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Teachers, Schools and Academic Achievement

by Steven G. Rivkin, Eric A. Hanushek, and John F. Kain

1. Introduction

Since the release of Equality of‘Educational Opportunity (the "Coleman Report") in 1966, the
educational policy debate has often been reduced to a series of simplistic arguments and assertions
about the role of schools in producing achievement.! The character of this debate has itself been
heavily influenced by confusing and conflicting research. While this research has suffered from
inadequate data, imprecise definitions of the underlying problems and issues have 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 the current policy debate and considers how observed
student performance can be used to address each. It then employs a unique panel data set of students in
Texas that permits clear identification of the sources of differences in student achievement and of the
relevance of a broad class of policies related to school resources. The empirical work, which extends
the prior analysis in Kain and Singleton (1996), remains a preliminary investigation of the very
complex achievement process found in schools. Nonetheless, findings diverge sharply from many
commonly held policy perspectives, raising serious concerns about the current institutional structure of
schools.

Some very basic questions that have arisen from prior work command a central position in
most policy discussions. First, partly resulting from common interpretations of the Coleman Report, a

surprising amount of controversy continues over whether schools "make a difference” or not. This

'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, 1997) and Greenwald et al. (1996). Those discussions represent the starting point
for this research.



issue comes down to a simple one of whether or not there are significant differences among schools in
their ability to raise achievement. Second, to the extent that there are differences in the impact of
schools, is it the teachers, the principals, or the organization of the schools that is the major source of
the differences? Third, if in fact schools differ in their impact, are these differences systematically
related to school resources or to measurable aspects of schools and teachers? (This third issue is in fact
the genesis of the first, because the Coleman Report reported relatively small effects on student
achievement of differences in the measured attributes of schools ~ a finding that has frequently been
imterpreted as indicating that there are no systematic quality differences among schools). Fourth, is the
impact of any systematic differences in resources sufficient to justify policy initiatives designed to
provide more of those resources?

By employing an extraordinarily rich data set for achievement of students in the State of Texas,
we can provide quite precise answers to each of those questions. The data contain 3rd, 4th, 5th and 6th
grade test scores for one cohort of students (4th graders in 1994) and 3rd, 4th and 5th grade test scores
for 4th graders in 1993 and 1995. The multiple cohorts and grades permit identification of the
importance of specific teachers versus the school as a whole. And, the very large samples, exceeding
3,000 schools and one half million students, remove much of the ambiguity about the effects of
observable teacher characteristics such as class size, experience and education. While small effects of
these factors could be difficult to detect in many samples previously ;xsed, such is not the case here.

The repeated performance observations also provide an excellent means of controlling for
student heterogeneity and the nonrandom matching of students, teachers and schools through the use of
fixed effects models. 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 to place students into programs and classes. Therefore it is difficult to interpret between
schoo} or even between classroom differences in student achievement gains, because such differences
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confound school or teacher effects with the influence of individual and family factors. Even value-
added regression techniques that account for observable differences in student characteristics that might
be related to the rate at which students learn are unlikely to account for all relevant factors related to
both achievement and the selection of schools and teachers. However, the availability of multiple tests
permits 2 comparison of academic performance in two different grades. Any performance differential
between grades cannot be driven by unchanging student attributes such as ability or motivation.
Comparisons for students who remain in the same campus in two successive years further isolate the
influence of teachers, since peer group and school characteristics are similar for both grades.

The results show large differences among schools in their impact on student achievement.
These differences are centered on the differential impact of teachers, rather than the overall school
organization, leadership or even financial condition. The differences among teachers are not, however,
readily measured by simple characteristics of the teachers and classrooms. Initial experience is
important in improving a teacher’s impact on learning, and smaller classes appear to improve
educational achievement for lower income but not for higher income students. Nonetheless, these
variables explain only a small amount of the total observed variation in teacher quality. All of this
suggests that policy initiatives must reflect the substantial heterogeneity of teachers, be it differences in
effort or skill, if they are to have a significant impact on students.

The next section provides a detailed description of the Texas data on students and teachers.
Section Il focuses on the persistence of teacher performance over time. It decomposes educational
quality differences into between-school and within-school components, focusing on the role of teachers,
and places lower bounds on the contribution of teachers to variations in school achievement. Section IV
investigates the extent to which observable teacher and classroom characteristics explain achievemnent
differences. These regressions provide information on the impacts of class size, teacher experience and
teacher education that is not confounded by student or school characteristics. The final section
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considers the policy implications of the findings, particularly the importance of resources relative to the

overall contribution of teachers.

II. The Texas Database

The data that are used in this paper come from the data development activity of the
Harvard/UTD Texas Schools Project, conceived of and directed by John Kain. 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 and achievement. Demographic information on students and
teachers is taken from the PEIMS (Public Education Information Management System), which is
TEA’s state-wide educational data base. Test score results 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. For each cohort there are over 200,000 students in over 3,000 public schools (see Appendix
Table Al). In comparison to studies that use only a small sample of students from each school, these
data provide much more precise estimates of school average test scores and test score gains.

The PEIMS student 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 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 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 three through eight.> The criterion referenced tests

*Many special education students are exempted from the tests, as are other students for whom the
test would not be educationally appropriate. In each year roughly 15 percent of students do not take the
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evaluate student mastery of grade-specific subject matter. We use test results for reading and
mathematics, subjects that are examined in all grades. Reading and math tests each contain
approximately 50 questions. Because the number of questions and average percent right varies across
time and grades, we transform all test results into standardized scores with a mean of zero and variance
equal to one. While this ransformation eliminates any year-to-year movement in overall performance,
it corrects for any perturbations in the specific test form that is employed. Identical means and
variances for all tests facilitates the interpretation of the variance decompositions across time and
grades, and the empirical findings are robust to a number of transformations including the raw
percentage correct. The bottom one percent of test scores and the top and bottom one percent of test
score gains 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 characteristics for these students.?

Student data are merged with information on teachers using unique school-grade identifiers.
The data provide information on each teacher for each year in which they teach. 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.

tests, either because of an exemption or because of repeated absences on testing days. The third grade
tests in 1992 was actually taken in October 1991. This sampling difference from other years leads to
little noticeable impact on the empirical results obtained from excluding this set of observations, but,
given the sample sizes available, we report just the results that exclude this grade observation.

3For an explicit analysis of the achievement of special education students, see Hanushek, Kain, and
Rivkin (1998).



Aggregation of teachers within grades has different implications for the subsequent analyses.
The initial variance decompositions focus on the amount of variation in student achievement that can be
attributed to systematic differences of schools and teachers. For this, the aggregation across teachers in
a grade leads to understating the systematic contribution of schools and teachers. The subsequent
estimation of production functions is, however, affected quite differently. Average teacher
characteristics by subject, grade and year are assigned to each student. Though students cannot be
linked directly to their teachers (except in schools with one teacher per grade), this aggregation of
regular classroom characteristics should not introduce any bias into the regression estimates. It will
increase the standard errors by ignoring any systematic relationship between achievement and teacher
characteristics within grades. On the other hand, it overcomes what is possibly the largest form of
selection within schools-that which occurs when some parents maneuver their children toward specific,
previously identified teachers. This within-grade teacher selection is circumvented by locking at
overall grade differences, which is equivalent to an instrumental variable estimator based on grade

rather than classroom assignment.

II. The Importance of Schools and Teachers

What is the contribution of schools to student achievement? And, to what extent does any
contribution represent factors common to a school building as opposed to specific teachers within the
building? These questions are addressed by investigating the patterns of gains in student achievement
within and across schools. We begin with a systematic decomposition of the variance of achievement
gains and of correlations of school average gains across grades and time. The interpretation of these
depends critically on the sources of underlying achievement variation including any nonrandom sorting
of students and teachers across schools. While some past work has pursued portions of this, the
limitations of previous data required the imposition of extremely strong assumptions to identify the
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various components of achievement gain. Separating the influences of‘schools, teachers, and farpilies
has been especially vexing - particularly when sorting by families and schools is acknowledged.
Overall Variance Decomposition

Past analyses of educational production functions have looked at both the level and the growth
in achievement. 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 and other factors influence performance during, say, a given
school year.* However, standard value added models do not account for unobservable factors that affect
the rate of acquisition of new knowledge, and it is the availability of test score measures for more than
two grades that enables us to control for such influences through the use of fixed effects models for
achievement growth.

