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School administrators, parents, and students
themselves widely support the notion that
teacher quality is vital to student achievement,
despite inconsistent evidence linking achieve-
ment to observable teacher characteristics (Erik
A. Hanushek, 1986). This has led many observ-
ers to conclude that, while teacher quality may
be important, variation in teacher quality is
driven by characteristics that are difficult or
impossible to measure. Researchers have there-
fore come to focus on using matched student–
teacher data to separate student achievement
into a series of “fixed effects,” and assigning
importance to individuals, teachers, schools,
and so on.

Credible identification of teacher fixed ef-
fects requires matched student–teacher data
wherein both student achievement and teachers
are observed in multiple years. This type of data
is not readily available to researchers, in large
part because school districts do not use panel
data for evaluation purposes.1 In previous stud-
ies, researchers have either collected informa-
tion directly from school districts (Hanushek,
1971; Richard Murnane, 1975; David Armor et
al., 1976; Albert Park and Emily Hannum,
2002; Claudia Uribe et al., 2003) or used data
collected by a research institution (Daniel
Aaronson et al., 2003; Steven G. Rivkin et al.,

2003). Almost all of the empirical difficulties in
these studies are related to data quality. For
instance, teacher effects cannot be separated
from other classroom-specific factors in several
of these studies because teachers were only
observed with one class of students.

I use a rich set of panel data on student test
scores and teacher assignment to estimate more
accurately how much teachers affect student
achievement. Panel data on students’ test scores
allow me to focus on differences in the perfor-
mance of the same student with different teach-
ers, and thus to distinguish variation in teacher
quality from variation in students’ cognitive
abilities and other characteristics. Observing the
same teacher with multiple classrooms allows
me to differentiate teacher quality from factors
such as class size. In addition, by focusing on
variation in student achievement within partic-
ular schools and years, I separate variation in
teacher quality from variation in school-level
educational inputs (e.g., principal quality) and
time-varying factors that affect test perfor-
mance at the school level.

This analysis extends research on teacher
quality in two additional ways. First, I use a
random-effects meta-analysis approach to mea-
sure the variance of teacher fixed effects while
taking explicit account of estimation error.
Since estimation error will bias upward the vari-
ance of the distribution of teacher fixed effects,
the corrected measure provides a more accurate
portrayal of the within-school variation in
teacher quality. Second, I measure the relation
between student achievement and teaching ex-
perience using variation across years for indi-
vidual teachers. This strategy will not confound
the causal effect of teaching experience with
nonrandom selection based on teacher quality
or differences in teacher quality across cohorts.

My empirical results indicate large differ-
ences in quality among teachers within schools.
A one-standard-deviation increase in teacher
quality raises test scores by approximately 0.1
standard deviations in reading and math on
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1 The Tennessee Value Added Assessment System,
where districts, schools, and teachers are compared based
on test-score gains averaged over a number of years, is a
noteworthy exception.
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nationally standardized distributions of achieve-
ment. I also find evidence that teaching experi-
ence significantly raises student test scores,
particularly in reading subject areas. Reading
test scores differ by approximately 0.17 stan-
dard deviations on average between beginning
teachers and teachers with ten or more years of
experience.

I. Matched Student–Teacher Panel Data

I obtained data on elementary-school stu-
dents and teachers from two contiguous districts
located in a single New Jersey county. I will
refer to them as districts A and B.2 In both
districts there are multiple elementary schools
serving each grade, and multiple teachers in
each grade within each school. Elementary stu-
dents remain with a single teacher for the entire
school day, receive reading and math instruc-
tion from this teacher, and are tested in basic
reading and math at the end of each school year
using nationally standardized exams.3 Analyz-
ing the districts separately revealed no marked
differences in results, and I combine them here
for simplicity and estimation power.

Test-score data span the school years from
1989–1990 to 2000–2001 in district A and
from 1989–1990 to 1999–2000 in district B.
Students are tested from Kindergarten through
5th grade in district A, and from 2nd through
6th grade in district B. They take as many as

four subject-area tests per year: Reading Vocab-
ulary, Reading Comprehension, Math Compu-
tation, and Math Concepts.4

Roughly 10,000 students are present in these
data, as well as almost 300 teachers. In both
districts, more than half of the students I ob-
serve were tested at least three times and over
one-quarter were tested at least five times. The
median number of classrooms observed per
teacher is six in district A and three in district B.
Approximately one-half of the teachers in dis-
trict A and one-third of the teachers in district B
are observed with more than five classrooms of
students.

