
that is often masked in the highly charged debates about
pay for performance proposals. Still, some teachers may
be insulted by the very idea that they would respond to
ﬁnancial incentives or that public schools would beneﬁt
from the management techniques used in the private
sector.
A series of survey questions on differentiated pay
approaches demonstrates there are situations where
teachers agree that paying colleagues differently
is justiﬁed. Teachers know that working in tough
neighborhoods with low-performing schools is a difﬁcult
www.educationsector.org

assignment and may feel that it’s only fair to reward those
willing to put forth the extra effort. Teachers also feel
positively about paying more money to colleagues who
have pursued and achieved National Board certiﬁcation.
Many know that it takes a lot of work to get such
accreditation and may feel that this extra effort deserves
reward. Most likely, teachers favor bonus pay for tough
assignments and National Board certiﬁcation because
they are familiar with these ideas and know colleagues
who have beneﬁted from them. Teachers may also be
amenable to these ideas because they see them as
“objective” and not susceptible to favoritism. There has
been growing support among teachers for some of these
proposals; three of the ﬁve proposals about ﬁnancial
incentives that we tested have gained support in the past
four years.
Paying teachers based on student test scores, however,
remains controversial. Teachers’ suspicion of standardized
tests as a fair and objective measure drives some of this
resistance. “To reward teachers for great test scores is
absurd,” commented one teacher. “There is such a range
of external issues that work in a classroom; there is no
way to accurately assess how great a job [a teacher] is
doing based on test scores! And if it is based on test
scores, who ultimately decides? How can favoritism,
cronyism, and all other matters of human subjectiveness
not come into play?”
Teachers also appear to be split over the use of growth or
“value-added” measures of teacher performance, which
assess teacher effectiveness based on student progress
over time. Despite increased attention to these ideas in
education policy, teachers are no more likely today to
support them than they were in 2003.
Even though teachers show openness to some
changes, it’s hard to ignore the misgivings they
revealed (across different types of questions) about
using student achievement to measure, evaluate, and
compensate them. And in focus groups, teachers
bristled at even the suggestion that they should be
solely responsible for a child’s academic achievement
when so many others—parents, administrators, even
the students themselves—are not doing their part. In
Milwaukee, a city school teacher told us, “I would love
to be rewarded for the merits that I do make, but I
would not like to be penalized for things that are out of
my control.”
www.educationsector.org

Voices From the Field …
On Merit Pay:
A Chicago teacher’s experience illustrates the mixed feelings
teachers may have on value-added measures, especially when
used to determine pay bonuses: “Prior to this year, I would say
that merit-based pay … it’s an insult. Like I’m going to work
harder? I work as hard as I can, and I’m not going to work
harder for more money. That’s an insult to me. My school …
got a very large federal grant starting next year for this meritbased pay, so the way that it’s worked out, I really like it. …
It’s based on the value-added of what I do. … My kids started
at 10. … So if I take that from a 10 to a 25, are they at grade
level? No. Did I do a really good job? Did I bring them up
signiﬁcantly? Yes. … We’ll see. It’s not been implemented yet.
In theory, I like it.”
To teachers, one of the critical downsides of differentiating
teacher pay—whatever the approach—is that it will breed
unhealthy competition and wreak havoc on the collaborative
spirit that they see as essential to effective teaching and
student learning. One teacher wrote, “I still feel that teaching
is one of the most valuable and fulﬁlling professions in the
world. I am afraid that by tying teacher compensation to
effectiveness, there will be less willingness for teachers to work
together. Teaching will become a competition for getting the
most money.”
A New York teacher said, “Merit pay would make us all like
cave people ﬁghting for a bone.”

Educators and policymakers frequently discuss ways to
attract and retain high-quality teachers. One idea getting
attention these days is to swap some of the beneﬁts
teachers enjoy later in their careers for more money in
the early years. The survey ﬁnds teachers are protective
of their pensions, and the vast majority of teachers
overall do not like the idea of raising starting salaries
in exchange for fewer retirement beneﬁts. But many
teachers are open to other new ways of attracting and
keeping good teachers. Generally speaking, teachers
appear to be considerably more interested in recruitment
and retention strategies that would improve the ﬂexibility
and conditions of their work. For example, most support
making it easier to leave and return to the profession
without losing beneﬁts. A suburban teacher from
California wrote, “As a mom of two kids under ﬁve, I’d
like to see it more feasible to take a few years off and be
able to go back without retirement being so negatively
affected.” And an overwhelming majority supports giving
teachers more time for class planning and preparation.
While this measure would come with a large price tag for
public schools, it is notable that the measure teachers
are most likely to favor does not come with any monetary
gain for individual teachers.
EDUCATION SECTOR REPORTS: Waiting to Be Won Over
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UNIONS AS PROTECTORS AND
REFORMERS
Teachers unions play a powerful role in inﬂuencing
the direction and success of district reforms aimed at
improving teacher quality. Public school teachers expect
unions to continue playing their traditional role: to bargain
for beneﬁts, safeguard jobs, and protect teachers from
political machinations in their districts. But teachers also
are open to their local union playing a role in improving
teacher quality. While relatively few see the union in their
own district as active in doing so, large numbers would
support union efforts to mentor and train teachers, to
negotiate new ways to evaluate teachers, and even to
engage in high-stakes reform efforts such as guiding
ineffective teachers out of the profession.

Seventy-four percent agree that, “Teachers facing unfair
charges from parents or students would have nowhere to
turn without the union.” Union members are more than
twice as likely as their non-union colleagues to feel this
way (85 percent vs. 39 percent).
Almost eight in 10 teachers (78 percent) agree that,
“Without a union, teachers would be vulnerable to
school politics or administrators who abuse their power.”
Again, union members are twice as likely to feel this way
compared with non-members (91 percent vs. 45 percent).
Finally, most teachers do not think that union presence
hinders the reputation of the profession. Just 21 percent
of teachers agree that, “Teachers would have more
prestige if collective bargaining and lifetime tenure were
eliminated.” Sixty percent of teachers overall disagree
with this statement, as do 68 percent of union members
and a smaller 44 percent of non-members.

Unions Matter
Most teachers see the teachers union as vital to their
profession. When asked how they think of teachers
unions or associations, 54 percent of teachers
responded that they are “absolutely essential.” This is
an increase of 8 percentage points from 46 percent in
2003. Another 31 percent see unions as “important but
not essential,” and just 11 percent as “something [they]
could do without.” Among union members, almost 2
out of 3 (65 percent) view them as absolutely essential.
[Fig. 3–1]

Figure 3–1. Still Critical
Do you think of teachers unions or associations as: [Question 36]
Total 2003 (n=1,345)

Total 2007 (n=1,010)

Absolutely essential

46*

54*

Important but not essential

38*

31*

Something you could do without

12

11

*Statistically signiﬁcant difference.

And most teachers strongly value the traditional
protections that unions offer. Approximately three in four
teachers (74 percent) agree that, “Without collective
bargaining, the working conditions and salaries of
teachers would be much worse.” This has declined by
7 percentage points, from 81 percent who agreed in
2003. Not surprisingly, union members are far more likely
than non-members to feel this way (87 percent vs. 50
percent).
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On the Union Agenda
Public school teachers rely on their unions mainly for
traditional functions. More than three quarters of teachers
say that their local union “protects teachers through due
process and grievance procedures,” “regularly informs
teachers about their beneﬁts, rights, and responsibilities,”
and “effectively negotiates contracts, salary, and beneﬁts
on behalf of teachers.” And of those teachers who
report that their local union performs such traditional
functions, most say it is doing an excellent or good job
(approximately seven out of 10). While only 8 percent
of teachers said they had ﬁled a grievance against their
district, the majority (73 percent) of these teachers
reported that their only or most recent grievance ended
in their favor. And 70 percent of these same teachers said
the union did a good job representing them, while only 27
percent felt the union could have worked a lot harder.
Some unions, however, are moving outside of the
traditional role and engaging in activities typically
associated with a more vigorous school reform agenda.
Fifty-ﬁve percent of teachers overall say the union in
their district “negotiates to keep class size down in the
district.” Nearly half of teachers (46 percent) say that
the local union “provides support and mentoring to new
teachers.” Forty-one percent say it “negotiates new ways
to more meaningfully and effectively evaluate teachers”
and that it “keeps teachers updated on new instructional
methods and curriculum.” Almost four in 10 (38 percent)
www.educationsector.org

say their district’s union “provides teachers with highquality training and professional development,” and one
in three (33 percent) that it “expands the career ladder for
teachers by negotiating new and differentiated roles and
responsibilities.”
Still, according to these survey results, most unions
do not appear to be engaged in efforts to deal with
ineffective teachers. Only 17 percent of teachers say
that the union in their district “leads efforts to identify
ineffective teachers and retrain them.” Fifteen percent (for
both) say that the union “guides ineffective teachers out
of the profession” or “screens teachers who are new or
transferring to ensure a good ﬁt with the schools they’re
going to.” [Fig. 3–2] Half of teachers (49 percent) agree
that their union “sometimes ﬁghts to protect teachers who
really should be out of the classroom.” And nearly half
(46 percent) say they “personally know a teacher in their
building who is past the probationary period but who is
clearly ineffective and shouldn’t be in the classroom.”

Figure 3–2. The Unions and Teacher Quality
Percent who say the union in their district currently does each item:
Total
(n=1,010)
Provide support and mentoring to new teachers [Question 58]

46

Negotiate new ways to more meaningfully and effectively
evaluate teachers [Question 64]

41

Keep teachers updated on new instructional methods and
curriculum [Question 55]

41

Provide teachers with high-quality training and professional
development [Question 59]

38

Expand the career ladder for teachers by negotiating new and
differentiated roles and responsibilities [Question 61]

33

Lead efforts to identify ineffective teachers and retrain them
[Question 63]

17

Guide ineffective teachers out of the profession [Question 62]

15

Screen teachers who are new or transferring to ensure a good
ﬁt with the schools they’re going to [Question 65]

15

Room to Grow
While teachers value unions for their traditional
protections, sizeable numbers also seem open to the
union as a player in reform. When forced to choose, more
than half of teachers (52 percent) prefer that their union
stick to traditional issues such as protecting teachers’
salaries, beneﬁts, and jobs. But nearly a third (32 percent)
say that unions should increase their focus on things like
teacher quality and student achievement (16 percent are
unsure). [Fig. 3–3]
www.educationsector.org

Figure 3–3. Remember Bread and Butter
Do you think that teachers unions should: [Question 39]
Mostly stick to traditional
union issues such as
protecting teachers’
salaries, benefits,
and jobs

32%

Put more focus than they
currently do on issues such as
improving teacher quality and
student achievement

52%
16%
Not Sure

Among the teachers who say that the union or association
in their district currently does not perform certain functions
typically associated with a more vigorous school reform
agenda, sizeable numbers would strongly favor their local
union taking on such activities. For example, while 38
percent of teachers report that their local union doesn’t
provide support and mentoring to new teachers, the majority
of these teachers indicate that the union should take on this
responsibility (66 percent would favor the union doing so).
And, while 39 percent of teachers report that their union
currently doesn’t negotiate new ways to more meaningfully
and effectively evaluate teachers, the majority (72 percent) of
these teachers would favor the union doing so.
The same pattern continues across other reforms. Among
those who say the union in their district does not currently
do so, approximately two out of three would favor their
local union playing a role in guiding ineffective teachers
out of the profession (66 percent), in expanding the
career ladder for teachers (65 percent), and in identifying
and retraining ineffective teachers (65 percent). Six in
10 support the union getting more involved in providing
guidance on instructional and curriculum matters (61
percent) and also providing professional development
opportunities (61 percent).
The one exception where there is less than a majority in
favor is for the union to take a more active role in ensuring
a good ﬁt between teachers and schools; for this item,
just under half (47 percent) say they are in favor. [Fig. 3–4]

Permission to Lead
Sizeable numbers of public school teachers indicate
strong support for teachers unions to take the initiative on
what many would consider to be controversial reforms.
More than six in 10 (63 percent) teachers in the overall
sample say they would support the union or association
EDUCATION SECTOR REPORTS: Waiting to Be Won Over
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Figure 3–4. How Unions Can Improve Teaching

Voices From the Field …

Percent who favor their union taking on each item below:
Strongly

Negotiate new ways to more meaningfully
and effectively evaluate teachers (n=421)
[Question 64C]

36%

Provide support and mentoring to new
teachers (n=405) [Question 58C]

33%

Guide ineffective teachers out of the
profession (n=652) [Question 62C]

36%

Expand the career ladder for teachers by
negotiating new and differentiated roles
and responsibilities (n=484) [Question 61C]

27%

Lead efforts to identify ineffective teachers
and retrain them (n=630) [Question 63C]

Somewhat

33%

0

“One of the reasons that I belong to the union, as ineffective
as it may be … I belong because of the liability policy. If you’re
going to be a teacher, you need to have that liability. There are
so many situations I couldn’t even begin to name. If you coach,
do an activity, or something in the classroom, I just believe that
they have lawyers that are specially trained for the educational
system, not just somebody who went to law school and can
interpret law, but somebody that really knows educational law,”
said a Phoenix teacher.

(65%)

31%

37%

27%

“Without our union, teachers are quite powerless,” wrote a
teacher from Hawaii.

(66%)

38%

24%

(65%)

(61%)

34%

20%

(66%)

30%

34%

Keep teachers updated on new
instructional methods and curriculum
(n=474) [Question 55C]
Provide teachers with high quality training
and professional development (n=474)
[Question 59C]
Screen teachers who are new or transferring to ensure a good fit with the schools
they’re going to (n=678) [Question 65C]

(72%)†

36%

(61%)

“I have to say I just don’t know what it would be like if we
didn’t have a union,” said one New York City teacher. “I’m
losing faith in the union more and more all the time, but I don’t
know. … What would it be, if we didn’t have one?”

27% (47%)

20

40

On Unions as Protectors:
“I would never give up my continuing contract rights,” a
31-year veteran wrote. “I have seen too many parents and
administrators make unfounded accusations that could ruin a
career.”

60

80

100

†

Figures in parentheses represent totals.
Base: Teachers who say union currently does not do each item.

in their district taking the lead on ways to simplify
the process for removing teachers who are past the
probationary period and who are clearly ineffective and
shouldn’t be in the classroom. Just 16 percent would
oppose it. Majorities of both union members (65 percent)
and non-members (58 percent) are in favor of this idea.
Also, more than half of teachers overall (52 percent) say
they would support the local union or association taking
the lead on negotiating a way to add teacher performance
as a consideration when deciding an individual teacher’s
salary; 40 percent would oppose it. [Fig. 3–5]

On Unions as Reformers:
Through the focus groups, it became evident that teachers
fear losing the services and protections they have come
to expect from unions if the unions were to take on more
responsibilities. A Milwaukee area teacher was explicit: “I
would worry [that] my union couldn’t handle taking on anything
else. … Get me a contract. We haven’t had a contract in 10
years. Then think about something else.”
Many teachers felt that it would be acceptable for their union
to take on new things as long as old things keep getting done.
“I just think that there are other things that are more true to my
feelings or my concerns. … If they were involved with [teacher
quality/student achievement], I mean honestly, I would still
probably have my focus or my concerns with my salary, the
work day, those kinds of things,” said a Phoenix teacher.

Cooperation and Conﬂict
Figure 3–5. The Unions and Pay for Performance
Support for union taking the lead on negotiating a way to add teacher
performance as a consideration when deciding an individual teacher’s salary.
[Question 72]
Percentage of Respondents

100

A third (33 percent) of the union members surveyed for
this study say the relationship between district leadership
and the teachers union is mostly about “conﬂict and
distrust.” But the plurality (47 percent) characterizes the
relationship as one of “cooperation and trust.” [Fig. 3–6]

80

60
40

Somewhat
support (34%)

(Total Oppose=41%)
Somewhat
oppose (18%)

Strongly
support (18%)

Strongly
oppose (23%)

20
0

10

Summary and Analysis

(Total Support=52%)
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The majority of public school teachers continue to
view teachers unions as vital, and based on the survey
results, membership continues to be strong, although
participation levels vary. (See sidebar, The Union Way,
www.educationsector.org

Figure 3–6. Conﬂict or Cooperation

The Union Way

Today in your district, how would you describe the relationship between the
teachers union or association and the district leadership? Is it mostly about:
[Question 40]
Cooperation and trust
47%

33%

19%
Not Sure

Conflict and distrust

Base: Union member (n=671)

Page 11.) But loyalty to the union seems borne more of
immediate practical concerns than a broader sense of
unionism. “They’re the policemen [sic] who just keep an
eye on the laws and regulations,” explained one teacher.
And to a large extent, this may be how most teachers
generally experience their union or association—as a
necessary protector of their rights in an environment that
often seems disconnected from, if not hostile to, their
daily work lives.
As such, teachers tend to rely on their unions mainly for
traditional bread-and-butter issues—securing money,
beneﬁts, and legal representation—and teachers report
considerable satisfaction with their unions on these
matters. Similar to other professionals, teachers worry
about the increasing costs of health and dental insurance,
about retirement—and they’re counting on the union to
protect those beneﬁts. Teachers often talk about feeling
extremely vulnerable to the powers that be—parents,
principals, legislators. Partly for these reasons, and
despite what teachers sometimes see as the unions’
shortcomings, teachers continue to be tethered to the
traditional role of unions.
Teachers do not appear to automatically associate their
unions with efforts to improve teacher quality. In a New
York City focus group, for example, teachers mentioned
many recent instructional improvements such as smaller
learning academies and curriculum compacting—but,
rightly or wrongly, they did not attribute them to union
initiatives. When asked speciﬁcally where the teachers
union ﬁt in, several teachers in the group identiﬁed as
union-initiated a program that provides teacher coaching
and a union-designed violence prevention workshop.
But they did not intrinsically associate their unions with
substantive initiatives until the moderator probed in this
direction. As one New York City teacher said, “I never
www.educationsector.org

Based on these survey results, the vast majority of public
school teachers continue to value union membership, although
most union members do not participate actively in their
unions. In 2003, 83 percent of teachers reported that they
were members of a teachers union or association; in 2007, the
number remains virtually unchanged at 82 percent. But large
majorities—approximately two out of three members—say
they are not involved or engaged with the local union other
than to receive mailings and notices (66 percent in 2003 and
69 percent in 2007).
There are disparities among union members on how well
teachers unions reﬂect the views of most teachers—and how
effective teachers unions are in general. Slightly more than half
(51 percent) of the union members surveyed are of the opinion
that when their union negotiates with district leadership, it
“virtually always works for the best interests of its members
and reﬂects their preferences,” compared with just 18 percent
that say the union “sometimes takes positions that are not
in the best interests of its members or not aligned with what
members want.” Another 16 percent say it does both equally,
and 14 percent are not sure. On three out of ﬁve initiatives
regarding differentiated pay for teachers, union members are
substantially less optimistic than their non-union counterparts.
While majorities of union members view the various levels
of the union—building, district, state, national—as effective,
a larger percentage points to the district level as effective
compared with the others. Eighty-ﬁve percent of union
members say the teachers union or association at the district
level is effective. This is followed by 78 percent who say the
union in their building is effective; 68 percent the state level;
and 57 percent the national level.

Merit Pay by Union Membership
Percent who “strongly” or “somewhat” favor giving ﬁnancial incentives to:
Union
Member
(n=671)

NonMember
(n=165)

Teachers who work in tough neighborhoods with
low-performing schools [Question 23]

79

79

Teachers who receive accreditation from the
National Board for Professional Teaching
Standards [Question 21]

63

67

Teachers who consistently receive outstanding
evaluations by their principals [Question 19]

52*

71*

Teachers who specialize in hard-to-ﬁll subjects
such as science or mathematics [Question 22]

49*

61*

Teachers whose kids routinely score higher than
similar students on standardized tests [Question 20]

28*

47*

*Statistically signiﬁcant difference.

looked to the union for professional development. If I
did [look to the union] it was a contractual question or
something like that.” Teachers also revealed confusion
about the role unions should play in supporting innovation
such as charter schools. (See sidebar, Charter Confusion,
Page 12.)
EDUCATION SECTOR REPORTS: Waiting to Be Won Over
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Charter Confusion
Public school teachers are about as likely to favor (42
percent) as they are to oppose (45 percent) the fundamental
idea behind charter schools—schools that “operate under
a charter or contract that frees them from many of the state
regulations imposed on public schools and permits them to
operate independently.” In comparison, the public at large
is somewhat more likely to favor charters, according to a
recent survey that found 53 percent in favor and 34 percent
in opposition.*
Despite the more than 4,000 charter schools that operate
nationally and the intense debate that surrounds them, public
school teachers appear to know little about charter schools.†
Only 22 percent of teachers say they know “a great deal”
or “quite a bit.” Nearly four in 10 (39 percent) know either
“very little” or “nothing at all.” This is only slightly better than
the public’s knowledge level. A recent survey shows that 12
percent of registered voters, for example, know a lot about
charter schools.‡
Teachers’ unfamiliarity with charter schools is surprising given
the footprint that charters now have in many communities.
Findings from both the focus groups and the survey revealed
confusion about charter schools and the role unions might
play in managing or sponsoring them. The survey found that
public school teachers are somewhat more likely to support
(34 percent) than oppose (26 percent) having teachers
unions themselves sponsor and manage charter schools,
but the plurality (40 percent) are not sure—an unusually high
percentage that indicates unsettled views. In New York City,
where the teachers union is championing several charter
school initiatives, only one teacher in the focus group seemed
to have heard about it at all and announced that “the jury is
still out.” In Milwaukee, where charter schools are relatively
prevalent, many teachers appeared to be uninformed and
uninterested in the topic. As union leaders think about
organizing charter schools or sponsoring schools of their
own, they have considerable work to do to educate their
membership.

Don’t Know Much About Charter Schools?
How much do you know about charter schools? [Question 82]
Nothing at all

A great deal
7% 5%

Very little

Quite a bit
18%

32%
39%

According to teachers, unions do not appear to be
particularly active on the teacher quality front, although
many teachers indicate support for this type of union activity.
Thus, teachers unions have a lot of room to expand the
role they play in improving teacher quality. Initiatives such
as mentoring new teachers or serving as a resource on
curriculum and teaching methods are low-hanging fruit—
fairly easy to implement and relatively non-controversial.
Overall, teachers are fairly receptive to expanding
the union role in reform, especially when it comes to
improving the state of their craft. The ﬁndings strongly
suggest teachers would back the union in their district if
it were to take on such things as high-quality professional
training or if it tried to expand the career ladder for
teachers. And teachers seem willing to go even further.
They’d want to see their union working toward new ways
to effectively evaluate teachers—and even to guide
ineffective colleagues out.
Still, this is not a tame agenda for unions, and they do not
pursue it without some risk. For the unions to take on all
of these things at the same time might be overwhelming
and may raise questions about their ability to deliver
on the traditional issues that teachers say matter most.
Moreover, it’s one thing for teachers to voice support for
an initiative or idea in a survey, quite another to do so in
real life when there are high stakes attached.

NEWCOMERS AND VETERANS
Teachers with fewer than ﬁve years of experience
(newcomers) and those with more than 20 years (veterans)
agree on many issues. They both, for instance, value
unions and the more traditional services they provide. But
newer teachers and veteran teachers have substantially
different attitudes toward differentiated pay as well as
other aspects of their profession. Teachers also differ in
opinions according to the regions in which they live—
South, Northeast, West, Midwest. (See sidebar, Southern
Comfort, Page 13.)

Only some

*38th Annual Phi Delta Kappa/Gallup Poll of the Public’s Attitudes Toward the Public
Schools, 2006.
†
According to the Center for Education Reform, the exact number is 4,147 as of 2007
(http://www.edreform.com/_upload/CER_charter_numbers.pdf).
‡
Glover Park Group, 2005.
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Shared Values
Both veteran teachers and newcomers value unions,
especially their role in safeguarding teachers’ jobs.
Veterans are more likely than newcomers to say the
www.educationsector.org

Southern Comfort

What Unions Do for Me

Midwest (n=266)

Percent of teachers who:

West (n=200)

These regional differences may be more a function of union
penetration than anything else, as teachers are far more likely

South (n=342)

Also, there is a clear pattern of stronger support for the valueadded approach for measuring teacher effectiveness among
those in the South (55 percent, compared with 44 percent
Northeast, 50 percent West, and 44 percent Midwest).

to be union members in the Northeast and far less likely
in the South. On virtually all of the questions in the survey
pertaining to union activities, teachers in the Northeast are
more likely than those in the South to say the union in their
district currently takes part, that it is doing a good job, or that
they would favor the union taking on that responsibility. In a
nutshell, pro-union sentiment is prevalent among teachers in
the Northeast, lacking among teachers in the South, and tends
to fall somewhere in between for teachers in the West and
Midwest.

Northeast (n=163)

The survey ﬁndings strongly suggest that public school
teachers in the South are more willing to push for reform than
their peers in the Northeast, where union tradition remains
stronger. For example, teachers working in southern states are
more likely to favor pay for performance measured by student
standardized test scores (44 percent, compared with 21
percent Northeast, 30 percent West, and 30 percent Midwest).

Agree that without a union, teachers would be
vulnerable to school politics or administrators who
abuse their power [Question 49]

93

65*

83

82

Agree that without collective bargaining, the working
conditions and salaries of teachers would be much
worse [Question 48]

88

60*

80

81

Agree that the union regularly provides information
and opportunities to help them be a better teacher
[Question 44]

52*

37

38

41

Say that being a union member provides feelings
of pride and solidarity, in addition to the practical
beneﬁts [Question 77]

44*

25

29

29

Believe that the type of school that would be better for
children is one where work rules and school duties
affecting teachers are deﬁned by contract [Question 66]

35*

15

21

21

Merit Pay by Region
Northeast (n=163)

South (n=342)

West (n=200)

Midwest (n=266)

Percent who “strongly” or “somewhat” favor giving ﬁnancial incentives to:

Teachers who work in tough neighborhoods with lowperforming schools [Question 23]

75*

80

86*

78

Teachers who receive accreditation from the National
Board for Professional Teaching Standards
[Question 21]

59*

69*

65

61

Teachers who consistently receive outstanding
evaluations by their principals [Question 19]

48*

65*

56

54

Teachers who specialize in hard-to-ﬁll subjects such as
science or mathematics [Question 22]

42*

60*

57

49

Teachers whose kids routinely score higher than similar
students on standardized tests [Question 20]

21*

44*

30

30

*Statistically signiﬁcant difference.

*Statistically signiﬁcant difference.

teachers union is “absolutely essential” (60 percent
compared with 51 percent). And, notably, newer teachers
are considerably more likely to say the union is absolutely
essential than they were four years ago (51 percent in
2007 compared to 30 percent in 2003). [Fig. 4–1]

Figure 4–1. The Continued Importance of Unions
Do you think of teachers unions or associations as: [Question 36]
Newcomer

Veteran

2003
(n=211)

2007
(n=110)

2003
(n=484)

2007
(n=363)

Absolutely essential

30*

51*

57

60

Important but not essential

49*

32*

30

27

Something you could do without

13

11

11

11

*Statistically signiﬁcant difference.
Note: Newcomer=less than ﬁve years; Veteran=more than 20 years.
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Although a quarter of newcomers think unions lean
toward tending to the needs of veteran teachers (26
percent), large numbers of both groups see no patterns
of favoritism. Forty-six percent of newer teachers and
68 percent of veteran teachers believe that the union in
their district focuses about equally on both groups. Few
think the needs of new teachers get most of the attention
(4 percent of newcomers and 10 percent of veterans).
Fully one in four (25 percent) newer teachers is not sure,
compared with 13 percent of veterans. [Fig. 4–2]

More Positive About Union Protections
It is not surprising that teachers with more than 20 years
of experience would be more active in the teachers union
or to perceive the union as acting in its members’ best
EDUCATION SECTOR REPORTS: Waiting to Be Won Over
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Figure 4–2. Favoritism?

More Open to Reforms

Does the teachers union in your district lean more toward: [Question 76]
Newcomers (n=110)

Compared with veterans, newer teachers are more
supportive of a range of reforms that would reward
existing teachers for superior performance or recruit new
high-quality candidates to the profession. On each of
ﬁve proposals posed in the survey about giving ﬁnancial
incentives to teachers, newcomers are more likely than
veterans to be positive. [Fig. 4–4]

Veterans (n=363)

100
80

68%*

60
46%*

40
26%*

20
0

9%*

Taking care
of the needs of
veteran teachers

10%*

4%*

Tending to the
needs of the district’s
newer teachers

Figure 4–4. Favoring Financial Incentives

It’s about equal

Percent who “strongly” or “somewhat” favor giving ﬁnancial incentives to:

*Statistically signiﬁcant difference.
Note: Newcomer=less than ﬁve years; Veteran=more than 20 years.

Newcomer (n=110)

interests. For example, among those who say the union in
their district protects teachers through due process and
grievance procedures, veterans are more likely to think
the union is doing an excellent or good job (78 percent
vs. 62 percent of newcomers). And veteran teachers are
also more likely than their newer counterparts to agree
that “without a union, teachers would be vulnerable to
school politics or administrators who abuse their power”
(84 percent vs. 72 percent); that “without collective
bargaining, the working conditions and salaries of
teachers would be much worse” (80 percent vs. 69
percent); that “the union regularly provides information
and opportunities to help them be a better teacher” (48
percent vs. 39 percent); and that “being a union member
provides feelings of pride and solidarity, in addition to the
practical beneﬁts” (39 percent vs. 23 percent). [Fig. 4–3]

Figure 4–3. On My Side
Percent of teachers who:
Newcomer (n=110)

Veteran (n=363)

Agree that without a union, teachers would be
vulnerable to school politics or administrators
who abuse their power [Question 49]

72%*
84%*

Agree that without collective bargaining, the
working conditions and salaries of teachers
would be much worse [Question 48]

69%*
80%*

Agree that the union regularly provides information and opportunities to help them be a better
teacher [Question 44]

39%
48%

Believe the union virtually always works for the
best interests of its members and reflects their
preferences [Question 75]

36%*
50%*

Say that being a union member provides
feelings of pride and solidarity, in addition to
the practical benefits [Question 77]

23%*
39%*
11%*
27%*

Are very or somewhat involved in their local
union [Question 78]
0

20

40

*Statistically signiﬁcant difference.
Note: Newcomer=less than ﬁve years; Veteran=more than 20 years.

14

EDUCATION SECTOR REPORTS: Waiting to Be Won Over

60

80

Veteran (n=363)

Teachers who work in tough neighborhoods with low-performing schools
[Question 23]

86%
79%

Teachers who receive accreditation from
the National Board for Professional
Teaching Standards [Question 21]

75%*
56%*

Teachers who consistently receive
outstanding evaluations by their principals
[Question 19]

52%*

Teachers who specialize in hard-to-fill
subjects such as science or mathematics
[Question 22]

63%*
50%*

68%*

Teachers whose kids routinely score
higher than similar students on
standardized tests [Question 20]

40%*
28%*
0

20

40

60

80

100

*Statistically signiﬁcant difference.
Note: Newcomer=less than ﬁve years; Veteran=more than 20 years.

Most newcomers (65 percent) also support the union
taking “the lead on negotiating a way to add teacher
performance as a consideration when deciding an
individual teacher’s salary.” Only 45 percent of veteran
teachers are in favor.
While 58 percent of newcomers believe there are
outstanding teachers in their school “who deserve to
be especially rewarded because they do a stellar job,”
only 39 percent of veterans agree. Newcomers are far
more likely than veterans to think it is an excellent or
good idea to “pay signing bonuses to attract new talent”
(65 percent vs. 37 percent). Newcomers are also more
likely to react positively toward “offering new teachers
substantially higher starting salaries in exchange for
smaller pensions when they retire (30 percent vs. 20
percent).

100

Finally, 58 percent of newcomers think it is an excellent
or good idea to “actively recruit and train secondwww.educationsector.org

career candidates from business and other sectors of
the economy,” compared with 50 percent of veterans.
[Fig. 4–5]

of newer teachers say they view teachers unions as
absolutely essential (51 percent in 2007 vs. 30 percent in
2003); among veterans there was virtually no change (60
percent in 2007 and 57 percent in 2003). And newcomers
are still attached to the union’s traditional functions. A
majority of newcomers say the union should “mostly stick
to traditional union issues” rather than “put more focus
than they currently do” on reform-centered activities (59
percent vs. 29 percent).

Figure 4–5. Improving the Profession
Percent who rate each idea as “excellent” or “good” for attracting and
retaining high-quality teachers to the teaching profession:
Newcomer (n=110)

Veteran (n=363)

Give teachers more time during the school
day for class preparation and planning
[Question 14]

83%
85%

Make it far easier to leave and return to
teaching without losing retirement benefits
[Question 15]

77%
77%

Make it easier to earn and take sabbatical
leave for teachers working in really
challenging schools [Question 18]

69%
72%
65%*

Pay signing bonuses to attract new talent
[Question 17]

37%*

Actively recruit and train second-career
candidates from business and other
sectors of the economy [Question 12]

58%
50%

Ease state certification requirements
while intensifying in-class supervision,
observation, and mentoring [Question 13]

48%
45%

Offer new teachers substantially higher
starting salaries in exchange for smaller
pensions when they retire [Question 16]

30%*
20%*
0
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*Statistically signiﬁcant difference.
Note: Newcomer=less than ﬁve years; Veteran=more than 20 years.