We use a fixed effects, value added framework to investigate mathematics and reading
achievement in grades four, five and six. Equation (1) describes test score gain, 4, in a variance
components framework: Achievement gain for student i in grade g in school s in year t is a function of
a time invariant individual-specific growth component [y;], a school quality component that varies
across grades (e.g. teacher quality, curriculum, or textbooks) {v,.], a school quality component that is
constant across grades [5,] (e.g. resources,, school leadership, or institutional structure), and an

idiosyncratic random error [g,,] The idiosyncratic error includes all measurement error in the tests.

The individual-specific component could include individual ability, parental background, or

“The precise approach 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. See Hanushek (1979) for a discussion of the value-
added model.



neighborhoods to the extent each affects the growth in achievement; level effects are differenced out in

calculating the gain in achievement.

(1) AAIgS[ = Yi - Ugst * 6 *

Suppressing the subscript t on the variance components, the total variance of test score gains at time t

[Var'(AA)] can be written as:

@) Var [(AA) = oi + ai + og + ZOYU + 2075 +20, +0

mok

where oj2 is the variance of component j and o, is the covariance of components j and k. ~ Similarly,

the between schoot and grade (Var'™®) and between schoot (Var®) components of variance can be written

2

3 Var 36(AA) = O'Z‘m oo 20, +20, +20, +0

S a2 2 2 2
@ Var °(AA) = obe + ouh + 0y + 201” + 2076 +20 0+ ozb!

where the subscript bgs refers to variation between grades and schools and the subscript bs refers to
variation between schools. The nonrandom sorting of both students and teachers is made explicit in
equations (2)-(4) by the three covariance terms and by allowing the between-school variance in y and v
to differ from zero.

Many studies use the between school variation as a percentage of the total, Var® / Var™ , to
measure the contribution of school quality to achievement. This ratio is not, however, a clear indication

8



of the possibilities for policy manipulation, because it represents a combination of technology,
behavioral adjustments, and the sampling of achjevement. More extensive sorting by teacher quality
and greater variation in other factors that affect achievement (e.g. resources) will tend to increase the
berween school variance as a percemiage of the total, while a policy of equalization of schools would
drive this percentage toward zero. Yet as equations (3) and (4) show, this ratio may also either
understate or overstate the tru‘e contribution of schools. By attributing all within school variation in
achievement gains to non-school factors as is commonly done, this ratio may seriously understate the
contribution of schooling. This problem is especially serious if the variation of teacher quality and
other inputs within schools is large relative to the between school variation in school quality. This ratio
also ignores the error in measuring test scores which is likely to be reduced markedly by aggregation to
school average scores, again tending to reduce the observed contributjon of schools when measured as
a percentage of the total variance in achievement. On the other hand, the often noted problem of
nonrandom selection of students into schools inflates the between school component of variance and
introduces an upward bias into the calculation of the contribution of schooling.

Measurement error and Tiebout sorting make the identification of the total contribution of
schools an extraordinarily difficult task, and in this paper we focus on two specific components of
school quality: 1) the within school variation in teacher quality across grades; and 2) the variation in
school quality attributed to differences in class size and other measurable school resources.” Equation
(3) considers the variation in performance arising from grade difference that go beyond any overall

differences across schools. The between-grade-within-school variance component in achievement

5In subsequent work we intend to use the ability to follow mobility across schools in order to learn
about differences between schools in quality and about the motives for moving.
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growth depends solely upon the magnitude of within school variations in teacher quality, in other

school inputs (v), in student quality, and in the random error within schools.$

SG, s [ N S 2 42
3) Var "7(AA) - Var>(AA) = (C“l,g; O%,) + (o% om) + (Oeng Cebs)

Across grades within individual schools, the influence of nonrandom student sorting is likely to be
minor and aggregation by grade will reduce the problem of measurement error. Equation (5) does not
completely isolate the within school variation in teacher quality per se, because v includes all
systematic aspects of between grade differences. Nonetheless, the within-school-between-grade
variations of other school inputs and average student characteristics are likely to be small in comparison
to the between school variations. More importantly, comparisons across cohorts at different grades and
the removal of individual fixed effects can effectively isolate the contribution of within school
differences in teacher quality to the total variation in achievement.

Table 1 reports the variance decomposition of math and reading test score gains for all 4th, 5th
and 6th graders in Texas in the 1995 school year.” The between school variance as a percentage of the

total is 5.5 percent for math and 3.3 percent for reading, while the contribution of the between school

*We assume that there is no within school correlation between the grade average qualities of
students and school inputs including teachers.

’A parallel decomposition of the levels of test scores, instead of the value-added, permits
comparison with some existing estimates of educational production functions. These calculations (not
shown) indicate that the proportion of variarnice between schools and grades (years) is very close to that
for the value-added form, but that a higher proportion is found between as opposed to within schools.
The nature of this analysis, however, makes interpretation difficult; the random component includes
historical educational inputs, individual differences in the level of performance, and the covariance of
these. The complexity, including sorting of students according to these factors, implies no easy
conclusions about how this decomposition might be biased from simple school and teacher effects.
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Table 1. Variance Decomposition of Math and Reading Test Score Gains:
4th, 5th and 6th Grade Students in 1995

Math Reading
Between Between
Between Between
Total _ school and Total ctwee school and
. school as a % . school as a %
variance gradeasa % variance grade asa %
of total of total
of total of total

0.39 55% 15.3% 0.44 3.3% 8.9%



and grade variance rises to 15.3 percent for math and 8.9 percent for reading. Given that the within
school variation in cohort average characteristics is likely to be small, this pattern of results makes a
prima facie case that there are substantial within school differences in schools, likely arising from
differences in teacher quality as well as other school inputs. Consequently, studies that use the between
school variance component as an upper bound for the potential contribution of schooling may seriously
underestimate the importance of schools.

Even here, the potential contribution of school differences is likely understated. First, any
measurement error in the tests enlarges the overall variance in test performance and is implicitly
attributed to the within school variance. Second, the aggregation across teachers within a grade also
implicitly attributes within grade variation in teachers to the within school variance. While neither of
these factors has substantial effects on standard regression analyses, each contributes to understating the
estimated importance of systematic school and teacher factors.

Nevertheless, as highlighted in equation 5, the between school and grade component confound
school influences with any differences in student characteristics, impeding the identification of the
magnitude of school quality effects. A natural first step in isolating the contribution of teacher quality
is 1o compare for two adjacent cohorts the correlation average of achievement cohort gains in different
vears (t; and t,) but ;he same grade (j) with the correlation of gains for these adjacent cohorts in the
same year (t,) but different grades (j and k). Assuming that school wide factors remain constant during

the time period (i.e., no change in ,), these two correlations equal

o]
ui‘],u‘le Vs & YU ¥4 3
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As equations (6) and (7) show, the difference between these two correlations is proportional to

[¢] -0
8) it %y Ui, iy

since time invariant cohort differences affect each correlation sirnilarlyAg Because most 4th, Sth and 6th
grade students are taught by different teachers while a substantial percentage of teachers remain in the
same grade and school in successive years, one would expect this difference to be positive and large if
teacher quality is an important determinant of achievement and if there is substantial variation in
teacher quality within schools. Of course between grade differences in the quality of other school inputs
would also tend to widen this difference. On the other hand, changes over time in other school inputs
(e.g. new principal, change in resources, curriculum etc.) would tend to reduce the difference between
these two correlations.