II. Student Test Scores and Teacher Quality

Equation 1 provides a linear specification of
the test score of student i in year t:

(1) Ait � �i � �Xit � �
j

��� j� � f�Expt
� j��

� �Ct
� j��Dit

� j� � �
s

�stSit
�s� � �it .

The test score (Ait) is a function of the student’s
fixed characteristics (�i), time-varying charac-
teristics (Xit), a teacher fixed effect (�( j)), teach-
ing experience (Expt

( j)), observable classroom
characteristics (Ct

( j)), a school-year effect (�st),
and all other factors that affect test scores (�it),
including measurement error.5 Dit

( j) and Sit
(s) are

2 For reasons of confidentiality, I refrain from giving any
information that could be used to identify these districts.
However, it is important to note that these districts do not
represent especially advantaged or disadvantaged popula-
tions. According to New Jersey state school district classi-
fications, the average socioeconomic status of residents in
these school districts is above the state median, but consid-
erably below that of the most affluent districts. The propor-
tion of students eligible for free/reduced price lunch in these
districts fell near the 33rd percentile in the state during the
2000–2001 school year. Spending per pupil that year was
slightly above the state average in district A, and slightly
below average in district B.

3 In addition, according to district officials, students are
not placed into classrooms based on ability or achievement.
In support of this claim, I find that classroom dummy
variables do not have significant predictive power for pre-
vious test scores within schools and grades, and actual
classroom assignment produces a mixing of classmates
from year to year that resembles random assignment. Re-
sults for these tests are available from the author upon
request.

4 Over this time period, districts administered the Com-
prehensive Test of Basic Skills (CTBS), the TerraNova
CTBS (a revised version of CTBS), and the Metropolitan
Achievement Test (MAT). The subject-area names are iden-
tical across all of these tests. Because I only examine
variation in teacher quality within schools and years, poten-
tial effects of test acclimation at the district or school level
will not be attributed to teachers.

5 In equation (1) there is no explicit relationship between
current test scores and past inputs except those that span
across years, like �i. Learning is a cumulative process, and
current inputs, such as teacher quality, may affect both
current and future student achievement. If the quality of
current inputs and past inputs are correlated, conditional on
the other control variables, such persistence will bias my
estimates. However, classroom assignment appears similar
to random assignment in these districts, so this source of
bias is unlikely to affect my results. A simple way to
incorporate persistence, used in a number of other studies, is
to model teacher effects on test-score gains, as opposed to
levels. However, this type of model restricts changes in test
scores to be perfectly persistent over time, which, if not true,
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indicator variables for whether the student had,
respectively, teacher j and school s during
year t.

Experience and year are collinear within
teachers (except for the few who leave and
return) so the identification of both teacher fixed
effects and experience effects requires an as-
sumption regarding the form of f (Exp). I as-
sume that additional teaching experience does
not affect student test scores after a certain
cutoff point (Exp). Year effects are therefore
identified from students whose teachers have
experience above the cutoff. This assumption is
summarized by equation (2), where DExpt

� j��Exp̄ is an
indicator variable for whether teacher j has less
than Exp years of experience:

(2) f�Expt
� j�� � f̃ �Expt

� j��DExpt
� j� � Exp̄

� f̃ �Exp̄�DExpt
�j�

	 Exp̄ .

This restriction is supported by previous re-
search that suggests any gains from experience
are made in the first few years of teaching
(Rivkin et al., 2001). Moreover, the plausibility
of this assumption can be examined by viewing
the estimated marginal effect of additional ex-
perience at Exp.

Grade and year are collinear within students
(except for the few who repeat grades), so grade
and year effects cannot be included simulta-
neously. I prefer to control for school-year vari-
ation because test scores are already normalized
by grade level and because there may be con-
siderable idiosyncratic year-to-year variation in
school average test scores (Kane and Staiger,
2001). Substituting school-grade effects for
school-year effects does not change the charac-
ter of my results.

The importance of fixed teacher quality can
be measured by the variation in teacher fixed
effects. For example, one might measure the
expected rise in test score for moving up one
standard deviation in the distribution of teacher
fixed effects. However, the standard deviation

of the estimated fixed effects will overstate the
actual variation in teacher quality because of
sampling error. In order to correct for this bias,
I assume that teacher fixed effects (�( j)) are
independently drawn from a normal distribution
with some variance 
�

2. The set of J true teacher
fixed effects (�) can therefore be considered a
mean-zero vector with common variance, as
shown by equation (3):

(3) �� j� �
i.i.d. N�0, 
�

2�f � � N �0, 
�
2IJ�.