Summary and Analysis
In the public debate it is generally assumed that novice
teachers are more skeptical of teachers unions and
more open to change than veteran teachers. This is
true in some ways, but not in all—the picture is far more
complicated.
Veterans do express stronger positive sentiments
than newcomers about the teachers union and the
protections it offers. With more years in the system,
veteran teachers are more likely to have witnessed the
union defend their colleagues or themselves against
what they perceive to be onerous or nonsensical work
rules. Thus, they may be more aware of the value that
unions offer. Likewise, over time in a career people
tend to become more averse to change and risk, and
veterans may see the union as a helpful bulwark against
those things.
Yet, despite general assumptions, newcomers continue
to view teachers unions as absolutely essential. In fact,
over the past four years, an increasingly larger percentage
www.educationsector.org

The enduring appeal of unions to newer teachers
could be the result of a number of things. Teachers
may appreciate having union backing in a more
contentious No Child Left Behind Act era, where the
public schools—and teachers themselves—are under
greater scrutiny than ever before. It may also be that
as newer teachers perceive union power as on the
decline, they may be more inclined to nostalgically
reﬂect about its usefulness. Or it may be that today’s
newer teachers are responding to broader economic
and workplace changes. A Pew Research Center survey
in 2006 showed that workers are more likely to worry
that their employers are less loyal to them and that their
jobs provide fewer beneﬁts. In any case, newcomers
and veterans alike may express support for teachers
unions—warts and all—because they truly believe they
need the protection they offer for things like salary and
beneﬁts.
But newcomers also have more doubts than veterans
about how helpful unions really are. They are less
likely to think the union offers protections from abusive
administrators or safeguards the working conditions and
salaries for teachers. They are less likely to think—and
perhaps in a better position to know—that the union
helps them be better teachers. Compared to veterans,
newcomers are less likely to think the union always acts
in the best interest of its members, which may partially
explain why newcomers are also less inclined to feel pride
or solidarity in regards to union membership or to be
active in their local union.
Most importantly, newcomers are considerably more
open to some reform-minded initiatives. They are
amenable even to the more controversial proposals, that
is, the ones involving the use of student achievement
to determine teacher pay. There are also signiﬁcant
distinctions between the two groups on the overall topic
of differentiated pay for teachers.
EDUCATION SECTOR REPORTS: Waiting to Be Won Over

15

CONCLUSION
Various parties in the education debate often claim
to know what teachers want or to speak on their
behalf. Public school teachers’ views, however, are
hardly unanimous or monolithic; they are nuanced and
sometimes even contradictory, which speaks to the
complexity of the issues and the fact that reasonable
people can disagree. The results of this survey clearly
show that reformers, school districts, and teachers unions
all have their work cut out for them if they truly want to lay
claim to the support of the nation’s teachers.
This survey points to several important takeaways. First,
before the reform conversation can even get started,
school district management must meet its core obligations
to create a well-functioning workplace for teachers. For
their part, the unions must take on, in a meaningful way,
some of the chronic problems that damage their public
brand, frustrate teachers, and have an adverse impact on
students. Labor and management must ﬁnd ways to work
together and advance a reform agenda. Ultimately, their
fortunes are intertwined.

explain reform ideas, particularly those ideas that are
more controversial. White papers and reports are a thin
reed and limited vehicle for sharing information in an
environment where multiple institutions are seeking to
communicate with teachers and win them over. Reform
ideas must be communicated in multiple ways and to
multiple audiences. Today, with the increasing prevalence
of electronic forms of communication, this is more
possible than ever before.
That the loyalty of K–12 public school teachers is up for
grabs is ultimately an opportunity for education advocates,
teachers unions, and policymakers but most importantly for
the nation’s current and future teachers. Research shows
that teachers are the most important in-school factor
affecting student achievement, but neither practice (in most
schools and school districts) nor policy (local, state, or
federal) is yet aligned with that ﬁnding. A vigorous debate
about how to transform schools and teaching to meet
today’s challenges and create a profession that people
seek to be part of, rather than one where they feel they
need protection from unfair and capricious practices, is a
vital one. The ﬁndings presented here, while not the last
word, offer guideposts for that conversation.

Policymakers and policy advocates must become more
effective in how they communicate with teachers and
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Appendix A. Methodology
Waiting to Be Won Over is based on a nationally representative random sample of 1,010 K–12 public school teachers conducted
in fall 2007. The margin of error for the overall sample is plus or minus 3 percentage points. The survey was preceded by six
focus groups.

The Survey
The sample was randomly drawn from a comprehensive
database of current K–12 teachers maintained by Market Data
Retrieval, a subsidiary of Dun & Bradstreet. A multi-mode
approach that included both mail and online versions of the
survey was used.
The ﬁrst mailing, which included a questionnaire and a cover
letter, was sent via ﬁrst-class mail on September 25, 2007, to
7,200 randomly selected K–12 public school teachers in the
United States. A reminder postcard was sent on October 3,
2007. A second mailing of the questionnaire with instructions
to those who had not yet participated was sent on October
16, 2007. Each mailing of the questionnaire included a prepaid
business reply envelope. Teachers for whom an e-mail address
was available—about 50 percent of the sample—were sent
e-mails with an embedded URL linking them to the online
version. A total of 139 surveys were completed online.
The margin of error for the results from the overall sample
of 1,010 is plus or minus 3 percentage points. It is higher
when comparing percentages across subgroups. Subgroup
differences reported in this study are statistically signiﬁcant
at the 95 percent conﬁdence level. Teachers in urban districts
were oversampled to insure the survey netted a sufﬁcient
number (1,200 of the original 7,200 were part of the urban
oversample). The results are weighted to reﬂect the actual
distribution of urban teachers in the teacher population.
The overall response rate for the survey is 14 percent. As
with all surveys, the risk of non-response is that the pool of
survey respondents could differ from the true population of
teachers, decreasing the ability to draw inferences from the
data. A comparison of the demographic proﬁle of respondents
to that of the overall population of teachers shows they are
very similar when it comes to such key variables as race and
ethnicity, urbanicity, region, and sex (see Population vs. Sample
Comparison). Results can also be affected by non-sampling
sources of bias, such as question wording. Steps were taken
to minimize these, including extensive pre-testing of the survey
instrument with focus group participants and six one-on-one
telephone interviews with current K–12 teachers.
The questionnaire (see Appendix B) was designed by the
FDR Group and Education Sector; the two organizations
are responsible for all interpretation and analysis contained
within this report. FDR Group (Farkas Duffett Research Group)
is a nonpartisan public opinion research ﬁrm specializing
in surveys, focus groups, and program evaluations. The
survey was ﬁelded and tabulated by Robinson and Muenster
Associates, Inc., of Sioux Falls, South Dakota.

The Focus Groups
To help develop the questionnaire, six focus groups with K–12
public school teachers were conducted, with each group
having 10–12 participants. The groups were conducted in ﬁve
sites selected for geographic and regional representation:
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Milwaukee (one group with teachers working in the city,
another with teachers working in the suburbs), New York
City (teachers working in city only), Chicago (mix of city and
suburban), Atlanta (mix of city and suburban), and Phoenix
(mix of city and suburban). Participants were recruited to FDR
Group speciﬁcations to ensure a proper demographic mix.
These discussions were crucial to developing the wording of
the survey questions and to understanding why teachers feel
as they do. Quotes in this report are drawn from the focus
groups and from comments survey respondents wrote on their
questionnaires in response to open-ended questions. All focus
groups were moderated by the FDR Group.

Population vs. Sample Comparison (by percent)
Population

Sample
(n=1,010)

Race/Ethnicity
White
Black
Hispanic
Asian/Paciﬁc
Native American/Other

83
8
6
2
2

88
5
4
1
2

Sex
Male
Female

25
75

21
79

School Type
Elementary
Middle
High
Something else

52
20
23
5

51
21
27
1

Urbanicity
Urban
Suburban
Rural/small town

31
38
31

29
42
29

School Enrollment
<300
300–499
500–999
1,000 or more

11
23
45
22

10
26
36
28

Region
Northeast
Midwest
South
West

18
24
39
19

17
28
35
20

Sources: US Department of Education, Institute of Education Science, National Center
for Education Statistics, Digest of Education Statistics, 2006; NCES School and Stafﬁng
Survey, 2003–2004.
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Appendix B. National Survey of Public School Teachers
This survey is based on a national random sample of 1,010 K–12 public school teachers. It was conducted by mail and
online in fall 2007. The margin of error is plus or minus 3 percentage points. Numbers may not add up to 100 percent due to
rounding. An asterisk (*) indicates less than one percent; a dash (-) indicates zero.
1.

Are you:
79 Female
21 Male

2.

Which best describes your current teaching position:
98 A full-time teacher in a traditional public school
1 A full-time teacher in a charter school
1 Something else

3.

Do you currently teach at:
51 Elementary school
21 Middle school or Junior high school
27 High School
1 Something else

4.

For how many years have you been a PUBLIC school
teacher?
11 1–4 years
20 5–9 years
33 10–20 years
37 21 years or more

5.

What subject or subjects do you primarily teach? [Check all
that apply.]
31 All subjects
22 English and/or Reading
19 Mathematics
16 Social Studies or Social Sciences
14 Science
9 Physical Education or Health
8 Art, Music or Fine Arts
7 Special Education/Gifted/ESL
3 Computer Science
2 Foreign Language
1 Business
7 Something else

How much do you agree or disagree with the following statements
about teachers and the public schools? [Questions 6–11]
6.

7.

8.

18

Although they are on the front lines, teachers are rarely
consulted about what happens in their schools
35 Strongly Agree
45 Somewhat Agree
14 Somewhat Disagree
6 Strongly Disagree
* Not Sure
Teachers are required to do too much paperwork and
documentation about what goes on in their classrooms
49 Strongly Agree
37 Somewhat Agree
11 Somewhat Disagree
3 Strongly Disagree
* Not Sure
Too many veteran teachers who are burned out stay
because they do not want to walk away from the beneﬁts
and service time they have accrued
40 Strongly Agree
36 Somewhat Agree
13 Somewhat Disagree
7 Strongly Disagree
5 Not Sure
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9.

Too much negative press coverage about the public schools
discourages talented, well-educated people from pursuing
teaching as a career
42 Strongly Agree
39 Somewhat Agree
13 Somewhat Disagree
3 Strongly Disagree
3 Not Sure

10.

When individual schools fail it’s usually because they have
ineffective principals at the helm
7 Strongly Agree
33 Somewhat Agree
35 Somewhat Disagree
21 Strongly Disagree
5 Not Sure

11.

All the paperwork and legal and contractual restrictions
make it difﬁcult for principals to get things done
15 Strongly Agree
44 Somewhat Agree
20 Somewhat Disagree
8 Strongly Disagree
13 Not Sure

How would you rate each of the following ideas for attracting and
retaining high-quality teachers to the teaching profession? [Questions
12–18]
12.

Actively recruit and train second-career candidates from
other ﬁelds and sectors of the economy
17 Excellent
37 Good
30 Fair
13 Poor
4 Not Sure

13.

Ease state certiﬁcation requirements while intensifying inclass supervision, observation, and mentoring
14 Excellent
29 Good
26 Fair
29 Poor
3 Not Sure

14.

Give teachers more time during the school day for class
preparation and planning
57 Excellent
28 Good
11 Fair
4 Poor
* Not Sure

15.

Make it far easier to leave and return to teaching without
losing retirement beneﬁts
44 Excellent
34 Good
14 Fair
6 Poor
3 Not Sure
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16.

Offer new teachers substantially higher starting salaries in
exchange for smaller pensions when they retire
7 Excellent
15 Good
23 Fair
48 Poor
7 Not Sure

17.

Pay signing bonuses to attract new talent
15 Excellent
27 Good
26 Fair
27 Poor
4 Not Sure

18.

Make it easier to earn and take sabbatical leave for teachers
working in really challenging schools
30 Excellent
40 Good
18 Fair
6 Poor
6 Not Sure

24.

Suppose that in your district the students of some teachers
make more academic progress—in terms of improved
reading levels, teacher evaluations, and classroom
tests—when compared to similar students taught by other
teachers. How much would you favor or oppose ﬁnancially
rewarding those teachers?
10 Strongly Favor
34 Somewhat Favor
22 Somewhat Oppose
29 Strongly Oppose
5 Not Sure

25.

At your school, do you think there are outstanding teachers
who deserve to be especially rewarded because they do a
stellar job?
48 Yes
5 No
40 There are outstanding teachers, but I don’t think they should
be especially rewarded
7 Not Sure

26.

In what ways, if any, do school ofﬁcials at your school or
district reward outstanding teachers? [Check all that apply.]
5 Financial bonus
16 Informal recognition (for example, better treatment or perks)
29 Ofﬁcial recognition (for example, formal commendation or
note to ﬁle)
10 Token gift
49 They do not reward outstanding teachers; the reward is solely
intrinsic
10 Not Sure

27.

Some suggest that the best way to measure teacher
effectiveness is to assess students’ skills and knowledge
when they ﬁrst come to a teacher and to measure them
again when students leave to see what progress was made.
How would you rate this as a way of measuring teacher
effectiveness?
15 Excellent
34 Good
29 Fair
20 Poor
2 Not Sure

28.

Thinking of your own experience being evaluated as a
teacher, which statement would come closest to describing
your most recent formal evaluation?
26 It was useful and effective in terms of helping you be a better
teacher
32 It was well-intentioned but not particularly helpful to your
teaching practice
41 It was just a formality
2 Not Sure

How much would you favor or oppose giving ﬁnancial incentives to
each of the following: [Questions 19–23]
19.

Teachers who consistently receive outstanding evaluations
by their principals
24 Strongly Favor
34 Somewhat Favor
18 Somewhat Oppose
21 Strongly Oppose
3 Not Sure

20.

Teachers whose kids routinely score higher than similar
students on standardized tests
11 Strongly Favor
23 Somewhat Favor
25 Somewhat Oppose
39 Strongly Oppose
3 Not Sure

21.

Teachers who receive accreditation from the National Board
for Professional Teaching Standards
25 Strongly Favor
40 Somewhat Favor
16 Somewhat Oppose
15 Strongly Oppose
4 Not Sure

22.

23.

Teachers who specialize in hard-to-ﬁll subjects such as
science or mathematics
17 Strongly Favor
37 Somewhat Favor
23 Somewhat Oppose
20 Strongly Oppose
4 Not Sure
Teachers who work in tough neighborhoods with lowperforming schools
34 Strongly Favor
46 Somewhat Favor
11 Somewhat Oppose
7 Strongly Oppose
3 Not Sure
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The next few questions are about tenure. Although “tenure” policies
vary from state to state, for the purposes of this survey, please think
of a tenured teacher as one who has been awarded job protections
and due process rights after successfully completing a probationary
period, typically 2 to 4 years in length.
29.

Are you currently a tenured teacher, or not?
64 Yes, a tenured teacher
15 Yes, it’s not called tenure, but I have job protections and due
process rights
14 No, not a tenured teacher
6 No, there is no tenure at my school
2 Not Sure
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30.

In general, when you hear that a teacher at your school has
been awarded tenure, which of these two thoughts would be
more likely to cross your mind?
23 That the teacher has proven to be very good at what s/he does
69 That it’s just a formality—it has very little to do with whether a
teacher is good or not
8 Not Sure

31.

To what extent would you support or oppose strengthening
the formal evaluation of probationary teachers so that they
will get tenure only after they’ve proven to be very good at
what they do?
38 Strongly Support
41 Somewhat Support
10 Somewhat Oppose
3 Strongly Oppose
8 Not Sure

32.

33.

34.

35.

And when it comes to tenured teachers, how often do you
think they should be formally evaluated?
32 Yearly
26 At least every 2 years
22 Every 3–4 years
13 Every 5 years
1 Never
3 Something else
3 Not Sure
If you had the choice, would you personally be willing to
trade tenure for a pay increase (e.g., $5,000 per year), or
would the pay increase have to be a lot higher, or would you
rather hold on to tenure? [Base: Tenured Teachers]
25 Would trade tenure for a pay increase
29 Would have to be a lot higher
29 Would rather hold on to tenure
17 Not Sure
If you had the choice, would you personally be willing to
trade tenure for more autonomy and control over decisions
affecting your school, would it have to be a lot more
autonomy and control, or would you rather hold on to tenure?
[Base: Tenured Teachers]
10 Would trade tenure for more autonomy and control
18 Would have to be a lot more autonomy and control
53 Would rather hold on to tenure
20 Not Sure
Check the statement that best describes your current status:
68 I am a member of a teachers union or association that
engages in collective bargaining
15 I am a member of a professional association that provides
such things as liability insurance, but not collective bargaining
16 I am not a member of a teachers union or association
1 There is no teachers union or association to join in my district
1 Not Sure

37.

In many states, the teaching profession is unionized, and
salary, beneﬁts and work rules are determined by collective
bargaining. When you chose to become a teacher, did this
make the profession:
13 More appealing to you
5 Less appealing
79 Was not a consideration
3 Not Sure

38.

Similarly, teaching is sometimes perceived as a profession
with considerable job protection, one where it is rare to lose
your job. When you chose to become a teacher, did this
make the profession:
14 More appealing to you
1 Less appealing
84 Was not a consideration
2 Not Sure

39.

Generally speaking, do you think that teachers unions or
associations should:
32 Put more focus than they currently do on issues such as
improving teacher quality and student achievement
52 Mostly stick to traditional union issues such as protecting
teachers’ salaries, beneﬁts, and jobs
16 Not Sure

40.

Today in your district, how would you describe the
relationship between the teachers union or association and
the district leadership? Is it mostly about:
28 Conﬂict and distrust
44 Cooperation and trust
4 There is no union or association
24 Not Sure

How much do you agree or disagree with the following statements?
[Questions 41–49]
41.

Teachers would have more prestige if collective bargaining
and lifetime tenure were eliminated
4 Strongly Agree
17 Somewhat Agree
23 Somewhat Disagree
38 Strongly Disagree
19 Not Sure

42.

Despite having the strength of their unions behind them,
rank-and-ﬁle teachers usually have very little control over
what goes on in their own schools
32 Strongly Agree
42 Somewhat Agree
16 Somewhat Disagree
4 Strongly Disagree
7 Not Sure

43.

The union charges far higher dues than are warranted by
what it does for teachers
21 Strongly Agree
33 Somewhat Agree
19 Somewhat Disagree
15 Strongly Disagree
12 Not Sure

44.

The union regularly provides information and opportunities
to help me be a better teacher
9 Strongly Agree
32 Somewhat Agree
26 Somewhat Disagree
21 Strongly Disagree
13 Not Sure

Whether or not you are currently a member of a union or association,
or whether collective bargaining exists in your district, please answer
the remaining questions to the best of your knowledge. As a public
school teacher, your opinion counts. Remember, if you feel an item is
not applicable to you, please skip it and move on to the next one.
36.

20

Do you think of teachers unions or associations as:
54 Absolutely essential
31 Important but not essential
11 Something you could do without
4 Not Sure
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45.

46.

47.

48.

49.

The union sometimes ﬁghts to protect teachers who really
should be out of the classroom
14 Strongly Agree
35 Somewhat Agree
18 Somewhat Disagree
10 Strongly Disagree
24 Not Sure
Teachers facing unfair charges from parents or students
would have nowhere to turn without the union
41 Strongly Agree
34 Somewhat Agree
12 Somewhat Disagree
5 Strongly Disagree
9 Not Sure
New teachers tend to place less value on the union
17 Strongly Agree
42 Somewhat Agree
10 Somewhat Disagree
5 Strongly Disagree
26 Not Sure
Without collective bargaining, the working conditions and
salaries of teachers would be much worse
44 Strongly Agree
31 Somewhat Agree
7 Somewhat Disagree
4 Strongly Disagree
15 Not Sure
Without a union, teachers would be vulnerable to school
politics or administrators who abuse their power
47 Strongly Agree
30 Somewhat Agree
9 Somewhat Disagree
4 Strongly Disagree
10 Not Sure

Overall, how effective would you say the teachers union or
association is at the following levels: [Questions 50–53]
50.

At the building where you work
22 Strongly Effective
42 Somewhat Effective
18 Not Too Effective
10 Not Effective At All
9 Not Sure

51.

At the district level
25 Strongly Effective
48 Somewhat Effective
12 Not Too Effective
6 Not Effective At All
10 Not Sure

52.

At the state level
18 Strongly Effective
44 Somewhat Effective
15 Not Too Effective
4 Not Effective At All
19 Not Sure

53.

At the national level
13 Strongly Effective
39 Somewhat Effective
18 Not Too Effective
6 Not Effective At All
24 Not Sure
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Here are some functions that teachers unions or associations may
or may not perform. For each, please indicate whether the union or
association in your district currently does it or not. Then, answer the
corresponding “IF YES” or “IF NO” questions. [Questions 54–65]
54A. Effectively negotiate contracts, salary, and beneﬁts on
behalf of teachers—does the union or association in your
district currently do this?
76 Yes
13 No
11 Not Sure/No Answer
54B. IF YES: How good a job is it doing?
26 Excellent
42 Good
25 Fair
6 Poor
2 Not Sure
54C. IF NO: Would you favor or oppose the union taking on this
function?
29 Strongly Favor
28 Somewhat Favor
12 Somewhat Oppose
13 Strongly Oppose
19 Not Sure
55A. Keep teachers updated on new instructional methods and
curriculum—does the union or association in your district
currently do this?
41 Yes
46 No
13 Not Sure/No Answer
55B. IF YES: How good a job is it doing?
13 Excellent
39 Good
33 Fair
10 Poor
5 Not Sure
55C. IF NO: Would you favor or oppose the union taking on this
function?
24 Strongly Favor
37 Somewhat Favor
14 Somewhat Oppose
13 Strongly Oppose
12 Not Sure
56A. Negotiate to keep class size down in the district—does the
union or association in your district currently do this?
55 Yes
30 No
14 Not Sure/No Answer
56B. IF YES: How good a job is it doing?
13 Excellent
36 Good
28 Fair
18 Poor
5 Not Sure
56C. IF NO: Would you favor or oppose the union taking on this
function?
56 Strongly Favor
27 Somewhat Favor
5 Somewhat Oppose
4 Strongly Oppose
9 Not Sure
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57A. Protect teachers through due process and grievance
procedures—does the union or association in your district
currently do this?
84 Yes
4 No
12 Not Sure/No Answer

60A. Regularly inform teachers about their beneﬁts, rights, and
responsibilities—does the union or association in your
district currently do this?
79 Yes
10 No
11 Not Sure/No Answer

57B. IF YES: How good a job is it doing?
30 Excellent
40 Good
19 Fair
3 Poor
9 Not Sure

60B. IF YES: How good a job is it doing?
27 Excellent
43 Good
25 Fair
4 Poor
1 Not Sure

57C. IF NO: Would you favor or oppose the union taking on this
function?
33 Strongly Favor
29 Somewhat Favor
4 Somewhat Oppose
11 Strongly Oppose
23 Not Sure

60C. IF NO: Would you favor or oppose the union taking on this
function?
38 Strongly Favor
35 Somewhat Favor
4 Somewhat Oppose
8 Strongly Oppose
15 Not Sure

58A. Provide support and mentoring to new teachers—does the
union or association in your district currently do this?
46 Yes
38 No
16 Not Sure/No Answer

61A. Expand the career ladder for teachers by negotiating new
and differentiated roles and responsibilities—does the union
or association in your district currently do this?
33 Yes
44 No
23 Not Sure/No Answer

58B. IF YES: How good a job is it doing?
18 Excellent
39 Good
28 Fair
7 Poor
8 Not Sure
58C. IF NO: Would you favor or oppose the union taking on this
function?
33 Strongly Favor
33 Somewhat Favor
12 Somewhat Oppose
9 Strongly Oppose
13 Not Sure

61B. IF YES: How good a job is it doing?
12 Excellent
31 Good
30 Fair
14 Poor
14 Not Sure
61C. IF NO: Would you favor or oppose the union taking on this
function?
27 Strongly Favor
38 Somewhat Favor
8 Somewhat Oppose
6 Strongly Oppose
22 Not Sure

59A. Provide teachers with high-quality training and professional
development—does the union or association in your district
currently do this?
38 Yes
46 No
16 Not Sure/No Answer

62A. Guide ineffective teachers out of the profession—does the
union or association in your district currently do this?
15 Yes
61 No
24 Not Sure/No Answer

59B. IF YES: How good a job is it doing?
14 Excellent
41 Good
28 Fair
10 Poor
7 Not Sure

62B. IF YES: How good a job is it doing?
5 Excellent
13 Good
21 Fair
22 Poor
39 Not Sure

59C. IF NO: Would you favor or oppose the union taking on this
function?
27 Strongly Favor
34 Somewhat Favor
15 Somewhat Oppose
11 Strongly Oppose
14 Not Sure

62C. IF NO: Would you favor or oppose the union taking on this
function?
36 Strongly Favor
30 Somewhat Favor
9 Somewhat Oppose
9 Strongly Oppose
16 Not Sure
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63A. Lead efforts to identify ineffective teachers and retrain
them—does the union or association in your district
currently do this?
17 Yes
60 No
24 Not Sure/No Answer
63B. IF YES: How good a job is it doing?
6 Excellent
20 Good
22 Fair
18 Poor
35 Not Sure
63C. IF NO: Would you favor or oppose the union taking on this
function?
34 Strongly Favor
31 Somewhat Favor
10 Somewhat Oppose
11 Strongly Oppose
14 Not Sure

66.

On the whole, which type of school do you think would be
better for students?
21 One where work rules and school duties affecting teachers
are deﬁned by contract
68 One where principals and teachers have more control and
ﬂexibility over these matters
2 Something else
1 Both
8 Not Sure

67.

In some districts, the process for removing teachers who are
clearly ineffective and shouldn’t be in the classroom—but
who are past the probationary period—is very difﬁcult and
time-consuming. Is this the case in your district, or not?
55 Yes
13 No
32 Not Sure

68.

Do you personally know a teacher in your building who is
past the probationary period but who is clearly ineffective
and shouldn’t be in the classroom, or not?
46 Yes
42 No
12 Not Sure

69.

Assume that teachers would keep some due process
protection against unfair practices by administrators. If the
union or association in your district were to take the lead on
ways to simplify the process for removing such teachers,
how much would you support or oppose the effort?
22 Strongly Support
41 Somewhat Support
10 Somewhat Oppose
7 Strongly Oppose
2 Union already does this
19 Not Sure

70.

Which of these do you think is the most likely course of
action a principal in your district would take if faced with a
persistently ineffective teacher who was already past the
probationary period?
14 Do nothing
18 Initiate formal proceedings to remove the teacher from the
district’s employ
26 Make a serious effort to retrain the teacher
13 Quietly encourage the teacher to leave
14 Transfer the teacher to another school in the district
15 Not Sure

71.

Typically, teachers get salary increases according to a
strictly deﬁned schedule mostly driven by their years of
service and the credits they attain. Is this mostly how it
works in your district, or not?
97 Yes
2 No
1 Not Sure

72.

Assume that years of service and number of credits would
still be taken into account. If the union or association in your
district were to take the lead on negotiating a way to add
teacher performance as a consideration when deciding an
individual teacher’s salary, how much would you support or
oppose the effort?
18 Strongly Support
34 Somewhat Support
18 Somewhat Oppose
23 Strongly Oppose
1 Union already does this
8 Not Sure

64A. Negotiate new ways to more meaningfully and effectively
evaluate teachers—does the union or association in your
district currently do this?
41 Yes
39 No
20 Not Sure/No Answer
64B. IF YES: How good a job is it doing?
11 Excellent
34 Good
34 Fair
11 Poor
10 Not Sure
64C. IF NO: Would you favor or oppose the union taking on this
function?
36 Strongly Favor
36 Somewhat Favor
8 Somewhat Oppose
8 Strongly Oppose
12 Not Sure
65A. Screen teachers who are new or transferring to ensure they
are a good ﬁt with the schools they’re going to—does the
union or association in your district currently do this?
15 Yes
66 No
19 Not Sure/No Answer
65B. IF YES: How good a job is it doing?
14 Excellent
18 Good
23 Fair
16 Poor
28 Not Sure
65C. IF NO: Would you favor or oppose the union taking on this
function?
20 Strongly Favor
27 Somewhat Favor
19 Somewhat Oppose
17 Strongly Oppose
17 Not Sure
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73.

Some school districts have a system for matching teachers
with schools where any teacher, regardless of seniority, has
an equal opportunity to ﬁll a vacancy. It basically comes
down to whether the teacher wants to work in the school
and whether the school wants the teacher. Is this mostly
how it works in your district, or not?
44 Yes
38 No
19 Not Sure

82.

How much do you know about charter schools?
5 A great deal
18 Quite a bit
39 Only some
32 Very little
7 Nothing at all
* Not Sure

74.

If the union or association in your district was trying to move
in this direction, how much would you support or oppose the
effort?
17 Strongly Support
31 Somewhat Support
11 Somewhat Oppose
9 Strongly Oppose
4 Union already does this
20 Not Sure

83.

As you may know, charter schools operate under a
charter or contract that frees them from many of the state
regulations imposed on public schools and permits them to
operate independently. How much do you favor or oppose
the idea of charter schools?
9 Strongly Favor
33 Somewhat Favor
20 Somewhat Oppose
24 Strongly Oppose
14 Not Sure

75.

Overall, when the union or association in your district
negotiates with district leadership, does it:
43 Virtually always work for the best interests of its members and
reﬂect their preferences
17 Sometimes take positions that are not in the best interests of
its members or not aligned with what members want
15 Both equally
26 Not Sure

84.

In several districts across the nation, teachers unions are
sponsoring and managing charter schools. Do you:
34 Generally support this because it means school policies
would be set by the people best qualiﬁed to run the school—
the teachers and their union
26 Generally oppose this because charter schools are a threat to
traditional public schools and the union might make decisions
that are not in the best interests of teachers
40 Not Sure

85.

How old are you?
2 24 years old or less
8 25 to 29 years
10 30 to 34 years
10 35 to 39 years
23 40 to 49 years
21 50 to 54 years
27 55 or more years

86.

Is teaching your ﬁrst career, or did you work full time in
another ﬁeld beforehand?
71 First career
29 Worked full time in another ﬁeld beforehand

87.

Were either of your parents a public school teacher when
you were growing up?
16 Yes
84 No

88.

Whether or not they were public school teachers, were
either of your parents a member of a union when you were
growing up?
35 Yes
65 No

89.

Which best describes your school?
14 Inner city
15 Urban
42 Suburban
29 Rural

90.

Approximately how many students are in your school?
10 Less than 300
26 300 to 499
36 500 to 999
19 1,000 to 1,999
9 2,000 or more

76.

77.

78.

79.

80.

81.
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Would you say that the teachers union or association in your
district leans more toward:
14 Taking care of the needs of veteran teachers
7 Tending to the needs of the district’s newer teachers
59 It’s about equal
20 Not Sure
Which of these best describes what it means to you
personally to be a member of a teachers union or association:
31 It provides feelings of pride and solidarity, in addition to the
practical beneﬁts
52 It brings practical beneﬁts, not really any more than that
7 It is something that makes you feel uncomfortable
10 Not Sure
Other than receiving mailings and notices, how involved and
engaged are you in the local union?
6 Very Involved
18 Somewhat Involved
35 Not Too Involved
39 Not At All Involved
2 Not Sure
During the time you have been a public school teacher, have
you personally ﬁled a grievance against a district or not? [If
you have ﬁled more than one, please think about the most
recent.] [Base: Personally Filed a Grievance]
8 Yes
92 No
1 Not Sure
Did it end in your favor, or not? [Base: Personally Filed a
Grievance]
73 Yes
25 No
3 It is currently in process
In general, did you feel the union:
70 Did a good job representing you
27 Could have worked a lot harder
4 Not Sure
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91.

How many of your school’s students are African-American or
Hispanic?
12 Virtually all
17 Most
46 Some
25 A few or none

92.

Approximately what percentage of students at your school
are eligible for the free or reduced lunch program? Your best
guess is OK.
26 Under 25%
31 25% to 49%
21 50% to 74%
22 75% or more

93.

What state do you teach in?
[By region]
17 Northeast
28 Midwest
35 South
20 West

www.educationsector.org

94.

As far as you know, which national organization is your
district’s union or association afﬁliated with?
1 None
13 American Federation of Teachers (AFT)
71 National Education Association (NEA)
2 Something else
3 AFT and NEA
10 Not Sure

95.