Tables 2 and 3 present direct comparisons of the achievement gains for adjacent cohorts and
provide the next piece of evidence on the importance of teacher heterogeneity. The tables show that
the correlations in math (reading) gains between grades at one point in time are much smaller than the
correlations across time for the same grades. In Table 2, the numbers in bold show that the correlation

between school average math gains in 4th and 5th grade equals .00 and in 5th and 6th grade equals .12.

*Though entry and exit from Texas public schools alter the composition of each cohort over time,
the overwhelming majority of students remain in the same school in a two year period unless districts
divide grades across schools as, for example, with the move of students from elementary to junior high
school.
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Table 2. Correlations in School Average Math and Reading Test Score Gains for Adjacent Cohorts:
4th, 5th and 6th Graders in 1995

Math

Reading

4th
Sth
6th

4th
5th
6th

Math Reading
4th  5th 6th 4th  5th 6th
1.00
0.00 1.00
- 012 1.00
0.57 -0.01 - 1.00
0.03 0.58 0.10 0.05 1.00
- 0.10 0.51 - 0.14 1.00

Table 3. Correlations in School Average Math and Reading Test Score Gains for Adjacent Cohorts
in Same Grade: 4th and 5th Grade in 1994 and 1995; 6th Grade in 1995 and 1996

1. 4th Grade
Math
Reading
2. 5th Grade
Math
Reading
3. 6th Grade
Math
Reading

1994
1995
1994
1995

1994
1995
1994
1995

1995

1996

1995
1996

Math Reading
1994 1995 1994 1995
1.00
0.29 1.00
0.57 0.18 1.00
0.24 0.57 0.27 1.00

Math Reading
1994 1995 1994 1995
1.00
0.33 1.00
0.62 0.17 1.00
022 058 0.21 1.00

Math Reading
1995 1996 1995 1996
1.00
0.53 1.00
0.63 0.41 1.00
0.45 0.64 0.45 1.00



The corresponding correlations for school average reading gains are .05 and .14, respectively. In
comparison, Table 3 shows that the correlations between school average math gains for students in the
same grade in successive years equal .29 for 4th grade, .33 for 5th grade and .53 for 6th grade. The
corresponding correlations for reading gains equal .27, .21 and .45 for 4th, 5th and 6th grade
respectively.’

The much higher correlations between years for the same grade are consistent with the belief
that differences in teacher quality make a substantial contribution to the variation in test score gains, but
they are also consistent with the importance of a variety of other factors that vary systematically by
grade. In an effort to isolate the impact of teachers, we divide schools into three groups on the basis of
teacher turnover in each grade and subject: 1) less than 33 percent of teachers are the same in both
years; 2) 33-99 percent of teachers are the same in both years; and 3) 100 percent of teachers are the
same in both years. If differences in teacher guality are responsible for the correlations, it should be the
case that the correlation in school average gains in successive years should be higher for schools in
which most or all of the teachers teach in both years, and lower in schools in which there is greater
turnover. Notice that we are not saying anything about the direct impact of turnover on achievement,
only that persistence of achievement gains across years should decrease as turnover rises.

The top panel of Table 4 presents the correlations across schools in math and reading gains for
grades 4, 5 and 6 by teacher turnover. The increase in correlations of achievement gain over time with
more common teachers is exactly what would be expected when there is an important role for teacher
quality. For 5th grade students, the correlation in school average math gains between successive

cohorts is .18 in schoals with less than 33 percent of teaching positions staffed by the same teacher in

*Not surprisingly, the school average math and reading gains for the same year and grade are highly
correlated (.57 in 4th grade, .58 in 5th grade, and .51 in 6th grade). These correlations in Table 2
show gains for the same students, so directly include all common individual effects of overall ability,
family influences, and the like.
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Table 4. Correlations in School Average Math and Reading Test Score Gains and Between Grade
Differences in Average Test Score Gains with Individual Fixed Effects: By Grade® and Teacher

Turnover

1. School Average Gains

Math

Reading

% same teachers
in both years
<33% 33-99% 100% All

% same teachers
in both years

<33% 33-99% 100%

All
4th 0.20 0.28 0.42 0.29 0.18 0.30 0.31 0.27
Sth 0.18 0.34 0.44 0.33 0.09 0.21 0.30 021
6th 0.40 0.36 0.54 0.53 0.33 0.49 0.42 0.45
2. Grade Differences in Average Gains with Individual Fixed Effects
Math Reading
% same teachers % same teachers
in both years in both years
<33% 33-90% >90% All <33% 33-90% >90% All
4thv.5th  0.02 0.28 0.39 0.28 0.11 0.20 0.26 0.21
Sthv.6th  0.01 0.25 0.38 0.25 0.03 0.15 0.21 0.15

a. 4th Graders in 1994 and 1995, 5th Graders in 1994 and 1995, and 6th Graders in 1995 and 1996.



both vears, .34 in schools with between 33 percent and 99 percent staffed by the same teacher and .44
in schools with all of the same teachers in both years. The corresponding correlations for Sth grade
reading gains are .09, .21 and .30 for high, medium and zero turnover schools respectively, and a quite
similar pattern appears for 4th grade math and reading test score gains. The pattern is not quite as
pronounced in 6th grade, though the correlations in high turnover schools are much lower than the rest.
Fixed Individual Effects and Specification Checks

The higher correlations of achievement gains in schools and grades with less teacher turnover
provides additional support for the importance of teacher quality in determining achievement.
However, there may be confounding factors unrelated to teacher quality that could be partly or even
fully responsible for generating the observed pattern of correlations. In particular, the variance in the
academic preparation and commitment of students may be much higher in schools with higher teacher
turnover. If so, it would be imperative to account for school average differences in student
characteristics.

The most direct and comprehensive approach first extracts individual student fixed effects from
equation 1 and then considers the pattern of grade specific gains across years. At this point, the full
value of having matched panels of achievement for different cohorts becomes apparent. Because our
objective is o focus on the importance of teachers, we restrict our sample just to students who do not
change schools, minimizing the effects of differences in other factors over the two years.'® Using the
panel data for two successive years for a given cohort, individual fixed effects (or average achievement
gains for each student) are removed. The remaining achievement gains within each school reflect the

between grade differences in teachers and schools plus any time varying error. We repeat the same

"I we included students who had changed schools over the two years, we could estimate individual
grade effects on achievement, but this estimate would be based entirely on the school movers. Not
only is it likely that these students are not representative of the students who did not change schools,
but also it is no longer possible to separate the effects of teachers and of schools cleanly.
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procedure for an adjacent cohort of students (i.e., the cohort going through the same grades one year
after the first cohort). Comparison of the average achievement gains of, say, students in both the 4™
and 5™ grade in two successive cohorts within each school provides us a direct estimate of the
persistence of relative quality that is not contaminated by student heterogeneity."! Evidence that the
persistence in relative quality is stronger in schools with little teacher turnover indicates that teacher
quality is an important determinant of achievement.

The bottom panel of Table 4 reports the between cohort correlations in the school average math
and reading gain differentials for grades 4 and 5 and grade 5 and 6, by teacher turnover for both
grades. The low turnover group in these calculations includes schools in which at least 90 percent of
teachers were the same in both years (as opposed to the previously used 100 percent), due to the small
mumber of schools that had all of the same 4th and 5th grade teachers in both years. 2 The results
present a striking pattern in support of the belief that teacher quality is an important determinant of
achievement. Virtually identical, the correlations in school average math gain differentials for grades 4
and 5 and grades 5 and 6 rise from close to zero for high turnover schools, to between .25 and .30 for
schools with between 33 percent and 90 percent of the same teachers, and finally to almost .40 for

schools in which over 90 percent of positions are staffed by the same teachers. While less pronounced,

"Note that this fixed effects framework is equivalent to a first differenced model in which the
difference in gains between grades g and g-1 is a function of the difference in teacher, quality, other
school characteristics and a random error. In other words, when gains are averaged across students,
this becomes a difference-in-differences formulation. That is in fact the form that the actual estimation
takes.