Equation (4) expresses that a set of consistent
estimates of teacher fixed effects (�̂) is a nor-
mally distributed random vector whose ex-
pected value is the set of true teacher effects
(�) and whose variance is estimated by the
variance–covariance matrix of the teacher
fixed-effects estimates (V̂):

(4) �̂ � N ��, V̂�.

Given the distribution of the true fixed effects,
the estimated teacher fixed effects are distrib-
uted as a mean-zero vector with variance equal
to the sum of the true fixed effects variance and
sampling error [equation (5)]. The underlying
variance of teacher fixed effects (
�

2) can be
estimated via maximum likelihood:6

(5) �̂ � N �0, V̂ � 
�
2IJ�.

Table 1 shows F tests of the joint significance of
teacher fixed effects and the joint significance of
experience from estimates of equation (1).7

would lead to the same type of bias. In addition, test-score
gains can be more volatile, since the idiosyncratic factors
that affect test-score levels will affect gains to twice the
extent (Thomas Kane and Douglas Staiger, 2001).

6 This approach is parallel to a random-effects meta-
analysis, where �( j) is an estimated treatment effect from
one of many studies, V̂ is the estimated variance of these
estimates, and 
�

2 (the parameter of interest) is the variance
of treatment effects across studies.

7 All standard-error calculations allow for clustering at
the student level; f̃ (Expt

( j)) is specified as a cubic, and Exp
is set equal to ten years of experience. The time-varying
student controls (Xit) I am able to include are indicator
variables for being retained or repeating a grade. The class-
room controls (Ct

( j)) are class size, being in a split-level
classroom, and being in the lower half of a split-level
classroom. Split-level classrooms refer to classes where
students of adjacent grades are placed in the same class-
room. The coefficient estimates for these variables are not
shown for simplicity but are available from the author upon
request. Notably, class size did not have a statistically
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Teacher fixed effects are significant predictors
of test scores in all subject areas; the p values
for the tests all fall below 0.01. Experience is a
significant predictor of test scores for both read-
ing subjects and math computation, but not
math concepts.

The raw standard deviation and the estimated
underlying standard deviation of teacher fixed
effects (
�) are shown in Table 2. These are
expressed in standard deviations on the national
distribution of test scores. For all four subjects,
the adjusted standard deviation is considerably
lower than the raw standard deviation; for read-
ing and math test scores, the adjusted measures
are, respectively, about one-half and one-third
the size of the raw measures. However, the
adjusted measures still imply that teacher qual-
ity has a large impact on student outcomes.
Moving one standard deviation up the distribu-
tion of teacher fixed effects is expected to raise
both reading and math test scores by about 0.1
standard deviations on the national scale.

It is difficult to know how the distribution of
within-school teacher quality in these districts
compares to the distribution of quality among
broader groups of teachers, for example, state-
wide or nationwide. However, salaries, geo-
graphic amenities, and other factors that affect

districts’ abilities to attract teachers vary to a
much greater degree at the state or national
level. This suggests that variation in quality
among teachers at broader geographical levels
may be considerably larger than the within-
school estimates presented here.

To better interpret experience effects, I plot
point estimates and 95-percent confidence inter-
vals for the function f (Expt

( j)) in Figure 1. These
results provide substantial evidence that teaching
experience improves reading test scores. Ten
years of teaching experience is expected to
raise vocabulary and reading-comprehension
test scores, respectively, by about 0.15 and 0.18
standard deviations (Fig. 1B). However, the
path of these gains is quite different between the
two subject areas. In line with the identifying
assumption, the function for vocabulary scores
exhibits declining marginal returns that ap-
proach zero as experience approaches the cutoff
point. Marginal returns to experience appear to
be linear for reading comprehension and sug-
gest that my identification assumption may be
violated in this case. If returns to experience
were positive after the cutoff, as it appears they
might be, the experience function I estimate
would be biased downward, because estimated
school-year effects would be biased to rise over
time. Thus, these results may provide a conser-

significant effect on student test scores in any subject area.
The average past performance of students’ classmates and
other peer characteristics also were not significant predic-
tors of student test scores. I do not include these measures
of peer quality in the analysis presented here because the
inclusion of past achievement as a control variable forces
me to drop a substantial fraction of observations (i.e., an
entire grade and year).