Which of the following best describes your own race/
ethnicity?
5 African-American or Black
1 Asian or Paciﬁc Islander
4 Hispanic or Latino
88 White or Caucasian
2 Something else
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The effects of public school teacher tenure remain hotly debated, but little understood. Research
provides little evidence on the effects of tenure policy choices on teaching quality and, thus, little
guidance on how to structure tenure policies. In this paper we examine the effects of a substantial
tenure reform in New York City initiated in 2009-10. Below we summarize the key findings from
this research, followed by a more detailed discussion of the New York City tenure reforms, our
approach to the research, and the findings.
Highlights
x

Tenure reforms in NYC led to a substantial drop in the percent of eligible teachers approved
for tenure – from 94 percent during academic years 2007-08 and 2008-09, the two years
prior to the introduction of the policy, to 89 percent in the first year of the policy (2009-10)
and to an average of 56 percent during the three subsequent years.

x

The vast majority of eligible teachers who were not approved for tenure had their
probationary period extended. The proportion of teachers denied tenure changed only
slightly, from two to three percent, following reform.

x

Being extended meaningfully increased the likelihood a teacher would transfer across schools
or exit teaching in New York City. The probability of transferring was nine percentage
points higher and the probability of exiting was four percentage points higher for teachers
who were extended compared with teachers in the same school receiving the same principal
ratings who were approved for tenure. These differences represent a 50 percent and a 66
percent increase in the probability of transferring and exiting, respectively.

x

Extended teachers who transferred or exited were less effective, as measured by principal
ratings and value-added, than those likely to replace them. There were 45 percentage points
fewer teachers rated as highly effective or effective among all extended leavers than their
proxy replacements. In addition, estimated value-added in ELA among extended leavers was
20 percent of a standard deviation lower than among the proxy replacements.

x

Schools vary in the proportion of teachers approved, extended and denied tenure. In
particular, schools with higher percentages of black students and lower percentages of white
students have been more likely to extend and deny teachers for tenure than those with
relatively fewer black and more white students. These differences are largely explained by
differences in teachers’ effectiveness ratings as assigned by principals based on the districtdeveloped Effectiveness Framework. Because extended teachers are more likely to exit,
schools with larger enrollments of black students may disproportionately benefit from the
reform given that relatively more effective teachers replace extended teachers who
voluntarily exit.

Introduction
This paper describes teacher tenure reforms first enacted by the New York City Department
of Education (NYCDOE) during the 2009-10 academic year (AY) and the changes in the district’s
teacher workforce following the reforms. We show that the reforms dramatically changed the
proportion of eligible teachers receiving tenure, as well as the career paths of early career teachers,
more generally.
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Teacher tenure has been controversial since the first tenure provisions were enacted over a
century ago. Proponents typically argue that tenure prevents teacher dismissal for political purposes
or due to capricious decisions by administrators or politicians. Tenure could guard against dismissal
of more experienced, higher paid teachers during periods of tight budgets when school leaders may
be more focused on reducing costs while meeting class size requirements than they are on student
learning. Tenure does not require schools or districts to retain ineffective teachers but instead
provides a due process mechanism to dismiss tenured teachers for cause. Critics, however, argue
that the cost of due process does, in practice, lead districts to retain ineffective teachers and as a
result tenure not only allows poor teachers to stay in the classroom but also reduces the incentive for
teachers to be as effective as they could be. They argue that the due process mechanisms for
removing teachers with tenure are so burdensome that they rarely are pursued.
With the availability of large-scale student performance measures linked over time has come
clear evidence that teachers vary substantially in their effectiveness at improving student test
performance and that these differences can have meaningful effects on students in both the short
run and the long run (Chetty, Friedman, & Rockoff, 2012; Rivkin, Hanushek and Kain, 2005;
Rockoff, 2004). At least partially as a result, education reforms in the US recently are focusing on
improving the quality of teaching through human resource policies such as improved evaluation
systems and differentiated pay. Given the controversial nature of teacher tenure, it is not surprising
that interest also has increased in changing teacher tenure provisions so that the due process is less
onerous and so that school leaders have greater control over their workforce. Yet, the evidence on
which to base reform decisions is scarce. We know little about what types of tenure provisions
improve the quality of teaching and what types do not. Similarly, we know little about how long the
probationary period prior to tenure should be, if there is tenure, in order for school systems to
accurately assess teachers’ effectiveness so that they can make well informed decisions about tenure.
Part of the reason that we have little evidence on the effects of tenure is that until recently
tenure laws have been relatively stable over time and similar, though not the same, across states.
New Jersey passed the nation’s first teacher tenure law in 1909. Over the next several decades other
states adopted similar laws: New York in 1917, California in 1921, and Michigan, Pennsylvania, and
Wisconsin in 1937. The state statutes used a variety of synonyms for tenure: continuing contract or
service, permanent status, career status, and post-probationary status. Regardless of the terminology,
these laws have three main components: tenure requirements, reasons for dismissal, and process for
appeals. The first specifies the length of the probationary period after which teachers are eligible for
tenure. Employers can dismiss a non-tenured teacher at any time for any reason so long as the
decision is neither arbitrary or capricious nor discriminatory, but tenured teachers can only be
dismissed for the reasons provided in the law. The third component details the appeals process a
dismissed tenure teacher can pursue in an effort to be reinstated. Of the 48 states in which public
elementary and secondary teachers are awarded tenure, the minimum probationary period exceeds
three years in 11 states (National Council on Teacher Quality, 2012). In most states it is three years,
although in a few states, such as California, teachers typically receive tenure with fewer than three
years of experience.
The last decade or so have seen substantial change in tenure laws in the US. In 2000,
Georgia eliminated due process rights for teachers hired after 1 July 2000, but reinstated these rights
three years later. Florida eliminated teacher tenure in 2011. That same year Idaho enacted a law that
would have eliminated teacher tenure had it not been repealed by voters the following year. Voters
in South Dakota turned back an effort to repeal a 2012 law thereby allowing a law eliminating tenure
after 1 July 2016 to take effect. Most recently, North Carolina’s governor signed a bill into law that
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eliminates teacher tenure by 2018. Though almost all states currently grant tenure, more than half
now require meaningful evaluation during the tenure process. As an example, in 2009 only four
states used student test performance as a criterion for tenure; by 2012, 20 states did and 25 states
require multiple categories for teachers in their evaluation, not just satisfactory and unsatisfactory
(National Council on Teacher Quality, 2012). Most recently, the conflicting perspectives on tenure
has played out in Vergara v. California, the law suit challenging teacher tenure in California.
A recent reform by the NYCDOE provides an unusual opportunity to learn about the role
of tenure in teachers’ career outcomes including both strategic retention on the district side and
choice-based retention stemming from teachers’ decisions. In what follows, we start by describing
the reform. We then use data from NYCDOE and the New York State Education Department
(NYSED) to provide initial evidence on the magnitude of responses to the reform, concluding with
a discussion of the results.
The Teacher Tenure Process in New York City
The criterion for tenure in New York City is that a teacher possesses “significant
professional skill and a meaningful, positive impact on student learning.” This criterion is not new.
However, prior to AY 2009-10 the tenure process in New York City was similar to that in many
other large urban districts. The receipt of tenure had become an expectation for nearly all teachers
and frequently was based on little evidence of accomplishment. In 2007-08 and 2008-09, well into
the period of accountability reforms, 94 percent of all eligible teachers were approved for tenure.
Beginning in 2009-10, New York City changed the tenure review process, infusing more
information and increasing the responsibility and accountability of principals to insure that teachers
met challenging performance standards. Tenure decisions in 2009-10 were informed by sources of
information that had been available previously: classroom observations, evaluations of teacher work
products including lesson plans, and the annual rating sheet that principals completed giving
teachers a Satisfactory, Doubtful, or Unsatisfactory rating. In addition, tenure decisions in 2009-10
included new student learning measures from the Teacher Data Reports (which included teacher
value-added), in-class assessments aligned with the New York State standards, and other evidence of
student progress (NYCDOE, 2009).
As in previous years, principals sent recommendations to the superintendent about whether
a teacher should be denied tenure, have their probationary period extended or be granted tenure, but
starting in 2009-10 principals had to provide a rationale for this decision if the evidence available at
the district level suggested either a strong case to approve or deny tenure and this information ran
counter to the principal’s recommendation. The district provided principals with tenure guidance for
teachers for whom there was evidence that performance was particularly strong or weak. For a
teacher whose value-added results had been in the lowest 50 percent over the past two years (with a
95 percent confidence interval), who had previously received an Unsatisfactory annual rating, or
whose tenure decision had previously been extended, the principal received guidance from the
district that the teacher should be considered to have “tenure in doubt”. A principal
recommendation to extend or approve tenure for these teachers required a supporting rationale for
the superintendent to consider in his or her review. The principal received guidance of “tenure
likely” for a teacher whose value-added results had been in the highest 50 percent over the past two
years (with a 95 percent confidence interval). Principals recommending denying tenure or extending
the probationary period for these teachers similarly needed to provide supporting evidence to the
superintendent (NYCDOE, 2009).
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The process introduced in 2009-10 remained in place in 2010-11 with some notable changes
(NYCDOE, 2010). New in 2010-11, principals were asked to evaluate all teachers up for a tenure
decision based a four-point effectiveness rating scale (Highly Effective, Effective, Developing and
Ineffective) as described in the district-developed Effectiveness Framework. 1 As in the prior year,
the evidence for these ratings came from measures of the teacher’s impact on student learning such
as value-added measures from the Teacher Data Reports, student work products and tests aligned to
the New York State standards. Principals also could use evidence from measures of instructional
practice coming from their own classroom observations, teacher work products, and the annual
rating sheet that principals complete for each teacher. 2 In addition to these sources of information,
which were available in the prior year as well, principals in 2010-11 gained information about
professional contributions from surveys of students and parents, from measures of attendance, from
colleague feedback, and from work products related to the Comprehensive Educational Plan for
each school. In contrast to 2009-10, principals in 2010-11 no longer received “tenure likely” or
“tenure in doubt” guidance from the district but rather were given flags indicating a “low value add”
teacher as an “Area of Concern” and a “high value add” teacher as a “Notable Performance”. Low
and high value-added scores were defined as in the previous year. Other problematic teacher
behaviors flagged as Areas of Concern included: low attendance (defined as exceeding 20 days in the
previous two fiscal years), an Unsatisfactory or Doubtful rating on a prior Annual Review Sheet,
having been previously extended, having been previously excessed or currently in the Absent
Teacher Reserve pool.
The tenure review process for 2011-12 was very similar to that in 2010-11, but with two
important changes. As before, teachers were evaluated on impact on student learning, instructional
practice and professional contributions. Principals were provided guidance as to the expected
(though not required) alignment between the effectiveness ratings they determined using the
Effectiveness Framework and their tenure recommendations: Highly Effective and Effective ratings
were evidence in favor of granting tenure; a Developing rating, evidence for an extension; and an
Ineffective rating, evidence for denying tenure. Additionally, responsibility for producing teacher
value-added estimates shifted from the district to the New York State Education Department
beginning with 2010-11 and no measures were available for principals to incorporate them into their
2011-12 tenure decisions (NYCDOE, 2011).
The state-provided value-added estimates did inform principals’ 2012-13 recommendations.
Teachers received a growth score (0-20) that corresponded to a HEDI rating (Highly Effective,
Effective, Developing, and Ineffective). No explicit guidance was provided to principals as to how
to incorporate these growth ratings into their tenure recommendations. They were only told these
ratings are a source of evidence for a teacher’s impact on student learning.
Research Questions
Conceptually, the changes in the tenure process could well affect tenure outcomes. As new
information on teacher performance becomes available to principals and pressures to be selective in
granting tenure increase, the proportion of teachers receiving tenure could decrease. These changes
These effectiveness ratings are distinct from the ratings built into the new statewide teacher evaluation system which
was not implemented until 3 years later in 2013-14. Although they use the same ratings scale, both the evidence
synthesized and the relative weight assigned to the evidence differs between the two.
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These sources of evidence were employed in 2009-10 tenure decisions but they were not aggregated in the effectiveness
ratings.
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could then lead to changes in teachers’ choices. Teachers whose likelihood of receiving tenure
diminishes may be more likely to leave teaching in the district even if they are not dismissed.
Alternatively, some teachers may put more focus on improving the measures of their performance
to improve their probability of receiving tenure. Because school principals play a central role in the
process and because the teacher workforce differs across schools, we might expect the changes to
differ across schools. In keeping with these potential effects, we address the following three research
question in this paper:
1. Tenure Decisions – How did tenure rates change following reform?
2. Workforce Composition – Of teachers who become eligible for tenure, how did the
composition of those continuing to teach in NYC change following reform?
3. School Differences – How have schools varied in their tenure decisions and the subsequent
behaviors of their teachers?
Data
In order to assess the effects of NYCDOE tenure reforms, we must accurately identify
teachers eligible for tenure, as well as other teachers potentially affected by the changes. The Tenure
Notification System (TNS) tracked the tenure review process for all probationary teachers in New
York City public schools between 2007-08 and 2012-13. Each school year, the district made tenure
decisions for teachers whose probationary period was scheduled to conclude between November 1st
of the current school year and October 31st of the following school year. The probationary period
for the 2009-10 cohort, for example, concluded between November 1, 2009 and October 31, 2010.
The TNS provided principals with a list of teachers at their school eligible for tenure as well as all
official guidance concerning each teacher’s job performance prior to the current year (e.g., prior
Unsatisfactory annual performance ratings, low attendance, value-added classification, etc.).
Principals enter their preliminary and final ratings and recommendations into the TNS and district
superintendents make and record final tenure decisions into the system.
We assembled additional information on all teachers, not just those in the TNS, from a
variety of sources. NYCDOE provides basic teacher demographic characteristics, the value-added
calculations for 2008-09 and 2009-10, the state’s value-added calculations for 2011-12 and annual
performance ratings used in the tenure review process. We identify teachers’ pathways into the
teaching profession from state certification records and rosters for the New York City Teaching
Fellows program and Teach for America corps members in the New York City region. State
certification files provide scores on certification exams. From the College Board we obtain teachers’
SAT scores for those teachers who attended a New York public school from 1980 to 2008 or a New
York private school from 1980 to 2001. Characteristics of the schools in which teachers teach (e.g.,
race/ethnicity, free/reduced-price lunch eligibility, AYP status, etc.) come from the annual statelevel School Report Cards database and Institutional Master Files and the federal Common Core of
Data.
Finally, leveraging data from the NYCDOE Teacher Data Initiative, we observe
characteristics of the students taught by specific teachers of grades 4 through 8 mathematics and
English language arts (ELA) including demographic and achievement information. We use these
data to estimate our own value-added measures of teacher effectiveness using a residuals-based
approach controlling for individual student, classroom, and school characteristics. Currently, 201011 is the final year for which we can calculate these estimates.
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Table 1 provides summary statistics for our analytic sample of teachers receiving a tenure
decision in 2010-11 or 2011-12. Just over three quarters of the teachers in our sample are female,
approximately 19 percent are black and approximately 17 percent are Hispanic. They have average
math and verbal SAT scores of approximately 500 points each. Approximately half of the teachers
entered teaching through traditional teacher preparation programs that recommended certification,
while 24 percent came through the Teaching Fellows Program, the largest early-entry route serving
New York City. These teachers work at schools where 44 percent of students are Hispanic students
and 31 percent are black, with 74 percent eligible for subsidized lunch.
Table 1 also includes performance measures for teachers. Recall that principals complete an
Annual Rating Sheet for each teacher. Just 2.3 percent of teachers in our sample received an
Unsatisfactory rating and one tenth of one percent of teachers received a Doubtful rating, with the
remaining 97.6 percent receiving a Satisfactory rating. On the four-point effectiveness rating scale
assigned by their principals, most teachers received either a Developing (29 percent) or an Effective
(41 percent) rating, while 17 percent received Highly Effective and two percent received Ineffective
ratings. Principals provided no effectiveness rating for 11 percent of teachers. Eight percent of
teachers had what the district classified as low attendance (more than 20 absences over prior two
years), and 12 percent had low value-added.
Results
Tenure Decisions
As described in Figure 1, 94 percent of teachers were approved for tenure during AY 200708 and 2008-09, the two years prior to the introduction of the policy. The approval rate dropped to
89 percent in the first year of the policy (2009-10) and averaged 56 percent in the three subsequent
years. Virtually all of the decrease in the tenure approval rate resulted in an increase in the
percentage of teachers whose tenure decisions were extended, which averaged less than 4 percent
prior to the policy, but 41 percent in 2010-11 through 2012-13. The percentage of teachers denied
tenure increased marginally following the introduction of the program from an average of two
percent pre-policy to three percent post-policy.
Principals have played an important role in the determination of tenure decisions. As shown
in Table 2, principal effectiveness ratings using the Effectiveness Framework of teachers are highly
predictive of tenure outcomes under the new policy. Ninety-four percent of teachers rated Highly
Effective and 83 percent of those rated Effective were approved for tenure. In contrast, less than
two percent of those rated Developing and less than one percent of those rated Ineffective were
approved. The vast majority (97 percent) of teachers rated Developing were extended, while the vast
majority (81 percent) of those rated Ineffective were denied tenure. Given that almost all teachers
were approved for tenure prior to the reform, many teachers who would have been approved prior
to the reform received a different outcome under the new system.
Tenure decisions also correspond with other teacher performance measures as shown in
Table 3. For teachers in tested grades and subjects, value-added estimates track tenure decisions. 3
Teachers denied tenure have math value-added estimates that are a full standard deviation in teacher
effectiveness lower than those approved for tenure. On average, extended teachers are 13 percent of
a standard deviation in student achievement less effective than the average teacher and 38 percent of
a standard deviation less effective than those who are approved. Value-added differences in ELA are
smaller but demonstrate the same pattern. Similarly, extended teachers are far more likely to have
3

We estimate the value-added measures reported in the results section employing a method described in data section.
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had prior Unsatisfactory or Doubtful annual performance ratings and to have had Low Attendance
than are teachers approved for tenure.
Even though there are substantial differences across the three tenure outcomes in teacher
characteristics such as mean value-added estimates and the percent of teachers receiving
Unsatisfactory or Doubtful rating or with low attendance, there remains substantial overlap in
performance measures among accepted, extended, and denied teachers. For example, as shown in
Figure 2, which graphs the distribution of value-added scores for extended and approved teachers,
many higher value-added teachers are extended and many lower-value-added teachers approved.
Table 3 also shows patterns between tenure decisions and teachers’ background
characteristics. While the differences are relatively small, teachers who are approved for tenure have
somewhat higher SAT math and verbal scores and teacher certification (LAST) exam scores than
those who are extended. Extended teachers, in turn, have somewhat higher test scores than those
denied tenure. We find some differences in tenure decisions by pathways as well with New York
City Teaching Fellows and teachers entering through Individual Evaluation (IE) less likely to receive
tenure than teachers entering the district from college recommending (traditional teacher education)
programs.
Overall, the reforms dramatically reduced the percentage of teachers who received tenure,
but because most teachers who became eligible for tenure were extended and not dismissed it is
unclear a priori whether the reform meaningfully altered the workforce.
Workforce Composition
Changes in the tenure process can affect the quality of teaching by denying tenure to less
effective teachers. We found some evidence of this mechanism in Table 3 in that denied teachers
had lower value-added in both math and ELA than teachers who were extended or approved.
However, even under the new policies, few teachers are dismissed. Larger changes in the workforce
instead may come from changes in voluntary turnover, particularly of teachers who are extended or
who receive indications that they are likely to be extended.
Extended teachers may voluntarily exit from New York City, creating vacancies which can
be filled by more effective teachers. We find some evidence of this phenomenon. As shown in
Figure 3, extended teachers were more likely to transfer to other New York City schools and exit
from New York City in the year following their decision than teachers who were approved for
tenure. Ninety percent of approved teachers return to their schools, while only 75 percent of
extended teachers did so.
Being extended meaningfully increases the likelihood of transfers and exits even after
controlling for teacher and school characteristics. Table 4 gives the results of regressions with
controls for the final principal effectiveness rating of the teachers as well as school fixed effects. The
probability of transferring increases by 9 percentage points if the teacher had been extended rather
than approved. This represents a 50 percent increase in the probability of transferring following a
tenure decision. Similarly, extended teachers exit NYC at a rate that is 4 percentage points higher
than approved teachers, holding other factors constant. This represents a 66 percent increase in the
probability of exiting. These results provide evidence that the new tenure process is having a
substantial effect on the composition of the teaching workforce even without substantially
increasing the percentage of teachers directly denied tenure.
Among extended teachers, those who remain in the same school have somewhat different
measured attributes than those who transfer or exit the system. As shown in Table 5, teachers with
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higher academic qualifications, such as teacher certification exam scores, are less likely to stay in the
same school than to exit. Extended teachers entering through alternative routes such as the New
York City Teaching Fellows program or Teach for America are less likely to remain in the same
school than teachers entering through college recommended programs. In contrast, the average
value-added estimates of extended teachers who remain in the same school are higher than those
who do not, but the sample sizes are smaller for these measures and the differences are not
statistically significant at traditional levels.
Are the relatively less effective teachers who are induced to voluntarily leave as a result of
tenure reform replaced by more effective teachers? We explore this question by comparing the
effectiveness of teachers who were extended and left schools in 2010-11 or 2011-12 with teachers
hired at these schools. 4 Teacher effectiveness measures for teachers hired at these schools in 201112 and 2012-13 (actual replacements) are unavailable. Rather we employ the effectiveness of teachers
hired at these schools in 20008-09 and 2009-10.5 For each school with an extended leaver, we
compare the average effectiveness of extended leavers with that of their proxy replacements, and
then average these within school differences across all such schools. In this way we examine the
difference in teacher effectiveness between extended leavers and proxy replacements in the typical
school.
As shown in Table 6, there are substantial differences in the effectiveness of extended
leavers and their proxy replacements. For example, there are 45 percentage points fewer teachers
rated as highly effective or effective among all extended leavers than their proxy replacements (14
percentage points Highly Effective and 31 percentage points Effective). Estimated value-added in
ELA is 20 percent of a standard deviation higher among the proxy replacements than the extended
leavers. 6 Although proxy replacement teachers are estimated to outperform extended leavers in math
value-added, this difference is not statistically significant at traditional significance levels, due
primarily to relatively few observations (N=158).
From a principal’s perspective, these are large effects relative to almost any other
intervention they might contemplate. For example, many principals rightly privilege experience when
hiring teachers as the value-added of a teacher with six years of experience is estimated to be up to
15 percent of a standard deviation higher than a novice teacher (Atteberry, Loeb and Wyckoff,
2013). Extending the probationary period of teachers with insufficient skills to be approved for
tenure and thereby nudging some teachers to leave the school who are then replaced with a new
teacher has an effect on teacher effectiveness about the same as the gains of hiring a teacher with six
years of experience rather than a novice.

4

Teachers who were hired include both those new to teaching and teachers who transferred from other schools.

The vast majority of teachers with tenure decisions in 2010-11 and 2011-12 began their probationary periods in 200809 or 2009-10. We therefore are comparing the extended leavers to other teachers hired under similar circumstances to
themselves. We are making the assumption that the teachers hired in 2008-09 and 2009-10 at the schools where an
extended teacher left in 2010-11 or 2011-12 have measured effectiveness similar to those teachers who hired at these
schools in 2011-12 and 2012-13. We have also created a replacement comparison group of teachers by examining
teachers who were hired at these schools from 2006-07 through 2009-10.
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Employing the sample of teachers entering schools between 2006-07 and 2009-10 as the proxy replacement
comparison group, we estimate the percentage of teachers rated highly effective or effective is 44 percentage points
higher for the proxy replacements than the extended leavers. Estimated value-added is 13 percent of a standard
deviation higher in ELA and 14 percent of standard deviation higher in math, which are both significant at the 0.06 level.
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School Differences
While implementation of the policy may have varied across schools, most schools
experienced a substantial change in the percentage of teachers who were approved for tenure under
the new policy. More than 70 percent of schools granted tenure to fewer than 80 percent of their
teachers following the introduction of the policy as shown in Figure 4. While a cluster of schools
approved 100 percent of eligible teachers, most schools approved far less, with another large cluster
of schools with between 50 and 70 percent approval.
The variation in approval rates seen in Figure 4 corresponds to some school characteristics,
particularly average student attributes, as shown in Table 7. On average, teachers approved for
tenure work in schools in which the percentage of white students is nearly twice as large as the
schools where teachers were denied tenure. Black students experience the reverse. In schools where
teachers are approved for tenure, black students comprise 27 percent of all students, but they
comprise 40 percent of students in schools where teachers are denied tenure. The achievement of
students in schools where teachers receive tenure is nearly a quarter of a standard deviation better in
math and 18 percent of a standard deviation better in ELA than the average achievement in schools
where teachers are denied tenure.
Given the strong link between principal effectiveness ratings and tenure decisions shown
above, it is not surprising that the pattern of differences in school attributes across principal
effectiveness ratings mirror the differences across tenure outcomes as shown in Table 7. For
example, the average highly effective teacher works in schools where the percentage of white
students is twice as large as it is for the average ineffective teacher. The average ineffective teacher is
located in a school with 65 percent more black students than their average highly effective colleague.
As is also shown in Table 7, the average ineffective teacher is located in a school where the ELA
performance of students is more than a quarter of standard deviation lower and more than 30
percent of a standard deviation lower in math than that of the average highly effective teacher. This
suggests that replacing ineffective and developing teachers with a teacher whose performance is
closer to the average would disproportionately improve the quality of teaching in schools with
higher percentages of black students.
Table 8 describes the relationship between school characteristics and tenure decisions in a
multivariate framework controlling for teacher performance measures. When we estimate the model
including only the attributes of the students in the school, the percentage of students who are black
is the only measure that corresponds to the likelihood of being extended. When teacher attributes
are added to the model, they dominate the determination of whether a teacher is extended. The
estimate for the percent of black students drops substantially in magnitude such that a 1 standard
deviation increase in the percentage of black students (26.4 percentage points) is estimated to
increase the likelihood of a teacher being extended by just over 1 percent.
Discussion
Teacher tenure has been a hotly debated issue for decades, but there is surprisingly little
research that documents the effects of various tenure policies. This paper examines an unusual
change in the tenure policy in New York City as a step toward providing evidence to support the
design of teacher workforce policies.
Our analysis documents substantial changes in tenure decisions following the NYC reforms.
While almost all eligible teachers received tenure prior to the change, after the reforms a large share
of teachers did not receive tenure when they were first eligible, and instead had their probationary
9

periods extended to provide more opportunity for them to demonstrate the skills necessary for
effective teaching and for district decision makers to better assess teachers’ performance. Not
surprisingly, low-performing and less qualified teachers were more likely to be extended. Teachers in
schools with disproportionate shares of black and low-performing students also were more likely to
be extended. Our analyses provide some evidence that this differential reflects a uneven distribution
of less effective teachers, which is consistent with recent research (Isenberg et al., 2013; Sass et al.,
2012), although we cannot rule out differential application of tenure rules. Finally, we found
evidence that the tenure policy resulted in additional voluntary attrition of teachers who were
extended, as well as additional involuntary dismissal of the small share of teachers who were denied
tenure. Among extended teachers, those with lower effectiveness, as measured by principals’ ratings,
but higher qualifications (e.g. SAT scores) were more likely to leave, potentially further benefiting
the teacher workforce. Extended teachers who leave their schools are less effective as measured by
principal ratings and value-added estimates than are those likely to replace them. Because teachers
with poor effectiveness ratings are more likely to be in schools with higher percentages of black
students, these schools are most affected by the policy change and most likely to see attrition of
these less effective teachers as a result of the reforms. These schools on average were able to hire
more effective teachers to fill these vacancies.
New York City’s reforms to the tenure process are still in their early stages. Our results
suggest large effects but provide only preliminary evidence because we have not fully ruled out the
effects of other factors that may have been at play in the district simultaneously. With additional data
a causal analysis will be more feasible and we can address additional questions. While the direct
effects of the tenure reforms are felt by teachers facing tenure decisions, the labeling of teachers and
increased likelihood of receiving an extension may induce other teachers in the same school, subject,
and/or grade to reassess their positions. These processes may encourage principals to reassign
teachers across grades and subjects or to reallocate responsibilities in other ways.
Changes in human resource practices including new hiring and evaluation policies have been
hallmarks of many recent reforms. While the tenure process has been the subject of continual
debate, reforms have been slower and less sustained in this area. In part as a result, research on
tenure policies and variety of possible approaches to probationary periods and screening is sparse.
Nearly all districts grant some form of tenure based at least in theory on teachers demonstrating
proficiency. Yet many districts do only cursory evaluation during the tenure process. As such,
adopting tenure reform similar to that presented here may be comparatively easy relative to other
much discussed human resource policies that require more controversial policy changes.
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Figures
Figure 1. Percentage of Teacher Tenure Cases by Tenure Outcome 2007-08 to 2012-13
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Figure 2. Distributions of Teacher Value-Added of Approved and Extended Teachers,
Math and ELA, 2010-11
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Figure 3. Location of Teachers in Year Following Tenure Decision, by Tenure Outcome, 2010-11 and 201112
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Figure 4. Distribution of School Proportion of Tenure Cases Approved 2009-10 through 2012-13
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Notes: Includes only schools with at least four tenure decisions over the period (81 percent of all schools).

14

Tables
Table 1. Descriptive Statistics for the Analytic Sample, 2010-11 and 2011-12
Variable

Obs.

Tenure Outcome (%)
Approve
9,161
Extend
9,161
Deny
9,161
Teacher Attributes (% unless otherwise noted)
Female
9,129
Black
8,139
Hispanic
8,139
SAT math
4,236
SAT verbal
4,236
Preparation Path (%)
College recommended
9,084
Teaching Fellow
9,084
TFA
9,084
Individual evaluation
9,084
Temporary license
9,084
Student Attributes (aggregated to school)
Hispanic (%)
8,961
Black (%)
8,961
Free lunch (%)
7,894
Reduced lunch (%)
7,894
Mean ELA score (z-score)
6,530
Mean Math score (z-score)
6,530
Teacher Performance Measures (%)
U rated
9,161
D rated
9,161
Principal Final Effectiveness Ratings
Ineffective
9,161
Developing
9,161
Effective
9,161
Highly Effective
9,161
No Rating
9,161
Low attendance
9,161
VAM ELA
1,052
VAM Math
670
NYC VAM low
1,101
NYC VAM high
1,101

Mean

Std. Dev.

56.97
40.04
2.99

49.51
49.00
17.03

75.53
18.64
16.89
499.01
502.00

103.00
99.43

49.98
23.83
3.64
7.63
4.60
44.46
30.81
74.43
4.25
2.89
1.46

25.32
26.42
22.20
4.15
44.16
46.85

2.33
0.14
2.22
28.85
41.10
16.97
10.86
7.53
-0.06
-0.06
11.99
8.08

14.72
45.31
49.20
37.54
31.12
26.39
1.03
1.09
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Table 2. Tenure Decision Outcome by Principal Final Effectiveness Rating, 2010-11 to 2012-13

Approve
Extend
Deny
N
% teachers

Ineffective
(%)
0.7
18.2
81.1
302
2.3

Developing
(%)
1.8
96.6
1.6
3,820
29.2

Effective
(%)
82.7
17.1
0.2
5,568
42.6

Highly Effective
(%)
93.9
6.1
0.0
2,006
15.3

None
(%)
53.7
41.4
4.9
1,384
10.6
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Table 3. Attributes of Teachers by Tenure Outcomes, 2010-11 through 2012-13a
Tenure
Value Added U Rated D Rated Low Attd
SAT
LAST
Preparation Route (%)b
Decision ELA
Math
(%)
(%)
(%)
Math Verb Exam Coll Rec NYCTF
TFA
Ind Eval
Approve
0.081 0.248
5.7
22.2
37.1
505
505
257
59.9
49.5
60.2
55.0
Extend
-0.138 -0.129
52.1
66.7
56.2
490
494
254
37.8
47.2
38.9
40.7
Deny
-0.115 -0.740
42.2
11.1
6.7
469
490
248
2.4
3.2
0.1
4.3
Total
-0.009 0.070
100.0
100.0
100.0
498
500
255
100.0
100.0
100.0
100.0
a Means of teachers approved exceed those of teachers extended at a p-value of 0.05 or lower for all attributes. The means of teachers extended exceed
those of teachers denied at a p-value of 0.05 or lower for all variables except ELA value-added and verbal SAT.
b The tenure approval rate is lower for teachers prepared through the NYCTF and IE preparation routes than those from CR programs at p-values of
.01 or lower. There is no statistical difference between CR and TFA.
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Table 4. Determinants of Teacher Disposition in Year Following Tenure Decision, 2010-11 and 2011-12
Variables
Extend
Student Attributes
Mean Math score

(1)
Transfer

(2)
Transfer

(3)
Transfer

(4)
Exit

(5)
Exit

(6)
Exit

0.145**
(15.21)

0.124**
(13.04)

0.087**
(6.06)

0.057**
(9.38)

0.055**
(9.07)

0.040**
(4.32)

0.064**
(3.48)

0.037**
(10.52)
X

0.110*
(2.54)
0.026*
(2.02)
0.007
(0.74)
0.013
(1.11)
0.031**
(4.22)
X

6,351

8,855

8,855

-0.024
(-0.68)
Mean ELA score
-0.024
(-0.64)
Black (%)
0.113*
(4.24)
Hispanic (%)
0.066~
(2.35)
Free lunch (%)
-0.099**
(-3.12)
Reduced lunch (%)
-0.307*
(-2.33)
Principal Final Effectiveness Rating
Ineffective

0.016
(0.68)
-0.019
(-0.82)
0.042*
(2.46)
0.075**
(4.21)
-0.085**
(-4.23)
-0.187*
(-2.23)

Developing
Effective
Missing
Constant
School Fixed Effect

0.142**
(4.88)

0.135**
(24.56)
X

Observations
6,351
8,855
Notes: T-statistics in parentheses. ** p<0.01, * p<0.05, ~p<0.1

0.285*
(4.24)
0.071**
(3.58)
0.030*
(2.13)
0.045*
(2.45)
0.111**
(9.60)
X
8,855
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Table 5. Attributes of 2011 and 2012 Extended Teachers by Disposition in the Following Year
Attrition
Value Added
U Rated D Rated Low Attd
SAT
LAST
Preparation Route (%)
Status
ELA
Math
(%)
(%)
(%)
Math Verb
Exam Coll Rec NYCTF
TFA
Ind Eval
Same School
-0.091~ -0.090
4.0~
0.2**
10.7
491
495
253**
77.5
70.9**
53.3**
78.8*
Transfer
-0.355
-0.421
2.7
0.2
11.2
482
486
253
16.3
15.6
9.0
17.7
Exit
-0.332
-0.145
2.9
0.0
9.1
530
539
267
6.2
13.6
37.7
3.5
Notes: ** p<0.01, * p<0.05, ~ p<0.10. For Value-Added, U Rated, D Rated, Low Attendance, SAT and LAST Exam, significance levels denote
significant differences between the values of these variables for Extended teachers who remain in same school and those who either transfer or exit. For
Preparation Routes, significance levels denote differences between designated route and College Recommended.