“There are about 200 schools in which the 4® and 5% grades have just a single teacher and about
100 in which the 5* and 6" grade have the same teacher and are found on the same campus. These
hools are nonrepresentative of the state. Nomnetheless, since there is an exact student-teacher match in
hese and since turmover of specific teachers can be followed, we replicate both the basic gain and the
fized effect estimation and compare the pattern of average gains in these schools. For math, the
patterns are very similar to those in Table 4, but for reading the pattern of correlations holds only for
the 5 and 6 grade estimation.




the same qualitative pattern emerges for reading gain differentials (the subject-area where schools were
previously shown to have less effect).

These correlations leave little doubt that there are important within school differences in teacher
quality that play an important and systematic role in determining student achievement. There is no
other plausible explanation for the finding that the difference in school average gains between grades g
and g-1 is much more persistent over time in schools with lower teacher turnover. It is not differences
in students, for student fixed effects are removed. Nor is it driven by school characteristics that affect
all grades, for such influences are also differenced out.. Nor is it driven by other school inputs that
vary by grade, because they would not be expected to vary systematically with teacher turnover unless
they are associated with teachers.

While we observe substantial within school differences in the average quality of teaching
between grades, there are almost certainly similar differences among teachers within grades that we
cannot observe. We now attempt to estimate a lower bound on the contribution of differences in teacher
quality to the total variation in achievement gains.

Lower Bound Estimate of Teacher Quality Effects

The correlations in Table 4 provide strong evidence for the existence of substantial variations in
teacher quality within schools. It is almost certain that there also is substantial sorting of teachers
among schools, that would tend to amplify the role of teachers in explaining variations in student
achievement. However, because administrators, neighborhood characteristics, peer groups and other
factors are also distributed nonrandomly among schools, it is virtually impossible to identify any:
between school variation in teacher quality without explicitly specifying and measuring the differences.

As a consequence, such between school variation per se is ignored, and we concentrate on estimating a
Jower bound to teacher effects (that would, among other things, hold if there were no between school
sorting of teachers by quality). The estimation focuses on the potential contribution of teachers to
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within school differences in student gains between grades 4 and 5. We use these two grades and omit
grade 6 because a large percentage of students attend 6® grade in a different campus than they attend
grade 5 and we want to obtain a precise estimate of teacher effects uncontaminated by overall school
differences.

The within-school-between-grade variation in achievement gains includes not only teacher
quality but also other factors such as student characteristics, curriculum, class size, measurement error,
etc., that may contribute to between grade differences. Therefore the effects of these other factors must
be removed in order to estimate a lower bound of the contribution of teachers. Our strategy is to use
information from schools with no teacher turnover in successive years to place a bound on the
proportion of the within-school-between-cohort variance due to factors other than teacher quality
differences. We can then decompose the total within-school-between-grade variation into 2 pure
teacher effect and a combination of other influences (which may include additional, unidentified teacher
effects).

These ideas can be fixed by looking at the between school and cohort variance and between
school variance of achievement gains. The variance component, v, from equation 1 is broken into two

components: 1) teacher quality, ; and 2) other school factors that vary by grade, 6, as in:

©9) v =1 _+0

This permits focusing on the independent effects of teachers. Equation (10) then describes the ratio of
the between schoot and cohort variance divided by the between school variance in achievement gains."

The subscript ws refers to variance within schools.

We assume that the within sctool covariance of t and 8 is zero across grades.
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(10) S i S N
Var*(AA) Var °(AA) Var °(AA)

Notice that the between school and cohort variance and the between school variance are identical
except for the within school variances of teacher quality, other school factors, student characteristics
and the random error. In general it is not possible to separate these components, but the assumption
that the within school variance of teacher quality equals zero in schools with no teacher turnover

implies that

2 2 2
an (oe“1 ’ oY“ * oeM)i _ Var CS(AA).
Var S(AA) nO WM Var S(AA)

no turnover

for schools with no teacher turnover. Since the between school and cohort variance and the between

school! variance are observed in the data, we can bound the proportion of the between school variance

arising from factors other than teacher quality. Assume that the ratio of the between school and cohort
variance to the between school variance in schools with no teacher turnover provides a good estimate of
the within school variation in factors other than teacher quality for all schools. Rewriting equation (10)
and using information from schools with no turnover to estimate the within school variance of other

factors, the contribution of teacher quality to the variation in test score gains equals:

CS
az o> = VarS(AA) - Var (AA) - Var (AA) (w - D

- Var 5(AA)

no turnover
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The validity of this methodology rests on the assumption that the ratio of the between school and cohort
variance to the between school variance for two fifth grade cohorts in schools with no teacher turnover
provides a good estimate of the within school variation in factors other than teacher quality. While it is
not possible to test this identifying assumption, it is likely that this ratio actually overstates the
importance of non-teacher quality factors by assuming that teacher quality is constant over time in
schools with no teacher turnover. An additional year of experience may improve or erode instructional
skills, teachers may have bad years, and ouiside events may affect performance in the classroom. At
the same time, a lower between cohort variance in average student characteristics that is correlated with
teacher turnover wili introduce a bias in the opposite direction. While small, we explicitly remove such
differences below.

Alternative lower bound estimates of the contribution of teacher quality to the total variation in
mathematics and reading achievement gains are presented in Table 5. As expected, teacher quality has
a much larger impact on mathematics gains, and we focus our attention on those resuits. Row 1
presents lower bound estimates of the contribution of teacher quality for 4th and 5th grade students in
1995 who attend schools that have both grades. Columns 1 and 2 report the between school and
between school and cohort variance as a percentage of the total variance in test scores, and column 3
reports the ratio of between school and cohort and between school variances for the 1995 and 1996
cohorts of 5th grade classes in schools that had identical teachers in both years. These three factors are
used to calculate a lower bound estimate of the within school variance in teacher quality according to
equations (11) and (12) as a proportion of the total variance. The lower bound in column 4 indicates
that at least 3.5 percent of the total variance in math achievement gains should be attributed to average
differences in teacher quality between the 4th and the Sth grade.

As noted above, between cohort differences in student characteristics might contaminate this
measure. Therefore rows 2 and 3 use student fixed effects to control for between cohort differences in
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Table 5. Lower Bound Estimates of the Contribution of Teacher Quality to the Variation in 4th and

5th Grade Mathematics and Reading Test Score Gains

I

I

Between school

v

Lower Bound

|
|
|
Measured | Between school Between school ém.i cohort Estimate of
Student  teacher T variation as % of o
| and cohort variation Contribution
fixed and . ) between school
|variation as % of asa % of e of Teacher
effects classroom L. variation for .
| total variation the total L Quality
factors schools with little
| {1 - II*IID)
| teacher turnover
1. Math
no no | 13.0% 6.5% 145.7% 3.5%
yes no | 13.4% 77% 147.8% 2.0%
yes yes | 13.4% 7.7% 148.2% 2.0%
2. Reading
no no i 7.4% 3.8% 158.5% 1.4%
yes no | 6.9% 3.6% 162.8% 1.0%
yes yes | 6.8% 3.5% 164.3% 1.1%



student characteristics. The estimates in row 2 are produced by stacking 4th and 5th grade gains and
first removing individual fixed effects. The sample is divided into two parts: schools with more than 90
percent of the same 4th and 5th grade teachers in both cohorts; and schools with less than 33 percent of
the teachers the same in both cohorts. It would be preferable 10 use schools with complete teacher
mrmover and schools with no teacher turnover, but the samples would be extremely small. Schools with
more than 90 percent of the same teachers are considered the no turnover schools, and the ratio of the
between school and cohort variance divided by the between school variance for these schools is shown
in column 3. The between school and between school and cohort variances for schools with less than
33 percent of positions occupied by the same teachers are reported in columns 1 and 2. These three

figures are again used to compute a lower bound estimate of the contribution of teacher quality, which

in this case equals 2.0 percent.