TABLE 1—STUDENT TEST SCORES AND TEACHER QUALITY

Statistic

Reading Math

Vocabulary Comprehension Computation Concepts

Number of

observations

23,921 27,610 24,705 30,316

R2 0.80 0.79 0.78 0.81
F test, H0:

f(Exp) � 0

4.01 4.77 2.78 0.81
(0.01) (�0.01) (0.04) (0.49)

F test, H0:

{�} � 0

4.43 2.75 3.72 5.30
(�0.01) (�0.01) (�0.01) (�0.01)

Notes: All regressions include teacher fixed effects, student
fixed effects, and school-year effects. Numbers in parenthe-
ses are p values from F tests.

TABLE 2—WITHIN-SCHOOL VARIATION IN TEACHER

QUALITY: THE STANDARD DEVIATION OF THE TEACHER

FIXED-EFFECTS DISTRIBUTION

Measure
Raw
SD

Adjusted
SD

Number of
teachers

Reading vocabulary 0.21 0.11 224
(0.04)

Reading comprehension 0.20 0.08 252
(0.03)

Math computation 0.28 0.11 263
(0.02)

Math concepts 0.30 0.10 297
(0.04)

Notes: Teacher fixed effects are estimated in regressions
that include controls for being held back or repeating a
grade, class size, being in a split-level classroom and being
in the lower half of a split-level classroom, student fixed
effects, school-year effects, and experience effects. Ad-
justed measures are based on maximum-likelihood esti-
mates of the underlying variance of the teacher fixed-effect
distribution. See explanation in text. Standard errors are
reported in parentheses.
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vative estimate of the impact of teaching expe-
rience on reading comprehension test scores.

Evidence of gains from experience for math
subjects is weaker (Fig. 2). The first two years
of teaching experience appear to raise scores
significantly in math computation (about 0.1
standard deviations). However, subsequent years
of experience appear to lower test scores,
though standard errors are too large to conclude
anything definitive about this latter trend. There
is not a statistically significant relationship be-
tween teaching experience and math concepts
scores, though point estimates suggest positive
returns that come in the first few years of
teaching.

III. Conclusion

The empirical evidence above suggests that
raising teacher quality may be a key instrument
in improving student outcomes. However, in an
environment where many observable teacher

characteristics are not related to teacher quality,
policies that reward teachers based on creden-
tials may be less effective than policies that
reward teachers based on performance. Test
scores do not capture all facets of student learn-
ing. Nevertheless, test scores are widely avail-
able, objective, and are widely recognized as
important indicators of achievement by educa-
tors, policymakers, and the public. Recent stud-
ies of pay-for-performance incentives for
teachers in Israel (Victor Lavy, 2002a, b) indi-
cate that both group- and individual-based in-
centives have positive effects on students’ test
scores.

Teacher evaluations may also present a sim-
ple and potentially important indicator of
teacher quality. There is already substantial ev-
idence that principals’ opinions of teacher qual-
ity are highly correlated with student test scores
(Murnane, 1975; Armor et al., 1976). Moreover,
while evaluations introduce an element of sub-
jectivity, they may also reflect valuable aspects
of teaching not captured by student test scores.

FIGURE 1. THE EFFECT OF TEACHER EXPERIENCE

ON READING ACHIEVEMENT, CONTROLLING

FOR FIXED TEACHER QUALITY

Note: Dotted lines are the bounds of the 95-percent confi-
dence interval.

FIGURE 2. THE EFFECT OF TEACHER EXPERIENCE ON MATH

ACHIEVEMENT, CONTROLLING FOR FIXED TEACHER QUALITY

Note: Dotted lines are the bounds of the 95-percent confi-
dence interval.
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Efforts to improve the quality of public-
school teachers face some difficult hurdles, the
most daunting of which is the growing shortage
of teachers. William J. Hussar (1999) estimated
the demand for newly hired teachers between
1998 and 2008 at 2.4 million, a staggering fig-
ure, given that there were only about 2.8 million
teachers in the United States during the 1999–
2000 school year. There is also evidence that
union wage compression and improved labor-
market opportunities for highly skilled females
have led to a decline in the supply of highly
skilled teachers (Sean Corcoran et al., 2004;
Caroline Hoxby and Andrew Leigh, 2004).
Given this set of circumstances, it is clear that
much research is still needed on how high-quality
teachers may be identified, recruited, and retained.
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