Table 6. Mean School Difference in Teacher Effectiveness Measures between Proxy Replacement and Extended
Leavers in Schools with Extended Leavers, 2010-11 and 2011-12a
Principal Final Effectiveness Rating (%)

Value-Added

Extended Leaver Status

Highly
Effective

Effective

Developing

Ineffective

ELA

Math

All Extended leavers

14.34***

30.7***

-36.45***

1.37*

0.197**

0.119

Extended transfers

11.97***

30.16***

-34.53***

1.14

0.127

0.181*

Extended exiters

16.15***

27.55***

-33.24***

1.72

0.298*

0.037

Notes: a Proxy replacement teachers are all teachers hired at the school in 2009 and 2010. Only schools with an extended leaving teacher in 2011 or 2012
included in all comparisons. Positive values indicate on average within schools average value for replacement pool exceeds that for the Extended
leavers. Comparing extended leavers to proxy replacements *** p<0.001, ** p<0.01, * p<0.05.
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Table 7. Attributes of the Students in Teacher’s School by Tenure Decision and Principal Effectiveness Rating, 201011 and 2011-12
White
(%)

Hispanic
(%)

Tenure Decision a
Approve
13.8
44.4
Extend
8.9
44.6
Deny
7.1
43.5
b
Principal Effectiveness Rating
Highly Effective
16.4
42.8
Effective
12.1
45.3
Developing
8.4
45.0
Ineffective
7.2
42.4
No rating
12.3
42.7

Black
(%)

Home
Lang
Eng
(%)

Free
Lunch
(%)

27.4
35.1
39.6

56.6
60.3
63.3

72.3
77.3
77.8

24.1
29.9
35.3
39.9
31.0

56.5
57.2
60.8
62.7
57.4

69.2
74.6
78.1
77.7
71.3

Reduced
Lunch
(%)

Math
Achieve
(z-score)

ELA
Achieve
(z-score)

4.4
4.1
4.2

0.081
-0.066
-0.152

0.086
-0.042
-0.093

4.8
4.2
4.1
4.6
4.1

0.184
0.007
-0.068
-0.161
0.055

0.181
0.019
-0.046
-0.102
0.073

Total
11.7
44.5
30.8
58.3
74.4
4.2
0.015
0.029
Notes: a Extended teachers work in schools with different student attributes than approved teachers (p-value less than
0.01 for all attributes except the percentage of Hispanic students). Teachers denied tenure work in schools with
different attributes than teachers who are extended with respect to the percentage of students who are black, the
percentage whose home language is not English and mean student math scores (p-value less than 0.05). Differences in
other student attributes are not significantly different from zero.
b Teachers rated ineffective work in schools with different student attributes than teachers rated effective or highly
effective (p-value less than 0.01 for all attributes except the percentage of Hispanic students and the percentage
eligible for reduced-price lunch). Teachers rated developing work in schools with different student attributes than
teachers rated effective or highly effective (p-value less than 0.01 for all attributes except the percentage of Hispanic
students).
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Table 8. Determinants of Whether Teacher is Extended Relative to being Approved, 2010-11 and 2011-12

Student Attributes
Mean Math score
Mean ELA score
Black (%)
Hispanic (%)
Free lunch (%)
Reduced lunch (%)
Teacher Attributes
Low Attendance
Unsatisfactory Rated
Doubtful Rated
Principal Final Rating
Ineffective

(1)
Extended
(=1)

(2)
Extended
(=1)

-0.096
(-1.41)
-0.010
(-0.14)
0.211**
(-4.41)
0.032
(-0.62)
0.012
(-0.20)
-0.066
(-0.26)

-0.073~
(-1.77)
0.021
(0.49)
0.048~
(1.80)
-0.008
(-0.27)
-0.041
(-1.13)
-0.043
(-0.28)
0.066**
(3.84)
0.101**
(2.85)
-0.125
(-0.75)

0.867**
(25.61)
Developing
0.906**
(95.62)
Effective
0.100**
(8.72)
No rating
0.334**
(12.95)
Constant
0.340**
0.081*
(-6.12)
(2.45)
Observations
6,351
6,351
R-squared
0.033
0.613
Notes: T-statistics in parentheses. ** p<0.01, * p<0.05, ~ p<0.1
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EXHIBIT 8
TO
COMPLAINT FOR DECLARATORY
AND INJUNCTIVE RELIEF

New York State School Boards Association
Why are most teachers rated effective when most students test below standards?

On Board Online • December 16, 2013
By Cathy Woodruff
Senior writer
Here’s a word problem that could
stump even the savviest student of
Common Core-aligned mathematics:
Less than one-third of New York
students passed the state math and
English Language Arts tests they took
in April. Yet, more than 90 percent of
the state’s teachers were rated
effective or highly effective under the
state’s new Annual Professional
Performance Review (APPR) rating
system. Explain.
It’s a head-scratcher, all right. How
can New York’s teachers possibly be
so effective if their students are
struggling so mightily to meet the
state’s new academic standards?
Even a more sophisticated analysis –
limiting the sample of teachers to
those in the elementary and middle
school classrooms where students
took state exams in April, and limiting
the ratings solely to the 20 points tied
to those state test results – still reveals
a sharp apparent contradiction.
More than 83 percent of the teachers in grades 4-8 were rated effective or highly effective on the portion of their Annual Professional
Performance Reviews (APPR) tied to their students’ test scores. But just 31 percent of students who took ELA and math tests met the new
standards for proficiency on each of them.
How is that possible? Isn’t a high level of teacher effectiveness supposed to correlate with high student achievement? Isn’t this supposed to be
an accountability system?
According to state Education Commissioner John B. King Jr., trying to resolve the apparent paradox of good teacher ratings despite
disappointing test scores for their students is a lot like the folly of trying to compare apples to oranges. Students are being tested on their
mastery of the standards, but teachers are not actually being evaluated on their students’ level of mastery of the standards. Rather, they are
being evaluated, in part, on their students’ growth in mastering the standards.
That’s why teacher scores can be high while student scores are low, educators say.
“I don’t think the two are connected at all – at least as the system currently is set up,” said Herricks School District Superintendent Jack
Bierwirth, who serves on the Metrics Work Group of the State Education Department’s APPR Task Force.
But if some New Yorkers were puzzled by the sunny teacher evaluation scores, it would be hard to blame them. After all, they were told
repeatedly by state leaders that a teacher evaluation system would be instrumental in improving academic achievement and holding teachers
accountable for student learning. They also were told that students’ performance on state tests would be a strong, objective indicator of their
teachers’ effectiveness.
“The new statewide evaluation law sets clear standards for measuring educators based on how our students are performing in the classroom,”
Gov. Andrew Cuomo declared when he announced a March 2012 agreement with legislative leaders “to put the governor’s new groundbreaking
teacher and principal evaluation system into law.”
Despite that rhetoric, New York’s new APPR system does not draw anything close to a straight line between student achievement and teacher
and principal evaluation ratings.
First, it must be noted that teachers’ overall or “composite” APPR ratings give far more weight to other factors, such as classroom observations
and local measures of student learning, than they give to the portion linked to state test results.
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And while it’s often said that 20 percent of a teacher evaluation is based on state test scores, it would be more accurate to say that portion is
based on the degree of change in student test scores. That component is derived from a calculation designed to determine how much a student
has improved as a result of a teacher’s instruction that year. Performing the growth calculation requires comparisons with prior test performance.
Estimating the student growth component was especially tricky this year because this year’s tests measured students against the new Common
Core standards, while state tests in previous years were designed to measure performance based on standards set in 2005. That’s why the
State Education Department sent out a flurry of charts, Excel worksheets, tables and guidance documents in August. The tools were intended to
help administrators place old and new student test scores on a common scale so administrators could compare them.
Without comparisons, raw test results are virtually worthless for judging teacher performance, said Bierwirth, the Herricks superintendent. A
2013 score, alone, “doesn’t take into account where students started. It only describes where they ended up,” he noted.
“I do think the effort to measure a teacher’s value, based on what they contribute to a student’s learning, is the right direction,” Bierwirth added,
but he is critical of the metric gymnastics now being used to calculate student growth for use in APPR formulas. “I believe the teacher evaluation
system is, as it is now set up, highly flawed and not a terribly good measure of effectiveness,” he said.
The complexity and the lack of clear connection between the test scores and APPR ratings is what can make it so hard for policy makers,
including school board members, to explain how, exactly, the new system makes schools more accountable for results.
Aaron M. Pallas, a professor of sociology and education with Teachers College at Columbia University, has doubts about how precise educators
can expect APPR to be in diagnosing an individual teacher’s impact on academic achievement. He says there are just too many other variables
in play, including groundwork laid by teachers in earlier grades and whatever is going on in a student’s home life.
“It’s really hard to isolate the contribution of one teacher to a cumulative level of performance,” Pallas said. “I think one recommendation would
be to forego some of the false sense of quantified process that APPR has created. All of the components are things that I think are a bit fuzzy.
Yet, we are adding them up and treating them as though the result is not fuzzy.”
Pallas and other observers say it’s also likely that this year’s strong overall teacher effectiveness ratings were bolstered by positive ratings for
classroom observations and other locally-developed criteria, which were crafted amid concerns about the unpredictable impact of state test
scores.
Again, political rhetoric played a role in forming perceptions about the aims and hazards of APPR. For instance, Gov. Cuomo issued a March
2011 news release that touted a statewide teacher evaluation system as an alternative to the “so-called ‘last in, first out’ seniority policy,” which
he said “lacks objectivity by maintaining teachers simply based on years of service without factoring classroom effectiveness, performance or
need.”
“I think that the way the state framed it put too much emphasis on the APPR process as a way to identify ineffective teachers who ought to be
drummed out,” said Pallas. “In some cases, districts thought they already knew who the good and bad teachers were.”
Attorney Howard Goldsmith of the Harris Beach law firm has coined a phrase to describe the problems with perceptions about APPR and school
reform in general. He calls it “the disconnect gap.”
Writing on the Harris Beach municipal affairs blog, nymuniblog, Goldsmith said that low student scores and high teacher scores are emblematic
of a broader problem in which the elements of New York’s education reform operations don’t work together in a way that’s clear.
Better communication could help, Goldsmith said, but he argues that a solution that restores faith in educational reform will require more
substantial action.
His suggestions include extending and coordinating the multiple timelines for implementing Common Core standards, new curriculum and tests
and APPR, with common benchmarks and transition dates for the various initiatives. He also suggests simplifying the APPR process and
removing entirely the second component, which relies on locally determined measures of student achievement.
“Closing the disconnect gap will require adjustments in the actual implementation of the reform agenda initiatives, not just some positive but
minimal changes in state testing policies,” Goldsmith wrote in nymuniblog. “To close the disconnect gap, adjustments must be taken to properly
align the implementation plans of the respective reform agenda elements, making them connected in a logical and easy-to-understand commonsense fashion.”
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Few teachers across New York State earned low ratings last year | Chalkbeat
THE BOTTOM LINE

Few teachers across New
York State earned low
ratings last year
by Geoff Decker on October 22, 2013

Teachers who were
worried that the state’s
new evaluation rules
could put them at risk
of being fired can
exhale now. Almost no
one was rated
ineffective in the first
round of ratings under
the new rules, state
education officials
announced today.
Just 1 percent of teachers
across the state — excluding New York City — were rated ineffective last year, according to
the data, Another 4 percent were rated “developing,” which signals that teachers should
receive additional support.
Fully half of teachers earned the state’s highest rating, “highly effective,” and another 42
percent were deemed “effective.”
The new evaluation system, unveiled in conjunction with new standards for students, was
meant to distinguish teacher quality and resolve the disconnect between teachers’ almost
uniformly high ratings and the state’s low college readiness rate.
That did not happen this year. While 92 percent of teachers were highly effective or
effective, just 31 percent of students in the state were deemed to be on track for college
and careers.
State education officials said the disconnect now shows that tougher academic standards
do not prevent teachers from demonstrating excellence, despite what some teachers had
feared. “The results are striking,” Commissioner John King said in a statement. “The more
accurate student proficiency rates on the new Common Core assessments did not
negatively affect teacher ratings.”
Preliminary rating data the state released over the summer`suggested that more teachers
were in danger of earning low ratings. That data reflected only the 20 percent of ratings that
are based on state “growth scores” and only the fifth of teachers who work in tested grades
and subjects. It showed that 6 percent of the teachers were ineffective and another 6
percent were highly effective.
Districts can move to fire teachers who earn “ineffective” ratings two years in a row under
the state’s new evaluation rules, written into law in 2010 as part of the state’s efforts to win
funding in the federal Race to the Top competition.
New York City teachers are not included in the new data because the city did not have a
teacher evaluation system in place last year because the city and teachers union were
unable to agree on a plan, despite pressure from Gov. Andrew Cuomo. Some city teachers
did receive growth scores, which showed them outperforming teachers in the rest of the
state.

http://ny.chalkbeat.org/2013/10/22/few-teachers-across-new-york-state-earned-low-ratings-last-year/

Few teachers across New York State earned low ratings last year | Chalkbeat
In the rest of the state’s roughly 700 school districts, teachers were evaluated according to
multiple measures that were split up among standardized state test scores, tests chosen
locally, and observations from principals and other administrators. Some districts, such as
Syracuse, also factored student surveys into teachers’ scores.
Districts had to compile the different components into single composite scores for each
teacher and submit them to the state by last week.
The state’s presentation, made at this morning’s Board of Regents meeting, did not break
down the composite ratings by the various measures that make up the scores. King said
analyzing the evaluation subcomponents to understand why the state’s growth measure did
not reflect the ultimate results would be a next step for his department.
Neither did the state’s presentation break the ratings down by district. Early indications
suggest that scores could range widely across districts:`In Syracuse, which released its
scores earlier this month, just 60 percent of teachers received the higher ratings, and the
teachers union is planning widespread appeals.
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APPR Teacher Appeals Process Report
BY: ALEX COLVIN, SALLY KLINGEL, AND SIMON BOEHME

MAY 2014

The Annual Professional Performance Review (APPR) is the new
teacher evaluation system adopted by New York State in 2012.
Through APPR, each New York State teacher’s performance is
evaluated annually. If a teacher is rated Ineffective, he or she
must take part in a Teacher Improvement Plan (TIP). If a teacher
is rated Ineffective for two consecutive years, the teacher may be
dismissed even if that teacher has tenure. Given these potential
consequences, the ability to appeal APPR ratings and how those
ratings are conducted has been a major issue for teachers and
their unions. Under New York Education Law 3012-c, which
establishes APPR, each school district negotiates its own APPR
procedure with its local teachers union, including any procedures
for appealing the performance review. This report examines the
APPR appeals procedures established by school districts in order
to investigate the following: Which aspects of the APPR process
can teachers appeal? Who has the ﬁnal say in that appeals process? How much time do appeals processes take? Can teachers
appeal APPR issues through the regular contractual grievance-arbitration procedure? This report addresses these questions by
analyzing APPR appeal procedures for all New York State school
districts. The data analyzed was gathered by coding the provisions of the APPR appeal procedures, which are publicly available
on the New York State Department of Education website (1).

student achievement. The remaining 60 points may come from
classroom observations or other locally determined evaluation
methods. In the student achievement section, 20 points must
be composed of state-developed measures of student growth
and the other 20 points are based on locally selected measures
of student achievement. Based on the accumulated points, each
teacher will receive his or her rating of Highly Effective, Effective,
Developing, or Ineffective.

Under APPR, there are four possible ratings: Highly Effective, Effective, Developing, and Ineffective. Each rating system is based
out of 100 points, 40 of which must be based on measures of

Under the new APPR system, each New York State school
district locally negotiated its own APPR agreement, establishing the review process and providing for an appeals procedure.

The APPR procedure plays an important role in employment
decisions, particularly because two consecutive Ineffective ratings
immediately subject New York State teachers to an expedited
3020-a hearing for potential dismissal. The 3020-a process
provides for an expedited hearing before a mutually-selected
hearing ofﬁcer. Within 60 days of the initial meeting, the hearing
ofﬁcer must provide a ﬁnal decision to the commissioner, the
employee, and the employing board who then implements the
decision. In New York City however, teachers with two consecutive Ineffective ratings are ﬁrst assigned an independent observer to assess the teacher in the classroom before the teacher is
subject to the 3020-a process.

What are teachers not able to appeal

Table 1: What Are Teachers Not Able to Appeal?
Tenured Teachers

Non-tenured Teachers

Improvement Plan

1.3%

29.8%

Implementation of Improvement Plan

1.1%

35%

Ineffective Rating

0%

26.5%

Developing Rating

14.3%

46.7%

Effective Rating

96.4%

96.6%

Appeal depending on rating:

N=688
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From district to district, there are differences in what tenured
and non-tenured teachers are able to appeal and what they
are explicitly prohibited from appealing as described in Table 1.
Although many contracts set out these rights explicitly, others do
not explicitly state what aspects of the APPR may be appealed.
In general, contracts are more likely to limit the types of appeals
that non-tenured teachers may make, whereas tenured teachers
can more often appeal all aspects of the APPR process. Few procedures restrict tenured or non-tenured teachers from appealing
the substantive or the procedural aspects of the review itself.
The majority of procedures also allow tenured and non-tenured
teachers to appeal the provisions of an improvement plan. Appeals concerning the implementation of improvement plans are
also allowed for the majority of tenured teachers. However, just
less than half of procedures allow appeals concerning the implementation of an improvement plan by non-tenured teachers.

maker in the appeals process, there is little difference in procedures for tenured and non-tenured teachers.
APPR agreements set time limits for the various steps in the
appeals process. Because each step is typically assigned a speciﬁc
time limit, combining the limit for each step in the procedure
gives an overall length of time to complete the full appeals process. Although the overall time limit for completing all steps of
the appeals process is an average of 64 days for tenured teachers
and an average for 63 days for non-tenured teachers, there is
a wide range across districts for these maximum time limits, as
shown in Table 3 Half of the procedures for tenured teachers
have overall time limits between 44 and 80 days, and 80% of all
procedures have overall time limits between 29 and 98 days.

Table 3: Maximum Time Limits for
APPR Appeals Process (in days)

Some APPR procedures limit the teacher’s ability to appeal a
rating depending on the level of rating being challenged. In
addition to always allowing ratings of Ineffective to be appealed,
most procedures for tenured teachers also allow a rating of
Developing to be appealed. However, 46.7% of agreements bar
non-tenured teachers from appealing a Developing rating. Most
procedures prohibit a rating of Effective to be appealed by either
tenured or non-tenured teachers.

Mean

Range (10th
to 90th percentile)

Tenured

64

29-98

Non-tenured

63

30-101

APPR appeal determination

Exclusivity clause

Appeals procedures vary in complexity, including between one
and ﬁve steps. Although each step involves a different decision
maker, the decision maker in the ﬁnal step is particularly important in ultimately deciding the outcome of the appeal. Table 2,
displays the range of ﬁnal decision makers. Superintendents are
the most common ﬁnal decision maker, serving this role in 77%
of the APPR agreements. The next most common type of ﬁnal
decision maker is a panel, jointly appointed by the district administration and the teacher or union. Overall, 15% of procedures
feature this type of panel as the ﬁnal decision maker for APPR
appeals. Only 2% of procedures have an arbitrator who makes
the ﬁnal decision. In terms of who serves as the ﬁnal decision

How do the APPR appeals processes interact with the grievance-arbitration procedures established in collective bargaining
agreements? For violations of the collective bargaining agreement, all New York State teacher contracts have a grievance
procedure. Most districts chose to create an APPR appeals
process that does not allow the use of the collective bargaining
agreement grievance procedure. As shown in Table 4, 66% of
APPR procedures include a type of exclusivity clause that prevents teachers from using the collective bargaining agreement
grievance procedure to appeal APPR ratings.
By contrast, 14% of APPR appeals procedures explicitly include
language that allows teachers to appeal their rating through the
grievance procedure after exhausting the APPR appeals procedure. Another 5% of APPR appeals procedures allow procedural, but not substantive, issues from the APPR to be appealed
through the collective bargaining agreement grievance procedure after the APPR appeals procedure is completed. In only one
district, Auburn City School District, was the collective bargaining
agreement grievance procedure itself used as the appeals process
to resolve APPR appeals. The remaining 15% of procedures fail
to explicitly state whether or not a teacher may appeal APPR
issues through the collective bargaining agreement grievance
procedure.

Table 2: Final Decision Maker for
APPR Appeals Process
Tenured Teachers

Non-tenured Teachers

Superintendent

77%

76%

Panel

15%

14%

Arbitrator

2%

2%

School Board

1%

1%

External Evaluator

1%

1%

Original APPR Rater

<1%

2%

N=688

N=445
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As shown in Table 5, a majority of these special appeals processes use arbitration as the ﬁnal step in decision making. The
second most common type of ﬁnal decision maker is the superintendent, followed by a joint panel. The average maximum time
limit for these special appeals processes is 55 days.

Table 4: Relationship of APPR to Collective
Bargaining Agreement (CBA)
Grievance Procedure
Procedural or Substantive APPR Appeals
Cannot Use CBA Grievance
Procedure (Exclusivity Clause)

Conclusion

66%

Procedural or Substantive APPR Appeals
Can Use CBA Grievance
Procedure (Exclusivity Clause)

The APPR evaluation system has major implications for school
districts and teachers. The possibility of being terminated fol14%
lowing a second consecutive Ineffective rating, even if tenured,
makes evaluations more important to teachers. As a result,
Only Procedural APPR Appeals Can Use
procedures for appealing APPR ratings are vital in providing due
CBA Grievance Procedure
5%
process. This report provides an overview of the major characNo Statement Whether APPR Can Use
teristics of APPR appeals procedures that school districts have
CBA Grievance Procedure
15%
established. In most school districts, teachers are able to appeal
N=688
the process and substance of APPR ratings, the contents of an
improvement plan, and to challenge both Ineffective and DevelSecond consecutive ineffective rating
oping ratings. Generally, tenured teachers have broader rights
to appeal their APPR evaluation than non-tenured teachers.
Following a second consecutive Ineffective rating, a tenured
However, it should be noted that prior to the APPR procedure,
teacher may be ﬁred after a 3020-a hearing. Meanwhile,
non-tenured teachers generally could not appeal school adminnon-tenured teachers can be ﬁred after the second Ineffective
istration evaluations of their performance. So, the APPR appeals
rating without going through a 3020-a hearing. Given these
procedures are often an upgrade of due process protections for
potential consequences, some districts have established addition- non-tenured teachers.
al appeals procedures for a second consecutive Ineffective rating.
Our research ﬁnds that nearly 10% of contracts have this type
When an APPR appeals procedure is established, the ﬁnal deciof special appeals process if the teacher has received a second
sion maker is most often the superintendent, unlike in collective
rating of Ineffective. Most of these special appeals processes are bargaining grievance procedures where the ﬁnal decision maker
speciﬁcally for tenured teachers (6.8% of all contracts), but some is almost always an arbitrator. Some APPR appeals procedures
of these processes are open to non-tenured teachers (2.6% of all use alternative ﬁnal decision makers, particularly panels mutually
contracts). These special appeals processes occur before and are agreed upon by the school district administration and the teachseparate from the 3020-a hearing.
er or union. These panels may be related to existing teacher peer
appraisal and development process and will be studied further in
future reports.

Table 5: Final Decision Maker in Second
Consecutive APPR Appeals Process
Arbitrator

64%

Superintendent

21%

Panel

9%

School Board

3%

N=67

ILR School

Bargaining for Better Schools (BBS) is an initiative of the ILR School
at Cornell University through the Scheinman Institute on Conﬂict
Resolution and the Worker Institute. These publications are free for
public reproduction with proper accreditation. For more information
on BBS, our past publications, and future research, please visit:
www.ilr.cornell.edu/bbs.

Note: “N” stands for the number of contracts
(1) School district APPR appeals procedures can be found at: http://usny.nysed.gov/rttt/teachers-leaders/
plans/.
A special thank you to research assistance provided by Honore Johnson, Abigail Frey, Alexandra Reinhardt,
Micaela Lipman, and Molly Beckhardt.
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TE2 Community Brief May 2012

Earned, Not Given:
Transforming Teacher Tenure

2

Tenure should be considered a signiﬁcant milestone for teachers who have consistently
demonstrated effectiveness and commitment. Unfortunately, in most states tenure is often
awarded automatically after a teacher has been in the classroom for two or three years.
National Council on Teacher Quality, 2011

Tenure for public school teachers lies

This brief examines the weaknesses of

Many people incorrectly believe that tenure

at the center of the current debate on

current tenure systems and discusses

means a teacher cannot be terminated. In

education reform. Opponents believe

promising strategies for addressing these

fact, tenure does not mean teachers cannot

tenure represents all that is wrong with

shortcomings. It also highlights some of

be ﬁred, but because of the cumbersome,

the current education system, protecting

the reforms that states and school districts

lengthy, and costly due process protections it

ineffective and unprofessional teachers

are instituting to increase the quality of

aﬀords, many school districts rarely attempt

by giving them lifetime employment

teachers and to ensure that all students

to ﬁre teachers—in eﬀect granting them

without regard for how well they perform.

have access to eﬀective teaching. Tenure

permanent employment.

Supporters of the current system argue

practices must be transformed so that they

that teachers must be protected from

serve the best interests of students, while

A Job for Life. Although tenure technically

arbitrary dismissal and undue political

still supporting teachers.

does not require continuing the employment

interference in their work.

of an incompetent teacher (all tenure laws
A SYSTEM IN NEED OF MODERNIZING

provide for dismissal of incompetent or

The truth lies somewhere in the middle:

The system of granting tenure to teachers in

inefficient teachers), in practice very few

tenure need not be abolished, but it must

American K-12 public schools began in the

teachers are dismissed for any reason other

be transformed.

early 1900s as an eﬀort to protect teachers

than egregious conduct violations. Only

from unfair and discriminatory dismissal

2.1 percent of all teachers are dismissed for

The majority of states and school districts

practices, which were common at the time.

poor performance annually, meaning that

grant tenure to teachers after only two or

Before tenure laws existed, teachers had

tenured teachers in most states enjoy a “job

three years in the classroom and without

little or no protection and could be

for life,” regardless of their performance in

regard for how well teachers actually

summarily dismissed for “… speaking up,

the classroom (McGuinn).

perform or how much their students

questioning educational practices, or merely

learn. Not surprisingly, there is growing

because an administrator wished to give the

What was originally designed to protect

concern that current tenure policies are

job to someone else for political reasons or

the nation’s school teachers during an era

shortchanging students and jeopardizing

nepotism” (Baratz-Snowden). Today, every

of partisan school boards, corruption, and

opportunities to close our nation’s

state but one— Wisconsin—mandates

cronyism has now evolved into a system that

achievement gap. With numerous studies

that school districts award teachers some

automatically secures a lifetime position

demonstrating that teaching quality has

form of tenure.

for teachers, regardless of their impact on

the greatest impact on student achieve-

students or the broader school community.

ment—more than any other factor in

Tenure is generally awarded to teachers after

As one critic observed, “In short, most

the school—there are increasing calls to

passing a brief probationary period, which

school districts grant tenure not on the

reform current policies so that only the

then aﬀords them due process protections

presence of recognizable achievement,

most effective teachers receive tenure and

that are speciﬁed in state tenure law and the

but on the absence of criminal behavior”

remain in the classroom (Rivkin, et al.).

local collective bargaining contract.

(Greenwald).

3

ABOUT THE TE2 COMMUNITY BRIEFS

Community: A group of people with a common characteristic
or interest living together within a larger society (MerriamWebster Dictionary).

topics, such as fair evaluation, seniority, strategic compensation,
and professional development, among others.

Communities for Teaching Excellence believes that every
community and all of its members, including teachers, parents,
community-based organizations, and interested citizens,
beneﬁt from inclusive and meaningful engagement on
education issues.

After an extensive review of the work being done around
TE2, we determined that a majority of the work tends to be
either lengthy, academic research reports, or short op-eds
and blogs. Few, if any documents are intended to educate and
engage the community. The TE2 Community Briefs ﬁll this
void by providing the reader with a comprehensive, researchsupported summary of select TE2 topics, including examples
of states and school districts that are doing this work.

Guided by this fundamental principle, we have created a
series of documents called TE2 Community Briefs. This series
consists of several brief, informative, and research-based
pieces on a variety of teaching effectiveness and equity (TE2)

This brief discusses the shortcomings of existing tenure
systems and promising approaches to ﬁxing them, and
includes an examination of two states that are leading the
way in tenure reform.

Hindering Achievement. Current tenure

Snap Judgments. Thirty-eight states

As a consequence, supervisors are often

practices do little to ensure that teachers

allow teachers to earn tenure in three years

forced to make “snap judgments” about the

are helping students achieve. Of the 49

or less, which is not enough time for schools

quality of new teachers (Sutton).

states that mandate teacher tenure, only

to accumulate the necessary evidence about a

eleven—Colorado, Delaware, Illinois, Indiana,

teacher’s performance (National Council on

Massachusetts, Michigan, Nevada, New York,

Teacher Quality, 2011a). Typically, supervisors

Oklahoma, Rhode Island, and Tennessee—

are given only two years to assess a newly

require districts to incorporate minimal

hired teacher’s instructional quality and to

evidence of teaching eﬀectiveness or general

predict whether he or she will continue to

job performance into tenure decisions. The

develop. Not only are these brief probationary

38 remaining states permit school districts

periods inadequate to judge who belongs in

to award tenure virtually automatically

the teaching profession, they are also insuf-

(National Council on Teacher Quality, 2011a).

ﬁcient to grow and nurture teacher talent.

Current tenure practices do
little to ensure that teachers are
helping students achieve.

It is also important to note that in practice,
the time frame during which school
administrators must make decisions about
granting tenure to probationary teachers

According to The Widget Eﬀect, more than

is actually much shorter than the period

40 percent of administrators reported they

speciﬁed by law, due to the logistics of

had never failed to renew a probationary

recruitment, hiring, and staffing. For

teacher for performance concerns in his or

example, in California, state law mandates

her ﬁnal probationary year (Weisberg, et al.).

that teachers be granted tenure after two

This is a missed opportunity because it is

years of teaching, and that they must be

the last chance to dismiss low performing

notiﬁed by March 15th if they are to be

teachers before granting them tenure.

dismissed. An analysis by the National

A report from the Brookings Institution

Council on Teacher Quality (2011b) found

concluded, “Schools could substantially

that, “California policy results in districts

increase student achievement by denying

using fewer than two years of information

tenure to the least eﬀective teachers”

—and possibly only one formal evaluation—

(Gordon, et al.).

to assess a teacher’s candidacy for tenure.”
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GETTING STARTED

Eﬀorts by states such as Oregon, Alabama,

MORE THAN A RUBBER STAMP:

Proposals to reform teacher tenure are

Idaho, Mississippi, Texas, and Utah to

CRITICAL ELEMENTS

starting to gain traction. However, tenure

reform tenure without ﬁrst putting in place

OF TENURE REFORM

reform is most eﬀective when it is paired

an evaluation system have been described

Historically, elected officials have shown

with a comprehensive system for evaluating

by some as “futile,” because even though

an overall reluctance to revise tenure laws.

teaching performance, which includes

these states have “replaced” tenure with

However, in recent years, several governors

deﬁning and measuring teaching eﬀective-

renewable contracts (legal contracts that

and even President Obama have called for

ness. (For more information on teacher

specify the period of work and terms, and

tenure reform. An increasing number of

evaluation see: Making it Meaningful: Building

that must be renewed in order for a teacher

states—Delaware, Florida, Illinois, Michigan,

a Fair Evaluation System, September 2011,

to work), in practice these contracts are

Ohio, Rhode Island, and Tennessee—are

and Teaching Eﬀectiveness: The Beginning

virtually always renewed (McGuinn).

undertaking the challenging process of
changing their tenure laws. While some

of a Movement, July 2011, Communities for
Teaching Excellence.) As a report by the

As part of the eﬀort to reform tenure

states have proposed eliminating tenure

Center for American Progress asserts, “If

policies, states and school districts must

altogether, others are attempting to strike

tenure is to meet its twin goals of identifying

work towards developing a comprehensive

a balance between holding public school

and retaining an eﬀective work force on

deﬁnition of teaching eﬀectiveness and

teachers accountable for student outcomes,

the one hand, and weeding out weak and

adopt unbiased, research-based methods

while still aﬀording some measure of job

incompetent teaching, then it must be

for determining which teachers have met

protection and due process.

based on a strong, comprehensive evalua-

performance standards. These evaluation

tion system speciﬁcally designed to support

systems must provide feedback that best

best practice and build in due process … ”

identiﬁes the necessary support and

(Baratz-Snowden).

training for teachers. Teachers should be

In recent years, several governors
and even President Obama have
called for tenure reform.

supported early and often throughout their
careers. Without such a system, it is

As the National Council on Teacher Quality

very difficult to identify

(2010) notes, the awarding of tenure should

ineﬀective teachers,

be “more than just a rubber stamp.” Rather,

let alone justify

the process for determining who earns

dismissing

tenure should be “… a real evaluation

them

of teacher quality and a deliberate decision

(McGuinn).

about whether a probationary teacher
should be granted this status—and the
additional due process rights tenure
brings—in a school system.”
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As the National Council on
Teacher Quality notes, the
awarding of tenure should be
“more than just a rubber stamp.”
In general, there are two primary aspects to
tenure reform: raising the bar for the receipt
of tenure and revising the dismissal process
once a teacher has received tenure.
The ﬁrst ensures that only the most eﬀective
teachers are awarded tenure. The second
ensures that tenured teachers receive a fair
and adequate hearing, while removing the
consuming and expensive hurdles that make
the dismissal of chronically ineﬀective,
tenured teachers almost impossible.