The basic estimates in row 1 compare 4th and 5th grade gains in thé same year and thus had
very few teachers who taught both cohorts. In the fixed effects estimation, the sample includes only
schools in which less than 33 percent of teaching positions were the same in successive years.
Therefore 2 substantial minority of teachers taught both cohorts. Moreover, the sample used to produce
the estimate of the within school variance of other factors included schools with different teachers for
the two cohorts. In combination, these two problems depress the estimate of the contribution of teacher
quality.

The final row of Table 5 uses the same sample as Row 2 but first removes any covariation with
a number of measured school characteristics including class size, teacher experience and teacher
turnover. This estimation provides direct information on the relative importance of the measured
autributes of schools that are commonly the focus of policy compared to total teacher effects. The

regression results are discussed in the next section, but the combined explanatory power of these
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factors is quite small and thus the lower bound estimate using these residuals is virtually identical to the
lower bound estimate previously presented in the fixed effects calculations of row 2.

The results in Table 5 suggest that between grade differences in average teacher quality within
schools account for at least 2.0 percent of the total variation in student test score gains. While this
number might seem small, there are many reasons to believe that it vastly understates the importance of
teacher quality differences.

First and perhaps most important, these calculations ignore within grade variation in teacher
quality. If within and between grade differences in teacher quality are similar, the estimates can be
multiplied by the average number of teachers per grade, which equals roughly 3.75, to obtain an
estimate of the contribution of all within school differences in teacher quality. So doing raises the lower
bound estimate to approximately 7.5 percent of the total variation in achievement gains,

Second, as discussed above, virtually all of the many methodological problems associated with
the lower bound estimation tend to depress estimates of the contribution of teacher quality. Third, all
between school variation in teacher quality is ignored, not because it is clearly unimportant but instead
because it cannot be adequately identified within this general estimation strategy. Fourth, measurement
error in the test scores is ignored. The achievement score gains are calculated from the difference
between two test scores, and the fixed effects estimates are essentially the difference in gains. Such

measurement error increases the total variance without raising the portion attributed to teachers, again

depressing the estimates of teacher quality effects."

14The prior estimates of the correlation of math and reading scores for the same students were all
less than 0.6. In the early grades, where it is common to have just one primary teacher, these suggest
that measurement error could be substantial, although measurement error and the effects of
multidimensional abilities are not separately identified.
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In sum, the estimated lower bound on the true contribution of teacher quality is substantial and
the full effect of teachers is likely to be far greater than the estimates presented. Within the current
structure of schools, considerable leverage is being exerted by the variations in teacher quality.

IV. Education Production Function Estimates

Even though the pattern of results in Table 5 suggests that observable teacher characteristics
explain only a small portion of the variation in teacher quality, small but systematic relationships may
provide information for the development of improved school policies. At the very least, many current
policies and regulations are built on a set of assumed relationships between teacher effectiveness and
teacher training, experience and turnover. An equally important issue that is at the heart of
considerable current school policy debate is the role of class size in determining achievement. The
pattern of correlations previously presented suggests at most a minor role for class size and other
school factors not systematically related to teachers. Nonetheless, because of the ability to disentangle
the separate influences on student achievement within the Texas sample, we pursue the estimation of
traditional educational production functions based on the observable characteristics of teachers and
schools.

Equation 13 describes the value-added empirical model that forms the basis of our examination

of school resource effects on achievement,

(13) AAigl = Xiﬁ * CST] * SgslA' N Y: * Ugﬂ M 6sl * eip,n

where X is a vector of individual and family background characteristics, C is a vector of community
type dummy variables, S is a vector of school and teacher characteristics and B, , and A are
production parameters. The family characteristics include information on race, ethnicity, gender, and
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whether the student is eligible to receive free or reduced price lunches. Teacher and school
characteristics, described in Appendix Table A1, are computed separately for each grade and subject,
and they include the average class size in regular class rooms,"” the percentage of teachers with a
master’s degree and the percentage of teachers who fall into three experience categories: zero years,
one year and two to four years (the omitted category is five years and above).'® The value added form
corrects for unmeasured past history of educational inputs and allows us to focus on the marginal
effects of current inputs.

The data appendix describes in detail the construction of the school characteristics and sample
selection criteria. In particular, considerable effort was made to eliminate measurement error in the
school variables. Like most educational studies, this estimation relies on self-reported school data, and
these data are prone to significant reporting errors. Unlike most studies, however, we have access to
longitudinal information on key data, and therefore we can adjust for inconsistencies that occur over
time. (See Appendix A). Importantly, the error components must be reinterpreted in this framework

as unobservable individual, teacher and school factors, because we are now relying on just measured

5As 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. Thus, it is not contaminated by special purpose classes such
as special education or bilingual education programs, even though those do mask some of the variation
that exists. Separate analysis of special education is found in Hanushek, Kain, and Rivkin (1998).

“Including the percentage of teachers with 5-9 years of experience as a separate category did not
change any of the results, and the hypothesis that teachers with 5-9 years of experience had a different
impact from those with 10 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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differences in teachers and schools and not the total differences employed in the variance
decompositions and.-correlational analyses.
Basic production function results

Table 6 reports ordinary least squares estimates of the effects of the teacher characteristics on
4th, 5th and 6th grade math and reading gains; Huber-White t-statistics are in parentheses.’” These
estimates suggest that the first and to a lesser extent the second year of experience significantly improve
teacher quality, but that additional years rarely have a significant impact. There is also no evidence that
post-graduate education improves the quality of teaching; the point estirnates for the effects of a
master’s degrees are generally negative and always statistically insignificant from zero. Finally, the
evidence on class size is somewhat mixed: there is a statistically significant negative relationship
between class size and math and reading achievement in 4th and 5th grade but not in 6th grade.

The validity of these estimates rests on the assumption that none of the unobserved error
components is systematically related to the teacher characteristics, but there are strong reasons to
believe that at least one if not all of the error components are correlated with the teacher
characteristics. First, even in this value added form, it is highly unlikely that a single measure of family
socio-economic background controls for all variation in family characteristics related to both
achievement and teacher characteristics. Correlation between unobserved student characteristics and
teacher characteristics may result from the endogeneity of school choice and from the process by which
schools match teachers with children. Second, teacher experience, education and class size are
undoubtably correlated with unobservable school and teacher characteristics such as peer group quality,

administrative structure, other school resources, and unobservable teacher and administrator ability.

"The individual and family background characteristics, three community type dummy variables
indicating that the school is located in a small city, a large city, or a suburb, and dummy variables to
allow for cohort effects are included in the gains regressions.
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Table 6. Estimated Effects of Teacher Characteristics Grade on Math and Reading Test Score Gains,
Grades 4-6 (Huber-White adjusted t statistics in parentheses)

Math Reading
4th 5th 6th 4th Sth 6th
class size -0.0057 -0.0048 0.0005 -0.0021 -0.0016  0.0015
[-3.70] ([-5.44] [0.42] [-1.95] [-2.44]  [1.58]
% with graduate degree -0.04  -0.01 -0.02 0.00 0.00 -0.02
[-3.07] [-0.58] [-1.14] [037] [-0.58] [-1.45]
% 0 years experience -0.15 -0.11 -0.07 -0.10 -0.05 -0.04
[-5.113 [-5.41] [-3.04] {-5.05] [-3.66] [-2.23]
% 1 years experience -0.03 -0.04 -0.03 -0.04 -0.03 -0.05
[-1.14] [-2.24] [-1.49] [-2.03] {-2.41] {-2.85]
% 2-4 years experience -0.02  -0.02  -0.01 -0.01 0.00 -0.01
-1.06] [-1.80] [-0.91] [-0.87])  {-0.52] [-0.59]
% teachers same 0.04 0.00 -0.01 0.00 0.00 -0.01
[3.691 {0.23] [-0.74) [0.69] [-0.72] [-0.65]
R squared 0.0056 0.0039 0.0079 0.0112  0.0029  0.0040
Observations 335,643 500,536 362,195 334,650 499,199 362,083

Schools 3.031 3,010 1,937 3,031 3,010 1,937



Any such correlations will confound the effects of observable and unobservable characteristics and bias
the estimates of the effects of the observable teacher characteristics on achievement. Moreover, the
direction of the bias is ambiguous: student choice of schools likely inflates estimated effects, while a
school’s allocation of students to classes may well introduce a downward bias, possibly by assigning
better teachers to larger classes or more difficult to educate students.

Fortunately, the repeated test scores available in the Texas data a unique opportunity to
minimize the potential problems of omitted variables bias. Specifically, all time invariant factors that
affect the gains in student achievement can be eliminated by introducing individual student fixed
effects. The inciusion of individual fixed effects eliminates all observed and unobserved time invariant
individual and community factors. In this estimation, the effect of school factors is identified by the
their change between grades for individual students.'

The fixed effect estimates of equation (13) are presented in Table 7." For each test, the first
column reports results for fourth and fifth grade gains, while the second provides results for fifth and
sixth grade gains. The analysis is separated in this way because preliminary evidence suggested
differences in class size effects berween grades. Further, a majority of students attends different
campuses in 6th grade than in earlier grades, complicating the interpretation of the results.

The pattern of results is similar to that produced by the simple gains specification of Table 6,
suggesting that any omitted individual-specific factors do not appear to yield significant estimation bias
in traditional value added models. There is no evidence that teacher education is systematically related

to achievement, and strong evidence of a positive return to the first two years of experience with

"®Typically systematic variations in class size occur primarily between schools rather than among
regular classrooms in the same school, but this is not true in Texas because of explicit policies to
reduce class size in early grades.

"*These regressions control for cohort differences in gains, but no other covariates are included.

25



Table 7. Estimated Effects of Teacher Characteristics on Math and Reading Test Score Gains with
Individual Fixed Effects (Huber-White adjusted t statistics in parentheses)

Math Reading
grades grades grades grades
4&5 5&6 4&5 5&6
class size -0.008 -0.0044 -0.0045  0.0001
[-3.67] [-3.32] [-3.91] [0.07}
% with graduate degree -0.02 -0.02 0.00 -0.02
[-0.86] [-0.96] [0.03] [-1.43]
% 0 yrs experience -0.12 -0.12 -0.10 -0.10
[-4.42] [-4.42] [-4.54] [-4.59]
% 1 year experience -0.05 -0.11 -0.05 -0.09
[-1.97] [4.45] [-2.40] [-4.85]
% 2-4 yrs experience -0.01 -0.04 0.00 -0.02
[-0.36] [-2.15] [0.16] [-1.68]
% teachers same 0.02 -0.01 -0.01 -0.01
[2.00] [-0.74} [-0.73] [-1.00]
R squared 0.0010 0.0018 0.0008  0.0010
observations 286,948 273,377 286,606 272,736

schools 2,897 1,922 2,898 1,923



achievement gains approximately 0.1 standard deviations higher after the initial years of teaching. Class
size continues to be significantly related to math and reading achievement for 4th and 5th graders, but
there is no significant relationship between class size and reading achievement in the 5th and 6th grade
specification.

Student fixed effects eliminate the influence of all time invariant individual effects, including
not only ability differences but also fixed family, peer, and school effects. However, because a
substantial percentage of students switch schools each year, differences in unobserved school or
teacher characteristics could still contaminate the estimates. A new school has a different peer group,
neighborhood, administrative structure, and other factors that might be related to both achievement and
teacher characteristics. Even if families do not relocate, the switch from elementary to middle or junior
high school may introduce omitted variables bias. This is particularly likely for the S5th and 6th grade
specifications, because a large percentage of students attended 6th grade in a different campus than they
attended 5Sth grade.

In order to mitigate any problems of unobserved school, teacher and neighborhood
characteristics, we restrict the sample in two ways. First, we exclude all students who attend a different
school in grade g from the one attended by the majority of their schoolmates in grade g-1 (Table 8).
This eliminates the possibility that changes in neighborhood or school district characteristics biases the
results but retains students who progress normally from one campus to another. Second, we further
restrict the sample to students who attend grades g-1 and g at the same campus (Table 9). In terms of
equation 13, this incorporates all time invariant school effects in the individual fixed effects.
Unobserved differences between teacher quality (and other school factors) in grades g-1 and g remain,
but there is little reason to believe that the observed teacher characteristic in a grade are systematically

linked with the unobservables.
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Table 8. Estimated Effects of Teacher Characteristics on Math and Reading Test Score Gains with
Individual Fixed Effects for Nonmovers (Huber-White adjusted t statistics in parentheses)

Math Reading
grades grades grades grades
4&5 5&6 4&5 5&6
class size -0.0057  -0.0039 -0.0048  0.0002
[-3.18} [-2.53] [-3.68] [0.18]
% with graduate degree -0.02 -0.01 0.00 -0.02
[-0.85] [-0.78] [0.19] [-1.21]
% O yrs experience -0.12 -0.11 -0.09 -0.10
[-3.903 [-3.66] [4.05] [4.06]
% 1 year experience -0.05 -0.11 -0.04 -0.10
[-1.52] [-3.79] [-1.88] [4.69]
% 2-4 yrs experience 0.00 -0.04 0.00 -0.02
{0.10] [-2.23] [0.27] [-1.11]
% teachers same 0.02 0.00 -0.01 -0.01
[1.56] [-0.22] [-0.69] [-0/69]
R squared 0.0009 0.0016 0.0009  0.0010
observations 254,048 235,977 253,720 235,357

schools 2,778 1,842 2,778 1,842



Table 9. Estimated Effects of Teacher Characteristics on Math and Reading Test Score Gains with
Individual Fixed Effects for Students at Same Campus (Huber-White adjusted t statistics in
parentheses) .

Math Reading
grades grades grades grades
4&5 5&6 4&5 5&6
class size -0.0066  -0.0018 -0.0044  0.0002
[-3.53]  [-0.60] [-3.11]  [0.11)
% with graduate degree -0.02 0.00 0.00 0.00
[-1.06] [-.17] [-0.25]  [0.14]
% 0 yrs experience -0.11 -0.11 -0.09 -0.09
[3.391  [-2.26] [-3.51]  [-2.41]
% 1 year experience -0.03 -0.09 -0.03 -0.06
[-0.89] [-2.08] [-1.26] [-2.02]
% 2-4 yrs experience 0.01 -0.08 0.01 -0.01
[0.39] [-2.29] [0.56] [-0.56]
% teachers same 0.02 0.00 -0.03 0.00
[1.23] [0.08] [-2.29} [{0.12]
R squared 0.0010 0.0015 0.0006  0.0005
observations 211,017 77,381 210,815 77,167
schools 2,566 1,055 2,566 1,056



These sample restrictions are clearly nonrandom. They exclude students who switch schools.
They also, in the second case, exclude entire school districts that organization instruction to locate 4th
and 5th grades or 5th and 6th grades at different campus. While movers likely differ from stayers,
such differences are unlikely to contaminate the coefficients because individual fixed effects are
removed. Therefore the estimates generated by the sample of students who remain in the same campus
should not be contaminated by unobserved individual, school, neighborhood or teacher characteristics,
and they should be generalizable for all students and schools.

The increasingly restrictive samples yield results that are virtally identical to those previously
presented. Tables 8 and 9 show that early experience continues to increase teacher quality, particularly
in the first year, and there remains no evidence that completion of a master’s degree increases teacher
quality. The statistically significant negative effect of class size on math achievement in the 4th and 5th
grade estimation holds with the fixed effects estimation and with the sample restricted to students who
remain in the same campus. Again, also, effects on reading performance seem nonexistent in later
grades.