TENNESSEE AND MEMPHIS CITY SCHOOLS:
TYING TENURE TO STUDENT SUCCESS

In April 2011, Republican Governor
Bill Haslam signed groundbreaking
legislation to signiﬁcantly reform
teacher tenure. The legislation
extends the probationary period
for new teachers from three years
to ﬁve and ties tenure decisions—
including maintaining tenure
status—directly to the state’s new
teacher evaluation standards,
which mandate 50% of a teacher’s
evaluation be based on student
academic growth.

Researchers and policymakers agree that
meaningful tenure reform, which serves both
teachers and students, should incorporate
the following key elements and processes.

Lengthening Probationary Periods.
A majority of studies indicate that a
teacher’s eﬀectiveness tends to be established by the fourth year of teaching, with
eﬀective teachers remaining relatively
eﬀective and ineﬀective teachers remaining
relatively ineﬀective (Boyd, et al.). Yet, more
than 80% of states currently grant tenure
after three years or less, and only 12 states
have probationary periods longer than three

The law further requires probationary teachers to place in the top
two tiers (“above expectations” or
“signiﬁcantly above expectations”)
of a new ﬁve-tier evaluation system
in both the fourth and ﬁfth years
of teaching to receive tenure. It also
allows teachers who receive tenure
following the enactment of the
law to be returned to probationary
status if they rank in the bottom
two tiers (“below expectations” or
“signiﬁcantly below expectations”)
for two consecutive years.

years. This is not enough time to allow
teachers to demonstrate their ability to be
eﬀective at helping students learn.
Based on the research, tenure should not
be granted before a teacher has been in the
classroom for four years. For many tenure
reform advocates, the ideal probationary
period would be ﬁve years (National Council
on Teacher Quality, 2010)

Teachers who received tenure prior
to the enactment of the law cannot
lose tenure status; however, the
legislation expands the deﬁnition
of “inefficiency”—a legal ground
for dismissing current tenured
teachers—to include being
evaluated as “below expectations”
or “signiﬁcantly below expectations”
(Locker).
Increasing the probationary period
to receive tenure and connecting
the decision to the state’s new

evaluation system are designed to
improve student achievement
statewide, since Tennessee
has consistently ranked in the
bottom quartile nationally (State
Collaborative on Reforming
Education). It also provides
schools with more time to evaluate
teachers and provide them with
professional development before
making tenure decisions.
Memphis City Schools (MCS)
Superintendent Kriner Cash is
a supporter of tenure reform
because “it allows teachers more
time in the ﬁeld to perfect their
skills” (Roberts). As Tennessee’s
largest school district MCS is
proving to be a leader in evaluating
and supporting probationary
teachers through its Teacher
Eﬀectiveness Initiative (TEI),
launched in 2009. The initiative’s
evaluation system, known as the
Teacher Eﬀectiveness Measure
(TEM), is being used to inform
tenure and other decisions. In
June 2011, the Tennessee State
Department of Education unanimously approved the use of TEM
by districts throughout the state,
recognizing the vital role of TEM
in making tenure meaningful and
increasing student achievement.
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Tying Tenure to Performance.

COLORADO: RAISING THE BAR FOR EARNING AND KEEPING TENURE

The granting of tenure should be tied to
demonstrated teaching eﬀectiveness and
evidence of student learning. Further,
once a teacher has received tenure, he or
she should be required to demonstrate
continued eﬀectiveness.
Many teachers agree that the current
system of awarding tenure does not
ensure that teachers are competent, and
that probationary teachers should be
required to demonstrate eﬀectiveness.
In a 2008 national survey of more than
1,000 teachers conducted by Education
Sector, 69% said that when they learn
that a teacher at their school has been
awarded tenure, they think that it’s “…
just a formality—it has little to do with
whether a teacher is good or not.” Nearly
80% of teachers in the survey supported
strengthening the formal evaluation of
probationary teachers “… so that they
will get tenure only after they’ve proven
to be very good at what they do.” And a
majority (57%) think that even tenured
teachers should be formally evaluated on
a regular basis (Duﬀet, et al.).
Research conﬁrms that allowing only
eﬀective teachers to earn tenure would
lead to substantial increases in student
achievement (Gordon, et al.). Similarly,
the critical relationship between teacher

In 2010, Colorado passed the Great
Teachers and Leaders Bill, tying
tenure to student performance.
The state is working to close the
achievement gap and to increase
academic performance, especially
for low income students and
students of color. While 79% of
White students in 2010-11 scored
proﬁcient or above on Colorado’s
state reading assessment, the
average for Black and Latino
students was 49%. In math, 36% of
Black and Latino students scored
proﬁcient or above on the state
math assessment compared to 66%
of White students. The achievement gap between economically
disadvantaged students and their
non-economically disadvantaged
counterparts is similarly broad:
49% of economically disadvantaged students were proﬁcient
or above in reading, and 40%
were proﬁcient or above in math,
whereas the numbers for noneconomically disadvantaged
students were 80% in reading
and 67% in math (Colorado
Department of Education).

quality and student achievement is well
established, and states and districts
should put in place tenure and evaluation
policies to ensure that all students have
access to eﬀective teaching.

Colorado passed its tenure reform
provisions in May 2010 under the
leadership of a Democraticallycontrolled legislature, a Democratic

governor, Bill Ritter, and with
support from the American
Federation of Teachers (AFT)Colorado. Beginning in the
2013-14 school year, new teachers
must complete three consecutive
years of teaching with evaluation
ratings of “eﬀective” or better in
order to earn tenure. The law
further requires that tenured
teachers demonstrate eﬀectiveness
or face losing tenure and possible
dismissal. Tenured teachers
who receive two consecutive
“ineﬀective” evaluations will
lose their tenure, but will be
oﬀered a remediation plan. The
law also provides for a “fair and
transparent” appeal process to
be “developed, where applicable,
through collective bargaining.” In
an eﬀort to streamline the process,
the law stipulates that the appeal
process cannot exceed 90 days
(Colorado Senate Bill 191).
Essential to the implementation of
these reforms is the development
of a new performance evaluation
system. The new system will be
piloted in 2012-13 and implemented
statewide in 2013-14.

7

Refining Dismissal Processes. Nearly
half of the 1,000 teachers who participated
in a recent national survey said that
they personally know a tenured teacher
who is ineﬀective and should not be in
the classroom; and more than half (55%)
indicated that in their district it is very
difficult and time consuming to remove
clearly ineﬀective teachers (Duﬀet, et al.).
But on a more positive note, in an earlier
survey, nearly 2 to 1—57 percent to 29
percent—believed that it is possible to
change tenure rules and the discipline
process in a way that permits poor-quality
teachers to be dismissed more easily and still
protect job security rights (Henke, et al.).
So, how might states and districts put in
place dismissal procedures that are less
cumbersome but still ensure fairness
and due process? As described above, the
starting point is to develop a transparent
and comprehensive evaluation system
designed to support best practices and
help teachers improve.
States and districts should also take
measures to ensure that those who are in
the position of making judgments about
teacher eﬀectiveness—and ultimately
about tenure and dismissal—are trained
professionals who understand
teaching and learning.
A report from the

Center for American Progress argues that
professional educators make decisions
concerning teacher quality and competence
rather than administrative law judges, and
that the process be developmental rather
than adversarial (Baratz-Snowden).

Refining current dismissal
policies presents an
opportunity for collaboration
between teachers, unions,
and administrators.
While a number of policymakers believe
that present day civil rights and labor laws
protect teachers from unfair dismissal,
many teachers strongly believe that they
need additional protections from incompetent or vindictive administrators, and
overzealous parents. However, legislation
such as that passed in Colorado shows that
it is possible to reform tenure, advance
teaching eﬀectiveness, reﬁne dismissal
processes, all while supporting teachers.

One researcher who studied the Toledo
model, which has been in place since
1981, found it to be more rigorous than
traditional methods for granting tenure
review and for terminating weak teachers
(Kerchner, et al.).
Teachers’ unions, school districts, and
states alike have much to gain from
modernizing present day tenure systems.
By working together to develop clear
standards of excellent practice, the tools
and procedures to measure that practice,
and rigorous, fair, and streamlined
systems for removing teachers who are
not meeting the standards, they can make
certain that all students receive the quality
education they need and deserve.

Teachers’ unions, school districts,
and states alike have much to
gain from modernizing present
day tenure systems.
WHAT CAN YOU DO?

Finally, reﬁning current dismissal policies
presents an opportunity for collaboration
between teachers, unions, and administrators. Some school districts, such as those
in Minneapolis, Minnesota and Toledo,
Ohio, have partnered with unions to
develop successful systems—based on
peer assistance and review models—for
holding teachers to high standards
in earning tenure and for
protecting due process in
dismissal actions.

Find out about the teacher tenure system
in your state. How long is the probationary
period before tenure can be granted? Is the
awarding of tenure tied to performance? Get
informed about local eﬀorts to reform tenure
and dismissal processes and to improve
teaching eﬀectiveness. For more information,
or to get involved in the TE2 movement,
contact Communities for Teaching
Excellence at www.4teachingexcellence.org,
and be sure to check out the exciting work
going on in Hillsborough County, FL;
Memphis, TN; Pittsburgh, PA; and The
College-Ready Promise in Los Angeles,
CA. Together, we’re working to ensure
eﬀective teaching for every student, in every
classroom, every year.
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Expert Analysis

Outside Counsel

Evaluation Law Could Limit Ability
To Terminate Probationary Teachers

I

t has been over a year since Governor Andrew
Cuomo announced an “historic” settlement
between the New York State United Teachers
and the State Education Department which
he predicted would make New York State “a
national leader in holding teachers accountable
for student achievement.” The statute, Education Law Section 3012-c and its implementing
Regulations, 8 NYCRR Subpart 30-2, which
were the product of this settlement, are collectively known as APPR (Annual Professional
Performance Review). Together they create a
comprehensive and complex evaluation system
for rating teachers and principals which places
strong emphasis on student achievement and
growth as reflected on standardized tests.
As part of this system, teachers are given a
numerical score which is then transposed into a
rating of “highly effective,” “effective,” “developing” or “ineffective.” Ironically, while the intent
of the APPR initiative is to improve teacher performance, another consequence of the legislation is that it will be significantly more difficult
for school districts to terminate non-tenured
teachers whose performance is inadequate or
otherwise problematic.
Prior to the enactment of Education Law Section 3012-c, school districts possessed broad
discretion to terminate teachers prior to their
being granted tenure. Indeed, more than 37 years
ago in James v. Board of Education of Central
School District No. 1 of the Town of Orangetown
and Clarkstown, 37 NY2d 891, 892 (1975) the
Court of Appeals stated:
A board of education has an unfettered right
to terminate the employment of a teacher
during his probationary period unless the
teacher establishes that the board terminated for a constitutionally impermissible purpose or in violation of statutory proscription.
In the years since the James decision, the
principle enunciated in that case has, with
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limited exception, governed the termination of
probationary teachers in New York State. See
e.g. Conetta v. Board of Ed. of Patchogue Medford UFSD, 165 Misc.2d 329 (Sup. Ct. Suffolk Co.
1995) (tenure cannot be denied on the basis of
the board’s philosophical opposition to tenure).
Although Education Law Section 3031 provides a
procedure by which a Superintendent of Schools
is required to set forth his or her reasons for
recommending termination or a denial of tenure,
the courts have held that this process is designed
only to allow probationary teachers to ascertain
whether any of the reasons were constitutionally
or statutorily impermissible. It is not meant in
any way to restrict the discretion afforded the
Superintendent and the Board of Education. See
Merhige v. Copiague School District, 76 AD2d 926
(2d Dept. 1980).
The enactment of Education Law Section 3012c has substantially expanded the protection given
to probationary teachers. Section 3012-c(1) specifically provides:
[A]nnual professional performance reviews
shall be a significant factor for employment
decisions including but not limited to promotion, retention, tenure determination, termination, and supplemental compensation,
which decisions are to be made in accordance with locally developed procedures
negotiated pursuant to the requirements
of article fourteen of the civil service law
where applicable. Provided, however, that
nothing in this section shall be construed to
affect the statutory right of a school district
or board of cooperative educational services
to terminate a probationary teacher…for

statutorily and constitutionally permissible
reasons other than the performance of the
teacher…in the classroom…, including but
not limited to misconduct.
There can be little question that the above
language modifies the long-established rule that
a board of education possesses the “unfettered
right” to terminate a probationary teacher absent
reasons that are constitutionally impermissible
or in violation of a statute. What remains unclear,
however, is the extent to which this has occurred.
Much, but by no means all, of the problem results
from the failure of the drafters of Section 3012-c
to define two of the pivotal terms in the statute,
i.e. “significant factor” and “performance.” The
meaning and application of these terms, which
will ultimately be left to the courts, will to a
great extent set the parameters of the discretion afforded to school boards in making the
important decisions as to which members of
the teaching staff will obtain tenure.

A consequence of the legislation
is that it will be signiﬁcantly more
diﬃcult for school districts to terminate non-tenured teachers whose
performance is inadequate or otherwise problematic.
Signiﬁcant Factor
In providing that the APPR review will be a
“significant factor” in employment decisions
including tenure determination, Education Law
Section 3012-c provides little concrete guidance.
It is clear that at a minimum the APPR must be
considered in making such decisions. On the
other hand, the statute falls short of requiring,
as it easily could have, that the APPR review
be the determining factor. Thus, the extent to
which the APPR rating is to be considered is
likely somewhere in between. The problem for
school districts, and for that matter for teachers,
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is that neither the statute nor its implementing
regulations provide any guidance whatsoever as
to the nature of the other factors that may be
taken into consideration to outweigh an APPR
rating of “effective” or “highly effective.”
For example, to what extent may a school
district consider, and what weight may be
accorded, more subjective factors such as
ability to get along with other staff, ability
to communicate with parents, or concerns
about poor judgment? Factors such as
these, which are not readily quantifiable,
were entirely appropriate considerations
in tenure determinations prior to the enactment of Section 3012-c. Indeed, denial of
tenure on the basis of considerations of
this nature was essentially unreviewable.
While there is nothing in Section 3012-c to
suggest that these more subjective considerations are now precluded, it appears that the
extent to which they can be the basis for the
denial of tenure will necessarily be subject to
review. Specifically, a court may be called upon
to determine whether such a consideration outweighed the “significant factor” of an “effective”
or “highly effective” APPR rating. In this light
it is not difficult to see that in many cases it
will be the courts, not the board of education,
that make the ultimate determination regarding
teacher termination.
Performance
Section 3012-c carves out an exception to the
consideration of APPR ratings in the making of
employment decisions stating,
…nothing in this section shall be construed
to affect the statutory right of a school district to terminate a probationary teacher…
for statutorily and constitutionally permissible reasons other than the performance of
the teacher…in the classroom…including
but not limited to misconduct.
However, the term “performance,” like the term
“significant factor,” has been left undefined by
the legislation’s drafters. Was it their intent that
the term be narrowly defined so as to refer solely
to performance as reflected by the completed
APPR score received by a teacher?
If that were the intended meaning a board
of education would retain much of its discretion to determine whether or not to dismiss a
probationary teacher. It would, for example, be
able to terminate a teacher for largely subjective
reasons such as concerns about poor judgment,
notwithstanding an “effective” or even “highly
effective” APPR rating. At the other end of the
spectrum, “performance” in the classroom might
be defined to mean anything that is related to
teaching performance in its most general sense.
Were that to be the meaning, a board’s discretion would be significantly constrained. A board
might well be precluded from terminating a probationary teacher for performance-related issues
(e.g., classroom management or inadequate les-

son planning) notwithstanding an “effective” or
“highly effective” APPR rating.
Ultimately, the meaning of the terms “significant factor” and “performance” in the classroom
will be defined through litigation. However, until
such time as the courts or the Commissioner of
Education provide direction regarding these key
terms, school districts will remain very much in
the dark as to the degree to which they possess
discretion to terminate probationary teachers.
Unfortunately, in an attempt to avoid litigation,
some districts may err on the side of caution
and grant tenure to teachers despite significant
reservations as to their competence.

The term ‘performance,’ like the
term ‘signiﬁcant factor,’ has been left
undeﬁned by the legislation’s drafters. Was it their intent that the term
be narrowly deﬁned so as to refer
solely to performance as reﬂected
by the completed APPR score received by a teacher?
Education Law Section 3012-c presents various
other difficulties by school districts related to
the employment of probationary teachers. First,
because the APPR process will not be completed
until the end of a school year at the earliest, a
question exists as to the ability of a school district
to terminate a probationary teacher during his
or her first year of teaching. Can a district, for
example, terminate a new teacher who has proven
to be utterly ineffective after three or four months
of teaching or must it allow such a teacher to
continue in a classroom for the entire school year?
Guidance issued by the State Education Department is far from helpful, stating cryptically: “Prior
to completion of the APPR in the first year of the
probationary term, a probationary teacher…may
be summarily dismissed for constitutionally and
statutorily permissible reasons other than classroom performance without regard to the APPR.”
Guidance on New York State’s Annual Professional
Performance Review for Teachers and Principals
to Implement Education Law §3012-c and the Commissioner’s Regulations, Updated Aug. 13, 2012
(C-13 at p. 24)
Second, the timelines of the APPR do not
align with the statutory timelines for decisions
regarding teacher termination. The provisions
of Education Law set forth a 60-day period in
which to terminate a probationary teacher. The
teacher is first entitled to 30 days’ notice of the
meeting at which the board of education will consider termination. Section 3031(a) and (b). Once
the board has voted to terminate, the teacher is
terminated on 30 days’ notice. Section 3019(a).
As a result of these statutory notice periods,
board action to terminate probationary teachers

has generally taken place during the months of April
and May so that the termination may be effective at
the end of the school year. Now that Education Law
Section 3012-c(1) requires that the annual professional performance review be a “significant factor”
in the decision to terminate a probationary teacher,
such action will likely be delayed.
Due to the necessity of incorporating endof-year student achievement scores, the final
APPR rating may not be provided until as late
as Sept. 1 of the following school year. Section
3012-c(2)(c)(2). As such, the school district
will effectively be precluded from terminating
a probationary teacher at the conclusion of a
year of poor performance. Given the statutory
time periods contained in Section 3031(a) and
(b) and 3019(a), such termination may not take
place until well into the fall of the next year. Such
delay may be further extended by virtue of the
teacher taking an appeal from his or her APPR
rating. Section 3012-c(5)(6).
Finally, neither the APPR statute, the Commissioners’ Regulations nor the Guidance promulgated by the State Education Department
provides any guidance as to what is to occur
at the end of a teacher’s probationary term.
Pursuant to Education Law 3013, prior to the
expiration of a teacher’s probationary term, the
superintendent of schools is required to make a
recommendation to the board of education as
to whether the teacher is to be granted tenure.
Section 3012-c(2) specifically requires that
every person who is not to be recommended
for tenure be notified in writing not later than
60 days immediately preceding the expiration
of the probationary period. Because, in the vast
majority of cases, the end of the teacher’s probationary term corresponds with the end of the
school year, it will effectively be impossible to
include the final year’s APPR as a “significant
factor” in the tenure determination as required
by Section 3012-c(2). Adding to this difficulty is
the fact that districts will not have the luxury
of continuing the teacher’s employment into the
following school year as it will result in tenure by
estoppel. See, e.g., Lindsey v. Board of Education
of Mt. Morris Central School District, 72 AD2d 185
(4th Dept. 1980).
The issues raised above and no doubt many
others related to the application of APPR to
probationary teachers will be subject to much
litigation in the coming years. Given the significance of tenure, which in effect represents
a lifetime job, it is hoped that in applying the
provisions of Section 3012-c the courts will,
to the greatest extent possible, preserve the
sound discretion of school administration to
retain only those who they believe are capable
of providing quality education.
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How Do I Fire an Incompetent Teacher?
You are the administrator
of a New York City public
school. Your mission is to
fire a teacher who is so
inept that virtually no
other teacher, parent, or
student would object.

Teachers cannot be disciplined for
“micromanagement” violations,
meaning bulletin board format,
furniture arrangement, or
durations of lesson units.

Problem: The
teacher has tenure.

You may proceed past this point
only if enough documentation has
accumulated in the teacher’s file
to justify your giving the teacher
an unsatisfactory rating on the
teacher’s annual evaluation.

Every note must be shown to the
teacher, and she must sign the note.
The teacher’s signature means only
that she has seen the note, not that
she agrees with its content.

The Department of Education will
be issuing “detailed guidance on
best practices for issuing letters
to file shortly.”

You’re ready for a
round of appeals.

The chancellor
overturns
the rating.

The State Department of Education
says, “We endeavor to issue a
decision within six to eight months
(i.e. eight to ten months after the
petition is filed). However, hundreds
of complex appeals are filed each
year, so it is impossible to
guarantee a specific date.”

The termination of a licensed probationary
special education teacher was not upheld
because the board didn’t adhere to a
circular issued by the chancellor regarding
the tenure and probation of teachers. The
circular said that a special education
teacher, before being terminated, was
entitled to the “substantial rights of an
evaluation by the Division of Special
Education and Pupil Personnel Services.”
Lehman v. Board of Education (1981, 2d
Dept) 82 AD2d 832, 439 NYSd 670.

Letters that do not result in
disciplinary charges must be
removed from the teacher’s file
after three years.

You’re ready to fire
this teacher.

Don’t give up.

The teacher first
appeals to a
committee
designated by
the chancellor.

The aggrieved
has 30 days after
the action to
appeal.

The teacher can attach
a written response to
any letter
in the file.

You think you have enough evidence
and assign an unsatisfactory rating.

The committee overturns the rating.
Return to STEP ONE.

Return to
STEP ONE.

Notes may not be
added more than
three months after
an incident.

STEP ONE: Evaluate
and document.

Documentation requires
placing notes in the
teacher’s file to record
incompetence.

Good news! The
burden from here on
out is largely on your
school’s lawyer. You
can watch while
others decide what
staffing decisions are
best for your school.

In New York City, teachers
become eligible for
tenure after three years.
State law grants teachers
tenure after five years of
continuous service.

At the hearing before
the committee, the
teacher may be advised
by an employee of
the City School
District or a union
representative.

The committee
renders a
decision.

The committee
upholds the rating.

But its decision isn’t final. The
committee forwards its decision to
the chancellor for a “final” decision.

Section 310 of the New York State
Education Law provides that anyone who
considers herself aggrieved by an action
taken by school authorities may appeal
to the commissioner for a review.

The Department of
Education will issue
additional guidance
on the removal of
file letters shortly.

The teacher will
be confronted by
witnesses and
may call
witnesses,
examine exhibits,
and introduce
evidence.

The chancellor
upholds the
rating.

Option 1
Appeal to the state
commissioner of
education.

So the inept teacher will be around a
while longer. But at least the
commissioner gives “great deference
to decisions by local officials” and will
not substitute his judgment unless
“he can find no rational, reasonable
basis for the district’s actions.”

But to protect the
teacher from
arbitrary or unfair
dismissal, she has
a few appeal
options.

Option 2
File in state court to
have the chancellor’s
decision overturned.

Convinced? Here are
some actual decisions:

The commissioner decided that a teacher should
have been suspended for a year, rather than
dismissed, because even though she was guilty
of “excessive absences which had a detrimental
impact on students…there was no indication that
teacher was guilty of malingering, and the record
indicated that she had tried (to some extent) to
reduce the number of her absences and to assist
some substitute teachers hired to replace her.”
1994 Op Comm Ed No. 13278.

To the courtroom.

Option 3
Don’t appeal.

Even if the teacher
doesn’t pursue
another appeal at this
stage, she cannot be
fired yet. Termination
can result only from a
hearing under Section
3020-A of the New York
State Education Law.

Back to STEP ONE.
The commissioner finds that the
teacher was fairly assigned an
unsatisfactory rating and that the
rating was appropriately upheld in
a committee proceeding adhering
fully to established procedures.

Just to recap, the inept teacher has not been
fired yet. You have succeeded at placing
notes in her file and assigning an
unsatisfactory rating. You may now proceed
to the termination hearings under Section
3020-A of the New York State Education Law.

File charges to
terminate the
inept teacher.

Continued
next page

How Do I Fire an Incompetent Teacher? part 2

If a teacher is to be suspended
pending the outcome of the hearing,
it will be a paid suspension unless a
“probable cause arbitrator” finds
there is probable cause that the
charges involve one of the following:

Continued from previous page
Not Valid? Obtain further
documentation. Back to
STEP ONE.

Within 10 days, the teacher
can request a hearing and
elect to appear before either
a single hearing officer or a
panel of arbitrators. In any
event, a hearing officer will
run the hearing.

After the charges are filed,
the board, in executive
session, will vote on
whether the charges are
potentially valid.

Potentially
Valid.

The School Board must issue a statement of the
charges and maximum possible penalty and send a
notice outlining the teacher’s rights under Section
3020-A, including the right to a formal hearing.
The felony sale, possession,
or use of marijuana, a
controlled substance, or a
precursor of a controlled
substance or drug
paraphernalia; or

The school board must provide
the teacher with copies of
investigatory statements, notes,
other exculpatory evidence, and
relevant student records (after the
hearing officer reviews them first).

Before the
Hearing
If the teacher is
convicted of or is
pleading guilty to a
felony, she will be
suspended without
pay for no more than
three months pending
the outcome of the
hearing.

Any crime
involving
physical or
sexual abuse
of a minor or
student; or

Both sides will exchange witness
lists, witness statements, and
physical evidence (e.g.,
photographs), at least before the
presentation of their direct case.

But the teacher
has to give the
school board
only documents
the board can
prove are
relevant.

Pre-Hearing
Conference
Any felony committed
either on school
property or while in
the performance of
teaching duties, or
any felony involving
firearms (other felonies
may not be sufficient).

Hearing
Procedures:

The teacher shall have a
reasonable opportunity
to defend herself and an
opportunity to testify.

But the teacher
does not have
to testify.

Once the panel or hearing
officer is in place, within
10 to 15 days, the hearing
officer will hold a
pre-hearing conference.

Copies
go to the
commissioner
of education.

The commissioner forwards
copies to the teacher and to the
clerk or secretary of the board.

Hear and decide all
motions, including motions
to dismiss the charges;

Decide any discovery
disputes about materials
one side or the other wants
to have before the hearing.

There will be
an expedited
hearing.

Each party,
of course,
has the right
to have
lawyers;

The hearing officer must
give a written decision
within 30 days of the last
day of the final hearing.

At the pre-hearing
conference, the
hearing officer can:

Set the
timetable for
the hearing.

NOTE: The board can always decide to
offer an expedited hearing to the
teacher under any circumstances, but
the teacher does not have to accept it.

What happens
after the hearing?

Issue subpoenas;

To subpoena
witnesses;

And to cross-examine
witnesses.

A stenographer
will transcribe the
proceedings.

All testimony
will be taken
under oath.

In determining the penalty,
the hearing officer must
consider whether the school
board made efforts to correct
the behavior of the employee
that resulted in charges. Did
the board try remediation,
peer intervention, or an
employee assistance plan?

What if the school board
shows at the conference
that the teacher’s license
has been revoked (and
all appeals exhausted)?

If the hearing officer has ruled
in the board’s favor and found
that the board made efforts to
correct the employee’s
behavior, then you have finally
succeeded in terminating one
inept teacher.
Yes.

No.

If not, the hearing
officer can order
efforts to correct
the employee’s
behavior instead
of dismissal.

Except that
the teacher
may appeal.

You are now involved
in a lawsuit. Please
consult your school
attorneys for
additional details.

Within 10 days of the
decision, either the
teacher or the school
board can appeal the
decision to the New
York State Supreme
Court.
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New York State School Boards Association
3020-a process remains slow, costly
On Board Online • NYSSBA News • May 11, 2009

NYSSBA survey
By Patricia Gould
Assistant Counsel
School districts in New York State spend an average of $216,588 to pursue disciplinary charges against tenured teachers or administrators,
according to a NYSSBA survey covering 2004 through 2008.
That’s up from $128,941 in 2004 – an increase of 70 percent.
Even after adjusting for inflation, that’s an increase of more than 49 percent.
The single most common type of charges involved improper sexual remarks, improper physical contact or improper relationships with students.
Allegations involving insubordination and pedagogical incompetence were also common charges brought under the disciplinary statute, Section
3020-a of the state Education Law.
The survey was sent to all NYSSBA member districts and BOCES. Responses were received from 400 districts, a 59 percent response rate.
The results do not include New York City, where disciplinary cases are handled through a negotiated process that is an alternative to 3020-a.
Other findings:
• Middle school and high school teachers were the personnel most frequently accused of misconduct under 3020-a (52 percent of reported
cases). Elementary teachers were accused in 18 percent of cases while cases against administrators represented 6 percent.
• The largest expense of responding districts was the salary and fringe benefits paid to the suspended employee (52 percent of costs). The
400 responding districts spent a totaled of $7.4 million on salary and fringe benefits for individuals suspended while their 3020-a case
was pending – a combined average cost of $136,676 per case.
• Paying salary and benefits to substitutes represented 30 percent of 3020-a costs, while legal expenses represented 12 percent of costs
associated with 3020-a proceedings.
• Other expenses include other staff costs (5 percent) and miscellaneous costs, such as paying for outside investigators, expert witnesses,
transcription, photocopying and travel (1 percent).
Lengthy process
It took an average of 502 days to conclude a full 3020-a hearing, from the date charges were levied to the date a decision was issued by a
hearing officer or panel. Although this represents a drop of 18 days from the average of 520 days between 1997 and 2004, it still constitutes an
alarming increase from the low of 319 days between 1994 and 1997.
The most time consuming part of the process occurred from the first to last day of hearing – an average of 176 days. In addition, there was an
average of 136 days between the last hearing day and the date of a decision.
Forty-eight percent (48 percent) of districts responding to NYSSBA’s survey considered bringing 3020-a charges at least once but did not. Their
stated reasons for not filing charges were as follows:
•
•
•
•
•
•

Employee resigned 49 percent
Employee retired 12 percent
3020-a process too cumbersome 15 percent
3020-a too expensive 17 percent
District case not strong enough 21 percent
Not enough documentation 15 percent

When charges were filed, 46 percent were either settled or discontinued prior to a final decision. Hearing officers (or panels) issued a decision in
only 18 percent of the cases reported in this survey. Thirty cases (36 percent) were pending at the time the survey was concluded in March
2009.
Penalties and appeals
In 37 cases reported, districts filed charges but reached a settlement with the employee without a hearing. In those cases, 20 teachers resigned
or retired, six agreed to suspensions, five were fined, and three were terminated without a hearing because they did not demand one. Three
other cases were resolved in other ways not further specified by the responding district.
In cases where a decision was rendered by a hearing officer, only three teachers were fully acquitted by the hearing officer. Among those found
guilty of at least one charge, seven teachers were terminated, five were suspended without pay, two were reprimanded, and one fined.
Appeals were uncommon; only three reported cases were appealed to a court. Under the limited grounds for appeal prescribed by statute, a
3020-a hearing officer’s decision can only be reversed on very narrow grounds and it is unusual for a court to reverse a decision under these
standards. Thus, the decision of the hearing officer is likely to be final in most cases.

http://www.nyssba.org/index.php?src=news&refno=853&category=On%20Board%20Online%20May%2011%2020...
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The state Legislature last revised the 3020-a law in 1994. When asked
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NYSSBA ISSUE BRIEF
3020-a Teacher Discipline Reform
Under current law a “3020-a” teacher disciplinary proceeding takes an average of 520 days from the date charges are brought to the date of a
final decision; at an average cost of $128,000.00. Proceedings addressing pedagogical incompetence take an average of 830 days at an
average cost of $313,000.00. The recent addition of an “expedited” process for those who receive two consecutive subpar evaluations is not
nearly sufficient to address this issue. Real reform of the teacher discipline process is needed. Independent contractor arbitrators in disciplinary
cases must be replaced by NYSED administrative law judges. Cases would be decided more quickly, enabling districts to return the teacher to
the classroom or hire a permanent replacement. In either event, taxpayers would be relieved of paying for costly and needless delays. Many of
the needed reforms just makes sense: For instance, teachers convicted of child abuse, those who have had their license to teach revoked and
those who do not obtain permanent certification in the time required by law should be removed without onerous procedural requirements.
Simply put, our state can no longer afford a process that is both ineffective and time consuming.

http://www.nyssba.org/index.php?src=gendocs&ref=3020-a%20Teacher%20Discipline%20Reform&category=advo...
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Firing teachers: mission impossible
Recent reforms aside, bad educators have a lock on their jobs
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EDITORS' PICKS
Charles not in charge
The City Council, led by
Speaker Christine Quinn,
did the right thing yesterday
in stripping Brooklyn
Councilman Charles Barron
of the chairmanship of the

She's got the blues!
Singer dyes her locks
to colorful hue

PAUL BUCKOWSKI/ALBANY TIMES UNION

NYSUT President Iannuzzi, UFT President Michael Mulgrew and Gov. Cuomo.

If there’s one thing that’s important to good schools, it’s good teachers. That’s
the premise of a groundbreaking lawsuit now being heard in Los Angeles
Supreme Court that challenges entrenched California state laws protecting the
jobs of public school teachers who are “grossly ineffective.”
The nine student plaintiffs, Vergara vs. California, argue that laws protecting
even abysmally incompetent teachers violate the guaranteed civil right of the
state’s children to access a decent education.
The outcome of the case could have big implications for New York. Despite the
state’s highly visible new teacher evaluation law and a perception of radical
change under the Bloomberg administration, a scandalous reality remains: Here,
as in California, it is virtually impossible to dismiss a grossly ineffective teacher.
This is because the particularly crucial New York State law governing teacher
dismissal, 3020-a, was left essentially untouched by both the contentious new
teacher evaluation legislation and recent city reforms.
Under that law, only the state can dismiss a teacher — and it rarely does.

Some are hitting the (dye)
bottle, others are chopping
it off. It's hard to keep up in
Hollywood, where stars

Giants Insider: Reese
hopes unknown TE
catches on
Jerry Reese still believes
there could be a star among
the Giants’ anonymous
group of tight ends, and he

Rangers and Chris
Kreider agree to a
two-year, $4.95M deal
On second thought, let’s
make a deal. That’s what
the Rangers and Chris
Kreider’s agent decided

Joba goes 'Duck
Dynasty' in Detroit:
Hairdos and hairdon'ts in sports
The larger-than-life
personalities in sports often
try to match their attitudes

FROM AROUND THE WEB

I recently completed an in-depth study of a decade of official reports on the
state’s dismissal hearings for New York City teachers. My analysis shows that
the problem of extraordinary job protection for grossly ineffective teachers in
New York is worse than many understand.

http://www.nydailynews.com/opinion/firing-teachers-mission-impossible-article-1.1615003
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Firing teachers: mission impossible - NY Daily News
The Cop Who
Arrested Me Was A
Good Man

Even attempting to get the state to dismiss a teacher is prohibitively expensive
and burdensome. According to the New York State School Boards Association,
the average 3020-a proceeding for a single incompetent teacher extends for 830

(New York Natives)

days and costs taxpayers $313,000.
Gun-rights activist
emailed a pro-gun
safety writer. You’ll
easily believe what
happened next.

Over the 10-year period I studied (1997-2007), just 12 of New York City teachers
(of whom there are 75,000 at any given time) were dismissed for incompetent
teaching. Teachers who had years of “unsatisfactory” ratings; who were proven

(Blue Nation Review)

over months of hearings to be grossly incompetent; who were verbally and
physically abusive to children, parents and colleagues, or who simply failed to
come to work for days and weeks on end were returned to classrooms.

Rude! What You
Should Never Do in
Other Countries

My analysis further reveals that the minimum level of teaching effectiveness

(Reader's Digest)

required for tenured teachers to keep their jobs in New York City schools is
defined not by the schools (much less parents and communities) but behind
closed doors in arbitration proceedings controlled by the state.
In practice, teachers are dismissed only if they are proved to have been grossly
ineffective and “incorrigible,” without even a remote possibility of improving. That
is, the operative state standard for returning a teacher to the classroom is not
demonstrated effectiveness, but a teacher’s potential capacity to be even
marginally competent in the future.
The new state evaluation law, currently wrapped up in debate over the Common
Core standards, is supposed to change this by making it far easier to fire
teachers who are rated “ineffective” two years in a row.
But in the first year of the new evaluation system, just 1% of teachers received
that rating. And all dismissals will still go through 3020-a, which makes removal
almost impossible.

Recommended by

EDITORS' PICKS
Ex-Chelsea star Frank
Lampard officially
signs with NYCFC
It's official. Frank Lampard
is a member of New York
City FC. The England
international and long-time

Guess which star is
soaking up the sun in
this sexy snap?
Kim's usual flashy
Hollywood party girl style
has taken a strange turn
since she fell for Kanye

The vast majority of New York City’s teachers are responsible, effective and
hardworking, and the problem of grossly ineffective teachers is often dismissed
as just “a few bad apples.” Yet if even just 1% of the city’s teachers are
ineffective, then 10,000 students in New York City have an ineffective teacher

Yankees Insider:
Brian Cashman says
Masahiro Tanaka
feeling less pain

every day.

Masahiro Tanaka is starting
to feel less pain in his
elbow, although he’s still far

New York City’s new chancellor, Carmen Fariña, knows that removing
ineffective teachers is essential to creating good schools. While serving as
principal of PS 6 on Manhattan’s Upper East Side in the 1990s, she replaced
80% of the school’s teaching staff — not by dismissing them, which is illegal
under state law, but by persuading them to leave, usually for positions in other,
less-demanding schools.
Ironically, as New York City’s schools chancellor, she now has no formal power
to replace even one teacher.
This a crucial educational equity issue. A child assigned to the classroom of a
grossly ineffective teacher is denied the opportunity for the sound, basic
education guaranteed by the New York constitution.

Harper: Here is why
Rockies All-Star
shortstop Troy
Tulowitzki won't be
making the move to
Troy Tulowitzki may be the
holy grail for Mets’ and

Bartolo Colon flirts
with perfect game,
dominates Mariners in
3-2 Mets win
If it was his last start in a
Mets uniform, at least it was
memorable. While the Mets

abusive.

Giants believe Eli
Manning can still be
Super Bowl level
quarterback

Let’s hope Vergara prevails in California. And let’s overturn dysfunctional New

Eli Manning is coming off a
season in which he threw a
career-worst 27

New York’s laws should be ensuring that all children have effective teachers, not
making it impossible to cut loose those who are incompetent, indifferent or even

York State laws that protect ineffective teachers’ jobs at the expense of children
and the public schools.
Stevens received a Ph.D. in education policy from Columbia University in 2013.
She was formerly director of Teachers for Tomorrow, a program that prepares
teachers to work in low-performing New York City schools.
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Abstract
There is increasing agreement among researchers and policymakers that teachers vary widely in their ability
to improve student achievement, and the difference between effective and ineffective teachers has
substantial effects on standardized test outcomes as well as later life outcomes. However, there is not
similar agreement about how to improve teacher effectiveness. Several research studies confirm that on
average novice teachers show remarkable improvement in effectiveness over the first five years of their
careers. In this paper we employ rich data from New York City to explore the variation among teachers in
early career returns to experience. Our goal is to better understand the extent to which measures of teacher
effectiveness during the first two years reliably predicts future performance. Our findings suggest that early
career returns to experience may provide useful insights regarding future performance and offer
opportunities to better understand how to improve teacher effectiveness. We present evidence not only
about the predictive power of early value-added scores, but also on the limitations and imprecision of those
predictions.

iii

Introduction
Teachers vary widely in their ability to improve student achievement, and the difference
between effective and ineffective teachers has substantial effects on standardized test outcomes (Rivkin
et al., 2005; Rockoff, 2004) as well as later life outcomes (Chetty, Friedman, & Rockoff, 2011). Given the
research on the differential impact of teachers and the vast expansion of student achievement testing,
policy-makers are increasingly interested in how measures of teacher effectiveness, such as valueadded, might be useful for improving the overall quality of the teacher workforce. Some of these efforts
focus on identifying high-quality teachers for rewards, to take on more challenging assignments, or as
models of expert practice (see for example, teacher effectiveness policies in the District of Columbia
Public Schools). Others attempt to identify struggling teachers in need of mentoring or professional
development to improve skills (Taylor & Tyler, 2011; Yoon, 2007). Finally, because some teachers may
never become effective, some researchers and policymakers are exploring meaningful increases in
dismissals of ineffective teaches as a mechanism for improving the overall quality of teachers. One
common feature of all of these efforts is the need to establish a system to identify teachers’
effectiveness as early as possible in a way that accurately predicts how well these inexperienced
teachers might serve students in the long run.
To date, only a little is known about the dynamics of teacher performance in the first five years.
The early career period represents a unique opportunity to identify struggling teachers, examine the
likelihood of future improvement, and make strategic pre-tenure dismissals to improve teacher quality.
In this paper, we explore how teacher value-added measures in the first two years predict future
teacher performance. In service of this larger goal, we pursue a set of questions designed to provide
policy makers with concrete insight into how well teacher value-added scores from the first two years of
a teacher’s career would perform as an early signal of how that teacher would develop over the next
five years. We use panel data from the New York City Department of Education that follows all new
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teachers who began between the 1999-00 and 2006-07 school years to pursue the following research
questions:
x

To what extent do teachers vary around the mean pattern in returns to experience? We
examine the degree of variability in the developmental trajectories of teacher in terms of
effectiveness in the early career.

x

To what extent do teachers with different initial value-added scores in the first two years exhibit
different returns to experience during the first five years, and how well do these initial scores
account for variability in future performance?

x

To what extent do predictions made based on early value-added scores mischaracterize
teachers’ future performance?
In what follows we provide some background for the relevance of this research question, as well

as a review of existing literature that helps frame our question. We next describe the data from New
York City used in the analysis, as well as the analytic approach used to answer these three research
questions. We follow with the results organized by question, and conclude.

Background and Prior Literature
Research documents the substantial impact of assignment to a high-quality teacher on student
achievement (Aaronson, Barrow, & Sander, 2007; Boyd, Lankford, Loeb, Ronfeldt, & Wyckoff, 2011;
Clotfelter et al., 2007; Hanushek, 1971; Hanushek, Kain, O'Brien, & Rivkin, 2005; Harris & Sass, 2011;
Murnane & Phillips, 1981; Rockoff, 2004). We also know that teachers are not uniformly effective. The
difference between effective and ineffective teachers has substantial effects on short term outcomes
like standardized test scores, as well as longer term outcomes such as college attendance, wages,
housing quality, family planning, and retirement savings (Chetty et al., 2011).

2

Despite the variation in teacher effectiveness, teacher workforce policies generally do not
acknowledge these disparities in quality, nor do most districts tailor their responses to or compensation
for teachers based on performance. In the Widget Effect, Weisberg, Sexton, Mulhern, & Keeling, (2009)
surveyed twelve large districts across four states and found that no measures of performance were
taken into account in recruitment, hiring/ placement, professional development, compensation,
granting tenure, retention, or layoffs except in three isolated cases (Weisberg, Sexton, Mulhern, &
Keeling, 2009). While evaluation and compensation reform is currently popular, the majority of districts
in the U.S. still primarily use teacher educational attainment, additional credentialing, and experience to
determine compensation. In addition, while principal observations of teachers is common practice,
there is often little useful variation in principals’ evaluations of teachers (Weisberg et al., 2009).
Given the growing recognition of the differential impacts of teachers, policy-makers are
increasingly interested in how measures of teacher effectiveness such as value-added or observational
measures might be useful for improving the overall quality of the teacher workforce. In the field, policy
makers rarely propose to use value-added scores as the exclusive metric for teacher evaluation. The
Measures of Effective Teaching (MET Project), Ohio’s Teacher Evaluation System (TES), and D.C.’s
IMPACT policy are all examples where value-added scores are considered in conjunction with other
evidence from the classroom, such as observational protocols or principal assessments. In this paper we
focus on value-added scores as illustrative of teacher quality measures more broadly, not because we
believe that value-added scores should be used in isolation. Practically speaking, there are very few
places where other measures of teacher effectiveness are readily available at this point to study a panel
of teachers throughout their first five years.
The utility of teacher effectiveness measures for policy use depends on properties of the
measures themselves, such as validity and reliability. Measurement work on the reliability of teacher
value-added scores has typically characterized reliability using a perspective based on the logic of test-
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retest reliability, in which a test administered twice within a short time period is judged based on the
equivalence of the results over time. Researchers have thus examined the stability of value-added
scores from one year to the next, reasoning that a reliable measure should be consistent with itself from
one year to the next (e.g., Aaronson et al., 2007; Goldhaber & Hansen, 2010; Kane & Staiger, 2002;
Koedel & Betts, 2007; McCaffrey, Sass, Lockwood, & Mihaly, 2009). When value-added scores fluctuate
dramatically in adjacent years, this presents a policy challenge—the measures may reflect statistical
imprecision more than true teacher performance. In this sense, stability is a highly desirable property in
a measure of effectiveness, because the conclusions one would draw based on value-added in one year
are more likely to be consistent with conclusions made in another year.
It is worth noting that measuring reliability based on stability is potentially more problematic in
the first five years of a teacher’s career. Inherent in this approach to measuring reliability is the belief
that the latent phenomenon of interest—true effectiveness— is not changing over time. Yet, on
average, teachers undergo the largest improvements of their careers in the first few years of teaching.
Researchers have generally documented a leveling off of returns to experience after five to seven years,
suggesting that many teachers reach their own plateau, whatever that may be, during this early career
period (Clotfelter, Ladd, & Vigdor, 2006; Clotfelter et al., 2007; Rivkin et al., 2005; Rockoff, 2004). 1 Given
that teachers exhibit the largest returns to experience during this early phase, one might expect teacher
quality measures to be less stable during this time as evidenced by year-to-year correlation for example.
At the same time, these measures may well be reliable in the sense that the scores consistently reflect
latent true quality as it develops and, in theory these scores may be just as predictive of future scores
despite their instability.

1

There are clearly higher average student outcomes for students when exposed to teachers with more experience,
though there has been more debate about which years are most formative and whether there are no additional returns
to experience after a certain point (Papay & Kraft, 2011).
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That said, there are many reasons to be skeptical about our ability to make fair and accurate
judgments about teachers based on their first one or two years in the classroom. Anecdotally, one often
hears that the first two years of teaching are a “blur,” and that virtually every teacher is overwhelmed
and ineffective. If in fact first-year teachers’ effectiveness is more subject to random influences and less
a reflection of their true abilities, their early evaluations would be less predictive of future performance
than evaluations later in their career. In this paper we explore the how actual value-added scores from
new teachers’ first two years might be used by policy makers to anticipate the future effectiveness of
their teaching force and to identify teachers early in their career for particular human capital responses.

Data
The backbone of the data that we use for this analysis is administrative records from a range of
sources including the New York City Department of Education (NYCDOE), the New York State Education
Department (NYSED). The combination of sources provides the student achievement data and the link
between teachers and students that we need to create measures of teacher effectiveness and growth
over time.
New York City students take achievement exams in math and English Language Arts (ELA) in
grades three through eight; however, for the current analysis, we restrict the sample to elementary
school teachers (grades four and five), because of the relative uniformity of elementary school teaching
jobs compared with middle school teaching where teachers specialize. All the exams are aligned to the
New York State learning standards and each set of tests is scaled to reflect item difficulty and are
equated across grades and over time. Tests are given to all registered students with limited
accommodations and exclusions. Thus, for nearly all students the tests provide a consistent assessment
of achievement from grade three through grade eight. For most years, the data include scores for
65,000 to 80,000 students in each grade. We normalize all student achievement scores by subject, grade
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and year to have a mean of zero and a unit standard deviation. Using these data, we construct a set of
records with a student’s current exam score and lagged exam score(s). The student data also include
measures of gender, ethnicity, language spoken at home, free-lunch status, special-education status,
number of absences in the prior year, and number of suspensions in the prior year for each student who
was active in any of grades three through eight in a given year. For a rich description of teachers, we
match data on teachers from the NYCDOE Human Resources database to data from the NYSED
databases. The NYCDOE data include information on teacher race, ethnicity, experience, and school
assignment as well as a link to the classroom(s) in which that teach taught each year.

Analytic Sample and Attrition
We explore how measures of teacher effectiveness—value-added scores—change during the
early career. To do this, we rely on the student-level data linked to elementary school teachers to
estimate teacher value-added. Value-added scores can only be generated for the subset of teachers
assigned to tested grades and subjects. In addition, because we herein analyze patterns in value-added
scores over the course of the first five years of a teacher’s career, we can only include teachers who do
not leave teaching before we can observe their later performance. Not only is limiting the sample to
teachers with a complete vector of value-added central to the research question, it also addresses a
possible attrition problem. The attrition of teachers from our sample threatens the validity of our
estimates because we cannot observe how these teachers would have performed had they remained in
the profession, and there is some reason to believe that early attriters may have different returns to
experience (Boyd, Lankford, Loeb, and Wyckoff, 2007). As a result, our primary analyses focus on the set
of New York City elementary teachers who began between 2000 and 2006 who have, at a minimum,
value-added scores in all of their first five years.
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Despite the advantages to limiting the sample in this way, the restriction introduces a different
problem having to do with external validity. If teachers who are less effective leave teaching earlier or
are removed from tested subjects or grades, the estimates of mean value-added across the first five
years would be biased upward because the sample is limited at the outset to a more effective subset of
teachers. That is, teachers who are consistently assigned to tested subjects and grades for five
consecutive years may be quite different from those who are not. Given this tradeoff, we conduct
sensitivity analyses and present results also for a less restrictive subsample that requires a less complete
history of value-added scores.
Table 1 gives a summary of sample sizes by subject and additional requirements based on
minimum value-added scores required. There are 7,656 math teachers (7,611 ELA) who are tied to
students in NYC, began teaching during the time period in which they could possibly have at least five
years of value-added scores, and teach primarily elementary grades during this time. At a very
minimum, we must observe teachers with a value-added score in the first year, which in itself limits the
math sample to 4,170 teachers (4,180 for ELA). Our primary analytic sample for the paper is the subset
of 842 math teachers for whom we observe a value-added score in at least each of her first five years
(859 ELA). The sample sizes decrease dramatically as one increases the number of required value-added
scores, which demonstrates our limited ability to look much beyond the first five years. The notable
decrease in sample size reveals that teachers generally do not receive value-added scores in every
school year, and in research presented elsewhere we examine why so few teachers receive value-added
over a consecutive panel. Because the requirement of having five consecutive years of value-added
scores is somewhat restrictive, we also examine results for the somewhat larger subsample of teachers
for whom we can be sure they remain in the New York City teacher workforce for at least the first five
years but have value-added scores in their first year and two of the following four years (n=2,068 for
math, 2,073 for ELA).
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Methods
The overarching analytic approach in this paper is to follow a panel of new teachers as they go
through their first five years and retrospectively examine how performance in the first two years
predicts performance thereafter. In order to do so, we first estimate yearly value-added scores for all
teachers in New York City. We then use these value-added scores to characterize teachers’ developing
effectiveness over the first five years to answer the research questions outlined above. We begin by
describing the methods used to estimated teacher-by-year value-added scores, and then we lay out how
these scores are used in the analysis.

Estimation of Value Added
Although there is no consensus about how best to measure teacher quality, in this project we
define teacher effectiveness using a value-added framework in which teachers are judged by their ability
to stimulate student standardized test score gains. While imperfect, these measures have the benefit of
directly measuring student learning and they have been found to be predictive of other measures of
teacher effectiveness such as principals’ assessments and observational measures of teaching practice
(Atteberry, 2011; Grossman et al., 2010; Jacob & Lefgren, 2008; Kane & Staiger, 2012; Kane, Taylor,
Tyler, & Wooten, 2011; Milanowski, 2004), as well as long term student outcomes (Chetty et al., 2011).
Our methods for estimating teacher value-added are consistent with the prior literature. Equation 1
describes our approach. 2

2

To execute the model described in equation (1), we use a modified version of the method proposed by the ValueAdded Research Center (VARC). This approach involves a two-stage estimation process, which is intended to allow
the researcher to account for classroom characteristics, which are collinear with the teacher-by-experience fixed
effects that serve as the value-added models themselves. This group of researchers is currently involved in
producing value-added scores for districts such as New York City, Chicago, Atlanta, and Milwaukee (among
others). For more information, see http://varc.wceruw.org/methodology.php
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ܣ௧௦௬ = ߚ + ܣ௧௦,௬ିଵ ߚଵ + ܣ௧
௧௦,௬ିଵ ߚଶ + ܺ௧௦௬ ߚଷ + ܥ௧௦௬ ߚସ + ܵ௦௬ ߚହ + ߨ + ߠ௬௧ + ߝ௧௦௬

(1)

The outcome ܣ௧௦௬ is the achievement of student i, with teacher t, in grade g, in school s, at time y, and
we model this as a function of a vector ܣ௧௦,௬ିଵ of that student’s prior achievement in the prior year in
the same subject and ܣ௧
௧௦,௬ିଵ in the other subject (math or ELA); the students’ characteristics, ܺ௧௦௬ ;
classroom characteristics, ܥ௧௦௬ , which are the aggregate of student characteristics as well as the
average and standard deviation of student prior achievement; ܵ௦௬ ߚହ , school time-varying controls,
grade fixed effects, ߨ ; teacher-by-experience fixed effects (ߠ௬௧ ); as well as a random error term,
ߝ௧௦௬ . 3 The teacher-by-experience fixed effects become the value-added measures which serve as the
outcome variable in our later analyses. They capture the average achievement of teacher t’s students in
year y, conditional on prior skill and student characteristics, relative to the average teacher in the same
subject and grade. Finally, we apply an Empirical Bayes shrinkage adjustment to the resulting teacherby-year fixed effect estimates to adjust for measurement error.
In the model presented above for the estimation of teacher-by-year value-added scores, we
have made several important analytic choices about the best specification for our purposes herein. Our
preferred model uses a lagged achievement approach wherein a student’s score in a given year serves
as the outcome, with the prior year score on the right-hand side (as opposed to modeling gain scores as
the outcome). 4 We attend to student sorting issues through the inclusion of all available student
covariates rather than using student fixed effects, in part because the latter restricts the analysis to
3

The effects of classroom characteristics are identified from teachers who teach multiple classrooms per year. The
value-added models are run on all teachers linked to classrooms from 2000 on, however the analytic sample for this
paper is limited to elementary grade teachers.
4

Some argue that the gain score model is preferred because one does not place any prior achievement scores which
are measured with error on the right-hand side, which introduces potential bias. On the other hand, the gain score
model has been criticized because there is less variance in a gain score outcome and a general loss of information
and heavier reliance on the assumption of interval scaling. In addition, others have pointed out that the gain score
model implies that the impacts of interest persist undiminished rather than directly estimating the relationship
between prior and current year achievement (McCaffrey, Lockwood, Koretz, Louis, & Hamilton, 2004; McCaffrey
et al., 2009).
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comparisons only between teachers who have taught at least some students in common. 5 At the school
level we also opt to control for all observed school-level covariates that might influence the outcome of
interest rather than including school fixed effects, since this would also only allow valid comparisons
within the same school. In an appendix, we examine results across a variety of value-added models,
including models with combinations of gain score outcomes, student, and school fixed effects.

RQ 1. Estimating Mean and Variance in Returns to Experience
We first estimate the mean returns to experience for teachers in the first five years in order to
establish that findings from this dataset are consistent with prior literature. Importantly, however, we
also consider whether teachers vary around that overall pattern. That is, we look for evidence of
variability in the developmental trajectories of teacher in terms of effectiveness in the early career.
Annual student-level test score data provide the base for estimating returns to experience. In
creating measures of growth, we tackle common problems researchers face when estimating returns to
experience, particularly isolating the impact of experience on student achievement. We estimate
teachers’ improvement with experience using a standard education production function quite similar to
Equation 1 in that both include the same set of lagged test scores, student, classroom, and school
covariates, as well as grade fixed effects. We remove teacher-by-experience fixed effects and replace
them with experience level and year fixed effects. The coefficients of interest are those on the set of
experience variables. If the experience measures are indicator variables for each year of experience, the
coefficient on the binary variable that indicates an observation occurred in a teacher’s fifth year
represents the expected difference in outcomes between students who have a teacher in her first versus
5

A student fixed effects approach has the advantage of controlling for all observed and unobserved time-invariant
student factors, thus perhaps strengthening protections against bias. However, the inclusion of student-level fixed
effects entails a dramatic decrease in degrees of freedom, and thus a great deal of precision is lost (see discussion in
McCaffrey et al., 2009). In addition, experimental research by Kane and Staiger (2008) suggests that student fixed
effects estimates may be more biased than similar models using a limited number of student covariates.
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fifth year, controlling for all other variables in the model. We plot these estimated coefficients alongside
estimates from other research projects since the mean trend has been the focus of considerable prior
work.
We are primarily interested in teachers vary around this mean trend. In order to explore this, we
randomly sample 100 teachers from our analytic sample and plot their observed value-added scores
during their first five years. We also present the standard deviation of estimated value-added scores
across teachers at each year of experience to examine whether the variance in teacher effectiveness
appears to be widening or narrowing during the early career.

RQ 2. Performance in the Initial Years of Teaching as a Predictor of Future Effectiveness
Our second research question asks: To what extent do teachers with different initial valueadded scores in the first two years exhibit different returns to experience during the first five years, and
how well do these initial scores account for variability in future performance? To build off our work
exploring variability around mean returns to experience, we explore whether one possible source of that
variability is differences in teachers’ initial effectiveness. We therefore begin by estimating mean valueadded score trajectories throughout the first five years separately by quintiles of teachers’ initial
performance, and we examine the likelihood that teachers transition from low to high quintiles (and vice
versa) during the course of their early career. Policy makers often translate raw evaluation scores into
four or five performance groups in order to facilitate direct action for top and bottom performers.
Because this practice is so ubiquitous, we also adopt this general approach for characterizing early
career performance for a given teacher for many of our analyses. (The creation of such quintiles,
however, requires non-trivial analytic decisions on our part and thus we delineate some of our
challenges in Appendix A. These analytic choices are likely at play for policy-makers in the real world as
well, and thus the discussion of our process may be instructive to this larger audience.)
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In order to examine how the development of teacher effectiveness during the early career
varies by quintile of initial performance, we model the teacher-by-year value-added measures
generated by Equation (1) as outcomes using a non-parametric function of experience with interactions
for initial quintile. We plot the coefficients on the interactions of experience and quintile dummy
variables to illustrate separate mean value-added trajectories by initial quintile.
We are also interested in whether any initially high-performing teachers become among the
lowest-performing teachers in the future (or vice versa). We therefore also present a quintile transition
matrix that tabulates the number of teachers in each initial quintile (rows) by the number of teachers in
each quintile of the mean of their following three years (columns), along with row percentages.
It is worth noting that quintile groupings may obscure large differences between teachers at
either extreme within the same quintile, or it may exaggerate the differences between teachers just on
either side of one of these cut points. For this reason, we present analyses that move away from
reliance on quintiles in order to characterize the relationship between continuous measures of initial
and future performance among new teachers. We estimate regression models that predict a teacher’s
continuous value-added score in a future period as a function of a set of her value-added scores in the
first two years of teaching. This approach allows us to consider the ability to predict future scores with
initial scores without introducing quintile groupings into the analysis.
We use the following equation to predict each teacher’s value-added score in a given “future”
year (e.g., value-added score in years three, four, five, or the mean of these) as a function of valueadded scores observed in the first and second year. We present results across a number of value-added
outcomes and sets of early career value-added scores, however Equation (3) describes the fullest
specification which includes a cubic polynomial function of all available value-added data in both
subjects from teachers’ first two years:
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ܧൣܸܣ,௬ୀଷ,ସ,ହ ൧ = ߚ + ݂ ଷ ൫ܸܣ,௬ୀଵ ൯ + ݂ ଷ ൫ܸܣ,௬ୀଶ ൯ + ݂ ଷ ൫ܸܣ,௬ୀଵ ൯ + ݂ ଷ ൫ܸܣ,௬ୀଶ ൯

(3)

We summarize results from forty different permutations of Equation (3)—by subject and by various
combinations of value-added scores used—by presenting the adjusted R-squared values from each
model. This comparison illustrates the proportion of variance in future performance that can be
accounted for using early value-added scores, and to easily consider the comparative improvements of
using more scores or different scores in combination with one another.

RQ 3. Examining Errors in Prediction
Finally, because we know that errors in prediction are inevitable, we present evidence on the
degree of confidence in our predictions, and the nature of the miscategorizations one might make based
on value-added scores from a teacher’s first two years. We examine confidence intervals around
forecasted future scores from the most promising specifications of Equation (4) above. In addition, we
present a framework for thinking about the kinds of mistakes likely to be made and for whom those
mistakes are costly. We base this framework loosely on the statistical concept of Type I and Type II
errors, and we then apply this framework to historical data from New York City. We propose a
hypothetical policy mechanism in which value-added scores from the early career are used to rank
teachers and identify the strongest or weakest for any given human capital response (be it pay for
performance, professional development, probation, dismissal, etc.). We then follow teachers into the
following five years and calculate the proportion of the initially identified teachers who actually turn out
to be high- or low- effective teachers in the long run.
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Results
Mean and Variance in Early Career Improvement by Experience
Researchers consistently have found that, on average, teachers become more effective at
improving student test performance during their first few years of teaching. Figure 1 depicts returns to
experience from eight studies, as well as our own estimates using data from New York City. 6 Each study
shows increases in student achievement as teachers accumulate experience such that by a teacher's
fifth year her or his students are performing, on average, from 5 to 15 percent of a standard deviation of
student achievement higher than when he or she was a first year teacher. This effect is substantial,
given that a one standard deviation increase in teacher effectiveness is typically about 15 percent of
standard deviation of student achievement; thus, the average development over the first few years of
teaching is from one-third to a full standard deviation in overall teacher effectiveness. 7
Figure 1 demonstrates that early career teacher experience is associated with large student
achievement gains, on average. However, this estimate of average early career improvement may
obscure the substantial variation across teachers around this mean trajectory—that is, some teachers
may improve a lot over time while others do not. Indeed, we find evidence of substantial variance in
value-added to student achievement across teachers. Figure 2 plots the observed value-added score
trajectories for 100 teachers who were randomly sampled from the set of New York City elementary
teachers that have value-added scores in their first five years (our analytic sample), alongside the mean
value-added scores (red) in the same period. This graph illustrates notable variability around the mean
6

Results are not directly comparable due to differences in grade level, population, and model specification, however
Figure 1 is intended to provide some context for estimated returns to experience across studies for our preliminary
results.

7

See Hanushek, Rivkin, Figlio, & Jacob (2010) for a summary of studies that estimate the standard deviation of
teacher effectiveness measures in terms of student achievement. The estimates for Reading are between 0.11 and
0.26 standard deviations across studies, while the estimates for math are larger and also exhibit somewhat more
variability (0.11 to 0.36, but with the average around 0.18 standard deviations (Aaronson et al., 2007; Hanushek &
Rivkin, 2010; Jacob & Lefgren, 2008; Kane, Rockoff, & Staiger, 2008; Thomas J. Kane & D.O. Staiger, 2008;
Koedel & Betts, 2011; Nye, Konstantopoulos, & Hedges, 2004; Rivkin et al., 2005; Rockoff, 2004; Rothstein,
2010).
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growth during this time period, which suggests that the mean returns to experience may not
characterize individual teachers well.
To further explore variation in returns to experience, we calculate the standard deviation of
teacher value-added scores across teachers within each year of experience for both the complete
analytic sample and the teachers randomly selected for Figure 2. For English Language Arts (ELA) the
standard deviations in teacher value-added is 0.20 across teachers in their first year (experience = 0). For
math, the standard deviation of first-year teacher value-added is approximately 0.21. The variance in
both ELA and math value-added scores steadily increase with experience so that the standard deviation
in value added is at least 0.23 by the fifth year of teaching, representing an increase of 15 to 30 percent
from the first year. The trends suggest that the processes associated with teacher development create
greater differences in teaching effectiveness over these early years of teaching and, thus, that there is
likely to be meaningful variation in returns to experience across teachers.