Though the sample restrictions certainly mitigate or even eliminate problems of omitted
variables bias, the pattern of results suggests a different type of speciﬁcation error. It appears that the
effect of class size varies by grade, meaning that the restriction of identical class size effects for grades
g-1 and g is invalid. Table 10 reports estimates that permit class size effects to vary by grade using the
restricted sample of students who remain in the same campus for successive grades. The results show
that the effect of class size on math achievement is roughly 30 percent larger in 4th grade than in 5th
grade and very small and statistically insignificant in 6th grade. The effect on reading achievement is
almost 50 percent larger in 4th grade than in 5th grade, but it remains below that for math. The 5th
grade class size coefficients estimated separately from the two samples are similar in magnitude for
math but different in magnitude for reading. The small and insignificant 5th grade coefficient in the
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Table 10. Estimated Grade Specific Effects of Class Size on Math and Reading Test Score Gains with
Individual Fixed Effects for Students at Same Campis (Huber-White adjusted t statistics in
parentheses)

Math Reading
grades grades grades grades
4&5 5&6 4&5 5&6
4® grade class size -0.0075 -0.0059
[-2.71] [-2.74]
5™ grade class size -0.0057  -0.0040 -0.0032  -0.0002
[-2.92] {-1.30] [-2.20] [-0.10]
6™ grade class size 0.0000 0.0013

[6-02] [0.57]



reading specification that includes 5th and 6th grade students may reflect a small sample size that
inhibits the estimation of more precise coefficients, or it may reflect true parameters that are
indistinguishable from zero.

Heterogeneity of students

One issue of policy relevance is whether or not all students respond equally to school resources
or treatments. Summers and Wolfe (1977), the experimental evidence from Project STAR (Word et al.,
1990), and others suggest that small class sizes are particularly important for disadvantaged students.
The previous estimates considered the entire sample without regard to the possibility of such differential
effects.

Table 11 presents estimates of class size effects that are allowed to vary by income, as
measured by eligibility for free or reduced price tunch. Similar to other research, there is some support
for larger effects for lower income students. The class size coefficients for both 4th and 5th grade math
achievement are highly significant for low income students but small and not statistically significant for
others, and the class size coefficient for 4th grade reading achievement is almost twice as big for low
income students. Similarly small and insignificant coefficients are observed for 5th grade reading and
6th grade math and reading specifications for all students. In contrast, neither the evidence on teacher
experience nor the analysis of unobserved teacher quality effects (not reported) shows systematic
differences by family income. Note that the larger effects for low income students compared to higher
income students do not reflect simple diminishing returns to reducing class size, as average class sizes
are actually smaller for lower income students.

The division by income must also be put into perspective in terms of achievement. The
average test score for higher income students is less than 0.1 standard deviations higher than for

students eligible for free or reduced lunch. This considerable overlap in the achievement distributions



Table 11. Estimated Effects of Class Size on Math and Reading Test Score Gains with Individual
Fixed Effects for Students at Same Campus, by eligibility for free or reduced price lunch
(Huber-White adjusted t statistics in parentheses)

Descriptive Statistics

Free or reduced Math Reading Average Ob.serva- Schools
price lunch Class Size tions
4th Grade
Eligible -0.013 -0.0082 19.6 79,027 2,533
[-3.64] [-2.62]
Not Eligible -0.0034 -0.0047 19.8 131,990 2,519
[-1.16] [-2.18]
5th Grade
Eligible -0.0080 -0.0027 22.2 79,027 2,533
[-3.11] [-1.25]
Not Eligible -0.0031 -0.0018 22.8 131,990 2,519
[-1.45] [-1.25]
6th Grade
Eligible 0.0007 -0.0038 22.3 29,305 1,046
[0.16] [-1.18]
Not Eligible 0.0002 -0.0004 23.1 48,076 1,036

[0.07)  [-0.16]



suggests that the role for teachers is truly substantial, contrary to many past interpretations that only
family background really matters.
Magnimude of class size effects

From just the prior coefficient estimates, it is difficult to assess whether these class size effects
are large or small. Though it is difficult to place a monetary value on increases in math or reading
scores in elementary school, we can provide some indication of magnitudes. We initially report the
impact of a 10 student, or 50 percent, reduction in class size in terms of its effect on achievement gains
relative to total and to between school® variation in achievement. We will also report the percentage of
total variation in gains and the percentage of the between school variation in gains explained by
differences in class size. In each case the estimates from the flexible specification that allows for
different effects in each grade will be used.

Class size exerts the largest impact in 4th grade where the estimates imply that a 10 student
reduction in class size would increase achievement gains by .11 and .08 standard deviations of the total
distribution of gains and by .30 and .31 standard deviations of the between school distribution of gains
for math and reading, respectively. The estimated effect sizes for Sth grade are smaller: the same
reduction in class size would increase achievement gains by .09 and .05 standard deviations of the total
distribution of gains and by .26 and .19 standard deviations of the between school distribution of gains
for math and reading respectively.

The evidence also suggests larger effects from targeting low income students: A 10 student
reduction in class size is estimated to increase achievement gains by .18 and .12 standard deviations of
the total distribution of gains and by .51 and .43 standard deviations of the between school distribution

of gains for math and reading respectively. The estimated effect sizes of a 10 student reduction in class

®We use the between school and year variation to account for the fact that schools change over
time. :

29



size for 5th grade low income students falls to .13 and .04 standard deviations of the total distribution
of gains and by .36 and .16 standard deviations of the between school distribution of gains for math and
reading, respectively.

Note that the validity of these projections rests on the assumption of a linear relationship
between achievement and class size, which may not hold for a statewide class size reduction of 10
students which is 2!4 standard deviations in the current distribution of class sizes. Therefore these
estimates are probably more relevant for schools that currently have much larger than average class
sizes.

A second way of determining the importance of class size relative to other factors is to measure
its explanatory power. Table 12 reports the partial R square values for the 4th, 5th and 6th grade math
and reading specifications, and also expresses explanatory power as a percentage of the between school
variance in achievement gains. The results show that class size explains less than 0.1 percent of the
total variation in achie vement gains and less than 0.5 percent of the between school and year variance
of test score gains in all specifications.?' Thus the contribution of class size to the variation in
achievement gains is less than one twentieth of the contribution of teacher quality differences despite

the substantial class size differences within schools.?

V. Conclusions
Policy interest in education has been very high, reflecting both the public and scientific

agreement about the importance of schooling. The difficulty in identifying clear, efficacious policies

HCalculations that use the OLS estimates produce similar findings.

“The standard deviation of the within school difference in class size between 4th and 5th grade
equals 3.3, quite similar to the between school variation in class size for the 5th grade.
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Table 12. Percent of Total and Between School and Year Unexplained Variance in Test Score Gains
Explained by Average Class Size (based on separate effects for each grade in Table 10)

Math Reading
Sthv.4th  6thv. 5th Sthv.4th  6thv. 5th
grade gain  grade gain _grade gain _grade gain
% Total Variance Explained 0.05% 0.04% 0.02% 0.00%

% Between School and Year 0.4% 0.3% 0.3% 0.1%
Variance Explained



has, however, led to confusion in discussions and, more ominously, to proposals to scale back
educational efforts.

Past research attempts to clarify the impact of s‘chools on student performance have tended to
worsen the situation by providing conflicting and unreliable conclusions. Part of the remaining
controversies from past research (see, for example, Burtless [1996], Card and Krueger {1996] and
Hanushek [1996]) reflect differences in the questions being asked. A significant portion of the
controversy, however, results from making inferences with limited and incomplete data. Here we
employ the extensive data set currently being developed through the Harvard/UTD Texas Schools
Project. This unique data set, painstakingly developed over several years, covers entire cohorts of
students in the State of Texas and permits entirely new approaches to the analysis of the determinants of
student performance.

1. Schools marter importantly for student achievement.

The issue of whether or not there is significant variation in the quality of schools has lingered,
quite inappropriately, since the original Coleman Report. This analysis identifies large differences in
the quality of schooling in a way that rules out the possibility that they are driven by nonschool factors.
Even if none of the between school variation in achievement is attributed to schools, it is clear that
school quality is an important determinant of academic performance and an important tool for raising
the achievement of low income students. At the same time, the analysis suggests that resource
differences explain at most a small part of the difference in school quality, raising serious doubts that
additiona! expenditures would substantially raise achievement under the current institutional structure.
2. Variations among teachers dominate school quality differences.