Performance in the Initial Years of Teaching as a Predictor of Future Effectiveness
One way to make sense of the substantial variability observed above is to examine mean valueadded scores over years of experience separately by quintiles of initial performance. If initial
performance provides insight into future performance, we should see that the highest quintile of initial
performance continue to be the highest performing quintile over time (and vice versa for the initially
lowest quintile). We group teachers by initial performance quintiles of the mean of their first two years.
Figure 3 plots mean value-added scores by experience for each quintile of performance in the first two
years among teachers with value-added scores in at least the first five years. (See Appendix for a series
of checks using different samples of teachers based on minimum years of value-added scores required,
definitions of initial performance quintiles, and specifications of the value-added model.)
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Figure 3 provides evidence of consistent differences in value-added across quintiles of initial
performance. On average, the initially lowest-performing teachers are consistently the lowestperforming, the highest are consistently the highest. While the lowest quintile does exhibit the most
improvement, this set of teachers does not, on average, “catch up” with other quintiles, nor are they
typically as strong as the median first year teacher even after five years. However, the mean trajectories
by quintile shown in Figure 3 may obscure further important within-quintile variance. That is, it provides
little information about movements across quintiles in the future. In Table 3, we present a quintile
transition matrix that tabulates the number of teachers in each initial quintile (rows) by the number of
teachers in each quintile of the mean of their following three years (columns), along with row
percentages. 8 The majority—62 percent—of the initially lowest quintile math teachers ultimately show
up in the bottom two quintiles of future performance. On the other end, the initially highest-performing
teachers exhibit even more consistency: About 73 percent of these teachers remain in the top two
quintiles of mean math performance in the following years. Movements from one extreme to the other
are comparatively rare. About 19 percent of bottom- and 10 percent of top- quintile initial performers
end up in the opposite extreme two quintiles. Results are similar for ELA teaching.
Taken together, the transition matrix in Table 3 and the results in Figures 1-3 begin to provide a
picture of how teachers improve over the first five years. First, consistent with prior findings this is a
period of growth overall. Second, in the face of this overall trend, we also observe considerable
variability in the patterns of development during this time frame, as evidenced by the plots of individual
teachers in Figure 2 and the depiction of quintile-based trajectories in Figure 3. Finally, despite this
variability, the transition matrix suggests that measures of value-added in the first two years predict of
future performance for most teachers. We next pin down more carefully the extent to which initial
performance can provide accurate and meaningful predictions about teacher performance in the future.
8

We use the mean of years 3, 4, and 5 rather than just the fifth year to absorb some of the inherently noisy nature of
value-added scores over time.
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In Table 4, we present adjusted R-squared values from a various specifications of Equation (4) above,
and we present results across five possible sets of early career value-added scores to explore the
additional returns to using more value-added scores. One evident pattern is that additional years of
value-added predictors improve the predictions of future value-added—particularly the difference
between having one score and having two scores. The lowest adjusted R-squared values come from
models that predict a value-added score in one future year using one value-added score from a single
prior year. For example, teachers’ math value-added scores in the first year only explains 8.9 percent of
the variance in value-added scores in the third year. The predictive power is even lower for ELA (2.9
percent). A second evident pattern in Table 4 is that value-added scores from the second year are
typically two- to three times stronger predictors than value-added in the first year for both math and
ELA.
Recall that elementary school teachers are unique in that they typically teach both math and
ELA every year and thus we can estimate both a math and an ELA score for each teacher in each year.
When we combine all available value-added scores from both subjects in both of the first two years, and
also include cubic polynomial terms for theses scores, we can explain more variance in future scores.
Table 4 also shows that the measure of future score is as important as the measure of initial score. Initial
scores do a far better job of predicting a teachers’ average value-added over a group of years than of
predicting value-added in any of the individual years. For math, when including all first and second year
value-added measures, we explain about 27.8 percent of the variance in average future performance
compared with no more than 19.4 percent of the variance in any of the individual future years. (For ELA,
the comparable results are 20.9 percent and 15.4 percent.)
Table 4 shows early scores can explain up to a fifth of the variation in future scores; however, it
is not necessarily clear whether this magnitude is relatively big or relatively small. For comparison, we
estimate the predictive ability of measured characteristics of teachers during their early years. These
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include typically available measures: indicators of a teacher’s pathway into teaching, available
credentialing scores and SAT scores, competiveness of undergraduate institution, teacher’s race/
ethnicity, and gender. When we predict math mean value-added scores in years three through five using
this set of explanatory factors, we explain only 2.8 percent of the variation in the math outcome (2.5
percent for ELA). 9 The measured teacher characteristics that district leaders typically have at their
disposal to predict who will be the most or least effective teachers clearly do not perform as well as
value-added scores from the first two years.

Potential Errors in Categorizing Teachers
The prior analyses provide evidence that initial performance is predictive of later performance;
however, the analyses also imply that this predictive ability is far from perfect. In this section we further
describe the error associated with these predictions. To provide one perspective on our ability to predict
future value-added scores, we return to Equation (4) above, in which we model mean value-added
scores in years three through five as cubic polynomial functions of value-added scores in both subjects
in the first two years. Using this model, we can predict future performance and present a conservative
confidence interval for each forecasted prediction point (see Figure 4).
As Figure 4 shows, even 80 percent confidence intervals are quite large for individual
predictions. The mean squared error for teachers in this sample is about 0.14, which is approximately
equivalent to a standard deviation in the overall distribution of teacher effectiveness. The degree of
error for individual predictions is substantively large, and we can see that teachers’ predicted future
value-added scores differ markedly from the observed scores based on distance from the y=x line. That
said, recall that the adjusted r-squared from this simple model of future performance is high—about
27.8 percent of the variance in future performance can be accounted for using value-added scores in the

9

These results not shown, available upon request.
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first and second years. Certainly the value-added based predictions of future performance are
imprecise, and accordingly most policy makers argue that value-added scores should not be used in
isolation to reward or sanction teachers. Nonetheless, the movement towards a more strategic
approach to human capital management in the K-12 setting drives us to consider the utility of the tools
at hand in light of the current lack of strong alternatives on which to base predictions of how teachers
will serve students throughout their career.
A policy that uses value-added scores to group teachers based on performance will likely
produce groups that are not entirely distinct from one another in future years. Figure 5 presents the
complete distribution of future value-added scores by initial quintile. These depictions provide a more
complete sense of how groups based on initial effectiveness overlap in the future. 10 For each group, we
have added two reference points. First, the “+” sign located on each distribution represents the mean of
future performance in each respective initial-quintile group. The color-coded vertical lines represent the
mean first year performance by quintile. This allows the reader to compare distributions both to where
the group started on average, as well as to where other groups have ended up on average in future
years.
The vast majority of policy proposals based on value-added target teachers at the top (for
rewards, mentoring roles, etc.) or at the bottom (for support, professional development, or dismissal).
Thus, even though the middle quintiles are not particularly distinct in Figure 4, it is most relevant that
the top and bottom initial quintiles are. In both math and ELA, there is some overlap of the extreme
quintiles in the middle—some of the initially lowest-performing teachers appear to be just as skilled in
future years as initially high-performing teachers. However, the majority of these two distributions are
distinct from one another.

10

The value-added scores depicted in each distribution are each teacher’s mean value-added score in years three,
four, and five. For brevity, we refer to these scores as “future” performance.
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We can take a closer look at the initially lowest quintile of performance relative to some
meaningful comparison points. For example in math, the large majority (76.5 percent) of the density of
the lowest (red) quintile lies to the left of the mean of the distribution of future scores for the middle
quintile (the comparable percentage is 74.4 percent for ELA). Thus, most of the initially lowest
performers never match the performance of an average fifth year teacher (of course this implies that
about a quarter of the initially-lowest performing quintile—those who appear at the very top of the red
distribution of future performance— do surpass the mean of the middle quintile).
Figure 5 also allows us to compare the distribution of initially lowest quintile math teachers to
the average teacher in the first year of experience (yellow vertical line), as this is the expected
performance of a teacher with whom one could replace a dismissed teacher. It turns out that 68.9
percent of math teachers do not exceed the comparison to the average first year teacher (66.6 percent
for ELA). In addition, an ineffective teacher retained for three additional years imposes three years of
below-average performance on students. The longer a teacher with low true impacts on students is
retained, the expected differential impact on students will be the sum of the difference between an
average new teacher and the less effective teacher across years of additional retention.
This discussion lends itself naturally to a consideration of the tradeoffs associated with
identifying teachers as low-performing based on imperfect measurements from a short period of time in
the early career. The goal is to maximize the percentage of teachers for whom we accurately predict
future performance based on early performance. There are two possible errors—Type I and Type II—
that one could make in service of this goal. We begin with the null hypothesis that a given teacher is not
ineffective in the long run (for the sake of clarity, think of this as assuming a teacher is at least average).
In this case, a Type I error is rejecting a true null hypothesis, which is to falsely identify a teacher as lowperforming when she turns out to be at least average in the long run. This type of error typically
dominates the value-added debate, because this error negatively and unfairly penalizes teachers who
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would be dismissed even though they would have emerged as effective over time. On the other hand,
Type II error is often overlooked even though it likely affects students’ instructional experiences. In the
case of Type II error, one fails to reject a false null hypothesis, which implies that one fails to identify a
teacher as ineffective when she actually is ineffective in the long run. This error might be quantified as
the percentage of teachers who perform poorly in the future who were not identified as low-performing
based on initial performance. Depending on the definition of ineffective, students who are assigned to
teachers who persist as a result of Type II error receive a lower quality of instruction than they would
have had the teacher been replaced by an average new teacher.
While we have framed the discussion of Type I and Type II error in terms of identifying
ineffective teachers, a parallel approach can be taken to identifying excellent teachers. In this case, the
null hypothesis is that a given teacher is not excellent in the long run. Type I error is rejecting a true null
hypothesis—thinking that a teacher will be excellent when he or she is not. Type II error is not rejecting
the null when it is true—thinking that a teacher will not be excellent when he or she is. To the extent
that excellent teachers deserve recognition, Type II error in this context impacts teachers. To the extent
that by identifying excellent teachers schools can improve their quality of instruction, Type I error, in this
context, impacts students.
In practice, identifying Type I and Type II errors is complex, in part because it requires a clear
criterion for identifying future “ineffectiveness” or “excellence”. The measures we have of future quality
are imprecise; narrow, as they are based only on student test performance in math and ELA; and relative
instead of absolute, as they compare teacher to each other rather than to a set standard. We have
ameliorated to some extent the measurement error in a teacher’s value-added measure in a given year
by (1) using Bayes shrunk estimates which attenuates extreme measures in proportion to their
imprecision, (2) averaging across multiple future years to lessen the influence of any one outlier result,
and (3) breaking effectiveness into quintiles, so that while teachers in the middle quintiles may be less
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distinct, one can focus on teachers at the extremes of future performance using top and bottom
quintiles. We, however, do not address the narrowness of the value-added measure, nor its relative
nature.
Figure 6 helps to illustrate Type I and Type II error associated with identifying teachers as
ineffective, perhaps for the purpose of dismissal. In practice, this same approach could be used for any
number of strategic policy responses such as allocating additional support, mentoring, observation, or
professional development. Simply for the clarity of the example, we describe a dismissal policy. We start
by translating the mean value-added scores of teachers in years one and two into percentiles. Moving
from left to right along the x-axis represents an increase in the percentage of teachers who are
identified as ineffective, and as a result might be dismissed. The y-axis gives the corresponding percent
from each of the top and bottom three future deciles (separate lines for each decile) that would be
dismissed based on the x-axis value. For example, a vertical line at 10 would give the percent of each of
the future deciles that would be identified as ineffective if we were too identify the 10 percent of the
lowest value-added teachers in the first two years as ineffective.
We can garner a great deal of information from this figure. First, it is clear that while there are
errors in identifying ineffective teachers even when initial ineffectiveness is defined at a very low level
(e.g. the 5th percentile), most of the teachers identified end up in the bottom part of the distribution of
future performance. Second, not surprisingly, the errors get bigger as we aim to identify a higher
proportion of teachers as ineffective. For example, a substantial portion of teachers in the bottom 50
percent of initial value added end up in the top three deciles of future value-added.
To make the example more concrete, consider a hypothetical dismissal policy of the bottom ten
percent of teachers in initial value-added. In this case, we are attempting to test a hypothesis about
whether a teacher will be ineffective or not (the null hypothesis). We see that this policy would
eliminate 29.5 percent of teachers who would subsequently appear in the lowest decile of future
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performance and another 22.1 percent of teachers who would appear in the second lowest decile. In
contrast, none of the top decile of future performance would be (falsely) identified and only two
percent of the second highest decile would be (falsely) identified. The latter two numbers can also be
thought of as a quantification of the Type I error—teachers who were identified as low performing by
the policy but ultimately appeared to be among the highest performers in the future.
Figure 6 also illustrates Type II error. At the ten percent threshold, while 29.5 percent of the
lowest decile teachers would have been dismissed, the other 70.5 percent of the lowest decile were not
(fail to reject a false null). If one believes that the bottom ten percent of the distribution of performance
in years three through five is a good criteria for ineffectiveness, then the failure to identify these
teachers can be viewed through the lens of Type II error. 11 As one moves to the right on the x-axis,
dismissing a larger proportion of teachers based on initial value-added, these tradeoffs balance one
another. At 20 percent dismissal rate, one loses half (51.5 percent) of the future bottom decile in math
(and fails to eliminate the other half of that quintile), while the relative “cost” is 6.8 percent of the top
decile. 12
One could argue about the appropriate criteria for future effectiveness. Another reasonable
assertion might be to characterize every teacher who is significantly less effective than an average
teacher and then retained as a Type I error, and every teacher who becomes significantly more effective
than an average teacher who is accidentally dismissed as a Type II error (a more extreme interpretation
of these results). We are agnostic about what should be used by policy makers in practice as the “right”
criteria.
11

Of course, the ability to eliminate a large percentage of the bottom deciles of future performance is capped by the
percentage of teachers one is willing to fire. Put more concretely, if one adopts a policy of firing the bottom five
percent of teachers after the first two years, even a “perfect” measure could only dismiss at most 50 percent of the
bottom decile (i.e., 5 percent of the whole sample equals 50 percent of one decile).
12

It is worth noting that, at some point, firing an unreasonably high percentage of teachers may trigger a general
equilibrium problem, and the assumption that there is a continuous supply of “average” new teachers will no longer
be true. The further to the right we move along the x-axis in Figure 6, not only is the likelihood of making type I
errors much greater, but the likelihood of encountering a shortage of qualified teachers also increases.
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Conclusions
From a policy perspective, the ability to predict future performance is practically most important
for inexperienced teachers because policies that focus on development (e.g. mentoring programs),
dismissal, and promotion are likely most relevant during this period. Prior work has documented the
relationship between a teacher’s value-added in one year and his or her value-added in future years.
These analyses have been based on teachers without any restriction based on teaching experience.
However, there is reason to believe that the relationship between current performance and future
performance might be different for novice teachers than for other teachers. In particular, substantial
evidence suggests that on average teachers improve more (that is, change their performance more)
over the first years of teaching than over subsequent years.
In this paper we describe the trajectory of teachers’ performance over their first five years as
measured by their value-added to ELA and math test scores of students and how this trajectory varies
across teachers. Our goal is to assess the potential for predicting future performance (performance in
years 3, 4, and 5) based on teachers’ performance in their first two years. We focus particularly on Type I
and Type II error where Type I error is falsely classifying teachers into a group to which they do not
belong (e.g. ineffective or excellent) and Type II error is failing to classify teachers into a group to which
they belong.
We find that, on average, initial performance is quite predictive of future performance, far more
so than measured teacher characteristics such as their own test performance (e.g. SAT) or their
educational experience. On average the highest fifth of teachers remain the highest fifth of teachers; the
second fifth remains the second fifth; the third fifth remains the third fifth; and so on. Predictions are
particularly powerful at the extremes. Initially excellent teachers are far more likely to be excellent
teachers in the future than are teachers who were not as effective in their first few years.
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This said, any predictions we make about teachers’ future performance are far from perfect. The
predicted future scores we estimated were, on average, about 0.14 standard deviation units off from
actual scores (RMSE), which represents a substantial range of possible effectiveness. Certainly, when it
comes to making policy based on any imprecise measures of teacher effectiveness, there is no avoiding
that some mistakes will be made. Thinking about these errors using the lens of Type I versus Type II
errors emphasizes the fact that there are tradeoffs to be made in practice. While most attention has
been paid to the former—falsely identifying teachers as ineffective when they ultimately are not—the
latter represents the failure to identify and address teaching that does not serve students well in terms
of their academic outcomes. The paper highlights the balance between these two kinds of error and also
sheds light on how complex it is to definitively know when these mistakes are made.
We see three immediate strands coming out of the work completed herein. First, we will expand
our existing analysis to middle school teachers. There are reasons to believe that the training, structure,
and organization of middle schools might produce a different growth experience than observed in the
elementary teacher population. Indeed some preliminary work suggests that the relationship between
initial and future performance may be less straight forward in higher grades.
The second next step that arises from this work is to examine potential causes for the notable
variability in growth rates in the early career. While the most effective teachers tend to remain the most
effective and the least effective remain among the least effective, Figure 2 depicts a wide range of
developmental patterns across the teachers in the first five years. Moreover, even when we break the
mean value-added score trajectories over time into quintiles, there is undoubtedly important withinquintile variation. That is, even among the initially least effective teachers, some make up more ground
than others. In future work we seek to identify correlates of teachers’ growth over this time period. Our
interest in this work is piqued by a variance decomposition of the growth in teacher effectiveness over
the first five years of teaching indicating that 30 percent of the variance lies between schools, and 70
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percent within schools. In our larger dataset, we observe a great deal about how teachers were trained,
measures of their generic and teaching abilities, educational attainment details, and pathways into
teaching. Further, once teachers begin teaching, they are undoubtedly influenced by (for better or
worse) the organizational nature of the schools to which they are assigned, their colleagues, school
leaders, and opportunities for professional development. For a few cohorts of New York City teachers,
we can also look more deeply at the experiences of new teachers using in-depth survey data for
teachers who have recently completed their first year. Work in this area is intended to help district
leaders and policy makers understand how new teacher experiences might be modified to improve the
quality of the existing teacher workforce.
Finally, we are interested in an observation that arose as an artifact of trying to follow teachers
across multiple years with value-added scores: Of the 5,516 elementary math teachers who began
teaching in or after the 1999-2000 school year and were present in the teacher database for at least
their first five years, only 842 (about 15.3 percent) received value-added scores in every year. Some
preliminary work suggests to us that teachers who possessed more value-added scores during their
early career tended to be somewhat higher-performing in their initial year. Certainly there are a number
of reasons that could account for missing value-added scores—e.g., switching to a non-tested subject or
grade, insufficient numbers of tested students in a given year, leaves of absence. It is also possible that
some of those explanations could be systematic or strategic on the part of teachers and principals.
While that behavior is in itself of interest to those who wish to understand how teachers and schools
might respond to evaluation policies, it is also interesting to note that we can evaluate such policies only
for teachers who have at least some minimum amount of consistent evidence about how they perform
over time. To the extent that this represents a somehow selective sample, the conclusions we reach
about these policies may be less generalizable to all teachers. We think that examining the nature of the
data patterns that arise in a district like New York might be instructive to the larger field.
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Figures
Figure 1:
Student Achievement Returns to Teacher Early Career Experience, Preliminary Results from Current
Study (Bold) and Various Other Studies

Results are not directly comparable due to differences in grade level, population, and model specification,
however Figure 1 is intended to provide some context for estimated returns to experience across studies for our
preliminary results. Current= Results for grade 4 & 5teachers who began in 2000+ with at least 9 years of
experience. For more on model, see Technical Appendix. C,L V 2007= = Clotfelter, Ladd, Vigdor (2007;
Rivkin, Hanushek, & Kain, 2005), Table 1, Col. 1 & 3; P, K, 2011 = Papay & Kraft (2011), Figure 4 Two-Stage
Model; H, S 2007 = Harris & Sass (2011), Table 3 Col 1, 4 (Table 2); R, H, K, 2005= Rivkin, Hanushek, Kain
(2005), Table 7, Col. 4; R(A-D) 2004 = Rockoff (2004), Figure 1 & 2, (A= Vocab, B= Reading Comprehension,
C= Math Computation, D= Math Concepts); O 2009 = Ost (2009), Figures 4 & 5 General Experience;
B,L,L,R,W 2008 = Boyd, Lankford, Loeb, Rockoff, Wyckoff (2008).
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Figure 2:
Variance across Teachers in Quality (VA) over Experience, by Subject and Attrition Group.

Value-Added Score Trajectories for 100 Randomly Sampled Teachers
(Sample: Elementary Teachers Observed with 5+ VA Scores in First Five Years)
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Supplement to Figure 2.
Standard Deviation of Estimated Value Added Scores, by Levels of Experience in Figure 2
(Across All Teachers in the Sample, versus 100 Teachers Randomly Sampled for the Figure)
Math
ELA
E= 0
E=1
E=2
E=3
E=4
E= 0
E=1
E=2
E=3
Full Sample
0.215 0.231 0.236 0.242 0.240
0.204 0.214 0.222 0.228
100 Teachers
0.211 0.232 0.230 0.243 0.241
0.192 0.204 0.220 0.231
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Figure 3:
Mean VA Scores, by Subject (Math or ELA), Quintile of Initial Performance, and Years of
Experience for Elementary School Teachers with VA Scores in at Least First Five Years of
Teaching.
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Figure 4:
Predicted Future Value-Added Scores (Mean of Years, 3,4, and 5) based on Observed Valued-Added
Scores in Years 1 and 2, by Actual Future Value-Added Scores, with 80% Confidence Intervals
Around Individual Predictions.
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Figure 5:
Distribution of Future Value-Added Scores, by Initial Quintile of Performance

Math Mean VA Score in Years 3, 4, & 5, by Initial Quintiles
Experience Required= (observed at least 1st 05 years with VA)
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Figure 6:
Departures by Future Performance Quintile Based on Early Career Performance
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Tables
Table 1:
Analytic Sample Sizes by Cumulative Restrictions
Math
# Tchrs

# Obs

ELA
# Tchrs

# Obs

All Grade 4-8 Teachers Tied to
Students in NYC since 2000

16,909

45,979

17,607

47,753

Started Teaching in 2000- 2006

13,355

39,367

13,942

41,041

Modal Grade in First Five
Years is Grade 4 or 5

7,656

24,219

7,611

24,282

In HR Dataset for At Least 5 Years

5,516

20,790

5,482

20,860

Has VA Score in At Least 1st Year

4,170

14,085

4,180

14,226

Has VA in 1st and at Least
2 of Next 4 Years

2,068

10,853

2,073

10,967

Has VA in At Least Years 1 thru 3

1,792

9,544

1,798

9,642

Has VA in At Least Years 1 thru 5

842

5,685

859

5,822

Has VA in At Least Years 1 thru 7

329

2,780

346

2,918

Has VA in At Least Years 1 thru 9

135

1,324

139

1,362
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Table 2:
Difference in Mean Value Added and Numbers of Final Analytic Sample Teachers in each
Quintile of Initial Performance, by Approach to Quintile Construction
Q1
Q2
Q3
Q4

Q5

Math Quintiles….
… of All Teacher-Years (1)
... After Limiting to Teachers
in First Year (2)
… And Limiting to
Elementary Teachers (3)
… And Limiting to Teachers
with 5+ VA score (4)

n
mean

104
-0.114

158
0.010

207
0.099

219
0.180

154
0.310

n
mean

51
-0.204

125
-0.069

165
0.031

242
0.132

259
0.306

n
mean

145
-0.125

158
0.011

185
0.102

174
0.188

180
0.346

n
mean

169
-0.112

168
0.028

169
0.113

168
0.196

168
0.354

n
mean

137
-0.107

171
-0.022

185
0.066

235
0.139

131
0.253

n
mean

81
-0.201

127
-0.079

179
0.008

236
0.100

236
0.258

n
mean

168
-0.144

168
-0.015

192
0.068

172
0.151

159
0.298

n
mean

172
-0.142

172
-0.012

172
0.067

172
0.145

171
0.291

ELA Quintiles…
… of All Teacher-Years (1)
... After Limiting to Teachers
in First Year (2)
… And Limiting to
Elementary Teachers (3)
… And Limiting to Teachers
with 5+ VA score (4)

Note: We construct quintiles of performance in a teacher's first two years. The final analytic sample of teachers is
restricted to the teachers who taught primarily fourth or fifth grade and for whom we observe at least five
consecutive years of VA scores, beginning in the teacher's first year of teaching. Note that method (3) above is the
preferred approach for this paper.
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Table 3. Quintile Transition Matrix from Initial Performance to Future
Performance, by Subject (Number, Row Percentage, Col Percentage)
Quintile of Future Performance
Math Initial Quintile
Q1
Q2
Q3
Q4
Q5

Row

Q1

n
(row %)
(col %)

53
(36.6)
(47.3)

37
(25.5)
(23.4)

28
(19.3)
(14.1)

17
(11.7)
(8.5)

10
(6.9)
(5.7)

145

Q2

n
(row %)
(col %)

23
(14.6)
(20.5)

37
(23.4)
(23.4)

49
(31.0)
(24.7)

38
(24.1)
(19.0)

11
(7.0)
(6.3)

158

Q3

n
(row %)
(col %)

22
(11.9)
(19.6)

45
(24.3)
(28.5)

50
(27.0)
(25.3)

42
(22.7)
(21.0)

26
(14.1)
(14.9)

185

Q4

n
(row %)
(col %)

10
(5.7)
(8.9)

25
(14.4)
(15.8)

40
(23.0)
(20.2)

55
(31.6)
(27.5)

44
(25.3)
(25.3)

174

n
(row %)
(col %)
Column Total

4
(2.2)
(3.6)
112

14
31
48
83
(7.8)
(17.2)
(26.7)
(46.1)
(8.9)
(15.7)
(24.0)
(47.7)
158
198
200
174
Quintile of Future ELA Performance

180

Q5

ELA Initial Quintile

842

Q1

Q2

Q3

Q4

Q5

Row

Q1

n
(row %)
(col %)

49
(29.2)
(40.8)

45
(26.8)
(23.7)

40
(23.8)
(20.0)

23
(13.7)
(11.7)

11
(6.5)
(7.2)

168

Q2

n
(row %)
(col %)

33
(19.6)
(27.5)

54
(32.1)
(28.4)

39
(23.2)
(19.5)

28
(16.7)
(14.2)

14
(8.3)
(9.2)

168

Q3

n
(row %)

19
(9.9)

43
(22.4)

48
(25.0)

57
(29.7)

25
(13.0)

192

(col %)

(15.8)

(22.6)

(24.0)

(28.9)

(16.4)

n
(row %)
(col %)

9
(5.2)
(7.5)

37
(21.5)
(19.5)

45
(26.2)
(22.5)

45
(26.2)
(22.8)

36
(20.9)
(23.7)

172

n
(row %)
(col %)
Column Total

10
(6.3)
(8.3)
120

11
(6.9)
(5.8)
190

28
(17.6)
(14.0)
200

44
(27.7)
(22.3)
197

66
(41.5)
(43.4)
152

159

Q4

Q5

859

Note: Initial quintiles are constructed by first restricting the sample to grade four and five
teachers and then identifying five equally sized groups based on a teacher's mean value-added
score in her first two years. The quintiles of future performance are constructed by first
restricting the sample to grade four and five teachers and then identifying five equally-sized
groups based on a teacher's mean value-added score in years three, four, and five. The sample
is subsequently restricted to teachers with value-added scores in at least the first five years.
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Table 4:
Adjusted R-Squared Values for Regressions Predicting Future (Years 3, 4, and 5) VA Scores
as a Function of Sets of Value-Added Scores from the First Two Years
Outcome
Early Career VA Predictor(s)
VA in Y3 VA in Y4 VA in Y5 Mean(VAY3-5)
Math
Math VA in Y1 Only
0.089
0.052
0.070
0.109
Math VA in Y2 Only
0.153
0.165
0.141
0.241
Math VA in Y1 & Y2
0.178
0.171
0.158
0.265
VA in Both Subjects in Y1 & Y2
0.179
0.188
0.166
0.277
VA in Both Subjects in Y1 & Y2 (cubic)
0.175
0.194
0.172
0.278
ELA
ELA VA in Y1 Only
0.029
0.049
0.023
0.064
ELA VA in Y2 Only
0.062
0.114
0.069
0.154
ELA VA in Y1 & Y2
0.075
0.135
0.077
0.181
VA in Both Subjects in Y1 & Y2
0.090
0.145
0.087
0.203
VA in Both Subjects in Y1 & Y2 (cubic)
0.094
0.154
0.086
0.209
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Table 5. Year-to-Year Correlations, by Subject and Experience
Y+0
Y+1
Y+2
Y+3
Y+4
Math
All Teachers
1.000
0.436
0.386
0.343
0.308
New Teachers 1.000
0.373
0.328
0.288
0.246
ELA
All Teachers
1.000
0.327
0.291
0.247
0.223
New Teachers 1.000
0.230
0.181
0.168
0.145

Y+5
0.291
0.175
0.239
0.167

Note: The table presents pairwise correlations between value-added scores in a given year (Y) and the
subsequent year (Y+1), two years later (Y+2), … , five years later (Y+5). We do this for two samples of
teachers—the full sample of teachers who teach elementary grades in New York City (without regard to
years of experience), and a subsample of teachers who began their career in year Y.
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Appendix A
The most straightforward approach to making quintiles would be to simply break the full
distribution of teacher-by-year fixed effects into five groups of equal size. However, we know that valueadded scores for first year teachers are, on average, lower than value-added scores for teachers with
more experience. For the purposes of illustration, imagine that first year teacher effects comprise the
entire bottom quintile of the full distribution. In this case, we would observe no variability in first year
performance—that is, all teachers would be characterized as “bottom quintile” teachers, thus
eliminating any variability in initial performance that could be used to predict future performance. We
thus chose to center a teacher’s first year value-added score around the mean value-added for first year
teachers and then created quintiles of these centered scores. By doing so, quintiles captured whether a
given teacher was relatively more or less effective than the average first year teacher, rather than the
average teacher in the district.
In order to trace the development of teachers’ effectiveness over their early career, we limited
the analytic sample to teachers with a complete set of value-added scores in the first five years. As is
evident from Table 1 above, relatively few teachers meet this restrictive inclusion criterion. We
hesitated to first restrict the sample and then make quintiles solely within this small subset, because we
observed that teachers with a more complete value-added history tended to have higher initial
effectiveness. In other words, a “bottom quintile” first year teacher in the distribution of teachers with
at least five consecutive years of value-added might not be comparable to the “bottom quintile” among
all first years teachers for whom we might wish to make predictions. For this reason, we made quintiles
relative to the sample of all teachers regardless of the number of value-added scores they possessed,
and subsequently limited the sample to those with at least five years of value-added. As a result of this
choice, we observe slightly more top quintile teachers than bottom quintile teachers in the initial year.
However by making quintiles before limiting the sample, we preserve the absolute thresholds for those
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quintiles and thus ensure that they are consistent with the complete distribution of new teachers. In
addition, it is simply not feasible for any districts to make quintiles in the first year or two depending on
how many value-added scores will have in the first five years.
Finally, our ultimate goal is to use value-added information from the early career to produce the
most accurate predictions of future performance possible. Given the imprecision of any one year of
value-added scores, we average a teacher’s value-added scores in years one and two and make quintiles
thereof. We present some specification checks by examining our main results using value-added from
the first two years in a variety of ways (e.g., first year only, second year only, a weighted average of the
first two years, teachers who were consistently in the same quintile in both years). In Table 2, we
present the number of teachers and mean of value-added scores in each of five quintiles of initial
performance, based on these various methods for constructing quintiles. One can see that the
distribution of the teachers in the analytic sample (fourth and fifth grade teachers with value-added
scores in first five years) depends on quintile construction.