Through a series of increasingly refined tests of the source of achievement variations, we
conclude that the most significant component is heterogeneity among teachers. Even if teachers were
rardomly distributed among schools (highly unlikely) and all of the between school variation in
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achievement were to result from other school inputs (it is even more unlikely that students are
randomly distributed among schools), differences in teacher quality would swamp all other school
inputs. The importance of class size in particular pales in comparison to that of teacher quality. The
lower bound estimates suggest that differences in teacher quality explain at least 7.5 percent of the total
variation in measured achievement gains, and probably much more.*

The identification of specific teacher effects and of significant heterogeneity within school
buildings has immediate implications for the consideration of educational policy. While one thrust of
policy discussion has focused on the quality of school leadership as the place for leveraging change, the
existing structure of schools and school operations does not support that as a particularly likely place
for change. At Jeast with the current constraints of school organization and hiring regulations,
systematic differences in leadership do not appear to be the driving force behind school quality
differences.

Much of the debate about schools in recent years has centered on the potential for choice to
improve schools. One argument along these lines is that income currently determines the amount of
choice that is available. By choosing particular residential locations, middle- and upper-income
families can exercise choice and can get their children into good schools. Lower-income parents do not
have those options readily available, and thus their children are relegated to inferior schools. But this
analysis suggests that such differences are significantly less important than much of the current
discussion indicates, because within-school heterogeneity in quality hits all income groups. The
divergence between perception and actual operations undoubtedly reflects the differences between

overal] level of student performance and the grade-by-grade growth in achievement. In any case, these

PImportantly, these estimates of the potential variation explained by teacher variations implicitly
attribute all measurement error in the tests to within school variation in gains, thus lowering the
apparent impact of between teacher variations.
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results suggest that the success of a voucher or public school choice program in raising achievement
would hinge largely upon the impact on the quality of teaching. Altered incentive structures might
increase teacher effort and improve hiring practices, but, while theoretically appealing, there is
currently little hard evidence to support such beliefs. Much more needs to be learned it about ways to
improve the quality of teaching, as the problems of the current system are far deeper than simply
selecting into a "good" or "bad" school.

3. Class size, teacher education and reacher experience are a small component of variations in school
quality.

Much of the confusion about the importance of schools has been a reflection of the inability to
describe quality differences in terms of simple characteristics of teachers and schools. The previous
analysis, building on a variance-components model, did not identify what leads to differences; it only
identified the existence of strong systematic differences in the expected gains in achievement owing to
having different teachers.

To relate this analysis to previous work, we have estimated standard forms of explicit

educational production functions. Four major conclusions emerge from this.

. Measured factors capture just a small proportion of the differences among teachers and
schools.?
. 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 ability over the first few years of a career,

although there is little evidence that improvements continue after the first couple of years.

¥Qur analysis employs a very small number of measured attributes - those that directly affect
school costs. A larger set of attributes and more disaggregation to individual teachers could increase
the estimated importance of measured characteristics.
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. Class size appears to have a significant effect on the academic achievement of children from

low-income families in the 4th and 5th grades but any effect declines with grade level.

The estimated relationship between achievement and graduate degrees and experience opens
questions about the prevalence of teacher pay scales that reward these characteristics. At a minimum,
these results raise serious doubts about policies that require or strongly encourage graduate education
for teachers. And, while there may be ways to speed the acquisition of the relevant skills that come
with early experience, these findings do not lead to immediate general policies. It is, however,
frequently asserted that suburban districts with greater ability to choose among a pool of applicants hire
teachers who gain their initial experience in city schools. Such policies would yield distributional
effects, even though the effects on average performance across the state could be minimal.”

The most significant question revolves around class size effects. Previous work has led to a
wide range of interpretations. Hanushek (1997) argues that the weight of past econometric evidence
does not support a conclusion that class size is important. On the other hand, there are those who
believe that a myriad of statistical problems obfuscates the strong and significant relationship between
achievement and resources.”

The analysis here finds that class size has little impact on the achievement of children not from
low income families, but a positive effect on the math and reading achievement of Jow income children

in 4th and Sth grade. The fact that a sample exceeding one half million observations and three

BWe have not attempted to analyze the patterns and determinants of resources and inputs across
districts here. See, however, Kain and Singleton (1996).

*For example, some would place great weight on findings from the randomized experiment in the
1980s in the State of Tennessee and other natural experiments (e.g. Word et al., 1990; Angrist and
Lavy, 1996) showing that reductions in class size significantly raise achievement in some grades. These
are nonetheless also subject to contradictory findings (e.g. Hoxby, 1996).

34



thousands schools generates very small and mostly insignificant estimates of class size effects for the
non-low income population strongly suggests that policies to reduce 4th, 5th or 6th grade class size for
these students will not be cost effective. Whether the magnitude of class size effects for low income
children justifies additional reductions in class size is quite difficult to evaluate.?” It is clear,
nonetheless, that teacher quality differences are much more important than variations in class size.

4. Policy makers face a dilemma in attempting to improve school quality.

The limited effectiveness of resource policies within the current structure compared with the
much larger potential of policies that affect the quality of the teaching force underscore the clear
dilemma of educational policy. Accurate measurement of the value added of teachers and schools is
extraordinarily difficult for both policy makers and consumers to obtain given the normal standards of
current reporting of student achievement. As a result, incentives within schools are not closely related
to value added, and even the efficacy of individual actions—say, through Tiebout moving—is open to
serious question. But failure to deal directly with the information and incentives issues leaves a
collection of expensive and often ineffective policy options that ignore the primary determinant of

school quality.

FThe analysis of class size policies must address a series of fundamental issues: are the estimates of
effect sizes relevant over the entire range of class sizes? What is the monetary value on achievement
gains? and, what are the costs of class size reductions, particularly if we consider the average salaries
required to reduce class size without reducing average teacher quality? Finally, the analysis would
have to consider the alternative uses of the resources. Current spending on preschool, after school and
summer programs is quite low particularly for lower income children, and to be efficacious it must be
the case that the gains from resources devoted to class size exceed the benefits of using such resources
in other ways.
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Appendix A. Texas School Data

The data set used in the education production function regressions combines test score data with
information on teachers and schools. In an effort to reduce problems associated with measurement error,
a number of observations are excluded from the data set. As noted in the text, all participants in special
or bilingual education are excluded, as are the bottom one percent of test scores in each year and the top
and bottom one percent of test score gains. Measurement error in the teacher characteristics is perhaps even
more of a problem. 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 corrected experience for those years. If experience data was
inconsistent for all the years, if there were two consistent patterns, or if correction would have imputed
negative years of experience, no corrections were made. In any case, no teachers were excluded from the
final sample on the basis of inconsistent experience data, and the results were 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 fourth grade
classes of twenty students in which the two teachers each teach all subjects. If the school switches to math
and reading specialists for Sth 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 remained the same.

‘We attempt to reduce problems introduced by measurement in a number of ways. First, all reported
class sizes that fall below 10 or above 35 are set to missing prior to the computation of school averages for
each grade. It is our understanding that very few elementary schools in Texas have actual class sizes that
exceed 35 students during this period. Next, we exclude a school’s observations for the grades in years in
which : 1) the school is in the top one percent in terms of within grade differential in reported class size;
and 2) the year to year change in average class size exceeded fifteen students. Finally, in the specifications
that are restricted to students who remain in the same school for successive years, students whose class size
changes by more than 15 students are excluded.

Estimates of class size effects increased in magnitude following these exclusions.



Appendix Table Al. Variable Means and Standard Deviations

Test Scores

Teacher Characteristics

d math  reading class Ygraduate % 0years % lyear % 2-4 years Observations

grade gain gain size degree  experience experience experience

4th -0.04 -0.07 19.8 24.8 5.6 5.6 17.2 335,643
0.69 0.67 23

5th 0.01 0.01 22.8 25.8 57 5.8 165 500,536
0.59 0.63 3.4

6th 0.05 0.05 22.8 245 7.8 6.9 17.6 362,195
0.56 0.62 3.7