Appendix B
In Figure 3 of the paper, we present mean value-added scores over the first five years of
experience, by initial performance quintile. Here we recreate these results across three dimensions: (A)
minimum value-added required for inclusion in the sample, (B) how we defined initial quintiles, and (3)
specification of the value-added models used to estimate teacher effects:
(A) We examine results across two teacher samples based on minimum value-added required
for inclusion. The first figure uses the analytic sample used throughout the main paper—teachers with
value-added scores in at least all of their first five years. The second widens the analytic sample to the
set of teachers who are consistently present in the dataset for at least five years, but only possess valueadded scores in their 1st, and 2 of the next 4 years.
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(B) We examine results across four possible ways of defining quintiles: (1) "Quintile of First
Year"—this is quintiles of teachers' value-added scores in their first year alone; (2) "Quintile of the Mean
of the First Two Years"—this is quintiles of teacher's mean value-added scores in the first two years and
is the approach we use throughout the paper; (3) "Quintile Consistent in First Two Years"—here we
group teachers who were consistently in the same quintiles in first and second year (i.e., top quintile
both years); and (4) "Quintile of the Mean of Y1, Y2, & Y2"—the quintiles of teacher's mean value added
score in first and second year, double-weighting the second year.
(C) Finally, we examine results using two alternative value-added models to the one used in the
paper. "VA Model B" uses a gain score approach rather than the lagged achievement approach used in
the paper. "VA Model D" differs from the main value-added model described in the paper in that it uses
student-fixed effects in place of time-invariant student covariates such as race/ ethnicity, gender, etc.
See next page for results.
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Elem Teachers with VAM in All of First Five Years
Quintile Of Mean of First 2 Years

Quintile Among All 1st-Yr Tchrs

Math

.4

ELA

.4

.4

Math

ELA

.4

.35

.35

.35

.35

183

185

165

.3

.3

168

183

183
183

185

.15
180

180

173

157
164
154

.1
157

.05

132
144

188
188
173
207

180
164
157
154
132
144

207
173
164
132
180
154
157
144

173
207
180
164
157
154
132
144

154

0

168

.15

.1

.05

.2

168

188

Mean VA Score

Mean VA Score

.2
188
207
173

168

194

189

177
194
173

173
173

168

189

173
177
194
189

164
173
156

173
156
164

156
164
173

160
164

160
164

177
194
173
189

189
173
156
164
164
160

160
164

0

164

173
192
173

177
173
194

.15

.1

181
180
171

163
163

176

165

180

165

165
176

173

176
176

192

181

181
180
163

163
171

171

163
171

163

163
143
135

163

180
181

135

135
143

143

163
163

176

.1

170

.05

183
171

170

183
171

176
176
183
170
171
177
166
169
165

177
166

0

176

176

.15

176

170
183
171
166
177
165
169

170
183
171
166
165
177
169

177
166

135

156

-.05

-.05

171

165

.2

192

192
181
180

.05

0

.25

173

173

207
188

183

192

177

185

.2

.25

.25

185

Mean VA Score

185

Mean VA Score

.3

.3

.25

164

-.05

-.05

135

165

143
169

144

-.1

-.1

-.1

-.1

165

143

VA D, 5th Q
VA D, 4th Q
VA D, 3rd Q
VA D, 2nd Q
VA D, 1st Q

-.15
132

-.2

-.25

0

1

2
Experience

VA B, 5th Q
VA B, 4th Q
VA B, 3rd Q
VA B, 2nd Q
VA B, 1st Q
3

-.15

-.2

VA D, 5th Q
VA D, 4th Q
VA D, 3rd Q
VA D, 2nd Q
VA D, 1st Q

164

160

-.25

0

4

1

2
Experience

VA B, 5th Q
VA B, 4th Q
VA B, 3rd Q
VA B, 2nd Q
VA B, 1st Q
3

VA D, 5th Q
VA D, 4th Q
VA D, 3rd Q
VA D, 2nd Q
VA D, 1st Q

-.15

-.2

-.25

0

4

1

.4

Math

ELA

.4

78

78

3

4

ELA
173

190

171

190

206

.25

34

34

41
46
34

27
27
41

27

41

93
39
46

27
46
39
34

41
34
27

34
38

38
34

38
34

41

.15

41
42
41

.1

43
41
43
41

41
32

42
41
32
41
31

53
42

41
43
32
41
31

31
40
32
31

0

220
206

43

43
42
41

.05

53

.2

37
40

37
40

.15

177

.1

-.05

-.25

1

169
152

169
152

0

147

-.05

105

152
147

108
105

177
210
169
147
152

108
105

105
108

.15

171

.1
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VA D, 4th Q
VA D, 3rd Q
VA D, 2nd Q
VA D, 1st Q
2
Experience

3

37

-.15
40
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4
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1

2
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VA B, 4th Q
VA B, 3rd Q
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VA B, 1st Q
3

-.2
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115
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0

-.1
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VA D, 3rd Q
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38

34
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38

-.15
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.05

32

-.05

206
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173

220

206
220

.2
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206

Mean VA Score

39

39

42

40

220

59

Mean VA Score

46
39

173

53

.2

93

Mean VA Score

Mean VA Score

.25

59

53
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40

46

0

VA B, 5th Q
VA B, 4th Q
VA B, 3rd Q
VA B, 2nd Q
VA B, 1st Q

.3
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40
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.15

-.2

2
Experience

.25

40

-.1

1

.4

.35

53
59

40

0

0

Math

.3
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.3

78

.25

.1

-.25

4

.35

93

.05
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VA D, 4th Q
VA D, 3rd Q
VA D, 2nd Q
VA D, 1st Q
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-.2

.35

78

.3

.2
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.4
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.35

3

-.15

Quintile Of Mean of Y1, Y2, Y2

Quintile Consistent in First Two Years
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Elem Teachers with VAM in 1st, and 2 of Next 4 Years
Quintile Of Mean of First 2 Years

Quintile Among All 1st-Yr Tchrs
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ELA

.4

.4
484

.3

.3

Math

565

.3

522

248

481
524

.1
511
497

.05

0
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463
446
439

338

533
473

370
326
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439
461

322
327
312
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297

431

308

424
409
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233
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233
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222
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182
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.15

509
527

.1

.05

492
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374

534

518

482
518

470
507

473
504

459
485

311
351

465

457
461
441
448
430

307
304
315
324

462
450
442
428

229
365
311
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245
223
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215
226
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218
219

0

477

506
488
506

Mean VA Score

Mean VA Score

.15

512
543

.2

.2

Mean VA Score

500
535

216

.15

501
474

.1

501
474

-.05

468

460
460

.05
460

0

476

308

461

309

442

299

462

315

431
437
437

468

.2

489
491

225

313

223
226

302
292
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193

300
188
283
287

425

179
183

418

458

491

213

460

481

-.05

.25

488

551

576

.2

303

.25

.25

350
511

489

.3

484
455

.25

ELA

.4

.35

.35

.35

557

196
316

468

Mean VA Score

Math

.4

.15

459

468
465

438

.1

.05

465
487
487
471

471

482
466

0

455
436
441
454
440

435
434

298
320
297
299
296
310
298
293

208
213

220
209
207
204
202
216
209

482
466

460

493

-.05

-.05

460

470
459

453

470

-.1

-.1

-.1

-.1

469

453

VA D, 5th Q
VA D, 4th Q
VA D, 3rd Q
VA D, 2nd Q
VA D, 1st Q

-.15
445

-.2

-.25

0

1

2
Experience

VA B, 5th Q
VA B, 4th Q
VA B, 3rd Q
VA B, 2nd Q
VA B, 1st Q
3

VA D, 5th Q
VA D, 4th Q
VA D, 3rd Q
VA D, 2nd Q
VA D, 1st Q

484

-.15

-.2

468

-.25

0

4

1

2
Experience

VA B, 5th Q
VA B, 4th Q
VA B, 3rd Q
VA B, 2nd Q
VA B, 1st Q
3

VA D, 5th Q
VA D, 4th Q
VA D, 3rd Q
VA D, 2nd Q
VA D, 1st Q

-.15

-.2

-.25

0

4

1

Quintile Consistent in First Two Years
211

.4

Math
199

-.2

-.25

0

4

500

Math

.3

3

4

ELA

.4

.3

.3
494

533

161

.25

349
482

244

525

.25

.25
161
137

.2

159
130
215

74

103

143
143

.1
108

108
101

52
103
133
107
99

60
83
58
79
75
55

42
49
37

100

101

.05
109
114

132

109

84
90

46
41

138

Mean VA Score

108
53

.15

103

100

109

100
99
85

71
60
58

90
92
92

109
102

47
52
39
39
48
43

110
105

0

67
48

103
110
105

114

73

67

568
516

554

102
69
69

109

.1

.05

148

46

70

.15

.1

536

587

.2

68

.2

145

137

.15

108

608

577
534

511
493

527

493
526

343
368

494
435

320
339
318

212
229

246
249

167

447

.05
482

0

478

-.05

385

-.1

372

375
359
284
258

558

456
439

235
278

202

349

159

342

-.05

.05

336
525

489
508
539

541
576
555

476

563
533

348

0

220

351
373

513

356

498
462

368
336
244
252

343
352

246
255
269
234
162
255
255
176

536
498

509
467

92

-.05

345

381

141
141

-.1

147
147

-.2

-.25

0

498

525

.1

222

496
514

.15

92

-.05

-.15

346

.2

Mean VA Score

226

Mean VA Score

.25

-.1

2
Experience

506

171

91

1

VA B, 5th Q
VA B, 4th Q
VA B, 3rd Q
VA B, 2nd Q
VA B, 1st Q

.35

.35
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226

Mean VA Score

3

VA D, 5th Q
VA D, 4th Q
VA D, 3rd Q
VA D, 2nd Q
VA D, 1st Q
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.35
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0
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392

VA D, 5th Q
VA D, 4th Q
VA D, 3rd Q
VA D, 2nd Q
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2
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VA B, 1st Q
3
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4

0
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1
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2
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VA B, 1st Q
3
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345

-.2
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4

0

1
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VA D, 1st Q
2
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TEACHER LAYOFFS

INTRODUCTION
School districts are confronting difﬁcult choices in the aftermath of the ﬁnancial crisis. In prior recessions, districts often muddled through by imposing
a combination of tax increases and expenditure cuts that avoided involuntary
personnel reductions. Today the ﬁnancial imbalance in many school districts
is so large that there is no alternative to teacher layoffs. In nearly all school
districts, layoffs are currently determined by some version of teacher seniority.
Yet alternative approaches to personnel reductions may substantially reduce
the harm to students from staff reductions relative to layoffs based on seniority. First, because salaries of novice teachers are often much lower than
those of veteran teachers, seniority-based layoffs lead to more teachers being
laid off to meet any given budget deﬁcit, with the associated implications for
class size. Second, because teachers vary substantially in their effectiveness,
staff reduction polices that do not consider effectiveness likely will allow some
ineffective teachers to continue teaching while some more effective teachers
lose their jobs. Third, because many districts have redesigned human resource
policies to place greater emphasis on the recruitment and retention of effective
teachers, they may have hired disproportionately more effective teachers over
the last several years than in prior years. In such cases, seniority-based layoffs will be even more detrimental for quality. Finally, if, as in many districts,
novice teachers are concentrated in schools serving low-achieving students and
students in poverty, a seniority-based layoff approach will disproportionately
affect the students in those schools. As a result, many school district leaders
and other policy makers are raising important questions about whether other
criteria, such as measures of teacher effectiveness, should inform layoffs.1
This policy brief, a quick look at some aspects of the debate, illustrates the
differences in New York City public schools that would result if layoffs were
determined by seniority in comparison to a measure of teacher effectiveness.
Due to data limitations and an interest in simplicity, our analysis employs the
value added of teachers using the fourth- and ﬁfth-grade math and English language arts (ELA) achievement of their students. Unsurprisingly, we ﬁnd that
layoffs determined by a measure of teacher effectiveness result in a more effective workforce than would be the case with seniority-based layoffs. However,
we were surprised by facets of the empirical results. First, assuming readily
available measures of teacher effectiveness actually measure true teacher effectiveness, an assumption to which we return below, the differences between
1.
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For a summary of reactions by policy makers to seniority-based layoffs, see Sawchuck 2010. The
National Council on Teacher Quality (2010) and the New Teacher Project (2010) raise concerns
about relying solely on seniority when making layoffs. Sepe and Roza (2010) ﬁnd that inexperienced
teachers are much more likely to be found in schools with concentrations of poor and low-performing
students, thus concentrating the effect of seniority-based layoffs in those schools.
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seniority- and effectiveness-based layoffs are larger and more persistent than
we anticipated. Second, even though seniority-based layoffs imply laying off
more teachers, the differential effect on class size is very small in our simulations, though it would be larger for larger budget reductions. Third, there
is somewhat greater school-level concentration of layoffs in a seniority-based
system, though with a few notable exceptions both methods result in fairly
dispersed layoffs, with the vast majority of schools having no more than one
layoff in grades 4 and 5 combined.
So where does this leave us? As a result of the limited applicability of
teacher value-added measures (VAMs) to the full population of teachers as
well as concerns about potential mismeasurement of effectiveness associated
with using VAMs even when available, neither seniority nor measures of
value added to student achievement should be the sole criterion determining
layoffs. However, ignoring effectiveness measures completely, as senioritybased systems do, is also problematic. Instead, the use of multiple measures
of effectiveness for layoff decisions holds promise for softening the detrimental
effect of layoffs.
SENIORITY VERSUS EFFECTIVENESS: THE CONCEPTUAL ISSUES
There is substantial evidence that, on average, teachers become more effective
over the ﬁrst few years of their careers (Rivkin, Hanushek, and Kain 2005;
Boyd, Lankford et al. 2008; Goldhaber and Hansen 2010). Since in many
urban school districts newly hired teachers represent roughly 5 percent of the
workforce, a seniority-based layoff that targets less than 10 percent of teachers
would eliminate teachers with two or fewer years of experience, typically those
teachers who are least effective on average.
However, while teachers typically improve over their ﬁrst two years, there
are some very effective new teachers and some quite ineffective teachers with
far greater experience.2 Seniority-based layoffs result in promising, inexperienced teachers losing their positions while their ineffective but more senior
peers continue to teach. As a result, seniority-based layoffs meant to meet
budget shortfalls are more detrimental to students than would be a system
that laid off the least effective teachers ﬁrst. However, schools and districts
are not able to judge teacher effectiveness perfectly, so the important question
is whether they can judge it well enough to improve upon seniority-based
layoffs.

2.

For example, using North Carolina data, Goldhaber and Hansen (2010) estimate that on average
teachers in their ﬁfth year of teaching have math effect sizes that are about 7 percent larger than they
had as ﬁrst-year teachers. However, with a standard deviation of 0.11, there is substantial overlap
between the effectiveness of ﬁrst- and ﬁfth-year teachers.
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Several approaches exist to measure teacher effectiveness, including statistical estimates of teacher value added to student achievement, validated
observation protocols that are administered by principals or trained evaluators, and less formal observational procedures. Little is known about how
these measures overlap or complement each other, but recent work suggests that structured observational protocols correlate with VAMs (Kane et al.
2009; Grossman et al. 2010). In addition, studies ﬁnd that when asked to
evaluate the effectiveness of individual teachers to improve student achievement, principals typically identify as their least effective teachers many of the
same teachers identiﬁed as least effective by value-added analysis (Jacob and
Lefgren 2008; Harris and Sass 2009). These recent studies provide some
evidence of overlap among the different approaches to measuring teacher
effectiveness.
The value-added approach to measuring teacher effectiveness is gaining
popularity, though in most districts principal ratings of teachers are still the
only formal measure of teacher effectiveness (see Kane et al. 2009 for a
description of the Cincinnati school district, which is an exception to this
pattern). Value-added measures have the obvious appeal of linking teachers
to the improvement of their students on state-sanctioned exams. In addition,
VAMs are generally not as costly to collect as observational measures, especially if a system of standardized testing is already in place. In addition,
observational protocols require agreement on what good teaching looks like—
agreement that is often difﬁcult to come by. There are, however, a number of
well-documented problems with employing value added to evaluate individual
teachers in high-stakes decisions such as layoffs. The following are among the
more troublesome issues:3
r
r

r

r

3.
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VAMs can be estimated for just those teachers in tested grades and subjects,
typically math and reading in grades 4–8.
While tested outcomes are important, most would agree that effective
teachers do more than just improve outcomes as measured on standardized
achievement tests.
Value-added estimates are unstable when based on relatively small numbers of students, thus requiring several classes of students to reduce measurement error.
Empirically isolating the effect of individual teachers from other school
inputs and other attributes, many of which are difﬁcult to measure, is

For a more detailed description of issues associated with value added, see Hanushek and Rivkin
2010.
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very tricky in the context of comparing teacher effectiveness across diverse
school environments, as is the case in many school districts.
Measures of value added either compare teachers within the same school
and thus are not able to tell whether on average teachers in one school are
more effective than teachers in another school, or they compare teachers
across schools and thus may be attributing to the teacher some of the differences in student achievement gains due to schoolwide effects. A potential solution to this issue of separating the school effect from the teacher
effect is the use of validated observational protocols, such as CLASS or
the Danielson rubric. These protocols measure teacher practices directly
and thus are less likely to attribute inﬂuences outside the classroom to
the teacher. However, the properties of principal or observational protocols are not well developed in the context of high-stakes outcomes such as
layoffs.
Choosing the criteria for layoffs is not easy. Using either seniority or currently available measures of effectiveness as the primary determinants suffers
from a variety of potential conceptual issues. Seniority suffers from the obvious pitfalls of basing retention on a variable that is only loosely connected
to student outcomes. On the other hand, current research is very thin on the
properties of any of the effectiveness measures for application in the highstakes, politically charged layoff environment. Moreover, VAMs suffer from
the practical and conceptual limitations described above, while the other measures of effectiveness have either not been validated or require considerable
investment to implement.
Nonetheless, many school districts will need to lay off teachers this year.
In the remainder of this policy brief we employ data from New York City
to simulate the differential effects of layoffs determined by seniority and by
VAMs of teacher effectiveness as a means of providing empirical guidance to
the following questions:
r
r
r
r

Who would be laid off under each approach?
How does the effect of layoffs on student achievement compare across
approaches?
How does each approach affect schools and class size?
Are some students disproportionately affected by either approach?

NEW YORK CITY LAYOFFS: AN EMPIRICAL ILLUSTRATION
As an illustration of the differences between layoffs determined by seniority
and those determined by value added, we examine the implications of needing
to meet a budget shortfall equivalent to 5 percent of total teacher salaries. We
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chose 5 percent because this is consistent with discussions in many school districts regarding the magnitude of potential layoffs.4 In New York City layoffs
are determined by inverse seniority in a teacher’s license area—for example,
childhood education or secondary math.5 The law provides no guidance on
how layoffs should be determined across license areas. Because of the current
limitations in the availability of value added and the within-license area requirement of the seniority rules, we apply the budget shortfall to fourth- and
ﬁfth-grade teachers, nearly all of whom have a license in childhood education
and for whom value added in math and ELA can be estimated. We further
structure our analysis by assuming that layoffs applied to teachers as of the
summer of 2009 because the data to calculate teacher value added for the
2009–10 teaching workforce are not yet available.
Our primary analysis employs measures of teacher value added and seniority provided by the New York City Department of Education. Unless otherwise
noted, all estimates are for teachers who taught during the 2008–9 school year.
A teacher’s value-added effectiveness estimate is based on up to four years of
data, depending on the teacher’s longevity within New York City public schools
teaching in fourth and ﬁfth grades, with student achievement scores in math
and ELA.6
We also separately estimate several different models of teacher value added
to explore the robustness of the results across different model speciﬁcations.
The results of these analyses are nearly the same and are noted more specifically below. Our methods for estimating teacher value added are consistent
with what is typically found in the literature. We estimate models that include
student, classroom, and school variables in addition to teacher ﬁxed effects. We
also estimate models with and without controls for teacher experience. Either
approach can be appropriate depending on the policy goal. Excluding experience controls ignores the well-documented ﬁnding that on average teachers
improve over the ﬁrst four or ﬁve years of their career, and less effective novice
teachers in 2009 will likely become more effective teachers within just a few
years. Controlling for experience adjusts for this difference in effectiveness
on average but does not identify the teachers currently most effective. We examine outcomes both ways to assess how much of a difference adjusting for
experience makes in practice. The estimates presented below have also been
adjusted for the instability associated with measurement error—for example,

4.

5.
6.
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For example, New York City was recently considering laying off 4,400 teachers, which is about
5.6 percent of teachers (Medina 2010). However, earlier in the year some districts were projecting
layoffs of 10 percent or more of their teachers (Lewin and Dillon 2010).
Article 52, section 2588 of New York State Education Law deﬁnes how layoffs are to be made in
New York City.
For teachers with fewer than four years of available data, estimates are based on available data.
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when a teacher’s value-added estimate is based on relatively few students—by
employing an empirical Bayes shrinkage adjustment. The appendix outlines
our empirical approach in more detail.
The ﬁrst goal of the analyses is to determine which teachers would be
laid off. In order to do this, we assume the budget shortfall that needs to be
addressed by layoffs in the fourth and ﬁfth grades is equivalent to a 5 percent
reduction in total salaries paid to fourth- and ﬁfth-grade teachers. We then
identify which teachers would be laid off to meet this salary reduction under
a seniority-based system and which teachers would be laid off to meet this
salary reduction under a system that based layoffs on teacher effectiveness
as measured by each of the VAMs available—New York City’s (NYC) own
measure and the ones that we construct. Students take exams in both math
and ELA, so we have measures of teachers’ value added in both of these subject
areas. For the analyses, we average each teacher’s value added based on his
or her students’ math and ELA achievements. We describe the number of
teachers laid off overall, the number of teachers from each school laid off, and
the average effectiveness of the teachers laid off under each approach.
Only part of the teacher effectiveness that value-added approaches measure
is persistent from one year to the next. To address this imperfect persistence,
we reestimate value added for the 2006–7 school year, model layoffs as if they
happened after that year, and then estimate value added only using the 2007–8
and the 2008–9 data to see how effective the laid-off teachers would have been
in the two following years under each approach for determining layoffs. We
present the results of these analyses below.
Who Is Laid Off?

Because seniority-based layoffs target teachers whose salaries are typically
among the lowest, more layoffs are required to meet any given budget deﬁcit.
We ﬁnd that:
r

r

Layoffs that produce a 5 percent reduction in salaries for NYC fourth- and
ﬁfth-grade teachers in 2009 imply terminating about 7 percent of teachers when seniority is the criterion and about 5 percent of teachers when
their value-added effectiveness determines terminations. Said slightly differently, in our simulation a layoff system based on value-added results in
about 25 percent fewer layoffs than one based on seniority.
Few of the teachers identiﬁed to be laid off are the same under the two
approaches. In our simulation, approximately 13 percent of the teachers
who are identiﬁed to be laid off under a seniority-based system would also
be laid off if value added were the criterion. When we employ value-added
estimates that control for experience, the comparable statistic is 5 percent.
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How Are Schools Affected?

Most schools are simulated to lose relatively few teachers, although some
schools would lose more teachers than others. Under a seniority layoff system,
73 percent of schools lose fewer than 10 percent of their fourth- and ﬁfthgrade teachers. However, 12 percent of schools lose more than 20 percent of
teachers under the seniority system. Put a little differently, 35 of 708 schools
lose three or more fourth- and ﬁfth-grade teachers. Value-added layoffs are
somewhat less concentrated. Seventy-two percent of schools have no layoffs,
while fewer than 8 percent lose more than 20 percent of their teachers. In
this case only 10 of 708 schools lose three or more teachers. In some schools,
layoffs would cause important stafﬁng issues, regardless of which system
was employed. In these instances, reallocations across schools would likely
occur.
What Is the Effect on Class Size?

Reducing the teaching workforce implies an increase in class size, other
things equal. However, because our simulation reduces the teaching workforce by only between 5 and 7 percent, class sizes on average increase by
fewer than two students, and the average difference between the two methods of laying off teachers is about half a student per class. Nonetheless, as
described above, a small portion of schools would lose a meaningful portion of their teachers, and without reallocations across schools this would
result in noticeable increases in class size. For example, schools that lost
20 percent of their fourth- and ﬁfth-grade teachers would experience average class size increases of about 5.5 students per class in those grades. It is
very likely that teachers would be reallocated across schools to moderate these
effects.
How Do Layoffs Affect Achievement?

Figure 1 shows the average math and ELA value-added distribution of all fourthand ﬁfth-grade teachers and that for teachers laid off under each system. While
a system of seniority-based layoffs does terminate some low-value-added teachers (the portion of the left tail of the distribution to the left of the vertical dashed
line labeled δ), most of the teachers who would be laid off by seniority have
substantially higher value added than even the highest value-added teacher
terminated under the value-added criterion. The distribution of teachers laid
off under a seniority-based system is very similar to the overall distribution
of teacher value added. To the extent that VAMs reﬂect actual effectiveness in
the classroom, the value-added approach identiﬁes the least effective teachers.
The typical teacher who is laid off under a value-added system is 26 percent
of a standard deviation in student achievement less effective than the typical
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Figure 1. Frequencies of Teacher Layoffs by Teacher Value-Added to Math and English Language
Arts Achievement

seniority-based layoff.7 This is a large effect, corresponding to more than twice
the difference between a ﬁrst- and ﬁfth-year teacher and equivalent to the
difference between having a teacher who is 1.3 standard deviations below the
effectiveness of the average teacher.
We estimate that teachers laid off under the seniority system are much less
experienced and have somewhat lower value added than those who remain.
Under such a system, those laid off are on average seven years less experienced and have approximately 5 percent of a standard deviation in student
achievement lower value added than their peers who remain. As expected, the
differences under a layoff system determined by value added are more striking.
Using a value-added system, those laid off and their peers who remain differ
in experience by about half a year. However, the average value added of those
laid off is 31 percent of a standard deviation of student achievement lower than
that for teachers who remain.
We can also compare the resulting layoffs to an observational measure
of teacher effectiveness. Each year NYC principals rate a small percentage of

7.

These differences are very similar to those we obtain when experience controls are included in the
estimates of teacher ﬁxed effects.

447

TEACHER LAYOFFS

teachers as “unsatisfactory.”8 Of the teachers in our simulation, 2.5 percent
received a U rating between 2006 and 2009. Principal unsatisfactory ratings
are much more closely aligned with value-added layoffs than seniority-based
layoffs, although not nearly perfectly so. Of teachers who received a U over
the last four years, 16 percent would have been laid off under the value-added
criterion, while none would have been laid off using the seniority criterion.
Teachers in our simulation identiﬁed as unsatisfactory by their principals
had an average value added of 9 percent of a standard deviation of student
achievement lower than their peers who did not receive an unsatisfactory
rating. Value-added estimates of effectiveness and the principal ratings have
some overlap but address different dimensions of performance.
Because the proportion of all teachers who are terminated under either
system is relatively small, depending on one’s perspective, the difference between the two systems may or may not be viewed as consequential. For the
students who would have been taught by the teachers laid off under each system, the layoff rule is clearly of great consequence. However, because only a
relatively small percentage of teachers are laid off, the difference does not have
a large effect on the average achievement of students in the district. Under
the two scenarios, the average value-added effectiveness of the fourth- and
ﬁfth-grade workforce is estimated to differ by less than 2 percent of a standard
deviation of student achievement, or about one-tenth of a standard deviation
in teacher value added. The size of this effect is about equivalent to 12 percent
of the difference in value added between the average ﬁrst-year teacher and
the average ﬁfth-year teacher. While small on average, this effect has some
overall impact, and, if lower value-added teachers also reduce the effectiveness
of other teachers in their school, the difference between the seniority-based
and the value-added systems may be bigger.
The Effect on Future Achievement

Employing value added or other measures of effectiveness for determining
layoffs assumes that these measures are good predictors of future effectiveness. However, there are reasons why this might not be the case. For example,
there is research documenting that student achievement test scores reﬂect
substantial measurement error (Boyd, Grossman, et al. 2008) and that estimates of teacher value added vary substantially over time (McCaffrey et al.
2009; Goldhaber and Hansen 2010). In addition, despite controlling for experience, some novice teachers will improve more quickly or more slowly than
the average. Each of these would suggest that value-added estimates employed
8.
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The details of the system are set out in “Teaching for the 21st Century” (see www.uft.org/ﬁles/
attachments/teaching-for-the-21st-century.pdf).
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in layoff decisions made one year may mischaracterize teachers’ value added
in future years.
To explore the effects of layoffs on student achievement in subsequent
years, we simulate how layoffs would have been made in the summer of
2007 had the district used data for 2005–6 and 2006–7.9 We then follow
these teachers for two additional years and compare their effectiveness estimates based on the ﬁrst two years with separate estimates based solely on the
second two years in order to assess whether there are persistent differences
in effectiveness between outcomes when layoffs are based on seniority rather
than value added. This simulation indicates that in 2007 the teachers laid off
under a value-added system are, on average, less effective than those laid off
under a seniority-based system by 36 percent of a standard deviation of student
achievement, which is about 1.9 standard deviations of teacher value added,
results that are somewhat greater than our estimates for the 2009 layoff. We
follow both groups over the next two years and assess their effectiveness in
2009 using data for just 2008 and 2009. The difference is now 12 percent
of a standard deviation of student achievement—equivalent to the difference
between ﬁrst- and ﬁfth-year teachers—and is also equal to having a teacher
who is about 0.7 standard deviation less effective than the average teacher. Although there is an important decline in the difference between seniority and
value-added estimates when we project the effect to future student achievement, meaningful differences remain. The method by which teachers are laid
off has important implications for future achievement.
The comparisons of future achievement presented above represent conservative estimates of the difference between seniority and value-added-based
layoffs. When we employ estimates of teacher value added that control for
experience, the difference in future achievement between seniority and valueadded-based layoffs is 19 percent of a standard deviation in student achievement (compared with the 12 percent shown above), which is 1.0 standard deviation in teacher value added (compared with 0.7) and now equivalent to about
1.5 times the difference between a ﬁrst- and a ﬁfth-year teacher. In addition,
if instead of using combined math and ELA value-added estimates our layoff
decisions had been made based solely on math achievement, the difference
in value added between seniority-based and value-added-based estimates is
21 percent of a standard deviation in student achievement, which is 1.0 standard
deviation of teacher value added. Finally, if the pre- and post-layoff estimates
9.

Because we do not have a seniority measure in 2007, we simulate teacher layoffs in that year by
laying off all ﬁrst-year teachers (8.4 percent of all teachers). This resulted in a salary savings of
6.2 percent. We then laid off the least effective teachers until we realized the same salary savings.
In this case 6.8 percent of teachers would be laid off, with the most effective laid-off teacher having
a value added of −0.28.

449

TEACHER LAYOFFS

were each based on more than two years of data, the reduction in estimation
error likely would lead to a higher correlation between those estimates. In turn,
the difference between the impact of seniority-based and value-added-based
layoffs on future achievement would likely be larger.
Are Some Students Disproportionately Affected?

Teachers often sort systematically into schools based on student characteristics.
For example, schools with a higher proportion of black students or students in
poverty may have teachers with weaker credentials or less experience (Jackson
2009; Lankford, Loeb, and Wyckoff 2002). As a result, the different criteria for
layoffs may differentially affect groups of students. However, our simulation
shows little difference in the average characteristics of students taught by
teachers laid off under a seniority-based system compared with a value-added
approach. For example, teachers laid off based on seniority came from schools
where about 80 percent of the students were free or reduced price lunch
eligible. The comparable ﬁgure for teachers identiﬁed for layoff under a valueadded criterion taught in schools where 79 percent of the students, on average,
were free or reduced price eligible. Similarly, the teachers who would be laid off
under a seniority-based rule taught in schools where, on average, 4 percent of
the students achieve at level 1 on the fourth-grade math exam, while 4.5 percent
of the students performed at level 1 for teachers identiﬁed to be laid off by a
value-added criterion.
SUMMARY
In the face of substantially diminished revenues, policy makers must juggle a
variety of issues in deciding how to close budget deﬁcits. In this regard, policy
makers in many school districts believe that teacher layoffs are an important
option but struggle with choosing the best criteria for laying off teachers. The
standard approach in most school districts relies on measures of seniority.
Our simulations show substantial differences in the teachers laid off under a
seniority-based system and those who would be laid off if the system instead
relied on teacher VAMs. Results for other districts, or even for other grades or
license areas in New York City, may differ from those presented here, so this
analysis needs to be expanded.
Value added is currently feasible only for the portion of teachers who teach
in tested grades and subjects, often math and ELA in grades 4–8, thus limiting
its applicability. In addition, as described above, we know little about the
extent to which VAMs employing standardized achievement tests capture other
important dimensions of teaching. While these issues should be considered
in the application of value added, we should not lose sight of the main point.
Informing teacher layoffs with measures of effectiveness, while not perfect,
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does offer the potential to meaningfully improve the quality of instruction in
some classrooms.
Evidence is emerging that several forms of teacher evaluation identify
many of the same teachers as least effective. Principal evaluations identifying
the least effective teachers overlap with those identiﬁed by value-added estimates (Jacob and Lefgren 2008; Harris and Sass 2009). In addition, rigorous
teacher observation protocols are positively correlated with VAMs of effectiveness (Grossman et al. 2010; Kane et al. 2009). Given these ﬁndings and the
large differences found in our layoff simulation, employing fair and rigorous measures of teacher effectiveness for teacher layoffs, rather than seniority
measures, can be expected to yield much stronger achievement outcomes for
students. Measures that include a variety of approaches of assessing teacher
effectiveness offer promise but should be carefully evaluated to better understand their strengths, weaknesses, and complementarities.
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APPENDIX: TEACHER VALUE-ADDED ESTIMATION
DATA
The data we employ on teachers in grades 4 and 5 and their students in
grades 3, 4, and 5 for school years 2005–6 through 2008–9 come from the
New York City Department of Education (NYCDOE). The student data consist
of a demographic data ﬁle and an exam data ﬁle for each year from 2004–5
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through 2008–9. The demographic ﬁles include measures of gender, ethnicity,
language spoken at home, free lunch status, special education status, number
of absences, and number of suspensions for each student who was active
in grades 3–8 that year. The exam ﬁles include, among other things, the
year in which an exam was given, the grade level of the exam, and each
student’s scaled score on the exam. Using these data, we construct a studentlevel database where exam scores are normalized for each subject, grade, and
year to have a zero mean and unit standard deviation, to accommodate any
year-to-year or grade-to-grade anomalies in the exam scores. For our purpose,
we consider a student to have value-added information in cases in which he
or she has a score in a given subject (ELA or math) for a particular year
and a score for the same subject in the immediately preceding year for the
immediately preceding grade. We do not include cases in which a student took
a test for the same grade two years in a row or where a student skipped a
grade.
Data on teachers come from the NYCDOE. We employ NYCDOE information to match teachers to their classrooms and students. For this analysis,
we employ information on teachers’ seniority and experience provided by the
NYCDOE and teacher salaries from the New York State Department of Education. Classroom data for students come largely from aggregating student-level
data to the classroom level. In addition, we include class size and employ
school-level information regarding enrollment, student sociodemographics,
and pupil-teacher ratios drawn from the Common Core of Data.

ESTIMATION
Our primary analysis—the simulation of layoffs in 2009—employs measures
of teacher value added provided to us by the NYCDOE. The 2007 simulation employs our own value-added estimates. Using student data for the
2005–6 and 2006–7 school years, the effects of student, classroom, and
school variables on student achievement are estimated after sweeping out
teacher ﬁxed effects. In turn, the teacher ﬁxed effects were estimated by calculating the mean student-level residuals (by teacher) from the ﬁrst-stage
regression. The standard errors for the estimated teacher effects are proxied
using the standard deviations of the mean residuals, an approach that ignores
the fact that those residuals are based on estimated parameters. We follow
the same procedure in creating teacher ﬁxed effect estimates using data for
2006–9, with the obvious difference that these estimates employ four years of
data.
Having to use estimates of the actual value teachers add to student achievement, rather than their true value added, implies that it is important to take
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into account the corresponding measurement error. We follow the standard
approach of adjusting the value-added estimates employing empirical Bayes
shrinkage to account for the estimation error. A conditional Bayes estimator
is employed that results in the variance of these estimates equaling our best
estimate of the variance in the actual value added of teachers (Carlin and Louis
1996). Statistics reported in this brief are for these conditional Bayes estimates.
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